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ABSTRACT

Lip readinghasbeenprovento improvespeechrecognition
accuracy in adverseenvironments.Mostexistinglip reading
systemshave frontal poseassumption,which makesit very
difficult to usein taskssuchasvideo transcription(speech
recognitionof the audiostreamfor video indexing andre-
trieval). In thispaper, weproposeanew methodto compen-
satethelip posechangeby exploiting thegeneralsymmetry
of humanface.Fromtheimaginggeometrywe show thata
frontal lip canberecoveredfrom only oneprofileview. The
resultingposecompensationmethodhasthe following ad-
vantages:(1) it only requiresoneprofile image;(2) it does
not needany 3D model;(3) it doesnot needanaccuratelip
shapecontour. Experimentalresultsaregiven to show the
effectivenessof ourmethod.

1. INTRODUCTION

A goodexampleof utilizing audio-visualinteractionfor hu-
manspeechcommunicationis lip reading[3]. Lip reading
hasbeenprovento improvespeechrecognitionaccuracy in
adverseenvironments[9, 6]. In the lip readingprocess,vi-
sual features(lip imagefeatures)are detected,then these
featuresareeithercombinedwith audiofeaturesto train an
audio-visualrecognizeror usedto train a visual recognizer
and integratewith the outputof an audiorecognizerlater.
Thevisualfeatureextractionmodulewill directlyaffect the
recognitionaccuracy.

In astudyabouthumanlip reading[5], Neelyfoundthat
frontal views of the speaker led to higherrecognitionrates
thanprofile views. This suggeststhat frontal posewould
befavoredover profile posesfor thepurposeof lip reading
by computers,andalsohelpsto explain why mostexisting
lip readingsystemsmake a commonassumptionthat the
speaker is in frontal pose. In order to get frontal poselip
image,someresearchersusespecialdevicessuchasa mir-
ror in front of themouth,andsomeresearcherstry to recog-
nizefrontalposeandsimplydropthenon-frontalpose.This
makessystemshave limited usein taskssuchasvideotran-
scription(speechrecognitionof theaudiostreamfor video

indexing andretrieval), wherespeakersarenot necessarily
in frontal pose.

The literatureon dealingwith the poseproblemin lip
readingis fairly limited. Nonetheless,many works have
beendonein facerecognition[7, 4, 1]. Probablythe most
straightforward way of compensatingposeis to represent
knowledgeof 3D shapewith anexplicit 3D modelsuchas
3D headwire mesh,by detectingcontrol points on a im-
age,onecanwarp the imageonto the 3D model, thenthe
3D modelis rotatedto thenew desiredpose,andfinally the
rotated3D model is projectedonto the imageplaneto get
the imageof desiredpose.This techniqueis susceptibleto
featuretrackingfailure. Anotherapproachis basedon ex-
ampleviews [1], whereimagesof differentposesarecap-
turedasexamplesviews. By exploring therelationshipbe-
tweentheseexampleviews, poseinvariantrecognitioncan
be achieved. This techniquerequirescarefulmanipulation
of many exampleviews, and the object is assumedto be
static,which is not applicablefor handlingmouth images
which arein constantmotionduringspeech.

In broadcastvideos,speaker posechangessuchaspla-
nar translationand rotationcaneasilybe compensatedby
geometricaltransform. For out of planerotation,aswhen
the speaker rotateshis head,simplegeometricaltransform
cannotcompensatefor thepose.

In thispaper, wepresentanovel methodfor compensat-
ing non-frontalmouthimagesdueto out of planerotation.
By exploiting the generalsymmetryof humanmouth,we
provethatfrom asingleprofileview, a frontalmouthimage
canbeobtained.Ourmethodis purelyworkingin theimage
domain,otherinformationsuchasmotion(opticalflow), 3D
structureof mouth,mouthcontour, andsegmentationis not
needed,thusproviding for a generalsolution for the pose
compensationproblemin poseinvariantlip reading.

Theremainderof this paperis organizedasfollows. In
section2, thegeneralideabehindour methodis presented.
Then, in section3, by looking into the imaginggeometry,
we show that a profile mouth imageindeedenablesus to
recover a frontal posemouth image. In section4, the de-
tails of our methodare described. Our experimentswith
this methodarepresentedin section5. Finally, we discuss



Figure1: Canwe recover frontal mouthregion (lowermid-
dle)byusingonenon-frontalimage(upperleft) andthemir-
ror image(upperright)?

conclusionsandfuturework in section6.

