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Abstract
In this paperweperform3D facetracking on corrupted

video sequences.We usea deformablemodel,combined
with a predictive�lter , to recover both the rigid transfor-
mationsand thevaluesof theparameters that describethe
evolutionof thefacial expressionsover time.
To be robust, predictive�lter s needa goodobservationof
thesystem's state. We describea new methodto measure,
at each momentin time, thecorrectdistributionof anobser-
vationof theparametersof a high-dimensionaldeformable
model.Thismethodis basedonboundingthecon�dencere-
gionsof the2D imagedisplacementswith af�ne forms,and
propagatingtheminto parameterspace. UsingLindeberg's
theorem,wemeasurea goodGaussianapproximationof the
parameters in a mannerthatavoidsmanyof thetraditional
assumptionsabouttheobservations'distributions.
Wedemonstratein experimentsonsequenceswith compres-
sionartifacts,andpoor-quality videosequencesof Lauren
Bacall andHumphrey Bogart fromthe1950s,that,without
any learning involved,our methodis suf�ciently robust to
extract informationfromdegradedimagesequences.In ad-
dition, weprovidegroundtruth validation.
keywords: “Kalman �lter”, “Particle Filter”, “3D face
tracking”, “deformablemodels”,“par ametricestimation”.

1. Intr oduction

In this paperwe addressthe problemof trackingthree-
dimensionaldeformablefacesfrom poor-quality monocu-
lar videosequences,suchasmoviesrecordedin the1950s.
Thesemovie sequencesexhibit noise,�ick ering,varyingil-
lumination, and digital compressionartifacts. We do not
have cameracalibrationinformation,andwe have no guar-
anteethat the intrinsic parametersremain constant. All
thesecharacteristicsmake the trackingproblemunusually
dif�cult. To addressthesedif�culties, we presenta de-
formablemodel-basedapproachcombinedwith a powerful
statisticalestimationtechniqueandpredictive �ltering that
doesnot requirelearning. This approachrecoversthe ori-
entationandpositionof thefacesat every frame,aswell as
thevalueof parametersthatcontrolthefacialexpressions.

Facetrackingis a �rst stepin a seriesof importantap-
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Figure 1. (a) TV inter view of Lauren Bacall. (b)
Zoom into the image.

plicationssuchas surveillance, face recognition,human-
computerinteraction,andanimation.In surveillance,asys-
tem could try to discerna subjectsfocusof interestbased
on her gazedirection. In facerecognitionfrom arbitrary
video,it is necessaryto know theshapeandlocationof each
facepartbeforerunningtherecognition.Human-computer
interactionapplicationscaninfer thingsfrom thefacialex-
pressionsanddeformations.In computergraphics,it is de-
sirableto userealfacialexpressionsto animatemodels.

Robust algorithmsin computervision arehardto come
by [17]. Trackingthree-dimensionalmodelsfrom a noisy
imagestream,aswe do in this paper, without a propersta-
tistical representationof thenoise,is a dauntingtask. This
is particularlyimportantfor surveillanceandmilitary appli-
cations,wherethe transmissionchannelmight irreversibly
corruptthedata,andin trackingfrom uncontrolledTV and
movie footagefor computergraphicsandspecialeffects.In
this paper, in particular, we usesequencesfrom public do-
mainfootageof TV interviews recordedin the1950s(Fig-
ure1). In themthesignalwasinterlaced,theircameraswere
not steady, andthey have beenthroughseveralmediacon-
versions,whichall contributedto poorimagequality.

To accomplishtrackingon suchsequences,we usepre-
dictive �lters (Section2) combinedwith a 3D deformable
modeltrackingapproach[18]. To usethepredictive �lters,
we requireanestimateof theprobabilitydistribution of the
deformablemodel'sstate.

To obtainthis estimatewe applyvariouslow-level com-
puter vision algorithms to extract local two-dimensional



displacements– 2D image forces– for selectedpointson
the 3D model, as well as symmetricconvex con�dence
regions that boundthem (the supportof their probability
distributions). We representtheseestimatesof the image
forceswith af�ne forms, anduseaf�ne arithmetic [21] to
project them into parameterspaceto form a multidimen-
sionalforce: thegeneralizedforce, or thecue, of thealgo-
rithm. Whenthealgorithmselectsimagepointssuf�ciently
far apartfrom oneanother, we canreasonablyassumethat
theresultingimageforcesareindependent.Underthesecir-
cumstances,the conditionsfor the Lindeberg theoremare
satis�ed [12], andwe canapproximatethe cueasa multi-
variateGaussiandistribution (Section3).

We thenshow how to usethemultivariateGaussianap-
proximationof the cue's generalizedforce to estimatethe
distribution of a direct measurementof the system's state
asinput to predictive recursive �lters (Section4), andvali-
dateour approachwith trackingof impoverishedvideose-
quences(Section5.1)andgroundtruth data(Section5.2).

