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LinköpingUniversity, Departmentof ElectricalEngineering,ImageCodingGroup,

S-58183Linköping,Sweden�
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Abstract. In this paperwe describea systemto reliably localize the position
of the speaker’s faceandmouthin videophonesequences.A statisticalscheme
basedon a subspacemethodis presentedfor detectinghumanfacesundervary-
ing poses.Weproposeanew matchingcriterionbasedontheGeneralizedLikeli-
hoodRatio.Thecriterionis optimizedefficiently with respectto similarity, affine
or perspective transformparametersusinga coarse-to-finesearchstrategy com-
binedwith a simulatedannealingalgorithm.Moreover we proposeto extract a
vectorof geometricalfeatures(four points)on theoutlineof themouth.Theex-
tractionconsistsin analyzingamplitudeprojectionsin the regionsof themouth.
All thecomputationsareperformedon H263-codedframes,with a QCIF spatial
resolution.To this end,weproposealgorithmsadaptedto thepoorquality of the
imagesandsuitedto a furtherreal-timeapplication.

1 Intr oduction

With therapiddevelopmentof computernetworks,it is now possibleto proposeauto-
maticsystemsdedicatedto theauthenticationof persons.Audio andvideosignalshave
beenconfirmedto berelevantelementsfor this challengingtask.In this paper, wepro-
posea methodto localizetheheadof a personin avideosequence,andto extractpixel
locationof featurepointsof the mouth.Thesereferencepointscanbe usedto fit the
wire frameof amouthmodelto theoriginalmouthof a face,andto analyzeits motion.
Weperformour testsonH263-codedQCIF (172 � 144pixels)videosequences,with a
framerateof 5 Hz andabitrateof 20kbit/s.With suchconstraints,wefulfill therequire-
mentsfor PSTN videophony. WerecallthatH263is basedonahybrid DPCM /DCT video
codingmethod[8], andthusimplies DCT andmotioncompensationon squareblocks,
aswell asvariablelengthcodingandscalarquantization.Sucha schemeintroduces
visible8 � 8 blockartefactsat low bitrates,mainlyon themoving 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 humanfacefrom a generalpoint of view remainspartially unsolved [11,
10, 5, 9]. In this paper, we presenta statisticalapproachfor facedetectionandperson�

Thiswork is supportedby theEuropeanCommissionvia theACTSprojectVIDAS.



identificationwhich we investigateasan alternative approachto methodsreportedin
[10, 9, 11,5]. We explorehow thedistribution-basedfacemodelof Moghaddamet al.
[5] canbeextendedto generalviewing conditions.Thestartingpointof ourapproachis
alsoinspiredfrom thefacedetectionsytembasedonclusteringtechniquesproposedby
Sunget al. [10] aswell astheneuralnetwork-basedsystemdescribedin [9]. In these
works,two trainingsetscontainingfaceimagesandnon-faceimagesarecollected.We
demonstratethatour systemallows to detecta faceundervariableposeandrequiresa
low computationalcost.

A lot of algorithmshave beenproposeduntil todayin orderto localizethecharac-
teristicfeaturesof themouthof a talkinghead,for useby facerecognitionor automatic
lipreadingsystems.Lots of themmakeuseof deformabletemplates[12] in order to
find theboundaryof themouth.They usuallyneeda roughestimationof the location
of themouth,usedasa startingpoint for thedetection,andneedapreciseextractionof
textural propertieslike edges,peaksandvalleys. Our mouthfeaturesextractionalgo-
rithm focusesonaneffectiveapproachbasedonamplitudeprojectionsonstraightlines
of pixels[3, 7].

