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I try all things; | achieve what | can.
(Herman Melville, Moby Dick.)

Vedere le cose che non si vedono.
Guardare oltre I'orizzonte.
( To see the things that you can not see.
To look beyond the horizon.
Sensei Fugazza)
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Abstract

In this thesis, we examine algorithms for the division of labour in a
group of robot. The algorithms make no use of direct communication.
Instead, they are based only on the interactions among the robots and
between the group and the environment.

Division of labour is the mechanism that decides how many robots
shall be used to perform a task. The ef ciency of the group of robots
depends in fact on the number of robots involved in a task. If too
few robots are used to achieve a task, they might not be successful or
might perform poorly. If too many robots are used, it might be a waste
of resources. The number of robots to use might be decided a priori
by the system designer. More interestingly, the group of robots might
autonomously select how many and which robots to use. In this thesis,
we study algorithms of the latter type.

The robotic literature offers already some solutions, but most of
them use a form of direct communication between agents. Direct, or ex-
plicit, communication between the robots is usually considered a nec-
essary condition for co-ordination. Recent studies have questioned this
assumption. The claim is based on observations of animal colonies,
e.g., ants and termites. They can effectively co-operate without di-
rectly communicating, but using indirect forms of communication like
stigmergy. Because they do not rely on communication, such colonies
show robust behaviours at group level, a condition that one wishes also
for groups of robots. Algorithms for robot co-ordination without direct
communication have been proposed in the last few years. They are in-
teresting not only because they are a stimulating intellectual challenge,
but also because they address a situation that might likely occur when
using robots for real-world out-door applications. Unfortunately, they
are still poorly studied.

This thesis helps the understanding and the development of such
algorithms. We start from a speci ¢ case to learn its characteristics.
Then we improve our understandings through comparisons with other
solutions, and nally we port everything into another domain.

We rst study an algorithm for division of labour that was inspired
by ants’ foraging. We test the algorithm in an application similar to
ants’ foraging: prey retrieval. We prove that the model used for ants’
foraging can be effective also in real conditions. Our analysis allows
us to understand the underlying mechanisms of the division of labour
and to de ne some way of measuring it.

Using this knowledge, we continue by comparing the ant-inspired



algorithm with similar solutions that can be found in the literature
and by assessing their differences. In performing these comparisons,
we take care of using a formal methodology that allows us to spare
resources. Namely, we use concepts of experiment design to reduce the
number of experiments with real robots, without losing signi cance in
the results.

Finally, we apply and port what we previously learnt into another
application: Sensor/Actuator Networks (SANETs). We develop an ar-
chitecture for division of labour that is based on the same mechanisms
as the ants’ foraging model. Although the individuals in the SANET
can communicate, the communication channel might be overloaded.
Therefore, the agents of a SANET shall be able to co-ordinate without
accessing the communication channel.
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Chapter 1

Introduction

Robots have lived in the mind of mankind probably since the begin-
ning of its history. Obviously not in the way we know them nowadays.
They were sometimes made of living esh (Frankenstein), sometimes of
wood (Pinocchio), or also of mud (the Golem). The words robot and
robotics are in fact quite recent,! but the idea of autonomous arti-
facts created by men was always there. The progress of technology in
the last half-century allowed us to start seriously thinking to design
and develop autonomous artifacts. This led to the birth of robotics as
a scienti ¢ eld.

Computer science, semi-conductor electronics and robotics were
born nearly together, somewhere in the middle of the 20th century. To-
day, we are surrounded by computers and electronic devices, which en-
tered into a nearly symbiotic relationship with mankind. Where are the
robots? If we take aside those used for factory automation, where are
the robots that used to populate our science ction books and movies?

Robotics for industrial automation has enormously developed from
its beginning. We are now able to build (nearly) fully automated fac-
tories, but we have not yet a robot that can prepare and bring us a
decent coffee. Robotics outside industries in fact poses several prob-
lems that are hard to solve. Additionally, human beings are limited
designer, because we can not fully understand and foresee the prob-
lems that might occur in open environments. It is our opinion that the
lack of rigorous procedural methods is also responsible to the under-
development of robotics.

This thesis does not offer a solution to all the problems, especially
the coffee one. On the opposite, we study only one particular problem
of autonomous robotics: division of labour. We show how our problem
can be solved taking inspiration from biology. Differently to what com-
monly observed in the robotic literature, we base our study on a formal
research methodology. We do think that if other researchers follow our
example, it might in the long term help autonomous robotics to exit the
universities and enter the real world.

1 Robot comes from the Czech word robotnik and appeared in English in 1923.
Robotics was used for the rst time by Asimov [1991] in a 1941 science ction story.



CHAPTER 1. INTRODUCTION

This thesis contributes to the research in robotics, and not only,
under different aspects. We need to give the reader a brief overview of
the background and the motivations of our work before pointing out our
contributions. This is the content of the following section. Section 1.2
summarises the main contributions of our work. Section 1.3 describes
the structure of this thesis and lists the publications of ours that are
related to each chapter.

1.1 Background and Motivations

The main contributions of this thesis cover two aspects of robotics:
communication-less division of labour in Multi Robot Systems (MRSSs),
and comparisons of different control algorithms. This is a rough sum-
mary and a gross categorisation of our work, but it is suf cient for the
goals of this section. The following subsections introduce these aspects
and clarify the background and the motivations of our research.

