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Abstract

For sometasks,the useof morethanonerobot may improve the speed eliability, or e xibility of completion,
but mary other taskscan be completedonly by multiple robots. This paperinvestigatescontroller designusing
multi-objective geneticprogrammingor a multi-robotsystemto solve a highly constrainegroblem,wheremultiple
unmannedaerialvehicles(UAVs) mustmonitor targetsspreadsparselythroughouta large area. UAVs have a small
communicatiorrange sensotinformationis limited andnoisy, monitoringatargettakesaninde nite amountof time,
andevolved controllersmustcontinueto performwell evenasthe numberof UAVs andtargetschangesAn evolved
taskselectioncontrollerdynamicallychooses tamgetfor the UAV basedon sensolinformationandcommunication.
Controllersevolved usingseveral communicatiorschemesverecomparedn problemscenario®f varyingsize,and

theresultssuggesthatthis approactcanevolve effective controllersif communicatioris limited to the nearesother
UAV.
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1 Introduction

As the applicationof robotic systemdo real-world problemsincreasesthe useof multi-robotsystemsecomesnore
attractve. Whenataskcanbe completednorequickly by multiple agentghanby a singleagent multi-robotsystems
canimprove the speedand e xibility of taskcompletionover single robot systems.More importantly mary tasks
canonly be solved by multiple robots. Sometasks like lifting a large object,might requiremultiple robotsworking
together Othertasksmight have physical or temporalconstraintssuchasrequiringthat two tasksbe donesimulta-
neouslyin differentlocations.Multi-robot systemsangefrom centralizedcapproacheto fully distributedapproaches,
with mary approachedik e market-basedoordinationfalling someavherein-betweer{1].

Thispaperinvestigatesthedesignof alayeredreactve controllerfor asystenof multiple unmannederialvehicles
(UAVs). Tamgetradarsare spreadthroughouta large area,andeachtaskin the problemrequiresthe proximity of at
leastoneUAV andtakesaninde nite amountof time, sotheproblemis oneof taskallocation. Therearemultiple types
of radarsthereis no prior knowledgeaboutradars,andsomeradarscanmove, sotaskallocationmustbe dynamic.
The numberof UAVs andradarsis not known a priori, so controllersmustbe adaptable.The UAV communication
rangeis muchsmallerthanthe sizeof the environment,andsensotinformationaboutthe radarsis limited andnoisy;
makingthis adif cult problemto solve. In this paperwe usegeneticprogrammingo evolve highlevel controllersfor
taskallocation.

Geneticprogramming GP)[2] is amethodof automategrogramcreationusingevolutionarycomputation Given
a measureof performanceon a problem—a tness function—evolution usesoperatordik e crosseer and mutation
to createnew solutions.Sincemore t solutionsare chosenwith a higherlik elihood, solutionstendto improve over
time. GP createssolutionsin theform of computemprograms EvolutionarytechniquesincludingGR areincreasingly
usedin real-world applications,often producingresultscompetitive with the besthumanefforts [3]. Evolutionary
robotics[4], theapplicationof evolutionarycomputatiorto robotapplicationshasyieldedencouragingesultsin the
designof robot controllers. For mary evolutionary roboticsproblems,evolution is often ableto createsolutionsa
humanwould not have consideredn orderto nd optimal or nearoptimal solutions.Becauseof the dif culty of the
problemconsideredere,evolving a controllerusingGPis anattractve alternatve to designinga controllerby hand.

