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Introduction

Artificial ants were established in the middle of the 1990s. After nearly 15 years
of development and research, theses, and conferences, it seemed appropriate to take
stock of the research progress, particularly in the French speaking community.

We do not claim to have written an exhaustive book on artificial ants, first because
it would be almost certainly doomed to failure, the projects being so numerous, and
also because too large a book would attract little interest from novice readers. The
objective of this book is enable to a novice reader, to form an opinion on the issue
of artificial ants, without tending to lapse into systematic overview, or mechanical
enumeration, leaving space for analysis, results, and sometimes for frenzy.

It is for these reasons that the chapters vary in scope: some offer a wide
panorama (combinatorial optimization, robotics, classification, etc.) focusing on the
basic notions, while others focusing on a single area (natural languages, disability,
bioinformatics, etc.), presenting several inputs on artificial ants, or on a particular
problem (the optimization of the aluminum bar production, learning of hidden Markov
models, routing in mobile networks, etc.).

So far, what conclusions can we draw from work on artificial ants? Has everything
that we have learnt been exploited to solve computing or mathematical problems? One
of the main characteristics in artificial ants is the use of pheromones to mark paths,
but have we explored every possibility? Is sufficient to apply the conclusions, almost
automatically, when a new problem (optimization, usually) arises? Finally, can we
consider the study and use of artificial ants as a research field?

To answer these questions, we must begin by reading this book, but especially
agree on a definition of an artificial ant. We suggest the following definition:

Introduction written by Nicolas MONMARCHÉ, Frédéric GUINAND and Patrick SIARRY.
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An artificial ant is an object, virtual, real (e.g. a software agent or a robot) or
symbolic (as a point in a search space) that has a link/similarity (i.e. a behavior,
a common feature) with a real ant.

An almost permanent feature in the realization of this definition involves the
collective aspect of the ants’ life. The great majority of studies, including those
discussed in this book, take into account the collective work by manipulating a
population, a colony of ants. This definition, in the singular, begins to take shape
practically only in the plural. In this sense, the field of artificial ants, if it exists, is
an integral part of the larger field of the “swarm intelligence.” Swarm intelligence
is freed from the bond with ants, and the models used sometimes go beyond the
framework of animal inspiration (while remaining most often in the framework of
the “bio-inspired”).

Therefore, what is the advantage of concentrating on ants, except to limit the field
of research? It is likely that this drive is directly related to the subject of inspiration:
ants have their autonomy on Earth, their diversity, their rules, their ecological success
that fascinate us. Their independence drives us to classify them separately in the
question of swarm intelligence.

All these issues deserve several concrete examples and advice from several
researchers using the concept of artificial ants, which is the focus of the remainder
of this book.

We complete this introduction by summarizing the 21 chapters.

In Chapter 1, Alain Lenoir and Nicolas Monmarché briefly describe the
organization of social life of real ants and their behaviors that have been translated
into algorithms of artificial ants. The authors first present the morphology of real
ants and some characteristics of their social life. Then, they describe some examples
of modeling self-organized behaviors: pheromone trails, sorting objects, digging the
nest, aggregation of individuals and modeling colonial smell. Finally, they outline the
transition to the artificial ant, an agent created by computer scientists trying to solve
their own problems by reproducing the collective intelligence of ants.

In Chapter 2, Antoine Dutot, Frédéric Guinand, Damien Olivier and
Yoann Pigné reveal the general principles set out to resolve, thanks to algorithms of ant
colonies, combinatorial optimization problems. One characteristic of ants in particular
attracts the authors’ attention: their ability to build and to maintain structures in
their environment. In this chapter, structure is regarded as the central element in
the resolution process of combinatorial optimization problems by ant colonies. The
solution to a given problem can indeed be expressed as a structure in the search space.
In the same way as ant colonies, systems based on artificial ants have the ability to
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build, emphasize, and maintain structures. However, the optimization of these ant
colonies requires additional elements, corresponding to the problem addressed.

Chapter 3 provides an overview of combinatorial problems dealt with using
artificial ants. Antoine Dutot and Yoann Pigné first review the main approaches
concerning the ant colonies that we can find in the literature, distinguishing the ant
colony optimization (ACO) family from the ant-based control algorithm. The different
categories of combinatorial problems solved using these approaches are described
in the second part of the chapter. Finally, the authors address open problems, with
multifaceted objectives of optimization. They also claim that poorly formalized
constraints must be taken into account – in particular, dynamic and decentralized
environments, uncertainties or data errors.

In Chapter 4, Patrick Siarry, Johann Dréo, and Nicolas Monmarché analyze
the exploitation of artificial ants for optimization in continuous variables. Several
approaches have been suggested in the literature. Most approaches are inspired by
the self-organization and external memory characteristics of ant colonies, leaving
aside the iterative construction of the solution. However, there are also newer
techniques that exploit the probabilistic feature of ACO formalism. This chapter
provides an overview of published methods, classifying them into four families: the
algorithms created from a direct model of ants behavior the algorithms based on binary
discretization, the algorithms based on probabilistic sampling, and the algorithms
based on hybrid approaches.

Chapter 5 reviews the optimization by an ant colony of the “configuration” in
constraint programing: it is a formalism allowing us to represent combinatorial
problems. Patrick Albert, Laurent Henocque, and Mathias Kleiner show that ant
colonies can increase the size of the configuration problems that can be addressed
by an enumerative search of the solutions. The authors develop an algorithm to
adapt ACO to the ensemblist variables on open areas and to build solutions. The
experimental study concluding the chapter shows that the size of the multidimensional
space of the ACO parameter sets raises a difficulty. The fitting of the ACO parameters
is then performed using the particle swarm optimization.

In Chapter 6, Guillaume Sandou, Stéphane Font, Sihem Tebbani, Christian
Mondon, and Arnaud Hiret present an application implemented at EDF: the optimal
allocation of units within an energy production site. This is a “mixed” optimization
problem of a very large dimension, the binary variables characterizing the on/off
condition of the facilities, and the real variables characterizing the amount of energy
produced. The authors develop an ant colony algorithm in real variables adapted to
the problem and show the interest of its coupling with a genetic algorithm. After this
optimization phase, the solution that was found is an open-loop control of the system
of production. However, the latter is subjected to many uncertainties, particularly
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relating to consumer demand. The predictive control principles are then implemented
to extend the results of the optimization in a closed-loop context.

Another industrial application is described in Chapter 7: it is a scheduling problem
arising from the production of aluminum bars in a factory in Quebec. The main
difficulties lie in the high number of constraints and in the calculation time. Indeed,
evaluating a solution requires a full simulation of production. Caroline Gagné and
Marc Gravel show the importance of the visibility terms for obtaining effective
guidance of the construction process of the solutions using the artificial ants. The main
innovation here consists of using several visibilities related to the problem. In addition,
a specific procedure for processing objectives is developed to obtain compromise
solutions. This approach is preferable to the lexicographic treatment of the objectives,
as it corresponds more to the concerns of a production planner.

In Chapter 8 the same authors, Caroline Gagné and Marc Gravel, describe the
solution to the assembly scheduling problem line in the automobile industry found
by ant colonies. It consists of determining the order in which a set of cars are
manufactured on a line made of three consecutive workshops (sheet metal, paint, and
assembly). This industrial problem was proposed by Renault, in the ROADEF’2005
challenge, so that we have the results provided by several concurrent algorithms. The
authors have adapted the structure of the pheromone trail in the transition rule, and
again they used several terms of visibility. The numerical experiments have shown the
superiority of artificial ants for the construction of very good solutions with regard to
the main objective, for large-size instances, comprising more than 1,000 vehicles.

Chapter 9 presents an algorithm an of ant colony, developed by Xavier Gandibleux,
Julien Jorge, Xavier Delorme, and Joaqun Rodriguez, to measure and optimize the
capacity of a railway network. Three features are worth noting in this application: the
technique of pheromone perturbation, the self-parametrizing strategy that manages
the convergence of the algorithm and a double-mode construction of solutions. The
proposed algorithm uses a set of local searches ad hoc regarding the set-packing
problem to be solved. The optimization model under consideration allows us to
manage the entry hours of trains with a great flexibility, as well as the routes permitted
in the infrastructure. It also allows us to manipulate preferences on the routes that
are followed, to distinguish different categories of “saturating trains,” and address the
specific constraints encountered in stations (for example, stopping at a platform with
sufficient capacity).

In Chapter 10, Amir Nakib, Raphaël Blanc, Hamouche Oulhadj, and Patrick Siarry
explain a new method of image segmentation by magnetic resonance imaging (MRI)
based on the criterion of “modified intraclass variance.” This criterion takes into
account not only the information on gray levels but also the spatial distribution of gray
levels, using surfaces of segmented regions. The resulting algorithmic complexity
raises a difficulty, especially for real-time applications. The problem is solved by a
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technique with artificial ants that provides a satisfactory segmentation of MRI images:
the validation is performed on brain images, from CHU Henri Mondor in Créteil. The
low calculation time of this approach allows its extension to a dynamic optimization
problem: the segmentation of MRI image sequences.

Chapter 11 focuses on coloring the vertices of a graph by ant colony. Since 1997,
several researchers have studied the use of artificial ants to treat this common problem,
and it is clear that ant algorithms are now competitive with the best coloring algorithms
known to date. The purpose of this chapter is to trace the history of the evolution of
these ant algorithms. Alain Hertz and Nicolas Zufferey begin with a precise definition
of the problem to be solved and then describe three approaches to solve it which differ
according to the role assigned to each ant. The numerical results presented enable a
comparison between the different approaches. The authors note, in this regard, that
the scientific community is not unanimous by decided on the name to be given to the
various metaheuristics used. Indeed, some researchers consider the ant algorithms as
special cases of other older algorithms, while others regard them as generalizations or
variations.

Chapter 12, written by Sébastien Aupetit, Nicolas Monmarché, and Mohamed
Slimane, is devoted to hidden Markov models (HMM). These models are statistical
tools enabling us to model, under the form of stochastic processes, temporal
phenomena as one part of that which is observable. For example, if we take the picture
of a car, the observable part is the pixels, while the non-observable part is the general
organization of the picture. A learning stage is then necessary to adjust the model
to the observation sequence, in order to conceptualize the car. The authors advocate
the API artificial ants algorithm to carry out this learning stage. A statistical analysis
of API shows, indeed, that its operators can be generalized and redefined, so as to
improve the efficiency of API in learning a HMM.

In Chapter 13, Amira Hamdi, Violaine Antoine, Nicolas Monmarché, Adel Alimi,
and Mohamed Slimane are interested in contributions of artificial ants on automatic
classification. Although the search for an optimal classification is an optimization
problem, new solving methods can be devised, inspired by ants, which do not
involve their well-known ability to optimize. The authors describe these approaches,
beginning by briefly recalling the main issues of the classification problem. They
then expose the two families of algorithms based on artificial ants, which deal with
classification: methods based on a grid, where ants move data, as they would do in
nature with their brood or their waste, and methods where each ant is associated with
data to be classified.

Chapter 14, written by Paulo Urbano, Nicolas Monmarché, and Pierre Gaucher,
is devoted to collective and mobile robotics, inspired by ants. This chapter focuses
on “bio-inspired” robots, namely, those whose hardware and/or software structure is
based on the phenomena that can be observed in nature. The authors are primarily



xxii Artificial Ants

interested in mobile robotics (or autonomous robotics), the purpose of which is to
design robots capable of moving alone, without centralized control. The approaches
described here are inspired by individual behaviors observed in animals (not just ants).
Then the chapter discusses the collective robotics, which aims at working out a general
methodology for the development of autonomous agents interacting with a physical
environment. This time, it is the collective behavior of ants that is mimicked, in
particular, for the division of tasks and group navigation.

In Chapter 15, Nicolas Monmarché, Arnaud Puret, Pierre Gaucher, Mohamed
Slimane, Pierre Lebocey, Julie Fortune, Cyrille Faucheux, and Didier Lastu describe
the achievement of a popular science exhibition, entitled “Artificial insects,” held in
the French city of Tours’ Museum of Natural History from October 2005 to August
2006. Its objective was the promotion of collective artificial intelligence and bio-
inspired robotics. The purpose was to popularize the research in this area and also
to encourage young visitors to specialize in scientific studies. In total, this exhibition
required a large investment from the people involved, notably at the pedagogical and
human levels. The completion of most of the modules was entrusted to engineering
students of the Computer Department of Polytech’ Tours, in the framework of mini-
projects and graduation projects. The objective of reaching a wide audience was met,
since more than 10,000 people visited the exhibition.

Chapter 16 of the volume focuses on solving, using an artificial ant algorithm,
a dynamic optimization problem in line with the routing in ad hoc mobile
networks, in an urban environments. The purpose is to discover and paths used
to pass streams of data through a wireless network, by optimizing one or more
performance measurements. The main difficulty inherent in this application is that
it is both distributed and dynamic, as the situation in the network changes over
time and decentralized solutions must be continuously built. Gianni A. Di Caro,
Frederick J.A. Ducatelle, and Luca M. Gambardella detail their algorithm, which
combines routing by ant colony with other learning approaches. The comparison with
a reference algorithm is made using several scenarios, which are specific to the urban
environment, in terms of radio propagation and mobility patterns.

In Chapter 17, Antoine Dutot and Damien Olivier show that artificial ants can be
used to identify organizations in complex systems. A complex system is characterized
by numerous entities, of the same nature or a different nature, which interact in a non-
trivial way (nonlinear processes, presence of feedback loops, etc.), and the emergence
at the global level of new properties, not observable at the level of basic entities. This
ability to self-organize leads to the most evolved complex systems being adaptive.
To detect the organizations existing in a complex system, and follow their evolution
over time, an interaction graph may be associated with this system. It is then fruitful
to use artificial ants, which are attracted, and afterward captured by the underlying
organizations in the graph. A practical application given by the authors is the search
for an optimal distribution of applications in a computing grid.
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Chapter 18 examines the contributions of artificial ants in the field of disability.
Alexis Sepchat, Sonia Colas, Romain Clair, Nicolas Monmarché, Pierre Gaucher, and
Mohamed Slimane present three examples of works developed for the compensation
of autonomy losses or the game of visually impaired people. The authors first describe
an artificial ant algorithm designed to optimize the position of the keys of a virtual
keyboard, depending its use. The second example relates to the accessibility to the
Internet. It focuses on the design of a tool capable of producing, for a particular web
site, a site map, whose complexity may be adjusted depending on the storage capacity
of the blind user. The last example involves the adjustment of the difficulty level of a
video game. The authors show that this level can automatically adapt to the disabled
player, by introducing mechanisms inspired by ants’ behavioral patterns.

In Chapter 19, Nicolas Monmarché and Romain Clair show that artificial ants are
also capable of producing artistic works. We know that interactions between entities
that are partly directed by chance, and are thus unpredictable at the microscopic level,
can gradually build up an overall organized pattern–even harmonious pattern. The
behavior of an ant colony may therefore be reflected in the form of computer programs
producing artistic works. The chapter describes two artistic approaches based on
artificial ants. The first relates to the production of paints: ants move on an image pixel
by pixel, by depositing color, which may be considered as a form of pheromone. The
second artistic approach discussed is on music. Ant colonies are capable of causing the
emergence of a global organization, now music precisely follows from an organization
of sounds in time.

Chapter 20, written by Frédéric Guinand and Mathieu Lafourcade, examines the
processing of the natural language using artificial ants. Specifically, the authors focus
on “disambiguation,” which is to disambiguate a word by analyzing its context. In
a text, the words are connected by syntactic relations, forming a tree structure. The
overall meaning of the text is obtained by the propagation and composition, inside
this tree, of the “conceptual vectors,” representing the different meanings of the
words. The classical approach to disambiguation suffers from a major weakness:
it does not take into account the constraints between the meanings of words. To
remedy this, the authors propose a new method, in which the different meanings of a
word are competing to contribute in the building of particular structures, identified
by “interpretation paths.” These paths are based on bridges, whose strength and
sustainability directly depend on their use by artificial ants. The technique described
is proved to be capable of building solutions out of reach of traditional methods.

Finally, the last chapter (Chapter 21) is devoted to applications of artificial
ants in the field of bioinformatics. In this chapter, Stefan Balev, Omar Gaci, and
Yoann Pigné present three applications to problems arising in molecular biology. The
first application is a sequencing technique using hybridization. The purpose is to
determine the nucleotide sequence order of a given DNA fragment, from pieces of the
sequence obtained using DNA chips. The second application concerns the alignment
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of several DNA sequences to highlight the similarities between them. Finally, the
authors describe an algorithm for solving the problem of protein folding: it is based
on the alignment of an amino acid sequence and a protein structure. In all the three
cases, artificial ants proved capable of finding solutions usable by biologists, which is
not always the case for the concurrent algorithms.
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Chapter 1

From Real Ants to Artificial Ants

The social life of ants has fascinated people since ancient times for their courage,
wisdom, and ability to work. They are even assigned feelings. They are a model for
organization. However, when we examine them, we often have the impression that
they are restless, going in every direction, and have no idea of what they are doing.
Yet, the twig is eventually put into the nest or the prey is quickly retrieved. In fact,
ants are not programmed automatons and all identical; they are different and do not
do the same things. Thus, in a seemingly chaotic system, an organization remains
stable. To explain this phenomenon, the concept of self-organization was devised.
Ants became an object of study for computer scientists who model their behavior
to better understand their social organization. In this chapter, we will first remind
ourselves what are real ants. Then, we will present a few examples of models. In
section 1.3, we will see that the ant becomes purely virtual when computer scientists
used the ant model to solve their own problems.

1.1. The real ants

Ants comprise a full universe. The ants, the bible of myrmecologists, is a
massive tome of 780 pages [HÖL 90]. In addition, many publications are accessible
to a mass audience [KEL 06, PAS 05], and very often we can find illustrations of
the ants’ abilities in wildlife reports. 1 Indeed, they live in almost all terrestrial

Chapter written by Alain LENOIR and Nicolas MONMARCHÉ.
1. This enthusiasm was also apparent in the considerable success of books by Bernard Werber. Their point
of departure is often a real phenomenon, but soon the author writes about science fiction and attributes
human feelings to ants, which, obviously, is not relevant for the scientific study of ants, whether real or
artificial.
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habitats [PAS 06] where their biomass is considerable. For example, in the Amazon
rainforest, the biomass of ants is four times higher than the biomass of terrestrial
vertebrates [PAS 05]. In March 2008, there were 12,307 different species and
there are perhaps as many to discover, especially in tropical environments which
are poorly studied. They invented the rearing of aphids (these are truly like
cattle that are sheltered in winter, carried during moving, and defended against
predators), mushroom cultivation, slavery (this is interspecific slavery: a species such
as Polyergus Amazonian ant uses another species to support itself), parasite life, war,
division of labor, nomadism, antibiotics, and poisons. They measure from less than
1 mm to 4 cm. Their colonies vary from a few individuals to millions (more than
20 million among nomadic army ants of tropical Africa, more than 300 million in
supercolonies of red wood ants in Japan or in the Swiss Jura, with one million queen
ants and 45,000 nests on a few square kilometers). They nest in many locations from
the ground to the top of the tallest trees in the canopy. How should this success be
explained? Precisely by their highly developed social life of which we are going to
present the main features. But first how to recognize an ant?

Figure 1.1. Key ants’ morphology (here, Formica polyctena) – photo N. Monmarché

What we call an ant is generally a worker. It is an insect characterized by an
exoskeleton (literally “external skeleton,” i.e. shell, also called cuticle), six legs, eyes,
and two antennae. It has a body that can be divided into three parts: head, thorax,
and abdomen (Figure 1.1). All these make the features of an ant very characteristic.
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Everyone can easily recognize an ant from far away, even if it has only four legs as
in Walt Disney’s cartoons. The ant’s anatomy is typically characterized by a digestive
tract, a circulatory system, a nervous system, and numerous glands, which are real
chemical plants. The digestive tract has a special pocket, the crop, where liquid food
is stored. The worker is sterile. The queen is the only individual that lays eggs. It
is possible to have several queens within the same colony (among invasive ants such
as the Argentine ant on the Côte d’Azur, there are thousands of queens). They are
generally much bigger in size than workers, and are often real egg-laying machines
(two eggs per minute, during egg-laying season, among army ants).

When observing an ant-hill or ants in an artificial nest in a laboratory, we are
surprised by the richness of the behavioral repertoire of these animals. For example,
when two ants meet, they inspect one another with their antennae. They can thus
be recognized as familiar or alien and have the appropriate behavior (Figure 1.2).
The interindividual relationships are very well developed; they like to lick each
other, similar to monkeys. The ant spends much time washing itself; it cleans its
antennae and its whole body with its forelegs. Another feature of social insects is the
extraordinary development of food exchanges from mouth to mouth. This is called
trophallaxis. It is an easy way to carry liquid food. Indeed, the forager ant stores
the liquid food (e.g. the honeydew of aphids) in its crop. Back in the nest, it can
regurgitate it (to vomit it) to its fellows, who will use it for their own food and also to
raise larvae. Hence, the crop is called the social stomach.

In the colony, not all workers have the same occupation. There is a real task
division or labor division. It is more or less pronounced according to species, but it
exists everywhere. Basically, young workers take care of the brood and the queen,
then gradually take care of the other tasks inside the nest (construction, cleaning,
defense, food transfers), and finally go out to collect food that they bring back to the
nest. In fact, this system is very flexible adapted to the colony’s needs. For example,
if the predation rate of the foraging ants is very high, the young ants will go out more
quickly. In some species, there are anatomically differentiated castes, with tall workers
(soldiers) specialized in defending the nest. This organization is one of the causes of
the ants’ ecological success. It allows them, for example, to quickly exploit a food
source or to mobilize a large number of individuals to defend the nest (Figure 1.3).

Such a sophisticated social organization could not work without mechanisms for
communication between individuals. Ants use three types of communication: touch
by the antennae (see Figure 1.2), sound by stridulations, and chemical by many odors.
Vision is usually not very important. Tactile communication is particularly used to
invite a fellow creature to follow the trail toward a food source. The enrolling ant
drums on the other ant’s head to stimulate it: we can call it an invitation behavior.
During trophallaxis, we can observe a real ballet between the two ants’ antennae: one
receiving appeals from the other by sweeping the latter’s head and one giving answers
in the same way in this way they learn about each others state of satiety.
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Figure 1.2. Two ants meeting (here, Formica polyctena) – photo N. Monmarché

Figure 1.3. Defending the colony is also a collective task (here, Formica rufa) –
photo N. Monmarché
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In the 1960s, the chemical substances (pheromones) that allow two individuals of
the same species to communicate were discovered among insects.

At the moment, we have gas chromatographs associated with a mass spectrometer
that can analyze and identify the constituent substances of a pheromone at very low
concentrations in the order of a nanogram (but let us be modest, the insects’ antennae
have a huge sensitivity, with concentrations that we cannot detect at the moment).

These pheromones are secreted by numerous glands located throughout the body
which are real chemical plants: we already know 39 glands in ants (Figure 1.4) and
several hundred substances from varied chemical categories. They are involved in all
the activities of the colony: aggregation, marking of territory and entrance to the nest,
creation of trails to exploit a food source or to move (change of nest), recruitment
of fellow creatures to defend the colony (alarm and defense), sexual appeal, and
recognition of the queen, other members of the colony, and even corpses.

Another important feature of insect societies is that they are closed: individuals
foreign to the colony are rejected and sometimes killed. For example, during spring,
we can witness real “wars” between two neighboring colonies that try to push their
frontiers to the detriment of the other, with many corpses between the two areas. Some
tropical species, such as Oecophylla weaver ants, live on a tree that they completely
monopolize and fiercely defend against any intruder.

The closing of insect societies is a part of the theoretical context of the kinship
selection, developed by Hamilton [HAM 64a, HAM 64b]. Indeed, according to
Darwin’s theory of evolution, an animal raises its own offspring to transmit its genes.
However, in ants, sterile workers do not breed and raise their siblings. They are called
altruists. However, this altruism is self-interested; they indirectly transmit their genes.
Thus, they must not raise larvae with which they have no family tie. The colony has to
remain a closed entity at the genetic level. Although there are many particular cases
and various criticisms at the present time, kinship selection theory remains a very
interesting heuristic model.

By which mechanism do ants recognize each other when they meet and exchange
antennal beats? As might be expected, they recognize due to smell. Ants’ odor
consists of substances of very low volatility that are carried by the ant cuticule and
detected by the antennae. They are mainly hydrocarbons that are simple molecules
derived from lipids, chains of carbon, and hydrogen. Each colony has a bunch of
“odors” that characterizes it, often consisting of fifty or even a hundred different
molecules: this is the colonial odor. It is a bit of a misuse of language to speak
about odor because it is closer to gustation, but it has entered the language of
myrmecologists. These substances are produced in the body by specialized cells.
Each ant produces its own hydrocarbons according to its genetic patrimony, similar
to mammals secreting odors related to the major histocompatibility complex (MHC).
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The hydrocarbons are excreted on the cuticle, but are also stored in a gland in the head,
the post-pharyngeal gland, whose content is poured with regurgitated liquids during
trophallaxis. Thus, the colonial odor is constantly exchanged between individuals.
If we add the very frequent interindividual licking, we notice a constant and very
important mixture of individual odors. It results in a common odor shared among all
individuals and characteristic of the colony, similar to gestalt [DAH 98].

We can wonder then how the ant identifies with its colony to be able to discriminate
against others. When a young ant leaves its cocoon, it learns to recognize the smell
of its nest, as well as its siblings. It will remember this smell during its entire life.
Besides, this learning sometimes even begins in the larval state. Of course, there
is flexibility because the odor of the colony changes a little according to food, nest
materials, or present individuals. The ant must constantly adjust the odor it wears
to those of the others (labels), but also the mental image that it memorizes in its
brain which is called template. In fact, evolution devised a very economic process
to allow recognition of fellow creatures: all you have to do is learn and memorize
with confidence the odor of the fellows of the nest [LEN 99]! Thus, the Amazonian
slave-raiding ants Polyergus raid cocoons in the colonies of host species. When the
young workers hatch in the slave colony, they become impregnated with the odor of
their adopted colony and will consider the Amazonian to be their siblings and work
for them.

Figure 1.4. Several main glands in ants – photo N. Monmarché
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1.2. Collective intelligence and self-organization

When we look at an ant nest, as mentioned earlier, it is teeming in every direction!
At first glance, individual behaviors are fanciful and seem to be independent. It is
common to see an ant moving in the wrong direction and it is impossible to predict
exactly what an individual will do at a given time. However, this apparent mess is
remarkably effective: even if some individuals fail, the task is accomplished, the big
prey brought into the nest, the twig correctly inserted in the dome, and the colony
operates in a predictable manner. How to explain that when there is no central body
giving orders? Indeed, the queen does not have this role and there is neither a leader
nor a despot. We can individually mark workers with a numbered disc (or patches of
color), follow their activity in an artificial nest, and subject them to various tasks. We
realize that some are hyperactive, others are less active or even completely inactive.
The latter even represent the majority. Everything happens as if there was an important
reserve of idle workers waiting for work. We can notice that the ant adapts its behavior
to the colony’s needs, which can vary, and also according to environment. Thus, by
endowing the ant with a simple adaptability of its answer thresholds to different stimuli
of its everyday life, it specializes itself. Indeed, it responds more quickly to a given
stimulus and performs the corresponding action more efficiently, and increases if the
colony expands. The bigger the colony is, the greater the needs are, and the more ants
specialize and perform certain tasks very efficiently. This may explain why with the
size of the colony growing, the proportion of idle ants increases too. Thus, the whole
becomes more and more flexible and robust, and supplies are available if a lot of ants
are needed to exploit an important food source.

From the observation data, we can construct models to try simulating the
functioning of societies. This work allows us to improve our fundamental knowledge
on ant societies. A decisive step was taken with recent models inspired by the theory
of self-organization. Self-organization corresponds to a series of processes described
by Prigogine (the 1977 Nobel Prize in Chemistry), during which structures emerge
at the collective level, from a multitude of interactions between individuals, without
being explicitly coded at the individual level ([NIC 77] and see for example [BON 97,
CAM 01]).

The concept of self-organization can explain, at least predict, many macroscopic
phenomena by defining behavioral rules at the microscopic level. In the usual
scientific perspective, these rules are selected with respect to the principle of
minimality (the most limited/simple system, which may lead to or explain the
phenomenon, is approved). A number of general properties have been derived from
these self-organized systems so that there are chances to observe the emergence of a
stable structure:

– the presence of two types of intensification: positive feedback that leads to the
increase in a phenomenon and negative feedback that offsets the increase and thus
provides a stabilization of the phenomenon;
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– the amplification of fluctuations: fluctuations are the random component of
the phenomenon and the increase in certain symptoms depend on the intensification
mechanisms;

– the multitude of interactions: the more numerous interactions are the stronger
the stability of the structures built.

The macroscopically observed phenomenon takes the shape of a structure with
some spatio-temporal stability, i.e. observable in space and/or time, whose expressions
in ants are, for example, construction of trails and construction of the nest (digging
of galleries). These structures appear in a more or less homogeneous environment
(the earth’s surface or the subsoil) and several stable states can coexist (several
paths toward different food sources). These self-organized phenomena sometimes
show bifurcations in the observed behavior, particularly when certain environmental
parameters are modified. For example, the evaporation of pheromones can become
more important because of the weather, and the paths that were built and that represent
stable structures can suddenly break up.

However, the simplicity of the entities involved and participating in self-organi-
zation should not conceal the fact that the ant remains on its scale as a marvel
of miniaturization and autonomy (especially when we consider building a robot
with the same abilities, see Chapter 14). Indeed, ants do not behave like simple
molecules [DET 06] and their individual abilities, particularly cognitive, should not
be neglected to explain advanced behaviors, whether collective or individual.

The following sections give a few illustrations of behavior models.

1.2.1. Trails

As we have seen, an ant that discovers an important food source leaves a
pheromone trail while coming back to the nest. The rule in this case is very
simple: ants follow the chemical trail and there is an exponential growth in the
number of ants on this source. From a simple individual behavior (the deposit of
a pheromone droplet and attraction to a path marked by pheromone), a collective
behavior emerges (following trails and mass recruitment). If there are several possible
paths to reach food, the shortest way will then be collectively chosen without any
individual decision and individual perception of distance. This is simply because the
shortest trail will be reinforced more quickly, as has been observed in the Argentine
ant [DEN 90, GOS 89]. This is an autocatalytic process; ants coming back to the nest
choose and always further reinforce the trail most marked (positive reinforcement),
until the source runs out or the access to food becomes too congested (negative
reinforcement). These experiments are now classical and are described in books such
as the one by Dorigo and Stützle [DOR 04] (see also Chapters 2 and 3 of this book).
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Recent research has also shown that ants are able to estimate the traffic on a trail:
when density becomes too high, they choose the less congested path. This has been
shown in Lasius niger, the little black ant in gardens, by Dussutour [DUS 04]. This
ant is able to massively recruit and create more or less permanent trails. As soon as
the density on the trail reaches a certain threshold, a second trail is formed before the
traffic is affected, which ensures an optimum efficiency.

They are also able to adjust traffic to the width of the trail. This phenomenon has
been studied, still in Lasius niger, where we can observe a very important traffic on
trails in both the directions. The effects of a bottleneck on the trail were examined.
Dussutour [DUS 05] gathered a nest of Lasius niger to a foraging area, using a bridge.
Two types of bridge were used: with or without a bottle neck. Ants manage to
regulate their traffic: with the two types of bridge, traffic volume and total quantity
of food brought back to the nest remained identical. This is possible when there is a
bottleneck, by a temporal reorganization of the influx. Thus, when the width of the
way decreases, ants divide themselves into groups alternating in both the directions
(going or coming back) as if there were a virtual traffic light. This limits the number
of face-to-face meetings between two ants going in opposite directions and allows the
same trip duration. We can imagine that this type of problem constantly arises in the
galleries of ant or termite nests.

These abilities of real ants to solve problems, such as finding the best way to
reach a food source, owing to pheromones, inspired many algorithms. For example, it
inspired chemists to elaborate polymers [MAR 08]. However, the trails are not used
only to search for food. For example, in army ants Magnans, there is a particular
organization when the nest is moved: soldiers watch and protect the trail taken by the
workers (Figure 1.5). Thus, the search for a new nest and the movement of colonies
is another model for understanding the interactions between individual and collective
decisions. For several years, Franks and his team at Bristol have been studying a tiny
ant that lives in cracks of rocks (Temnothorax albipennis). Let us assume that we give
the choice between two possible settings, one close but of bad quality and the other
more distant and on the road of the first, but better. In most cases, colonies begin to
migrate simultaneously toward both the nests. However, a little later, they redirect all
traffic exclusively toward the best nest. A model showed that this choice minimizes
the exposure to risks related to open-air moving [FRA 08].

We can finally note that some works [ALT 05] have shown that in a situation of
panic, ants could lose their ability to distribute traffic load equitably and tend to rush
toward the most congested exit (similar to a crowd driven by a single exit).

1.2.2. Sorting objects

A particular application of the sorting of objects is the transportation and the
aggregation of corpses, leading to the development of the famous “graveyards” of ants
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Figure 1.5. Column of army ants Magnans – photo A. Lenoir

observed by ancient naturalists who did not hesitate to draw the corpses well lined up.
Ants reject corpses out of the nest to reduce the risks of infection in the colony and
group them together in a remote location. When corpses are randomly dispersed in an
experimental area, in a few hours, ants will group them into small piles. It is possible
to model this behavior by assigning to each ant a probability to perform an action,
first to take the corpse it sees and then to leave it as soon as it meets another corpse.
However, a corpse should not be taken if it was already put down on a pile. To solve
this problem, a new rule was introduced: the bigger the pile is, the less ants will tend
to take a corpse and the more it will put it down easily. The model allows us to predict
that there is a critical density of corpses below which aggregation would not happen:
piles do not have time to form [THE 02].

Another example of sorting is brood sorting (Figure 1.6). Indeed, in the nest, the
various elements of brood are not mixed in a jumble, but divided into different rooms
according to their age. Thus, eggs and small larvae are piled up in the center of the
nest and the bigger larvae in the outlying rooms. Cocoons are regularly carried on
the surface of the nest to be heated by the sun, accelerating their development. In
the corresponding model, ants take and put down any brood element, according to the
number of present items and their category [DEN 91].
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Figure 1.6. Lasius niger brood: the sexual and asexual (workers) cocoons are separated (in
this case on the picture) and are gathered in different rooms away from larvae and eggs –

photo N. Monmarché

Chapter 13 gives details on models built from these concepts of sorting of objects
by ants and especially their exploitation in data classification.

1.2.3. Activities for digging the nest

In the case of digging the nest, workers clear the rooms of the nest and reject the
sand grains outside the entrance of the nest. This is what we can observe after the
rain when the earth is soft and easier to dig. The deposit of hundreds of loads leads
to the formation of a regular crater. How is it possible? Robinson et al. [ROB 07]
have studied this problem: simple rules can solve it. The ant rejects the particle
preferentially at the top of the crater, toward the gentlest slope from the entrance of the
nest. Other simple rules, such as the memory of the direction of previous exits, allow
us to refine the model and a regular and predictable behavior emerges (Figure 1.7).

1.2.4. Aggregation of individuals

Aggregation is a characteristic of all social animals, but it is fundamental to social
insects that cannot survive long outside their colony. All ants have, to various degrees,
this mutual attraction allowing aggregation [DEP 08].



12 Artificial Ants

Figure 1.7. Crater digged after rain (Camponotus, Morocco) – photo A. Lenoir

The spatial distribution of individuals in the colony is crucial for its effectiveness;
they must be in the right place at the right time. Individuals are grouped together
according to tasks such as looking after the brood or the queen (see the review
of [AND 02]). Aggregation can be based on physical or physico-chemical markers
in the nest (e.g. the size of the rooms, humidity, and light). Chemical criteria
may also intervene. Thus, it has been shown in cockroaches (they are not social
like ants, but gregarious, which can be regarded as a basic form of sociality) that
individuals recognize the odor of their fellow creatures and use it to group together
in shelters [RIV 98]. To be specific, odors are due to the hydrocarbons, as in ants.
For example, in Lasius niger, signs of colonial marking on the ground contribute
to aggregation [DEP 04a, DEP 04b]. Therefore, this system of recognition appeared
early in evolution. Robots impregnated with the odor of cockroaches were made which
managed to group individuals together. Thus, the cockroaches were deceived and
considered the robots to be fellow creatures [HAL 07].

1.2.5. Modeling the colonial odor

Labroche [LAB 02] developed a virtual simulator of the colonial odor of ants
(Virtual Ants Laboratory Simulator, VALS) whose diagram is presented in Figure 1.8.
It represents an ant (in the top right box) with the organs playing a role in the colonial
closure. Interactions of the ant with its environment are also represented: the social
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Figure 1.8. Summary diagram of odor exchange between and within ants

relationships with other individuals from the colony (a worker and the queen) and the
physical environment of the ant, such as its food or the smell of the nest materials. It
was thus possible to simulate the evolution in colony odors by varying the respective
weight of the environment (diet or nest materials) and the individual’s own production
(genetic factors). This model was tested from experimental data obtained in the
mushroom-growing ant Acromyrmex subterraneus subterraneus, where the separation
between groups results in a difference in odor and divergence increases or decreases
according to the diet. In that case, simulation leads to results comparable with
experimental data.

1.3. Artificial ants

In the third stage, the ant completely becomes virtual and almost does not have
any characteristics, at least physical, of an ant. It is an artificial agent. The name “ant”
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has been kept as an easy way to identify it and because the ant has inspired the first
computer scientists interested in collective intelligence. With all ants being social, it
also simplifies the talk. Finally, the ant remains more popular than the termite, and its
image – even false – of tireless worker corresponds to what we can expect from it in a
computing perspective!

Modern computer programing allows us to operate various “agents” in parallel, for
example, ant agents that interact with each other and their environment. Each agent
responds according to one or a few simple rules, without it being necessary to call
on elaborate cognitive capacities. The modeled ants are then reactive agents and we
speak about swarm intelligence [BON 99, BON 00]. The term “swarm intelligence”
has first been used in the context of cellular robotic systems (in the late 1980s), but
perfectly applies to a wider range of artificial systems. The expression of a collective
intelligence can be observed with the emergence or the appearance of temporal and/or
spatial structures. These structures stem from multiple and repeated interactions,
direct or indirect, between individuals belonging to the same colony or the same
group. This definition is reminiscent of the self-organization phenomena mentioned
in the previous section. Besides, the notion of collective intelligence integrates the
adaptation of a behavior in the given environmental conditions: intelligence can be
regarded as an ability to adapt and survive in its environment. From this standpoint,
ants are well positioned because we can find ants almost everywhere on the surface of
standing out lands.

The artificial ant can take the form of a computer process, which therefore has its
own memory zones and operating instructions. The computer implementation of the
different models previously presented leads to considerations taking us away from the
natural constraints: time and space discretization, synchronization/asynchronization
of actions. Despite these efforts, the interest of modeling and computer simulation for
biologists is clear: it allows us to test models easily (compared with the experimental
effort of manipulating real ants), to look for an explanation to emergent phenomena,
or to test the capacity of prediction of a model.

When it comes to solving “human” problematics, the subject discussed in the
remaining chapters of this book, the artificial ant, again loses the link it had with its
natural model. For example, if considering the ant as a point in a search space which
we are interested in is sufficient, we refrain from providing it with legs, a thorax,
antennae, etc. The link between the point and the real ant is then perhaps only a
remote similarity in the point move strategy and the model of behavior of the ant in its
natural environment (an illustration of this is given in Figure 1.9).

In the chapters of this book, some of the models previously discussed will be taken
and tackled in the context of a precise problem: the use of trails to exploit food sources
in problems modeled by a graph (Chapters 2 and 3), sorting objects, and modeling
colonial odor in classification problems (Chapter 13).
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Figure 1.10. Evolution of the number of publications that deal with artificial ants

Finally, we conclude this chapter with the acknowledgment of ants’ supremacy
in natural environments, and we could try the same analysis in the field of artificial
ants. Thus, if we observe the number of articles published in journals or scientific
conferences in the fields of computer science, robotics, or applied mathematics,
we notice, even with an incomplete survey, a significant increase in the number of
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publications dealing with the artificial ant concept (see Figure 1.10, which shows the
trend in the number of scientific publications dealing with the artificial ants issue 2).
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Chapter 2

General Principles of Ant Colony
Combinatorial Problem Solving

2.1. From carbon to silicon

The idea behind the use of ants as a model for the development of methods
for combinatorial problem solving is not the result of a spontaneous generation
process. It falls within a fundamental movement whose first manifestations appeared
during the 1940s. This movement probably fed from life sciences discoveries and
theories, alternately victims and the cause of multiple questionings. These questions
were raised both by the weight of religious dogma which has long banned the
statement of overly bold ideas and by the discovery of multiple obvious facts of
the existence of intelligible mechanisms allowing us to reach an understanding of
the living world. Over time, many fields in the world found an inexhaustible
source of inspiration. It is thus the same with computer science. From cellular
automata that never cease to amaze us with their richness and their simplicity, to
mobile robotics and genetic programing that allows ethereal entities to present some
characteristics of the living world, in various forms harmoniously mixing computer
science, mathematics, and biology, have been invented by fertile minds. This book
indirectly pays tribute to them. Although it is not possible to mention all of them,
from memory J. Von Neumann, J. Conway, M. Minksy, A. Turing, H. Maturana,
F. Varela, D. Hofstadter, A. Lindenmayer, R. Dawkins, S. Wolfram, and C. Langton,
all of whom have contributed to make the building stronger and more stable. Why?
What was the motivation behind their work? It seems that the answer is simply to
understand the living world and, to some extent, to try to reproduce some phenomena
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that still appear to us today, which are if not miraculous then, amazing. Without doubt
the first sketches were attempts towards understanding mechanisms at work in the
living world. An approach that we could describe as a “model to understand.” Then,
little by little, the constant and fast progress of computer science, automatics, and
robotics have broken down some mental boundaries and allowed new conquerors to
look beyond the horizon, imagining a terra incognita populated by entities animated
not with a carbonaceous life, but based on silicon. If the first furrow, a “model to
understand”, was dug, the second did not take long to appear: a “model to reproduce.”
These two facets merged with the motivations related to them. Between Deneubourg’s
early works that are essentially a matter for “understanding,” and the first attempts
of mimicry of myrmecologist behaviors 1 marking the advent of “reproduce,” a few
years have passed. However, the fundamental movement did not cease to develop
until they reach new concepts that are a matter of “understanding the model”. In
the context of solving combinatorial optimization problems, the general three-steps
process (model to understand the system, replicate the system by a functional model
and understand the model) produced along the path many analytical or individual-
centered models, sometimes driven by global information, sometimes constrained by
local rules. This chapter attempts to put into perspective some principles inferred from
behavioral observation of ant colonies in the particular context of optimization.

Why ants? According to the estimations of Moreau et al. [MOR 06] based on
a phylogenetic study, the first ant species would have appeared on Earth about 150
million years ago. 2 This canonical age makes the family Formicidae one of the oldest
that Earth hosts. The ants preserved in amber show an anatomical structure identical
to modern ants. Thus, for several million years, ants, without a substantial anatomical
change, have been known to adapt to changes, sometimes dramatic changes, in
their environment and prosper to the point of being present in most contemporary
ecosystems. The question of knowing how such features have been developed and
preserved remains unresolved. However, the analysis of ants’ behavior and the
observation of the effects of their actions reveal a set of remarkable properties. Ants
have, as a society, the ability to self-organize, to distribute work tasks, to reproduce,
to differentiate, to adapt to local and global environmental changes, and to evolve
to occupy new biotopes. If these properties represent the grail for designers of
autonomous and intelligent computer systems, for the subject we are interested in,
another characteristic holds our attention: the ants’ ability to build and maintain
structures in their environment.

In this chapter, we consider structure as the central element in the process of
solving combinatorial optimization problems in ant colonies. The proposed approach
makes the structure the interface between the problem and the resolution method. The

1. In relation to ants.
2. The range determined by the authors is between 132 and 173 million years.
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close link between optimization problem and structure is emphasized in section 2.2.
Using a set of examples from the literature and the various chapters of this book, we
show that the solution to a given problem can be expressed as a structure in the search
space. At the other end of the chain, systems based on artificial ants have the ability,
like ant societies, to build, to show, and to maintain structures. This issue is discussed
in section 2.3. However, these structures are not optimized for a particular problem.
Section 2.4 reviews the additional elements and the different techniques allowing us
to achieve this goal.

2.2. From problem to structure

Graphs constitute a formalism whose expressiveness is ideal for modeling many
optimization problems. In this formalism, a solution to the original problem is usually
a structure, i.e. a set of vertices and/or edges corresponding to a clearly identified
object in the field of graphs. It may be a route, one or several paths, a partition of
vertices, a clique, a spanning tree, etc. In the following sections, we illustrate this
with a few examples from literature and contributions compiled in this book. This
first part discusses the transition from problems to graph models and identifies the
structures associated with solutions. To be more clear, the description of the original
problems has often been simplified, that is why we advise you to read the chapters
corresponding to the examples from contributions presented in this book.

2.2.1. Route

In a graph, a route is an alternating sequence of vertices and edges:

P = (s0,a0,s1,a1,s2,a2, . . . ,sp,ap,sp+1)

such that ai = (si,si+1). In a route, a vertex and/or an edge can appear several times,
whereas a path can only contain a single occurrence of a vertex or an edge.

To illustrate our point, the first problem we consider is an optimization problem
that arises in the car industry. In a car production plant, each vehicle is characterized
by a set of options which will be provided at the end of assembling. Each option is
assembled by a dedicated post that has a certain processing ability expressed by the
ratio between the number of vehicles it can deal with and the number of vehicles that
pass through the production line. On the basis of a set of commands, different classes
(based on sets of options) of vehicles are defined. The problem consists of scheduling
vehicles according to their class in order not to exceed the capacities of posts. When
a sub-sequence exceeds the capacity of a post, a conflict is generated. The objective
is to minimize the number of conflicts. As vehicles belonging to the same class are
equivalent in terms of posts, the solution is a sequence of classes. The presentation
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of the original problem, especially with the description of constraints that govern the
conditions of production and the answers that can be made is the subject of Chapter 8.
The authors propose to model this problem using a complete graph whose vertices
are the classes of vehicles and whose edges materialize the fact that two vehicles
belonging to classes corresponding to the ends of the edge follow each other on the
production line. The loops on the vertices indicate that two vehicles of the same class
can follow each other on the production line. The solution is then a route that goes
through each vertex as many times as vehicles belonging to the class associated with
the vertex exist.

In the field of bioinformatics, many problems show similarities in modeling
[SET 97]. As an example, some instances of the problem in reconstructing a
nucleotidic 3 sequence, using data from the technique of sequencing by hybridization,
can be modeled by a graph [LYS 88]. In this graph, each vertex represents a fixed-
length word and an arc ai j between two vertices mi and m j is valued by the maximum
length of mi’s suffix that is also m j’s prefix (it is called overlapping). In this graph,
in as much as some words may appear several times in the sequence, a solution to
the problem of reconstruction is a route [BŁA 02]. A possible resolution method that
implements a system based on artificial ants is presented in this book (see Chapter 21).

2.2.2. Single and multiple paths

2.2.2.1. The shortest path

An optimization problem of the cost of energy production is presented in
Chapter 6. The authors describe a system composed of k machines whose objective is
to satisfy an energy demand that varies over an interval of time which is subdivided
into N stages. The starting and stopping of machines is costly and each is characterized
by a production cost. A solution to the problem is a set of N state vectors, one for each
time stage, whose components, with values in {0,1}, represent the functioning state of
machines. The authors propose to model this problem in the form of an oriented grid
of size 2k ×N. The vertices represent the state vectors, each of which is associated
with a production cost, and the arcs between the vertices of two columns of this grid
represent the transition from a functioning state of the system to another functioning
state at the following stage. Each arc is associated with the cumulative cost of starting
and stopping caused by this transition. In addition, the existence of arcs is conditioned
by a set of constraints detailed in the corresponding chapter. In terms of graphs, a
solution to this problem is a path consisting of N vertices. The length of a path is
calculated by adding the production costs associated with crossed vertices and the
starting and stopping costs associated with arcs belonging to the path. Based on this

3. Strings of symbols formed from the famous four bases adenine (A), cytosine (C), guanine (G), and
thymine (T).
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graph, the best solution that can be obtained corresponds to the shortest path between
a vertex belonging to the first column and a vertex belonging to the last column.

2.2.2.2. Hamiltonian path

In the statement of the optimization problem of the aluminum bar production
(see Chapter 7), a plant responds to a set of part orders characterized by their type
of alloy, shape, and delivery date. The objective is to optimize the bar production
allowing production of these parts with a triple minimization objective. In particular,
part production corresponding to two successive orders is accompanied by a set of
regulations that have a cost that must be minimized globally. A solution is scheduling
of the different orders. The authors propose a model of the problem in the form of
a complete graph whose vertices correspond to orders and edges are valued by the
costs induced by the sequence of two orders associated with the ends. In this graph, a
solution is then a Hamiltonian path.

Although it is not mentioned, we implicitly find a complete graph in the problem of
the construction of virtual keyboards presented in Chapter 18. This problem consists
of organizing the different keys of a virtual keyboard so as to minimize a certain cost
function. In the complete graph that models the problem, vertices are associated with
the keyboard keys and edges materialize their proximity. In this graph the order of the
virtual keyboard keys corresponds to a Hamiltonian path.

In general, the Hamiltonian path represents the solution structure of optimization
problems whose purpose is to construct a permutation of n elements to form an ordered
list composed of these n elements. In the most current cases, the considered graph may
be complete, but some constraints that are features of underlying practical problems
can make some Hamiltonian paths invalid.

2.2.2.3. Multiple paths

The need to show multiple paths in a graph can answer two different motivations.
It can be either paths remaining independent from each other, each path representing
a possible alternative for a given problem, or competing paths, each path representing
a part of the solution.

As an example, in the field of communication networks, it is important to have
several communication paths without a common element. Such paths are edge-
disjoint. This constraint can be imposed for safety requirements, a failure occurring
on one of the communication links degrades the output of the transfer but does not
interrupt it. The demonstration of k paths in two-by-two distinct edges between a
source and a destination ensures a certain form of robustness, since a k-edge-connected
graph allows the loss of k−1 links without the connexity of the graph being affected.
In this case, paths are not independent of each other, they are in a competition in terms
of edges.
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Now, consider the case of an itinerary search that is short in time, short in distance,
and low in cost. This is a multiobjective problem. Each objective can be optimized
independent of others. In this case, a solution to each objective is a path. Ideally, a
single path meets the three objectives simultaneously, but in most cases, there is a set
of solutions called Pareto front where each point corresponds to a path that can share
common elements (vertices and/or edges) with the other paths.

In the process of natural language processing, there is a problem known as
“disambiguation” that consists of determining for each term with several possible
meanings, the best according to the general context of the text. This problem is
described in detail in Chapter 20. The graph used for modeling the problem is a
tree inferred from the syntactic structure of the text. In this graph, the vertices are
associated with meanings of words, words themselves, as well as syntactic elements.
During the processing, new edges are added between the meanings of words that are
semantically close, and a solution is generally a path linking the vertices that are
associated with them. When the sentences are ambiguous, as can be the case for
many humorous texts, a solution is no longer a single path, but a set of paths that have
all possible interpretations of the text.

2.2.3. Partitions

The study of the evolution of an ecosystem often requires a modeling of the
elements that made it up and of the relationships between these elements. The
in silico study usually resorts to simulation. Being composed of many highly
communicating tasks, such an application, to be efficiently executed, requires both
a good load balancing between the computing resources and an allocation of tasks
to resources that tries to take best account of the data amounts exchanged and
of the frequency of their communications. This inherently dynamic problem, is
dealt with in [BER 07]. Depending on their characteristics, sets of tasks require
varied amounts of communications, some communicating intensively whereas others
exchange only very little information. The objective of dynamic load distribution
is to balance computations between the different resources, while minimizing the
communications between processors. According to the so-called local hypothesis,
communications between two tasks allocated to a single processor can be neglected,
thus the problem expresses itself as a trade-off between distributing tasks to balance
the load and grouping tasks together to minimize communication amounts. The
authors model this problem with a graph whose vertices represent tasks and edges
represent communications. A solution at a given moment is made up of sets of vertices
that form a partition of the set of tasks. These type of structures can also be found in
problems of graph partitioning [KUN 94] or community detection (Chapter 17).
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2.2.4. Conclusion

It is obvious that the great diversity of optimization problems cannot be satisfied
with the few structures presented in the previous sections to represent the variety of
solutions. Aware of leaving out important structures, we nevertheless endeavored to
describe some of the most often encountered. The configuration problem in constraint
programing presented in Chapter 5 illustrates this variety that makes an attempt at
exhaustivity futile. In this text, the authors describe a model that corresponds to
a virtually infinite graph in which each vertex is associated with a component and
in which a link between two vertices is a relationship between the corresponding
components. A solution corresponds to a set of components and of relationships
between components. It is a sub-graph of the graph that models the search space.
Here the solution is called the graph of structure.

In another vein, a coupling or a stable can represent a solution in the graph that
models the problem. These structures are found in the optimization problem of the
capacity of a railway network described in Chapter 9 or in the standard problem of
graph coloring detailed in Chapter 11.

The conclusion is that for a majority of optimization problems which are modeled
by graphs, solutions correspond to structures very often identifiable in these graphs.

In the process of solving a combinatorial optimization problem by artificial ant
algorithms, modeling the problem through a graph and expression of the solutions in
the form of structures are an important part of the way that leads from problem to
good solutions. Another part of the way is traveled when we have a system based
on artificial ants able to build or to show in the graph structures of the same type
as the structures that are solutions of the original problem. This stage is the subject
of the following section. Different systems based on artificial ants that can generate
structures of different types are described and analyzed.

2.3. From system to structure

If in nature it is possible to observe complex structures built by ants, the underlying
process of this capacity is not always easy to reproduce for artificial ants. In this
section, we try to describe precisely how systems based on artificial ants are able to
generate structures in graphs, regardless of any underlying optimization problem. It
is one of the most remarkable properties of these approaches. Although the field of
optimization by artificial ant colonies will soon be 20 years old, many recent articles
in the scientific literature still devote a short paragraph to explain the functioning of
artificial ant colonies. The general principle and the main elements constituting these
systems are described in broad outline, and their effects are presented as obvious facts.
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From our point of view, some explanations are still necessary to better understand the
functioning of these systems.

A standard system based on artificial ants is generally composed of an environment
(in our case it is a graph) some ants, a mechanism of memory, and a mechanism of
forgetfulness. In most cases, the functioning of the system is based as a whole on
the movement of ants in the environment and on the deposit of information in this
environment by these ants. Most often, the information deposited in the environment is
named pheromone (a more detailed explanation is given in Chapter 1). The persistence
of this information constitutes the mechanism of memory. However, pheromones also
allow ants to communicate indirectly. This mechanism of indirect communication
by reading the information contained in the environment is called stigmergy. The
key point is that ants are attracted to the areas of the environment that are richest
in pheromones. This mechanism constitutes a form of positive retroaction because
statistically the number of ants in a region increases with the level of pheromone which
increases with the number of ants. To limit the effects of this positive retroaction, the
mechanism of memory is generally accompanied by a mechanism of forgetfulness
that plays the opposite role, allowing the system to evolve more slowly. In the idea,
the principle is similar to the gradient descent. This mechanism of forgetfulness
is implemented by pheromone evaporation. Thus, the elements, the rules, and the
mechanisms that can bias movement in the environment are the keystone of strategies
that enable ants to build or to show structures in graphs.

The objectives of this part are to analyze the functioning of artificial ant systems,
through simple examples, by limiting their complexity and the multiplication of tuning
parameter, and to show that they can produce varied structures without requiring an
insurmountable design effort.

At first, we focus on the construction of a simple path between two vertices
in a graph, regardless of its quality in terms of length. In the remainder of this
part, we show how, by qualitatively changing the system, it is possible to produce
multiple independent or competing paths, as well as partitions of vertices. Beforehand,
we provide an analysis of processes attached to ant algorithms to better understand
phenomena in action. Indeed, an ant algorithm is basically based on the notion of
random walk. A walk that can be biased by the characteristics of the system to reveal
interesting structures in the graph.

In the remainder of this section, we consider a graph G = (S,A) of order n (|S|= n)
with m edges (|A|= m). The basic principle of the tested system is the following. This
is a discrete time system. Time is divided into stages. During a stage all ants move
none remaining on the same vertex. An ant moves from one vertex to another vertex
by moving through an edge. After the movement of all ants, pheromones are updated
on all edges and/or vertices according to the tested system, and then evaporation is
applied. Now, another stage begins.
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2.3.1. Ants and random walks

Systems based on artificial ants depend on the movement of ants. The ants generate
the structures by the combined effects of their movements and pheromone deposits.
Let us consider a system with ants moving in a graph. If the movement of an ant
is not subjected to any particular influence, its movement is a pure random walk.
In these conditions, the probability for an ant to cross an edge is the same for all
edges [LOV 93]. Thus, if ants deposit pheromones on edges and do not consider them
for moving, all edges will have comparable amounts of pheromone. Consequently, the
first objective in designing a system based on artificial ants is to bias the random walk
to break this equiprobability to the benefit of edges and vertices which, consider as a
whole, have noticeable properties.

However, note that this is not exactly the same with vertices, since the present
probability of an ant moving according to a random walk on a vertex s is proportional
to degree(s)/m (where m is the number of edges of the graph). Consequently,
under the same conditions, if ants deposited pheromones on vertices, the amount
of pheromone would be different for vertices with different degrees. Figures 2.1(a)
and 2.1(b) illustrate this phenomenon.

(a) Grid of size 10×10 (Moore
neighborhood)

(b) Irregular grid of size 20×20
(incomplete Moore neighborhood)

Figure 2.1. When amounts of pheromones are not considered by ants for moving, vertices
are visited a number of times proportional to their degree. This is perfectly illustrated when
the considered graph is a grid. In (a) 25 ants move in a grid of size 10 and the number of
iterations was set at 100,000. In (b) 100 ants move in a grid with a Moore neighborhood (eight
neighbors) sometimes incomplete (and therefore irregular). The height of the observed “peaks”
is proportional to the degree of the corresponding vertices. The number of iterations was set at
10,000

2.3.2. Generating a path

Consider a graph and two particular vertices: a source vertex (the nest of the
colony) and a destination vertex. The result we wish to obtain from the colony is
a path between these two vertices. We consider the task to be complete when the
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pheromone level of the edges along this path is higher than the pheromone level of the
other edges of the graph.

The ant system works step by step. During a stage:
– each ant chooses one of the neighbors of the vertex v, on which it is positioned,

to move. The probability of choosing the vertex v′, neighbor of v, depends on the
pheromone level of the edge (v,v′). This probability is calculated simply as the ratio
between the amount of pheromone on the edge (v,v′) and the sum of the amount of
pheromone on the edges incident to v:

P(v′) =
pheromone(v,v′)

∑w∈neighbors(v) pheromone(v,w)
[2.1]

– if the ant has reached the destination, it comes back to the source vertex;
– when all ants have moved, each edge receives an amount of pheromone

proportional to the number of ants that have crossed it, then;
– the level of pheromone on each edge is reduced by a fraction corresponding to

evaporation.

The last two phases can be swapped without significant consequence.

If the graph is initially free of any pheromone track, during the first stage, each ant
moves from the source vertex s to a nearby vertex chosen randomly. At the end of the
movement of ants, each edge adjacent to s receives an amount of pheromone close to
the ratio between the number of ants and the degree of the source vertex. During the
second stage, the rate of pheromone being non-zero only for edges whose one end is
the source vertex s, all ants come back to s. Figure 2.2 illustrates this phenomenon.
The low fluctuations that may exist between the levels of pheromone of the different
edges adjacent to s lead to, after several iterations, the choice of a single edge by
all ants that go back and forth between its two ends. This phenomenon of arbitrary
choice between several possibilities in principle equiprobable has been revealed by
the experiment of the binary bridge designed by Deneubourg and his colleagues for
real ants [DEN 90].

To solve this problem, the solution most often implemented consists of allocating
to each edge of the graph, during initialization, a non-zero amount of pheromone and
to impose after each stage that each edge has a minimum amount of pheromone. A
remark is required in this regard. If the initial amount of pheromone is far larger than
the deposit made by all ants, then the process initially will be close to a random walk.
From the viewpoint of optimization methods, it is mainly an exploratory behavior. On
the contrary, if the value is far less than the deposit made by ants and without adding
new behavioral rules, then the system will behave in a similar way to when the graph
is initially free of pheromones.
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Figure 2.2. When the amounts of pheromone are considered by ants for their movements, and
when the initial pheromone level is zero, only the vertices nearby the source vertex are visited.
This figure is the image of the number of crossings of ants in each point of the graph. The black
zone corresponds to the vertices that have received no visit by ants. This zone represents all
vertices except the source vertex and its immediate neighbors. The “peak” corresponds to the
source position. In this example, 25 ants move in a grid of size 10 and the number of iterations
was set at 1,000

There are at least two return policies for ants that have reached the destination d.
The first policy consists of doing the route in reverse and making a pheromone deposit
on each of the edges crossed. The second policy consists of eliminating from the route
the cycles to keep only one path, i.e. a route in which each vertex and each edge is
crossed only once. Let us fix our attention on these two policies.

The first policy does not provide an obvious answer to the problem of the
construction of a path. Indeed, simple simulations show that the number of crossings
through the destination decreases sharply when this policy is implemented. The same
phenomenon also occurs with the second policy even if it is somewhat softened. What
is the reason for that? Each of these two policies consists of sending back an ant to
the source when this ant has reached the destination. Consequently, the neighborhood
of the destination is poorer in ants than other regions of the graph whose vertices can
be visited several times on short periods. Thus, if each ant deposits pheromones in
each crossing through an edge, the edges incident to the destination will have, after
some time, the lowest amounts of pheromone. The effects of this phenomenon can be
visualized in Figure 2.3.

The obvious solution is to allow ants to deposit pheromones only on the way back
and only according to the second return policy. Indeed, the first policy allowing cycles
on all vertices except the destination introduces a bias that goes against the initial
objective. This simple modification in the functioning mode of pheromone deposition
is sufficient to finally reveal a path, as shown in Figure 2.4.
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Figure 2.3. In this figure, ants move up and down the graph and deposit pheromones on the
outward journey and the journey back. A “peak” appears in light and a “hollow” in dark, these
two particular positions correspond, respectively, to source and destination. This difference can
be explained by the rules of behavior of ants that can visit the source vertex frequently, whereas
the visit of the destination vertex sends them back without condition to the source vertex

Figure 2.4. When pheromones are deposited by ants only on the way back, corresponding to
the route of the outward journey free of cycles, a structure with the type of path appears. The
system under consideration consists of a grid with 400 vertices in which 100 ants move. The
initial amount of pheromones is 0.3 for each edge. Each ant deposits a quantity of 0.04 on
each edge on the way back. The evaporation rate is 5% at each iteration. The minimum level
required for each edge is 0.0001 and the path stabilizes after about 15,000 iterations
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It is important to note that evaporation plays a major role in the process. The
movement of ants alone cannot build a structure. Pheromones play the role of a global
short-term memory. If evaporation is absent from the process, all paths are stored in
memory, which allows many paths to be represented, but the signal-to-noise ratio is
very low. On the contrary, if evaporation is too high, parts of paths far from the source
may not be memorized. A very high evaporation levels the pheromone quantity of
all edges to the minimum value. Thus, ants can no longer distinguish paths from one
another, forcing them to make random choices.

If paths and routes represent an important class of solution structures, they do not
allow several solutions for a given problem. In the remainder of this section, we are
interested in the formation of other structures, starting with structures composed of
several paths.

2.3.3. Generating multiple paths

On several occasions in the examples described in the first part of this chapter,
we encountered problems for which a solution was expressed as a set of paths. We
present a system based on artificial ants which are able to generate several paths. We
distinguish two cases.

The first relates to sets of paths that constitute sets of solutions. For example,
concerning the problem of the shortest path, there may be several solutions that can
share some edges, or for the problem of the disambiguation of natural language (see
Chapter 20), several paths of interpretation are possible for the same text, paths that
may have elements in common.

There are also problems for which a solution is composed of a set of paths for
which no edge can be shared. The problem of verification of the k-edge connectivity
of a graph falls into this category. This type of problem is our second case study.

The experiment of the binary bridge shows that an ant colony does not generally
reveal two paths in a graph. Indeed, the core principle is based on two antagonistic
processes. The first is materialized by the pheromone deposit. The edge on which
pheromones are deposited increases its chances to attract new ants, which in turn
will deposit pheromones on it. This positive retroaction leads to two effects: store
in memory a track of the busiest edges and induce the recruitment of new ants
toward these edges. The second process is expressed by the principle of evaporation.
Evaporation has an immediate effect to remove a fraction of pheromones on each edge.
This action goes against the previous process because it levels the pheromone levels.
Consequently, on the one hand, it introduces a form of forgetfulness of the busiest
edges, on the other hand, it limits the effect of ant recruitment. We talk of negative
retroaction. When several equivalent choices are available to ants, the simultaneous
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action of these two processes produces an unstable equilibrium between these different
choices. Generally low fluctuations are enough for one of the alternatives to become
preponderant, which Deneubourg and his colleagues brought to light [DEN 90].

Assuming that it is difficult to find several paths using a single colony, the idea of
using several colonies comes naturally.

When the paths that must be produced are independent, the situation is a direct
application of the study presented in section 2.3.2. The addition of new colonies in the
construction process of structures does not involve any particular difficulty. Figure 2.5
gives an illustration of the results that can be expected from this type of systems
based on several artificial ant colonies. Where a single colony tends to generate only
one solution, a set of colonies can generate several structures of comparable quality.
This approach can be implemented with an interest for a multiobjective optimization
problem. In that case, each objective is associated with a colony.

The second case concerns the problems for which a solution is composed of a set
of paths that are no longer independent, especially of paths that must not share any
edge. This is the case, for example, for the verification of the k-edge connectivity of
a graph. In this case, each colony must build a path, while avoiding edges chosen by
the other colonies and while preventing these other colonies from using the edges it
has chosen. The use of pheromones that are distinguished according to the different
colonies is a solution often considered. A color is often associated with each colony
and the pheromones deposited are called colored. In addition, this device provides a
simple means of observing the phenomenon of structure emergence.

This time the pheromone deposition leads to two types of retroaction: a usual
positive retroaction that favors ant recruitment of the same color and a new negative
retroaction that repels ants of different colors. This phenomenon results in a
segregation of ants according to their color. Ants of a given color are confined to
a particular region of the graph in which they build a path. In terms of movement,
it amounts to biasing the random walk, no longer according to the only amounts of
pheromone present on the edges, but according to the proportion of pheromone of the
colony to which the ant belongs compared with the amounts of pheromone deposited
by ants from other colonies. In the choice formula, this is expressed in the distinction
of the different pheromones.

To implement this mechanism, several possibilities can be envisaged. In the
system, we have designed and tested that the ant favors the edge whose proportion
of pheromone of its color is the most important among the neighbors of the vertex
where it is positioned. We call C the set of colors. For an ant of color c positioned on
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Figure 2.5. This image is the result obtained from three colonies designed to build paths. Each
of them, independent of the others, showed a path between the source vertex and the destination
vertex. We can notice that some edges are shared. It is this type of functioning that has
been implemented for dealing with the problem of disambiguation presented in Chapter 20.
Parameters: the value of the evaporation rate was set at 2%, the number of ants is equal to the
number of colonies multiplied by one quarter of the number of vertices. The initial amount of
pheromone was set at 0.3, the value of the deposit is 0.04, and the minimum value on each edge
was set at 0.0001

the vertex v, the probability of choosing the vertex v′ neighbor of v is

P(v′) =
pheromone colored in c (v,v′)

∑c′∈C pheromone colored in c′(v,v′)

∑w∈neighbors(v)

(
pheromone colored in c(v,w)

∑c′∈C pheromone colored in c′(v,w)

) [2.2]

If we hope for the expected structures to appear, the results of the tests are rather
mixed. A quick analysis of the choice formula reveals that the attraction force is not
strong enough with respect to avoidance behaviors of ants. Figure 2.6 illustrates the
problem of convergence toward three paths.

To improve this situation, we have, in the calculation formula of choice probability,
amplified the differences between the different values of probability to reinforce the
phenomenon of positive retroaction. The new formula remains very close to the
previous one:

P(v′) =

pheromone colored in c (v,v′)
∑c′( �=c)∈C pheromone colored in c′(v,v′)

∑w∈neighbors(v)

(
pheromone colored in c(v,w)

∑c′( �=c)∈C pheromone colored in c′(v,w)

) [2.3]
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Figure 2.6. In this picture, the overall system functioning composed of three colonies in
competition is quite clear. Each colony occupies a region of the graph, without being possible
to identify each, quickly, a non-conflicting path from the source to the destination. Equation
[2.2] is used for calculating probabilities

Using this calculation formula for choice probabilities gives much better results of
which we can have a general survey in Figure 2.7.

The generation of paths by ant colonies is a phenomenon that seems quite natural,
in as much as each ant makes a route and so, builds a solution. But other structures,
which we wish to show by the artificial ants system, are different in nature from that
point of view. Indeed, the individual capacities of an ant do not allow it, in the majority
of cases, to show one or several sets of vertices. This is the case of all structures that
are not made up of paths or routes. In the remainder of this section, we study how it
is possible to design an artificial ant system to produce a partitioning of all vertices in
a graph.

2.3.4. Generating partitions

The mechanisms used by ants for exhibiting particular sets of vertices are not the
same as those used for building paths. Indeed, an ant builds naturally a route, or even
a path in a graph, only its movement allows it. However, an ant lacks the ability to
show a partition of all vertices of a graph, or even groups of vertices. The strategy for
designing a system permitting it cannot therefore rely solely on the routes constructed
by ants, but must consider the global nature of the colony and find the rules allowing
us to guide it toward that goal. To differentiate the different groups shown in the
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(a) After 17,000 iterations (b) After 100,000 iterations

Figure 2.7. With the use of the calculation function of the choice probability [2.3], the three
non-conflicting paths are already emerging clearly after 17,000 iterations. After 100,000
iterations, the three non-conflicting paths have changed slightly. Indeed, paths have a natural
tendency to decrease in length and to tend toward a shorter path. In the case we are interested
in, there are only two shorter non-conflicting paths, but the system can still maintain three paths
two-by-two edges disjoint simultaneously

remainder of this part we will use colors, as for multiple paths in section 2.3.3. The
elements that govern the systems based on ants presented in sections 2.3.2 and 2.3.3
are pheromones that lead to a positive retroaction and evaporation that leads to a
negative retroaction on the marking of paths. The principle of pheromones is the
one of the memory, whereas the principle of evaporation is similar to a forgetfulness
function leading to the desertion of a part of the graph by ants for the benefit of the
most marked regions.

In the case of the search for partitions, no region should be abandoned by ants.
It is, indeed, necessary that the vertices are visited regularly for their color to be
determined and then maintained. The forgetfulness function of evaporation can be
retained only to allow the forgetfulness of colors which are not maintained within
some vertices. The pheromone deposit plays the same role as earlier, a majority
presence of pheromones of a given color on a vertex attracts more ants of this color to
this vertex, and, mechanically makes ants of other colors “flee.” However, this simple
mechanism is not enough to maintain the marking of all vertices of the graph, because
the positive retroaction generated by pheromones is thwarted by no force allowing us
to maintain the presence of ants on vertices with low pheromone level (all colors taken
into account). Figures 2.8a and 2.9a illustrate that. It appears clearly that the number
of crossings of ants is very heterogeneous according to the regions of the graph. This
bias is completely random, since ants are initially positioned on all the vertices of the
graph, in a balanced way in number and color, and the graph is a grid, i.e. has no
particular irregularity except the sides.
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To show a partition of vertices, it is therefore necessary on the one hand to allow
pheromones to play their discriminatory role between colors, but it is also necessary
to ensure a relative balance in the number of ants on vertices. In other words, we
introduce a bias in the distribution of ants in the system so that the balance in number
for each vertex is kept, but this balance for colors is broken. Still solutions exist.
We present a fairly simple solution that consists of adding to the system a principle of
attraction of ants to the vertices that are less busy. This principle is reinforced when the
number of ants present on a vertex is proportionally important to neighboring vertices.
It is therefore a negative retroaction that plays against the positive retroaction created
by pheromones. Before describing the probability formulas of choice of movement by
ants, let us study the forces involved. If we get the only pheromones to play, without
balancing compensation in number of ants per vertex, the result is the appearance in
the graph of groups of ants of the same color around one or two edges, and this in
several places in the graph as the image of Figure 2.8a. On the contrary, if only the
balancing in number of ants per vertex is active, then the distribution obtained is close
to that obtained with a simple random walk, as the similarity between Figures 2.1a
and 2.9b shows. On the other hand, no group of ants and a fortiori of vertices of the
same color is shown. Figure 2.8b provides an illustration.

(a) Visualization of pheromone-rich
regions when the system is only driven
by pheromones effects

(b) Visualization of pheromone-rich
Regions, when the system is only driven
by balancing the ants within the graph

Figure 2.8. On (a), we can notice that the only action of pheromones leads to a depopulation
of some regions of the graph. Ants are attracted and then trapped by pheromone-rich regions.
On (b), on the contrary, it seems that ants occupy the entire graph. The considered graph is a
10×10 grid, the number of colonies was set at four and the number of iterations at 2,000. The
size of vertices allows us, to distinguish in addition to gray levels, the different colonies

In terms of choice of movements, the formula allowing us to calculate the
respective choice probabilities of the different neighbors of a given vertex v must
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(a) Traffic of ants on each vertex when the
system is only driven by pheromones

(b) Traffic of ants on each vertex when the
system is only driven by balancing the ants
within the graph

Figure 2.9. Comparison of the number of crossings by ants on each vertex. In (a), ants are
obviously not equitably distributed between the different vertices of the graph. It is shown by a
very heterogeneous number of crossings according to the considered vertex. On the contrary,
(b) shows a number of crossings of ants in each graph that corresponds to the distribution
observed for a random walk. The considered graph is a 10×10 grid, the number of colonies is
four, and the number of iterations was set at 2,000

involve both pheromones and balancing in number of ants. We chose to combine
these two criteria as a weighted sum. To take pheromones into account, we use
equation [2.3]:

Pph(v′) =

pheromone colored in c(v,v′)
∑c′( �=c)∈C pheromone colored in c′(v,v′)

∑w∈neighbors(v)

(
pheromone colored in c(v,w)

∑c′( �=c)∈C pheromone colored in c′(v,w)

) [2.4]

and to increase the attractiveness of vertices that are only sparsely occupied, we
propose a second value inversely proportional to the number of ants present on a vertex
v′ compared with the total number of ants located on the set of the neighboring vertices
of v:

Prep(v′) =
1

number of ants of v′

∑w∈neighbors(v)
( 1

number of ants of w

) [2.5]

whose combination is

P(v′) =
Pph(v′)+Prep(v′)

2
[2.6]

We can notice that the term Pph(v′) expresses the idea of exploitation and the term
Prep(v′) expresses the idea of exploration. As in the case of most metaheuristics, it
is possible to weight the importance of one or the other of these terms in attaching a
multiplying coefficient to them.
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The system of artificial ants structured in that way allows us to show, by
colonization (coloring to be specific), groups of neighboring vertices by the joint
action of pheromones and a balanced 4 distribution in the number of ants on vertices.
Figures 2.10 and 2.11 illustrate this.

Figure 2.10. In this figure, four colonies show groups of neighboring vertices using the
combined action of pheromones and a balancing in number of ants present on the vertices.
We can notice that no area is deserted and that groups of vertices were shown. The graph is a
10×10 grid, the number of colonies is four, and the number of iterations was set at 50,000. All
the other parameters have the same values as for the previous figures. The size of the vertices
allows us to distinguish, in addition to gray levels, the different groups

2.3.5. Conclusion

Throughout this third section (2.3), we endeavored to show that relatively simple
systems based on artificial ants can produce rather complex structures, including
structures that are not deduced from a route, natural mode of movement of ants in
a graph. This simplicity in the system remains, however, moderate for the designer
who must determine, then introduce, one or several adapted rules, in order that the
system, as a whole, manages to give prominence to the targeted structures. Thus, to
successfully partition a graph, it is necessary to introduce a new mechanism, called
“demographic pressure,” initially absent from classical systems. There are many other
structures that correspond to solutions of problems we are faced with in graphs. In
particular, the Hamiltonian path recurs repeatedly. Very often the graph at the root of

4. Sometimes called “demographic pressure.”
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Figure 2.11. In this figure, four colonies show groups of neighboring vertices by the combined
action of pheromones and a balancing in number of ants present on the vertices. We can
notice that the number of crossings of ants on the vertices, although it is not equivalent
everywhere, remains at an important level, including for vertices located on the border between
monochromatic groups. The graph is a 10×10 grid, the number of colonies is four, and the
number of iterations was set at 50,000. All the other parameters have the same values as for
the previous figures

the study is a complete graph and again, an additional mechanism is necessary for the
system to build the expected structures. Ants are provided with a memory that they
use as a tabu list allowing them to construct permutations of the set of vertices and to
deposit pheromones on the edges accordingly.

At this stage, the original optimization problem has been modeled by a graph,
the solutions of this problem have been identified as structures in the graph and we
have a system based on artificial ants, which can generate in the graph structures
corresponding to solutions to the original problem. Unfortunately, from the viewpoint
of optimization, these structures do not often have a sufficient quality. The next
section 2.4 presents a few techniques commonly used to improve the solutions
produced by ant algorithms.

2.4. Optimize: guide the formation of structures

In the previous section, we demonstrated that different characteristics of ant
colonies allow us to build or to show different structures that constitute solutions to
some optimization problems. The set of tests also allows us to notice that this simple
formulation is not enough to obtain good results. To put it plainly, if the characteristics
of colonies can produce structures in the graphs, i.e. sufficiently bias the random walk
of ants so that they show some regions of the graph, this bias is often not sufficient
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for obtaining solutions of very good quality. For many optimization problems, it is
necessary to resort to additional elements of choices that enable us to introduce more
semantics of the original problem in the system based on artificial ants. However, it is
also possible to implement, in a complementary way, mechanisms to improve either
the speed for achieving a result or the quality of the result.

2.4.1. Visibility

One of these elements of choice, probably the most important, is named in
literature as visibility, a term that is introduced in the formula of choice of movement
of ants [BON 99].

Visibility is local information and represents the heuristic desirability of choosing
the vertex u when the ant is on the vertex v next to u. This term is sometimes known
as desirability and sometimes as attractiveness. Quite often, in literature, the three
terms visibility, desirability, and attractiveness are used interchangeably. Visibility
can represent, for example, a weight on the edges whose value orients, jointly with
pheromone levels, ants to the choice of their next destination. Its importance in
obtaining results of good quality, or simply relevant, is crucial. In section 2.3.2, we
described a system based on artificial ants able to show a path in a graph when a
source vertex and a destination vertex are chosen. The system converges by itself
toward a particular path that is one of the shortest paths of the graph in number of
edges separating the two vertices. For the set of problems for which a path between
source and destination is a solution, but whose edges are valued by one or several
values, the paths built by the system are no longer relevant. The random walk is
biased only by the structure of the graph, the information added on the edges and/or
vertices must be introduced in the probability formula of choice of the neighboring
vertex. This information is at the root of the construction of visibility.

One or several visibilities can be introduced into the formula of choice, and as
M. Gravel and C. Gagné stress in the conclusion of Chapter 7, “metaheuristics [...]
incorporate specific elements of the problem addressed to visibility terms(s) is very
important in guiding the process of solution construction.”

2.4.2. Other mechanisms

The number of improvement techniques of solutions produced by ant algorithms is
virtually infinite. For a majority of them, they gravitate around the search for balance
between exploring the search space and exploiting the solutions found. This principle
can be found in different forms in most metaheuristics, such as tabu search, whose
length of the list determines this balance.
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Solving a combinatorial optimization problem consists of finding, among all
feasible solutions, a better solution. But what does better mean? In most of the
considered cases, the formulation of the problem is backed up with an objective
function that numerically measures the quality of the proposed solution. Among the
most used techniques, to improve the solutions and the convergence speed, one of
them consists of allowing the pheromone deposit only for ants that produced the best
solutions. This is elitism. Although attractive, this mechanism cannot be applied to all
problems. In particular, those for which ants do not individually build solutions cannot
benefit from this technique. Moreover, elitism implies for each ant the assessment of
the quality of the solution that it produces in comparison with a standard, established
by another ant of the colony. But if the data or the characteristics of the problem
change over time, the standard loses its validity.

Another increasingly implemented technique is the coupling of ant algorithms with
local search heuristics. This “composition” can achieve excellent results. Generally,
ant algorithm is used to explore the search space and the exploitation of regions of
interest is entrusted to more efficient methods of local search. Again, all problems are
not adapted to implement such a coupling, especially those for which the result is an
overall structure in the graph.

2.4.3. Neighborhood structure

It is necessary to emphasize another crucial point for obtaining good solutions
by artificial ant algorithms. This point is illustrated by the discussion presented in
Chapter 4. In this chapter, the authors present a general survey of the methods used
for optimization in continuous variables. It is a matter of combinatorial optimization
problems for which some decision variables are of continuous value. Among all the
proposed solutions that are described, we focus our attention on methods that express
the real numbers in the form of binary chains as it is illustrated in the chapter. The
problem consists of determining the best real value possible for each decision variable,
it being understood that each variable is associated with such a graph. A solution for
the problem consists of the real value of each decision variable, i.e. of the path in
the graph associated with each variable, it is therefore a set of paths. We can note,
however, that the concept of path in this particular case creates a problem. Indeed,
the semantics associated with the path are not very clear since the path represents
a sequence of bits and a local change in the path (choice of another edge) does not
correspond at all to a local variation in the search space, especially if the altered edge
corresponds to a bit of strong weight. Thus, unlike other modeling that considers the
path to be a representative structure of a neighborhood in the search space, this is
not the case for this problem. In other words, in the proposed modeling, a path must
be regarded as an atomic element. Thus, the pheromone deposit adds nothing to the
discovery of the solution in as much as the alteration of an edge associated with a bit
b makes all edges, associated with bits of lower weight than b, lose their meaning.
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Thus, it seems essential, to ensure the effectiveness of an approach based on artificial
ants, that a structural neighborhood in the graph corresponds to a neighborhood in the
solution space.

2.5. Conclusion

The ant colony is part of a broad set of systems in which each representative is
composed of many autonomous entities interacting with each other and with their
environment, and whose behavior and evolution allow the emergence of structures or
functions that cannot be deduced from the individual characteristics and behaviors of
entities. The elements of this set are often called complex systems.

In this chapter, we proposed an approach for solving combinatorial optimization
problems based on this principle. We believe that solving a problem with an ant
algorithm is a task that is divided into several parts: the modeling of the original
problem as a graph, the identification of structures that, within this graph, constitute
solutions to the original problem, the designing of a system based on artificial ants that
builds or shows the same type of structures, and finally the adaptation of this system to
the original problem by the introduction and consideration of elements specific to this
problem. Visibility constitutes in ant algorithms one of the most common elements
for the introduction of this information, but the alteration of the form of pheromones
can be another way to achieve that.

This approach for solving combinatorial optimization problems in terms of search
of structures introduces an additional stage that may lead to a degradation of speed
with which solutions are found, or even a degradation of quality of determined
solutions. In return, this approach has a quality absent from traditional approaches
of solving optimization problems, it implicitly implements a process of structure
maintenance. Thus, the adaptability of systems based on artificial ants allows the built
structures to evolve according to fluctuations that affect the constituent elements of
the problem during the solving of this problem. In the same way, with a moderate
modeling effort, these systems are able to deal with problems characterized by
uncertain or changing data. Therefore this approach more than any other deserves
our attention.

2.6. Appendix: GraphStream

The codes that enabled the design and test of the different systems based on
artificial ants described in this chapter were developed using GraphStream, 5 a library

5. http://graphstream.sourceforge.net.
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of dynamic graphs. These codes, as the scripts from which images were produced, are
available upon request to authors.
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Chapter 3

General Survey of Combinatorial Problems
Treated by Artificial Ants

At first, this chapter deals with different scientific contributions that used the
metaphor of ants to solve problems. We notice that a relation exists between some
algorithms that were inherited from the older algorithms suggesting improvements
that apply sometimes better to the problems considered.

The different contributions can solve various problems that can be classified into
different families of problems. The different types of problems are presented in the
second part of the chapter.

In the context of the treatment of real problems, more delicate and less
formalized constraints must be taken into account, such as dynamic and decentralized
environments, uncertainties, and errors in the data. Moreover, for some of these
problems, the formulation of an objective function can be delicate, if not
impossible. Furthermore, objectives can be multiple, then we speak of multiobjective
optimization. These constraints defining the problems are often less discussed in the
literature, whose outlines are less well defined and are dealt with in section 3.3 of this
chapter.

3.1. The main approaches based on ants

Hundreds of contributions using the ant metaphor have been proposed over the
past two decades (see Figure 1.10 in Chapter 1). Some propositions remained close to

Chapter written by Antoine DUTOT and Yoann PIGNÉ.
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the natural model, others moved away from it, to improve the results of the problems
dealt with. The original method that appeared for the first time in 1991 in the thesis
of Dorigo [DOR 92] is to propose a metaheuristic for combinatorial optimization.
This approach, later formalized under the name of ant colony optimization (ACO)
[DOR 97a], combines the idea of collaboration between entities (ants) exploring a
search space and evaluation of solutions based on an objective function. From the
original algorithm, a vast number of variants were proposed and many problems
were successfully dealt with. This section goes back over some of the founding
contributions of the ACO approach, then it ends on other original propositions closer
to the natural model.

3.1.1. The ACO family

The method proposed in the work of Dorigo et al. [DOR 91, DOR 92, DOR 96]
under the name of ant system (AS) is a metaheuristic designed for optimization
of combinatorial problems. The idea of a population of agents evolving in an
environment and cooperating by means of asynchronous communications is clearly
inspired from colonies of social insects such as ants. The method also inherits
from standard mechanisms of operational research and artificial intelligence, such as
learning by reinforcement or greedy construction of a solution guided by an objective
function. AS was the first contribution of that kind. All methods using this paradigm
are now called ACO. Each new contribution brought improvements to the original
model or specializations for particular problems.

3.1.1.1. The AS algorithm

AS was initially designed for the traveling salesman problem (TSP) but can easily
be adapted to other combinatorial problems. The problem consists of determining the
shortest itinerary for a traveling salesman, allowing him to cross each of the n cities of
his round once and only once. This problem is generally modeled by a complete graph
whose set N of vertices represents the cities and set E of edges of the roads between
these cities. Each edge is valued by distance di j that separates the cities i and j.

In graph theory, this problem corresponds to the search of a Hamiltonian cycle of
minimum weight that is known to be NP-hard in the real sense.

In the AS method, the graph is covered by artificial ants that move to construct
Hamiltonian cycles. Each ant has a simple behavior and a localized vision. The
functioning of a colony can be schematized as follows:

– In an iterative way, each ant chooses its next vertex. Its choice depends on the
distance between its current vertex and the next one and the attractiveness of links,
that is a function of the amount of pheromone associated with the link.

– Cities already visited are removed from the neighborhood of ants, so that they
visit each city only once.
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– When ants have completed their cycle, they change the attractiveness of the links
they visited by depositing pheromones.

The method is iterative n an ant chooses at time t what will be the city visited at
time t + 1. These times are iterations. At each iteration, all ants of the system move
from one city to another. After n iterations (n is the number of cities) ants have built
a cycle and have returned to the departure city because the graph is complete. To
produce feasible solutions (Hamiltonian cycles), each ant k maintains a list (denoted
by tabuk) of the cities it has already visited and removes them from its neighborhood
when choosing the next city.

The attractiveness of links is based on the pheromone deposit. Let τi j(t) be the
amount of pheromone on the link between the cities i and j at time t. The update of
the attractiveness of links is carried out because of the following equation:

τi j(t +n) = ρ.τi j(t)+Δτi j [3.1]

where ρ is a parameter that adjusts the preservation of pheromones from a cycle to the
next one. Therefore, (1−ρ) corresponds to the factor of evaporation of pheromone on
tracks.

Δτi j =
m

∑
k=1

Δτk
i j [3.2]

where Δτk
i j is the amount of pheromone that the ant k deposits on the edge (i, j) during

the current cycle. The parameter m is the number of ants in the system.

Δτk
i j =

⎧⎪⎨
⎪⎩

Q
Lk

if the ant k has gone through (i, j) during the cycle

0 otherwise
[3.3]

where Lk is the length of the cycle carried out by the ant k and Q a constant.

Each ant probabilistically chooses the next city at each iteration, according to the
attractiveness of links and of the distance between the current city and the neighboring
cities. To allow ants to maximize the quality of their solutions, distance is taken into
account in visibility: ηi j = 1/di j:

pk
i j(t) =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

[τi j(t)]α · [ηi j]
β

∑
l∈neighborsk

[τil(t)]α · [ηil ]
β if j ∈ neighborsk

0 otherwise

[3.4]

with neighborsk the set of cities, deprived of the ones already visited by the ant k. α
and β are two parameters that can change the relative importance of pheromone tracks
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with regard to visibility. Therefore, the equation represents the probability at iteration
t and the ant k chooses j as the next destination at (t +1).

Once a cycle is completed, the system has solutions to the given problem. These
solutions can be improved. Other cycles can be carried out and can benefit from
previous cycles by marking tracks. The general AS algorithm for solving the TSP can
then be described (Algorithm 3.1).

1: initialization :
– t ← 0
– τi j(t)← c

2: for k = 1 to m do

3: position the ant k on a source vertex v
4: tabuk ←{v}
5: end for

6: for t = 1 to n−1 do

7: for k = 1 to m do

8: choice of the next vertex v′ according to equation [3.4]
9: movement of the ant k to the vertex v′

10: addition of v′ to the tabu list: tabuk ← tabuk ∪ v′
11: end for

12: end for

13: at the end of the cycle, update of pheromone tracks with equation [3.1]
14: if a stopping condition or a certain number of cycles are not met, then return to

step 2.

Algorithm 3.1: Ant system

The authors have applied AS [DOR 96] to list instances of the TSP for which
solutions are known. Thus, they were able to compare the results produced by
their algorithm with optimum results, as with results obtained by other heuristics
[DOR 97b]. The algorithm has shown its effectiveness and the quality of the solutions
produced.

Optimizations of the model have been implemented and variants of the original
model have been proposed. The remainder of this section presents the different
improvements made to the model in contributions not necessarily tackling the same
problem.

3.1.1.2. Reinforcement of the best solutions

To accelerate the convergence of the method, the authors of AS proposed in the
same contributions an alteration in the behavior of the system: Elitist Ant. At the end
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of each cycle, during the stage of tracks reinforcement, they proposed to add a second
reinforcement on the links of the best solution ever carried out since the beginning of
search (global best solution Sgb). The reinforcement formula at the end of each cycle
is then:

τi j(t +n) = ρ .τi j(t)+Δτi j +Δτ∗i j [3.5]

Only the third term differs from the standard reinforcement formula (equation [3.1]),

Δτ∗i j =

{
σ Q

Lgb
if (i, j) belongs to Sgb

0 otherwise
[3.6]

with Lgb as the length of the global best solution Sgb and σ a parameter higher than 1
we are able to adjust the importance of reinforcement. The idea is to make the links
participating to the best solutions to be used in the construction of new solutions more
attractive again.

Developing this idea, the rank-based ant system algorithm [BUL 99] proposes
classifying ants, after each cycle, according to the quality of their solutions, to select
the individuals who will participate in the strengthening. Thus, the ordered list of
the ω best ants will be constructed, the reinforcement will be proportional to their
ranking (the better the ranking of an ant is, the more important the reinforcement
associated with its solution will be). In order not to interfere with the preceding elitist
reinforcement, the authors noticed that ω should not be higher than σ , which is the
multiplying factor applied to the global best solution and nothing should be higher
than this solution. ω is set at σ − 1. The reinforcement formula in this algorithm
looks like the reinforcement formula of Elitist Ant (equation [3.5]), except the second
term Δτi j, which is now

Δτi j =
σ−1

∑
μ=1

Δτμ
i j

Δτμ
i j =

{
(σ −μ) Q

Lμ
if (i, j) belongs to the cycle of the μ th ant,

0 otherwise

[3.7]

In [GAM 95], the authors proposed an algorithm similar to AS, but focusing on
the reinforcement learning part. Ant-Q proposes applying the reinforcement formula
of tracks only on the links used in the current cycle. Thus, the unused links are not
updated and only the solutions generated are reinforced. Moreover, as in Elitist Ant,
Ant-Q proposes a second reinforcement based on the best solutions already produced.
Two variants, concerning the choice of tracks to be reinforced, are proposed: the
global-best version, which corresponds to Elitist Ant, selecting the best solution since
the beginning of search (Sgb) and the iteration-best version, in which the solution
used for the second reinforcement is the best of the cycle just completed (iteration
best solution Sib or local solution).
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The MAX–MIN AS algorithm [STU 00], inspired by AS, proposes among other
things to use the reinforcement equation [3.1] by changing Δτi j in a way that only the
best (global or local) solution be reinforced.

Δτi j =

{ 1
Lbest

if (i, j) belongs to the solution Sbest

0 sinon
[3.8]

where Lbest is the length of the global (Sgb) or local (Sib) best solution. This
mechanism used alone tends to strengthen only the good solutions and to eliminate
the attractiveness of links more rarely visited. This allows us to quickly converge
toward a solution, but results in a bad exploration of the search space. MAX–MIN
AS solves this problem by using a mechanism of lower and upper bounds, for the
pheromones preventing the disappearance of attractiveness of certain edges or the
overrepresentation of others.

3.1.1.3. The evaporation parameter of tracks

Several contributions dealt with the evaporation mechanism of tracks that is
supposed to avoid premature convergence of the method, while ensuring a good
exploitation of the search space. Indeed, evaporation of tracks smoothes the
differences of attraction between the links, increases the probability of visiting some
links that are little used, improves the exploration of the search space, and tends
to avoid premature convergence of the algorithm to the first solutions found. The
undesirable side effect is that a too strong evaporation cancels the attractive effect
of pheromones, loses the collective memory of previously found good solutions, and
reduces the search process of ants to a random course of the environment or to a
search guided only by the local heuristic (visibility). Evaporation in ACO algorithms
is adjusted, using the parameter ρ of equation [3.1].

In ANTS [MAN 99a], the authors do not use the evaporation parameter ρ and
proposed another mechanism to alter the attractiveness of tracks. The mechanism
comes into play only after a certain number of calculation stages allow us to build
several (k) solutions and to obtain an estimation of the average length of a LS
solution. After this initialization phase, the tracks of the newly generated solutions
are strengthened, proportionally to their deviation from the average solution S. After
having been compared to the average solution, each new solution is used to update
LS, which is the average length of the k last solutions produced. Therefore, this value
evolves during treatment. Only the edges belonging to solutions generated during the
current cycle are strengthened. Thus, for each solution s, the reinforcement is

τi j(t +n) = τi j(t)+Δτi j

Δτi j = τ0.

(
1− Ls −LB

LS −LB

) [3.9]



Combinatorial Problems 51

where Ls is the current solution and LB a lower bound known for the problem
considered. This mechanism allows us to change the amounts of pheromone by a
value between τ0 and −τ0.

In Best-Worst Ant System [COR 00], the authors are also interested in the
sensitivity of the parameter ρ . Here, the evaporation mechanism is not removed, but
it is restricted to minimize its impact. In this model, only the edges of the local best
solution (Sib) are reinforced, and only the edges of the worst solution, which are not
part of Sib, undergo the evaporation τi j = ρ.τi j.

3.1.1.4. Global and local strengthenings of pheromone tracks

The solution provided by the ant colony system (ACS) algorithm to avoid the
problem of bad exploration, while maintaining the improvements of convergence of
elitist strengthening, is to define two types of strengthenings: a local and a global
strengthening [DOR 97b, DOR 97c]. The global strengthening is classically defined
by AS and is taken over by the other methods to favor the links belonging to good
solutions already found. It is elitist and proposes that at each cycle, only the ant
that has produced the best solution strengthens its track in an inversely proportional
way to the length of this one. It is therefore the local best solution (for the current
iteration) that is favored (Sib), so that the links of this solution can be strengthened
in a proportional way: Δτi j = 1/Lib. Thus, the better solutions, the more they
are strengthened. Regarding local strengthening, it has the authority to reduce the
attractiveness of frequently visited links and thus to restore the attractiveness of links
less visited. It consists of a systematic and constant strengthening of the links crossed
by all ants. This strengthening is called local because ants strengthen the links the
moment they cross them. Moreover, this strengthening is constant and makes the
value tend towards τ0, the initial pheromone value, it is not proportional to any of the
solutions and cannot be because, at the moment of this strengthening, the ant has not
yet built a solution.

3.1.1.5. Exploration versus exploitation

Still in an effort to improve the exploration of the search space, while taking
advantage of the good solutions generated, the authors of Ant-Q [GAM 95] proposed
in other ways to implement the procedure of choosing the next vertex for each ant.
The standard formula (equation [3.4]) is above all based on a random exploration
influenced by the solutions already found and by the local heuristic. Here, the
proposition is to better exploit the solutions already produced. Thus, the authors
proposed the following equation to determine vertex s that the ant k located on vertex
r at time t will visit at time t +1:

s =

⎧⎨
⎩

arg max
j ∈ neighborsk

{[τi j(t)]α · [ηi j]
β} if p ≤ p0

S otherwise
[3.10]
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with a p value randomly chosen in a uniform way in [0,1] and p0 a parameter
(0 ≤ p0 ≤ 1). S is a random variable with the aim to determine a vertex following s.
This equation allows, thanks to the parameter p0, us to balance the exploitation of
results previously found and the random exploration of environment. Indeed, equation
argmax j∈neighborsk{[τi j(t)]α · [ηi j]

β} determines the more attractive vertex, whereas S
is connected with the random exploration of environment. S and p0 must be defined,
the authors proposed three versions:

(1) S is a random variable uniform in [0,1], in this case, the choice of s is said to
be pseudo-random and shared between an exploitation of the best results and a pure
random exploration.

(2) S corresponds to equation [3.4] of AS and the choice of s is shared between the
exploitation of the best results and a random exploration biased by existing results.
This mechanism is said to be pseudo-random proportional.

(3) S corresponds to equation [3.4] and p0 = 0. This means that S is systematically
chosen to determine the next vertex s. This equation corresponds to the selection
mechanism of AS, it is said to be random proportional.

The tests conducted by the authors show that the pseudo-random proportional
model is higher than the other two for some values of p0. This is the selection model
that is taken up in the ACS algorithm [DOR 97b, DOR 97c].

Figure 3.1. Inheritance graph between the ACO. A link directed from B to A means that B
inherits from algorithm A to build its own contribution

To help understand the different models presented here, Figure 3.1 shows an
inheritance graph illustrating the relationships between methods.

Thus, even if ants do not necessarily improve older methods, these techniques
show that we can draw closer to the best performance.
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3.1.2. Ant-based control, faithful to the ant metaphor

Ant-based control (ABC) [SCH 97] is an algorithm very close to the ant metaphor
that exploits the idea of a system composed of autonomous entities, with a completely
decentralized functioning. This algorithm is applied to a naturally distributed problem
of load balancing in a telecommunication network. This network is composed of
routers intended to ensure the communication from one end to the other between
pairs of customers. Each router has a capacity (a maximum number of simultaneous
communications). The goal is not only to find relatively short roads, but also to
balance the load and avoid congestions.

The general idea is that agents (ants) are dispersed in this network, that is they
move in it and they collectively update the routing tables in the network routers. These
tables are used to route telephone calls. Calls modify the network load and indirectly
influence the behavior of ants. Note that, in this problem, it is not possible to globally
assess the solutions produced and to share them in the whole network. Owing to the
distributed nature of the network, routing decisions and changes in routing tables are
locally made, without a centralized evaluation.

3.1.2.1. Pheromone tables

In the standard routing problems, each node has a routing table that determines, for
each vertex of the network, which road to take. Most of the time, this road is gradually
determined: the routing table of a vertex A indicates which one of A’s neighbors must
be crossed to reach a destination vertex.

In ABC, routing tables are replaced by pheromone tables. For each node,
these routing tables no longer indicate towards which neighbor we must go but the
probability for each neighbor to be the next one. Therefore, pheromone tables do not
explicitly contain quantitative numerical values, as in ACO, but the effect produced
remains the same, as the pheromones of ACO are expressed in probability, during the
choice procedure of ants.

Thus, each vertex has, for each node of the network, a probability table with
as many entries as the vertex has neighbors. For a given destination, the sum of
probabilities for the neighbors of a vertex is one. Ants choose their next node, thanks
to a random drawing proportional to the probabilities of the routing table: according
to the probability distribution given by the distribution of pheromones ants draw a
random number. This number indicates then the neighboring node to take.

Ants are launched in the network, regardless of phone calls, to maintain the phero-
mone tables.

Phone calls are routed in using pheromone tables and systematically selecting the
neighbors with the best probabilities.
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3.1.2.2. Reinforcement of routing tables

Ants, while moving, update pheromone tables. An ant choosing to take neighbor
n of the vertex v, to go to destination d, updates the pheromone table of d in v in the
following way:

pv
d(n) =

pv
d(n)+Δp
1+Δp

pv
d(o) =

ps
d(o)

1+Δp
∀o ∈ neighbors(v)

[3.11]

with neighbors(v) the set of neighbors of v and Δp the strengthening of probabilities
to define. This equation ensures that the sum of probabilities of neighbors of v for
destination d is one.

3.1.2.3. Shorter paths and load balancing

To enable the construction of shorter paths, pheromone tables preferably have to
guide ants to the shortest tracks. To point out this length of paths idea, the ants’ deposit
is proportional to the route already completed by the ant, so that those which covered
a long path influence fewer routing tables than ants covering shorter paths. If a is age,
in number of leaps, of an ant, the authors proposed, for pheromones, the following
strengthening value: Δp = (0.08/a)+0.005. This mechanism thus favors the shortest
paths.

Load balancing is implemented by slowing ants on congested vertices (whose
passband reaches saturation). Blocking an ant on a congested vertex prevents the
pheromone deposit, therefore, it does not improve the attractiveness of this node and
also it reduces the influx of communications via this one. Experimentally, the delay
in number of stages during which ants are blocked on congested vertices is set at
	80.e−0.075.c
, with c the remaining capacity on the vertex. Capacity represents the
number of simultaneous possible calls on a given vertex.

3.2. The different classes of problems tackled

3.2.1. Assignment problems

Assignment problems consist of the search for couples in a bipartite graph to
optimize (maximize or minimize) the sum of the weights of selected edges in the
graph. An illustration of this problem is the assignment of a set of tasks to a set of
employees in a company. Each employee can perform one task at a time and has
different skills with regard to the different tasks. The goal is to maximize the number
of tasks actually performed.

The problem can also be formalized with two sets A and B and a matrix M of
costs between the elements of A and B. The problem consists then of finding function
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f : a → b that maximizes or minimizes the sum:

∑
a∈A

M[a, f (a)] [3.12]

Several well-known assignment problems have been dealt with using ant
algorithms. Among these is the quadratic assignment problem or the graph coloring
problem.

3.2.1.1. Quadratic assignment

The quadratic assignment problem considers a set U of n units and a set S of n
sites. There are flows between the different units and a distance between sites. The
function f : U ×U → R defines the flow between two units of U . The function d :
S× S → R gives the distance between sites. Let ψ : U → S be the function that, at
each unit, combines a site. The problem is to define which site is associated with
which unit (which function ψ), in a way to minimize the sum of products of distances
and flows:

∑
u∈U

∑
v∈U

f (u,v).d(ψ(u),ψ(v)) [3.13]

Algorithms based on ants, used for the quadratic assignment problem, model it in the
form of a graph G = (V,E), where V is the set of vertices representing the assignment
of an entity to a site and E is the set of links. The graph is complete.

