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Abstract

Most existing tracking algorithmsconstructa representationf a target
objectprior to the tracking task starts,and utilize invariantfeaturesto
handleappearanceariation of the target causeddy lighting, pose,and
view angle change. In this paper we presentan ef cient and effec-
tive online algorithmthatincrementallylearnsandadaptsa low dimen-
sionaleigenspaceepresentatioto re ect appearancehange®f thetar-
get, therebyfacilitating the trackingtask. Furthermorepur incremental
methodcorrectly updateghe samplemeanandthe eigenbasiswhereas
existing incrementakubspac@pdatemethoddgnorethefactthesample
meanvariesover time. The tracking problemis formulatedas a state
inferenceproblemwithin a Markov ChainMonte Carlo framevork and
apatrticle Iter isincorporatedor propagting sampledistributionsover
time. Numerousexperimentsdemonstratehe effectivenessof the pro-
posedtrackingalgorithmin indoorandoutdoorenvironmentswherethe
targetobjectsundego large poseandlighting changes.

1 Intr oduction

Themainchallenge®f visualtrackingcanbeattributedto thedif culty in handlingappear

ancevariability of a targetobject. Intrinsic appearanceariabilitiesinclude posevariation

and shapedeformationof a target object, whereasextrinsic illumination change camera
motion,cameraviewpoint,andocclusionsnevitably causdargeappearanceariation.Due

to thenatureof thetrackingproblemiit isimperatve for atrackingalgorithmto modelsuch
appearanceariation.

Here we developeda methodthat, during visual tracking, constantlyand ef ciently up-
datesa low dimensionakigenspaceepresentationf the appearancef the tamget object.
The advantage®f this adaptie subspaceepresentatioareseveralfolds. The eigenspace
representatioprovidesa compactotion of the “thing” beingtracked ratherthantreating
thetargetasa setof independenpixels,i.e., “stuff” [1]. Theuseof anincrementamethod
continually updatesthe eigenspaceéo re ect the appearancehangecausedby intrinsic
and extrinsic factors,therebyfacilitating the tracking process. To estimatethe locations
of thetamgetobjectsin consecutie frames,we useda samplingalgorithmwith likelihood
estimateswhichis in directcontrasto othertrackingmethodghatusuallysolve comple
optimizationproblemsusinggradient-descerapproach.

The proposedmnethoddiffers from our prior work [14] in several aspects.First, the pro-
posedalgorithmdoesnotrequireary trainingimagesof thetargetobjectbeforethetracking
taskstarts.Thatis, our tracker learnsa low dimensionakigenspaceepresentatioon-line
andincrementallyupdatest astime progresseéVe assumelik e mosttrackingalgorithms,
thatthe targetregion hasbeeninitialized in the rst frame). Secondwe extendour sam-
pling methodto incorporatea particle Iter sothatthe sampledistributionsarepropagted
overtime. Basedontheeigenspacenodelwith updatesaneffective lik elihoodestimation
functionis developed.Third, we extendthe R-SVD algorithm[6] sothatboththe sample
meanandeigenbasisirecorrectlyupdatecasnew dataarrive. Thoughtherearenumerous
subspaceipdatealgorithmsin theliterature,only the methodby Hall etal. [8] is alsoable



to updatethe samplemean.However, theirmethodis basedn theadditionof asinglecol-
umn(singleobsenration)ratherthanblocks(anumberof obsenationsin our caseandthus
is lessef cient thanours.While ourformulationprovidesanexactsolution,theiralgorithm
givesonly approximateupdatesandthusit may suffer from numericalinstability. Finally,
theproposedracker is extendedo usearobusterrornormfor likelihoodestimationin the
presencef noisy dataor partial occlusionstherebyrenderingmore accurateand robust
trackingresults.

2 PreviousWork and Moti vation

Black et al. [4] proposed trackingalgorithmusinga pre-trainedview-basedeigenbasis
representatioanda robust error norm. Insteadof relying on the popularbrightnesscon-
stany working principal, they adwocatedthe useof subspaceonstang assumptiorfor
visual tracking. Although their algorithm demonstrate@xcellentempirical results,it re-
quiresto build a setof view-basedeigenbasebeforethetrackingtaskstarts.Furthermore,
their methodassumeshat certainfactors,suchasillumination conditions,do not change
signi cantly asthe eigenbasispnceconstructedis notupdated.