2. THE IDEA

Weall mayhavenoticedmany amazingvideoclipsin movies
andTV commercialsdepictingthe fluid transformationof
onedigital imageinto another. This processis called im-
agemorphing,which is realizedby couplingimagewarp-
ing with color interpolation.Imagewarpingapplies2D ge-
ometric transformationson the imagesto retaingeometric
alignmentbetweentheir features,while color interpolation
blendstheir color. If a face of a man can gradually be
changedto a faceof a woman,can we get a frontal pose
imagefrom a profile imageby gradually rotatingthehead?
seeFigure1.

Unfortunately, we only have oneprofile image,andwe
don’t have a target imageto warponto. Thanksto thegen-
eral symmetry of humanface,we canconsiderthe mirror
reflectionof the profile imageas the imageseenfrom the
other side. By ”morphing” the image,somewherein the
process,we could expecta frontal poseimage. That’s the
generalidea of our method,thoughour methoddoesnot
useimagemorphingdirectly.

In the next section,we canseethat by usingonly one
profile view of a mouthimage,a frontal mouthimagecan
berecoveredbasedon imaginggeometry.

3. IMAGING GEOMETRY

Considerthecameraconfigurationin Figure2. We canas-
sumetheprofile imagewasgivenby thecamera��� , andthe
mirror reflectionimagewasgiven by the camera��� . Let
the origin of the world coordinatesystembe � , i.e. ���	�
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Figure2: Imaginggeometry

	�%1� � �2� from ��� . If �3� 

# . , thevirtual camerais at � ,
thevirtual imageis thefrontalposeimage.

According to the perspective cameramodel (pin-hole
model),a point in 3D space4 	�56��78�:9�� is projectedonto
the imageplanewith optical centerat the world origin by
thefollowing equation:;=< �?> 5 9 � @ < �A> 7 9 � (1)

where> is thefocal lengthof thecamera,;=< �2@ < is theimage
planecoordinates.Supposethereis a point on humanface,B4C� 	D56��7E�F9�� , accordingto perspectiveprojectioncamera
model,

B4 will projectontoleft cameraat theposition; �G�H> 5JIK�����9 � @ �G�H> 7 9 � (2)

while on theright camera,thepointwill projectto; ���H> 5L�������9 � @ ���A> 7 9 # (3)

Thenon thevirtual camera�*) , it will projectonto; )M� > 5NI?	-
�#/.*� � �2�9@ )M� > 7 9 # (4)

Representingin termsof ; � and ; � , wehave; )M� 	2%�� � � ; � I � ; �@ )O� @ �P� @ � (5)

This equationsuggestthatwe cangenerateany virtual im-
ageby acameraon theline between��� and ��� . Obviously,
thefront imagecanbeobtainedby setting �*� 

# . , i.e.;RQ � ; � I ; �� � @ Q � ; � � ; � # (6)



4. THE ALGORITHM

Faceand featurelocating is a very importantproblemfor
a numberof applications,including lip reading. Detailed
discussof faceandfeaturelocatingis beyondthescopeof
this paper. For faceand mouth finding, we use the sys-
tem reportedby Senior[8]. From broadcastingvideo se-
quences,the systemcanoutputmouthregion imageswith
scale,translation,andin-planerotationcompensated.The
mouthimagesarealignedsuchthat the two cornersof the
mouth lie in a horizontal line. Also, the imagesizesare
scaledto acertainratiowith respectto thedistancebetween
two eyes.

Givensucha non-frontalmouthregion image,the task
is to compensatefor rotationin depthusingthederivations
in theabove section.Theposecompensationalgorithmin-
volvestwo steps:In orderto recoverthefrontalposemouth
region, first we needto establishcorrespondencesfor the
pixelsin a realview andits mirror reflection.Thentheco-
ordinatesof matchedpixels and their imageattributesare
usedto recover thefrontalpose.

4.1. Matching pixels

We usecolor informationasmatchingattributes.Theorig-
inal color imageis in

	-S*T ���
format. The differencesin

RGB valuesarenot necessarilyreflectingthe color differ-
encesin humanperception.In orderto make theEuclidean
distancebetweenpixel attributesreflecttheperceptualdif-
ferences,weuseU1V�W ��XZY\[�Y(](Y uniformcolorsystem.Due
to greatvariationin theliterature,we includethetransform
asfollows [2].^_ 5 7 9
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Now, let usexamineconstraintsfor matchingpixels: (1)
Epipolarconstraint,which requirespointson imageplane	 ; � ��@ � � , 	 ; � ��@ � � , andpoint on the object 4 be co-planar.
Thismeansapixelmatchesto apixel in themirror reflection
imageonly if thepixel hasthesame

@
coordinates.Thisbe-

comesobviousfrom figure2. (2) Pixel orderingconstraint,
which requiresthepixelsmatchedobey theorderfrom left
to right (or right to left). This is anaturalconstraint,andcan
beverifiedfrom theimaginggeometry. SeeFigure3.
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Figure3: EpipolarandOrderingconstraints

