Outlier Rejectionin Deformable Model Tracking
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Abstract

Deformablemodeltracking is a powerful methodolgy
that allows us to tradck the evolution of high-dimensional
parametervectos from uncalibrated monocularvideo se-
guences.The core of the approacd consistsof using low-
level vision algorithms, suc as edge tradkers or optical
ow, to collecta large numberof 2D displacementsyr mo-
tion measuementsat selectednodelpointsand mapping
theminto 3D spacewith themodelJacobians However, the
low-levelalgorithmsare proneto errors andoutliers, which
canskew the entire tracking procedue if left uncheded.
There are sereral knowntedhniquesin the literature, suc
as RANSAK, that can nd and reject outliers. Unfortu-
nately theseappmacdhesare not easily mappedinto the
deformablemodeltracking framevork, where there is no
closed-formalgebraic mappingfrom samplego the under
lying parameterspace In this paperwepresentwo simple
yeteffectivewaysto nd theoutliers. We validateand com-
pare theseapproachesin an 11-paameterdeformabldace
tracking applicationagainstgroundtruth data.
keywords: “Outlier Rejection”, “Robust Methods”, “De-
formableModels”, “3D FaceTradking”.

1. Intr oduction

Trackingdeformablemodelsis a hardtask. We needto
estimateheunderlyingparametersf our model,bothrigid

andnonrigid, from only two-dimensionalideo sequences.
Facetracking,for example,is the rst stepin aseriesof im-
portantapplicationssuchassuneillance,facerecognition,
human-computeinteraction,andanimation.

It is very hardto nd correspondencesetweenimage
pixels and model points. Typically, we use computervi-
sion algorithms(such as edgetrackers and optical o w),
togetherwith the inductive assumptiorof tracking,to es-
timatepixel correspondencdsetweenwo consecutie im-
ages.We canthenuseanoptimizationprocedurd¢o nd the
new valueof the modelparametershat minimize the two-
dimensionaldisplacementbetweenthe model points and
thecorrespondingmagepixels.

Computewision algorithmsaresubjectto errors.When
theseerrorsareall characterizetdy awell-behaeddistribu-
tion, thenthe useof alargenumberof imagedisplacements
worksasan averaging,or smoothing procedureandthese
errorscancelone anotherout. Unfortunately sometimes
therearegrossoutliers- elementghat shouldnot be there
andarenot a gooddescriptionof the underlyingdynamics.
Outlierscanoccurbecausef invalid assumptionspumer
ical errors,or just becausesomeheuristicsare not guaran-
teedalwaysto work. It hasbeenknown that evena small
numberof outlierscan“poison” the resultof analgorithm,
anddeformablemodeltrackingis no exception.

Rohust algorithmsin computervision arehardto come
by [14]. Many applicationsare tailoredto one particular
classof of data,and do not necessarilygeneralizewell to
differenttypesof inputs. Trackingthree-dimensionahod-
els from a noisy image stream,as we do in this paper



without a proper statisticalrepresentatiorof the noise, is
adauntingtask. Sincewe do not have the noisemodel,the
leastthatwe cando is to eliminatethe obviousoutliers. In
this papemwe describeandcompardwo techniqueso detect
suchoutliers. The rst methodworks in the imagespace,
but requiressomenumericalapproximations.For this rea-
son,we developa novel methodthat detectsoutliersin pa-
rameterspacewithoutthe needfor arny approximations.

Therestof thepaperis organizedasfollows: We discuss
relatedwork, provide an overvien of deformablemodel
tracking,anddescribeheneedfor arobustoutlier rejection
procedure We thendiscusshe two approachefor nding
the outliers, and comparetheir performancen validation
experimentswith groundtruth data.

1.1 Relatedwork

Deformablemodelsandtheir representationarean ac-
tive areaof researchtin computervision. Sterecandshape
from shadingmethodsobtaininitial ts [21]. Within asim-
ilar framework, [9] usesanthropometricdataand inspired
deformationdo generatdaces.A learning-basedtatistical
modelcan help tracking of facemodels[3]. Eigen-based
approachessuchasPCA decompositionszansuccessfully
track, t, andevenrecognizeobjects[15, 2,17, 19]. In [5]
theheadis modeledasacylinder, andin [1] asaplane,and
in [17, 18] trackingis usedfor animation. In [4], tracking
usesadaptve texture. A powerful deformablevolumetric
model hasbeenalso usedfor fastfacetracking [23] and
subtlemotion[27] capture Integrationof distinctcueshave
beenusedto reducetheeffect of outliersparticularto aspe-
ci ¢ algorithm[8, 11]. In [11], the deformablemodelcues
have their distributionsmeasuredbut it ignoresthe effects
of possibleoutliers,andin [12], this distribution is usedto
measurghe obsenationof a predictve lter .