Most multi-robot systemsare hand-designedhut work hasbeendone on evolving controllersfor multi-robot
systems.A popularmulti-agentproblemin the evolutionarycomputatiorliteratureis the predatosprey problem([5].
Controllershave beenevolvedusingGP [6, 7], neuralnetworks[8], and nite statemachined9]. In domaindike the
predatosprey problem,thenumbersof agentsandtargetsareoften x ed,soonecanusenamedsensing7], wherean
agenttommunicatesvith aremoteagenthroughanamedchannekpeci c to theremoteagent.If thenumberof agents
isnot x ed,thisis nolongerfeasible.For example theremaybeashortagef channelsf thenumberof agentss larger
thanwasexpectedwhendesigningthe system.An alternatve is non-symbolicsensoasedcommunicatio10,11]
wherecoordinationis donethroughlight or distancesensorsWhile thisworkswell in somedomainsanagentcannot
easilysharestateinformationwith this approach Anotheralternatve to namedsensings deicticsensing7]. In this
approachcommunicatiorchannelsarerelative to theagent—e.gneaestagent

Experimentsn the literatureoften assumeglobal communicationwhereone agentcan communicatewith ary
otheragent. This may signi cantly simplify the problem,but in mary caseshe assumptioris not valid. The power
to transmitover long distancesnay be beyond the capabilitiesof somerobots,or the weightor sizeof long-distance
communicatiorequipmenimight be too greatfor somerobots. While someresearcherhave addressethis problem
in part by only communicatingwith nearesineighborg[7, 12] or using non-symbolicsensoibasedcommunication
[10,11], mostof the work usingevolved controllershasignoredtheselimitations, eitherby assuminga small areaof
operationor the availability of long-distanc&ommunication.

Somerecentresultshave investigated more realistic multi-robot applications. Richardset al. [12] evolved GP
controllersfor multi-UAV collaboratve search. Communicatiortook placebetweennearesineighbors so the size
of UAV teamsand searchareacould scale. However, the searchareato be sweptis known a priori, and global
communications assumedAgoginoandTumer[10] evolvedneuralnetwork controllersfor a multi-rover tasksimilar
to theoneconsideredhere.A heterogeneougamof roverstriesto obsene pointsof interestof differentvalueswithin
theernvironment.Pointsof interestweredistributedrelatively denselyandthereweretypically morepointsof interest
thanrovers,makingthe problemeasier Communicatiorwassensotbasedglobal communicationwasassumedthe
pointsof interesthad x edlocations,andall sensorsverenoise-free TumerandAgogino[13] extendedthis work by
addingsensomoise,allowing pointsof interestto move, andlimiting theroversto local communication.



2 Problem

In this paper we look at a multi-robotdomainthat canbe posedasa distributedtaskallocationproblem. Therobots
areunmannederialvehicles(UAVs) operatingin a large ervironment. UAVs have a limited communicatiorradius
anda limited time in the ervironment(missiontime). The ervironmentcontainstarget radars,with a one-to-one
correspondencbketweenthe numberof radarsandthe numberof tasks. Eachtaskrequiresa UAV to performsome
actionon the radar suchassuneillanceor jamming, which requiresproximity to the radarandtakesan inde nite
length of time. Sincethe particularactiontaken by the UAV is independentf the problemof assigningUAVs to
radars,we will referto performingthe chosenaction—andbeingcloseenoughto the radarto do so—asmonitoring
theradar Eachradarcanbe monitoredby a single UAV, but it may be possibleto improve performancéy assigning
multiple UAVs to monitorthe sameradar Unlike tasksthatcanbeaccomplishedby nite lengthvisitsto alocation,
suchasinstance®f themulti-depottraveling salesmaroblem[14], we canseetasksin this problemastakingin nite
timeto solve.

