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Abstract

Deformablemodeltracking is a powerfulmethodology
that allows us to track the evolution of high-dimensional
parametervectors from uncalibratedmonocularvideose-
quences.Thecore of the approach consistsof using low-
level vision algorithms, such as edge trackers or optical
�ow, to collecta largenumberof 2D displacements,or mo-
tion measurements,at selectedmodelpointsand mapping
theminto 3D spacewith themodelJacobians.However, the
low-levelalgorithmsareproneto errorsandoutliers,which
canskew theentire trackingprocedure if left unchecked.
There are several knowntechniquesin the literature, such
as RANSAC, that can �nd and reject outliers. Unfortu-
nately, theseapproachesare not easily mappedinto the
deformablemodel tracking framework, where there is no
closed-formalgebraic mappingfromsamplesto theunder-
lying parameterspace. In thispaperwepresenttwosimple,
yeteffectivewaysto �nd theoutliers. We validateandcom-
pare theseapproachesin an 11-parameterdeformableface
trackingapplicationagainstgroundtruth data.
keywords: “Outlier Rejection”, “Robust Methods”, “De-
formableModels”, “3D FaceTracking”.

1. Intr oduction

Trackingdeformablemodelsis a hardtask. We needto
estimatetheunderlyingparametersof ourmodel,bothrigid

andnonrigid,from only two-dimensionalvideosequences.
Facetracking,for example,is the�rst stepin aseriesof im-
portantapplicationssuchassurveillance,facerecognition,
human-computerinteraction,andanimation.

It is very hard to �nd correspondencesbetweenimage
pixels and model points. Typically, we usecomputervi-
sion algorithms(suchas edgetrackers and optical �o w),
togetherwith the inductive assumptionof tracking, to es-
timatepixel correspondencesbetweentwo consecutive im-
ages.Wecanthenuseanoptimizationprocedureto �nd the
new valueof themodelparametersthatminimize the two-
dimensionaldisplacementsbetweenthe model points and
thecorrespondingimagepixels.

Computervision algorithmsaresubjectto errors.When
theseerrorsareall characterizedbyawell-behaveddistribu-
tion, thentheuseof a largenumberof imagedisplacements
worksasanaveraging,or smoothing,procedure,andthese
errorscancelone anotherout. Unfortunately, sometimes
therearegrossoutliers- elementsthat shouldnot be there
andarenot a gooddescriptionof theunderlyingdynamics.
Outlierscanoccurbecauseof invalid assumptions,numer-
ical errors,or just becausesomeheuristicsarenot guaran-
teedalwaysto work. It hasbeenknown that even a small
numberof outlierscan“poison” theresultof analgorithm,
anddeformablemodeltrackingis noexception.

Robust algorithmsin computervision arehardto come
by [14]. Many applicationsare tailored to one particular
classof of data,anddo not necessarilygeneralizewell to
differenttypesof inputs.Trackingthree-dimensionalmod-
els from a noisy image stream,as we do in this paper,
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without a properstatisticalrepresentationof the noise, is
a dauntingtask.Sincewe do not have thenoisemodel,the
leastthatwe cando is to eliminatetheobviousoutliers. In
thispaperwedescribeandcomparetwo techniquestodetect
suchoutliers. The �rst methodworks in the imagespace,
but requiressomenumericalapproximations.For this rea-
son,we developa novel methodthatdetectsoutliersin pa-
rameterspace,without theneedfor any approximations.

Therestof thepaperis organizedasfollows: Wediscuss
relatedwork, provide an overview of deformablemodel
tracking,anddescribetheneedfor a robustoutlier rejection
procedure.We thendiscussthetwo approachesfor �nding
the outliers, and comparetheir performancein validation
experimentswith groundtruth data.