Outlier rejectionis an importantstepin ary eld that
dealswith noisy and corrupteddata. Several methodsuse
samplingof multiple minimum-sizesetsto estimatecom-
mon underlyingparametersand nd out which elements
shouldbe discarded AmongthemthereareRANSAC [10],
MLESAC [26], andIMPSAC [24]. M-estimatordook for op-
timum weighting of eachelement,insteadof just trying to
discardoutliers[13, 6, 7]. Thereare good overviews and
comparison®f thesemethodshothin thegeneraktatistics
literature[20], aswell asappliedto computervision partic-
ular problemd25].

2. Deformable Models for Tracking

Using a deformablemodelis appropriatewheneer we
wouldlik e to trackanon-rigid object,aboutwhich we have
alot of prior knowledge(i.e.,generakhapeandrangeof de-
formations). A deformablemodel hasits geometricshape
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Figure 1. Parameter Vector controls shape
and rigid transf ormation.

fully determinedy thevalueof aparametevectorq. Some
partsof g areresponsibldor therigid motion,wherea®th-
erschangeits shape.For example,in a deformablemodel
for facetracking, asin Figure 1, thereare parametergor
eyebrav movementandmouthopeningandstretching.For
every 2D imagepoint p; on the surfaceof our model, we
have afunction

pi = Fi(a) 1)

that evaluatests positionfor every value of the parameter
vectorg.

During a tracking sessionfor every new framek; we
look for the valueof the parameterectorqy thatachieves
the bestmodel-imagecorrespondencdn the generalcase,
this taskis very complicated. Evenwhenwe can nd the
correspondendeetweernimagepixelsandmodelpoints,the
functionsF; areusuallynonlinear andin the generalcase
thereis no closed-formsolutionfor thisinverseproblem.

Neverthelesswe can use computervision algorithms,
suchasedgetrackersandoptical o w, to nd imageto im-
agecorrespondencesetweenframes. We then usethese
two dimensionaldisplacement$;, which we also call im-
age forces to adjustthe value of qx 1 to gy iteratively.
This adjustmenis nothingmorethana local optimization
in parametespace:the searchfor a new g thatminimizes
thesumof the magnitudeof all imageforcesf;:

The rst stepis to mapall imageforcesinto a single
contributionin parametespacea genemnlizedforce

X
fy= Bf: 2)
i

whereB; is the projectedJacobiarof the modelat point p;



towhichtheimageforcef; isapplied.Usingthegeneralized
forcefy we solve thedynamicalsystem

a=Kqg+ fg; 3)

whereK is a stiffnessmatrix, usinga simple gradientde-
scentmethod.

Obviously, the quality of the solutiondepend®nthees-
timate of fy, which in turn dependson the quality of the
imageforce estimated;: Computervision algorithmsare
known for their inconsisteng, so the quality of the esti-
matesof f; tendsto be unesren. The commonway to deal
with this problemis to calculatea very large numberof im-
ageforces,andto hopethatthereis only a small number
of outlierswhich will bewashedout throughthe averaging
processf Equation2. Unfortunately in practice,at best,
ignoring outliersresultsin noisy tracking. At worst,in the
presencef noisydata,or corruptedvideosequenceghere
typically is asigni cantly largerpercentagef outliersthan
normal,which cancausehe systemto losetrack.

3. Outlier Rejection

The collectionof imageforcesgatheredoy a computer
vision algorithmis normally corruptedby noise. In addi-
tion, anothemajor sourceof errorscomesfrom datapoint
outliers,dueto failuresof the underlyingvision algorithms,
suchasviolationsof assumptionspcclusionsandsoon. If
we do nottake suchoutliersinto accountthey candramat-
ically throw off our estimate®f thegeneralizedorces.

