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EVOLUTIONARY RoOBOT SWARMS UNDER REAL-WORLD CONSTRAINTS

by
Micael Couceiro

Abstract

Over the past decades, manysciepish d engi neer s h av bestareiena&tessed u d y
patterns and strategied/ithin the existing biological architecturesyarmsocietiesrevealed that
relatively unsophisticatealgentswith limited capabilitiessuch as ants or birdsere abled cooper-
atively accomplish completasks necessy for their survivalThose simplistic systemembrace all
the conditionsecessaryo surviwe, thus embodying cooperative, competiteued adaptive behav-
iours. In the neveending battle t@advancartificial manmade mechanispt®mputer scientists sim-
ulated the first swarm behaviour designed to mimic the flocking behaviour of birds in the late eighties.
Ever since, many other fields, suchrabotics have benefited from thiault-tolerant mechanism
inherent taswarm intelligence

The area of research presented in BhsD. Thesisfocuses orswarmrobotics which isa par-
ticular domain ofmulti-robot system¢$MRS that embodies the mechanisms of swarm intelligence
into robotics More specifically, thiS'Thesis proposes a completeasm robotic solutiorthat can be
applied to reailvorld missions. Although the proposed methddsot dependn any particular ap-
plication, search and rescugal operations were considered as the main case study due to their
inherent level of complexitysuchoperation®ftenoccurin highly dynamicand large scenarios, with
harsh and faulty conditions, that pose several probtemdR Sapplicability. This Thesis focuses on
theseproblemsraisng new challenges that cannot be handled appropriately byesadpptation of
stateof-the-art swarm algorithmsplanning, control and decisiemaking techniques.

The contributions of this Thesis revolve arouneatension of th€article Swarm Optimization
(PSQ to MRS denoted aRobotic Darwinian Particle Swar®ptimization(RDPSQ. TheRDPSO
is a distributedswarm roboti@rchitecturehat benefits from the dynamical partitioning of the whole
swarm of robots by means afi &volutionarysocial exclusiormechanism based ddarwinb s s ur -
vival-of-the-fittest Nevertteless, althoughurrently applied solelyo theRDPSCOcase study, the ap-
plicability of all concepts herein proposed is not restricted to it, since all parameterized swarm robotic
algorithms may benefit from a similapproach
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TheRDPSQis then proposednd used to devise the applicabilityradvel approaches. The fun-
damentals around tiRDPSOCar e i ntroduced by focusing on robo
communication constraints and its evolutionary properties. Afterwards, taking the initial deptoym
of robots within the environment as a basis for applying swabmticssystems into realorld ap-
plications, the development of a realistic deployment strategsoiosed For that end, the popula-
tion of robots is hierarchically divided, wherelarger support platforms autonomously deploy
smaller exploring platforms in the scenario, while considering communication constraints and obsta-
cles. After the deployment, a way of ensuring a feal#rant multthop mobile ad hocommunication
network (MANET) is introducedo explicitly exchange information neededaircollaborative real
world task executiorSuchstrategy not only considers the maximum communication range between
robots, but also the minimum signal quality, thus refinreapplicabilityto reatworld context.This
is naturally followed by a deep analysis of RBPSOcommunication system, describing the dy-
namics of the communication data packet structure shared between teammates. Such procedure is a
first step to achiemg a more scalablenplementation by optimizing the communication procedure
between robots. The highly dynamic characteristics ofweald applications motivatedsto ulti-
mate theRDPSOdevelopment with an adaptive strategy based on a set of ctatsed evaluation

metiics.

This thesis contributes to the statiethe-art in swarm roboticsvith novel algorithmdor reat
world applications. Allof theproposed approaches have been extensively validabsthchmarkg
tasks, in simulation, andith real robotsOn top ofthat, and due to the limitations inherent to those
(e.g, number of robots, scenario dimensions,-veatld constraits), this Thesis further contributes
to the stateof-the-art by proposing a macroscopic model able to capturRBeSOdynamics and,
to sane extent, analytically estimate the collective performance of robots under a certaihisask.
the author 6s eBhelbesiamalsibedsoneHight ino bridging the reality gap
inherent tahe applicability of swarm strategies to readrld scenariosandin particular toSaRop-

erations

Keywords: Cooperation SvarmRobotics EvolutionaryAlgorithms Survivalof-the-Fittest Mobile
Ad hocCommunicatiorNetworks Fault-Tolerance;Performane Analysis andestimation Search

andRescue
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ENXAMES DE ROBOS EVOLUTIVOS SOB CONSTRANGIMENTOS DO M UNDO REAL

by
Micael Couceiro

Re s umo

Nas ultimas décadas, varios cientistas e engenheiros tém vindo a estudar as estratégias proveniel
da natureza. Dentro das arquiteturas biolégicas, as sociedades que vivem em enxames revelam
agentes simplistas, tais como formigas ou passaros, ssxesdfe realizar tarefas complexas usufru-
indo de mecanismos de cooperacado. Estes sistemas abrangem todas as condi¢cdes necessarias [
sobrevive°encia, i ncorporando comportamentos d
sem fim em prol do progsso dos mecanismos artificiais desenvolvidos pelo homem, a ciéncia con-
seguiu simular o primeiro comportamento em enxame no final dos anos oitenta. Desde entdo, muit;
outras areas, entre as quais a robadtica, beneficiaram de mecanidolesadeia a fallasinerentes
dainteligéncia coletiva de enxames

A é&rea de investigacdo deste estudo incideobatica de enxameconsistindo num dominio
particular dos sistemas roboticos cooperativos que incorpora os mecanismos de inteligéncia coleti
de enxames nabbodtica. Mais especificamente, propgEuma solucdo completa de robdtica de en-
xames a ser aplicada em contexto real. Nesta 6tica, as operacdes de busca e salvamento foram cc
deradas como o caso de estudo principal devido ao nivel de complexidadedasseonesmas. Tais
operacdes ocorrem tipicamente em cenarios dindmicos de elevadas dimensdes, com condi¢cdes ad
sas que colocam em causa a aplicabilidade dos sistemas robéticos cooperativos. Este estudo cen
se nestes problemas, procurando novos dessgfie ndo podem ser ultrapassados através da simples
adaptacao da literatura da especialidade em algoritmos de enxame, planeamento, controlo e técni
de tomada de deciséo.

As contribuicbes deste trabalho sustentamem torno da extensdo do mét&doticle Swarm
Optimization(PSQ aplicado a sistemas roboticos cooperativos, denominaBollgtic Darwinian
Particle Swarm OptimizatioRDPSQ. O RDPSOconsiste numa arquitetura robodtica de enxame
distribuida que beneficia do particionamento dinamico dalpo@o de robds utilizando mecanismos
evolucionarios dexclusdo sociabaseados nsobrevivéncia do mais fortde Darwin. No entanto,

apesar de estar assente no caso de estud®ESQ a aplicabilidade dos conceitos aqui propostos
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nao se encontra restra@ mesmo, visto que todos os algoritmos parametrizaveis de enxame de robbs
podem beneficiar de uma abordagem idéntica.

Os fundamentos em torno &DPSOsao introduzidos, focaneke na dindmica dos robds, nos
constrangimentos introduzidos pelos obstacalpsla comunicacéo, e nas suas propriedades evolu-
cionarias. Considerando a colocacao inicial dos robés no ambiente como algo fundamental para apli-
car sistemas de enxames em aplicacfes reais, € assim introduzida uma estratégia de colocagéo de
robds realistaPara tal, a populacéo de robds é dividida de forma hierarquica, em que sao utilizadas
plataformas mais robustas para colocar as plataformas de enxame no cenario de forma autbnoma.
Apés a colocacgdo dos robds no cenario, é apresentada uma estratégeanpitiraacriacdo e manu-
tencdo de uma rede de comunicacao madeéioccom tolerancia a falhas. Esta estratégia ndo consi-
dera somente a distancia entre rob6s, mas também a qualidade do nivel de sinal radio frequéncia,
redefinindo assim a sua aplicabilidasta cenarios reais. Os aspetos anteriormente mencionados es-
tdo sujeitos a uma analise detalhada do sistema de comunicagéo inerente ao algoritmo, para atingir
uma implementac@o mais escalavelRIDPSOa cenarios de elevada complexidade. Esta elevada
complexdade inerente a dindmica dos cenarios motivaram a ultimar o desenvolvim&ier &)
integrando para o efeito um mecanismo adaptativo baseado em informacao comtextnaldl de
atividade do grupo).

Face a estas consideracgdes, 0 presente gsbdeéoccontribuir para expandir o estatiearte em
robédtica de enxame com algoritmos inovadores aplicados em contexto real. Neste sentido, todos os
métodos propostos foram extensivamente validados e comparados com alternativas, tanto em simu-
lacdo como comobds reais. Para além disso, e dadas as limitacdes degtasifnero limitado de
robds, cenérios de dimensfes limitadas, constrangimentos reais limitadoggleste contribui
ainda para um maior aprofundamento do estidarte, onde se propde unpdelo macroscoépico
capaz de capturar a dindmica inerentR B SOe, até certo ponto, estimar analiticamente o desem-
penho coletivo dos rob6s perante determinada tarefa.

Em suma, esta investigacao pode ter aplicabilidade préatica ao colmatar a lacurfazjserge
no ambito das estratégias de enxames de rob6s em contexto real e, em particular, em cenarios de

busca e salvamento.

Palavras-Chave Cooperacgéo; Robotica de Enxame; Algoritmos Evolucionarios; Sobrevivéncia do
mais forte; Redes de Comunicacédohfat; Tolerancia a Falhas; Analise e Estimacéo de Desempe-

nho; Busca e Salvamento
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CHAPTER |

| nt rcad w n

PHYSICAL and chemical processegrethe origin ofall life on Earthmore thar2.5 billionyears

aga As far as human knowledge go#®se processes contributed to the natural evolution of
nowadays species and their survitebughseveral ages filled with catastrophic evefitse reasons
behind such surviNality of speciesalthough not fully explainedall into the evolutionary cycle of
mutation selectionandreplication However, assuming that this cycle is an individual process with-
out inter and intrapecies interactions is simply wronghe selection mechanism itg&llls into the
principles ofcoevolutiod. To certify this, most palaeontologists believe that-awian dinosaurs
lacked the complex cooperation of existing mammal pack hunters such as (kekwes 2001) In

other words, the dinosaurs were unable to cope, through cooperation, with the competition from marr
mals and the changing climateoking at the facts, this,isnquestionablya highly interesting phe-
nomenon.Note that &hough dinosaurs were negely extinct due to th€retaceoudsPalaeogene
extinction evenaround66 million years agogvenway before that they starteddaccumbRemark-

ably, the only survivordorn inthe Late Triassicweresome fewtypes ofbirds and mostinsectsi
specieknownfor their intrinsic cooperative, and even competitivehavioumbserved in nowadays
flocks and swarmsThe neologismcombining cooperationand competitionis often known as
coopetition(Tsai, 2002)and nourishes the principles of natural selection, also knowd asr wi n 6 ¢
survivatof-thefittest(Darwin, 1872)

Those principles, along with the way nature copes with the difficulties of life, brought forth the
research towardsature inspired more widely known abiologically inspired manmade designs
From biologically inspired robotsnimickingb i r d s 6 k(Conceim,aliuz, Eigueiredo, &
Ferreira, 2012Jo complex collective aggregation of robots mimicking swarms of ingBeiker,
Schneider, & Schultz, 20Q5robotics has benefittetie mostfrom biologically inspired evolution
over thepastfew years.

Based on those principles, th#.D. Thesis describes the resultsadthree years researdly

proposing aompletebiologically inspired swarm robotic solution that can be applied tewedt

! According toMerriam-Websted i ct i onar y, c¢ oev o lthetevolation imeving duceessive ¢hanges d
in two or more ecologically interdependent species (as of a plant and its pollinators) that affect their intebactions



Sectionl.l Features and Assumptions 2

missions, mainly focusing on search and res@a#j(operationglue to their inherent level of com-
plexity. This introductory chapter aims@tovidingthe readewith an overvew of the Thesis by first
introducing severalfeatures and assumptions which this workbasedon. Afterwardsthe thesis
statemenis presentedthus describing thieey research questiceind the associated subsidiary ques-
tions. This is naturally followeddy outlining an account of how tise research questisrwill be
addressedAt last we present the organisation of this document.

1.1 Features and Assumptions

Assertingroboticsfor reatworld operations is a tough challenge in the current-sifatiee-art. There-
fore, they are usually clustered based on several features and assumptions defined by the type and
application of theobotic strategy, among others. The presssttion describes tHeatures and as-
sumptions which the strategies presented in thisi$hH®old on to. Note thaome concepts intro-
duced in thesesections will only be further described later on.

Multi-Robot System@IRS, a particular case dflulti-Agent System$iavebeen a field of re-
search in constant progressratent yearsince it las the potential to effectively assist humans in
multiple relevant realvorld application domains, such as catastrophic incidévitgphy, et al.,
2008)or nanomedicin€Al-Hudhud, 2012)Although most laboratorial applications have been-well
studied in the pagBenkoski, Monticino, & Weisinger, 1991dhe use oMRSto fulfil such real
world missons has not yet received the proper attention. Noneth&#gSstill offer several ad-
vantages over single solutions, or even huspaithin suchapplications. Besides providing a natural
fault-tolerance mechanism, the use of multiple robetsome®specially preferable when the area is
either hazardous or inaccessible to humansh agperformingsearch and rescugaR of victims

in catastrophic scenarigSuarez & Murphy, 2011)

1.1.1 Main Application: Search and RescueSaR

Although the solution presented in this Thesis could be applied to anywaddl application that

could be seen as an optimization probl&aRoperations will be constantly mentioned throughout

the work so as tevaluate th@roposed approach sidhg-side with stateof-the-art alternativesThose
applications are regularly classified by some specific features that pose several problems, especially
in terms of inteirobot communication, in which we can highlight the followarges(Murphy, et al.,

2008)
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1 Largei Dimensions of real applications dwt stick to laboratorialestbedsgoing from
hundreds of square meteesd, manmade disasters) to hectares of langl, hatural disas-
ters);

1 Highlydynamici Scenari os change over time, eithe
due to external factore g, collapses, fires, floods, earthquakes, explosions);

1 Harsh and Faulty Abundant presence of abrasive dust, watlkemical substances aad
wide range of obstacles in the scenarios;

It is with these reaWorld problems in mindhatswarm roboticgs seen as the most promising
class ofMRS

1.1.2 Multi -Robot System MRS): Swarm Robotics

This Thesis will focus on swarm robottechniquesppliedto SaRtasks Those techniquesffer
several major benefits over the convenéibsearch techniques, such as thtmustness of the swarm
to individual unitfailure or run-time addition of new units, thealability of emergenbehavious to
swarms of different sizes, theveraging of selbrganization principles of environmental noise and
individual differencesand the gnergetic effect whereby the work of the swarm is greater than the
sum ofthe work by the individual unitkgown assuperlinearity (Floreano & Mattiussi, 2008) a
concept shared by other fie|dsich as complex systems

On these groundstherexamples of potential applications for swarm robotics inchadigary
missions, unmanned space exploration, environmental data collestmothersHowever, regard-
lessthe application typeall of them require two particular featuresdiatributed architecturend

explicit interrobot communication

1.1.3 Architecture: Distributed

This work will focus on distributed solutiomgthout a central task allocatorhis isevidentwithin

swarm robotics context in which tasks are inherently distributed in space, time, or functionality and,
as such, this section @l havebeen neglected. Nevertheless, it should be noted that some works still
emphasize on centralized architectytasAlvarez, De Pellegrini, Prabhakaran, & Chlamtac, 2007)
thus moving away fronhe fully distributed nature inherent to the principles of collective intelligence.

In practice, centralized swarm architectures are computationally expensive and unsuitable as a lar
number of robots usually genersery dynamic behaviours that a cetied controller cannot han-

dle (Sahin E. , 2005)Also, centralized architectures lack robustness as the failure of the centralized

entity may compromise the performance of the wivtiRS(Parker L. E., 2008a)
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1.1.4 Inter -Robot Communication: Mobile Ad hoc Network (MANET)

Although many different swarm robotic algorithms have been propesedtlyin the literaturewith
different communication paradignthis work will focus on the ones that benefit from explicit com-
munication such as the work recently proposed by Kernkead. (Kernbach, et al., 2013)n algo-
rithms under explicit communication, rais need to be able to explicitly exchange information within
a network path using some sortaofmedium €.g, wireless communication). Despite such require-
ment, the choice of explicit communication oadternatives, suchsstigmergy, relies on the apip
cation domain of realistic applications suchSaR According to the current statd-the-art in this
field, robotic technology is used, almost exclusively, to assist artd sobstitute human responders
(Murphy, 2004) Hence, multiple mobile robots can take advantage of parallelism to reduce the time
required to fulfil the missigrwhile explicitly providing important data about the sieg( contextual
information), whether accessible or inaibke for human agent$o do so, they need to be endowed
with an explicit communication medium.

However, while cooperative architectures usually assume a reliabéxigtent communication
network to support teamwoifRocha R. P., 2006a)n many reakorld situations, robots have to
move to complete their tasks while maintaining communication among themselves without the aid of
a communication infrastructure. This is a typical scenario firesthworld applications such &aR
among otherge.g, hostile environments, disaster recovery, battlefields, space), in which the com-
munication infrastructure may be damaged or missing. In such situationspimdéicommunication
must be explicitly daltwith within a mobile ad hoc networtANET), since its interruption may

imply impaired team performance, loss of robots and, in the worst case, mission failure.

1.2 Research Question

Considering what was previously statesltheir counterpart biologicalspirationalmodels, such as
swarms ofantsorb e e s, s w a potential advamtagesersotonlyrelated with space and time
distribution asMRSin general argbut also withits robustness to flaws giveahe naturally inherent
distributed nature and emergent collective behavidwimplistic robotgBeni, 2004;McLurkin J.
D., 2004) However, this also raises seakissus regarding the applicability of swarm robotics to

realworld situations one needs to overcome, thus leading to the foll&wyrgsearch questian

2 Stigmergyis a form of seHorganization that comprises a mechanism of indirect coordination between agents or ac-
tions, usually observed in insects such as ants. This will be better explaineddhghdn the next chapter.
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fils it possible to fully accomplish realorld missions, such as search and rescue, by means of a

swarm obotic solution®

Due to the generality of the research quesatstake, onevill fragmentthe key problem into
five subsidiary problems. As such, let us introduce each one of the subsidiary problems encountere

during the implementation of swarm robotic approachisreatworld problems.

1.2.1 Subsidiary Question 1:Autonomous Deployment of Robots

The literatureshowsevidencethat swarm algorithms, either applied to simple optimization problems
or to complexrobotic applicationsare, in essencehaoticsystemgLiu & Abraham, 2009) As a
consequence, they are exhely susceptible to changegheinitial conditions(Gleick, 1987) More-
over, asf this was not enough, swarm strategies ugymtformbetter themorescattered¢hroughout

the workspacagents aréBeni, 2004) In realworld robotic applicationsthis presents itself as an
even more complex problem due to communication constriainésent to norexistent infrastruc-
tures Therefore, ® perform a given cooperative tasich asSaR robots need to explicitly exchange
information between themselyeshile creating and maintainingMANET. Therefore, in practice,
robotsshould banitially positionedin the scenarigin a strategic scattatdashionto not onlyguar-
antee thesuccess of thewarm butto alsoensure thatobots are able testablisra MANET. Moreo-

ver, and to also guarantee the accuracy of the deployment strategy, this should be carried out in
autonomous fashigme., without human assistanc€his leads to the followingubsidiary question

1

fiHow to initially deploy the robots throughout the scenanan autonomous fashipso as to

guarantee that they are scattered enoagt, at the same timeteate a Mobile Adhoc Networko

1.2.2 Subsidiary Question 2: Communicaion in Faulty Environments

Considering the need of havingVMANET, as statedbove one needs to ensure that it is pervasive
against the harsh conditions observed in-veald missions €.g, wide range of aftacles in the
scenarios)Derbakova, Correll, & Rus, 2011As such, robots should be able to not only create a
MANET between themselves, biuatalso ensure thdhe MANETremains connecteitiroughout the
mission.As those networks comprisé a large number of distributed nodes.( robots), multihop
paths should be established,, robots need to perform the roles of both hosts and roiersover,

given the harsh conditions of reabrld applications such &aR fault-tolerance strategies need to
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be consideredo prolong theMANET lifetime and prevent loss of connectivitfhis leads to the

following subsidiaryquestion2:

fiHow to ensure that robots can maintaipervasivemulti-hop Mobile Ad hocNetworkunder

faulty environment2o

1.2.3 Subsidiary Question 3:Efficient Sharing of Information

The emerging collective behaviour of swarm systems depeatlenly, on thelocal cognitive solu-

tion of each agenbut alsoon the global social solution of the swarm. As sutls necessary that

each robot maintains a sufficient and consistent level of awareness about the mission assigned to the
swarm and about I t s t e alhimsittaBos dwareness analffowousto a nd s ¢
overcome complex problems decompositiwhile keeping a certain level odbustnessandreliabil-

ity (Rocha R. P., 2006lbsieh, Kumar, Cowley, & Taylor, 2008\ everthelesst needs tde done

while minimizing the numbeof inter-robot exchanged messages so as to reduce the communication
overhead, the power consumption and the loss of padkatshat reasqgrrobots shoulefficiently

share the information in a distributed manwrthe self-createdcommunicatiorchannelto foster
inter-agentcooperatiorwithout jeopardizing the success of the missibms leads to the following

subsidiary question:3

fiHow to efficiently share inforation between robots without decreasing the collective performance

of the swarm@

1.2.4 Subsidiary Question 4: Adapability to Dynamic Environments

Realworld applications, such &aR are known for their highly dynamic characteristics caused by
humaninteraction, weather conditions, fires, explosions and @henomenaViost of those changes

are not considered and, consequently, solutions are proposed for specific cootrstieattured
taskswithout dynamicinterferencegSaikishan & Prasanna, 201Pasqualetti, Durham, & Bullo,

2012) As we aim at applying swarm roboticsaoealworld context, such assumptions do not hold.

For that reason, robotseed tobe capable of adapting their behaviour based on the retrieved agent
based, missionelated and environmental contextual information. Such information may be assessed
either at the individual dhecollectiveleveland s houl d t u nsdowardabimptoged b e h a
convergence. This may not only avoid the stagnation of the swarm intmp$oial solutions but

also enabldgracking dynamic sourcesuch agplume tracking problemée.g, gas leakYMarques,

Nunes, & Almeida, 2006)Ihis leads to the followingubsidiary question:4
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fiHow t o retrieve contextual information and

improve thecollective performancef the swarm@

1.2.5 Subsidiary Question 5:Estimation of a ProvablePerformance

Proving that a given swarm robotic architecture will succer@ given mission has been a subject
neglected by most reseaerthon swarm roboticéAgassounon, Martinoli, &aston, 2004)The sto-
chasticity inherento swarm robotic algorithms makeddifficultt o pr edi ct t he t e
under specific situations and, henceforth, almost impossible to synthesize the most rightful configu
ration €.g, to determinghe adequate number of robots in a team). As suoktworks havebeen

trying to answer those questions by meansxiiaustiveexperimentatiorandtrial-anderror strate-
gies.To go against this trend, andntdrarily to the previousubsidiaryquestionsvhich may find their
answersn experimentation and engineering, this question requires a mathematical and analytica

approacho synthetize swarm robotic teanigis leads to the followingubsidiary question:5

fiHow toaccuratelyestimate theollectiveperformanceof a swarm of robots under a given task?

1.3 Approach

The scientific goal of thi®h.D. project is toanswer theaforementioned questions and, as a result,
cross the reality gaground thepplicability of swarm strategies to reabrld scenariosThe research
guestions stated in the previous sectionsaguentiallyaddressedn this Thesis by progressively
following the documendtructure.

Generally speaking, this work aims to demonstrate the recent progress being made in enablin
MRS in particdar swarm robotic teams, to operate reliably in faulty communication environments,
by developing a proof of concept cooperative mobile robotsing MANETS, wherein mobile robots
act as relay nodes (muhiop connection) using ethe-shelf technologyAs a first step, this Thesis
calls upon théistorical background and stadéthe-art, by getting inspiratiofrom a broad sampling
of the research currently ongoing in the field of distributed mobile reygtems, namely swarm
roboticswith realworld applicability. Since the behaviodrased paradigm for swarm robotics is
rooted in biological inspirations, it is found instructaed motivatingo examine the social charac-
teristics of insects and animals in general, and to apply these firafitigs desyn of MRS(chapter
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2). All theherein proposetechniqueget inspiratiorfrom several mathematical tools aakimple-
mentedand experimentally validatealy both simulation andohysicalrobots(chapter3), with the
perspective of technology transfer and the establishment of an increased value in this field.

More specificdly, the answer to the key research question relies ammgleteswarm robotic
solution, herein denoted &wobotic Darwinian Particle Swarm OptimizatigRDPSQ); a Particle
Swarm OptimizatiofPSQO (Kennedy & Eberhart, 1999)ased evolutionary approach adapted to
reatworld MRS The fundamentals around tREOPSOwill be introduced in chapte¥in which spe-
cial attention will be given to the translation between optimization problems andaddlapplica-
tions by focusing on robebdynamics, obstacle avoidance, communication caimés andas a key
componentthe evolutionary properties. These evolutionary properties endoRBfeSOwith the
ability to dynamically partition the swarm of robots into subgroups. As sucRDRSOcomprises
of several dynamical subgroups, in whi@tk one corresponds to eiffiective cooperativRSand,
as a consequence, to a singlaNET.

The other chapters further extetie RDPSOto reatworld applications by sequentially answer-

ing each one of thieve subsidiary questions.

1.3.1 Subsidiary Approach 1: Autonomous Deployment of Robots

Taking the initial deployment of robots within the environment as a basis for applying swarm systems
into reatworld applications, chapté&rreports the development and evaluation of a realistic, autono-
mous and fawltolerant deployment strategy. For that end, the population of robots is hierarchically
divided wherein largesupportplatforms sequentiallgnd aitonomouslydeploy smalleexploring
platformsin the scenariowhile considering communication constraints and obstatleis ensures

that theMANET can beestablishedt the beginning of the mission, wherein every deployed robot

acts as a network node.

1.3.2 Subsidiary Approach 2: Communication in Faulty Environments

After the deployment, still in chaptBra way ofensuringan adjustable level @onnectivity between
robots to explicitly exchange information needed in collaboratead-world task executiofis intro-

duced This chaptestudies how faulttolerance can be addressgithin the RDPSOby benefiting

from attractiveand repulsive forces so as to locally maintain the connectivity of the-hwoylti
MANET. Moreover, the strategy not only considers the maximum communication range between ro-

bots, but also the minimum signal quality, thus refining its applicability tewedt context.
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1.3.3 Subsidiary Approach 3: Efficient Sharing of Information

Given the intrinsic distributed architecture and simplicity of swarm agents, cltapteyses the
architecture and characteristics of RBPSOcommunication system, thus describing the dynamics

of the communication data packet structure shared between teammates. Such procedure will be t
first step to achieve a more scalable implementatidned®DPSCby optimizing the communication
procedure between robots. Secondly,dbdar adopted communication reactre@iting protocois
extended based on tRDPSQOconcepts, so as to reduce the communication overhead within swarms

of robots.

1.3.4 Subsidiary Approach 4: Adaptability to Dynamic Environments

The highly dynamic characteristics of reabrld applications motivated chaptérto ultimate the
RDPSQdesign by further extendingandadapting the behaviour of robots based on a set of centext
based evaluation metrics. Those metrics are then used as redseasdo systematically adjust the
RDPSQOparameters, thus improving its convergence rateeatibility to obstacles and communica-
tion constraints. All the previous features, including this last one, are evaluatdu/sidie with
stateof-the-art alternatives in chapt&r under both simulation and real experiments.

1.3.5 Subsidiary Approach 5: Estimation of a ProvableConvergence

In the course of the research process, special attention was given to the implementation and validati
of the proposed approachieg meais of numerical methodsomputer simulations and reatperi-

ments with multipleanddifferent, physical robotic platforms. On top of that, and due to the limita-
tions inherent to each one of thageg, number of robots, scenario dimensions,-reaitld con-
strains) chapter9 reports the concluding contribution of this Thesispgogposing a macroscopic
model able to capture tiRDPSOdynamics and, to some extent, analyticalfyimatethe collective

performance of robots under a certain task.

1.4 Outline

TheThesis is organized ienchaptergivided by several sections eagiter this introductory chap-

ter, chapter2 provides the reader with a historical background, highlighting the importance of coop-
erative systems, and alsorveyingthoroughly the most relevastateof-the-artrelated with coper-

ative multirobot and multiagent systems, mainly focusing loin-inspired techniques applied to real

world applications The purpose is to go deeply into the motivation and main issleed with
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cooperative robots andANETs. Note, however, that techaptemwill not encompass alif the state
of-the-artthis Thesigelies on Due to the diversity of the content, thiateof-the-art was split into
the severalchaptetso cont extual i ze e adiomaivate hé readegd.s cont r i

Chagper 3 presents the relevant mathematical concepts, theorems and definitions, as well as the
technological tools used throughout this wdrk.brief, tis chapter bings together the necessary
backgroundo support the reader by centralizing all the preliminaries into a single chapter.

Chapterd introduces the core of thighesisi the Robotic Darwinian Particle Swarm Optimiza-
tion (RDPSQ and, as a consequende;orresponds to a significant portiohthis ThesisFirst, the
relevantswarm techniques suchRSOand theDarwinian PSO(DPSQ are introduced to the reader
Afterwards, a set of strategies is introduced to go tf@rtypicaloptimizationmethodto a swarm
robotics approachthus considering reaborld constraints such as obstaclad @mmunicationAf-
ter fully describing thd(RDPSQOand allof its componentspumerical andexperimental result&ith
realworld robots are presented to fully show the advantages of the proposed strategy. This chapter is
a refined compilation of several papers that veeseiccessivamprovement of th&DPSCfirst pre-
sentedon the IEEE International Symposium on Safety, Security, and Rescue Rofitdigseiro,

Rocha, & Ferreira, 2011aand furtherextendedn the[EEE/RSJ International Conference on Intel-
ligent Robots ath SystemgCouceiro, Rocha, Figueiredo, Luz, & Ferreira, 2042) in thgournal
of Advanced Robotig€ouceiro, Rocha, & Ferreira, 2013a)

Chaptels advances into progressively turning RBPSQnto a more appropriate swarm robotic
algorithm for realworld applications domairThis is followedby a natural extension of the previous
chapter to maintain th®IANET connectivity during the mission with fatttblerance capabilities.

Both strategies are first evaluated under a large scenario with up to 15 physical robots and subse-
quently further evaluad under computational experiments with a larger number of rdbotsjor

part of this chapter wasubmittedto the Robotics and Autonomous Systef@®uceiro M. S.,
Figueiredo, Rocha, & Ferreira, 2014 fness)andpresented ahe lEEE International Conference

on Robotics and Automatid¢@ouceiro, Rocha, & Ferreira, 2013b)

Chapter6 further analyss the communication complexity of tRDPSOby studying its archi-
tecture and characteristics, thus describing the dynamics of the communication data packet structure
shared between teammates. Secondly, the Ad hate@rand Distance Vect@hODV) reactive rout-
ing protocol is extended based on RBPSOconcepts, so as to reduce the communication overhead
within swarms of robots. The contentthis chapter was recently published in BEE Congress on
Evolutionary ComputatiofCouceiro, Rocha, Ferrai, & Vargas, 20133nd further described in the
Robotica Cambridge Journ@&Couceiro, Fernandes, Rocha, & Ferreira, 2013 (In Press))
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Chapter7 goes a step further into extending RBPSOwith adaptability features. The idea is
to first present an attraction domain, based on stability theory, whereROIR&Oparameters may
be defned to ensure the convergence of rob@&#ierwards, the parameters are sulgedb fuzzy
rules so as tovercome the reakorld inherent unpredictability and dynamic phenomena based on
contextual information retrieved by the robots. This adapted veissmompared with the neadap-
tive one to extract evidences of the obtained improvements. This chapter is substantially based on tl
papes published atRobotics and Autonomous Systef@suceiro, Machado, é&tha, & Ferreira,
2012)and theJournal of Intelligent and Robotic Systef@®uceiro M. S., Martins, Rocha, & Ferreira,
2013a (Under Review))

Chapter8 presents a survey on muttbot search inspired by swarm intelligence, thus classify-
ing and discussing the theoretical advantages and disadvantages of the existingrstillasend,
themost attractive techniques are evaluated and compared wRDIR8 Cfully described along the
previous chapters. This chapter presents experiments conducted to benchmark fofettstedet
algorithms for cooperative exploration taskkis was a majgpart of the work developet Robotics
Lab from the School of Mathematical and Computer Scienaelderiot-Watt University(MACS
HWU), United Kingdomunder the supervision of Professor Patricia Vangasch resulted in a pub-
lication submitted to thdkobotics and Autonomous Systd@euceiro, Vargas, Rocha, & Ferreira,
2014)

Chapter9 proposes aemiMarkov macroscopic model able to capture RBPSOdynamics
and, to some extent, estimate analytically the collective performance of robots under a certain tasl
The model $ explored stegby-step througbut thechapterand compared to its microscopic counter-
part byexperimental mean3his was thdast effort to come to a closure of tik.D.work that was
submittedin the International Journal of Robotics Resear@ouceiro M. S., Martins, Rocha, &
Ferreira, 2013b (Under Review))

Chapterl0 outlinesthis Ph.D.Thesispointing out someshorttermand futuristic longterm per-

spectives of the ture work that may be developed






CHAPTER I

BackgraonudndMot i vati on

EXISTING cooperation in the various societiesg, ants, lkees, plants, humans and others) in-
spiredresearcher® placeaconsideableamount ofeffort in developing robotthat are able to
cooperativelyperform tasks. This chapter highiig the importance of cooperation in societigsc-
tion 2.1) andpresentsarlier worls in Multi-Robot SystemsMRS, focusing on the interest Inio-
logically inspiredcooperative systems and the issues relat@bet@pplicability of swarm robotic
techniques to reakorld missions such &3aR(section2.2).

The key points of theoncepts described in this sectwifl be used to determine the best strategy

to be addressed in this work.

2.1 Philosophy

fiMan is a natural animal and, inevitably, selish has been the beginning
capitalismsince the early stages reinforced by the powerful and seemingly scientific obifur-
vival of the fittesi . Charl es Darwin defended that in wh
works in the history of scienc&he Origin of Specig®arwin, 1872) The theory of natural selection
defended by Darwin concluded that not all organisms, at lhigtithe same survivabilities and
that only thosewvhich adapéed betterto the environment survide Put in a less complicated way,
Darwin believed that t hedawefthejungldbi owhef espatie
would survive and evolve, while all thestd i sappear or hardly survi v
applied mainlyon abiological level, but over the yeaii,turned out to bepplicablealsoto the
economic and social competition.

After all, this is not so far from reality as the main critics of Darwinism tried to pidea, like
any other living being, hierarchicallglivide their needs. The psychologist Abraham Maslow
(Maslow, 1943yevelopedhetheory of motivatiorby illustrating ehierarchy of needs that man seeks
to satisfy. These requirememtetypically repesentedn the form of theMa s | o wd s (FiBuyer a mi
2.1).
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Self-A jzation
Pursue tal

, fulfillment

Self-Esteem

Achievement, Mastery, Recognition

Safety
Security, Shelter

Figure2.1. Masl owés Pyramid.

As we can see, aocading to the previous model, méase to meet their physiological and safety
needs before entering the levels of interpersonal and intergroup relations. We can see that this makes
sense andultimately, there is a certain analogy in nature. Wolves hunt in groups to obtain a better
performancen order to get enough food for the whole group. However, if something unforeseen
happensi(e., more efficient predators @uchin large groupgncounterseach element in theack
of wolves feels the need to escape and surale@e A more common exaphe for us (humans) is
the simple fact that we need to eat and rest before we can accomplish the tasks which we are respon-

siblefor in our society

2.1.1 The Essence of Cooperation

However, there is probably a feature that at the timeatidccur to Darwin an¥aslow: the survival
of a particular member of a society may depapdnthe cooperation with other members of this
society or even other societies.

Kevin Foster(Foster & Xavier, 2007)who hastakenfurther the work of William Hamilton,
proved that there are situations of cooperation between individuals ednot fit the basic principle
of Darwin, arguing that altruism is a way that nature has to assert itself. In June 2008, Kevin Foster
said, at he Institute of Molecular Pathology and Immunolagythe University of Portg Portugal,
t hat cooper at iThengeneshave yiaed in\whh genomes, thie cells work together in
multicellular organisms and animals cooperate in sociéties

Many otrer examples in the various societies of our world demonstrate the importance of coop-

eration in nature and how it can be essential.
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Thousands of years ago, King Solomon, who was a studeattwfe, observed the humble ant
and wGotb the antfiyou sfigard; consider its ways and be wise! It has no commander, no
overseer or ruler, yet it stores its provisions in summergathers its food at harvegiDean, 1913)

In fact, ants are a perfect examlecooperation, diligence and order. In addition to wagykogether

and heljing each otherants seem to be able to find their paths (the nest to a food source arat back
just get around an obstacle) with relative ease, despite being virtually Blow€2.2). Several
studies have found that in many cases this capacity is the result of the interaction of chemical corm
munication between ants (albstiance callepheromon® andthe emergent phenomenoaused by
the presence of many ants. This is the concegtigrhergy(Aras, Dutech, & Charpillet, 20047 his
mechanism is so efficient that themecomputationablgorithms that use this principl8uchis the
case of the heuristic principkent Systenthat simulates thbehaviourof a group of ants woikg
together to solve an optimization problesnusing simple communicatiori®origo & Stitzle, 2004)

and the case oBrood Sorting(group selection) used in swarms of robQgilson, Melhuish,
SendovaFranks, & Scholes, 2004)hoseand other similar principles can be seen in other optimiza-
tion algorithms, such as genetic algorithms, evolutionary strategies and theoweti PSOinitially
proposed by Kennedy and &bart(Kennedy & Eberhart, 1995)

a) b)
Food o o e W He Nest  Food Wo o o |_\ e Nest
M M o o - ™
¢
c) d)
Food o e w l_l ¥ Nest Food
oiff o o
% »
s,

Figure2.2. Stigmergybetween ants: a) travellingsgheromongath between the nest and the food; b) an obstacle interrupts
the path; c¢) the ants create two different paths in order to overcome the obstacle; d)rememonepath is created

around the obstaclethe shortest path.

3 According toMerriam-Webstedictionary,pheromonenay be @ f i n @ chenaical suibstance that is usually produced
by an animal and serves especially as a stimulus to other individuals of the same species for one or mooeabehavio
responses .
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Another interesting engineeriegample based on biological cooperation is reflected in the flight
of pelicans. Researchenave discoverethat pelicans fljng in formation earn extra boost when
compared to the ones flying forward, resulting in a 15% reduction in the heart rater to oazlate
this concept, a group of engineers prepared a flight test with electronic equipment that enabled the
pilot to keep the plane at a distancewifti (with a small tolerance af T ¢ over the plane that was
aheadAs suchthe plane suffered an air resistagca fower and it consumepl ) fess fiel. These
results can be used military or civilian planes, but also in the concept of robotics to improve the
dynamics of flying robots to monitor forest fir@glartinezde Dios, Merino, Caballero, Ollero, &
Viegas, 2006)or biologically inspired robots for spyinfCouceiro M. S., Figueiredo, Fonseca
Ferreira, & Tenreiro Machado0Q9).

In fact, we can see mutual support at all levels of life, from microbes tcamaibetween related
or different speciesHowever, when we speak about cooperation we shamstead speak about
cooperatve ystemswheran we camct classifythe groupas t he sum o kerecsunmnt r i b u
game& ) yetas t he i nter cept inomzerosdm ganel(Colmann1935)Theut i on s
3C Model of communicatia, coordinationand cooperationadapted from Ellist al. presented in

Figure2.3 (Ellis, Gibbs, & Rein, 19913hows a good schematic a@joperative systems

Coordination orgamizes the group to handle Cooperation

Communication

Figure2.3. Adapted 3C Model.

The cooperation is one of tlessentiatoolsin cooperativesystems sincewithout the collabo-
ration between different membersaparticular group or society, cooperatiystems cannot sur-
vive. On the other hand, to cooperate, communication is essential between group members and this

communication must be familiar to all of them. The coordination also plays an impoataimt
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cooperative systems, since it organizes the group to prevent that coratiomnand cooperation
efforts are lost and that tasks are performed in the correct order, at the correct time and meeting tt
constraints and objectives.

This and other similar models related to the dyrmarand cooperation in groups hdeen stud-
ied in ®veral aregsincluding computer sciencéBorghoff & Schlighter, 2000YFuks, Raposo,
Gerosa, & Pereira de Lucena, 20@8)d robotic§Cao, Fukunaga, & Kahng, 1997@ung, 1998)
(Rocha R. P., 2006a)

2.1.2 Robots: The Rise of a New Socig?

Inspired by the results of the existing cooperatiosameralbiological societies €.g., ants, bees,
plants, humans), researchers have placed a great emphasis on developing robots that can coope
with each other and perform multiple tasks. However, the following question arises:

AiDoes it make sense to thioka group of robots as aaoperativesystem or even a society?

Given thecontextof this work the answer can only be one: Yes, it makes sense.

Remembering the earlier fild@tion of cooperativesystems in which these are based on the in-
terception of the contribution of each memfax., robot), if there is a group of robots cooperating to
perform a given task, they need to communftaith each other in order to coordinate their actions
and obtain the desired result. This is the concept of NRdbot SystemMIRS (Parker L. E., 1994)
that offer a countless number of advantages similar to the benetit®pérativesystems in other
societies that may be described in the following key fatioe

The time is, without angoubt, the most relevant variable to every single earthling since the
early days to the presefiime does nbstop and requires a careful manageniehe loss of time is
represented as erof the biggest fears of nowadaaciety.One way to circumvenhe limitations
inherent to the concept of time is to perform simultaneous procedhanedi€lism). This is valid for
all biological creatures and evaon-biological such as robotg:there are multiple robots instead of
one they can act on multiple places at the same timgspatial distribution) and they can perform

multiple tasks simultaneously€., temporal distribution).

4 Note that communication does not need to be exjligibots can se implicit communicatione(g, typicallyin robot
swarng) or simply observe the teammatesd2l8ctions. This w
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Figure2.4. Cooperation in robotics: a) 3D mapping with two rolf®scha, Dias, & Carvalho, 2003)) Robotic football

- RoboCupLegged Robots Leagy¥eloso, Uther, Fujita, Asada, & Kitano, 199&) Pursuit of multiple targets with
multiple unmanned ground vehicledGV) and oneunmanned aerial vehicleBlAV) (Vidal, Shakernia, Kim, Shim, &
Sastry, 2002)d) Two robotic manipulators moving an objéeerreira, 20067 akahashi, Ise, KonnéJchiyama, & Sato,

2008)

However, there are certain characteristics that robots must possess in order to beM®&$to a
(Rocha R. P., 2006a)

i They need to be able to interact with dynamic enviremis (and possibly unstructuredes;

9 They need to be able to react (specific situations) and take deliberatives éatioal pro-

cessing);

i They need to be able to perform tasks without supervision (autonomous);

1 They may have other features such as bsowjableand be able tadapt andearn.

This last point takes us tdRSas a society. The definition of society is a group of individuals
living together, having some kind of organization and tasks divaolinteracting with each other.
All of the groys mentioned aboved., men, ants, wolves, birds and even ropogpresent different

societies.
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Even though thisoncept of robot society and robots living in our socs¢dytedwith the fiction
books of Isaac AsimoyAsimov, 1982) it gained more and more engsis on the real world and
roboicists believe that the society of robots will emerge over the next terPy8arse scientific
studies have been paying special attention to cooperation batwees and human&nown asu-
manmachindanteraction (HMI), or humanrobot interactionReatworld applications that require hu-
man interaction, such &aRoperations, are good examples to st potentialities. For instance,
in theWorld Trade CenteBeptember 112001 tragedyit was possible tachieveafirst step towards
aninteraction between human rescuers and robptsieans oexplicit communicationCasper &
Murphy, 2003)

2.1.3 The Role ofCommunication

Communication is a major part of our daily lives since it is the act of passing or sharing information
between individuals. Because we live in a complex society, we dejpemtommunication to help

our lives run more smoothiyc o mmuni cati on ngug heh aste enro | adss tshoe
However, as biological societies are so different in natigg 6warms of insects or flocks of birgs)
communication alsoomes irmany forms and involves the use of signelg{ sound, look, motion)

Every animal, from the smallest insect to humans, uses some type of communication since the abilit
to share information is an important survival tool. Although they have differestyiés than hu-
mans, other animals use communication for many of the same resistimgis getting food, staying
safe, finding a mate, and protecting territory.

