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Abstract In this paper, we build upona multiagentarchitecturefor landmarkbased
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herethegoodresultsobtainedby anevolutionaryapproachthat tunestheparameterset
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Keywords: Multiagentsystems,Robotics,Evolultivecomputation

1 Intr oduction

In landmark-basednavigation,therobotmustbeableto startin anunknown locationandnav-
igateto a desiredtarget usingvisually-acquiredlandmarks.The specificscenariothat we are
studyingassumesthat thereis a target landmarkthat the robot is able to recognizevisually.
The target is visible from the robot’s initial location,but it may subsequentlybe occludedby
interveningobjects.Thechallengefor therobotis to acquireenoughinformationabouttheen-
vironment(locationsof landmarksandobstacles)so that it canmove alonga path from the
startinglocationto thetargetposition.Therobotshoulddo this quickly but safely.

Wehaveproposedabiddingcoordinationarchitectureto accomplishthisobjective[6]. This
architectureis composedof threesystems:thePilot system,theVision systemandtheNaviga-
tion system.Eachsystemcompetesfor the two availableresources:motion control (direction
of movement)andcameracontrol (directionof gaze).The threesystemshave the following
responsibilities.ThePilot is responsiblefor all motionsof therobot.It selectsthesemotionsin
orderto carryoutcommandsfrom theNavigationsystemand,independently, to avoid obstacles.
The Vision systemis responsiblefor identifying andtrackinglandmarks(including the target
landmark).Finally, theNavigationsystemis responsiblefor choosinghigher-level decisionsin
orderto movetherobotto aspecifiedtarget.ThisrequiresrequestingtheVisionsystemto iden-
tify andtrack landmarks(in orderto build a mapof theenvironment)andrequestingthePilot



to movetherobotin variousdirectionsin orderto reachthegoalpositionor someintermediate
target.

Fromthebrief descriptionof therobotarchitecturegivenabove, it canbeobservedthatthe
threesystemsmustcooperateandcompete. They mustcooperatebecausethey needoneanother
in orderto achievetheoverall taskof reachingthetargetposition.But at thesametime they are
competingfor motionandcameracontrol.

TheNavigationsystemis implementedasamultiagentsystem,whereeachagentis compe-
tentin aspecifictask.Dependingonits responsibilitiesandtheinformationreceivedfrom other
agents,eachagentproposeswhich actionthe Navigation systemshouldtake. Again, we find
thattheagentsmustcooperate,sinceanisolatedagentis notcapableof moving therobotto the
target,but they alsocompete,becausedifferentagentswantto performdifferentactions.

For both the overall robot systemand the Navigation system,we have proposedthe use
of a new competitive coordinationsystembasedon a biddingmechanism. In theoverall robot
system,theNavigationandthePilot systemsgeneratebidsfor theservicesofferedby thePilot
and Vision systems.Theseservicesare to move the robot toward a given direction, and to
move thecameraandidentify the landmarksfoundon its view-field, respectively. Theservice
actuallyexecutedby eachsystemdependson thewinning bid at eachpoint in time. Similarly,
in the Navigation system,eachagentbids for the actionit wantsthe robot to perform.These
bids aresentto a specialagentthat gathersall bids anddeterminesthe winning action.The
selectedaction is thensentasthe Navigation system’s bid for the servicesof the Vision and
Pilot systems.

Thebiddingfunctionsof eachof theagentsin theNavigationsystemarecontrolledby aset
of parameters.Theseparametersneedto betunedin orderto achievethebestperformanceof the
Navigationsystemandof theoverallsystem.Adjustingtheseparametersmanuallycanbevery
difficult, particularlybecauseof thetradeoffs confrontingthetop-level agents.An alternativeto
manualtuning is to employ an evolutionaryapproachto tunethem.This paperdescribesthis
approach.

Thepaperis organizedasfollows.Section2 is devotedto relevantrelatedwork. Themulti-
agentarchitectureof theNavigationsystemis describedin Section3. Section4 describeseach
oneof theagentsandtheir biddingparametricfunctions.Section5 describestheevolutionary
approachto tunethesefunctions.Finally, theexperimentalresultsarediscussedin Section6.