2 Statistical Detectionof Faces

In this section,we presentan unsupervisedstatistical-basedalgorithmto detectfaces
undervariableposeon H263-codedQCIF grey-scalevideophoneimages.We exploit a
subspacemethodand an eigenspacedecompositionto approximatethe face appear-
anceusing a reducednumberof eigenvectorsin a Karhunen-Loeve (KL) transform
[11, 5, 4, 6]. It is now well known that thesubspacemethodallows to copewith con-
siderablevariationof theobjectappearance.In this section,we startby presentingthe
automaticvisual learningbasedon densityestimationin high-dimensionalspaceson
two learningimagesetsshowing faceandnon-faceviews. A new matchingcriterion
basedon a GeneralizedLikelihood Ratio (GLR) is thenproposed.The detectionap-
proachcombinestheadvantagesof a compactstatisticaldescriptionof imagesandan
efficient optimizationschemefor poseestimation:A multiresolutionstochasticsearch
techniqueis usedto locatethebestmatchto thea priori model.

2.1 A Distrib ution-basedFaceModel

In our approach,we assumethat themajority of the facecanbe modeledby a plane.
More complex model(e.g. 3D models) canbeusedbut theplanarmodelis simple.

In afacedetectiontask,two adversehypothesishaveto becompared: “presence
of one face” ( 	 � ) vs. “presence of no face”( 	�
 ). Characterizingthe two
classesis challengingbecause,whereasit is easyto getatrainingsetof faces,it is much
harderto collecta representative populationof imagescontainingno face[10, 9]. Our
systemavoidstheproblemof usinga hugetrainingsetof non-faceimagesandby only
usinga non-facetrainingsetof face-likeimages.

“Face” Model Building. Thevisuallearningof facesconsistsin buildingadistribution-
basedmodelof frontalview photographsof facesatfixedscaleto capturethefull range



of permissiblevariationin patterns.Thetrainingprocedurerelieson the KL transform
which allows to identify the degreesof freedomof the statisticalvariability observed
on a training setof representative images,on a low dimensionaleigenspace.A par-
ticular patternbelongingto the training populationof �� imagesis representedby
the � -dimensionalvector ��� madeup from the lexicographicreadingof image � ,
whereoneelementof the vector is a pixel intensityvalue.The PrincipalComponent
Analysis (PCA) is efficient to derive a tractableestimateof the probability distribu-
tion ����������� of a particularpattern � basedon the first � principal components[5]
( ��� �  �!� ). This decompositiondividesthecompletevectorspace"$# into a
principal M-dimensionalsubspacespannedby thefirst � principalcomponentsandan
orthogonalcomplementarysubspacespannedby thefirst �&%'� othereigenvectors.In
thefollowing,weassumethat ���(�)�*��� maybemodeledby amultivariateGaussianden-
sity for which themeanvector +� andcovariancematrix , arealreadyestimated- . The
distribution � � ������� maybewrittenfrom the � projections.�/ obtainedby thechangeof
coordinatesin a KL transform.Thedistributionestimate0 ���(�1�*��� is givenby a product
of two independentGaussiandensitiescomputedfrom the � principalprojections[5]:0 � � �2�*���43 568729(:<; % ��>=@?/�A �CB�DEF EHG�JILK�� ?NM ��O ?/PA ��Q � M �/ RS4TU56�7V9�:<; %XW DZY\[L]�Z^ G�_I8Ka`�� Y #cb ? ] M � RS (1)

where Q / aretheeigenvaluesassociatedto theeigenvectorsderivedfrom thediagonal-
izationof thecovariancematrix , , ` is theaverageof eigenvaluesin thecomplementary
subspaceand d � is theresidualreconstructionerrordefinedas:d � �����e3 #f/�A ?$g � . �/ 3 hV�<%@+�ih � % ?f /�A � . �/kj (2)

