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Abstract

We presenta compehensivetreatmentof 3D object
tracking by posingit asa nonlinearstateestimationprob-
lem. The measuementsare derived using the outputsof
shape-encodefilters. The nonlinear state estimationis
performedby solving the Zakai equation,and we usethe
branding particle propagation methodfor computingthe
solution. Theunnormalizectonditionaldensityfor the so-
lution to the Zakai equationis realizedby the weightof the
particle. We first samplea setof particles approximating
theinitial distribution of thestatevectorconditionedonthe
observationswhere ead particle encodeghe setof geo-
metric parametes of the object. Theweightof the particle
representsgeometricand tempoal fit, which is computed
bottom-upfromtherawimage usinga shape-encodeifilter.
Theparticlesbranch sothatthemeamumberof offspringis
proportional to the weight. Time updateis handledby em-
ployinga second-oder motionmodel,combinedwith local
stodasticsearch to minimizethe predictionerror. Thepre-
dictionadjustmensuggestedy systenidentificationtheory
is empirically verifiedto contributeto global stability. The
amountof diffusionis effectivelyadjustedusinga Kalman
updating of the covariance matrix. We have successfully
appliedthis methodo humanheadtrading, where weesti-
mateheadmotionand computestructure usingsimplehead
andfacial featue models.

1 Intr oduction

Using object shapeinformation for tracking is useful
whenit is difficult to extract reliable featuresfor tracking
and motion computation. In mary cases,an objectin a
video sequenceonstitutesa perceptualunit which canbe
approximatedy a limited setof shapes Many man-made
objectsprovide examples. A humanbody canalsobe de-
composednto approximateshapesuchasan ellipsoid for
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the headandtruncatedconesfor the limbs. For trackingor
motion computationof humanactities, local featuresare
noisy and often not reliable for establishingemporalcor-
respondencesShapeconstraintsalso provide strongclues
aboutobjectgeometrywhile the objectis moving. ‘Shape’
in this context refersto the imageplaneprojectionof the
object,which canbeapproximatedy simplefigures.

We perform detectionand tracking of shapeausingan
optimal shapeoperatorwhich wasintroducedin [16]. The
response®f animageframeto a setof shapefilters hav-
ing certainrangesof geometricparametersire usedasob-
senationsin a nonlinearstatespaceformulation,to guide
objecttracking and estimatethe motion. The magnitudes
of the responsesre accurateand robust to noise, so that
they achievereliableestimate®f geometrigparameterglo-
cation,orientation size),andprovide a strongtemporalcor-
respondencéor trackingthe objectin subsequerframes.

Many motion problems have been treated as poste-
rior stateestimationproblems,and typically solved using
Kalman or extendedKalman filters (EKF) [1][4]. Since,
in our approachthe obsenationis a setof responsesb-
tainedfrom shapdilters, thefunctionalrelationbetweerthe
geometricparametespaceandtheimagespacemakesthe
obsenation processhighly nonlinear or even nonanalytic.
Thereis a generalizatiorof the Kalmanfilter to the nonlin-
earcase by Duncan,MortensenandZakai[18]. They de-
rivedanequatiorwhich incorporatedothdynamicandob-
senationequationsandwhich, if solved, givesthetempo-
ral propagatiorof the probability of the statesconditioned
ontheobsenations.

Recently the applicationof Monte Carlo simulationto
tracking and motion computationproblemshas become
popular Mainly dueto advancesn computingpower, appli-
cationsto the stateestimationproblem[11] [14] have been
proposedn the statisticscommunity [10] introducesthe
Condensatioralgorithmfor tracking,and[7] and[17] fur-
therrefinethemethodby usingalayeredsamplingfor accu-
rateobjectlocalizationandeffective searchor the statepa-
rameters[12] usesheframavork of Sequentialmportance
Sampling[14] to solve the problemof simultaneouwbject



trackingandverification.In the proposednethod shapsfil-
tering,viewedasa measuremerprocesss elegantlyincor-
poratedinto the nonlinearfiltering framework, which con-
tributesto the accuratecomputatiorof the weight. The so-
lution usingthebranchingparticlemethodhasa strongana-
lytical foundationbasecdbn the Zakaiequationfrom which
the expressionfor computingthe weightsfollows directly.
The expressiorof theunnormalizedconditionaldensityfor
computingweightsinvolvesboth geometricfit of the data
andtempoal coheenceof the motion, and the shapefil-
teris designedo achiere accurag with respecto bothcri-
teria. The methodof estimatingthe numberof offspring
usingrandomizedsamplingis alsodesignedo be optimal,
while thetotalnumberof sampless fixedin resamplingap-
proaches.The often ngglectedproblemof determiningthe
time updates handledhicelyin theproposednethodusing
theKalmanfilter equation.

