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Abstract

We presenfa systemcapableof producingvideo-realistic
videosof a spealer given audioonly. The audio input
signalrequiresno phoneticlabellingandis spealerinde-
pendent.The systemrequiresonly a smalltraining setof
videoto achieve corvincingrealisticfacialsynthesisThe
systemlearnsthe naturalmouth and facedynamicsof a
spealer to allow new facial posesunseerin the training
video, to be synthesisedTo achieve this we have devel-
opeda novel approachwhich utilises a hierarchicaland
non-linearPCA modelwhich couplesspeeclandappear
ance. We shaw that the modelis capableof synthesis-
ing videosof a spealer using new audio segmentsfrom
both previously heardand unheardspealers. The model
is highly compactmakingit suitablefor a wide rangeof
real-timeapplicationdgn multimediaandtelecommunica-
tionsusingstandarchardware.

1 INTRODUCTION

Sincethe pioneeringwork of Parke [1] in the 19705, the
developmenof realisticcomputerfacialanimatiorhasre-
ceivedavastamounf attention crossingoverinto fields
suchasmovies, video gamesmobile andvideo commu-
nicationsandpsychology The problemnot only encom-
passeghe designof a mechanisntapableof represent-
ing a facerealistically but alsoits control. Most com-
puter generatedacial systemsare basedon 3D Models
[2] or imagebasedmodels[3] [4], and are parametric.
Usingtheserepresentationge may animatea faceusing
only a speechsignal. This is desirablefor mary appli-
cationssuchaslow-bandwidthnetwork communications
and broadcastsmovie lip re-synchingand lip-synching
for animatedmovies.

Commonly automaticspeechanimationtechniquesare
basedon either simplified mappingsfrom phonetically
alignedspeectsignalsto visemekey frames(which may
thenbeinterpolated)?2] [5], or usinga non-linearbased
model (suchasa HMM or a neuralnetwork) to define
mappingsbetweenspeechfeaturessuch as Linear Pre-
dictive Coding (LPC) coeficientsandfacial parameters
[6]. The formertechniqueis perhapsthe mostpopular
althoughit is basedon producingonly corvincing mouth
animationand ignorescorrelationsbetweenspeechand
facialemotion. It alsorequirespre-processingf thein-
put speectsignalbeforefacialsynthesis.Thelattertech-
nigueis bettersuitedto producingnot only mouthanima-
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Figurel: Hierarchical facial modeloverviaw.

tion, but alsofacialemotionsnherentin thecontenof the
speeclsignal.

In thispapeiwe preseninimagebasedystencapableof
producingvideo-realisticfacial animationfrom an audio
soundtrack. The systemlearnsthe facial dynamicsof a
spealker andusesthis asa foundationto synthesiseovel
facialanimations.During the training phasea small cor-
pusof audioandvideois collectedof a spealer uttering
alist of wordsthattargetvisually distinguishablespeech
postures.After training new speechcanbe supplied,by
the original spealer or a new spealer, andsynchronised
video realistic facial animationis produced. The final
videois of the personusedin thetrainingphase.

To achieve facial synthesisand animationwe introduce
a hierarchicalnon-linearspeech-appearanceodel built

from dataextractedfrom thetraining set. Figurel gives
an exampleof a hierarchicaimodel. The faceis decom-
posednto partsto form ahierarchywheretheroot corre-
spondgo a non-linearmodelof the whole faceandsub-
nodesnon-linearlymodelsmaller morespecificfacialar

eas. This structureallows usto betterrepresensmallfa-

cial variationsandlearnmorepreciselytheir relationship
with speech.

2 SYSTEM OVERVIEW

The systemcan be broken into four stages: Training,
Model Learning,Facial SynthesisandVideo Production.
In thetraining phaseavideois capturedof spealer utter

ing a list of wordstargetingdifferentvisemes.A human
operatothenannotateshetrainingsetplacinglandmarks
at the boundarief facial features.The systemthenex-

tractsthelandmarksrom thetraining setandbuilds a hi-

erarchicaimodelof theface.For thepurposeof this paper
we only extendthe hierarchyto includethe face(asthe
rootnode)andthemouth.



Figure2: Annotatedrainingimage.

Given our training setwe next extract the datarequired
for eachnodein the hierarchy For the representation

of a nodewe introducea non-linearspeech-appearance

model. This is an extensionof an appearancenodelin-

troducedby Cooteset al [7] encodingrelationsbetween
appearanc@arametersand speechvectorsallowing the
synthesisof facial configurationsgiven newv audio. For

theroot nodethe modelis built usingthefull facialland-
mark andimagedata. For nodessuchasthe mouthwe

simply extractcorrespondingandmarksandtexture. For

representationf speechsignalswe processour training

audiousingMel-Cepstralnalysis.

To achieve facial synthesiggiven a new spealer we pro-
cesstheincomingaudioevery 40ms(yielding 25fps)us-
ing Mel-Cepstrahnalysis Wethenprojectthissignalinto
a low-dimensionalspaceand usethe non-linearspeech-
appearancenodel at eachhierarchynodeto synthesise
a facial area. In the final stagesynthesisedacial infor-
mationfrom sub-nodess thencombinedto constructan
entireface.

