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Abstract

In manytracking applications,the deformableobjectof
interestsufers from frequentocclusions. Traditional aug-
mentingmethodsusetemplatesand measuesof similarity
to recover from occlusions. In this paper we break with
thesemethods. Instead,we modelbad image correspon-
denceswhich are inducedby occlusionsas statisticalout-
liersin thecontext of tracking high-dimensionatieformable
models.Thisinterpretationallows usto userobuststatisti-
cal estimatos in the deformablemodels parameterspace
to detectand eliminatesud outliers. Becausdast-mwing
occlusionscan geneiate an excessivelyarge outlier to in-
lier ratio in the occludedareas,we combinetherobuststa-
tistical estimationwith an initial rejection of correspon-
dencesasedonthe magnitudeof theoptical ow, a simple
2D criterion. To improve robustnessvenfurther, we have
the nal outlier rejectiontesttake into accountoththesta-
tistical distribution of the deformablemodels parametes,
andthat different parametes are affectedby different sub-
setsof correspondencesi\e validate and demonstate our
techniqueon real sequencesf AmericanSign Languaye,
which exhibit frequentand extensiveocclusionscausedby
fastmovemenbf the subjects’hands.

1. Intr oduction

Objecttrackingis one of the core computervision ac-
tivities, andfunctionsasa building block for mary higher
level recognitionandcognitionapplicationsEveryapplica-
tion hasa differentsetof particularcharacteristicshatcan
constrainor simplify the problem,so trackingis a highly

specializedtask, with a panoply of differentapproaches.

Yet, all theseapproachebave in commonthatthey stumble
whenthe objectof interestundegoesocclusions.In some
applicationssuchassignlanguageecognition,occlusions
comewith theterritory, andwe cannotdismissthemasrare
anomaliesor pathologicalcases.In this paper we defend
theratherbold statementhat a statisticalrepresentationf

the objectswith randomvariables,anddetectingstatistical
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outliers, givesrise to a fundamentatheoreticalframeavork
for dealingwith occlusions.

Detectingandrecovering from occlusionsis a daunting
problem.Theapproactof choicein theliteratureis the use
of prototypeq5, 10, 19], which areexemplarsof the object
in question. Along with measure®f similarity, they help
identify incompatiblechangesln contrastwe view occlu-
sionsas2D regionsmoving overtheobjectof interest,such
asa handin front of a face,andwe assumehat we have
a parameterizednodel for the objectof interest. We de-
cide on a frame-by-framebasiswhethera previously valid
tracked featurehasto be discardedusingrobust statistical
estimatordor the distribution of the featuresin parameter
space.

The justi cation for this approachis that, generally
the valid featuresoutnumberthe invalid ones,becauseat
ary moment,previously valid featuresonly becomeanvalid
along the fringe of the occlusion. Even so, fast moving
occlusionswith large jumps betweenframesexhibit large
fringes, and the numberof invalid featurescan become
overwhelming. We addresghis problemby using an op-
tical o w-basedrejectioncriterionasa preprocessingtep,
which lowersthe numberof outlierssufciently for robust
statisticalestimatorgo take over. Couplingoutlier rejection
and o w allows usto have bothmodelandimageinforma-
tion working in a complementarynanney exploiting both
3D [7] and2D [20] aspect®f the problem.

We demonstrateheseideasin the context of a 3D de-
formable model-basedace tracking system(Section 3),
and useit to track very dif cult sequence$rom the Na-
tional Centerof Sign Languageand GestureResources
(NCSLGR)[14]. In themsubjectgell storiesin American
Sign LanguaggASL), which exhibit fastheadtranslations
androtations dynamicfacialexpressionsandabundantoc-
clusionsof thefaceby thehands.

In additionto the practicalresults(Section5), we make
four theoreticatontributions,whichall helpusconqueroc-
clusions: the conceptof applyingoutlier detectionto deal
with occlusiongSectiord), theanalysisandsolutionof the
problemwheninsufcient dataskew results(Section3.3),



the statisticalimprovementof an existing parameteispace
outlierrejectionmethod[26] (Sectionst.2and4.3),andthe

combinationof outlier rejectionwith detectingfast2D mo-

tionsvia Bayesiaroptical o w (Sectiond.4).

