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ABSTRACT
This articlepresentsan implementedmulti-robotsystemfor play-
ing the populargameof lasertag. The object of the gameis to
searchfor and tag opponentsthat can move freely aboutthe en-
vironment. The main contribution of this paperis a new particle
�lter algorithmfor trackingthe locationof many opponentsin the
presenceof pervasiveocclusion.Weachieveef�cient trackingprin-
cipally throughaclever factorizationof ourposteriorinto rolesthat
can be dynamicallyaddedand merged. When searchingfor op-
ponents,theindividualagentsgreedilymaximizetheir information
gain, using a negotiation techniquefor coordinatingtheir search
efforts. Experimentalresultsareprovided, obtainedwith a phys-
ical robot systemin large-scaleindoor environmentsandthrough
simulation.

Categoriesand SubjectDescriptors
G.3 [Probability and Statistics]: ProbabilisticAlgorithms; I.2.11
[Arti�cial Intelligence]: DistributedArti�cial Intelligence—Mul-
tiagentsystems

GeneralTerms
Algorithms

Keywords
ParticleFilter, RobotExploration,Lasertag

1. INTRODUCTION
This paperdescribesa multi-robot systemcapableof locating

andpursuingmoving objects(people,otherrobots)in indoor en-
vironments.Our researchis motivatedby thepopulargame“laser
tag” [27]. Theobjectof lasertagis to �nd andtagindividualsfrom
an opposingteamusingan infra-redtaggingdevice. The robotic
form of lasertaginvolvesteamsof robotsinsteadof people.In our
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Figure1: The laser tag robotsareequippedwith light-emitting
devicesand receivers.

implementation,it is playedin regularbuildings,with Pioneer-size
robotsequippedwith laserrangesensors(seeFigure1).

The gameof lasertag providesuniqueopportunitiesfor multi-
agentroboticsresearch.Justlike robotic soccer[12], lasertag is
inherentlyreal-time. The environment is dynamic, leaving only
limited time for information fusion anddecisionmaking. A key
differencebetweenlasertagandroboticsoccerarisesfrom theper-
vasive presenceof occlusion:mostof the time neitherteammates
nor opponentsarewithin a robot's sensor�eld. To play well, the
robotsmustcarefullykeeptrackof wherepossibleopponentsmight
be,andwhichareasof theenvironmenthavealreadybeenobserved.
This createsa challengingmulti-robot datafusion problem. Fur-
thermore,therobotshave to coordinatetheir actionsin thefaceof
this uncertainty.

As mentionedabove one of the main problemsin lasertagis
trackingmultiple moving objectsunderpervasive occlusion.This
problem,however, hasreceivedrelatively little attentionin thelit-
erature.This paperseeksto addressthis question.Thecoreof this
paperis analgorithmfor maintainingposteriorsover thelocations
of moving objectsin environmentswhereocclusionis pervasive. In
our approachwe useparticle�lters [7, 14] becausethey allow the
teamto representcomplex multi-modalposteriors.

Our techniqueis basedon two relatedinsights. First, pervasive
occlusionleadsdirectly to anintractabledataassociationproblem.
Dataassociationis oftendif�cult, but in many casesif theobjects
beingtrackedarewell separatedandfrequentlyobserved,approxi-
matingdataassociationwith a maximumlikelihoodpoint estimate
is effective. In lasertagandotherdomainswhereocclusionis per-
vasive, this approximationis poor becausemany associationsare
plausible.Thesecondinsight is that thesamepervasive occlusion



thatmakesdataassociationhardintroducesstructureinto our pos-
terior. Our sensors'inability to seethroughwalls andaroundcor-
nerscausesmany dimensionsof our belief to becomepractically
equivalent. We show how to capitalizeon this redundancy by cat-
egorizing our opponentsinto roles. Rolesallow us to represent
groupsof opponentsby their known characteristics,ignoring their
individual identities.Thisrolebasedfactorizationleadsto atracker
thatcangrow andshrink,addingor removing dimensionsfrom its
statespaceasnew rolesareformedor old onesbecomeindistin-
guishable.At thesametime,focusingonobservablecharacteristics
drasticallysimpli�es our dataassociationproblem. We show em-
pirically thattherearesituationswherethenumberof opponentsis
large,but thenumberof active rolesremainsquitesmall.

In the following sectionswe will develop an ef�cient particle
�lter trackingalgorithmby usingthe role-basedfactorizationde-
scribedabove. Wewill proceedto demonstratemathematicallythat
our factorizationholdsevenasmoreobservationsarereceivedand
controlsissued.We will alsopresenta greedyalgorithmfor issu-
ing coordinatedcontrolsto our teammates,anduseit to demon-
stratethatour tracker is practicallyusefulin the lasertagdomain.
Thoughthetechniquewepresentin thispaperis in nowayspeci�c
to adversarialenvironments,wewill adopttheterminologyof laser
tag throughoutfor simplicity of discussion,referringto the track-
ing robotsastheteammates,andthoserobotsbeingtrackedasthe
opponents.