1.1. Relatedwork

Deformablemodelsandtheir representationsarean ac-
tive areaof researchin computervision. Stereoandshape
from shadingmethodsobtaininitial �ts [21]. Within a sim-
ilar framework, [9] usesanthropometricdataand inspired
deformationsto generatefaces.A learning-basedstatistical
modelcanhelp trackingof facemodels[3]. Eigen-based
approaches,suchasPCA decompositions,cansuccessfully
track,�t, andevenrecognizeobjects[15, 2, 17, 19]. In [5]
theheadis modeledasacylinder, andin [1] asaplane,and
in [17, 18] trackingis usedfor animation. In [4], tracking
usesadaptive texture. A powerful deformablevolumetric
model hasbeenalso usedfor fast facetracking [23] and
subtlemotion[27] capture.Integrationof distinctcueshave
beenusedto reducetheeffectof outliersparticularto aspe-
ci�c algorithm[8, 11]. In [11], thedeformablemodelcues
have their distributionsmeasured,but it ignorestheeffects
of possibleoutliers,andin [12], this distribution is usedto
measuretheobservationof a predictive�lter .

Outlier rejection is an importantstep in any �eld that
dealswith noisy andcorrupteddata. Several methodsuse
samplingof multiple minimum-sizesetsto estimatecom-
mon underlyingparameters,and �nd out which elements
shouldbediscarded.AmongthemthereareRANSAC [10],
MLESAC [26], andIMPSAC [24]. M-estimatorslook for op-
timum weightingof eachelement,insteadof just trying to
discardoutliers [13, 6, 7]. Therearegoodoverviews and
comparisonsof thesemethods,bothin thegeneralstatistics
literature[20], aswell asappliedto computervisionpartic-
ularproblems[25].

2. Deformable Models for Tracking

Using a deformablemodel is appropriatewhenever we
would like to trackanon-rigidobject,aboutwhichwehave
alot of prior knowledge(i.e.,generalshapeandrangeof de-
formations). A deformablemodelhasits geometricshape
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Figure 1. Parameter Vector contr ols shape
and rigid transf ormation.

fully determinedby thevalueof aparametervectorq. Some
partsof q areresponsiblefor therigid motion,whereasoth-
erschangeits shape.For example,in a deformablemodel
for facetracking,as in Figure1, thereareparametersfor
eyebrow movement,andmouthopeningandstretching.For
every 2D imagepoint pi on the surfaceof our model,we
havea function

pi = Fi (q) (1)

that evaluatesits positionfor every valueof the parameter
vectorq.

During a tracking session,for every new frame k; we
look for thevalueof theparametervectorqk thatachieves
thebestmodel-imagecorrespondence.In thegeneralcase,
this task is very complicated.Even whenwe can�nd the
correspondencebetweenimagepixelsandmodelpoints,the
functionsFi areusuallynonlinear, andin the generalcase
thereis noclosed-formsolutionfor this inverseproblem.

Nevertheless,we can usecomputervision algorithms,
suchasedgetrackersandoptical �o w, to �nd imageto im-
agecorrespondencesbetweenframes. We then usethese
two dimensionaldisplacementsf i , which we alsocall im-
age forces, to adjust the value of qk � 1 to qk iteratively.
This adjustmentis nothingmorethana local optimization
in parameterspace:thesearchfor a new q thatminimizes
thesumof themagnitudeof all imageforcesf i :

The �rst step is to map all imageforces into a single
contribution in parameterspace,ageneralizedforce

fg =
X

i

B >
i f i ; (2)

whereB i is theprojectedJacobianof themodelat point pi



towhichtheimageforcef i isapplied.Usingthegeneralized
forcefg we solve thedynamicalsystem

_q = K q + fg; (3)

whereK is a stiffnessmatrix, usinga simplegradientde-
scentmethod.

Obviously, thequalityof thesolutiondependson thees-
timate of fg, which in turn dependson the quality of the
imageforce estimatesf i : Computervision algorithmsare
known for their inconsistency, so the quality of the esti-
matesof f i tendsto be uneven. The commonway to deal
with thisproblemis to calculateavery largenumberof im-
ageforces,and to hopethat thereis only a small number
of outlierswhich will bewashedout throughtheaveraging
processof Equation2. Unfortunately, in practice,at best,
ignoringoutliersresultsin noisy tracking. At worst, in the
presenceof noisydata,or corruptedvideosequences,there
typically is asigni�cantly largerpercentageof outliersthan
normal,whichcancausethesystemto losetrack.

