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ABSTRACT

Robust real-timetrackingof non-rigidobjectsis a challengingtask. Color distributionsprovide anef�cient fea-
ture for this kind of tracking problemsas they are robust to partial occlusion,are rotationand scaleinvariant
andcomputationallyef�cient. This article presentsthe integration of color distributions into particle �ltering,
whichhastypically beenusedin combinationwith edge-basedimagefeatures.Particle�lters offer aprobabilistic
framework for dynamicstateestimationandhave provento work well in casesof clutterandocclusion.To over-
cometheproblemof appearancechanges,anadaptive modelupdateis introducedduringtemporallystableimage
observations.Furthermore,aninitializationstrategy is discussedsincetrackedobjectsmaydisappearandreappear.

Keywords: particle�ltering, colordistribution,Bhattacharyyacoef�cient.

1. INTRODUCTION

With the recentimprovementsin computertechnology, real-timeautomatedvisual surveillancehasbecomea
popularresearcharea[2, 8, 23,24]. Nowadayssurveillancecamerasareinstalledin many security-sensitive areas
suchasrailway stations,parkingblocks,airports,banksor publicbuilding lobbiesto improve thesafety.

In thiscontext, wefocusonobjecttrackingusingcolordistributionsin conjunctionwith aparticle�lter . Firstof
all, color histogramshave many advantagesfor trackingnon-rigidobjectsasthey arerobust to partialocclusion,
arerotationandscaleinvariantandarecalculatedef�ciently. Particle�ltering [7, 10, 11, 15] ontheotherhandhas
beenprovenverysuccessfulfor non-linearandnon-Gaussianestimationproblemsandis reliablein casesof clutter
andduring occlusions.The novelty of the proposedtracker lies in the original mixture of ef�cient components
thattogetheryield a reliableandfastsystemfor trackingnon-rigidobjects.

In general,tracking methodscan be divided into two main classesspeci�ed as bottom-upor top-downap-
proaches.In a bottom-upapproachtheimageis segmentedinto objectswhich arethenusedfor thetracking.For
exampleblob detection[16] canbeusedfor theobjectextraction.In contrast,a top-downapproachgeneratesob-
ject hypothesesandtriesto verify themusingtheimage.Typically, model-based[10, 11] andtemplatematching
approaches[4] belongto this class.Theproposedcolor-basedparticle�lter follows thetop-downapproaches,in
thesensethattheimagecontentis only evaluatedat thehypotheticalpositions.

Therelatedmeanshift trackerby Comaniciuetal. [4] which is anonparametricdensitygradientestimator, also
usescolor distributions. By employing multiple hypothesesanda modelof the systemdynamicsour proposed
methodcantrackobjectsmorereliably in casesof clutterandocclusions.Jepsonet al., McKennaet al. andRaja
etal. [13, 17, 22] havealreadydiscussedadaptive models,but theseapproachesemploy Gaussianmixturemodels
while we usecolor histogramstogetherwith multiple hypotheses.Isardet al. [12] have alreadyemployed color
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informationin particle�ltering by usingGaussianmixtures. In comparison,our targetmodelhastheadvantage
of matchingonly objectsthat have a similar histogram,whereasfor Gaussianmixturesobjectsthat containone
of thecolorsof themixturewill alreadymatch.Recently, Pérezet al. [21] introducedanapproachthatalsouses
colorhistogramsanda particle�ltering framework for multiple objecttracking.Thetwo independentlyproposed
methods[18, 21] differ in theinitialization of thetracker, themodelupdate,theregion shapeandtheobservation
of thetrackingperformance.A detailedcomparisonof thecolor-basedparticle�lter to themeanshift tracker and
acombinationbetweenthemeanshift tracker andKalman�ltering [5] is describedin [20].

Theremainderof this article is organizedasfollows. In Section2 we brie�y describeparticle�ltering andin
Section3 we indicatehow color distributionsareusedasobjectmodels.Theintegrationof thecolor information
into theparticle�lter is explainedin Section4 andSection5 describesthemodelupdate.As trackedobjectsmay
disappearandreappearaninitializationbasedon anappearanceconditionis introducedin Section6. In Section7
wepresentsomeexperimentalresultsand�nally , in Section8, wesummarizeourconclusions.

2. PARTICLE FILTERING

Particle�lters [10, 11] offer a probabilisticframework for dynamicstateestimation.They approximatetheposte-
rior densityof thecurrentobjectstateX t conditionedon all observationsf z1; : : : ; zt g up to time t by a weighted
samplesetS = f (s(n) ; � (n) )jn = 1: : : N g. Eachsamples representsonehypotheticalstateof theobject,with a
correspondingdiscretesamplingprobability� , where

P N
n=1 � (n) = 1.

