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Abstract
For sometasks,the useof morethanonerobot may improve the speed,reliability, or �e xibility of completion,

but many other taskscan be completedonly by multiple robots. This paperinvestigatescontroller designusing
multi-objective geneticprogrammingfor a multi-robotsystemto solve a highly constrainedproblem,wheremultiple
unmannedaerialvehicles(UAVs) mustmonitor targetsspreadsparselythroughouta largearea.UAVs have a small
communicationrange,sensorinformationis limited andnoisy, monitoringa targettakesaninde�nite amountof time,
andevolvedcontrollersmustcontinueto performwell evenasthenumberof UAVs andtargetschanges.An evolved
taskselectioncontrollerdynamicallychoosesa target for theUAV basedon sensorinformationandcommunication.
Controllersevolvedusingseveralcommunicationschemeswerecomparedon problemscenariosof varyingsize,and
theresultssuggestthat this approachcanevolve effective controllersif communicationis limited to thenearestother
UAV.
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1 Introduction

As theapplicationof roboticsystemsto real-world problemsincreases,theuseof multi-robotsystemsbecomesmore
attractive. Whena taskcanbecompletedmorequickly by multipleagentsthanby asingleagent,multi-robotsystems
canimprove the speedand�e xibility of taskcompletionover singlerobot systems.More importantly, many tasks
canonly besolvedby multiple robots.Sometasks,like lifting a largeobject,might requiremultiple robotsworking
together. Othertasksmight have physicalor temporalconstraints,suchasrequiringthat two tasksbedonesimulta-
neouslyin differentlocations.Multi-robot systemsrangefrom centralizedapproachesto fully distributedapproaches,
with many approaches,likemarket-basedcoordination,falling somewherein-between[1].

Thispaperinvestigatesthedesignof alayeredreactivecontrollerfor asystemof multipleunmannedaerialvehicles
(UAVs). Target radarsarespreadthroughouta largearea,andeachtaskin theproblemrequirestheproximity of at
leastoneUAV andtakesaninde�nite amountof time,sotheproblemis oneof taskallocation.Therearemultipletypes
of radars,thereis no prior knowledgeaboutradars,andsomeradarscanmove, so taskallocationmustbedynamic.
The numberof UAVs andradarsis not known a priori, so controllersmustbe adaptable.The UAV communication
rangeis muchsmallerthanthesizeof theenvironment,andsensorinformationabouttheradarsis limited andnoisy,
makingthisadif�cult problemto solve. In thispaper, weusegeneticprogrammingto evolvehigh level controllersfor
taskallocation.

Geneticprogramming(GP)[2] is amethodof automatedprogramcreationusingevolutionarycomputation.Given
a measureof performanceon a problem—a�tness function—evolution usesoperatorslike crossover andmutation
to createnew solutions.Sincemore�t solutionsarechosenwith a higherlikelihood,solutionstendto improve over
time. GPcreatessolutionsin theform of computerprograms.Evolutionarytechniques,includingGP, areincreasingly
usedin real-world applications,often producingresultscompetitive with the besthumanefforts [3]. Evolutionary
robotics[4], theapplicationof evolutionarycomputationto robotapplications,hasyieldedencouragingresultsin the
designof robot controllers. For many evolutionaryroboticsproblems,evolution is often able to createsolutionsa
humanwould not have consideredin orderto �nd optimalor near-optimalsolutions.Becauseof thedif�culty of the
problemconsideredhere,evolving acontrollerusingGPis anattractive alternative to designingacontrollerby hand.

Most multi-robot systemsare hand-designed,but work hasbeendoneon evolving controllersfor multi-robot
systems.A popularmulti-agentproblemin theevolutionarycomputationliteratureis thepredator-prey problem[5].
Controllershave beenevolvedusingGP[6,7], neuralnetworks[8], and�nite statemachines[9]. In domainslike the
predator-prey problem,thenumbersof agentsandtargetsareoften�x ed,soonecanusenamedsensing[7], wherean
agentcommunicateswith aremoteagentthroughanamedchannelspeci�c to theremoteagent.If thenumberof agents
is not�x ed,thisis nolongerfeasible.For example,theremaybeashortageof channelsif thenumberof agentsis larger
thanwasexpectedwhendesigningthesystem.An alternative is non-symbolicsensor-basedcommunication[10,11]
wherecoordinationis donethroughlight or distancesensors.While thisworkswell in somedomains,anagentcannot
easilysharestateinformationwith this approach.Anotheralternative to namedsensingis deicticsensing[7]. In this
approach,communicationchannelsarerelative to theagent—e.g.nearestagent.

