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Abstract

This paperdescribesa framework for constructinga lin-
earsubspacemodel of imageappearancefor complex ar-
ticulated3D figuressuchashumansandotheranimals.A
commercialmotioncapturesystemprovides3D datathatis
alignedwith imagesof subjectsperformingvariousactivi-
ties. Portionsof a limb’s imageappearanceareseenfrom
multiple views andfor multiple subjects.From thesepar-
tial views, weightedprincipal componentanalysisis used
to constructa linear subspacerepresentationof the “un-
wrapped”imageappearanceof eachlimb. The linearsub-
spacesprovidea generativemodelof theobjectappearance
thatis exploitedin aBayesianparticlefiltering trackingsys-
tem. Resultsof trackingsinglelimbs andwalking humans
arepresented.

1 Introduction

The automaticdetectionandtrackingof 3D articulated
figuressuch as humansand other biological creaturesin
monocularvideo sequencesis a challengingproblemwith
applicationsin many domains,including humancomputer
interaction,video databasesearch,surveillance,computer
graphics,andthescientificanalysisof animalbehavior. The
solutionto this problemrequiresmatchinga 3D model to
imagedata,but in a monocularimagesequencethis match-
ing problemis underconstrained.Additionally, modelsof
3D articulatedfiguresareinherentlynon-linearandexhibit
complex temporaldynamics.To copewith thesechallenges
we work within a Bayesianframework where we repre-
sentaprobabilitydistributionovertheparametersof the3D
model.Thisframeworkallowsusto 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 arerobust to singularitiesandambi-
guities in the imageappearance.Our approachrequiresa
generative model of theobject’s appearance,thelikelihood
of observingthe imagegiventhemodel,anda prior distri-
bution over modelparameters.In this paperwe focus on
developingaframework for constructinggenerativemodels
for theappearanceof articulated3D figures.

Focusingonhumanfigures,wemodelthebodyasa col-
lection of articulatedcylinders with an associatedimage
representation.Consider, for example,the imageshown in
Figure1. A commercialmotion capturesystemis usedto
gatherthe “ground truth” 3D motion of the figure. This is
usedto derive the positionsof a 3D cylindrical model of
thefigurein eachimageframe.Giventheparametersof the
camerawe canthenprojecteachcylinder or limb into the
image.Theimagetexturefor aparticularview of alimb can
thusbeassociatedwith thecylindrical model. As a person
moveswemayseetheir limbsfrom avarietyof views. This



canberepeatedfor multiple subjects,andfrom this collec-
tionof “training views” webuild amodelfor theappearance
of a limb.

In generalsuchanappearancemodelmaybequitecom-
plex. Humans,for example,wearclothingof highly varied
colorandpattern.Animals,on theotherhand,typically ex-
hibit a limited rangeof variationin markingandcoloration
characteristicto the species. Humanstoo, in certaindo-
mains,exhibit limited variability in appearance;for exam-
ple, sportsteamsuseuniformswith a limited rangeof pat-
terns. Thus,while in generalwe may requirea non-linear
generativemodelof appearance,wedeveloptheframework
herein thecontext of a linear(eigenspace)model.

Linearsubspacemethodshavebeenusedextensively for
constructingappearancemodelsof faces[4, 11, 19] aswell
asmorevariedobjects[14]. Ourproblemdiffersfromprevi-
ousapproachesin thatwewishto “unwrap” thetexturefrom
aroughlycylindrical objectandconstructa linearbasisthat
representsthe full unwrappedappearance.For any given
subject,however, we maynot seeevery view of every limb
andhencethetrainingsetwill alwaysbeincomplete.Thus,
werequirea methodfor constructinga linearsubspacerep-
resentationthat takes into accountmissingdata. The vis-
ibility of eachlimb surfaceis representedby weight maps
similar to the cylinder confidencemapusedby La Cascia
andSclaroff [11]. We exploit the weight mapsto perform
weightedprincipalcomponentanalysis.Themathematical
detailsof this approacharedescribedandrelatedto recent
work in machinelearning.

