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Abstract

Thispaperpresentsa framevork for speeb-drivensynthe-
sis of real facesfrom a corpusof 3D video of a person
speaking Video-rate captuie of dynamic3D faceshapeand
colour appeannce providesthe basisfor a visual speeb
synthesisnodel. A displacementnaprepresentatiorcom-
binesface shapeand colour into a 3D video. This repre-
sentationis usedto efciently registerand integrate shape
and colour information captuied from multiple views. To
allow visual speeb synthesisvisemeprimitives are iden-
ti ed fromthe corpususingautomaticspeeb recaynition.
A novel non-rigid alignmentalgorithmis introducedto es-
timate densecorrespondencéetween3D face shapeand
appeaancefor differentvisemes.Theregistered displace-
mentmaprepresentatiortogetherwith a novel optical ow
optimisationusing both shapeand colour, enablesaccu-
rate and efcient non-rigid alignment.Facesynthesigrom
speetb is performedby concatenatiorof the correspond-
ing visemesequencausing the non-rigid correspondence
to reproduceboth 3D face shapeand colour appeaance
Concatenativeynthesiseproducesothvisemdiming and
co-articulation. Face capture and synthesidhasbeenper-
formedfor a databaseof 51 people Resultsdemonstate
synthesi®f 3D visualspeeb animationwith a quality com-
parableto thecaptuedvideoof a person.

1. Intr oduction

Realistic face synthesisis a challengingproblem due to
the sensitvity of viewersto subtlediscrepanciebetween
the dynamicbehaiour of real and syntheticfaces.Dueto
the importanceof this problemfor remotecommunication

and entertainmenproduction,face synthesishasreceved

considerableresearchinterestin both computergraphics
and vision. However, automaticproductionof corvinc-

ing animatedfacemodelsof real peopleremainsan open-
problem. In Im productionrealisticanimatedfaceshave

beenachieszed by highly skilled manualanimation.Recent
resultsin computervision and graphicshave also demon-
stratedrealisticreproductionof realisticanimatedfacesof

individual peopleby concatenatie synthesigrom 2D video

sgments[5 9, 6]. However, the concatenationf 2D video

limits this approactto a 2D typically frontal view with un-

naturallyrestrictecheadrotation.

In thisresearchve aimto achiezethesamevisualquality
as previous concatenatie face synthesisapproachesvith-
outtherestrictiongnherentin theuseof 2D video. A novel
video-rateshapecapturegechnology{19] is usedto simulta-
neouslyacquire3D faceshapeandcolourappearancelhis
providesthebasisfor reproductiorandsynthesiof 3D face
shapeand colour with a visual quality comparableo the
capturedvideo. In this papemwe introducea framework for
synthesi®f novel facesequencefom speechThe princi-
pal contritutions of this paperare: (1) a novel methodfor
3D facesynthesigrom aspeectvisemesequenceand(2) a
novel optical o w formulationusingbothshapeandcolour
to estimatedensdacecorrespondencé.heintroductionof
afacesynthesidramework basedon 3D shapecaptureen-
ablesaccurateeproductiorof facialdynamicsnaturalhead
movementandarbitraryviewing direction.

1.1. Previous Work

Passve facereconstructiotechniquesiave beendeveloped
to reconstrucanimatednodelsof thefacefrom imageq3]



andvideo[10, 15]. BlanzandVetter[3] usedlearntstatisti-
cal modelsof 3D faceshapeandappearanceo reconstruct
photo-realistic3D facemodelsfrom a singleimage. Other
facereconstructioomethodq10, 15] usemodel-basedtbun-
dle adjustmentechniguego reconstructealisticstaticface
modelsfrom imagesequencesCurrentlytheseapproaches
arelimited to reconstructiorof staticfaceshapeor asingle
pose.

Video basedapproacheso facial animationhave been
introduced[5, 6, 9, 4] which avoid the requiremenfor fa-
cial reconstructiorby resamplingcapturedvideosequences
of a personto producenovel image sequencesSuchap-
proacheschieve photo-realisticsynthesiof facialappear
ancebut arecurrentlyrestrictedto the viewpoint andlight-
ing of the capturedvideodata.This limits theirusefor both
entertainmenandcommunicatiorapplications.