Experimentsin the literatureoften assumeglobal communication,whereoneagentcancommunicatewith any
otheragent.This maysigni�cantly simplify theproblem,but in many casestheassumptionis not valid. Thepower
to transmitover long distancesmaybebeyondthecapabilitiesof somerobots,or theweightor sizeof long-distance
communicationequipmentmight betoo greatfor somerobots.While someresearchershave addressedthis problem
in part by only communicatingwith nearestneighbors[7, 12] or usingnon-symbolicsensor-basedcommunication
[10,11], mostof thework usingevolvedcontrollershasignoredtheselimitations,eitherby assuminga smallareaof
operationor theavailability of long-distancecommunication.

Somerecentresultshave investigatedmore realisticmulti-robot applications. Richardset al. [12] evolved GP
controllersfor multi-UAV collaborative search.Communicationtook placebetweennearestneighbors,so the size
of UAV teamsand searchareacould scale. However, the searchareato be swept is known a priori, and global
communicationis assumed.AgoginoandTumer[10] evolvedneuralnetwork controllersfor amulti-rover tasksimilar
to theoneconsideredhere.A heterogeneousteamof roverstriesto observepointsof interestof differentvalueswithin
theenvironment.Pointsof interestweredistributedrelatively densely, andthereweretypically morepointsof interest
thanrovers,makingtheproblemeasier. Communicationwassensor-based,globalcommunicationwasassumed,the
pointsof interesthad�x edlocations,andall sensorswerenoise-free.TumerandAgogino[13] extendedthiswork by
addingsensornoise,allowing pointsof interestto move,andlimiting theroversto local communication.
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2 Problem

In this paper, we look at a multi-robotdomainthatcanbeposedasa distributedtaskallocationproblem.Therobots
areunmannedaerialvehicles(UAVs) operatingin a largeenvironment. UAVs have a limited communicationradius
and a limited time in the environment(missiontime). The environmentcontainstarget radars,with a one-to-one
correspondencebetweenthenumberof radarsandthenumberof tasks.Eachtaskrequiresa UAV to performsome
actionon the radar, suchassurveillanceor jamming,which requiresproximity to the radarandtakesan inde�nite
lengthof time. Sincethe particularaction taken by the UAV is independentof the problemof assigningUAVs to
radars,we will refer to performingthechosenaction—andbeingcloseenoughto theradarto do so—asmonitoring
theradar. Eachradarcanbemonitoredby a singleUAV, but it maybepossibleto improve performanceby assigning
multiple UAVs to monitor thesameradar. Unlike tasksthatcanbeaccomplishedby �nite lengthvisits to a location,
suchasinstancesof themulti-depottravelingsalesmanproblem[14], wecanseetasksin thisproblemastakingin�nite
time to solve.

