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Abstract

We presenta comprehensivetreatmentof 3D object
tracking by posingit asa nonlinearstateestimationprob-
lem. The measurementsare derivedusing the outputsof
shape-encodedfilters. The nonlinear state estimationis
performedby solving the Zakai equation,and we usethe
branching particle propagation methodfor computingthe
solution. Theunnormalizedconditionaldensityfor theso-
lution to theZakaiequationis realizedby theweightof the
particle. We first samplea setof particlesapproximating
theinitial distributionof thestatevectorconditionedon the
observations,where each particle encodesthe setof geo-
metricparameters of theobject. Theweightof theparticle
representsgeometricand temporal fit, which is computed
bottom-upfromtherawimageusinga shape-encodedfilter.
Theparticlesbranchsothatthemeannumberof offspringis
proportional to theweight. Timeupdateis handledby em-
ployinga second-ordermotionmodel,combinedwith local
stochasticsearch to minimizethepredictionerror. Thepre-
dictionadjustmentsuggestedbysystemidentificationtheory
is empiricallyverifiedto contributeto global stability. The
amountof diffusionis effectivelyadjustedusinga Kalman
updatingof the covariancematrix. We havesuccessfully
appliedthismethodto humanheadtracking, whereweesti-
mateheadmotionandcomputestructureusingsimplehead
andfacial featuremodels.

1 Intr oduction

Using object shapeinformation for tracking is useful
whenit is difficult to extract reliable featuresfor tracking
and motion computation. In many cases,an object in a
videosequenceconstitutesa perceptualunit which canbe
approximatedby a limited setof shapes. Many man-made
objectsprovide examples.A humanbody canalsobe de-
composedinto approximateshapessuchasanellipsoidfor�
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theheadandtruncatedconesfor thelimbs. For trackingor
motion computationof humanactivities, local featuresare
noisy andoften not reliablefor establishingtemporalcor-
respondences.Shapeconstraintsalsoprovide strongclues
aboutobjectgeometrywhile theobjectis moving. ‘Shape’
in this context refersto the imageplaneprojectionof the
object,which canbeapproximatedby simplefigures.

We perform detectionand tracking of shapesusing an
optimalshapeoperatorwhich wasintroducedin [16]. The
responsesof an imageframeto a setof shapefilters hav-
ing certainrangesof geometricparametersareusedasob-
servationsin a nonlinearstatespaceformulation,to guide
object trackingandestimatethe motion. The magnitudes
of the responsesare accurateand robust to noise,so that
they achievereliableestimatesof geometricparameters(lo-
cation,orientation,size),andprovideastrongtemporalcor-
respondencefor trackingtheobjectin subsequentframes.

Many motion problems have been treated as poste-
rior stateestimationproblems,and typically solved using
Kalman or extendedKalman filters (EKF) [1][4]. Since,
in our approach,the observation is a setof responsesob-
tainedfrom shapefilters,thefunctionalrelationbetweenthe
geometricparameterspaceandthe imagespacemakesthe
observationprocesshighly nonlinear, or evennonanalytic.
Thereis a generalizationof theKalmanfilter to thenonlin-
earcase,by Duncan,Mortensen,andZakai [18]. They de-
rivedanequationwhich incorporatesbothdynamicandob-
servationequations,andwhich, if solved,givesthetempo-
ral propagationof the probabilityof the statesconditioned
on theobservations.

Recently, the applicationof Monte Carlo simulationto
tracking and motion computationproblemshas become
popular. Mainly dueto advancesin computingpower, appli-
cationsto thestateestimationproblem[11] [14] have been
proposedin the statisticscommunity. [10] introducesthe
Condensationalgorithmfor tracking,and[7] and[17] fur-
therrefinethemethodby usingalayeredsamplingfor accu-
rateobjectlocalizationandeffectivesearchfor thestatepa-
rameters.[12] usestheframeworkof SequentialImportance
Sampling[14] to solve theproblemof simultaneousobject



trackingandverification.In theproposedmethod,shapefil-
tering,viewedasameasurementprocessis elegantlyincor-
poratedinto the nonlinearfiltering framework, which con-
tributesto theaccuratecomputationof theweight. Theso-
lution usingthebranchingparticlemethodhasastrongana-
lytical foundationbasedon theZakaiequation,from which
the expressionfor computingthe weightsfollows directly.
Theexpressionof theunnormalizedconditionaldensityfor
computingweightsinvolvesboth geometricfit of the data
and temporal coherenceof the motion, and the shapefil-
ter is designedto achieveaccuracy with respectto bothcri-
teria. The methodof estimatingthe numberof offspring
usingrandomizedsamplingis alsodesignedto beoptimal,
while thetotalnumberof samplesis fixedin resamplingap-
proaches.Theoftenneglectedproblemof determiningthe
timeupdateis handlednicely in theproposedmethodusing
theKalmanfilter equation.

