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Abstract

Multi-Object tracking (MOT) is an importantproblemin a numberof
vision applications. For particle �lter (PF) tracking,as the numberof ob-
jects tracked increases,the searchspacefor randomsamplingexplodesin
dimension.Partitionedsampling(PS)solvesthisproblemby partitioningthe
searchspace,thensearchingeachpartition sequentially. However, sequen-
tial weightedresamplingstepscauseanimpoverishmenteffect thatincreases
with the numberof objects. This effect dependson the speci�c order in
which thepartitionsareexplored,creatinganerraticandundesirableperfor-
mance.We proposea methodto searchthestatespacethatfairly distributes
theseimpoverishmenteffectsbetweentheobjectsby de�ning a setof mix-
turecomponentsandperformingPSin eachof thesecomponentsusingone
of a small setof representative objectorderings. Using syntheticand real
data,we show thatour methodretainstheoverall performanceandreduced
computationalcostof PS,while improving performancein sceneswherethe
impoverishmenteffect is signi�cant.

1 Intr oduction
With the multitudeof applicationsin surveillance,HCI, etc.,MOT constitutesa active
areain computervision. Amongthedifferentapproaches,SequentialMonteCarlo(SMC)
[3] hasenjoyeda greatdealof success,aswitnessedby thepublishedliterature[5, 6, 9,
4, 7, 10, 11]. The SMC approach,alsoknown asparticle �ltering (PF), is a technique
for implementingrecursive Bayesian�ltering by Monte Carlo simulations.Essentially,
PFsperform a randomsearchin a con�guration space. For a state-spacemodel, PFs
recursively approximatethe�ltering distribution of statesgivenobservationsusinga set
of weightedsamples(particles),a dynamicalmodel,andrandomsampling.This is done
by predictingcandidatecon�gurationsandthenmeasuringtheir likelihood.

Theproblemof visually trackinga singleobjectis well studied:goodobjectmodels
have beendevelopedandshow goodperformance[12, 7]. Many issuesstill exist in the
caseof MOT including multi-objectrepresentation[10, 11], handlingvariablenumbers
of objects[9, 4], interacting-partsobjectmodels[5, 6], andsamplingstrategies[5, 6].

For our work, anexplicit representationof thejoint multi-objectdistribution [5, 4] is
usedasit constitutesasound,rigorousimplementationof theMOT problem.Becausethe
statespacedirectlyrepresentsthejoint objectcon�gurations,interactionscanbeformally
modeled[5], andconceptslike themeancon�gurationretaintheir physicalmeaning.

Although formal and conceptuallysimple, the explicit representationhasa strong
limitation: the cost to explore a multi-objectstatespacewith particlesgrows (roughly)
exponentiallywith the numberof objects[5, 6]. To overcomethis problem,complex



samplingstrategiesor strongpriorsareneededto placeparticlesmoreeffectively. Such
samplingstrategiesattemptto explore the statespacein an ef�cient mannerto improve
predictionusinga suiteof statisticaltechniques.Examplesincludelayeredsampling[8],
annealedimportancesampling[2], hybridMonte-Carlo[1], andPS[5].

PStacklesthedimensionalityproblemby separatingtheparametersinto “partitions”
by object,andthensearchingwithin eachobjectsparameterspaceby applyingdynamic
processesandperformingweightedresampling.It is an attractive methodbecauseit is
mathematicallyrigorous,signi�cantly reducescomputation,andtracksrobustly. We will
show thatfor thesamecomputationalcost,a MOT PFwith PSsigni�cantly outperforms
a traditionalMOT PF.

In this paper, we show that, in practice,the sequentialweightedresamplingsteps
causea kind of impoverishmentin theparticlesetwhich adverselyaffectsthe represen-
tationandcompromisestrackingperformance.Theseverity of theimpoverishmenteffect
dependson theorder in which thepartitionsare exploredandincreasesasmoreobjects
areadded. A key advantageof PF tracking is that PFsdealwell with oneof the most
dif�cult problemsin tracking,recoveringfrom occlusion.However, wewill show thatthe
impoverishmenteffect in PSseverelyimpedesits ability to recover from occlusion.

