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ABSTRACT

We presentan approachto tracking humanactiities in a
monocularvideo. We modelthe humanbody by decom-
posingit into torsoandlimbs andusesimple 3D shapego
approximatehem. The limb motionsare parametrizedy
the relative joint angles. The problemsof motion tracking
andestimatiorareposedasnonlinearstateestimatiorprob-
lems. Themeasurement@recomputedusingthe outputsof
3D shape-encodefilters which extract the boundarygra-
dientinformation of the body image. The uncertaintiesof
body poseare propagatedy a branchingparticle system.
We first samplea setof particlesapproximatingthe initial
distribution of the statevectorconditionedon obsenations,
whereeachparticle encodeghe body pose. The posterior
densityis realizedby the weight of the particle,wherethe
weightrepresentgeometricandtemporafit, andcomputed
bottom-upfrom theraw imageusinga shape-encoddilter.
The particlesbranchso that the meannumberof offspring
is proportionalto theweight. Applicationsto bothsynthetic
andrealvideo sequenceshaw the effectivenessf this ap-
proach.

1. INTRODUCTION

Thetaskof trackingandestimatinghumanbodymotionhas
mary usefulapplicationgncluding human-computeinter-
action,surwillance,andvideo annotation.Therearemary
hurdlesin achieving reliable estimationof humanmotion.
Someof the mostchallengingonesarethe compleity and
variability of theappearancef thehumanbody, thenonlin-
earnatureof humanmotion, anda lack of suficientimage
cuesabout3D body pose,includingself-occlusion.

We handlethe first problemby approximatinghe body
partsusingsimplegeometricsolids. A humanbody canbe
decomposednto approximateshapessuchasan ellipsoid
for the headandtruncatedconesfor thelimbs. This global
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3D representatioprovidesthe ability to representnostas-
pectsof body poseand limb movements,andto estimate
3D motion. The imageprojectionsof the 3D shapeson-
stitutingthe body modelareusedto extractintensitygradi-
entinformationfrom realbodyimages.Using objectshape
informationfor trackingis useful,sinceit is difficult to ex-
tractreliablelocal featuresfor trackingandmotion compu-
tation. For humanactiities, local featuresare poorly de-
fined, noisy, andoftennotreliablefor establishingemporal
correspondences.

We perform tracking using an optimal shapeoperator
which wasintroducedin [10]. The responsesf animage
frameto a setof shapéfilters having certainrangesof ge-
ometricparametersre usedas obsenationsin a nonlinear
statespaceformulationto guide the tracking and estimate
the motion. The magnitudesf the responsesireaccurate
androbustto noise,sothatthey achieve reliable estimates
of geometricparameterglocation, orientation,size, etc.),
andprovide a strongtemporalcorrespondenctor tracking
the objectin subsequenframes. We cancomputethe op-
eratorsfor tracking the body parts, given the hypothetical
poseof the body; by usingthe inversecameraprojection.
This approachof tracking3D objectsusingshape-encoded
particlepropagatiorwasintroducedn [11]; thiswork is an
extensionto the problemof humanbodytracking.

Sincetheobsenationis asetof responsesbtainedrom
shapdfilters, the functionalrelationbetweerthe geometric
parameterispaceand the image spacemalkes the obsena-
tion processhighly nonlinear or evennonanalytic.Thereis
a generalizatiorof the Kalmanfilter to the nonlinearcase,
by Duncan,Mortensen,and Zakai [15]. They derived an
equationwhich incorporate$oth dynamicandobsenation
equations,and which, if solved, givesthe temporalprop-
agationof the probability of the statesconditionedon the
obsenations. In [7] a setof wavelet filters is usedas a
measuremengndthey utilized a mixture of analyticaland
numericalmethodsto computethe solution. We employ a
branchingparticle method; the systemof particleswhich
mimicsthe conditionaldensityof statess found[4] to con-
verge to the target distribution. This approachis one of
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Fig. 1. Shapeandkinematicmodelof a humanbody: The humanbodyis decomposedhto truncatedconesandellipsoids,andthe joint

