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Abstract

Thepaperis motivatedby theneedto developlow bandwidthvirtual humans
capableof deliveringaudio-visualspeechandsignlanguageataqualitycom-
parableto high bandwidthvideo. Thenumberof bits requiredfor animating
a virtual humanis significantlyreducedby usinganappearancemodelcom-
binedwith parametercompression.A new perceptualmethodis introduced
andusedto evaluatethequality of thesynthesisedsequences.It appearsthat
3.6kbits.s��� canstill yield acceptablequality.

1 Introduction

Many pre-linguallydeafpeoplefind closedcaptionsubtitlesin broadcasttelevision of
lesshelpthanmight beexpected.Signlanguageis their first acquiredlanguageandsub-
sequentlythey havedifficultieslearningto readandwrite usingtheconventionsof anoral
language.The difficulty is similar to that experiencedby hearingpeoplewhenacquir-
ing a secondlanguage[14]. Deaf people,therefore,valuethe presenceof an on-screen
signer[13] using,in theUK, British SignLanguage(BSL). This hasbeenrecognisedby
UK legislation.It requiresterrestrialdigital television to provideon-screensigning.This
paperis motivatedby theneedto developvirtual humanscapableof deliveringsign lan-
guageat a quality comparableto high bandwidthvideo. An importantfeatureof suchan
avatarwill betherealisticreproductionof facialgestures.They shouldbeclearenoughfor
lipreadingfor whichtheface,particularlythetongueis extremelyimportant,althoughthe
mouthshapesassociatedwith signingarenotthoseof spokenwords.For televisionbroad-
castpurposesanavatar[28] thatcanbedrivenat a bandwidthof lessthan32 kbits.s��� is
desirable.

To broker the trade-off betweenperceivedquality andbandwidth,practicalmethods
for evaluatingperceivedquality areessential.A new variantof a methodfor evaluating
perceivedquality is proposedandillustratedby reportingprogresstowardsa talking face
thatuseslessthanfivekbits.s��� .
1.1 Background

Researchin computerfacialanimation[23] beganin theearlyseventieswith thepioneer-
ing work of Parke[22], whereasetof parametersthataccountfor theobservablevariation
of thefaceweredefinedandusedto animatea3D meshmodel.Physically-basedmodels
of the facehave sincebeenemployedto animatethe facein a morerealisticmanner. In
particulartheFacial ActionCodingSystem(FACS),wherethe facial ‘system’ is broken
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down into asetof about60actionunitsthatcanbecombinedto reproduceany discernible
facialexpression,hasbecomethebasisof facialanimationsystems[27] andfacetrackers
or recognisers[11, 26]. More recently, imageprocessingtechniqueshave beenapplied
to modelingandanimatingtheface[12, 25]. Ezzatrepresentedeachviseme(discernible
mouthshape)with a staticimageandusedan optical flow algorithm[15] to morphbe-
tweenthe imagesto produceanimatedsequences.This techniquehasthe disadvantage
that an accurateflow field cannotbe calculatedif the distancebetweenimagesis large.
A further problemis that the approachdoesnot make it easyfor lip shapesto depend
on context: thosebeforeandafter the currentlip shapeat any given time. A different
approachis to exploit statisticalmodelsof shapeandappearancethathave beenusedto
track [10, 4, 7, 19] andrecognise[21, 2, 3] facesin imagesandvideo sequences.Bre-
gler combinedthe trackingof importantpointson the speaker with morphingof video
frames[5] to generatenew lip movementsin existingvideosequences.Ratherdifferently,
Brooke [6] useda principal componentanalysis(PCA) of the intensitiesof the general
mouthregion andusedtheprincipalmodesto drive a statisticalmodel. This canbe im-
provedby capturingandtakingadvantageof importantshapechanges.