3. Outlier Rejection

The collectionof imageforcesgatheredby a computer
vision algorithmis normally corruptedby noise. In addi-
tion, anothermajorsourceof errorscomesfrom datapoint
outliers,dueto failuresof theunderlyingvisionalgorithms,
suchasviolationsof assumptions,occlusions,andsoon. If
we do not take suchoutliersinto account,they candramat-
ically throw off ourestimatesof thegeneralizedforces.

Any attemptto detectthe outliers basedsolely on the
2D characteristicsof the imageis boundto fail, because
it completelydiscardsany information that we have from
the model. For instance,in our facemodelshown in Fig-
ure 1, differentpointsof the modelarecontrolledby dif-
ferentparametersubspaces,which in turn affectshow we
expectthesepointsto behaveover time,with respectto tra-
jectory, velocity, andso on. This informationis expressed
directly in theJacobiansof thepoints.

In generalterms,robustoutlier rejectionis basedon the
ideathat a point is likely to be an outlier if in someframe
it dramaticallydiffers from the expectedbehavior. In the
following we describetwo differentapproachesto outlier
rejectionthat combinethe informationfrom the2D image
andthemodelJacobians.

3.1. Image SpaceOutlier Rejection

Many trackingapplicationsusea Kalman�lter , to com-
binea predictionof thesystem's statewith a measurement,
or observation. The predictionmodelcanbe basedon an
engineer's empiricalknowledgeof theproblemat hand,or
canevenbelearnedfrom data.
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Figure 2. Image space­based outlier rejection

Thesimplestmethodto performoutlier rejectionof im-
ageforcesin a deformablemodelframework is to usethe
Kalman�lter' spredictionof thestate[12], beforethefusion
with theobservation,to weedout theoutliers. At framek,
we have themultivariateGaussianprediction~qk of thepa-
rametervectorfor framek + 1, thecovariancematrix � ~q k

giving theuncertaintyin theprediction,andtheassociated
predictedpointsin imagespace

~pi = Fi (~qk ) : (4)

Wecannotcalculatethecovariancematrix� ~pi of ~pi exactly,
becausethe functionsFi arenonlinear. We can,however,
calculateanapproximationwith a linearizationof theF i :

� ~pi � ~B >
i � ~q k

~B i ; (5)

where ~B i is theprojectedJacobianof themodelat thepre-
dictedimagepoint ~pi .

This covariancematrix de�nes an ellipsoid. If the pre-
diction modelis good,thecomputervision algorithmswill
track andplacethe actualpoint pi at frame k + 1 some-
wherein the vicinity of the predicted~pi ; that is, it will be
mostlikely containedwithin this ellipsoid(Figure2). If pi

fallsoutsideit, it is consideredto beanoutlier. Thus,wecan
usetheMahalanobismetricin conjunctionwith a threshold
to determinewhich imageforcesshouldbeconsideredand
whichonesshouldberejected:

x> � � 1
~pi

x � thr eshold; (6)

wherex = pi � ~pi is thedifferencebetweentherespective
trackedandpredictedimagepoints.

Thismethodrequiresagoodpredictionmodelof thesys-
tem's evolution, and assumesthat a Gaussiandistribution
canproperlyrepresentthe parametervector's distribution.
Themostseriouslimitation of this approachis that it does
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Figure 3. Projection of two­dimensional force
into parameter space .

not take into accountthenonlinearitiesof F i whenproject-
ing theGaussiandistribution into imagespace.This limita-
tion suggeststhatabetterapproachis to performtheoutlier
rejectionin theparameterspace,thusavoiding the projec-
tion andassociatednonlinearityissuesentirely.