motionis representedsingrotationof thelocal coordinatesystem

mary recentattemptg6] [8] [9] [13] to apply Monte Carlo
simulationto tracking and motion computationproblems.
While theseresamplingnethodscanbeflexibly formulated
in a Bayesianframawork, the solutionusingthe branching
particlemethodhasa stronganalyticalfoundationbasecdn

the Zakaiequationfrom which the expressiorfor comput-
ing the weightsfollows directly. Shapéfiltering viewed as
a measuremenprocesss also elegantly incorporatednto

the nonlinearfiltering frameawork, which contritutesto the
accuratecomputationof the weights. The methodof esti-
matingthe numberof offspringusingrandomizedsampling
is alsodesignedto be optimal, while the total numberof

sampless fixedin resamplingapproaches.

Many publicationshave dealt with tracking and esti-
mating humanmotion. [12] useda 2D body model and
color blob statisticsto recognizehumanactuities. [2] de-
signeda multi-level hierarchyconsistingof lower-level gra-
dient/colorinformationgrouping,amid-level lineardynamic
motionmodel,andhigh-level recognitionof movementsis-
ing an HMM framework, and appliedit to gait recogni-
tion. [5] usedparticle filtering on a 3D articulatedbody
modelto overcomethe problemof motion singularityand
the multi-modal natureof tracking,and[6] dealtwith the
high dimensionalityof particlefiltering by usingannealed
filtering. [3] also employed a 3D model and usedprior
knowledge abouthumanwalking to register the obsened
side-viev walking sequence[14] presentec comprehen-
sive approactwhich combinesntensitychangesa 3D body
model, and prior temporalinformation using a Bayesian
frameavork andsolvedit by usingparticlefiltering.

2. 3D MODEL OF THE BODY

As shawn in Figure 1(a), we decomposdhe humanbody
into truncatedconesandellipsoids. The body partsareor-
ganizedasatreewith anorderedchainstructureto provide
thekinematicmodelof the limbs (Figure 1(b)). The cross-
sectionof eachconeis elliptical sothatit canapproximate
torsoandlimb shapesnoreclosely Thesegeometricsolids
arerepresentedsingquadraticequationsandcorrespond-
ingly facilitatethecomputatiorof shapeoperatorsThemo-
tionsof thelimbs aretherotationsatthejoints, andarerep-
resentedisingtherelativerotationbetweerlocal coordinate
systemgqFigure1(c)). Thelocal coordinatesystemis fixed
atthejoint thatthe partshareith its parentpart. Eachaxis
is determinedsothatthey axisis alongthelengthdirection
(to the next joint) andthe z axisis in the directiontoward
which the body is facing. For example,the joint which is
thereferencepointv0; of thesecondartin Figurel(d) has
the local coordinatex0; = (0,len;,0) whenthe body is
in anupright standingpose. The (global) coordinateof the
tip of the secondpart after the rotationsR; = R(f:) and
R> = R(6-) is givenby

vy = vg + Ry - (’1)01 + Rs "1)02)
TherotationR = R. R, R, is thecombinationof thethree

rotationsR, = R, (6,), R, = Ry(0,), R. = R.(6.) around
eachaxis, with rotationangles(6,, 6,,0.).

3. SHAPE AND MEASUREMENTS

In the generakontext of objectrecognitionor tracking,the
outline of an objectgivesa compactrepresentatiorf the
appearancef the object, which gives cluesfor detection



andrecognitionwhich arealmostinvariantto imagingcon-
ditions exceptfor 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 thevideousingary predictionmethod(e.qg.,
a Kalmanfilter). Themodelandthe sceneareusuallycom-
paredusingedgefeatures.

We make useof anapproximateshapanodel,andof the
boundarygradientinformation extractedusing this model,
for tracking and motion estimation. Given the predicted
size,position,and poseof the torsoandlimbs, the projec-
tion of the modelis comparedto the image using the set
of shapdfilters. Usingthe optimal shapedetectionandlo-
calizationtechniquederivedin [10], the accurateesponses
of the shapeoperatorgprovide the tracker with anaccurate
geometricafit of themodelto the data,anda strongtempo-
ral correspondencbetweenframes. The detectionperfor
manceis equivalentto the accurag of the filter response,
while the localizationperformancas closelyrelatedto the
recognition/discriminatiof shapes.

