Color Featuresfor Tracking Non-Rigid Objects
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ABSTRACT

Rolustreal-timetrackingof non-rigid objectsis a challengingtask. Color distributions provide an ef cient fea-
ture for this kind of tracking problemsasthey arerobust to partial occlusion,are rotation and scaleinvariant
and computationallyef cient. This article presentghe integration of color distributions into particle ltering,

which hastypically beenusedin combinatiorwith edge-basetnagefeaturesParticle lters offer a probabilistic
framework for dynamicstateestimationandhave provento work well in casesf clutterandocclusion.To over

comethe problemof appearancehangesanadaptve modelupdateis introducedduringtemporallystableimage
obsenrations.Furthermoreaninitialization strat@y is discussedincetracked objectsmaydisappeaandreappear

Keywords: particle Itering, colordistribution, Bhattacharyyaoefcient.
1. INTRODUCTION

With the recentimprovementsin computertechnology real-time automatedvisual suneillance hasbecomea
popularresearcltarea[2, 8, 23, 24]. Nowadayssuneillancecamerasreinstalledin mary security-sensie areas
suchasrailway stations parkingblocks,airports,banksor public building lobbiesto improve the safety

In this contet, we focuson objecttrackingusingcolor distributionsin conjunctionwith a particle lter . Firstof
all, color histogramshave mary adwantagedor trackingnon-rigid objectsasthey arerobustto partial occlusion,
arerotationandscaleinvariantandarecalculatecef ciently . Particle Itering [7, 10, 11, 15] onthe otherhandhas
beernprovenvery successfulor non-linearandnon-Gaussiaastimatiorproblemsandis reliablein case®f clutter
andduring occlusions. The novelty of the proposedracler lies in the original mixture of ef cient components
thattogethelyield areliableandfastsystemfor trackingnon-rigid objects.

In general,tracking methodscan be divided into two main classesspeci ed as bottom-upor top-downap-
proachesln abottom-upapproactthe imageis segmentednto objectswhich arethenusedfor the tracking. For
exampleblob detection16] canbe usedfor the objectextraction.In contrastatop-downapproackyeneratesb-
jecthypothesesndtriesto verify themusingtheimage. Typically, model-basedl10, 11] andtemplatematching
approache§4] belongto this class.The proposedcolor-basedparticle Iter follows the top-downapproachesn
thesensdhattheimagecontents only evaluatedat the hypotheticapositions.

Therelatedmeanshift tracker by Comaniciuetal. [4] whichis anonparametridensitygradientestimatoralso
usescolor distributions. By emplg/ing multiple hypothesesnda modelof the systemdynamicsour proposed
methodcantrack objectsmorereliably in casef clutterandocclusions.Jepsoretal., McKennaetal. andRaja
etal. [13, 17, 22] have alreadydiscusse@daptve models but theseapproacheemplgy Gaussiamixturemodels
while we usecolor histogramgogetherwith multiple hypothesesisardetal. [12] have alreadyemployed color



informationin particle Itering by usingGaussiammixtures. In comparisonpur target modelhasthe advantage
of matchingonly objectsthat have a similar histogramwhereador Gaussiarmixturesobjectsthat containone

of the colorsof the mixture will alreadymatch.Recently Pérezetal. [21] introducedanapproachhatalsouses
color histogramsanda patrticle Itering frameavork for multiple objecttracking. Thetwo independentlyproposed
methodqd18, 21] differ in theinitialization of the tracker, the modelupdate the region shapeandthe obseration

of thetrackingperformanceA detailedcomparisorof the colorbasedarticle Iter to the meanshift tracker and

acombinatiorbetweerthe meanshift tracker andKalman ltering [5] is describedn [20].

Theremainderof this articleis organizedasfollows. In Section2 we brie y describeparticle Itering andin
Section3 we indicatehow color distributionsareusedasobjectmodels.Theintegrationof the colorinformation
into the particle lter is explainedin Section4 andSection5 describeshe modelupdate As tracked objectsmay
disappeaandreappeaaninitialization basedon anappearanceonditionis introducedn Section6. In Section?
we presensomeexperimentakesultsand nally, in Section8, we summarizeour conclusions.