A recentpaper[9] has introducedthe Zakai equation
to imageanalysisproblems. Our approachresemblesthis
work; shapefilters are usedin our work, just as wavelet
filters areusedin [9]. They utilized a mixture of analyti-
cal/numericalmethodsto computethesolution.Weemploy
a branchingparticlemethod;thesystemof particleswhich
mimicstheconditionaldensityof statesis found[6] to con-
vergeto thetargetdistribution.

After branching,the particlesshouldfollow the system
dynamicsandrandomperturbation.As we cannotassume
any particularmotion model in mostapplications,we em-
ploy crudesecond-ordermotionprediction.Theprediction
is modifiedby a randomsearchto minimizetheprediction
error. Thisstepis suggestedby systemidentificationtheory
[15], and the benefitis empirically verified. The amount
of randomdiffusion — formally, the stateerror — hasto
be determined,which we found to be very crucial for sta-
ble tracking.Thestateerrorcovariancematrix is computed
by subtractingthe prior covariancematrix from the poste-
rior covariancematrix, accordingto theKalmanfilter time
updateequations.We foundthat thecomputedcovariances
adaptto the motion, andusuallyarevery small; neverthe-
less,this methodof computingthediffusionshows notice-
ableimprovementsin trackingandposeestimation.

We have appliedthis methodof shapetracking to the
problemof humanheadtrackingin a monocularvideo se-
quence.Theheadis modeledasanellipsoid,andthemotion
of theheadasrotationcombinedwith translation,having a
totalof six degreesof freedom.Facialfeaturesareapproxi-
matedassimplegeometriccurves;we cancomputetheop-
eratorsfor trackingthefeaturesgiventhehypotheticalpose
of the headandthe positionsandsizesof the features,by
usingtheinversecameraprojection.Experimentsshow that
theparticlesareableto trackandestimatetheheadmotion
accurately. Thealgorithmalsoestimatesthesize,pose,and
location(up to scale)of theellipsoidsimultaneously.

2 Shapeand measurements

In the generalcontext of objectrecognitionor tracking,
the outline of an objectgivesa compactrepresentationof
theappearanceof theobject,whereascoloror textureinfor-
mationis usuallyhighly variablewith differentobjectcon-
figurationsor imagingenvironments.Theboundarycontour
of anobjectgivescluesfor detection/recognitionwhich are
almostinvariantto imagingconditionsexceptfor thecam-
eraparameters.

Methodsfor appearance-basedtracking using a linear
subspacerepresentation[3] or anobjecttemplate[13] have
beenconsidered.While thesemethodsuseholistic repre-
sentationsof objectintensitystructure,which canbeeffec-
tively usedto recognizeor classify objectsin video, they
haveaverylimitedability to representandcomputechanges
in objectpose.Nevertheless,theuseof a globalobjectrep-
resentationhasthe advantagethat it helpsto maintainthe
temporalcorrespondenceof features.The point setbased
approachis flexible, simple,andelegant in termsof alge-
braicmanipulation,but it is hardto reliablyextractandcor-
respondpoint featuresin real-world videos.

Whenwehaveageometricmodelof theshapeof asolid
object,or a kinematicandshapemodelof a structuredob-
ject (e.g.,thehumanbody),we canmanipulateit to fit the
motionof themodelto anobjectin thevideousingany pre-
diction method(e.g.,a Kalmanfilter). The modelandthe
sceneareusuallycomparedusingedgefeatures.[8] deals
with theproblemof trackingobjectswith known3D shapes.
Shapeconstraintsprovide more informationaboutthe ob-
ject configurationor theimagingconditionsthanpoint fea-
tures; the deformationof shapesunderchangesin object
poseor cameraparameters(e.g.,focal length)providesbet-
ter cluesabout theseparameters,while points (e.g., end-
points,vertices,junctions),beingsubsetsof shapes,often
cannot.Wehaveobservedthatshapeconstraintseffectively
stabilizetracking when the poseparametersdeviate from
their realvaluesaftera rapidmotion.

