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Abstract

This paperpresentsa scalableBayesiantech-
nique for decentralizedstate estimation from
multiple platformsin dynamicenvironments.As
haslong beenrecognized,centralizedarchitec-
tures imposesevere scaling limitations for dis-
tributed systemsdue to the enormouscommu-
nication overheads. We proposea strictly de-
centralizedapproachin which only nearbyplat-
formsexchangeinformation.They dosothrough
an interactive communicationprotocolaimedat
maximizing information �o w. Our approachis
evaluatedin thecontext of a distributedsurveil-
lancescenariothatarisesin a roboticsystemfor
playing the gameof lasertag. Our results,both
from simulationandusingphysicalrobots,illus-
trateanunprecedentedscalingcapabilityto large
teamsof vehicles.

1 Intr oduction

In recent years, probabilistic tracking techniqueshave
foundwidespreadapplicationin computervision (Isard&
Blake,1998),diagnostics(Lerneretal.,2002;Vermaetal.,
2003),modeling(Rusinkiewicz& Levoy, 2001),intelligent
environments(Pasulaet al., 1999), and robotics (Thrun,
2002). Virtually all state-of-the-artapproachesarebased
on the basic Bayes �lter (Jazwinsky, 1970; Maybeck,
1990). While Bayes�lters (andderivatives)areeasilyde-
�ned for centralizedarchitectures,in which a singlecom-
putationalnodereceivesall sensordata,they have proven
dif�cult to extendto distributedsystems.

In distributedsystemssensordatais acquiredthroughmul-
tiple platformsandthecommunicationbetweentheseplat-
formsis themajorbottleneck.Examplesof distributedsys-
temsincludeagentson the Internet,environmentsinstru-
mentedwith many sensors,multi-camerasurveillancesys-
tems,andteamsof mobilerobotspursuinga joint goal.

Thesimplestkindof architecturefor stateestimationiscen-
tralized. In centralizedarchitectures,all platformscom-
municateall sensordatato a single specialagent,which
processesit centrallyandbroadcaststheresultingstatees-
timatebackto the individual platforms.Suchanapproach
suffersfrom two problems:First, it is brittle becauseit pos-
sessesasinglepointof failure.Second,theenormouscom-
municationoverheadoften prohibits its use in situations
with more than a few dozenplatforms. Both limitations
havelongbeenrecognizedin thedecentralizedtrackinglit-
erature(Raoet al., 1993).

Decentralizedarchitectures,by contrast,rely oncommuni-
cationbetweennearbyplatforms. By doing so, the num-
ber of messagesthat eachplatform sendsor receives is
independentof the total numberof platformsin the sys-
tem. This propertyensuresscalability to distributedsys-
temswith (almost)any numberof platforms.

In a recentresult(Nettletonet al., 2000),it wasshown that
scalabledecentralizedstateestimationcanbeachievedfor
staticenvironmentswith Gaussianerror—that is, environ-
mentswherethe statedoesnot changeover time andob-
servationsare(approximately)linearfunctionsof thestate
with Gaussianerror. The key insight in (Nettletonet al.,
2000)is that in staticworlds, informationcanbeaccumu-
latedat any time andin any order, regardlessof thetime at
which it wasacquired.Furthermore,becauseof thesimple
form of the observations,thereis a simple algorithm for
accumulatinglocal evidencein the form of additive infor-
mationmatrices.Unfortunately, the “trick” of additive in-
formationworksonly for distributions(suchasGaussians)
whicharein theexponentialfamily. Attemptsto applysim-
ilar ideasto moregeneralobservationstendto leadto over-
con�dent stateestimates(Fox et al., 2000). More impor-
tantly, suchapproachesareinapplicableto dynamicenvi-
ronments,sincewe areno longerfreeto incorporateinfor-
mationin any order.

This paperextendsprevious researchin two critical di-
rections: our decentralized�lter can copewith dynamic
environmentsand it can handlenon-Gaussianposteriors.
As in (Nettleton et al., 2000), eachplatform maintains



Figure 1: The CMU lasertag systemconsistsof six
robotsbasedonPioneerandScoutplatforms,of which
� ve areshown here.Therobotsareequippedwith in-
fraredemittersanddetectors.Navigation is achieved
using the CARMEN software system(Montemerlo
et al., 2002).

its own Bayesianstateestimate,computedfrom its local
sensormeasurementsandinformationreceivedfrom other
(nearby)platforms. In contrastto (Nettletonet al., 2000),
however, eachplatformmaintainsa belief overstatehisto-
riesinsteadof justsinglestates.As weshallseebelow, this
extensionenablesour approachto copewith dynamicen-
vironments.However, keepingthisextrainformationintro-
ducesa new problem: becausethe spaceof possiblestate
historiesis so large, it is no longer feasibleto represent,
communicate,or incorporateevidenceaboutfull histories
directly.