2. PARTICLE FILTERING

Particle Iters [10, 11] offer a probabilisticframevork for dynamicstateestimation.They approximatehe poste-

samplesetS = f(s(M; (M)jn=1:::Ng. Eachsamples representsnehypotheticalstateof the object,with a
correspondingliscretesamplingprobability , where L (M =1

The evolution of the samplesetis describediy propagatingeachsampleaccordingto a systemmodel. Each
elemenbf thesetis weightedn termsof theobserationsandN samplesaredravn with replacementyy choosing
aparticularsamplewith probability (M = p(zjX; = SE”)). Themeanstateof anobjectis estimatedateachtime

stepby

Xl
E[S] = (Mg (1)
n=1
Particle Itering providesarobusttrackingframewnork in caseof clutterandocclusionasit modelsuncertainty
It cankeepits optionsopenandconsidemultiple statehypothesesimultaneously

3. COLOR DISTRIBUTION MODEL

We wantto apply a particle lter in a colorbasedcontet. Color distributionsare usedastamget modelsasthey
achieve robustnessagainstnon-rigidity, rotation and partial occlusion. Supposehat the distributions are dis-
cretizedinto m-bins. The histogramsareproducedwith thefunctionh(x;), thatassignghe color atlocationx; to
thecorrespondingpin. In our experimentsthe histogramsaretypically calculatedn theRGB spaceusing8 8 8
bins. To malke the algorithmlesssensitve to lighting conditions the HSV color spacecould be usedinsteadwith
lesssensitvity toV (e.g.8 8 4bins).

We determinethe color distribution inside an upright elliptic region with half axesH andHy. To increase
the reliability of the color distribution whenboundarypixels belongto the backgrouncor get occluded,smaller
weightsareassignedo the pixelsthatarefurtheraway from theregion centerby emplo/ing aweightingfunction

r2 . r<1

k(r) = 0 ;. otherwise

(2)
wherer isthedistancdrom theregion center Thus,weincreasdhereliability of thecolordistribution whenthese
boundarypixelsbelongto thebackgrounar getoccluded.lt is alsopossibleo useadifferentweightingfunction,
for examplethe Epanechni@v kernel[4].



Thecolor distribution py = fp§,“)gu=1;;;m atlocationy is calculatedas

pgu) X ky Xik

=tk ———— [htxi) u] 3)
i=1
. o o . 9 ——
wherel is thenumberof pixelsin theregion, is theKronecler deltafunction,theparametea = HZ2+ HZ is
usedto adaptthe sizeof theregion, andthe normalizatiorfactor
1
F=r; K kv xik )
i=1 a

ensure?‘.hatP m W =
u=1 Py = L
In atrackingapproachthe estimatedstateis updatedat eachtime stepby incorporatingthe new obsenrations.
Therefore we needa similarity measurevhich is basedon color distributions. A popularmeasureéetweertwo
distributionsp(u) andqg(u) is the Bhattacharyyaoefcient [1, 14]
VA

p
[p;q] = p(u)qg(u) du: (5)

Consideringdiscretedensitiessuchasour color histogram® = fp(") gy=1 .-m andq= fq“Wgy=1..m thecoef-
cient isde nedas

xn g
[p;dl = pWgt): (6)
u=1
Thelarger is, themoresimilar thedistributionsare. For two identicalnormalizedhistogramsve obtain = 1,
indicatinga perfectmatch.As distancebetweertwo distributionswe de ne themeasure

P
d="1 [piq] (7)

whichis calledthe Bhattacharyyalistance.
4. COLOR-BASED PARTICLE FILTERING

The proposedrracker employs the Bhattacharyyalistanceto updatethe a priori distribution calculatedby the
particle lter . Eachsampleof thedistribution representanellipseandis givenas

s=fxy;xy;Hx;Hy;ag (8)

wherex, y specify the location of the ellipse, x, y the motion, Hy, Hy the lengthof the half axes anda the
correspondingcalechange As we considera whole samplesetthe tracker handlegnultiple hypothesesimulta-
neously

Thesamplesetis propagatedhroughthe applicationof a dynamicmodel

St= As 1+ Wy g 9

whereA de nesthedeterministiccomponenbf themodelandw ; is a multivariateGaussiamandomvariable.
In our applicationwe currentlyusea rst ordermodelfor A describingaregion moving with constanvelocity x,
y andscalechangea. Expandingthis modelto secondrderis straightforvard.

