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Abstract

In swarm robotics, the control of a group of robots is often fully distributed and does
not rely on any leader. In this thesis, we are interested in understanding how to design
collective decision making processes in such groups. Our approach consists in taking
inspiration from nature, and especially from self-organization in social insects, in order
to produce effective collective behaviors in robot swarms. Wehavedevised four robotics
experiments that allow us to study multiple facets of collective decision making. The
problems onwhichwe focus include cooperative transport of objects, robot localization,
resource selection, and resource discrimination.

We study how information is transferred inside the groups, how collective decisions
arise, and through which particular interactions. Important properties of the groups
such as scalability, robustness, and adaptivity are also investigated. We show that col-
lective decisions in robot swarms can effectively arise thanks to simple mechanisms
of imitation and amplification. We experimentally demonstrate their implementation
with direct or indirect information transfer, and with robots that can distinguish the
available options partially or not at all.
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Chapter 1

Introduction

Decision making is a central process for groups of robots that evolve in dynamic envi-
ronments. Like humans, animals, or other autonomous machines, they are regularly
confronted to new situations that demand specific, adapted responses. When a single,
monolithic entity makes a decision, it first gathers information about the current situ-
ation, evaluates what are the available options and the associated benefits and costs.
After this evaluation, a coherent decision is finally made.

What about groups? The classic idea of decision making in groups relies on the
concept of leadership. This time, several members of the group may perceive informa-
tion and implement the decision, but information is still centralized towards a leader
or a small leading council which makes the evaluation and then informs the group
members of its decision.

Hierarchical and centralized organizations have been implemented numerous times
in human society and proved very successful. In animal kingdom, complex social struc-
tures are also observed. For instance, groups of chimpanzees are socially structured by
dominance relationships, while elephants and whales are matriarchal. In the artificial
world, machines have lent themselves perfectly to centralized architectures because of
their ability to process information reliably and rapidly. Leadership allows groups to
avoid indecisiveness, to be coherent, and to make fast decisions.

However, there are situations in which leadership is impractical or prone to failure.
The leader itself is a point of weakness for the group. If the leader is removed, or for
some reason he is unable to make a sensible decision, the whole group is penalized.
Furthermore, the task of gathering information and informing members of the central
decision may be very difficult to carry out. This is the case if the group is very large
and the leader is overwhelmed by the amount of information. Also, information may
take too much time to be transmitted, or it may become corrupt during relaying.

Interestingly, there are alternative types of organization that allow groups to make
effective decisions. In nature, social species such as ants and bees live in groupswithout
central leadership: their behavior is often referred to as self-organizing. We have all
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been fascinated at least once by the collective activity of these insects. They build their
nest without an architect, they search for resources and decide which one to exploit
without any supervisor. We know that the individual insects are not aware of what
goes on at the level of the colony. Individuals are merely executing a limited set of
simple behaviors depending on their local situation. Yet, the whole colony is able to
carry out complex activities, including making effective collective decisions.

In this thesis we study newways tomake collective decisions with groups of robots.
By transposing the principles of self-organization into robots, we expect to avoid cen-
tralized architectures and costly communication infrastructures, and still achieve effec-
tive collective decisions. We are interested in understanding how information is pro-
cessed inside the groups, how collective decisions arise, and through which particular
interactions. Important properties of the groups such as scalability, robustness, and
adaptivity are also investigated.

We use the framework of robot foraging in order to tackle practical, experimental
problems which require the implementation of collective decision making in groups of
robots. The foraging problems on which we focus include the cooperative transport of
objects, the localization of the robots, the selection of resources, and the discrimination
of resources. All these problems are orthogonal and allow us to studymultiple facets of
collective decision making. In particular, we study how a decision is made by a group
of identically informed robots, and how the collective decision can be improvedwhen a
number of individuals are better informed. We also explore a case of indirect informa-
tion transfer, in which robots gradually build their collective decision by simulating the
pheromone laying behavior of ants. Finally, we examine an experiment in which the
collective decision results from the interplay of opposite feedbacks, with robots which
perceive neither the characteristics of the options available, nor the collective decision
made by the group.

1.1 Original contributions and related publications

Our contributions can be seen from two different perspectives. On the one hand, we
study four different problems of foraging in groups of robots. For each problem, we
propose a solution based on collective decision making, and demonstrate the feasibil-
ity of our approach through real world experiments. On the other hand, the chosen
foraging problems all require robot groups to make a collective decision. The different
implementations of this collective process allow us to make comparisons and identify
fundamental, invariant mechanisms at the core of self-organized decision making pro-
cesses in robots.

Apreliminary step in our contributions consists in endowing robotswith newmeans
of communication, better suited for self-organizing collective behaviors. To this end,
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we have devised two specific systems of localization and communication for our robots.
The first one relies on an omnidirectional camera, while the second one is implemented
in a specific board with infrared sensors. These contributions were reported in the fol-
lowing articles:

• Open e-puck range and bearing miniaturized board for local communication in
swarm robotics. A. Gutiérrez, A. Campo, M. Dorigo, J. Donate, F. Monasterio-
Huelin, and L. Magdalena. In Proceedings of the IEEE International Conference on
Robotics and Automation, pp. 3111–3116. IEEE Press, Piscataway, NJ, 2009. Gutiér-
rez et al. (2009a)

• An open localization and local communication embodied sensor. A. Gutiérrez,
A. Campo, M. Dorigo, D. Amor, L. Magdalena, and F. Monasterio-Huelin. Sensors,
8(11):7545–7563, 2008. Gutiérrez et al. (2008)

The first of the four experiments demonstrates cooperative transport in a group of
robots. The robots have uncertain knowledge of the direction in which they must pull
the object. We implement a collective decision mechanism that allows the robots to
share and improve their knowledge, so as to coordinate and pull in the same direction.
This work was presented in:

• Negotiation of goal direction for cooperative transport. A. Campo, S. Nouyan,
M. Birattari, R. Groß, and M. Dorigo. In Proceedings of the 5th International Confer-
ence on Ant Colony Optimization and Swarm Intelligence, LNCS, 4150, pp. 191–202.
Springer, Berlin, 2006. Campo et al. (2006a)

• Enhancing cooperative transport with negotiation of goal direction in swarm
robotics. A. Campo, S. Nouyan, M. Birattari, R. Groß, and M. Dorigo. In Proceed-
ings of the 18th Belgium-Netherlands Conference on Artificial Intelligence, pp. 365–366.
University of Namur, Namur, Belgium, 2006. Campo et al. (2006b)

In the second experiment, we examine collective localization by means of odome-
try. In this experiment, some individuals are better informed than others. We intro-
duce a mechanism called social odometry that allows robots to share knowledge and
spread better information across the whole group. In this work, Alexandre Campo par-
ticipated to the design of the mechanism and of the experiments, contributed code for
simulations and partlywrote the articles. This researchwork is covered in the following
publications:

• Collective decision making based on social odometry. Á. Gutiérrez, A. Campo,
F. Monasterio-Huelin, L. Magdalena, and M. Dorigo. Neural Computing & Applica-
tions, 19, 807–823, 2010. Gutiérrez et al. (2010)

• Social odometry in populations of autonomous robots. A. Gutiérrez, A. Campo,
F. C. Santos, C. Pinciroli, and M. Dorigo. In Proceedings of the 6th International Con-
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ference on Ant Colony Optimization and Swarm Intelligence, LNCS, 5217, pp. 371–378.
Springer, Berlin, 2008. Gutiérrez et al. (2009b)

• Social Odometry: Imitation Based Odometry in Collective Robotics. A. Gutiér-
rez, A. Campo, F.C. Santos, F. Monasterio-Huelin, and M. Dorigo. International
Journal of Advanced Robotic Systems, 6(2):1–8, 2009. Gutiérrez et al. (2009b)

In the third experiment, we focus on a foraging task in which robots navigate by fol-
lowing paths. The paths aremade by robots that act as regular landmarks. In this exper-
iment, we demonstrate resource selection by simulating virtual ants moving along the
paths and depositing artificial pheromone inside the landmarking robots. This work is
one of the first examples of collective decision making in robots with indirect informa-
tion. It was reported in:

• Path formation in a robot swarm: self-organized strategies to find your way
home. S. Nouyan, A. Campo, and M. Dorigo. Swarm Intelligence, 2(1):1–23, 2008.
Nouyan et al. (2008)

• Artificial pheromone for path selection by a foraging swarm of robots.
A. Campo, Á. Gutiérrez, S. Nouyan, C. Pinciroli, V. Longchamp, S. Garnier, and
M. Dorigo. Biological Cybernetics, 103(5), pp. 339–352, 2010. Campo et al. (2010b)

In the fourth experiment, inspired by biological studies on cockroaches, we show
a mechanism that allows groups of robots to discriminate among resources. With col-
lective discrimination, swarm decisions are not necessarily bound to maximize or min-
imize a given characteristic. In addition, we demonstrate how the choice of the robots
can be controlled. Individuals are unable to perceive the characteristics of the resources,
and do not have information about the collective decision made. Despite these limita-
tions, we show that groups are able to make coherent collective decisions with this
mechanism. We communicate on this research in the following articles:

• Self-organized discrimination of resources. A. Campo, S. Garnier, O. Dédriche,
M. Zekkri, and M. Dorigo. PLoS ONE, 6(5):e19888. Campo et al. (2010a)

• Controlling the choice of robot swarms using collective discrimination.
A. Campo, Á. Gutiérrez, S. Garnier, M.Moussaïd, andM.Dorigo. To be submitted.
Campo et al. (under review)

1.2 Other scientific contributions

While researching the material presented in this thesis, we also contributed to other
research topics, which are not specifically concerned with decision making in robot
swarms. These contributions are briefly presented in this section.
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1. Investigation of a behavioral mechanism that allows robots to forage selectively
and thus improve their benefits.

• Efficientmulti-foraging in swarm robotics. A. Campo andM.Dorigo. InPro-
ceedings of the 9th European Conference on Advances in Artificial Life, pp. 696–705.
Springer, Berlin, 2007. Campo and Dorigo (2007)

2. Design of an electromechanical device for the storage and cooperative transport of
multiple objects.

• Enhancing the Cooperative Transport of Multiple Objects. A. Decugnière,
B. Poulain, A. Campo, C. Pinciroli, B. Tartini, M. Osée, M. Dorigo, M. Birattari.
In Proceedings of the 6th International Conference on Ant Colony Optimization and
Swarm Intelligence, LNCS, 5217, pp. 307–314. Springer, Berlin, 2008.

3. Exploration of the alignment task with artificial evolution techniques and our in-
frared communication system.

• Evolution of neuro-controllers for robots’ alignment using local communi-
cation. A. Gutiérrez, E. Tuci, and A. Campo. International Journal of Advanced
Robotic Systems, 6(1):1–10, 2009. Gutiérrez et al. (2009c)

4. Analysis of fish motion.

• Analyzing fishmovement as a persistent turning walker. J. Gautrais, C. Jost,
M. Soria, A. Campo, S. Motsch, R. Fournier, S. Blanco, and G. Theraulaz. Jour-
nal of mathematical biology, 58(3):429–445, 2009. Gautrais et al. (2009)

5. Demonstration and analysis of a morphological transition during nest digging by
ants.

• Shape transitionduringnest digging in ants. E. Toffin, D.Di Paolo, A. Campo,
C. Detrain, and J.-L. Deneubourg. Proceedings of the National Academy of Sci-
ences, 106(44):18616, 2009. Toffin et al. (2009)

1.3 Thesis layout

This thesis is organized into 9 chapters. In Chapter 2, we gradually introduce the reader
to the background and the related works of the research presented in this thesis. We
start by a presentation of the swarm intelligence field, and proceed with a rough time-
line of events that led to the birth of swarm robotics. We then detail the fundamental
concepts that underpin self-organized collective decision making. Finally, we provide
an overview of the foraging task in swarm robotics, and review the specific literature
related to our experiments.
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In Chapter 4, we investigate group decision making with an experiment of cooper-
ative transport. In this experiment, identically informed robots must reach consensus
about the transport direction.

Chapter 5 discusses our work on social odometry. In the experiments presented,
we show how information of higher accuracy may propagate in the group, allowing
the robots to localize more effectively different foraging areas.

Chapter 6 deals with the implementation of virtual ants laying artificial pheromone
in a network of robots. In this experiment, artificial pheromone deposited inside the
network of robots leads to the selection of the most profitable resource.

In Chapter 7, we present an experiment of collective resource discrimination. Al-
though single robots are not able to evaluate the options available, the group is able
to make a collective decision and select a resource of specific size which is neither too
small nor too large.

Chapter 8 extends the work on collective discrimination by demonstrating how the
decision made by the group of robots can be controlled.

Finally, Chapter 9 concludes this thesis with a short synthesis of our achievements
and suggestions for future directions to explore.



Chapter 2

Background and related works

In this chapter, we present the context in which this thesis takes place, we review the
major concepts that underpin our work and we discuss related literature. The chapter
is divided in four sections that gradually bring the focus on the core subject of the the-
sis. In Section 2.1, we describe the field of swarm intelligence. Section 2.2 is devoted
to the presentation of swarm robotics. Then, in Section 2.3, we examine the fundamen-
tal mechanisms at the core of collective decision making in robot swarms. Finally, we
present the foraging task in Section 2.4. There, we show how we use the foraging task
as a framework to study collective decisionmaking through four different problems. In
addition, for each problem studied in this thesis we review the specific literature and
related works.

2.1 Swarm intelligence

Swarm intelligence is more easily described with examples from our daily life, espe-
cially the ones of group living animals that produce intriguing and unexpectedly com-
plex collective behaviors.

Birds, and especially starlings, display swarm intelligence when they fly together
(see Figure 2.1a). These birds are very gregarious and form large flocks which move
fluidly, expanding, contracting and changing shape at any moment. Despite the speed
of the flocks, and the sudden turns they may take, collisions rarely occur among birds.
It is as if an external force were driving them to achieve a timely ballet with no coordi-
nation mistake. But we know there is no external guidance nor any leader driving the
flocks. Rather, all the individuals in the swarm contribute to the same effort at the very
same time. Despite the lack of a leader, these flocks seem to have a mind of their own,
for instance when birds collectively agree on a roosting site.

Ant colonies also exhibit some of the most complex collective behaviors found in
the animal kingdom (see Figure 2.1b). For instance, ants explore their environment to
find resources and then select and exploit themost profitable one. Although single ants
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(a) (b)

(c) (d)

(e) (f)

Figure 2.1: Examples of swarm intelligence around us. (a) Birds flying together and
forming a large flock. (b) Weaver ants pulling leafs so as to glue them to-
gether and build their nest. (c) Wikipedia, an encyclopædia produced by
collaborative editing. (d) The internet network represented by a partial map
of connections among computers. (e) Fish moving together in schools so as
to better detect predators and evade their attacks. (f) Swarming bees, look-
ing for a new nest site.
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often visit only one resource and do not compare the different opportunities available,
the colony is able tomake the correct choice (Beckers et al., 1990, 1992). Ants are also able
to build architectured nests with tunnels and chambers. While ants do have a queen,
the name of that particular member of the colony is misleading. The queen does not
supervise the activity of the colony, but is merely responsible for laying eggs. Instead,
all the ants apply basic behavioral rules depending on the local situation they perceive.
In fact, there is not a single ant that can picture what is going on at the level of the
colony. Even though isolated individuals follow simple behavioral rules, a whole ant
colony exhibits a coherent and complex activity.

Swarm intelligence is not only observed in animals, but it also seems present in the
human society. Nowadays, the internet provides among the most striking examples of
human swarm intelligence. Wikipedia, the famous online encyclopædia, is the product
of numerous and independent small contributions (see Figure 2.1c). It is well known
that there is not a single leader who coordinates the edition process in Wikipedia. Al-
though some individuals may organize in structured groups to work on a serie of re-
lated articles, the ordinary case is that anyone may edit the pages of this encyclopæ-
dia. Prior to its success, a large number of observers would have bet on the failure of
Wikipedia, especially because it does not integrate protections against vandalism or
other malicious editing. Yet, the uncoordinated activity of all the internauts produced
in less than 10 years the largest compendium of general knowledge with honorable
quality (Giles, 2005).

All these examples have in common the idea of groups performing an activity with
a great degree of coordination. The fascinating part is that the groups behave as a single
entity, but we know that the collective behavior observed is the outcome of numerous
individual actions performed at the same time. Individuals have access to limited in-
formation, and their understanding of the collective activity is weak or nonexistent.
Despite these limitations, individuals do not ruin the harmony of the collective behav-
ior. With a small number of simple behaviors, they contribute to it. Such groups are not
organized in the way we are used to. They do not have a leader, and there is no clear
hierarchy among the individuals. This type of organization that seemingly evades any
predefined structure is called self-organization.

2.1.1 Self-organization

Self-organization attracted attention inmanydifferent fields, such as chemistry, physics,
biology, linguistics, economy, and robotics. Because of this diversity, it is difficult to
find one single definition of self-organization that satisfies everyone. Nevertheless, it is
possible to summarize from the literature the main characteristics of self-organization
with a minimalistic definition.
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(a) (b)

Figure 2.2: Examples of feedbackmechanisms. (a)The centrifugal governor introduced
by James Watt in 1788 exploits a negative feedback to regulate the energy
delivered by a steam engine. (b) The Larsen effect is a well known instance
of positive feedback. Any sound produced by the speaker is picked up by
the microphone and goes back to the speaker reinforcing itself.

Self-organization is a process whereby a system made of interacting components
and embodied in its environment produces, through numerous interactions, a spa-
tiotemporal pattern in the environment. In addition, the system is not guided by a
leader, and the components of the system typically have limited information about the
collective activity. Most of the time, the components behave probabilistically. Hence,
the whole system is stochastic and its activity is rarely exactly reproduced, unless initial
conditions are very strictly controlled.

Contemporary self-organization finds its origins in the concept of homeostasis elab-
orated by Claude Bernard (Bernard, 1864, 1871; Cooper, 2008) and further developed
by Cannon (1929). Bernard noticed that an important property of living organisms is
their ability to maintain their internal state. For example, the internal temperature of
our bodies is regulated so that our organism functions in a rather broad range of envi-
ronmental conditions. This idea was generalized to any system able to regulate some
of its internal parameters, and these systems were said to be homeostatic.

Regulation in homeostatic systems was explained with feedbacks. Inside a system
that responds to a given stimulus, a positive feedback enhances the system’s output
by constantly reinforcing the response of the system. This feedback makes the system
unstable, with the risk to spiral out of control, but also with the possibility to end up in
one of several stable states. Conversely, a negative feedback depresses the response of
the system when it exceeds some threshold.
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An early example of negative feedback is the centrifugal governor (see Figure 2.2a)
popularized by James Watt in 1788 when he was working on steam engines (Maxwell,
1868). At that time, steam engines were used for driving factory machinery and the
mechanics employed in the industry were fragile and very sensitive to variations in
the engines’ output. To ensure reliable function of the factories, constant motor output
was necessary. To this end, Watt used the centrifugal governor, a mechanical system
that regulates the admission of steam in the engines. The centrifugal governor consists
of a conical pendulum with two metallic balls revolving within a circular case. When
the engine’s output increases, the balls rotate faster, move upwards, and the arms of
the pendulum open and modify the aperture of a steam valve. In this way, the energy
delivered by the engines is better controlled and almost constant.

Positive feedback is very well illustrated by the Larsen effect that arises when a mi-
crophone’s output is plugged to the very same speaker it is recording (see Figure 2.2b).
Larsen effects happen sometimes live on stage, during concerts, because the micro-
phone of an artist picks up the signal of the feedback speakers. Even if there is almost
no noise around, any small perturbation recorded by the microphone is reproduced by
the speakers at a higher volume, and in turn this new and louder sound is captured by
the microphone. Therefore, even in a place that is mostly silent, the tiniest noise will be
amplified by this positive feedbackmechanism to the point that the speakers are loudly
squealing.

In the late 1940’s, regulatory systems (i.e., systems that contain feedbacks) became
the subject of interest of a new field called “cybernetics” (Wiener, 1948). Cybernetics
emerged during the Macy conferences that took place between 1946 and 1953. These
conferences brought together scholars from various disciplines with the goal to openly
discuss new problems and questions encountered in modern science. Quickly after
the birth of cybernetics, Ludwig Von Bertalanffy proposed the general system the-
ory (Von Bertalanffy, 1950a,b, 1968), which offered a complementary vision of systems
to cybernetics. Historically, these are the foundations of swarm intelligence and swarm
robotics.

As part of the emerging field of cybernetics, Ashby (1947) introduced the concept of
self-organizationwhich is nowcentral to swarm intelligence. However, self-organization
only became popular in 1977, when Ilya Prigogine was awarded a Nobel prize for his
work on dissipative structures and open systems operating out of thermodynamic equi-
librium (Nicolis et al., 1977).

After a century of works that gradually contributed to the definition and study of
self-organizing systems, in 1989, Beni and Wang coined the term “swarm intelligence”
which later became popular in biology and computer science (Beni and Wang, 1989;
Beni, 2005). Swarm intelligence designates natural or artificial self-organizing systems
that display some intelligence in their activity.
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2.1.2 Properties of swarm systems

Swarm systems have properties that can render them superior to the more classical
monolithic and centralized systems (Beni and Wang, 1989; Beni, 2005).

Scalability may be the most appealing property of a swarm. Centralized systems
have very limited scaling capacities because the number of interactions required to
achieve coordination grows exponentially with the group size (Simon, 1962; Klavins,
2002; Seeley, 2002). In self-organizing systems, interactions are either local or they only
involve small fractions of the population. Hence, for a single individual, the number of
interactions experienced does not strongly depend on the group size. A system scales
successfully if it is possible to increase its sizewithout perturbating its function. Ideally,
increasing group size also increases the performance of the system. In the best case, the
system displays a super linear improvement of its performance (Mondada et al., 2005).

The parallel activity of the swarm is also an interesting property. With it, swarms
can perform different actions in various places at the same time. A straightforward use
of this omnipresence is the exploration of an environment to localize resources, as ex-
emplified by the behavior of great tits (Parus major) which find food sources faster when
in group (Clark and Mangel, 1986). More generally, any task that can be partitioned in
independent subtasks may be carried out faster by a swarm thanks to parallelism.

Because the environment in which swarms operate is rarely static, it is interesting
to have the swarm cope with changes and dynamic situations. Depending on the con-
text and the task performed by the swarm, this implies either a robust behavior or an
adaptive behavior. Robustness to failure is a common property of swarms that contain
several individuals that can be interchanged. Thanks to this redundancy, if an individ-
ual fails to carry out its work, another individual promptly replaces the incapacitated
one. Ants provide good examples of robustness and adaptivity: if resources are scarce,
a limited number of workers are recruited to forage outside the nest. If a new resource
appears in the environment, scouts detect it and recruit more workers to exploit it. The
colony therefore adapts its collective behavior to better exploit the available resources.
To pursue with the same example, imagine that the ants are now exploiting the new re-
source and have established a pheromone trail that connects the resource and the nest.
Suppose that a small branch falls on the ground and interrupts the pheromone trail.
The ants notice the problem and either try to go around the branch or even move the
branch if possible. This time, the colony maintains its collective behavior despite the
environmental change (Hölldobler and Wilson, 1990).

It is important to emphasize the fact that these properties do not come for free in any
swarm system. The presence of these properties depends on the environment, the task
that the swarm has to carry out, and the behavior of the swarm. In artificial systems, it
is particularly important to carefully design the behavior of the swarm so as to benefit
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from these potential advantages as much as possible. For instance, the best known
obstacle to scalability in swarms of robots is overcrowding. If the density of robots
becomes too high in a place, the robots spend all their time avoiding each other instead
of performing their task (Goldberg and Matarić, 1997).

2.2 Swarm robotics

Robotics is one of the most challenging field of research that can make use of swarm in-
telligence and demonstrate its usefulness in a practical context. As distributed systems
are becoming more and more important in robotics, the properties of swarm intelli-
gence systems become more and more appealing.

Humans create robots to replace them in dangerous, or repetitive tasks (Bekey,
2005). In addition, robots can sometimes perform tasks better than humans when it
comes to accuracy, strength, or speed. Just as it was the case for self-organization, there
is no clear definition of what a robot is. Some consider that robots are artificial systems
that can sense the environment and react to the situation perceived. Under this defini-
tion, a blunt thermometer becomes a robot. This definition is therefore too general, but
any attempt at restricting it leaves useful or interesting devices out of the definition’s
scope.

In this thesis, however, we work with autonomous mobile robots, a specific type of
robots that lends themselves more easily to an unambiguous definition: autonomous
robots are electromechanical devices able to move and operate in their environment
without any human assistance. They are usually designed to carry out one or several
specific tasks, such as exploration of the environment, or transport of objects.

Robotics has witnessed significant advances in the last 50 years. We are especially
interested in the paradigm shift that led a number of researchers to change their center
of interest from isolated mobile robots to swarms of robots. This evolution involved
many researchers from various fields: the summary provided here is very partial and
underlines only a few particular contributions, but it hopefully allows to better under-
stand why and how researchers turned to swarm robotics 1.

2.2.1 From single robots to groups of robots

William Grey Walter created one of the first autonomous mobile robots in the late
1940’s (Grey Walter, 1950, 1951, 1954). Actually, he started his studies with two small
robots called Elmer and Elsie, shown in Figure 2.3. These robots were designed to move
towards light and to detect collisions with obstacles. Grey Walter was amazed by the

1The interested reader may consult Trianni (2008) and Pickering (2010) for more detailed stories.
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Figure 2.3: One of the turtle robot used by Grey Walter in his studies (restored version
shown here).

complex activity displayed by his robots, which were merely executing a combination
of two very basic behaviors 2.

From that moment on, the design of robots improved in several directions: the sen-
sors, the actuators, the processor, the autonomy and the controllers. Advances in elec-
tronics and mechanics guided the evolution of the robots morphologies. In parallel,
mathematicians started to devise algorithms to control the robots, and more generally
to make machines “intelligent”.

At the time, machine reasoning was implemented with symbols and logic because
of the strong influence of Frege’s and Russell’s works (Frege, 1879; Whitehead and Rus-
sell, 1910). Machines, and robots, were designed to make inferences using rules and
symbols. This approach led Allen Newell, Herbert Simon, and Cliff Shaw to intro-
duce in 1955 a program named the Logic Theorist (Newell and Simon, 1956; Russell and
Norvig, 1995). The program was able to prove mathematical theorems, mimicking the
problem solving skills of humans. This work was a foundation for the new field of arti-
ficial intelligence. Later, Newell and Simonwent further, claiming that physical symbol
systems have the necessary and sufficient means for general intelligent action (Newell
and Simon, 1976).

Following the success of the Logic Theorist, a number of laboratories attempted to
build robots that used symbols and inference rules. The environment surrounding
the robots was represented with the symbols, and inference rules were used to devise
plans. The ideawas that robots would be able to carry out their tasks by executing these
plans step by step (Russell and Norvig, 1995). However, the capabilities of intelligent
machines were limited, and they could mostly solve toy problems. Researchers were
running into fundamental problems such as intractability (Cobham, 1965; Cook, 1971;
Garey and Johnson, 1979), and the frame problem (McCarthy and Hayes, 1969). In-
tractability often resulted from the implementation of artificial reasoning as the search

2The behavioral diversity that such a simple robot can display was remarkably analyzed by Valentino Brait-
enberg (1986)
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of a satisfying solution inside a huge tree of chained inferences. The size of the tree
was growing exponentially with the dimension of the problems tackled, which pre-
vented machines to find solutions in reasonable amounts of time. The frame problem
underlined the difficulties to correctly infer the consequences of an action in a dynamic
environment. Additional rules were required to explicitly define a frame, i.e. define
what was left unchanged in the environment by an action. However, the number of
rules required was such that it made problems intractable. Moreover, assuming a min-
imal amount of changeswithout specifyingmore rules led to unexpected anomalies. To
deal with these problems, a lot of strategies were imagined such as heuristics to explore
trees faster and devise adaptive plans or new kinds of logic to deal with uncertainty,
changes, and time. In robotics, one of the most remarkable proposition stood out for its
effectiveness despite a striking simplicity.