Pointdistributionmodels(PDMs)[9] capturewhatwe think (perceive)aretheimpor-
tant shapesin images.A tracker is built by linking the shapesto the underlyingimage
throughgrey level profiledistributionmodels:theActiveShapeModel (ASM). However,
it appearsthatASMs fitted to the innerandoutermarginsof the lips do not extract suf-
ficient information from video of facesfor lipreading[18]. On a databasethat canbe
readwith a60%recognitionrateby humansand45%by thebestlipreadingsystem,they
deliver only about25%. However, by usingtheshapesto delineatepatchesof the image
to be includedin a PCA (eigen-patch)thena combinationof thecodedshapeandimage
informationincludedin a third PCA canbeusedto trackor identify faces[8]: theactive
appearancemodel(AAM). AAMs appearto bemuchbetterthanASMsfor thelipreading
problem[20, 19] asaccuracy canbeincreasedto 42%using,for example,modelswith 20
modes(of themouthregion). This suggeststhat,while lip shapeis important,at leastas
muchinformationis obtainedfrom theintensitydetailwithin theinnerlip margin. Hence,
AAMs shouldbeusefulfor generatinga lipreadable,andfully expressive,talking-head.

2 Design and methods

The main stepfor reducingthe dimensionalityof video is basedon representingfacial
expressionsusingthe principal componentsdrawn from an appearancemodel. If 32 bit
float valuesareusedfor encodingtheparametersat a framerateof 25Hzthen32 kb.s���
would only allow 40 parametersto be encoded.Sincethe whole bandwidthcannotbe
usedfor thefacealone(therestof theavataralsohasto beanimated)thenumberof bits
spenton thefacemustbeaslow aspossible.

Following thenotationof Cootes,a PDM is trainedby placinglandmarkson a setof
imagesby handandperforminga PCA on thecoordinates.Typically we usedabout100
pointsfor thewholeface.Any trainingshapecanbeapproximatedusing ��� �
	���
���
 .
Where ��
 is the matrix of the first ��
 eigenvectors,of the covariancematrix, chosento
describesomepercentageof thetotalvariation,and ��
 is avectorof ��
 shapeparameters.

An appearancemodelis computedby warpingthetrainingimagesto placeeachland-
mark in eachimageinto the meanpositionderived from all training shapes.This nor-
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malisesthe shapeof eachpatchandallows the patchto be re-sampledwith the same
numberof pixelsin every example.Typically we use18,000red,blue,greenpixels. By
normalisingout the contribution of shapeto the statisticalmodel of the patchthe ap-
proachusedhere[10] differsfrom that in, for example,[6]. A PCA is performedon the
re-sampledpixel values.With sucha modelany RGB appearancecanbeapproximated
using ��� ��	�������� . Where� is themeanshape-freeimage,��� is thematrixof thefirst� � eigenvectorsof thecovariancematrixand � � a vectorof appearanceparameters.

Eachimageis, therefore,describedby a setof shapeparametersanda setof appear-
anceparameters,��
 and � � respectively. A combinedmodelof shapeandappearance
is computedby concatenatingthe ��
 shapeand � � appearanceparametersfor eachimage
andperforminga third PCA(in ��
�	�� � dimensions).Wherethenumberof modes,��
 and� � , arechosensothattypically 95%of thevarianceof their respectivemodelsis captured.
Thecombinedshapeandappearancemodelis givenby Equation1,�����
�! (1)

where � is thematrixof eigenvectorsof thecovariancematrixand � avectorof parame-
tersthatreflectchangesin shapeandtextureof theface.A largerangeof realisticimages
canbesynthesisedgivenasetof thefirst � parametersusingEquation2.

�"� �#	���
%$&
'�#
(�) *�
� �+	,� � � � �) (2)

�.-0/ � 
� �21  
Wherethematrix $0
 takesinto accountthe scalingmismatchbetweentheweights��
 (which modelEuclideandistance)and � � (which modelpixel RGB intensity). This

is computedasshown in [7] andfacialanimationsaregeneratedby controlling thetime
trajectoryof vector � , Equation1.

