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Abstract

This paperdescribes framework for constructinga lin-
ear subspaceanodel of imageappearancéor comple ar-
ticulated3D figuressuchashumansandotheranimals. A
commerciaimotioncapturesystemprovides3D datathatis
alignedwith imagesof subjectsperformingvariousactivi-
ties. Portionsof a limb’s imageappearancare seenfrom
multiple views andfor multiple subjects. From thesepar
tial views, weightedprincipal componentanalysisis used
to constructa linear subspaceepresentatiorof the “un-
wrapped’imageappearancef eachlimb. The linear sub-
spaceprovide ageneratie modelof the objectappearance
thatis exploitedin aBayesiarparticlefiltering trackingsys-
tem. Resultsof trackingsinglelimbs andwalking humans
arepresented.

1 Introduction

The automaticdetectionandtracking of 3D articulated
figures such as humansand other biological creaturesn
monocularvideo sequencess a challengingproblemwith
applicationsin mary domains,including humancomputer
interaction,video databasesearch suneillance,computer
graphicsandthescientificanalysisof animalbehaior. The
solutionto this problemrequiresmatchinga 3D modelto
imagedata,but in amonoculaimagesequencéhis match-
ing problemis underconstrainedAdditionally, modelsof
3D articulatedfiguresareinherentlynon-linearandexhibit
complex temporaldynamics.To copewith thesechallenges
we work within a Bayesianframevork where we repre-
sentaprobabilitydistribution overthe parametersf the3D
model. Thisframeawork allows usto exploit recentadvances
in stochasticsearchand particle filtering for probabilistic
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Figure 1. An image from a sequence of a
subject dancing, and the corresponding 3D
ground truth. For each view, the 3D model is
projected into the image, and for each limb,
patterns and weights are registered. A lin-
ear basis is constructed from this data using
weighted principal component analysis.

tracking[8, 9] which arerobustto singularitiesand ambi-
guitiesin the imageappearanceOur approactrequiresa
generative model of the object's appearancehelikelihood
of observingthe imagegiventhe model,anda prior distri-
bution over model parameters.In this paperwe focuson
developingaframework for constructinggeneratre models
for theappearancef articulated3D figures.

Focusingon humanfigures,we modelthebodyasa col-
lection of articulatedcylinders with an associatedmage
representationConsidey for example,theimageshownn in
Figurel. A commercialmotion capturesystemis usedto
gatherthe “ground truth” 3D motion of the figure. Thisis
usedto derive the positionsof a 3D cylindrical model of
thefigurein eachimageframe.Giventhe parametersf the
camerawe canthenprojecteachcylinder or limb into the
image.Theimagetexturefor aparticularview of alimb can
thusbe associatedvith the cylindrical model. As a person
moveswe mayseetheir limbs from avarietyof views. This



canberepeatedor multiple subjectsandfrom this collec-
tion of “training views” we build amodelfor theappearance
of alimb.

In generakuchanappearancenodelmay be quite com-
plex. Humansfor example,wearclothing of highly varied
colorandpattern.Animals,on theotherhand,typically ex-
hibit a limited rangeof variationin markingandcoloration
characteristido the species. Humanstoo, in certaindo-
mains,exhibit limited variability in appearancefpr exam-
ple, sportsteamsuseuniformswith a limited rangeof pat-
terns. Thus,while in generalwe may requirea non-linear
generatie modelof appearanceye developtheframewvork
herein thecontext of alinear(eigenspacenodel.

Linearsubspacenethodshave beenusedextensiely for
constructingappearancenodelsof facedq4, 11, 19] aswell
asmorevariedobjectg14]. Ourproblemdiffersfrom previ-
ousapproachem thatwewishto “unwrap” thetexturefrom
aroughlycylindrical objectandconstruct linearbasisthat
representsghe full unwrappedappearanceFor ary given
subject,however, we may not seeevery view of everylimb
andhencethetrainingsetwill alwaysbeincomplete.Thus,
we requirea methodfor constructinga linearsubspaceep-
resentatiorthat takes into accountmissingdata. The vis-
ibility of eachlimb surfaceis representethy weight maps
similar to the cylinder confidencemap usedby La Cascia
and Sclarof [11]. We exploit the weight mapsto perform
weightedprincipal componentinalysis. The mathematical
detailsof this approachare describedandrelatedto recent
work in machinelearning.