HagerandBelhumeur[7] presented trackingalgorithmto handlethe geometryandillu-
minationvariationsof target objects. Their methodextendsa gradient-basedptical o w
algorithmto incorporateresearchndings in [2] for objecttrackingundervaryingillumi-
nationconditions. Prior to the trackingtaskstarts,a setof illumination basisneedsto be
constructechta x edposein orderto accountfor appearanceariationof thetargetdueto
lighting changes.Consequentlyit is not clearwhetherthis methodis effective if atamet
objectundegoeschangesn illumination with arbitrarypose.

In [9] IsardandBlake developedthe Condensatiomlgorithmfor contourtrackingin which
multiple plausibleinterpretationsarepropagtedover time. Thoughtheir probabilisticap-
proachhasdemonstrateduccessn trackingcontoursin clutter, therepresentatioscheme
is ratherprimitive, i.e., curvesor splines,andis not updatedasthe appearancef a tamget
variesdueto poseor illumination change.

Mixture modelshave beenusedto describeappearancehangefor motion estimation[3]

[10Q]. In Blacketal. [3] four possiblecausesreidenti ed in amixturemodelfor estimating
appearancehangean consecutie frames,andtherebymorereliableimagemotioncanbe
obtained. A more elaboratemixture model with an online EM algorithm was recently
proposeddy Jepsoretal. [10] in which they usethreecomponentandwavelet lters to

accounfor appearancehangesluringtracking. Their methodis ableto handle variations
in pose jllumination andexpression However, their W SL appearancenodeltreatspixels
within the target region independentlyandthereforedoesnot have notion of the “thing”

beingtracked. This mayresultin modelingbackgroundatherthantheforeground,andfail

to trackthetamet.

In contrastto the eigentrackingalgorithm[4], our algorithmdoesnot requirea training
phasebut learnsthe eigenbasesn-line during the objecttrackingprocessandconstantly
updateghis representatioasthe appearancehangesiueto pose view angle,andillumi-
nationvariation. Further our methodusesa particle Iter for motion parameteestimation
ratherthanthe Gauss-Neton methodwhich often getsstuckin local minima or is dis-
tractedby outliers[4]. Our appearance-basedodel provides a richer descriptionthan
simple curves or splinesasusedin [9], and hasnotion of the “thing” beingtracked. In
addition, the learnedrepresentatiorran be utilized for othertaskssuchas objectrecog-
nition. In this work, an eigenspaceepresentatioms learneddirectly from pixel values
within a target objectin the imagespace. Experimentsshav that good tracking results
canbe obtainedwith this representatiomithout resortingto waveletsasusedin [10], and
better performancecan potentially be achiezed usingwavelet Ilters. Note alsothat the
view-baseckigenspaceepresentatiohasdemonstratedts ability to modelappearancef
objectsat differentpose[13], andunderdifferentlighting conditions[2].



3 IncrementalLearning for Tracking

We presenthe detailsof the proposedncrementalearningalgorithmfor objecttracking
in this section.

3.1 IncrementalUpdate of Eigenbasisand Mean

The appearancef a target object may changedrastically due to intrinsic and extrinsic
factorsasdiscusseckarlier Thereforeit is importantto develop an ef cient algorithmto
updatethe eigenspaceas the tracking task progresses.Numerousalgorithmshave been
developedto updateeigenbasigrom atime-varying covariancematrix asmoredataarrive
[6] [8] [11] [5]- However, mostmethodsassumezero meanin updatingthe eigenbasis
exceptthe methodby Hall et al. [8] in which they considerthe changeof the meanwhen
updatingeigenbasisseachnew datumarrives. Their updatealgorithmonly handlesone
datumper updateand gives approximateresults,while our formulationhandlesmultiple
dataatthe sametime andrendersexactsolutions.

We extendthe work of the classicR-SVD method[6] in which we updatethe eigenbasis
while taking the shift of the samplemeaninto account.To the bestof our knowledge,this
formulationwith meanupdateis new in theliterature.

Givenad n datamatrixA = flq;:::;1,gwhereeachcolumnl; is anobsenation(ad-
dimensionalmagevectorin this paper) we cancomputethe singularvaluedecomposition
(SVD)ofA,i.e.,A=U V>.Whenad m matrixE of new obsenationsis available,the
R-SVD algorithmef ciently computeghe SVD of the matrix A° = (AJE) = u® v
basednthe SVD of A asfollows:

1. Apply QRdecompositioio andgetorthonormabasisE of E, and u’= (UJE).
2. Letv'= %% wherel, isanm  m identity matrix. It follows then,
S N VA Ve ; V0 — U’AV UE = U”E
=UAV = E> (AE) o1, = E>AV E’E 0 E’E
3. ComputetheSVD of °= U~V> andtheSVD of A’ is
A’ = U(O~v)V> = (U°O) (V7 V™):

Exploiting the propertiesof orthonormabasesandblock structuresthe R-SVD algorithm
computeghenew eigenbasi®f ciently. Thecomputationatomplity analysisandmore
detailsaredescribedn [6].