The family of ACO is widely used to solve this problem. The general idea of all
ACO takes a few principles. The direction of the assignment is fixed in advance: units
are assigned to sites (or vice versa). Later, we assume that units are assigned to sites.
Then, the order in which units are processed is defined. This order may be random,
fixed in advance, or not. Then, ants construct paths in graph G. Each path represents
a valid assignment (a feasible solution) in the search space. Finally, the generated
solutions are improved, thanks to local search heuristics. These solutions are finally
marked with pheromone tracks and can influence the construction of future generated
solutions. The process is iterative around this mechanism.

Among the different ACO proposed, an adaptation of AS can be found, named
AS-quadratic assignment problem (AS-QAP) [MAN 99b], which is the first
adaptation of the model to the problem. The algorithms ANTS [MAN 99a] and MAX–
MIN AS [STU 00], already presented, also address this problem.

Hybrid AS (HAS-QAP) [GAM 99a] is a proposition inspired by ACO but
functions differently. Pheromone tracks are not used for producing new solutions
but are used for improving already existing solutions. Each ant is associated with a
complete solution. The goal is to improve this solution, in performing permutations of
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sites between units. At each cycle, on each solution, two units are chosen according to
a random formula proportional to present pheromones. The sites of these two units are
exchanged. The solution thus generated is often less good than the original solution
but it is then optimized using a local heuristic. This mechanism aims to bring out the
solution of a local optimum, by exchanging sites at first, then subsequently optimizing
it, thanks to local heuristic.

In [TAL 01], the authors showed the effectiveness of their algorithm inspired by
ACO compared with other metaheuristics for QAP. This algorithm even surpasses the
results of HAS-QAP.

3.2.1.2. Graph coloring

This problem consists of assigning a color to each node of a network so that two
neighbors do not have the same color and that the total number of colors used in
the graph is minimum. This number cannot be lower than the size of the maximum
clique (the largest complete subgraph) of the graph. This minimum number of colors
is called chromatic number of the graph; it is related to the concept of stable. A stable
is a subset of a graph whose vertices are not adjacent. Therefore, graph coloring is
a partition of all vertices in stables. Searching for a minimum coloring consists of
minimizing the number of stables.

In ANTCOL [COS 97], the authors showed that the nodes of the network to be
colored are units and the colors are resources. The quality of a solution not only
depends on the choice of colors for nodes but also on the order of selection of these.
The construction of a solution therefore is performed in two steps: first, the selection
of the next vertex to color; second, the color selection.

The authors observed that a procedure of choosing the sequence of nodes to
color, adapting to the partially achieved coloring, gives better results than a list set
in advance. Thus, they use two heuristics of choice. The first one preferably selects
the nodes with the highest saturation degree. The saturation degree of a vertex is
the number of different colors used in the neighborhood of this vertex. The second
heuristic tries to maximize the size of stables. When a vertex is selected and that its
color is assigned, the method selects other nodes to maximize the size of the current
stable.

The choice of colors is conditioned by the already proposed solutions. Thus, the
probability of choosing a given color (of a stable) for a vertex is inversely proportional
to the chromatic number of the previous solutions, where the concerned vertex was
assigned this color.

ANTCOL being an algorithm that calculates an exact coloring, the produced
solutions respect the coloring constraints (no neighbors of the same color). Other
authors are interested in a less rigid version of the coloring problem. Thus, the
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authors of [SHA 01] proposed an algorithm whose goal is not to build solutions, but
to improve iteratively a not valid solution, until it becomes valid.

We refer readers to Chapter 11 for more detailed explanations.

3.2.2. Scheduling problems

Scheduling problems consist of organizing the execution of a set of tasks on a set
of resources. Tasks have durations and precedence constraints between them. The
goal in these problems is often to minimize the date when the execution of all tasks
ends.

The job-shop problem arises when several parts need to be manufactured on
several machines in a given order. The goal is to find a sequence that minimizes
the total duration of production. In [ZWA 99], the authors applied the AS algorithm
by proposing to model the problem with a graph. If n is the number of tasks and m the
number of machines, the matrix T(n×m) represents, for each task, its order of use
of machines. The elements of the matrix correspond to the nodes of the graph. The
nodes are connected to form a complete graph. Then ants build paths in this graph that
correspond to sequences. A tabu list of the nodes already visited, as well as a list of
available nodes, is maintained to ensure the production of feasible solutions.

The weighted tardiness problem, within the context of single path workshops,
concerns the definition of the execution order of tasks on a single machine, so that
the sum of the weighted durations of tasks is minimized. In [BES 00], the authors
addressed this problem using ACS.

Many other scheduling problems have been dealt with using ant algorithms, such
as in the case of a bi-criteria problem, in a workshop of the flowshop kind [T’K 02]:
ants are used to optimize a criterion (the sum of delays), whereas a deterministic
algorithm (Johnson) is used to keep only the optimal solutions for the criterion Cmax
(total completion time).

3.2.3. Partitioning problems

In general, set problems are problems that involve the selection of one or several
subsets from an initial set to optimize an evaluation function. Choosing an element of
the set has a consequence on the others, so there are dependency relationships between
elements.
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3.2.3.1. The knapsack problem

This set problem consists of selecting objects with a weight p and a value v.
The goal is to maximize the total value of the selected subset, while considering
a constraint on the total weight not to exceed. This problem is similar to filling a
knapsack with items. These have a weight and a value, and the total weight that can
be put in the knapsack is limited. The items o that may be selected are numbered
from 1 to n. A selection of items can be coded as a binary vector. Thus, the item
oi equals 1 if it is selected and 0 otherwise. The total value of a selection, which is
to maximize, equals V = ∑n

i=1 oi.vi. This value is constrained by the weight of the
selection P = ∑n

i=1 oi.pi, which must not exceed the capacity Pc of the knapsack.

The problem can be generalized to several constraints. If we consider m constraints
per item, the weight of an item oi becomes Pi = ∑m

j=1 p j
i . Therefore, the problem can

be formulated as follows:

maximization of
n

∑
i=1

oi.vi

under the constraint of
n

∑
i=1

m

∑
j=1

oi.p
j
i

[3.14]

The first contribution concerning ants for the knapsack problem is the one of
Bilchev [BIL 96]. That of Leguizamon and Michalewicz [LEG 99] mimics AS with
the TSP. The main difference with the TSP is that, in this case, the number of elements
(cities) to select is constant. All cities must be selected and only the selection order
counts. In the knapsack problem, the number of elements is variable and the selection
order does not matter. In AS, for the TSP, the concept of cycle is important. After
selecting all the elements, an evaluation of the solutions, as well as strengthening of
pheromone tracks, is done. To stick to the behavior of AS, the authors proposed a
concept of cycle with a number of iterations fixed in parameter. After this number
of iterations, each ant evaluates its solution. A solution is an iterative filling of a
knapsack. Choosing items depends on pheromones deposited on the items, and on
the local search heuristic that outputs desirability of an item, according to the profit
it generates and the costs it causes. The main innovation consists of making the
pheromone deposit on the graph vertices that represent items, rather than on links,
as it is done with the TSP.

3.2.3.2. The problem of maximum independent set

The problem of maximum independent set consists, in graph G= (V,E), of finding
the maximum subset of V , such that two vertices of this set are not connected by an
edge in the graph. Let V ∗ ⊂V , ∀u,v∈V ∗,(u,v) /∈E et |V ∗| is maximum. The previous
authors for the knapsack problem proposed the same adaptation of AS [LEG 01]. For
this new problem, only the local search heuristic is different.
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3.2.3.3. Maximum clique in a graph

A clique in a graph is a subset of vertices, all connected to one another. A clique is
therefore a complete subgraph of the graph considered. The problem of the maximum
clique consists of finding the largest complete subgraph in a graph. In addition, the
cardinal number of this subgraph corresponds to the chromatic number seen above.

In [FEN 03], Fenet and Solnon proposed Ant-Clique, an algorithm derived from
MAX–MIN AS, which builds cliques iteratively. Each ant of the colony builds a clique
that is evaluated, and the largest clique constructed is strengthened. The originality
of this approach is that no local heuristic is used to construct the cliques; only
the pheromone tracks influence ants for the selection of vertices. Thus, initializing
pheromone tracks is crucial. The authors proposed two initialization methods. First,
they take up one of the methods of MAX–MIN AS, which initializes edges with the
maximum amount of pheromone, to ensure a maximum spreading of exploration. The
other solution is to initialize edges using cliques obtained during the first sampling of
the search space.

3.3. The multiobjective problems, dynamics and uncertainty

The large families of problems presented in the previous section show algorithms
applied to general problems, with clearly defined constraints. This section focuses
on concrete problems often subjected to several constraints that cannot always be
formulated easily.

For example, take the routing of vehicles presented later. This problem can
be solved by a process built in a centralized way that seeks to optimize a solution
according to a constraint (minimize delays for example), while knowing the different
constraints (route duration and types of demands). In reality, such a routing service
encounters other problems. Indeed, it is often relevant to take into account several
objectives to optimize (load distribution between vehicles, minimizing the tour time,
and minimizing the number of vehicles). Then, the environment in which vehicles
move is naturally distributed, and local constraints (congestion), unpredictable and
invisible in a comprehensive way, can locally question the solution and force a local
decision (at vehicle level). Finally, random or poorly defined demands can question
static optimization functions.

This example conceals many non-trivial constraints, difficult to model and deal
with. The concept of multiple constraints leads us to multiobjective optimization. The
random nature of some demands introduces the concept of uncertainty in the model.
Finally, the environment changing locally in an unpredictable way is distributed and
dynamic. In this context, global optimization using an objective function seems
difficult to implement. These constraints are studied later.
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3.3.1. Multiobjective problems

Multiobjective problems [ANG 09] characterize problems where several
constraints must be taken into account when constructing a solution. The existence
of several constraints implies that not all solutions can be compared on the basis of
a simple objective function. Indeed, it is possible that a solution is more effective
than another one for some objectives, but not for others. A partial order relation
is then defined between the solutions of such a problem. This relationship defines
the concept of dominance. A solution dominates another if it improves at least one
objective, without deteriorating the others.

Two main approaches exist. A general method is to reformulate the multiobjective
problem to transform it into a single objective problem. A function that weighs the
different objectives is then created and used to evaluate the solutions produced. The
other approach is to optimize all objectives independently, by constructing a set of
solutions meeting the constraints of dominance; it is a Pareto set or front.

3.3.1.1. The vehicle routing problem (VRP)

The first contribution is the result of the work of Gambardella et al. [GAM 99b]
for the VRP with time windows. In this problem, a depot contains vehicles, as well
as resources that must be distributed to customers, thanks to vehicles. The problem
is to define tours for the vehicles that optimize several criteria and respect certain
constraints, such as vehicle capacity or number. Among the criteria, there is the
minimization of the number of vehicles (or the number of tours), the minimization
of the total travel time, or the minimization of delivery times.

In [GAM 99b], the authors proposed an ant algorithm (called MACS-VRPTW)
that optimizes two criteria: the number of vehicles and the total travel time. The
construction is iterative and two different ant colonies are used, one for each criterion.
The authors used the same mechanisms as AS in each colony. The two colonies
therefore use different pheromone matrices but share the same global best solution
for updates of pheromone tracks. In an iterative way, solutions are generated and
improved. For the colony responsible for optimizing the number of vehicles, each
iteration reduces the maximum number of vehicles used. The second colony tries to
improve the paths found by the previous colony by reducing the total travel time.
Nevertheless, this method is not really a multiobjective approach because, in this
mechanism, it is the first optimization (the number of vehicles) that guides the search.
This criterion is the first to be optimized, then the other, depending on the solutions of
the previous one.

In [BAR 03], the authors proposed an improvement of MACS-VRPTW, which
seeks to optimize three criteria independently. These criteria are the minimization of
the number of vehicles (F1), of the total travel time (F2), and of delivery times (F3).
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A single colony is used and the criteria F2 and F3 are considered in the choice formula
of the next vertex. The number of vehicles is modeled by artificially multiplying the
number of vertices corresponding to depots. The mechanism is truly multiobjective,
even if the criterion F1 is fixed from initialization and can be changed only by resetting
the colony and by removing from the graph a vertex corresponding to a vehicle in the
problem.

3.3.1.2. The problem of selection of financial portfolio

The problem of financial portfolio consists of selecting a subset of projects to
constitute a portfolio of investment. Several constraints must be respected and several
objectives are considered. In [DOE 01, DOE 04], the authors proposed to use an
adaptation of ACS to build solutions in the form of Pareto fronts, with K criteria for
this problem.

The modeling of the problem differs from TSP for ACS because, in the portfolio
problem, the number of selected projects is not known a priori whereas in the TSP,
the number of cities to visit is constant. To adapt the ant algorithm to the problem, a
random choice of the number of projects to select is made at each cycle for each ant.
Similarly, the relative importance χ given to K criteria is defined for each of them. The
algorithm is relatively similar to ACS, apart from the use of K pheromone matrices
(one for each criterion), and the distribution of choice probability of the next vertex,
which changes according to equation [3.15]:

P(Ψ) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

[
K

∑
k=1

χ · k ·
(

∑
j∈Ψ

πk
i j

)]α

· [ηi(Ψ)]β

∑
h∈Ω

([
K

∑
k=1

χ · k ·
(

∑
j∈Ψ

πk
i j

)]α

· [ηi(Ψ)]β
) if i ∈ Ω

0 otherwise

[3.15]

with Ψ as the solution in production, α and β parameters that relativize the importance
of pheromone tracks in relation to visibility, and Ω the set of available vertices (not
yet selected).

3.3.2. Uncertainty and dynamics

So far, the problems considered in this chapter are characterized by search spaces
where the information necessary to construct a solution is well identified and is not
changed during this construction.

A problem is called dynamic when one of the data of the problem changes during
processing. The data can be the values associated with edges of the graph explored
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by ants, such as the alteration of the distance between two cities in the TSP or the
importance of a vertex.

However, on the graphs representing the search space, dynamics can also be
made on the presence or absence of vertices and edges themselves, that is changes
in topology of the graph. In a transportation problem, if a road is closed because
of repair work, the edge that represents it is impassable and therefore can disappear
until the end of the work. One can definitely consider such problems as occurring
on complete graphs containing all vertices and arcs that can appear, on which we vary
values that are set at 0, for example, to express the fact that the vertex or the arc cannot
be exploited.

In many cases, dynamics on a graph can be considered as cutting out a sequence of
static graphs describing each change in the graph. The algorithm applying to a static
graph can then be carried out on each of the instances of the graph family. However,
with such an approach, we must not lose sight of the fact that optimizing solutions
on each of the graphs of the sequence does not amount to optimize the complete
solution on the sequence, as the authors reminded in [MON 03]. However, we often
do not know the future evolution of the system. A “greedy” approach of sequence
optimization of static problems is often retained.

If the data change after obtaining a first solution, we can possibly restart from the
previous calculation to find a new solution. We speak then about “reoptimization.” It
is often the approach used with the sequences of static problems.

If the data of the problem change during the calculation of the solution or if we do
not want to apply static methods on sequences of graphs static themselves, we must
see to it that the algorithm is sufficiently strong to adapt, by reusing the treatments
already performed. Then we speak about adaptive algorithms.

Certainly, the ability of the algorithm to restart after a change, or to be carried out
despite constant changes, is a function of the number and importance of these changes.

Ant algorithms are generally well indicated for this kind of situation. Indeed,
the solution is largely stored in the calculation environment: the graph. It is then
possible to reuse what has not changed, in other words to retain all or a part of the
pheromone matrix, and recalculate a new solution from this partial solution, and this
for reoptimization or for a completely adaptive algorithm.

This is made easier in some cases by the fact that pheromones evaporate and that a
solution no longer maintained by ants eventually disappears, a mechanism particularly
suited to dynamics.

Several variants of the AS algorithm have been presented to adapt to dynamic
problems, most often tested on the dynamic TSP (D-TSP) or on routing problems in
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telecommunication networks or on VRP that are practical cases where we easily find
dynamics.

We begin the next three sections by describing classes of problems with dynamic
features, then in the following sections the various solutions are proposed.

3.3.2.1. The D-TSP

The D-TSP, or dynamic problem of the traveling salesman, is an alteration of
the traditional problem where route times may evolve when the search algorithm of
a solution is carried out. Some versions of the problem also take into account the
fact that a city is added or removed from the problem, or that some roads disappear
or appear. In terms of graphs, we must distinguish the case where only changes in
route times are taken into account and the case where cities and roads appear and
disappear. In the first case, dynamics of the problem lies in the change in value of
weights of graph edges. In the second case, dynamics is structural, the graph modeling
the problem sees its number of edges and vertices change during the execution of
the algorithm. The difference between these two cases is important because, in the
first one, all the generated solutions are comparable among them whereas in the
second case, a solution generated in a structural configuration of the graph cannot
be compared with a solution built in another configuration.

3.3.2.2. The Dynamic VRP (D-VRP)

We speak about D-VRP, when delivery or collection orders can happen while
vehicles are already on their way.

We consider two applications: collection, where vehicles leave empty and must
collect goods (and thus can easily change their path) and the distribution systems,
where vehicles are loaded and can change their distribution path to a limited extent.

Here, dynamics does not change the graph representing the problem (the circuit of
roads that can be used by ants) but the way in which solutions can be challenged by
new crossing constraints with customers.

3.3.2.3. Dynamic routing in telecommunication networks

Routing deals with bringing information as quickly as possible through a
communication network.

The best known algorithm in this area is AntNet [DIC 98], but we also previously
presented the ABC method, in the case of commuted networks [SCH 97].

Here, dynamics is on failures or possible dysfunctions, as well as the load changes
of communication links. When a link or a network router breaks down and becomes
defective, the graph is modified. Moreover, in an implicit way in these problems, the
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load of each link can vary depending on traffic, we have already shown some balancing
techniques of the load.

The ABC approach uses the decentralized nature of individuals to disperse ants in
a real decentralized communication network. One of the rarely used features is the
ability of ant colonies to adapt to changes in their environment. Indeed, even after the
construction of a path, ants are able, to some extent, to improve or modify this path if
the environmental conditions dictate it. It is therefore possible to use ant algorithms
for problems modeled by evolving environments, that is whose information changes
during the execution of the algorithm.

3.3.2.4. Approaches around the D-TSP: changes in the pheromone matrix

In [EYC 02], the authors are interested in the first version of the problem where
only route times are modified. They addressed the problem of congestions occurring
on roads that are too crowded by increasing route times. Their proposition takes up the
ACS algorithm, adding a smoothing mechanism of pheromone tracks, named shaking.
This mechanism is applied, in a localized way, around congested roads and deals with
the nearby roads. The idea is to reduce the attraction of congested roads, as well as of
roads that lead to them, without nullifying the effect of pheromones.

Similarly, the approach proposed by Guntsch and Middendorf [GUN 01] addresses
dynamics on the adding or removing of city nodes in the graph and consists also in
changing the pheromone matrix when a change occurs in the graph of the problem.
This change in pheromones can be total, it is the shake strategy, or local to the location
in the graph where the change occurred. For this second technique, two approaches
are proposed.

The authors underline a major problem with this approach that consists of changing
enough the pheromone values for the algorithm to restart and find one or several new
solutions. This is done, while retaining enough old values, to make this search faster
than the complete restart of the algorithm.

The proposed algorithm follows the general approach of ACO. However, as soon
as a change is made on the graph, the pheromones associated with the arcs are altered.
This way of doing it has already been proposed by Gambardella et al. [GAM 99a], by
resetting all pheromones at their default values, or by Stutzle and Hoos [STU 00], by
incrementing all pheromones in proportion to their differences with the highest value.

Here, the different strategies are based on redistribution, for each node i, with a
reset-value γi ∈ [0,1], which is distributed on the arcs connected to this node, thus,

τi j = (1− γi)τi j + γi
1

n−1
[3.16]
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The newly inserted nodes, locations of the modification, have a default value
γi = 1.

The first strategy proposes to change all arcs, fixing γi to a constant in the interval
[0,1], and thus allowing the algorithm to restart, while partly retaining old solutions.
It is a process of shaking the graph.

The other two strategies propose to make the change in a localized way, around
the modified part of the graph.

The first one, called η-strategy, specifies γi for each city/node i proportionally to
its distance from the point of change in the graph, using as distance dη

i j the values of η :

dη
i j = 1− ηavg

γE ·ηi j
[3.17]

with ηavg = 1/n(n−1)∑n
i=1 ∑k =i ηik, the parameter γE ∈ [0, inf[ allowing us to

proportion the distance “cone.”

The second one, called τ-strategy, does the same, but uses heuristics τ as distance.
The distance dτ

i j is the maximum on all the paths Pik between the nodes i and k of
the product of pheromones on the arcs of Pik. In addition, the pheromone values are
aligned to [0,1], using the maximum value of pheromones τmax:

dτ
i j = max

Pik
∏

(x,y)∈Pik

τxy

τmax
[3.18]

3.3.2.5. Approaches around the D-TSP: changes in the pheromone matrix
and Elitist Ant

The previous authors then added, in [GUN 01], to the alteration process of phero-
mones, described in the previous section, the use of an “Elitist Ant” that tries to
preserve the best solution, even in the presence of changes in the graph that could
invalidate it.

Instead of invalidating an elected ant, to do this, because the path it uses can no
longer be used and because of a change in the graph, updating techniques of its path
are used:

– When nodes participating in the path of the ant have been removed, the
successors and predecessors are reconnected in the path.

– When nodes participating in the path of the ant have been added, they are inserted
in this path in the position that generates the slightest increase in the path length.

Thus, avoiding losing one of the best solutions, partly retaining it with a close
solution rebuilt. This allows faster subsequent convergence toward an optimal
solution.
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3.3.2.6. Approaches around the D-TSP: approach by population of solutions

This technique, by the same authors, proposes to mix an approach dealing with
genetic algorithms, with the approach of ants in [GUN 02]. For this, a population of
good solutions is maintained.

Instead of retaining pheromones, at the end of each stage, the pheromone matrix
is again deduced from this population of good solutions.

As such, this approach takes up the behavior of the elitist ant proposed earlier.
Now, it is a question of changing the population of good solutions, in the case where
a change occurs in the problem.

The approach changes from the usual ACO at the evaporation stage. In the
standard ACO algorithm, in each stage, ants iteratively cross the graph, until reaching
the destination. Then, pheromones are deposited according to the solutions found.
Here, the pheromone matrix is updated differently, and the evaporation stage does not
occur. Thus,

– when a new solution appears, pheromone is added on the path:

∀i ∈ [1,n] : τiπ(i) → τiπ(i) +Δ [3.19]

– when it disappears, pheromone is removed from the path:

∀i ∈ [1,n] : τiσ(i) → τiσ(i)−Δ [3.20]

As described earlier, when a change occurs in the graph, it is necessary to change
the population of solutions. In the algorithm proposed here, the city nodes that have
disappeared are withdrawn, then new nodes are inserted in a greedy way in positions
that increase the size of lesser paths.

This algorithm does not only keep an elected ant but also a population of solutions.
This population can be managed according to different strategies.

A first stage aims to create a population of initial solutions during a given period.
The best solutions during k stages are inserted in the population (with k the desired
size of the population).

Then several strategies are possible:
– Based on age: the oldest solution leaves the population and the best at current

iteration enters,
– Based on quality: the best solution of the current iteration is added. The worst

solution of the population is removed. However, this can produce problems with a
convergence that is sometimes too fast (local optimum),
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– Based on probabilistic quality: withdrawal is probabilistic,
– Mixture of probabilistic and by age strategies.

3.3.2.7. Approaches around routing in networks

AntNet [DIC 98] and AntHocNet [DIC 05] by Di Caro et al. are related to ACO;
nevertheless, they are very close to ABC by their distributed functioning and their
adaptation to dynamics. AntNet is a routing algorithm for infrastructure networks,
such as the Internet. Regarding AntHocNet, it is a hybrid routing protocol for wireless
and mobile ad hoc networks.

3.3.2.8. Approaches around the D-VRP

Montemanni et al. [MON 03] also proposes an algorithm taking into account
dynamics for D-VRP. Here, as noted earlier, dynamics corresponds to the development
of a routing for a set of vehicles, then the handling of new routing orders while
vehicles are moving. The principle relies on the use of the ACS algorithm to solve
static VRP and a transfer mechanism of good solutions from a solved VRP to another,
representing the alteration of the problem. The idea is to reuse the calculations of
a VRP to initialize the calculations of another VRP on a problem that has slightly
changed, which we can hope has similar solutions.

The system described consists of three main parts:
– An optimization system using ACS, responsible for dealing with static VRP;
– An event manager, responsible for managing the arrival of orders and their

distribution, in order not to overload the static ACS;
– A process of transition of pheromone matrices from a static VRP to another,

responsible for deriving the results of the first one if a change occurs.

The event manager accepts orders from the beginning of the day to a given time.
All orders arriving later are transferred to the next day. When such orders remain
at the beginning of a day, a special stage of optimization is conducted only on those
orders, then the new orders are dealt with.

The manager works with periods of time, thus avoiding interrupting the ACS in
the middle of a calculation. At the end of each period of time, the best solutions are
used and roads are sent to vehicles.

The ACS algorithm used to optimize each of the VRP partly reuses the
multiobjective algorithm described in [GAM 99b].

Finally, the reuse process of the pheromone matrix is realized as follows. The
idea is that between two static instances of the problem, there are probably important
similarities, and that it is better to start again with the solution to the previous problem,
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than starting from scratch. The idea is taken, again, from [GUN 01]. On each arc, in
the new problem, a part of pheromone information of the corresponding arc in the
previous problem (if there is any) is retained:

τi j = (1− γr)τold
i j + γrτ0 [3.21]

where τold
i j is the pheromone value of the previous problem. The parameter γr is used

to manage this redistribution of pheromones. For the new arcs, the initial value τ0 is
used.

3.3.2.9. Another approach

In [CAR 06], the authors presented an algorithm called AntCO2, for the dynamic
and adaptive distribution of applications shared out on grids or on clusters of
heterogeneous machines. This approach is an application of techniques developed
in Chapter 17.

The distributed applications are viewed as consisting of possibly migrant entities,
each communicating with others. The main idea is that a distribution of these entities
on the various machines available should try to share out, as equitably as possible, the
load of entities (and this, by taking into account the heterogeneity of those machines),
and at the same time try to limit to the maximum network load induced by the
communications between entities.

To do this, the entities that communicate a lot among themselves must be placed
together on the same machine, so not to use or overload networks between machines,
but at the same time to avoid overloading machines by running too many entities.

Both distribution criteria are contradictory and a compromise must be determined.

The approach is dynamic, in the sense that entities can appear or disappear at any
time. Moreover, communications between entities also vary, in intensity and number
over time, so that a group of entities in very high interaction at a given time may very
well not interact anymore at another time. This may possibly change the distribution.

The problem is modeled by a dynamic graph, where entities are represented
by nodes and communications by arcs weighed by the intensity of communication.
This graph is dynamic, because adding, changing, or removing an entity or a
communication is reflected by adding, changing, or removing the corresponding node
or arc.

The problem therefore evolves over time, as does the graph that we use G(t) =
{E(t),V (t)} hence the parameter t representing time.

Here, it is not a matter of building paths between two points, but of finding clusters
of entities within the graph, which are strongly interacting. Thus, the groups of entities
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in strong communication can be identified and placed on the same machine. This is
achieved, thanks to artificial ants that collaborate within the colony to colonize the
areas of high interaction, and that compete at the colony level, to appropriate an area
or another. This problem can therefore be linked to a dynamic partitioning problem.

From that viewpoint, this problem follows from the problems of detecting
communities or organizations that will be studied in Chapter 17 adding the problems
of load distribution characteristic of the distribution of applications.

This problem being largely described in Chapter 17, we only give a brief
description here. The principle lies on marking, in the environment represented by
the graph of strongly interacting areas, by ant pheromones. The behavior of ants
therefore aims to favor their attraction in areas of strong interaction. Here, the interest
of the ant approach lies in the fact that pheromones evaporate and therefore must be
maintained by ants.

Areas of strong interaction in the graph are colonized and pheromones are
deposited. However if the entities making up this organization stop communicating,
ants will not maintain the area anymore, pheromones will evaporate, and thus the area
will no longer be detected as an organization. In this way, it is possible to follow
the dynamics of each organization within the graph representing the application to
distribute.

Each ant colony is identified by a color, and the deposited pheromones are also
colored. Thus, it is easy to identify organizations as connex sets of graph nodes
uniformly colored by a given colony.

3.4. Conclusion

Ant algorithms have shown their ability to successfully deal with a very large set of
traditional optimization problems characterized by reliable and constant information
[SOL 10]. In most cases, solving these problems helps in minimizing the cost
function.

When dynamics, uncertainty, or the lack of global vision are at the core of the
problem definition, some works with a basis similar to ABC have been proposed in
the past few years.

The majority of these works are based on a decentralized approach with no global
cost function and the proposed methods are able to adapt to changes that occur during
resolution.
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Chapter 4

Artificial Ants for Continuous Optimization

Metaheuristics, especially those using artificial ants, were most often designed for
solving combinatorial problems (see Chapters 2 and 3). However, there is a type of
optimization problem frequently encountered in engineering, where some decision
variables, if not all of them, are continuous. In such cases, the use of metaheuristics
may be convenient if the problem is “hard”: non-differentiable objective function,
multiple local minima, many dimensions, non-convexity, etc.

Evolutionary methods were developed at a large extent for this type of search
space (see [LER 07]) and several approaches were proposed in the literature to design
or to adapt the ant colony algorithms to the continuous domain. Besides the usual
difficulties inherent in adapting a discrete metaheuristic, this operation raises specific
problems. Thus, the main obstacle arises if one wants to get closer to the original
ant colony optimization (ACO) formalism of ant colonies, with a construction of
the solution component by component. Indeed a continuous problem may show,
according to the retained approach, a multitude of components, making delicate such a
construction. Therefore, most continuous ant colony algorithms (CACO) are inspired
from self-organization and external memory characteristics of ant colonies, leaving
aside the iterative construction of the solution. However, there are also more recent
approaches that exploit the probabilistic feature of ACO formalism.

We present in this chapter an introductory description of the main ant colony
algorithms which have been proposed in the literature for continuous optimization.
To structure the presentation, we grouped these algorithms into four families.

Chapter written by Patrick SIARRY, Johann DRÉO and Nicolas MONMARCHÉ.



74 Artificial Ants

We first describe the algorithms that are based on a direct modeling of ants’
behavior: the CACO algorithm by G. Bilchev et al. built by hybridizing an ant colony
approach and an evolutionary algorithm; the API algorithm by N. Monmarché et al.,
inspired by the behavior of a primitive ant, and the continuous interacting ant colony
(CIAC) and hybrid continuous interacting ant colony (HCIAC) algorithms by J. Dréo
and P. Siarry.

The second family is devoted to algorithms exploiting a discretization of real
numbers under the form of binary strings: a first version of adaptation of ACO to
the continuous case, using the same formalism as the first estimation of distribution
algorithms (EACs) by N. Monmarché et al.; then the adaptive ant colony (AAC)
algorithm by Y.J. Li and T.J. Wu, and binary ant system (BAS) by M. Kong and
P. Tian. Finally, we introduce API-HMM.

Then we present algorithms based on a probabilistic sampling: first ACO-continu-
ous algorithm by K. Socha and M. Dorigo; similarly the CACS algorithm by
S. Pourtakdoust and H. Nobahari; then ACOR variant by K. Socha and M. Dorigo;
multivariate ant colony for continuous optimization (MACACO) algorithm by
F. Franca et al.; aggregation pheromone system (APS) by S. Tsutsui; Direct ACO,
by M. Kong and P. Tian; and charged ant colony for dynamic optimization (CANDO)
algorithm by W. Tfaili and P. Siarry.

Finally, we describe some “hybrid methods,” which combine an ant colony
algorithm with another optimization algorithm: a hybrid algorithm with an
evolutionary algorithm developed by C. Ling et al.; ACO-Levenberg–Marquardt
(ACO-LM) by C. Blum and K. Socha, exploiting the descent method by Levenberg–
Marquardt; improved ACO by L. Chen et al. using a genetic algorithm; continuous
orthogonal ant colony of J. Zhang et al., which involves an “orthogonal design”
approach; particle swarm ant colony optimization (PSACO) by P. Shelokar et al. using
a particle swarm optimization algorithm; and immunity-based ACO of Y. Feng and
Z. Feng, which is a variant of immune algorithm.

Thus we will obtain an overview of various approaches dealing with continuous
spaces explored by artificial ants.

4.1. Direct modeling of ants’ behavior

4.1.1. CACO algorithm

The first ant colony algorithm in continuous variables, which was naturally called
CACO (continuous ant colony algorithm) [BIL 95], uses two successive approaches:
first, a standard evolutionary algorithm determines, through selections and crossovers,
areas of interest; then these regions are explored and evaluated by artificial ants.
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An ant selects a region with a probability proportional to the pheromone
concentration in this region, in the same manner as in the AS algorithm, an ant selects
a path going from one city to another city:

pi(t) =
τα

i (t) ·ηβ
i (t)

∑N
j=1 τα

j (t) ·ηβ
j (t)

[4.1]

where N is the number of regions, τi(t) is the amount of pheromone associated
with a region, ηβ

i (t) is used to incorporate a specific heuristic to the problem, and
traditionally α and β are two parameters used to adjust the relative importance of τ
and η .

Then each ant leaves the center of the region and moves in a randomly chosen
direction, as long as it observes an improvement in the objective function. The move
step between two successive evaluations is

δ r(t,R) = R ·
(

1−u(1−
t
T )c

)
[4.2]

where R is the diameter of the explored region, u ∈ [0,1] is a random number, t is the
number of the iteration, T is the total number of iterations of the algorithm, and c is
a parameter allowing us to reduce the step after each iteration (effect similar to the
temperature of simulated annealing).

If the ant finds a better solution, the region is moved so that its center
coincides with this solution and the amount of pheromone in the region is increased
proportionally to the improvement found. Evaporation of pheromones is performed
typically at a rate ρ .

One of the difficulties of the method may stem from the fact that an abandoned
region, following the depletion of food in the area, may subsequently be re-explored
by an ant, without taking into account the concept of lack of food. This feature,
memorization of success and not failure, is found in other methods based on ants for
problems in continuous variables.

Improvements to this algorithm have been made by Wodrich and Bilchev
[WOD 97]. Thus, regardless of the action of “local ants,” described above, the
algorithm implements “global ants,” responsible for exploring the search space
(Figure 4.1): this time the goal is to replace unattractive regions by new areas which
have not been visited before. To this end, each region is assigned an age, which
increases if it brings no improvement in the objective function. Parameter t, which
plays on the step δ r(t,R) of ant movement, is now the age of the explored region.

A new design of the algorithm was then proposed by other authors [MAT 00] to
more closely link CACO to the paradigm of ant colonies, while abandoning ideas from
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evolutionary algorithms. The authors have thus introduced the concept of “diffusion”
to decide on the creation of new regions.

(a) (b)

Figure 4.1. CACO algorithm: global ants (a) contribute to the movement of regions which
local ants (b) evaluate

4.1.2. API algorithm

In many ant algorithms, the process of exchanging information is a process of
indirect communication by pheromone trails. However, there is an algorithm adapted
to the continuous case that does not use this mode of communication: the API
algorithm [MON 00c], based on the behavior of primitive (which does not mean
inadequate) ants of Pachycondyla apicalis species.

The API algorithm is a metaheuristic, in the sense that it is not attached to
a particular type of search space and it can be adapted to many problems of a
very different nature. Historically, it has been evaluated on problems in continuous
variables and it is still on this kind of space that it has demonstrated an interest (see
Chapter 12 related to the learning of hidden Markov models). For illustrating its
genericity, it has been used for combinatorial problems, such as the traveling salesman
problem [MON 00a], or more recently, it has been adapted to the unsupervised
classification problem [ANT 08].

The main characteristic of ants that was retained is their ability to memorize
hunting sites that are profitable to them and systematically use this information
to try to capture new preys, to carry them back to the nest. Other features of
ants of Pachycondyla apicalis species have also been introduced in the algorithmic
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implementation: for example, the ability of ants to recruit fellows one by one (tandem
recruitment) to indicate them the new nest location, and a variability of the movement
amplitude, depending on the age of the ant (the youngest go little away from the nest).

The search space of the considered problem is therefore explored by the API
algorithm, through successive local explorations involving solutions stored by each
ant: as in nature, an ant specializes in an area of the search space the more easily it
can find a prey at each exit from the nest (Figure 4.2). In the context of optimization,
the discovery of prey by an ant corresponds with finding a better solution in the sense
of the objective function. The overall strategy of the algorithm is quite simple: as long
as ants enhance their solution, they continue to explore the same areas. In the case
of stagnation of its search, the ant loses patience and elaborates a new hunting site
to explore. The simplicity of the strategy allows us to achieve a degree of robustness
when addressing a new type of search space. This robustness has been particularly
improved when changes in the parameters of ants have been introduced: this may
correspond to ants of different ages.

Figure 4.2. The API algorithm: a multi-start method, inspired by a species of primitive ant.
Ants (solid circles) explore hunting sites (small squares) in a distance (large circle) around the

nest. The nest is placed on the best point, at the time of the reset (arrow in bold)

As is common in nature, the nest, which is a central point in the exploration
strategy of the search space, is shifted, thus causing a reset of the exploration by
the colony. Finally, tandem recruitment may consist of the exchange of information
between ants when they are in the nest. This corresponds to an intensification of the
explorations around some hunting sites.

We can summarize the design and adaptation effort of API for a particular problem
to the design of two operators:

– An operator of solution generation (for example, to determine the initial position
of the nest). This operator, denoted by Oinit, is often a uniform random selection.
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– An operator of exploration around a hunting site. The exploration of a solution
often consists of a random search in a neighborhood of this solution. This operator is
denoted by Oexplo. For example, in the case of real values, a new value is generated
according to a Gaussian probability density centered on the former value, and standard
deviation is used as a parameter of exploration amplitude.

To conclude, the main advantage of this algorithm (see Algorithm 4.1) lies in the
simplicity of its implementation: it is asynchronous, adaptable to different types of
search space, easy to hybridize with a dedicated heuristic, and fairly robust after all.
Its drawbacks are fairly classical: the number of parameters to fix may be important, if
we do not take care of making adaptive those that can be so, and some search spaces,
even if they can be explored by API, are not conducive to obtain results competitive
with dedicated methods.

1: Initialization : position the nest with operator Oinit
2: while the terminating condition is not satisfied do

3: for each ant fi, in parallel do

4: if fi has not enough sites in memory then

5: create a site for fi with operator Oexplo and amplitude Ai
site

6: else

7: if the last exit from the nest was fruitful then

8: fi explores the last site visited with operator Oexplo and amplitude Ai
local

9: else

10: fi chooses a site in its memory and explores it with operator Oexplo and
amplitude Ai

local
11: end if

12: if the exploration was fruitful then

13: fi memorizes the new place of the site
14: else

15: if the site was unsuccessfully explored too many times then

16: fi forgets the site
17: end if

18: end if

19: end if

20: end for

21: Recruitment : possibly, a tandem recruitment between ants is organized
(diffusion of promising sites)

22: Restarting : regularly, the nest is moved on the best solution found until now.
Ants forget their sites and start again from the new place.

23: end while

24: return s+, the best found solution

Algorithm 4.1: API algorithm
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Figure 4.3. A communication channel structures the features of information transmission:
scope, memory, and integrity

There are extensions, for example, introducing the tabu method [HO 06], while
taking into account the characteristics of the objective function [SIU 08]. Also,
API has been used in conjunction with the AS algorithm [LUH 08] for optimizing
supporting structures (such as frameworks). In this last case, API has been used for the
optimization of real values, while AS has first been used for determining the topology
of the structure (Figure 4.3).

4.1.3. CIAC and HCIAC algorithms

Another algorithm, focusing on the principles of communication within ant colo-
nies, proposes not to limit the information exchanges to stigmergetic processes
(indirect communication via the pheromone deposited in the environment), but to also
take into account the direct exchanges of information between individuals two by two
(heterarchical approach, observed in real ants) [DRÉ 04].

A formalization of the information exchanges is proposed via the concept of
“communication channels.” We can describe these channels by examining the features
of information transport. Regarding metaheuristics, there are three main features (see
Figure 4.3):

– “Scope”: is the number of individuals involved in the exchange of information.
Information can thus be issued by an individual and perceived by several others, and
vice versa.

– “Memory”: characterizes the persistence of information in the system.
Information can stay a certain amount of time, or be only temporary.

– “Integrity”: is relative to changes caused by the use of the communication
channel. Information may change over time or be biased during transmission.

Furthermore, information passing through a communication channel can be any
information of interest, for example, value or position of a point in the search space.

The CIAC algorithm uses two communication channels:
– The stigmergetic canal uses spots of pheromone deposited in the search space,

which are more or less attractive for artificial ants, according to their concentration
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and distance. The information carried by a spot implicitly concerns the position of a
point and explicitly concerns the value of the improvement observed by the ant which
deposited the spot.

– The direct channel is implemented as an exchange of messages between two
individuals. An artificial ant has a stack of messages received and can send messages
to another ant.

Experimenting with CIAC has demonstrated an interesting behavior when both
communication channels are used in synergy: in particular, some ability of the
algorithm to oscillate between phases of intensification and phases of diversification.

However, it turned out that, to make the algorithm competitive, hybridizing it with
the local search technique by J. Nelder and R. Mead was necessary. In addition,
the new algorithm, called HCIAC, uses stochastic decision processes. It operates
stimulus–response type functions, which allow us to define a threshold of choice for
an action. Specifically, it is a sigmoid function:

p(s) =
1

1+ e(−ρ ·s+ρτ̇) [4.3]

which gives the probability p(s) of a decision, according to a stimulus s, depending
on the state of an ant, a threshold τ , and a power ρ (quantifying the “softness” of
the choice). Using this type of function allows us to overcome a delicate parameter
setting, for example, by distributing the thresholds according to a normal distribution
throughout the population. Through this bias, we may also establish a very simple
learning method by varying thresholds.

The HCIAC algorithm is described in Figure 4.4.

Hybridization with a local descent method permits – as often with ant colony
algorithms – to achieve results comparable to those provided by competing
metaheuristics in continuous optimization.

4.2. Algorithms based on binary discretization

In this category, algorithms based on artificial ants are differentiated from the
others by representation and handling of solutions in memory. The search space is
discretized by encoding real numbers as bit strings (for example, by discretizing the
real range such that the binary string is translated into an integer that indicates the
position of the value in the interval). This way of representing the search space has lost
its attractiveness in the field of evolutionary algorithms, especially since knowledge
about the optimization problem is hardly incorporated into the optimization algorithm
that uses this type of representation. Nevertheless, the generality of this encoding can
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Figure 4.4. HCIAC algorithm

suggest fairly simple methods, which are thus easier to understand and compare from
a structural viewpoint (that is to say, not limited to experimental comparisons only).
This approach to the coding of solutions allows us to compare mechanisms issued
from ants with other bio-inspired paradigms [DOE 08].

4.2.1. ACO-canonical algorithm

A first work using a binary representation of real variables has been presented
in [MON 00b]. The “canonical” term was used here in reference to the canonical
genetic algorithm (CGA) proposed by Goldberg [GOL 89], which manipulated binary
strings. But the comparison stops there. The objective of this study was to show the
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similarity of the algorithmic structure of algorithms of ACO type (namely, AS and
ACS) and the first evolutionary methods based on an infinite population (which later
became EDAs). These methods all share a data structure allowing us to estimate the
likelihood of a binary value for each position of the bit string. This string is then used
to provide a real value in the range of study of a function that is to be minimized.
Thus it has been shown that the bit simulated crossover (BSC) and population-based
incremental learning (PBIL) algorithms could be presented in the same algorithmic
pattern as a binary version of ACO (see Algorithm 4.2).

The common notations for the three algorithms used are as follows:
– the function to be optimized is denoted by f and l is the number of bits used to

encode a solution of f ;
– V = (p1, . . . , pl), with pi ∈ [0,1], which represents the probability vector used to

generate points in the search space S = {0,1}l (thus, pi represents the probability of
generating a “1”);

– P = (s1, . . . ,sn), with si ∈ S , which represents the n binary strings that are
generated at each cycle. P can be regarded as the population in the evolutionary
algorithms.

1: Initialization of V = (p1, ..., pl) (in general at (0.5; ...;0.5))
2: while the terminating condition is not satisfied do

3: Generate P = (s1, ...,sn) by using V
4: Evaluate f (s1), ..., f (sn)
5: Update V according to (s1, ...,sn) and f (s1), ..., f (sn)
6: end while

7: return s+, the best found solution

Algorithm 4.2: Algorithm common to algorithms BSC, PBIL, and ACO

To use the ACO formalism, the optimization problem was reformulated as follows:
a graph is constructed, where each vertex corresponds to the position of a bit and the
arcs correspond to the choice of the bit value. Figure 4.5(a) represents the graph
comprising the different vertices an ant must travel to construct a solution. The ant
starts from the first vertex on the left and chooses an arc, either “1” or “0,” to reach the
next vertex. The decision to choose arc “1” or arc “0” follows a probability distribution
that is called track of pheromone in ACO, but that can be reduced to a single value
corresponding to the probability of following arc “1.” Let us denote by 0i and 1i, the
two arcs corresponding to the position i of the bit string. The quantities of pheromone
on each arc are τ0i and τ1i . Both real values can be used to define a single value pi,
the probability of generating a “1”:

pi =
τ1i

τ1i + τ0i

[4.4]
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(a) 1 1 1 1

0 0 0 0
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(b) 1 1 1 1

0 0 0 0
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Figure 4.5. Adaptation of ACO to the binary optimization problem. The choice of l bits is
modeled by the choice of an arc “0” or “1” between l + 1 vertices

The tracks of pheromone are thus equivalent to the vector V introduced earlier.
Figure 4.5(b) illustrates the solution s = 010 . . .00 generated by an ant.

Initially, in ACO, each arc 0i and 1i (i ∈ {1, . . . , l}) has a quantity of pheromone
τ0i and τ1i set at a positive value τ0.

Subsequently, we describe the details of binary versions of AS and ACS.

4.2.2. ASb (BAS) algorithm

According to the update rule of AS, τki (k ∈ {0,1}, i ∈ {1 . . . l}), is amended in
ASb as follows:

τki ← (1−ρ)τki +
n

∑
j=1

Δ j
ki

[4.5]

where ρ ∈ [0,1] is a parameter representing the evaporation of pheromones, and Δ j
ki

corresponds to the quantity of pheromone deposited by ant j on arc ki:

Δ j
ki
=

{
1

1+ f (s j)
if s j(i) = k

0 otherwise
[4.6]

4.2.3. ACSb (binary ant colony system) algorithm

A variant of AS, named ACS, has made significant changes to the update rule.
ACSb uses only the best string (denoted by s++) generated since the beginning of the
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algorithm:

τki ← (1−ρ)τki +ρΔki [4.7]

where

Δki =

{ 1
1+ f (s++)

if s++(i) = k
0 otherwise

[4.8]

ACS introduces a way of controlling the compromise between exploration and
exploitation. 1 For each bit generated for solution i at the generation stage of
Algorithm 4.2:

– diversify, with probability 1−q0: bit j is set to “1,” with the probability p j;
– intensify, with probability q0: bit j takes the following value:

si( j) =
{

1 if pi > 0,5
0 otherwise [4.9]

In addition, ACS uses a local update rule implemented at the stage of population
generation in Algorithm 4.2:

τki ← (1−α)τki +ατ0 if edge ki has been chosen [4.10]

where α ∈ [0,1] is a parameter. This local update is intended to change very slightly
the amount of pheromone on the arc chosen by an ant, to encourage others to explore
the other arcs to prevent all ants from following each other. Thus, if the amount of
pheromone on arc ki exceeds τ0, after the passage of an ant, the amount of pheromone
will have decreased. If the amount τki is less than τ0, equation [4.10] increases
the amount of pheromone. This local update statistically acts the same way as the
mutation of BSC on the components of V . Indeed, if τi0 < τi1 , after the passage of
n ants, τi0 will be increased and τi1 will be decreased, implying that pi will be closer
to 0.5.

The main difference between ant algorithms and the two evolutionary algorithms
is related to the update of the probability distribution after the generation of a
population (for ants, it is called the update of pheromones). Without attempting to
predict performances of each method, it was observed that the dynamics of evolution
of pheromones was significantly different from the dynamics of evolution of the
probability distribution implemented by the two other methods. It was found that
ant pheromones converge fairly quickly, and this is especially true more so for ASb
than for ACSb (which can be explained by the elitist nature of the update in ACSb).

1. We can also talk about intensification and diversification, by analogy with tabu search.
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4.2.4. AAC algorithm

We can first describe the principle of a non-adaptive version of the AAC
algorithm [LI 03]. A candidate solution is a vector of real numbers. Each component
x of this vector is encoded by a string of N bits: {bN ,bN−1, . . . ,b1}, with bi ∈ {0,1}.
Consider, for each number x, the oriented graph linking the possible values 0 and 1 of
each bit of the string (see Figure 4.6).

Figure 4.6. Paths between the bits coding the real number x

Ants move along the string, from the starting position S to the most significant bit,
then back to the less significant bit, choosing between 0 and 1, for each bit. Once the
path is performed, the binary string is converted into an integer B, then a real number
x, assuming xmin and xmax are fixed:

x =
B

2N −1
(xmax − xmin)+ xmin [4.11]

The candidate solution is evaluated, and a certain amount of pheromone is
allocated to the visited edges, which allows us to guide the future course of ants,
according to the classical principle of the AS.

As such, this procedure leads to a chaotic exploration of the search space due
to frequent changes affecting the most significant bits. The authors have attempted
to remedy this problem by proposing an adaptive version, where the probability of
changing the most significant bits decreases when the quality of the solution increases.
This results in lowering the move step in promising areas of the search space.

4.2.5. BAS algorithm

This BAS algorithm, described in [KON 05], is a variant of the previous one.
The main contribution of this work is a formalization of the choice of pheromone
increments.
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4.2.6. API-HMM algorithm

In [SOU 01], the API algorithm (see section 4.1.2) was used to learn probabilistic
models which are more sophisticated than a simple vector, namely, hidden Markov
models hidden Markov models (HMM), to solve optimization problems with
continuous variables. HMM are used to generate binary strings, further translated
into real values. The quality of an HMM is then determined by sampling the value of
the objective function, which could be achieved with binary sequences generated by
the HMM. When a HMM can improve results, it is considered as a fruitful hunting
site and the ant will attempt to improve this model at its next exit from the nest.

Assessing the value of this API-HMM algorithm is not very easy, because ants are
used to learn how a function should be optimized and it involves several assumptions:
the binary representation can be problematic, particularly when changing a bit does
not cause a movement of the same amplitude, depending on its place in the string
(thus highlighting the value of using a reflected binary encoding – or Gray code).
Moreover, it is unclear if the dependency between successive bits, modeled by the
HMM, corresponds to an internal dependency and a variable of the problem. Finally,
as the different variables of the objective function are not necessarily linked by their
binary expressions, multidimensional HMM were used: the hidden component of
the model is common to all variables, but the expression (i.e. the translation into
an observation) is unique to each dimension of the objective function.

4.3. Algorithms based on probabilistic sampling

As was seen with the ACO-canonical algorithm, the optimization algorithm may
attempt to use the previous explorations to supply a structure (a vector, a tree, or
a graph) which will guide it toward the optimum. This structure is supplied, most
often, by a sampling carried out by the multitude of ants. The algorithms previously
presented built a model of the search space limited to binary representations of real
variables. In this section, we have grouped the algorithms that are free from binary
encoding.

4.3.1. ACO-continuous algorithm

This algorithm [SOC 04] tries to maintain, in the case of continuous variables,
the iterative construction of solutions by adopting a different viewpoint. Indeed, the
authors consider that the components of all solutions are formed by the different
optimized variables. Moreover, the algorithm manipulates the colony globally, the
various artificial ants being no more than points to be evaluated.

In this method, simply called “ACO for continuous optimization” (ACO-continu-
ous), we randomly draw at each iteration a population of ants, according to a given
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probability distribution. Only the best points of this set are kept and further used
to construct an “improved” probability distribution. That technique thus exploits the
mechanism of EDAs.

The type of probability distribution used is a “weighted amalgam of normal
kernels,” that is to say a set of combined normal distributions:

P(x) =
k

∑
j=1

ω j ·
⎛
⎝ 1

σ j
√

2π
e

(x−μ j)
2

2σ2
j

⎞
⎠ with x ∈ R [4.12]

k denoting the number of kernels used, μ j and σ2
j are the mean and variance of a

kernel, and ω j is the weighting.

Each distribution is used for only one variable, regardless of the others. The
modification of the distributions, called “pheromone update,” consists of enhancing
or reducing the influence of kernels corresponding to the solutions. Pheromone
evaporation induces, in particular, a decrease in the weights ω j.

The principle of the method is presented in Algorithm 4.3.

1: Build the initial probability distribution: τ0
i = P0

i (xi) , i ∈ {1 . . .n}
2: while stopping criterion not reached do

3: for each ant, from a = 1 to m do

4: for each variable, from i = 1 to n do

5: Randomly choose a value xi according to the distribution Pi (xi)
6: Add to the solution under construction: Sa =

{
sa

1, . . . ,s
a
i−1

}∪{xi}
7: end for

8: end for

9: Save the k best found solutions: S∗ =
{

s∗1, . . . ,s
∗
k

}
10: Re-build the probability distribution according to the best solutions: τ = P(S∗)
11: end while

Algorithm 4.3: Algorithm ACO-continuous [SOC 04]

4.3.2. CACS algorithm

This method, called continuous ant colony system (CACS) [POU 04], is very close
to the previous method, although they were presented independently at the same period.

Indeed, in CACS as in ACO-continuous, the core of the algorithm consists of
making a probability distribution evolve. The principle of the method is already
described in Algorithm 4.3. In CACS, the distribution used is “normal,” but its
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expression slightly differs from the classical formula (equation [4.13]), and the
variance used is actually a new dispersion index (see equation [4.14]).

P(x) = e−
(x−xmin)

2

2σ2 [4.13]

where xmin denotes the distribution mode and σ2 the following dispersion index:

σ2 =

m

∑
j=1

1
f j − fmin

(x j − xmin)
2

m

∑
j=1

1
f j − fmin

[4.14]

m denoting the number of ants, f j the value of the function associated with ant j and
fmin the best value found.

In CACS, the only distribution used is centered on the distribution mode of the
previous iteration and not on the average. The advantage of this algorithm is that
it only requires the number of ants to use as setting parameter. Furthermore, the
generation of an ant remains a simple mechanism. However, the main drawback is that
this method focuses quickly on one area of interest of the search space and Gaussian
density function focuses on a local optimum, thus leading to the phenomenon of
premature convergence.

4.3.3. ACOR algorithm

The ACOR algorithm [SOC 08] was designed to circumvent the problem of
premature convergence evoked for CACS. The algorithm keeps a memory-list of the k
best solutions found since the start of the execution. Each of those solutions represents
the centre of a Gaussian probability density function.

The operation of ACOR can be summarized as follows: initially, the memory-list
of k solutions is generated, in a uniformly random way, throughout the search space
and solutions are arranged in descending order of quality. A probability of selection
(that is to say of allocating to an ant) is calculated for each solution of the list:

wl =
1

qK
√

2π
e
− (l−1)2

2q2K2 [4.15]

where K represents the number of ants, l the rank of the solution in the memory-list,
and q is a parameter allowing us to adjust the exploration/exploitation ratio. The center
of each Gaussian is then defined by the corresponding solution in the memory-list and
the variance is calculated by

σ i
l = ξ

K

∑
e=1

||si
e − si

l ||
K −1

, i = 1, . . . ,n [4.16]



Continuous Optimization 89

where ξ is a parameter controlling the velocity of convergence, s a solution of the
memory-list, and n the dimension of the search space.

All distributions defined above are used to generate new solutions that complement
the memory-list, eliminating from the latter less efficient solutions.

The computational cost of ACOR is more important than that of CACS, but it
induces an inertia that protects it from premature convergence. However, it was
shown that the memory-list may become uniform, thus blocking the search in a local
optimum [FRA 08].

4.3.4. MACACO algorithm

The MACACO (multivariate ant colony algorithm for continuous optimization)
algorithm [FRA 08] represents an interesting evolution of ACOR and CACS
algorithms, since the learning of the covariance matrix between problem variables
was integrated into the learning of the probability distribution.

To make the exploration of the search space more robust, the initial points are
generated according to a uniform law. Then at each iteration, the covariance matrix
is calculated by keeping 70% of the best points. It is further used to update the
distribution that will be used to generate the next points. This update step represents
a significant computational cost. This step is presented as the updating step of
pheromones, but it seems increasingly distant from the biological model.

The authors noted that when the initial distribution is centered near the global
optimum, the learning of the distribution is effective. Therefore, they used a
mechanism to restart exploration, when the known optimum is not improved for ten
successive iterations. A uniform distribution was then used to reform the covariance
matrix (as for initialization).

In addition, presumably to limit the premature convergence, the algorithm works
in two phases: the first one, where the best-known point is used as a center for the
multivariate distribution; and a second phase, activated when the method seems to
stagnate. In that latter phase, the used center corresponds to the average of recent
populations.

In conclusion, the MACACO algorithm shows a convergence of continuous ACO
algorithms toward methods of CMA-ES [HAN 04] type, where the covariance matrix
is learned in the context of an evolution strategy. However, the relationship with ants
is lost in the concept of a population of solutions used for sampling.
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4.3.5. APS algorithm

The APS algorithm [TSU 04] is similar to ACO-continuous. It introduces the
concept of probability density of “aggregation pheromone,” defined as follows:

pt(t,x) =
τ(t,x)∫

X τ(t,x)dx
[4.17]

where x denotes a variable in a search space X and τ(t,x) is the density of aggregation
pheromone at time t.

An individual of rank r deposits around xt,r an amount Δτ ′(t,r,xt,r,x) of
pheromone.

In one iteration, m ants deposit the total amount of pheromone:

Δτ(t,x) =
m

∑
r=1

Δτ ′(t,r,xt,r,x) [4.18]

The authors assume that, for every iteration
∫

X
τ(t,x)dx =C [4.19]

Deposit of pheromone is of the following form:

Δτ ′(t,r,xt,r,x) =
C

∑m
k=1 kα rα N(xt,r,β 2Σt) [4.20]

α is a parameter that allows us to adjust the relative importance of rank, Σ the
covariance matrix estimated from the distribution of m individuals in the search space
X at iteration t, β a parameter allowing us to control the extent of the pheromone
distribution, and N(xt,r,β 2Σt) a multivariate normal distribution.

The sampling is similar to that used in ACO-continuous, but the approach which
aims at being more general is more complex.

4.3.6. DACO algorithm

The direct direct ACO (DACO) algorithm [KON 06] implements two types of
pheromones: one for mean values and the other for standard deviations. These
quantities are used by ants to create new solutions and are updated according to the
classical ACO process.
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Each xi variable is associated with a N(μi,σ2
i ) distribution.

Each iteration comprises an evaporation phase and an intensification phase.
Evaporation is performed classically:

�μ(t) = (1−ρ)�μ(t −1)
�σ(t) = (1−ρ)�σ(t −1) [4.21]

where ρ ∈ [0,1] denotes the evaporation factor.

The intensification phase is more original:

�μ(t) =�μ(t)+�ρ
�σ(t) = �σ(t)+�ρ |�x−�μ(t −1)| [4.22]

This phase involves the best solution x encountered during iteration.

4.3.7. CANDO algorithm

The CANDO algorithm takes up the principle of the ACO-continuous algorithm
for handling dynamic continuous optimization problems, where the objective function
varies over time [TFA 08].

In this algorithm, repulsive or attractive electrostatic charges are assigned to
different ants to achieve an efficient continuous diversification of search over time.
More specifically, ant i receives the following charge ai:

ai =
k

∑
l=1;l �=i

ail [4.23]

ail =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

QiQl

|xi − xl |3 (xi − xl) if rc ≤ |xi − xl | ≤ rp

QiQl

r2
c |xi − xl | (xi − xl) if |xi − xl |< rc

0 if rp < |xi − xl |

[4.24]

where Qi and Ql are the initial charges of ants i and l, |xi − xl | is their Euclidean
distance, rp and rc are the “perception” and “core” radii, respectively. The perception
radius is assigned to each ant, while the core radius is the perception radius of the best
ant identified in the current iteration.

Artificial ants are dispersed within the search space. Charge values, which can be
positive or negative, are adjusted during execution of the algorithm, with respect to
the quality of the best solution encountered.
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The algorithm was tested on a set of dynamic test functions integrated in the test
platform OMetah [DRÉ 07] which is available under a free license.

4.4. Hybrid approaches

We have already presented methods using artificial ants jointly with other
techniques or metaheuristics (e.g. CACO algorithm, in section 4.1.1). Leaving aside
cases where hybridization involves ants and local optimization methods, that is to say
more or less specialized heuristics, dedicated to the problem considered, we present
hereafter a few examples of cooperation between metaheuristics.

4.4.1. Ants and artificial evolution

An approach, which we will call CSUACA (continuous space using ant colony
algorithm), using both ant colony and evolutionary techniques, was proposed by
Ling et al. [LIN 02] to solve an optimization problem with continuous variables
in R

n. In this work, each ant builds, component by component, a vector of R
n

representing a solution. The choice of a value for a component is made from a
population of possible values for this component, typically using pheromones. The
probability of choosing a value increases with the amount of pheromone present on
this value. Enhancement of pheromones depends on the performance of the complete
solution constructed by the ant. The originality of this work lies in the management
of possible values for a component: if the population of ants is of size m, for a
given component of the solution, the m ants choose among m possible values issued
from the previous iteration. Initially, for each of the n components of a solution
vector, m values are randomly generated. Then, at each iteration (or should we
say, generation), the values selected by ants are crossed, (adaptively) mutated, and m
values the most marked in pheromone are stored for the next iteration. Thus, in terms
of evolutionary algorithms, this system consists of n independent populations (each
containing candidate values for one dimension), each population is composed of m
values-individuals, whose survival depends on the dynamics of pheromone deposit.
The deposition of pheromones is done as in the AS algorithm. Unfortunately, a
complete testing of the algorithm remains to be done.

4.4.2. ACO-LM algorithm

This is a variant of ACO-continuous. Each solution generated by the ACO-
continuous algorithm is improved by running a single improving iteration of the
local descent method of Levenberg–Marquardt (hence the name of ACO-LM), which
requires a calculation of gradient [BLU 05].
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4.4.3. Improved ACO algorithm

This algorithm [CHE 05] is constructed by hybridization of ACO with a genetic
algorithm. Adaptive crossover and mutation operators are applied to groups of ants,
which are conventionally made, using tracks of pheromone.

4.4.4. COAC algorithm

The continuous orthogonal ant colony (COAC) algorithm [ZHA 06] is obtained
by hybridization of ACO with the “orthogonal design” method. This is a proven
technique for the optimum experimental design, particularly, the “factorial plan”
technique. It applies here by considering each variable of the optimization problem as
a “factor.”

The COAC algorithm comprises the following steps:
– for each independent continuous variable of the function to optimize, the

possible values are randomly assigned to a number of nodes in a graph;
– deposits of pheromone of ACO are made on the nodes;
– a solution path is formed by each ant by choosing, for each independent variable,

one of the available nodes;
– the best path obtained is further improved by the orthogonal design procedure.

4.4.5. PSACO algorithm

The PSACO algorithm is based on an hybridization of ACO with a particle swarm
optimization algorithm [SHE 07]. Here, the role assigned to the artificial ants is that of
the local searches conducted around the best solutions found by particles of the swarm.

4.4.6. Immunity-based ACO algorithm

This algorithm is based on an hybridization of ACO with an immune algorithm
[FEN 04].

4.5. Comparison of competing approaches

Partial empirical comparisons between some of the previous methods have been
described in the papers cited earlier. They are based on tests conducted on the sets
of analytical functions from the literature. However, a more comprehensive and
statistically rigorous study remains to be conducted.
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Algorithm Référence Main characteristics

AAC [LI 03] Ants use a graph and pheromones to generate binary strings
ACO-continuous [SOC 04] Ants use a combination of Gaussians to generate real

values in each dimension
ACO-LM [SOC 06] ACO-continuous with a gradient algorithm
ACOR [SOC 08] Use of Gaussian probability density functions with storing

of the best solutions encountered
API [MON 00c] Ants use an individual memory to manage their

exploration/exploitation effort
API-HMM [SOU 01] API algorithm is used to learn HMM generating binary

strings
APS [TSU 04] Similar to ACO-continuous with the concept of pheromone

aggregation
ASb, ACSb [MON 00b] Ants use a graph and pheromones to generate binary strings
BAS [KON 05] Ants use a graph and pheromones to generate binary strings
CACO [BIL 95] Ants deposit pheromones on areas of the search space
CACS [POU 04] Ants use a combination of Gaussians to generate real

values in each dimension
CANDO [TFA 08] Extends ACO-continuous by adding an attraction/

repulsion between ants
CIAC, HCIAC [DRÉ 04] Ants use direct and indirect communication
COAC [ZHA 06] Hybridization of ACO with orthogonal design
Immunity-based ACO [FEN 04] Hybridization of ACO with an immune algorithm
CSUACA [LIN 02] For each dimension, ants select, using pheromone, values,

further modified by adaptive mutation
DACO [KON 06] Each variable is modelled through a normal distribution

and two types of pheromones are used for mean and
standard deviation

MACACO [FRA 08] Handling of covariance
PSACO [SHE 07] Hybridization of ACO with PSO

Table 4.1. Table summarizing algorithms presented in this chapter

To the best of our knowledge, the most complete comparative work is described
in the master dissertation by Kovarik [KOV 06], from the University of Prague. On
the basis of tests conducted on seven industrial applications, the author concludes that
ACO-continuous and DACO perform better. However, the performance of both ant
colony algorithms is still below that of a Quasi-Newton method, which is available in
the test platform used by O. Kovarik.

4.6. Conclusion

In this chapter, we have presented many works within the framework of
optimization problems dealing with continuous variables. Table 4.1 summarizes
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this overview. As we have sometimes noted, the proposed algorithms often move
away from the original metaphor of ants to get closer to optimization techniques
developed in related areas (evolutionary algorithms, etc.). It is very likely that other
algorithms based on ants will be soon published, notably aimed at particular problems
(multiobjective, dynamic, etc.).
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Chapter 5

Ant Colony Optimization for Constraint-Based
Configuration

5.1. Introduction

Configuration in constraint programing is a formalism for representing
combinatorial problems. The objective is to generate structures under constraints,
i.e. a set of typed and interconnected components. This research aims at increasing
the size of the configuration problems that may be addressed using an enumerative
search for solutions. Recent fields of application, such as machine configuration,
language processing, or semantic web, have revealed the need for configuration solvers
to process a large number of components.

One of the difficulties inherent in an enumerative search is combinatorial explosion.
Indeed the search space of these problems increases very rapidly with the number of
components. Moreover, ingeneral, problemswithaninfinitenumberoffinitemodelscan
easily be constructed, which clearly indicates the limits of exhaustive search methods.
A known alternative in SATisfiability problem (SAT)/Constraint Satisfaction Problem
(CSP) community to curb that explosion in case of satisfaction problems is the use of
incomplete procedures. Among incomplete algorithms employed to solve this problem,
ant colony optimization (ACO), which combines random and heuristic methods with
reinforcement learning, has proved its efficiency on many CSP.

To the best of our knowledge, the use of incomplete methods for configuration
has not yet been studied. We describe how the nature of unbounded configuration
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problems affects the ACO approach, particularly because of the presence of set
variables and open domains. This chapter proposes a generic extension of ACO to
configuration problems under constraints. We provide experimental results for both
satisfaction and optimization, on random problems and on a historical benchmark of
the configuration, the racks problem.

The current section is a brief introduction to configuration and ACO metaheuristic.
Section 5.2 details an ACO framework for configuration. First, we propose an original
pheromone model that adapts ACO to set variables on open domains. Then, we present
an algorithm allowing us to exploit this model for building solutions. Section 5.3
describes the experimental conditions and provides the results. We notably show
the use of particle swarm optimization (PSO) to converge toward suitable sets of
parameters for our implementation. Section 5.4 concludes and opens perspectives
of the approach.

5.1.1. Brief introduction to configuration

Configuring consists of simulating the creation of a complex product from
components selected in a catalog of types. In the general context, neither the
number nor the type of required components are known in advance. The components
are connected by relations, and their type is subjected to inheritance. Constraints
define valid products. A configurator takes a fragment of the target structure as
input and extends it to a solution of the problem, if a solution exists, by adding
all necessary elements during the search. This problem of first-order logic is semi-
decidable in general. The reader may find in [JUN 06] a comprehensive introduction
to configuration.

Practically, a configuration problem requires defining an object model under
constraints, a concept that is well represented by an object model following the
graphical notation of unified modeling language (UML). Figure 5.1 shows an example.
The object models give no indication on how valid instances of such models
can be produced. Generally, models are used to validate through simple tests
instances produced by external operators, which do not use the model automatically.
Precise configuration consists of automatically operating an object model to produce
instances that meet certain criteria, sometimes optimally. This “automatic” approach
has applications in industry (product configuration) and in artificial intelligence
(recognition of languages, workflows composition). From a practical standpoint,
production of instances is a way to formally validate a model, a problem that concerns
the community of object-oriented modeling. Earlier studies [GOG 03, GOG 07] have
described a snapshot sequence language (ASSL), a method for generating instances
that are not generic, but approach configuration issues.

Figure 5.2 provides an example of a “solution” instance of the model described
in Figure 5.1. A solution is suitably represented by a graph, whose connected
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Figure 5.1. An object model, extracted from the internal structure of computers

Figure 5.2. A solution graph of the configuration problem of Figure 5.1

components designate objects, and not classes. Again, graphic modeling languages
such as UML do not provide guidance on the technical way of describing links
between the objects. Depending on the cases and opportunities, it can be done
using tables in relational databases, pointers embedded in objects, or pointers towards
intermediate constructions (tables, sets, etc.). Of course, any “automatic” approach to
the problem of instance generation for such models requires making a technical choice
for representing relations.

We consider an approach in which relations are described through port variables
at the component level: a port variable models remote components to which an object
is connected for a given relation. The “port” term was popularized by the generative
CSP [FLE 98, STU 93].

5.1.2. Formal presentation of the problem

Let U be a set (potentially infinite) of object identifiers, called universe or object
domain. Subsequently, elements of U will be called components or objects. U can be
interpreted by (or, without loss of generality, be identified to) the set N of integers.
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DEFINITION 5.1.– A configuration model is defined by:

– three sets mutually disjoint T (type names), A (attribute names), and P (port
names);

– a set D of all possible values of attributes;

– application supertypes : T �→ PT modeling inheritance: for each type t ∈ T ,
supertypes(t) is the set of its direct relatives;

– application attributes : T �→ PA modeling the structure of a class: for each type
t ∈ T , attributes(t) is the set of attributes of class t;

– application ports : T �→ PP modeling the connections of a class: for each type
t ∈ T , ports(t) is the set of ports of class t;

– an application domain : A �→ PD modeling the domains of an attribute: for each
attribute a ∈ A, domain(a) is the domain of CSP variables modeling each occurrence
of the attribute in the objects;

– an application type : P �→ T modeling the type of objects that can be connected
through a given port;

– an application cardmin : P �→N and a partial function cardmax : P �→N modeling
the minimum (and possibly maximum) cardinality of ports;

– a set of constraints C: predicates of first or higher order logic over the
vocabulary T ∪A∪P∪U ∪D.

For each object o ∈ U : the type of o is modeled by a CSP variable t(o) within
the domain T (or PT in some implementations); each attribute a ∈ attributes(t(o))
is modeled by a CSP variable a(o) within the domain domain(a); each port p ∈
ports(t(o)) is modeled by a CSP set variable p(o) within the domain PU under the
constraint that each element of p(o) belongs to type(p). Subsequently, we will call
port, attribute, or type, the corresponding CSP variable of an object when this is not
ambiguous.

DEFINITION 5.2.– A set of components (a subset of U) whose type, attributes, and
ports are instantiated and such that all constraints of C are satisfied, is called a
configuration instance, or more simply, a configuration of the configuration model.

From a logical point of view, a configuration is a model of the configuration model.
Therefore, to avoid any confusion, we will use the terms “instance” or “configuration”.

DEFINITION 5.3.– A configuration problem consists of:

– a configuration model CM;

– a request R containing a set of additional constraints and/or preferences.

A configurator or solving procedure must produce one or several models of CM ∧R
(i.e. instances) if there are any.
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Solving the associated enumeration problem can be done by using different
formalisms or technical approaches: extensions of the CSP paradigm [AMI 02,
MIT 90, SAB 96, STU 93], approaches based on knowledge [STU 97], terminological
(or description) logics [BRA 85, MCG 98], logic programing (forward or backward
chaining, and non-standard semantics) [SOI 01], and object-oriented approaches
[JUN 03].

These techniques have been successfully used on a number of industrial problems.
However, these approaches cannot easily overcome the combinatorial explosion
accompanying the increase in input data. Moreover, most of them put restrictions
on the configuration context, by confining the number of available components and/or
cardinalities of relations.

Approaches based on extensions of CSP, such as generative CSP [FLE 98,
STU 93], may, in turn, process an unbounded configuration context:

– instantiation of types and attributes of a component is modeled by a classical
CSP variable: choice of a single value in a finite and discrete domain;

– instantiation of a component port can give rise to the dynamic generation of
new components, to fulfill the cardinality (min) constraints. The cardinality of a
port card(p) consists of a selection of an unique value in a discrete and potentially
unbounded domain. Targets are chosen in a set of components of destination type
type(p), modeled by a set variable also within an unbounded domain. The choice of
targets may be done by iteratively selecting different values of card(p) in the set of
components of type type(p), after having possibly introduced new ones.

A search procedure in the case of generative CSP starts with a set of components
to be instantiated, containing at least one root component. Each time, a component
is selected or dynamically created through a port instantiation, and is added to the
list. To complete this introduction, configuration problems, similar to the CSP, may
be satisfaction or optimization problems.

5.1.3. Brief introduction to ACO

Research on the behavior of ant colonies has shown that their communication is
mainly based on production and detection of chemical agents called pheromones.
Among the different types of pheromones, some are deposited on the ground. A
path marked by such pheromones, for example, from a food source to the nest, is
then followed by other ants with fluctuations that are random or due to the way an
ant perceives its environment and responds to it (its “local scope”). In addition, these
pheromones are volatile. Their gradual evaporation allows the ants to diversify the
paths used or to explore totally new ones. Biological experiments and theoretical
results have shown that ants use these pheromones to find the shortest path toward a
food source, thus solving an optimization problem.
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Indeed, to determine the shortest path is a task common to many combinatorial
problems, such as the traveling salesman problem. This led researchers to be inspired
by ants’ behavior to develop new solving algorithms [DOR 97]. The approach
was then extended to a metaheuristic for discrete optimization problems [DOR 99],
namely, ACO. In addition to Chapters 2 and 3, [DOR 05] presents a comprehensive
study of ACO.

5.1.3.1. ACO metaheuristic and algorithms

Dorigo [DOR 99] has proposed an ACO metaheuristic and an algorithm (ant
system) for combinatorial discrete optimization problems. There are many studies
on variants of the ant system. One of the most-known improvements is MAX–MIN
ant system (MMAS) [STÜ 00]. In ACO, modeling of the problem is associated with a
pheromone model: a pheromone value is associated with each possible assignment of
a value to a variable Xi. Formally, the pheromone value τi j is associated with solution
component ci j, which consists of an assignment Xi = v j

i . The set of all potential
components of the solution is called C.

An artificial ant builds a solution from a partial empty instantiation sp = /0. It
is extended at each stage of the construction by adding a solution component ci j of
the set N(sp) ⊆ C, where N(sp) is the set of components that can be added without
violating the problem constraints. The choice of the component is a probabilistic
choice influenced by pheromones and heuristics (corresponding to the local visibility
of a biological ant). This probability may vary depending on the ACO algorithms. In
the ant system, the probability of choosing a component ci j for an ant k is defined by

pk
i j =

τα
i j .η

β
i j

∑cil∈N(sp) τα
il .η

β
il

where α and β parameters control the relative importance of the pheromones versus
heuristic information ηi j.

A construction graph GC(V,E) can be obtained from C, where vertices V and edges
E are the solution components. An artificial ant builds a solution by passing through
this (complete) building graph, vertex by vertex. Moreover, ants deposit a pheromone
quantity Δτ on the components depending on the quality of the solution.

ACO algorithms have been used to solve CSP in [SOL 02]. The presented
algorithm includes improvements from MMAS variant. However, unlike conventional
ACO, the probabilistic choice does not depend on the last instantiated variable,
because all already-visited vertices are of equal importance. The heuristic for value
choice is inversely proportional to the number of violated constraints. The heuristic
for variable choice is a classical one in optimization: the smallest domain.
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5.2. ACO for configuration

In the general context of configuration, we have seen that modeling is partly based
on set variables with open domains. Therefore, these problems fall outside the scope
of the definition of ACO, and cannot be solved through a standard CSP approach. In
particular, it is not possible to show a construction graph a priori, since the number of
components of a solution is unbounded. However, there are similarities, and a useful
graph may be identified, namely, the components interconnection graph. This builds
the major intuition of our approach.

5.2.1. Construction graph

The structure of a (instance of) configuration can be seen as a graph. In
this structure graph, vertices represent components and arcs their relations. The
superimposition of all structure graphs created within previous attempts of an
algorithm equipped with random restart also remains as a graph. Therefore,
pheromones may be deposited on arcs, which then represent the choice of a (already
existing) component as a target for a port for an artificial ant.

However, at a given vertex of this graph, an ant has not only the possibility of
following one or several arcs, but it can also create arcs toward new components
when the decision is made to dynamically generate a new target for the port under
consideration. The number of arcs (i.e. the targets of a port), followed or created by
an ant, is defined by the (usually unbounded) choice of the port cardinality.

Finally, since each vertex is a configuration component, ants must classify it
(i.e. select its type) and choose a value for each of its attributes (i.e. configure the
component). We have seen that these decisions can be modeled by instantiation of
classical CSP variables. Types and attributes can be added to the construction graph
as vertices connected to the component vertex. This last representation, similar to
that proposed by Solnon [SOL 02], allows us to give a homogeneous viewpoint on the
construction of a solution.

The construction graph of ACO for configuration, obtained by combining all these
elements, is thus dynamically generated during search, by superimposition of all
instances previously created. Guided by pheromones and heuristics, artificial ants
can explore and extend this graph, to construct potential solutions.

5.2.2. Instantiation of variables

In ACO, each decision taken by an ant is associated with a variable on a discrete
domain. This principle can also be applied to the configuration in the case of variables
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with closed domains (CSP or set variable). However, for configuration, certain
variables (ports and their cardinalities) can have an open domain. We introduce an
original mechanism for handling the associated probabilistic choice: the simu-finite
sets.

5.2.2.1. Simu-finite sets

We simulate the choice of a value in an unbounded set via an evolving finite set
called the simu-finite set. A simu-finite set contains a certain number of values of the
domain, plus an evolving value (or wild card) representing all other possible values.
The set evolves (i.e. is increased for the next ACO iteration) whenever an ant chooses
the wild card value. The idea of using such wild cards in the first order approach is
well known.

For example, let us consider the port p, cardmin(p) = 2, and the domain associated
with the choices of cardinality card(p). Let the original set be pcard = {2,3,4,5},
where 5 is the wild card. If the selected value is less than 5, the set remains unchanged.
If value 5 is chosen, the set is changed for the next iteration in pcard = {2,3,4,5,6}
with the value 6 as the new wild card. Therefore, this wild card represents the potential
infinity of available components.

We first present a general definition of simu-finite sets. Then, we will show its
application to the choice of cardinality and port’s targets in the pheromone model.

DEFINITION 5.4.– (simu-finite sets) Let us consider the selection of a value v in the
finite set V = {v0, . . . ,vi,v∗}, where {v0, . . . ,vi} is a finite set of different values such
that:

1) it is possible to show a value vi+1 /∈ V belonging to the open domain of the
considered variable;

2) when the value v∗ is chosen, the set is changed in V = V ∪ {vi+1} =
{v0, . . . ,vi+1,v∗} for the next iteration.

5.2.3. Pheromone model

We propose an original pheromone model allowing the usage of ACO
metaheuristic in the context of configuration. We first present how should the
simu-finite sets for decisions related to instantiation of ports be exploited. Then,
we complete the model with other types of decisions (classification and attributes).
Finally, we detail how the pheromones of this model are updated at each iteration
of ACO.

5.2.3.1. Instantiation of a port

The approach consists, for a port p, of first selecting a cardinality card(p), and then
iteratively selecting the same number of targets. Therefore, we introduce a simu-finite
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set for choosing a (unbounded) cardinality and another for choosing a target (when it
is possible to dynamically create components).

5.2.3.1.1. Choosing a cardinality

The choice of an unbounded cardinality is the choice of a value among a set of
unbounded integers. We apply the simu-finite sets as follows:

(1) let us consider the selection of a value card(p) in the finite set pcard =
{cardmin(p), . . . ,cardmin(p)+ i,card(p)∗} where:

– cardmin(p) is the lower bound of the cardinality for port p,
– {cardmin(p), ...,cardmin(p)+ i} is an interval of integers, i.e. vk =vk−1+1,
– i ≥ 0 is an initialization value chosen at the beginning,
– card(p)∗ = cardmin(p)+ i+1 is the wild card of the simu-finite set

(2) when the cardinality card(p)∗ is chosen, the set is changed in pcard =
{rcardmin , . . . ,cardmin(p)+ i+ 1,card(p)∗} with card(p)∗ = cardmin(p)+ i+ 2 as new
wild card.

5.2.3.1.2. Choosing a target

The unbounded feature of the set associated with the target selection comes from
the ability to dynamically create components. We apply the simu-finite sets as
follows:

(1) let us consider the selection of a value pti in the finite set pt = {pt0 , . . . , pti , pt∗}
where:

– {pt0 , ..., pti} is the set of existing components which may be targets of port p,
– pt∗ is the choice of creating a new component (i.e. the wild card);

(2) when the target pt∗ is chosen, the set is changed in pt = {pt0 , . . . , pti , pti+1 , pt∗}
where pti+1 is the new component, and pt∗ is the choice of creating a new component.
In addition, we may decide to authorize the creation of only one (or a limited number
of) component(s) in the course of an iteration (in order to promote intensification).
In this case, the modified set will not contain the value pt∗ . Finally, since a target
can be selected only once for a given port, it is removed from the set until the port is
fully configured. The probabilistic choice associated with both simu-finite sets, now
equivalent to the choice of a single value in a finite domain, is obtained through the
standard ACO approach. We thus define the instantiation of a port for a configuration
problem in the pheromone model, followed by other types of decisions to be taken by
artificial ants.

5.2.3.2. Pheromone model for ports

DEFINITION 5.5.– (Instantiation of a port):
– To instantiate a port p consists of choosing a cardinality pcardj in the simu-finite

set pcard, then choosing pcard j targets from the simu-finite set pt.
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– The probability of choosing a cardinality pcardj is

ppcard j
=

τα
pcard j

·ηβ
pcard j

∑min+i
l=0 (τα

pcardl
·ηβ

pcardl
)+ τα

pcard∗ ·η
β
pcard∗

where τpcard j
is the pheromone value for cardinality card j and ηpcard j

the heuristic
information.

– The probability of choosing a target pt j is

ppt j
=
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pt j

·ηβ
pt j
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k=0(τα
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·ηβ

ptk
)+ τα
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where τpt j
is the pheromone value for the target pt j and ηpt j

the heuristic information.

5.2.3.3. Pheromone model for classification

As the classification is a choice from a finite set of elements (the set of subtypes),
it is possible to use the standard approach.

DEFINITION 5.6.– Classification:
– to classify a component of type ti consists of choosing a subtype from the set

f inalsubtypes(ti) = {t j
i , . . . , t

k
i };

– the probability of choosing a type t j
i is

pt j
i
=
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i
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where τt j
i

is the pheromone value for the type t j
i and ηt j

i
the heuristic information.

5.2.3.4. Pheromone model for instantiation of attributes

Here again, we have a standard choice in a finite set.

DEFINITION 5.7.– Instantiation of an attribute:
– to instantiate a variable Xi consists of choosing a value in the set Di =

{x0
i , . . . ,x

k
i };

– the probability of choosing a value x j
i is

px j
i
=
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·ηβ
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i
·ηβ

xl
i

where τx j
i

is the pheromone value for the value x j
i and ηx j

i
the heuristic information.
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5.2.3.5. Pheromone update

The update of pheromones, in a similar way to the approach of MMAS, is based
on the best instance created by the ant colony at each iteration:

τi j ←−
[
(1−ρ) · τbest

i j +Δτbest
i j

]τmax

τmin

where Δτbest
i j is a value depending on the quality of the solution. In the case of

satisfaction problems, quality can be defined by the ratio number of constraints
fulfilled/total number of constraints.

However, new questions arise for configuration problems. Therefore, we introduce
in the following a number of additional mechanisms whose positive effects were
studied by many experiments.

First, the interest of evaporation is to forget the bad choices (which do not, or
little, contribute to the best subsequent instances). However, if a component ci does
not contribute to the best current instance, the advantage of evaporating pheromones
associated with it is not obvious. Therefore, we propose restricted evaporation as
an alternative to total standard evaporation. With restricted evaporation, pheromones
associated with ci (classification, attributes, and ports admitting ci as a source) are
unchanged. Pheromones associated with a port c j → ci are still evaporated, thus taking
into account the fact that the component was not chosen as a target for the port in the
best current instance.

Second, we must consider the pheromones associated with wild cards of simu-
finite sets. In the case of a port’s targets, the value associated with the creation
of a component is updated only if the best solution actually creates a target within
the iteration. The modified value is then also used to initialize the value associated
with the new component of the set. In the case of cardinality choice, all the
values dynamically added to the set share the same initialization value (defined by
a parameter).

Finally, different types of choices may require different parameters. Each
parameter related to pheromones is thus duplicated for each type of decision.
For example, the minimum value allowed for a pheromone may be different for
classification or for selection of a port’s targets.

5.2.4. Algorithms

We propose an algorithm (ACOCgraph) that operates the presented pheromone
model to construct solutions for configuration problems. ACOCgraph is close to the
original ACO algorithm, but differs in the way ants build solutions. The common part
(ACO metaheuristic) is presented in Figure 5.3.
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Figure 5.3. The configure function

ACOCgraph starts with the classification of a root component. Attributes and ports
of this component are instantiated, subsequently, the ports’ targets are classified.

Each target is then recursively processed (depth-first course through the structure).
The algorithm is presented in Figure 5.4.

Figure 5.5 gives a graphical example of a structure design. A number represents
a classified component and a “+” represents a component whose attributes were
instantiated.

Figure 5.4. The generateInstance function for ACOCgraph
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. . . −→ −→ . . .

Figure 5.5. ACOCgraph: instantiation of attributes and ports, classification of targets, iteration
on new added components

5.2.4.1. Construction path

We have shown that the construction graph of our approach is not calculated in
advance, but defined by the superimposition of all instances generated by previous
ants. Another difference with original ACO metaheuristic is the construction path
followed by ants inside this graph.

In ACOCgraph, the construction path is related to the depth-first search performed
on the structural part of the construction graph (i.e. components and ports). However,
at each vertex, an ant will follow (or create) an edge, and then return to the previous
vertex, until all decisions related to this component be taken and the ports’ targets be
configured. This behavior is illustrated in Figure 5.5. Once components “B” (bottom
part) have been configured, the ant will return to the central component “B0+” and
move to the component “A1” (upper part).

Choices of artificial ants are also independent from previous decisions performed
on the current instance. In this sense, our approach is similar to the application of
ACO to CSP [SOL 02].

5.3. Implementation and experiments

The software used in our experiments was developed in Java language and includes
a library of constrained object models aimed at comparing different search methods
on a common platform. These experiments were conducted on a Pentium IV 3.2
Ghz/1Gb RAM. We describe only the most significant results issued from a wide
range of experiments.

5.3.1. Heuristics

In these experiments, we did not use any heuristics for value choices. Therefore,
artificial ants are only guided by pheromones. Regarding the heuristics of variable
choice, the instantiation order is partially induced by depth-first search in the
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construction graph. The classification, attributes, and ports variables are processed
in a predefined random order.

5.3.2. Parameters

Parameters have a great influence on the behavior of ACO algorithms. They
are either related to the algorithm (number of iterations, number of ants, heuristics,
satisfaction, or optimization) or to pheromones (initialization values, evaporation rate,
weight of pheromones compared with heuristics, characteristic parameters of simu-
finite sets). We consider the following parameters:

– nbIte for the maximum number of iterations;
– nbAnts for the number of ants at each iteration;
– pMax (pMin) for the maximum (minimum) value of pheromone increase;
– ρ for the evaporation rate;
– evaS for the choice between total and restricted evaporation;
– ObjBV, ObjMin, ObjMax for initialization, minimum, and maximum values of

pheromones associated with ports, respectively;
– RelBV(. . . ), AttBV(. . . ), ClassBV(. . . ): the same for cardinalities of ports,

attributes, and types;
– new object base value (NOBV) for the initialization value of wild cards

associated with ports.

Parameters are a recurring problem in ACO algorithms and are related to a balance
between exploration and intensification. In the context of configuration, in addition to
being applied to attributes and types of participating objects (similar to an assignment
in the CSP), they also influence the growth in the size of the solutions. This point
is crucial, because the structures are of a priori unknown size. The large number of
parameters is also a difficulty and requires advanced techniques for their identification
and optimization. Of course, an attempt to isolate parameter settings showed a general
scope and was not specific to a given problem.

5.3.2.1. Particle swarm optimization

The multidimensional space of parameter sets is so vast that it is impossible to
explore it exhaustively using a program. We chose to use PSO: a population-based
stochastic optimization technique. It was developed for the first time in [EBE 95].
Intuitively, each parameter set defines the position of a particle moving in space with
a certain velocity. The best particle plays the role of attraction pole, and influences
the trajectories of others, which remain partially attracted by their own better past
position. Thus, we aims to converge toward local optima of parameter sets. A PSO
problem is defined by an objective function on a multidimensional space f : Rm → R

with [min j,max j], 0 ≤ j < m being the bound of domains for each dimension j. Let
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us consider n particles pi, 0 ≤ i < n. Each particle represents a potential solution and
is defined by a position and velocity. The position is the current assignment. The
velocity is the current direction of the particle in the problem space. Each particle is
aware of its best position and the best overall position.

Figure 5.6 shows a PSO algorithm. ω is an inertia constant, whose value is usually
slightly lower than 1 and decreasing over time. c1 and c2 are constants controlling
the attraction of optimum positions for a particle. They are called “cognitive” and
“social” components, respectively. Values c1 = c2 = 2 are usually chosen. r1 and
r2 are random numbers in [0,1]. xi, j (the position of a particle) is usually randomly
initialized, while vi, j (its velocity) is initialized to 0. Here, the stopping conditions are
determined by a given number of iterations of the algorithm.

Figure 5.6. A PSO algorithm

5.3.2.2. Using PSO for the setting of ACO parameters

We applied PSO in a direct way to find optimal settings of ACOCgraph parameters.
Each parameter is a dimension of the PSO problem; domains can be discrete
(Boolean, integers) or continuous (floating). The objective function is a combination
of the solution quality obtained through ACOCgraph with these parameters and of the
computing time of this solution.

5.3.3. Experimental results and analysis

We present experiments on random problems and on a benchmark of configuration
problems from the literature (racks problem) that is very structured. Both the problems
have fundamentally different properties. For each type of problem, we used the PSO
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algorithm, with 20 particles, to find effective parameters. It goes without saying that
the convergence points of parameter sets thus determined are potentially specific to
the problem. Therefore, by applying the approach to problems of different natures, it
becomes possible to come closer to generic parameter sets. In the experiments that
follow, nbIte, nbAnts, NOBV, and all maximum values were fixed; ρ , evaS, minimum
and initialization values, pMin, and pMax varied with each particle.

5.3.3.1. Random problems

We generated random problems by taking into account: the number of component
types, the density of relations (probability of having a relation between two classes),
and the difficulty of relations (average difference between maximum and minimum
cardinalities). The problems do not have any additional constraints and are created so
that a finite solution exists. Therefore, we consider here a satisfaction problem. We
generated 10 heterogeneous random problems, all solved 200 times by a particle in a
given position. We show here the average of the results obtained on these 200 trials.
Table 5.1 shows the results of the best particle after 50 iterations of PSO.

parameters of ACOCgraph
nbIte nbAnts ρ evaS pMin pMax NOBV objMin objMax
200 30 4 restricted 0 9 100 2 90

attBV attMin attMax relBV relMin relMax classBV classMin classMax
n/a n/a n/a 100 12 90 n/a n/a n/a

results for ACOCgraph
% of found solutions nbiterations size time

100 11 13 89

Table 5.1. ACOCgraph on random problems, time in milliseconds

5.3.3.2. Problem of racks

The racks problem is an optimization benchmark for configuration problems 1 in
which cards must be connected with racks. The objective is to minimize the total cost
(sum of the racks’ prices). The benchmark has four instances, each defining a fixed
number of cards to be connected. Again, each particle resolves the four instances 200
times with the same parameter settings and we retain the average results. Table 5.2
shows the results of the best particle after fifty PSO iterations. Our approach is
compared with a complete search method based on the elimination of isomorphic
structures [HEN 05], and with results presented in [KIZ 01] (which obtained, to the
best of our knowledge, the best results on this problem 2).

1. http://www.csplib.org, problem 31.
2. Of course, both the exhaustive methods always find the optimal solution.
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parameters of ACOCgraph
nbIte nbAnts ρ evaS pMin pMax objBV objMin objMax
500 30 2 restricted 0 11 100 0 90

attBV attMin attMax relBV relMin relMax classBV classMin classMax
100 5 90 100 13 90 100 8 90

instance ACOCgraph [HEN 05] [KIZ 01]
optimal % of sol. % of opt. mean nbiterations size time time time
solution found solution cost

1 550 100 88 632 79 21 2113 51 340
2 1100 100 37 1521 240 43 6753 36000 3700
3 1200 100 18 1886 301 56 10690 66 45000
4 1150 97 12 1643 249 33 4729 1800 /

Table 5.2. ACOCgraph on the racks problem, time in milliseconds

5.3.3.3. Experimental analysis

5.3.3.3.1. PSO and ACO parameters

To analyze the effects of the numerous parameters of our tool, we used PSO
separately on each type of problem.

The first important result is that the best parameter sets of ACOCgraph found are
very close for random and racks problems. Nevertheless, they are very different
in nature, since random instances are satisfaction problems on unbounded random
structures, while racks are optimization problems structured on a bounded number of
components. These experiments could therefore suggest that the parameters found
have only a small dependence on the problem. This is an important issue, since the
calculation of optimal parameters is a long process (about 20 days of calculation for a
set of problems).

We can also observe that PSO converges toward initialization values (RelBV,
ObjBV, ClassBV, AttBV) close to the maximum. The benefit of this type of
initialization was already pointed out for existing ACO algorithms.

Finally, the need for a restricted evaporation is also confirmed by these
experiments. This parameter comes from the original properties of configuration: all
the generated components are not necessarily used in a given instance. Restricted
evaporation allows “preserving” pheromones specific to a component, until it is
selected again.
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5.3.3.3.2. Results of ACOCgraph

The results on random problems show that the approach can efficiently solve
satisfaction problems. These random instances are not easy to solve. Indeed, the more
difficult instance requires the construction of a structure comprising (at least) about 45
components and has only few solutions. On average, 47 iterations are needed to find
a solution for this instance.

The results on racks problems are more contrasted. On the one hand, the ACO
approach finds correct solutions with acceptable computation times. On the other
hand, the solutions found are on average relatively far from the optimum. In addition,
the optimal solution is not found often enough for a real application. However, it can
be noticed that the best solution is found after a few iterations. Therefore, the current
inability of improving this solution through remaining iterations seems to indicate a
good potential for improving the algorithm’s behavior.

These experiments are still preliminary; nevertheless, they may serve as “proof
of concept,” since they represent the first attempts of using stochastic methods in
configuration. Many prospects are considered to improve the tool’s effectiveness.
First, as in all existing ACO approaches, we believe that adding heuristics will improve
the results significantly. Moreover, some parameters were fixed in these experiments
and known effective variants of ACO algorithm must be tried. We also intend to
observe the evolution of structures after the best solution has been found to implement,
if it is relevant, periods of intensification. The control of solution size is a problem
specific to configuration. We believe it is an essential element for the application of
ACO to this logical paradigm. Finally, we plan to combine ACO with local search
(combination successfully applied to the CSP in [SOL 02]).

5.4. Conclusion

We have presented a theoretical framework and early experimental results in using
ACO to address finite model searches for configuration problems. To the best of our
knowledge, the use of stochastic methods is yet unexplored in this field. Furthermore,
solutions to problems set out by first-order logic in ACO can be reused outside the
configuration’s framework. Given the difficulty of unbounded configuration problems,
preliminary results are encouraging. Among the numerous perspectives, we anticipate
the addition of heuristics for choice of variables and values, implementation of variants
of the ACO algorithm, and mixing ACO with a local search.
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Chapter 6

Ant Colonies for the Unit Commitment
Problem: From Optimization to

Predictive Control

6.1. Introduction

Nowadays, short-term optimization (from a few hours to a few days) of energy
production facilities emerges as a crucial industrial challenge, for several reasons.
On the one hand, the opening of energy markets leads producers to rationalize
their production, in order to reduce overall production costs. On the other hand,
technology is more efficient, with the advent of high-yield production facilities, such
as cogeneration plants (simultaneous production of electrical and thermal energy) or
the improvement of consumer demand prediction. Finally, environmental pressure
leads to an increased awareness of the required decrease in polluting emissions. In this
multidisciplinary context, a collaboration has been initiated between the Department
of Automatics of SUPELEC and EDF Research and Development, as part of a broader
project of SUPELEC on technico-economic optimization of energy networks.

The optimization problem of a production site is a mixed optimization problem of
very large dimension, binary variables characterizing the on/off state of facilities and
real variables characterizing the amounts of produced energy. Numerous methods
have been tested to solve this eminently difficult problem. They are listed in
[SEN 98]. Exact methods, like Branch and Bound [COH 83] or dynamic programing
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[HOB 88, RAV 94], rapidly suffer from the curse of combinatory complexity for
large dimension problems. To remedy this problem, Lagrangian relaxation is widely
used [DOT 99, ROO 94]. In this case, Lagrange multipliers are introduced for each
constraint combining several units. The problem obtained is separable (a problem
per unit), and basic problems of small dimension can be solved exactly by duality.
The non-convexity of the problem results nonetheless in a duality gap and the need
for introducing mechanisms to restore feasibility. Another way to fight against
combinatory complexity, is to use approximate stochastic solving algorithms, namely
metaheuristics. Thus genetic algorithms are used in [SAK 02] or simulated annealing
in [YIN 98]. These methods are based on alternating phases of space random
exploration and phases of result exploitation. Any algorithm intelligence lies in how
to orient the hazard toward the search space. One of the difficulties underlying such
methods is the management of problem constraints: the stochastic algorithm inducing
random moves in the search space, no guarantee can be given about the feasibility
of the solution found. Mechanisms must then be introduced to handle constraints
(penalty function, “repair” of a solution to meet a feasible solution, moving in the
feasible subspace, etc.). To meet feasibility of solutions, a constructive algorithm was
chosen. In this sense, the ant colony algorithm was considered as a good candidate for
solving the unit commitment problem, allowing both to fight against the combinatory
complexity of the problem and to manage explicitly production constraints.

In section 6.2, we remind readers of the definition of the unit commitment problem.
This problem is solved by an ant colony algorithm in section 6.3. We first present the
solving of the problem by a discrete ant colony algorithm, for which the calculation of
real variables is performed exactly, thanks to simplifying assumptions. To further
enhance the search space exploration, we then present a coupling between this
algorithm and a genetic algorithm. Finally, we relax the simplifying assumptions
and present the solving of the mixed problem, through an ant colony algorithm in real
variables.

After this optimization phase, the solution found is an open-loop control of the
production system. However, the latter is subject to many uncertainties, in particular
about consumer demand. A closed-loop control is therefore necessary. The principles
of predictive control allow extension of optimization results in the case of a closed
loop. Results in this direction are presented in section 6.4.

6.2. Unit commitment problem

The unit commitment problem consists of minimizing production costs of a set of
units meeting an energy demand of a consumer. Such a system is shown in Figure 6.1.

Let us consider a production site consisting of K units. The time horizon is divided
into N periods (typically a day divided into 24 time slots). We denote by
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Figure 6.1. Unit commitment problem

– uk
n the operating state of unit k during nth time period (1 for on and 0 for off);

– Qk
n the amount of energy produced by unit k during nth time period;

– Un = {uk
n,k ∈ 1, . . . ,K};

– Qn = {Qk
n,k ∈ 1, . . . ,K};

– U = {Un,n ∈ 1, . . . ,N};
– Q = {Qn,n ∈ 1, . . . ,N}.

The problem of minimizing operating costs is written as follows:
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k
off are technical data of the optimization problem. Note that these

values are difficult to identify and thus are flawed by uncertainty. Optimization
results must therefore be robust vis-à-vis these uncertainties. The constraints to be
satisfied are:
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– capacity constraints. A unit in status on can produce only within its technical
bounds:

Qk
minuk

n ≤ Qk
n ≤ Qk

maxuk
n [6.4]

– demand satisfaction constraints. Total energy produced must meet consumer
demand:

K

∑
k=1

Qk
n ≥ Qdem

n ,∀n ∈ 1, ...,N [6.5]

– minimum time-up constraints. A unit k in status on cannot be switched off before
T k

up units of time:

(uk
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n+1 = 1,uk

n+2 = 1, ...,uk
n+T k

up
= 1),
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[6.6]

– minimum time-down constraints. A unit k in status off cannot be switched on
before T k

down units of time:

(uk
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n = 0)⇒ (uk
n+1 = 0,uk

n+2 = 0, ...,uk
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= 0),
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– ramp constraints. Variation of energy produced by unit k is limited:

|Qk
n+1 −Qk

n| ≤ ΔQk,∀n ∈ 1, ...,N,∀k ∈ 1, ...,K [6.8]

The various parameters Qk
min,Q

k
max,T

k
up,T

k
down,ΔQk are technical data too. Qdem

n is
the energy demand of consumers, which must be predicted.

6.3. Solving of the unit commitment problem by an ant colony

The unit commitment problem is a mixed problem of large dimension, highly
constrained, for which we will develop a solving method using ant colony. We
recall that this algorithm should enable us, first, to free ourselves from combinatory
complexity problems, and second, to manage explicitly the numerous constraints of
the problem.

6.3.1. Solving for linear costs

First, we consider linear costs, i.e. we assume ak
2 = 0 in equation [6.2].

This assumption allows us to calculate real production variables Qk
n from binary

variables uk
n.
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6.3.1.1. Calculation of real variables from binary variables

Let us consider a feasible production planning uk
n,∀n ∈ 1, ...N,∀k ∈ 1, ...,K,

i.e. minimum time up constraints [6.6] and minimum time down constraints [6.7] are
satisfied. On the other hand, we suppose it is possible to satisfy consumer demand
constraints [6.5], while taking into account ramp constraints [6.8], namely
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This equation means that if unit k is in status on at time n+1, the maximum energy
it can produce is

– Qk
min if the unit was in status off at time n;

– min(Qk
max,Q

k
n +ΔQk) if the unit was already in status on at time n.

Real variables can then be calculated through the following optimization problem:
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It is obvious that the optimum is to produce as much as possible with the most
profitable facilities. Without loss of generality, let us consider that a1

1 ≤ a2
1 ≤ ... ≤

aK
1 . The solution of optimization problem [6.10] is therefore given by the following

equations:
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Q̃k
n = Qdem

n −
k−1

∑
i=1

Qi
n −

K

∑
i=k+1

Qi
minui

n [6.12]

Quantity Q̃k
n represents the actual amount produced by unit k. It contains several

terms:
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– term Qdem
n is the energy demand of consumers;

– term
k−1
∑

i=1
Qi

n represents the amount produced by the other most profitable units;

– term
K
∑

i=k+1
Qi

minui
n represents minimum energy that must produce the remaining

units.