Thus,we formulatea solutionto this problemin the form of distributedpartitioned
sampling(DPS).TheconceptbehindDPSis to sharetheburdenof impoverishmentfrom
PS betweenthe objectsby splitting the distribution into a set of mixture components;
andchoosinga numberof differentorderingsto treat the partitions. We show through
experimentationthatDPSretainsthecomputationalbene�t of PS,while exhibitingsimilar
or bettertrackingperformanceandreducingtheimpoverishmenteffect.

This paperis organizedasfollows. Section2 describesparticle�lters for MOT. Sec-
tion3 detailsPS,outlinesasetof trackingperformancemeasures,andusesthesemeasures
to explorethelimitationsof PSon syntheticdata.In Section4, DPSis formulated.Sec-
tion 5 comparesDPS,PS,andNon-PSon several real andsyntheticdatasequences.In
Section6 conclusionsandfuturework arepresented.

2 Particle Filters for Multi-Object Tracking
Givenanobjectrepresentationanda Markov state-spacemodel,theproblemof tracking
multiple objectscanbeapproachedastherecursive estimationof thehiddenstatesf xtg
belongingto amulti-objectcon�gurationxt = (M;x1:M

t ) = (M;x1
t ; :::;xM

t ) from measure-
mentsf ytg extractedfrom avideosequence,whereM is thenumberof objects.Bayesian
�ltering computesthedistribution p(xt jy1:t) recursively by

p(xt jy1:t) µ p(yt jxt)
Z

xt� 1

p(xt jxt� 1)p(xt� 1jy1:t� 1)dxt� 1; (1)

wherey1:t = (y1; :::;yt ). Assumingthe distribution at time t � 1 is available,the multi-
objectdynamicalmodel p(xt jxt� 1) andthepreviousdistribution p(xt� 1jy1:t� 1) areused
to computea predictiondistribution p(xt jy1:t� 1) (the integral from Equation1) in the
predictionstep. The predictiondistribution becomesthe prior for the updatestepus-
ing Bayes' rule to generatethe current�ltering distribution p(xt jy1:t) whereit is mul-
tiplied by the multi-object likelihood p(yt jxt). Usually, exact inferenceof this model
is intractable. SMC methodsareemployed to approximateEq. 1 for non-linear, non-
Gaussianproblemsusinga setof weightedsamplesor particlesf (x(i)

t ;w(i)
t ); i = 1; :::;Ng

by p̂N(xt jy1:t) = å N
i= 1w(i)

t d(xt � x(i)
t ), whereN is thenumberof particles.Theprediction

steppropagateseachparticleaccordingto the multi-objectdynamics,andthe updating



stepreweightsthemusing their likelihood,w(i)
t µ w(i)

t� 1p(yt jx
(i)
t ): Resamplingis neces-

saryto avoid degradationof theparticleset[3].
In our implementation,the statefor eachobject is de�ned as a continuousvector

x j = (u j ;v j ;a j ) where(u j ;v j ) arecontinuousimagecoordinates,anda j is a continuous
scaleparameter. For our work, M remains�x ed but the ideaspresentedin this paper
canbeextendedto dealwith a variablenumberof objects[4]. Themulti-objectdynamic
processconsistsof M AR2 processesde�ned for eachobjectasx j

t = x j
t� 1 + 0:5(x j

t� 1 �

x j
t� 2) + s w j

t wheres is a diagonalmatrix of diagonal(s u sv sa ) andwt is a 3D noise
processof zeromeanandunit variance.Regardingtheobservationlikelihood,we de�ne
p(yt jxt ) = ÕM

j= 1 p(yt jx
j
t ): Thetrackeroutputis givenby themeanstateof theparameters

of theparticleset.

3 Impr ovedSearch: Partitioned Sampling
Trackinga signi�cant numberof objectsis a dif�cult taskbecauseasobjectsareadded
thesearchbecomesexponentiallymorecomplex. MacCormickandBlake offeredrelief
from thisproblemin theform of PS[5]. PSis asamplingstrategy thatreducesthedimen-
sionalityproblemby handlingoneobjectat a time. Applied to multi-objecttracking,PS
dividesthestatespaceinto M sub-space”partitions” andsequentiallyappliesdynamics
andperformsweightedresamplingin eachof them.