Weillustratehow themodelcanbeusedto trackanarm,
aswell asa whole walking personin the presenceof self
occlusion. We definea generatie modelof imageappear
anceandthe likelihood of observingthe imagegiven our
model. We thenbriefly outline a temporalprior modelfor
awalking person. A particlefiltering methodfor tracking
the personis outlined[3, 9] andresultsareshovn. Thefo-
cusof this paperis on the framewvork andmathematicgor
constructingsuchmodelswhile detailsof the probabilistic
trackingmethodaredescribedn [17].

2 Redated Work

There has beena greatdeal of work on tracking hu-
man headsand bodiesin image sequencesising models
of both shapeand appearancéfor an overview, see[5]).
Methodsfor full body tracking typically use sparsecues
suchasbackgroundifferenceimages,color (e.g.[20]) or
edgeqd6, 7]. BreglerandMalik [2] trackeda humanin 3D
using model basedmotion cues. Motion or optical flow
givesrich information, but can causethe tracking model
to “drift off” the tamget. The useof templateq3] avoids
this problem,but templatetrackingis sensitve to changes
in view andillumination.

Multiple cameraviews areoftenemployedto reduceam-
biguity andproblemsdueto self occlusion[2, 6]. Although
Goncaleset al. [7] presentedccurateesultsin trackingan
armin 3D usingonly oneview, therehasbeerittle progress
in 3D monoculattrackingof awholehumanbody.

Linearsubspacenethodshave beenusedextensiely for
modeling trackingandrecognitionof faces(e.g.[19]). Ed-
wardset al. [4] modeledthe shapeand greylevel variation
of facesindependentlyusing principal componentanaly-
sis (PCA). From this face model they were able to track
andidentify a faceover an image sequenceavith changes
in pose,illumination and expression. Many facetracking
andrecognitionmethodsnodelthefaceasatexturedplanar
surface. In contrast,La Casciaand Sclarof [11] modeled
theheadasa cylinder, thusenablingmoreaccuratdracking
over wider changesn viewing direction. Given an initial
faceposition,they projectedthe first imageontothe cylin-
der, creatinga cylindrical templateusedfor trackingin sub-
sequenframes.A confidencemapwasalsoderivedwhich
takesinto accountthe pixel densityon the cylindrical tem-
plate. We usethis approacHor gatheringtraining data(see
Section3).

MuraseandNayar[14] appliedlinearsubspacenethods
to objectsviewed from multiple orientations.All views of
anobjectwerenormalizedandasinglelinearsubspacevas
constructedaswasthe manifold relating the orientationof
the view andthe coeficientsof the model. Black and Jep-
son[1] useda similar techniqueto learnappearancenod-
els of cylindrical objectsbut, ratherthan usinga training
setwith a large numberof views, they useda small num-
berof views, andmodeledthe objectasa pointin the view
eigenspacelusalinearspatialtransformatiorof the view-
basedmodel. Our approacthereis quite different. Instead
of representing cylindrical objectby a numberof views,
we wish to “unwrap” theimagetexture andconstructa lin-
ear basisin which the basisimagesrepresenthe full ap-
pearancef the objectindependentf view.

Recently ChamandRehg[3] presentedh particlefilter-
ing approactor humantrackingin 2D. Our methodis sim-
ilar, althoughin 3D. While thisincreaseshedimensionality
of the searchspacewe exploit temporalmodelsof the hu-
manmotionto constrainthe solutionto lower dimensional
subspaces.In relatedwork, Leventonand Freeman[12]
learn a model of shorthumanmotion segmentsfrom 3D
motion capturedata. This modelis exploitedin the proba-
bilistic estimationof 3D humanmotion given trackingre-
sultsfrom a 2D stick-figuremodel. Herewe exploreamore
constrainedemporalmodelby focusingon humanwalking
andusinganapproachbasedn YacoobandBlack'’s useof
“eigencunes”for recognizinghumanactiities [21].