The maximum amount of energy Qk
max(n+ 1) that can produce a unit k at time

n+1 equals
– to the minimum value Qk

min if the unit was in status off at time n;
– to Qk

n +ΔQk otherwise, in order to comply with ramp constraints. This value
must be limited by the maximum amount of energy Qk

max that can produce the unit.

Finally, Qk
max(n+1) is given by

Qk
max(n+1) = Qk

min(1−uk
n)+min(Qk

max,Q
k
n +ΔQk)uk

n [6.13]

6.3.1.2. Restatement of the unit commitment problem in terms of a graph course

The unit commitment problem may be rewritten in the form of a graph course, as
shown in Figure 6.2.

Time
interval 1

State00…00

State00…01

State01…11

State11…11

Time
interval 2

Time
interval N-1

Time
interval N

Figure 6.2. Restatement of the unit commitment problem in the form of a graph course

The graph has a matrix form, with time on the abscissa and the possible states of
the production system on the ordinate. Production costs are associated with each node,
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while start up and shutdown costs are associated with arcs of the graph. The goal is
to move from one of the possible states at time 1, to one of the possible states at time
N, while minimizing operating costs. The problem addressed here is thus very close
to the classical traveling salesman problem. Ants will go through this graph, with a
probability law similar to that which was defined in previous chapters. When an ant
f , in iteration t of the algorithm, reached the state i = Un = (u1

n,u
2
n, ...,u

K
n )

T at time
n, the probability that it chooses the state j = Un+1 = (u1

n+1,u
2
n+1, ...,u

K
n+1)

T at time
n+1 is given by the following relation:

p f
t (i → j) =

ηα
i j τ

β
i j(t)

∑k∈J f
t (i)

ηα
ik τβ

ik(t)
[6.14]

The sets J f
t (i) make it possible to managed explicitly all constraints: they contain

all possible states, i.e. those that can meet consumer demand [6.9] and minimum time-
up constraints [6.6] and minimum time-down constraints [6.7].

In the propagation law [6.14], the pheromone τi j(t) has the usual meaning. We
opted here for an algorithm of MAX-MIN Ant System [STÜ 00] type for its evolution
in the course of the algorithm. Attractiveness parameter ηi j must match the physics
of the system. Thus, the decision of turning on or turning off units mainly depends on
two points:

– operating costs (are the units in status on the most profitable?);
– adequacy of the highest possible production with demand (having many units in

status on, if consumer demand is low, is probably sub-optimal).

The first point is indirectly managed by the pheromone, which will seek to
influence a search into the most profitable states. We choose to manage the second
point with attractiveness. To do this, let us define the variable λ describing the
adequacy of a state with demand:

λ (Un) =
K

∑
k=1

Qk
maxuk

n −Qdem
n [6.15]

Therefore, attractiveness can be defined using the curve in Figure 6.3.

Note that attractiveness in this case is assigned to nodes of the graph, not to
transitions. This choice could be questioned for other versions of the algorithm.

6.3.1.3. Validation results

The proposed algorithm was tested using Matlab 6.5 [SAN 04]. Tests were first
performed for a production system consisting of four units on a horizon N = 12 h.
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Figure 6.3. Definition of attractiveness for the unit commitment problem

For relatively small dimensions (48 binary variables here), exact solving through a
Branch and Bound method is still possible, leading to a cost of 5,363 euros for a
typical demand curve. The parameter values used are population size = 20, α = 2,
and β = 1. The corresponding optimization results are presented in Table 6.1. The
computing time per iteration is 0.5 s on a Pentium IV, 2.0 GHz. Due to the stochastic
nature of the algorithm, the results presented are statistical tests obtained by running a
hundred times the algorithm on the same instance. Thus, the results obtained are very
satisfactory. It can be notably pointed out that very good solutions are found, even for
a relatively low number of iterations.

Number of iterations Worst case Best case Average Standard deviation

30 6,077 (+13 %) 5,363 (+0 %) 5,690 (+6 %) 175
50 6,078 (+13 %) 5,363 (+0 %) 5,607 (+4.5 %) 138
100 5,976 (+11.5 %) 5,363 (+0 %) 5,537 (+3.2 %) 146
200 5,654 (+5.4 %) 5,363 (+0 %) 5,439 (+1.4 %) 120

Table 6.1. Results for the case of four units

A more realistic case of eight facilities for a time horizon of N = 24 h was tested for
special cases where the optimal solution is known in advance. In these cases, it appears
that very quickly (less than one hundred iterations, for populations of 20 ants) the
algorithm used can find solutions of interesting quality (deviation of 10% compared
to the optimum). However, it appeared that, with proposed settings, it was difficult
to find better solutions, since the algorithm tends to remain trapped in local minima.
Better settings undoubtedly would have allowed further improving the quality of the
solutions. However, in an industrial context, it is essential that parameter setting of an
algorithm be simple and immediate and that the use of the algorithm be robust vis-à-
vis chosen parameter values. We therefore turned to a different approach, consisting
in hybridizing the proposed algorithm with a genetic algorithm.
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6.3.2. Coupling with a genetic algorithm

6.3.2.1. Principle of the coupling

The idea of this coupling between an ant colony algorithm and a genetic algorithm
comes from the following observations:

– the ant colony algorithm can find feasible solutions very quickly, explicitly
handles problem constraints, but converges toward local minima, if not finely settled;

– the genetic algorithm is very robust vis-à-vis values of its parameters, but
requires constraint management (penalty functions, etc.).

We will therefore use the ant colony algorithm as a generator of feasible solutions,
which will feed into the genetic algorithm. Such an approach was described
in [SAN 08].

The optimization strategy is described in Figure 6.4.

Ant colony algorithm
Binary variables

Exact solution algorithm
Real variables

Creation of guaranteed
feasibility criterion

Exact solution algorithm
Real variables

Genetic algorithm
Binary variables

Computation
of the feasible

initial
population

Deep
exploration

with
guaranteed
feasibility

Figure 6.4. Coupling of an ant colony algorithm with a genetic algorithm

More specifically, a first optimization is performed by ant colony. All feasible
solutions calculated in this optimization are stored to create the initial population of
the genetic algorithm. For both the algorithms, we still consider linear production
costs, so that calculation of real variables can be done via recursive algorithm [6.11].

6.3.2.2. Creating an initial population by ant colony

The goal of ant colony optimization is therefore sampling the feasible space. To
do this, attractiveness defined in Figure 6.3 is not preserved: it is fixed and equal to
1 for all states, to avoid any preferred solution and thus obtain a sampling as uniform
as possible. From an industrial point of view, this choice is very interesting, since no
parameter setting is required for attractiveness.
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6.3.2.3. Creating a criterion ensuring feasibility

After ant colony optimization, it is possible to define a criterion to optimize that
will guarantee feasibility of the solution found by the genetic algorithm. Let us define

min
U,Q

{
N

∑
n=1

K

∑
k=1

ck
prod(u

k
n,Q

k
n)+ ck

on/off(u
k
n,u

k
n−1)+((1+ ε)c f +h(U,Q)) ·B(U,Q)

}
[6.16]

with
– c f cost of the best solution found by the ant colony;
– ε a small positive real number;
– B(U,Q) a Boolean function equal to 1 for unfeasible solutions;
– h(U,Q) a penalty function for unfeasible solutions.

With this criterion, any unfeasible solution has a cost higher than the best (feasible)
solution found by the ant colony. This criterion can therefore be optimized by an elitist
genetic algorithm (the best solution is maintained in each iteration), constraints being
implicitly taken into account.

6.3.2.4. Solving by genetic algorithm

The genetic algorithm is a well-known metaheuristic based on Darwin’s theory of
evolution. The general principle of this algorithm is shown in Figure 6.5.

Classical crossover and mutation genetic operators, applied to the unit
commitment problem, are shown Figure 6.6, where individuals are represented in
matrix form, for improved readability.

It quickly becomes clear that these operators are not perfectly adapted to the
solving of the unit commitment problem. Indeed, mutation, as described in Figure 6.6,
very often leads to unfeasible individuals, due to minimum time up [6.6] and minimum
time down [6.7] constraints. Therefore, we introduced a selective mutation operator,
depicted in Figure 6.7.

The idea is to detect the commutation times of a potential solution and to authorize
mutations only for these special variables. The operator defined in this way can
increase the likelihood of creating feasible solutions. In the same state of mind,
operators all switched on and all switched off were defined, allowing us to turn on
or off a production facility in a more or less long period of time. An illustration of
these operators is given in Figure 6.8.

In this figure, the proposed schedule would necessarily lead to unfeasible
schedules by applying mutation or selective mutation operators. Therefore the “all
switched on” operator increases the likelihood of moving from one feasible solution
to another, by crossing the unfeasible space.
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Figure 6.5. General outline of a genetic algorithm
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Figure 6.6. Classical genetic operators a) crossover operator; b) mutation operator
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Figure 6.7. Selective mutation operator
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Figure 6.8. “All switched on” operator

6.3.2.5. Simulation results

We tested the proposed algorithm in an academic case of four units, with a horizon
of N = 24 hours. Contribution of the population initialization by genetic algorithm
was studied by solving the problem with a pure genetic algorithm. For the latter,
the criterion to optimize is obtained from a feasible solution derived from a priority
list and the rest of the initial population is completely random. Results are given in
Table 6.2. As before, statistical results are given, as the algorithm was executed a
hundred times on the same instance. The success rate column indicates the percentage
of times the global solution was found.

Test Worst case (%) Average (%) Success rate (%) Computation time(s)

Ants+GA (100 iter) +9.4 +2.5 30 15
GA (100 iter) +13.4 +3.1 20 13

Ants+GA (200 iter) +3.5 +0.4 80 25
GA (200 iter) +4.5 +0.5 77 24

Table 6.2. Optimization results of the coupled algorithm
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The size of populations treated by the genetic algorithm is 50. When initialization
is done by ant colony, ten generations of five ants are used. Parameters of the
ant colony algorithm are identical to those used in the previous section (except for
attractiveness, which is constant and equal to one for all possible paths). Regarding
the genetic algorithm, a probability of 70% is used for crossover and 10% for mutation,
selective mutation, and all switched on and all switched off operators.

For a small number of iterations (100), we observe that initialization of the genetic
algorithm by a feasible population calculated by ant colony can greatly increase the
quality of the solutions, the success rate being changed from 20 to 30%. For a larger
number of iterations, improvement of the problem solving is no longer visible in the
quality of the solution found (results are quite similar), but in the computing times.

Indeed, if the global solution is found, the average number of iterations needed
is 96 for the coupled algorithm and 126 for the single genetic algorithm. Thus, the
use of an ant colony algorithm as a generator of feasible solutions may be crucial
to reduce computation times in real-time implementation. On the other hand, the
proposed hybrid algorithm is much more robust vis-à-vis variations of optimization
parameter values.

6.3.3. Extension to problems in real variables

6.3.3.1. Description of the algorithm

The above-obtained results are based on the simplifying assumption of linear costs
(ak

2 = 0). Indeed, this assumption makes it possible to calculate all real variables from
binary variables. We will now relax this assumption and calculate real production
variables with an ant colony algorithm in real variables [SER 07]. Binary variables
will always be calculated using the ant colony/genetic hybrid algorithm, described
in the previous section. Thus, for each potential solution U, variables Q must be
calculated.

We will use here an algorithm developed by Socha and Dorigo [SOC 08]. In this
algorithm, s potential solutions are stored in memory. To alleviate notations, let us
define

– U j = {uk
n, j;n = 1, . . . ,N;k = 1, . . . ,K} the jth solution stored in binary variables;

– Q j = {Qk
n, j;n = 1, . . . ,N;k = 1, . . . ,K} = {x1

j , . . . ,x
KN
j } the jth solution stored

in real variables.
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We keep in memory a matrix T such that

T =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

x1
1 x2

1 . . . xi
1 . . . xKN

1
x1

2 x2
2 . . . xi

2 . . . xKN
2

...
...

. . .
...

. . .
...

x1
j x2

j . . . xi
j . . . xKN

j
...

...
. . .

...
. . .

...
x1

s x2
s . . . xi

s . . . xKN
s

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

[6.17]

The corresponding cost vector is also kept in memory:

H = [ f1, f2, . . . , fs]
T

with

f j = f (U j,Q j) =
N

∑
n=1

(
∑K

k=1 ck
prod(u

k
n, j,Q

k
n, j)

+ck
on/off(u

k
n, j,u

k
n−1, j)

)
[6.18]

From these costs, assumed to be ordered ( f1 ≤ f2 ≤ . . .≤ fs), a discrete probability
density pr is defined by

pr =
ωr

∑s
j=1 ω j

and ω j =
1

qs
√

2π
exp

− ( j−1)2

2q2s2 [6.19]

and q is a parameter of the algorithm. Then, the algorithm for calculating real variables
is the following:

– step 1: choice of a model ant, denoted by l, according to the probability law of
equation [6.19];

– step 2: choice of new real variables {xi
new, i = 1, . . . ,KN} selected according to

Gaussian probability laws N(μ i
new,σ i

new) defined by

μ i
new = xi

l

σ i
new = ξ

s−1 ∑s
m=1 |xi

m − xi
l |

[6.20]

where ξ is another parameter of the algorithm. After this step, the amount of energy
produced may not meet the demand satisfaction constraint [6.5]. In this case, the
following procedure is used:

– choice of real variables by the previous algorithm (steps 1 and 2);
– step 3: if ∑K=1

k=1 Qk
nuk

n < Qdem
n (resp. >), then randomly choose one of the three

units in status on and increase (resp. decrease) the corresponding production, until
achieving equality;

– step 4: if this is not enough, repeat step 3 with another unit.
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Test Best Average (%) Success rate (%) Computation time(s)

100 iter +0 +7.6 12 22
200 iter +0 +2.6 46 45
500 iter +0 +1.6 65 25

Table 6.3. Optimization results of mixed algorithm (four units)

Test Best (%) Average (%) Computation time(s)

500 iter +1.4 +9.7 275
1000 iter +0.2 +7.8 550

Table 6.4. Optimization results of mixed algorithm (ten units)

Following these four steps, new potential solutions are therefore created and
evaluated. An evaporation step is necessary to avoid too quick convergence toward
local minima. The best new solutions will thus integrate matrix T in place of the
worst solutions of this matrix. This ant colony algorithm in real variables, which is
similar to an estimation of distribution algorithm, is thus based on the two principles
of the discrete algorithm: influence of previous results and forgetting of past mistakes.

6.3.3.2. Simulation results

A mixed ant colony algorithm was tested on an instance similar to that of the
previous section, in a case with four units and a horizon of N = 24 h. Parameters
of the discrete algorithm are the same as before. Parameters of the algorithm in real
variables are s = 20,q = 1, and ξ = 0.8. The results are presented in Table 6.3.

Results for a more realistic case with ten units are presented in Table 6.4.

Thus, the results presented here show the interest of the ant colony algorithm, in
its discrete and/or mixed version, for solving of this industrial problem.

6.4. From optimization to predictive control

6.4.1. Problematic

The optimization results obtained in the previous sections assume that consumer
demand Qdem

n is perfectly known within the time horizon. In fact, this demand is
predicted, and the algorithm only knows that prediction Q̂dem

n , is necessarily flawed
with prediction errors. Therefore, optimization results are an open-loop control of the
system calculated using a perturbed model. Consequently, its direct application to the
real system may pose serious problems, and a closed-loop control is necessary. In this
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study, we opted for using principles of predictive control, which are a natural way to
extend optimization results in a closed-loop framework [SAN 07].

6.4.2. Predictive control

Predictive control is a proven control method of industrial systems. The principle
of the method is shown in Figure 6.9.

Computation of optimal open loop on [m,m+N-1]

ku kŷPrediction model of
the plant

),,,(min 11
,,, 11

−++

−++

Nmmm
uuu

uuuf
Nmmm

…

…

Real plantmu my

Apply first value of the control input on [m,m+1]

Update prediction model from ym

1+←mmReceding
horizon

closedloop

Figure 6.9. Principle of the predictive control

Predictive control implies that a prediction model of the system to control and
objectives to be achieved over a future time horizon [m,m+N−1] are available. From
this prediction model, an optimal control is calculated. Only the first value of the
control, um, is applied to the system. Due to the errors in the prediction model, a
deviation appears between the system’s response and prediction. This deviation is
used to update the prediction model. The procedure is then repeated on time horizon
[m+ 1,m+N]. This feedback principle is called the receding horizon, on which all
predictive control techniques are based. The second fundamental ingredient is solving
online successive optimization problems. Fine description of various techniques of
predictive control far exceeds the scope of this chapter. The interested reader may
refer to [CLA 87] or [MAC 02].
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6.4.3. Application to the unit commitment problem

In the case of the unit commitment problem, the prediction model is based on
consumer demand prediction Q̂dem

n on horizon [m,m+N − 1]. Algorithms based on
ant colony optimization can then define the optimal policy to adopt for the system,
i.e. variables {uk

n,Q
k
n;n = m, . . . ,m+N − 1;k = 1, . . . ,K} which would allow us to

achieve the lowest costs, if consumer demand was actually given by Q̂dem
n . At time m,

controls {uk
m,Q

k
m;k = 1, . . . ,K} may therefore be applied to the production system, on

which real consumer demand naturally acts. Note that at this stage, Qdem
m is known:

variables {Qk
m;k = 1, . . . ,K} can therefore be slightly changed, subject to compliance

with ramp constraints.

At time m+1, the prediction model is updated with production levels actually used
at time m, and optimization is recalculated on horizon [m+ 1,m+N] from predicted
demands.

6.4.4. Simulation results

The predictive control algorithm was tested on the system of four production units,
with a demand prediction always underestimated. This is the worst case for the control
of the system. The simulation results obtained for a scenario of 4 days are shown in
Figure 6.10.

Figure 6.10. Application of the predictive control

Without a feedback by receding horizon, production would always have been equal
to prediction. Introduction of feedback can greatly limit the influence of the prediction
error.
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6.4.5. Interest of ant colony optimization for predictive control

Predictive control is widely used to control industrial systems, especially for
systems whose reference trajectory is known in advance. As explained above,
application of such a control method is based on online solving of optimization
problems. In this context, the use of stochastic algorithms, such as ant colony
optimization, may be very interesting for controlling hybrid and nonlinear dynamic
systems. Indeed, for such systems, optimization problems consist of a large number
of binary variables and frequently present numerous local minima. On the other hand,
cost and constraint functions may often be calculated only through a simulator, making
the use of descent-type algorithms difficult. Thus, an ant colony algorithm is a good
candidate for solving such problems.

However, the solution of the optimization problem must be obtained online
to make this method applicable, implying that the sampling period used is large
(algorithm execution times, although remarkable, given the difficulty of the problem
solved, remain high). This is possible if system dynamics are slow (several hours
for the unit commitment problem, which allows a sampling period of 1 hour).
Furthermore, results on stability of the closed loop obtained by predictive control
could be established. These results imply that the global solution of the optimization
problem is found at each sampling step. No guarantee can be given with stochastic
algorithms, regarding optimality of the calculated solution. Therefore the use of a
stochastic algorithm, such as ant colony, for control calculation, is generally suitable
only for open-loop stable systems.

In summary, the ant colony algorithm is a very interesting tool for the closed-loop
control of systems:

– including many binary variables;
– with nonlinear, even non-analytical, expressions of costs and constraints;
– with slow dynamics;
– open-loop stable.

This is particularly the case of the unit commitment problem addressed in this
chapter.

6.5. Conclusion

In this chapter, we presented the application of ant colony optimization to the unit
commitment problem. This type of algorithm could thus solve a mixed optimization
problem of relatively high dimension with a reasonable computing time. Several
variants were presented: algorithm in binary variables, coupling with a genetic
algorithm, and extension to real variables.
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The optimization results obtained are an open-loop control of the production
system. However, this control can be calculated only from predictions of consumer
demand, necessarily flawed with errors. Therefore, a closed-loop control of the system
is required. The principle of receding horizon, used in predictive control techniques,
is a natural way to extend optimization results in a closed-loop framework. The use
of ant colony optimization may thus allow controlling hybrid and nonlinear industrial
systems.
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Chapter 7

Ant Colony Optimization for Manufacturing
Aluminum Bars

7.1. Introduction

When it comes to solving combinatorial optimization problems, metaheuristics
are algorithms well adapted to conditions encountered in practical applications. They
offer an interesting compromise between solution quality and computation time
required for obtaining them. It is partly why this area has grown significantly in recent
years. Many methods have been introduced, as ant colony optimization (ACO), which
is a solving strategy whose behavior is based on that of real ants.

The ACO metaheuristic attempts to reproduce the evolving behavior of sharing
learning observed in real ants through a central memory, called “pheromone trail,”
which is fed by the community members. This memory guides ants to build solutions,
and the latter feed in turn the central memory, proportionally to the quality of produced
solutions. Thus, ACO is a constructive algorithm, whose choice of solution elements
is made as a compromise between this common learning and a greedy heuristic (or
visibility), focused on the problem to solve.

Since its introduction in the early 1990s, this metaheuristic proved effective
in solving many problems. The first ACO algorithm, called ant system (AS)
[COL 91, DOR 91, DOR 92], was defined to solve the traveling salesman problem
(TSP). It then produced encouraging preliminary results, although not competing
with the best algorithms known in the literature to solve this problem [DOR 04].

Chapter written by Marc GRAVEL and Caroline GAGNÉ.
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Subsequently, several works were proposed to improve its performance and led to
elitist AS (EAS) [DOR 91, DOR 92, DOR 96], rank-based AS (AS-Rank) [BUL 99],
MAX–MIN AS (MMAS) [STÜ 97, STÜ 00], and finally ant colony system (ACS)
[DOR 97] versions. According to M. Dorigo and L. Gambardella [DOR 97], ACS is
now the most advanced version and one of the most efficient for solving combinatorial
optimization problems.

We present in this chapter a real case of ACO application in industrial scheduling
in the area of aluminum manufacturing. Regarding the design of this algorithm, the
main difficulties lie in the numerous constraints related to this industrial problem and
in evaluation of a solution, which requires a complete simulation of the production. In
this regard, quality of computer implementation of the algorithm plays a key role in
supplying the decision maker with a solution in a reasonable time.

We describe the entire development process of this application and the work that
was subsequently performed. We will notably compare the performance of two ACO
versions and demonstrate the importance in the design of visibility choice for the
performance of the metaheuristic. We also propose improvements of ACO with the
use of several visibilities related to the problem addressed. We show the importance,
in a practical context, where there are usually several objectives to optimize, using a
search approach of compromise solutions. The proposed approach is, by its simplicity,
flexibility, and performance, a relevant decision aid tool, in the context of an industrial
application, where compromise between computation time and solution quality is
important.

To evaluate the quality of solutions produced in the industrial context, performance
of our algorithms was validated using problems of the same type (single machine with
sequence-dependent setup times) found in the literature. This way, it is possible to
realize a performance comparison with other algorithms. We believe that such an
approach is essential, because for an industrial problem measuring performance of
developed algorithms is generally difficult.

7.2. Scheduling the manufacturing of aluminum bars in the Alcan Company’s

Dubuc plant

In this section, we present the work performed since 1998 at the casting center
of the Dubuc plant, which is owned by the Alcan Company (now Rio Tinto Alcan),
located in the Saguenay region of Quebec. This casting center is supplied with pure
aluminum, as needed, by electrolysis plants located nearby. The problem addressed is
the scheduling of orders for a horizontal casting machine fed by two holding furnaces
of 21 metric tons (MT) (1 MT = 1,000 kg). Figure 7.1 depicts the main features of
the process. Furnaces are used to prepare the mixture composed of pure aluminum
and alloys’ appropriate ingredients to meet the specifications. Once the mixing is
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completed, the metal is transported to the casting machine by a scupper (casting
channel between the furnace and the casting machine) to be formed. While a furnace
makes the casting, the other furnace is under preparation, and this preparation will
have to be completed before the end of the first furnace casting, to avoid a costly
shutdown of the production. The forming mold sets the width and height of each bar
produced, whereas a saw located at the output is used to cut the bar to the desired
length. Each order has particular characteristics determined by alloy type, a number
of identical pieces to produce, dimension of these pieces, and the delivery date.

Figure 7.1. The horizontal casting process in the Dubuc plant

Two types of setup may occur during production. A change in dimensions of
pieces to produce for two successive orders induces a change of the forming mold of
the casting machine. An amount of metal is then necessary to reheat the scupper, and
it is considered as waste. The second type of setup may occur at the level of furnaces,
when two successive orders are in different alloys. In this case, it is possible that a
partial draining or a dry draining of the furnace (complete draining, followed by a
cleaning) is necessary, before preparing the recipe of the other alloy. Of course, both
types of setup may occur at the same time.

As casting through a horizontal machine is a continuous process, evaluation of a
particular scheduling must establish whether it is possible to feed it without stoppage
using two furnaces. A stoppage in metal feeding automatically requires changing the
forming mold, as metal residues have accumulated on it. A simulation model is used
to check if the preparation of one furnace can be made during the casting of the other
furnace. This period depends on the dimension of the bars produced and on the casting
velocity specific to each alloy. In addition, the preparation of furnaces is realized with
pure metal, available in crucibles of 16 MT, and “remelt.” The residual level of the
furnace and the amount of remelt used are the two main factors influencing preparation
time of the furnace. Another technological constraint lies in the fact that the different
molds are attached to specific basins (Figure 7.1), of which there is only one copy
in some cases. Therefore, some sequences are considered as unfeasible, since two
successive orders of different dimensions use the same basin.



142 Artificial Ants

According to a lexicographic ordering, evaluating a schedule is performed using
three objectives. The priority order of these ones is determined by the planner. These
objectives are:

– minimizing the unused production capacity because of the different setups (L+
1 );

– minimizing the total tardiness for all orders with regard to their due dates (L+
2 );

– minimizing a penalty function aiming to group orders to be transported to the
same destination, for maximizing the use of the trucks’ capacity (L+

3 ).

The next section describes the work performed using ACO to design an application
and its implementation in the plant. In the other sections, we present further
work, whose results have not been implemented in the plant. The reader may also
consult [GAG 01] for more details.

7.2.1. An algorithm based on the AS for scheduling the production of aluminum
bars in the Dubuc plant

The first version of ACO is the AS algorithm. It was inspired by studies of real
ants’ behavior [DEN 83, DEN 89, GOS 90]. The overall operation of the algorithm is
presented in Algorithm 7.1. The classical problem solved using this algorithm is the
TSP, where the distance (di j) between any cities i and j is used to define the visibility
concept ηi j in the transition rule represented by equation [7.1]. The transition rule
sets, in cycle t, the probability pm

i j that an ant m positioned at city i moves towards
city j. A memory for each ant (tabum) allows then to consider only cities j, which
did not already belong to the tour under construction. Each probability is determined
by considering the trail intensity (τi j) accumulated in the pheromone matrix on arc i j
and visibility ηi j, which is defined by 1/di j. Parameters α and β control the relative
importance given to each of these two elements:

pm
i j =

⎧⎨
⎩

[τi j ]
α ·[ηi j ]

β

∑
l /∈tabum

[τil ]
α ·[ηil ]

β if j /∈ tabum

0 if j ∈ tabum

[7.1]

For the scheduling problem of the manufacturing of aluminum bars in the Dubuc
plant, we chose, as a first implementation of the algorithm, to replace the distance
matrix of the TSP by a matrix of cumulative penalties associated with each element
of the problem. In addition, matrix D has a dimension of (N + 1)× (N + 1), where
N is the total number of orders of the order book, in order to keep the link with the
previous period of planning. Thus, we made a direct transposition of the TSP to our
problem.
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1: t = 0; Initialize the pheromone trail matrix τ at a small value τ0 for each arc i j;
2: for t < NbCycles do

3: Determine randomly a departure city for each ant;
4: for pos = 2 to N do

5: for m = 1 to nb_ants do

6: Select the next city j, j /∈ Tabum, to be added to the sequence according
to equation [7.1];

7: end for

8: end for

9: for m = 1 to nb_ants do

10: Evaluate the length of the tour Lm for each ant m;
11: Update the pheromone trail by means of each ant m;
12: end for

13: Update the best known solution to date.
14: end for

Algorithm 7.1: Pseudo-code of the AS algorithm

Elements of matrix D are set as follows:
(1) The matrix is initialized to di j = 1 for all orders i j.
(2) A penalty of +2 is added to di j if orders i and j are of different alloys and such

that dry draining is necessary.
(3) A penalty of +2 is added to di j if orders i and j require the production of pieces

of different dimensions and thus require a change of mold.
(4) To encourage the compliance with due dates and in order to minimize

the total tardiness, a penalty equal to twice the ratio [max(0,slack of order j)/
maximum slack for all orders] is added to di j, where slack of order j = (due date)−
(production start date)− (production time).

(5) A penalty of +2 is added to di j if delivery destinations of orders i and j are
different.

(6) A penalty of +500 is added to di j if orders i and j use the same basin and thus
violate a technological constraint.

However, given the lexicographical ordering of objectives, the numerical
experiments presented in [GRA 02] have shown that for achieving better performance
it is preferable to build matrix D by including only those elements that are directly
related to the main objective. For example, if the main objective is to minimize the
unused production capacity because of the different setups (L+

1 ), only steps (1), (3),
(4), and (6) should be used to build matrix D. For minimizing the total tardiness for
all orders with regard to their due dates (L+

2 ), only steps (1)–(4) and (6) are necessary
to build matrix D, but using a penalty of +1 instead of +2 in steps (3) and (4). For
minimizing the function related to the transportation (L+

3 ), we should use only steps
(1), (5), and (6).
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This version of the AS algorithm was implemented in the Dubuc plant in May
1999, replacing the genetic algorithm initially designed by the authors and used for
a few months. Since AS is a constructive algorithm, it achieved, in this case, better
results than the genetic algorithm. It should be noted that, in both cases, no local
search method was incorporated into the metaheuristic. This is, to our knowledge,
the first implementation of an ACO version in the industry. Figure 7.2 presents an
overview of the software implemented in the Dubuc plant.

Figure 7.2. Software implemented in the Dubuc plant

The relevance of separating particular elements of the problem at the level of AS
visibility led the rest of our work toward the use of multiple visibility matrices, rather
than a single matrix, in the transition rule. The next section describes these works,
detailed in Gagné et al. [GAG 02a], that use the ACS algorithm instead of AS.

7.2.2. An improved algorithm for scheduling the production of aluminum bars in
the Dubuc plant

Dorigo and Gambardella [DOR 97] have introduced a new version of ACO, called
ACS. It proposes changes in the transition rule of AS, namely the consideration of
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a probabilistic part and a deterministic part, and the use of a list of candidates (cl)
to reduce the computational effort. Moreover, update of pheromone trail in ACS is
made both locally and globally. The authors also suggested the use of restricted 3-
Opt [JOH 97] as a local search method. Equation [7.2] defines the fitting we have
made of the ACS transition rule to the scheduling problem under study. Parameter q0
determines the proportion of decisions taken deterministically.

The next order j, j /∈ tabum, is chosen among the cl candidates according to

j =

⎧⎪⎨
⎪⎩

arg max
l /∈tabum

{
[τil ]

α ·
[

1
sil

]β
·
[

1
mil

]δ
·
[

1
cil

]λ
}

if q ≤ q0

J if q > q0

[7.2]

where J is chosen according to the probability

pm
i j =

[τi j]
α ·

[
1

si j

]β ·
[

1
mi j

]δ ·
[

1
ci j

]λ

∑
l /∈tabum

[τil ]
α ·

[
1
sil

]β ·
[

1
mil

]δ ·
[

1
cil

]λ [7.3]

In [GAG 02a], we proposed to use, in equations [7.2] and [7.3], three visibility
elements, each of them being directly linked to one of the three objectives of the
problem. Matrix S contains penalties related to both types of setup that may affect
objective L+

1 , matrix M contains slacks of orders with regard to their due dates,
related to objective L+

2 , and finally matrix C contains penalties related to objective L+
3 .

Algorithm 7.2 indicates the elements used for the construction of the three visibility
matrices.

We have then only to modify exponents α , β , and λ of visibility elements
according to the prioritization of objectives, rather than to build a new matrix D, as in
the work presented in the previous section.

It is now interesting to compare the performance of the two ACO versions, the
one with the use of a single visibility matrix and the other with the use of multiple
visibility matrices. Minimizing the total tardiness (L+

2 ) is the objective, which has the
largest variability, thus providing a better opportunity for comparison. Considering
it as a primary objective, Gagné et al. [GAG 02a] have proven that, for order books
of more than 30 orders, using several visibility matrices with AS statistically yields
better results than using a single visibility matrix. Figure 7.3 gives an illustration of
this situation, with an order book of 50 orders. On the basis of ten trials it can be
observed that the mean total tardiness is decreased from 88.68 days, in the case of
using a single visibility matrix (AS-MU), to 26.41 days, in the case of using multiple
visibility matrices (AS-MM). However, significant differences are not observed here
by using ACS (ACS-MM) instead of AS with multiple visibility matrices.
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Matrix S:
1: Initialization of si j = 2 for all orders i j.
2: A penalty of +2 is added to si j if orders i and j require production of pieces of

different dimensions, thus requiring a change of mold.
3: A penalty of +1 is added to si j if a draining is required between alloy of order i

and that of order j.
Matrix M:

1: Initialization of mi j = 2 for all orders i j.
2: To encourage the respect of due dates and thus minimizing

the total tardiness, a penalty equal to twice the ratio
[max(0,slack of order j)/maximum slack for all orders] is added to mi j. We
have: slack of order j = due date−production start date−production time.

3: A penalty of +1 is added to si j if a draining is required between the alloy of order
i and that of order j.

Matrix C:
1: Initialization of ci j = 2 for all orders i j.
2: A penalty of +2 is added to ci j if delivery destinations of orders i and j are

different.
Algorithm 7.2: Construction of visibility matrices S, M, and C. In each matrix, a
penalty of +500 is added when successive orders i and j use the same basin and thus
violate a technological constraint

Figure 7.3. Performance comparison of AS-MU, AS-MM, and ACS-MM
for a problem of 50 orders

It was also proven by Gagné et al. [GAG 02a] that, for order books of more than 40
orders, using multiple matrices with ACS, including 3-OPT as local search method,
statistically provides better results than using a single visibility matrix, including a
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Figure 7.4. Performance comparison of ACS-MU-3-OPT and ACS-MM-3-OPT
for a problem of 50 orders

local search procedure. Figure 7.4 gives an illustration of this situation, with an order
book of 50 orders. We observe that the mean total tardiness is decreased from 37.35
days, with a single visibility matrix (ACS-MU-3-OPT), to 20.47 days, with the use of
multiple visibility matrices (ACS-MM-3-OPT).

Therefore, we can conclude that, regardless of the ACO version, the use of multiple
visibility matrices becomes a valuable benefit for performance. It notably allows us to
better adapt the algorithm to the problem to be solved, in case multiple objectives must
be optimized. Although the two ACO versions seem giving identical results, according
to Dorigo and Gambardella [DOR 97], ACS is now the most advanced version and one
of the most efficient to solve combinatorial optimization problems. We also confirmed
that ACS performs better than AS, MMAS, EAS, and AS-Rank algorithms for the car
sequencing problem [GAG 08], presented in Chapter 8.

In [GAG 02a], we also proposed the use of another form of visibility (look-
ahead), which failed, for the manufacturing problem of aluminum bars, to obtain a
significant improvement in quality of results. However, in [GAG 02b], this form of
visibility was proved to be interesting for another scheduling problem. In the case
of the industrial problem, evaluation of objectives, for a given sequence, requires a
complete simulation of production. Therefore, in this case, the use of look-ahead is
very disadvantageous in computation time.

We will now present the follow-up of this work that seeks to supply the decision
maker with more comprehensive information for choosing the production sequence to
implement.
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7.2.3. Compromise solutions for scheduling the production of aluminum bars in
the Dubuc plant

The lexicographic ordering of objectives is simple to implement from an
algorithmic viewpoint, but it is unlikely that a planner seeks this type of solutions in an
industrial context. Given that the production planner has identified three objectives in
the problem’s formulation, he rather endeavors to find compromise solutions (Pareto-
optimal solutions) between the different objectives.

In practical situations, such as casting of aluminum, calculation times may be
important if we seek to wholly generate the Pareto-optimal set. We mentioned earlier
that, in the manufacturing problem of aluminum bars, the computation time required
to evaluate a production sequence is large. It is then better to ask the decision
maker his preferences regarding the different objectives and produce only Pareto-
optimal solutions matching them. To this end, a generic procedure was proposed
by Gagné et al. [GAG 05], which can be adapted to different metaheuristics for the
search of compromise solutions. In the application example, described in [GAG 05],
of this generic procedure, tabu search is hybridized with variable neighborhood
search, to address a bi-objective scheduling problem on a single machine, with
sequence-dependent setup times. These results were subsequently applied to the
manufacturing problem of aluminum bars in the Dubuc plant [GAG 04].

The general form of an optimization problem with multiple objectives to minimize
can be expressed as follows:

“minimize” f (x) = { f1(x), f2(x), . . . , fz(x)} subject to x ∈ E

where |z| ≥ 2 represents the number of objectives to optimize, x = {x1,x2, . . . ,xN}
represents a vector of decision variables of dimension N, E is the set of feasible
solutions, and f (x) is the vector of objectives to optimize. Given that objectives are
usually conflicting, it is generally impossible to find a single solution that constitutes
the optimal solution together for all the objectives. Therefore, solving the previous
problem consists of searching for a set of solutions E∗ ⊆ E, called Pareto-optimal
set or efficient set. Purao et al. [PUR 99] gave the following definition: a feasible
solution x ∈ E dominates a feasible solution y ∈ E iff ∃u ∈ z| fu(x) < fu(y) and we
have ∀v ∈ z,v 	= u on a fv(x) ≤ fv(y). Moreover, a feasible solution x is efficient or
not dominated (Pareto-optimal) if and only if there is no other feasible solution that
dominates it.

Assume that optimizing each objective taken separately has enabled us to find the
different optimal solutions. The ideal point can be expressed as follows:

F∗ = {F∗
1 ,F

∗
2 , . . . ,F

∗
z } [7.4]

where F∗
v = minx∈E fv(x). It represents, in case of conflicting objectives, the goal

to reach and generally corresponds to an unfeasible solution. Using the compromise
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programing (CP) method proposed by Zeleny [ZEL 82], it is then possible to aggregate
the different objectives into only one measurement, which can reflect the quality of any
feasible solution, by calculating its distance to the ideal point.

Using this idea in multiobjective optimization, we have then only to search, in
space E of feasible solutions, for the solution minimizing the distance to the ideal
point F∗. Relative importance given to each objective by the decision maker can also
be expressed by a set of weights pk ≥ 0,k ∈ z|Σpk = 1 and be taken into account in
calculating a weighted distance to the ideal point.

Figure 7.5 shows, for the problem of 50 orders, an estimate of the Pareto-optimal
set (or reference set) obtained from many numerical trials performed using ACS-
MM-3OPT, under various conditions, considering only two objectives. The point
indicated by a circle in the bottom left part of this figure represents the ideal point
for this problem. A normalized distance dist can be calculated from any point of the
reference set to the ideal point. To perform this calculation, the weight allotted to
each objective must be specified to weigh the distance, depending on the importance
of each objective.

Figure 7.5. Ideal point and reference set for a problem of 50 orders in the case of the
optimization of two objectives: minimization of unused production capacity (L+

1 ) and
of total tardiness (L+

2 )

Using ACS-MM-3-OPT presented in section 7.2.2 and prioritizing objectives in
L+

1 –L+
2 order, we obtain, on the basis of 10 trials, the mean scores L+

1 = 4.75 and
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L+
2 = 190.12, whereas in the reverse order, we obtain L+

2 = 20.47 and L+
1 = 7.54.

These solutions can be considered of excellent quality, in view of the estimate of the
Pareto-optimal set shown in Figure 7.5. It is also quite clear, through this figure, that
the decision maker could easily accept an additional unused production capacity of
1 day (L+

1 = 5.75) to reduce the total tardiness of about 140 days, by giving a little
less emphasis on objective L+

1 . On the contrary, he probably would accept an increase
in the total tardiness of about 10 days to save a day in unused production capacity.
Thus, if the decision maker could allot a weighting pk ≥ 0 to each objective, rather
than defining a strict order of priority between them, quality of the decisions taken
would better reflect his expectations.

Phase 1: Search for the ideal point

1: Calibration of parameters of the metaheuristic
2: Optimization of objectives separately to determine the ideal point

Phase 2: Search for compromise solutions

1: Statement of the decision maker’s preferences (weighting of objectives)
2: while stopping conditions are not met do

3: Construction or generation of solutions by a metaheuristic
4: Evaluation of solutions thus generated on the different objectives
5: Checking of dominance relations and recording of the solutions
6: Calculation of the normalized and weighted distance to the ideal point
7: end while

8: Application of perturbations on the weighting of objectives and return to step 2 of
phase 2

Phase 3: Presentation of compromise solutions

1: Reduction in the number of solutions to present to the decision maker
2: Output of compromise solutions

Algorithm 7.3: Steps of a generic metaheuristic aimed to search for compromise
solutions [GAG 04]

Procedure presented in Algorithm 7.3 was proposed in [GAG 04] to find
compromise solutions using any metaheuristic. It generates the part of the Pareto-
optimal set matching preferences of the decision maker. For example, while allotting
a weighting of 0.8 to objective L+

1 and 0.2 to objective L+
2 , we can supply the decision

maker with an interesting estimate of a part of the Pareto-optimal solutions’ set, as
shown in Figure 7.6(a). Based on expressed preferences, the seven solutions proposed
to the decision maker by ACS-MM-3-OPTMO are indicated using triangles and are
superimposed on the reference set, which is expressed by diamonds. Points circled
and framed in the graph indicate, respectively, the solution of ACS-MM-3O-PTMO

and that of the reference set, which have the least normalized and weighted distance
to the ideal point. By allotting now a weighting of 0.2 to objective L+

1 and 0.8 to
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objective L+
2 , the estimate of the Pareto-optimal solutions’ set produced by ACS-MM-

3-OPTMO is composed of six solutions, which are now more to the right of the curve
shown in Figure 7.6(b).

(a) Weighting of 0.8 on objective L+
1 and 0.2 on objective L+

2

(b) Weighting of 0.2 on objective L+
1 and 0.8 on objective L+

2

Figure 7.6. Comparison of the performance of ACS-MM-3-OPTMO with regard to the
reference set: problems of 50 orders



152 Artificial Ants

Even in cases when the decision maker allots a weighting of 1 to one of the
objectives, ACS-MM-3-OPTMO proposes then a set of solutions to the decision maker,
rather than only one solution, such as through a lexicographic approach. For example,
in Table 7.1, in the case where the decision maker has given utmost importance
to objective L+

1 , ACS-MM-3-OPTMO suggests a set of three solutions, whereas the
lexicographic approach only proposed solution L+

1 = 4.75 and L+
2 = 190.12. The

decision maker will surely prefer a solution, such as L+
1 = 4.90 and L+

2 = 93.59, to save
almost 100 days of delay, while inducing a relatively minor additional unproductive
time in the plant. Similarly, in case the decision maker has given absolute importance
to objective L+

2 , ACS-MM-3-OPTMO suggests a set of five solutions, whereas the
lexicographic approach proposed solution L+

2 = 20.47 and L+
1 = 7.54. The decision

maker is well aware that he can save a half-day in unused production capacity (L+
1 ),

while accepting an additional total tardiness of a few days.

Weightings Proposed solutions
with a unique objective

L+
1 L+

2 L+
1 L+

2
1.0 0.0 4.75 180.15

4.90 93.59
5.11 83.93

0.0 1.0 7.43 18.49
7.23 23.15
6.91 26.99
6.73 38.29
6.42 42.30

Table 7.1. Compromise solutions obtained by prioritizing a single objective

The proposed approach can be easily applied with more than two objectives. The
reader may refer to [GAG 04] for results on the manufacturing problem of aluminum
bars with three objectives. Owing to its simplicity, flexibility, and performance,
this solving approach is a relevant decision aid tool, in the context of an industrial
application, where compromise between calculation time and quality of solutions is
important. In addition, the decision aid tool, in its present form, contains all the
components needed to add a fourth phase, allowing interaction with the decision
maker, thus achieving an interactive tool.

7.3. Conclusion

In this chapter, we presented a real-life application of the ACO metaheuristic
related to industrial scheduling, in the field of aluminum manufacturing. This example
clearly illustrates the fact that metaheuristics are solving strategies, which must be
adapted at any time, to incorporate specific elements of the problem addressed to
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achieve an interesting performance. This is particularly true in the case of the ACO,
where visibility term(s) is (are) very important in guiding the process of solution
construction.

In this application, we introduced the use of multiple visibility matrices, rather
than making a simple transposition to the TSP. This change to the traditional operation
of ACO has improved the quality of results produced by the metaheuristic. We
have also proposed an effective procedure for the processing of objectives to achieve
compromise solutions. This type of solution matches the concerns of a production
planner better than the classical lexicographic ordering of objectives.

It can be pointed out that we also implemented several other applications related
to scheduling in different Quebec plants of the Rio Tinto Alcan Company. These
are based on the use of genetic algorithms and tabu search. We believe that each
metaheuristic has strengths and weaknesses and that the work done during design, to
take into account specifications of the problem to be solved, is the key element, for
achieving an interesting performance with each of them.
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Chapter 8

Ant Colony Optimization for Car Sequencing

8.1. Introduction

In the previous chapter, we showed that irrespective of the version of the ant colony
optimization (ACO) used, various adjustments are necessary to obtain interesting
performance in an industrial context. The application presented in this chapter for the
sequencing of a car assembly line again highlights the same observation. However,
for this second application, the performance of the developed algorithm using ACO is
compared with that of several other algorithms specifically developed to address this
industrial problem proposed by Renault in the framework of the Challenge ROADEF
2005 [NGU 05, SOL 08]. The results obtained should convince the reader that this
metaheuristic is quite appropriate to handle different industrial contexts. Moreover,
it is demonstrated, once again, that for ACO to be effective, it must be always
specifically fitted to the context studied.

The car sequencing problem (CSP) is to determine the order by which a set of cars
are manufactured in an assembly line, which is composed of three successive shops, as
illustrated in Figure 8.1. In section 8.2, we present the work performed using ACO for
the theoretical version of this industrial problem, which takes into account only certain
constraints of the assembly shop [DIN 88]. We have shown that the different versions
of ACO developed have constantly improved the best results of the literature for this
single-objective scheduling problem. In this case, numerical tests were performed on
instances of the literature comprising up to 400 cars. Thereafter, in section 8.3, we
present the work performed for the industrial problem, as formulated by the French
automobile manufacturer Renault in the framework of the Challenge ROADEF 2005.

Chapter written by Caroline GAGNÉ and Marc GRAVEL.
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We show that ACO is quite competitive for this multiobjective scheduling problem
compared with several other algorithms. In this case, the size of some instances
exceeds 1,000 cars to be scheduled.

Figure 8.1. The three shops of a car assembly line [NGU 05]

The management of the pheromone trail is a central element in different ACO
algorithms. It has undergone most of the changes [DOR 04] leading to different
versions, such as ant system (AS) [COL 91, DOR 91, DOR 92], elitist AS (EAS)
[DOR 91, DOR 92, DOR 96], rank-based AS (AS-Rank) [BUL 99], MAX–MIN AS
(MMAS) [STÜ 97, STÜ 00], and ant colony system (ACS) [DOR 97]. However,
few works have focused on changing the internal structure of the pheromone trail
(i.e. encoding of the pheromone). Actually, the latter usually is a direct transcription
that was used for the traveling salesman problem (TSP), although the nature of the
problems addressed is often very different. Through the approach presented in this
chapter, we proposed the use of a new structure of pheromone trail specialized in
solving this problem. This puts even greater emphasis on the fact that all ACO
components must be adapted to the problem under study to achieve interesting
performance. Many applications use unadapted versions of ACO, while incorporating
local search as key element for improving the solution quality. By presenting
this application and work, which was subsequently conducted, we aim to sensitize
researchers to spend more time at the design level, whatever be the metaheuristic
used, rather than used quickly, in the course of their development, local search, or
hybridization to improve performance.

8.2. Solving the theoretical car sequencing problem using ACO

The theoretical CSP only includes constraints of the assembly shop. In this shop,
each car is characterized by a set of options O (sun-roof, ABS system, etc.), each of
them being performed by a workstation designed to handle up to a certain percentage
of cars passing in the shop. To ensure that workstations’ capacity is not exceeded, cars
requiring the same options should, therefore, be spaced to regulate the production rate.
These constraints can be expressed as a ratio r0/s0 implying that, for every successive
sub-sequence of s cars, at the most r cars may have option o. Kiss [KIS 04] have
proven that this problem is NP-hard.
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The CSP was originally described by Parello et al. [PAR 86, PAR 88] with the
objective to determine a scheduling aimed to minimize, for each option o, the number
of sub-sequences of length s for which there are more than r cars having this option.
When one of these capacity constraints is violated, we say that there is a conflict. To
simplify the problem, cars with exactly the same configuration of options are grouped
into classes. For each class v, cv then represents the number of cars to produce. These
amounts define the production constraints of the problem.

Table 8.1 presents an example for the production of 25 cars (NC) having five
options (O) and comprising six classes (V). We denote B the matrix of Boolean values
specifying whether the cars in class v have option o. We also have vector Y which
represents a production sequence, as shown in Table 8.2.

Class #

o r s 1 2 3 4 5 6

1 1 2 0 1 1 0 0 0
2 2 5 1 0 1 0 1 1
3 1 3 0 1 0 0 0 0
4 3 5 0 0 0 1 0 1
5 2 3 0 1 1 0 1 0

cv 5 5 4 4 3 4

Table 8.1. Example of a CSP

Position 1 2 3 4 5 6 .... 21 22 23 24 25

Y 3 5 5 4 6 4 3 1 4 5 1

Table 8.2. Solution of a CSP

To evaluate the number of conflicts in solution Y , we first build a matrix A of
dimension O×NC. Then we have aok = 1, in case the class of cars assigned to position
k of the solution requires option o, and aok = 0, otherwise. The decomposition, for
the various options, of solution Y of Table 8.2 thus allows the setting up of matrix A

presented in Table 8.3. For example, evaluation of this solution shows, the presence of
conflicts in positions 1–5, 2 to 6–3 to 7–20 to 24, and 21–25 for option 2 and a conflict
in positions 1–3 for option 5.

To solve this problem, we proposed an ACS [GRA 05], denoted by ACS-2D in the
remainder of this chapter, whose main elements are presented in Algorithm 8.1.

The pheromone trail is stored in a two-dimensional symmetric matrix τ of
dimension V ×V , where V is the number of classes of the instance. The element



158 Artificial Ants

Position 1 2 3 4 5 6 .... 21 22 23 24 25

Y 3 5 5 4 6 4 3 1 4 5 1
1/2 1 0 0 0 0 0 1 0 0 0 0
2/5 1 1 1 0 1 0 1 1 0 1 1

Option 1/3 0 0 0 0 0 0 0 0 0 0 0
3/5 0 0 0 1 1 1 0 0 1 0 0
2/3 1 1 1 0 0 0 1 0 0 1 0

Table 8.3. Evaluation of a solution

1: t = 0;
2: Initialize matrix (τ)I(t) of pheromone trail to a small value τ0 for each pair of

classes i j;
3: for t < Nb_Cycles and LBg > 0 conflict do

4: Determine at random a start class for each ant;
5: for pos = 2 to NC do

6: for m = 1 to nb_ants do

7: Select the next class j, j /∈ tabum, to be added to the sequence following
class i among cl candidate classes according to equation [8.1];

8: Make the local update of the pheromone trail for (i, j) according to
equation [8.5];

9: end for

10: end for

11: for m = 1 to nb_ants do

12: Evaluate the number of conflicts Lm for each ant m;
13: end for

14: Make the global update of the pheromone trail using the best solution SolBc of
the cycle according to equation [8.6];

15: Update the best known solution SolBg.
16: end for

Algorithm 8.1: Pseudo-code of ACS-2D for the CSP

τi, j reflects the importance of placing a car of class i adjacent to a car of class j. The
diagonal of the matrix is used, because two cars of the same class can be placed side
by side. The trail’s updates are always made symmetrical. In the beginning of the
algorithm, each matrix element is initialized to τ0, which represents a small positive
real value.

The algorithm is run for Nb_Cycles, or until the number of conflicts (LBg) of
the best solution (SolBg) remains greater than zero. In the beginning of each cycle,
a start class of cars is determined for each of the nb_ants ants. From position
2 to NC, classes of cars j are sequentially determined through a transition rule
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(equation [8.1]). A parameter q0 allows us to determine the proportion of decisions
taken in a deterministic way:

j =

⎧⎨
⎩

arg max
l /∈tabum

{
[τil ]

α ·
[

1
1+n_cfl

]β · [dl ]
δ
}

if q ≤ q0

J if q > q0

[8.1]

where J is chosen according to the probability:

pm
i j =

[τi j]
α ·

[
1

1+n_cfj

]β · [d j]
δ

∑
l /∈tabum

[τil ]α ·
[

1
1+n_cfl

]β · [dl ]δ
[8.2]

In addition to the pheromone trail, the proposed transition rule uses two visibility
terms: the first term favors the selection of classes of cars that generate the least
number of new conflicts (n_cf), whereas the second term favors the most difficult
classes of car. The concept of difficulty of a class (dv) was proposed by Gottlieb et al.
[GOT 03] and is based on the concept of usage rate of an option, defined by Smith
[SMI 97]. The usage rate (tuo) of an option o is defined by the ratio of the number
of cars with this option (nbo) to the maximum number of cars, which may have this
option to meet the capacity constraint. Mathematically, the usage rate of option o is
calculated according to equation [8.3]:

tuo =
nbo

�nc · ro/so� [8.3]

The difficulty dv of a class v is then calculated using equation [8.4]:

dv =
O

∑
o=1

bvo · tuo [8.4]

Exponents giving relative importance to the pheromone trail and to the two
visibility terms are α , β , and δ , respectively. It can be also pointed out that a list
of cl classes of candidate cars is used in the transition rule, to reduce the computing
time by limiting the choice of class j available for an ant. Furthermore, any sequence
produced by an ant is required to respect the production constraints. To achieve this,
each ant m uses a list tabu_m containing the classes for which there are no more cars
to be placed. More details about the transition rule are given in the original paper
[GRA 05].

Once class j is chosen by an ant after class i, a local update of the pheromone trail
for element τi, j is made, to slightly reduce the amount of pheromone (equation [8.5]).
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This avoids repeating too often the same choice of classes of car and thus favors
diversification within the search process. The parameter ρl represents the degree of
local persistence of the pheromone trail.

τi, j = ρl · τi, j +(1−ρl) · τ0 [8.5]

At the end of a cycle, a global update of the pheromone trail is made by a single ant,
the best solution of the cycle (SolBc). As presented by equation [8.6], an evaporation
is first performed on all elements of matrix (τ), according to a global persistence
degree ρg of the trail. Then, the pheromone is added for each pair of classes of car i j
belonging to SolBc. The increase is proportional to the solution quality LBc and to the
number x of times the pair i j appears in the solution. Unlike the TSP problem, which
requires the building of a Hamiltonian tour, the CSP problem, due to the grouping
of identical cars in classes, inevitably induces the repetition of class numbers in a
feasible solution. This explains why the repetition of patterns is taken into account in
the global update of the pheromone trail:

τi, j = ρg · τi, j +(1−ρg) ·ΔBc
i, j where ΔBc

i, j =

{
x · 1

LBc if i j ∈ SolBc

0 otherwise
[8.6]

In general, values assigned to the different parameters of ACS-2D follow the
recommendations of Dorigo and Gambardella [DOR 97]. In the other cases, the
parameters were set through numerical experiments and sensitivity analyses. The
reader may consult Gravel et al. [GRA 05] for results obtained using this algorithm,
for the three sets of test problems available via the Internet at http://www.csplib.org/.
This work led to the development of a version of ACS for the industrial problem,
as formulated by the French automobile manufacturer Renault in the framework of
the Challenge ROADEF 2005. The presentation of this work is the topic of the next
section.

Parallel to this work, we continued our efforts to try to supply the ACS algorithm
with more information on the particularities of this problem [GAG 08, MOR 09]. The
pheromone trail used previously is structured to represent the interest of placing a car
of class i adjacent to a car of class j. However, due to capacity constraints r/s of
options extended over multiple positions, the choice of a class of car is influenced
not only by the adjacent class of car but also by the other classes nearby. Indeed, a
class of car may create a conflict with the smax positions that are adjacent to it, where
smax is the longest range among the O capacity constraints of type r/s. For the CSP,
it seems therefore appropriate to evaluate the benefit of placing a class of car while
considering its interaction not only with the class which is adjacent to it but also with
all the classes located nearby.

Another element to consider is the number of positions separating the classes of
car. Owing to capacity constraints, r/s of options forming the classes of car, it may be
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beneficial to place two classes at a certain distance separating them from each other
and not to place them nearby. For this reason, a new dimension is added to the matrix
(τ) of the pheromone trail, taking into account the interest of placing two classes of
car according to the distance separating them. To do this, matrix (τ ′) of the pheromone
trail is of dimension V ×V × smax, where τ ′i, j,dist represents the interest of placing two
classes of car i and j at a distance of dist positions from each other. This new structure
of pheromone trail is called 3D, and changes made to the ACS are explained in the
following sections. They are related to the use of (τ ′) in the transition rule, the local
update, and the global update of the pheromone trail.

The use of the pheromone trail in the transition rule (equations [8.1] and [8.2])
is changed to reflect the interest of placing in position pos a candidate class j near
the last classes of car in the sequence. As illustrated by equation [8.7], a sum of
pheromone trails, accumulated between this candidate class j and each of the classes
i of smax previous positions, are now used, depending on the distance that separates
them. This sum raised to the power α replaces the term [τi, j] in the transition rule
presented earlier. [

pos−1

∑
k=pos−smax

τ ′i, j,pos−k

]α

[8.7]

Once a class of car has been chosen using the transition rule, a local update is
carried out, according to equation [8.8], between class j placed in position pos and
each of the classes i of the smax preceding positions. The modification thus involves a
total of smax local updates of the trail:

for each class i in position k between (pos− smax) and (pos−1) do

τ ′i, j,pos−k = ρl · τ ′i, j,pos−k +(1−ρl) · τ0
[8.8]

As in the ACS-2D algorithm presented earlier, the best solution of the cycle (SolBc)
contributes to the global update of the trail at the end of a cycle. Moreover, the global
update of the pheromone trail 3D is now made between a class of car i at a given
position y and each of the classes j located at the smax following positions. Equation
[8.9] presents the modification made to the global update:

Evaporation on all elements of matrix (τ ′) according to ρg
for each class i in position k of the solution SBc do

for each class j in position k′ between (k+1) and (k+ smax) do

τ ′i, j,k′−k = τ ′i, j,k′−k +(1−ρg) · 1
LBc

[8.9]

The effectiveness of this new specialized pheromone trail to solve the CSP was
demonstrated using numerical tests. Considering the third set of test problems
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Figure 8.2. Comparison of performance between ACS-2D and ACS-3D for the third
set of test problems

available via the Internet, which gathers instances of greater size, Figure 8.2 shows
a comparison of performance between ACS-2D and ACS equipped with the new
structure of specialized trail (ACS-3D). For this comparison based on the mean
number of conflicts, each problem instance was solved a hundred times. Statistical
tests confirmed the superiority of ACS-3D compared with ACS-2D for each group
of problems (200, 300, and 400 cars). Upon completion of this work, ACS-3D
thus obtained the best results published in the literature. To take advantage of this
specialized pheromone trail, the value of the parameter α controlling its importance in
the transition rule had, however, to be increased. This goes against the trend observed
in the literature that assigns a value of one to α or simply eliminates this parameter
from the transition rule. The reader may consult Morin et al. [MOR 09] and Gagné
et al. [GAG 08] for more details.

8.3. Solving in the industrial CSP using ACO

The reality in the automobile industry is not only the constraints of the assembly
shop but also the constraints of the paint shop as shown by the car manufacturer
Renault in the framework of the Challenge ROADEF 2005 [NGU 05], in the
formulation of the industrial problem. In the paint shop, decreasing the consumption
of the solvent, which is used to clean the painting nozzles each time the color is
changed, is an important objective to consider. Moreover, an overlong sequence of
cars of the same color makes the visual inspection of quality difficult. Therefore, the
number of consecutive cars of the same color cannot exceed a given maximal number
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(rafmax). In this shop, the objective is thus to minimize the number of color changes
(COLOR).

In addition to the constraints of the paint shop, the industrial formulation of the
CSP subdivides the capacity constraints of the assembly shop in two types: the
capacity constraints for high-priority options and the capacity constraints for low-
priority options. Therefore, the number of conflicts for HPO and LPO needs to
be decreased. The industrial problem is thus a problem of multiobjective nature
where three contradictory objectives have to be optimized. In the presentation of
the Challenge ROADEF 2005, the car manufacturer Renault proposesed to address
the objectives of the problem according to the three following priority orders: HPO-
COLOR-LPO, HPO-LPO-COLOR, and COLOR-HPO-LPO. In addition, according
to equation [8.10], the objectives are processed lexicographically, giving the weights
w1, w2, and w3 to each of them. These weights are set to 1,000,000; 1,000; and 1,
respectively.

F(Y ) = w1 ·obj1 +w2 ·obj2 +w3 ·obj3 [8.10]

1: Initialize matrix (τ(t)) of pheromone trail to a small value τ0 for each pair of
classes i j; /* Initialization */

2: for time < tMax do /* Main loop */
3: for pos = 1 to NC do

4: for m = 1 to nb_ants do /* Build a sequence for each ant */
5: Case 1: /* HPO-COLOR-LPO */
6: Use the transition rule described in Algorithm 8.3
7: Case 2: /* COLOR-HPO-LPO */
8: Use the transition rule described in Algorithm 8.4
9: Case 3: /* HPO-LPO-COLOR */

10: Use the transition rule described in Algorithm 8.5
11: Make the local update of the pheromone trail for (i, j);
12: end for

13: end for

14: for m = 1 to nb_ants do

15: Evaluate the solution of each ant m;
16: end for

17: Apply local search methods on the best solution of the cycle SolBc

18: Make the global update of the pheromone trail using the best solution of the
cycle SolBc

19: Update the best known solution SolBg

20: end for

Algorithm 8.2: Pseudo-code of ACS for the CSP+
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Another feature of the industrial CSP+ lies in the fact that the link between the
different production days must be made. Thus, the solution must be evaluated by
considering the cars that were already planned in the previous day and by extrapolating
the minimum number of conflicts that were generated with in the next day. Similarly,
a color change is added if the first car of the current day is of a different color from the
last car of the previous day. It is in this context that we proposed an ACS as a solving
method.

For the CSP+, a production sequence is denoted by

Y = {ClassesHPO/ClassesLPO/Colors},
and the elements located in position k of the sequence are defined by

Y (k) = ClassesHPO(k)/ClassesLPO(k)/Colors(k).

The vector ClassesHPO allows us to evaluate the solution on the objective HPO,
the vector ClassesLPO is used to evaluate the solution on the objective LPO, while the
vector Colors determines the value of the objective COLOR. For evaluating HPO and
LPO objectives, the car manufacturer Renault proposed a method that differs from the
theoretical problem presented in the previous section. Indeed, the number of conflicts
in a sub-sequence of length s is the difference between the number of cars having the
option and the maximum number r of cars that can have this option. In the theoretical
problem, the number of conflicts is one if the number of cars with the option exceeds
r and/or 0. Through this change to the evaluation process, the manufacturer seeks to
disperse more conflicts throughout the sequence.

The proposed ACS algorithm for solving the CSP+ [GAG 06] is inspired by ACS-
2D described in the previous section. However, the construction of a solution Y using
the transition rule depends on the prioritization of the objectives. Algorithm 8.2
summarizes the overall operation of ACS, which incorporates multiple visibility
matrices into the search process [GAG 02], as well as improvements to the transition
rule and to the list of candidates proposed by Dorigo and Gambardella [DOR 97]. It
can also be pointed out that there is a time limit (tMax) imposed by the Challenge for
the run of the algorithm.

Algorithm 8.3 is used for the building of the sequence, in the case where the
objectives are prioritized in the order HPO-COLOR-LPO. The sequence of cars is
then built mainly by seeking to minimize the number of violations of the capacity
constraints related to the HPO. However, while selecting ClassesHPO(k), the color
of the car (Colors(k)) is also determined by the transition rule to take into account
the objective of minimizing the number of color changes. For the third objective,
the selection of ClassesLPO(k) is considered only when the complete sequence is
obtained, and Algorithm 8.6 is used for this purpose.
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While constructing the sequence, one of the two following cases can be achieved:
– If the maximum run length of a given color is not yet reached, i.e. it would be

possible to add a further car of the same color as the last car placed, we must seek to
favor cars of this color, using steps, (A1)–(A4).

– If the sequence requires a purge because the maximum run length has been
reached, steps (A1), (A3), and (A5) are used.

Step A: selection of ClassesHPO(k) and Colors(k)
1: If there are HPO classes for which there remain unplaced cars, and which do

not generate new conflicts, then only these ones are candidates. Otherwise,
all the HPO classes containing unplaced cars are candidates. Exclude HPO
classes that only have the color of the last placed car if the maximum run
length was reached with the last placed car.

2: Assign a bonus to candidate HPO classes having cars of a color allowing
the lengthening of the run.

3: Choose ClassesHPO(k) using the following transition rule:

j =

⎧⎨
⎩

arg max
l /∈tabum

{
[τil ]

α ·
[

1
1+n_cfl

]β · [dHPO
l

]δ ·b_c
}

if q ≤ q0

J if q > q0

where J is chosen according to the probability:

pm
i j =

[τi j]
α ·
[

1
1+n_cf j

]β
·
[
dHPO

j

]δ ·b_c

∑
l /∈tabum

[τil ]
α ·
[

1
1+n_cfl

]β ·[dHPO
l ]

δ ·b_c

4: If the HPO class chosen contains cars of a color allowing the lengthening of
the current run, this color is automatically chosen in Colors(k). Otherwise,
go to step (A5).

5: Randomly choose a color among those available in the HPO class chosen,
excluding the color of the last placed car. Put this color in Colors(k).

Step B: Selection of ClassesLPO(k) according to Algorithm 8.6

Algorithm 8.3: Priority of objectives: HPO-COLOR-LPO
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Algorithm 8.4 is used for the building of the sequence, in the case where the
objectives are prioritized in the order COLOR-HPO-LPO. The sequence of cars is
built mainly by seeking to minimize the number of color changes. However, this
objective is easy to achieve by sequentially aligning cars of the same color, until the
maximum run length (ra fmax) is reached or until there are no more cars of a given
color, and by alternating the different colors. For this reason, while selecting the color
of the car (Colors(k)), the transition rule determines at the same time ClassesHPO(k),
considering the objective of minimizing the number of violations of the capacity
constraints related to HPO. For the third objective, the selection of ClassesLPO(k) is
considered only when the complete sequence is obtained, and Algorithm 8.6 is again
used for this purpose.

Algorithm 8.5 is used for building the sequence, in the case where the objectives
are prioritized in the order HPO-LPO-COLOR. The sequence of cars is then built
mainly by seeking to minimize the number of violations of the capacity constraints
related to HPO. Once ClassesHPO(k) has been selected, ClassesLPO(k) is chosen
in turn according to similar considerations. Subsequently, a color (Colors(k)) is
associated with the car, by seeking to obtain a run length as long as possible, while
respecting the maximum run length.

The transition rules used in Algorithms 8.3– 8.5 can be described as follows: let
i j be the trail accumulated between the pairs of high-priority classes i and j, n_cf j
the number of new conflicts generated by placing a car of class j in the next position
of the sequence, d j an indicator of the global level of difficulty of class j (equation
[8.4]), (b_c) a parameter whose value is equal to 1 and that may be increased, in some
cases, so as to favor certain colors (see Algorithm 8.3, step A2), parameters α , β ,
and δ expressing the relative influence of the trail and the different visibilities of the
problem. Then, the transition rule is used by an ant m to select the class j, which
will follow class i in the sequence (i.e. j is a class for which there is still at least
one unplaced car). It can also be pointed out that q is a random number, and q0 is a
parameter between 0 and 1. The parameter q0 determines the relative importance of
exploitation of existing information and exploration toward new solutions.

Algorithm 8.6 allows us to, in turn, assign a low-priority class to each of the cars
of the sequence, in the case where the objectives are processed in the order HPO-
COLOR-LPO and COLOR-HPO-LPO. In order to save time, this step is performed
only on the best solution of the cycle evaluated according to the first two objectives.
The choice of the class LPO is made deterministically (q ≤ q0) or probabilistically
(q > q0).

A local update, i.e. a diminishing of the trail after the choice (i j), is performed
according to equation [8.5], to prevent ants from repeating the same choices and to
increase diversity in the search process.
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While constructing the sequence, one of the two following cases can be achieved:
– If the maximum run length of a given color is not yet reached and there remain

cars of this color allowing the lengthening of the current run, the run must be
prolonged in the current color, using steps (A1) and (A3).

– If the run cannot be lengthened, because the maximum run length has been
reached or because there remains no more car of the color allowing the lengthening of
the current run, steps (A2), (A3) and (A4) are used.

Step A: selection of Colors(k) and ClassesHPO(k)
1: If there are HPO classes for which there remain cars of the color allowing

the lengthening of the current run, and which do not generate new conflicts,
then only these ones are candidates. Otherwise, all the HPO classes, for
which there remain cars of the color allowing the lengthening of the current
run, are candidates.

2: If there are HPO classes for which there remain unplaced cars, and which do
not generate new conflicts, then only these ones are candidates. Otherwise,
all the HPO classes, for which there remain unplaced cars, are candidates.
Exclude HPO classes which that only the color of the last placed car if the
maximum run length was reached with the last placed car.

3: Choose ClassesHPO(k) using the following transition rule:

j =

⎧⎨
⎩

arg max
l /∈tabum

{
[τil ]

α ·
[

1
1+n_cfl

]β · [dHPO
l

]δ
}

if q ≤ q0

J if q > q0

where J is chosen according to the probability:

pm
i j =

[τi j]
α ·
[

1
1+n_cf j

]β
·
[
dHPO

j

]δ

∑
l /∈tabum

[τil ]
α ·
[

1
1+n_cfl

]β ·[dHPO
l ]

δ

4: Randomly choose a color among those available in the HPO class chosen,
excluding the color of the last car placed. Put this color in Colors(k).

Step B: Selection of ClassesLPO(k) according to Algorithm 8.6

Algorithm 8.4: Priority of objectives: COLOR-HPO-LPO
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While constructing the sequence, one of the two following cases can be achieved:
– If the maximum run length of a given color is not yet reached, i.e. it could be

possible to add a car of the same color as the last placed car, we must seek to favor the
cars of that color by using steps, (A1)–(A6).

– If the sequence requires a purge, because the maximum run length has been
reached, steps (A1)–(A4) and (A6) are used.

Step A: selection of ClassesHPO(k), ClassesLPO(k) and Colors(k)
1: If there are HPO classes for which there remain unplaced cars, and which do

not generate new conflicts, then only these ones are candidates. Otherwise,
all the HPO classes, for which there remain unplaced cars, are candidates.

2: Choose ClassesHPO(k) using the following transition rule:

j =

⎧⎨
⎩

arg max
l /∈tabum

{
[τil ]

α ·
[

1
1+n_cfl

]β · [dHPO
l

]δ
}

if q ≤ q0

J if q > q0

where J is chosen according to the probability:

pm
i j =

[τi j]
α ·
[

1
1+n_cf j

]β
·
[
dHPO

j

]δ

∑
l /∈tabum

[τil ]
α ·
[

1
1+n_cfl

]β ·[dHPO
l ]

δ

3: If the HPO class selected includes cars of low-priority classes, which do not
generate new conflicts on the objective LPO, these ones are the candidate
classes. Otherwise, all the classes LPO, for which there remain unplaced
cars, are candidates.

4: Choose ClassesLPO(k) using the following transition rule:

pm
i j =

[τi j]
α ·

[
1

1+n_cf j

]β ·
[
dLPO

j

]δ

∑
l /∈tabum

[τil ]
α ·

[
1

1+n_cfl

]β · [dLPO
l

]δ

5: If the HPO and LPO classes selected include cars of the color allowing
the lengthening of the current run, this color is automatically selected in
Colors(k). Otherwise, go to step (A6).

6: Randomly choose a color among those available in the HPO and LPO
classes chosen, excluding the color of the last placed car. Put this color
in Colors(k).

Algorithm 8.5: Priority of objectives: HPO-LPO-COLOR
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Starting at the beginning of the sequence and working toward the end, for each position
k for which the HPO class and color are known at this time, the LPO class to assign
is chosen among the LPO classes available. This selection considers then the number
of new conflicts generated on the LPO objective by placing a car of class j at this
position of the sequence and an indicator of the global level of difficulty of the LPO
class j in the following manner:

j =
{

arg max
l /∈tabum

{
[τil ]

α ·
[

1
1+n_cfl

]β
· [dLPO

l

]δ
}

if q ≤ q0

J if q > q0

where J is chosen according to the probability:

pm
i j =

[τi j]
α ·
[

1
1+n_cf j

]β
·
[
dLPO

j

]δ

∑
l /∈tabum

[τil ]
α ·
[

1
1+n_cfl

]β ·[dLPO
l ]

δ

Algorithm 8.6: Selection of ClassesLPO(k)

Organizers of the Challenge ROADEF 2005 provided 16 instances (set A) to all
participants to help them develop their applications during the preliminary phase.
These include cars between 334 and 1,314 to be scheduled, with between 6 and
22 options (high-priority and low-priority ones), and between 11 and 24 different
colors. Benchmarking the performance of applications was also established by the
organizers from these instances for determining the 18 teams qualified for the next
phase. Table 8.4 summarizes the main results of this phase of the Challenge ROADEF
2005 showing that ACS was proven to be a particularly competitive method.

In the first column of Table 8.4, the list of the 16 instances proposed in this phase
is given. These are distributed according to the priority ordering of objectives and
the estimated difficulty of the instance by the organizers. The second column shows
the best result obtained for all teams on the aggregation function (equation [8.10]).
This is the minimum value obtained among the five trials during the test conducted
by the organizers for all applications. Column 3 specifies the value obtained on each
objective for the best result. Column 4 provides the rank obtained by ACS for each
instance and the rank for each group of instances. Column 5 specifies the number
of teams who managed to find the minimum value on the primary objective among
the five trials, during the test conducted by the organizers, while column 6 indicates,
using an X, if ACS is among them. Finally, the last two columns show the best results
obtained during the final phase for the set A and the rank obtained by ACS.

In terms of results obtained during the qualification phase, ACS obtains the 14th
rank on easy instances, whose main objective is HPO, the 2nd rank on difficult
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Qualification phase Final phase

Set A Best Solution Rank Team ACS Best Rank

results ACS number results ACS

Easy instances

HPO-COLOR-LPO
022_3_4 31,000 (0,31,0) 8 24 X 31,001 10
025_38_1 233,624 (0,230,3624) 9 24 X 231,452 6

064_38_2_ch1 112,761 (0,112,761) 17 24 X 112,759 7
064_38_2_ch2 34,051 (0,34,51) 7 24 X 34,051 9

HPO-LPO-COLOR
025_38_1 129,743 (0,121,794) 22 24 X 99,720 12

14

Difficult instances

HPO-COLOR-LPO
024_38_3 4,266,155 (4,266,155) 8 12 X 4,249,083 12
024_38_5 4,289,131 (4,289,131) 9 13 X 4,280,079 12

039_38_4_ch1 13,137,000 (13,137,0) 6 4 X 13,129,000 11
048_39_1 179,642 (0,179,642) 9 16 X 175,615 10

HPO-LPO-COLOR
024_38_3 4,009,357 (4,357,9) 6 16 X 4,000,306 9
024_38_5 4,041,365 (4,41,365) 6 13 X 4,034,309 11
048_39_1 64,351 (0,64,317) 7 11 X 61,290 9

2

COLOR-HPO-LPO
022_3_4 11,039,001 (11,39,1) 4 24 X 11,039,001 10

039_38_4_ch1 68,156,000 (68,156,0) 6 19 X 68,161,000 8
064_38_2_ch1 63,423,782 (63,423,782) 7 12 X 63,423,782 7
064_38_2_ch2 27,367,052 (27,367,52) 11 20 X 27,367,052 14

2

8 7

Table 8.4. Results of the qualification phase of the Challenge ROADEF 2005

instances, whose main objective is HPO, and the 2nd rank on instances whose main
objective is COLOR. Globally, ACS is ranked 8th among the 24 teams who submitted
an application at the due date for the qualifying phase of the Challenge. Initially, 55
teams registered for the Challenge.

In particular, the effectiveness of ACS to optimize the first objective can be pointed
out. Indeed, for all instances, only three teams have managed to find the minimum
value of the primary objective among the five trials, during the test conducted by the
organizers. Our algorithm based on ACS is one of those three successful algorithms.
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However, to achieve such results, we put very great emphasis on the visibility
elements compared to the pheromone trail in the transition rule. Thus, we strongly
exploit the building capacity of the metaheuristic for optimizing the primary objective.
Accordingly, for easy instances, there is then an inability to effectively explore the
search space and obtain good results on secondary objectives. A diversification
mechanism is then lacking for allowing the exploration of new regions of the solution
space.

In the final phase, the qualified teams could make changes in their algorithms and
also had 45 new instances (set B) to test their applications. However, it should be
noted that all teams knew the search space for the 16 instances of set A, because of
the communication of the solutions obtained by all teams in the qualification phase.
The context of design and development of a modified solving approach is then very
different from that of the qualification phase. In our case, we created a hybrid relay
metaheuristic, by adding a Tabu/VNS (Variable Neighborhood Search) algorithm to
work out the diversification mechanism after running ACS.

The penultimate column of Table 8.4 shows the best result obtained by the 16
qualified teams using modified versions of their algorithms for the instances of set
A. We then note a significant improvement in quality of results for several instances,
which shows that the teams have benefited from the knowledge of the solution space
in the development of their new algorithm version. For its part, the last column
of Table 8.4 specifies the rank obtained by our hybrid algorithm for each of these
instances. We note that Tabu/VNS achieved the desired diversification mechanism,
which allowed us to obtain a higher ranking on easy instances. However, the overall
rank obtained with this new version (7th rank among the 18 finalist teams) is not very
different from that of the qualification phase.

The final ranking of the Challenge ROADEF 2005 was established from the 19
instances of set X and our algorithm was finally ranked 11th.

8.4. Conclusion

In this chapter, we presented the approach used for designing an ACO to process
the industrial scheduling case of an assembly line. First, we demonstrated through
our various studies that ACO is a very effective metaheuristic to solve the theoretical
CSP. The results obtained on instances of problems available via the Internet were
considered, until very recently, as the best known results in the literature. It can also
be pointed out, from the results obtained in the qualifying phase of the Challenge
ROADEF, that ACO is a highly competitive approach for solving the CSP+. Most
other finalist teams, whose works were published, have mainly used neighborhood
search methods, such as simulated annealing, tabu search, local search and variable
neighborhood search [BEN 08, BRI 08, COR 08, EST 08, GAV 08, RIB 08]. We
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observed the strength of ACS to build very good solutions to the primary objective,
for instances of large size, up to over 1,000 cars. However, focusing on a particular
dimension in building solutions ensures that ACO produces poorer results, on easy
instances.

In presenting this application, we also wanted to show that ACO is a metaheuristic,
which must be adapted anytime to incorporate specific elements of the problem
addressed, to obtain an interesting performance. In particular, using several visibility
terms to guide the building process of solutions, and adapting the structure of the
pheromone trail in the transition rule illustrate the fact that the basic versions published
in the literature should not be relied on.

On the other hand, the lexicographical ordering of objectives, as proposed by
Renault in the framework of the Challenge, shows that several interesting solutions
for the company are ignored. Indeed, realizing the importance attached to the primary
objective can help to identify much cheaper solutions for the company. We therefore
believe that achieving compromise solutions, as presented in Chapter 7, would be quite
appropriate. In future work, we will experiment with this type of approach to find a set
of compromise solutions, which can be compared with the solution found, considering
the objectives in lexicographic order. It will certainly be possible to identify solutions
that are much more financially attractive for a manufacturing company and which are
more consistent with the industrial reality.
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Chapter 9

An Ant Algorithm for Measuring and
Optimizing the Capacity of Railway

Infrastructure

9.1. Motivations and challenges of the problem treated

The development and commercial success of the “high-speed train” concept,
combined with the saturation of road infrastructure in and around major towns, are two
factors that really contribute to some renewed interest in railway transport. Among
the transport systems, the train also has many advantages in terms of sustainable
development. This confers an advantage to railway companies over their airline
competitors. The train took the lead on the plane in recent years on many short and
medium distances. As a direct consequence of that success, rail traffic has shown
a constant increase in Europe in recent years. However, to maintain and increase
this competitiveness, the economic environment requires from railway companies new
challenges, particularly related to improving efficiency of the railway transport system
and quality of service provided to the users. From the customer viewpoint, both the
objectives are reflected in the demand to increase the frequency and the punctuality of
trains over the planned timetable.

Chapter written by Xavier GANDIBLEUX, Julien JORGE, Xavier DELORME and Joaquín
RODRIGUEZ.
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9.1.1. Analysis of strategies for the development of rail infrastructure

The restructuring of European railways, started by the directive 91/440/CEE
of the Council of the European Communities, dated July 29, 1991, related to
the development of Communities’ railways, led to the separation of functions of
infrastructure managers and railway companies. Applying these guidelines to the
French network has given birth to RFF (Réseau ferré de France) as the authority
responsible for managing the assets related to infrastructure, while SNCF (Société
nationale des chemins de fer français) becomes an operator which provides passenger
and freight rail transport services. This new organization opens the possibility of the
pending emergence of new rail operators. Like the airline companies, new operators
could position themselves on the most profitable routes and introduce significant
changes in passenger transport. Freight transport is concerned too. The saturation
of road networks and handling of the environmental impact of this transport mode
should lead in future to a postponement of a part of the stream on the rail, resulting in
an increased number of freight trains in use.

The railway system is comparable to a production system. A train in circulation
is a consumer of resources, which in this case are elements of railway infrastructure
(tracks, junctions, platforms, etc.). The concept of track circuit and block signaling
is the mobilization of all resources of a railway infrastructure that will allow us
to satisfy safety requirements of train runnings. The mission of a train can be
defined in a simplified way by the origin/destination points, corresponding dates
of departure/arrival, various served points, corresponding stop periods, and velocity
profiles between the different points. The slot will also be the transaction entity
between an infrastructure manager and an operator. The operator who wishes to get a
passenger or freight train passing through an infrastructure is required to purchase
a slot in a catalog of train slots provided by the infrastructure manager. In this
context of a market comprising competing operators, the infrastructure manager must
consequently build this catalog of slots with prices that offer the best economic
prospect.

To tackle the problem of the infrastructure saturation, the infrastructure manager
can either modernize the automatic train control system or extend the infrastructure
with additional tracks or platforms. Such a decision is taken at the strategic level
of forecast management of the railway infrastructure. It generates huge financial
investments and disturbs the functioning of the existing system with works that can
take months or years. Therefore, it is necessary to be able to argue and to quantitatively
evaluate the requests of infrastructure changes.

For these two requirements, it is crucial to have operational tools for analyzing the
strategies of development of infrastructures. The central question, prior to any optimal
use of an infrastructure, requires a measurement of the capacity of rail infrastructure.
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9.1.2. Capacity of rail infrastructure

Referring to the definition given by the International Union of Railways [UIC 04],
the rail capacity is a multidimensional concept. A first dimension is of course the
number of trains that can circulate in a time interval. Another dimension is the average
speed of trains. If the speed increases, the stopping distance that should separate trains
increases, which may lead to decrease the number of trains. A third dimension is the
stability of timetables, it represents the ability of a timetable to absorb delays due to
operational uncertainties. To improve stability, margins are added to time allocated
for each movement, which also leads to reduce the number of trains. Finally, the
last dimension is homogeneity: the more different speeds of types of moving trains
are, the fewer trains will circulate in the same time interval. Therefore, train services
with different speeds will be qualified as “mixed,” as opposed to homogeneous train
services.

According to the UIC [UIC 04], the capacity of an infrastructure can be
represented by a constant corresponding to the perimeter of the polygon which
connects the values of the four basic parameters above. For a given infrastructure, each
modification of one or more parameters will affect the others so that the perimeter of
the polygon remains unchanged. Figure 9.1, theoretically, illustrates two contexts of
capacity use of the same infrastructure. The first polygon (solid line) corresponds to a
mixed and fast train service, and the second polygon to a homogeneous train service,
with a higher margin, despite the higher number of trains.

Figure 9.1. Capacity balance

According to the circumstances, auxiliary parameters may be added to these basic
parameters, which also affect the concept of capacity. Among them are included:

– timetable structure (the connections and the cyclic timetables impose additional
restrictions on train schedules and therefore have consequences on capacity);
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– quality of service (the level of quality wished is also highly correlated with
choices made in the number of trains, timetable structures, average speed, and margins
that ensure timetable stability);

– rolling stock (train length and the number of levels of rolling stock impact the
effective offer, and thus the capacity perceived by customers).

Among the questions often raised when analyzing the capacity of a rail
infrastructure, those that occur most often are the following:

– Is the capacity of the infrastructure sufficient to cope with a future offer?
– What are the investments with the best flow for future offers?

These two central issues are in relation with two types of optimization problems
whose resolution provides a partial answer. The problems associated with these
questions are called “feasibility problem” and “saturation problem,” respectively.

The multiple facets of capacity are a possible explanation for the multitude of
methods developed for its evaluation. The various methods presented in the literature
are grouped into four categories [ROD 07]: analytical formulas, probabilistic formulas,
methods using timetable construction and simulation methods. The works presented in
this chapter are part of the RECIFE (REcherche sur la Capacité des Infrastructures
FErroviaires)projectandfallunderthecategoryofmethodsusingtimetableconstruction.
Thus, the capacity is derived from a timetable designed with a maximum train services.
It is related to the saturated situation, therefore to the capacity limit.

9.1.3. The RECIFE project

Contributions to the evaluation of railway infrastructure capacity based on methods
using timetable construction are recent ([HAC 97, SCH 08, VEL 05, ZWA 96], for
example), and few operational software packages are available. To our knowledge,
two systems were used to conduct studies on the French network: CAPRES 1 and
DEMIURGE. 2

CAPRES is intended to study the line saturation. The software comes from Ecole
polytechnique fédérale de Lausanne. It has been widely used for studies not only
on the Swiss railway network but also on the French network in the Lyon area.
DEMIURGE is focused on the same problem. The software was commissioned by
SNCF and used on the French rail network. A common point between these tools
of network analysis is the infrastructure modeling. They are designed to analyze

1. http://www.fasta.ch/capres/capres_english.htm
2. http://recherche.sncf.com/la_recherche_et_ses_domaines/exploitation/demiurge.html
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line capacity and thus consider the network in a macroscopic way. A station or
a bifurcation is considered as a complex element in the model, but without a very
accurate description of events that take place during operations.

Our proposal is complementary to these two references, considering a more
microscopic modeling level of the infrastructure. The studies concerned relate to a
station or a railway node. As the geographic area of an infrastructure of this type is
small from a line scale point of view, the traveled distances are short and the traffic
is usually very dense. The proposed method being based on the construction of a
railway timetable, approximations on conflict durations may mask incompatibilities,
or instead generate false ones. In one case as in the other, it radically changes the
interest of the timetable obtained.

Outcomes of the RECIFE project [ROD 07] were to develop decision support tools
based on techniques from operations research to specifically study railway nodes or
stations. The main objectives of the project were:

– to propose a mathematical model of these problems, allowing the evaluation of
solutions under different objectives;

– to integrate the previous results in an open software platform including modules
for analysis and visualization;

– to validate the model and the resolution through instances of real problems from
data sets from the Pierrefitte–Gonesse node and Lille-Flandres station.

The actual contribution of this project meets the expected results, notably including
the production of models and methods:

– for measuring and optimizing capacity [DEL 03, DEL 04, GAN 04];
– for measuring timetable stability [DEL 09];
– for defining and integrating these two entities in a multiobjective decision

support system [GAN 10].

This chapter focuses on the algorithmic component of these contributions (i.e. the
approximate solution method) based on the paradigm of ant colonies, which has been
proposed for measuring and optimizing the capacity of railway nodes or stations. The
numerical experiments presented show a set of features making use of this algorithm
as a solver, transparently to the user.

The remainder of the chapter is organized as follows. Section 9.2 introduces
definitions of rail elements preliminary to the formulation of an optimization
model, which is similar to the classical combinatorial optimization problem, named
“set packing.” The resolution methods investigated are discussed in section 9.3,
specifically in developing the algorithm inspired by ant colonies. Section 9.4
illustrates a set of situations under study where the ant algorithm is used as a solver.
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This section is concluded by emphasizing the interest of the present operational
solution, when the case studies result in numerical instances of a very large size to
handle. Finally, a conclusion on lessons from this chapter and various open questions,
which are topics for research in progress, completes the chapter.

9.2. Modeling

Prior to the description of the proposed modeling of the railway infrastructure
capacity problem, components involved in the railway system and the dynamics of the
interactions between these components are introduced. Although complex, the whole
system behavior can be modeled as a disjunctive scheduling problem. It is formalized
using a combinatorial optimization model, called set packing. The instantiation of
this model on the railway problem is given in this section in a simplified form. This
optimization problem will be processed using the paradigm of ant colonies, though
without using characteristics specific to the railway problem.

9.2.1. Description of parts of the real system to consider

Railway infrastructure consists of tracks that allow the movement of trains and a
signaling system which ensures traffic safety. An infrastructure may be of different
types, ranging from a single track to a complete network through sets of parallel
(sections) or intersecting (junctions or nodes) tracks and stop areas (platforms). Traffic
safety is mainly based on the notion of block. A railway block is a part of the
infrastructure where only one train is permitted at a time. To satisfy this requirement,
a signal is placed on the entry of each block. The signal indicates whether the block
is free or occupied by a train.

Therefore to determine the aspect of signals, we must know the precise position of
trains. The smaller unit of an infrastructure that can detect the presence of a train on
the track is called a “detection zone.” A block is composed of one or several detection
zones. Detection is most often performed using an electrical device called a “track
circuit.”

A line is an ordered sequence of sections and nodes forming a path in a
network. These are the lines that structure the way resources are mobilized in a
rail infrastructure. They pass through a succession of geographical regions, such as
the Pierrefitte–Gonesse node that is crossed by the Paris-Nord/Bruxelles-Midi line
(Figure 9.2). Within a region, several routes may belong to the same line. This set of
possible routes represents alternatives to cross the region. Ultimately, we have a route
comprising the set of blocks that it crosses (Figure 9.3).

The train running in an infrastructure is a real movement of a convoy, which is
characterized by passing a given point, at a given speed and at a given date. It is
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Figure 9.2. Example of regions (shown by squares/rectangles) like the Pierrefitte–Gonesse
node (central rectangle) which is crossed by several lines, such as

Paris-Nord/Lille-Flandres line

Figure 9.3. Example of two routes on an infrastructure of bifurcation type. A route is used by
trains t1 to t3, the other by train t4. The detection zones are numbered from z1 to z5. Four
blocks are defined, with zones z2 and z3 belonging to the same block: c1={ z1 }, c2={ z2, z3 },
c3={ z4 }, and c4={ z5 }

materialized by a slot in a space–time traffic graph (Figure 9.4). The slot represents
the infrastructure capacity required (route and time) to move a given train from a point
to another at a given time (directive 95/19/CE of the Council of the European Union).

The train running can still be represented in a Gantt chart (Figure 9.5). This
representation allows more accurate evaluation of kinematics associated with train
running within the infrastructure. However, controlling this kinematics is not essential
for understanding the optimization model and resolution algorithm in the context of
this chapter. Therefore it is not explained in this chapter, but the interested reader will
find this level of detail in [DEL 03].

Unlike CAPRES and DEMIURGE, the granularity of our work is at the detection
zone level. It reflects a unary resource consumed by a train during its move. It is
precisely at this level that traffic conflicts can occur. A traffic conflict is defined as
the sequence of zones common to two routes. A conflict reflects a mismatch between
choices of routes and input times of trains in an infrastructure. Figure 9.6 illustrates
such a conflict between two trains simultaneously requiring zone 3. The interested
reader will find in [DEG 07] a typology of situations that may lead to a conflict.
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Figure 9.4. Example of a traffic graph for the infrastructure represented by Figure 9.3. It
consists of four slots corresponding to the four trains identified by t1 to t4. Trains t2 and t3
follow one another in sequence in the shortest time, while respecting the minimum headway
time between trains. Train t4 circulates in the opposite direction and slows down during the
period observed

Figure 9.5. Example of a Gantt chart. Rectangles reflect the period of occupation (and possibly
block synchronization and clearing) of a train on the detection zones of an infrastructure. This
representation conveys the same information as Figure 9.4 but in a more precise way. Note
in this example the synchronization of start dates of occupation of zones z2 and z3, since they
belong to the same block

Figure 9.6. Example of a conflicting situation involving two trains t1 and t2, while crossing
four zones (z1, z2, z3, and z4). These two trains are in conflict since they require zone z3 at the

same moment
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To more formally summarize these elements, let T and R represent the set of trains
to consider and the set of possible routes, respectively. A traffic is described by a
train t ∈ T on a route r ∈ R at input time hin taken in a range defined by a time
window,

[
h,h

]
. It is reasonable to consider that the window consists of discrete

values with a unit step of 30 or 60 seconds. The train circulations define a timetable
which can be represented in a time–space diagram specifying the planned transit times
of trains on each track circuit of a geographic area. Figure 9.13 is an example of
timetable.

9.2.2. Modeling the railway problem considered

The proposed model [DEL 03] is based on a train-route incompatibility graph and
inspired by the work of Zwaneveld et al. [ZWA 96, ZWA 97] performed within the
DONS project [BER 94]. The mathematical formulation of this model corresponds
to a classical problem of combinatorial optimization, known for being NP-hard, and
called set-packing problem (SPP) [GAR 79, NEM 99].

An SPP is defined as follows. Given a finite set of valued elements I = {1, . . . ,n}
and {Tj}, j ∈ J = {1, . . . ,m}, a collection of subsets of I, a packing is a subset P ⊆ I
of disjoint elements (i.e. such that �(p1, p2) ∈ P2,∃ j ∈ J,(p1, p2) ∈ T 2

j ). The set
J can also be seen as a set of constraints between elements of set I. Figure 9.7
shows an illustrative example of packing P from a set I = {1, . . . ,6} and subsets
T1 = {2,4}, T2 = {2,3,5,6}, T3 = {1,6}. It shows a feasible solution of this problem,
whose value is equal to s.

The objective of the set-packing problem is to maximize the total value of the
packing obtained. This problem can be formulated with the following mathematical
model:

⎡
⎢⎢⎢⎢⎢⎣

max z(X) =∑
i∈I

cixi

s.c. ∑
i∈I

ti, jxi ≤ 1,∀ j ∈ J

xi ∈ {0,1} ,∀i ∈ I

⎤
⎥⎥⎥⎥⎥⎦

[9.1]

with
– a vector X = (xi) such that xi = 1 if i ∈ P, 0 otherwise;
– a vector C = (ci) such that ci = value of element i;
– a matrix T = (ti, j) such that ti, j = 1 if i ∈ X j, 0 otherwise.

Table 9.1 gives a matrix form corresponding to the illustrative example.
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Figure 9.7. Illustrative example of packing of an SPP problem

1 2 3 4 5 6
C = 1 1 1 1 1 1

0 1 0 1 0 0
T = 0 1 1 0 1 1

1 0 0 0 0 1

Table 9.1. The numerical instance corresponding to the illustrative example
shown in Figure 9.7

Before presenting a modeling in railway terms, a definition of both problems to be
represented, corresponding to a capacity study, is specified, as they were mentioned
in section 9.1.2:

– the feasibility problem is verifying the feasibility of the planning of a given
combination of trains according to a fixed timetable (set points and input–output
dates) in the infrastructure considered. The question then is whether there is a routing
(assignment of a route and possibly a platform) of these trains allowing all of them to
pass without delay;

– the saturation problem is introducing the maximum additional traffic into a fixed
(possibly empty) basis timetable. This problem extends a solution to a feasibility
problem. The additional trains represent the available capacity margin of the
infrastructure in relation to an offer. New trains are selected from a list of trains
called saturating list. Trains from the saturating list have a finite number of possible
input and output dates and preference levels may be defined. In particular, the finite
number of possible input and output dates makes it possible to take into account the
time constraints external to the node.

These two problems can be formulated by an SPP comprising two objective
functions z1 and z2 considered lexicographically: the number of trains routed
belonging to the planned timetable (feasibility objective z1) is first maximized. Then
the number of trains belonging to the saturating list is maximized (saturation objective
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z2), without degrading the value of z1. The model is built on binary decision variables
xt,r whose value is 1 when train t is routed on route r, 0 otherwise. It is a bi-objective
SPP where the two objectives are discussed in lexicographic order (lex) z1, z2. It can
be written as follows:

lex (maxz1 = ∑
t∈TBT,r∈Rt ,δ∈Δt

xt,r,δ ; maxz2 = ∑
t∈TSL,r∈Rt ,δ∈Δt

xt,r,δ )

s.c. ∑
r∈Rt ,δ∈Δt

xt,r,δ ≤ 1 ∀t ∈ T [9.2]

xt,r,δ + xt ′,r′,δ ′ ≤ 1 ∀((t,r,δ ),(t ′,r′,δ ′)
) ∈ Inc [9.3]

xt,r,δ ∈ {0,1} ∀t ∈ T, r ∈ Rt ,δ ∈ Δt [9.4]

with
Rt : subset of routes admitted for a train t (Rt ⊆ R);
TBT : trains of the basis timetable;
TSL : trains of the saturating list;
T : set of trains considered (i.e. T = TBT ∪TSL);
Δt : set of admitted input times hin for a train t;
Inc : set of incompatibilities between all trains, for all combinations of

routes and admitted times.

This model has three types of constraints. Constraint [9.2] imposes the uniqueness
of the route for a train. Constraint [9.3] reflects routing incompatibilities. Finally,
constraint [9.4] defines the binary type of decision variables.

The model presented here is a simplified version. The full model [DEL 03] allows
us to notably consider additional constraints, making it applicable to the case of a
station. These constraints are related to arrival and departure orders of trains at the
same platform, to capacity of platforms, and finally to rolling stock roster constraints
between pairs of trains (the arrival platform of a first train should be the same as the
departure platform of a second train). In addition, the complete model also offers the
opportunity to handle a notion of preference of the decision maker. In the above
model, objective functions have a unit cost. By changing the cost coefficients of
the economic function, it is easy to promote routes or classes of trains. Section 9.4
illustrates this use.

9.3. Solving algorithm

The exact solving of feasibility and saturation problems presented in the previous
section was attempted initially. By exact solution, we mean the implementation of an
algorithm allowing us to find at least one optimal solution and to prove its optimality.
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Even if the literature on exact solving of SPP is relatively abundant, especially about
its polyhedral study and the search for valid inequalities (e.g. see [BOR 98, COR 01]),
no efficient ad hoc exact method can deal with large-size problems. Our work was
therefore directed toward a generic method that relies on the use of an MILP solver of
CPLEX. 3

Experiments [DEL 03] showed that this method had many difficulties in providing
a solution, even after a large processing time (more than 12 h). One cause is the
mediocre quality of the linear relaxation (up to 1,000% of the optimal solution).
Moreover, the quality of the entire solution often proved bad, compared to entire
solutions later obtained by other means. To improve solving performance, four
types of pre-processing of instances were considered. They are based on search for
cliques and dominance tests. Cliques obtained correspond to valid inequalities of the
problem. They have improved significantly the value of the upper bound obtained by
linear relaxation and consequently the performance of the solving method. Similarly,
dominance tests could reduce dramatically the size of the problems considered.

However, both improvements have not proved sufficient, given the size of railway
instances under consideration. Besides capacity studies are set to be conducted with
standard and limited resources (computing time and/or memory). Moreover, such a
study is mostly an iterative process, with a decision maker, and thus does not admit
overly large response times. The search for an optimum is generally regarded as not
feasible, and it is reasonable to take up the search for a solution of good quality, given
the resources available, using an approximate method. Metaheuristics [PIR 02] are
part of these solving methods, where ant algorithms are a potential answer, along with
other paradigms such as genetic algorithms, tabu search, simulated annealing, or the
GRASP method.

To our knowledge, and surprisingly, no metaheuristic was proposed for the
SPP before 2004. We developed two approximate methods derived from different
paradigms. The first one [DEL 04] is based on GRASP (Greedy Randomized
Adaptive Search Procedure – [FÉO 89]) metaheuristic. The second one [GAN 04,
GAN 05] is inspired by ant colonies [DOR 99] and is discussed in the remainder of
this section (the reader is considered aware of general principles of this metaheuristic;
if not, he will find the essential prerequisite in the early chapters of this book).

The ant colony algorithm (ACO) developed conforms to the conventional pattern
of this class of methods, while having different original features:

������������	�
���	�( )
while not( ����������( ) ) do

��������������( )

3. ILOG CPLEX: http://www-01.ibm.com/software/integration/optimization/cplex/



Measuring and Optimizing Railway Capacity 187

���������	
����( )
�����������
���( )

end while

�������
���	
���( )

Characteristics and peculiarities are presented in the following sections. Note that
none of the algorithm parameters should be preliminary fixed by the user. Whatever
the numerical instance of the set packing to solve, either parameters are constants
of recommended value resulting from numerical experiments or their tuning is self-
adaptive. These parameters are independent from the instance to be processed.
The self-adaptive tuning involves a probability P used to drive the convergence of
the algorithm. The instantaneous value of P is used at different strategic levels of the
algorithm (type of ant, operation mode of pheromones, and pheromone disturbance).
The algorithm uses only the learning feature inferred from ant behavior. Except for
local searches, it does not use characteristics of SPP or specificities of the railway
problem.

9.3.1. Variables, solutions and pheromones

For a set-packing problem with n binary variables xi, an n-dimensional pheromone
vector of real values will be handled by the algorithm. Each variable xi is associated
with a level of pheromone φi. All solutions handled by the algorithm are said to be
saturated feasible. Such a solution consists of a collection of binary variables set to
one (the others being set to zero, as they depend on variables set to one), such that all
constraints are met and it is impossible to set an additional variable, without violating
at least one constraint.

Illustration: in the illustrative example of section 9.2.2, the problem has six
variables x1 to x6. Initially these six variables are free, i.e. no variable was fixed at
0 or 1. If x2 = 1 then constraints 1 and 2 are saturated. As a direct consequence of this
choice, variables x3, x4, x5, and x6 are necessarily set to zero (if one of them had to
be set to 1, this would cause a violation of constraint 1 or 2), x1 is free. With x2 = 1,
it is still possible to choose x1 = 1, leading to a saturated feasible solution, of value
z(x) = 2.

9.3.2. Construction of solutions

This phase, represented by the �	������	
���� procedure, operates for a cycle
(iteration) as follows. An ant constructs a saturated feasible solution by iteratively
selecting, from the pheromone values, binary variables set to 1. Two types of ants
are considered, the greedy ant and the curious ant. How a variable should be selected
depends on the type of ant:
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– The greedy ant intensively uses information at its disposal to build solutions. In
practice, a greedy ant selects all variables to constitute a saturated feasible solution, by
applying a greedy choice mechanism on the pheromone values (��������� function).

– The curious ant relativizes the greedy behavior of the first ant by granting to
it some ability of exploring the solution space. A curious ant selects each variable
independently, by applying a mixed choice mechanism: either a biased roulette
wheel on pheromone values (	
����������� function) or a greedy choice on the
pheromone values (��������� function).

