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ABSTRACT

This article presentanimplementednulti-robotsystemfor play-
ing the populargameof lasertag. The objectof the gameis to
searchfor andtag opponentghat canmove freely aboutthe ervi-
ronment. The main contrikution of this paperis a new variable-
dimensionparticlefilter algorithmfor trackingthe locationof op-
ponentaunderprolongedperiodsof occlusion. This algorithmcan
copeefficiently with variablenumberof opponentsthroughmech-
anismsthatdynamicallyincreaseanddecreasghe numberof par
ticle tracks. Whensearchingor opponentsthe individual agents
greedilymaximizetheirinformationgain, usinga negotiationtech-
nique for coordinatingtheir searchefforts. Experimentalresults
areprovided, obtainedwith a physicalrobot systemin large-scale
indoorenvironments.

1. INTRODUCTION

This paperdescribesa multi-robot systemcapableof locating
andpursuingmoving actors(people,otherrobots)in dynamicen-
vironments.Our researchs motivatedby the populargame“laser
tag” [27]. The objectof lasertag is to find and tag individuals
from an opposingteamusinga light-emitting taggingdevice. The
robotic form of lasertag replacegpeoplewith robots:it is a game
involving a teamof robotssearchingthougha dynamicerviron-
ment and tagging opposingrobots using beamsof light. In our
implementation,t is playedin regular buildings, using teamsof
Pioneersize robots equippedwith laser range sensors(see Fig-
urel).

The gameof lasertag provides uniqueopportunitiesfor multi-
agentroboticsresearch.Justlike robotic soccer[12], lasertagis
inherentlyreal-time. The ernvironmentis dynamic, leaving only
limited time for information fusion and decisionmaking. A key
differenceto robotic soccerarisesfrom the penasie presencef
occlusion:mostof thetime, individualsarenotin arobot’s sensor
range.To play well, therobotsmustcarefully keeptrack of where
possibleopponentsnight be, andwhich areasof the ervironment
have alreadybeencleared. This createsa challengingmulti-robot
datafusion problem. Furthermorethe robotshave to coordinate
their actionsin thefaceof massve uncertainty This is reminiscent
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Figure 1: The lasertag robotsare equippedwith light-emitting
devicesand recevers.

of the well-known robot exploration problem, but in lasertag it
involvesanever-changingsituationdueto thefactthattheerviron-
mentis dynamic. We conjecturethatthe resultingresearchissues
arecharacteristidor amuchbroademrangeof multi-robotapplica-
tion domainsrangingfrom personaservicerobots(e.g. ,tour-guide
robots[4, 22,32]) to thecoordinationof unmannedir or underva-
ter vehiclesin reconnaissanaaissions.

Multi-robot information gatheringhasbeenaddressedy mary
researchersThe classicalsettinginvolvesa teamof robotslocat-
ing stationaryobjectsin anunknavn ervironment[35, 10, 16, 23].
Most existing work in this field involvesbehaior-basedstrategies,
in whichthesearchs carriedout throughrandomizednotion. Co-
ordinationis often achieved throughbehaiors that maximizethe
distancebetweenadjacentrobots. Researchn this field haspre-
dominantlyfocusedon staticervironmentg1], althoughsomeno-
tablesucces$iasbeenreportedor environmentswith dynamicob-
jects[29]. However, randomizedsearchis limited in thatit relies
on chanceto find objects. Techniqueghat maintainervironment
modelsduring searchhave beenstudiedextensiely in thefield of
multi-robot mapping[5, 20, 31]. Theseapproachespplyto static
ervironmentsin which objectsdo not move. The tracking litera-
ture, on the other hand, haslong addressedhe issueof tracking
moving objects[3, 26, 15]. This work hasrecentlybeenextended
to mobilerobots[11, 13,18, 30] anddistributedsensosystemg20,
24]. While theseapproachework well in casesvherethe objectof
interestis within sensoreach(with possiblebrief periodsof occlu-
sion),they donotaddresshetypeof long-termocclusionfoundin
thelasertaggame.As we will shav below, mostof the bookkeep-
ing in lasertag involvesreasoningaboutplaceswhere opponents
may not be,andopportunitiedo trackopponentsrerare.