From 1986 to 1991, Rodney Brooks published a series of papers in which he ad-
vocated the use of a subsumption control architecture and described how his team
and himself managed to create robots that could wander safely in dynamic environ-
ments, grab empty soda-cans left on tables and drop them to trash bins (Brooks, 1990).
With subsumption, these robots only relied on basic behavioral rules to operate (Brooks,
1986) and they were not planning their trajectories, nor did they rely on any deep sym-
bolic reasoning to accomplish their tasks (Brooks, 1991). Robotics researchers, absorbed
with complicated workarounds in logic, or symbolic models of the mind were caught
by surprise by these results. Brooks showed an effective alternative to symbolic sys-
tems and in this way laid the foundations of what became known as behavior based
robotics (Arkin, 1998).

The emergence of behavior based robotics corresponds to the booming of collective
robotics. This field suddenly attracted the attention of researchers in the late 1980’s. In
fact, the reviews of Dudek et al. (1996) and Cao et al. (1997) do not cite any collective
robotics studies dating before 1986, when the first paper of Brooks was published. This
is not a coincidence: behavior based robotics played an important role in the develop-
ment of collective robotics because it was not necessary anymore to endow robots with
very accurate sensors, huge computational resources, or complex programs (Matarić,
1992b). In addition, the control of multiple robots with classical planning techniques
was extremely challenging due to the exponential number of possibilities to take into
account (Matarić, 1992a). Behavior based robotics, along with the continuous progress
of electronics, provided researchers with simple and cheap robots that were able to per-
form a variety of simple tasks in dynamic environments. Some researchers naturally
attempted to improve the robots so that they could perform more and more complex
tasks. Other researchers realized that instead of redesigning robots, it was possible to
tackle more complex tasks by increasing the number of robots working together.
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2.2.2 Blending swarm intelligence and collective robotics

The name “swarm robotics” can be seen as the contraction of swarm intelligence and
collective robotics. This summarizes quite well the scientific subjects covered by the
field.

In collective robotics, tasks are performed by groups of robots. This confers clear
advantages over robots operating alone: some tasks may be difficult or impossible for
a single robot to accomplish, and some tasks may be carried out more efficiently with
a group of robots. In addition, it can be easier and cheaper to manufacture a group of
simple (and often identical) robots rather than building a single specialized and com-
plex robot (Cao et al., 1997).

Examples of tasks that benefit from using groups of robots rather than single robots
include ditch crossing and cooperative transport. When a ditch separates robots from
their goal and single robots are not able to overcome the ditch alone, they have to option
to self-assemble. In doing so, robots form a super entity that has new physical proper-
ties allowing the whole group to move over the ditch (Trianni and Dorigo, 2005). Sup-
pose now an heavy object should be moved away but single robots are unable to move
it. If several robots work together and pull the object in the same direction, their efforts
add together and the object is successfully transported (Groß et al., 2006b,a; Nouyan
et al., 2009a).

When working in groups, robots need to coordinate their activities. Indeed, there
are only few tasks that can be tackled by robots unaware of each other. Although a
group of vacuum cleaner robots might perfectly carry out its task without any informa-
tion transfer, most non trivial tasks require cooperation and coordination.

To coordinate their actions, robots can use a centralized organization, with a leader
that gathers information from all its teammates, makes decisions and gives orders to all
the robots. Robots may also communicate with each other through a blackboard sys-
tem, a specific device that can be accessed concurrently to exchangemessages or record
data (Hayes-Roth, 1985). While these coordination mechanisms have been successfully
implemented in a variety of tasks, they inherently lack robustness because the central
component is a point of weakness. In addition, a dedicated communication infrastruc-
ture is often required to allow all the robots to communicate quickly and reliably at any
time. Lastly, these systems are difficult to scale because they have communication bot-
tlenecks (Klavins, 2002). These limitations are most problematic in dynamic, unknown
or hostile environments.

A completely different approach to achieve coordination consists in introducing
self-organization into groups of robots. In this case, groups of robots become swarm
systems and inherit from the properties of these systems. They are likely to be more
robust and fault tolerant and they may scale to larger extents. Hence, swarm robotics
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is concerned with the creation and design of self-organizing groups of robots that col-
lectively perform tasks: robots that display swarm intelligence.

2.2.3 The problem of designing artificial swarm systems

Artificial swarm systems, in our case self-organizing groups of robots, pose several
challenges. The fundamental design problem finds its origin in the gap between the
microscopic and the macroscopic levels. These two levels of description bear on the
same system: they simply are two different points of view of the same phenomenon.
The macroscopic level describes the spatiotemporal pattern produced by the collective
behavior of the system. The microscopic level describes the behavior of the individu-
als which governs the interactions between individuals and the interactions between
individuals and their environment.

Although these levels of description are two sides of the same coin, they are very
difficult to relate (see Figure 2.4). One can define what happens at the macroscopic
level—the spatiotemporal pattern created by the collective behavior, but there is no
direct method to infer from this specification what happens at the microscopic level.
A slightly easier problem is to find out what happens at the macroscopic level when
the microscopic level is specified. In some cases, it is possible to use mathematical tools
such as differential equations (Martinoli and Easton, 2003;Martinoli et al., 2004; Lerman
et al., 2005; Winfield et al., 2008), and in most of the cases simulations are very effective
tools (Meteopolis and Ulam, 1949).

However, these tools have their limitations and they are not a definitive solution
to understand the consequences of individual behavior at macroscopic scale. Mathe-
matical models can sometimes be very hard to devise if, for instance, there are delays
in the system, or if some event arises with a probability density function that can not
be expressed with the standard mathematical tools. Simulations have also their lim-
its: they lose much of their significance when dealing with chaotic systems or systems
highly sensitive to initial conditions. In addition, the computational resources required
by simulations explode with the number of interacting components of a system and it
is nowadays very challenging to simulate non trivial systems made of more than a mil-
lion of components (in contrast, mathematical models can be studied independently of
the group size considered; Lerman et al., 2001).

One last difficulty encountered in the understanding and design of self-organizing
systems is that they are equifinal (VonBertalanffy, 1950a). A given collective behavior at
the macroscopic level can be produced by several different individual behaviors at the
microscopic level. Also, a given individual behavior can generate different collective
behaviors. For instance, when a system must decide between two strictly equivalent
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Figure 2.4: The gap between two levels of description of the same self-organizing sys-
tem. On the left, the microscopic view: the focus is set on a single compo-
nent of the system and its behavioral rules. On the right, the macroscopic
view represents the full systemmade of numerous interacting components.
The environment in which the system is embodied is not represented for
the sake of clarity.

options, it will not always choose one of the two options like a deterministic system
would do, but it will select any of the two options with equiprobability.

Most likely, the gap between the different levels of description will not be directly
bridged any time soon, but this problem can be circumvented. To facilitate the design
of swarm systems, two main directions are currently explored by researchers in swarm
robotics.

The first direction is artificial evolution (Nolfi and Floreano, 2000; Trianni, 2008).
It basically consists in letting a computer try and simulate many individual behaviors
until a satisfactory one is found, i.e., one that leads to a specified collective behavior.
However, because the number of possibilities is extremely large and computers can not
test all of them, specific evaluation strategies are required to converge to interesting
solutions. Artificial evolution has already demonstrated its potential, and a large num-
ber of systems have been designed with it. However, this research direction still faces
important challenges. The solutions found by artificial evolution strongly depend on
the fitness function specified, that is the way the desired result is described. The re-
sults of evolution are typically black boxes, and very often no further understanding is
gained from a successful evolution. It is then necessary to reverse engineer the output
of artificial evolution so as to understand the mechanisms found by the machine. Ar-
tificial evolution is also hard to predict, and solutions can rely on unexpected, or even
undesired strategies (Christensen and Dorigo, 2006).
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The second direction, which is the one adopted in this thesis, consists in taking
inspiration from nature, and in particular from the many works on self-organizing sys-
tems reported in the fields of physics, chemistry, sociology and biology (Bonabeau et al.,
1999; Camazine et al., 2001; Kennedy et al., 2001; Garnier et al., 2007). This strategy is very
effective, and a number of self-organizing systems have been created by reproducing
and adapting the mechanisms observed in nature. However, this research direction is
also facing intense challenges. The mechanisms at work in natural systems are not nec-
essarily meaningful in artificial systems. A good example of this problem is the chem-
ical communication system of ants, using pheromones, that can hardly be transposed
to robots. There is no cheap and miniaturized technology that would allow robots to
deposit and perceive pheromones reliably (Stella et al., 1995; Svennebring and Koenig,
2003; Purnamadjaja and Russell, 2004), and it is not clear if such a technology could ever
be used outside laboratories. Another problem is the construction of complex collective
behaviors. Copying mechanisms from nature is not enough to be able to put them to-
gether and produce new and more complex systems. It is not clear yet how modularity
can be introduced into self-organizing systems in order to combine collective behaviors
and handle possible interferences.

2.3 Designing decision making processes in swarms

To design collective decision making, we need to define behavioral rules, along with
the interactions they trigger inside the swarms. In the following, we review the various
types of interactions that can take place in a swarm andwe identify themain behavioral
rules responsible for collective decision making in swarms by taking inspiration from
biological studies (Conradt and Roper, 2005; Conradt and List, 2009).

2.3.1 Interactions in swarms

Swarm systems are made of components or individuals that interact with each other.
These interactions can happen through direct information transfer or indirect infor-
mation transfer.

Direct information transfer

Direct information transfer, or direct communication, involves an emitter, a receiver
and amedium throughwhich information is transferred (Shannon, 1948;Wiener, 1948).
When dealing with self-organizing systems, an important characteristic of direct com-
munication is that it does not last in time, and that duration of communication is a neg-
ligible parameter. In robotics, such communication can be achieved with light, sound,
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Figure 2.5: Collective motion is commonly achieved with direct information tranfer.
(a) Consider three robots that have random orientations. (b) Each robot
perceives the orientation of its neighbors and calculates the local average
orientation. (c)Now the robots imitate their neighbors by gradually chang-
ing their orientation so as to match it with the neighbors’ average. (d) By
repeating several times the two previous steps, robots end up aligned.

radio waves, contact, and more rarely with odors. The properties of the medium uti-
lized to transfer information have consequences on the characteristics of the commu-
nication. Communication can be fast or slow, it can be directed in space or broadcast
in all directions, sensitive to interferences, etc… For instance, radio communication is
sensitive to interferences and it is hard to control in which direction it propagates. In-
terestingly, it is very fast and insensitive to a large number of physical obstacles. On
the other hand, visual communication with cameras is not sensitive to interferences (at
least not in robotics nowadays), and it is possible to localize quite precisely where a
signal comes from. However, cameras are typically slow because they process a large
amount of information, and communication is interrupted by almost any kind of phys-
ical obstacle.

Collective motion is an example of behavior that relies only on direct information
transfer. As shown in Figure 2.5, in the simplest implementation of collective motion,
each member of a group of robot uses direct communication to estimate the motion di-
rection of its surrounding neighbors. Practically, robots may perceive the direction of
motion of each other with visual cues, or by communicating in a peer to peer manner
their orientation with respect to some reference (Turgut et al., 2008). Each robot cal-
culates the motion direction of its neighbors and gradually updates its own direction
of motion to match it with the average perceived (Reynolds, 1987). This simple rule
eventually leads the whole group to move in a coherent manner.

Indirect information transfer

Moving beyond the classical picture of communication, the study of self-organizing
biological systems has shown that indirect information transfer can be at the core of
stunning collective behaviors. Indirect information transfer has been first theorized
by Grassé (1959, 1984), under the name of “stigmergy” (Bonabeau et al., 1999).
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While observing the collective construction behavior of termites, Grassé realized
that individuals were not following a blueprint or a plan; rather, their activity was
driven by the constructed structure itself. More precisely, Grassé observed that the
construction behavior of the termites changed depending on the local density of soil
pellets. If the density was low, individuals were just randomly dropping new pellets.
But as soon as the pellet density was high enough, termites would build pillars, and if
two of these pillars were close enough, termites would bridge them. Grassé coined the
word “stigmergy” (from the greek, stimulating work), emphasizing that termites were
directed by their work. While this initial vision has inspired a very large number of
studies in natural and artificial systems, it would be misleading to consider stigmergy
as a different kind of organization. Within the prevailing perspective of interacting
components in a self-organizing system, stigmergy can be seen as indirect information
transfer.

In nature, indirect information transfer is widespread. Ants, for instance, create
pheromone trails from food sources to their nest and interact with each other through
deposited pheromone (Hölldobler and Wilson, 1990; Deneubourg and Goss, 1989). So-
cial wasps build their nest incrementally by adding hexagonal cells. New cells are built
probabilistically, depending on the local configuration of previously created cells (Ther-
aulaz and Bonabeau, 1995). Humans also rely extensively on indirect communication,
for instance by leaving sticky notes in their environment. Lately, internet has become
a central communication tool for us. The collective aggregation of information has be-
come the hallmark of this technology. The most used websites all integrate methods
to gather and synthesize pieces of information produced by their users. Examples of
thesewebsites includeWikipedia for collaborative editing or Amazon and eBay for rep-
utation systems.

In robotics, indirect information transfer has frequently been implemented with a
blackboard architecture (Hayes-Roth, 1985;Merino et al., 2006), connecting all themem-
bers of a group to a single virtual place where they could interact freely. This technique
involves a specific communication infrastructure to centralize information and is there-
fore not suitable for swarm robotics. Only few works in swarm robotics have relied on
indirect information transfer. Two reasons could explain this lack: first, systems that
rely on indirect interactions are difficult to design because the collective behavior that
results from the interactions is often counter-intuitive and hard to predict without ap-
propriate tools. Second, robots are often not able to modify their environment in order
to transfer information, either because they lack appropriate effectors, or because it is
not desirable to disrupt the environment. Several solutions to this problem are cur-
rently under study. For instance, robots may interact through sensor networks (Batalin
et al., 2004), or items in the environment could incorporate RFID tags that can be read
and written by any compatible electronic device, including robots (Hahnel et al., 2004).
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Characterizing information transfer in self-organizing systems

To summarize andprovide a unifying vision of informationprocessing in self-organizing
systems, we define information as a pattern imprinted by individuals in the environ-
ment. This pattern is propagated in space and/or time, and becomes relevant when it
influences the behavior of one or more individuals, or when it is part of the outcome
of collective behavior.

Noticeably, the collective behavior of the group and information transfers among
members are both spatiotemporal patterns in the environment. Because of this com-
patibility, interactions and actions may be indistinguishable.

Our definition of information transfer is deliberately general so as to take into ac-
count innovative interaction techniques. Nevertheless, information transfers can be
characterized in different ways.

• Direct or indirect: as described in the previous sections, information can be trans-
ferred almost instantaneously, or with a delay.

• Explicit or implicit: information transfer is considered implicit when the individ-
ual that creates information is not acting on purpose. A robot that perceives an-
other one using his camera and a detection software relies on implicit information
transfer. Conversely, if a robot lights up an LED in the dark to allow other robots
to localize it, the transfer is explicit.

• Abstract or situated: in abstract communication, only the message has a meaning
but the physical signal does not have any additional semantic properties (Støy,
2001). Conversely, situated communication means that both the contents of the
message and the physical characteristics of the signal contribute to the meaning of
the message (Clancey, 1997).

• Local or global: information can be available only in a limited area in the neigh-
borhood of the individual or it can be available to all the individuals, whatever
their spatial location.

• Distributed, centralized, or broadcast: information transfers can occur between
two individuals, or from many to one, or from many to many. In fact, information
transfers can be characterized both by the number of individuals that contribute
to shape the information and by the number of individuals that are using the in-
formation.
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2.3.2 Collective decision making

When a swarm makes a collective decision, it selects an option that meets desired char-
acteristics. Contrary to the decisionmaking techniques in classical artificial intelligence,
a swarm does not have to make a choice internally and then carry out the correspond-
ing action. In swarm systems the collective choice is the product of interactions, and as
such it often has to be observed through a resulting collective action. Although there
are several different ways to make a collective decision, imitation is the most common
mechanism employed in swarm intelligence. In addition, amplification is an operation
that helps focusing the swarm on a single collective choice.

Imitation

Imitation allows groups to synchronize their activity and reach a consensus. Taken
in its broad sense, imitation consists of the replication of a particular behavior. From
this perspective, it is the underlying fundamental mechanism at work in numerous
collective behaviors that involve decision making.

Activity synchronization such as the flashing of fireflies (Buck, 1935; Winfree, 1967;
Buck, 1988; Mirollo and Strogatz, 1990) is typically modeled with a very basic imitation
mechanism (see Figure 2.6). Take a group of individuals which emit flashes at random
times but with a common period. When an individual perceives the flash of a neigh-
bor before its own, it flashes slightly earlier so as to shift it’s flashes in time. Constant
adjustments made by all the individuals lead to a global synchronization of the flashes.
This simple mechanism explains the collective behavior of some species of fireflies in
nature, and it is also used in swarm intelligence to synchronize networks or detect faults
in groups of robots (Christensen et al., 2009).

Aggregation is one of the most basic examples of self-organization observed in na-
ture (Amé et al., 2004; Jeanson et al., 2004) and also studied in swarm robotics (Garnier
et al., 2008). As described in Figure 2.7, it can be seen as the collective outcome of imi-
tation. Consider a group of robots with only two behavioral rules, moving and staying
still, that alternate randomly. When a robot perceives a still robot, it imitates it by stop-
ping its motion. Thus, it creates a cluster of two robots which, in turn, acts as a nucleus
for a larger and more stable aggregate.

Collective motion, which was mentioned in the previous section, is commonly ob-
tained by imitation of the local neighbors (see Figure 2.5) and can even be studied with
tools similar to the ones used for synchronization (Sepulchre et al., 2004; Paley et al.,
2007). The same mechanism can also be used to synchronize pulling direction in a task
of cooperative transport as reported in Chapter 4.
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Figure 2.6: The synchronization of two oscillators can be achieved with simple imita-
tion. The activity of two oscillators is represented as a function of time. Os-
cillators gradually accumulate energy until a certain threshold and when
this threshold is reached, energy is suddenly released with a flash of light.
When an oscillator perceives a flash from another oscillator, the first one
tries to imitate the latter by flashing earlier (i.e. shifting its phase). Imita-
tion is stronger, and the phase shift larger, as the difference between the two
oscillators is more important.

Figure 2.7: Aggregation is a fundamental problem studied in swarm intelligence. (a)
Consider a group of robots moving randomly in their environment, and
one additional robot that has stopped its motion. A first robot finds the
stopped conspecific on its trajectory. (b) The robot performs imitation and
stops its motion. In this way, a cluster of two stopped robot is formed. A
second robot hits this cluster by chance. (c)Again, themoving robot imitates
its stopped conspecifics and joins the cluster. Now the area of the cluster
as gone larger and the third moving robot encounters it faster. (d) All the
robots are aggregated in a compact cluster.
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Last but not least, quorum sensing is a type of collective decision making in which
a synchronized collective behavior appears when the density of individuals goes be-
yond a certain threshold. Quorum sensing was first observed in the Vibrio fischeri bac-
teria (Nealson et al., 1970). These cells can synthesize a light emitting enzyme known
as luciferase. To make a noticeable effect, luciferase must be mass produced. For this
reason, single cells avoid wasting energy on the production of low amounts of this en-
zyme. It is only when cell density is important enough that the bacterias coordinate
with signaling molecules in order to produce luciferase. Moreover, this mechanism
has also been used to explain nest site selection in ants and bees (Pratt, 2005; Seeley
et al., 2006).

The conditions inwhich individuals imitate each other have important consequences
on the collective decision made by the group. Various flavors of imitation notably in-
clude probabilistic imitation as a function of a level of confidence, or as a function of
the number of other individuals already in a given state.

Amplification

Amplification (Bonabeau et al., 1999; Camazine et al., 2001) is inherent to imitationmech-
anisms. Aggregation provides a clear example of this phenomenon (see Figure 2.7). The
probability for a single robot to stop its motion near other already stopped robots grows
with the numbers of stopped robots. This is because they form a cluster that occupies
a growing area, which in turn increases the probability that potential imitators detect
the stopped robots and join the cluster. Hence, the time to form an aggregate is not
proportional to the size of the aggregate, it rather grows in a sublinear manner.

In some cases, this basic amplification is not sufficient to trigger a collective choice.
For instance, when a group must aggregate under one of two identical circular shel-
ters (Garnier et al., 2005; Amé et al., 2006), a naïve implementation of imitation leads
the group to split evenly under each shelter. This is because larger groups have also
larger chances to lose members. Since individuals have the same probability to enter
any shelter, the system stabilizes around an even distribution in the shelters.

This phenomenon can also be seen from the perspective of dynamical systems (Stro-
gatz, 2000). If all the interactions among the individuals are modeled by linear relation-
ships, the system can be described by a set of linear differential equations (of order 1),
and it has a single stable state. In the shelter experiment, this stable state is not a collec-
tive decision, rather a split of the group. To enforce the cohesion of groups, the rate per
second of individuals leaving a group must be a non linear function of the aggregate’s
size. In that case, the system has at least two stable states in which the group cohesively
aggregates under either shelter.
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Amplification is therefore a critical part of imitation, and it is often (but not always)
non linear in order to trigger cohesive collective decisions.

2.4 Collective decision problems in the foraging task

In this thesis, we focus on the foraging task and use it as a framework to study col-
lective decisions in self-organizing groups of robots. By examining several different
situations, we aim at identifying fundamental mechanisms at work when robot groups
make collective decisions.

Foraging, the act of searching for resources, is very commonly studied in collec-
tive robotics and it has been outlined as a canonical testbed in the review paper of Cao
et al. (1997). Robot foraging is the generalization of many real world tasks and solving
problems related to foraging is synonymous to making advances in practical applica-
tions (Winfield, 2009).

In the following, we first provide a general overview of the foraging task, then we
proceed by reviewing the literature related to the different specific foraging problems
we studied.

2.4.1 The foraging task as a framework

Envisioned applications

The real world tasks that can benefit from advances in robot foraging notably include
agriculture, mining, toxic waste cleanup, search and rescue, and exploration of un-
known or hostile environments (see Figure 2.8).

• Agriculture involves a number of tedious works such as harvesting, weeding, and
pruning. These works require a large number of accurate gestures that must be
carried out at precise moments to optimize production (Sarig, 1993; Monta et al.,
2002; Pedersen et al., 2006).

• Mining is a dangerous and exhausting task which is already very mechanized,
for instance with load-haul-dump trucks. A further and logical step is the full
automatization of this taskwith groups of autonomous robots (Roberts et al., 2002).

• Cleaning of areas contaminated by toxic material such as asbestos could be car-
ried out by robot swarms. Land mines can also be detected and neutralized with
robots (Rachkov et al., 2005). Robots are also used for indoor cleaning (Prassler
et al., 2000; Endres et al., 2002). Another direction explored is the inspection of in-
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(a) (b)

(c) (d)

(e) (f)

Figure 2.8: Examples of robots that may rely on a foraging behavior to perform real
world tasks. (a) Fruit picking robot created by Robotic Harvesting LLC.
(b) Remote controlled Load-Haul-Dump (LHD) truck used in underground
mining. (c) Vacuum cleaner robot created by iRobot. (d) Neutralization of
improvised explosive devices (IEDs) with a robot. (e) Chaos, a search and
rescue robot from the TARDEC of USA. (f) Opportunity rover sent to mars
by the NASA.
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accessible places such as jet turbine engines (Correll and Martinoli, 2006) or old
underground mines (Thrun et al., 2003).

• Rescue is another task that could benefit from the advances of collective robotics
in foraging. Search and rescue after an accident is dangerous for the workers and
the disrupted environment makes localization of injured people particularly diffi-
cult. Robotsmay assist rescuers in their tasks, exploring dangerous or unattainable
places (Birk and Carpin, 2006).

• Space exploration already benefits from the most basic advantage of collective
robotics, namely redundancy. Because the Mars Exploration Rover mission of
NASA involves two robots rather than a single one, the mission is still ongoing
today and the Opportunity rover is still in function while the Spirit rover became
silent in march 2010. In future missions, the benefits and lifetime of the mission
could be extended by having robots rescue each other, mutually clean their solar
cells or repair damaged mechanics.

Categories of foraging

Foraging in collective robotics can be classified in different categories, as a function
of the task that the robots must accomplish. In on-the-spot foraging, robots must ex-
plore their environment to find resources. When a resource is found, they can exploit
it immediately, that is, on the spot. An example of this type of foraging is given by au-
tonomous energymanagement: robots are looking for an electrical plug andwhen they
find it they recharge their batteries immediately (Silverman et al., 2002; Zebrowski and
Vaughan, 2005; Wawerla and Vaughan, 2008). In central place foraging, the robots can
not exploit resources directly on the spot. Rather, they have to retrieve it to a specific lo-
cation, often referred to as the central place. Examples of such tasks include cooperative
transport and waste cleanup (Parker, 1998; Groß et al., 2008). One last type of foraging
described here is multi-foraging. In this task, the robots can find different types of re-
sources, and they have to decide which are the most interesting to exploit (Balch, 1999;
Campo and Dorigo, 2007). These categories cover all the works reported in this thesis,
but additional distinctions can be made. A more exhaustive taxonomy of the foraging
task is proposed by Winfield (2009).

Fundamental underlying problems

The foraging problem is not only useful for industrial applications in themedium term;
it is also a verymeaningful case study for fundamental problems at the core of collective
and swarm robotics. The problems that can be studied via a foraging task with a robot
swarm include navigation and exploration, decision making, and task allocation.
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As a general rule, foraging can be decomposed into several subtasks. First, robots
must explore their environment to localize resources. Second, they must select the re-
sources and decide which ones to exploit. In an optional third step, the robots may
process the resource, for instance by transporting it to a central place. Fourth and last,
the robots can exploit the harvested products.

Navigation, and exploration strategies are necessary to perform the subtask of re-
source localization. In the case of central place foraging, robots may have to travel re-
peatedly to the resources. Techniques such as odometry (Borenstein and Feng, 1996; Fox
et al., 2000) or path creation (Werger andMatarić, 1996; Nouyan et al., 2006, 2008)may be
useful to help robots navigate effectively in the environment. Collective decision mak-
ing allows robot swarms to select which resources should be exploited, and which ones
should be neglected (Garnier et al., 2007). Finally, task allocation can be implemented to
use only the necessary and sufficient number of robots and avoid overcrowding, which
would reduce performance (Goldberg andMatarić, 1997; Labella et al., 2004; Frison et al.,
2010).

2.4.2 Practical foraging problems considered

Resource transport

In some cases, resources are not exploited on the spot; rather, they are constituted of
objects that have to be transported somewhere. A classical instance of the cooperative
transport problem is central place foraging, in which robots must gather harvested ob-
jects in a central place. When one of these objects is too large or heavy, a single robot is
not enough to accomplish the transport. Several robots must then cooperate to trans-
port it. A number of problems need to be solved to perform this task successfully. The
coordination of the movement of the robots is one of them. This problem has been in-
vestigated by Groß et al. (2006b), in situations in which either all or some of the robots
are able to perceive the central place. In fact, it is quite rare that robots perceive directly
the place they must reach. This is because the distance between a resource and the cen-
tral place is often large, or because the sensors of the robots are limited. When all the
robots have completely lost sight of the central place, it is not possible anymore to rely
on first hand information. Nevertheless, robots are not totally ignorant, and it is safe
to assume that they have partial knowledge of the goal direction. For instance, they
may have perceived the central place earlier and kept track of its direction by means of
odometry (Fox et al., 2000).

