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Abstract

A new approachowardtargetrepresentatioandlocalization thecentralcomponenin visualtrack-
ing of non-rigidobjects,s proposedThefeaturehistogrambasedargetrepresentationareregularized
by spatialmaskingwith anisotropickernel. The maskinginducesspatially-smoottsimilarity functions
suitablefor gradient-basedptimization,hence the targetlocalizationproblemcanbe formulatedus-
ing the basinof attractionof the local maxima. We employ a metric derived from the Bhattacharyya
coeficientassimilarity measureandusethe meanshift procedureo performthe optimization.In the
presentedrackingexampleghenen methodsuccessfullyopedwith cameramotion,partialocclusions,
clutter, andtargetscalevariations.Integrationwith motionfilters anddataassociatiotechniquess also
discussedWe describeonly few of the potentialapplications:exploitation of backgroundnformation,
Kalmantrackingusingmotionmodels,andfacetracking.

Keywords: non-rigidobjecttracking;tamgetlocalizationandrepresentatiorgpatially-smoottsim-

ilarity function; Bhattacharyya&oeficient; facetracking.

1 Intr oduction

Real-timeobjecttrackingis thecritical taskin mary computevision applicationssuchassuneil-
lance[44,16,32], perceptualiserinterfaceq10], augmentedeality [26], smartrooms[39, 75,47],

object-basedideocompressioll], anddriver assistanc§34, 4].

Two major componentganbe distinguishedn atypical visual tracker. Target Repesenta-
tion and Localizationis mostly a bottom-upprocesswvhich hasalsoto copewith the changesn
theappearancef thetarget. Filtering and Data Associations mostly atop-dovn processlealing
with the dynamicsof the tracked object,learningof scenepriors, and evaluationof differenthy-
pothesesTheway the two components@recombinedandweightedis applicationdependenand
playsadecisverole in therobustnessandefficiengy of thetracker. For example,facetrackingin



acrovdedsceneeliesmoreon targetrepresentatiothanon targetdynamicg21], while in aerial
video sunwillance,e.g.,[74], the taget motion and the ego-motionof the cameraare the more
importantcomponentsin real-timeapplicationsonly a small percentagef the systemresources
canbeallocatedfor tracking,therestbeingrequiredfor the preprocessingtagesor to high-level
taskssuchasrecognition trajectoryinterpretationandreasoningThereforejt is desirableo keep
the computationatompleity of atracker aslow aspossible.

Themostabstractormulationof thefiltering anddataassociatioprocesss throughthestate
spaceapproad for modelingdiscrete-timedynamicsystemg5]. Theinformationcharacterizing
the dynamicequationx;, = f;(xx_1, vx). The availablemeasurement$z; }._, .. arerelatedto
the correspondingstatesthroughthe measuremengéquationz, = hy(xx, ny). In general,both
f,, andh, arevectorvalued,nonlinearandtime-varyingfunctions. Eachof the noisesequences,

{Vi}r=1,. and{n, },—, . is assumedo beindependenandidenticallydistributed(i.i.d.).

The objective of trackingis to estimatethe statex, given all the measurementg,., up
that moment,or equivalently to constructthe probability densityfunction (pdf) p(xx|z:.). The
theoreticallyoptimalsolutionis providedby therecursve Bayesiarfilter which solvestheproblem
in two steps.The predictionstepusesthe dynamicequationandthe alreadycomputedodf of the
stateattimet = k — 1, p(xx_1|z1.x_1), to derive the prior pdf of the currentstate,p(xy|z1.x 1)-
Then, the updatestepemploys the likelihood function p(zx|x;) of the currentmeasuremento
computethe posteriompdf p(xy|z1.1).

When the noise sequencesire Gaussianand f;, and h;, are linear functions, the optimal
solutionis providedby the Kalmanfilter [5, p.56], whichyieldsthe posteriorbeingalsoGaussian.
(We will returnto this topic in Section6.2.) Whenthe functionsf, andh, are nonlinear by
linearizationthe ExtendedKalmanFilter (EKF) [5, p.106]is obtained the posteriordensitybeing
still modeledasGaussianA recentalternatve to the EKF is the UnscentedalmanFilter (UKF)
[42] which usesa setof discretelysampledpointsto parameterizéhe meanand covarianceof
the posteriordensity Whenthe statespaceis discreteand consistsof a finite numberof states,
HiddenMarkov Models (HMM) filters [60] canbe appliedfor tracking. The mostgeneralclass
of filters is representedby particlefilters [45], alsocalledbootstrapfilters [31], which arebased

on Monte Carlo integrationmethods. The currentdensityof the stateis representedby a setof



randomsampleswith associatedveightsandthe new densityis computedbasednthesesamples
andweights(seg[23, 3] for reviews). The UKF canbeemployedto generatgroposadistributions
for particlefilters, in which casethefilter is calledUnscentedParticle Filter (UPF)[54].