We illustratehow themodelcanbeusedto trackanarm,
aswell asa whole walking personin the presenceof self
occlusion.We definea generative modelof imageappear-
anceand the likelihoodof observingthe imagegiven our
model. We thenbriefly outlinea temporalprior modelfor
a walking person.A particlefiltering methodfor tracking
thepersonis outlined[3, 9] andresultsareshown. Thefo-
cusof this paperis on the framework andmathematicsfor
constructingsuchmodelswhile detailsof the probabilistic
trackingmethodaredescribedin [17].

2 Related Work

There has beena great deal of work on tracking hu-
man headsand bodiesin imagesequencesusing models
of both shapeand appearance(for an overview, see[5]).
Methodsfor full body tracking typically usesparsecues
suchasbackgrounddifferenceimages,color (e.g.[20]) or
edges[6, 7]. Bregler andMalik [2] trackeda humanin 3D
using model basedmotion cues. Motion or optical flow
gives rich information, but can causethe tracking model
to “drift off ” the target. The useof templates[3] avoids
this problem,but templatetrackingis sensitive to changes
in view andillumination.

Multiple cameraviewsareoftenemployedto reduceam-
biguity andproblemsdueto self occlusion[2, 6]. Although
Goncalveset al. [7] presentedaccurateresultsin trackingan
armin 3D usingonly oneview, therehasbeenlittle progress
in 3D monoculartrackingof a wholehumanbody.

Linearsubspacemethodshavebeenusedextensively for
modeling,trackingandrecognitionof faces(e.g.[19]). Ed-
wardset al. [4] modeledthe shapeandgreylevel variation
of facesindependentlyusing principal componentanaly-
sis (PCA). From this facemodel they were able to track
and identify a faceover an imagesequencewith changes
in pose,illumination andexpression. Many facetracking
andrecognitionmethodsmodelthefaceasatexturedplanar
surface. In contrast,La CasciaandSclaroff [11] modeled
theheadasacylinder, thusenablingmoreaccuratetracking
over wider changesin viewing direction. Given an initial
faceposition,they projectedthefirst imageonto thecylin-
der, creatingacylindrical templateusedfor trackingin sub-
sequentframes.A confidencemapwasalsoderivedwhich
takesinto accountthepixel densityon thecylindrical tem-
plate.We usethis approachfor gatheringtrainingdata(see
Section3).

MuraseandNayar[14] appliedlinearsubspacemethods
to objectsviewedfrom multiple orientations.All views of
anobjectwerenormalizedandasinglelinearsubspacewas
constructedaswasthe manifold relatingthe orientationof
theview andthecoefficientsof themodel. Black andJep-
son[1] useda similar techniqueto learnappearancemod-
els of cylindrical objectsbut, ratherthan usinga training
setwith a large numberof views, they useda small num-
berof views,andmodeledtheobjectasa point in theview
eigenspace,plusa linearspatialtransformationof theview-
basedmodel. Our approachhereis quitedifferent. Instead
of representinga cylindrical objectby a numberof views,
we wish to “unwrap” theimagetextureandconstructa lin-
ear basisin which the basisimagesrepresentthe full ap-
pearanceof theobjectindependentof view.

Recently, ChamandRehg[3] presenteda particlefilter-
ing approachfor humantrackingin 2D. Ourmethodis sim-
ilar, althoughin 3D.While thisincreasesthedimensionality
of thesearchspace,we exploit temporalmodelsof thehu-
manmotion to constrainthesolutionto lower dimensional
subspaces.In relatedwork, Leventonand Freeman[12]
learn a model of short humanmotion segmentsfrom 3D
motioncapturedata.This modelis exploited in theproba-
bilistic estimationof 3D humanmotion given trackingre-
sultsfrom a2D stick-figuremodel.Hereweexploreamore
constrainedtemporalmodelby focusingonhumanwalking
andusinganapproachbasedon YacoobandBlack’suseof
“eigencurves”for recognizinghumanactivities [21].



3 Training Data

To constructa generative model from training datawe
extract examplelimb patternsfrom imagesequences.Lo-
catingthelimb positionsin thesequencesrequirescorrelat-
ing the3D motioncapturedatawith theimagedata.Below
wedescribethe3D personandcameramodelsusedto com-
putethetransformationfrom theimagespaceto a limb sur-
facespacein which wecanrepresentthelimb appearance.