1.1.1 Multi Robot Systems

Robotics mainly focused on the development of single robots during its
youth. Emphasis was on issues such as, for instance, how to sense
and represent the environment, how to decide on the base of the repre-
sentation and how to recognise and react to changes. The last decade
has seen more and more research on groups of robots. These systems
are also known as Multi Robot Systems. They share the same prob-
lems as single robots, but they pose additional issues. For example:
how and what shall the robots communicate to each other or how to
co-ordinate their actions to achieve a goal. Even more recently, re-
searchers have studied heterogeneous systems like Sensor/Actuator
Networks (SANETS). These systems comprise mobile robots and a net-
work of xed sensors. Robots and sensors can communicate usually
through a wireless channel.

This thesis addresses one of the core issues of MRSs: what is the
point of using more than one robot? Only one robot could be suf cient
for most of the applications cited in the literature. Let us take the
application used for most of our thesis: search and retrieval of objects
(Sec. 4.1). More robots can retrieve more prey than one alone. More
robots require however more power and more complex co-operation
schemes. More robots also create more interferences among the group
members. Are more robots also more ef cient than a single one? How
can we improve the ef ciency of a group of robots?

There are many strategies to improve the ef ciency. One can pro-
gram the robots better, or build them better. Another option, the one
we study in the next chapters, is to improve the ef ciency by means
of autonomous division of labour: the group selects, without human
intervention, which and how many robots should be involved in a task.

More interestingly and following a recent research line, the mecha-
nisms for division of labour in which we are interested shall not use di-
rect communication or any representation of the environment. The rea-

2



CHAPTER 1. INTRODUCTION

sons for this choice are explained below. In the following thesis we refer
to communication as always direct communication. Communication-
less algorithms are therefore algorithms that do not use direct commu-
nication. This de nition is however not totally correct because these al-
gorithms might use some other form of communication, e.g. stigmergy
(Sec. 2.5.1). We could discuss for many pages and chapters about
the meaning of the words direct, communication and also repre-
sentation , but this would be out of the scope of this thesis.? This
point deserves nevertheless more elaboration because it is an impor-
tant working hypothesis of ours.

We say that communication is direct if an observer can nd in the
code that controls a robot a set of instructions that explicitly send a
message to another robot. This is a very rough de nition, but it is
suf cient for the context of this thesis.

Communication-less co-operation algorithms have been proposed
only recently. To understand their usefulness is better rst to describe
the traditional (with communication) approach to collective robotics.

Traditional Approach to Robot Group Design

The most important difference between robots for automation and sci-
ence- ction-like robots is the environment that surrounds them. In
a factory, robots are along an assembly line. They are always in a
set of prede ned states. Also the pieces on which they are working
are in a set of prede ned states. A number of precautions are taken in
designing the factory in order to guarantee that this condition is always
met. This is thus de ned a constrained environment as opposed to a
free environment.

Free environments pose more dif cult problems. The most impor-
tant and most commonly addressed in the literature are the uncer-
tainty of the environment and adaptation to new conditions.

Suppose that one wants to use robots to explore an unknown envi-
ronment. A typical example could be distant planets. We do not need
however to go so far to nd unknown environments. Our oceans are
probably more unknown than the universe [Sch tzing, 2006]. The fun-
damental problem is that the environment is not unknown only to the
robots, but also to their designer.

Uncertainty has usually been tackled by having robots rst explore
the environment and build a map of it. Each robot explores a part of
the environment and communicates its ndings to the others. Once a
map is available, the robots can use it to plan their actions. There are
many sub-problems that have to be solved to pursue this approach, for
instance:

how to elaborate the sensor signals to extract the information use-
ful to build the map;

2For instance, Di Paolo [1998] says that in most studies of the evolution of communi-
cation [...], authors either provide a new de nition of [communication], or at least nd it
necessary to revise previous de nitions . For an introduction to the problem of de ning
representation, the reader can look at Harvey [1996].
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how robots can know their position in order to update the map
and to plan their actions (this problem is know as localisation);

how to recognise changes in the environment, and to take fast
decisions if they are dangerous for the robot;

how to reduce the sensor noise that might invalidate the results
of the previous points;

how to know and recognise which other robots are present, what
they are doing and where they are;

how to assure the availability of a communication medium for
information exchange.

The last point includes:

the de nition of a reliable (i.e., persistent) physical transmission
medium;

the de nition of a medium access protocol;
the de nition of a networking protocol,;

the de nition of common semantics and ontology for the content
of the information to be exchanged.

The last point includes that robots will be able to communicate only
what they were instructed to say. They can not create new concepts
and can not communicate things that were not foreseen.

A number of researchers have recently questioned this approach.
They especially criticise the use of communication channels and plan-
ning. In fact, all the problems listed above are due to the decision of
building a map and of communicating it. They are not directly related
to the original problem, that is, the uncertainty of the environment.

These criticisms are based on recent studies on self-organisation
and biological systems (Sec. 2.5.1). These studies have shown that
animal societies can achieve goals equally or more complex than those
of the robots, but with simpler individual behaviours and using much
simpler communication systems. The eld in which these researchers
are active is called Swarm Intelligence (SI).

The Swarm Intelligence Approach

The swarm intelligence approach to robot design can be summarised
in the following way: do not make complex robot behaviours, but ex-
ploit the complexity of the environment. The robots are seen as part of
a complex dynamic system. There is no more any distinction between
robots on one side and environment on the other, but they are merged
in a holistic system. Each robots’ action is going to modify the environ-
ment in a complex way. The other robots can perceive the modi cations
and react accordingly on the base of simple rules. This is indeed the
way in which, for instance, termites, bees and ants build their nests.