Thekey innovationof ourapproachis aselectivecommuni-
cationschemewhichneverattemptsto sendevidenceabout
full historiesaroundthenetwork. Our algorithmtakesthe
form of a query-responseprotocol. Platformsquerytheir
neighborsby sendingcompactsummariesof their poste-
rior beliefs. The neighborskeepdatabasesof pastsensor
measurements,andrespondby sendingthemostinforma-
tive pieceof evidencein their local memory. So, informa-
tionexchangeisef�cient, andourcommunicationoverhead
canbekeptto a minimum.

Our approachhas been implementedfor a distributed
surveillancescenario(Dolanet al., 1999)motivatedby on-
going researchon a robotic lasertagsystem(Rosencrantz
et al., 2003). This domaininvolves two teamsof robots
pursuingeachotherin anindoorenvironment,taggingeach
otherusinginfraredemitters(seeFigure1). Thedomainis
characterizedby massive occlusion,asopponentsareusu-
ally hiddenbehindobstacles.This naturallyleadsto non-
Gaussian,multi-modal beliefs, as illustratedin Figure 2.
So,our implementationusesparticle�lters (Doucetet al.,
2001;Liu & Chen,1998)to estimatenon-Gaussianposte-
riorsoverstatesequences.

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

Figure2: A typicalbelief in robotlasertag.Thesmall
circlesarerobots. This belief is from the perspective
of robot A who is sharinginformationwith its team-
mateB. Together, they aretrackingopponentsC and
D. Thebelief D's positionis highly non-Gaussian,as
illustratedby theparticles.

problemof queryinga network of sensorsto provide an
answerfor an externalparty, whereaswe areinterestedin
scenarioswherethe sensorsarealsothe consumersof in-
formation, in particularwhereeachneedsto maintainan
accurateposterior. Becauseof this their techniquedoes
not provide a mechanismto disseminaterelevant informa-
tion to all sensornodes.Nor doesit allow new sensorsto
join thenetwork andcontributeobservationsthatwerecol-
lectedat somepoint in the past,whereasour algorithmis
speci�cally designedfor suchsituations. Therehasalso
beensomework toward deriving generalminimum dis-
tortion boundsfor certain topologiesof sensornetworks
(Chenet al., 2001),in contrastwe will exploit featuresof
ourdomainto simplify our problem.

Our approachextendspreviouswork on multi-robottrack-
ing (Rosencrantzetal.,2003)(whichrequiredacentralized
tracker) to a fully decentralizedsystem. As a result,our
approachperformswell using50 robots(in simulation);in
fact, it consistentlyoutperformsalternative decentralized
algorithms. To the bestof our knowledge,suchscalabil-
ity is unprecedentedin a dynamicenvironment. We also
provide resultsobtainedusingour physicalrobot system,
albeitwith many fewer robotsperteam.

2 The DecentralizedBayesFilter

2.1 Static Envir onments

To goal of Bayesianstateestimationis to calculatea pos-
terior distribution over thestate.Let us denotestateby x.
Naturally, thestateis not directly observablebut hasto be
inferredfrom data.Let usdenotethenumberof platforms



(robots)by N. The dataacquiredby the i-th platform at
time t will be denoteddi

t ; herethe subscriptrefersto the
timeandthesuperscriptto theplatformidentity. Thesetof
all dataitemscollectedbetweentheinitial time,denoted0,
andtimet, will becollectively denotedby di

0:t . Thedesired
posterioris givenby

p
�

x � d1
0:t ���������

dN
0:t �

(1)

The posteriorcanbe convenientlycalculatedby combin-
ing localposteriors,obtainedby integratingthesensordata
acquiredby a localplatform.To see,we notethat
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Here p
�

x � dt
0:t �

is the local posteriorof the i-th platform,
andp

�

x
�

is simply theprior over thestate.Theratio of the
two is theevidenceaccumulatedby the ith platformabout
thestatex.