This paperdescribesanimplementednulti-robotsystemfor ac-
tively locatingmoving actorsin dynamicindoor ervironments,in
the context of multi-robot lasertag. The core of our researchs



a new algorithmthat enablesa robot teamto calculateposterior
distributions over possibleplaceswhereactorsfrom the opposing
teammight be. To accountfor theimmenseocclusionandthe re-
sultingmulti-modalnatureof posteriordistributions,our approach
utilizes particlefilters [7, 14] for representinghe robots’ beliefs.
Ourapproactspecificallyaddressesituationsn whichthenumber
of actorsin theervironmentis unknavn. We proposeanew particle
filter algorithmthatcaneffectively calculateposteriordor arbitrary
numberof actors.This algorithmbuilds ontheinsightthat,evenin
ervironmentswith very large numbersof actors,mary posterior
distributions are practically equialent. Hence,we canrepresent
large numbersof suchposteriorsefficiently. This insightleadsto
the developmentof a variabledimensionparticlefilter which dy-
namicallygeneratesew particletrackswhenindividual actorsare
obsered, and meigesold oneswhen the correspondingposteri-
orsare(approximatelyequialent. The equivalenceclassesorre-
spondto rolesof the opponents.Rolesrepresenthe known char
acteristicsof a setof opponentsjgnoring their individual identi-
ties. As aresult,our approactenablegeamsof robotsto maintain
comple distributions over ary numberof actors,underextended
periodsof occlusion,andin acomputationallyefficient manner

Whenplayinglasertag,our systememplagys a greedytechnique
for searchinghe ervironment,similar to techniqueslevelopedfor
multi-robot exploration[5, 31, 34]. Our approachmaximizesthe
information gatheredby the individual robots. The coordination
of multiple robotsis achiezed througha negotiationtechniquethat
enableearbyagentdo partitionthe spacethatis beingsearched.
The approachhas beenimplementedin simulation and using a
physicalrobotsystem.This paperreportssystematicscalingresults
obtainedvia simulation,along with actualrobot resultsobtained
in several indoor ervironmentof differentshapesandsizes. Our
experimentdemonstratéhatour approacHeadsto systematien-
vironmentexplorationandreliable localizationof moving tamets,
even underprolongedperiodsof occlusion. Comparatie experi-
mentsare provided which illustrate that the useof our new parti-
cle filter significantlyimprovesoverall systemperformancevhen
comparedo amemorylessnulti-robotsystem.

2. TRACKING MULTIPLE ENTITIES UN-
DER MASSIVE OCCLUSION

2.1 StateRepresentation

Themaincontribution of this paperis anew variable-dimension
particlefilter algorithmfor trackingthe location of opponentsin-
derprolongedperiodsof occlusion.Lety® = 1,92, ... , y: denote
therobots’ measurementsp to time ¢, andw® their controlinputs.
In ourimplementedsystem sensomeasurementsonsistof range
readingsat a known setof bearingsfrom eachrobot producedby
SICK laserrangefinders,but with appropriatenodificationsto the
sensomodelthe readingscould comefrom otherperceptionsys-
temssuchasvision or sonar We will write y;; for theith individual
reading.

As is commonin the literature on tracking [3], our approach
maintainsa posteriorprobability distribution over the statex, at
timet: P(x: | y*,u'). For thelasertag problem,the mostim-
portantstatevariablesarethe positionsof all of the agents.These
variablescan be divided into two qualitatively differentsets: the
positionsof robotson our own teamandthe positionsof agentson
the opposingteam. Mobile robotlocalizationfor robotsunderour
controlhasbeenstudiedextensvely in theliterature[9]. Theprob-
lem of estimatinghe stateof theopposingagentsn situationswith
prolongedperiodsof occlusion,on the other hand, hasreceved

nearlyno attention.

Maintainingan estimateof the opposingrobot positionscanbe
difficult andcomputationallyexpensve. Thisis becaus®f compli-
cated,high-dimensionalmulti-modal dependenciebetweenstate
variables. The main causeof theseproblemsis that our robots’
sensowiews of otheractorsare constantlyoccluded. This occlu-
sion malesit difficult to determinewhich opponents which, and
it canalsoput sharpedgesand multiple modesinto our posterior
distributionsdueto our inability to seearoundcornersandthrough
walls. Suchsituationsareclearly outsidethe realmof the existing
trackingliterature.

Thepresenc®f prolongedocclusioninducesa difficult dataas-
sociationproblem Any individual rangemeasuremeny;; could
in principle be causedby a returnfrom ary objectin our world:
the map, a teammatepr an opposingrobot. Dataassociatiorde-
cisionsof this type are particularly difficult to make in lasertag
becausef the massie occlusionperiods,in which individual op-
ponents’locationscannotbe determinedaccurately To copewith
this problem,our approachintroducesew (hidden)statevariables
z: to representhe dataassociatiorhypothesesve areconsidering.
Intuitively, thesevariableswill encodepiecesof informationsuch
as“sensorreadingy;: representareturnoff of eitheropponent or
opponenB’” In this way, our approaclcanmake rationaldataas-
sociationdecisionsevenif individual agentsareoccludedfor long
periodsof time.

