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Abstract

In this paperwe perform3D facetradking on corrupted
video sequencesWe use a deformablemodel, combined
with a predictive Iter, to recover both the rigid transfor
mationsand the valuesof the parametes that describethe
evolutionof thefacial expressiongvertime
To be robust, predictive Iter s needa good observationof
the systemns state We describea new methodto measue,
ateadhmomentn time, thecorrectdistribution of an obser
vationof the parametes of a high-dimensionatleformable
model.Thismethods basedonboundingthecon dencere-
gionsof the 2D image displacementsvith af ne forms,and
propagatingtheminto parameterspace UsingLindebeg's
theoem,wemeasue a goodGaussiarapproximationof the
parametesin a mannerthat avoidsmanyof thetraditional
assumptionaboutthe observationsdistributions.

We demonstatein experiment®nsequencewith compes-
sion artifacts, and poor-quality videosequencesf Lauren
Bacall and Humphey Bogart fromthe 1950s that, without
any learning involved,our methodis sufciently robustto
extractinformationfrom degradedimage sequencedn ad-
dition, we provide groundtruth validation.

keywords: “Kalman lter”, “Particle Filter”, “3D face

tracking”, “deformablemodels”,“par ametricestimation”.

1. Intr oduction

In this paperwe addresshe problemof trackingthree-
dimensionaldeformablefacesfrom poorquality monocu-
lar video sequencesuchasmoviesrecordedn the 1950s.
Thesemovie sequencesxhibit noise, ick ering,varyingil-
lumination, and digital compressiorartifacts. We do not
have cameracalibrationinformation,andwe have no guar
anteethat the intrinsic parametergemain constant. All
thesecharacteristicsnake the tracking problemunusually
dif cult. To addressthesedif culties, we presenta de-
formablemodel-basedpproactcombinedwith a powerful
statisticalestimationtechniqueandpredictive ltering that
doesnot requirelearning. This approachrecoversthe ori-
entationandpositionof thefacesat every frame,aswell as
thevalueof parametershatcontrolthe facialexpressions.

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.

plications such as sunwillance, face recognition, human-
computeiinteraction,andanimation.In sureillance asys-
tem couldtry to discerna subjectsfocus of interestbased
on her gazedirection. In facerecognitionfrom arbitrary
video,it is necessarjo know theshapeandlocationof each
facepartbeforerunningthe recognition.Human-computer
interactionapplicationscaninfer thingsfrom the facial ex-
pressionanddeformationsin computergraphicsijt is de-
sirableto userealfacialexpressiongo animatemodels.

Rohust algorithmsin computervision arehardto come
by [17]. Trackingthree-dimensionainodelsfrom a noisy
imagestream,aswe do in this paper without a propersta-
tistical representationf the noise,is a dauntingtask. This
is particularlyimportantfor suneillanceandmilitary appli-
cations,wherethe transmissiorchannelmight irreversibly
corruptthedata,andin trackingfrom uncontrolledTV and
movie footagefor computemgraphicsandspecialeffects.In
this paper in particular we usesequencefrom public do-
mainfootageof TV interviews recordedn the 1950s(Fig-
urel). In themthesignalwasinterlacedtheircamerasvere
not steady andthey have beenthroughsereral mediacon-
versionswhich all contributedto poorimagequality.

To accomplishtrackingon suchsequencesye usepre-
dictive lters (Section2) combinedwith a 3D deformable
modeltrackingapproact{18]. To usethe predictie lters,
we requirean estimateof the probability distribution of the
deformablemodel's state.

To obtainthis estimatewe apply variouslow-level com-
puter vision algorithmsto extract local two-dimensional



displacements- 2D image forces— for selectedpointson
the 3D model, as well as symmetric corvex con dence
regions that boundthem (the supportof their probability
distributions). We representheseestimatesof the image
forceswith af ne forms anduseaf ne arithmetic[21] to
projecttheminto parameterspaceto form a multidimen-
sionalforce: the generlizedforce or the cug of thealgo-
rithm. Whenthealgorithmselectamagepointssuf ciently

far apartfrom oneanotherwe canreasonablyassumehat
theresultingimageforcesareindependentUnderthesecir-
cumstancesthe conditionsfor the Lindebeg theoremare
satis ed[12], andwe canapproximatethe cueasa multi-
variateGaussiartistribution (Section3).

We thenshawv how to usethe multivariateGaussiarap-
proximationof the cue's generalizedorce to estimatethe
distribution of a direct measuremendf the systems state
asinputto predictve recursve lters (Sectiond), andvali-
dateour approachwith trackingof impoverishedvideo se-
guencegSection5.1) andgroundtruth data(Section5.2).