In MRSthe objective of communication is very similausually, in order to accomplish a give
task €.g, finding an object), robots must share informatiery( about what they are sensinykgt,
more sharing requires more resourges, {ime, sensory effort and communication bandwidth) since
the amount of information that must be sharedrdatees howwell coordinated a task &lavins,
2002;Roo0ker & Birk, 2006)

A fundamental assumption MRSresearch is that globally coherent and efficient solutions
sometimes can be achieved through the interaction of robots lacking complete global informatior
(Parker L. E., 2008bHowever, achieving theggobally coherent solutions typically requires robots
to obtainaminimali nf or mati on about t heiTothidead nobota heegds 6 s

benefit fromtheir communication capacities.

5 www.inovacaotecnologica.com.br/noticias/noticia.php?artigo=rathsstriaistemtresdesafiosparaparticiparda
sociedadgobotizada
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The way robots communicate can be divided into blgitaee most common techniques:

T

| mpl i cit c ahrooghthe wodd iie(ostigmérgy 1 robots sense the effects of
theirt e a mm actioesshdouga theffectstheyleaveon theenvironmentDeneubourg,
Goss, Sandini, Ferrari, & Dario, 199&ube & Zhang, 1993Beckers, Holland, &
Deneubourg, 199Mataric, 19950nn & Tennenholtz, 199%erger, 1999)

Passive action recognitidrrobots use sensors to directly observe the actions of their team-
mateg(Huber & Durfee, 1995)

Explicit (intentional) communication robots directly and intentionally communicate rele-
vant informatiorto their teammatehrough some active mearesq, radio)(Asama, Ozaki,
Matsumoto, Ishida, & Endo, 1992ennings, 1995fambe, 1997Parker L. E., 1998)

Fromthe three techniques described above, the use of explicit communication is the most ap-

pealing method because of its directness and ease with which robots can becomethwatiohs

and/or goals of thetleammate®r even human team$he major usesfe@xplicit communication in

multi-robot teams are to synchronize actions, exchange information, and to negotiate between robots.

Furthermore, explicit communication is a way of dealing with the hidden state problem, in which

limited sensors cannot distingh between different states of the world that are important for task

performance.

However, explicit communication also shows some limitations in terms ofttdetance and
reliability, because it typically depends upon a ndigyited-bandwidth commurmiationchannel that
maybe unable te@ontinually connect all members of the robot t€&mannon, 1949 onsequently
approaches that make use of explicit communications must also provide mechamantidéa@om-

munication failures and lost messages.

2.1.4 The Particular Domain of Swarm Robotics

Endowing robots with communication capabilities significantly increases the raijeSdpplica-
bility. However, choosing the most rightfaboperativearchitecturewithin MRSfor realistic appli-

cations onwhich this Thesis is sustained,@uch a$aR remains a challend®urphy, et al., 2008)

Due to its potentialMRShave begun to rapidly branch into sevethler domains and the most recent

one has been denoted aasarm robotic§Dorigo & Sahin, 2004)a domain that naturally evolved

from the concepts of swarm intelligence mostly applied to computapooialems such as optimiza-

tion (Reynolds, 1987)As such, and similar to optimization problems in which one can distinguish

exhaustive methods from biologicallyspired onesMRSwithin SaRapplicatiors face the same di-

lemma: either decide on an exhaustive technique, in which robots sweep all tf{arphyg, 2004)
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or mimic simple local control rules of the several existing biological societgpsdnts, bees, birds)
to stochastically search the scengdftoreano & Mattiussi, 2008)This last one is a typical feature
of mostswarm roboticsalgorithms(Dorigo & Sahin, 2004)

Giventhe advantages so far described in this chapter, the MR ®1in particularswarm robot-
ics, to overcomeahe realworld issuesdescribed in the literature and summarized in sedtibrhas
been a common trend over the last few yéamigo, et al., 2011)However, the following question

couldstill beconsidered:

fiCan wereally ensure that a biologically inspirdaehaviourwill satisfy the requirements of the de-

siredreal-world mission®

Several recent works have been trying to answer this question but still none has reached a fin:
decision. For instanc&uarez and Murphy presented a brdadcription of more than 50 papers on
animal foraging making the analogy t&aRapplications(Suarez & Murphy, 2011)Most works
presented in this survey suggdsat robots should divide the whole environment into patches, as
many animals d¢e.g, bees) and then search within such patches. Nevertheless, and even as statec
by the authors, victims, or other points of interest such as fire outbreaks, can appearartyeice,
the difficulty in subdividing a search environment and defining patches within unknown scenarios
still remains. Thesame authorslaim thatSaRrobotics should focus on exhaustive search as the
motivation is different from animal foragirigwhile animals attempt to maximize their net energy
level to stay alive, robots must find victims in a search area or determine that there are none to
found. However, althoughiologically inspiredoptimizationmethodsnay seem unsuitable f&aR
robotics a&first, there are some specific applications in which one can fotkeseese like, for in-
stance, in urban fires. Urban fires are probably the most frequent catastrophic incidents in urban aree
requiring a prompt response because of life endangeimmieighly populated zones and the high risk
of fire propagation to buildings and parked cars in the vicinity. An urban fire in a large basement
garage often frequented by people and containing inflammable materials, like in a basement garag
of a shoppingnall, would make foa particularly challengin§aRapplication because of the confined
nature of the environmentf(, Figure2.5). As the fire evolves, the space becomes rapikdidg with
smoke, with very hard visibility and an unbreathable and toxic atmosphere, which is dangerous fo!
both victims and first responderMoreover, victims prone to such atmosphere would be unable to
survive more than 10 to 20 minutes. Therefore, the use of exhaustive search strategies within th

context would beimply unfeasible.
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Figure2.5. Example of &8aRreal application. a) Basement garage of a shopping centre; b) underground fire.

Nevertheless, despite the advantages of biological solutions, there is still a considerably large
number ofalternativeswhich one can divide into two domaing:nonswarm algorithms; and, in
opposition,ii) swarm algorithms. In general, the main differences between both are the same as ob-
served in nature between rewarm societies(g, wolf packs) and swarm societiesd, beehive),
and aresummarized as follows:

1 Agenti While nonswam societies usually comprise cdmplex agents capable of acting
individually, swarm agents are limiteicg., in terms of robotics, the sensorial and actuation
systems, as well as processaryl communication units are usually poor and, as a conse-
quence, of lower cost;

1 Populationi Typically, the population of swarm societies is considerably larger than non
swarm onesin such a way that the removal or addition of new members within the swarm
society does not affestignificantly the collective performanceée., in terms of robotics,
removingsomegroup members in a neswarm system may strongly decrease the collective
performance

1 Architecturei In general, swarm societies do not have a centralized sgeammandll
other agentsincethey act upon simple local control rules from which the global behaviour
of the system emergese., in terms of robotics, althoudhis principle of distributed archi-
tectureis not an exclusivene inswarm strategies, while mandatory on this domain, it is
not mandatoryo any other domain.

The choice betweeegither of thedomains once again falls within the application itself. As pre-
viously statedthe loss of robots is expected under such realistic applications due to the harsh condi-

tions at stake. As such,h e astnalg is befied has been considered particularlysuitableto
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classifyrescue roboticéMurphy, et al., 2008)In other words, the failure of a single agent, or sub-
group of agents, should not jeopardize the success of the missjat artifferent levekhe budget

of intervention teamsA curious fact is thatwhile the ADEPT SEEKURoutdoorgroundrobot cur-
rently costsaround80. 0 O thalAscending Technologies Hummingbfiging robot costs around

4 . 0,0deal for real outdoor applications with multiple robgislian, Angermann, Schwager, &
Rus, 2012)

In spite of these factshis work settles around swarm intelligence as a seafulfil ling real
applications such aSaR The biological world abounds in collectig&varmphenomena that have
important adptive functions, ranging from coordinated movemeémnest buildingand all the way
to communicatiorfFloreano & Mattiussi, 2008 he principles of selbrganization are appealing for
explaining biobgical collective phenomena where the resulting structures and functionalities greatly
exceed in complexity the perceptual, physical, and cognitive abilities of the participating organisms.
Examples of biological selirganization include the constructiohbeehives, the foraging strategies
of ants, and the regulation of colony life in social insects. lofalosecases, the resulting structure
emerges from the collective work of individual organisms that execute simple behaviours based ol
local informdion and do not possess a global plan of the end result or a central coordigaili-
tary units adapted those principles favarming operatiorfs we intend to redirect and addpbse
biological properties to realorld swarm robotic application3his is a farreaching challenge and
this Thesis gives a step forward towards a full solution.

To do so, let us first survdlie stateof-the-artto which this work isbounded Once again, note
that only the main facetglated tothis Thesiswill be reflected inthe followingsection. Due to the
variety of the worlper si each chapter will have a brief introductory chapgeme more than others,

that will play as both motivation and discussion of prior works.

2.2 Related Work

The creation of artificial deges with lifelike characteristics has been pursued over the last two mil-
lenniums, beginning, as so many things in our modern vaidldn Ancient Greece. More recently,
mainly in the last two decades, a significant progress in applied computing anttsaexurred
through the application of principles derived from the study of biology. The navigation of groups of

6 Swarming operationare a type of military behaviour where autonomous, or-serttinomous, units of action attack
an enemy from several directions and then regroup.
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robots, especially swarm robots, has been one of the fields that has benefited from biological inspira-
tion (Bonabeau, Dorigo, & Theraulaz, 1999)

Neverthelesgyntil recently swarm roboticgpplicability has been kept far from reabrld mis-
sions such aSaR To cross the reality gap inherentM&Sand, in particular, swarm robotics, many
initiatives’® and worldwideresearch and developméR&D) efforts have been focusing on the full
scale deployment of such systems in-eatld application environment3his chapter essentially
revolves aroundaR applications as they covenost ofthe challenges encountered in realrld

applicationsTherefore, let us first present the typiSaRprocedure.

2.2.1 Search and RescuéSaR) Procedure

According to the several meetings engaged witlBthrabeiros Sapadorete Coimbrd, a Portuguese
Fire Department, in the context of tikoperation between Human an@botic teams in cata-
stroPhic INcidents(CHOPIN) R&D project® describedurther aheadmuch activities irSaRappli-
cations are in line with most tfieother miitary operations. The enquiriehow that, after receiving
a call reporting a sinister, predefined firefighting teams, including a rapid intervention team, are in-
formed and depart for the site (deployment of agents). AfterwardSatRenissionbegins(mission
execution) with the following phaseés

 Reconnaissance;
1 Rescuing;
1 Establishment of means of action;
1 Firefighting and protection;
1 Aftermath;

1 Monitoring.

These phases are not necessarily sequential. For instance, if victims are found or their existence
is found to be highly probable during the reconnaissance phase, rescuing becomes a priority and
proceeds in parallel with the rest of the reconnaissance phase.

During the entireprocess, the communication once again plays a fundamental role. At the very

beginning of the mission, even while teams are being deployed in the scenario, an exclusive radio

7 https://sites.google.com/site/icra2012manyrobotsystems/

8 http://www.robocup.org/

9 http://sapadoresdecoimbra.no.sapo.pt

10 hitp://chopin.isr.uc.pt/

1 http://www.bvpacodesousa.pt/downloads/Manuais  ENB/Combate%20Inc.%20Urbanr@e26X0ndf
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frequency communication channel is created for that sp&afikmission. In Portugal, this channel
is usedfor exchangng information between thagents asgned to this particular mission arslusu-
ally defined by th&Comando Distrital de Operacdes de Socd@entral Command of Rescue Oper-
ations.

By considering thee insightspne can outline the general procedures of a reaBistiR{robotic)
operation afigure2.6 depicts.

START

|

INITIAL DEPLOYMENT
OF ROBOTIC TEAMS

No

All robots are

deployed?
Yes
—p < ]
No
Stopping

criteria met? Yes
STOP
New datato e

be shared No

Yes

COMMUNICATE

Figure2.6. General flowchart of &aR(robotic) operation.

This macroscopic scheme, although quite simplistic, highlights the three central activities one
should expect fronsaRrobotic teamsi) the initial deployment of exploring robots in the scenario;
ii) the autonomous mission executi@xy, coverage, flodkg, foraging, among others); aing the
information exchange about the mission progress and any points of intergstdgtimsd | oc a't i
fire outbreaks, among others) with other robots or first responders.

Considering theskey proceduresighlightedin Figure2.6, let us now survey how researchers
have been working on each of those three central activitiesinitial deployment problem, the mis-

sion execution and communication under faulty envirortmmare research asgts usually studied
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separately. Therefore, and to facilitate the context of this veodksjointed analysis will be carried
out. For organizationapurposes, and following the priorities given by researchers to each one of the

three tgics, let us start by presenting the most pertiR&ID projects aroun&aRrobotic missions

2.2.2 Search and Rescu®&D Projectsi The CHOPIN Case Study

Considering the benefitd MRScooperative systems, in which explicit communication plays a cen-
tral role,severalR&D projects have been proposed overghstyears, with the particular ambition
to revolutionizeSaRtasks.While several research works ultimately seek a high degree of robot au-
tonomy in real world rescue missions, accordingMarphy, 2004)fonly a few [proposed robots]
have actually participated in a rescue or been allowed to operate on site after a disaster for testing
purposes; all of these have been teleoperat€tis is still the case nowadays due to the exceeding
SaRmissions demands, as well as time constraints, and the lack of trust in full robot autonomy and
their efficient performance, since the former can athecaland legal issues about the risk involved
for human livesHowever,to counteract this trendecent research work has been conducted on re-
mote interfatng and easy control of robot&im, et al., 2010) Takingthis one step further, iDo-
roodgaret al. (Doroodgar, Ficocelli, Mobedi, & Nejat, 2018)semiautonomous robot architecture
in rescue taskaas proposed. The robot is able to learn and make decisions whether autonomous or
human controshould be used to derm the tasks in a quiekandmoreefficient manner, consider-
ing the minimization of stress and burden placed on the operator. NeverthelessThegigswe
intend to promote the complete autonomy of agents to assist humaniagbateldand avoid, or
at least minimize, any type of teleoperation

An example is the work of Liaet al. (Liao, Hollinger, Djugash, & Singh, 200&)at presented
aMRSfor estimating firefighter pgitions in dangerous environments using only ranging sensors. A
cooperative control algorithm that uses a decentraliasdrnapbased approach, decides how robots
actively position themselves by reducing the uncertainty related to the position estohatioaving
firefighter. The authors use tli@eometric Dilution of Precisioas a performance metric and state
their motivation as to offer guidance and avoid the risk for additional human lives through the de-
ployment of a robot team alongside a firefight®@espite not being testech @hysicalMRS two-
dimensionakimulations present promising results.

In the GUARDIANS EU FP@&R&D project, a swarm of robots assumed to bdeployed in a
large warehouse filled with smoke, toxic gases and inflammable materials to support a team of human
firefighters(Gancet, et al., 2010Aiming at a minimal additional mental or commurtica load to
the agents invol ved, a minimali st Il i ght array
helmet has been proposed for hureamarm interactions. Based time sensed data, the swarm of
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robots recommends a direction to proceedamndputes he f i refi ghter ds pos
ing this information through the light array. Furthermore, a formation algorithm for swarm of robots
that follows human agents has also been developéelde context of this proje¢Marjovi, Marques,

& Penders, 2009)Swarm agents react fmman actionswhile providing guidance information to
firefighters. Another major aspect of this projeasthe development of a risk assessment system
and environrental odour mapping based on topologiSahultaneousLocdization and Mapping
(SLAM. Cooperative localization based on Ad Wd=i Received Signal Strength Indica{®SS)

was alsaiscussed. In spite of the project being finished, there is no report of actual implementation
results of such systeor the full integration of all modules developed by each involved partner.

The NIFTi EU FP7 projecthasbeen mainlyfocused a developig systems for humarobot
teaming in urban search and resdu8AR scenariogKruijff, et al., 2012) Having a realife tunnel
accident agxamplecase and communicating through a moitdal team intdace and spoken dia-
logue, the authors describe a complex steahnical system to promote joint exploration of human
robot teams in accident sites. Working closely with rescue services to define requirements and eva
uate the proposed system, this profelifbws a useitentric design approach, mimicking human un-
derstanding and operational procedure. Situational awareness plays a key role in the system, to jo
robot and human sensing and, similadyother projects, investment humanrobot interactions
conducted to facilitate the process. Realld results show that there is still a long way to gio-
houghthe aut hors highlight that the robotés aut
collaboration Recently, a promising approach to setimmapping for interactiobetweena robot
andthreedimensionalandmarks in é&saRenvironment has been propodsased upon ontological
knowledge(Keshavdas & Kruijff, 2012)The approach uses probabilistic inferences athwaedi-
mensionaktructures, maintaining quantitative maps, in order to promote efficiency and transparency
to human eyes. The authors have uSagdport Vector Machinet® form models of higtvisibility
robots poses to inspect crashed cars. However, it has only been tested in a simulation environmel
thusbypassing much of the uncertainty associated withwedd environments.

Makinga broad contribubn to apply swarm robotiasto reatworld applicatons,theSMAVNET
R&D projectwas propose(Hauert, Zufferey, & Floreano, 20Q9his projecaimedatusng swarms
of unmanned aerial vehiclgtJAVS) in disaster areas to creaed maintain @ommunication net-
work for first respondersThe motivation behindying robotswastheir mobility factorandthe ben-
efit of providingline-of-sight communicatiorf-or that purpose, the authors developed specifie low
costout door pl at f o mwell aghamamswanngprotdcdl®aindnterfacesto allow nen

experts to easily and safely operate large groups of robots. The controllers were mgthede-
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haviour of antgHauert, Winkler, Zufferey, & Flreano, 2008)making the analogy between the op-
timal deployment and maintenancepbieromongaths leading to food sources, with the deployment
and maintenance of communication pathways between all agentirét responders and robots).

More recently, theCHOPIN R&D projectwas proposed to exploit the huraaorbot symbiosis
i n the devel opment of huusdRmissians ThiR&D mofectndgdp or t s
by thePortuguese Foundation for Science and TechnolB@) started on Aprik012 by a tearof
which the author of this Thesis is a memliienmn theMobile Robotics LaMRL) of theInstitute of
Systems and Robotirem University of CoimbrgISRUC), Portugalled by Professor Rui Rocha,
supervisor of this Thesis.

One of the mai catastrophic scenarios being used for proof of conoghe CHOPIN project
is the occurrence of fire outbreaks in large basement garages. An example of such typical scenario
was previouslypresented ifrigure2.5 (section2.1.4 and later modelled for simulation purposes in
Figure 3.9 (section3.2.4). In this use case, the project focusesuahzing a fleet of ©operative
unmannedyroundvehicleSUGVs)to cooperatively explore a basement garage where the fire is pro-
gressing, thus identifying the localization of fire outbreaks and victims. One of the first approaches
to fulfilling the objectives of this project wdse divide that kind of application intéwo operations
wherein robotis could be more useful (see the previous section for the remaining opérajions
reconnaissangeandii) rescuing(Couceiro, Portugal, & Rocha, 2013) both phasesnd & previ-
ously statedthis kind of scenario usually poses radio propagation difficulties to the response teams,
whose members usually wear a radio emitter/transmitter to communicate by voice. Often under these
noisy scenarios, the communication is only gaeswith teammates located the line-of-sight.
Thereforeandsince a wireless communication computer network may be absent or damaged, robotic
agents may have to deploy and maintain a mobile ad hoc wireless neMANE() in order to
support the intexction between the human team and the robotic team. he¢banaissancehase,
the mission consisted of a team of robots that arrived at the scenario via a common entry and spread
out to explore and map the unknown area, sigimglipossible points of terest,such as victims and
fire outbreaks. After a certain degree of confidence in the built representation of the scenario, the
rescuingphase consisted of having the team of robots inspecting the area in a coordinatsdingy
all points of interestooking for remaining victims, possible changes in the scenario and the evolution
of fire outbreaks.

INCHOPINOs first scienti f i 28"QymposiumOraApplied Conputiegs e nt e
thereconnaissancphase was handled using RBPSQalgorithm proposed in this Theg{Souceiro,
Portugal, & Rocha, 2013)
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Given the considerations and benefits from swarm inspired approaches presented in sectio
2.1.4 and further observed in the strategies adopted biR&i2 projects herein describedsthe
CHOPINproject t his Thesis will contribute towards
ity. As such, theCHOPIN R&D case study will be used throughout this work to evaluate certain
features of théaerein proposed approash

2.2.3 Mobile Ad hoc Networks (MANETS) in Faulty Environments

As one may conclude from the previdR&D projects, communication constitutes one of the most
important utilities for more effective cooperation between the robots and improved robust perfor-
mance. It has been consensual thatdevelopment of robot teams ®aRmissions requirgethat
robots hae to be able to maintathe communicatiometworkamong therselveswithout the aid of
a pre-existentinfrastructure Besides that, robots also need to be able to guarantee the connectivity
during the missioim order to explicitly exchange information Wih multi-hop network paths, so as
not to unnecessari l(Mllerr2e04)t ri ct the teambs r an
MANETSs have attracted much attention in thestyears, sincéheyallow the coordination and
cooperation between agents belonging given MRS Since these networks can be set up at any
place and time and do not require any-@xesting communication infrastructure, potential applica-
tions of such systems include militarygsions, unmanned space exploration and data collection. For
instanceMANETS can be used to enalbhenext generation of battlefield applications envisioned by
the military, including situation awareness systems for manoeuvring war fighters and renetely d
ployed unmanned robotic networkéowever, such networks typicalompriseof a large number
of distributed nodes.€., robots) that organize themselves into mhtip wireless networks. There-
fore, robots may cooperate and route messagch othel,e., robots can perform the roles of both
hosts and routers. Usually, a node corresponds to a robot with embedded procegsmwdoradio,
which istypically battery operated. In order fi?#/ANETS to be cost eéttive, the onboard processing
and wirelss communication capabilities and the battery power of each robot are highly limited. Con-
sequently, the nodes are prone to both damages from their environment and inner failures such .
battery demise. Also, in moMRSrealworld applications, robots ameployed in either hostile or
inaccessible environments, and it is impractical or infeasible to repair or replenishineggcing
batteries. Moreover, since robaie mobile the topology of the distributed networks is time varying
and the strengtbf the connection can change rapidly in time or even disappear completely, thus
increasing the challenges MANETS design.
One of the earliest works studying the effects of communication on-agdtit systemwas
presentedby Dudeket al. (Dudek, Jenkin, Milios, & Wilkes, 1995yhere the effect of twavay,
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oneway, and completely implicit communication and sensing in a Idatlewer task was consid-
ered. Other works often assumed constant communication ranges and/or relied-afrsitjhé
maintenance for communicatigwinfield, 2000)(Arkin & Diaz, 2002) Other examples include Pe-
reiraet al.(Pereira, Das, Kumar, & Campos, 2088y Sweenegt al (Sweeney, Grupen, & Shenoy,
2004) where decentralized controllers for concurrently moving toward goal destinatiolesmain-
taining relative distance and lhoé-sight constraints, were respectivglresented. Andersaet al.
discussedhe formation of communication relays between any pair of robots usingfhsight
(Anderson, Simmons, & Goldberg, 2003Jthough coordination strategies that rely ondofesight
maintenancenights i gni fi cantly i mprove each agpoveddis abi
through simulation by Thibodeaa al.that lineof-sight maintenance strategy is often not nesgss
and may potentially be too restrictigEhibodeau, Fagg, & Levine, 2004 this Thesis, we will not
limit the problem to lineof-sight communication as nowadays technolotgkes it possibléo take
advantage ofnulti-hop communication, wherein naxeighbour robots can communicate by mean of
intermediary robots acting as relay nodes.

Hsiehet al. presente@n experimental study of strategies for maintainingterehd communi-
cation links for tasksueh as surveillance, reconnaissance, and target search and identification, where
team connectivity is required for situational awarerfesgeh, Kumar, Cowley, & Taylor, 2008)he
authors show experiméal results obtained using a merdtibottestbedn representative urban envi-
ronments Similarly, Michael et al. work proposedstrategieto guarantee connectivity in a team of
robots(Michael, ZavlanosKumar, & Pappas, 2009)he authorproposedigradientdescent control
law that preserves the system connectivity by ensuring that links to neighbours are maintained. The
algorithm requires limited local information and communication between agenstérmine the
addition or deletion of network links through distributed consensus and market based afictemns.
graph structure calleSeparated Distance Graptas also proposed the work of Briggemann and
Schulz(Briggemann & Schulz, 20107 his strategyallows to specif a large class of constraints,
like ensuring that each individual robot never departs from the group by more than a certain distance,
thusmaintaining a formation in which everghot can be seen by its neighboutsile keeping up
the wireless communication withilRS However, experimental results show that the algorithm is
not optimal with respect to the number of robots required to solve altaslsame hard restriction
to mantain the connectivity oMANETs will be adopted in this Thesis. However, we aim at using
measures inherent to explicit communication netw¢eks, RSS) instead of passive action recogni-
tion such as computer vision techniques.

Behaviourbased strategies have also been considered to mawANIE T connectivity. For in-

stance, the authors (Arrichiello, Chiaverini, & Fossen, 200@)nd, successively, ifArrichiello, et
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al., 2009)and (Arrichiello, Heidarsson, Chiaverini, & Sukhatme, 20pd¢sented the extension of
the Null-Spacebased Behaviourapproach to control a grpwf marine vehicles to execute mis-
sions such as formation control in the presencevater current, cooperative target visiting with
communication constraints, and cooperative caging of floating objects. This is a promising approacl
since it would be pasble to merge different behaviours and actions with different priorities in order
to define the final motion directives of robots. However, the design choices condeerunganiza-

tion of the behaviours iterms ofpriority represents a high level obmplexity since these choices
derive from practical considerations related to both thaionsobjective and the hardwaresmft-

ware characteristics of tidRS The RDPSOherein proposed merges the main task,(finding a
victim) with other subtasks(g, avoidng obstacles or maintaimy MANET connectivity), by con-
sidering adaptive weightsased on contextual information.

Going a step further, a full solution to maintain the network connectivity was presentad- by
dioli et al. (Tardioli, Mosteo, Riazuelo, Villarroel, & Montano, 2010he work proposed a multi
robot cooperative motion control technique based art@al springdampemodel to prevent com-
munication network splits, a task allocation algorithm that takes advantage of the network link infor-
mation to ensure autonomous mission and a network layer capable of sustaining Hisne rteadfic
and changing topologies. Thetio r approachwas based on maintaining muliop routes between
nodes of sufficient quality in order to avoid the network becoming disconn&dethat particular
reason a measure ohe communication link quality was considerd@@rdioli & Villarroel, 2007)
Based on this measure, robot movemarda® constrainedf necessary. This approach is more relia-
ble than theraditionalapproaches where the restriction is based on the communication rangs such
Shenget al. (Sheng, Yang, Tan, & Xi, 200@)nd Mosteoet al. (Mosteo, Montano, & Lagoudakis,
2008) The r obot $abdolineaal. (Taydioli, Masteo, Riazuelo, Villarroel, & Montano,
2010)wasbased on a sprindamper mechanisnalustering robots in a flexible formation, with one
robot being the leader of the formatiamdaother robots being the slaves. This kind of approach in-
corporates the management of the system dynamics in real situdéalsg with dynamic behaviour
of robots. However, the use giring-dampersystems introduces constraints that traditional alloca-
tion methods do not face. Similar and simpler methodologies that also take into consideration the
dynamic behaviour of robots could bBppliedsuch as elastic bandlyy Menezeset al. (Menezes,
1999)or fuzzy systemgZhong & Zhou, 2012)In this Thesis, we benefit from adaptia#ractive
and repulsie forces to maintain the connectivity of tNeANET by means of a fuzzy system.

Although previous works focusn the main characteristics MANETS and maintainingheir
connectivity they do not handle one of the most common issues:ttdatance. Faultolerance is

the ability of a system to deliver a desired level of functionality in the presence of(ertsrbas,
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2004) In the context of communication networksea ifthecondition of the hardwa isappropriate
for the taskthe communication between nodes is affected by meatyvorld factors, such as signal
strength, antenna angle, obstacles, weather conditions, and interféneWi&S fault-tolerancehas
been commonlgummarized by the wdibiconnectivity meaning that each pair of nodes.{ robots)
in the network has at least two disjoint routes between them. Therefore, the failure at any single node
does not partition the network. Despite the positive results provided by biconnestedkegemost
of the works introduce complementary strategiesh asttractiveforces as explored in this Thesis
redundancyor power adaptatiotransmissionto maintainMANET connectivity. Furthermore, in
wireless sensor networks, the authors even generalized the biconnectivity feature-tommeittiv-
ity, aka, "Qconnectivity,’Q =, in which the communication is not disrupted even when ( tg
nodes fail(Cheriyan, Vempala, & Vetta, 2008Bahramgiri, Hajiaghayi, & Mirrokni, 2006 How-
ever, only a few works iMRS such as Cornejo and Lyn¢Bornejo & Lynch, 2010and the one
herein presenteaddressedfault-tolerancesince most of them only considéisparticular case of
Q ¢ (i.e., biconnectivity).

For instance, Tuaat al presented a solution for making robots awar®&NET connectivity
by selecting a reference robot thabuld allowthem to indirectly communicate with other robots
from thesameVIRS(Tuan, Bouragadi, Morar&tinckwich, & Doniec, 2009)n order b do so, robots
needed to broadcast information with the@ighbourgo build their connectivity table. Moreover,
authors extended their algorithm to improve fdalerance by using a biconnecteldANET. This i
an interesting solution but, since tREANET topology is highly dynamic in real situations, robots
would need to constantly refresh their connectivity table sieoghbouramay be unreachable at a
given moment or new ones may appear. Nevertheless,rautked connectivity tables to ensure
MANET connectivity considering a safeoving zone around robots in whickeighboursneed to
move in order to allow direct communication. This was validated in obdtaeesimulated experi-
ments using a number of robdtom 5 to 10starting near the same locatiandshowing that, as the
number of robots increasdahe exploration time decreasgstleadng to a faster partitioning of the
network.Another work from the same authasnsidered mulirobot exploration as distributed con-
straint satisfaction probleniBoniec, Bouragadi, Defoort, Le, & Stinckwich, 2008)this work the
authorsbenefit from the algorithm presented itheir previous work(Tuan, Bouragadi, Moraru,
Stinckwich, & Doniec, 2009)0 allow robots to construct their connectivity table, thus considering
MANET connectivity as a constraint of thRS Therefoe, theproblemis then solved based on
connectivity tables and current positions of robots in order to obtain their new po3itieapproach

was validated ira simulated environmentNgtLogq with changing obstacles featuresg, density
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andsize). Robots started at the same location of the environment with a distance between them infe

rior to the communication rangas expectedadding robots improves the speed of the exploration

to a certain limifi when robots are too many, they interferigh each other and spend more time

avoiding each other than exploring. Also, and as expected, & amgenunication range improves

the exploration since robots are less constrained in their movements and can cover a larger area

exploration. Authors @im that the initial positions of robots in the environment have a minor influ-

ence on the exploratigiboniec, Bouraqadi, Defoort, Le, & Stinckwich, 200Bpwever, they do not

perform any experiments thi different initial positionsthey all startat the bottom right corner of

the environmentAlthough many of those works served as a guide during the experimental evaluation

of the herein proposed strategies, some restrictions wereoowe@nd substaratily taken into ac-

count, such as the relevance of obstaclesd6 d
In Peiet al (Pei, Mutka, & Xi, 2010) a Connectivity and BandwidtAware eXplorationwas

proposed taking into account bandwidth information, thus dividing the probl®&ANET connec-

tivity into: i) frontier node placemenii;) relay node placement with routing path selection;iahd

the match of each robot with its target iios. Despite the addition of bandwidtonstrained relay

node placemenwhich little prior work considers, the authors present a heuristic solution to maintain

the connectivity between robots while a&sommsi d

ulated environment comparing its exploration efficiency and communication quality with the distrib-

utedSensoibased Random Grapfhom Franchiet al (Franchi, Freda, Oriolo, & Vendittelli, 2009)

ard centalized Possible Moves Samplirffigppm Rooker and Bir{Rooker & Birk, 2007) For both

metrics, their algorithm outperformed the other tegpeciallywhen increasing the number of robots.

However it would be expected that increasing the number of robots would somehovatoratots

movements ocommunications. More recently, Mt al (Mi, Yang, & Liu, 2011b)presented a dis-

tributed and hybridonnectivity restoratioframeworkto restore the connectivity of the disconnected

net wor ks. The authorsé algorithm wasfudingvai de

Distributed Connectivity Restoration Algorittmconstantly monitoneighbaur status and select the

best available agents to restore the connectivity of the network. The second layer cohssitegl o

a potential functiorbased motion controller to drive the selected agents to certain destinations in

order to restore the conngaty of the network, while keeping theetwork from further partitioning

and interagent collisionsTherefore in order to compute tlidANET connectivity, a robot needs to

receive information from abf its neighboursAlso, to avoid being disconnectédm the network,

each robotdés movement i s r ensighbourdheauthorduse regpul-s p e

sive andattractiveforces to avoid collisions and maintain connectivity between rolbbts frame-

work was evaluated using a variety of silations that considered moectivity restoration subjetd
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failure of a single agent and to multiple simultaneous agent failures. The algorithm was able to restore
the connectiity of mobile networks subjetb a single or multiple simultaneous agenlufigs. Sim-
ilarly, the same authorg) a subsequent workresented a hybrid coverage enhancement system to
reconfigure an initially compact muléigent system to achieve a certain level of coverage with guar-
anteed connectivity and collision avoidance hesw robotgMi, Yang, & Liu, 2011a) The authors
mainly focus on finding the redundant communication links necessary to reorganiZANHeET to-
pology. Once agairthe evaluation is done hysing simulated experimentstiwo andthreedimen-
sional coveragtasks Results shoedthat both communicatioand collision avoidance between ro-
bots are granted. However, besides considering an easier problem thanolbatléxplorationn real
applicatons(i.e., coveragegs this Thesis addressése authors considered obstaftke scenarios.

Sabattiniet al. (Sabattini, Chopra, & Secchi, 201 Jirpposed decentralized control strategy to
maintainMANET connectivity inrendezvousnd formation control tasks. The main idea of the au-
thors consigtdof ensuring a lower bound on the estimate ofstheond smallest eigenvalue, thus
guaranteeing that the actual value ofs strictly greater than zero. The control strategy was evaluated
using simulations varying the number of robots from 3 to 20 with randomly chosen initial positions.
In bothrendezvousind formation control tasks, robots were able to maitk&MANET connectiv-
ity. The work of Abichandargt al presented a decentralized approach to generate velocity profiles
for a group of robots while considering collision avoidance and communication connectivity between
them(Abichandani, Benson, & Kam, 201D)espite being a decentralized approactentral com-
munication station wasonsideredo ensure thatobotswould communicate the trajectory data to all
other robots in the groujpe., broadcastand keep inidual clocks synchronized. The authors used
Friis equation(Friis, 1946)to obtain the received signal power, thus determining whether the robots
are in communication range of each other. However, one could benefit frdRE8isignal since
most wireless equipmemireadyprovides this feature arferiis equation may fail undeunknown
environmental variable®(g, obstacles)The authors also claimed thaetdecision order of robots,
i.e., theorder in which each robot solves its planning problessa great influence over the algorithm
performance. Therefore, the authorsgmsel to reassign different decision ordeo improve the
overall solutions. However, they do not present any reassigning strategy oswdheeassignment
should occurNote that this level of organization and coordination between swarm robotsag-not
dressed in this Thesis, as the main idea is to obtain such a collective performance with minimal deci-
sionrmaking from each individual robot.

In Derbakoveet al. (Derbakova, Correll, & Rus, 2011} is presented a set of several algorithms
for repairing connectivity in mobile networksh& authors experimentally prowgth simulated and

real experimentghat the proposed straiegwererobust to individual and group node failure and
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were able to reste the network connectivity. However, despite decentralized nature of the algo-
rithms robots wereonly considered to be disconnected if tivegre unable to reach a designated
gateway within a multhop network.In other words all robots need to be aware tbe gateway
location in order to repaithe network disconnectiond.ikewise, the work of Reddy and Veloso
(Reddy & Veloso, 20113lso presented a similar problem in alnia team of mobile robots needs to
be able to maintain the connectivity between a static gateway and other mobile targets, denoting th
task asTarget TetheringThe authors presesdan approach for inferring the physical layout of the
network usingRS$ data from multiple nodes. Thisdglitea complex task since it is difficult to find
a simple function that models the relationship betvwR88Nalues and physical distance, especially
in indoor environmen{Kotz, Newport, & Elliott, 2003) Moreover, they also classtl the target
motion patterns using tHeSSidatawith Markov Decision Processesd multiagent reinforcement
learning tofulfil target tethering. Despite the interesting results witih Isonulated and real plat-
forms, this approach relies on the decisions of a central node (head Tioel@jork of Casteigtst
al. (Casteigts, Albert, Chaumette, Nayak, & Stojmenovic, 2pt@)osed selfdeployment strategy
considering biconnectivity, coverage, diameter and quantity of movements required to complete the
deployment. To that end, the authors comtbisering forces with angular forceshich strive to
reduce the angles formed by paifangularly consecutiveeighboursStrategically the authorslso
studedthe best way to combine both forces considering their ingregich particular situatiothus
adapting their weighdependingon agentased contextual informatioe.{, interrobot distance).
Simulation results showed that the authorsbo
the casesor large populations of robots (between 100 and 200his Thesis, the assumption of a
centralized node that all robots areaa@voftheirlocation is not considered. All agents are considered
to act in a distributed way.

Alternatively to the previoug described works in which the main objective is to continuously
ensureMANET connectivity,the work of Hollinger and SingfHollinger & Singh, 2010presengd
the idea of periodic connectivity, where the network must regain connectivity at a fixed interval. The
advantages inherent to this strategy can be observed in situations in which it may be desirable to bre
theconnectivity, thus decreasing the numbetotiots and the information exchanged between robots
of the same subetwork. Afterward, when the network regains connectivity, it is possible to com-
municate the information gathered by the-sub t wo r k . The aut hoedstber al ¢
algorithmsthat require continual connectivity in simulated and real experiments. Howeverjdhey d
not consideunknown or dynamic environments. Despite dissimilarities with our vaosknilarcon-
cept of network partitioningill be adopted in this wortkHowever contrarily to Hollinger and Singh

(Hollinger & Singh, 2010yvork, we will focus oran aperiodic connectivity since one cannot predict
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when a robot (osulgroup of robots) will regain their connectivihu e t o al gor i t hmds
Nevertheless, the same advantages in reducing the number of robotasithimetwork remainn
the work presented in this Thesis.
From the herein discussed stud@mse may concludtat, although explicit communicatisig-
nificantly extends the applicability dfiIRSto realworld applications, and swarm robotics for that
matter, it also adds up a significant constraint and complexity to the system. Mo@wweaf the
major concernsransversal across thpeeviouslydescribed studiess that all robots should have an
initial deployment thafavoursthe communication between robatsring the missionHenceforth,
next section describes the initial deployment problem and the strategies presented so far in the litera-

ture.

2.2.4 Initial Deployment and its Influence on Task Completion

The initial deployment of mobile robots has not been fully addresseohd only a few studies eval-

uating its relevance have been conducted. The deployment problem considers the number of needed
robots for a specific situatione(g, objective, scenario, constraints) and their initial locations
(Couceiro M. S., Figueiredo, Portugal, Rocha, & Ferreira, 20A@) instance, ira SaR mission,
robotsneed to move in a catastrophic scenario in order to find survivors. When robots are transported
to the catastrophe site, they need to be deployed. The deployment problem is to decide how many
robots and where they will be initially located before perfogrihemission using their control strat-

egy .9, coverage, herding, formation and others). Despite the lack of works studying the initial
deployment effect on the performance of the robotic team, a wrong decision about the number of
robots and their inidl location may greatly jeopardize the mission. For instance, one of the first works
that addressed the effect of different initial deployments pvasentedy Correll et al (Correll,
Bachrach, Vickery, &Kus, 2009)The authors evaluated their coverage algorithm using both central-
ized and random initial deployments, thus concluding that the algorithm convergence was slower
using a random initial deployment but tended to lead to better overall cevferaparse topologies.

In fact, this is in line withmost of the works presestt in the literature, wheremrandom initial
deploymenscattering theobots throughout the scenarsoadoptedKazadi,2003)(Grol3, O'Grady,
Christensen, & Dorigo, 201{Xue & Zeng, 2008]Kloetzer & Belta, 2006{Lee, Nishimura, Tatara,

& Chong, 2010) The work ofKazadiextenad the sensory capability of plume tracking systems
using swarms of robots deployed in the proximities of a common startingKaz@di, 2003)How-
ever, the authodid not go to any length&henexploiing the plume tracking effectivenets any
other initial deployment strategieslternatively, theauthorsrom Grof3et al preseneéda strategy to
assign starting points and orientations of robots within circles of different radius around@rpf&y
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O'Grady, Christensen, & Dorigo, 201Xjence, using a team of 16 robdfse authors assign 16
different positions and 4 different orientations which are randomly assigned at each trial. Despite th
apparent advantages of this deployment strategy in this contesther strategies were evaluated,
thus being hard to predidtthe number of unsuccessful triglspicted in the works somehow related

to the initial deployment of robotXue and ZendXue & Zeng, 2008and similarly, Kloetzer and
Belta(Kloetzer & Belta, 2006)proposed a robotic swarm algorithm in which the initial posstiand
velocitiesof robots were randomly generated within an area limited to one corner near the origin of
coordinates of the workspace. Despite fact thabothworks considered a maximumdloweddis-

tance between robots, the proposed initial deployment strategy diakednto account any sort of
communication constraintdlore recently, m the work ofLee et al (Lee, Nishimura, Tatara, &
Chong, 201Q)a threedimensional deployment strategy was explored. As teeigus works, the
authors focus on a deployment strategy in which the initial distribution of all robots is arbitrary and
their positions are distinct. The main difference with other works resides in thiedtumbots auton-
omously moven a threedimensonal spacénstead of a planar scenario. Such strategy could be useful
for coordinated formation flight and reconfiguration WAVs (Hattenberger, Lacroix, & Alami,
2010) Therefore, the authors proeié coverage and connectivity strategy using aceeifiguration
process to enable robots to form a three dimensional tetrahedron shape.

Notwithstanding the positive results inherent to a random deployment, in real situations, it is
necessary to ensurev@&ral constraints of the system. For instance, if the network supportoqulti
connectivity, this kind of constraints may significantly increase the complexity of the random distri-
bution since it would depend not only on the communication constrhauttalso on the number of
robots and their position. Moreover, random deployment may esws®alanced deployment there-
fore increasing the number nécessaryobots and energy depletion.

Recently,severalmore efficient deployment strategitsking into account a given contextual
information have been addressed in other works sudi®@swvager, Rus, & Slotine, 201@nd
(Macwan, Nejat, & Benhabib,021) The authors irBchwageret al (Schwager, Rus, & Slotine,
2010)focused on multrobot deployment as an optimization probléiihoughthey did not address
the initial deployment problemiiredly, the authors introducednaixing functionthat describes how
the information from different robots is combined, heturaingthe convergence to a final configu-
ration. Asa prerequisitethe computation of theroposedieployment strategy requires &em robot
to be aware ofhe states of all other robots in the network, thus requiring a fully connected network
communication topology. Furthermore, the algorithm presdmngesichwageet al (Schwager, Rus,

& Slotine, 2010)requires prior information about the environment such as the sensor function and

the geometry of the environment. Alternatively, the workMacwanet al (Macwan, Nejat, &
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Benhabib, R11)proposec method taarry outthe optimal deployment of robod® wildernesSaR
scenarios. To that end, the authors introduced the concesatfmfobability curves to represent the
probabilistic infor mat i ohesaabchardaattarty giveh tame.Jletes 6 |
fore, the number of robaulgroups as well as the number of robots within eathgroup was
defined based on the number, shape and position dfpeobability curves. The authors presented

an illustrative examip in which robots were able to find a given target after 4635 seconds. However,
the performance of the algorithm greatly depeondsseveral initial conditionssuch asa priori
knowledgeaboutthe target€.g, subject age, terrain type). Also, it is netethy that their proposed
algorithm can only be computed if the last known position coordinates of a target are given. Never-
theless, in most situations, tlest known positioror other contextual informatias not known and

a priori assumptions neetb be consideredror instancein the case of th&/orld Trade Center
towers, one could confine tlsearchto the basement since fire rescue personnel would have headed
there(Suarez & Murphy, 2011 However, although this may work isome particular cases, it is a
hard assumption that we do not consider in this Thiesisthe scenario is considered to be unknown
unstructured and withowainy associate@ priori information.