It ← I ; xi ← 0,∀i ∈ It
while (It 
= /0) do

if (curious) and ( 	��
����������� ≥ P ) then

i∗ ← 	
�����������(φi, i ∈ It)
else

i∗ ← ���������(φi, i ∈ It)
end if

xi∗ ← 1 ; It ← It \{i∗} ; It ← It \{i : ∃ j ∈ J, ti, j + ti∗, j > 1}
end while

������
������	��( )

This principle is based on the exploration and exploitation mode presented in
[STÜ 98]. An ant has a greedy or curious character, given the probability P , i.e. the
curiosity degree of an ant (P = 0: totally curious, P = 1: totally greedy). On
all saturated feasible solutions is applied a posteriori a local search, which aims to
improve the quality of the solution designed by an ant. The ACO algorithm uses a
single colony of ����� = 15 ants. The colony achieves a cycle, resulting in the
output of all ants members of the colony throughout the region to visit. At the end of
a cycle, ����� solutions are built.

Only one solution made by an ant is selected at the end of each cycle
(������
����
� procedure). It corresponds to the solution showing the best
performance in terms of the function to optimize. Therefore it is the ant which
provided the solution that will leave pheromone tracks. These cycles will succeed
until the work performed by the ant colony has consumed the food available in their
region (���������� predicate). The best solution obtained among all cycles will be
presented at the conclusion of the search phase of the algorithm (��
 !����
����

procedure).

9.3.3. Management of pheromone tracks

The pheromone model used is known as a central point in an ant colony
algorithm. It represents the model of probabilistic sampling of the search space.
In the algorithm developed, pheromone values evolve within the range [0.0,1.0].
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The ������������	�
���	� procedure initializes all pheromone levels at the
maximum value (������ = 1.0). Coefficients of evaporation and deposit of
pheromones are fixed and are set a priori. Pheromone evaporation coefficient 	�� is
set to the value 0.9, and deposit coefficient ��� is set to the value 0.1. Pheromone
update is performed by 
�������	�
���	� procedure. All pheromones are involved
by the application of the evaporation mechanism. The rule adopted is multiplicative
and is given by

φi ← φi ×	��, ∀i ∈ I

Only pheromones corresponding to variables set to 1 in the best solution x̃t issued
from the cycle t are involved by the application of the deposit mechanism. The rule
adopted is additive and is given by

φi ← φi +	��, ∀i ∈ I | x̃t
i = 1

9.3.4. Disturbance of pheromones

The assumptions made for the management of tracks left by the best ants at the
end of each cycle induce, after a certain time, some variables that can be ignored
by the algorithm, due to a pheromone level close to zero. Conversely, variables that
often recur in good solutions may be opposed to the principle of variable selection.
A disturbance mechanism of the pheromone vector [GAN 04] was developed with the
idea of disrupting the landscape of ants. Its objective is to enable the algorithm to
restart with a partial history of the evolution followed by the algorithm in the previous
steps. The trigger conditions of this mechanism for a cycle t are based on the past
algorithm convergence. When the two following conditions are satisfied, then the
trigger is released:

(1) detection of low levels of pheromone. Let φnull = 0.001 be the threshold for
considering a pheromone level as null; it suffices that at least one variable has its
pheromone level to “zero” to validate the condition:

∃i ∈ I | φ t
i ≤ φnull

(2) progression in the convergence of the algorithm:
– for weighted cost instances, it suffices that two successive cycles

(�������������	������ = 2) give the same solution quality:

z(x̃t) = z(x̃t+1)

– for instances of the so-called unit costs set packing, it is satisfied when
two successive cycles (�������������	������ = 2) give stricto sensu the same
solution:

x̃t = x̃t+1
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The disturbance procedure performs three actions:
(1) the first action smoothes all pheromone levels, of a factor between 85 and 100%,

depending on whether one is closer to the beginning or end of algorithm execution.
Let �����������φ be set at 0.85, then

φi ← φi × (�����������φ +(1−�����������φ)×P),∀i ∈ I

(2) the second action is to partially shuffle pheromone tracks. Let
�	���	����φ
�����, set at 0.10, be the percentage of problem variables that will
see their pheromone level fixed randomly. Let us consider ��φ
������ and
��φ
�������, set at 0.05 and 0.45, respectively. The new value becomes lower
when the end of execution is near:

I1 ← �	���	����φ
�����×n� values randomly taken in I

φi ← ��φ
������+ random(0,��φ
�������× (1−P)),∀i ∈ I1

(3) the last action aims at restoring a role in the algorithm to variables that have a
“low” pheromone level. Let us consider ��φ���, ��φ����, and ��	�����φ���,
set at 0.05, 0.20, and 0.1, respectively. The lowest pheromone levels will be increased
to a value between ��φ��� and ��φ����:

I2 ←{i ∈ I | φi < ��	�����φ���}
φi ← φi + random(setφ������φ�����,∀i ∈ I2

Pheromone disturbance is performed by the ��������	�����	 procedure.
Figures 9.8 to 9.11 illustrate the mechanism of pheromone disturbance, from detection
of the application conditions of disturbance until the algorithm is stopped.

9.3.5. Self-adaptive strategy for controlling the algorithm

The algorithm automatically manages the number of cycles to achieve on the basis
of a dynamic stopping condition [JOR 06]. The stopping condition is based on the
interest of search and diversity of solutions. Convergence phase of the algorithm is
defined as the set of cycles that precede the trigger of the disturbance procedure of
pheromone tracks. After two convergence phases (�����	
���	� = 2), the total
number of cycles performed (������������	���	����) is saved and taken as a
reference. The total number of cycles to be achieved is then set as follows:

����������	���	����	��	� ← 2×������������	���	����

Moreover, this number is increased each time a convergence improves the best-
known solution. Let ��������	���	 denote the average number of cycles for a
convergence, then

����������	���	����	��	�← ����������	���	����	��	�+��������	���	
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Figure 9.8. Convergence of the algorithm leading to the trigger of the disturbance procedure
(plain line: best solution; dot line: all solutions)
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Figure 9.10. State of the pheromone vector after applying the disturbance procedure
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Figure 9.11. Evolution of the algorithm convergence following the application of the
disturbance (plain line: best solution; dot line: all solutions; dash line: probability)
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Updating the number of cycles is performed by ���������	
���� procedure
after identifying an improvement of the best-known solution.

Furthermore probability P , that directly influences algorithm strategies, evolves
with the cycles. The algorithm will only evolve with curious ants within the first
two convergence phases. In other words, probability P is zero. Then probability
P iteratively increases and ants become less and less curious. Thus, in cycle t, the
probability is given by

P = max
(

P,
log(t−��
����	����
������)

log(��
���	����
�����������−��
����	����
������)

)

9.3.6. Local search

Local search is based on neighborhoods of type k− p exchange [FÉO 95]. This
move reflects that k variables set to 1 will be exchanged against p variables set to 0 in
the current solution, while guaranteeing the feasibility of the solution obtained after
the exchange. The search algorithms are descent methods, and they aim at improving
solutions constructed by ants, at a still reasonable computational cost. They are three
in number, denoted by 1-1W, 1-2U, 1-2W, letters U and W stand for application to unit
costs (unicost – USPP) or weighted costs (weighted – WSPP) instances, respectively.
These local search algorithms are independent from the ACO algorithm. For these
reasons, the reader is referred to [DEL 03] for details on local searches.

9.4. Numerical experiments

9.4.1. Pierrefitte–Gonesse railway node

Pierrefitte–Gonesse railway node is geographically located in the north of Paris, in
a highly urbanized area and near the Parisian airport of Roissy–Charles de Gaulle.
This is a complex bifurcation articulated around two junctions between a Paris-
province mixed line and two dedicated lines, one for high-speed trains and the other
for freight trains.

This railway node has a large passenger traffic departing from the Paris-Nord
station. It has a “high-speed” traffic toward the north (Lille, London, Brussels, etc.),
an inter-city traffic toward cities like Saint-Quentin, Maubeuge, Amiens, and an inter-
regional traffic toward Compiègne and Saint-Just-en-Chaussée. Rolling stock is very
diverse, whether high-speed trains (TGV type, Thalys, Eurostar, abbreviated as HST
in the following) or conventional trains (main lines or regional types, abbreviated
to IC/IR). This variety is observed by the train composition in terms of number of
wagons, length of the convoy, performance of the locomotive, specific equipment on
board, etc. The node also has a freight traffic transiting between the north and the
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south of the Parisian region. These trains pass through the “grande ceinture,” the
freight line that bypasses Paris and is dedicated to this traffic. The rolling stock is
highly heterogeneous, due to the function and origin of wagons composing a train. To
be exhaustive, the node also has a “local” (RER type) passenger traffic and has several
RER stations. However, this traffic uses dedicated tracks and therefore does not mix
with other traffic in normal operational conditions. It is therefore not considered in the
remainder of this study.
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Figure 9.12. Summary description of the Pierrefitte–Gonesse railway node and of the major
traffic passing through it

Figure 9.12 describes the topology of the node and the usual traffic that passes
through it. The traffic is qualified in the node according to its circulation; it is in the
even direction when the train travels from the province to Paris and odd from Paris
to the province. As it is a crossing node for the traffic considered, a train in this
infrastructure has a priori no reason to mark the stop during normal operation. In
the following, trains will be considered with the best running time, i.e. at maximal
permitted speed and all signals with the clear aspect along their route. To cross the
node, an HST has five possible paths in the even direction, against six in the odd
direction. An IC/IR has five and eight possible paths for even and odd directions,
respectively. The duration of node crossing differs, depending on the route taken by a
train. These accurate data are elaborated for the needs of the study, either using railway
simulation softwares, faithfully reproducing all system dynamics (train performance,



Measuring and Optimizing Railway Capacity 195

block signaling, geometry of tracks, etc.) or via databases recording real-time traffic
information collected over the infrastructure.

Unlike RER organization, there is a mixing of traffic in the node between
freight trains and other types of passenger trains. This mixing occurs in parts of
the infrastructure common to different routes. In the first approach, a passenger
circulation forms a “short and fast” train, while a freight circulation is a “long and
slow” train. Because routes of these circulations cross in the junction, interferences
between trains may occur, with direct impact on the node capacity.

9.4.2. Basis timetable considered for the study

The instance is constructed on the basis of actual traffic recorded on February
7, 2008, for the time window from 06:00 p.m. to 07:00 p.m. The period under
study includes all departing and arriving trains in Paris-Nord station that pass through
Pierrefitte–Gonesse node in this time window. This circulation is composed of HST
trains and IC/IR trains.

Figure 9.13 shows the basis timetable of this traffic passing through the node
between 06:00 p.m. and 07:00 p.m. (to facilitate the graphical representation,
accelerations of trains outside the node were neglected, under the assumption of a
linear evolution of the train). This is an “ideal” timetable, because all the trains are
considered a priori as taking the path of minimum duration. Table 9.2 identifies the
26 trains that cross the node during the time window considered. They are composed
of 16 trains in the even direction against 10 trains in the odd direction.

19:05 19:10 19:1517:45 17:50 17:55

North of the Gonesse

junction

South of the Gonesse

junction

Paris-Nord station

HST from North 

HST from Paris 

IC/IR from Paris 

IC/IR from North

18:00 18:05 18:10 18:15 18:20 18:25 18:30 18:35 18:40 18:45 18:50 18:55 19:00

Figure 9.13. Time–space diagram of the timetable in the Pierrefitte–Gonesse node at rush
hours
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Three studies are described in the following. Instance sizes discussed in these first
two studies are very small, solving times are of the order of 1 s. The third study
illustrates the algorithms ability to handle large-size instances.

Time Type identifier Destination Time Type identifier Origin

17:59 IC/IR RE 48579 Amiens 18:04 IC/IR 12036 Amiens
18:02 HST TGV 7343 St-Omer 18:10 HST TGV 7144 Valenciennes
18:05 HST THA 9453 Köln Hbf 18:16 HST TGV 7072 Lille Flandres
18:08 HST TGV 7277 Tourcoing 18:19 HST THA 9346 Bruxelles-Midi
18:14 IC/IR 12337 St-Quentin(Aisne) 18:22 IC/IR RE 47850 Compiègne
18:17 IC/IR 12037 Amiens 18:34 IC/IR 12334 St-Quentin(Aisne)
18:20 IC/IR RE 48535 St-Just-en-Chaussée 18:40 HST EST 9036 London St. Pancras
18:23 HST EST 9051 London St. Pancras 18:46 HST TGV 7074 Lille Flandres
18:29 IC/IR RE 47853 Compiègne 18:49 HST THA 9448 Köln Hbf
18:32 HST TGV 7145 Valenciennes 18:52 IC/IR RE 48536 St-Just-en-Chaussée
18:35 HST THA 9355 Amsterdam / Oostende
18:38 HST TGV 7281 Dunkerque
18:44 IC/IR 12039 Amiens
18:47 IC/IR 12339 Maubeuge
18:50 IC/IR RE 47857 Compiègne
18:53 HST EST 9053 London St. Pancras

Table 9.2. Timetable of trains circulating in the node (input time hin; type of train; train
identifier; destination/origin)

9.4.3. Study 1. Feasibility of the basis timetable

The first study addresses the question of the basis timetable feasibility. Beginning
with the ideal timetable, without allowing delay of input times and without preference
on the route, is it possible to plan all trains? The resulting optimization problem is
an Unicost Set Packing Problem (USPP) which contains 162 binary variables and 228
set-packing constraints. For this instance size, no difficulty is expected. The ACO
algorithm plans the 26 trains in a few seconds and provides a list of one hundred
solutions (timetables) equivalent in terms of number of planned trains. A solution of
this list indicates that 16 routes are used to get the 26 scheduled trains.

Without any additional criterion, there is nothing to distinguish equivalent
solutions. In contrast, a notion of stability of timetables, as proposed in [DEL 09],
often significantly reduces the number of solutions. An alternative to a stability
criterion would be to try to schedule the trains as much as possible using the
most direct routes. For example, for the solution mentioned above, uses of the
infrastructure, such as that illustrated in Figure 9.14 for TGV 7343 from Paris, may
be observed. Such a mobilization of the infrastructure limits the ability of crossing
with another train toward Paris, because of its running through the bottom part of the
infrastructure. In addition, if it can be planned on the most direct route, it reduces
hindering caused on other routes and remains for less time in the infrastructure. To
take into account this wish, a second criterion reflecting the running time used is
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Figure 9.14. TGV 7343 coming from Paris-Nord and going to Saint-Omer enters the
Pierrefitte–Gonesse node at 06:02 p.m. and takes an indirect route to reach the high-speed line

associated with each variable of the SPP as follows:

c2
i = 1+max{running time for the type of train and direction considered}

− running time corresponding to variable xi

This lexicographic problem (with the first criterion corresponding to the feasibility
of the initial timetable) can be solved by the ACO algorithm by considering the
following objective weights:

ci = M+ c2
i

with M a constant equal to ∑i∈I c2
i . The optimization problem resulting from the

situation is a Weighted Set Packing Problem (WSPP) identical in size to the previous
situation. The ACO algorithm plans the 26 trains in a few seconds and provides a
solution using only four routes. Examination of these routes shows that these are
indeed the most direct passenger routes in this railway node (Figure 9.15). However,
it put in sequence the trains on these direct routes by using, sometimes completely, the
available resource (no margin between some trains). Although attractive in terms of
route choices, such a solution may be unstable, because the delay of a train may make
it worse.

The following study examines the ability of the node to absorb additional trains
for this timetable.

9.4.4. Study 2. Integration of freight trains in the basis timetable

The optimization model provides the opportunity to consider a deviation δ of
positive or negative value on the forecast input time of a train in the node, hin.
This flexibility will be exploited in this second study, which addresses a first form
of saturation of an existing basis timetable, by attempting to add freight trains, on a
given timetable. The issue at hand is expressed as follows: beginning with the ideal
timetable, without any preference on the route, without any allowed delay of input
times of trains of the basis timetable, but with allowed delays of input times of freight
trains, is it possible to plan all trains?
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Figure 9.15. Four direct routes for passenger trains retained in the solution produced by the
ACO algorithm. From top to bottom, the direct routes from Paris-Nord from/to the high-speed

line and from/to the classical line

In this case, given the extremely tight schedule of trains circulating at this time
of the day, it is not realistic to consider large time windows in order to inject freight
trains. Such windows are therefore defined for each freight train by considering a
set of discrete values (minutes). In practice, for a given circulation of train t (i.e. a
train, an input time, a move direction, an input point, and an output point in the node),
deviations δ ∈ Δt will generate all possible alternatives for building the set-packing
instance representative of the basis timetable.

The addition of five freight trains will be tried, two in the even direction and three
in the odd direction, using time windows given in Table 9.3. The optimization problem
resulting from the situation is a unit cost SPP, which has 311 binary variables and
489 set-packing constraints. For this instance size, no solving difficulty is expected.
The ACO algorithm plans the 31 trains in a few seconds and provides a list of one
hundred solutions (timetables), equivalent from the viewpoint of the number of trains
planned. A solution of this list indicates that 18 routes are used (13 and 5 for passenger
and freight trains, respectively) for routing the 31 trains. Table 9.3 shows the planned
input times after the execution of the ant algorithm.

The inclusion of freight trains leads to a feasible schedule making all trains in the
Pierrefitte–Gonesse node pass without exceeding 07:00 p.m., nor altering the basis
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Direction Train Input [ earlier ; later ] Planned input
Even Freight 1 [ 18:23 ; 18:29 ] 18:28
Even Freight 2 [ 18:38 ; 18:44 ] 18:40
Odd Freight 3 [ 18:00 ; 18:04 ] 18:01
Odd Freight 4 [ 18:22 ; 18:34 ] 18:25
Odd Freight 5 [ 18:22 ; 18:34 ] 18:29

Table 9.3. List of freight trains to integrate into the basis timetable and planned input time
after the execution of the ant algorithm

schedule corresponding to passenger trains: the residual capacity allows for such an
inclusion. An alternative might focus on measuring the maximum number of freight
trains that can be injected into the node to measure this residual capacity.

The next study focuses on the saturation problem without basis schedule available,
corresponding to the measurement of absolute capacity.

9.4.5. Study 3. Measurement of the absolute capacity of the railway node

The first two studies illustrated the ability of ACO to handle a variety of railway
issues, giving it some flexibility. However, the primary interest of this solving
technique is to be able to deal effectively with instances of large size (which was
not shown in the first two studies). Large instances are mainly found in saturation
studies. This third study shows the ability of the algorithm in light of 16 saturation
instances. Each instance represents a particular configuration of the traffic (e.g. TGV
and freight) without basis schedule.

Table 9.4 summarizes the results (mean values) collected in 16 executions of the
ACO algorithm (for an Apple PowerBook type computer equipped with a processor
PowerPC G4 1 GHz, 512 Mb RAM memory, and Mac OS X operating system
10.3.9). Each execution corresponds to a different seed at the level of random number
generator. The number of trains present in the saturating list (|TSL|) and the number
of variables and constraints of the resulting SPP are also shown. Note that several of
these instances could not be resolved at the optimum using a software such as Cplex
(version 8.2) within a reasonable time (order of the day of computing time, which is
already far too much for use in practice). Therefore the results are given regarding the
best-known solution (obtained either with Cplex, or with GRASP or with ACO) for
this instance.

Regarding the quality of solutions, ACO is in average at a distance of less than
2.5% from the best-known solution for all instances and produced for several instances
the best-known values. As a reminder, the ACO algorithm does not require any
parameter tuning. Regarding computation times, and since it is an optimization
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Instances ACO
Name # Trains # Variables # Constraints Quality (%) averaged CPUt (s) averaged
Gon01 90 465 8 661 100.00 10.38
Gon02 120 620 11 676 100.00 25.50
Gon03 240 1 240 23 736 100.00 175.00
Gon04 240 1 240 50 705 100.00 80.62
Gon07 380 1 620 79 514 99.44 187.69
Gon05 360 1 860 55 938 99.34 485.44
Gon06 360 1 860 119 009 98.55 258.44
Gon14 150 2 160 140 632 99.63 360.33
Gon10 150 2 400 186 861 100.00 407.67
Gon15 130 2 503 185 523 98.39 468.67
Gon11 125 2 683 228 972 99.62 606.00
Gon12 200 2 880 311 228 98.12 635.00
Gon13 157 3 210 380 292 99.26 734.67
Gon08 720 3 720 155 985 100.00 2 256.00
Gon09 720 3 720 482 887 97.62 689.00

Table 9.4. Results for saturation

problem of the strategic level, the obtained values are quite acceptable. These
numerical experiments performed show that the algorithm behaves very satisfactorily
when dealing with instances of large size.

9.5. Conclusions and prospects

The ACO algorithm developed in this applicative study appears as a simple
and self-parameterized algorithm. It covers a range of optimization problems
encountered in railway operations that can be formulated as a set packing. It has
three characteristics: a strategy of pheromone disturbance, a self-parameterization
strategy, which manages the algorithm convergence, and a double mode of solution
construction. It uses a set of ad hoc local neighborhoods, according to the set-packing
problem to handle.

The optimization model considered by the ACO algorithm can deal with great
flexibility input times of trains and routes allowed in the infrastructure. It also allows
us to handle preferences on the routes taken, different categories of saturating trains,
and addressing specific constraints encountered at stations (stops at sufficient capacity
platforms, for instance). Provided answers are related to the capacity measurement
(feasibility, residual/absolute saturation), but also make it possible to analyze the
use of the infrastructure (areas of low/high traffic). The ACO algorithm perfectly
gives the representative instances of these different situations, with performance quite
remarkable, even for problems of very large size.
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The ACO algorithm could thus be integrated as a solver into a software showing
other features not described in this chapter: a module for stability calculation,
a multicriteria decision support process, and statistical indicators supporting the
decision support system.

Among the possible perspectives, exploiting the special structure of the railway
problem present in the set packing, expecting a further gain in solving efficiency, is
one possible direction. In the railway field, the method is applied to conduct capacity
studies at Lille-Flandres station.
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Chapter 10

Artificial Ants for Magnetic Resonance
Image Segmentation

In this chapter, we present a new method for segmentation of magnetic resonance
images (MRI), based on the modified intraclass variance (MVar) criterion. MVar takes
into account information not only on gray levels but also on spatial distribution of
gray levels, by using surfaces of segmented regions. The algorithmic complexity that
results is a difficulty, especially in real-time applications. To overcome this problem,
we use a metaheuristic based on an ant colony algorithm. The results obtained
from MRI images show that the proposed method produces quite a satisfactory
segmentation, with a low computing time.

10.1. Introduction

Image segmentation plays an important role in image processing systems. Any
error made in the segmentation stage, at the beginning of image processing, could
irreversibly distort the entire chain of treatment: extraction and coding of primitives,
classification, object recognition, analysis, and interpretation of scenes. Therefore, to
improve the performance of an image processing system, segmentation optimization
is a crucial step. As a proof, the amount of work dedicated to segmentation is
now considerable. A state of the art of most widespread methods can be found
in [SEZ 04]. Among these methods, image thresholding by histogram analysis is
probably the easiest technique to implement [COC 95]. This approach assumes that
the different classes of objects to segment can be distinguished by their gray level.
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As spatial relationships between image pixels are ignored, the only information used
is the density distribution of gray levels. While ignoring local information of the
neighborhood, which requires visiting each part of the image, the approach gives
an important increase in velocity of convergence. That explains its effectiveness,
especially in real-time environments, where the processing time is a parameter to
optimize.

In the case of a histogram of N classes, image segmentation by thresholding
consists of determining N − 1 thresholds so that each class is associated with a
distinct range of gray levels. Denoting by G the set of gray levels of the image,
[T0T1], . . . , [Tk−1Tk], . . . , [TN−1TN ] the set of ranges of gray levels corresponding to
the different segmentation thresholds under consideration, this operation can be
summarized by the application:

X → T (X)/X = k i f X ∈ [
Tk Tk+1

]
[10.1]

where X ∈ G, T (X) ∈ {0, ...,N} and N denotes the number of classes.

In the case of a simple thresholding, also called binarization, new values assigned
to image pixels belong to the set [0,1]. In the literature, several classifications
of thresholding methods have been proposed [CHE 98, HOU 06, KAP 85, OTS 79,
PAL 91, SEZ 04]. However, most authors classify these methods into two categories:
parametric methods and non-parametric methods. Parametric methods are based on
the assumption that probability densities of gray levels of different classes can be
described by Gaussian models. Starting with an approximation of the histogram
through a combination of Gaussians, whose parameters are determined, the optimal
segmentation thresholds are at intersections of the Gaussians. This type of method is
effective only when the histogram is multimodal, i.e. with several significant nodes,
representing anchor points for the different Gaussians. However, in practice, this
case does not appear frequently, which makes segmentation problematic, whenever
the image histogram is unimodal. Instead, non-parametric methods do not require
any a priori information on the histogram profile. Generally, they are reduced to
minimize a statistical criterion and operate on either multi- or unimodal histograms.
In his original paper [OTS 79], Otsu describes three possible discriminating criteria:
intraclass variance, interclass variance, and total variance. The three criteria are
equivalent and any of the three can be used, depending on the situation.

To minimize a segmentation criterion, a classical solution is to use the gradient
descent algorithm. It allows converging to the minimum of the function, by following
the line of the steepest gradient. However, this algorithm is effective only in case
of binarization. When the number of classes is higher, the function to minimize
may have several local minima and there is no guarantee that the minimum found
corresponds to the global minimum. Indeed, algorithm stops when the gradient
slope no longer decreases significantly, which happens when a valley or plateau is
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encountered. Moreover, in case of segmentation into several classes, the solution
space may be too vast to be explored exhaustively in reasonable time. To overcome all
these problems, the use of a metaheuristic is required. Where conventional methods
may fail, this type of algorithm is capable, in principle, of providing an acceptable sub-
optimal solution, after a series of iterations exploring only a reduced sub-space of the
whole solution space. Hence the interest of metaheuristics for solving the problem
of image segmentation into several classes, whether image histogram is multi- or
unimodal. We have studied and adapted to the image segmentation problem several
metaheuristics [NAK 07a, NAK 07b]. In this chapter, we describe the results obtained
using an ant colony algorithm.

We are interested in segmentation of biomedical images and more particularly
images obtained via magnetic resonance imaging (MRI).

This application has a significant interest in practice. Indeed, the clinician is daily
confronted with image analysis problems, which may take him valuable time. His
priority is to establish reliable diagnosis in a timely manner. Automating the process
of image segmentation and analysis will provide the clinician with ergonomic and
reliable diagnosis tools, which will assist him in selecting appropriate therapeutics for
diseases treated.

The remainder of this chapter is organized as follows. In section 10.2, we recall the
principles of MRI. In section 10.3, we present the problematic of biomedical images
processed and the practical interest of our results in clinical environment. Section 10.4
is devoted to the description of the segmentation criterion designed. We detail in
this part the ideas used to build this criterion, then to define the objective function to
minimize via the ant colony algorithm. Section 10.5 is focused on the presentation of
the proposed segmentation method. We describe the changes we have made to adapt it
to the image segmentation problem. In section 10.6, we present segmentation results
obtained on a series of well-representative biomedical images. This part is completed
by a critical study, in which we point out the strengths of our segmentation method and
emphasis on issues that can be improved. Finally, this chapter ends with a conclusion
in which we summarize the essential contributions of our study and offer development
prospects to further improve the image segmentation method proposed.

10.2. Principle of MRI

Nuclear MRI (MRI or NMR) is a medical imaging technique which has appeared
recently. It consists of studying the changes in magnetization of hydrogen protons of
a substance, under the effect of a magnetic field. It is based on the magnetic properties
of nuclei, which are studied by applying a magnetic field and an excitation using a
radiofrequency wave.
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Immediately after cessation of the excitation, a return to steady state occurs. Space
localization of atoms is obtained by adding to the basic magnetic field a directional
gradient. Relaxation of protons is then modified, due to magnetic field variation.
Signal processing techniques using fast Fourier transform algorithms can then locate
the event. By changing the MRI acquisition parameters, in particular repetition time
between two excitations and echo time (time between excitation signal and echo
reception), the user can differentiate tissues of the body: it is well known indeed that
different tissues have different MRI characteristics.

MRI has the advantage of providing a good view of water, thus edema and
inflammation, with good resolution and good contrast. Fatty tissues are also well
explored by this technique. On the other hand, this imaging is less suited to the study
of tissues which are low in protons, such as bone tissues.

10.3. Importance of segmentation in MRI

In the current development of diagnosis medical imaging, notably MRI technique,
two main types of imaging may be distinguished: a descriptive, anatomical imaging
(morphological MRI) and an imaging of the function of the organ studied (functional
MRI).

In clinical routine, morphological imaging is the most used, but it is more
and more often related to a minimum basis of interpretation, which is completed,
sometimes in a second time (due to exam duration), by more advanced techniques,
such as spectroscopy, functional MRI, or perfusion imaging. Whether these
different techniques or conventional morphological imaging, these approaches require
segmenting source images to allow an accurate quantification of data acquired and of
their evaluation.

Examples of pathologies studied by MRI

The first diseases concerned are degenerative:
– dementia (Alzheimer’s disease: cortical atrophy predominating in the parieto-

occipito-temporal cortex): interest of segmentation, to highlight decrease in brain
volume, sometimes directing the investigation into some specific areas (in the
temporal lobe, hippocampus);

– degeneration of the basal ganglia (Parkinson disease type): similarly, MRI
and volumetry of sub-thalamic nuclei are used to evaluate severity and evolution
conditions of these diseases.

MRI can also study pathologies of brain fluid spaces: around (sub-arachnoid
spaces) and inside (ventricular system) the brain is a liquid, the cerebrospinal
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fluid. Quantity, movement and distribution of this liquid can be affected in many
diseases: in particular, the ventricular system may be affected by pathologies such
as hydrocephalus (communicating or not) or, more recently recognized, intracranial
hypotension. Again, the segmentation of these various spaces allows a precise study
of volumetry and movement or circulation, within these different compartments. Two
examples of diseases are shown in Figure 10.1. In Figure 10.1(a), the patient suffers
from a cortico sub-cortical atrophy. The patient in Figure 10.1(b) shows a cortical
atrophy. Both diseases are signs of Alzheimer’s disease.

(a) (b)

Figure 10.1. Examples of pathologies: (a) cortico sub-cortical atrophy and
(b) cortical atrophy

Segmentation is also interesting for evaluating volumes of lesion load in
inflammatory diseases, such as multiple sclerosis, or malignant diseases: they allow
then the evaluation of tumor area extension, in relation with the presence of an
edematous reaction in the periphery.

Apart from the brain, MRI allows the study of facial skin tissue degeneration
(lipodystrophy).

10.4. Proposed segmentation criterion: biased intraclass variance

Changes to the intraclass variance, used in Otsu’s method [OTS 79], consist of the
introduction of correction parameters, which characterize the properties of a good
segmentation [NAK 07a]. Hence the use of a new segmentation criterion, called
biased intraclass variance. Mathematically, this criterion is expressed as follows:

MVar(t1, ..., tN−1) = α.
N

∑
j=1

(
β−1

j .σ2
int( j)+ γ j

)
[10.2]

where N represents the number of classes to segment (assumed to be known a priori),
σ2

int( j) the intraclass variance of class j, t1 to tN−1 the segmentation thresholds
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selected, and β j and γ j the correction parameters of intraclass variance used in the
Otsu method.

α is equal to (1,000×M)−1
√

NR, where M is the total number of pixels in the
image and NR the number of regions, i.e. the number of connex components in
the segmented image. This term is used to normalize and penalize over-segmented
images.

Term β−1
j = (1+ logNj) is chosen so that term β−1

j σ2
int( j) is low for large classes.

Nj is the number of pixels in class j.

Term γ j = (C(Nj)/Nj) is high when the segmented image contains many regions
of similar size, especially if they are small. C(Nj) is the number of regions whose
cardinal is equal to Nj. For large regions, C(Nj) is, in most cases, equal to 1, while for
regions of small size, it becomes greater than 1.

In all the cases, parameter Nj forces γ j to be close to 0 for large regions. All
these parameters are based on the criterion of Borsotti [BOR 98], used for evaluating
the segmentation quality of color images. The segmentation problem of an image
is equivalent to finding the optimal thresholds maximizing the criterion defined by
expression (10.2):

MVar
((

t∗1 , ..., t
∗
N−1

))
= max{MVar(t1, ..., tN−1)}

s.c. : 1 < t1 < t2 < ... < 255 [10.3]

10.5. Adapting ACO to the image segmentation problem

To adapt the ACO algorithm of Dorigo [BLU 05, DOR 96] to the image
segmentation problem, we introduced a constraint and defined stopping criterion. The
constraint is on variation ranges of variables: if an ant leaves its range, its pheromone
density is reset.

There are two stopping criteria:
– the maximum number of iterations: Nbimax1 = 100(N − 1), where N is the

number of classes;
– the maximum number of iterations which do not imply any improvement in the

last optimum recorded: Nbimax2 = 200.

The rule of movement, called transition probability [BLU 05], is defined by

pk
i j =

⎧⎪⎨
⎪⎩

τi j(t)α .ηβ
i j

∑
l∈Jk

i

τil(t)α .ηβ
il

if j ∈ Jk
i

0 if j /∈ Jk
i

[10.4]
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Once the objective function is evaluated (MVar), an ant k deposits a quantity
Δτk

i j(t) of pheromone:

Δτk
i j =

{
1

Lk(t) if (i, j) ∈ T k(t)
0 if (i, j) /∈ T k(t)

[10.5]

where T k(t) is the solution provided by ant k in iteration t, Lk(t) is the sum of
segmentation thresholds contained in the solution.

To avoid being trapped into local solutions, already deposited pheromones are
evaporated; they are decreased by ρτi j(t) at the end of each iteration, and an update is
done:

τi j(t +1) = (1−ρ)τi j(t)+
m

∑
k=1

Δτk
i j(t) [10.6]

where m is the number of ants used in iteration t and ρ a setting parameter. Initially,
the pheromone is initialized by a small amount τ0 ≥ 0.

The procedure presented in Algorithm 10.1 sums up the different stages of the
segmentation algorithm (MVAR-ACO), based on ACO and maximization of biased
intraclass variance.

1: Select randomly m ants.
2: while the stopping condition is not satisfied do

3: for each ant k = 1, ...,m do

4: Evaluate the objective function given by formula 10.2.
5: Assign a transition probability according to expression 10.4.
6: Evaporate the trails according to expression 10.6.
7: end for

8: end while

9: Output the best state encountered within the search.

Algorithm 10.1: Segmentation algorithm MVAR-ACO

Fitting the algorithm parameters was done empirically. The values used are
gathered in Table 10.1.

Parameter Value
Number of ants, m 50×N
Evaporation coefficient 0.1
α 1
β 5

Table 10.1. Values of ACO parameters
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10.6. Results and interpretation

The discussion focuses on the selection of optimal thresholds, in the sense of
maximizing the MVar criterion, and the presentation of some MRI images. We present
here only cases of four and five segmentation classes. Results yielded by MVAR-ACO
are compared to those obtained with 2D entropy (2DSE) of Shannon.

A comparative study of MVAR-ACO performance with that of other methods from
the literature is then presented, for segmentation of synthetic images.

10.6.1. Results on MRI images

To illustrate the results yielded by our algorithm, two MRI images of the brain,
with their multi-level classification when N = 4 and 5, are shown in Figure 10.2.
Results in the case of a healthy subject are shown in Figure 10.2(c) and (e); and those
in the case of atrophy are shown in Figure 10.2(d) and (f).

Our aim is to quickly detect the different spaces and white matter surrounding
the ventricle space. To estimate the complexity of the optimization algorithm, we
calculated its execution time for different classes. In Table 10.2, the experimental
results are gathered which were obtained from image of Figure 10.2(a). The table
shows the effectiveness of the ant colony algorithm, it confirms that our method is
fast, compared to those described in [COC 03, DRA 05, KAM 00, MUR 06, QIA 07,
SON 06, WAR 00]. For example, in [COC 03], the results are obtained after 120 s.

Figure 10.3 shows the results obtained through applying the 2DSE method. We
can notice that the results yielded by our method are more homogeneous than those
provided by 2DSE. That appears clearly, for example, by comparing white matter
detected in Figure 10.2(f) and 10.3(d).

Number of classes Time (sec)
3 3.9
4 4.6
5 6.0

Table 10.2. Experimental results in the healthy case of Figure 10.2(a)

10.6.2. Performance comparison

We will compare the methods developed in terms of quality of the segmentation
obtained. For this purpose, we use synthetic images, whose optimal segmentation
result is known a priori (ground truth image known). To measure the segmentation
performance, we used the criterion of the classification error (ME).
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(a) (b)

(c) (d)

(e) (f)

Figure 10.2. Segmentation of healthy and pathological MRI: (a) original image in the healthy
case, (b) original image in the pathological case, (c) segmentation into four classes T = (68,
128, 192) of the healthy case, (d) segmentation into four classes T = (70, 129, 191) of the
pathological case, (e) segmentation into five classes T = (57, 105, 155, 202) of the healthy
case, and (f) segmentation into five classes T = (58, 104, 154, 200) of the pathological case,
where T is the vector of thresholds
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(a) (b)

(c) (d)

Figure 10.3. Segmentation results with 2DSE: (a) segmentation into four classes T = (64,
128, 191) of the healthy case, (b) segmentation into four classes T = (65, 131, 192) of the
pathological case, (c) segmentation into five classes T = (52, 102, 152, 203) of the healthy
case, and (d) segmentation into five classes T = (52, 103, 155, 205) of the pathological case,
where T is the vector of thresholds

ME is defined in terms of correlation of images with human observation. It is the
ratio of the number of pixels in the background falsely classified in the foreground,
and vice versa. The analytical expression of ME is given by

ME =

(
1−

( |BO ∩BT|+ |FO ∩FT|
(|BO|+ |FO|)

))
·100 [10.7]

where BO and FO are the background and foreground of the original image,
respectively, and BT and FT are the background and foreground of the test image
segmented, respectively.

Performance of MVAR-ACO is compared to the performance of six other methods:
the classical Otsu method, Kapur method, expectation-maximization (EM) method,
valley emphasis (VE) method, the method based on 2D entropy of Tsallis (TE), and
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k-means method based on the Euclidean distance. The basic principles of all these
methods are presented in [SEZ 04].

For our experiment, the synthetic image of Figure 10.4(a) is used. Initially, this
image is degraded with a multiplicative noise gradually increased (Figures10.4(b)–
(d)). Then an additive Gaussian white noise (GWN) is added to the already noisy
images. These images are shown in Figure 10.4.

(a)

(b) (c) (d)

(e) (f) (g)

Figure 10.4. Original image (a) and synthetic noisy images: (b) noisy image (SNR =17.77 dB),
(c) noisy image (SNR = 15.44 dB), (d) noisy image (SNR = 5.84 dB), (e) noisy image (SNR =
15.91 dB), (f) noisy image (SNR = 13.91 dB), (g) noisy image (SNR= 5.44 dB), where SNR is
the signal-to-noise ratio. In addition to the multiplicative noise a GWN was added to images
(e), (f), and (g)

The segmentation results obtained via the compared methods are presented in
Figure 10.5. For each method, results are presented in one column of the figure.
Quantification of these results based on values of the ME criterion is summarized
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in Table 10.3. On examining Table 10.3, we can see that the segmentation method
MVAR-ACO enables low values of the ME criterion, i.e. a good segmentation quality,
in the case of a multiplicative noise (Figure 10.4(b)–(d)). When the GWN is added,
the method is less efficient. However, it performs better than methods based on the
same principle (Otsu, Kapur, k-means, VE and TE).

Figure 10.5. Performance of the various methods: (column a) images segmented by MVAR-
ACO, (column b) images segmented by k-means, (column c) images segmented by Otsu, (column
d) images segmented by Kapur, (column e) images segmented by EM method, (column f) images
segmented by VE method, and (column g) images segmented by TE method

Test images of Figure 10.4 Segmentation methods
MVAR-ACO k-means Otsu Kapur EM VE TE

Image (b) 0.17 0.17 0.45 5.61 8.68 0.34 0.64
Image (c) 0.60 0.61 0.88 4.50 12.50 0.63 1.12
Image (d) 4.53 10.86 12.22 4.97 28.87 11.59 12.90
Image (e) 5.75 11.84 11.92 5.77 5.74 5.90 5.92
Image (f) 10.13 14.92 13.82 6.74 6.60 13.22 6.68
Image (g) 15.64 36.45 36.63 16.66 16.63 35.56 29.98

Table 10.3. Performance evaluation of the various segmentation methods. Low values of ME
are in bold
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Compared to other methods, MVAR-ACO algorithm is the most efficient, except
in the case of images (e), (f), and (g), where EM method is slightly more efficient.
These results are explained by the fact that, in cases of images (e), (f), and (g), the
modeling of the histogram with two Gaussians was still possible, despite the noise
density, which allowed a good detection. Unfortunately, in the last case (image (g)),
the noise is so important that the histogram is highly degraded. In other words, it
becomes unimodal, which makes the EM method inefficient.

From a visual standpoint, results in Figure 10.5 show the superiority of the MVAR-
ACO algorithm compared to others. Regarding the six other competing methods,
k-means method allows an optimal result, in the case of slightly noisy images.
Unfortunately, the noise increase led to a considerable decrease in its performance.
The results of Kapur method are not far from the results of the other methods, in cases
of images (e) to (g), but they are never the best. As for Otsu method, its performance is
poor in case of highly noisy images. VE and TE methods produce results comparable
to those of the other methods, without achieving the optimal result.

This comparative study resulted in an accurate performance evaluation of the
proposed criterion (MVar).

10.7. Conclusion

In this chapter, we presented a low computational cost method for finding
the optimal thresholds, based on MVar segmentation criterion and ant colony
optimization. The experimental results show that the proposed method performs better
than the classical 2DSE method. As a perspective of this work, we plan to segment
sequences of MRI images, by applying a dynamic ant colony optimization.
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Chapter 11

Vertex Coloring Using Ant Colonies

11.1. Introduction

When tackling this chapter, readers probably do not need to be convinced that
artificial ants are capable of solving complex combinatorial optimization problems. In
the mid-1990s, the situation was, however, very different, because there were then
few problems solved by using ant colonies. In 1997, Costa and Hertz [COS 97]
reported for the first time that ants are capable of coloring vertices of a graph. Yet,
in looking more closely, the paper by Costa and Hertz did contain ant algorithms for
coloring vertices of a graph, but these algorithms, although more efficient than simple
constructive methods, produced results that could not compete with those obtained
using other metaheuristics, such as tabu search [GLO 97] or simulated annealing
[KIR 83]. Since 1997, several researchers have studied the use of artificial ants
for coloring vertices of a graph, and it is quite clear that ant algorithms are now
competitive with the best coloring algorithms known to date. This chapter aims
to give a chronological account of the evolution of these ant algorithms. We will
begin with a precise definition of the problem to solve and then present three solution
approaches, which differ by the role assigned to each ant. Some numerical results will
be presented, to allow a comparison of the different approaches, and we will conclude
the chapter with some comments and questions.

Chapter written by Alain HERTZ and Nicolas ZUFFEREY.
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11.2. The vertex coloring problem (VCP)

Let G = (V,E) be a graph, where V is a set of vertices and E a set of edges
connecting certain pairs of vertices. Given a positive integer k, a k-coloring of G is a
function c : V −→ {1, . . . ,k} that assigns a value c(v), called color of v, to each vertex
v ∈ V . Vertices with the same color define a color class. If two vertices v and w are
adjacent (i.e. connected by an edge) and have the same color, they define a conflict, the
edge linking v with w is a conflicting edge, and its end points v and w are conflicting
vertices. A k-coloring without any conflict is said to be legal. The smallest integer
k such that there exists a legal k-coloring of G is called the chromatic number of G
and is denoted χ(G). The problem of determining the chromatic number of a graph,
which we will denote VCP (for vertex coloring problem), is NP-hard [GAR 79]. For a
fixed positive integer k, the problem of determining whether there is a legal k-coloring
of G is denoted k-VCP. Heuristics for the k-VCP can be used to try to improve any
upper bound B on χ(G). Indeed, given a bound B ≥ χ(G) (e.g. B = |V |), a series of
k-VCPs with decreasing values of k (starting from k = B− 1) can be solved until no
legal k-coloring can be obtained.

To illustrate the above terminology, we show on the left of Figure 11.1 a non-
legal three coloring of a graph. The letters correspond to the names of the vertices,
while the numbers represent their colors. The edges connecting b with e and c with
d are conflicting and are represented with thicker lines, and {b,c,d,e} is the set of
conflicting vertices. The chromatic number of this graph is three since, as shown on
the right of Figure 11.1, there is a legal three coloring of the same graph, while the
triangle consisting of vertices b, d, and e (or c, d and e, or d, e and f ) proves that it is
impossible to use fewer colors in a legal coloring.
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Figure 11.1. Illustration of basic definitions

The VCP has many practical applications, mainly in the fields of scheduling,
timetabling, and frequency assignment problems in radio mobile networks [GAM 82,
LEI 79, STE 85]. It is therefore not surprising that many researchers are addressing
this problem. Nowadays, the best exact algorithms for the VCP are not able to process
graphs of more than one hundred vertices [HER 02, MEH 96]. For larger instances,
the use of heuristics is thus unavoidable when obtaining good upper bounds on the
chromatic number.
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A very large number of heuristics have been proposed to solve the VCP or
the k-VCP. Constructive algorithms consider the vertices sequentially, assigning to
each one the smallest possible color, i.e. the smallest positive integer which has
not yet been assigned to an adjacent vertex. This type of heuristic is simple to
implement and can quickly obtain an upper bound on the chromatic number. The
quality of the resulting solution, however, strongly depends on the order in which
vertices are colored. The constructive algorithms that are the most used in practice
are DSATUR [BRÉ 79] and RLF [LEI 79] which are based on an order of the
vertices that is constructed dynamically. Metaheuristics can obtain better bounds
on the chromatic number, but at the price of higher computing times. Various
types of metaheuristics have been proposed for solving the VCP. In addition to ant
algorithms that will be described later, we find local search techniques, such as
simulated annealing [CHA 87, JOH 91], tabu search [BLÖ 08, HER 87], variable
neighborhood search [AVA 03], variable space search [HER 08], and hybrid methods
that combine local search with evolutionary techniques that manage populations of
solutions [FLE 96, GAL 99, GAL 08, MAL 05, MOR 96]. For more details about
constructive algorithms or for a recent review on metaheuristics proposed for the VCP,
the reader may refer to [HER 03] or [GAL 06].

11.3. Three ant colony approaches for the VCP

The first ant algorithms for the VCP were developed in 1997 and new publications
in this field have appeared regularly since then. These various publications can be
grouped into three classes, depending on the role played by the ants in the algorithm.
In the first proposed algorithms, each ant is a constructive algorithm that leaves a
trail on each pair of non-adjacent vertices to indicate whether these vertices received
the same color. The second class includes algorithms where ants walk throughout
the graph and collectively try to change the color of the vertices they visit, the
objective being to reduce the number of conflicting edges in a non-legal k-coloring.
Finally, in the third class, ants are local search algorithms that leave trails along the
exploration they have made of the search space. While the first ant algorithms were
not competitive with other metaheuristics for coloring the vertices of a graph, the
most recent algorithms (those of the third class) positively compete with the best-
known algorithms so far. In the three following subsections, we describe these three
approaches in more detail.

11.3.1. Each ant is a constructive algorithm

The first ant colony approach for the VCP was proposed by Costa and Hertz in
[COS 97]. As it is based on extensions of the DSATUR [BRÉ 79] and RLF [LEI 79]
algorithms, we first give a brief description of these constructive methods.
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Given a partial coloring without conflicting edges of a graph G (i.e. only a few
vertices are colored), we denote by U the set of vertices which are still to be colored.
The saturation degree of a vertex v ∈ U is defined as the number of different colors
appearing on vertices adjacent to v. For example, in the graph of Figure 11.2, there
are three already colored vertices, which gives U = {b,d, f ,g}. The saturation degree
of b and d is 2, while it is 1 for vertices f and g.
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Figure 11.2. Example of partial coloring

The DSATUR algorithm colors the vertices sequentially, choosing at each step the
vertex of U with the highest saturation degree. If several vertices maximize this value,
the algorithm chooses one with a maximum number of uncolored adjacent vertices.
The color assigned to the selected vertex is as small as possible, i.e. it is the smallest
positive integer not appearing on an adjacent vertex. In the example of Figure 11.2,
vertices b and d have the largest saturation degree, and the algorithm chosen will be
b because it is adjacent to an uncolored vertex (vertex f ), which is not the case for
vertex d. As colors 1 and 2 appear on vertices adjacent to b, the algorithm will assign
color 3 to b.

The RLF algorithm builds the color classes one after the other. For each class,
the first vertex to be included is chosen randomly among those having a maximum
number of uncolored adjacent vertices. The class is then completed as follows. Let
W ⊆ U be the set of uncolored vertices which can no longer be included in the class
under construction (since they are adjacent to at least one vertex of that class). The
next vertex brought into the class is a vertex belonging to U but not to W and has a
maximum number of adjacent vertices in W . When U = W , the algorithm proceeds
with the next color class. In the example of Figure 11.2, assume that the class of
vertices of color 2 is under construction. The set U of uncolored vertices is {b,d, f ,g},
while W = {b,d}. As vertex f is adjacent to vertex b ∈ W , while vertex g is not
adjacent to any vertex of W , the RLF algorithm chooses f as next vertex of color 2.
We will then have U = W = {b,d,g} and the algorithm will proceed with the third
color class.

As already mentioned, a constructive algorithm completes a partial solution step-
by-step until all vertices are colored. At each step, an uncolored vertex is chosen and
a color is assigned to it. In the DSATUR and RLF algorithms, there is no choice to
make regarding the color to assign to the selected vertex. Indeed, once DSATUR has
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chosen the next vertex to color, the color given to this vertex is the smallest integer not
appearing on a vertex adjacent to it. For the RLF algorithm, the situation is somewhat
different, since the color is selected automatically (namely the color of the class which
is under construction), and the algorithm should simply make a choice regarding the
vertex to which this color will be assigned. FDSATUR and FRLF are two ant algorithms
proposed in [COS 97] based on degree saturation (DSATUR) and recursive-large-first
(RLF), respectively. In these algorithms, ants leave trails which influence the choice
of the next vertex to color, but not the color to assign to this vertex. Specifically, at
each step of the constructive algorithm, each ant must decide what will be the next
vertex to color, and this choice depends on two factors:

– Attractiveness: each ant tends to make the most attractive choice. In FDSATUR,
this attractiveness A(v) for an uncolored vertex v is defined as the saturation degree of
v; in FRLF, the attractiveness A(v) of a vertex belonging to U , but not to W , equals the
number of vertices adjacent to v in W .

– Trail: ants which made good choices in the past have left a trail to try to influence
future choices of ants. In our case, given two non-adjacent vertices v and w, let t(v,w)
be a trail left by ants indicating whether it would seem wise to give the same color to
these two vertices. As mentioned above, the choice of a vertex v automatically leads to
assigning a color c to v, this color being either the smallest which does not create any
conflict (for FDSATUR) or the color of the class under construction (for FRLF). Denoting
by Vc the set of vertices of color c in the partial solution under consideration, the trail
T (v) associated with the choice of vertex v is then defined as T (v) = ∑w∈Vc t(v,w).

Denoting by C the set of vertices that can be chosen at a given stage (i.e. C = U
in FDSATUR and C = U −W in FRLF), the choice of the next vertex to color is done
in a standard way, i.e. it is a random choice in C, with probability P(v) of choosing
v defined as follows:

P(v) =
A(v)α T (v)β

∑
w∈C

A(w)α T (w)β

where α and β are two parameters that give more or less importance to each of the
two factors that influence the ants’ choices.

At the beginning of the algorithm, all values t(v,w) are initialized to zero. Then,
whenever an ant has colored all vertices of the graph, it considers the number k of
colors in the resulting solution s and increases by 1

k the values t(v,w) associated with
the pairs of vertices v and w of the same color in s. Moreover, as in all ant algorithms,
values t(v,w) decrease regularly by means of an evaporation factor ρ .

More details on these two ant algorithms are given in [COS 97]. Vesel and
Z̆erovnik [VES 00] compared FDSATUR and FRLF with Petford–Welsh [PET 89] type
algorithms. It is quite clear that the results obtained by these ant algorithms are not
of very high quality. Ahn et al. [AHN 03] improved FRLF, somewhat by designing
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this ant algorithm from an improved version of RLF, named XRLF, and described
in [JOH 91]. In addition, Bessedik et al. [BES 05] have shown that it is possible to
improve these ant algorithms by combining them with local search techniques, though
without making them competitive with the best vertex coloring algorithms.

11.3.2. The ants walk in the graph

The second approach by ant colonies to color the vertices of a graph is to try to
solve the k-VCP, for a given integer k, by placing ants in the graph, and leaving them
walk from vertex to vertex, each ant having the power of changing the color of the
vertices it visits. More precisely, let us denote by S the set of all k-colorings (not
necessarily legal) of the considered graph. The goal of these ant algorithms is to act
collectively, in order to determine an element s ∈ S that contains no conflicting edge.
The movements of the ants in the graph allow us to change the location of conflicts,
or even eliminating them. The two algorithms of the following subsections are two
examples of this ant colony approach.

11.3.2.1. The ants change the color of the vertices they visit

In the algorithm proposed by Comellas and Ozón [COM 98], which we will denote
by FCO, a set of ants is scattered over the vertices of the considered graph. Given a
k-coloring s ∈ S, let us denote by nv(s) the number of conflicting edges having v as
end point. In other words, nv(s) represents the number of vertices adjacent to v and
having the same color as v. At each iteration of the algorithm, each ant moves with the
probability p from vertex v on which it is located to an adjacent vertex w of maximum
value nw(s), and with the probability (1− p) to a vertex w adjacent to v chosen at
random. Once it has arrived on this new vertex w, the ant changes the color of w,
giving it, with the probability q, a new color that creates the least possible number of
conflicts, and with the probability (1− q), a new color chosen at random. When all
ants have completed their change of color of a vertex, the values nv(s) are updated for
all vertices v of the graph and a new iteration begins. The values of p and q and the
number of ants walking in the graph are the parameters of the algorithm. Note that no
explicit trail system is used in this method.

11.3.2.2. Each ant has a color and votes for it on the vertex where it is located

Hertz and Zufferey [HER 06, ZUF 02] propose to assign a color (i.e. an integer in
{1, . . . ,k}) to each ant. At each iteration of their algorithm, which we will denote by
FHZ, there are exactly k ants on each vertex. Initially, each vertex has exactly one ant
of each color, then ants move and try to change the color of conflicting vertices.

An important feature of this ant algorithm is the procedure called Color that aims
at completing a partial coloring. Specifically, assume that a subset of vertices of G
is already colored and let U be the set of vertices still to be colored. The vertices of
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U are colored sequentially, according to principles similar to those of the DSATUR
algorithm (see section 11.3.1). At each step, the next vertex to color is selected among
those with the largest saturation degree. In case of equality, the algorithm chooses one
vertex with a maximum number of uncolored adjacent vertices. What changes over
DSATUR is the choice of the color to assign to this selected vertex. First, the set of
possible colors is the set of colors assigned to at least one ant currently located on
the vertex to color. Then, among this set, the selected color is the one that creates a
minimum number of new conflicting edges. If several colors are still possible with
this rule, the procedure chooses the one which is assigned to the largest number of
ants on this vertex.

This algorithm is illustrated in Figure 11.3. The numbers inside the large circles
indicate the colors of the ants located on vertices that are still to be colored. Once a
vertex is colored, it is represented by a small circle and its color by an integer next to
it. In the partial coloring shown in Figure 11.3(a), three vertices d, e, and f remain to
be colored. The most saturated vertices are d and e and the algorithm will choose d,
for instance. Since color 2 does not appear on d, it is not chosen, although it would
not create any conflict. Each of the two possible colors 1 and 3 creates a conflict,
and therefore the most represented color, i.e. color 1, is chosen. The new partial
coloring is shown in Figure 11.3(b), with the conflicting edge connecting vertices c
and d in bold. The next most saturated vertex is vertex e, since it is adjacent to two
different colors, while vertex f is adjacent to only one color. Again, color 2 cannot be
given to e because no ant of color 2 appears on this vertex. Given that assigning
color 3 to e creates only one conflict, while two conflicts would be created with
color 1, the algorithm assigns color 3 to e for obtaining the partial coloring shown in
Figure 11.3(c). Finally, the last vertex f is colored with color 2, which does not create
any new conflict, and we obtain the complete three coloring shown in Figure 11.3(d)
with two conflicting edges.
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Figure 11.3. Completion of a partial coloring by the Color procedure
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At each iteration of the FHZ algorithm, the goal is to eliminate at least one
conflicting edge, even by adding other edges elsewhere. To do this, vertices exchange
ants, while trying to get rid of ants that are responsible for creating conflicts.
Specifically, let us denote by c(v) the color of vertex v in the current k-coloring. At
each iteration of the algorithm, a conflicting vertex v is chosen and all ants of color
c(v) are removed from v to ensure that the Color procedure will not restore that color
on v. These ants of color c(v) are removed from v by performing a series of exchanges,
denoted by m = (v,w, i), which are to swap an ant of color c(v) on v with an ant of
color i �= c(v) on w �= v. We still have to describe how this conflicting vertex v is
chosen, and how the exchanges m = (v,w, i) are determined. These choices, as in
any ant algorithm, are based on two factors, namely attractiveness and trail. We first
describe the attractiveness A(m) of an exchange m.

The following four situations make the exchange m = (v,w, i) attractive: v contains
many ants of color i; w contains many ants of color c(v); there are many ants of color
c(v) on vertices adjacent to v; there are many ants of color i on vertices adjacent to w.
In contrast, it seems unattractive to make such an exchange if w contains many ants of
color i, if there are many ants of color i on vertices adjacent to v, or if there are many
ants of color c(v) on vertices adjacent to w. Note that the number of ants of color c(v)
on v does not affect the attractiveness of m, because if such an exchange is made, all
ants of color c(v) will be removed from v, regardless of their number. In summary, let
S j(u,w) be the number of ants of color j on vertices adjacent to u other than w, and
let Nj(u) be the number of ants of color j on u. The attractiveness A(m) defined in
[HER 06] is

A(m) = Ni(v)2 +Nc(v)(w)
2 −Ni(w)2 +Sc(v)(v,w)+Si(w,v)−Sc(v)(w,v)−Si(v,w)

The purpose of the squares that appear in this formula is to increase the importance
of the grouping of ants of the same color.

The trails t(w, i) defined in [HER 06] exist for every pair (w, i), where w is a
vertex and i a color. When performing an exchange m = (v,w, i), the trails t(v, i) and
t(w,c(v)) tend to be reinforced, whereas t(v,c(v)) and t(w, i) are attenuated. These
trails gradually evaporate, that evaporation being more important for the trail t(v,c(v))
when all ants of color c(v) have been removed from v. The trail T (m) of an exchange
m = (v,w, i) is then defined as T (m) = t(v, i)+ t(w,c(v))− t(v,c(v))− t(w, i). More
details are given in [HER 06].

We can now describe an iteration of the FHZ ant algorithm. At each iteration, the
attractiveness A(m) and the trail T (m) of all possible exchanges m are normalized in
the interval [0,1], and a value P(m) = αA(m)+βT (m) is computed for each exchange
m, where α and β are two parameters that allow us to give more or less importance
to the attractiveness or trail of an exchange. The algorithm then selects an exchange
m of maximum value P(m). Assume that this selected exchange m is to replace an
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ant of color c(v) on v by an ant of a different color. Other ants of color c(v) are then
sequentially removed from vertex v, by choosing each time an exchange of maximum
value P(m). Then, all vertices of which the set of ants was altered, and all vertices
which were in conflict at the beginning of the iteration, are discolored, while the rest
of the graph keeps its coloring. The Color procedure finally completes this partial
coloring and the trails are updated.

This process is illustrated in Figure 11.4. A coloring with two conflicting edges
(with thick lines) is represented in Figure 11.4(a). As before, numbers in large circles
correspond to colors of ants located on vertices, while integers outside the circles
represent colors of vertices. Suppose that the first selected exchange m is to remove
an ant of color c(d) = 1 from vertex d and to replace it by an ant of color 3 taken from
b (i.e. m = (d,b,3)). The second ant of color 1 on d is then exchanged, for example,
with an ant of color 2 on f . There is then no more ant of color 1 on d. As vertices b, d,
and f have changed their set of ants, they are discolored. Moreover, as vertices c and
e were involved in conflicts, they are discolored too. Therefore, the Color procedure
starts its partial coloring with only color 2 on vertex a, as shown in Figure 11.4(b).
The coloring sequence produced by Color could then be the assignment of color 1 on
b, then 3 on e, 2 on d, 1 on c, and finally 1 on f , which gives the coloring represented
in Figure 11.4(c), which no longer includes any conflicting edge.
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Figure 11.4. An iteration of the algorithm described in [HER 06]

Some additional features are used in FHZ. For example, when an iteration removed
all ants of color c(v) on vertex v, the algorithm forbids the assignment of ants of color
c(v) on v for a certain number of iterations, similarly to a tabu search. For more details,
the reader is invited to consult [HER 06] or [ZUF 02].

11.3.3. Each ant is a local search procedure

In the third and last approach presented in this chapter, ants again try to solve
the k-VCP with a fixed integer k. However, the role played by each ant is this time
much more important, since it is not limited to attempting to change the color of
vertices through movements in the graph. Each ant acts like a local search procedure
and the trails left during each attempt to reduce the number of conflicting edges
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influences future searches. We describe below two recent algorithms that fit within
this framework.

11.3.3.1. Each ant is a Petford-Welsh type algorithm [PET 89]

Shawe-Taylor and Z̆erovnik [SHA 02] propose considering each ant as an iterative
procedure that attempts to eliminate conflicting edges, using a generalization of
Petford-Welsh’s algorithm [PET 89]. Given a k-coloring with conflicting edges,
Petford-Welsh’s algorithm chooses, at each iteration, a conflicting vertex and assigns
to it a new color. The main idea described in [SHA 02] is to work simultaneously on
the graph G to color, as well as on a graph G′, which is initially equal to G and to
which edges are periodically added. These additional edges are a kind of trail left by
ants during previous uses of Petford-Welsh’s algorithm. When many ants have given
two different colors to two non-adjacent vertices v and w, and have obtained good
colorings, the trail left by ants for remembering this fact is the addition of an edge
in G′.

More precisely, each ant tries to improve its k-coloring, using Petford-Welsh’s
algorithm for a fixed number M of iterations. As noted above, each ant chooses at
each iteration a conflicting vertex v. This choice is made randomly among the end
points of a conflicting edge of G. A new color is then assigned to vertex v. For each
color i different from the current color c(v) of v, let us denote by ni the number of
vertices of color i adjacent to v in G′. Shawe-Taylor and Z̆erovnik propose to choose
i as a new color with a probability proportional to e

−ni
T where T is a parameter of the

algorithm.

Let us denote by X the population of k-colorings obtained at the end of these M
iterations and by f (x) the number of conflicting edges in G for the k-coloring x ∈ X .
For each pair of vertices v and w not adjacent in G′, let us finally denote by Xvw the
subset of k-colorings of X where v and w have different colors. The evidence E(v,w)
of this non-edge of G′ is defined as follows:

E(v,w) = ∑
x∈Xvw

e
− f (x)

T ′

where T ′ is a third parameter of this algorithm (in addition to M and T ).

After M iterations, all non-edges of G′ of maximum evidence are added to G′,
which corresponds to a trail update, and a new cycle of M iterations is initialized.
No trail evaporation is implemented in this algorithm, which means that no edge
is removed from G′. Shawe-Taylor and Z̆erovnik justify this feature by making an
analogy with human behavior in solving complex problems. It is indeed quite common
to incrementally add constraints that do not seem to exclude the optimal solution
sought. These additions aim at modifying the search space to better guide the search
for the optimum. When many ants get k-colorings with very few conflicting edges
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and two non-adjacent vertices v and w never have the same color in all these good
colorings, it seems reasonable to assume that v and w do not have the same color in
an optimal solution without conflict. Therefore, to encourage the algorithm to give
different colors to v and w, an edge is added to G′.

11.3.3.2. Each ant changes a legal partial k-coloring

The ant algorithm proposed by Plumettaz et al. [PLU 10], named FPSZ, also tries
to solve the k-VCP, but with a quite different approach. A legal k-coloring must satisfy
two constraints: each vertex must have a color chosen in {1, . . . ,k} and the end points
of each edge must have different colors. While the previous algorithm satisfied the first
constraint, but allowed violations of the second constraint (while penalizing them), the
FPSZ algorithm prohibits any conflicting edge, but does not require that all vertices are
colored. Each uncolored vertex induces a penalty and the objective is therefore to
minimize the number of uncolored vertices. This strategy was originally proposed
by Morgenstern [MOR 96] in the context of a simulated annealing, and then used by
Blöchliger and Zufferey [BLÖ 08] in a tabu search. A k-coloring without conflicting
edges in which some vertices are uncolored is called a legal partial k-coloring.

Each ant of the FPSZ algorithm solves the k-VCP by generalizing an efficient tabu
search algorithm, proposed by Blöchliger and Zufferey [BLÖ 08], that we will denote
by BZ. More precisely, let Vi (1 ≤ i ≤ k) be the set of vertices of color i and Vk+1 be the
set of uncolored vertices. At each iteration, each ant tries to improve its legal partial
k-coloring by coloring a vertex v of Vk+1 with one of the k available colors, say i. If Vi
contains vertices adjacent to v, they are discolored, i.e. they are moved in Vk+1. As an
illustration, the left graph in Figure 11.5 represents a legal partial three coloring with
V1 = {c}, V2 = {a, f}, V3 = {b}, and V4 = {d,e}. If an ant decides to assign color 1 to
vertex d, vertex c is discolored, as shown to the right of Figure 11.5. We observe that
the next iteration will be able to assign color 3 to c, while not discoloring any vertex.
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Figure 11.5. One iteration of the algorithm described in [PLU 10]

The attractiveness A(v, i) of assigning color i to a vertex v ∈ Vk+1 is defined as
the inverse of the number of vertices in Vi which will have to be discolored, i.e. that
are adjacent to v. A trail t(v,w) is defined for every pair (v,w) of vertices. At each
iteration, each ant adds an amount |Vj |2 to the trails t(v,w) on pairs (v,w) of vertices
of the same color j ∈ {1, . . . ,k}. Thus, for example, if an ant builds the legal partial
three coloring represented on the right of Figure 11.5, it adds | V2 |2= 4 to the trail



230 Artificial Ants

t(a, f ). These trails steadily decline, thanks to an evaporation factor ρ . When an ant
is planning to assign color i to a vertex v ∈ Vk+1, it considers the accumulated trail
T (v, i) defined as follows:

T (v, i) = ∑
w∈Vi

t(v,w)

Denoting by C the set of pairs (v, i) with v ∈Vk+1 and i ∈ {1, . . . ,k}, each ant must
therefore choose its next action in this set C. It is pretty standard in an ant algorithm
to choose a pair (v, i) ∈C randomly, with probability P(v, i) of choosing (v, i) defined
as follows:

P(v, i) =
A(v, i)α T (v, i)β

∑
(w, j)∈C

A(w, j)α T (w, j)β

where α and β are two parameters that give more or less importance to attractiveness
and trail. To accelerate their algorithm, Plumettaz et al. propose using another
choice strategy. They first determine the subset C′ ⊆ C of pairs (v, i) of maximum
attractiveness A(v, i). If this subset C′ contains more than one pair, then a decision
between them is taken, thanks to the trail, i.e. a pair (v, i) of C′ is chosen with the
highest trail T (v, i). In other words, unlike most ant algorithms, attractiveness and
trail are used successively and not simultaneously in the decision process. This results
in a significant gain in resolution time, since the computation of probabilities P(v, i)
defined above is saved.

Other mechanisms are used in FPSZ, such as the prohibition, for a number of
iterations, of discoloring a vertex v when it was recently transferred from the set Vk+1
of uncolored vertices to a set Vi. For more details on this algorithm, the readers should
consult [PLU 10].

11.4. Some numerical comparisons

In this section, we give some numerical results which will allow comparing the
three approaches described above. Of course, we did not reprogram each algorithm
and we will then only reproduce some results from papers in which algorithms are
described. Readers should be aware, however, that these results were obtained on
computers very different from each other, and we all know that the power of computers
in 1997 was by far not comparable to that of machines today. Therefore we will not
give computing times, but simply numbers of colors produced by each algorithm.
Differences are so significant, however, that the comparison remains still relevant.

We first compare various ant algorithms on random graphs. These graphs, denoted
by Gn;d , have a number n of vertices, and each edge has a probability d of existing,
independently of the other edges. This probability d is called the graph density.
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For example, the graph G100;0.5 has approximately d n(n−1)
2 = 2,475 edges. It is known

that the random graphs that are the most difficult to color have a density close to 0.5,
which explains why most coloring algorithms were tested on these graphs. We present
in Table 11.1 some results for graphs Gn;0.5 with n = 100, 300, 500, and 1,000. The
various algorithms tested are the following:

– the FDSATUR, FRLF, FCO, FHZ, and FPSZ ant algorithms described in the previous
sections. We do not give any result for the ant algorithm proposed by Shawe-Taylor
and Z̆erovnik [SHA 02] (see section 11.3.3.1) since the authors of this algorithm
performed numerical tests only on a small sample of very special graphs;

– the DSATUR [BRÉ 79] and RLF [LEI 79] constructive algorithms to measure
the relevance of the extensions leading to FDSATUR and FRLF;

– the BZ tabu search algorithm described in [BLÖ 08] to measure differences with
FPSZ which is inspired by this method;

– the GH algorithm proposed by Galinier and Hao [GAL 99], which is recognized
as one of the best vertex coloring algorithms known to date.

Since some of these algorithms solve the VCP, whereas others solve a sequence
of k-VCPs, we show for each algorithm of that second type the smallest value k for
which it was possible to determine a legal k-coloring.

n FRLF FDSATUR FHZ FCO FPSZ RLF DSATUR BZ GH
100 15 15 16 14 14 17 18 14 14
300 35 38 37 34 33 39 42 33 33
500 55 67 57 53 48 60 65 49 48

1,000 111 121 105 99 84 107 114 89 84

Table 11.1. Comparisons for random graphs Gn;0.5

We first note that the FDSATUR and FRLF ant algorithms of the first approach are
better than DSATUR and RLF only on graphs of small size. Indeed, from 500 vertices,
FDSATUR uses more colors than DSATUR, while the advantage of RLF on FRLF is
observed a little later, since it is visible only on graphs with 1,000 vertices. The FHZ
and FCO ant algorithms of the second type significantly reduced the role of each ant,
since ants walk in the graph and can only influence the color choice of the vertex where
they are. Each ant has thus only a local power, while in the first-type algorithms each
ant could choose the color of every vertex. But, it can be pointed out that, despite this
decrease in the power of ants, they produce better results than those obtained using the
first-type algorithms. However, by comparing FHZ and FCO with BZ and GH, there are
noticeable differences up to more than 20 colors for graphs with 1,000 vertices. These
ant algorithms are thus still not competitive with the best coloring algorithms known
to date. The FPSZ algorithm of the third type produces the same results as GH and is
sometimes better than BZ from which he was inspired. We had therefore to wait until
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2009, i.e. more than one decade since the publication of the first ant algorithm for the
VCP, to finally achieve an ant algorithm that can compete with the best vertex coloring
algorithms.

The four graphs above represent a rather limited sample for comparing algorithms.
While it is clear that ant algorithms of the first two types cut a sorry figure in
comparison with algorithms such as BZ and GH, it seems appropriate to carry the
comparison a bit further for the FPSZ ant algorithm of the third type.

Graph n χ(G) k∗ FPSZ BZ GH
DSJC1000.1 1,000 – 20 20 21 20
DSJC1000.5 1,000 – 83 84 89 83
DSJC1000.9 1,000 – 224 224 226 224
DSJC500.1 500 – 12 12 12 12
DSJC500.5 500 – 48 48 49 48
DSJC500.9 500 – 126 126 127 126
DSJR500.1c 500 – 85 85 85 –
DSJR500.5 500 – 122 125 125 –

flat1000_50_0 1,000 50 50 50 50 50
flat1000_60_0 1,000 60 60 60 60 60
flat1000_76_0 1,000 76 82 83 87 83
flat300_28_0 300 28 28 29 28 31

le450_15c 450 15 15 15 15 15
le450_15d 450 15 15 15 15 15
le450_25c 450 25 25 26 25 26
le450_25d 450 25 25 25 25 26

Table 11.2. Comparisons between FPSZ, BZ, and GH

We report in Table 11.2 the best colorings achieved by FPSZ, BZ, and GH on some
DIMACS (Center for Discrete Mathematics and Theoretical Computer Sciences)
instances which are considered as very difficult and can be found on the web site
located at http://mat.gsia.cmu.edu/COLOR/instances.html. For each of these graphs,
we show its number n of vertices, its chromatic number χ(G) if it is known, and
the smallest number k∗ for which a coloring heuristic managed to produce a legal
k∗-coloring of the considered graph.

We observe that FPSZ is better than BZ on 6 of the 16 instances tested, while
the advantage of BZ on FPSZ can be observed only on 2 instances. Therefore the
adaptation of BZ into the FPSZ ant algorithm seems relevant. When comparing FPSZ
with GH, the advantage is for FPSZ on one instance and for GH on another, the two
algorithms giving the same results on the 14 other instances.
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11.5. Discussion and conclusion

For a decade already, researchers have been proposing ant algorithms for the VCP
or the k-VCP. Various publications in this field may be grouped into three classes,
depending on the role that the ants play in the algorithm. In the first proposed
algorithms, each ant is a sequential coloring algorithm, leaving a trail on each pair of
non-adjacent vertices, to indicate if these vertices received the same color. The second
type includes algorithms in which ants can be treated as paint brushes that walk in the
graph with the objective of changing the color of vertices they visit. Finally, in the
third class of algorithms, ants became local search techniques, leaving trails on the
exploration they made of the search space. While the first ant algorithms were not
competitive with other metaheuristics for the VCF, the most recent algorithms (those
of the third class) positively compete with the best-known algorithms so far.

It is, however, doubtful whether algorithms such as FPSZ can still be considered as
ant algorithms, deviations from standard ant algorithms being numerous. For example,
the FHZ and FPSZ algorithms use a tabu list to avoid being trapped in local minima of
the search space, which is rather a mechanism of a tabu search. Another element that
seems to distinguish ant algorithms from a tabu search is how a choice for changing
solution at each iteration be made. In a tabu search, this choice is often the most
possible from a set of candidate choices; the quality of a change can be measured not
only by the value of the function to optimize but also by the similarities between the
solution to which one tries to move and the content of a memory. An ant algorithm
does not usually choose the best change, since it makes a random choice biased by
the attractiveness and the trail of each possible movement. In the FPSZ algorithm, a
change (v, i) is selected among those of maximum attractiveness A(v, i), and the trail
T (v, i) only serves to take a decision between equal changes (see section 11.3.3.2 for
details). In other words, FPSZ chooses at each iteration a change (v, i) of maximum
value A(v, i) + ωT (v, i), where ω is a constant that is small enough to give more
importance to attractiveness than to trail. This kind of choice is more similar to what
is done in a tabu search rather than in an ant algorithm.

The scientific community is not unanimous on the name to give to the various
existing metaheuristics. Some consider ant algorithms as special cases of other
older algorithms, while others consider them as generalizations or variations. To
illustrate this issue, it can be mentioned that Glover and Laguna specify (p. 4 in
[GLO 97]) that, at each iteration of a tabu search, each decision can be taken using
memory structures that operate by reference to four principal dimensions consisting
of frequency, recency, influence, and quality. More precisely:

– a frequency-based memory takes into account features that were often observed
within the search process. Such a feature in a VCF may, for example, be that two
non-adjacent vertices often have the same color;
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– a recency-based memory manages features of the most recent solutions. A
common feature at the beginning of search, but less present in the last iterations, is
therefore not stored in this type of memory. On the other hand, a new feature that has
emerged only recently is probably still not frequent, but can be considered as recent;

– an influence-based memory aims at storing decisions (adding a feature) that had
the greatest impact on the value of the function to optimize;

– a quality-based memory will remember only features present in the best solutions
encountered within the search.

With such a broad definition of possible use of memory, some will qualify ant
algorithms as special cases of a tabu search. Indeed, trails left by ants combine the
four types of memory mentioned above: reinforcement of a trail left on a feature may
be seen as a memory based on the frequency of these features; the reinforcement is
often proportional to the variation of the function to optimize when adding a feature
(this variation thus matches an influence); this reinforcement may also be proportional
to the overall quality of the solution obtained by adding a feature; the evaporation
factor allows forgetting less recent features. In contrast, others will argue that the
tabu list in a tabu search is a trail that appears on the occasion of a movement toward
a neighboring solution, and this trail evaporates after a fixed number of iterations
corresponding to the length of the tabu list.

This topic could be discussed further for a long time. But, in conclusion, our
feelings are that, since researchers are buzzing with ideas, it is better to let them use
their preferred terminology, provided they leave a trail in the best scientific journals
and thus arouse curiosity and generate the interest of other researchers, to develop
increasingly attractive and efficient algorithms, for solving complex combinatorial
optimization problems.
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Chapter 12

Training Hidden Markov Models
Using the API Ant Algorithm

Hidden Markov models (HMMs) are statistical tools allowing us to model
temporal phenomena (a signal, a series, etc.) in the form of stochastic processes.
These models are successfully used to solve many problems, as evidenced by
numerous studies using them. These models are applied in various fields ranging
over speech recognition and synthesis, biology, scheduling, document indexing, image
recognition, time series prediction, robotics, etc.

In this chapter, we present HMMs, as well as algorithms and problems associated
with them. HMMs is the main topic of this chapter. In this context, we focus
on the API metaheuristic, inspired by the foraging behavior of tropical ants of
the Pachycondyla apicalis species. Several previous works have shown that this
metaheuristic is effective on the training problem of HMMs. Operators of the API
algorithm are a means to further improve its effectiveness. We therefore propose a
statistical analysis of original operators and show how they can be generalized and
redefined to improve the metaheuristic efficiency.

12.1. Hidden Markov models

HMMs have a long history behind them. It all started in 1913, when Markov
developed the theory of Markov chains [MAR 13]. But it was only from 1960 to 1970
that the theory of HMMs, derived from the theory of Markov chains, was developed,
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leading to the statement of fundamental principles and design of the first efficient
algorithms [BAU 67, BAU 72, FOR 73, VIT 67]. Since then, numerous variants of
original HMMs were created and successfully used in many applications [SLI 02].

12.1.1. The coin throwing game

To explain as simply as possible the principles of HMMs, we propose studying an
example: the coin throwing game, requiring two players, whom we will call Peter and
Paul. Early in the game, Peter and Paul are placed on opposite sides of an opaque
wall: neither can see what the other is doing. Peter opens his wallet and takes three
coins: one of 1 cent, one of 2 cents, and one of 5 cents. These three coins have a
manufacturing defect which induces their imbalance. When one of these coins falls
to the ground, one side of the coin is more often visible than the other: the coin is
biased.

To start the game, Peter chooses one of the three coins, throws it toward the sky
and waits until it falls to the ground. Peter then reads the visible side of the coin and
declares “Tails” to Paul. Peter puts back the coin with the other two, again chooses
a coin, throws it and declares “Tails” to Paul. Peter repeats his actions a number
of times. On the other side of the wall, Paul perceives Peter’s activities only in the
form of “Heads” or “Tails” statements. The goal of Paul is then to reconstitute Peter’s
actions according to the sequence of declared drawings: in which order the coins were
chosen and what are the biases of the coins? To enable Paul to reconstitute Peter’s
actions, Paul is informed that Peter plays with three coins and that the game requires
Peter not to choose the coins indiscriminately: he must follow a very strict probability
law. This law states that the probability of choosing a coin only depends on the choice
of the previous coin and only the latter. Finally, the sequence of sides announced by
Peter is “TTHHHHHTHTHTTHHHHT” by denoting T for “Tails” and H for “Heads”.
Figure 12.1 shows the scene and adopts the notation P1, P2, and P3 to represent the
three coins.

At first, Paul feels that this game could be modeled by a Markov model. Indeed,
states of the associated system could correspond to pairs (coin, throwing result).
However, the lack of knowledge about the sequence of coins makes it difficult, or
impossible, to estimate the model probabilities (probabilities of coins and probability
law for the choice of coins). An alternative is to model the game as a HMM and
learn the model probabilities from the sequence announced. From this model, Paul
can answer various questions of the game, while indicating a probability of answer
likelihood. He can then determine the coins’ biases and the most probable sequence
of coins, or even predict the future announcements of Peter.

Assume now that Paul managed to find a model sufficiently representative of the
game. Peter proposes to Paul to start the game again. Peter announces then to Paul
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Figure 12.1. Peter and Paul play with coins

a new sequence of “Heads” and “Tails.” Being familiar with Peter, Paul thinks it is
possible that Peter changed the original coins in order to mislead him. Paul then tries
to determine if Peter actually changed coins or not. One way to answer this question
is using the HMM previously determined and calculating the likelihood of the new
sequence with regard to the model. If this probability is low, then Peter changed the
coins of the game, otherwise the sequence may have been generated by the coins of
the previous game.

The problems that Paul seeks to solve are difficult, but not insoluble, in the
presence of certain assumptions when HMMs can be used.

12.1.2. Definitions

In the following, we restrict the study to the particular case of stationary first-order
discrete HMMs. A first-order discrete HMM corresponds to the modeling of two
stochastic processes: a hidden process, modeled by a discrete Markov chain, and an
observed process, depending on states of the hidden process. Let S = {s1, . . . ,sN} be
the finite and countable set of N states said “hidden” of the system and S = (S1, . . . ,ST )
a T -uple of random variables (r.v.s) defined on set S. Let V= {v1, . . . ,vM} be the finite
and countable set of M symbols called observable (or that can be “emitted”) by the
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system and V = (V1, . . . ,VT ) a T -tuple of r.v. defined on V. A stationary first-order
discrete HMM is then defined by the following probabilities (independent of time
t ≥ 1):

– initialization probabilities of hidden states: P(S1 = si), denoted by πi;
– transition probabilities between hidden states: P(St+1 = s j|St = si, denoted by

ai, j;
– probabilities of emitting a particular symbol for each hidden state: P(Vt =

v j|St = si), denoted by bi( j).

We can then define, for any t > 1 (since we consider the stationary case), matrices
A = (ai, j)1≤i, j≤N and B = (bi( j))1≤i≤N,1≤ j≤M and column vector ΠΠΠ = (π1, . . . ,πN)

′.
A first-order stationary discrete HMM, denoted by λ , is therefore completely defined
by the triple (A,B,ΠΠΠ). Subsequently, we use the notation λ = (A,B,ΠΠΠ) and we use
the expression of (HMM) for first-order stationary HMM. The set of possible HMMs,
for a fixed number N of hidden states and number M of symbols, will be denoted by
Λ. Thus, λ ∈ Λ.

Let Q = (q1, . . . ,qT ) ∈ S
T be a sequence of hidden states and

O = (o1, . . . ,oT ) ∈ V
T be a sequence of observed symbols, usually called “sequence

of observations.” The probability of simultaneous outcome of sequence Q of hidden
states and sequence O of observations with regard to the HMM λ is formulated as
follows 1: P(V = O,S = Q|(A),(B),(ΠΠΠ)) = P(V = O,S = Q|λ ). This probability
can be obtained by considering conditional dependencies of probabilities defining the
model. It follows

P(V = O,S = Q|λ ) = P(V = O|S = Q,λ )P(S = Q|λ )
=

(
T
∏

t=1
bqt (ot)

)
·
(

πq1

T−1
∏

t=1
aqt ,qt+1

)
[12.1]

From an HMM λ , a sequence Q of hidden states, and a sequence O of observations,
it is possible to calculate the fit between model λ and two sequences Q and O. To do
this, we must simply calculate the probability P(V = O,S = Q|λ ). The latter is the
probability that sequence O of observations was actually generated by model λ by
following sequence Q of hidden states.

When the sequence of hidden states is not known, it is possible to evaluate the
likelihood of a sequence O of observations with regard to a model λ . The likelihood
is the probability P(V = O|λ ) that the sequence of observations was generated by the

1. Formally, we should consider the HMM λ as the outcome of a r.v. P(V =O,S=Q|l = λ ) but, to simplify
the notations, we chose to omit the r.v. expressing the model.



Training Hidden Markov Models 241

model for the set of possible sequences of hidden states. It can then be pointed out
that the following formula holds:

P(V = O|λ ) = ∑
Q∈ST

P(V = O,S = Q|λ ) [12.2]

To operate effectively HMMs, it is necessary to solve three fundamental problems
for a model λ :

1) to evaluate the likelihood, P(V = O|λ ), of a sequence O of observations with
regard to the model λ ;

2) to determine the sequence Q∗ of hidden states that most probably was followed
to generate the sequence O of observations;

3) to train/fit one or more HMMs from one or more sequences of observations, in
case the number of hidden states of the HMM(s) is known.

Likelihood can be efficiently obtained using the Forward algorithm or the
Backward algorithm with a complexity of θ(N2T ) [RAB 89]. In practice, it is
necessary to use value-scaling techniques for not achieving load overtaking (overflow
or underflow) of handled numbers. Thus, likelihood is commonly handled in the form
of its logarithm: logP(V = O/λ ). This value is called “log-likelihood.”

Multiple sequences Q∗ of hidden states can meet the second problem, depending
only on the criterion to be satisfied. Usually, the criterion used is defined by
P(V = O,S = Q∗|λ ) = maxQ∈ST P(V = O,S = Q|λ ). In this case, such a sequence
can be effectively determined by the Viterbi algorithm with a complexity of θ(N2T )
[VIT 67]. Value-scaling techniques must be used, for the same reasons as above.

Finally, training of HMM can be seen as a maximization problem of a particular
criterion, under stochasticity constraints of matrices A, B, and ΠΠΠ of the model(s). In
general, HMMs are used to model phenomena, part of which can be observed. For
example, in the case of an image representing a car, the observable part corresponds
to pixels, while the non-observable part is related to the general organization of the
image. The training step is then crucial and consists of fitting the model to the
sequence of observations, in order to conceptualize the car. If the resulting model
is a good model of the car, then it can be used to recognize an image containing a car.

Using an HMM for concept recognition depends on three items: formation of the
sequence of observations to learn, learning of the sequence, and exploitation of the
model. In this chapter, we are interested only in the learning of a sequence. The
other two items are highly dependent on the application areas covered (image, signal,
behavior, etc.). Whatever these areas may be, the conceptualization stage through
learning is crucial and mainly depends on the learning criterion used.
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Learning criteria of HMM are divided into five main categories: criteria of the type
“maximizing likelihood” [BAU 67, GAN 99, KAP 98], criteria of the “maximizing
posterior probability,” type criteria of the type “maximizing mutual information”
[GIU 02, RAB 89, SCH 97, VER 04], criteria of the “minimizing error rate of
classification” type [GAN 99, LJO 90, SAU 00], and “segmental k-means” criterion
[JUA 90].

These criteria are not the only available, but they are the most often used. For
most of these criteria, there is at least one algorithm allowing, from an initial model,
us to find a sequence of models converging toward a local optimum of the criterion. In
some applications, these local optima are sufficient, but it is not always the case. It is
therefore necessary to come as close as possible to the optimal models of the criterion.
One possibility is the use of metaheuristics for exploring the space of HMMs.

The criterion that will interest us in the following is of the type “maximizing
likelihood.” These criteria consist, in their simplest form, of finding a HMM λ ∗
satisfying the equation P(V = O|λ ∗) = maxλ∈Λ P(V = O|λ ). Despite the simplicity
of this criterion, no exact and comprehensive method exists for optimizing it. Baum–
Welch (BW) [BAU 67] and gradient descent [GAN 99, KAP 98] algorithms can
nevertheless iteratively improve an initial model. However, the sequence of obtained
HMMs converges toward a local optimum of the criterion. Important features may
already be pointed out: learning through this criterion is a complex problem and most
other criteria lead to even more difficult problems.

12.1.3. Metaheuristics for the training of HMMs

Early research on training of HMM through metaheuristics started in the 1980s. In
1985, the work of Paul [PAU 85] using simulated annealing marked the beginning of
research in this area.

Because of a large number of applications in the field of speech and DNA,
many studies have simply focused on “left-right” 2 HMMs. Work of Hamam and
Al Ani [HAM 96] with simulated annealing, Maxwell and Anderson [MAX 99] with
a population-based incremental learning, Chen et al. [CHE 04] with tabu search, or
Kwong and Chau [KWO 97] with genetic algorithms are examples.

With increased capabilities of computers, it became easier to exploit metaheuristics
based on population and to hybridize them with local search algorithms, such as
BW algorithm or descent gradient. Thus the work of Slimane et al. [SLI 99],
Thomsen [THO 02], and Aupetit [AUP 05] endeavoured to exploit this hybridization

2. The transition matrix between hidden states A is upper triangular.
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with genetic algorithms. The API ant colony algorithm [MON 00a, MON 02] was
repeatedly adapted on the HMM training problem [AUP 05, AUP 06, AUP 09,
AUP 08, MON 00a]. With the same type of approach, particle swarm optimization
[CLE 06, KEN 95] was also adapted to this problem [AUP 05, AUP 09, AUP 08,
RAS 03].

Most adaptations of metaheuristics that can be found in the literature restrict
themselves to the simplest form of criteria that are of the type of maximizing likelihood.
In this case, the criterion is confined to maximization, under stochasticity constraints
of variables, of a multivariate polynomial. Two observations can be made:

1) the polynomial degree linearly depends on the length of the sequence of
observations;

2) from a HMM, it is possible to build others, by renumbering states, which have
an identical value of the criterion. Therefore, the search space includes a large number
of local optima.

Our recent works [AUP 05, AUP 06, AUP 09, AUP 08] have been conducted with
this same criterion. They allowed us to propose new adaptations of metaheuristics
(genetic algorithm, API ant colony algorithm, and particle swarm optimization) and
especially to conduct various comparative studies of methods, after having determined
the effective parameter setting in most cases. The main conclusions drawn from
these works are repeated here: hybridization of a metaheuristic with BW algorithm is
fruitful and provides models that are significantly better than those obtained through
BW algorithm only. Hybridization of a metaheuristic with BW algorithm is only
effective if the number of iterations of BW algorithm is sufficient, but limited two
iterations of the algorithm are generally sufficient. We also noticed that API ant colony
algorithm produced models competitive with those achieved by other metaheuristics,
regardless of the number of solutions evaluated in the search space.

The rest of this chapter is devoted to the presentation of the API ant colony
algorithm and the study of ways to improve its effectiveness. This study is within
the context of training of HMMs.

12.2. API ant colony algorithm

The most effective applications of algorithms inspired by ants’ behavior could
establish general principles of these algorithms. In most cases, a shared global
memory is implemented to guide the search of agents toward promising solutions.
Materialization of this memory is done similarly to what real ants do, by
depositing volatile substances called pheromones on paths leading to food or to
good solutions. This mechanism is called stigmergy [DOR 00]. Ant Colony
Optimization (ACO) [BON 99] metaheuristic is an example of formalization and
effective application of these principles (Chapters 2 and 3).
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Contrary to what we might believe from reading the literature, in particular
dealing with combinatorial optimization, all ant colonies do not govern their lives
and behaviors using pheromones. Some colonies, declared as primitive, do not use
pheromones, because they are generally less crowded and therefore did not have to
practice this type of mass recruitment. Pachycondyla apicalis ponerine ants [FRE 85,
FRE 94] are an example. Modeling the behavior of these ants for optimization
problems led to the birth of the API metaheuristic [AUP 06, MON 00a, MON 00b].
These ants do not use pheromone, but are capable of achieving a coordinated
exploration of the search space, by adopting both a local and a global viewpoints on
space. When leaving the nest, ants cover a given area by partitioning it into hunting
sites. Each ant explores the hunting site(s) it selected, taking into account successes
and failures in prey capture for each site. In addition, API metaheuristic is part of
algorithms [DRÉ 04, MON 00b, SOC 08] able to exploit a search space in continuous
variables (see Chapter 4 for more details).

The general principles of API metaheuristic were precisely defined in the work of
Monmarché [MON 00a, MON 00b]. However, their practical implementation leaves
a wide latitude, allowing modulation of an algorithm’s behavior and high adaptability
of the algorithm to the problem to be solved. This flexibility induces a large potential
for improving original performance of the algorithm. In the remainder of this section,
we present the foundations and principles of API metaheuristic, then we show how the
classical form [MON 00a] of API metaheuristic can be extended and modified without
challenging its basic principles.

12.2.1. The foraging strategy of Pachycondyla apicalis ants

Pachycondyla apicalis ants usually live in the Mexican rainforest near the coasts of
Guatemala [FRE 85, FRE 94]. Their colonies consist of 20–100 individuals, of which
only 20–30% go hunting prey out of the nest.

The overall strategy of search for prey can be summarized as follows. Ants choose
hunting sites randomly and evenly in an area of about 10 m around the nest. Each
hunting site has a radius of about 2.5 m. This partitioning of the nest’s area in hunting
sites permits ants to cover it completely. Periodically, the nest of the colony is moved.
These movements may be explained by the fact that the nest becomes increasingly
less comfortable and stable over time or by a depletion of the nest’s area in prey.
The mechanism used by ants to move the nest is rather complex and relies on ants
specialized in the search for a new nest, as well as on a recruitment mechanism, the
tandem running.

The local foraging strategy of an ant is defined as follows. Initially, an ant
randomly chooses a hunting site near the nest. When the ant manages to capture
prey in a hunting site, it stores this hunting site, considering this capture as a success
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(positive reinforcement) and carries the prey back to the nest. Afterward the ant has
a tendency to return to the last hunting sites in which it had successful captures,
following the same paths. To follow a path, the ant does not use pheromones, but
visual cues. When prey is caught in a site, the ant systematically returns to it the next
time (at its next exit from the nest). When a hunting site is impoverished in prey and
the ant can no longer capture new prey in it, the ant leaves the site and explores another
hunting site, whether it is new or it is one of the sites stored by the ant.

12.2.2. The basic principles of API algorithm

Let us recall the principles of this metaheuristic. The reader will note at once that
API metaheuristic presented here is a simplified form of the original metaheuristic.
Indeed, we have shown experimentally in [AUP 05] that it is equivalent to increasing
the memory size of each ant instead of increasing the number of ants. Therefore, to
reduce the number of parameters to adjust, we give to each ant only one hunting site
in memory.

In general, the problem considered is in the form of a function f : S → R to be
maximized. The search space S can be, for example, a continuous space (S ≡ R

�),
a binary space (S = {0,1}�), or a permutation space, like in the traveling salesman
problem. As discussed below, no particular constraint is imposed on the nature of this
solution space. In any case, a point s of S must be a feasible solution of the problem
considered.

Let a1, . . . ,an be a population of n ants constituting the colony. Each ant is
associated with a position in search space S and seeks to maximize function f . To
define API metaheuristic and hence the foraging strategy of ants, two operators must
be defined:

– Oinit which aims to define the initial position of the nest in space S;
– Oexplo which, from a point s ∈ S, generates a point s′ ∈ S located in the

neighborhood of s. This operator usually depends on a value A ∈ [0;1] defining
the neighborhood size (if possible with regard to the scope of the solution space, so
that it does not depend on the size of the latter). This value is known as “exploration
amplitude.”

It is important to mention that both operators Oinit and Oexplo are not required to be
completely random. Oinit can give a good initial position of the nest using a heuristic
or another metaheuristic, and Oexplo may include heuristics specific to the problem,
such as gradient descents.

API metaheuristic can be described as follows. In the beginning, the position of
nest N is defined using operator Oinit. Nest N is moved every Tmove movements of
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n ants 3 and is positioned on the best position known by ants since the beginning of the
algorithm. Therefore, the displacement of the nest is made every n×Tmove individual
movements of ants.

Each time an ant ai needs to select a hunting site, it leaves the nest and chooses
the site in the neighborhood of the nest, through operator Oexplo. This operator is
usually parameterized specifically for each ant. When an ant ai needs to explore
the neighborhood of a hunting site si, it calculates a position p of the neighborhood
of si using operator Oexplo. Just as before, this operator is generally specifically
parameterized for each ant. A local exploration is said successful if it leads to a
better value of function f to maximize, i.e. if f (p)> f (si). Within a successful local
exploration, the ant replaces its hunting site for the new position p. Otherwise, the
hunting site is kept. If a hunting site si was unsuccessfully explored more than Plocal

i
consecutive times, then the hunting site is abandoned and forgotten. The next action of
the ant will then be leaving the nest, in order to search for a new hunting site. Finally,
when the nest is moved, ants forget all their hunting sites (this improves the algorithm
ability to avoid local minima).

The cooperation of ants in API metaheuristic is not as obvious that in many
algorithms (such as ACO metaheuristic) using pheromones. Cooperation is implicitly
performed through nest displacement and neighborhood exploration. Moving the nest
can be seen as pooling individual efforts of ants to search for a new nest. Moving
the nest to a better place in space is then beneficial to the whole colony. Indeed,
space explorations by ants are all related to the nest’s position and thus to each agent’s
efforts.

The general form of API metaheuristic is given by Algorithm 12.1 and illustrated
in Figure 12.2. Fitting of this metaheuristic to a particular problem is then done by
defining operators Oinit and Oexplo.

Operator Oinit, although specific to the target application, is usually to choose at
random a position in space S. Classically Oinit =R (S), with R the operator returning
at random an element of the set given as parameter. In the next section, we focus on
the study of operator Oexplo in its classical form, its generalized classical form, and in
a new form.

12.2.3. Classical implementation of operator Oexplo and generalization

Choosing a hunting site by ant ai is made through operator Oexplo(N ,site,ai)
defined by

Oexplo(N ,site,ai) = R
(
V

(
N ,A site

i
))

[12.3]

3. In each iteration of the algorithm, all ants perform a movement simultaneously.
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1: Choose the initial nest location: N = Oinit
2: for t = 1 to Tmax do

3: for all ant ai do

4: if ant ai has no hunting site then

5: Choose a new hunting site: si ← Oexplo(N ,site,ai)
6: FailCounti ← 0
7: else

8: Compute a new position p in the neighborhood of the hunting site si of ant
ai: p ← Oexplo(si, local,ai)

9: if f (p)> f (si) then

10: Replace the hunting site with the new position: si ← p
11: FailCounti ← 0
12: else

13: FailCounti ← FailCounti +1
14: if FailCounti ≥ Plocal

i then

15: Remove and forget the hunting site
16: end if

17: end if

18: end if

19: end for

20: if t mod Tmove = 0 then

21: Move the nest to the best ever known position
22: Empty the memory of all ants
23: end if

24: end for

Algorithm 12.1: The API metaheuristic

V (x,r) stands for the neighborhood of position x ∈ S of amplitude r ≥ 0, i.e. the set
of elements of S located at a maximum amplitude r of x. The amplitude is then the
maximum change applicable to position x. If S is a real space, the set V (x,r) may, for
example, be seen as a ball centered on point x and of radius r. Amplitude corresponds
then to a maximum distance. If S is a permutation space, V (x,r) may, for example, be
the set of reachable permutations from x by performing at most a number proportional
to r of exchanges. In the following, we will assume that amplitudes are normalized
and take their values in the range [0;1]. In this case, we have V (x,0) = {x} and
V (x,1) = S for any point x ∈ S. We denote by A site

i ≥ 0 the selection amplitude of
the hunting site of ant ai.

The local exploration operator of a hunting site si for an ant ai has a similar form

Oexplo(si, local,ai) = R
(
V

(
si,A

local
i

))
[12.4]
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(a) (b)

The nest A hunting site Local exploration An ant move The nest is moved

Figure 12.2. The two main steps of API metaheuristic: (a) ants leave the nest and choose their
hunting sites, (b) ants explore their hunting sites and the nest is finally moved on the best

known position

A local
i ≥ 0 then represents the local amplitude of a hunting site, i.e. the neighborhood

size of si that the ant is exploring.

12.2.3.1. Classical definition of amplitudes

During multiple experiments leading to the design of API metaheuristic
[MON 00a] and during its use [AUP 05], several definitions of amplitude values A site

i
and A local

i were considered. It was quickly found that using a population of ants with a
non-uniform parameter setting led to more robust strategies. Heterogeneous parameter
setting of ants was quickly retained. The definition that was experimentally shown
effective is A site

i = 100
i−n

n and A local
i = A site

i /10 and for i = 1...n. Contrariwise,
patiences Plocal

i of ants (corresponding to the number of consecutive failures allowed
for a hunting site, before its questioning by an ant) were considered fixed and identical.

Such a definition of amplitudes is not minor. Indeed, it defines the distribution of
hunting sites explored by the colony in space. To highlight this distribution, let us
consider S as a real space and V (x,r) as a ball of center x and radius r. Function A site

i
and distance distribution of hunting sites are given in Figure 12.3. As we can see,
hunting sites of many ants are mostly close to the nest, which allows for effective use
of information transmitted by the nest’s position. In contrast, few ants are responsible
for exploring solutions far from the nest. This choice may seem appropriate, in the
sense that it is unlikely to find good solutions very far from the nest, but it is still
interesting to look far from the nest, to avoid getting trapped into local optima.
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Figure 12.3. Function A site
i (to the left) and distance distribution of hunting sites of the colony

with regard to the nest (to the right), in the case of the classical definition of amplitudes

From that moment on, without questioning operators defined above, we can
wonder if it is possible to adjust the distribution of ants in space and modulate the
distribution of hunting sites.

12.2.3.2. Generalization of classical definitions of amplitudes

We propose parameterizing function A site
i by a function in the form a+ bZi/n−1

taking its values within the range [0.01;1] and depending on Z > 0. We obtain

A site
i =

⎧⎨
⎩

1+(0.01−1) i−N
1−N if Z = 1

1+ 1−0.01
1−Z1/n−1

(
Zi/n−1 −1

)
else

[12.5]

Changes in function A site
i and in the distribution of hunting sites as functions of

Z are shown in Figures 12.4 and 12.5. As we can see, the definition of function
A site

i as a function of Z can modulate distance distribution of hunting sites, from a
strategy hyper-focused on the nest (Z is large) to an almost uniform strategy (in terms
of distance) over the search space (Z close to 0).

This modulation has, however, a major drawback. Due to the form of operator
Oexplo(·,site, ·), the hunting neighborhood of the colony corresponds to the union
of neighborhoods with the same center, such that V

(
N ,A site

i
) ⊆ V

(
N ,A site

i+1
)

in
general. 4 This neighborhood structure of the colony implies that the operating area
of each ant can be partially or totally included in the operating area of another ant
(Figure 12.6). It can be pointed out that, when Z tends to 0, the selection neighborhood
of sites for all ants becomes the solution space and, when Z tends to infinity, ants
practically explore only one neighborhood extremely tight around the nest.

4. This property is not required for the metaheuristic, but it is strongly advised, for consistency with the
classical definition of operator Oexplo(·,site, ·).
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Figure 12.4. Function A site
i as a function of Z
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Figure 12.5. Initial distributions of hunting sites of the colony with regard to the nest as a
function of Z, for classical operator Oexplo(·,site, ·)

The nest

Ant 1

Ant 2

Ant 3

Ant 4

Ant 5

Figure 12.6. Stacking of selection neighborhoods of hunting sites, for the classical definition
of operators

In the context where ants’ distribution in space can be controlled, it becomes
necessary to study the impact of ants’ patience. Is it interesting or not to set different
patiences for ants? Let us recall that an ant’s patience is the maximum number of
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successive failures allowed for a hunting site. Thus, a low patience means that the ant
can admit only few failures before challenging a hunting site. This patience is directly
dependent on two issues: likelihood of success of an exploration for the hunting site
and difficulty of the problem. Considering the stacking of selection neighborhoods
of hunting sites of the colony, the solution space appears divided into n pieces (or
concentric layers), denoted by F1, . . . ,Fn (Figure 12.6), defined by

Fi =

{
V

(
N ,A site

1
)

if i = 1
V

(
N ,A site

i
)−V

(
N ,A site

i−1
)

if i > 1
[12.6]

The average patience applied on each piece by ants is

P̄i =
∑n

k=i Plocal
k

n− i+1
[12.7]

If we can choose P̄i ideally for the problem to solve, we simply define Plocal
i =

∑n
k=i(n − k + 1)(−1)k−iP̄k. The difficulty of this approach lies in the fact that the

patience of an ant ai is identical, regardless of the piece where the hunting site is.
Therefore, on one piece Fi, ants explore hunting sites with a lower, equal, or higher
patience than patience P̄i. Therefore, on each piece Fi, some ants have too much or
not enough patience. Due to the relative difficulty of making sense of patience with
the classical definition of operator Oexplo, all ants’ patience is usually considered to be
equal.