2 Relatedwork

In thelastyearsit hasbeenmainlyfocusedonBehavior-basedarchitectures[2]. Themostrepre-
sentativeof sucharchitecturesareBrook’ssubsumptionarchitecture[5], Maes’actionselection
[13] andArkin’s motorschema[3]. Sincethen,many otherarchitectureshave beenproposed.
Liscanoet al [10] usean activity-basedblackboardconsistingof two hierarchicallayersfor
strategic andreactive reasoning.A blackboarddatabasekeepstrack of the stateof the world
anda setof activities to performthe navigation. Arbitration betweencompetingactivities is
accomplishedby a setof rules that decideswhich activity takescontrol of the robot andre-
solvesconflicts.Otherhierarchicalcentralizedarchitecturessimilar to thatof Liscanoet al are
thoseof Stentz[18] to driveCMU’s Navlab andIsik [11] amongothers.Our approachis com-



pletely decentralizedwhich meansthat the broadcastof information is not hierarchical.This
approachis easierto programandis moreflexible andextensiblethancentralizedapproaches.
Arkin [3] alsoemphasizedtheimportanceof a non-hierarchicalbroadcastof information.Fur-
thermore,we proposea modelfor cooperationandcompetitionbetweenactivities basedon a
simplebidding mechanism.A similar modelwasproposedby Rosenblatt[16] in the CMU’s
DAMN project.A setof modulescooperatedto control a robot’s pathby voting for various
possibleactions,andan arbiterdecidedwhich wasthe actionto be performed.However, the
setof actionswaspre-defined,while in our systemeachagentcanbid for any actionit wants
to perform.Moreover, in theexperimentscarriedoutwith this system(DAMN), thenavigation
systemuseda grid-basedmapanddid not useat all landmarkbasednavigation.Also at CMU,
the FIRE project[7] usesa market-orientedapproachto modelthe co-operationof a teamof
robots.SunandSessions[19] havealsoproposedanapproachfor developingamultiagentrein-
forcementlearningsystemthatusesa biddingmechanismto learncomplex tasks.Thebidding
is usedto decidewhichagentgetsthecontrolof thelearningprocess.Theagentsbid according
to theexpectedrewardthatwouldreceiveif they weregiventhecontrol.Thus,althoughthey are
competingfor thecontrol,they alsocooperate,sincethey seekto maximizetheoverall system
reward.

Themapbuilding approachwe useis basedon thework by Prescott[15], who proposeda
network modelthatstoresthespatialrelationshipsamonglandmarksfor robotnavigation.By
matchinga perceived landmarkwith the network, the robot canfind its way to a target, pro-
vided it is representedin the network. While Prescott’s approachis quantitative, oursusesa
fuzzyextensionof hismodelto work with fuzzyqualitativeinformationaboutdistancesanddi-
rections.Levitt andLawton[12] alsoproposedaqualitativeapproachto thenavigationproblem,
but assumeunrealisticallyaccuratedistanceanddirectioninformationbetweentherobotandthe
landmarks.Anotherqualitativemethodfor robotnavigationwasproposedby EscrigandToledo
[9], usingconstraintlogic. However, they assumetherobothassomeapriori knowledgeof the
spatialrelationshipof thelandmarks,whereaswebuild theserelationshipswhilst exploring the
environment.

Thereis a vast literatureon evolutionary approachesto parameteroptimization.For this
reasonwe will not singleout any particularwork. Nonetheless,anapplicationof geneticalgo-
rithmsto a similar problemon pathplanningwasdonein [17] wherethelow-level parameters
tunedcorrespondto an insect-inspiredpheromonebasedmodeldefininga potentialfield over
the space,whereasour approachis basedon a group of deliberative agents.Also in [1] an
evolutionaryapproachto thegenerationof anoptimalcolony of robotsis presented.

3 The multiagent architecture

The architectureis composedof threesystems(seeFigure1). Eachsystemcompetesfor two
availableresources:motionandvision. ThePilot is responsiblefor all motionsof therobot.It
selectsthesemotionsto carryout commandsfrom theNavigationsystemand(independently)
to avoid obstacles.The Vision systemis responsiblefor identifying and tracking landmarks
(including the goal). Finally, the Navigation systemis responsiblefor choosinghigher-level
robotmotionsto move therobotto aspecifiedgoal.This requiresrequestingtheVision system
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Figure2: MultiagentNavigationSystem

to identify andtrack landmarks,to build a mapof theenvironment,andrequestingthePilot to
movetherobottowardthegoalpositionor towardsomeintermediatetargetposition.