1.1 Related Work

Deformablemodels[18] andactive contours[9, 2] can
all be usedin tracking applications. In 3D facetracking
therearespecialapplicationssuchastrackingwith the op-
tical ow constraint[10], usinga 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].
Creatingthe right model for thesetechniquesis a hard
task[3, 26, 20]. Additionally, model-freenon-rigid motion
canberecovered[5, 4].

Thereareseveralgeneraktatisticalapproachedesigned
for tracking, estimation,and prediction. The Kalman I-
ter [16], for example,treatsthe parametersaswell asthe
obsenations,asmultivariateGaussiansindalsousesalin-
ear predictve model. Particle Iter [13] techniquesalso
known in computervision as condensation{14], propa-
gatethe evolution of non-Gaussiarsampleddistributions
throughnonlinearoperations. The UnscentedKalman I-
ter [23] alsoworks with particles,but hasa limited num-
ber of carefully selectedsampleghat grows linearly with
the dimensionof the statevector All predictive lters re-
quireknowledgeof the obsenations'distributions,anddif-
ferentapplicationsestimatet in differentways. For exam-
ple,in [14] it is estimatedrom the gradientinformationof
the neighborhoodwhile in [11] it was precomputedrom
theknowledgeof theernvironment.

2. Predictive Filters: A Quick Overview

Predictve, or Bayesian,lters areawell establishedp-
proachfor tracking. They presenta solid framework for

combiningamodelof the systems evolution with anobser
vationof the systems state. The systems evolution model
canbe designedaccordingto an engineer$ knowledge of
the problemat hand,or learnedfrom data. Both the model
of evolution, andthe obsenationof the stateof the system,
aresubjectto corruptionsanderrors,modeledaszero-mean
multivariatenoiseswith known distributions.

In adiscrete-timeapproachusingthenotationof  for
thedistribution of therandomvariablerepresentinghestate
vector attime sample , the system$ modelprovidesus
with areasonabl@rediction of the statevectordistri-
bution attime sample

1)

where , isthedimensionof the state
vector ,and isthedimensionof the multivariatenoise

At eachtime sample we make anobsenation , or
measuremengf thesystem.Theseobsenationsarerelated
to the statevectoras:

(2)

where , Is the dimensionof the
measurements, and is thedimensionof the multivariate

noise All theinformationavailableat time sample is
representeds . We alsoneedto know
the prior, , which is the probability dis-

tribution functionof the statevectoratthe startingtime.
Predictve Iters recursvely nd from
and . This computationis donein two
steps.In the rst step

but usingEquationl it becomes

(3)

The next step,alsocalledcorrection,is a directapplica-
tion of the Bayesrule:

andusingEquation2 we get

(4)

Each predictve lter solves the Bayesianrecursve
Equations3 and 4 in a differentway, using differentas-
sumptions. The Kalman lter hasa closedalgebraicso-
lution, but it assumesnultivariateGaussianslistributions,
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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 SinceGaussiardistributions
arepreseredunderlineartransformationsthe Kalman I-
teronly hasto estimatehe meanandcovariancematrices.

A particle Iter doesnotassume or tobelinear, and
neitherdoesit useary particularparametriaistribution. It
applies to sampleghatrepresenthe prior, andaccording
to the Bayesrule, uses  to resamplefrom this new dis-
tribution. Althoughit is easyto understanéndimplement,
precautiondiave to betakento avoid particlecollaps€15].
Additionally, the numberof necessargamplesggrows fast
with the dimensionof the statevector The UnscentedlI-
ter tries to solve the latter problemwith a setof carefully
chosersampleswherethe numberof particlesgrows only
linearly with the dimensionof the statevector andguaran-
teesthatatleastthe secondnomentsarecorrect.

Predictve Iters areideal for tracking from noisy and
corrupteddata,asthe measurementare smoothecut ac-
cording to the systems$ evolution model. Unfortunately
they work as expectedonly if we know the real distribu-
tion of the measurement, at every pointin time.
In Figure2 we canseethatanincorrectestimateof the ob-
senation's distribution will leadto an poor nal estimate.
Oneof the mainattractionsof our framework in this paper
is thatit providesuswith the neededlistributions.

3. Deformable Models for Tracking

In the deformablemodel framework, tracking the dis-
placemenbf betweenwo framesis achievedthroughthe
solutionof adynamicalsystem:

()

where is astiffnessmatrix, and is ageneanlizedforce
describingthe contrikbution of all cues.We numericallyin-
tegrateEquation5, startingat the valueof atthe endof
the previous frame. The systemcorvergesto the closest
equilibrium point of the internaland externalforces[18].
We call its straightforvardsolution,wherethe contributions
from the cuesareaveragednto asingle , thedeterminis-
tic approad.

