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Abstract

In manytracking applications,thedeformableobjectof
interestsuffers from frequentocclusions.Traditional aug-
mentingmethodsusetemplatesandmeasuresof similarity
to recover from occlusions. In this paper, we break with
thesemethods. Instead,we modelbad image correspon-
dences,which are inducedby occlusions,asstatisticalout-
liers in thecontextof trackinghigh-dimensionaldeformable
models.This interpretationallowsusto userobuststatisti-
cal estimators in the deformablemodel's parameterspace
to detectandeliminatesuch outliers. Becausefast-moving
occlusionscan generatean excessivelylarge outlier to in-
lier ratio in theoccludedareas,wecombinetherobuststa-
tistical estimationwith an initial rejection of correspon-
dencesbasedon themagnitudeof theoptical �ow, a simple
2D criterion. To improve robustnessevenfurther, we have
the�nal outlier rejectiontesttake into accountboththesta-
tistical distribution of the deformablemodel's parameters,
and that differentparameters are affectedby differentsub-
setsof correspondences.We validateanddemonstrateour
techniqueon real sequencesof AmericanSign Language,
which exhibit frequentand extensiveocclusionscausedby
fastmovementof thesubjects'hands.

1. Intr oduction

Object tracking is oneof the corecomputervision ac-
tivities, andfunctionsasa building block for many higher-
level recognitionandcognitionapplications.Everyapplica-
tion hasa differentsetof particularcharacteristicsthatcan
constrainor simplify the problem,so tracking is a highly
specializedtask, with a panoplyof different approaches.
Yet,all theseapproacheshavein commonthatthey stumble
whentheobjectof interestundergoesocclusions.In some
applications,suchassignlanguagerecognition,occlusions
comewith theterritory, andwecannotdismissthemasrare
anomaliesor pathologicalcases.In this paper, we defend
theratherbold statementthata statisticalrepresentationof
theobjectswith randomvariables,anddetectingstatistical

outliers,givesrise to a fundamentaltheoreticalframework
for dealingwith occlusions.

Detectingandrecoveringfrom occlusionsis a daunting
problem.Theapproachof choicein theliteratureis theuse
of prototypes[5, 10, 19], whichareexemplarsof theobject
in question. Along with measuresof similarity, they help
identify incompatiblechanges.In contrast,we view occlu-
sionsas2D regionsmoving overtheobjectof interest,such
asa handin front of a face,andwe assumethat we have
a parameterizedmodel for the objectof interest. We de-
cideon a frame-by-framebasiswhethera previously valid
tracked featurehasto be discarded,usingrobuststatistical
estimatorsfor the distribution of the featuresin parameter
space.

The justi�cation for this approachis that, generally,
the valid featuresoutnumberthe invalid ones,becauseat
any moment,previouslyvalid featuresonly becomeinvalid
along the fringe of the occlusion. Even so, fast moving
occlusionswith large jumpsbetweenframesexhibit large
fringes, and the numberof invalid featurescan become
overwhelming. We addressthis problemby usingan op-
tical �o w-basedrejectioncriterionasa preprocessingstep,
which lowersthenumberof outlierssuf�ciently for robust
statisticalestimatorsto takeover. Couplingoutlierrejection
and�o w allows usto have bothmodelandimageinforma-
tion working in a complementarymanner, exploiting both
3D [7] and2D [20] aspectsof theproblem.

We demonstratetheseideasin the context of a 3D de-
formable model-basedface tracking system(Section 3),
and useit to track very dif�cult sequencesfrom the Na-
tional Center of Sign Languageand GestureResources
(NCSLGR)[14]. In themsubjectstell storiesin American
SignLanguage(ASL), which exhibit fastheadtranslations
androtations,dynamicfacialexpressions,andabundantoc-
clusionsof thefaceby thehands.

In additionto thepracticalresults(Section5), we make
four theoreticalcontributions,whichall helpusconqueroc-
clusions: the conceptof applyingoutlier detectionto deal
with occlusions(Section4), theanalysisandsolutionof the
problemwheninsuf�cient dataskew results(Section3.3),



the statisticalimprovementof an existing parameter-space
outlierrejectionmethod[26] (Sections4.2and4.3),andthe
combinationof outlier rejectionwith detectingfast2D mo-
tionsvia Bayesianoptical�o w (Section4.4).