Whenthe trackingis performedin a clutteredernvironmentwheremultiple targetscan be
present[52], problemsrelatedto the validation and associationof the measurementarise[5,
p.150]. Gatingtechniquesare usedto validate only measurementa/hosepredictedprobability
of appearances high. After validation,a stratey is neededo associateghe measurementwith
the currenttargets. In additionto the NearesiNeighborFilter, which selectghe closestmeasure-
ment,techniqguesuchasProbabilisticDataAssociationFilter (PDAF) areavailablefor thesingle
target case. The underlyingassumptiorof the PDAF is thatfor ary giventargetonly one mea-
surements valid, andthe other measurementare modeledasrandominterferencethatis, i.i.d.
uniformly distributed randomvariables. The Joint Data AssociationFilter (JPDAF) [5, p.222],
ontheotherhand,calculategshe measurement-to-tgetassociatiorprobabilitiesjointly acrossall
thetamets. A differentstratay is representedby the Multiple HypothesigFilter (MHF) [63, 20],
[5, p.106]which evaluatesthe probability that a giventarget gave rise to a certainmeasurement
sequenceThe MHF formulationcanbe adaptedo trackthe modesof the statedensity[13]. The
dataassociatiorproblemfor multiple targetparticlefiltering is presentedn [62, 3§].

The filtering and associatiortechniquediscussedibove were appliedin computervision
for varioustrackingscenarios Boykov andHuttenloche[9] employedthe Kalmanfilter to track
vehiclesin anadaptve framavork. RosalesandSclarof [65] usedthe ExtendedKalmanFilter to
estimatea 3D objecttrajectoryfrom 2D imagemotion. Particle filtering wasfirst introducedin
vision asthe Condensatiomlgorithmby IsardandBlake [40]. Probabilisticexclusionfor tracking
multiple objectswasdiscussedh [51]. Wu andHuangdevelopedanalgorithmto integratemultiple
tamgetclues[76]. Li andChellappd48] proposedimultaneousrackingandverificationbasedon
particlefilters appliedto vehiclesandfaces. Chenet al. [15] usedthe Hidden Markov Model
formulationfor trackingcombinedwith JPDAF dataassociationRui andChenproposedo track
thefacecontourbasedntheunscentegarticlefilter [66]. ChamandRehg[13] applieda variant
of MHF for figuretracking.

The emphasisn this paperis on the othercomponenbf tracking: targetrepresentatioand
localization.While thefiltering anddataassociatiorhave their rootsin controltheory algorithms



for tagetrepresentatioandlocalizationarespecificto imagesandrelatedto registrationmethods
[72, 64,56]. Both tamgetlocalizationandregistrationmaximizesa likelihoodtype function. The
differenceis thatin tracking, asopposedo registration,only small changesare assumedn the
locationandappearancef the targetin two consecutre frames. This propertycanbe exploited
to developefficient, gradientbasedocalizationschemesisingthe normalizedcorrelationcriterion
[6]. Sincethe correlationis sensitve to illumination, Hagerand Belhumeur{33] explicitly mod-
eledthe geometryandillumination changes.The methodwasimproved by Sclarof andIsidoro
[67] usingrobustM-estimators.Learningof appearancenodelsby employing a mixture of stable
imagestructure,motion information and an outlier processwas discussedn [41]. In a differ-
entapproachferrariet al. [26] presentedan affine tracker basedon planarregionsandanchor
points. Trackingpeople,which risesmary challengesiueto the presencef large 3D, non-rigid
motion, wasextensively analyzedn [36, 1, 30, 73]. Explicit trackingapproachesf people[69]
aretime-consumingand often the simplerblob model[75] or adaptve mixture models[53] are
alsoemployed.

Themaincontribution of the paperis to introducea new framework for efficient trackingof
non-rigidobjects.We shaw thatby spatiallymaskingthetargetwith anisotropickernel,aspatially-
smoothsimilarity function canbe definedandthe target localizationproblemis thenreducedo
a searchin the basinof attractionof this function. The smoothnes®f the similarity function
allows applicationof a gradientoptimizationmethodwhich yields muchfastertargetlocalization
comparedvith the (optimized)exhaustve search.Thesimilarity betweerthetargetmodelandthe
target candidatesn the next frameis measuredisingthe metric derived from the Bhattacharyya
coeficient. In our casethe Bhattacharyyaoeficient hasthe meaningof a correlationscore.The
new targetrepresentatioandlocalizationmethodcanbeintegratedwith variousmotionfiltersand
dataassociatiortechniques.We presentiracking experimentsin which our methodsuccessfully
copedwith complex cameramotion, partial occlusionof the target, presencef significantclutter
andlargevariationsin tamgetscaleandappearancé/Ve alsodiscussheintegrationof background
informationandKalmanfilter basedracking.

Thepapers organizedasfollows. Section2 discussesssueof targetrepresentatioandthe
importanceof a spatially-smoottsimilarity function. Section3 introduceghe metricdervedfrom
the Bhattacharyya&oeficient. The optimizationalgorithmis describedn Sectiord. Experimental

resultsareshownn in Section5. Section6 presentextensionsof the basicalgorithmandthe new



approachs putin the context of computewision literaturein Section?.

2 TargetRepresentation

To characteriz¢hetarmget,first afeaturespaceas chosenThereferencaarget modelis represented
by its pdf ¢ in thefeaturespace.For example,the referencenodelcanbe choserto bethe color
pdf of the target. Without loss of generalitythe target model can be consideredas centeredat
the spatiallocation 0. In the subsequenframe a target candidateis definedat locationy, and
is characterizedy the pdf p(y). Both pdf-s areto be estimatedirom the data. To satisfy the
low computationatostimposedby real-timeprocessingliscretedensitiesj.e., m-bin histograms
shouldbe used.Thuswe have

tamgetmodel: a={du}tyes m Z Gu =1
u=1
targetcandidate: p(y) = {Pu(¥) }oei Zﬁu =1

<
Il
—

Thehistogramis not the bestnonparametriclensityestimatd68], but it sufficesfor our purposes.
Otherdiscretedensityestimatesanbealsoemployed.