In practicetwo stepsareparticularly time consuming:warping the training images
to map the shape-freepatchesonto their associatedmeansand, during animation,re-
warpingthesynthesisedpatchinto theoutputshape.Typically it takes �43 s to fit a 6000
pixel AAM to a singleimageusingtheMesa3Dsoftwarelibrary. However, the process
becomesmorepracticalif hardwareOpenGLis exploited,e.g.aDiamondViper770takes
0.5s for thesamemodel.

Thesecondstepfor refiningtheinformationcontentis basedonquantisingthe � shape
andappearanceparameters.As a first approachasimplelossycoder-decoder(codec)has
beenimplemented.Theencoderclassifiesincomingparametersaccordingto theirvalues.
Eachclassis assignedto a specificword length,sothatmembersof eachclassarerepre-
sentedby arelatively smallnumberof integervalues.Theaccuracy of this representation
is controlledby meansof theword length,which, in turn, is controlledby theuserwho
canchoosebetweendifferentcompressionmodesin this way. To enablethedecoderto
differentiatebetweendifferentword lengthseachparameteris accompaniedby a leading
token in the bit streamindicatingthe classto which the modebelongs.Currentlyonly
two classesaredistinguished:membersof therange[-1.0,1.0]or not. Hence,thetokenis
a singleleadingbit.
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3 Perceptual Test using Equivalence

Thepurposeof perceptualtestingis to rank theoverall quality of differentmodels.The
modelsarerankedalongasingleaxis:goodto bad.Of course,it is easyto ranktwo scalar
values,A andB, but thequality of ananimatedfacemodelis to bemeasuredin a multi-
dimensionalspace.Differentpeopletake, quite literally, differentviews (projections)of
the samesequenceandrank the positionsof the systemson their good-to-badranking
axis. Moreover, this view canvary with time with developingtheoriesabouthow things
‘should’ look. As result,the declareddifferencesbetweenmodelstendto vary between
observers. As far aspossible,this is controlledby fixing the viewing conditionsandso
forth. Standardtestingpracticeusedby, for example,theMPEGin assessingthequality
of videocodingalgorithms,is definedin ITU Rec.BT.500[1] andrequiresover20 or so
naive viewersto view thetestsequences(doubleblind) andscorequality in comparison
with a goodreference.

Here we try a modification that is modeledon a a methodusedin text-to-speech
synthesis[16]. Ratherthanimplicitly askingviewersto constructtheir own good-to-bad
rankingaxis,anaxisis providedby degradingagoodreference.Viewersarethenaskedto
saywhenthetestanddegradedsequencesareequivalentlybad.This changestheviewer
from beinga ‘measuringinstrument’to thatof a ‘detector’.

Figure1: A GUI thatplayseithera testvideo(left panel)or areference(right panel).The
referenceis asourcevideothatis degradedto anextentcontrolledby theslider. Whenthe
viewer judgesthe two videosareequallygoodor badthe ‘match’ button is pressedand
anothertest,chosenat random,appears.

To this enda Matlab GUI is used,seeFigure(1). The referencemovie on the right
sideis extracteddirectly from theoriginal videoandthesliderallows theuserto vary the
degreeof degradationappliedto this movie. Theideais thatasthedegreeof degradation
increasesmonotonicallyfrom zero (slider value to the right) to maximum(left) so the
qualitydecreasesfrom good-to-bad.This is illustratedin Figure2. Theactualparameters
of the 5 shapedcurve areconceptuallyunimportant(e.g. curve 1 or 2 could be used).
What is importantis that at one end the referenceis worsethan,andat the other end
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the referenceis betterthan, the modelsundertest. The viewer is thenasked to select
a positionfor the slider at which point the sequenceundertestandthe referencevideo
areequallygoodor bad. Figure3 shows a framefrom a testsequenceandthreeframes
from thereferencevideo. Thesensitivity of thetestsystemdependson many things.For
example,if the testshappento fall at the positionsA* andB* ratherthanA andB then
theerrorbarsin Figure5 arelikely to belarge.
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Figure2: Projectingahighdimensionalspaceontopre-definedonedimensionalgood-to-
badaxis.