A recentpaper[9] hasintroducedthe Zakai equation
to imageanalysisproblems. Our approachresembleghis
work; shapefilters are usedin our work, just as wavelet
filters areusedin [9]. They utilized a mixture of analyti-
cal/numericamethodgo computethe solution. We employ
a branchingparticlemethod;the systemof particleswhich
mimicstheconditionaldensityof statess found[6] to con-
vergeto thetargetdistribution.

After branching,the particlesshouldfollow the system
dynamicsandrandomperturbation.As we cannotassume
ary particularmotion modelin mostapplicationswe em-
ploy crudesecond-ordemotion prediction. The prediction
is modifiedby a randomsearchto minimize the prediction
error. This stepis suggestetby systemidentificationtheory
[15], andthe benefitis empirically verified. The amount
of randomdiffusion — formally, the stateerror— hasto
be determinedwhich we found to be very crucial for sta-
ble tracking. The stateerror covariancematrix is computed
by subtractingthe prior covariancematrix from the poste-
rior covariancematrix, accordingto the Kalmanfilter time
updateequations We foundthatthe computedcovariances
adaptto the motion, and usually are very small; neverthe-
less,this methodof computingthe diffusion shows notice-
ableimprovementsn trackingandposeestimation.

We have appliedthis methodof shapetracking to the
problemof humanheadtrackingin a monocularvideo se-
guence Theheads modeledasanellipsoid,andthemotion
of the headasrotationcombinedwith translation having a
total of six degreesof freedom.Facialfeaturesareapproxi-
matedassimplegeometriccurves;we cancomputethe op-
eratordfor trackingthefeatureggiventhe hypotheticapose
of the headandthe positionsand sizesof the features by
usingtheinversecamergprojection.Experimentshaow that
the particlesareableto track andestimatethe headmotion
accuratelyThealgorithmalsoestimateshe size,pose,and
location(up to scale)of theellipsoid simultaneously

2 Shapeand measuements

In the generalcontext of objectrecognitionor tracking,
the outline of an objectgivesa compactrepresentatiof
theappearancef the object,whereasolor or textureinfor-
mationis usuallyhighly variablewith differentobjectcon-
figurationsorimagingenvironments.Theboundarycontour
of anobjectgivescluesfor detection/recognitiowhich are
almostinvariantto imagingconditionsexceptfor the cam-
eraparameters.

Methodsfor appearance-basedacking using a linear
subspaceepresentatiof3] or anobjecttemplate[13] have
beenconsidered.While thesemethodsuseholistic repre-
sentation®f objectintensitystructure which canbe effec-
tively usedto recognizeor classify objectsin video, they
haveaverylimited ability to represenandcomputechanges
in objectpose.Neverthelessthe useof a globalobjectrep-
resentatiorhasthe advantagethatit helpsto maintainthe
temporalcorrespondencef features. The point setbased
approachis flexible, simple,and elegantin termsof alge-
braicmanipulationput it is hardto reliably extractandcor-
respondpointfeaturesn real-world videos.

Whenwe have ageometrianodelof the shapeof asolid
object,or a kinematicand shapemodelof a structuredob-
ject (e.g.,the humanbody), we canmanipulatet to fit the
motionof themodelto anobjectin thevideousingary pre-
diction method(e.g.,a Kalmanfilter). The modelandthe
sceneare usuallycomparedusing edgefeatures.[8] deals
with theproblemof trackingobjectswith known 3D shapes.
Shapeconstraintgrovide more informationaboutthe ob-
ject configurationor theimagingconditionsthanpoint fea-
tures; the deformationof shapesunderchangesn object
poseor camergrarameterge.g.,focal length)providesbet-
ter cluesabouttheseparameterswhile points (e.g., end-
points, vertices,junctions),being subsetof shapespften
cannot.We have obsenedthatshapeconstraintseffectively
stabilize tracking when the pose parametersleviate from
theirrealvaluesafterarapidmotion.