3.2. Parameter SpaceOutlier Rejection

Wewouldliketo avoid adirectlinearizationof F i , which
is necessaryto projecta Gaussianinto imagespace,as in
theapproachof theprevioussection.FromEquation2, fg

is de�ned asthesumof the imageforces' projectionsinto
parameterspace

fg =
X

i

fgi ; (7)

where
fgi = B >

i f i ;

illustratedin Figure3.
If we werefollow thesameideaasin theprevioussec-

tion, we would like to predictthe valueof the generalized
force fg for frame k + 1, and usethe Mahalanobismet-
ric on this higher dimensionGaussiandistribution of the
parameter-spaceprojectionof the 2D forces(Equation7).
Unfortunately, thisapproachturnsout to beveryunreliable,
becausefg is directly relatedto the �rst derivative with re-
spectto the model parameters,and thus the predictionis
inherentlytoonoisyto beof use.

The approachthat we follow, insteadof predictingfg,
is basedon estimatingthe distribution of fg in the current
frameandrejectingany forcefgi thatis notcompatiblewith
this distribution. In previous work we showed that, as fg

is the sum of the parameter-spaceprojectionof many 2D
forces(Equation2), a Gaussianreasonablyrepresentsthe
distribution of the resultinggeneralizedforce fg [11], so
oncewe have estimatedfg we can,in principle,againuse
theMahalanobismetric to testthe individual fgi . We now
show how to measuretheparametersof thisGaussian(mean

andcovariancematrix) from theindividual forcesandtheir
associatedJacobians,andthenshow how to usea modi�ed
Mahalanobismetricto identify forcesthatarenot compati-
blewith thedistribution.

Estimating the Distrib ution of fg

If we treatthe generalizedforcesascloud of pointsin the
parameterspace,we cangroupthemin amatrix

Fg =

2

4
j j j

f g1 f g2 � � � f gN

j j j

3

5 ; (8)

and calculatethe mean � and the covariancematrix �
through

� =
1
N

Fg

2

6
4

1
...
1

3

7
5 ; and � =

1
N

FgF >
g : (9)

However, thesesimple estimateswill be incorrect,be-
causeof the phenomenonof parameterunobservability.
Whentheoriginal 2D force f i is non-zero,a zeroentry in
thej th row of ageneralizedforcefgi canhavetwo different
meanings:

1. The j th parameteris alreadyat a minimum,andthus
@pi
@j � f i = 0.

2. Thepointpi doesnotdependonthej th parameter, and
so @pi

@j = 0.

In the�rst case,thej th entryof thegeneralizedforceshould
be zero,but in thesecondcasetheparameteris unobserv-
able: we cannotdraw any conclusionsaboutits value,be-
causeit doesnotaffect thepointpi to which the2D forcef i

is beingapplied.With this interpretationin mind, it is clear
why it is incorrectto interpretFg asa simplecloudof data
pointsin parameterspace— theseunobservablepointsdrag
themeanandcovariancevaluesdown.

To �nd themean� , weneedto estimateeachcomponent
� j usingonly thesubsetSj of generalizedforcesfor which
theparameterj is observable:

Sj =
�

pi

�
�
�
�
@pi

@j
6= 0

�
: (10)

Then

� j =
1

N j

NX

i

f gi;j ; (11)

wheref gi;j is thej th componentof fgi , andN j = jSj j:
Thecalculationof thecovariancematrix � is morecom-

plicated. If we startwith � = FgF >
g , anddivide eachel-

ementby a differentnumberof valid terms(analogousto



Equation11),wemayobtainanon-positive-de�nitematrix.
Theoff-diagonalelementsof thecovariancematrix cannot
becalculatedfrom a subsetof pointsthat is differentfrom
thesubsetusedto calculatethepair of associateddiagonal
elements;otherwisethepositive-de�nitenesspropertydoes
no longerhold. To solve this problem,we assumethat if
parametersj andk areobservablefrom thedifferentsetsof
pointsSj andSk , respectively, they shouldbetreatedasin-
dependent.Thus,thecross-termsbetweentheseparameters
arezero:

� j k =

(
1

N j

P N
i (f gi;j � � j ) (f gi;k � � k ) if Sj = Sk ;

0 otherwise:
(12)

The covariancematrix calculatedthis way can always
beviewedasa block diagonalmatrix (afterrearrangingthe
parameters):

� =

2

6
6
6
6
6
6
6
6
6
4

3

7
7
7
7
7
7
7
7
7
5

;

whereeverysub-blockis positivede�nite. Thus,� is posi-
tivede�nite.