We will denoteby

ply) = plp(y). d (1)
asimilarity functionbetweerp andq. Thefunctionp(y) playstherole of alikelihoodandits local
maximain the imageindicatethe presencef objectsin the secondramehaving representations
similarto q definedin thefirst frame.If only spectrainformationis usedto characteriz¢hetaget,
the similarity functioncanhave large variationsfor adjacentocationson theimagelattice andthe
spatialinformationis lost. To find the maximaof suchfunctions,gradient-basedptimizationpro-
ceduresaredifficult to applyandonly anexpensve exhaustve searchcanbe used.We regularize
thesimilarity functionby maskingthe objectswith anisotropickernelin the spatialdomain.When
thekernelweights,carryingcontinuousspatialinformation,areusedin definingthe featurespace
representationg(y) becomes smoothfunctionin y.



2.1 TargetModel

A tamgetis representedly anellipsoidalregionin theimage.To eliminatetheinfluenceof different
tagetdimensionsall targetsarefirst normalizedo aunit circle. Thisis achievedby independently

rescalingtherow andcolumndimensionswith ~,, andh,,.

Let {x}
Theregionis centeredat 0. An isotropickernel,with a corvex andmonotonicdecreasindkernel

.—1_, bethenormalizedpixel locationsin the region definedasthe tamget model.
profile k(z)*, assignssmallerweightsto pixels fartherfrom the center Using theseweightsin-
creaseshe robustnesof the densityestimationsincethe peripheralpixels arethe leastreliable,

beingoftenaffectedby occlusiongclutter) or interferenceérom the background.

Thefunctiond : R? — {1...m} associateo the pixel atlocationx? theindex b(x}) of its
bin in the quantizedreaturespace.The probability of thefeatureu = 1...m in thetargetmodel

is thencomputedas

Gu = CZ k(I 1)8 [bG<;) —ul )

where/ is the Kronecler deltafunction. The normalizationconstant' is derived by imposingthe
conditiony " | g, = 1, from where
1
> imr k(I=E0?)

sincethe summatiorof deltafunctionsfor v = 1...m is equalto one.

C= 3)
2.2 TargetCandidates

Let {Xz}
frame.Thenormalizations inheritedfrom the framecontainingthe targetmodel. Usingthe same

. bethenormalizedpixellocationsof thetargetcandidatecenteredty in thecurrent

i=1..n

kernelprofile k(z), but with bandwidthh, the probability of the featureu = 1...m in thetarget

candidatas givenby

~ 2 — X
Puly) = Cn S (Hy .
=1

Theprofile of akernel K is definedasafunctionk : [0, 00) — R suchthat K (x) = k(||x/|?).

) 6 [b(xi) —u] (4)
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where

1
Ch = n —X; (5)
> ity k(17)

is the normalizationconstant.Note that C;, doesnotdependon y, sincethe pixel locationsx; are

organizedn aregularlatticeandy is oneof thelattice nodes.Therefore (;, canbe precalculated
for a given kernel and differentvaluesof h. The bandwidthh definesthe scaleof the tamget

candidatej.e., thenumberof pixelsconsideredn thelocalizationprocess.

2.3 Similarity Function Smoothness

Thesimilarity function (1) inheritsthe propertiesof thekernelprofile k(x) whenthetargetmodel
and candidateare representecccordingto (2) and (4). A differentiablekernel profile yields a
differentiablesimilarity functionandefficientgradient-basedptimizationgproceduresanbeused
for finding its maxima. The presencef the continuouskernelintroducesaninterpolationprocess
betweerthelocationsontheimagelattice. The employedtargetrepresentationdo not restrictthe
way similarity is measuredndvariousfunctionscanbe usedfor p. See[59] for anexperimental

evaluationof differenthistogramsimilarity measures.

3 Metric basedon Bhattacharyya Coefficient

The similarity function definesa distanceamongtarget modeland candidates.To accommodate
comparison@mongvarioustarmets, this distanceshouldhave a metric structure. We definethe

distancebetweenrtwo discretedistributionsas

d(Y) =v1-p [p(Y)v (i] ) (6)

wherewe chose

pY) = pB)d =D Vhu(y)du s (7)

the sampleestimateof the Bhattacharyya@oeficientbetweernp andq [43].

TheBhattacharyyaoeficientis adivergence-typaneasurg49] which hasastraightforvard
geometridnterpretationlt is the cosineof the anglebetweernthe m-dimensionalnit vectors
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takeninto accounby representinghemontheunit hypersphereAt thesameimewe caninterpret
(7) asthe (normalized)correlationbetweerthevectors(v/py, - . . , \/IZ)T and (v/qi, ..., @)T.

Propertieof theBhattacharyyaoeficientsuchasits relationto the Fishermeasuref information,
quality of the sampleestimateandexplicit formsfor variousdistributionsaregivenin [22, 43].

The statisticalmeasur€6) hasseveraldesirableproperties:

1. It imposesa metric structure(see Appendix). The Bhattacharyyalistance[28, p.99] or
Kullbackdivergencg19, p.18] arenot metricssincethey violate at leastoneof the distance

axioms.

2. It hasa cleargeometricinterpretation.Note that the L,, histogrammetrics(including his-

togramintersectior{71]) do notenforcetheconditions) " , ¢, = 1and> "  p, = 1.

3. It usediscretedensitiesandthereforeit is invariantto the scaleof thetarget(up to quanti-
zationeffects).

4. 1t is valid for arbitrarydistributions, thus being superiorto the Fisherlinear discriminant,
which yields usefulresultsonly for distributionsthat are separatedby the mean-diference
[28, p.132].

