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Abstract

Multi-Object tracking (MOT) is an importantproblemin a numberof
vision applications. For particle Iter (PF)tracking,asthe numberof ob-
jectstracked increasesthe searchspacefor randomsamplingexplodesin
dimension.Partitionedsampling(PS)solvesthis problemby partitioningthe
searchspace thensearchingeachpartition sequentially However, sequen-
tial weightedresamplingstepscauseanimpoverishmeneffectthatincreases
with the numberof objects. This effect dependson the speci ¢ orderin
which the partitionsareexplored,creatingan erraticandundesirablgerfor
mance.We proposea methodto searchthe statespacethatfairly distributes
theseimpoverishmenteffectsbetweenthe objectsby de ning a setof mix-
ture componentandperformingPSin eachof thesecomponentsisingone
of a small setof representatie objectorderings. Using syntheticand real
data,we shav that our methodretainsthe overall performanceandreduced
computationatostof PS,while improving performancén scenesvherethe
impoverishmeneffectis signi cant.

1 Intr oduction

With the multitude of applicationsin surwillance,HCI, etc., MOT constitutesa active
areain computewision. AmongthedifferentapproachessequentiaMonte Carlo(SMC)
[3] hasenjoyed a greatdeal of successaswitnessedy the publishedliterature[5, 6, 9,
4,7,10, 11]. The SMC approachalsoknown as particle ltering (PF),is atechnique
for implementingrecursve BayesianlItering by Monte Carlo simulations. Essentially
PFsperforma randomsearchin a con guration space. For a state-spacenodel, PFs
recursvely approximatethe lItering distribution of statesgiven obsenationsusinga set
of weightedsamplegpatrticles),a dynamicalmodel,andrandomsampling.This is done
by predictingcandidatecon gurationsandthenmeasuringheir likelihood.

The problemof visually trackinga singleobjectis well studied:goodobjectmodels
have beendevelopedandshov goodperformancd12, 7]. Many issuesstill existin the
caseof MOT including multi-objectrepresentatiofil0, 11], handlingvariablenumbers
of objectg[9, 4], interacting-part®bjectmodels[5, 6], andsamplingstrateies[5, 6].

For our work, anexplicit representationf the joint multi-objectdistribution [5, 4] is
usedasit constitutesa sound rigorousimplementatiorof the MOT problem.Becausehe
statespacdlirectlyrepresentthejoint objectcon gurations,interactionscanbeformally
modeled5], andconceptdik e the meancon gurationretaintheir physicalmeaning.

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



samplingstratgiesor strongpriors areneededo placeparticlesmoreeffectively. Such
samplingstratgjiesattemptto explore the statespacein an ef cient mannerto improve
predictionusinga suiteof statisticattechniquesExampledncludelayeredsampling[8],

annealedmportancesampling[2], hybrid Monte-Carlo[1], andPSJ[5].

PStacklesthe dimensionalityproblemby separatinghe parameterinto “partitions”
by object,andthensearchingwithin eachobjectsparametespaceby applyingdynamic
processeand performingweightedresampling. It is an attractve methodbecauset is
mathematicallyigorous,signi cantly reducesomputationandtracksrobustly. We will
shaw thatfor the samecomputationatost,a MOT PFwith PSsigni cantly outperforms
atraditionalMOT PE

In this paper we show that, in practice,the sequentiaweightedresamplingsteps
causea kind of impoverishmenin the particle setwhich adwerselyaffectsthe represen-
tationandcompromisesrackingperformanceThe severity of theimpoverishmengffect
dependsn the order in which the partitions are explored andincreasesasmoreobjects
areadded. A key advantageof PF trackingis that PFsdealwell with one of the most
dif cult problemsdn tracking,recoveringfrom occlusion.However, we will show thatthe
impoverishmenteffectin PSseverelyimpedests ability to recoverfrom occlusion.