Odometry is achieved using internal, proprioceptive information (Borenstein and
Feng, 1996) (e.g., by measuring the rotation of the wheels of a robot). The information
on the movement of a robot is integrated, thus the error made on localization increases
with the distance covered. In our case, this leads to an erroneous indication about the
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direction of the nest. If several robots attempt to transport a heavy object in different di-
rections they may fail to move the object at all. Therefore, a mechanism of coordination
is required so that robots negotiate in which direction to pull the object. This problem is
of particular interest to us because it requires robots to make a collective decision about
the direction in which they transport the object.

Models of collectivemotion have long been studied by biologists to understand how
fish or birdsmove together, avoiding collisions among each other anddeciding inwhich
direction to go (Aoki, 1982; Huth and Wissel, 1992; Couzin et al., 2002). Physicists have
also proposed models of collective motion to study the transition from disorder to or-
der, when individuals in groups share the same orientation (Vicsek et al., 1995). The
models available in the literature are usually composed of three behaviors: an attrac-
tion behavior that makes the individuals stick together, a repulsion behavior that pre-
vents collisions among individuals, and an orientation behavior that coordinates the
individuals’ motion (Reynolds, 1987).

However, the orientation behavior is the most challenging to implement in robots
because it necessitates a specific type of sensor. This behavior is commonly imple-
mented in a robot as the imitation of the surrounding neighbors’ orientations. Imitation
can only take place if robots are able to sense each others’ positions and orientations.
Sensors that provide robots with this information are called range and bearing sen-
sors (we propose two different implementations with cameras and infrared sensors in
Chapter 3). Several studies in robotics have reported implementations of flocking using
a simulated range and bearing sensor (Hayes and Dorminiani-Tabatabaei, 2002; Regmi
et al., 2005). These works demonstrated the potential of this type of sensors, and at the
same time the lack of any prototype underlined the difficulty to implement them in
physical robots.

Physical implementations of range and bearing sensors have been reported by Kelly
and Keating (1996) and Kelly and Martinoli (2004), but in these works the sensor is not
used to produce the orientation behavior. Turgut et al. (2008) have demonstrated flock-
ing on real robots using a range and bearing sensor implemented with infrared sensors
and a compass to get a common reference frame for all the robots. These results show
that the orientation behavior, part of the flocking collective behavior, may be trans-
posed to robot swarms so as to provide them with a valuable decision mechanism for
cooperative transport.

Resource localization

In central place foraging, robots must go back and forth between resources and the
central place. When these locations are distant, or when the perception capabilities of
the robots are limited, robots may not use directly observable information to navigate
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from one place to the other. In this context, robots must solve a localization problem
so as to find out where they are in the environment and carry out their task. Several
different solutions to the localization problem have been implemented.

For a single robot, localization has been commonly achievedwith probabilisticmeth-
ods that use data fromodometry andmap-like representations of the environment (Sim-
mons and Koenig, 1995; Cassandra et al., 1996; Burgard et al., 1996, 1998; Gutmann
et al., 1999, 2001; Chong and Kleeman, 1997; Wang, 1988). Most of these approaches
are based on probabilistic methods which make use of dead-reckoning and absolute or
relative measurements. The key idea is that each robot maintains an estimate of its po-
sition which will be updated according to its odometry calculations and to its measure-
ments of the environment. The most used probabilistic method has been the Kalman
filter (Kalman, 1960; Larsen et al., 1998; Martinelli and Siegwart, 2003). Although the
Kalman filter is an efficient recursive filter, it requires external information that mod-
els the environment. Moreover it is computationally costly. In addition, map-like ap-
proaches (Dudek and Mackenzie, 1993) do not scale well for large groups of robots,
and are also costly in computational terms. Last but not least, odometry (Borenstein
and Feng, 1996; Fox et al., 2000) is probably the most used mechanism as it provides
easy and cheap real time position information by the integration of incremental motion
information over time. Unfortunately, this integration causes an accumulation of errors
during the movement of the robot.

In collective robotics, localization is typically achieved by taking inspiration from
social insects. However, most of the implementations of localization in swarm robotics
rely on the use of static robots which are not allowed to move, thus reducing the ef-
fectiveness of the group. In Kurazume et al. (1996), part of the robots remain station-
ary while the rest are in motion. The moving group stops after several steps and be-
comes a landmark for the others that take on the role of moving robots. In Grabowski
et al. (2000), only one robot is allowed to move while the others act as immobile land-
marks, while in Rekleitis et al. (2001) just one robot remains stationary while the rest
of the group navigates. These approaches either require synchronous communications
between all members of the team or a central processing unit taking care of the syn-
chronization. In Vaughan et al. (2002), each robot shares with a central computer its
best-known path to the goal based on landmarks. The group has to be permanently in
contact with the data center which forwards the information provided by each robot to
the other members of the group. Therefore, the environment must be properly config-
ured before setting up the experiment. In Rekleitis et al. (2003) the robots explore the
environment in teams of two. Each team of two robots take turns moving so that at
any time one is stationary and acts as a fixed reference point to the robot which moves.
Each robot is equipped with a robot tracker sensor that reports the relative position of
the other robot. These position measurements are used to update the positions and un-
certainties of a multi-robot system. In Szymanski et al. (2006) the authors implemented
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a distributed algorithm that finds the shortest path between two goal areas within a
labyrinth. The robots need to create a virtual chain and be static until the collective
decision emerges. In Nouyan et al. (2008), a chain between two specific areas is created
and the group can follow it to the goals. The robots in the chain are not able to move;
consequently a direct relationship exists between the number of available robots and
the maximum distance between the goals.

The aforementioned localization or navigation strategies have a number of different
limitations: they are power consuming in terms of computation because of the Kalman
filters and use of maps, some robots are not allowed to move while others are track-
ing distance between them, robots must maintain visual contact at all times with the
rest of the group, and in some cases robots have to communicate with a central de-
vice to update or download maps, synchronize movements, or update positions. One
way to solve these problems is to take advantage of the redundant information avail-
able in groups of robots. Indeed, each individual has its own estimates of the foraging
locations. By communicating these estimates, the robots may localize resources more
efficiently and, in turn, improve their foraging capabilities.

Resource selection

Anumber ofworks relied on path creation to keep track of the locations of the resources
and of the central place (Werger and Matarić, 1996; Nouyan et al., 2006, 2008). When
creating a path, the robots literally form a chain from one place to another marking in
this way a path. The main limitation of path creation lies in the number of robots used
to mark the path and that can therefore not be used for other tasks. When there are
several resources in the environment, the number of robots used on the different paths
can be reduced by carrying out a path selection.

Selecting which path to maintain to reach a specific resource means allocating less
robots to marking, as the robots used in the no longer maintained paths are free to
perform different tasks. For instance, the exploitation of a resource may require a mini-
mum number of robots to be successful. This is the case, for example, when retrieval of
items involves cooperative transport (Groß and Dorigo, 2009; Nouyan et al., 2009b); if
robots try to exploit several resources at the same time, they may end up in a deadlock
situation in which there are too few robots assigned to each resource and none of them
can be exploited.

Hence, when robots use paths to navigate in their environment, it is interesting to
implement the selection of the path to the most profitable resource, with the possibil-
ity for unused robots to stop participating in path maintenance and switch to another
task. This sub-problem of foraging requires that robotsmake a collective decision about
which resource to exploit. Robots should choose the path to the most profitable re-
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source, and when offered several identical resources, we expect robots to arbitrarily
focus on a single resource.

A number of strategies that improve foraging by implementing path selection have
been applied with remarkable success. Payton et al. (2001) proposed a bio-inspired
mechanism making use of virtual pheromone to form a distributed computing mesh
made of robots. This mechanism creates gradients of virtual pheromone from the cen-
tral place to the resource and vice-versa. To do so, robots that are part of the mesh relay
hop-count messages to each other. The robot at the central place emits a message with
a given hop-count number. Upon reception of a message, the hop-count number is de-
creased and the message is relayed to neighboring robots. The robot at the resource
also emits messages to create a second pheromone gradient from the resource to the
central place. In this way, robots that are not part of the mesh are able to move to the
two locations following the shortest path. However, robots relaying messages are un-
able to distinguish if they are useful to mark out the shortest path or not. Therefore,
they cannot switch to another task if necessary and are doomed to stay in place. More-
over, when there are two identical resources in the environment the mechanism does
not allow a collective choice to take place. Most likely the robots would go indifferently
to one or the other resource.

Szymanski et al. (2006) proposed a novel mechanism to let the robots know when
they contribute to mark out the shortest path. The robots at the central place or at the
resource emit messages that propagate through the swarm as waves. The messages
are composed of two elements: the number of hops done and the estimated number
of hops left to reach the destination. Upon reception of messages, robots update their
smallest hop distance to each location. After a while, robots at the central place and
at the resource have received at least one message that travelled through the shortest
path. Therefore, they send messages with the minimal number of hops to reach the
destination. Robots of the swarm also know their hop distance to each location and can
compare it with the information of the messages relayed to determine if they are on the
shortest path or not. This distributed behavior allows the robots to find the shortest path
from one place to the other. More importantly, the robots know when they are on the
shortest path and they can switch task and participate in foraging instead of remaining
along a useless path. The main limitation of this mechanism is that it cannot select
among two identical resources. In addition, it seems very sensitive to transmission
errors. An error in a singlemessage is enough to prevent thewhole swarm from finding
the shortest path.

Schmickl and Crailsheim (2008) introduce a foraging mechanism inspired by the
trophallactic behavior of bees. Robots forage in a closed arena, with one resource avail-
able and a central place. When they reach the resource, robots receive a load of virtual
nectar that they gradually distribute to encountered neighbors. The peer-to-peer trans-
mission of nectar acts as a diffusion process which creates a gradient of virtual nectar



36 On the Design of Self-Organized Decision Making in Robot Swarms

inside the population of robots, between the resource and the central place. When for-
aging, robots simply orient themselves using this gradient. The results of the algorithm
are quite promising, but its domain of application differs from chain based systems as
it may only work with a closed arena and a number of robots large enough to cover
the surface of the arena in order to establish a nectar gradient that can be followed
by the robots. Furthermore, the system has been tested in simulation exclusively and
is based on assumptions such as bi-directional infrared communication during robot
motion with spatially directed sensors. Therefore, a real robot implementation seems
necessary to fully understand the benefits of this approach.

Garnier et al. (2007) took a completely different direction. Instead of creating an-
other variation of the Bellman-Ford algorithm (Bellman, 1958), they simply transposed
the pheromone laying behavior of ants on Alice robots (Caprari et al., 2002). As it is par-
ticularly difficult to implement pheromone sensors and actuators on robots, the authors
substituted pheromone with light projected on the ground thanks to a video projector
as proposed by Sugawara et al. (2004). The mechanism proves to be successful and the
robots collectively select a single path to the resource. Because of the strong similar-
ity with ants’ behavior, we can safely assume that robots could also select the shortest
path to the most profitable resource, for instance the closest one. However, using this
mechanism outside laboratories seems difficult for themoment as there is no cheap and
miniaturized technology that would allow robots to deposit and perceive pheromone
reliably (Russell and Norvig, 1995; Stella et al., 1995; Russell, 1999; Svennebring and
Koenig, 2003; Purnamadjaja and Russell, 2004).

Resource discrimination

Foraging robot swarms which are able to select between several resources and perform
collective decisions are often designed with the successful examples of ant colony opti-
mization or particle swarm optimization in mind (Dorigo et al., 1996; Dorigo and Şahin,
2004; Poli et al., 2007). For instance, systems inspired by the pheromone laying behavior
of ants are typically used to identify the shortest route in a network (DiCaro andDorigo,
1998; Sugawara et al., 2004; Garnier et al., 2007). Bee inspired systems try to locate the
best resource available in the environment (Pham et al., 2006). In the literature, a basic
imitation mechanism is frequently pointed out as the key factor that triggers collective
decision making in groups (Camazine et al., 2001; Garnier et al., 2007). With this mech-
anism, the probability for an individual to select a given option or resource increases
superlinearly with the number of conspecifics that select the same option. This creates
a positive feedback as more and more individuals tend to make the same choice, and
eventually leads to a consensus between members of a group. Such systems are often
bound to choose an option that minimizes or maximizes a certain characteristic.
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However, more is not always better. If the robots are not alone in their environ-
ment, large and rich resources are more likely to attract competitors, adding an extra
cost for the protection of the resource (Nagamitsu and Inoue, 1997; Holway and Case,
2001; Lichtenberg et al., 2010). Moreover, robots may be forced to spread over a larger
space to occupy the whole resource, hence impairing intra-group cooperation or reduc-
ing the benefits of working in group (Krause and Ruxton, 2002; Sumpter, 2010). In all
these situations, it is more advantageous for groups to select resources that correspond
closely to their needs, and to avoid oversized ones. But this task requires to evaluate the
overall needs of the group in addition to the capacity of the available resources. This
may be particularly difficult to achieve with a large population, or if individuals have
low cognitive abilities (Seeley, 2002).

In this context, collective discrimination can be seen as a first step towards more
complex collective decisionsmechanisms. Using collective discrimination, a groupmay
be able to select a resource based on a desired characteristic. This mechanism may be
useful in a number of situations. For example, when a group of robots retrieves an
object, they may benefit from transporting larger objects that yield more reward than
smaller ones, but the group should also avoid large objects that cannot be transported
by the whole group. Another example is the one of two independent groups that are
searching for a resource. If they both try to find the best resource, competition and over-
crowding may hamper their ability to exploit the resource (Adams, 1990; Nagamitsu
and Inoue, 1997; Matarić, 1997; Goldberg and Matarić, 1997; Holway and Case, 2001;
Smith et al., 2008; Lichtenberg et al., 2010).

To the best of our knowledge, collective discrimination has not yet been demon-
strated in swarm robotics. Valuable foundations for the study of collective discrimina-
tion are provided by the model of Amé et al. (2006). This model is used to explain the
collective choice behavior of cockroaches when they select one shelter out of several
identical ones. Amé et al.’s model is based on the assumption that the probability for
a cockroach to leave a shelter decreases with the density of individuals in the shelter.
This behavior produces aggregation at the collective level, and imitation is the under-
lying process at work. The model predicts that, when each shelter is sufficiently large
to house all the cockroaches, the group will aggregate in only one of them. If shelters
are too small, the model predicts that the group will use two or more shelters equally.

In their mathematical model, the authors made the hypothesis that cockroaches
have access to an estimate of the density of conspecifics present under a shelter. While
this hypothesis is only a detail in that modelization work, any attempt to use the model
in swarm robotics prompts us to find a practical implementation for robots. As a mat-
ter of fact, evaluating the local density of robots at a resource may not be a simple task.
A naïve method to estimate the density of robots in a region would consist in calcu-
lating the surface of the region and counting the number of individuals present in the
region. This method is not feasible in the context of swarm robotics because the region
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may be too large to be entirely explored, and because counting robots requires to find
them all and draw up a list to avoid multiple detections. A recent study of emigrat-
ing ants Temnothorax albipennis suggests an original way to estimate the local density of
conspecifics (Pratt, 2005). These ants rely on the rate of encounters with other ants to
evaluate the density of individuals in a cavity: the more contacts they have with other
ants, the greater their estimated value of the density. This mechanismmay also be used
by robots to estimate local densities of conspecifics.

These works provide the basis for a new experiment in swarm robotics. Shelters can
be seen as resources for cockroaches and the shelters’ surfaces correspond to the capac-
ities of the resources. The total surface of the cockroaches’ bodies corresponds to the
group needs. Building on this equivalence, it is possible to transpose the study to for-
aging robot swarms. More precisely, this defines a task of foraging in which robots ex-
ploit resources on-the-spot, and must make a collective decision about which resource
to exploit.



Chapter 3

Material and methods

3.1 Robotic Platforms

In our robotics experiments, we have used two different types of robots, the s-bot and
the e-puck robots.

Demonstrating our results with physical robots constitutes the ultimate validation
step of our studies. There are many disadvantages to work with physical robots: we
have to recharge them, or manually change the batteries. Robots, and especially our
research prototypes, may break or wear out with time. Also, sensors and actuators
may behave differently as time goes on. Finally, robots typically run much slower than
any computerized model.

Nevertheless, demonstrating our results with real robots is an important step be-
cause models are always a simplification of the real world and we can only have a lim-
ited confidence about their correctness. So-called realistic models attempt to incorpo-
rate as much details of the reality as possible. However, as J. L. Borges underlined in
his poem “Del rigor en la ciencia”, attempting to make a model that perfectly matches
reality in all its details is a waste of time because models never capture all the subtleties
of the physical reality. Adding more details and features to models only brings them
closer to reality, but at the same time it also introduces the risk of making wrong as-
sumptions, and of spending valuable time on the design of the model rather than on
the study of the phenomenon.

A model is a tool designed to study specific aspects of a phenomenon. This lack of
generality is an intrinsic limitation but it is also the strength of models. Because they
are simplified, they allow to focus the study and understand mechanisms. However,
there is no guarantee that the assumptions and simplificationsmade still hold in reality.
The only way to know is to make experiments with real robots.

To give practical examples of wrong assumptions that are commonly made in mod-
els, robots sensors are typically modeled by adding noise to the measures. In reality,
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(a) (b)

Figure 3.1: (a) The s-bot robot. (b) A swarm-bot staged outdoor.

(a) (b)

Figure 3.2: The gripper of the s-bot. (a) Robot to robot connection. (b) Physical connec-
tion with an object to transport.

when a robots remains still, the sensors can return a non-noisy, constant output. An-
other example is the motion of wheeled robots, which is typically modeled with kine-
matic equations that do not take into account possible slippage of the wheels. The
consequence of this simplification is that odometry can be very effective in simulations
and produce poor results in reality.

Hence, our methodology consists in using robots to demonstrate the main results
of our experiments and simulations to extrapolate further results on the properties of
the mechanisms studied.

3.1.1 Swarm-bots

The s-bot (see Figure 3.1) is a robot of 12 cm of diameter, designed and built within the
context of the SWARM-BOTS project (Mondada et al., 2004; Dorigo et al., 2004; Dorigo
and Şahin, 2004). This robot is notably equipped with a gripper that allows the study
of self-assembly and associated problems with a super entity called the swarm-bot and
made of assembled s-bots. The s-bot comes with a 400 MHz XScale CPU and runs a
micro Linux operating system.
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Figure 3.3: The LED ring of the s-bot, made of 8 groups of red, green, and blue diodes.

The s-botmoves using a combination of twowheels and two tracks, which are called
“treels”. This system provides differential drive motion to the robot, and allows the
robot to navigate effectively on rough terrains. The treels are connected to the chassis,
on which a cylindrical turret is mounted by means of a motorized joint. The turret
can rotate with respect to the chassis, allowing to the robot to grip objects in directions
unrelated to its motion. This particular feature is essential to collective transport tasks
and is an important feature of the robot. The gripper is mounted on the turret and
can be used to perform physical connections (see Figures 3.2a and b). The T-shape of
the gripper matches the shape of the ring placed around the s-bot body, so as to allow
robot to robot connections. Any other object equipped with the appropriate handle can
be gripped by the s-bot. The gripper opens and closes, and can tilt to carry out tiny
adjustments or slightly lift the gripped item. Inside the claws of the gripper, an optical
barrier composed of two leds and a light sensor allows the detection of gripped objects.

With 15 infrared sensors distributed around its body, the s-bot can detect obstacles
and navigate safely. Four proximity sensors (also called ground sensors) are placed un-
der the chassis and can be used for the perception of holes or markers on the ground. In
addition, the s-bot has an omni-directional camera mounted on the turret. The camera
can be used to perceive colored objects up to a distance of approximately 50 cm. Using
8 groups of red, green, and blue LEDs evenly distributed around its body the s-bot can
display colored patterns that can be perceived by other robots with their camera (see
Figure 3.3).

The s-bot robot is rather complex and comes with a large set of actuators and sen-
sors. The above description is not exhaustive but sufficient for the purposes of this
thesis (the interested reader may consult Mondada et al., 2004).

3.1.2 E-pucks

E-pucks (see Figure 3.4) aremodular, robust, and inexpensive robots designed byMichael
Bonani and Francesco Mondada (Mondada et al., 2009). The primary purpose of these
robots is to be used in research and educational projects. They are wheeled cylindrical
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(a) (b)

Figure 3.4: (a) The e-puck robot. (b) A group of 10 e-puck robots.

robots, 7 cm of diameter, equipped with a variety of sensors, and whose mobility is
ensured by a differential drive system. The central processing unit of the e-puck is a
dsPIC 30F6014A produced by Microchip.

On the actuators side, the e-puck can use its wheels to perform mechanical actions,
and LEDs, infrared emitters, a speaker and a bluetooth antenna to send signals. The
wheels are set in motion by step motors that take 1000 steps to perform one wheel rev-
olution. The internal measure of displacement (odometry) on the e-puck is therefore
rather accurate, especially compared to the s-bot. The e-puck has 8 red LEDs evenly
disposed around its body and it can light them up independently. There are two more
LEDs, a green one inside the transparent body and an orange one on the front of the
robot, but their purpose is rather debugging than communication. Robots can emit
infrared signals using eight emitters disposed approximately evenly around its body.
Lastly, a bluetooth antenna allows the robot to establish wireless radio communication
with up to any 8 other bluetooth devices at the same time. On the sensors side, the e-
puck is endowed with a frontal color camera, infrared sensors, the bluetooth antenna,
an accelerometer and 3 microphones. We have mostly used the infrared sensors to de-
tect obstacles and receive encoded messages from other robots.

There are several advantages in using the e-puck platform. First, the robot is ex-
tremely reliable, robust, tested and cheap (� 500 euros). Given the very restricted mar-
ket (less than 5000 e-pucks produced up to now) and the limited founding available
for theoretical studies in robotics, customizing or repairing a robot can be very costly.
Because the e-puck is open source, it is more effective to do this internally, without
resorting to the services of third-party companies. In particular, the e-puck robot is ex-
tensible and accepts extension boards that are integrated via an UART or I2C bus. This
allowed us to develop a range and bearing communication system for the e-puck, which
is used in several works reported in this thesis. We could also replicate the ground sen-
sor extension and successfully use it in our experiments.
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(a) (b)

Figure 3.5: The omnidirectional vision of the s-bot. (a) Close-up on the three compo-
nents of the system (b) During an experiment, surrounded by several other
robots at various distances and with red LEDs turned on.

3.2 Communication systems

3.2.1 Visual range and bearing

Weused the omnidirectional camera and the LEDs of the s-bot to develop a visual range
and bearing system. Robots are able to detect each other and estimate their position
by analyzing the pictures captured with the omnidirectional camera. Robots advertise
their position by emitting colored light with their LEDs. These lighted up robots ap-
pear as colored blobs in the pictures. After a series of image processing operations and
geometric transformations, the neighboring robots are located. Furthermore, robots
are able to estimate the orientation of their neighbors if these ones light up their LEDs
according to a specific pattern. We empirically found that a triangle made of three col-
ors was the most robust pattern to achieve reliable detection. Pattern recognition was
achieved with an original software designed for speed and accuracy.

Hardware

The s-bots’ omnidirectional camera (see Figure 3.5a) is composed of a USB camera
pointing upwards and inserted inside a perspex tube that is 85 mm long. At the other
extremity of the perspex tube, there is a hemispherical mirror which allows the camera
to capture panoramic images. The camera of the robot is capable of capturing up to 30
pictures per second. Captured pictures have a resolution of 640 by 480 pixels in 24-bit
Truecolor. The camera is connected to the motherboard of the robot via a USB bus, and
controlled by the ov511 device driver for Linux. The output of the camera are standard
jpeg pictures.
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Figure 3.6: Relationship between the physical distance (in cm) of a red object and its
distance to the center of the image (in pixels) captured by the omnidirec-
tional camera. The solid line represents the average distance, surrounded
by dashed lines that show the minimum and maximum measures.

An example of such picture can be seen in Figure 3.5b. With respect to the human
vision, this type of representation differs notably by the fact that it spans all around the
robot, and that the physical distance of an object is directly related to its distance to the
center of the panoramic picture (see Figure 3.6). The shape of the mirror makes distant
objects smaller in the picture. For this reason, the detection of objects distant 50 cm or
more is unreliable.

In Figure 3.6, we report the perception quality as a function of the distance of a red
object in our experimental room, the accuracy of the camera decreases quickly with the
distance.

Software

The software part of the visual range and bearing systemworks on the images captured
by the omnidirectional camera. To simplify visual perception, we only use the colors
produced by robots LEDs in the pictures. To do so, we start by converting the pictures
from the RGB to the HSV color space (Smith, 1978). In HSV space, the color of a pixel
is represented with a single dimension called hue (see Figure 3.7). This transforma-
tion is a classical step in image processing that facilitates color based manipulations of
pixels (Foley et al., 1994). Once the pixels are converted, we apply a simple color seg-
mentation filter to identify the regions of the image that contain colors emitted by the
robots. We call these colored regions “blobs”.

At that point, a robot perceives a list of blobs of different colors, in different places.
There are two main obstacles to detect neighboring robots and their orientation with
this data. First, it is not possible to differentiate a single robot from two robots emitting
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(a) (b)

Figure 3.7: Representation of the color spaces we used. (a) The RGB color space, which
does not allow to characterize the color of a pixelwith a single value. (b)The
HSV color spacemakes the hue, lightness, and saturation linearly separable,
allowing to identify the color of a pixel with a single value.

(a) (b)

Figure 3.8: The colored triangle pattern is used to let robots advertise their position and
orientation to their neighbors. (a) The pattern on a single robot. (b) Setup
with one robot in the center, perceiving its surrounding neighbors.

the same color and being side by side. This is because the two robots are perceived as
a single large region of a same color. Second, it is not possible to detect the orientation
of the robots if they are detected as a single blob.

To solve this problem, we propose to use a visual colored pattern that robots can
display with their LEDs. In this way, neighbors are perceived as a set of blobs with
a particular spatial arrangement. Notice that the back side of neighbors is occluded
in the pictures of the camera, which implies that the visual pattern is never fully de-
tected. During preliminary experiments, we found that the best pattern is a triangle
made of three different colors (see Figure 3.8a). Patterns with two colors suffered from
the back side occlusion, while the detection of patterns with four colors or more was
too computationally expensive.

The last part of our software is concerned with the extraction of robots positions
and orientations from the list of detected blobs. In Figure 3.9, we show an image of the
robots along with graphs reporting the blobs detected by the central robot. The main
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Figure 3.9: The colored blobs detected by a robot when surrounded by four neighbors.
The perception of the central robot is shown for eight different pattern di-
rections, with all the neighbors pointing in the same direction.

Figure 3.10: The pattern recognition algorithm. (a) The robot has perceived a list of col-
ored blobs around itself. Dotted circles and arrow represent the physical
robots in the picture. (b) Elastic triangular structures are created with ran-
dom positions. (c) The simulation runs: the structures stretch and move,
attracted by the blobs. (d)At the end of the run, the structures fit the blobs,
and give estimates of the robot locations and orientations.

difficulty here is to recognize the triangular pattern of robots using only these blobs, at
real time speed.

