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ABSTRACT

Lip readinghasbeenprovento improve speeclrecognition
accuray in adwerseervironments Mostexistinglip reading
systemdhave frontal poseassumptionwhich makesit very
difficult to usein taskssuchasvideo transcription(speech
recognitionof the audio streamfor video indexing andre-
trieval). In this paperwe proposeanew methodto compen-
satethelip posechangeby exploiting thegenerasymmetry
of humanface.Fromtheimaginggeometrywe show thata
frontallip canberecoveredfrom only oneprofile view. The
resultingposecompensationmethodhasthe following ad-
vantagesy1) it only requiresoneprofile image;(2) it does
not needary 3D model;(3) it doesnot needanaccuratdip
shapecontour Experimentakesultsare givento show the
effectivenesf our method.

1. INTRODUCTION

A goodexampleof utilizing audio-visualnteractionfor hu-
manspeechcommunicationis lip reading[3]. Lip reading
hasbeenprovento improve speechrecognitionaccurag in
adwerseervironmentd9, 6]. In thelip readingprocessyi-
sualfeatures(lip image features)are detected thenthese
featuresareeithercombinedwith audiofeaturego trainan
audio-visualrecognizeror usedto train a visual recognizer
andintegratewith the outputof an audiorecognizedater.
Thevisualfeatureextractionmodulewill directly affectthe
recognitionaccurag.

In astudyabouthumanlip reading[5], Neelyfoundthat
frontal views of the spealer led to higherrecognitionrates
than profile views. This suggestghat frontal posewould
be favoredover profile posedor the purposeof lip reading
by computersandalsohelpsto explain why mostexisting
lip readingsystemsmake a commonassumptiorthat the
spealer is in frontal pose. In orderto getfrontal poselip
image,someresearcherasespecialdevicessuchasa mir-
ror in front of themouth,andsomeresearchersy to recog-
nizefrontal poseandsimply dropthenon-frontalpose.This
malkessystemshave limited usein taskssuchasvideotran-
scription(speechrecognitionof the audiostreamfor video
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indexing andretrieval), wherespealersare not necessarily
in frontal pose.

The literature on dealingwith the poseproblemin lip
readingis fairly limited. Nonethelessmary works have
beendonein facerecognition[7, 4, 1]. Probablythe most
straightforward way of compensatingoseis to represent
knowledgeof 3D shapewith anexplicit 3D modelsuchas
3D headwire mesh,by detectingcontrol pointson a im-
age,one canwarp the imageonto the 3D model, thenthe
3D modelis rotatedto the new desiredpose,andfinally the
rotated3D modelis projectedonto the imageplaneto get
theimageof desiredpose. This techniqueis susceptibleo
featuretrackingfailure. Anotherapproachs basedon ex-
ampleviews [1], whereimagesof differentposesare cap-
turedasexamplesviews. By exploring the relationshipbe-
tweentheseexampleviews, poseinvariantrecognitioncan
be achiesed. This techniquerequirescarefulmanipulation
of mary exampleviews, and the objectis assumedo be
static, which is not applicablefor handlingmouthimages
which arein constanmotionduringspeech.

In broadcasvideos,spealer posechangesuchaspla-
nar translationand rotation can easily be compensatedty
geometricaltransform. For out of planerotation,aswhen
the spealer rotateshis head,simple geometricakransform
cannotcompensatéor the pose.

In this paperwe present novel methodfor compensat-
ing non-frontalmouthimagesdueto out of planerotation.
By exploiting the generalsymmetryof humanmouth, we
provethatfrom asingleprofile view, afrontal mouthimage
canbeobtained.Ourmethods purelyworkingin theimage
domain,otherinformationsuchasmotion(opticalflow), 3D
structureof mouth,mouthcontour andsegmentatioris not
neededthus providing for a generalsolutionfor the pose
compensatioproblemin poseinvariantlip reading.

Theremainderf this paperis organizedasfollows. In
section2, the generalideabehindour methodis presented.
Then,in section3, by looking into the imaging geometry
we shaw that a profile mouthimageindeedenablesus to
recover a frontal posemouthimage. In section4, the de-
tails of our methodare described. Our experimentswith
this methodarepresentedn section5. Finally, we discuss



Figurel: Canwe recover frontal mouthregion (lower mid-
dle) by usingonenon-frontalimage(upperleft) andthemir-
ror image(upperright)?

conclusionsaandfuturework in section6.

2. THE IDEA

Weall mayhave noticedmary amazingvideoclipsin movies
and TV commercialsdepictingthe fluid transformationof
onedigital imageinto another This processs calledim-
agemorphing,which is realizedby couplingimagewarp-
ing with colorinterpolation.Imagewarpingapplies2D ge-
ometrictransformationsn the imagesto retain geometric
alignmentbetweertheir featureswhile color interpolation
blendstheir color. If a faceof a man can gradually be
changedo a faceof a woman,canwe get a frontal pose
imagefrom a profile imageby gradually rotatingthe head?
seeFigurel.

