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Abstract

The paperis motivatedby the needto developlow bandwidthvirtual humans
capableof deliveringaudio-visuakpeectandsignlanguagetaquality com-

parableto high bandwidthvideo. The numberof bits requiredfor animating
avirtual humanis significantlyreducedy usinganappearancenodelcom-

binedwith parametecompressionA new perceptuamethodis introduced
andusedto evaluatethe quality of the synthesisedequencedt appearghat

3.6kbits.s! canstill yield acceptableuality.

1 Introduction

Marny pre-lingually deaf peoplefind closedcaptionsubtitlesin broadcastelevision of
lesshelpthanmight be expected.Signlanguagas their first acquiredanguageandsub-
sequentlythey have difficultieslearningto readandwrite usingthe corventionsof anoral
language.The difficulty is similar to that experiencedby hearingpeoplewhenacquir
ing a secondanguagg14]. Deafpeople,therefore valuethe presencef anon-screen
signer[13] using,in the UK, British Sign LanguaggBSL). This hasbeenrecognisedy
UK legislation. It requiresterrestrialdigital television to provide on-screersigning. This
paperis motivatedby the needto develop virtual humanscapableof deliveringsignlan-
guageat a quality comparabldo high bandwidthvideo. An importantfeatureof suchan
avatarwill betherealisticreproductiorof facialgesturesThey shouldbeclearenoughfor
lipreadingfor whichtheface particularlythetongueis extremelyimportant,althoughthe
mouthshapesssociatedvith signingarenotthoseof spolenwords. For televisionbroad-
castpurposesinavatar[28] thatcanbedrivenat a bandwidthof lessthan32 kbits.s ™! is
desirable.

To broker the trade-of betweenperceved quality andbandwidth practicalmethods
for evaluatingperceved quality are essential. A new variantof a methodfor evaluating
percevedquality is proposedandillustratedby reportingprogresdowardsa talking face
thatusedessthanfive kbits.s™*.

1.1 Background

Researclin computerfacialanimation[23] beganin the early seventieswith the pioneer
ing work of Parke [22], wherea setof parameterthataccounfor theobsenablevariation
of thefaceweredefinedandusedto animatea 3D meshmodel. Physically-basednodels
of the facehave sincebeenemployedto animatethe facein a morerealisticmanner In
particularthe Facial Action Coding System(FACS), wherethe facial ‘system’is broken
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downinto asetof about60actionunitsthatcanbecombinedo reproducery discernible
facialexpressionhasbecomehebasisof facialanimationsystemg27] andfacetrackers
or recognisergll, 26]. More recently imageprocessingechniqueshave beenapplied
to modelingandanimatingthe face[12, 25]. Ezzatrepresenteéachviseme(discernible
mouthshape)with a staticimageandusedan optical flow algorithm[15] to morphbe-
tweenthe imagesto produceanimatedsequencesThis techniquehasthe disadantage
thatan accurateflow field cannotbe calculatedf the distancebetweenmagesis large.
A further problemis that the approachdoesnot make it easyfor lip shapedo depend
on contet: thosebeforeand after the currentlip shapeat arny giventime. A different
approachs to exploit statisticalmodelsof shapeandappearancéhathave beenusedto
track[10, 4, 7, 19] andrecognisg21, 2, 3] facesin imagesandvideo sequencesBre-
gler combinedthe tracking of importantpoints on the spealer with morphingof video
frameg5] to generataew lip movementsn existingvideosequenceRatherdifferently,
Brooke [6] useda principal componentanalysis(PCA) of the intensitiesof the general
mouthregion andusedthe principal modesto drive a statisticalmodel. This canbeim-
provedby capturingandtakingadvantageof importantshapechanges.