Thus,we formulatea solutionto this problemin the form of distributed partitioned
sampling(DPS).The conceptehindDPSis to sharethe burdenof impoverishmenfrom
PS betweenthe objectsby splitting the distribution into a setof mixture components;
and choosinga numberof differentorderingsto treatthe partitions. We shawv through
experimentationthatDP Sretainsghecomputationabene t of PS,while exhibiting similar
or bettertrackingperformanceandreducingtheimpoverishmeneffect.

This paperis organizedasfollows. Section2 describegarticle lters for MOT. Sec-
tion 3 detailsPS,outlinesasetof trackingperformanceneasuresanduseghesemeasures
to explorethe limitations of PSon syntheticdata. In Section4, DPSis formulated.Sec-
tion 5 compareDPS,PS,andNon-PSon several real and syntheticdatasequenceslin
Section6 conclusionsandfuturework arepresented.

2 Particle Filters for Multi-Object Tracking
Givenanobjectrepresentatioanda Markov state-spacenodel,the problemof tracking
multiple objectscanbe approache@sthe recursie estimationof the hiddenstates xg
belongingto amulti-objectcon gurationx; = (M;x{M) = (M;x¢;:::;xM) from measure-
mentsf y;g extractedfrom avideosequenceyhereM is thenumberof objects.Bayesian
Itering computeghedistribution p(§tjy11) recursvely by

P(Xejy11) K P(YiiXt) P(xejxe 1)P(Xt 1jy1r 1)dX 1; 1)

Xt 1
whereyit = (y1;::5yt). Assumingthe distribution attimet 1 is available,the multi-
objectdynamicalmodel p(xtjx; 1) andthe previousdistribution p(x; 1jy1: 1) areused
to computea predictiondistribution p(x:jy1t 1) (the integral from Equationl) in the
predictionstep. The predictiondistribution becomesghe prior for the updatestepus-
ing Bayes'rule to generatethe current ltering distribution p(x¢jy1t) whereit is mul-
tiplied by the multi-objectlikelihood p(yijx:). Usually, exact inferenceof this model
is intractable. SMC methodsare employed to approximateEq. 1 for non-linear non-

Gaussiarproblemsusinga setof weightedsamplesor particlesf (xt(i);wt(i));i = 1;::;Ng
by Pn(xeiyre) = &N, W d(x.  x{"), whereN is the numberof particles. The prediction
steppropagategachparticle accordingto the multi-objectdynamics,andthe updating



stepreweightsthemusing their likelihood, w(”  w{"”
saryto avoid degradationof the particleset[3].

In our implementation the statefor eachobjectis de ned as a continuousvector
xI = (ul;vl;al) where(ul; Vi) arecontinuousmagecoordinatesanda ! is a continuous
scaleparameter For our work, M remains x ed but the ideaspresentedn this paper
canbeextendedo dealwith avariablenumberof objects[4]. The multi-objectdynamic
processconsistsof M AR2 processesle ned for eachobjectasx{ = x| |+ 0:5(x! ;
xtJ )t s vth wheres is a diagonalmatrix of diagonal(sy Sy Sa) andw is a 3D noise
procesof zeromeanandunit variance.Regardingthe obsenationlik elihood,we de ne
p(yijxt) = Oﬂ-‘i 1 P(ytjx{): Thetracker outputis givenby the meanstateof the parameters
of thepatrticleset.

3 Improved Search: Partitioned Sampling

Trackinga signi cant numberof objectsis a dif cult taskbecauseasobjectsareadded
the searchbecomesxponentiallymorecomple<. MacCormickandBlake offeredrelief
from this problemin theform of PS[5]. PSis asamplingstrateyy thatreduceghedimen-
sionality problemby handlingoneobjectat a time. Applied to multi-objecttracking,PS
dividesthe statespaceinto M sub-spacépartitions” and sequentiallyappliesdynamics
andperformsweightedresamplingn eachof them.

In weightedresamplingimportancesamplingis performedusingimportanceneights
r 05 = g(x:1)=a N, g(xW:) for thecurrentobject,whereg is aweightingfunction,and
j is the objectindex. The weightsarethenadjustedo presere the underlyingdistribu-
tion, W% = w)ii=r i1, This processs denoted gin Figurel. Weightedresampling
effectively reduceshe computationakostby by exploring the statespaceindividually,
notjointly, andpassingnformationfrom oneobjectto the next.