2. TRACKING UNDER OCCLUSION

2.1 StateRepresentation
Themaincontribution of this paperis a particle�lter algorithm

for trackingthelocationof a largenumberof opponentsunderpro-
longedperiodsof occlusion. The teammatesmake useof sensor
information to track their opponents.Let ����� �����	��
���
�
�������
����

denotethe teammates'measurementsup to time � , and �

��� � their
control inputs. In our implementedsystem,sensormeasurements
consistof rangereadingsat a known set of bearingsfrom each
teammateproducedby SICK laserrange�nders, but with appro-
priatemodi�cations to the sensormodelthe readingscould come
from other perceptionsystemssuchas vision or sonar. We will
write ���

� for the � th individual reading.
As is commonin the literatureon tracking [3], our approach

maintainsa posteriorprobabilitydistribution over thestate,which
wedenote�

� , at time � : �����
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meaning.For the lasertag problem,the statevariablesconsistof
the positionsof all of the agents.Thesevariablescanbe divided
into two qualitatively differentsets:thepositionsof theteammates
andthepositionsof theopponents.

More formally, ourapproachdividesthestate�

� into two pieces
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��� . The�rst piece,#

� , containsthepositionsof ourown team-
mates. The secondpiece, $%� , containsthe positionsof the oppo-
nentrobots.Wedivide $

� into $
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� for the ' individual
opponentsandlet $(��� � representthecompletehistoryof opponent
positions.In additionto thestatevariableswe will introducedata
associationvariables)

��� � . Thedataassociationvariables)

� areac-
tually a collectionof binary variables )

�+*-,

� , eachof which indi-
catewhethera sensorreading �

�
� is associatedwith an opponent

.

. Wefurtherintroducea specialsetof associationvariables,)

�/*10

� ,
to specifywhethera sensorreadingis associatedto themap.Each
readingis associatedto exactlyoneobjectin ourworld. Wecanex-
pressthis constraintformally as 2

&

,�340
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�65 . We will some-
timesusethe specialnotation )

*87

� to representthe setof all as-
sociationvariablesthat indicatesomesensorreadingassociatesto

opponentm, for example )

*10

� representsthesetof all association
variablesthat indicatesomesensorreadingassociatesto themap.
We will never represent) ��� � explicitly, but we will needto reason
aboutit in thederivationof thestate-trackingequationsbelow.

With theabove notation,our trackingproblemis to estimatethe
posterior
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Unfortunately, maintainingthisdistributioncanbedif�cult andcom-
putationallyexpensive dueto complicatedmulti-modaldependen-
ciesbetweenstatevariables.Themaincauseof theseproblemsis
that the teammates'sensorviews of the opponentsarefrequently
occluded.This occlusionmakesit dif�cult to determinewhich op-
ponentis which,andit canalsoputsharpedgesandmultiplemodes
into our posteriordistributionsdue to our inability to seearound
cornersandthroughwalls. In orderto make trackingcomputation-
ally feasible,we will work througha seriesof threefactorizations
which separateout varioustractablepiecesof theproblem.These
stepsareconditioningon teammates, factoringby role, andfactor-
ing observationandmotionmodels. We will describeeachstepin
detailbelow.

2.2 Conditioning On Teammates
Thetrackingproblemis signi�cantly simpli�ed by factoringthe

posteriorprobability
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This factorizationis an applicationof Bayes' rule. The �rst term
in the resultingexpressionencapsulatestheproblemof self local-
ization,representingonly adistributionover theteammatesandthe
associationvariablesthat pertainto the map. The secondterm is
theposterioroveropponentpositions.Now wecansolve thesetwo
problemsindependently. This is an importantsimpli�cation be-
causetheself-localizationproblemhasbeenstudiedextensively [9]
andwe cannow apply standardtechniques.The constraint,men-
tionedpreviously, thateachsensorreadingis associatedto exactly
onesourceintroducesa slight dif�culty in the implementationof
this factorization.We will revisit this issuein Section4.1.

In our domain,a particle-�lter-basedlocalizationtechnique[17,
33] nearlyalwaysproducesunimodal,high-accuracy positionesti-
matesfor robotsonourown team,solongaswe have areasonable
idea of their initial positions. This motivatesus to approximate
the positionsof our teammatesby point estimatorslocatedat the
mostlikely positionfor eachrobot.Suchanapproximationis only
appropriatewhentheuncertaintyfor thepositionsof our robotsis
small,asit precludesusfrom usingeventssuchasrobotsobserving
eachotherfor theself-localizationpartof our trackingproblem[9].
In practicetheuncertaintyof our own robots' positionsis usually
extremelysmall,sothisapproximationis valid.

2.3 Data AssociationUnder Occlusion
Wehave now reducedthetrackingproblemto estimating
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We know the observations ����� � and controls �

��� � , and the robot
positions #

� and map associations)

*10

� are given by our robots'
self-localizers.Unfortunatelythe remainingassociationvariables
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� aremoreproblematic.
Dataassociationuncertaintycausestwo unpleasanteffectsin our

posteriordistribution, asillustratedin Figure2a. First, eachplau-
sibledataassociationhypothesiscancausea separatemodein our



(a) (b)

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 positionsof the two objects. (b) If we allocatenew
roles to 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.Becausethenumberof
plausibledataassociationsoftengrowsexponentiallywith time,the
resultis a highly multi-modalbelief. Second,thesemodescontain
cross-robotcorrelations:if we areconfusedwhethera particular
objectwe are tracking is opponent2 or opponent3, then�nding
out (throughsomeotherevidence)thatit is opponent2 causesusto
believe opponent3 is elsewhere. This is a commoncharacteristic
of dataassociationproblems[3].