We make useof an approximateshapemodelof an ob-
ject, andof boundarygradientinformationextractedusing
this model,for trackingandmotion estimation.Given the
predictedobjectsize,position,andpose,the projectionof
the model object is comparedto the imageusing the set
of shapefilters. Using the optimal shapedetectionandlo-
calizationtechniquederivedin [16], theaccurateresponses
of theshapeoperatorsprovide thetracker with anaccurate
geometricalfit of the model to data,anda strongtempo-
ral correspondencebetweenframes. The detectionperfor-
manceis equivalentto the accuracy of the filter response,
while the localizationperformanceis closelyrelatedto the
recognition/discriminationof shapes.In [16], the optimal
one-dimensionalsmoothingoperator, designedto minimize
thesumof noiseresponsepowerandthestepedgeresponse
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Figure 1. Shape filter: The shape is matc hed
to a cir cular arc to detect the the eye outline ,
and the cross-section is designed to detect
the intensity chang e along the boundar y.

error, wasshown to be �������
	���
������� �
��� ��� ����	 . Thenthe
shapeoperatorfor a given shaperegion � with boundary
contour � is definedby� � x 	 �!�#"� �%$
� x 	
	
where $ is the distance function from � : $
� x 	&�')(+*-,

z .�/10 x � z 0 , wherethe sign differs betweenthe
insideandthe outsideof � . Figure1 shows a shapeoper-
ator for a circulararc feature,matchedto aneye outlineor
eyebrow in theheadtrackingproblem.

The responseof the local image 2 of an object to the
operator

�43
having geometricconfiguration5 is6 3 �87 � 3 � u 	 2 � u 	:9 u

If weassumethattheimageis corruptedby noise; ���
	 , then
theobservation < 3 is givenby< 3 �=7 � 3 � u 	 2 � u 	
9 u > 7 � 3 � u 	 ; � u 	
9 u �?6 3 >A@;
where @; is thenoiseresponse.Sincewesampletheobserva-
tions < 3 over thecourseof time,we denotetheobservation
processby B4C � < 3C � 7

C
D � ��EGF�	
9 2H>JI C

We canassumewithout lossof generalitythat theobserva-
tion noiseis astandardBrownianmotion I C .

While the proposedmethodbelongsto the family of
feature-basedmotioncomputationmethods,in thatit relies
on boundarygradientinformation,we do not usedetected
features.Thegradientinformationis computedbottom-up
from the raw intensity map using the shapefilters. The
boundarygradientinformationis retainedfor computingthe

fit to themodelshape.If we try to extractgradientfeatures
usingedgedetection,someof theboundaryedgeinforma-
tion maybemisseddueto thresholding.Somework makes
useof waveletbases[5] or blobs.While thesetof basisfil-
tersusedto approximatetheintensitysignaturesof thefea-
turescangive moreflexibility in algebraicmanipulation,a
smallnumberof basisfilterscannotprovideacloseapprox-
imation to objectshape.It is alsohardto achieve a global
descriptionof anobjectshape.

3 The Zakai equationand the branching par-
ticle method

3.1 The Zakai equation

We start the formulation in a more generalcontext to
introduce the Zakai equationand the branchingparticle
method.Thestatevector E C representingthegeometricpa-
rametersof anobjectis governedby theequation9�E C �LKM�%E C 	
9�� > �N��E C 	:9#O C
Here O C is a Brownianmotion,and �)�?�N�%E C 	 modelsthe
statenoisestructure.

The trackingproblemis solved if we cancomputethe
stateupdates,giveninformationfrom theobservations.We
areinterestedin estimatingsomestatistic P of thestates,of
theform Q C � P 	SR�LTGU P �%E C 	V� W CYX
giventhe observationhistory W C up to � . Zakaiet al. have
shown that theunnormalizedconditionaldensityZ C � P 	 sat-
isfiesapartialdifferentialequation,usuallycalledtheZakai
equation:9 Z C � P 	[� Z C �]\ P 	:9^� >_Z C � ��` P 	
9 BaC
Here \ is a differentialoperatorinvolving thestatedynam-
ics K andthestatenoisestructure�N��E C 	 and 9#O C .
3.2 The branching particle algorithm

It is known in nonlinearfiltering theory[2] that the un-
normalizedoptimalfilter Z C � P 	 is givenby@Tcb P �%E C 	 �����?d 7

C
D � ` �%E F 	:9 Bae �gfh 7

C
D � ` ��E F 	 � ��E F 	
9 2Vikjjjj W

CYl
wheretheexpectationis takenwith respectto themeasure@m
which makes

B4C
a Brownianmotion(cf. [2]). Keepingthis

in mind,we will constructa sequenceof branchingparticle
systemsn o asin [6] which canbeprovedto approachthe
solutionZ C : p *-( o^qsr?nNo �%�
	 � Z C .