Any attemptto detectthe outliers basedsolely on the
2D characteristicof the imageis boundto fail, because
it completelydiscardsary informationthat we have from
the model. For instance,in our facemodelshavn in Fig-
ure 1, differentpoints of the modelare controlledby dif-
ferentparametesubspacesyhich in turn affectshow we
expectthesepointsto behae overtime, with respecto tra-
jectory; velocity, andso on. This informationis expressed
directlyin the Jacobiansf the points.

In generalterms,robustoutlier rejectionis basedon the
ideathata pointis likely to be an outlier if in someframe
it dramaticallydiffers from the expectedbehaior. In the
following we describetwo differentapproacheso outlier
rejectionthat combinethe informationfrom the 2D image
andthemodelJacobians.

3.1 Image SpaceOutlier Rejection

Many trackingapplicationsusea Kalman lter , to com-
binea predictionof the systems statewith a measurement,
or obsenation. The predictionmodel canbe basedon an
engineers empiricalknowledgeof the problemat hand,or
canevenbelearnedirom data.
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Figure 2. Image space-based outlier rejection

The simplestmethodto performoutlier rejectionof im-
ageforcesin a deformablemodelframework is to usethe
Kalman lter' spredictionof thestate[12], beforethefusion
with the obsenation,to weedout the outliers. At framek,
we have the multivariateGaussiarpredictiongy of the pa-
rametervectorfor framek + 1, the covariancematrix g,
giving the uncertaintyin the prediction,andthe associated
predictedpointsin imagespace

B = Fi (en): (4)

We cannotcalculatethecovariancanatrix p, of p; exactly,
becauseghe functionsF; arenonlinear We can, however,
calculateanapproximatiorwith alinearizationof the F;:

p BT B 5)
whereB; is the projectedlacobiarof the modelat the pre-
dictedimagepointp;.

This covariancematrix de nes an ellipsoid. If the pre-
diction modelis good,the computevision algorithmswill
track and placethe actualpoint p; at framek + 1 some-
wherein the vicinity of the predictedp; ; thatis, it will be
mostlik ely containedwithin this ellipsoid (Figure2). If p;
fallsoutsideit, it is consideredo beanoutlier. Thus,wecan
usetheMahalanobismetricin conjunctionwith athreshold
to determinewhich imageforcesshouldbe consideredand
which onesshouldberejected:

x> x

o thr eshold; (6)

wherex = p;  p is thedifferencebetweertherespectie
trackedandpredictedmagepoints.
Thismethodrequiresagoodpredictionmodelof thesys-
tem’s evolution, and assumeshat a Gaussiardistribution
can properlyrepresenthe parametewnector's distribution.
The mostseriouslimitation of this approachis thatit does



Figure 3. Projection of two-dimensional force
into parameter space.

nottake into accounthe nonlinearitiesof F; whenproject-
ing the Gaussiardistribution into imagespace This limita-
tion suggestshata betterapproacthis to performtheoutlier
rejectionin the parametespace thusavoiding the projec-
tion andassociatedonlinearityissuesentirely.

3.2 Parameter SpaceOutlier Rejection

We wouldlik e to avoid adirectlinearizationof F; , which
is necessaryo projecta Gaussiarinto imagespaceasin
the approactof the previous section. From Equation2, fg
is de ned asthe sumof the imageforces' projectionsinto
parametespace X

fg= fqi; (7)

where
fgi = B{ fi;

illustratedin Figure3.

If we werefollow the sameideaasin the previous sec-
tion, we would like to predictthe value of the generalized
force fq for framek + 1, and usethe Mahalanobismet-
ric on this higher dimensionGaussiardistribution of the
parametesspaceprojectionof the 2D forces(Equation?7).
Unfortunatelythis approachurnsoutto beveryunreliable,
becauséy is directly relatedto the rst derivative with re-
spectto the model parametersand thus the predictionis
inherentlytoo noisyto be of use.

The approachthat we follow, insteadof predictingfg,
is basedon estimatingthe distribution of f4 in the current
frameandrejectingary forcefg; thatis notcompatiblewith
this distribution. In previous work we shaved that, asfg
is the sum of the parametesspaceprojectionof mary 2D
forces(Equation2), a Gaussiarreasonablyrepresentshe
distribution of the resulting generalizedorce fg [11], so
oncewe have estimated’y we can,in principle, againuse
the Mahalanobismetric to testthe individual f. We now
shav how to measurgéheparametersf thisGaussiarfmean

andcovariancematrix) from theindividual forcesandtheir
associatedacobiansandthenshav how to useamodi ed

Mahalanobignetricto identify forcesthatarenot compati-
ble with the distribution.