3 Training Data

To constructa generatre model from training datawe
extractexamplelimb patternsfrom imagesequencesLo-
catingthelimb positionsin the sequencesequirescorrelat-
ing the 3D motioncapturedatawith theimagedata.Below
we describehe 3D persorandcameramodelsusedto com-
putethetransformatiorfrom theimagespaceo alimb sur
facespacen whichwe canrepresenthelimb appearance.

3.1 Coordinate Transfor mations

The personis modeledas a compositeof rigid circu-
lar cylinders. Eachcylinder is connectedo oneor several
othercylinderswith a joint having 1 to 3 degreesof free-
dom (DOF) represente@s Euler angles. The spatialcon-
figurationof the personmodelis determinedy the global
translationt and global rotationrotationr of the cylinder
representinghe torso of the personmodel, and the rela-
tive Euler anglesa: betweenthe differentcylinders of the
model. In total, the modelconsistsof 10 cylinderswhose
configurationis definedby 25 DOF includingthe anglesat
the shoulderselbows, hips andknees.Handsandfeetare
notmodeled.

A cylinder, or limb, is representedvith a radius R,
a length L and a homogeneousransformationmatrix T
which describeghe transformationfrom the global coor
dinatesystemto the limb’s local coordinatesystem. T} is
derived from t, r andthoseanglesin « relatingto limbs
connectingimb [ andthetorso. The local coordinatesys-
temis Cartesiarwith the Z axisdirectedalongtheprincipal
axisof thelimb (seeFigure?).

We definethe limb surfacespaceto be (4,1) wheref €
[0,27) and! € [0, L]. Thelimb surfacespacecorresponds
to cuttingthelimb openwhereit crosseshe positive X axis
andunwrappingit sothatd = 0 (and2r) at that rotation
(seeFigure2).

The cameras modeledasa pinholecamerawith trans-
formationmatrix T, focal length f andimagecentere.

We computethe transformatiorto a point p. in theim-
agespacdromp; = [6,1]7 in thelimb surfacespacevia P,
in thelimb coordinatesystemandP, = [X,, Y., Z.,1]T in
thecamerecoordinatesystemas:

P; = [Rcos(f),Rsin(9),1,1]T (1)
P, = Tch_lPl (2)
pe = c—f[ %] ©)

3.2 Acquiring theLimb Pattern Images

Given the model parametersfor eachlimb we can ex-
tractthelimb patternL. Patternsfor two differentviews of

=<
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Figure 2. Alimb has 1to 3rotational DOF. The
surface coordinate system (I,6) of alimb cor-
responds to cutting the cylinder open where it
crosses the positive X axis, and unwrapping
it.

alowerright armis shovn in Figure3.

Sincesomepartsof the limbs arelessvisible or not vis-
ible at all, we assigna weight to eachpixel in eachlimb
surfaceimageindicatingits visibility. The weightscorre-
spondto theinnerproductof thesurfacenormalatthelimb
surfacepositionandthevectorfrom thelimb positionto the
focal pointof thecameraThis productis positive if thesur
facefaceghecameraandnegative otherwise.Sincewe are
notinterestedn surfacepointsfacingaway from the cam-
era(they areof coursenot visible) the weightis setto O if
the inner productis negative (Figure 3). This weight can
alsobe interpretedasthe densityof imagepixels per limb
surfacearea[11].

Given nexample views of a limb, j, let L’ =
[L] L) ... L] € ®?*", whereL! denotesghe imagepat-
ternfor a particularview, ¢, of limb j representedsa col-
umnvectorof lengthd. For notationalsimplicity we drop
the limb superscriptj; modelsof eachlimb will be con-
structedndependentlyAnalogouslyfor theweightmasks,
let W = [W; W, ... W,,] € R¥*™ betheweightimages
of the limb in columnform. For notationalpurposeswe
defineD = [D; D; ... D,] € R¥*"¢ asa matrix where
eachsub-matrixD; € ®¢*¢ is a diagonalmatrix with the
weightsW; alongthediagonal.