In many trackingproblems,it suf�ces to keeptrack of the sin-
gle mostprobabledataassociationhypothesis.For example,Dis-
sanayake andcolleagues[6] describeaKalman�lter trackerwhich
usesmaximum-likelihood dataassociationto keeptrack of hun-
dredsof landmarks.In theirproblem,however, landmarksarefairly
well separatedcomparedto theamountof uncertaintyin their po-
sitions,which meansthat the mostlikely dataassociationusually
accountsfor mostof theposteriorprobabilitymass.

In thelasertagproblem,unfortunately, we arenot solucky. Be-
causeopponentsmaybeoccludedfor sizableintervals,theiruncer-
tainty areascangrow quite largeandwill quickly begin to overlap
signi�cantly with eachother. For example,our sensorlog might
show two opponentsenteringan initially emptyroom and,aftera
pause,oneopponentexiting theroom. 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 beoverwhelmedwith thenumberof plausibledata
associationhypotheses.However, keepingtrack of only the most
likely hypothesiswouldresultin suboptimalbehavior: for example,
we might accidentallyrelabeltwo opponentsaseachother. If we
havealreadytaggedoneof thetwo, thatmistakewill causeusto let
theotherpassfreely. To our knowledge,existing trackinganddata
associationmethodsareunableto copewith suchsituations.

This sameexample leadsto anotherimportantand relatedin-
sight: occlusionintroducesstructureinto our posterior. Thereare
two possibledataassociationdecisionswe canmake aswe seean
opponentexit theroom: eitherthe�rst opponentto entertheroom
is now exiting, or thesecondis. This is a dif�cult decisionexactly
becauseboth associationsareplausible. The underlyingcauseof
this situationis that we cannotseeinside the room. If an oppo-
nent entersandbecomesoccludedfor a sizableinterval then we
know little aboutits positionbesidesthatit is in theroom,andthat
statementholdsfor every robot we have seenenter. Notice that a
symmetryhasbeenintroducedinto our posterior. The occlusion
affordedby the room, given suf�cient time, will causeour belief
for every opponentinsideto becomeidentical. In orderto exploit
thissymmetryto allow usto trackvery largenumbersof opponents

ef�ciently and,at thesametime,drasticallysimplify ourdataasso-
ciationproblem,wenow factorourposteriorinto roles.

2.4 Factoring by Role
Rolesrepresentclassesof opponentsthatsharesimilar posterior

distributions.For exampleonerole might representthepositionof
theopponentwe just saw comeoutof a room,without referenceto
its exact identity. Thede�nition of rolesmakesit possibleto track
multiple opponentsunderseveredataassociationproblemsarising
from thenatureof theocclusions.In particular, we canallocateor
merge rolesdynamicallyaswe gainor loseinformationaboutthe
locationsof opponents.

Thissortof role-based(alsocalleddeictic[2]) representational-
lowsusto collapsetogethermany differentsymmetricmodesof our
posteriordistribution,asindicatedin Figure2b.1 Rolesalsoenable
usto overcomethethedataassociationproblem:wecande�ne the
rolesso that we arecertainwhich role shouldbe associatedwith
eachsensorreading,regardlessof the identity of a speci�c oppo-
nent. That meansthat that therewill be no correlationbetween
thepositionsof differentroles,andsowe canfactorour belief and
track eachrole separately. It alsomeanswe can track arbitrarily
many opponentsaslong asthey fall into a compactsetof roles,as
will oftenhappenif thereis pervasive occlusion.

In our modelrolesmeanthatseveralopponentsmaysharea sin-
gle pieceof the opponentstate $

� . To accomplishthis, we intro-
ducea function � ���

� thatmapsopponentindicesinto role indices.
Speci�cally it takesan opponentindex � andreturnsthe index of
that opponent's role. In generalseveral opponentswill fall into a
single role. We de�ne the role index of eachopponentin a role
astheopponentindex of the �rst opponentin therole. For exam-
ple,supposethereare� ve opponentswith identity indexes1-5 and
they aredivided into two roles, �
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�

	 . This particular
methodfor assigningindicesto roles is arbitrary, but will afford
us somenotationalconvenience.We will denotethe setof active
rolesin our system� andthe numberof opponentsassignedto a
particularrole ����� as � ���

� .
The role-basedrepresentationhasan important impact on the

posteriorestimationproblem.Mathematically, it allows usto sim-
plify our belief. It is well known that we canapproximatelyfac-

1In practice,we rarely needto worry aboutconfusionof the sort
illustratedin Figure2. Muchmorefrequentis thetypeof confusion
illustratedin Figure3 below, wheretwo opponentsleaveoursensor
rangein thesamedirectionandquickly becomeindistinguishable.
But thesameprincipleappliesin eithercase:if we try to trackthe
robots individually we wind up with multi-modal posteriorsand
globalcorrelations,while if we reasonaboutrolesasdescribedin
this sectiontheposteriorbecomesmucheasierto track.



tor the problemof tracking several objectsusing positive infor-
mationinto severalindependenttrackingproblemswith oneobject
each[26], thereforewe canrewrite ourposterioras:
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Now we factorour posteriorby role. We simply rewrite the pos-
terior replacingall the opponentindicesin the equationwith the
function � ���

� whichmapstheminto roles.
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Noticethatwe have chosenour rolessothatwe cantrackthemin-
dependently. Notethatmany of thetermsin theabove equationare
similar. This is becausewe aretrackingrolesandnot individuals
opponentsand in generalthereare far fewer roles than individu-
als.Theadvantageof this factorizationlies in thefactthatit makes
trackinghighly ef�cient. Thefactthattherearefar fewerrolesthan
individuals leadsdirectly to fewer particle �lter tracksin our im-
plementation.In contrast,thecommonformulationof thetracking
problemrequiresus to maintainexponentiallymany hypotheses,
which clearlyis impracticalin thepresenceof many opponents.