2. RelatedWork

Bayesian�lters arethebaseof statisticaltracking.If we
model the randomvariablesasGaussians,the Kalman�l-
ter [13] andthe UnscentedKalman�lter [27] arepopular
choices.If therandomvariablesaretreatedasnonparamet-
ric entities,theusualchoiceis theparticle �lter [8, 9].

Many trackingapplicationsdealwith occlusionthrough
prior knowledge. A popularapproachis to acquiretem-
platesof thesubjectat key locations[5, 10, 19], andto use
measuresof similarity to discardpointsthatdonotconform
to theknown model.Anotherpossibilityis to learnfamilies
of shapesto constrainthesearchfor con�gurations[4].

Outliers are an important �eld in the statisticslitera-
ture [16], andhave alsoattracteda lot of attentionin com-
putervision [2, 24]. Somemethods,suchasRANSAC [6],
MLESAC [25], and IMPSAC [23], look how to identify and
discardtheoutliers. On theotherhand,M-estimatorslook
for anoptimalweightingof eachelement[2, 3, 12].

The theory of deformablemodelsis powerful and has
beenusedin a wide variety of applicationsin 2D [4, 11],
andin 3D, suchas�tting [1, 18] andtracking[7, 22, 28].

3. ParameterizedDeformable Models

A parameterizeddeformablemodelcanbe represented
by asetof pointspi , arrangedin apolygonalmesh,thatde-
scribesa discretizationof theunderlyingcontinuousshape.
Eachpoint hasa positionandassociatedJacobian

pi = Fi (~q) ; and J i =

2

4
j j

@pi
@q1

� � � @pi
@qn

j j

3

5 ; (1)

with respectto theunderlyingparametervector~q 2
� n :

To matcha deformablemodel with someinput media,
suchasa2D or volumetricimage,wesearchfor thevalueof
~q thatbestalignsthemodelpointspi with theinputmedia's
points; in otherwords,deformablemodelscanbe viewed
as an optimizationproblem. In tracking applications,we
repeatthis procedurerecursively, takingadvantageof tem-
poral andspatialcohesionby using the estimatefrom the
previousframeasa startingpoint for thenext frame.

Thus, our goal is to minimize the alignmenterror be-
tweenthe predictedmodel positionsFi (~q) and the corre-
spondingpoints in the input image. The traditional opti-
mizationprocedureconsistsof a multivariategradientde-
scent,usingtheJacobianastheguide:

_~q =
X

i

~f gi =
X

i

B >
i

~f i ; (2)

whereB i is the projectionof the JacobianJ i into the im-
ageplane,and ~f i ; also called an image force, is the dis-
placementbetweenthedesiredlocationof point pi andthe
currentpredictionbasedonFi . Theseimageforcesaretyp-
ically estimatedby low-level computervision algorithms,
suchas point trackers or optical �o w measurements.~f gi

is thegeneralizedforce, which describeshow thedisplace-
mentat point pi affectstheparametervector~q: Solvingthe
systemconsistsof integratingEquation2 repeatedlywith
smallEulerstepsuntil thenew valueof ~q converges.

3.1. Statistical Deformable Models

So far, we have describeda deterministicdeformable
model framework, where~q is assumedto be known pre-
cisely. In reality, becauseof measurementerrorsandun-
certaintiesin the underlyinglow-level algorithmsthat es-
timatethe imagecorrespondences,~q canonly be approxi-
matedwith a probabilitydistribution. Insteadof represent-
ing ~f i asa �x ed quantity, eachlow-level vision algorithm
estimatesthecorrespondencesasrandomvariableswith an
associatederror distribution [7, 20]. Goldensteinandcol-
leagues[7] provedthat,undercertainassumptions,thedis-
tribution of _~q (Equation2) is a multivariateGaussian,and
that different algorithmscan then be combinedoptimally
with a maximumlikelihoodestimator.

In this paperwe exploit the representationof ~f i asran-
dom variablesto obtainan improved outlier rejectioncri-
terion in Section4.3. However, beforewe can tie outlier
rejectionto occlusionhandling,we needto review what it
meansfor modelparametersto beaffectedby imageforces.

