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ABSTRACT

This article presentsanimplementednulti-robot systemfor play-

ing the populargameof lasertag. The objectof the gameis to

searchfor and tag opponentghat can move freely aboutthe en-

vironment. The main contribution of this paperis a new particle
Iter algorithmfor trackingthelocationof mary opponentsn the
presencef penasive occlusion.We achieve ef cient trackingprin-

cipally throughacleverfactorizationof our posteriorinto rolesthat
can be dynamicallyaddedand memged. When searchingfor op-

ponentstheindividual agentgreedilymaximizetheir information
gain, using a negotiation techniquefor coordinatingtheir search
efforts. Experimentakesultsare provided, obtainedwith a phys-
ical robot systemin large-scaleindoor ervironmentsandthrough
simulation.

Categoriesand Subject Descriptors

G.3[Probability and Statisticg: ProbabilisticAlgorithms;1.2.11
[Arti cial Intelligence]: DistributedArti cial Intelligence—Mul-
tiagentsystems

General Terms
Algorithms

Keywords
Particle Filter, RobotExploration,Lasertag

1. INTRODUCTION

This paperdescribesa multi-robot systemcapableof locating
and pursuingmaving objects(people,otherrobots)in indoor en-
vironments.Our researchs motivatedby the populargame“laser
tag”[27]. Theobjectof lasertagisto nd andtagindividualsfrom
an opposingteamusing an infra-red taggingdevice. The robotic
form of lasertagnvolvesteamsof robotsinsteadof people.In our
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Figure 1: The lasertag robotsare equippedwith light-emitting
devicesand recevers.

implementationit is playedin regularbuildings,with Pioneersize
robotsequippedwith laserrangesensorgseeFigurel).

The gameof lasertag provides uniqueopportunitiesfor multi-
agentroboticsresearch.Justlike robotic soccer[12], lasertagis
inherentlyreal-time. The environmentis dynamic, leaving only
limited time for information fusion and decisionmaking. A key
differencebetweenasertagandrobotic soccerarisesfrom the per
vasive presencedf occlusion:mostof the time neitherteammates
nor opponentsarewithin arobot's sensoreld. To play well, the
robotsmustcarefullykeeptrackof wherepossibleopponentsnight
be,andwhichareaof theenvironmenthave alreadybeenobsenred.
This createsa challengingmulti-robot datafusion problem. Fur-
thermore the robotshave to coordinatetheir actionsin the faceof
this uncertainty

As mentionedabore one of the main problemsin lasertagis
trackingmultiple moving objectsunderpenasie occlusion. This
problem,however, hasrecevedrelatively little attentionin thelit-
erature.This paperseekso addresgshis question.The coreof this
paperis analgorithmfor maintainingposteriorsover thelocations
of moving objectsin ervironmentswvhereocclusionis penasive. In
our approachwe useparticle lters [7, 14] becauséhey allow the
teamto representomplex multi-modalposteriors.

Our techniqueis basedon two relatedinsights. First, penasive
occlusionleadsdirectly to anintractabledataassociatiorproblem.
Dataassociationis oftendif cult, butin mary casesf the objects
beingtracked arewell separate@ndfrequentlyobsered, approxi-
matingdataassociatiowith a maximumlik elihoodpoint estimate
is effective. In lasertagandotherdomainswhereocclusionis per
vasie, this approximationis poor becausemary associationsre
plausible. The secondnsightis thatthe samepenasive occlusion



thatmakesdataassociatiorhardintroducesstructureinto our pos-
terior. Our sensorsinability to seethroughwalls andaroundcor
nerscausesnary dimensionsof our belief to becomepractically
equivalent. We shav how to capitalizeon this redundang by cat-
egorizing our opponentdnto roles Rolesallow us to represent
groupsof opponentsdy their known characteristicsgnoring their
individualidentities.Thisrole basedactorizationleadsto atracker
thatcangrow andshrink,addingor removing dimensiongrom its
statespaceas new rolesareformedor old onesbecomeindistin-
guishable At thesametime, focusingon obserablecharacteristics
drasticallysimpli es our dataassociatiorproblem. We shav em-
pirically thattherearesituationsvherethe numberof opponentss
large, but the numberof active rolesremainsquite small.

In the following sectionswe will develop an ef cient particle
Iter trackingalgorithm by usingthe role-basedactorizationde-
scribedabore. We will proceedo demonstratenathematicallyhat
our factorizationholdseven asmoreobsenationsarereceved and
controlsissued.We will alsopresenta greedyalgorithmfor issu-
ing coordinatedcontrolsto our teammatesand useit to demon-
stratethatour tracler is practicallyusefulin the lasertag domain.
Thoughthetechniquewe presentn this paperis in noway speci ¢
to adwersarialervironmentswe will adopttheterminologyof laser
tag throughoutfor simplicity of discussionreferringto the track-
ing robotsasthe teammatesandthoserobotsbeingtracked asthe

opponents.