4
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We think that the major contribution from SlI, or better its applica-
tion to robotics, Swarm Robotics (SR) (Sec. 2.5), is to clearly show that
the use of communication, planning, mapping (or any other explicit
representation of the environment) are not a necessity. They are used
because they have been common part of the design process: modelling,
division in modules, speci cation of modules interfaces and interac-
tions. This process sees the environment merely as a passive element.
Sl suggests to use it actively.

Some researchers in this area claim that the traditional approach is
wrong, because it is not akin to anything in nature. We consider this
a pretty fundamentalist position. On the other hand, researchers of
the traditional approach defend their position with claims like: if my
robot has communication capability, why should | not make use of it? .
They then develop their algorithms accordingly. We do not agree with
this position either. There are in fact some conditions where it is not
possible to have communication, For example:

The communication channel is not available because it is being
set up. For instance, during the synchronisation of the robots to
access the wireless channel. The physical transmission devices
of the robots have to be in phase when accessing the wireless
channel for sending or receiving air frames. If they are not, air
frames might get lost or collide. Getting in phase requires robots
to co-ordinate, but they can not communicate yet.

In underwater robotics, acoustic communication remains the only
practical methodology for long-range communication. Acoustic
communication is however fundamentally limited by the speed of
sound in water (around 1500 m=s) and by the fact that acous-
tic attenuation increases with the sound frequency. The result is
that the best communication bandwidth is usually in the range
2400 4800 Baud. The further the robots are, the narrower the
bandwidth becomes [Whitcomb, 2000]. It can also reach few bits
per second. Such bandwidth can saturate easily and become use-
less, thus the robots should co-ordinate reducing, or eliminating,
the communication.

Exploration on a planet, which is under magnetic storm. The
wireless communication channel is too noisy to be useful.

The available radio frequencies of a wireless channel are already
overloaded (e.g., robots used for rescue after a disaster).

Our interest in communication-less division of labour is not then a
mere theoretical exercise. It is based on the remark that the traditional
approach in some application domains can not cope with situations
likely to occur.

1.1.2 Comparisons of Different Solutions for MRS

When comparing the robotic literature with that of some other eld of
science, one particular difference appears. There are very few works in

5
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robotics which compare solutions obtained following different method-
ologies. In particular, to the best of our knowledge, no such compar-
isons have been done in the eld of SR.

Let us take for instance the eld of Operation Research. Researcher
continuously compare their algorithm with others on a particular prob-
lem. The best algorithm becomes the state of the art . New ideas are
then compared and tested against the current state of the art. These
experiments do not exist in robotics, neither does the concept of state
of the art . The works in the literature mostly show particular solu-
tions to particular problems, but there are very few comparisons.

On the one hand, this is understandable. Let us consider a nor-
mal cycle of research in autonomous robotics (not for industrial pur-
poses). Researchers usually start developing a prototype of the robot.
This is then used to run experiments, during which the problems of
the prototype arise. Researchers have to come back and x them on
the hardware. Then experiments can start again but the robots, being
still prototypes, often require maintenance. When the hardware starts
to be reliable, there is the problem of the power sources: the current
robots used for research last for a few experiments in a row, then the
robots must stop and the batteries be recharged. When the rst round
of experiments is over, the fellowship of the researcher too, and a new
researcher will have to start from scratch. As it can be seen, the exper-
imental part is highly resource consuming. Thus, it is not surprising
that researchers prefer to use the robots mostly for proof-of-concept
experiments than for comparisons with other solutions.

On the other hand, this should not be taken for excuse. Other sci-
enti c areas face the same problems, but they nevertheless do compar -
isons. For instance, doctors test drugs on their patients to know which
one is more effective. In case of long lasting illnesses, a research might
also last ten years. Researchers in these areas have developed a num-
ber of different techniques which allows them to reduce the resource
usage. A branch of statistics, called experiment design, is dedicated to
this purpose. We would like to see more of it in the eld of robotics.

1.2 Main Contributions

The main contributions of this thesis are as follows:

Introduction of a new algorithm for division of labour in a group
of robots. The algorithm is inspired by ants’ foraging behaviour. It
is based on a simple form of learning and does not use any form
of direct communication.

Validation of the algorithm through a formal and methodological
use of both simulation and real robots.

Formal comparisons among different algorithms for division of
labour. The formal methodology makes use of concepts from ex-
periment design, which are never used in robotics at least ex-
plicitly. They help us to assess which algorithms are the best



CHAPTER 1. INTRODUCTION

within a given set using a minimal number of experiments (recall

that they are the most time consuming part of the research). This

work paves the way to the development, one day, of the concept of
state of the art algorithm also in robotics.

We do not only take inspiration from biology, but we give some-
thing back too. The validation of our algorithm for division of
labour strongly supports the argument that learning is an impor-
tant factor in division of labour and that no communication is re-
quired in animal societies. There are still many biologists against
this argument.

We developed a new type of simulator for SANETs. The simula-
tor, called BARAKA (Sec. 3.3), combines two different simulation
paradigm: discrete event simulation and continuous time simula-
tion.

