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Abstract
Most existing trackingalgorithmsconstructa representationof a target
objectprior to the tracking taskstarts,andutilize invariant featuresto
handleappearancevariationof the target causedby lighting, pose,and
view anglechange. In this paper, we presentan ef�cient and effec-
tive onlinealgorithmthat incrementallylearnsandadaptsa low dimen-
sionaleigenspacerepresentationto re�ect appearancechangesof thetar-
get, therebyfacilitating the trackingtask. Furthermore,our incremental
methodcorrectlyupdatesthesamplemeanandtheeigenbasis,whereas
existing incrementalsubspaceupdatemethodsignorethefactthesample
meanvariesover time. The trackingproblemis formulatedas a state
inferenceproblemwithin a Markov ChainMonteCarlo framework and
a particle�lter is incorporatedfor propagatingsampledistributionsover
time. Numerousexperimentsdemonstratethe effectivenessof the pro-
posedtrackingalgorithmin indoorandoutdoorenvironmentswherethe
targetobjectsundergo largeposeandlighting changes.

1 Intr oduction
Themainchallengesof visualtrackingcanbeattributedto thedif�culty in handlingappear-
ancevariability of a targetobject. Intrinsic appearancevariabilitiesincludeposevariation
andshapedeformationof a target object,whereasextrinsic illumination change,camera
motion,cameraviewpoint,andocclusionsinevitably causelargeappearancevariation.Due
to thenatureof thetrackingproblem,it is imperativefor atrackingalgorithmto modelsuch
appearancevariation.

Herewe developeda methodthat, during visual tracking,constantlyandef�ciently up-
datesa low dimensionaleigenspacerepresentationof theappearanceof the targetobject.
Theadvantagesof this adaptive subspacerepresentationareseveral folds. Theeigenspace
representationprovidesa compactnotionof the“thing” beingtrackedratherthantreating
thetargetasasetof independentpixels,i.e., “stuff ” [1]. Theuseof anincrementalmethod
continually updatesthe eigenspaceto re�ect the appearancechangecausedby intrinsic
andextrinsic factors,therebyfacilitating the trackingprocess.To estimatethe locations
of the targetobjectsin consecutive frames,we useda samplingalgorithmwith likelihood
estimates,which is in directcontrastto othertrackingmethodsthatusuallysolve complex
optimizationproblemsusinggradient-descentapproach.

The proposedmethoddiffers from our prior work [14] in several aspects.First, the pro-
posedalgorithmdoesnotrequireany trainingimagesof thetargetobjectbeforethetracking
taskstarts.Thatis, our tracker learnsa low dimensionaleigenspacerepresentationon-line
andincrementallyupdatesit astimeprogresses(Weassume,likemosttrackingalgorithms,
that the target region hasbeeninitialized in the �rst frame). Second,we extendour sam-
pling methodto incorporatea particle�lter sothatthesampledistributionsarepropagated
over time. Basedontheeigenspacemodelwith updates,aneffective likelihoodestimation
functionis developed.Third, we extendtheR-SVD algorithm[6] sothatboththesample
meanandeigenbasisarecorrectlyupdatedasnew dataarrive. Thoughtherearenumerous
subspaceupdatealgorithmsin theliterature,only themethodby Hall et al. [8] is alsoable



to updatethesamplemean.However, theirmethodis basedon theadditionof asinglecol-
umn(singleobservation)ratherthanblocks(anumberof observationsin ourcase)andthus
is lessef�cient thanours.While ourformulationprovidesanexactsolution,theiralgorithm
givesonly approximateupdatesandthusit maysuffer from numericalinstability. Finally,
theproposedtracker is extendedto usea robusterrornormfor likelihoodestimationin the
presenceof noisy dataor partial occlusions,therebyrenderingmoreaccurateandrobust
trackingresults.

2 PreviousWork and Moti vation
Black et al. [4] proposeda trackingalgorithmusinga pre-trainedview-basedeigenbasis
representationanda robusterrornorm. Insteadof relying on thepopularbrightnesscon-
stancy working principal, they advocatedthe useof subspaceconstancy assumptionfor
visual tracking. Although their algorithmdemonstratedexcellentempiricalresults,it re-
quiresto build a setof view-basedeigenbasesbeforethetrackingtaskstarts.Furthermore,
their methodassumesthat certainfactors,suchasillumination conditions,do not change
signi�cantly astheeigenbasis,onceconstructed,is notupdated.