2.5 Factoring Sensorand Motion Models
We have now given a factorizationthat will allow us to track

many objectsef�ciently . However, we have not yet shown that
this factorizationis maintainedover time. With joint motion and
observation models,thepositionsof differentrolesmight become
dependentwhenever we movedor observed,destroying thefactor-
ization which we obtainedin the previous steps. This is not the
casefor motionandobservationmodelsthatmodeleachrole inde-
pendently. As discussedin thissection,boththemotionmodeland
themeasurementmodelareindeedindependentfor differentroles,
validatingthefactorizationproposedin theprevioussection.

Theindependenceof themotionmodelfor teammatesis straight-
forward. Eachof our teammatesmoves accordingto local mo-
tion commands;thenoisein motionis independentfor eachof the
robots. Similarly, it is naturalto assumethat theopponentsmove
independentlyof eachother, with independentrandomvariables
characterizingtheir next statetransitionfunctions.Clearly, thelat-
ter independenceassumptionmightnotactuallyhold: for example,
it would beviolatedif we knew thatopponentstendedto move in
groups. In practice,though,assumingindependencein opponent
motionis safein thatit establishesa worst casemotionmodel.

Independencealsoholdsfor measurements,asdiscussedatlength
in [19]. In particular, therearetwo typesof informationwecanget
from our sensors,positiveandnegative. Positive informationtells
uswhereanopponentactoris; we receive positive informationby
associatinga sensorreading � to a role

.

. Negative information
tells uswhereanopponentis not; we receive negative information
whenour sensorbeamspassthrougha spacewithout detectingan
opponent.Negative informationproducescomplicatedposteriors
with sharpedgesbecauseour visibility region is distortedby oc-
clusion from static obstaclesin the map. Incorporatingnegative
informationalsotendsto introducemultiplemodesin ourposterior
becausea teammate's �eld of view maycut out themiddleof our
posteriorover anopponentsposition. In fact,negative information
canincreasethevarianceof our belief distribution (althoughit al-
ways reducesentropy). Most position-trackingsystemscanonly

incorporatepositive information[3]. If thetrackedobjectsareonly
rarelyoccluded,positiveinformationisusuallysuf�cient toachieve
goodtracking. In lasertag,however, themajority of the informa-
tion we receive is negative,andsoit is critical to take advantageof
negative information in our trackingsystem. For example,if our
systemobservesanopponententera roomwith only oneexit, it is
imperative to keeptrackof thefactthatit remainsin theroomuntil
our robotsseeit leave (or until our robotslosesightof theexit).

It is well known that we canapproximatelyfactor the problem
of trackingseveral objectsusingpositive informationinto several
independenttrackingproblemswith oneobjecteach[26]. For our
system,though,we make the novel observation that we canalso
factor the effects of negative information. The observationsen-
ter into the tracking problemthroughthe observation likelihood
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Now, supposeobservation � is associatedto role � . In thiscase,the
probability of observation � is a productof two terms: the proba-
bility of generating�

�
� given that thesensorbeamreachedrole � ,

andtheprobabilitythatthebeamreachedrole � . Thelattertermin
turn factorsinto theprobabilitythatthebeamavoidedinterception
by role 5 , timestheprobability that thebeamavoidedinterception
by role 	 , andsoforth for all roles
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which is factorizedsothateachtermdependsonly onthebelief for
only a singlerole. Thus,sensormeasurementsmaintainthe con-
ditional independenceof our role estimates,andsoour factorized
representationremainsvalid aswe incorporatesensorinformation.

2.6 Summary of Tracking Algorithm
Combiningequations(1) and(2), our �nal factorizationof the

belief stateis
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Equation(3) shows that this factorizationis preserved acrossev-
idenceupdates,anda similar argumentshows that it is preserved
acrossmotionupdates.

In contrastto the naive approachesof tracking eachopponent
separatelyor all opponentstogether—neitherof which is compu-
tationallyfeasiblefor problemswith pervasive occlusion—ourfac-
torizationrepresentsanef�cient andaccurateway to computeour
beliefstateafterany sequenceof observationsandactions.Therea-
sonfor this ef�ciency is thatwe have separatedtheoverall belief-
trackingprobleminto a numberof smallertrackingproblems.



3. ROLE ALLOCA TION
In orderto fully specifyour trackingalgorithm,theonly remain-

ing stepis to describehow we allocateandmergerolesin orderto
maintainindependence.We begin with a singlerole which repre-
sentsall of therobotson theopposingteam.This role's positionis
initialized to a uniform distribution over freespace.As we receive
new observations,therearetwo typesof decisionswe mustmake:
whento split arole into two, andwhento mergetwo rolesinto one.

Rolesplitting is drivenby positive information: if a positive ob-
servation'smaximumlikelihoodassociationis to arole

.

thatrepre-
sentsmorethanoneopponent,ourapproachsplitsoff acopy of role

.