In weightedresampling,importancesamplingis performedusingimportanceweights
r (i); j = g(x(i); j )=å N

k= 1g(x(k); j ) for thecurrentobject,whereg is aweightingfunction,and
j is theobjectindex. Theweightsarethenadjustedto preserve theunderlyingdistribu-
tion, w(i0); j = w(i); j=r (i); j . This processis denoted� g in Figure1. Weightedresampling
effectively reducesthe computationalcostby by exploring the statespaceindividually,
not jointly, andpassinginformationfrom oneobjectto thenext.

In Figure1, thesingle-objectdynamicprocessp(x0jx) andtheweightedresampling
step� g arerepeatedfor eachobjectsuccessively. The �nal objectdoesnot undergo a
weightedresamplingstep,but simplypassestheparticlesetto themeasurementlikelihood
p(yt jxt ) beforeforming theposteriorestimate.

Figure1: Block Diagramfor PS[6]. Theblock in dashedbox is repeatedfor eachobject.

3.1PerformanceMeasures. In this paper, we introducea numberof performancemea-
sureswhich requirea labeledgroundtruth for the dataset,andassumethat successful
trackingoccurswhenanestimatedobjectareaE hasanon-nullintersectionwith aground
truth imageareaG. Measuresarecomputedovera largenumberof runsandde�ned as:

Track State: a binaryvariableT that indicatesthe trackingstateof anobjectat each
frame,de�ned asoneif E \ G 6= Ø, andzerootherwise.

Precision: a percentagede�ned ateachframeasP = E \ G=E.
Recall: a percentagede�ned ateachframeasR= E \ G=G.
SuccessRate: thepercentageof sequencesanobjectwassuccessfullytrackedthrough-

out. De�ned asthesumof runsin whichT = 1 for all t over thenumberof runs.
Recovery Rate: a percentagewhich indicateswhat fraction of sequencesan object

eithersuccessfullytrackedthroughoutor recoveredfrom lost tracking.
In addition,two measureswereusedto assessspeci�c aspectsof theperformancein

particle�lters:



Uniqueness: de�ned asU=N. The numberof distinct con�guration hypothesesU
normalizedby thetotal numberof particlesN.

Effectivedynamics: de�ned asthevariancein thecon�gurationparameters,estimated
at theendof eachtime stepin theparticle�lter .
3.2 Testing Partitioned Sampling. To seethebene�ts of partitionedsampling,a short
synthetictestsequencewasgenerated.This sequenceconsistsof seven objectsmoving
abouta scenewith a noise-�lled background.Objectdynamicswerede�ned by anAR2
processwith su = sv = 3 andnosizevariation(sa ). Theobjectscanbeseenin Figure2.

HSVhistogramswith spatialcomponentswereusedastheobservationmodel[7]. The
objectlikelihoodis de�nedasp(yt jx

j
t ) µ e� l d2

wherel is ahyper-parameterandd is the
Bhattacharyadistancebetweenthespeci�c observationandthetemplatehistograms.

Experimentswererunwith N = 300particlesoverarangeof likelihoodhyper-parameter
values(l ). An AR2 processwith su = sv = 2 andsa = 0:001wasusedfor thedynamic
processin tracking. It is clearfrom Table1 thatPSincreasesthe trackingperformance
with respectto asimplePF. Successrateis increasedto 100%,andprecisionandrecallsee
anabsoluteincreaseof 22%and19:75%over therangel = 20 to l = 40, respectively.

Figure2: Left: objecttemplatesfor syntheticsequence.Right: distracteris similar to Object1.
SuccessRate Precision/Recall

Non-PS PS DPS Non-PS PS DPS
(%) (%) (%) (%) (%) (%)

l = 20 97 100 100 69/69 90/87 91/86
l = 30 97 100 100 69/68 91/87 90/86
l = 40 93 100 100 68/68 91/88 90/87
l = 50 96 100 100 67/66 91/88 90/87

Table1: Successrate,precision,andrecallresultsfor Objects2-7 for severall valuesandvarious
samplingmethods.Eachmethodwascalculatedover50runs(50� 7 for PS),with N = 300particles
on thesyntheticdatasequence.Theperformancefor Object1 is treatedseparately.

3.3All ObjectsareNot CreatedEqual. Becauseof its orderednature,PSdoesnot treat
objectsequally. Weightedresamplingin successive stagesadverselyaffects the repre-
sentationby impoverishingobjectsplacedat earlystages,very muchin thesameway a
PFwithout resamplingimpoverishesa particlerepresentationover time [3]. This impov-
erishmentis causedby importancesamplingandweight re-assignmentin the weighted
resamplingstep. As PSproceedsthroughthe stages,the numberof uniquecandidates
from pastobjectsis reducedwith eachweightedresamplingstep.This processmight not
besoevidentfor few objects,andwasnot, in fact,discussedby [6].