2. TRACKING UNDER OCCLUSION

2.1 StateRepresentation

The main contrikution of this paperis a particle lter algorithm
for trackingthelocationof alargenumberof opponentainderpro-
longed periodsof occlusion. The teammatesnake useof sensor
information to track their opponents. Let
denotethe teammatesmeasurementsp to time , and their
controlinputs. In our implementedsystem,sensoimeasurements
consistof rangereadingsat a known set of bearingsfrom each
teammategproducedby SICK laserrange nders, but with appro-
priate modi cations to the sensormodelthe readingscould come
from other perceptionsystemssuchas vision or sonar We will
write  for the thindividual reading.

As is commonin the literature on tracking [3], our approach
maintainsa posteriorprobability distribution over the state which
wedenote ,attime : . Notethatwe will some-
timesusethe notation which hasthesame
meaning. For the lasertag problem, the statevariablesconsistof
the positionsof all of the agents. Thesevariablescanbe divided
into two qualitatively differentsets:the positionsof theteammates
andthe positionsof theopponents.

More formally, our approactdividesthestate into two pieces

. The rst piece, , containghepositionsof our own team-
mates. The secondpiece, , containsthe positionsof the oppo-
nentrobots.We divide into forthe individual
opponentsandlet representhe completehistory of opponent
positions. In additionto the statevariableswe will introducedata
associatiorvariables . Thedataassociatiorvariables areac-
tually a collection of binary variables , eachof which indi-
catewhethera sensoreading  is associatedvith an opponent

. We furtherintroducea specialsetof associatiorvariables, ,
to specifywhethera sensorreadingis associatedo themap. Each
readingis associatetb exactly oneobjectin ourworld. We canex-
pressthis constraintformally as . We will some-
timesusethe specialnotation to representhe setof all as-
sociationvariablesthatindicatesomesensoreadingassociate$o

opponentm, for example representshe setof all association
variablesthatindicatesomesensorreadingassociateso the map.
We will neverrepresent  explicitly, but we will needto reason
aboutit in the derivation of the state-trackingquationselow.

With the abore notation,our trackingproblemis to estimatethe
posterior

Unfortunatelymaintainingthis distributioncanbedif cult andcom-
putationallyexpensve dueto complicatedmulti-modaldependen-
ciesbetweerstatevariables. The main causeof theseproblemsis
that the teammatessensorviews of the opponentsare frequently
occluded.This occlusionmalesit dif cult to determinewhich op-
ponentswhich,andit canalsoputsharpedgesaandmultiple modes
into our posteriordistributions dueto our inability to seearound
cornersandthroughwalls. In orderto make trackingcomputation-
ally feasible,we will work througha seriesof threefactorizations
which separateut varioustractablepiecesof the problem. These
stepsareconditioningon teammatedactoringby role, andfactor
ing observatiorand motionmodels We will describesachstepin
detailbelow.

2.2 Conditioning On Teammates

Thetrackingproblemis signi cantly simpli ed by factoringthe
posteriorprobability

@)

This factorizationis an applicationof Bayes'rule. The rst term
in the resultingexpressionencapsulatethe problemof self local-
ization,representingnly adistribution overtheteammateandthe
associationvariablesthat pertainto the map. The secondtermis
theposteriorover opponenpositions.Now we cansolve thesetwo
problemsindependently This is an importantsimpli cation be-
causeheself-localizatiorproblemhasbeenstudiedextensiely [9]
andwe cannow apply standardechniques.The constraintmen-
tionedpreviously, thateachsensoreadingis associatedo exactly
one sourceintroducesa slight dif culty in the implementatiorof
this factorization We will revisit thisissuein Section4.1.

In ourdomain,a particle- lter-basedocalizationtechniqud17,
33] nearlyalwaysproducesunimodal,high-accurag positionesti-
matesfor robotson our own team,solong aswe have areasonable
idea of their initial positions. This motivatesus to approximate
the positionsof our teammatedy point estimatordocatedat the
mostlikely positionfor eachrobot. Suchanapproximatioris only
appropriatevhenthe uncertaintyfor the positionsof our robotsis
small,asit precludesisfrom usingeventssuchasrobotsobserving
eachotherfor theself-localizatiorpartof ourtrackingproblem[9].
In practicethe uncertaintyof our own robots' positionsis usually
extremelysmall,sothis approximatioris valid.