Unfortunately we only have oneprofile image,andwe
don't have atargetimageto warp onto. Thanksto the gen-
eral symmetry of humanface,we can considerthe mirror
reflectionof the profile imageasthe imageseenfrom the
other side. By "morphing” the image,someavherein the
processwe could expecta frontal poseimage. That's the
generalidea of our method,though our methoddoesnot
useimagemorphingdirectly.

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

3. IMAGING GEOMETRY

Considerthe cameraconfigurationin Figure2. We canas-
sumethe profileimagewasgivenby thecamera);, andthe
mirror reflectionimagewas given by the cameraO,.. Let
the origin of the world coordinatesystembe O, i.e. O =
(0,0,0), thenO; = (—B/2,0,0) andO, = (B/2,0,0).
Lets € [0..1]. If we putavirtual cameraatO, = (—(0.5 —
$)B,0,0), whichis sB from Oy, thenthis virtual cameras

Figure2: Imaginggeometry

(1 —s)B from O,. If s = 0.5, thevirtual camerais at O,
thevirtualimageis thefrontal poseimage.

According to the perspectie cameramodel (pin-hole
model), a point in 3D spaceP(X,Y, Z) is projectedonto
the imageplanewith optical centerat the world origin by
thefollowing equation:

X Y
xi:fE: yz'sza 1)
wheref isthefocallengthof thecameray;, y; istheimage
planecoordinates Supposdhereis a point on humanface,
P= (X,Y, Z), accordingto perspectie projectioncamera
model, P will projectontoleft cameraatthe position
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while ontheright camerathe pointwill projectto
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Thenonthevirtual camera0s, it will projectonto
X+ (0.5—-39)B
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Representingn termsof z,. andx;, we have
zs = (1—38)z + sz,
Ys = Y1 =Yr %)

This equationsuggesthatwe cangeneratery virtual im-
ageby acameraontheline betweerD; andO,.. Obviously,
thefrontimagecanbe obtainedy settings = 0.5, i.e.

x; + xp
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Ty = Y =1 = Tr- (6)



4. THE ALGORITHM

Faceandfeaturelocating is a very importantproblemfor

a numberof applications,including lip reading. Detailed
discussof faceandfeaturelocatingis beyondthe scopeof

this paper For face and mouth finding, we usethe sys-
tem reportedby Senior[8]. From broadcasting/ideo se-
guencesthe systemcan outputmouth region imageswith

scale,translation,andin-planerotationcompensatedThe
mouthimagesare alignedsuchthat the two cornersof the
mouthlie in a horizontalline. Also, the imagesizesare
scaledo acertainratiowith respecto thedistanceébetween
two eyes.

Givensucha non-frontalmouthregion image,the task
is to compensatéor rotationin depthusingthe derivations
in the above section. The posecompensatiormlgorithmin-
volvestwo steps:In orderto recoverthefrontal posemouth
region, first we needto establishcorrespondencef®r the
pixelsin arealview andits mirror reflection. Thenthe co-
ordinatesof matchedpixels and their imageattributesare
usedto recoverthefrontal pose.

4.1. Matching pixels

We usecolor informationasmatchingattributes. The orig-
inal color imageis in (RGB) format. The differencesin
RGB valuesare not necessarilyreflectingthe color differ-
encesn humanperception.n orderto make the Euclidean
distancebetweenpixel attributesreflectthe perceptuaif-
ferencesweuseCIE — L*a*b* uniformcolorsystem.Due
to greatvariationin theliterature,we includethe transform
asfollows[2].

X 2.7690 1.7518 1.1300 R
Y | = | 1.0000 4.5907 0.0601 G 7)
Z 0.0000 0.0565 5.5943 B
L* = 116]Y/Y]'/? —16,Y/Yy > 0.01  (8)
a* = B00[(X/Xo)'/? — (Y/Y)/? 9)
b = 200[(Y/Yo)'/? — (Z)Z)'/?] (10)

whereXy, Yy, Zg aretheXYZ valuesof thereferencevhite,
andfor Y/Yy <= 0.01, the L*a*b* valuesaresetto 0.
Now, let usexamineconstraint§or matchingpixels: (1)

Epipolar constraint,which requirespoints on imageplane
(zr,yr), (z1,4), and point on the object P be co-planar
Thismeansapixelmatchedo apixelin themirror reflection
imageonly if the pixel hasthesamey coordinatesThis be-
comesohviousfrom figure 2. (2) Pixel orderingconstraint,
which requiresthe pixels matchedobey the orderfrom left
toright (orrightto left). Thisis anaturalconstraintandcan
beverifiedfrom theimaginggeometry SeeFigure3.