Another work with many imgrsections to the one herein described presented bijowardet
al. (Howard, Mataric, & Sukhatme, 2002@8he exploring robots deploy themselves in the unknown
environment in an incremental way aseturdine-of-sight contact with teammates. Robots have the
ultimate goal of mapping the environment while using teammates as landmarks. A greedy deployment
algorithm is presented, which aims at maximizing the coverage area by exploring robots. The work
has been tested using fdRioneer 2DXmobile robots equipped witBiCKlaser range finderd RFs).

The previously described works must represent a large portion of research in which the initial
deployment problem has been addressed. Nevertheless, naifeesgeow robots are deployed
withina scenario most of the works assume that robots ai
pearo in the desired initial | ocati ons. Howeve
of all previous work, oneneeds to cross the reality gap inheremi®Sdeploymentthus presenting
completesolutions to robotic applications and applying the conducted researcmestipte physical
robots.These are often calledarsupialsystemgMurphy, 2000)

The termmarsupialcomes, once again, from natubecording to theMerriam-Webstediction-
ary, amarsupiali san érder of mammals comprising kangaroos, wombats, bandicoots, opossums,
and related animals that do ndévelop a true placenta and that usually have a pouch on the abdomen
of the female which covers the teats and serves to carry theqoungThi s phenomenon
certain living beinge.g, kangaroos) is able tarty tiny newbornshave fostered theesdrelopment

of heterogeneous muitobot systems with such principle in mind
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Ferwornet al.defined amarsupialrobotico p e r a t i dehverad roliotit servites through
the explicit physical interaction of two or more robots employed cooperatiegrworn, et al.,
2006) Exercises in training facilities were conducted with diverse teams of diffaegatipialrobots
in three specific scenarios. These robots were equipped with a variety oérdifensors like cam-
eras, audio devices, grippeesnong othersThe authors concluded thatarsupialheterogeneaas
robots provided functionalitidseyond whaeachrobot could deliver individuajl Janssen and Pa-
panikolopoulos(Janssen & Papanikolopoulos, 20Qif)derlingl the challenge implied in mainte-
nance and mechanismsraarsupialrobotics. Rather than performing rembrld experiments, they
alternatively presertl an abstraction of thenodelling using aPlayer/Stagesimulation interface
(Gerkey, Vaughan, & Howard, 20Q3®yovided with a custom extension.

Depending on the requirements of the applicaéibinand, many solutions for the deployrnhen
problem are possible. In their view, the desigmafsupialrobots should answer crucial questions
like:

fiHow many robots should the mechanism carry? What sensors does the mechanism have? Ar

can it chargehe bdteries of therobots that it iscarrying?

Exploiting the strengths of heterogeneous robotseaample of a more realistic approach was
presented iRRybskiet al in which the authors divided the population of real robots into two different
platforms:rangersandscouts(Rybski, et al., 2000)The rangers werneuilt aslarge platforms used
to transport the scouts over distances of sekdaahetresand deployhemrapidly over a large area.

The scoutson the other hanayerebuilt assmall and expendable robopiatforms used to sense the
environment, act on their sensjrad report their findings. Despite the innovative work, theaath

did not focuson the cooperatioand communicatiobetween robots. Also, the deploynetrategy

was accomplished through a launcher system equipped on the ranger that was able to throw the sco
up to a range of 30 meters. However, in most cooperative applications in unknown and unstructure
scenarios€.g, SaR missions) this would reqre robots to be able to measure the relative distance
between themselves or to be equipped with glpbaitioningsystems GPS for an efficient pro-
cessing of the exchanged informatitmthe work of Dellaeret al (Dellaert, et al., 2002a pioneer-

ing marsupialsystem of large wheeled robatsployng a team of small legged robots for victim
localization inUSARscenarios has been presented. This was motivated by the inability to reach re-
mote locations using solely the main robot. Larger robveteequipped with odometry, &ck LRF,

an omnidirectional camera, wireless communication \eace able to transpottp to four legged
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robots, whichwereendowed with &inglecamera and wireless communication as well. Beyond ef-
fective mechanisms for the deployment of smaller robots, the authors also udidediabsence of
reliable wireless communications as a handoffhese systems in realorld applicationsut did
not proposeny strategy to overcome it

Other works havéocused on deploying robots in a unique and compact unloading loQénn
Lu, Hu, & Lee, 2005 Mei, Lu, Hu, & Lee, 2006]Niccolini, Innocenti, & Pollini, 2010fHoward,
Mataric, & Sukhatme, 2002bjSahin, et al., 2008fBartolini, Calamoneri, Fusco, Massini, &
Silvestri, 2008) In the worls of Mei et al (Mei, Lu, Hu, & Lee, 2005§Mei, Lu, Hu, & Lee, 2006)
the authors presented a coverage task in wiiehdeployment problem involvetetermining the
number andize d robot groups thatneeddo be wunl oaded from a carrier
tion. A solution that can cover the deployment area within the maximum coverage time allowed is
iteratively determined by varying the number and sizes of groups basediristit® In order to
compute their algorithm, the authors assume that the density of obstacles is available. In addition,
besides only considering a scanline deployment strategy, the authors assimgne tnaique unload-
ing location for the whole team ofbots. In other words, the carrier., autonomous mobile robot)
transports the robots into the field and the exploring robots need to autonomously move from the
unloading location to their individual starting locations. The authofdignolini et al (Niccolini,
Innocenti, & Pollini, 2010described an approach fibre deployment of a swarm of heterogeneous
autonomous vehicles based on descriptor functions. Similarly toisymasergdin this Thesisand
in Howardet al. work (Howard, Mataric, & Sukhatme, 2002tBach robot is treated as an agent of
the network, in which repulsive forces are computed as a function of the distance betweemoagents,
spread the network throughout the environmBliatverthelessthere is a certaisimilarity to other
works such a$ahinet al (Sahin, et al., 20083nd Bartolini et al. (Bartolini, Calamoneri, Fusco,
Massini, & Silvestri, 2008)wherethe authors chose an initial deployment in which robots start from
a compact configuration. Although this kind of initial deployment strategy works well whemaihe
purpose is to spread the robots within area coverage scemariother deployment strategy was
taken into consideration by the authors. Also, despite being similar to the deployment of military
units, thus simplifying the deployment strategy, ituiegs exploring robots to find energyficient
paths to avoid jeopardizing the success of the mission.

To further extend the potential applicatiomadrsupialsystemslJSARhumanmarsupialrobot
teamshave been also explored by Murpdtyal. (Murphy, Ausmus, Bugajska, & Ellis, 1999urphy,
2000) Similarly to kangaroo societied)d team members were divided in three ratesman Dis-

pensing Agenfaka mothe) andPassenger Agerfaka daughtej. The motherrobot provides not
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only transportation to thedaughters but also poweraka food) and help. The latter refers to com-
municating suggestions, warnings or to rescuedtngghters which are responsible for explog
remote locations and are equipped with a camera, a microphone, two headlights and a video tran
mitter to send images directly to the human. The role of the human rescuers is to supply decisio
making capabilities, remotely speak with victims and collgormation about their state, number of
victims, location and presence of hazards, like gas leaks. Heuristics were proposed for the deployme

of micro-rovers.

2.3 Summary

This chapter started by motivating the reader while justifying the choices conditengghout this
work. The statef-the-art in which this work falls into was then exploited, thus mainly focusing on
three activities that one should consider while applMiRfSto SaRmissionsi) the initial deployment
problem;ii) the mission execution; andl) inter-robot communication under faulty environments.
Although the mission execution problem has been a central topic investigated in the literature, th
initial deployment of robots and the int@bot communication undéaulty environment have not
received the proper attention.

For that particular reason, and to summarize the content from the previous two sections, let u
introduceTable 2.1. The solutions presented to overcome thitial deployment problemvere di-
vided into deploying the robots atammorstarting point (or region), withandomlocations, con-
sideringcontextualinformationand under a realistic ag@ch based omarsupialsystems. On the
other hand, to maintain inteobot communication, the solutions were divided into the ubewrfis-
tics, behaviourbasedapproaches, mathematicaodelling of certain phenomena.Qg, radio fre-
guency propagation) dnconsidering dault-tolerancepolicy necessary for reaborld applications.
Note thatalthoughsome of the works may fall within more than one classach activity €.g,
benefit from both behaviotyasedstrategiesand heuristics to maintain inteobot communication),
we only consider the main contrilbt of each work

The innergrey regionn the middle of the table aggregates the main featuhesein this work
may be classifiedin other words, the herein proposed initial deployment glyatsies on a marsu-
pial systenthat combines geometriebased approach wittandompropertiesvith contextualinfor-
mation €.g, quality of the network). Moreover, the fatdilerantMANET connectivity is ensured by
benefiting from the behaviodrasedRDPSOalgorithm with a systematiadaptive mechanisitat

considers a set of contelxhised evaluation metrics.
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MAINTAIN COMMUNICATION

INITIAL DEPLOYMENT

Table2.1. Summary of works focusing on the initial deployment andirdbot communicatioproblems.

Common Random Contextual Marsupial Not considered
(Winfield, . (Michael (Arkin & Diaz,
2000) (Pereira, Das Zavlanos’ 2002)
Kumar, & '
(Briggemann | campos, 2003 Kumar & (Sweeney,
o & Schulz, Pappas, 2009) Grupen, &
Heuristics 2010) (Anderson, (Howard Shenoy, 2004)
Simmons, & L
(Hsieh, Kumar,| Goldberg, Mataric, & (Thibodeau,
Cowley, &/ 2003) Sukhatme, Fagg, &
Taylor, 2008) 2002a) Levine, 2004)
(Arrichiello,
Chiaverini, &
Fossen, 2006)
(Niccolin, (Arrichiello
i Innocenti, & '
BehaviourBased Pollini. 2010) Heidarsson,
Chiaverini, &
Sukhatme,
2010)
(Tardioli,
Mosteo, (Lee,
_ Riazuelo, Nishimura,
Modelling Villarroel, & | Tatara, &
Montano, Chong,2010)
2010)
(Tuan,
Bouragadi,
Moraru,
(Doniec, Stinqkwich, &
Bouragadi, Doniec, 2009)
Defoort, Le, & ini
Stinckwich, (Derbakova, (Csh%bp?t;n" &
2009) gg{rle)”- & Rus, Secchi, 2011b)
FaultTolerance | (i, Yang, & . (Reddy P
Liu, 2011b) g(Fi’f'zyo“l"g)tkay & Veloso, 2011)
(Abichandani, (Casteigts,
Benson, & Albert,
Kam, 2011) Chaumette,
Nayak, &
Stojmenovic,
2010)
(Ferworn, et
al., 2006)
(Mei, Lu, Hu, | (Correll, _
& Lee, 2006) | Bachrach, (Schwager, | (Rybski, et al,
(Bartolini Vickery, & ZRCL)JfO& Slotine,| 2000)
Calamoneri, | RuS: 2009) ) (Dellaert, et al.,
Not considered | Fysco, (Kazadi, 2003) (Macwan, 2002)
Massini,  &| (Kloetzer & | Neja, & (Murphy
Silvestri, 2008)| Belta, 2006) | Benhabib, AUSMUS.
2011) >
Bugajska, &
Ellis, 1999;

Murphy, 2000)
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Despite all previously addressed accomplishments, either regarding exploration algorithms,
techniques to maintain tidANET connectivity or strategies to carry out the initial deployment of
swarm robots, there is still a long, and even multifaceted, way to go towards a complete swarm roboti
solution for realworld SaR Although this Thesis proposes a methodological Wwachieving a first
complete swarm solution, it does not do so without first introducing some preliminary mathematical

concepts and presenting the hardware and software considered.






CHAPTER I

Preli mi nari es

ROBOTICS research, as many oth&chnoscientific fields, requires a deep interdisciplinary
knowledge from basic sciencasd specialized disciplingsuch as mathemes andelectron-
ics. Thischapter introduces some preliminary concepptionsand rationales behind thogdeom
both theretical(or mathematicaljsection3.1) and technologicalsection3.2) perspectivesto pave

the way towarda better understanding of the contributions presented in the following chapters.

3.1 Theoretical

This Thesis benefits from a wide range of mathematical tools in which, on several occasions, it goe:
back and forth requing the same definitions and theorems to outline new results. This section intro-
duces all the necessary theoreticahceptshat one may require to better understand the proposed

approaches.

3.1.1 Fractional Calculus

Fractional calculushas attracted the attemiti of several researchd&abatier, Agrawal, & Machado,
2007;0Ortigueira & Machado, 2003peing applied in various scientific fields, such as engineering,
computationamathematics, fluid mechanics, among others. In binaftional calculusan be con-
sidered as a generalization of integeder calculus, thus accomplishing what integeeter calculus
cannot. As a natural extension of the integer, Classical) dewvatives, fractional derivatives provide
an excellent instrument for the description of memory and hereditary propertieghwbrld pro-
cesseand systems (such as robotic systefBe concept oGrinwald Letnikovfractional differ-

ential is presented ke following definition.
Definition 3.1. (Machado, et al., 201@et3 be the gamma function defined as:

30 0 pA (3.1)

The signal0O w0 given by
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O wo TOEJ—B , (3.2
is said to be th&riinwaldi Letnikov fractional derivative of orden ,| N E, of the signatw 0 .

An important propertyetrievedafter equation(3.2) is that the fractionabrder derivative re-
quires an infinite number of termshile an integeorder derivative just implies a finite seridhere-
fore, i nt egerlocabe ra preanvkilév feactionah deeivatifies have, implicitly, a
fimemory of al | past events. However, the influenc
The formulation in(3.2) inspires a discrete tim@runwald Letnikovformulationpresented by

the following definition.

Definition 3.2. (Machado, et al., 2010)he signal0 w0 given by

O ®o —B , (3.3)

where"Yis the sampling period andis the truncation orderThisis theapproximate discrete time

Grunwaldi Letnikov fractional difference of order,| N E, of the discrete signab o .

The series presented(B13) can be implemented by a rational fraction expansion which leads to
a superior compromise in what concerns the number of terms versus the quality of the approximation.
Nevertheless, since thssudywi | | consi der fracti onalthecoavere ul us o
gence of robots toward a given solution considettiagy dynamicsthe simple series approximation
is adoptedcf., sectiord.?2).

That being said, it is possible to extend an integer discrete differencelassical discrete dif-

ference, to a fractionarder one, using the following definition.

Definition 3.3. (Ostalczyk, 2009T he cl assical i nteger fAdbaiect o di

defined as follows:

o
©o 0O wO p
Vy w0 Y w0 p

&«

(3.4)

338
© ©° A
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whereQN = is the order of the integer discrete difference. Hence, one can extend the-ortbgrer

Y @06 assuming that the fractional discrete difference satisfies the following inequalities:
Q p | Q (3.5

The features inherent to fractional calculus make this mathematical tool well suited to describe
many phenomena, such as irreversibility and chaos, because of its inherent memory property. In th
line of thought, the dynamic phenomenonf a tagedtooytc@nfgurea case where fractional

calculus tools fit adequately.

3.1.2Jury-Mar dendés Theorem

TheJdury-Mar dends st ashaimethot that allows defdy an attraction domain that rep-
resents the stability of a linear discrete time system by analysis of the coefficients of its characteristi
polynomial (Barnett, 1983)In brief, if thesystem poles ar@tated inside the unit circleentredat

the origin then the system fulfls JwMar denés t heorem and .Thiscans ¢

be formulated by the following theorem.

Theorem 3.1. (Barnett, 1983 onsider the real polynomial

nNw ®OOW OO E & w O =
Construct an array having initial rows:

(I) o
Q K By Ohd B,

and subsequent rows defined by

0%«
0%«

B p,

¢
QO €
35

=«

3 &
w Q

€

:Q !F]

All roots of the polynomial & have modulus less than one if and oniQif TQ m t
ohfBRE p.
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This work will benefit from such stability theory tool to overcome the parameterized complexity
of the propose®DPSO(cf., section7.l).

3.1.3 Fuzzy Logic

Fuzzy logiowas introduced in 1965 by ZadahtheUniversity of California Berkeley, to deal with
and represent uncertainti€&adeh, 1965)Despite the several possible approaches to implement an
online autetuning system, fuzzy logic seems to be the more adequate to proceed as a multiple criteria
analysis tool. The strength of fuzzy logic is that uncertainty can be included into the decision process.
Vagueness and imprecision associated with qualitative dataeceapresented in a logic way using
linguistic variables and overlapping membership functions in the uncertain fEnagionally, a
fuzzy system is a static nonlinear mapping between its inputs and outpyts i§ not a dynamic
system). fulzhereéemsiito the methodds ability of
mation. Although the input information to the system may be imprecise, the results of fuzzy analysis
are not. The field of fuzzy logic has a solid foundation of research tbatsalbr meaningful appli-
cation of its principles. Fuzzy logic allows to accurately describe a control system in linguistic terms
in order to define the relationship between the input information and the output action instead. This
linguistic definition isdifferent from other fields of analysis that would use complex mathematical
equations.

Fuzzy sets and fuzzy logic are used to quantify the meaning of linguistic variables, values and
rules that are specified accordingly within the scope of the studyisTthis translation from the rules
of language to the rules of mathematics. Fuzzy sets need membership fumbtamaremathemat-
ical equations that can take certain shapes. Reasonable functions are often linear functions, such as
triangular or trapezoiddunctions because of their simplicity and efficiency when considering com-
putational issues. Depending on the application and user, many different membership famyions
be used.

In order to process the input to get the output reasoning there aepsixstolved in the creation
of a rule based fuzzy system:

1. Identify the inputs and their ranges and name them;
Identify the outputs and their ranges and name them,;
Create the degree of fuzzy membership function for each input and output;
Construct the rulbase that the system will operate under;

Decide how the action will be executed by assigning strengths to the rules;

o 0k~ w DN

Combine the rules and defuzzify the output.
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The i nputs arism ieg thay prereasnurabers, ndi fuzzy sets. Fuzzy sets are used
to quantify the information in the rulease, and the inference mechanism operates on fuzzy sets.
Hence, it must be specified how the fuzzy system will convert its numeric inputs into fuzsgp sets
that they can be used by the fuzzy system, this process is ftedigfication This process involves
the use of certain defined rules. To specify rules for thelrase, a linguistic description is used.
Hence, linguistic expressions are neededHerihputs and outputs and the characteristics of the in-
puts and outputs. For instance, temperatures are not always giarif° but in linguistic terms
like cold, warm or hotSince linguistic values are not precise representations of the undeylyang
tities they are describing, linguistic rules are not precise either. They are simply abstract ideas abo
how to achieve good control that could mean different things to different people. However, they are
at a level of abstraction that humans arerofiemfortable with in terms of specifying how to control
a certain process.

The problem in applying this is that the appropriate fuzzy operator may not be known. For this
reason, fuzzy logic usually us#s-THEN-ELSE rules. Rules are usually expressedia form:

IF variablelS propertyTHEN action 1 ELSE action 2

The decisiommakinglogic determines how the fuzzy logic operations are performed and to-
gether with the knowledge base determine the outputs of eachlriZIEN-ELSE rules. After-
wards, manyudzzy implication methods that can be chodd¢amdaniMinimuminference method is
one of the most often used to representAN® connective. With this method, in order to perform
fuzzification the minimum value is selected among the available variables tidteizzy reasoning
there is a linguistic output variable which needs to be translated into a crisp value. This process |
calleddefuzzificationThis is equivalent to translating thetput from the fuzzy domain back into the
crisp domain. Somdefuzzificatiormethods tend to produce an integral output considering all the
elements of the resulting fuzzy set with the corresponding weiglgtsCentreof-Gravity (COG).

Other methods takinto account just the elements corresponding to the maximum points of the re-
sulting membership functions.g, Centreof-Maximun) (Shaw, 1998)

This simple decisioimaking reasoning makdgzzifiedsystems as one of the most commonly
used in the literature, from classical control probl¢@wsuceiro, Ferreira, & Machado, 201&)d all
the way tomore unusuaproblems such as decisiomaking systms to prevent zombie outbreaks
(Couceiro M. S., Figueiredo, Luz, & Delorme, 2014 (In Preds))his Thesis, fuzzy logic will be
used to adapt the behaviour of swarm robots based on the contextuabindarretrieved by them

(cf., section?.3).
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3.1.4 SemiMarkov Chain

SemiMarkovprocesses were firstly proposed by Levy in 1@%Vy, 1954) In semiMarkov chains,

as in Markov chaingyrocesses are described by a set of states whose transitions are governed by a
transition probability matrixd. Nevertheless, in servarkov chains, the time between transitions

may be random. Consequently, the amount of time spent in any state is emdioray be described

by a probability density that can be a function of both the state of occupancy and the states to which
transitions can occur.

TheMarkovianproperty is formally introduced iDefinition 3.4 (Tijms, 2003)

Definition 3.4. (Tijms, 2003)The future probabilistibehaviourof the process depends only on the
present state of the process and is not influenced by its past history. This is called the Markovian

property.

By following this property, one can describe the s&farkov decision process through the fol-
lowing definition(Tijms, 2003)

Definition 3.5. (Tijms, 2003)A controlled dynamic system is called a séfarkov decision process
when the following property is satisfied: if at a decision epoch the aat®ehosen in statk then
the time until the next decision epoch and the state at thahegepends only on the present state

and the subsequently chosen actiaand are, thus, independent of the past history of the system.

Stateto-state transitions within a setilarkov chain, as any other probabilistic model represen-
tation, isdescribed as a probability density. Whereas the punpottes Thesiss to model robot
swarms at the macroscopic level, such transition will depend on the interaction probabilities of a robot
with other teammates, with the environment and the missielf (t$., chapterd). Such transitions
will be time-variant. Hence, to avoid rounding approximations, the model was parameterized consid-
ering a discretization interval 0 pi. Any other discretization interval could be considered as
long as one would take it into accoultring the definition of the transition probabilities.

That being said, from constant rates over the time step, it is easy to calculate the corresponding

transition probabilities for a small time intervdl Y6, "YN &, given the corresponding encounte

ing rate for a stat&) , (Agassounon, Martinoli, & Easton, 2004)
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n . [ Qor"y (3.6)

One of the most interestingaires oMarkovianmodels is the information one can obtain by
analysingthe system at equilibrium.e., the longterm behaviourusually known as steaestatebe-
haviour. Such steadgtate analysis makes it possible to retrieve several performance parameters sucl
as throughput, delay, loss probability, among others. It is, however, noteworthy théil seow
systems at steaeltate do not settle down to one particulatestTheMarkoviansteadystate regime
means that the probability of being in any state will not change.

One of the most common approaches to find the ststigbehaviouiof the semiMarkov chain
with more than 2 states relies on théransform(Gebali, 2008)Hence, we hereafter establish some

useful properties of the-transform that will be needed this Thesis

3.1.5 Z-Transform

Thedrtransform method is one of the most, if not the most, suitableolving and anafing linear

discrete equation®Es) and discrete syster(tslaydi, 2005) Let us present some basic definitions.

Definition 3.6. (Elaydi, 2005)_etw ¢ be a sequence, which is identically zero for negative integers

¢ (e, e Tt for & ph ¢ B. Thedtransform of a signad ¢ is defined as
a4 bet B o 3.7)
whereind is a complex number.

The set of numbergin the complex plane for which serig&7) converges is called the region

of convergence ab ¢ . This brings us to the following definition.

Definition 3.7. (Elaydi, 2005)et’Y ~ d "Qé&—— . The number Ris called the radius of convergence

of serieq3.7). Hence the series (3) converges in the reg@m 'Yand diverges fogis V.

Remark 3.1. (Elaydi, 2005)f 'Y T, thedtransform® & converges everywhere with the possible

exception of the origin. On the other handyif Hb, the®transform diverges everywhere.
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Definition 3.6 andDefinition 3.7 allow presenting the following two necessary properties.

Theorem 3.2. (Linearity property) Let® ¢ be thedrtransform ofwé with radius of conver-
genceY , and letw a be the Ztransform ofwé& with radius of convergenc¥ . Then, for any

complex numbets, we have
AT N > o o, fors @ oy RY . (3.9)
Theorem 3.3. Let'Y be the radius of convergence®fd . If o Q  mfor'Q pheheEhQ then:

() Rightshifting:

OwE 0 G Oa,forsxs Y.
(i) Left-shifting:

Gwo: Q  ada B o forgs V.

After obtaining thed-transform of a given system, one can analyze its ststdg,.e., equilib-

rium, by employing théinal value theorem

Theorem3.4.If 0 isasequencewittrt r ansf orm X ( av)al tulernsgitfeamby A f i n a

q)'n‘m‘) do"Q(i pOa8
After having introducedhe necessary theoretical background, let us now present the technology

used throughout this work.

3.2 Technological

Following the same lines as before, this section devotes itself on presenting some techioddgyical

such as theobotic platformsand simulatorsised throughout this work.
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3.2.1 Scouts(Swarm Robots)

Al t houghscoube wi ¢t mbi@ used now and t henfrobatsn t h
one should considehoseasscouts As this work focus on swarm robotjecouts are merely a nec-
essary term to separate them from teapportivemarsupialp | at f or ms radgermot dadt a:
not fall within the description of swarm robots.

The following requirements, sorted by relevance, can be expected from robauts) o be

used in swarm robotic systems:

1 Costi scouts should be as cheap as possible since most swarm teams may have dozens
hundreds of robotéArvin, Samsudin, & Ramli, 2009)

1 EnergyAutonomyi scouts should have a long battery life since the swarm may need to
operate long enough for the collective behaviour to emerge and the goal to be reache
(Parker, Schneider, & Schultz, 2005)

1 Communican’i scouts have to support wireless communication such as in the form of ad
hoc networkgParker, Schneider, & Schultz, 2005)

1 Sensory Systerh scouts should be equipped with some form of sensing dapabiallow
interaction among robots as well as with their environr(i@atigo, et al., 2004)

1 Processing scouts need to be able to process information about other robots and the envi-
ronment é.g, sensing datgParker, Schneider, & Schultz, 2005)

Furthermore, there is an evident similarity between swarm robots and the so called mirimalism
basedusercreatedrobots(Park & Kim, 2011) The concept of minimizing the cost (minimal cost) is
one of the essential properties of swarm robots and was already stated. However, both concepts
minimizing the number of components (minimal intricacyy dhe required development time to
complete the entire process (minimal development) can be considered basic features in the develo
ment of swarm robots. Since the cost is directly related with the robot design, a reduced intricacy i
sensing, control anohotion is required. In addition, since swarm robotics deals with many robots,
the development time of each unit must be reduced, thus allowing a fast extension of the swarm teatr

Following that line of thought, as swarm robots, scouts should be smdil, dsggdoyable and
able to sense trenvironment. There were two platforms playing this tbteughouthis Thesis the
Educational Swarm Rob&SwarBotslevelopedat MRL from ISRUC and RoboCorpat theEngi-
neering Institute of Coimbrixom thePolytechnic Institute of Coimbf@SEGIPC) in the context of
this work (Couceiro M. S., Figueiredo, Luz, Ferreira, & Rocha, 20amayl the weHlknown e-puck

developed at thEcole Polytechnique Fédératie Lausann¢éMondada, et al., 2009)
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The eSwarBotis a differential robot with a diameter pf¢ @ &, a height ofp mda and a
weight of approximatelyp 1@ being small enougto avoidan inadequatencreaseof the size of
test arena, and yet big enough not to limit the expandability of the mobtd increase the cost of
the swarm robots due to components miniaturization. These robots are ideal for studying emergent

behaviour and selbrganizationn bio-inspired societies.g., swarm robotics).

RGB module
16 RGB LED I

Wireless module
2.4 GHzXBee

Control module
9 Arduino Uno

Sensory System
I MaxSonar EZ1

Basemodule

9 Battery 9V 2300mAh

1 Motor Driver TB6612FNG

12 Micro Metal Gearmotor

1 Voltage Regulator LM7805

9 Xor Logic ICT 7486

T LED Driveri L293D

12 encoder$ 48 counts per revolution
12 white plastic wheel with rubber tire

Figure3.1. TheeSwarBotobot

TheeSwarBoplatform Figure3.1) is a differential ground platform with alrduino Unopro-
cesing unit. Although the platfornpresent a limited odometric resolution af® Q'Q "Qi Wiid
rotating and;& @@ & when moving forwardits low cost (aroung x 0) and high energetic auton-
omy (@verageun timearoundo hourg allows performing experiments with a large number of robots.

As it can be seen iRigure3.1, eSwarBotsre equipped witRGBLEDs that allow representing
a wide range of different colours, which account for diffeserigroups (osmallerswarms) Some
relevant specifications of theSwarBotre presented ihable3.2.

Compared to other lowost solutions in the market, the feature that clearly excel ceSivar-
Botsplatforms is its capality of creatingMANETS with multithop capabilities usingigBeetech-

nology (this will be described with some more detail in se@iar.
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Table3.2. Main eSwarBofeatures.

Features Description
Size npqg@d
Cost pXxXO
Battery autonomy o hours

Wireless Communicatio| ZigBeeNetworks
Wired Communication | USB

Sensing capabilities p ultrassound sensor
p LDR light sensor

Actuation capabilites |¢t ¢ 0 ‘Qn QDC motors with encoder
Strip of RGBLEDs

Expansion Capabilities | All Arduino Shields:

Ethernet / Internet access
WiFi capability

GPS

Camera

é

The radar graphisom Figure 3.2 weredesignedyy quantifying and normalizing the features of
several known platform in terms df) Cost;2) EnergyAutonomy;3) Communication4) Sensory
System; an®) ProcessingCouceiro M. S., Figueiredo, Luz, Ferreira, & Rocha, 20Thg cost and
energyautonomy were easily quantified based on the price of the platform and the numbekiogwo
hours until it runs out of power, respectively. The communication was evaluated based on the wireles
technology used taking into account tEajBeeis the one recommended by the authors for swarm
robotics. The sensory system was quantified basédeonumber and heterogeneity of sensors and
encodersod resolution. Finally, the processit
control unit.

The other platform used for swarm exploration purposes during this work wegptio& The
e-puckdepicted orFigure3.3 was officially presented for the first time in a scientific paper on 2009
(Mondadagt al., 2009yvith a project that started with tEeole Polytechnique Fédérale de Lausanne
as collaboration between tAeitonomous Systems L.dbeSwarmintelligent Systems grouwnd the
Laboratory of Intelligent SysterBince then, many other workave been benefiting from tlegpuck
platform due to its price/features qualitidsable 3.3), with especial attention given to its sensing
capabilities €f., Figure3.2b).
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Figure 3.2. Evaluation of several platforms for swarm robotics using radar grapleSvearBot(Couceiro M. S.,
Figueiredo, Luz, Ferreira, & Rocha, 201b) e-puck(Mondada, et al., 2009t) SRVA1 BlackfinSurveyor(Cummins,
Azhar, & Sklar, 2008)d) TraxBot(Araujo, Portugal, Couceiro, Figueiredo, & RocB812) e) Mindstorms NXT Lego
(Bagnall, 2007)f) marXbot(Bonani, et al., 2010)y) Hemisso#; h) IdMind Circular GT'3,i)Bot 6 n6 Rbl | ONE

12 hitp://ftp.kteam.com/hemisson/Manuel _En/Manual_Hemisson.pdf
13 http://www.idmind.pt/en/education/images/Cila%20GT Ing.pdf
14 http://botnroll.com/product.php?id_product=67



http://ftp.k-team.com/hemisson/Manuel_En/Manual_Hemisson.pdf
http://www.idmind.pt/en/education/images/Circular%20GTIng.pdf
http://botnroll.com/product.php?id_product=67
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[UART2]

ON/OFF

7cm

Figure3.3. Thee-puckrobot

As itis possible to see drable3.3, thee-puckprovides a high level of applicability with a large
number of sensors and acting capabili{endada, et al., 2009Moreover, its lowcost and small
desktop size, together with the open source feature, makeptiokas one of the most widely used
robotic platforms in laboratory context. Although it still presents some limitations, those may be
overcome by adding trets (extension boards) for an extra cost that may endow the roboksghigin
processing powesr other featuref.inux Gumstix Overturret or Fly-Visionomnidirectionalvision

turret). How e-puckscommunicates between themselves is briefly describsddtion3.2.3

Table3.3. Main epuck features.

Features Description
Size nx T &
Cost coa
Batteryautonomy o hours

Wireless Communicatio| Bluetooth(UART1)
Wired Communication | RS23AUART2)

Sensing capabilities Yinfrared proximity sensors

p 3D accelerometer

poe T T Y BMOScolour camere
o microphones

Actuation capabilities | ¢ p 1 T ™0 Q) Qstepper motors
p Speaker

Wred light emitting diodesLED)
Expansion Capabilities | Omnidirectional vision

Ground sensors

ColourLED communication
ZigBeecommunication

Linux extension

é
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3.2.2 Rangers(Marsupial Robots)

T h e trangem oriinarsupialrobot, was introduced in this work to easily distinguish swarm ro-
botic platforms for exploration (the s@lled scouts, or simply, robots) and the support platforms for
deployment. Rangers act as supporting platforms that need to cateatheapidly into place and
deploy the scouts. They must be extremely robust and be able to transport multiple scout platforms
and process the sensor data, acting as coordinators of thduaagithe deployment phasghere-

fore, TraxBotplatforms Figure 3.4) were adopted as rangers, being suitable for both outdoor and
indoor operation with high autonomy and low cost (aroungd@). These platfons have also been
recently developedt MRL from ISRUC (Araujo, Portugal, Couceiro, Figueiredo, & Rocha, 2012;
Araujo, 2012)

Computer
Acrylic Support

Robot Shield

‘_‘.—

Arduino Uno

Motor driver

Battery pack

Figure3.4. The TraxBotrobot platform.

TheTraxBotplatform is a differential drive system built upon ffraxsterll Robot educational
Kit, equipped with DC gearhead motors with quadrature wheel encoders and rubber Taeks.
TraxBotcan reactively avoid obstacles with a maximum range of approximately 6 meters using three
MaxbotixSonaraMiB1300mounted below the top acrylic support, as sedfignre3.4. Some other
specifications are presentedliable3.4.

Giving the robustness of thigraxBot(i.e., duminum and stainless steel chassis with high power

DC motors), an extension conveyor kit has been built to supgB8tarBoton top of the platform
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(Figured35) , t hus forming a marsupial system. The
proper adherence of the scoutsd wlhaxBoltosalloawn d
convenient sliding and deployment of the scoitmajor part of the conveyor was built with equip-
ment from damaged printers.¢, conveyor pulleys, stepper motors, gearboxes). It is noteworthy
that, in realSaRapplicationsj.e., real unknown and uneven terrain, a cleated conveyorile]t (
partitioned upper layer) could be used to improve the capability of the ranger to keep the scouts o

top of it.

Table3.4. Main TraxBotfeatures.

Features Description
Size C IO ¢ ¢k
Cost T xa
Batteryautonomy ¢ hours

Wireless Communicatio| ZigBeeNetworks
Wired Communication |USB

Sensing capabilities o ultrassound sensors
Actuation capabilites | ¢ @ ¢ T 0 'Qr) QDC motors with encoder

Expansion Capabilities | All Arduino Shields
Netbooksupport on top

The TraxBot Conveyor Kitllustrated onFigure 3.5, even being entirely made bfjhtweight
aluminium it increases the original weight of tlieaxBotplatform tot& v "(i.e., unladed weight)
andx® v "Q@t full load (.e., with 5eSwarBot®n top), being able to support up to a maximum weight
of T® U "Qithout suffering from any sliding effect on theuing pulley. Nevertheless, this is more
than enough as thieraxBotmobile platform is unable to efficiently rotate when carrying a weight of
approximately8tu "@bove the unladed weight.

The single feature that rangers should have in common withssedbteir communication tech-
nology and protocol, so as to endow robotic team with explicit communication networks under the

same medium.
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Ultrasound
sensors

TraxBotPlatform

Conveyor Kit T

229

Figure3.5. The TraxBot Conveyor Kitbaded with SeSwarBots.

3.2.3 Implementation of MANETSs

MANETs can be implemented using several wireless technologies, siBlbeasoth ZigBee or
WiFi. The definition itself does not imply any restrictions to the implementing devices. In this work,
inter-robot communication to define the initial positione8warBotsas scouts was carried out using
ZigBeey migy & wireless protocdP, while communication betweestpuckswas carried out using
WiFi 802.11 fromLinux Gumstix Overgurret.

RegardingeSwarBotsindTraxBots they were all endowed witkBeemodules® thatcommuni-
cate with the microcontroller viaSerial Peripheral Interface XBee Series 4s based on
ZigBedy iy & silicon fromFreescal®. Its p iy & firmware feature set makes it ideal for peint
to-point, peetto-peer and pointo-multipoint (star or mesh) topologies. Hence, these modules are a
suitable solution for swarnobotics since they present power consumption pear owhen in sleep
mode and) @ 0 while sending and receiving data. Furthermore, since swarms may be formed by
more than dozens of roboise(, nodes), th&igBeeprotocol is the most adequate opt&ince it can
theoretically support up to 65536 network noddthoughthe XBeeSeries2 modules allow a max-
imum communication range of approximately 30 meters in indoor/urban environjf@entiro M.
S.,Figueiredo, Luz, Ferreira, & Rocha, 2011)e signal quality of the received data is highly sus-
ceptible to obstacles and other phenomeng, (communication reflection and refraction), thus re-
sulting in the loss of packets as the ifiapot distane increases. In fact, preliminary experiments to
test theXxBeemodules ora large indooscenaricendowed with obstaclefiowed that the connectivity

15 http://www.zigbee.org
16 http://ftpl.digi.com/support/documentation/90000982_A.pdf
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starts failing above 10 meters.( Figure3.7). Therefore, to allow a more realistic and conservative
approach, the connectivity between robots was maintained using the received signal quality. To the
end, thexBeemodules were modified in order to prdeitheRSSkignal output¢f., Figure3.6).

Figure3.6. Electrical modification oXBee 8ries 2from Digi International’ to provide theRSSisignal output.

ThisRSSbutput is available as a pulse width modulation signal gffDdwhere the duty cycle

DC varies accordingly to the signal level relativetie receiver sensitivity as it follows:

0 o 8 . . , (3.9)

For instance, @ 1t luty cycle (.e., p® w) is equivalent to approximately the receiver sensitivity
of wTQ06 aln order to choose a minimum signal threshold that would ensuMARET connec-
tivity, Figure 3.7 presents the relation between R8Sland the distance between two robots ran-
domly wandering ira large indooscenaricendowed with obstacleghile sending 30 periodic mes-
sages every 2 seconds to each other at each different distaed@SSIvsthe interrobot distance
was represented using a boxplot chart, in which the ends of the blue thicker lines and the circle i
between correspond to the first and third quartiles and the median values, respectively. The numbe
on top of eaclset of measures correspond to the number of messages received at each different di:

tance.

17 http://alumni.ipt.pt/~Irafael/mnual_XBee Series2 OEM_ RWodules ZigBee.pdf
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g5f o Minimum signal quality
considered

RSSI[dBn

=
— (] oy =r Ly w [ [ea] [a3] —

Inter-robot distance [m]
Figure3.7. MeasuredRSShersus distance from two robots located in the experimental scenario.

As expected, in an indoor scenario endowed with obstacles, the signal quality is not proportional
to the intesrobot distance. In fact, the inverse relationship between distancegaad guiality con-
sidered in many works does not match reality since the propagation model is more coeples,
signal depends not only on the distance but also on the multiple paths from walls and other obstacles.
Moreover, for a distance above 10 erst a robot is only able to receive approximatelyf 2Bthe
messages. Therefore, to avoid the possible loss of packets due to the distance between robots, the
minimum allowed receiver powevasset to-75 dBm i.e., for distance®f approximately3 meters.
This allows avoiding the possible loss of packets due to low levels of signal qumlitat the same
time, carry out experiments in limited size scenarios
Regarding thenter-robot communicatiomsingthe e-pucks anddue to the limitations of the
standarde-puckfor swarm applications that require explicit intebot communication, it was nec-
essary to accomplish some engineering work around the platforms. This engineering process was
divided into two steps that tookgee at theRobotics Labfrom the School of Mathematical and
Computer Scienceat Heriot-Watt University MACSHWU) under the supervision of Professor Pa-
tricia Vargas:
1 Bridgingthe gap betweeWebotssimulator(Michel, 2004)and the rea¢-puckplatforms by
improving the already existing features and adding new @ingisitem fromTechnical Re-

portssection at the end of this documét

18 Technical Report 1 available lattp://www?2.isr.uc.pt/~micaelcouceiro/media/ReportFinal _1.pdf
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1 Endowing thee-puckplatforms withWiFi communicatior{second item fronTechnical Re-
portssectiort?.

The first part of the work mainly consisted on using\Webotsot only as a simulator but also
as a developdpol for real robot experimentatioRrogramminge-pucksby usingWebotshas been
consensual in most research useguckrobotic platforms. Either more directed for education pur-
poses as the work ¢&uyot, Heiniger, Michel, & Rohrer, 201d) all the way to swarm applications
as(Cianci, Raemy, Pugh, & Martinoli, 2006} has been consensual that the combination between
Webotsand e-pucksis appropriated to the further development of robotic applications. One of the
main reasons regarding such consensus residesdartipatibility between both simulation and real
world experimentsNevertheless, such compatibility is still argweing work and, therefore, a deeper
contribution from the community is required. This work gave its contribution by changing the whole
compilation architecture oWebotsfor a faster crossompiling developmentMoreover,three im-
portant functionalities that weegstwhile inaccessibleere also includedccess to the micropha)e
the speaker and, most importanBjietoothinter-robot communicatiorMicrophone can extena-
puckk s sensing capabilities on both real egorlc
find audio sources emulating victims in a seaadkdrescue $aR scenarios. Combining the speaker
with the microphones may allow to create a communication network with the ability to detect the
direction of teammates or promote hunrabot interaction. At last, and as md4RSrequireit, the
Bluetoothradio link allows intefrobot explicit communication wessary to share information and
bring forth the necessary cooperation to fulfil a giv@sk (sedhe first item afTechnical Reports
section. However, even despite these accosiptientse-pucld Bluetoothinterface was not able to
completely satisfy the requirements of this wakk.theBluetoothinterface was never designed for
inter-robot communication, it presented some drawhasksh as the high required time of around
p @ T1® seconds to establisksarial port profile link between pairs of robots, thus being unsuitable
for experiments that require a high rate of shared information between different robots. Also, due t
the limitations ofe-puclkd 8luetoothmodule, it was impossible to create a wireless network for
MANET creation. In other words, the useegpuckplatforms onMRSwas still confined to systems

with sporadic explicit communication between robots.

19 Technical Report 2 available laitp://www?2.isr.uc.pt/~micaelcouceiro/media/ReportFinal_2.pdf
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TCP/IP server

The message is sen
or received using
TCP/IP sockets

The Gumstix Overo COM |,
board acts as a TCP/IP clientg
and forwards the message di| s

rectly to the TCP/IP server
and viceversa

For inter-robot communica-
tion the e-puck sends the de-

sired message through R®32
or waits for a RS-232 message

The standard config-
uration of the e-puck &#
has full autonomy for [N
local decisionmaking /e

L

Figure3.8. System architecture of tleepuckrobot equipped witlisumstix Overo COM

As a result, these limitations were only overcame by equipping-fhek with the Gumstix
Overo COMturret?. This turret endows thepuckwith higher processing capabilities undéri@aux
embedded environment aldiFi communication. Despite the advantages that this turret brings, the
community have not paid the necessary attention so far. Therefore, part of the developed work aimed
to bring some morésights about théurret and explain how interobot communication may be
achieved usinyViFi technology. Moreover, this was accomplished by sticking Widibotsarchitec-
ture in such a way that one may fulfil the samBSexperiments orboth virtual and real world
scenarios usin@/iFi communication (see the second iteml@chnical Reportsection). This exten-
sion allowed to benefit fromMCH/IP sockets for interobot communicationHigure3.8). To that end,
a globalTCP/IPserver to serve alCHIP socket clientsi(e., e-puckg concurrently was developed

20 hitp://www.gctronic.com/doc/index.php/OveiBxtension
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in MatLahb. This server was created to managel&@P/IP socket connections and forward the mes-
sages to the correefpuck(s). Moreover, it was also created with the purpose on emulating constraints
from wireless networks such as the maximum distance betweenmopn@bots and the maximum
number of hops in the network. Although many other properties of phenomena could be emulated o
the server side, only those two were contemplated so far. Nevertheless, one can easily extend t
software presented in the second item fronilaehnical Reportsection with otler features, such as
radio propagation modelling, delays or even abrupt losses of communidéd¢ieerthelessgue to

scalability purposeand budgetrobotic simulators are still required to evaluate larger teams of robots.