2.3 Data AssociationUnder Occlusion
We have now reducedhetrackingproblemto estimating

We know the obserations and controls , and the robot
positions and map associations are given by our robots'
self-localizers. Unfortunatelythe remainingassociationvariables
aremoreproblematic.
Dataassociatiouncertaintycauseswo unpleasangffectsin our
posteriordistribution, asillustratedin Figure2a. First, eachplau-
sible dataassociatiorhypothesicancausea separatenodein our
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Figure 2: (a) We can confusetwo tracked objectsif they move closetogether and then apart. This confusionmanifestsin two ways:
multi-modal distrib utions for eachobject, and negative correlation betweenthe positions of the two objects. (b) If we allocate new
rolesto represent“the robot which went left” and “the robot which went right,” we have no data associationproblem and only

unimodal posterior beliefs.

belief for the locationof opponentactors. Becausehe numberof
plausibledataassociationsftengrows exponentiallywith time, the
resultis a highly multi-modalbelief. Secondthesemodescontain
cross-robotcorrelations:if we are confusedwhethera particular
objectwe aretrackingis opponent2 or opponent3, then nding
out (throughsomeotherevidence)thatit is opponen® causesisto
believe opponent3 is elsavhere. This is a commoncharacteristic
of dataassociatiorproblemg3].

In mary trackingproblems,it sufces to keeptrack of the sin-
gle mostprobabledataassociatiorhypothesis.For example,Dis-
sanayak andcolleague$6] describea Kalman Iter trackerwhich
usesmaximume-likelihood dataassociatiorto keeptrack of hun-
dredsof landmarksIn theirproblem however, landmarksarefairly
well separatedomparedo the amountof uncertaintyin their po-
sitions, which meansthat the mostlikely dataassociatiorusually
accountdor mostof the posteriomprobabilitymass.

In the lasertag problem,unfortunatelywe arenot solucky. Be-
causeopponentsnaybeoccludedor sizableintenals,theiruncer
tainty areascangrow quitelargeandwill quickly begin to overlap
signi cantly with eachother For example,our sensodog might
shav two opponentsnteringaninitially emptyroom and, aftera
pausepneopponengxiting the room. In this case we cannotde-
terminethe true identity of the exiting opponent;all we know is
thatit is oneof thetwo whichwentin, andthatoneothermuststill
beinsidetheroom.

This problemhasimportantrami cations. If we wereto attempt
to keeptrack of the exact posteriordistribution for all actors,we
would quickly be overwhelmedwith the numberof plausibledata
associatiorhypothesesHowever, keepingtrack of only the most
likely hypothesisvouldresultin suboptimabehaior: for example,
we might accidentallyrelabeltwo opponentsaseachother If we
have alreadytaggedoneof thetwo, thatmistale will causeusto let
the otherpassfreely. To our knowledge,existing trackinganddata
associatiormethodsareunableto copewith suchsituations.

This sameexample leadsto anotherimportantand relatedin-
sight: occlusionintroducesstructureinto our posterior Thereare
two possibledataassociatiordecisionsve canmake aswe seean
opponenexit theroom: eitherthe rst opponento entertheroom
is now exiting, or the seconds. Thisis adif cult decisionexactly
becauseboth associationgre plausible. The underlyingcauseof
this situationis that we cannotseeinside the room. If an oppo-
nent entersand becomesccludedfor a sizableinterval then we
know little aboutits positionbesideghatit is in theroom,andthat
statemenholdsfor every robotwe have seenenter Noticethata
symmetryhasbeenintroducedinto our posterior The occlusion
afforded by the room, given sufcient time, will causeour belief
for every opponentnsideto becomedentical. In orderto exploit
this symmetryto allow usto trackvery large numbersf opponents

efciently and,atthesametime, drasticallysimplify our dataasso-
ciationproblem,we now factorour posteriorinto roles.

2.4 Factoring by Role

Rolesrepresentlasse®f opponentshatsharesimilar posterior
distributions. For exampleonerole might representhe positionof
theopponentve just sav comeout of aroom,withoutreferenceo
its exactidentity. Thede nition of rolesmalesit possibleto track
multiple opponentsinderseveredataassociatiorproblemsarising
from the natureof the occlusions.In particular we canallocateor
meige rolesdynamicallyaswe gain or loseinformationaboutthe
locationsof opponents.