HagerandBelhumeur[7] presenteda trackingalgorithmto handlethegeometryandillu-
minationvariationsof targetobjects.Their methodextendsa gradient-basedoptical �o w
algorithmto incorporateresearch�ndings in [2] for objecttrackingundervarying illumi-
nationconditions.Prior to the trackingtaskstarts,a setof illumination basisneedsto be
constructedat a �x edposein orderto accountfor appearancevariationof thetargetdueto
lighting changes.Consequently, it is not clearwhetherthis methodis effective if a target
objectundergoeschangesin illuminationwith arbitrarypose.

In [9] IsardandBlakedevelopedtheCondensationalgorithmfor contourtrackingin which
multiple plausibleinterpretationsarepropagatedover time. Thoughtheir probabilisticap-
proachhasdemonstratedsuccessin trackingcontoursin clutter, therepresentationscheme
is ratherprimitive, i.e., curvesor splines,andis not updatedastheappearanceof a target
variesdueto poseor illuminationchange.

Mixture modelshave beenusedto describeappearancechangefor motionestimation[3]
[10]. In Blacketal. [3] four possiblecausesareidenti�ed in amixturemodelfor estimating
appearancechangein consecutive frames,andtherebymorereliableimagemotioncanbe
obtained. A more elaboratemixture model with an online EM algorithm was recently
proposedby Jepsonet al. [10] in which they usethreecomponentsandwavelet �lters to
accountfor appearancechangesduringtracking.Theirmethodis ableto handlevariations
in pose,illuminationandexpression.However, theirWSL appearancemodeltreatspixels
within the target region independently, andthereforedoesnot have notion of the “thing”
beingtracked.Thismayresultin modelingbackgroundratherthantheforeground,andfail
to trackthetarget.

In contrastto the eigentrackingalgorithm[4], our algorithmdoesnot requirea training
phasebut learnstheeigenbaseson-lineduring theobjecttrackingprocess,andconstantly
updatesthis representationastheappearancechangesdueto pose,view angle,andillumi-
nationvariation.Further, our methodusesa particle�lter for motionparameterestimation
ratherthan the Gauss-Newton methodwhich often getsstuck in local minima or is dis-
tractedby outliers [4]. Our appearance-basedmodel provides a richer descriptionthan
simplecurvesor splinesasusedin [9], andhasnotion of the “thing” being tracked. In
addition, the learnedrepresentationcanbe utilized for other taskssuchasobject recog-
nition. In this work, an eigenspacerepresentationis learneddirectly from pixel values
within a target object in the imagespace. Experimentsshow that good tracking results
canbeobtainedwith this representationwithout resortingto waveletsasusedin [10], and
betterperformancecanpotentiallybe achieved usingwavelet �lters. Note also that the
view-basedeigenspacerepresentationhasdemonstratedits ability to modelappearanceof
objectsatdifferentpose[13], andunderdifferentlighting conditions[2].



3 Incr ementalLearning for Tracking
We presentthedetailsof theproposedincrementallearningalgorithmfor objecttracking
in thissection.

3.1 Incr ementalUpdateof Eigenbasisand Mean

The appearanceof a target object may changedrasticallydue to intrinsic and extrinsic
factorsasdiscussedearlier. Thereforeit is importantto develop an ef�cient algorithmto
updatethe eigenspaceas the tracking taskprogresses.Numerousalgorithmshave been
developedto updateeigenbasisfrom a time-varyingcovariancematrix asmoredataarrive
[6] [8] [11] [5]. However, most methodsassumezero meanin updatingthe eigenbasis
exceptthemethodby Hall et al. [8] in which they considerthechangeof themeanwhen
updatingeigenbasisaseachnew datumarrives. Their updatealgorithmonly handlesone
datumper updateandgivesapproximateresults,while our formulationhandlesmultiple
dataat thesametimeandrendersexactsolutions.

We extendthework of theclassicR-SVD method[6] in which we updatetheeigenbasis
while takingtheshift of thesamplemeaninto account.To thebestof our knowledge,this
formulationwith meanupdateis new in theliterature.

Givena d � n datamatrix A = f I 1; : : : ; I n g whereeachcolumnI i is anobservation(a d-
dimensionalimagevectorin thispaper),wecancomputethesingularvaluedecomposition
(SVD) of A, i.e.,A = U� V > . Whenad� m matrixE of new observationsis available,the
R-SVD algorithmef�ciently computesthe SVD of the matrix A
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Exploiting thepropertiesof orthonormalbasesandblock structures,theR-SVD algorithm
computesthenew eigenbasisef�ciently . Thecomputationalcomplexity analysisandmore
detailsaredescribedin [6].