The distribution estimatewas computedbasedon 3-dimensionalprincipal subspace
( �l3nm ) with a facetrainingsetcomposedof 40 frontalviewsof differentpeopleo .
“Non-face” Model Building. Therearemany naturallyoccuringnon-facepatternsin
therealworld that look like faceswhenviewedin isolation.Here,we proposeto geta
reducednumberof significantnegative exampleswhich look like faces(w.r.t. 0 � � �2����� )
collectedin a “bootstrapping”manner[10, 9]. A distribution-basednon-facemodelis
built accordingto the visual learningproceduredescribedpreviously. If the non-face
trainingsetcontainsface-likeimages,it seemreasonableto modelthedistributionby a
multivariateunimodalGaussiandensitysimilar to 0 � � �1����� :0 � �Lp �*���43 56�729(:<; % �� =q?$r/�A �CB rE DF r E G�_I8K�� ? r M � O ? r/�A � Qts/ � M � RS4T>56u729(:<; %XW r D Y\[L]�Z^ s G�JILKa` s � Y #�b ? r ] M � RS j (3)v

Let’snotethat wax is normalizedby its meanandstandarddeviationto copewith globalillumi-
nationchanges.y
Thetrainingprocedurehasbeenperformedon a databaseof zV{N|X}�{ pixel imagescreatedat
Olivetti ResearchLaboratory.



A 3-dimensionalprincipal subspace( � s 3~m ) allows to derive a satisfactorydistribu-
tion estimatewhenthetrainingsetis composedof 36examples( �L������� pixel images).

2.2 Matching Criterion

The detectionproblemis formulatedas comparingthe two hypothesis“presence
of one face” ( 	 � ) and“presence of no face” ( 	�
 ). A centralproblemin
objectrecognitionis to determinethetransformationthatrelatesthemodelto thetarget
object from its appearancein the image.To recognizeobjects,we frequentlyseekto
eliminatethe effects of view points.Our methodappliesto one face assumedto be
approximatedby a planeundersimilarity, affine or perspective transformassociatedto
a parametervector � . Our matchingcriterion aimsto estimateany rigid transform �
by maximizingthefollowing GeneralizedLikelihoodRatio:�u��3����H�i�<� 9� 0 � � �����C� �u�0 � ��p ���C� �u�� � 3����H�i������ � 0 ���(�1���i�J�u�H��%�0��� p ���i�J�u�H���� � 3����H�i������ 56�� ?f /�A � . �/ �_�u�Q / � d � �*�i�_�u���` � %��  ? rf /�A � . s/ � �J�u�Q s/ � d s � ���i�_�¡�H�` s ¢£ RS j(4)

A drawbackin thisapproachis thatthepossibleinconsistentmeasuregivenby 0 � �Lp ���i�J�u�H�
canaffect grosslytheestimatorof � anddisturbsthematchingprocesswhentheinput
patterndoesnot containa face-likeview. Wedesigna statisticaltestundertheassump-
tion that 0 � �Lp �*�i�_�u��� is distributedasa chi-squaredistributionwith �_� s �@¤ � degreesof
freedom,scaledby afactor �N¥t�_� s �e¤ � . Weproposethefollowing thresholdingwhich
will beintegratedin thematchingcriterion:0 � �Lp ���i�_�¡�H�i3q¦ if 0 � �Lp ���i�J�u�H�>§@¦ (5)

where ¦ is inferredfrom thescaledchi-squaredistribution law with �_� s �~¤ � degrees
of freedom.In our experiments,the threshold¦ correspondsto a ¨L�8© confidence.Fi-
nally, thefacedetectionis validatedif ª 0 � � �1�*�i�_� � �H�«% 0 � �Lp �*�i�_� � �H�¬ doesnotexceeda
statisticalthreshold® inferredfrom thescaledchi-squaredistribution laws of random
variables0 ��� p �*�i�_�u��� and 0 ���(�¯�*�i�_�u��� .
2.3 Computational Issues

In thissection,weseethatfor similarity, affine andperspective transforms,theestima-
tion of � requiresan efficient coarse-to-finestrategy [9]. For every imagein the two
training setswe constructa pyramidof imagesby spatialfiltering andsubsampling.
The imagesat eachlevel in the pyramidsform distinct trainingsetsandat eachlevel
an PCA is performedto constructthe eigenspacedescriptionof that level. The input
QCIF imageis similarly smoothedandsubsampled.At the coarsestlevel in the pyra-
mid, only thespatialpositionandscaleparametersareestimated.An exhaustivesearch



Fig. 1. GLR facedetectionon4 intermediateframesof a QCIF videophonesequence(affine trans-
form).