3.2.4 MRSIm

Simulators play an important role in the development of new robotic platforms, algorithms and archi-
tectures(Staranowicz & Mariottini, 2011)However, the usefulness of a simulation environment
grows wih the consistency between simulation and real world results. In robotics, such consistency
needs to be handled by the adequate implementation of severabori&hfeatures such as sensor
noise, robot dimensions and actuators nonlinearities. Neverthgless,one goes from single robot
applications to cooperatiRS the level of complexity significantly grows. Besides the previously
described phenomena, one needs to consider the several mechanisms that may foster such coopera
as, naturally, the commication between robot®arker L. E., 2008b)This gap between reality and
simulation, although mitigated over the years in laboratorial context or for single robot applications,
as it is the case of éhwellknown Unified System for Automation and Robot Simulafid8ARSim
(Carpin, Lewis, Wang, Balakirsky, & Scrapper, 2Q03)still far from contemplating all reatorld
features inherent t8aRappicationsand, at the same time, scale with the number of robots

The Multi-Robot Simulato(MRSim? was initially created to evaluate the simulation experi-
ments from thiPh.D. Thesis in 2012. Since then, it has been successively improved considering
several realvorld phenomena such as radio frequerRly) (propagationMRSimis an evolution of
the Autonomous mobile robotics toolb8KMROBOT(SIMulated ROBOTgreviously developed for
an obsolete version dflatLal?®. The simulator was completetgmodeled for the newemMatLab
version and new features were includeaich as mapping and inteybot communication. Besides
that, MRSimalso allows adding a monochrométitmapas a planar scenario changing its properties

(e.g, obstacles, size, among othe)ding features of each swarm robotic technigug, (fobotic

2Ihttp://www.mathworks.com/matlabcentral/fileexchange/38408im multi-robotsimulatorv1-0
22 http://www.uamt.feec.vutbr.cz/robotics/simulations/amrt/simrobot_en.html
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popul ation, maximum communicati on e.g@ mgxenum among
velocity, type of sensors, among others). This simulator was first evaluated in the context of the
CHOPIN project,to compae decentralized and centralized versions of REHPSOfor exploration
purposegCouceiro, Portugal, & Rocha, 2013)

Figure 3.9 depicts theMRSiminterface with a simulation trial with robots using tREPSO
algorithm to collectively explore the whole scenario of a large basement garage envirbriheent
ISRUC garagewith an area 0b ¢ w xav . Note that this area may not correspond to the area of
the real garage. This scenario will be one of the case studies considered throughout this Thesis.

To fulfil all the requirements of theHOPIN project, the simulator was ffilner enhanced with
reatworld features typical frolaRmissions in urban fires, namely:

1 Fire spreadingOhgai, Gohnai, Ikaruga, Murakami, & Watanabe, 2005)

T Vi cti ms 6 (Helévaaay 2007Yinefighter behaviou(Abbasi, Hossain, Hamra, &
Owen, 2010)

1 Radio frequency communicatighuca, Mazzega, Monti, & Vari, 2006)

1 Voice propagatioffHerman, 2007)

Ddde | k| RGO LL-E2|0EH O3

L3
1’ 11 1 | (I
(I ] i 11 1 | 111

Collective Mapping

ISR-UC garage
Figure3.9. Multi-Robot Simulator (MRSim). lllustration of one trial with 10 robots performing the collective mapping

of an unknown scenario under the influence ofREEPSOalgorithm(Coueiro, Portugal, & Rocha, 2013)

The third item from th@echnical Reportsectionpresents some more insights aro@Sint.

23 Technical Report 3 available fattp://www?2.isr.uc.pt/~micaelcouceiro/media/help/helpMRSim.htm
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3.2.5 Webots

The correspondence between simulation i@adity has been highly discussed in the literature and
several simulation environmerfsaturing a certain level of portabilfihave been proposed such as
the Virtual Experimentation Platform Coppelia Roboti€¥-REP (Freese, Singh, Ozaki, &
Matsuhira, 201Q)the weltknownWillow Garage Robotic Operating SystéROS (Quigley, et al.,
2009)and, one of the oldest, thiayer/StaggGerkey, Vaughan, & Howard, 2003)espite these
recent accomplishments, the environment that still presents a higher compatibility between real an
virtual e-pucksis still Webotsrom Cyberbotics This is mainly due to the close relation between
puckand the education field that is the main targeCyberbotics Hence, this is frequently seen as
a winwin relationship to train beginners to vakbotsand consequently increasgucldo employ-
mert (and so the-puckcommunity). In fact, the number of papers using Mgdbotsaande-puckreal
robots greatly exceed any ottemulator+platformcombo For i nst ance, Rohr
full curriculum describing the link between tleguck and Webots going from a totally beginner
audience to expert skilled programm@R®hrer, 2008)

Developing a crossompilation system allows to compile tidéebotscontroller for the embed-
ded processor of ¢hreal robot. Hence, the source code forWebotsvirtual robot is executed on
the real robot itself, and there is no need to have a permanent conbetti@en the robandthe
remote control system. In brief, the idea is to generate a machine code file from the samegsogram
the one in simulation, typically written {t/C++ languagesand to upload it on the-puckin a trans-
parent fashion for usergVebotsthen includeghe source code, and eventually low level assembly
files, of robots Application Programming Interfade?() being compatible foe-puckand theHem-
issonrobots. Therefore, in the casesgbuckrobots, the crossompilation system requires the source
codenecessary to compile tleepuckfirmware. This requires rewriting many of thiéebotanclude
files to be specific ta-puckplatform. In other wordsfor the purposes of thiBh.D.work, some
source filesvere createdo be used as a replacement for WieotsAPI, but running on the reat
puck Thefirst item from theTechnical Reportsectionpresents some more insights on the work
aroundwWebotssimulator.

In this work,Webotssimulator will mainly be used to program texuckplatforms and to cali-

brate all experiments with them through simulations

24In the context of robotic simulation, portability means that the code written for virtual agents is portable to realsplatform
(Staranowicz & Mariottini, 2011)
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3.3 Summary

This chapter introduced the necessary prelimindnyagiving a brief overview on the several math-
ematical tools, robotiplatforms and simulator environments used throughout this Wbk reader
Is advised to resort from this chapter whenever the concepts introduced later on require a specific
mathematical tool or hardware feature.

As previouslystated this work is devoted on presenting a full swarm robotic solution for real
world applications such &aR As a starting point, next chapter introduces the core of this Thesis:
theRobotic Darwinian Particle Swarm OptimizatigRDPSQ.



CHAPTER IV

Roboti c DRSOI ni an

FOLLOWING the manyexamples of behaviotyasediologicalcollective architectures presented

in the literatureresearchers have been proposing -@vgroving desigrs of novel swarm ro-

botic algorithms This area of researchelongingto swarm intelligence, studies large collections of
relatively simple agents that can collectively solve problems thataateo complex for a single
agent or that can display the robustness and adaptability to environmental variation displayed by
biological agent¢§Bonabeau, Dorigo, & Theraulaz, 1998eni, 2004) Starting with optimization
problems and all the way to robotic applications, thosés have been proved to be robust to many

of the drawbacks inherent to more complex and exhaustive methods, namely the factor time previ
ously discussecf, section2.1.2.

This chapter presents the core of this Thesis by methodically describiRghloé&c Darwinian
Particle Swarm OptimizatiogRDPSQ. It is, however, noteworthy that, although all subsequent
chapters revolves around tREDPSOalgorithm herein pposed, their methods, tools and insights
can and shouldbe applied to other swarm robotic algorithm

This chapter is divided inteightmain contributions:

i) A short survey arounBaricle Swarm Optimizatio(PSQO-based algorithms is presented,
focusing on the description of the Darwinla8Oproposed byTillett, Rao, Sahin, Rao, &
Brockport, 2005)which may be considered as the foundation (or optimization adeth
counterpart) of th&@DPSQalgorithm (sectior.1);

i) Itis then introducedne first step towards a realistic robotic implementation oRB@SQ
by benefitingf r om f racti onal calculus concepts
(sectiord.?);

i) Afterwards, the existence of eréddypropdsiegs i
a new objective function (secti@n3);

iv) As a realworld requirement, and a central part of this Thesis, communication constraints
arealsoconsicered by resorting tattractiveandrepulsiveforcesso as to ensure théANET
connectivity(section4.4);

V) As a final base property of tRDPSQ a frpauwmarsch0 mec hani sm t
selection so as to avoid stagnatiois proposed by getting inspiration on the concepts of

social exalision and inclusionsgction4.5);
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vi) To encapsulate all the previous concepts RB&SOalgorithm is formally presented and
illustrative examples are provided (secthf);

vii) Finally, based on thereviously described properties, theposedRDPSQalgorithm is
evaluated using bottumerical anghysicalexperimentgsectiord.7?).

Sectiors 4.8and4.9 outlinethe discussion and main conclusions of this chapter.

4.1 From Optimization to Robotics

The navigation of groups of robots, especially swarm robots, has been one of the fields that has ben-
efited from biological inspiratiofBonabeau, Dorigo, & Theraulaz, 19985 many other things in
robotics, the advances were first introduced and evaluated in the context of computeCageofs.
the first applicability of those methods started with optimization tools with thekweWn Particle
Swarm OptimizatioPSQO previously mentioned. The origine5Owas developetly Kennedyand
Eberhartin 1995and it is based on social and compweience (Kennedy & Eberhart, 1995The
PSObasically takes advantages on the swarm intelligence concept, which is the property of a system
whereby the collective behaviours of unsopbéded agents that are interacting locally with their
environment, create coherent global functional pattévale, Venayagamoorthy, Mohagheghi,
Hernandez, & Harley, 2008)magine a flock of birds wéren each bird cries at an intensity propor-
tional to the amount of food that it finds at its current location. At the samedauk bird can per-
ceive the position of neighbouring birds and can tell which of the neighbouring birds emits the loudest
cry. There is a good chance that the flock will find a spot with the highest concentration of food if
each birdsimplyfollows a trajectory that combines three directi(fAlgreano & Mattiussi, 2008)

i) Keep flying in the same direction;

i) Return to the location where it found the highest concentratifoodfso far;

iii) Move toward the neighbouring bird that cries the loudest.

In the traditionaPSQ candidate solution®.g, birds)are called particles. These particles travel
through the search space to find an optimal solution, by interacting and sharing information with
neighbour particles, namely their individual best solution (local best) and computing the neighbour-
hood best. Ado, in each step of the procedure, the global best solution obtained in the entire swarm
is updated. Using all of this information, particles realize the locations of the search space where
success was obtained, and are guided by these successes. legadtre algorithmAlgorithm
4.1), a fitness function is used to evaluate the particle suctesaodel the swarm, each partiéle
moves in a multidimensionapace according to positiom () and velocity ¢ ) values which are

highly dependent on local best (), neighborhood best () and global bestQ ) information:
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0 o "1 QW "1 W W "1 ¢ o, (4.2
W w U . 4.2
Coefficients0,” ,” and” assign weights to the inertial influence, the global best, the local

best and theeighbourhoodbest when determining the new velocity, respectively. Typically, the in-
ertial influence is set to a value slightly less thahh 1” and” are constant integer values, which
repr eacgetvdd &asodabin components. However, differen
ing different influences for each component. For example, several works do not consiuaglthe
bourhoodbest and is set to zero. The parametérsi andi are random vectors with each com-
ponent generally a uniform random number between 0 and 1. The intent is to multiply a new randon
component per velocity dimension, rather than multiplying the same componestaithh par t i
velocity dimensionDepending on the application and the characteristics of the problem, tuning all
these parameters properly may lead to better results. However, this is a problem associated with tl
branch ofparameterized complexitgnd far from being completely solve@®owney & Fellows,

1999)

Il n the beginning, particles6é velocities ar
boundaries of the search spaédgbrithm 4.1). The local,neighbourhoodnd global bests are ini-
tialized with the worst possible values, taking into account the nature of the prébleimstance, in
a cost problem where the objectigdo minimize the fitness function, particles are initialized with a
large value (tending to infinity)lhere are other few parameters that need to be adjusted:

i) Population sizel very important to optimize to get overall good solutions in acceptable
time;
i) Stopping criterid@ it can be a predefined number of iterations without getting better results

or other criteriadepending on the problem.

Initialize swarm (Initializew , 0 ,® ,& andQ)
Loop:
for all particles
‘ Evaluatethe fitness of each particle
‘ Updateoy , & and'Q

‘ Updated  ando

end

until stopping criteria (convergence)

Algorithm 4.1. TraditionalPSOAIlgorithm
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ThePSOreveals an effect of implicit communication between particles (similar to broadcasting)
by updating neighbourhood and global information, which affects the velocity and consequent posi-
tion of particles. Also, there is a stochastic exploration effect atigetintroduction of the random
multipliers { ,i andi ). Given its simplicity in terms of implementation, and reduced computational
and memory complexityhe PSOhas been successfully used in many applications such as robotics
(Tang, Zhu, & Sun, 2005Pires, Oliveira, Machado, & Cunha, 20q€&ouceiro, Mendes, Fonseca
Ferreim, & Tenreiro Machado, 2009¢ouceiro, Luz, Figueiredo, & Ferreira, 201&)ectric systems
(Alrashidi & El-Hawary, 2006)and sport science&ouceiro, Luz, Figueiredo, Ferreira, & Dias,
2010)

However, a general problem with tR&SQ as manyother optimization algorithmss that of
becoming trapped in suboptimal solution,such that it mawork well on one problem byt fail
on another problem. In order to overcome this problaamy authors have suggested other adjust-
ments to the parameters of tA80algorithm combininguzzy logicwhere the inertia weighi is
dynamically adjusted uisg fuzzyIF -THEN-ELSE rules(Shi & Eberhart, 2001L.iu, Abraham, &

Zhang, 2007pr Gaussianapproaches where the inertia constans no longer needed and the ac-
celeration constants , ” and” are replaced by random numbers with Gaussian distributions
(Secrest & Lamont, 2003More recently, Pirest al. usedfractional calcuusto control the conver-

gence rate of theSO(Pires, Machado, Cunha, & Mendes, 20I0)e authors rearrange the original
velocity equation(4.1) in order to modify the ordesf the velocity derivative. The work of Pires

al. (Pires, Machado, Cunha, & Mendes, 208} the foundatin for the methodology presented in

this Thesis. Nevertheless, more than to simply control the convergence rate of robots, its main purpose
i's to consider robotsd dynamics (next section)

Many authors have considered incorporagmglutionary propertiesuch aselectionmutation
andcrossoveras well as thdifferential evolutioninto thePSOalgorithm(Valle, Venayagamoorthy,
Mohagheghi, Hernandez, & Harley, 2008he main goabf those works wato increase the diversity
of the population by either preventing the particles to move too close to each other and collide
(Blackwell & Bentley, 2002JKrink, Vesterstrom, & Riget, 2002y to selfadapt parameters such as
the constriction factor, acceleration constgdhtsanda & Fonseca, 2002)r inertia weighf{Lovbjerg
& Krink, 2002). The fusion betwee@Genetic Algorithmand thePSOoriginatedan improved version
which combines the advantages of swarm intelligence and a natural selection mechanism in order to
increase the number of highly éwated agents, while decreasing the number of lowly evaluated
agents at each iteration stgghiaFeng, 2004)Similar to this last one, differential evolution oper-
ator has been proposed to improve plerformance of theSOalgorithm in two different ways. The
first one(Zhang & Xie,2003a ppl i es the differential evolution



73 Chapterd. Robotic Darwinian PSO

to eliminate the particles falling insuboptimal solutionwhile the second on@annan, Slochanal,
& Padhy, 2004 ppplies it to find the optimal parameters (inertia and acceleration constants).

In saarch of an eveimprovingmodel of natural selection using tR80algorithm, the Darwin-
ian Particle Swarm OptimizatiorDPSQ was first formulated by(Tillett, Rao, Sahin, Rao, &
Brockport, 2005)in which manysubgroupgor smallerswarm$ of test solutions may exist at any
time.Not e t hatsubdgrdu@ wiokld Be used throughout this
within thewholeswarm {.e., population). In a few words, we could state that subgroups are a partic-
ular case of swarms, wherein, contrarily to swarms, there is a predefined maximum number of robot
allowed to formeachsubgroup.

In theDPSQ eachsubgroupindividually performs juslike an ordinaryPSOwith some rules
governing the collection cdubgroup that are designed to simulate natural selecfibrs natural
selectiormechanism, obarwinian principle ofsurvivalof-the-fittest enhance the ability of tHeSO
to escape fronsub-optimality. The idea is to run many simultaneous pard&®Dalgorithms, each
onebeinga differentsubgroupon the same test problemhile a simple selectionoopetitivemech-
anism is applied. When a search tends to a local optimum, the sedraharet is simply discarded
and anther area is searched inste#ul.this approach, at each steyubgroup that get better are
rewarded (extend particle life or spawn a new descendensudagdou which stagnate are punished
(reducesubgrougife or ddete particles). T@nalysethe general state of eashbgroup the fitness
of all particles is evaluated and theighbourhoodnd individual best positions of each of the parti-
cles are updated. If a new global solution is found, a new particle is spawned. A particle is deleted i
thesubgrougails to find a fitter state in a defined number of stégdgdrithm 4.2). In brief, particles
within the same subgroup cooperates while different subgroups compete toward the same goal at
with crossbeneficial properties, thus leading to the concepbopetition(Tsai, 2002)

Some simple rules are followed to delesibgroupdelete particles, and spawn a reeyegroup
and a new particla) when thesubgrouppopulation falls below a minimum bound, thebgroups
deleted; andi) the worst performing particle in tlseibgrougs deleted when a maximum threshold
number of steps (search countéd ) without improving the fitness function is reached. After
deletion of the particle, instead of being set to zero, the coregetsto a valuethat tends tahe

threshold number, according to:

Y6 Y6 p ——, (4.3)
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with 0 being thenumber of particles deleted from thebgroupi over a period in which there
was no improvement ithefitness.For a subgroup tspawn a nevsubgroupthe subgroupmust not
have any particle ever deleted and the maximum numbsrbgfroug must not be exceeded. Still,

the newsubgrougs only created with amallprobability of:

n —, (4.9

whereini is a random numbdretweerD and land0 “the number o$ubgroup. This factor avoids

the creation of newesubgroug when therés a large numbesf subgroug in existence. The parent
subgroups not affectedand half of the pareés particles are selected at random for the chiltyroup
andthe otherhalf of the particles of a random member of subgroupcollection are also selected.

If the subgroupinitial population number is not obtained, the rest of the particles are randomly ini-
tialized and added to the nesubgroup A particle is spawned wheneves@dgroupachieves a new
global best and the maximum defined population sflagroughas not been reached. All these rules

b el o n g punighrewandemechanisnof theDPSQ

Initialize all subgroup (Initializew ,0 ,® ,&¢ andQ)

Loop (Main Program):

For eactsubgrougn the collection
‘ Evolve thesubgroupgota Evolve Swarm Algorithm)
‘ Allow the subgroupo spawn
‘Del et e sibfraup | ed o

end

until stopping criteria (convergence)

Function Evolve Swarm Algorithm):
for all particles in thesubgroup
Evaluate the fitness of each particle
Updatew , &€ andQ
Updated andw
If subgroupets better
‘ Rewardsubgroup spawn particle: exterslibgroudife

If subgrouphas not improved

‘ Punishsubgroup possibly delete particle: redusabgroupife

end

return

Algorithm 4.2. DPSOAlIgorithm
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Like thePSOalgorithm a few parametersf theDPSOalso need tbe adjusted to run the algo-
rithm efficiently (continuing the numbered list from above)
i) Initial subgrouppopulationd ;
iv) Maximum and minimunsubgrougpopulationd  ,0 ;
V) Initial number ofsubgroug 0 ;
vi) Maximum and minimum number stibgroug0  ,0 ;
vii) Stagnancy thresholt¥ 6
In estimation problems previously studied (@ouceiro, Luz, Figueiredo, Ferreira, & Dias,
2010) segmentation and classification metea@ompared ifGhamisi, Couceiro, Benediktsson, &
Ferreira, 2012)both DPSOandthe fractionalorder variatiorof it proposed iCouceiro, Ferreira,
& Machado, 2011have been successfully compared with #80Oand many otheexhaustiveand
evolutionarymethodsdepictinga superior performance.
In this Thesiswe tryto go a step forward badaping theversion of thddDPSOto MRS denoing
it asRoboticDPSO(RDPSQ. Any otherPSOvariant could be adaptedMR Sexploration. However,
theDPSOwas chosen since it is an evolutionary algorithm that extend33@eising natural selec-
tion to enhance the ability to escape from-spbimal ®lutions.Moreover, it does thawithout sig-
nificantly increasinghe computational cost of the traditiol®$Q As such, yst like inMRSwhere
groups of robots interact to accomplish their goalsPiR80use groups of interacting virtual agents
in order to achiew its optimizationHowever, reaMRSpresent several constraints that need to be
consideredContrarily to virtual agents, robots are designed to act in the real world where obstacles
need to be taken into account. Also, and since that in certain eneintgor applications the com-
munication infrastructure may be damaged or missing, thesgedfiding of autonomous mobile
nodes of a mobile adoc network MANET) over a geographical area needs to be considEoed.
instance, the development of robot tedorssurveillance or rescue missions in unstructaned un-
known environments require that robots have to be able to maintain communication among then
without the aid of a communication infrastructure.
Since theherein proposeBDPSOapproach is an adaptat of theDPSOto real mobile robots,
four general features afeo far)proposed:
1. Animproved inertial influence based on fractional calculus concept taking into account con-
vergence dynamic¢s
2. Integration ofan obstacle avoidant®haviourto avoid collisions;
3. A way to enforcemulti-hop network connectivity to ensure that MANETremains con-

nected throughout the mission;
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4. Anovelr obdpsdériesshar do mechani sm to emulpatt e t he
cles in the original algorithm
Therefore, to model a robotic swarm, each r@éhahoves in a multidimensional spaéear the
sake of simplicity, let usearrangehe previous equatiorfsom (4.1)-(4.2), describingThe RDPSO

with the following discrete equatioDE) system:

bop 0 606 B "1 ..o @b, (4.5)

Do p ®oO 0O p, (4.6)

wherén 0 0 and” ,'Q plloft, assign weights to the inertial influence, the local best (cognitive
component), thglobalbest (social component), the obstacle avoidance component and the enforcing
communication component when determining the new velocity,"withtt. As beforej are random
vectorswhere in each component is generally a uniform random number between arw dnd
@ O represents the velocity and position vector of rehaespectively. Whilg®h 0 &is limited to
the maximum allowed velocity af  for robots,ie.,A) 0 & U ,® O depends on the sce-
nario dimensions... 0 represents the best position of the cognitive, social, obstaclMANET
matrix componentslhe cognitive... 0 and social components 0 are the commonly presented in
the classicaPSOalgorithm (cf., equation(4.1)). ... 0 represents the local best position of robot
while ... 0 represents the global best position of rabothe size of the vectors depends on the
dimensionalitys  of the physichspace being explored,g,” ¢ for planar problems.

Since the other features are novel, they are further explored in the following sdcaitarsstart
by describingthe inertial componeni 0 that contrarilyto mosttraditional methods in which is
simply proportional to the inertial influence, tRDPSOQusesfractional calculus(Podlubny, 1999)
to describe the dynamic phenomenon o Couaeiror obot 0
M. S., Martins, Rocha, & Ferreira, 2012)

4.2 Fractional Order Convergence

As previouslypresentedh section3.1.], fractional calculubas been drawing resea
for the last two decadebeing rediscovered and applied in an increasing number of fields. This
section proposesrew method to control the convergence rate ofRB&SOalgorithmbased on

Pireset al. fractionatorderapproach to the tradition®SO(Pires, Machado, Cunha, & Mendes,
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2010) A previous work presented a slariapproach conducted to ttraditionalDPSOto optimi-
zaion problemdn (Couceiro, Ferreira, & Machado, 2011)

By manipulating equationgt.5) and consideringg p, one can describe 6 p UL 0O
asthe discrete version of the fractional difference of order p, i.e,, the first order integer differ-
enceY U 0 p (cf., Definition 3.3). Assuming’Y p and based ofPires, Machado, Cunha, &

Mendes, 2010yvork, the following expression can be defin@skfinition 3.2):
O UL O p B "1 .0 wo. 4.7
Based oriractional calculugonceps andDefinition 3.3, the order of the velocity derivative can
be generalized to a real number | p, thus leading to a smoother variation and a longer memory

effect. Therefore, considering thescrete time fractional differential presentedd®finition 3.2, one

candefine the inertial component o from equation(4.5) as:

O 60 6 B . (4.8)

being3 the gamma function, the fractional coefficient andthe truncation order.
In other wordsthe next position of a given robot depsndot only,on its current positiorbut
also on the previouspositions. Equatiod.8)al | ows t hen to fit the dy

trajectory because of its inherent memory property, thus controlling the robot convergence.

4.2.1 Memory Complexity

Adding memoryto theRDPSQalgorithm allows improvinghe convergence rate of robots since each
robot will have the information about its preceding actions. Nevertheless, the computational require
ments increase linearly with i.e., theRDPSOpresent & i memory complexityerrobot. More-
over, it isnoteworthy that this kindf optimization or foraging algorithms presgathigher perfor-
mance as the number of robots increase. Hence, robots should be as simplecrst &snpossible
(i.e., swarm robots) which are usually memory limi{ede sectioB.2.]).

Therefore, the truncation of equati¢h8) will depend on the regeements of the application
and the features of the robot. For instance, foeSwarBoplatforms previously presented in section
3.2.1 ai 1 leads to results of the same type thanifor t. Although one could consider the

processing power as the main reasosucha limited number of terms, the kinematical features of
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the platform and the mission requirements also needs to be consideretl enway that one can

present the following result.

Proposition4.1. Let] andY®  be theencoderswvheel resolution of robots and theaximum trav-
elled distance allowed between iterations, e, Qo p @& o,respectively. Ifisthe min-

imum natural number that verifies the following inequality:

1, (4.9

then theRDPSO equatio¥.8) should be truncated basedforandYo ,ini 1t p.

Proof: Let us consider the example of a differential drive robag,(eSwarBok A differential drive
robot consists of two indepdently driven wheels and, usually, a free wheel for stabdity, Caster
wheel). For navigation purposes, the driven wheels are usually equipped with encoders that provide
odometry measurebience, the major odometry parameter of such mobile rolrive forward is
the radius of the wheel¥ and the number of pulses from revolution of the wheel. The

kinematical equation of a differential drive robot, while moving forward, can be defined as:

Roai @i —, (4.10)

wherer) 6 a iis'@he number of pulses necessary for the robot to travel a distagr@obeéfining
noai Qiwe can obtain the minimum distance that a robot camlti@ each iteration,e., the
resolutiori . Hence, an increment of the distance lower thamould be unfeasible for the robot to
travel. Also, one may observe through equati48), that the relevance of past events, the
DO p Q"Merm, reduces over time. In other words, from a given termt  p, the relevance
of all previous events before it would be irrelevant as the mbatd beunable to travel with such

accuracy.

y

To clarify the previous result, let us consider the following example.

Example 4.1. Considering the eSwarBot platform, a resolution of ¢& @mm is obtained for a

single pulse, taking into account that ¢ @t wnm and the combination between encoders
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wheel provideg T Upulses/revolution. Let us consider a maximum travelled distance between
two iterations oo T m, i.e, the robot cannot travel more th&rl mwithout any update of

the informationFigure4.1 presents the computation of each term of equation (E0pn& may ob-
serve, aterm af T woud be enough to represent tRDOPSO dynamics in such conditions as the

5" term returns an increment of 2.73 mmother words, the algorithm would present similar results
fori T.

As eSwarBotsvould be the roboticlptforms most widely used throughout this work, one will

only consider the first 1 terms of the fractinal discrete difference @.8), yielding:

(4.11)

It is, however, noteworthy that a similar analysis should be conducted if one intends to use dif-
ferent robotic platformsThe same analysis was carried out veifpuckplatforms(seesection3.2.1)
obtaining the same truncation numbier (1).

55

increment [mm]

1 2 3 4 5 6 7 8 9 10
termi

Figure4.1. Convergence of the robot toward the solution changing the differential derivative
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4.3 Obstacle Avoidance

In short, he RDPSOQalgorithm tries to minimize a cost function, or maximize a fitness function de-
pending on the mission objectiviéor instance, if we have a gas leak, robotsningthe RDPSO
algorithm tryto maximize the sensed gas at each iterafitve. approach proposeud this chapter

seeks to create a new cost or fitness function in such a way that it would guide the robot to perform

the main missiolte.g, find the gas leakyhile avoiding obstacles.

When a roboheeds tanove from any arbitrary start position to aayget position in the envi-
ronment, it must be able to avoid both static and dynamic obs{s¢iliams & Wu, 2010) For this
purpose we assume that each robot is equipped with sensors capablengfthensnvironment for
obstacle detection within a finite sensing radiis A monotonic and positiveensing function
"Qw 0 isthendefined. This function depends on the sensing informaitien distance from the
robot to obstacleNote that in mdssituations, as it can be observedrigure4.2, thesensing function
"Qw 0 can be represented as the relation between the analog output voltage of distance sensors

(e.g, sonarspand the distance to the detected object.

r r r c r r r r r r r r r r
0] 10 20 30 40 50 60 70 80 20 30 40 50 60 70 80 90 100

distance to obstacle [cm] distance to obstacle [cm]

Figure4.2. Sensing functiofiQ® 0 represented as the relation between the analog output voltage of distance sensors
and the distance to obstacle. a) Sensor Sharp GP2Y0A21¥HKnidhotonically decreasing sensing functiw o ;

b) Sensor Sonaswitch Ultrasounthonotonically increasingensing functioiQw o .

Variable... 0 is then represented by the position of each robot that optimizesotiaonically
decreasing oincreasingQw 0 . In other words, when a robot does not sense any obstacle at time
0, the best position that aptizes™Qw 0 is constantly updated and equal to the current position
w 0. Afterward, if the robot detects abstacle inside its sensing range, the best position that opti-

mizes"Qw 0 p is not updated, thus creating atiractiveforce toward its last best position
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@ 0. While in a freeobstacle environmerit can beset to zerpin realworld scenariosobstacles

need to be taken into account and the vallie diepends on several conditions related with the main
objective (.e., minimizing a cost function or maximizing fithess function) and the sensing infor-
mation (.e., monotonicity of thesensing functioiQw ¢ ). Furthermore, the relation betweén

and the other weighteamely’ ,” and” , depends on the susceptibility of each robdahtomain
objective and the obstacle avoidamehaviour(Figure4.3). For instance, & L & 'Q¢ i may

lead to a faster convergence to the solution making the team of robots to accomplish the main obje:
tive faster, but it may also lead to obstacle collisidfigure4.3a) while a” | & Q¢ B may
increase the performance of obstacle avoidance but may lead to a slower convergence of the me
objective Figure4.3b).

a) b) T
robot O /)
_ robot
obstacle obstacle
Figure4.3. lllustrative example of obstacle avoidance behaviour of a robbt.la)d Q& K ;b)” | & Q& R

Besides considering obstacle avoidance in real world applications, communication constraints

also need to be considered.

4.4 Ensuring MANET Connectivity

It has generally been assumedvRSthat each robot has the ability to communicate with any other
robot with small consideration for the quality and performance of the wireless communication net-
work. Although being valid irsome particulasituations,the assumption does not generally hold.
Since robots may move apart to further areas, it is important to have a pervasive networking enviror
ment for communications among robots. Furthermore, withque-axistentinfrastructure, robots

need to be able to act as intermediate nadesioutes, in order to relay information from one point
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to another, thus supporting mdttop communication in IANET (Miller, 2001). One way of ensur-
ing thatis by controlling o bot s ® p o s i tntaiothe coomurocatidnebasedon coms@aints
such as maximum distan€®  or minimum signal qualityy . The way network will be forced
to preserve connectivity depends on communication charactersgcarfulti-hop, biconnectivity)
(Crispin, 2009) At this point, only the minimum necessary requirements to maiMAINET con-

nectivity are consideredhis topic will be further explored in next chapter.

4.4.1 Problem Statement

Consider asubgroup (osmaller swarmpf 0 robots where each robot is both an exploring agent of
the environment and a mobile node oMANET that performs packet forwarding, according to a
paradigm ofmulti-hop communicationThe goal is to ensure that robots explore amawk envi-

ronment, while ensuring that thMANETremains connected throughout the mission.

4.4.2 General Approach

Assuming that the network supports minip connectivity, the communication between two end
nodes ie., robots) is carried out through a numbemdérmediate nodes whose function is to relay
information from one point to another. Considering that nodes are mobile, it is necessary to guarantee
the communication between all nodbesthe case where each robot corresponds to a node, in order
to overcane the norconnectivity between them, the desired positiordo p must be controlled.
The connectivity between robots can be described by meardmbkfaatrix0 & N 1
for an( -robotnetwork, wheri each entry represents the link betweebot ‘Cand'QThe link is
defined accordingly with the usersodé preference.
1. Calculating thex values as functions of the distance between paisbaitsindicating the
link distance between the(8heng, Yang, Tan, & Xi, 2000)
2. Calculating thex values as functions of the radio quality signal between pairshafts
indicating the link quality between thefardioli & Villarroel, 2007)
Trying to maintain the network connectivity by only taking into account the communication
rangeQ  (approach 1) does not match reality since the propagation model is more corimex
signal depends not only on the distance but also on the multiple paths from walls and other obstacles
(approach 2). However, in simulation, the communication distance is a good approach and it is easier
to implement.
Depending on the chosen approachr(2)panadjacency matrix W NN , In which

\' represents the set of binary numbees, (0 or 1),can be defined based on the maximum distance
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or minimum radio quality signal betweeobots respectivelyMiller, 2001). The adjacency matrix,
i.e., onehop connectivity matrix, where a 1 entry @Qindicates a connection betwertot Gand
"and a 0 entry at@Q®indicates no connection betwembot ‘Cand Qrepresats theneighboursof

each nodd, e, direct connection between robots.

pﬁbé} é'Q@'B)(‘i}"Qé’)i)@Hﬁ‘sb (4.12)
MR ¢0€ ¢ ¢ Q@OQRH DOER: O '

Note that the diagonal elemeni®( when'Q "Qof the adjacency matrix are set equal to 0. If
the communication system supports the relay of messages to didtastvia intermediateobots,
then multthop connections can be made. Using the hop distareethe smallest numbers of hops

to connect nofadjacent robots, the zevalued oftdiagonal entries in the adjacency matrix can be

manipulated in order to create a militip connectiviy matrix6 W N g , for which
the entry at'@irepresents the minimum number of hops necessary to canbetiandQand(

represents the iteration which varies with the number of hops the network can Bandfeis the

maximum number of possible hops. The connectivity matrixitanbe defined as:

x O € 'TRE £ & QAL O B i
®  IRERI 00 Q ' (4.13)
Note that the diagonal elements of the connectivity m&gix Qare set equal to 0. Furthermore,

the adjacency matrix is the first iteration in calculating the connectivity matrix ( © ). When

0 p (i.e., for multi-hop connections) an auxiliary matix W N g is then calcu-

lated based on the iteration (number of hops):

ho T

£

, - : . : (4.14)
0B W W MTOE D ]

Note that the diagonal element@ ("Qof the auxiliary matrix are set equalto O add (0 ).

The connectivity matrix can novelralculated using the following equation:

0 0 6 . (4.15
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After0  piterations,0 represents the mulliop network connectivity. The existence of
zero elements (except diagonal elements) indicates no connection betveEfnd Ceven using

multi-hop. In this case it is necessary to implement an algorithm to ensure the complete connectivity
of the network. One strategy is to definbimary connectivity matrix @ N\ wherein

each norzero element of the connagty matrix matches the logic value 1.

(4.16)

gi g4

Performing an elemetiity-element multiplication between the link matrix and the logical inverse

(binaryNOT) of the binary connectivity matrjyields abreak matrixd W N

containing the values that represent the break of connection betweebhdlse In the case where

each robot corresponds taabot, in order to overcome the naonnectivity between them, the de-
sired positiorm 0 p of each robofrom equation(4.6) must be controlled since it influences the
link matrix.In this chapter, the muttiop connectivity matrix and auxiliary matricesd( and

0 ) will only be used as information abdbe network topology Algorithm 4.3).

Determinesi 0 link matrix O

Calculatedd 0 adjacency matrix

Initialize 0 G connectivity and auxiliary matrig 0,6 0
For 0 ¢ to the longesthogd( 0  p)

For allrobotpairs '@Q  plp to 6 F)
[0 ®RG T
|| skip to the nextrobot pair
LI R TAND & m

o] 0 0

Calculatesy 0 binary connectivity and break matrix , 6

If the connectivity depends on the distance/quality, find the minimum/maximum value of eacHitikevadtrix 0, excluding
zeros and"fiQ pairs previously chosen

Computes equatiof.5)

) 0

Algorithm 4.3. Ensuring subgroup network connectivity.

As Algorithm 4.3 describesone way to ensure the full connectivity of (MANETIi s t o Af or c
each robot to communicate with its nearesighbourthat has not chosen it as its nearesghbour
Since he connectivity depends on the distance/signal quality, connectivity betolees may be
ensured by computing the minimum/maximum value of each line of link matager excluding

zeros and "@IQ pairs previously chosen. Therefore, MMANET component.. o is represented by
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the position of the nearest neighibancreased by the maximum communication ra@ge towards
robot 6s c ur largen’t mgy enbande ithe ability témaintain the network connected en-
suring a specific ranger signal quality between robots (an example of a link matrix can be observed
in Figure5.6). To better understand how tMANET connectivity principe works, please consider

the topology depicted iRigure4.4.

Figure4.4. lllustration of aMANETtopology of asubgroup Dashed lines represent the maximum dist&hce between

each pair of robots and the bold arrows represent the force vectors that\MABLEE connectivity.

As it may be perceived, robot 2 is the neanesghbourof robot 1 and is at the correct distance
‘Q  resulting in a null force connectivity vector. The neanestthbourof robot 2 is robot 3 which
is too close, thus resulting in a repulsive faateobot 2 in order to ensut2 . Finally, the nearest
neighbaur of robot 3, that was not previously chosen, is robot 4 which is too far away, thus being
affected by amattractiveforce toward robot 4.

Note that having multiplsubgroup, which is nherent to the propos&®DPSQalgorithm, ena-
bles a distributed approach because the network that was previously defined by the whole populatic
of robots(swarm)is now divided into multiple smalle/ANETS (one for eactsubgroup, thus de-
creasing the numbef robots and the information exchanged between robots of the same network.
In other words, robots interaction with other robots through communication is confined to local in-
teractions inside the samelgroup, thus makin@DPSQscalable to large populations of robots. The
exchanged data concerning to tstheimpdtpgrocessinggfu a |
theRDPSCQalgorithm by the team in a distributed way. In other words, every robot needs to be aware
of the msition or signal quality of all other robots in the sasnbgroupn order to proceed to the
next iteration of the algorithm. This is a limitation of the algorithm since all robots need to be

equipped with a good odometry or localization systeeng, (GPS). An alternative to it would be
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extending theGPScapabilities of some robots to n@PSrobots using strategies to find the team-
mates position under their visual rar{g@lkarni & Venayagamoorthy, 2010fror instance, if robots

are equipped withRFs, retroreflective markers can be used for recognition. Since the implementa-
tion of such strategies is out of scope of fhiesis they will not be taken into account and it is

considered that each robatdws its own position.

45 APunkRewar do Mechani sm

Besides the biological inspiration that makes roboticists capture the underlying principles of living
organisms and assimilate them into ewmeproving robot forms, the social behaviours inherent to the
seeral biological societies have been studied and appligRBshowing interesting and promissory
results(Balch & Hybinette, 2000)

In this work it is addressed one of the most relevant social processes from human soeiety:
social exclusionT he f or mal concept of soci al exclusi on
t h muptuie of the social boid, wher e soci al | ygroaps wdreuudpeotectadbyd i v i d
the French social security systeiimus resulting in a lack of resources and inadequate access to ser-
vices making it difficult to participate in the socié8cutella, Wilkins, & Hrn, 2009) This concept
has since grown, being taken up by most of Europe, and is currently used to refer to the range of
dimensions which marginalize people and reduce their opportunities to engage in social or political
life.

Burchardtproposes a more precise, and also close related with our approach, definition of social
exclusion(Burchardt, 2000) anfindividual is socially excluded if he or she does not participate to a
reasonable dgree over time in certain activities of his or her society, and (a) this is for reasons
beyond his or her control, and (b) he or she would like to particip&® the other hand, for a
socially excluded individual or group to be accepted back in thetgoal@ social inclusion, the
Brotherhood of St Laur e nchosdnbkas fitopeseduhe folowingdefir e ct o
nition (Nicholson, 2008) a $ocial inclusion approach involves the building of personal capacities
and material resources, inorderfolflone 6 s potenti al for economic e
thereby a life of common dignityin other words, social inclusion, the conves$asocial exclusion,
is the affirmative action to change the circumstances and habits that lead to (or have led to) the social

exclusion.
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However this is not an exclusive concept from the human rakesd& concepts of social exclu-
sion and inclusion maglso be found in nonhuman anim#isoughstigmatizatio”® processes such
as:

1 Territoriality (e.g, fish, birds, reptiles and mammalisgxclusion of other members of the
same specie®(g, certain sex) from an area,;

1 Status hierarchiese(g, some bird gecies, lions, baboons, chimpsindividual at the top
of the hierarchy excludes others from resourees, food, territory, mates);

1 Social ostracismd.g, some fish species, lemurs, baboons, chimpg®event others from
joining sogal group or forang expulsion.

For instanceThreespined Sticklebackgish) avoid others of the same specie with parasites
while Grizzlies (bear) present a hierarai®yated behaviour that provides a mechanism that mutes the
potential social costs of membership in stable aggregaitragghead, Sumner, & Mitchell, 1995)

How this concept of socially exclusion (and inclusion) is usetthis Thesisand what are the
advantages i nher e punishtewardd t mercehsa ndiessm ipnr etvhieo ufs |
DPSOandtha will now be adapted tMRS

4.5.1 Socially Active Subgroups

As the originaDPSQ the number of times aubgroups is evolved without finding an improved
objectivewas tracked with a search counter defined in equddd), “Y 6. In the proposed approach,

0  represents the number of robots excluded fronsthigroups over a period of time in which
there was no improvement in tBebgroup s o I jfuecton.ilfithesubgroup s s ear c h
exceeds a maximum critical threshoMp , thesubgroups punished by excluding the worst per-
forming robot, which is added to a socially excludatroup. The worst performing robot is evalu-
ated by thevalue of its objective function compared to other members in the salngeoupi.e., if

the objective is to maximize the fitness function the robot to be excluded will be the one with the
higher fitness value. If the number of robots falls below the mimracceptable number of robots to
form asubgroupd , thesubgroups punished by being dismantled and all the robots that belong
to thatsubgroupare added to the socially excludsdlgroup. On the other hand, if tiseibgroup
improves its objectivéunction, then it is rewarded with the best performing robot in the socially
excludedsulgroup. If asubgrouphas been more often rewarded than punished, it has a small proba-

bility 1 of spawning a newubgroupwith the predefined number of robdats. However, contrarily

25 Process where certain individuals are excluded from particular sorts of social interactions.
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to theDPSOin whichry depended on the current number of actubgroup, since th(RDPSO

does not allow intesubgroupcommunication (unless to forward messages between robots from the

samesubgroup, | is rewritten as:

withi beinga random numbédretween 0 and,D is the number of robots withsubgroud and
0 is the maximum number of allowed robots isubgroup In other wordsif a socially active

subgroup is constantly improving, i able to create anothsocially activesubgroupwith an ex-

pected value of 0.5 whehis at full capacityi.e., 0

0 . Moreover, the group of robots forming

(4.17)

this newsubgroupwill be the best performing robots within the socially exclusigiadyroup.

The RDPSOrfpunishreward rules are summarized rable4.1.

Table4.1. iPunishReward RDPSORules.

PUNISH

REWARD

If a socially active subgroup does not improve durisgex
cific threshold"YO  (stagnancy countefYd “YO )
and the number of robots is superioito (0 0 ),
then the subgroup is punished by socially excluding
worst performing robot

If a socially active subgroup does not improve durisgex
cific threshold"Y6  (stagnancy counteiYé “YO )
and the number of robotsis (0 0 ), then the sub

group is punished by being dismantled, all robots from

that subgroup are socially excluded

If a socially activesubgroup improves and its curre
number of robots is inferior tH G O )and
there is, at least, one socially excluded robiwen it is
rewarded with the best performing socially excluded

bot

If a socially active subgroup is not stagnated (stagne

counter'Yo

) and there are, at least, socially ex-

cluded robots, then it has a small probability of
spawning a new socially active subgroup

4.5.2 Socially ExcludedSubgroups

The key issue in this novel approach is the answer to the question:

AWhat does the robots of the socially exclusiedjroup dod

In fact, the answer is the same that we would give if asking about a group excluded from our

society: they do nofollow the rules imposed by the society argnceforth theydo not directly

contribute for itIn the context of thisworknist ead of

ity (i.e., the main activity of the society) like other robots in the acil®graips do,socially excluded

sear chi n g optinmal

t

h e

(
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robotsbasically randomly wander in the scenario. Note, however, that they are always aware of theil
individual solution and the global solution of the socially exclusldgroup.