Let tunNo ���
	�v
w Cyx{z}| � | f�~ beasequenceof branching
particlesystemson �]��v
w�v @m 	 , thestandardmeasurespace
on thestatespace.

Initial condition
0. n o �%�
	 is theempiricalmeasureof ; particlesof mass
o , i.e., n o ���
	���
o�� o��� 
�� e��� , where � o�A� T , for every� v ; ��� .
Evolution in theinterval U �o v �-� 
o X , � � z v f vV���-�-v ; � f
1. At time

�o , theprocessconsistsof theoccupationmea-
sureof ��o � �o 	 particlesof mass 
o ( ��o �%�
	 denotesthenum-
berof particlesaliveat time � ).

2. During theinterval, theparticlesmove independently
with thesamelaw asthesignal E . Let I � 2 	 , 2 � U �o v �-� 
o 	
bethetrajectoryof agenericparticleduringthis interval.

3. At �s� �-� 
o , eachparticlebranchesinto 5 �o particles
with amechanismdependingonits trajectoryin theinterval.
The meannumberof offspring for a particlegiven the � -
field w �-������ ���N�%w F v 2�� ��� 
o 	 of eventsup to time

��� 
o
isTG� 5 �o 	[� ����� d 7 � ` � I ���
	�	:9 B C � fh 7 � ` � � I ���
	
	
9�� i (1)

so that the variance� �o � I 	 is minimal, consistentwith the
numberof offspringbeingan integer. The integrationsare
on theinterval U �o v �-� 
o X .

The‘observationlikelihood’ terminsidetheexponential
in (1) canberearrangedas� fh 7

C
D � � ` ��9 B `F 	�� � �{9 B F 	 > fh 7

C
D 9 B `F 9 B F

Thefirst termmeasuresthedisparitybetweenthepredicted
andmeasuredresponses,which forcestemporalinvariance
of theshapesignaturebetweenthecurrentandtheprevious
frame.Thesecondtermis theresponsestrength,represent-
ing how closethedatais to themodelshapein thecurrent
frame.We cancomputetheweightsaccuratelywithout any
lossof edgeinformation,asexplainedin Section2.

4 Time updateof the state

Anothercontribution of the proposedmethodis the use
of effectivepredictionanddiffusionstrategies.Step2 of the
algorithmrequiresthatwe have a particulardynamicfunc-
tion and error covariancematrix, which is not a realistic
assumption.Weonly assumeasecond-ordermotionmodel,
andrecursively estimatethe motion anddiffusionparame-
ters. We representthedynamicequationasa discrete-time
process: EG� � 
 ��EG� > 9#� >�� �¡ ¢� .  ¢� is a standard
Gaussianrandomvector, and 9�� is the displacementvec-
tor containingthevelocity andaccelerationparameterses-
timatedusing the precedingstateestimates. 9 � is further

refinedby a randomsearchstep. The problemof updat-
ing stateswhile estimatingthe motion parameterscan be
regardedasa systemidentificationproblemwherethe pa-
rametersare estimatedrecursively. In fact, [15] achieves
betterglobalstabilityof theEKF by addinganextra termin
theKalmangaincomputation.This termforcesthestateto
beupdatedsothatthepredictionerrorwith respectto these
parametersis minimized. The proposedrandomsearchis
closelyanalogousto this schemein that it adjuststhe dis-
placementto ensurethe maximumobservation likelihood:9 � ��£�¤�¥ ( £ �§¦©¨ � ��ª� � > 9�	
9 2 . This seeminglytrivial ad-
dition of a predictionadjustmentis found to significantly
increasestability.