1.1. RelatedWork

Deformablemodels[18] andactive contours[9, 2] can
all be usedin tracking applications. In 3D facetracking
therearespecialapplications,suchastrackingwith theop-
tical �o w constraint[10], using a volumetric model [22],
2D texture deformationsover a cylinder [7, 6], a model-
texture hybrid approach[25], using a linear set of mor-
phable faces[20], and dynamic motion templates[24].
Creating the right model for thesetechniquesis a hard
task[3, 26, 20]. Additionally, model-freenon-rigidmotion
canberecovered[5, 4].

Thereareseveralgeneralstatisticalapproachesdesigned
for tracking, estimation,and prediction. The Kalman �l-
ter [16], for example,treatsthe parameters,aswell asthe
observations,asmultivariateGaussiansandalsousesa lin-
ear predictive model. Particle �lter [13] techniques,also
known in computervision as condensation[14], propa-
gatethe evolution of non-Gaussiansampleddistributions
throughnonlinearoperations.The UnscentedKalman �l-
ter [23] alsoworks with particles,but hasa limited num-
ber of carefully selectedsamplesthat grows linearly with
the dimensionof the statevector. All predictive �lters re-
quireknowledgeof theobservations'distributions,anddif-
ferentapplicationsestimateit in differentways.For exam-
ple, in [14] it is estimatedfrom thegradientinformationof
the neighborhood,while in [11] it wasprecomputedfrom
theknowledgeof theenvironment.

2. Predictive Filters: A Quick Overview

Predictive,or Bayesian,�lters area well establishedap-
proachfor tracking. They presenta solid framework for

combiningamodelof thesystem'sevolutionwith anobser-
vationof thesystem's state.Thesystem's evolution model
canbe designedaccordingto an engineer's knowledgeof
theproblemat hand,or learnedfrom data.Both themodel
of evolution,andtheobservationof thestateof thesystem,
aresubjectto corruptionsanderrors,modeledaszero-mean
multivariatenoiseswith known distributions.

In a discrete-timeapproach,usingthenotationof ��� for
thedistributionof therandomvariablerepresentingthestate
vector � at time sample� , thesystem's modelprovidesus
with a reasonableprediction �

�����	� of thestatevectordistri-
butionat timesample��

� :

�
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where � ���! #"%$& �')(* #" , + is thedimensionof thestate
vector � , and , is thedimensionof themultivariatenoise�&-
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Thenext step,alsocalledcorrection,is a directapplica-
tion of theBayesrule:
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Each predictive �lter solves the Bayesian recursive
Equations3 and 4 in a different way, using different as-
sumptions. The Kalman �lter hasa closedalgebraicso-
lution, but it assumesmultivariateGaussiansdistributions,
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Figure 2. A 2D example of the effect of the
obser vation' s PDF in the estimation process.
On the left, an arbitrar y distrib ution, and on
the right a measured distrib ution.

andthat � � and / � arelinear. SinceGaussiandistributions
arepreservedunderlinear transformations,theKalman�l-
teronly hasto estimatethemeanandcovariancematrices.

A particle�lter doesnotassume�Q� or /S� to belinear, and
neitherdoesit useany particularparametricdistribution. It
applies� to samplesthatrepresenttheprior, andaccording
to the Bayesrule, uses/[� to resamplefrom this new dis-
tribution. Althoughit is easyto understandandimplement,
precautionshaveto betakento avoid particlecollapse[15].
Additionally, the numberof necessarysamplesgrows fast
with the dimensionof thestatevector. The Unscented�l-
ter tries to solve the latter problemwith a setof carefully
chosensamples,wherethenumberof particlesgrows only
linearly with thedimensionof thestatevector, andguaran-
teesthatat leastthesecondmomentsarecorrect.

Predictive �lters are ideal for tracking from noisy and
corrupteddata,asthe measurementsaresmoothedout ac-
cording to the system's evolution model. Unfortunately,
they work as expectedonly if we know the real distribu-
tion of themeasurement,8

�

.

�
D

����� at every point in time.
In Figure2 we canseethatanincorrectestimateof theob-
servation's distribution will leadto an poor �nal estimate.
Oneof themainattractionsof our framework in this paper
is thatit providesuswith theneededdistributions.

3. Deformable Models for Tracking

In the deformablemodel framework, tracking the dis-
placementof � betweentwo framesis achievedthroughthe
solutionof adynamicalsystem:

\

�&�N]&�




�J^C� (5)

where] is a stiffnessmatrix, and ��^ is a generalizedforce,
describingthecontribution of all cues.We numericallyin-
tegrateEquation5, startingat the valueof � at the endof
the previous frame. The systemconvergesto the closest
equilibrium point of the internalandexternal forces[18].
Wecall its straightforwardsolution,wherethecontributions
from thecuesareaveragedinto a single ��^ , thedeterminis-
tic approach.