UAVs sensewo piecesof informationaboutthe incoming signalfrom eachradar: the amplitudeandthe angle
of arrival (AoA). The AOA measureshe relative anglebetweenthe headingof the UAV andthe sourceof incoming
electromagnetienegy. This modelassumesanelectronicsupportmeasure$ESM) sensoicapableof splitting all in-
comingelectromagnetienepy into signalsby radarandmaintaininga history of thisinformation,avalid assumption
giventhe capabilitiesof currentcommerciabfferings. In additionto the currentsensornyjinformation,the UAV stores
amplitudevaluesfor a x edtime window; the slopeof thesehistoricalvaluesis availableto the UAV controller Real
sensorglo not have perfectaccurag in detectingradarsignals,sothe simulationmodelsaninaccuratesensor Both
theamplitudenoiseandAoA accurag canbesetin thesimulation;in thisresearchgontrollersevolvedwith amplitude
noiseof 6dB andanAoA accurag of 10°. A radaris invisible whenit is not emitting. A targetradarmay be
classi ed usingtwo attributes: whenit is deplojed andits mobility. In our simulationsradarsfall into threedistinct
types: stationary delayed,and mobile. Stationaryradarshave a x edlocationandaredeployed for the durationof
themission.Delayedradarsalsohave a x edlocation,but arenot deployed until afterthe missionhasbegun. Mobile
radarsarealsodelayed but changdocationseveraltimesduringthe courseof the mission.Mobile radarsdo not emit
while moving. If all radarsarestationarythenthis problemcanbe solved optimally prior to the missionusinga cen-
tralizedapproactsinceall relevantinformationis known a priori. This becomes distributedproblemwhendelayed
andmobileradarsarepresentAll typesof radarscanemiteithercontinuouslywheretheradarsignalis constantvhile
theradaris deployed, or intermittently wherethe radarsignalemitsfor somedurationperiodically Radarlocations
arerandomandarenotknown a priori.

Fromthe problemoutline, it shouldbe clearthatto solwve this problem,multiple UAVs arenecessarySinceradar
positionsare not known a priori and UAVs have small communicatiorranges.this is a distributed task allocation
problem. A single UAV canbe assignedo only oneradarat a time, sowe needat leastasmary UAVs asthereare
radarsfor anoptimalsolution. An ideal solutionto this problemwould be ableto dynamicallyassignUAVs to radars
suchthatat leastone UAV is monitoringevery radarat all times. Sinceradarsaredistributedspatially a given UAV
mustbewithin somedistanceof theradarto monitorit, makinga perfectlyidealsolutioninfeasible.We posethis asa
maximizationproblemin thetime eachradaris monitoredby atleastone UAV. If all radarsareof equalimportance,
performanceanbe measureésasumof monitoringtime for eachradar It is morelik ely, however, for radargo have
differentpriorities. We prefera solutionthattakesinto accounthesepriorities.

Theconstraintsmposedoy this problemmake goodcontrollerdesigndif cult. Thesparsenessf targetsandshort
rangeof communicatiormeanthat UAVs have only smallwindows of time for communicatiorandmustmake deci-
sionswith incompleteinformation. Becauseadarsarelong distancespartandmonitoringa radarrequiresproximity
to it, poortaskallocationheavily degradegperformanceLimited andnoisy sensolinformation,radarmovement,and
the lack of a priori informationaboutthe numberof UAVs andthe numberandtype of radarsall contribute toward
makingthis adif cult problemof dynamictaskallocation.

3 Approach

Our approachto this problemassumes layeredreactve controller The control architectureof anindividual UAV,
shavnin Figurel, is dividedinto threelayers. Thetarget selectioncontmller, thelayerevolvedin thiswork usingGR,
takescurrentsensolinformation,communicatiorfrom otherUAVs, anda smallamountof internalstateinformation
asinputsandthenoutputsa targetradar The next layer, the navigationcontoller, takesasinputsthe currentsensor
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information,the targetradarfrom the target selectioncontroller andthe currentroll angleandoutputsa desiredroll
angle. The navigation controllerusedin this work, describedn [15-17], wasalsoevolved usingGPR Theroll angle
from the navigation layer is passedo the autopilot layer The autopilotusesthe desiredroll angleto changethe
headingof the UAV. This layeredtechniqueresultsin a generalcontrollermodelthatcanbe appliedto a wide variety
of vehicleplatforms;the evolved controllersare not designedor a speci ¢ UAV airframeor autopilot. The system
is homogeneousall UAVs usethe samecontroller For a speci ¢ scenariowith a x ed numberof UAVs andknown
radars,a heterogeneousystemmight performbetterthana homogeneousystem,since heterogeneityvould allow
for specializationbput in this problem,homogeneityallows easyvariationin the numberof UAVs andthe numberand
typesof targetradars.