This sortof role-basedalsocalleddeictic[2]) representatioal-
lows usto collapseogethemary differentsymmetrionodesof our
posteriordistribution, asindicatedin Figure2h! Rolesalsoenable
usto overcomethethe dataassociatioproblem:we cande ne the
roles so that we are certainwhich role shouldbe associatedvith
eachsensorreading,regardlessof the identity of a speci ¢ oppo-
nent. That meansthat that therewill be no correlationbetween
the positionsof differentroles,andsowe canfactorour beliefand
track eachrole separately It also meanswe cantrack arbitrarily
mary opponentsslong asthey fall into a compactsetof roles,as
will oftenhappernif thereis penasie occlusion.

In our modelrolesmeanthatseseralopponentsnay sharea sin-
gle pieceof the opponentstate . To accomplishthis, we intro-
duceafunction thatmapsopponenindicesinto role indices.
Speci cally it takesan opponentindex andreturnsthe index of
that opponens role. In generalseveral opponentswill fall into a
singlerole. We de ne the role index of eachopponentin arole
asthe opponenindex of the rst opponenin therole. For exam-
ple, supposehereare ve opponentsvith identity indexes1-5and
they aredivided into two roles, and . In this case

and . This particular
methodfor assigningindicesto rolesis arbitrary but will afford
us somenotationalcorvenience.We will denotethe setof active
rolesin our system andthe numberof opponentsassignedo a
particularrole as .

The role-basedepresentatioras an importantimpact on the
posteriorestimationproblem. Mathematicallyit allows usto sim-
plify our belief. It is well known that we canapproximatelyfac-

In practice,we rarely needto worry aboutconfusionof the sort
illustratedin Figure2. Much morefrequents thetypeof confusion
illustratedin Figure3 belav, wheretwo opponentseave our sensor
rangein the samedirectionandquickly becomendistinguishable.
But the sameprinciple appliesin eithercase:if wetry to trackthe
robotsindividually we wind up with multi-modal posteriorsand
global correlationswhile if we reasoraboutrolesasdescribedn
this sectionthe posteriothecomesnucheasierto track.



tor the problem of tracking several objectsusing positive infor-
mationinto severalindependentrackingproblemswith oneobject
each[26], thereforewe canrewrite our posterioras:

Now we factorour posteriorby role. We simply rewrite the pos-
terior replacingall the opponentindicesin the equationwith the
function which mapstheminto roles.

@)

Noticethatwe have choserour rolessothatwe cantrackthemin-
dependentlyNotethatmary of thetermsin theabove equatiorare
similar. Thisis becauseave aretrackingrolesandnot individuals
opponentaandin generalthereare far fewer rolesthanindividu-
als. Theadwantageof thisfactorizationliesin thefactthatit makes
trackinghighly ef cient. Thefactthattherearefarfewerrolesthan
individualsleadsdirectly to fewer particle Iter tracksin ourim-
plementationln contrastthe commonformulationof thetracking
problemrequiresus to maintainexponentiallymary hypotheses,
which clearlyis impracticalin the presenc®f mary opponents.

2.5 Factoring Sensorand Motion Models

We have now given a factorizationthat will allow us to track
mary objectsefciently. However, we have not yet shawvn that
this factorizationis maintainedover time. With joint motion and
obsenration models,the positionsof differentroles might become
dependentvhenerer we moved or obsered, destrging the factor
ization which we obtainedin the previous steps. This is not the
casefor motionandobsenation modelsthatmodeleachrole inde-
pendently As discussedh this section boththe motionmodeland
themeasuremenmnodelareindeedindependentor differentroles,
validatingthefactorizationproposedn the previous section.

Theindependencef themotionmodelfor teammatess straight-
forward. Eachof our teammatesnoves accordingto local mo-
tion commandsthe noisein motionis independentor eachof the
robots. Similarly, it is naturalto assumehatthe opponentsnove
independentlyof eachother with independentandomvariables
characterizingheir next statetransitionfunctions.Clearly, thelat-
terindependencassumptiommight notactuallyhold: for example,
it would be violatedif we knew thatopponentgendedto move in
groups. In practice,though,assumingndependencé opponent
motionis safein thatit establishea worst casemotionmodel.