Oneproblemwith the R-SVD algorithmis thatthe eigenbasid) is computedirom AA >
with the zeromeanassumption\We modify the R-SVD algorithmandcomputethe eigen-
basiswith meanupdate. Thefollowing derivationis basecdn scattemmatrix, whichis same
ascovariancematrix excepta scalarfactor

Proposition1 Letl p =flq;12;::55109, 1 g=flnsa;lne2 i Tnemg, andl, = (1l o).
Denotethe meansand scattermatricesof | p, I 4, |+ asly, I, I+, andSp, Sq, Sy respec-
tively, thenS; = Sp+ Sg+ ~F=(lg  1p)(lq 1p)”

Proof: By de nition, I, = I, + —=lg |y = e (lp lg) lg I =
i (lg  1p) and, 5
Sr = Pl 1(|| |r)(|i |r)> + in:+nr21 (Ii |r)(|i |r)>
i m+1(II lg+t Iq 1) Ig+1q 1)
= Sp+n(lp I1)Up 11)>+Sq+mly 1)(qg 1¢)

= St (n+m)2(I lq)(1p Iq)>+Sq (n+m)2(I lg)(Ip |q)>
= S+ Sgt qiRlp 1o)(p 1g)”



lr;ilnem  1rg andtheSVDoOf I = Uy (V7. LetE = (i (1, Iy ,

n+m

andusePropositionl, S; = (,JE)(,jE)>. Thereforewe computeSVD on ([',jE) to
getU; . Thiscanbedoneefciently by the R-SVD algorithmasdescribedabove.

In summary given the meanl, andthe SVD of existing datal p, i.e., U, pV,; andnew
datal 4, we cancomputethethemeanl, andtheSVDof | ;,i.e.,U; V,” easily:

q
1. Computel; = =lp+ —Iolg,andE = 1q |1 1lp my] v (lp 1q) -

n+m n+m q
2. ComputeR-SVDwith (U, V") andE toobtain(Uy V,”).

In numerouwision problemswe canfurtherexploit thelow dimensionabpproximatiorof

imagedataandput largerweightson the recentobsenations,or equivalently dovnweight
thecontritutionsof previousobsenations.For exampleastheappearancef atargetobject
graduallychanges,we maywantto put moreweightson recentobsenationsin updating
the eigenbasisincethey are morelikely to be similar to the currentappearancef the
target. The forgettingfactorf canbe usedunderthis premiseassuggestedn [11] , i.e.,

A= (fAJE) = (U(f ) V7JE) whereA andA’ areoriginalandweighteddatamatrices,
respectrely.

3.2 SequentiallnferenceModel

The visual tracking problemis castas an inferenceproblemwith a Markov modeland
hiddenstatevariable, where a statevariable X ; describeghe afne motion parameters
(andtherebythe location) of the targetattime t. Given a setof obsened imagesl ; =

theoremwe have 7
P(Xejle) 1 p(lejXe)  p(XejXe 1) p(X¢ 1jly 1)dX¢ 1

Thetrackingprocesss governedby theobsenationmodelp(ljX ) wherewe estimatethe
likelihoodof X ; observingl;, andthe dynamicalmodelbetweentwo stategp(X{jX 1).
The Condensatioralgorithm[9], basedon factoredsampling,approximatesan arbitrary
distribution of obsenationswith a stochasticallygeneratedetof weightedsamples.We
usea variant of the Condensatioralgorithmto model the distribution over the object’s
location,asit evolvesovertime.

3.3 Dynamical and Observation Models

The motion of a target object betweentwo consecutie framescan be approximatedoy
an afne imagewarping. In this work, we usethe six parameterof afne transform
to model the statetransitionfrom X; ; to X; of a target object being tracked. Let
Xe = (Xe; ¥t St t; t) wherexy, vt, t, Sty t.» t, denotex, y translationrotation
angle,scale,aspectatio, andskew directionattime t. Eachparametein X is modeled
independentlypy a Gaussiardistribution aroundits counterpartn X ;. Thatis,
P(XtjXt 1) = N(X; Xt 15 )
where is adiagonalcovariancematrix whoseelementsarethe correspondingariances

of afne parameters,e., 2, 2, 2, 2, 2, 2,

Sinceour goal is to usea representatiotto model the “thing” that we are tracking, we
modelthe imageobsenationsusinga probabilisticinterpretationof principal component
analysig[16]. Givenanimagepatchpredicatedy X, we assumehe obseredimagel
wasgeneratedrom a subspacspannedy U centerecat . Theprobabilitythata sample
being generatedrom the subspacas inversely proportionalto the distanced from the
sampleto thereferencepoint (i.e., center)of the subspaceyhich canbe decomposeéhto
the distance-to-subspacd,, andthe distance-within-subspadeom the projectedsample



to the subspaceenter d,,. This distanceformulation, basedon a orthonormalsubspace
andits complemenspacejs similarto [12] in spirit.