With limited local communicationa UAV only hasthe option of communicatingvith otherUAVs in range.The
numberof UAVs in rangechangesso one musthave someschemeo decidehov communicatiorfrom a variable
numberof agentswill beamalgamated We investigatethreecommunicatiorschemesvhich t therepresentatioand
controllerstructure:communicatioronly with the closestotherUAV; communicatiorwith all UAVs in range where
all communicatioris weightedequally; andcommunicatiorwith all UAVs in range , wherethe closeranotherUAV,
the moreheavily weightedthe communication.The rst communicatiorschemeglosest usesonly communication
from the nearesUAV in range. The geneticprogramis run once,usingcommunicatiorfrom the nearestJAV, and
the outputis setastheradarto track. The secondschememajority, weighscommunicatiorfrom all UAVs in range
equally The geneticprogramis run oncefor eachUAV in communicatiorrange,andthe mostcommonoutputis
choserastheradarto track (tiesarebrokenarbitrarily). Thethird schemeweighted weighscommunicatiorfrom all
UAVs in rangeby distance.The geneticprogramis run oncefor eachUAV in communicatiorrange,andthe output
from eachexecutionis weightedby the distanceto the remoteUAV, wherecloserUAVs have higherweights. The
radarwith the highestweightedsumis tracled.

We chosethis approacthasedon the qualitiesof the problem,which requireda solutionthatusedsmallamounts
of local communicationwasscalableto larger groupsof UAVs andtargetradarsandwas e xible to differenttypes
of radars. Our approachdoesnot requireary high level world knowledge,usingonly a limited setof sensorsand
small amountsof local communication. Computationis completelydistributed, allowing a single UAV to operate
independendf other UAVs whennecessary While we useda x ed communicatiorrangeof 5 nauticalmiles, this
approachwould work for othercommunicatiorrangeslt is importantto note,however, thatif globalcommunication
is available,the performancef our approachwill notbeasgoodasa centralizedr market-basedpproach.



Tablel: Functions

Function Arity  Description

Iff Same,Difg 4 If the rst two agumentsarethe same/diferent,returnsthethird
argument elsereturnsthefourth algument

IfUAVsInCommRange 2 If atleastoneotherUAV isin communicatiorrange returnsthe
rst agumentelsereturnsthe secondargument

IfTracking 2 If the UAV is tracking a radar returnsthe rst amgument,else
returnsthe secondargument

IfPositiorf N,S,E,W\y 2 Returnsthe rst agumentif the UAV is furtherin the givencar
dinal directionthanthe remoteUAV, elsereturnsthe secondar
gument

IfHeading N,S,E, W\ 2 Returnsthe rst argumentif the UAV's headingis closerto the
givencardinaldirectionthantheremoteUAV' s heading elsere-
turnsthe secondargument

f Local,RemotgAoAf SmallerLargerg
f Local,RemotgAoAf Left,Rightg

f Local,RemotgAmpf SmallerLargergy
f Local,RemotgSlopd SmallerLargery
Priorityf SmallerLargerg

Returngheradarwith thesmaller/lagerangleof arrival
Returngheradarwith theangleof arrival furtherto theleft/right
Returngheradarwith the smaller/lageramplitude
Returngheradarwith the smaller/lagerslope
Returnstheradarwith the smaller/lager priority

NNNNDN

4 Genetic Programming

Geneticprogrammings a methodof automategrogramminghatusesa geneticor evolutionaryalgorithm[2]. Start-
ing from a measuref performancdor a particularproblem—atness function—GPcreatesa computemprogramto
solve the problem. Like a geneticalgorithm,a populationof randomsolutionsis generatedand eachindividual in
the populationis evaluatedfor tness. Individualsareselectecbasedn tness to createnew memberf the popula-
tion usinggeneticoperationdik e cross@er andmutation. Sinceindividualswith higher tness aremorelikely to be
selectedthe tness of the populationtendsto impraove toward optimal solutionsover successie generationsin GP,
eachindividual is a computerprogram,which canbe represente@sa treeor a symbolicexpressionsimilar to Lisp.
Programsarecomposeaf functionsandterminalsfrom ade ned setof operations.