Many matchingalgorithmscan be usedto get dense
pixel correspondencebetweenthegivenimageandits mir-
ror image. We usean algorithm that only requirespixel
level features.Thepixel matchingalgorithmtakesonenon-
frontal imageasinput,without lossof generality, theimage
canbe treatedasthe imagefrom left camera,thenits mir-
ror imagecan be treatedas the imagefrom right camera.
Let 4 � and 4 � bepixels in the left andright images,� the
width of correlationwindow, thenfor eachpixel in left im-
age

	 ; � ��@ � � , find its correspondingpixel in theright image
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where
XZY� ��[�Y� ��](Y� standsfor theCIELAB colorattributesvalue

of 4 � , while
X+Y� ��[�Y� �:](Y� for 4 � .

To guaranteerobustpixel matching,weuseacoarse-to-
finecontrolstrategy. In thefirst round,weuselargewindow
size � to estimatethe coarsematchfor eachpixel; thenin
thesecondround,a smallerwindow is usedto find thepre-
cisematchasguidedby the coarsematches.The ordering
constraintis enforcedat thisstep.

4.2. Recovering Frontal Pose Image

Oncethepixel correspondencesareestablished,wecancal-
culatethe frontal poseimageusingequation(6), the pixel
valuesaretheaverageof thetwo matchedpixels. Actually,
the frontal mouthimagein Figure(1) wasgivenby our al-
gorithm.

An interestingpropertyof our methodis that an initial
poseestimationis not needed.From equation(6), we can
seethat ; � and ; � canswitchposition,whichmeanswecan
treattherealimageeitherasleft imageor right imagewhile
thefrontalposeimageremainsthesame.

Whenlip contourcanbereliablydetected,thematching
algorithmcanbeveryeasy. Onecanuseepipolarandorder-
ing constraintsto compensateposeby linearinterpolation.



5. EXPERIMENTS

We testour methodon a setof non-frontalmouth images
found from a video sequence.As seenfrom Figure4, the
frontalposemouthimageis recovered.Becauselighting di-
rectionsareslightly differentfor imagesin differentposes,
the posecompensatedfrontal posemouth imagesare not
exactly thesameasthetruefrontalposemouthimage.

To show theeffectsof posecompensation,we compare
the posecompensatedimageswith the true frontal image.
In appearancebasedrecognitionsystems,eigenspacerep-
resentationis widely usedfor comparingimages.The key
is that theEuclideandistancein eigenspaceis equivalentto
imagecorrelation[10]. For thisexperiment,thesquaredEu-
clideandistancebetweentwo imagesin CIE-LAB spaceare
calculated.

Also, in order to comparemouth imagesof different
poses,the imageshouldbenormalizedto make themcom-
parable.This canbedoneby normalizingthe distancebe-
tweentwo mouthcornersandthedistancebetweentwoeyes,
dueto the fact that the ratio of thesetwo distancesareap-
proximatelyconstantfor differentposes.In thisexperiment,
wesimplyalignthemouthcornersto thesameposition,and
fit imagesto an

hg
���%\
�

grid.

Theimagedistancebetweentwo imagesis computedas
thesquaredsumof Euclideandistancesin CIE-LAB space
on the

hg
���%\
�

grid. Thedistancebetweenthetruefrontal

poseimageandthenon-frontalposeimagein Figure4 (mid-
dle left) is

j
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pensatedimagein Figure 4 (middle right) the distanceisj
#/.1�£%\
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� ;¡ v¢ . Thedistancebetweenthetruefrontal
imageandthe non-frontalposeimagein Figure4 (bottom
left) is
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for theposecompensatedimageFigure4 (bottomright).

If weconsiderthenon-frontalimagesasnoisecorrupted
frontal image, by doing posecompensation,we actually
achievehighernoise-to-signalratio.

6. CONCLUSIONS

In thispaper, weproposeanew methodto compensatepose
changesof mouth imagesfrom one profile image. This
methodworks purely in the imagedomain,and doesnot
requirefeaturedetectionfor compensation.This is espe-
cially usefulfor appearancebasedlip reading,wheremouth
imagesareusedfor recognition.

When lip shapecan be reliably detected,our method
canbeusedto compensateposesimply by linearinterpola-
tion. The limitation of our methodis that bothmouthcor-
nersmustbe visible in the profile image. Furtherresearch
is neededin orderto compensatefor arbitraryposechange
of thespeaker.

Figure4: Truefrontalposeimage(Upper),non-frontalpose
(middle left) andcompensatedimage(middle right), non-
frontal pose(bottomleft) andcompensatedimage(bottom
right)
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