A classical approach consists of the evaluation of all the possible pattern configu-
rations in order to select the one that maximizes a given criterion. This approach is not
feasible because of the large number of possibilities. Instead, we devised an algorithm
inspired by Kohonen maps (Kohonen, 1982, 2002). In a nutshell, the algorithm simu-
lates a space in which we initialize a number of elastic triangles at random positions
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Figure 3.11: A central robot perceives the orientation advertised by four neighbors. The
output of the pattern recognition software is reported for eight different
directions (n=3500 runs for each plot), with a red mark indicating the real
orientation advertised.
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(a) (b)

Figure 3.12: E-puck range and bearing board (a) Top view (b) Bottom view.
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Figure 3.13: E-puck range and bearing board (a) emitters location (b) receivers location.

and orientations (see Figure 3.10). The summits of these triangles are colored. In ad-
dition, we introduce in the simulated space the color blobs which act as attractors for
the summits of the triangles. Moreover, triangles can not superimpose and repel each
other at close range. We simply let the simulation run for a short time and eliminate the
triangles that do not stabilize their summits over blobs. The detected robots and their
orientations are simply the remaining triangles. The simulation is simple and uses very
limited computational resources, allowing to process up to four images per seconds on
the s-bot.

Although a number of mistakes can happen in the pattern recognition process, the
average performance of the system is fair. In Figure 3.11, we report the average direction
detected by a robot surrounded by four other neighbors. We find that 75% of the runs
produce an estimated orientation near the real orientation of the neighbors, in a range
of �22.5�.

3.2.2 Infrared range and bearing communication system

We have developed an extension board named the range and bearing communication
system for the e-puck robot (see Figure 3.12 and Gutiérrez et al., 2008; 2009a). The board
allows the robots to communicate locally, obtaining at the same time both the range
and the bearing of the emitter without the need for any centralized control or external
reference. The communication system is therefore scalable and robots are fully au-
tonomous. The range and bearing system allows robots to send and receive messages
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up to 6m and in 12 different directions thanks to the 12 sensor/actuator pairs disposed
around the body of the robot. Robots are capable of sending the same message in all
directions, or specifically in one direction by using a single sensor/actuator pair. The
power used to emit infrared signals can be adjusted in real time, which allows robots to
decide at which maximum distance their messages can be perceived. We provide this
board under an open hardware/software license which allows the robotics community
to replicate, change and adapt the board to their needs (all material freely available at
http://www.e-puck.org).

Hardware

The range and bearing board is controlled by its own processor, which is a dsPIC
33FJ256 produced by Microchip. In this way, the main processor of the e-puck does
not lose computational resources to handle infrared communication. On the perime-
ter of the board there are 12 identical transmission modules. The modules are nearly
equally distributed on the perimeter of the board so that the distance between them
is of approximately 30� (see Figure 3.13). Each of these modules is composed of one
infrared emitting diode, one infraredmodulated receiver and one infrared photodiode.
A Manchester code is implemented so that when a message is sent from a certain dis-
tance, it is received with the same intensity whatever the contents of the message. The
implementation of the Manchester code allows a maximum data rate of 5 kbps. The
range of communication can be software controlled from 0 cm to 80 cm.

The board has an isolated power supply dedicated to the transmission modules.
This supply is built with a linear regulator which allows voltage variation. The power
variation permits the modules to modify the emission range by changing the polar-
ization of the emitting diodes. The original electronics on the board allows ranges of
transmission of up to 6m, but range has been limited to 80 cm in agreement with the
robot size and the requirements of our experiments. Ranges from 0 cm to 80 cm are
software controlled by the robot’s main board via power supply adjustments.

Software

For any infraredmessage received, the board also calculates the range and the bearing of
the emitter. To obtain the values of the range and bearing we start with the calculations
of the bearing. A vector sum is implemented for the bearing calculations following
Equation 3.1:

http://www.e-puck.org
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rφ = arctan
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where rφ is the estimated bearing with respect to the robot’s heading, βi is the angular
distance between sensor i and the board’s heading and pνi is the signal intensity per-
ceived on sensor i.

Once the bearing is calculated we proceed to calculate the estimated distance to
the source. The bearing calculated previously will determine if the emitter is facing
perfectly a receiving sensor or if it is in between two sensors. In both cases, following
the calculations of Pugh and Martinoli (2006), we obtain the correction of the received
power value rν as follows in Equation 3.2:
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where pνl and pνr are the values received on the left and right sensor from the estimated
angle respectively and θr and θl are the angular distances between the estimated anglerφ and its left and right nearest sensor respectively.

Finally an interpolation for obtaining the distance in centimeters is obtained using
a lookup table created empirically. We performed extensive communication tests with
the board and found that the average bearing error across all angles and distances is
4.32 � and 12.32 � in the worst case. The average range error across all angles and dis-
tances is 2.39 cm and the worst case is 6.87 cm.

Validation

We validated the capabilities of the board with a simple but fundamental task of align-
ment. In this task, robots must adopt similar directions by exchanging information
about their current orientation. The experimental setup consists of a group of homoge-
neous e-pucks that are positioned at a distance of 15 cm from each other, with randomly
generated initial orientations, as depicted in Figure 3.14. Each agent can only change its
orientation through rotational movements (i.e. they only turn on the spot).

Robots do not have any common global reference frame so they can only commu-
nicate the orientation as a relative measure to each other. In this case the common el-
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Figure 3.14: Physical arrangement of a group of 6 robots for the tests.
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Figure 3.15: Robots sharing information about their relative orientations.

ement is the axis of communication (see Figure 3.15). In a first step, robot i transmits a
broadcast frame. Subsequently, robot j understands that there is a neighbor at angle αj .
Robot j communicates its relative orientation αj . In a second step, robot i transforms
the received data (γj = αj) into its own coordinates system. It calculates the direction
pointed by robot j as ξj = γj + αi � π. Following this communication, the robots both
move gradually towards the same direction. The robots keep communicating regularly
to achieve synchronization of their orientations.

To calculate the degree of alignment of all the robots, we use a specific measure
of polarization. Polarization P (G) of a group of robots G is defined using the angular
nearest neighbor. For a robot r, the corresponding angular nearest neighbor c is defined
such that θrc, the relative orientation of c with respect to r is the smallest possible :
θrc   θri,@i P Gztcu. We denote θann(r) the relative orientation of the angular nearest
neighbor of the robot r. The formal definition of polarization is as follows :

P (G) =
¸
iPG

θann(i). (3.3)
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Figure 3.16: Mean polarization for 30 repeated experiments for all group sizes tested (2,
3, 4, and 6 e-pucks). Standard errors are not shown for the sake of clarity.

Figure 3.17: A snapshot of the simulator’s graphical output.

If all robots are aligned, then P (G) = 0. Conversely, if headings are evenly dis-
tributed, P (G) = 2π. Lastly, if headings are random, i.e. drawn from a uniform distri-
bution, then P (G) = π in average. This measure makes possible comparisons among
different group sizes since the average value of P (G) is not affected by the number of
robots in G.

We tested the algorithm with groups of 2, 3, 4, and 6 e-puck robots. In Figure 3.16,
we report the average polarization of the robots across 30 repeated experiments. We ob-
serve that groups are successfully making use of the range and bearing communication
system; they converge and maintain their alignment till the end of the experiments.
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3.3 Simulator

Most of the experiments reported in this thesis have been first ran using a simulator.
The use of simulations is a mandatory step when designing robotics experiment. The
simulator allows to test ideas and make mistakes at low cost. On the opposite, real
world robots, and especially our research prototypes, are prone to heavy failure when
we make a mistake. Robots can wear and break fast if experiments are not carried out
with special care. Robots are also time consuming: to make an experiment or test a
controller, one has to upload a newprogram and change or recharge the batteries. Since
we work with swarms of robots, this set-up can take ten minutes if we use 10 robots,
and this has to be repeated after every experiment replication…In addition, a number
of studies are only feasible in simulation, because they require too many robots, too
much space, or too much time. We typically design our experiments in simulation.
We then demonstrate the validity of our work with real robots, and finally we look for
further results using additional simulationswhich are then backed up by the validation
process.

Our simulation platform is a fast multi-robot simulator coded in C++ and forked
from the Twodeepuck simulator, a simple and effective simulator implementing 2D kine-
matics, initially designed byAnders L. Christensen and Laurent Bury at the IRIDIA lab-
oratory (Christensen, 2005; Bury, 2007). We have implemented a quadtree to speed up
subroutines that handle the detection of collisions and the detection of local communi-
cation. Motion of objects is handled by a custom rigid body physics engine, specialized
to simulate only the dynamics in environments containing flat terrain and walls. This
restriction allows simplifications of the physics computations and thereby reduces the
computational resources necessary for running simulations.

In order to accurately reproduce real world experiments, we have systematically
sampled the data output of all the robot’s sensors we used. For instance, with the in-
frared sensorswe gathered the signal intensity perceivedwhen the robotwas presented
another robot or a wall. To get a complete picture of the sensor’s output, we tested an
exhaustive set of distances and angles. With cameras, we recorded pictures and ex-
tracted the useful color information of objects with image processing tools. With this
data at hand, we have been able to create effective models of the sensors output. The
data fed to the controllers in simulation corresponds closely to what happens in reality.

The performance of our simulator varies in function of the complexity of the con-
trollers and the amount of interactions to simulate. To give an approximate idea of the
simulator speed, we used an Intel CPU (T7250 at 2 GHz) to make tests with 10 robots,
running our most complex controller at hand, exchanging messages locally and avoid-
ing obstacles. On average, an experiment of one hour is simulated in 1.27 seconds. With
100 robots, the same one hour experiment is simulated in 8.14 seconds on average. The
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100 robots are simulated proportionally faster than the 10 robots because the amount
of local interactions does not grow proportionally with the group size.



Chapter 4

Cooperative transport with negotiation

of the pulling direction

In this chapter, we investigate collective decision making with a group of robots that
have identical knowledge of the situation. More precisely, robots only have an approxi-
mate knowledge to make their decision, but all the robots share the same level of uncer-
tainty and none of them is better informed than the others. The objective of this research
is to demonstrate a mechanism that allows the robots to take advantage of redundant
information present at the level of the group. Eventually, robots should collectively
produce a better knowledge and take the appropriate collective decision.

This study is implemented with an experiment of cooperative transport in which
the robots do not have precise knowledge of the delivery location. Initially, the robots
receive a noisy information about which direction they should follow. The robots are
then using local communication to exchange information and reach a consensus about
the transport direction.

This experiment is performed with swarm-bots and relies on the visual range and
bearing system. The information exchanged among robots bears only on opinions
about the transport direction. At the core of the robots behavior, there is a simple in-
stance of imitation behavior, directly inspired from the alignment behavior found in
biological models of flocking and schooling. Each robot advertises its opinion with a
system of LEDs, and uses the opinion advertised by the neighbors to update its own
opinion. This opinion update takes place gradually, allowing in this way the conver-
gence of all the opinions, and thereby leading to a collective choice about the transport
direction.

This chapter is organized as follows. In Section 4.1.1 we present the task and the
experimental setup. In Section 4.1.2 we present the negotiation mechanism we used to
synthesize information inside the swarm of robots and reach a collective decision. In
Section 4.1.2, we detail four different transport strategies that we tested with the robots.
Section 4.2 present experiments conducted with real robots. There, we assess quanti-
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tatively the performance of the negotiation mechanism implemented with respect to
different levels of noise and the different control strategies. Lastly, in Section 4.3 closes
the chapter with discussion and conclusions.

4.1 Methods

4.1.1 The task and the experimental setup

The task is the cooperative transport of a heavy object towards a central place by a
group of four real s-bots. The robots are physically connected to the object using their
grippers. The central place is out of sight and the robots have no means to perceive it.
The initial knowledge of each individual about the goal direction is provided with a
given amount of noise.

The robots can share knowledge using visual communication in order to collec-
tively improve their estimate of the goal direction and transport the object as fast and
as accurately as possible towards the goal.

The mass of the object is 1.5 kilograms and it is chosen such that a single robot can
not transport it. At least three robots are necessary to move the object. A high degree
of coordination of the robots’ motion is required to apply enough force to the object to
move it. If the robots lack coordination, that is, if they pull in different directions, they
can not move the object at all.

The experiments take place in an open space. Initially, four robots are connected
to the object in a regular arrangement, thus forming a cross pattern as shown in Fig-
ure 4.1(c). We test four levels of noise on the robots’ initial estimate of the goal direction:
no noise (0), low noise (L),medium noise (M) and high noise (H). In the case of no noise, the
initial direction of the robots is the same and points towards the central place.

The initial imprecise knowledge of the robots about the direction of the central place
is modeled by a random number drawn from a von Mises distribution, which is the
equivalent of the Gaussian in circular statistics (Jammalamadaka and SenGupta, 2001),
and well suited for directional data. This distribution is characterized by two param-
eters µ and κ. The direction to the central place is indicated by µ, the mean of the
distribution. The level of noise is indicated by κ. The smaller κ, the more the distri-
bution resembles a uniform distribution in [�π, π]. When κ is large, the distribution
resembles a Gaussian of mean µ and standard deviation σ, when κ Ñ 8 the relation-
ship σ2 = 1/κ holds. The three levels of noise L, M, H correspond to κ = 3, 2, 1, as
displayed in Figure 4.2(a).
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(a) (b) (c)

Figure 4.1: (a) The s-bot. (b) An s-bot displaying a direction using a triangular LED
pattern. (c) Star-like formation of four s-bots around the object as used in
the experiment.

After each trial, the robots are randomly permuted, so that the possible physical
differences among the robots are averaged out and can be neglected in this study. We
tested 4 possible goal directions of 0�, 22.5�, 45� and 67.5�. Any direction above 90�

is redundant as the pattern of connected robots (a cross) is symmetrical on the two
perpendicular axes, and the robots are permuted at each trial. Finally, we have tested
4 possible strategies for the robots to transport the object towards the goal (see next
section for more details). In total, we performed 256 replications: we tested 4 goal di-
rections, 4 levels of noise and 4 distinct strategies for transport. Each combination of
the aforementioned parameters was tested 4 times.

To extract the results, we used a camera placed above the initial position of the ob-
ject to record videos of each trial. The experiment is stopped either when the object has
been transported to a distance of 1 meter from its initial position or after 60 seconds
(an average transport takes approximately 20 seconds). A trial can also be stopped if
we judge that the robots are stuck in a situation that is potentially harmful to their
hardware. Indeed, if the robots do not manage to coordinate their movements, they
may pull in opposite directions and thus induce a high torque to their grippers. One
gripper was broken during the experiments reported here, and we wished to avoid as
much as possible any further damage. Any experiment stopped without the object be-
ing transported for more than 1meter of distance from the initial position is considered
as a transport failure.

For each trial, we have extracted the position of the object at each time step (5 pic-
tures per seconds) using a simple tracking software. Using these data, we have catego-
rized the trials in transport failure or success, and measured the duration of all trials.
Furthermore, we measured the angular difference between the direction in which the
object has been moved and the goal direction, as shown in Figure 4.2(b). Later on, we
also use the term deviation to refer to this angular difference.
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(a) (b)

Figure 4.2: (a) The effect of parameter κ on a vonMises distribution. (b)A snapshot de-
scribing the final situation of a successful transport. Note how the deviation
of the transport direction from goal direction is measured.

4.1.2 Robot’s controller

Negotiation mechanism

The negotiationmechanism is bio-inspired and implemented in a straightforwardman-
ner, following closely the rules used to model the orientation behavior of fish schools
or bird flocks (Couzin et al., 2002). Let n be the total number of robots. For each robot
i P [1, n], let Ni(t) be the set of robots in the visual range of robot i at time t. This defines
the topology of the communication network. Let di(t) P [�π, π] be the goal direction
estimated by robot i at time t. Let Di

j(t) = dj(t) + εi
j(t) with j P Ni(t) the direction of

robot j perceived by robot i assuming noise εi
j(t).

If robot i communicates and exchanges information with its neighbors, it will cal-
culate what we call a desired direction di by using Equation 4.1 that basically computes
a mean direction. To do so, we use the sum of unit vectors, which is a classical method
in circular statistics (Jammalamadaka and SenGupta, 2001):

di(t) = arctan

 sin (di (t)) +
°

jPN (i)

(
sin(Di

j(t))
)

cos (di (t)) +
°

jPN (i)

(
cos(Di

j(t))
)
 . (4.1)

The estimate of the goal direction of a particular robot is not updated directly. In-
deed, the noise present in perception might induce oscillations if the update of the
robots’ estimates is done too fast. Therefore, we use a damping factor δ to stabilize the
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system (we chose δ = 0.05 for our experiments). The update of the estimate of the goal
direction for robot i is described by Equation 4.2:

di(t +∆t) = (1� δ) � di(t) + δ � di(t). (4.2)

The motion control of each robot is implemented by a simple algorithm (Groß et al.,
2006b) that sets the speed of the robot’s treels and the orientation of its turret to pull the
object in the estimated direction d of the central place.

Control strategies

We have defined and implemented four distinct strategies. To refer to the strategies,
we employ a notation in which T means transport, N means negotiation, and : marks
the end of an optional and preliminary negotiation phase. If this preliminary phase
takes place, it lasts 30 seconds. The second phase always involves transport and lasts
60 seconds.

• Transport directly (T): a naive strategy that we use as a yardstick to show the
improvement brought by the negotiationmechanism. The robots move along their
initial direction. No communication and no update of the estimated direction is
done.

• Negotiate then transport (N:T): robots first negotiate their estimate of the direc-
tion of the goal for 30 seconds without moving. Afterwards, they all start moving
without either communicating or updating their estimates.

• Negotiate then transport and negotiate (N:NT): robots start by negotiating the
direction of the goal for 30 seconds without moving. After this preliminary nego-
tiation, they all start moving and at the same time they keep on negotiating.

• Negotiate and transport (NT): from the very beginning of the experiment, the
robots start both moving and negotiating.

At the beginning of the experiments, robots have each a rough estimate of the direc-
tion of the goal, but they never perceive directly the goal. The three last strategies may
appear identical to the reader, but in fact two important aspects, namely time and noise
in communication should be considered. On one hand, the duration of the negotiation
process affects the degree of synchronization of the robots. On the other hand, visual
communication is imperfect. When robots do notmove, errors in visual communication
are persistent and may have a strong impact on the outcome of the negotiation process.
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When robots move, they modify slightly their relative locations and this results in a
reduction of the errors in visual communication.

4.2 Results

We report here the experimental results of the task of cooperative transport for all the
strategies and levels of noise tested. We examine three different aspects of the system:
the ability of the system to succeed in transporting the object for a certain distance, the
duration of transport and the accuracy in direction of transport.

4.2.1 Success in transporting

We first study the ability of the robots to transport the object. If the robots are not able to
move the object over a distance of at least 1 meter from the initial positionwithin 60 sec-
onds, we consider the trial as a transport failure. Figure 4.3 presents the performances
in transport of the four strategies for the different levels of noise.

First, we observe that in absence of noise (level 0), the robots manage very well to
transport the object without negotiating the direction. Therefore, negotiation is not nec-
essary and it is desirable that strategies employing the negotiation mechanism do not
performworse. The strategyN:T yields only 75% of successful transports when there is
no noise in the initial direction of the central place. When this strategy is employed, it is
possible that negotiation is stopped while robots are not perfectly coordinated and no
further correction can be done on the direction of the robots. The two other strategies
N:NT and NT do not decrease the capability of the group of robots to transport the ob-
ject with respect to strategy T. We have observed that during motion, the formation of
robots can alter slightly, mainly due to slippage of the grippers on the object. Strategies
using negotiation during transport allowed robots to quickly correct their direction and
remain coordinated. Conversely, the strategies T and N:T were very sensitive to small
errors.

When noise is present, the performance of the group of robots using strategy T
decreases. For medium and high noise it is close to 10%. This result was expected as
robots are not able to coordinate their motion at all and are initialized with different
initial directions. We also notice that, although noise has a non negligible impact on
the transport capability, the performances stay quite similar for different levels L, M
and H of noise considering the strategies N:T, N:NT and NT. All strategies relying on
the negotiation mechanism achieve better performances, and especially strategy NT is
much less sensitive to noise than the others.
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Figure 4.3: The percentage of successful and failed transports grouped by strategy and
by level of noise.
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Figure 4.4: Box-and-whisker plot (Chambers et al., 1983) showing the duration of trans-
port of the object (in seconds), taking into account successful and failed
transports. The distributions are grouped by strategy and by level of noise.

4.2.2 Duration of transport

We focus now on the duration of the transport. For all the trials, we consider whether
or not transport is successful. Figure 4.4 shows for all strategies and all levels of noise
boxplots of the duration of the 16 transport tasks. Note that we do not take into account
the preliminary negotiation period that lasts 30 seconds when strategies N:T or N:NT
are employed.

Once again, the performance of strategyT in absence of noise is the bestwith respect
to any other pair of strategy and level of noise. Only strategy NT reaches a comparable
performance.

When the level of noise increases, the duration of transport of the strategy T in-
creases too, in a quasi linear manner. Strategies that rely on the negotiation mechanism
are much less sensitive to noise. The duration of transport using those strategies is very
similar for the different levels of noise L,M andH, but strategyN:T has produced more
failures. Because robots can not correct their coordinationwith this strategy, they easily
rotate while transporting the object. This constant error produces round or even circu-
lar trajectories and prevents the robots to quickly move the object away from its initial
position. Strategies can be clearly ranked: the slowest (N:T), the average (N:NT) and
the fastest (NT).
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Figure 4.5: Box-and-whisker plot (Chambers et al., 1983) showing the average devia-
tion (in radians) between direction of transport and direction of the central
place. Both successful and failed transports are taken into account. The
distributions are grouped by strategy and by level of noise.

4.2.3 Deviation from the direction of the central place

The last measure we study is the deviation of the direction of transport with respect to
the direction of the central place. Again, we take into account all trials. The study of
deviation from the direction of the central place confirms all previous observations (see
Figure 4.5).

In absence of noise, the naive strategy T performs very well, and the only other
strategy with a comparable result is strategy NT. When noise is introduced, the per-
formance of strategy T decreases. The strategies that make use of negotiation perform
better, and show only small differences for the different levels of noise tested. Among
these strategies, the best is NT.

With strategy NT, the median transport direction is centered on the goal direction
and the experimental deviation is limited to �61� in 80% of the trials when there is a
high level of noise on the initial knwledge given to the robots. This result is obtained
with robots that can advertise at most 8 different directions only.

We compared the initial knowledge of the robots to the average deviation from the
goal direction after transport using the strategy NT. To do so, we fitted von Mises dis-
tributions to the deviations measured. Then, we estimated the κ parameter of these
distributions which corresponds to the error of the transport direction. The robots start
with an initial knowledge affected by a noise that corresponds to an individual error
of respectively 33.1�, 40.5� and 57.3�. After the application of the strategy NT, the er-
ror of transport direction for the levels of noise L, M, H are respectively 42.8� � 76.2�,
42.3�� 75.5� and 42.5�� 75.7� (degrees� standard error). These values are not signif-
icantly different. Moreover, it is observed that for the level of noise H, the strategy NT
improves the robots’ estimate of the direction of the central place.
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4.3 Discussion and Conclusions

In this chapter, we provided a simple negotiationmechanism that allows robots to share
knowledge and reach consensus on a transport direction. The comparison of the trans-
port strategies has shown that negotiation during transport of an object improves the
coordination of motion. It has been observed that the mechanism is neutral: if negotia-
tion is not mandatory to achieve efficient transport, making use of negotiation does not
alter the transport performances with respect to naive transport with no negotiation.
Hence, it is not necessary to choose which strategy to employ depending on the level of
noise affecting robots’ knowledge of the direction of the central place, negotiation can
be used at any time.

Besides the coordination of motion, our experimental results have also shown that
the group of robots could improve their knowledge of the direction of the central place
by means of negotiation. The improvement of the accuracy of the transport direction
with respect to the robots’ initial knowledge is most striking when the level of noise is
high.

Negotiation of transport direction contains a collective decision mechanism that
could be adapted to a large number of situations. The core mechanism that underpins
negotiation can be seen as a synthesizing function of the robots knowledge. By exchang-
ing locally their opinions and imitating each other, robots converge to a global average
opinion. In this way, not only do robots reach a consensus, but they also improve their
individual knowledge of the situation.

In the following chapter, we perform a localization experiment inwhich robotsmust
share knowledge to better navigate to foraging areas, and at the same time decidewhich
areas to exploit. In the experiment, some robots have better information than others.
In that case, the negotiation mechanism presented here is not able to take advantage
of the extra information. The simple modification that we will investigate consists in
giving more weight to the opinion of the better informed individuals.





Chapter 5

Collective localization with social

odometry

In this chapter we examine collective decision making when some individuals are bet-
ter informed than others. We have previously shown that our negotiation mechanism,
which consists in averaging local opinions, workswell with individuals that have statis-
tically identical knowledge. Here, the average function would naturally ruin the priv-
ileged information available inside the group. In the following experiments, informed
individuals are not fixed, rather every individual can acquire knowledge at any mo-
ment, but this knowledge degrades with time. Therefore wewant the robots to take ad-
vantage of these individual differences and exploit information of better quality when
possible.

To perform this study, we have devised a central place foraging experiment that re-
quires collective localization. Robots must repetitively navigate between resources and
a central place. However, robots are unable to locate precisely neither the resources,
nor the central place. In fact, to estimate the location of these different areas, robots
rely on odometry. Odometry is a localization technique that consists in measuring the
number of wheel revolutions done so far to estimate the distance traveled and the di-
rection of motion. The knowledge obtained bymeans of odometry is imprecise because
any error due to slippage on the ground is accumulated and amplified as time and dis-
tance traveled increase. Therefore, the knowledge of the robots degrades as they move
away from a known location. To copewith this degradation, robots may encounter con-
specifics that have better localization knowledge and exchange information with them
in order to improve their estimates.

This experiment is performedwith e-puck robots equippedwith the range and bear-
ing communication system that we have designed. Two robots exchange information in
a peer to peer manner when they come across each other. The information transmitted
by each robot is its estimate of the location of the last place visited and a measure of
the quality of that information. Robots update their own localization estimates with



66 On the Design of Self-Organized Decision Making in Robot Swarms

the communicated estimates, taking into account the confidence levels related to each
estimate.

We initially used this information processing method to improve localization in
presence of a single resource and we further tested the same mechanism with two
resources. We found that robots propagate information of better quality through the
swarm, and as a side effect they also favor situations in which information quality is
higher, that is, they prefer to navigate along the shortest path to the closest resource
because localization estimates are more accurate on shorter distances.

This chapter is organized as follows. After detailing our experiment in Section 5.1.1,
we present the controller designed to perform collective localization using social odom-
etry in Section 5.1.2. We describe the communicationmethod, as well as themechanism
used to fuse information based on confidence levels. In Section 5.2 we present the re-
sults of experiments conducted in simulation andwith real robots that demonstrate the
ability of the swarm to make a collective decision. Lastly, in Section 5.3, we discuss the
contribution of this chapter.

5.1 Methods

5.1.1 The task and the experimental setup

The foraging task presented in this chapter is carried out in a rectangular bounded
arena that contains a central place and one or two resources. The central place and
the resources are represented by circular areas on the ground. Robots have to find a
resource and virtually transport items back to the central place. Robots have no knowl-
edge about the dimensions of the arena or the areas locations. They are initially located
in the middle of the arena with random position and orientation, where they can per-
ceive neither the central place nor a resource. Once the experiment starts, robots search
for the central place and a resource. When both areas have been located, they try to
forage from one area to the other endlessly. Note that the random initialization outside
the central place has been chosen because of two main reasons: (i) the physical robots
could not be all initialized at the very same time in the central place, given the small
central place radius and (ii) we wanted the robots to start their foraging without any
knowledge about the areas in the arena. Therefore, although based on a foraging strat-
egy, the experiments presented could be easily extended to, for example, a collective
cleaning or collective rescue experiment.