Implementation of a new algorithm for division of labour with the
choice of more than one task. While the case with many tasks is
studied in mainstream robotics, this is new in SR and bio-inspired
robotics.

A new approach to the development of SANETs. This approach
features a stricter interaction between application and network
layers in robot and sensor node.

1.3 Structure of the Thesis and Relevant
Publications

Chapter 2 gives a more detailed introduction on MRSs. It starts with
the narration of the birth of the rst robots, both real and imaginary.
It describes then the history and development of MRSs, highlighting
the current problems and giving an overview on current works. The
chapter continues describing the concept of self-organisation as it was
developed in biology and how this is used as foundation for SR. Af-
ter having read it, the reader should have all necessary background
information for the following chapters.

Chapter 3 describes the tools that were used for the experiments
of this thesis. We used both real robots and simulators. The real
robots were built using Lego Mindstorms™. The simulators were ei-
ther adapted or totally developed for the experiments. The following
publications are related to the content of this chapter:

T.H. Labella. Prey retrieval by a swarm of robots. Thesis for
the Dipl me d’ tudes Approfondies (DEA). Technical Report TR-
IRIDIA-2003-16, IRIDIA, Universitd Libre de Bruxelles, Brussels,
Belgium, 2003.

M. Dorigo, E. Tuci, R. Gro , V. Trianni, T.H. Labella, S. Nouyan,
C. Ampatzis, J.-L. Deneubourg, G. Baldassarre, S. Nol , F. Mon-
dada, D. Floreano, and L.M. Gambardella. The SWARM-BOTS
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project. In E. Sahin and W. Spears, editors, Proceedings of the First
International Workshop on Swarm Robotics at SAB 2004, volume
3342 of Lecture Notes in Computer Science, pages 31 44. Springer
Verlag, Berlin, Germany, 2004b.

T.H. Labella, I. Dietrich, and F. Dressler. BARAKA: A hybrid sim-
ulator of sensor/actuator networks. In Proceedings of the Sec-
ond IEEE/Create-Net/ICST International Conference on COMmu-
nication System softWAre and MiddlewaRE (COMSWARE 2007),
Bangalore, India, January 7 12, 2007. In press.

Chapter 4 describes a new algorithm for division of labour. The
algorithm was developed after a model of ants’ foraging. This model
was previously tested only through numerical simulations. We provide
an empirical and stronger validation of the model. We also analyse
how the division of labour changes according to different environmental
parameters, and how the group performs in changing environments.
This work was published in:

T.H. Labella, M. Dorigo, and J.-L. Deneubourg. Ef ciency and
task allocation in prey retrieval. In A.J. ljspeert, M. Murata,
and N. Wakamiya, editors, Biologically Inspired Approaches to Ad-
vanced Information Technology: First International Workshop, BioA-
DIT 2004, volume 3141 of Lecture Notes in Computer Science.
Springer Verlag, Heidelberg, Germany, 2004a.

T.H. Labella, M. Dorigo, and J.-L. Deneubourg. Self-organised
task allocation in a group of robots. In R. Alami, editor, 7th Inter-
national Symposium on Distributed Autonomous Robotic Systems
(DARSO04), pages 371 380, Toulouse, France, June 23 25, 2004b.

T.H. Labella, M. Dorigo, and J.-L. Deneubourg. Division of labour
in a group of robots inspired by ants’ foraging behavior. ACM
Transactions on Autonomous and Adaptive Systems, 1(1):4 25,
2006a.

Chapter 5 considers other algorithms that might be used for division
of labour. We evaluate algorithms similar to ours and compare their re-
sults. This allows us to clearly state which are the differences between
the algorithms, and also gives us some hint on why they are different.
The experiments were done using a formal methodology which allowed
us to spare a lot of resources and to get, for instance, valid results after
only ve replications with real robots. This work, which was done in
collaboration with Marcello Cirillo, a Master student under our super-
vision, is new and not yet published. Publications are on-going work at
the time of writing.

Chapter 6 extends the work of the previous chapters in the context
of SANETs. In a SANET, robots have to interact with sensor nodes.
They are small devices that can sense the environment, send and re-
ceive messages. The chapter focuses on the division of labour in a
SANET when there are more than one task to choose. Related publica-
tions are:

8
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T.H. Labella, G. Fuchs, and F. Dressler. A simulation model
for self-organised management of sensor/actuator networks. In
Fachgespr ch ber Selbstorganisierende, Adaptive, Kontextsensi-
tive verteilte Systeme (SAKS), University of Kassel, Germany,
March 23 24 2006b.

T.H. Labella and F. Dressler. A bio-inspired architecture for divi-
sion of labour in SANETs. In Proceedings of the First IEEE/ACM
International Conference on Bio Inspired Models of Network, Infor-
mation and Computing Systems (BIONETICS 2006), Cavalese, Italy,
December 11 13, 2006. In press.

Finally, Chap. 7 draws the nal conclusions of our work.

1.3.1 Additional Publications

We published also other articles during our research that are not strict-
ly related to the topic of this thesis. The following list completes our
publication list:

A. Bonarini, M. Matteucci, G. Invernizzi, and T. H. Labella. Con-
text and motivation in coordinating fuzzy behaviors. In M. Colom-
betti, A. Bonarini, and P.L. Lanzi, editors, Proceedings of the Sev-
enth Meeting of the Italian Association for Arti cial Intelligence
(AI*1A 2000). AI*IA, Milano, Italy, 2000.