UAVs sensetwo piecesof informationaboutthe incomingsignalfrom eachradar: the amplitudeandthe angle
of arrival (AoA). TheAoA measurestherelative anglebetweentheheadingof theUAV andthesourceof incoming
electromagneticenergy. This modelassumesanelectronicsupportmeasures(ESM) sensorcapableof splitting all in-
comingelectromagneticenergy into signalsby radarandmaintainingahistoryof this information,avalid assumption
giventhecapabilitiesof currentcommercialofferings.In additionto thecurrentsensoryinformation,theUAV stores
amplitudevaluesfor a �x edtime window; theslopeof thesehistoricalvaluesis availableto theUAV controller. Real
sensorsdo not have perfectaccuracy in detectingradarsignals,so thesimulationmodelsan inaccuratesensor. Both
theamplitudenoiseandAoA accuracy canbesetin thesimulation;in thisresearch,controllersevolvedwith amplitude
noiseof � 6dB andan AoA accuracy of � 10◦. A radaris invisible whenit is not emitting. A target radarmay be
classi�edusingtwo attributes:whenit is deployedandits mobility. In our simulations,radarsfall into threedistinct
types: stationary, delayed,andmobile. Stationaryradarshave a �x ed locationandaredeployed for the durationof
themission.Delayedradarsalsohave a �x edlocation,but arenot deployeduntil afterthemissionhasbegun.Mobile
radarsarealsodelayed,but changelocationseveraltimesduringthecourseof themission.Mobile radarsdonotemit
while moving. If all radarsarestationary, thenthis problemcanbesolvedoptimally prior to themissionusinga cen-
tralizedapproachsinceall relevant informationis known a priori. This becomesa distributedproblemwhendelayed
andmobileradarsarepresent.All typesof radarscanemiteithercontinuously, wheretheradarsignalis constantwhile
theradaris deployed,or intermittently, wheretheradarsignalemitsfor somedurationperiodically. Radarlocations
arerandomandarenot known apriori.

Fromtheproblemoutline,it shouldbeclearthatto solve this problem,multiple UAVs arenecessary. Sinceradar
positionsarenot known a priori andUAVs have small communicationranges,this is a distributed taskallocation
problem. A singleUAV canbeassignedto only oneradarat a time, sowe needat leastasmany UAVs asthereare
radarsfor anoptimalsolution.An idealsolutionto this problemwould beableto dynamicallyassignUAVs to radars
suchthatat leastoneUAV is monitoringevery radarat all times. Sinceradarsaredistributedspatially, a givenUAV
mustbewithin somedistanceof theradarto monitorit, makingaperfectlyidealsolutioninfeasible.Weposethisasa
maximizationproblemin thetime eachradaris monitoredby at leastoneUAV. If all radarsareof equalimportance,
performancecanbemeasuredasasumof monitoringtimefor eachradar. It is morelikely, however, for radarsto have
differentpriorities.Wepreferasolutionthattakesinto accountthesepriorities.

Theconstraintsimposedby thisproblemmakegoodcontrollerdesigndif�cult. Thesparsenessof targetsandshort
rangeof communicationmeanthatUAVs have only smallwindows of time for communicationandmustmake deci-
sionswith incompleteinformation.Becauseradarsarelongdistancesapartandmonitoringa radarrequiresproximity
to it, poortaskallocationheavily degradesperformance.Limited andnoisysensorinformation,radarmovement,and
the lack of a priori informationaboutthe numberof UAVs andthe numberandtype of radarsall contribute toward
makingthisadif�cult problemof dynamictaskallocation.

3 Approach

Our approachto this problemassumesa layeredreactive controller. The control architectureof an individual UAV,
shown in Figure1, is dividedinto threelayers.Thetargetselectioncontroller, thelayerevolvedin thiswork usingGP,
takescurrentsensorinformation,communicationfrom otherUAVs, anda smallamountof internalstateinformation
asinputsandthenoutputsa target radar. Thenext layer, thenavigationcontroller, takesasinputsthecurrentsensor
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Figure1: UAV controllerarchitecture

information,the target radarfrom thetargetselectioncontroller, andthecurrentroll angleandoutputsa desiredroll
angle. Thenavigationcontrollerusedin this work, describedin [15–17], wasalsoevolvedusingGP. Theroll angle
from the navigation layer is passedto the autopilot layer. The autopilotusesthe desiredroll angleto changethe
headingof theUAV. This layeredtechniqueresultsin a generalcontrollermodelthatcanbeappliedto a wide variety
of vehicleplatforms;the evolved controllersarenot designedfor a speci�c UAV airframeor autopilot. The system
is homogeneous;all UAVs usethesamecontroller. For a speci�c scenariowith a �x ednumberof UAVs andknown
radars,a heterogeneoussystemmight performbetterthana homogeneoussystem,sinceheterogeneitywould allow
for specialization,but in thisproblem,homogeneityallowseasyvariationin thenumberof UAVs andthenumberand
typesof targetradars.