3.1 Coordinate Transformations

The personis modeledas a compositeof rigid circu-
lar cylinders. Eachcylinder is connectedto oneor several
othercylinderswith a joint having 1 to 3 degreesof free-
dom (DOF) representedasEuler angles. The spatialcon-
figurationof thepersonmodelis determinedby the global
translation� andglobal rotationrotation � of the cylinder
representingthe torso of the personmodel, and the rela-
tive Euler angles� betweenthe differentcylindersof the
model. In total, the modelconsistsof 10 cylinderswhose
configurationis definedby 25 DOF includingtheanglesat
the shoulders,elbows, hips andknees.Handsandfeetare
notmodeled.

A cylinder, or limb, is representedwith a radius � ,
a length � and a homogeneoustransformationmatrix �
	
which describesthe transformationfrom the global coor-
dinatesystemto the limb’s local coordinatesystem. �
	 is
derived from � , � and thoseanglesin � relating to limbs
connectinglimb � andthe torso. The local coordinatesys-
temis Cartesianwith the � axisdirectedalongtheprincipal
axisof thelimb (seeFigure2).

We definethe limb surfacespaceto be 
�������� where ���� � ������� and ��� � � ��� � . The limb surfacespacecorresponds
to cuttingthelimb openwhereit crossesthepositive ! axis
andunwrappingit so that �#" �

(and �$� ) at that rotation
(seeFigure2).

Thecamerais modeledasa pinholecamera,with trans-
formationmatrix �&% , focal length ' andimagecenter( .

We computethetransformationto a point )*% in the im-
agespacefrom )+	�" � �����,�,- in thelimb surfacespacevia ./	
in thelimb coordinatesystemand . % " � ! % ��0 % �1� % �324�,- in
thecameracoordinatesystemas:./	5" � �7648:9;
<�:�=���79�>@?�
��A�=���B�324� - (1).C%D" �&%1�FEHG	 ./	 (2))*%D" (
I#'7JLKNMO M �QP MO MSR - (3)

3.2 Acquiring the Limb Pattern Images

Given the modelparameters,for eachlimb we canex-
tractthelimb patternT . Patternsfor two differentviewsof
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Figure 2. A limb has 1 to 3 rotational DOF. The
surface coor dinate system 
��Z�Z�A� of a limb cor -
responds to cutting the cylinder open where it
crosses the positive ! axis, and unwrapping
it.

a lower right armis shown in Figure3.

Sincesomepartsof thelimbs arelessvisible or not vis-
ible at all, we assigna weight to eachpixel in eachlimb
surfaceimageindicating its visibility. The weightscorre-
spondto theinnerproductof thesurfacenormalat thelimb
surfacepositionandthevectorfrom thelimb positionto the
focalpointof thecamera.Thisproductis positiveif thesur-
facefacesthecamera,andnegativeotherwise.Sinceweare
not interestedin surfacepointsfacingaway from the cam-
era(they areof coursenot visible) the weight is setto 0 if
the inner productis negative (Figure3). This weight can
alsobe interpretedasthe densityof imagepixelsper limb
surfacearea[11].

Given [ example views of a limb, \ , let T^]_"� T ] G T ] `Faba@a T^] c:�
�#dfe$g c , where T ] h denotesthe imagepat-
tern for a particularview, i , of limb \ representedasa col-
umnvectorof length j . For notationalsimplicity we drop
the limb superscript\ ; modelsof eachlimb will be con-
structedindependently. Analogously, for theweightmasks,
let k " � k G k ` a@aba k c �l�Ldfe$g c betheweight images
of the limb in columnform. For notationalpurposes,we
define mn" � m G m ` ababa m c �o�pdfe$grq$s asa matrix where
eachsub-matrixm h �tdfe$g�e is a diagonalmatrix with the
weightsk h alongthediagonal.