Nevertheless, the dynamic partitioning of the whole population of robots into mudtiple
groups, despite the advantages inherent toet, @void suboptimal solutions and improve scalabil-
ity), still yields several issues that need to be solved.

When arobot is excluded from subgroupit needs to be able to find the other excluded robots.
However, it may be unable to communicate with them. As a socially excluded robot, it will randomly
wander in the scenario. As it moves, the robot will broadcast sagegontaining its current position.

At this point, three possible situations may occur:
1) Any robot ear the message and the socially excluded robot will continue to randomly wan-
der broadcasting the same message;
i) If a robot from an activeubgroupreceiveghe message, it will forward it to any available
robots in vicinities;
iii) If a robot from the socially excludesilgroup receives the message, it will answer with a
message cdaining its current positian

If the second situation is verified and an excluddabt receives the forwarded message, it will
answer with a message ¢aiming its current positiarThe activesubgroupwill then receive the an-
swer, thus forwarding it to the robot thasfibroadcasted its positiolfithe third situation is verified,
then the recently excluded robot is included inghigroup of the excluded robots that replied to its
message. However, thisitgroup may not contain all excluded robots. Therefore, the behaviour of
excluded robotwill follow this cyclesince they are w@able to identify if all other excluded robots are
i ¢ o n n é theyaldays randomly wander, considerthg positionof the other nearby excluded
robots,while broadcating their current position

The opposite situation also needs to be considendtna socially activesubgrougfulfils the
necessary conditions to be rewarded with a robot or spawn sulbgroupTable4.1), then it broad-
casts its award. Similarlgs beforethree situations may occur:

i) Any robot ear the message amdbotswithin the socially active subgroupcontinue their

mission while broadc#ésg theiraward;

i) If a robot from an activeubgroupeceives the message, it will broadcast it.

iii) If a robot from the socially excludeditgroup receives the message, it will communicate it

with the other connected excluded robots;

If the second situatiorsiverified and an excluded robot receives the forwarded message, then
the third situation occar Therefore, depending on the actaugbgroupreward, the best performing

robot from this socially excludezlibgroup will be added to the actigebgroupor thebest robots
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from this socially excludedulgroup will form a newsubgroupnote that this will only happen if the
number of robots within this socially excludsakgroup is equal or superior ). It is noteworthy
that the best performing rolsofrom this socially excludesulgroup may not be the best performing
robots from all socially excluded robots since gusgroup may not encompass all excluded robots.
Also, if asubgroups unable to be rewarded with a new robot before being punisteedhoth reward

and punishment aancelled out

4.6 RDPSOOutline

Having presented all tfRDPSObase mechanisms in the previous sections, let us now outline those
principles by providing some illustrative examples and by formalizingRibeSOalgorithm.

4.6.1 Low Level Control Architecture

To start with, let upresenthow theRDPSQalgorithm can be used on real robotic platforéis.
hough th(RDPSOh andl es r obot s& dyna mallthecommitationg cafrieda ct i or
out byconsidering robots asgicles, thus ignorinthe hardware ahe real platform In other words,
the output is a position vector for each rolmfitéquationg4.6)). Depending on theobot kinematical
and dynamical characteristics, this new position may be achieved from different ways. For instance,
a holonomic robotg.g, omnidirectional drive system), which has the kinematic advantage of allow-
ing continuous translation and rotatimnany direction, can move to a desired position regardless of
its orientation. However, a némlonomic robot €.g, differential drive systemjan firstchange its
orientation to be aligned with the target and then move forward to the desired posifiBnownian
motion).

In order to achieve a higher level of hardware abstractibowalevel Control(LLC) was in-
troduced in the control architectug&ntonelli, Arrichiello, & Chiaverini, 201Q)In this work, and
since all robots are nemolonomic, the.LC was designed for the specific structure of the differential
drive robot to make it turn and then follow the desired position vector received RRBEeO(Figure
4.5).

As shown inFigure4.5, the output of th&kDPSOis given as a reference value het LC that
considers the kinematical and dynamical characteristics of the robot, thus defining the commands to

the actuatorse.g, number of pulses fddC motors equipped with encoders.



91 Chapterd. Robotic Darwinian PSO

| Sensory System xp [t + 1] 7,2 [t + 1]} Actuation System i
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Figure4.5. Control architecture of theRDPSQOwith LLC of a robot .

This twolevel control loop organization allows using RBPSOwith different types of robotic
systems, neglecting their kinematical and dynamical characteristics. These aspects are copsidered
the LLC that needs to be properly designed for a specific robotic sybtesther words, if the hard-
ware changg only the block_LC will need to be replaced.

To our specific situationi,e., differentiatdrive robots, the.LC receives the desired position
®w O p,which corresponds to a cartesian positin 6 p @w 0 p , and computes

the inverse kinematic model based on the following equations:

Mo p O 0 p b 0 p , (418
— 0 p WOBd O ph o p, (4.19)
o b — o p —o (4.20)

whereinb 0 p andu 0 p arethe elements of the vectoro p from equation(4.5). The
function atan2in (4.19) is a variant of the trigonometric arctangent function, but accounthédor
guadrant in which— 0 p lies. Note that— 0 corresponds to the previous computation of
(4.19) and may be considered zero in the first iteratian, {nitial orientation of zero degrees). The
output of the inverse kinematic model is represented by the rotation p that the robot needs to
perform to be aligned with the desired position and the disténce p it needs to travel to reach
it.

The rotationt 6 p and the forward movemetit 0 p of the differentialdrive robot

are defined by:
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t op t 8—8— (4.21)

whereint is the total number of steps or pulses per revolution. The radius of the robot and the
wheels are defined by and’Y , respectively. In order to improve the time response of the
robot and the smoothness of its movement, a rotational thresholias introduced. Rotations

— 0 p inferior to— are then ignored and only the forward distdc® p is considered. Bea

ing in mind this assumption, and since a possible loss of steps or pulses may occur while executing
the commands,e,t 06 p t o port 0 p Tt O p,anew real position is

then recalculated and considered as the current position p of the robot. This new position and

the corresponding value of the objective functi@Qd 0 p defined in this positioni.g. sensed

by the sensory system) needs to be shared between rohd@®hmunication Systeim Figure4.5)

so that cooperation can emerge. To that end, this information is sent directly to the robots in the
neighbourhoodonehop nodesand relayed to other robots basedagnulti-hopadhoc networking
paradigm(section4.4). The details about this process and how to optimize it will be introduced in

chapter6.

4.6.2 Attractive /Repulsive Components

Let usrepreseneachRDPSOcomponenfrom equation(4.5), by consideing the geometrical illus-

trationdepicted inFigure4.6.

Figure4.6. Geometrical lllustration of thRDPSQusing a subgroup of two robots.
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Considering a subgroup of two robotsFagure4.6 depicts, the cognitive coefficiefit influ-
ences robots to improve their own individual solutions. In the case of robot 2, both cognaive
social coefficients influencetoward the same position since it is the best performing robot of the
subgroup. On the other hand, the social coefficierdf robot 1 attracts it to the global best position
found so far by robot Z'heobstacle susceptibility weight influences robts to move to a previous
position in which obstacl es wer enforcmgcondmauntica-ct e
tion component , since robot 2 was the first to choose robot 1 as is naagggtbour being at a
distance inferior t€2 it is slightly repelled by it. It is noteworthy that the fractional coefficient
influences the next position of both robdisd p ,¢  plt, with an inertial factor that considers

their trajectory.

4.6.3 Stagnation Avoidance

To further understanBDPSCOsocal dynamics, let us suppose a population divided into 3 subgroup
of 3 robots each d&3gure4.7a depictsif subgroup 1 and 2 (red and green robots, respectively) cannot
improve their objective fofY® iterations they are punished by excluding the worst performing

robot of each subgroup and adding them to the socially exchudgtoup Figure4.7b).
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Figure4.7. Sequence of BIRSexploration using thRDPSQalgorithm(Couceiro, Rocha, & Ferreira, 2013a)
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The socially excluded robots randomly wander in the scenario memorizing their individual best
solution and the global besplation of the socially excluded groupigure4.7c). Subgroup 3 im-
proves its solution, since it finds a local optimum, and it is rewarded withesteperforming robot
in the socially excluded grouigure4.7d). Finally, the new member of subgroup 3 communicates
its best individual solution tthe other members which is better than their best global solution induc-
ing them to move toward this new solutidtiqure4.7e).

4.6.4 Algorithm

At least, ad to complete the description of tRDPSObase mechanisms, let us summarize it with
the following algorithm Algorithm 4.4).

As a first evaluation of the scientifiowtent provided in this Thesis, the next section provides
experimental results retrieved from both numerical simulations and laboratorial experiments with

physical mobile robots.

4.7 Experimental Results

To demonstrate the mechanisms of the herein progRB&ECswarm robotic distributed algorithm,

a set of experimental results with multiple numerical simulated and real robots is presented.

4.7.1 Numerical Simulations

This section carries out a preliminary statistical analysis of the previously proposed algodtder
to evaluate the relationship between the two vital variables within swarm systems with explicit com-
munication: the population of robots and communication const(diatisan & Ponnambalam, 2009)
In this section, the use of virtual agents in a numerical context instead of realistic rehotgtjout
considering robotsd dynamic and radi o RDRSBquenc)
using statistically significant samples.

Robots vere randomly deployed in the search spaces af T ¢ T Theters (area 0b
w Tt TT @t 1) with obstacles randomly deployed at each tiitadjire 4.8). A Gaussiancost function
"Oah was defined wherex and y-axis represent the planar coordinates in mefietslga &
Smutnicki, 2005)
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Wait for information about initial pos&o mh mGandi 0 Gi & 00
Loop:
Ifi 0 @i & @3/ itis not an excluded robot
Evaluate its individual solutioi® o
If Qo © “Q  // robot has improved
o) "Qc 6 /I Section 2
[ ..o @o
Exchange information with teammates about the individual soli®om and current positio» 0
Build a vectofO 0 containing the individual solution of all robots within0 @i & 00
Ifi A®o6 'O // subgrouphas improved
0 i A®o /I Section 2
0 wo
fY6 m
| "Y6 "Y& p I/ stagnancy counter
If "Y6 Tt // thesubgroupcan be rewarded

6 0 andi ®&¢ @—— 1 @& Q/F small probability of calling aew robot
| Broadcast the need of a new robot to any available excluded tobable 1
[ 1f 0 m
| |o 0 p /l excluded robots counter

Ifi ©& Q@— 1 && QI small probability of creating a nesubgroup

I Broadcast the possibility of creating a newbgroupo any available excluded rob®frable 1
If O m
[ |G i} p // excluded robots counter
Else // subgrouphas not improved
Y6 "Y6 p /l stagnancy counter
If Y6 Y6 // punishsubgroup
If O ] /I it is possible to exclude the worst performing robot

[ 6 0 p // excluded robots counter

‘ Y6 Y6 p —— /lresetsearch counter

[ 1fQ i E'DO //this is the worst performing robot
|

| i 0 ®1 & @3/ exclude this robot
Else // delete the entirsubgroup
[ i 0 @1 & @0 exclude this robot

If 'Qo o "Q /I maximize distance to obstacles
Q "Qw 0 /I Section 2.2
.0 wo
0 AQE QQai ¢ 108 O'Qe B Q€ "W sort the elements of lirefrom link matrix0 in ascending order
For'Q pdp
| If Q& ‘Q'CXehas not yet chosen it as its nearesghbour
.0 wo Q —— //the position of the nearestighbourincreased b toward® ©

| | Communicate to robd®hat it was chosen by robit // Section 2.3
| | break from For
VO p 0O B "i ..0 o /lequationl
WO p WO UL O p /lequation?2
Else // it is an excluded robot
Wandering algorithm// e.g, (Braunl, 2008)
Evaluate its individual solutioi® o
If Qo o "Q  // robot has improved
o) Qm 0
Exchange information with teammates about the individual soli®om and current positiot» 0
Build a vectofO ¢ containing the individual solution of all robots within the excludesuibgroupi 0 @i & "@P

Ifi Ao O
0 i ’A o
If Q I A@00 I/l thisis one of the best performing robot of the excludeslibgroup

If O 0 andi & Q- i G& QN small probability of creating a nesubgroup

i 01 a©O® Gi @@y include this robot in the new actigebgroup
Broadcast the need 6f p robots to any available excluded robbfTable 1
Else

If receives information about the need of a new robot

i 0Ol 60 Gl & anhQ Ainel@e this robot in the actiwibgroup
0 ©

Exchange information with teammates abdut

If receives information about the need of creating a sidvgroup

i 0Ol aO0@® Gi ¢'@Y include this robot in a new actigabgroup
0 0 /lreset number of robots in teabgroup

0 1T // reset number of excluded robots

"YO T/l reset search counter

until stopping criteria (convergence/time)

Algorithm 4.4. RDPSOAIlgorithm
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Figure4.8. Virtual scenario with obstacles arabots divided into Subgroups

In order to improve the interpretation of the algorithm performance, results were normalized in
a way that the objective of robotic teams wasaximize€ Qafto , i.e., minimize the original bench-
mark functionsOaG , thus finding the optimal solution &R¢fto  p, while avoiding obstacles

and ensuring thMIANET connectivity:

"Qaiw - —, (4.23

Since theRDPSOis a stochastic algorithm, every time it is executed it may leadlifferent
trajectory convergence. Therefore, multipdet groups of 100 trialsf 300iterations each were con-
sidered.Independently of the population of robotswill be used a minimum, initial and maximum
number of() Tt (i.e. all robots socially excluded)  oand0 ¢ socially active sub-
groups(represented by different lours inFigure4.8), respectivelyThe maximum travelled distance
between iterations was set@8 meter,i.e., Yo i A@ o6 p & 0& T1®.Thus, obos
moved in theo 1t T ¢ Tt meters environment where their solution degelwh the intensity of the
Gaussiarfunction at eachafto position. Note that while robots mavéhey needdto consider all
the components within tiRDPSQOalgorithm from theDE in (4.5)-(4.6). Although trose preliminar-
ies experiments didot considerrealisi ¢ r obot 6 s dy n aedihefsactionalbrdey st i |
convergence from sectigh2 Moreover theyneeadto avoid obstacles according to sec#o8and
maintain the communication with teammates from the same subgroup according to4séction

Regarding this last point, it is important to note thgihy to maintain the network connectivity
by only taking into account the communication range does not match reality since the propagation

model is more complek the sgnal depends not only on the distance but also on the multiple paths
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from walls and other obstacles. However, in simulation, the communication distance is a good ap
proach and it is easier to implemeiherefore, for the sake of simplicity and without taek of
generality, the maximum communication range was considgnhis point The maximum commu-
nication distanc&  will then vary depending on the chosen wireless protocol. Four conditions
were described:) Existence of a communication infrastture {.e., without communication con-
straintsk 'Q O Hb); ii) WiFi; iii ) ZigBee andiv) Bluetooth Table4.2 depicts the maximum com-
munication distance adapted from a comparison between the key characteristics of each wireless pr
tocol in (Lee, Su, &Shen, 2007)The mean between the minimum and maximum range shown in
(Lee, Su, & Shen, 2007\vas considered as the maximum communication dist&hce

p fo tp mihib .

Table4.2. Typical maximum communication distances of Wi, ZigBeeandBluetooth
No Limit WiFi ZibBee Bluetooth
Q a H 100 55 10

The number of robotgs the swarnvariedfrom 3 to 33 robots with incremental steps of 6 robots,
e, 0 ohdp & B Yo o, in order to understand the performance of the algorithm while chang-
ing the population size and the maximum communication distance.

Table4.3 summarizes the whoRDPSCconfiguration. Note that, so far, we do not hold any sort
of knowledge regarding tfRDPSOparameters and, as such, the pararagieesented ohable4.3,
namely and” ,"Q pllott, were retrieved by trighnderror based on exhaustive numerical simu-
lations.Also note that the number oféls is considered for each different configuration, thus result-

ing in 2400 trials for th&4 pairwise combinations (swarsize and communication range).

Table4.3. RDPSOparameters obtained by tdahd-errorand used imumerical simulations

RDPSOParameter Value
Number of trials 100
Time per trial [iterations] o SQOV 5
0 ohp L X Yo C
0 0

0 3

0 6

YO 30

Q «a p fv tp mhb
Yo oA 0.5

| 0.5

" 0.2

" 04

" 0.8
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Since these simulation experiments represent a search task, it is necessary to evaluate not only
the completeness of the mission but also the speed. Therefore, the performance of the algerithm
evaluated through the analysis of the final global solubiotihe population and the runtime of the
simulation. If theswarmcould notfind the optimal solution, the runtimeas considered to be the
simulation time i¢ce., 300 iterations).

The significance of the maximum communication distance and the number of robots (independ-
ent variables) on the global solution and the runtime (dependent variables) was analysed using a two
way Multivariate Analysis of Variance AnalysisMANOVA after cheking the assumptions of mul-
tivariate normality and homogeneity of variance/covariance. The assumption of normality of each of
the univariate dependent variables was examined using univariate t&sisnogorovSmirnov(p-
value< 0.05). Although the univate normality of each dependent variabigs notverified, since
the number of trialsvas over 3Q100), based on th€entral Limit TheorendCLT) (Pedrosa & Gama,

2004) the assumption of multivariateormality was validate@gPestana & Gageiro, 200Bjaroco,

2010) The assumption about the homogeneity of variance/covariance matrix in each group was ex-
amined withthé8 o x 6 s (M= 64@54sL3, F(69; 5368369.62) = 92.98yalue= 0.001). Although

the homogeneity of variance/covariance matngasnot verified, theMANOVAtechnique is robust

to this violation because all the samples have the sam@azeco, 2010) The clasification of the

effect sizej.e., measure of the proportion of the total variation in the dependent variablenexiplai

by the independent variablas done according to Maro¢elaroco, 2010) This analysis was per-
formed usingBM SPSS Statistider a significance level of 5%.

The MANOVArevealed that the maximum communication distance had a small effect and sig-
nificant on the multivariate ecoposite Pillai's Trace= 0.75; F(6; 4752) = 30.974:value= 0.001,;

Partial Eta Squared- = 0.038;Power= 1.0). The number of robots also had a small effect and
significant on the multivariate compositeilfai's Trace= 0.080; F(10; 4752) = 19.70f:value=
0.001;— =0.04;Power= 1.0). Finally, the interaction between the two independent variables had a
small statistically significant effect on the multivariate compostikai's Trace= 0.032; F(30; 4752)

= 2.55;p-value= 0.001;— =0.016;Power= 1.0).

After observing the multivariate significance in the maximum communication distance and the
number of robots, a univariaeNOVAfor each dependent variable followed by thet k e y 6 s HSD
Testwas carried out-or the maximum communitan distance, the dependent varabhal global
solution presentedtatistically significant differences (F(3, 2376) = 45.18%alue= 0.001;,— =
0.054;Power=1.0) and the degmdent variable runtime presenstdtistically significant differense
(F(3, 2376) = 53.683p-value= 0.001;— = 0.063;Power= 1.0).For the number of robots, the

dependent variable final global solutialso presentestatistically significant differences (F(5, 2376)
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= 23.347p-value=0.001;—- =0.047;Power=1.0) and also thdependent variable runtime showed
statistically significant differences (F(5, 2376) = 39.8i-6alue= 0.001;— = 0.077,Power= 1.0).

UsingtheTu k ey 6 s

H S iDwas$possilile taHerity where the differences between max-

imum distances of communication dieAnalysingthes w a r fimad solution and the runtime varia-

bles, it appears that theserestatistically significant differences between experiments without com-

munication constraints and experiments usingwiiéi protocol, he ZigBeeprotocol and th@&lue-

toothprotocol(Table4.4).

Table4.4. T u KHeDPEssHoc Testo themaximumcommunicationdistanceQ

Q Final Solution Runtime
No Limit vs WiFi 0.002* 0.854
No Limit vs ZigBee 0.001* 0.001*
No Limit vs Bluetooth  0.001* 0.001*
WiFi vs ZigBee 0.207 0.019*
WiFi vs Bluetooth 0.001* 0.001*
ZigBee vs Bluetooth ~ 0.001* 0.001*

* The corresponding -palue for mean difference when it is significatthe 0.05 level

Table4.5.

T u K®DPassHoc Tedo thetotal rumber ofrobots( .

N

Final Solution

Runtime

3vs9
3vslh
3vs21
3vs27
3vs33
9vsl15
9vs21
9vs27
9vs33
15vs21
15vs27
15vs33
21vs27
21vs33
27vs33

1.000
0.151
0.001*
0.001*
0.001*
0.249
0.001*
0.001*
0.001*
0.004*
0.001*
0.001*
0.842
0.785
1.000

0.861
0.182
0.001*
0.001*
0.001*
0.844
0.001*
0.001*
0.001*
0.001*
0.001*
0.001*
0.654
0.076
0.845

* The corresponding-paluefor mean difference when it is significant at the 0.05 ¢
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It is noteworthy that the algorithm produces better solutions without communication constraints.
Also, usingWiFi protocol produces better solutions than usingZigBeeprotocol and, on the other
hand, this last one produces better solutions thaBltietoothprotocol as expected. In fact, using
the Bluetoothprotocol proves to be the worst communication protocol to employ.

Analysing both the final global solution ofeélteam and the runtime variables, it appears that
there were statistically significant differences between a population inferior to 15 robots and a popu-
lation superior to 21 robots, not showing statistically significant differences for a population between
3 to 15 robots and 21 to 33 robotable4.5). Note that the worst result was obtained using 3 robots,
which cannot be considered significantly wettsan using 9 or even 15 robots. This may be relevant
since the increase in the number of robots result in an increase in the cost of the solution.

To strengthen the conclusions frarable4.4 and Table4.5, Figure4.9 andFigure4.10 depict
the estimated marginal means for both final global solution and rumasggectivelyThese figures
illustrates how the performance of tR®PSQOis affected under pairwise combinatsobetween the

swarm population and the communication technology.
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—33
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+ 27
0 33
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.9500

.9250
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NoLimit ~WiFi  ZigBee Bluetooth

Figure4.9. Estimated marginal means of the final global solution.
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Figure4.10. Estimated marginal means of the runtime (number of iterations).

A video of these numerical experiments is provided to have a general overview RDIREO
dynamics®.

Having studied th&DPSOmain mechanisms in theory and numerically evaluated it, let us pre-
sent experiments carried out with physical mobile robots.

4.7.2 RealWorld Experiments

In this section, it is explored the effectiveness of usingRIb®SOon swarms of r&@ robots, while
performing a collective foraging task with local and global information under communication con-
straints. Multiple test groups of 20 trials of 180 seconds each were considered.

TheeSwarBo{Educational Swarm Robot) was the platform useeMaluate the algorithnef,
section3.2.J). Its low cost and higbnergyautonomy allowed to perform experiments with up to 12
robots, with0 thyfp ¢. TheRGBLEDs on top of theeSwarBotswvere used to identify their
subgroup using different colousidependently from the population of robotsyasused a mini-
mum, initial and maximum number 6f p, 0  ocandl @ socially active subgrqs
(represented by different colourskigure4.11a), respectivelyThe maximum travelled distance be-
tween iterations was stt0.1 metersi.e., Yo .

26 http://www?2.isr.uc.pt/~micaelcouceiimedia/RDPSO_numerical.wmv
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All of the experiments were carried out ig@&® v ¢& umeters scenari®® @& W ). The
experimental environmenEigure4.11a) was an erlosed arenaontainingtwo sites represented by
illuminated spots uniquely identifiable by controlling the brightness of the light. Ddsgiitg an
obstaclefree scenario, the robots themselves act as dynamic obstaclesmximum number of 12
robots corespond to a population density of approximately 2 robotsém previously mentioned in
section3.2.1, eacheSwarBopossesssoverhead light sensorkDR) thatallowsit finding candidate
sites and measurirtgeir quality. The brighter site (optimal solution) was considered better than the
dimmer one (suoptimal solution), and so the goal of tharm robotsvas to collectively choose
the brighter site. The intsity valuesOdfto represented ifFigure4.11b were obtained sweeping
the whole scenario with a single robot in which the light sensor was connecetiGbit analog
input. The maximum intensity values obtained (hot colim Figure4.11b) was found betwee800
and860.

suboptimalsolution &) optimalsoluton . b)
P "Oww

1000,

Figure4.11. Experimental setup. a) Enclosed arena wihi&roupgdifferent colaurs); b) Virtual representation of the target

distribution.

Inter-robot communication to share givons and local solutions wasrried out usingigBee
802.15.4 wireless protocol. Since robots were equipped XBi#emodulesallowing a maximum
communication range larger than the whole scenari@tsoliere provided with a list of their team-
mat esd6 addr ess i MANETcdnemunication wsth limited rartge Thie maximum
communication distance between roldats was vared between 0.5 meters and inBters. At each
trial, robots were @mnually deployed on the scenario while preserving the maximum communication
distanceQ

Table4.6 summarizes the wholeDPSOconfiguration. Note thapnce againwe still do not
hold any sort of knowledge regarding RBPSOparameters and, as such, the parameters presented

on Table4.6 werethe same previously retrievéy trial-anderror(as inprevious section)
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Table4.6. RDPSOparameters obtained by trahd-errorand used in its first evaluation with physicabots

RDPSOParameter Value
Number of trials 20
Time per trial [seconds] 180
0 Thip ¢
0 0

0 2

0 3
YO 30
Q4 @&
Yo oA 0.1

| 0.5
" 0.2
" 0.4
" 0.8
" 0.8

The previously described conditions give a totall®0 experimental trialsthus leading to a

runtime of6 hours. Thesequence of frames Figure4.12pr esent s a tri al of
with0 p @andQ p® Tmeters.
a)t = 0 seconds b) t = 31 seconds c)t = 54 seconds

d) t = 69 seconds

Figure4.12. Frame sequence showing tRBPSOperformance on a population of 12 robots (some robots may be outside

camerads range). a) The popul grden anchredideployedrin atspira manner; i) The i d e

swarms independently search for the brighter site takimgaotount a maximum communication distance of 1.5 meters
between robots of the same swarm; c) One robot from the red and green swarm findeitiensliland optimal solution,

respectively; d) As the red swarm does not improve, some robots are exdiuddoeing added to the socially excluded

sulgroup (white swarm); e) Since the green swarm has improved, it is able to call new members from the socially exclude

sulgroup; f) Finally, the green swarm proliferates calling all the previously excluded tiodotgere unable to improve their

solution. Note that robots do not all converge the optimal solution as they try to maintain a distancebetween them.
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Once againlgt us evaluate both the completeness of the mission and the time needed édecompl
it. Figure4.13depicts the convergence of RBPSCOror the several proposed conditions. The median
of the best solution in the 20 experiments we®n as the final output in the $et  thyip ¢ for
eachQ

AnalysingFigure4.13, it is clear that the proposed missmuldbe accomplished by any num-
ber of robots between 4 and 12. In fact, independently on the nafmadots, the swarm converged
to the solution in pproximately 90% of the experiments. The charts also show that increasing the
number of robots slightly increasede runtime needed to accomplish the mission. A pdipulaf
4, 8 and 12 robots toakn average of7, 106 and 112 seconds to converge tooftamal solution,
respectively. This is a consequence of having more robots inside the samé #remaumber of
dynamic obstacles is higheks expected, increasing the maximum commaitian distance gener-
ally resultedn a faster convergence to theiaml solution. However, this relationshigas found to
be not linear and vare dependingon the number of robots in the population. For instanceafor
swarm population of 12 robots, the performance slightly deatdas@ communication distanoaf
Q p® metersThis is an expected factor since the communication interference between robots
increases with the population, and, as a consequence, the existence of repulsive forces to maintain
idealinterr obot di stances of otiég (.meftom egeatia(@s).Addm@a i ns r
this to the fact that the scenavias considerably smalyieldeda considerably large amount of con-

strains, thus jeopardizing the success of the mission.
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Figure4.13. Performance of the algorithms changing the number of rdbotshe population: a2 ™ a Qo Qb) i
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Another important factor is that some robots of a given sweeneunable to converge to the

final solution when one robot of the same swdound it. This issue warelated with odometry
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limitations of the platforms which resultéa the accumulationfgositionng errors. The use of en-
coderssuch as the onesersin these robots a classical method, being of le@st and simple use.
However,this yielded tothe existence ofumulativeerrors inherent to their use, which makes it
difficult for the rolots to complete the proposed odometry objectives accurately.

A video of the real experiments is provided to better understand how real robots behave unde
the RDPSQalgorithnt’.

4.8 Discussion

This chapter described the leading development dRtimticDarwinian Particle Swarm Optimiza-

tion (RDPSQ that integrates insights from the traditional optimization meB®@ reatworld MRS
features and a natural selection mechanism. This last feature is achieved by creatisgcsaime
exclusion and inclusion festo manage the whole swarm into clusters, herein denoted as subgroups.
The dependency between subgroups gives risectangoetitive evolutionary processmicking the

animal nature a®llowing the Darwinian survivalof-thefittestprinciple On the otkr hand, as many

other biological societies involved in diverse survival conditions, the outcome of this competitive
evolutionary process is reflected into social cooperation among the members from the same grouj
This is a highly recurrent process in matdenoted asoopetition(Tsai, 2002) For instance, certain

birds are unable to reach parasites on some parts of their bodies, thus benefiting from preening ol
another. Hence, there is an entire Klad potential preeners which compete in hopes of establishing

a beneficial cooperative relationship. To the similarity of Ri2PSQ birds that try to be preened
without preening others are excluded from these relationships as they do not compete.

The theretical procedures were first thoroughly evaluated using numerical simulations for sta-
tistical significant purposgsectiond.7.1). As previously depicted imable4.4, Table4.5, Figure4.9
andFigure4.10, the conditims of the independent variables, that is to say the swarm population
andthe maximum communication range , can be divided into different homogeneous subsets.
For instance, since there are no statistically significant differences between teams of 3, 9 and 15 robc
in the analysis of both the final global solution and the runtime, this can be considered as a subset
O ,ie,0 ohdp vandl ¢ fx Yo o. In other words, in an application were the cost of the
solution needs to be considered, and since there are no significant advantages of having 15 robc

instead of having just 3 or having 33 robots instead of 21, the choice would be using the minimun

27 http://www2.isr.uc.pt/~micaelcouceiro/media/RDPSO _initial. mp4
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number of robots of each subsetl(of. The same analysis can be conducted for the maximum com-
munication distance. However, in ttspecific situation, thresubsets can be considerauialysing
the statistically significant differences between the differealues of Q , i.e, Q
0 €0 Qa4 , @ ® "QHONQ6 O 0 a 6 'Q'® £PRutddifferently,whenever one is
unable to have a pmxistent infrastructurel.e., Q ), the choice between valess techologies
may be cemed on theVNiFi andZigBeetechnologies.

The last section of experimental results wamarily introduced to explore the effectiveness of
using theRDPSQalgorithm on swarms of real robots of up toeRvarBotgsection4.7.2. As such,
those experimentaere prone to robot dynamics, odometry errors, loss ofroamication packets,
among other realorld phenomenaDespite thoseritations, the results suggest that robots are able
to converge to the optimal solution regardless on the swarm population. Nevertheless, its jnfluence
as well as the influence of the maximum communication range is still evident, thus supporting the

resuts retrieved by the numerical simulations.

4.9 Summary

A modified version of th®SObased on realorld MRScharacteristics such as obstacles avoidance
abilities and communication issues was developed and entitRobaic Darwinian Particle Swarm
Optimizaton (RDPSQ.

The features presented in this chapter were first implementatuimerical simulatioenviron-
mentin MatLabandafterwards further validated using re&warBoplatforms. Eperimental results
show the performance oMdRSwith a biologically inspired behaviour based on natseééction and
social exclusion As expected, the influence iIinherent tc
ated as the number of robots or the communication range/quality increases. Thisigsagmresult
for communities of swarm robots with many individuals since they can develop efficient coordination
techniques, just like natural swarm agents, allowing cooperative and competitive work in large and
superlarge societies. However, the choarethe number of robots and the wireless technology needs
to take into account the global cost of the solution depending on the statistic significant differences
between the independent variablegreover, as the size of the swarm increases, more irgece
robots create between themselves.

Although robots were randomly deployed in the experiments considered in this chapter, the fact
is that their initial pose, and respective sensed soluioggested some influence on the final out-
come. Therefore, ae@per study around the initial deployment of exploring agents in the search space

needs to be conductédoreover, although we were able to assess the influence of the communication



107 Chapterd. Robotic Darwinian PSO

range within theRDPSQOperformance, there is still a considerably larg@ant of work to do around
communication. For instance, if one would consider a faulty environment, the strategy proposed st
far would not be able to comply with the necessary requirements. For instance, the failure of a singl
robot would split the subgr@uMANET and, as a consequence, robots would be unable to share in-
formation with their teammates. For that reaswxt chapteresors to the stateof-the-art so as to

propose a strategy that may be applied consid&DBSOdynamics.






CHAPTER V

Depl oyment-Tahar damaaué t

ENDOWING teams of robots with fautblerant mechanisms and sdkploying capabilities have
a particular interest on rewlorld applications. However, @seviously stated in sectio2s2.3
and2.2.4wherethe most recent whks around theesubjectswvere discussemne can conclude that
there is still a considerably large amount of workéodonearound both faultolerantMANETs and
the development of realistic fatittlerant initial deployment strategies.

To ensureMANETS connectivity and robustness is much more demandingusiaginfrastruc-
tured networks. As a result, to prolong IANET lifetime and prevent loss of connectivity, fault
tolerant strategies are needéd. discussed in sectior’s2.3 a simple but efficient strategy is to
control robots movement to allow significant node redundancy guaranteeing aconukéctivity
strategy. ThéQconnectivity orQfault-tolerance (3 =, of a network means that each pair of robots
is connected by at lea¥®robotdisjoint paths. This means that, in the worst cas@cannected
MANET requires Qor morerobot failures tdoecomedisconnected. Thus, multonnedivity is fa-
vourablefor both faulttolerance and communication capacityMRScontext, most researchers have
focused on establishing-bonnectivity {Q <) through robot movement contr@@asteigts, Albert,
Chaumette, Nayak, & Stojmenovic, 2010)

Bearing this idea in mindhis chapter is divided intthree key contributions demonstrated
through theRDPSQalgorithm:

i) The initial deployment problem i®rmally introduced and an autonomous, realistic and
fault-tolerant hierarchical strategy is proposed (seciid)

i) TheMANETconnectivityproblem insection4.4is furtherextended considering communi-
cation constraints in fayltenvironmentby resorting to a set dttractiveand repulsie
forces so as to ensure tlonnectivity ofMANETs (sectiorb.2);

iii) Afterwards the proposed methodologiareevaluated using both physical and virtual ro-
bots (sectiorb.3).

Sectiors 5.4 and5.5outlinethe discussion and main conclusions of this chapter.
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5.1 Initial Deployment

One of the major concerns in tROPSQCapproach is that all robots should have an initial deployment
that preserves the communication between robots in each subgroup. Moreover, it is also known that
in classicalPSObasedalgorithms particles need to becattered throughout the scenars previ-
ously addressed in secti@r?.4 the deployment problem considers the number of needed robots for
a specific situationg(g, objective, scenario, constraints) and their initial locations. Typically, this
problem is addressl using largeoboticplatforms that carry a set of smaller exploriogots

Theherein proposed strategy tries to get benefit of a random planar deployment of robots, while
eliminating the disadvantages inherent to it and taking into account the cacatramconstraints.
This is achieved by getting inspiration on a deployment strategy based $pitaleof Theodorus
aka.square root spiral. This spiral is compdsé# contiguous right trianglasith each cathetugska

leg, having a length equal to(Hahn & Schoenberger, 2007)riangldés hypotenuse® is given by

the square root to a consecutive natural number, @ith Vc.
Since this approadbenefits fromthe spiral of Theodoruso carry out the initial deployment of
robots, two general adjustmemt® considered as this time
i) The initial position of each robot is set at the further vertex of the centre of the spiral for
each right triangle with a random orientation;
i) The size othe cathetus is set as the maximum communication i@nge(instead of hav-
ing the wunit | ength 1) consequently changi
tween the maximum communication range and the square root of the consecutive natural
number.
In real situations, the maximum communication distéace maybe established considering
the worst case situatioer.g., urban environmenwith obstacles and other harsh phenonenhese
assumptions make it possible to have an initial depémgrof the robots in an area that depends on

both the number of robots and the communication constraints.
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/‘ Omax %[0]

]

Figureb.1. Initial deployment of th&kDP SCQalgorithm of a population of robots divided in 3 subgroups of 3 robots each.

The total angle of the¢ robot situated in th& triangle (or spiral segment), can be calcu-

lated as the cumulative sum:

e« LB i Gowe (5.1)

in which ,, is randomly set to £1 for each subgrotipys allowing to compute the initial planar

position of each robat as if follows:

o @ 2 VE pdEt e (5.2)
Q Ve pad e .

wherew ande isthe centre anthe orientation respectivelypf the spiral which can be randomly
assigned at each trial ensuring the efficiency of the stochastic algorithms. In short, the initial deploy:
ment of each subgroup will correspond to a spiral in which the position of each robot depends on th
prior deployel robot and the centre of the spigal(Figure5.1). To allow the autonomous deployment

of robots in a scenario, a ppeocessing of the environmeamgeds to be undertaken in order to prevent
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robots from being deployed into areas of no interesgt, (vater, obstacles, other robots). This can be
accomplished withUAVs through image segmentati@kulkarni & Venayagamoorthy, 2010)
Neverthelesghis spiral of Theodorug which our first naive approach to the initial deployment
problem was basedd, presenthree major issug€ouceiro,Rocha, & Ferreira, 2011b)
1 As previously mentioned, it requires a{m®cessing of the environment to avoid deploying
robots into areas of no interest;
1 It only considers the maximum range between robots, thus ignoring the signal quality;
f It does noallow the creation of @connectedlANET (i.e., faulttolerance).
In this work, and given thRDPSOdynamics, the initial deployment problem can be formally

defined asext section states.

5.1.1 Problem Statement

Consider a population @f robots, denoted as scouts, which are initially clustered into subgroups of
0 scouts, whelia each scout is both an exploring agent of the environment and a mobile node of a
MANET within subgroups that performs packet forwarding, according to a paradif multi-hop
communication. The goal is to ensure thatithecouts from the same subgroup are initially deployed

by a robot, denoted as ranger, in an unknown environment, while avoiding areas of no irgerest (

obstacles) and ensuring that MANET is ‘Qconnected ) =.

5.1.2 General Approach

Similarly to Rybskyds work, the initial depl oy
ing the population of robots intangersandscouts(Rybski et al., 200Q)Each ranger handles the
initial deployment of an entire swarm of scouts allowing a distributed and autonomous transportation,
thus sparing the need ofpae-processingrocedure €.g, topological features extraction using un-
manned agal vehicles).This hierarchical division of the population of robots into rangers and scouts
was considered within thereliminariesdescribed in sectior32.1and3.2.2andis herein summa-
rized

1 Rangers are large robots that need to be able to transpartisnsubgroup of scout plat-

forms and process the sensor da, (Sscouts positioning, obstacle avoidance and commu-

nication constraints);
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1 Scouts are small lowost robots, with limited sensing and communication capabilities and
finite memorywhichneedo be easily deployable and able to sense their environment com-
municating with each other. It is noteworthy tlsabutsneed to be able to communicate
with rangers

Since this work focuses on unknown environments, rarsfpendddeploy scouts while avoidg
obstacles, based on the communication link between the previously deployed scout and itself. Ther:
fore, contrarily to thespiral of Theodorugpproach previously addressed, thigended Spiral of
TheodorugEST) will not have a fixed central poid defined in equatiois.2). Instead, the central
point will vary over time depending on the scouts previously deployed rfumber of deployed
scouts and distance between them). It is also noteworthy that the elssketween pairs of deployed
robots will not be the same since there is not a linear relationship between the maximum communi
cation distanc&€)  and the minimum signal quality . In other words, scouts from the same
subgroup are successivelyplieyed one after another by the same ranger such that the pose of the
¢ robot always depends on the pose of the p  robot and the existence of obstacles in the
path between theigCouceiro M. S., Fjueiredo, Portugal, Rocha, & Ferreira, 2012)

The behaviour of a ranger transporting an entire subgroup of scouts can then be described as
follows. The ranger first moves to a random initial location while avoiding obstacles. The way the
ranger avals obstacles can be a simple whallower mechanism when it encounters an obstacle in
its path €f., Algorithm 5.1). When the ranger reaches the desired initial position or its vicinities (due
to obstacles constraints) it will unload the first scout, thus informing it that it will startapitse
related to its own posat the timej.e., & 1 h— 11 O'At this point, the scout will broadcast a message
containing itsID (in this case, thé& identifies it as the first robot) and poiséet us call this as the
beacon message. Also, it will not start the noissintil it ears a reply message from the ranger. The
ranger will then choose a random orientation and start moving apart from the unloaded robot while
avoiding obstacles and earing its beacon message. When the signal quality of the deployed rob
reacheghe minimum desired valuge., 3 1 , then the ranger will unload the second robot,
once again informing it that it will start with the same pose that the ranger have at thieetjime,

w nh—nQ

At this time, the ranger has all the informatibneeds to compute the next possible location to

deploy the third robot. As it knows both the pose of robot 1 and 2 (and so the Euclidean distanct

between them) it is able to define a possible spiral centre using the following general equation:

i Q" UQ pabéi, T — T

W (V1N ) S (5.3
Q" NQ pd Qg, wm — T



Section5.1 Initial Deployment 114

wherein, is randomly set to £1 for each subgroup (or ranged), in this caséQ p such thatco "

corresponds to the possible spiral center formed by the triangle defined by robot 1 ar@"™ aad

the Euclidean distance between them, the triangle cathetus. Note thaiparticular cases in which
one needs to controlehdeployment of robots based on the maximum communication r’ﬁtfige,
IS set as a constant inpug,, Q" Q 10w,

The orientation of the spiral " is defined as:

e LB Ol Dot (5.4)

wheree is the angle between tff@ robot and the center of the spida'i'
As a result, similarly to equatiq.2), a new desired position to the third robot can be defined
as:

5¢
5¢

WQ cdbé ¢ .
NQ od Q¢ .

N Q

o (55)

0«
= x

in whiche is calculated using equati@b.l1).

It is noteworthy that the ranger may be unable to reach this desired location. Either because
obstacles may constrain the rangerds movements
second scouff may achieve]  before the ranger reache 1. Either way, a new unloading
locationcw 11 will be found and the same process will be replicated for the remaining scouts until
the ranger unloads all scouts. After deploying the whole team, the ranger broadcasts a message to
start themission. The message will be replicated by scouts inside its communication range, thus
reaching all robots within the subgroup.

Note that th&RDPSQdynamics handles several independent subgrogpsetworks of scouts).
Despite being possible to stanth only one subgroup (as the algorithm will create others over time),
which would require only one ranger, a larger number of subgroups would allow a most widely dis-
tributed approach. On the other hand, as scouts from a given subgroup are inde pemdethieis,
they may asynchronously start the mission. Therefore, multiple rangers are recommended to deploy
multiple subgroups throughout the environment. This allows th&$T@lgorithm completeness is

guaranteed for a given ranger when all oflitsscouts are deployed.
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5.1.3 Fault-Tolerance Generalization

The generalization to assé&fault-tolerance in the initial deployment of robots can be achieved by
having the ranger to ear the beacon messages from thi@uattaded robots, thus computing the

minimum signal quality value between theére, | ERH R B M A

Proposition 5.1. In a®QconnectedANET, with®Q §  p, when the ranger deploys the first robot,
instead ofmoving apart from it until the signal quality reaches the minimum desired, vallieear
units €.g, Watts) the ranger will unload the second robot when the signal quality reaches a level of:

~

nooy (5.6)
thus guaranteeing a qudsmlanced distribution of the scouts.

Proof: Considering a maximum communication distaiite problem in aQconnectedIANET,
one needs to ensure that the robot can communicate witheQ robot, with a distance between
the¢ robot similar to the other intepbot distances such &gure5.2 depicts.

Based on the law aosines and considering equat{sri), one can define the following relation
betweerQandQ

N ’ (5.7)

suchthaQ 'Q whenQ p.