(call thiscopy � ). Role � startsoutidenticalto role
.

in everyway
exceptexceptit representsonly onerobot. (Weof coursemustalso
decrementthe numberof opponentsrepresentedby role

.

.) Now
wecanincorporatethenew observationinto role � . Whendoingso,

� 's positionuncertaintywill becomesmallerthan
.

's. In this way,
futureobservationsin similar locationswill tendto associatewith �

insteadof
.

, causingrole � to trackthenewly-observedrobotwhile
.

representsthepositionof theremainingunseenrobots.
Rolemerging is a moreexpensive operation.After every ���������	�

time steps,our approachcheckseachrole
.

againsteachotherrole
� to seeif their positiondistributionsarevery similar. If they are,
wecannolongertell thetwo rolesapart,andsowecanmergethem
into one. This test is quadraticin the numberof roles,but since
it tendsto keepthe numberof rolessmall the expenseis usually
worthwhile. (In any caseit is much lower than the exponential
costsassociatedwith trackingmultiple modesfor eachindividual
opponent.)

For our measureof similarity of distributions, we usea grid-
basedsymmetricKL-divergence.Thismeasureplacesacoarsegrid
over themapandestimatestheprobabilities


� , and 


�

�

that roles
.

and � assignto eachgrid cell � (usingLaplacesmoothingto en-
surethat no grid cell is assignedzeroprobability). Basedon the
frequency countsin this grid, our approachcalculatessymmetric
KL-divergence:
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betweentwo differentrole posteriors.If this divergenceis smaller
thanacutoff, theroles

.

and � aremergedinto a singlerole. In the
lasertagdomain,thegrid is two-dimensional.

Whenwe merge two roles,themergedpositiondistribution be-
comestheaverageof thetwo original positiondistributionsbefore
themerging operation(which is a goodapproximationsincethese
two distributionswerejustdeterminedto benearlythesame).This
new role is initialized to representthesumof thenumberof oppo-
nentsrepresentedby theoriginal two.

4. EXPERIMENT AL RESULTS
In orderto betterunderstandthestrengthsof oursystemwe per-

formeda numberof experiments,both in simulationandon real
robots.First,weevaluatedtheutility of dynamicallymerging roles
andtheimpactof thatfeatureon scalingperformance.Second,we
systematicallyexploredtheimpactof ourtrackingalgorithmonour
ability to �nd andtagopponentsin thelasertagsetting.Finally, we
veri�ed thatour systemperformswell in largescalerealworld en-
vironmentson real robots. In eachof theseexperimentswe found
thatour proposedsystemexhibits excellentperformance.Thefol-
lowing sectionswill explain several implementationdetailsof our
algorithmandthentreateachexperimentin detail.
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Figure4: In this experimentan observer watchesanother robot
move thr ougha hall. Merging allowsusto maintain a near con-
stant number of �lters, sincethere are only a constantnumber
of beliefsin this system.Without merging the number of �lters
grows linearly.

4.1 Implementation Details
For completeness,we now review thedetailsof approximations

to thetermsof equation(4) madeby our implementation.Our ap-
proachapproximatesthe �rst term ����#
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in equation(4) with a vectorof maximum-likelihoodestimatesre-
turnedby individual self-localizers,onefor eachteammember. A
subtletyof this �rst termis thatour implementationpicks )
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� arechosen.This is anapproximationbecauseof
theconstraint
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�65 discussedin Section2.1. This ap-
proximationhaslittle practicaleffect becauseour localizeris quite
goodat identifyingmapfeatures.

In our implementationwerepresenteachterminsidetheproduct
in equation(4) with aseparateparticle�lter tracker. This represen-
tation is inexact sinceparticle�lters areMonte Carlo algorithms,
but it is asymptoticallycorrectaswe increasethenumberof parti-
cles.Sinceeachindividual particle�lter only hasto tracka single
role, we have observed thatwe do not needtoo many particlesin
practiceto getgoodtrackingperformance.

4.2 Dynamic Role Assignment
In orderto demonstratetheeffectivenessof dynamicallyadding

andmerging roleswe placed,in simulation,anobserver robot in a
doorway looking into a hall. We thenmoveda sequenceof oppo-
nentsthroughthe hallway pastthe door at randomintervals. The
settingof theexperimentis shown in Figure3: thelight-�lled bold
circle representsthe observer robot, with a tic-mark showing ori-
entation,andthedark-�lled bold circle is theopponent.Eachrow
of the �gure representsthe stateof all active particle�lters in the
systematdifferenttimesduringapassof asingleopponent.In this
examplewe areallowing rolesto dynamicallymergeover time,so
the numberof active �lters candecrease.If we do not have this
functionalitythenumberof active �lters is strictly increasing.

To understandtheutility of rolesin tracking,we ranthesystem
with andwithout dynamicrole merging. In eachcasewe ran the
entireexperiment25 times,with a singlerun consistingof approx-
imately20 opponentsmoving in sequencepasttheobserver robot.
Figure4 shows theaveragenumberof active particle�lters in the
systemin bothcases.Without dynamicmerging, thesystemkeeps



(a)
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(e)

Figure 3: Each row representsthe stateof all the �lters in the systemat a given time. (a) Before splitting there are only two �lters.
(b) Just after splitting thereare thr ee�lters. (c) The robot hasmoved down the hall, out of sight of the observer 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 therobotsindependently, despitethefactthattheir dis-
tributionsarevirtually identical.Thus,thenumberof activeparticle
�lters growswith time. With dynamicmergingthenumberof �lters
remainsessentiallyconstantassimilar distributionsaremerged.