Fig. 2. GLR facedetectionon 4 intermediateframesof a QCIF videophonesequence(perspective
transform).

of thisspacewould taketoo long time to find agoodmatchif noparticulararchitecture
is used[5]. Our searchalgorithm,basedon a fastversionof simulatedannealing,esti-
matesautomaticallythe4 parametersandavoidsa suboptimalsearchstrategy [10, 9].
It usesa Metropolisdynamicandthe temperaturecooling is inverselinear [1]. Using
deterministicrefinementtechniques,theaffine or perspective transformsareestimated
at eachlevel and the matchingprocedurestopswhen the algorithmconvergesat the
finest resolution.The total cpu time, on SUN SPARC20 workstation,is respectively
1.5sand3sto estimateanaffine anda perspective transformon thefirst framewhena
three-level Gaussianpyramidis created.Themainlimitation of previousapproachesis
thatsystemsdetectuprightfaceslooking at thecamera[10, 5, 9] andmayrequirehigh
computationalcomplexity [10, 9].

2.4 Experimental Results

In our experiments,the H263-codedQCIF imagesequencesshow a speakermoving
againstanuniformbackground(Fig. 1)andamorecomplex texturedbackground(Fig. 2).
Thetwosequencesareoriginatedin theaudio-videocorpusof theACTSVIDASproject.
The initialization of � is randomon the first highly degradedimageof the sequence.
Thefinal resultsof facedetectionon two differentsequenceswhenanaffine anda per-
spectivetransformarerespectively considered,arepresentedonFig. 1 andFig. 2. Let’s
notethatatemporaltrackingcanbeintroducedby projectingthefinalestimateobtained
onthecurrentframeasaninitial estimatein thenext frame.Thetimecomputingis then
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Fig. 3. MaximumLikelihoodmouthdetections; a-c)normalizedimages; b-d) QCIF images.

notablyreducedto ° j IL± by frameona SUN SPARC20 workstationto estimatetheaffine
transform.In this case,theuseof a SA algorithmanda multiresolutionsearchstrategy
is avoided(exceptfor thefirst frame).

3 Detectionof Salient Points on the Mouth

3.1 Maximum Likelihood Detectionof Mouth

The eigentemplateapproachto the detectionof facial featureswaspresentedin [5].
A Maximum Likelihood estimateof the position of the mouth is only presentedin
this section.Thevisual learningreliesexclusively on a mouthtrainingsetin this case.
The detectedregion of interestwill be consideredas input to the mouthparameters
extraction algorithmdescribedin the next section.Oncethe locationof the facehas
beenestimated,thevectorparameter� � is usedto compensateby affineor perspective
transform,yielding a rectangular( �L�<�e�(� ) box containinga face.A secondfeature
detectionstageoperatesat this level to estimatethescaleandthe positionparameters
of the mouthusinga reducedversionof our matchingalgorithm.Theeffectsof view
point arenot totally eliminatedduringthe facedetectionstepandthea priori location
of the mouth is thenrefinedusinga deterministicoptimizationalgorithmwith a low
computationalcost.Theresultsof mouthdetectiononnormalizedimagesarepresented
onFig. 3aandFig. 3c.Thewindowscontainingthemoutharewarpedinto theoriginal
imagedomainonFig. 3bandFig. 3d.

3.2 Extraction of Mouth Features

We describeherea fast algorithmwhich permitsto detectthe outline of the mouth,
composedof the following four featurepoints:the top of theupperlip, the bottomof
the lower lip, andthe two corners.Thesearchis confinedto themouthboundingbox
givenfrom section3.1.

