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Abstract. Thispaperdescribestheimplementationandmodellingof abiologically
inspiredcollective behaviour. The experimentsareconcernedwith the gathering
andclusteringof randomlydistributedsmall cylinders. Eachexperimenthasbeen
repeatedten timesin a simulatedenvironment(parametricsimulation)andcarried
out five times with a group of ten Kheperaminiaturemobile robots. The simu-
latedandexperimentalresultsarecompared,quantifiedanddiscussedshowing the
advantagesandtheweaknessesof bothapproaches.
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1 Introduction

Bio-inspiredcollectiveroboticsfavoursdecentralisedsolutions,i.e. solutionswhere
coordinationis not takenover by a specialunit usingprivateinformationsources,
or concentratingandredistributing mostof the informationgatheredby the indi-
vidual robots.Inspiredby theso-calledcollective intelligencedemonstratedby so-
cial insects(BonabeauandTheraulaz,1994),bio-inspiredcollective roboticsstud-
iesrobot-robotandrobot-environmentinteractionsleadingto robust,goal-oriented,
andperhapsemergentgroupbehaviours.Suchabio-inspiredapproachin collective
roboticsseemsto be a promisingway to solve problemswhich arehardto tackle
usingclassicalcontrolmethods.

Let usnow addressthestateof theresearchin aparticularwell-suitedexperiment
in bio-inspiredcollective robotics: the gatheringandclusteringof randomlydis-
tributedobjects.This experimentis inspiredfrom thestudiesof clusteremergence
with social insects. Deneubourg (Deneubourg et al., 1991)showed that a simple
mechanisminvolving the modulationof the probability of droppingcorpsesasa
functionof thelocaldensity, wassufficientto generatetheobservedsequenceof the
clusteringof corpses.

In (Beckersetal., 1994;MarisandteBoekhorst,1996)similarexperimentswere
carriedout with real robotsarchitecturesbasedbasicallyon reactive behaviour. In
thesetwo papers,a precisestatisticalanalysiswascarriedout but no modellingof
theexperimentwaspresented.



In (Martinoli andMondada,1995)wealsopresenteda similarexperiment.How-
ever, due to the difficulty for the recognitionalgorithmto distinguishbetweena
smallcylindrical object(which will be referredto as“seed”from now on) andan-
otherrobot, it waspossibleto analysequantitatively the data,but the high rateof
destructiveinterferencesandof experimenterinterventionspreventedthecreationof
anadequateprobabilisticmodelin simulationwhich couldhave generatedsimilar
results.

Theexperimentspresentedin this paperarecarriedout with a morereliabledis-
tinguishingalgorithm.We aim to show thatthe improvementsin thecontrolarchi-
tectureanda systematicmeasuringprocedureof theteamperformanceswill allow
us to comparethe experimentalresultswith thoseobtainedin simulationwith a
Markov chainmodel.It is worthwhileto mentionthatthemainpurposeof thepara-
metricsimulation(asopposedto the“classical”simulation,whereasexhaustiveas
possiblefeaturesetsof therobotandof theenvironmentareused)is not to deliver
datawhich fit ascloseaspossibleto theexperimentaldata.Thesimulationsaim to
outline theparametersof the real set-upwhich play a crucial role in theevolution
of thecollective performances.A bettercomprehensionof collective mechanisms,
suchas interferenceamongthe robotsor stigmergic communication,will help to
evaluatetheexpectedcollective performancesof a givennumberof robots,a given
amountof work, a givenwork areaanda pre-establishedcontrolarchitecture.

2 Materials and Methods

2.1 Experiments with Real Robots

a) b)

Figure1 a)Seedscatteringatbeginningof theexperimentandb) afterabout2
hours,at theendof thelongerexperiment.

2.1.1 Experimental Set-Up Kheperais a miniaturemobile robotdevelopedto
perform”desktop”experiments(Mondadaet al., 1993). Its distinguishingcharac-
teristicis a diameterof 55mm. Eachrobotcanbeextendedwith a grippermodule,
which cangraspandcarry objectswith a maximumdiameterof 50 mm. The ex-
perimentsarecarriedout with a groupof 1 to 10 Kheperasand10 to 40 seeds(see
fig. 1 asanexample). Theseedshaveacylindrical form, with adiameterof 15mm
anda heightof 25 mm. We usetwo squarearenaswith differentsizes,the largest
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Figure2 a)Geometricalrepresentationof theclusterconstructionprobability. The
ratiobetweentheidentificationperimeterandthetotaldetection
perimeterof theclusterrepresentstheprobabilityto incrementthe
clustersizeof oneseed.b) Geometricalrepresentationof thecluster
destructionprobability. Therobot,in orderto decrementthesizeof the
clusterby 1 seedfirst hasto detecttheclusterasin figure2aandthen
graspa seed.c) Plotsof bothprobabilities.They arecalculatedfrom the
perimeterratios(externalperimeterof thegrey zonesdividedby thetotal
clusterperimeter)illustratedin Fig. 2aandb.
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	���� and ���������
������� ). Theinitial
scatteringof theseedsandthestartingpositionof the robotsarearbitrarily prede-
finedanddiffer from replicationto replication.Severalexperimentswhichdiffer in
the numberof scatteredseeds,the numberof robots,andthe working surfaceare
performedandtheteamperformancesaremeasuredandcompared.As performance
measurementwe chosethesameasin (Martinoli andMondada,1995),that is, the
meanclustersizeexpressedin numberof seedsat a given time. Theexperiments
terminatewhena pre-establishedtime lapseis over, in ourcaseapproximatively 20
minutes,andarerepeated5 times.A furtherexperiment,whichlastedabout2 hours
andwasreplicated3 times,is alsopresentedasreference.