5. It approximateshe chi-squaredstatistic,while avoiding the singularityproblemof the chi-
squaregestwhencomparingemptyhistogranmbins|[2].

Divergencebasedneasuresverealreadyusedin computervision. The Chernof andBhat-
tacharyyaboundshave beenemployedin [46] to determingheeffectivenes®f edgedetectorsThe
Kullbackdivergencebetweerjoint distribution andproductof mamginals(e.g.,themutualinforma-
tion) hasbeenusedin [72] for registration. Informationtheoreticmeasure$or targetdistinctness
werediscusseadn [29].

4 TargetLocalization

To find the location correspondingdo the targetin the currentframe, the distance(6) shouldbe
minimizedasa functionof y. Thelocalizationprocedurestartsfrom the positionof the targetin



the previous frame (the model)andsearchesn the neighborhood.Sinceour distancefunctionis
smooth the procedureusesgradientinformationwhich is provided by the meanshift vector[17].
More involvedoptimizationsbasedn the Hessiarof (6) canbe applied[58].

Color informationwas chosenasthe tamget feature,however, the sameframevork canbe
usedfor texture and edges,or ary combinationof them. In the sequelit is assumedhat the
following informationis available: (a) detectiomandlocalizationin theinitial frameof the objects
to track (targetmodels)[50, 8]; (b) periodicanalysisof eachobjectto accountor possibleupdates
of thetargetmodelsdueto significantchangesn color[53].

4.1 DistanceMinimization

Minimizing the distance(6) is equivalentto maximizingthe Bhattacharyyaoeficient 5(y). The
searchfor the new targetlocationin the currentframestartsat thelocationy, of thetargetin the

previous frame. Thus, the probabilities{p,(y,)} of the target candidateat locationy, in

u=1...m

the currentframehave to be computedirst. Using Taylor expansionaroundthevaluesp,(y,), the
linearapproximatiorof the Bhattacharyyaoeficient (7) is obtainedaftersomemanipulationsas

Theapproximatioris satisactorywhenthetargetcandidatep,, (y) }

/\

(8)

NJI»d
N)I»d

(YO) '

doesnotchangealrasti-

u=1...m

cally from theinitial {p..(y,)} whichis mostoftenavalid assumptiorbetweerconsecutie

u=1...m?

frames. The conditionp,(y,) > 0 (or somesmallthreshold)for all w = 1...m, canalwaysbe

) (9)

w =3 ﬁu‘(]; o) — ] (10)

Thus,to minimizethedistancg6), thesecondermin (9) hasto be maximized thefirst termbeing

enforcedby notusingthefeaturevaluesin violation. Recalling(4) resultsin

nh
Z Pu(y qu+ (‘

where

independendbf y. Obsene thatthe secondterm representshe density estimatecomputedwith
kernelprofile k(z) aty in the currentframe,with the databeingweightedby w; (10). Themode
of this densityin thelocal neighborhoods the soughtmaximumwhich canbe found employing
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the meanshift procedurd17]. In this procedurehe kernelis recursvely movedfrom the current
locationy,, to the new locationy, accordingto therelation

N 2
Z?:hl X,w;g (H¥ )
Y1 = o |I2 (11)
s, g [47])
whereg(z) = —k'(z), assuminghatthe derivative of k(z) existsfor all € [0, c0), exceptfor a

finite setof points. Thecompletetargetlocalizationalgorithmis presentedbelow.

BhattaharyyaCoeficientp [p(y), ] Maximization

Given:

thetargetmodel{q, } ., andits locationy, in the previousframe.

u=1...

1. Initialize the location of the targetin the currentframewith y,, compute{p.(y,)}

u=1...m?

andevaluate

2. Derivetheweights{w;} . accordingto (10).

i=1...n,

3. Findthenext locationof thetargetcandidateaccordingo (11).

4. Compute{p,(y,)},_; _,,» andevaluate
p [p(y1>~ (i] = Zum:1 V ﬁu(yl)@t .

Do y, « %(S’o+§’1)
Evaluate p [p(y,), d

6. If ||y, —yol < e Stop.
Otherwise Sety, « y, andgoto Step2.

10



4.2 Implementation of the Algorithm

The stoppingcriterionthresholde usedin Step6 is derived by constraininghe vectorsy, andy,

to bewithin the samepixel in original imagecoordinatesA lower thresholdwill inducesubpiel

accurag. Fromreal-timeconstraintdi.e., uniform CPU loadin time), we alsolimit the number
of meanshift iterationsto V,,...., typically taken equalto 20. In practicethe averagenumberof

iterationsis muchsmaller about4.

Implementatiorof thetrackingalgorithmcanbe muchsimplerthanaspresente@dbove. The
role of Step5 is only to avoid potentialnumericalproblemsn the meanshift basednaximization.
Theseproblemscanappeadueto thelinearapproximatiorof theBhattacharyya&oeficient. How-
ever, alarge setof experimentdrackingdifferentobjectsfor long periodsof time, hasshown that
the Bhattacharyyaoeficient computedat the new locationy, failedto increasdn only 0.1% of
thecasesThereforethe Step5 is notusedin practice,andasaresult,thereis no needto evaluate
the Bhattacharyya&oeficientin Stepsl and4.

In the practicalalgorithm, we only iterate by computingthe weightsin Step2, derving
the new locationin Step3, andtestingthe size of the kernelshift in Step6. The Bhattacharyya
coeficientis computedonly afterthe algorithmcompletionto evaluatethe similarity betweerthe
targetmodelandthechosercandidate.