We make useof an approximateshapemodelof an ob-
ject, andof boundarygradientinformationextractedusing
this model, for trackingand motion estimation. Given the
predictedobjectsize, position,and pose,the projectionof
the model objectis comparedto the image using the set
of shapéfilters. Usingthe optimal shapedetectionandlo-
calizationtechniquederivedin [16], theaccurateesponses
of the shapeoperatorgprovide the tracker with anaccurate
geometricalfit of the modelto data,and a strongtempo-
ral correspondencbetweenframes. The detectionperfor
manceis equivalentto the accuray of the filter response,
while the localizationperformancas closelyrelatedto the
recognition/discriminatiorof shapes.In [16], the optimal
one-dimensionamoothingoperatoydesignedo minimize
thesumof noiserespons@owerandthestepedgeresponse



Figure 1. Shape filter: The shape is matched
to a circular arc to detect the the eye outline ,
and the cross-section is designed to detect
the intensity change along the boundar vy.

error, wasshawn to be g, (t) = L exp(—|t|/o). Thenthe
shapeoperatorfor a given shaperegion D with boundary
contourC' is definedby

h(x) = g, (1(x))

where [ is the distance function from C: I(x) =
+minzee || X — z ||, wherethe sign differs betweenthe
insideandthe outsideof C. Figure 1 shows a shapeoper
atorfor a circular arcfeature,matchedo aneye outline or
eyebrawv in the headtrackingproblem.

The responseof the local image s of an objectto the
operatorh, having geometricconfiguratiore is

ré = /hE(U)S(U)dU

If we assuméhattheimageis corruptedby noisen(t), then
the obsenationy?® is givenby

yE = /hg(U)s(u)du +/h§(u)n(u)du R

wheren is thenoiseresponseSincewe sampleheobsena-
tionsy¢ overthe courseof time, we denotethe obsenation
processdy

t
Y, =yt =/ h(X,)ds +V;
0

We canassumaewithout lossof generalitythatthe obsena-
tion noiseis a standardBrownianmotion V4.

While the proposedmethodbelongsto the family of
feature-basedhotion computatiormethodsijn thatit relies
on boundarygradientinformation, we do not usedetected
features.The gradientinformationis computedbottom-up
from the raw intensity map using the shapefilters. The
boundangradientinformationis retainedor computingthe

fit to the modelshape If we try to extractgradientfeatures
usingedgedetection,someof the boundaryedgeinforma-
tion maybe misseddueto thresholding.Somework makes
useof waveletbaseg5] or blobs. While the setof basisfil-
tersusedto approximatehe intensitysignatureof thefea-
turescangive moreflexibility in algebraicmanipulation,a
smallnumberof basisfilters cannotprovide a closeapprox-
imation to objectshape.lt is alsohardto achiese a global
descriptionof anobjectshape.

3 The Zakai equationand the branching par-
ticle method

3.1 The Zakai equation

We start the formulationin a more generalcontext to
introduce the Zakai equationand the branchingparticle
method.The statevector X; representinghegeometricpa-
rameterf anobjectis governedby theequation

dX, = f(X,)dt + o(Xy)dW;

HereW, is aBrownianmotion,ande = o(X;) modelsthe
statenoisestructure.

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

() 2 E$(X,)|Vi]

giventhe obsenationhistory ), upto t. Zakaietal. have
shown thatthe unnormalizecconditionaldensityp, (¢) sat-
isfiesa partialdifferentialequationusuallycalledthe Zakai
equation:

dpi(¢) = pi(Ap)dt + pi(h*p)dY;

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

3.2 The branching particle algorithm

It is known in nonlinearfiltering theory[2] thatthe un-
normalizedoptimalfilter p;(¢) is givenby

b5 [¢(Xt)exp ( /0 B (XY, — % /0 t h*(Xs)h(Xs)ds> ‘yt}

wheretheexpectatioris takenwith respecto themeasure®
which makesY; a Brownianmotion (cf. [2]). Keepingthis
in mind, we will constructa sequencef branchingparticle
systemdJ,, asin [6] which canbe provedto approacithe
solutionp,: lim, o Un(t) = p;.