It is worth emphasisingthat in all theexperimentstherobotsoperatecompletely
autonomouslyand independently;all sensors,motorsand controlsare on-board,
andthereis no explicit communication(IR or radiolink) with otherrobotsor with
the experimenters.The only possibleinteractionsamongrobotsare the recipro-
cal avoidanceof collisionsandanindirect form of messages,which arisefrom the
modificationsof theenvironment(i.e., for instancetheclustergeometry).

2.1.2 Control Algorithm We cansummarisetheresultingrobotbehaviour with
the following simplerules: therobotmoveson thearenalooking for seeds.When
its sensorsareactivatedby anobject,therobotstartsthediscriminatingprocedure.
Two casescanoccur:if therobotis in front of a largeobstacle(awall, anotherrobot
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Figure3 Thedynamicsof theclusteringexperimentrepresentedasa Markov
chain.

or an arrayof seeds),the object is consideredasan obstacleand the robot must
avoid it. In thesecondcase,theobjectis consideredasa seed.If the robot is not
alreadycarryingaseed,it graspstheseedwith thegripper;if therobotis carryinga
seed,it dropstheseedit is carryingcloseto theoneit hasfound;then,in bothcases,
it beginssearchingagain.

The discriminatingbehaviour is basicallysimilar to that reportedin (Martinoli
andMondada,1995): the improvementis basedon anincreasednumberof spatial
andtemporalsamples.A testof reliability hasshown that this algorithmcorrectly
discriminatesobjectswith a probabilitycloseto one.

Figure2 illustratethegeometricalandnumericalresultsconsideredin thecalcu-
lationsof theconstructionanddestructionprobabilitiesof a clusterof a givensize
whentherobothasfoundit.

2.2 Parametric Simulation with a Markov Chain

In this sectionwe describea simpleprobabilisticmodelof the clusteringexperi-
ment. We take into accountthebuilding anddestructionprobabilitiesof a cluster,
its probabilityto befoundby a robot(proportionalto its detectionsurface)andthe
interferenceprobability due to the encounterwith other teammates.Interference
canoccurduringdifferentactivities: by the searchor by the clusterconstruction-
destruction.If anotherteammatelies in thesensorrange,therobothasto recognise
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a) b)

Figure4 a)Thefirst randomprocess:theclustersarerepresentedwith their
detectionareascaledwith thetotal surfaceof theenvironment;the
probabilitythata robotencountersa clusteris proportionalto the
detectionareaof thecluster. b) Thesecondrandomprocess:therobot
canmodify thesizeof thecluster, incrementingor decrementingit by 1
seed,only if therobotrunsinto theclusterfrom thepositionsdescribed
in Fig. 2. Thetwo barsrepresentthewholesetof clustersscatteredata
givenmomenton thearena:if therandomcursor(seton theleft barat
0.47)failsona grey zone,theselectedclusterwill bedecremented(left
bar)or incremented(right bar)by 1 seed.Thethird stochasticprocess,
theencounterof otherteammates,is alwaysoverlappedto boththe
formerprocesses:interferencecanoccurduringthesearchaswell as
duringseedpick upor dropactivity.

andavoid it. The parametricsimulationtakesin accountthe time neededfor this
actionaswell astheonerequiredto modify thesizeof a cluster. Thecoordinates
of therobotsarerandomlyassignedat thebeginningof eachprogramiteration(see
thefirst randomprocessdepictedin Fig. 4a). Therearetwo fundamentalapproxi-
mationsin oursimulation:

 the robot is not moving in the environment: the simulationcalculatesthe
global probability of finding a clusteror anotherteammatebasedon their
detectionareaandthearenasurface;

 in order to convert the numberof iterationsinto time, we assumethat the
clustersand the robotsare scatteredhomogeneouslyon the arenaand that
we cancalculatetheminimal meandistancebetweentwo of them(robotsor
clusters,seeFig. 4a); using the meandistanceand the experimentalmean
velocity of therobots(in theseexperiments120mm/s),we cancomputethe
minimal time to move from oneclusterto another, which is setequalto two
simulationiterations(asimulatedrobotneedsatleasttwo iterationsto pick up



a seedfrom a clusterandto dropit in thesameor in anotherone);if another
teammateis found, the robot searchingbehaviour is frozenfor a coupleof
furtheriterations,dependingof thecalculatedtimeoutbasedontherealrobot
interaction.