In a typical experiment,7 testmodelsarecomparedby showing each3 timesat ran-
dom:aprocedurethattakesabout10minutes.Fourdifferentwaysof degradingthevideo
wereconsidered:1) Gaussianblurring, 2) temporalblurring, 3) morphologicalfiltering,
and4) temporalwarping,but many otherscould be devised. The first two arenot pur-
suedhereasthey produceda degradationthatwastoo differentfrom that introducedby
themodels.Thesensitivity of thetestis alsodependenton thedifficulty of thesentence
(signingsequence)beingcommunicated.Herewe reportresultsfrom the sentencethat
appearedthemostappropriatechallengeto articulate(theothersseemedto easilyrepro-
ducedby anappearancemodel).

Thereis plentyof roomto improveon this test.For example,it would beappropriate
to includethe audiosignaldegradedsufficiently to forceviewersto extract information
from thesynthesisedfacein orderto understandwhatis beingsaid.

4 Results

For this papermodelsweregeneratedfrom a databaseof 9431imagesof a singletalker
utteringthefirst 100of a setof sentencesconstructedto bephoneticallyrich (BT ‘mes-
siah’sentences).Thefacialexpressionwasheldasneutralaspossibleandtheposeof the
headwasroughlymaintainedthroughoutso that themainsourcesof variationweredue
to thespeech.Thedatawascollectedin onesitting on a PanasonicDV99B digital cam-
corderanddigitisedat a framerateof 25 framespersecondusinga DazzleIEEE 1394
capturecardwith a framesizeof 720x576(colour).Theaudiowascapturedat 44.1kHz,
stereoandwasusedlaterto automaticallysegmentthevideo(HTK matchedphonemesto
thesourcetext) .

The first few modesof the appearancemodel(Equation1) capturemostof the key
variationsof thefacialfeatures,but to designa talking facerequiresa judgementon both
the numberof modes,� , andhow many training examplesrepresentative of the facesto
besynthesised,arerequiredto obtaina stableestimateof theseparameters.Eachcurve
reportedin Figure4 representsthemeanof 20 modelsgeneratedby samplingthe image
database20 times at random. It shows how the numberof modesrequiredto explain
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A B

C D

Figure3: (A) Exampleof atestfacesynthesisedfrom themodelcorrespondingto position
A in Figure4. B,C,D show examplesof the referencevideo: (B) maximally degraded,
(C) 50%degradationand(D) no degradation.Thequality of A lies somewherebetween
B andD.
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Figure4: The relationshipbetweennumberof modesrequiredto capturea given pro-
portion of the variation in the training set (ordinate)as the numberof training images
increases(abscissa).Theerrorbarsshow íî3 standarddeviations.
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70%, 90%, 92% and95% of the total variation increaseswith the numberof training
examples. Clearly, 70% of the variation is capturedvery quickly in just a few modes,
whereasto accountfor 95% of the variation would requirein excessof 2000 training
examples.In otherwords,if 1000imagesareanalysedto accountfor 90%of thevariance
(point A Figure4) almostno extra informationis thengainedby incorporatinganother
1000images.However, this doesnot necessarilymeanthatthe31 modescapturedat, for
examplepoint A, areappropriatefor a goodreproductionandsynthesis.To explore this
requiresperceptualtesting.
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Figure5: Therelationshipbetweenperceivedqualityof amodelandtheproportionof the
total variancecapturedby combinedshapeandappearancemodels. (Perceived quality
is measuredin arbitrary units drawn directly from the position of the slider shown in
Figure1. 0 is theworstquality and15 thebest:usingdegradationmethod4.) Theerror
barsshow íî3 timesthestandarderror. Thevaluesindicatethenumberof modesusedto
synthesiseeachface.