ObservableSubspaceMahalanobisMetric
Therejectioncriterion for every generalizedforce is based
on theMahalanobisdistance,restrictedto thesubsetof ob-
servableparameters.The reasonfor this restrictionis that
whenapointpi hasanunobservableparameterj , its gener-
alizedforcehasa j th componentfgi;j = 0, andthedistance
betweenzeroand� j mightbelargeenoughto pull theMa-
halanobisdistanceabovethethreshold.

We accomplishthis restrictionby projectingthe forces
and covariancematrix into the observable subspacesfor
eachpoint. If a point pi hasl observableparameters,we
can build a projectionmatrix Pi , with dimensionsl � n,
composedof only 0sand1s, thatprojectsa force from the
n-dimensionalparameterspaceinto the l-dimensionalob-
servablesubspace.This samematrix is alsousedto project
thecovariancematrix into theobservablesubspace,so the
acceptancecriterion for a force is its observablesubspace
Mahalanobisdistance

(fgi � � )> P>
i Pi � P>

i Pi (fgi � � ) � thr eshold: (13)

4. Validation with 3D FaceTracking

Recall that the imagespace-basedrejectionmethodin-
volvesa linearization,whereasthe parameterspace-based

Figure 4. Subject with eight marker s physi­
call y drawn in the face .

rejection methoddoesnot. All other factorsequal, we
thereforewouldexpecttheparameterspace-basedrejection
methodto do better. To test this hypothesis,we imple-
mentedthe two methodsin our existing 3D facetracking
system.

For a quantitative evaluationof the methods,we pro-
ducedavideosequenceat60Hz wherewephysicallydrew
markerson thesubject's face(Figure4). We extractedthe
2D imagepositionof eachmarker for all framesin a semi-
automatedmannerbasedonthresholding.The3D modelal-
lowedusto comparetheactual2D markerpositionwith the
projectedpositionof marker in the3D modelat eachframe
of the trackingexperiment.Our evaluationcriterion is the
distancebetweentheprojectedandactual2D marker posi-
tions,wherelowernumbersobviouslymeanbettertracking.

We used an all-purposedeformableface model with
1101nodes,2000faces,and11 parametersthat controlled
boththerigid transformationaswell asthefacialdeforma-
tions (eyebrows, lip stretching,smiling, jaw opening,etc.)
of eachof thesepoints(seeFigure1). Beforewe cantrack
a new subject,the model's mesh�rst needsto be �tted to
the facein an imageat restposition,without the effect of
deformations.Notethatthis processneedsto beonly done
oncefor everysubject,throughmethodssuchas[2, 9, 16].

For thepurposesof thesevalidationexperiments,we �t-
ted themodelin a semi-automaticway: theusermanually
selecteda few dozenmodel-imagecorrespondences.Fit-
ting then consistedof solving Equation3, with the user
correspondencesastheimageforcesf f i g (Section2, Equa-
tion 2),usinga�nite-elementinspiredsetof shapedeforma-
tions.Becausethede�nitions of thefacialexpressiondefor-
mationsareindependentof the basemesh[11], the model
wasreadyfor trackingimmediatelyafter�tting.
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To isolate and understandthe effect of the outlier re-
jectiontechniques,we simpli�ed thetrackingprocedureas
muchaspossible,leaving only onepoint-trackingalgorithm
(cue),andremoving tetheringprocedures.This algorithm
selectedthemodelpointsthatweremostsuitablefor track-
ing [22], and then tracked them to obtain their displace-
mentsf i ateachnew frame.