Independencalsoholdsfor measurementssdiscusseatlength
in [19]. In particular therearetwo typesof informationwe canget
from our sensorspositiveandnegative Positive informationtells
uswherean opponenictoris; we receve positive informationby
associatinga sensorreading to arole . Negative information
tells uswherean opponenis not, we receve negative information
whenour sensobeamspassthrougha spacewithout detectingan
opponent. Negative information producescomplicatedposteriors
with sharpedgesbecauseur visibility region is distortedby oc-
clusionfrom static obstaclesn the map. Incorporatingnegative
informationalsotendsto introducemultiple modesn our posterior
because teammates eld of view may cut out the middle of our
posteriorover anopponentgposition. In fact, negative information
canincreasehe varianceof our belief distribution (althoughit al-
waysreducesentrofy). Most position-trackingsystemscan only

incorporatepositive information[3]. If thetracked objectsareonly
rarelyoccludedpositiveinformationis usuallysufcient to achieve
goodtracking. In lasertag, howvever, the majority of the informa-
tion we receve is negative, andsoit is critical to take advantageof
negative informationin our tracking system. For example,if our
systemobseresan opponenenteraroomwith only oneexit, it is
imperatve to keeptrackof thefactthatit remainsin theroomuntil
ourrobotsseeit leave (or until our robotslosesightof the exit).

It is well known thatwe canapproximatelyfactorthe problem
of tracking several objectsusing positive informationinto several
independentrackingproblemswith oneobjecteach[26]. For our
system,though,we make the novel obseration that we canalso
factor the effects of negative information. The obsenations en-
ter into the tracking problemthroughthe obsenation likelihood

. Sinceeachobsenration is conditionally inde-
pendenbncewe know positionsanddataassociationsye have

Now, supposebsenration is associatedo role . In thiscasethe
probability of obseration is a productof two terms: the proba-
bility of generating giventhatthe sensoibeamreachedole ,
andtheprobabilitythatthebeamreachedole . Thelattertermin
turn factorsinto the probability thatthe beamavoidedinterception
by role , timesthe probability thatthe beamavoidedinterception
by role , andsoforth for all roles . In otherwords,we can
write

(©)

whichis factorizedsothateachtermdepend®nly onthebelieffor

only a singlerole. Thus, sensormeasurementsiaintainthe con-
ditional independencef our role estimatesandso our factorized
representationemainsvalid aswe incorporatesensolinformation.

2.6 Summary of Tracking Algorithm

Combiningequationg1) and(2), our nal factorizationof the
belief stateis

(4)

Equation(3) shaws that this factorizationis presered acrossev-
idenceupdatesanda similar agumentshaws thatit is presered
acrossmotionupdates.

In contrastto the naive approache®f tracking eachopponent
separatelyor all opponentsogether—neitherof which is compu-
tationallyfeasiblefor problemswith penasie occlusion—ourfac-
torizationrepresentsin ef cient andaccuratevay to computeour
beliefstateafterary sequencef obsenationsandactions.Therea-
sonfor this ef ciency is thatwe have separatedhe overall belief-
trackingprobleminto a numberof smallertrackingproblems.



3. ROLE ALLOCA TION

In orderto fully specifyourtrackingalgorithm,theonly remain-
ing stepis to describehow we allocateandmeigerolesin orderto
maintainindependenceWe begin with a singlerole which repre-
sentsall of therobotson the opposingteam. This role's positionis
initialized to a uniform distribution over free space As we receve
new obsenrations,therearetwo typesof decisionsve mustmale:
whento splitarole into two, andwhento memgetwo rolesinto one.

Rolesplitting is driven by positive information:if a positive ob-
senation's maximumlikelihoodassociationmsto arole thatrepre-
sentanorethanoneopponentpurapproactsplitsoff acopy of role

(callthiscopy ). Role startsoutidenticaltorole in everyway
exceptexceptit representsnly onerobot. (We of coursemustalso
decrementhe numberof opponentgepresentedby role .) Now
we canincorporatehenew obserationintorole . Whendoingso,

's positionuncertaintywill becomesmallerthan 's. In this way,
futureobsenationsin similarlocationswill tendto associatevith
insteadof , causingole totrackthenewly-obsenedrobotwhile

representghe positionof theremainingunseerrobots.

Rolememgingis amoreexpensve operation After every
time stepspur approaclktheckseachrole againstachotherrole

to seeif their positiondistributionsarevery similar. If they are,
we cannolongertell thetwo rolesapart,andsowe canmeigethem
into one. This testis quadraticin the numberof roles, but since
it tendsto keepthe numberof roles small the expenseis usually
worthwhile. (In ary caseit is much lower than the exponential
costsassociatedvith trackingmultiple modesfor eachindividual
opponent.)

For our measureof similarity of distributions, we usea grid-
basedsymmetricKL-divergence.Thismeasurglacesa coarseayrid
over the mapandestimateghe probabilities and  thatroles

and assignto eachgrid cell (usingLaplacesmoothingto en-
surethat no grid cell is assignedzero probability). Basedon the
frequeng countsin this grid, our approachcalculatessymmetric
KL-divergence:

betweenwo differentrole posteriors.If this divergenceis smaller
thanacutof, theroles and aremegedinto asinglerole. In the
lasertagdomain,thegrid is two-dimensional.