Pointdistribution models(PDMs)[9] capturewhatwe think (perceve) aretheimpor-
tantshapesn images. A tracker is built by linking the shapego the underlyingimage
throughgrey level profile distribution models:the Active ShapeModel (ASM). However,
it appearghat ASMs fitted to the inner and outermamins of the lips do not extract suf-
ficient information from video of facesfor lipreading[18]. On a databasehat canbe
readwith a 60%recognitionrateby humansand45% by the bestlipreadingsystemthey
deliver only about25%. However, by usingthe shapego delineatepatcheof theimage
to beincludedin a PCA (eigen-patchjhena combinationof the codedshapeandimage
informationincludedin athird PCA canbe usedto track or identify faceq8]: the active
appearancmodel(AAM). AAMs appeato be muchbetterthanASMs for thelipreading
problem[20, 19] asaccurag canbeincreasedo 42%using,for example,modelswith 20
modes(of the mouthregion). This suggestshat, while lip shapds important,at leastas
muchinformationis obtainedrom theintensitydetailwithin theinnerlip mamin. Hence,
AAMs shouldbe usefulfor generating lipreadableandfully expressie,talking-head.

2 Design and methods

The main stepfor reducingthe dimensionalityof video is basedon representingacial
expressionaisingthe principal componentsiravn from an appearancenodel. If 32 bit
float valuesareusedfor encodingthe parametersit a framerateof 25Hzthen32 kb.s™!
would only allow 40 parameterso be encoded. Sincethe whole bandwidthcannotbe
usedfor thefacealone(therestof the avataralsohasto be animatedYhe numberof bits
spenton thefacemustbe aslow aspossible.

Following the notationof Cootesa PDM is trainedby placinglandmarkson a setof
imagesby handandperforminga PCA on the coordinatesTypically we usedabout100
pointsfor thewholeface.Any trainingshapecanbeapproximatedisingx ~ X + P;b;.
WhereP; is the matrix of thefirst ¢; eigervectors,of the covariancematrix, chosento
describesomepercentagef thetotal variation,andby is avectorof ¢, shapeparameters.

An appearancenodelis computediy warpingthetrainingimageso placeeachland-
mark in eachimageinto the meanpositionderived from all training shapes.This nor-
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malisesthe shapeof eachpatchand allows the patchto be re-sampledwith the same
numberof pixelsin every example. Typically we use18,000red, blue, greenpixels. By
normalisingout the contritution of shapeto the statisticalmodel of the patchthe ap-
proachusedhere[10] differsfrom thatin, for example,[6]. A PCA s performedon the
re-sampledpixel values. With sucha modelarny RGB appearanceanbe approximated
usinga ~ a + P,b,. Wherea is themeanshape-freémage,P,, is the matrix of thefirst
t, eigervectorsof the covariancematrix andb,, avectorof appearancparameters.
Eachimageis, therefore describedy a setof shapeparameteranda setof appear
anceparametersb; andb, respectiely. A combinedmodel of shapeandappearance
is computedby concatenatinghet, shapeandt, appearancparameterfor eachimage
andperformingathird PCA (in ¢ + t, dimensions)Wherethenumberof modes¢, and
t,, arechosersothattypically 95%of thevarianceof theirrespectre modelsis captured.
Thecombinedshapeandappearancenodelis givenby Equationl,

b~ Qc, (1)

whereQ is the matrix of eigervectorsof the covariancematrix ande a vectorof parame-
tersthatreflectchangesn shapeandtexture of theface.A largerangeof realisticimages
canbesynthesisedjivenasetof thefirst ¢ parametersisingEquation2.

xxX+P;W;Qsc, ara+P,Q,c, 2

_( Qs
a-(g).

Wherethe matrix W ; takesinto accountthe scalingmismatchbetweerthe weights
b, (which modelEuclideandistance)andb, (which modelpixel RGB intensity). This
is computedasshawn in [7] andfacial animationsaregeneratedy controllingthetime
trajectoryof vectore, Equationl.

In practicetwo stepsare particularlytime consuming:warpingthe training images
to map the shape-fregpatchesonto their associatedneansand, during animation, re-
warpingthe synthesisegbatchinto the outputshape Typically it takes= 2 sto fit a 6000
pixel AAM to a singleimageusingthe Mesa3Dsoftwarelibrary. However, the process
becomesnorepracticalif hardwareOpenGlLis exploited,e.g.aDiamondViper 770takes
0.5sfor thesamemodel.