We comparedthe effectsof no rejection,imagespace-
basedrejection(Section3.1), and parameterspace-based
rejection(Section3.2). Figure5 shows theresultsof these
threedifferent techniques.No outlier rejection(red, solid
curve) faresthe worst, with the error quickly growing out
of control. Imagespace-basedrejection(dottedbluecurve)
andparameterspace-basedrejection(dashedpurplecurve)
faremuchbetter, with parameter-spacebasedrejectionbe-
ing morerobustover thelong run.

5. Conclusions

In this paperwe have introducedtwo approachesfor re-
jectionof theoutlier forcesgeneratedfrom low-level com-
puter vision algorithms. The �rst approachusesa multi-
dimensionalGaussianprediction,andthesecondonebuilds
a covariancematrix from the availabledata. In both tech-
niques,the�nal outlierdetectioncriterionis aMahalanobis
distance.

The �rst approachpredictsthe actualvalue of the pa-
rametersasa Gaussiandistribution, projectsthis Gaussian
into imagespacethrougha �rst order linearizationof the
deformablefunction(theJacobian),andteststhe2D forces
againstthese2D Gaussians.Whenthe trackingsystemal-
readyhasthisprediction(throughtheuseof aKalman�lter ,
for example),this approachis aneasyandcomputationally
cheapway to detect,andreject,outliers. It hasa disadvan-
tageof incorrectlyclassifyingsomepoints,becauseof the
extra uncertaintyof thepredictionstage,andthe�rst order

approximationnecessaryto propagatea Gaussiandistribu-
tion throughanon-linearfunction.Theperformanceof this
procedureis closelyrelatedto thequalityof theprediction.

Thesecondapproachbuilds a meanandcovariancema-
trix basedon the available forces. We have to take spe-
cial carewith the parameterobservability issue,but there
is no predictive stepinvolved, thus increasingrobustness.
On the otherhand,comparedto the �rst method,this ap-
proachrequiresanextrastepto calculatethecovariancema-
trix. However, sincetheoutlier rejectionis performedonly
onceperframe,thisextracomputationalcostis insigni�cant
comparedto the remainingoperationsnecessaryto track a
frame.In addition,sincethis approachworksin a subspace
of theparameterspace,it requiresnolinearapproximations.
Overall, thesefactorsand the validation resultssupporta
clearpreferencefor thesecondapproach.

Acknowledgments

The researchin this paper was supportedby NASA
Cooperative Agreements9-58 with the National Space
Biomedical ResearchInstitute, CNPq, CAPES,FAPESP,
FAEP-Unicamp,and researchscientistfunds by the Gal-
laudetResearchInstitute.

References

[1] M. Black and Y. Yacoob. Recognizingfacial expressions
in image sequencesusing local parameterizedmodelsof
imagemotion. InternationalJournal of ComputerVision,
25(1):23–48,1997.

[2] V. BlanzandT. Vetter. A morphablemodelfor thesynthesis
of 3D faces.In SIGGRAPH, pages187–194,August1999.

[3] M. Brand and R. Bhotika. Flexible �o w for 3D nonrigid
trackingandshaperecovery. In Proceedingsof IEEE Com-
puterVisionandPatternRecognition, pages315–322,2001.



[4] L. Brown. 3D headtrackingusingmotionadaptive texture-
mapping.In Proceedingsof IEEEComputerVisionandPat-
ternRecognition, pages998–1005,2001.

[5] M. Cascia, S. Sclaroff, and V. Athitsos. Fast, reliable
head tracking under varying illumination: An approach
basedon registrationof texture-mapped3D models. IEEE
TransactionsonPatternAnalysisandMachineIntelligence,
22(4):322–336,2000.

[6] H. ChenandP. Meer. Robustcomputervisionthroughkernel
densityestimation.In Proceedingsof EuropeanConference
of ComputerVision, pages236–250,2002.

[7] H. Chenand P. Meer. Robust regressionwith projection
basedm-estimators.In Proceedingsof InternationalCon-
ferenceof ComputerVision, pages878–885,2003.