Extensve researchin facetrackingfrom video [7] has
demonstrate@utomatictrackingusingoptic o w together
with sparsdacialfeaturessuchaslips andeyes. However,
video-basedrackingdoesnot achieve accurataeconstruc-
tion of the detailedsurface deformationrequiredfor con-
vincinganimation.Phiginetal.[13 usedmarlerbasectap-
tureto accuratelyreconstructhe movementof a sparseset
of 3D pointsonthefacesurface.Themarkermovementvas
thenusedto morphafacemodelreproducinghe coarsea-
cial dynamics.To overcomethe limitation of sparseecon-
structionKalbererandVanGool[11] combinemarkerswith
active structuredight captureto acquiredensefacial shape
deformationfor animation. This shapedeformationis then
mappedntoa genericfacemodelusingthe knowvn marker
point correspondence® producehigh-qualityfacialanima-
tion. Dueto the useof visible markersandstructuredight
previous approacheslo not allow simultaneousaptureof
facialappearance.

The video-ratecapturesystem[19] usedin this paper
usesinfra red structuredlight to allow simultaneousap-
ture of shapeandappearanceAutomaticfacial alignment
is usedto avoid the requirementor known marker corre-
spondence.This resultsin a representatiorof real facial
dynamicswhich reproduce$oth the 3D shapeandcolour
appearancwith avisual quality comparableo the original
video.

2. Video-rate Shape& Appearance

Thevisualfacesynthesiframenork introducedin this pa-

peris basednacorpusof capturedlynamic3D colourface
sequencesf a person.Simultaneouwideo-ratecaptureof

faceshapeandcolourappearances achieredusinganovel

capturesystem[19]. In this sectionwe provide a brief de-

scriptionof boththe capturesystemanddisplacementap
representatioof thefacedataasa 3D videousedin subse-
guentprocessindor facesynthesis.

2.1. FaceCapture System

Video-ratesimultaneousaptureof face shapeand colour
appearanci achievedusingamultiple camerasystenmwith
infra-red (IR) stereocapturefor shapereconstructiorand
visible capturewith uniform white-light illumination for
colourappearancekigurel shavs a schematiof the cap-
ture system.The systemcompriseghreeunits eachcaptur
ing shapeandcolour at video-ratedesignedo give earto-
earfacecoverage Eachunit comprisesa colourcameralR
patternprojectorandtwo IR cameras.

Figurel: Schematiof the captureequipment.

The systemoperatesat full CCIR601 PAL resolution
25Hz progressie scanusing standardPAL video capture
cards. For eachpair of IR camerawe estimatestereocor-
respondencandreconstructhe visible surfaceshape.An
IR specklepatternis projectedontothefacesurfaceto allow
shapereconstructiorin areaof uniformvisualappearance.
Stereocorrespondencéetweeneach pair of IR cameras
resultsin threesetsof surface measurementsapturedat
video-rate All camerasresynchronise@ndtime stamped
to ensurgemporalalignment.Synchronisedligital audiois
simultaneouslgapturecat48 KHz with 16 bits persample.

2.2. 3D Video FaceRepresentation

The capturesystemacquiresthree setsof facial surface
measurementwith correspondingolourimagesat video-
rate. To integratethesedatainto asingle3D facerepresenta-
tionwe useanellipsoidaldisplacementappingto combine
bothshapeandcolourfrom multiple views. Thisrepresents
both shapeand colour asa 2D image sequencef colour
anddisplacementieferredto as 3D Video'.

An ellipsoid mappingis de ned by the location of its
centre,e togetherwith the magnitudeand direction of the
threeorthogonabxisvectorsy; ¥,; ¥3 giving 9 degrees-of-
freedom(6 poseanda3 radii). At eachframet we capturea
setof N facesurfacemeasuremergointsX (t) = fx}gi’\':‘l
wherex = (x;y;z) 2 <3. A sampleddisplacementmap
imagerepresentatiorD(x; y) for x = 1L:::Ny,y = 1Ny,
of the surface shapefor eachframe is then computedby
samplingthe distanceto captureddataalong equi-angular
rays from the ellipsoid centreas shovn in Figure2. Ny,



Ny arethe numbersof columnsandrows of the displace-
mentimagewhich de ne the samplingresolution. The 3D
surfacecanthenbe reconstructedrom a displacemenim-
ageD:(x; y) by samplingthe distancefrom the ellipsoid
centreg; to the measurediataalongeachray v(x; y) such
thattheintersectionc with themeasuredurfaceis givenby
x =&+ Di(X y)V(XY).

(5]

Figure2: Mappingthegeometryof afaceto anellipsoid.

