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Abstract. This paperdescribesheimplementatiorandmodellingof abiologically
inspiredcollective behaiour. The experimentsare concernedvith the gathering
andclusteringof randomlydistributedsmall cylinders. Eachexperimenthasbeen
repeatedentimesin a simulatedervironment(parametricsimulation)andcarried
out five timeswith a group of ten Kheperaminiature mobile robots. The simu-
latedandexperimentaresultsarecomparedquantifiedanddiscusseghaving the
adwantagesndtheweaknessesf bothapproaches.
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1 Introduction

Bio-inspiredcollectiveroboticsfavoursdecentralisedolutions,.e. solutionswhere
coordinationis not taken over by a specialunit using privateinformationsources,
or concentratingand redistrituting mostof the information gatheredoy the indi-
vidual robots. Inspiredby the so-calledcollective intelligencedemonstrateddy so-
cial insects(Bonabeawand Theraulaz,1994),bio-inspiredcollective roboticsstud-
iesrobot-robotandrobot-ewironmentinteractiondeadingto robust,goal-oriented,
andperhapemegentgroupbehaiours. Suchabio-inspiredapproachn collective
roboticsseemso be a promisingway to solve problemswhich are hardto tackle
usingclassicakontrolmethods.

Let usnow addresshestateof theresearclin aparticularwell-suitedexperiment
in bio-inspiredcollective robotics: the gatheringand clusteringof randomlydis-
tributedobjects. This experimentis inspiredfrom the studiesof clusteremegence
with socialinsects. Deneubouy (Deneuboug et al., 1991) shaved that a simple
mechanismnvolving the modulationof the probability of droppingcorpsesasa
functionof thelocal density wassufficientto generatehe obsenedsequencef the
clusteringof corpses.

In (Beckersetal., 1994;Maris andte Boekhorst1996)similar experimentsavere
carriedout with realrobotsarchitecturedasedbasicallyon reactve behaiour. In
thesetwo papersa precisestatisticalanalysiswascarriedout but no modelling of
theexperimentwaspresented.



In (Martinoli andMondada,1995)we alsopresenteéd similar experiment.How-
ever, dueto the difficulty for the recognitionalgorithmto distinguishbetweena
smallcylindrical object(which will bereferredto as“seed”from now on) andan-
otherrobot, it waspossibleto analysequantitatvely the data,but the high rate of
destructveinterferenceandof experimenteinterventiongpreventedhecreationof
an adequatgrobabilisticmodelin simulationwhich could have generategimilar
results.

The experimentspresentedh this paperare carriedout with a morereliabledis-
tinguishingalgorithm. We aim to show thattheimprovementsn the controlarchi-
tectureanda systematianeasuringorocedureof the teamperformancesvill allow
us to comparethe experimentalresultswith thoseobtainedin simulationwith a
Markov chainmodel.lt is worthwhileto mentionthatthe main purposeof thepara-
metricsimulation(asopposedo the “classical”’simulation,whereasexhaustve as
possiblefeaturesetsof therobotandof the ernvironmentareused)is not to deliver
datawhich fit ascloseaspossibleto the experimentaldata. The simulationsaim to
outline the parameter®f the real set-upwhich play a crucial role in the evolution
of the collective performancesA bettercomprehensionf collective mechanisms,
suchasinterferenceamongthe robotsor stigmegic communicationwill helpto
evaluatethe expectedcollective performancesf a givennumberof robots,a given
amountof work, a givenwork areaanda pre-establishedontrolarchitecture.

2 Materialsand Methods
2.1 Experimentswith Real Robots

Figurel a)Seedscatteringatbeginningof theexperimentandb) afterabout2
hours,attheendof thelongerexperiment.

2.1.1 Experimental Set-Up Kheperais a miniaturemobile robot developedto
perform”desktop” experimentyMondadaet al., 1993). Its distinguishingcharac-
teristicis adiameterof 55 mm. Eachrobotcanbe extendedwith a grippermodule,
which cangraspand carry objectswith a maximumdiameterof 50 mm. The ex-
perimentsarecarriedout with a groupof 1 to 10 Kheperasand10 to 40 seedqsee
fig. 1 asanexample). Theseedhave acylindrical form, with a diameterf 15mm
anda heightof 25 mm. We usetwo squarearenaswith differentsizes,the largest
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Figure2 a)Geometricaltepresentationf theclusterconstructiorprobability The
ratio betweertheidentificationperimeterandthetotal detection
perimeternf the clusterrepresentshe probabilityto incrementhe
clustersizeof oneseed.b) Geometricatepresentatioof thecluster
destructiorprobability. Therobot,in orderto decrementhesizeof the
clusterby 1 seedirst hasto detecttheclusterasin figure2aandthen
graspaseed.c) Plotsof bothprobabilities.They arecalculatedrom the
perimeterratios(externalperimeterof thegrey zoneddividedby thetotal
clusterperimeter)llustratedin Fig. 2aandb.