In Figure 1, the single-objecdynamicprocessp(xyx) andthe weightedresampling
step g arerepeatedor eachobjectsuccessiely. The nal objectdoesnot undego a
weightedresamplingstep but simply passetheparticlesetto themeasuremerik elihood
p(y:jxt) beforeforming the posteriorestimate.

1p(ytjxt(i)): Resamplings neces-

Y )

Figurel: Block Diagramfor PS[6]. Theblockin dashedoxis repeatedor eachobject.

3.1 Performance Measures. In this paper we introducea numberof performancenea-
sureswhich requirea labeledgroundtruth for the datasetand assumehat successful
trackingoccurswhenanestimatedbjectareakE hasanon-nullintersectiorwith aground
truthimageareaG. Measuregrecomputedover alargenumberof runsandde ned as:

Track State abinaryvariableT thatindicatesthe trackingstateof anobjectat each
frame,de ned asoneif E\ G6 @, andzerootherwise.

Precision apercentagele ned ateachframeasP = E\ G=E.

Recall apercentagele ned ateachframeasR= E\ G=G.

SuccesRate thepercentagef sequenceanobjectwassuccessfullyrackedthrough-
out. De ned asthesumof runsin which T = 1 for all t overthe numberof runs.

Recwery Rate a percentagevhich indicateswhat fraction of sequencesn object
eithersuccessfullyrackedthroughoutor recoveredfrom lost tracking.

In addition,two measuresvereusedto assesspeci ¢ aspect®f the performancen
particle Iters:



Uniqueness de ned asU=N. The numberof distinct con guration hypothese4J
normalizedby thetotal numberof particlesN.

Effectivedynamics de ned asthevariancein thecon gurationparametersgstimated
attheendof eachtime stepin theparticle Iter.
3.2 Testing Partitioned Sampling. To seethe bene ts of partitionedsampling,a short
synthetictestsequencavas generated.This sequence&onsistsof se/en objectsmoving
abouta scenewith a noise- lled background Objectdynamicswerede ned by an AR2
proceswith s, = sy = 3andnosizevariation(sz). Theobjectscanbeseenin Figure2.

HSV histogramsvith spatialcomponentsvereusedastheobsenationmodel[7]. The
objectlik elihoodis de ned asp(y:jx{) u e & wherel is ahyperparameteandd is the
Bhattacharyalistancebetweerthe speci c obsenationandthetemplatehistograms.

Experimentsvererunwith N = 300particlesoverarangeof likelihoodhyperparameter
values(/ ). An AR2 procesavith s, = sy = 2ands, = 0:001wasusedfor thedynamic
procesdn tracking. It is clearfrom Table 1 that PSincreaseghe tracking performance
with respecto asimplePF Successateis increasedo 100%,andprecisionandrecallsee
anabsolutencreasenf 22%and19:75%overtherangel = 20to! = 40,respectiely.

Figure?2: Left: objecttemplatedor syntheticsequenceRight: distracteris similar to Object1.
SuccesRate Precision/Recall
Non-PS| PS | DPS || Non-PS PS DPS
%) | (%) | (%) (%) %) | (%)

1 =20 97 100 | 100 69/69 90/87 | 91/86
I 97 100 | 100 69/68 91/87 | 90/86
I 93 100 | 100 68/68 91/88 | 90/87
| =50 96 100 | 100 67/66 91/88 | 90/87

Tablel: Successate,precisionandrecallresultsfor Objects2-7 for severall valuesandvarious
samplingmethods Eachmethodwascalculatecver 50runs(50 7 for PS),with N = 300particles
onthesyntheticdatasequenceThe performancdor Objectl is treatedseparately

3.3All Objectsare Not CreatedEqual. Becausef its orderedhature PSdoesnottreat
objectsequally Weightedresamplingin successie stagesadwerselyaffectsthe repre-
sentationby impoverishingobjectsplacedat early stagesyery muchin the sameway a
PFwithoutresamplingmpoverishesa particlerepresentatioovertime [3]. Thisimpov-
erishmentis causecby importancesamplingandweight re-assignmenin the weighted
resamplingstep. As PS proceedghroughthe stagesthe numberof uniquecandidates
from pastobjectsis reducedvith eachweightedresamplingstep.This processmight not
besoevidentfor few objectsandwasnot,in fact,discussedy [6].