However, averagingignoresthat different cuescan be
structurallydifferent. Sometimesthey comefrom distinct
imagesor cameras,andsometimesthey affect disjoint sets
of points. In the latter scenario,thesedifferentcuescom-
plementeachother. For example,apoint trackercueworks
bestin regionswith complex texture, while a shapefrom
shadingcue works best in regions without texture. Cues
can even comefrom three-dimensionaldata(like a range
scanner).Therefore,a statisticalapproachis indicated. In
our framework, eachcue _ modelslocal 2D imagecontri-
butions, �Q`�a�� astwo-dimensionalaf�ne forms[21]. A two-
dimensionalaf�ne form b

� `�a is representedas:
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componentof thetotaluncertainty. Here, b

�
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regionof uncertaintyaroundtheimageforceasasymmetric
convex polygon,whosenumberof facesdependson t .

Thecue'sgeneralizedforceis thesumof its localcontri-
butions,after we projecttheminto parameterspace,using
theJacobianof thedeformablemodelateachpoint:
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a is the projectedmodelJacobianat point y , and
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anaf�ne form [21]. Equation7 resultsin an + -dimensional
af�ne form thatrepresentsthecue'sgeneralizedforce.

If the2D forcesareselectedat pointssuf�ciently apart;
that is, if we enforce a minimum distancebetweenthe
points,it is reasonableto assumethatthey areindependent
in Equation7 [12], andthusall noisevariablesin b
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independent.Using Lindeberg's theorem[8, pp 205+], it
is possibleto prove that the sumwill converge to a Gaus-
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We thenusemaximumlikelihoodestimation(MLE) [1, 16]
to �nd theoptimal ��^C-



Figure 3. Snapshots of a 3600­frame sequence with compression artifacts (DV encoder).

4. Simple Kalman Filter in a Deformable
Model Framework

Now we have thenecessarypiecesto formulatethepre-
dictive �lter framework. Themethoddescribedin thepre-
vioussection�nds themeanandcovariancematrix of �

� ^ ,.
Using an adaptive Euler integrationapproach,we �nd the
solutionof Equation5 to obtain �

�[†‡g ˆŠ‰‡‹ , theobservationsof
theparametervectorat time Œ , and •

† , theadditiveGaussian
noisewith zeromean:
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where – is the integrationstepcounter, Ž
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is the integration
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In thisapplication,ourobservationsarealreadyobtained
in parameterspace,so we usea simple linear predictive
modelfor theevolutionof oursystem.Theobservationsare
derived from the cue's distributions,andhave a Gaussian
noise,sowecanapplyaKalman�lter [16, 1]:
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wherematrix ˜c† is the linear model of evolution for the
parametervector � , and ™

† is a Gaussiannoisewith zero
mean. In our experimentswe calculate˜•† at eachframe
in orderto predictthesametransformationon �

†‡I�� asthe
systemhadeffectively donebetween�

†‡I

„

and �
†‡I�� , based

onstandardKalman�lter theory[1].
Ourmethodprovidesacomputationallyef�cient method

to measurethe distribution of the observation ›
† at each

point in time in systemswith a highdimension.

5. Real 3D FaceTracking Experiments

We now show experimentsthatdemonstratethe robust-
nessof our cue integrationandpredictive �ltering frame-
work. In addition,weshow anexperimentwith groundtruth
datathatevaluatestheaccuracy of thedeformabletracking

frameworkwith deterministicandstatisticalcueintegration,
and their combinationswith predictive �ltering using our
techniquefor estimatingthecovariancematrices.

We implementedthetechniquesin this paperin our de-
formablemodeltrackingsystem.Weadaptedandsimpli�ed
a geometricmodelof a head,madeavailableby the com-
putergraphicsgroupof theUniversityof Washingtonaspart
of [19]. Theresultwasastaticmaskmodelof agenericface
with 1101nodesand2000faces.We thenmarkedregions
onthesurfacethatareaffectedby aparameter, andhow this
effect variedin this region. The modelhas11 parameters,
oneto raise/lower eyebrows, two for thesmiling/stretching
of themouth,onefor theopeningof thejaw, andanother7
for thereferenceframe.For simplicity, wemodeledthejaw
movementasan af�ne transformation.which is suf�cient
for smallopeningsof themouth,eventhougharotationop-
erationis thecorrectway to modelthejaw.

Beforetracking,themodelneedsto be �tted to the�rst
frame of the sequencein a one-timeprocedure. In these
experiments,we �tted by generatingforcesfrom manually
speci�ed correspondencesbetweenthe model and image
points,andthenintegratingEquation5. Note that thesys-
temtracksthethemouthmovementanddoesnot losetrack,
even if the shapeslightly drifts for shortamountsof time
(seealsothemovie).