For beliefs from the exponentialfamily (e.g.,Gaussians),
eachagent'sevidencecanbecalculatedin closedform and
can be representedby a messageof �x ed size no matter
how many observationsthe agenthasseen.Furthermore,
theproductin Eq.(2) canbecalculatedin closedform and
in arbitraryorder:whenwe�nd outtheevidencefrom each
agentwe canjust multiply it into a runningtotal (or addit
in if weareaccumulatingona log scale).

Theseinsightsmake possibleseveral importantcomputa-
tional simpli�cations: if an agentupdatesits evidenceall
we needto do is divide out theold evidenceandmultiply
in the new; and if we have evidenceavailable from sev-
eralplatformswe cancombineit all into a singlemessage
beforepassingit to our neighbors.In this way, a globally
consistentresult can be achieved using a communication
structurewhereonly neighborscommunicate,and where
thenumberof messagesperplatformis independentof the
numberof platforms.This observationformsthecoreof a
literatureon decentralizedsensorfusion,of which (Nettle-
tonet al., 2000)is anexample.

2.2 Dynamic Envir onments

Unfortunately, extendingthis approachto dynamicenvi-
ronmentsis not straightforward.In dynamicenvironments,
the statecanchangeover time; so, we mustannotatethe
statewith a time index. We will write xt for the stateat
timet, andx0:t for thesequenceof all statesfrom time 0 to
t. Unfortunately, the factorizationin Eq. (2) doesnot ap-
ply if thestaticstatex is replacedby thedynamicstatext .
To seewhy, considertheexamplein Figure3. This �gure

(a) (b)

(c) (d)

Figure 3: Illustration of why combining posterior
statesof individualplatformsyieldsfalseresultsin dy-
namicenvironments.Seetext for details.

illustratesadistributedsurveillanceproblem,with two plat-
formsindicatedby circleswith directionmarkers.Suppose
thattheopponentis known to startoff in theshadedregion
of Figure 3a. Becausethe opponentcan move, at some
point in timet thelocalposteriorp

�

x � di
0:t �

of thetoprobot
is illustratedby the shadedregion in Figure3b. The pos-
terior of the otherrobot is symmetrical(not shown here).
Combiningbothposteriorsusingtherule (2) leadsto adis-
tributionshown in Figure3c. Thisdistribution is incorrect:
it suggeststhe opponentcould have slipped through the
robots' perceptual�elds. Thecorrectposterior(for robots
with perfectdetection)is shown in Figure3d. Suchaposte-
rior cannotbeobtainedby combiningthetwo robots' mo-
mentarybeliefs. This exampleillustrateswhy the simple
form (2) is inapplicableto dynamicenvironments.

Theobvioussolutionto thisproblemis to estimatethepos-
terior over the entirestatesequencex0:t , not just the mo-
mentarystatext . In particular, the following factorization
applies(with essentiallythesamederivationasin Eq.2):
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Unfortunately, the dimensionof the evidence
p 
 x0:t �

di
0:t �

p 
 x0:t
�

grows over time. So, we canno longercommunicateall
of ourevidencein a �x ed-sizemessage.

3 Approximating the BayesFilter

Theaboveargumentdemonstratesthat,in general,wecan-
not combinetwo piecesof evidenceinto a compactrepre-
sentationunlessthey referto thesamestateof theworld. In
a dynamicenvironment,thatmeanswe canonly combine
two observationsif they weregatheredsimultaneously;for
example,we couldcombinesensorreadingstakenby two
differentagentson thesametimestep.



Dependingon the detailsof our observation model,com-
bining simultaneously-gatheredevidencemay or may not
save any bandwidth. For example, in a d-dimensional
linear-Gaussianmodel suchas the one studiedby (Net-
tleton et al., 2000),eachobservation takesO

�

d
�

spaceto
store. We cancombinearbitrarily many observationsinto
a d � d evidencematrix, but doing so only savesspaceif
we have W

�

d
�

separateobservations. Usuallysensorplat-
formsarescarcecomparedto landmarks,soit is notworth
combiningevidence.

In our target applicationof lasertag, it is even harderto
take advantageof theability to combinesimultaneousob-
servations:ourobservationsarelaserrangescansof asmall
portionof a map.We cancombinearbitrarily many obser-
vationsinto a datastructurethesizeof a mapof theworld,
but this processwill not save usany spaceunlesswe have
enoughagentsthattheirvisible regionsoverlapandtile the
entiremap.