In [10], the optimal one-dimensionatmoothingopera-
tor, designedo minimize the sumof noiseresponsgower
andthe stepedgeresponserror, wasshavn to be g, (t) =
1 exp(—|t|/o). Thenthe shapeoperatorfor a givenshape
region D is definedby

h(x) = g, (1(x))
wherethe level function! measureghe distancefrom the
boundarycontour
The responseof the local images of an objectto the
operatorh, having geometricconfiguratiory is

= / e (U)s(u)du

If we assumehattheimageis corruptedoy noisen(t), then
the obsenationy?® is givenby

y—/hg du+/h§

wherer is thenoiseresponseSincewe sampleheobsena-
tionsy¢ over the courseof time, we denotethe obsenation
procesdy

u=r5—|—ﬁ

t
Y =y = / h(X,)ds + V;
0
We canassumaewithout lossof generalitythatthe obsena-

tion noiseis a standardBrownianmotion V.

4. THE ZAKAI EQUATION AND THE BRANCHING
PARTICLE METHOD

4.1. TheZakai equation

We startthe formulationin a moregeneralkontext to intro-
ducethe Zakaiequationandthe branchingparticlemethod.

The statevector X; representinghe geometricparameters
of anobijectis governedby theequation

dXt = f(Xt)dt + O'(Xt)th

HereW, is a Brownianmotion,ande = ¢(X;) modelsthe
statenoisestructure.

The tracking problemis solved if we cancomputethe
stateupdatesgiveninformationfrom the obsenations.We
areinterestedn estimatingsomestatistic¢ of the statesof
theform

() 2 E[p(X,)|V],

giventhe obsenation history );. Zakaiet al. have showvn

that the unnormalizedconditionaldensityp; (¢) satisfiesa
partial differentialequation,usually calledthe Zakai equa-
tion:

dpi(¢) = pi(Ad)dt + pi(h* p)dY;

Here A is a differentialoperatoiinvolving the statedynam-
ics f andthe statenoisestructures (X;) anddW;.

4.2. Thebranching particle algorithm

It is known in nonlinearfiltering theory[1] thatthe unnor
malizedoptimalfilter p;(¢) is givenby

B [¢<Xt) exp ( /0 B (XY, - : /0 i (Xs)h(Xs)ds)

We constructa sequencef branchingparticle systemd/,,
asin [4], which canbe provedto approactthe solutionp,:
limy 00 Up (t) = Pt-

Let {U,(t), F; 0 <t < 1} beasequencef branch-
ing particlesystem®n (Q, F, 15), thestandardneasurepace
onthestatespace.

Initial condition

0. U, (t) is theempiricalmeasuref n particlesof mass
L ie,Un(t) = 137, 6,n, wherez? € E, for every
i, n € N.

Evolutionin themterval [£, n+1] =0,1,....,n—1

1. At time -, the processcon5|stsof the occupation
measureof m,, (- ) particlesof massi (my,(t) denoteghe
numberof partlclesallve attimet).

2. Duringtheintenval, the particlesmove independently
with thesamelaw asthesignalX. Let V(s), s € [£, n+1)
bethetrajectoryof agenericparticleduringthisinterval.

3. Att = 15, eachparticlebranchesnto & particles
with amechanisndependingnits trajectoryin theinterval.
The meannumberof offspring for a particle given the o-
field Finn_ = o(Fs, s < =) of eventsup to time Z£L

is
E(&) —eXp</h* dYt——/h* )

:
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Fig. 2. Trackingresult: (a) Syntheticwalking sequencandtracked limb motion (b) Treadmillwalking sequencendtracked motion

sothatthevariancev{ (V) is minimal. Theintegrationsare

ontheinterval [£, i1,

5. EXPERIMENTSAND FUTURE WORK

Experiment®on syntheticandrealdatagave agoodtracking
resultasshaown in Figure2. The numberof particlesused
in theseexperimentsis usually between300 and 500. In
real video sequencesye found that the tracker is greatly
affected by the interferencedrom (partial) self-occlusion
andbackgrounctlutter. We planto incorporateappearance
informationto complementhe boundarygradientinforma-
tion for morestabletracking.
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