To weightthe sampleset, the Bhattacharyyaoefcient hasto be computedbetweenthe tamget histogramand
the histogramof the hypotheses Eachhypotheticalregion is speci ed by its statevectors(™ . Both the tamget
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GiventhesamplesetS; i andthetargetmodel
W = f i|:1k kxik [h(x;) u],

a
performthefollowing steps:
1. SelectN sampledromthesetS; ; with probability t(”)lz
(a) calculatethe normalizedcumulatie probabilitiesc? ;
©) _

CE)l_( ) (n)
n) _ n 1 n
Ctl_c‘%)l o
an) _ o
Ctl_ (N%

G 1
(b) generatea uniformly distributedrandomnumbenr 2 [0; 1]
() nd, by binarysearchthesmallesi forwhichc?”1 r
(@) sets(") = s
2. PropagateeachsampldromthesetS? , by alinearstochastidifferentialequation:

o= A+ i)

wherewt(”)l is a multivariateGaussiamandomvariable

3. Obsewethecolordistributions:
(a) calculatethecolor distrikution

P (n) i
Py = lak —5— ) ul
t
for eachsampleof thesetS;
(b) calculatethe Bhattacharyyaoefcient for eachsample
of thesetS; r

5 _
gl = (u)
i =" w1 P

(c) weighteachsampleof thesetS;
(1 [ps(n)?Q])
t

4, Estimatqghe meanstateof the setS;
E - N (n) (M)
[St] n=1 t St

Figurel: An iterationstepof thecolorbasedparticle lter.

histogramg andthe candidatehistogramp») arecalculatedrom Eq. 3 wherethetargetis centeredht the origin
of theelliptic region.

As we want to favor samplesvhosecolor distributions are similar to the taget model, small Bhattacharyya
distancesorrespondo largeweights:

1 &2 1 (A [pn):dl
(”)zpzrezzzpzre 2 2 (10)
that are speci ed by a Gaussiarwith variance . During ltering, sampleswith a high weight may be chosen
ses/eraltimes,leadingto identicalcopies,while otherswith relatively low weightsmay notbe choseratall. The
programmingdetailsfor oneiterationsteparegivenin Figurel.
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Figure2: Theleft imageshavs the differentsamplegblackellipses)aswell asthe meanstate(white ellipse)with
respecto a chosentagetmodelfor a suneillanceapplication. Theright imageillustratesthe surfaceplot of the
Bhattacharyyaoefcient of a smallareaaroundthe faceof the person.The black pointsindicatethe centersof
the ellipsesof the samplesetwhile the white point representshe meanlocationwhich is positionedcloseto the
maximumof theplot.

The left imagein Figure 2 shaws the applicationof the colorbasedparticle Iter for a suneillanceapplica-
tion. To illustratethe distribution of the sampleset, the right imagedisplaysthe Bhattacharyyaoefcient for a
rectangularegion aroundthe tracked face. The sampleqblack points) arelocatedaroundthe maximumof the
Bhattacharyyaoefcient whichrepresentthebestmatchto thetargetmodel. As canbeseenthecalculatednean
state(white point) of the sampledistribution correspondsvell to the maximumandconsequentlyhelocalization
of thefaceis accurate.

5. TARGET MODEL UPDATE

Illumination conditions the visualangle,aswell asthe camergparametergsanin uence the quality of the color
basedpatrticle lter. To overcomethe resultingappearancehangesve updatethe tamget model during slowly
changingmageobsenrations.By discardingmageoutliers— wherethe objectis occludedor too noisy— it can
be ensuredhatthemodelis not updatedvhenthetracker haslost the object. So,we usethe updatecondition

E[S]> T (11)

where g[g) is theobsenration probability of the meanstateE [S] and 1 is athreshold.
Theupdateof thetamgetmodelis implementedy theequation

=@ d%r el 12)

for eachbin u where weightsthe contritution of the meanstatehistogrampg s,;. Thus,we evoke a forgetting
processn the sensehatthe contritution of a speci ¢ framedecreaseexponentiallythefurtherit liesin thepast.
A similarapproachs oftenusedfor modelupdatesn gure - backgroundsegmentatioralgorithms[6, 9].
To summarizepnesingletarget modelis used,respectiely adaptedfor the whole samplesetof the particle
Iter . We have alsoconsideredo usedifferenttargetmodelsfor eachsamplebut the computationatostincreases
while theresultsarenotsigni cantly better Furthermoresomesamplexouldadapthemselesto awrongtamet.