However, averagingignoresthat differentcuescan be
structurallydifferent. Sometimeghey comefrom distinct
imagesor camerasandsometimeghey affect disjoint sets
of points. In the latter scenario thesedifferentcuescom-
plementeachother For example,a pointtracker cueworks
bestin regionswith complec texture, while a shapefrom
shadingcue works bestin regions without texture. Cues
can even comefrom three-dimensionatlata(like a range
scanner).Therefore a statisticalapproachs indicated. In
our framework, eachcue modelslocal 2D imagecontri-
butions, astwo-dimensionahfne forms[21]. A two-

dimensionakfne form  isrepresenteds:

(6)

wherethecoefcients aretwo dimensionalectorsand

aresymbolicreal variableswhosevaluesare unknawn,
but guaranteedo lie in the interval . The quan-
tity is thecentral valug andthe arecalledthenoise
variables Eachnoisevariable representanindependent
componenbf thetotaluncertaintyHere,  representshe
regionof uncertaintyaroundtheimageforceasasymmetric
convex polygon,whosenumberof facesdepend®n

Thecue'sgeneralizedorceis thesumof its local contri-
butions, after we projecttheminto parametespace using
the Jacobiarof the deformablemodelat eachpoint:

(7)

where is the projectedmodel Jacobiarat point , and
is theimageforce thatcue appliesat point . Since
is anafne form boundingthe imageforce,and s
a -by- matrix, is a setof af ne operationsover
anafne form [21]. Equation7 resultsin an -dimensional
afne form thatrepresentthe cue's generalizedorce.

If the 2D forcesareselectedht pointssufciently apart;
that is, if we enforcea minimum distancebetweenthe
points,it is reasonabléo assumehatthey areindependent
in Equation? [12], andthusall noisevariablesin are
independent.Using Lindebeg's theoem|[8, pp 205+], it
is possibleto prove thatthe sumwill corvergeto a Gaus-
siandistribution with mean andcovariancematrix

[12], and estimateits meanand covariancematrix as
well throughdirectexpectatiorproperties Sincewe ensure
that , the meanvectoris
andthe covariancematrix is

which aftermanipulationdaselements

We thenusemaximumlikelihoodestimation(MLE) [1, 16]
to nd theoptimal



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

4. Simple Kalman Filter in a Deformable
Model Framework

Now we have the necessarpiecesto formulatethe pre-
dictive Iter framework. The methoddescribedn the pre-
vious section nds the meanandcovariancematrix of .
Using an adaptve Euler integrationapproachwe nd the
solutionof Equation5 to obtain , the obsenationsof
theparametevectorattime ,and ,theadditive Gaussian
noisewith zeromean:

and
(8)

where is theintegrationstepcounter is the integration
stepatstep , andwith initial conditions and

In thisapplication,our obsenationsarealreadyobtained
in parameterspace,so we usea simple linear predictve
modelfor theevolution of our system.Theobsenationsare
derived from the cue's distributions, and have a Gaussian
noise,sowe canapplyaKalman lter [16, 1]:

(9)

wherematrix  is the linear model of evolution for the
parameterector , and is a Gaussiamoisewith zero
mean. In our experimentswe calculate  at eachframe
in orderto predictthe sametransformatioron asthe
systemhadeffectively donebetween and , based
onstandarKalman lter theory[1].

Ourmethodprovidesa computationallyef cient method
to measurethe distribution of the obseration  at each
pointin timein systemswith a highdimension.

5. Real 3D FaceTracking Experiments

We now shav experimentghat demonstratehe robust-
nessof our cueintegration and predictive Itering frame-
work. In addition,we shaov anexperimentwith groundtruth
datathatevaluateshe accurag of the deformabldracking

frameawvork with deterministiandstatisticalcueintegration,
and their combinationswith predictive ltering usingour
techniqueor estimatingthe covariancematrices.

We implementedhe techniquesn this paperin our de-
formablemodeltrackingsystem We adaptecndsimpli ed
a geometricmodel of a head,madeavailable by the com-
putergraphicggroupof the Universityof Washingtoraspart
of [19]. Theresultwasastaticmaskmodelof agenericface
with 1101 nodesand2000faces. We thenmarked regions
onthesurfacethatareaffectedby aparameterandhow this
effect variedin this region. The modelhas11 parameters,
oneto raise/laver eyebravs, two for the smiling/stretching
of themouth,onefor the openingof the jaw, andanother7
for thereferencdrame. For simplicity, we modeledthe jaw
movementasan af ne transformation.which is sufcient
for smallopeningsof the mouth,eventhougharotationop-
erationis the correctway to modelthe jaw.

