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Abstract

Thispaperpresentsa framework for speech-drivensynthe-
sis of real facesfrom a corpusof 3D video of a person
speaking. Video-ratecaptureof dynamic3D faceshapeand
colour appearanceprovidesthe basisfor a visual speech
synthesismodel. A displacementmaprepresentationcom-
binesfaceshapeand colour into a 3D video. This repre-
sentationis usedto ef�ciently registerand integrateshape
and colour informationcaptured from multiple views. To
allow visual speech synthesisvisemeprimitives are iden-
ti�ed from the corpususingautomaticspeech recognition.
A novel non-rigid alignmentalgorithmis introducedto es-
timate densecorrespondencebetween3D face shapeand
appearancefor differentvisemes.Theregistered displace-
mentmaprepresentationtogetherwith a novel optical �ow
optimisationusing both shapeand colour, enablesaccu-
rateandef�cient non-rigid alignment.Facesynthesisfrom
speech is performedby concatenationof the correspond-
ing visemesequenceusing the non-rigid correspondence
to reproduceboth 3D faceshapeand colour appearance.
Concatenativesynthesisreproducesbothvisemetimingand
co-articulation. Facecapture and synthesishasbeenper-
formedfor a databaseof 51 people. Resultsdemonstrate
synthesisof 3D visualspeech animationwith a qualitycom-
parableto thecapturedvideoof a person.

1. Intr oduction
Realistic face synthesisis a challengingproblem due to
the sensitivity of viewers to subtlediscrepanciesbetween
thedynamicbehaviour of real andsyntheticfaces.Due to
the importanceof this problemfor remotecommunication

andentertainmentproduction,facesynthesishasreceived
considerableresearchinterest in both computergraphics
and vision. However, automaticproductionof convinc-
ing animatedfacemodelsof real peopleremainsan open-
problem. In �lm productionrealisticanimatedfaceshave
beenachievedby highly skilled manualanimation.Recent
resultsin computervision andgraphicshave alsodemon-
stratedrealisticreproductionof realisticanimatedfacesof
individualpeopleby concatenativesynthesisfrom 2D video
segments[5, 9, 6]. However, theconcatenationof 2D video
limits this approachto a 2D typically frontal view with un-
naturallyrestrictedheadrotation.

In thisresearchweaimto achievethesamevisualquality
asprevious concatenative facesynthesisapproacheswith-
out therestrictionsinherentin theuseof 2D video.A novel
video-rateshapecapturetechnology[19] is usedto simulta-
neouslyacquire3D faceshapeandcolourappearance.This
providesthebasisfor reproductionandsynthesisof 3D face
shapeand colour with a visual quality comparableto the
capturedvideo. In this paperwe introducea framework for
synthesisof novel facesequencesfrom speech.Theprinci-
pal contributionsof this paperare: (1) a novel methodfor
3D facesynthesisfrom aspeechvisemesequence;and(2) a
novel optical�o w formulationusingbothshapeandcolour
to estimatedensefacecorrespondence.Theintroductionof
a facesynthesisframework basedon 3D shapecaptureen-
ablesaccuratereproductionof facialdynamics,naturalhead
movementandarbitraryviewing direction.

1.1. PreviousWork
Passivefacereconstructiontechniqueshavebeendeveloped
to reconstructanimatedmodelsof thefacefrom images[3]
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andvideo[10, 15]. BlanzandVetter[3] usedlearntstatisti-
cal modelsof 3D faceshapeandappearanceto reconstruct
photo-realistic3D facemodelsfrom a singleimage.Other
facereconstructionmethods[10, 15] usemodel-basedbun-
dleadjustmenttechniquesto reconstructrealisticstaticface
modelsfrom imagesequences.Currentlytheseapproaches
arelimited to reconstructionof staticfaceshapefor asingle
pose.

Video basedapproachesto facial animationhave been
introduced[5, 6, 9, 4] which avoid the requirementfor fa-
cial reconstructionby resamplingcapturedvideosequences
of a personto producenovel imagesequences.Suchap-
proachesachieve photo-realisticsynthesisof facialappear-
ancebut arecurrentlyrestrictedto theviewpoint andlight-
ing of thecapturedvideodata.This limits theirusefor both
entertainmentandcommunicationapplications.