An evolved target selectioncontroller takes as inputs local sensorinformation and information communicated
to it by other UAVs and outputsa radarfor the navigation controllerto track. The choiceof appropriatefunctions
andterminalsis essentiato the succes®f GP-basedolutions. Initially, we experimentedwith evolving navigation
controllerswith functionsandterminalson the spaceof sensowalueswherecontrol actionsweresside effectsof the
GPoperatorssimilarto the operatorsn [16,17] with addedoperationgor communicationTheserepresentationthat
directly usedsensowaluesandattemptedo evolve bothtargetselectiorandnavigation performedpoorly; onereason
wasthatit is not straightforvardhow to combineinformationfrom multiple UAVs givenno apriori informationabout
the numberof UAVs or the numberof radars.Ratherthanoperateon the spaceof sensowvaluesandusesideeffects
for control,our approactoperatesn the spaceof radarswhereall agumentandreturntypesareradaridenti cation
numbers. At eachtime step,the UAV tracksthe radarthat is the output of the geneticprogram. To allow for a
variablenumberof radarstherepresentatiois deictic. Deixis is a processvhereexpressionsely on contet. In this
representatiorthe outputof functionsandterminalsdepend®n thepositionandorientationof the UAV. For example,
dependingntheorientationandlocationof the UAV, theterminalthatoutputsthe radarwith the smallestAoA could
represenary radar

The functionsandterminalsusedby GP areshowvn in Tablesl and2. Marny of the operatordn thetableare
split betweensensingrelative to the UAV executingthe geneticprogram(local) and sensingrelative to a UAV in
communicatiorrange(remote). The communicatiorschemegchosenfrom the schemeslescribedabove, determines
theremoteUAV. If nootherUAV isin rangethelocal UAV is setto betheremoteUAV. In all operatorstiesarebroken
arbitrarily. Figure2 shavs anexamplecontroller In this controller if thelocal UAV andtheremoteUAV aretracking
thesameradar a new radarto trackis choseratrandom.Otherwise|f the UAV is trackingaradar it continueso do



Table2: Terminals

Terminal Arity  Description

f Local,RemotgTrackingCurrent 0 Returnstheradarcurrentlybeingtracked

f Local,RemotgTrackingLast 0 Returnsthe radartracked prior to the radarreturnedby Track-
ingCurrent

f Local,RemotgAoAf Smallest,Lagesy 0 Returngtheradarwith the smallest/lagestangleof arrival

f Local,RemotgAoAf Left,Rightgmost 0 Returnsthe radarthat, basedon a sweepof the angleof arrival,
is thefurthestleft/right

f Local,RemotgAoAf N,S,E,Wgmost 0 Returnsthe radarwith the angleof arrival closestto the given
cardinaldirection

f Local,RemotgAmpf Smallest,Lagesy 0 Returngheradarwith thesmallest/lagestamplitude

f Local,RemotgSlopd Smallest,Lagesy 0 Returngheradarwith the smallest/lagestslope

Priorityf Smallest,Lagesy 0 Returngtheradarwith the smallest/lagestpriority

RandomRadar 0 Selectsaradarat randomto return

Remote
Tracking
Current

Local
Tracking
Current

Random
Radar

Local
Tracking
Current

Figure2: Examplecontroller

S0, elseit chooses radarto trackatrandom.