4 Weighted Principal Component Analysis

PrincipalcomponengainalysigPCA)is apopularstatisti-
cal tool for performingdimensionalityreductionand mod-
eling structurein data[10]. Given the matrix L. we first
computea matrix A by subtractingheweightedmean

n

p=(_ D)) DL,
i=1

i=1
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Figure 3. Example of training data. In column
1 we see image with model superimposed, in
2 the extracted limb pattern, in 3 the corre-
sponding weight.

from L. PCA providesthe orthogonaltransformationU
which minimizes:

E(U) = i ||A; —UUT AP, (4)

=1

wherethe columnsof U arethe & first eigervectorsof the
covariancematrix AAT. Obsene thatthe matrix U, while
nottheonly basisthatspanghe subspacef principalcom-
ponentq18, 16], hasthe numericaladvantageof diagonal-
izing the covariancematrix AA”. This meansthat when
theoriginaldatain matrix A hasaGaussiamistribution,the
projectionof the columnsof A onthebasisset,c = UT A,
will give coeficients that are decorellatedand Gaussian.
Thisrepresentatiohasthe advantageof beingeasyto sam-
ple from.

Unlike traditional PCA, we do not have completedata.
Giventhe matrix of textures,A, andthe continuousmask,
‘W, thegoalis to estimatea linearrepresentationf theim-
ageappearanceakinginto accounthe obsenability of the
data(i.e. themask). While singularvaluedecomposition
is a commontechniquefor computinga low-dimensional
linearmodelof imagedata,standardmplementationgan-
notdealwith thevaryingobsenability asrepresentetly the
masks.

Considerinsteadthe probabilisticinterpretatiorof PCA
(PPCA) recently proposedindependentlyoy Moghaddam
and Pentland[13], Tipping and Bishop [18] and Roweis
[16]. Tipping andBishop[18] and Roweis [16] derive an
expectationmaximization(EM) algorithm for latent vari-
ablemodels,which findsthe principal subspacef a setof
obsenred datavectors,assumingan isotropic noisemodel.
Thatis:

A=Bc+n (5)

wheren ~ N(0,02I), ¢ ~ N(0,I) andB is a parameter
matrix which containgthe factor loadings.

They shavedthatthe subspacepannedy the principal
componentganbe computedvith the EM algorithmwhen
the covariancenoisebecomesnfinitesimalandequalin all
thedirections;thatis, lim,_.o 0?I [16, 1§]. In this casethe
basisvectorscanbe computedwith least-squaregptimiza-
tion, by minimizing the following:

. . L . 2
min min Z [|A; — B (6)

i=1

with respecto the coeficientsc andthe basisvectorsB.
Note that they assumea prior over coeficientsc. This
would representa smoothnespenalty addedto the least
squareerrorwhich actsasaregularizationterm:

. . 2 L 112 T..
rrgnmcln;(l/a )||A; — Bei||* + ¢; ¢ (7

butase — 0 thesmoothnesgermbecomesagligible and
the solution becomeghe corventionalleast-squaresolu-
tion.

Incorporating the weights into (6) the optimization
yields:

. . L . T . L .
min min i:ZI(A, Be;) D;(A; — Be;). (8)

As with EM, we alternatebetweensolving for the coefi-
cients,c;, andthe basisvectorsB. We have lost, however,
the probabilisticinterpretatiorof EM.