Let{U,(t), F:; 0 <t <1} beasequencefbranching
particlesystemsn (Q, F, 15), the standardneasurespace
onthestatespace.

Initial condition

0. U,(t) is theempiricalmeasuref n particlesof mass
1 ie,Un(t) = LY, 6,», Wherez? € E, for every
i, n € N.

Evolutionin theinterval [£, 2], i = 0,1,...,n — 1

1. Attime % theprocessonsistof theoccupatiormea-
sureof m,, (%) particlesof mass® (m.,(t) denoteshenum-
berof particlesalive attime t).

2. During theinterval, the particlesmove independently
with the samelaw asthesignalX. LetV(s), s € [, &)
bethetrajectoryof agenericparticleduringthisinterval.

3. Att = % eachparticlebranchesnto &, particles
with amechanisndependingnits trajectoryin theinterval.
The meannumberof offspring for a particle given the o-
field Fis_ = o(F;, s < 1) of eventsup to time &2

is
E(&) —exp(/h* dYt——/h*

sothatthe variancev? (V) is minimal, consistentvith the
numberof offspring beinganinteger. The integrationsare
ontheinterval [, &1],
The‘obsenationlik elihood’ terminsidethe exponential
in (1) canberearrangea@s
/ dY,;dY;

Thefirst termmeasureghe disparitybetweerthe predicted
andmeasuredesponsesyhich forcestemporalinvariance
of theshapesignaturebetweerthe currentandthe previous
frame.Thesecondermis theresponsestrength represent-
ing how closethe datais to the modelshapen the current
frame.We cancomputethe weightsaccuratelywithout any
lossof edgeinformation,asexplainedin Section2.

dt) @)

t
—1/ (h* — dV?)(h — dYy)
2 0

4 Time update of the state

Anothercontribution of the proposednethodis the use
of effective predictionanddiffusionstratejies. Step2 of the
algorithmrequiresthatwe have a particulardynamicfunc-
tion and error covariancematrix, which is not a realistic
assumptionWe only assume second-ordemotionmodel,
andrecursvely estimatethe motion anddiffusion parame-
ters. We representhe dynamicequationasa discrete-time
process: Xp+1 = Xy + dp + Zpwg. wy iS a standard
Gaussiarrandomvector, and dy, is the displacementvec-
tor containingthe velocity andacceleratiorparametergs-
timatedusing the precedingstateestimates.dy, is further

refinedby a randomsearchstep. The problemof updat-
ing stateswhile estimatingthe motion parametersan be
regardedasa systemidentificationproblemwherethe pa-
rametersare estimatedrecursvely. In fact, [15] achieves
betterglobalstability of the EKF by addinganextratermin
the Kalmangaincomputation.This termforcesthe stateto
be updatedsothatthe predictionerrorwith respecto these
parameterss minimized. The proposedrandomsearchis
closelyanalogougo this schemein thatit adjuststhe dis-
placemento ensurethe maximumobsenation lik elihood:
dp = argmaxy [ h(Z), + d)ds. This seeminglytrivial ad-
dition of a predictionadjustments found to significantly
increasestability.

Borrowing notationfrom the Kalmanfilter literature the
time updatestepyields the prior estimateof the stateand
the covariancematrix:

'i.kj—}—l = I + dy,
PI;+1 = ﬁ’k + X (2

Here #;, and P, denotethe posterior estimatesafter the

measuremenfipdate(the applicationof the Kalmangain),

which is equivalentto the obsenationandbranchingsteps
in the proposedalgorithm. The a priori anda posteriori

error covariancematricesareformally definedas

Pk_ = E[(i‘; — .’L'k)(.’ﬁ,; - .CL'k)T]
pk = E[(.f?k - .Z’k)(.'f?k - .'Ek)T] (3)

Thesematricesareestimatedy bootstrappinghe particles
xy, andtheprior/posteriorstateestimatesz, , Zx) into the
above expressions.We usethe error covarianceestimated
from the particlesattime k — 1 for the diffusionattime k

by (2):

Sk =%k =P — By

sincewe canonly compute(3) after the diffusion andthe
measurementipdate. The subtractionof the prior covari-
ancematrix enforcesonly that the perturbationdueto the
diffusionbemeasuredif theparticlesareperturbedaccord-
ingto B, they areboundto divergebecausef theaddition
of unnecessaryincertaintiesat eachstep. 3, is positive
semi-definitesincezy, = E[xg].