Whenwe meige two roles, the meiged positiondistribution be-
comesthe averageof thetwo original positiondistributionsbefore
the memging operation(which is a goodapproximatiorsincethese
two distributionswerejust determinedo be nearlythesame).This
new roleis initialized to representhe sumof the numberof oppo-
nentsrepresentedly the original two.

4. EXPERIMENT AL RESULTS

In orderto betterunderstandhe strengthsof our systemwe per
formed a numberof experiments,both in simulationandon real
robots.First, we evaluatedthe utility of dynamicallymemgingroles
andtheimpactof thatfeatureon scalingperformance Secondwe
systematicallyexploredtheimpactof ourtrackingalgorithmon our
ability to nd andtagopponentsn thelasertagsetting.Finally, we
veri ed thatour systemperformswell in large scalerealworld en-
vironmentson realrobots. In eachof theseexperimentswve found
thatour proposedsystemexhibits excellentperformanceThefol-
lowing sectionswill explain severalimplementatiordetailsof our
algorithmandthentreateachexperimentin detail.
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Figure4: In this experimentan obsewer watchesanother robot
movethroughahall. Merging allowsusto maintain a near con-
stant number of lters, sincethere areonly a constantnumber
of beliefsin this system.Without merging the number of Iters
grows linearly.

4.1 Implementation Details

For completenessye now review the detailsof approximations
to thetermsof equation(4) madeby our implementation Our ap-
proachapproximateghe rst term
in equation(4) with a vectorof maximume-likelihoodestimatese-
turnedby individual self-localizerspnefor eachteammember A
subtletyof this rst termis thatourimplementatiorpicks be-
fore the arechosen.This is anapproximatiorbecausef
the constraint discussedn Section2.1. This ap-
proximationhaslittle practicaleffectbecaus@urlocalizeris quite
goodatidentifying mapfeatures.

In ourimplementatiorwe represeneachterminsidethe product
in equation(4) with aseparatgarticle Iter tracker. Thisrepresen-
tation is inexact sincepatrticle lters are Monte Carlo algorithms,
but it is asymptoticallycorrectaswe increaseéhe numberof parti-
cles. Sinceeachindividual particle Iter only hasto tracka single
role, we have obsered thatwe do not needtoo mary particlesin
practiceto getgoodtrackingperformance.

4.2 Dynamic Role Assignment

In orderto demonstrat¢he effectivenesf dynamicallyadding
andmemging roleswe placed,in simulation,anobserer robotin a
doorway looking into a hall. We thenmoved a sequenc®f oppo-
nentsthroughthe hallway pastthe door at randomintenvals. The
settingof the experimentis shawvn in Figure3: thelight- lled bold
circle representshe obserer robot, with a tic-mark shawing ori-
entation,andthe dark- lled bold circle is the opponent.Eachrow
of the gure representshe stateof all active particle lters in the
systemat differenttimesduringapassof asingleopponentln this
examplewe areallowing rolesto dynamicallymerge over time, so
the numberof active Iters candecrease.If we do not have this
functionalitythe numberof active lters is strictly increasing.

To understandhe utility of rolesin tracking,we ranthe system
with andwithout dynamicrole memging. In eachcasewe ranthe
entireexperiment25 times,with a singlerun consistingof approx-
imately 20 opponentsnoving in sequencgastthe obserer robot.
Figure4 shavs the averagenumberof active particle lters in the
systemin both casesWithout dynamicmemging, the systemkeeps
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Figure 3: Eachrow representsthe state of all the Iters in the systemat a giventime. (a) Before splitting there are only two lters.
(b) Just after splitting there arethree Iters. (c) The robot hasmoved down the hall, out of sight of the obsewer and the distrib ution
that wasassignedto it hasbegunto spread. (d) Distrib ution 2 is becomingsimilar to distrib ution 3. (e) Distrib utions 2 and 3 were

deemedsimilar enoughto merge.

trackof all therobotsindependentlydespitethe factthattheir dis-
tributionsarevirtually identical. Thus,thenumberof active particle
Iters growswith time. With dynamicmegingthenumberof lters
remainsessentiallyconstanassimilar distributionsaremeiged.

4.3 Tracking

We explored the utility of our tracking systemin the lasertag
domainby implementingwo plannerdor locatingandtaggingop-
ponents.The rst of theseplannersusesour tracker to modelthe
location of the opponents.The secondwhich we will referto as
the baselineplanner is similar to the rst exceptit doesnot usea
traclker.