2. Related Work

Bayesianlters arethebaseof statisticaltracking.If we
modelthe randomvariablesas Gaussiansthe Kalman |-
ter [13] andthe UnscentedKalman lter [27] are popular
choices.If therandomvariablesaretreatedasnonparamet-
ric entities,theusualchoiceis the particle Iter [8, 9].

Many trackingapplicationgdealwith occlusionthrough
prior knowledge. A popularapproachis to acquiretem-
platesof the subjectat key locations[5, 10, 19], andto use
measuresf similarity to discardpointsthatdo notconform
to theknown model.Anotherpossibilityis to learnfamilies
of shapego constrainthe searchfor con gurations[4].

Outliers are an important eld in the statisticslitera-
ture [16], andhave alsoattracteda lot of attentionin com-
putervision [2, 24]. SomemethodssuchasRANSAC [6],
MLESAC [25], andimPsAcC [23], look how to identify and
discardthe outliers. On the otherhand,M-estimatordook
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, 2§].

3. Parameterized Deformable Models

A parameterizedieformablemodel can be represented
by a setof pointsp;, arrangedn a polygonalmesh thatde-
scribesa discretizatiorof the underlyingcontinuousshape.
Eachpoint hasa positionandassociatedacobian
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with respecto theunderlyingparametevectorg 2 ":

To matcha deformablemodel with someinput media,
suchasa 2D or volumetricimage we searcHor thevalueof
¢ thatbestalignsthemodelpointsp; with theinputmedias
points; in otherwords, deformablemodelscanbe viewed
as an optimization problem. In tracking applications,we
repeatthis procedurerecursvely, takingadvantageof tem-
poral and spatialcohesionby using the estimatefrom the
previousframeasa startingpointfor thenext frame.

Thus, our goal is to minimize the alignmenterror be-
tweenthe predictedmodel positionsF; (§) andthe corre-
spondingpointsin the input image. The traditional opti-
mization procedureconsistsof a multivariategradientde-
scent,usingthe Jacobiarastheguide:
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whereB; is the projectionof the Jacobian]; into the im-
ageplane,andf5; also called an image force, is the dis-
placemenbetweernthe desiredocationof point p; andthe
currentpredictionbasedn F;. Thesemageforcesaretyp-
ically estimatedby low-level computervision algorithms,
suchas point trackers or optical o w measurementsfy;
is the generlizedforce, which describeshow the displace-
mentat point p; affectsthe parametewectore: Solvingthe
systemconsistsof integrating Equation2 repeatedlywith
small Eulerstepsuntil the new valueof ¢ corverges.

3.1 Statistical Deformable Models

So far, we have describeda deterministicdeformable
model framework, where g is assumedo be known pre-
cisely In reality, becauseof measuremengrrorsand un-
certaintiesin the underlyinglow-level algorithmsthat es-
timate the imagecorrespondences, canonly be approxi-
matedwith a probability distribution. Insteadof represent-
ing fi asa x ed quantity eachlow-level vision algorithm
estimateghe correspondencessrandomvariableswith an
associatecbrror distribution [7, 20]. Goldensteirand col-
leaguegd7] provedthat,undercertainassumptionghedis-
tribution of - (Equation2) is a multivariateGaussianand
that different algorithmscan then be combinedoptimally
with amaximumlik elihoodestimator

In this paperwe exploit the representationf f7 asran-
dom variablesto obtainan improved outlier rejectioncri-
terion in Section4.3. However, beforewe cantie outlier
rejectionto occlusionhandling,we needto review whatit
meandor modelparameterso beaffectedby imageforces.