Sincewecannotpro�tably combineevidence,andsincewe
cannotafford to communicateall evidence,our algorithm
mustinsteaddecidewhich evidenceis worth sending.The
remainderof this sectiondescribeshow we doso.

3.1 Selectivecommunication

The key ideaof our approachis to selectively communi-
cateonly themostinformativesensormeasurements.More
speci�cally, our approachapproximatesthedesiredposte-
rior asfollows:

p
�

x0:t � d1
0:t ���������

dN
0:t �

� p
�

x0:t � d1
0:t �

d2
0:t ���������

dN
0:t �

(3)

Herewe assume,for notationalconvenience,that theplat-
form of interesthasindex i � 1; thedatad1

0:t in (3) is hence
the local dataacquiredby platform i � 1. Eachd j

0:t with
j

�

� i, however, is asubsetof thedataacquiredby platform
j:

dj
0:t �

d j
0:t (4)

Thus,(3) is an approximation.This approximationis jus-
ti�ed whensensordatais locally redundant,asis thecase
in oursurveillanceapplication.In thisandmany othersce-
narios,a smallnumberof measurementssuf�ces to obtain
anaccurateapproximation.

Thecrux to theef�ciency of our approach,thus,lies in the
appropriatechoiceof the setd j

0:t . A simplechoicewould
beto communicateevery k-th measurement,for anappro-
priatevalueof k. However, suchanapproachwould notbe
very speci�c; it would risk communicatinguninformative
sensormeasurementswhile omittingonesthataremorein-
formative. In what follows, we will describea communi-
cationschemethatleadsto theexchangeof approximately
maximallyinformativesensormeasurements.

3.2 SelectingInf ormativeMeasurementsfor
Communication

Thekey contributionof our approachis a protocolthaten-
ablesplatformsto selectively communicatemeasurements
thataremaximallyinformative. Theinformationof a mea-
surementis given by its relative entropy. Let d j

t be a
measurementin robot's j local database,andwrite D1 �

�

d1
0:t �

d2
0:t ���������

dN
0:t �

for the dataavailableto robot 1. Then
theinformationof d j

t relative to the1strobot's local belief
is givenby

q
�

d j
t

�

� DKL

�

p
�

x0:t � D1
�

� � p
�

x0:t � D1
�

d j
t

���

(5)

HereDKL denotestheKL divergence.The mostinforma-
tive measurementis obtainedby maximizingthis expres-
sion: Åd j

t
� argmaxt q

�

d j
t

�

. For the j-th robotto identify the
mostinformative measurementrequiresknowledgeof an-
otherrobot's posteriorbelief. Thus,our approachrequires
the communicationof the belief of a robot. This belief is
a “query,” andthe“answer”is themostinformativesensor
measurementin thedatabaseof anotherentity.

Unfortunately, communicating the belief can be pro-
hibitively expensive. In particular, thebelief comprisesall
paststates,notjustthemostrecentone.Onthisbasisalone,
it mightappearthatourselective informationschemeis in-
ef�cient. It merely shifts communicationoverheadfrom
theexchangeof informationto theexchangeof queries.In
thenext section,however, we will describeanef�cient im-
plementationthat communicateshighly compactapproxi-
mateposteriorbeliefs.

4 The DecentralizedParticle Filter

4.1 BasicAlgorithm

Our approachrepresentseachplatform's posteriorbelief
by a local particle�lter (Doucetet al., 2001;Liu & Chen,
1998).Themotivationfor usingparticle�lters is two-fold.
For one,particle�lters canrepresentalmostarbitrarypos-
teriordistributions;they arecertainlywell-suitedto accom-
modatethetypesof uncertaintythatarisein thedistributed
surveillancescenario.More importantly, particle�lters es-
timateposteriorsoverentirepaths,notjustthecurrentstate.
Put differently, eachparticlecanbe thoughtof asan en-
tire historyor trajectory, andthesetof all particlesrepre-
sentsan approximationof the posteriorover trajectories.
This well-known propertyof particle �lters (which is not
sharedby Kalman�lters) makesthemwell-suitedfor the
typeof posteriorsrequiredby ourselectivecommunication
scheme.

In theparticle�lter , anagent'sposteriorp
�

x0:t � D1
�

is rep-
resentedby asetof weightedsamplesor particles.We will
write xi

0:t for theith particlein thisset,andwi
t for its weight.