With limited local communication,a UAV only hastheoptionof communicatingwith otherUAVs in range.The
numberof UAVs in rangechanges,so onemusthave someschemeto decidehow communicationfrom a variable
numberof agentswill beamalgamated.We investigatethreecommunicationschemeswhich �t therepresentationand
controllerstructure:communicationonly with theclosestotherUAV; communicationwith all UAVs in range,where
all communicationis weightedequally;andcommunicationwith all UAVs in range,wherethecloseranotherUAV,
themoreheavily weightedthecommunication.The �rst communicationscheme,closest, usesonly communication
from the nearestUAV in range.The geneticprogramis run once,usingcommunicationfrom the nearestUAV, and
theoutputis setastheradarto track. Thesecondscheme,majority, weighscommunicationfrom all UAVs in range
equally. The geneticprogramis run oncefor eachUAV in communicationrange,andthe mostcommonoutput is
chosenastheradarto track(tiesarebrokenarbitrarily). Thethird scheme,weighted, weighscommunicationfrom all
UAVs in rangeby distance.Thegeneticprogramis run oncefor eachUAV in communicationrange,andtheoutput
from eachexecutionis weightedby the distanceto the remoteUAV, wherecloserUAVs have higherweights. The
radarwith thehighestweightedsumis tracked.

We chosethis approachbasedon thequalitiesof theproblem,which requireda solutionthatusedsmallamounts
of local communication,wasscalableto largergroupsof UAVs andtarget radars,andwas�e xible to differenttypes
of radars. Our approachdoesnot requireany high level world knowledge,usingonly a limited setof sensorsand
small amountsof local communication.Computationis completelydistributed,allowing a singleUAV to operate
independentof otherUAVs whennecessary. While we useda �x ed communicationrangeof 5 nauticalmiles, this
approachwould work for othercommunicationranges.It is importantto note,however, thatif globalcommunication
is available,theperformanceof ourapproachwill notbeasgoodasacentralizedor market-basedapproach.
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Table1: Functions

Function Arity Description
If f Same,Diffg 4 If the�rst two argumentsarethesame/different,returnsthethird

argument,elsereturnsthefourthargument
IfUAVsInCommRange 2 If at leastoneotherUAV is in communicationrange,returnsthe

�rst argument,elsereturnsthesecondargument
IfTracking 2 If the UAV is tracking a radar, returnsthe �rst argument,else

returnsthesecondargument
IfPositionf N,S,E,Wg 2 Returnsthe�rst argumentif theUAV is further in thegivencar-

dinal directionthanthe remoteUAV, elsereturnsthesecondar-
gument

IfHeadingf N,S,E,Wg 2 Returnsthe �rst argumentif the UAV' s headingis closerto the
givencardinaldirectionthantheremoteUAV' s heading,elsere-
turnsthesecondargument

f Local,RemotegAoAf Smaller,Largerg 2 Returnstheradarwith thesmaller/largerangleof arrival
f Local,RemotegAoAf Left,Rightg 2 Returnstheradarwith theangleof arrival furtherto theleft/right
f Local,RemotegAmpf Smaller,Largerg 2 Returnstheradarwith thesmaller/largeramplitude
f Local,RemotegSlopef Smaller,Largerg 2 Returnstheradarwith thesmaller/largerslope
Priorityf Smaller,Largerg 2 Returnstheradarwith thesmaller/largerpriority

4 Genetic Programming

Geneticprogrammingis amethodof automatedprogrammingthatusesageneticor evolutionaryalgorithm[2]. Start-
ing from a measureof performancefor a particularproblem—a�tness function—GPcreatesa computerprogramto
solve the problem. Like a geneticalgorithm,a populationof randomsolutionsis generated,andeachindividual in
thepopulationis evaluatedfor �tness. Individualsareselectedbasedon �tness to createnew membersof thepopula-
tion usinggeneticoperationslike crossover andmutation.Sinceindividualswith higher�tness aremorelikely to be
selected,the �tness of thepopulationtendsto improve towardoptimalsolutionsover successive generations.In GP,
eachindividual is a computerprogram,which canberepresentedasa treeor a symbolicexpressionsimilar to Lisp.
Programsarecomposedof functionsandterminalsfrom ade�ned setof operations.