Borrowing notationfrom theKalmanfilter literature,the
time updatestepyields the prior estimateof the stateand
thecovariancematrix:ª� �� � 
 �«ª� � > 9��ªm �� � 
 � ªm � >J� � (2)

Here ª� � and
ªm � denotethe posteriorestimatesafter the

measurementupdate(the applicationof the Kalmangain),
which is equivalentto the observationandbranchingsteps
in the proposedalgorithm. The a priori and a posteriori
errorcovariancematricesareformally definedasªm �� � TGU-�Vª� �� � � �^	���ª� �� � � �u	
¬ Xªm � � TGU-�Vª� � � � � 	��Vª� � � � � 	 ¬ X (3)

Thesematricesareestimatedby bootstrappingtheparticles� � andtheprior/posteriorstateestimates��ª� �� v�ª� � 	 into the
above expressions.We usethe error covarianceestimated
from theparticlesat time ­ � f for thediffusionat time ­
by (2): ª� �®� � � � 
 � ªm �� � ªm � � 

sincewe canonly compute(3) after the diffusion andthe
measurementupdate. The subtractionof the prior covari-
ancematrix enforcesonly that the perturbationdueto the
diffusionbemeasured.If theparticlesareperturbedaccord-
ing to

ªm � , they areboundto divergebecauseof theaddition
of unnecessaryuncertaintiesat eachstep.

ª� � is positive
semi-definitesince ª� � �?TGU � � X .

We observe that the diffusion matrix adaptsto the mo-
tion. If the statevectormovesfast in a certaindirection,
thepredictionbasedon thepreviousestimatesmovesaway
from the correct value. The differencebetweenthe pre-
dicteddistribution � ªm � 	 andthemeasureddistribution � ªm 	
thenbecomeslarger, so that morediffusion is assignedto
that direction. This characteristicof the diffusion method
translatesinto anefficientsearchfor themotionparameters.
This propertyalsohelpsthestatic(model)parametervalues
to stabilize. This stabilizing characteristicis observed in
experiments,andwill beexplainedin a latersection.



5 Head tracking

5.1 Headmodel

We apply thealgorithmpresentedabove to theproblem
of headtracking.Trackingis guidedby theintensitysigna-
turesof distinctive featuresof the face,suchaseyes,eye-
brows,andmouth.Theheadsurfaceis approximatedby an
ellipsoid; theeyesandeyebrows aremodeledby combina-
tionsof circulararcs,which areassumedto be ‘drawn’ on
the face. Using thesesimplemodelsof the headandface
features,weareableto computetheexpectedfeaturesigna-
turesandcorrespondingshapeoperators.

We modeltheheadasanellipsoid in �4<�¯ space,with ¯
beingthecameraaxis:TG� � v < v ¯ 	°� T¢±�²�³ ±�´¡³ ±�µ�³ / ²¡³ / ´¡³ / µu� � v < v ¯ 	R� � � � � e 	:¶· ¶e > � < � �¹¸ 	
¶· ¶¸ > � ¯ � �[º 	
¶· ¶º � f

We representthe poseof the headby threerotationan-
gles ��» e v�» ¸ v�» º 	 : » e and » º measurethe rotation of the
headaxis ¼ , and the rotationof the headaround ¼ is de-
notedsimply by » ¸ �½�¾»¡¿^	 . The centerof rotation is as-
sumedto be nearthe bottomof the ellipsoid, denotedbyÀÁ�Â�%À e vÃÀ ¸ v�À º 	 , which is measuredfrom � � e v �¹¸ v �¹º 	
for convenience.Sincethe rotationof ¼ and the rotation
aroundit arecommutative, we canthink of any changeof
headposeasrotationaroundthe < axis, followed by ‘tilt-
ing’ of the axis. Let Ä e , Ä ¸ , and Ä º be rotationmatrices
around� , < , and ¯ , respectively. Let Z �Å� � v < v ¯ 	 be any
pointontheellipsoid T¢±�²u³ ±�´�³ ±�µ�³ / ²�³ / ´�³ / µ�� � v < v ¯ 	 . Z moves
to Z " �Æ� � " v < " v ¯ " 	 underrotation Ä®¸ followedby rotationsÄ e and Ä®º :Z "a� Ä®ºÇÄ e Ä®¸ � Z ���M��À�	 > À > � (4)

The eyesareundoubtedlythe mostprominentfeaturesof
a humanface.The roundcurvesmadeby theuppereyelid
andthe circular iris give uniquesignatureswhich arepre-
servedunderchangesin illumination andfacialexpression.
Featuressuchasthe eyebrows andmouthcanalsobe uti-
lized. The featurecurves are approximatedby circles or
circulararcson theellipsoid. We parametrizethepositions
of thesefeaturesby usingthe sphericalcoordinatesystem�%À ¯ � ��È � � v�À#$%� � � È 9�É¡	 on theellipsoid.A circleon theellip-
soid is given by the intersectionof a spherecenteredat a
point on theellipsoidwith theellipsoid itself. We typically
used22 parametersincluding 6 pose/locationparameters.
Figure2 showsimageswith differentheadposes,generated
usingthe 3D modelof the headand the 2D facial feature
models.Correctlytrackedfeaturesaremarkedwith thecor-
respondingmodelshapes.