Estimating the Distrib ution of fg
If we treatthe generalizedorcesascloud of pointsin the
parametespacewe cangroupthemin amatrix
2 , .3
J J J
Fg=4fqn fg fon S (8)
J J J

and calculatethe mean
through

and the covariance matrix

2 3

1_
= WFQFQ . (9)

1
= NiFgg : g; and

1
However, thesesimple estimateswill be incorrect, be-
causeof the phenomenorof parameterunobservability
Whenthe original 2D forcef; is non-zeroa zeroentryin
thej ™ row of ageneralizedorcefg; canhavetwo different

meanings:

1. Thej" parameteis alreadyat a minimum, andthus

% fi = 0.
2. Thepointp; doesnotdependnthej ™ parameterand
so& = 0.

Inthe rst casethej ™ entryof thegeneralizedorceshould
be zero,but in the secondcasethe parameteis unobserv-
able: we cannotdraw ary conclusionsaboutits value,be-
causadt doesnotaffectthepointp; to whichthe 2D forcef;
is beingapplied.With thisinterpretatiorin mind, it is clear
why it is incorrectto interpretFy asasimplecloudof data
pointsin parametespace— theseunobserablepointsdrag
themeanandcovariancevaluesdown.
To nd themean , weneedto estimateeachcomponent

i usingonly thesubset; of generalizedorcesfor which

theparameteyj is obsenable:

Sj = Pi % 60 : (10)
Then
1 X
i= —  fgijs (11)

Nj
wheref i isthej™ componenbf fgi, andN; = jS;j:
The calculationof the covariancematrix  is morecom-
plicated. If we startwith = FgF7, anddivide eachel-
ementby a differentnumberof valid terms(analogoudo



Equation11), we mayobtainanon-positve-de nite matrix.
The off-diagonalelementf the covariancematrix cannot
be calculatedfrom a subsetf pointsthatis differentfrom
the subsetusedto calculatethe pair of associatediiagonal
elementsptherwisethe positive-de nitenespropertydoes
no longerhold. To solwe this problem,we assumehat if
parameterg andk areobsenablefrom thedifferentsetsof
pointsS; andSy, respectiely, they shouldbetreatedasin-
dependentThus,thecross-termbetweertheseparameters
arezero;

1 PN . _ .
o (e Dok W) IS = S
Ik 0 otherwise

(12)

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

2 3

whereevery sub-blockis positive de nite. Thus,
tive de nite.

is posi-

Observable Subspaceviahalanobis Metric
Therejectioncriterion for every generalizedorce is based
onthe Mahalanobidlistancerestrictedto the subsebf ob-
senable parametersThe reasonfor this restrictionis that
whenapointp; hasanunobserableparametey, its gener
alizedforcehasaj ™ componentg; = 0, andthedistance
betweerzeroand ; mightbelargeenoughto pull the Ma-
halanobiglistanceabove the threshold.

We accomplishthis restrictionby projectingthe forces
and covariancematrix into the obsenable subspacegor
eachpoint. If a point p; hasl obsenable parametersye
canbuild a projectionmatrix P;, with dimensiond  n,
composedf only Osand 1s, that projectsa force from the
n-dimensionalparametespaceinto the |-dimensionalob-
senablesubspaceThis samematrixis alsousedto project
the covariancematrix into the obsenable subspaceso the
acceptanceriterion for a force is its obsenable subspace
Mahalanobiglistance

(f )V PTP P Pi(fg )

thr eshold: (13)

4. Validation with 3D FaceTracking

Recallthat the imagespace-basetkjectionmethodin-
volvesa linearization,whereashe parametespace-based

Figure 4. Subject with eight markers physi-
cally drawn in the face.

rejection methoddoesnot. All other factorsequal, we
thereforewould expectthe parametespace-basejection
methodto do better To testthis hypothesis,we imple-
mentedthe two methodsin our existing 3D facetracking
system.