An evolved target selectioncontroller takes as inputs local sensorinformation and information communicated
to it by otherUAVs andoutputsa radarfor the navigation controller to track. The choiceof appropriatefunctions
andterminalsis essentialto thesuccessof GP-basedsolutions. Initially, we experimentedwith evolving navigation
controllerswith functionsandterminalson thespaceof sensorvalueswherecontrolactionsweresideeffectsof the
GPoperators,similar to theoperatorsin [16,17] with addedoperationsfor communication.Theserepresentationsthat
directlyusedsensorvaluesandattemptedto evolvebothtargetselectionandnavigationperformedpoorly;onereason
wasthatit is notstraightforwardhow to combineinformationfrom multipleUAVs givennoapriori informationabout
thenumberof UAVs or thenumberof radars.Ratherthanoperateon thespaceof sensorvaluesandusesideeffects
for control,our approachoperateson thespaceof radars,whereall argumentandreturntypesareradaridenti�cation
numbers. At eachtime step,the UAV tracksthe radarthat is the output of the geneticprogram. To allow for a
variablenumberof radars,therepresentationis deictic. Deixis is a processwhereexpressionsrely on context. In this
representation,theoutputof functionsandterminalsdependsonthepositionandorientationof theUAV. For example,
dependingon theorientationandlocationof theUAV, theterminalthatoutputstheradarwith thesmallestAoA could
representany radar.

The functionsandterminalsusedby GP areshown in Tables1 and2. Many of the operatorsin the tableare
split betweensensingrelative to the UAV executingthe geneticprogram(local) and sensingrelative to a UAV in
communicationrange(remote).Thecommunicationscheme,chosenfrom theschemesdescribedabove, determines
theremoteUAV. If nootherUAV is in range,thelocalUAV is setto betheremoteUAV. In all operators,tiesarebroken
arbitrarily. Figure2 showsanexamplecontroller. In thiscontroller, if thelocalUAV andtheremoteUAV aretracking
thesameradar, a new radarto trackis chosenat random.Otherwise,if theUAV is trackinga radar, it continuesto do
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Table2: Terminals

Terminal Arity Description
f Local,RemotegTrackingCurrent 0 Returnstheradarcurrentlybeingtracked
f Local,RemotegTrackingLast 0 Returnsthe radartracked prior to the radarreturnedby Track-

ingCurrent
f Local,RemotegAoAf Smallest,Largestg 0 Returnstheradarwith thesmallest/largestangleof arrival
f Local,RemotegAoAf Left,Rightgmost 0 Returnsthe radarthat,basedon a sweepof theangleof arrival,

is thefurthestleft/right
f Local,RemotegAoAf N,S,E,Wgmost 0 Returnsthe radarwith the angleof arrival closestto the given

cardinaldirection
f Local,RemotegAmpf Smallest,Largestg 0 Returnstheradarwith thesmallest/largestamplitude
f Local,RemotegSlopef Smallest,Largestg 0 Returnstheradarwith thesmallest/largestslope
Priorityf Smallest,Largestg 0 Returnstheradarwith thesmallest/largestpriority
RandomRadar 0 Selectsa radarat randomto return

IfSame

Local
Tracking
Current

Remote
Tracking
Current

Random
Radar

IfTracking

Local
Tracking
Current

Random
Radar

Figure2: Examplecontroller

so,elseit choosesa radarto trackat random.
Three�tness functionsmeasuretheperformanceof agroupof UAVs. In orderto measureperformance,wemakea