4.3 Tracking
We explored the utility of our trackingsystemin the lasertag

domainby implementingtwo plannersfor locatingandtaggingop-
ponents.The �rst of theseplannersusesour tracker to modelthe
locationof the opponents.The second,which we will refer to as
thebaselineplanner, is similar to the �rst exceptit doesnot usea
tracker.

In bothplannerspointtopointnavigationis implementedthrough
standardpathplanningalgorithms[21]. For multi-robotcoordina-
tion of our teammates,our tracker-basedplannerusesanheuristic
approachwherethe teammatesgreedilyattemptto maximizein-
formationgain,but they do sooneat a time so that they cantake
previous teammatesdecisionsinto account.The baselineplanner
exploresrandomly, but usesthesametechniqueof having theteam-
mateschoseactionsoneatatimein anattempttoavoid redundancy.

Morespeci�cally thecoordinationstrategy in bothplannersworks
asfollows. Every �

� �

��� ��� secondseachof the teammateschooses
a point to move toward. Thesedestinationpointsarechosenfrom
a coarsethree-dimensionalgrid, ���


 �4
��
� , of points laid over the

map. Here � is the robot orientation,which is importantbecause
eachrobot's lasersensorcoversonly theareain front of it. In both

planners,teammatescomputevaluesfor eachof the grid points,
with highervaluescorrespondingtomoredesirablelocations.How-
ever, thevaluesarecomputeddifferentlyfor thedifferentplanners.

In thetracker-basedplanner, thevaluesof thedestinationpoints
area functionof several factorsincluding the travel time required
to reachthem, the nuberof hypothisizedopponentpositionsthat
would be observed werethe teammatethere,the degreeto which
thosehypotheseswouldbecenteredin theteammate'ssensor�eld,
andwhetheror not other teammateshave alreadychosennearby
destinations.The degreeto which eachof thesefactorsin�uence
planningis controlledby empiricallychosenweights.In thebase-
line plannerthe only contributing factorsare the travel time and
whetheror nototherteammateshavealreadychosennearbypoints.

Coordinationstrategiessimilarto ourtracker-basedsolutionhave
beenfound to be highly effective in the context of coordinated
multi-robot exploration of static environments[5, 31, 34]. We
chosethebaselineplannerto representtheclassof behavior-based
strategieswhich do not attemptto trackthetrueposteriorover op-
ponentpositions.We believe that,within theclassof memoryless
strategies,thisbaselineplanneris agoodperformer;and,sinceit is
verysimilar in architectureto thetrackerbasedplanner, it provides
a goodbasisfor comparison.

Wecomparedthesetwo strategiesover100runsin simulation.A
singlerunconsistsof all robots(two teammatesandoneopponent)
startingat randompositions,andtheteammatessearchinguntil the
opponentis tagged.If our solution,with tracking,allows usto tag
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Figure 5: The statetracking in our systemallows it to �nd the
opponentconsistentlyfaster than a baselinesystemwithout the
bene�t of tracking.

theevadermorequickly thanthebaselinesystem,wecanconclude
thatour trackingalgorithmhelpstheteammates�nd theopponent.
If the trackingapproachdoesnot yield superiorperformancethen
we will concludethatstateestimationis not usefulin this domain,
that the environmentwe aresearchingis too small andsimple,or
that the plannerwe are using is not capableof taking advantage
of trackinginformation. Figure5 plots the probability of capture
versustimefor thetwo approaches.In otherwordsthegraphshows
the fractionof runsthatcompletedby eachtime step.Our system
consistentlyoutperformsthe baseline,demonstratingthe valueof
our statetrackingalgorithm.

4.4 CompleteSystem
Figure6 shows a runof thecompletesystemonphysicalrobots.

Thereare two teammates,a PioneerI anda PioneerII, and one
opponent,built on a modi�ed Scoutbase. Eachrobot carriesa
Pentium-classcomputerwhich is usedto run componentsof the
Carmensoftwaresuite[17]. Thesecomponentsprovide eachrobot
with localizationandpoint-to-pointnavigationin pre-built maps.In
orderto control the teammates,we usethe tracker basedplanning
strategy describedin Section4.3.

In �gure 6, panel(a)shows theinitial conditions.Thetwo team-
matesbegin nearthecenterof thehallway. They arerepresentedby
�lled circleswith adarkoutlineandaradialline indicatingorienta-
tion. Thepositionof theopponentis shown atthefar left of thehall
(alsoa�lled circle,but with aslightly differentshading).Theposi-
tion of theopponentis notusedby theteammatesfor planning,but
only for distinguishingit from ancillaryobjects,suchaspeoplethat
might walk by duringanexperiment.In (b), the teammatesbegin
moving toward thedestinationpointsselectedby thecoordination
technique(representedby un�lled circleswith a light outline and
a radial line to indicateorientation).Notethatthey have chosento
move in separatedirectionsandhave alsoclearedmostof thehy-
pothesesin the room above the corridor. Moving to (c), the right
endof the hall hasbeennearlyclearedof hypotheses,meaningit
is very unlikely the opponentis hiding there,so both teammates
decideto move toward theleft of thecorridor. In (d) theopponent
is �nally locatedandtaggedby oneof theteammates.At thispoint
theteammateslabeltheopponentashaving beentaggedandignore
it in their planning,thoughthey still track it to avoid confusingit

(a)

(b)

(c)

(d)

(f)

(g)

Figure6: A completerun of the full systemon real robots.

with anotheropponent. In (f) and(g) the teammatescontinueto
searchthemapsincethey have beentold that therearepotentially
two opponentsin theworld andthey have only taggedone.