Thesecondstepfor refiningtheinformationcontentis basedn quantisinghet shape
andappearancparametersAs afirst approacha simplelossycoderdecodecodec)has
beenimplementedThe encodeclassifiesncomingparameteraccordingo theirvalues.
Eachclassis assignedo a specificword length,sothatmemberof eachclassarerepre-
senteddy arelatively smallnumberof integervalues.Theaccurag of this representation
is controlledby meansof the word length,which, in turn, is controlledby the userwho
canchoosebetweerdifferentcompressionmodesin this way. To enablethe decoderto
differentiatebetweendifferentword lengthseachparameteis accompaniedy aleading
tokenin the bit streamindicatingthe classto which the modebelongs. Currently only
two classesredistinguishedmemberof therange[-1.0,1.0]or not. Hence thetokenis
asingleleadingbit.
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3 Perceptual Test using Equivalence

The purposeof perceptuatestingis to rankthe overall quality of differentmodels. The
modelsarerankedalongasingleaxis: goodto bad. Of courseijt is easyto ranktwo scalar
values,A andB, but the quality of ananimatedacemodelis to be measuredn a multi-
dimensionakpace.Differentpeopletake, quite literally, differentviews (projections)of
the samesequencend rank the positionsof the systemson their good-to-badranking
axis. Moreover, this view canvary with time with developingtheoriesabouthow things
‘should’ look. As result,the declareddifferencesetweenmodelstendto vary between
obsenrers. As far aspossible this is controlledby fixing the viewing conditionsandso
forth. Standardestingpracticeusedby, for example,the MPEGin assessinghe quality
of videocodingalgorithms,is definedin ITU Rec.BT.500[1] andrequiresover 20 or so
naive viewersto view the testsequence&doubleblind) andscorequality in comparison
with agoodreference.

Here we try a modificationthat is modeledon a a methodusedin text-to-speech
synthesig16]. Ratherthanimplicitly askingviewersto constructtheir own good-to-bad
rankingaxis,anaxisis providedby degradingagoodreferenceViewersarethenaslkedto
saywhenthetestanddegradedsequenceareequivalentlybad. This changeghe viewer
from beinga ‘measuringnstrument’to thatof a ‘detector’.

Perceptusl Degradabon Tast> R R

Test Movie Reference Movie

Play Test Match Play Reference

Sentence Text:
That boy ought not to gorge food while sitting round the campfire

N =

Figurel: A GUI thatplayseitheratestvideo(left panel)or areferencdright panel).The
referencés asourcevideothatis degradedo anextentcontrolledby theslider Whenthe
viewer judgesthe two videosare equallygoodor badthe ‘match’ buttonis pressedand
anothertest,chosematrandom appears.

To this enda Matlab GUI is used,seeFigure (1). The referencemovie on theright
sideis extracteddirectly from the original videoandthe sliderallows theuserto vary the
degreeof degradationappliedto this movie. Theideais thatasthe degreeof degradation
increasesnonotonicallyfrom zero (slider value to the right) to maximum (left) so the
quality decreasefom good-to-badThisis illustratedin Figure2. Theactualparameters
of the S shapedcurve are conceptuallyunimportant(e.g. curve 1 or 2 could be used).
What is importantis that at one end the references worsethan, and at the otherend
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the referenceis betterthan, the modelsundertest. The viewer is thenasked to select
a positionfor the slider at which point the sequenceindertestandthe referencevideo
areequallygoodor bad. Figure 3 shows a framefrom a testsequencandthreeframes
from thereferencevideo. The sensitvity of thetestsystemdepend®n mary things. For
example,if thetestshapperto fall atthe positionsA* andB* ratherthanA andB then
theerrorbarsin Figure5 arelikely to belarge.

=]
3
X

Perceived quality

g
X

0% Degradation 100%

Figure2: Projectinga high dimensionabpaceontopre-definednedimensionabjood-to-
badaxis.