distinctionbetweenthetimeaUAV spendstrackingaradar(onceassignedto aradar, theUAV movestowardtheradar
andbeginsto circle it) andthetimetheUAV spendscloseenoughto monitortheradar(in thiswork, 2 nauticalmiles).
The�rst �tness function,fmonitor, measuresthepercentageof thetime thetargetradarsarenotmonitoredby at least
oneUAV. Designedto measurethe performanceof the UAV teamon only the main goal of monitoring the target
radars,this �tness functionusedalonetendsto suffer from thebootstrapproblem,anddueto thenoisein thesystem
canleadto undesirableresults.Thesecond�tness function,ftrack, alleviatesthebootstrapproblemby measuringthe
percentageof time thateachradaris not trackedby at leastoneUAV. Often,whenevolving robotcontrollers,thebest
controllersexhibit someunwantedbehaviors thathaveonly minornegativeeffectson �tness. In anoptimalcontroller,
evolutionwouldweedout thesebehaviors,but whenevolving controllersin anoisyenvironment,evolving aperfectly
optimal controlleris often not feasible. In this environment,onesuchbehavior is a tendency for a pair of UAVs to
repeatedlyswap targetsmid-�ight. This hasvery little effect on fmonitor andno effect on ftrack, but the crossing
zig-zagpatternthisbehavior createscouldleadto collisions.To helpeliminatethisbehavior, thethird �tness function,
fswitch, measuresthepercentageof time UAVs switchfrom trackingoneradarin orderto trackanother. Thesethree
�tness functionsaremeasuredover thecourseof eachsimulation.At time t, let targetu

t bethetargetradarof UAV u,
andlet thebinaryvariableswitchedu

r betrueif targetut 6= targetut−1
.

For evaluation,at timet, let dr
t betheminimumdistancefrom radarr to aUAV, xr

t andyr
t its locationin space,and

priorityr
t its priority (themoreimportantthetarget,thehigherthepriority value).For thefollowing binaryvariables,
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Table3: Geneticprogrammingparameters

PopulationSize 1000
CrossoverRate 0.9
MutationRate 0.05

TournamentSize 2

MaximumInitial Depth 5
MaximumDepth 25

Generations 80
TrialsperEvaluation 20

let deployedr
t be true if radarr is emitting at time t, let monitoredr

t be true if dr
t < range (whererange is the

monitoringrangeof theUAV) andradarr is emittingat time t, let movedr
t betrueif

(

xr
t 6= xr

t−1

)

[
(

yr
t 6= yr

t−1

)

, and
let trackedr

t betrueif 9u suchthattargetut = r at time t. For eachbinaryvariable,let tr
variable beits sumover time.

For example

trdeployed =
T

∑

t=1

deployedr
t (1)

Themoved variableis usedto calculatethetravel timeto aradarasdistance— initial distanceplusdistanceincrements
whentheradarmoves— dividedby UAV velocity. Thevariabletr

travel eliminatesthebiasfrom differenttravel times
to eachradar.

trtravel =
dr
0

+
∑T

t=1
dr

t � movedr
t

v
(2)

The�rst �tnessfunctionis theaverageoverall radarsof thepercentageof timethateachradaris unmonitoredweighted
by theradarpriority.

fmonitor =
1
R

R
∑

r=1

priorityr
trdeployed � trtravel � trmonitored

trdeployed � trtravel

(3)

Thesecond�tness functionis theaverageoverall radarsof thepercentageof timethateachradaris notbeingtracked.

ftrack =
1
R

R
∑

r=1

trdeployed � trtracked

trdeployed

(4)

Thethird �tness functionis theaverageover all UAVs of thepercentageof time thateachUAV switchestargets.

fswitch =
1
U

U
∑

u=1

trswitched

T
(5)

Thegeneticprogrammingsystemattemptsto minimizeall three�tness functions.
Targetselectioncontrollerswereevolvedusingmulti-objectiveGPwith non-dominatedsorting,crowdingdistance

assignmentto eachsolution,andelitismusinganimplementationof NSGA-II [18] for GP. Evolutionwasgenerational,
with crossover andmutationsimilar to thoseoutlinedin [2]. The parametersusedby GP to evolve controllersare
shown in Table3. Tournamentselectionwasused.Initial treeswererandomlygeneratedusingrampedhalf andhalf
initialization. All computationwasdoneon a Beowulf clusterparallelcomputerwith ninety-two 2.4GHz Pentium4
processors.