The poor spatialresolutionof the H263 QCIF codedimages,andvisible artefacts
(blockeffects)onthemouth,limit theperformanceof typical imageanalysistools.Our
aim is consequentlyto proposea simpleandeffective methodwhich staysrobusteven
if a partof the mouthis blurred.The extractionis doneby examiningamplitudepro-
jectionson crosslinesinsidetheboundingbox. It canbeperformedon thenormalized
imagesor on the original video sequence.In the first case,we considervertical and



horizontallines, and in the secondcase,we considerlines parallel to the bordersof
the boundingbox. We usean algorithmsimilar to the Bresenham’s algorithmto find
intersectionsbetweentheuniformgrid of pixelsandobliqueline segmentshaving grid
verticesastheir endpoints.

Let usdescribetheextractionalgorithm,confinedto arectangularboundingboxon
a normalizedface,aroundthemouth(thesameapproachis usedto processtheinterior
of aparallelogram):

1. Computethesumsof thegrey levelson eachhorizontalline, startingfrom the top
of thebox.Thispointgivesthefunction ±�²k³µ´$�_.8� (seetop of Fig. 4).

2. Look for thefirst maximumnegative slopof the function ±�²k³µ´¶�J.L� , startingfrom
theleft. This givesthepositionof thehorizontalline on thetopof theupperlip.

3. Consideringthefunction ±�²a³X´$�J.L� , startingfrom theright, considertwo cases:
(a) computethefirst localminimumof thefunction(seeFig. 4);
(b) if thispointdoesnot exist, detectthefirst maximumnegative slopof thefunc-

tion.
Thispointgivesthepositionof thehorizontalline on thebottomof thelower lip.

4. Limit now the searchto therectangularpartbetweenthe two previously detected
lines,andconsidergradientimage,in orderto detectthe left andright horizontal
external points of the mouth.Computethe sumsof the gradientvalueson each
vertical line, startingfrom the left. This givesthe function ±1²a³$·��_¸a� (seebottom
of Fig. 4).

5. The computationof the left andright maximumvaluesof the function ±1²a³$·��J¸k�
returnsthe positionsof the two vertical lines passingthroughthe cornersof the
mouth.

6. Theminimumvalueson theselinesreturnthespatialpositionsof thecorners.
7. Thetwo pointsonthetopandbottomof theexternalcontoursarethenlocalizedon

theverticalsymmetryaxisof themouthbetweenthetwo corners.

We presenton Fig. 5 a resultobtainedfrom our featuresextractionalgorithm,per-
formedon two 30framesvideophonesceneswith afixedandmoving background.Our
experimentsshow that the algorithmis robust, andworks well on the original QCIF

imageaswell ason thenormalizedimage.Theshapesof the functions ±�²a³X´$�J.L� and±�²k³�·c�J¸k� stayapproximatelyconstantin time,providedthey areobtainedfrom a box
suitablycenteredonthemouth.Thisallowsaneffective detectionof thepositionof the
four featureswith aprecisionof oneor two pixels.Thesystemworksfor bothopenand
closedmouths,sinceit considersonly theoutlines.

4 Conclusion

We have successfullydevelopedanexample-basedlearningtechniquefor representing
andautomaticallydetectingviews of humanfacesundervariableposesandorientation
in H263-coded255sequences.Thedistribution-basedmodelcapturespatternvariations
in faceandface-likeimages.Wehave proposedanoriginalmatchingcriterionbasedon
GeneralizedLikelihoodRatioandanefficient multiresolutionimplementationwhich is
plannedto be extendedfor a real-timeversion.The systemis completedby a robust
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Fig. 4. Functions¹2º(»�¼U½_¾À¿ (top)and ¹Vº�»µÁ�½�Â�¿ (bottom)computedfrom thenormalizedimages
on Fig. 5a(left), andFig.5c(right).
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Fig. 5. Extractionof 4 featurepointson themouth; a-c)normalizedimages; b-d) QCIF images.

algorithmwhich detectssalientpointson the mouthyielding promisingprospectsas
concernsthecharacterizationandtheinterpretationof bothaudioandvideosignalsfor
a personauthenticationtask.
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