Figure 2. Three diff erent head poses and
trac ked features. Upper right: rotation
around � -axis, Lower left: rotation around < -
axis, Lower right: rotation around ¯ -axis.

5.2 Camera modeland filter construction

We combinethe headmodel and the cameramodel to
computethe depthof eachpoint on the face,so that we
cancomputetheinverseprojectionandconstructthecorre-
spondingoperator. The centerof perspective projectionis� z v z v z 	 andthe imageplaneis ¯ �ÊK . Let

m �Ë��E)v B 	
betheprojectionof Z " �A� � " v < " v ¯ " 	 on theellipsoid.These
two pointsarerelatedbyEk�uKk� � " � ¯ " £ ,4Ì B ��KÍ� < " � ¯ " (5)

Given 5 �c� � e v �[¸ v �¹º v�» e v
» ¸ v
» º v � 	 , thehypotheticalge-
ometricparametersof theheadandfeature(simplydenoted
by � ), we needto computetheinverseprojectionon theel-
lipsoid to constructtheshapeoperator. Supposethefeature
curveon theellipsoidis theintersection(with theellipsoid)
of thecircle 0 � � v < v ¯ 	N�?�%É 3e vÃÉ 3 ¸ v�É 3 º 	 0 ¶V� · 3 Î ¶

centeredat�%É 3 e vÃÉ 3 ¸ vÃÉ 3 º 	 which is on the ellipsoid. Let
m �Å��E_v B 	 be

any point in the image. The inverseprojectionof
m

is the
line definedby (5). Thepoint � � " v < " v ¯ " 	 on theellipsoidis
computedby solving(5) combinedwith thequadraticequa-
tion TÇ±�²¡³ ±�´¡³ ±�µ�³ / ²�³ / ´�³ / µ^� � v < v ¯ 	Ç� f . This solutionexists
andis unique,sinceweseekthesolutionon thevisibleside
of the ellipsoid. The point � � v < v ¯ 	 on the referenceellip-
soid T D ³ D ³ D ³ / ²�³ / ´�³ / µ^� � v < v ¯ 	[� f is computedusingthein-
verseoperationof (4).

If we definethe mappingfrom ��E)v B 	 to � � v < v ¯ 	 byÏÐ�%E)v B 	ÑR�Ò� � v < v ¯ 	ÑR�Ò��Ï e �%E)v B 	yv
Ï ¸ ��E_v B 	�v
Ï º �%E)v B 	
	
wecanconstructtheshapefilter as� 3 ��E)v B 	 � � ��� 0 �%ÏÐ�%E)v B 	M�Ó�%É 3e vÃÉ 3 ¸ vÃÉ 3 º 	 0 ¶ � · 3 Î ¶ 	



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

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 distribution is realizedby uniformly sampling
parametervectorsfrom a suitably chosen

h�h
-dimensional

cubicregion in parameterspace,andby thresholdingthem
by shapefilter responses.We usedabout200 particlesin
mostexperiments,andobservedthat further increasingthe
numberof particlesdid not make a noticeabledifferencein
performance.

Experimentsonsyntheticdatashow goodtrackingof fa-
cial featuresandaccurateheadposeestimates,asshown in
Figure 3. The headis ‘shaking’ while moving back and
forth. Theplots in Figure4 comparetheestimatedtransla-
tion androtationparameterswith therealvalues. We also
testedmany realhumanheadmotionsequences,andtheal-
gorithm achievedreliabletracking. Figure5 shows an ex-
ample,wherethepersonrepeatedlymoveshisheadleft and
right, andtherotationof theheadis naturallycoupledwith

Figure 5. Sampled frames with trac ked fea-
tures.

thetranslation.Theprincipalmotionsare � -translationand< -rotation; a small < -translationand ¯ -rotationareadded,
sincetheheadmotionis causedby the‘swing’ of theupper
bodywhile sitting on a chair. Trackingandmotionestima-
tion would be easierif we only allowed rotation in which
theaxisof rotationis fixedaroundthebottomof theupper
body. However, allowing all degreesof freedomyielded
goodperformance.The plots of the estimatedparameters
aregiven in the left columnof Figure6(b). The principal
motions � � e v�Ô ¸ v �[¸ v�Ô º 	 show coherentperiodicity.