In nature, ants tend to specialize for a particular layer: older ants dare to hunt
much farther than younger ants. This remark and the difficulty of making sense of
ants’ patience in previous definitions lead us to defining new operators.

12.2.4. Operator Oexplo of onion skin type

The new operator Oexplo must enable simply controlling the distribution of hunting
sites and the patience for each ant. With this aim in view, we propose to draw
inspiration from an onion’s structure. An onion consists of multiple concentric layers
of skin centered on the onion’s core. Assume that solution space S can be decomposed
into concentric layers centered on any position. In this case, if an ant is assigned to
each layer, it then becomes possible to control the distribution of hunting sites, by
defining position and thickness of skin layers. Similarly, this approach allows for fine
control of ants’ patience on each skin layer.

Accordingly, we propose considering again in pieces the structure defined above
by sets Fi (i = 1...n). We denote by ΔFi the thickness of layer Fi, defined by

ΔFi =

{
A site

1 if i = 1
A site

i −A site
i−1 if i > 1

[12.8]
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The choice of a hunting site by ant ai is made through the operator defined by
Oexplo(N ,site,ai) =R (Fi). To understand how this operator works, it is important to
bear in mind that a single ant is assigned to explore a skin layer. Thus, the probability
that the colony chooses a particular hunting site x ∈ S (in terms of distance to the nest)
is directly linked to the layer in which the point is located. Assume that point x lies
in layer Fk. The probability that the colony chooses this site is directly proportional to
the quotient 1/ΔFk. When the layer is thin, the probability that the colony chooses a
hunting site in the latter is then high. On the other hand, a thick layer implies a low
probability of choice.
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Figure 12.7. Distributions of hunting sites of the colony with regard to the nest for the new
operator Oexplo(·,site, ·) as a function of Z

To define the thickness of skin layers, we propose taking again the same definition
as above for A site

i . We have

A site
i =

⎧⎨
⎩

1+(0.01−1) i−N
1−N if Z = 1

1+ 1−0.01
1−Z1/n−1

(
Zi/n−1 −1

)
else

[12.9]

In this case, evolution of function A site
i and of distribution of hunting sites as

functions of Z are given in Figures 12.4 and 12.7. As we can see, the definition of this
new operator and the use of this amplitude allow us to control, in a more flexible way
than before, the distribution of search efforts of the colony. It is possible to focus the
efforts near the nest, evenly over the space, or to focus them away from the nest. This
last option could be particularly interesting in the case of the definition of an adaptive
form of the metaheuristic, for the implementation of exit mechanisms from the basin
of attraction.

To get layers Fi properly defined, it is necessary that N ∈ F1 and
⋃n

i=1 Fi = S.
Ideally, we should have Fi ∩Fj = /0, for all i and j in 1...n, to ensure that a space area
is explored at most by only one ant. In practice, we will still be satisfied if Fi ∩Fj �= /0,
if this set is of negligible size compared to the size of sets Fi and Fj.
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The local exploration operator of a hunting site si for an ant ai is defined according
to the classical definition of the operator. We have

Oexplo(si, local,ai) = R
(
V

(
si,A

local
i

))
[12.10]

where A local
i ≥ 0 is the local amplitude of the ant’s hunting site and is in the form

γΔFi. Let us consider fi =
⋃

s∈Fi
V

(
s,A local

i
)

where γ is a parameter. To be consistent
with the observation of the previous section on the non-overlapping of pieces, fi∩ fi+1
should be of negligible size compared to the size of sets fi and fi+1.

Unlike the classical definition of operators, new operators allow us to control
and finely specify ants’ patience on the different layers. Assuming that an ant’s
patience must be directly related to the probability that there is a better solution in the
neighborhood of a site and that this last probability monotonically varies with distance
from the hunting site to the nest, patience can be arbitrarily defined. Let Plocal

inner be the
patience of ant a1 and Plocal

outer be the patience of ant an. Assume that Y > 0. Ants’
patience can be parameterized similarly to the selection amplitudes of sites, using

Plocal
i =

⎧⎨
⎩

Plocal
outer +(Plocal

inner −Plocal
outer)

i−N
1−N if Y = 1

Plocal
outer +

Plocal
outer−Plocal

inner
1−Y 1/n−1

(
Y i/n−1 −1

)
else

[12.11]

12.3. Fitting of API metaheuristic to the training of HMMs

In the following, we consider the training of HMM using maximum likelihood
criterion. Considering previous definitions and notations, we only have to define the
concept of neighborhood V (x,r) ⊆ Λ or layer Fi ⊆ Λ to fit the API metaheuristic to
the training of HMMs.

To solve the training problem of HMM through the metaheuristic, we usually use a
neighborhood operator whose definition is simple. It consists of adding, to each of the
model coefficients, a random value, whose magnitude depends on the amplitude, and
then transforming the coefficients obtained, in order to achieve stochastic constraints
(more details can be found in [AUP 05]). Due to its definition, this operator is hardly
usable consistently with the new exploration operator in onion skin. Instead, we
propose exploiting the structure of vector space over the set of HMMs, as defined
in [AUP 05], and whose principles are recalled below.

12.3.1. Adaptation of the neighborhood and layers to the problem

To define the concept of neighborhood of amplitude r for an HMM, we must
recall the main properties involved for equipping the space of HMMs with a vector
structure. With this aim in view, we must first introduce the notion of neighborhood
of a stochastic vector in a space equipped with a vector structure.
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12.3.1.1. Vector structure on a set of stochastic vectors

Let GK be the set of stochastic vectors of dimension K. Let us recall that any
stochastic vector X= (x1, . . . ,xK)

′ ∈GK satisfies the following properties:

∀ i = 1...K, xi ≥ 0 and ∑K
i=1 xi = 1 [12.12]

Let G
∗
K ⊂ GK be the set of stochastic vectors of dimension K with no null

component. Let us consider ⊕ : G∗
K ×G

∗
K �→G

∗
K , � : R×G

∗
K , �→G

∗
K , and ||.|| : GK �→

R
+ the functions defined by

(X ⊕Y )i =
xiyi

∑K
j=1 x jy j

, (c�X)i =
xc

i

∑K
j=1 xc

j
, and ||X ||=− ln

mini=1...K xi

maxi=1...K xi

[12.13]

It can then be shown that (G∗
K ,⊕,�) is a vector space and that || · || is a norm over

that space.

We propose using the concept of ball in vector space (G∗
K ,⊕,�) by using norm

|| · || to define the neighborhood concept. Let BG
∗
K
(X ,R) be the ball of center X and

radius R ≥ 0 such that

BG
∗
K
(X ,R) = {Z ∈G

∗
K |∃Y ∈G

∗
K such that ||Y || ≤ R et Z = X ⊕Y} [12.14]

To define an effective neighborhood, we must take into account peculiarities of
norm || · || and therefore be interested in vector line segment of direction DG

∗
K
(Y,D)

and support D ⊂ R
+ defined by

DG
∗
K
(Y,D) = {d �Y |d ∈ D} ⊂G

∗
K [12.15]

Consider ρ : G∗
K �→ [ 1

K ;1] the function such that ρ(X) = maxk=1...K xk. If Y ∈G
∗
K

is a unit vector (||Y || = 1), then it can be trivially shown that ρ(d �Y ) is a strictly
increasing function for parameter d ∈ R. To ensure an efficient exploration of the
search space and, in particular, ensure that any stochastic vector is reachable from a
vector Y, it suffices to guarantee that ρ(d �Y ) can reach a value sufficiently close to
1. Let ε > 0 be a positive real number close to 0. We can easily show that for having
ρ(d �Y )≥ 1− ε it suffices to consider d ≥ DK = ln (K−1)(1−ε)

ε . In this case, the sum
of the other vector components is then less than ε . Therefore segment DG

∗
K
(Y, [0;DK ])

is included and almost equal to the half line DG
∗
K
(Y,R+). For ε > 0 sufficiently small,

it is therefore unnecessary to consider vectors d �Y such that d ≥ DK because they
are almost equal to DK �Y . From these observations, we can define the neighborhood
VG

∗
K
(X ,r) of a stochastic vector X of radius r by taking

VG
∗
K
(X ,r) = BG

∗
K
(X ,r ·DK) [12.16]
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In the following, we consider that ε = 0.001. Due to inaccuracies in numerical
calculations, we get in practice VGK (X ,r) = VG

∗
K
(X ,r).

12.3.1.2. Neighborhood over the set of HMMs

Extension of this neighborhood to HMM is easily done by considering an HMM
as formed with several stochastic vectors and defining the norm of an HMM λ =
(ΠΠΠ,A,B) ∈ Λ by

||λ ||= max
i=1...N

{||Π||, ||Ai,·||, ||Bi,·||} [12.17]

Neighborhood V (λ ,r) of HMM λ of amplitude r ≥ 0 is then the Cartesian product
of neighborhoods of amplitude r of each of its stochastic vectors, i.e.

V (λ ,r)γ = VGN (Π,r)×
(

N×
i=1

VGN (Ai,·,r)

)
×
(

N×
i=1

VGM (Bi,·,r)

)
[12.18]

12.3.1.3. Layering of the set of HMMs

We have seen in the previous sections that a simple way to define the concept of
layers was to use neighborhoods with the following relation, for any i = 1...n

Fi =

{
V

(
N ,A site

1
)

if i = 1
V

(
N ,A site

i
)−V

(
N ,A site

i−1
)

if i > 1
[12.19]

Due to the definition of V (λ ,r), the use of Fi in this form remains difficult in
practice. It is necessary to adopt another strategy to define sets (Fi)i=1...n.

Let us consider (Hi(G
∗
K ,X))i=1...n the partitioning of space G

∗
K in n concentric

layers of center X ∈G
∗
K such that

H1(G
∗
K ,X) = VG

∗
K
(X ,A site

1 ) [12.20]

i.e.

H1(G
∗
K ,X) =

{
Z = X ⊕Y ∈G

∗
K
∣∣∃Y ∈G

∗
K such that ||Y || ≤ A site

1 ·DK
}

[12.21]

and, for any i = 2...n

Hi(G
∗
K ,X) =

{
Z = X ⊕Y ∈G

∗
K
∣∣∃Y ∈G

∗
K such that A site

i−1 ·DK < ||Y || ≤ A site
i ·DK

}
[12.22]
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Figure 12.8. Layered structure induced by sets Hi. A and B are two sets of vectors. The sets
are partitioned into (Hi(A,X))i=1...5 and (Hi(B,X))i=1...5 from the center X, respectively. The

norm of pair (a,b) defined on A×B is ||(a,b)||= max{||a||, ||b||}

From this partitioning, it is possible to build a partitioning of space of HMMs in
concentric layers, by using the norm ||λ || of an HMM defined above (Figure 12.8).
Considering the center λ = (ΠΠΠ,A,B), we obtain

Fi =
⋃

(p,α1,...,αN ,β1,...,βN)∈[[1;n]]N×N+1

such that max{p,α1,...βN}=i

Hp(G
∗
N ,ΠΠΠ)×

⎛
⎝ N×

j=1

Hα j(G
∗
N ,A j,·)

⎞
⎠

×
⎛
⎝ N×

j=1

Hβ j(G
∗
M,B j,·)

⎞
⎠ [12.23]

In this case, the minimum properties λ ∈ F1 and
⋃n

i=1 Fi = Λ∗ are verified. The
desired property Fi ∩Fj = /0 is true, too. Moreover, due to the limits in calculation
accuracy, the space actually achieved by these definitions is Λ.

12.3.2. Experimental studies of adaptations

In the following sections of this chapter, our focus is on studying the impact
of exploration operators on the effectiveness of the metaheuristic for training of
HMM. Given the total training time induced by a quasi-systematic exploration of the
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different parameters and to reduce our study to the impact of exploration operators,
we arbitrarily set certain parameters to standard values. It should therefore be noted
that these choices have no influence on the difficulty of the training. We assume that
the colony consists of n = 20 ants. The nest of the colony is moved every Tmove = 8
algorithm’s iterations, i.e. every 8× 20 = 160 evaluations of HMM in the solution
space. The number of iterations of the algorithm is set to be 100. Parameter γ is
set to 0.1 to be consistent with the ratio of selection amplitudes of sites to local
amplitudes of ants for the classical operator. As was mentioned in the previous
sections, hybridization of the search method with the BW algorithm is often very
fruitful. We have therefore considered it in our experiments. This hybridization is
applied after each choice (choice of a site, choice for local exploration) of an HMM by
the algorithm. Each selected solution is replaced by the solution obtained by applying
two iterations of the BW algorithm.

We considered two sequences of observations coded on 256 symbols and issued
from two grayscale images. The first image, containing the face of a person, comes
from the ORL database of faces [ATT 06] and has dimensions of 92×112. The second
image, representing cars in a street, comes from [AGA 04] and has dimensions of
235× 176. These two images are changed into sequences, according to the process
described in Figure 12.9. This process consists of cutting the image into blocks of
10×10 pixels, then concatenating lines of each of these blocks, by considering lines
from top to bottom. Finally, the sequences obtained for each block are concatenated
by considering the blocks from left to right, then from top to bottom. Gray levels of
the image then correspond to symbols. The HMMs explored by the API algorithm
have 10 hidden states and 256 symbols.
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Figure 12.9. Encoding an image into a sequence of observations

Initially, we consider that patience is identical for all ants. In this case, the
behavior of the metaheuristic only depends on two parameters: factor Z and patience
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of ants. For the experiments, we varied Z logarithmically in base 10 within the range
[−6;6], i.e. from 10−6 to 106. Plocal

i then takes a value in the set {1,2,3,4}. For each
of these parameters and for each image, 30 trainings were performed. Figures 12.10
and 12.11 show the results of these experiments. Several observations can then be
made.
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Figure 12.10. Average of log-likelihoods obtained for the first image
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Figure 12.11. Average of log-likelihoods obtained for the second image

Performance of the API metaheuristic is directly linked to ants’ patience: the
higher the patience is, the better the performance is. Thus, the assumption that “a
patient ant is much more useful than an impatient ant if the problem is difficult” is
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verified. In addition, for equivalent patience and similar distribution 5 of the search
effort of the colony in space, both operators have similar efficacy.

Performances of the metaheuristic increase while Z decreases. In the case of
the classical operator, exploration efforts must then be spread over the whole space
evenly, whereas in the case of the new operator, efforts should be concentrated mainly
far from the nest. At first glance, this behavior may seem inconsistent with the API
metaheuristic, which classically explores more solutions close to the nest. However, it
is necessary to recall that, in the case of HMM training, the metaheuristic is hybridized
with the BW algorithm. This hybridization allows us to correct the positions, both
of hunting sites and of local solutions explored. Hybridization can significantly
accelerate and improve training effectiveness, but may have the disadvantage of taking
back ants almost always in the same basins of attraction, these basins of attraction
leading always toward the same local optima. To counteract the adverse effects
introduced by hybridization, it is therefore necessary to explore further away from the
nest. The generalization of original API operators thus resulted in improved results,
in this particular case of training of images.

We can therefore conclude that the original definition of the operator
(corresponding to Z = 100) probably is sub-optimal for HMM training.

Let us focus on the particular case of a local patience set to 4. Figure 12.12
shows the associated averages and standard deviations. We then notice that standard
deviation of performance decreases as performance increases. Similar results appear
for patience set to 1, 2, or 3. Therefore, parameterizing effort distribution of the
colony is very fruitful to both increase performance and reduce variability of HMM
training. It can also be pointed out that, due to its greater flexibility in defining effort
distribution of the colony, the new operator can achieve better performances than the
classical operator.

12.4. Conclusion and perspectives

In this work, we addressed the problem of training HMMs using the criterion
of maximum likelihood. This training is expressed as a continuous optimization
problem under constraints with very numerous local optima. To solve this problem
and obtain a local optimum as close as possible to a maximum of the objective
function, we consider the API metaheuristic. This metaheuristic, inspired by the
foraging behavior of P. apicalis tropical ants and using no pheromone, has already
shown some effectiveness in solving this problem. This metaheuristic is based on a

5. Z values do not match between the two operators. A uniform distribution of the search effort corresponds
to Z > 0 and small for the classical operator, whereas it corresponds to Z = 1 for the new operator. In both
cases, when Z tends to infinity, the effort of the colony focuses on the nest.
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Figure 12.12. Log-likelihoods for the first image (column a) and the second image (column b),
with patience set to 4 (the solid line is the average log-likelihood, the shaded area represents

variance)

search for good solutions (1) by coordinating exploration of ants with regard to the
nest of the colony and (2) by local explorations of hunting sites.

This metaheuristic is already effective on the problem; however, its exploration
operators of space can be modified, without affecting the principles thereof. We
therefore propose a statistical study of effort distribution of the colony using API
current operators. From these results, we show that this distribution can be modulated
and then adapted to the problem to solve, through the use of a new parameter defining
ants’ distribution. This generalized form of classical operators can adjust efforts,
from a distribution concentrated near the nest to a nearly uniform distribution over
the solution space.

After observing some shortcomings of the generalization of classical operators,
mainly due to the overlapping of ants’ hunting areas, we propose new operators.
These operators define a partitioning of ants’ hunting areas, according to a principle
reminiscent of the structure of onion skin. This structure prevents ants from exploiting
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overlapping hunting areas. The introduction of a parameter similar to that described
above can modulate efforts of the colony, from a distribution concentrated on the
nest to a distribution mainly far from the nest, while passing through the uniform
distribution over the solution space.

These various operators are tested on the training problem of HMM. With this
aim in view, stochasticity constraints of HMMs are naturally incorporated into the
model, by equipping the search space with a suitable vector structure and norm. Both
mathematical tools can then adapt naturally and similarly the various operators to the
problem. Experiments highlight the great interest of the modulation capacity of effort
distribution of the colony, in order to improve performance and reduce variability
of results. They also show that the new proposed operators are at least as powerful
and flexible than those obtained through generalization of original API operators, on
the problem at hand. Finally, these statistical studies and these experiments allow
progressing in understanding the way API explores the search space. This induces, in
particular, the refining of operators’ behavior in this space.

In our forthcoming work, we plan to exploit other neighborhood structures of
HMM not based on a vector space and thus to compare the impact of these structures
on the algorithm.

ThisworkpavesthewayforanumberofimprovementsoftheAPImetaheuristic. Ifthe
experimental results were confirmed on other types of optimization problems, it would
be possible to develop adaptive mechanisms to determine or adjust the new parameter,
automatically introduced into the problem considered. In addition, we plan a similar
study of the impact of ants’ local patience and of its precise role in the API algorithm.
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Chapter 13

Artificial Ants for Automatic Classification

Artificial ants have greatly contributed to the emergence of new optimization
methods (see several of the previous chapters). However, the collective work of ants is
not limited solely to the collection of food and other natural behaviors that may yield
applications in computer science (Chapter 1). In particular, ants have a surprisingly
developed ability to sort objects, such as the elements of their brood (eggs, larvae, and
nymphs) or waste (corpses, etc.).

This chapter especially focuses on the automatic classification problem. Even if
in terms of computer science, the search for an optimal classification relates to an
optimization problem, new solving methods can be imagined by drawing inspiration
from ants, but not limited to already known optimization capabilities (Chapters 2
and 3).

In this chapter, we will describe these solutions, beginning by succinctly recalling
the classification issues. Then, we will present the two broad categories of artificial
ant algorithms dealing with classification: the methods based on a grid, where ants
move the data, as they would do in nature with their brood or waste (cemeteries), and
the methods in which each ant is associated with only one data to classify. Finally, this
presentation is concluded with some specific applications of artificial ant algorithms,
in the field of classification.

Chapter written by Amira HAMDI, Violaine ANTOINE, Nicolas MONMARCHÉ, Adel ALIMI

and Mohamed SLIMANE.
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13.1. Presentation of the classification problem

13.1.1. Context and input data

Classification is a central problem in pattern recognition. Works are abundant,
and there are practical direct applications, e.g. for handwriting recognition, speech
recognition, or interpretation of aerial or medical photographs. For each of these
issues, the aim is to detect certain characteristics to extract information that will be
useable thereafter. Pattern recognition can be roughly divided into three phases:

(1) Data acquisition, which transforms information to be processed into numerical
signals useable by a computer.

(2) Pre-processing of data, which aims to format the data for the classification
phase.

(3) Data classification, which corresponds to the decision stage of the recognition
process.

Subsequently, we consider only the latter classification phase, assuming that the
previous phases yielded a set of numerical data, formalized as follows: we assume
that a set O = {o1, . . . ,oN} of N data or objects were collected by an expert in the
field. Each object oi corresponds to a vector xi of M numerical values (xi1, . . . ,xiM),
which correspond to the M numerical attributes a1, . . . ,aM . Subsequently, we use
indifferently oi or xi. Table 13.1 gives an example of possible data.

Objects Attributes
a1 a2 . . . aM

o1 1.32 –4.23 . . . 3.67
...

...
...

...
...

oN 8.98 12.33 . . . 2.75

Table 13.1. Example of numerical data

13.1.2. Classification methods

Classifying is the process that brings together objects into subsets, while retaining
a sense in the context of a particular problem. The subsets obtained represent an
organization or representation of all objects. The available relations between objects
are gathered into a dissimilarity matrix in which rows and columns correspond to
objects. As objects can be represented by points in a numerical space in M dimensions,
the dissimilarity between two objects can be defined as a distance between the two
corresponding points. This dissimilarity matrix, denoted by D in the following, is the
main input needed for the classification phase. Figure 13.1 shows the different variants
that can be found among the classification methods [JAI 88].
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Figure 13.1. Overview of the classification methods (according to [JAI 88])

The methods can be grouped as follows:
– Exclusive/non-exclusive classification: an exclusive classification is an

object partitioning: an object belongs to one and only one class. Instead, a non-
exclusive classification makes it possible for an object to belong to several classes
simultaneously. Classes may then overlap.

– Supervised/unsupervised classification: an unsupervised classification method
(named under the terms of clustering or unsupervised learning) uses only the
dissimilarity matrix D. No information on the object class is provided to the method
(objects are called unlabeled). In supervised classification, objects are labeled while
knowing their dissimilarities. The problem is then to construct hyperplanes separating
objects according to their class. The unsupervised classification objective is different
from that of the supervised case: in the first case, the goal is to discover groups of
objects whereas in the second, known groups are considered and the goal is to discover
what makes them different, or to classify new objects whose class is unknown.

– Hierarchical classification/partitioning: a hierarchical classification method
builds a sequence of nested partitions that are visualized, for example, by a
dendrogram, whereas a partitioning builds only one partition of the data.

13.1.3. The problem studied

The remainder of this chapter is devoted to the classification methods developed
to address the unsupervised classification problem. We will mainly focus on the
partitioning problem. Although the hierarchical classification is mainly used to build
taxonomies in the areas of biology, behavioral, or social sciences, the partitioning
techniques are mainly used when obtaining a single partition is primary. For example,
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the latter case occurs for the representation and compression of large databases, or
when the data volumes are important, e.g. in intrusion detection applications.

The partitioning problem can be formulated as follows. Given N points in a metric
space with M dimensions, we seek a partition of these points into K classes (or groups)
so that the points within the same group are more similar to each other than to the points
in the other groups. The value of K may be unknown. Similarly for any unsupervised
method, the quality of a partitioning method can be judged only from its results. It is
then the expert in the field who evaluates the relevance of the results obtained.

Figure 13.2(a) shows data generated according to three different probability laws
(here, N = 1,000, M = 2, and K = 3). Figure 13.2(b) shows the result that can be
expected from an unsupervised classification method.

–1

0

1

2

3

4

5

6

7

8

9

–2 0 2 4 6 8 10

x 2

x1

art-2008-1

–1

0

1

2

3

4

5

6

7

8

9

–2 0 2 4 6 8 10

x 2

x1

art-2008-1 (with clusters)

(a) (b)

Figure 13.2. Example of classification (a) the raw data and (b) the expected result of the
partitioning

13.1.4. A few definitions

Any defined distance can be used as a dissimilarity measure. As we focus on
metric spaces, the most commonly used dissimilarity index is the Minkowski metric:

dr(xi,x j) =

(
M

∑
k=1

ωk|xik − x jk|r
) 1

r

[13.1]

where ωk is a weighting factor that will be set to 1 thereafter. According to the value
of r (r ≥ 1), the following measures are obtained:

– r = 1 : Manhattan distance;
– r = 2 : Euclidean distance;
– r = ∞ : d∞(xi,x j) = max1≤k≤M |xik − x jk|.
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These measures are often used for numerical data. In the case of symbolic data,
other distances should be used. Subsequently, we will denote the measure d2(·) by
d(·) to alleviate notations.

13.2. Classification methods based on a grid

In the classification methods based on a grid, the data to process, more accurately
to classify, are scattered over a two-dimensional grid. Ants are agents capable of
moving on the grid (from cell to cell) and carrying objects (i.e. data). As in nature, the
large number of interactions between ants and objects gives hope that a stable structure
will be formed on the grid (i.e. that a natural classification of data will appear). Many
variants were devised from this simple principle (in the sense that it is close enough
to the behavior model of ants) and introduced some efficiency and robustness, needed
in computer science.

13.2.1. What real ants do

The brood includes several development stages of the future ant. Each of these
stages requires variable care and environmental conditions. The work of ants involved
in the rearing of young ants should thus be based on their ability to correctly judge the
development stage of the brood. Experimental works show that certain species of ants
are capable of spatially organizing diverse components of the brood: eggs, larvae, and
nymphs are distributed in different areas of the nest or arranged in a concentric way in
the same place [DEN 91, FRA 92].

The modeling of the rules used is relatively simple:
– when an ant encounters an element of the brood, the probability of capturing it

is higher than if this element is more isolated;
– when an ant carries an element of the brood, the probability of depositing it is

higher than if the density of elements of the same type in the neighborhood is larger.

To gather in a pile a set of elements (objects) of the same type, the probabilities
of picking up an object (pp) and of depositing it (pd) were formulated by Deneubourg
et al. [DEN 91]:

– When an ant carries no element, its probability of picking up one element,
encountered along its way, is given by

pp =

(
kp

kp + f

)2

[13.2]

where kp is a positive constant and f is the proportion of elements present in the
neighborhood of the ant ( f is somehow a measure of the local density). When there
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are few objects in the neighborhood of the object coveted by the ant, f � kp, which
means that pp is close to 1 and the object is very likely to be picked up. On the other
hand, when the neighborhood is dense in elements, f � kp, and then pp is close to 0.

– When an ant carrying an object is moving, its probability of depositing the object
is given by

pd =

(
f

kd + f

)2

[13.3]

where kd is a positive constant.

The evaluation of f is proposed for an implementation in robotics: f corresponds
to the number of objects encountered during the last T movements, divided by the
maximum number of objects that could have been encountered. The simulation results
show the emergence of groups of objects, thus the agents defined this way allow us to
put in order a surface on which objects were scattered.

Figure 13.3 shows a simulation example of Deneubourg’s model, starting from a
set of objects distributed evenly on the grid at time t = 0. We note that three groups of
objects are quickly formed, then, after four million movements of ants, a single cluster
is present on the grid.

Adapting this principle to objects of several types, for example, two, A and B, can
then be made in particularizing f : fA and fB represent the proportion of objects of
type A and B. The assembling behavior is then transformed into a sorting process,
which becomes closer to our partitioning problem.

In addition to this collective self-organization mechanism, we can see that ants also
specialize for a certain type of elements, through a learning mechanism [FRA 92].
Self-organization is then no longer only spatial, it is also temporal. Remember also
that the behavioral rules described are individual, while many species are capable of
collectively carrying loads too heavy for only one individual (e.g. Ectatoma ruidum
[SCH 97]).

These principles have first led to applications in collective robotics, and many
works have originated from them [BEC 94, MAR 99, MEL 99].

13.2.2. Artificial ants

The works outlined above assume that discriminating between different types of
objects is carried out without difficulty. However, it is exactly the opposite hypothesis
that is posed for a partitioning problem: given a set of objects, we want to identify a
number of groups, each with a high coherence. In [GUT 95], Gutowitz proposed ant
agents whose behavior follows Deneubourg’s model. However, these agents use an
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t=0 t=100,000

t=300,000 t=800,000

t=1,600,000 t=4,000,000

Figure 13.3. Execution result of the Deneubourg algorithm at different times
(in number of ant movements)

estimate of their environment local complexity to encourage ants to operate in areas
where objects are scattered (many cells being left empty). Lumer and Faieta then
proposed an algorithm using a dissimilarity measure between objects (in the form of
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a Euclidean distance) [LUM 94]. The objects that, as mentioned above, correspond
to points in a numerical space with M dimensions, are immersed in a discrete space
of lower dimension (typically of 2 dimensions). This discrete space then becomes
similar to a grid G, each cell of which may contain an object. The agents move on G
and are aware of a region Rs of s× s cells in their neighborhood. Figure 13.4 gives
a grid example with two ants, where the detection area of one of them is highlighted.
Objects are represented by balls, whose interior (“invisible” to the ant) represents the
original class.
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Figure 13.4. Grid used in [LUM 94]. The objects are scattered on the grid, the interior of the
objects (“invisible” to the ant) indicates the original class

Equations [13.2] and [13.3] are changed as follows:

pp(oi) =

(
kp

kp + f (oi)

)2

[13.4]

pd(oi) =

{
2 f (oi) if f (oi)< kd
1 otherwise [13.5]
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As can be seen, the local density function depends on the object oi considered and
on its position r(oi) on the grid. It is calculated as follows:

f (oi) = max

⎧⎨
⎩

1
s2 ∑

o j∈Rs(r(oi))

1− d(oi,o j)

α
;0

⎫⎬
⎭ [13.6]

f (oi) is then a measure of the average similarity of the object oi with the objects o j
present in its neighborhood. α is a scaling factor determining the extent to which the
dissimilarity between two objects is taken into account. Algorithm 13.1 gives the steps
of the method by using A ants {a1, . . . ,aA}.

1: Randomly set the N objects o1, . . . ,oN on the grid G
2: for T = 1 to Tmax do

3: for all a j ∈ {a1, . . . ,aA} do

4: /* Remark: in [LUM 94], ants have an asynchronous behavior (in each
iteration an ant is randomly selected to be active) */

5: if the ant a j does not carry any object then

6: if an objet oi is on the same cell that the ant a j then

7: /* thus we have r(oi) = r(a j) */
8: Calculate f (oi) and pp(oi)
9: The ant a j picks up the object oi according to the probability pp(oi)

10: end if

11: else

12: /* The ant carries the object oi */
13: Calculate f (oi) and pd(oi)
14: if the cell r(a j) is empty then

15: The ant a j deposits the object oi on the cell r(a j) with a probability
pd(oi)

16: else

17: The ant a j deposits the object oi on a free cell randomly selected in its
8-neighborhood

18: /* Remark: this point is not mentioned in [LUM 94] */
19: end if

20: end if

21: Move the ant a j towards a neighboring cell not occupied by another ant
22: end for

23: end for

24: return the localization of objects on the grid

Algorithm 13.1: Algorithm LF [LUM 94]
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Figure 13.5 shows a possible result of Lumer and Faieta (LF) algorithm execution
on the grid of Figure 13.4. It may be noted that the number of object groups (5) does
not necessarily relate to the original number of classes (3).
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Figure 13.5. Possible result of LF algorithm execution on the grid of Figure 13.4

Tests were first conducted on artificial data: 200 points were generated in a two-
dimensional space ([0,1]× [0,1]) according to four Gaussian laws of variable mean
and fixed standard deviation. The used grid has 100×100 cells and 10 ants are used.
The obtained results show that the algorithm generally gets more classes than there
are in the initial distribution. Lumer and Faieta have made a number of improvements
to reduce this trend:

– Each ant was given a velocity v that can vary between 1 and vmax = 6. The
calculation of f (oi) was amended so that the fastest ants are less sensitive to the
dissimilarity between two objects than the slowest ones.

– Each ant has a short-term memory, it remembers the location of the last m objects
it has deposited. For each collected object, the ant compares the characteristics of this
object with those of the m objects in its memory and then moves toward the most
similar object. This technique reduces the number of groups of equivalent objects.
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– As the objects are increasingly less likely to be moved, a restart mechanism was
added: if an ant has been inactive for some time, it can destroy a group in picking up
an object.

The parameters have the following default values: kp = 0.1, kd = 0.15, s = 3,
α = 0.5 and Tmax = 106.

However, the importance of the LF algorithm does not actually lie in the obtained
results. We were mainly interested in the way the ant behavioral model was used
to solve a classification problem. We particularly noticed the numerous studies that
aim to improve and extend the LF capacities. Before presenting these extensions, we
illustrate the LF behavior on the set of artificially generated data, shown earlier in this
chapter (Figure 13.2).

Figure 13.6 presents an execution of the LF algorithm. It can be pointed out that,
very quickly (after 250,000 ant movements), homogeneous clusters were formed (let
us recall that, although anyone can visually distinguish in the figure each object’s class,
ants are unable to do so, they only have at their disposal the distances between objects
two by two, in the space of Figure 13.2). When the number of iterations increases, an
increase in the group sizes and a decrease in the number of isolated objects on the grid
are observed. However, after one million movements, even if the constructed piles are
homogeneous, we are still very far from discovering the three original classes.

To highlight the sensitivity of certain algorithmic choices, we present in
Figure 13.7 the same experiment as described in the preceding section (in taking
the same initial distribution of objects on the grid). Only line 17 of Algorithm 13.1
was interpreted differently: in Figure 13.7, ants deposit the object on the cell in
their neighborhood that maximizes the value of f , whereas for the experiment of
Figure 13.6, the choice of the ant is uniformly random. This implementation point
appears quite prominently as being critical: in this second experiment, the piles are
formed in a more compact way and more quickly. Although it is limited in scope,
the visual interpretation, as we shall see later, seems much easier in this second
experiment.

This LF algorithm was tested on databases of significant size, and the results, both
in terms of classification and planar representation interest, have proved promising 1.
The main criticisms relate to the lack of comparisons with other classification methods
and to the relatively large computing time (Tmax = 106). Moreover, interpreting the
results becomes risky when the database size increases, because the border between
two groups of objects can be reduced to an empty cell, while these two groups may
represent two very distinct groups of objects.

1. E. Lumer, B. Faieta, Exploratory Database Analysis via Self-Organization, 1995, unpublished.
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Figure 13.6. Results of the LF algorithm execution on the data of Figure 13.2. Here, 40 ants
were used, the grid has a dimension of 100 × 100, and the parameters have the following
values: kp = 0.1, kd = 0.15, and α = 0.5. The grid is shown at times t = 0, 250,000, 500,000,
and 1,000,000 (in number of ant movements). In this example, ants randomly choose a free cell
in their neighborhood to deposit their object

13.2.3. Extensions

The LF algorithm was enhanced with several features, in order to (1) increase
the convergence velocity of ants toward a stable solution; (2) improve the method
robustness vis-à-vis different data-sets, but also different executions; and (3) facilitate
the setting of the algorithm, in particular, by limiting the number of parameters.

In [MON 99, MON 01], Monmarché et al. proposed the AntClass algorithm. They
coupled the LF algorithm with the k-means algorithm to overcome the minor errors left
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t=0 t=250,000

t=500,000 t=1,000,000

Figure 13.7. Results of the LF algorithm execution on the data of Figure 13.2. Here, 40 ants
were used, the grid has a dimension of 100×100, and the parameters have the following values:
kp = 0.1, kd = 0.15, and α=0.5. The grid is shown at times t = 0, 250,000, 500,000, and
1,000,000 (in number of ant movements). Ants deposit their object on the best empty cell in
their neighborhood

by ants. They also introduced ants capable of carrying several objects simultaneously,
and the ability of storing several objects on the same cell (to facilitate the reading
of results). AntClass thus enabled to calibrate the ants’ work to quickly reduce
the number of classes left on the grid by the LF algorithm only. The convergence
velocity was thus significantly improved, while improving the quality of the achieved
classification. In its most effective version, AntClass uses ants in two steps: a first
step, where ants work on the objects, then, after running the k-means algorithm, ants
work on the piles of objects, and finally, the k-means algorithm is run again. This
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strategy allows us to obtain, in a few thousand iterations, much more stable results
that are closer to the desired partitioning.

In [VIZ 05a] and then [VIZ 05b], the authors present a fairly accurate
experimental work on the adaptive ant clustering algorithm (A2CA), which introduces
improvements to the LF algorithm, such as the variation of the parameter kp, the
variation of the vision s, and the use of pheromones (similarly to the idea developed
in [SHE 04], inspired by the behavior of nest building in termites).

In [KAN 03], Kanade and Hall resume the work of Monmarché et al. and combine
the AntClass algorithm with the classical (fuzzy c-means) (FCM) classification
algorithm. Then, in [KAN 04], the same authors proposed to combine FCM with
the ant colony optimization (ACO) metaheuristic: an ant colony is used to provide the
initial partition of class centers to the FCM algorithm.

In [SCH 04], a new improvement of the AntClass algorithm was proposed. The
authors implemented fuzzy rules to model the behavior of ants. Moreover, the
choice of carrying one or several objects at once was done according to a threshold
mechanism in response to stimuli, inspired by ants [BON 98]. This mechanism
allowed us to get rid of the notion of phase introduced in AntClass and of the use
of the k-means algorithm.

Other improvements have been made to the LF algorithm: in the ACluster
algorithm, Ramos and Merelo [RAM 02] used the stigmergy principle observed in
real ants to allow the artificial ants to move only in areas where there are objects, thus
reducing the number of iterations. Indeed, each moving ant leaves a pheromone trail
that will allow the other ants to choose their next direction. This mechanism implies
that the pheromone densities will be higher in the grid areas containing objects and
very low in the areas where there are few. In addition, if a class disappears from
the grid, the pheromone tends to evaporate in its direction, which prevents ants from
moving toward uninteresting areas. We notice then that, in ACluster, the individual
memory of each ant is replaced by a collective memory for the entire colony and
transmitted by the environment.

In [HAN 02], Handl and Meyer have also improved the model proposed by Lumer
and Faieta and used it for the classification of documents extracted from search engine
results. The interest of this algorithm is to produce a visual classification of data from a
pile of objects distributed on a grid. The resulting classification is then represented by
a map, called “map of thematic subjects” (or map of interest centers), where the similar
documents are displayed in the same locations and the dissimilar ones in more remote
locations. In this model, the authors introduced an adaptive strategy to determine the
value of α . The method consists of initializing α to 0.1 and increasing it gradually,
in steps of 0.01, until the value 1, after each sequence of 250 iterations in which there
were not enough object pickups and deposits. A new parameter specific to each ant
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was integrated to reduce the loss of ant efficiency related to the presence of aberrant
points (if an ant carries an object that is dissimilar to any other object, it might keep
it until the end of the algorithm). It is an error counter that is incremented each time
the ant deposits its object in a wrong location. Once this counter reaches the value
100, the ant decides to deposit its next object at random. Ants can also perform
jumps that can reach up to 50% of the grid size, which favors the disappearance of
the first small classes. Another improvement of the ant behavior was introduced by
the same authors. It consists of redirecting the ant, after it has deposited its load,
to a cell already containing a document (thus avoiding the loss of time because of
the search for an object). As we mentioned earlier, in its original version, this work
aim to solve the neighborhood preservation problem (better known under the terms of
topographic map). However, the authors subsequently concluded that the ants offered
limited guarantees on the “geographical” (or topological) and visual quality of the
results’ presentation [HAN 06].

In [HAN 06], the previous algorithm was thus improved, leading to adaptive time-
dependent transporter ants (ATTA) in which many changes were made to the original
model. First, the formulas giving the deposit or pickup probabilities were changed
to make the ant choices more deterministic in cases of low density (for the pickups)
or high density (for the deposits). Moreover, the ant perception radius has become
variable and ants now have a short-term memory with anticipation abilities. Finally,
the following change sets artificial ants apart from real ants: ants move on the grid only
when they carry, and thus seek to deposit, an object. Otherwise, they automatically
get an object, without having to “search” for it on the grid. This innovation aims to
make the ant movements more effective for classification purposes. A similar case is
that of the k-means algorithm, which does not exist in nature, but which enables, at a
low cost to improve the result obtained by ants only. It was shown that ants got good
results, especially when the number of data increases. However, there is not (yet) a
particular interest in using ants to transcribe the underlying topological structure of
data.

Based on the ATTA algorithm of [HAN 06], the ant memory management in LF
was also studied to try to make it more effective [PET 08]. Moreover, the local
density perceived by ants was modified through core functions (to intensify the nearby
perception of ants). These improvements led to the AntKSiMM algorithm.

13.3. Classification methods ant data

In this section, we present works that have not retained the grid environment to
organize the ant movements. The biological origin is often different from the ant-
sorting activity itself, which explains the remoteness from the grid concept. However,
the emergence of a structure capable of solving a classification problem is again
expected from collective behaviors.
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13.3.1. Colonial recognition behavior

In an ant colony, the individuals may develop a colonial closure mechanism,
similar to the immune system in humans, which can protect their nest by recognizing
and rejecting the intruders. This closure is manifested through a recognition system
based on chemical messages carried by each individual (a kind of fragrant identity
card), used here for its identification as a member of a nest. That smell is collectively
formed through continually repeated chemical exchanges among the colony members
(Figure 13.8 and also the model presented in Figure 1.8 of Chapter 1).

Figure 13.8. In nature, when two ants meet each other, an antennation phase occurs, during
which each studies the chemical visa impregnated on the cuticle of the other. The longer this
phase lasts, the more accurate the analysis is, thus indicating that ants have had, previously,
few relations between each other (photo Monmarché)

Labroche et al. [LAB 02] have proposed a model for this chemical identification
system and they afterwards adapted this model to the classification problem. In this
model, each artificial ant is associated with a data to classify, and whose smell is
determined by the values of attributes describing these data. Ants make random
encounters and decide whether they belong or not to the same group, depending on
this smell. It follows then the formation of ant groups, each having a homogeneous
smell, and thus the emergence of a classification.
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In the AntClust algorithm [LAB 03], an artificial ant is considered as a set of
numerical parameters that evolve according to a set of behavioral rules. These rules
apply during the encounter between two ants and reproduce the principles of chemical
recognition. An ant i is thus characterized by the following properties:

– The membership nest of the ant i, denoted by Labeli.
– The genetic smell of the ant i, denoted by Genomei, which corresponds to an

object of the base to classify. After an encounter, the two ants compare their genomes
to evaluate their similarity.

– The acceptance threshold of the ant i, denoted by Templatei, is a real value
ranging between 0 and 1. This threshold is learned by each ant during an initialization
phase (similarly to the ontogenesis phase in real ants). Thus, each ant i encounters
other ants during a fixed number of iterations. In each encounter, the ant evaluates the
similarity of its genome with that of the ant encountered. The resulting acceptance
threshold here is a function of the average and maximum similarities observed during
this period. It is updated after each encounter made by the ant i:

Ti =
average(Sim(i, ·))+max(Sim(i, ·))

2
[13.7]

where Sim(i, j) represents the similarity between the ants i and j.
– The estimator Mi indicates the proportion of encounters made by the ant i with

the members of its nest. It is incremented each time the ant i encounters another ant,
which carries the same label, and decremented otherwise.

– The estimator M+
i indicates the proportion of positive encounters with the nest

members (an encounter is called positive if there is acceptance between the two ants).
It is incremented each time the ant i makes a positive encounter with a member of its
nest and decremented if there is no acceptance. Mi allows an ant to estimate the size
of its own nest, but M+

i measures the integration of such an ant in its own nest.
– The age of the ant i, denoted by Ai, is initialized to 0 and incremented each

time the ant i encounters another ant. This parameter is used to update the acceptance
threshold value, since, in their model, Labroche et al. incorporated the fact that ants
learn less when they are older. Ai is reset to 0 each time an ant is excluded from its
own nest and should resume the encounter process since the beginning. Thus, age
reflects the belonging stability of the ant to its nest.

The general algorithm structure can be divided into three parts:
(1) Learning phase or initialization phase, during which each artificial ant makes

encounters to estimate its average similarity with the other individuals; at the end of
this stage, each ant i has an acceptance threshold templatei.

(2) Group creating phase (also called label convergence phase): the authors
simulated a finite number of encounters between ants so that the latter find the label
(the nest) that best fits their genome. With this aim in view, each ant has an acceptance
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threshold it has learned during the previous phase, and uses it, by applying a set
of behavioral rules, to know whether it should accept the ants encountered. The
acceptance mechanism is defined by a symmetric relation between two ants i and
j, in which the similarity between the two genomes is compared with the templates of
both ants (which corresponds to the antennation phase in real ants):

A(i, j)⇔ (Sim(i, j)> Ti) and (Sim(i, j)> Tj) [13.8]

(3) Group destructing phase: the irrelevant nests are destroyed, according to a set
of rules.

The set of behavioral rules is defined as follows:
– Rule 1: creating a new nest: if two ants, which have no nest, encounter and

accept each other, a new nest is created and the label of two ants is initialized to the
index value of this nest.

– Rule 2: addition of an ant without a label to an existing nest: when an ant, which
has not a nest, encounters and is accepted by another ant that already belongs to a nest,
the ant that is alone joins the other in its nest.

– Rule 3: positive encounter between two ants belonging to the same nest: when
two ants from the same nest encounter and accept each other, the estimators M and
M+ are incremented. Therefore, each ant considers itself as more integrated to its own
nest, as there is a mutual acceptance with another member of the nest.

– Rule 4: negative encounter between two ants belonging to the same nest: when
two ants from the same nest encounter and do not accept each other, the less integrated
ant is ejected, and all its parameters are reset to 0, except its template and its average
and maximum similarity values. This allowed us to remove the ants from the nests
that were not optimally placed to enable them to find a more appropriate nest.

– Rule 5: encounter and acceptance between two ants from different nests: where
two ants that do not belong to the same nest accept each other, there will be a transfer
of the ant that belongs to the smallest nest toward the largest nest.

The AntClust algorithm was experimentally compared with AntClass and obtained
competitive results. We must keep in mind that the advantage of eliminating the grid
in ant algorithms is counterbalanced here by an increase in the number of parameters
to adjust.

13.3.2. Self-assembling behavior

In [AZZ 03], Azzag et al. use the principle of self-assembling observed in some
species of ants: ants gradually cling to a fixed support, then successively to the
ants already fixed, to build a living structure. This mechanism is used to solve the
unsupervised hierarchical classification problem. Thus, similar to the self-assembling
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observed in nature, artificial ants build a tree. As in the AntClust approach presented in
the previous section, each ant represents a data. Moves and assemblies of ants on this
tree depend on the similarity between data. The self-assembling behavior observed in
real ants is modeled by the following rules:

– Ants build this kind of living structure from a starting point on a fixed support
(stem, leaf, etc.).

– Ants can move on the structure under construction, as if it were a fixed structure.
– A priori, ants can cling anywhere on the structure, since they can reach any of

its points.
– The majority of ants making up the structure may be blocked, without any

possibility of displacement.
– Some ants (generally far fewer than the blocked ants of the previous rule) are

connected to the structure, but through a link that they maintain by themselves, they
can thus detach from the structure whenever they want.

– We can observe phenomena of growth, but also in decrease in the structure
(because of ants that drop out of the structure).

This set of rules is the skeleton of the AntTree method proposed by Azzag et al.,
and whose principle is as follows: each ant fi, i ∈ {1, . . . ,n}, represents a node of
the tree to be built, i.e. a data to classify. From a starting point, namely the support,
evidenced by a fictitious node f0, ants gradually fix themselves on this initial point, and
then successively on the ants fixed to this support, and so on, until all ants are attached
to the structure. All these movements and these fixings depend on the value of the
similarity Sim(i, j) between the data and on the local neighborhood of the moving
ant. During the building of the structure, each ant fi is moving on the graph, or is
connected to it (Figure 13.9(a)). In the first case, fi is free to move to one of the
neighbors of the ant on which it is located or to the support. In the second case, fi can
no longer be released. In their work, the authors have considered the fact that each
ant has only one outgoing link to other ants and cannot have more than Lmax incoming
links from other ants, connected to it (tree with at most Lmax children per node).

Initially, all ants are positioned on the support f0. Each ant has a similarity
threshold (SSim) and a dissimilarity threshold (SDissim), which are initialized to 1 and
0, respectively. An ant fi connects under an existing node of the tree (ant fpos), if it is
sufficiently similar to that node, but also sufficiently dissimilar to the children of that
node: fi will thus form a subclass of fpos, which will be as dissimilar as possible to
the other subclasses of fpos (Figure 13.9(b)).

Otherwise, fi moves at random in the tree, looking for another location to fix itself.
As soon as the ant has failed in its attempts to fix to the structure, it is made more
tolerant, to increase its chances of connection during its next attempt: its similarity
threshold is decreased, and its dissimilarity threshold is increased. The special case
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of the support f0 is discussed as follows: an ant connects to the support if it is
sufficiently dissimilar to the other ants already connected directly on f0. This means
that we just built a new class at the highest level of the tree and that this class should
stand out as much as possible of other classes already created. The algorithm ends
when all ants are connected. The sub-trees appearing in the first level of the tree,
just beneath the support f0, constitute the classification achieved by the algorithm.
Each sub-tree corresponds to a class consisting of all the data present in this sub-tree
(Figure 13.10).

(a) (b)

Figure 13.9. (a) The free ants move, starting from the support, and choose an ant already
fixed. (b) The moving ant considers the neighbors of its current position, to take its decision

13.4. Some examples of applications

This section gives some examples of applications covered through the algorithms
presented above.

The works of Lumer and Faieta inspired Kuntz et al. [KUN 97, KUN 98] to solve
the graph-partitioning problem. In place of the objects handled by the LF algorithm,
the vertices of a graph are distributed on a two-dimensional grid and the ant-agents
gather the vertices, depending on their connexity in the graph. The applications of this
type of approach range from the design of very-large-scale integration (VLSI) circuits
to the geometric representation of graphs. The visualization issue is not specifically
addressed in this chapter, but it remains prominent in the classification field [KUN 99].
These works will also be addressed in Chapter 17.
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Figure 13.10. To use the tree constructed by ants as a classification result, we only need to
consider the branches starting from the support

A supervised version of these algorithms can be found in [BON 99], based on the
ability of social insects to follow patterns, e.g. in action during the construction of a
termite mound.

The work of Langham and Grant [LAN 99a, LAN 99b] is also on the graph
partitioning. The problem is to find a graph partitioning minimizing the number of
cuts between partitions. Such a problem is encountered in simulation systems in
which tasks are distributed on multiple processors. The objective is to build groups
of tasks (a task being represented by a graph vertex) of relatively uniform size, in
order to minimize communications between processors (namely, the graph arcs). The
graph vertices are distributed on a grid, taking into account their connectivity. They
represent the food that several ant colonies will try to collect. These ant colonies are
also placed on the grid, but not at a random position (the distribution of nests is made
according to the food dispersion). The individual strategy of ants is designed using
genetic programing. The capture of a prey-vertex is decided so that the number of
cuts caused is not too important. Depending on the number of cuts generated, food
has a certain weight. If this weight is too high, ants can work together to bring this
food back to the nest. A group of vertices consist of the vertices brought back to
the same nest. The achieved partition corresponds to the groups of vertices obtained.
The large-size graphs are processed in several steps: the first steps handle groups of
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vertices and the remaining steps deal with vertices individually. The presented results
are related to graphs ranging from 286 vertices, with 1,046 arcs, until 4,720 vertices,
with 13,722 arcs. For these examples, the method inspired by ant foraging gives the
best results, with respect to minimizing the number of cuts between the groups of
vertices achieved, compared to two other classical methods.

In [ABR 03], the authors have taken the ACluster algorithm and applied it in the
Internet field. In the same field, the AntClust algorithm was designed to analyze the
connection logs of users of a web site [LAB 03] (Web usage mining).

Wong and Wei are interested in the problem of building ontologies. This problem
can be treated through unsupervised classification techniques, to form groups of
terms relating to the same concept. As the learning corpuses of these ontologies are
constantly evolving, the authors seek to take advantage of ant’s adapting abilities by
using web information resources (Google and Wikipedia). The proposed algorithm,
called tree-traversing ant (TTA) builds a binary tree containing the terms, starting from
an initial node (the root) that, at the beginning, contains all the terms to classify. Ants
grasp a term in the root and move it to one of the two children nodes, depending on
a similarity measure between two terms. This similarity is built by querying Google
search engine. Then, the constructed tree is corrected by using the graph structure of
the Wikipedia online encyclopaedia. Strangely, the authors present their algorithm as
a logical extension of the Handl et al. algorithm [HAN 06], though similarities are
pretty slim.

In [OUA 02] and [OUA 07], the authors discuss the image segmentation problem
as a pixel classification problem. Each pixel is assigned to a class, according to one
or more attributes of that pixel. In [OUA 02], a new approach to image segmentation,
based on the ACO formalism, is combined with the theory of Markov fields. The
proposed classification algorithm, called ant colony system-Markov Random Field
(ACS-MRF), begins by placing at random a finite number of artificial ants on a
grid of pixels. In each iteration, each ant builds a possible partition of the image,
by assigning pixels to the most likely classes. The ant chooses the class to assign
to each pixel, according to a pheromone information and a given heuristic, namely
that class is the closest one to the pixel, in terms of intensity, while preserving the
spatial continuity. At the end of each iteration, the quality of the partition obtained
by each ant is measured. This quality is defined as the ratio of the variance measured
between clusters to the variance within clusters. The algorithm objective is to find the
optimal partition that maximizes the quality measure. Then, two pheromone updates
are made. A local update is performed, after each ant has completed its cycle (all
pixels are assigned to classes) and a global update is done only by the ant that achieved
the best partition, at the end of each algorithm iteration. In [OUA 07], the authors
resumed the works of Lumer and Faieta [LUM 94] and Monmarché et al. [MON 01],
and presented a new approach for image unsupervised classification, derived from
AntClust, in which the authors improved the issues relating to the support of objects
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to classify (ants do not move on a grid, but rather on a table). Moreover, the behaviors
regarding pickup and deposit of pixels by ants are guided by their personal experiences
and those of their congeners.

13.5. Conclusion

This chapter has presented the principles of automatic classification by artificial
ants. Here, the goal was not to yield a comprehensive state of the art (see [HAN 07]
for that), but rather to give a precise starting point for implementing these techniques
(Table 13.2).

Algorithm References

Ants basic [DEN 91]
Complexity seeking ants [GUT 95]
LF [LUM 94]
AntClass [MON 99, MON 01]
A2CA (adaptive ant clustering algorithm) [VIZ 05a, VIZ 05b]
ACluster [RAM 02]
AntTree [AZZ 03]
AntClust [LAB 03]
ATTA [HAN 06]
ACS-MRF [OUA 07]
TTA [WON 07]
AntKSiMM [PET 08].

Table 13.2. Listing of the algorithms presented in this chapter
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Chapter 14

Collective and Mobile Robotics
Inspired by Insects

14.1. Introduction

The purpose of this chapter is to provide an overview of research in the field of
autonomous robotics (also called mobile robotics), i.e. on robots capable of moving
alone and without any centralized control. We will focus on the “bio-inspired” robots
(we can also speak of biomimetic robotics), whose hardware or software structure
is inspired by features and behaviors that can be observed in nature. In this large
category (see [MEY 08]), we will be interested in the paradigm of insects and more
specifically of ants.

From a general standpoint, the goal pursued by “insect-inspired” robotics is to
build robots that are gaining in efficiency, robustness, or autonomy. In biomimetic
robotics, there are two main lines of research:

– Autonomous robotics: mainly individual (cognitive and perceptual) abilities
of insects, or of animals in general, are used (mainly for navigation). Such an
approach can generally be inspired by any insect and is often not specific to ants,
because the characteristics of the latter are not, from an individual point of view,
particularly different from those of the other insects (for example, many insects also
use pheromones).

– Collective robotics: in this case, the social skills and collective behaviors of ants
are directly used. Here, the interesting abilities are food collection, division of tasks,
and group navigation.

Chapter written by Paulo URBANO, Nicolas MONMARCHÉ and Pierre GAUCHER.
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Therefore, this chapter follows this division: in section 14.2, a number of works
will be presented on autonomy in robotics inspired by insects. Then, in section 14.3,
we will address the collective aspect.

14.2. Autonomous robotics

14.2.1. Introduction

The ability of being autonomous is easily seen as a mark of intelligence. To
specify the topic of autonomous (or mobile) robotics, we quote the definition of Arkin
[ARK 98] on the intelligence that can be reasonably expected from a robot:

“An intelligent robot is a machine able to extract information from
its environment and use knowledge about its world to move safely in a
meaningful and purposive manner.”

In the case of insect robots, we will see that their intelligence, within the meaning
of Arkin, is due to their ability to extract information from their environment. Next,
the notion of “using its knowledge on its world” refers to robots necessarily more
advanced than insects, whose knowledge of the world around them is difficult to
apprehend.

In the category of autonomous robots, the humanoid robots can also be considered
as robots inspired by nature. However, by their degree of sophistication, they are
a separate class of robots and implement the more advanced techniques in artificial
intelligence (AI) [BRO 99]. For example, in addition to bipedal locomotion, the
humanoid robots should interact with their environment, in a way as close as possible
to the human communication modes (speech, vision, etc.). However, because of some
of their abilities, the principles required for them can be found in simpler mobile
robots.

Moreover, in the category of autonomous robots, vehicle robots refer to robots,
whose issue is centered on their ability to move on rough terrain. Usually, their
foolproof reliability prevails (particularly for military applications).

The primary influence of AI on robotics pushed the pioneers to consider human
intelligence as a reference model for handling knowledge and representing it inside the
robots. Consequently, the models inspired from less sophisticated life forms finally
emerged belatedly, after the disappointments encountered in AI, and thanks to many
advances in sensors, actuators, and computers.

In the context of bio-inspired robotics, designers have been influenced by several
schools of thought:

– Behavioral psychology, which promotes the use of stimulus–response
mechanisms for the expression of behaviors.
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– Ecology, which focuses on the study of relationships between an agent and its
environment.

– Cognitive psychology, which leads to the use of computational models to
describe the behavior of an agent in his universe.

In this chapter, the works presented generally relate to behavioral robotics
(behavior-based robotics) [MAT 08], which can be characterized by four key points:

– Robots are “located” (situatedness): they do not handle an abstract description
of their environment, but are directly related to it.

– Robots physically exist (embodiment): they directly interact with the world and
their actions are part of the system dynamics. Changes in the environment have an
immediate impact on the perception that robots have on the latter.

– We can observe a form of intelligence (not limited to a computational form of
intelligence), for example, through the processing of signals obtained from sensors
(e.g. in vision) or through the adequacy of the robot with its world.

– Emergence: the system intelligence emerges from the interactions of the system
with its environment and sometimes indirectly.

Let us remember that the examples depicted in this chapter will be exclusively
drawn from works inspired by the behavior and physiognomy of insects. Other
numerous examples can be found on more advanced animal forms, as in mammals.

14.2.2. Perceptual abilities

The perception of the environment is a key point of the robot autonomy. Thus,
there are adaptations of many insect characteristics for building mobile robots.

14.2.2.1. The vision of insects

Vision is an area where insects have shown a lot of adaptations to their
environment, for example, by using organs that are not present in other animals.
Crawling insects suffer from two difficulties related to their size: navigation (i.e. their
positioning) in their environment may be perilous and the perception of distances is
difficult, because of the short distance between their vision organs, which does not
allow them to enjoy stereoscopy. With regard to flying insects, they must be capable
of handling large flows of visual information. The interest of these observations for
robotics is that insects have solutions to these issues, using few sensors and especially
few neurons.

14.2.2.1.1. Following the light

From the early experiments implementing autonomous robots, in the 1950s, light
detection has been used to make the robot interact with its environment (the “turtles”
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of Walter): they react to light by operating motors that directly cause a displacement.
Very simple and very affordable robots, in fact more likely to come under the
category of educational toys, appeared in the form of electronic kits to assemble
(www.velleman-kit.com). For example, the Microbug (Figure 14.1) is a miniature
robot with a vague form of bright color insect. It is always in search of light and its
behavior can be changed by adjusting the sensor photosensitivity. However, it is not
programable.

Figure 14.1. Microbugs (Velleman) (photo Monmarché)

There are also slightly more sophisticated kits (Figure 14.2) (www.jcminventures.
com) where the robot, which portrays an ant, is programable and can even be equipped
with solar sensors.

Figure 14.2. Cybug Queenant (JCM inVentures) (photo Monmarché)
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These examples are interesting since they show that the general public can
now buy, build and make experiments with small autonomous insects like robots.
These robots are very similar to the work of Tilden, who endeavored to show that
complex behaviors could be achieved with simple electronic circuits (simple means
here “without computational abilities”, so we can speak of “analog” robots). It is
remarkable that Tilden was then involved in the toy-robot industry.

14.2.2.1.2. Using polarized light

The perceptual abilities of some species have, for example, been transposed: in
the field of vision, many insects are capable of perceiving light polarization, allowing
them to know the sun’s position relatively to their current position. This perception
gives them the ability to obtain directional information, called integration vector,
regardless of their location.

The Sahabot robot, developed by Lambrinos, Möller, and others at the University
of Zurich [LAM 97, LAM 00, MÖL 01], was thus designed to mimic the navigation
mode of Cataglyphis ants, which are capable of orientating in the desert, where visual
cues are inherently few and regularly disrupted. Indeed, the Cataglyphis workers are
capable of departing several hundred meters from their nest to hunt and coming back
then in a straight line. The Sahabot robot, which has many sensors, including a 360˚
camera on a cone, was tested in the real conditions of the Cataglyphis ant, which lives
in the Tunisian Sahara.

Through the example described earlier, we find that assumptions must be made on
the environment model that the insect elaborates from its visual perception. Thus,
in [BEU 05], an autonomous “ant-robot” is presented, whose navigation rules are
directly inspired by browsing performance of the Cataglyphis cursor Mediterranean
ant. This robot has the ability to memorize pairs (perception and action) and thus build
a basic space “representation.” Perception can match the integration vector value or
the perceived image, and action can match the movement to perform (direction and
length ahead). To minimize the stored information and thus be as realistic as possible,
the concept of choice point is introduced to any place where the ant-robot must take
a decision. When the ant-robot has reached a deadlock, it turns back to its last choice
point and marks as “blocked” the direction previously chosen. It then explores a new
direction. If the latter proves to be effective, then at the time of the next passage, this
choice point will directly indicate the right direction. This behavior can be iterated
until a choice point crucial to exit the maze is obtained.

14.2.2.1.3. Depth perception

Bruckstein et al. [BRU 05] at the Technion Institute in Israel were inspired by
head movements from left to right of a praying mantis and head movements back and
forth of a pigeon to reproduce their (likely) ability to evaluate visually their distance
from an object. Experiments have been carried out with a camera mounted on axes
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reproducing the forward–backward and left–right movements. For the model on the
praying mantis, by calculating the optic flow, it is possible to estimate the distance
between the observer and the objects, according to their relative displacement in the
visual field (on the principle that the nearest static objects visually move faster than
the more distant ones). It was found that the model inspired by the praying mantis
gave results much more accurate than the model of the pigeon. However, it should
be noted that the mantis must stand still to proceed with the acquisition, whereas the
pigeon can move at the same time.

14.2.2.1.4. The faceted eye of insects

Franceschini has worked, since the early 1990s, on the study of vision in the fly
(then the bee) and has drawn the neuronal consequences enabling him to design robots.
The navigation of the latter is based on the perception and processing mechanisms
issued from the insect vision. The advantage of this approach is that the required
resources are low. For example, in [SER 08], the case of the autonomous flight in a
corridor is addressed. The authors present a motor control system, based on detecting
the lateral optical flows (to control the distance from the walls) and the optical flow
generated by the moving from the ground (to control altitude). The use of the optical
flow is thrifty, as it requires only four pixels to analyze, while enabling navigation
in a disturbed environment (for example, when the walls of the corridor move), and
this without the need of measuring velocity or distances from the environment. Indeed,
the eye of insects, particularly the flying ones, is composed of several detection organs
(called the facets): it is that feature that gives insects perception capacities adapted to
their navigation mode.

14.2.2.2. Olfaction and the deposit of odors

Odor perception by insects often compensates for a lack of vision, particularly
inside the nest, or, for example, in ants, it facilitates the navigation in the external
environment. The transposition of animal olfactory capabilities in robotics is more
limited than that of vision, mainly because of the difficulty of designing sensors.
However, there are experiments in this area, with possible applications in detection
of chemical pollution, illegal or dangerous substances, or even to rescue lives in
uncertain environments. As they bring some help for localization in the animal world,
the chemical markings of the environment can similarly be used by robots.

14.2.2.2.1. Tracking an odor

Lytridis et al. [LYT 06] from the Universities of Portsmouth and Leeds have
studied minimum strategies to implement to locate a source of odor. The model
developed has two sensors, which are used to track the highest chemical concentration
(chemotaxis). They have shown, both in simulation and through a mobile robot, that
following the positive gradient was not always a robust strategy and it was better
to combine it with a random walk behavior. Although these results are inspired by
bacteria, the insect-robots can benefit from this research.
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14.2.2.2.2. Mimicking pheromones

The deposit of chemical substances (pheromones) allows many insects to orientate
in their natural environment (for instance, to find their coast back to the nest). An
Australian researcher, A. Russell, has repeatedly studied the issue of the use of odors
by a robot: camphor was thus used to allow a robot to deposit a trail, then to follow
it [RUS 94]. Camphor was used in the experiment because of its evaporation feature:
the experiment is thus similar to the use of pheromones made by ants.

With the same idea of decrease over time, researchers have proposed using heat
as information deposited on the ground by robots [WAG 99]. Indeed heat has, just
similar to pheromones, the feature of disappearing (of evaporating, for pheromones),
which affords a certain adaptability of behaviors (it makes it possible to forget an error
or improving a good solution).

In a more theoretical viewpoint, moving a robot in a continuous environment, thus
close to the real case, has been studied [OSH 07]. In this work, the authors propose an
algorithm for moving the robot by using pheromones. They show that the exploration
of the area assigned to the robot is complete, in bounded time.

14.2.2.2.3. Measuring space

The use of pheromones by robots may provide novel strategies: in drawing
inspiration from some ants capable of estimating the size of a cavity likely to house
their nest (Leptothorax albipennis); Şahin and Franks study this feature to design
robots that can estimate the size of their environment [ŞAH 02]. The robots move in
the area to explore while leaving a pheromone trail along their path. The principle of
estimating the area explored is based on the frequency of encounters with a pheromone
trail, which increases in small spaces, proportionally to the time of the robot course.
Thus, the more the robot encounters its own trails, the more it estimates that the area
visited is reduced.

14.2.2.3. Hearing and sound following

The Whegs ASP (autonomous sensor platform), developed by Webb et al. from the
Universities of Stirling and Cleveland [HOR 03, WEB 98], has an original locomotion
mode (the wheel-leg) that has nothing to do with insects. Moreover, it has the capacity
of finding its way according to the sounds it perceives. This behavior is inspired by
the observed in a locust: moving is driven by the song of the male locust.

14.2.3. Motor abilities

14.2.3.1. Hexapods

Insects are capable (if they cannot fly) of moving on rough and constantly evolving
terrain, because of the action of external factors. Their “mechanics” has inspired
numerous robots, including many hexapod robots.
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For example, we can cite the Bill-Ant-p [LEW 05], inspired by the Acromyrmex
versicolor ant, but that has no special feature, besides the effort to make it look like an
ant.

More advanced, the robots in the series AMRU (for Autonomy of Mobile Robots in
Unstructured environments), jointly developed by the Universities of Brussels and the
Belgian Royal Military Academy, give an example of a perfected hexapod robot. On
one hand, version 5 (AMRU5) aimed to study the mechanical and electronic aspects
of a robot with six legs, and on the other hand, the control architecture to allow the
robot to operate in an unstructured environment [VER 05]. The mechanical part of
a leg can be reduced to a pantograph system with three degrees of freedom, saving
the energy needed to maintain the robot, while remaining sufficiently rigid. The
control of a leg is also rather simple and is performed by a microcontroller. The
robot control is ensured by a neuro-fuzzy system with several hierarchical levels
(motivation, trajectory planning, planning of the walk and the leg movement).

Another interesting example of a hexapod robot was developed at Case Western
Reserve University in Cleveland: the Ajax robot [KIN 03]. Attention has been brought
here on the musculature of the Blaberus discoidalis cockroach and emphasis was
placed on the leg architecture, including pneumatic actuators acting as muscles. The
control architecture used could also equip the A jax robot with an ability to compensate
for disturbances and to take positions very close to those of the insect. However, in
this version, control and power source are provided from outside the robot, which is
thus not, strictly speaking, autonomous.

The RHex (Robotic HEXapod) robot is a long-term project involving several
American universities [ALT 01] and whose main characteristic is the opposite of the
project presented earlier: it is indeed a hexapod, also inspired by the cockroach, but
instead of legs reproducing the animal shape and characteristics, RHex legs have only
one degree of freedom (they turn as wheels). All the interest of RHex lies in the
coordination of its six legs, which allow it to reach important velocities, on disturbed
terrains.

Also in the observation of motor abilities of insects, the distributed nature of their
nervous system allows us to devise control architectures also distributed in the robot.
Thus, a control model was proposed, based on the stick insect case [DEA 99]. Each
leg has its control center, which manages the difficulties of the ground for this precise
leg, and summarily communicates with the other legs for coordination.

14.2.3.2. Hopping robots

Another example of displacement related to insects has been tested through
hopping robots [FIO 03]. The goal of such robots is to allow the crossing of barriers
of large size. This issue can be envisaged for robots exploring an area unfit for
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human life (similar to another planet, with a lower gravity than on Earth). Several
generations of robots are presented in [FIO 03], the last ones of which have mixed
displacement modes (by adding wheels). The modus operandi is fairly simple and the
number of actuators needed for the jump itself is reduced: the robot positions itself to
achieve its goal, triggers the jump, then, after landing, repositions itself to continue its
displacement.

The jump issue was also studied by researchers at EPFL 1 to design a hopping
robot [KOV 08]. What is remarkable about this robot is its size (5 cm) and weight
(7 g), compared to its performance, as it is capable of performing jumps whose height
reaches 27 times its size.

14.2.3.3. Flying robots

Advances in micro-robotics now allow us to design micro-robots capable of
reproducing movement modes hitherto impossible to design. For example, the
micromechanical flying insect (MFI) project induced the emergence of robots that
can fly [WOO 03]. Of course, in this case, the link with insects is mainly related to
the size of the designed robots (for a complete overview on the issue of flying robots,
see [ZUF 08]).

14.2.4. Energy autonomy abilities

The energy autonomy of robots is a barrier that prevents the laboratory works
from proceeding from experimental stage to operational use of robots in the field.
Of course, solar energy is useable, especially in space exploration missions, but
overall dimensions of solar sensors must be managed. Another solution is to copy
the metabolic capabilities of living organisms to produce energy. For example, with
the Slugbot robot by I. Kelly of Bristol University, a first attempt has been made
to enable a robot to “feed” itself, by collecting slugs in its environment, to power
its microbial fuel cell [KEL 03]. By the same approach, Melhuish et al. from the
University of Bristol proposed the EcoBot-II robot to solve the energy autonomy
problem [MEL 06]. The EcoBot-II robot is equipped with eight microbial fuel cells
capable of capturing energy from unrefined biomass (anode) and oxygen (cathode).
Each cell is supplied with a dead fly, which allows the robot to move slightly, to
perform an environmental measure (temperature), and to transmit its measure by
radio waves. This operation, renewed every 14 min has been conducted for 12
consecutive days. Although this experiment is not relevant to all applications in
autonomous robotics, this fits well into the work on sensor networks, where the search
for autonomy (and saving) is critical for their development.

We shall see further collective solutions to the problem of energy management.

1. Ecole polytechnique fédérale de Lausanne, Switzerland.
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14.2.5. Miniaturization

A major shortcoming of robots trying to imitate insects remains their size. Some
works in micro-robotics have begun to develop miniature robots on an insect scale.
The example of the Alice robot [CAP 03], developed at EPFL in Lausanne, is fairly
representative, as this robot of 2 cm × 2 cm × 2 cm, even a little larger than an insect,
is located in the same scale of magnitude. Furthermore, it has the sensors and actuators
necessary for experiments in which decisions are taken in a decentralized way. This
robot is programable, has communication capabilities, and power autonomy of about
10 h. To our knowledge, at least 300 copies have been built. This robot has all the
characteristics useful for experiments in collective robotics inspired by insects, and we
will see some examples below. The Insbot robot, also developed at EPFL, has been
used, thanks to its size, in the Leurre project (see section 14.3.5.3 in this chapter).

Robots on atomic scale are also planned in the context of nanotechnologies (see,
for example, [DON 07, NEL 08]), but on these scales, mainly collective characteristics
of insects will be useful (see next section).

14.2.6. Control architectures

Different software architectures have been proposed to develop behaviors in
autonomous robotics. We are particularly interested in reactive systems, i.e. in which
a number of responses (for example, starting of engines) are activated by stimuli
(for example, obtained by sensors). Among these architectures, one of the best
known is the subsumption 2 architecture, developed by Brooks in the mid-1980s,
at Massachusetts Institute of Technology (MIT) [BRO 86]. Its approach is purely
reactive and therefore adapted to the world of insect-robots.

The task-oriented behaviors are represented as separate layers. Each layer works
concurrently and asynchronously on its own objectives. At the lowest level, each
behavior is represented by an extended finite state automaton (Figure 14.3). This
automaton encapsulates a processing function and stimuli or response signals may be
deleted or inhibited by other behaviors (i.e. other automata). An input entry is also
present and resets the behavior in its initial state. Each automaton performs an action
and is responsible for its own perceptions of the world. Finally, there is no global
memory, data bus, or common clock in this architecture. Through this organization,
there is no global representation of the environment or the sensors and each layer can
be assigned to a different calculation unit.

2. Subsumer (from the Latin sub, under, and sumere, take): think of something as included in a whole.
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Figure 14.3. Extended finite state automaton used in the subsumption architecture

Figure 14.4 shows a simple architecture with three layers: the lowest layer stops
the robot or avoids an obstacle detected by the infrared sensors of the robot, the
exploration layer allows the robot to move when there is no obstacle (i.e. when no
signal is given by the infrared sensors) and the last layer aims to make the robot change
its direction, when the two previous strategies can no longer make the robot emerge
from a crowded area.
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Figure 14.4. Architecture with three behavioral layers (let us recall that, in this diagram, the
letter R is used for reset and the letter D for deletion)
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Coordination is implemented in this type of architecture by a hierarchy of
priorities, in which the low layers do not take into consideration the upper layers. This
hierarchy enables us to design architecture incrementally, starting with developing
low-level modules. High-level abilities are then added without having to change the
already validated levels. Two mechanisms exist to implement the coordination of
behaviors:

– inhibition is used to prevent a signal from being transmitted to an automaton;
– deletion prevents the transmission of a signal between two automata and replaces

it with the deletion message.

This coordination mechanism has the following properties:
– the bandwidth necessary for communication between modules is low and there

is no acknowledgement procedure;
– the transmission of messages can be done through registers;
– the output of a layer is readable to the upper layers;
– inhibition limits transmissions;
– deletion replaces the message with a deletion message;
– the reset signal restores the initial state.

The environment is also somehow used as a communication medium: actions
performed by a behavior may induce changes in the environment, which will be
perceived by other behaviors.

The simplified diagram of Figure 14.5 relates to a robot programed to solve
the problem of picking up objects (foraging). The implemented behaviors are the
following:

– Wandering: move in a random direction for a while.
– Avoiding: obstacle avoidance,

- turn right if the obstacle is left,
- turn left if the obstacle is right,
- after three attempts, unload the transported object and turn,
- if obstacles are present on the left and on the right, turn at random and unload

the object.
– Pickup: orientate toward the attractor object, and approach it – if the robot is

sufficiently close (for example, the signal emitted by the object is high enough), then
pick up the object.

– Homing: orientate toward the base and move forward – if the robot is at the base,
then stop.

It can be pointed out that the robot performs only one action at once and that, if
it perceives the object searched for (Pickup), exploration (Wandering) is no longer
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Figure 14.5. Subsumption architecture for a robot picking up objects. The four behaviors used
are random movement (Wandering), obstacle avoidance (Avoiding), pickup of an object

(Pickup), and return to the nest (Homing)

performed. Moreover, when the object has been caught, the return to the base
(Homing) deletes the previous behavior, which allows the robot to return to the base
without being distracted by other objects, while avoiding obstacles (Avoiding) that
arise. This behavior selection is based on a pre-determined hierarchy, but other
systems have been proposed: action selection [MAE 89], voting systems, or data
fusion (often using neural networks).

Other architectures exist and differ from the subsumption architecture presented
here, for example, by the signal encoding used. For the subsumption architecture,
encoding is mostly discrete, whereas for Motor Schemas architecture, the output signal
encoding is similar to continuous vector fields [ARK 98]. Simplified versions exist
(for example, Colony Architecture).

Finally, many studies introduce artificial evolution mechanisms (known as
evolutionary robotics) to explore new control architectures or even new adaptations
to external constraints, but we will not give more details here, because this is not
specific to the inspiration source that are insects (see, for example, [FLO 08]).

14.3. Collective robotics

The second part of this introductory chapter of links between robots and insects
focuses on the interest of insects’ social life to design colonies of robots. We begin by
considering the expected benefits of such a crossing.
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14.3.1. Motivations for the collective option

Given a mission to fulfill, a priori distributed in space (for example, picking up
objects, searching for materials, monitoring, cleaning, etc.), we can imagine that a
colony of robots will present some advantages over a single robot. For example,
in terms of cost: building a group of robots or a single robot capable of the same
performance will be less costly in the case of the group, for two reasons. First, the
collective robots will be necessarily simpler than the single robot, because the same
individual performance is not expected. Then, having to produce a series also reduces
production costs.

A second advantage of implementing a collective robotics is that the distribution
of a colony of robots can adjust dynamically and automatically to the distribution in
space and time of the problem considered. For example, in a task of gathering objects,
the density in robots may follow easily, i.e. without centralized control, the density of
objects sought. Vice versa, a single robot, as efficient as possible, cannot be at several
locations simultaneously.

A third expected advantage is that a set of collective robots is more robust than
a single robot used for the same task. First, as we have mentioned, because of the
simplicity of a collective robot (compared with the single robot), and also because
the failure of one or more collective robots will, probably, only slow the progress of
the mission. In contrast, when the single robot breaks down, the mission fails.

However, a few unwanted effects or design difficulties may appear in a colony of
robots: in particular, with the aim to implement cooperation, communication (direct
or indirect) between robots is often required. This communication brings two types of
difficulties:

– interferences may appear and bias the messages, making the cooperation
between robots impossible;

– direct communication requires energy and it is a critical resource in mobile
robotics.

Another difficulty lies in the delicate boundary between cooperation and
competition. Indeed, the designer intentions do not always allow the emergence of the
global behavior expected. Let us consider, for example, robots responsible for building
a pile of sand. The individual behavioral rules that will lead to a single pile of sand,
built in cooperation, are not necessarily different from the rules that will lead to the
formation of several piles, built in a competition climate (i.e. with robots destroying
others’ work to meet their goal). The difference between the two global behaviors can
be due to an error in robot parameterization (for example, an error related to threshold
values).
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Finally, here are the features that we would expect from a colony of robots so that
we can speak of collective intelligence:

– lack of centralized control: each robot takes its own action decisions, according
to its perceptions;

– lack of global communication (only local interactions).

This second point has the advantage of being cheap from the viewpoint of energy
spent on communication. The amount of information to be treated by each robot is
thus limited. The major drawback is the need for displacement strategies avoiding to
lose robots in nature!

The remainder of this section presents examples of collective robotics systems
(also called swarm robotics). The design of autonomous robots requires a simulation
phase, but it is very difficult to take into account all physical parameters involved in the
displacement and perception of robots. Especially the influence of interference, noise,
and uncertainty phenomena is hardly measured. That is why the real experiments are
particularly important.

14.3.2. Collective movements

As the authors note in [GAR 05], to make the cooperation between robots feasible,
robots must be able to gather at times. In this work, the authors used the cockroach
behavior to implement simple behavioral rules in a colony of ten robots Alice. These
rules are simple, because the cockroach behavior could be summarized by action
probabilities depending on its state (for example, the probability of following a wall is
constant and the probability of standing still increases with the number of cockroaches,
which are perceived, etc.). This allowed us to reproduce the aggregation dynamics
of cockroaches, under shelters (cockroaches dislike light). In particular, when two
shelters of different sizes are available to the robots, the group of robots preferably
“chooses” the shelter of sufficient size for the whole group. Interest in robotics
is that this decision emerges from the group, without any robot deciding for the
others.

McLurkin [McL 95] began experiments in 1995 on the coordination of robot
movements (the initial purpose of the robots was to move autonomously in an area
contaminated by landmines, to destroy them). The robots built then had 2 motors
(2 for moving and 1 for the mandibles), 17 sensors (including 2 infrared sensors, 2
light sensors, collision and touch sensors for the mandible) and two infrared emitters
(omni-directional and of limited scope communications). Using the definition of sets
of stimulus–response pairs, a number of collective behaviors have been implemented:

– the cat and mouse game (tag game);
– the gathering and dispersal of the group;
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– the relay gathering;
– the tracking (at short and middle distance);
– the density measurement in robots (each robot counts the number of robots that

it perceives);
– the swarm moving (use of bounds, lower and upper, for density).

Finally, McLurkin [McL 08] completed his PhD in 2008. In particular, he was
interested in defining a metric to quantify the performance of communication and
synchronization algorithms developed for a colony of a 100 robots. He shows that
his work is inspired by real ants, notably by building a taxonomy of collective robots
based on criteria such as the group size, the communication scope, or the coordinate
system used by robots.

In the previous example, robots are linked to each other through the
communication system, but we shall see, in the section devoted to the SwarmBot
project, that the link between robots may also be physical, with robots capable of
clinging to each other.

In the following examples, in addition to the collective movement, a more
pragmatic goal is pursued (for example, soil washing and evaluating an area). It
is, therefore, primarily the robot’s capability of moving in a coordinated way that
is important here. Coordination may be direct or indirect (for example, using
pheromones).

14.3.2.1. Cleaning and monitoring

The objective is to design strategies to maximize space coverage by the colony of
robots. There are numerous examples of works in this category [CHO 01, GAB 01,
SVE 04, WAG 00]. This issue is often similar to finding the best strategy to cover all
vertices of a graph (each vertex representing an accessible area of the environment,
and arcs representing the possible paths from one area to another). It is also possible
to discretize the space to be explored in a grid form, in which each cell represents a
graph vertex with, at most, between four and eight neighbors. To monitor or to clean
the area is then equivalent to leaving a cell unvisited for the shortest time possible.

For example, in [SVE 04], Svennebring and Koenig explain the node counting
algorithm. Each cell is associated with an integer value, which represents the number
of visits by a robot (or by all robots, in case of a colony). From an individual
perspective, each robot chooses, among its neighboring cells, the one that received
the fewest visits (see Algorithm 14.1). This very simple strategy, which adapts to
the simultaneous work of multiple robots, ensures that all cells will be regularly
visited.



Collective and Mobile Robotics 307

Let us denote by S the set of graph nodes, and sstart ∈ S the start node. A(s) �= /0 is the
finite set of outgoing arcs from the node s ∈ S and succ(s,a) corresponds to the node
succeeding to the node s by taking the arc a. Two operators are introduced:

– given a finite set X , the expression “one of {X}” corresponds to one element of
X selected at random. Two successive calls to “one of X” may achieve a different
value of X ;

– the expression “argminx∈X{ f (x)}” outputs the elements of X which minimize
f (x), where f is a function defined on X and with values in N.
The steps are then given by the following algorithm (initially, values u(s) are set to 0,
for all s ∈ S):

1: s ← sstart
2: a ← one of{argmina∈A(s){u(succ(s,a))}}
3: u(s)← 1+u(s)
4: Take the arc a : s ← succ(s,a)
5: Go to step 2.

Algorithm 14.1: Node counting algorithm

We are well aware that this system of values associated with graph nodes is very
similar to the trail pheromones used by ants to attract their like. In the node counting
case, it is “just” the opposite: the higher the counting value in a node is, the less ants
will crowd to this node.

We have seen that the olfaction use has begun to appear in mobile robotics.
In collective robotics, the use of fragrant substances, and especially diffusion
mechanisms, was also studied (see Digital Hormone Model [SHE 04]).

14.3.2.2. Exploring the environment

The difficulties of moving over a rough terrain are, inherently, hardly predictable.
Although we have seen, in the section on autonomous robotics, proposals of bio-
inspired robots allowing original movements, such as jumps, the collective work may
also provide answers to particular difficulties. For example, in [MUM 04], the authors
studied the coordination of robots aimed to explore crevices (for example, to explore a
planet with undulating relief). They involve robots staying on the edge of the crevice
and directing a third robot through cables.

The ability of certain ants to build complex structures (chains and clusters), by
clinging to each other, has also allowed us to devise responses to crossing problems.
The most successful example is probably the SwarmBot project, where robots are
equipped with pliers and are capable of forming chains allowing the crossing of holes.
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14.3.3. Picking up and gathering objects

Collection of food is an operation outside the nest, thus easily observable, and
collective in social insects. This probably explains that, in collective robotics, robots
have been tested on this type of task, from the beginning.

In a simulation work, Goss and Deneubourg [GOS 91] studied the pickup of
objects by a group of robots. The objective was to pick up objects scattered on a square
area and bring them back to the central point (for example, ore in an environment
hostile to humans). Thus, robots must navigate in an unknown space, without any
card, any visual recognition, and any landmark. Three robot models are proposed:

– The “basic robot”: does not interact with the other robots, can avoid obstacles,
searches for objects at random, and its detection distance of objects is reduced (an
object is detected only when the robot is placed on the same cell). The transport
capacity of the robot is limited to only one object. The robot always receives the
signal from the nest over the search space, which means that its return to the nest is
direct. The return to the nest occurs when the robot has found an object or when it has
abandoned its search. On returning to the nest, the robot deposits its object and starts
again in a random direction, but at the same distance from the nest that of its previous
instance. Finally, search space limits are considered to be obstacles.

– The “robot with memory”: the basic robot, to which storage capacity of its latest
discovery’s site is added.

– The “chain-making” robot: illustrates the case of a nest signal too low to cover
the whole exploration area. This robot takes again the characteristics of the basic robot
with a signal of limited scope, a random search strategy (random move), the ability
of estimating the distance from the signal source. When a robot has reached the limit
of its perception of a signal, it looks for another signal to capture. If a new emission
point has been found, the robot continues its local exploration. Otherwise it becomes
an emitter, with an identifying number increased by one unit compared with the one it
has received. Figure 14.6 illustrates the functioning of the latter class of robots.

The exploration area is uniformly randomly littered with objects, and the robots
are launched in simulation. The results of these simulations are the following:

– The average number of steps for a discovery gives the advantage to robots with
memory, especially in small teams (10 robots) compared with larger teams (50 or 200
robots).

– The next rank is for the chain-making robots with large populations. When
obstacles are placed, only chain-making robots can capture 75% of the objects and
they are slightly less effective than in the absence of obstacles.
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Figure 14.6. Robots making a chain: (a) the robots are all in the perception area of the nest
signal, (b) a chain was formed and only the robot R4 is mobile and explores behind the obstacle,
searching for an object. If it finds one object, it has only to return to the nest, while following
the fixed robots used as tags, according to their descending order

To go beyond the simulation of robots, we mention the work of Krieger and Billeter
[KRI 99], where the issue is similar, because it is the pickup of objects (here the pickup
of seeds), representing an energy resource for the colony of robots. To show the self-
organization of a group of robots when sharing tasks of pickup of seeds, to keep for the
nest a sufficient energy level, Khepera robots have been used. The robot behavior is
dictated by response thresholds that determine the robot action choices (outgoing from
the nest, finding a seed, etc.). The experiments showed the population size influence
on the group’s ability of surviving and the self-adaptation capacity of the group to
robot failures.

Communication, as we have seen, may be a crucial point of the robot strategy. We
have seen previously in [GOS 91] (in the case of chain-making robots) that the scope
of emissions can be taken into account in the collective strategy. As we mentioned in
the introduction to this section, communication between robots can quickly turn into
a problem, because of interferences that a large population of robots may produce.
An interesting example of inter-robots communication is based on the ability of
ants to exchange food by making trophallaxis (exchanges of nutrient fluids from
mouth to mouth). Thus, Schmickl and Crailsheim [SCH 08] studied the possibility
of introducing a communication imitating trophallaxis between robots within a swarm
of robots.

The formation of ring structures is also a special case of the gathering of objects.
As we have seen in the previous chapter in a classification perspective, certain species
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of ants are capable of spatially organizing the elements of their brood (eggs, larvae,
etc.) in concentric structures, depending on the developmental stage of each brood
element. This collective achievement is not obvious to reproduce, because the objects
must be sorted, but the general form obtained must also be sufficiently compact. This
behavior is certainly based on ant perception capabilities related to the size of objects
around them, but it is not enough to prevent the structure built from being distended.
Wilson et al. [WIL 04] have studied through simulation and robotic experiments these
various options, based on Leptothorax ant behavior.

Many works dealing with the collective gathering of objects are available (for
example [AGA 04, MAR 99, MEL 98, MEL 99]).

14.3.4. Collective transport

Insects are capable of cooperating to perform actions that they would not be able
to perform individually. For example, when some ants have discovered a large size
prey, they are capable of joining forces to bring it back to the nest. The reproduction
of such behaviors in mobile robotics is also interesting: when a heavy task occurs
sporadically, it is not required to envisage a particular robot only for this task, it is
sufficient to equip robots not sufficiently powerful with abilities to join their forces in
a timely manner. For example, Kube and Bonabeau [KUB 00] were inspired by ants to
design robots collectively capable of pushing a box too heavy for one of them. Robots
react with the contact of the box and check that their action induces a change (the box
has moved). Robots do not need to communicate directly between each other: it is
the setting, in the motion of the box, which creates an encouragement message for the
robots in contact with it.

14.3.5. Other applications in collective robotics

In [SPE 04], the authors addressed the issue of developing collective structures
(for example, a hexagonal network of robots). Indeed, predicting the emergence of
stable spatio-temporal structures is a subject under study in collective intelligence,
which has potential applications in collective mobile robotics. The single autonomous
robot could find multiple examples of self-adaptation to an uncertain and dynamic
environment in insects. This is also true when solving a problem requires a collective
strategy.

14.3.5.1. Reconfigurable systems

Pamecha and Chirikjian [PAM 96] from the University of Baltimore have studied
metamorphic robotic systems, which consist of a collection of modules controlled
independently of each other and which have the ability of connecting, disconnecting,
and moving on each other. A metamorphic system has the power of self-reconfiguring
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dynamically. A metamorphic system can therefore be identified as a colony of
robots connected with each other, thus forming a robotic entity. Among the
characteristics of the latter, we point out the interest of allowing obstacle avoidance
in highly constrained environments, of building structures such as bridges, in case
of emergency, or of wrapping objects in inhospitable environments, for example, to
retrieve satellites in space.

A metamorphic system must have the following characteristics:
– All modules must have the same structure and be autonomous, in terms of

computation and communication facilities.
– The symmetries of modules’ mechanical structures should allow us to fill the

plan or a spatial region with a minimum empty space.
– Modules must have enough degrees of freedom to enable them to move on each

other without external assistance.
– Modules must have (electromechanical or electromagnetic) connectors allowing

them to aggregate.

The analogy with insects is still present, in this case, with the ability of some ants
to form clusters, allowing them to host the queen and the brood on the occasion of
bivouacs (processionary ants). Other ants are capable of assembling to form chains
with their bodies and bring together the edges of a leaf (weaver ants). This same
analogy can be observed in bees, when forming a swarm.

The transition from one configuration to another must be done by distributed
algorithms on the system. For example, in [WAL 04], the authors studied such
distributed reconfiguration in the case of a planar metamorphic system composed of
hexagonal robots.

14.3.5.2. Making chains

As we have seen earlier for exploration and the pickup of objects, robots may have
an interest in assembling in the form of chains. It is a behavior found in weaver ants
when building their nest. This opportunity of forming a network was studied with the
SwarmBot robots, which are equipped with a pliers and a belt that can be seized by
another robot. Robots forming a chain can thus overcome obstacles (especially holes)
exceeding their own dimensions.

For example, Nouyan and Dorigo studied in [NOU 06] the ability of a group of
robots to build a chain connecting two distant objects. The two objects cannot be
viewed simultaneously by a robot. The robot behavior is designed such that rectilinear
forms are built for the chain (to avoid loops). In addition, a color code allows the robot
to know the free end of the chain. The authors conclude, through the simulation of
robots in the SwarmBot project, that the optimal parameters for controlling robots
depend on their number and on the distance between the two objects.
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14.3.5.3. Interaction robots/insects

Miniaturization and autonomy of robots have allowed us to run experiments on the
interaction between robots and insects: it is the ambition of the Leurre project (2002–
2005) [CAP 04]. This project was an opportunity to show that it was possible to
influence the process of collective decision in a group of cockroaches by introducing
robots (Insbots, developed at EPFL) in to the group. The robot is accepted in the
group, thanks to chemical camouflage allowing it to impersonate a mate. A long-
term goal of such a work would be to control, direct, or follow animal populations
by introducing robotic individuals accepted by the group and inducing an acceptable
behavior by the group.

14.3.5.4. Collective management of energy

We have already seen an example of inter-robots communication based on
trophallaxis behavior, met in ants. Melhuish and Kubo [MEL 07] have proposed to
adapt this mechanism for energy exchange between robots: in the context of cleaning
a surface by a colony of robots, robots must manage their own energy level and are
capable of obtaining energy or distributing it to their congeners. The study concludes
that such a strategy allows us to increase the performance related to cleaning and
survival of robots.

14.3.6. Some international projects

We conclude this chapter by presenting a few major projects aimed at advancing
knowledge and control of collective robotic systems.

14.3.6.1. The SwarmBot project

The SwarmBot project was funded from 2001 to 2005 by the European
Community. It continued with the Swarmanoid project. The objective of this project
was to study and develop a metamorphic robotic system by using knowledge from
the collective intelligence (swarm intelligence), particularly of insects [DOR 04].
Autonomous robots have been designed to interact, by communicating through light
effects and by clinging to each other. The experiments have focused on the group
navigation (notably including the crossing of obstacles by clinging), the environment
exploration, and the collection of objects [MON 04].

14.3.6.2. The I-Swarm project

The project I-Swarm (intelligent small world autonomous robots for micro-
manipulation) (2004–2008) involved about ten European partners and aimed to
gather skills in micro-robotics, in adaptive distributed systems and in self-organized
biological systems, to mass produce micro-robots with heterogeneous capabilities. For
example, in [SZY 06], the authors studied the possibility, for Jasmine micro-robots
with quite reduced dimensions and capacities, to form a chain of minimum length.
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14.4. Conclusion

Autonomous robotics has benefited from recent material developments, notably
of computers and sensors, and has put mobile robotics at the disposal of a wide
community. As we have seen in section 14.2, insects allow us to imagine innovative
and robust architectures of autonomous robots. In addition, thanks to the sensors
mentioned earlier, such architectures are feasible on real robots, not only in simulated
virtual environments. Vice versa, sensors can be improved by observing insects. For
example, in [KRA 04], Krause and Dürr, from the University of Bielefeld in Germany,
have studied the antenna movements of stick insects. Using a simplified antenna
model with two joints, the authors have shown that the exploration strategy can be
adapted to the type of environment explored by the insect. This work will be exploited
to design sensors dedicated to specific tasks of environment exploration. We have not
emphasized this aspect in this chapter, but it can be pointed out that the study of insects
may also take advantage of models developed in robotics [SHA 06].

In terms of applications for the general public, there is a real development of
robotics for household chores (household robots), especially for autonomous vacuum
cleaners [PRA 08] (Figure 14.7). Some of these robots resume behaviors inspired by
insects in general or ants in particular.

(a) (b)

Figure 14.7. Vacuum cleaner robots: Trilobite from Electrolux (a) and
RC3000 from Kärcher (b)
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Chapter 15

Artificial Insects: Design and Achievement of
a Popular Science Exhibition Aimed to

Promote Collective Artificial Intelligence and
Bio-Inspired Robotics

From October 2005 to August 2006, the Museum of Natural History of the French
city of Tours (France) presented a temporary exhibition designed by the researchers
of the Handicap et nouvelles technologies (HaNT, in English “Disability and new
technologies”) team of the laboratory in computer science (LI) of the University of
Tours. This chapter presents the “Artificial insects” exhibition, whose objective was
to show to a wide audience (schoolchildren, families, etc.) the recent developments
in computer science and robotics, based on the collective or individual abilities of
insects, in general, and ants particularly (see Figure 15.1). The purpose was not
only to popularize the research conducted in this field, especially within the LI,
but also to encourage young visitors to specialize in scientific studies. Indeed, the
achievement of most of the modules was entrusted to engineering students of the
Computer Department of Polytech’Tours, in the framework of mini-projects and
graduation projects.

Chapter written by Nicolas MONMARCHÉ, Arnaud PURET, Pierre GAUCHER, Mohamed
SLIMANE, Pierre LEBOCEY, Julie FORTUNE, Cyrille FAUCHEUX and Didier LASTU.
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Figure 15.1. Poster of the exhibition (artwork: Alexandre Saint-Pol). Originally scheduled
until May 7, 2006, the exhibition was extended until August 20, 2006

15.1. Introduction

For several years now, the fascinating world of insects has inspired informaticians
and roboticians in their research. The “Artificial insects” exhibition proposes to
visit this amazing world, populated by virtual ants and autonomous robots, whose
capabilities can innovatively solve problems in robotics, automatic data classification,
optimization, etc. By using computer simulations and interactive devices designed by
researchers from the laboratory in computer science (LI) of the University of Tours, it
is possible to understand these new concepts, to manipulate, and to see these strange
and exciting creatures evolving.

This exhibition project arose from a meeting between the director of the Museum
of Natural History, Lastu, and the members of the HaNT 1 team, who are teacher-
researchers from the LI laboratory and the Computer Department of Polytech’Tours.
Work on artificial insects have indeed started in 1997 in the LI, under the doctoral
work of Monmarché [MON 00]. Since then, artificial ants have been the subject of

1. www.hant.li.univ-tours.fr.
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many applications (as is testified by this book), studies, or projects and their use has
been constantly developed in various computer science fields.

From the viewpoint of the LI researchers, the objective of this exhibition was to
popularize their work, to communicate the fascination exerted on them by the life
modelings and for solving problems in the broad sense (i.e. from the robotics to the
arts). For the teacher in computer science, the purpose was to show that studies
in computer science may lead to unexpected considerations. Moreover, innovation
most often requires a fruitful interdisciplinarity, here with biology, ethology, or even
sociobiology. Finally, for the museum, the goal was to consider the future, to show
that natural history may lead to original applications.

The organization of this chapter follows the path that was devised for the
exhibition. We will therefore describe the different workshops, simulations, or
demonstrations that were designed for the public, in the order that appeared then to us
as progressive and didactic.

15.2. Description of the exhibition

The exhibition was installed in the temporary exhibition hall, covering
approximately a 200 m2 area of the Natural History Museum of Tours. It was
organized as a path, little imposed, but whose abstraction level was increasing
(see the comprehensive map in Figure 15.2). The first demonstrations were based
on reproducing an individual ability of insects (e.g. moving in their environment),
whereas the aspects related to collective intelligence were addressed later. Each
workshop (or module) was focused on an issue or particular topic and highlighted
a concept. As often as possible, two approaches were proposed:

– The first approach focused on autonomous robotics and presented the animation
of one or more robots, with possible interactions within a fun context.

– The second approach was based on a computer simulation and presented,
through a computer, different simulation possibilities.

Each module is explained to the visitor through large panels, containing
explanations and pictures (see Figure 15.3 for the two first panels).

15.3. Description of modules

15.3.1. Module no. 1: following pheromone trails

Ants frequently use pheromones to locate themselves in their environment, for
example, to find their nest again. These chemical and volatile substances allow them
to consider strategies of minimum displacement (i.e. consuming only very little energy
for communication or computation).
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Figure 15.2. Comprehensive map of the exhibition area

15.3.1.1. Pheromone following by a Lego-robot

The aim is to show that by using consumer equipment (Lego MindStorm), we can
provide a robot with a behavior that resembles the movement of insects following
pheromone trails. The robot moves autonomously in a protected enclosure (see
Figure 15.4) and follows the white lines present on the ground. The white lines
are the visual representation of pheromones. This robot only illustrates the ability
to use the information present on the ground. It is indeed unable itself to deposit some
information. However, the robustness of the robot strategy (straight forward, when it
detects the white color, and turn on itself, when it detects another color, namely green)
can be tested by the visitor: the playground of the robot reproduces the features of the
maze game (see Figure 15.5), where wood pieces can be laterally inserted to change
a line or column (see Figure 15.6). It is the only way interacting with the robot,
i.e. indirectly, through the terrain configuration. It can be noted that some details had
to be adjusted, about the drawing of the white trail: for the T-shaped crosses (see
Figure 15.6), a small notch facing the perpendicular direction was made, to allow
the robot to bifurcate (otherwise, the robot has a very low probability of changing
direction and goes straight, as long as it is on the white color, and therefore it does not
“find” the perpendicular roads).

15.3.1.1.1. Description of the robot
This module is an invitation to robotics. We thus wanted to show simple principles

using simple tools. That is why we chose the Lego-robot, which can be easily handled
by children and which allows us to quickly create an autonomous system, relatively
efficient 2 and inexpensive – for an autonomous robot (280e).

2. The detailed construction manual can be downloaded from the web site that was designed to offer to the
visitors some additional information: http://www.hant.li.univ-tours.fr/museum/.
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Figure 15.3. Introduction panel of the exhibition (a) and
presentation panel of the first module (b)
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Figure 15.4. Following a line by a Lego-robot: plan of the furniture

(a) (b)

Figure 15.5. Following a line by a Lego-robot: set of plates fixed to the support (a), by adding
the movable plates that can slide, we get the environment on which the robot moves (b)

We are given as a constraint to build this line following ant-robot from a single box
of Mindstorm Lego. This induces that the robot is equipped with a single light sensor
to detect the white trail (Figure 15.7). The greatest drawback of this robot relates to
energy management: the changing of the batteries (once a day) must be made in less
than 1 min, otherwise the control software had to be reinstalled (we therefore had to
train the museum staff for that operation).

We chose to model the pheromones through a white line to allow the public to
perceive the pheromones. However, we know that some roboticians have developed
a navigation system based on camphor: the robot is equipped with a vacuum pump
and sensors to detect the trail [RUS 94]. However, this is perfectly unrealizable
with a Mindstorm Lego box. We must however note that the robot version finally
presented in Figure 15.8 is not that with which we started the exhibition (the latter
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Figure 15.6. Following a line by a Lego-robot: example of a plate to be handled

Figure 15.7. Lego-robot in its maze

can be seen in Figure 15.7, note the use of caterpillars). Indeed, the exhibition having
lasted 9 months, we had to correct some features of the initial design, which caused a
premature wear of the robot pinions (we remember that the robot might have to work
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8 h a day). However, although it remains a toy, we were surprised at the reliability and
the longevity of the construction.