Becausef thisimpoverishmentthe objectsin the rst stagetendto have only a few
remaining“good” candidatesvhile the objectsin the last stagewill tendto have more,
but potentiallybiased candidatesindeed the weightsetpassedo the nal stagewill be
heavily biasedtoward objectsfrom previousstages.

This distortion of the representatiorcan have disastrousffects on tracking perfor
mance. It cankill the ability to (a) maintain multi-modality; (b) adjustto nenv good,
yet distantobsenations;(c) reactto sudderfastmotionin the presencef visual clutter.
While thedistortionwill belessnoticeabldor smoothtrackingconditions,it undermines
someof the principle advantage®f PFs.

As the numberof possibleorderingsPScanbe appliedin is factorialwithout a “nat-
ural” ordering(imposede.g. by anocclusionmodel),in practice,it becomes matterof

lw
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Recwery Rate Precision/Recall
Hyperparameter|| Non-PS PS DPS || Non-PS PS DPS
(%) (mean%) (worst%) | (%) (%) (mean%)  (worst%) (%)
1 =20 2 19 10 42 27128 27126 17/16 41/36
I =30 2 18 8 34 21/21 24/24 16/16 36/36
| =40 0 21 16 38 23/22 30/29 18/17 21/22
I =50 2 21 12 36 24/23 28/28 25/24 23/23

Table2: Recweryrate,precisionandrecallfor Objectl for severall/ valuesandvarioussampling
methods.Eachmethodwas calculatedover 50 runs(50 7 for P.S.)for N = 300 on the synthetic
datasequencelNote: precisionandrecallarereportedonly for successfuframes(T = 1).

luck if adif cult-to-track objectfallsin afavorableordering.Thiskind of erraticbehaior
is undesirableand becomesevident over multiple runs. Sinceit wasnot feasibleto test
7! differentorderingswe selectedh small but representatie subseide ned by a circular
shift. This choicewasmadesothateachobjectoccupiesachpositionin the orderinglist
only once.Thus,the PSorderingsetwasde nedasf 1! ::! 7g,f2! 3! ::! 70 1g,::
L7010 1 6g. 50 runswereperformedfor Non-PSandeachPSordering.

The syntheticsequencén the previous sectionwasdesignedo exposethe weakness
causedy impoverishmentWhile the othersix objectsarerelatively simpleto track,we
inducedtrackingfailurefor Objectl to testPS's ability to recoverfrom trackingloss. The
histogrammodelwaslearnedfrom a “distracter” object(seeFigure2) which appearsn
frame3 over thereal object,leadsthe tracker astray anddisappearén frame9, asseen
in Figure3. This syntheticscenarids meantto be analogoudo occlusionwith a similar
objector the backgroundollowedby re-emegence.

Figure3: Framess, 5, 9, 14 from synthetictestsequenceSeven objectsaretrackedwith ajoint PF
usingPS.Distracterdisappearsn frame9. (25 framesat 360x289.

Table2 compare®SandNon-PSrecoveryratesfor thedistractedbject(Objectl) on
the synthetictestsequenceWhile the meanrecovery ratefor PSis greaterthanNon-PS,
we canseethattheworst-case-scenaris oftenbarelyso. Thedisparitybetweerdifferent
orderingshecomeg&venmoreapparentvhencomparinghebestandworstcaseorderings
( best:38%recoveryrate,worst: 8% recoveryrate,for | = 30).

The impoverishmenteffectsbecomeapparentvhen consideringthe uniquenessnd
the effective dynamicsseenin Figure4. Particle parameterérom objectsin early stages
aresuccessiely resampledintil only afew hypothesesemain. The PSimpoverishment
effects are so severe that even for the caseof a not-sopealed likelihood (I = 20) the
meanuniquenessgoverall orderings¥or the objectin the rst stageof PSis 1.99. Impov-
erishmenwill only becomemorepronounceas! increase®r moreobjectsareadded.