Thecontributionof themaximumobservationlikelihood
predictionadjustmentandthe adaptive perturbationis ver-
ified aswell. In Figure6(a), ten instancesof trackingre-
sultsusingdifferentrandomnumberseedsareplotted.The
first plot is the estimateof � e obtainedby applyingfixed,
empiricallychosendiffusionparameters,andno prediction
adjustment.Themiddleplot shows thesameparameteres-
timatedusingthe predictionadjustmentonly. The gain in
stability is readilynoticeable,assomeinstancesin thefirst
experimentshowedunsuccessfultracking.Thebottomplot
demonstratesthe effect of adaptive diffusion, in which the
estimatesshow lessvariability than in the secondexperi-
ment. Notice theconsistency of theestimatesat theendof
thesequence.Thecontribution of adaptivediffusionis fur-
therillustratedin Figure6(b), in whichmoreparametersare



(a) (b) (c)

t=0

t=14

t=72

t=210

Figure 6. (a) Time update schemes. Top: no prediction adjustment, fix ed diffusion, Middle: predic-
tion adjustment onl y, Bottom: prediction adjustment and adaptive diffusion. (b) Diffusion schemes.
Estimated location, pose and motion parameter s using adaptive(left column) and fix ed(right col-
umn) diffusions. (c) The spread of the par tic les sho ws 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 estimatesusingfixed diffusionparameters
areplottedin the right column. We caneasilyseethat the
estimatesof the rotation parameters��Ô ¸ v
Ô º 	 are inferior.
We alsoobserved that the trackingis very sensitive to the
diffusionparameter. Largerdiffusionof themotionparam-
etershelpsin trackingfastmotions,but unnecessarydisper-
sionof inertialmotionparametersoftenleadsto divergence.
Sincetheadaptiveschemedeterminesthecovariancematrix
from thepreviousmotion,wenotice‘delays’whenthehead
movesfast.Frames2,4,5in Figure5 capturethiseffect. The
adaptiveschemeis more‘cautious’in exploring theparam-
eterspace,while thefixeddiffusionmethod‘ventures’into
parameterspaceusinglargersteps.Theamountof diffusion
in thecaseof theadaptive methodis muchsmallerthanin
thecaseof a (working)fixedmethod.

Thedeterminationof modelparametersis alsoobserved
in this figure. In the left column, the ellipsoid dimension
parameters� · e v · ¸ v · º 	 eventually settleinto stableval-
ues,while in theright columnthey remainhighly variable.
Thesemodelparametersareboundto bebiasedin thecase
of real data,sincean ellipsoid cannotperfectlyfit the hu-

manface.However, wesuspectthatstabilizingthesevalues
afterenoughinformationis providedwouldcausetheother
dynamicparametersto be assessedmorereliably. Whena
temporallystabilizedvaluecannotfit new data,the model
gapcausesan inaccurateprediction,andthe consequently
increasedperturbationmakesthe parameterescapefrom a
localmaximum.

Since rotation and translationare being treatedat the
sametime, therecanbeambiguitiesbetweenthetwo kinds
of motion. For example,a small translationof the headin
theverticaldirectioncanbeconfusedwith a ‘nodding’ mo-
tion. Figure6(c) depictstheambiguitypresentin thesame
sequenceby plotting the projectionsof particlesonto theÔ e � �¹¸ plane. At �_� z

, the initial distribution shows
the correlationbetween� ¸ and Ô e . As more information
is provided ( �®� f�Õ ), the particlesshow multi-modalcon-
centrations.Weobservedthattheconcentrationis dispersed
whenthemotionis rapid,andshrinkswhentheheadmotion
is closeto oneof thetwo ‘extreme’points.Theparameters
eventuallysettleinto a dominantconfiguration( �[�×Ö h and�N� h f z ).