Theprobabilityof asamplegeneratedrom asubspacepq, (1:jX ), is governedoy a Gaus-
siandistribution:

po (1tiX¢) = N(lg; ;UUT+"T)
wherel is anidentitymatrix, isthemeanand"l termcorrespondso theadditive Gaus-
siannoisein the obsenation process.It canbe shovn [15] thatthe negative exponential
distancerom I to thesubspacepannedy U, i.e.,exp(jj (I ) UuUz(ly )ii?),
is proportionatto N (I¢; ;UU>+ "l )as"! O.

Within a subspacethe likelihood of the projectedsamplecanbe modeledby the Maha-
lanobisdistancérom the meanasfollows:

pa, (1tjX:) = N(I; ;U 2U%)
where is thecenterof thesubspacand is thematrix of singularvaluescorresponding
to the columnsof U. Puttogether the likelihood of a samplebeinggeneratedrom the
subspacés governedby

p(1iX1) = Pa, (14X ¢) pa, (1X1) = N(Ig; ;UUT +"1)N(ly; ;U 2U%) (1)

Given a dravn sampleX andthe correspondingmageregion |, we aim to compute
p(1¢jX ) using(1). To minimizethe effectsof noisy pixels,we utilize arobusterrornorm
4, (x; )= %xz insteadof the Euclideannormd(x) = jjxjj?, to ignorethe “outlier”
pixels(i.e., thepixelsthatarenotlik ely to appeainsidethetametregion giventhe current
eigenspace)We usea methodsimilar to thatusedin [4] in orderto computed; andd,,.
This robust error normis helpful especiallywhenwe usea rectangularegion to enclose
thetarget (whichinevitably containssomenoisybackgroungixels).

4 Experiments

To testthe performancef our proposedracker, we collecteda numberof videosrecorded
in indoorandoutdoorervironmentsvherethetargetschangeposein differentlighting con-
ditions. Eachvideoconsistof 320 240grayscaleimagesandarerecordecdat 15 frames
persecondinlessspeci edotherwise.For theeigenspacespresentatiorgeachtargetimage
regionis resizedto 32 32 patch,andthe numberof eigervectorsusedin all experiments
is setto 16 thoughfewer eigervectorsmay alsowork well. Implementedn MATLAB
with MEX, our algorithmrunsat 4 framesper secondon a standardcomputerwith 200
particles.We presensometrackingresultsin this sectionandmoretrackingresultsaswell
asvideoscanbefoundat http://vision.ucsd.edu/ jwlim/ilt/

4.1 Experimental Results

Figure 1 shaws the tracking resultsusing a challengingsequenceecordedwith a mov-
ing digital cameran which a personmovesfrom a dark roomtoward a bright areawhile
changinghis pose,moving underneatfspotlights, changingfacial expressionsindtaking
off glasses All the eigenbaseare constructechutomaticallyfrom scratchandconstantly
updatedo modeltheappearancef thetargetobjectwhile undegoingappearancehanges.
Evenwith thesigni cant cameramotionandlow framerate (which makesthe motionsbe-
tweenframesmoresigni cant, or equivalentlyto trackingfastmoving objects) ourtracker
staysstablyon thetametthroughouthe sequence.

The secondsequenceontainsananimaldoll moving in differentpose scale,andlighting
conditionsasshowvn in Figure2. Experimentatesultsdemonstratéhatour tracker is able
to follow thetargetasit undegoeslarge posechange clutteredbackgroundandlighting
variation. Notice thatthe non-cowex target objectis localizedwith an enclosingrectan-
gular window, andthusit inevitably containssomebackgroundpixels in its appearance
representationTherobusterrornormenableghetracker to ignorebackgroundpixelsand
estimatethe targetlocationcorrectly The resultsalsoshav that our algorithmfaithfully
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Figurel: A personmovesfrom darktoward bright areawith large lighting andposechangesThe
imagesin the secondrow shaws the currentsamplemean tracked region, reconstructedmage,and
thereconstructiorerrorrespectiely. Thethird andforth rows shavs 10 largesteigenbases.

modelsthe appearancef the tamget, asshavn in eigenbaseandreconstructedmages,n
the presencef noisybackgroundixels.