3.2. The Unobservability Phenomenon

In thedeformablemodelframework, thelow-level algo-
rithms map the imageforces ~f i to their generalized-force
counterparts~f gi throughB >

i
~f i (seeEquation2). In param-

eterspace,the effect of the correspondence~f i on the j th

parameterof themodelis

~f gi;j =
@~pi

@qj
� ~f i ; (3)

where~pi is themodelpoint pi projectedinto imagespace.
If ~f gi;j = 0; that is, a particularparameteris unaffected

by thisimageforce,therearetwo possibleexplanations.Ei-
therqj is alreadyat its bestpossiblevalue,or @~pi

@qj
= 0: In

the �rst case,we do not want the parameterto change,so
a zero componentin the generalizedforce is correct. In
the secondcase,we simply cannotdecidewhat to do, be-
causethe parameterqj doesnot affect the point pi : This
parameteris denotedas unobservableat point pi : Vogler
andcolleaguesshowedthatunobservability haswidespread
repercussionsfor outlier detectionand rejection [26]. In



particular, all statisticalcalculationsandtestsmustbeper-
formedon subspacesof the generalizedforces ~f gi ; where
theunobservablecomponentshavebeendropped.

In thefollowing,wewill repeatedlyreferto thesubsetof
generalizedforcesfor whichaparameterqj is observable:

Sj :=
�

~f gi

�
�
�
�

@~pi

@qj
6= 0

�
: (4)

3.3. Unobservability due to Occlusions

Surprisingly, all previous work in the �eld of 3D de-
formablemodelssofarhasmissedtheeffect thatunobserv-
ableparameterscanhaveonthecorrectnessof the�nal gen-
eralizedforce ~f g in Equation2. Thepoint of this equation
is to averagethecontributionsof theindividualgeneralized
forces~f gi from eachcorrespondence.Thisaveragingworks
�ne if eachcorrespondencecontributesequallyto eachpa-
rameter, but assoonasunobservability entersthe picture,
theresultbecomesskewed,becausetheunobservablecom-
ponentsstill contributeaszeroesin this equation.As a re-
sult, ~f gi canenduppointingin anincorrectdirection.

As a simpli�ed example,considerthe threegeneralized
forces[1 1]> ; [1 1]> ; and[1 �]> ; wherethesecondparam-
eter is unobservable in the last force. Summingup these
forces accordingto Equation2, with unobservable com-
ponentscontributing zeroes,yields the �nal vector[3 2]> :
However, theobservablepartsof theseforceshint that the
�rst andsecondparametersshouldbe affectedequally, so
the correct�nal vectoris morelikely to be [3 3]> ; whose
directiondiffersby 11:3 degreesfrom [3 2]> :

Undernormalcircumstancestheskew is slight,but is ex-
acerbatedby thepresenceof occlusions,becausea typical
occlusioncancover large areasof the image,andcanal-
mostcompletelyhideregionsthatareaffectedby localized
parameters,suchasthemouthin adeformableface.In such
situationstherearelikely to belargedisparitiesin thesizes
of theobservableforcesubsetsSj from Equation4, result-
ing in a correspondinglylargerskew. Thus,theparameters
needto beweightedby their correspondingnumberof ob-
servableforces,andEquation3 becomes

~f gi;j =
N

jSj j

X

i

@~pi

@qj

~f i ; (5)

whereN is thetotalnumberof forcesavailable.

4. OcclusionHandling via Outlier Rejection

The averagingin Equations3 and5 implies thatwildly
incorrectcorrespondenceestimatesfrom the low-level im-
age processingalgorithms,due to occlusions,can throw
off the trackingprocessarbitrarily. Thus, we needeither
a methodto recover from losing track after occlusions,or

Valid Region

Occlusion WavePrevious Occlusion

Figure 1. Occlusion“wave front.” Only points in this areaare
newly occludedin this frame.

a method to prevent the systemfrom losing track alto-
getherby detectingbad correspondences.Traditional oc-
clusionhandlingmethods,suchastemplatesandmeasures
of similarity acrossimagepatches,canserve in eitherrole,
but make assumptionsabout imagebrightnessconstancy,
color constancy, and to a lesserdegree,viewpoint invari-
ance. In otherwords,their successdependsvery muchon
thespeci�csof theinput images.