We obsene that the diffusion matrix adaptsto the mo-
tion. If the statevector movesfastin a certaindirection,
thepredictionbasedon the previous estimatesnovesaway
from the correctvalue. The differencebetweenthe pre-
dicteddistribution (P~) andthe measuredistribution ( P)
thenbecomedarger, so that morediffusion is assignedo
that direction. This characteristiof the diffusion method
translatesnto anefficient searcHor themotionparameters.
This propertyalsohelpsthe static(modelparameteralues
to stabilize. This stabilizing characteristids obsened in
experimentsandwill be explainedin alatersection.



5 Headtracking
5.1 Headmodel

We apply the algorithmpresentedbove to the problem
of headtracking. Trackingis guidedby theintensitysigna-
turesof distinctive featuresof the face,suchaseyes, eye-
brows,andmouth. The headsurfaceis approximatedy an
ellipsoid; the eyesandeyebravs aremodeledby combina-
tions of circulararcs,which areassumedo be ‘drawn’ on
the face. Using thesesimple modelsof the headandface
featuresye areableto computethe expectedeaturesigna-
turesandcorrespondinghapeoperators.

We modelthe headasanellipsoidin zyz spacewith z
beingthe cameraaxis:

E(z,y,2) = Eg,,R,R.C..C,,C.(T,Y,2)
_ 2 _ 2 _ 2
s (z-C) +(y Cy) +(z C:)" _ 4
R R2 R?

We representhe poseof the headby threerotationan-
gles (6,,6,,0.): 6, and . measurethe rotation of the
headaxis n, andthe rotation of the headaroundn is de-
notedsimply by 6,(= 6,). The centerof rotationis as-
sumedto be nearthe bottom of the ellipsoid, denotedby
a = (as,ay,a;), which is measuredrom (C,,Cy,C.)
for corvenience. Sincethe rotation of n andthe rotation
aroundit arecommutatve, we canthink of any changeof
headposeasrotationaroundthe y axis, followed by ‘tilt-
ing’ of the axis. Let @, @, andQ, berotationmatrices
aroundz, y, and z, respectiely. Letp = (z,y,2) beary
pointontheellipsoid Eg, g, r.,c.,c,,c.(®,y,2). pmoves
top’ = (¢',y, 2') underrotation@,, followedby rotations

Q. andQ;:
pI:QzQwa(p_t_a)+a+t (4)

The eyesare undoubtedlythe most prominentfeaturesof
a humanface. The roundcurvesmadeby the uppereyelid
andthe circular iris give uniquesignatureswhich are pre-
senedunderchangesn illumination andfacial expression.
Featuresuchasthe eyebravs and mouth canalsobe uti-
lized. The featurecurves are approximatedby circles or
circulararcson the ellipsoid. We parametrizehe positions
of thesefeaturesby usingthe sphericalcoordinatesystem
(azimuth, altitude) ontheellipsoid. A circle ontheellip-
soid is given by the intersectionof a spherecenteredat a
point on the ellipsoid with the ellipsoiditself. We typically
used22 parametersncluding 6 pose/locatiorparameters.
Figure2 shovsimageswith differentheadposesgenerated
usingthe 3D modelof the headandthe 2D facial feature
models.Correctlytrackedfeaturesaremarkedwith the cor-
respondingnodelshapes.

Figure 2. Three different head poses and

tracked features. Upper right;  rotation
around z-axis, Lower left: rotation around y-
axis, Lower right: rotation around z-axis.

5.2 Cameramodeland filter construction

We combinethe headmodel and the cameramodelto
computethe depth of eachpoint on the face, so that we
cancomputetheinverseprojectionandconstructhecorre-
spondingoperator The centerof perspectie projectionis
(0,0,0) andtheimageplaneis z = f. Let P = (X,Y)
betheprojectionof p' = (2', 3y, z') ontheellipsoid. These
two pointsarerelatedby

X/f=4'/z" and Y/f=y'[Z ()