To find thenumberof modesrequiredfor anadequatereproductionandsynthesis,a
combinedmodelof shapeandappearancewas trainedon 1000 imagesrandomlysam-
pled from the training set. The modelwastruncatedby taking the first � modes,where� - ,.-  (3  �/) 
0! -�1  
032  (3546267 (thesearepointsup thevertical line throughpoint A in Fig-
ure4). Thesemodelsarethenusedto replaythe sentence‘That boy oughtnot to gorge
food while sitting roundthecampfire’. (Thesentenceis chosenbecauseit is particularly
challenging.)It appearsfrom theresultsin Figure5, obtainedfrom testingwith 5 view-
ers,thatperceptualqualitydoesnot increasemarkedlyasthenumberof modelparameters
increaseaboveabout14.

In orderto furtherreducethebitratewe apply thequantisationtechnique(Section2)
andcarriedout subjective testsfor two compressionmodes.In the first, the parameters
areoutputto abitstreamwith only onedigit accuracy, which resultedin awordlengthper
parameterof 4 to 10 bits dependingon theclassto which theparameteris assigned.The
averagecompressionfactorachievedis 3.12whichcorrespondsto abitrateof 3.6kb.s��� .
In thesecondmethodall parametersaremappedto a fixednumberof integerssothatthe
wordlengthperparameteris between2 and4 bits. Theaveragecompressionfactoris 6.7
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andthebitrateis 1.7kb.s��� . In Figure6 it canbeseenthatthehighercompressionfactor
leadsto a moreblurredface.This is consistentwith theresultsof a perceptualtestusing
five independent,naive, observers. On our scaleof between0 and15 they scoreda 14
modemodel

-�198 / í:4 8 1 which hardlychangedaftercodingwith methodone,
- / 8 0 í;4 8 0 ,

but which reducedsignificantlyonusingmethodtwo,
-<-<8 4 í -.8 3 .

A B C D

Figure6: Samplesdrawn from two imagesequencesencodedwith either1.7kbits.s��� (A
andC) or 3.6kbits.s��� (B andD).
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Figure7: A) The distribution of datadeviationsaboutthe meansfor the datashown in
Figure5 with overlaidGaussiandistribution. B) Thesamedistinctionbetweenhigh and
low quality modelsasthatseenin Figure5 but usingdegradationmethod3.

5 Discussion

A low bandwidthtalking facewith fidelity thatfarexceedsthoseusedin currentcommer-
cial animations,e.g.[28] is possibleusingappearancemodels.Thebit-ratereportedhere
for producinga nearvideo-realisticresult (3.6 kbits.s��� or 18 bytesper frame) is very
low andshouldbe treatedonly asa possibility until moreextensive testingis complete.
Bearin mind that it is not a generalvideocodec,or evena generalfacecodec,ratherit
hasanextremelystrongmodelandwe expectthis to explain why thelow bandwidthcan
beachieved.To put it into thecontext of lessconstrainedcodecs,a64kbits.s��� MPEG-4
codecwould handlea 352x288pixel video anda GSM half ratespeechcoderuses9.6
kbits.s��� . The resultspresentedherecanbe comparedwith researchreviewed in [24],
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however further work shouldinvolve evaluatingthis systemagainstothermodel-based
systems,suchas [17] for example.

Theperceptual‘equivalence’testprocedurelookspromising.It doesnotreplacemore
detailedtestingof error ratesfor viewersreadingthe informationstreambut looks to be
a relatively quick way for differentpeopleto evaluateimagesandvideo in a consistent
manner. The methodhasa placeasa weeklyor monthlycheckasopposedto a way of
makingafinal evaluationof a system.Themethodof degradingthereferencevideodoes
matter. A poorchoiceleadsto largererrors.In theseexperimentsneitherspatialnor tem-
poralblurring workedvery well. Figure7B shows theresultof evaluatinga selectionof
modelsusingalow-passmorphologicalspatialfilter to degradeeachimage.Althoughthe
characteristicof thecurveis not resolvedandalthoughthe(perceptual)valuesthemselves
differ betweenthetwo tests,theoverall conclusionsarethesame.Figure7A shows that
thetestresultsareapproximatelyGaussiandistributedaboutthecurvejustifying theerror
barssetto íî3 timesthestandarderror.
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