Moreformally, ourapproachdividesthestater; into threepieces
(r¢, st, z¢). Thefirst piece,r:, containsthe positionsof the robots
onourownteam.Wewill write r1¢, ra¢, . .. for theindividualrobot
positions. The secondpiece, s; (divided similarly into si¢,...),
containsthe positionsof the robotson the opposingteam. Finally,
z¢ containsthe dataassociatiorhistory; we will neverrepresent;
explicitly, butwewill needto reasoraboultit in thederivationof the
state-trackingequationsbelon. We will separateéhe dataassocia-
tion historyinto z; map (representinglecisionsaboutwhetherto as-
sociatesensoreadingswith staticobjectsin our map)andz; other
(representingll otherdataassociatiordecisions).

With the above notation,our trackingproblemis to estimatethe
posterior

P(re, se,2 | y' uh)

In orderto make tracking computationallyfeasible,we will work
througha seriesof three simplificationswhich separateout vari-
oustractablepiecesof the problem. Thesestepsare conditioning
on teammatesrole-baseddata association and factoring obser
vation and motion models We will describeeachstepin detail
belon. The processof performingtheseanalytic transformations
to make the Monte-Carloestimationprocesseasieris called Rao-
Bladkwellization[8].

2.2 Conditioning On Teammates

The problemof belieftrackingis significantlysimplifiedby fac-
toring the posteriomprobability

P('f’t, Zt,map | yt7 ut) (1)

P(Stg Zt,other | Tty Zt,map, yt, ut)

P(rt7stzzt | yt7ut) =

This factorizationis a simple applicationof Bayes’rule. It sepa-
ratesout the problemof localizing our robotsfrom the problemof
finding andtrackingactorsonthe opposingeam.Thisis animpor-
tant simplification, becauseas notedabove, the self-localization
problemhasbeenstudiedextensiely [9].

In our domain,a particle-filterbasedocalizationtechnique17,
33] nearlyalwaysproducesinimodal,high-accurag positionesti-
matesfor robotson our own team,solong aswe have areasonable



ideaof theirinitial positions.This motivatesusto approximatehe
positionestimatef our robotsby point estimatordocatedat the
mostlikely positionr;; for eachj. 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 approximationis valid.

2.3 Role-BasedData Association

We have now reducedbelief trackingto the problemof estimat-

ing

P(St-, Zt,other | Tty Zt,map, yt, ?Lt) .
We know the obsenationsy® andcontrolsu?, andthe robot posi-
tionsr; andmapassociations; map aregivenby ourrobots’self-
localizers.For furthersimplification,we nov move to arole-based
representatioof dataassociation.

Dataassociatioruncertaintycauseswo unpleasangffectsin our
posteriordistribution, asillustratedin Figure2a. First, eachplau-
sible dataassociatiorhypothesiscancausea separatenodein our
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, thenfinding
out (throughsomeotherevidence)thatit is opponen® causesisto
believe opponent3 is elsavhere. This is acommoncharacteristic
of dataassociatiorproblemd3].

In mary trackingproblems,it suficesto keeptrack of the sin-
gle mostprobabledataassociatiorhypothesis.For example,Dis-
sanayak andcolleague$6] describea Kalmanfilter tracker which
usesmaximume-likelihood dataassociatiorto keeptrack of hun-
dredsof landmarksIn theirproblem however, landmarksarefairly
well separate¢omparedo the amountof uncertaintyin their po-
sitions, which meansthat the mostlikely dataassociatiorusually
accountdor mostof the posteriorprobabilitymass.

In thelasertag problem,unfortunatelywe arenot solucky. Be-
causeopponentactorsmay be occludedfor sizableintenals, their
uncertaintyareascan grow quite large andwill quickly begin to
overlapsignificantlywith eachother For example,our sensoiog
might shav two opponent®nteringaroomand,aftera pausepne
opponentexiting the room. In this case,we cannotdeterminethe
true identity of the actorexiting the room; all we know is thatit
may be one of the two which wentin, andthat at leastone other
muststill beinsidetheroom.