[8] D. de Carlo and D. Metaxas. Optical �o w constraintson
deformablemodelswith applicationsto facetracking. In-
ternationalJournalof ComputerVision, 38(2):99–127,July
2000.

[9] D. DeCarlo,D. Metaxas,andM. Stone.An anthropometric
facemodelusingvariationaltechniques.In Proceedingsof
theSIGGRAPH, pages67–74,1998.

[10] M. FischlerandR. Bolles. Randomsampleconsensus:A
paradigmfor model�tting with applicationsto imageanal-
ysis and automatedcartography. Communicationsof the
ACM, 24(6):381–395,1981.

[11] S. Goldenstein,C. Vogler, andD. Metaxas.StatisticalCue
Integrationin DAG DeformableModels.2003.

[12] S.Goldenstein,C. Vogler, andD. Metaxas.3D facialtrack-
ing from corruptedmovie sequences. In Proceedingsof
IEEE ComputerVisionandPatternRecognition, 2004.

[13] R. Marona. Robust m-estimatorsof multivariate location
andscatter. Ann.Stat., 4:51–67,1976.

[14] P. Meer, C. V. Stewart, andD. E. Tyler. Robust computer
vision: An interdisciplinarychallenge.In ComputerVision
andImage Understanding, number78,pages1–7,2000.

[15] H. MuraseandS.K. Nayar. Visuallearningandrecognition
of 3-d objectsfrom appearance.International Journal of
ComputerVision, 14:5–24,1995.

[16] F. Pighin, J. Hecker, D. Lischinski, R. Szeliski, and
D. Salesin. Synthesizingrealistic facial expressionsfrom
photographs.In Proceedingsof theSIGGRAPH, pages75–
84,1998.

[17] F. Pighin,R. Szeliski,andD. Salesin.Resynthesizingfacial
animationthrough3D model-basedtracking.In Proceedings
of InternationalConferenceof ComputerVision, pages143–
150,1999.

[18] F. Pighin, R. Szeliski, andD. Salesin. Modeling andani-
matingrealisticfacesfrom images.InternationalJournalof
ComputerVision, 50(2):143–169,2002.

[19] A. RomdhaniandT. Vetter. Ef�cient, robust andaccurate
�tting of a3D morphablemodel.In Proceedingsof Interna-
tional Conferenceof ComputerVision, pages59–66,2003.

[20] P. RousseeuwandA. Leroy. RobustRegressionandOutlier
Detection. Wiley, 1987.

[21] D. Samaras,D. Metaxas,P. Fua,andY. Leclerc. Variable
albedosurfacereconstructionfrom stereoand shapefrom
shading.In Proceedingsof IEEE ComputerVision andPat-
ternRecognition, pages480–487,2000.

[22] J.ShiandC.Tomasi.Goodfeaturesto track.In Proceedings
of IEEE ComputerVision and Pattern Recognition, pages
593–600,1994.

[23] H. TaoandT. Huang.VisualEstimationandCompressionof
FacialMotion Parameters:Elementsof a 3D Model-Based
Video CodingSystem. InternationalJournal of Computer
Vision, 50(2):111–125,2002.

[24] P. Torr and C. Davidson. IMPSAC: A synthesisof im-
portancesamplingand randomsampleconsensus. IEEE
Transactionson PatternAnalysisandMachineIntelligence,
25(3):354–365,2003.

[25] P. Torr andD. Murray. Thedevelopmentandcomparisonof
robustmethodsfor estimatingthefundamentalmatrix. Inter-
nationalJournal of ComputerVision, 24(3):271–300,1997.

[26] P. TorrandA. Zisserman.MLESAC:A new robustestimator
with applicationto estimatingimagegeometry. Computer
VisionandImage Understanding, 78(1):138–156,2000.

[27] Z. WenandT. Huang.Capturingsubtlefacialmotionsin 3D
facetracking. In Proceedingsof InternationalConference
of ComputerVision, pages1343–1350,2003.