For a quantitatve evaluationof the methods,we pro-
ducedavideosequencat 60 Hz wherewe physicallydrew
markerson the subjects face(Figure4). We extractedthe
2D imagepositionof eachmarker for all framesin a semi-
automatednannetbasednthresholdingThe3D modelal-
lowedusto comparegheactual2D marker positionwith the
projectedpositionof markerin the 3D modelat eachframe
of the trackingexperiment. Our evaluationcriterionis the
distancebetweerthe projectedandactual2D marker posi-
tions,wherelower numbersbviously meanbettertracking.

We used an all-purposedeformableface model with
1101nodes,2000faces,and 11 parametershat controlled
boththerigid transformatioraswell asthe facialdeforma-
tions (eyebraws, lip stretching,smiling, jaw opening,etc.)
of eachof thesepoints(seeFigurel). Beforewe cantrack
a new subject,the model's mesh rst needsto be tted to
the facein animageat restposition, without the effect of
deformations Note thatthis processieedgo be only done
oncefor every subjectthroughmethodssuchas[2, 9, 16].

For the purpose®f thesevalidationexperimentswe t-
tedthe modelin a semi-automatiavay: the usermanually
selecteda few dozenmodel-imagecorrespondenceskit-
ting then consistedof solving Equation3, with the user
correspondencesstheimageforcesf f; g (Section2, Equa-
tion 2), usinga nite-elementinspiredsetof shapeleforma-
tions. Becausehede nitions of thefacialexpressiordefor
mationsareindependenbf the basemesh[11], the model
wasreadyfor trackingimmediatelyafter tting.
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Figure 5. Mean errors of visib le markers.

To isolate and understandhe effect of the outlier re-
jectiontechniqueswe simpli ed thetrackingprocedureas
muchaspossiblejeaving only onepoint-trackingalgorithm
(cue),andremoving tetheringprocedures.This algorithm
selectedhe modelpointsthatweremostsuitablefor track-
ing [22], andthentracked them to obtain their displace-
mentsf; ateachnew frame.

We comparedhe effects of no rejection,imagespace-
basedrejection (Section3.1), and parameterspace-based
rejection(Section3.2). Figure5 shawvs the resultsof these
threedifferenttechniques.No outlier rejection(red, solid
curwve) faresthe worst, with the error quickly growing out
of control. Imagespace-baserkjection(dottedblue curve)
andparametespace-baserkjection(dashedpurplecurve)
faremuchbetter with parametesspacebasedrejectionbe-
ing morerobustoverthelongrun.

5. Conclusions

In this paperwe have introducedtwo approachefor re-
jectionof the outlier forcesgeneratedrom low-level com-
putervision algorithms. The rst approachusesa multi-
dimensionalsaussiamprediction,andthesecondnebuilds
a covariancematrix from the available data. In both tech-
niquesthe nal outlierdetectiorcriterionis aMahalanobis
distance.

The rst approachpredictsthe actualvalue of the pa-
rametersasa Gaussiardistribution, projectsthis Gaussian
into image spacethrougha rst orderlinearizationof the
deformablgunction (the Jacobian)andteststhe 2D forces
againstthese2D GaussiansWhenthe trackingsystemal-
readyhasthis prediction(throughtheuseof aKalman lter,
for example),this approachs aneasyandcomputationally
cheapway to detect,andreject,outliers. It hasa disadwan-
tageof incorrectly classifyingsomepoints, becausef the
extra uncertaintyof the predictionstage andthe rst order

approximatiomecessaryo propagatea Gaussiardistribu-
tion througha non-linearfunction. The performancef this
procedurds closelyrelatedto the quality of the prediction.
The secondapproactbuilds a meanandcovariancema-
trix basedon the available forces. We have to take spe-
cial carewith the parametewobsenability issue,but there
is no predictive stepinvolved, thusincreasingrobustness.
On the otherhand,comparedo the rst method,this ap-
proachrequiresanextrastepto calculate¢hecovariancena-
trix. However, sincethe outlier rejectionis performedonly
onceperframe,thisextracomputationatostis insigni cant
comparedo the remainingoperationsecessaryo track a
frame.In addition,sincethis approactworksin a subspace
of theparametespaceit requiresnolinearapproximations.
Overall, thesefactorsand the validation resultssupporta
clearpreferencdor the secondapproach.
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