This problem hasimportant ramifications. If we were to at-
temptto keeptrackof the exactposteriordistribution for all actors,
we would quickly be overwhelmedwith the numberof plausible
dataassociatiorhypotheses.On the otherhand, keepingtrack of
only the mostlikely hypothesiswould resultin suboptimabeha-
ior: for example,we might accidentallyrelabeltwo opponentsas
eachother If we have alreadytaggedoneof thetwo, thatmistale
will causeusto let the other passfreely. Examplessuchasthis
onedemonstratdow difficult it is to track multiple agentsunder
massie occlusion. To our knowledge, existing trackingand data
associatiormethodsareunableto copewith suchsituations.

To avoid this problem,we will introducea setof intermediate
variabless;. Thesevariablesrepresenbpponenpositionsjust like
st, but they areindexed differently Insteadof indexing by oppo-
nentlabel,ourapproactindexess; by role. Rolesrepresentlasses
of opponentdhat sharesimilar posteriordistributions. For exam-
ple, 51: might representhe positionof the opponentwe just saw
comeout of a room, without referenceto its exactidentity. The

definition of roles malkesit possibleto track multiple opponents
undersevere dataassociatiorproblemsarising from the natureof
the occlusions.In particular we canthenallocateor meige roles
dynamicallyaswe gain or loseinformationaboutthe locationsof
enemyrobots.

This sortof role-basedalsocalleddeictic[2]) representationl-
lows us to collapsetogethermary different symmetricmodesof
our posteriordistribution, asindicatedin Figure2h. In particular
rolesenableus to overcomethe the dataassociatiorproblem: we
can definethe roles so that we are certainwhich role shouldbe
associatedvith eachsensomreading,regardlessof the identity of
a specificactor That meansthatthattherewill be no correlation
betweenthe positionsof differentroles,and so we canfactorour
beliefandtrackeachrole separately

The new role-basedepresentatiomequiresusto maintaina be-
lief aboutwhich roles might map to which individual actors(or
more importantly which propertiessuchas “tagged” or “hostile”
might be associatedo eachrole). For this purpose our algorithm
maintainsa list of possibleidentitiesand property-listsfor every
role which it creates.This list is calledanidentity uncertaintyset
or id-set We will write d;; for the id-setof the jth role at time
t. For example,anid-setmight say“This role represent® robots.
Their identitiesarein the set{1, 3, 4, 6}, they definitely have the
property‘hostile; andthey might or might not have the property
‘tagged. ”

The role-basedepresentatioras an importantimpact on the
posteriorestimationproblem. Mathematicallyit allows usto sim-
plify ourbeliefasfollows:

P(st, 2t other | T4, 2t map» ¥', u")

= P(s¢ | 5t,de) P(5t,de, Zt,0ther | Tt, Zt,map, yt., ut)

= P(st|5t,di) P(Ge,de,| 7ty 2, 9" 1) for ML 2¢,other
P(st | 8e,de) [ P(Sjerde | 7o 22,975 u) )

roles j

Thefirst equalityholdsbecausés;, d.) is a suficient statisticcon-
tainingall of theinformationwe have aboutthe opposingteampo-
sitionss¢; in otherwords, (3, d;) d-separatef25] s; from there-
mainingvariables.The secondequalityholdswhenwe setz; other
to its maximumlik elihood value becauseby definition, we know
the dataassociatiomperfectlyif we expresst in termsof roles. The
third equalityholdsbecausave have choserour rolessothattheir
positionsareindependentThe advantageof this factorizationlies
in the factthatit makestrackinghighly efficient. In contract,the
commonformulationof the trackingproblemrequiresusto main-
tain exponentiallymary hypotheseswhich clearlyis impracticalin
the presencef mary opponentctors.

2.4 Factoring Sensorand Motion Models

Our final simplificationis to factorour motion and obsenation
models.With joint motionandobsenrationmodels the positionsof
differentrolesmightbecomedependenivheneerwe movedor ob-
sened, destrging the factorizationwhich we obtainedin the pre-
vioussteps.Thisis notthecasefor motionandobsenationmodels
that model eachrole independently As discussedn this section,

In practice,we rarely needto worry aboutconfusionof the sort
illustratedin Figure2. Much morefrequentis the type of confu-
sionillustratedin Figure3 belaw, in whichtwo enemyrobotsleave
our sensorrangein the samedirectionand quickly becomeindis-
tinguishable.But the sameprinciple appliesin eithercase:if we
try to track the robotsindividually we wind up with multi-modal
posteriorsand global correlationswhile if we reasonaboutroles
asdescribedn this sectionthe posteriorbecomesnuch easierto
track.
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Figure 2: (a) We can confusetwo track ed 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.

boththe motion modelandthe measuremennodelareindeedin-
dependenfor differentactors yvalidatingthefactorizatiorproposed
in the previoussection.

