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Abstract

This paperpresentsa scalableBayesiantech-
nigue for decentralizedstate estimation from
multiple platformsin dynamicervironments As
haslong beenrecognized centralizedarchitec-
turesimposesevere scaling limitations for dis-
tributed systemsdue to the enormouscommu-
nication overheads. We proposea strictly de-
centralizedapproachin which only nearbyplat-
formsexchangénformation. They dosothrough
an interactve communicatiorprotocolaimedat
maximizing information o w. Our approachis
evaluatedin the context of a distributed sunweil-
lancescenariahatarisesin arobotic systemfor
playing the gameof lasertag. Our results,both
from simulationandusingphysicalrobots,illus-
trateanunprecedentescalingcapabilityto large
teamsof vehicles.

1 Intr oduction

In recentyears, probabilistic tracking techniqueshave
found widespreadapplicationin computervision (Isard&

Blake, 1998),diagnosticgLerneretal.,2002;Vermaetal.,

2003),modeling(Rusinkiavicz & Levoy, 2001),intelligent
ervironments(Pasulaet al., 1999), and robotics (Thrun,
2002). Virtually all state-of-the-arapproachesire based
on the basic Bayes Iter (Jazwinslk, 1970; Maybeck,
1990). While Bayes lters (andderivatives)areeasilyde-
ned for centralizedarchitecturesin which a singlecom-
putationalnoderecevesall sensordata,they have proven
dif cult to extendto distributedsystems.

In distributedsystemsensodatais acquiredhroughmul-
tiple platformsandthe communicatiorbetweertheseplat-
formsis themajorbottleneck Examplesf distributedsys-
temsinclude agentson the Internet, ervironmentsinstru-
mentedwith mary sensorsinulti-camerasureillancesys-
tems,andteamsof mobilerobotspursuinga joint goal.

Thesimpleskind of architecturdor stateestimatioris cen-
tralized In centralizedarchitecturesall platformscom-
municateall sensordatato a single specialagent,which
processeft centrallyandbroadcastsheresultingstatees-
timatebackto the individual platforms. Suchanapproach
suffersfrom two problems:First, it is brittle becausé pos-
sesseasinglepointof failure. Secondtheenormousom-
municationoverheadoften prohibits its usein situations
with more than a few dozenplatforms. Both limitations
have long beenrecognizedn thedecentralizedrackinglit-
erature(Raoetal., 1993).

Decentalizedarchitectureshy contrastyely on communi-
cation betweennearbyplatforms. By doing so, the num-
ber of messageshat eachplatform sendsor recevesis
independentf the total numberof platformsin the sys-
tem. This propertyensuresscalability to distributed sys-
temswith (almost)any numberof platforms.

In arecentresult(Nettletonetal., 2000),it wasshowvn that
scalabledecentralizedtateestimationcanbe achievedfor
staticervironmentswith Gaussiarerror—thatis, erviron-
mentswherethe statedoesnot changeover time and ob-
senationsare (approximately)inearfunctionsof the state
with Gaussiarerror. The key insightin (Nettletonet al.,
2000)is thatin staticworlds, informationcanbe accumu-
latedatany time andin ary order, regardlesof thetime at
which it wasacquired.Furthermorebecaus®f the simple
form of the obsenations,thereis a simple algorithm for
accumulatindocal evidencein the form of additive infor-
mationmatrices.Unfortunately the “trick” of additive in-
formationworksonly for distributions(suchasGaussians)
whicharein theexponentiafamily. Attemptsto applysim-
ilar ideasto moregenerabbsenationstendto leadto over-
con dent stateestimateqFox et al., 2000). More impor-
tantly, suchapproachesareinapplicableto dynamicenvi-
ronmentssincewe areno longerfreeto incorporatenfor-
mationin ary order

This paperextendsprevious researchin two critical di-
rections: our decentralizedlter can copewith dynamic
ervironmentsand it can handlenon-Gaussiamposteriors.
As in (Nettleton et al., 2000), each platform maintains



Figure 1. The CMU lasertag systemconsistsof six
robotsbasedn PioneerandScoutplatforms,of which

ve areshawvn here. Therobotsareequippedwith in-
frared emittersand detectors.Navigationis achiered
using the CARMEN software system (Montemerlo
etal.,2002).

its own Bayesianstateestimate,computedfrom its local

sensomeasurementasndinformationrecevedfrom other
(nearby)platforms. In contrastto (Nettletonet al., 2000),

however, eachplatform maintainsa belief over statehisto-

riesinsteadof justsinglestates As we shallseebelow, this

extensionenablesour approacho copewith dynamicen-

vironments However, keepingthis extrainformationintro-

ducesa new problem: becauséahe spaceof possiblestate
historiesis so large, it is no longerfeasibleto represent,
communicatepr incorporateevidenceaboutfull histories
directly.