3.2 The Unobsewability Phenomenon

In thedeformablemodelframeawvork, the low-level algo-
rithms mapthe imageforcesf; to their generalized-force
counterpart$y; throughB 7 (seeEquation2). In param-
eter space the effect of the correspondencé& onthe j ™
parametepf themodelis

= o ©)
wherep; is themodelpointp; projectednto imagespace.
If i = O;thatis, aparticularparameters unafected

by thisimageforce, therearetwo possibleexplanations Ei-
therq is alreadyat its bestpossiblevalue,or %‘ = 0:ln
the rst case,we do not wantthe parameteto change so
a zero componentin the generalizedorce is correct. In
the secondcase,we simply cannotdecidewhatto do, be-
causethe parameter doesnot affect the point p;: This
parametelis denotedas unobservableat point p;: Vogler
andcolleagueshavedthatunobserability haswidespread
repercussiongor outlier detectionand rejection[26]. In



particular all statisticalcalculationsandtestsmustbe per
formedon subspacesf the generalizedorcesfy;; where
theunobserablecomponentéiave beendropped.

In thefollowing, we will repeatedlyeferto the subsebf
generalizedorcesfor which aparameter is obsenable:
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3.3 Unobservability dueto Occlusions

Sj = fI:Ji (4)

Surprisingly all previous work in the eld of 3D de-
formablemodelssofar hasmissedheeffectthatunobserv-
ableparametersanhave onthecorrectnessf the nal gen-
eralizedforce 7y in Equation2. The point of this equation
is to averagethe contritutionsof theindividual generalized
forcesfyi from eachcorrespondencéhisaveragingworks
ne if eachcorrespondenceontritutesequallyto eachpa-
rametey but as soonas unobserability entersthe picture,
theresultbecomeskewed, becausehe unobserablecom-
ponentsstill contribute aszeroesn this equation.As are-
sult, T canendup pointingin anincorrectdirection.

As a simpli ed example,considerthe threegeneralized
forces[1 1] ;[11]” ;and[l ] ; wherethesecondbaram-
eteris unobserablein the lastforce. Summingup these
forcesaccordingto Equation2, with unobserable com-
ponentscontrituting zeroesyieldsthe nal vector[3 2] :
However, the obsenable partsof theseforceshint that the
rst andsecondparametershouldbe affectedequally so
the correct nal vectoris morelikely to be [3 3] ; whose
directiondiffersby 11:3 degreesdrom [3 2] :

Undernormalcircumstancetheskew is slight, butis ex-
acerbatedy the presencef occlusionsbecause typical
occlusioncan cover large areasof the image,and canal-
mostcompletelyhide regionsthatareaffectedby localized
parameterssuchasthemouthin adeformabldace.In such
situationstherearelik ely to be large disparitiesin the sizes
of the obsenableforce subsetsS; from Equation4, result-
ing in a correspondinglyargerskew. Thus,the parameters
needto be weightedby their correspondingiumberof ob-
senableforces,andEquation3 becomes

N X '
f"'gi;j = — @ i
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whereN is thetotal numberof forcesavailable.
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4. OcclusionHandling via Outlier Rejection

The averagingin Equations3 and5 implies that wildly
incorrectcorrespondencestimatesrom the low-level im-
age processingalgorithms, due to occlusions,can throw
off the tracking processarbitrarily. Thus, we needeither
a methodto recover from losing track after occlusions,or

Previous Occlusion Occlusion Wave

Valid Region

Figure 1. Occlusion“wave front” Only pointsin this areaare
newly occludedn thisframe.

a methodto prevent the systemfrom losing track alto-
getherby detectingbad correspondencesTraditional oc-
clusionhandlingmethods suchastemplatesandmeasures
of similarity acrossmagepatchescansene in eitherrole,
but make assumptionsaboutimage brightnessconstany,
color constanyg, andto a lesserdegree, viewpoint invari-
ance. In otherwords, their successlepends/ery muchon
thespeci csof theinputimages.