Two different experimental setups (ESs) have been chosen to compare and study
the convergence of the algorithms. Figure 5.1a shows an Asymmetric ES (AES), where
the two resource are at different distances from the central place. Figure 5.1b shows a



Chapter 5 � Collective localization with social odometry 67

(a) (b)

Figure 5.1: (a) Asymmetric experimental setup: one resource is closer to the central
place than the other. (b) Symmetric experimental setup: the two resource
are at the same distance from the central place.

Symmetric ES (SES), where the two resource are at the same distance from the central
place. Depending on the number of robots involved in our experiments, we have used
arenas of different sizes. In total, we have used three different arenaswhose dimensions
and number of robots vary as shown in Table 5.1. Moreover, all our experiments are
repeated 30 times so as to allow statistical analysis of the results.

For the experiments we have used e-puck robots. We have equipped each robot
with a range and bearing local communication board. To perform the odometry move-
ment calculations, robots rely on their internal clock. Moreover, the robots make use
of the infrared sensors to detect the presence of obstacles or any neighbors with whom
the robots can communicate. Lastly, robots rely on ground sensors to differentiate the
different foraging areas in the environment. To this end, we have colored the central
place in black, the resources in grey, and left the rest of the environment in white.

5.1.2 Robots’ controller

Robots are controlled by a finite state machine depicted in Figure 5.2. In the following
we summarize the possible behavioral states. The controller is initialized in the Explore
state.

• Explore: the robot carries out a random walk (i.e. moves straight and randomly
changes direction; see Reif,1965) with obstacle avoidance. If the robot encounters
another robot, it switches to the Communicate state. If a central place or resource
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Table 5.1: Parameters describing the three arenas used in the experiments.
Parameter Arena 10 Arena 50 Arena 100

Number of robots 10 50 100
Number of resources 2 2 2
Arena dimensions (m 2) 1.2 x 1.7 3.0 x 4.25 6.0 x 8.5
Experiment duration (s) 1800 7200 7200
Starting area radius (m) 0.2 0.5 0.5
Goal areas radius (m) 0.2 0.1 0.1
AES: central place location (x,y) (m) (0.45,-0.75) (1.1,-1.7) (2.2,-3.4)
AES: resource 1 location (x,y) (m) (-0.45,0.75) (-1.1,1.7) (-2.2,3.4)
AES: resource 2 location (x,y) (m) (-0.45,-0.75) (-1.1,-1.7) (-2.2,-3.4)
SES: central place location (x,y) (m) (-0.45,0.0) (-1.1,0.0) (-2.2,0.0)
SES: resource 1 location (x,y) (m) (0.45,0.75) (1.1,1.7) (2.2,3.4)
SES: resource 2 location (x,y) (m) (0.45,-0.75) (1.1,-1.7) (2.2,-3.4)

Figure 5.2: The robots’ controller. Three different states are present in the finite state
machine. In this representation, we duplicated the Communication state to
make clear that robots resume their previous activity after a communica-
tion. Arcs denote transitions between the states.
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area is found, the robot stores its position in its goal locations memory. Once the
robot has discovered the central place and at least one resource, it switches to the
Forage state.

• Forage: the robot has information about both the central place and the resource
locations. It moves from the central place to a resource and back following the
shortest path, and avoiding any obstacle on the way. If the robot arrives at one of
the two areas, detected by the ground sensors, it stores the new estimated posi-
tion and goes towards the other area. If the robot arrives at a place where the area
was supposed to be but is not, it resets its memory of goal locations. As a conse-
quence, the robot switches to the Explore state. If the robot encounters another one,
it switches to the Communicate state.

• Communicate: The robot receives positional information from the encountered
robot. The robot also sends its information about the location of the last detected
area to the encountered robot. Robots use relative coordinates and locally establish
a common reference frame to exchange information (see the next subsection). After
these operations, the robot switches back to its previous state.

The robots are initially located at random positions in the middle of the arena.
There, robots perceive neither the central place nor the resources. Once a robot finds the
central place or a resource, it stores its position and continues with a randomwalk until
it finds the other area. When both areas have been located, the robots try to go from one
area to the other endlessly. Because of the movement integration errors, robots might
arrive at some coordinates where they estimate the area should be located but it is not.
If this happens, a robot considers itself lost, resets its estimated location and starts a
random walk until it finds both areas again. On the other hand, if a robot correctly
arrives at one of the areas, it updates the area position coordinates.

Establishing a common reference frame to communicate locations

When two robots meet, they exchange their estimates about the locations of the areas.
However, robots do not share a global coordinates system, so they rely on their com-
munication axis to transform the information transmitted by their neighbor into their
own frame. This information can be locally transmitted thanks to the range and bearing
board. Figure 5.3 shows an example of how information about the estimated location
of area A, previously visited by robot i, is transmitted from robot i to robot j. In a first
step, robot i transmits its estimate of the distance dyi and direction φi of area A to robot
j. For the direction, the value transmitted is the angle α, obtained from φi using the
communication beam as reference axis: α = φi � γi, where γi is the bearing provided
by the range and bearing board. In a second step, robot j transforms the received data
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Figure 5.3: Robots sharing information about the estimated location of area A. Robot i
has previously visited area A and communicates its estimates (dyi and φi)
to robot j.

into its own coordinates system. First, it calculates the direction provided by robot i as
φj = γj + α� π, followed by the calculation of the location (rxj , ryj) of area A:

rxj = λijcos (γj) + dyicos (φj)ryj = λijsin (γj) + dyisin (φj)
(5.1)

where λij is the range provided by the range and bearing board.

The social generalized induced fermi filter

The Social Generalized Induced Fermi Filter (SGIFF) is a filter inspired by the Kalman
Filter (KF) equations induced by the spectral norm of the error covariance matrix. Its
main idea is to obtain a scalar value which represents the uncertainty a robot has about
its estimates (confidence level). The SGIFF allows the robots to evaluate the information
they have with respect to the information provided by their neighbors by means of a
confidence level parameter proportional to the distance traveled. Based on this confi-
dence level, the robots are able to update their estimate state vectorwith the information
provided by other robots without the use of any movement error model. Therefore, de-
pending on the confidence level ratio, the robots will adopt or ignore the information
offered by their neighbors.

The SGIFF can be explained as follows. Let the state vector of the robot i at time k

be
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Figure 5.4: Robots information about the central place and resource areas and the in-
verse of their confidence levels. pxcentr,i

k|k�1 represents the a priori estimated
central place position of robot i at time k and pxresrc,j

k|k�1 represents the a pri-
ori estimated resource position of robot j at time k. The robots keep track
of the distance traveled as the inverse of the confidence levels (pcentr,i

k|k�1 and
presrc,j

k|k�1 ).

xi
k =

[
xi

k yi
k θi

k

]T

(5.2)

where xi
k and yi

k are the robot’s Cartesian coordinates and θi
k its orientation.

Robots use dead-reckoning to estimate and reach the central place and resource
locations. When robot i finds the central place or the resource, it stores its a priori esti-
mated location information (its actual position and orientation) as pxcentr,i

k|k�1 and pxresrc,i
k|k�1

respectively. Additionally, the robot keeps track of the distance traveled since it left the
central place or the resource denoted by pcentr,i

k|k�1 and presrc,i
k|k�1 respectively, which repre-

sents the inverse of the a priori confidence level the robot has about its estimated infor-
mation (see Figure 5.4). While the robot is moving, the uncertainty about its location
grows (Smith and Cheeseman, 1987; Feng et al., 1994). Therefore, its confidence level
decreases.

At each time step, robot i checks whether there is another robot to communicate
with. If there is not, it updates its a posteriori estimated goal locations and the inverse
of the confidence levels as:
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pxcentr,i
k|k = pxcentr,i

k|k�1

pcentr,i
k|k = pcentr,i

k|k�1pxresrc,i
k|k = pxresrc,i

k|k�1

presrc,i
k|k = presrc,i

k|k�1

(5.3)

In the next step (k + 1), the a priori estimated goal locations are updated with the
robot’s movement in the time step duration (∆pxi

k+1), and the inverse of the a priori con-
fidence levels are updated with the distance traveled (∆di

k+1) in the time step duration.
Therefore, ∆di

k+1 = ξi
k+1 � ρ/2, where ρ is the distance between the wheels (53mm for

the e-puck) and ξi
k+1 is the angular displacement made in the time step duration:

pxcentr,i
k+1|k = pxcentr,i

k|k +∆pxi
k+1

pcentr,i
k+1|k = pcentr,i

k|k +∆di
k+1pxresrc,i

k+1|k = pxresrc,i
k|k +∆pxi

k+1

presrc,i
k+1|k = presrc,i

k|k +∆di
k+1

(5.4)

Therefore, if there is no encounter between the robots, the confidence level contin-
ues to decrease until the robot arrives at the central place or a resource or until it gets
lost.

If two robots meet, they communicate and update their estimates. In what follows
we show all the different goal location exchange options, where goal represents either
the central place or a resource:

• None of the two robots know the goal locations: Robots do not exchange any
information.

• Only one robot knows a goal location: Let us assume that robot i is the onewhich
has previously visited the goal. Its a priori estimated location is pxgoal,i

k|k�1 and the
inverse of its corresponding a priori confidence level is pgoal,i

k|k�1. Robot j replaces its
information with the one provided by robot i:

pxgoal,j
k|k = pxgoal,i

k|k�1

pgoal,j
k|k = pgoal,i

k|k�1

(5.5)



Chapter 5 � Collective localization with social odometry 73

• Both robots know the goal location: In this case, the two robots exchange data
and update their information using the SGIFF (explicited with the Equations 5.9
and 5.10 reported below):

pxgoal,i
k|k = SGIFF

(pxgoal,i
k|k�1, pxgoal,j

k|k�1 , pgoal,i
k|k�1, pgoal,j

k|k�1

)
pgoal,i

k|k = SGIFF
(

pgoal,i
k|k�1, pgoal,j

k|k�1

) (5.6)

and

pxgoal,j
k|k = SGIFF

(pxgoal,j
k|k�1 , pxgoal,i

k|k�1, pgoal,j
k|k�1 , pgoal,i

k|k�1

)
pgoal,j

k|k = SGIFF
(

pgoal,j
k|k�1 , pgoal,i

k|k�1

) (5.7)

Note that pgoal,i values are not initialized until the robot finds each area or a neigh-
bor reports about its location. Once the robot has found one goal area, pgoal,i is set to 0.
On the other hand, a robot, to which a neighbor has communicated the area position,
updates pgoal,i with the value offered by its neighbor according to the SGIFF equations.

In order to produce an a posteriori guess location, each robot takes into account all
information available, but weighs its sources in a different way. To calculate pxgoal

k|k , we
adopt the so called pairwise comparison rule (Santos et al., 2006; Traulsen et al., 2006,
2007) often adopted in evolutionary/social dynamics studies, to code the social learning
dynamics, which makes use of the Fermi distribution (Reif, 1965; see also Figure 5.5):

ggoal,i
k =

1

1 + e�β(∆pgoal,ij
k|k�1 )

(5.8)

where ∆pgoal,ij
k|k�1 = pgoal,i

k|k�1 � pgoal,j
k|k�1 and β measures the importance of the relative confi-

dence levels in the decision making. For low values of β, the decision making proceeds
by averaging the confidence levels whereas for high values of β, we obtain a pure imita-
tion dynamics commonly used in cultural evolution (Hammerstein, 2003) defined by a
sharp step function. In the first case, the confidence level works as a small perturbation
to a simple average between the two estimates, while in the latter, each robot is ready
to completely ignore the estimate which has a smaller relative confidence level.

Using the Fermi function, we use a weighted average to obtain the new locationpxgoal,i
k|k and inverse confidence level pgoal,i

k|k . Hence, the SGIFF is defined by the following
equations:
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Figure 5.5: The Fermi function that allows robots to decide between their own estimate
and the information provided by the others.

pxgoal,i
k|k =

(
1� ggoal,i

k

) pxgoal,i
k|k�1 + ggoal,i

k

(pxgoal,j
k|k�1 + xij

k

)
(5.9)

pgoal,i
k|k =

(
1� ggoal,i

k

)
pgoal,i

k|k�1 + ggoal,i
k pgoal,j

k|k�1 (5.10)

Therefore, we observe that the SGIFF fuses the robot estimations based on their
confidence levels. A better confidence level implies its associated measure will have
a stronger weight on the filter performance. As we will see in Section 5.2, this simple
mechanism triggers a collective decision in favor of the closer goal area. This is because
a closer goal gives shorter paths which have less uncertainty, and therefore they are
chosen by the individuals. Typically, when ∆pgoal

k|k�1 � 0 robots average their estimated
information about the location of the same goal area. On the other hand, there is a
high probability that robots communicate information about different goal areas when
∆pgoal

k|k�1 is in one of its ends. In that case, a robot adopts (∆pgoal
k|k�1 Ñ 8) or ignores

(∆pgoal
k|k�1 Ñ�8) its neighbor estimates. When the two resources are located at different

distances from the central place, robots coming from the nearest one (resource A) will
have a better confidence level than those coming from the farthest one (resource B). The
difference between confidence levels allows the robots coming from resource B to update
their estimated location of resource B with that of resource A, favoring in this way the
exploitation of the closest resource.
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5.2 Results

In the following, we report results of simulated and real experiments and analyze the
collective behavior of the robots.

5.2.1 Experiments in simulation

In our simulations, IR proximity sensors have a range of 5 cm, while the range and bear-
ing module used for the communication has a range of 15 cm. Furthermore, we added
uniformly distributed noise to the samples in order to simulate effectively the differ-
ent sensors. �20% noise is added to the infrared sensors and �30% to the ground
sensors. In the range and bearing sensor, noise is added to the range (�2.5 cm) and
bearing (�20 �) values. Moreover, each message emitted can be lost with a probability
that varies linearly from 1%when the sender-receiver distance is less than 1 cm, to 50%
when the two robots are 15 cm from each other. A differential drive system made up
of two wheels is fixed to the body of the simulated robot. Errors have also been in-
troduced into the encoder sensors chosen uniformly random in�20% of the maximum
movement at each time step for each wheel. The robot speed has been limited to 6 cm/s
when moving straight and 3 cm/s when turning. These values are also used with the
real robots so as to allow the comparison of simulated and real experiments.

General performance

The overall behavior of our controllers is a function of the parameter β. As explained
in Section 5.1.2, the value of this parameter determines the rate at which the robots
adopt or ignore their neighbor’s information. When β is small, robots average their
personal information with the neighbor’s information. When β is large, robots adopt
neighbor’s information if they have a lower confidence than the neighbor in their esti-
mates. To assess the general impact of this value we have conducted a parameter study.
We examined eight values defined by 10·x, with x P t�5, �4, ..., 2u. The general per-
formance was evaluated using a retrieval task, that is, a task in which robots have to
transport items from a resource to the central place. Each time a robot completes a run
from the central place to the resource and comes back to the nest, we consider the robot
has succeeded in its task and we count one more round trip. Figure 5.6 shows the num-
ber of round trips made by all the robots in the experiment for the two ESs in the three
different arenas for each β value.

The figures show a similar shape for the asymmetric and symmetric experimental
setup and the different arenas. For β P t10�5, 10�4, 10�3u robots perform poorly in the
retrieval process. This is because the robots simply average the available information.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.6: Retrieval results for the different ESs and arenas tested (30 replications for
each boxplot). Each box comprises observations ranging from the first to
the third quartile. The median is indicated by a horizontal bar, dividing the
box into the upper and lower part. The whiskers extend to the farthest data
points that are within 1.5 times the interquartile range. Outliers are shown
as circles.
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(a) (b) (c)

Figure 5.7: Percentage of simulated robots foraging in the two paths for the asymmetric
experimental setup (AES) and different β values: (a) Arena 10 (β=1), (b)
Arena 50 (β = 10�1) and (c) Arena 100 (β = 10�2) (30 replications). The
shortest path is represented by the solid lines. In its steady-state we observe
50% of the population in the shortest path in Arena 10, 69% in Arena 50
and 90% in Arena 100.

This solution is suboptimal as it gives too much weight to the estimates with low con-
fidence levels. For β ¥ 10�2 we observe a great improvement in the retrieval outcome.
However, the optimal values are not those which imply pure imitation, but a combi-
nation of both robots’ information. This is because every robot has useful information
about the areas’ location. Useful information means that even an estimate with low
confidence can be of value, especially if the confidence levels of the two estimates are
close to each other or if the estimate of higher confidence is defective. Therefore, better
solutions are those which take into account the estimates of all the robots, adjusting
their importance in function of their associated confidence level.

In the following, we analyze the collective behavior of the robots, considering three
different values for β (β P t10�2, 10�1, 1}) in the three arenas for the two ESs. For the
sake of clarity, we only show data obtained with the best β in the graphics representing
proportion of robots as a function of time.

Resource selection with the asymmetric setup

In this test, simulated robots are initialized in the AES. The robots start their random
walk in themiddle of the arena. Once the central place and one resource are located, the
robots try to forage from central place to resource endlessly. If a robot finds an obstacle
(robot or wall) while foraging, it tries to communicate with it. Then, if the obstacle is
still present, the robot moves away of the obstacle until it is not detected anymore. In
this way, the obstacle is avoided and the robot can continue with its foraging behavior.

Figure 5.7 shows the percentage of robots in the population that forage from one
resource or the other as a function of time for different β values. A robot is considered
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(a) (b) (c)

Figure 5.8: Distribution of the percentage of traffic on the shortest path for the asym-
metric experimental setup (AES) in (a) Arena 10, (b) Arena 50 and (c)
Arena 100 (30 replications). Lost robots are not considered in the dataset.
For the experiments in Arena 50 and Arena 100, at the end of each experi-
ment all the robots not considered lost are foraging using the shortest path.
For Arena 10, more than 80% of the experiments end up with most of the
robots (80%-100%) foraging using the shortest path.

(a) (b) (c)

Figure 5.9: Percentage of robots foraging in the two paths for the asymmetric experi-
mental setup (AES) in (a)Arena 10, (b)Arena 50 and (c)Arena 100 for the ex-
periments with and without communication (30 replications). For the three
arenas, the experiments in which the robots do not communicate obtain a
poor foraging performance.



Chapter 5 � Collective localization with social odometry 79

to belong to a path if it forages between the central place and one resource without
getting lost. Remember, as shown in Section 5.1.2, that a robot is considered lost if it
arrives at some coordinates where it estimates the goal area should be located but it is
not.

In the first few minutes of the experiments, the robots choose any of the two paths
with equal probability, depending on the first resource found. However, the shortest
path starts recruiting more and more robots after some robots have already found both
paths. On the longest path we observe a reduction in the number of robots foraging
on it, arriving at zero in some of the trials. The recruitment on the shortest path, in
any of the different configurations, increases rapidly and non-linearly. Note that the
percentage of robots in the path is lower for the 10 robots in Arena 10 compared to the
percentage of robots in the other arenas. The reason is that there are not enough robots
in the arena to communicate in short periods of time.

Once the foraging has reached its equilibrium, we count the number of robots on
the shortest path for each experiment. Figure 5.8 shows the percentage of experiments
in which the robots select the shortest path for all the replications and all the β values
tested in each arena. Note that this percentage of traffic is not taken from the total
population but from the number of robots not considered lost. In this situation, we
observe that the swarm chooses the shortest path in most of the experiments (100% for
the experiments in Arena 50 and Arena 100 and 90% for the experiment in Arena 10).

The robots collectively choose the closest resource because when two robots com-
ing from different resources meet (typically in the vicinity of the central place), they ex-
change their information according to the SGIFF. A robot which uses the shortest path,
statistically has a better confidence level than the one using the longest one, because it
has traveled a shorter distance since it left the resource. This confidence level differ-
ence makes the robots that use the shortest path ignore the other’s information, and
those using the longest path adopt the information from the robots using the shortest
one. Encounters along the same path allow the robots to correct their location estimate
errors according to the better information provided by robots that have a slightly better
confidence level.

To study the improvement obtained through the robots’ communication, we run
the same experiments with a setup in which the robots do not communicate. Figure 5.9
compares the percentage of robots foraging in the two paths for the experiments with
and without communication. Note that in the experiments without communication
the robots are not able to create a path because the odometry errors are not collectively
corrected. Therefore, the robots obtain a poor foraging performance.
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(a) (b) (c)

Figure 5.10: Percentage of simulated robots foraging in the two paths for the symmetric
experimental setup (SES) and different β values: (a) Arena 10 (β = 1), (b)
Arena 50 (β = 10�1) and (c) Arena 100 (β = 10�2) (30 replications). The
chosen path is represented by the solid lines. In its steady-state we observe
40% of the swarm in the chosen path in Arena 10, 58% in Arena 50 and
75% in Arena 100.

(a) (b) (c)

Figure 5.11: Distribution of the percentage of traffic on the selected path for the sym-
metric experimental setup (SES) in (a) Arena 10, (b) Arena 50 and (c)
Arena 100 (30 replications). Lost robots are not considered in the dataset.
For the three arenas robots choosewith equal probability one resource area
or the other.
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(a) (b) (c)

Figure 5.12: Percentage of robots foraging in the two paths for the symmetric experi-
mental setup (SES) in (a) Arena 10, (b) Arena 50 and (c) Arena 100 for the
experiments with and without communication (30 replications). For the
three arenas, the experiments in which the robots do not communicate ob-
tain a poor foraging performance.

Resource selection with the symmetric setup

In this test robots are initialized in the SES, where the two resource are at the same
distance from the central place. Because of this symmetry, the robots cannot collectively
choose one single preferred resource based on the distance. In fact, when two robots
arriving at the central place from different resources exchange their estimated resource
information, the controller fuses the two robots’ data sending the robot to an erroneous
location at some point in between the two areas. In an ideal example, two robots which
arrive at the central place from different resource areas which are at the same distance
from the central place, will have the same confidence level value (presrc,i

k|k�1 = presrc,j
k|k�1 ).

Therefore, ∆presrc,ij
k|k�1 = 0 and gresrc,i

k = gresrc,j
k = 0.5; hence pxresrc,i

k|k = pxresrc,j
k|k =

1
2

(pxresrc,i
k|k�1 + pxresrc,j

k|k�1 + xij
k

)
.

However, results in Figure 5.10 show that the robots succeed in choosing one of the
resource. The reason is that if after the first meeting a robotmeets other robots, the filter
will correct its estimates and hence will guide the robot to the correct goal. Nonethe-
less, the way robots weigh their estimates and the equal distance between the central
place and the resourcemake the swarm takemore time to choose its dominant path col-
lectively and the number of lost robots increases, as observed if comparing Figure 5.7
with Figure 5.10. Figure 5.11 displays the percentage of experiments inwhich the swarm
choose one of the paths for each arena. We can observe that the robots choose one path
or the other with the same probability.

As in the asymmetric experiment, we run the same experiments with a setup in
which the robots do not communicate. Figure 5.12 compares the percentage of robots
foraging in any of the two paths in the experiments with and without communication.
As in the AES, in the experiments in which the robots do not communicate, the swarm
is not able to create a path because the odometry errors are not corrected.
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5.2.2 Experiments with real robots

Experiments with real robots were carried out with 10 e-pucks in an arena of dimen-
sions 1.2 x 1.7m2 and lasted 1800 s. Robots start in in the middle of the arena, scattered
in a circle of 0.2m radius with randomposition and orientation. Data collection is man-
aged through the Bluetooth connection. Because of Bluetooth limitations, two different
computers are used to communicate with 5 different robots each. Robots are initial-
ized simultaneously and keep track of a timer which is initialized at the beginning.
This timer allows the robots to have the same time reference axis, which is not used
by the robots to perform the task but it is used by us for evaluation purposes. When a
robot arrives at one of the two goal areas (i.e., central place or resource) or it gets lost,
the robot sends a Bluetooth command to the computer, indicating the state in which
it finds itself (i.e., central place, resource or lost) and the time at which the event takes
place. After 1,800 s the controller stops and robots are randomly re-initialized. The 8
IR proximity sensors are used as input to the obstacle avoidance and communication
behaviors. The central place and resource areas are detected with the ground sensors.
The communication range of the range and bearing board has been limited to 15 cm, as
in the simulation experiments, to avoid the IR signals spread over the arena.

We selected β = 1 from the simulation results and ported the controller to the real
robot. Figure 5.13a shows results of the exploration of the robots as a function of time for
the AES. We observe that robots are able to collectively choose to forage from the clos-
est resource, where more than 80% of the robots not considered lost end up foraging
using the shortest path (see Figure 5.13b). Note that in 7% of the experiments, less than
20% of the foraging robots were using the shortest path. This situation was observed
in experiments in which a small percentage of robots (fewer than three robots) were
foraging in the arena while the rest of the group was lost. If we look at Figure 5.13a and
Figure 5.13b simultaneously, we observe that on average 4-5 robots are lost, 4-5 robots
are foraging using the shortest path and 1 robot is foraging using the longest path.
Finally, a comparison between the experiments with and without communication is
shown in Figure 5.13c. We observe that the robots obtain a poor foraging performance
in the experiments without communication as already observed in the simulation ex-
periments. Figure 5.14 shows results of the experiments in the SES. As already observed
in the experiments with simulated robots, the swarm is able to collectively choose one
of the two resource offered.

Notice that there are quantitative differences between the real and the simulated
experiments. These differences are mainly due to the imperfect communication model
of the range and bearing sensor implemented in simulation. Another problem is given
by the reflections caused by the borders of the arena that distort some of the bearing
measurements when robots are near the borders. Moreover, we have observed some in-
terferences between the range and bearing sensor and the IR proximity sensors. These
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(a) (b) (c)

Figure 5.13: Results for the experiments with real robots in the asymmetric experimen-
tal setup (AES) and β = 1 (30 replications). (a) Percentage of e-puck robots
foraging in the two paths. In its steady-state we observe 45% of the popu-
lation using the shortest path. (b) Distribution of the percentage of traffic
on the shortest path. Lost robots are not considered in the dataset. More
than 80% of the robots that are not lost are foraging using the shortest path
at the end of the experiment. (c) Comparison of the percentage of robots
foraging on the two paths for the experiments with andwithout communi-
cation. The robots obtain a poor foraging performance in the experiments
without communication.

(a) (b) (c)

Figure 5.14: Results for the experiments with real robots in the symmetric experimen-
tal setup (SES) and β = 1 (30 replications). (a) Percentage of e-puck robots
foraging in the two paths. In its steady-state we observe 35% of the pop-
ulation using the chosen path. (b) Distribution of the percentage of traffic
on the selected path. Lost robots are not considered in the dataset. Robots
choose with equal probability one resource area or the other. Once collec-
tively chosen, less than 5% of the robots forage using the other path. (c)
Comparison of the percentage of robots foraging in the two paths for the
experiments with and without communication. The robots obtain a poor
foraging performance in the experiments without communication.
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alterations in the range and bearing produce extra errors notmodeled in the simulation,
which make the robots miscalculate the information given by other neighbors. How-
ever, we observe the same behavior in all the qualitative measures and only a decrease
of less than 10% in the number of robots foraging in the chosen or shortest path.

5.3 Discussion and conclusions

In this chapter, we presented a mechanism of collective localization which uses local
communication to let the robots adopt or ignore information given by their neighbors.
We conducted a central place foraging experiment in which robots rely on collective
localization to repeatedly travel between the resources and the central place.