Weneedto implementtwo differentoperationsfor ourpar-
ticle �lter: incorporationof new evidence,andpropagation
from timet to timet � 1.

If agent1 �nds outanew measurementd j
t takenby agentj

at time t , we canincorporatethis evidenceby setting

wi
t �

wi
t p

�

d j
t � xi

0:t �

(6)
� wi

t p
�

d j
t � xi

t �

for all i. This is exactly thestandardparticle�lter observa-
tion update,with asimpli�cation becausext d-separatesd j

t
from all othervariables.

To propagateforwarda time step,we pick a particlexi
0:t at

randomaccordingto theweightswi
t

�

å i w
i
t . Thenwe sam-

plea new particlex�0:t � 1 for timet � 1 accordingto

P
�

x�0:t � 1 � x0:t
�

���

p
�

x�t � 1 � x�t �

if x�0:t
� x0:t

0 otherwise
(7)

4.2 Communication

To implementthe querystepof our communicationalgo-
rithm,wecouldsendthesetof particlesthatcharacterizesa
robot'slocalbelief. Sinceeachparticlecontainsasequence
of paststates,this messagemay still be prohibitively ex-
pensive. Thus,our approachemploys a �nal approxima-
tion step: insteadof communicatingthe full particle set,
we only senda very small subsetof particles. In partic-
ular, a query is composedof M randomlyselectedparti-
cles,whereeachparticlecontainsanentirestatetrajectory
(within a �x edhistorywindow).

The robot that is being queried then searchesits local
databasefor thesensormeasurementthat is mostinforma-
tive, measuredby the KL divergencecriterion described
above. It may chooseoneof its own measurements,or it
may passon a measurementwhich it hasreceived from a
third robot. Theonly restrictionwe imposeis that it must
sendarelativelycurrentobservation,thatis,onefrom some
timet � t � D. (Thisconditionis notoverly restrictive: old
measurementsarefrequentlyuninformativeanyway. And,
it savesstorageandcomputation,sincestatesandobserva-
tionsolderthant � Dmaybediscarded.)

While ourselectionalgorithmis somewhatsensitiveto out-
liers (becausethey affect the posteriormore than other
measurementsdo), we found it to be extremelyeffective
in our surveillanceapplication.

4.3 Re-simulation

Unfortunately, the procedureas describedso far some-
timesresultsin largevariancein theparticles' importance
weights.Thisvariancecancausesomeimportanceweights
todropto zero,reducingtheeffectivenumberof particlesin
our �lter andtherebywastingcomputation.Therearetwo

reasonsfor this behavior: �rst, becauseof communication
betweenagentsourparticle�lter receivesmoreobservation
informationthanit would with just oneagent's sensors.It
is well known thatparticle�lters behave poorly whenob-
servationsarevery informative comparedto the proposal
distribution (Thrun& Fox, 2000). Second,if our observa-
tion comesfrom severalstepsin thepast(t 	 t), many of
ourparticleswill haveoverlappinghistoriesat timet . That
meansthatwewill havefewerdistinctimportanceweights,
andsothenormalizationstepwill introduceextravariance.

In orderto reducethevarianceof our importanceweights,
our approachperiodicallyre-simulateseachagent's parti-
cle �lter . That is, it erasespart of the �lter' s history and
thenrunsit forwardagainto thecurrenttime incorporating
all collectedobservationsat theappropriatetimes.Ourcur-
rentimplementationre-simulatesfrom timet wheneverwe
receive anobservationfor sometime t 
 t. Re-simulation
is relatedto well-known techniquesfor improving sample
diversityin particle�lters; for moredetailsee,e.g., (vander
Merweet al., 2001).

5 Experimental Results

A systematicseriesof experimentswasperformedto eval-
uatethe scalingpropertiesof our approach.Experiments
were performedboth in simulation and using physical
robots. Simulationenabledus to testtheability of our al-
gorithm to scaleto large numbersof robots,whereasthe
physicaltestbedprovidedus with insightsinto the practi-
caleffectivenessof ourapproachin thecontext of anactual
robot system. In both cases,the scenarioinvolved a dis-
tributedtrackingtaskmotivatedby thelasertagproblem.A
teamof robotswastasked to estimatea posteriordistribu-
tion over anopponent's locationfrom laserrangedata. In
contrastto classicaldistributed trackingproblems(Dolan
et al., 1999), the lasertag domainis characterizedby the
pervasive occlusionof opponents. As a result, posterior
distributionsarehighly non-Gaussianandmulti-modal.