TheclusteringprocesscanbemodelledasaMarkov chain(seeFig. 3). Thechain
hasasmany statesaspossibleclusterswith differentsizes,which actuallycorre-
spondsto the numberof seedsscatteredon the arena.The transitionprobabilities
from stateto statearecalculatedasa functionof thetotal constructionanddestruc-
tion arearepresentedby all theclusterswith thesamesizeandasa functionof the
numberof otherteammateson theenvironment.As aconsequence,therulesto cal-
culatethetransitionprobabilitiesarepre-establishedby thegeometricalconstraints
of theset-upbut theirvaluesareupdatedeverytime thatthenumberof clustersof a
givensizechanges.Noticethat,for a clusterof sizen, if thereis no clusterof size
n-1, its building probabilityis zero.

Everyrobotcanincrementor decrementthesizeof aclusterby oneseedatatime.
Thebuilding anddestructionprobabilities(Bi andDi of Fig.3,with i between1 and
thenumberof scatteredseeds)areconditionedby threestochasticprocesseswhich
areexplainedin Fig. 4. First, a randompositionin theenvironmentis assignedto
therobot. If thispositionis insidethedetectionareaof acluster, thesecondrandom
processis started. Accordingto the stateof the robot (carryingor not carryinga
seed)thesizeof thefoundclusteris incrementedor decrementedby oneseedif the
numberdeliveredby the randomprocessis within the constructionor destruction
region (calculatedwith thevaluesof Fig. 2c). Thethird randomprocess,the inter-
ferencewith theotherteammates,is overlappedto the formerones.Eachrandom
processis repeatedfor eachrobotindependentlybeforethenext iterationof thepro-
gramis started.Noticethatboththefirst two randomprocessesalwaysconsiderthe
wholeactualsetof clustersandarevery lightly coupled:the formerdeliversonly
a booleanvalue“true” if a clusteris found but neitherits sizenor its positionin
the arena.As a consequence,the secondprocess,if enabledby thefirst one,also
takesinto accountthewholeactualsetof clusters,which is a vectorcontainingthe
building anddestructionprobabilitiesof eachcluster.

3 Results and Discussion

As mentionedin theprevioussection,we usethemeansizeof theclustersascol-
lective performancemeasurementof thegroupof robots.On thefollowing pairsof
plots, the left figuredisplaysthereal teamfitnessandtheright displaysthefitness
obtainedby simulation.In all of figures,only theaveragefitnessis plotted:10 runs
have beenperformedfor eachsimulatedexperimentand5 for the oneswith real
robots(only 3 replicationsfor thelongerexperiment,seeFig. 8).

In orderto estimatetherepeatabilityof theexperimentsandthereliability of the
modelwehavecalculatedtherelativeerroron thebasisof thedatavarianceof each
experimentfor all thetime frames:theexperimentalresultswereaffectedby a rel-
ative error alwayssmallerthan25% (35% with only 3 replicationsin the longer
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Figure5 Fitnessof thegroupwith increasingnumberof robots(1 to 5) on the
arenaof 80x80cmand20seedsto begathered.(a)Resultsof the
experimentswith realrobots.(b) Resultsof thesimulations.
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Figure6 Fitnessof thegroupwith increasingnumberof robots(1,3and5) on the
arenaof 80x80cmand20seedsto gatherin a)andfitnessof thegroup
with thedoubleof teammates(2,6and10), thedoubleof seeds(40)and
anarenatwo timesbigger(113x113cm) in c). Thecorresponding
simulatedfitnessesaredepictedin Figureb) andd).

experiment)andthesimulatedresultsby onesmallerthan15%. Theexperimental
relative errorcouldbedecreasedby a moreextendedsetof replicationsfor a given
experiment.However, thiscoulddrasticallyincreasethetimespentfor experiment-
ing, if thesameteamfitnessis measured.

Figure5 shows the teamfitnessfor a groupof 1 to 5 robots.Althoughthe team
fitnessof thesimulatedgroupof robotsis slightly smootherthanthatof therealones
(it is namelytheaverageof twice thenumberof theexperimentalreplications),the
two plotsshown arequitesimilar. Themaindifferenceis that theperformancesof
thegroupof 3 real robotsis lessrapidly saturatedthantheonein thesimulations.
Althoughtheterritorialdivisionis slightly takeninto accountin theparametricsim-
ulationby theconversionof thenumberof iterationsinto time, theapproximation
introducedby consideringonly staticrobotscouldexplain thisdifference.