In bothplannergointto pointnavigationisimplementedhrough
standardpathplanningalgorithms[21]. For multi-robotcoordina-
tion of ourteammatespur tracker-basedplannerusesan heuristic
approachwherethe teammategreedily attemptto maximizein-
formationgain, but they do sooneat atime sothatthey cantake
previous teammateslecisionsinto account. The baselineplanner
exploresrandomly but useshesametechniqueof having theteam-
mateschoseactionsoneatatimein anattemptto avoid redundang

More speci cally thecoordinatiorstrateyy in bothplannersvorks
asfollows. Every secondeachof theteammateshooses
apointto move toward. Thesedestinatiorpointsarechosenfrom
a coarsethree-dimensionagrid, , of pointslaid over the
map. Here is the robot orientation,which is importantbecause
eachrobot's lasersensoicoversonly theareain front of it. In both

plannersteammatesomputevaluesfor eachof the grid points,
with highervaluescorrespondingo moredesirabldocations.How-
ever, thevaluesarecomputedifferentlyfor the differentplanners.

In the tracker-basedplanney the valuesof the destinatiorpoints
area function of several factorsincludingthe travel time required
to reachthem, the nuberof hypothisizedopponentpositionsthat
would be obsered were the teammatehere,the degreeto which
thosehypothesesvould be centeredn theteammates sensoreld,
and whetheror not otherteammate$ave alreadychosennearby
destinations.The degreeto which eachof thesefactorsin uence
planningis controlledby empirically chosenweights. In the base-
line plannerthe only contrituting factorsare the travel time and
whetheror not otherteammatebave alreadychosemearbypoints.

Coordinatiorstratgiessimilarto ourtracker-basedsolutionhave
beenfound to be highly effective in the contet of coordinated
multi-robot exploration of static environments[5, 31, 34]. We
chosethe baselineplannerto representhe classof behaior-based
stratgieswhich do not attemptto trackthe true posteriorover op-
ponentpositions. We believe that, within the classof memoryless
stratgies,this baselinglanneris agoodperformer;and,sinceit is
very similarin architectureo thetracler basedplannerit provides
agoodbasisfor comparison.

We comparedhesetwo stratgiesover 100runsin simulation.A
singlerun consistof all robots(two teammateandoneopponent)
startingat randompositions,andtheteammatesearchingintil the
opponents tagged.If our solution,with tracking,allows usto tag
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Figure 5: The statetracking in our systemallowsit to nd the
opponentconsistentlyfaster than a baselinesystemwithout the
bene t of tracking.

theevadermorequickly thanthebaselinesystemwe canconclude
thatourtrackingalgorithmhelpstheteammatesnd theopponent.
If the trackingapproachdoesnot yield superiorperformancehen

we will concludethatstateestimationis not usefulin this domain,
thatthe ervironmentwe are searchings too smallandsimple,or

that the plannerwe are usingis not capableof taking advantage
of trackinginformation. Figure5 plots the probability of capture
versugimefor thetwo approachedn otherwordsthegraphshavs

the fraction of runsthat completecby eachtime step. Our system
consistentlyoutperformsthe baseline demonstratinghe value of

our statetrackingalgorithm.

4.4 Complete System

Figure6 shavs arun of thecompletesystemon physicalrobots.
Thereare two teammatesa Pioneerl and a Pioneerll, andone
opponent,built on a modi ed Scoutbase. Eachrobot carriesa
Pentium-classomputerwhich is usedto run componentof the
Carmensoftwaresuite[17]. Thesecomponentgrovide eachrobot
with localizationandpoint-to-pointnavigationin pre-huilt maps.In
orderto controlthe teammatesye usethe tracker basedplanning
stratg)y describedn Section4.3.

In gure 6, panel(a) shavstheinitial conditions.Thetwo team-
matesbegin nearthecenterof thehallway. They arerepresentety

lled circleswith adarkoutlineandaradialline indicatingorienta-
tion. Thepositionof theopponents shavn atthefarleft of thehall
(alsoa lled circle, but with aslightly differentshading).The posi-
tion of theopponents not usedby theteammate$or planning,but
only for distinguishingt from ancillaryobjects suchaspeoplethat
might walk by duringan experiment.In (b), the teammate®egin
moving toward the destinationpointsselectedy the coordination
technique(representedby un lled circleswith alight outline and
aradialline to indicateorientation).Notethatthey have choserto
move in separatalirectionsandhave alsoclearedmostof the hy-
pothesesn the room aborve the corridor Moving to (c), theright
endof the hall hasbeennearly clearedof hypothesesmeaningit
is very unlikely the opponentis hiding there,so both teammates
decideto move towardthe left of the corridor In (d) the opponent
is nally locatedandtaggedby oneof theteammatesAt this point
theteammatetabeltheopponentshaving beentaggedandignore
it in their planning,thoughthey still trackit to avoid confusingit

(@)

(b)

(©

(d)

()

@)

Figure6: A completerun of the full systemonrealrobots.

with anotheropponent. In (f) and(g) the teammategontinueto
searchthe mapsincethey have beentold thattherearepotentially
two opponentsn theworld andthey have only taggedone.