Beforetracking,the modelneedso be tted to the rst
frame of the sequencen a one-timeprocedure. In these
experimentswe tted by generatindorcesfrom manually
speci ed correspondenceketweenthe model and image
points,andthenintegrating Equation5. Notethatthe sys-
temtracksthethe mouthmovementanddoesnotlosetrack,
evenif the shapeslightly drifts for shortamountsof time
(seealsothemovie).

5.1 Robustness

Thevideodatawerecorruptedn two ways:

DV CompressionArtifacts  Figure 3 hassnapshot®f a

tracking sequencevith this model, tted to a subjectin a

psychiatricexperimentwhich wasdesignedo evaluatethe

relationshipbetweenstressand facial expressions.It was

capturedn grayscaleat 30 Hz with a mini-DV cameraand

containednoticeablecompressiorartifacts. This sequence
had approximately2000 frames (2 min). We integrated

threecues which werea pointtracker, anedgetracker, and

anoptical o w estimator As theimagesandthe accompa-
nying video shaw, the systemkeptgoodtrackthroughout.

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



Figure 4. Humphre y Bogart on TV.

Figure 5. Lauren Bacall on TV.

andnoisedueto degradationof the Im mastergseealso

Figurel). Especiallydamning theillumination constraints
thatareneededo computeoptical o w arenotvalid, sowe

areleft only with point and edgetracking. We testedour

systemon two sequencefeaturingHumphrey Bogartand

LaurenBacall that were recordedin the 1950s. Eachse-

guencewvasapproximatelyo00frameslong. As theaccom-
parying videoandFigures4, 5 shav, theimagequality was

extremelypoor, yetthesystemmanagedo keeptrackof the

rigid modelparametersindthe facial deformations.These
resultsdemonstrat¢hata statisticalapproacho deformable
modelsis powerful enoughto handleextremelybad-quality
datawithoutlearning,andwithout usingoptical o w.

5.2 Validation

To validateandcomparethe statisticalapproactandthe
embeddingnto a Kalman lter framework, we useda spe-
cial concoctedsequencewherethe subjecthad 8 markers
physically drawvn in the facewith makeup. We extracted
the 2D coordinateof eachmarker andusedour systemto
trackthe sequence— avoiding imageinformationfrom the
neighborhoof the marlkers. The error of eachmarker is
de ned asits 2D distancefrom our estimateto its actual
position. In Figure6 we shov a snapshobf the sequence
andthe plot comparingthe averageerror (in pixels) of the
markers betweena simple non-statisticainethod(average
of the cues),a Kalman Iter usingour methodto estimate
the distribution of eachcue (but without the MLE cuein-
tegration),the trackingusingthe statisticalcueintegration,
and a tracking experimentusing both cue integration and
a Kalman Iter. The sequencéad900 framesat 15Hz (1

minute)ata resolution.Our systemusedan av-
erageof 0.7s/frame(including 0.2sfor imageprocessing),
with atmost600stepsin theintegrationof Equation5.

In the error plot, we obsene that a Kalman Iter only
achievessigni cant gainsin accurag whenthe distribution
of theobsenationsis correctlyestimatedvith our cueinte-
grationmodel. Thepurelydeterministicapproachwith and
withoutaKalman Iter , eventuallylosestrack,with drifting
errorsof 35-45pixels. In contrast,the experimentsusing
the MLE cueintegration,with andwithout a Kalman Iter,
keeptrack,with drifting errorsin therangeof 6-12pixels.

6. Conclusions

Our approacho estimatingthe probability distributions
of the deformablemodel's systemstate,combinedwith a
predictive lter, signi cantly improvesthe robustnessand
accurag of the tracking process,as demonstrateen the
ground truth data, and makes tracking of impoverished
video sequencegeasible. The differencein accurag be-
tweenthe statisticalanddeterministianethodggrows asthe
quality of the datadegrades. Finally, thereis no learning
involvedin our method,only a one-time tting processof
the facemodelto an imageframe at the beginning of the
trackingsequenceThis illustrateshow reliably we extract
informationfrom the degradedmagesequence.

The Gaussiarapproximatiorholdswell only if thereare
few outliersin the imageforces. We avoid mostof them
by allowing eachcueto selectonly the pointsof the model
thathave goodimageattributes,but futurework shouldap-
ply explicit outlier rejectionmethods For instancejdeally,
optical o w would provide usewith informationof points
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Figure 6. Average pixel error of ground truth tracking sequence using diff erent methods.
worst: Combination of MLE cue integration/Kalman

that are not good for either the point tracler or the edge
tracker. Unfortunatelyin our experimentsthe optical ow
turnedout to be a liability, becausehe illumination con-
straintswerebeingviolatedso blatantly To make it work,
we are currently investigatinglow-level image processing
restoratiortechniquestelaxingthe o w constraintsaswell
asrobustoutlier rejectionprocedures.
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