Oneproblemwith the R-SVD algorithmis that the eigenbasisU is computedfrom AA >

with thezeromeanassumption.We modify theR-SVD algorithmandcomputetheeigen-
basiswith meanupdate.Thefollowing derivationis basedonscattermatrix,which is same
ascovariancematrixexceptascalarfactor.

Proposition1 LetI p = f I 1; I 2; : : : ; I n g, I q= f I n +1 ; I n +2 ; : : : ; I n + m g, andI r = (I p jI q).
Denotethemeansandscattermatricesof I p, I q, I r as�I p, �I q, �I r , andSp, Sq, Sr respec-
tively, thenSr = Sp + Sq + nm

n + m (�I q � �I p)(�I q � �I p)> .
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Let Î p = f I 1 � �I p; : : : ; I n � �I pg, Î q = f I n +1 � �I q; : : : ; I n + m � �I qg, andÎ r = f I 1 �
�I r ; : : : ; I n + m � �I r g, andthe SVD of Î r = Ur � r V >
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anduseProposition1, Sr = (Î p j ~E)( Î p j ~E)> . Therefore,we computeSVD on (Î p j ~E) to
getUr . Thiscanbedoneef�ciently by theR-SVDalgorithmasdescribedabove.

In summary, given the mean�I p andthe SVD of existing dataI p, i.e., Up� pV >
p andnew

dataI q, wecancomputethethemean�I r andtheSVD of I r , i.e.,Ur � r V >
r easily:
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n + m

�I p + m
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�
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q
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2. ComputeR-SVDwith (Up� pV >
p ) and ~E to obtain(Ur � r V >

r ).

In numerousvisionproblems,wecanfurtherexploit thelow dimensionalapproximationof
imagedataandput largerweightson therecentobservations,or equivalentlydownweight
thecontributionsof previousobservations.For exampleastheappearanceof atargetobject
graduallychanges,we maywant to put moreweightson recentobservationsin updating
the eigenbasissincethey are more likely to be similar to the currentappearanceof the
target. The forgettingfactorf canbe usedunderthis premiseassuggestedin [11] , i.e.,
A

0
= (f A jE ) = (U(f �) V > jE ) whereA andA

0
areoriginalandweighteddatamatrices,

respectively.

3.2 SequentialInfer enceModel

The visual tracking problemis castas an inferenceproblemwith a Markov model and
hiddenstatevariable,wherea statevariableX t describesthe af�ne motion parameters
(andtherebythe location)of the target at time t. Given a setof observed imagesI t =
f I 1; : : : ; I t g. we aim to estimatethevalueof thehiddenstatevariableX t . UsingBayes'
theorem,wehave

p(X t j I t ) / p(I t jX t )
Z

p(X t jX t � 1) p(X t � 1j I t � 1) dX t � 1

Thetrackingprocessis governedby theobservationmodelp(I t jX t ) whereweestimatethe
likelihoodof X t observingI t , andthedynamicalmodelbetweentwo statesp(X t jX t � 1).
The Condensationalgorithm[9], basedon factoredsampling,approximatesan arbitrary
distribution of observationswith a stochasticallygeneratedsetof weightedsamples.We
usea variant of the Condensationalgorithm to model the distribution over the object's
location,asit evolvesover time.

3.3 Dynamical and Observation Models

The motion of a target objectbetweentwo consecutive framescanbe approximatedby
an af�ne imagewarping. In this work, we use the six parametersof af�ne transform
to model the statetransition from X t � 1 to X t of a target object being tracked. Let
X t = (x t ; yt ; � t ; st ; � t ; � t ) wherex t , yt , � t , st , � t , � t , denotex, y translation,rotation
angle,scale,aspectratio, andskew directionat time t. Eachparameterin X t is modeled
independentlyby aGaussiandistributionaroundits counterpartin X t � 1. Thatis,

p(X t jX t � 1) = N (X t ; X t � 1; 	 )
where	 is a diagonalcovariancematrix whoseelementsarethecorrespondingvariances
of af�ne parameters,i.e., � 2

x , � 2
y , � 2

� , � 2
s , � 2

� , � 2
� .

Sinceour goal is to usea representationto model the “thing” that we are tracking, we
modelthe imageobservationsusinga probabilisticinterpretationof principal component
analysis[16]. Givenan imagepatchpredicatedby X t , we assumetheobserved imageI t
wasgeneratedfrom a subspacespannedby U centeredat � . Theprobabilitythata sample
being generatedfrom the subspaceis inverselyproportionalto the distanced from the
sampleto thereferencepoint (i.e., center)of thesubspace,which canbedecomposedinto
thedistance-to-subspace,dt , andthedistance-within-subspacefrom theprojectedsample



to the subspacecenter, dw . This distanceformulation,basedon a orthonormalsubspace
andits complementspace,is similar to [12] in spirit.