5.1 PhysicalRobot Results

In a �rst seriesof experiments,we collecteddata from
a team of four robots in an indoor arenaof size 25 by
20 meters,shown in Figure 4(a). The arenawas out�t-
tedwith a numberof obstacles,causingsigni�cant occlu-
sion problems. A belief tracker for theserobotswasde-
scribedin (Rosencrantzet al., 2003); however, the �lter
describedin thatpublicationis centralized.To evaluatethe
effectivenessof our communicationscheme,we also im-
plementedan alternative non-selective algorithmof com-
municatingevery k-th sensormeasurement,for an appro-
priatevalueof k. This algorithmis a non-selective coun-
terpartto our approach;it doesnot respondto queries,and
it doesnot tailor its communicationto the particularun-
certaintyfacedby neighboringrobots.Thelack of a query



Top Robot
Bottom Robot

(a) (b) (c)

Figure 4: Illustrationof thealgorithm: Panel(a) shows thebelief of thebottomrobotwith regardsto thepossiblelocation
of anopponent.Panel(b) illustratesa querycommunicatedby thebottomrobot. In response,thetop robotdeterminesthat
the measurementrepresentedby the shadedareais most informative. After communicatingthis measurementbackto the
bottomrobot,its posteriorbecomestheoneshown in Panel(c). Notethat(a)and(c) in this casearesimilar, this is becausea
relatively old observationwasincorporatedandre-simulationhasallowedthethebottomrobotsdistribution to spreadagain
afterthatold observationwasincorporated.

phasereducesthetotalcommunicationoverhead,but at the
expenseof communicatingmeasurementsof inferior infor-
mation value. Thus, by comparingour approachto this
straw manapproachwe canevaluatethepracticalutility of
selective informationexchange.

A simpleexampleof our protocolin this domainis given
in Figure4. Two robots,illustratedby thetwo circularob-
jects,areattemptingto trackanopponent(notshown here).
Initially, theopponentis known to be in thetop left areof
themap. The local posteriorof thebottomrobot is shown
in Figure4a; it con�nes the opponentto the occludedare
in thetop left of themap.Unfortunately, thebottomrobot
doesnotsurvey thetargetarea.A query, selectedusingour
approachby thebottomrobot,is shown in Figure4b(some-
what idealizedfor visual clarity). Notice that this query
consistsof two paths,chosenfrom the bottomrobot's set
of particles.Theshadedregion representstheobservation
thetop robothaschosenasmostinformativeandthesmall
squaresshow thetime alongeachtrajectorythattheobser-
vationappliesto. After communicatingthis measurement
backto thebottomrobot,thebottomrobot'sbelief evolves
to theoneshown in Figure4c. Notice that this new belief
is similar to theoneit startedwith in Figure4a,this is be-
causere-simulationhasallowedthebottomrobotsposterior
to spreadafterthis new observationwasincorporated.The
re�ects the fact that a given distribution canhave a large
numberof potentialpasts. In generalwe will needmany
observationsto ruleoutall impossiblehistories.

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

the bandwidthis determinedby the sensormeasurements
thatarebeingbroadcastthroughthesystem.In theselec-
tive scheme,thequeriesaddadditionaloverheadto theto-
tal bandwidth.Figure5 shows the resultsof thecompari-
son,for differentvaluesof thecommunicationbandwidth.
This graphis obtainedby measuringtheKL-divergenceof
the resultingposteriorover xt from theposteriorachieved
by a particle�lter with full communication(usingLaplace
smoothingover a �ne-grainedgrid to interpolatebetween
differentdiscretemeasurements).Eachpoint is averaged
over 6 runsand the error barsindicatethe standarddevi-
ation at that point. This result shows that our algorithm
outperformsthenon-selectivealternativeasbandwidthbe-
comesrestricted. Put differently, our selective communi-
cationschemeleadsto improvedposteriorestimateswhen
comparedto anon-selectivealternative. All of theseresults
wereobtainedusingphysicalrobot data,and they re�ect
theperformanceonecouldexpectin anactualroboticlaser
tagsetting.

5.2 Simulation Results

Thephysicaltestbedprohibitsus from conductingexperi-
mentswith largernumberof platforms.This is becausethe
numberof robotsavailableto us is limited. To investigate
thescalingabilitiesof ourapproach,wedevelopedamulti-
robotsimulatorcapableof handlingvery largenumbersof
robots.