Theevolution of thesamplesetis describedby propagatingeachsampleaccordingto a systemmodel. Each
elementof thesetis weightedin termsof theobservationsandN samplesaredrawn with replacement,by choosing
aparticularsamplewith probability� (n) = p(zt jX t = s(n)

t ). Themeanstateof anobjectis estimatedateachtime
stepby

E[S] =
NX

n=1

� (n)s(n) : (1)

Particle�ltering providesarobusttrackingframework in caseof clutterandocclusion,asit modelsuncertainty.
It cankeepits optionsopenandconsidermultiplestatehypothesessimultaneously.

3. COLOR DISTRIBUTION MODEL

We want to applya particle�lter in a color-basedcontext. Color distributionsareusedastarget modelsasthey
achieve robustnessagainstnon-rigidity, rotation and partial occlusion. Supposethat the distributions are dis-
cretizedinto m-bins.Thehistogramsareproducedwith thefunctionh(x i ), thatassignsthecolorat locationx i to
thecorrespondingbin. In ourexperiments,thehistogramsaretypically calculatedin theRGBspaceusing8� 8� 8
bins.To make thealgorithmlesssensitive to lighting conditions,theHSV color spacecouldbeusedinsteadwith
lesssensitivity to V (e.g.8� 8� 4 bins).

We determinethe color distribution insidean upright elliptic region with half axesH x andH y . To increase
the reliability of thecolor distribution whenboundarypixelsbelongto thebackgroundor getoccluded,smaller
weightsareassignedto thepixelsthatarefurtheraway from theregioncenterby employing aweightingfunction

k(r ) =
�

1 � r 2 : r < 1
0 : otherwise

(2)

wherer is thedistancefrom theregioncenter. Thus,weincreasethereliability of thecolordistributionwhenthese
boundarypixelsbelongto thebackgroundor getoccluded.It is alsopossibleto useadifferentweightingfunction,
for exampletheEpanechnikov kernel[4].
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Thecolordistribution py = f p(u)
y gu=1 :::m at locationy is calculatedas

p(u)
y = f

IX

i =1

k
�

ky � x i k
a

�
� [h(x i ) � u] (3)

whereI is thenumberof pixelsin theregion, � is theKronecker deltafunction,theparametera =
q

H 2
x + H 2

y is
usedto adaptthesizeof theregion,andthenormalizationfactor

f =
1

P I
i =1 k

�
ky � x i k

a

� (4)

ensuresthat
P m

u=1 p(u)
y = 1.

In a trackingapproach,theestimatedstateis updatedat eachtime stepby incorporatingthenew observations.
Therefore,we needa similarity measurewhich is basedon color distributions. A popularmeasurebetweentwo
distributionsp(u) andq(u) is theBhattacharyyacoef�cient [1, 14]

� [p;q] =
Z p

p(u)q(u) du: (5)

Consideringdiscretedensitiessuchasour colorhistogramsp = f p(u)gu=1 :::m andq = f q(u)gu=1 :::m thecoef-
�cient is de�ned as

� [p;q] =
mX

u=1

q
p(u)q(u) : (6)

Thelarger � is, themoresimilar thedistributionsare.For two identicalnormalizedhistogramswe obtain� = 1,
indicatingaperfectmatch.As distancebetweentwo distributionswede�ne themeasure

d =
p

1 � � [p;q] (7)

which is calledtheBhattacharyyadistance.

4. COLOR-BASED PARTICLE FILTERING

The proposedtracker employs the Bhattacharyyadistanceto updatethe a priori distribution calculatedby the
particle�lter . Eachsampleof thedistribution representsanellipseandis givenas

s = f x; y; _x; _y; H x ; H y ; _ag (8)

wherex, y specify the locationof the ellipse, _x, _y the motion, H x , H y the length of the half axes and _a the
correspondingscalechange.As we considera wholesamplesetthetracker handlesmultiplehypothesessimulta-
neously.

Thesamplesetis propagatedthroughtheapplicationof adynamicmodel

st = A st � 1 + w t � 1 (9)

whereA de�nes thedeterministiccomponentof themodelandw t � 1 is a multivariateGaussianrandomvariable.
In ourapplicationwe currentlyusea �rst ordermodelfor A describinga region moving with constantvelocity _x,
_y andscalechange_a. Expandingthismodelto secondorderis straightforward.