4 Our Solution: Distrib uted Partitioned Sampling (DPS)

We canexpectsomePSorderingswill fail andsomewill succeedbut withoutanexplicit
interactionmodel,we have no guessasto which orderingswill do well andthusshould
be preferred.DPShandleshis by rede ning the distribution asa mixture, composecf
subset®f particles,on eachof whichwe canperformPSin a differentordering(aseach
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Figure4: Uniguenessandeffective dynamicsin u andv for 7 objectsin the syntheticsequence
(50runs,! = 20,N = 300). Top: Non-PS.Second:PSf1! ::! 7g. Third: PSf2! ! 7! 1g.

Bottom: DPS.Notice the unequaleffectsof impoverishmenion PS.Sincethesemeasuresrenor-
malizedto N, s, andsy resp.,they areexpressechereare percentagesEffective dynamicscan
exceed100%becausarticles,in practice try to follow theobserations.

subsetle nesits own posterior).A ltering distribution, approximatedy a particleset

N i .
POxiy1)  POxiiyir) = & wd(x  x); 2)

i=1
with & ?il)= 1 Wt(l) = 1, canalwaysbere-expresse@sa mixture model,

C
P(Xiiy11) = & Por Pe(Xeiy11); (3)

c=1
wherethe mixture prior sumsup to one&< ; pet = 1, andeachmixture component
pc denotes properparticledistribution de ned over a subset. of particles,

Pe(xidy1r) = & Wd(x  x); (4)

wherethe prior andnew Weightsareglﬁllcen by
) ) (1)
p= &l W)= L ©)

In the block diagramof the DP'élfnethodseenin Fci'fqure 5, the mixture component
creationstepis denotediy a hexagonwith alargeX. We cande ne mary mechanismso
associatgarticlesto a speci ¢ mixture component;branched”partitionedsampling[6]
is a particularexample.ln our work, we randomlydivide the particlesinto C = M setsof
N=M particlesby samplingwithout replacementNote, however, that otherassignment
stratgiescouldbe usedto attemptto maintainmulti-modality [11].

For our experimentswe decidedto setthe PSorderingsasa representatie subseof
possibleorderingsde ned by a circularshift f1! :::! Ng, :::, fN!I 11 1 N 1gin
orderto balancethe effect of PSimpoverishment.Underthis formulation, experiments
will shaw thatDPSperformsat the samelevel asPSfor simpletracking,while suffering
lessfrom the effectsof impoverishment.

After PSis completedor eachmixture componentthe subsetsnustbereassembled
by simply applyingEg. 3: the weightsfrom eachsubsetarenormalizedandmultiplied
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Figure5: Block Diagramfor DPS.Theblockin dashedox is repeatedor eachobject.

by the prior factorpc; to ensurea fair representatiom the distribution. Thereassembly
stepis denotediy a dashechexagonin Figure5.

5 Results

5.1 Synthetic Data Revisited. Re-eaminingthe synthetictestsequencethe bene ts
of DPScanbe seen.lt is evidentfrom Table1 thatfor the 6 easy-to-traclobjects,per
formanceis on parwith PS.In Table 2, we canseethat for the distractedobject, DPS
consistentlyrecoversfrom failure betterthanPS.

Whenlooking atthe quality of tracking(precision/recallfor thedistractedbject,we

nd thatthe worst-caseorderingfor PSis oftenworsethanfor Non-PS.It is clearfrom
Table 2 that DPS offers a higher, morereliable quality of trackingat bettersuccesand
recoveryrates(anabsoluténcreasef 3% and2.5%for precisionandrecall,respectiely,
averagedoverall | values).

Looking againat Figure 4, we can seethat DPS indeedmorefairly distributesthe
burdenof impoverishmenbetweerthe differentobjects.Note thatthe effective dynamic
valuesfor Object1 in eachmethodappeatoostedbecausef the dif culty in tracking
that object (the particlestendto spreadout dueto ambiguity causedby the distracting
objectandquicker mation).