Given¢ = (C,,Cy,C;,6,,0,,0,v), the hypotheticalge-
ometricparametersf theheadandfeature(simply denoted
by v), we needto computetheinverseprojectionon theel-
lipsoid to constructthe shapeoperator Supposéhe feature
curveontheellipsoidis theintersection(with the ellipsoid)

of thecircle || (z,y,z) — (€5, €5, €8) [I°= RS? centeredht
(€5, €5, €5) whichis ontheellipsoid. Let P = (X,Y) be
ary pointin theimage. The inverseprojectionof P is the
line definedby (5). Thepoint («', ', 2') ontheellipsoidis
computeddy solving(5) combinedwith thequadraticequa-
tion Eg, R, .R.,C.,C,,C.(%,y,2) = 1. This solutionexists
andis unique,sincewe seekthe solutiononthevisible side
of the ellipsoid. The point (z, y, z) on the referenceellip-
soid Eo 0,0,c,,0,,C. (%,y,2) = 1is computedusingthein-
verseoperationof (4).

If we definethe mappingfrom (X,Y) to (z,y,2) by

A A
PXY) = (2,9,2) = (p2(X,Y),py(X,Y), p.(X,Y))
we canconstructheshapdfilter as

BE(X,Y) = ho(|| (p(X,Y) = (6, €6 €f) |2 —RE")

z) Yy Tz



Figure 3. Sampled frames from a synthetic
sequence . The head is moving back and forth
(translation) while ‘shaking’ (rotation).

Frame Number

|
|
|
L
|
4

Frame Number

Figure 4. Estimated parameter s for synthetic
data. (Left column: translational motion,
Right column: rotational motion.) The dotted
lines are the real parameter s used to generate
the motion.

5.3 Experiments

Theinitial distributionis realizedby uniformly sampling
parametewectorsfrom a suitably chosen22-dimensional
cubicregion in parametespaceandby thresholdinghem
by shapefilter responsesWe usedabout200 particlesin
mostexperiments andobsenedthatfurtherincreasinghe
numberof particlesdid not make a noticeabledifferencein
performance.

Experiment®n syntheticdatashav goodtrackingof fa-
cial featuresandaccurateneadposeestimatesasshavn in
Figure 3. The headis ‘shaking’ while moving back and
forth. Theplotsin Figure4 comparethe estimatedransla-
tion androtationparametersvith the realvalues. We also
testedmary realhumanheadmotionsequencesndtheal-
gorithm achievedreliabletracking. Figure5 shavs an ex-
ample wherethepersorrepeatedlynoveshis headeft and
right, andtherotationof the headis naturallycoupledwith

§ .
ga

Figure 5. Sampled frames with tracked fea-
tures.

thetranslation.The principalmotionsarez-translationand
y-rotation; a small y-translationand z-rotation are added,
sincethe headmotionis causedy the ‘swing’ of theupper
bodywhile sitting on a chair. Trackingandmotion estima-
tion would be easierif we only allowed rotationin which
the axis of rotationis fixed aroundthe bottomof the upper
body. However, allowing all degreesof freedomyielded
good performance.The plots of the estimatecbarameters
aregivenin the left columnof Figure 6(b). The principal
motions(C5, T, Cy, T.) shov coherenperiodicity.
Thecontribution of themaximumobsenationlik elihood
predictionadjustmentindthe adaptve perturbationis ver-
ified aswell. In Figure6(a), teninstancesof trackingre-
sultsusingdifferentrandomnumberseedsareplotted. The
first plot is the estimateof C, obtainedby applyingfixed,
empirically chosendiffusion parametersandno prediction
adjustment.The middle plot shavs the sameparametees-
timatedusingthe predictionadjustmenbnly. The gainin
stability is readily noticeable assomeinstancesn thefirst
experimentshaved unsuccessfuracking. The bottomplot
demonstratethe effect of adaptve diffusion,in which the
estimatesshowv lessvariability thanin the secondexperi-
ment. Notice the consisteng of the estimatest the end of
the sequenceThe contribution of adaptve diffusionis fur-
therillustratedin Figure6(b),in whichmoreparameterare
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Figure 6. (a) Time update schemes. Top: no prediction adjustment, fixed diffusion,
tion adjustment only, Bottom: prediction adjustment and adaptive diffusion.

Estimated location,
umn) diffusions.