The subspaceB, estimatedisingthe above approachs
not guaranteedo produceanorthogonabasisset. As with
PCA, we would like the basissetB to be orthogonalasit
simplifies samplingfrom the distribution of coeficientsc.
In orderto computethe orthogonalprincipal components,
we do so iteratively. First, we minimize (8) with a single
basisvectorin B. Thenwe subtracfrom A thecomponent
in the direction of B. To this residualwe fit the second
basiswhile imposingorthogonalitywith respecto thefirst;
e.g. with Gram-Schmidtorthogonalization. This process
is repeatedintil thereareenoughbasisvectorsto represent
95% of the variancein thetraining set. For minimizing (8)
we usethe Newton-Raphsomethod.In Figure4 themean
andbasisvectorsrepresentin@5% of the variancein a set
of 12 views of anarmin 3 differentshirtsareshown.

5 Tracking

Thelearnedimb base® areexploitedto perform3D ar
ticulatedtrackingof peoplein monoculaimagesequences.
The Bayesiantrackingframework is describednly briefly
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Figure 4. Mean and the first five eigenvector s
in a training set of arm views. All images are
normaliz ed to greylevel [0,255] for visibility .
The horizontal stripes in the eigenimages oc-
cur because each training image is weighted
by its corresponding weight image. Thus, dif-
ferent training images have effects on diff er-
ent parts of the eigenimages.

here; a more detailedtreatmentis presentedn [17]. The
poseof thehumanbodyis definedby thetherotationr and
translationt of the torsoandthe relative angles,«, of the
joints (seeSection3.1). Additionally, thelinearcoeficients
¢/, togethemwith the trainedlinear subspacesf eachlimb
j, definethe imageappearancef the limbs. All thesepa-
rametergogetherdefineagenerative model for thehumans
appearanca theimage.

The generatie model can be seenas a “templategen-
erator”. For a givenvectorof limb appearanceoeficients
¢, synthesizegatternssimilar to thosein Figure 3 canbe
generateds Liemplate = 1 + Be. For a given poseof
the articulatedmodel, we computethe currentweightim-
agesfrom the orientationof the limb surfaceswith respect
to the cameraviewing angle(seeSection3.2). We alsoex-
tractthe actualpatternsL: on the limbs in the currentim-
age. Now in analogyto templatematchingthe difference
betweerLempiqte andL, weightedby thecomputedveight
image,canbecomputed.

Let the generatie modelat a specifictime instancet be
definedby thesetof parameterg, = [ry, t;, o, c;]T. Tak-
ing a Bayesianapproach the posteriorprobability of the
distribution over ¢, canbewrittenas[9, 17]:

p(¢:|1e) = Ky p(Li|@y) p(y |y 1) )

whereK} is anormalizatiorconstanindependentf ¢, and
I; istheimageattime ¢.

In the subsequerdgectionsthe differentpartsof (9) will
bediscussedFirstwe describenow thelikelihoodp(I;|¢,)

is defined,then how the probability distribution over ¢ is
propagatedvertime.

5.1 Likeihood

Thelikelihoodof aconfiguratiorof thegeneratiemodel
is ameasureof how well theimagedatafits the model. In
otherwords,we wantto comparethe limb patternsaccord-
ing to the coeficientsc in the generatie model with the
actualpatterndn theimage.

Givenanimagel, the parametersn ¢, areusedto ex-
tract the mean-subtracteimb patternsA = L — p and
weight matricesD in the sameway as describedin Sec-
tion 3. We definethelik elihoodin termsof thedistancebe-
tweentheobsenedimagepatternsA andthegenerategbat-
ternsgivenby thelimb appearanceoeficientse, weighted
by D:

m
rml¢) = [[» (10)
j=1
. Doccluded . i o if Oj
A e
o

wherem is the numberof limbs, O/ is true if limb j is
occludedby otherlimbs, p,cciuded IS the probability of oc-
clusion,o is the standardleviation of the Mahalanobigis-
tancebetweenthe estimatedand actuallimb patterns,as-
sumedequalfor all limbs, andB/ is the learnedbasisfor
limb j.