4 Weighted Principal Component Analysis

Principalcomponentanalysis(PCA)is apopularstatisti-
cal tool for performingdimensionalityreductionandmod-
eling structurein data[10]. Given the matrix T we first
computeamatrix u by subtractingtheweightedmean

v "w
 cx h@y G m h � EHG
cx h@y G m h T h �



1 2 3

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 T . PCA provides the orthogonaltransformationz
whichminimizes:{ 
|z}�~" cx hby G �b� u h I7z}z - u h �b� ` � (4)

wherethecolumnsof z arethe � first eigenvectorsof the
covariancematrix u�u�- . Observe thatthematrix z , while
not theonly basisthatspansthesubspaceof principalcom-
ponents[18, 16], hasthenumericaladvantageof diagonal-
izing the covariancematrix u�u�- . This meansthat when
theoriginaldatain matrix u hasaGaussiandistribution,the
projectionof thecolumnsof u on thebasisset, (&"�z�-+u ,
will give coefficients that are decorellatedand Gaussian.
This representationhastheadvantageof beingeasyto sam-
ple from.

Unlike traditionalPCA, we do not have completedata.
Giventhematrix of textures, u , andthecontinuousmask,k , thegoalis to estimatea linearrepresentationof theim-
ageappearancetakinginto accounttheobservability of the
data(i.e. themask). While singularvaluedecomposition
is a commontechniquefor computinga low-dimensional
linearmodelof imagedata,standardimplementationscan-
notdealwith thevaryingobservability asrepresentedby the
masks.

Considerinsteadtheprobabilisticinterpretationof PCA
(PPCA) recentlyproposedindependentlyby Moghaddam
and Pentland[13], Tipping and Bishop [18] and Roweis
[16]. Tipping andBishop[18] andRoweis [16] derive an
expectationmaximization(EM) algorithm for latent vari-
ablemodels,which findstheprincipalsubspaceof a setof
observeddatavectors,assumingan isotropicnoisemodel.
Thatis: u�"���(��L� (5)

where �����L
��Q��� `;� � , (����L
��Q� � � and � is a parameter
matrixwhich containsthe factor loadings.

They showedthatthesubspacespannedby theprincipal
componentscanbecomputedwith theEM algorithmwhen
thecovariancenoisebecomesinfinitesimalandequalin all
thedirections;thatis, �b>@���$�/��� `3� [16, 18]. In thiscasethe
basisvectorscanbecomputedwith least-squaresoptimiza-
tion, by minimizing thefollowing:

�F>@?� �F>b?� cx hby G �@� u h I#��( h �@� ` (6)

with respectto the coefficients ( andthe basisvectors � .
Note that they assumea prior over coefficients ( . This
would representa smoothnesspenaltyaddedto the least
squareerrorwhich actsasa regularizationterm:

�F>b?� ��>b?� cx hby G 
B2���� ` � �b� u h I#��( h �b� ` �L( -h ( h (7)

but as �#� �
thesmoothnesstermbecomesnegligible and

the solution becomesthe conventionalleast-squaressolu-
tion.

Incorporating the weights into (6) the optimization
yields:

�F>@?� �F>b?� cx hby G 
�u h I7��( h � - m h 
�u h I#��( h � a (8)

As with EM, we alternatebetweensolving for the coeffi-
cients, ( h , andthebasisvectors� . We have lost, however,
theprobabilisticinterpretationof EM.

Thesubspace,� , estimatedusingtheaboveapproachis
not guaranteedto produceanorthogonalbasisset.As with
PCA, we would like the basisset � to be orthogonalasit
simplifiessamplingfrom the distribution of coefficients ( .
In order to computethe orthogonalprincipal components,
we do so iteratively. First, we minimize (8) with a single
basisvectorin � . Thenwesubtractfrom u thecomponent
in the direction of � . To this residualwe fit the second
basiswhile imposingorthogonalitywith respectto thefirst;
e.g. with Gram-Schmidtorthogonalization.This process
is repeateduntil thereareenoughbasisvectorsto represent
95%of thevariancein thetrainingset.For minimizing (8)
we usetheNewton-Raphsonmethod.In Figure4 themean
andbasisvectorsrepresenting95%of thevariancein a set
of 12 viewsof anarmin 3 differentshirtsareshown.