5 Experiments
We evolved controllerswith a single, generalscenario—�ve UAVs and four radars—forall threecommunication
schemes:closest, majority, andweighted. We performedtenevolutionaryrunsfor eachscheme,andfor eachevalu-
ation,all UAVs usedthesamecontrollerandcommunicationscheme.Two radarswerestationary:onewith normal
priority, theotherwith highpriority. Thethird radarwasadelayedradarwith normalpriority, andthefourthradarwas
a mobile radarwith high priority. All four radarsemittedintermittentlyfor a normally distributedrandomduration
with a meanof 5 minutesanda normallydistributedrandomperiodwith a meanof 10 minutes.All controllerswere
evolvedusingthe�tness functionsandGPparametersoutlinedin Section3. While ftrack andfswitch wereimportant
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�tness functionsfor overcomingthebootstrapproblemandcontrollingbehavior, fmonitor is a truemeasureof the�t-
nessof a controller, sowe chosethebestcontrollerfor eachcommunicationschemefrom 10 evolutionaryrunsusing
only this �tness function.

To evaluatethis approach,we comparedthebestcontrollersfrom eachcommunicationschemeover a varietyof
scenarios.Sinceanexhaustive studyof all possiblescenarioswasnot feasible,we selectedrealisticscenariosfor the
simulationareaof forty nauticalmilesby forty nauticalmiles.Weevaluatedthesecontrollerson four scenarios:three
UAVs andthreeradars,whereall radarswerestationaryandemittedcontinuously(thisscenariohasaperfectsolution
whenradarassignmentsaredetermineda priori); � ve UAVs andfour radars,wherethe radarsarethesametypesas
usedto evolve thecontrollers;tenUAVs andfour radars,with thesameradartypesasbefore;andtenUAVs andeight
radars,with the sameradartypesasbefore,just twice asmany of each. The densityof radarsandUAVs wasthe
mostimportantconsiderationin choosinga realisticscenario,sincetheproblemof � ve UAVs andfour radarsin 1600
squarenauticalmilesis effectively thesameat �fty UAVs andforty radarsin tentimesthearea,aslong astheradars
aredistributedrandomly.

Wheninformationaboutall radarsis notknown apriori, acentralizedapproachproducespoorsolutions;sincethe
communicationrangeof a UAV is muchsmallerthanthe areawherethe tasksaredistributed,a situationwhereall
UAVs couldcommunicatewith oneanotheroccursinfrequently. On theotherendof thespectrum,a fully distributed
approachwith no communicationwould alsotendto producepoorsolutions.Undercertaininitial con�gurationsof
UAVs andradars,it is possibleto performwell withoutcommunication,but in general,communicationis necessaryin
orderto getthebestdistributionof UAVs to radars.In recentliterature,multi-depottravelingsalesmanproblemsusing
real robotshave beensuccessfullysolvedwith market-basedapproaches[1,14]. Theseapproachesbene�t from free
andglobalcommunicationandknowledgeof theenvironmentfor usein planningpathsandestimatingbidson tasks.
While it would bepossibleto usea market-basedapproachon this problem,thesmallcommunicationrangeandlack
of knowledgeaboutradarlocationsfor planningpurposeswouldmake it dif�cult to achieve goodperformance.

Sincethespeci�c characteristicsof this problemmadethesecompetingcontrollermethodologiesunsuitable,we
comparedthe evolved controllersto a baselinerandomizedcontroller. In the randomcontroller, eachUAV initially
choosesa radarto trackuniformly from all known radars(initially, only stationaryradars).At eachtime step,a UAV
pollsall otherUAVs in rangeto seewhichonesaretrackingthesameradar;let n bethenumberof UAVs trackingthis
radar. TheUAV knows thenumberof otherUAVs, u, andthenumberof deployedradars,r. Ideally, thenumberof
UAVs monitoringeachradaris u

r
. At eachtimestep,if n > u

r
, thentheUAV picksanew radarto trackrandomlywith

probability n−u

r

n
, sincethe numberof UAVs trackingthis radarthat shouldbe trackingotherradarsis n � u

r
. This

controllerperformsreasonablywell giventhatselectionof which radarto trackis random.
Eachcombinationof communicationschemeandscenariowasevaluated1000times,whereradarpositionswere