5.2 Temporal Model

The temporalmodel definesthe probability of observ-
ing thebodyin a certainposewith a particularappearance
givenits poseandappearancat the previoustime instant.
Thistemporalprior canhelp constrainthe distribution over
modelparameterso regionsof theparametespacehatare
likely to containthe solution. In this paper we examine
two temporalmodels:alinearmodelof smoothmotionand
a model specificto walking [17]. In the smoothmotion
model,the parameters, t, & andc arepropagatedn time
independentf eachother:

p(tefti—1) = Gty —ti_1,04) (12)
p(ri|ri—1) = G(ry —ri—1,0,) (12)
plagla1) = Glag— oy 1,0,) (13)
pleglei—1) = Gleg —cp_1,00) (14)

whereG(z, o) is a zero-mearGaussiarnwith standardde-
viation ¢ evaluatedat z. o, o ando, areempirically
determinecando . = e wheree is asmallnumberand A



arethe eigervaluescorrespondingo the basisB. All pa-
rametersareinitiated manuallyexceptc which is initiated
asp(co) = G(co, A).

However, in the walking model, dependenciebetween
anglesare learnedfrom examples. A commercialmotion
capturesystems usedto gathera numberof examplewalk-
ing cyclesfrom differentindividuals. After normalization
of the walking cycleswith respecto time, eachcycle ¢ is
representedby a vector V; consistingof the cycles of all
joint anglesa concatenated.

The meanpu,, of the vectorsV; is computedand sub-
tractedfrom the vectors.Then, multivariateprincipal com-
ponentanalysigq15, 21] is usedto learna basisfor walking
cycles. The5 largesteigenmode®y, representind5% of
thevariancein the training setare selected.The evolution
in time of therelative joint anglesa is thendeterminedoy
the eigencodicientsc, andsomeparametep,, determin-
ing phasen thewalking cycle. In eachtime instant,c can
becomputedasa = (puy, + By cy)[pa]. Thus,overtime,
we only needto propagatec, and p,, which have fewer
dimensionghana andvaryin morepredictablevays.

Theparameterdeterminingx arepropagateéh timeas:

G(ca,t — ca,t—la Gca) (15)
G(pa,t — Pa,t—15 Up) (16)

p(ca,t|ca,t—1) =

P(Pa,t|Pa,t—1) =

whereo, is empirically determinedand, in analogywith
o., 0., = eyAy. The phaseparameterp, is initiated
manuallyandc,, is initiatedasp(cqa,0) = G(ca,0, Av)-

5.3 Propagationin Time

The mappingfrom the parametersp of the generatie
modelto the imagepositionsof the limbs is nonlinearand
the potentiallycomplex imagestructureof humanclothing
resultsin matchingambiguities.Thus,thelik elihooddistri-
bution cannotbe computedn closedform over the param-
eterspacep,. However, it is easyto evaluatethelik elihood
for aparticularvalueof ¢,. Thereforejnsteadof computing
the posteriordistribution analyticallyat eachtime step,we
choseo usea samplingtechniqueo representhe posterior
distribution andpropagatst in time [9, 17].

We representhe distribution over ¢, asa N samples,
whereN is alarge number(seeFigure5). For propagating
thedistribution in time, we usethe Condensatiofi9] algo-
rithm which is a particlefiltering technique.

At eachtime step,a new setof samplesaredravn from
theposteriodistributionin theprevioustime step. Thenew
distribution is propagatedn time accordingto one of the
temporalmodelsdescribedabove. Then,the likelihood of
eachsampleis evaluated. This givesan approximationof
the currentposteriordistribution.

Figure 5. lllustration of a sampled distrib u-
tion: 10 samples from a posterior distrib ution
over ¢, for an arm, projected into the image
coor dinate system.

6 Results

In orderto testthe concepiof modelingsurfacestructure
oncylindrical objectsweimplementedheparticlefiltering
algorithmfor onearmwith a generalsmoothmotion prior,
andfor the whole body with a walking prior describedn
Sectionb.

6.1 Trackingof Arm

To testthe performanceof the likelihood measurewe
useda model of one cylinder to track a lower arm, using
a smoothmotion prior. An arm eigenspaceavas learned
from 12 differentviews of the arm, with 3 differentshirts.
The result of the tracking can be seenin Figure 6. Dis-
tortionsin the actualarm patterncomparedo the trained
patternare mostly dueto wrinkles on the shirt (makingit
non-g/lindrical).