We now discussa radically differenttake on the occlu-
sion problem. It consistsof treatingbad correspondences,
whichareinducedby occlusionsasstatisticaloutliers. This
ideadoesnot dependon ary speci ¢ characteristic®f the
inputimagesatall, andemphasizethe preventionof losing
track. Therearetwo fundamentahssumptionsinderlying
thisidea: First,we canestimateandrepresenthesetof gen-
eralizedforcesfy; asaprobabilitydistributionin parameter
space Secondatary pointin time, only afractionof all es-
timatedcorrespondencemenewly occludedn eachframe,
so that the numberof outliers doesnot exceedthe break-
down point of the statisticalestimator The validity of the
secondassumptionris generallygrantedthroughthe struc-
ture of typical occludingmovements.As anexample,con-
sidera subjects handoccludinghis facein Figurel. The
handcreatesamoving 2D areaof occlusionwhich overlaps
from frameto frame.Hence only newly occludecdbointslie
on the wavefront of the occludingobject, asillustratedin
this gure. Neverthelessthereare casesvhenthe second
assumptions notvalid. We addresshemin Sectiord4.4.

Themaintaskis to determinevhich subsebf correspon-
dencess good. Although RANSAC [6] hasbeensuccess-
fully appliedin similar situationsiit is not suitablefor the
type of high-dimensionatleformablemodelswe usein this
paper We now discussthe reasonsthendescribeand ex-
tendanapproactbasedn robuststatisticalestimators.



4.1 RANSAC: Unsuitable for Deformable Models

The main stumblingblock is that Equation1 doesnot
provide a closed-formsolutionfor & = F; Y(pi); thanksto
highly nonlinearF;. Thus,duringa RANSAC trial [6], for
nding the parametersy; givena subsebf the pointsf p; g;
we have nothing betterthan integrating Equation2. This
integrationtypically requires600 iterations,and hasto be
repeatedor eachtrial.

Thereforejn the caseof our 3D deformablemodels the
RANSAC algorithm is computationallyfar too expensve.
Forinstancetheminimumrequiredhumberof imageforces
to estimateg correctlyis 60—70for amodelwith 12 param-
eters[7], althoughin experimentswe still can obtain fair
approximation®y usingonly threetimesasmary pointsas
therearedegreesof freedom;thatis,n = 12 3= 36. In
thepresencef occlusionsanoutlier percentagef atleast
20%is reasonablehencethe probability of hitting a good
pointisw = 0:8: Accordingto [6], weshouldrun3 w "
trials with n sampledmageforceseach sowe endup with
3 0:8 3% 9000trials.

Running600 9000iterationson eachframeto solve
for g, beforewe can apply the RANSAC consensugrite-
rion to selectthe proper subsetof image forces, is pro-
hibitively expensve. Althoughit is possibleto reducethe
minimum numberof forcesthroughsubspacelecomposi-
tions (seeSection4.2), solving the system100 or 100,000
timesis equally impractical. We now turn to robust pa-
rameterspace-basedutlier rejectiontechniquesaccording
to [26], andthenimprove on therejectioncriterion by con-
sideringadditionalstatistics.

4.2 Parameter Subspace-Base@®utlier Rejection

As statedin the introductionto this section,we assume
thatthe generalizedorcesfy; obey a probability distribu-
tion, andin Section3.2 we mentionedthat the unobserv-
ability phenomenorforcesus to calculateall statisticson
subspacesf the fy; ; wherethe unobserable components
have beendropped. We now summarizethe main results
from [26].

If two parametersj andgc canbeobsenedthroughthe
samesetof forces— thatis, S; = S (seeEquationd4) —,
thenwe cantreatthemascorrelated ptherwisewe have to
malke the simplifying assumptionhatthey areindependent,
becauseve cannotestimatecross-correlationbetweerpa-
rametersthat are affectedby different numbersof points.
The respectie correlatedcomponentf & andfy; canbe
groupedtogether For thel™ suchgroup,P, (f i g) is de-

ned to bethe setof forcesthat affect the parametecom-
ponentsn this group, projectedinto the subspacspanned
by thesecomponents.