To weight thesampleset,theBhattacharyyacoef�cient hasto becomputedbetweenthetargethistogramand
the histogramof the hypotheses.Eachhypotheticalregion is speci�ed by its statevectors(n) . Both the target
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GiventhesamplesetSt � 1 andthetargetmodel

q(u) = f
P I

i =1 k
�

kx i k
a

�
� [h(x i ) � u],

performthefollowing steps:
1. SelectN samplesfrom thesetSt � 1 with probability� (n)

t � 1:
(a) calculatethenormalizedcumulative probabilitiesc0

t� 1

c(0)
t � 1 = 0

c(n)
t � 1 = c(n� 1)

t � 1 + � (n)
t � 1

c0(n)
t � 1 =

c( n )
t � 1

c( N )
t � 1

(b) generateauniformly distributedrandomnumberr 2 [0; 1]

(c) �nd, by binarysearch,thesmallestj for whichc0(j )
t � 1 � r

(d) sets0(n)
t � 1 = s(j )

t � 1

2. PropagateeachsamplefromthesetS0
t� 1 byalinearstochasticdifferentialequation:

s(n)
t = A s0(n)

t � 1 + w (n)
t � 1

wherew (n)
t � 1 is amultivariateGaussianrandomvariable

3. Observe thecolordistributions:
(a) calculatethecolordistribution

p(u)

s( n )
t

= f
P I

i =1 k

 




 s( n )

t � x i








a

!

� [h(x i ) � u]

for eachsampleof thesetSt

(b) calculatetheBhattacharyyacoef�cient for eachsample
of thesetSt

� [p
s( n )

t
; q] =

P m
u=1

r
p(u)

s( n )
t

q(u)

(c) weighteachsampleof thesetSt

� (n)
t = 1p

2� �
e�

(1� � [p
s
( n )
t

;q])

2 � 2

4. Estimate themeanstateof thesetSt

E[St ] =
P N

n=1 � (n)
t s(n)

t

Figure1: An iterationstepof thecolor-basedparticle�lter .

histogramq andthecandidatehistogramps( n ) arecalculatedfrom Eq.3 wherethetarget is centeredat theorigin
of theelliptic region.

As we want to favor sampleswhosecolor distributions aresimilar to the target model,small Bhattacharyya
distancescorrespondto largeweights:

� (n) =
1

p
2� �

e� d2

2 � 2 =
1

p
2� �

e�
(1� � [p

s( n ) ;q])
2 � 2 (10)

that arespeci�ed by a Gaussianwith variance� . During �ltering, sampleswith a high weight may be chosen
several times,leadingto identicalcopies,while otherswith relatively low weightsmaynot bechosenat all. The
programmingdetailsfor oneiterationsteparegivenin Figure1.
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Figure2: Theleft imageshows thedifferentsamples(blackellipses)aswell asthemeanstate(whiteellipse)with
respectto a chosentargetmodelfor a surveillanceapplication.Theright imageillustratesthesurfaceplot of the
Bhattacharyyacoef�cient of a smallareaaroundthe faceof theperson.Theblackpointsindicatethecentersof
theellipsesof thesamplesetwhile thewhite point representsthemeanlocationwhich is positionedcloseto the
maximumof theplot.

The left imagein Figure2 shows the applicationof the color-basedparticle�lter for a surveillanceapplica-
tion. To illustratethedistribution of thesampleset,the right imagedisplaystheBhattacharyyacoef�cient for a
rectangularregion aroundthe tracked face. The samples(black points)arelocatedaroundthe maximumof the
Bhattacharyyacoef�cient whichrepresentsthebestmatchto thetargetmodel.As canbeseen,thecalculatedmean
state(white point)of thesampledistribution correspondswell to themaximumandconsequentlythelocalization
of thefaceis accurate.

5. TARGET MODEL UPDATE

Illumination conditions,thevisualangle,aswell asthecameraparameterscanin�uence thequality of thecolor-
basedparticle �lter . To overcomethe resultingappearancechangeswe updatethe target modelduring slowly
changingimageobservations.By discardingimageoutliers— wheretheobjectis occludedor toonoisy— it can
beensuredthatthemodelis notupdatedwhenthetracker haslost theobject.So,weusetheupdatecondition

� E [S] > � T (11)

where� E [S] is theobservationprobabilityof themeanstateE[S] and� T is a threshold.
Theupdateof thetargetmodelis implementedby theequation

q(u)
t = (1 � � ) q(u)

t � 1 + � p(u)
E [St ]

(12)

for eachbin u where� weightsthecontribution of themeanstatehistogrampE [St ]. Thus,we evoke a forgetting
processin thesensethatthecontribution of a speci�c framedecreasesexponentiallythefurtherit lies in thepast.
A similarapproachis oftenusedfor modelupdatesin �gure - backgroundsegmentationalgorithms[6, 9].