Middle: predic-
(b) Diffusion schemes.

pose and motion parameter s using adaptive(left column) and fixed(right col-
(c) The spread of the particles shows the ambiguity of the translation and motion

parameter s. As the algorithm receives more data, the uncer tainty decreases and is finall y resolved.

compared.The estimatesusing fixed diffusion parameters
areplottedin theright column. We caneasilyseethatthe
estimatesof the rotation parametergT),, T’.) areinferior.
We alsoobsenedthat the trackingis very sensitve to the
diffusionparameterLargerdiffusion of the motion param-
etershelpsin trackingfastmotions,but unnecessarglisper
sionof inertial motionparametersftenleadsto divergence.
Sincetheadaptve schemealetermineshe covariancematrix
from thepreviousmotion,we notice'delays’ whenthehead
movesfast.Frame<,4,5in Figure5 capturehiseffect. The
adaptve schemeds more‘cautious’in exploring the param-
eterspacewhile the fixed diffusionmethod'v entures’into
parametespaceausinglargersteps.Theamountof diffusion
in the caseof the adaptve methodis muchsmallerthanin
the caseof a (working) fixedmethod.

The determinatiorof modelparameterss alsoobsened
in this figure. In the left column, the ellipsoid dimension
parameter§R,, R,, R.) eventually settleinto stableval-
ues,while in theright columnthey remainhighly variable.
Thesemodelparameterareboundto be biasedin the case
of real data, sincean ellipsoid cannotperfectlyfit the hu-

manface.However, we suspecthatstabilizingthesevalues
afterenoughinformationis providedwould causethe other
dynamicparameterso be assessethorereliably. Whena
temporallystabilizedvalue cannotfit new data,the model
gapcausesan inaccurateprediction,andthe consequently
increasederturbationmakesthe parameteescapdrom a
local maximum.

Since rotation and translationare being treatedat the
sametime, therecanbe ambiguitiesbetweerthe two kinds
of motion. For example,a smalltranslationof the headin
theverticaldirectioncanbe confusedwith a‘nodding’ mo-
tion. Figure6(c) depictsthe ambiguitypresenin the same
sequencéy plotting the projectionsof particlesonto the
T, — Cy plane. At t = 0, the initial distribution shavs
the correlationbetweenC, andT,. As moreinformation
is provided (t = 14), the particlesshav multi-modal con-
centrationsWe obsenedthattheconcentrations dispersed
whenthemotionis rapid,andshrinkswhentheheadmotion
is closeto oneof thetwo ‘extreme’points. The parameters
eventuallysettleinto a dominantconfiguration(t = 72 and
t = 210).



Figure 7. Tracking of independentl y moving
local features. Squinting and iris movement
are captured and tracked, as well as the head
movement.

6 Summary and futur e work

We have presented methodfor trackingandestimating
object motion using particle propagatiorand a 3D model
of the object. The measurementipdateis doneby parti-
cle branchingaccordingto the weightscomputedby shape-
encodediltering, andthe shapeconstrainiprovidesanabil-
ity to estimatethe motion and model parameters. Time
updateis handledby minimizing the predictionerror and
adaptve diffusion, which contritute to global stability of

the tracking and effective perturbationof the parameters.

More completeanalysisand possibleimprovementswvould
be desirableto ensurethe global optimizationof modelor
‘inertial’ parameters.Experimentsshav sensitvity of the
trackerto theinitial arrangemenof particles,andthe prob-
lem of determiningthe initial distribution needsto be ad-
dressedAs shovnin Sections.2,simpleparametrizatiomf
theobjectsurfaceandfeaturecurvesfacilitatesheconstruc-
tion of the shapeoperatoywhich helpsto reducecomputa-
tion. While we would achieve betterfitting of the tracked
featuresby usingmorerealisticmodels,we obtainedsatis-
factoryresultsusing simple models. Neverthelessa more
sophisticatedbut efficient) parametrizatiorwould be de-
sirableto achieve more accurateposeestimationand ob-
jectshapecomputationFigure7 shavs anotherexamplein
which local featuremotionis tracked in additionto global
objectmotion; the motionsof the irisesand uppereyelids
aremore carefully tracked, so that squintingand gazeare
recognized.The recognitionof facial expressionis a pos-
sible applicationof the proposedmethod. In our current
work, only objectsareallowed to move, andthe camerais
fixed. Extensionof this work to the problemof simultane-

ous estimationof cameraand objectmovementis another
challengeto beaddresseth futurework.
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