The displacemenimagerepresentatioprovidesa sim-
ple mechanisnfor integrationof overlappingsurfacemea-

surementdy combiningtheir correspondinglisplacement

values:

Di(x;y) = WP (X y)D{(x;y) @

p=1

wherewf (x; y) = 0if nosurfacemeasuremeris obtained
alongw (x; y) for the p" stereopair, otherwisew! (x; y)

is proportionalto the stereocorrelatior';yalue at (x;y) as
a measureof surfacecon dencewith  wP(x;y) = 1.

This provides a computationallyef cient methodfor fu-

sion of the face surface measurementsto a single face
surfacerepresentatiom(X; y). The integratedfacedis-
placementmap can be renderedas a single triangulated
meshM; by triangulatingadjacentpixels in the displace-
ment image D(X; y) and re-projectingalong the corre-
spondingraysv(x; y) to obtainthevertex positions:x,, =

& + DX Y)V(X; Y).

The secondproblemthat hasto be addresseds the in-
tegrationof colourimagesinto a single texture map. The
elliptical mappingalsoprovidesanef cient mechanisnior
integrationof the threecolourimagesinto a singletexture
map. The registrationof the threecolourimageswith the
reconstructesgurfaceshapeis known from the colour cal-
ibration giving overlappingtexture mapsfrom eachimage
I P(x; y). Theproblemis thento integratethe texture maps
in the overlappingregions. Measured3D surfaceshapeis
usedto obtain the correspondencéetweenthe obsenred
colourimagesandresampleasanelliptical texturemap. Ini-
tially we correctfor differencedn cameracolourresponse
by tting alinearmodelof thegainandoffsetbetweerover
lapping regions of the texture imagesrelative to the cen-
tral camera.Given accurataegistrationandcorrectionfor

colour responsea simple colour blending[12 of overlap-
ping pixels is then performed. Figure 3 shaws resultsof
the shapeandcolourintegrationto reconstruct single 3D
colourfacemodelateachtime. Thesequencef colourand
displacemenimapimagesprovidesa 3D video representa-
tion of theface.

Displacement Map Texture Map

(a) Thedisplacemenandtexture mapgeneration.

Textured 3D Face

3D Shape
(b) Thereconstructe@D shapeandappearance.

Figure 3: Combining colour and shapeto producea 3D
videoof theface.

3. Temporal Processing

Theintegrated3D videoof capturedaceshapeandappear
anceprovidesan ef cient representatioffor rigid registra-
tion, temporal Itering andnon-rigid alignmentof facese-
guencesTheoperationsarerequiredto characteris¢hefa-
cial dynamicsof a personfor synthesis.

3.1. Rigid Registration

Rigid registrationof the temporalfacesequenceés usedto
remove headmovementto obtain an aligned sequencef
displacemenmapandcolourimagesepresentingon-rigid
face deformationsuch as mouth opening/closingexpres-
sionsandeye-movement. This facilitatessubsequenanal-
ysis andmodellingon non-rigid facial dynamics. Iterative
closespoint(ICP)[2] hasbeenwidely usedfor registration



of rigid pointsetsandsurfaces.In this work we usethe ICP

algorithmto registertherigid (upperhalf) of the faceover
time. The displacementnap representatiolis usedto ap-
proximatethe nearest-pointomputatiorasa singlelookup
operationenablingregistrationin constantime. ICP using
the displacemenmap distanceis usedrecursvely to esti-
matethe changein headposebetweensuccessie frames
T¢ 1t in orderto minimisethe registrationerror between
D: 1(x;y) andT; 1:(D¢(Xx;y)). An estimateof thetrans-
formation betweenthe initial poseandthe t frame can
thenbe obta’@eobsthe productof intermediatdransforma-
tions Ty = tS:l Ts 1:s. Theinitial estimatds re ned by

directICP registrationbetweerdistanceunctionsD o(X; y)

andTo (D¢ (X; ¥)) to eliminatepropagtionof errors. The
estimatedposeTy.; is usedto de ne the ellipsoid parame-
tersattimet as(e' = Tore%fv! = Torw 20, ), giving

a registereddisplacemenimageD(X; y). In the registra-
tion processwe consideronly the top half of thefacesince
the lower face containsthe non-rigid deformationsof the

mouthandjaw. Registrationcorvergesto an RMS error of

approximatelyd.5mmwhich is dueto measuremengrror
andresidualnon-rigiddeformation.This registrationforms

thebasisfor subsequertemporalanalysisof non-rigidsur

faceshapechange.