We now discussa radically differenttake on the occlu-
sion problem. It consistsof treatingbadcorrespondences,
whichareinducedby occlusions,asstatisticaloutliers.This
ideadoesnot dependon any speci�c characteristicsof the
input imagesatall, andemphasizesthepreventionof losing
track. Therearetwo fundamentalassumptionsunderlying
thisidea:First,wecanestimateandrepresentthesetof gen-
eralizedforces~f gi asaprobabilitydistributionin parameter
space.Second,atany point in time,only afractionof all es-
timatedcorrespondencesarenewly occludedin eachframe,
so that the numberof outliersdoesnot exceedthe break-
down point of the statisticalestimator. The validity of the
secondassumptionis generallygrantedthroughthe struc-
tureof typical occludingmovements.As anexample,con-
sidera subject's handoccludinghis facein Figure1. The
handcreatesamoving2D areaof occlusion,whichoverlaps
from frameto frame.Hence,only newly occludedpointslie
on the wavefront of the occludingobject,asillustratedin
this �gure. Nevertheless,therearecaseswhenthe second
assumptionis not valid. We addressthemin Section4.4.

Themaintaskis to determinewhichsubsetof correspon-
dencesis good. Although RANSAC [6] hasbeensuccess-
fully appliedin similar situations,it is not suitablefor the
typeof high-dimensionaldeformablemodelsweusein this
paper. We now discussthe reasons,thendescribeandex-
tendanapproachbasedonrobuststatisticalestimators.



4.1. RANSAC: Unsuitable for Deformable Models

The main stumblingblock is that Equation1 doesnot
providea closed-formsolutionfor ~q = F � 1

i (pi ); thanksto
highly nonlinearFi . Thus,during a RANSAC trial [6], for
�nding theparameters~q; givena subsetof thepointsf pi g;
we have nothingbetterthan integratingEquation2. This
integrationtypically requires600 iterations,andhasto be
repeatedfor eachtrial.

Therefore,in thecaseof our 3D deformablemodels,the
RANSAC algorithm is computationallyfar too expensive.
For instance,theminimumrequirednumberof imageforces
to estimate~q correctlyis 60–70for amodelwith 12param-
eters[7], althoughin experimentswe still can obtain fair
approximationsby usingonly threetimesasmany pointsas
therearedegreesof freedom;that is, n = 12 � 3 = 36. In
thepresenceof occlusions,anoutlier percentageof at least
20% is reasonable,hencetheprobability of hitting a good
point is w = 0:8: Accordingto [6], weshouldrun3 � w� n

trialswith n sampledimageforceseach,soweendupwith
3 � 0:8� 36 � 9000trials.

Running600 � 9000 iterationson eachframeto solve
for ~q; beforewe can apply the RANSAC consensuscrite-
rion to select the proper subsetof image forces, is pro-
hibitively expensive. Although it is possibleto reducethe
minimum numberof forcesthroughsubspacedecomposi-
tions (seeSection4.2), solving thesystem100 or 100,000
times is equally impractical. We now turn to robust pa-
rameterspace-basedoutlier rejectiontechniques,according
to [26], andthenimproveon therejectioncriterionby con-
sideringadditionalstatistics.

4.2. Parameter Subspace­BasedOutlier Rejection

As statedin the introductionto this section,we assume
that the generalizedforces ~f gi obey a probability distribu-
tion, and in Section3.2 we mentionedthat the unobserv-
ability phenomenonforcesus to calculateall statisticson
subspacesof the ~f gi ; wherethe unobservablecomponents
have beendropped. We now summarizethe main results
from [26].

If two parametersqj andqk canbeobservedthroughthe
samesetof forces— that is, Sj = Sk (seeEquation4) —,
thenwe cantreatthemascorrelated,otherwisewe have to
makethesimplifying assumptionthatthey areindependent,
becausewe cannotestimatecross-correlationsbetweenpa-
rametersthat are affectedby differentnumbersof points.
The respective correlatedcomponentsof ~q and ~f gi canbe
groupedtogether. For the l th suchgroup,Pl (f ~f gi g) is de-
�ned to be thesetof forcesthataffect theparametercom-
ponentsin this group,projectedinto thesubspacespanned
by thesecomponents.