Figure6 shows the performanceobtainedwith a simula-
tion of 50 robots.Shown therearetwo graphs,onefor our
approachand one for the non-selective counterpart.Each
graphis accompaniedby curvescharacterizing95% con-
�dence intervals. As is easilyseen,our algorithmoutper-
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Figure 5: A comparisonof our methodwith an al-
ternative whererobotssendtheir mostrecentobserva-
tion at varying frequencies.Our methodoutperforms
this alternative, maintainingdistributionscloserto the
truth.

formsthenaivealgorithm.It maintainsasatisfactorily low
divergenceat lower bandwidths.The margin of improve-
mentis moresigni�cant thanin thephysicalrobotexperi-
ment,which we attribute to the superiorscalingability to
largenumberof robots. In conclusion,our approachcon-
sistentlygeneratesexcellentstateestimationresultsin dy-
namicenvironmentsusinga largenumberof robots.

6 Discussion

We have presenteda scalableandrobustdistributedparti-
cle �lter for dynamicenvironments.In contrastto previous
researchon decentralized�ltering, our approachcancope
with non-Gaussianposteriorsand with dynamicenviron-
ments.Thekey technicalinnovationis a selectivecommu-
nicationschemethat enableindividual platformsto com-
municatethemostinformativepieceof informationtoother
entities.Ourapproachutilizesparticle�lters, for whichthis
ideacanbeimplementedef�ciently , andwhicharecapable
of representingnon-Gaussianposteriors.

Systematicexperimentalresultswereconductedin thecon-
text of a distributed surveillancescenario,motivatedby
a robotic laser tag testbedpresentlyunder development
at CMU. The results,usingboth simulationandphysical
robots, illustrate the effectivenessof our approachwhen
comparedto a straw-manapproachthatcommunicatesin-
formationin a non-selective way. Simulationswith up to
50 robotsshow superiorperformanceof ourapproach.

Thereremainseveralopenquestionsthatwarrantfuturere-
search.Chief of thoseopenquestionsis a moreinformed
strategy for composingqueriesthan randomselectionof
particles. Clearly, certain particlesare more suited for
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Figure 6: A comparisonof our methodwith analter-
nativewhererobotssendtheirmostrecentobservation.
Our methodoutperformsthis alternative, maintaining
distributions closerto the truth for a rangeof band-
widths.

queryingneighborsthanothers,andby taking advantage
of this theoverall performancemay improve. Thepresent
algorithm for generatinganswersis also limited, in that
it may favor outlier measurementson the sheerbasisthat
they surprise.We arepresentlyseekingwaysto assessthe
informationof measurementsrelative to the true (but un-
known)posterior, to avoid communicatinghigh-noisemea-
surements.However, in our implementationthis is not a
problem,largelybecauseof thelow degreeof noisein laser
rangemeasurements.

Anotherdirection for future work is the intelligent selec-
tion of whichagentto query. In our implementationrobots
chosewhich peer to communicatewith at randomfrom
their k nearestneighbors.This is a naturalchoicebecause
many networks have the propertythat only nearbyagents
cancommunicate.However, this is not theonly possibility,
andchoosingcarefully whenthe underlyingnetwork can
offer more�e xibility deservesattention.

Another openquestionis how to improve re-simulation.
The re-simulationstepis the most computation-intensive
part of our algorithm; so, in future work we plan to ex-
perimentwith waysto avoid re-simulatingasoften. Pos-
sibilities includere-simulatingonly whentoomany impor-
tanceweightsgetsmall,or re-simulatingonly someof the
particlesin our �lter . A �nal opportunityis to extendour
approachto onein whichentitiesconsidertheircontrolob-
jective in their compositionof queries.For example,in the
laser tag domain, robotsseekopponents,and the choice
of particlesin a querycouldincorporatethelocationof al-
legedopponents.To thatend,webelievethatourdecentral-
ized informationfusionapproachopensnew opportunities
for thedecentralizedcontrolof teamsof mobilerobots.



Regardlessof theselimitations, we believe our that our
approachis unique in its ability to accommodatenon-
Gaussianposteriorsin astrictly decentralizedfashion.Fur-
thermore,we believe that it is applicableto a numberof
distributedstateestimationproblemsin thecontext of ubiq-
uitouscomputing.
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