Becauseof this impoverishment,theobjectsin the�rst stagetendto have only a few
remaining“good” candidateswhile the objectsin the last stagewill tendto have more,
but potentiallybiased,candidates.Indeed,theweightsetpassedto the�nal stagewill be
heavily biasedtowardobjectsfrom previousstages.

This distortionof the representationcanhave disastrouseffectson trackingperfor-
mance. It can kill the ability to (a) maintainmulti-modality; (b) adjust to new good,
yet distantobservations;(c) reactto suddenfastmotionin thepresenceof visualclutter.
While thedistortionwill belessnoticeablefor smoothtrackingconditions,it undermines
someof theprincipleadvantagesof PFs.

As thenumberof possibleorderingsPScanbeappliedin is factorialwithout a “nat-
ural” ordering(imposede.g. by anocclusionmodel),in practice,it becomesa matterof



Recovery Rate Precision/Recall
Hyper-parameter Non-PS PS DPS Non-PS PS DPS

(%) (mean%) (worst%) (%) (%) (mean%) (worst%) (%)

l = 20 2 19 10 42 27/28 27/26 17/16 41/36
l = 30 2 18 8 34 21/21 24/24 16/16 36/36
l = 40 0 21 16 38 23/22 30/29 18/17 21/22
l = 50 2 21 12 36 24/23 28/28 25/24 23/23

Table2: Recoveryrate,precision,andrecallfor Object1 for severall valuesandvarioussampling
methods.Eachmethodwascalculatedover 50 runs(50� 7 for P.S.) for N = 300on thesynthetic
datasequence.Note:precisionandrecallarereportedonly for successfulframes(T = 1).

luck if adif�cult-to-track objectfallsin afavorableordering.Thiskind of erraticbehavior
is undesirableandbecomesevidentover multiple runs. Sinceit wasnot feasibleto test
7! differentorderingswe selecteda smallbut representative subsetde�ned by a circular
shift. Thischoicewasmadesothateachobjectoccupieseachpositionin theorderinglist
only once.Thus,thePSorderingsetwasde�ned asf 1! :::! 7g, f 2! 3! :::! 7! 1g , :::
, f 7! 1! :::! 6g. 50runswereperformedfor Non-PSandeachPSordering.

Thesyntheticsequencein theprevioussectionwasdesignedto exposetheweakness
causedby impoverishment.While theothersix objectsarerelatively simpleto track,we
inducedtrackingfailurefor Object1 to testPS'sability to recoverfrom trackingloss.The
histogrammodelwaslearnedfrom a “distracter”object(seeFigure2) which appearsin
frame3 over the realobject,leadsthe tracker astray, anddisappearsin frame9, asseen
in Figure3. This syntheticscenariois meantto beanalogousto occlusionwith a similar
objector thebackgroundfollowedby re-emergence.

Figure3: Frames3, 5, 9, 14 from synthetictestsequence.Sevenobjectsaretrackedwith a joint PF
usingPS.Distracterdisappearsin frame9. (25 framesat 360x288).

Table2 comparesPSandNon-PSrecoveryratesfor thedistractedobject(Object1) on
thesynthetictestsequence.While themeanrecovery ratefor PSis greaterthanNon-PS,
wecanseethattheworst-case-scenariois oftenbarelyso.Thedisparitybetweendifferent
orderingsbecomesevenmoreapparentwhencomparingthebestandworstcaseorderings
( best:38%recoveryrate,worst: 8%recoveryrate,for l = 30).

The impoverishmenteffectsbecomeapparentwhenconsideringthe uniquenessand
theeffective dynamicsseenin Figure4. Particleparametersfrom objectsin earlystages
aresuccessively resampleduntil only a few hypothesesremain.ThePSimpoverishment
effectsareso severe that even for the caseof a not-sopeaked likelihood(l = 20) the
meanuniqueness(overall orderings)for theobjectin the�rst stageof PSis 1.99.Impov-
erishmentwill only becomemorepronouncedasl increasesor moreobjectsareadded.