Themeanof theprobabilitydistributionover the ~f gi is

~� =

2

6
6
6
4

mean
�

P1

�n
~f gi

o��

...

mean
�

Pl

�n
~f gi

o��

3

7
7
7
5

; (6)

wherel is the numberof groups,andmean(�) is the mean
from the robust minimum covariancedeterminant(MCD)
estimator[16], and

� =

2

6
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cov
�
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�n
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0
... 0
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�
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�n
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o��

3

7
7
7
7
5
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wherecov(�) is thecovariancefrom theMCD estimator.
The MCD estimatorcanbe con�gured to have a break-

down pointbetween0–50%.It is similar to theRANSAC se-
lectionprocedurein thatit alsosearchesfor asubsetof data
points,but its selectioncriterionconsistsof minimizing the
determinantof thecovariancematrix, insteadof consensus.
Wechoosethisestimator, becauseit hasmany desirablesta-
tisticalandcomputationalproperties:it is robustwith acon-
�gurable breakdown point,which is especiallyimportantto
preventthemany outliersthatariseduringocclusionsfrom
maskingoneanother;it is af�ne equivariant;it hasreason-
ablestatisticalef�ciency; andthereexistsafastrandomized
algorithmfor calculatinga goodapproximationin arbitrar-
ily highdimensions[17]. Furthermore,experimentalresults
in [26] show that,evenwithoutany occlusions,trackingre-
sultsusingoutlier rejectionvia MCD aresigni�cantly better
thanwith nonrobustestimators.

The rejection criterion is basedon a modi�ed Maha-
lanobisdistance.If a point pi hask observableparameters,
wecanbuild aprojectionmatrixPi , with dimensionsk � n,
composedof only0sand1s,thatprojects~f gi ; ~�; and� from
the n-dimensionalparameterspaceinto thek-dimensional
observablesubspace.Then ~f gi is anoutlierwhen

�
~f gi � ~�

� >
P>

i Pi � � 1P>
i Pi

�
~f gi � ~�

�
> thr esh; (8)

where thr esh is the thresholddeterminedby the well-
known � 2 probabilitydistribution function:

thr esh =
�
� 2

k

� � 1
(0:975): (9)

Thisparticularimplementationof occlusionhandlingvia
outlier rejectionrequiresthat the generalizedforcescon-
form to a unimodalGaussiandistribution, for which MCD

actsasa robustestimator. Theprinciple itself, however, is
farmoregeneral,asthestatisticalestimatorsin Equations6
and7arearbitrary. Theonlyconditionsarethatthestatistics



Figure2. Sumof deformationsover thebasemesh.

andtherejectioncriterioncanbecomputedef�ciently . Con-
sequently, theoutlier rejectionprocedureis independentof
the model parameters~q; and thus needsto be performed
only onceperframe,beforetheintegrationof Equation2.

4.3. Uncertainties in ImageForces

Therejectioncriterionin Equation8 wasshown to work
well in [26], but it hasthedefectthat it ignoresany knowl-
edgeabouttheprobabilitydistributionsof theindividualim-
ageforces ~f i ; andby extension~f gi : Recall that theseesti-
matesare provided by the low-level imageprocessingal-
gorithms,as describedin Section3.1. When it comesto
occlusions,we needevery bit of help that we canget, so
we now proposeanextensionto this criterion,soasto take
theseprobabilitiesinto account.

Intuitively, if thedifferencebetweena generalizedforce
andtheMCD mean,~f gi � ~�; fallsontoa high-varianceaxis
of theforce,then ~f gi is lesslikely to beanoutlier thanif it
fallsontoa low-varianceaxis. If, asin [7], theuncertainties
in the imageforces~f i arerepresentedby af�ne forms(i.e.,
regionsof con�dence)[21], with mean~f i ;

~̂f i = ~f i +
X

k

~ai;k " i;k ; where" i;k 2 [� 1; 1]; (10)

the projection of ~̂f i into parameterspace,accordingto
Equation2, givesregionsof con�dencefor thegeneralized
force

~̂f gi = B >
i

~̂f i = ~f gi +
X

k

~bi;k " i;k : (11)

Conceptually, ageneralizedforceisanoutlierif its regionof
con�dencedoesnotoverlapwith thebulk of theMCD mean
andcovariance.We cancalculatetheoverlapby projecting
theforceonto ~f gi � ~� to obtaina1D interval of con�dence:

~̂f axis;i = ~f g;i +
X

k

~d

�
�
�
�
�

~d

jj ~djj
� ~bi;k

�
�
�
�
�
" i;k ; (12)

~d = ~f gi � ~�: (13)

Takingtheabsolutevalueof thedotproductin thisequa-
tion simpli�es the taskof �nding the two endpointsof the

interval, becausewe cansimply let

~ei; 1 = ~̂f axis;i ; where8k : " i;k = 1 (14)

~ei; 2 = ~̂f axis;i ; where8k : " i;k = � 1 (15)

~f gi is an outlier if, andonly if, both interval endpointsex-
ceedthe thresholdin Equation8 in Section4.2, wherewe
substitute~f gi with ~ei; 1 and~ei; 2:

4.4. FastMoving Occlusionsand Recovery

As we statedin the introductionto this section,we as-
sumethat only a fraction of all pointsarenewly occluded
in eachframe.Otherwise,if theoccludingobjectis moving
too fast,the numberof suchpointsmay exceedthe statis-
tical breakdown point of therobustparameterspaceoutlier
rejectiontechnique.We canalleviate this problemby ap-
plying other techniquesto detectocclusions,and running
outlier rejectiononly on thepointsthatremainafterward.

Bayesianoptical �o w [20], in particular, is an ideal
matchfor outlier rejection. We calculatethe �o w over the
imagesequence,a low-level 2D operation,and threshold
its magnitudeto detectfastmoving regions,shown in Fig-
ure3. We�rst eliminateall 2D forcesthattouchthemasked
region, therebylowering the total numberof outliers,and
thenproceedwith thealgorithmfrom Sections4.2–4.3.

Even though the thresholdedBayesian�o w doesnot
identify the entirety of the occludingobject, it hasa low
incidenceof falsepositivesandcatchesmany pointson a
fast-moving occlusionwave front (cf. Figure1). In other
words,it doesbestin exactly thosesituationsthatcausethe
mostproblemsfor outlier rejection.

4.5. Tracking after Outlier Rejection

To summarize,for eachframewe �nd themodel-image
correspondences.We then reject a numberof them via
theoptical �o w criteriondescribedin theprevioussection.
Weconverttheremainingcorrespondencesinto generalized
forcesvia a projection into parameterspace,and subject
themto the outlier rejectionalgorithmsdescribedin Sec-
tions 4.2–4.3. We thenhave a setof correspondencesand
associatedgeneralizedforcesleft thatareknownto begood.
We plug theseinto Equation2, andperforma gradientde-
scentproceduretominimizethedistancebetweenthemodel
points' positionsand their correspondences,at the endof
which thefacemodelis alignedwith thenew frame.

5. Experiments

We applied our techniqueto several sequencestaken
from theNationalCenterof SignLanguageandGestureRe-
sources(NCSLGR) [14] using an all-purposedeformable
facemodelwith 1101nodes,2000triangles,and12param-
etersthat controlledboth the rigid transformationand the



Figure3. Bayesian�o w andthresholdedrejectionmask.Pointsthatfall into theblackareaareeliminated.

facial deformations(eyebrows, lip stretching,smiling, lip
opening,jaw opening,etc.) of eachof thesenodes.Before
we cantracka new subject,themodel'smesh�rst needsto
be�tted to thefacein animageat restposition,without the
effect of deformations.This processneedsto beonly done
oncefor everysubject,throughmethodssuchas[1, 15].

In theseexperiments,we usea facemodel parameter-
izedby 12 parameters.Sevenparametersdescribetherigid
transformation(quaternionfor orientationanda translation
vector). Onenonrigid parametersimultaneouslysimulates
the effect of the frontalis (eyebrow raise)and corrugator
(frowning)muscles.Two moresimulatethezygomaticma-
jor muscleandthe risorius muscle,responsiblefor cheek
movementsand smiling. The last two nonrigid parame-
tersareresponsiblefor mouthopening,andjaw movement.
Thesedeformationsare smoothand applied individually
over the basemesh,and for simplicity we addthe effects
of thedifferentdeformationson themesh(Figure2).

