to appeain Proc.of AVBPA'97, Crans-MontanaSwitzerland March1997
Generalizad Lik elihood Ratio-basedFaceDetectionand
Extraction of Mouth Features*

C.Kervrand, F. Davoiné, P. PéreZ, H. Li2, R. Forchheimet andC. Labit!

! IRISA/INRIA, CampudUniversitairede Beaulieu,35042Rennesede, France
{kervrann,perez,labit}@risa.fr
2 LinkdpingUniversity, Departmenbf ElectricalEngineeringlmageCodingGroup,
S-58183Linkoping, Sweden
{davoi ne, hai bo, robert }i sy.liu.se

Abstract. In this paperwe describea systemto reliably localize the position
of the speakess faceandmouthin videophonesequencesA statisticalscheme
basedon a subspacenethodis presentedor detectinghumanfacesundervary-
ing posesWe proposea new matchingcriterionbasednthe Generalized.ikeli-
hoodRatio. Thecriterionis optimizedefficiently with respecto similarity, affine
or perspectie transformparametersisinga coarse-to-finesearchstratgy com-
binedwith a simulatedannealingalgorithm. Moreover we proposeto extract a
vectorof geometricafeatureqfour points)on the outline of the mouth.The ex-
tractionconsistdn analyzingamplitudeprojectionsin the regionsof the mouth.
All the computationsre performedon H263-codedrames,with a QCIF spatial
resolution.To this end,we proposealgorithmsadaptedo the poorquality of the
imagesandsuitedto afurtherreal-timeapplication.

1 Intr oduction

With therapid developmentof computemetworks,it is now possibleto proposeauto-
maticsystemsledicatedo theauthenticatiorof personsAudio andvideosignalshave
beenconfirmedto berelevantelementdor this challengingask.In this paperwe pro-
posea methodto localizethe headof a personin avideosequenceandto extractpixel
locationof featurepointsof the mouth. Thesereferencepoints canbe usedto fit the
wire frameof amouthmodelto the originalmouthof aface,andto analyzets motion.
We performour testson H263-coded)CIF (172 x 144 pixels)videosequencesyith a
framerateof 5 Hz andabitrateof 20 kbit/s. With suchconstraintswe fulfill therequire-
mentsfor PSTN videopholty. We recallthatH263is basecn ahybrid bPcM/DCT video
codingmethod[8], andthusimpliesDcT andmotioncompensatiommn squareblocks,
aswell asvariablelength coding and scalarquantization.Sucha schemeintroduces
visible 8 x 8 block artefactsatlow bitrates mainly onthe moving regions.
View-basedtechniqueshave beenproved to be efficient in object detection[11,
10, 6, 5], recognition[3, 4, 6, 5] andtracking[2]. Moreover, the generalproblemof
detectinga humanface from a generalpoint of view remainspartially unsohed[11,
10, 5, 9]. In this paper we presenta statisticalapproactfor face detectionandperson
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identificationwhich we investigateasan alternatve approacho methodsreportedin
[10, 9, 11,5]. We explore how the distribution-basedacemodelof Moghaddanet al.
[5] canbe extendedo generaliewing conditions.Thestartingpointof ourapproachs
alsoinspiredfrom thefacedetectiorsytembasen clusteringtechniqueproposedy
Sunget al. [10] aswell asthe neuralnetwork-basedystemdescribedn [9]. In these
works,two trainingsetscontainingfaceimagesandnon-faceémagesarecollected We
demonstrat¢hat our systemallows to detecta faceundervariableposeandrequiresa
low computationatost.

A lot of algorithmshave beenproposedintil todayin orderto localizethe charac-
teristicfeatureof themouthof atalking head for useby facerecognitionor automatic
lipreadingsystemsLots of themmakeuseof deformabletemplateq12] in orderto
find the boundaryof the mouth. They usuallyneeda roughestimationof the location
of themouth,usedasa startingpointfor the detectionandneeda preciseextractionof
textural propertiesike edgespeaksandvalleys. Our mouthfeaturesextractionalgo-
rithm focuseson aneffective approacthasednamplitudeprojectionson straightlines
of pixels[3, 7].

2 Statistical Detectionof Faces

In this section,we presentan unsupervisedtatistical-basedlgorithmto detectfaces
undervariableposeon H263-coded)CIF grey-scalevideophonémages.We exploit a
subspacenethodand an eigenspacealecompositiorto approximatethe face appear
anceusing a reducednumberof eigervectorsin a Karhunen-Loee (KL) transform
[11, 5, 4, 6]. It is now well known that the subspacenethodallows to copewith con-
siderablevariationof the objectappearancdn this section,we startby presentinghe
automaticvisual learningbasedon densityestimationin high-dimensionaspaceson
two learningimagesetsshaving face and non-faceviews. A new matchingcriterion
basedon a Generalized_ikelihood Ratio (GLR) is then proposed.The detectionap-
proachcombineghe advantage®f a compacitstatisticaldescriptionof imagesandan
efficient optimizationschemdor poseestimation:A multiresolutionstochasticsearch
techniqués usedto locatethe bestmatchto thea priori model.