5 Tracking

Thelearnedlimb bases� areexploitedto perform3D ar-
ticulatedtrackingof peoplein monocularimagesequences.
TheBayesiantrackingframework is describedonly briefly
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Figure 4. Mean and the fir st five eigenvector s
in a training set of arm views. All images are
normaliz ed to greylevel

� � ���A����� for visibility .
The horizontal stripes in the eigenima ges oc-
cur because each training image is weighted
by its corresponding weight image. Thus, dif-
ferent training images have effects on diff er-
ent par ts of the eigenima ges.

here;a moredetailedtreatmentis presentedin [17]. The
poseof thehumanbodyis definedby thetherotation � and
translation� of the torsoandthe relative angles,� , of the
joints (seeSection3.1).Additionally, thelinearcoefficients( ] , togetherwith the trainedlinearsubspacesof eachlimb\ , definethe imageappearanceof the limbs. All thesepa-
rameterstogetherdefineagenerative model for thehuman’s
appearancein theimage.

The generative model can be seenas a “templategen-
erator”. For a givenvectorof limb appearancecoefficients( , synthesizedpatternssimilar to thosein Figure3 canbe
generatedas T �¢¡¤£�¥3¦¨§��¢¡S" v �©��( . For a given poseof
the articulatedmodel,we computethe currentweight im-
agesfrom theorientationof the limb surfaceswith respect
to thecameraviewing angle(seeSection3.2). We alsoex-
tract the actualpatternsT on the limbs in the currentim-
age. Now in analogyto templatematchingthe difference
betweenT �¢¡¤£�¥3¦ª§��,¡ and T , weightedby thecomputedweight
image,canbecomputed.

Let thegenerativemodelat a specifictime instance« be
definedby thesetof parameters¬l­ " � � ­ �Z� ­ ��� ­ ��( ­ � - . Tak-
ing a Bayesianapproach,the posteriorprobability of the
distributionover ¬®­ canbewrittenas[9, 17]:¯ 
�¬l­ � � ­ � "�° ­ ¯ 
 � ­ � ¬~­Z� ¯ 
�¬l­ � ¬~­ EHG � (9)

where° ­ is anormalizationconstantindependentof ¬~­ and� ­ is theimageat time « .
In thesubsequentsections,thedifferentpartsof (9) will

bediscussed.Firstwedescribehow thelikelihood̄ 
 � ­ � ¬~­B�

is defined,thenhow the probability distribution over ¬ is
propagatedover time.

5.1 Likelihood

Thelikelihoodof aconfigurationof thegenerativemodel
is a measureof how well the imagedatafits themodel. In
otherwords,we wantto comparethelimb patternsaccord-
ing to the coefficients ( in the generative model with the
actualpatternsin theimage.

Given an image
� ­ the parametersin ¬~­ areusedto ex-

tract the mean-subtractedlimb patternsu±"²TpI v and
weight matrices m in the sameway as describedin Sec-
tion 3. We definethelikelihoodin termsof thedistancebe-
tweentheobservedimagepatternsu andthegeneratedpat-
ternsgivenby thelimb appearancecoefficients ( , weighted
by m :

¯ 
 � ­ � ¬®­B�±" ³´] y G ¯ ] (10)

¯ ] " µ ¯�¶Z·¤· ¦ ¸ s ¡ s >@¹�º~»G¼ `�½ �¿¾ E ÀÂÁ�ÃBÄ:ÅÆÃ<Ç¢Ã|È¨É�Ê$Ã¤ÀÂÁ�ÃBÄ:ÅÆÃ<Ç¢Ã�ÈË¤Ì ËZÍbÎ Ê Ã >@¹^Ïoº~»
where Ð is the numberof limbs, ÑÒ] is true if limb \ is
occludedby otherlimbs, ¯+¶�·¤· ¦ ¸ s ¡ s is theprobabilityof oc-
clusion, � is thestandarddeviationof theMahalanobisdis-
tancebetweenthe estimatedand actuallimb patterns,as-
sumedequalfor all limbs, and �C] is the learnedbasisfor
limb \ .
5.2 Temporal Model