Fromthis brief description,two observationscanbemade.First, thesethreesystemsmust
cooperateto achieve theoverall taskof reachingthegoal landmarkposition.For instance,the
Pilot needstheVisionsystemto identify obstacles,andit needstheNavigationsystemto select
a pathto thegoal.Second,thesystemsarealsocompeting—therearesometradeoffs between
them.For example,both the Pilot andthe Navigation systemcompetefor the Vision system.
The Pilot needsvision for obstacleavoidance,while the Navigation systemneedsvision for
landmarkdetectionandtracking.

To managethis cooperationandcompetition,we usea bidding mechanism.Eachsystem
generatesbids for the servicesofferedby the Pilot andVision systems.The serviceactually
executedby eachsystemdependson thewinning bid at eachpoint in time.

The Navigation systemitself is implementedasa multiagentsystem(seeFigure2). This
systemis composedof six agentswith thefollowing responsibilities:

� keepthetargetlocatedwith maximumprecisionandreachit (Target Tracker),

� keeptherisk of losingthetargetlow (RiskManager),

� recover from blockedsituations(Rescuer),

� keeptheerrorin thedistanceto landmarkslow (DistanceEstimator),

� andkeeptheinformationon themapconsistentandup-to-date(Map Manager)

Thereis an additionalagent,Communicator, which managesthe communicationbetween
theNavigationsystemwith theothersystems.As with theoverallsystem,theNavigationsystem
employsabiddingmechanismto coordinatetheseagents.Eachagentbidsfor theactionit wants
the robot to perform.Thesebids aresentto the Communicatoragent,which determinesthe
winning action.Theselectedactionis thensentastheNavigationsystem’sbid for theservices



of theVisionandPilot systems.Eachactioncaninvolveacombinationof requeststo theVision
andthePilot systems.Theresultingbidscomingfrom theagentsdependon biddingfunctions
associatedto eachagent.Thesefunctionsdependon thevaluesof differentsetsof parameters,
which affect the overall performanceof the Navigationsystem.Sincea manualadjustmentis
extremelydifficult weproposeto employ ageneticalgorithmto find optimalsetsof values.Next
sectiondescribesthebiddingfunctionsin detailandtherestof thepaperis devotedto describe
this evolutionaryapproachandtheresultsof our experiments.

For maprepresentationandwayfinding,we have extendedPrescott’s beta-coefficientssys-
tem[15]. Prescott’s modelstorestherelationshipsamongthelandmarksin theenvironmentto
build a map.The locationof a landmarkis encodedbasedon the relative locations(headings
anddistances)of threeotherlandmarks.This relationshipis uniqueandinvariantto viewpoint.
Oncethis relationshiphasbeenstored,thelocationof eachlandmarkcanbecomputedfrom the
locationsof thethreelandmarksencodingit, nomatterwheretherobotis locatedaslongasthe
robotcancomputetheheadinganddistanceto eachof thethreelandmarks.

As the robot exploresthe environment,it storesthe relationshipsamongthe landmarksit
sees.This createsa network of relationshipsamongthe landmarksin theenvironment.If this
network is sufficiently-richly connected,it providesa computationalmapof theenvironment.
Giventheheadingsanddistancesto asubsetof currently-visiblelandmarks,thenetwork allows
to computethelocationsof all landmarks,evenif they arecurrentlynot visible.

Prescott’s modelassumesthat the robot is ableto measurethe exact locationof the land-
marks.But this is not thecasein our robot:thevisionsystemgivesonly impreciseinformation
aboutthe locationof the landmarks,andwe cannotrely on theodometryof the robot,asit is
also imprecise.To dealwith this imprecision,our extendedmodelrepresentsall the network
coordinatesasfuzzy numbersandcarriesout all mapcomputationsusingfuzzy arithmetic[4].
The focusof this paperis on theevolutionaryapproachto tunetheagents’biddingbehaviour.
For this reason,from now on, we will skip the detailsof the maprepresentation(see[6] for
details).