Theindependencef themotionmodelfor teammatess straight-
forward. Eachof our robotsmovesaccordingo local motioncom-
mands;the noisein motionis independenfor eachof the robots.
Similarly, it is naturalto assumethat the opposingagentsmaove
independentlyof eachother with independentandomvariables
characterizingheir next statetransitionfunctions.Clearly, the lat-
terindependencassumptiommight notactuallyhold: for example,
it would be violatedif we knew thatopponentdendedto move in
groups. In practice,though,assumingndependencén opponent
motionis safein thatit establishea worst casemotionmodel.

Independencalsoholdsfor measurementasdiscussedh length
in [19]. In particular therearetwo typesof informationwe canget
from our sensorspositiveandnegative Positive informationtells
uswherean opponentctoris; we receve positive informationby
associatinga sensorreadingi to a role j. Negative information
tells us wherean opponentisn’t; we receve negative information
whenour sensobeamspassthrougha spacewithout detectingan
opponent. Negative information producescomplicatedposteriors
becauseur visibility region is distortedby occlusionfrom static
obstaclesin the map. Most position-trackingsystemscan only
deal with positive information[3]. If the tracked objectsarein
view mostof thetime, positive informationis usuallysufiicient to
achieve goodtracking. In lasertag, however, the majority of the
informationwe receve is negative, andsoit is critical to take ad-
vantageof negative informationin our trackingsystem.

Becauseopponentsare often massvely occluded,our approach
needgo take advantageof negative informationto keepa reason-
ableideaof whereopponentsnight be. For example,if our system
obseresanopponenenteraroomwith only oneexit, it is imper
ative to keeptrack of thefactthatit remainsin the roomuntil our
robotsseeit leave (or until our robotslosesightof the exit). Nega-
tive informationtendsto producemulti-modalbeliefsbecauseur
sensoitoverageareacan cut a region out of the middle of a be-
lief distribution. In particular negative information canincrease
the varianceof our belief distribution (althoughit alwaysreduces
entropy).

It is well known that we canapproximatelyfactorthe problem
of tracking several objectsusing positive informationinto several
independentrackingproblemswith oneobjecteach[26]. For our
system,though,we malke the novel obsenration that we canalso
factor the effects of negative information. The obsenationsen-
ter into the tracking problemthroughthe obseration likelihood
P(ye | rt,st,2¢), or equivalently P(y: | 74, 5¢,2¢). Sinceeach
obsenationis conditionallyindependenbncewe know positions

anddataassociationsye have

P(ys | 74,58, 20) = HP(@/z‘t | 7¢, 81, 2t)
i

Now, suppos®bsenationsi is associatedo role k. In this casethe
probability of obserationi is a productof two terms: the proba-
bility of generatingy;: giventhatthe sensobeamreachedole k,
andtheprobabilitythatthebeamreachedole k. Thelattertermin
turn factorsinto the probability thatthe beampassedhroughrole
1 without being intercepted times the probability that the beam
passedhroughrole 2 without beingintercepted and so forth for
all rolesj # k. In otherwords,we canwrite

P(ys | 74,56, 2¢) = 3

11 | P(st | e, 8ee, hit) T Plwse | 72, 556, no-hit
i j#k
whichis factorizedsothateachtermdepend®nly onthebelieffor
only a singlerole. Thus,sensomeasurementsiaintainthe con-

ditional independencef our role estimatesandso our factorized
representationemainsvalid aswe incorporatesensoinformation.

2.5 Summary of Tracking Algorithm

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

P(Tfa Sty 2t | ytﬂut) = (4)
P(T't,Zt,map | ytsut)P(st | gtﬂdt)

H P (858, dje | 7e, 26,y u')

roles j

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

In contrastto the naive approache®f tracking eachopponent
separatelyor all opponentgogether—neitherof which is compu-
tationally feasiblefor problemswith massie occlusion—ourfac-
torizationrepresentsn efficient andaccuratevay to computeour
beliefstateafterary sequencef obsenationsandactions.Therea-
sonfor this efficiengy is thatwe have separatedhe overall belief-
trackingprobleminto a numberof smallertrackingproblems,one
for eachfactorof equation(4).