randomfor eachevaluation. Figure3 shows the averagepercentageof time that a radaris unmonitored(with 95%
con�denceintervals) for the closest, majority, weighted, andrandomcommunicationschemeson eachof the four
scenarios.This measureis equivalentto fmonitor without weightingfor radarpriority. In all scenarios,the closest
controllerperformedbest. The majority andweightedcontrollershadsimilar performance,but always performed
worsethantherandomcontroller. Thebestclosestcontrolleralsorequiredvery little communication,asnot all com-
municationfunctionsandterminalsappearin the evolved program. Of the 43 nodesin the programtree, the only
communicationoperationsweretheRemoteAoALargest, RemoteTrackingCurrent, andRemoteTrackingLastterminals,
severalfunctionsrequiringheadingandposition,andtheRemoteSlopef Smaller, Largerg functions,requiringthecom-
municationof only r + 6 variables,wherer is the numberof radars(the valuesof the threeterminals,heading,
latitude,longitude,andslopevaluesfor all radars).Interestingly, theAoASmallestterminalwasnot usedat all by the
bestcontroller.

Why do thebestmajority andweightedcontrollersperformsopoorly, whenwe might expectthemto outperform
the closestcontrollers?First, thesecontrollersonly have an advantageover the closestcontrollerswhenmorethan
oneotherUAV is within communicationrange.Giventhesparsedistribution of radarsin theenvironment,this rarely
happens,andit happensmostoftenat thebeginningof a simulation,whentrackingassignmentsarelargely arbitrary.
In thesesituations,communicationcanoftenbemoreconfusingthanadvantageous,especiallyif it leadsto constant
switchingbetweenradarsto track. A look at the geneticprogramsfor someof the bestcontrollersfor eachcom-
municationschemereveal the sourceof this discrepancy in performance.Thebestclosestcontrollerstake the form
shown in Figure4a,while all of thebestmajority andweightedcontrollerstake the form shown in Figure4b where
(...) representssub-treesfor choosinganew radarto track(whichvary, andaretoocomplex to show herein full). The
closestcontroller�rst checksto seeif thelocalandremoteUAV aretrackingthesameradar, andif so,choosesa new
radar(which might bethesameradar),otherwise,it checksto seeif theUAV is trackinga radar, andif so,continues
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Figure4: Evolvedcontrollerstructures

to track that radar, otherwise,it choosesa new radar. This structureallows the UAV to choosea new radarto track
in thecaseof redundancy, somethingthat is necessaryfor trackingdelayedandmobileradars,sincetheseradarsare
not immediatelyvisible. Thebestmajorityandweightedcontrollersevolvedmuchlesscomplex structureswhichonly
allow theUAV to trackstationaryradars.Evolutionstallsonthissimplestructure,andseemsunableto jumpto amore
complex structure,asit wasableto dowith theclosestcontrollers.Onereasonfor thismaybethatavoidingconfusion
by usingthis simplerstructurebroughthigher�tness thanusinga morecomplex structure.It is alsopossiblethatthe
combinationof therepresentationandthesecommunicationschemesis not conducive to evolving goodcontrollers.
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6 Conclusions
Basedontheseexperiments,thisapproachcanevolveeffectivecontrollersif communicationis restrictedto theclosest
otherUAV in range.For UAVs controlledby thebestclosestcontroller, theaveragepercentageof timespentunableto
monitorradarswasnever worsethan16%,while thepercentagefor therandomcontroller, thesecondbestcontroller
on all scenarios,wasnever betterthan25%. Given the limited capabilitiesof a multi-robot systemwith suchsmall
windows of opportunityfor collaboration,theseresultssuggestthat our approachusingthe closestcommunication
schemeis agoodsolutionto theproblem.

Evolved controllersperformedwell for a variety of scenarios,respondingwell with changesin the numberof
UAVs, numberof radars,and typesof radars. For this particularclassof multi-robot problem,wheretaskshave
inde�nite length,only localcommunicationis available,andtasksaredistributedsparselythroughouttheenvironment,
this work successfullyevolved GP controllerswith good �tness that requirevery little communicationbandwidth.
While thisapproachis tailoredto this typeof problem,andwouldnotbesuitablefor all multi-robotproblems,wefeel
thisapproachcouldbesuccessfulfor otherproblemsof this type.
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