A videoconsistingofthe rst  verunsof Non-PSthe rst  verunsof PSf7! 1! :::! 6g,

andthe rst verunsof DPSonthesyntheticdata(in thatorder, separatetby a shortyel-
low clip) is providedat www.idiap.ch/ smith/.
5.2 Real Data. In additionto the syntheticsequenceshreereal datasequencesvere
considered.Tracking for the real sequencesgvas doneusing color histogramsasin the
syntheticsequence.Templatesfor the trackers are shavn in Figure 6. For eachreal
sequence50 runswere performedfor eachof the following methods:Non-PS,PSwith
circular shifted ordering,and DPS. Unlessotherwisespeci ed, N = 200,/ = 20, s, =
Sy = 2,ands = 0:001.Histogramtemplatesareinitializedin the rst frame.

§C 05 0 PN

Figure 6: Templatesusedfor the real datasequencesLeft: the threeobjectsfrom RealSeql
Center:the threeobjectsfrom RealSeq2 Right: the four objectsfrom RealSeq3 Templatesizes
vary from 42x32(RealSeq)Lto 33x32(RealSegBpixels.

In the rst sequenceRealSeqla personis occludedtwice ashe walks behindtwo
stationarypeople,seenin Figure7. The occlusionprocesss relatively slow, andthere
are several framesof total occlusion. This sequencés anotherexampleof the adwerse
effectsof impoverishment.In orderfor the occludedobject(Object1) to track properly,
its dynamicsmustbe sufciently spreadso that particlescan crossthe distractingface.
Dueto PS'sreduceceffective dynamicstheseconditionsdo not exist.

As shawn in Figure 8, even whentracking few objects,the uniquenessand effec-
tive dynamicsare substantiallydecreasedor two of the threestages. The last stageof




Figure7: Trackingresultsfor RealSeqlTop: PSmethodfails to recaver from occlusion(frames
10,32,41,76shawvn). Bottom: DPS methodrecoversfrom occlusion(frames40,91,160,198havn).
(191 framesat 360x289.

RealSeql RealSeq2

Method Suc. | Rev. | Pre. | Rcl. Suc. | Rev. | 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: PrecisionRecall,SuccessindRecwery Ratefor occludedobject( Objectl) overvarious
samplingmethodson RealSeghndRealSeqZ50 runseachat/ = 20,N = 200particles).
PSalwayshasNon-PS-like values(Non-PSvaluesnot shavn) becausehereis no nal
weightedresamplingstep. Again, DPSsharesmpoverishmenevenly betweerthe three
objects.

ImpoverishmenseverelyaffectedPSin this sequencelt is shovn in Table3 thatPS
wassigni cantly outperformedy Non-PSin two of thethreecasesIn onecasePSonly
managea successateof 18%,while baselineNon-PSwas32%. DPS,ontheotherhand,
successfullytracked the occludedobjectin all experiments.The successfuPSordering
wasf?2! 3! 1g, asexpected,asthe occludedobjectwaslastin order andthus never
underwenta weightedresamplingstep. In Figure8 it is shavn thatfor this PSordering
alone werethe effective dynamicsanduniquenessn parwith thatof DPS.Clearly, in PS
the orderingof the objectsmatters.A videoof the rst verunsof Non-PSthe rst ve
runsof PSf1!l 2! 3g, andthe rst verunsof DPS(in thatorder separatedby a short
yellow clip) is providedat www.idiap.ch/ smith/

Figure 8: Uniquenessgffective dynamicsin u, and effective dynamicsin v for 3 objectsin Re-
alSeqlover50runs(/ = 20,N = 200). Top-left: DPS.Top-right: PSorder(1! 2! 3). Bottom:PS
order(2! 3! 1). PSimpoverishmentauseseducecdeffective dynamicsanduniquenessiesulting
in diminishedability to recoser from occlusion.