Three tness functionsmeasurehe performancef agroupof UAVs. In orderto measurgerformancewe make a
distinctionbetweerthetime a UAV spendgrackingaradar(onceassignedo aradar the UAV movestowardtheradar
andbgginsto circleit) andthetime the UAV spendsloseenoughto monitortheradar(in this work, 2 nauticalmiles).
The rst tness function, f,,..nitor, Measureshe percentagef thetime thetargetradarsarenot monitoredby atleast
one UAV. Designedto measurehe performanceof the UAV teamon only the main goal of monitoringthe target
radarsthis tness function usedalonetendsto suffer from the bootstrapproblem,anddueto the noisein the system
canleadto undesirableesults.The secondtness function, f;....x, alleviatesthe bootstragproblemby measuringhe
percentagef time thateachradaris not tracked by atleastoneUAV. Often,whenevolving robotcontrollers the best
controllersexhibit someunwantedbehaiors thathave only minor negative effectson tness. In anoptimalcontrolles
evolution would weedout thesebehaiors, but whenevolving controllersin a noisy ervironment,evolving a perfectly
optimal controlleris often not feasible. In this environment,onesuchbehaior is a tendenyg for a pair of UAVs to
repeatedlyswap targetsmid- ight. This hasvery little effect on f,,,onit0r @andno effect on fi,...x, but the crossing
zig-zagpatternthis behaior createcouldleadto collisions. To helpeliminatethis behaior, thethird tness function,
fswiten, Measureshe percentagef time UAVs switchfrom trackingoneradarin orderto trackanother Thesethree

tness functionsaremeasureaver the courseof eachsimulation.At timet, let target} bethetamgetradarof UAV «,
andlet thebinaryvariableswitchedy betrueif targety 6 target} ;.

For evaluation attimet, let d; betheminimumdistancdrom radarr to aUAV, =} andy; its locationin spaceand
priority; its priority (themoreimportantthetarget,the higherthe priority value).For thefollowing binaryvariables,



Table3: Geneticprogrammingparameters

PopulationSize | 1000 Maximuminitial Depth | 5

CrosswerRate | 0.9 MaximumDepth | 25
MutationRate | 0.05 Generations 80
TournamenSize | 2 Trials perEvaluation | 20

let deployed] betrueif radarr is emitting at time ¢, let monitored;] betrueif di < range (whererange is the
monitoringrangeof the UAV) andradarr is emittingattime ¢, let moved; betrueif (z7 6 z}_,)[ (y; 6 y;_,), and
let tracked; betrueif Qu suchthattargety = r attimet. For eachbmaryvanable lett” beits sumovertime.
For example

variable

T
eployed = Z deployed; Q)
t=1
Themowed variableis usedo calculatehetravel timeto aradarasdistance— initial distanceplusdistancencrements
whentheradarmoves— dividedby UAV velocity. Thevariablet;] . ., eliminateshebiasfrom differenttravel times
to eachradar

trave

- _dp+ Zthl di moved; @
travel — v

The rst tnessfunctionis theaverageoverall radarsof thepercentagef timethateachradaris unmonitoredveighted
by theradarpriority.

ty o
_ r deployed travel monitored
fm.onitor - E pTZO?’Zty tr tr (3)
deployed travel

Thesecondtness functionis theaverageover all radarsof the percentagef time thateachradaris notbeingtracked.

deplo’qed track:ed
ftrack: R E " (4)
deployed

Thethird tness functionis theaverageover all UAVs of the percentagef time thateachUAV switchesamgets.

1 Uy
fswitch = E Z swzjt::hed (5)
u=1
The geneticprogrammingsystemattemptgo minimizeall three tness functions.
Tarmgetselectioncontrollerswereevolvedusingmulti-objectve GPwith non-dominatedorting,crowvding distance
assignmento eachsolution,andelitism usinganimplementatiorof NSGA-II [18] for GR Evolutionwasgenerational,
with crosseer and mutationsimilar to thoseoutlinedin [2]. The parametersisedby GP to evolve controllersare
shavn in Table3. Tournamenselectionwasused.Initial treeswererandomlygeneratedisingrampedhalf andhalf
initialization. All computationvasdoneon a Beawulf clusterparallelcomputemwith ninety-two 2.4 GHz Pentium4
processors.