2.6 Detailsof Tracking Algorithm

For completenessye now review the detailsof our approxima-
tionsto thetermsof equation(4), aswell asour stratey for split-
ting andmemging roles. Our approachapproximateghe first term



P(r4, ze,map | ¥*,u?) in equation(4) with a vectorof maximum-
likelihoodestimateseturnedby individual self-localizers pnefor

eachteammember Theseconderm P(s; | 3, d:) correspondso

the information containedin the id-setsof our roles. If decisions
to split andmerge roleswerealwayscorrect,our representatioof

this termwould be exact; but in practicewe only keeptrack of an

approximatiorsinceour decisionsarebasecn statisticatests(de-

scribedbelow). Finally, we represeneachterminsidethe product
with a separatgarticlefilter tracker. This representatiors inexact
sinceparticlefilters are Monte Carlo algorithms,but it is asymp-
totically correctaswe increasehe numberof particles.Sinceeach
individual particle filter only hasto track a single role, we have

obseredthatwe do not needtoo mary particlesin practiceto get
goodtrackingperformance.

In orderto fully specifyourtrackingalgorithm,theonly remain-
ing stepis to describehow we allocateandmeigerolesin orderto
maintainindependenceWe begin with a singlerole which repre-
sentsall of therobotsontheopposingeam.Thisrole’strackcount
is setto anupperboundon the numberof opposingrobots,andits
positionis initialized to a uniform distribution over free space.As
we receve new obsenations,therearetwo typesof decisionswe
mustmake: whento split arole into two, andwhento meige two
rolesinto one.

Role splitting is driven by sensorobsenations: if an obsera-
tion’smaximumlik elihoodassociations to arole 5 thathasatrack
counthigherthan 1, our approactsplits off a copy of role 5 (call
this copy k). Role k startsoutidenticalto role 5 in every way ex-
ceptone: its positiondistribution is the sameandits id-setis the
same but its track countis alwaysexactly 1. (We of coursemust
alsodecremeny’s track countby 1 to maintainconsisteng.) Now
we canincorporatghenew obsenationinto role k. Whendoingso,
k's positionuncertaintywill becomesmallerthanj’s. In this way,
futureobsenrationsin similarlocationswill tendto associatevith k
insteadof j, causingole k to trackthenewly-obsenedrobotwhile
j representshe positionof theremainingunseemobots.

Rolememing is a moreexpensve operation After every Timerge
time stepspur approaclkcheckseachrole j againsteachotherrole
k 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-
basedJensen-Shannativergence. This measureplacesa coarse
grid over the mapand estimateshe probabilitiesp;; andp;. that
roles;j andk assigrto eachgrid cell 7 (usingLaplacesmoothingo
ensurethatno grid cell is assignederoprobability). Basedon the
frequeng countsin this grid, our approachcalculateshe Jensen-
Shannordivergence(or symmetricKL-divergence)

Dys(pj,pr) = {pij I 29 4 pyy In 2%

. Dik Pij
betweenwo differentrole posteriors.If this divergenceis smaller
thanacutoff, theroles;j andk aremeigedinto asinglerole. In the
lasertagdomain,thegrid is two-dimensionaljust lik e the mapsof
theervironment.

Whenwe mege two roles,the meged positiondistribution be-
comesthe averageof thetwo original positiondistributionsbefore
the memging operation(which is a goodapproximatiorsincethese
two distributionswerejust determinedo be nearlythe same).The
trackcountbecomeshe sumof thetwo originaltrackcounts.And,

thememedid-setis theunionof thetwo originalid-sets represent-
ing thefactthatwe nolongerknow thedifferencebetweerthetwo
roles.

3. PLANNING

The final, critical ingredientin the lasertag domainis the ac-
tual planningand coordinationof the robots. Motion planningis
implementedhroughstandardbathplanningalgorithms[21]. For
multi-robotcoordinationpur systemusesa heuristicapproachhat
attemptsto maximizeinformationgain and minimize searchtime,
similar to the one proposedyy Burgard et al. [5] in the context of
multi-robotmappingof staticervironments.

The coordinationstratgy works asfollows. Every Tepian S€C-
ondseachof the robotschoosesa point to move toward. These
destinatiorpointsarechoserfrom a coarsehree-dimensionairid,
(z,y,0), of pointslaid over the map. Hered is the robotorienta-
tion, which is importantbecausesachrobot’s lasersensorcovers
only theareain front of it. In orderto chooseits destinationgach
robotcomputes scorefor every grid point, with higherscoresor
respondingo moredesirabldocations.