2.1 A Distrib ution-basedFaceModel

In our approachwe assumehat the majority of the facecanbe modeledby a plane.
More complex model(e.g. 3D modeld canbe usedbut the planarmodelis simple.

In afacedetectiontask,two adwersehypothesisave to becompared “pr esence
of one face” (H;)vs.“presence of no face”(Hg). Characterizinghetwo
classess challengingbecausewhereast is easyto getatrainingsetof facesjt is much
harderto collecta representatie populationof imagescontainingno face[10, 9]. Our
systemavoids the problemof usinga hugetrainingsetof non-faceémagesandby only
usinganon-facdrainingsetof face-likeimages.

“Face”Model Building . Thevisuallearningof facesconsistsn building adistribution-
basednodelof frontal view photographsf facesatfixedscaleto capturethefull range



of permissiblevariationin patternsThetraining procedureeliesonthe KL transform
which allows to identify the degreesof freedomof the statisticalvariability obsered
on a training setof representatie images,on a low dimensionaleigenspaceA par
ticular patternbelongingto the training populationof N imagesis representedy
the N-dimensionalvector x; madeup from the lexicographicreadingof image &,
whereone elementof the vectoris a pixel intensityvalue. The Principal Component
Analysis (PcA) is efficient to derive a tractableestimateof the probability distribu-
tion Py, (x) of a particularpatternx basedon the first M principal componentg5]
(M <« Np <« N). This decompositiordividesthe completevectorspaceR” into a
principal M-dimensionasubspacspannedy thefirst M principalcomponentandan
orthogonatomplementargubspacespannedy thefirst N — M othereigevectors.in
thefollowing, we assumehatPy, (x) maybemodeledoy amultivariateGaussiarden-
sity for whichthemeanvectorx andcovariancematrix C arealreadyestimated. The
distributionPy, (x) maybewrittenfromthe NV projectionsy; obtainedoy thechangeof
coordinatesn a KL transform.Thedistribution estimateI3H1 (x) is givenby a product
of two independenGaussiamlensitiescomputedrom the A principal projectiong5]:
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where); arethe eigervaluesassociatedo the eigervectorsderivedfrom the diagonal-
izationof thecovariancematrix C, p is theaverageof eigervaluesin thecomplementary
subspacende? is theresidualreconstructiorerrordefinedas:
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The distribution estimatewas computedbasedon 3-dimensionalprincipal subspace
(M = 3) with afacetrainingsetcomposeaf 40 frontal views of differentpeople?.

“Non-face” Model Building. Therearemary naturallyoccuringnon-facepatternsn

therealworld thatlook like faceswhenviewedin isolation.Here,we proposeo geta
reducedhumberof significantnegative exampleswhich look like faces(w.r.t. Py, (x))

collectedin a “bootstrapping’mannei{10, 9]. A distribution-basedhon-facemodelis

built accordingto the visual learningproceduredescribedpreviously. If the non-face
trainingsetcontainsace-likeimagesjt seenreasonabléo modelthedistributionby a
multivariateunimodalGaussiamlensitysimilarto Py, (x):
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7 Let'snotethatx is normalizedby its meanandstandardieviationto copewith globalillumi-
nationchanges.

* Thetraining proceduréhasbeenperformedon a databasef 56 x 46 pixel imagescreatedat
Olivetti Research.aboratory



A 3-dimensionaprincipal subspacg M’ = 3) allowsto derive a satisfactorydistribu-
tion estimatevhenthetrainingsetis composeaf 36 exampleg(56 x 46 pixelimages).