Figure 15.8. Lego-robot (enhanced version)

15.3.1.1.2. The maze game

One of the objectives of interacting with the visitor through this game was to
sensitize him to the difference in complexity depending on the observation level: the
maze game (from a global viewpoint) is not obvious, at first glance. Indeed, when we
wish to change the course, it is not easy to decide which pieces must be introduced,
and the impact on the entire line or column complicates the anticipation. On the other
hand, the robot, for its part, is not at all disturbed by this complexity: it follows its
simple strategy (follow the white color and turn on the green), without any particular
purpose, but with obstinacy, thus leaving the observer feeling that the robot “attempts”
a more complex strategy (move in a maze). This duality of the insect-robot, rough but
patient, and even obstinate, will be resumed in the next module.

15.3.1.2. Following digital pheromone

Although the Lego-robot environment is variable, it does not undergo the
pheromone evaporation, as can be seen in nature. To show the impact of this
evaporation on the movement of a set of ants, we have proposed a simulation of ants
moving on a touchscreen. The visitor can play the role of a leader ant, by drawing
with his finger, a pheromone trail, or leave one of the ants deposit a trail. During
operation, it is possible to modify some important parameters, such as the number and
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velocity of ants present on the screen, as well as the pheromone evaporation rate (see
Figure 15.9).

Figure 15.9. Screenshot of the simulation of ants following pheromones

This device was a great success, especially with young children, who diverted the
experience in an unexpected way, by transforming the interface into a rather special
communication tool with artificial ants (“ants read what I wrote!”).

15.3.2. Module no. 2: finding its way back to the nest

The purpose of this workshop is to demonstrate that we can draw inspiration
from insect navigation abilities to design robots capable of moving in a variable
and uncertain environment. Being inspired by insects is expressed, in this case, by
a voluntarily simple behavior, apparently ineffective, but finally robust.

To illustrate this idea, we retained the daily concern of many insects: to find food
and bring it back to their nest. The robot that we selected for this exhibit, the Boe-
Bot (manufactured by the Parallax company, 3 see Figure 15.10), implements simple
behaviors, related to the instant knowledge it has from its environment, through its
sensors. It is located in a reconfigurable maze, or more precisely in an environment

3. www.parallax.com the Boe-Bot robot is sold as a platform for robot experimentation from the age of 14.
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Figure 15.10. The Boe-Bot robot (Parallax, Inc.)

including obstacles (Figure 15.11) and attempts to reach a particular location (which
represents the nest for an ant). Unlike the Lego-robot, which shows how the ground
information (pheromones) is used to make it move, the Boe-Bot robot does not
have this information, but can nevertheless perform a more elaborated action. To
compensate for the lack of information, the Boe-Bot robot is equipped with directional
information, similar to many insects that can orientate themselves by using the
polarized light.

15.3.2.1. Describing the robot

The robot must make round trips in its maze, between two ends representing the
nest and the food area, respectively. The robot must fetch its food (represented by a
ball) and bring it back to the nest.

To equip the robot with the required abilities for the achievement of its mission,
the basic kit should be completed with a few options:

– A compass: by using this device, the robot can more or less know either the nest
direction or the food source direction. This allows it to mimic many insects, which
can, through their perception of polarized light, have directional information, in an
environment rather deprived of visual cues (e.g. in the desert, with Cataglyphis cursor
ants, which store a vector giving them the direction to reach their nest [SCH 99]).

– Pliers: this module allows the robot to pick up food and carry it to the nest. These
pliers are rather sophisticated (sensors allow the robot to determine whether an object
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(a) (b)

(c)

Figure 15.11. Design plans of the furniture for the Boe-Bot robot: (a) environment for the
movements, (b) section of a plot used for the wall placement, and (c) partial view of the final

outcome

is present or not). We have added, on each of the two jaws of the pliers, an antenna, to
enable the robot to handle the obstacles in a tactile way (Figure 15.12).

The cost of the entire robot is 720e including the robot, the pliers, and the
compass.
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Figure 15.12. The obstacle detection device using the antennae of the Boe-Bot robot (here,
only the right antenna is shown)

The Boe-Bot has an electronic board, on which circuits can be added easily. We
added a brightness sensor to detect the different areas traced on the ground (the nest,
the feeding area, and the rest of the ground).

15.3.2.2. Programing

The robot is programed by following the subsumption architecture principles
[BRO 86] (see Chapter 14 for a short description of this architecture). We modeled
the robot behavior in three layers. The lower priority layer relates to the compass
management: if no information is blocking the robot, it follows the guidance of its
compass. The second layer is triggered by the perception of an obstacle and consists
of the local exploration of the maze. Finally, the upper level layer (thus having the
highest priority) is activated when the robot passes through a particular area (food
source or nest). At this time, the Boe-Bot launches a series of appropriate actions
(picking up the ball or releasing it). Therefore, the robot has no memory and does not
build any chart of its environment (anyway, its memory is too reduced for allowing
such a task to be achieved).

15.3.2.3. Operating scenario

The robot activity can be summarized as making round trips between the nest and
the food source. Although its environment was designed to be easily reconfigured,
this possibility was little used in practice: indeed, the configuration in Figure 15.11a
is suitable to explain all the interesting scenarios.

To involve the visitors in the exhibit, filling the food area was entrusted to the
public: the ball must be lodged in a pipe that positions it accurately in the food area.
This way, the robot can pick up the ball, without having to look for it (its behavior in
this area must simply be carefully calibrated). When the robot has picked up the ball,
it relies on the nest direction to grope its way within its environment. When it has hit
an obstacle, it moves back and tries a direction at random, moving on a distance also
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determined at random (if it does not meet an obstacle again). Thus, it may directly
find, only by chance, the best way to reach the nest, as it may spend much time in a
“cul-de-sac” area. However, even in a cul-de-sac, it may statistically escape from it.

When the robot has managed to bring back its food-ball to its nest, it drops it into
a receptacle accessible to the visitor (see Figure 15.13). The latter is then in charge
of catching the ball, going around the furniture, and depositing the ball in the feeding
area.

Figure 15.13. The Boe-Bot robot with its ball in the nest area

Visitors could observe the behaviors of the robot facing its difficulties and, for
instance, notice that the robot has no learning ability: it can spend more or less time
completing its task, depending on its “chance” (sometimes quickly succeeding on the
way there, but losing a lot of time on the way back). Frequently, visitors, tired of
observing such an inefficient robot, left for visiting another workshop. Then, coming
back moments later, they realized that the robot was finally successful (we can often
experience the same feeling when watching ants “work”!). The public can thus perceive
that there are other ways of solving a problem than trying to reproduce a complex
reasoning. Thanks to the random nature of its decisions, an insect-robot can achieve its
goals, as its patience is only limited by the autonomy of its batteries. This module thus
offers another way to consider robotics by drawing inspiration from insects.
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From a software perspective, adjusting the robot behavior in the special areas
was difficult (this feature of the behavior was not related to insects). Finally, from
a hardware perspective, the most delicate item of this robot was the antennae that
we added (piano wires). Indeed, these were frequently used and had to be regularly
changed.

15.3.3. Module no. 3: collective robotics (teamwork)

The aim of this workshop is to show the importance of insect collective behaviors
at solving problems that may arise in robotics. We have, on this occasion, designed
and built a mobile robot: the Artificial Ant roBot (ArABot). The goal was to obtain
a programable robot, easily duplicable, and at a cost not exceeding 80e per robot. In
this case, we have built 12 robots.

15.3.3.1. Description of the robot

The specifications retained for this vehicle are summarized below:
– an autonomous vehicle;
– simple and compact mechanics;
– programing abilities;
– a software environment of free programing, free of charge;
– an electronic device simple to implement;
– a cost of approximately 80e.

From these constraints, we manufactured several prototypes to achieve a version
stable enough to be duplicated. From a functional point of view (see Figure 15.14),
the ArABot consists of two servomotors actuating two driving wheels. A third wheel,
rearward, is used to balance the robot and to detect its actual movement (a sort of
primitive odometry). Two contact sensors are arranged forward and are used to detect
obstacles (using a mustache acting as a bumper). A third sensor, rearward, can also
detect obstacles, but it was diverted from its original objective to measure the rear
wheel activity (see Figure 15.15b).

The ArABot experiment led to the writing of a detailed and didactic guide dealing
with the construction and programing of the ArABot [GAU 10]. It can be added that
manufacturing the robot does not require any sophisticated equipment (basic tools,
components available in general public stores, etc.).

15.3.3.2. A colony of ArABots

With the 12 robots constructed (see Figure 15.16), the purpose was to show the
interest of the collective work. As the robots are very simple, the individual tasks
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Figure 15.14. Mechanical plan of the ArABot

Figure 15.15. General view of the ArABot (a) and detail of the rear wheel (b)

assigned to them are also very simple: each robot pushes the objects that it meets
(namely, wooden cubes or other robots) as long as it can. If its efforts do not result in
any movement for its part (it somehow feels to stand still), it reverses and leaves in a
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Figure 15.16. Collection of ArABots

direction chosen at random. The robot is not able to make the distinction between a
wall and a set of objects too heavy for it, therefore, in both cases, it is discouraged and
sets off in another direction.

From a global perspective, the agglomerating of cubes on the perimeter of their
game area can be quickly observed: although robots do not directly communicate
with each other, they communicate through the changes they made on their shared
environment (see Figure 15.17).

It can be pointed out that a particular robot was developed to prevent the pusher
robots from having nothing to push after a few minutes. On the same robot basis,
this particular robot spends its time in moving around the enclosure (which had to be
“rounded” on the corners), while pushing the cubes away from the side (similarly to a
snowplow). This robot, although it is not actually involved into the collective exhibit,
was particularly delicate to function (for instance, its inertia had to be increased to
enable it to push higher numbers of cubes).

This exhibit of collective robotics has illustrated the possibility of creating simpler
and less expensive robots than a single robot performing the same job. In addition,
in case of failure, a collective system will most likely remain operational (the visitors
could regularly observe that a robot out of order did not endanger other robots’ action).
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Figure 15.17. Example of five moving ArABots

The transition quickness from a disordered state (the cubes are scattered) to
an organized state (the cubes are gathered on the arena periphery) often grew the
fascination among visitors. We had the same feeling when observing an ant colony
busy arranging its brood: each ant, in case it is observed individually, does not seem
to make very efficient choices. However, from a global perspective, the parallel
processing of the task appears quite clearly as efficient.

Children were particularly captivated by this workshop and quickly imputed to the
robots many more intentions than those we had programed: they gave them life, thus
rewarding our efforts to develop this artificial ecosystem (Figures 15.18 and 15.19)!

15.3.3.3. Simulations of collective behaviors

Two simulations of collective robotics were also presented on computer terminals:
– The first one is a simplification of the ArABots. We want to show here that

robotics also requires a simulation phase to check algorithms, before implementing
them into the robots. Not only the simulation benefits (velocity, reliability, and
reproducibility) are visible, but also the limits (space discretization, etc.) of the
underlying model too (see Figure 15.20a and b).

– The second simulation models robots that can imitate some ants (namely the
weaver ants of the Oecophylla type): grouping plates (leaves for real ants) to build
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Figure 15.18. Overview of the arena built for the colony of ArABots

a structure (their nest). They form chains, through clinging to each other, and try to
catch another chain from another plate, to pull the two plates toward each other (see
Figure 15.20c and d).

The purpose of these simulations is to show that the simultaneous work of several
robots can achieve more effective results than using a more vulnerable and, most
likely, more expensive single robot. Although the first simulation is close to reality,
because of its similarity with the ArABots, the second one implements robots that will
be much more complicated to build, from a mechanical point of view (because of their
capability of clinging to each other to form chains).

15.3.4. Module no. 4: solving combinatorial problems

This module presents, in a simplified way, the possibility of mimicking mass
recruitment mechanisms that may be encountered in ants to solve combinatorial
optimization problems. The traveling salesman example is detailed in it. A second
panel shows the transcription of brood aggregation mechanisms in ants for solving
unsupervised classification problems (see Figures 15.21 and 15.22). The objective
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Figure 15.19. Terminal for the presentation of simulations

of this module was therefore to sensitize visitors to the research works presented in
Chapters 2, 3, and 13 of this book (we will therefore not detail the approach of this
module anymore here).

15.3.5. Module no. 5: ant collective intelligence for the artistic design

The last module of the exhibition proposes an original use of ant collective
intelligence: the generation of abstract paintings [AUP 03] and the generation of
music [GUÉ 04]. In both cases, the pheromone paradigm is implemented:

– Painting by artificial ants: ants move on a canvas and deposit colored
pheromones. The different ant features produce abstract paintings in perpetual
evolution.
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(a) (b)

(c) (d)
Figure 15.20. Example of collective simulation: similar behavior to that of the ArABots,

initially (a) and after a certain number of iterations (b); similar behavior to that
of the weaver ants (c, d)

– Music by artificial ants: ants move between the notes and build a melody
by depositing pheromones between the notes that they encounter, thus designing
repetitive and endless melodies.

These two applications were set up to play in live throughout the day; this module
constituting a relaxation place (video projection of the painting is under construction
and streaming music). In addition to the video display, prints were exhibited and a
catalog was produced. 4 The purpose of this module was to get the spectator surprised,
and to bring his mind into a different field than other modules of the exhibition. It was
also a way to express our conviction that the collusion between arts and sciences is
quite fruitful.

4. http://www.lulu.com/content/755739.
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We refer the readers to Chapter 19 for more details on the developments about this
topic (see also [MON 07]).

Figure 15.21. Overview of the exhibition

15.4. Conclusion

In this chapter, we have tried to share this adventure caused by the design, the
achievement, and the follow-up of the popular science exhibition on artificial insects.
The intellectual approach was rather unusual compared to our scientific activity: we
started from nothing, from a white sheet (or rather from 200 m2 to fill), and without
any other devices. Moreover, our main objective was to make the public aware
regarding this collusion; It was surprising as well as exciting to note a similarity
between the living world and the technological world. Usually, we started from a
particular problem to solve or from a problem-solving technique that we studied in
detail. We quickly realized that we have to invent problems and to show how to
solve them through artificial insects. Of course, we experimented with these solving
approaches, but the desire of attracting the public has quickly driven us to autonomous
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Figure 15.22. Panels explaining the solving of classification problems by artificial ants (a) and
combinatorial optimization (b)
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robotics, a field in which our experience was more limited than in computer science.
Thus, our teaching experience was also harnessed: we have somehow designed a
course with its self-service practical exercises. In terms of teaching, the aim to reach
a wide audience was met (see Table 15.1), as more than 10,000 people have visited
the exhibition, among which 4,000 were schoolchildren. It represents an average, but
respectable, number compared with the usual attendance of the museum.

Month Total Including schoolchildren
Oct. 2005 1,590 249
Nov. 2005 1,127 520
Dec. 2005 755 333
Jan. 2006 1,309 914
Feb. 2006 1,115 263
Mar. 2006 836 538
Apr. 2006 675 226
May 2006 1,185 368
Jun 2006 567 420
Jul. 2006 424 130

Aug. 2006 477 63
Total 10,060 4,024

Table 15.1. Attendance statistics of the exhibition

As shown in the poster (Figure 15.1, earlier in this chapter), the majority of the
examples were drawn from ants. Nevertheless, it can be noted that the neophyte
visitors expected to find ant-shaped robots in the exhibition. Sometimes these visitors
were initially disappointed, because the robots did not look, at least physically, similar
to insects. When they later realized that we were more interested in the behavioral
features of the insects (although the panels displayed achievements that looked similar
to insects), they left the venue enriched by this experience. This highlights the main
criticism that can be made about our work: without the help of a guide or a facilitator,
the isolated visitor was very likely to miss the message that we had concocted for
him. We have made a number of guided tours, ranging from the elementary schools to
masters in research, through a group of young autistic people, and the exhibition was
well received each time. The environment that was offered to us by the museum was
particularly appreciable, notably suitable to build the furniture to accommodate the
robots, and also for the communication issues. However, it became obvious that, for
this type of exhibition designed to show the visitors the concepts that he had probably
never heard of, full time animation staff were required. This is clearly essential for the
museum. To correct this deficiency, a facilitator was temporarily hired for the last 2
months.

Besides the scientific (and teaching) aspect, this experience of almost two working
years (from the early design, in October 2004, to the closure of the exhibition,
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in August 2006) could mobilize and involve many people. For various projects,
engineering students (Post graduates with max of 5 years studying) could test ideas,
devices and improvements during the exhibition (the exhibition was sometimes
transformed into an R&D workshop for future engineers in computer science).

Simultaneously, we created a web site, 5 where a virtual tour, photos, and videos
of the exhibition and the robots can be found.

According to the duration of this project, and time spent on it (from the design to
the follow-up of the exhibition), we have published few papers via the usual scientific
channels (reference [LEB 06] is the only one). But we think that it is useful to write
about these kind of experiments in scientific literature too.

15.5. Bibliography

[AUP 03] AUPETIT S., BORDEAU V., MONMARCHÉ N., SLIMANE M., VENTURINI G.,
“Interactive evolution of ant paintings”, in IEEE Congress on Evolutionary Computation,
vol. 2, Canberra, Australia, IEEE Press, 8-12 December 2003, p. 1376-1383.

[BRO 86] BROOKS R., “A robot layered control system for a mobile robot”, IEEE Journal of
robotics and automation, vol. 2, no. 1, p. 14-23, 1986.

[GAU 10] GAUCHER P., PURET A., MONMARCHÉ N., SLIMANE M., Atelier de robotique,
Dunod, Paris, 2010.

[GUÉ 04] GUÉRET C., MONMARCHÉ N., SLIMANE M., “Ants can play music”, in Fourth
International Workshop on Ant Colony Optimization and Swarm Intelligence (ANTS 2004),
vol. 3172 of Lecture Notes in Computer Science, Université Libre de Brussels, Belgium,
Springer-Verlag, 5-8 September 2004, p. 310-317.

[LEB 06] LEBOCEY P., FORTUNE J., PURET A., MONMARCHÉ N., GAUCHER P., SLIMANE

M., LASTU D., “On the popularization of artificial insects: an interactive exhibition
for a wide audience to explain and demonstrate computer science and robotic problem
solving taking inspiration of insects”, in DORIGO M., GAMBARDELLA L., BIRATTARI

M., MARTINOLI A., POLI R., STÜTZLE T. (eds.), Ant Colony Optimization and Swarm
Intelligence, 5th International Workshop, ANTS 2006, vol. 4150 of Lecture Notes in
Computer Science, Brussels, Belgium, Springer-Verlag, 5-7 September 2006, p. 476-483, .

[MON 00] MONMARCHÉ N., Algorithmes de fourmis artificielles : applications à la
classification et à l’optimisation, PhD thesis, University of Tours, 2000.

[MON 07] MONMARCHÉ N., MAHNICH I., SLIMANE M., “Artificial art made by artificial
ants”, in ROMERO J., MACHADO P. (eds.), The Art of Artificial Evolution: A Handbook
on Evolutionary Art and Music, Natural Computing Series, Springer-Verlag, Berlin,
Heidelberg, p. 227-247, 2007.

5. http://www.hant.li.univ-tours.fr/museum.



A Science Exhibition about Artificial Insects 343

[RUS 94] RUSSELL A., THIEL D., MACKAY-SIM A., “Sensing Odour Trails for Mobile
Robot Navigation”, in IEEE International Conference on Robotics and Automation, San
Diego, CA, p. 2672-2677, May 1994.

[SCH 99] SCHATZ B., CHAMERON S., BEUGNON G., COLLET T., “Path integration as a
source of reinforcement signals for visual sequence learning in the ant Cataglyphis cursor”,
Nature, vol. 399, p. 769-772, 1999.





Chapter 16

Ant Colony Optimization for Routing in an
Mobile Networks in an Urban Environment

In this chapter, we describe the application of ant colony optimization (ACO)
[DOR 99, DOR 04] to a dynamic online optimization problem, namely routing in
mobile ad hoc networks (MANETs) in urban environments. Routing is the task of
finding and using paths to direct data flows through a network while optimizing one
or more performance measures. This often comes down to a problem of finding
minimum cost paths between pairs of source and destination nodes in the network.
Hence, the problem of routing maps rather well to the solution model most commonly
used in ACO, which is inspired by the ability of certain types of ants in nature to find
the shortest path between their nest and a food source through a distributed process
based on stigmergic communication [BON 99]. An important aspect of routing, which
sets it apart from many other applications of ACO, is that it is typically a distributed
and dynamic problem, which means that the description of the problem changes over
time and decentralized solutions must be adopted. This is because the situation in the
network changes, e.g. because the traffic process at the nodes varies or because there
are link or node failures. As a consequence, the optimization algorithm for routing
needs to adapt continuously.

Here, we focus on routing in a specific type of communication network, namely
MANETs [ROY 99]. These are the networks that entirely consist of wireless nodes,
placed together in an ad hoc manner (i.e. on-the-fly, or with minimum prior planning)
and without the support of a fixed communication infrastructure. All nodes are mobile
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and can enter or leave the network at any time. Data are forwarded among the nodes of
the network in a multi-hop manner. An example could be a network created by users
carrying WiFi-enabled laptops or palmtops operating in ad hoc mode, or a network
created among moving cars that are enabled with wireless technology (in this case
we also talk of vehicular networks [LUO 06]). MANETs are substantially different
from more traditional wired communication networks such as the Internet. They are
highly dynamic, have severe restrictions on the effective usable bandwidth (mainly
because of the sharing of the wireless medium) (e.g. [GUP 00, JUN 03]), have limited
battery power available at each node, are based on the use of possibly unreliable
wireless communication channels, etc. Algorithms and protocols for MANETs should
be adapted to deal with these challenging properties. In this chapter, we show how
techniques from ACO can be applied to support routing in this kind of network.
We focus, in particular, on MANETs deployed in urban environments, which are
confronted with specific conditions in terms of the network node movement patterns
and the wireless radio propagation.

In the rest of this chapter, we first provide some more background on MANET
routing. Then, we explain the main ideas behind existing work on ACO for routing.
Next, we present the AntHocNet routing algorithm, which applies ACO routing in
MANETs. After that we describe the properties of the urban scenarios used in our
studies and finally we present the results of a set of experiments in which we study
the general characteristics of urban MANETs, and we evaluate the performance of
the AntHocNet routing algorithm in these scenarios compared to ad hoc on-demand
distance-vector (AODV) [PER 99], a state-of-the-art MANET algorithm.

16.1. Routing in MANETs

The task of routing is particularly hard in MANETs. Owing to the ad hoc and
dynamic nature of these networks, the topology can change continuously, and paths
between sources and destinations that were initially efficient can quickly become
inefficient or even unfeasible. This means that routing information should be updated
more regularly than in traditional wired telecommunication networks. However,
this can be a problem in MANETs, because they typically have limited bandwidth
and node resources, and make use of possibly unreliable wireless communication
channels. New routing algorithms are therefore needed, which can give adaptivity
in an efficient and robust way.

A lot of research has been carried out on routing in MANETs in recent years
(see [ABO 04] for a survey). Existing MANET routing algorithms can be classified
as being proactive, reactive, or hybrid [ROY 99]. Proactive algorithms try to
maintain up-to-date routes between all pairs of nodes in the network at all times.
The advantage is that routing information is always readily available when data needs
to be sent, whereas the main disadvantage is that the algorithm needs to keep track
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of all topology changes, which can become difficult when there are a lot of nodes
or when they are very mobile. Examples of proactive algorithms are destination-
sequence distance-vector (DSDV) routing [PER 94] and optimized link state routing
(OLSR) [CLA 01]. Reactive algorithms only maintain routing information that is
strictly necessary: they set up routes on demand when a new communication session is
started or when a running communication session falls without route. This approach is
generally more efficient, but can lead to higher delays as routing information is often
not immediately available when needed. Examples of reactive routing algorithms
include dynamic source routing (DSR) [JOH 96] and routing (AODV) [PER 99].
Finally, hybrid algorithms use both proactive and reactive elements, trying to combine
the best of both worlds. An example is the sharp hybrid adaptive routing protocol
(SHARP) [RAM 03].

So far, most of the work has been carried out in simulation and has addressed
simplified scenarios considering open space environments, random mobility patterns,
and generic traffic loads. In this chapter, we introduce a novel hybrid routing algorithm
and we study its behavior and performance in a simulated urban environment
considering realistic radio propagation, user mobility, and data traffic. Urban
environments pose a number of unique challenges that set them apart from the open
space cases. These kinds of studies are fundamental to pave the road to the practical
application of MANETs in real-world environments, which is still very limited.

16.2. ACO for routing: general principles

ACO routing algorithms take inspiration from the behavior of ants in nature and
from the related field of ACO to solve the problem of routing in communication
networks. The main source of inspiration is found in the ability of certain types
of ants (e.g. the family of Argentine ants Linepithema humile) to find the shortest
path between their nest and a food source using a volatile chemical substance called
pheromones. Ants traveling between the nest and the food source leave traces of
pheromones as they move. They also preferentially go in the direction of high
pheromone intensities. Since shorter paths can be completed faster, they receive
higher levels of pheromone earlier, attracting more ants, which in turn leads to more
pheromone. This positive reinforcement process allows the colony as a whole to
converge on the shortest path. It forms the basis of most of the work in the field
of ACO (see also Chapters 2 and 3).

As pointed out earlier, the problem of finding shortest paths maps quite well to
the problem of routing in networks. Moreover, the ability to solve these problems in
a distributed way is important in communication networks, as these usually operate
without a point of central control. It comes as no surprise therefore that routing was
one of the early application areas of ACO. Early work on ACO routing includes the
ant-based control (ABC) algorithm [SCH 96] for circuit-switched wired networks and
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the AntNet algorithm [DI 98] for packet-switched wired networks. Over the years,
many variations and improvements of these algorithms have been proposed, as well
as applications to different kinds of networks (see, e.g. the Q-Colony algorithm for
routing in Quality-of-Service networks [TAD 03]).

The main idea behind all of these algorithms is that nodes in the network
periodically and asynchronously send out artificial ants toward possible destination
nodes of data. These ants are small control packets, which have the task to find a path
toward their destination and gather information about it. Like ants in nature, artificial
ants follow and drop pheromone. This pheromone takes the form of routing tables
maintained locally by all the nodes of the network. They indicate the relative quality
of different routes from the current node toward possible destination nodes. Ants
normally take probabilistic routing decisions based on these pheromone tables, giving
a positive bias to routes of higher pheromone intensity, in order to balance exploration
and exploitation of routing information. Often, the tasks of following and updating
pheromone are split between a forward and backward ant, whereby the forward ant
finds a path towards the destination and the backward ant travels back over the path
to update pheromone tables. The result of the continuous ant sampling process is the
routing information in the pheromone tables, which is used to forward data. This can
again be done probabilistically or deterministically following the path with the highest
pheromone level.

ACO routing algorithms boast a number of interesting properties compared to
traditional routing algorithms. First of all, they are adaptive, thanks to the use
of continuous path sampling and probabilistic ant forwarding, which leads to an
uninterrupted exploration of the routing possibilities. Next, they are robust. This
is because routing information is the result of the repeated sampling of paths. On the
one hand, the different samples are to some extent redundant, and the algorithm can
therefore support packet loss. On the other hand, the use of sampling implies that
routing information is based on direct measurements of the real network situation,
which enhances its reliability. Finally, ACO routing algorithms can usually set
multiple paths, over which data packets can be forwarded probabilistically like ants.
This can result in throughput optimization, automatic data load balancing, and
increased robustness to failures.

For routing in MANETs, especially the properties of adaptivity and robustness
are particulary interesting, as was pointed out in section 16.1, so that ACO routing
algorithms could form a possible solution to deal with the challenges found in such
networks. However, the fact that these algorithms rely on the continuous generation of
small ant packets to gather routing information can easily lead to excessive overhead in
the bandwidth-limited MANETs. This is especially problematic as MANETs usually
rely on contention-based mechanisms for medium access control, which essentially
means that a high number of small packets generate much more overhead than a lower
number of larger packets. The challenge is to develop an ACO routing algorithm that
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can offer adaptivity and robustness while keeping overhead limited. In what follows,
we describe the AntHocNet routing algorithm, which solves this issue by taking a
hybrid approach that combines ant-based path sampling with other mechanisms for
learning.

16.3. The AntHocNet routing algorithm

In this section, we describe AntHocNet, an ACO routing algorithm for MANETs.
AntHocNet can be considered a hybrid algorithm, as it contains both reactive and
proactive elements. It is reactive in the sense that it only gathers routing information
about destinations that are involved in communication sessions. It is proactive in the
sense that it tries to maintain, improve, and extend routes while the communication
session is going on. This hybrid architecture improves the efficiency by focusing
efforts on ongoing sessions. Another factor to help the efficiency is found in the
organization of the proactive route maintenance and improvement process, which
combines ant-based path sampling with other forms of information gathering. Routing
information in AntHocNet is stored in pheromone tables. Forwarding of ant and
data packets is done in a stochastic way, using these tables. Link failures are dealt
with using specific reactive mechanisms, such as local route repair and the use of
warning messages. Below, we describe the general working of the AntHocNet routing
algorithm. For detailed accounts, we refer to [DI 05, DUC 05, DUC 07].

16.3.1. Pheromone tables

Routing information is organized in pheromone tables. Each node i maintains one
pheromone table Ti, which is a two-dimensional matrix. An entry T d

i j of this matrix
contains information about the route from node i to destination d over neighbor j.
This information includes the pheromone value τd

i j, which is a value indicating the
relative goodness of going over neighbor j when traveling from node i to destination
d, as well as statistics information about the route, and possibly virtual pheromone.
This latter value is derived from the normal pheromone, which from now on we will
refer to as regular pheromone, and is used to support proactive route maintenance on
improvements. More details about virtual pheromones will follow in section 16.3.3.
Apart from a pheromone table, each node also maintains a neighbor table, in which it
keeps track of which node has a wireless link to.

16.3.2. Reactive route setup

At the start of a new communication session, the source node s of the session
checks its pheromone table, to see whether it has any routing information available
for the session’s destination d. If it does not, it starts a reactive route setup process,



350 Artificial Ants

in which it sends a reactive forward ant out to find a route to d. Since s has no
information about where to find d, it broadcasts the ant, i.e. sends it to all its neighbors
simultaneously. Each node i in the network that receives a copy of the reactive forward
ant checks whether it is the ant’s final destination, and if this is not the case forwards
the ant in turn. This forwarding can be done by broadcasting, in case i does not have
any routing information available for d, or by unicasting, in which case i chooses a
next hop for ant probabilistically based on its pheromone entries for d. The probability
Pd

in of choosing a next hop n from among i’s set of neighbors Ni is calculated using
equation [16.1], whereby β1 is a parameter to tune how much preference is given to
higher pheromone values:

Pd
in =

(τd
in)

β1

∑ j∈Ni(τ
d
i j)

β1
, β1 ≥ 1 [16.1]

The first copy of the reactive forward ant to reach d is converted into a reactive
backward ant, while subsequent copies are destroyed. The reactive backward ant
retraces the exact path that was followed by the forward ant back to s. On its way, it
collects quality information about the route, which is calculated based on the measured
strength of the wireless signals on the links along the route. At each intermediate node
i and at the source s, it updates the pheromone values with respect to d based on this
quality information. This update is done using an exponential moving average, as
follows:

τd
in = γτd

in +(1− γ)qd
i , γ ∈ [0,1] [16.2]

where n is the upstream node from i in the route, γ is the smoothing factor of the
moving average, and qd

in is the measured route quality. In this way, a first route
between source and destination is established at completion of the reactive route setup
process. The full process is repeated later if the source node falls without valid routing
information for the destination of the session while data still need to be sent.

16.3.3. Proactive route maintenance and improvement

Once a first route is made available between the source and the destination of
a data session, and for the entire duration of the session, the algorithm carries out
the proactive route maintenance and improvement process. This process is aimed
to find new and better routes, and extending the single route created by the reactive
route setup to a full mesh. It consists of two subprocesses: pheromone diffusion and
proactive ant sampling.

The aim of the pheromone diffusion subprocess is to spread out pheromone
information placed by the ants. It is implemented using update messages that are
broadcast periodically and asynchronously by all the nodes of the network to their
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neighbors. In these messages, a sending node n places the list of destinations it
has information about, including for each destination d its best pheromone value
τ̂d

n = max j∈Nn(τd
n j). A node i receiving the message from n can then derive an

estimate of the goodness of going from i over n to each of the destinations d, by
combining the quality of the link from i to n with the reported pheromone value
τ̂d

n . The result is the virtual pheromone value ωd
in, which is stored in i’s pheromone

table. This virtual pheromone can in turn be forwarded in the next periodic update
message sent out by i, so that eventually a virtual pheromone field pointing to each
of the destinations d is created in the MANET. The general way of working of
the pheromone diffusion process is based on the principles of distributed dynamic
programing and can be found back in many other algorithms, such as, in Bellman–Ford
routing algorithms [BER 92]. In reinforcement learning, this approach is referred to
as information bootstrapping [SUT 98]. The advantage of information bootstrapping
is that it is a very efficient way of spreading information, as the estimates calculated by
the nodes are fully reused by neighboring nodes. Its main disadvantage is that it can
be slow to converge to correct estimates and might therefore give suboptimal results
in highly dynamic non-stationary environments. This is why we combine it with the
second subprocess, the proactive ant sampling.

The proactive ant sampling subprocess follows the typical mode of operation of
ACO routing algorithms. The source node s periodically sends out proactive forward
ants toward the destination d. These ants construct a path in a stochastic way, choosing
a new next hop probabilistically at each intermediate node. The probability for an ant
in node i to choose next hop n is given in equation [16.3]. As can be seen from
the formula, proactive forward ants can follow both regular and virtual pheromones.
Different from reactive forward ants, they never broadcast: when they reach a node
where no routing information about d is available, they get dropped. Once a proactive
forward ant reaches the destination, it is converted into a proactive backward ant
that travels back to the source and leaves (regular, not virtual) pheromone along the
way, just like reactive backward ants. This way, each proactive ant explores a route
indicated by virtual pheromone, and then, once it has verified that it is correct and
leads to the destination, marks it with regular pheromone:

Pd
in =

(max(τd
in,ωd

in))
β2

∑ j∈Ni(max(τd
in,ωd

in))
β2
, β2 ≥ 1 [16.3]

Using these two subprocesses, the proactive route maintenance and improvement
process combine two approaches to learning: information bootstrapping and ant-based
sampling. Information bootstrapping provides an efficient way of spreading routing
information, while ant sampling provides robustness and reliability.
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16.3.4. Data forwarding

Data packets are forwarded from their source to their destination like ants,
choosing a next hop probabilistically at each node. They follow thereby only regular
pheromone, as virtual pheromone is potentially unreliable and is only meant to guide
the ants’ exploration process. The formula used to calculate the probability of each
possible next hop for data packets is the same as in equation [16.1], but with a different
parameter β3 instead of β1. β3 is normally higher than β1, so that data focus more on
the best routes. By setting β3 to infinity, deterministic routing over the best route can
be obtained.

16.3.5. Dealing with link failures

Link failures are detected in AntHocNet via failed transmissions of data or control
packets, or through the use of the pheromone diffusion messages playing the role of
the so-called Hello messages. Hello messages are short messages that are periodically
sent out by all nodes in the network. The reception of a hello message is indicative of
the presence of a wireless link, while the failure to receive such messages points to the
absence of a link. In practice in AntHocNet, the function of hello messages is fulfilled
by the same periodic update messages that are used for pheromone diffusion. Upon
detection of a link failure, nodes control their pheromone table, to see which routes
become invalid because of the failure, and whether alternative routes are available
for the affected destinations. Then, the node broadcasts a link failure notification
message to warn neighboring nodes about all relevant changes in its pheromone table.
Neighbors receiving this message update their routing information accordingly and
if this leads to the loss of a route for them too, they send out their own notification
message. In case the link failure was associated with a failed data packet transmission,
the node can also start a local route repair to restore the route to the destination of this
data packet. To this end, it sends out a repair forward ant. Repair forward ants are
similar to reactive forward ants, in the sense that they follow available pheromone
information where possible (using equation [16.1]), and are broadcasted otherwise,
but they have a limited maximum number of broadcasts, so that they cannot travel
far from the old failed route. Upon arrival at the destination, the repair forward ant
is converted into a repair backward ant that travels back to the node that started the
repair process and sets up the pheromone for the repaired route. A final tool in dealing
with link failures is the use of unicast warning messages. These are needed when
data packets for a lost destination still arrive at the node after a link failure notification
has already been sent. This can be due to bad reception of the broadcast notification
message. In this case, the node sends a warning to the node it received the data from,
to inform it that it can no longer forward data for this destination.
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16.4. Working in an urban environment

In this chapter, we are particularly interested in the evaluation of our AntHocNet
routing algorithm in MANETs that support interactive communication in an urban
environment. The use of this specific type of scenarios has a strong influence on
important aspects of the working of the MANET. First of all, the structure of the
urban environment defines possible movement patterns for the nodes of the network.
Second, the presence of buildings and other obstacles has a strong impact on the way
radio waves can propagate and hence influences the connectivity between the nodes
of the network. Finally, the interactive communication defines the data load and data
traffic patterns. These properties set these scenarios apart from the kind of settings
applied in most MANET evaluation studies, which rely on open space scenarios,
random movement patterns, and random communication patterns. We believe that
the study of urban scenarios is important as this will become an important application
area for MANET technology in the near future. Recent projects with wireless grid
networks, which are static ad hoc networks, in large cities such as Taipei [TAI 06] and
Philadelphia [WIR 06] also point in this direction.

In what follows, we discuss the mentioned aspects of node mobility, radio wave
propagation, and data communication patterns in turn. We describe their effects and
explain how we modeled them in the simulation study that will be presented in the
next section. After that, we also give a short overview of other studies that focus on
the use of MANETs in urban settings.

16.4.1. The urban environment and node mobility

The urban setting used in our simulation study is the center of the southern Swiss
town of Lugano. Lugano is a relatively small old town presenting an irregular street
topology common to most European cities. We focus on an area of 1,561× 997m2,
which covers most of downtown Lugano. The street structure is shown in Figure 16.1.
As shown in the figure, the cityscape is composed of streets (the white lanes) and
buildings (the gray polygons). Streets define the open spaces where nodes are free
to move. In our study, Buildings are inaccessible to the nodes and basically play
the role of obstacles that put constraints on node movements and shield radio wave
propagation. Other elements are the lake, in the bottom of the image, and urban
infrastructure. However, the latter do not play any role and is left in the image for
the sole purpose of showing the town organization.

To define node movement patterns, we used an urban mobility model based on
the so-called random waypoint model (RWP) [JOH 96]. Under the RWP model,
nodes choose a random destination and velocity, move in a straight line to the chosen
destination at the chosen velocity, and then pause for a certain time before picking
a new destination and velocity. In our urban version of RWP, destinations are only
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Figure 16.1. The setting of our study: an area of 1,561 × 997 m2 in the center of the Swiss
town of Lugano

chosen from among the open spaces in the town, and nodes do not move along
a straight line to their destination, but instead follow the shortest path through the
streets of the town. To define node destinations and movements, we derived a graph
representing the street structure of the town. Destinations were chosen from among
all points that are located on an edge or in a vertex of the graph, and shortest paths
were calculated in the graph using Dijkstra’s algorithm [PAP 82]. We have chosen
maximum node velocities that correspond to realistic inner city movements: from 3
m/s (10.8 km/h) to represent pedestrians or cyclists up to 15 m/s (54 km/h) to represent
cars. The pause time of our RWP model is 30 s. Finally, we keep 20% of the nodes
static, representing immobile network users. These can, e.g. be either wireless access
points placed by shop or restaurant owners or infrastructure nodes provided by the
town authorities.

16.4.2. Radio propagation

Wireless communication in an urban environment is strongly conditioned by the
way radio waves interact with the objects they encounter. The most basic effect is
that waves produced at street level are blocked by buildings, so that connectivity
in urban wireless networks is restricted compared to open space scenarios. Some
urban simulation studies for MANETs in the literature only account for this effect,
using open space propagation models along the line of sight (LoS) and blocking any
non-LoS communication (see, e.g. [MAR 06]). In our study, we use a more detailed
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approach, which also incorporates other propagation effects. The most important of
these effects is reflection from buildings: as radio rays bounce off building walls, they
can travel around corners into side streets. Moreover, reflection allows a signal to
travel further along the LoS through a street than it would in open space, because
multiple reflected rays are tunneled in the same direction. This means that crude
approximation models that do not account for reflection are too restrictive. Another
important effect is diffraction, which allows rays to bend around corners to a certain
extent. This further improves connectivity into side streets. Other effects include
scattering, which is the reflection off small objects and uneven surfaces, and signal
variations over time because of changes in the environment, such as the passing of
vehicles or people. Both of these last effects are hard to model correctly and greatly
increase the computational complexity (see [SRI 06]) and are therefore not taken into
account here.

Making detailed calculations of radio wave propagation in an environment
with many obstacles is a computationally intensive task, especially when many
simultaneous transmitters and receivers are involved, as is the case in MANET
experiments. For our simulation study, we needed to make these calculations in an
efficient way and hence decided to do them off-line in a preprocessing step. We started
from the two-dimensional map of the center of Lugano, and assumed each building on
the map to be of a height that is sufficient to block radio communication going over
it (a height of 5 m already makes diffraction over a building impossible [SRI 06]).
Then, we defined a discretization of the space in which the nodes move, to allow an
efficient preprocessing: we chose sample points at regular intervals of 5 m along the
streets of the town, resulting in 6,070 different positions. In each of these points,
we placed a transmitter sending at 2.4 GHz and with a power of 10 mW, and we
calculated with which strength its signal was received in each of the other points. All
radio propagation calculations were done using the WinProp tool [AWE 05]. This
is a commercial software package to model ray propagation in urban environments.
WinProp makes use of raytracing, a technique derived from the field of computer
graphics in which the trajectories of all the waves going between a transmitter and a
receiver are first calculated individually, and then combined to derive the resulting
signal [SHI 01]. The results of the preprocessing calculations were stored in a
matrix of 6,070× 6,070 entries. During the simulation, the signal strength between
a transmitting node a and a receiving node b was approximated by the precalculated
signal strength between a transmitter in the sample point closest to a and a receiver
in the point closest to b. This allows very fast calculations, while only causing a
maximum inaccuracy of 2.5 m on each side.

16.4.3. Data traffic

For data traffic, we use patterns that can reflect realistic applications of the
network. We assume that the MANET will in the first place be used to support
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interactive communication between users. We model this type of application using
bidirectional point-to-point data communication sessions. The data packet size is
160 bytes. We consider a range of different data rates, from 1 packet every 30 s,
representing an interactive SMS conversation, up to 25 packets per second, which
is sufficient to support good quality voice-over-IP (VoIP) applications. To represent
silent periods in the interactive communication, only 40% of all scheduled packets are
sent. This corresponds to the typical proportion of send time in VoIP traffic [JIA 00].

16.4.4. Related work on the simulation of MANETs in urban environments

Although there exists a lot of work on the evaluation and comparison of different
routing algorithms for MANETs (e.g. see [BRO 98, DAS 00]), most of it is carried out
using open space scenarios with random mobility and idealized signal propagation
models. Only recently some studies have appeared, which investigate the use of
MANETs in urban environments. Here, we provide a short overview of this work.
None of these studies include the evaluation of an ACO routing algorithm.

We could make a distinction between simulation studies that make rather rough
approximations of how an urban setting influences node mobility and radio wave
propagation, and studies that aim for high accuracy, thereby sacrificing efficiency.
The work presented in [JAR 03] belongs to the first category. The authors proposed
a scenario with randomly placed building blocks, whereby node mobility is limited
to paths between the buildings and radio wave propagation is implemented using
a simple LoS approach: nodes can only communicate when there is no building
between them. The authors investigated how this setup influences the behavior of
the AODV routing protocol in comparison to open space scenarios and noticed a
severe drop in performance. The authors of [MAR 06] followed a similar approach,
but with buildings placed according to a regular grid pattern, rather than randomly.
They evaluated how the performance of the DSR routing protocol is influenced by
the urban setting and found a drop in performance, i.e. however not as strong as the
one observed in [JAR 03]. Finally, the authors of [HUA 05] used a similar grid town
pattern, but with a different radio propagation model: radio signals are weakened by
a fixed amount for every corner they take. The aim of the paper is to investigate
whether a MANET could be used to support communication between a fleet of taxis.
Node movement patterns in the grid world are based on data about the behavior of real
taxis. The authors find that a high density of users in the system is critical for good
performance.

Among the studies that apply a higher level of accuracy, we find in the first place
the work presented in [SRI 05] and other papers by the same authors. In this work,
real and very detailed town maps are used, and radio propagation is modeled using
a raytracing approach with some limited preprocessing. Node movement patterns
are based on models derived from diverse research areas including urban planning,



Routing in Mobile Networks in Urban Environment 357

meeting analysis, and time use. The authors study the use of a static ad hoc network
running AODV in an area of central London. The highly accurate simulations take
a very long time, in the order of tens of processor days. The conclusion is that high
node density is a critical factor for good performance. Another study that uses a very
detailed simulation model is the one described in [SCH 06]. The authors also used
raytracing and applied a preprocessing step that is based on using a discrete set of
transmitter locations but an unlimited number of receiver locations. Their simulations
are reasonably efficient: they are only about a factor of 1.5 slower than comparable
open space simulations. The authors compared the performance of AODV in the urban
scenario to that in an open space scenario and observed a large drop in performance.

The work presented in this chapter is in approach and level of detail similar to the
last described work. It allows us to get a reasonable feel for what the effects can be of
an urban environment, while making enough abstraction to get an efficient simulation.

16.5. Experimental evaluation

In this section, we present the results of a simulation study in which we evaluate
the use of AntHocNet in the urban setup outlined earlier. We first describe technical
details about the setup of the study, and then investigate some general properties of the
wireless network under the urban scenario as compared to an equivalent open space
scenario, to give the reader a better understanding of the conditions in which these
experiments are run. After that, we discuss a number of tests in which we compare
AntHocNet to the AODV routing algorithm. AODV is an important reference in the
field of MANET routing: it is the most studied algorithm around and is one of the
candidates for standardization by the MANET working group of the IETF [IET]. We
do tests with varying data send rates, varying numbers of communication sessions,
varying network node densities, and varying node velocities. Finally, we also
investigate in more detail whether it is possible to support voice communications with
these routing algorithms in the given urban scenario.

16.5.1. Technical details about the simulation setup

We run simulations of 500 s each and do 20 individual runs with different random
seeds for each data point. We normally use MANETs of 300 nodes, but also carry out
experiments varying the number of nodes from 100 to 400. All the simulations are
carried out using the QualNet network simulator [SCA 05]. Urban node movement
patterns were fed to the simulator as mobility traces, and adaptations were made to
the simulator code to load and use the precalculated radio wave propagation data (see
section 16.4). For the network protocols located at the different layers of the network
protocol stack, we follow choices that are common in MANET research studies and
make use of the implementations available in QualNet. At the physical layer, we use
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the IEEE 802.11 protocol sending at a frequency of 2.4 GHz and with a bit rate of 2
Mbps. At the MAC layer, we use the IEEE 802.11 distributed coordination function
(DCF) protocol. Finally, at the transport layer, we use the User Datagram Protocol
(UDP) protocol.

16.5.2. General network properties

We study how the properties of the network formed between the MANET nodes
are affected by the fact that we work in an urban environment. The data shown
here were obtained by running simulations with an increasing number of nodes in
both the urban scenario and an open space scenario of the same dimensions. During
these simulations, no data traffic was sent, and all nodes were moving with a velocity
between 1 and 3 m/s. We report results for the average number of neighbors each
node has, the connectivity (i.e. the fraction of node pairs between which a path exists),
the average length of the shortest path between each pair of nodes, and the average
link duration.
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Figure 16.2. Properties of MANETs with increasing number of nodes in the urban setting and
in an open space environment. We report averages for (a) the number of neighbors per node,

(b) the fraction of node pairs between which a path exists, (c) the number of hops on the
shortest path between nodes, and (d) the link duration

The average number of neighbors per node are shown in Figure 16.2(a). We can
see that it is a lot lower in the urban scenario than in the open space scenario. This is
due to the limited radio propagation caused by the shadowing by buildings of the town.
This means that for an equal number of nodes per square meter, nodes in the urban
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scenario locally experience a lower density. As a consequence, connectivity is worse
in the urban scenario, but radio interference is also lower. The lower connectivity
in the urban scenario is confirmed by the results shown in Figure 16.2(b), where we
report the fraction of node pairs between which a path exists. Although the open
space scenario is always fully connected, the urban scenario has limited connectivity
when there are few nodes in the network. In Figure 16.2(c), we report the average
number of hops on the shortest path between connected node pairs. Moreover this
value is very much affected by the environment: paths are about double as long in the
urban scenario. Finally, in Figure 16.2(d), we report the average duration between
the appearance and the disappearance of a link, which is a measure for how dynamic
the network is [SAD 03]. The average link duration is independent of the number of
nodes: it is constant on about 65 s in open space and 43 s in the urban scenario. This
means that the rate of change of the network is higher in the urban environment.

16.5.3. Data send rate

We compare the performance of AntHocNet and AODV in the urban scenario
with 300 nodes and with increasing data send rate. We use 10 parallel bidirectional
data sessions of 0.033 packets/s (1 packet every 30 s) up to 25 packets/s, using as
intermediate values 0.2, 0.5, 1, 2, 5, and 10 packets/s. As performance metrics, we
use the delivery ratio, which is the fraction of successfully delivered data packets, and
the average end-to-end delay, which measures the average time between data packet
generation and delivery at the destination.
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Figure 16.3. Results for AntHocNet and AODV with increasing data send rates in the urban
scenario: (a) delivery ratio and (b) average end-to-end delay

The results are shown in Figure 16.3a (delivery ratio) and 16.3b (average delay).
We can see that both the algorithms have bad performance for both metrics at the
lowest data rates, better performance at intermediate rates, and worse performance
again at the highest rates. The bad performance at the lowest rates is due to
the fact that both AntHocNet and AODV need to set up a route between source
and destination prior to communication. When data packets are sent sporadically,
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previously constructed routes can rarely be reused, and new route setups are often
necessary, creating excessive network load. As data rates increase, subsequent packets
can profit from previous route setups. In AntHocNet, this effect is visible at lower rates
than for AODV because the proactive route maintenance and improvement process
keep routes alive for longer periods. At the highest rates, both the algorithms have
a decrease in performance because the high load of data packets starts to interfere
with the control packets. In general, we can see that AntHocNet outperforms AODV
for most data rates (except for delay at the highest data rate). This shows that it
is better equipped to deal with the specific properties of the urban scenario with its
longer paths and less good connectivity. Nevertheless, it must be noted that neither
of the algorithms is able to provide a delivery ratio that is sufficient to support a VoIP
application (see also section 16.5.7).

16.5.4. Number of data sessions

Here, we report the results of tests in which we vary the number of simultaneous
data sessions, from 5 to 25 sessions, with intermediate values 10, 15, and 20
sessions. We used two different values for the data send rate: 5 and 10 packets/s. In
Figure 16.4, we report delivery ratio and average end-to-end delay. Both performance
metrics show similar patterns: performance is good when there are few data sessions
and deteriorates as the number of sessions increases. At higher data rates, this
deterioration is much more pronounced because of the higher radio interference
caused by the increased amount of traffic in the network. In general, we can see
that AntHocNet outperforms AODV for both performance metrics in all the studied
scenarios, showing its superior ability to deal with the difficult conditions of the urban
scenario.
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Figure 16.4. Results for AntHocNet and AODV with increasing number of data sessions in the
urban scenario. We use data rates of 5 and 10 packets/s, indicated by different curves in the

figure. Data plots show (a) delivery ratio and (b) average end-to-end delay
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16.5.5. Node density

In these tests, we increase the number of nodes from 100 to 400 with increments of
50. Since the network area size of our urban scenario is fixed, increasing the number of
nodes comes down to increasing the node density. Scenarios, with higher node density
normally have better connectivity and shorter paths, but also more radio interference
between nodes (see also section 16.5.2). We use 10 bidirectional data sessions, and
do tests with three types of data load: low (0.033 packets/s), medium (2 packets/s),
and high (25 packets/s). The results are shown in Figure 16.5, where we again report
delivery ratio and average end-to-end delay.
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Figure 16.5. Results for AntHocNet and AODV with increasing number of nodes in the urban
scenario. We use data rates of 0.033, 2, and 25 packets/s, indicated by different curves in the

figure. Data plots show (a) delivery ratio and (b) average end-to-end delay

In terms of delivery ratio, we observe a fixed pattern for both algorithms and for
each of the data rates: performance improves with increasing node density, up to 250
nodes, after which it stabilizes. The delivery ratio is best for low and medium data
rates, and worse for the highest rate, confirming that it is difficult to support the data
rates needed for VoIP traffic. AntHocNet outperforms AODV for all data rates and all
node densities, except for the highest rate at the highest density, where performances
are comparable. This shows that AntHocNet can deal better with the conditions of the
urban scenario, until the point where both the algorithms start suffering too much from
the increased radio interference because of both the increased node density and the
increased data load. It is also interesting to see that the trend followed by the delivery
ratio graphs is the same as that of the pairwise connectivity in the urban scenario,
shown in Figure 16.2(b): first steeply increasing and then stabilizing. This shows
that connectivity is an important factor to get good performance in urban scenarios
(this has also been observed by other authors, e.g. see [SRI 05]). In terms of end-
to-end delay, we can see performances that are relatively stable with respect to the
node density. AntHocNet outperforms AODV for low and medium data rates. For the
highest data rate, AODV has better delay. At this rate, however, both the algorithms
deliver only a limited fraction of the sent data packets.



362 Artificial Ants

16.5.6. Node velocity

In these experiments, we vary the maximum node velocity we increase it from 3
m/s, which correspond to a slow cycling velocity, to 15 m/s, which is a reasonable
maximum velocity for cars in an urban environment. As intermediate values we
use 6, 10, and 12.5 m/s. We keep using 10 bidirectional data sessions and again
do tests with three types of data load: low (0.033 packets/s), medium (2 packets/s),
and high (25 packets/s). In Figure 16.6, we report the delivery ratio and the average
end-to-end delay. As can be expected, delivery ratios go down with increasing node
velocities under all data send rates for both the algorithms. Apart from that, we get a
confirmation of earlier results. Delivery ratios are highest for medium and low data
rates, and lowest for the highest data rate. AntHocNet delivers more packets than
AODV, except for the highest data rate, where delivery ratios are comparable. In
terms of delay, we get a similar picture. Delay goes up with increasing node velocity,
although the effect is minimum. The best delays are obtained for the low and medium
data rates and the worst for the highest rates. AntHocNet outperforms AODV at low
and medium data rates, whereas AODV is the best at the highest data rate.
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Figure 16.6. Results for AntHocNet and AODV with increasing maximum node velocity in the
urban scenario. We use data rates of 0.033, 2, and 25 packets/s, indicated by different curves

in the figure. Data plots show (a) delivery ratio and (b) average end-to-end delay

16.5.7. Supporting VoIP traffic

In a final set of experiments, we investigate the issue of delivering sessions with
VoIP level data rates. In section 16.5.3, we saw that both the algorithms have trouble
when data rates go up to the high levels needed to support voice communication:
AntHocNet drops to a delivery ratio of 67% and a delay of 0.19 s, whereas AODV
has a delivery of 63% and a delay of 0.1 s. To support good quality VoIP, a
delivery ratio of 90% is needed, while the end-to-end delay should not exceed 0.15
s (see [MAR 03]). These combined standards are not met by either of the algorithms.
Here, we investigate this in more detail.

We do tests varying the number of data sessions from 1 to 10. All sessions are
bidirectional and send 25 packets/s. The results are shown in Figure 16.7. When few
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sessions have started, both the algorithms obtain an end-to-end delay that is well inside
the requirements for VoIP, while AntHocNet also reaches the requirements for delivery
ratio. Then, when the number of sessions is increased, both the algorithms fail to reach
the combined VoIP requirements. These reported results are averages over all the
started communication sessions though. To get a more precise view, we investigate for
each scenario how many of the individual sessions reach the cited requirements. These
results are shown in Figure 16.8. Using AntHocNet, a considerable number of sessions
could obtain VoIP quality. This number first grows as more sessions are started up,
and then drops again as data packets from too many sessions start to interfere with
each other. For AODV, the number of sessions receiving the required service quality
always remains low.
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Figure 16.7. Results for AntHocNet and AODV with VoIP level data rates (25 packets/s) and
varying numbers of data sessions in the urban scenario: (a) delivery ratio and (b) average

end-to-end delay
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Figure 16.8. Sessions reaching VoIP quality requirements in terms of delivery ratio and delay:
(a) as a fraction of the total number of started sessions and (b) in absolute numbers

The results show that, using AntHocNet, it is in principle possible to support VoIP
in the given urban scenario, despite the fact that on an average it does less good at
these data rates than AODV. However, not all sessions can get the required levels of
service, and when too many sessions are started, all of them suffer. This indicates
that it might be useful to refuse some sessions to start (e.g. those that would likely not
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receive the required quality because they need paths that go through highly congested
or poorly connected parts of the network) to be able to deliver a good service to others.
This points to the importance of the use of admission control in resource-limited urban
MANETs. For existing work on admission control in MANETs, see e.g. [DON 03].

16.6. Conclusion

In this chapter, we have presented an application of ACO to the highly dynamic
online optimization problem of routing in MANETs in a realistic urban environment.
We have first given a short introduction to the area of MANET routing in general.
Then we have explained the ideas behind the application of ACO to routing. We
have highlighted the mechanisms that make this approach unique and have discussed
their advantages and disadvantages compared to more traditional routing algorithms,
especially with respect to the specific conditions found in MANETs. After that, we
have presented AntHocNet, a hybrid routing algorithm for MANETs that is based on
ACO routing. AntHocNet is a concrete example of how ACO routing techniques can
be adapted to work in highly challenging environments. Concretely, the algorithm
combinesACOroutingwithotherapproaches to learning togetadaptivityandrobustness
while maintaining an efficient working. Next, we have described the urban environment
we work in, and we have explained how it influences the conditions of the MANET
deployment and its differences with respect to open space scenarios. We have also
discussed how we modeled the MANET behavior in the urban environment in terms
of radio propagation and mobility patterns, and how we simulated it in an efficient
way. Finally, we have presented a number of test results in which we compared the
performance of AntHocNet in the given urban MANET scenario to that of AODV,
a state-of-the-art algorithm in this area, considering realistic models for interactive
communications and different configurations for node density, velocity, and traffic
loads. The results show that AntHocNet is better able to deal with the difficult conditions
that are found in the urban MANET. The only exception is the case with very high
data rates, corresponding to the traffic generated by voice communications, where both
the algorithms incur high packet losses because of the increased radio interference,
and AntHocNet suffers a higher average delay. However, when looking at individual
sessions in these same scenarios, AntHocNet is more often than AODV able to offer
the level of service required to support good voice communication.

In this chapter, we describe the application of ACO [DOR 99, DOR 04] to
a dynamic online optimization problem, namely routing in MANETs in urban
environments. Routing is the task of finding and using paths to direct data flows
through a network while optimizing one or more performance measures. This often
comes down to a problem of finding minimum cost paths between pairs of source and
destination nodes in the network. Hence, the problem of routing maps rather well to
the solution model most commonly used in ACO, which is inspired by the ability of
certain types of ants in nature to find the shortest path between their nest and a food
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source through a distributed process based on stigmergic communication [BON 99].
An important aspect of routing, which sets it apart from many other applications of
ACO, is that it is typically a distributed and dynamic problem, which means that
the description of the problem changes over time and decentralized solutions must
be adopted. This is because the situation in the network changes, e.g. because the
traffic process at the nodes varies, or because there are link or node failures. As a
consequence, the optimization algorithm for routing needs to adapt continuously.

Here, we focus on routing in a specific type of communication networks, namely
MANETs [ROY 99]. These are networks that consist entirely of wireless nodes,
placed together an ad hoc manner (i.e. on-the-fly or with minimum prior planning)
and without the support of a fixed communication infrastructure. All nodes are mobile
and can enter or leave the network at any time. Data are forwarded among the nodes
of the network in multi-hop fashion. An example could be a network created by users
carrying WiFi-enabled laptops or palmtops operating in ad hoc mode, or a network
created among moving cars that are enabled with wireless technology (in this case
we also talk of vehicular networks [LUO 06]). MANETs are substantially different
from more traditional wired communication networks, such as the Internet. They are
highly dynamic, have severe restrictions on the effective usable bandwidth (mainly
because of the sharing of the wireless medium) (e.g. [GUP 00, JUN 03]), have limited
battery power available at each node, are based on the use of possibly unreliable
wireless communication channels, etc. Algorithms and protocols for MANETs should
be adapted to deal with these challenging properties. In this chapter, we show how
techniques from ACO can be applied to support routing in this kind of network.
We focus in particular on MANETs deployed in urban environments, which are
confronted with specific conditions in terms of the network node movement patterns
and the wireless radio propagation.

In the rest of this chapter, we first provide some more background on MANET
routing. Then, we explain the main ideas behind existing work on ACO for routing.
Next, we present the AntHocNet routing algorithm, which applies ACO routing in
MANETs. After that, we describe the properties of the urban scenarios used in our
studies, and finally we present the results of a set of experiments in which we study
the general characteristics of urban MANETs, and we evaluate the performance of
the AntHocNet routing algorithm in these scenarios compared to AODV [PER 99], a
state-of-the-art MANET algorithm.
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Chapter 17

Detection of Organizations in Complex
Systems Using Ant Colonies

A complex system is characterized by numerous entities, with the same or a
different nature, which interact in a non-trivial way (nonlinearities, feedback loops,
etc.), and by the emergence at the global level of new properties, unobservable at the
level of basic entities. Such a system behaves in a holistic manner. The dynamics
of global functioning are not easily predictable from the analysis and observation of
basic interactions, in other words, the behavior can very hardly be modeled through
classical analytical methods. Holistic behavior prohibits any top-down analysis, which
would decompose the system into sub-systems and until this make them intelligible.

Cartesianism 1 is thus abandoned, in favor of “Aristotelianism” 2. The global
properties emerging probably result from the richness of interactions that create
organizations. This is self-organization and this (organizational) ability leads the
most evolved complex systems to be adaptive. Indeed, if they are considered as open
systems, these systems adapt to external events. There is a feedback from the global
organization on its constitutive 3 parts. With respect to complex systems, Arthur et al.
[ART 97] list six properties:

Chapter written by Antoine DUTOT and Damien OLIVIER.
1. “The second (precept) of dividing each of the difficulties which I should examine into as many parts
as possible, and as required for better solving them. The third, of leading my thoughts in order, starting
with the simplest objects and the easiest to understand, then climbing gradually, like by degrees, to the
knowledge of the most complex ones,” translated from Descartes, Discours de la méthode.
2. “The whole is more than the sum of its parts,” Aristotle [ARI 02].
3. “The whole is less than the sum of parts,” translated from Morin [MOR 81].
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1. there are a large number of heterogeneous entities which interact only with a
number of others (dispersed interactions);

2. there is no centralism;
3. there are cross-hierarchical organizations with many tangled interactions;
4. entities can adapt, learn, and thus evolve;
5. the system evolves continuously with the appearance and disappearance of

organizations;
6. the system is never at the global optimum, the dynamics are always out of

equilibrium (there is no equilibrium, or one moves from an equilibrium to another
one).

From these properties, two directions can be highlighted: the organizational
complexity (points 1 and 3), also called connectionist complexity, and the
phenomenological complexity (point 6).

Schwarz, in [SCH 94], considers seven types of processes leading to complexity
and classifies the systems by complexity levels:

– increase of entropy: evolution process associated with dissipative systems;
– creation of form: morphogenesis associated with self-organizing systems;
– recycling of matter: cycles associated with self-organized systems;
– feedback loops: homeostasis associated with self-regulated systems;
– self-production of system components from the network of relations: autopoiesis

associated with living systems;
– understanding of the consciousness level and reference to an image of oneself:

self-reference associated with self-knowledge systems;
– creation of existing by existing: autogenesis associated with systems aiming at

empowerment.

The study of complex systems often requires simulations. The system is then
described at the level of its components and of their interactions. Agent-based
simulation is one of the tools available. The functioning is thus simulated and attempts
to optimize various parameters, in order to obtain a suitable global behavior. This way
noticeably departs from, the traditional view in computer science which is to provide
input data and expect output data, reflecting the trajectory of the problem studied.
Here, the central factor is no longer the result, but it is the behavior of the simulation,
the role played by the observer is important.

We have already used the term organization several times, we wonder now about
the meaning we give it.
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17.1. Organization, structure and form

It is difficult to define the term organization, because many types of organization
may be present in the same system, according to the needs and the observer and/or
their actions. Nevertheless, two types stand out:

1) organizations defined only by the observer;
2) organizations which, as such, retroact on the system to which they belong.

The first type is twofold. One organization form is of hierarchical kind, a company,
for example. Such organization types are most often static. They are created by one
or several managers that handle centrally the organization. A second organization
form is constituted by groups formed within a set of entities by an external observer 4.
Such groups are arbitrary and depend on the needs and expectations of the observer.
These are separations, according to a particular criterion, within a set of elements,
for example, following an order relation, or according to a criterion of similarity,
semantics, remoteness, or rapprochement, etc. This separation criterion defines the
organization boundaries, according to a notion of order.

The second organization type relates to those which cannot only be observed, but
act, as a whole, on the system to which they belong. This action is a feedback, which
may itself increasingly define the organization. In other words, it can lead to the
formation of a border, or even of a form delimiting the organization; hence a notion
of belonging, thus of selection criterion. We can cite the example of cells within the
human body, but also of human social groups (communities), which, when they reach
a critical mass, become conscious of themselves as groups, by identifying themselves.

The concept of structure, in turn, is much more static compared to that of
organization. It corresponds to all the interrelations, interactions, or any other form of
links present in the system. While an organization has a potential, expressed or not,
depending on internal or external solicitations, the structure traces the outlines of a
form via the dependencies it contains.

The form is located in a space, it corresponds to a perception and provides a
spatial representation of both organization and structure (Figure 17.1(b)). The form is
meaningful which brings us closer to the Gestalt [ROS 99], although this theory was
primarily developed in the context of the cognitive perception, especially with regard
the psychology of the form. It is also now, and even first, a general theory of forms
and organizations.

4. It is therefore possible to find such organizations in a hierarchical organization. This observer can be
located within the entities: he considers himself to be in an external position.



372 Artificial Ants

(a) Top view (b) Cut

Figure 17.1. Romanesco cabbage showing fractal form and organization

The form creates a continuity, this continuity highlights the common destiny of a
group of entities that are elements of the form, they evolve together.

17.1.1. Self-organization

Organization thus links, in an inter-relational way, items, events, or individuals,
which become components of a whole. It assumes solidarity and strength related
to these connections, and ensures the system a certain ability to last, in spite
of random perturbations. The organization then transforms, produces, connects,
maintains. Morin in [MOR 81] proposes the neologism organisaction, to point out
the active feature. The organization may result from the system itself and therefore
possess the characteristics of self-organization, which corresponds to the ability of
a system to “establish itself” or “self-build,” while producing uninterruptedly its
own “organisaction” principles. Matura and Varela go still further, speaking of
autopoiesis 5, which they consider as the ability or aptitude of a living system of self-
producing permanently, of creating its living conditions constantly and continuously.
The products of the organization and functioning of the poietic are the very ones that
produce its organization and functioning. Autopoiesis, or permanent reorganization,
is a category applicable to the whole biological order, and, by extension, to the human
social order.

There are two logical systems upon which the self-organization operates. For the
first, a system with self-organization mechanisms is organizationally closed, and the

5. Poiesis, according to Plato, is “a cause which, whatever the thing under consideration, makes it move
from non-being to being.”
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organizational rules are internal to the system. For the second, there are viewpoints
external to the system, like, for example, that of the observer who is studying this
system. Note that these two approaches are also present in the different definitions of
emergence, our opinion is that these two logics do not compete and they do not oppose
to each other.

The first thesis applies to living systems, life ensures keeping the integrity of the
system considered [CAM 03]. The cognitive perception of the system is then the set
of relations compatible with the preservation of identity, i.e. that of organizational
closure. This means that, for a living system, there is no inside or outside. What the
system sees is its own dynamics. The vision is based on the autonomy of the system.

The second thesis includes a level external to the system considered, an
organization is seen as bringing order, regularity, stability, etc. The order and its
variations are considered, in terms of the description field of the external level. The
latter may be that of a more inclusive level, e.g. micro to macro. This second
interpretation is oriented toward control, since we can imagine that the external level
influences or controls the system through organizations. Thus all the interest of that
thesis is understood at the level of artificial systems.

These two viewpoints are actually complementary, thus the cognitive domain of a
living system is determined by its organizational closure. The organization is fixed and
controlled within the boundaries in a self-organization process. In contrast, evolution
is the result of a structural drift phenomenon within the process. This guarantees the
preservation of the cognitive closure of the interacting unit, but allows the control by
everything that promotes or limits the drift. Any living system is autonomous, but is
the result of evolution.

17.1.2. Mechanisms of self-organization

But how do organizations and forms appear? This is due to very numerous
interactions occurring within the system. These interactions are between the entities
themselves, but also with the environment. We can distinguish four fundamental
factors:

1) positive feedback;
2) negative feedback;
3) the presence of a critical number of interacting entities;
4) amplification of fluctuations.

We speak thus of positive feedback when, in response to a change of a system
parameter, the system “answers” by changing this parameter again in the same
direction. This applies, for example, if, in response to the increase in the size of
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an organization, that organization grows even more. Positive feedback is generally
considered as an “explosive” mechanism, in the sense that, if nothing stops it, the
phenomenon grows continuously. A simple example of positive feedback can be given
in sociology: the larger a social group is, the more attractive or powerful it becomes,
and the more it attracts people. However, if it is uncontrolled, this process clearly
leads to the explosion of the group, which becomes too important.

As for negative feedback, as indicated by its name, it does the opposite of positive
feedback. Negative feedback is spoken of when, in response to a change of a system
parameter, the system answers by changing this parameter in the opposite direction.
Negative feedback has a stabilizing effect, it maintains the structures and organizations
created by positive feedback. The terms “negative” and “positive” should not be
understood in the sense of “bad” and “beneficial.” Simply, a negative feedback
stabilizes and a positive feedback amplifies the phenomenon.

Morphogenesis is spoken of when the positive feedback amplifies the creation of
a group, structure or organization, in short, of a form, morphogenesis literally means
“creation of form.” Autocatalytic process is also spoken in reference to physics.

Morphostasis is spoken when the morphogenesis process is controlled by negative
feedback that constantly brings it back to equilibrium, limiting the amplifications,
morphostasis means “conservation of form.”

Thus, if positive feedback creates organizations and has a generator factor called
morphogenesis, negative feedback keeps them in a “stable form”. This is called
morphostasis. However, external interactions (environment, other organizations) may
anytime disrupt organizations so that

– positive feedback disintigrate the organization;
– negative feedback dissolves the organization;
– a major external factor is no longer available, which dissolves the organization.

Self-organization thus creates forms that develop in three phases:
1) the juvenile phase, in which positive interactions are stronger, where negative

interactions do not yet play their role, since no trigger threshold has been met. This is
morphogenesis, the appearance of form;

2) the adult phase, in which the positive and negative work together, thus implicitly
keeping the form in stable state. This is morphostasis;

3) the senescent phase, in which a destabilizing factor destroys the form.

The negative and positive feedback, although necessary for self-organization, and
being somehow its signature, are not necessarily signs of self-organization. It is of
course possible to observe systems in which these two forms of feedback are present,
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although there is no self-organization (thermostat, regulation in automatic control).
Indeed, other criteria are essential: a critical number of interacting entities and the
ability to create its own homeostatic loops.

Although we can consider that complex systems may be very different regarding
their forms and their functions, they share a common characteristic, namely they
consist of a set of interacting entities. Connectivity is thus a universal attribute of
complex systems. Green [GRE 93] shows that they often show similar connectivity
patterns. More importantly, dependencies expressed in matrix models, dynamical
systems, cellular automata, semi-groups, and partially ordered sets are isomorphic
to directed graphs.

Our purpose is to study the interaction graphs, which thus evolve over time, by
searching for underlying organizations. With this aim in view, we will use artificial
ants, which will be attracted by organizations, then “captured” by the organizations
contained in the graph. These ants use their environment, i.e. the graph, to interact
through signals deposited on it. The interactions create both collaboration mechanisms
and competition mechanisms, that allow, in particular, detection of the organizations.
The competition introduces a regulatory mechanism and enables, for example, the
discovery of organizations with possibly non-empty intersections.

The search of organizations or communities in large complex networks has
numerous developments [ALB 02, NEW 04a, NEW 04b, NEW 04c, NEW 06a,
NEW 06b, WAT 98], although some of its foundations belong to the graph theory.

17.2. The main approaches

Prior to presenting an overview of the different approaches, let us first give a
definition of a community or of an organization within the graph meaning. We will
specifically focus on the definitions related to communities. Indeed, the main works
relate to social networks, therefore this vocabulary prevails.

17.2.1. Communities and organizations

The literature does not offer only one definition, although definitions are often
nearby. Thus, Palla et al. [PAL 05] refer to the notion of clique or quasi-clique and
define a community as a set of vertices constituting a k-clique (clique not necessarily
maximum). In this context, they admit that the k-cliques may partially overlap.
Newman and Girvan [NEW 04c] consider that a community is a set of nodes, more
strongly connected between them than with others (Figure 17.2). Rachidi et al. in
[RAD 04] give two possible definitions allowing us to quantify the definition proposed
by Newman [NEW 04c]:
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Figure 17.2. Example of organizations in a graph

– community C in the strong sense:

dout
C (i)> dout

C̄ (i),∀i ∈C

Each node has more arcs within the community than outside;
– community C in the weak sense:

∑
i∈C

dout
C (i)> ∑

i∈C
dout

C̄ (i),∀i ∈C

The sum of all degrees inside C is higher than the sum of degrees with the rest of
the graph.

Let us denote by dout
C (i), the number of outgoing arcs of vertex i belonging to

the community C, connecting this vertex i to other vertices of the community C,
and dout

C̄ (i) the number of outgoing arcs of vertex i belonging to the community C,
connecting this vertex i to other vertices not belonging to the community C.

In general, for the different authors, the density of the sub-graph constituting a
community is p times higher than the global density of the graph 6.

In the context of complex systems, we then consider the interaction graph G =
(V,E) possibly over time. The detection is then to find a set P = {C1, . . . ,Ck} such

6. Proportion of graph’s arcs relatively to the total number of possible links.
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that ∀i = 1 . . .k, Ci are subsets of V and they cover V,
⋃

i=1..k Ci = V . If we consider
that communities Ci are disjoint ∀i �= j,Ci

⋂
C j =∅, then P is a partition of V . The

size of communities and their number are not known in advance in general.

17.2.2. Search of communities

We will now quickly describe the various methods dealing with the search of
communities. For a more complete state of art, we refer the reader to [DAN 05,
PON 07]. The interest of the scientific community is the search of organizations
in large networks [GIR 02] can be dated back from 2002. However, recent works,
although proposing new approaches, are often based on two major classical fields:
graph partitioning and data clustering.

17.2.2.1. Graph partitioning

The objective of graph partitioning is to group the vertices of a graph into a fixed
number k of parts of size t fixed in advance, while minimizing the number of inter-
partitions arcs. Let us consider a graph G = (V,E), such that V represents the set
of vertices and E the set of arcs, and thus the connectivity between nodes. Nodes
and arcs can be valued, although in most models in the literature values are unitary.
Partitioning the graph G is then to divide it into k disjoint partitions, such that the
number of arcs between partitions is minimum and the weight of each partition is
balanced. The weight of a partition is the sum of vertices’ weights, possibly the
number of vertices. It is a NP-complete problem [GAR 79]. Consequently, for large
graphs, it is not possible to guarantee obtaining the solution in a reasonable time, and
the execution time may increase exponentially with the size of the graph. Heuristics
are used to obtain acceptable solutions.

The main methods, spectral [DON 73, FIE 73] and that proposed by Kernighan
and Lin [KER 70], use the recursive bisection. First, the graph is divided into two
partitions, then each partition again in half and so on. This type of method requires
log2(k) steps to divide the graph into k partitions.

The spectral method uses a graph representation by adjacency matrix A = [ai j]
and is to analyze the properties of this matrix A. For this, we calculate the Laplacian
matrix L. The latter, in the case of a valued graph (Figure 17.3), is a symmetric
matrix R×R, built using the adjacency matrix A containing the weights (respectively,
degrees in the case of a non-valued graph) and a diagonal matrix n × n, D such that
D(i, j) = ∑card(V )

j=1 wi, j and D(i, j) = 0 for i �= j (Table 17.1). The Laplacian matrix
is then equal to L = D−A (Table 17.2). The eigenvector v2 corresponding to the
smallest eigenvalue not zero λ2(L) of the Laplacian matrix L of the graph (the smallest
is zero) is then calculated. This eigenvector v2 represents the algebraic connectivity.
The graph is separated into two parts, according to the sign of the components of this
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Figure 17.3. Graph for which we calculate the Laplacian matrix

D 1 2 3 4 5 6
1 1.5 0 0 0 0 0
2 0 1.6 0 0 0 0
3 0 0 1.6 0 0 0
4 0 0 0 2.5 0 0
5 0 0 0 0 1.7 0
6 0 0 0 0 0 1.5

Table 17.1. Diagonal matrix D

L 1 2 3 4 5 6
1 1.5 −0.8 −0.6 0 −0.1 0
2 −0.8 1.6 −0.8 0 0 0
3 −0.6 −0.8 1.6 −0.2 0 0
4 −0.8 0 −0.2 2.5 −0.8 −0.7
5 −0.1 0 0 −0.8 1.7 −0.8
6 0 0 0 −0.7 −0.8 1.5

Table 17.2. Laplacian matrix L = D−A

v2
1 0.1739696
2 0.2141391
3 0.1560865
4 − 0.4161503
5 − 0.6784642
6 − 0.7361319

Table 17.3. The eigenvector v2

eigenvector, as follows: let G1 be the first cluster and G2 the second, if v2(n)< 0, put
n in G1, otherwise put n in G2 (Table 17.3 and Figure 17.4).

The Kernighan and Lin method is an iterative method which is to find a sharing
(C1,C2) of the vertices into two subsets of the same size, while minimizing the cost
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Figure 17.4. Clusters obtained with the spectral method

of the partition f (C1,C2) = ∑i∈C1, j∈C2 wi, j, with wi, j weight of the arc between the
vertices i and j. We know beforehand the size of the organizations that we wish
to detect, an initial partition is then arbitrarily chosen through a greedy algorithm.
The quality of the communities is further improved by exchanging vertices between
them. Thus, as long as the partition cost decreases, the pair of vertices are exchanged
which makes it decrease the most. These vertices are marked, thus they can no longer
be exchanged. If no improvement is possible and some vertices are still unmarked,
the vertices that give the smallest increase are exchanged. Fiduccia and Mattheyses
[FID 82] suggested an improvement in reducing the complexity from O(card(V ))3 to
O(card(E)).

17.2.2.2. Data partitioning

Data partitioning, or hierarchical clustering, is based on statistical methods of data
analysis that seek to group data together, so that they share common characteristics,
based on a distance measure. The distance measures the data similarity and then seeks
to form groups of data close to each other. A graph is often underlying, the data are
the vertices, and the arcs are weighted by the distances between these data. Literature
is very rich on this topic, we can, for example, refer [JAI 88, JAI 99] for a summary.
In terms of methods, there are two main categories: bottom–up approaches, which are
often called agglomerative approaches, and top–down approaches, which are called
separative approaches.

In agglomerative approaches, the process is initialized by creating P0 = {v},v ∈
V}, n communities composed of a single vertex. Then a sequence of partitions
(Pk)(0≤k≤n) generated by merging the communities two by two, according to their
similarity. The choice of communities to merge is thus determined depending on
distances r between adjacent communities to the current partition. The problem
is therefore to determine the measure. There are many measures [Q], several are
commonly used, for example, the minimum jump distance, for which the distance
between two communities is the minimum distance between two of their vertices. On
the other hand we may consider the maximum distance. Other measures are more
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sophisticated, as the distance used by Ward [WAR 63], which is to bring together
communities for which the loss of inertia is the lowest. The distance between two
communities is then measured by the loss of inertia generated by the combination. The
hierarchical structure can be represented using a dendrogram, it is then sufficient to
set a cut point in this dendrogram in order to determine the communities. Figure 17.5
represents a graph example and the detected communities and Figure 17.6 shows the
corresponding dendrogram. The cut made on the dendrogram gives the partition:
{{0},{1,2,3,4,5,6,7,8},{9,10,11,12,13,14}}. The problem is thus to choose the
cut point. We can, for example, use as a criterion, the modularity, which is based
on the proportion of arcs internal to the communities e(C) and the proportion of arcs
linked to the communities a(C):

e(C) =

∑
i∈C

∑
j∈C

wi j

∑
i∈V

∑
j∈V

wi j
, a(C) =

∑
i∈C

∑
j∈V

wi j

∑
i∈V

∑
j∈V

wi j

(a) Graph (b) Graph and the communities

Figure 17.5. Graph on which the communities are searched

The separative approaches are to split the graph into connex components. The
arcs are thus removed one by one and, at each step, the components are identified to
communities. As in the case of agglomerative approaches, one obtains a hierarchical
structure of communities, which can be represented by a dendrogram. In this
approach, the different variants depend on the choice of arcs that are deleted at each
step, generally a centrality criterion is used. They are mainly two in number: the
intermediary centrality [GIR 02], that is, for a given arc, to calculate the number
of shortest paths passing through this arc, and the information centrality [FOR 04],
that is, for a given arc, to evaluate the relative decrease in graph effectiveness,
when this arc is removed. We consider, for this, the communication effectiveness
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Figure 17.6. Dendrogram

between two nodes (i, j), εi j =
1

dist(i, j) , within the meaning of the shortest path, which
allows us to calculate the graph efficiency corresponding to the average of all εi j,
E(G) = 1

n∗(n−1) ∑i, j εi j. We then have the information centrality of the arc (i, j),

ci, j =
E(G)−E(G\(i, j))

E(G) .

17.2.2.3. Stochastic approaches and collective explorations

Stochastic approaches are generally based on random walks in graphs and derived
methods. This is the formalization of the intuitive idea that one can run through a
graph by starting from an initial vertex and choosing at random the next adjacent
vertex. Thus, if one considers a weighted graph without cycle G = (V,E,w), such
that card(V ) = n, the transition probability Pi j with (i, j) ∈ E is Pi j = wi j/∑n

j=1 wi j.
If the length of a random walk tends to be infinity, the probability of being located
on a given vertex j is proportional to its weight [BUR 05]. Random walks thus tend
to be trapped within communities [PON 05, TAD 03]. A dissimilarity index between
each of the nearest neighboring vertices is measured by a random walk. This index is
then used to determine if they belong to the same community. This type of approach
uses both local and more global data about the graph. Bias may be introduced, the
introduction of digital pheromones is an example [BER 06].

17.3. Ants to search for organizations

17.3.1. From communities to organizations

The organizations we have described are dynamic. They evolve over time through
several phases, juvenile, adult, and senescent. This dynamics is the result of ceaseless
interactions between the entities constituting them. These entities can join the
organization to develop in it or leave it.
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The communities we have seen, and most of the algorithms for detecting
communities, are static. These algorithms operate on interaction graphs that are
frozen. Now the very nature of interactions in complex systems is time dependent,
and we are often interested in the trajectory of such systems. Therefore, it is also
interesting to be able not only to identify the organizations within a system at time t
but also to track the evolution of these organizations over time.

This raises a number of problems. However, as we indicated in Chapter 3, the
metaphor of ants is particularly suited to partially dynamic problems. As we have
also seen in this chapter, it is quite possible to apply the existing community detection
algorithms to interaction networks under evolution (represented by dynamic graphs
that we will describe later). We have to take snapshots of the network at selected
times and apply the algorithms on these images. However, such an approach raises
two major problems:

1) tracking the detected organizations between two snapshots is tricky;
2) often, very little has changed between two shots, and it might be useful to reuse

calculations already performed, not to repeat detection from the beginning. Applying
static algorithms “such as” would be time costly.

“Re-optimization” algorithms partly solve the second problem. It is interesting to
note that ant algorithms manage this re-optimization very well. Indeed, the solution
to the problem is built step by step, and a change in the problem data can be taken
into account during this construction, while using already built elements that have not
been modified.

This adaptability of ants can be also observed in the above examples, especially
with the experiment of Deneubourg [DEN 89], which takes the form of a double
bridge between a nest of ants and a food source (Figure 17.7).

In this experiment, several paths are available to go from the nest to the food, some
longer than others. We know that ants are capable of finding the shortest path to the
food (Figure 17.8).

But the choice of ants for a path or another remains probabilistic, although strongly
influenced by pheromones and other heuristics. Thus, a small number of ants continue
to take the longest path, much less marked with pheromone. As a consequence, if a
change occurs, for example, the previous shortest path disappears or is changed, the
new shortest path is taken again. In the example in Figure 17.9, only a part of the
shortest path is changed. Ants alter their behavior only in the part changed.

We can use this adaptability feature to detect organizations. The principle is based
on the pheromone path emergence. This is a form that appears (juvenile phase), is
maintained by ants (adult phase), and possibly disappears, if it is no longer maintained
(senescent phase), as we have just seen with the example developed above.
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(a) © Deneubourg (b) © Vidal/CNRS Picture Library

(c)

Figure 17.7. The double-bridge experiment

We can relate the appearance of organizations within a system with the creation of
pheromone paths or areas maintained by ants.

If the behavior of ants leads them to focus where the organizations are located
in the interaction network, the pheromone deposited on that area will be in greater
amount, thus marking the organization. If the organization evolves, for example, by
expanding, ants can colonize it. If the organization disappears, ants do no longer
maintain the area, and the marking disappears due to evaporation. Such an algorithm
is adaptive and does not necessarily require an objective function.
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Figure 17.8. The double-bridge experiment resolved by ants

The following sections detail an implementation of such an algorithm. The latter
is applied to the layout of distributed applications composed of many interacting
elements, such as those encountered, for example, in simulations, largely related to
complex systems.

17.3.2. Application to the distribution of applications

Many applications and computer simulations are composed of multiple interacting
entities. The various uses of multi-agents systems provide many examples. The study
of complex systems is an important source of simulations, often based on a large
number of interacting entities, homogeneous, or heterogeneous. These applications
may require the addition or withdrawal of entities, as well as changing the interactions
between these entities. For some of these simulations, the number of entities it is
necessary to implement requires the distribution on a computing grid or a cluster of
machines.

When the application behavior, the number of tasks or entities, their execution
duration, and their communications are known in advance, it is possible to determine
a priori an optimal distribution. However, such conditions are rarely met. Under these
conditions, a method is necessary to control the distribution during the execution of
the application.



Detection of Organizations 385

(a) Immediately after the change

(b) After stabilization

Figure 17.9. The double-bridge experiment: change in the problem

We can propose two criteria to distribute such an application, with an additional
cost as limited as possible:

1) set an equivalent number of entities on each machine available, possibly while
respecting machine capacities, both in load and in power;

2) avoid inter-entities communications passing through the network between
machines. In other words, try to set together entities that communicate a lot with
each other.
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These two criteria are contradictory: setting all entities on the same machine
completely reduces the inter-machines communications, but is unacceptable for load
balancing. Distributing all entities without any other criterion on the machines does
not take into account communications, and therefore delay time is induced.

A compromise must be found. It is possible to take advantage of the fact that
entities within certain groups communicate more with each other than with the rest of
the application. In other words, if there are communities or organizations within the
interaction network of the application entities, it is possible to use this characteristic
to set the organizations on the machines. The groups in strong communication remain
on the same machine, thus minimizing the inter-machines communications.

If the number of entities varies over time, and if the interactions are made and
unmade, it will be necessary to re-evaluate the distribution. We must therefore be able
to follow the organizations throughout their life cycle and to be able to keep a good
quality distribution throughout the simulation.

The tool presented here, named Ant COlored COlonies (AntCO2), proposes
to use a metaphor based on the collective behavior of ants to determine a
dynamic distribution able to benefit from organizations, within applications such as
ecosystems’ simulations, for example.

AntCO2, which means Ant COlored COlonies, not only uses the collaboration
between ants to build and maintain solutions (areas marked in pheromone correspond
to organizations), but also uses a competition between ant colonies. For easier reading,
each colony is associated with a color, thus the organizations will be distributed among
colors. Here the colors are assigned to various machines available for computation.
Each machine will thus recruit the organizations of entities of the application it
can run.

In the following sections, we detail AntCO2.

17.3.2.1. Problem formulation

Although very dynamic, the entire system can be modeled by a classical undirected
graph, whose structural and numerical features can change during the simulation.
Within such a graph, each vertex is associated with a simulation entity, and each
arc embodies an interaction between two simulation entities. Therefore, at the
implementation level, arcs actually materialize communications.

More formally, the simulations considered are composed of a number n at time
t of interacting entities. We want to distribute them on p computing resources.
All entities do not communicate with each other two by two, and communications
may vary during execution. Thus, this communication pattern can be modeled by a
dynamic graph.
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Dynamic graph: a dynamic graph G(t) = (V (t),E (t)) is an undirected weighted
graph such that

– V (t) is the set of vertices at time t;
– E (t) is the set of arcs at time t. Each edge (u,v) is characterized by a weight

wt(u,v) ∈ N−{0}.

We distinguish between communications occurring within the same computing
resource, therefore between two entities running on this same machine, and
communications which must pass through a network between machines. We call the
latter, that we seek to minimize, as “effective communications.”

The problem is to distribute the application entities continuously, so that the load is
distributed on each computing resource and at the same time effective communications
are minimized. To resolve this problem, we look for a partition D(t) of the graph G(t),
where D(t) consists of k disjoint subsets Di(t) of V (t), called domains, with

k > 0,
⋃

i=1...k

Di(t) = V (t)

The set of arcs connecting the partition domains (i.e. the arcs cut by the partition),
also called edge-cut, is denoted by B(t).

The goal is thus to find a k-partition, at any time, that distributes in a balanced
way vertices’ weights on each of the computing resources, while minimizing the total
weight of B(t). The number k of domains must be higher than or equal to p, the
number of computing resources. For example, in Figure 17.10, we have a 4-partition
and three domains identified by three colors.

17.3.2.2. Colored ants

The method proposed by Kuntz et al. [KUN 94] for graph partitioning is capable
of detecting clusters of vertices in a graph and collecting vertices such that:

1) if the vertices belong to the same cluster, they are grouped together;
2) the number of inter-clusters arcs is minimized;
3) distinct clusters are at distinct positions in space.

Points 1 and 2 are of interest for our application, however, additional problems
must be considered:

1) the number of clusters may be different from the number of computing
resources;

2) the sum of the sizes of clusters allocated to each computing resource should
be of the same order of magnitude (while considering the processing capacity of the
machine);

3) the number of clusters, as well as the graph structure, may evolve.
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Figure 17.10. A 4-partition with three domains of a graph

For the first problem, in [KUN 97], the authors mention the possibility of setting
the parameters of their algorithm so as to choose the number of clusters to build.
Unfortunately, for our application, it is not possible to determine in advance that
parameter, as also shown in Figure 17.10, where elements of the two opposed and
unconnected clusters must be allocated to the same machine.

Since the number of computing resources available at a given time is known, this
problem can be compared to a competition between the machines, for running as many
entities as possible. This can be directly integrated into the approach using numerical
ants, whereas colonies compete. In our approach, a distinct color is associated with
each computing resource and an ant colony is attached to this color. Each ant is colored
by its colony and deposits pheromones, also of this color.

Thus, in addition to the classical collaborative nature of ant colonies, we added the
competitive aspects to the method. In fact, it reflects exactly the compromise to be
made at the time of the dynamic load distribution which we discussed above. On the
one hand, the collaborative aspects of ants allow us to minimize communications, by
collecting the entities in strongly communicating clusters, and on the other hand, the
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competitive aspects of colored colonies allow distributing the computational load on
the machines.

The following sections provide details on the management of ants, colors, and
pheromones.

17.3.2.3. Description of the dynamic graph and notations

As we mentioned earlier, here we consider an undirected graph, whose structural
and numerical features can change during execution. Colored ants browse this graph,
moving from node to node, by passing through arcs, and depositing on the latter
pheromones, also colored. Therefore, our graph is colored.

A dynamic colored communication graph is a dynamic graph G(t) =
(V (t),E (t),C (t)), such that:

– C (t) is a set of p colors, where p is the number of computing resources available
at time t;

– V (t) is a set of vertices at time t. Each vertex is characterized by a color c ∈
C (t);

– E (t) is the set of arcs at time t. Each arc (u,v) is characterized by:
- a weight w(t)(u,v) ∈ N− {0}, which corresponds to the volume and/or

frequency and/or communication delay between the entities u and v,
- an amount of pheromone of each of p existing colors/colonies.

Figure 17.10 shows an example of a dynamic colored communication graph, where
the method described in the following changes the color of vertices, if it improves
communications or the computing load of machines. The algorithm tries to color
the vertices of highly communicating clusters with the same color. Thus a vertex can
change color several times, according to variations in data exchanges between entities.
In the figure, we can see three colors, one for each machine and four clusters. As we
have said, it may be necessary, in order to get a suitable distribution, to have several
distinct clusters of the same color.

17.3.2.4. Management of pheromones

Let F (t) be the population of ants at time t, and Fc(t) be the set of ants of color
c at time t. Pheromones are deposited on arcs by ants when they pass through them.
Pheromones are colored. An ant x of color c passing through the arc (u,v) between
steps t − 1 and t deposits a given amount of pheromone of color c. This amount is
denoted by Δ(t)

c (u,v,c) and the amount of pheromone of color c deposited by the ants
passing through the arc (u,v) over the period ]t −1, t] is equal to

Δ(t)(u,v,c) = ∑
x∈Fc(t)

Δ(t)
x (u,v,c)
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The total amount of pheromone of all colors deposited by ants on the arc (u,v)
during the period ]t −1, t] is equal to

Δ(t)(u,v) = ∑
c∈C (t)

Δ(t)(u,v,c)

If Δ(t)(u,v) �= 0, the rate of pheromone of color c deposited on (u,v) during the
period [t −1, t] is equal to

K(t)
c (u,v) =

Δ(t)(u,v,c)
Δ(t)(u,v)

with K(t)
c ∈ [0,1]

The amount of pheromone of color c present on the arc (u,v) at time t is denoted by
τ(t)(u,v,c). Initially, τ(0)(u,v) = 0 and this value changes according to the following
equation:

τ(t)(u,v,c) = ρτ(t−1)(u,v,c)+Δ(t)(u,v,c),

where ρ ∈ [0,1] corresponds to the pheromone persistence on arcs, i.e. the pheromone
proportion that is not removed by the evaporation process.

τ(t)(u,v,c) can be considered as the strengthening factor for the grouping in
clusters of vertices based on colored paths. However, due to the presence of several
colors, this strengthening factor is corrected by K(t)

c (u,v) which represents the relative
importance of the considered color compared with other colors. This corrected
strengthening factor is denoted by

Ω(t)(u,v,c) = K(t)
c (u,v)τ(t)(u,v,c)

Thus, if Vc denotes the set of vertices adjacent to u at time t, the color ζ (t)(u) of
this vertex is obtained from the majority color on all its incident arcs

ζ (t)(u) = arg max
c∈C (t)

∑
v∈V (t)

τ(t)(u,v,c)

17.3.2.5. Moving of ants and the management of the population

Ants move according to local information present on the graph. Each computing
resource corresponds to a color. Each vertex takes the initial color of the computing
resource on which it appeared.

The process is iterative. Between two steps, each ant passes through an arc to
reach a vertex. When there are too few ants, evaporation removes pheromones and
the method can be compared to a greedy algorithm. If there are too many ants,
pheromones play a predominant role and the system effectiveness may decrease. Thus,
the population is regulated, depending on the number of computing resources and the
number of entities to distribute.
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Initially, our algorithm creates a given number of ants per vertex. This number
is set according to the power of the machine for which ants work. Then, during
execution, our method tries to keep a constant population density within the graph.
When a vertex appears, new ants are created. When a vertex disappears, ants are
removed.

When a new computing resource appears, the number of colors is incremented by
one. However, the population should be modified so as to incorporate this new color.
This is achieved by changing, in the new color, the color of an equal number of ants
of each pre-existing color. Symmetrically, when a resource disappears, related to a
color c (because the resource is out of order or has become unavailable, unreachable,
etc.) all ants of color c change to one of the remaining colors, in similar proportions
(again, while taking into account the power of the computing resources). Withdrawing
or adding arcs has no effect on the population of ants.

The decision of an ant located on a vertex u, to move toward a vertex vk neighbor
of u is taken according to its color and the colored pheromone concentration of arcs
adjacent to u. Let us define by p(t)(u,vk,c) the probability, for an ant of color c, on a
vertex u, to pass through the arc (u,vk) in the time interval [t, t + 1[. If we denote by
w(t)(u,vk) the weight associated with this arc at time t, then

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

p(t)(u,vk,c) =
w0(u,vk)

∑
v∈Vu

w(0)(u,v)
if t = 0

p(t)(u,vk,c) =
(Ω(t)(u,vk,c))

α
(w(t)(u,vk))

β

∑
v∈Vu

(Ω(t)(u,v,c))
α
(w(t)(u,v))

β if t �= 0

The parameters α and β (both > 0) allow us to weight the relative importance
of pheromones or arc weights. However, if ant choices were directed only by that
probability formula, it would not be possible to avoid random movements.

We therefore introduce a penalty factor η ∈]0,1] in this formula, in order to prevent
ants from returning to arcs recently passed through. This idea is very similar to the
tabu lists used in search heuristics. However, we add this constraint directly into the
probability formula.

Each ant memorizes the last k vertices it has visited. These vertices are stored in a
list Wx for the ant x with card(Wx)< M (where M is a constant). Then, the value of η ,
for an ant x considering the arc (u,v), is equal to

ηx(v) =

{
1 if v /∈ Wx

η otherwise
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For an ant x, the probability of choosing the arc (u,v) during the time interval
[t, t +1[ becomes

p(t)(u,vk,c) =

(
Ω(t)(u,vk,c)

)α (
w(t)(u,vk)

)β
ηx(vk)

∑
vq∈Vu

(
Ω(t)(u,vq,c)

)α (
w(t)(u,vq)

)β ηx(vq)

To complete this formula, we introduce a “demographic pressure,” so that an ant
avoids the vertices already overpopulated by ants of other colors. This enables a better
distribution of ants on the graph, since we look for areas, not paths. This pressure
is modeled by another penalty factor γ(v), on the vertices that have a population
exceeding a given threshold. This factor is introduced in the previous formula. Given
N(v), the number of ants on the vertex v and N∗, the threshold, we assume that

γ(v) =

{
1 if N(v)≤ N∗

γ ∈]0,1] otherwise.

The formula then becomes

p(t)(u,vk,c) =

(
Ω(t)(u,vk,c)

)α (
w(t)(u,vk)

)β
ηx(vk)γ(vk)

∑
vq∈Vu

(
Ω(t)(u,vq,c)

)α (
w(t)(u,vq)

)β ηx(vq)γ(vq)

17.3.2.6. Life cycle of ants

As we have said, the algorithm is based on an iterative process. During the time
interval [t, t +1[, each ant may appear, move, or disappear.

An ant of color c, located on the vertex u, dies if the proportion of colors c on
adjacent arcs is below a fixed threshold θ ∈]0,1], i.e. if

∑
u∈Vu

τ(t)(u,v,c)

∑
c∈C (t)

(
∑

u∈Vu

τ(t)(u,v,c)
) < θ

As soon as an ant has disappeared this way, a new ant of the same color appears in
another position in the graph. This “jump” behavior improves the global behavior
of the algorithm. For example, when the graph is divided into several connex
components, ants may remain trapped on isolated clusters. The jump mechanism may
enable them to escape.

This mechanism keeps the population at a constant level and avoids blocking
situations, such as captures of ants (isolation), deserts of ants, and overpopulations of
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Figure 17.11. Various situations prevented by the jump mechanism

ants (bottling), as shown in Figure 17.11. These problems may occur when the system
encounters a local minimum, for example, when a set of red ants is surrounded by a
group of blue ants within the same organization, or when too many ants are captured
by the same area, due to an excessive pheromone volume in this location. This also
avoids areas with no ant. Finally, it improves the responsiveness of the algorithm,
which must run continuously using evolving data: the dynamic graph.

17.3.2.7. Architecture of AntCO2 and implementation

Figure 17.12 shows the architecture of AntCO2. In this diagram, AntCO2 is seen
as a service within a middleware, but also as using this middleware. The latter allows
the communications between AntCO2 and the distributed application, by providing
the processes of entity migration and the instrumentation aimed at measuring the
communication between entities.

It also serves as an interface with the computing environment, by providing events
for the appearance and disappearance of computing resources.

For the application, AntCO2 is a middleware service that offers migration
“suggestions.”

Since the application is distributed, it would be interesting that AntCO2 is also
distributed, possibly with an instance of AntCO2 on each machine. Each instance has
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Figure 17.12. Architecture of AntCO 2

a set of ants and a sub-graph representing the entities of the application running on
this machine.

Over the iterations, ants are exchanged between instances. At regular intervals,
AntCO2 sends migration instructions to the application. A migration is recommended
when a vertex representing an entity of the application changes color. The application
is free to follow or not the recommendation, based on specific information it holds on
the entity (for example, a migration is impossible, if the entity is attached to a local
resource).

Several methods can be envisaged to distribute AntCO2, as shown in Figure 17.13.
The first method places AntCO2 on a single-specific machine. The second allocates
several machines only to AntCO2. The latter, as described above, places an instance
of AntCO2 on each machine. This last technique has the advantage of distributing the
load of AntCO2. Moreover, the load distributed by AntCO2 is probably proportional
to the load of AntCO2 itself (since the number of ants is proportional to the power of
machines and the number of entities). Thus AntCO2 self-distributes its load.

17.3.2.8. Results

The dynamic load distribution is within the class of distributed problems changing
with time. It is therefore difficult to compare solutions on dynamic graphs. There are
few dynamic distribution algorithms suitable for comparison. Moreover, as we have
already seen in Chapter 3, finding an optimal solution for each problem step on static
graphs is difficult. But, even in that case, applying the solution to each step would not
be optimal, because there could be a lot of migrations between two steps: there would
be no continuity of the solutions over time. A dynamic graph considered as a solution
must also take into account the transitions between steps.
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Figure 17.13. Distribution modes of AntCO 2 (A: application and S: AntCO 2)

As we have seen, two measures might be useful to analyze the quality of the results
of our algorithm:

1) the global cost of communications;
2) the load balancing of the application.

These measures are antagonistic.

In order to evaluate our solutions, we have to define two criteria r1 and r2. The
first criterion r1 ≥ 0 is the ratio of the number of effective communications to the
total number of communications (in other words, the ratio of the number of inter-
organizations arcs to the total number of arcs). The solutions are better when r1 is
small. If B(t) is the set of inter-organizations arcs:

r1 =

∑
B(t)

w(u,v, t)

∑
E (t)

w(u,v, t)

The second criterion, r2, measures the load balancing among the available
machines, regardless of communications. For each color c, the set of vertices of color
c at time t is Vc(t). Thus

r2 =
min(K )

max(K )
, with K = card(Vc(t))

The load balancing is better when r2 is close to 1.

In the case of static graphs, these criteria allow us to store the best solutions seen
so far, in order to always have a good solution available. However, our interest lies in
dynamic graphs.
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As we primarily seek organizations, r1 is considered to be the most important
criterion. Indeed, it is explicitly defined in the behavior of our ants, while r2 is
implicitly optimized by the competition mechanism.

An application dealing with the simulation of a marine ecosystem [TRA 05] has
been developed, in order to test AntCO2. This application is based on the principle
of boids of Reynolds [REY 87], with several modifications. This application not
only allows us to test AntCO2 on a real problem but also permitted to compare its
performance with that of two other distribution methods.