Extensive researchin facetracking from video [7] has
demonstratedautomatictrackingusingoptic �o w together
with sparsefacial featuressuchaslips andeyes. However,
video-basedtrackingdoesnot achieve accuratereconstruc-
tion of the detailedsurfacedeformationrequiredfor con-
vincinganimation.Phiginetal.[13] usedmarkerbasedcap-
tureto accuratelyreconstructthemovementof a sparseset
of 3D pointsonthefacesurface.Themarkermovementwas
thenusedto morpha facemodelreproducingthecoarsefa-
cial dynamics.To overcomethelimitation of sparserecon-
structionKalbererandVanGool[11] combinemarkerswith
activestructuredlight captureto acquiredensefacialshape
deformationfor animation.This shapedeformationis then
mappedontoa genericfacemodelusingtheknown marker
pointcorrespondenceto producehigh-qualityfacialanima-
tion. Dueto theuseof visible markersandstructuredlight
previousapproachesdo not allow simultaneouscaptureof
facialappearance.

The video-ratecapturesystem[19] usedin this paper
usesinfra red structuredlight to allow simultaneouscap-
ture of shapeandappearance.Automaticfacial alignment
is usedto avoid the requirementfor known marker corre-
spondence.This resultsin a representationof real facial
dynamicswhich reproducesboth the 3D shapeandcolour
appearancewith a visualquality comparableto theoriginal
video.

2. Video-rateShape& Appearance

Thevisual facesynthesisframework introducedin this pa-
peris basedonacorpusof captureddynamic3D colourface
sequencesof a person.Simultaneousvideo-ratecaptureof
faceshapeandcolourappearanceis achievedusinga novel
capturesystem[19]. In this sectionwe provide a brief de-
scriptionof boththecapturesystemanddisplacementmap
representationof thefacedataasa 3D videousedin subse-
quentprocessingfor facesynthesis.

2.1. FaceCapture System
Video-ratesimultaneouscaptureof faceshapeandcolour
appearanceis achievedusingamultiplecamerasystemwith
infra-red (IR) stereocapturefor shapereconstructionand
visible capturewith uniform white-light illumination for
colourappearance.Figure1 shows a schematicof thecap-
turesystem.Thesystemcomprisesthreeunitseachcaptur-
ing shapeandcolourat video-ratedesignedto give ear-to-
earfacecoverage.Eachunit comprisesacolourcamera,IR
patternprojectorandtwo IR cameras.

Figure1: Schematicof thecaptureequipment.

The systemoperatesat full CCIR601 PAL resolution
25Hz progressive scanusing standardPAL video capture
cards.For eachpair of IR cameraswe estimatestereocor-
respondenceandreconstructthevisible surfaceshape.An
IR specklepatternis projectedontothefacesurfaceto allow
shapereconstructionin areasof uniformvisualappearance.
Stereocorrespondencebetweeneachpair of IR cameras
resultsin threesetsof surfacemeasurementscapturedat
video-rate.All camerasaresynchronisedandtimestamped
to ensuretemporalalignment.Synchroniseddigital audiois
simultaneouslycapturedat48KHz with 16bitspersample.

2.2. 3D VideoFaceRepresentation
The capturesystemacquiresthree setsof facial surface
measurementswith correspondingcolour imagesat video-
rate.To integratethesedataintoasingle3Dfacerepresenta-
tionweuseanellipsoidaldisplacementmappingto combine
bothshapeandcolourfrom multipleviews. This represents
both shapeand colour as a 2D imagesequenceof colour
anddisplacement,referredto as`3D Video'.

An ellipsoid mappingis de�ned by the location of its
centre,
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� 4 arethe numbersof columnsandrows of the displace-
mentimagewhich de�ne thesamplingresolution.The3D
surfacecanthenbereconstructedfrom a displacementim-
age *6
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Figure2: Mappingthegeometryof a faceto anellipsoid.

The displacementimagerepresentationprovidesa sim-
ple mechanismfor integrationof overlappingsurfacemea-
surementsby combiningtheir correspondingdisplacement
values:
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value. This pro-
videsa computationallyef�cient methodfor fusion of the
facesurfacemeasurementsinto a singlefacesurfacerepre-
sentation*'
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. The integratedfacedisplacementmap
canberenderedasa singletriangulatedmeshG:
 by trian-
gulatingadjacentpixelsin thedisplacementimage*H
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The secondproblemthat hasto be addressedis the in-

tegrationof colour imagesinto a single texture map. The
elliptical mappingalsoprovidesanef�cient mechanismfor
integrationof the threecolour imagesinto a singletexture
map. The registrationof the threecolour imageswith the
reconstructedsurfaceshapeis known from the colour cal-
ibrationgiving overlappingtexture mapsfrom eachimage

JK=

�

�,��#

�

. Theproblemis thento integratethetexturemaps
in the overlappingregions. Measured3D surfaceshapeis
usedto obtain the correspondencebetweenthe observed
colourimagesandresampleasanelliptical texturemap.Ini-
tially we correctfor differencesin cameracolour response
by �tting alinearmodelof thegainandoffsetbetweenover-
lapping regions of the texture imagesrelative to the cen-
tral camera.Givenaccurateregistrationandcorrectionfor

colour responsea simple colour blending[12] of overlap-
ping pixels is then performed. Figure 3 shows resultsof
theshapeandcolour integrationto reconstructa single3D
colourfacemodelateachtime. Thesequenceof colourand
displacementmapimagesprovidesa 3D video representa-
tion of theface.