The temporalmodel definesthe probability of observ-
ing thebody in a certainposewith a particularappearance
given its poseandappearanceat the previous time instant.
This temporalprior canhelpconstrainthedistribution over
modelparametersto regionsof theparameterspacethatare
likely to containthe solution. In this paper, we examine
two temporalmodels:a linearmodelof smoothmotionand
a model specific to walking [17]. In the smoothmotion
model,theparameters� , � , � and ( arepropagatedin time
independentof eachother:¯ 
<� ­ � � ­ EHG �±" Ó�
<� ­ IÔ� ­ EHG ��Õ ­ � (11)¯ 
<� ­ � � ­ EHG �±" Ó�
<� ­ I7� ­ EQG ��Õ�Ö3� (12)¯ 
�� ­ � � ­ EHG �±" Ó�
�� ­ I7� ­ EHG ��Õ ×r� (13)¯ 
�( ­ � ( ­ EHG �±" Ó�
�( ­ I7( ­ EHG ��Õ % � (14)

where Ó�
<Ø+���Q� is a zero-meanGaussianwith standardde-
viation � evaluatedat Ø . Õ ­ , ÕfÖ and Õ × areempirically
determinedand Õ % "pÙ�Ú where Ù is a smallnumberand Ú



arethe eigenvaluescorrespondingto the basis � . All pa-
rametersareinitiated manuallyexcept ( which is initiated
as̄ 
�(��Æ�l"�Ó�
�(��A�1Ú � .

However, in the walking model,dependenciesbetween
anglesare learnedfrom examples. A commercialmotion
capturesystemis usedto gatheranumberof examplewalk-
ing cyclesfrom different individuals. After normalization
of the walking cycleswith respectto time, eachcycle i is
representedby a vector Û h consistingof the cyclesof all
joint angles� concatenated.

The mean v Ü of the vectors Û h is computedandsub-
tractedfrom thevectors.Then,multivariateprincipalcom-
ponentanalysis[15, 21] is usedto learnabasisfor walking
cycles. The5 largesteigenmodes� Ü representing95%of
thevariancein the training setareselected.Theevolution
in time of therelative joint angles� is thendeterminedby
theeigencoefficients (A× andsomeparameterÝÞ× determin-
ing phasein thewalking cycle. In eachtime instant,� can
becomputedas �ß"à
 vfÜ �á� Ü (:×r� � ÝN×Þ� . Thus,over time,
we only needto propagate(A× and ÝN× , which have fewer
dimensionsthan � andvary in morepredictableways.

Theparametersdetermining� arepropagatedin timeas:¯ 
�( ×�â ­ � ( ×�â ­ EHG �±" Ó�
�( ×Nâ ­ I#( ×�â ­ EHG ��Õf%äã�� (15)¯ 
�Ý ×�â ­ � Ý ×�â ­ EHG �±" Ó�
<Ý ×�â ­ I7Ý ×�â ­ EHG ���råæ� (16)

where � å is empirically determinedand, in analogywithÕ % , Õ % ãß"çÙ Ü Ú Ü . The phaseparameterÝÞ× is initiated
manuallyand (A× is initiatedas̄ 
�(:×Nâ ��� "�Ó�
|(A×�â �A�1Ú Ü � .
5.3 Propagation in Time

The mappingfrom the parameters¬ of the generative
modelto the imagepositionsof the limbs is nonlinearand
thepotentiallycomplex imagestructureof humanclothing
resultsin matchingambiguities.Thus,thelikelihooddistri-
bution cannotbecomputedin closedform over theparam-
eterspace¬l­ . However, it is easyto evaluatethelikelihood
for aparticularvalueof ¬ ­ . Therefore,insteadof computing
theposteriordistribution analyticallyat eachtime step,we
choseto useasamplingtechniqueto representtheposterior
distributionandpropagateit in time [9, 17].

We representthe distribution over ¬l­ asa � samples,
where � is a largenumber(seeFigure5). For propagating
thedistribution in time, we usetheCondensation[9] algo-
rithm which is a particlefiltering technique.

At eachtime step,a new setof samplesaredrawn from
theposteriordistribution in theprevioustimestep.Thenew
distribution is propagatedin time accordingto oneof the
temporalmodelsdescribedabove. Then,the likelihoodof
eachsampleis evaluated.This givesan approximationof
thecurrentposteriordistribution.

Figure 5. Illustration 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 testtheconceptof modelingsurfacestructure
oncylindrical objects,weimplementedtheparticlefiltering
algorithmfor onearmwith a generalsmoothmotionprior,
andfor the whole body with a walking prior describedin
Section5.