For thepurposesof thevalidationexperiments,we �tted
themodelin a semi-automatedway: theusermanuallyse-
lecteda few dozenmodel-imagecorrespondences.Fitting
thenconsistedof solvingEquation2, with theuser-de�ned
correspondencesactingastheimageforces~f i usinga�nite-
elementinspiredset of shapedeformations. Becausethe
de�nitions of the facial expressiondeformationsare inde-
pendentof thebasemesh,themodelwasreadyfor tracking
immediatelyafter�tting.

For all experiments,thelow-level imageprocessingwas
provided by a combinationof a KLT featuretracker [19],
andanedgetracker, with themaximumnumberof integra-

tionsof Equation2 setto 600. The trackingspeedwasan
averageof 0.9sper frame on an AMD Athlon 64 3500+,
with precomputeddenseBayesian�o w, the calculationof
which tookaround0.15sperframe.

In Figure4, we displaya few snapshotsof a sequence
over1000frameslong,wherethesubjectsigns“ I wastrav-
elling over the U.S. Route80 on the highwayacross the
country. I was driving. The road was dry and plain. I
wasdriving and felt bored. So,I �gur edout whatshouldI
do.” The accompanying video containsthe full sequence,
downsampledto half of its original framerate.

Thecenterright picturein this �gure typi�es thediffer-
entcontributionsof thispaper. Thelargecombinednumber
of purpleandreddotsacrossthearmandhandimpliesthat
more thanhalf of all correspondencesin this imagewere
bad,dueto occlusions,andwould have overwhelmedeven
robust statisticalestimators.With the optical �o w prepro-
cessing,however, the remainingnumberof outliersdrops
to approximately25%;not too muchof a challengefor the
MCD estimator. Theeyebrowsandjaw arealmostfully oc-
cluded,with very few availablecorrespondences,so with-
out thenormalizingtechniquedescribedin Section3.3, the
generalizedforcewould undergo seriousskewing. Finally,
thepointsat thehairlinecomefrom theedgetracker, which
providesreliableinformationfor movementsperpendicular
to the edge,but is proneto detectingspuriousmovements
alongtheedge.Without thestatisticalextensionsto theout-
lier rejectioncriterionin Section4.3,suchpointsareinvari-
ably rejected,eventhoughthey containusefulinformation.



Figure4.Snapshotsof atrackingsequence.Topto bottom:originalsequence,categorizedimagecorrespondences,�nal 3D modelposition.
Thecorrespondencesconstitutea mix of KLT andedgetrackingresults.In thecenterrow, bluepointsdenoteacceptedcorrespondences,
redpointsdenoterejectedoutliers,andpurplepointsdenotecorrespondenceseliminatedby optical�o w thresholding.

6. Conclusionsand Future Work

In this paperwe have shown that outlier rejectionis a
viableapproachto handlingocclusions.Thefollowing con-
tributionsmadeit suitablefor the task: extendingthe re-
jection criterion to take into accountstatisticalcorrespon-
dences,developinga solution for the casewhenthereare
largediscrepanciesin parameterobservability, andusinga
2D Bayesianoptical �o w algorithmto handlefast-moving
occlusions,which violate the assumptionsbehindthe ba-
sic outlier rejectionframework. From an arti�cial intelli-
genceinterpretation,the outlier approachis unsupervised,
whereastemplate-basedapproachesaresupervised.In ad-
dition, the KLT feature tracker that we used in our ex-
perimentsalreadycontainsa built-in template-basedpro-
cedureto discardincorrectmatches;yet it did not prevent
thetracker from choosingmany incorrectcorrespondences
during occlusions. This result provides further evidence
thatstatisticaloutlierrejectionis competitivewith template-
basedmethods.

Signlanguagesequencesposetheultimatetrackingchal-

lenge,becauseof the numerousquick movements,facial
actions,andocclusions.Large 3D rotationsarecommon,
and make simple 2D tracking systemsfail. The results
in this paperare encouraging,but detailedmouth move-
mentsarestill problematic.Thereasonis thatoutlier rejec-
tion doesnot helpwith recoveryafterocclusions,sofuture
work needsto includerecoveryvia prototypesandtemplate
matching. In addition,detailedmovementsrequirea large
numberof trackingfeatures,yet thesearenot easyto �nd
at theresolutionsandview anglesusedin theNCSLGRse-
quences.
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