Themeanof the probability distribution overthe fy; is

2 n 0 3
§meanP1 i

m o z ’ ©
mean P, {7y
wherel is the numberof groups,andmearf ) is the mean
from the robust minimum covariancedeterminant(Mcb)
estimatof{16], and
2 3

g (7)

cov Py g 0 0
= g 0 e 0
T U
0 0 |cov P fyi
wherecov( ) is the covariancefrom theMcD estimator

The mcD estimatorcanbe con gured to have a break-
down pointbetweerD-50%.lIt is similarto theRANSAC se-
lectionproceduren thatit alsosearche$or asubsebf data
points,but its selectioncriterion consistof minimizing the
determinandf the covariancematrix, insteadof consensus.
We choosehis estimatorbecausé hasmary desirablesta-
tisticalandcomputationapropertiesit is robustwith acon-
gurable breakdavn point, whichis especiallyimportantto
preventthe mary outliersthatariseduringocclusiongrom
maskingoneanotheri;t is af ne equiariant;it hasreason-
ablestatisticalef ciency; andthereexistsafastrandomized
algorithmfor calculatinga goodapproximationn arbitrar
ily highdimensiong17]. Furthermoregxperimentatresults
in [26] shaw that,evenwithout ary occlusionstrackingre-
sultsusingoutlier rejectionvia MCD aresigni cantly better
thanwith nonrotustestimators.

The rejection criterion is basedon a modi ed Maha-
lanobisdistance If apointp; hask obsenableparameters,
we canbuild aprojectionmatrix P;, with dimensionk n,
composedf only Osandls,thatprojectsiyi; + and from
the n-dimensionabparametespaceinto the k-dimensional
obsenablesubspaceThenfy; is anoutlierwhen

>
fei ~ P P P7P fyi ~ >thresh; (8)
where thr esh is the thresholddeterminedby the well-
known 2 probability distribution function:
thresh= 2 *(0:975) ©)

This particulaimplementatiorof occlusiorhandlingvia
outlier rejection requiresthat the generalizedforces con-
form to a unimodalGaussiardistribution, for which mcbp
actsasarobustestimator The principleitself, however, is
farmoregeneral asthestatisticalestimatorsn Equationss
and7 arearbitrary Theonly conditionsarethatthestatistics



Figure2. Sumof deformationver thebasemesh.

andtherejectioncriterioncanbecomputecef ciently . Con-
sequentlythe outlier rejectionproceduras independentf

the model parametersy; and thus needsto be performed
only onceperframe,beforetheintegrationof Equation?2.

4.3 Uncertaintiesin Image Forces

Therejectioncriterionin Equation8 wasshavn to work
well in [26], but it hasthe defectthatit ignoresany knowl-
edgeabouttheprobabilitydistributionsof theindividualim-
ageforcesfy; andby extensionfy;: Recallthattheseesti-
matesare provided by the low-level image processingal-
gorithms, as describedn Section3.1. Whenit comesto
occlusionswe needevery bit of help that we canget, so
we now proposean extensionto this criterion,soasto take
theseprobabilitiesinto account.

Intuitively, if thedifferencebetweera generalizedorce
andthemcD meanfy < fallsontoahigh-varianceaxis

of theforce, thenfy; is lesslikely to be anoutlier thanif it
falls ontoalow-varianceaxis. If, asin [7], theuncertainties
in theimageforcesfi arerepresentedly af ne forms(i.e.,
regionsof con dence)[21], with meanfT;

A X

fi=fi+  &x"ix; where"ix 2[ 1;1];  (10)
k

the projection of f/‘\I into parameterspace,accordingto
Equation2, givesregionsof con dencefor thegeneralized
force

A A X

fo = Bifi=fg+  Buic: (11)
k
Conceptuallyageneralizedorceis anoutlierif its regionof
con dencedoesnotoverlapwith thebulk of themcb mean

andcovariance We cancalculatethe overlapby projecting

theforceontofy;  ~ to obtaina 1D interval of con dence:
N X a

Faxis;i = fz;;i + & — Bk "ix: (12)
«  lidij

a = fg = (13)

