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ABSTRACT

We presentan approachto tracking humanactivities in a
monocularvideo. We model the humanbody by decom-
posingit into torsoandlimbs andusesimple3D shapesto
approximatethem. The limb motionsareparametrizedby
the relative joint angles.The problemsof motion tracking
andestimationareposedasnonlinearstateestimationprob-
lems.Themeasurementsarecomputedusingtheoutputsof
3D shape-encodedfilters which extract the boundarygra-
dient informationof the body image. The uncertaintiesof
body posearepropagatedby a branchingparticlesystem.
We first samplea setof particlesapproximatingthe initial
distributionof thestatevectorconditionedon observations,
whereeachparticleencodesthe body pose. The posterior
densityis realizedby the weightof the particle,wherethe
weightrepresentsgeometricandtemporalfit, andcomputed
bottom-upfrom theraw imageusingashape-encodedfilter.
The particlesbranchso that the meannumberof offspring
is proportionalto theweight.Applicationsto bothsynthetic
andrealvideosequencesshow theeffectivenessof this ap-
proach.

1. INTRODUCTION

Thetaskof trackingandestimatinghumanbodymotionhas
many usefulapplicationsincludinghuman-computerinter-
action,surveillance,andvideoannotation.Therearemany
hurdlesin achieving reliableestimationof humanmotion.
Someof themostchallengingonesarethecomplexity and
variability of theappearanceof thehumanbody, thenonlin-
earnatureof humanmotion,anda lack of sufficient image
cuesabout3D bodypose,includingself-occlusion.

We handlethefirst problemby approximatingthebody
partsusingsimplegeometricsolids. A humanbodycanbe
decomposedinto approximateshapessuchasan ellipsoid
for theheadandtruncatedconesfor the limbs. This global
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3D representationprovidestheability to representmostas-
pectsof body poseand limb movements,and to estimate
3D motion. The imageprojectionsof the 3D shapescon-
stitutingthebodymodelareusedto extract intensitygradi-
ent informationfrom realbodyimages.Usingobjectshape
informationfor trackingis useful,sinceit is difficult to ex-
tractreliablelocal featuresfor trackingandmotioncompu-
tation. For humanactivities, local featuresarepoorly de-
fined,noisy, andoftennot reliablefor establishingtemporal
correspondences.

We perform tracking using an optimal shapeoperator
which wasintroducedin [10]. The responsesof an image
frameto a setof shapefilters having certainrangesof ge-
ometricparametersareusedasobservationsin a nonlinear
statespaceformulationto guide the trackingandestimate
the motion. The magnitudesof the responsesareaccurate
androbust to noise,so that they achieve reliableestimates
of geometricparameters(location, orientation,size, etc.),
andprovide a strongtemporalcorrespondencefor tracking
the object in subsequentframes. We cancomputethe op-
eratorsfor tracking the body parts,given the hypothetical
poseof the body, by using the inversecameraprojection.
This approachof tracking3D objectsusingshape-encoded
particlepropagationwasintroducedin [11]; this work is an
extensionto theproblemof humanbodytracking.

Sincetheobservationis asetof responsesobtainedfrom
shapefilters, the functionalrelationbetweenthegeometric
parameterspaceand the imagespacemakes the observa-
tion processhighly nonlinear, or evennonanalytic.Thereis
a generalizationof the Kalmanfilter to the nonlinearcase,
by Duncan,Mortensen,andZakai [15]. They derived an
equationwhich incorporatesbothdynamicandobservation
equations,and which, if solved, gives the temporalprop-
agationof the probability of the statesconditionedon the
observations. In [7] a set of wavelet filters is usedas a
measurement,andthey utilized a mixtureof analyticaland
numericalmethodsto computethe solution. We employ a
branchingparticle method; the systemof particleswhich
mimicstheconditionaldensityof statesis found[4] to con-
verge to the target distribution. This approachis one of
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Fig. 1. Shapeandkinematicmodelof a humanbody: Thehumanbodyis decomposedinto truncatedconesandellipsoids,andthe joint
motionis representedusingrotationof thelocal coordinatesystem

many recentattempts[6] [8] [9] [13] to applyMonteCarlo
simulationto tracking and motion computationproblems.
While theseresamplingmethodscanbeflexibly formulated
in a Bayesianframework, thesolutionusingthebranching
particlemethodhasa stronganalyticalfoundationbasedon
theZakaiequation,from which theexpressionfor comput-
ing theweightsfollows directly. Shapefiltering viewedas
a measurementprocessis alsoelegantly incorporatedinto
thenonlinearfiltering framework, which contributesto the
accuratecomputationof the weights. The methodof esti-
matingthenumberof offspringusingrandomizedsampling
is also designedto be optimal, while the total numberof
samplesis fixedin resamplingapproaches.