6.2 Tracking of Walking Subject

In this experimentwe only modeledthe appearancef
one subject. Therefore,the likelihood measureg(10) was
simplifiedto:

[
s

p(Ie| ;) v 17)
=1
. Doccluded if OJ
p] = 1 _ AJTDjA_.i . A
\/2_7”7@ 202trDJ if = 0J
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Figure 6. Tracking of a lower arm moving back and forth.
weighted mean of the posterior distrib ution ¢,,,,, = ~

In row 1 the image I is shown, with the
i1 @:p(I|¢p;) superimposed. Row 2 shows

the extracted limb pattern L for the sample ¢,,,, with the largest likelihood. Row 3 shows the pattern

@+ Bce for ¢,,, ., while the weight image for ¢,,,

This meansthat we do not take the parameters’ into re-
gard. Instead thelikelihoodp’ dependsn the distanceto
the learnedmeanlimb imagep?. Thisis equivalentto the
useof acylindrical template.

The limb appearancewere learnedfrom a numberof
views of a subjectdancing,andthenusedfor trackingthe
samesubjectwalking in anothersequenceysingthe walk-
ing temporalmodel. The heightof thefigurein theimages
is approximately50 pixels, makingthe resolutionvery low.
In Figure7 we seepartsof the sequencavith the weighted

meand,,can = ~  ;—; ¢:p(I|¢;) superimposed.
7 Summary and Discussion

We presenta framework for modelingof theappearance
of 3D articulatedfigurescomposedf cylindrical elements.
Given 3D motion capturedataof a personmoving, corre-

is shown in row 4.

latedwith imagedata we canconstructlinearbasisfor the
appearancef thepersonslimbsusingweightedinearsub-
spaceanalysis. This approachhasthe advantagethat non-
randommissingdatais explicitly takeninto accountin the
learningof thebasis.Thus,we areableto learnageneratie
modelof theappearancef all surfacesonthefigureregard-
lessof viewing direction,in contrasto the view-dependent
approachesuchastemplatematching.

Modeling an articulatedfigure asa compositeof cylin-
dersis of courselimiting since most biological creatures
have areformablestructureandshow variability in sizeand
shape Thisvariability overtime andpopulationneedgo be
modeledaswell asthevariability in appearancdnsteadof
cylinderswe could useeigenshapesuperquadricer other
high dimensionalstructures. However, thereis a tradeof
betweerspatialaccurag of the generatie modeland effi-
cieng in thefiltering algorithm. Whenpossiblea simpler
modelis preferred.



Figure 7. Tracking of a walking subject.

The 7 images are frame 0, 5, 10, 15, 20, 25 and 30 of the

sequence . Overlaid on the images are the weighted means of the posterior probability distrib ution.

Onedrawbackof usinga linear subspaceo modelthe
appearancef humansds thatthe patternsof moderncloth-
ing vary in complex ways. Animals, however, often shav
characteristipatternspecificto thespeciesGiven3D mo-
tion capturedatafor severalindividualsof a speciesagen-
eratve appearancenodelcould belearnedfor thatspecies.
Reliabletracking of animalshasseveral interestingappli-
cations,suchas behaior analysis. To representhe com-
plexity of humanclothingwill requiremore sophisticated,
non-linear generatie texture models.

This work represents preliminary steptowards build-
ing generatie modelsof humanappearanceSuchmodels
may have applicationdn trackingasshavn hereaswell as
in computemgraphics A greatdealremaingo bedonehow-
ever to constructrepresentationand learningmethodsfor
more complex imagetextures. In our currentwork we are
extendingthe Bayesiantracking framewvork with morere-
alistic likelihoodmodels bettertemporalmodelsof human
motion, theincorporationof additionalimagecues,andre-
finementgo thetrackingalgorithm.
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