In atypical experiment,7 testmodelsarecomparedy shaving each3 timesatran-
dom: a procedurehattakesabout10 minutes.Four differentwaysof degradingthevideo
wereconsidered:) Gaussiarblurring, 2) temporalblurring, 3) morphologicaffiltering,
and4) temporalwarping, but mary otherscould be devised. The first two arenot pur
suedhereasthey produceda degradationthat wastoo differentfrom thatintroducedby
the models.The sensitvity of thetestis alsodependenbn thedifficulty of the sentence
(signing sequencepeing communicated Here we reportresultsfrom the sentencehat
appearedhe mostappropriatechallengeto articulate(the othersseemedo easilyrepro-
ducedby anappearancenodel).

Thereis plenty of roomto improve on this test. For example,it would be appropriate
to includethe audiosignaldegradedsuficiently to force viewersto extractinformation
from the synthesisedlacein orderto understanavhatis beingsaid.

4 Resaults

For this papermodelsweregeneratedrom a databasef 9431imagesof a singletalker
utteringthefirst 100 of a setof sentencesonstructedo be phoneticallyrich (BT ‘mes-
siah’sentences)Thefacialexpressionwasheldasneutralaspossibleandthe poseof the
headwasroughly maintainedhroughoutso thatthe main sourcef variationweredue
to the speech.The datawascollectedin onesitting on a PanasonidV99B digital cam-
corderanddigitisedat a framerate of 25 framesper secondusinga DazzlelEEE 1394
capturecardwith aframesizeof 720x576(colour). Theaudiowascapturedat44.1kHz,
sterecandwasusedlaterto automaticallyseggmentthevideo (HTK matchedohonemeso
thesourcetext) .

The first few modesof the appearancenodel (Equationl1) capturemostof the key
variationsof thefacialfeaturesput to designa talking facerequiresajudgemenbn both
the numberof modes,t, andhow mary training examplesrepresentatie of the facesto
be synthesisedarerequiredto obtaina stableestimateof theseparametersEachcurve
reportedin Figure4 representshe meanof 20 modelsgeneratedy samplingthe image
database&0 times at random. It shavs how the numberof modesrequiredto explain
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A B
C D

Figure3: (A) Exampleof atestfacesynthesiseétom themodelcorrespondingo position
A in Figure4. B,C,D shov examplesof the referencevideo: (B) maximally degraded,
(C) 50% deggradationand (D) no degradation.The quality of A lies somavherebetween

B andD.
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Figure4: The relationshipbetweennumberof modesrequiredto capturea given pro-
portion of the variationin the training set (ordinate)as the numberof training images
increasegabscissa)Theerrorbarsshov +2 standardleviations.
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70%, 90%, 92% and 95% of the total variationincreaseswith the numberof training
examples. Clearly, 70% of the variationis capturedvery quickly in just a few modes,
whereasto accountfor 95% of the variation would requirein excessof 2000 training
examples.In otherwords,if 1000imagesareanalysedo accounfor 90%of thevariance
(point A Figure 4) almostno extra informationis thengainedby incorporatinganother
1000images.However, this doesnot necessarilyneanthatthe 31 modescapturedht, for

examplepoint A, areappropriatfor a goodreproductiorandsynthesis.To explore this
requiresperceptuatesting.

15

=)
T

Perceived quality

5‘0 75 100
Variance captured

=)
)
o

Figure5: Therelationshipbetweerpercevedquality of amodelandthe proportionof the
total variancecapturedby combinedshapeand appearancenodels. (Perceved quality
is measuredn arbitrary units drawn directly from the position of the slider shovn in
Figurel. 0 is the worstquality and15 the best: usingdegradationmethod4.) Theerror
barsshowv +2 timesthe standarcerror. The valuesindicatethe numberof modesusedto
synthesiseachface.