A. Bonarini, M. Matteucci, G. Invernizzi, and T.H. Labella. An ar-
chitecture to coordinate fuzzy behaviors to control an autonomous
robot. Fuzzy Sets and Systems, 134(1):101 115, 2001.

E. Sahin, T.H. Labella, V. Trianni, J.-L. Deneubourg, P. Rasse,
D. Floreano, L.M. Gambardella, F. Mondada, S. Nol , and
M. Dorigo. SWARM BOT: Pattern formation in a swarm of self
assembling mobile robots. In A. ElI Kamel, K. Mellouli, and
P. Borne, editors, Proceedings of IEEE International Conference on
System, Man and Cybernetics (SMC2002). IEEE Press, New York,
NY, 2002.

V. Trianni, T.H. Labella, R. Gro , E. $Sahin, M. Dorigo, and J.-
L. Deneubourg. Modeling pattern formation in a swarm of self-
assembling robots. Technical Report IRIDIA-TR-2002-12, IRIDIA,
Universit? Libre de Bruxelles, Brussels, Belgium, 2002.

V. Trianni, R. Gro , T.H. Labella, E. $Sahin, P. Rasse, J.-L. Deneu-
bourg, and M. Dorigo. Evolving aggregation behaviors in a swarm
of robots. In W. Banzhaf, T. Christaller, P. Dittrich, J.T. Kim, and
J. Ziegler, editors, Advances in Arti cial Life - Proceedings of the
7th European Conference on Arti cial Life (ECAL), volume 2801 of
Lecture Notes in Arti cial Intelligence. Springer Verlag, Berlin, Ger-
many, 2003.
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M. Dorigo, V. Trianni, E. $Sahin, R. Gro , T.H. Labella, G. Bal-
dassarre, S. Nol , J.-L. Deneubourg, F. Mondada, D. Floreano,
and L.M. Gambardella. Evolving self-organizing behaviors for a
Swarm-Bot. Autonomous Robots, 17(2 3):223 245, 2004a.

V. Trianni, T.H. Labella, and M. Dorigo. Evolution of direct com-
munication for a swarm-bot performing hole avoidance. In M. Do-
rigo, M. Birattari, C. Blum, L.M. Gambardella, F. Mondada, and
T. St tzle, editors, Ant Colony Optimization and Swarm Intelligence

Proceedings of ANTS 2004 Fourth International Workshop, vol-
ume 3172 of Lecture Notes in Computer Science, pages 131 142.
Springer Verlag, Berlin, Germany, 2004.

T.H. Labella and M. Birattari. Polyphemus: De alieni generorum
abacorum racemo. Technical Report IRIDIA-TR-2004-15, IRIDIA,
Universitd Libre de Bruxelles, Brussels, Belgium, 2004.

M. Dorigo, E. Tuci, V. Trianni, R. Gro , S. Nouyan, C. Ampatzis,
T.H. Labella, R. O'Grady, M. Bonani, and F. Mondada. Compu-
tational Intelligence: Principles and Practice, chapter SWARM-BOT:
Design and Implementation of Colonies of Self-assembling Robots.
IEEE Computational Intelligence Society, New York, NY, 2006.



Chapter 2

Background

In this thesis, we study systems composed of more than one robot.
Before entering into the details of our research, we want to guide the
reader into this eld. This chapter can not unfortunately be a complete
guide to robotics. Even a rough summary might take more space than
this thesis.

We start by giving a historical perspective in Sec. 2.1. We describe
some of the tentatives of men to build moving artifacts. Looking at
them with nowadays eyes, they look everything but scienti ¢ works.
In Sec. 2.2, we give a loot at nowadays robotics, giving an overview
of the different research areas. We start from a gross classi cation of
the areas, to reach the more restricted sector where we carried out our
work. Section 2.3 gives a more proper classi cation of the speci c area
of interest in this thesis, Multi Robot Systems (MRSs), and Sec. 2.4
lists some examples of research in the area. Finally, Sec. 2.5 describes
a recent approach to MRS, the one we follow in this thesis.

2.1 A Brief History of Robotics

Robotics can be de ned as the technology dealing with the design, con-
struction, and operation of robots in automation * and has developed
since the second half of the 20th century. It is a broad and multidisci-
plinary area. It spans over electronics, mechanics, computer science,
arti cial intelligence, control theory, and also bio-informatics.

The English word robot is older than the technological applica-
tions. It appeared in 1923, in the English translation of a 1920 Czech
play, R.U.R. (Rossum’s Universal Robots), by Karel Capek (1890
1938). It is astonishing, if we consider that Turing will propose only
thirteen years later his model of a computing machine, which today
is known as Universal Turing Machine [Turing, 1936]. The original
Czech word, robotnik , means slave . It comes from robota which
means forced labour .? The word refers to human artifacts that should

IMerriam Webster on-line dictionary at ht t p: / / www. m w. cont .
2The complete etymology can be found at ht t p: / / www. et ynonl i ne. cond .
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Figure 2.1: A replica of the tortoise by Grey Walter.

perform work for men. It differs from other machines built by men be-
cause of the strict integration between the mechanical, electronic and
logic components, and for its ability of moving and exploring/modifying
the environment.