Wehave runoursystemin severalenvironmentsbesidestheone
detailedabove. Figure7 showsmapswith exampleposteriorsfrom
two otherenvironments,aswell asa photoof therobotsin theen-
vironmentdescribedabove. In all theseenvironmentsthe system
performedwell, directingtheteammatesto searchthroughthemap
ef�ciently until they foundthetarget.During theserunsthesystem
displayedintelligentbehaviorssuchassplitting therobotsupto ex-
plorebranchingcorridorsandkeepingtherobotstogetherto cover
wideareasmoreef�ciently without letting theopponentpast.

5. RELATED WORK
Multi-robot informationgatheringhasbeenaddressedby many

researchers.The classicalsettinginvolvesa teamof robotslocat-
ing stationaryobjectsin anunknown environment[35, 10,16,23].
Most existingwork in this �eld involvesbehavior-basedstrategies,
in which thesearchis carriedout throughrandomizedmotion.Co-
ordinationis often achieved throughbehaviors that maximizethe
distancebetweenadjacentrobots. Researchin this �eld haspre-
dominantlyfocusedon staticenvironments[1], althoughsomeno-
tablesuccesshasbeenreportedfor environmentswith dynamicob-
jects[29]. However, randomizedsearchis limited in that it relies
onchanceto �nd objects.

Techniquesthatmaintainenvironmentmodelsduringsearchhave
beenstudiedextensively in the�eld of multi-robotmapping[5, 20,



Figure 7: Envir onmentsin which our robotshave played laser
tag.

31]. Theseapproachesapply to staticenvironmentsin which the
objectsbeingtrackeddo notmove. Thetrackingliteraturehasalso
thoroughlyaddressedthe issueof trackingmoving objects[3, 26,
15]. This work hasrecentlybeenextendedto mobile robots[11,
13,18,30] anddistributedsensorsystems[20,24]. While theseap-
proacheswork well in caseswheretheobjectsof interestlie within
sensors'reach(with possiblebrief periodsof occlusion),they do
notaddressthetypeof long-termocclusionfoundin lasertag.

6. DISCUSSIONAND CONCLUSION
We have introduceda systemfor playing multi-robot lasertag.

Lasertagpresentsan interestingopportunityfor researchbecause
of its real-time,dynamicnatureandbecauseit leadsto complex
non-Gaussianbeliefs. We conjecturethat the researchissuesthat
resultarecharacteristicof a muchbroaderrangeof multi-robotap-
plicationdomains,rangingfrom personalservicerobots(e.g.,tour-
guiderobots[4, 22,32]) to thecoordinationof unmannedair vehi-
cleson reconnaissancemissions.

Oursystemworksprimarily becauseof anew particle-�lter based
algorithmthatallowsusto trackarbitrarynumbersof opponentsin
thepresenceof pervasive occlusion.This is accomplishedthrough
a factorizationthat allows us to track opponentsin termsof roles
insteadof individual identities,taking advantageof the structure
inducedin our posteriorby theocclusion.

Our researchopensup many opportunitiesfor futurework. An
avenueof particularinterestis sophisticatedplanning.Onepossible
approachto this problemis to usebelief compression[28] to com-
pactlyrepresentthebeliefstateanduseMDP planningin thecom-
pressedspace.Anotherdirectionto explore is creatinga moreso-
phisticatedopponentmodelto increaseperformanceagainstsmarter
adversaries.A third interestingextensionis to augmentthetracker
to handlesometypesof correlationsamongadversaries;thiswould
allow usto, for example,build play-booksof opponenttacticsand
useknowledgeof theseplays to infer somethingaboutoccluded
opponentsgiventheknown positionsof others.

We believe that the lasertag problemis highly interestingfor
multi-agentmobileroboticsresearch.Justlike roboticsoccer, it in-
volvesfast-moving entities;however, thenatureof thesensordata
(speci�cally, pervasive occlusion)posesnew challengesin robot
perception. As this papersuggests,theseproblemscan be ad-
dressedthrougha novel tracking techniquethat representsoppo-
nentsby role insteadof individual identity.

7. REFERENCES
[1] T. Balch,G. Boone,T. Collins,H. Forbes,D. MacKenzie,andJ.C.

Santamaria.Io, ganymedeandcallisto– amultiagentrobotjanitorial team.
AAAIMagazine, 16(1),1995.

[2] DanaH. Ballard,Mary M. Hayhoe,Polly K. Pook,andRajeshP. N. Rao.
Deicticcodesfor theembodimentof cognition.TR NRL95.1,1996.

[3] Y. Bar-ShalomandT. E. Fortmann.TrackingandData Association. Academic
Press,1988.

[4] W. Burgard,A.B. Cremers,D. Fox, D. Hähnel,G. Lakemeyer, D. Schulz,
W. Steiner, andS.Thrun.Experienceswith aninteractivemuseumtour-guide
robot.Arti�cial Intelligence, 114(1-2),1999.

[5] W. Burgard,D. Fox, M. Moors,R. Simmons,andS.Thrun.Collaborative
multi-robotexploration.Proc. ICRA-00.