3.2. Temporal Filtering

The displacemenmap representatiortogetherwith tem-
poral registration provides an image sequenceof surface
shapeand appearancever time. This representatiorcan
thenbe usedto analysethe spatio-temporatharacteristics
of face shape. We use this representatiorfor noise re-
moval, hole- lling and non-rigid alignmentof the mouth
andlower-facearea.Temporalaveragingis usedto improve
estimatedor face shapefrom individual frames. As the
surfacesareregisteredwe ensurehatcorrespondingpoints
areaveragedover time usinga spatio-temporalindow of
n m T wheren, m andT arespatialandtemporakesolu-
tion respectiely. Spatio-temporasmoothingis performed
by corvolution with a Gaussianlter. Missing data(such
asoccludedareasunderthe chin) arethen lled by tting a
smooth3D surfaceusinga moving leastsquaresapproach
asdescribedn [17]. This hole- lling stratgy hasthe ad-
vantagethatthe reconstructeghatchessmoothlyblendinto
the original surface. Resultsshav that temporalsmooth-
ing andhole- lling reducesmeasurementoisein individ-
ualframeswithout signi cant lossof spatialresolution.

3.3. Non-rigid Alignment

In thissectionweintroduceanon-rigidalignmentechnique
thatcomputesadense2D vector eld Fpq whichalignsdis-
placementnapD,, to D 4 andtexturemapT, to T, captured
attimest, andtq respectrely. Optical o w estimation[1]

hasbeenwidely employed to estimatea denseow eld
for colourimagesequencesin this work we introducean
optical o w algorithmwhich useshothshapeandcolourin-
formationto estimateavector eld for non-rigidalignment.
In non-rigidalignmentt isimportantto obtainaccurateor
respondencef bothvisible featuressuchasthe edgeof the
lips and shapefeaturessuchas regions of high-cunature
suchasthelips. We thereforeintroducean error function
which ensureslignmentof regionswith prominentappear
anceor shapevariationandobtainsa smoothalignmentin
uniformregions.Shapeandcolourvariationarenormalised
to ensureequalin uence ontheestimatedo w eld.

Initally two vector elds arecomputedonefrom shape
F sy andonefrom texture F J;, to producethe motionvector
eld thatdeformsframep to frameq as:

Fpg = G( lF’:i] + ZF;;I;;]) (2)
where , areweightswith ;+ , = 1and , 2 [0;1]and
G is anaveraging2D Gaussiarfunctionwhich smoothghe
concatenatioof thetwo vector elds to obtainadensevec-
tor eld. To obtainaccuratecorrespondencia eithershape
or colourwe requireahighlocalvariationof thegradientin
two orthogonaldirections. Regionswith smoothor linear
variation are ambiguousand likely to produceinaccurate
correspondencedo performmatchingfor the optical ow
computatiorwe usea sumof squaeddifferencegSSD)dis-
imilarity measurén alocaln m window aroundeachpixel
(typically 10 10). Thereforeto identify andemphasiséo-
calregionsof highvariationwhich aresuitablefor matching
we analysethe distribution of imagegradientswithin each
n m window. We usethe sumof the horizontalandver-
tical imagegradientsasa metric of local variationandthe
grey-scaleeccentricityto de ne amatchingquality fuction
as:

P
ir £(x;y)j
W(x;y) = ——

®)

wherer f (X;y) is theimagegradientat pixel (x; y) and
the grey-scaleeccentricitywithin the window. Grey-scale
eccentricityprovidesa local statisticalmeasuref the vari-
ation in image gradientsfor orthogonaldirectionsas the
ratio of the principal to the minor axis of imagegradient
variation[1q. This is equivalentto the ratio of principal
eigevaluesusedin the Harriscornerdetector We penalise
regionswith high eccentricitysincetheir topologyis likely
to extendin nearbyregions. Eccentricitycanbe estimated
usingthemethodof statisticalmomentsas:

02)2+ 4 %

02)2+ 4 %

20+ o2t (20
14
( 20

where j isthe(i; j) 2D grey-scalecentralmomentwhich

(4)

20t o2



isde ned as:
X X _ _ , . . i
i = x jrfooy)i x)' (y ir feoy)ioy)y
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Sl
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x yX Ir fOy)i

-1 P i )i
Y=o x yY Irf(xyj
andf (x; y) is the grey-scaleimageintensityat pixel loca-
tion (X; y).