6. INITIALIZA TION

Fortheinitializationof theparticle Iter , wehaveto nd theinitial startingvaluesx, y, Hx andHy. Therearethree
possibilitiesdependingon the prior knowledgeof the target object: manualinitialization, automatidnitialization
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Figure3: Theleft imageillustratesthe tracking of a personwhile the right imageshaws the resultsof a tracked
carfor the PETS200kequenceT hetrackedtrajectoriesandthe meanstatearedisplayedor every 25thframe.

usinga known histogramastarmgetmodelor anobjectdetectionalgorithmthat nds interestingtargets. Whatever
thechoice theobjectmustbefully visible, sothata goodcolor distribution canbe calculated.

If thetarget histogramg = fq(“) gy=1:m is known, we canplacesamplesstrat@ically at positionswherethe
tamgetis expectedo appearThetracker shoulddetectthe objectwhenit entershe eld of view of thecameraln
this casethe Bhattacharyyaoefcient in thevicinity of theobjectpositionshouldbesigni cantly higherthanthe
averagecoefcient of thebackgroundThereforewe rst calculatehemeanvalue andthestandardieviation
of the Bhattacharyyaoefcient for elliptic regionsover all the positionsof the background:

1 X

=T [ox; s d; (13)

i=1

2_ 1 X 2

=+ (pad ) (14)

i=1

andthende ne anappearanceonditionas

[pSEn) X q] > + 2 (15)

This indicatesa 95% con dencethata sampledoesnot belongto the background.If morethanb N of the
sampledul Il theappearanceonditionduringinitialization, we consideithe objectto befoundandstarttracking.
Theparametebis calledthe 'kick-off fraction'.

Likewise, the sameconditionis usedto determineif an objectis lost during the tracking. If the numberof
positive appearances smallerthanb N for acoupleof frames thetracker returnsinto the initialization' mode.
In our experimentsavalueof b = 0:1 hasbeenprovensufcient.

In several of the experimentsthe goalwasto trackfaces andwe usedan automaticobjectdetectionalgorithm
basedn SupportvectorMachineq3] for theinitialization.

7. RESULTS

This Sectionshavs sereral suneillancesequencesvhich demonstratéhe ef ciency of the colorbasedparticle
Iter to track non-rigid objects.We rst considerthe trackingresultsof a personanda carin front of a parking
placefor the public PETS2001dataset.As presentedn Figure 3 both targetsaretracked robustly while the car
sequenceas especiallyinterestingas scalechangesand out-of-planerotationshave to be handled. The results
areillustratedby the tracked trajectoriesandthe meanstateof every 25thframe. In Figure4 the corresponding
computingtimesfor thetrackedpersorrespectiely thecarwith N = 100samplesreplotted.As canbeseenthe

6



920

— White van
+*  Human

80
701
60

501

Time [ms]

40+ * * B

307 A M

20

10 L L L L L L L L
700 750 800 850 900 950 1000 1050 1100

Figure4: Computingtime for thetracked persorrespectiely thecarwith N = 100samples.

proposedilgorithmrunscomfortablyin real-timewithoutary specialoptimizationon anormal800MHzPC.The
calculatingtime of the colorbasedparticle Iter is dependenbn the numberof samplesthe size of the elliptic
objectregion andthe numberof binsfor the histogramwhereaghe weightingof the samplesetis the mosttime
consumingpartof the overall computation.

In Figure 5 studentsin front of the Katholiele Universiteit Leuven are beingtracked in a sequencef 222
frames.The experimentillustratesthe robustnesof the proposednitialization stratgy. As canbeseenin frame
101,thetamgetis temporarilylostasit is completelyoccludedoy thetree,but canberecoreredusingtheappearance
conditiongivenin Eq. 15. The switchingbetweerthe initialization' and tracking' modesis shavn in Figure6.
A threshold(seethe dashedine) which is x ed by the “kick-off fraction' controlsthe transition betweenthe
two modes.Besideshe rst occlusionwhich comesfrom thetree,the targetis two moretimeshiddenby other
passingstudents. As thosedisappearanceare short, the tracler is able to recover simply by propagatinghe
samplesaccordingto the systemmodel. The switchto the initialization' modeonly needsto be donewhenthe
objectdoesnot reappeafor a coupleof frames.Thelastdecreas®f positive appearanceis theplotis forcedby
leaving the cameraseld of view.