We first investigated the impact of the β parameter, which determines the impor-
tance of the relative confidence levels in the localization process. We found that the β

parameter gives best results when it gives moderate imitation. On the one hand, pure
imitation should be avoided because it allows an erroneous estimate to rapidly prop-
agate if a robot is mistaken. On the other hand, averaging information is also detri-
mental because it discards valuable information. In addition, when we introduced two
resources, robots could sometimes produce useless information by averaging estimates
about two different locations. This problem had limited impact on the collective behav-
ior because a sufficient level of imitation makes averaging less likely. The negotiation
mechanism investigated in the previous chapter can be seen as a special instance of the
social fermi filter with β set to a very small value, so that individuals average all their
opinions. Hence, our results demonstrate that negotiation is not suited for problems
in which some individuals have better information than the others, in particular the
collective localization problem.

Social odometry was originally designed to allow robots to better localize them-
selves in their environment, but we also found that it triggers a collective choice with
the robots exploiting the closest resource. This is because social odometry contains
a feedback that favors the closest resource. Indeed, robots that forage at that resource
travel less and therefore they have on average better confidence levels in their estimates.
As a consequence, their estimates have higher chances to spread in the population. In
addition, as more robots exploit a resource, the probability for a new robot to meet and
join them increases too. The combination of these two phenomena leads to a collective
choice in favor of the nearest resource.

Thedecisionmakingmechanism reported in this chapter demonstrates howagroup
can take advantage of relevant information carried by informed individuals, here the
robots that travel less. The confidence level associated to the opinions allows the group
to selectively propagate the most relevant information.
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In the next chapter, we perform another resource selection experiment in which
individuals have no direct knowledge that can be used to make the collective decision.
Instead, the decision is gradually shaped by a stigmergic process simulated directly
inside the whole group of robots.





Chapter 6

Resource selection with artificial

pheromone

The previous chapters focused on mechanisms based on direct information transfer.
Here, we investigate a method that allows robot swarms to make collective decisions
using indirect information transfer.

Indirect information transfer — also known as stigmergy — is achieved by modifi-
cations of the environment. This type of communication is very common in nature and
human societies. For instance, wasps rely on stigmergy to build their nest (Theraulaz
and Bonabeau, 1995); ants deposit pheromone on the ground, which is a chemical sig-
nal that can be used to select a resource (Deneubourg and Goss, 1989). On the internet,
we create collaborative content andmake collective decisions by aggregating tiny pieces
of information such as ratings, comments or text edits.

Despite the potential of indirect information transfer, it is almost never employed in
swarm robotics. This is mostly due to the difficulty and impracticality of modifying the
environment: it would be rather boring if robots had to deposit stones here and there
to navigate, just as humans do when they hike in the mountains. Less intrusive signals
such as pheromone would be unreliable in human environments.

We envision two possible solutions to this problem. The first one is to rely on sen-
sors spread in the environment. This solution becomesmore andmore realistic as RFID
chips invade our daily life (Finkenzeller, 2010). If robots are able to communicate indi-
rectly through these chips, they can implement stigmergy in their collective behaviors.
However, this solution has limited interest as long as sensors are not deployed in the
environment in which robots operate. Also, if robots are placed in a new, unprepared
environment, this approach will not work.

The second solution, which is the one we explore in this chapter, consists in using
the robots themselves to form a network, amesh that covers the environment and inside
which indirect information transfer can occur.
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In this chapter, we investigate a decision making situation in which some robots
have key information, while the other robots are only creating a network inside the envi-
ronment. No robot has the necessary information to directly make the decision. Rather,
the collective decision is gradually elaborated through indirect information transfer in-
side the network of robots.

The foraging experiment involves two resources that are situated at different dis-
tances from the central place. We consider that robots are already forming physical
chains between the central place and the resources. These chains may be the product
of the chain controller (detailed in Nouyan et al., 2008). Single robots only know where
their immediate neighbors are, and they can detect resources or the central place in
close range. None of the robot knows what is its distance to the central place, or which
resource is the most interesting to exploit. The collective decision of the robots is the
product of the activity of virtual ants injected inside the network of robots. These vir-
tual ants travel from the resources to the central place, back and forth, laying artificial
pheromone on the nodes of the network. The level of artificial pheromones on the nodes
therefore reflects the collective choice of the virtual ants. Using this process, the robots
can determine if they contribute to mark out the path to the most profitable resource.

The rest of this chapter is organized as follows. In Section 6.1.1 we expose our ex-
periment in detail along with the setup used. In Section 6.1.2 we present the controller
used to simulate vitals ants and artificial pheromone inside the network formed by the
swarm. An analytical model of the collective behavior is described in Section 6.1.3. We
then proceed with results in Section 6.2. We start with a study of the analytical model
and provide a large picture of how the system responds to various parameters. Then,
we investigate the selection of the path to the most profitable resource with simulated
and real robots. The remaining sections are devoted to the study of properties of the sys-
tem, including plasticity and robustness to communication errors. Finally, Section 6.3
discusses results, perspectives and concludes the chapter.

6.1 Methods

6.1.1 The task and the experimental setup

We have devised a simple task in which robots are offered two resources. We focus
on the path selection process and assume that robots have already established chains
between the central place and each resource using, for example, a mechanism such as
the one presented by Nouyan et al. (2006, 2008). Once chains are formed, robots do not
move anymore and simply exchange messages.
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Figure 6.1: (a) Setup with resources at identical distances. (b) Setup with resources
at different distances. CP denotes the central place, R1 and R2 denote re-
sources 1 and 2 respectively.

(a) (b)

Figure 6.2: (a) The e-puck robot. (b) A swarm of 20 e-pucks arranged in a long and a
short path for the setup with resources at different distances.

Figure 6.1 shows the two different setups employed. In the first setup, the two re-
sources are situated at equal distance from the central place, while in the second setup,
one resource is closer to the central place than the other. We always use a total of
20 robots that are positioned at 10 cm intervals to form chains.

The task allowsus to testwhether the robots are able to (i) performa collective choice
when offered two resources at identical distance, (ii) modulate their choice depending
on the distances of the available resources from the central place, and (iii) exhibit plas-
ticity after sudden environmental changes.

We have used e-puck robots equipped with the range and bearing board (Gutiérrez
et al., 2008, 2009a). The board (described inChapter 3) allows the robots to communicate
locally, obtaining at the same time both the range and the bearing of the emitter without
the need for any centralized control or external reference. In this study, we have limited
the emission range to 13 cm and used 8 sensor/actuator pairs in order to limit the size
of our experimental setup, to reduce the probability of message collisions and to make
sure that a message is specifically sent to a given robot and cannot be perceived by
another robot in the neighborhood.

In the simulator, all the simulated sensors and actuators are modeled after mea-
sures taken on real robots. In order to simulate effectively the sensory input of real
robots, we added noise to the simulated sensory data. In the range and bearing com-
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munication system, noise is added to the range (�2.5 cm) and bearing (�20 �) values.
By default, messages transmitted with the range and bearing system were delivered
with no errors. For the study of robustness to communication errors (see Section 6.2.6),
we implemented a probability that a message became corrupted. Corrupted messages
could be either lost or their content could be altered into any other possible content.

6.1.2 Robots’ controller

The robots’ controller is designed to produce a selection mechanism at the collective
level. The main part of the selection mechanism consists of virtual ants traveling along
the chains of robots from the central place to the resource, and vice-versa. Virtual ants
are implemented asmessages transmitted from robot to robot (calledVACP when going
towards the central place and VAR when going towards a resource).

The virtual ants deposit artificial pheromone on the robots forming the chain and
indicating the path. Because virtual ants take less time to traverse a shorter path, in
a given amount of time they will make more trips on short paths than on long ones.
Shorter paths will therefore receive larger amounts of pheromone than longer paths.
The amplification process will increase further this difference: relay robots preferen-
tially send virtual ants in directions that have already higher amounts of pheromone.
Amplification determines a collective choice even when resources are at identical dis-
tances. In fact, even thoughon average these paths receive the same amount of pheromone,
a slight and random difference in pheromone concentrations can be amplified and lead
to a final collective choice (Pasteels et al., 1987; Deneubourg andGoss, 1989; Deneubourg
et al., 1990).

Only robots that perceive either the central place or a resource have the possibility
to emit new virtual ants. These ants are then relayed by any robot that perceives them
until they reach their destination. There is no fixed population of virtual ants: they are
created at a rate determined by the emitters’ concentration of pheromone and disappear
if they are not relayed, typically when reaching the extremity of a chain.

Establishing the communication network

Before emitting or relaying virtual ants, robots need to know in which direction to send
them. In a first stage, the robots organize themselves in a network with a shortest path
tree topology that allows ants emitted from a resource to travel straight to the central
place along the shortest path.

To do so, the robot perceiving the central place probabilistically emitswavefront sig-
nals. These signals propagate through the swarm and inform each robot of the swarm
about which of its immediate neighbors is closer to the central place (see Figure 6.3a).
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(a) (b)

Figure 6.3: The robots organize themselves in a networkwith a shortest path tree topol-
ogy. (a) The robot perceiving the central place emits a wavefront signal that
is in turn retransmitted by every robot perceiving it, thus propagating the
signal through the entire swarm. (b) Each robot remembers the direction
from which the wavefront was perceived first, creating the desired topol-
ogy at the collective level.

In practice, wavefront signals are implemented by a particular message (called SPT)
which is first emitted at the central place. Upon detection of an SPT message, a robot
interrupts any current action and repeats the message, sending it in all directions. To
ensure that themessages are propagated only forward, robots that have just sent an SPT
message enter an inhibited state of h = 0.35 seconds during which they do not receive
or send any message.

As described in Figure 6.3b, this method creates a communication network with a
shortest path tree topology and is general enough to work with any arrangement of the
robots, as long as the swarm forms a single connected network. We have also imple-
mented a regular update of the communication network because it is the most sensitive
element of the system. If a communication error happens during the construction of
the shortest path tree, or if a robot moves, our assumption that virtual ants are able
to travel between the central place and the resources may not be verified anymore. To
cope with these unlikely but possible events, the communication network is updated
by sending new wavefront signals at a rate of u = 0.01 updates per second.

The motion of virtual ants within the network

Since virtual ants are messages in the system, the emission and relay of these messages
within the communication network is achieved by the robots themselves.

Figure 6.4 provides a detailed view of a robot relaying a virtual ant. Robots have a
total of 8 pairs of sensors/actuators, positioned around their body, that receive or send
virtual ants. The physical location of the sensors/actuators allows the robots to infer
the incoming direction of virtual ants and also to send them in specific directions.
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Figure 6.4: Detailed schema of a robot relaying a virtual ant. During this process, the
robot receives the virtual ant on sensor/actuator j = 7, updates the mem-
ory register Mj associated to sensor/actuator j as well as the concentration
of pheromone C, and finally transmits the virtual ant in a new direction
through another sensor/actuator i = 3.

Because of infrared reflections on the ground or on the body of other robots, a robot
might perceive an ant he just relayed ahead of himself. To avoid that a robot relays
several times the same ant by mistake, we use two different messages for ants going to
the central place (VACP ) or ants going to the resources (VAR). For instance, a virtual
ant VACP perceived by a robot in the direction of the central place will not be relayed
again by this same robot because it is already heading towards its destination.

There are 8 memory registers M1, . . . , M8 associated to the eight pairs of infrared
sensors/actuators. When a virtual ant is perceived by the sensor/actuator i, memory
Mi is updated by adding an amount l P]0, 1] of pheromone:

Mi = Mi + l. (6.1)

Therefore, Equation 6.1 implements the same fundamental principle as described
by Goss et al. (1989) to explain path selection in real ants. In addition, the relaying robot
updates its concentration of pheromone C according to Equation 6.2:

C = C + (1� C)l. (6.2)

When updated, the concentration of pheromone C converges asymptotically to 1.
Pheromone concentration is used to tell, after convergence, whether a robot is on the
selected path: this is the case if a robot’s C value exceeds a given threshold. C is also the
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rate per second at which robots may emit new ants. Note that only robots perceiving
the central place or the resources may emit new ants (that is create them), other robots
are only relaying these ants.

When a relaying robot perceives with sensor/actuator j an ant going to a resource,
it has to decide in which direction to send it. The robot calculates the probability P (i, j)

to send this ant with actuator i using Equation 6.3:

P (i, j) =
Mi

s°
k�j Mk

s , (6.3)

where s ¡ 1 is a factor that introduces non-linearity in the system by amplifying small
differences among possible directions. For instance, if we consider that s = 2 and there
are only two sensors/actuators and one of them has received 10% more pheromones
than the other, the probability to relay a virtual ant with that sensor/actuator is higher
by 21%: 1102/(1102 + 1002) = 1.21 � 1002/(1102 + 1002).

Similarly to its natural counterpart, artificial pheromone evaporates at a constant
rate f per second:

C(t +∆t) = C(t)�∆t � C(t) � f, (6.4)

Mi(t +∆t) = Mi(t)�∆t �Mi(t) � f @i P [1, 8], (6.5)

where t is the time and ∆t is the controller time step. This evaporation ensures that
pheromone concentration decreases on a path that is not selected. The selection of a
path is maintained only if virtual ants keep on traveling along the path and depositing
artificial pheromone. If a sudden change in the environment makes a path unavailable,
the swarm slowly forgets it. However, ignored paths may need to be reactivated. For
this purpose, we define a minimum concentration of pheromone ε for every robot that
guarantees a minimal traffic of virtual ants.

An experiment typically unfolds with robots waiting for an initial wavefront signal
that will create the first shortest path tree. Once the wavefront signal is received, robots
at the resources emit virtual ants towards the central place. When receiving virtual
ants, the robot at the central place starts sending virtual ants as well. The virtual ants
are emitted at a rate that is equal to the pheromone concentration of the emitting robot.
Initially, the pheromone concentration on all the robots is set to 0.5. We consider that the
selection process is completed when the pheromone concentration of the non selected
path has decreased below a predefined threshold.
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Figure 6.5: Equilibria of the analytical model when pheromone concentrations are
stable. (a) Impact of distances ratio d2/d1. (b) Impact of evapora-
tion/deposition ratio f/l.

6.1.3 Analytical Model

The previous definitions of the robots’ controller and task involve several parameters
thatmay change, such as the distances d1 and d2 of the two resources to the central place,
as well as the evaporation rate of pheromone f (forgetting process) and the amount of
pheromone l deposited by a virtual ant on a robot during relaying (learning process).

To understand the impact of these parameters on the collective behavior of the
robots, we devise a mathematical model and study its steady states along with the
probabilities to reach them. Our approach is not aimed at finding the best parame-
ters for a specific case. Rather, we try to obtain a better understanding of the collective
behavior and to extract general rules in order to parameterize effectively the robots in
the subsequent experiments.

We model the concentrations of pheromone at the central place (CP) and at the
resources (R1 and R2) over time with the variables α, β1, and β2 respectively (see Ta-
ble 6.1). As said in Section 6.1.2, pheromone concentration is used to set the rate of
emission of virtual ants (ants/s). Hence, the number of ants emitted at Ri over a time
interval T is given by mi = βiT . We assume that the transmission of an ant lasts ex-
actly h seconds, so the number mi of ants that can be emitted at Ri over a period T must
satisfy the constraint mih ¤ T .

When a robot is relaying a virtual ant, it cannot receive another ant at the same time
because of hardware limitations. If another ant is sent to the robot during transmission,
we say that a collision happens. The first ant is transmitted while the other one is lost.
When n ¡ 1 resources are present in the environment, the possible paths to the central
place intersect. Robots at intersections may receive ants coming from each resource
and are likely to experience collisions more frequently than others. For this reason, we
include collisions at intersections in our model to take their effect into account. We call
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xi the number of ants per second emitted at Ri not experiencing a collision. At any
moment, the probability pi that an ant emitted at Ri collides at the intersection point
with another ant emitted at Rj (j � i) is given by:

pi =
(xjT )h

T
= xjh.

Hence, the rate of ants emitted at Ri and not experiencing collisions is: xi = βi(1�
pi) = βi(1 � xjh). We obtain a system of equations that can be solved using a simple
Gaussian elimination:

#
xi = βi(1� xjh)

xj = βj(1� xih)
ðñ

$''&''%
xi =

βi � βiβjhj

βiβjhihj � 1

xj =
βj � βiβjhi

βiβjhihj � 1
.

Following the description of the robots’ controller given in Section 6.1.2, the dynam-
ics of α and βi are modeled by the following differential equations:

$''&''%
dα

dt
= �f(α� ε) + l(1� α)

¸
i

ϕi,

dβi

dt
= �f(βi � ε) + l(1� βi)α

ϕs
i°

k ϕs
k

.

where ϕi = xiv/di is the number of ants traveling along the path from Ri to the central
place.

6.2 Results

In the following, we evaluate how the parameters of the system influence the collective
behavior using the analytical model. We then report results obtained from experiments
with real and simulated robots. For each setup with resources at identical or differ-
ent distances, we perform 20 repetitions. Experiments concern the collective choice
of paths, the plasticity of the selection process, and the robustness to communication
errors.
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Figure 6.6: Results with real and simulated robots for setupswith resources at identical
distances. (a) Proportion of repetitions that ended with the choice of R1
or R2. (b) Distribution of differences in pheromone concentrations (|β1 �
β2|), accounting for the discrimination of the swarm among the paths. (c,
d)Average pheromone concentrations over time at the selected and ignored
paths.

6.2.1 Parameter Study

We study the stable states of the analytical model when pheromone concentrations
reach a steady state. We focus on the influence of the relative distances of resources, as
well as the deposition and evaporation coefficients. The values of parameters h and v

in Table 6.1 are set to the maximum allowed by the hardware communication system
at the time of the study. The amplification factor s is set to 2 (it must be strictly higher
than 1 in order to introduce non-linearities and trigger amplification). Table 6.1 gives
the default values of the parameters.

We define the relative concentration of pheromone k = β1/(β1 + β2), a coefficient
to study path selection. If k � 0, the concentration of pheromone at R1 is negligible
while it is high at R2. In this case, we say that the path to R2 is selected. Conversely, if
k � 1, the path to R1 is selected. If k � 0.5, the swarm is unable to select a single path.

Figure 6.5a shows coefficient k when the relative distance to R2 increases. When
resources are at the same distance, we observe two stable states with one unstable state
at k = 0.5. The swarm selects indifferently one of the two paths. As soon as R2 is
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Variable Description Initial
α rate of ants emitted at central place 0.5 ants/s
βi rate of ants emitted at Ri 0.5 ants/s

Parameter Description Default
n number of resources in the experiment 2
s amplification factor 2
l pheromone deposited (learn) 0.88
f evaporation rate (forget) 0.029
d1 distance of R1 to central place (identical distances) 1.2 m

(different distances) 0.8 m
d2 distance of R2 to central place (identical distances) 1.2 m

(different distances) 1.6 m
h duration of inhibition period 0.35 s
v speed of a virtual ant 5 m/s
ε minimum pheromone concentration 0.016 ants/s
u update rate of the network topology 0.01 /s

Table 6.1: Summary of variables and parameters of the experiment.

farther than R1 the stable state k � 1 in which the path to R1 is selected has a larger
basin of attraction and the probability to converge there is increased. When the ratio of
distances d2/d1 ¡ 2.5, the swarm always selects the path to R1.

Figure 6.5b shows the impact of the evaporation and deposition ratio (f/l) on the
model’s stable states when the ratio of distances d2/d1 = 2. We have set the deposition
coefficient to l = 0.88 in order to achieve a relatively fast collective behavior. We observe
that low values of f generate a third stable state in which k = 0.5 and the swarm is
unable to make a selection. When f/l   0.2, the model may have up to three stable
states, and depending on noise and initial conditions, it may not be able to select a
path. As soon as f/l ¡ 0.2, the model has two stable states in which the swarm selects
the path to either R1 or R2. The unstable state is very close to 0 and we observe a larger
basin of attraction of stable state k = 1 in which the path to R1 is selected.

Based on the previous observations, we have set parameters d1, d2, l, f with the val-
ues reported in Table 6.1. Unless stated otherwise, these settings are used to perform
the experiments reported in the following section.

6.2.2 Resources at identical distances

When resources are located at the same distance from the central place the swarm ar-
bitrarily selects one of the paths (binomial test, p ¡ 0.35; see Figure 6.6). The swarm’s
collective choices in reality and in simulations do not differ statistically (proportions
test, p ¡ 0.75). At the beginning of the experiments, the concentrations of pheromone
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Figure 6.7: Results with real and simulated robots for setupswith resources at different
distances. (a) Proportion of repetitions that ended with the choice of R1
or R2. (b) Distribution of differences in pheromone concentrations (|β1 �
β2|), accounting for the discrimination of the swarm among the paths. (c,
d)Average pheromone concentrations over time at the selected and ignored
paths.
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on the two paths are similar and virtual ants are routed towards either resource. The
amplification of random fluctuations in the emission of ants triggers the swarm’s col-
lective choice. One of the two paths receivesmore andmore virtual ants laying artificial
pheromone, while the pheromone concentration on the other path decreases quickly to
the allowed minimum. The selection achieved by the swarm is stable, both in reality
and in simulations. In simulations, most of the experiments (85%) end with a clear
selection, where the difference in pheromone concentrations is high enough to define
a threshold (¡ 0.25) for discriminating among paths. With real robots, we observe that
80% of the experiments endwith a clear discrimination of the paths. The remaining ex-
periments exhibit differences that are too small to allow discrimination. This slight dif-
ference between simulations and reality probably arises because of two related factors
that are reducing the strength of the amplification process: the non-modeled collisions
of messages traveling in opposite directions and the vanishing of virtual ants.

6.2.3 Resources at different distances

When resources are located at different distances the swarm selects the path to the clos-
est resource more often (binomial test, p   0.001). As shown in Figure 6.7, that path is
chosen in 95% of the cases with real robots. The concentration of pheromone is main-
tained for the chosen path, while it quickly drops for the other one. We observe a good
agreement between reality and simulations, both for the evolution of pheromone con-
centrations in time and the differences in concentrations. However, with real robots
concentrations of pheromone are not as high as expected. Again, this behavior can
be explained by the non-modeled collisions of virtual ants. This phenomenon is also
responsible for the better capability of the swarm to choose the path to the closest re-
source in reality, although this difference is not statistically significant (proportions test,
p ¡ 0.18). Collisions of virtual ants are more likely to occur on a longer path because
virtual ants spendmore time traveling from one end to the other. Hence, the path to the
farthest resource is more affected by the negative feedback of collisions, which results
in the swarm discriminating more accurately among the two resources.

6.2.4 Resources of different qualities

The system proposed is not bound to select paths only based on their length. It is also
possible for the robots to modulate their collective choice as a function of the quality of
the resources detected. Wemake the assumption that robots can evaluate the quality of
the resources when they detect them and that they can translate quality into a number
Q P [0, 1]. For this specific experiment, we modify the behavior of the robots so that
if they detect a resource, they emit virtual ants at the rate r = C � Q where C is the
pheromone concentration on the robot, and Q is the quality of the resource detected.
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a b c

Figure 6.8: Selection of the resources based on their quality. We report the proportion
of trials that end up with the selection of R1 or R2 in three different sets of
simulation experiments. (a, b) Resources are situated at identical distances
from the central place. (a)R1 has a higher quality than R2, (b)R1 has a lower
quality than R2. Robots choose the resource with best quality. (c) Resources
are situated at different distances and their respective qualities are tuned to
compensate for the effects of distance. The choice of the robots is randomly
in favor of R1 that is closer but with a lower quality, or R2 that is farther but
with a higher quality.

We run two simulation experiments using resources at identical distances. In one
experiment, resource R1 has a quality set to QR1 = 1, while resource R2 has a quality
QR2 = 0.8. In the second experiment, the qualities of the resources are inverted. Fig-
ure 6.8a and b summarize the collective choice of the robots in these two experiments.
When R1 has a better quality than R2, it is selected in 85% of the trials. In the sym-
metrical situation where R2 has a better quality than R1, the robots select R2 in 85%
of the cases. This contrasts with the previous experiments in which resource quality is
not defined and only distance is taken into account by the robots, and shows that the
collective choice of the robots can be steered by the quality of the resources detected.

It is worth mentioning that the collective choice of the robots depends on the re-
sources profitabilities which are function of their distances and qualities. To show this
duality, we run simulation experiments with resources at different distances in which
the quality of the resources (QR1 = 0.92; QR2 = 1.00) are specifically tuned to com-
pensate for the effects of distance (d1 = 0.8 m; d2 = 1.6 m). In Figure 6.8c, we observe
that the robots do not distinguish between the two offered resources and they select
randomly R1 or R2 (binomial test, p ¡ 0.74). This is because R1 is closer but with a
lower quality, while R2 is farther with a higher quality.

6.2.5 Plasticity of the selection process

To test the response of the swarm when there is a sudden environmental change, that
is, when a selected resource becomes unavailable or when a new resource appears in
the environment, we run three sets of experiments with real robots. In all these exper-
iments, we use the setup with resources located at different distances.
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Figure 6.9: Plasticity of the swarm selection in experiments with real robots. Three dif-
ferent experiments are carried out using a setup with resources at different
distances. First column: average pheromone concentrations over time on
the paths. Second column: proportions of trials in which R1 or R2 are se-
lected at the end of experiments. Third column: difference in pheromone
concentrations (|β1 � β2|) at the end of experiments. (a, b, c) Initially R1
is selected. After 600 seconds, the path to R1 is blocked. The robots adapt
their choice towards the remaining resource R2. (d, e, f) Initially R2 is se-
lected as it is the only resource available. After 300 seconds, R1 becomes
available. The robots detect the new and better resource R1 and select it.
(g, h, i) Initially R1 is selected as it is the only resource available. After 300
seconds, R2 becomes available. The robots detect the new resource R2 but
maintain their initial choice in favor of the better resource R1.
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Figure 6.10: Robustness of the selection process in simulation experiments. We report
the proportion of trials (�95% confidence intervals) that end up with the
selection of R1 or R2 as a function of the probability error per message
transmitted. The performance of the robots degrades gracefully until the
probability is greater than 0.188, in which case no path is selected.

In the first set of experiments, the selected path to the closest resource is suddenly
blocked (see Figure 6.9a, b, and c): after 600 seconds, we introduce an obstacle along the
selected path to the closest resource R1. After the obstacle is introduced the swarm reor-
ganizes itself and selects the only path left. This is the outcome of two factors: first, the
pheromone concentration in the shortest path drops quickly as virtual ants are blocked
by the obstacle. Second, the longest path has maintained a minimum concentration of
pheromone ε that allows it to have a low activity. As soon as the swarm has forgotten
about the unavailable resource R1, it strongly amplifies its activity in the second path.

In the second set of experiments, we provide only one resource (R2) and later we
introduce a new resource closer to the central place (R1) (see Figure 6.9d, e, and f).
The resource R1 becomes available in the environment 300 seconds after the start of the
experiment. The robot that detects it immediately starts to emit virtual ants towards the
central place. During 60 seconds on average (until t = 360 s), a competition between
the two paths takes place. The new resource is closer and the detecting robot starts
with a higher concentration of pheromone (we have set it to 1) but on the rest of the
path, the concentration of pheromone is still minimal. Hence, many virtual ants are
emitted at R1 to the central place, but none are sent back to R1. It takes several virtual
ants emitted at R1 to level up the pheromone concentration along the whole new path
so that virtual ants start to travel from the central place to R1. At the same time, the
path initially selected experiences a decrease in the pheromone concentration due to
collisions of virtual ants emitted on the short path. As expected, the short path receives
virtual ants faster than the long path, and consequently reacts faster. The difference in
reaction time of the short path is amplified and the robots select the short path in 95%
of the trials.
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The previous experiments are not sufficient to claim the plasticity of the system.
Indeed, the robots could systematically select the path to a new resource appearing
in the environment, even if the new resource is less profitable than the one currently
selected. To validate the plasticity of our system, we run a new experiment in which
we provide one resource (R1) and introduce a new andmore distant resource (R2) after
300 seconds (see Figure 6.9g, h, and i). Again, during a period of 60 seconds on average
(until t = 360 s), the paths to the two resources compete. The selected short path has a
small drop in the pheromone concentration incurred by the sudden activity on the long
path. However, the pheromone concentration on the long path never grows because of
the inherent disadvantage of profitability. The robots maintain their initial choice in
90% of the cases.