4 The Agents

TheNavigationsystemis decomposedinto six differentagentsthatareresponsiblefor different
tasks,which whencoordinatedby theCommunicatorprovide thedesiredeffect of leadingthe
robot to a desiredtarget.As mentionedbefore,eachagenthascertainparameterswhich affect
its biddingbehaviour. Theagentsandtheir parametersaredescribednext.

4.1 Map Manager (Parameters: none)

Thisagentis responsiblefor maintainingtheinformationof theexploredenvironmentasamap.
SincetheMap Managerdoesnot bid, thereareno parametersto tuneandthereforeit is not on
thefocusof thispaper. Thedetailsof themapmanagementalgorithmicsarealsonotgivenhere
dueto spacelimitations(see[6] for details).
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Thegoalof this agentis to keepthe target locatedat any time. The imprecisionI
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from therobot’scurrentpositionto wherethetargetis thoughtto belocated,andtheagentacts
to keepthe imprecisionaslow aspossible.Thebids for moving towardsthe targetstartat the
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anddecreasepolinomically to 0, dependingon theparameter� . Therationaleof this
is that whenthe imprecisionaboutthe target locationis low, this agentis confidentaboutthe
targetpositionandthereforebidshighto movetowardsthetarget.As theimprecisionincreases,
this confidencedecreasesandso doesthe bid. Bids for looking at the target increasefrom 0
to a maximumof �
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andthendecreaseagainto 0. The rationalebehindthis is that whenthe
imprecisionis low thereis nourgency in looking to thetargetasits locationis known with high
precision.This urgency startsto increaseasthe imprecisionincreases.Whenthe imprecision
reachesa level in which theagenthasno confidenceon thetarget locationit startsdecreasing
the bid so asto give the opportunityto betterinformedagentsto win the bid. The equations
involvedare:
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where� controlstheshapeof theimprecisionfunction.

4.3 DistanceEstimator(Parameters: �; �; Æ )

Thegoalof thisagentis to keepthedistanceerrorto thetargetlandmarkaslow aspossible.This
agentplaysa very importantrole at thebeginningof thenavigation.Whenanalysingthe first
viewframeto obtaintheinitial landmarks,theerrorin distanceis maximal,thereis noreference
view to obtainaninitial estimationof thedistanceto thetarget.This agentgenerateshigh bids
to moveorthogonallywith respectto theline connectingtherobotandthetargetin orderto get
anotherview on it andestablishan initial estimationof the distancesto the target.Similarly,
whena target switch is produced(by the interventionof the Rescuer)this agentmay become
relevantagainif thedistancevalueto thenew selectedtargetis very imprecise.Again,thesame
processwill haveasconsequenceadecreasein thenew targetdistanceerror.

We modeldistanceimprecisionasthe sizeof the supportof the fuzzy numbermodeling
distance.Wenote�

t

theimprecisionerrorto thecurrenttarget.Thus,theimprecisionin distance
to thetargetcanbemodeledasI
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This agentis relevant whenthe imprecisionis very high. Its action is to bid to move the
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This agentis alsoresponsiblefor deciding(up to a certaintydegree� ) whethertherobot is
at target. It considersthat the robot hasreachedthe target if the upperboundof the � -cut of
level � of thefuzzynumbermodelingthedistanceto thetargetis lessthanÆ timesthebodysize
of therobot.

4.4 RiskManager (Parameters: 
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Thegoalof thisagentis to keeptherisk of losingthetargetaslow aspossible.To doso,it tries
to keepa reasonableamountof landmarks,asnoncollinearaspossible,in thesurroundingsof
therobot.Thelesslandmarksaround,themorerisky is thecurrentsituationandthehigherthe
probabilityof losing the target.Also, themorecollinearthe landmarksthehighertheerror in
thelocationof thetargetandthusthehighertheimprecisionon its location.

Wemodeltherisk asafunctionthatcombines:1) thenumberof landmarksahead(elements
in set A ), 2) the numberof landmarksaround(elementsin set B ), and3) their “quality”( q

A

andq

B

). Thesequalitiesarecomputedby theMap Manager. A minimumrisk of 0 is assessed
whenthereareat leastfour visible landmarksin thedirectionof themovementandminimally
collinear. A maximumrisk of 1 is assessedwhenthereareno landmarksaheadnoraround:
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around).