2.2 Matching Criterion

The detectionproblemis formulatedas comparingthe two hypothesis‘pr esence
of one face” (H;) and“presence of no face” (Hg). A centralproblemin
objectrecognitionis to determinghetransformatiorthatrelateghemodelto thetarget
objectfrom its appearancé the image.To recognizeobjects,we frequentlyseekto
eliminatethe effects of view points. Our methodappliesto one face assumedo be
approximatedy a planeundersimilarity, affine or perspectie transformassociatedo
a parameterector @. Our matchingcriterion aimsto estimateary rigid transform@
by maximizingthefollowing Generalized.ikelihood Ratio:

e = argm@in [aHl(X(@)) — aHu(x(@))}

— [(Z #0) , e%x(@))) . (Z £10) ¢ (’;/(@)))] @
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A drawbackin this approactis thatthepossiblenconsistenmeasurgivenby dy, (x(@))
canaffect grosslythe estimatorof @ anddisturbsthe matchingprocesavhentheinput
patterndoesnot containa face-likeview. We designa statisticattestunderthe assump-
tionthataHD(x(@)) is distributedasa chi-squaredistributionwith (A4’ + 1) degreesof
freedom scaledby afactor N/ (M’ + 1). We proposehefollowing thresholdingvhich
will beintegratedin thematchingcriterion:

du,(x(@)) = ¢ if du, (x(0)) > ¢ (5)

where( is inferredfrom the scaledchi-squaredistribution law with (M’ + 1) degrees
of freedom.In our experimentsthe threshold{ correspondso a 95% confidenceFi-
nally, thefacedetectionis validatedif [aHl(x(@*)) - EHD(x(@*))] doesnotexceeda
statisticalthreshold¢ inferredfrom the scaledchi-squaralistribution laws of random
variablesdy, (x(©)) anddy, (x(0)).

2.3 Computational Issues

In this section,we seethatfor similarity, affine andperspectie transformsthe estima-
tion of @ requiresan efficient coarse-to-finestrat@y [9]. For every imagein the two
training setswe constructa pyramid of imagesby spatialfiltering and subsampling.
Theimagesat eachlevel in the pyramidsform distincttraining setsandat eachlevel
an pcA is performedto constructthe eigenspacelescriptionof thatlevel. The input
QCIF imageis similarly smoothedand subsampledAt the coarsestevel in the pyra-
mid, only thespatialpositionandscaleparameterareestimatedAn exhaustie search



Fig. 1. LR facedetectioron 4 intermediatdramesof a QCIF videophonesequencéafiine trans-
form).

-

Fig. 2. GLR facedetectionon 4 intermediatdramesof a QCIF videophonesequencéperspectie
transform).

of this spacewould taketoo longtime to find agoodmatchif no particulararchitecture
is used[5]. Our searchalgorithm,basedon a fastversionof simulatedannealingesti-
matesautomaticallythe 4 parameterandavoids a suboptimalsearchstratgy [10, 9].
It usesa Metropolisdynamicandthe temperatureooling is inverselinear [1]. Using
deterministicefinementechniquesthe affine or perspectie transformsareestimated
at eachlevel andthe matchingprocedurestopswhen the algorithm corvergesat the
finestresolution.The total cpu time, on SUN SPARC20 workstation,is respectrely
1.5sand3sto estimatean affine anda perspectie transformon thefirst framewhena
three-leel Gaussiampyramidis created The mainlimitation of previousapproacheis
thatsystemaletectuprightfaceslooking atthe camerg10, 5, 9] andmayrequirehigh
computationatompleity [10, 9].

2.4 Experimental Results

In our experimentsthe H263-codedQcCIF imagesequenceshav a speakemaving
againsanuniformbackgroundFig. 1) andamorecomple texturedbackgroundFig. 2).
Thetwo sequencesreoriginatedn theaudio-videccorpusof theACTSVIDAS project.
Theinitialization of @ is randomon the first highly degradedimageof the sequence.
Thefinal resultsof facedetectionon two differentsequencewhenanaffine anda per
spectvetransformarerespectiely consideredarepresentedn Fig. 1 andFig. 2. Let's
notethatatemporaltrackingcanbeintroducedy projectingthefinal estimateobtained
onthe currentframeasaninitial estimaten the next frame.Thetime computingis then
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Fig. 3. MaximumLikelihood mouthdetections a-c)normalizedmages, b-d) QCIF images.

notablyreducedo 0.2s by frameona SuN SPARC20 workstationto estimateheaffine
transform.n this casetheuseof a sa algorithmanda multiresolutionsearchstratey
is avoided (exceptfor thefirst frame).

3 Detectionof Salient Points on the Mouth

3.1 Maximum Likelihood Detectionof Mouth

The eigentemplatepproachto the detectionof facial featureswas presentedn [5].
A Maximum Likelihood estimateof the position of the mouthis only presentedn
this section.Thevisuallearningreliesexclusively on a mouthtraining setin this case.
The detectedregion of interestwill be consideredasinput to the mouth parameters
extraction algorithm describedn the next section.Oncethe location of the face has
beenestimatedthevectorparamete®* is usedto compensatéy affine or perspectie
transform,yielding a rectangular(56 x 46) box containinga face.A secondfeature
detectionstageoperatest this level to estimatethe scaleandthe positionparameters
of the mouthusinga reducedversionof our matchingalgorithm. The effects of view
pointarenottotally eliminatedduringthe facedetectionstepandthe a priori location
of the mouthis thenrefinedusing a deterministicoptimizationalgorithmwith a low
computationatost. Theresultsof mouthdetectioron normalizedmagesarepresented
on Fig. 3aandFig. 3c. Thewindows containingthe moutharewarpedinto the original
imagedomainon Fig. 3bandFig. 3d.