The concept of a robot is one variation of a theme that is really
common in the literature and in mythology: the myth of creation. We
go at least as far back as the ancient legend of Cadmus, who sowed
dragon teeth that turned into soldiers, and the myth of Pygmalion,
whose statue of Galatea came to life. In classical mythology, Hep-
haestus created mechanical servants, ranging from intelligent, golden
handmaidens to more utilitarian three-legged tables that could move
about under their own power. A Jewish legend tells of the Golem, a
clay statue animated by Kabbalistic magic. Similarly, in the Younger
Edda, Norse mythology tells of a clay giant, M kkurkZl or Mistcalf,
constructed to aid the troll Hrungnir in a duel with Thor, the God of
Thunder. Other examples in more modern literature comprise Pinoc-
chio [Collodi, 1883] and Frankestein [Shelley, 1818].

The rst application of robotics as commonly understood today
started to appear after World War II. In 1948, Grey Walter at Bristol
University, England, created the rst autonomous mobile robots, al-
though he programmed them using analogical circuits. The tortoise
(Fig. 2.1), as it was called, was wired to display animal-like behaviours,
like approaching light sources using a photo-receptor. The Unimate,
the rst industrial arm robots, appeared in 1961 and joined the Gen-
eral Motors’ assembly line. In 1966, the Stanford Research Institute
produced Shakey , the rst robot which was able to plan its actions.
This period can be considered the beginning of robotics as a scienti ¢
and technological discipline. However, the word robotics is older than
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Figure 2.2: Elektro, in the middle, and Sparko, right. The robots were
created by Westinghouse in the 30s. Nothing is known about the hu-
manoid on the left.

these examples. It appeared in a 1941 science ction story by Asimov
[1991]: science ction anticipated reality.

Before World War Il, humans built a number of machines that show
striking resemblance with the contemporary idea of a robot. We can go
far back in time, to ancient Greece. Around 350 BCE, the Greek math-
ematician Archytas of Tarentum (428 347 BCE the city is now called
Taranto, in south Italy) built The Pigeon , a mechanical bird used for
studies on ight. In 1495, Leonardo da Vinci (1452 1519) designed a
mechanical knight that was apparently able to sit up, wave its arms,
and move its head and jaw. It is not known however if he actually
built this device. In 1738, the french engineer Jacques de Vaucanson
(1709 1782) built two automata which were able to play the ute and
tambourine, plus a duck made of four hundreds moving parts. The
duck is considered his masterpiece: it could ap its wings, drink wa-
ter, digest grain and defecate. In 1898, Nikola Tesla (1856-1943) made
a demonstration with a remotely-operated boat. Last, but not least,
Westinghouse created in the 30s a human-like robot called Elektro and
its companion dog Sparko (Fig. 2.2 and 2.3). Elektro was able to move
legs and arms, to turn the head and even to smoke. Sparko was also a
masterpiece of technology: it could stay sit.
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Figure 2.3: Internals of Elektro
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2.2 Robotics Nowadays: a Gross Classi ca-
tion

After robotics moved out of the science ction context, it expanded
considerably. It is possible to classify the works of the last years in a
number of ways, which are usually not mutually exclusive. We do not
want to list all of them in this chapter. We make use of some broad
classi cation, in order to immediately cut away those works that are
not directly related with what we present in this thesis. What follows
should not be considered as an authoritative and accepted categorisa-
tion of robotics. It is only meant as an aid to the reader to place the
research eld of this thesis in a broader context.

Robots can be remote-controlled or autonomous. The main differ-
ence is that a remote-controlled robot executes a set of low level com-
mands coming from a remote operator. For example, it could be a robot
used for submarine exploration or by a surgeon for a delicate operation.
In case of autonomous robots, the computer on board has some auton-
omy in taking decisions on which action should be done according to
the information coming from the sensors.® For an autonomous robot
to work, it is essential that it is provided with some means of perceiving
the environment (i.e., the sensors) and of modifying it (i.e., the actua-
tors).

Autonomous robots can be xed in the environments or can be free
to move. An assembly line in a factory is an example of xed robot, the
Sojourner rover which landed on Mars in 1997 is a quite convincing
example of a moving one.

Different works in the literature focus on different aspects of a robot:
the mechanics, the electronics, or the control program. The latter refers
to the program that makes one or more robots move and act in the
environment and is the focus of this thesis. Control programs can
be divided into several layers. At the lower level, there is ne control
of the actuators and the drivers of the sensors. At the middle layer,
there is usually the code that takes care of elaborating the raw data
coming from the sensors in order to have a better and more schematic
representation of the state of the environment. This part is usually
called feature extraction. Finally, at the top level, there is the decision
centre: it reads the information coming from the sensors and uses it to
send the appropriate commands to the actuators. This part of program
is usually called the high level control . In this thesis, we also refer to
it using the words robot program or robot controller .

The nal gross classi cation useful for the moment concerns the
number of robots taken into account in the experiments. During the

rst decades of robotics, experiments were done using only one robot.
This was due most likely to the high costs of the robots. They were
also made of very delicate pieces, and required a lot of maintenance. In
the last two decades, researchers have given more and more attention
to systems made of several robots, on which we focus now. They are

30bviously, a robot can never be totally autonomous, at least until it will be able to
switch itself on and off.
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called Multi Robot Systems (MRSS).