Figure5.2. ESTdeployment in 8QconnectedVANET.
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Note thatQdoes not depend on the direction of the spiradince the cosine function is unaf-
fected by the signal. Also, as the requirements oMA&IET connectivity are softened (for smaller
Q, the denominator of equatidh.7) presents a more linear relation with This relation can be
easily observed ifigure5.3.
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Figure5.3. Relation betweei2andQ  varying theMANET connectivityQ

Hence, one could consider the following approximation since the-ouritiectivity levelQin

MRS contrarily towireless sensor networkis usually small€.g, below 5)

Q0 —, (5.8)

The same analysis can be conducted in a minimum signal gialityproblem. However, note
that this may only work when using signal quality units that present an approximately inversely pro-
portional relation with the distance. In other words, mosivioéless equipment returns tiRSSI
signal in Watts\() or decibelsdB) i while in most situations the signal quality in Watts is almost
inversely proportional to the distance between nodes, decibels present a logarithmic relation. Taking
this into accout) one can estimate a desired signal quality between robot 1 and 2 as e(.@tion

shows.

y

When facing obstacles, the ranger should follow an optimized decistatvahetherit should
rotate left or right, thus choosing the smallest rotation it needs to perform based on the configuration

of the sensed obstacles. When the ranger is unable to compute the best turning decision, it randomly



117 Chapters. Deployment and Faulfolerance

chooses between rotating left or right. In this way, the growth of the radius at a certaiteabbe

approximated using the following equation:
yvy o' i p wQ (5.9

thus allowing to understand the distribution of the robots over a scenario by calculating the approxi:

mated total radius of tHESTstrategy within subgroup:

Y B YY . (5.10)

It is noteworthy that equatior(5.9) and(5.10) are only approximatetheasures since the dis-
tance baveen pairs of robots may chak@and the existence of obstacles may increase or decrease
the growth of th&eSTradius.

Therefore, to further assert the distribution of H&T strategy, a set of deployment trials were
numeri@ally computed changing the number of robots within a subgroup in an environment with a
large density of randomly deployed obstacles. A fixed maximum communication range wagused,
Qf Q | "Q since it is easier to implement in silaion. Also, faulttolerance was not con-
sideredj.e, 'Q p. As the random initial deployment of robots is the most common strategy in the
literature €f., section2.2.4), its distributionwascompared with th&STdeployment. In the random
distribution, robotsaresuccessively randomly deployed within a circumference of r&dius and
centered in the previously deployed robot while avoidingptrexlap with obstacle$-or a more de-
tailed description of this random initial deploymeniease refer tqCouceiro M. S., Figueiredo,
Portugal, Rocha, & Ferreira, 2012)

The number of scouts to be deployed wadesét  vip 1p & ft v with 100 trials each for
both strategiedrigure5.4 presents a couple of simulatedamples of a team of 10 scouts deployed
using both strategies. Blue scouts were deployed usirigltBehile red scouts were deployed using
the random distributiorAs it is possible to note, contrarily to tB& Sin which scouts are scattered
throughoutthe scenario, the random deployment turns out to reveal an unbalanced distribution of
scouts. Nevertheless, to further measure the dispersion of both deployment strategies, a metric bas

on the average distance from each scout to the centraidwasused:

2 The signal depends not only on the distabcg also on the multiple pattfi®m walls and other obstacles.
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, —B mmnm wmnE (5.11)

Figure5.4. Computational outputs of tHeST(blue) and randonfred) deployment of 10 scouts over a given scenario
endowed with obstacles.

Figure5.5 depicts the dispersion of the robotic teanfor both strategies.
70
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Figure5.5. Relation betweei@andQ  varying theMANETconnectivity'Q

As one can observe, the dispersion of the team of robots usiig 8aeployment is signifi-
cantly higher than using a random distribution. In fact, the random deployment does not present a
substantial increasing dispersion as the number of robots ingrease

Algorithm 5.1 generalizes the rangeSTbehaviour to deploy a whole subgroup of scouts in an
unknown environment while ensuring that MANET is ‘QconnectedCouceiro M. S., Figueiredo,
Rocha, & Ferreira, 2014 (In Press))
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., 1 O QR® Qawbdeskread direction of the spirald., 1)
W i ®EQY i Qi @siked random initial position of scout 1
QE ONEE | Qe 1 // travel from the current position to scout 1 position while avoiding obstazigs wall
following algorithm)
i Q&N ipB mh—m // informs scout 1 of its initial pose
— T i ®& Q& bQQ¢ o/tdestrd éandom orientation of scout 2
WhileQ —OR\ QO /I depending if it is an application under maximum communication distance OR
mum signal quality
Qm 4 ¢ 09 mho m // change the orientation and travel forward from scout 1 position to scout 2
avoiding obstacles
i Q&N il mh— 1 //informs scout 2 of its initial pose

ForQ pdd ¢ 5

F . Q" MQ pddé i, M — T
w w T R e

Q" NQ pd Q¢, M — T
SR ol hodhe

Q

‘ = Q" Qg odbé . h
w I w

Q" Mo od e "

— T OOEd OO 0w oTHE T // desired orientation of scoi@ ¢

Whilel A @8 FQ Q ORI ERBM n
0 m Gé0Q mhd T // change the orientation and travel forward from réBotp position
to"Q ¢ while avoiding obstacles

i Q&NE iMchw mh— w1 //informs scoutQ ¢ of its initial pose

i Q&' &1 /bbroadcast information to start the mission

Algorithm 5.1. Initial deploymen&STalgorithm for ranget .

514Rangers6 Computational Requirements

The computational requirements of 88 Tlinearly dependon the number of deployed scouts as the
processing of a new pose relies on the estimation of a new spiral formed by the scouts already d
ployed. On the other hand, due to Proposition 1 and &hcé , ensuring aQconnectedMANET
does not increase tltemputational cost. Hence, the time complexity necessary to compute a desired
poseig' 0 p ,whereinh corresponds to the number of scdutsn swarm already deployed
at the moment) 0.

Although theESTallows an efficient initial deployment of robots to forn@aonnectedANET
in order to maintain faultolerance throughout the mission, one needs to ensure that each robot is still

able to communicate witlother robots after their initial deployment

5.2 Fault-Tolerance Assessment

Most of MRSworks handle the faulblerance problem through biconnectivity since it is the baseline
graph theoretic metric to node failures, thus allowing to keep the network connectivity even when
unexpected node failures acc(section2.2.3. However, one cannot claim that a biconnected
MANETwi | I be i nvulnerabl e against all poghiyi bl e

depends on the application domaiwhile biconnectivity @ ¢) may be enough to ensure a desired
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performance in a simple exploration scenagig finding a gas leak in a building), a military appli-
cation may impose more limited conditioresq, hostile attacks), thus increasing the necessity for a
more connecteMANET(Q ¢).

Given theRDPSQdescriptiorfrom chapte#, one can define the following praph formulation

5.2.1 Problem Statement

Consider a subgroup 6f robots, wherein each robot is both an exploring agent of the environment
and a mobile node of MANET ,which performs packet forwarding according to a paradigmudfi-
hop communication. The gbis to make sure that the robots explore an unknown environment while
retaining theMANET ‘Qconnectivity throughout the missio@ = and’Q 0 p.

Considering this problem formulation, an extension ofMIANET connectivity algorithm pre-

viously presented in sectiod.4with ‘Qfault-tolerances introducedn the next sectian

5.2.2 Fault-Tolerance Generalization

As previously describeih section4.4, each robot needs to choose its nearest neighbour in order to
compute... 0, hence forcing th#1ANET connectivity,i.e, 'Q p. To generalize to muktonnec-
tivity, i.e, 'Q p, two features need to be addressed:
i) A given robot should choose il@fi b e st 0 nieej athebtieewnes ¢loser to it or
presenting a better signal quality;
ii) The virtual force represented by 0 will be the vector sum of th&virtual forces.
It is noteworthy that due to the dynamical partitioning inherent tdRIBESOalgorithm ¢€f.,
section4.5), and since the connectivity levBcannot exceed the number of robots within a grdp,
may change over time so as to ensre 0 p. This needs to be secured as the number of neigh-
bours of a given robot cannot exceed the remaining number of robots within the group. Also, note
that the total number of robots in a group will always be equal to or greater than the minimum number
of acceptable robots to formsatgroupt.  ,0 | w.
The first feature can be easily addressed by computing the minimum/maxé@elements of

each row of link matriX), after excluding the diagonal elements and the previously cligEpairs.
This will return a discrete subset af , denoted asP 6 whose cardinality is, at mosRQ i.e.,

NP o [ ET® , whereinl represents the number of fiavaill
choose robot . Each element corresponds to either the distance or the signal quality vector between

robots¢ and"Qwhose direction is defined by the vector conneaiing tow 0.
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In section4.4, ... 0 was represented by the position of the nearest neighbor incieasied
maximum communicationrangg t owar d the robotdés current |
considering an inversely proportional relation between the maximum communication d@tance
and the minimum signal quality . However, onetsould note that if an obstacle is in the commu-
nication path between two robots separated by a distan@ of they may have a significantly
lower RSSvalue than two other robots that are at the same distance but without any inteliference
their way Therefore, to avoid this assumption,0 will be defined depending on whether the appli-
cation considers the maximum communication dist&@dce or minimum signal quality]  for
robot ¢ through equatiorf5.12), wherein"epresents the chosen neighbo{@suceiro, Rocha, &
Ferreira, 2013b)

) B n i‘)ﬁﬁﬁﬁ ni € oa Qa
® 0 5 . (5.12
B Oy Q ——MN Al ¢ waQd
\ J
—
Pgo

Let us consider the same planar topology presentedjime4.4 in which it is now necessary to
guarantee a biconnected netwo@ ( ¢). Note that values in the link matrixin Figure5.6 are in
dBm For a realistic analysis of this illustrative example, let us consider both positions of the robots
and commoriRSShalues retieved withXBeeOEM RFmodules fromMaxstreanycf., section3.2.3.

In this case, and as robot 1 cannot communicate with robot 4, ardevese the receiver sens
tivity of -94 dBm(in bold) was used as the maximum threshold for purposes of computation of equa-
tion (5.12). The chosen neighbours are identified by the numbers in blue in the link matrix. As it is
possible to observe, robot 1 chooses robot 2 and 4 as its nearest neighbours since they ars the nea
ones or the ones that present the higher signal quality. As previously mentioned, the link betwee
robot 1 and 2 corresponds to the ideal situattbhereinno attractive or repulsive force is necessary.
However, robot 4 is too far away from robot 1,4lmducing a virtual attractive force toward it. Robot
2 chooses robot 3 and robot 4 as its nearest neighbours, since robot 1 has first chosen robot 2. .
robot 3 is too close to robot 2, a repulsive force is generated. On the other hand, as robdia4 is too
away from robot 2, an attractive force is generated. The resulting force will then allow robot 2 to
move away from robot 3, whilatthe same time it will also move closer to robot 4. Finally, the two
nearest neighbours of robot 3 that did not ckabas their nearest neighboarre robot 1 and robot
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4, which are too far away, hence being affected by attractive forces toward each other. As it is possible
to observe, robot 4 is once again unable to choose any neighbour since it was the last orge updatin

its statusj.e,® 0 R

4 a W plo & Link Matrix

_ : T Xy .
v ST
: e _ - does not matter \
- .--'.er

1
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a LTI)F]C) x& o "
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w

Figure5.6. lllustration of aMANETtopology. The dashed lines represent the vatod for each robot, thinner arrows

represent the force vectoi®;, 0 regarding chosen neightso'Qand larger arrows represent the resulting force vectors

. 0.

As previously mentioned, it is noteworthy that the success of maintaif@ugpanectedANET
highly depends on the network connectedness enforcement compongigorithm 5.2 formalizes

the Gfault-tolerance algorithniCouceiro M. S., Figueiredo, Rocha, & Ferreira, 2014 (In Press))

IFQ /{1 & op/l application under maximum communication distance
| 0 fQE QQai ¢ 10 O'Q: DR "W sort the elements of liefrom link matrix0 in ascending orde
Elselfi R 1 £ & // application under minimum signal quality
0 AQE Q' Qi & JQMi (I)'Q‘S'L‘)’Qg"g}‘s Q) sort the elements of ling from link matrix 0 in descending
order
WE o
IfQ 6 p
| Q@ 0 p /the connectivity level depends on the number of available scouts within the swarn
ForQ pdb
If 'Q¢ 'Q'Xahas not yet chosen it as its nearest neighbor

®o 0 e % /[ virtual force vectofrom Qo &
FQ Qi édp
.0 wo BQ ® o

Elselfi ni & dp
.0 oo B®o n
[ Q&6 QXY communicate to scolithat it was chosen by scdut
W& 0wE op // neighbars counter
If & 6Q// maximum number of possible chosen neighbo
| break from For

Algorithm 5.2. "Qfault-tolerance algorithm for sco#t
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523Scoutsd6 Computational Requirements

The computational requirements of flfault-toleranceRDPSOfor a given robot only depend on
the number of teammates since the connectigitgl 0i.e., the number of neighbours a robot needs
to ensure connectivity) is always inferior to the number of robots within the group. Hence, the time
complexity of theQfault-toleranceRDPSQis * ¢ as one needs to sort the linke( distances
or signal quality) between the robots from the same group. For a list of computationally efficient
sorting algorithm, please refer (Bhalchandra, Deshmukh, Lokhande, & Phulari, 2008tethat
swarm robots are memory limited and this statemepgigobot Hence, the maximum number of
robots allowed within aulgroup,0  , needs to be defined while considering the hardware speci-
fications of a robot.

Given the aforementioned fadtilerance assessment, next section presents experimental results

to evaluate th&DPSCQusing reaknd simulatedobotic platforms in a large environment.

5.3 Experimental Results

The previous sections presented the initial deployment strategy antbfatdhceassessment within

the RDPSOQalgorithm. To validate thesmethodologies, this section provides experimental results
obtained using reand simulatedobots. To that end, the whole population of robots was divided
into two physically different platforms mhich each of them as the necessary features to assume the
role of a scout or a ranger, namedgwarBotgcf., section3.2.1) andTraxBots(cf., section3.2.2.

5.3.1 RealWorld Experiments

Once again, due to the stochasticityl@fRDPSQ test groups of 20 trials of 360 seconds each were
considered for 1®SwarBotsi.e., 0 p ucomparing the distributed spiral approach proposed in
section5.1 with a random distributionOn those experimentgSwarBotsvere autonomously de-
ployed byTraxBotson the scenario using tlESTstrategy ¢f., section5.1) while preservingamini-
mum signal qualityj X Q6 @resulting in interobot distancesn average, 08 meters ac-
cording toFigure 3.7. This was compared to a random initial deployment wed carried ouby
unloadingeSwarBotgrom the samaubgroupwithin a circumference of 3 meters radigsrftredon
the previously deploykescout), thus ensuring that robots are able to communicate RESBupe-
riorto x WQ 6 ¢§Couceiro M. S., Figueiredo, Portugal, Rocha, & Ferreira, 2012)

During the search task,rainimum, initial and maximum number of(@ll robots socially ex-

cluded) 3 and 5subgroupsvere consideredthus representing an initialbgroupsize of0 v
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eSwarBotgi.e., the maximum load capacity ®faxBotplatforms).The maximum travelled distae
between iterations was set as 0.2 metars Yo & . All of the experiments were carried out
inap m ¢ Tmeterg(0 ¢ T dr ) sports pavilioratthe College of Education of Coimbfeom IPC
(ESECIPC), in which obstacles were randomly deploy&ey(re5.7a). The experimental environ-
ment contained two sites represented by an illuminated spot unideatjfiable by controlling the
brightness of the light.

The main objective of robots wdo find the brighter site (optimal solution). As previously car-
ried out for the smaller scenario from section.2 the intensity value®afto represented iffigure
5.7b were obtained sweeping the whole scenario with a single vsbaj itsLDR. The maximum

intensity values obtained (hot catan Figure5.7b) was found between 600 and 660.

optimal a) suboptimal
solution solution b)

Figureb5.7 Experimental setup. &rena with 3subgroupgdifferent colars) of 5eSwarBot®ach deployed by BraxBot

(one for eactsubgroup; b) Virtual representation of the target distribution.

Table5.1 summarizes the wholeDPSOconfiguration. Once again, the parameters presented
on Table5.1 were retrieved by triahnderror to ensure the convergence of robots towards the solu-
tion. Note, once again, that the number of trials is for each different configuration.

Figure5.8 presents a sequence of frames illustratingg8&deployment strategy of the whole
population of 15 scouts using three rangers. As it is possible to olmargeoupstaredthe mission
asynchronously from each othénce scouts inside a givensbgroupacts independently of scouts
of other subgroupsrhe time needed to fulfil theSTdeployment of eachubgroupn the 20 exper-
iments wasp ¢@p p @ seconds against tiep& p @ seconds of the random deployment
strategy.
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Table5.1. RDPSOparameters obtained by trdahderrorand used in a larger experiment with physical rabots

RDPSOParameter Value
Number of trials 20
Time per trial [seconds] 360
0 15
0 0
0 3
0 5
YO 30
N Qo6 a -75
Yo @ 0.2
| 0.5
" 0.2
" 0.4
" 0.8
" 0.8

a)t =0 seconds b) t = 24 seconds

c)t =89 seconds d)t= 123 seconds

Figure5.8. Frame sequence showing tB8Tdeployment strategy on a population of 15 scouts and 3 rangers. a) The
population of scouts is initially divided into threabgroupd red, green and bluie eachsubgrouploaded on top of a

di fferent ranger (one of -oftview); byEachgargersandomly ahaoses thedirst pasiome r
to deploy the first scout of easlibgroup c) The rangers will deploy the other successive scouts considering the previ-
ously deployed ones while avoiding obstacles; d) After deploying all thessfrom onesubgroup the ranger in charge

of such deployment broadcasts a message to start the mission.
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Figure5.9 depicts the performance of tR®OPSQCalgorithm,for the two differentnitial deploy-
ment strateigs The coloured zones between the solid lines represent the interquartile irange (
midspead) of the best solution in the 20 trials that was taken as the final output for each different
condition In other words, the lower line corresponds to the first quartde ¢plits lowest 25% of
data), the middle one to the second quaritiée, (nedan value) and the upper line to the third quartile
(i.e., splits highest 25% or lowest 75% of data).
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Figure 5.9 Performance of th@DPSOundertwo different deployment strategie€olouredzones correspond to the

interquartile range of the best solution of the 20 trials for each different deployment

As one may observe, tlESTdeployment allows a faster convergeraf scouts toward the op-
timal solution. This may be due to the larger distribution obtained witB$i@pproach that grants
a larger diversity oinitial solutions, thus yielding to better results. On the other hand, such diversity
is also responsiblef having a larger interquartile range than the random deployB@xjtlot charts
were used to graphically represent the difference between the diversity of solutions obtained with
both deployment strategies at the instant scout starts their miBgjone(.10). The ends of the blue
boxes and the horizontal red line in between correspond to the first and third quartiles and the median

values, respectively.



127 Chapters. Deployment and Faulfolerance

300}
—
280} —
260}
~ 240F
0
.5 220F
w200k
 180-
160} —
1401
1201 ¥
100} . +
o°Y” i e Q

Figure5.10 Diversity of solutions at the instant scouts start their mission

One may also observe Figure5.10 that the 2% quartile of theESTapproach is similar to the
median value of the random deployment. In other words, 75% of the experiments un@&the
approach turn out to have a performance equal or superior to 50% of the experiments under the ra
dom deployment stragg. Nevertheless, independently on the initial deployment distribution, the me-
dian value of the solution was near 500, thus corresponding to the vicinities defined by a 2 meter
ellipse around the optimal solutiocf ( Figure5.7b).

However the use of lowcost platforms bringa limitation inherent to power consumption. As
presented irsection3.2.1, eSwarBotsvere built to present aenergyautonomyof approximately3
hours. Neverthelesgach set of experiments was performed in different occasions in which robots
needed to be activerf@.5 hours to 3.5 hours (deployment time plus mission execution). At some
point, i.e., approximately after the Y4rial of each different condition, some robots (around 1 to 3
robots) were unable to fulfil the whole trial (with 5 minutes duration) demérgy depletion. In both
ESTand random approach, without the herein proposediaeltance strategy, this turned out to
cause some minor failures in tRDPSOperformance since it resulted subgroug partitioning.
Figure5.11 depicts the trajectory performed by scouts, undeE8iEapproach, in which one of such
situations happened in the"&ial. As Figure5.11 depicts, the partitioning afubgroupsmay not
greatly jeopardize the performance of the algorithm, aRIDESOis endowed with evolutionary
behaviour that allows the progremsiof scouts based on their performance. Nevertheless, the failure
of robots may be more critical in larger scenarios or when a high number of robots is affected by

failures.
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a)t= 0 seconds b) t = 42 seconds
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Figure5.11 Trajectory of scouts under tlEESTapproach in the T6trial (dark objects corresponds to obstacles). a) The
configuration evolves starting with a spHide deployment; b) The scouts try to maintain a signal qualitb0fiBm
between their nearest neighbour whilébgroupsvolve @reyscouts correspond the socially excludedulgroup); c)
One scout from the greesubgrouphad an energy depletion due to the exhaustive experiments, thus partitiosirg its

group d) As the top green scout thinks stshgrougds not improving, it got socially excluded

To improve the system robustness to such possible failures, 20 new trials under the same condi-
tions with ESTdeployment were performed while considering a biconnelt@ET, i.e, 'Q .
Hence, rangers deployed scouts while maintaining a minimum signal dpediitgen the previously

deployed scout 6f71.99dBm, obtained by means of equa(®i3) as:

n pmml i1 C¢ pm : (5.13

Once againFigure5.12 depicts the performance of tRDPSQalgorithm, by changing th&
fault-tolerance from 1 to 2. As one may observe, the single conne&BUET (i.e, 'Q p) allows a

faster convergence of scouts toward the optimal solution. Such behaai® expected since besides
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presenting a larger distribution that grants a largegrdity of solutions, robots are less constrained
by themotionsof their neighbours Nevertheless, one should observe that the biconnbtAET
(i.e.,'Q ¢) presents a similar behavior than whenRIEPSQOis under the random deployment strat-
egy without ag fault-tolerance mechanisnef(, Figure5.9). This phenomenon leads us to conclude
that theRDPSOpresents sensitivity to initial conditions., initial pose of robots, which is a perva-

sive feature of chaotiand stochastisystems.
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Figure5.12 Performance of thRDPSOunder theESTapproach with and without fault tolerance. Coloured zones corre-

spond to the interquartile range of the best solution of the 20 trials for each different deployment

To further assess how fattilerance affects the global system performaara®to improve the
comparison between the single conned®ANET with ESTand random deployment$able 5.2
summarizes some relevant communication data obtained throughout the 60 experiments, 20 for ea

different condition.

Table5.2. Average andtandarddeviation of communicationada.

AVG £ STD _ EST _ Fiandom
Q p Q ¢ Q p
Signal quality §iBn -715+36 -69.2+2.9 -71145.1
Number of hops 1.6+0.4 1.0+£0.5 1.4+0.5
Fiedler valua 2.6+0.7 4.4+0.5 2.7£1.0

The signal quality was measured between altlooye communications.e., betweemeighbour
scouts. The number of hops was the number of scouts necessary to forward the message between n

neighbourscouts. Finally, th&iedler valuewas calculated based on the topology of MANET at
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each iteration. As presented in Natteral work (Michael, Zavlanos, Kumar, & Pappas, 2008g

connectivity ofa networkof 0 robotscan be represented by thecond smallest eigenvaluaso

known agiedler valugl of theLaplacian matrixt /b N 5 defined by:

fl > 0, (5.14)

whereo is the adjacency matrix that directly depends of the link mat¢ef., sectiord.4) anda

3 Ng is the valency matrixi.g., diagonal matrix) ob described as:

> QOB O . (5.15)

For amore detailed description alothe adjacency and link matricesthe RDPSOcontext
refer tosectiord.4. It is noteworthy that the graph is connected when tbél&i eigenvalue is greater
than zeroj.e., } T

As it is possible to observa Table5.2, and as expected, boESTand random deployment
without any faulitolerance strateggi.e, Q p) present similar results regarding the signal quality
between direct transmissi@mdthe nunber of scouts necessary to forward a message and the con-
nectivity of theMANET. The main difference between both lies in the variability of the results as the
standard deviation is larger in the random deployment strategy tharE8ThEhis may be expiaed
due to the initial configuration under the random deployment does not guarantee the adequate topol-
ogy to ensure the minimuMANET connectivity,i.e., each scout may directly communicate with 2
or more scouts. Although this may be necessary in soaatisits, it also reduces the diversity of the
algorithm in the first iterations. The strategy that clearly stands dwgbte5.2 is theRDPSOunder
the ESTapproach with biconnectéddANET (i.e., Q ¢). The average signal quality between neigh-
bors is considerably larger than in the other strategies (note that valuesiBrg,ithus resulting in
a signal level, in watts, 50% larger than in ttker strategies without fattiblerance mechanisms.
Taking this into accourlirings us to a smaller number of scouts necessary to forward the message to
other nonmneighbourscouts. In fact, the data shows that most of the exchanged data between non
neighlour scouts only needs approximately one scout to forward the message.

Let us now evaluate the scalability of tBETapproach using larger populations of robots in a

simulated environment.
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5.3.2 Scalability Evaluation through Simulations

In this section, the &ctiveness of the deployment strategies is further explored. To thathend,
RDPSQis used after the initial deployment of large swarms of simulated robots, to perform a collec-
tive foraging task in a simulated scenanmdelledafter the sports pavilionsed in the experiments
with physical robotgcf., Figure5.7).
MRSimwas used to evaluate and compare the approachese(tion3.2.4). Due to the lack of
a pre-existentmodel of WiFi propagation (radio frequency @& "O"Opin MRSimsimulatorat the
time, this work contemplated its implementatioesed orLucaet al.work (Luca, Mazzenga, Monti,
& Vari, 2006), which used the weknown multiwall radio frequencyRF) propagation modelThe

attenuation over the transmittexceiver distanc® & was calculated as:

O a pit 1T B &, (5.16)

wherew represents the number of walls with attenuadiobetween the transmitter and the receiver.
The constant factost corresponds to the reference loss valug at. This was defined a&
T B 'Q d6and experimentally validated indoor scenarios by Lua al.(Luca, Mazzenga, Monti, &
Vari, 2006) The path loss expongnt is usually defined betweenandt, wherein values near
correspond to propagation in free space @ues near represent lossy environments. The param-
eterf was uniformly distributed over the intervalandt, thus providing a stochastic effect on
the communication propagati¢8klar, 1997)

Figure5.13a clarifies how th&ViFi propagationn such scenaris modelledand illustrates the
-75dBmthreshold previously defined as the mmim signal quality considered to carry out the initial
deployment(cf., Section3.2.3. As it is possible to observe, a robot may be unable to communicate

with its teammates in some zones due to occlusion by obstacles and distance.
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Figure 5.13 Simulation experiments in @ T p Tmeters indoor scenario (sports pavilion):VE)Fi communication
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As seen irFFigureb.13, the ESTandthe random deploymetdad to distinct dispersion of scouts
in the environment. As expected, the teams are able to cover the area in a wider way, with the increase

of the number of robot$ , for both approaches. Nevertheless, the figure shows that, generally, the
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dispersionobtained using thESTappro&h is superior to that shown by the random deployniant
addition, we consider thresibgroup deployed independently, which are identified by a unique col-
our. Results show th#tte random deploymetends to deploy eaclsubgoupin a specific region of

the environment, whil&STpromotes the dispersion of several members belonging to thessiéme
groupthroughout the area, and close by to members of sth®groug. This is particularly visible

in Figure5.13d. Spreading the scouts that belong to the ssubgroupn a large area has the benefit

of collecting more information about the search space and eventually prommatiegrariability in

the observations within the samabgroupof scouts. As a consequence, this leads to the reduction of
the convergence time of the foraging approach used after the initial deployment.

The sensed light from the real scenario in a givesition oo was represented by a matrix
"Ocfy with the intensity values previously obtained by sweeping the whole scenario with a single
eSwarBo{(Figure5.7b). One test group for each deployment configuration and number of scouts was
evaluated within 20 trials. In other words, a populatio of p bo fip Ttscouts was tested for
both ESTand radom deployment. Henc&jgure5.14 depicts the performance of tRDPSQ by
changing the initial deployment strategy and the total number of sgouts p bo i 1t Figure
5.14a also comprises the output frdfigure 5.9 for the purposes of comparison with the previous
results obtained using 15 rezwarBotgpattern regions). The remaining parameters were the same
as fromTable5.1.

It should be noted that simulation results are consistent with the real experiments previously
carried out, especially as the mission develops further in time. Despite some discrepansies; th
larities between the real experiments witheBwarBots@and 15 virtual scouts are worth mentioning.
This suggests that the phenomena implemented wWilliR®im in particular théwiFi propagation
depicted orfFigure5.13a, are in accordance with reality. Moreover, the amplitudes of the results also
suggest that the virtual representation experimentally retrievéidume5.7b is a decent approxima-
tion of the light intensity.

In general, as one may observe once again, results using both deployment approaches with d
ferent population sizes show thas a ruleiSTdeployment yields a larger distribution, thusuiéing
in a faster convergence in the exploration phase towards the optimal sath#orcompared tthe
random deployment. The difference in the performance is more noticeable withr gropliations,
asESTleverages from superior space distribution, while in larger populations this situation is miti-
gated. In fact, this is clear by findings obtained with ¢ Tand0 ¢ mThe physical restrictions
of the space cause the performatadee similar under those configurations, as showritpyre5.14b
andFigureb.14c.
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Figure 5.14 Performance of th&DPSOunder different deployment strategies and number of scouts. Coloured zones
correspond to the interquartile range of the best solution of the 20 trials for each different deploytnent. @)uthe

pattern regions are the representation of the real iexpets fromFigure5.9); b) O o 1ec) 0 Q1

To go further into comparing both deployment strategies, the area covered by the scouts imme-
diately after being dqdoyed was studie(Mei, Lu, Hu, & Lee, 2005)To do so, let us consider that
each scout is able to sense an area of 1 meter radius around itself with its light Sene@S.15
depicts the area covered by 3 teams of 5 scouts each over the scenario. The total area covered by all

the scouts is retrieved using theambobperator from set theory.
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Figure 5.15 lllustration of the eea covered by 3ubgroug of 5 scouts each using tE&STapproach. Each different

coloured region represents the area coveredsybgroup Grey regions represent the intersection between areas covered

by differentsubgroup.

Considering the scenario dimensiogst{ @t without obstacles), a single team of less than 64
scouts uniformly distributed throughout the scenario would e tabfully cover it without even
moving. However, such deployment would only be possiblg the robots would be aware of the
scenario dimensions and obstacles location;iigradl scouts would belong to the saswbgroupor
they would be able to sleamformation with scouts from differestibgroug. As both assumptions
cannot be held undeeal conditions from which this work is sustained, such optimal assignment
cannot be guaranteed. Therefore, the ratio between the area covered by the scoath withfay-
uration and the total area of the scenario is used to compare both deployment strategies.

Figure5.16 depicts the ratio of the covered area for each different configuraggrdifferent
team size. The vertical lines within the charts represent theguatetile range retrieved from the 20
trials of each configuration. The chart shows & provides a larger coverage immediately after
the initial deployment. Furthermore, the differences in the covered area of both strategies are mor
apparent with larger populations, because of the high number of intersection in the sensed areas

different scoutswhen these are deployed using a random deployment
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Figure5.16 Ratio of covered area for a population of 15, 30 and 60 scouts grouped intsuibgeeus.

A video of the experiments is provided to better understand how the deployment influences the
RDPSOperformanc®.

5.4 Discussion

Once again, nature offers a fascingtstrategy from which researchers can get inspiration for the
design of initial deployment solutions: an infraclass of mammals knowraesupial Although the

idea of having robots transportingbots has not been retailed as it should, some preliminary works
highlight its relevance on realorld situationgRybski, et al., 2000)Iin brief, when a transporting
robot(ranger)can no longer movia a given environment due to its design, other rofsmsuts)wvith
different capabilities may be able to succeed and use the progress made by the previous robots to its
advantage. The main motivation of usmgrsupialrobot systems is precisely the llity of reach-

ing remote locations using solely tbarrier robot, taking advantagédifferert strengths and weak-
nesses of Aeterogeneous multobot system. Moreover, and as already stated in this Thesis, a net-
work infrastructure is not usually presémrealworld scenarios. Therefore, cooperative robots have
to fulfil their mission while maintaining connectivity among teammates. InRhi®.work, this is
considered a hard assumption and, as sucim#nsupialstrategypresented in this chapteienoted
asExtended Spiral of TheodorEST), guaranteg that theMANET stays'Qconnected during the

initial deployment ofscoutrobots, whereiriQdepends on the desired level of connecti(tyction

2 http://www2.isr.uc.pt/~micaelcouceiro/media/Deployment _Robotica_new.mp4
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5.1). This was followed by the extension of tROPSOwith a faulttolerant distributed search to
prevent communication network splits.

Experimental results were fist conducted in a large indoenario (sports pavilion) endowed
with obstacles. For the purpose of evaluating the deployment strategy and the relevance &having
connectedMANETs on theRDPSOperformance, Jraxbotsrangers ¢f., section3.2.2 were used to
transport SeSwarBotsscouts eachcf., section3.2.1). The superiority of th&eSTapproach over a
random deployment is evident on the initial distribution of scouts throughout the environment and,
as a consequence, it speeds upe.gEigune’9 Ontieo n v «
other hand, increasing the level of connecti@y i gni fi cantly sl ows down
is only natural as the relevance of communication constraint represented by compohgirevi-
ously introduced on sectioh4 increases witfiQ Despite this, lie connectivity oubgroupsinder
the biconnected mechanigf® ¢) herein proposed prests a significant increase when compared
to the other strategigdable 5.2). Such connectivity increase is, in a broad sense, the difference
betweente connectivity of a linear tandem netwatg,, in which each scout directly communicates
with, at most, twaneighbours a n d -m& s h &t aie.t seoats ik a star network are cross
connected as well as radially connected to ensure biconne¢é\gtyFigure5s.2).

To improve the evaluation of tHeSTdeployment strategy, simulation experiments were con-
ducted with a larger number of simulatextbots onMRSimenvironment (sectio’.3.2). Besides
depicting the close relationship from the previous results retrieved with real platforms, the simulation
expeiments widen the comparison betweenB&Tapproach and a random deployment by present-
ing the ratio of the area covered by a population of up to 60 scouts grouped insuthgesug (3
rangers). For instance, while a random distribution of the sceetglte scenario results in an average

covered area of 60%, tfESTis able tarise the covered area to 70%iqure5.16).

5.5 Summary

This chaptemproposed a realistic deployment strategy inspired oSpir@al of Theodoruby benefit-
ing frommarsupial systems in distributéRS The scientific contribution of the chapter was further
enriched by considering faulty environment and, as such, propdséolarant communication strat-
egies to avoidMANETruptures.

A population of 1530 and 60Gscouts and 3 rangers was used to evaluate both marsupial ap-
proaches withirthe RDPSOapproach introduced on chapterEach ranger handled the initial de-
ployment of an entireubgroupof scouts allowing a distributed and autonomous transportation, thus

sparing the need of a ppgocessing procedure.(, topological featurs extraction using unmanned
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aerial vehicles). Experimental results, obtained in simulations as well as with physical teams of
bile robots, show that the exploration strategy converges sooner when usswectiied Extended
Spiral of TheodorugEST) deployment approach, demonstrating the importance of an informed
choice of an initial deployment strategy in exploration tasks in unknown scemdamover, using
fault-tolerance strategies allows overcoming robot failures such as energy depletion.

Through thischaptey one can conclude that the performance oRB&SCalgorithm is suscep-
tible to the initial pose of robots. This sensitivity to initial conditions is a prime source of the unpre-
dictability inherent to chaotic systenfthough this is anntrinsic feature of stochastic swarm algo-
rithms, such unpredictability can be minimized by efficiently sharing the necessary amount of infor-
mation between teammates. Nevertheless, increasing the communication cost also brings many dis-
advantagesl herefore next chaptepresents a thorougtiudyaroundthe communication complexity
of theRDPSQand proposea rationale so as to minimize the communication overhelaide main-

taining the team aware of local actions.



CHAPTER VI

Communication Optimizati on

COMMUNICATION is an essentiaksourcdo fostereffective cooperation among rob@iarker
L. E., 2008b) In brief, and as described in secti.3 the way robots communicate can be
divided into basically thregypes i) implicit communicationi(e., stigmergy; ii) passive action recog-
nition; andiii) explicit communication. Within ththree techniques, the use of explicit communica-
tion is the most gpealing metho@nd the one adopted in this work, because of its directness and ease
with which robots can become aware of the actions and goals of their teantioateser, and as
previousy addressed in this thesis, the development of robot teams for unstructured scenarios, suc
asSaR requiresrobots to maintain communication among them without the aid of a communication
infrastructure. In other wordand as described in sectidi, robots need to be able to deploy and
maintain aMANETIn order to explicitly exchange information within meiop network paths with-
out unnecessarilyrestticic ng t he Nevatmel@ss, as preniaugy.statedch networks typ-
ically consist of a large number of distributsinplistic nodes i.e., swarmrobots) that organize
themselves into muHnop wireless network&dding this to the fact that robcase deployed in either
hostile or inaccessible environments, then M&NET connectedness may significantly drop, thus
jeopardizing the success of the mission.

In section5.2, it was proposed a fauiblerance strategy to guarant€xonnectedVIANETS
within subgroups ofi robots, @ = and™Q@ 0  p. Hence, a given robot would choose &
nearest neighhos and the virtual force to maintain tRRANETconnectivity was represented by the
vector sum ofQvirtual forces. This follows the same principles previously addressed in other works
such as(Sabattini, Gopra, & Secchi, 2011laand (Casteigts, Albert, Chaumette, Nayak, &
Stojmenovic, 2010jegarding the need to maintain a pervadMeNET. Nevertheless, only by secur-
ing that each robot may communieatith its teammates does not ensure an efficient group commu-
nication.The more robots needto explicitly exchange messages between themselves, the most the
swarm is susceptible to flawBherefore, bsides studying the necessary information to be egetan
between teammates, routing protocols should be designed based on the-meistadncontextual
information,i.e., based on the behaviour that one should expect froMR&

Bearing in mind such assumptions, many work$/&Shas been focused on efficiently sharing
information between teammatéRocha R. P., 2006ldereford & Siebold, 2008Shah & Meng,

2007) Rochaaddressed the problem of building volumetric maps efficiently sharing the necessary
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information based on mutual information minimizat{®ocha R. P., 2006bTo that end, the author
presentd a distributed architecture model with efficient information sharing, wherein entropy was
used to define a formal informatidgheoretic background to reason about the mapping and explora-
tion process. This allows to share only information that may beargtiéor the team. It was with that
same priciple that Hereford and Siebgidoposed a swarm exploration strategy wherein robots only
shared their position if their own solution was the best solution in the whole sulfgiengbord &
Siebold, 2008) Although this is an interesting strategy, robots still need to share information con-
cerning their own solution and a global assessment of the collective performance needs to be carried
out. Similarly,Shah ad Mengproposed a communicatigfficient dynamic task scheduling algo-
rithm for MRS(Shah & Meng, 2007)This algorithm avoided unnecessary communication by broad-
casting global information only to the robots who were interested in it, thus reducing the communi-
cation overhead. Simulation experiments showed that the proposed strategy was able to reduce the
communication cost to almost half when compared to a common broadcast approach.

Besides exploiting the necessary information that robots should share, routing protocols, such as
the weltkknownAd hoc Ordemand Distance Vect@hODV), have been successivelytended based
on the mobile network requiremer{sbedi, Fathy, & Taghiloo, 2008ysenov & Hnatyshin, 2009;
Ayash, Mikki, & Kangbin, 2012)For instance, the authatAbediet al. extended th&dODVrouting
protocol based on thilanhattan mobility modethus making it more fitted fovehicular Ad hoc
Networkapplications(Abedi, Fathy, &Taghiloo, 2008) Such strategy allowed establishing more
stable routes, especially in applications demanding a high mobility of nodes, thus reducing the com-
munication overhead of the network. Magenerally, Asenov and Hnatyshaxtended théAODV
base&l on the geographical position of nodes retrieved B#S(Asenov & Hnatyshin, 2009)This
improves the performance of tiheute discoveryprocess inAODV routing (f., section6.2.1for a
description about this mechanism). Nevertheless, such strategy assumes that each robot in the net-
work is aware of all tirgadh;mocommunisabon pom@eixity.iSiniatrly, t h u s
the work presentebly Ayashet al proposed twdsPSbased strategies, namely h®DV Location
Aided Routingprotocol and th&ODV Line protocol, to minimize the control overhead of &@DV
protocol, thus liming the flooding area AAODV (Ayash, Mikki, & Kangbin, 2012)While the first
protocol limits theroute discoveryto a small area of the network, the second protocol uses node
location information to r&rict route search area to be only near the line connecting source and des-
tination nodes. However, both strategies still present the same disadvantage as thfeAseniov
and HnatyshinAsenov & Hnatyshin2009) i.e., the knowledge about the current position of all
robots.

Following those ame principles, this chapter preseii®e main contributions:
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i) The data exchanged between robots of the same subgesupetwork, is studied in depth
and a rationale is presented for each different situation withiREeSOcontext so as to
minimize the communication overhead (sec#of);

i) The traditionalAODVreactive routing protocol is extended based orRIb®SOdynamics
to minimize the number of updates regarding the routes connecting pairs of robots, thus
avoiding unnecessary flooding (secti®R);

iii) Based on the proposed approaches, the communication complexityRiDE#Ois evalu-
ated using both physical and virtual robots in a large indoor environment (f&8ion

Sections.4and6.5outline the discussion and main conclusions of this chapter.

6.1 Sharing Information in the RDPSO

As previously described, tHRDPSOensures the connectivity of the netwock,(... 0 term in de-
scribed in sectiod.4). Nevertheless, how this is carried out in practice without overloading the com-
munication channel needs to be addressed. Moreover, the communication packet structure shar
between robots nds to be specified and a rational behind it should be introduced. Generally, the

packet data structure may be illustrated as present&dune6.1.

Header bit 1ip Data byte(s)

0 Local Broadcast to neighbs Number of bytes depends on specific dat
1 Broadcast to whole subgroup

Figure6.1. General communication packet structure for a subgrotp adbots.

It is noteworthy that the broadcast to the whole subgroup should be avoided as it represents
high communication complexity. In brief, in order to broad@afstrmationto the wholesubgroup
by mult-hop communication, the message needs to be addressed to eaclDRadlet number of
bytes necessary for the main message,Data byte(s), will depend on the message itself. For in-
stance, if a robot wants to share its position andidening a planar scenario, then two bytes may be

enough to represent the coordinate on each axis.

6.1.1 Ensuring Connectivity

In section5.], an initial deployment sttagy denoted a&STwas presented. THeSTwas introduced
as an autonomous, realistic and fdalerant initial deployment strategy based on R&Slsignal
quality signal. The initial deployment was able to ensure that each exploring robot would be able
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communicate witfOneighbairs from the same subgrod@, =&, thus ensuring that ttdANETis Q
connected. After the initial deployment process is concluded, robots explore the environment while
ensuring the sam@connectivity of the subgroup by defining 6 as a set ddttractiveandrepulsive
forces (section.2?).

Based on the strategy presentedéstion5.2, it is possible to ensure tf@connectivity of the
network by simply sharing the position to flleeighbarrs. Therefore, only taking into consideration
the information 6the 0 robots within the onéop pathi(e., neighbairs) would allow ensuring the
connectivity of the whole subgroupigure6.2 presents the packet structure of communication for

this particular situation.

Header bit Data byte(s)

0 w o
Figure 6.2. Communication packet structure that allows robots in maintaininylkiET ‘Qconnectivity within their

subgroup of) robots.

For instance, as previously stated adternative to broadcasting the position tottheeighbors
would be the use of strategies to find the teammates position under their visuakrgngebots
equipped witlLRFs can use retroeflective markers for recognitiofiKulkarni & Venayagamoorthy,
2010) To that end, one should ensure that the sensing radiissequal or superior to the mienum

distance oheighbourd) , which depends on the minimum int@bot signal qualityRSSI

6.1.2 Converging to the Optimal Solution

As previously presented in sectidrl, ... 0 represents the best positions of the social component.
Therefore, robots from the same active subgroapnot in the socially excludeshilgroup, need to

share their best cognitive solutit® 0 and current positiod 0, so as to compute the position of

the robot that has the best social solution. For instance, if one wishes to find a gas leak, the best

performing robot will be the one with the highest solutios, iNA ® 0. Nevertheless, efficiently

sharing tlis information may allow to drastically reduce the communication complexity of the
RDPSOFor instance, if a robot from the active subgroup was unable to improve, then the information
about its position and solutiamirrelevant to the group.e., the cdlective behavioumwill not change.
Therefore, and as a rubé thumb a robot onlyneeds tshare its current solution and position if it is
able to improve its best cognitive solutiae,, Q0 Q "Q0o,’Q w. Otherwise, and as robots are

able to menorize the best solution of the subgroup and corresponding position so far, without signif-
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icantly increase the memory complexity, robots will simply continue computing their algorithm with-
out communicatingFigure 6.3 represents the packet structure sent from a robot that was able to

improve its solution.