3.2 Extraction of Mouth Features

We describeherea fast algorithm which permitsto detectthe outline of the mouth,
composedf the following four featurepoints:the top of the upperlip, the bottomof
the lower lip, andthe two corners.The searchis confinedto the mouthboundingbox
givenfrom section3.1.

The poor spatialresolutionof the H263 QcIF codedimages,andvisible artefacts
(block effects)onthe mouth,limit theperformancef typicalimageanalysisools.Our
aimis consequentlyo proposea simpleandeffective methodwhich staysrobusteven
if apartof the mouthis blurred. The extractionis doneby examiningamplitudepro-
jectionson crosslinesinsidethe boundingbox. It canbe performedon the normalized
imagesor on the original video sequenceln the first case,we considervertical and



horizontallines, andin the secondcase,we considerlines parallelto the bordersof
the boundingbox. We usean algorithmsimilar to the Bresenhans algorithmto find
intersectiondetweerthe uniformgrid of pixelsandobliqueline segmentshaving grid
verticesastheir endpoints.

Letusdescribeheextractionalgorithm,confinedto arectangulaboundingboxon
anormalizedface,aroundthe mouth(the sameapproacthis usedto processheinterior
of aparallelogram):

1. Computethe sumsof the grey levels on eachhorizontalline, startingfrom the top
of thebox. This point givesthefunctionsumg (y) (seetop of Fig. 4).

2. Look for the first maximumnegative slop of the function sumpg (y), startingfrom
theleft. This givesthe positionof the horizontalline on thetop of the upperlip.

3. Consideringhefunctionsumg (y), startingfrom theright, considertwo cases:
(a) computehefirst local minimumof thefunction(seeFig. 4);

(b) if this pointdoesnot exist, detectthe first maximumnegative slopof thefunc-
tion.
This point givesthe positionof the horizontalline on the bottomof thelower lip.

4. Limit now the searchto the rectangulapart betweerthe two previously detected
lines, andconsidergradientimage,in orderto detectthe left andright horizontal
external points of the mouth. Computethe sumsof the gradientvalueson each
verticalline, startingfrom the left. This givesthe function sumy (z) (seebottom
of Fig. 4).

5. The computationof the left andright maximumvaluesof the function sumy (z)
returnsthe positionsof the two vertical lines passingthroughthe cornersof the
mouth.

. Theminimumvalueson thesdlinesreturnthe spatialpositionsof the corners.

7. Thetwo pointsonthetop andbottomof the externalcontoursarethenlocalizedon

thevertical symmetryaxis of the mouthbetweerthetwo corners.

(o]

We presenbn Fig. 5 aresultobtainedfrom our featuresextractionalgorithm,per
formedon two 30 framesvideophonescenesvith afixedandmoving backgroundOur
experimentsshowv that the algorithmis robust, and works well on the original QcIF
imageaswell ason the normalizedimage.The shape®f the functionssumg (y) and
sumy (z) stayapproximatelyconstantin time, providedthey are obtainedfrom a box
suitablycenterednthe mouth.This allows aneffective detectiorof thepositionof the
four featureswith a precisionof oneor two pixels. Thesystemworksfor bothopenand
closedmouths sinceit considernly theoutlines.

4 Conclusion

We have successfullydevelopedan example-basetkarningtechniquefor representing
andautomaticallydetectingviews of humanfacesundervariableposesandorientation
in H263-code®55sequenced.hedistribution-basednodelcapturepatternvariations
in faceandface-likeimagesWe have proposedanoriginal matchingcriterionbasecdn
GenealizedLikelihoodRatioandanefficient multiresolutionimplementatiorwhich is
plannedto be extendedfor a real-timeversion.The systemis completedby a robust



b

Fig. 4. Functionssum z (y) (top)andsumy (z) (bottom)computedrom the normalizedmages
onFig. 5a(left), andFig.5c(right).

a

Fig. 5. Extractionof 4 featurepointson the mouth; a-c)normalizedmages b-d) QciF images.

algorithmwhich detectssalientpoints on the mouthyielding promisingprospectsas
concernghe characterizatioandtheinterpretatiorof bothaudioandvideo signalsfor
apersorauthenticatioriask
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