Thekey innovationof ourapproactis aselectve communi-
cationschemevhich neverattemptgo sendevidenceabout
full historiesaroundthe network. Our algorithmtakesthe
form of a query-responserotocol. Platformsquerytheir
neighborshy sendingcompactsummariesof their poste-
rior beliefs. The neighborskeepdatabasesf pastsensor
measurementgndrespondby sendingthe mostinforma-
tive pieceof evidencein their local memory So,informa-
tion exchanges ef cient, andourcommunicatioroverhead
canbekeptto a minimum.

Our approachhas been implementedfor a distributed
suneillancescenarigDolanetal., 1999)motivatedby on-
goingresearchon a robotic lasertag system(Rosencrantz
et al., 2003). This domaininvolvestwo teamsof robots
pursuingeachotherin anindoorervironmenttaggingeach
otherusinginfraredemitters(seeFigurel1). Thedomainis
characterizedby massve occlusion,asopponentareusu-
ally hiddenbehindobstacles.This naturallyleadsto non-
Gaussianmulti-modal beliefs, asillustratedin Figure 2.
So, ourimplementatiorusesparticle Iters (Doucetet al.,
2001;Liu & Chen,1998)to estimatenon-Gaussiaposte-
riors over statesequences.

Recentlytherehasbeensomeother efforts to designdis-
tributed Bayes lters in the sensornetworks community
(Chu et al., 2002). However, this work focuseson the

Figure2: A typicalbeliefin robotlasertag. Thesmall
circlesarerobots. This belief is from the perspectie
of robot A who is sharinginformationwith its team-
mateB. Togetherthey aretrackingopponent<C and
D. Thebelief D's positionis highly non-Gaussiamas
illustratedby the particles.

problemof queryinga network of sensorgo provide an
answerfor an externalparty, whereaswe areinterestedn

scenariosvherethe sensorsare alsothe consumer®f in-

formation, in particularwhereeachneedsto maintainan
accurateposterior Becauseof this their techniquedoes
not provide a mechanisnto disseminateelevantinforma-
tion to all sensomodes.Nor doesit allow newv sensorgo

join the network andcontribute obsenationsthatwerecol-

lectedat somepoint in the past,whereaour algorithmis

speci cally designedfor suchsituations. There hasalso
beensomework toward deriving generalminimum dis-
tortion boundsfor certaintopologiesof sensornetworks
(Chenetal., 2001),in contrastwe will exploit featuresof

ourdomainto simplify our problem.

Our approachextendspreviouswork on multi-robottrack-
ing (Rosencrantetal., 2003)(whichrequiredacentralized
tracker) to a fully decentralizedsystem. As a result, our
approactperformswell using50 robots(in simulation);in
fact, it consistentlyoutperformsalternatve decentralized
algorithms. To the bestof our knowledge,suchscalabil-
ity is unprecedenteth a dynamicernvironment. We also
provide resultsobtainedusing our physicalrobot system,
albeitwith mary fewerrobotsperteam.

2 The DecentralizedBayesFilter

2.1 Static Environments

To goal of Bayesianstateestimationis to calculatea pos-
terior distribution over the state. Let us denotestateby x.

Naturally, the stateis not directly obsenablebut hasto be
inferredfrom data. Let us denotethe numberof platforms



(robots)by N. The dataacquiredby the i-th platform at
time t will be denotedd;; herethe subscriptrefersto the
time andthe superscripto the platformidentity. The setof
all dataitemscollectedbetweertheinitial time, denoted,
andtimet, will becollectively denotecby di),. Thedesired
posterioris givenby

dox 1)

The posteriorcan be conveniently calculatedby combin-
ing local posteriorspbtainedby integratingthe sensodata
acquiredby alocal platform. To seewe notethat
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Herep x df, is thelocal posteriorof thei-th platform,
andp x is simplytheprior overthe state.Theratio of the
two is the evidenceaccumulatedby theith platform about
the statex.