5.1. Robustness

Thevideodatawerecorruptedin two ways:

DV CompressionArtifacts Figure3 hassnapshotsof a
trackingsequencewith this model, �tted to a subjectin a
psychiatricexperiment,whichwasdesignedto evaluatethe
relationshipbetweenstressand facial expressions.It was
capturedin grayscaleat 30 Hz with a mini-DV cameraand
containednoticeablecompressionartifacts. This sequence
had approximately2000 frames(2 min). We integrated
threecues,whichwerea point tracker, anedgetracker, and
anoptical �o w estimator. As the imagesandtheaccompa-
nying videoshow, thesystemkeptgoodtrackthroughout.

Old Movie Sequences Compressionartifacts already
poseproblemsto tracking systems,but they pale next to
theproblemsposedby old videos,which suffer from inter-
lacing,varyingilluminations,�ick er, jittery cameracontrol,



Figure 4. Humphre y Bogar t on TV.

Figure 5. Lauren Bacall on TV.

andnoisedueto degradationof the �lm masters(seealso
Figure1). Especiallydamning,theillumination constraints
thatareneededto computeoptical�o w arenotvalid, sowe
are left only with point andedgetracking. We testedour
systemon two sequencesfeaturingHumphrey Bogartand
LaurenBacall that were recordedin the 1950s. Eachse-
quencewasapproximately600frameslong. As theaccom-
panying videoandFigures4, 5 show, theimagequalitywas
extremelypoor, yetthesystemmanagedto keeptrackof the
rigid modelparametersandthe facialdeformations.These
resultsdemonstratethatastatisticalapproachto deformable
modelsis powerful enoughto handleextremelybad-quality
datawithout learning,andwithout usingoptical�o w.

5.2. Validation

To validateandcomparethestatisticalapproachandthe
embeddinginto a Kalman�lter framework, we useda spe-
cial concoctedsequence,wherethe subjecthad8 markers
physically drawn in the facewith makeup. We extracted
the2D coordinatesof eachmarker andusedour systemto
trackthesequence— avoiding imageinformationfrom the
neighborhoodof themarkers. The error of eachmarker is
de�ned as its 2D distancefrom our estimateto its actual
position. In Figure6 we show a snapshotof the sequence
andtheplot comparingtheaverageerror (in pixels)of the
markersbetweena simplenon-statisticalmethod(average
of the cues),a Kalman�lter usingour methodto estimate
the distribution of eachcue (but without the MLE cue in-
tegration),thetrackingusingthestatisticalcueintegration,
anda tracking experimentusing both cue integrationand
a Kalman�lter . The sequencehad900 framesat 15Hz (1

minute)at a žEz

~
$

z�Ÿ

~ resolution.Our systemusedanav-
erageof 0.7s/frame(including 0.2sfor imageprocessing),
with at most600stepsin theintegrationof Equation5.

In the error plot, we observe that a Kalman �lter only
achievessigni�cant gainsin accuracy whenthedistribution
of theobservationsis correctlyestimatedwith ourcueinte-
grationmodel.Thepurelydeterministicapproach,with and
withoutaKalman�lter , eventuallylosestrack,with drifting
errorsof 35–45pixels. In contrast,the experimentsusing
the MLE cueintegration,with andwithout a Kalman�lter ,
keeptrack,with drifting errorsin therangeof 6–12pixels.

6. Conclusions

Our approachto estimatingtheprobabilitydistributions
of the deformablemodel's systemstate,combinedwith a
predictive �lter , signi�cantly improvesthe robustnessand
accuracy of the tracking process,as demonstratedon the
ground truth data, and makes tracking of impoverished
video sequencesfeasible. The differencein accuracy be-
tweenthestatisticalanddeterministicmethodsgrowsasthe
quality of the datadegrades.Finally, thereis no learning
involved in our method,only a one-time�tting processof
the facemodel to an imageframeat the beginning of the
trackingsequence.This illustrateshow reliably we extract
informationfrom thedegradedimagesequence.

TheGaussianapproximationholdswell only if thereare
few outliers in the imageforces. We avoid mostof them
by allowing eachcueto selectonly thepointsof themodel
thathavegoodimageattributes,but futurework shouldap-
ply explicit outlier rejectionmethods.For instance,ideally,
optical �o w would provide usewith informationof points
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Figure 6. Average pix el error of ground truth tracking sequence using diff erent methods. Best to
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that are not good for either the point tracker or the edge
tracker. Unfortunately, in our experimentstheoptical �o w
turnedout to be a liability, becausethe illumination con-
straintswerebeingviolatedsoblatantly. To make it work,
we arecurrently investigatinglow-level imageprocessing
restorationtechniques,relaxingthe�o w constraints,aswell
asrobustoutlier rejectionprocedures.
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