Kernelswith Epanechnikv profile [17]

1.1 ;
s @+2)(1—2) ifx<1
k(z) = { 0 otherwise (12)
arerecommendedo be used. In this casethe deriative of the profile, g(z), is constantand(11)
reducedo
A Zn_hl X;W;
= == 13
yl Z:L:hl w; ( )

i.e.,asimpleweightedaverage.

The maximizationof the Bhattacharyyacoeficient can be also interpretedas a matched
filtering procedure. Indeed,(7) is the correlationcoeficient betweenthe unit vectors,/q and
V/D(y), representinghetargetmodelandcandidate The meanshift procedurehusfindsthelocal

maximumof the scalarfield of correlationcoeficients.
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Will call the operational basin of attraction the region in the currentframein which the
new location of the target can be found by the proposedalgorithm. Due to the useof kernels
this basinis at leastequalto the size of the target model. In otherwords,if in the currentframe
the centerof the tarmget remainsin the imageareacoveredby the target modelin the previous
frame,thelocal maximumof the Bhattacharyya&oeficientis areliableindicatorfor the new target
location.We assuméhatthe tamgetrepresentatioprovidessufiicient discrimination suchthatthe
Bhattacharyya&oeficient presenta uniqguemaximumin thelocal neighborhood.

The meanshift procedurefinds a root of the gradientas function of location, which can,
however, alsocorrespondo a saddlepoint of thesimilarity surface. Thesaddlepointsareunstable
solutions,andsincetheimagenoiseactsasanindependenperturbatiorfactoracrossconsecutre
framesthey cannotinfluencethetackingperformancen animagesequence.

4.3 Adaptive Scale

Accordingto the algorithmdescribedn Section4.1, for a giventarget model,the locationof the
tamgetin the currentframeminimizesthedistancg6) in theneighborhooaf the previouslocation
estimate. However, the scaleof the tamget often changesn time, andthusin (4) the bandwidth
h of the kernelprofile hasto be adaptedaccordingly Thisis possibledueto the scaleinvariance
propertyof (6).

Denoteby A, thebandwidthin the previousframe. We measurehe bandwidthh,,, in the
currentframeby runningthetargetlocalizationalgorithmthreetimes,with bandwidths = h,,..,,
h = hprep + Ah, andh = hy,., — Ah. A typical valueis Ah = 0.1h,,.,. Thebestresult, i,
yieldingthelargestBhattacharyyaoeficient, is retained.To avoid over-sensitve scaleadaptation,
thebandwidthassociatedvith the currentframeis obtainedthroughfiltering

hnew - ’Yhopt + (1 - ’Y)hprev (14)

wherethedefaultvaluefor v is 0.1. Notethatthe sequencef 4,,.,, containgmportantinformation
aboutthe dynamicsof thetargetscalewhich canbe furtherexploited.

12



4.4 Computational Complexity

Let N bethe averagenumberof iterationsper frame. In Step2 the algorithmrequiresto compute

therepresentatioqp,(y)} . Weightedhistogramcomputatiorhasroughly the samecostas

u=1...m
the unweightedhistogramsincethe kernelvaluesare precomputedIn Step3 the centroid(13) is
computedvhichinvolvesaweightedsumof itemsrepresentinghesquare-roobf adivision of two
terms. We concludethatthe meancostof the proposedalgorithmfor onescaleis approximately
givenby

Co = N(cyg + npes) = Nnycs (15)

wherecy is the costof the histogramandcg the costof anaddition,a square-rootanda division.
We assumehatthe numberof histogramentriesrm andthe numberof target pixelsn;, arein the

samerange.

It is of interestto compareghecompleity of thenew algorithmwith thatof targetlocalization
without gradientoptimization,asdiscussedn [25]. The searchareais assumedo be equalto the
operationabasinof attraction,i.e., a region covering the target model pixels. Thefirst stepis to
computen;, histogramsAssumethateachhistogramis derivedin a squaredvindow of n;, pixels.
To implementthe computatiorefficiently we obtainatargethistogramandupdateit by sliding the
window n;, times(,/n;, horizontalstepgtimes, /n;, verticalsteps).For eachmove 2, /7, additions
areneededo updatethe histogramhencetheeffort is cy + 2n,/n,ca, Wherec, is thecostof an
addition. The secondstepis to computen; Bhattacharyyaoeficients. This canalsobe doneby
computingonecoeficientandthenupdatingit sequentially The effort is mcg + 2ny,/nincs. The

total effort for targetlocalizationwithout gradientoptimizationis then

ONO =cy+ 27’Lh\/nhCA + (m + 27’Lh\/nh)05 ~ QH}L\/H}LCS . (16)

Theratiobetween(16)and(15)is 2x*/n; /N. In atypical setting(asit will beshavnin Section5)
thetargethasabouts0 x 50 pixels(i.e., /n, = 50) andthemeannumberof iterationsis N = 4.19.
Thusthe proposedptimizationtechniquaeduceshecomputationatime 2 x 50/4.19 = 24 times.

An optimizedimplementatiorof the new trackingalgorithmhasbeentestedona 1GHz PC.
Thebasicframeavork with scaleadaptationwhich involvesthreeoptimizationsat eachstep)runs
at a rateof 150 fps allowing simultaneougracking of up to five targetsin real time. Note that
without scaleadaptationshesenumbersshouldbe multiplied by three.