To summarize,onesingletarget modelis used,respectively adapted,for thewholesamplesetof theparticle
�lter . Wehave alsoconsideredto usedifferenttargetmodelsfor eachsamplebut thecomputationalcostincreases
while theresultsarenotsigni�cantly better. Furthermore,somesamplescouldadaptthemselvesto awrongtarget.

6. INITIALIZA TION

For theinitializationof theparticle�lter , wehaveto �nd theinitial startingvaluesx, y, H x andH y . Therearethree
possibilitiesdependingon theprior knowledgeof thetargetobject:manualinitialization,automaticinitialization
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Figure3: The left imageillustratesthe trackingof a personwhile theright imageshows theresultsof a tracked
carfor thePETS2001sequence.Thetrackedtrajectoriesandthemeanstatearedisplayedfor every25thframe.

usinga known histogramastargetmodelor anobjectdetectionalgorithmthat�nds interestingtargets.Whatever
thechoice,theobjectmustbefully visible,sothatagoodcolordistribution canbecalculated.

If the targethistogramq = f q(u)gu=1 :::m is known, we canplacesamplesstrategically at positionswherethe
targetis expectedto appear. Thetracker shoulddetecttheobjectwhenit entersthe�eld of view of thecamera.In
thiscase,theBhattacharyyacoef�cient in thevicinity of theobjectpositionshouldbesigni�cantly higherthanthe
averagecoef�cient of thebackground.Therefore,we�rst calculatethemeanvalue� andthestandarddeviation �
of theBhattacharyyacoef�cient for elliptic regionsoverall thepositionsof thebackground:

� =
1
I

IX

i =1

� [px i ; q]; (13)

� 2 =
1
I

IX

i =1

(� [px i ; q] � � )2 (14)

andthende�ne anappearanceconditionas

� [p
s( n )

t
; q] > � + 2� : (15)

This indicatesa 95% con�dencethat a sampledoesnot belongto thebackground.If morethanb � N of the
samplesful�ll theappearanceconditionduringinitialization,weconsidertheobjectto befoundandstarttracking.
Theparameterb is calledthe'kick-off fraction'.

Likewise, the samecondition is usedto determineif an object is lost during the tracking. If the numberof
positive appearancesis smallerthanb� N for acoupleof frames,thetracker returnsinto the`initialization' mode.
In ourexperimentsavalueof b = 0:1 hasbeenprovensuf�cient.

In severalof theexperiments,thegoalwasto trackfaces,andweusedanautomaticobjectdetectionalgorithm
basedon SupportVectorMachines[3] for theinitialization.

7. RESULTS

This Sectionshows several surveillancesequenceswhich demonstratethe ef�ciency of the color-basedparticle
�lter to tracknon-rigidobjects.We �rst considerthe trackingresultsof a personanda car in front of a parking
placefor thepublic PETS2001dataset.As presentedin Figure3 both targetsaretracked robustly while thecar
sequenceis especiallyinterestingasscalechangesandout-of-planerotationshave to be handled. The results
areillustratedby the tracked trajectoriesandthemeanstateof every 25th frame. In Figure4 thecorresponding
computingtimesfor thetrackedpersonrespectively thecarwith N = 100samplesareplotted.As canbeseen,the
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Figure4: Computingtime for thetrackedpersonrespectively thecarwith N = 100samples.

proposedalgorithmrunscomfortablyin real-timewithoutany specialoptimizationonanormal800MHzPC.The
calculatingtime of the color-basedparticle�lter is dependenton the numberof samples,thesizeof the elliptic
objectregion andthenumberof binsfor thehistogram,whereastheweightingof thesamplesetis themosttime
consumingpartof theoverall computation.

In Figure 5 studentsin front of the Katholieke Universiteit Leuven arebeing tracked in a sequenceof 222
frames.Theexperimentillustratestherobustnessof theproposedinitialization strategy. As canbeseenin frame
101,thetargetis temporarilylostasit is completelyoccludedby thetree,but canberecoveredusingtheappearance
conditiongiven in Eq.15. Theswitchingbetweenthe`initialization' and`tracking' modesis shown in Figure6.
A threshold(seethe dashedline) which is �x ed by the `kick-off fraction' controlsthe transitionbetweenthe
two modes.Besidesthe�rst occlusionwhich comesfrom the tree,the target is two moretimeshiddenby other
passingstudents. As thosedisappearancesare short, the tracker is able to recover simply by propagatingthe
samplesaccordingto thesystemmodel. Theswitch to the`initialization' modeonly needsto bedonewhenthe
objectdoesnot reappearfor a coupleof frames.Thelastdecreaseof positive appearancesin theplot is forcedby
leaving thecameras�eld of view.