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

6 Summary and futur e work

We havepresenteda methodfor trackingandestimating
objectmotion usingparticlepropagationanda 3D model
of the object. The measurementupdateis doneby parti-
clebranchingaccordingto theweightscomputedby shape-
encodedfiltering, andtheshapeconstraintprovidesanabil-
ity to estimatethe motion and model parameters. Time
updateis handledby minimizing the predictionerror and
adaptive diffusion, which contribute to global stability of
the tracking and effective perturbationof the parameters.
More completeanalysisandpossibleimprovementswould
be desirableto ensurethe globaloptimizationof modelor
‘inertial’ parameters.Experimentsshow sensitivity of the
tracker to theinitial arrangementof particles,andtheprob-
lem of determiningthe initial distribution needsto be ad-
dressed.As shown in Section5.2,simpleparametrizationof
theobjectsurfaceandfeaturecurvesfacilitatestheconstruc-
tion of theshapeoperator, which helpsto reducecomputa-
tion. While we would achieve betterfitting of the tracked
featuresby usingmorerealisticmodels,we obtainedsatis-
factoryresultsusingsimplemodels. Nevertheless,a more
sophisticated(but efficient) parametrizationwould be de-
sirableto achieve more accurateposeestimationand ob-
jectshapecomputation.Figure7 showsanotherexamplein
which local featuremotion is tracked in additionto global
objectmotion; the motionsof the irisesanduppereyelids
aremorecarefully tracked, so that squintingandgazeare
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 theproblemof simultane-

ousestimationof cameraandobjectmovementis another
challengeto beaddressedin futurework.

References

[1] A. AzarbayejaniandA. P. Pentland,“Recursive Estimation
of Motion, Structure,andFocalLength,” PAMI, Vol. 17, pp.
562-575,1995.

[2] A. Bensoussan,“StochasticControl of Partially Observable
Systems,” CambridgeUniversityPress,1992.

[3] M.J.BlackandA.D. Jepson,“EigenTracking:RobustMatch-
ing andTrackingof ArticulatedObjectsUsinga View-Based
Representation,” IJCV, Vol. 26,pp.63-84,1998.

[4] T.J.Broida,S.Chandrashekhar, andR.Chellappa,“Recursive
3-D Motion Estimationfrom a MonocularImageSequence,”
AeroSys,Vol. 26,pp.639-656,1990.

[5] O. Chomat and J.L. Crowley, “Probabilistic Recognition
of Activity Using Local Appearance,” CVPR, pp. 104-109,
1999.

[6] D. Crisan, J. Gaines, and T. Lyons, “Convergence of a
BranchingParticleMethodto theSolutionof theZakaiEqua-
tion,” SIAM J.Appl. Math.,Vol. 58,pp.1568-1590,1998.

[7] J.Deutscher, A. Blake,andI. Reid,“ArticulatedBodyMotion
Captureby AnnealedParticleFiltering,” CVPR,(II) pp.126-
133,2000.

[8] D.B. Gennery, “V isual Tracking of Known Three-
DimensionalObjects,” IJCV, Vol. 7, pp.243-270,1992.

[9] Z.S.HaddadandS.R.Simanca,“Filtering ImageRecordsUs-
ing Waveletsand the Zakai Equation,” PAMI, Vol. 17, pp.
1069-1078,1995.

[10] M. Isard and A. Blake “CONDENSATION – Conditional
DensityPropagationfor VisualTracking,” IJCV, Vol. 29, pp.
5-28,1998.

[11] G. Kitagawa, “Monte Carlo Filter and Smootherfor Non-
GaussianNonlinear State SpaceModels,” J. Comp. and
Graph.Stat.,Vol. 5, pp.1-25,1996.

[12] B. Li andR. Chellappa,“SimultaneousTrackingandVerifi-
cationvia SequentialMonte Carlo Method,” CVPR, (II) pp.
110-117,2000.

[13] A.J. Lipton, H. Fujiyoshi, and R.S. Patil, “Moving Target
ClassificationandTrackingfrom RealTime Video,” DARPA
ImageUnderstandingWorkshop,pp.129-136,1998.

[14] J. Liu andR. Chen,“SequentialMonte Carlo Methodsfor
DynamicSystems,” J.Amer. Statist.Assoc.,Vol 93,pp.1032-
1044,1998.

[15] L. Ljung, “AsymptoticBehaviour of the ExtendedKalman
Filter as a ParameterEstimatorfor Linear Systems,” Auto-
maticControl,Vol. 24,pp.36-50,1979.

[16] H. Moon, R. Chellappa,andA. Rosenfeld,“Optimal Shape
Detection,” ICIP, 2000.

[17] J.Sullivan,A. Blake,M. Isard,andJ.MacCormick,“Object
Localizationby BayesianCorrelation,” ICCV, pp.1068-1075,
1999.

[18] M. Zakai,“On theOptimalFilteringof DiffusionProcesses,”
Z. Wahrscheinlichkeitstheorieverw. Gebiete, Vol. 11, pp.
230-243,1969.