In summary, plasticity allows robots to modify their collective choice in favor of a
path to a newly detected resource if and only if that resource is more profitable than
the one already selected.

6.2.6 Robustness to communication errors

We test the robustness of our system to communication errors by introducing a prob-
ability that a message sent by a robot is corrupted. When corrupted, messages can be
either lost or transformed into any other type of message with equal probability. In to-
tal, we use only three types of messages: virtual ants (VACP and VAR), and wavefront
signals used to build the topology of the network (SPT).

In this specific experiment, we rely exclusively on simulation and we use a setup
with resources located at different distances. We also must adapt the parameters of
the system to make pheromone deposition and evaporation slower. Indeed, corrupted
messages reduce the number of virtual ants traveling along the paths. An immediate
consequence is that pheromone concentration drops faster when there are communi-
cation errors. To cope with this effect, we set the amount of pheromone deposited per
virtual ant to l = 0.06 and the rate of pheromone evaporation to f = 0.01. All other
parameters are kept identical to the default configuration reported in Table 6.1.

The probability that a message gets corrupted is studied in the range [0, 0.25]. In
Figure 6.10 we report for each error probability tested the proportion of trials that end
up with the selection of the short path and of the long path. When there are no com-
munication errors, the robots select the short path in 95% of the cases. When the error
probability is in the range [0.002, 0.056], we observe an improvement in the capability
of the robots to select the short path, in the best case always selecting the short path.
This is because errors are more likely to happen on the long path. The performance
of the system gracefully degrades as the probability of communication errors increases
and the robots either select the short path or do not make any choice. In any case, the
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long path is never selected in more than 5% of the trials. When the error probability is
equal to 0.188, the robots are not able anymore to perform a collective choice in 92% of
the trials, and if they do a collective choice, it is indifferently in favor of the short or of
the long path. Finally, when the communication error probability is greater than 0.188

the robots are not anymore able to select any path reliably.

6.3 Discussion and Conclusions

In this chapter, we described an approach to path selection inspired by the trail laying
behavior of ants during a foraging task. We validated the mechanism with real world
experiments and simulations involving a swarm of 20 robots. Furthermore, we studied
properties of plasticity and robustness to communication errors.

Artificial pheromone allowed the robots to perform a collective choice between two
identical resources available in the environment. Moreover, the robots’ choice was
modulated by the profitability of the resources. When offered two resources located
at different distances, robots selected the path to the closest resource most of the times.
If a sudden change occurred in the environment and a resource became unavailable,
robots quickly reoriented their choice in favor of a path to another available resource.
Finally, if a new resource appeared, robots changed their choice if and only if that re-
source was more profitable than the one already selected.

Interestingly, the collective decision of the swarm is the result of a self-organized
process that relies on indirect information transfer (here we have virtual ants that com-
municate indirectly by depositing artificial pheromone). Although it is in general dif-
ficult to use stigmergy in robot swarms, we demonstrate a general solution which con-
sists in simulating the process inside the robots. Using robots as containers of alterable
information provides new perspectives to implement stigmergy in robot swarms.

In the following chapter, we investigate an experiment in which robots have no pos-
sibility to perceive the characteristics of the available options, and do not communicate
with each other. Despite the ignorance of the members, we show that the group is able
to discriminate resources and select one that fits the needs of the group.



Chapter 7

Resource discrimination

Robot swarmsmaking collective decisions are often designedwith the successful exam-
ples of ant colony optimization or particle swarm optimization in mind (Dorigo et al.,
1996; Dorigo and Stützle, 2004; Poli et al., 2007). For instance, systems inspired by the
pheromone laying behavior of ants are typically used to identify the shortest route in
a network (Di Caro and Dorigo, 1998; Sugawara et al., 2004; Garnier et al., 2007). Bee
inspired systems try to locate the best resource available in the environment (Pham
et al., 2006). When robots use this type of decision making mechanism, they are often
bound to choose an option that minimizes or maximizes a certain characteristic. There
are, however, situations that require robots to choose an option that meets adequate
specifications.

As an example, if the robots are not alone in their environment, large and rich re-
sources are more likely to attract competitors, adding an extra cost for the protection
of the resource (Nagamitsu and Inoue, 1997; Holway and Case, 2001; Lichtenberg et al.,
2010). Moreover, robotsmay be forced to spread over a larger space to occupy thewhole
resource, hence impairing intra-group cooperation or reducing the benefits of working
in group (Krause and Ruxton, 2002; Sumpter, 2010). In all these situations, it is more
advantageous for groups to select resources that correspond closely to their needs, and
to avoid oversized ones. But this task requires to evaluate the overall needs of the group
in addition to the capacity of the available resources.

In this chapter, we propose and investigate a self-organized mechanism to discrim-
inate which of several resources is the one that best fits a group’s needs. In our experi-
ment, robots can exploit resources directly on the spot. The robots can perceivewhether
they are exploiting a resource, but they are not endowed with sufficient cognitive abili-
ties to evaluate the dimensions of the resources. Moreover, robots do not communicate,
and they are only able to perceive the local presence of conspecifics. Strictly speaking,
robots do not have sufficient knowledge to select the proper resource. Instead of gather-
ing knowledge tomake the decision, we rely on the interplay of two opposite feedbacks
to drive the choice of the group towards the target resource.
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Figure 7.1: The experimental setup. In a circular arena of 1m radius, the two resources
are represented by cardstock discs (radius of 0.25mand 0.45m) fixed to the
ground.

This chapter is organized as follows. In Section 7.1.1, we describe the task of the
robots and the experimental setup we used. Section 7.1.2 details the control algorithm
implemented on the robots, and how it takes inspiration from biological studies of cock-
roaches and ants. Next, we explain our methodology to parameterize our experiments
in Section 7.1.3. Section 7.2 reports the results of our experiments with real robots, along
with additional simulations results. Lastly, Section 7.3 concludes this chapter.

7.1 Methods

7.1.1 The task and the experimental setup

Our experiment is inspired from a biological study of the cockroaches’ aggregation be-
havior (Amé et al., 2004, 2006). We have adapted the experimental setup used with
cockroaches to our needs. To this end, we notice that shelters can be seen as resources
for cockroaches and that the shelters’ surfaces correspond to the capacities of the re-
sources. In addition, the total surface of the cockroaches’ bodies corresponds to the
group needs.

In our experiment, the task of the robots consists in selecting the resource that fits
their needs. We place a group of 10 e-puck robots in a circular arena, searching for
resources during one hour (see Figure 7.1). The target resource has the necessary and
sufficient capacity to host all the robots involved in the task. The other resource is either
larger or smaller. The robots must gather on the target resource.

Inmore details, the environment in which experiments take place is a circular arena
of 1 m radius (see Figure 7.1). Since robots’ perception relies on measures of infrared
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light, the arena is enclosed in a room without window to prevent natural light from
entering the setup. Two compact 18Watt fluorescent lamps placed 2m above the arena
shed light in the room. The role of resources is played by two dark cardstock discs
fixed to the ground. One resource, called the target resource, has a carrying capacity
that matches the number of robots (0.25 m radius). Its dimensions are obtained using
simulations (see 7.1.3). The other resource is larger than the target by a factor of 1.8

(0.45 m radius). We recorded the experiments with a camera placed above the setup.
Data was extracted from the videos using a tracking system designed at the IRIDIA
laboratory that identified how many robots were at each resource. Additional results
are obtained using simulations.

7.1.2 Robots’ controller

Our starting point is the analytical model proposed by Amé et al. (2006) to explain the
collective choice behavior of cockroaches when they select one shelter out of several
identical ones. Amé et al.’s model is based on the assumption that the probability Qi

for a cockroach to leave a shelter i decreases with the density Di = Xi/Si of individuals
(Xi) in the shelter (of capacity Si):

Qi =
θ

1 + ρD2
i

,

where parameters θ and ρ determine theminimum andmaximumprobabilities of leav-
ing the shelter depending on Di. The model predicts that, when each shelter is suffi-
ciently large to house all the cockroaches, the group will aggregate in only one of them.
If shelters are too small the model predicts that the group will use two or more shelters
equally.

As in the model, robots decide to stay at or leave a resource as a function of the
density of robots already present. However, computing the density of a region requires
knowledge of both the surface of the region and the number of individuals present in
the region. This is a non-trivial task for a single individual, especially if the number of
individuals and/or the surface to cover are important. Moreover, the robots have very
limited capabilities. They can only perceive whether or not they are on a resource, and
locally detect obstacles or other robots. They are not endowedwith sufficient perceptual
or cognitive abilities to measure the size of the resources nor to count the total number
of robots.

We solve this problem by relying on the rate of encounters with other robots to
evaluate the density of individuals at a resource: the more contacts they have with
other robots, the greater their estimated value of the density. Interestingly, a recent
study of emigrating ants Temnothorax albipennis (Pratt, 2005) reported that these insects
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Figure 7.2: The robots’ controller. Three different states are present in the FSM. Arcs
denote transitions between the states.

also use the rate of encounters to evaluate their density in a cavity. Using this simple
mechanism, it is thus possible to implement the collective selection process described
previously.

The behavior of the robots is therefore a combination of the cockroaches’ and of the
ants’ behavior (Pratt, 2005; Amé et al., 2006). The robots’ controllers are implemented
as probabilistic finite state machines (Rabin, 1963). When a robot is not at a resource,
it performs a random walk (Reif, 1965; Codling et al., 2008) with obstacle avoidance
till a resource is found again. When at a resource, the robot also performs a random
walk, trying to remain there by turning around upon encountering borders. Every 30

s, the robot can decide with probability Q to leave the resource. The density D is ap-
proximated by the number of collisions with others robots measured during this time
interval. The parameters θ and ρ are obtained using a genetic algorithm designed to
favor a fast and stable collective choice of the target resource (see 7.1.3).

Robots are controlled by a finite statemachine. The different states of the probabilis-
tic finite state machine are represented in Figure 7.2, with arcs denoting the transitions
between them.

In the following we summarize the possible behavioral states. The controller is ini-
tialized in the Explore state.

• Explore. The robot performs a random walk in the environment. An obstacle
avoidance subroutine is triggered when needed. The robot switches to the Stay
state when it encounters a resource.

• Stay. The robot performs a random walk inside the resource. Every 30 seconds,
the robot decides with probability Q to leave the resource and enter the Explore
state. If the robot finds itself outside the resource it switches to the BackToResource
state.

• BackToResource. The robot has reached the border of the resourcewhere it stays.
It performs a U-turn then keeps turning on the spot. If the robot finds itself in the
resource it switches to the Stay state. If 5 seconds have elapsed and the robot still
does not perceive the resource, it switches to the Explore state.
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7.1.3 Parameters tuning

The parameters θ and ρdeterminewhen robotsmake the decision to leave the resources.
For a robot, the probability Q to leave a resource is expressed as θ/ (1 + ρD2), where
D is an estimate of the robot density in the neighborhood. If the resource is crowded,
D � 1, and Q � θ/(1 + ρ). If the resource is empty, D � 0, and Q � θ. Therefore
the parameters θ and ρ determine the maximum and minimum probabilities to leave a
resource.

To ensure an effective collective behavior, we tune these parameters with a simple
generational genetic algorithm (Goldberg, 1989). We define a genotype as a vector of
two real values to be assigned to θ and ρ. We run the genetic algorithm for 1000 itera-
tions, during which we breed new generations of 64 genotypes. The genetic algorithm
loop consists in the evaluation, the selection and the reproduction of the genotypes.

To evaluate the fitness of a given genotype, we parameterize the controller of 10
simulated robots with the genotype. We run 50 simulated experiments with a target re-
source (0.25m radius) and a larger resource (0.3m radius). We also run 50 experiments
with a target resource and a smaller resource (0.2mradius). The fitness of the evaluated
genotype is computed as an indicator of the ability of the robots to make a choice that
is fast, lasting, and in favor of the target resource: fitness = n �(1�s)/T �d/T �c, where
n is the proportion of experiments in which a collective choice of the robots occured, s

is the average starting time of the choices, d is the average duration of the choices, T is
the total duration of an experiment and c is the proportion of choices made in favor of
the target resource.

After evaluation, we rank the genotypes according to their fitness and create a new
generation. The best 5% genotypes are cloned. Then, genotypes are picked randomly
from the best 70% andmutated with a probability of 0.2 or reinitialized randomly with
a probability of 0.07. A mutation consists of adding to the genotype random values
drawn from Gaussian distributions. For θ, we use a Gaussian with µ = 0 and σ =

0.1. For ρ, we use a Gaussian with µ = 0 and σ = 1.1. During evolution, all vector
component values are constrained to remain within the ranges [0, 1] for θ, and [0, 109]

for ρ.

The analysis of the results reveals that the collective behavior of a group of 10 robots
in our experiments is the most effective when θ = 1 and ρ = 600.

7.1.4 Scaling of the experimental setup

Simulated experiments involve up to 100 robots. Because larger groups of robots span
over a larger surface and need more resources, we have to scale the size of the arena
and the size of the resources to match the group size considered. Also, since the robots
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Group size Target resource Arena radius (m) Experiment duration (s)
radius (m)

10 0.250 1.000 3600.0

20 0.334 1.335 4804.6

30 0.385 1.541 5546.3

40 0.440 1.761 6340.0

50 0.476 1.905 6858.6

60 0.502 2.010 7235.3

70 0.519 2.078 7479.3

80 0.544 2.177 7837.6

90 0.570 2.279 8204.5

100 0.578 2.312 8323.1

Table 7.1: Parameters’ values. Summary of the main parameters’ values used in our
experiments with respect to the group size considered.

do not move faster while the arena is larger, we have to scale the duration of the ex-
periments. In order to make meaningful comparisons of the results across different
group sizes, we ensure that for any size of the target resource a robot alone in the setup
spends the same proportion of the experiment duration looking for the resources. To
this end, we keep a constant ratio between the size of the target resource and the size of
the arena (Blanco and Fournier, 2003), and that same ratio is also used to scale the dura-
tion of the experiments. Therefore, the whole scaling procedure depends solely on the
size of the target resource. The size of the target resource is identified using simulations
in which resources of various sizes are presented to the robots. The target resource is
the one constantly preferred by the group. For each group size considered, Table 7.1
summarizes the target resource size, the arena size and the experiments duration that
we used to parameterize our experiments.

7.2 Results

7.2.1 Collective discrimination

In a first set of experiments, we assess the robots’ capability to discriminate between
two different resources. The robots are offered a target resource that provides enough
space for the group, while the area of the other one is 1.8 times larger. At the end of
an experiment, we consider as chosen the resource occupied by the largest number of
individuals. To find out if robots can distinguish between two resources, we record the
resources chosen in a serie of 35 repeated experiments. We then use a binomial test to
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Figure 7.3: Collective discrimination between two different resources. We use a target
resource of ideal dimensions and a larger resource. The figures show the
number of robots (median � 95% CI) at each resource as a function of time
in reality and in simulations respectively (35 trials). Initially robots find the
larger resource more easily, and then their collective choice changes quickly
in favor of the target resource.

assess if the collective choice is significantly different from random, that is, if robots are
more likely to choose one of the two resources.

The average number of robots found at each resource is reported in Figure 7.3. At
the beginning of the experiments, robots are mostly located at the large resource, but
they quickly leave it to gather at the target resource. After one hour, robots have col-
lectively selected the target resource in all the trials. Robots exploring the environment
were more likely to first encounter the large resource by chance, due to its size. How-
ever, the low density of robots at this resource prevented them from remaining in this
location. On the contrary, the target resource, once discovered by the robots, provided
them higher densities and therefore longer staying times. Finally, robots were able to
discriminate between resources of different sizes, choosing the one that best fits the
group size.

7.2.2 Accuracy and scalability

The second set of experiments sheds light on the discriminatory power of the group.
In order to allow a large number of replications, we rely here on simulations that were
validated against the first set of experiments (see Figure 7.3b). We first introduce a target
resource in the environment. In successive tests, we add resources of growing size
and observe which one is chosen by the simulated robots. The size of the presented
resources varies from 0.2 to 2 times the size of the target resource. With 10 robots,
we observe that the group successfully recognizes the target resource when the other
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Figure 7.4: Scalability study of the collective discrimination behavior. (a) Median time
to make the collective decision in function of the group size. We report the
first time when the target resource contains most robots. The time grows
linearly with the number of robots involved in the task (r2 = 0.97, t-test
p   0.001). (b) Discriminatory power of the collective behavior as a func-
tion of the group size. The inset shows the choice of the target resource
by a group of 10 simulated robots when the other resource has different
sizes. When the two resources have similar dimensions, the robots are not
able to discriminate them properly, and we observe a random choice of the
resource. The main plot shows the minimum resource size difference nec-
essary to observe discrimination. This minimum difference decreases with
the group size (100 trials). A linear regression performed on the data in-
dicates a significant improvement of the discriminatory power (r2 = 0.80,
t-test p   0.001).
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resource is smaller or larger by a factor of 0.91 or 1.38 (see inset of Figure 7.4a). When the
resources do not differ enough, the robots are not able to discriminate them anymore.
They are instead making random choices (binomial test on the number of choices in
favor of the target resource with respect to the total number of trials). We measure
the difference of resource sizes needed to observe selection of the target resource for
a growing number of robots. As the number of robots grows, we see a rapid increase
in the discriminatory power (see Figure 7.4a). With 10 robots, a minimum difference
of 38% is necessary to observe selection of the target resource, while 100 robots only
require a difference of 17%: larger groups of robots discriminate between resources
more accurately.

We also report themedian time needed by robots tomake their collective decision in
Figure 7.4b. To calculate when the group has chosen the target resource, we rely on the
average dynamic of the collective choice, that is, the average number of robots at each
resource during the experiments. For all group sizes and on average, we observed that
robots gather at the large resource and then switch to the target resource. We define
the decision time as the moment when there are more robots (on average) at the target
resource than at the large resource. The decision time grows linearly with the number
of robots involved in the task (r2 = 0.97).

7.2.3 Adaptivity

The third set of experiments shows the adaptivity of the robots’ collective choice when
a better opportunity appears in the environment. We first perform experiments with 10
robots and then explore the impact of increasing group size with simulations. Exper-
iments start with a single resource in the environment, which is 1.8 times bigger than
the target resource. As this is the only option available, robots aggregate at this resource
(see Figure 7.5a-b). After five minutes, we add a target resource inside the arena. With
10 robots, the group adapts its choice to the new settings and selects the target resource.
It takes on average 720 s to observe this adaptation, which we continue to observe in
simulation with larger groups of robots. This is shown in Figure 7.6, where we report
the median time of adaptation with respect to the number of simulated robots. With
100 robots, adaptation occures after 3.13� 106 s. Adaptation time grows exponentially
with the number of robots involved (r2 = 0.96).

7.3 Discussion and Conclusions

Our results illustrate how simple interactions can lead a group to collectively discrimi-
nate between resources one that closelymatches its needs. The collective discrimination
arises from the interplay of several factors. On the one hand, individuals prefer to stay
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Figure 7.5: Adaptivity of the collective choice. Ten robots are presented a single large
resource andgather in it. After fiveminutes (dashed line) a target resource is
introduced in the environment. Figures show the number of robots (median
� 95% CI) at each resource as a function of time in reality and in simula-
tions respectively (35 trials). We observe a quick adaptation of the collective
choice towards the target resource after its introduction.

Figure 7.6: Adaptivity of the collective choice when group size increases. The median
adaptation time (plotted in log scale) grows exponentially with the number
of robots involved (100 trials). We considered that the choice was reverted
as soon as there were more robots at the target resource than at the large
resource.
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at resources where their density is higher. This positive feedback strongly favors the se-
lection of smaller resources where higher densities can be achieved. On the other hand,
it is more difficult to join a resource where the density is high. This negative feedback
favors the selection of larger resources that can host additional individuals. Moreover,
smaller resources are less likely to be discovered and if one is selected the group may
be forced to split (Amé et al., 2006). Because of this, competition may happen with any
other resource found by these excluded individuals. In our model, these factors bal-
ance each other out in one case: when the capacity of a resource matches the size of the
group.

We found that the accuracy of the discrimination increases with the group size:
larger groups are able to detect proportionally lower differences between two resources.
We also found that the time required to make this collective decision grows linearly
with the group size. In our experiments, we had to scale the size of the setup while
increasing the number of robots, which implies that robots must travel longer distances
to move from one resource to the other. Had these experiments been carried out in a
fixed size environment, it is possible that the decision time might have decreased with
group size. In addition, we observed that the collective choice is flexible. If the group
has selected a resource, it is able to switch for a better one introduced afterwards.

Collective discrimination is achieved by agents with very limited perceptual and
cognitive abilities, as demonstrated by our robotics implementation. In our experi-
ments, robots can only detect when they are at a resource site, and they are neither able
tomeasure the capacities of the different resources nor to evaluate the number of robots
using them. Moreover, the robots do not communicate any information explicitly, and
solely rely on the detection of nearby robots to make decisions. As a consequence, the
collective discrimination process is fully distributed.

However, the collective behavior presented in this chapter has one noticeable limi-
tation: it is not possible to have the robots select another resource than the onematching
their needs. The following chapter addresses this problem and shows how to specify
to the robots the size of the resource they should be looking for.





Chapter 8

Controlling resource discrimination

In the previous chapter, we provided a first example of collective discrimination ob-
tained by combining specific behaviors of ants and cockroaches. Collective discrimi-
nation was demonstrated using a group of robots to which resources of different sizes
were offered. Single robots could detect resources but they could not perceive their
characteristics, and in particular they were not able to evaluate their size. Moreover,
robots did not explicitly communicate; they only detected the presence of nearby robots.
The group of robots could overcome the limited capabilities of the individuals and was
able to select the resource corresponding to the needs of the group, that is, the resource
just large enough to receive the whole group. However, robots could only select a re-
source of a specific carrying capacity, matching the size of the group. A further step,
which would bring collective discrimination closer to possible real world applications,
would consist in the modification of the mechanism so that the collective choice of the
robots can be tuned.

In this chapter, we extend the collective discrimination behavior to allow a group
of robots to discriminate a variety of resources based on their size by controlling the
behavioral parameters of the robots. The main modification brought to our mechanism
lies in the tuning of the obstacle avoidance distance, which defines the minimum dis-
tance at which a nearby robot can be detected. By controlling this parameter, we define
the surface spanned by the swarm. We show how the collective decision of the group
can be modulated so as to choose a specific option in a continuum of possibilities. By
parameterizing the robots appropriately, it is possible to have the robots search and
locate a specific resource in the environment. This is achieved with robots that do not
explicitly communicate with each other and cannot estimate directly the characteristics
of the resources available.

In the following, we detail our experimental setup (Section 8.1.1) and the adaptation
we brought to the collective discrimination behavior (Section 8.1.2). We also explain in
Section 8.1.3 how the behavioral parameters of the robots were chosen, depending on
the situation tested. Results are presented in Section 8.2. We describe the ability of
the robots to focus on any particular resource, provided that control parameters are
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Figure 8.1: Experimental setup. Three different resources are used for the experiments:
small, medium and large resource.

properly adjusted. In addition, we show how the collective choice of the robots can be
controlled online; in this last experiment, the swarm must search and locate resources
that are requested in turn. Finally, we provide a short discussion and concluding re-
marks in Section 8.3.

8.1 Methods

8.1.1 The task and the experimental setup

We place a group of robots inside an environment in which three resources of different
sizes are available. The experiments aim at showing that robots can choose a resource
of specified size as a function of their behavioral parameters, and that the collective
decision of the robots (i.e., at which resource they gather) can be controlled by issuing
a single command that contains the appropriate behavioral parameters.

The experiments are run only in simulation and take place in a circular arena of
RA = 2.5m radius (see Figure 8.1). The role of resources is played by three black discs
on the ground; they are named the small, large, and medium resources. We denote the
radiuses of this resources RS , RM , and RL respectively. The exact size of the resources
is not critical in these experiments because the robots are specifically parameterized to
find them. However, we make sure the resources are sufficiently different in size in
order to facilitate their discrimination. We run experiments with 10 simulated robots.
All the experiments are repeated 100 times.

The ground sensors of the robots are simulated without noise to avoid that a robot
leaves a resource by mistake in the case it can not perceive it reliably. Indeed, in earlier
tests, we found that the probability to spontaneously leave a resource is a behavioral
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Table 8.1: Summary of variables and parameters of the experiments, along with their default values.
Parameters Description Default Value

N number of robots 10

T duration of an experiment 5 hours
RS radius of the disc corresponding to the small resource 0.25 m
RM radius of the disc corresponding to the medium resource 0.50 m
RL radius of the disc corresponding to the large resource 0.75 m
RA radius of the arena 2.50 m
θ parameterizes the probability to leave Q 0.76

ρ parameterizes the probability to leave Q 120.00

τ decision delay 30.00 s
δ detection distance 0.16 m
ε probability to leave sponteanously 3.29� 10�3

ω random walk mean free path at resource 0.51 m
ω random walk mean free path in the environment 0.72 m

parameter useful to achieve better control over the collective decision. Therefore, we
prefer to define the probability of spontaneous exit as a tunable parameter rather than
a static property of the robot.

8.1.2 Robots’ controller

The behavior of a single robot mainly consists in trying to find a resource and staying
there. However, the robot may leave the resource with some probability if it does not
perceive enough other robots in the vicinity. When the robot leaves a resource, it simply
explores randomly its environment until it finds a resource again, which also means it
can return by chance to the same resource it just left.

This simple behavior is based on the aggregation behavior of cockroaches (Amé
et al., 2004, 2006) and the nesting behavior of ants (Pratt, 2005). More precisely, the
aforementioned behavior is produced on the robots with a software controller imple-
mented as a probabilistic finite state machine (Rabin, 1963). This means that robots
move from one state to another as a function of their environment’s perception and
the decision to switch state is not necessarily deterministic but can be made with some
probability. In particular, robots are constantly using isotropic random walks to move
around. In this kind of randomwalk, themotion of robots is a sequence of straight runs
in random directions. Before choosing a new random direction of movement, robots
cover on average a distance ω which is called the mean free path (for more details, see
Codling et al., 2008).

The probabilistic finite state machine described here follows a logic very similar to
the state machine presented in the previous chapter (see Figure 7.2). In the following,
we summarize the three states implemented:
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• Explore: The robot performs a random walk in the environment with mean free
path ω. An obstacle avoidance subroutine is triggered when the arena border or
another robot is detected at less than δ m. The robot switches to the Stay statewhen
it encounters a resource.

• Stay: The robot performs a random walk in the disc that symbolizes the resource
with mean free path ω. Every τ seconds, the robot decides with probability Q to
leave the resource and switch to the Explore state. If the robot finds itself outside
the disc that symbolizes the resource, it decides with probability ε to leave the
resource and switch to the Explore state. Otherwise, the robot tries to stay at the
resource and switches to the BackToResource state.

• BackToResource: The robot performs a 180� turn, then it keeps turning on the
spot. If the robot finds itself at the resource it switches to the Stay state. If after
five seconds the robot still does not perceive the resource, it switches to the Explore
state.