Header bit Data byte(s)

1 W o Qo
Figure 6.3. Communication packet structure that allows robots from active subgroups to cooperatively converge to the

solution. This packet is only sent if a robot improves its best cognitive solution.

Note that this significantly reduces the communication complexity as this data needs to be ex
changed between all teammaies, broadcasted to the whole subgroup by means of-imiticom-
munication. For instance, in the experiments from sedtidr?, a setup of 4, 8 and ESwarBoton
a small scenario with one optimal and one-epbmal solution was presentedt.( Figure4.11). As
Figure6.4 depicts, using 12 robots represent the most critical situation tested regardingnitescha
that the subgroup has to improve. Even so, in a population of 12 robots under the 80 trials of 18
seconds each, it was possible to observe that awasainly able to improve in approximately 15%
of the iterationsj.e., only approximately 15% ohe information shared is useful to the collective
performance. As the number of robot decreases for the same scenario, the probability that a robot h
to improve also slightly decreases, thus slightly decreasing the amount of useful inforFigtioa (

6.4).
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mental evaluation on sectidn7 2.
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It is noteworthy that the amount of useful information waty depending on several conditions
(e.g, number of robots, scenario, mission objectives, among others). Nevertheless, efficiently sharing
information based on the herein proposed strategy will always significantly reduce the communica-
tion complexity ofthe algorithm as robots will not always improve at each iteration. After this anal-
ysis on the data exchanged between robots from active subgroups, next section shows an efficient
way to share information between robots within the socially excladisgtoup.

6.1.3 Avoiding Sub-Optimality

As previously presented in sectidib, the way theRDPSOhandles sumptimal avoidance is by
socially excluding robots that have notfito offer to the group,e., that are unable to improve for a
certain stagnancy threshoMotethat as previously stated in sectidrb, although excluded robots
do not help the swarm searching for the optimal solutiay, are always aware of their best cognitive
solution. That being said, the only regular information ed@turobots need to share is their current
position to theimeighboursso as to maintain tidANET connectivity €f., Section6.1.1).

However, if an active subgrpiwcontinues to improve for a certain amount of time, there will be
a probability to be rewarded with the best performing robot from the socially excluded group. More-
over, the socially active subgroup will also have a small probability of creating a ngmspifirom
the best performing robots from the socially excluded subgroup. Therefore, when excluded robots
receive a calling from an active subgroup, they will broadcast their best cognitive solutions and re-
spective positions to the whole socially exclugedgroup by means of mwhop communication
(cf., Section6.1.9. Thereby, they will be able to assess the best performing excluded robots so far
and evaluate wibh ones would be a part of an active subgroup.

Although one wishes to avoid broadcasting to the whole #hafiinetwork, this event will only
occur from time to time since it depends on the constant improvement of subgroups and a probability
of successfutalling. Furthermore, an adequate choice on the routing protocol may allow overcoming

or, at least, minimizing the broadcast overhead.

6.2 Routing Protocol

In MANETS, the communication between source and destination nodes may require traversal of mul-
tiple hogs. Since the introduction of such networks, a community of researchers has proposed a vari-
ety of routing algorithms, mainly divided into two classg@groactive andii) reactive In the first

class, every node maintains a list of destinations and their routes by processing periodic topology

broadcasts originated by each node in the network. In reactive routing protocols, nodes maintain their
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routing tables on a nedd-use basisFor more information about those two classes please refer to
(Natesapillai, Palanisamy, & Duraiswamy, 2009)

Although many works hae been comparing such routing protocols, those have been mostly car-
ried out in simulation and outside the scope of swarm robotic applications, wherein a large quantit
of highly dynamic nodes need to be considgilezk, Gerla, & Toh, 1999(Bertocchi, Bergamo,
Mazzini, & Zorzi, 2003\ Wu, Xu, Sadjadpour, & Garclauna-Aceves, 2008)Within such assump-
tions, the class of proactive routing protocols utterly falls a@sides being unsuitable to use in
highly mobile nodes, proactive routing requires a high communication cost to constantly maintain all
topological information.

Therefore, and as swarm robotics aims for scalability under an increasing numbers afrrdbots
mobility rate within the network, this work will focus on reactive routing protocols. One of the most
well-known reactive protocols is thhd hoc Ordemand Distance Vectoouting protocolPerkins,

Royer, & Das, 1999)

6.2.1 Ad hoc On-demand Distance Vector AODV)

The Ad hoc Ondemand Distance VectoAQDV) routing protocolPerkins, Royer, & Das, 1998

one of the most adopted reactiVANET routing protocols. This protocol exhibits a good perfor-
mance orMANETS, thus accomplishing its goal of eliminating source routing overhead. Neverthe-
less, at considerably high rates of node mobility, it requires the transmission of many routing over-
head pakets. Despite this limitation, tlRODV has been extensively applied in most wireless equip-
ment, such as the one used on the robotic platfeBasarBotsthe Original Equipment Manufactur-
ersRF (OEM-RF) XBeeSeries 2 fronDigi International(cf., section3.2.3.

Under theAODV protocol, when a robot A needs to communicate to robot B, it broadcasts a
route discoverynessage to its neighbouise( local broadcastjncluding the last known sequence
number for that destinatidiroch, Maltz, Johnson, Hu, & Jetcheva, 1998)eroute discoverys
flooded through the network until it reaches a robot that has a route to the destination. Each robot th
forwards theroute discoverycreates a reverse route for itself back to robot A. Whemaine dis-
coveryreaches a robot with a route to robottBat robot generatesraute replythat contains the
number of hops necessary to reach robot B and the sequence number for robot B most recently se
by the robot generating threute reply Each robot that participates in forwarding ttosite reply
backtoward robot A creates a forward route to robot B. Hence, each robot remembers only the nex
hop and not the entire route.

In order to maintain routeODV normally requires each robtat periodically transmit dello

messageWithin theRDPSQalgorithm this may be accomplished at each step of the algontam,
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after reaching a desired positian 0 p , thus benefiting from the need to share its current position
in order to ensur®ANET connectivity (Sectio®.1.1). A previously defined link may considered to
be broken if a robot does not receive three consechile messagefsom a neighbour. Under that
condition, any upstream robot that has recently fored packets to a destination using that link is
notified via anunsolicited route replgontaining an infinite metric for that destination. Upon receipt
of such aroute reply a robot must acquire a new route to the destination usinguite discovery

once again.

6.2.2 RDPSObasedAODV

Although the mechanics of t®ODV are quite transparent for users in most wireless technology
(e.g, OEM-RF XBee€Series 2), one may need to extend the origh@DV features so as to further
adayt it to the application itse(fAbedi, Fathy, & Taghiloo, 2008)n this work, theAODVis extended
based on two key elements:
1 As the teams of robots begin connected by mean d&&¥énitial deployment ¢f., section
5.1), anode discoveryunctionality was introduced;
1 The mobility of robots within th&@DPSCbehaviour is taken into account so as to establish
more stable routes.

Thenode discuery basically allows discovering tH®s of all robots that have joined the net-
work. Each robot will then broadcashade discovergommand throughout the network. All robots
that receive the command will send a response that inclode®wn addressA timeout is defined
by thenode discovergender, thus allowing specifying an amount of time a robot will spend in dis-
covering its teammates. In other words, tlugle discoveryunctionality is highly suitable as the
RDPSOhandles multiple subgroups artds unfeasiblgo predefine ataticpopulation of specific
robots to form a subgroup in advance. Moreover, such strategy avoids the need to configure the ad-
dress of each robot independently as each robot will acquire the dBfanflits teammates in the
beginning of the mission. Therefore, after each subgroup is deployed within the scenario, the very
first action robots must perform is thede discovergommand. Afterwards, theute discoveryvill
be carried out and the missiusill start.

Subsequently, it is possible to improve @DV based on the mobility of robots, by first un-
derstanding how robots may generally behave withirRIBEBSCQalgorithm. As previously presented
in chapter4, the RDPSOmodel depends on the sensed information, both cognitive and social, and
the inertial coefficient based on the approximate fractional difference of|orddrat being said, a
robot maypredictwhere a neighbour.e., aonehop robot, will be in the next iteration by knowing

its previous positions, its best position so far and the social solution of the group. The later situation
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is the simplest one as each robot is always aware of the begirsofithe whole group so fasgction
6.1.2. Hence, this requirement does not increase the memory complexity of the algorithm at all.

Similarly, a robot may kow the best position of its neighbours as it is intrinsic to the communi-
cation packet structure shared when robots avptheir individual solution éction6.1.2). For this
situation, each robot will need to keep the position received by robots when they are able to improv
e, Q0 Q "Q0o,Q =.Nevertheless, the position of rorighbair robds may be discarded as
this is a distributed strategy that only considers information fromhopeobots Therefore, this
results in an addition of the memory complexr robot equal to the number of neighbour robots,
i.e, ™ 0 . Note, however, thahis only represents memorizing twige bytes necessary to repre-
sent the planar best position of each neighbour robot.

The most memory demanding situation will be inevitably memorizing the position of neighbours
over time. Based on equati¢fh1l), one may compute the motion of robots with the information of
the four last stepse, 0 0 QQ 18 fo. As neighbar robots share their current positian o ,

a robot needs to memorize the two consecutive posiioisandw 0 p of all its neighbars so
as to calculate their current velocily 0. In other words, a robot will need to keep tratkhe
position of all itsh neighbaur robots for thedst 5 steps to estimate their positioa, * V0

In sum, to extend thaODV based on th®RDPSCObehaviour, one needs to increase the memory
complexity of robots by @0 . Note that this is a small increment to the memory complexity of
each robot wln compared to the benefit that this novel mechanism may provide in reducing the
communication complexity of the whole swarm.

Having the information described above, each robot may be aptedicta | | nei ghbou
positionw 0 p by means of equatia@.5), (4.6) and(4.11), while considering solely their cogni-
tive and social componentdevertheless, as tiRDPSOis endowed with a stochastic effeiot,, i ,

"Q plgfolt, it is almost impossible for a robot éstimateitsn e i g h kexaal mext position accu-
rately. However, one may improve the precision of such estimate by considering the expected valu
of the uniform random parameters. In other words, for the position estimagggbboursa deter-
ministic smplified version of thd(RDPSQOis considered. The deterministic simplifiB®DPSOis ob-

tained by setting the random numbers to their expected values:

o1 -fQ pk. (6.1)

Thus, for the deterministic simplifiedDPSQ replacing the random factarsby -, equations 1,

2 and 3 may be rewritten in a single equation as:
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WR O P p | -B WRO - WRO p -
-l @R O ¢ —| —| —| WRp 0 O (6.2)
—| —| —] @R O T =" K O =" KO,

in such away thab 0 p represents the position of robdestimated by its neighbio£. Note
that the remaining parameters in equafi@g) are explained on sectighl Although the estimated
position is unlikely to be exactly the same as the real positepw; 6 p w 0 p,agood
approximation may be enough to select if robatay be a candidate to be the intermediate in route
between source drdestination robots.

Therefore, to improve thAODV routing protocol, when a source robot wants to send a packet
to a destination robot, it will first estimate the next position of neighbour robots. Then, it will recog-
nize the intermediate robot that gaarticipate in the routing of the message. The robot can be selected
as the next hop if its estimated position is the closest to the destinationi.@ptie one with the

smallest Euclidean distance.
00 AOCIQEI; 6 phw 0 p , 6.3)

whereinO'0will represent théD between alfoboteéd s  n arbs thdt Hae the smallest distance to

the destination robot andd 0 p the estimated position of the destination robot. After the message

reaches the selected robot, the same process is carried out in order to assess the rdightiat
would yield the next most fitted hop.

Henceforth source robot, destination robaeidacandidate robot for next hop are the inputs of the
herein proposed strategy for each robot. It is noteworthy that the information that will be used from
the destination robot will be the last known information obtained from the broadcast to the whole
subgroup €f., Section6.1.2. Although the destination robot is likely to have changed is position in
the meanwhile, the idea is to have an estimate on the region where to send the message to and choose
the most adequatpath.

Routes established within such strategy are more stable and have less overhead than the original
AODV routing method. Nevertheless, this is a greedy distributed strategy and it may happen that a
robot cannot find any intermediate node as nextl@st For instance, the source robot may choose

the incorrecineighbourrobot based on its location without knowing that it may not have any other
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neighboursat all besides itself. In this situatiarg., when a message returns to a robot that already
forwarded it or to the source robot, then the com®A@DV mechanism ofoute discoverys used
between that robot and the destination afie $ectiont.2.1).

< | 3)
g
sdution

g 2
@ ¢
1 ) |
b) \ 4& c)

robot improved * a E /’ a
e e

S ? S — 5@ S S 5@
2, &‘\ 2, a """""""
4 route broker ~ 4
@ Traditional AoDV e RDPSCbasedAODV

Figure6.5. RDPSObasedAODVrouting protocol. Red bolder lines between robots represent that there exists a possible
link between them but that tieODV protocol is unaware of. a) The robots start connected by means B§fheitial
deployment strategy, thus enforcing MANET connectivity of the whole subgroufgection5.1). The node discovery

and route discovery allows to retrieve tBeof all robots and build the routes between them (blue thin lines). b) After a
while, robot 2 improves and tries to broaddéeshew solution and position to the whole network. However, as robot 2 is
unable to communicate with robot 6 by means of the route previously builtASDY, a new route discovery needs to

be sent (red thick lines). ¢) Using tROPSObasedAODV will allow robot 2 to choose theeighbourthat is near robot

6,i.e. robot 3, that will forward the message to its destinatien,robot 6.

To easily understand the herein proposed stratégyre6.5 presents an illustrative example of
a subgroup under tHiRDPSOalgorithm. In the beginning={gure 6.5a), and due t&RDPSOmain
mechanisms (chaptd}, robots are able to communicate between themsdivwes guaranteeing the

MANET connectivity. Since thé&ODV routing protocol is the one adopted in this work, its main
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mechanism to retrieve all routes between robots is fulfilledroute discoveryas presented in Sec-
tion 6.2.1 The routes between robots are represented by the blue thin lines that connect them. Due to
the particularities of th&@DPSQ the node discoverys carried out so as to retrieve thzs d all
robots within the same subgroup. While any robot improves, they will continue exploring the scenario
informing its neighbours about its position to maintainMANETconnectivity (Sectios.1.1). After
a while Figure6.5b), robot 2 is able to improve its cognitive solution, thus informing all other robots
within the subgroup (Sectidhl.2. Since robot 2 cannot communicate with robot 6, and considering
the traditionalAODV, a new route needs to be found,, theroute discovernyneeds to be fulfilled
once again. Those new routes are represented by the red thick lines that connect the robots. Never-
theless, theoute discoverynechanism requires successive local broadcasts that may overload the
communication cannel.Figure 6.5¢c depicts the mechanism inherent to RI2PSObasedAODV.
Within such strategy, robot 2 will choose the nearest neighbour that grésesinallest distance to
robot 6,i.e., robot 3. As robot 3 is able to directly communicate to robot 6, it will forward the message
to it.

The wholeRDPSOcommunication procedure for a roliomay be briefly summarized as pre-
sented byAlgorithm 6.1 (Couceiro, Fernandes, Rocha, & Ferreira, 2013 (In Prdgs)¢ thatAlgo-
rithm 6.1 only focus on the shared information between robots and the routing protocol. For a detailed
description of theRkDPSOmainbehavioumlease refer télgorithm 4.4.

Next section evaluates the communication complexity dRIDESOwith and without the herein

proposed strategies.

6.3 Experimental Results

This section is divided intothreesgsbe ct i ons expl oring and comparing
version of theRDPSO(following the concepts previously presented before this chapter) to its coun-
terpart version proposed in this chaptér h e  fAizoep&DP 3D which aims at reducing the com-

munication overhead.
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End
Algorithm 6.1. Sharing information within thRDPSO.

6.3.1 RealWorld Experiments

In this section, it is explored the effectiveness of the proposed communication methodology on «
group of 15eSwarBotsi.e., O p v performing a distributed exploration task under RBPSO
behaviour. The samge 1t dr indoor scenaridrom section5.3.1was considerefthe sports pavilion
illustrated inFigure5.7).

As this chapteremphaseson the analysis the communication complexity of Ri2PSQ the
convergence of the algorithm itself was neglected. This may only be considered as the herein prc
posed communication methodology does not affect the deers@king of robots since the same
useful information is shared between teammiagardless on the protocol usétierefore aseSwar-

Botsare equipped withDRlight sensorgcf., section3.2.1), their solution was affected by the current
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room lighting conditions, either natural or not. Just for the purpose of illustrating the variability of

light over time Figure6.6 represents the intensity values of ligBtdwo over a dayf experiments

a 6 fsolutiordlights on
and room lights off)

Figure6.6. Virtual representation of the target distribution over day under different lighting conditions for the scenario
depicted inFigureb.7.

Exactly the samBDPSOparameterization froriable5.1 was considered, which ore should
highlight the number of 20 trials for each set of experiménts. ot her wor BBPSO t he i
(first set of trial s) RDRSOseconthsekoftrald)e.whie éxtensiorh e A o p
of theRDPSCObased on the strategies presented in this chapter.

As previously stated, by employing the optimized communication strategies presented in this
chapter, it is expected to significantly reduce the communication cost BEXR&Calgorithm. One
of the metlods to evaluate the communication cost consists in counting the average number of packets
sent and the processing time to handle the communication proceelupguse time, for each robot
over the 360 seconds of each trial. The number of packets serdasg to retrieve since a robot
under t hBDPS@cengnuricates after each iteration step to its own subgreypf it is a
subgroup of 5 robots then the robot will send 4 packdigereas n t he HAopti mi zedo
follows the rules premted insection6.1 Regarding the pause time inherent to the whole communi-
cation procedure, a timer was used to count the time before entering the functidiowsafa a
robot to send and receive the data packets from its own subgroup. It is noteworthy that during that
time the robot is unable to perform any other actibtaible 6.1 compares the averagd\(G) and

standard deviatiorS(TD communication cost of ttRDPSOwith and without the proposed strategy.

Table6.1. Communication cost.
AVGSTD Number of packets AVG=STD Pause time [seconds]
Re g (RDRSOO 742424 126+4
Opt i MDRS®Od 415+37 397

ot

ot
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As it is possible to observe, the number of messages significantly decreases using the propos
methodology. This is highly valuable as the number of exchanged messages has a high influence «
the power consumption of each robot. On the other hand, redtreé number of times each robot
needs to share its information allows reducing the time allocated for such task. Note that this is nc
proportional si nc &DRSH mhotsstillicommunicate afieagh tteration gtep tbo
their neighboursinceeSwarBotsare not equipped with sensing capabilities that allows retrieving
teammates position. Communication to the whole subgroup is constrained by how each robot im
proves over time. In other words, while each robot allocates approximately 35&rofssion time
to exchange i nf or m&DRSO this neveltapproach dlldws reducing this talaer 0
to approximately 10%, thus increasing rolbot®bility. This is due to both requmg less data to be
exchanged ection6.1) but also the minimization ebute discoverynessages inherent to tR®OPSO
basedAODV (section6.2). Therefore the herein proposed approach would be neoergyefficient
and all ow each robot to spend | ess time with

Nevertheless, the efficiency of a communication paradigm cannot be measured by ol comp
ing the total number of exchanged packets. One of the moskmailin performance metrics to eval-
uate the network throughput is the packet delivery i@atesapillai, Palanisamy, & Duraiswamy,
2009) The packet delivery ratican becalculated by dividing the number of packets received by a
robot by the number of packets sent to it. This allows specifying the packet loss rate, which limits the
maximum throughput of the network. Therefore, the avepagket delivery ratio was evaluated
based on the number of robots within the same subgroup (either active subgroup or the socially e
cluded subgroup). As previously mentionedsaction4.5 the RDPSOu s e s a -fifirpeuwnal rsdhe
mechanism to avoid stdptimality by socially excluding and including robots within active sub-
groups. In other words, at some point over the 360 seconds of eadtetri@a00 seconds for el
set, a subgroup may be formed by only two robots or even by the 15 robots from the population
Figure6.7 depicts the average packet delivery ratleen subgroups are formed by a specific number
of robots, even if some of those cases, namely subgroups formed by less than 3 robots or by mo
than 10 robots, only occur in sorf@v occasions (around 5% of the whole time).
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Figure6.7. Packet delivery ratio within robots from the same subgesup function of the subgroup size

As one may observe, there is a sharp decrease on the packet delivefycatio t he fAr egu
RDPSOwhen a subgroup is formed by more than 10 robots, dropping down to approximately 65%
for a maximum network load of 15 robots. This is explained by the high number of exchanged mes-
sages that, for a network load above 10 robots, does not satisfy theycapthatbuffer or the packet
buffering time exceeds RDRSOsignificemtly decreases the nAnsbert h e i
of exchanged messages.(Table6.1), robots are still capable of receiving more than 90% of the
data even within a subgroup of 15 robots.

The first key contribution of this chaptes., the efficient way to share information within the
RDPSQalgorithm (sectiorb.l), is the major reason for such significant reduction in both communi-
cation cost Table6.1) andnumber of dropped packetBigure 6.7). Although the adapteAODV
improves the communication efficiency of tR®OPSOQalgorithm, it is still not clear hownuchad-
vantageous this sgific extension may be so far.

The routing overhead has been frequently used in the literature to evaluate routing algorithms,
being commonly represented by the ratio between the numbeutefdiscoverynessages and the
number of data packe(dlatesapillai, Palanisamy, & Duraiswamy, 2009t usthencompare the
routing over heRDBESOwi t hheharRD§RCfon eachdifferdnbteam size
from 2 to 15 robots under the 7200 seconds of each set of Figis€6.8).
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Figure6.8. Routing overhead within robots from the same subgroup.

Once again, RDPeOCchieptri mi peeocomes the firegu
of robots. Even though the number of data packets is reduced due to the efficient way to share info
mation between robots (sectiéri), the number ofoute discoverynessages decreases more signif-
icantly (section6.2), thus resulting in a smaller routing overheadddarger number of robots. It
would be expected to have a worse routing overhead ratio when robots communicate less while the
are moving since the routes would be completely outdated. NevertheleRE)RIEObasedAODV
is able to reduce the numberrolte discoverynessages in such a way that it allows overcoming
that issue. This is due to the proposed geographibalbedAODV that takes into account the dy-
namics of theRDPSQ thus creating othefly routes fFigure6.8). However,one needs to analyse
the number of hops forming such routes to understand better thosarewhen compared to the
alternatives returned by the traditiodaDDV.

Theaverage hop count may be represented by the sum of the number of hops necessary to deliv
the packets from their sources to destination divided by the total number of successful delivered pacl

ets. The average hop count is measured in number of hops.
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Figure6.9. Average hop count within robots from the same subgroup.

As Figure6.9 depicts, the applicability of the now&DDVrouting protocol may be observed for
a subgroup of, at least, 5 robots. For smaller subgroups, the improvemer®DRB8&basedAODV
IS meaningtss which, on the other hand, turns out to be a worse alternative to the tradibanal
since it slightly increases the memory complexity of the algorittim gection6.2). However, as
analysing swarm algorithms within small populations may not represent the required collective per-
formance ¢f., (Beni, 2004), let us focus on largeubgroupsi.e., above 5 robots. As it is possible to
observe, in some situations, tROPSObasedAODV reduces around 20% the number of required
hops to deliver a packet. Although this may not seem relevant, this contributes to a smaller pause time
and, consequently,lagher mobility of the robots. Moreover, reducing the number of hops necessary
to deliver the packets also reduceséhergyconsumption of each robot, thus increasing the auton-
omy of the whole swarm.

It is noteworthy that the two key contributions ofstbhapteri.e., the efficient way to share
information within theRDPSQalgorithm and the adaptédDVrouting protocol, result in significant
di fferences compared to its Aregularo counterp:
ber of robas, thus improving the scalability of tiRRDPSQOalgorithm. Yet, in order to further explore
interr obot communicati on dy RARABO letssohserndhew suchimir- nopt i

mation is shared within different social statuses, within sociallyactive and excluded subgroups.
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Figure6.10. Evolution of robotic subgroups over a trial of 38&onds. a) Population size; b) Number of local broadcasts;

o

¢) Number of global broadcasts.

In order to achieve this, the number of local and global broadcasts within each subgroup wa
analysed. For a better understanding of how robots withiRBieSOewlve, let us take a look at
one of the 20 tr i aRRBSOwvasevaluated,b, asirgle tridi af 360 secondgz. e d
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Figure6.10depictsthe distribution of robotdHgure6.10a) and highlights the respective total number

of local (Figure6.10b) and global broadcastBigure6.10c) within each subgroup over time. While

the coloured lines correspond to each socially active subgroup, respeRt{vetl), G (green) and

(blue) subgroups, the dark dashed line correspomdhe socially excluded subgroup. The mission
starts with 5 robots within each active subgroup as previously stated. As one may observe, the number
of workers in active subgroups tends to decrease over time. This is an expected phenomenon as the
resoures begin to dwindle over timee., in this specific case study robots become unable to find
ever improving light intensities. At some point it is even possible to observe that subgraug:
extinguish while subgrou@ proliferates, thus reaching agdation of up to 11 robots. This happens

right before the population in subgro@decreases to approximately 7 robots. Consequently, this
leads to an increase of socially excluded robots with a maximum of 10 robots aft&rrifieute.
Regarding the Iad broadcasts, such temporal variations would be expected by considering the rules
previously stateth sectiord.5. The local broadcasts necessary to maintaiméiork connectivity

remain at each step of the algorithm, thus presenting a proportional amount to the number of robots
within each subgroup. Such proportionality is only broken when a socially active subgroup claims a
new robot or tries to create a neubgroup (small peaks observed in the coloured lines). A rationale
behind the global broadcasts is harder to achieve. As one may observe, in general, socially active
robots present a higher amount of messages flooded through the whole subgroup. Enestsnt

to observe as such gl obal broadcast i's relatec
consent of the population. As a result, such global broadcasts diminish over time. This kind of global
message seems to be significantly less reotimesocially excluded subgroups.

As one may observe, the time a certain amount of robots is socially excluded may not correspond
to the time that the same amount is socially active. Therefore, to further compare the information
shared within the differdrsocial statuses over the 7200 seconds of the whole set of experiments, a
simple normalization of the data over time was adogtayplire6.11 depicts the average number of
local and global broadcasts within each subgroup configuration. As a rule of thumb, the local broad-
casts increase almost proportionally to the population otsolbhis may be observed in both socially
excluded and active subgroups with a minor difference between both. The main difference between
robots belonging to different social statuses may be seen in the number of global broadcasts. Socially
excluded robotbarely communicate to the whaevarm In fact, such communication only depends
on the improvement of socially active subgroups. Hence, as the overall amount of socially active
robots decreases, the number of socially excluded robots increases antidbédityrof success.g.,
improving the current solution) also decreases. Consequently, this reduces the required number of

global broadcasts from excluded subgroups.
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Figure6.11. Normalized temporal average number of local and global broadcasts.

As the experiments presented so far are limited to a maximum number of 15 physical robot:
within the same subgroup, it was necessary to perform simulation experiments to evaluate the scal
bility of RDPSOAoOpti mi zedo

6.3.2 Scalability Evaluation through Simulation

The MRSim(seesection3.2.4 was used to evaluate thereinpr oposed RDRSOAsmi z e
means of simplificationand in line with the previous reakgeriments, the same 1 p Tmeters

indoor scenario (sports pavilion froRigure5.7) wasconsiderecon MRSim(cf., Figure5.13). Due

to the computational cost of the silator, which increases with the number of robots, only experi-
ments of up to 60 ralis were possible to carry o@imilarly of what was made in sectiér3.2 WiFi

communication propagan was also consideredf( Figure5.13a).
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As MRSimis a stepbased simulator (without real time iterations), the ratio betwthe number
of packets exchanged wit hiRDPSOwas andlygsedt Notmihat this 06 an
depends on the type of communicatioa.(local or global broadcast). For instance, in a subgroup of
10 robots a global broadcast from a stngbbot corresponds to 9 packets exchangeg one for
each teammate. However, if that same robot has only 4 neighbourbdpnebots) then a local
broadcast will correspond to only 4 packets exchanged. Due to the stochastic natufRDR? 8@
boxplot charts were used to represent the ratio between the number of packets exchanged within the
Aopti mi zedo &RDRSOavdr the 30 triasgvithl aanaxomum of 5000 steps e&ajute
6.12). To easily observe the differences, the ratio was averaged at each 100 steps. Once again, note
that the number of robots within the same subgroup may vary from 2 robots to the total number of

robots within thgpopulation (60 robots).
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Figure6.12. Rati o between the number of RPBSOEprU St bae RBRS®OgeHdaugi

over the number of iterations in a population of 60 robots.

As one may observe, the differen®ePSbgeotvsve en t
with time. The decreasing tendency observedgure6.12is an expected phenomenon.a&swarm
progresses in the exploration usindh e 7 o pRDP®@ithe rudhiber of global broadcasts neces-
sary to converge to the optimal solution decreasssipn6.1.2). After a certain amount of time (half
t he mission t i REPSQsabldtededreage the miinbereoflegkchanged data packets
to approximately 20% of the numberRDBSOIndeanisa p a c k
of communication costhis may be considered as a significant improvement. As an example, the
eSwarBotlatforms usually present a battery autonomy of up to 4 hours without usiixBte
Serie2 modules. However, such autonomy drops to approximately 2 hours with constainads-

mission(Couceiro M. S., Figueiredo, Luz, Ferreira, & Rocha, 20Ahpther example such as the
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well-known e-puckrobot is even more significafMondada, et al., 2009)Thee-puckd s bat t er
tonomy can drop from 3 hours to approximately 1 hour usingAtii@ communication from the
Gumstix Overo CONsection3.2.3.

6.4 Discussion

The motivation behind this chapter was to explore a strategy for improving the scalability of the
RDPSOby optimizing its communication complexity. This was achieved by analysing judiciously
the information to be explicitly exchanged between robots and proposing a way to efficiently share i
without decreasing the collective performance of the algorithnen&érds, the welknown Ad hoc
On-demand Distance VectoAQDV) was adapted based BDPSOdynamics.

Real and simulation experiments were conducted to observe the effect of the proposed optimize
strategy. The mission consisted of collectively exploriagra p Tmeterss cenar i o0 i n wh
cognitive solution was affected by the light sensed at their current position. The superiority of the
Aopti MDRS®dvwer the fAregulard one was especi al
changed between robasd the packet delivery ratio. Although the differences between the routing
overhead and the required number of hops to deliver a packet were not significant for small group
of robot s, RDPROwds stipable tmiedueedvaih to approximatddy@less for swarms
of 15 robots. Those differences were even more visible in the simulations with a swarm of 60 robot:
examining the ratio between the total number
ir e g RDPSO Although in the beginnig of t he mi s s RDPSOptebeptedfdao p t
rather modest reduction of approximately 50% of the number of packets exchanged, as robots col
tinuously explored the scenario such differences increased to approximately 85%. To improve th
analysis of tb communication architecture within tR®OPSQ the differences between the two social
statuses were also represented, thus revealing that the principle of cooperation undergoes seve
phases that depend on more than just misstaied contextual inforntian (e.g, sensed solution).

Those results pave the way towards an insightful reassessment and revolutioRDP$H@©
algorithm. Considering the recent advances in the control of aggregation behaviours without commu
nication (Kernbach, et al., 2013jhe most expected improvement would be the development of a
stigmergetidRDPSOwithout significantly reducing the collective performance of the subgroups. In
this case, the macroscopic capabilities ofRIBFPSOshould be defined by spatial or dynamical con-
ditions in the environment. In other words, the system and environment itself build a closed macro:
scopic feedback loop, which works in a collective way as a distributed control meclidarsivach,

et al., 2013)In this case, robots interact kinetically or throstjgmergyeffects(Bonabeau, Dorigo,
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& Theraulaz, 1999)For instance, emulating Darvdins s uof-theifittest ithout explicit com-
munication would not only require robots to possess the capability of discerning colhsilomd-
stacles andavith other robots, but also between robots from different subgroups. Such could be at-
tained by endwing robots with simple loveost vision capabilities such as tAsduEyevision sen-
sor®,

All that being said, one may state that it is still difficult at this point to go from an algorithm
sustained by explicit communication teteggmergetione. Howeer, the authors argue that this chap-
ter provides an exhaustive rationale on the necessary explicit communication witRDRB&that

gives the first step in that direction.

6.5 Summary

An optimization of the communication procedure between robots tined®DPSObehaviourwas
presented in this chapter. Moreover, the traditional Ad hedénand Distance VectoAQDV) was
i mproved considering robot s 6 RDRSO Sucmimpeonethents e h a v i
were motivated by the need to use large teamshafts without significantly increasinigpe commu-
nication overhead.

Several experimental results with up to 15 real robots and up to 60 virtual robatsrin @ 1t
meters scenario clearly show the advantages of such an optimized strategy regardigliti¢ysc
of the algorithm, thus suggesting the use ofREFPSOon future swarm applications with hundreds
or thousands of robots.

During the experiments and, more specifically, the temporal analysis represédfitpa@t.10,
it was possible to observe an interesting, and yet so far concealed, phenomenon in which robots get
more and more socially excluded as times passes by. Humshow expectesince that, according
to theRDPSOf p u Arieswnar d 6 me ¢ h45 iolsots ar¢ exauddd basead on their contri-
bution to their subgroup. As such, if allbots stagnate and are unable to further improve due to the
lack of everimproving solutions€.g, find a brighter intensity of light), a massive social exclusion
may occur. This massive social exclusion phenomena can also be observed in naturdyespecial
social ostracism depicted by many fish speaésgectior4.5). As a consequence, and as everything
else in nature, those species also present the keynimize, or at leastielay,suchmassive social

exclusionthrough adaptation mechanismNevertheless, one of the main limitations of RiePSO

30 http://ardueye.com/
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algorithm resides in having several parameters, such as the fractional ardkerencing the perfor-
mance ofthe robotic team. Thereforagxt chaptestarts byanalyticaly studythe RDPSQin order
to find a relationship between parameters, thus optimizing the algorithm with regard to the main
objective, robot dynamics, obstacles susceptibilityMAME Tconnedwity. Afterwards an adaptive

mechanismsapplied to such parametaessntroduced into th&DPSQalgorithm.






CHAPTER VIl

Par amet eandc aAdaomt abi | ity

T HE literature states thail parameterized algorithms present some drawbacks when facing dy-
namic and complex problemisg., problems with many subptimal solutions changing over
time. Regardless o PSO main variants(Abd-El-Wahed, Mousa, & EShorbagy, 2011Rapaic,
Kanovic, & Jelicic, 2009)including theRDPSOherein proposedhe difficulties in setting and ad-
justing the parameters, as well as in maintaining and improving the sepatbilitias for higher
dimensional or constrained problems, are still recagbingworks, e.g, (Clerc & Kennedy, 2002)
(Kadirkamanathan, Selvarajah,Beming, 2006)The lack of a set of rules to define the most fitted
parameters and the adaptability to contextual information usually observed in nature, turns out t
result in suboptimal solutions that are usually overwhelmed by using exhaustiieods€.g,
sweeping the whole scenario with robotSuarez & Murphy, 2011)For instance, robots i8aR
applications must be efficient in persistently searching for victims while there remains a chance of
rescuing them. Although tHRDPSOpreviously presented is endowed wiibunishreward rules
inspired on natural selection to avoid stagnafgeesection 4.5), robots maystill take toolong to
realize that they are stuck in a spjstimal solution or that the solution is changing over time. A good
example of thatmay be found on olfactorlgased swarmingvherein a plume is subject to diffusion
and airflow, ths being hard to find its sourd@Marques, Nunes, & Almeida, 2008atmikq
Sekiyama, & Fukuda, 2006\lthough this is a welknown problemasits complexity significantly
increases as a function of the number of parametehang it still remains a challeng®loreover if
the input parameters are not fixace( theyadapt to the contextual informatiorthenall known
solving algorithms foNP-hard problemsequire time that is exponential in the total size ofrtinen-
ber of parameter®owney & Fellows, 1999)

Oneof the most common strategies presented in the literature to solve issues in setting and ac
justing PSOparameters is based on the stability analysis of the algor@terc and Kennedgna-
|l ysed the individual par t i enbdelpwhichtconamipseacsdt of coy |
efficients to contClecl& Kengesy, 200217 e resuttimg\syesteng is lmeae
of secondorder with stability and parameters depending on the potes) the eigenvalues of the
state matrix. Kadirkamanatha al. proposed a stability analysis of a stochastic particle dynamics
by representing it as a nonlinear feedback controlled sygkadirkamanathan, Selvarajah, &

Fleming, 2006) The Lyapunov stability method was applied to the particle dynamics in determining
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sufficient and conservative conditions for asymptotic stability. However, the analysis provided by the
authors addressexhly the issue of absolute stability, thus ignoring the optimization toward the opti-
mal solution(Kadirkamanathan, Selvarajah, & Fleming, 200@pre recently, Yasudat al. pre-
sented an activitpasechumerical stability analysis method, involved the feedback of swarm activity
to control diversification and intensification during the segidsuda, Iwasaki, Ueno, & Aiyoshi,
2008) The authors showetthat the swarm activity can be controlled by employing the stable and
unstable regions &?SQ

Contrarily to the herein proposed mertibot foraging approach, dhe abovevorks only con-
siderthe PSOand its main variants applied to optimization proldeAs previously statedrobots
are designed to act in the reedrld in whichboth their dynamics and obstacles need to be taken into
account. Furthermore, since in certain environments the communication infrastructure may be dam-
aged or missinge(g, SaR, the selfspreading of autonomous mobile nodes bfAENETover a geo-
graphical area needs to be considetbds significantly increasing the complexity of the problem
As such, and despite the number of works around swarm robotics for search applications, still none
of them presented a formal convergence analysis to find thedtesfparametersnor a strategy to
systematically adapt such parametehile consideringMRScharacteristicsThis last point supports
the idea that the behaviour of robots needs to change accordingly to contextual information about the
surroundings. This concept obntextual knowledgeeeds to be taken into account to adapt swarms
and robot6 behavi our whi -based, anissicmalatbc and engironeentalncontext
(Turner, 1998) F or e x a nepal. work pr€santed & doriektased architecture to enhance
the performancefa robotic system in search and rescue missions using a rule system based on first
order Horn clauseCalisi, locchi, Nardi, Randelli, & Ziparo, 20Q9)he set of metrics used as itgu
was obtained awsidering ara priori map about the difficulty levels concerning mobility and victim
detection. Nevertheless, in real applications this would mean a previous knowledge about the scenario
which is not always possible and can be difficulptedict

This chaptertries to go a step forward by providing a methodology to analyse the stability of the
RDPSQalgorithm and, as a result, retrieve the ideal range of values wherein its parameters should be
defined so as to ensure the convergence of robots towasdlthi®mn.Furthermore, it introduces an
adaptive architecture inspired on the concepts of fuzzy logic (s&:tidd to vary theRDPSOpa-
rameters within the previously defined range. More unambiguptiss/chaptepresentdour key
contributions(Couceiro, Machado, Rocha, & Ferreira, 20C&uceiro M. S., Martins, Rocha, &
Ferreira, 2013a (Under Review))

i) First and foremost, a formal analysisRIDPSOin order to better understand the relation-

ship betweenthe algot hmés parameters and itglconver g:¢
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i) A set of contexbased evaluation metrics, at both msmopicand macrecopiclevels, are
proposed to assess tRDPSObehaviour by studying the several concepts inherent to
swarm techniques(g, explorationrvse x pl oi t ati on) with a pha:
motion .g, chaoticity) (sectiof.2);

iii) Afterwards,this knowledge is used as inmfta fuzzy system so as to systematically adapt
the RDPSOparametersi., outputs of the fuzzy system), thus improving its convergence
rate, susceptibility to obstacles and communication constraints (sé@)pn

iv) Experimental resultebtained using physical and simulated robots, wherein the adaptive
version of theRDPSOwas evaluated and compared to the-adaptive one, are algoe-
sentedsection?.4).

Sectiors 7.5and7.6 outlinethe discussion and main conclusions of this chapter.

7.1 Convergence Analysis

Due to the limitations in the statd-the-art, let us first formalize the problem we will be working on

in the first part of this chapter.

7.1.1 Problem Statement

The above present&®®DPSOis a stochastic procedure in whittte DE system comprising on equa-
tions(4.5), (4.6) and(4.8) describehe discretdime motion of a robot with four external inputso,
"Q plgfoft. The main problem when analyzing this kind of algorithms lies in the fact that external
inputs vary n time. However, one can consider that each robot convergeseigudibrium point
defined by the limit values of the attractor points Therefore, assuming that the algorithm con-
verges, this section presents the stability analysis RSO

Consder aswarmof 0 robots wherein each robot needs to cooperatively find the optimal so-
lution of a given mission within itsubgroup The goal is to find the attraction domainsuch that,
if coefficients) ' N ' ,"Q phgfoft, the global asymptotistability of theDE system(4.5)-(4.8) is
guaranteed. In other words, thérattion domain represents the region wher@DPSOparame-
ters may be defined in such a way that robots can find the optimal solution while avoiding obstacle:

and ensurindlANET connectivity.
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7.1.2 General Approach

Knowingthath 6 Q@ ® 6 Q w 6 Q p with ™ s ,andconsideringequation(4.6)
and the particular finite case (4.11), one can rewrite thBE systemas a nonhomogeous five
order difference equation:

W o p p |l B "iwo - wo p -l - wo
S — = = @60 = - = ®oT (7.1)
B "1..0

Theequilibrium pointey can be defined as@nstant position solutioof (7.1) such that, when
each robot reaches, the velocityy 0 Qs zeroj.e., robots will stop at the equilibrium poief .
Supposing that.. are constants,e., the algorithm does owerge, the particular solutiad of each

robot can be obtained replaciag® p "Qin equation(7.1) by ¢ :

(7.2)

In other words, each robot will converge to the particular solutigrbased on the following

theoremgElaydi, 2005)

Theorem7.1. (Elaydi, 2005)All solutions of(7.1) converge tad aso© Hy, if and only if the homo-

geneous difference equation(@f2) is asymptoticdy stable.

Theorem7.2. (Elaydi, 2005)The homogeneous difference equatiofvdf) is asymptotically stable
if and only if all roots of the corresponding characteristics equabiaf7.3) have modulus less than

one.

Therefore, m order to study the homogeneddE (7.1) stability, let us consider the following

characteristic equation:
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(7.3)

Due to the complexity in obtaining the roots of the characteristics equation of homogeneous
difference equatiofi7.3), it is established a result based on Mg r d e n 6 s (Barhet, 4982 m
that ensures that all roots of the real polynomial have modulus less than oref.(Theorem3.1

from sectior3.1.2). For that reasariet us present the following result.

Proposition 7.1. All roots offy _ have modulus less than one if and only if the following conditions

are met.
nm B "i | ¢ e | 1
s - : (7.4)
- - B L ¢ & | P
Proof: The real polynomial) _ described in equatiof?.3) can be rewritten as:
W_ ®O_ W_ ®W_ ®O_ © T (7.5)
Furthermore, one can construct an array having initial rows defined as:
O o By, OB,
o o (7.6)
Q Q B whoB ho
and subsequent rows defined by:
. W [ W R
W o9 . Q 5 (7.7)
Q  ®f , (7.8)

wherg  cloftlvpand;  riphtfo.
By Theorem3.1, we consider that all roots of polynomigl_ have modulus less than one if
andonlyifQ 1Q  mfort oftfukes
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Hence,

O M P OO Q Tt

0 ome o ae 6 00 06 60 ©  om (7.9
vl T G Q "

wQ Ty o Q Tt

By solving (7.9), we obtainthe conditions o1(7.4).
y

Consequently, byroposition7.1, Theorem7.1 and Theorem7.2, the conditions in(7.4) are
obtained so that all solutions thie DE system(4.5)-(4.8) converge taJ resulting in aglobal attrac-
tion domain  (please seEigure7.1). Although it was possible to define a relatively small attraction
domain, next section further explores particular conditions of the algorithm, by redefining and adjust-

ing parameters values.

7.1.3 Robot Constraints

One way to improve the convergence analysihe algorithm consists on adjusting the parameters
based on physical mobile robots constraints, such as acceleration and deceleration states inherent to
their dynamical characteristics. These states are usually unaddressed in the literature whibg analysi
the traditionalPSOand its main variants, since virtual agemts. (particles) are not constrained by
such behaviours. Let us then suppose that a robot is traveling at a constant velocity such that
D O Q Vwith™ = anditis able to find itequilibrium pointin such a way thab 6 ...,
"Q plgfoft. In other words, théest position of the cognitive, social, obstacle B#NET compo-
nents are the sam@s a result, the robot needs to decelerate until itstens) 0 6 p E
DO Q E m

Consequentlyconsidering once again the particular finite case from equé@iaf), onecan

write the following condition

m ol - - p|l = p I ¢ | 0, (7.10)

thus resulting in
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T | T&O.Q (7.12)

Let us now consider the opposite scenarn, a robot that was stoppéd 6 Q  ttwith EN
s starts to move sinc® o ..., 'Q plgfoft. The robot needs to accelerate until it reaches the
maximumvelocity defined by equatiof#.11).