The scorefor a destinationpoint is basedon the numberof hy-
pothesizeagnemyrobotpositionswhich arewithin sensorangeof
it. So,therobotswill preferto go to placeswherethey arelikely
to eliminatemary possiblehypothesedgrom their belief stateand
thereforereducetheir belief entroy. The scorefor eliminatinga
hypothesiss dawnweightedmultiplicatively by its distanceandan-
gularoffsetfrom the destinatiorpoint. The scoresarefurthermul-
tiplicatively downweightedoy anestimateof the costto reachtheir
associatedlestinationpoint. The relative influencesof all these
factors—costdistance andangulardistance—areontrolledby a
setof parametershatwerechoserexperimentally

To resole conflictsbetweerrobots,we assigrntherobotsa fixed
precedencerdering. After the first robot choosesa destination
point, thescoref all nearbypointswithin line of sightof thecho-
senpoint arereduced.The secondrobotthenchooses point, and
dueto the down-weightingof scorest is unlikely to choosea point
nearthe onechosenby thefirst robot. This processcontinuesfor
eachrobot. Coordinationstratgieslik e this one have beenfound
to be highly effective in the context of coordinatedmulti-robot ex-
plorationof staticervironmentg[5, 31, 34]. Our approactextends
thesestratgiesto dynamicervironmentswherethe targetentities
(opponentsjnay move.

4. EXPERIMENT AL RESULTS

In orderto betterunderstandhe strengthof our systemwe per
formed a numberof experiments,both in simulationandon real
robots.First, we evaluatedthe utility of dynamicallymemgingroles
andtheimpactof thatfeatureon scalingperformanceSecondwe
systematicallyexploredtheimpactof ourtrackingalgorithmonour
ability to find andtagopponentsn thelasertagsetting.Finally, we
ascertainedhatour systemperformswell in large scalerealworld
ervironmentsonrealrobots.In eachof theseexperimentsve found
thatour proposedsystemexhibits excellentperformance Thefol-
lowing sectionswill treateachexperimentin detail.

4.1 Split-Merge

In orderto demonstrate¢he effectivenesof the split-mege fea-
turewe placed,in simulation,anobsenerrobotin adoorway look-
ing into a hall. We thenmoved a sequencef targetrobotsthrough
the hallway pastthe door at randomintenals. The settingof the
experimentis shovn in Figure3: thelight-filled bold circle repre-
sentsthe obserer robot, with a tic-mark shaving orientation,and
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Figure 3: Eachrow representsthe state of all the filters in the systemat a giventime. (a) Before splitting there are only two filters.
(b) Just after splitting there are thr eefilters. (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.

thedark-filledbold circle is the moving robot. Eachrow of thefig-
urerepresentthe stateof all activefiltersin the systemat different
times during a single passof the moving robot. In this example
the mege featureis beingused sothe numberof active filters can
decreasevertime. If the megefeatureis disabled the numberof
active filtersis strictly increasing.

To understandheusefulnessf rolesin tracking,we ranthesys-
temwith andwithout the memge feature. In eachcasewe ranthe
entireexperiment25times,with asinglerun consistingof approxi-
mately20tamgetrobotsmoving in sequenceasttheobsererrobot.
Figure4 shavs the averagenumberof active particlefiltersin the
systemin both cases.Without meging, the systemkeepstrack of
all therobotsindependentlydespitethe factthattheir distributions
arevirtually identical. Thus,the numberof filters grows linearly
with time. With memging, however, the numberof filters remains
essentiallyconstanissimilar distributionsaremeigedtogether

4.2 Tracking

We furthermoreexploredtheutility of ourtrackingsystemin the
lasertag domainby comparingit to a baselinesystemthat does
not take advantageof stateestimationinformation. This baseline
systemis similar to our original systemin thatit coordinateghe
pursuersby directing themto choosedestinationpoints that put
themout of sight of eachother However, unlike our system,the
destinatiorpointsarechoserrandomlyexceptfor this coordination
criterion. We chosethis stratey to representhe classof behaior-

basedstratgies which do not attemptto track the true posterior
belief aboutwherethe enemieamight be. We believe that, within
the classof memorylesstrat@ies, this baselinestratgy is a good
performer;and, sinceit is similar in architectureto our lasertag
systemijt providesa goodbasisfor comparison.

We comparedhesetwo strat@iesover 100 runsin simulation.
A singlerun consistsof all robots(two pursuersand one evader)
startingat randompositions,andthe pursuingrobotssearchingun-
til theevadingrobotis tagged.If oursolution,with tracking,allows
usto tagthe evadermorequickly thanthe baselinesystemcan,we
can concludethat our tracking algorithm helpsthe pursuersfind
theevader If thetrackingapproactdoesnotyield superiomperfor
mancethenwe will concludethat stateestimationis not usefulin
this problem,or thatthe environmentwe aresearchings too small
andsimple,or thatthe plannemwve areusingis notcapableof taking
adwantageof the trackinginformation. Figure5 plots the proba-
bility of captureversustime for the two approachesOur system
consistentlyoutperformsthe baseline demonstratinghe value of
our statetrackingalgorithm.