having doublethesurfaceof thesmalles(80 x 80cm and113 x 113cm). Theinitial
scatteringof the seedsandthe startingpositionof the robotsarearbitrarily prede-
finedanddiffer from replicationto replication.Severalexperimentsvhich differ in
the numberof scatteredseedsthe numberof robots,andthe working surfaceare
performedandtheteamperformancearemeasureéndcomparedAs performance
measuremenke chosethe sameasin (Martinoli andMondada,1995),thatis, the
meanclustersize expressedn numberof seedsat a giventime. The experiments
terminatewhena pre-establishetime lapseis over, in our caseapproximatvely 20
minutesandarerepeated times.A furtherexperimentwhichlastedabout2 hours
andwasreplicated3 times,is alsopresentedsreference.

It is worth emphasisinghatin all the experimentghe robotsoperatecompletely
autonomouslyand independentlyall sensorsmotorsand controlsare on-board,
andthereis no explicit communicatior(IR or radiolink) with otherrobotsor with
the experimenters. The only possibleinteractionsamongrobotsare the recipro-
cal avoidanceof collisionsandanindirectform of messageswhich arisefrom the
modificationsof the ervironment(i.e., for instancehe clustergeometry).

2.1.2 Control Algorithm We cansummaris¢heresultingrobotbehaiour with

thefollowing simplerules: the robotmoveson the arenalooking for seeds.When
its sensorareactivatedby anobject,the robotstartsthe discriminatingprocedure.
Two casesanoccur:if therobotis in front of alargeobstaclgawall, anotherobot
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Figure3 Thedynamicsof theclusteringexperimentrepresentedsa Markov
chain.

or an array of seeds)the objectis consideredas an obstacleand the robot must
avoid it. In the secondcase the objectis consideredisa seed.If therobotis not
alreadycarryingaseedjt graspgshe seedwith thegripper;if therobotis carryinga
seedjt dropstheseedt is carryingcloseto theoneit hasfound;then,in bothcases,
it beginssearchingagain.

The discriminatingbehaiour is basicallysimilar to that reportedin (Martinoli
andMondada,1995): the improvementis basedon anincreasechumberof spatial
andtemporalsamples.A testof reliability hasshowvn thatthis algorithmcorrectly
discriminatebjectswith a probability closeto one.

Figure2 illustratethe geometricarndnumericalresultsconsideredn the calcu-
lationsof the constructioranddestructiorprobabilitiesof a clusterof a givensize
whentherobothasfoundit.

2.2 Parametric Smulation with a Markov Chain

In this sectionwe describea simple probabilisticmodel of the clusteringexperi-
ment. We take into accountthe building anddestructionprobabilitiesof a cluster
its probabilityto befound by a robot(proportionalto its detectionsurface)andthe
interferenceprobability due to the encountemwith otherteammates.Interference
canoccurduring differentactiities: by the searchor by the clusterconstruction-
destructionlf anotheteammatdiesin the sensorange therobothasto recognise
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Figured4 a) Thefirstrandomprocesstheclustersarerepresentedith their
detectiorareascaledwith thetotal surfaceof the environment;the
probabilitythata robotencounters clusteris proportionalto the
detectiorareaof thecluster b) Thesecondandomprocesstherobot
canmodify thesizeof the cluster incrementingor decrementingt by 1
seedonly if therobotrunsinto the clusterfrom the positionsdescribed
in Fig. 2. Thetwo barsrepresenthewholesetof clustersscatterecgta
givenmomentonthearenaif therandomcursor(seton theleft barat
0.47)failsonagrey zone theselectectlusterwill bedecrementedeft
bar)or incrementedright bar) by 1 seed.Thethird stochastigrocess,
theencounteof otherteammatess alwaysoverlappedo boththe
formerprocessesnterferencecanoccurduringthe searchaswell as
duringseedpick up or dropacthity.