Fig. 6 comparestheteamperformanceswherethenumberof robots,thesurface,
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Figure7 Meanfitnessof thesingleteammatewithin a groupcomposedby an
increasingnumberof robots(1 to 5) on thearenaof 80x80cmand20
seedsto gather. (a)Resultsof theexperimentswith therobots.(b)
Resultsof thesimulations.
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Figure8 Theevolutionof clustermeansizeduringa)2 hourswith realrobotsand
b) about7 daysin simulation.

andthenumberof seedsto gatheris doubled.Thepurposehereis to demonstrate
thatrobot-andseed-density(meantasamountof work to do) aretwo key parame-
tersof theexperimentsandthatwe canobtainthesameresultsin the teamfitness
with the samedensityof robotsand seeds(this is very importantbecauseof the
rareavailability of a greaternumberof robots).If we compareFig. 6awith Fig. 6c
we canconcludethat, consideringthe repeatabilityof the experiments,the differ-
encesbetweenthe two picturesarenegligible. This tendency is confirmedby the
simulations(compareFig. 6bwith Fig. 6d).

Fig. 7 shows that in bothsimulationandexperimentswith realrobotsthereis no
superlinearityin the teamperformances.On thecontrary, in theexperimentaland
simulatedresultswith 4 and5 robotsthereis a substantialsublinearitybecauseof
thedestructive interferences.

Finally, Fig. 8ashows theexperimentalresultsobtainedusinga specialtool de-



velopedat our laboratoryto extendtheautonomyof theKheperarobots(Martinoli
et al., 1997). Althougha singleexperimentreplicatedonly threetimescannot be
representative, the figure shows that after 3000secondsthe teamfitnessbecomes
saturateddueto interferences.In comparison,we have performedthesameexper-
imentbut longerin simulation.Thesimulationresultsareshown in Fig. 8b. Since
the probability to build a clusteris consistentlygreaterthanthat to destroy it, the
seedscanbegatheredin asingleclusterif enoughtimeis available.At themoment,
wedonothaveenoughexperiencewith longexperimentsto guesswhetherit is pos-
sibleto obtainthis resultwith therealrobotsandtheset-updescribedin thispaper.
Rememberalso that the resultinggrowth probability (building probability minus
destroying probability) is ever smaller. As a consequence,beforeall theseedscan
be gatheredtogether, the averageof the clustersizecould reacha saturationzone
whereinterferenceandbuilding gradientcontributionsarein equilibrium.

4 Conclusion

Theresultsof thispaperhaveshown thatit is helpful,in collectiverobotics,to com-
paresimulationresultswith real robot experimentsin order to betterunderstand
mechanismssuchasinterferenceor stigmergic communications.Theprevioussec-
tion hasshown that the parameterschosenfor the simulation(numberof robots,
numberof seeds,arenasizeandseed-robotinteractiongeometry)playacrucialrole
in theevolution of theteamfitness.Theinfluenceof thesekey parametershasalso
beenverifiedin theexperimentswith realrobots,changingoneparameterata time.

Both approaches,simulationandexperimentation,have alsoshown their limita-
tions. It is very difficult to simulaterobotsconsideringall themechanismsandthe
noiseof the real world: the optimal key parametersfound in simulationcould be
quitedifferentfrom thoseof therealenvironment.Therefore,we advocatea para-
metric simulationof the robots,which will not suppressthe needto experiment
with realrobotsbut will helpto understandthemechanismsfoundin therealworld.
On the otherhand,the limited energy autonomyof the Kheperarobot aswell as
thewholeprocedureneededfor preparingtheset-uprepresenta greathandicapto
perform many replicationsof the sameexperiment. A first improvementin this
directionhasbeendoneby introducingthe extendedautonomytool mentionedin
Fig. 8b.

Theresultsshow that in this kind of experimentswith no adaptivity in therobot
control,agreaternumberof robotsdoesnotnecessarilyhelpto increasethefitness.
If wecomparetheperformancesof eachteammatewith thatof thesinglerobot,we
seethattherobotworkingalonealwaysachievesthebestperformance(linearityor
sublinearityof thefitness).

Theintroductionof adaptivity could,for instance,allow thesinglerobotstoswitch
from anactive phaseto aninactiveonewhentheratiobetweentheamountof work
(in our casethe seedfinding rate)andthe interference(in our casethe encounter
ratewith otherteammates)decreasesundera giventhreshold.Similar mechanisms
aresupposedto playa crucialrole in antcolonies(Pacalaetal., 1996).
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