S Experiments

We evolved controllerswith a single, generalscenario—ve UAVs and four radars—forall three communication
schemesclosest majority, andweighted We performedten evolutionaryrunsfor eachschemeandfor eachevalu-

ation, all UAVs usedthe samecontrollerandcommunicatiorscheme.Two radarswere stationary:onewith normal

priority, the otherwith high priority. Thethird radarwasadelayedadarwith normalpriority, andthefourthradarwas
a mobile radarwith high priority. All four radarsemittedintermittentlyfor a normally distributedrandomduration
with a meanof 5 minutesanda normally distributedrandomperiodwith a meanof 10 minutes.All controllerswere
evolvedusingthe tness functionsandGP parametersutlinedin Section3. While f;,.qcrx and fs.itcr, Wereimportant



tness functionsfor overcomingthe bootstragproblemandcontrollingbehaior, f,,onitor IS atruemeasuref the t-
nessof a controller sowe chosethe bestcontrollerfor eachcommunicatiorschemdrom 10 evolutionaryrunsusing
only this tness function.

To evaluatethis approachwe comparedhe bestcontrollersfrom eachcommunicatiorschemeover a variety of
scenarios Sincean exhaustve studyof all possiblescenariogvasnot feasible we selectedealisticscenariosor the
simulationareaof forty nauticalmilesby forty nauticalmiles. We evaluatedthesecontrollerson four scenariosthree
UAVs andthreeradarswhereall radarswerestationaryandemittedcontinuously(this scenarichasa perfectsolution
whenradarassignmentaredetermineda priori); ve UAVs andfour radars wherethe radarsarethe sametypesas
usedto evolve the controllers;ten UAVs andfour radarswith the sameradartypesasbefore;andten UAVs andeight
radars,with the sameradartypesas before,just twice asmary of each. The densityof radarsand UAVs wasthe
mostimportantconsideratiorin choosingarealisticscenariosincethe problemof ve UAVs andfour radarsin 1600
squarenauticalmilesis effectively thesameat fty UAVs andforty radarsin tentimesthe area,aslong astheradars
aredistributedrandomly

Wheninformationaboutall radards notknown apriori, a centralizedapproactproducegoorsolutions;sincethe
communicatiorrangeof a UAV is muchsmallerthanthe areawherethe tasksaredistributed, a situationwhereall
UAVs could communicatevith oneanotheroccursinfrequently On the otherendof the spectrumafully distributed
approachwith no communicatiorwould alsotendto producepoor solutions. Undercertaininitial con gurationsof
UAVs andradarsit is possibleto performwell withoutcommunicationbut in generalcommunications necessarin
orderto getthebestdistribution of UAVs to radars.In recentiterature multi-depottraveling salesmaimproblemsusing
real robotshave beensuccessfullysolved with market-basedpproachegl, 14]. Theseapproachebene t from free
andglobalcommunicatiorandknowledgeof the environmentfor usein planningpathsandestimatingbids on tasks.
While it would be possibleto usea market-basedpproacton this problem,the smallcommunicatiomangeandlack
of knowledgeaboutradarlocationsfor planningpurposesvould make it dif cult to achieze goodperformance.

Sincethe speci ¢ characteristic®f this problemmadethesecompetingcontrollermethodologiesinsuitable we
comparedhe evolved controllersto a baselinerandomizedcontroller In the randomcontroller eachUAV initially
chooses radarto track uniformly from all known radarg(initially, only stationaryradars).At eachtime step,a UAV
polls all otherUAVs in rangeto seewhich onesaretrackingthe sameradar;let n bethenumberof UAVs trackingthis
radar The UAV knows the numberof otherUAVS, u, andthe numberof deplojedradars;-. Ideally, the numberof
UAVs monitoringeachradaris . At eachtime step,if n > =, thenthe UAV picksanew radarto trackrandomlywith

probability "j , sincethe numberof UAVs trackingthis radarthat shouldbe trackingotherradarsisn . This
controllerperformsreasonablyvell giventhatselectionof which radarto trackis random.