13
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Figurel: Football sequencetrackingplayerno.75. Theframes30, 75, 105,140,and150are

shawn.
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Figure2: The numberof meanshift iterationsfunction of the frameindex for the Football se-
guence.Themeannumberof iterationsis 4.19 perframe.

5 Experimental Results

The kernel-basedisual tracker was appliedto mary sequencesndit is integratedinto several
applications.Herewe just presensomerepresentate results.In all but the lastexperimentshe
RGB color spacewastaken asfeaturespaceandit wasquantizedinto 16 x 16 x 16 bins. The
algorithmwasimplementedasdiscussedn Section4.2. The Epanechnikv profile wasusedfor
histogramcomputationsndthe meanshift iterationswerebasedn weightedaverages.

The Football sequencé€Figurel) has154 framesof 352 x 240 pixels,andthe movementof
playerno. 75 wastracked. Thetamgetwasinitialized with a hand-dravn elliptical region (frame
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Figure3: The similarity surface(valuesof the Bhattacharyyaoeficient) correspondingo the
rectanglemarkedin frame105 of Figurel. Theinitial andfinal locationsof the meanshift itera-
tionsarealsoshown.

30) of size71 x 53 (yielding normalizationconstantequalto (h,, h,) = (35, 26)). Thekernel-
basedracker provesto berobustto partial occlusion,clutter, distractorgframe 140) andcamera
motion. Sinceno motion modelhasbeenassumedthe tracker adaptedwvell to the nonstationary
characterof the players movementswhich alternatesabruptly betweenslow andfastaction. In
addition,theintenseblurring presenin someframesdueto the cameramotion,doesnotinfluence
thetracker performancegframe150). The sameconditions,however, canlargely perturbcontour
basedraclers.

The numberof meanshift iterationsnecessaryor eachframe (onescale)is shavn in Fig-
ure 2. Thetwo centralpeakscorrespondo the movementof the playerto the centerof theimage
andbackto theleft side. The lastandlargestpeakis dueto afastmove from theleft to theright.
In all thesecasedhe relative large movementbetweentwo consecutre framesputsmoreburden
on themeanshift procedure.

To demonstratehe efficiengy of our approach Figure 3 presentghe surface obtainedby
computingthe Bhattacharyyacoeficient for the 81 x 81 pixels rectanglemarked in Figure 1,
frame105. Thetarget model(the elliptical region selectedn frame30) hasbeencomparedwith
thetamget candidate®btainedby sweepingn frame 105 the elliptical region insidetherectangle.
The surfaceis asymmetricdue to neighboringcolorsthat are similar to the target. While most
of the trackingapproachebasedon regions[7, 27, 50] mustperforman exhaustie searchin the
rectangleto find the maximum,our algorithmcorvergedin four iterationsasshawvn in Figure 3.
Notethatthe operationabasinof attractionof the modecoverstheentirerectangulawindow.
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Figure4: Subway-IsequenceTheframes3140,3516,3697,5440,6081,and6681areshavn.
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Figure5: The minimum value of distanced function of the frameindex for the Subway-1se-
guence.
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Figure6: Subway-ZequenceTheframes30,240,330,450,510,and600areshavn.

In controlledervironmentswith fixed cameraadditionalgeometricconstraintsuchasthe
expectedscale)andbackgroundsubtractiorf24] canbeexploitedto improve thetrackingprocess.
TheSubway-Isequencé Figure4) is suitablefor suchanapproachhowever, theresultspresented
herehasbeenprocesseavith the algorithmunchanged.This is a 2 minute sequencén which a
personis tracked from the momentsheentershe subway platformtill shegetson thetrain (about
3600frames). The trackingis mademore challengingby the low quality of the sequenc&ueto
imagecompressiomrtifacts.Notethe changesn thesizeof thetrackedtarget.

The minimum valueof the distance(6) for eachframe,i.e., the distancebetweenhe target
modelandthe chosercandidateis shovn in Figure5. Thecompressiomoiseelevatestheresidual
distancevaluefrom 0 (perfectmatch)to aabout(.3. Significantdeviationsfrom this valuecorre-
spondto occlusiongyeneratedby otherpersonor rotationsin depthof thetarget(large changesn
the representation)For example,thed ~ 0.6 peakcorrespondso the partial occlusionin frame
3697. At the endof the sequencethe personbeingtracked getson the train, which producesa
completeocclusion.

The shorterSubway-ZequencéFigure 6) of about600framesis even moredifficult since
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Figure7: MugsequenceTheframes60,150,240,270,360,and960areshowvn.

the cameraguality is worseandthe amountof compressions higher introducingclearly visible
artifacts.Neverthelessthe algorithmwasstill ableto tracka personthroughthe entiresequence.

In theMug sequencéFigure?7) of aboutl000framestheimageof acup(frame60)wasused
astargetmodel. The normalizationconstantsvere (h, = 44, h, = 64). Thetracker wastestedfor
fastmotion (frame 150), dramaticchangesn appearancéframe270), rotations(frame270) and
scalechangegframes360-960).

6 Extensionsof the Tracking Algorithm

We presentthree extensionsof the basicalgorithm: integration of the backgroundnformation,
Kalmantracking,andanapplicationto facetracking. It shouldbe emphasizedhowever, thatthere
aremary otherpossibilitiesthroughwhich thevisualtracker canbe furtherenhanced.