To find the numberof modesrequiredfor an adequateeproductiorandsynthesisa
combinedmodel of shapeandappearancevastrainedon 1000imagesrandomlysam-
pled from the training set. The modelwastruncatedby taking the first ¢ modes,where
t =1{1,2,3,6,14,67,207} (thesearepointsup the verticalline throughpoint A in Fig-
ure4). Thesemodelsarethenusedto replaythe sentenceThat boy oughtnot to gorge
food while sitting roundthe campfire’. (The sentencés choserbecausét is particularly
challenging.)It appeardrom theresultsin Figure5, obtainedfrom testingwith 5 view-
ers,thatperceptuatjuality doesnotincreasanarkedly asthe numberof modelparameters
increaseabove aboutl4.

In orderto furtherreducethe bitratewe apply the quantisatiortechnique(Section2)
andcarriedout subjectve testsfor two compressioimodes. In thefirst, the parameters
areoutputto abitstreamwith only onedigit accuray, which resultedn awordlengthper
parametepf 4 to 10 bits dependingpn the classto which the parameteis assignedThe
averagecompressioffiactorachiesedis 3.12which correspondso a bitrateof 3.6 kb.s™!.
In the secondmethodall parameteraremappedo afixednumberof integerssothatthe
wordlengthperparameteris betweer? and4 bits. The averagecompressiorfiactoris 6.7
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andthebitrateis 1.7kb.s™!. In Figure6 it canbe seenthatthe highercompressioffiactor
leadsto a moreblurredface. This is consistentvith the resultsof a perceptuatestusing
five independentnaive, obsenrers. On our scaleof between0 and 15 they scoreda 14
modemodel14.3 + 0.4 which hardly changedftercodingwith methodone,13.6 + 0.6,
but which reducedsignificantlyon usingmethodtwo, 11.0 + 1.2.

A B

Figure6: Samplesdravn from two imagesequencesncodedvith eitherl.7kbits.s™' (A
andC) or 3.6kbits.s' (B andD).
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Figure7: A) Thedistribution of datadeviationsaboutthe meansfor the datashowvn in
Figure5 with overlaid Gaussiardistribution. B) The samedistinctionbetweerhigh and
low quality modelsasthatseenin Figure5 but usingdegradatiormethod3.

5 Discussion

A low bandwidthtalking facewith fidelity thatfarexceedg¢hoseusedin currentcommer
cial animationsg.g.[2§ is possibleusingappearancenodels.The bit-ratereportednhere
for producinga nearvideo-realisticresult (3.6 kbits.s™! or 18 bytesper frame)is very
low andshouldbe treatedonly asa possibility until more extensie testingis complete.
Bearin mind thatit is not a generalvideo codec,or even a generafacecodec,ratherit

hasan extremelystrongmodelandwe expectthis to explain why thelow bandwidthcan
beachiesed. To putit into thecontext of lessconstrainedodecsa 64 kbits.s™! MPEG-4
codecwould handlea 352x288pixel video anda GSM half rate speechcoderuses9.6
kbits.s1. The resultspresentedherecanbe comparedwith researctreviewed in [24],
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however further work shouldinvolve evaluatingthis systemagainstother model-based
systemssuchas [17] for example.

Theperceptualequivalence'testprocedurdookspromising.lt doesnotreplacemore
detailedtestingof errorratesfor viewersreadingthe informationstreambut looks to be
a relatively quick way for differentpeopleto evaluateimagesandvideoin a consistent
manner The methodhasa placeasa weekly or monthly checkasopposedo a way of
makingafinal evaluationof a system.Themethodof degradingthereferencevideodoes
matter A poorchoiceleadsto largererrors.In thesesxperimentseitherspatialnor tem-
poral blurring worked very well. Figure7B shaws the resultof evaluatinga selectionof
modelsusingalow-passmorphologicakpatialfilter to degradeeachimage.Althoughthe
characteristiof thecurveis notresohedandalthoughthe (perceptualyaluesthemseles
differ betweerthe two tests,the overall conclusionsarethe same.Figure 7A shavs that
thetestresultsareapproximatelyGaussiamistributedaboutthe curve justifying theerror
barssetto +2 timesthe standarcerror.
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