6.1 Tracking of Arm

To test the performanceof the likelihoodmeasure,we
useda modelof onecylinder to track a lower arm, using
a smoothmotion prior. An arm eigenspacewas learned
from 12 differentviews of the arm,with 3 differentshirts.
The result of the tracking can be seenin Figure 6. Dis-
tortions in the actualarm patterncomparedto the trained
patternaremostly due to wrinkles on the shirt (making it
non-cylindrical).

6.2 Tracking of Walking Subject

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

¯ 
 � ­ � ¬~­Z�±" ³´	 y G ¯ ] (17)

¯ ] " µ ¯ ¶�·¤· ¦ ¸ s ¡ s >@¹oº®»G¼ `�½ �H¾ E Á Ã¨É Ê Ã Á ÃË¤Ì Ë ÍbÎ Ê Ã >@¹*Ïoº®»



Frame0 Frame10 Frame20 Frame30 Frame40

Imagewith¬ £f¡�§ q
super-
imposed

Extracted
limb pattern
for ¬ £�§Bè
Pattern
estimatev �é��( for¬ £f§Bè

Weightfor¬ £f§Bè
Figure 6. Tracking of a lower arm moving back and for th. In row 1 the image

�
is sho wn, with the

weighted mean of the posterior distrib ution ¬ £�¡¤§ q " Gêìë êhby G ¬ h ¯ 
 � � ¬ h � superimposed. Row 2 sho ws
the extracted limb pattern T for the sample ¬ £�§Bè with the largest likelihood. Row 3 sho ws the patternv �L��( for ¬ £f§Bè , while the weight image for ¬ £�§Bè is sho wn in row 4.

This meansthat we do not take the parameters(æ] into re-
gard. Instead,the likelihood ¯ ] dependson thedistanceto
the learnedmeanlimb image v ] . This is equivalentto the
useof a cylindrical template.

The limb appearanceswere learnedfrom a numberof
views of a subjectdancing,andthenusedfor trackingthe
samesubjectwalking in anothersequence,usingthewalk-
ing temporalmodel. Theheightof thefigure in theimages
is approximately50 pixels,makingtheresolutionvery low.
In Figure7 we seepartsof thesequencewith theweighted
mean¬ £f¡�§ q " Gê ë êhby G ¬ h ¯ 
 � � ¬ h � superimposed.

7 Summary and Discussion

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

latedwith imagedata,wecanconstructalinearbasisfor the
appearanceof theperson’slimbsusingweightedlinearsub-
spaceanalysis.This approachhasthe advantagethatnon-
randommissingdatais explicitly taken into accountin the
learningof thebasis.Thus,weareableto learnagenerative
modelof theappearanceof all surfacesonthefigureregard-
lessof viewing direction,in contrastto theview-dependent
approachessuchastemplatematching.

Modeling an articulatedfigure asa compositeof cylin-
ders is of courselimiting sincemost biological creatures
haveareformablestructure,andshow variability in sizeand
shape.Thisvariability overtimeandpopulationneedsto be
modeledaswell asthevariability in appearance.Insteadof
cylinderswe coulduseeigenshapes,superquadricsor other
high dimensionalstructures.However, thereis a tradeoff
betweenspatialaccuracy of the generative modelandeffi-
ciency in thefiltering algorithm. Whenpossible,a 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 subspaceto model the
appearanceof humansis that thepatternsof moderncloth-
ing vary in complex ways. Animals, however, often show
characteristicpatternsspecificto thespecies.Given3D mo-
tion capturedatafor severalindividualsof a species,a gen-
erativeappearancemodelcouldbelearnedfor thatspecies.
Reliabletrackingof animalshasseveral interestingappli-
cations,suchasbehavior analysis. To representthe com-
plexity of humanclothing will requiremoresophisticated,
non-linear, generativetexturemodels.

This work representsa preliminarysteptowardsbuild-
ing generative modelsof humanappearance.Suchmodels
mayhave applicationsin trackingasshown hereaswell as
in computergraphics.A greatdealremainsto bedonehow-
ever to constructrepresentationsandlearningmethodsfor
morecomplex imagetextures. In our currentwork we are
extendingthe Bayesiantrackingframework with morere-
alistic likelihoodmodels,bettertemporalmodelsof human
motion,theincorporationof additionalimagecues,andre-
finementsto thetrackingalgorithm.
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