Theprobabilityof asamplegeneratedfrom asubspace,pdt (I t jX t ), is governedby aGaus-
siandistribution:

pdt (I t j X t ) = N (I t ; � ; UU> + "I )
whereI is anidentitymatrix, � is themean,and"I termcorrespondsto theadditiveGaus-
siannoisein the observation process.It canbe shown [15] that the negative exponential
distancefrom I t to thesubspacespannedby U, i.e.,exp(�jj (I t � � ) � UU>(I t � � )jj2),
is proportionalto N (I t ; � ; UU> + "I ) as" ! 0.

Within a subspace,the likelihoodof the projectedsamplecanbe modeledby the Maha-
lanobisdistancefrom themeanasfollows:

pdw (I t j X t ) = N (I t ; � ; U� � 2U>)
where� is thecenterof thesubspaceand� is thematrixof singularvaluescorresponding
to the columnsof U. Put together, the likelihoodof a samplebeinggeneratedfrom the
subspaceis governedby

p(I t jX t ) = pdt (I t jX t ) pdw (I t jX t ) = N (I t ; � ; UU> + "I ) N (I t ; � ; U� � 2U> ) (1)

Given a drawn sampleX t and the correspondingimageregion I t , we aim to compute
p(I t jX t ) using(1). To minimizetheeffectsof noisypixels,we utilize a robusterrornorm
[4], � (x; � ) = x 2

� 2 + x 2 insteadof theEuclideannormd(x) = jjxjj 2, to ignorethe“outlier”
pixels(i.e., thepixelsthatarenot likely to appearinsidethetargetregiongiventhecurrent
eigenspace).We usea methodsimilar to thatusedin [4] in orderto computedt anddw .
This robust error norm is helpful especiallywhenwe usea rectangularregion to enclose
thetarget(which inevitably containssomenoisybackgroundpixels).

4 Experiments
To testtheperformanceof ourproposedtracker, wecollectedanumberof videosrecorded
in indoorandoutdoorenvironmentswherethetargetschangeposein differentlighting con-
ditions.Eachvideoconsistsof 320� 240grayscaleimagesandarerecordedat15 frames
persecondunlessspeci�edotherwise.For theeigenspacerepresentation,eachtargetimage
region is resizedto 32� 32 patch,andthenumberof eigenvectorsusedin all experiments
is set to 16 thoughfewer eigenvectorsmay alsowork well. Implementedin MATLAB
with MEX, our algorithmrunsat 4 framesper secondon a standardcomputerwith 200
particles.Wepresentsometrackingresultsin thissectionandmoretrackingresultsaswell
asvideoscanbefoundat http://vision.ucsd.edu/˜jwlim/ilt/ .

4.1 Experimental Results

Figure1 shows the tracking resultsusinga challengingsequencerecordedwith a mov-
ing digital camerain which a personmovesfrom a dark roomtowarda bright areawhile
changinghis pose,moving underneathspotlights, changingfacialexpressionsandtaking
off glasses.All theeigenbasesareconstructedautomaticallyfrom scratchandconstantly
updatedto modeltheappearanceof thetargetobjectwhile undergoingappearancechanges.
Evenwith thesigni�cant cameramotionandlow framerate(whichmakesthemotionsbe-
tweenframesmoresigni�cant, or equivalentlyto trackingfastmoving objects),our tracker
staysstablyon thetargetthroughoutthesequence.

Thesecondsequencecontainsananimaldoll moving in differentpose,scale,andlighting
conditionsasshown in Figure2. Experimentalresultsdemonstratethatour tracker is able
to follow the targetasit undergoeslargeposechange,clutteredbackground,andlighting
variation. Notice that the non-convex target object is localizedwith an enclosingrectan-
gular window, and thus it inevitably containssomebackgroundpixels in its appearance
representation.Therobusterrornormenablesthetracker to ignorebackgroundpixelsand
estimatethe target locationcorrectly. The resultsalsoshow that our algorithmfaithfully



Figure1: A personmovesfrom darktowardbright areawith largelighting andposechanges.The
imagesin thesecondrow shows thecurrentsamplemean,trackedregion, reconstructedimage,and
thereconstructionerrorrespectively. Thethird andforth rowsshows10 largesteigenbases.