For beliefsfrom the exponentialfamily (e.g., Gaussians),
eachagents evidencecanbe calculatedn closedform and
can be representedy a messagef x ed size no matter
how mary obsenationsthe agenthasseen. Furthermore,
theproductin Eq. (2) canbe calculatedn closedform and
in arbitraryorder:whenwe nd outtheevidencefrom each
agentwe canjust multiply it into a runningtotal (or addit
in if we areaccumulatingonalog scale).

Theseinsightsmake possibleseveral importantcomputa-
tional simpli cations: if anagentupdatests evidenceall
we needto do is divide out the old evidenceand multiply
in the new; andif we have evidenceavailable from sev-
eral platformswe cancombineit all into a singlemessage
beforepassingt to our neighbors.In this way, a globally
consistentresult can be achiezed usinga communication
structurewhereonly neighborscommunicate and where
thenumberof messageperplatformis independenof the
numberof platforms. This obsenationformsthe coreof a
literatureon decentralizedensorfusion, of which (Nettle-
tonetal., 2000)is anexample.

2.2 Dynamic Environments

Unfortunately extendingthis approachto dynamicervi-
ronmentss not straightforvard. In dynamicervironments,
the statecan changeover time; so, we mustannotatethe
statewith atime index. We will write x; for the stateat
timet, andxgy for thesequencef all statesfrom time 0 to
t. Unfortunately the factorizationin Eq. (2) doesnot ap-
ply if the staticstatex is replacedby the dynamicstatex;.
To seewhy, considerthe examplein Figure3. This gure
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Figure 3: lllustration of why combining posterior
stateof individual platformsyieldsfalseresultsin dy-
namicervironments.Seetext for details.

illustratesadistributedsuneillanceproblem with two plat-

formsindicatedby circleswith directionmarkers.Suppose
thatthe opponenis known to startoff in theshadedegion

of Figure 3a. Becausethe opponentcan move, at some
pointin timet thelocal posteriorp x de of thetoprobot

is illustratedby the shadedregion in Figure3b. The pos-

terior of the otherrobotis symmetrical(not shovn here).

Combiningbothposterioraisingtherule (2) leadsto a dis-

tribution shawvn in Figure3c. This distributionis incorrect:

it suggestshe opponentcould have slippedthroughthe

robots' perceptualelds. The correctposterior(for robots
with perfectdetection)s shovnin Figure3d. Suchaposte-
rior cannotbe obtainedby combiningthe two robots' mo-

mentarybeliefs. This exampleillustrateswhy the simple

form (2) is inapplicableto dynamicervironments.

Theobhvioussolutionto this problemis to estimatehepos-
terior over the entire statesequencet, not just the mo-
mentarystatex. In particular the following factorization
applies(with essentialljthe samederivationasin Eq. 2):
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Unfortunately the dimensionof the evidence 220t %t

grows over time. So, we can no longer communicateall
of ourevidencein a x ed-sizemessage.

3 Approximating the BayesFilter

Theabove agumentdemonstratethat,in generalwe can-
not combinetwo piecesof evidenceinto a compactrepre-
sentatiorunlessthey referto the samestateof theworld. In

a dynamicervironment,that meanswe canonly combine
two obsenationsif they weregatheredsimultaneouslyfor

example,we could combinesensoreadingsaken by two

differentagenton the sametime step.



Dependingon the detailsof our obsenation model,com-
bining simultaneously-gathere/idencemay or may not
sase ary bandwidth. For example, in a d-dimensional
linearGaussianrmodel such as the one studiedby (Net-
tleton et al., 2000), eachobsenationtakesO d spaceto
store. We cancombinearbitrarily mary obsenationsinto
ad d evidencematrix, but doing so only sares spaceif
we have Wd separatebsenations. Usually sensorplat-
formsarescarcecomparedo landmarkssoit is notworth
combiningevidence.

In our target applicationof lasertag, it is even harderto
take advantageof the ability to combinesimultaneou®b-
senations:ourobsenationsarelaserrangescanof asmall
portion of amap. We cancombinearbitrarily mary obser
vationsinto a datastructurethe sizeof a mapof theworld,
but this processwill not sare usary spaceunlesswe have
enoughagentshattheirvisible regionsoverlapandtile the
entiremap.