Eachcombinationof communicatiorschemeandscenariovasevaluated1000times,whereradarpositionswere
randomfor eachevaluation. Figure 3 shawvs the averagepercentag®f time thata radaris unmonitored(with 95%
con denceintervals) for the closest majority, weighteqd andrandomcommunicationschemen eachof the four
scenarios.This measurds equivalentto f,,.nicor Without weightingfor radarpriority. In all scenariosthe closest
controller performedbest. The majority and weightedcontrollershad similar performanceput always performed
worsethantherandomcontroller The bestclosestcontrolleralsorequiredvery little communicationasnotall com-
municationfunctionsandterminalsappearin the evolved program. Of the 43 nodesin the programtree, the only
communicatioroperationsverethe RemoteAoALa@est RemoteffackingCurrent, andRemoteffackingLastterminals,
severalfunctionsrequiringheadingandposition,andthe RemoteSloge&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 the AoASmallesterminalwasnot usedat all by the
bestcontroller

Why do the bestmajority andweightedcontrollersperformso poorly, whenwe might expectthemto outperform
the closestcontrollers?First, thesecontrollersonly have an advantageover the closestcontrollerswhenmorethan
oneotherUAV is within communicatiomange.Giventhe sparselistribution of radarsin the ervironment,this rarely
happensandit happensnostoftenat the beginning of a simulation,whentrackingassignmentarelargely arbitrary
In thesesituations,communicatiorcanoften be more confusingthanadwantageousespeciallyif it leadsto constant
switching betweenradarsto track. A look at the geneticprogramsfor someof the bestcontrollersfor eachcom-
municationschemereveal the sourceof this discrepang in performance.The bestclosestcontrollerstake the form
shawn in Figure4a, while all of the bestmajority andweightedcontrollerstake the form shavn in Figure4b where
(...) representsub-treesor choosinga new radarto track (which vary, andaretoo complex to shaw herein full). The
closestcontroller rst checkso seeif thelocalandremoteUAV aretrackingthe sameradar andif so,chooses nev
radar(which might bethe sameradar),otherwise jt checksto seeif the UAV is trackingaradar andif so,continues
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Figure4: Evolvedcontrollerstructures

to track thatradar otherwise,it choosesa new radar This structureallows the UAV to choosea new radarto track
in the caseof redundang, somethinghatis necessaryor trackingdelayedandmobile radars sincetheseradarsare
notimmediatelyvisible. Thebestmajority andweightedcontrollersevolved muchlesscomplec structuresvhich only
allow the UAV to trackstationaryradars.Evolution stallson this simplestructure andseemsainableto jumpto amore
comple structure asit wasableto dowith theclosestcontrollers.Onereasorfor this maybethatavoiding confusion
by usingthis simplerstructurebroughthigher tness thanusinga morecomplex structure.lt is alsopossiblethatthe
combinationof therepresentatioandthesecommunicatiorschemess not conducve to evolving goodcontrollers.



6 Conclusions

Basedon theseexperimentsthis approacttanevolve effective controllersif communications restrictedo theclosest
otherUAV in range.For UAVs controlledby thebestclosestcontroller the averagepercentagef time spentunableto

monitor radarswasnever worsethan16%, while the percentagéor the randomcontrollet the seconcbestcontroller
on all scenarioswasnever betterthan25%. Giventhe limited capabilitiesof a multi-robot systemwith suchsmall

windaws of opportunityfor collaboration theseresultssuggesthat our approachusingthe closestcommunication
schemas a goodsolutionto theproblem.

Evolved controllersperformedwell for a variety of scenariosyespondingwell with changesn the numberof
UAVs, numberof radars,and typesof radars. For this particularclassof multi-robot problem, wheretaskshave
inde nite length,only local communications available,andtasksaredistributedsparselythroughoutheenvironment,
this work successfullyevolved GP controllerswith good tness that requirevery little communicationbandwidth.
While this approachs tailoredto this type of problem,andwould notbe suitablefor all multi-robotproblemswe feel
this approactcouldbe successfutor otherproblemsof thistype.
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