4 Our Solution: Distrib uted Partitioned Sampling(DPS)
We canexpectsomePSorderingswill fail andsomewill succeed,but withoutanexplicit
interactionmodel,we have no guessasto which orderingswill do well andthusshould
bepreferred.DPShandlesthis by rede�ning thedistribution asa mixture,composedof
subsetsof particles,on eachof whichwe canperformPSin a differentordering(aseach



Figure4: Uniquenessandeffective dynamicsin u andv for 7 objectsin the syntheticsequence
(50 runs,l = 20, N = 300). Top: Non-PS.Second:PSf 1! :::! 7g. Third: PSf 2! :::! 7! 1g.
Bottom: DPS.Noticetheunequaleffectsof impoverishmenton PS.Sincethesemeasuresarenor-
malizedto N, su, andsv resp.,they areexpressedherearepercentages.Effective dynamicscan
exceed100%becauseparticles,in practice,try to follow theobservations.

subsetde�nesits own posterior).A �ltering distribution,approximatedby aparticleset

p(xt jy1:t) � p̂(xt jy1:t) =
N

å
i= 1

w(i)
t d(xt � x(i)

t ); (2)

with å N
(i)= 1w(i)

t = 1, canalwaysbere-expressedasa mixturemodel,

p(xt jy1:t) =
C

å
c= 1

pc;t pc(xt jy1:t); (3)

wherethemixtureprior sumsup to oneåC
c= 1pc;t = 1, andeachmixture component

pc denotesa properparticledistributionde�ned overa subsetIc of particles,

pc(xt jy1:t) = å
i2 Ic

w̃(i)
t d(xt � x(i)

t ); (4)

wheretheprior andnew weightsaregivenby

pc;t = å
i2 Ic

w(i)
t ; w̃(i)

t =
w(i)

t

pc;t
: (5)

In the block diagramof the DPSmethodseenin Figure5, the mixture component
creationstepis denotedby ahexagonwith a largeX. We cande�ne many mechanismsto
associateparticlesto a speci�c mixturecomponent,“branched”partitionedsampling[6]
is a particularexample.In ourwork, werandomlydivide theparticlesinto C = M setsof
N=M particlesby samplingwithout replacement.Note,however, thatotherassignment
strategiescouldbeusedto attemptto maintainmulti-modality[11].

For our experiments,we decidedto setthePSorderingsasa representativesubsetof
possibleorderingsde�ned by a circular shift f 1! :::! Ng, ::: , f N! 1! :::! N � 1g in
orderto balancethe effect of PSimpoverishment.Underthis formulation,experiments
will show thatDPSperformsat thesamelevel asPSfor simpletracking,while suffering
lessfrom theeffectsof impoverishment.

After PSis completedfor eachmixturecomponent,thesubsetsmustbereassembled
by simply applyingEq. 3: the weightsfrom eachsubsetarenormalizedandmultiplied



Figure5: Block Diagramfor DPS.Theblock in dashedbox is repeatedfor eachobject.

by theprior factorpC;t to ensurea fair representationin thedistribution. Thereassembly
stepis denotedby a dashedhexagonin Figure5.

5 Results
5.1 Synthetic Data Revisited. Re-examining the synthetictest sequence,the bene�ts
of DPScanbe seen.It is evident from Table1 that for the6 easy-to-trackobjects,per-
formanceis on par with PS.In Table2, we canseethat for the distractedobject,DPS
consistentlyrecoversfrom failurebetterthanPS.

Whenlookingat thequalityof tracking(precision/recall)for thedistractedobject,we
�nd that theworst-caseorderingfor PSis oftenworsethanfor Non-PS.It is clearfrom
Table2 thatDPSoffersa higher, morereliablequality of trackingat bettersuccessand
recoveryrates(anabsoluteincreaseof 3%and2.5%for precisionandrecall,respectively,
averagedoverall l values).

Looking againat Figure4, we canseethat DPS indeedmore fairly distributesthe
burdenof impoverishmentbetweenthedifferentobjects.Notethattheeffectivedynamic
valuesfor Object1 in eachmethodappearboostedbecauseof the dif�culty in tracking
that object (the particlestend to spreadout due to ambiguitycausedby the distracting
objectandquickermotion).