A binarythresholdis thenusedto select5% of local re-
gionswith the highestW ascandidate$or matching.This
procesgesultsin the identi cation of imageregionsbased
onlocal shapeor colourvariationwhich aresuitablefor ac-
curatecorrespondencand ow eld estimation. Figure4
illustratesthe regionsidenti ed as having sufcient local
variationfor accurateo w eld estimationfor thelowerre-
gionsof theface.Featuresreclearlyidenti ed in thelips,
noseandchin areas.The combinedshapeandcolour o w
eld is estimatedfrom local region correspondencasing
SSDaccordingio equation2.

(b)

Figure4: (a) Thetextureimages.(b) Selectedeaturesor
templatematching. The intensity representghe W (i; j)
quality measure.

Using this vector eld we forward-warp the displace-
mentandtextureimagesandperforma bi-linearinterpola-
tionto Il thegaps.Figure5illustratesthe ow eld com-
putedbetweernvariousvisemesandsilence/#/. The result
of forwardwarpingis presentedéh Figure5(c) which shavs
goodnon-rigidalignmentof the outsideof thelips. Regions
wheretherearenosigni cant featuresarealignedsmoothly
Thedarkregionin the centreof the mouthresultsfrom for-
wardwarpingtheopenmouthto aclosedmnouthwherethere
is no correspondencelheresultingnon-rigidalignmentis
suitablefor synthesiof transitionsbetweernvisemesaswill
beillustratedin the next section.

4. FaceSynthesisfrom Speech

In this sectionwe presenta framawork for visual 3D face
synthesisdriven by speech. First, we de ne a setof 17

>
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Forward-warp

Figure5: Non-rigid alignmentof the moutharea. (a) The
imageto align, (b) The referenceimage, (c) The aligned
image.

visemes(visual phonemesyhich are alignedto the input
audioandthenwe interpolatebetweerthemusingthe non-
rigid ow eld to achiee smoothtransitionsat the rate of
25Hz.

4.1. VisemeSegmentation

In orderto drive the visual synthesifrom anaudiospeech
sequencewe needto automaticallysegmentandlabelin-
put utterancesn termsof phonemes.Phonemeo viseme
mappingis thenusedto identify the correspondingiseme
sequenceavhich is renderedand synchronisedvith the au-
dio stream.For this work we developeda systemusingthe
HMM toolkit (HTK version3.2.1)[14 to classifyeachin-
pututterancausingword-level transcriptionsandtheBritish
English PronunciationgBEEP) dictionary[8]. A Hidden
Markov Model(HMM) phonemeecognisers trainedusing
the MOCHA (Multi-CHannel Articulatory) databasg18],
whichconsistof 460phoneticallybalancedentencefom
bothamaleandafemalespealer.

During the video-rateface shapecapturesession,we
acquired3D faceandaudiodatafrom 51 spealers,26 male
and 25 female. For eachpersonthe following sentence
which elicits the 17 visemesthat cover the major mouth
shapesluring Englishwascaptured:

"She put the red textbook on top of the cold bed and
said with a loud voice sir do not park that car in the gap
andpleasegivemeatip”

Table 1 presentsthe phonemeto viseme mapping to-



getherwith the correspondingexemplarsfor the above
sentenceForcedalignmentof the testutterancess usedto
accuratelyidentify the startand endtime stampsfor each
phonemdn the known transcription.Basedon the speech
timingsthe 3D video sequencés segmentednto visemes.

Vis Phoneme Example Mouth
MPEG-4 | BEEP eq.

0 | none(#) sil N/A -
1 p,b,m p,b,m put,bed,me -
2 f,v f,v far,voice ’
3 T,D th,dh thinkthe >
4 t,d t,d tip,do <>
5| kg k.9 cold,gap ->
6| tS,dzZ,S ch,jh,sh | chair,join,she >
7 S,z S,z sir,zeal -
8 n,l n,l not,loud -
9 r r red -
10 A aa,ae,ah car,and 9
11 e eh,ax bed,the <>
12 | ih,iy in,me >
13 U aw,uh,uw | loud,bok,do >
14 - er sir -«
15 - w with -
16 0] oh,av,0y | top,cdd,voice *

Tablel1: Thephonemedo visememapping.Wordsin italics
arenotincludedin the examplesentence.

4.2. Synthesisfrom Speech

For synthesisvede ne avisemeasV; = fD;; T;; Fi. 09, D;

isthedisplacemenmap,T; is thetexturemapandF; o is the
vector eld deformingthe visemeV, to the neutralviseme
Vo. For anovel speectsequencanalysisof the audiopro-
videsthevisemetiming asshavn in gure 6, wheret? and

tf is thestartandendtime of thei" visemewith t; = @

beingthemiddlepointrepresentinghetime instanceor the
staticvisemeV, frame.If thereareN visemesn theaudio

sequencéhentheproblemis to uniformly samplethety,
time periodat 25fpsto produce25 t§, ; framesof ani-
mation.