Given that the robot cannotdecreasethe collinearity of the landmarks,the only way to
decreasetherisk level is by increasingthenumberof landmarks.Weprivilegethefactof having
landmarksaheadby bidding
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for the actionof looking at a randomdirectionin front of the robotandtyring to identify the
landmarksin thatarea,and
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(which is obviously smallerthan
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� R ) for theactionof looking at a randomdirectionaround
the robot andtrying to identify landmarks,where
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is a parameterto control the maximum
valueof thebiddingfunction.

4.5 Rescuer(Parameters: I

a

; R )

Thegoalof theRescueragentis to rescuetherobotfromproblematicsituations.Thesesituations
mayhappendueto threereasons.First,thepilot canleadtherobotto apositionwith anobstacle
ahead.Second,theimprecisionof thelocationof thetarget(seeSection4.2)is overthethreshold
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a

. Finally, therobotcanbeat a very risky place,that is a placewheretherisk to get lost (see
Section4.4) is over a thresholdR . If any of thesesituationshappen,therescueragentasksthe
MapManagerfor adivertingtargetandcommunicatesit to theotheragents.Thealgorithmuses
astackwherethedifferentdivertingtargetsarestacked,to avoid repeatingthem.

4.6 Communicator(Parameters: none)

TheCommunicatoragentis responsiblefor managingthecommunicationbetweentheNaviga-
tion systemandthePilot andVision systems.It is alsoresponsiblefor gatheringthebidsof the
otheragents,anddecidewhich aretheactualNavigationsystem’sbids.It hasno parametersto
tune.

5 Evolving the Multiagent system

As we have alreadymentioned,trying to manuallyfind the bestvaluesfor the parametersof
thebidding functionsis an extremellydifficult task.In this sectionwe follow anevolutionary
approachto do this optimization.

5.1 Representation

Weseekto optimizetheNavigationsystemwith respectto its 10parameters:Targettracker (� ,
� , �

1

, �

2

), DistanceEstimator(� ), Riskmanager(


A
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B

, 


r

), andRescuer(I

a

, R ). � andÆ are
fixedto 0.7and2 respectively sincethey donotaffect theefficiency of thesystem.Weuseareal
valuedchromosome,eachchromosomebeingavectorin 10 dimensions.Theinitial population
is generatedrandomly.

5.2 NavigationTasks

For a givenenvironmentwe considertwo differentnavigation tasks.Eachoneof themwith a
differentlevel of complexity. Thebestparametersetmaychangedependingon thecomplexity
of the task.We conjecturethat the parametersfound dependmainly on the complexity of the
navigation taskandnot somuchon thestructureof theoverall environment.This complexity
is dependent,thoughnot equal,to thecartographiccomplexity of theworld in which theagent
moves,andis basedon thefollowing factors:

� numberof visible landmarksat any time,

� densityof obstaclesin theregionof navigation,and

� visibility of thetargetat any time.

Using this notion of navigational complexity, the total spaceof all navigation taskscan
besplit into two representativeclasses:goingtowardsthetargetfreeof obstacles,andreaching
targetslocatedbehindobstacles.In ourexperimentsweuseclustersC

1

andC

2

(encircledtargets



Figure3: ClusterC

1

(left) andC

2

(right). Whitepolygonsarenonoccludingobstacles.

in Figure3) as representativesof the two taskcomplexity classes.The bestparameterset is
determinedfor boththeseclasses.Theaimof theexperimentsis to endow theNavigationsystem
of the robot with the capability to switch betweenthesetwo parametersetsaccordingto the
actualtaskcomplexity it is facing.

5.3 Evaluation

Eachindividual in thepopulationspecifiesaparticularparametersetfor thesystem,andis eval-
uatedby runninga simulationwith thespecifiedparametersin a givenenvironment.Consider
thattheagentnavigatesfrom aninitial positionp

0

to thetargetclusterC containingthen target
positions(t
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, t

2

, ..., t

n

) andthat it takes d

i

stepsto reachthe target t

i

from p

0

with a success
values

i

. A thresholdis definedfor thenumberof stepsthataretakento reachthetarget,above
which theagentis saidto havefailedin its attemptto navigateto thetargeti.e. its successvalue
is 0, otherwiseit is 1.