A videoconsistingof the�rst � verunsof Non-PS,the�rst � verunsof PSf 7! 1! :::! 6g,
andthe�rst � verunsof DPSonthesyntheticdata(in thatorder, separatedby ashortyel-
low clip) is providedat www.idiap.ch/� smith/.
5.2 Real Data. In addition to the syntheticsequences,threereal datasequenceswere
considered.Trackingfor the real sequenceswasdoneusingcolor histogramsasin the
syntheticsequence.Templatesfor the trackers are shown in Figure 6. For eachreal
sequence,50 runswereperformedfor eachof the following methods:Non-PS,PSwith
circular shiftedordering,andDPS.Unlessotherwisespeci�ed, N = 200, l = 20, s u =
sv = 2, andsa = 0:001.Histogramtemplatesareinitialized in the�rst frame.

Figure 6: Templatesusedfor the real datasequences.Left: the threeobjectsfrom RealSeq1.
Center: the threeobjectsfrom RealSeq2. Right: the four objectsfrom RealSeq3. Templatesizes
vary from 42x32(RealSeq1) to 33x32(RealSeq3) pixels.

In the �rst sequence,RealSeq1, a personis occludedtwice ashe walks behindtwo
stationarypeople,seenin Figure7. The occlusionprocessis relatively slow, andthere
areseveral framesof total occlusion. This sequenceis anotherexampleof the adverse
effectsof impoverishment.In orderfor theoccludedobject(Object1) to trackproperly,
its dynamicsmustbe suf�ciently spreadso that particlescancrossthe distractingface.
Dueto PS's reducedeffectivedynamics,theseconditionsdonotexist.

As shown in Figure 8, even when tracking few objects,the uniquenessand effec-
tive dynamicsaresubstantiallydecreasedfor two of the threestages.The last stageof



Figure7: Trackingresultsfor RealSeq1. Top: PSmethodfails to recover from occlusion(frames
10,32,41,70shown). Bottom: DPSmethodrecoversfrom occlusion(frames40,91,160,197shown).
(191 framesat 360x288).

RealSeq1 RealSeq2
Method Suc. Rcv. Pre. Rcl. Suc. Rcv. Pre. Rcl.

(%) (%) (%) (%) (%) (%) (%) (%)

Non-PS 32 78 59 98 10 32 72 86
PS(1 ! 2 ! 3) 18 18 60 98 0 8 55 91
PS(2 ! 3 ! 1) 40 96 58 98 12 40 72 86
PS(3 ! 1 ! 2) 34 52 62 99 0 8 59 91

DPS 100 100 62 100 78 88 58 98

Table3: Precision,Recall,SuccessandRecoveryRatefor occludedobject( Object1) overvarious
samplingmethodsonRealSeq1andRealSeq2(50 runseachat l = 20,N = 200particles).

PSalwayshasNon-PS-like values(Non-PSvaluesnot shown) becausethereis no �nal
weightedresamplingstep.Again,DPSsharesimpoverishmentevenly betweenthethree
objects.

ImpoverishmentseverelyaffectedPSin this sequence.It is shown in Table3 thatPS
wassigni�cantly outperformedby Non-PSin two of thethreecases.In onecasePSonly
managedasuccessrateof 18%,while baselineNon-PSwas32%.DPS,ontheotherhand,
successfullytrackedtheoccludedobjectin all experiments.ThesuccessfulPSordering
was f 2! 3! 1g, as expected,as the occludedobject was last in order and thus never
underwenta weightedresamplingstep. In Figure8 it is shown that for this PSordering
alone,weretheeffectivedynamicsanduniquenessonparwith thatof DPS.Clearly, in PS
theorderingof theobjectsmatters.A videoof the�rst � ve runsof Non-PS,the�rst � ve
runsof PSf 1! 2! 3g, andthe �rst � ve runsof DPS(in thatorder, separatedby a short
yellow clip) is providedat www.idiap.ch/� smith/.

Figure8: Uniqueness,effective dynamicsin u, andeffective dynamicsin v for 3 objectsin Re-
alSeq1over50runs(l = 20,N = 200).Top-left: DPS.Top-right:PSorder(1! 2! 3). Bottom: PS
order(2! 3! 1). PSimpoverishmentcausesreducedeffective dynamicsanduniqueness,resulting
in diminishedability to recover from occlusion.