Sincewe cannotpro tably combineevidence andsincewe
cannotafford to communicateall evidence,our algorithm
mustinsteaddecidewhich evidenceis worth sending.The
remaindeof this sectiondescribesiow we do so.

3.1 Selectve communication

The key ideaof our approachis to selectvely communi-
cateonly themostinformative sensomeasurementd/ore
speci cally, our approachapproximateshe desiredposte-
rior asfollows:

P Xot d(%x dgzt dgx
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Herewe assumefor notationalcorveniencethatthe plat-
form of interesthasindexi  1; thedatadd, in (3) is hence
the local dataacquiredby platformi 1. Eachd}, with
j 1, however, is asubsebf thedataacquiredby platform

j:
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Thus, (3) is anapproximation.This approximationis jus-
ti ed whensensoratais locally redundantasis the case
in our suneillanceapplication.In thisandmary othersce-
narios,a smallnumberof measurementsufces to obtain
anaccuratepproximation.

Thecruxto theefciency of ourapproachthus,liesin the
appropriatechoiceof the setd{m. A simplechoicewould
beto communicatesvery k-th measuremenfpr anappro-
priatevalueof k. However, suchanapproactwould notbe
very speci c; it would risk communicatinguninformatve
sensomeasurementshile omitting onesthataremorein-
formative. In whatfollows, we will describea communi-
cationschemehatleadsto the exchangeof approximately
maximallyinformative sensomeasurements.

3.2 SelectingInformative Measurementsfor
Communication

Thekey contribution of our approachs a protocolthaten-
ablesplatformsto selectvely communicataneasurements
thataremaximallyinformative. Theinformationof amea-
surementis given by its relative entropy. Let d! be a
measuremerin robot's j local databaseandwrite D*
d3; d3, o, for the dataavailableto robot1. Then
theinformationof d{ relative to the 1strobot's local belief
is givenby
j 1 1 4]

qgdi Dk pxt D° pxot D d (5)
Here Dk denoteghe KL divergence.The mostinforma-
tive measuremenis obtainedby maximizing this expres-
sion:d%\ argmax g d . For the j-th robotto identify the
mostinformative measuremermequiresknowledgeof an-
otherrobot's posteriorbelief. Thus,our approactrequires
the communicatiorof the belief of a robot. This belief is
a‘“query,” andthe“answer”is the mostinformative sensor
measuremernih the databaseof anotherentity.

Unfortunately communicatingthe belief can be pro-
hibitively expensve. In particular the belief comprisesall
paststatespotjustthemostrecentone.Onthisbasisalone,
it mightappeathatour selectve informationschemas in-
efcient. It merely shifts communicationoverheadfrom
the exchangeof informationto the exchangeof queries.In
thenext section however, we will describeanefcient im-
plementatiorthat communicate$ighly compactapproxi-
mateposteriorbeliefs.

4 The DecentralizedParticle Filter

4.1 BasicAlgorithm

Our approachrepresenteachplatform's posteriorbelief
by alocal particle lter (Doucetetal., 2001;Liu & Chen,
1998). The motivationfor usingparticle lters is two-fold.

For one,particle Iters canrepresentalmostarbitrarypos-
terior distributions;they arecertainlywell-suitedto accom-
modatethetypesof uncertaintythatarisein thedistributed
suneillancescenario More importantly particle lters es-
timateposteriorverentirepaths notjustthecurrentstate.
Put differently, eachparticle can be thoughtof asan en-

tire history or trajectory andthe setof all particlesrepre-
sentsan approximationof the posteriorover trajectories.
This well-known propertyof particle Iters (which is not

sharedby Kalman lters) makesthemwell-suitedfor the

typeof posteriorgequiredby our selectve communication
scheme.

In theparticle Iter , anagents posteriorp xor D! isrep-
resentedy a setof weightedsampler particles.We will
write x;,, for theith particlein this set,andw; for its weight.



We needto implementtwo differentoperationgor our par
ticle Iter: incorporationof new evidenceandpropagation
fromtimet totimet 1.