andavoid it. The parametricsimulationtakesin accountthe time neededor this
actionaswell asthe onerequiredto modify the sizeof a cluster The coordinates
of therobotsarerandomlyassignedt the beginning of eachprogramiteration(see
thefirst randomprocesdepictedin Fig. 4a). Therearetwo fundamentabpproxi-
mationsin our simulation:

e therobotis not moving in the ernvironment: the simulationcalculatesthe
global probability of finding a clusteror anotherteammatebasedon their
detectiorareaandthearenasurface;

e in orderto corvert the numberof iterationsinto time, we assumethat the
clustersand the robotsare scatterechomogeneouslpn the arenaand that
we cancalculatethe minimal meandistancebetweenwo of them(robotsor
clusters,seeFig. 4a); using the meandistanceand the experimentalmean
velocity of therobots(in theseexperimentsl20 mm/s),we cancomputethe
minimal time to move from oneclusterto anotheywhich is setequalto two
simulationiterationg(asimulated-obotneedstleasttwo iterationsto pick up



aseedfrom a clusterandto dropit in the sameor in anotherone);if another
teammatds found, the robot searchingbehaviour is frozenfor a coupleof

furtheriterations dependin®f thecalculatedime outbasedntherealrobot
interaction.

Theclusteringprocessanbe modelledasa Markov chain(seeFig. 3). Thechain
hasas mary statesaspossibleclusterswith differentsizes,which actually corre-
spondsto the numberof seedsscatteredn the arena. The transitionprobabilities
from stateto statearecalculatedasa functionof thetotal constructioranddestruc-
tion arearepresentedy all the clusterswith the samesizeandasa function of the
numberof otherteammatesn theervironment.As aconsequencéherulesto cal-
culatethetransitionprobabilitiesare pre-establishely the geometricatonstraints
of theset-upbut their valuesareupdatedevery time thatthe numberof clustersof a
givensizechangesNoticethat,for a clusterof sizen, if thereis no clusterof size
n-1,its building probabilityis zero.

Everyrobotcanincremenor decrementhesizeof aclusterby oneseedatatime.
Thebuilding anddestructiorprobabilities(Bi andDi of Fig. 3, with i betweerl and
the numberof scatteredeedspareconditionedby threestochastiprocessewhich
areexplainedin Fig. 4. First, a randompositionin the ervironmentis assignedo
therobot. If this positionis insidethedetectiorareaof a clusterthesecondandom
processs started. Accordingto the stateof the robot (carryingor not carryinga
seed}hesizeof thefoundclusteris incrementedr decrementetly oneseedf the
numberdeliveredby the randomprocesss within the constructionor destruction
region (calculatedwith the valuesof Fig. 2¢). Thethird randomprocesstheinter
ferencewith the otherteammatesis overlappedo the formerones. Eachrandom
processs repeatedor eachrobotindependentlypeforethenext iterationof the pro-
gramis started Noticethatboththefirst two randomprocessealwaysconsideithe
whole actualsetof clustersandarevery lightly coupled:the formerdeliversonly
a booleanvalue“true” if a clusteris found but neitherits size nor its positionin
the arena.As a consequenceahe secondprocessjf enabledby thefirst one,also
takesinto accounthewhole actualsetof clusterswhich is a vectorcontainingthe
building anddestructiomrobabilitiesof eachcluster

3 Resaultsand Discussion

As mentionedn the previous section,we usethe meansize of the clustersascol-
lective performanceaneasurementf the groupof robots.On the following pairsof
plots, theleft figure displaysthe real teamfitnessandtheright displaysthefithess
obtainedby simulation.In all of figures,only the averagefitnessis plotted: 10 runs
have beenperformedfor eachsimulatedexperimentand5 for the oneswith real
robots(only 3 replicationsor thelongerexperimentseeFig. 8).

In orderto estimatethe repeatabilityof the experimentsandthereliability of the
modelwe have calculatedherelative erroron the basisof thedatavarianceof each
experimentfor all thetime frames:the experimentakesultswereaffectedby arel-
ative error always smallerthan 25% (35% with only 3 replicationsin the longer
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Figure5 Fitnessof thegroupwith increasinghumberof robots(1 to 5) onthe
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Figure6 Fitnessof thegroupwith increasinghumberof robots(1,3and5) onthe
arenaof 80x80cm and20 seedgo gatherin a) andfitnessof thegroup
with thedoubleof teammate$2,6 and10), thedoubleof seedg40) and
anarenawo timesbigger(113x113cm)in c). Thecorresponding
simulateditnessesredepictedn Figureb) andd).

experiment)andthe simulatedresultsby onesmallerthan15%. The experimental
relative error could be decreasetly a moreextendedsetof replicationsfor a given
experiment.However, this coulddrasticallyincreasehetime spentfor experiment-
ing, if the sameteamfitnessis measured.