3 DATA AQUISITION

The training processrequiresthe captureof at least30
secondof audioandvideo of a spealer utteringa setof

visemerich phraseswvith which to build our hierarchical
model.We captureaudioat 33KHz Mono andvideoat 25
fps. Eachimagein our training setis thenlabelledwith

82 landmarksbetweenthe top of the eye-brovs andthe
jaw. Figure?2 shows oneof our labelledtrainingimages
annotatedvith the82 landmarks.

4 HIERARCHICAL FACIAL MODELLING

Facial areasynthesisfor eachnodein our hierarchical
modelis basedon an appearancenodel[7]. Givenan
audioinput eachnodeis used,in turn, to synthesiseafa-
cial area. Given our training setwe begin building our
modelby extractinglandmarkshapedata,andshape-free
texture data,for eachfacialarea.Usingthis data,andthe
capturedaudio data,we thenbuild a non-linearspeech-
appearancenodelfor thatnode.

Therestof this sectiondescribesiow a nodein the hier
archyis constructecandusedfor synthesigivenspeech.
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Figure 3: Distribution of mouthappeaanceparametes
representedy thetwo highestmodesf variation.

In Section5 we thendescribehow nodesarere-combined
to constructanentireface.

4.1 FACIAL AREA MODELLING AND NODE
INITIALIZATION

Givenasubsebf facialinformationfrom the globaltrain-
ing setwe first build an appearancenodel of the corre-
spondingfacial areaasdescribedn [7]. StatisticalPCA
modelsof shapeandtexture are built usingthe training
setand combinedin a joint PCA model. We definethis
modelasfollows

x=X+P,W;'Q,c (1)
g=9+P,Q,cC 2

wherex andg are examplesof shapeandtexture, X and
g arethe meannormalizedshapeandtexture vectors,P,
andP, arethe eigervectorsof eachtraining sampledis-
tribution, c is theappearancparameteW, is adiagonal
scalematrix whereeachelementis a ratio of the eigen-
variancesof the shapeand texture modelsand Q, and
Q, arethe shapeandtexture partsof the eigervectorsQ.
Usingthis modelwe thenprojecteachshapeandtexture
vectorassociatedvith a nodeinto appearancearameter
spaceusing

c=Q"b 3)
giving usn appearancparameters for agivennode.An
exampleof the distribution of the two highestmodesof
appearanceariationfor our mouth nodetraining setis
shavnin Figure3.

4.2 NON-LINEAR APPEARANCE MODELLING

By examiningFigure3 we seethatourappearancparam-
eterdistribution is highly non-linear Modelling this data



setusinga single linear modelwould degradeits speci-
ficity andgeneralisationi8]. We thereforemodelthedis-

tribution usinga mixture of Gaussian$9] initialised us-

ing a k-meansalgorithm. After initial experimentation
we foundthatthe naturalnumberof clusterswasapprox-
imately 60. We discoveredthat our modeltendedto be

unstablegiven a datasetof lessthanapproximately400

samplesand reacheda satishctory level of stability at

around700samples.

4.3 ASSOCIATING APPEARANCE WITH SPEECH

Our aim is to encoderelationshipsbetweenour appear

ance model and our speechtraining set so that given

speechwe may estimatean appearanc@arameterc for

anodedacialarea.Eachclusterin our non-linearappear

ancemodelallows the synthesiof a specificsetof facial

areaconfigurations.Therefore givena speectsignalthe

first thingwe wouldlike to doiis to find the clusterwhich

can bestsynthesisean accuratefacial configuration. To

achieve this mappingwe first reducethe dimensionality
of our speechirainingsetusingprinciplecomponenanal-
ysis(PCA)yielding the model

a=a+P,s (4)

wherea is a speechvector, a is the meanspeechvector
in our training set, P, arethe eigervectorsof our speech
distribution ands is a speeclparameterWe thenreduce
thedimensionalityof eachspeechvectorusing

s=Pl'(a—a) (5)

Speechparameters are then concatenatedvith scaled
appearancparameters giving n vectorsM ; definedas

M; = [Weel,sf]" j=1,...,n (6)
whereW., is a diagonalmatrix whereeachelementis a
ratio of the eigervariancesof the speechandappearance
models. This givesusk clustersof vectorsM. We then
performa PCA on eachclusterto give us k joint models
of appearancandspeech

M=M;+Rd i=1,...,k @

whereM ; is themeanof clusteri, R; aretheeigervectors
of clusteri andd is a speech-appearanparameter

4.4 APPEARANCE SYNTHESISFROM SPEECH

Using the joint model of speechandappearanceefined
for eachnodewe cannow calculateafacialareasappear

anceparameterc given Sipp:. First we choosewhich

clusterin our speech-appearanogodelcanbestsynthe-
size the facial areaby finding the smallestMahalanobis
distancecenterof eachclusterusing

D = (Sinput - _Si)z_l(sinput - §l) (8)

wheres; isthemeanspeectparametein cluster andX is
thecovariancematrix of thespeectparametetrainingset.