Takingtheabsolutevalueof thedot productin this equa-
tion simpli es thetaskof nding thetwo endpointsof the

interval, becauseve cansimply let
N
€;1 = faxs;i ; where8y : "ix =1 (14)
N
€2 = faxsi ; where8y @ "ix = 1 (15)

g is anoutlierif, andonly if, bothinterval endpointsex-
ceedthe thresholdin Equation8 in Section4.2, wherewe
substitutey; with €; 1 ande; »:

4.4. FastMoving Occlusionsand Recovery

As we statedin the introductionto this section,we as-
sumethat only a fraction of all pointsarenewly occluded
in eachframe. Otherwisejf the occludingobjectis moving
too fast,the numberof suchpointsmay exceedthe statis-
tical breakdevn point of the robustparametespaceoutlier
rejectiontechnique. We can alleviate this problemby ap-
plying othertechniquego detectocclusions,and running
outlier rejectiononly onthe pointsthatremainafterward.

Bayesianoptical ow [20], in particular is an ideal
matchfor outlier rejection. We calculatethe o w over the
image sequencea low-level 2D operation,and threshold
its magnitudeto detectfastmoving regions,showvn in Fig-
ure3. We rst eliminateall 2D forcesthattouchthemasled
region, therebylowering the total numberof outliers, and
thenproceedwith the algorithmfrom Sections4.2—4.3.

Even though the thresholdedBayesian o w doesnot
identify the entirety of the occludingobject, it hasa low
incidenceof falsepositivesand catchesmary pointson a
fast-mwing occlusionwave front (cf. Figurel). In other
words,it doesbestin exactly thosesituationshatcausethe
mostproblemsfor outlier rejection.

4.5, Tracking after Outlier Rejection

To summarizefor eachframewe nd the model-image
correspondencesWe then reject a numberof them via
the optical o w criteriondescribedn the previous section.
We corverttheremainingcorrespondencesto generalized
forcesvia a projectioninto parameterspace,and subject
themto the outlier rejectionalgorithmsdescribedn Sec-
tions 4.2—-4.3. We thenhave a setof correspondencesnd
associatedeneralizedorcesleft thatareknown to begood.
We plug theseinto Equation2, and performa gradientde-
scentprocedurgo minimizethedistancebetweerthemodel
points' positionsand their correspondencest the end of
whichthefacemodelis alignedwith the new frame.

5. Experiments

We applied our techniqueto several sequencesaken
fromtheNationalCenterof SignLanguageindGestureRe-
sources(NCSLGR) [14] using an all-purposedeformable
facemodelwith 1101nodes2000trianglesand12 param-
etersthat controlledboth the rigid transformationand the



Figure3. Bayesiano w andthresholdedejectionmask.Pointsthatfall into the blackareaareeliminated.

facial deformationgeyebraws, lip stretching,smiling, lip

opening,jaw opening,etc.) of eachof thesenodes.Before
we cantrackanew subjectthe model's meshrst needgo
be tted to thefacein animageatrestposition,withoutthe
effect of deformations.This processeedsto be only done
oncefor every subjectthroughmethodssuchas[1, 15].

In theseexperiments,we usea face model parameter
ized by 12 parametersSesenparameterslescribethe rigid
transformatior(quaterniorfor orientationanda translation
vector). Onenonrigid parametesimultaneouslysimulates
the effect of the frontalis (eyebrown raise)and corrugator
(frowning) muscles.Two moresimulatethe zygomatiana-
jor muscleandthe risorius muscle,responsiblefor cheek
movementsand smiling. The last two nonrigid parame-
tersareresponsibldor mouthopening,andjaw movement.
Thesedeformationsare smoothand applied individually
over the basemesh,andfor simplicity we addthe effects
of thedifferentdeformationon the mesh(Figure2).

For the purpose®f thevalidationexperimentswe tted
the modelin a semi-automateday: the usermanuallyse-
lecteda few dozenmodel-imagecorrespondencedritting
thenconsistedf solving Equation2, with the userde ned
correspondencextingastheimageforcesfs usinga nite-
elementinspired set of shapedeformations. Becausethe
de nitions of the facial expressiondeformationsare inde-
pendenbf thebasemesh the modelwasreadyfor tracking
immediatelyafter tting.