The general behavior of boids defined in this simulation is identical to the one
proposed by Reynolds, however, the environment considers an extra carrier flow,
which affects their movement. In addition, there are several species of boids, each
of which can be set differently. Two individuals from different species repel.

Thus the positive feedback namely
– attraction toward the barycenter of the group perceived;
– orientation in the general direction of the group;
– adaptation to the velocity of the group,

are counteracted by several negative feedback, namely
– minimum distance vis-à-vis members of the group;
– view angle below 360◦;
– escape reaction vis-à-vis other species.

These mechanisms enable the creation of organizations of boids which, instead of
forming ultimately only one group, are split into several organizations, evolving over
time, likely to be broken by other species.

The implementation of this simulation uses a grid, thus avoiding to browse the
whole space, to determine the neighborhood of individuals to consider when moving.
Moreover, this grid is used to simulate a mode of distribution involving a grid of the
environment.

Three modes of distribution were tested using this simulation:
1) random;
2) with a grid;
3) AntCO2.

In the random mode, boids are assigned a processor as soon as they arise and
keep it thereafter. In the simulation we used, the number of boids is fixed in advance
and does not vary afterwards. This mode of distribution provides an optimal load
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balancing. Each machine is loaded equivalently. In contrast, the communication load
is not taken into account. Within an organization, it is therefore very likely that two
communicating boids are assigned different processors. This mode of distribution is
thus the worst, with respect to network load.

In the grid mode, the environment is divided into grids, and these are each assigned
to a computing resource. Boids are run on the computing resource assigned to
the grid where they are. This mode improves the minimization of communications
at the expense of the machine load equalization. Indeed in this mode, as boids
can move without constraint, it is possible that all individuals migrate on a given
machine. Moreover, vis-à-vis communications, an organization may stagnate at the
boundary of two grids managed by different processors, thus inducing high-intensity
communications in the network.

These two modes were compared with the results produced by AntCO2. The latter
operates a good compromise between network load and machine load. With regard to
the quality criterion r1 related to communications, results are better than those of the
other two approaches. For r2, AntCO2 gives similar results, or even better than the
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Figure 17.14. Comparison on the criterion r1 between the “random,” “grid,” and AntCO 2

strategies with 200 boids
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grid. However, on the criterion r2, it is of course impossible to surpass the random
mode, for which the number of boids is invariant and the allocation is perfect from
the start.

Figures 17.14 and 17.15 show the evolution of criteria r1 and r2, respectively,
on a test with 200 boids, distributed in four species, during 5,000 time steps. The
figures compare the three strategies discussed: random, by a grid, and AntCO2. For
r2, random allocation, always perfect, is not shown.
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Figure 17.15. Comparison on the criterion r2 between the “grid”
and AntCO 2 strategies with 200 boids

17.4. Conclusion

We have developed an approach based on a collective intelligence mechanism
allowing us to detect organizations. The general algorithm involves a dynamic
graph and uses two properties: the positive feedback, which maintain the paths
in the graph between strongly connected nodes, and the negative feedback, which
isolate communities. This isolation creates a membrane with an “inside” and an
“outside.” The organization is operationally closed, but it is open to the flows
of information/energy. The first point is controlled by numerical ants, through
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the pheromone deposit, while the second is wholly controlled by the environment
(evaporation, deletion of arcs, weight, etc.). The negative feedback also induces,
among other features, that the algorithm is adaptive: it is thus able to cope with the
dynamics of the graph, by “forgetting” organizations that have become obsolete, due
to evolutions. The detected organizations emerge from ant behaviors, this emergence
is not explicitly implemented. These organizations are the solution.
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Chapter 18

Artificial Ants and Disability: Three Examples
Dealing with the Compensation for Autonomy
Losses and Games for Visually Impaired People

18.1. Introduction

The team “Handicap and new technologies” (HaNT) from the laboratory of
computer science of the University of Tours, in France, aims to use the latest concepts
of computer science to tackle some daily problems of disabled people. In this chapter,
we present some examples of achievements showing the contribution of artificial ants
in this area. We focus on describing the characteristics of artificial ants used and limit,
therefore, the comparison with other solutions.

The accessibility issue cannot be reduced to handling specialized interfaces for
each type of disability (motor, sensory, etc.). There are cases in which accessibility
requirements can be formulated in terms of adaptability. In the case of virtual
keyboards, for example, where the user manipulates a pointer to select keys on
a keyboard shown on the screen, the fatigue induced by the use of the physical
interface, allowing us to move the cursor, prompts us to propose a keyboard capable
of reconfiguring itself, depending on the use made of it. We propose, in section 18.2,
to use an artificial ant algorithm to reconfigure the position of keys, depending on the
use made of the keyboard. Although this type of keyboard is rather intended to relieve
those affected by a heavy motor disability (and therefore unable to use a classical
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“QWERTY” keyboard), the change during use (or periodically) of the keyboard may
be unsuited to the cognitive effort imposed to the user. In such case, the method we
propose must be confined to initialize the keyboard. However, in a situation where the
effort of moving the cursor is higher than the effort of searching for a key likely to
change places on the virtual keyboard, then we can hope to reduce fatigue and enable
a disabled person to use his computer longer.

The second example that we had develop relates to Internet accessibility. It is to
propose a configurable tool capable of producing a web site map, i.e. of constructing a
tree whose leaves are the pages of the web site. This tool is configurable, in the sense
that the user can specify a variable complexity level of the representation. Ants are, in
this case, involved in the process of building the tree and take particular advantage of
the textual information available in the pages.

The last example is dedicated to children: young visually impaired and blind
people are quickly convinced of the value of computer tools to compensate for their
visual impairment. However, the field of video games remains inaccessible to most
of them and this causes a feeling of exclusion. For a video game to be accessible
to visually impaired and blind children, it is notably required that the response level
configuration of the game program is appropriate to the demands of the child. We
have to propose a virtual opponent both realistic and attentive to the impairments
and delays induced by a disability (which may also be cognitive). To address this
issue, we have proposed to use a model of labor division in ants for the game engine
(more specifically to play the role of virtual opponent). Automatic adaptation to
the play level has been introduced through an adaptation mechanism of response
thresholds of ants.

18.2. Optimization of virtual keyboards

The “QWERTY” organization of the keys of alphanumeric keyboards was
developed for typewriters by Latham Sholes in 1868 and became popular in 1873,
at the time of their mass production. This organization of keys has been established
such that the letters often contiguous in English language words are far apart on
the keyboard, thus minimizing the risks of clashing typewriter hammers. Note that
the original QWERTY keyboard of Anglo-Saxon countries was reorganized under
the same constraints, for example, giving the AZERTY keyboard in Francophone
countries, or the QWERTZ keyboard in Germany. This hammer problem is now
outdated, therefore, the organization of keys is not optimized for either comfort or
quick capture. Thus, research has been conducted to find the optimal organization of
keys on a keyboard, so that the capture velocity is maximized.

Our work is inspired by a paper by Eggers et al. [EGG 03] in which the authors
proposed to create an optimal keyboard for the capture velocity and for a given
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language. For this, they used an algorithm based on artificial ants. The presented
results are quite convincing and well argued. However, this work includes, from our
point of view, two main limitations:

– Once the optimal keyboard has been found for every known language, the
optimization program does not need to be launched again (except for designing a
keyboard comprising new keys).

– Even if keyboards today are not optimal, a new organization of keys, although
enabling greater efficiency, will not be adopted by users. Indeed, we can think of the
Dvorak keyboard designed in 1936 by Dvorak and Dealey: to replace the AZERTY
keyboard, authors proposed to place the most used letters in Francophone countries
on the middle row. A version of this keyboard was created to replace the QWERTY
keyboard of the Anglo-Saxon countries. However, this keyboard was never adopted.
Indeed, most people who tested this keyboard, while enjoying great ease with the
AZERTY (or QWERTY) keyboard, have refused to learn a new keyboard.

In the disability context, particularly regarding technical aids, we believe however
that an algorithm for optimizing the layout of keys on a keyboard may be useful and
not limited to a few uses:

– People with severe motor disabilities often cannot use keyboards and must
be satisfied with a pointer that they move on the screen. In this case, they use a
virtual keyboard displayed on the screen, when they need to capture text. Disabilities
are inherently highly variable from one individual to another, the needs are thus
particularly important for “tailor-made” configurations. The optimization algorithms
available can therefore be used for each new user.

– Disabling functional impairments are often evolving, requiring continuous
adjustment of the tools developed to adapt the interfaces to users. Optimization
systems inspired by ants have the ability to draw advantage from previous
optimizations (by reusing an old pheromone matrix). This can be useful in the case of
keyboards.

– With a view to using a virtual keyboard in a professional context, a person with a
motor disability may divide and specialize his computer activities and use keyboards
adapted to each of them.

For these reasons, we believe that the first work on keyboards and ants [EGG 03]
is interesting, but misses its audience. In the remainder of this section, we detail
the functioning of ant colony optimization (ACO) on this issue of virtual keyboard
configuration.

18.2.1. Modeling the problem

The problem model that we present in this section is simplified compared with
what can be expected from a virtual keyboard. However, this model will be sufficient,
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at first, to describe the method and test its behavior on reduced examples, to identify
early trends. We therefore consider the following data:

– a keyboard of m×n keys;
– a set of texts to capture, or a set of documents generally produced by the user in

a specific context (emails, programing, etc.).

The goal is to find the best organization on the keyboard, such that the user
movements are minimized, when moving from one key to another.

The role of ants is to assign to each keyword location, initially empty, a new
symbol (i.e. a letter or a key). For this, ants are influenced by the pheromones
deposited by their congeners. Different possibilities for using pheromones are
available:

– pheromones are used by ants to choose, on the keyboard under construction, the
appropriate position of each symbol (pheromones link the symbols to the keys of the
keyboard);

– or pheromones are used by ants to choose the next symbol to assign, at each step
of the solution construction (pheromones link the symbols to each other).

We have focused our attention on the order of keys – to reduce movements during
capture with a stylus – and not on their positions on the keyboard which proves more
important when typing with both hands. Subsequently, we will consider the second
option: pheromones will thus be deposited between the symbols and ants will focus
on the order of the symbols.

18.2.2. Main algorithm

Algorithm 18.1 describes the method for generating a virtual keyboard,
i.e. for assigning a symbol to each empty location of the keyboard. It corresponds
to a classical artificial ant algorithm: ants build solutions, of which the best is
used to update the global memory; this process is repeated, for a given number of
iterations.

18.2.3. Construction of the solution

At each iteration T ∈ {1, . . . ,T max}, each ant k builds a solution (i.e. a keyboard)
Kk, based on a collective memory, called a pheromone in its natural environment.
Artificial pheromones are real values that are used by ants to build a solution. Let us
denote by τi, j the amount of pheromone between the symbol i and the symbol j. Let
us add that ants also use a local information ηi, j called “desirability.” This value is
calculated at the beginning of program execution and evolves during iterations.
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1: Initialize pheromone values τ0
i, j

2: for T max iterations do

3: for all ant k do

4: Build an organization of the keyboard Kk
5: Evaluate the quality of Kk
6: end for

7: Update pheromones values, according to the quality of the new solution and the
natural evaporation of pheromones

8: end for

9: Return the best keyboard found since the beginning

Algorithm 18.1: Organization optimization of the keys of a keyboard using artificial
ants

At time t of the iteration T , the ant has built the partial solution Kk(t), where i is
the last symbol assigned. The probability of affecting the symbol j following i in this
keyboard under construction is given by

P(t)(i, j) = P(T )
e × τα

i, j ×ηi, j

∑
l∈N(Kk(t))

τα
i,l ×ηi,l

+(1−P(T )
e )

×
{

1 if j = arg max
l∈N(Kk(t))

{τα
i,l ×ηi,l}

0 otherwise
[18.1]

where j is selected in the set N(Kk(t)), which corresponds to the set of symbols left
to affect the keyboard under construction Kk(t). The exponent α corresponds to a
parameter determining the importance of pheromones versus desirability. P(T )

e is the
exploration/exploitation probability, which is often constant in ant algorithms. In our
algorithm, this value varies during iterations, as follows: P(T )

e = 0.8(T/T max). This
variant aims to increase the exploitation behavior of ants versus exploration, when the
iteration number increases.

At time t = 0, the ant starts with a virtual symbol used only as a starting point. At
time t = m× n, the ant has finished building its solution and the obtained keyboard
can be evaluated. Figure 18.1 shows a small organization example of the keys of a
keyboard.

18.2.4. Evaluation of the solution

The quality Q(K ,S) of a layout K is calculated according to a sequence of
symbols S = {s[1],s[2], . . . ,s[|S|]} of length |S|. The quality relates to the length of
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Figure 18.1. Keyboard of size 12×3

the movements needed to capture the sequence on the keyboard K :

Q(K ,S) =
100
|S|

|S|−1

∑
i=1

dε(s[i],s[i+1]) [18.2]

where dε(x,y) is the Euclidean distance between the keys x and y of coordinates
(x1,x2) ∈ {0, . . . ,m−1}2 and (y1,y2) ∈ {0, . . . ,n−1}2 on the keyboard K :

dε(x,y) =
√
(x1 − y1)2 +(x2 − y2)2

Thus, the less Q(K ,S), the best the quality of the keyboard K for the text S.

18.2.5. Update of pheromones

As soon as all ants have built their solution, the value of each pheromone is
updated, according to the following rule:

τi, j ← (1−ρ)τi, j +ρ
A

∑
k=1

Δk
i, j [18.3]

ρ is called evaporation coefficient and Δ is calculated such that promoting a good
choice for ants:

Δk
i, j =

⎧⎪⎪⎨
⎪⎪⎩

min
l∈{1,...,A}

{Q(Kl ,S)}
Q(Kk,S)×(Rank(Kk)+1) if the symbol j follows the symbol i in the keyboard Kk

0 otherwise
[18.4]

where A is the number of ants.
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Ultimately, Δk
i, j increases each time an ant places in its keyboard the key j after the

key i, and Δk
i, j is inversely proportional to the keyboard quality, as well as to its rank,

in descending order of qualities (Rank(Kbest) = 1). So Δk
i, j increases all the more that

the keyboard quality is good (i.e. Q(K ,S) is small) and that this keyboard is better,
compared to other keyboards generated. Furthermore, if no ant has decided to place
the symbol j after the symbol i, the amount of pheromone between these two symbols
evaporates naturally, according to the parameter ρ . Finally, pheromone values are
comprised in the interval [τmin;τmax].

Name Type Length
S1,S2,S3 Extracts of a blog 1,564, 3,269, 2,370
S4,S5,S6 Programing codes in language C 1,943, 3,495, 2,934
S7,S8,S9 Extracts of tales by J. Grimm and W. Grimm 8,802, 9,425, 6,193
S10,S11,S12 Extracts of newspapers 4,103, 2,105, 4,701

Table 18.1. The 12 documents used for the tests

18.2.6. Experimental results

To study the performance of our algorithm, we used a set of 12 different documents
classified into four types (Table 18.1). Each time, a keyboard of size 20× 3 and the
same set of characters are used, namely,

��������	
������������������!�� !"#$%&'()* +,-./01234567�

The program parameters were chosen as follows:
– Range of pheromone values: [τmin;τmax] = [0.1;0.9].
– Initial pheromone value: τ0

i, j = τmaxiρ i �= j and τ0
i,i = 0.0.

– Evaporation coefficient: ρ = 0.01.
– Decidability ηi, j: calculated according to the relative frequency of co-occurrence

of the symbols i and j in the text in question.
– Number of ants = number of symbols to be placed on the keyboard (57 in our

case).
– Number of iterations: 500 (each ant builds 500 keyboards).

Figure 18.2 shows the evolution of the keyboard quality, of the pheromone value,
and of the pheromone entropy (equation [18.5]) for the document S1 (blog).

Ent(T ) =−
m

∑
i=1

n

∑
j=1

|τi, j − τ̄ |
max

u,v
{τu,v}−min

u,v
{τu,v} log

|τi, j − τ̄ |
max

u,v
{τu,v}−min

u,v
{τu,v} [18.5]
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(a) (b) (c)

Figure 18.2. Graphs for the document S1 (blog): (a) evolution of the keyboard quality (the
best since the beginning of the execution, the best of the iteration, the average over all the
population), (b) pheromone value (max, min, and average over all paths), and (c) pheromone
entropy. First line: α = 2, second line: α = 1, third line: α = 0.5, and last line: α = 0

Four values of α are compared: α = 1 (pheromones and desirability are of equal
importance in the probability formula of ant decision), α = 2 (pheromones are used
two times as much as desirability), α = 0.5 (pheromones are used two times less
than desirability), and α = 0 (pheromones are unused). Each curve represents the
average of 30 independent runs. The curves obtained for the other documents are very
similar to those obtained for this document. We can notice that the entropy curve of
pheromones (column (c)) is more or less the same, regardless of the value of α: the
pheromone entropy only depends on the average pheromone value, which decreases
in the same way in all cases (when most paths have reached the minimum pheromone
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value τmin, around iteration T = 220, see column (b)). However, we can see that
when pheromones are unused (last line), the average quality of the population and
the best keyboard for a given iteration remain constant; while for α = 2, the quality
of keyboards generated by the whole population decreases (with a slow-down around
iteration T = 220), i.e. the keyboards are more and more suited to the type of text to
capture.

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12
S1 1.89 5.43 1.47 37.24 73.75 29.69 1.90 4.30 2.90 3.40 3.19 3.50
S2 9.84 1.66 0.73 44.49 80.19 29.87 3.68 5.37 5.78 6.17 6.77 4.53
S3 11.77 7.29 0.20 39.42 82.88 26.97 6.07 8.82 7.23 7.30 7.75 7.28
S4 21.57 19.86 15.13 1.09 42.07 10.46 17.49 20.04 18.21 17.28 16.87 17.94
S5 50.35 47.34 45.06 38.04 0.00 33.10 47.63 46.64 42.21 49.04 50.38 47.10
S6 74.34 70.69 69.15 90.06 109.08 0.00 73.23 72.12 70.19 71.02 69.74 70.33
S7 8.39 7.65 4.12 41.56 74.31 30.33 0.25 4.31 3.95 5.27 6.59 5.29
S8 7.83 5.26 1.80 38.73 75.70 25.43 1.48 2.53 2.53 5.21 5.22 4.74
S9 8.35 8.04 4.50 41.61 76.80 31.86 2.18 5.31 0.60 7.53 7.15 5.80
S10 7.24 5.94 1.64 36.87 74.87 25.55 2.85 5.07 4.10 1.29 4.01 2.84
S11 6.81 7.32 2.68 41.08 78.09 25.35 3.01 5.69 4.79 3.85 1.27 3.72
S12 6.16 7.46 2.39 42.00 87.65 31.73 2.51 5.56 4.52 3.91 5.07 1.41

Table 18.2. Performance of the best keyboard generated for each document (in line) to capture
the 12 documents (in column) of different types (results are given in %)

For each document {S1, . . . ,S12} and each of the 30 independent runs, we got a
virtual keyboard. This keyboard is then used when capturing the 12 documents, so
as to evaluate its quality. The values reported in Table 18.2 give the performance of
a keyboard with regard to the 12 documents. We can note that, for a given keyboard
(i.e. generated by a given document), the best performance, when capturing a text, is
obtained when the text captured is the one that was used to design the keyboard, and,
more generally, when the text captured is of the same type as the reference text used
when creating the keyboard. This confirms that using a keyboard fitted to the user
activity induces better performance. For example, we clearly see that the keyboards
built from a text in C language are really more effective than the other keyboards, to
capture a code in C.

18.3. Generation of a web site map for blind people

One of the major problems of the Internet is to find the desired information. To
navigate more easily in a web site until the page likely to contain what he is looking
for, the Internet user can use the site map. If the latter is absent, generators exist.
However, they just provide different visualizations to represent the site map, as it
exists. A web site offering a lot of links from the home page leads to a map that is
already complex at the first level of the tree representing the site structure. Anyway,
even with a site map, navigation may be difficult, especially for disabled people. Let
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us consider the case of blind people: if a site map allows them to take their bearings
more easily, it is still difficult to remember a large number of links at every level of the
tree. To access the information sought, it is desirable to have only a limited number of
choices, here corresponding to the number of sub-pages.

Therefore, we propose a method that generates a site map independent from the
actual structure of the web site, but adapted to memory capacities of the user. Our
approach allows the user to specify by himself the maximum number of sub-pages to
which he wishes to access at each level of the tree. Thus, the generated map must meet
this requirement, while providing a structured tree according to the different themes
covered in the web site.

The determination by the user of the number of available choices at each
hierarchical level, according to his own capabilities, ensures the map representation is
not overloaded. Thus, the generated map suits to the difficulties encountered by blind
people in the course of their Internet browsing, as it enables them to navigate on a web
site, while having full knowledge of all possible alternatives.

Although originally designed for blind people, the site maps generated may
also help any user of the Internet, disabled or not, including people suffering from
cognitive deficiencies or memory losses. Moreover, our generator can provide
valuable assistance to web masters who wish to reorganize their web sites. They will
thus visualize a thematic representation of their site, and will have means to facilitate
the navigation, by setting a maximum number of links to each level of the tree.

To resolve this problem of transforming a graph into a tree, we used an artificial
ant algorithm. To this end, we got inspired by the approach by Reimann and
Laumanns [REI 04], which can generate a tree from a graph, using artificial ants. We
adapted this method to our issue of generating a web site map for visually impaired
people.

18.3.1. Modeling the problem

Reimann and Laumanns used an ACO-type algorithm for solving the capacitated
minimum spanning tree (CMST). The role of artificial ants is to determine optimum
groupings of graph nodes. Once the groupings are made, the remaining sub-problem
is to find the tree of minimum weight, which can be achieved through Kruskal’s or
Prim’s algorithm. Taking the ACO algorithm as a basis, we achieved a web site map
generator for disabled people. It is actually easy to make the analogy between the
structure of a web site and a ground consisting of the anthill nest and several food
sources. For this, let us consider a network of food sources interconnected by paths,
and ants moving between these sources. We note that ants can use existing paths
or create new ones to connect at best the various food places. Each element can be
confronted with its biological counterpart that it models, namely:
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– The nest: it relates to the homepage of the web site. The nest essentially consists
of ants and an area for storing food, as well as information on the traveled distance to
collect food. In our architecture, this amounts to memorize the traveled path to reach
a webpage.

– Food: each webpage contains a certain amount of information, which is always
available at each viewing of the page by the user. By analogy, each webpage represents
a renewable source of food for ants.

– Paths: they represent, in turn, the links between pages. Let us add that a path
is characterized by its length – which represents the dissimilarity between webpages
– and is marked with pheromones if it is involved in the design of a solution to our
problem. Several dissimilarity calculations between webpages are possible. We used
a term frequency-inverse document frequency (TF/IDF) [SAL 83]. First, a minimum
threshold is raised to filter terms of too low weight. For each document i making
up the web site, we calculate a tfidfi vector, each component of which is denoted by
tfidfi, j, with j a term of the document i. Note that each component can be calculated
as follows:

tfidfi, j =
tfi, j

df j
[18.6]

where tfi, j (for term frequency) represents the occurrence frequency of the term j in
the document i and df j (for document frequency) represents the occurrence frequency
of the term j in all documents of the web site. To calculate the similarity between
two documents of the web site, a cosine measure is performed between tfidf vectors
representative of the two documents. Thus, the closer the pages thematically are, the
shorter the path connecting them is.

Figure 18.3(a) represents the modeling of a web site consisting of the homepage
(the nest) and three webpages (the three food sources).

Ants must mark paths with pheromones to reach each food source through a single
route, the shortest possible. Therefore, a site map could be to keep three links from
the homepage toward the three pages. In our approach, it is precisely the user that
determines the maximum number of links at each level. However, if he wants to have
at most two links, this is not a feasible solution. Figures 18.3(b) and (c) show two
possible solutions (among others). In Figure 18.3(b), only already existing paths were
preserved (use of existing links), whereas in Figure 18.3(c), a path connecting page 2
to page 3 was created by ants (presentation of a link in the site map, although it does
not exist in the actual structure of the web site).

18.3.2. Main algorithm

Our method for generating a map consists of three separate modules: first, the site
analysis, second, the map generation, and third, the map display. In the first part, the



414 Artificial Ants

(a) (b) (c)

Figure 18.3. (a) The anthill and three sources of food; the solutions of site maps with at most
two outgoing links: (b) use of links already existing, and (c) creation of new links

web site is analyzed (generating a graph depicting the site) and the similarity between
webpages is evaluated (it defines the distance between the food sources). At this
stage, the map generation can begin. The general principle of the site map generation
algorithm is given by Algorithm 18.2.

1: Initialize pheromone values τi j
2: repeat

3: for all ants do

4: Generate the h circuits
5: for all circuit do

6: Generate a tree with d-Prim algorithm
7: end for

8: end for

9: Update the best solution found
10: Update the pheromone matrix τττ i j
11: until validation of the stopping test
12: Output the best solution found since the beginning

Algorithm 18.2: Generation of site map using artificial ants

The role of ants is to generate a number of h circuits. The circuits are groupings
of food sources close to each other. Once the h circuits have been generated, all
food sources must be accessible. Departing from each food source i, hi circuits are
generated. This number of hi circuits is a variable depending on memory capacities
of the user. At the beginning of the map generation, the user specifies the value of the
variable Klinks which corresponds to the maximum number of outgoing links from each
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tree node, which he wishes to achieve in his site map. This value of Klinks corresponds
to the maximum number of paths allowed to leave a food source to reach all food
sources. Thus, the number of hi circuits, departing from a food source, generated by
each ant is such that hi ≤ Klinks.

Prim’s algorithm allows us to build a spanning tree of minimum weight from a
connex graph G with a positive valuation of edges. The first vertex of the graph, which
is marked, is determined randomly. At each step, it connects an unmarked vertex of
G to a marked vertex (i.e. already placed in the tree under construction). The tree will
thus grow, until it covers all graph vertices. At each step, the new vertex y is marked so
that y is adjacent to a marked vertex x and the edge (x,y) is the edge of lowest weight.
In our method, the d-Prim algorithm (Algorithm 18.2, line 6) is used on sub-graphs
of the initial graph representing the web site (or more precisely on groupings of pages
made by the artificial ants). The graph G consists of all vertices of a circuit generated
by an ant, and each vertex of G is connected to all other vertices. The valuation of the
edges corresponds to the measure of the TF/IDF.

18.3.3. Construction of the solution

When constructing a feasible solution, the ant must choose the path to take to
reach a food source. These are influenced by the distances between food sources and
the amount of pheromone deposited by its congeners. This decision rule can thus be
expressed as follows:

Pi j =

⎧⎪⎨
⎪⎩

si jτττ i j
∑(h,l)∈Ω shlτhl

if (i, j) ∈ Ω

0 otherwise
[18.7]

where Ω represents all possible paths to reach the food sources that are not yet
connected to a circuit. In equation [18.7], Pi j gives the probability of grouping the
food sources i and j in the same circuit. τi j represents the amount of pheromone
present on the path connecting the food source i to the food source j. si j represents
the saving achieved through the grouping of the sources i and j. Figure 18.4 gives an
example for the calculation of the saving, where di j is the distance between sources i
and j. This is the case where the ant is located on a node called O (its starting node)
and must decide whether it wants to group i and j in the same circuit or not.

Initially, the node O corresponds to the nest and each food source is reachable from
node O. The cost of this solution is the sum of distances to connect O to each source
and to return to node O (Figure 18.4(a)). Figure 18.4(b) represents the configuration
where source j is placed following node i in the same circuit. The cost of this solution
will therefore become the sum of distances to travel the circuit (Oi j). Eventually the
saving si j, achieved through a link from i to j in the same circuit, is the difference
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Cost=dOi +diO +dO j +d jO Cost=dOi +di j +d jO
(a) (b)

Figure 18.4. Calculation example of the saving si j

between the two costs presented in Figure 18.4, and is given for this example by
equation [18.8]:

si j = diO +dO j −di j [18.8]

When an ant builds its route, it must also be careful not to scatter too much – the
number of paths directly departing from a node i being limited by the value of Klinks.
Thus, when the ant decides to visit a new food source, and knowing apriori the other
possible destinations, it may choose to search for its destination:

– From the end of a path already initiated.
– From a starting node i, if the number hi of paths already generated from node i

is less than Klinks. Indeed, if hi = Klinks, then no other circuit can be generated from
node i, therefore ∀ j (i, j) /∈ Ω.

While building Ω this way, it still has to make its choice, which will be influenced –
as shown by equation [18.7] – by the saving, which depends on the length of paths,
and by the amount of pheromone on the paths.

Figure 18.5 illustrates the generation of circuits by an ant. Let us suppose that the
user has set Klinks = 3. In this example, there are eight food sources and the nest. Let
us imagine the work of an ant initially located in the nest O.

Initially, to calculate the cost of this solution, we consider that each source is
connected to the nest O (Figure 18.5(a)) and each is able to start a circuit. We
then have Ω = {(Oa),(Ob),(Oc),(Od),(Oe),(O f ),(Og),(Oh)}. The ant must then
choose what will be the beginning of its first circuit. For this, we calculate Pi j,
∀ (i, j) ∈ Ω. Figure 18.5(b) illustrates the case when the ant has chosen to move
toward the food source a. At that time, hO = 1 ≤ Klinks. The ant can thus continue
its circuit beginning with a or create a new circuit from O, which induces Ω = {(Ob),
(Oc),(Od),(Oe),(O f ),(Og),(Oh),(ab),(ac),(ad),(ae),(a f ),(ag),(ah)}. It is then
influenced by the amount of pheromone on the paths, as well as by the saving
potentially achieved. Figure 18.5(c) shows this same generation of circuits after
several choices of the ant. Here, three circuits are under construction: (Oab), (Oe),
and (O f g). We therefore have hO = 3. The limit of the number of circuits to generate
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(a) (b) (c)

Figure 18.5. Generation of circuits by artificial ants: (a) initially all nodes are connected to
the nest, (b) the ant has decided to link ‘a’ to the nest, and (c) there are still three nodes (‘c,’

‘d,’ and ‘h’) to connect, by extending already existing circuits

from O has been reached. There are still three food sources to place, but it is no
longer possible to generate a new circuit from the nest O. We therefore have Ω =
{(ac),(ad),(ah),(bc),(bd),(bh), (ec), (ed), (eh),( f c),( f d),( f h),(gc),(gd),(gh)}.
The ant will thus have to complete the circuits already initiated or to create a circuit,
from nodes already belonging to a circuit, until Ω = /0.

The role of an ant is to bring back to the nest some food coming from all sources.
It must access to a source by only one path, the shortest possible. Once its task
performed, the d-Prim algorithm is executed on each circuit, to generate sub-trees of
minimum weight, which validate the constraint, at each level of the tree, of maximum
number of links below Klinks. A feasible solution to our problem of generating a tree
satisfying the Klinks constraint is then obtained. Once all ants have built their solution,
only the best is stored (Algorithm 18.2, line 9).

18.3.4. Update of pheromones

Each time all feasible solutions have been generated, the amount of pheromone on
the paths is updated. This influences the choice of ants on the path to use to get to a
food source. Choosing a path not only depends on the minimum distance available to
reach the source in question, but also on the amount of pheromone present on the route.
At first pass of the colony, ants will be influenced by pheromones present on the paths
initially known. At the following iterations, they will be influenced by pheromones
deposited on the paths being parts of the best solution determined so far.

The update of pheromones is given by equation [18.9]:

τi j = (1−ρ)τi j +ρΔτ∗i j [18.9]
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Let us denote by ρ the evaporation coefficient and by Δτ∗i j the pheromone
strengthening coefficient, calculated to promote the proper choice of ants. In the
paper, the calculation of Δτ∗i j is generally performed according to the formula given
by equation [18.10]:

Δτ∗i j =

⎧⎨
⎩

1
c(S∗) if (i, j) ∈ S∗

0 otherwise
[18.10]

where S∗ represents the best solution found and c(S∗) the cost of this solution. Thus,
for links (i, j) not belonging to the best solution S∗, we will have: Δτ∗i j = 0. The
amount of pheromone τi j on these paths thus evaporates until it tends to 0. The links
(i, j) belonging to the best solution S∗ are such that Δτ∗i j > 0, which enhances the
amount of pheromone. And this amount of pheromone increases all the more when
the cost c(S∗) is lower. To obtain an amount of pheromone τi j, which does not depend
on the cost function and therefore that is independent from the web site, we used the
function Δτ∗i j given by equation [18.11]:

Δτ∗i j =

{
1 if (i, j) ∈ S∗
0 otherwise [18.11]

Therefore, the paths that belong to the best solution have arcs whose pheromone
amount tends to 1, whereas those which do not contribute to the best solution have
arcs whose pheromone amount tends to 0. Upon initialization, with the aim to favor
the existing links in the web site, we have assigned to matrix τττ the adjacency matrix
of the web site. However, ants must be able to generate alternative paths, in case they
prove more advantageous, in terms of saving si j. Thus, we have set τi j to a small
non-zero value, for links (i, j) not part of the web site graph.

The best solution S∗ found by ants is a feasible solution to our problem. The
amount of pheromone increases for links belonging to S∗ and decreases otherwise.
Moreover, as iterations progress – ants being attracted to the paths containing the
largest amount of pheromone – a gap widens in the amount of pheromone on the
links, depending on whether they belong to the solution or not. When this gap has
become significant, i.e. when

(1) τi j < α ∀(i j) /∈ S∗ and
(2) et τi j > β ∀(i j) ∈ S∗

the stopping test is verified, and the best solution can be determined and displayed in
a linear form.

18.3.5. Experimental results

The proposed algorithm was programed in Java and run on a Pentium 1.6 GHz.
For the artificial ant algorithm, we used the following parameters: a population of n
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ants, with n representing the number of pages of the web site; ρ = 0.1, α = 0.5, and
β = 0.8.

Figure 18.6 represents the amount of pheromone on the links connecting the
homepage O of the web site to all other pages – numbered from 1 – when generating
a site map, with K = 4. Note that only links with specific developments, i.e. part, at
one time, of the best solution, are represented on the chart. We denote by E the links
for which pheromones will continue to evaporate. We distinguish in Figure 18.6 links
E1, which initially had a high amount of pheromone, in contrast to links E2, which
had initially only a small amount.

During this execution, the links (O3), (O4), and (O5) were selected by ants, during
the first four iterations. The amount of pheromone on these links being initially set to
1, it remains constant over the first four iterations. During the two following iterations,
the links (O1), (O5), (O9), and (O15) belong to the best solution found by ants
hitherto. On these links, new pheromones are deposited while, on all other ones,
pheromones evaporate during these two iterations. During the following iterations,
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Figure 18.6. Amount of pheromones on the links from the root, when generating a map of the
web site of Polytech’Tours, with K = 4
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the links (O1), (O3), (O5), and (O9) are part of the best solution. The amount of
pheromone on these four links will therefore increase, whereas it will decrease on all
other links. At iteration 12, the links being part of the best solution still are the links
(O1), (O3), (O5), and (O9). After updating pheromones, we observe that these four
links have an amount of pheromone higher than β . In addition, all other links have
an amount of pheromone lower than α . The stopping test is then verified for the first
level links.

We will now present the results obtained on different web sites: city of Langeais
(15 pages), city of Chinon (26 pages), Polytech’Tours (126 pages), and the team
HaNT of the laboratory of computer science of the University of Tours (149 pages).
Table 18.3 shows the results for the execution of the web site map generation program
by artificial ants, in comparison with a random method and the d-Prim algorithm.
The cost of the solutions is calculated as the sum of similarities between pages linked
to each other in the site map. The average cost, followed by the standard deviation
between brackets, is indicated and the execution time is given in ms. That table
compares the results obtained on several web sites, for which the number n of pages
is indicated. In this series of tests, K = 4, i.e. at all levels of the site map, at most
four links are expected by the user. We observe that our artificial ant algorithm gives
results close to the results obtained by the d-Prim algorithm. However, we also note
that the execution time is much larger in the d-Prim algorithm, and it is felt more and
more, when the web site contains many pages.

Figure 18.7(a) shows the result obtained through the d-Prim algorithm on the web
site of the city of Chinon, with K = 4. Figure 18.7(b) illustrates, in turn, one of the
results obtained on the same web site through the artificial ant algorithm. We find,
on these two maps, links related to the news that are grouped, just as links related
to the Brèche project. However, in both the cases, the links related to the news have
a position that seems strange in the site map tree. Indeed, these algorithms try to

Artificial ants d-Prim Random
n Cost Time Cost Time Cost Time
15 4.52 30 3.98 15 5.04 15

(0.15) (0.31)
26 11.22 39 8.59 16 12.51 15

(0.25) (0.37)
126 118.90 75,158 118.35 18 144.08 17

(0.15) (1.36)
149 60.05 148,501 47.05 18 124.72 17

(3.63) (0.27)

Table 18.3. Costs (and standard deviations) for various web sites, with K = 4
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minimize the tree cost, by using a dissimilarity measure between webpages. The
measure used here is a TF/IDF measure, which does not give satisfactory results, for
a concrete application to our problem of web site map.

(a)

(b)

Figure 18.7. Viewing the site map of the city of Chinon generated through the (a) d-Prim
algorithm (b) artificial ants, for K = 4

18.4. Self-adaptation of the difficulty level of games

18.4.1. Accessibility to video games

Video games are an integral part of our information and communication society.
A recent study by TNS SOFRES (2006) 1 showed that more than one in two French
households regularly plays video games. More than just being fun, they can be used as
teaching support and social integration tool, both of them relevant [KAF 06, MIT 04].
Therefore, in addition to ethical, legal, and financial aspects, it is essential that,
whatever his physical and mental abilities, a player can play video games [BIE 05].

1. The French market of video games: http://www.afjv.com/press0611/061122_marche_jeux_video_
france.htm.



422 Artificial Ants

The notion of accessibility to video games was defined for the first time in 2004
by the “GA SIG IGDA 2” as

“the possibility of playing a game even in the context of a functioning
under limiting conditions. These limiting conditions can be functional
or related to a disability such as blindness, deafness or reduced
mobility”

The notion of accessibility is thus beneficial to all. However, when a disabled
person wants to access a video game, he regularly faces two types of problems:

The interaction problems. They cover all issues related to the acquisition of
information coming from the game as well as those related to the transmission of
commands to the game. The most commonly used solution to solve such problems
is “multimodality.” Multimodality is to propose, for the same content, several
representations and multiple controllers, all based on different modalities (sight,
hearing, touch, etc.). Thus, according to his abilities, the player can choose the best
suited modality or modalities.

The problems of inadequate level. Not only they cover the issues related to the
difficulty level of the game, but also to a high velocity of play, too complex script
or rules, etc. The calibration to level problems is particularly difficult to achieve
because, if the difficulty level can prevent some players from accessing to games, it is
also among the factors that make a game interesting. This role was stressed by Jenova
who extends the notion of Flow 3 stemming from psychology to the video gaming
world. In the context of games, it represents the mental state in which the player
takes pleasure in playing. According to C. Jenova, the attainment of this mental state
depends on physical and/or mental abilities of the player, and on the complexity of the
game [JEN 07]. Indeed, a game too simple will quickly become boring for the player,
whereas a game that is too difficult will become stressing (see Figure 18.8).

Therefore, it is important that the game is able to automatically adapt to the player
level, and not vice versa. Now, in nature, ants have a remarkable capacity for self-
adaptation to disturbances in their environment. Observing this capacity has led us
to use artificial ants as a source of artificial intelligence in our games. Indeed, the
player can be considered as a disruptive element of the environment, to which the
colony must adapt, preventing the player from winning or reaching a goal. Therefore,

2. Acronym of the Game Accessibility Special Interest Group of the International Game Developers
Association.
3. In psychology: mental state in which the person is totally immersed in his activity (Csikszentmihalyi,
1975) [CSI 90].
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Figure 18.8. Representation of the Flow concept applied to video games, by Jenova

the greater the stimulus is, the more effective the colony will be, thus the better
the player is, the better the colony will be. Finally, thanks to artificial ants, the
play level automatically adapts to the player level and to his cognitive or physical
abilities.

18.4.2. Modeling the problem of labor division and task allocation

18.4.2.1. Watching ants

Colonies of ants are capable of doing many tasks efficiently and simultaneously,
thanks to a powerful mechanism for sharing loads. It is therefore interesting to
understand how an inactive ant, taken individually, is moving toward a particular task,
without compromising the sustainability of the colony.

18.4.2.2. Modeling the problem of labor division and task allocation

Bonabeau et al. [BON 99] proposed a mathematical modeling of such a behavior.
Their model is based on the principle of reactive agents, where each agent reacts
according to information from its direct environment. He has, therefore, only a local
knowledge of the needs of the colony and cannot anticipate. Based on response
thresholds and stimulus intensity, a probabilistic representation of the behavior of ants
was thus defined:

– Stimulus intensity Si: a stimulus is associated with each task. The stimulus
intensity Si is a positive value or zero measuring the priority of the task.

– Response threshold θi, j: each ant j has, for each stimulus i, a response threshold
θi, j. This response threshold represents a stimulus intensity level from which the ant
will be encouraged to select the corresponding task. Thus, if the intensity Si of a
stimulus i is small compared to the response threshold θi, j, the probability of selecting
the task should be low. Vice versa, it must be high if the intensity Si of a stimulus i is
large compared to the response threshold θi, j.

From these two parameters, the inactive ant j will be able to calculate an action
probability Tθi, j for each task i. This probability depends on the stimulus intensity
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Si associated with the task i, and on the response threshold θi, j of the ant j. The
probability function used must meet the two following conditions:

Si ≤ θi, j ⇔ Tθi, j(Si)≈ 0 [18.12]

Si ≥ θi, j ⇔ Tθi, j(Si)≈ 1 [18.13]

Several functions have such a behavior; in our study, we will use the following
function:

Tθi, j(Si) =
Sn

i
(Sn

i +θ n
i, j)

with n > 1, we use n = 2 [18.14]

However, other functions satisfying the same conditions lead to similar results.

Vice versa, an active ant can, at each time step, choose to stop its work, with a
stopping probability p common to all tasks and all ants of the colony.

The system dynamism is based on variations in stimulus intensity, which the ants
of the colony must face. These variations are related to the three following parameters:

– the natural increase, reflecting the continuing needs of the colony (for example,
collecting food, etc.). Finally, at each time step, the intensity of each stimulus i is
increased by δi. Later, in the context of accessible games, this natural increase will
reflect the player’s actions;

– the work of ants: to reduce the intensity of a stimulus, it is necessary that some
ants perform the corresponding task. This decrease depends on both the number Nact,i
of ants performing the task during the period and on their effectiveness α;

– effectiveness α : is a parameter peculiar to the colony and measures its global
effectiveness;

and follow the relation given in equation [18.15]:

Si(t +1) = Si(t)+δi − α.Nact,i

N
[18.15]

We can note that it is necessary to take into account the total number N of ants of
the colony to measure the work performed by the Nact,i ants, during a time step. This is
the direct consequence of the fact that, the larger the colony, the larger the workload.

From these few parameters, it is possible to simulate the behavior of artificial ants,
in the context of the problem of labor division and task allocation. This behavior is
similar to that of a non-deterministic automaton, as shown in Figure 18.9.

The results obtained during the various simulations show that this mechanism is
valid for simulations of short duration, but does no longer relate to observed behaviors
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Figure 18.9. Representation in an automaton form of the behavior of ants, under the problem
of labor division and task allocation: each ant of the colony has personal response thresholds
for each task and all of them share variable stimulus intensities. These two parameters allow
them to calculate an action probability for each task, when they are inactive, and they have a
common stopping probability

in case of longer studies. This difference is due to learning capacities of natural
ants, through specialization mechanisms. In nature, this specialization is reflected
in morphological and/or behavioral differentiations, leading to more effective ants, in
the completion of the task of which they are specialists, and to ants that will seek,
primarily, to perform this particular task.

To incorporate this phenomenon in such a model, Theraulaz et al. proposed to
implement a learning and forgetting mechanism. This mechanism aims to vary the
preference, for an ant, of a task compared to others. For this, a change in the response
threshold associated with the task will take place. Each time step spent to process a
task will reduce the response threshold associated with the task, this is specialization
(see equation [18.16]). Although the inactivity of an ant vis-à-vis a task will be
penalized with an increase in the response threshold, this is un-specialization (see
equation [18.17])

θi, j(t +Δt) = θi, j(t)−ξ Δt [18.16]

θi, j(t +Δt) = θi, j(t)+ϕΔt [18.17]

Finally, the specialization mechanism leads to improved performance of the system,
thanks to a gradual learning of the colony needs, while retaining the ant abilities for
self-adaptation.
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18.4.2.3. Implementation in accessible video games

18.4.2.3.1. The game of the “restaurant”

From this task allocation model, we decided to design simple games that can
integrate this model as an artificial intelligence engine. The developed games are
based on the use of a system of buffers, in which the player must fill one or more
buffer(s), while the opposing ant colony tries to prevent him, by emptying the buffer(s)
(the reverse is also possible). Each task of the model corresponds to a buffer whose
filling level represents the stimulus intensity.

This principle can be applied to many play scenarios. The one which retained
our attention is that of the restaurant. “A waiter must ensure alone the service
of a self-service restaurant. Different dishes are available to customers, each on a
dedicated counter. The waiter, namely the player, must ensure that the customer(s),
namely the artificial ants, have continually at least one dish of each kind available to
them and, consequently, that there is always at least one plate on each counter” (see
Figure 18.10).

Instructed with our experience in designing interfaces for visually impaired people
[PUR 05, SEP 06a, SEP 06b, SEP 07], we oriented the interfaces of this game toward
this handicap: the interfaces implemented are Braille and audio. In the representation
of the proposed Braille, each counter represents a task (here there are four tasks). The
player has the possibility of moving from one counter to another and adding plates on
the counter located in front of him.

18.4.2.3.2. Preconditions for implementation

Before implementing such a game, it is necessary to define certain concepts,
which, although vital to system performance, are not specified in the initial model:
selection and move strategies.

The initial model determines how to calculate the action probabilities enabling
each inactive ant to calculate the probability of handling each task. However, no
indication is given about the selection of the task(s) to be evaluated from these
probabilities (see Figure 18.11). Indeed, different strategies may be considered and
lead to significant changes (positive or negative) in system performance. In the
particular case of accessibility to video games, as we are looking for an interesting
system for everybody, we will focus on a strategy leading to average system
performance. That strategy is based on a “wheel of fortune” mechanism, of which
we will exploit the cumulated probabilities.

The second type of strategy to consider is the move strategy. Indeed, the initial
model does not take into account the inherent needs to its extension, in a two-
dimensional universe involving lag times, between the time when an ant chooses to
process a task and the time when it is really active on the task, because of the move
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Figure 18.10. Illustration of the game with the corresponding Braille transcription: each
counter has a representation in five Braille cells: the first cell is used to indicate the player
the height of the different pins in the representation and creates a clear separation between the
different information; cells two and three reflect the filling rate of the counter, knowing that
each counter can contain up to eight plates and that a full plate is worth ten points; cell five
reflects the number of customers present at the counter, whereas cell four ensures the separation
between information related to customers and information related to the filling rate; and, finally,
the position of the character is transcribed, through the use of a cursor on the last row of pins

Figure 18.11. Representation in an automaton form of the mechanism for selection and
evaluation of tasks, allowing an ant to change status
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time. However, in our game, each customer reflects the behavior of an artificial ant.
Different variants can improve the particular weak performance of the initial model in
this new configuration. It is, for example, possible to allow ants to discontinue their
choice during their displacements and this, even before they have had a real activity on
the selected task. However, it is also possible to incorporate the distances between the
current position of the ant and those of the different tasks, from the stage of calculating
the action probability. Both variants induce increased performance of the system.

Finally, the modeling of self-adaptation and learning capabilities of natural ants
leads to a robust and effective method for taking into account the self-adaptation of
the play level to the player’s abilities. The implementation of alternative modalities
(Braille and audio representations), coupled with this artificial intelligence engine,
can fully address the issues of accessibility to video games, namely the interaction
and level issues.

18.5. Conclusion

In this chapter, we have given three examples of contributions of artificial ants to
issues resulting from research in disability compensation through the computer. In the
first case, optimizing the position of keys on a virtual keyboard has been addressed.
As presented, the system improves the typing velocity on this kind of keyboard, by
taking into account texts usually typed by the user. Obviously, we do not lose sight
that, to be really effective (and used), this kind of keyboard should be coupled with
other techniques, that aim to reduce the number of symbols to type (for example, with
prediction of words). In a second example, we have shown the possibility of reducing
the cognitive efforts required to browse a web site. This effort is particularly important
for people having more or less altered vision of the webpages. At last, the third
example shows that thinking about the game engines may be conducted by introducing
mechanisms from behavioral models of ants. Such mechanisms can improve the
behavior of the game, i.e. of the virtual opponent facing the player, especially in case
the latter suffers from deficiencies difficult to predict when designing the game.
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Chapter 19

Artificial Ants for Artificial Art

Historically, arts and sciences are closely linked: Pythagoras, for example, was
interested in music and discovered the harmonic laws, and an even more exemplary
case is that of da Vinci, who brilliantly distinguished himself in both the areas. The
artistic or scientific fields involved are numerous and the interfaces between these
two areas are a source of novelties (e.g. for music 1). In this chapter, we outline the
research avenues explored when artificial ants are facing artistic production concerns.

19.1. Introduction

19.1.1. Artificial art or artificial design?

The purpose of this chapter is to give an overview of the experiments performed
in the artificial art area by using artificial ants. By artificial art, we mean artistic forms
generated by artificial entities. In fact, the human is no longer, as is often claimed,
the only actor or creator of the forms, musical or graphic, for example, which are
produced. Indeed the fast increase in the number of works on artificial life induced
that computers can now be considered as a new substrate for the emergence of artificial
life forms, notably capable of producing aesthetic results.

The boundary between artificial art and numerical art is never actually sharp: while
numerical art essentially relates to the medium used, artificial art is often numerical,

Chapter written by Nicolas MONMARCHÉ and Romain CLAIR.
1. See thereon the special issue of Pour la science: “Sons & Musique – de l’art à la science”, no. 373,
November 2008.
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or, at least, includes a numerical part in some of its stages. Artificial art includes an
additional generative component released from human concerns. 2

The computer was very quickly adopted by artists, who have seen in this tool a
new way of accessing complexity to too tedious to implement (even if, somehow,
the pointillists invented the pixel before time). We can find analogies with certain
works belonging to video art or also the experimental movies, which can be perfectly
considered as early artificial production, by the desired effects.

From the scientific viewpoint, the computer has quickly, by its calculation and
graphical display capacities, allowed scientists to propose interpretations of their
studies, which can achieve an aesthetic and popularizing dimension. An example is
the fractal representations of mathematical objects: complexity could achieve beauty.

Finally, our aesthetic perception has evolved: the aesthetics of abstraction has been
adopted and the scientific world is full of abstraction. From there, some consider
creation, whether scientific or artistic, as two expressions of the same pulse [ROO 01].
Artists have turned, for their aspirations, in to scientists and scientists have become
artists, to better communicate and transmit their findings.

However, talking about artificial art may denote some pretentiousness and it
is suitable, in some cases, to speak of artificial design. Industrialization, while
being considered a human production, has generated many thoughts among artists,
for example, by changing our point of view (see Duchamp). But vice versa,
industrialization contains a dehumanization concept, which is then the opposite of
artistic concepts. The tools that were designed with a view to industrial production,
either by the amount or by the techniques used, are then more easily classified under
the label of tool design. But the evolution of our consideration clearly shows that
it was a differentiation of cultural origin, which is not precisely justified from an
outside point of view. Thus, many objects reach an artistic dimension and abandon
their simple design of utilitarian origin.

These different concepts show that what we continue to call “artificial art” may,
according to the proprieties (or the sensitivities), be described as artificial design or
generative art.

19.1.2. Artificial life

Works on artificial life aim, according to scientific considerations, to help
humans to understand the complex mechanisms that govern natural systems (e.g.

2. Anyway, we often speak of generative arts.
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[COL 92]). The issue is actually not only to understand the origin of life but also
its laws or drifts.

The evolutionary models (genetic ALGORITHMs, genetic programing, etc.) can,
even if they are extremely simplified compared to natural systems, be considered as
mechanisms of artificial life. The fact that a population evolves independently of
the system designer induces the possibility of artificial production. One of the key
concepts of this type of model, without which nothing would have occurred, is the
intensive use of chance. The computer as a chance generating tool has been crucial,
even if it is not the only source of chance in terms of art (see the production of
Japanese papers inlaid with flowers, on the basis of a random germination). Indeed,
it remains, though imperfect, very efficient for this operation. We will see later that
the evolutionary paradigm has been particularly inspiring as regards creative systems
(e.g. [BEN 01]).

The difficulties encountered by research in artificial life can reveal the complexity
of the living, but this does not absolutely prevent us from devising artificial systems
capable of producing aesthetic expressions, or even designed only for this task.

The artificial life notion brings us back to the idea of nature. While, in art, nature
has been a source of inspiration, imitation, and materials, the idea of using an artificial
nature fits also the logic of the reasoning.

19.1.3. Interactions

Artificial art is both an artistic production method, intended for humans, and, as
we have just seen, an expression of our observation of artificial systems’ operation.
As a consequence of the first point, it is normal to observe an interaction between the
artist and his tool (or his method). It is, however, not impossible to allow interactions
between the artificial system and its human observer. In addition to his observer
status, the latter can act on the system, thus becoming, deliberately or not, an artist.
A simple form of action is, for example, to select the starting configuration of the
system (its initialization). Then the result produced, even if it was unexpected (concept
of emergence [RON 99]), depends on the original inspiration. Another possibility
is to allow a continuous or punctual interaction between the artist and the artificial
system. Accordingly, the opposition between the artificial life system and the artistic
production tool is smoothed out.

The interaction has taken a considerable importance in some artistic events, to
such an extent that it may acquire the status of performance. These performances are
presented in the form of shows, where the artist produces his message in real time and
in public. Some performances have even introduced the public in the artistic work as
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a passive material (e.g. by the video) or as a designer. The role of the artist is then
reduced to that (most important?) of allowing others to access to artistic creation.

The remainder of this chapter details two approaches based on artificial ants, in the
framework of the production of paintings and music.

19.2. Painter ants

19.2.1. The generation of paintings by ants

The automatic painting systems that draw inspiration from ants are still rare. We
list hereafter some works relating to the production of a painting, or image, by
ant-agents. First, we can mention the work of Tzafestas [TZA 00], who used ants
capable of picking up and depositing some paint on an image, to study the emergence
of a complexity form, as well as the regulatory mechanism taking place in this case.
With more artistic concerns, Moura and Ramos produced swarm paintings, 3 following
an approach that they call “computational art.” Then, Moura, with Garcia-Pereira, has
pursued this idea of making the artists that make the art, by using a colony of robots
that react to their environment and to the changes they produce in it, by drawing on
the ground [MOU 04]. Urbano [URB 05] also studied the artistic role that can take
the pheromones in a multi-agent system. Finally, Greenfield extended some works
presented in this chapter. In particular, he studied the issue of genetic evolution of the ant
parameters [GRE 05]. He proposed an evaluation measure (fitness) to automatically
direct the evolution of the ant painting parameters, regardless of the human who, as
we shall see in the following, has an active role in the case of our works.

19.2.2. Description of the ant model for painting

In this work on the creation of paintings by ants, artificial ants are agents capable
of moving on a virtual image. One can also speak of virtual canvas whose pixels
are related to the grain of a canvas to paint. Just like real ants, which deposit
pheromones on the path they take, artificial ants deposit virtual pheromones. Unlike
natural pheromones, which cannot be seen but are smelt, the virtual pheromones used
correspond to some color, or otherwise expressed, to some paint, deposited by ants.
To be precise, ants move on the canvas from pixel to pixel and select the movements
in a stochastic way, while favoring a certain continuity of their moving (to give a
feeling of “natural” movement). Two types of movements are possible, depending
on the neighborhood allowed for the ant: in a four-neighbors configuration, the ant
can continue its movement straight ahead or turn perpendicularly (to the right or to
the left), and in a eight-neighbors configuration, the ant can continue its movement

3. http://www.lxxl.pt/aswarm/aswarm.html.
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straight ahead (identically to the other move way) and turn slightly (to the right or to
the left). Figure 19.1 illustrates these two movements (which we will term thereafter
“perpendicular move” and “oblique move”, respectively).

(a) (b)

Figure 19.1. Examples of possible moves for an ant: (a) oblique move (denoted by Do), (b)
perpendicular move (denoted by Dd)

To characterize the movement of an ant, three parameters are used to define its
choices: its probability of turning left (denoted by Pg), turning right (denoted by Pd),
and, in a complementary way, its probability of going straight ahead (denoted by Pt). 4

The deposited smell also characterizes an ant: as it is, in our case, numerical
painting, the pheromone trail deposited by an ant has a color defined by the computing
components of the color, 5 namely the proportion of red (CR), green (CG), and
blue (CB).

If the ant modeling was stopped here, speaking of artificial ants would be
unreasonable. The ants that we propose are thus capable of locally perceiving their
environment, i.e. the color-odor present in the neighboring pixels. In addition to the
color that it deposits, an ant is also characterized by a (possibly totally different) smell
that attracts it. This attraction color is also defined by the three RGB components:
(SR, SG, and SB).

At each step, the ant checks its neighborhood looking for the smell that attracts
it. To determine whether the color perceived by an ant corresponds to the color
it tries to follow, we have introduced a simple distance between two colors, based
on a perception feature that we can have of colors: the luminance. Thus, an ant,
to recognize the color it tries to follow, compares the luminances of the colors it
encounters. Below a threshold, adjustable, the difference in luminance is considered
as negligible and the odor-color is accepted by the ant.

We used the following formula to calculate the luminance:

Lum(R,G,B) = 0.2426 ·R+0.7152 ·G+0.0722 ·B [19.1]

4. Note that the stochastic feature of the ant movement implies: Pg +Pd +Pt = 1.
5. RGB components stands for “red,” “green,” and “blue,” which are, for the three components, integer
values in {0, . . . ,255}.
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where R, G, and B are the components of the pixel checked by the ant. The difference
in luminance is then

Δ(SR,SG,SB,R,V,B) = |Lum(SR,SG,SB)−Lum(R,G,B)| [19.2]

In the following, the threshold for the value Δ, calculated above, was fixed to 40.

When an ant has recognized the color it is trying to follow, it has a probability Ps
of following this color (and thus of moving on the pixel that contains it).

The objective of this search mechanism of a particular color is to introduce
a competition among ants, which induces an unconscious fight for the best
representation of its own color (CR, CG, and CB), while overlaying the color (SR, SG,
and SB).

To achieve a more varied rendering, we have allotted a size parameter to each ant.
This size is used for the diffusion of the ant smell on the canvas. A size of 0 indicates
that the ant changes the color of the pixel where it is by putting on it the color (CR, CG,
and CB). In this case, it means that there is no diffusion on the neighboring pixels. A
size of 1 causes a diffusion (thus a mixture with the already present odors) of the odor
deposited by the ant. To implement this action, we use a discrete convolution product,
calculated on the nine neighboring pixels (i.e. a neighboring pixel, in every direction
around the ant). We use the following convolution matrix:

Mc =

⎛
⎝ 1 2 1

2 4 2
1 2 1

⎞
⎠

This diffusion size concept was extended until three: the convolution product
is applied on a neighborhood of 7× 7 cells (i.e. three neighboring pixels, in every
direction around the ant).

Finally, the environment of the ant movements is toroidal: the canvas has no
border, when ants “exit” on one side, they reappear on the opposite side. This
technique allows us to display the produced painting under a mosaic form, without
apparent separations.

To summarize, for an ant painting, the following parameters must be set:
– the size of the canvas (in pixels);
– the number of ants;
– for each ant:

- the deposited color: (CR, CG, and CB);
- the followed color: (SR, SG, and SB);
- the probabilities that govern the ant movement (Pg, Pd, and Pt);
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- the type of movement: Do or Dd;
- the probability of taking the followed color (if it is found): Ps;

– the number of iterations (i.e. the number of steps for each ant) but it is optional.

19.2.3. Results

Once the parameters are set, the simulation of the ant movements is launched and
the spectator looks at the painting under construction on a screen (the ant velocity
is configurable, without any effect on the patterns built). The simulation can be
interrupted, suspended and restarted from the beginning (the initial positions of the
different ants are preserved).

Let us look at some simple examples (i.e. built with a few ants). Let us take the
case of two ants: a red and a black one (or a clear and a dark one). Except for the
color deposited, the two ants have the same movement parameters and try to follow
their own color (Figure 19.2a and b) or the color of the other ant (Figure 19.2c and d).

(a) (c)

(b) (d)

Figure 19.2. Paintings obtained with two ants and different sets of parameters. Each ant is
attracted by its own color: (a) after 10 5 iterations and (b) after 10 6 iterations. Each ant is
attracted by the color deposited by the other ant: (c) after 10 5 iterations, and (d) after 10 6

iterations
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The competition effect appears clearly in this second configuration: the area is filled
much faster.

Other examples are given in Figure 19.3 and the parameters used to produce them
are in Table 19.1.

(a) (b)

(c) (d)

Figure 19.3. Paintings obtained with different sets of parameters

Momentarily putting aside the aesthetic appearance of the obtained results, we
note that the collective and dynamic constructions of the paintings clearly show the
competition taking place between the colors deposited by ants. Each ant tries to
replace the color, deposited by one of its rivals, by its own color. We can observe
the influence of the parameter values on the effectiveness of ants in this fight. Let
us take, for example, the case of the painting 19.3d, elaborated with two ants. One
sees that the dark ant covered a much smaller area (for the same number of iterations).
Indeed, in the respective parameters of these two ants (Table 19.1), we observe that
the clear ant has a more aggressive strategy, with a very high probability to follow the
other color, if it encounters it.

Finally, the dynamic aspect of the construction is interesting from a visual point of
view, but cannot be transcribed in this chapter!
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Ant Deposited Followed Movement Type of Probability of
color color probabilities movement following

(CR,CG,CB) (SR,SG,SB) (Pg,Pg,Pt) Dd|o Ps
Example 19.3(a)
1 (192,0,255) (255,155,3) (0.04,0.95,0.01) Dd 0.7852
2 (255,155,3) (76,68,181) (0.01,0.98,0.01) Dd 0.8409

Example 19.3(b)
1 (145,0,94) (145,0,94) (0.24,0.73,0.03) Dd 0.99
2 (132,0,114) (132,0,114) (0.27,0.68,0.05) Dd 0.99

Example 19.3(c)
1 (5,211,149) (255,12,0) (0.80,0.10,0.10) Dd 0.80
2 (145,11,149) (255,12,0) (0.80,0.10,0.10) Do 0.80
3 (255,204,0) (255,255,0) (0.01,0.98,0.01) Dd 0.75
4 (255,255,0) (255,204,0) (0.01,0.98,0.01) Dd 0.75
5 (255,153,0) (255,204,0) (0.01,0.98,0.01) Do 0.75
6 (255,51,0) (255,255,0) (0.01,0.98,0.01) Dd 1.00

Example 19.3(d)
1 (14,108,15) (210,193,253) (0.18,0.40,0.42) Dd 0.67
2 (210,193,253) (14,108,15) (0.08,0.01,0.91) Dd 0.81

Table 19.1. Ant parameters for the paintings of Figure 19.3

19.3. Interactive evolution of the ant paintings

As seen earlier, an ant painting requires many parameters. We present, in this
section, a way of involving the user, without asking him to control, in detail, the
method settings.

19.3.1. The evolutionary art

The artificial ant model presented earlier does not need to be controlled by the user:
ants build the painting by following their behavioral rules and by using the colors that
have been allotted to them. In another type of approach, the evolutionary art (see
[BEN 01] or more recently [ROM 07]) deals with the initialization or the control of
generative processes, by taking into account the aesthetic wishes (see, for example,
the work on the imitation of Mondrian’s paintings [HEM 99]). Therefore, to involve
the user in the creative process, we introduced in ant paintings a bio-inspired paradigm
including an evolving mechanism.

19.3.2. The interactive genetic algorithms

Genetic algorithms [HOL 75], and more generally evolutionary algorithms
[MIC 96], are stochastic search procedures, which have been applied to many
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problems. However, the applications in the art field are not as developed as in other
fields.

The interactive genetic algorithms are an extension of the evolutionary algorithms,
in which the evaluation (fitness) of each individual is performed by the user (we
increasingly speak of human-based evolutionary methods). This means that the user
can grade the individuals in a population, then the resulting score is used in the
evolving process to integrate his expectations. To simplify the user’s work, his action
can be limited to the selection of the individuals that he likes. The first interactive
genetic algorithm was proposed by Dawkins [DAW 86] to show the power of natural
selection and the accumulation of small changes in an evolving process. A state of
the art in this area is beyond the scope of this chapter, and for more details, we refer
readers to Takagi’s works [TAK 01].

19.3.3. IGA + painting ants = evolutionary art 6

As described earlier, a painting generated by ants heavily depends on the initial
parameter settings. The parameterization possibilities allow us to glimpse the size of
the search space:

– The number of ants can vary between one and the number of ants that can be
simulated by the machine. 7

– The color deposited by an ant is determined by the three components RGB,
i.e. 256×256×256 variations of different colors.

– The color followed by an ant can also be defined on the same type of space as
the deposited color.

– The type of ant movement may be Do or Dd;
– Pg, Pd, Pt, and Ps probabilities are real values chosen in the interval [0,1].

The parameterization does not make everything: the quality of the painting also
depends on the user who observes it.

The interactive evolutionary algorithms, mentioned earlier, are well-adapted
methods to the search the space size that we deal with: these genetic methods are
known to be capable of conducting a relevant exploration of search spaces whose size
is too large for systematic methods. It is also the easiest way to get an evaluation of
individuals, when the latter requires a significant amount of subjectivity.

6. This title follows the famous book title by Michalewicz [MIC 96]: Genetic Algorithms + Data Structures
= Evolution Programs. It can be translated into “interactive evolutionary algorithm + ant paintings =
artificial art.”
7. We have started a study aimed to distribute the computation of large dimension paintings on a cluster of
six machines, but the memory sharing (i.e. the canvas to paint) proved to be a difficult obstacle to overcome.



Artificial Ants for Artificial Art 441

An individual corresponds to a set of parameters used to generate a painting,
which constitutes its genome, in the terminology of evolutionary algorithms. The
length of this genome is variable, as it depends on the number of ants. To reduce
the search space, we have imposed that the color followed by an ant should be a
color deposited by one ant of the group (including the case where an ant follows its
own color, which may achieve unexpected results: see, for example, Figure 19.3b).
This choice limits the parameters to the cases where competition between ants is
possible. The number of ants was confined between two and six. Details are given
in Algorithm 19.1.

1: Generate an initial population of N individuals with random parameters
2: Display the individuals: the N sets of parameters are used to initialize N ant

paintings that are displayed simultaneously
3: The user can decide to stop (if there is a painting that he likes or if he has seen

enough paintings)
4: Selection: the user selects the individuals that he prefers among the N proposed

ones
5: Generate a new population: keep the Nselect individuals selected by the user for

the next generation and remove the discarded individuals. According to the value
of Nselect:

– Nselect = 0: all the population is generated (identically to step 1);
– Nselect = 1: N − 1 new individuals are generated, through mutation of the

single individual selected;
– Nselect = N: the population is unchanged;
– Nselect ∈ {2, . . . ,N − 1}: each of the (N − Nselect) new individuals are

generated by the crossover operator, applied to two parents randomly selected
among the selected individuals, then the mutation operator is applied to the
descendant generated this way.

6: Go to step 2

Algorithm 19.1: Interactive evolutionary algorithm for the generation of ant
paintings

The population size was fixed at N = 9, as it represents a good compromise
between the spaces used on the screen to show simultaneously the whole population
and the computation time required for each painting. More details on the evolutionary
algorithm developed are available in [MON 07].

19.3.4. Results

Figure 19.4 shows the interface used to enable the user to select the
individuals/paintings that he likes.
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Figure 19.4. Example of the interface of the interactive evolutionary algorithm. Here, two
individuals (among the nine) were selected by the user and will be used as parents, if the user

presses the button “Next generation”

It may be noted that in the interface, as it is presented, all ant parameters are
hidden from the user. However, from a practical point of view, it is necessary to allow
the advanced user to manipulate and explore the real parameters. Figure 19.5 shows
the display used to show the parameters of a painting.

This interface was used to produce many ant paintings and could identify trends
in the parameter fittings, which could have been hardly found by a purely random
exploration. 8 The generated paintings have been exposed several times, either in
a static version (i.e. under a paper printing form) or in a dynamic version (see
Chapter 15).

8. The interactive evolution of the paintings can be experimented at the address http://www.hant.li.
univ-tours.fr/webhant/index.php?pageid=18.
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Figure 19.5. Interface for changing/displaying the parameters of an individual

19.3.5. Perspectives

A number of experiments around ant paintings were carried out in different
directions. For example, we studied the possibility of having ants work on large
dimension images (6,000× 6,000 pixels). In this context, Figure 19.6 shows us that
observing the result, on a micro or macro scale, is interesting, while being substantially
different.

We also studied the possibility of initializing pheromones with an already known
image (instead of starting from a blank canvas). Ants do not use anymore the colors
that they deposit to direct themselves, but only the colors of the original image (less
radical solutions, with weightings, could be easily implemented). This suggests less
abstract images (Figure 19.7).

Another work has led us to explore the possibilities of linking ant paintings and
architectural issues. Indeed, as the display devices have become more accessible, it is
possible to imagine parts of buildings showing an ant painting evolving (Figure 19.8).

The use of painter ants in a software dedicated to the creation of graphics, as a
drawing tool (among others), is also in progress. Its inclusion in the artist’s palette
offers the possibility of its interaction with other more traditional tools (lines, curves,
geometric shapes, etc.). This way, ants respond to the constraints created by the
software user, thus leading to a form of interactive and assisted artistic creation.
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(a) (b)

Figure 19.6. Example of large-scale result: (a) a detail of the image and (256×256 pixels at
the top left of the complete image), and (b) the whole image (6,000× 6,000 pixels)

To conclude, either in a static version (on an object, printed) or in a dynamic
version (on a screen, projected), ant paintings can still give rise to many developments,
likely to intrigue and captivate the observer. 9

19.4. Musician ants, the Antmusic project

If artificial ants are capable of painting, then can they exercise their talents in
other artistic fields? Let us now turn to music. Indeed, a definition of music, notably
advanced by Biles and Miranda in [MIR 07], is “Organized sounds over time.”

This definition suggests that artificial ant algorithms, because of their ability
of bringing the emergence of a global organization, are quite appropriate to music
generation.

We discuss music in a symbolic form and leave aside the signal processing issues.
Using the musical instrument digital interface (MIDI) standard is well suited in this
case. Ants are in charge of writing a score, leaving the user free of choosing how
to actually produce the sound. Nevertheless, it is possible to use similar methods
for sound synthesis, if we refer to Blackwell’s work for his granular synthesizer,
parameterized through swarm intelligence [BLA 04].

Let us now see how an ant algorithm can be used to write a score.

9. Many visitors to the “Artificial insects” exhibition, presented in Chapter 15 of this volume, have admitted
that they had better understood the artificial ant concept, and the pheromone concept, by observing an ant
painting under construction on the screen.
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(a) (b)

(c) (d)

Figure 19.7. Examples of ant paintings based on a photo used by ants as an “olfactory
ground.” According to the colors chosen for ants and their movement strategy, quite different

images can be obtained: (a–d) examples of results obtained

19.4.1. Description and modeling of the problem

The Antmusic project aims to use organization and repetition properties of ant
movements, when following pheromone trails, for music production. We use a data
structure of graph type to encode the musical items. Such structures are commonly
found in the context of music automatic composition, even if they are used differently.
Xenakis, one of the precursors of automatic composition, relied on Markov chains for
his formal music [XEN 81]. Recently, McCormack [MCC 96] made use of grammars
of L-System type to automatically generate music.
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(a) (b)

Figure 19.8. Example of incrustation of ant paintings in a building facade: (a) the painting
and (b) the incrustation result

Thus, the environment in which musician agents evolve is a graph of notes. In fact,
these are MIDI 10 events that will be linked to each other. The transitions between the
vertices of this graph are the paths taken by ants, while depositing pheromones behind
them. These transitions thus become more attractive to other ants, in case they pass
through the same vertex.

The colony operates on this graph, and the passage of an individual on a vertex
triggers the corresponding event. In the course of the displacements, preferred
paths will be highlighted, simply because they were already taken before. Thus,
these transitions thus tend to be more and more often browsed, although this is not
systematic. The generated music appears thus somehow repetitive, while keeping the
ability of creating surprise.

10. Without going into too many details of the MIDI standard, an MIDI event allows us to specify the note
to play.
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19.4.2. Developed algorithms

Let us start by creating the graph on which ants will be set down. Its vertices are
complete MIDI events, whose characteristics are the height of the note, its duration,
the volume at which it is played, the attack intensity, the instrument used, etc.

The transitions (i, j) between the vertices i and j are labeled by an amount, positive
or 0, of pheromone, denoted by τi, j. A graph schema is shown in Figure 19.9.

Figure 19.9. Graph example with seven vertices: each vertex is an MIDI event (here simplified
as a simple note of the C major scale, indexed by the vertex number)

As pointed out by Davis, “The real music is silence and all the notes do only frame
this silence,” the graph should also allow us to express the silences. Therefore, it
includes some particular vertices that are not associated with a note, but just with a
period, during which no note will be played.

Obviously, such a construction comprising all possible MIDI events is perfectly
gigantic. To limit its size, we use only a subset of vertices. In fact, the graph is simply
constructed through an MIDI initialization file. Only the events present in this file are
present as vertices. We even take this opportunity to initialize the pheromone amounts
τi, j of the transitions, depending on their presence in the parameterization file.

Musician ants can now move, from vertex to vertex, throughout this new
environment. Each starting position is simply initialized at random. Our colony is
thus distributed on the graph, each individual on a vertex. At each time step, all
these ants decide to which vertex they will direct themselves, using a random drawing,
following some probability law. Of course, this probability depends on the pheromone
amount present on each of the adjacent arcs. However, to encourage ants to follow
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certain musical rules, “environmental” constraints are added to the calculation of this
probability.

Let us introduce a distance notion between two vertices. This distance, denoted by
d(i, j) between the vertices i and j, corresponds to the interval, measured in semitones,
between the notes of the two vertices. Thus,

– d(C,D) = 2;
– d(E,B) = 7;
– d(C,G) = 8;
– etc.

This distance favors the choice of notes “close” to the note just played. The
measure of the number of semitones may be quite replaced by another one, for instance
based on the scale used or based on the circle of fifths, etc.

We can now calculate the desirability, denoted by ηi j, of a transition i, j

ηi j =
1

d(i, j)+1
[19.3]

and deduce the probability pi j for an ant to choose the transition i, j among the set Ni
of the vertices that can be reached from the vertex i:

pi j =
τi j ×ηβ

i j

∑k∈Ni τik ×ηβ
ik

[19.4]

The parameter β controls the desirability influence on the behavior of ants. The
larger the β is, the shorter the chosen intervals will be. The smaller the β is, the more
significant the pheromone influence will be.

Equipped with the probabilities associated with all the vertices of Ni, the ant
present on the vertex i still has only to draw at random the path it will take. In doing
so, it deposits on this arc a pheromone amount τ0, simply adding it to the amount
already present:

τi, j ← τi, j + τ0 [19.5]

It still has only to make play the MIDI event of the vertex on which it had just
arrived. The collective intelligence mechanisms, implemented here, appear when
there are many individuals. However, if the colony raises a lot of simultaneous notes,
the only thing one might hear is a mush of sound, in which it will be impossible to
distinguish anything. Therefore, there are, in fact, two categories of ants: first, the
silent ants, walking on the graph, without raising the slightest sound, but nevertheless
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depositing pheromones. And those, less numerous, which do have the ability to play
playing notes. They are the different voices of our piece of music. Therefore, our
colony being populous enough, we actually see the emergence of an organization of
the displacements, thus a produced melody, without it being too crowded.

As in any method involving the moving of ants, we must take into account
the pheromone evaporation. The influence of an evaporation coefficient ρ ranging
between 0 and 1 will regularly update the present amounts on each graph transition,
as follows:

τi, j ← (1−ρ)× τi, j [19.6]

This evaporation, usually helpful to avoid getting trapped in local minima,
particularly in the context of optimization methods such as ant system [DOR 96], or
to ensure the robustness of “online” systems, allows in our case an evolution of the
music produced over time.

We still have only to choose the tempo and the melody duration, denoted by Tmax,
to achieve the writing of a melody. In summary, the algorithm parameterization is as
follows:

– an MIDI file for the graph creation and pheromone initialization;
– the number of instrumentalist ants;
– the number of silent ants;
– the amount of pheromone deposited: τ0;
– the importance of the pheromone influence β ;
– the evaporation coefficient ρ;
– the tempo;
– the piece duration Tmax.

19.4.2.1. Obtained results

We give some examples of music pieces generated through this method. Of course,
you cannot hear them, but the bravest among you can try to play them.

The first score in Figure 19.10 corresponds to a piano played by 13 ants, including ten
silent ants, with β = 1.5, Tmax = 15, τ0 = 0.1, and ρ = 0.01. We clearly find the three
voices, i.e. at most three notes played simultaneously by the three instrumentalist ants.

The second score, Figure 19.11, is a piece for two pianos. The first is played by
a single ant (β = 2.0, Tmax = 15, τ0 = 0.1, and ρ = 0.01), the second involves two
instrumentalists and five silent ants, with β = 1.5, Tmax = 15, τ0 = 0.3, and ρ = 0.01.
It is possible to mix several voices on a single instrument, similarly to the case where
several musicians share the same instrument. In this case, the different voices are even
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Figure 19.10. Sample score with three voices for a piano

Figure 19.11. Sample score for two pianos

clearly distinguishable, as they each have access only to a specific part of the scale.
Here, the setting files have been chosen so that a voice is rather in treble and the other
in base.

Figure 19.12 shows the third example, for two pianos and a violin.

The parameters β , quantifying the influence of the desirability on the ant behavior,
and the pheromone evaporation ρ have fairly obvious effects on the music produced.
The desirability provides melodies packed on the harmonic scale, with few large

Figure 19.12. Sample score for two pianos and a violin
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intervals. Evaporation has a direct impact on the repetitive characteristic of the
melodies produced, of course, closely linked to the total number of ants moving on
the graph.

19.4.3. Perspectives

The perspectives opened by the use of ant algorithms, for the automatic production
of music, are numerous. Indeed, we are only at the very beginning of a way
characterized by various possible ramifications.

If the mimicking of the collective moving of a colony allows rather naturally the
developing of automatic composition tools, as we have just seen, it is not the only
behavior that we already know how to exploit.

Usually used to resolve classification problems (see Chapter 13), the sorting out
and storage abilities of some colonies might be used in a context of musical creation.
Finally, composing a bar or a piece can be seen as organizing notes close to one
another, according to harmonic, rhythmic rules, etc. Therefore, we can consider
an automatic composition method aiming to gather notes laid down randomly on a
musical space in coherent bars, then organizing these bars by groups of bars, until
getting a complete, hierarchical, and coherent piece.

The mechanisms of division of labor among ant colonies, described in [BON 99],
can also be considered, in the musical composition context, as tools to share resources
or to smooth levels progressively (for use in video games, see Chapter 18).

In addition, other modelings of the problem can be considered. The idea of a
graph with notes on which ants move is not the only way to grasp the automatic
production of music. Each MIDI event can be split up. Instead of having an atomic
vision of the note, it is possible to organize it in elements that each can be determined
independently or through construction rules. Thus, each note becomes the result of
the choice of a height and of a duration (and possibly of other parameters) that are
gathered.

To another level, AntMusic conceives its piece without any structure except the
one emerging from cycles created by the movement of ants. Others, such as Biles
for his GenJam [BIL 94] use, in addition to genetic algorithms, a deeply hierarchical
model. He creates bars, then organizations of bars. This type of structuring of musical
construction is definitely usable with artificial ant algorithms.

We have not talked about the position of sound. These days when stereophony
even begins to be completed by spatial sounds with five, six, sometimes seven canals
or more, it seems quite natural to associate sounds produced with a location in the
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sound environment of the listener. And besides, why not see that positioning as a
form of creativity that the artificial intelligence of ants could tackle.

As we work with computers that are now widely available, we can see these
methods, not as black boxes, aiming to produce music autonomously, but rather as
intelligent tools for artistic creation. By adding an interaction with the user, we can
give him access to a kind of super instrument that reacts in a complex and surprising
way, likely to offer new forms of artistic expression [CLA 08].

19.5. Conclusion

In this chapter, we have tried to show, through various examples, that the ant
paradigm could be fruitful in the field of artificial art. Evaluating this type of work
cannot be done in the solitude of a laboratory. It is indeed often the opportunity of
reaching out to an audience, not necessarily conquered in advance, as the painting or
music that we build keeps a certain degree of abstraction. In the experiments, we have
undertaken, we found repeatedly that, when spectators could perceive the collective
and bio-inspired mechanics hiding behind these images or sounds, the satisfaction of
having discovered something innovative could be read on faces. Hence, we can leave
the last word to a quote attributed to Hugo: “music is noise that thinks.”
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Chapter 20

Artificial Ants for Natural Language
Processing

The mental processes which are at work for the construction of meaning when
reading remains largely misunderstood. It seems clear, however, that the global
meaning of a sentence results from the contribution of each word in the context of this
sentence. From a systemic point of view, the sentence can be regarded as a system
consisting of entities, namely the different meanings of each word, whose interactions
lead to the strengthening of a subset of possible meanings to the detriment of others. If
the overall problem of extracting the meaning from a text written in natural language
still seems elusive, some solving ways for some sub-problems are beginning to show
positive results. Disambiguating the meaning of a word, depending on the context of
the sentence in which it appears, belongs to this category of sub-problems. This is
the problem of disambiguation which is associated with the acronym WSD, for word
sense disambiguation.

Classical approaches implemented for its resolution are based on the use of
conceptual vectors, which constitute a mathematical formalism suitable to represent
the different word meanings, as the normalized expression of a selected set of
concepts. The concept activation is the term that refers to it. The principle is relatively
simple. In a text, words are linked by syntactic relations, which form a structure
called morphosyntactic analysis tree. The global meaning of the text is obtained by
propagation and composition, within the structure, of the different conceptual vectors.
However, this method suffers from a major weakness: it does not take into account
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the constraints between the word meanings and it does not consider the interpretation
trails.

In the following pages, we describe a new approach that explicitly considers a text
written in natural language as a complex system. The word meanings, represented by
the conceptual vectors, and the various elements derived from the text analysis, the
internal nodes of the tree, are the interacting entities of this system. The different
meanings of a polysemous word compete to participate in the construction of special
structures in the morphosyntactic analysis tree. These structures are ways that we
identify to interpretation trails. The general operation of the system, i.e. the circulation
of vectors, the building of structures, etc. is ensured by an ant algorithm.

The first experiments that we conducted on a set of sentences, among which some
allowed multiple interpretations, show that, in addition to being relevant on several
aspects, this approach allows building solutions out of reach of traditional methods,
particularly in difficult cases.

20.1. Introduction

The representation of the word meanings is a major step not only in the context
of the WSD (disambiguation) but also in the field of machine translation (MT), in
particular for the lexical transfer problem, which is to replace a meaningful expression
in a source language by a meaningful expression in a target language, according
to the context [ATT 92]. The conceptual vector model is intended to represent the
thematic activation of the lexical entries, from phrases and pieces of texts to entire
documents. One can say vividly that vectors encode ideas associated with words or
expressions. The main applications of this model are the thematic analysis of text
and lexical disambiguation [LAF 01]. In practice, Lafourcade et al. [LAF 02] have
proposed a system having machine-learning abilities, based on conceptual vectors and
using French monolingual dictionaries (available via the Internet) and dictionaries
of synonyms from different sources. Until now, only on the basis of French, the
system includes 200,000 lexical entries corresponding to approximately half a million
vectors (the average number of meanings for polysemous words is about five). The
same study is being conducted for English but is not yet operational so far. The
analysis process of disambiguation is itself the heart of the study presented in this
chapter.

Understanding a text requires comparing the different meanings of polysemous
words in the context of their use. The difficulty comes from the characterization
of the context, which is itself defined by words with all their meanings and their
status in the text (verb, noun, adjective, etc.). From statuses, grammatical relations
between words are extracted and these relations may be represented as a tree structure
to which the name of morphosyntactic analysis tree is attached. The semantic relations
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between words are, however, absent from this tree. To represent them and their related
structure, we consider words as the basic entities of an interaction network, in which
the implicit dynamics can reveal the most likely meaning, among all the meanings
attached to polysemous words. This is the subject of the work presented.

The thesis that we defend in this work is that a text can be considered as a complex
system. We propose, for this concept, a definition largely inspired by writings from a
wide variety of scientific fields.

A complex system is a system composed of many entities with a dynamic behavior,
which interact with each other and with their environment. The global behavior of the
system, which cannot be inferred from the characteristics of the entities themselves,
emerges from self-organization of the system.

Discussing the existence of such systems is made obsolete by nature itself. Indeed,
nature provides a wide range of systems meeting this definition. The system,
composed of many interacting entities, is characterized by global properties that
are neither obtained by a supervision process nor by any centralized coordination.
Schools of fishes, flocks of birds [CHA 04], bacterial colonies [BEN 04], sand piles
[BAK 96], protein interaction networks [AMA 04], or languages are examples of such
systems. Their properties result from local interactions between entities themselves
and between entities and their environment. Their ability to self-organization, which
may be defined as a dynamic, holistic, and decentralized structuring process, allows
their self-adaptation to dynamic and unpredictable changes that occur within their
environment.

Action of one entity may affect the subsequent actions of other entities in the
system, this interdependence is globally expressed by the familiar formula: the whole
is more than the sum of its parts, or otherwise expressed, action of the whole produces
more than the simple sum of actions of its parts. 1 Actions, in the context of our study,
correspond to the meanings of the words comprising the text, and the sum of actions
produces the global meaning of the text, which is, undoubtedly, far more than the
simple sum of the meanings of the words considered. In practice, one of the problems
that arise is that meanings are not, strictly speaking, active elements. Thus, to express
the dynamics of the system as a whole, we decided to add to the system an activity
support composed of meaning transporters. These transporters are designed to allow
interactions between the text components. They must be both light (because of their
potentially large number) and independent (the word meanings are intrinsic values to
the words themselves). In addition, in case some meanings of different words are
compatible (employee with work, for example), the system must keep track of that.
Adding in the graph (initially the morphosyntactic analysis tree), an edge linking the

1. [LAN 96] Why do we need artificial life? page 305.
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two compatible meanings, regardless of their position in the text, is the solution we
have chosen to mark this compatibility.

Taking into account all these elements and these constraints led us to choose
artificial ants to play the role of meaning transporters. The primary motivation of
ants’ selection is their ability to express their interactions, which are, as we know,
both local and indirect, through numerical marks, namely pheromones, and structural
marks embodied by the change of their environment. In the framework of our WSD
problem, the environment is a morphosyntactic analysis tree.

The study presented in this chapter aims at exploiting the self-organization ability
of ant colonies to determine solutions to the WSD problem, for which the definition
of a suitable global evaluation function is extremely delicate. The idea adopted is
to design a system based on artificial ants moving inside a graph, resulting from the
syntactic analysis of the text studied, and changing it. One solution is expressed as
a set of paths that highlight the compatibilities between the word meanings. With
this aim in view, ants have two types of marks. The numerical marks, pheromones,
are deposited on the edges and indicate the relative importance of certain paths.
Other edges, that we call bridges, are created by ants between neighboring vertices
at the semantic level. These edges are structural marks. Together, the two types of
marks allow ants to cooperate indirectly and asynchronously. This basic principle was
identified by Grassé [GRA 59], who called it stigmergy.

Although ant algorithms have been widely used for the treatment of classical
optimization problems, we are not aware of their use in the field of algorithmic natural
language processing (NLP). However, a similar idea was already implemented by the
project COPYCAT [HOF 95]. In this work, the environment itself contributes to the
calculation of the solution and that environment is modified by a population of agents
whose role and motivation vary (see also the work by Mitchell [MIT 93]). In 1992,
Gales, Church, and Yarowsky used a technique of Naive Bayes type for the WSD
[GAL 92]. Some properties of these models seem well suited for semantic analysis
and WSD tasks, insofar as the word meanings can be considered as competitors for
access to resources.

For solving the problem some basic principles seem to be fundamental: (1)
mutual information or semantic proximity is a key factor for lexical activation,
(2) the syntactic structure of the text can be used to guide information propagation,
(3) conceptual bridges can be dynamically built (and deleted). These bridges
are elements that allow mutual information exchange beyond local neighborhoods.
Finally, as noted by Hofstadter, (4) biased randomization (which must not be confused
with chaos) plays a major role in the model [HOF 95].

The conceptual vector model that is the basis of the general approach is described
in the first part (section 20.2), followed by a description of the main operations used
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in our method, and the notions of semantic distance and contextualization (section
20.2.2). The next section outlines a process of textual analysis coupled with the
use of conceptual vectors, called Standard Propagation (SP), a process used for
text classification, thematic analysis, and vector learning. After analyzing the main
weaknesses of the SP approach, we present in section 20.3, the colored ant algorithm
for disambiguation (AntSA). In its operating mode, AntSA includes an SP, but extends
it by creating interpretation trails and prepositional phrases attachment. We show that
the whole process is, in essence, emergent.

20.2. Conceptual vectors

Our method for the WSD relies on the use of conceptual vectors. Although the
vectors used in this work are the result of the authors’ previous works, this part explains
how they are built to improve the method understanding as a whole.

The thematic aspects of text segments (documents, paragraphs, syntagms, etc.)
can be represented by conceptual vectors. Such vectors have long been used in
information retrieval [SAL 83] and for meaning representation by the latent semantic
indexing (LSI) model [DEE 90], from latent semantic analysis (LSA) studies in
psycholinguistics. In computational linguistics, Chauché proposed a formalism for
the projection of the semantic field linguistic concept in a vectorial space, from which
this model is inspired [CHA 90]. From a set of elementary notions, concepts, it is
possible to build vectors (the conceptual vectors) associated with lexical items. The
term “lexical items” refers to words or expressions which constitute lexical entries.
For example, < car > or < red ant > are lexical items. In the remainder of this
text, we will sometimes use word or term to refer to lexical items. The hypothesis that
considers a set of concepts as a language generator has been extensively discussed and
described in [ROG 52]. This hypothesis is known by the term thesaurus hypothesis.
Polysemous words combine the different vectors corresponding to the different
meanings. This approach is based on a set of well-known mathematical properties,
thus it is possible to undertake well-founded formal manipulations, attached to
reasonable linguistic interpretations.

20.2.1. Construction of conceptual vectors

20.2.1.1. Basis: the thesaurus

Prior to the construction of conceptual vectors is the problem of identifying a
set of concepts broad enough to express any word meaning, based only on this
set’s elements. Due to the actual nature of the natural language, such a choice is
difficult and always subject to criticism. In our case, we decided to use a thesaurus
and we started with the 1999 edition of Larousse thesaurus [LAR 92]. To maintain
consistency with the thesaurus hypothesis, we assume that this set constitutes a
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generator space for words and their meanings, so that it is possible to project the
meaning of any word in this space. Note, however, that this space is probably not free.

This thesaurus is composed of two parts. The first part describes a hierarchy of
873 concepts. An index containing thousands of words constitutes the second part.
The lexicographers at Larousse have explicitly defined a family of concepts organized
in a tree of height four (four-level hierarchy). This tree has 873 leaves: the identified
concepts. Each index entry is associated with a list of related concepts (among the
873 of the list).

20.2.1.2. Step 1: building the concepts’ conceptual vectors

The start-up phase is to build the conceptual vectors of the 873 concepts
themselves. A simple way to proceed might be to associate a Boolean vector (of
dimension 873) to each concept word. However, from our point of view, this choice
would have not been judicious. Indeed, associating a Boolean vector with each
concept would implicitly mean that the concepts are independent from each other,
which is obviously not the case in natural language. We have therefore chosen
to define each conceptual vector of concept words as the resulting expression of
the concept C itself, combined with the expression of a conceptual neighborhood,
weighted by the hierarchical structure of the thesaurus. The closer the concept D is
to concept C in the thesaurus hierarchy, the more its expression is important in the
conceptual vector of C.

20.2.1.3. Step 2: starting

Given the concepts’ conceptual vectors, an initial set of words was chosen to start
the process. 2 This set is composed of about 2,000 French terms from among the
most commonly used and which have an entry in the thesaurus index. For each term,
the conceptual vector was obtained by linearly combining the vectors of the concepts
related to that word in the index.

20.2.1.4. Step 3: developing the conceptual vector database

For each new word, several definitions from various sources (mainly classical
dictionaries and thesauruses) were used. Each definition or description is a text
composed of sentences. The text was analyzed by using the SP method. The
conceptual vector of each word composing the definition text is used to determine
the conceptual vector of the new word. For words comprising the definition, which
were unknown, their vector was replaced by the null vector.

The conceptual vectors used in this work are those vectors. The process is detailed
in section 20.2.3. Today, the conceptual vector database contains approximately half a

2. Bootstrapping is the term generally used to refer to this step.
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million vectors corresponding to approximately 200,000 words (proper and common
nouns, verbs, acronyms, etc.).

Given a word m with k meanings, the conceptual vector of each meaning is
considered to analyze a text in which m appears. Regardless of the text source,
a newspaper, a scientific paper, an ad, a website, a technical document, etc., the
conceptual vectors associated with the meanings of m and handled by our method
are the same. Thus, the conceptual vectors considered in the section presenting the
colored ant method for the WSD processing (section 20.3) are not the result of learning
on specific data.

20.2.2. Operations on conceptual vectors

The disambiguation problem and that of finding interpretation trails can take
advantage, for their resolution, of identifying the thematic neighborhood between
different words. The few operators of vector comparison and composition needed
for this identification are analyzed in the following sections.

20.2.2.1. Thematic projection principle for evaluation

Let C be a finite set of n concepts. A conceptual vector V is a linear combination
of elements ci of C . For a meaning A, a vector V (A) is the description of the
activations of all concepts of C . For example, the main concepts activated by
the different meanings of the word ↪quotation↩ are (the CONCEPT[intensity] pairs are
sorted according to decreasing intensity value): V(↪quotation↩) = STOCK EXCHANGE[0.7],
LANGUAGE[0.6], CLASSIFICATION[0.52], SYSTEM[0.33], GROUPING[0.32], ORGANIZATION[0.30],
RANK[0.330], ABSTRACT[0.25], etc.

In practice, the larger the C is, the more specific the meaning descriptions are. In
return, the computing costs are higher. In addition, the enumeration of the activated
concepts is long and difficult to evaluate, when the vectors are dense, 3 which is the
case in practice for all the conceptual vectors. Thus, for evaluation, we will generally
prefer to select the thematically close terms, i.e. the neighborhood, as described in
section 20.2.2.2. For instance, the thematically closest terms of ↪quotation,↩ ordered
by increasing distance, are V (↪quotation↩) = ↪management,↩ ↪stock,↩ ↪cash,↩ ↪coupon,↩
↪investment,↩ ↪admission,↩ ↪index,↩ ↪abstract,↩ ↪stock-option,↩ ↪dilution,↩ etc.

20.2.2.2. Similarity between conceptual vectors

Often used in information retrieval, the similarity measure Sim(A,B) is expressed
as the scalar product of vectors A and B divided by the product of their norm. We
assume here that the vector components are all positive or zero. We also introduce

3. A vector is said to be dense if the majority of its coordinates are nonzero.
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the angular distance, denoted by DA, derived from the similarity measure. Intuitively,
this distance constitutes an evaluation of the thematic proximity, it is a measure of the
angle between the two vectors:

DA(A,B) = arccos(Sim(A,B))

with Sim(A,B) = cos(Â,B) =
A ·B

‖A‖×‖B‖
[20.1]

We generally consider that two words thematically close and sharing many
concepts are associated with vectors whose angular distance is less than or equal
to π/4. For values DA(A,B) ≥ π/4, the thematic proximity between A and B will
be considered as low. Around π

2 , words can be considered as unrelated. DA is a
real-distance function that verifies the reflexivity, symmetry, and triangular inequality
properties. Here are, for a few words, the measured angles between their conceptual
vectors:

DA(↪profit↩, ↪profit↩)=0° DA(↪profit↩, ↪product↩)=32°
DA(↪profit↩, ↪benefit↩)=10° DA(↪profit↩, ↪goods↩)=31°
DA(↪profit↩, ↪finance↩)=19° DA(↪profit↩, ↪sadness↩)=65°
DA(↪profit↩, ↪market↩)=28° DA(↪profit↩, ↪joy↩)=39°

The interpretation on the first value is evident in that ↪profit↩ cannot be closer to
a term other than itself. The second and third examples are not very surprising
either since ↪benefit↩ is almost a synonym of ↪profit,↩ in the ↪finance↩ field. The words
↪market,↩ ↪product,↩ and ↪goods↩ are less related with ↪profit,↩ which explains a higher
angle between them. Contrariwise, the idea behind ↪sadness↩ is not clearly linked to
↪profit,↩ as opposed to its antonym ↪joy,↩ which is thematically closer (either because
of metaphorical meanings of ↪profit↩ or because of other semantic relations induced by
the definitions). The semantic proximity is by no means an ontological distance, but a
measure of the strength with which meanings may relate to each other.

The high polysemy of the terms ↪exchange↩ and ↪profit↩ is apparent in the graphical
representation of the conceptual vectors associated with them. Two other terms
↪cession↩ and ↪benefit↩ seem to be more focused on specific concepts. These vectors
are the average of all possible meanings associated with their respective word in the
general thesaurus (Figure 20.1). It is possible to consider the fuzziness level of a given
vector as an indication of the number of semantic fields to which the word meaning is
connected.

In order to limit this vagueness of vectors, feature related either to polysemy or
to the lack of accuracy (since only 873 concepts are used), the vectors would gain in
accuracy if they were plunged into a specialized semantic space. However, it is not
possible to remove the vagueness of the general vectors for two reasons. First, the
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(a) Conceptual vector of cession (b) Conceptual vector of benefit

(c) Conceptual vector of exchange (d) Conceptual vector of profit

Figure 20.1. Graphical representations of the vectors of four terms. It is remarkable
that the two terms exchange and profit are more polysemous than the two terms cession

and benefit. The horizontal axis represents the 873 concepts and the vertical axis represents
the activation level

non-specialized words can also play a pivotal role in the context of WSD. Second, we
cannot know a priori whether a given occurrence of a word must be understood in its
specialized meaning, or in a more general, or even in several meanings together, for
the sentences with double meaning.

The angle between two vectors can be regarded as a similarity measure, as well as
the cosine between these same vectors (or 1− cos if a metric is required). However,
we stress that using an arccos leads to a more discriminating function for small angles.
More precisely, we generally consider that the limit of the metric cos is 0.5. Below this
value, there is little information shared. Using arccos, we set the limit to π/4, which
corresponds to a value of

√
2/2. We can then better discriminate nearby terms, and

in a way that is not linear, which is the goal. Indeed, in view of disambiguation, the
discrimination of distant terms has not the same importance as that of nearby terms.

20.2.2.3. Other operators

Sum of vectors

Let X and Y be two vectors, we define their normed sum V as

V = X⊕Y | vi = (xi + yi)/‖V‖ [20.2]
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This operator is idempotent (X⊕X = X). The null vector�0 is by definition the
neutral element of the sum. Thus, we can write�0⊕�0 =�0.

Normed term to term product

Let X and Y be two vectors, we define V as their normed term-to-term product:

V = X⊗Y | vi =
√

xiyi [20.3]

This operator is idempotent (X⊕X=X) and�0 is absorbent. We have V =X⊗X=
X and V = X⊗�0 =�0.

Contextualization

When two terms are in the presence of each other, some of the meanings of each of
them are selected by the presence of the other, acting as a context. This phenomenon
is called contextualization. It consists of emphasizing common features of every
meaning. Let X and Y be two vectors, we denote by Γ(X,Y) the contextualization
of X by Y, defined by

Γ(X,Y) = X⊕ (X⊗Y) [20.4]

These functions are not symmetric. The operator Γ is idempotent (Γ(X,X) = X)
and the null vector is the neutral element (Γ(X,�0) = X ⊕�0 = X). We notice, without
demonstration, that we have the following closeness and distance properties:

DA(Γ(X,Y),Γ(Y,X))≤ {DA(X,Γ(Y,X)),DA(Γ(X,Y),Y)} ≤ DA(X,Y) [20.5]

The function Γ(X,Y) brings the vector X closer to Y in proportion to their
intersection. The contextualization is an inexpensive way of boosting the salient
properties in the given context. Regarding the vectors of polysemous words, if the
context vector is relevant, a meaning among all possible meanings is activated through
contextualization. For example, the word bank by itself is ambiguous and its vector
is positioned somewhere between those of river bank and money institution. If the
vector of bank is contextualized by river, for example, then the expression of concepts
relative to finance must be considerably weakened (Figure 20.2).

20.2.3. From texts to vectors by SP

Prior to text processing, a lexicon associating words and vectors must be
constructed. Apart from a full manual indexing, which would be both difficult and
tedious, a supervised learning may be designed. The learning process is an endless
task, which is choosing, in a pseudo-random way, a word that should be learned (or
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Figure 20.2. Graphical representation (2D) of the contextualization function. The angle α
represents the distance between A and B contextualized by each other

revised). The vector of each definition of this word is then discussed as described in
the following.

How do we build a conceptual vector for a given text? From the text, the first step
is to build a morphosyntactic analysis tree. This is a derivation tree whose leaves are
the original sentence. A leaf refers to a word which is associated with one or several
definitions (as found in various dictionaries) and a conceptual vector. For simplicity,
we only consider nouns, verbs, adjectives, and adverbs, excluding tool-words. In
grammar, a tool-word or grammatical word belongs to a category of words such as
articles and prepositions, whose syntactic role is more important than the semantic
role. After filtering according to agreement on morphosyntactic attributes, a non-
contextualized global conceptual vector, obtained from the vectors of its k definitions,
is attached to the leaf. The most straightforward way (but not the best) to do so is to
calculate the average vector: V (w) = V (w.1)⊕·· ·⊕V (w.k). If the word is unknown
(i.e. it is not in the dictionary), the null vector is considered instead.

The vectors are then propagated upward. Consider a vertex N in the tree with p
children Ni (1 ≤ i ≤ p). The new vector calculated for N is the weighted sum of all
the vectors associated with Ni: V (N) = α1N1 ⊕ ·· · ⊕αpNp. The weights α depend
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Figure 20.3. Simplified graphical representation of the upward and downward propagations
of the conceptual vectors

on the syntactic function of nodes. For example, a governor word 4 is assigned a
higher weight (α = 2) than a regular word (α = 1). The purpose of this weighting is
to differentiate sentences formed with identical words but that do not play the same
role. For example, the vectors calculated for the sail boat and the boat sail will not be
identical. Once the vector of the tree root is determined, then a downward propagation
begins. A vertex vector is contextualized by its parents: V ′(Ni) = V (Ni)⊕Γ(Ni,N)
(Figure 20.3). This propagation is recursively performed toward the bottom, until
reaching the tree leaves. At the leaf level, an implicit WSD process is undertaken. The
new contextualized global vector is the weighted sum of the definition vectors, where
the weights are non-linearly related to the amount of mutual information between the
context (vertex N) and a given meaning:

V ′(w) = βiV (w.1)⊕·· ·⊕βiV (w.k)

with βi = cot(DA(V (N),V (w.i))
[20.6]

If the context vector V(N) is very close to w.i, then the global vector V(w) for the
word w is nearly equal to V (w.i) (we remind that cot refers to the cotangent function
with cot(0) = +∞ and cot(π/2) = 0).

4. Or head: it refers to the main part of the sentence.
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The upward and downward propagation processes are iterated until either a
maximum number of cycles are reached or the root vector stabilizes. In all generality,
the process convergence is not guaranteed, and the situation is even worse for strongly
ambiguous sentences, for which some oscillation phenomena may be observed.