6.1 Background-WeightedHistogram

The backgroundinformationis importantfor at leasttwo reasons.First, if someof the target
featuresare also presentin the background their relevancefor the localizationof the target is
diminished. Second,in mary applicationsit is difficult to exactly delineatethe target, and its
model might containbackgroundfeaturesaswell. At the sametime, the improperuse of the
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backgroundnformation may affect the scaleselectionalgorithm, makingimpossibleto measure
similarity acrossscaleshenceo determingheappropriatdargetscale.Ourapproachs to derive
asimplerepresentationf thebackgroundeaturesandto useit for selectingonly the salientparts
from therepresentationsf thetargetmodelandtargetcandidates.

Let {6,},_, ,, (with > 6, = 1) bethediscreterepresentatioithistogram)of the back-
groundin thefeaturespaceands* beits smallestnonzeroentry This representatiois computed
in aregion aroundthe target. The extent of the region is applicationdependenandwe usedan
areaequalto threetimesthetargetarea. Theweights

{vu — min (0— 1) } (17)
Ou u=1l...m

aresimilar in conceptto the ratio histogramcomputedfor backprojectio{71]. However, in our
casetheseweightsareonly employedto defineatransformatiorior therepresentationsf thetarget
modelandcandidatesT hetransformatiordiminishesgheimportanceof thosefeaturesvhich have
low v, i.e.,areprominentin the backgroundThenew targetmodelrepresentatiors thendefined

by

Gu = Coy Yy _ k(X713 [b(x}) — u] (18)
=1
with the normalizationconstantC' expresseds
C = ! (29)
2 i KU Douzy vud [bOCF) —u] -
Comparewith (2) and(3). Similarly, the new targetcandidateepresentatiors
np v —x; 2
) = i 3k (H . ) 5lb(x) — (20)
wherenow C, is givenby
1
Ch = (21)

2ty R 1P) 220y vud [b(xs) — ] -

An importantbenefitof using background-weightetlistogramss shown for the Ball se-
guencgFigure8). Themovementof the ping-pongball from frameto frameis largerthanits size.
Applying the techniquedescribedabore, the target modelcanbe initialized with a 21 x 31 size
region (frame2), largerthanoneobtainedoy accuratdargetdelineation.Thelargerregion yields
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Figure8: Ball sequenceTheframes2,12,16,26,32,40,48,and51 areshown.

a satishictoryoperationabasinof attraction,while the probabilitiesof the colorsthatare part of
the backgroundareconsiderablyeduced.The ball is reliably tracked over the entiresequencef

60 frames.

Thelastexampleis alsotakenfrom the Football sequenceThis time the headandshoulder
of playerno. 59 is tracked (Figure 9). Note the changesn target appearancalongthe entire

sequencandtherapid movementf thetarget.

6.2 Kalman Prediction

It was alreadymentionedin Sectionl that the Kalmanfilter assumeghat the noise sequences
v, andn, are Gaussiarandthe functionsf, andh, arelinear The dynamicequationbecomes
x;, = Fx; 1+ v, while themeasuremergquations z, = Hx;, +n,. ThematrixF is calledthe
systemmatrix andH is the measuremennatrix. As in the generalcase the Kalmanfilter solves
the stateestimationproblemin two steps:predictionandupdate.For moredetailssee[5, p.56].

Thekernel-basethgetlocalizationmethodwasintegratedwith the Kalmanfiltering frame-
work. For afasterimplementationtwo independentrackersweredefinedfor horizontalandver-
tical movement. A constant-elocity dynamicmodelwith acceleratioraffected by white noise
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Figure9: Football sequencetrackingplayerno. 59. The frames70, 96,108,127,140,147 are
shown.

[5, p.82] hasbeenassumed.The uncertaintyof the measurementsasbeenestimatedaccording
to [55]. Theideais to normalizethe similarity surfaceandrepresenit asa probability density
function. Sincethe similarity surfaceis smooth for eachfilter only 3 measuremenigretakeninto

accountpneatthecorvergencepoint (peakof the surface)andthe othertwo at a distanceequalto

half of thetamgetdimensionmeasuredrom the peak.We fit a scaledGaussiaro thethreepoints
andcomputethe measuremenincertaintyasthe standardleviation of thefitted Gaussian.

A first setof trackingresultsincorporatingthe Kalmanfilter is presentedn Figure 10 for
the 120 framesHand sequencavherethe dynamicmodelis assumedo be affectedby a noise
with standarddeviation equalto 5. Thesizeof the greencrossmarked on the targetindicatesthe
stateuncertaintyfor thetwo trackers. Obsene thatthe overall algorithmis ableto trackthe target
(hand)in thepresencef completeocclusionby asimilar object(theotherhand). Thepresencef a
similar objectin theneighborhoodncreaseshemeasuremenincertaintyin frame46,determining
an increasein stateuncertainty In Figure 11awe presentthe measurementgdotted) and the
estimatedocation of the target (continuous). Note that the graphis symmetricwith respecto
the numberof framessincethe sequencéasbeenplayedforward and backward. The velocity
associateavith thetwo trackersis shovn in Figurellh

A secondsetof resultsshaving trackingwith Kalmanfilter is displayedin Figure12. The

sequencénas 187 framesof 320 x 240 pixels eachandthe initial normalizationconstantsvere
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Figure10: HandsequenceTheframes40,46,50,and57 areshown.

Measurement and Estimated Location
Estimated Velocity

190 I I I I I I I I I i
0 20 40 60 80 100 120 0 20 40 60 80 100 120

Frame Index Frame Index
(a) (b)

Figurell: Measurementandestimatedstatefor Hand sequence(a) The measurementalue
(dottedcurve) andthe estimatedocation (continuouscurve) function of the frameindex. Upper
curvescorrespondo theyy filter, while the lower curvescorrespondo the x filter. (b) Estimated
velocity. Dottedcurwe s for they filter andcontinuouscune is for the x filter
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Figurel2: Subway-3equenceTheframes470,529,580,624,and686areshowvn.