Many publicationshave dealt with tracking and esti-
mating humanmotion. [12] useda 2D body model and
color blob statisticsto recognizehumanactivities. [2] de-
signedamulti-level hierarchyconsistingof lower-level gra-
dient/colorinformationgrouping,amid-level lineardynamic
motionmodel,andhigh-level recognitionof movementsus-
ing an HMM framework, and applied it to gait recogni-
tion. [5] usedparticle filtering on a 3D articulatedbody
model to overcomethe problemof motion singularityand
the multi-modalnatureof tracking,and [6] dealtwith the
high dimensionalityof particlefiltering by usingannealed
filtering. [3] also employed a 3D model and usedprior
knowledgeabouthumanwalking to register the observed
side-view walking sequence.[14] presenteda comprehen-
siveapproachwhichcombinesintensitychanges,a3D body
model, and prior temporal information using a Bayesian
framework andsolvedit by usingparticlefiltering.

2. 3D MODEL OF THE BODY

As shown in Figure1(a), we decomposethe humanbody
into truncatedconesandellipsoids.Thebodypartsareor-
ganizedasa treewith anorderedchainstructureto provide
thekinematicmodelof the limbs (Figure1(b)). Thecross-
sectionof eachconeis elliptical sothat it canapproximate
torsoandlimb shapesmoreclosely. Thesegeometricsolids
arerepresentedusingquadraticequations,andcorrespond-
ingly facilitatethecomputationof shapeoperators.Themo-
tionsof thelimbsaretherotationsat thejoints,andarerep-
resentedusingtherelativerotationbetweenlocalcoordinate
systems(Figure1(c)). Thelocal coordinatesystemis fixed
at thejoint thatthepartshareswith its parentpart.Eachaxis
is determinedsothatthe � axisis alongthelengthdirection
(to the next joint) andthe � axis is in the directiontoward
which the body is facing. For example,the joint which is
thereferencepoint ����� of thesecondpartin Figure1(d)has
the local coordinates�������
	��
��������������� whenthe body is
in anuprightstandingpose.The(global)coordinateof the
tip of the secondpart after the rotations ��������	������ and��� �!��	��"�#� is givenby�$�%�!�"&(')�*�(+�	������,'-���.+/�������
Therotation �0�1��2�� 34� 5 is thecombinationof thethree
rotations��36�!��37	8�"34�9�:� 5*�;� 5<	8�#5$�/����2��=� 2�	��"2#� around
eachaxis,with rotationangles	�� 3 ��� 5 �>� 2 � .

3. SHAPE AND MEASUREMENTS

In thegeneralcontext of objectrecognitionor tracking,the
outline of an objectgivesa compactrepresentationof the
appearanceof the object, which gives cluesfor detection



andrecognitionwhich arealmostinvariantto imagingcon-
ditions except for cameraparameters.As we have a geo-
metric model,alongwith a kinematicstructureof the hu-
man body and its motion, we can manipulateit to fit the
bodyimagein thevideousingany predictionmethod(e.g.,
a Kalmanfilter). Themodelandthesceneareusuallycom-
paredusingedgefeatures.

Wemakeuseof anapproximateshapemodel,andof the
boundarygradientinformationextractedusingthis model,
for tracking and motion estimation. Given the predicted
size,position,andposeof the torsoandlimbs, the projec-
tion of the model is comparedto the imageusing the set
of shapefilters. Using the optimal shapedetectionandlo-
calizationtechniquederivedin [10], theaccurateresponses
of theshapeoperatorsprovide the tracker with anaccurate
geometricalfit of themodelto thedata,andastrongtempo-
ral correspondencebetweenframes. The detectionperfor-
manceis equivalent to the accuracy of the filter response,
while the localizationperformanceis closelyrelatedto the
recognition/discriminationof shapes.

In [10], theoptimalone-dimensionalsmoothingopera-
tor, designedto minimizethesumof noiseresponsepower
andthestepedgeresponseerror, wasshown to be ?�@A	�B>�%��@�C/D<E 	GF6H B�H I"JK� . Thenthe shapeoperatorfor a givenshape
region L is definedbyM 	 x �N�O?<P@ 	��>	 x �>�
wherethe level function � measuresthe distancefrom the
boundarycontour.