Texture Map

Texture MappingEllipsoidal Mapping

Displacement Map

(a)Thedisplacementandtexturemapgeneration.

3D Shape Textured 3D Face
(b) Thereconstructed3D shapeandappearance.

Figure 3: Combiningcolour and shapeto producea 3D
videoof theface.

3. Temporal Processing
Theintegrated3D videoof capturedfaceshapeandappear-
anceprovidesan ef�cient representationfor rigid registra-
tion, temporal�ltering andnon-rigidalignmentof facese-
quences.Theoperationsarerequiredto characterisethefa-
cial dynamicsof a personfor synthesis.

3.1. Rigid Registration
Rigid registrationof the temporalfacesequenceis usedto
remove headmovementto obtain an alignedsequenceof
displacementmapandcolourimagesrepresentingnon-rigid
facedeformationsuchas mouth opening/closing,expres-
sionsandeye-movement.This facilitatessubsequentanal-
ysis andmodellingon non-rigid facial dynamics.Iterative
closestpoint (ICP)[2] hasbeenwidely usedfor registration
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of rigid pointsetsandsurfaces.In thiswork weusetheICP
algorithmto registerthe rigid (upper-half) of the faceover
time. The displacementmaprepresentationis usedto ap-
proximatethenearest-pointcomputationasa singlelookup
operationenablingregistrationin constanttime. ICP using
the displacementmapdistanceis usedrecursively to esti-
matethe changein headposebetweensuccessive frames
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 is usedto de�ne theellipsoid parame-
tersat time
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, giving
a registereddisplacementimage *H
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. In the registra-
tion processwe consideronly thetop half of thefacesince
the lower facecontainsthe non-rigid deformationsof the
mouthandjaw. Registrationconvergesto anRMS errorof
approximately0.5mmwhich is due to measurementerror
andresidualnon-rigiddeformation.This registrationforms
thebasisfor subsequenttemporalanalysisof non-rigidsur-
faceshapechange.

3.2. Temporal Filtering
The displacementmap representationtogetherwith tem-
poral registrationprovides an image sequenceof surface
shapeand appearanceover time. This representationcan
thenbe usedto analysethe spatio-temporalcharacteristics
of face shape. We use this representationfor noise re-
moval, hole-�lling and non-rigid alignmentof the mouth
andlower-facearea.Temporalaveragingis usedto improve
estimatesfor faceshapefrom individual frames. As the
surfacesareregisteredwe ensurethatcorrespondingpoints
areaveragedover time usinga spatio-temporalwindow of

UWVYXZV

L

whereU , X and
L

arespatialandtemporalresolu-
tion respectively. Spatio-temporalsmoothingis performed
by convolution with a Gaussian�lter . Missing data(such
asoccludedareasunderthechin) arethen�lled by �tting a
smooth3D surfaceusinga moving leastsquaresapproach
asdescribedin [17]. This hole-�lling strategy hasthe ad-
vantagethat thereconstructedpatchessmoothlyblendinto
the original surface. Resultsshow that temporalsmooth-
ing andhole-�lling reducesmeasurementnoisein individ-
ual frameswithout signi�cant lossof spatialresolution.

3.3. Non-rigid Alignment
In thissectionweintroduceanon-rigidalignmenttechnique
thatcomputesadense2D vector�eld [

=I\ whichalignsdis-
placementmap *

= to *

\ andtexturemap
L

= to
L

\ captured
at times

�

= and
�

\ respectively. Optical �o w estimation[1]

hasbeenwidely employed to estimatea dense�o w �eld
for colour imagesequences.In this work we introducean
optical�o w algorithmwhichusesbothshapeandcolourin-
formationto estimateavector�eld for non-rigidalignment.
In non-rigidalignmentit is importantto obtainaccuratecor-
respondenceof bothvisible featuressuchastheedgeof the
lips and shapefeaturessuchas regions of high-curvature
suchasthe lips. We thereforeintroducean error function
whichensuresalignmentof regionswith prominentappear-
anceor shapevariationandobtainsa smoothalignmentin
uniformregions.Shapeandcolourvariationarenormalised
to ensureequalin�uence on theestimated�o w �eld.