Similarly to the procedure presentediie previousection but considering the described con-

ditionsfrom above the following nonhomogeneous fistder difference equation results:
wo p B "I pwo B "i..o. (7.12)
Hence the characteristic equation associate(Vib?) is:
A _k_ Byiep w (7.13)
Proposition 7.2. The homogeneous difference equatio(vdf3) is asymptotically stablefif

nm B "i ¢ (7.149)

Proof: Based orirheorem?.2 one can consider that the homogeneous difference eqati@is

asymptotically stable if and only if the rootipf _ have modulus less than one. Therefore,

n_ mye_ B "i p 1y _ B "1 p. (7.15)

Then,

$s pg B "1 p pym B "i (7.16)
y

Consequently, byroposition7.2, Theorem7.1 and Theorem?7.2, the conditions ir(7.14) are
obtained so that all solutions @£12) converge tay resulting in a particular attraction domain .
However, sincé randomly varies between 0 and 1, suchth&tid p,"Q pllott, condition

(7.14) can be rewritten as:
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B " . (7.17)

7.1.4 Outline
Considering the general conditions presente(’4) and the particular case {@.17), Figure 7.1
depictsthe global attraction domain and particular attraction domain respectivelyln this

work, we adopttie particular attraction domain as theaccurateepreserdtion ofthe parameter

regiondescribingthe asymptotic stabilitgf theRDPSQalgorithm

31 ---- "' boundary
. —— ' boundary
2+ i
)
l" I”
1

Figure7.1. Global and particular attraction domain of the asymptotic stability oRIDRSO

As a result of the above analysis, RBPSOc an be conceived in such a
convergence can be controlled by taking into account obstacle avoidangBIE connectivity,
without resorting to the definition of any arbitrary or problepecific parameters. However, the in-
fluence of each individual parameterand fractional coefficient in the performance of the algo-

rithm needs to be further exploramlunderstand their ethe-fly influenceduring the mission.

7.2 Context-Based Evaluation Metrics

To endowthe RDPSOwith adaptivebehaviouy a set of evaluation metrics,k@mthmacrascopic(i.e.,
swarm) and micrecopic(i.e., individual robot) levelsieeds to be defined. Thasetricsmeasurehe
performance of o b odilestde movement andill be used to systematically adjust the parameters

of the algorithm, thus improving its convergence rate, susceptibility to obstacles and communication
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constrants. Hence, the set of evaluation indices herein proposed are computed, at each iteration, co
sidering environmental artgehaviourakcontext. Those measures will then be used as inputs of the
fuzzy system in order to control tRDPSOparametersie., ouputs of the fuzzy system).

To evaluate the following proposed metrics within Ri2PSOalgorithm, asubgroupof two
physical robots is adopted in the next set of experiments. Robots consisted on differential groun
eSwarBotgsection3.2.]). Solutions were defined by illuminated spots qj@auv ¢& umeters sce-
nario sensed using tleverhead_DRs of eSwarBotsRefer to gction4.7.2for a more detailed de-
scription on the experimental setugsing only two robots alloato easily retrieve the evolution of
each evaluation metric when fagispecific extreme situations. For instance, the use of a kuger
groupwould not drastically affect how one robot behaves when detecting an obstacle within its sens
ing range. Also, as the scenario has a limited size and number of solutions, a srpali&tiqmo
results in a smaller stochastic effect, thus resulting in negligible differences between different trials

despite the existence of the random coefficient® pltfoft.

7.2.1 Exploitation vsExploration

As described ithe works of Yasudat al (Yasuda, lwasaki, Ueno, & Aiyoshi, 2008)dWakasaet

al. (Wakasa, Tanaka, & Nishimura, 201@)swarnmbehaviourcan be divided into two activities)
exploitation; andi) exploration. The first one is related with the convergence of the algorithm, thus
allowing a good shotterm performance. However, if the exploitation level is too high, then the al-
gorithm may be stuck on sudptimal solutions. fie second one is related with the diversification of
the solution provided by thalgorithm which allows exploring new solutions, thus improving the
long-term performance. However, if the exploration level is too high, then the algorithm may take a
long ime to find the optimal solutiofiong time to converge)s first presented by Shi and Eberhart,
the tradeoff between exploitation and exploration in the clasdR&Dhas been commonly handled

by systematically adjusting the inertia wei¢Bhi & Eberhart, 2001)A large inertia weight improves
exploration activity while exploitation is improved using a small inertia weight.

Since theRDPSOpresents a fractional calculus strategy to control the convergence of the robotic
team,it is only natural thathe coefficient is the one thaheeds to be systematically adjusted in
order to provide a high level of exploration while ensuring the @dtsulution of the mission. In
order to understand the relation between the fractional coefficiant theRDPSQOexploitation/ex-
ploration capabilities, theentreof-mass trajectory in phase space afudgroupof two physical
robots, for various values | , while fixing ” @, will be analyzed. Both robots were randomly
placed in the vicinity of the solution in (0,0) with a fixed distance of 0.5 meters betweerHigene (

7.2).
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Figure7.2. Experimental setup to evaluate the exploration/exploitation capabilitiesudfgroupof two robots.

As it may be perceivedn Figure 7.3, the swarm behaviour is susceptible to variations in the
value of| . Figure7.3 showsthat whenri is toosmall,i.e., | 18T p the exploitation level is too
high, beingvery likely to get stuck in a subptimal solution. However, the intensification of the
algorithm convergence is improvédt presents a quick, almost linear, convergence. Whenat
the boundary of the attraction domgaie., | T 0,¢he trajectory of theubgroups cyclical and
presents a good balance between exploitation andrexplo. In this case, robots exhibit a level of
diversification adequate to avoid saptimal solutions and a considerable level of intensification to
converge to the optimal solutione., it presents a spiral convergence toward a nontrivial attractor.
When| is too high and outside the attraction domam, | T80 despite the cyclical trajectory
of the subgrouptoward the optimal solution, treubgrouppresents an oscillatodyehaviour This
results in a high exploration level being more unstahtt sometimes unable to converge,, it
presents a difficult convergence.

We observe that needs to be adjusted depending on the contextual knowledge for behavior
specialization. Hence, the introspective knowledge about the swarm activity is used to obtain smooth
transitions betweehehavioursHowever, a method to evaluate the current swativitycneeds to
be considered.

Inthe work of Yasudat al. the swarm activitys controlled by switching between the stable and
unstable regions of tHeSO(Yasuda, lwasaki, Ueno, & Aiyoshi, 2008h our situation, the stable
region is defined by the attraction domain presentékdrmprevious sectiori-{gure7.1), wherein the
swarmactivity is predominantlhyof exploitationtype Since the equilibrium between exploitation and
exploration is at the boundary of the attraction domain (@ o)g should alway$e set to a value

in its neighbourhoaod
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Figure7.3. Centreof-Mass trajectories in phase space stiagroupof 2 robots.

Contrarily tothe work of Yasudat al in which the activity is defined as the root mean square
velocity of particlegYasuda, Iwasaki, Ueno, & Aiyoshi, 2008gt us define thewarm activityof
subgroup as the norm of the velocity of itentreof-massb 0 at each iteration, i.e., group ve-

locity:

A
A

(7.19)

e

wherein threshol@®  corresponds to the maximum step between iteratibims.redefinition of
swarm activity was considered in order to underline the collective activity (at the macro level) instead
of the sum of activities performed by each robot. Considering the definigsenqted inYasudaet
al. (Yasuda, Iwasaki, Ueno, & Aiyoshi, 2008pbots may present a high activity but the swarm as a
whole may present a small activityg, 0 6 R Therefore, a swarm activigf 6 6 T means
no swarm activity at all and should increase, while ¢ p corresponds to a highly chaobe-
haviourand should decrease.

It should be noted that this adaptezhaviouroccurs at the collective level. However, the indi-
vidualbehaviouif each robot also needs to be considdredther words, the same swarm may have
both exploring and exploiting robots and that state will depend on their cognition and socialization

level.
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7.2.2 Cognition vs Socialization

Despite the relation betwedme fractional coefficient andthe swarm collectiveehaviour it is the
combination of aRDPSQOparameters that determines its convergence properties. The values of both
cognitive and social factofs and” are not critical for the algorithm, but selection of proper values
may result in better performance, both in terms of speed of convergence and alleviaticopmif-sub
mal solutions. Furthermore, their values have to be taken into account when choosiactitvel
coefficient| .

As previously descrilieby other words, e cognitive componerit represents the personal
fithinkinppo of each robot, thus encouraging robots t
far. The social componeht represets the collaborative effect of tisebgroupn finding the optimal
solution, thus summoning robots toward the global bestipasih f ound s o frar . Ven
sented experimental results in which a small cognitive coeffi€ieahd large social coetfient”
could significantly improve the performance of the algori{Manter, 2002) However, it should be
highlighted that, for problems with multiple soptimal solutions, a larger social coeffici@ntmay
prematurely mislead all robots toward a sgtimal solution in which they will be unable to avoid
since tlmddy f aetsaOa five other hand, a larger cognitive coefficiemhay cause each
robot to be attracted to its own personal best position to a very high extent, resulting in excessive
wandering.

To further understand the cognitive and social components dREHRSD, let usonce again
consider an experimental setup asudbgroupof two robots. Each robot is initially placed near the
suboptimal and optimal solutionsiquely identifiable by controlling the brightness of the ligiite
brighter site (optimal solutigris considered better than the dimmer one {®otimal solution), and
so the goal of theubgroupis to collectively choose the brighter sitegure7.4). It is noteworthy
that using a largswarmwithin such scenario would not yield much different resulesagssubgroup
global best would be collectively chosen as the same than asipgwo robots. In other words,
increasing the number of robotowd not only increase the variability of tbhehaviourbefore the
collectiveconsensusn the global best solution, as it would significantly increase the complexity on
analysingthe evolution of the group.

At the beginning, robots are at a distance of 1.6 meters from each otherth&l$mctional
coefficient is now fixed at 0.632 (threshold stability) ahd T for multiple ” F com-

binations while keeping the same absolute value p with”
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Figure7.4. Experimental setup to evaluate the cognition/socialization between two robots of theubamoeip

Figure7.6 presents the Euclidean distance in phase space between the two robots, thus depictir
the evolution and convergence of the distance betitesn. Note that the intepbot distance turns
out to represent the distance between the robot located in tHogpsoial solution and the location of
the optimal solution itself. This phenomenon can be explained by how the other parameters are d
fined (nore specifically the smaller values™ofand” ) and the inexistence of any other better solu-
tion within thesubgroup Hence, the decision of the robot located in the optimal solution is not dis-

turbed, thus staying still until a better solution is fo(wtich never happens this examplg
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Figure7.5. Distance between robots in phase space to evaluate the relation betaedr .

As expected, increasing the social weightdecreases the Euclidean distance between robots,

i.e., the distance between robots tended to only ackmtimetresvhen uing ” R TR0
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and near 1 meter using i T@dT® . However, the relation between the final intebot dis-

tance and” H  weights is not linear. It can also be observed that, increasing the social Weight

the robot initially located at theus-optimal solution converges in a more intensive way, that is, the
radius of the spiral at r obot” saluesdence thegegpivic e p O ¢
tation behavior increases as the distance between robots decreases, thus corgptemsErfor-

mance of t he s war iocity ddes not direcity deperah thé reldatiesndetween

and” , since the relative velocity between robots reaches a maximum velocity of approximately 0.45
m.stin the three” i combinations.

A balance between cognitive and social weights needs to be established and adapted throughout
the mission depending on contextual missielated knowledge of the cognitive or social levels of
robots, thus resulting in a different social weight(and, herefore, cognitive weigtit ), for each
robot.

Sureshet al. work presented an inertia adaptiPSOin which the modification involved the
modulation of the inertia factor according to distance of particles of a particular generation from the
global bes(Suresh, et al., 2008%imilarly, a micrecopiclevel metric, defined a®bot socialization

canthenbedefined as the current Euclidean distance of réfodm its swarm global best:

(7.19)

The social level of a given robot will then be the relation between its distance to the global best
and the distancef the farthest robot of th@varmto the global best. Therefore, a robot with a social
level of 'Y 0  Tumeans thathe best robads the farthest robot of the swarm dndshould increase,
thus decreasing . On the other hand, as robot social level increaseshe distance aherobot to
the optimal solution decreasés, should decrease (increasihg. This modulation ensures that in
case of robots that have moved away from the global best, the effect of attraction towards the global
best will predominate

Depending on the social levehe fractional coefficient should vary. ASY 0 decreases,
should also decrease so that whenever a robot moves far away from the globally best position found
so far by the swarm, the effect of its inertial velocity will be minimal. The opposite situation can also
be considered. ASY 0 increasesi.e., the robo gets closer to the global best positipnshould
increase to present a higher diversification level, thus increasing the possibility to find an improved
or alternative solution. Consequently, there may also be a diffefentach robot depending ds

social level.
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7.2.3 Obstacles Susceptibility

Using multiple mobile robots faaRapplications requires an efficient way avoiding obstacles
while completing their main mission. The preseacabsencef obstacles can affect the efficiency
of the RDPSOsince one set of parameters may result in fast convergencealyustill fail in the
presence of obstacles or it may increase obstacles susceptibility but swarms may be more resilient
As previously explained, a robot is able to avoid obstacles dueciouésive force based on a
monotonic and positiveensing functiow o0 that depends ate distance between the robot and
the obstaclécf., sectiond.3). Its susceptibility is defined through the obstacle susceptibility weight
" . Since the characteristics of the environment are generally not known in advance, the robot itsel
should be able to intelligently change its own obstacle susceptibilinased orthe contextual in-
formation about the environment.
By means of equatiof¥.5) one can perceive that, when a robot does not sense any obstacle
within its sensing radiuy , the position that optimizes theonotonically decreasing amcreasing
sensing functiolQw 60 i s t he same as ri®epwd 6s.ocThisyieldsnthe p o

following expression:

i .0 @O m (7.20)

One may consider that, when dob does not sense any obstasléhin 'Y , then the obstacle
coefficient should be ignorede., ” 1L Also, it is easy to remark that its obstacle susceptibility
weight should increase as the distance to the obstacle decreases. However, as previously highlight:
it is not the absolute value of a coefficient that matters but the relation betweenfaliesusf There-
fore, for better understanding the relation betweeand the rest of thRDPSOparameterdet us
consider a new experimental setup afudbgroupof two robots. One of the robots is placed in the
optimal solution i¢e., the brighter sitg and will summon the other robot towards it. The other robot
is placed 1 meter away from the best performing robot and an obstacle is placed halfway the pat
between both robotsge., 0.5 meters in front of the robot that is beisignmon Figure7.6). Also,
robots are praggmmed to detect obstacles & fheters from them.,e.,’Y  T@.
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Optimal solution

Figure7.6. Experimental setup to evaluate the obstacle susceptibility of a robot.

To allow the manipulation of within a considerable range, while respecting the attraction
domain represented rgure?.1, let us suppose the following set of parameters 1@ and”
&, with ” | T& M@ . In other words, the social component influengere than the cogni-
tive one, thus allowing for the robot placed in the optimal solution to promptly lure the othésone

Figure7.7 depicts the olstacle susceptibility of the robot was evaluated using the following param-

etery T o gnd” @ hrRipg, .

0,05 - —" ™
0 ad T, ey

0,04 - Pg,

0,03 -

0,02,

-0,5

-0,03 \

-0,04
Figure7.7. Distance from the worst performing robot to the obstacle in phase space.
ObservingFigure 7.7, we conclude that the worst performing robot gitek in the obstacle
vicinities, and sometimes collides withfor an obstacle susceptibility weight’'of 1@ . For any
of the other two situation$ (@ and” p&), the robot is able to circumvent the obstacle, thus

reaching the optimal solution. However, notwithstandingstimae final resulfor both” @ and
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p&, as” increases the robot presents a more chhetiaviouri.e., more oscillatory. For
p& the robot first moves 1 meter and a half away from its current location avoiding the obstacle in
an inadequate way.

In fact, as a robot avoids an obstatleshould decrease allowing a wider range of possibilities
for the other coefficients, such ‘asand” . For that reason, the following environmental contextual

information aboutobot avoidancavas defined:

6 6 —, (7.21)

wherein themonotonic and positiveensingfunction"Qw 0 returns’Y when the robot does not
sense any obstacle within its sensing radius. Asequ@®)s hows, as an obstac
sensing radiug) 0 tends to 1, thus presenting the proximity to the obstacle. On the other hand,
when0 O T i.e, the robot is in an obstaefeee path, then the obstacle susceptibility weight can
be neglected,e.,” 1. Naturally, as0 0 increasesthe obstacle susceptibility weight should

also increase, thus decreasingin order to respect the attraction domdéfinedin Figure7.1.

7.2.4 Connectivity Susceptibility

As already stated in this Thesisir@ess networks play a crucial role MRSsince robots need to
share information to infer their inddual locations and solutiorend control their positigto main-
taintheMANETconnectivity. The requirement to ensure network connectivity often fails when robots
move apart from their teammatd® improve the convergence rate of RIBPSOrobots within the
samesubgroup robots should spread out as most as possible. However, they mustrkagjonam
communication distance or minimum signal quatigtween them. In this perspective, one needs to
find a goodtradeoff between the enforcing communication comporierand the mission parame-
ters (.e.,” and” ) since each robot has to plan its moves while maintainingl Ki¥ET connectiv-

ity.

The RDPSOtakes use of the adjacency matbix that directly depends dhe link matrix O to
identify the minimum/maximum distance/signal quality of each line, thus returning the position of
the nearesteighbouiin which a robot needs to ensure connectiwty §ectiond.4and sectiorb.2).
Similarly to the above methodologgtlus now consider an experimental setup saftagroupof two
robots. Oncagain, one of the robots is placed in the optimal solution while the other robot is located
0.5 meters away from iE{gure7.8).
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Optimal solution

Figure7.8. Experimental setup to evaluate the connectivity between two robots from thesagneup

The distance between robais will be evaluated manipulating within a larger range while
respecting the attraction domain representeéigyre7.1, ” e and” & with ” R
T]M® , and| T 0.¢The enforcing communication component will be set as”
@ hr@ip& and robots will try to maintain a distance of 1 meter eetwthemj.e, 'Q p

meters Figure7.9).

0,025

v ad

0,015 -

0,005 -

0,94
-0,005 -

-0,015 -

-0,025 -
Figure7.9. Distance between robots in phase space.

It may be observed iRigure7.9 that, for any value df , the robot preents a spiral convergence
in'Q  vicinities. However, a8 increases, the convergence of the robot tos/&d also in-
creases (the camtof the spiral approximateQ ). For” &, the robot converges towards a
distance superior t&  with a larger spiral radius since it tries to get closer to the solution. For

" p&, the robot ignores the solution and hardly moves from its initial position.
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Considering the previous results, the easiest way to et @NMANETconnectivity is® increase
the enforcing communication componént when the distance between robots approximates the
threshold valuei €., maximum distance or minimum signal quality). Therefore, exploiting introspec-
tive knowledge allows defining an agdrdased contexal metric denoted a®bot proximity Never-
theless, this metric will depend on either ensuring a maximum communication distance between ro
bots,Q , or getting a minimum signal qualityj, . Considering &  problem, one can define

therobot proximityas t follows:

~ — 0 o ©
6o P B0 | (7.22)
1 o 6 0

whereQ 0 is the distance between rokoand its nearest neightaod . Similarly, considering a

N problem, the metrican bedefined as:
0 o o (7.23

wherer] 0 is the minimum signal quality between rolgoand its nearest neightod .

By exclusively usingnter-robot relation®ne can onlensue the MANET connectivity locally.
Therefore, besides the proposed nscapiclevel metric, a macsxopiclevel metric needs to be
defined to globally improve thMMANET fault-tolerance within eaclubgroup As previously de-
scribed in sectiorb.3, the connectivity of th network can be represented by the second smallest
eigenvalue, also known &sedler valug _ of the Laplacian matrix0 (5.14). The value of_ , de-
pending on the number of robots withisibgroup allows evaluating its connectivity. Therefore, a
new macrscopicagentbased contextuahetric that takes into accouttte swarmconnectivitycan

be defined as:
. h
0O 0 - : (7.24)
h

When all robots within aubgroupcan directly communicate.€., one hop) with all their team-
mates, then. 0 , thus resulting i 0  p which is representative of a fully connectab-

group Therefore, a8 0 tendsto 0] should increase in order to ensure a more connitANET.
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7.2.5 Outline

The above presented contdddsed metrics can be used as benchmark to evalu&BB®&ON terms

of groupbehaviour However, the fact that there are multiple evaluation metrics to determine the

algorithmdéds performance makes their selection
Due to theRDPSOdynamics, it may not be sufficient to consider each evaluation metric inde-

pendently. It is thus extremely important to find a way to evaluate its performance and ponder, sim-

ultaneously, the full set of metricSonsequently, by systemnzally adjusting the parameters within

the defined attraction domainkigure?.1, theRDPSCcan be extended in order to control the swarm

susceptility to the main mission, obstacle avoidance and communication conslmnaiinis line of

though, it is based on the fuzzy approéChuceiro, Machado, Rocha, & Ferreira, 2Qi2{roduced

in next setion, that we will evaluate the performance and adaptively adjust the parameters of the

RDPSO

7.3 Fuzzified Systematic Parameter Adjustment

Robotsd perception can significantly benefit f
tion presented the acquisition of environmental knowledge based on the sensing capabilities and
shared information between teammates. Fuzzy [sgiesection 3.1.3 will now be incorporated into
theRDPSCQalgorithm to handle contextual information represented by the previously defined metrics.
Other proposals with diérent formalism to represent contextual knowledge and reasch as
Bayesian decision analysis could be adopted as(Walher, 1998)Portugal & Roch, 2012) Nev-
ertheless, fuzzy logic addresses such applications perfectly as it resembles humanmegisign
with an ability to generate precise solutions from certain or approximate inforrflatipi\braham,
& Zhang, 2007) The successful development of a fuzzy model is a complex-steftiprocess, in
which the designer is faced with a large number of alternative implementation strategies and attributes
(Garibaldi & Ifeachor, 1999)n sum, based on the information extracted from the inputs represented
by the previously defined metrics, the fuzzy logic system can infer contextual knowledge which can
be used to control tHRDPSObehavioutby adapting its parametersSigure7.10).

This control architecture is executed at each iteraiidhus returning the fractional, sokiab-
stacle and connectivity coefficientsand” ,"Q c¢loft. Subsequently, the cognitive coefficiéntis

then defined in order to respect condittbe attraction domain iRigure7.1,i.e,m1 B
"Q phlofr.

C ’



185 Chapter7. Parameterization and Adaptability

' 1 1
1 : 1 1
: Sf‘\/va‘rm Activity _‘_? Fuzz“ifie‘r : E Fractional Coefficient E
: 6 o) ¥ b o ¥ () .
1 1 I 1
. . 1 () 1
1 | Robot Socialization |\ Fuzzifier i/ | Social Coefficient !
! (Y o) 1 Yo 7 () !
1
: ! / :
1 | Robot Avoidance ' ifi ici
: O 0) :% !:uzzi;f|e€r) =1 Inference >| Defuzzifier ' ' gb;staclecoeﬁment :
- ! ¥ :
1
: — X — ' ——————
i | RobotProximity | Fuzzfier 1 N\ ConnectivityCoefficient | !
! (L o) 0o | () 1
1 1 1 1
! - N _ Rules 0 !
: S"vvarmConnectlwty Lb Fuzzifier 1 1
i L[© 0 8o ¥ |
1 1 1 1
1 (] 1
: INPUTS : : FUZZY LOGIC SYSTEM : : OUTPUT :
1 1
[ 1 1 1

Figure7.10. Fuzzy Logic System tdynamically adapthe parameters dhe RDPSOalgorithm

As Figure 7.10 depicts, the overall organization of this architecture resembles the commonly
used feedback controllers wherein contextual knowledge is extracted from data followed by a rea
soning phase to otrol the robot. Hence, based on the metrics previously presented and their defini-

tion, one can assess the relation between the inputs and outputs of the fuzzy system.

0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1
wo

Figure7.11. General membership function for each input.
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Figure7.12. Membership functions to quantify the consequents for each coefficient.

To soften the decisiemaking system, the membership functions will be definegdneralized
bell-shapedunctions. Thegeneralized belshapedunction has one more parameter than the typical

Gaussiarfunction used in membership functions being defired a

®wo — (7.25)
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wherein parameter§ wanddcorrespond to the width, the slope and the center of the curve, respec-
tively. Since metrics are all defined between 0 and 1, only half a curve is required to represent th:
status of the swarm and robaitg,, @ p. On the other hand, for a soften resggrike width and

slope may be defined & 1® and® o (Figure7.11).

Theswarm activitymembership functiohn 0 0 represents howctivetheswarm is. As for
therobot socialization  “Y 0 , it represents hoBociala robot is. The same analysis can be made
for the obstacle avoidancenembership function 0 © , thus representing ho®losea given
robot is to obstacles. Thebotproximitymembership function 0 o represents hoWwar a robot
is from its neighbourFinally, as for theswarm connectivittnembership function & 0 , itwas
defined to represent ho@onnectedhe swarm is.

As for the consequent functions, based on the preliminary experimental assessments present
in the previous section, one can define the following triangular membership relations represented i
Figure7.12. These functions not only allow softening and verbalizing the outputs but also, and more
importantly, normalizing them within the attraction domain. It is noteworthy that, as previously men-
tioned in setion 7.1, the cognitive parameter can then be definéd as¢ ” ” ”

The MamdaniMinimumwas used to quantify the premise and implication. défeizzificabn
was performed using the centregravity (CoG) method(seesection3.1.3. By using the contextual
knowledge represented Figure7.12, one can define the contextual rules that affect the behaviour
of the system depending on the situation at h@hdrefore, the followingiffuse IF-THEN-ELSE
rules(Ruan & Kerre, 2002are considered:

IFO O IS ActiveTHEN | IS Small

ELSE| IS Large
IFO 0 I1SCloseORD 0 ISFarOR 6 0 IS NOT ConnectedHEN | IS Nominal
IF"Y 0 1S SocialOR( 0 IS CloseORD 0 ISFarOR& o IS NOT Connected
THEN ” IS Small

ELSE” IS Large
IFO O IS CloseTHEN " IS Large

ELSE-IF0 0 ISFarOR & 0o IS NOT ConnectedHEN ” IS Small
IFO 6 ISFarOR&6 0 ISNOT ConnectedHEN ” IS Large

ELSE-IF 0 0O IS CloseTHEN ” IS Small

Figure7.13. Set ofIF-THEN-ELSEf uz zy r ul es tahaviowbasedon dontaxtaabimfdrnsation.

The rulesfrom Figure7.13turn out to prioritize somBDPSOparameters over others, in which

(i.e., avoiding obstacles) arid (i.e., maintainingMANET connectvity) are the most pertinent
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parameters. Although minor collisions are acceptable in swarm robotics, as this work focus on real-

istic applications such &aR it may be debatable to prioritize the mission over obstacle avoidance.
The loss of multiple robstmay jeopardize the mission objectieeg(, finding victims). On the other
hand, it is noteworthy that the obstacle avoidance parafetely affects the behavior of a specific
robot when an obstacle is in its sensing range.
In brief, the fuzzy systemerein proposed systematically adjusts the behaviour &ERSOn
such a way that one can easily understand the contextual information regarding the robot and the
subgrouppy si mply observing the parametersd evol ut
i mproves robotsdé6 perception by allowingg,fast d
detecting an obstacle) exploiting the information about the dynamresleforld features. For ex-
ample,Figure 7.14 depicts the evolution df , "'Q plgfoft, for a given robot facing the following
situations:
1 The roba is traveling until it first detects an obstadle(” increases);
1 While still facing the obstacle, the robot moves too far away from its closest neighéour (
" increases);
1 The robot is able to circumvent the obstacle being still far fromlotsest neighboui.é.,
" decreases arnd increases);

1 The robot is finally able to reduce the distance to its closest neighleoutr (decreases).

connectivitythreatened
1.4 obstaclesletected —_—
P ." \
- i Y
1] . ll I'\
= — 1 e e e e e o —_
1 -~
S| NS \ e
08 —x\ . ,-/
H-;v_________g____J/
- —] T

iterations

Figure7.14 Par amet er s®6 evolution under a hypothetic

Next section presents experimental results obtained using physical and simulated robots wherein

the adaptive version of tiRDPSOwas evaluated and compared to the-adaptive one.
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7.4 Experimental Results

To demonstrate theelevance on correctly defininggRDPSQOparameters and thaility of the pro-
posed distributed adaptistrategy a set of experimental results with multiple simulated and real

robots is presented.

7.4.1 Numerical Simulations

Before evaluating the adaptive version of RIBPSQ a set of preliminary experiments were con-
ducted orMatLabto study the parameterization effect. In this sectiompise of virtual agents instead
of realisticrobots(i.e., without considering robstdynamics andradio frequency propagatiomas
necessy to evaluate th@DPSOwith arbitrarily large populations of robots and further understand
par amet er.$Hénceiwa first de@dedcteevaluate tREOPSQunder two different static con-

figurations(Table7.1), while respecting the particular attraction dontainfrom Figure7.1.

Table7.1. Two sets oRDPSOparameters.

Parameters| |
S 0.632 0.100 0.300 0.790 0.790
S 0.632 0.200 0.400 0.690 0.690

Each set of paramete® and S, is defined by the tuple * i i i . The only difference
between both sets: &nd S is how RDPSOparameters are defined within the particular attraction
domain’ previously represented Figure7.1. The first set (§ is more conservative with higher
" and” than S, thus allowing robots to preserve tRRANET connectivity and avoisdbstacles
collision at any cost. The second sef) (S greedier with higher and” than§, wher ei n
primary concern is to find the optimal solution (even if some collisiohdAMMETruptures occur).

All of the experiments were carried outarsimulated scenario of Tt TTo 1T meterswith obsta-
cles randomly deployed at each trial, in which thive-dimensional benchmark cost functions
"Oaw,- pltho, were defined where andy-axis represent the planar coordinates in mesas (
Figure 7.15): i) Gaussian - p ; ii) Rastrigin - ¢ ; andiii) Rosenbrock- ¢ (Molga &
Smutnicki, 2005)
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optimal solution

Figure7.15. Virtual scenario with obstacles and 25 robots divided into 5 swarfi@.cdo ; b) "Q ¢hw ; and c)
Q o .

In order to improve thénterpretation of the algorithm performance, results were once again

normalized as in sectioh7.1 Test groups of 100 trials of 500 iterations each were comsider

0 ¢ bv fp 11 mobots. The maximum travelled distance between iterations was G& me-
ters, i.e, Yo m™® while the maximum communication distance between robots was set to
Q o mmeters. The maximum range was considsrade it s equivalent to the maximum com-

munication distance in urban environmeint.( with obstacles) oKBeemodulesusedeSwarBots
platforms (sectior3.2.3.
Let us then summarize the remainRBDPSOparametersTable7.2):

Table7.2. RDPSQOparameters.

RDPSOParameter Value
Number of trials 100
Time per trial [iterations] 500

0 chipnm
0 0

0 5

0 8

YO 30

Q a 30

Yo & 0.5
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Figure7.16 depicts the performance of the algorithm by changing the total number of bohots
the objective functiofQ afto and the set of parametersa®d S. The median of the best solution in
the 100 simulation was taken as a final output for each different condititre Gaussiarfunction
"Q oo, robots seem to perform weliure7.16a-b). The reason may be thg cfto only presents
2 suboptimal regions that are far apart from the optimal solutligufe 7.15a). In the Rastrigin
function"Q afto robots also seem twve a good performandeigure7.16¢-d). It is noteworthy that
this function presents a difficult gstem due to the relation between the size of the search space and
the numbewof suboptimal solutionsKigure7.15b). In fact, when attempting to se\theRastrigin
function, most optimization or foraging algorithms easily fall into-epbmal solutions. However,
as theRDPSOis capable of maintaining a large diversity, it returns better results than expgacted.
nally, in theRosenbrocKunction™Q ¢t , the optimal solution is inside a long, narrow, pata
shaped flat valleyRigure7.15c). Robots are able to easily discover the valley (wfmve 0.9) but
they seem to have some minor problems in figdhe optimal solutiorHigure7.16e-f). Contrary to
the previous functions.é., "Q afto and™Q o ) in which the target distributiomay resembléor-
aging tasksn which robotsneedto find confined target locationg.@, toxic wastecleanup), the
Rosenbrockunction™Q oty is more like an olfactorpased swarming. In olfactotyased swarming
a plume is a subject to diffusion and airflow, which increases the difficulty in finding the initial source
(e.g, detection of hazardous gasék)arques, Nunes, & Almeida, 2008atmiko, Sekiyama, &
Fukuda, 2006)Nevertheless, independent of the target distribution, the median value of the solution
was always greater than 0.9%( optimal solution vicinities) regardless of the number of robots.

It should also be noted that the second sgt §&sents worse results than the first ong (5
most situationsg.g, Figure 7.16e-f). In other wordsa greedybehaviourwherein robots give too
much importance on finding the optimal solutee#ems tgeopardize the performance of the team
since some collisions or communication ruptures may delay or even interfere with the collective in-
telligence. Thsppnomenon may be explained due to t he
Although robotic teams are designed for specific applicatiergs {inding a gas leak), the require-
ments tdulfil such applicationse(g, ensuringMANET connectivity) need to be ensured for collec-
tive cooperation to emerge. Nevertheless, it is impossible to withdraw more specific conclusions
about the influence of usingdéfferent parameterizatioor population on the algorithm performance
by only lookirg at the median of the best solution over time. Therefore, a more exhaustive statistica
analysis needs to be carried out so as to assist the design of robotics network dynamic partitionir

algorithms for similar scenarios.
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Figure7.16. RDPSOQevaluation changing the number of robdtsfor each objective function and set of parameters: a)
"Q e and S; b)"Q afd and $; ¢)"Q afty and S; d)"Q ¢ and $; €)'Q ¢hw and S; and f)'Q ¢ftd and S.

Section4.7.1presented a statistical analysis of Ri2PSQusing theMANOVAIn order to eval-

uate the relationship between theplation of robots and their maximum communication distance
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(Maroco, 2010fallant, 2011)Similarly, we herein presentMANOVAanalysis to further under-
stand the impact of using a conservative and greedy behaveusdt of parameters) while increas-
ing the number of robots within the population. Therefore, the significance of the set of parameter:
and the number of robots€.,, independent variables) to the final solution and the runtirae de-
pendent variables) was analysed using away MANOVAfor each target distributiom €., objective
function). As in sectiod.7.1, the assumption of multivariate normality was validgMdroco, 2010;
Pallant, 2011)The assumption about the homogeneityarfance/covariance matrix in each group
was examined with thB o x 6 s iMheTiheeg bbjective functions. When MANOVAdetected
significant statistical differences, we proceeded toAN©®VAfor each dependent variable followed
by theT u k e y 6Post Ho8 This analysis was performed usili8M SPSS Statistider a signifi-
cance level of 5%.

As Table7.3 depicts, theIANOVArevealed that the number of robotsllrlamedium effect and
significant on the multivariate composite independently on the objective functionpgwilue =
0.001 andPower= 1.000). This indicates that the population of robots, as expected, has a crucial

influence in theRDPSOperformance.

Table7.3. Multivariate test for the number of robots.
"Q o "Q ofw "Q oftd
Pillai's Trace 0.139 0.201 0.203
Partial Eta Squared- 0.069 0.101 0.117

Table7.4 shows that the set of parameters had a small effect, yet significant, on the multivariate
composite except for th@aussiarfunction™Q oo . In this last one, the different set of parameters
does not present any statistically significant differences. Hence, the proposed set of parameters see
to have a minor influence over tROPSOperformance. However, at this point, it is still not cliéar
it has a positive or negative influen&enally, the interaction between the two independent variables
only had a small effect, yet significant, on the multivariate compositeosenbrockiunction
('Q ¢hw) (Pillai's Trace= 0.032;— = 0.016;p-value= 0.001;Power= 0.957).

Table7.4. Multivariate test for the set of parameters.
"Q aho "Q oo "Q ahw

Pillai's Trace 0.006 0.015 0.045
Partial Eta Squared- 0.006 0.015 0.045
p-value 0.192 0.011 0.001
Power 0.350 0.800 0.998
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After observing the multivariate significance in the number of robots and set of parameters, a
univariateANOVAfor each dependent variable followed by thet k e y 6 s waSdarried eut t
(Figure7.17). It can be concluded that, in general, increasinghtheber of robots from 50 to 100
does not significantly improve the final solution of RBEPSOfor such applications and target dis-
tribution. In other words, the algorithm is able to find the optimal solution with 50 robots in most
situations. However, the runtime improves significantly as the number of robots inciiegses (
7.17d-f). There is an almost inverse linear relationship between the runtime and the number of robots
As for the set of parameters, the performance dRDBSQ for bot final solution and runtime, does
not follow any tendency. For instance, a grebdiiaviour(S;) decreases the runtime for functions
"Qafo and’Q oftd and increases it for functiol afwo (Figure 7.17d-f). Despite using similar
parameter values inside the previously defined particular attraction d'ome(lﬁgure?.l), it can be
observed that small differences between both sets may result in considerable differences, mainly, |
the algorithm convergence ratee(, runtime). On the other hand, in mostiations, one can slightly
overcome the negative effect of a poor choice of parameters (Withirby increasing the population
of robots. However, for the second set of paramete)s r@&ots happen to collide and sometimes
they cannot maintain the maxum communication distance between them. Even within the second
set, this could be avoided if parameters were not constant values throughout the search. In oth
words, there are some situations in which robots should adapgt¢haiviourLiu & Winfield, 2010).

For instance, if a robot is near collision, the obstacle susceptibility weigdtould instantaneously
increase, hence ignoring the mission and communication constraints.

Having studied t he paRBRPS@lgaithrs, tetus now prasentsone  w

experiments to evaluate the adaptive strategy herein proposed.

7.4.2 Dynamic Environments in Simulation

The use of simulated robafiows toevaluate the adaptiRDP SOwithin large populations of robots

and larger dynamicscenarios. All of the experiments were carried out in a simulated scenario of
@ TU TL@ Tt meterswith an initial Gaussiartarget distributionherein denoted d®aito , with obsta-

cles randomly deployed atch triali.e., the same distribution presentedrigure7.15a with twice
the scenario dimension§est groups of 100 trials and 500 iterations each were consider&d for

¢ bv fp 11 mobots. Also, a minimum, initial and maximum number of 2, 5 asdt®jroug were
used. The maximum travelled distance between iterations was set as 0.750 iragt¥cs,

1 Ywhile the maximum communication distance between robots was'@et to p umeters.
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Figure7.18. Planar motion ofO afto peaks based on Forced Duffing Oscillatorda) ;, b) 0 p v;®) 6 o ;)

0 T v iterations.

From the previous experiments, one can observe thahbatadaptiveand adaptive algorithms
present a high efficiency since the intrinsic features oRIDESQ(i.e., social exclusion and inclusion
presented on sectighb) allowsavoiding suboptimal solutions in most situations. Therefore, to fur-
ther compare both approaches, a dynamically changing environment is considered. Due to the con-
tinual changes of such environments, the optimal solution in the environment will also okkange
time. This demands that tliRDPSOneeds to be able not only find the solution in a short time, but
also track the trajectory of the optimal solution in the dynamic environmentadlgptive algorithms,
such as the regul&DPSQ usually present sevardrawbacks in dynamic problems since they lack
the ability to track the noestationary optimal solution in the dynamically changing environment
(Carlisle & Dozier, 2000§Cui & Potok, 2007)

Chaotic functions are the most common and sstitlied way to generate nstationary func-
tions such as logistic functiorfslorrison & De Jong, 1999)n this work, a general way to dynami-
cally change the peaks location based~onced Duffing Oscillato(FDO) is used(Tan & Kang,
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2001) Hence, the functioiOGhw is defined as a dynamic Gaussfanction (f., Figure7.15a) tha
changes over time based Algorithm 7.1. A sequence of thi® cito peaksd mot i on i
in Algorithm 7.1. DynamicFDO function generator

. The motion of each peak can be configured through the tupleh K B fm
wheren | controls the size of the damping, controls the size of the restoring foree,
controls theamount of noflinearity in the restoring forca,  controls the amplitude of the periodic
driving force andm  controls the frequency of the periodic driving force. Although the tuple
' h h B hn  maybe randomly defined for a more unexpected and chaotic behav-
iour, to better understand the experimental results, it was defined with the constants

Thph®, bphr® . To soften the surfag a circular averaging filter waalso applied.

Ay QR Q1 DD QML the initial surface de Matbadpeaks)functios
returns a Gaussian distribution with 5 peaks (3 with positive amplitude and 2 with negative amplitude)
Gy QQi® ¢ //detect the peaks; the threshol d20% efphe abso:
lute maximum amplitude may be an option
O Qi €& QEQ /initialize the binary surface as a matrix of zeros
& G p // the surface peaks aidentified by logical ones
S R) Wé 6 & Qcxd "Uddtect the region boundaries in the binary surface; for instandéathabbwboundaries()
function returns the label matrixas the second output argument and the number of peakse third argument.
ForQ pdi
o tho Q@ "QQ&EQ "/ / detect the peaks; the thresh
T 20% of the absolute maximum amplitude may be an option
00O [ @O wd - w6 3 Aim® o / chaotic motion based drorced
Duffing Oscillator(FDO); one can use thdatLabode45()to solve this differential equation problem
©wQO6 wo //they Hh h B hy  tupple may be randomly defined for each peak
& & /linitialize the modified surface as the original one
Foro pdY// the total timei(e., number of iterations) of the motion is defined’l¥y
ForQ pd
[ & ® & Cho "Q // savethe current peak in a temporary variable
| O ®MQ 1¢o6aWO [/ the elements of the matrix needs to be integer values
O QO E oM
| & @ Qw "Q & // new position of the peak
® "QQda & Q1l/ afilter may be used for a more soften surfaceMhb# abfilter2() andfspecial()func-
tions may be used for that purpose
U Qi 6 cLIrIa ‘Q/ optionally, one can visualize the new surface; MaLab surf() function may be

used

Algorithm 7.1. DynamicFDO function generator

Similarly asbefore, Figure 7.19 depicts the erformance of the neadaptive and adaptive
RDPSOunder a dynamic environmemtnalysingFigure7.19, it is clear that the proposed mission
can be accomplished by any number of robots greater or equal than 25. However, one can obser
that the adaptive strategy improves the convergencee® @ISO That difference is more visible
than in the previous static example, both for the median value and the variability of the solution. In
the adaptivédRDPSQ this last one is lower than the nadaptiveRDPSQand the difference increases
as the numhbeof robots increases. It is also clear that the- awaptiveRDPSOseems to be unable to
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always successfully track the optimal solution, thus increasing the inconsistency of the final result
obtained (larger interquartile range). Moreover, it is intangstd observe that, in the adaptive

RDPSQthe line representing the third quartile (top solid blue line) gets closer to the one representing
the median value (darker solid blue line). In other words, the data distribution turns out to be nega-
tively skewed(i.e., the mean is smaller than the median). This means that, in this case, as the goal is
to maximize the normalized objective function, approximately 50% of the trials are around the desired

objective value for the adaptiRDPSQunder a dynamic enviroment.

c )
c
S os} O
3 -
S Fhe
" a5k &
0.4}
0.3 — — nonadaptive 4 * ff-::' — — - nonadaptive
—— adaptive adaptive
02 . . . : . . . . . . . . \ \ . X . .
0 50 100 150 200 250 300 350 400 450 500 0 50 100 150 200 250 300 350 400 450 500
iterations iterations

0.95

solution
[=]
(]

0.5 [ — — nonadaptive |
= HF adaptive

05 ¢ 1 1 1 1 1 1 1 1 1
1] 50 100 150 200 250 300 350 400 450 500

iterations
Figure7.19. Performance of theonadaptiveand adaptiveRDPSQunder a dynamic environment for:@a) ¢ uobots;

b) 0 v Tobots; c)0 p Tt mbots.
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suboptimal solutions

Figure7.20. Heat maps representation of robotds trajectory
jectory of the sutmptimal and optimal solutions. Alon-adaptivel ¢ vb) Adaptivel ¢ va)Non-adaptivel)

v Tth) Adaptivel v Tta) Nonradaptived p ;) Adaptivel p LTI

To further improve the comparison between Haolaptive and adaptive strategies, heat maps
were usedKigure7.20). Heat maps can be designed to indicate how robots tend to be grouped to-
gether as well as reflecting the overall quality of the teamsblUgarrows represent the trajectory
carried out by the supptimal and optimal solutions during the 500 iteratidfigure 7.20 presents
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