If agentl nds outanew measuremerdtj takenby agentj
attimet, we canincorporatehis evidenceby setting

W wipd X O]
wpd X

for alli. Thisis exactly the standardparticle Iter obsera-
tion updatewith asimpli cation because; d-separates;
from all othervariables.

To propagatdorwardatime step,we pick a particlexiO:t at
randomaccordingto theweightsw{ &;w. Thenwe sam-
pleanew particlex,, , fortimet 1accordingio

if Xor  Xot 7

_ PX 1 %
P Xor 1 o 0 otherwise

4.2 Communication

To implementthe query stepof our communicatioralgo-
rithm, we couldsendthesetof particlesthatcharacterizea
robot'slocalbelief. Sinceeachparticlecontainsasequence
of paststates,this messagemay still be prohibitively ex-
pensve. Thus,our approachemploys a nal approxima-
tion step: insteadof communicatingthe full particle set,
we only senda very small subsetof particles. In partic-
ular, a queryis composedf M randomlyselectedparti-
cles,whereeachparticlecontainsan entirestatetrajectory
(within a x edhistorywindow).

The robot that is being queried then searchedts local

databaséor the sensomeasuremerthatis mostinforma-
tive, measurediy the KL divergencecriterion described
above. It may chooseone of its own measurementsyr it

may passon a measuremenwhich it hasrecevedfrom a
third robot. The only restrictionwe imposeis thatit must
sendarelatively currentobsenation,thatis, onefrom some
timet t D. (Thisconditionis notoverly restrictive: old

measurementarefrequentlyuninformatve anyway. And,

it savesstorageandcomputationsincestatesandobsena-

tionsolderthant D maybediscarded.)

While our selectioralgorithmis somevhatsensitve to out-
liers (becausethey affect the posteriormore than other
measurementdo), we found it to be extremely effective
in our surweillanceapplication.

4.3 Re-simulation

Unfortunately the procedureas describedso far some-
timesresultsin large variancein the particles'importance
weights.Thisvariancecancausesomeimportanceneights
todropto zero,reducingtheeffectivenumberof particlesn
our lter andtherebywastingcomputation.Therearetwo

reasondor this behaior: rst, becausef communication
betweeragentourparticle lter recevesmoreobsenation
informationthanit would with just oneagents sensorslt
is well known that particle Iters behae poorly whenob-
senationsare very informative comparedo the proposal
distribution (Thrun & Fox, 2000). Secondjf our obsena-
tion comesfrom severalstepsin thepast(t  t), mary of
our particleswill have overlappinghistoriesattimet. That
meanghatwe will havefewer distinctimportanceveights,
andsothenormalizatiorstepwill introduceextravariance.

In orderto reducethe varianceof ourimportanceweights,
our approactperiodically re-simulateseachagents parti-

cle Iter. Thatis, it erasegart of the Iter' s history and
thenrunsit forwardagainto the currenttime incorporating
all collectedobsenationsattheappropriatdimes.Ourcur-

rentimplementationme-simulategrom timet wheneerwe

receive anobsenationfor sometimet  t. Re-simulation
is relatedto well-known techniquedor improving sample
diversityin particle Iters; for moredetailseeg.g., (vander
Merweetal.,2001).

5 Experimental Results

A systematicseriesof experimentsvasperformedto eval-
uatethe scalingpropertiesof our approach.Experiments
were performedboth in simulation and using physical
robots. Simulationenabledus to testthe ability of our al-
gorithm to scaleto large numbersof robots, whereasthe
physicaltestbedprovided us with insightsinto the practi-
cal effectivenes®f ourapproachn thecontet of anactual
robot system. In both casesthe scenarioinvolved a dis-
tributedtrackingtaskmotivatedby thelasertagproblem.A
teamof robotswastaslked to estimatea posteriordistribu-
tion over anopponent locationfrom laserrangedata. In
contrastto classicaldistributed tracking problems(Dolan
et al., 1999),the lasertag domainis characterizedy the
penasive occlusionof opponents. As a result, posterior
distributionsarehighly non-Gaussiaandmulti-modal.