Initally two vector�elds arecomputed,onefrom shape
[�]

=I\ andonefrom texture [�^

=I\ to producethemotionvector
�eld thatdeformsframeB to frame _ as:
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is anaveraging2D Gaussianfunctionwhichsmoothsthe
concatenationof thetwo vector�elds to obtainadensevec-
tor �eld. To obtainaccuratecorrespondencein eithershape
or colourwerequireahigh localvariationof thegradientin
two orthogonaldirections. Regionswith smoothor linear
variation are ambiguousand likely to produceinaccurate
correspondences.To performmatchingfor theoptical �o w
computationweuseasumof squareddifferences(SSD)dis-
imilarity measurein alocal UkV�X window aroundeachpixel
(typically

-�A

V

-IA

). Therefore,to identify andemphasiselo-
calregionsof highvariationwhicharesuitablefor matching
we analysethedistribution of imagegradientswithin each

UfVlX window. We usethesumof thehorizontalandver-
tical imagegradientsasa metricof local variationandthe
grey-scaleeccentricity, to de�ne a matchingquality fuction
as:
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and q

the grey-scaleeccentricitywithin the window. Grey-scale
eccentricityprovidesa local statisticalmeasureof thevari-
ation in image gradientsfor orthogonaldirectionsas the
ratio of the principal to the minor axis of imagegradient
variation[16]. This is equivalent to the ratio of principal
eigenvaluesusedin theHarriscornerdetector. We penalise
regionswith high eccentricitysincetheir topologyis likely
to extendin nearbyregions.Eccentricityis estimatedusing
thecomputationallyef�cient methodof statisticalmoments
as:
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where
r
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2D grey-scalecentralmomentwhich
is de�ned as:
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A binarythresholdis thenusedto select†ˆ‡ of local re-

gionswith thehighest
m

ascandidatesfor matching.This
processresultsin the identi�cation of imageregionsbased
on localshapeor colourvariationwhicharesuitablefor ac-
curatecorrespondenceand�o w �eld estimation.Figure4
illustratesthe regions identi�ed as having suf�cient local
variationfor accurate�o w �eld estimationfor thelower re-
gionsof theface.Featuresareclearly identi�ed in thelips,
noseandchin areas.Thecombinedshapeandcolour �o w
�eld is estimatedfrom local region correspondenceusing
SSDaccordingto equation2.

(a)

(b)

Figure4: (a) Thetexture images.(b) Selectedfeaturesfor
templatematching. The intensity representsthe

m

�Dz

�N|

�

qualitymeasure.

Using this vector �eld we forward-warp the displace-
mentandtexture imagesandperforma bi-linear interpola-
tion to �ll thegaps.Figure5 illustratesthe�o w �eld com-
putedbetweenvariousvisemesandsilence/#/. The result
of forwardwarpingis presentedin Figure5(c)whichshows
goodnon-rigidalignmentof theoutsideof thelips. Regions
wheretherearenosigni�cant featuresarealignedsmoothly.
Thedarkregion in thecentreof themouthresultsfrom for-
wardwarpingtheopenmouthto aclosedmouthwherethere
is no correspondence.Theresultingnon-rigidalignmentis
suitablefor synthesisof transitionsbetweenvisemesaswill
beillustratedin thenext section.

(a)
/A/ /O/ /e/

(b)
/#/

(c)
Forward-warp

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

4. FaceSynthesisfr om Speech
In this sectionwe presenta framework for visual 3D face
synthesisdriven by speech. First, we de�ne a set of 17
visemes(visual phonemes)which arealignedto the input
audioandthenwe interpolatebetweenthemusingthenon-
rigid �o w �eld to achieve smoothtransitionsat the rateof
25Hz.

4.1. VisemeSegmentation
In orderto drive thevisualsynthesisfrom anaudiospeech
sequence,we needto automaticallysegmentandlabel in-
put utterancesin termsof phonemes.Phonemeto viseme
mappingis thenusedto identify thecorrespondingviseme
sequencewhich is renderedandsynchronisedwith theau-
dio stream.For this work we developeda systemusingthe
HMM toolkit (HTK version3.2.1)[14] to classifyeachin-
pututteranceusingword-level transcriptionsandtheBritish
EnglishPronunciations(BEEP)dictionary [8]. A Hidden
Markov Model(HMM) phonemerecogniseris trainedusing
the MOCHA (Multi-CHannelArticulatory) database[18],
whichconsistsof 460phoneticallybalancedsentencesfrom
botha maleanda femalespeaker.