2.3 Overview of Multi Robot Systems

The recent increase of interest in Multi Robot Systems was certainly
helped by the reduction of hardware prices. This alone does not explain
why so many researchers have started working on this subject. As
some author proposed, MRSs are interesting because some

[...] tasks may be inherently too complex (or impossible) for
a single robot to accomplish, or performance bene ts can be
gained from using multiple robots; building and using several
simple robots can be easier, cheaper, more exible and more
fault tolerant than having a single powerful robot for each sep-
arate task; and the constructive, synthetic approach inherent
in cooperative mobile robotics can possibly yield insights into
fundamental problems in the social sciences (organisation the-
ory, economics, cognitive psychology), and life sciences (theo-
retical biology, animal ethology). [Cao et al., 1997, page 7.]

We focus below only on works in which robots collaborate in order
to achieve a task, a sub- eld of MRSs that is often called co-operative
robotics. The reader should remember however that there are also
works in which autonomous robots are in competition among them.
The most spectacular case is probably RoboCup.# In a RoboCup com-
petition, two teams of robots (either simulated or real) play against each
other in a soccer match. Scienti c¢ and practical issues include combin-
ing reactive approaches and modelling/planning approaches, real-time
recognition, planning, reasoning, strategy acquisition, and agent mod-
elling [Kitano et al., 1997, Asada and Kitano, 1999, Asada et al., 1999].

Even if we look only at co-operative robotics, the literature offers a
massive number of works. To account for all of them, researchers have
proposed several classi cation criteria [see Cao et al., 1997, Farinelli
et al., 2004, Gerkey and Matarie, 2004, for some examples]. The most
extensive and acknowledged classi cation was proposed by Dudek
et al. [1996]. They propose a number of taxonomic axes and then list
for each axis the solutions usually found in the literature. They also
review the best known works in order to classify them. Their paper is
useful therefore not only for their classi cation criteria, but also as a
basis for an overview of MRSs. The axes they propose are as follows:

Size: a multi robot system can be formed by one robot (the minimal
collective [Dudek et al., 1996, p. 379]), two robots (the simplest
group ), or by a limited number n of robots.

Communication range: in most systems, each robot can communi-
cate only to a certain distance. To the extremes of this axis, there
are robots which do not communicate (their range is 0) or which
can communicate with all the other robots in the environments (so

4htt p: // www. r obocup. or g/

16



CHAPTER 2. BACKGROUND

that the range can be considered as in nite). Limitless communi-
cation is a property that depends both on the characteristic of the
environment and on the means of communication. Between the
two extremes, there is the case in which robots can communicate
only with nearby robots. Their communication range is nite and
smaller than the environment. The authors refer however only to
direct forms of communication. Even in case of a zero-range, itis
possible for robots to communicate with each other indirectly by
observing their presence, absence or behaviour (as many animals
seem to) [Dudek et al., 1996, p. 380].

Communication topology : if robots communicate, they might not di-
rectly communicate with every other robot, even if they are near.
In some cases, there is a hierarchy along which messages should
pass. Dudek et al. identi ed four common communication topolo-
gies in the literature: robots can broadcast their messages, which
are received by any other robot within communication range; com-
munication is address-based, so that each robot can communi-
cate with only one other robot; communication must follow the
path in a tree that de nes the hierarchy; nally, the robots are
linked in a general graph, along whose edges robots communi-
cate.

Communication bandwidth : there can be costs related to communi-
cation which affect the available bandwidth. There might be no
costs and thus in nite bandwidth or high costs and low band-
width. Between them, Dudek et al. place another category, which
is relevant for the applications discussed in Sec. 2.5. For these
kinds of robots, the costs of communicating are comparable to
those of moving in the environment. In fact, the robots commu-
nicate changing the environment. The extreme case is the one
without bandwidth at all. In such case, robots are not even able
to sense each other. This is considered to be an impractical case
if coordinated collective behaviour is desired [Dudek et al., 1996,
p. 381].

Collective recon gurability : it refers to the rate at which the collec-
tive can spatially reorganise itself and it is usually related to the
communication range and topology. Robots can have xed posi-
tions, change their position occasionally following communication
(as in formation control) or have completely dynamic and arbitrary
locations.

Processing abilities: there are several software architectures that can
be used for the controllers of the robots. The common and gen-
eral models are: a nite state automata, a push-down automata,
Turing machines and Neural Networks.

Collective composition : the robots in a MRS might be different both
in the hardware and in the software. Differences in the former
usually imply differences in the latter. This is why Dudek et al.
give only three possible values for this axis: groups where robots
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are completely identical (hardware and software), where they are
physically homogeneous and groups which are heterogeneous.
The authors point out that even in case of identical robots, they
can still assume different roles based on environmental and sta-
tistical factors.

The control system of a single robot operating alone, that is, not a
MRS, can be described as follows: given a condition, or state, of the en-
vironment, the robot has to perform a series of actions to reach a goal.
The goal can be to have an object carried from one place to another, to
have the robot in a xed position, to move so that all the environment
has been explored, and so forth. The control system analyses sensor
data to identify the current state and to select the best action in order to
reach the goal. There are two approaches to the decision process: a re-
active system considers only the current state and binds it to a speci ¢
action, creating a mapping from the state space to the action space; a
planning approach selects the best action according to predictions of
future states which are elaborated using a model of the environment.
Sensor data is then reanalysed to decide on the next action and to give
feedback to the system.

When dealing with only one robot, control algorithms must take care
of a number of problems, listed as follows:

Unpredictable changes. If the environment is dynamic, it can change
because of factors that are not under the control of the robot. If
a reactive architecture is used, the state-action mapping may not
be valid any more. If planning is used, the foreseen states do not
occur and new predictions are needed, but the environment can
change again before the new predictions are available.