P Epipolar Constraint P

Figure3: EpipolarandOrderingconstraints

Many matchingalgorithmscan be usedto get dense
pixel correspondencketweerthe givenimageandits mir-
ror image. We usean algorithm that only requirespixel
level features.The pixel matchingalgorithmtakesonenon-
frontalimageasinput, withoutlossof generalitytheimage
canbetreatedasthe imagefrom left camerathenits mir-
ror imagecan be treatedas the imagefrom right camera.
Let P, and P, be pixelsin theleft andright imagesw the
width of correlationwindow, thenfor eachpixel in left im-
age(x;, 1), find its correspondingixel in therightimage

z+w
_ : * _T* 2
¢y = argmin Y (L} (zr, 1) — Li(k, ui)] (11)

k=z;—w

+ oy (@i, u0) — ar(k, y))? + [0 (20, i) — bi(k, wi))”

whereL?, a¥, by standdor theCIELAB colorattributesvalue
of P, while L}, a}, b; for F,.

To guaranteeobustpixel matchingwe useacoarse-to-
fine controlstratayy. In thefirstround,we uselargewindow
sizew to estimatethe coarsematchfor eachpixel; thenin
thesecondround,a smallerwindow is usedto find the pre-
cisematchasguidedby the coarsematches.The ordering

constraints enforcedat this step.

4.2. Recovering Frontal Pose | mage

Oncethepixel correspondenceweestablishedwe cancal-
culatethe frontal poseimageusing equation(6), the pixel
valuesarethe averageof thetwo matchedpixels. Actually,
the frontal mouthimagein Figure (1) wasgivenby our al-
gorithm.

An interestingpropertyof our methodis thatan initial
poseestimationis not needed.From equation(6), we can
seethatz, andz; canswitchposition,whichmeansve can
treattherealimageeitherasleft imageor rightimagewhile
thefrontal poseimageremainsthe same.

Whenlip contourcanbereliably detectedthematching
algorithmcanbeveryeasy Onecanuseepipolarandorder
ing constraintdo compensatposeby linearinterpolation.



5. EXPERIMENTS

We testour methodon a setof non-frontalmouthimages
found from a video sequence As seenfrom Figure4, the
frontal posemouthimageis recovered.Becausdighting di-

rectionsareslightly differentfor imagesin differentposes,
the posecompensatedrontal posemouth imagesare not
exactly thesameasthetruefrontal posemouthimage.

To shaw the effectsof posecompensationwe compare
the posecompensated@nageswith the true frontal image.
In appearanc®asedrecognitionsystems gigenspaceep-
resentatioris widely usedfor comparingimages. The key
is thatthe Euclideandistancein eigenspacés equivalentto
imagecorrelation10]. For thisexperimentthesquaredu-
clideandistancebetweertwo imagesn CIE-LAB spaceare
calculated.

Also, in orderto comparemouth imagesof different
posestheimageshouldbe normalizedto make themcom-
parable.This canbe doneby normalizingthe distancebe-
tweentwo mouthcornersandthedistancebetweertwo eyes,
dueto thefactthatthe ratio of thesetwo distancesare ap-
proximatelyconstanfor differentposesin this experiment,
we simply alignthemouthcornergo thesameposition,and
fit imagesto an80 x 100 grid.

Theimagedistanceébetweertwo imagess computedas
the squaredsumof Euclideandistancesn CIE-LAB space
onthe80 x 100 grid. Thedistancebetweerthetruefrontal
poseimageandthenon-frontalposeimagein Figure4 (mid-
dle left) is 4.6 x 105 ~ 575/pizel, while for the com-
pensatedmagein Figure4 (middle right) the distanceis
4.5 x 10* =~ 6 /pizel. Thedistancebetweerthetruefrontal
imageandthe non-frontalposeimagein Figure4 (bottom
left) is 4.8 x 106 = 600/pizel, while 1.5 x 105 ~ 19/pizel
for the posecompensateimageFigure4 (bottomright).

If we considethenon-frontalimagesasnoisecorrupted
frontal image, by doing pose compensationwe actually
achiese highernoise-to-signatatio.

6. CONCLUSIONS

In this paperwe proposea new methodto compensatpose
changesof mouth imagesfrom one profile image. This
methodworks purely in the image domain, and doesnot
require featuredetectionfor compensation.This is espe-
cially usefulfor appearancbasedip readingwheremouth
imagesareusedfor recognition.

Whenlip shapecan be reliably detected,our method
canbeusedto compensatposesimply by linearinterpola-
tion. Thelimitation of our methodis that both mouthcor-
nersmustbe visible in the profile image. Furtherresearch
is neededn orderto compensatéor arbitraryposechange
of thespealer.
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Figure4: Truefrontal poseimage(Upper),non-frontalpose
(middle left) and compensatedmage (middle right), non-
frontal pose(bottomleft) and compensatednage (bottom
right)
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