Figure2: An animaldoll moving with largepose,lighting variationin aclutteredbackground.

modelstheappearanceof the target,asshown in eigenbasesandreconstructedimages,in
thepresenceof noisybackgroundpixels.

We recordeda sequenceto demonstratethatour tracker performswell in outdoorenviron-
mentwherelighting conditionschangedrastically. Thevideowasacquiredwhena person
walking underneatha trellis coveredby vines. As shown in Figure3, the castshadow
changestheappearanceof thetargetfacedrastically. Furthermore,thecombinedposeand
lighting variationwith low frameratemakes the tracking taskextremelydif�cult. Nev-
ertheless,the resultsshow that our tracker successfullyfollows the target accuratelyand
robustly. Dueto heavy shadowsanddrasticlighting change,othertrackingmethodsbased
ongradient,contour, or color informationareunlikely to performwell in this case.

4.2 Discussion

The successof our tracker can be attributed to several factors. It is well known that
theappearanceof anobjectundergoingposechangecanbemodeledwell by view-based



Figure3: A personmoves underneatha trellis with large illumination changeandcastshadows
while changinghispose.More resultscanbefoundin theprojectwebpage.

representation[13]. Meanwhileat �x ed pose,the appearanceof an object in different
illumination conditionscanbeapproximatedwell by a low dimensionalsubspace[2]. Our
empiricalresultsshow thatthesevariationscanbelearnedon-linewithoutany prior training
phase,andalsothechangescausedby castandattachedshadowscanstill beapproximated
by a linearsubspaceto someextent. We show a few failurecasesat our the website
mentionedearlier. Typically, thefailurehappenswhenthereis a combinationof fastpose
changeanddrasticilluminationchange.

In this paper, we do not directly addressthepartialocclusionproblems.Empirical results
show that temporaryand partial occlusionscan be handledby our methodthroughthe
robusterrornormandtheconstantupdateof theeigenspace.Neverthelesssituationsarise
wherewe may have prior knowledgeof the objectsbeing tracked, andcanexploit such
informationfor betterocclusionhandling.

To demonstratethe potency of our modi�ed R-SVD algorithmin faithfully modelingthe
objectappearance,we comparethereconstructedimagesusingour methodanda conven-
tional SVD algorithm. In Figure 4 �rst row containsa set of imagestracked by our
tracker, andthesecondandfourth rows show thereconstructedimagesusing16 eigenvec-
tors obtainedafter 121 incrementalupdatesof 605 frame(block sizeis setto 5), andthe
top16eigenvectorsobtainedby conventionalSVD algorithmusingall 605trackedimages.
Notethatweonly maintained16eigenvectorsduringtracking,anddiscardedtheremaining
eigenvectorsat eachupdate.Theresidueimagesarepresentedin the third and�fth rows,
andthe averageL2 reconstructionerrorper pixel is 5:73� 10� 2 and5:65� 10� 2 for our
modi�ed R-SVDmethodandtheconventionalSVD algorithmrespectively. The�gure and
averagereconstructionerrorshows thatour modi�ed R-SVD methodis ableto effectively
modeltheobjectappearancewithout losingdetailedinformation.

5 Conclusionsand Futur eWork
Wehavepresentedanappearance-basedtrackerthatincrementallylearnsalow dimensional
eigenspacerepresentationfor objecttrackingwhile thetargetundergoespose,illumination
andappearancechanges.Whereasmost trackingalgorithmsoperateon the premisethat
theobjectappearanceor ambientenvironmentlighting conditiondoesnot changeastime
progresses,our methodadaptsthemodelrepresentationto re�ect appearancevariationof
the target, therebyfacilitating the tracking task. In contrastto the existing incremental
subspacemethods, our R-SVD methodupdatesthe meanandeigenbasisaccuratelyand



ef�ciently , and therebylearnsa goodeigenspacerepresentationto faithfully model the
appearanceof the targetbeingtracked. Our experimentsdemonstratetheeffectivenessof
theproposedtracker in indoorandoutdoorenvironmentswherethetargetobjectsundergo
largeposeandlighting changes.

Thecurrentdynamicalmodelin our samplingmethodis basedon a Gaussiandistribution,
but thedynamicscouldbelearnedfrom exemplarsfor moreef�cient parameterestimation.
Our algorithm can be extendedto constructa set of eigenbasesfor modelingnonlinear
aspectsof appearancevariationmorepreciselyandautomatically. Weaimto addressthese
issuesin our futurework.

Figure4: ReconstructedimagesanderrorsusingourandtheconventionalSVD algorithms.
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