Figure6: Visemetiming

At thesampledpointt 2 [t; ; tx] we de ne anintermedi-
ateframeV' by blendingbetweerthe visemesV; and V.
Theknowledgeof thet; time is usedto de ne a piecavise
linearweightingfunctionas:

8

t ot
2 7@ 1) (t %)
W)= . (6)

© 05+ W (t>t)
with0 W(t) 1. Thisfunctioncanbeusedto obtaina
weightedaveragebetweenv; andV atpointt. To reduce
theeffectof theblurringin themouthregion, wheremostof
the motionexists,we rst nonrigidly deformV; andV to
align themwith V! beforethe blending. The two aligning
vector elds F andF; arede nedas:

F=wW() (F Fo) @)

FE=@ w@) Fe F) ®)

Thenwe canobtainthe new frameV! by de ning D!, T!
andF! as:

Dt=w() b+ @ w() by

Tt=w() T +@ wq) T (9)

Ft: Fj f:j

This combineshetwo vector elds F(j; 0) andF (k; 0) to
obtain the interpolatedvector eld F(j;k) asa weighted
average. The resultingvector eld is usedto synthesise
displacementind colour image at eachintermediatetime
frame. This resultsin the synthesisof a sequencef face
shapeand appearanceorrespondingto the input audio
speectsequence.

5. Results

In this sectionwe presentesultsof the 3D facespeectsyn-
thesissystem.Synthesidhasbeenperformedor the51 cap-
turedfacesn thedatabaseThefront page gure illustrates
asynthesise@D facefrom multiple viewstogethemwith the



correspondingpeechwvaveforms. Figure 7 shavs a close
up of the mouthfor the synthesisedequencef 7 consec-
utive framesof examplemale and femalefacesdriven by
an audio speechfor the word 'hello’. We cannotice how
theindividual differencesareencodedandreconstructety
the system. The non-rigid alignmentof mouth shapeand
appearancesedto mapbetweernvisemesallows synthesis
withoutvisible blurringor distortionatintermediatdrames.
Figure8 illustratesthreedifferentviews of 5 framesin the
transitionfrom viseme/p/ to viseme/a/. This demonstrates
theadvantageof 3D visualfacesynthesi®of realpeopleover
previous 2D approachin allowing arbitraryviewing direc-
tion. Figure9illustratesotherexamplesof 3D visualspeech
synthesisfor multiple peoplepronouncingthe consonant-
vowel(CV) syllable shaving the transitionfrom /t/ to /o/.
The synthesisedequencesor differentpeoplereproduce
their individual facial characteristics Resultsdemonstrate
thatthe proposedramework achiezessynthesiof 3D faces
of real peoplewith a comparablevisual quality to the cap-
turedvideo.

Framesynthesiss implementedoff-line with approxi-
mately1 secondperframeon a Pentiumlll 900MHz CPU
while thetriangulationandrenderings donein real-timeon
aGeForce4Ti4200GPU.

6. Conclusion

In this paperwe have presented novel framework for syn-
thesisof 3D facesof real peoplefrom audiospeech.The
approachs basedon the video-ratecaptureof faceshape
andappearancéor a person.Resultsdemonstratsynthesis
of novel speectsequencewith avisualquality comparable
to thecapturedvideo.

To facilitate speechsynthesisa novel non-rigid align-
mentalgorithm hasbeenpresentedo obtain densecorre-
spondencdetweerfacesusingshapeandappearancelhe
algorithm integratesshapeand appearancénformation to
ensureaccuratealignmentin regions with signi cant lo-
cal variationand obtainsmoothcorrespondencia regions
of uniform shapeandappearanceThe resultingnon-rigid
alignmentenablesransitionof shapeand appearancée-
tweenvisemeswithout visible blurring or distortion.

The framevork and results presentedin this paper
demonstratehe potential for videorealisticconcatenatie
facesynthesidasedn 3D videosequencertherthan2D
video. The useof 3D video hasthe advantageof allowing
arbitraryviewpointandrelighting.
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Figure7: Consequtie frames(25fps)for (top) maleand(bottom)femalesubjectssynthesisingheword "Hello'.
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Figure8: 3D facesynthesiof a/p/ to /a/transitionfor onepersorfrom multiple views.

Figure9: 3D facesynthesif multiple peoplepronouncinga/t/ to /o/ transition.