This formalizationgivesthecluesto definethefitnessfunction,f , thatpermitstheselection
of thebestparametersets.It is clearthattheaveragecost,c , of reachinga targetfrom theinitial
positionp

0

is definedasthesummationof thestepsrequiredto reacheachtargetdividedby the
numberof targets.Similarly, wecannaturallydefinetheaveragesuccess,s . Thebestbehaviour
for aNavigationsystemis theonethathasahighsuccessratewith a low averagecostandwith
a low standarddeviation �
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for this averagecost:

c
=

P

n

i =1

d

i

n

s
=

P

n

i =1

s

i

n

f =

s

c + �

c



α β κ1 κ 2 κ γA γB γr R

RMTT DE RE

Ia

Figure4: Chromosomewith thesetof parameters

5.4 Evolution

We follow an elitist approach.That is, from a populationof individuals,the fittest individual
is passedto thenext generation.Theremainingindividualsform thepool from which thenew
generationoffspring arecreated.We randmonlyselecttwo individualsfrom the matingpool
whosefitnessis over a randomlydeterminedvalue.Thenwe applycrossover andmutationon
themto generatenew individuals.

5.5 Crossover

A simpletwo point crossover is usedwith the two parentsexchangingtheir geneticmaterial
betweentwo randomlygeneratedbreakpointsin thegenestring.Chromosomesarebrokenonly
at agentboundaries(seeFigure4). Theideais thatoneof theparentsmayhavegoodgenesfor
a particularagentwhile theotherparentmayhave goodgenesfor anotheragent.This way the
crossovercouldresultin anoffspringhaving ahigherfitnessvaluethanbothits parents.

5.6 Mutation

The mutationoperatorfor the geneticalgorithmhasbeenadoptedfrom the BreederGenetic
Algorithm [14]. Given any set of parametersasa chromosome,we canview it as a point x
within a 10 dimensionalspace.Usingour mutationoperator, we seekto searchfor optimality
within a “small” hypercubecenteredat x. How small this hypercubeis, dependson theranges
in eachparametricdimensionwithin which weallow thechromosometo mutate.Theparamet-
ric dimensionsarenot homogeneous,hencemutationrangesdiffer for eachdimension,being
directlyproportionalto thevarianceallowedin thatparameter. Anotherfeatureof thismutation
operatoris thatwhile it searcheswithin thehypercubecenteredat x, it testsmoreoften in the
verycloseneighbourhoodof x, theideabeingthat,while wewantto conductaglobalsearchfor
optimumusingour recombination,mutationis usedfor a morerestrictedlocal search.Having
understoodthe broadfeatureswhich the mutationoperatorshoulddemonstrate,we formally
definethemutationasfollows:

Givena chromosomex, eachparameterx
i

is mutatedwith probability0.1.Thenumberof
parametersbeing10impliesthatat leastoneparameterwill beprobablymutated.Further, given
themutationrangefor theparameterx
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As previouslydiscussed,� shouldbesuchthatit liesbetween0 and1 (to generatethehypercube
centeredat x ) andalsoit shouldprobabilisticallytake on smallvaluessoasto testmoreoften
in thecloseneighbourhoodof x . This is realizedby computing� from thedistribution

� =

X

j
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2
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whereeach�

j

is probabilisticallyeither0 or 1.

5.7 Diversity

Theconvergenceof thegeneticalgorithmis estimatedthroughits populationdiversity. Initially,
the populationhasa high diversity sinceall the individualsarerandomlyselected.As the al-
gorithm converges,the individualsin the populationconverge towardsthe bestsolution,thus
decreasingthe diversity. In our case,the individualsarepoints in a heterogeneousdimension
space,with � , � , 


A

and


B

2 <

+ while theotherparametersrangingbetween0 and1. Hence
weusetheMahalanobisdistancemeasureto determinethediversityof apopulation[8].

The Mahalanobisdistancetakes into accountthe heterogeneityin dimensionsandcorre-
spondinglyscaleseachdimensionwhile estimatingthe distancebetweentwo points.Givena
setof datapointsf z
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g with eachdatapoint z
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beingann-tupleh z
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betweentwo pointsz
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Here� is the n � n variance-covariancematrix for thegivendatapoints.To comparethediver-
sity of populationsacrossgenerations,the covariancematrix is computedtaking into account
all thechromosomesoverall generations.Thediversityof apopulationis thencalculatedasthe
averageMahalanobisdistanceof eachchromosomefrom themeanchromosome.