Figure5 shaws the teamfitnessfor a groupof 1 to 5 robots. Althoughthe team
fitnessof thesimulatedyroupof robotsis slightly smoothethanthatof therealones
(it is namelythe averageof twice the numberof the experimentakeplications) the
two plots shovn arequite similar. The maindifferenceis thatthe performancesf
the groupof 3 realrobotsis lessrapidly saturatedhanthe onein the simulations.
Althoughtheterritorial divisionis slightly takeninto accounin theparametricsim-
ulation by the corversionof the numberof iterationsinto time, the approximation
introducedby consideringonly staticrobotscould explain this difference.

Fig. 6 compareghe teamperformancesvherethe numberof robots,the surface,
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andthe numberof seedgo gatheris doubled. The purposehereis to demonstrate
thatrobot-andseed-densitymeantasamountof work to do) aretwo key parame-
tersof the experimentsandthatwe canobtainthe sameresultsin the teamfitness
with the samedensityof robotsand seedd(this is very importantbecauseof the
rareavailability of a greatemumberof robots).|f we compareFig. 6awith Fig. 6¢
we canconcludethat, consideringthe repeatabilityof the experimentsthe differ-
enceshetweenthe two picturesare negligible. This tendeng is confirmedby the
simulationgcompareFig. 6b with Fig. 6d).

Fig. 7 shavs thatin both simulationandexperimentswith realrobotsthereis no
superlinearityin the teamperformancesOn the contrary in the experimentaland
simulatedresultswith 4 and5 robotsthereis a substantiakublinearitybecausef
thedestructve interferences.

Finally, Fig. 8a shaws the experimentalresultsobtainedusinga specialtool de-



velopedat our laboratoryto extendthe autonomyof the Kheperarobots(Martinoli
etal., 1997). Although a singleexperimentreplicatedonly threetimescannot be
representatie, the figure shows that after 3000 secondgshe teamfitnessbhecomes
saturatedlueto interferenceslin comparisonywe have performedthe sameexper
imentbut longerin simulation. The simulationresultsareshavn in Fig. 8b. Since
the probability to build a clusteris consistentlygreaterthanthatto destry it, the
seedsanbegatheredn asingleclusterif enoughtimeis available. At themoment,
we donothave enoughexperienceawith long experimentgo guessvhetheiit is pos-
sibleto obtainthis resultwith therealrobotsandthe set-updescribedn this paper
Rememberalso that the resultinggrowth probability (building probability minus
destrging probability)is ever smaller As a consequencégeforeall the seedscan
be gatheredogethey the averageof the clustersize could reacha saturatiorzone
whereinterferenceandbuilding gradientcontritutionsarein equilibrium.

4 Conclusion

Theresultsof this paperhave shovn thatit is helpful,in collective robotics,to com-
paresimulationresultswith real robot experimentsin orderto betterunderstand
mechanismsuchasinterferenceor stigmegic communicationsThe previoussec-
tion hasshown that the parameterghosenfor the simulation(numberof robots,
numberof seedsarenasizeandseed-robointeractiongeometry)play acrucialrole
in the evolution of the teamfitness.Theinfluenceof thesekey parameterfiasalso
beenverifiedin the experimentswith realrobots,changingoneparameteatatime.

Both approachessimulationandexperimentationhave alsoshawn their limita-
tions. It is very difficult to simulaterobotsconsideringall the mechanismandthe
noiseof therealworld: the optimal key parameterdound in simulationcould be
quite differentfrom thoseof thereal environment. Therefore we adwocatea para-
metric simulationof the robots, which will not suppresghe needto experiment
with realrobotsbut will helpto understandhe mechanismoundin therealworld.
On the otherhand, the limited enegy autonomyof the Kheperarobotaswell as
the whole procedureneededor preparingthe set-uprepresent greathandicapto
perform mary replicationsof the sameexperiment. A first improvementin this
directionhasbeendoneby introducingthe extendedautonomytool mentionedn
Fig. 8h.

The resultsshaw thatin this kind of experimentswith no adaptvity in the robot
control,agreatemumberof robotsdoesnot necessarilyielpto increaseahefitness.
If we comparehe performancesf eachteammatevith thatof the singlerobot,we
seethatthe robotworking alonealwaysachiezesthe bestperformancélinearity or
sublinearityof thefitness).

Theintroductionof adaptvity could,for instanceallow thesinglerobotsto switch
from anactive phaseo aninactive onewhentheratio betweerthe amountof work
(in our casethe seedfinding rate) andthe interferencgin our casethe encounter
ratewith otherteammatesjlecreaseandera giventhreshold.Similar mechanisms
aresupposedo play a crucialrole in antcolonies(Pacalaetal., 1996).
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