We recordeda sequencéo demonstratéhatour tracker performswell in outdoorenviron-
mentwherelighting conditionschangedrastically The videowasacquiredwhenaperson
walking underneatha trellis coveredby vines. As shawvn in Figure 3, the castshadav
changesheappearancef thetamgetfacedrastically Furthermorethecombinedooseand
lighting variationwith low framerate makesthe tracking task extremely dif cult. Nev-
erthelessthe resultsshav that our tracker successfullyfollows the target accuratelyand
robustly. Dueto heary shadevs anddrasticlighting changepthertrackingmethodsased
on gradient,contour or colorinformationareunlikely to performwell in this case.

4.2 Discussion
The succesf our tracker can be attributed to several factors. It is well known that
the appearancef an objectundegoing posechangecanbe modeledwell by view-based



Figure 3: A personmoves underneatta trellis with large illumination changeand castshadavs
while changinghis pose.More resultscanbefoundin the projectwebpage.

representatiofl3]. Meanwhileat x ed pose,the appearanc®f an objectin different

illumination conditionscanbe approximatedvell by alow dimensionakubspac§?]. Our

empiricalresultsshawv thatthesevariationscanbelearnedn-linewithoutary prior training

phaseandalsothechangesausedy castandattachedhadavs canstill beapproximated
by alinearsubspacéo someextent.  We showv a few failure casesat our the web site

mentionedearlier Typically, thefailure happenavhenthereis a combinationof fastpose
changeanddrasticillumination change.

In this paper we do not directly addresghe partial occlusionproblems.Empirical results
showv that temporaryand partial occlusionscan be handledby our methodthroughthe
robusterrornormandthe constanupdateof the eigenspaceNeverthelessituationsarise
wherewe may have prior knowledgeof the objectsbeingtracked, and can exploit such
informationfor betterocclusionhandling.

To demonstratehe poteng of our modi ed R-SVD algorithmin faithfully modelingthe
objectappearanceye comparethe reconstructedmagesusingour methodanda corven-
tional SVD algorithm. In Figure4 rst row containsa setof imagestracked by our
tracker, andthe secondandfourth rows shav the reconstructedmagesusing16 eigervec-
tors obtainedafter 121 incrementalupdatesof 605 frame (block sizeis setto 5), andthe
top 16 eigervectorsobtainedby corventionalSVD algorithmusingall 605trackedimages.
Notethatwe only maintainedl6 eigervectorsduringtracking,anddiscardedheremaining
eigervectorsat eachupdate.The residueimagesare presentedn thethird and fth rows,
andthe averagel 2 reconstructiorerror per pixel is 5:73 10 2 and5:65 10 2 for our
modi ed R-SVD methodandthecorventionalSVD algorithmrespectiely. The gure and
averagereconstructiorerror shavs thatour modi ed R-SVD methodis ableto effectively
modelthe objectappearancwithout losing detailedinformation.

5 Conclusionsand Futur e Work

We have presentednappearance-basédckerthatincrementallyearnsalow dimensional
eigenspaceepresentatiofor objecttrackingwhile thetargetundegoespose,llumination
andappearancehanges.Whereaanosttrackingalgorithmsoperateon the premisethat
the objectappearancer ambientervironmentlighting conditiondoesnot changeastime
progressespur methodadaptsthe modelrepresentatioto re ect appearancegariationof
the target, therebyfacilitating the tracking task. In contrastto the existing incremental
subspacenethods, our R-SVD methodupdateghe meanand eigenbasigccuratelyand



efciently, andtherebylearnsa good eigenspaceepresentationo faithfully modelthe
appearancef the tagetbeingtracked. Our experimentsdemonstratehe effectivenessof
the proposedrackerin indoorandoutdoorervironmentswherethetarget objectsundego
large poseandlighting changes.

The currentdynamicalmodelin our samplingmethodis basedn a Gaussiardistribution,

but thedynamicscouldbelearnedrom exemplarsfor moreef cient parameteestimation.
Our algorithm can be extendedto constructa setof eigenbase$or modeling nonlinear
aspectof appearanceariationmorepreciselyandautomatically We aim to addresshese
issuedn our futurework.

Figure4: Reconstructetmagesanderrorsusingour andthe corventionalSVD algorithms.
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