(hg, hy) = (11, 18). Obsere the adaptatiorof the algorithmto scalechangesThe uncertaintyof

the stateis indicatedby the greencross.

6.3 FaceTracking

We appliedthe proposedramework for real-timefacetracking. Thefacemodelis anelliptical re-
gionwhosehistogramis representeth theintensitynormalized g spacewith 128 x 128 bins. To
adaptto fastscalechangesve alsoexploit the gradientinformationin the directionperpendicular
to the borderof the hypothesizedaceregion. The scaleadaptations thusdeterminedby maxi-
mizing the sum of two normalizedscores basedon color and gradientfeatures respectrely. In
Figurel3we presenthecapabilityof thekernel-basedracker to handlescalechangesthe subject
turningaway (frame150),in-planerotationsof the head(frame498),andforeground/background
saturationdue to back-lighting (frame 576). The tracked faceis shawn in the small upperleft

window.
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Figurel3: FacesequenceTheframes39,150,163,498,576,and619areshowvn.

7 Discussion

The kernel-basedracking techniqueintroducedin this paperusesthe basinof attractionof the
similarity function. This functionis smoothsincethetargetrepresentationarederivedfrom con-
tinuousdensities.Several examplesvalidatethe approachandshaw its efficiency. Extensionsof
the basicframenork were presentedegardingthe use of backgroundinformation, Kalman fil-
tering, and facetracking. The new techniquecan be further combinedwith more sophisticated
filtering andassociatiorapproachesuchasmultiple hypothesigracking[13].

Centroidcomputatiorhasbeenalsoemplgyedin [53]. The meanshift is usedfor tracking
humanfacesby projectingthe histogramof afacemodelontotheincomingframe[10]. However,
thedirect projectionof the modelhistogramonto the new framecanintroducea large biasin the
estimatedocationof the target, andthe resultingmeasuras scalevariant(see[37, p.262]for a

discussion).

We mentionthat sinceits original publicationin [18] the ideaof kernel-basedrackinghas
beenexploited and developedforward by variousresearchersChenandLiu [14] experimented
with thesamekernel-weightedistogramsbut employedthe Kullback-Leiblerdistanceasdissim-
ilarity while performingthe optimizationbasedon trust-region methods.HaritaogluandFlickner
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[35] usedanappearancmodelbasedn colorandedgedensityin conjunctiorwith akerneltracker
for monitoringshoppinggroupsin stores.Yilmaz etal. [78] combinedkerneltrackingwith global
motion compensatiorior forward-lookinginfrared (FLIR) imagery Xu andFujimura[77] used
night vision for pedestriardetectionandtracking, wherethe detectionis performedby a support
vectormachineandthetrackingis kernel-basedRaoet al.[61] employed kerneltrackingin their
systemfor actionrecognition,while Caeneret al. [12] followed the sameprinciple for texture
analysis.The benefitsof guidingrandomparticlesby gradientoptimizationarediscussedn [70]

anda particlefilter for color histogramtrackingbasedon the metric (6) is implementedn [57].

Finally we would like to add a word of caution. The tracking solution presentedn this
paperhasseveraldesirablepropertiesit is efficient, modular hasstraightforvardimplementation,
and provides superiorperformanceon mostimage sequences.Neverthelesswe note that this
techniqueshouldnot be appliedblindly. Instead,the versatility of the basicalgorithm should
be exploited to integratea priori information which is almostalways available when a specific
applicationis considered For example,if the motion of the targetfrom frameto frameis known
to be larger thanthe operationabasinof attraction,one shouldinitialize the tracker in multiple
locationsin the neighborhoodf basinof attraction,accordingto the motionmodel. If occlusions
are present,one shouldemploy a more sophisticatednotion filter. Similarly, one shouldverify
thatthe chosentarget representatiots sufficiently discriminantfor the applicationdomain. The
kernel-basedrackingtechniqueywhencombinedwith prior task-specifianformation,canachieve

reliableperformance?

APPENDIX

Proof that the distanced(p, q) = /1 — p(p, q) is a metric

The proofis basedon the propertiesof the Bhattacharyyaoeficient (7). Accordingto the
Jensersinequality[19, p.25]we have

(A.1)

2A patentapplicationhas beenfiled covering the tracking algorithm togetherwith the extensionsand various
applicationg79].
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with equalityiff p = q. Therefored(p,q) = /1 — p(p, q) existsfor all discretedistributionsp
andq, is positive, symmetric,andis equalto zeroiff p = q.

To provethetriangleinequalityconsidetthreediscretedistributionsdefiningthem-dimensional

and , = (\/A_l,...,\/fm)T on the unit hypersphere From the geometricinterpretationof the
Bhattacharyya&oeficient, thetriangleinequality

dp,") +d(q,”) d(p,q) (A.2)

is equivalentto

\/l—co(p, T)Jr\/l—co( . ) \/l—co(p, ). (A.3)

If we fix the points , and , andthe anglebetween , and , theleft sideof inequality
(A.3) isminimizedwhenthevectors ,, ,and , lie in thesameplane.Thus,theinequality(A.3)
canbereducedo a 2-dimensionaproblemthatcanbe easilyprovenby employing the half-angle
sinusformulaanda few trigonometricmanipulations.
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