The secondreal datasequencéRealSeqzeenin Figure9) producedsimilar results.
In this sequencehetargetobject(Objectl) is occludedashe rst walksbehindanother
personthenpassesn front of a second.This scenaricagainteststhe ability of the dy-
namic procesgto recover from occlusion,but more so asthe occlusionlastslonger (6
framesof signi cant occlusionin the 1% case 10 framesin 2M9).

Figure9: Trackingresultsfor RealSeq2 PS(1! 2! 3)failsto recover from occlusion(frames
2,20,40,126havn) succesandrecovery rate: 8%. Particle (u;v) positionsaresuperimposednthe
image. Brighter pixels indicatehigherlik elihoods(139 framesat 360x28§. On the contrary DPS

hashighersuccesandrecovery rates:60%and88%respectiely.
Theresultsfor RealSeqgpresentedn Table3, con rm thatthe succesandrecovery

ratesfor DPSareconsistentlybetterthanPSandNon-PS.In this case DPSoutperforms
all threeorderingsof PS.It is importantto point out that precisionandrecall are cal-
culatedover successfullytracked framesonly, so a successfutracker may have lower
precision/ecall scoredor adif cult scenario.

A limitation to DPSis exhibited in the third real datasequenceRealSeq3 This se-
guencecapturedour dancinggirls, asseenin Figure10. As in previoussequencesach
objecttrackedagirl andone(Object4) wastestedor its ability to recoserfrom occlusion.

In eachprevious example,DPS hasperformedbetterthan or equalto the meanof
PSorderings(it outperformedall orderings,in fact). Thus,for a randomlyselectedPS
ordering,DPS would out-performPS. For this sequencehowever, this is not the case.
Figure 4 shovs DPS succesgecovery rates(36%/38%)lower thanthe meanPS rates
(65.5%/68.5%).DPSstill performsbetterthanthe PSworst-case-scenar@nd Non-PS.
Thisreducedperformancef DPSpotentiallypointsout alimitation of our method.

SinceDPSsplitsthe distribution into mixture componentseachcomponentonsists
of a subsetof the original particle set. Casescan exist (suchas RealSegBwhenthe
numberof particlesin the mixture components notsufcient to performpropertracking
from oneframeto thenext. This canhapperdueto poorlytunedmodelstoughdynamics,
etc.,andis madeworseby the impoverishmentffect. In RealSeq3four objectswere
trackedusingatotal of 200 particlessoeachmixture componentvasforcedto trackwith
just 50 patrticles. In the synthetictestcasethis wasenough but for this real sequencé
wasnot. Furtherresearchis neededn this area.

Figure 10: Trackingresultsfor RealSeq3DPSfails to recorer from occlusionfor Object4 - the
girl with theblackpants(framesi,7,14,32shawvn). (32 framesat 352x24().



Method SuccesfRate | Recwery Rate | Precision| Recall

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

Non-PS. 4 8 41 70

PS.(1! 2! 31 4) 26 28 46 77
PS.(2! 3! 41 1) 82 86 52 87
PS.(3! 4! 1! 2) 84 88 51 87
PS.(4! 11 21 3) 70 72 51 86
Distributed 36 38 51 79

Table4: PrecisionRecall,SuccessindRecoery Ratefor occludedobject(Object4) over various

samplingmethodson RealSeq350runseachat/ = 20,N = 200particles).

6 Conclusionand Future Work

In this paperwe have showvn the bene ts of using PS over the traditional PF through
systematicexperimentatiorover a syntheticdataset. We de ned a setof performance
measuredor evaluationof trackingresults. With theseperformanceaneasureswe have
shawvn thatchoosinga goodorderingis veryimportantwhenusingPS.Becauset is usu-
ally impossibleto know which orderingswill performbest,we useda mixture represen-
tationto formulatea samplingmethodthatretainsthe formal rigor andthe computational
adwantage®f PSwhile reducingthe effectsof impoverishment.Finally, we veri ed our
hypothesesn severalsequencesf realandsyntheticdataover mary runs.

Theimplementatiorof DPSpresentedh this paperonly assignsnixture components
in the mostsimplepossiblemanner Futurework will explore othermethodsor creating
mixture componentso help dealwith casef low particlenumbersasin RealSeq3
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