[6] G. Dissanayake,P. Newman,S.Clark,H.F. Durrant-Whyte,andM. Csorba.A
solutionto thesimultaneouslocalisationandmapbuilding (SLAM) problem.
IEEETransactionsof RoboticsandAutomation, 2001.

[7] A. Doucet,J.F.G.deFreitas,andN.J.Gordon,editors.SequentialMonteCarlo
MethodsIn Practice. Springer, 2001.

[8] ArnaudDoucet,NandodeFreitas,Kevin Murphy, andStuartRussell.
Rao-Blackwellisedparticle�ltering for dynamicBayesiannetworks.
Proc.UAI-00

[9] D. Fox, W. Burgard,H. Kruppa,andS.Thrun.A probabilisticapproachto
collaborative multi-robotlocalization.AutonomousRobots, 8(3),2000.

[10] D. Goldberg andM.J. Mataríc. Robustbehavior-basedcontrol for distributed
multi-robotcollectiontasks.TR IRIS-00-387,USC,2000.

[11] H. H. Gonzalez-BanosandJ.C. Latombe.Navigationstrategiesfor exploring
indoorenvironments.InternationalJournalof RoboticsResearch, 2002.

[12] H. Kitano,editor. Proc.RoboCup-97, Springer.
[13] S.M. LaValle,H. Gonzalez-Banos,C. Becker, andJ.C.Latombe.Motion

strategiesfor maintainingvisibility of amoving target.Proc.ICRA-97.
[14] J.Liu andR. Chen.Sequentialmontecarlomethodsfor dynamicsystems.

Journalof theAmericanStatisticalAssociation, 93,1998.
[15] J.MacCormickandA. Blake.A probabilisticexclusionprinciplefor tracking

multipleobjects.Proc.ICCV-99.
[16] M.J. Mataríc. Issuesandapproachesin thedesignof collectiveautonomous

agents.RoboticsandAutonomousSystems, 16,1995.
[17] M. Montemerlo,N. Roy, andS.Thrun.Carnegiemellonrobotnavigation

toolkit. Softwarepackage,downloadat www.cs.cmu.edu/� carmen,2002.
[18] M. Montemerlo,W. Whittaker, andS.Thrun.Conditionalparticle�lters for

simultaneousmobilerobotlocalizationandpeople-tracking.Proc. ICRA-02.
[19] K. Murphy. Bayesianmaplearningin dynamicenvironments.Proc.NIPS-99.
[20] E. Nettleton,H. Durrant-Whyte,P. Gibbens,andA. Gokto�gan.Multiple

platformlocalisationandmapbuilding. In SensorFusionandDecentralised
Control in RoboticStystemsIII , 4196,2000.

[21] N.J.Nilsson.Principlesof Arti�cial Intelligence. Springer, 1982.
[22] I. Nourbakhsh,J.Bobenage,S.Grange,R. Lutz, R. Meyer, andA. Soto.An

affectivemobilerobotwith a full-time job. Arti�cial Intelligence, 114(1–2),
1999.

[23] L. E. Parker. On thedesignof behavior-basedmulti-robotteams.Journalof
AdvancedRobotics, 10(6),1996.

[24] H. Pasula,S.Russell,M. Ostland,andY. Ritov. Trackingmany objectswith
many sensors.Proc.IJCAI-99.

[25] J.Pearl.Probabilisticreasoningin intelligentsystems:networksof plausible
inference. M. Kaufmann,1988.

[26] D.B. Reid.An algorithmfor trackingmultiple targets.IEEETransactionson
AerospaceandElectronicSystems, AC-24,1979.

[27] http://robotag.com/
[28] NicholasRoy andGeoffrey Gordon.Exponentialfamily PCA for belief

compressionin POMDPs.Proc.NIPS-02.
[29] R. Sargent,B. Bailey, C. Witty, andA. Wright. Dynamicobjectcaptureusing

fastvision tracking.AI Magazine, 18(1),1997.
[30] D. Schulz,W. Burgard,D. Fox, andA. Cremers.Trackingmultiple moving

targetswith a mobilerobotusingparticles�lters andstatisticaldata
association.Proc. ICRA-01.

[31] R. Simmons,D. Apfelbaum,W. Burgard,M. Fox, D. anMoors,S.Thrun,and
H. Younes.Coordinationfor multi-robotexplorationandmapping.
Proc.AAAI-00.

[32] S.Thrun,M. Beetz,M. Bennewitz, W. Burgard,A.B. Cremers,F. Dellaert,
D. Fox, D. Hähnel,C. Rosenberg, N. Roy, J.Schulte,andD. Schulz.
Probabilisticalgorithmsandtheinteractive museumtour-guiderobotMinerva.
InternationalJournalof RoboticsResearch, 19(11),2000.

[33] S.Thrun,D. Fox, W. Burgard,andF. Dellaert.Robustmontecarlolocalization
for mobilerobots.Arti�cial Intelligence, 128(1-2),2000.

[34] B. Yamauchi,P. Langley, A.C. Schultz,J.Grefenstette,andW. Adams.
Magellan:An integratedadaptivearchitecturefor mobilerobots.TR 98-2,
ISLE, 1998.

[35] CaoY.U., FukunagaA.S.,andKahngA.B. Cooperativemobilerobotics:
Antecedentsanddirections.AutonomousRobots, 4, 1997.