For all experimentsthelow-level imageprocessingvas
provided by a combinationof a KLT featuretracker [19],
andanedgetracker, with the maximumnumberof integra-

tions of Equation2 setto 600. The trackingspeedwasan
averageof 0.9sper frame on an AMD Athlon 64 3500+,
with precomputedienseBayesian o w, the calculationof
whichtook around0.15sperframe.

In Figure 4, we display a few snapshot®f a sequence
over 1000frameslong, wherethesubjectsigns”| wastrav-
elling over the U.S. Route80 on the highway acrossthe
country | wasdriving. Theroad wasdry and plain. |
wasdriving andfelt bored. So,l gur edoutwhatshouldl
do” Theaccompaying video containsthe full sequence,
downsampledo half of its original framerate.

The centerright picturein this gure typi es thediffer-
entcontributionsof this paper Thelargecombinedhumber
of purpleandreddotsacrosgshearmandhandimpliesthat
more than half of all correspondences this imagewere
bad,dueto occlusionsandwould have overwhelmedeven
robust statisticalestimators.With the optical o w prepro-
cessinghowever, the remainingnumberof outliersdrops
to approximately25%; not too muchof a challengefor the
MCD estimator The eyebravs andjaw arealmostfully oc-
cluded,with very few available correspondencesp with-
outthe normalizingtechniquedescribedn Section3.3,the
generalizedorce would undego seriousskewing. Finally,
thepointsatthehairlinecomefrom the edgetracker, which
providesreliableinformationfor movementgerpendicular
to the edge,but is proneto detectingspuriousmovements
alongthe edge.Withoutthestatisticalextensiongo the out-
lier rejectioncriterionin Sectiond.3, suchpointsareinvari-
ably rejectedeventhoughthey containusefulinformation.



Figure4. Snapshotsf atrackingsequenceTopto bottom: original sequencezateyorizedimagecorrespondencesial 3D modelposition.
The correspondencesnstitutea mix of KLT andedgetrackingresults.In the centerrow, blue pointsdenoteacceptectorrespondences,
redpointsdenoterejectedoutliers,andpurplepointsdenotecorrespondencesiminatedby optical o w thresholding.

6. Conclusionsand Futur e Work

In this paperwe have shavn that outlier rejectionis a
viableapproacto handlingocclusionsThefollowing con-
tributions madeit suitablefor the task: extendingthe re-
jection criterion to take into accountstatisticalcorrespon-
dencesdevelopinga solutionfor the casewhenthereare
large discrepanciein parametepbsenability, andusinga
2D Bayesianoptical o w algorithmto handlefast-mwing
occlusions,which violate the assumption$ehindthe ba-
sic outlier rejectionframeavork. From an arti cial intelli-
genceinterpretation the outlier approachis unsupervised,
whereagemplate-basedpproachesre supervised.In ad-
dition, the KLT featuretracker that we usedin our ex-
perimentsalreadycontainsa built-in template-basegro-
cedureto discardincorrectmatchesyet it did not prevent
thetracker from choosingmary incorrectcorrespondences
during occlusions. This result provides further evidence
thatstatisticaloutlierrejectionis competitvewith template-
basednethods.

Signlanguagesequenceposetheultimatetrackingchal-

lenge, becauseof the numerousquick movements facial
actions,andocclusions. Large 3D rotationsare common,
and make simple 2D tracking systemsfail. The results
in this paperare encouragingput detailedmouth move-
mentsarestill problematic.Thereasoris thatoutlier rejec-
tion doesnot helpwith recovery after occlusionssofuture
work needso includerecovery via prototypesandtemplate
matching. In addition,detailedmovementsrequirea large
numberof tracking featuresyet thesearenot easyto nd
attheresolutionsaandview anglesusedin theNCSLGRse-
guences.
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