6 Results

The geneticalgorithmwas run on the two task complexity classesrepresentedby the target
clustersC

1

and C

2

in our simulator. The populationsizewas of 20 individuals,andwe ran
thegeneticalgorithmfor 100generations.The initial positionwasthesamefor both with the
crossover andthe mutationratesbeing0.8 and0.1 respectively. In the algorithm,four of the
parameters— � , � , 


A

and 


B

lie on the positive real axis andhencewe have to choosean
upperlimit on thereal line. This upperlimit is importantsincea low upperlimit valueimplies
thatweimplicitly restrictourrealvaluedparametersto thatlimit, while ahighupperlimit value
may increasethe numberof generationsfor which the geneticalgorithmmay have to be run
sincetheinitial randomgenerationwill beverydisperse.� and� areexponentsof numbersless
than1 andhencetheir large valueswill not beuseful.Keepingthesefactorsin consideration,
theupperlimit valuehasbeenfixedto 5 in oursimulations.

The geneticalgorithmconvergesto an optimal solutionfor eachclusterascanbe seenin
Figures5-10. The optimal valuesfor someof the parametersdiffer significantly for the two



Figure 5: Fitnessof the fittest individual along
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Figure6: Averagefitnessof the populationalong
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R

Cluster1 1.731 2.03 0.314 0.493 0.355 0.240 0.521 0.054 0.386 0.215
Cluster2 1.231 2.12 1.0 0.564 0.178 1.377 4.39 0.707 0.871 0.906

Table1: Optimalparametervaluesfor eachof theclustersfor oneexecutionof theGA over100generations
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clustersas shown in Table 1. The parametersassociatedto the bidding function of the Risk
Manager agentdiffer themostbetweenthetwo clusters.This is sobecausetheRisk Manager
is verysensitive to thecomplexity of thetask.Themoreobstacles,thehighertherisk of losing
sightof landmarks.

In orderto checktheresultsobtainedfor eachof theclusters,wehavetestedthetwo param-
etersetsfoundby thegeneticalgorithmon thetwo differentnavigationtasks(goingto cluster
C

1

andgoing to clusterC

2

). We have alsotestedour original parameterset,which we setby
hand,on thesametwo navigation tasks.The resultsobtainedby eachseton eachof the tasks
areshown in Table2. For eachtask,themeanaveragesuccessvalue(s ), averagecost(c ) and
thefitnessvalue(f ) is computed.As expected,theparametersetfoundfor clusterC

1

performs
perfectlywhengoingto clusterC

1

andit only reachesthetargetsof clusterC

2

50%of thetime.
On theotherhand,the parametersetfound for clusterC

2

reachesthe targetsof clusterC

2

all
thetime,while it only reachesthetargetsof clusterC

1

50%of thetime.Finally, thehand-tuned
parametersetreaches50%of thetime for targetsin clusterC

1

, andnever reachesthetargetsof
clusterC

2

. Therefore,theevolutionaryapproachhasimprovedtheglobalnavigationbehaviour.
In Figures11 and12 we canseesomepathsfollowed by the robot usingeachof the pa-

rameterseton eachof thetasks.Succesfulpathsareonly shown for thoseparametersetwith a



Goingto C

1

Goingto C

2

s c f s c f

C

1

set 1 50.5 0.017 0.5 127.5 0.003
C

2

set 0.5 42.5 0.011 1 122 0.007
HT set 0.5 69 0.005 0 – 0

Table2: Resultsobtainedby thedifferentparametersets

Figure11: Goingto C

1

successvalueof 1. Otherwise,anexampleof a failing path(markedwith a crossat its end)is
shown.

We arecurrentlytestingtheparametersetson a real robot,andwe will analysethegener-
ality, in termsof differentenvironmentsandstartingpoint, of the parametersobtainedby the
geneticalgorithm.Furtherwork shouldalsofocusondesigninganagentcapableof identifying
the complexity of the taskbeingperformed,so that the parameterscanbe switchedfrom one
setto another. We will explore the useof CaseBaseReasoningtechniqueson this “stituation
identifier” agent.
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