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

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

Table 1 presentsthe phonemeto viseme mapping to-
gether with the correspondingexemplars for the above
sentence.Forcedalignmentof thetestutterancesis usedto
accuratelyidentify the startandendtime stampsfor each
phonemein theknown transcription.Basedon thespeech
timingsthe3D videosequenceis segmentedinto 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 think,the

4 t,d t,d tip,do

5 k,g k,g cold,gap

6 tS,dZ,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

11 e eh,ax bed,the

12 I ih,iy in,me

13 U aw,uh,uw loud,book,do

14 - er sir

15 - w with

16 O oh,ow,oy top,cold,voice

Table1: Thephonemeto visememapping.Wordsin italics
arenot includedin theexamplesentence.

4.2. Synthesisfr om Speech
For synthesiswede�ne avisemeas ‰
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with
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. This functioncanbeusedto obtaina
weightedaveragebetween‰
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. To reduce
theeffectof theblurringin themouthregion,wheremostof
themotionexists,we �rst nonrigidly deform ‰
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Thenwe canobtainthe new frame ‰
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This combinesthetwo vector�elds [H�

|¦�

Aˆ�

and [H�}§

�

Aˆ�

to
obtain the interpolatedvector �eld [H�

|¦�

§

�

as a weighted
average.The resultingvector �eld is usedto synthesisea
displacementand colour imageat eachintermediatetime
frame. This resultsin the synthesisof a sequenceof face
shapeand appearancecorrespondingto the input audio
speechsequence.
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5. Results

In thissectionwepresentresultsof the3D facespeechsyn-
thesissystem.Synthesishasbeenperformedfor the51cap-
turedfacesin thedatabase.Thefront page�gure illustrates
asynthesised3D facefrom multipleviewstogetherwith the
correspondingspeechwaveforms. Figure7 shows a close
up of themouthfor thesynthesisedsequenceof 7 consec-
utive framesof examplemaleand femalefacesdriven by
an audiospeechfor the word 'hello' . We cannoticehow
theindividualdifferencesareencodedandreconstructedby
the system. The non-rigid alignmentof mouthshapeand
appearanceusedto mapbetweenvisemesallows synthesis
withoutvisibleblurringor distortionatintermediateframes.
Figure8 illustratesthreedifferentviews of 5 framesin the
transitionfrom viseme/p/ to viseme/a/. This demonstrates
theadvantageof 3D visualfacesynthesisof realpeopleover
previous2D approachin allowing arbitraryviewing direc-
tion. Figure9 illustratesotherexamplesof 3D visualspeech
synthesisfor multiple peoplepronouncingthe consonant-
vowel(CV) syllableshowing the transitionfrom /t/ to /o/.
The synthesisedsequencesfor differentpeoplereproduce
their individual facial characteristics.Resultsdemonstrate
thattheproposedframework achievessynthesisof 3D faces
of realpeoplewith a comparablevisualquality to thecap-
turedvideo.

Framesynthesisis implementedoff-line with approxi-
mately1 secondper frameon a PentiumIII 900MHzCPU
while thetriangulationandrenderingis donein real-timeon
aGeForce4Ti4200GPU.

6. Conclusion

In this paperwehavepresentedanovel framework for syn-
thesisof 3D facesof real peoplefrom audiospeech.The
approachis basedon the video-ratecaptureof faceshape
andappearancefor aperson.Resultsdemonstratesynthesis
of novel speechsequenceswith avisualqualitycomparable
to thecapturedvideo.

To facilitate speechsynthesisa novel non-rigid align-
mentalgorithmhasbeenpresentedto obtaindensecorre-
spondencebetweenfacesusingshapeandappearance.The
algorithm integratesshapeandappearanceinformation to
ensureaccuratealignmentin regions with signi�cant lo-
cal variationandobtainsmoothcorrespondencein regions
of uniform shapeandappearance.The resultingnon-rigid
alignmentenablestransitionof shapeand appearancebe-
tweenvisemeswithoutvisibleblurring or distortion.

The framework and results presentedin this paper
demonstratethe potential for videorealisticconcatenative
facesynthesisbasedon 3D videosequencesratherthan2D
video. The useof 3D videohastheadvantageof allowing
arbitraryviewpointandrelighting.
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Figure7: Consequtive frames(25fps)for (top)maleand(bottom)femalesubjectssynthesisingtheword `Hello'.

Figure8: 3D facesynthesisof a /p/ to /a/ transitionfor onepersonfrom multipleviews.

Figure9: 3D facesynthesisof multiplepeoplepronouncinga /t/ to /o/ transition.
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