As in the previous chapter, the probability Q for a robot to leave a resource depends
on the density D of robots at the resource approximated by the collision rate:

Q =
θ

1 + ρD2
. (8.1)

Table 8.1 summarizes all the parameters used in our experiments, including the
default behavioral parameters of the robots.

8.1.3 Parameters tuning and setup scaling

As in the previous chapter, we rely on a genetic algorithm to tune the main behavioral
parameters of the robots. Because the experiment covered in this chapter is very sim-
ilar to the one of the previous chapter, the whole methodology of parameter tuning
remains the same. Thus, we do not repeat the full description of the algorithm, and
we only mention the changes. We define a genotype as a vector of five real numbers to
be assigned to θ, ρ, ε, ω, and ω. The ranges of possible values for each parameter are:
θ P [0, 1], ρ P [0, 2000], ε P [0, 0.01], ω P [0, 64.40], and ω P [0, 64.40]. We run the genetic
algorithm for a total of 300 iterations.

To evaluate the fitness of a given genotype, we parameterize the controller of 10
simulated robots with the values of θ, ρ, ε, ω, and ω encoded in the genotype. We run
R = 15 simulated experiments with a small, a medium and a large resource. Experi-
ments last T = 10800 seconds. In Equation 8.2, the fitness F of the evaluated genotype
g is computed as an indicator of the robots ability to make a choice that is fast, lasting,
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Table 8.2: Behavioral parameter values obtained by the genetic algorithm so as to select the medium
resource when the whole setup is scaled by a factor k (corresponding results are in Fig. 8.2).

k RS RM RL RA θ ρ τ δ ε ω ω

1 0.25 0.5 0.75 2.5 0.76 120 30 0.158 0.0033 0.52 0.77
2 0.50 1.0 1.50 5.0 0.79 211 60 0.316 0.0031 4.77 1.67
3 0.75 1.5 2.25 7.5 0.81 303 90 0.474 0.0029 9.02 2.71
4 1.00 2.0 3.00 10.0 0.84 394 120 0.632 0.0026 13.27 3.61
5 1.25 2.5 3.75 12.5 0.86 486 150 0.790 0.0024 17.39 4.64
6 1.50 3.0 4.50 15.0 0.89 578 180 0.948 0.0022 21.64 5.67
7 1.75 3.5 5.25 17.5 0.91 669 210 1.106 0.0020 25.89 6.57
8 2.00 4.0 6.00 20.0 0.94 761 240 1.264 0.0018 30.14 7.60
9 2.25 4.5 6.75 22.5 0.96 853 270 1.422 0.0015 34.39 8.50
10 2.50 5.0 7.50 25.0 0.99 944 300 1.580 0.0013 38.64 9.53

and in favor of the resource A and not of the other resources (B and C). Depending
on which resource the robots had to select, A was set to be the small, medium or large
resource. We define the fitness F as follows:

F =
1

NR

Ŗ

i=0

(
max (Ai �Bi, 0) + max (Ai � Ci, 0)

)
, (8.2)

where Ai, Bi, and Ci are the number of robots at each resources at the end of the repli-
cation i. In a nutshell, the fitness function is designed to maximize the difference of
robots present at resources A and B, A and C at the end of the experiments.

All the parameters values of θ, ρ, ε, ω, and ω reported in the experiments are ob-
tained with this genetic algorithm. Moreover, the avoidance distance δ is calculated so
that the group of N robots is able to “fill” the resource to be selected. Denoting R the
radius of the disc corresponding to this resource, the size of the resource is 2πR2. We
set δ so that each robot uses the same proportion of the resource size 2πR2/N . Thus,

we have δ =
b

1
2π2πR2/N = R/

?
N . The decision delay τ is set to 30 s for an arena

of 2.5m of radius. The decision delay τ = 30RA/2.5 is scaled proportionally to the
radius of the arena so as to allow robots operating in larger arenas to wait longer for
other robots at the resources.
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8.2 Results

8.2.1 Discrimination of a resource of fixed size

In this experiment, we assess the ability of the robots to select a medium size resource
when offered three different resources: small (S), medium (M), and large (L) (see Fig-
ure 8.1). The main difference of this experiment with respect to the previous chapter
lies in the size of the resource that robots select. Thanks to the modification brought in
the behavior of the robots, the swarm is not anymore bound to select a resource that has
the necessary and sufficient capacity to cover the needs of all the robots (in this work it
is the small resource). Instead the robots are able to select the medium resource, sym-
bolized by a disc which has a radius twice larger than the one of the small resource.

Figure 8.2a shows the median number of robots at each resource during an exper-
iment that lasts 5 hours. We used the default values of the behavioral parameters re-
ported in Table 8.1. At the beginning of the experiment, the large resource receivesmore
robots as they are more likely to find it by chance, when performing their exploratory
random walk. However, after 1500 seconds, robots leave the large resource and start to
occupy the medium resource. From this moment the number of robots in the medium
resource grows until it stabilizes to 8 robots. At the end of the experiments, not all of
the robots are at the medium resource because they always have a small probability to
leave resources and explore the environment. These exploring robots do not stay at the
non selected resources but rather come and go after brief periods of time. Figure 8.2b
shows that the robots select the medium resource in most of the trials (86%), while the
small and large resources are selected only in 3% and 10% of the trials, respectively.

8.2.2 Discrimination of resources characterized by various sizes

In the previous section we have shown that a swarm can select a medium resource of
0.5m of radius. We perform additional experiments in which we test if selection is still
effective with a large range of radiuses for the medium resource (from 0.5 to 5m in
steps of 0.5m). Let k be the ratio by which the medium resource is enlarged. We also
scale the large and small resources by the factor k to maintain surface ratios of 0.5 and
1.5 among the different resources. The size of the arena is also scaled by k, to have all
the resources fit inside the environment. As a consequence, robots need more time to
explore the arena. We have therefore also multiplied the duration of the experiments
by the factor k. This scaling leads us to study simulations that have a rather limited
interest for experiments with real robots such as e-pucks, because the radius of the
arena can be 25 m long, and e-pucks need more than 6 minutes to go accross such a
large arena. The study is nevertheless useful to check if the collective decision in favour
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(a) (b)

Figure 8.2: Selection of the medium resource, typically much larger than required to
host the whole swarm. (a) Number of robots at each resource during an
experiment of 5 hours (median�95% confidence interval, 100 trials). At the
beginning of the experiment, robots find resources by chance and the large
resource is therefore the one with most robots. After 1500 s, robots leave
the large resource and focus on the medium resource. At the end of the
experiments, the number of robots at the medium resource is stabilized to 8
robots. (b)Distribution of the collective decisions of the robots at the end of
the experiments. We consider that the chosen resource is the one containing
the majority of robots. The medium resource is selected in 86% of the trials,
which is significantly more than the other resources (multinomial test, p  
0.001).
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Table 8.3: Behavioral parameter values obtained by the genetic algorithm to select the one of the three
resource available in the environment (corresponding results are in Fig. 8.4 and 8.5).

Resource RS RM RL RA θ ρ τ δ ε ω ω

S 0.25 0.5 0.75 2.5 0.76 120 30 0.079 0.0008 1 5.58
M 0.25 0.5 0.75 2.5 0.76 120 30 0.158 0.0033 4 5.58
L 0.25 0.5 0.75 2.5 0.76 120 30 0.237 0.0074 50 5.58

of the medium resource holds for various setup sizes, while a physical implementation
with these dimensions would probably require to use another type of robot.

The behavior of the robots needs similar adjustments to performwell. For instance,
the probability to leave a resource has to be lowered in larger environments, so that
robots wait longer for their partners which have to travel longer distances. As men-
tioned in Section 8.1.3, we rely on the genetic algorithm to determine the appropriate
parameters that allow robots to select a resource of a given size in a given arena. The
values of these parameters are reported in Table 8.2.

When properly parameterized, the swarm of robots selects the medium resource
with high accuracy, whatever the size tested. In Figure 8.3a, we use boxplots to report
the number of robots present at themedium resource at the end of the experiments. For
diameters ranging from 0.5m to 5m, there are on average 8 robots. For any resource
size tested, the medium resource is selected in at least 83% of the trials. The collective
decision of the robots is always significantly in favor of the medium resource (multi-
nomial test, p   0.001). Figure 8.3b shows the average time necessary to gather more
than 75% of the robots at the medium resource. With a bigger arena, robots need pro-
portionally more time to reach the same level of selection (r2 = 0.78, t-test p   0.001).

8.2.3 Controlling the swarm collective decision

The last experiment illustrates the control of the collective decision of the robots, that
is, how to tell the robots to look for a specific resource in the environment by sending a
single command.

We put 10 robots in the default environment with the 3 resources. Every 5 hours,
we send them a new command that indicates which resource should be selected. The
robots are preprogrammed with 3 different parameter sets, each corresponding to the
selection of one resource. These parameters are identified beforehand using the genetic
algorithm (see Table 8.3). When a robot receives a command (S, M, or L), it loads the
corresponding set of parameters and its behavior is consequently modified.

To observe the capability of the robots to execute the command and discriminate a
desired resource at any time, we have devised a specific sequence of commands. Robots
should be able to discriminate and select a resource even if their current collective de-
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(a) (b)

Figure 8.3: Selection of the medium resource in function of its size (all the setup is pro-
portionally scaled: radius of the arena, the small, medium and large re-
sources). (a)Boxplots of the number of robots found at themedium resource
at the end of the experiments (100 trials) in function of the size of the re-
source. Each box comprises observations ranging from the first to the third
quartile. The median is indicated by a horizontal bar, dividing the box into
the upper and lower part. The whiskers extend to the farthest data points
that are within 1.5 times the interquartile range. Outliers are shown as cir-
cles. We observe that the robots gather at the medium resource in at least
83% of the trials for any resource size tested. (b) Average time necessary to
gather at least 75% of the swarm at the medium resource. The measured
time grows linearly with the size of the resource (r2 = 0.78) which also
means that swarms need the same proportion of experimental time to per-
form their collective selection, given that the duration is also scaled linearly
with the size of the resources.
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Figure 8.4: Selection sequence of the different resources in the arena. The sequence
ordered is S-L-S-M-L-M-S where all the six possible transitions are repre-
sented. After a command is issued, the robots need a maximum of 8000 s to
select the requested resource.

cision bears already on a different resource. The sequence of commands ensures that
robots will go through all the six possible transitions between the three resources: S to
M, S to L, M to S, M to L, L to S, and L to M. The chosen sequence is S-L-S-M-L-M-S.
This implies that the whole experiment lasts 7 times 5 hours, that is 35 hours.

In Figure 8.4, we report the median number of robots at each resource during the
experiment. Every 5 hours a new command is issued and we observe that the robots
are modifying their collective decision accordingly. Robots are capable of moving from
any resource to any other one upon request, which clearly shows there is no memory
effect preventing the adaptation of the collective decision. In all transitions, after maxi-
mum 8000 s the robots reach the steady-state at the commanded resource. In Figure 8.5
we show separately the six possible resource transitions. The separate studies are in
agreement with the longer experiment.

8.3 Discussion and Conclusions

In this chapter, we achieved the control of the decisionmade by a robot swarmperform-
ing collective discrimination. We did so by carefully tuning the behavioral parameters
of the robots, in particular the obstacle avoidance distance. As in the previous chapter,
robots were not endowed with complex communication or perception means. They
could only perceive whether they were at a resource or not and they could detect the
presence of nearby robots.

We demonstrated that the robots are able to discriminate among the different re-
sources available in the environment and to specifically select one of them. At any time,
provided that robots could stabilize their collective decision, they could successfully
comply with a given command and choose a newly designated resource. We observed
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Figure 8.5: Selection of the different transitions in separate experiments in order to
study thememory effect. We observe results are in agreement with the con-
tinuous experiment.

that this adaptation occurred effectively for any transition requested, and was always
achieved after the same amount of time.





Chapter 9

Conclusions

Creating robot swarms that make effective collective decisions requires a careful de-
sign of the way robots behave and interact. In this thesis, we relied on imitation and
amplification mechanisms to trigger self-organized decisions in the groups of robots.
We investigated swarm decision making in a series of four different foraging problems.
Through these four studies, we devised different implementations to achieve decision
making in groups of robots. Moreover, these studies also constitued a contribution to
the state of the art in robot foraging. In particular, we demonstrated the use of direct
and indirect information transfers to implement interactions between robots.

9.1 Summary of contributions

Our first contribution was to detail the background and context to the research pre-
sented in this thesis. We introduced the concept of self-organization and summarized
interesting properties that can be displayed by self-organized systems. We traced the
historical landmarks that led to the birth of swarm robotics, and presented the design
problem, which is fundamental to this field. We underlined that the design problem
translates to understanding what interactions and behaviors bring the robots to make
self-organized decisions. We described what kind of interactions can take place in a
swarm and we described the mechanisms of imitation and amplification at the core of
collective decision making processes. Finally, we presented the foraging task which we
used to study various decision making problems. In addition, we reviewed the litera-
ture specific to the four different tasks investigated.

Our second contribution consisted of the presentation of the tools that we used
to perform our experiments. We provided a description of the two robotic platforms
employed, the s-bot and the e-puck. We also introduced two original communication
systems that we designed, namely the visual range and bearing and the infrared range
and bearing communication systems. We also presented our simulation platform.
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Our third contribution was the study of a task of cooperative transport in which
robots had statistically identical knowledge about the direction in which they should
pull a heavy object. We proposed a negotiation mechanism that allows robots to ex-
change their opinions and agree about the goal direction. We demonstrated that this
mechanism leads robots to coordinate their efforts and successfully transport the heavy
object. Furthermore, we have shown that individual knowledge about the goal direc-
tion improves when using negotiation, by taking advantage of redundant information
available in the group of robots.

The fourth contribution concerned the study of a task of collective localization. In
a central place foraging experiment, robots had to keep track of the locations of the
resources and of the central place by means of odometry. Because of odometry errors,
robots could easily get lost in the environment. We proposed a knowledge sharing
mechanism called social odometry which allows robots to improve their estimates of
the foraging locations. In this experiment, the robots that had traveled less had better
information about the foraging locations. We showed that our mechanism is capable
of exploiting this heterogeneity to propagate better information in the group using an
indicator of confidence for each robot. Finally, we have shown that social odometry
induces a collective decision in favor of the closest resource because robots exploiting
that resource travel less, have a higher confidence level in their personal information,
and are therefore more likely to be imitated.

The fifth contribution was a new method to use indirect information transfers in
robot swarms. Because of the difficulty for robots tomodify their environment, we used
the robots themselves as interactive nodes that can hold stigmergic information. We
demonstrated this idea in a resource selection experiment. Robots established chains
marking out paths from the central place to the resources. We simulated virtual ants
traveling along the robot chains and depositing artificial pheromone inside the robots.
While robots did not have explicit knowledge about the profitability of the resources,
they could select the most profitable resource. Moreover, we showed the adaptivity
of the system when a resource suddenly becomes unavailable, and its robustness to
communication errors.

Finally, our last contribution consisted of a new mechanism for collective discrimi-
nation inspired by the aggregation behavior of cockroaches and the nesting behavior of
ants. In our experiment, robots were offered several resources and had to discriminate
and select a resourcematching their needs, i.e. a resource neither too small nor too large.
Robots did not have any information about the characteristics of the resources. Robots
could merely detect if they were at a resource, and they could detect the presence of
nearby robots. We demonstrated that our mechanism produces resource discrimina-
tion and we showed properties of scalability and adaptivity. Additionally, we showed
how to control the collective behavior of the robots so that they could be requested to
search for a particular resource in their environment.
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9.2 Imitation as a source of collective decision

We showed that collective decisions in robot swarms can be obtained using a simple
imitation mechanism. We discuss here the different implementations of imitation as a
function of the information available to the robots. Moreover, we examine below the
three main aspects at the origin of the different flavors of the imitation mechanism we
studied. We also try to provide some insights on the key properties of this mechanism,
including scalability, robustness and adaptivity, speed and accuracy.

9.2.1 Available information guides the design of imitation

The robots make their collective decision based on an input of information about the al-
ternatives between which they must choose. We distinguish two ways this information
can be transfered: directly or indirectly.

In the case of direct information available, robots can measure one or more char-
acteristics of the available alternatives. When all robots can perceive accurately the
alternatives, making a collective decision is straightforward and does not require a par-
ticular coordination mechanism provided that all robots behave the same and inde-
pendently make the same choice. An example of such consensus is given by robots that
must collectively transport an object towards a well advertised goal (Groß et al., 2006b).

When only some robots perceive the necessary information to make the collective
decision, a simple mechanism of information propagation is sufficient to synchronize
the whole swarm. For instance, in experiments of collective hill crossing, a single robot
detects the hill and informs the rest of the group about it (O’Grady et al., 2005).

When all robots partially perceive information, for instance when perception is
noisy, a distributed mechanism of averaging allows the robots to pool information and
obtain more accurate information. We showed in Chapters 4 and 5 that local exchanges
of information and averaging allow the robots to coordinate and to make an effective
collective decision. In addition, a structure can appear inside the population of robots
if some individuals hold better information than others or if they have better means to
acquire information. To take advantage of this structure, we suggested in Chapter 5 the
use of a measure of confidence to allow faster propagation of better measures in the
swarm.

In the case of indirect information available, no single robot perceives the charac-
teristics of the alternatives. We proposed two different solutions to produce a collective
decision in these conditions. With stigmergy, we showed in Chapter 6 that robots can
aggregate information and use it to trigger a collective decision. We also showed in
Chapter 7 how the interplay of two opposite feedbacks can lead to a collective decision.
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9.2.2 When, who, and how to imitate ?

We suggest here that the different flavors of imitation are produced by the variation of
three main factors.

Robots can decide when to imitate or not a conspecific. They can for instance use a
constant probability to imitate a neighbor. But they may also modulate their imitation
probability as a function of the number other neighbors that have a given behavior. This
type of imitation is frequently observed in animals, and at very different scales (Meunier
et al., 2006; Amé et al., 2006; De Monte et al., 2007; Pillot et al., 2011). The probability to
imitate can also bemodulated by environmental factors, for instance when cockroaches
mostly imitate stopped conspecifics when under shelters (Amé et al., 2004).

Then, once the decision to imitate is made, robots must decide who to imitate, that
is, which information to use (when using stigmergy, information is not necessarily
linked to individuals anymore but the same problem of selection arises). In the sim-
plest case, interactions only happen between pairs of robots and robots have no choice
but to use information provided by their peer. Whenmore robots are involved, each in-
dividual can imitate one or more neighbor. Obviously, paired interactions are simpler
to model but they do not necessarily lead to the same collective behavior as interac-
tions that simultaneously involve many individuals. The question of who imitates who
requires attention: it is a difficult but critical design choice in artificial systems, and a
debated question in biology (Ballerini et al., 2008).

In addition, when studying animal behavior, biologists distinguish private andpub-
lic information, that is, informationwhich is available to conspecifics by simple observa-
tion and information that requires intentional communication to be transferred (Danchin
et al., 2004; Dall et al., 2005; Dall, 2005). In the same way, robots can also select to whom
they transmit information. The problemof information selection is therefore symmetric
depending on whether it is seen from the point of view of the emitter or of the receiver.

Lastly, after all the necessary information to perform imitation is selected, robots
have to process it and change their behavior accordingly. We have used only two sort
of information processing to define how imitation is implemented in this thesis. Either
robots copied the behavior of conspecifics, or they averaged information. Other types
of information processing might not be considered as imitation and could lead to very
different types of collective behaviors. Whether copying and averaging are the only
ingredients of imitation or not is a question that requires more exploration.

9.2.3 Properties of collective decisions based on imitation

Drawing definite general conclusions on the properties of the different collective deci-
sion mechanisms exposed in this thesis is not possible because the specific details of
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our experiments may play an important role and impact these properties. However,
there are a number of relationship for which we have an intuition, and that have also
been reported in other areas of the literature.

First, when only a few individuals propagate information in a group we can expect
robustness to decrease because any failing individual may propagate wrong informa-
tion. Systems that average information are more likely to resist to bad information. At
the same time, these systems are slower to produce a collective decision because in-
formation is repeatedly exchanged until convergence. Conversely, systems that only
propagate information can be very fast. For instance the propagation of an alert signal
in fish schools allow them to promptly react to the attack of a predator (Couzin, 2009).

Second, when the probability to imitate is modulated by the number of neighbors, a
tradeoff between the speed and the accuracy of the collective choice can be observed. If
imitation is strong with only few neighbors, individuals have less time to explore their
environment before a collective decision is triggered. As a consequence, the probability
to choose a less good alternative increaseswith the speed of the collective decision. This
tradeoff has been reported and investigated in numerous biological studies and is rather
well known (Franks et al., 2003; Marshall et al., 2006; Pratt and Sumpter, 2006; Chittka
et al., 2009; Sumpter and Pratt, 2009; Latty and Beekman, 2011)

Third, when the size of the group increases we may expect, in some conditions,
to see the accuracy of the collective decision increase as shown in Chapter 7. In this
work we also showed that the decision speed decreased linearly with the group size.
However, this last result is very specific to the experimental setupwe used. It is possible
that in different conditions the speed of the collective decision increases with the group
size, as well as the accuracy of the discrimination.

9.3 Perspectives

In the following, we present several open issues and perspectives for future research in
collective decision making, swarm robotics, and more generally swarm intelligence.

9.3.1 How to know when a decision is made ?

Mechanisms of collective decision should be integrated with other collective behaviors
and they should allow a group of robots to structure its activity, switching to one be-
havior or another as a function of the decision made. In this way, swarms could choose
among different tasks and tackle them in a particular order. Consider for instance
robots that have chosen to exploit a specific resource as in the experiment described
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in Chapter 7. Once their collective decision is made, they may start transporting ob-
jects from that particular resource to a central place.

The main obstacle to integrate decision making with other behaviors lies in the fact
that robots often can not monitor the unfolding of the collective decision process. If
robots do not knowwhen they have reached a collective decision, they are unlikely to be
able to switch to another task. To the best of our knowledge, there is no general solution
to this problem. In Chapter 6, the decision mechanism based on artificial pheromone
allows robots to know if they are not part of a selected path bymonitoring the local level
of pheromone, which in turn allows them to change their behavior as a function of the
collective decision. However, in our other works, robots have not such information.
The general problem of finding out when a decision is made remains an open issue
and needs further investigation.

9.3.2 What if options are similar and the decision is uncertain ?

An interesting feature of human cognition is the ability to monitor ongoing decision
processes and find out when a choice is too hard to make. This happens for instance
when two alternatives are so similar that discrimination becomes random. In that case,
being openly uncertain can be more effective than making a mistake because of a ran-
domdecision. Evidence of thismetacognitive process has been found in humans and in
animals such as dolphins and monkeys (Smith et al., 2003; Smith and Washburn, 2005).

Implementing a similar feature in robot swarms would lead to increased efficiency
in discrimination tasks. Metacognition may be implemented in two different ways.
Robots could discriminate between three alternatives, and the uncertainty of the swarm
would then be expressedwhen the intermediate alternative is chosen. Robots could rely
on a discrimination process that takes more time when offered similar alternatives. A
simple timeout would allow them to avoid making a difficult decision.

9.3.3 Making decisions in discrete and continous domains

In our research, robot swarms had to reach a consensus so as to pull in the same direc-
tion or go to the same locations, or they had to choose between two or three resources.
More generally, these collective decisions can be categorized as either discrete or con-
tinuous: the possible options available belonged either to a continuous domain (co-
operative transport, collective localization) or to a discrete domain (resource selection,
resource discrimination).

We posit that there is not a fundamental difference between these two types of pro-
cesses: they both rely on imitation. A solution to unify them might be to see the con-
tinuous domain as the limit case of a discrete domain with a large number of options.
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To imitate each other, robots would not select exactly the same options, but they would
have higher probabilities to choose similar options. For this purpose, the notion of simi-
larity should be definedwith an appropriate metric in the space of the possible choices.

In this context, it is interesting to notice that imitation is often implemented differ-
ently depending on the nature of the domain concerned. When dealing with a discrete
domain, imitation is typically implemented as a simple copy of an opinion. When con-
tinous domains are the subject of interest, an averaging function is used. The role of this
function is to make robots’ opinions gradually converge until they reach a consensus.
However, using this function makes sense only if the opinions of the robots belong to a
Gaussian (or similar) probability density function. Consider a group of flocking robots
that encounter an obstacle: the swarm has to choose between left and right, or it may
also temporarily split. Robots at the extremities of the flock try to avoid the obstacle,
but the robots in the middle receive conflicting information. If they average the opin-
ions of their neighbors, they go straight into the obstacle. In that case, a better solution
would be to imitate only one neighbor.

9.3.4 The future of swarm robotics

Swarm intelligence is not the only approach to control groups of robots. In fact, as no-
ticed already by Matarić (1992b), there is a whole spectrum of control strategies, from
centralized systems to fully distributed systems. Swarm intelligence is at the extremity
of the spectrum, and it is by no means the approach to use by default. For instance, the
coordination of five robots for the inspection of a small, static area can be achieved very
effectively with a central manager exploiting, for example, a Wi-Fi network. More gen-
erally, real world applications are likely to require pragmatism and the mix of several
different approaches.

Nevertheless, we believe it is important to explore all the possibilities offered by
swarm intelligence in collective robotics. Sometimes, this implies using swarm intel-
ligence to solve robotics problems that could be better or more easily solved by tradi-
tional strategies. Hence, the benefits of these studies may appear limited, especially in
the short term. However, the knowledge accumulated about robots swarms may be-
come of paramount importance with the advances of technology and the appearance
of new types of robots. In particular, a change of scale could open large perspectives
for swarm robotics while other approaches may have difficulties to adapt.

At the macroscopic scale, we can easily imagine the benefits of having large groups
of autonomous robots deployed in the oceans, in space or underground. These robots
could explore their surroundings, exploit inaccessible resources and gather critical in-
formation about our environment. There are also ongoing experiments to produce fully
autonomous cars (for instance the Google cars) which could cooperate in real timewith
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each other and with devices such as satellites to improve safety and reduce traffic con-
gestion.

At the micro or nano scale, robot swarms may be used for medical applications.
This would imply a totally different conception of robots because gravity is much less
important than other forces such as van der Waals attraction between molecules for
instance. A promising direction lies in the reuse of existent biological material from
simple and well understood bacterias. Ultimately, this could lead to the possibility of
employing nano-machines to monitor our body, and maybe fix problems locally.

9.3.5 Designing complex swarm systems

Researchers in swarm intelligence are currently investigating specific behaviors such
as decision making, collective motion, division of labor. In the future, if robots swarms
are taken from laboratories to real life situations, they will have to handle numerous
tasks. Robots may have to divide labor and let some members specialize in particu-
lar subtasks; they may also need to make several collective decisions about different
subjects, sometimes simultaneously. As a consequence, a crucial problem in swarm
robotics, and more generally in swarm intelligence, will be how to engineer complex
collective behaviors for swarms.

Instead of redesigning from scratch all the interactions and behaviors of the robots
for every new task, new collective behaviors may be designed by plugging together
known ones. The challenge is to understand how these behaviors can be plugged into
each other, and how they may interact or interfer. This also prompts us to find out
what modifications should be brought to the behavior of the individuals and to the
nature of information transfer inside the swarm in order to facilitate or minimize the
aforementioned interactions and interferences.

We envision modularity will play an important role to achieve this complexity (Si-
mon, 1962). Another promising source of inspiration comes from the very active field
of evolutionary developmental biology (informally called evo-devo). This field is con-
cerned with the study of developmental processes, their evolution, their plasticity, and
how they lead to the production of complex systems (Bonner, 1988).
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