To demonstratéheimportanceof themodelupdatewe regardanotheresultsequencéor thePETS200dataset.
In Figure 7 the resultsof a driver assistancapplication,wherethe colorbasedparticle Iter hasto handlerapid
movementf thetargetandthe cameraareshavn. Differentviewing anglesof thetracked carmake the experi-
mentquite dif cult. Neverthelessthe scalechangesswell asthe out-of-planerotationscanbe handledwell by

frame98 frame101 framel12

Figure5: Theeffectof theinitialization stratey is shavn.
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Figure6: Thenumberof samplesn eachframethatful Il theappearanceondition.

applyingan adaptve target model. For a more detailedcomparisorthe meanlength of the horizontalhalf axis
H of thetamgetareplottedin Figure8 for the two approachesThetametis betterlocalizedandcanbetracked
throughthe whole sequenceby applyingthe modelupdateasthe scaleis estimatednore accurate.For more
sequencewhichillustratethe modelupdatepleasehave alook at[19].

We also testedthe color-basedparticle Iter with a real application from the Europeanproject STAR
(http://wwwrealviz.com/SAR/). The proposedtracker is emplo/ed for facetrackingin an AugmentedReal-
ity erwvironment,wherenew techniquesrebeingdevelopedfor commercialtraining, on-line documentatiormand
planningpurposes.ln Figure9 the resultimagesof a typical scenein a Siemendactoryfor sucha serviceand
training applicationare shawvn. The tracked personcarriesout seseral operationson differentmachineswhich
resultsin large out-of-planerotationsof the headandunpredictabldocationsin front of a highly texturedback-
ground.Thecolor-basedarticle Iter handlesall requirement$aultlesslyover this 450framesequencevith only
100 samples.For reasonf anorymity, the faceof the tracked personin the resultimagesis pixelized, but the

framel frame260 frame500 frame590

Figure7: Thetrafc sequencef the PETS2001datasefllustratestheimportanceof anadaptve tagetmodelin
case®f large scalechangesndout-of-planerotations.In thetop row thetrackingresultswithouta modelupdate
arepresentedvhile in thebottomrow anupdateis applied.
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Figure 8: The scalechangesf the horizontalhalf axesH x of the meanobjectstateare plotted for the trafc
sequenco illustratethe effectivenesf the modelupdate. Theimprovementof anadaptve targetmodelallows
amoreaccuratgepresentationf the objectasthe scaleis estimatedorrectly

tracler wasrunningon the originalimages.
8. CONCLUSIONS

Theproposedrackingmethodaddsanadaptve appearanceodelbasedn color distributionsto particle Itering.
Thecolorbasedracler canef ciently andsuccessfulljhandlenon-rigidandfastmoving objectsunderdifferent
appearancehanges.Moreover, as multiple hypothesesre processedpbjectscan be tracked well in casesof
occlusion9or clutter The proposedalgorithmrunscomfortablyin realtime without ary specialoptimization.

Theobjectmodelis representely aweightedhistogranmwhich takesinto accountboththecolorandthe shape
of thetamget. Thenumberof binsin the histogramshouldbe optimizedwith respecto the noiseof thecameraas
toomary binscanotherwiseposeaproblem.In thesecasesadifferentsimilarity measureouldbe consideredhat
alsotakesinto accountneighboringbins. In addition,furtherimprovementscanbe achieved by usinga different
weightingfunction for the histogramdo put moreemphasi®n the shapeof the object,i.e. to utilize someprior
knowledgeof the expectedobjectsilhouetteto calculatethe weightedhistogram.

A straightforvard kinematicsystenmodelis currentlyusedto propagatehesampleset.By incorporatingmore
apriori knowledge for exampleby emplging alearnedmnotionmodel,the quality of thetrackingcouldbefurther
improved. The applicationof an adaptve modelalwaysimplies a trade-of betweeranincreasingsensitvity to
extendedocclusionsandamorereliabletrackingunderappearancehanges.

Ourresearchinterestsnow focuson multiple camerasystemghat canexchanganformationaboutthe stateof
theobjectsthatthey track.
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