We have run our systemin severalernvironmentsbesidegheone
detailedabove. Figure7 shavs mapswith exampleposteriordrom
two otherenvironments,aswell asa photoof therobotsin theen-
vironmentdescribedabore. In all theseernvironmentsthe system
performedwell, directingtheteammate$o searchthroughthe map
ef ciently until they foundthetarget. Duringtheserunsthesystem
displayedntelligentbehaiors suchassplitting therobotsupto ex-
plorebranchingcorridorsandkeepingthe robotstogetherto cover
wide areagnoreefciently withoutlettingthe opponenpast.

5. RELATED WORK

Multi-robot information gatheringhasbeenaddressethy mary
researchersThe classicalsettinginvolves a teamof robotslocat-
ing stationaryobjectsin anunknavn ervironment[35, 10, 16, 23].
Most existing work in this eld involvesbehaior-basedstratgies,
in whichthe searchs carriedoutthroughrandomizednotion. Co-
ordinationis often achieved throughbehaiors that maximizethe
distancebetweenadjacentrobots. Researchn this eld haspre-
dominantlyfocusedon staticenvironmentd1], althoughsomeno-
tablesucces$iasbeenreportedor ervironmentswith dynamicob-
jects[29]. However, randomizedsearchis limited in thatit relies
onchanceto nd objects.

Techniqueshatmaintainervironmentmodelsduringsearcthave
beenstudiedextensiely in the eld of multi-robotmapping[5, 20,



Figure 7: Environmentsin which our robots have played laser
tag.

31]. Theseapproachespply to staticervironmentsin which the
objectsheingtrackeddo not move. Thetrackingliteraturehasalso
thoroughlyaddressedhe issueof trackingmoving objects[3, 26,
15]. This work hasrecentlybeenextendedto mobile robots[11,
13,18, 30] anddistributedsensosystemg20, 24]. While theseap-
proachesvork well in casesvherethe objectsof interestlie within
sensors'reach(with possiblebrief periodsof occlusion),they do
notaddresshetypeof long-termocclusionfoundin lasertag.

6. DISCUSSIONAND CONCLUSION

We have introduceda systemfor playing multi-robot lasertag.
Lasertag presentsan interestingopportunityfor researctbecause
of its real-time,dynamicnatureand becauseét leadsto comple
non-Gaussiatbeliefs. We conjecturethat the researchissuesthat
resultarecharacteristiof amuchbroaderangeof multi-robotap-
plicationdomainsrangingfrom personakervicerobots(e.g.,tour
guiderobots[4, 22, 32]) to the coordinationof unmannedhir vehi-
clesonreconnaissanamissions.

Oursystemworksprimarily becausef anew particle- lter based
algorithmthatallows usto trackarbitrarynumbersof opponentsn
the presencef penasive occlusion.This is accomplishedhrough
a factorizationthat allows usto track opponentsn termsof roles
insteadof individual identities, taking advantageof the structure
inducedin our posteriorby theocclusion.

Our researclopensup mary opportunitiesfor future work. An
avenueof particularinterestis sophisticategllanning.Onepossible
approacho this problemis to usebelief compressiorfi28] to com-
pactlyrepresenthe belief stateanduseMDP planningin the com-
pressedpace.Anotherdirectionto exploreis creatinga moreso-
phisticatedbpponenmodelto increasgerformancagainssmarter
adwersariesA third interestingextensionis to augmenthetraclker
to handlesometypesof correlationsamongadversariesthis would
allow usto, for example,build play-booksof opponentacticsand
useknowledge of theseplaysto infer somethingaboutoccluded
opponentgiventhe known positionsof others.

We believe that the lasertag problemis highly interestingfor
multi-agentmobileroboticsresearchJustlik e roboticsoccerit in-
volvesfast-maing entities;however, the natureof the sensordata
(speci cally, penasie occlusion)posesnewn challengesn robot
perception. As this papersuggeststheseproblemscan be ad-
dressedhrougha novel tracking techniquethat represent®ppo-
nentsby role insteadof individual identity.
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