Thesecondrealdatasequence(RealSeq2seenin Figure9) producedsimilar results.
In this sequence,thetargetobject(Object1) is occludedashe�rst walksbehindanother
person,thenpassesin front of a second.This scenarioagainteststheability of thedy-
namicprocessto recover from occlusion,but more so as the occlusionlastslonger (6
framesof signi�cant occlusionin the1st case,10 framesin 2nd).

Figure9: Trackingresultsfor RealSeq2. PS(1 ! 2 ! 3) fails to recover from occlusion(frames
2,20,40,120shown) successandrecovery rate:8%. Particle(u;v) positionsaresuperimposedon the
image. Brighterpixels indicatehigherlikelihoods(139 framesat 360x288). On thecontrary, DPS
hashighersuccessandrecovery rates:60%and88%respectively.

Theresultsfor RealSeq2, presentedin Table3, con�rm thatthesuccessandrecovery
ratesfor DPSareconsistentlybetterthanPSandNon-PS.In this case,DPSoutperforms
all threeorderingsof PS. It is importantto point out that precisionandrecall arecal-
culatedover successfullytracked framesonly, so a successfultracker may have lower
precision/recall scoresfor a dif�cult scenario.

A limitation to DPSis exhibited in the third realdatasequence,RealSeq3. This se-
quencecapturesfour dancinggirls, asseenin Figure10. As in previoussequences,each
objecttrackedagirl andone(Object4) wastestedfor its ability to recoverfrom occlusion.

In eachprevious example,DPShasperformedbetterthanor equalto the meanof
PSorderings(it outperformedall orderings,in fact). Thus,for a randomlyselectedPS
ordering,DPSwould out-performPS.For this sequence,however, this is not the case.
Figure 4 shows DPS successrecovery rates(36%/38%)lower than the meanPS rates
(65.5%/68.5%).DPSstill performsbetterthanthePSworst-case-scenarioandNon-PS.
This reducedperformanceof DPSpotentiallypointsouta limitation of ourmethod.

SinceDPSsplits thedistribution into mixturecomponents,eachcomponentconsists
of a subsetof the original particle set. Casescan exist (suchas RealSeq3) when the
numberof particlesin themixturecomponentis notsuf�cient to performpropertracking
from oneframeto thenext. Thiscanhappendueto poorlytunedmodels,toughdynamics,
etc., andis madeworseby the impoverishmenteffect. In RealSeq3, four objectswere
trackedusinga totalof 200particlessoeachmixturecomponentwasforcedto trackwith
just 50 particles.In thesynthetictestcasethis wasenough,but for this real sequenceit
wasnot. Furtherresearchis neededin this area.

Figure10: Trackingresultsfor RealSeq3. DPSfails to recover from occlusionfor Object4 - the
girl with theblackpants(frames1,7,14,32shown). (32 framesat 352x240).



Method SuccessRate Recovery Rate Precision Recall
(%) (%) (%) (%)

Non-P.S. 4 8 41 70
P.S.(1 ! 2 ! 3 ! 4) 26 28 46 77
P.S.(2 ! 3 ! 4 ! 1) 82 86 52 87
P.S.(3 ! 4 ! 1 ! 2) 84 88 51 87
P.S.(4 ! 1 ! 2 ! 3) 70 72 51 86

Distributed 36 38 51 79
Table4: Precision,Recall,SuccessandRecoveryRatefor occludedobject(Object4) over various
samplingmethodsonRealSeq3(50 runseachat l = 20,N = 200particles).

6 Conclusionand Futur e Work
In this paperwe have shown the bene�ts of using PS over the traditional PF through
systematicexperimentationover a syntheticdataset. We de�ned a setof performance
measuresfor evaluationof trackingresults.With theseperformancemeasures,we have
shown thatchoosinga goodorderingis very importantwhenusingPS.Becauseit is usu-
ally impossibleto know which orderingswill performbest,we useda mixturerepresen-
tationto formulateasamplingmethodthatretainstheformal rigor andthecomputational
advantagesof PSwhile reducingtheeffectsof impoverishment.Finally, we veri�ed our
hypothesesonseveralsequencesof realandsyntheticdataovermany runs.

Theimplementationof DPSpresentedin thispaperonly assignsmixturecomponents
in themostsimplepossiblemanner. Futurework will exploreothermethodsfor creating
mixturecomponentsto helpdealwith casesof low particlenumbers,asin RealSeq3.
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