Todemonstratetheimportanceof themodelupdateweregardanotherresultsequencefor thePETS2001dataset.
In Figure7 theresultsof a driver assistanceapplication,wherethecolor-basedparticle�lter hasto handlerapid
movementsof thetargetandthecamera,areshown. Differentviewing anglesof thetrackedcarmake theexperi-
mentquitedif�cult. Nevertheless,thescalechangesaswell astheout-of-planerotationscanbehandledwell by

frame98 frame101 frame112

Figure5: Theeffect of theinitializationstrategy is shown.
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Figure6: Thenumberof samplesin eachframethatful�ll theappearancecondition.

applyingan adaptive target model. For a moredetailedcomparisonthe meanlengthof the horizontalhalf axis
H x of thetargetareplottedin Figure8 for thetwo approaches.Thetarget is betterlocalizedandcanbetracked
throughthe whole sequencesby applyingthe modelupdateas the scaleis estimatedmoreaccurate.For more
sequenceswhich illustratethemodelupdatepleasehave a look at [19].

We also tested the color-basedparticle �lter with a real application from the Europeanproject STAR
(http://www.realviz.com/STAR/). The proposedtracker is employed for facetracking in an AugmentedReal-
ity environment,wherenew techniquesarebeingdevelopedfor commercialtraining,on-linedocumentationand
planningpurposes.In Figure9 the resultimagesof a typical scenein a Siemensfactoryfor sucha serviceand
training applicationareshown. The tracked personcarriesout several operationson differentmachines,which
resultsin large out-of-planerotationsof theheadandunpredictablelocationsin front of a highly texturedback-
ground.Thecolor-basedparticle�lter handlesall requirementsfaultlesslyover this450framesequencewith only
100samples.For reasonsof anonymity, the faceof the tracked personin the resultimagesis pixelized,but the

frame1 frame260 frame500 frame590

Figure7: Thetraf�c sequenceof thePETS2001datasetillustratesthe importanceof anadaptive targetmodelin
casesof largescalechangesandout-of-planerotations.In thetoprow thetrackingresultswithoutamodelupdate
arepresentedwhile in thebottomrow anupdateis applied.
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Figure8: The scalechangesof the horizontalhalf axesH x of the meanobjectstateareplottedfor the traf�c
sequenceto illustratetheeffectivenessof themodelupdate.Theimprovementof anadaptive targetmodelallows
amoreaccuraterepresentationof theobjectasthescaleis estimatedcorrectly.

tracker wasrunningon theoriginal images.

8. CONCLUSIONS

Theproposedtrackingmethodaddsanadaptiveappearancemodelbasedoncolordistributionsto particle�ltering.
Thecolor-basedtracker canef�ciently andsuccessfullyhandlenon-rigidandfastmoving objectsunderdifferent
appearancechanges.Moreover, as multiple hypothesesareprocessed,objectscanbe tracked well in casesof
occlusionsor clutter. Theproposedalgorithmrunscomfortablyin realtimewithoutany specialoptimization.

Theobjectmodelis representedby aweightedhistogramwhichtakesinto accountboththecolorandtheshape
of thetarget.Thenumberof binsin thehistogramshouldbeoptimizedwith respectto thenoiseof thecamera,as
toomany binscanotherwiseposeaproblem.In thesecases,adifferentsimilarity measurecouldbeconsideredthat
alsotakesinto accountneighboringbins. In addition,further improvementscanbeachievedby usinga different
weightingfunction for thehistogramsto put moreemphasison theshapeof theobject,i.e. to utilize someprior
knowledgeof theexpectedobjectsilhouetteto calculatetheweightedhistogram.

A straightforwardkinematicsystemmodelis currentlyusedto propagatethesampleset.By incorporatingmore
apriori knowledge,for exampleby employing a learnedmotionmodel,thequalityof thetrackingcouldbefurther
improved. The applicationof an adaptive modelalwaysimpliesa trade-off betweenan increasingsensitivity to
extendedocclusionsandamorereliabletrackingunderappearancechanges.

Our researchinterestsnow focuson multiple camerasystemsthatcanexchangeinformationaboutthestateof
theobjectsthatthey track.
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