This analysis model has two major drawbacks. On the one hand, the various
interpretations are merged together, and on the other hand, the constraints between the
different selected meanings for words are not structurally represented. The method
that we present below attempts to overcome these drawbacks.

20.3. Colored ants for disambiguation

A fundamental principle behind the emergence of a coordinated behavior at the
system level, from the local interactions between ants, is stigmergy. Our WSD method
is based on this principle. The stigmergy based on signals, pheromones, plays a role
in the behavior of ants, while the so-called sematectonic stigmergy is implemented for
the structural change of the environment, for creating new links between vertices, new
links that we call bridges.

Many ant algorithms follow three simple rules: 5 (1) each ant deposits a small
amount of pheromone along the paths it follows; (2) when an ant is located at an
intersection, the choice of the next vertex is partially determined by the amount of
pheromone on each outgoing link: the choice is probabilistic and the larger the amount
of pheromone on a link, the more likely the choice of this link, (3) pheromones
evaporate over time. During this process, which is repeated in an iterative way,
some links are more often visited than others, so that at the graph level preferential
paths appear, which result from indirect local interactions between ants and constitute
possible interpretations.

20.3.1. Why use colored ants?

The binary bridge experiment, developed by Deneubourg and his colleagues and
described in [PAS 87], explains our main motivation for considering a set of colonies
rather than only one. In this experiment, a food source is separated from the nest
by a bridge with two equally long branches. Initially, the two paths are visited, then
after a few iterations, only one of the paths is selected by ants, while the second, as
good as the first in terms of length, is simply deserted. This experiment highlights two
important issues. Ants are capable of self-organizing to act in concert through a simple
use of local interactions. In other words, obtaining an emergent solution to a problem
subjected to an ant colony is not unlikely as it is exposed in Chapter 2. This is crucial

5. We consider that the algorithm is applied to a graph.
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for our method since we hope that ants construct an interpretation trail in the text. But
the experiment also highlights a second issue, the inadequacy of that approach in its
simplest formulation (a single ant colony) to produce simultaneously a set of different
solutions. As these methods are based on strengthening the best current solution, they
are not directly adapted to our case. Indeed, if several interpretations are possible for
the text, all of them should be observed.

In this work, we present a method based on ants that implements several ant
colonies, competing to promote the meaning that they carry and to build global
meanings. These colonies are distinguished by their color: a color is associated with
each meaning of each term. A similar approach was already successfully used for a
dynamic load balancing problem with minimization of communications in the context
of distributed simulations [BER 07]. These concurrent colonies produce their own
solutions constrained by the meanings of the terms forming the text. Classically the
emergence of a global solution follows from the local interactions, which depend on
the neighborhood concept. In our case, it comes to a neighborhood in a graph, but
this neighborhood can be changed during the solving process. Indeed, when two
geographically distant vertices in the graph are nevertheless semantically close, then
some ants can build a new link between these two vertices, a bridge, allowing them to
be part of their respective neighborhood.

For this reason, in our model ants are allowed to change their environment by
creating bridges between “friend words,” i.e. words semantically close (the concept
will be more formally defined in the following). The text analysis sets out a global
conceptual vector at each level of the analysis tree. These vectors represent ideas
expressed at different granularity levels of the text: terms, groups, sentences, or
paragraphs, just to name a few. At the root level, we wish to get the activations
of concepts related to the entire text. These objectives are extended to obtain
representations of explicit interpretations, in the form of paths that link the meanings
of the selected words. In the French sentence l’avocat est véreux (see Figure 20.4),
there are only two reasonable interpretations from a combinatorial of four. Generally,
not all combinations of word meanings are possible and the SP analysis only takes
into account the conceptual activation, but not the interpretation trails.

20.3.2. Environment

As before, the underlying structure to the environment is the morphosyntactic
analysis tree of the text that must be addressed. Each word (excluding the tool-
words) is a vertex. This vertex has as many children as different meanings for the
corresponding word. To each child corresponds a unique color, the conceptual vector
corresponding to the associated meaning. A child is also a nest and all the children
of a vertex associated with a word are competing. In Figure 20.4, the two vertices are
directly linked to two nests.
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Figure 20.4. For the French sentence “L’avocat est véreux,” there are two possible
interpretations: either The avocado is worm-eaten or The lawyer is corrupt. An interpretation
trail is made of one or a series of strongly excited bridges between activated word meanings

An ant can move via the edges and, in certain circumstances, it can build new links
that we call bridges. Beyond the morphosyntactic information, each node contains the
following attributes: (1) a resource level R and (2) a conceptual vector V. Each edge
contains a pheromone level. The main purpose of pheromones is to represent the
popularity of the edges on which they are deposited. The environment itself evolves
in different ways:

– the conceptual vector of a vertex is slightly changed each time a new ant visits it.
Only the nest vectors are invariant (they cannot be modified). A vertex which is also a
nest is initialized with the conceptual vector of the associated word meaning, all other
vertices are assigned a null vector;

– resources tend to be redistributed between nests which reinvest them in turn in
production of ants. Nests have an initial amount of resources equal to 1;

– the pheromone levels of edges are modified by ant passages. We use an
evaporation factor δ ensuring that over time the pheromone level of an edge tends
to decrease to zero if no ant is passing through. Only the bridges (edges created by
ants) may disappear if their pheromone level reaches zero.

The simulation results are extracted using the pheromone levels of bridges and the
amounts of resources in the nests.
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20.3.3. General algorithm

In the syntactic tree, each word meaning corresponds to a nest, and each word
meaning has an unalterable conceptual vector. The nests are generators of ants and
ants are colored by the conceptual vector associated with the nest they come from.

Each ant in the algorithm corresponds to an independent process. The overall
process is iterative, and in each stage

– the age of each ant increases by one. If an ant age is greater than a limit, this ant
dies (section 20.3.4);

– each ant chooses its behavior, either foraging, which in our context is related to
the search for resources (section 20.3.6), or bringing back resources to its nest (section
20.3.7);

– each ant moves according to its behavior, deposits pheromones, and slightly
changes the color of each vertex visited. It may also deposit or retrieve resources
and create a bridge (section 20.3.7);

– the environment is updated (pheromones).

The algorithm can be considered as an endless iterative process. However, the user
can select a stopping condition that is a given number of steps or a condition on the
duration (in number of consecutive steps) of root color stability.

From the viewpoint of an ant, there are two types of nests: the friendly nests and
the unfriendly nests. The unfriendly nests relate to other word meanings and the ants
that exit from them are concurrent for the access to resources. The friendly nests
are all the nests of the other words (Figure 20.5). The friendly nests of an ant may
encourage it to relinquish to them some of the resources it carries. Contrariwise, the
unfriendly nests are sources of resources for ants, i.e., an ant may decide to recover
some of the resources of an unfriendly nest, when the level of resources of that nest is
positive.

20.3.4. Nests, life, and death of ants

A nest (corresponding to one of the word meanings) has resources that are used to
produce new ants. The level of resources, denoted by R ∈ [−∞,+∞], may be negative.
However, a nest with a negative resource level can still produce new ants. Indeed,
in each step, among all nests that have the same parent vertex (i.e., among all the
meanings of a word), only one nest is authorized to produce a new ant. This ant takes
the color of the nest that was selected. The choice of the nest is probabilistic. The
probability of choosing a nest is proportional to its resource level.

The production of an ant costs ε . This cost is deducted from the amount of
resources of the nest.
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Figure 20.5. Propagation schema. Ants, during their foraging activity, establish friendly and
unfriendly relations between the nests, redistribute the resources, and propagate the conceptual
vectors among the tree vertices. Through the creation of bridges, the tree becomes a graph with
circuits. The most activated relations correspond to the interpretation trails

The probability of producing an ant is related to a sigmoïd function (Figure 20.6)
applied to the resource amounts of the nests. The definition of this function ensures
that it is always possible for a nest to produce an ant, although the chances are low
when the meaning associated with the nest is inhibited (resource level of the nest
negative). A nest can always borrow resources. Thus any meaning of any word still
has a chance to express itself, including when the environment is not favorable for it.

Figure 20.6. Sigmoïd function: Sig(x) = 1
π arctan(x) + 0.5

The cost of an ant may be related to the lifetime λ , which corresponds to the
number of steps during which the ant can forage before dying. In the following, we
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discuss the effect of lengthening or shortening the lifetime of ants on the progress of
the overall process. When an ant dies, it restores the resources it carries plus the value
associated with its creation cost to the vertex where it is located. For example, if an
ant carries 0.5 and dies on the vertex N, then the vertex will see its resource amount
increase by 0.5+ ε . This approach ensures an important feature of the system: the
total resource amount of the system is constant. The resources may be distributed
unevenly between vertices and between ants. This distribution changes over time,
sometimes leading to stable states and sometimes to cyclical configurations. This
transfer of resources reflects the lexical selection, through the activation and inhibition
of different meanings of different words (Figure 20.7).

Figure 20.7. Example of production of ants by a nest. The nest S2 was selected to produce
a new ant. Its resource amount mechanically decreases by a value ε . In the next step,

the respective choice probability of the nest (S1 and S2) for the production of a new ant
will be adjusted

The population of ants (specifically the color distribution) evolves differently from
classical approaches [DOR 97], where ants are similar and their number fixed a priori.
However, in any stage (greater than λ ), the environment contains at most λ ants that
were produced by the nests attached to the meanings of the same word. This means
that the total number of ants depends on the number of words composing the text,
but not on the number of meanings. From our point of view, this self-regulation
expresses the fact that some meanings will be more often activated than others, which
for highly polysemous words should lead to an intense competition. A monosemous
term will most often serve as a pivot to other meanings of other words. Thus this
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feature allows us to evaluate the computing needs for a text analysis, since these needs
are proportional to the number of ants, which in turn is proportional to the number of
words in the text.

20.3.5. Population of ants

An ant has only one motivation: foraging and bringing back resources to its nest.
To this end, an ant can adopt two behaviors (called modes), (1) searching and foraging
and (2) bringing back resources to the nest. An ant a has a resource storage capacity of
1 and the amount of resources it carries is denoted by R(a)∈ [0,1]. In each step, the ant
decides between these two modes proportionally (linearly to be precise), depending
on its resource storage. For example, if R(a) = 0.75, then there is a 75% chance that
the ant a chooses the behavior (2) and returns to the nest.

The color of a vertex which is not a nest is changed at each visit of an ant
by adding a small amount of the ant’s color. This change of the environment is a
manifestation of the previously mentioned stigmergy and it is a means for an ant to
find the way back. The new color value is C(N) = C(N)+αC(a) with 0 < α < 1.
In our application, the colors are the conceptual vectors and the operator “+” is the
normalized sum of the vectors (V (N) = V (N)⊕αV (a)). We heuristically found that
a value of α = 1/λ is a good compromise between a static environment and a very
changing environment.

20.3.6. Searching behavior

Let us consider a vertex Ni. Nj is a neighbor of Ni if and only if there is an
edge Ei j linking the two vertices. Ni is characterized by a resource level denoted
by R(Ni). The edge Ei j is characterized by a pheromone level denoted by Ph(Ei j).
Moving an ant in the searching and foraging mode depends on both resource levels of
each vertex located in its neighborhood (except its nest) and the pheromone level of the
outgoing edges. Specifically, an attraction value is calculated for each neighbor. This
value is proportional to the resource level and inversely proportional to the pheromone
level:

attractS(Nx) =
max(R(Nx),η)

Ph(Eix)+1
[20.7]

where η is a constant whose value is close to 0 and whose only purpose is to disallow
null attraction values.

The reason for choosing an attraction value proportional to the inverse of the
pheromone level is to encourage ants to move preferentially toward some parts of
the graph less or not visited. If an ant is located on the vertex Ni with p neighbors
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Nk (k = 1 · · · p), the probability PS(Nx) for this ant to choose the vertex Nx in the
searching and foraging mode is

PS(Nx) =
attractS(Nx)

∑1≤k≤p attractS(Nk)
[20.8]

Thus, if all the neighbors of a vertex Ni have the same resource level (including 0),
then the probability that an ant located on Ni moves to the neighbor Nx only depends
on the pheromone value on the edge Eix.

Once it has arrived on a vertex, an ant takes as many resources (if not all, see
Figure 20.8) as its residual storage capacity permits. The principle is based here on a
simple greedy algorithm. Thus, a vertex with a reduced amount of resources is only
slightly attractive to ants.

Figure 20.8. Illustration of the selection of a vertex by an ant having a searching and foraging
behavior. The vertex 4 was (randomly) selected, inducing the propagation of the ant color

20.3.7. Resource bringing back behavior

When an ant leaves the searching and foraging mode, it tends to bring back the
resources it possesses to its nest. The ant tries to find the return path with the help of
the color of the trail left behind, in its previous movements. This trail can have been
reinforced by ants of the same color, or blurred by ants of other colors.
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An ant on the way back to its nest makes its move choices according to the
similarity of its color with that of the neighboring vertices and according to the
pheromone level of the outgoing edges. In practice, an attraction value proportional
to the color similarity and to the pheromone level is calculated for each neighbor:

attractR(Nx) = max(sim(colorOf(Nx),colorOf(a)),η)× (Ph(Eix)+1) [20.9]

where η is a constant whose value is close to 0 and whose only purpose is to disallow
null attraction values.

Let Ni be a vertex with p neighbors Nk(k = 1 · · · p). The probability PR(Nx) for an
ant located on Ni to choose the vertex Nx in the mode (2) (bringing back) is

PR(Nx) =
attractR(Nx)

∑1≤k≤p attractR(Nk)
[20.10]

In our case, the colors are represented by the conceptual vectors, the similarity
function, denoted by mi, is called mutual information. It is defined by

mi(Nx,a) = 1− 2×DA(vectorOf(Nx),vectorOf(a))
π

[20.11]

The syntactic relations, projected into a geometric neighborhood in the tree,
constrain the possible moves for ants. However, when an ant is located in a friendly
nest, it can create a bridge directly to its own nest. This way, the graph is changed
and this new link can be used by the other ants. These links are evanescent and may
disappear when the pheromone level becomes null.

20.3.8. Stigmergy

Color propagation, pheromone deposit, and building of bridges are three
manifestations of the stigmergy principle. When ants of a given color represent the
majority of ants present in some part of the tree, the vertices of this region mainly are
of the color of these ants and the passage of ants of other colors simply mitigates the
dominant color.

If, in the bringing back mode, an ant visits a friendly nest, it may deposit in it some
of the resources it carries and construct a bridge between this nest and its original
nest. These bridges play a key role in establishing interpretation trails, indeed, they
directly connect word meanings (nests), thereby creating neighborhoods with positive
feedback, through the mutual reinforcement of friendly nests (Figure 20.9).

The part of the resources left, by an ant a, in a friendship nest N is proportional to
mi(N,a). For example, if a carries 0.5 and reaches a vertex such that mi(N,a) = 0.6,
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Figure 20.9. Example of selecting a destination vertex for an ant in phase of bringing back
resources. The vertex 3 was (randomly) selected, inducing the propagation of the vector

then the ant will deposit 0.5×0.6 = 0.3. Note that when N is the original nest of the
ant, all the resources are deposited, which is consistent, since mi(a,a) = 1.

The creation of a bridge can induce catastrophic events in the sense given by Thom
[THO 72]. Indeed, the direct linking of remote vertices in the graph allows some ants
to reach certain parts of the tree previously unattainable. This flow may result in a
disruption of the ant circulation in a very short time and may ruin all the structures
established so far.

20.4. Discussion and related works

In this section, we first present the two problems for which we conducted test
campaigns: the WSD problem and the attachment problem of prepositional phrases
(PP). The obtained results are then presented and compared with those existing in the
literature on the subject.

20.4.1. Disambiguation (WSD) and interpretation trails

To disambiguate, in the framework of our study, is to select, among a set, the
most activated meaning(s). In addition, a path (a sequence of nests linked by bridges)
between the word meanings should be present. In rare cases, we may get multiple
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results, but it is mostly highly significant semantic structures that express the existence
of several possible interpretations for the text. Very ambiguous or even humorous
sentences lead to such situations and can be detected.

For example, consider the sentence: “The old musician donated his organ to
the hospital.” We have a strong ambiguity with the word “organ.” Quickly (after
100 cycles in our experiments), the musical instrument interpretation is supported by
“musician,” but the presence of “hospital” gives credit to the body part. Both meanings
of “organ” are activated, but there is not a continuous interpretation trail for the whole
sentence. But a third actor comes into play with “donate.” It does not interact much
with other words but only slightly with “organ”:“body part.” After some time (around
400 cycles), a bridge between “donate” and “organ”: “body part” is able to maintain
itself, forcing the interpretation “organ”: “music” to slowly step back.

20.4.2. Prepositional phrase attachment

Without substantial change in the model, our approach solves some instances of
the PP attachment problem. Consider the following example: “He saw the girl in
the park with a telescope”. Initially, a very strong path appears between saw:see and
telescope, inducing a very strong activation of saw:see to the detriment of saw:saw
(Figure 20.10).

20.4.3. Results

The evaluation of our model in terms of linguistic analysis is in itself a challenge.
Manually examining the ant populations and vertices activation for a given text is time
consuming. Thus, to have a larger scale evaluation of our system, we chose to evaluate
it through a disambiguation task.

One hundred short texts were constructed and each term (noun, adjective, adverb,
and verb) was manually tagged. A tag is a term that names one particular meaning.
For example, the term bank can be annotated as bank/river, bank/money institution,
bank/building, etc. In the conceptual vector database, each word meaning is associated
with at least one tag (in the spirit of [JAL 02]). Using a tag is generally simpler than a
meaningful number, especially for those who are responsible for such a scoring.

The basic procedure is quite simple. The original unannotated text is submitted
to the system that marks each term with the meaning it has determined. This text,
annotated by our method, is compared to the same text, annotated by a human expert.
For a given term, the annotations available to the human expert are those provided
by the conceptual vector lexicon. The human expert is allowed to associate several
tags with a given term if multiple meanings are acceptable in the sentence context.
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Figure 20.10. Example of induced prepositional attachment. Syntactically, the possible
attachments with “with a telescope” are two in number. The ant population dynamically
chooses a path according to conceptual vector mutual information. The strongest path links
“with a telescope” with saw:see. The process is fully emergent

For instance, we can have the frigate ancient ship/modern ship sank in the harbor,
indicating that both meanings are possible, but excluding the meaning frigate/bird.
Thereafter, we will call the manually annotated text gold standard. For evaluating our
method, only the words annotated in the gold standard are considered.

When the system annotates a text, it marks the terms with all the meanings for
which activation level is greater than 0. Thus, the inhibited meanings are ignored.
The system associates each tag with the activation level in percentage. Consider the
sentence “The frigate sank in the harbor.” Assume that the activation levels are 1.5, 1,
and −0.2 for frigate/modern ship, frigate/ancient ship, and frigate/bird, respectively,
then the system produces the following scoring:

The frigate/{modern ship:0.6/ancient ship:0.4}.

Precisely, we conducted two series of experiments with two different evaluation
methods:

– A fine-grained evaluation, for which only the best meaning determined by the
system is retained. If the meaning is one of the meanings proposed by the gold
standard, the answer is considered as valid and the system scores 1. Otherwise, the
system is deemed to have failed and it scores 0.
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– A coarse-grained evaluation, which is more indulgent, which gives the
possibility of accepting closely related meanings. If the first meaning determined
by the system is the good one, the system scores 1. Otherwise, the system marks a
score equivalent to the percentage of a good answer if it is present.

For example, if the gold standard proposes the scoring The frigate/modern ship:
0.8/ancient ship: 0.2, then the score obtained for each evaluation method will be

Modern ship:0.6/ Bird:0.8/
ancient ship:0.4 ancient ship:0.2

Fine-grained 1 0
Coarse-grained 1 0.2

For the comparisons, the reference score is 1, it is the score assigned to the gold
standard (i.e. to the text manually annotated by a human expert). Our method operates
on the original text and annotates it. The score obtained varies according to the
evaluation method, depending on whether it is a fine-grained or coarse-grained scoring
scheme. Two other automatic annotation methods are considered. Both methods are
based on random choices, sometimes guided by syntactic information called part of
speech (POS). The ensemble, formed by the gold standard and the random methods,
helps putting into perspective the relative quality of our method compared to a ceiling
(the gold standard) and a floor (the random methods), both qualitative.

The reference level with POS 6 is a random selection of a meaning for each term,
but with the POS present in the syntactic analysis tree, which often can remove
the ambiguity between different POS. The reference level without POS is a random
selection among all possible word meanings and all possible POS identified after
the morphosyntactic analysis. Traditionally in information retrieval, two evaluation
criteria are used: the precision and the recall. Consider a document database and
an information search query in this database. Let R∗ be the set of right answers to
the query. Consider an information search method that returns a set R of answers to
this same query. The precision of the method is defined as the ratio (R∩R∗)/R and
the recall as the ratio (R∩R∗)/R∗. The first criterion measures the relevance of the
returned answers by the evaluated method, while the second criterion is to measure
the completeness of the right answers among all generated answers. The results of
our method are shown in numerical form. These results refer to both precision and
recall since, in any case, only one right answer is present in the gold standard. The
distribution of the word meanings in the gold standard is as follows: 0.31 for nouns,
0.22 for adjectives, 0.31 for verbs, and 0.16 for adverbs.

6. POS indicates the syntactic role of each term in the text: verb, noun, adjective, adverb, etc.
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Scoring scheme All terms Nouns Adjectives Verbs Adverbs
Fine-grained scoring 0.73 0.76 0.78 0.61 0.85
Coarse-grained scoring 0.85 0.88 0.9 0.72 0.95
Reference level with POS 0.33 0.30 0.4 0.17 0.60
Reference level without POS 0.25 0.24 0.25 0.12 0.52

Table 20.1. Scores obtained by the method according to the scoring scheme and the POS

The results gathered in Table 20.1 show that our method produces results whose
quality is unrivalled with respect to those produced by the random methods. They
are also better, on the whole, than the results produced by the other WSD methods
evaluated within the SENSEVAL campaign ([KIL 98], [SEN 00], and [SEN 01]),
especially for French in [SEG 00].

As expected, verbs are the most difficult terms to treat. It is mainly due to their
major polysemy, added to the subtlety of meanings associated with them. On the other
hand, adverbs turn out to be rather simple to treat when they are polysemous.

We manually analyzed the data sets for which the system is in default. In most
cases, the information that allows choosing the best word meaning is not of thematic
nature, other criteria prevail. The lexical functions, like the hyperonymy (is-a) or
the meronymy (part-of), very often play a key role. The frequency distribution of
meanings may also be relevant. To take into account this information, the most
frequent meanings could benefit from an advantage to the detriment of the rarest
meanings. To this end, it would be possible to skew the distribution of initial resources
so that the emergence of the rarest meanings takes place only when the context
strongly favors them.

These elements were not included in our experiments. However, the global
architecture of the approach that we propose is adapted to be extended to other castes
of ants. In the prototype, we have developed so far, only one caste of ant is present,
dealing with thematic information through the conceptual vectors. Early evaluations
suggest that a gain of about 10% could be expected in case of a semantic network,
restricted to is-a and part-of relations only.

20.4.4. Comparison with existing works

Our approach has some common interests with other research in the field of
algorithmic NLP. Thus, the approach described in [SIN 07] (but also in some respects
in [MIH 04] and [MIH 05]) also combines a graph course algorithm with a data
structure providing a similarity measure, as the conceptual vectors do.

The first important difference is the use of discrete labels instead of dense
conceptual vectors. The second major difference relates to the graph considered for
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the meaning propagation. While we rely on the syntactic analysis tree, the authors
cited above consider a chain composed of the sequence of word meanings, which
prevents any semantic or thematic connection between distant terms. Thus, in our
model, we do not deal with semantic similarity but more with thematic similarity,
i.e. we evaluate to what extent two word meanings are in the same thematic field. This
distinction is important since it can increase the recall, which is determinant in many
cases. To improve the basis for comparison, we considered two sets of experiments.
The approach here is similar to that described in [SIN 07]. We try to evaluate our
work in three aspects: (1) the impact of the conceptual vectors, (2) the use impact of
the syntactic analysis tree, and (3) the impact of the ant algorithm. In each experiment,
the variable part is what we want to evaluate.

To evaluate the impact of conceptual vectors on the performance of our AntSA
algorithm, we have adapted it to other information sources to compare the sense of
the word meanings. In all cases, the data structures must be comparable and mixable
(similarly to the sum of conceptual vectors in our method). Data were extracted from
EuroWordNet for French [EUR 99] and we have kept only ontological information
(hyperonyms and hyponyms). We considered the following metrics: Jiang & Conrath,
Leacock & Chodorow, Lesk, Lin, Resnik, and Wu & Palmer (the reader may find
their definition in [SIN 07]). Mixing data structures has proven difficult. Indeed, the
operation is decisive for the ant algorithm, but it is also for converting the similarity
in angular distance.

The ant signature is thus a set of weighted labels, which is actually similar to our
original model. Each word meaning refers to such a signature. Mixing signatures is
nothing more than summing two signatures and normalizing the results (as done with
conceptual vectors). All the metrics used for comparison are normalized into an angle
by applying the arccos function. For the same ant algorithm operating on the same
environment (analysis tree), we grouped in Table 20.2 the results obtained for different
lexical information and different metrics, under a coarse-grained evaluation scheme.
The results presented in this table suggest that, to represent the meaning of a word,
irrespective of the implemented metrics, the data structures of the conceptual vector

Score JiaCon LeaCho Lesk Lin Resnik WuPal CVS
Nouns 0.82 0.55 0.79 0.47 0.54 0.59 0.88
Adjectives 0.80 0.57 0.78 0.54 0.56 0.61 0.9
Verbs 0.62 0.65 0.59 0.22 0.37 0.62 0.72
Adverbs 0.90 0.72 0.89 0.75 0.77 0.78 0.95
All terms 0.77 0.61 0.74 0.46 0.53 0.63 0.85

Table 20.2. Results obtained by AntSA (coarse-grained scheme) for various metrics (the last
column CVS (standing for conceptual vector similarity) is the metric that we defined in

section 20.2.2.2)
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family perform better than the structures built on the only ontological information.
In other words, the ability of the system to capture the proper meaning of a term is
greater if the comparison is based on semantic fields (as is the case with conceptual
vectors), rather than on ontological relations only. Note furthermore that ontological
relations are included in the scope of the semantic field. Therefore, the system
recall is increased in situations where the ontological relations are irrelevant or even
misleading.

We also tried to evaluate the analysis impact. We have already given above some
background material to the scoring, with a completely random choice among the
different word meanings, taking or not into account the POS produced by the analysis.
To go still further in this evaluation, we applied the ant algorithm in an environment
reduced to a word string, with and without the POS. In other words, we have broken
the analysis tree to only retain the leaves connected to each other, thus forming a chain.
The results are summarized in Table 20.3 for the coarse-grained evaluation scheme.

Scheme All terms Nouns Adjectives Verbs Adverbs
AntSA with the tree 0.85 0.88 0.9 0.72 0.95
Chain with POS 0.55 0.57 0.65 0.31 0.79
Chain without POS 0.44 0.42 0.55 0.23 0.72

Table 20.3. Evaluating the use impact of the morphosyntactic analysis tree on AntSA
performance The first line refers to the results obtained by AntSA using the morphosyntactic
analysis tree and the following two lines correspond to the performance obtained without using
this tree, but based only on a chain formed by the tree leaves

Taking into account the POS generally improves performance by about 10%.

Finally, we varied the AntSA algorithm and produced two new versions. The
first is a greedy approach in which ants always choose the direction with the highest
score, while they choose their direction randomly regardless of the score in the
second version. For the coarse-grained evaluation scheme, the results are presented in
Table 20.4.

Scheme All terms Nouns Adjectives Verbs Adverbs
AntSA 0.85 0.88 0.9 0.72 0.95
Greedy choice 0.76 0.78 0.81 0.65 0.91
Random choice 0.41 0.36 0.45 0.22 0.78

Table 20.4. The choice strategy of ants significantly impacts the results obtained

As expected, the ants making random choices obtain results which, although
weak, show much better than those obtained for the reference configurations. This
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is certainly due to the presence of the morphosyntactic analysis tree. The greedy ants
get mixed performance, finding only quite obvious and immediate solutions.

Another interesting model is that proposed by Hirst [HIR 88]. The marker
passing mechanism is similar to the role played by ants that are in fact information
transporters. Indeed, the Polaroid Words compete in the same way as do anthills for
resources through the ant activity.

In [VÉR 90], a large neural network built from the dictionary definitions is used
for WSD. In our case, the “network” is the morphosyntactic analysis tree of the text
amended by the ant activity and building of bridges. In the approach proposed by
Véronis and Ide [VÉR 90], the text syntax is not taken into account, nor is the POS (as
pointed out by the authors themselves). Besides nothing is said about the management
of duplicate words in the text (as in “the frigate was flying over the frigate,” for
example), which can lead to confusion since no duplication of words is proposed in
the network for the different occurrences.

The activity of creating bridges, performed by ants, is similar to the lexical
chaining presented in [GAL 03] (and others since). Due to the use of conceptual
vectors, the word meanings are chained together when they belong to related semantic
fields, which goes beyond mere synonymy or hierarchical relations.

20.5. Perspectives

20.5.1. Computational issues

Although these aspects are outside the scope of the study presented in this chapter
and although this system is still subject to improvements, it may be interesting to
summarily address the computational issues of our approach. The computation time
needed for one step is linear in the number of ants. However, this number varies
during simulation. For each meaning of each word, the number of ants is at most
equal to their lifetime (in number of steps). This is only a theoretical upper limit
since, for each word meaning, a new ant is not necessarily generated in each step.
Moreover, many word meanings are quickly abandoned, thus producing few ants. The
number of steps after which a stable solution may emerge does not depend on the
polysemy level of the text. The main criterion is undoubtedly the text cohesion. Even
with a large number of different meanings, if a text is highly cohesive, the number of
steps required will be well below that required for a text less polysemous, but with
less cohesion. Thus, the number of steps before the emergence of a solution can be
implicitly used as a measure of the text cohesion. An accurate evaluation of these
issues is under progress.
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20.5.2. Dynamic analysis

Consider a speech. The sentences formulated by the speaker are all interrelated
after another. The meaning of words that make up these sentences and the
interpretation trails associated with them evolve, based on new elements occurring
during the speech. In most cases, a general sense, or more precisely a general theme,
emerges from the speech and the first sentences are no longer necessary for auditors
to identify the appropriate meaning of each word.

From our point of view, one of the most promising potential contributions of
the AntSA algorithm is its applicability to a dynamic analysis of speech. Consider
the initial French text “Il s’est fait mal avec une prise” (that might be roughly
translated as “He got hurt with a hold”). Each of the terms mal and prise has in
French, at least, three different meanings. Mal may be associated with douleur (pain),
imparfait (imperfect) or moral (bad). The term prise may be understood as prise
électrique (socket), prise d’escalade (climbing grasp) or prise de judo (a hold in
judo or any martial art). If the presence of the term prise can by itself limit the
meaning of mal to mal/douleur (hurt/pain), the three meanings associated with the
term prise are prise/escalade (hold/climbing), prise/art martial (hold/martial art) and
prise/électrique (socket or outlet). Considered alone, the initial sentence allows us
to interpret the term prise as prise/électrique (socket). This is not surprising, the
interpretation that each of us can make depends almost exclusively on the context and
on one’s own experience. The interesting point is the responsiveness of the AntSA
algorithm, when the context is added or modified during analysis. The interpretation
trails previously calculated are modified by the consideration of new lexical items and
that, without the system being changed or recalibrated. We thus tested it with two
different contexts. For each new context, the AntSA algorithm produced a different
interpretation trail, favoring in turn one or the other of the meanings of the term prise.
Figures 20.11–20.13 illustrate this ability.

Il s’est fait mal avec une prise .

mal/douleur

mal/moral

mal/imparfait prise/escalade

prise/électrique

prise/art martial

Figure 20.11. The mutual information related to the pain (mal/douleur) mostly activates
the meaning of the socket (prise/électrique), then that related to martial art

(prise/art martial)

This capability of the AntSA algorithm enables analyzing a text by regarding
it not as a static interaction network, but as a stream of sentences enriched with
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Il s’est fait mal avec une prise executee´ ´ par son partenaire .

mal/douleur
mal/moral

mal/imparfait prise/escalade
prise/electrique´

prise/art martial

Partenaire/art martial

Figure 20.12. The term partenaire (partner) can here activate the meaning associated with
martial art for prise/martial art. The sentence may be translated by: “He got hurt by a hold

performed by his partner”

Il s’est fait mal avec une prise à la cime de la falaise .

mal/douleur
mal/moral

mal/imparfait prise/escalade
prise/electrique´

prise/art martial

cime/sommet falaise

Figure 20.13. The terms cime (summit) and falaise (cliff/escarpment) are related to the context
of climbing and activate the corresponding meaning for prise/escalade (grasp). The sentence

may be translated by “He got hurt with a grasp at the top of the cliff”

contextual information, whose form remains to be defined, built in during analysis
itself. However, the length of the stream under analysis, which can be viewed as a
sliding window over the text sentences, remains a problem highly dependent on the
style adopted by the speaker or author. The latter can, for fun, make the interpretation
of the text depending on the last word in the last sentence. The Oulipian texts provide
delicious examples of such cases.

20.6. Conclusion

The conceptual vector model is a numerical approach to the lexical semantic
representation applied to WSD. Unlike traditional vector models, components refer
to ideas and concepts and not to lexical items. More specifically, the methodology
involves an autonomous learning of the system vectors. The learning is done through
the analysis of varied lexical information, with a strong representation of dictionaries’
definitions.

After an early evaluation of the vector propagation in a morphosyntactical analysis
tree, it appears that using this only strategy is in many cases insufficient. In particular,
it seems necessary to represent explicitly the connections between the selected word
meanings, which leads to creating interpretation trails. These trails are based on
bridges whose “solidity” and sustainability depend directly on their use by ants.

The artificial ant approach is greedy in computing power, but easily parallelizable.
Asynchronism and indeterminism are essential for building unlikely bridges that may
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lead to interesting solutions. In other words, chance and bridges can help to cross
potential barriers that the SP cannot overcome. Globally, the model leads to an
anytime, both robust and adaptive, process. It is possible, for example, to add a
new sentence following a sentence already in place and observe the previous balance
deriving toward a new interpretation, which, theoretically, makes this method suitable
for dynamic processing of speech.

We believe that our approach, in its principles, is potentially very promising
for semantic analysis. The simplified model presented here retains only the most
fundamental aspects. The achievement of an actually effective WSD will require
additional developments. For example, all ants are equivalent and have the same skills,
they differ only in their color and nest position. Clearly the consideration of several
types of ants (or castes as in [BER 02]) with different language skills could improve
the system. Furthermore, other phenomena, such as anaphoric relations, could be
concurrently processed by specialized ants.

Finally, we observe other phenomena related to the catastrophe theory by
Thom. He was a French mathematician, one of whose most prominent work is
the development of a theory to model the growth and changes in living organisms.
One conclusion the theory has achieved is that a minor change in a situation may
lead to unpredictable and extensive changes [THO 72]. During our experiments, we
found similar situations when creating a bridge, i.e. an edge, by ants sometimes leads
to a radical change in the interpretation trails highlighted by ants. Although these
observations are interesting, they have not yet been analyzed in detail but will be
extensively studied in the near future.

20.7. Appendix: samples of data sets

All sentences were chosen to test the capabilities of the system facing a WSD
problem. Several types of ambiguity were considered: simple lexical ambiguity,
multiple lexical ambiguity, reference problems (anamorphisms, identity relations),
prepositional phrase attachment, and instantiation of lexical functions.

We present a sample of sentences that were used in pointing out ambiguities. Some
texts were artificially designed to bring the system to the test, while others were taken
from works of French literature (Jules Verne, Stendhal).

We finally added some examples of sentences for which the system was unable to
determine a valid interpretation trail.

20.7.1. Simple lexical ambiguity

The sentences falling into this category are characterized by the existence of a
unique “reasonable” interpretation trail, but are composed of words each with different
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meanings. The system is intended to highlight the word meanings defining the right
interpretation trails of sentences.

20.7.1.1. Example 1

He connects his mouse to the computer.

The word mouse has two meanings:
1) the small rodent, mammal;
2) a pointing hardware interface in the field of computers.

20.7.1.2. Example 2

It is an idea to dig.

The verb to dig has two meanings:
1) to operate an excavation, to make a hole;
2) the figurative meaning of to dig, which means to analyze a topic in depth.

20.7.2. Multiple lexical ambiguity

The texts in this category can be interpreted in several ways. They are also
composed of words with multiple meanings.

20.7.2.1. Example 1

L’avocat est véreux (in French).

Each of the two French terms has two meanings:
1) the noun avocat may refer either to the man of justice or to the fruit;
2) the adjective véreux may refer either to corruption (crooked) or to the presence

of a worm.

Mixing all senses leads to four possible interpretations:
1) a worm is present in the man of justice (!);
2) the fruit is dishonest (!);
3) the man of justice is dishonest;
4) the fruit contains a worm.

We consider that the interpretations 1 and 2 are not reasonable. Thus, the only
two interpretations that the system must make visible are interpretations 3 and 4.
Anyway, in Figure 20.14, we can see that the system manages to highlight these two
interpretation paths.
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Figure 20.14. In this illustration of the result produced by the system, the structure of the
morphosyntactic analysis tree appears clearly. The leaves of this tree are formed by the
meanings of the polysemous words and the other terms. We can clearly see that the four possible
interpretations appear in the diagram, however, the activation levels are much stronger on the
edges belonging to the right interpretation paths (of about 0.4 and 0.5) than on the edges which
do not relate to the right interpretations (<0.1)

20.7.2.2. Example 2

La glace se casse. (in French)

The French noun glace has three different meanings:
(1) a mirror;
(2) an ice-cream;
(3) a particular state of water.
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The French transitive verb se casser may have two very different meanings:
(1) action of breaking;
(2) action of leaving (in a familiar register).

Among the six possible interpretations, only two seem reasonable, the mirror
which is broken or water in ice form which is broken.

20.7.3. Reference problems

20.7.3.1. Example 1

L’homme regarda la femme qui s’écroula sur sa chaise. (in French)

This translates as “The man looked at the woman rolling on (his/her) chair”.
The problem that occurs in this sentence comes from the French possessive pronoun
sa (his/her). Is it the chair of the man or woman? Without additional information,
it is impossible to conclude. But with a view of translating the text into English by
example, this point must be resolved to determine whether to use his or her.

20.7.3.2. Example 2

La fille cliqua sur la souris pour enregistrer son programe. Le chat la heurta.
(in French)

In this short text, two problems arise. The first comes from the noun souris (mouse
in English) which, as we have seen in a previous example, may refer either to the
hardware interface or to the rodent. The meaning mouse/rodent is strengthened by
the presence of the term chat (cat in English), while the meaning mouse/interface
is strengthened by the verb cliquer (to click in English) and by the noun programe
(program in English).

The second problem is a reference problem dealing specifically with the French
direct object complement la in the sentence “Le chat la heurta” (which could be
translated in English either by the cat hits it or by the cat hits her). Indeed, again,
without additional information, it is not possible to determine a priori if the cat hits
the girl (la fille in French) or if the cat hits the mouse.

20.7.4. Prepositional group attachment

He saw the girl in the park with a telescope.

It is an example of prepositional phrase attachment. The syntactically possible
attachments for the segment “with a telescope” are listed. Ants dynamically choose
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the shortest path having the strongest mutual information, and this, according to the
conceptual vectors. The strongest path is that which connects “with a telescope” to
“saw.” The process is fully emergent.

The two prepositional groups which we are interested in are in the park and with a
telescope. Each of these groups can be attached either to the personal pronoun He or
to the girl. Thus, several interpretations are possible. We can highlight them by using
parentheses:

1) he saw (the girl in the park) with a telescope;
2) he saw (the girl with a telescope) in the park;
3) he saw (the girl in the park with a telescope);
4) he saw (the girl) in the park with a telescope.

Or slightly rephrasing the sentences:
1) he saw, through a telescope, the girl who was in the park;
2) he saw, from the park, the girl who had a telescope;
3) he saw the girl, who was in the park and had a telescope;
4) he saw, from the park and through a telescope, the girl.
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Chapter 21

Artificial Ants and Bioinformatics
(Protein Folding, Multiple Alignment and

Sequencing by Hybridization)

21.1. Introduction

Bioinformatics is a relatively young field, now burgeoning. The progress of
biology in recent years has contributed to the creation of technologies that produce
huge volumes of biological data. These data may be, to cite only a few examples,
raw or annotated DNA sequences, protein structures, images, or scientific papers.
The analysis and processing of these data without computers is impossible. Biology
poses many interesting problems in terms of computer science. These are often hard
optimization problems, problems for which it is difficult, or even impossible, to give
a precise and exact formulation, or problems with uncertain or dynamic data. The ant
algorithms are particularly suited to that kind of problems.

In the literature, there are many applications of artificial ants, in all areas of
bioinformatics. Without being exhaustive, we can cite sequence analysis [LIU 06,
MOS 03], molecular modeling [DAE 07, HU 08, SHM 05], phylogeny [CAT 07,
PER 05] [QIN 06], medical imaging [HUA 08], gene expression [ROB 07], and
quantitative structure–activity relationship (QSAR) [IZR 02, O’B 08, SHE 05,
SHI 07].

In this chapter, we present in detail three applications of artificial ants to problems
from molecular biology. These are a reconstruction technique of a DNA sequence
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from fragments thereof, obtained from DNA chips [BER 02], the alignment of several
DNA sequences, in order to highlight the similarities between them [GUI 08], and an
algorithm for aligning a sequence of amino acids and a protein structure [BAL 04a],
used for solving the protein-folding problem. Although this list of applications is very
short, it covers a large part of the processing chain of genomic data: from obtaining the
raw DNA sequence, via the annotation thereof, until the determination of the structure
(and therefore the biological function) of the protein encoded by this sequence.

The algorithms presented here are based on different principles, but they all rely on
modeling the problem addressed as a graph. This modeling takes an important place
in our presentation. The graph is the environment in which artificial ants move and
through which they indirectly communicate by stigmergy.

In the case of sequencing by hybridization (section 21.2), ants explore a graph and
build a set of paths satisfying certain properties. “Pheromones” left in the environment
are pieces of paths. Interaction between individuals and their environment occurs in
both directions. Not only can ants modify their environment, but the latter can send
stimuli to which ants respond by changing their behavior.

The approaches presented in sections 21.3 and 21.4 are closer to the ant colony
optimization (ACO) algorithms. They adapt this general framework to the specificities
of the problem addressed. The peculiarity in the case of the multiple alignment
problem is the lack of an evaluation function. The solution emerges as a structure, as
a result of collective work of ants. Detection of such a structure has a great biological
interest in sequence analysis.

21.2. Sequencing by hybridization

The DNA sequencing consists of determining the order of the nucleotide sequence
of a given DNA fragment. Among the existing sequencing methods, we will focus on
sequencing by hybridization (SBH) [BAI 88, DRM 89, LYS 88], which is based on
the use of DNA chips. A DNA chip is a medium on which all sequences of length
p composed of nucleotides {A,C,G,T} are set. These sequences are called p-mers
or probes. Thus, a DNA chip contains 4p probes. The first biochemical phase of
the SBH is based on the nucleotide characteristic of uniting in pairs (A with T and C
with G) through hydrogen bonds. During this phase, the DNA chip is in contact with
several copies of the target sequence and some probes spontaneously hybridize with
the complementary p-mers of the sequence. At the end of this phase, each probe is
either on or off. For example, the ACT GCT probe should be on if and only if the 6-
mer AGCAGT (complementary to the reversed probe) belongs to the target sequence.
From the set of probes on, one can determine the spectrum of the sequence, i.e. all
p-mers belonging to the sequence.
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The second phase of the SBH is the reconstruction of the target sequence from its
spectrum. This is not an easy problem, for several reasons. First, whatever the number
of occurrences of a p-mer in the sequence, it will appear in the spectrum only once. It
is therefore impossible to obtain information on repeated regions from the spectrum.
Moreover, the spectrum may contain experimental errors. It is possible that some p-
mers belonging to the target sequence are not present in the spectrum. Such losses
are called negative errors. Instead, it is possible that some p-mers of the spectrum
are not present in the sequence. In this case, one speaks of positive errors. Because
of potential repetitions and the presence of errors in the spectrum, the solution of the
problem of reconstructing a sequence from its spectrum is not necessarily unique. In
most cases, several sequences satisfy the constraints of the problem.

Classical approaches are not well suited to such problems, because of the imprecise
nature of the solution sought and of partially erroneous information. In cases like
this, the ant algorithms can prove very useful. In the remainder of this section, we
present an algorithm based on several castes of ants. Instead of seeking the best
solution according to a given criterion, our algorithm tries to find as many solutions
as possible, by using regular expressions for grouping them. This algorithm is based
on a representation of the problem as a graph.

21.2.1. Graph model

Several studies have been devoted to the problem of reconstructing a sequence
from its spectrum. These studies propose different modelings of the problem as a
graph. Some consider only spectra without errors [GUÉ 92, LYS 88, PEV 89]. Others
take into account negative or/and positive errors, but not repetitions [BŁA 97, BŁA 99,
LIP 93]. Another heuristic was proposed in [BŁA 02], which supports negative and
positive errors and also allows repetitions of limited length. All these models consider
only elements of the spectrum to build the graph. The p-mers of the spectrum are
associated with either the vertices or the edges of the graph, but no vertex (no edge)
is associated with the p-mers not belonging to the spectrum. In [GUI 03], the authors
propose a model called SBH-graph, which contains, in addition to spectrum elements,
potential negative errors. We will use this model.

The primary advantage of the SBH-graph is that it allows us to reconstitute the
repeated p-mers, even with negative errors. Repetitions play a very important role in
molecular biology. Some repetitions are associated with the different types of cancer
and other lethal diseases. In addition, repetitions are the main tool in the building
of DNA fingerprinting, paternity testing, and criminal investigations. Due to these
numerous applications, several algorithms for detection and analysis of repetitions in
DNA sequences have been proposed. Nevertheless, a key issue has been very little
addressed: what is the impact of repetitions on obtaining raw DNA sequences? The
model we present attempts to address this issue, by giving the possibility to reconstruct
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a sequence containing potential repetitions of any type and any length, from a partially
erroneous spectrum.

21.2.1.1. Description

The SBH-graph is a directed graph G = (V,A). The set of vertices V consists of
two disjoint subsets:

– Va which contains vertices of type a. Each vertex of Va corresponds to a p-mer of
the spectrum and vice versa. These vertices are represented by single-circled nodes;

– Vb which contains vertices of type b corresponding to potential negative errors.
These vertices are represented by double-circled nodes.

The arcs of the graph connect the compatible p-mers, (u,v) ∈ A, if and only if the
p−1 last letters of u are the same as the p−1 first letters of v.

We will use the following notations:
– Ck = (v1,v2, . . . ,vk) is a path of length k in G;
– Va(Ck) = {vi | vi ∈Ck et vi ∈Va} is the set of vertices of type a belonging to Ck;
– Vb(Ck) = {vi | vi ∈Ck et vi ∈Vb} is the set of vertices of type b belonging to Ck;
– ka = |Va(Ck)| is the number of elements of Va(Ck);
– kb = |Vb(Ck)| is the number of elements of Vb(Ck).

Given six positive numbers L, Na, Nb, ΔL, ΔNa, and ΔNb which are estimates of
the length and of error rates, our problem is to find all paths Ck in G which satisfy the
following three conditions:

L−ΔL ≤ k ≤ L+ΔL [21.1]

This range sets the minimum length and the maximum length of the searched
paths:

Na −ΔNa ≤ |Va|− ka ≤ Na +ΔNa [21.2]

This range imposes bounds on the number of visited vertices of type a. It implicitly
limits the number of positive errors, by allowing only paths containing a minimum
number of p-mers present in the spectrum:

Nb −ΔNb ≤ kb ≤ Nb +ΔNb [21.3]

This last range limits the number of negative errors kb.

We can assume that all paths start from the same vertex, for example, the
vertex 1. This assumption is realistic since, to amplify the DNA sequence during
the biochemical phase, one must know the beginning of that sequence.



Artificial Ants and Bioinformatics 497

21.2.1.2. Example

Consider the graph in Figure 21.1. The six parameters of the problem are
⎧⎨
⎩

L = 11,ΔL = 1,
Na = 1,ΔNa = 0,
Nb = 2,ΔNb = 2.

Thus we search for paths of length k between 10 and 12, ka = 7 and kb ≤ 4.
Table 21.1 presents some paths in the graph, together with their validity, with respect
to conditions [21.1]–[21.3].

1 2

4 73 5 6 8 9

12

10

11

13

Figure 21.1. Example of a SBH-graph G = (V,A) with V = Va ∪Vb,
where Va = {1,2,4,5,7,8,9,10} and Vb = {3,6,11,12,13}

Ck k kb ka Is it a solution?
(1,2,3,4,5,6,7,8,9) 9 2 7 No (too short)
(1,2,3,2,3,4,5,6,7,8,9) 11 2 7 Yes
(1,2,3,2,3,4,5,6,7,8) 10 2 6 No (ka too small)
(1,2,3,2,3,2,3,4,5,6,7,8,9) 13 2 7 No (too long)
(1,2,3,4,5,6,7,7,8,9) 10 2 7 Yes
(1,2,3,4,5,6,7,7,7,8,9) 11 2 7 Yes

Table 21.1. Some paths in the graph of Figure 21.1

21.2.1.3. Definitions of paths in the SBH-graph

A symbolic repetition in a path is a series of consecutive vertices in which number
of copies is represented by “+” or by “*.” The “+” indicates a positive number of
copies and in this case the symbolic repetition is said to be effective. The symbol “*”
represents a number of copies greater than or equal to zero. For example, (43), (), and
(434343) are instances of the symbolic repetition (43)∗.

A symbolic path is a path containing symbolic repetitions.
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A raw path associated with a vertex v is a symbolic path beginning from the start
at vertex 1 and ending in v. Symbolic repetitions contained in such a path must be
effective.

Given a raw path ending in v, its beginning is the part of the path before the first
occurrence of v. The sequels of this path are the cycles ending in v. Consider, for
example, the raw path (1(745) + 3(98)+). Its beginning is (1(745) + 398) and its
sequel is (98)∗. For the path (1(23)+(453)+(673)+), the beginning is 123 and the
sequels are (23)∗, (453)∗, and (673)∗.

21.2.2. Multi-caste ant system

In this section, we present a multi-caste artificial ant-distributed system, called
DIMANTS. The SBH-graph is the environment in which our ants move. It is an
active environment that sends signals (stimuli) to ants. The latter react to stimuli
and indirectly communicate with each other through stigmergy, by changing the
environment.

In traversing the graph, ants must accomplish various tasks: exploration of the
graph and management of paths or generation of new ants, in response to signals
sent by the environment. In real colonies, there are several castes (workers, soldiers,
nurses, reproductive individuals) and each caste is specialized in a specific activity. By
analogy with the real world, our system is also composed of ants of different castes.

Unlike classical algorithms of ACO type, “pheromones” are pieces of paths that
ants leave in vertices. Ants have a local vision, each perceives and can change only
information present in the visited vertex. Each ant has a memory where it stores the
path that was run through.

Due to the distributed nature of the target architecture, each computing node has
its own copy of the environment. The different copies communicate with each other.
The system includes the environment and several populations of ants, as shown in
Figure 21.2.

21.2.2.1. The environment

Each vertex of the SBH-graph contains symbolic paths left by ants during their
course. These raw paths are then decomposed by other ants in the form of beginnings
and sequels, as explained in section 21.2.1.3. Table 21.2 provides an example of some
raw paths left by ants in the vertices 1, 2, and 3 of the graph in Figure 21.3, together
with their decomposition after a simplification process.

The interest of this decomposition is that it lets us know which part of the graph
has already been explored. Indeed, if we arranges the beginnings and sequels in a
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Signal sending

Environment
(copy #1)

Environment
(copy #2)

Environment
(copy #n)

Environment
(copy #i)

Population #n

Population #2Population #1

Population #i

Modification of the

environment by the ants

Communications between 

corresponding vertices 

Figure 21.2. Synthetic view of the system

Vertices Raw paths Beginnings Sequels
1 1 1 /0
2 1 2 1 2
3 1 2 3 1 2 3 (4 3)∗

1 2 (3 4)+ 3 1 6 7 (4 5 7)∗ 4 3 (4 5 7 (4 3)+)∗
1 6 7 4 3
1 6 7 (4 3)+

1 6 (7 4 5)+7 4 3
1 6 (7 4 5)+ 7 (4 3)+

1 6 7 (4 3)+ (4 5 7 (4 3)+)+

Table 21.2. Decomposition and simplification of raw paths

1

4 52 3

6 7

Figure 21.3. A SBH-graph G = (V,A) with Va = {1,3,4,5,6} and Vb = {2,7}

matrix, we can easily express the unexplored paths from what is already known. For
example, in Table 21.2, the matrix of the vertex 3 is shown in Table 21.3. The cells
marked with “*” correspond to the paths already explored, while “?” indicates that no
ant has left this path in the vertex yet.

The vertices of the graph are active elements. They have certain attributes related
to the paths and can trigger certain mechanisms by sending signals. The attributes are
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(4 3)∗ (4 5 7 (4 3)+)∗
1 2 3 * ?

1 6 7 (4 5 7)∗ 4 3 * *

Table 21.3. The matrix of potential paths for the vertex 3 of the example in Table 21.2

raw paths, sets of beginnings and sequels, the associated matrix of potential paths, and
some thresholds. The thresholds are R, an upper bound on the number of raw paths
contained in the vertex; U , an upper bound on the number of paths not explored in the
matrix of potential paths; C, an upper bound on the amount of information that is not
communicated yet to other copies of the environment.

When the threshold R is exceeded, the vertex sends a signal indicating that it needs
to be cleaned. When the threshold U is exceeded, the vertex sends a signal indicating
that new ants are needed to explore these paths. Finally, if the threshold C is exceeded,
the vertex initiates an information exchange with its counterpart vertices belonging to
other copies of the environment.

21.2.2.2. Population of ants

The population of ants is composed of three castes: explorers, cleaners, and
reproductives. An ant can change caste during the collective resolution.

The explorers walk through the SBH-graph and build paths. When an explorer
visits a vertex, it adds it in its current path. The way the vertex is added depends on
the context. If the vertex does not end a cycle, it is simply added at the end. Otherwise,
the cycle is inserted in the path. Table 21.4 gives an example of the path construction
process by three different explorers.

Vertex Path Vertex Path Vertex Path
a a a a a a
b ab b ab b ab
c abc c abc c abc
b a(bc)+b d abcd b a(bc)+b
c a(bc)+ b a(bcd)+b c a(bc)+

d a(bc)+d c a(bcd)+bc d a(bc)+d
b a(bc)+db b a(bcd)+(bc)+b b a(bc)+db
c a(bc)+dbc c a(bcd)+(bc)+ c a(bc)+dbc
b a(bc)+d(bc)+b d a(bcd)+(bc)+d d a(bc)+(dbc)+d

Table 21.4. Construction of three paths of length 9 by three explorers

After adding a vertex to the path, the ant tests the conditions [21.1]–[21.3]. If they
are not verified, the ant dies. Otherwise, it leaves a copy of its path in the current
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vertex. The next vertex must be selected among the neighbors of the current vertex.
Four selection strategies are considered:

– the next vertex is randomly selected, from among the neighbors not visited yet;
– the next vertex is randomly selected, from among all neighbors;
– if there are neighbors which complete a new cycle, the next vertex is selected

among them;
– the ant selects one vertex among the neighbors in which it will not die.

An explorer can become a cleaner in response to a signal sent by environment.

The role of cleaners is to decompose the raw paths into beginnings and sequels.
From this decomposition, the cleaner builds the matrix of potential paths. The purpose
of the cleaning process is to remove redundant paths, to compress the description of
paths, and to determine new symbolic paths, by combining beginnings with series of
sequels. The method used involves three phases:

– decomposition of raw paths into beginnings and sequels;
– processing of beginnings;
– processing of sequels.

An example of cleaning results is shown in Table 21.2.

When an explorer receives the corresponding signal from the vertex where it is
located, it becomes a cleaner. Once the cleaning task is performed and if no other
signal is coming from the environment, the cleaner becomes an explorer again.

The role of reproductives is to create new explorer ants. Each reproductive
generates ants according to its own parameters: percentage of each strategy,
probabilities of changing caste in response to a signal, etc. At the beginning of the
algorithm, a reproductive ant is created and put in the starting vertex, for each copy of
the environment. At the end of its task, a cleaner can become a reproductive, in case
the vertex sends the corresponding signal.

21.2.3. Results

The algorithm described above was tested on several real SBH-graphs of large
size. The results have validated the model experimentally. The algorithm proves
robust and capable of providing solutions at any time (anytime). Each computing
node has its own copy of the environment and the system is thus tolerant to failures.
The communication frequency can be adapted, according to the characteristics of the
distributed system.
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21.3. Multiple sequence alignment

For years, the handling and study of biological sequences have been added to the
set of common tasks performed by biologists in their daily activities. Among the
numerous analysis methods, multiple sequence alignment is probably one of the most
frequently used. The biological sequences are sequences of alphabetic characters that
represent the genetic material of living beings. The role of aligning such sequences is
to highlight the similarities and differences between these beings. These similarities
are established on the basis of textual comparisons. A sequence can be seen almost as
a string of characters. By comparing sets of homologous sequences, the observed
differences allow us to highlight a distance between them and thus to define the
phylogeny of species. The results of this analysis can also be used to determine the
structure of proteins.

While, in most cases, the technique is used to align a limited number of sequences
of a few thousand base pairs long, it can also be used at the level of entire genomes,
to discover new functions that cannot be identified at a finer resolution [KUR 04].

In all cases, the major difficulty is to produce alignments with biological meaning,
regardless of existing data, such as the phylogeny of sequences between each other.

Among all approaches aimed at identifying significant alignments, there is one
based on the concept of block. A block is a set of sub-sequences belonging to several
sequences. A sub-sequence is commonly called a factor. A block is thus composed
of factors from multiple genomic sequences. The factors of the same block have
similarities between them. In some cases, the factors of a block are strictly identical,
they have the same string of characters. The biological meaning of a block is thus an
area highly conserved in terms of evolution.

From all factors of all sequences of an alignment, we are interested in building
blocks of factors. A built block must meet several constraints:

– it must consist of factors with similar, or even identical, strings of characters;
– it must consist of at most one factor per sequence;
– a factor can belong to only one block;
– two blocks cannot overlap.

To produce these blocks, we propose an approach based on artificial ant colonies.
The algorithm proposed here is close to the classical methods based on ants for
optimization, like the ACOs [DOR 97] (Chapter 3). However, there is here no
evaluation function for guiding the building of solutions. Indeed, it seems difficult to
produce an evaluation function, with a biological justification, for global evaluation
of alignments. The method is solely based on the distributed exploration of the
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environment and on local constraints. This contribution also differs from other
proposals based on ants for multiple alignment [CHE 06, MOS 03].

The remainder of this section presents the original graph model underlying the ant
algorithm proposed. Then, the ant approach is justified, and the algorithm itself is
discussed in detail. Finally, an analysis of the results produced is proposed.

21.3.1. Graph model

Several families of algorithms are concerned with the problem of multiple
sequence alignment: dynamic programing, iterative methods, or approaches based
on pattern matching. However, the number of models used is fairly limited and
most models involve the use of strings of characters or of graphs. In most cases, the
problem is seen as an optimization problem using an evaluation function of solutions.
The approach proposed here is based on an original data structure called the “factor
graph.” The factors, which are sub-sequences, are used to design a proximity graph
between them.

From these graphs, a multiple alignment corresponds to a set of structures
composed of groups of similar factors. The goal, in this context, then becomes
the maximization of the number of these similar structures, and this construction is
achieved through an ant algorithm.

A multiple alignment is mostly represented as an array of strings of characters,
where each character represents an amino acid or a nucleotide. Here the focus is
on the factors, and the sequences are represented as sequels of factors. Figure 21.4
illustrates such a representation, where each sequence is a sequel of factors and where
the inter-factor nucleotides are ignored.

Figure 21.4. A set of three sequences. The sub-sequences common to at least two sequences are
identified as factors. Each sequence is represented with the list of its factors in the alignment.
Here sequence 1 = [1,2,3], sequence 2 = [2,1,3], and sequence 3 = [2,1,3,3]. The links
represent the common factors likely to be aligned together

There is a relation between two factors when their strings of characters are
identical. Indeed, similar factors in different sequences are likely to be aligned
together, thus forming blocks. These relations, as well as factors, can be modeled
through a graph G = (V,E), where V is the set of graph vertices and represents the
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set of factors. E is the set of edges of G and models the similarity links between
the factors. This graph G is composed of several connex components. As shown
in Figure 21.4, the factors named 1 are not linked to the factors named 2. We then
speak of factor graphs to represent all connex components of G. Each component is
thus a factor graph GF . This is also a graph whose links connect all identical factors
not belonging to the same sequence. The links between identical factors in the same
sequence are missing, so that a factor graph is not a complete graph. We can observe
in Figure 21.4 that no link exists between the two factors named 3 in the sequence 3.

With this representation in graph form, it is no longer required to compel the
representation of the sequences in linear form, one below the other. Figure 21.5
shows a representation of the set of sequences of Figure 21.4, freed from the usual
representation. Each factor is labeled such that its original sequence is specified,
together with its order in the sequence. Thus, the last factor 3 in the sequence 3 of
Figure 21.4 is renamed 33,2 to indicate that it comes from the sequence 3 and that it is
the second factor 3 in this sequence.

Figure 21.5. The alignment of Figure 21.4 viewed as a set of factor graphs

From a factor graph, a subset of factors may be selected to build a graph, knowing
that at most one factor per sequence can be selected. If a block consists of exactly one
factor of all sequences, it is said to be complete. If it consists of fewer factors, it is
partial. All constructions are not possible since certain combinations cause crossings,
overlaps between blocks, which are prohibited. In Figure 21.4, we see that a complete
block of factors 1 cannot be selected along with a complete block of factors 2. These
blocks are said to be incompatible. Similarly, an alignment will be compatible only if
all its blocks are compatible with each other.

Another relation can be observed between blocks that are neighbors. Two blocks,
whose factors are neighbors in the sequences, are of biological interest. Indeed, two
different factors, neighbors on several sequences, are probably separated, due to small
differences. Except for these differences, the two factors perhaps are only one large
factor. The meaning of such a case may be an isolated gene mutation, in a conserved
part of the genome. It is fruitful for the alignment method to take into account this kind
of interactions in the model. An example of such interactions is shown in Figure 21.4,
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between the factors 1 and 2, in the sequences 1 and 2. These relations, or attractive
links, must be materialized in the model.

The overlap constraint must also be highlighted by the model. In the example,
the selection of a complete block of factors 1 and of a complete block of factors 2
is impossible, since the factors of the sequence 3 are reversed and cause crossings.
These constraints must be taken into account in the model.

Factor graphs are intended to represent the search space in such a way that ants
can highlight blocks. Nevertheless, they do not allow, in present state, to take into
account all relations and constraints. Let G′ = (V ′,E ′) be the dual graph of G, with V ′
corresponding to the set of edges E of G. A vertex of V ′ therefore contains an edge
of E which is a pair of vertices of V in G, which is also a pair of factors. E ′ is the
set of links that connect the vertices of V ′, so that two vertices sharing the same factor
are linked. In addition, to take into account the overlap constraints, together with the
attractiveness of neighbor factors, two sets of links are proposed. First, the set of
attractive links (Ea) highlights identical neighborhoods in two sequences. Then, the
set of repulsive links (Er) models conflicts between blocks. Let Gr = (V ′,E ′ ∪Ea∪Er)
be the dual graph of G, augmented with repulsive and attractive links, called relation
graph. Figure 21.6 shows the relation graph Gr built from the graph G (Figure 21.5).

Figure 21.6. The relation graph Gr built from G. The thin links correspond to the set E ′. The
solid thick links show the conflicts Er and the dotted thick links show the attraction

relations Ea

The approach proposed here both uses the graph G to highlight the alignment
blocks and the graph Gr to influence the displacements and choices of ants.
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21.3.2. Ant for multiple sequence alignment

Algorithms based on ants have been widely used for solving problems of all kinds
and especially in the context of optimization. The ACOs are a family of algorithms
whose results are esteemed in many areas. They work by exploring a discrete search
space, as a graph, and produce paths that are solutions to the problems at hand.
The construction is influenced by local heuristics within the search graph. Produced
solutions are evaluated through an evaluation function specific to the problem posed.
The best solutions are then reinforced, so as to influence the other individuals. Chapter
3 shows in detail the functioning of the ACOs.

The graph model proposed here highlights the local interactions existing between
the factors. It thus a priori enables the use of an ACO. Nevertheless, defining an
evaluation function of the produced solutions is problematic in the multiple alignment
problem. Indeed, to be effective, such a function should know the phylogenic context
and biological proximity of species studied; yet this information precisely is part of
the alignment problem. The researchers in molecular biology do not agree themselves
on the definition of a “good” multiple alignment. Classical proposals like the sum of
pairs [ALT 89] are still debated.

Consequently, rather than relying on an improbable evaluation function, the
approach proposed here is based on the identification of highly conserved structures
in alignment that have unequivocal biological interest. These structures are the
compatible blocks with each other. Ants designed here are moving in factor graphs
and mark their environment through pheromone trails. They are directly influenced
by the other pheromone trails. They are also indirectly influenced by local constraints
and information.

The process is refined by taking into account the size of the factors (the number of
nucleotides) and the inter-factors space, which is the number of nucleotides between
two factors (the relative distance).

Pheromone is thus deposited in the search graph so as to influence ants by
stigmergy [GRA 59]. The pheromone deposit depends not only on the movements
of ants but also on the relation graph.

A solution to the problem is obtained by listing all marked edges in the factor
graphs. This list is ordered, depending on present amounts of pheromone. Edges
are selected from the most marked to the less marked, while removing the conflicting
edges. The final set of edges connects the selected blocks, which are the solution to
the problem.
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21.3.3. Algorithm

The ant algorithm presented here does not use any global evaluation function of
the solutions produced. In this sense, this is not an ACO. Nevertheless, it uses many
mechanisms from the ACOs. The general behavior of the algorithm is iterative and
one iteration can be broken down as follows:

– ants walk through the factor graphs;
– during its course, an ant locally deposits a constant amount of pheromone on the

crossed links;
– this deposit may induce changes in pheromone amounts on other edges in other

factor graphs. This change is managed by the repulsive links and the attractive links
of the relation graph Gr;

– the displacement of ants is conditioned by the existing pheromone in the
environment and by the local heuristics, namely the relative distances between the
factors.

Finally, a solution to the problem is a set of edges of factor graphs, free of any
conflict, with a maximum amount of pheromone.

21.3.3.1. Pheromone trails

Let τi j(t) be the amount of pheromone present on edge (i, j) of the graph G that
links the vertices i and j in iteration t. Δτi, j(t) is the amount of pheromone added to
the edge (i, j) in iteration t. For all edges G, the following formula applies in each
iteration:

τi j(t +1) = (1−ρ).τi j(t)+Δτi j(t) [21.4]

where ρ is a parameter that represents the pheromone evaporation rate. The initial
amount of pheromone on the edge τ0 is the same on all edges and defined as a
parameter. The amount Δτi j(t) is calculated as follows:

Δτi j(t) =
m

∑
k=1

{
Q if the ant k crossed (i, j) at time t
0 otherwise [21.5]

where m is the number of ants in the system and Q is the pheromone deposit constant.
Δτi j(t) is thus the pheromone amount to be added in each iteration t on the edge (i, j)
and corresponds to the deposit constant Q multiplied by the number of ants crossing
(i, j) in iteration t. If n ants cross the edge (i, j) at time t, then Δτi j(t) equals nQ.

21.3.3.2. Constraints and feedback loops

It is generally accepted that feedback loops direct self-organized systems. Positive
feedback loops increase the divergences within the systems, whereas negative
feedback loops inhibit them and prevent the systems from evolving toward critical
states. In our case, feedback loops are implemented by means of pheromones. The
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classical deposit mechanism, shown above, behaves as a positive feedback loop, and
the evaporation mechanism acts as a negative feedback loop.

The attractive links due to neighbor factors and the repulsive links due to conflicts
also play a role. Consider a link (i, j) in G with an attractive link with (k, l). Recall
that (i, j) and (k, l) are vertices in the relation graph Gr. When crossing (i, j), an
ant also deposits pheromone on (k, l), in addition to the classical deposit on (i, j).
This mechanism also contributes to the positive feedback phenomenon. If (i, j) has a
repulsive link with (o, p), then the ant, when crossing (i, j), also deposits on (o, p) a
“negative” amount of pheromone. This mechanism is another negative feedback loop.

Finally, the amount of pheromone on an edge (i, j) in iteration t +1 equals:

τi j(t +1) = (1−ρ)τi j(t)+Δτi j(t)+Δτattraction
i, j (t)−Δτ repulsion

i, j (t) [21.6]

where Δτi j(t) is still as expressed in equation [21.5], Δτattraction
i j (t) represents the

product of Q by the number of ants that crossed an edge having an attractive link
with (i, j) in iteration t, and Δτ repulsion

i, j (t) represents the product of Q by the number
of ants that crossed edges in conflict (i.e. having a repulsive link) with (i, j).

21.3.3.3. Transition rule

The choice formula of the next vertex for an ant is similar to the classical formula
of the ACOs. It is a random formula proportional to the amounts of pheromone on the
adjacent edges and to a local heuristic. Here, the local heuristic is the relative distance
defined above. It should be noted that the amounts of pheromone are standardized, so
as to always be positive for the calculation of the transition formula.

Let us consider an ant located on the vertex i. The probability for it to move to the
neighboring vertex j is expressed as follows:

P(i, j) =

(
1

max−τi j

)α (
1

di j

)β

∑s∈N(i)

(
1

max−τis

)α (
1

dis

)β [21.7]

where N(i) is the set of neighbors of the vertex i, α and β are two parameters allowing
us to balance the relative importance of pheromone versus the local heuristic, and
max is the normalization parameter of pheromone amounts. Finally, di j is the relative
distance between the factor of the vertex i and the factor of the vertex j.

21.3.4. Analysis

Experiments were conducted on real genomic sequences and a comparison is
performed with ClustalW [THO 94], the tool classically used in multiple alignment
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Figure 21.7. Alignment of three sequences of TP53 regulated inhibitor of apoptosis 1 for Homo
sapiens, Bos taurus and Mus musculus. The first alignment is that of ClustalW, the second
represents the highlighted structures by the ant approach. The nucleotides in uppercase of dark
color represent the blocks

problems. Figure 21.7 compares the results of ClustalW with ours, using an example.
These results show that certain structures highlighted by the ant approach are found
again in the results of ClustalW. It still remains to validate these results from a
biological perspective.

This approach is different from the approaches typically used in alignment
problems, since it is based on the detection of conserved structures in sets of
sequences. The concept of conserved structure seems to have a particular biological
interest.

This method can be seen as a preliminary approach to finer alignment methods. Its
main advantage is a complexity lower than that of classical combinatorial methods.

21.4. Protein folding

The number of protein sequences provided by the various genome sequencing
projects is growing exponentially for several years. For example, Human Genome
Project has identified more than 30,000 genes, which encode about 100,000 proteins.
One of the tasks, during genome annotation, is to associate a function with each
protein produced by genes. But to understand well the biological functions, the
knowledge of the structure is required.

Unlike other biological molecules, proteins are structurally irregular and complex
[BRA 99]. They consist of chains of amino acids linked to each other by peptide
bonds. The sequence of amino acids is encoded by the genome and is the
primary structure (1D) of a protein. Different sequence elements form regular
and local secondary structures (2D), including alpha helices and beta sheets. The
tertiary structure (3D) is formed by the combination of amino acids in globular
and compact units, called “domains.” A protein may consist of several chains
arranged in a quaternary structure. Through the formation of tertiary and quaternary
structures, amino acids far in the sequence approach forms functional regions or active
sites.
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Different experimental methods (in vitro), such as X-ray crystallography or nuclear
magnetic resonance spectroscopy, can determine the tertiary structure of proteins.
Despite the recent progress of these techniques, they remain too expensive and slow,
compared to the explosion in the number of sequences to cover. This is why molecular
biology uses computational methods (in silico) for structure solving.

The protein-folding problem is very simple to formulate. Given the sequence of
a protein (which is actually a word on the alphabet of 20 letters of amino acids), it is
to determine the coordinates of each amino acid in the 3D structure. Surprisingly, in
most cases, input information is sufficient to produce the desired output.

Even if it is easy to formulate, the protein-folding problem is very difficult to solve.
The folding mechanism is complex and remains poorly understood, because it is the
global outcome of many local and weak interactions. The protein-folding problem is
widely recognized as one of the biggest challenges of bioinformatics of post-genomic
era.

Many of the computational methods for structure solving use information on
proteins, the structure of which is already known, and try to associate a sequence
with a structural family. These methods are based on the homology concept, which
plays a central role in biology and bioinformatics. Two proteins are homologous if
they are related by descent from a common ancestor. The homologous proteins have
similar structures and often very close biological functions.

The easiest way to detect the homology of two proteins is to compare their amino
acid sequences. If the two sequences are sufficiently close, then the proteins are
homologous. But in the case of distant homologous proteins, the sequence alignment
methods are no longer able to detect homology. The sequences are not similar and
only the structure is conserved. A technique called protein threading is particularly
suited to this case.

The threading term is used to describe the alignment of a query sequence with a
structural pattern. The structure solving methods based on threading are complex and
costly in calculation time. They have the following main components:

(1) a database containing the potential foldings (structural patterns);
(2) a scoring function that evaluates each possible alignment of a sequence with a

structural pattern;
(3) an algorithm that finds the best (with respect to the scoring function) alignment

of a sequence with a structure;
(4) a method that selects the most appropriate among the best alignments of the

query sequence with each of the structural patterns of the database.
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The components (1), (2), and (4) mostly use statistical methods and include the
biological and physical knowledge on the problem. The component (3) consumes
most of the calculation time of methods based on threading. It is most interesting, in
terms of computer science, and we will take a closer look in the following section. We
will begin by giving a formal definition of the alignment problem of a sequence with
a structure. Then we will present an ant algorithm for solving this problem. Finally
we will analyze the results obtained and we will compare our algorithm with other
algorithms for solving the same problem.

21.4.1. Definition of the problem

Our definition of the threading problem is very close to that given in [AKU 99,
LAT 98]. It is based on some assumptions widely adopted in the literature [AND 04,
LAT 96, LAT 98, SET 97, XU 98, XU 03]. Therefore, the algorithm that we will
present can be easily integrated into most structure solving methods using threading.

The query sequence is the amino acid sequence of a protein of unknown structure,
which must be aligned with the structural patterns of the database. This is a word of
length N in the alphabet of 20 letters of amino acids.

A structural pattern (or simply structure) is an ordered set of m segments or blocks.
The block i consists of a fixed number li of amino acids. The adjacent blocks are
connected by regions of variable size, called loops (Figure 21.8(a)). Usually, the
blocks correspond to the conserved elements of the secondary structure (alpha helices
and beta sheets). The 3D structure of a protein is determined by the interactions of its
amino acids, especially those belonging to blocks. These interactions are represented
by the contact graph (Figure 21.8(b)). We consider that two blocks i and j are
interacting if there is at least one interaction between an amino acid belonging to i
and an amino acid belonging to j. Thus, we obtain the generalized contact graph
(Figure 21.8(c)), in which each vertex corresponds to a block and each edge to an
interaction between blocks. We will denote by L the set of edges of the generalized
contact graph.

An alignment (or threading) of a sequence with a structure is a coverage of areas of
the sequence by the blocks of the structure. The blocks must preserve their order and
cannot overlap (Figure 21.9(a)). An alignment is completely determined by the start
positions of the blocks. To simplify the notations, we will use relative positions. If the
position of the block i is j, then its relative position is j−∑i−1

k=1 lk. Thus the possible
relative positions of each block are between 1 and n = N +1−∑m

i=1 li. Figure 21.9(b)
illustrates the correspondence between absolute positions and relative positions.

Formally, the set of possible alignments is

T = {π = (π1, . . . ,πm) : 1 ≤ π1 ≤ . . .πm ≤ n} [21.8]



512 Artificial Ants

(a)

(b)

(c)

Figure 21.8. (a) The backbone of the 3D structure showing the alpha helices, the beta sheets,
and the loops; (b) the corresponding contact graph; (c) the generalized contact graph

(a)

absolute pos. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
relative pos. of block 1 1 2 3 4 5 6 7 8 9
relative pos. of block 2 1 2 3 4 5 6 7 8 9
relative pos. of block 3 1 2 3 4 5 6 7 8 9

(b)

Figure 21.9. (a) Alignment example of a sequence of length 20
with a structure containing three blocks of lengths 3, 5, and 4;

(b) correspondence between absolute positions and relative positions
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It is easy to prove that the number of possible alignments (thus the size of our
search space) is

|T |=
(

m+n−1
n

)
[21.9]

which is a huge number, even for small instances. For example, if m= 20 and n= 100,
then |T | ≈ 2.5×1022.

The scoring function evaluates the compatibility degree between the amino acids
of the sequence and their positions in the structure blocks. The scoring functions
used greatly vary from one method to another, but a scoring function can generally be
defined by a set of coefficients:

ci jkl , (i,k) ∈ L, 1 ≤ j ≤ l ≤ n [21.10]

where ci jkl is the score generated by interaction between the blocks i and k, when the
block i is located at the position j and the block k is located at the position l. Thus,
the score of an alignment is simply the sum of scores of all interactions between the
blocks:

ϕ(π) = ∑
(i,k)∈L

ciπikπk [21.11]

By using the notations above, one can express the threading problem as the
following optimization problem:

min{ϕ(π) | π ∈ T } [21.12]

It was shown that this problem is NP-hard [AKU 99, LAT 94] and therefore
difficult to tackle through classical optimization methods. This motivates the use of
an ant algorithm. With the aim of implementing such an algorithm, we first model our
search space as a graph.

21.4.2. Graph model

We introduce a graph where each vertex corresponds to a pair (block, position).
More precisely, we consider

V = {(i, j) | i = 1, . . . ,m, j = 1, . . . ,n} [21.13]

We connect by arcs ((i, j),(i+ 1, l)) the adjacent blocks which are in compatible
positions (we recall that the blocks must preserve their order and cannot overlap).
Thus, we obtain the set of edges:

E = {((i, j),(i+1, l)) | 1 ≤ i ≤ m, 1 ≤ j ≤ l ≤ n} [21.14]

By adding two extra vertices S and T , we obtain the graph shown in Figure 21.10,
where each path from S to T corresponds to an alignment and vice versa.
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block

position

TS

i = 1 i = 2 i = 3 i = 4 i = 5 i = 6

j = 1

j = 2

j = 3

j = 4

Figure 21.10. Example of an alignment graph. Each column of vertices corresponds to a
block, each line corresponds to a position and each path S−T corresponds to an alignment.

The path in bold corresponds to the alignment (1,2,2,3,4,4)

In case there are no interactions between non-adjacent blocks, we can associate the
costs ci jkl with the arcs E and the threading problem simply comes down to find the
shortest path from S to T . To take into account the interactions between non-adjacent
blocks, we introduce a second “layer” of distant arcs:

E ′ = {((i, j),(k, l)) | (i,k) ∈ R, 1 ≤ j ≤ l ≤ n} [21.15]

where R is the set of pairs of interacting non-adjacent blocks. We associate the costs
ci jkl with the arcs ((i, j)(k, l)). A path from S to T is said to activate a distant arc if the
two ends of this arc are on the path. Each path activates exactly |R| arcs, one arc for
each pair of blocks (i,k) ∈ R. The sub-graph induced by local arcs belonging to E and
activated distant arcs belonging to E ′ is called an “augmented path.” It is easy to see
that the cost of an augmented path is exactly the score of the corresponding threading
(Figure 21.11). Thus, the threading problem is to find the shortest augmented path in
the graph (V,E ∪E ′).

j = 2

j = 3

j = 4

i = 1 i = 2 i = 3 i = 4 i = 5 i = 6

j = 1

block

position

TS

c
1122

c
2232

c
3243

c
4354

c
5464

1132
c

3264
c

4364
c

Figure 21.11. Example of an augmented path. Interactions between non-adjacent blocks are
indicated at the bottom. Activated distant arcs are drawn with dotted lines. The cost of the

augmented path is equal to the score of the alignment (1,2,2,3,4,4)
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21.4.3. Ant algorithm

The threading problem is a classical combinatorial optimization problem with
a well-defined objective function and set of constraints. Therefore, our algorithm
is based on the general principles of ACO (Ant Colony Optimization) described in
Chapter 3. Nevertheless, we adapt these principles to the peculiarities of the problem
addressed. The most delicate point is the management of the two types of arcs: the
local arcs E and the distant arcs E ′. The solution we have adopted is to only deposit
pheromone on the local arcs. So, each ant builds a path from S to T in the graph (V,E).
The costs of the distant arcs are taken into account indirectly, through the transition
rule used by ants and through the amount of pheromone deposited on the local arcs.

21.4.3.1. Transition rule

Each ant builds a path from S to T in m steps. During the step i, an ant moves from
column i to column i+1 of the alignment graph, or, in terms of the initial formulation,
it chooses the position of the block i + 1. The ant has a memory where it stores
the partial path S− (1,π1)− ·· ·− (i,πi). Assume that the ant is on the vertex (i, j),
i.e. πi = j. For its next displacement, it must select a vertex among the vertices (i+
1, l), l = j, . . . ,n. The probability pi jl of choosing vertex (i+ 1, l) depends not only
on the pheromone rate τi jl on the arc ((i, j),(i+ 1, l)) but also on the attractiveness
ηi jl of this displacement. In turn, attractiveness depends on the contribution of the
displacement in the scoring function (Figure 21.12). This contribution consists of the
cost of the arc crossed as well as the cost of the distant arcs, ending in (i+1, l), which
will be activated by the displacement:

ηi jl =

(
ci jl + ∑

(k,i+1)∈R
ck,πk,i+1,l

)−1

, l = j, . . . ,n [21.16]

By following the classical principles of ACO, the transition rule should be

pi jl =

(
τi jl

)α (
ηi jl

)β

∑n
s= j (τi js)

α (ηi js)
β , l = j, . . . ,n [21.17]

where α and β are parameters controlling the relative importance of the pheromone
rate and attractiveness. This classical transition rule poses a significant problem.
Suppose that the pheromone rates and the costs of all arcs are the same. In this
case, logically, each path must be built with the same probability. But this is not
the case when applying rule [21.17]. To illustrate this, consider Figure 21.13(a).
The probability of choosing the threading (3,3,3) is 1/3, whereas the probability
of choosing the threading (1,1,1) is only 1/27. So as to ensure the choice of each
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Figure 21.12. Choice of the next vertex. The attractiveness of a displacement depends on the
cost of arcs shown in bold: the local arc crossed and the distant arcs activated by the
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Figure 21.13. Probabilities of building paths. (a) All arcs are selected with the same
probability. The path (3, 3, 3) is built with a probability of 1/3 and the path (1, 1, 1) with a
probability of only 1/27. (b) The arcs are selected with probabilities defined in [21.18]. Thus,
each path is built with a probability of 1/10

path with the same probability, the arc ((i, j),(i + 1, l)) must be selected with the
probability:

νi jl =
number of paths from (i+1, l) to T

number of paths from (i, j) to T

=

(
m+n− i−1− l

m− i−1

)
(

m+n− i− j
m− i

) [21.18]
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as shown in Figure 21.13(b). To prevent the search of paths from being concentrated
in only a small part of the alignment graph, we change the transition rule as follows:

pi jl =

(
τi jl

)α (
ηi jl

)β (νi jl
)γ

∑n
s= j (τi js)

α (ηi js)
β (νi js)

γ , l = j, . . . ,n [21.19]

where γ is a third parameter.

21.4.3.2. Local search

To improve many ACO algorithms resort to a heuristic after building each solution.
In our case, it is a local search starting from the solution built by the ant. The
neighborhood of a threading is defined as the set of threadings in which the positions
of all blocks, except one, are the same. More formally, consider

Ni(π) = {(π1, . . . ,πi−1, j,πi+1, . . . ,πm) | πi−1 ≤ j ≤ πi+1} [21.20]

in assuming that π0 = 1 and πm+1 = n. Then the neighborhood of a threading is

N (π) =
m⋃

i=1

Ni(π) [21.21]

By using the neighborhood defined above, we apply a local search, through the
steepest descent method, to each solution built by ants.

21.4.3.3. Pheromone trails

During each iteration of our algorithm, each ant a, a = 1, . . . ,A builds a solution
by applying the transition rule [21.19]. The path built by each ant is improved through
a local search. Initially, the pheromone rate on all arcs is fixed at a constant τ0. At the
end of each iteration, the pheromone rate on the local arcs E is updated. First, a part
of the pheromone on each arc evaporates, by using the classical rule:

τe ← (1−ρ)τe, e ∈ E [21.22]

where ρ is a parameter controlling the evaporation rate. Then, each ant deposits a
certain amount of pheromone on the arcs of its path. This amount depends on the
score of the path πa found by the ant a. It is equal to Q/ϕ(πa), where Q is a constant
of the same order of magnitude as the optimal score, for example, the score of a
random path or of a path built through a basic heuristic. Finally, the pheromone rate
is restricted to the interval [τmin,τmax]. It is updated by using the rule:

τe ← max{min{τe,τmax},τmin}, e ∈ E [21.23]

By keeping the pheromone rate over τmin, we encourage the exploration of new
arcs and therefore the construction of new paths. The upper bound τmax prevents from
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always crossing the same arcs. We observed that, without this bound, all the colony
falls to building the same path after only a few iterations. If τmax is too small, the
good paths are not clearly marked with pheromone. On the other hand, if τmax is too
large, ants may quickly converge toward paths that are not necessarily good. Therefore
τmax grows in every iteration, τmax = τinit + tτstep, where t is the iteration number and
τinit and τstep are parameters. Thus, during the first iterations, the colony undergoes a
phase of diversification, i.e. of exploration of new paths. Then, it progressively enters
the intensification (exploitation) phase, in which the search gradually focuses on the
most interesting regions of the alignment graph. The restriction of the pheromone rate
in an interval was proposed for the first time in [STÜ 97]. We pursue this idea, by
incrementing the upper bound in each iteration.

21.4.4. Results

The algorithm that we have presented was tested in [BAL 04a] on many real and
random instances of the threading problem. The results show that it obtains solutions
of very good quality (an average error of only 6% with respect to the optimal solution).
These solutions are obtained in reasonable time, the ant algorithm is on an average
seven times faster than the exact algorithm of [BAL 04b]. Figure 21.14 shows the
evolution of the pheromone rate on the arcs of the alignment graph, during a typical
run of the algorithm. We can note that, at first, the colony explores many different
paths. After a few iterations, the long paths are gradually abandoned and ants converge
toward the most interesting region of the graph.

Figure 21.14. Evolution of the pheromone rate on arcs. A typical run on a real instance, with
m=24, n=40, and |T | = 1,57 × 1017. Lines in bold correspond to higher rates

21.5. Conclusion

In this chapter, we presented three applications of artificial ants in bioinformatics.
We saw that ants are capable of finding solutions usable by biologists, which is not
always true for classical algorithms.
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In the case of sequencing by hybridization, ants propose several solutions which
satisfy the problem constraints, and among which biologists may choose, by using
other criteria. Ants do more than reconstitute the DNA sequence from its spectrum,
they also detect repetitions in it, thus meeting another important issue for biologists.

With regard to multiple alignment, it is difficult to define a mathematical evaluation
function which has a biological meaning. Ants get around this difficulty, by trying to
identify the conserved regions of sequences. But it is precisely these conserved regions
that present an interest from a biological perspective.

The main shortcoming of classical methods applied to the protein-folding problem
is their calculation time. Design and parameterization of threading methods may
require several months of computing time. Ants need much less time to find solutions
almost as good as exact solutions.

Although ant algorithms are increasingly used in bioinformatics, the potential of
artificial ants is not fully exploited by biologists yet. This form of artificial life can
provide much in the study of real life.

21.6. Bibliography

[AKU 99] AKUTSU T., MIYANO S., “On the approximation of protein threading”, Theoretical
Computer Science, vol. 210, p. 261-275, 1999.

[ALT 89] ALTSCHUL S.F., “Gap costs for multiple sequence alignment”, Journal of
Theoretical Biology, vol. 138, p. 297-309, 1989.

[AND 04] ANDONOV R., BALEV S., YANEV N., “Protein threading: from mathematical
models to parallel implementations”, INFORMS Journal on Computing, vol. 16, no. 4,
p. 393-405, 2004.

[BAI 88] BAINS W., SMITH G.C., “A novel method for nucleic acid sequence determination”,
Journal of Theoretical Biology, vol. 135, p. 303-307, 1988.

[BAL 04a] BALEV S., “Ant colony algorithm for the protein threading problem”, Proceedings
of JICCSE 2004, Al-Balqua Applied University, Al-Salt – Jordan, October 2004.
Proceedings in CD-ROM.

[BAL 04b] BALEV S., “Solving the protein threading problem by Lagrangian relaxation”,
Proceedings of WABI 2004: 4th Workshop on Algorithms in Bioinformatics, LNCS/LNBI,
Springer-Verlag, p. 182-193, 2004.

[BER 02] BERTELLE C., DUTOT A., GUINAND F., OLIVIER D., “DIMANTS: a distributed
multi-castes ant system for DNA sequencing by hybridization”, Proceedings of the First
International Workshop on Bioinformatics and Multi-Agent Systems, BIXMAS’02, 2002.
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A

ad hoc network 67, 345-365
aggregation dynamics 305
algorithm

2DSE 212, 217
A2CA 278, 287
AAC 74, 85, 94
ABC 53, 63, 64, 67, 69
ACluster 278, 286, 287
ACO 46, 50, 52, 53, 55, 56, 66, 67, 73,
74, 82, 83, 89, 90, 93, 94, 99, 100,
104-107, 109, 111, 112, 115, 116, 139,
188, 193, 197-201, 210, 211, 243, 246,
278, 286, 364, 412, 494, 502, 506, 507,
515, 517
ACOR 74, 88, 89, 94
ACO-canonical 86
ACO-continuous 87, 90-92, 94
ACO-LM 74, 92, 94
ACOCgraph 109-111, 113-116
ACOs 506-508
ACS 51, 52, 57, 61, 64, 67, 82-84,
140, 144-147, 156, 157, 160, 162-164,
169-171
ACSb 83, 84, 94
ACS-2D 157, 158, 160-162, 164
ACS-3D 162
ACS-MM 145, 146
ACS-MM-3-OPT 147, 149
ACS-MM-3-OPTMO 150-152

ACS-MRF 286, 287
ACS-MU-3-OPT 147
adaptive 62
adaptive ant colony 74
aggregation pheromone system 74
ant-based control 53, 347
Ant-Clique 59
Ant-Q 49, 51
AntClass 276-278, 282, 287
AntClust 281-283, 286, 287
AntCO2 68, 386, 393, 398
ANTCOL 56
ant colony system 51, 104, 139, 140,
156, 449
AntHocNet 67, 346, 349, 360-364
AntKSiMM 279, 287
AntNet 63, 67, 348
ANTS 50, 55
Ants basic 287
AntSA 459, 481, 482, 484
Ant System 75, 85
AntTree 283, 287
anytime 501
AODV 346, 360-363
API 74, 76-79, 86, 94, 237, 243-248,
257-259, 261
API-HMM 74, 86, 94
APS 74, 90, 94

I
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AS 46, 48-52, 55, 57, 58, 60, 62,
79, 82, 83, 92, 139, 142, 144, 145,
147, 156
ASb 83, 84, 94
AS-MM 145, 146
AS-MU 145, 146
AS-QAP 55
AS-Rank 140, 147, 156
ASSL 100
ATTA 279, 287
Backward 241
BAS 74, 94
Baum–Welch 242
Best-Worst Ant System 51
binary ant system 74, 85
bit simulated crossover 82, 84
BW 242, 243, 257, 259
BZ 229, 231, 232
CACO 74-76, 92, 94
CACS 74, 87-89, 94
CANDO 74, 91, 94
Charged Ant colony for Dynamic
Optimization 91
CIAC 74, 79, 80, 94
CMA-ES 89
COAC 93, 94
Complexity seeking ants 287
continuous ant colony 74
continuous ant colony system 87
Continuous Interacting Ant Colony
79
continuous orthogonal ant colony
74, 93
continuous space using ant colony
algorithm 92
CSP 99
CSUACA 92, 94
d-Prim 414, 415, 417, 420, 421
DACO 90, 94
descent methods 193
DIMANTS 498
Direct ACO 74, 90
DSATUR 221-223, 225, 231
EAS 140, 147, 156
EDA 82
Elitist Ant 48, 49
Elitist AS 140, 156

EM 214, 216, 217
estimation of distribution 74
FCM 278
FCO 224, 231
FDSATUR 223, 231
FHZ 224, 226, 227, 231, 233
FPSZ 229-233
FRLF 223, 231
Forward 241
fuzzy c-means 278
GH 231, 232
GRASP 186, 199
greedy 188
HAS-QAP 55, 56
HCIAC 74, 80, 81, 94
hidden Markov models 86
Hybrid AS 55
Immunity-based ACO 74, 94
improved ACO 74
Johnson 57
k-means 215-217, 276, 278, 279
Kapur 214, 216, 217
Kruskal 412
LF 273-279, 284, 287
local search 188, 193
MACACO 74, 89, 94
MACS-VRPTW 60
MAX–MIN ant system 50, 55, 59, 104,
125, 140, 156
MMAS 104, 109, 140, 147, 156
multivariate ant colony algorithm for
continuous optimization 89
MVAR-ACO 211, 212, 214, 216, 217
Otsu 210, 216, 217
particle swarm ant colony
optimization 74
particle swarm optimization 74, 93,
100
PBIL 82
Petford-Welsh 223, 228
population-based incremental
learning 82
Prim 412, 415
PSACO 74, 93, 94
PSO 94, 100, 112-115
Q-Colony 348
rank-based ant system 49, 140, 156
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RLF 221-224, 231
SAT 99
SATisfiability problem 99
TE 214, 216, 217
TSP 46, 48, 58, 61
TTA 286, 287
UML 100
Variable Neighborhood Search 171
VE 214, 216, 217
Viterbi 241
VNS 171
XRLF 224

aluminum manufacturing 140-152
ant

altruism 5
balanced distribution 36, 38
biomass 2
caste 3, 480, 486, 495, 498, 500, 501
cleaner 500
colored see colored ants
complex system 42
demographic pressure 38
division of labor 2
evolution 20
exoskeleton 2
explorer 500
graveyard 9
lifetime 471
nurse 498
pheromones 5
post-pharyngeal gland 6
social organization 3
social stomach 3
soldier 3, 498
species 2
supercolonies 2
task division 3
trophallaxis 3, 309, 312

ant species
Acromyrmex subterraneus
subterraneus 13
Acromyrmex versicolor 298
Camponotus 12
Cataglyphis 295
Cataglyphis cursor 295, 328
Ectatoma ruidum 270
Formica polyctena 2, 4

Formica rufa 4
Formicidae 20
Lasius 9
Lasius niger 9, 11, 12
Leptothorax 310
Leptothorax albipennis 297
Linepithema Humile 347
Magnans 9, 10
Oecophylla 5, 335
Pachycondyla apicalis 76, 237, 244
Polyergus 2, 6
Temnothorax albipennis 9

aphids 2
assignment 54
attractiveness 40, 223, 226, 229
autocatalytic 8, 374
autopoiesis 370, 372

B

bi-objective scheduling problem 148
biaised random walk 27-31
biaised randomization 458
biased random walk 26
bioinformatics 22, 494, 502

amino acid 509
crystallography 510
DNA sequence 494

factor 502, 504
p-mers 494

homology 502, 510
optimization problem 496, 503, 511
phylogeny 502
post-genomic 510
protein 509
protein structure 502
protein threading see protein threading
regular expression 495
spectroscopy 510

Blaberus discoidalis 298
boids 396-398

C

car sequencing problem 155-164
caste 500
challenge ROADEF 2005 162, 170
chromatic number 56, 59, 220, 232
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classification 11, 14, 76, 108, 110, 112,
205, 212, 242, 265-287, 320, 336, 340,
451, 459
clique 21, 56, 59, 186, 375
clustering 267, 377, 379
color class 220, 222
colored ants 32-38, 467-476
coloring 25, 38, 55

k-coloring 220
legal 220, 229, 231
partial 222, 224, 229

combinatorial optimization 46
communication network 63
community 24, 375
complete (graph) 62
complex networks 375
complex system 42, 369, 457
compromise solutions 140, 148, 150,
153, 172
conflict 21, 157, 158, 160, 162, 164-169,
179, 181, 182, 220, 223, 224, 505, 508
conflicting edge 220, 222, 224, 226,
228, 229
conflicting vertex 220, 224, 226, 228
congestions 53
constraints 22, 23, 45, 56, 58, 59, 61, 63,
99, 100, 102-104, 114, 120-125, 127, 128,
135, 136, 140, 155-157, 159, 160, 162-164,
166, 183-185, 187, 196, 198-200, 228, 229,
241, 243, 253, 259, 261, 303, 332, 353,
404, 443, 448, 456, 458, 467, 495, 502,
505, 506, 515, 519
constructive algorithm 120, 139, 144, 221

D

decision support tools 179
depopulation 36
desirability 40, 58, 406, 407, 410, 448, 450
distributed system 498, 501
distribution path 63
diversification 80, 84, 91, 160, 171, 518
dynamic graph 387
dynamic stopping condition 190
dynamics 59, 62-64, 67, 69, 84, 92, 136,
180, 194, 293, 369, 370, 373, 381, 399, 457
dysfunction 63

E

elitism 41
restriction 41

Elitist ant 65
endless iterative process 470
entropy 370
evaporation 26, 31, 47, 50, 51, 66
evidence (of a non-edge) 228

F

feedback 371, 373, 507
fluctuations 8, 373

G

gas chromatographs 5
Gestalt 6, 371
graph 375

bipartite 54
chromatic number 56
clique 59
complete 46, 55, 57
dynamic 68
Hamiltonian cycle 46
inheritance 52
shaking 65
topology 62

graph density 230
graph partitioning 377
GraphStream 43
graph structure

competing paths 23, 32
Hamiltonian path 23
independent paths 23, 32
multiple paths 23-24, 31-34
partition 24, 34-38
path 27-31
route 21-22
shortest path 22-23
stable 25

H

Hamiltonian cycle 46
heuristic desirability 40
homeostasis 370
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I

I-Swarm (project) 312
industrial scheduling 140, 152, 171
information centrality 380
intensification 518
intensification/diversification 518
intermediary centrality 380

K

Kernighan and Lin method 378

L

Lego MindStorm 322
Leurre (project) 300, 312
load balancing 53, 54
local heuristic 50
local search 55, 145-147, 188, 193,
221, 517
local strengthening 51

M

mass spectrometer 5
middleware 393
mobile ad hoc network 345, 365
morphogenesis 370, 374
morphostasis 374
MRI 205, 207, 208, 212, 217
MSA see multiple sequence alignment
multi-castes 498
multiobjective 163
multiobjective scheduling 156
multiple objectives 45
multiple sequence alignment 502

algorithm 507
block alignment 502

factor graph 503
ClustalW 509
evaluation 506
optimization problem 503

multiple visibility matrices 144, 145, 147,
153, 164

N

natural language processing see NLP
negative feedback 7, 507

network load 53
network routing 345, 364

ACO routing algorithms 347
AntHocNet 349
hybrid algorithms 346, 349
MANET routing 346
proactive algorithms 346, 349, 350
reactive algorithms 346, 349

NLP 455-490
complex system 456-458
COPYCAT (project) 458
gold standard 478
graph model 24
hyperonymy 480
lexical item 459
lexical transfert 456
machine translation 456
meronymy 480
part of speech 479
prepositional phrase attachment 477
tag 477
thesaurus 460
thesaurus hypothesis 459
tool-word 465
word sense disambiguation see WSD

non-visited region 36
NP-complete 377
NP-hard 46, 156, 183, 220, 513

O

objective function 45, 46
optimization

bioinformatics 22
graph 21
graph of structure 25
lexicographic 184
multiobjective 179

optimization problem
multiple sequence alignment 503
protein threading 511
sequencing by hybridization 496

organisaction 372
organization 371

P

Pareto 60, 61
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Pareto front 60, 61
passband 54
pheromone 26, 46, 60, 187-189

deposit strategy 28-29
diffusion 350
initial value 28
smoothing 64
table 53
trail 507, 517

3D 161
management 156
specialized 156, 161
structure 156, 161, 172

population of solutions 66
positive feedback 7, 507
Predictive control 134
premature convergence 50
problem

assignment 54
classification 14, 265-287
D-VRP 63
dynamic 61
dynamic TSP 62, 63
financial portfolio 61
flowshop 57
graph coloring 55
job-shop 57
knapsack 58
multiobjective 60
partitioning 379
quadratic assignment 55
routing 62
scheduling 57
set packing 179, 183, 200, 201
transportation 62
traveling salesman 46, 48, 58, 63
vehicle routing 60
vertex coloring 220-234
VRP 67

protein folding see protein threading
alpha helix 509
beta sheet 509
domain 509
structure 509

protein threading 509-511
algorithm 515
alignment graph 513

augmented path 514
contact graph 511
optimization problem 511
query sequence 511
scoring function 513
sequence-structure alignment 511
structural pattern 511
structure 511

protocol 67

Q

quadratic assignment 55
quasi-clique 375

R

railway transport 175
block signaling 176, 180, 195
capacity 177
feasibility problem 178, 184
infrastructures 176, 180
RECIFE projet 178
saturation problem 178, 184
slot 176, 181, 182
track circuit 176, 180

random graph 230
random walk 26-27
recursive bisection 377
reinforcement 49
retroaction 26
robot

Ajax 298
Alice 300, 305
AMRU 298
ArABot 332
Bill-Ant-p 298
Boe-Bot 327
EcoBot-II 299
Insbot 300, 312
Jasmine 312
Khepera 309
Lego MindStorm 322
RHex 298
Sahabot 295
Slugbot 299
SwarmBot 306, 307, 311
Whegs ASP 297



Main ndex 537

roulette wheel 188
router 53, 63
routing 67
routing (network) 53
routing table 53

S

saturation degree 222, 225
SBH see sequencing by hybridization
search space

neighborhood 42
neighborhood structure 42

segmentation 206, 207, 209, 210, 217
self-organization 1, 7, 73, 270, 309, 369,
372-375, 457, 458
sequencing by hybridization 494

DNA chip 494
probe 494

graph 495, 497, 498
model 495
negative errors 495
optimization problem 496
positive errors 495
repetition 495
SBH-graph 496
spectrum 494
symbolic repetition 497

set packing 179, 183, 200, 201
shaking 64
short-term memory 31
simulated annealing 219, 221, 229
social organization 1
spectral method 377
stigmergy 26, 458, 467, 475, 498

sematectonic 467
signal-based 467

subsumption 300
Swarmanoid (project) 312
SwarmBot (project) 312

T

tabu search 219, 221, 227, 229, 233
termite 9
time window 60
track evaporation 50
trail 223, 226
transition rule 508, 515
traveling salesman problem 139

U

uncertainty 69
Unit Commitment 120
urban MANETs 353, 356
urban radio propagation 354

V

vehicle routing 59
virtual keyboard 404-411
visibility 40, 47, 50

attractiveness 40
desirability 40

W

word sense disambiguation see WSD
WSD 455-490

concept activation 456
conceptual bridge 458, 467-469, 475
conceptual vector 456, 459

angular distance 462
normed product 464
normed sum 463
similarity measure 461
thematic proximity 462

contextualization 464
dynamic analysis 484
interpretation trail 456, 468, 475
morphosyntaxic tree 456-458, 465, 488
precision 479
recall 479
standard propagation 459, 460, 468
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