Sensor reliability. Sensors can be unreliable or they can return the
same data in different states (a phenomenon known as sensor
aliasing or partial observability). For instance, if a new state of the
environment was reached, e.g., the goal is closer, and the control
system reads the same data as at the beginning, the robot would
think that no progress has been made and select the wrong action.

Unknown environments. If a robot worked in a new environment, the
outcome of any of its actions might be partially or completely un-
known. In this case the model used for the planning or the map-
ping in a reactive system may be wrong and ineffective. Experi-
ence collected in the past can be used by the robot to improve
the state-action mapping or the model of the environment, for in-
stance by means of reinforcement learning (App. A).

Real time requirements. The product space between state and action
is generally huge. Looking for the best action in case of planning,
or for the best mapping in the case of a reactive system, can take
too much time. This is usually a problem when the robot has to
operate in a critical environment where decisions must be taken
fast or where fast learning is desired.
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MRSs amplify these problems. Each robot must take care of the
others. From the point of view of each robot, the environment is more
dynamic because the other robots can change it by means of their ac-
tions. Each control system shall consider both the actual state of the
environment and all possible combinations of the states of the other
robots. This gives rise to a combinatorial increase of the state space
with the number of robots. Moreover, if no communication is used,
the states of other robots are unknown, hence the environment is only
partially observable. If communication is used, the capacity of the com-
munication channel can easily saturate with a high number of robots.

2.4 Examples of MRSs

The following examples show some of the problems and the solutions
that have been studied in the literature on MRSs. They show a sort of

mainstream approach for the design of MRSs on which we discuss in
the following section.

Goldberg and Matarie [2000] use Augmented Markov Models (AMMS)
to control the robots. An AMMs is a kind of Markov Chain that is
incrementally generated through node splitting in order to catch hidden
states. They use a foraging task to test their algorithm: robots have
to search the environment for different objects and retrieve them to
a prede ned area (this task is described in more detail in Sec. 4.1).
The authors wanted to tackle the problem of dynamic environments.
They use in each robot several AMMs. Each of them is used to track
a different timescale. This feature is tested in environments where the
number of the items to retrieve changes during the experiments.

Mataric [1997b] addresses the problem of learning in a puck re-
trieval task when the state-action space is large. The dimension is dras-
tically decreased using behaviours instead of actions as basic blocks
of the decision process. Behaviours are goal-driven control laws that
achieve sub-goals and are not learnt during experiments. She uses a
reinforcement function that is the sum of three different components.
The rst one takes care of internal events triggered by behaviour acti-
vations, like the collection or the dropping of pucks. The second one
considers the distance to neighbours and has a positive value when
it increases. The third one, initialised when a puck is grasped, gives
positive reinforcement when the distance to the home decreases while
carrying a puck.

In Matarie [1997a], the task is to learn social behaviours in order
to reduce interference among robots that is an unavoidable aspect of
multi-agent interaction and is the primary impetus behind social rules
[Matarie, 1997a, p. 192]. Reinforcement is composed again of three
parts. A progress estimator gives a reward whenever a progress toward
the immediate goal is done. The second reinforcement comes from the
observation and imitation of the behaviours of the others. Finally, a
third reward is given by other agents in order to share reinforcement
when involved in social interactions.

Balch and Arkin [1994] analyse the effects of communication in
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Figure 2.4: Pictures of sensor nodes. On the left a picture of a BTNode.
On the right, front and bottom of a MICA2DOT.

foraging and other tasks. Their conclusion is that communic ation
improves performances when little environmental communic ation is
available. However, it is not essential for tasks which incl ude im-
plicit communication and the bene t of using complex commun ication
strategies instead of simple ones is small.

Other researchers have focused on issues related to multi-r obot
planning. A plan is usually created in a centralised fashion and then
distributed to each robot to be executed, as in Bruce and Veloso [2002].
Their planning method is based on Rapidly-Exploring Random Trees
(RTT) and is used for navigation tasks. The planning algorit hm ex-
pands a path one step from the current position to a goal or, wi th a
small probability, toward a random position. This algorith m has a good
performance when the application is as real-time constrain ed and dy-
namic as a RoboCup match.

Interesting forms of learning can be studied when the system is
composed of two groups of robots in competition. Riley and Veloso
[2002 ] try to learn the opponent's strategies during a RoboCup mat ch
to nd a counter-strategy to apply. A centralised system kee ps statis-
tics about the opponent's positions and the ball movements t o feed a
number of different opponent models. The best tting one is t hen used
to plan the counter-strategy.

A recent research eld studies a group of mobile robots inter act-

ing with a Sensor Network (SN). A SN is made of a number of “sen-
sor nodes”, also known as “motes”. Sensor nodes are small emb ed-

ded systems, provided with their own power supplies, with th e ability
of sensing the environment, processing data and communicat ing with
the neighbours via a wireless channel. Figure 2.4 shows two types of

sensors that were developed in recent years. Sensor network s can be
applied to several areas [ Akyildiz etal. , 2002 ]: military applications, en-
vironmental protections (e.g., ood or re detection), hea Ith (e.g., moni-
toring of physiological data of patients in a hospital), hom e automation,
and so on (see Culler and Mulder [2004 ] for a general overview).
Systems made of mobile robots and sensor nodes are called Sen -
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