5.1 Physical Robot Results

In a rst seriesof experiments,we collected data from
a team of four robotsin an indoor arenaof size 25 by
20 meters,shovn in Figure 4(a). The arenawas out t-

tedwith a numberof obstaclescausingsigni cant occlu-
sion problems. A belief tracker for theserobotswas de-
scribedin (Rosencrantzt al., 2003); however, the Iter

describedn thatpublicationis centralized.To evaluatethe
effectivenessof our communicationscheme we alsoim-
plementedan alternatve non-selectie algorithm of com-
municatingevery k-th sensomeasurementor an appro-
priatevalue of k. This algorithmis a non-selectie coun-
terpartto our approachit doesnotrespondo queriesand
it doesnot tailor its communicatiorto the particularun-
certaintyfacedby neighboringrobots. Thelack of aquery
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Figure 4: lllustration of the algorithm: Panel(a) shawvs the belief of the bottomrobotwith regardsto the possiblelocation
of anopponent.Panel(b) illustratesa querycommunicatedy the bottomrobot. In responsethe top robotdetermineghat
the measurementepresentedy the shadedareais mostinformative. After communicatingthis measuremerbackto the
bottomrobot,its posteriorbecomeshe oneshavn in Panel(c). Notethat(a) and(c) in this casearesimilar, thisis becausa
relatively old obsenation wasincorporatecandre-simulationhasallowed the the bottomrobotsdistribution to spreadagain

afterthatold obserationwasincorporated.

phaseeduceghetotal communicatioroverheadput atthe
expenseof communicatingneasurementsf inferior infor-
mation value. Thus, by comparingour approachto this
strav manapproachwe canevaluatethe practicalutility of
selectve informationexchange.

A simple exampleof our protocolin this domainis given
in Figure4. Two robots,illustratedby the two circularob-
jects,areattemptingo trackanopponen{notshowvn here).
Initially, the opponenis known to bein thetop left areof
the map. Thelocal posteriorof the bottomrobotis shavn
in Figure4a; it con nes the opponentto the occludedare
in thetop left of the map. Unfortunately the bottomrobot
doesnotsuney thetarmgetarea.A query selectedusingour
approaclby thebottomrobot,is shavnin Figure4b(some-
what idealizedfor visual clarity). Notice that this query
consistsof two paths,chosenfrom the bottomrobot's set
of particles. The shadedegion representshe obsenation
thetop robothaschoserasmostinformative andthesmall
squareshaov thetime alongeachtrajectorythatthe obser
vation appliesto. After communicatinghis measurement
backto thebottomrobot,the bottomrobot's belief evolves
to theoneshawn in Figure4c. Notice thatthis new belief
is similar to the oneit startedwith in Figure4a,thisis be-
causee-simulatiorhasallowedthebottomrobotsposterior
to spreadafterthis new obsenationwasincorporatedThe
re ects the fact that a given distribution can have a large
numberof potentialpasts. In generalwe will heedmary
obsenationsto rule outall impossiblehistories.

To evaluatethe performanceof our approachsystemati-
cally, we variedthe rate at which the teammembersex-
changeinformation, from three times a secondto once
every three seconds. Eachrate inducesa differenttotal
communicationbandwidth: in the non-selectie scheme,

the bandwidthis determinedby the sensormeasurements
thatare beingbroadcasthroughthe system.In the selec-
tive schemethe queriesaddadditionaloverheado theto-
tal bandwidth. Figure5 shaws the resultsof the compari-
son,for differentvaluesof the communicatiorbandwidth.
This graphis obtainedoy measuringhe KL-divergenceof
the resultingposteriorover x; from the posteriorachieved
by a particle Iter with full communicatior(usingLaplace
smoothingover a ne-grainedgrid to interpolatebetween
differentdiscretemeasurements)Eachpoint is averaged
over 6 runsandthe error barsindicatethe standarddevi-
ation at that point. This result shavs that our algorithm
outperformghe non-selectie alternatve asbandwidthbe-
comesrestricted. Put differently, our selectve communi-
cationschemdeadsto improved posteriorestimatesvhen
comparedo anon-selectiealternative. All of theseresults
were obtainedusing physicalrobot data,and they re ect
theperformancenecouldexpectin anactualroboticlaser
tagsetting.

5.2 Simulation Results

The physicaltestbedprohibitsus from conductingexperi-
mentswith largernumberof platforms.Thisis because¢he
numberof robotsavailableto usis limited. To investigate
thescalingabilitiesof ourapproachye developeda multi-
robotsimulatorcapableof handlingvery large numbersof
robots.