The responseof the local image Q of an object to the
operator

M R having geometricconfigurationS isT R � U M R 	 u �>Q�	 u �>V u
If weassumethattheimageis corruptedby noise�N	�B>� , then
theobservation � R is givenby� R � U M R 	 u ��Q4	 u �>V u ' U M R 	 u �>Q�	 u �GV u � T R 'XW�
where W� is thenoiseresponse.Sincewesampletheobserva-
tions � R over thecourseof time,we denotetheobservation
processby Y[Z � � RZ � U

Z
& M 	�\^]9�GV�Q_')`

Z
We canassumewithout lossof generalitythat theobserva-
tion noiseis a standardBrownianmotion ` Z .
4. THE ZAKAI EQUATION AND THE BRANCHING

PARTICLE METHOD

4.1. The Zakai equation

We starttheformulationin a moregeneralcontext to intro-
ducetheZakaiequationandthebranchingparticlemethod.

The statevector \ Z representingthe geometricparameters
of anobjectis governedby theequationV4\ Z �;ab	�\ Z �GV4Bc'-Jd	8\ Z �>V�e Z
Here e Z is a Brownianmotion,and Jf�gJd	8\ Z � modelsthe
statenoisestructure.

The trackingproblemis solved if we cancomputethe
stateupdates,giveninformationfrom theobservations.We
areinterestedin estimatingsomestatistic h of thestates,of
theform i Z 	jhk�.l�=m^n ho	�\ Z ��H prqs�
given the observationhistory p Z . Zakai et al. have shown
that the unnormalizedconditionaldensity t Z 	�hA� satisfiesa
partialdifferentialequation,usuallycalledtheZakaiequa-
tion: Vut Z 	�hA�,�-t Z 	8v�hA�GV4B�'ft Z 	 Mkw hA�GV Y Z
Here v is a differentialoperatorinvolving thestatedynam-
ics a andthestatenoisestructureJd	8\ Z � and V�e Z .
4.2. The branching particle algorithm

It is known in nonlinearfiltering theory[1] that theunnor-
malizedoptimalfilter t Z 	�hA� is givenbyWmyx8ho	�\ Z � C/D<E=z U

Z
& Mkw 	�\^]9�GV

Y 3*F0{| U
Z
& Mkw 	�\^]/� M 	8\}]��GV�Q�~����� p

Zj�
We constructa sequenceof branchingparticlesystems�N�
asin [4], which canbeprovedto approachthesolution t Z :����� ���6�O�N��	�B>�,��t Z .

Let �"�N��	�B>�9��� Z�� ����B � {$� bea sequenceof branch-
ingparticlesystemson 	�������� W� � , thestandardmeasurespace
on thestatespace.

Initial condition
0. � � 	�B>� is theempiricalmeasureof � particlesof mass�� , i.e., � � 	�B>��� ��6� ���� �A� 3��� , where � �� � m , for every¡ �d� ��¢ .
Evolution in theinterval n �� � ���£�� q , ¡ �!�7� { �u¤�¤�¤��>��F {
1. At time

�� , the processconsistsof the occupation
measureof ¥���	 �� � particlesof mass �� ( ¥���	8B>� denotesthe
numberof particlesaliveat time B ).

2. During theinterval, theparticlesmoveindependently
with thesamelaw asthesignal \ . Let `�	�Q#� , Q � n �� � ��$£o� �
bethetrajectoryof agenericparticleduringthis interval.

3. At Br� ��$£�� , eachparticlebranchesinto S �� particles
with amechanismdependingonits trajectoryin theinterval.
The meannumberof offspring for a particlegiven the J -
field � ��¦�§�©¨ �ªJd	��%]"�6Q�« � £o�� � of eventsup to time

� £���
ism^	8S �� �,� C/D<E�z U MAw 	�`^	8B>�>�>V Y[Z F0{| U MkwuM 	j`^	8B>�>�GV4B¬~



Fig. 2. Trackingresult:(a) Syntheticwalking sequenceandtrackedlimb motion(b) Treadmillwalking sequenceandtrackedmotion

sothat thevariance­ �� 	j`6� is minimal. Theintegrationsare
on theinterval n �� � ��$£�� q .

5. EXPERIMENTS AND FUTURE WORK

Experimentsonsyntheticandrealdatagaveagoodtracking
resultasshown in Figure2. The numberof particlesused
in theseexperimentsis usually between300 and500. In
real video sequences,we found that the tracker is greatly
affectedby the interferencesfrom (partial) self-occlusion
andbackgroundclutter. We planto incorporateappearance
informationto complementtheboundarygradientinforma-
tion for morestabletracking.
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