Givenanappropriatelusterwe maynow estimatec using

Sinput- 1hemappingprocessve usedwasfirst described
by Bowdenin [8]. It shouldhowever be notedthat our

procesdliffersin thatwe clusterour databasedonly on

appearanc@arametersand not on combinedcorrelated
datafrom differentdistributions. This differenceis dueto

the natureof our data,we alsofoundthatit improvesthe

stability andsynthesigjuality of our model.

Givenaclusteri wesplitits matrix of eigervectorsR; into
two partswherethe top part correspondso appearance
andthe bottom part to speech. We then denotethe lin-
earrelationshipbetweenspeechand appearancé each
clusteras

W.c=¢C; + R.;d 9

s=5 +R,d (10)

wherec; ands; arethe meanappearancandspeecipa-
rametersof clusteri andR.; and R, ; are thoseparts
of the eigervectorsof R; associateavith appearancand
speechrespectiely. Givens;,,,; we thencalculated us-
ing

d= Rz:i (Sinput - gt) (11)

andused in (9) to calculatec. Finally, we constrainc to
bewithin +3 s.d’s from the meanof its respectie cluster
andthencalculateshapex andtextureg using(1) and(2).

45 POST PROCESSING

Given a speechsignala nodein the hierarchyis usedto
synthesisa facialareaevery 40ms.Giventhatwe arese-
lecting clusterswith missinginformation(theappearance
parameters)yith no consideratioror the prior probabil-
ities of the speechbelongingto a cluster it is often the
casethat thereare a numberof possibleclusterscandi-
datesfor selection- andthe bestchoiceis not necessarily
chosen. The symptomof this is the synthesisof incor-
rectappearancparametersHowever, sincethisis anin-
frequentoccuranceve eliminatethe problemvisually by
performinglocal averagingof estimatedk andg vectors.
In Section6 we discussthis problemin the context of
speech-coarticulatioandsuggestlternatve solutions.

5 RECONSTRUCTING THE HIERARCHY

Reconstructiorof the facefrom its synthesisedub-parts
is donein atop-donvn fashionbeginningwith reconstruc-
tion of therootnode.Shapeandtexturedatafrom theroot
nodeis thensubstitutedwith datasynthesisedrom sub-
nodesby first warpingtherootto its meanoverall shape,
warpingthe sub-facial datawith respecto this mean,di-
rectly substitutingcorrespondingextureinformationand
thenfinally warping the concatenatediatawith respect
to the synthesisedsub-facial areasnew shape. In order
to accountfor possibleintensity discrepenciebetween
concatenatedreaghe pixelsin eachsub-facialareasare
scaledto have a meanand varianceequalto that of the
roottexture.



Figure4: Reconstructiomf theuntrainedword “Go” us-
ing the training spealer (view from left to right, top to
bottom).

6 EVALUATION

We recorded28 secondsof video of a spealer uttering
a list of words chosento target specific mouth config-
urationsand labelled 706 of the frameswith the aid of
an Active ShapeModel (ASM) [10]. Using this data
we constructed hierarchicaimodelwith aroot nodefor
the whole faceand a subnodefor the mouth. We then
recordedthe samespealer uttering a set of new words
unheardn traininganda new spealer utteringa different
setof words. Using this new audiowe thensynthesised
video-realistic reconstructionsusing our hierarchical
model. Figures4 and 5 shav a selectionof framesfrom
thereconstructionsf both spealerswhich maybefound
at http://wwwecs.cfac.uk/user/D.FCosler/reseach.html
The animationsgeneratedisingthe modelareboth con-
vincing andrealistic,showving stronglip-synchto the au-
dio. However, sincethe modeldoesnotlook aheado the
next speectsegmentin orderto modify thecurrentmouth
configurationin anticipationof it, we believe thata time
basedmodelof coarticulationwould improve animation
quality. As well asimproved coarticulationsucha model
may alsobe usedfor animationof a mouthin the antici-
pationof a speechsoundduring silence,i.e. whenthere
is no speeckhto drive our animationmodelandwould re-
ducetheprobabilityof selectingnappropriat@appearance
clusterg(seeSection4.5).

7 CONCLUSIONS

We have introduceda non-linear hierarchical speech-
appearancenodelof thefacecapableof producinghigh-
quality video-realisticanimation given a speechinput.
The modelis capableof synthesisingcorvincing anima-
tion given new audiofrom eitherthe training spealer or
anew spealer. The systemis alsopurely datadrivenre-
quiring no phonetic-alignmenbeforevideo-synthesisin
future work we hopeto extend the model by encoding
relationsbetweersub-facial areasandemotionalcontent
derivedfrom speechWe alsoplanto improve animation
co-articulationwith the inclusion of a time-seriesbased
model.

Figure 5: Reconstructiorof the untrained word “Cow”
usinga new spealer (view from left to right, top to bot-
tom).
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