4.3 Complete System

Figure6 shavs arun of the completesystemon physicalrobots.
Therearetwo pursuingrobots,a Pioneerl andaPioneeil, andone
evadingrobot, built on a modified Scoutbase.Eachrobot carries
a Pentium-clasgomputemwhich is usedto run component®f the
Carmensoftwaresuite[17]. Thesecomponentgrovide eachrobot
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Figure4: In this experimentan obsewer watchesanotherrobot
movethroughahall. Merging allowsusto maintain a near con-
stant number of filters, sincethere are only a constantnumber
of beliefsin this system.Without merging the number of filters
growslinearly.

with localizationandpoint-to-pointnavigationin pretuilt maps.

In figure 6, panel(a) shaws theinitial conditions. Thetwo pur-
suing robotsbegin nearthe centerof the hallway. They arerep-
resentedvy filled circleswith a dark outline and a radial line in-
dicating orientation. The position of the evadingrobotis shavn
at the far left of the hall (alsoa filled circle, but with a slightly
different shading). The position of this robotis not usedby the
pursuerdor planning,but only for distinguishingheenemyrobots
from ancillary objects,suchaspeople,that might walk by during
an experiment. In (b), the robotsbegin moving toward the tar
get locationsselectedby the coordinationtechnique(represented
asunfilled circleswith a light outline anda radial line to indicate
orientation).Notethatthey have choserto move in separatalirec-
tionsandhave alsoclearedout mostof the hypothesesn theroom
above thecorridor Moving to (c), theright endof the hall hasbeen
nearlyclearedof hypothesesmneaningt is very unlikely theenemy
is hiding there,sobothrobotsdecideto move towardtheleft of the
corridor. In (d) theopponentobotis finally locatedandtaggedby
oneof the pursuers At this point the robotslabel the opponentas
having beentaggedandignoreit in their planningthoughthey still
trackit to avoid confusingit with anotherrobot. In (f) and(g) the
pursuerscontinueto searchthe mapsincethey have beentold that
thereare potentially two targetsin the world andthey have only
taggedone.

We have run our systemin severalernvironmentsbesidegheone
detailedin the caseabove. Figure 7 shavs belief mapsfrom two
otherervironments,aswell asa photo of the robotsin the ervi-
ronmentdescribedabore. In all theseervironmentsthe system
performedwell, directingthe robotsto searchthroughthe mapef-
ficiently until they foundthe target. During theserunsthe system
displayedntelligentbehaiors suchassplitting therobotsupto ex-
plore branchingcorridorsandkeepingthe robotstogetherto cover
wide areasmoreefficiently without letting the opponenpast.

5. DISCUSSION

We have introduceda systemfor playing multi-robot lasertag.
Lasertag presentsan interestingopportunityfor researctbecause
of its real-time,dynamicnatureand becausdt leadsto comple
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Figure 5: The statetracking in our systemallowsit to find the
enemyrobot consistentlyfaster than a baselinesystemwithout
the benefit of tracking.

non-Gaussiareliefs over the stateof the world. Our systemal-

lows multiple robotsto searchin a coordinatedway for arbitrary
numbersof opponents.This is accomplishedy usinga variable
dimensionparticlefilter which is the primary contritution of this

paper The filter we have introducedis able to track large num-
bersof opponentdy mappingtheminto a smallsetof equivalence
classe®rroles.

Our researclopensup mary opportunitiesfor future work. An
avenueof particularinterestis more sophisticateglanning. One
possibleapproactto this problemis to usebelief compressiorfi28]
to compactlyrepresenthebeliefstateanduseMDP planningin the
compressedpace . Anotherdirectionto exploreis creatinga more
sophisticatedpponentnodeltoincreasgerformanceginstsmarter
adwersariesA third interestingextensionis to augmenthetracker
to handlesometypesof correlationamongadwersariesthiswould
allow usto, for example, build play-booksof enemytacticsand
useknowledge of theseplaysto infer somethingaboutoccluded
enemiegiventhe positionof avisible enemy

We believe that the lasertag problemis highly interestingfor
multi-agentmobile roboticsresearch. Justlike robotic soccey it
involvesfast-mwing entities;however, thenatureof thesensodata
(specificallythemassie occlusionproblems)osesew challenges
in robotperception As this papersuggeststheseproblemscanbe
addressethrougha novel trackingapproactthattracksopponents
asroles,ratherthanindividuals.
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