Figure 6 shows the performanceobtainedwith a simula-
tion of 50 robots.Shawvn therearetwo graphsonefor our
approachand one for the non-selectie counterpart.Each
graphis accompaniedy curvescharacterizing5% con-
dence intervals. As is easily seen,our algorithmoutper
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Figure 5: A comparisonof our methodwith an al-

ternatve whererobotssendtheir mostrecentobsera-

tion at varying frequencies.Our methodoutperforms
this alternatve, maintainingdistributionscloserto the

truth.

formsthe naive algorithm. It maintainsa satistctorily low
divergenceat lower bandwidths. The magin of improve-
mentis moresigni cant thanin the physicalrobot experi-
ment, which we attribute to the superiorscalingability to
large numberof robots. In conclusion,our approachcon-
sistentlygenerategxcellentstateestimationresultsin dy-
namicernvironmentausinga large numberof robots.

6 Discussion

We have presented scalableandrobust distributed parti-

cle Iter for dynamicervironments.n contrasto previous

researcton decentralizedltering, our approachcancope
with non-Gaussiamposteriorsand with dynamicerviron-

ments.Thekey technicalinnovationis a selectve commu-
nication schemethat enableindividual platformsto com-

municateghemostinformative pieceof informationto other
entities.Ourapproachutilizesparticle Iters, for whichthis

ideacanbeimplementecef ciently, andwhicharecapable
of representingnon-Gaussiaposteriors.

Systematiexperimentalesultsvereconductedn thecon-

text of a distributed sunwillance scenario,motivated by

a robotic laser tag testbedpresentlyunder development
at CMU. The results,using both simulationand physical
robots, illustrate the effectivenessof our approachwhen
comparedo a strav-manapproacltthatcommunicaten-

formationin a non-selectre way. Simulationswith up to

50robotsshav superiomperformancenf our approach.

Thereremainsereralopenguestionghatwarrantfuturere-
search.Chief of thoseopenquestionds a moreinformed
stratgy for composingqueriesthan randomselectionof
particles. Clearly, certain particlesare more suited for
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Figure 6: A comparisorof our methodwith analter
native whererobotssendheirmostrecentobsenation.
Our methodoutperformsthis alternatve, maintaining
distributions closerto the truth for a rangeof band-
widths.

gueryingneighborsthan others,and by taking advantage
of this the overall performancemay improve. The present
algorithm for generatinganswersis also limited, in that

it may favor outlier measurementsn the sheerbasisthat

they surprise.We arepresentlyseekingwaysto assesshe

information of measurementeelative to the true (but un-

known) posteriorto avoid communicatindnigh-noisemea-
surements.However, in our implementatiorthis is not a

problem largely becausef thelow degreeof noisein laser
rangemeasurements.

Anotherdirectionfor future work is the intelligent selec-
tion of which agentto query In ourimplementatiorrobots
chosewhich peerto communicatewith at randomfrom
their k nearesneighbors.This is a naturalchoicebecause
mary networks have the propertythat only nearbyagents
cancommunicateHowever, thisis nottheonly possibility,
and choosingcarefully whenthe underlyingnetwork can
offer more e xibility deseresattention.

Another open questionis how to improve re-simulation.
The re-simulationstepis the most computation-intensie

part of our algorithm; so, in future work we planto ex-

perimentwith waysto avoid re-simulatingas often. Pos-
sibilities includere-simulatingonly whentoo mary impor-

tanceweightsgetsmall, or re-simulatingonly someof the

particlesin our Iter. A nal opportunityis to extendour

approactto onein which entitiesconsidettheir controlob-

jectivein their compositionof queries.For example,in the

lasertag domain, robots seekopponentsand the choice
of particlesin a querycouldincorporatethelocationof al-

legedopponentsTo thatend,we believethatourdecentral-
izedinformationfusion approactopensnen opportunities
for thedecentralizeadontrol of teamsof mobilerobots.



Regardlessof theselimitations, we believe our that our
approachis uniquein its ability to accommodatenon-
Gaussiarposteriorsn astrictly decentralizedashion.Fur-
thermore,we believe that it is applicableto a numberof
distributedstateestimatiorproblemsn thecontext of ubig-
uitouscomputing.
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