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1 Intr oduction

With theincreasinguseof computersn everydaylife, the chal-

lenging goal of achieszing natural, penasive, and ubiquitous
human-computeinteraction(HCI) hasbecomevery important,
affecting, for example,productvity, customersatisfiction,and

accessibilityamongothers.In contrasto the currentprevailing

HCI paradignthatmostlyreliesonlocally tied, single-modality
andcomputercentricinput/output futureHCI scenariogreen-

visionedwherethe computefadesnto thebackgroundaccept-
ing andrespondingo userrequestsn a human-like behaior,

andattheuserslocation.Not surprisingly speechs viewedas
anintegral partof suchHCI, conveying not only userlinguistic

information,but alsoemotion,identity, location,andcomputer
feedbaci1].

However, althoughgreatprogresshasbeenachiesed over
the pastdecadescomputemprocessingf speectstill lagssig-
ni cantly comparedo humanperformancdevels. For example,
automaticspeechiecognition(ASR)lacksrobustnesso channel
mismatchand ervironmentnoise[1, 2], underperforminghu-
manspeectperceptiorby up to an orderof magnitudesvenin
cleanconditions[3]. Similarly, text-to-speechTTS) systems
continueto lag in naturalnessexpressvenessand, somavhat
less, in intelligibility [4]. Furthermoretypical real-life inter-
action scenarioswhere humansaddressother humansin ad-
dition to the computey may be locatedin a variablefar eld
positioncomparedo the computersensorspr utilize emotion

andnon-acousticuesto corvey a messageprove insurmount-
ably challengingto traditional systemsthat rely on the audio
signalalone. In contrasthumanseasilymastercomplex com-
municationtasksby utilizing additionalchannel®f information
wheneer required,mostnotablythe visual sensorychannel.lt
is thereforeonly naturalthat signi cant interestand effort has
recentlybeenfocusedon exploiting thevisualmodalityin order
to improve HCI [5-9]. In this chapter we review suchefforts
with emphasion the maintechniqueemployedin the extrac-
tion andintegrationof thevisualsignalinformationinto speech
processindiCl systems.

Of centralimportanceto humancommunicationis the vi-
sual information presentin the face. In particulay the lower
faceplaysan integral role in the productionof humanspeech
andof its perceptionpoth beingaudio-visualin nature[9, 10].
Indeed,the visual modality bene t to speechntelligibility has
beenquanti ed asbackasin 1954[11]. Furthermorebimodal
integrationof audioandvisual stimuli in perceving speectas
beendemonstratetly the McGurk effect[12]: whenfor exam-
ple a personis presentedvith the audiostimulus/baba/super
imposedonavideoof moving lips utteringthesound'gaga/the
persorpercevesthesound/dada/.Visualspeechnformationis
especiallycritical to the hearingimpaired: mouth movement
playsanimportantrole in bothsignlanguageandsimultaneous
communicatiorbetweerthe deaf[13].

Facevisibility bene tsspeeclperceptiordueto thefactthat
thevisualsignalis both correlatedo the producedaudiosignal



Automatic
Speechreading

Text-To-Speech
Synthesis

Speech Recognition

Visual Text-To- \
-Speech Synthesis

Speech Enhancement

Speech-To-Video
Synthesis

FIGURE 1. Corversionsandinteractiondbetweertheacousticyisual,andtext
representationsf speechthatarethefocusof this work (adaptedrom [5]).

andalsocontainccomplementarynformationtoit [14—16]. The

former allows the partial recovery of the acousticsignalfrom

visualspeech17], aprocessakinto speectenhancememnhen
the audiois corruptedby noise[18,19]. Thelatteris dueto at

leastthe partial visibility of the placeof articulation,through
the tongue,teeth,andlips, and can help disambiguatespeech
soundgthatarehighly confusabldrom acousticsalone;for ex-

ample theunvoicedconsonant#p/ (abilabial) and/k/ (avelar),

amongothers[16]. Not surprisingly theseobsenationshave

motivatedsigni cant researclover the pasttwentyyearson the

automatiaecognitionof visualspeechalsoknown asautomatic
speechreadingand its integration with traditional audio-only
systemsgiving riseto audio-visualASR [20-47].

In additionto improving speechperceptionfacevisibility
provides direct and natural communicationbetweenhumans.
Computerdowever, typically utilize audio-onlytext-to-speech
synthesisto communicateinformation back to the userin a
mannerthat lags in naturalnessexpressvenessand intelligi-
bility comparedo humanspeech.To addresgheseshortcom-
ings, much researchwork has recently focusedon augment-
ing TTS systemsby synthesizedsisual speech[7,48]. Such
systemsgeneratesynthetictalking facesthat can be directly
drivenby the acousticsignalor therequiredtext, providing an-
imatedor photo-realistiooutput[5,47-62]. The resultingsys-
temscanhave widely varying HCI applications rangingfrom
assistancto hearingimpairedpersonsto interactve computer
basedearningandentertainment.

It is worth noting that facevisibility plays additionalim-
portantroles in human-to-humarcommunicationby provid-
ing speechsegmentaland sourcelocalizationinformation, as
well as by corveying spealer identity and emotion. All are
very importantto HCI, with obvious implicationsto ASR or
TTS, amongothers. A numberof recently proposedtech-
niquesutilize visual-onlyor joint audio-visuakignalprocessing
for speechactiity detectionand sourcelocalization[63-67],
identity recognition from face appearanceor visual speech
[8,68-76], andvisualrecognitionandsynthesi®f humanfacial

emotionalexpression$77,78]. In all casesthevisualmodality
cansigni cantly improve audio-onlysystems.

In orderto automaticallyprocessaandincorporatehe visual
informationinto the abose speech-baseHCl technologiesa
numberof stepsarerequiredthataresurprisinglysimilar across
them. Centralto all technologiess thefeaturerepresentationf
visual speechandits robustextraction. In addition,appropriate
integration of the audio and visual representations required
for audio-visualASR, spealer recognition,speechactivity de-
tection,and emotionrecognition,in orderto ensureimproved
performancef thebimodalsystemsver audio-onlybaselines.
In a numberof technologiesthis integrationoccursby exploit-
ing audio-visuakignalcorrelation:for example audioenhance-
ment by using visual information, speech-to-videsynthesis,
and detectionof synchronousaudio-visualsources(localiza-
tion). Finally, uniqueto audio-visualT TS andspeech-to-video
synthesiss the generatiorof the nal video from the synthe-
sizedvisual speechrepresentatioffacialanimation). The sim-
ilarities betweenthe requiredprocessingcomponentds rein-
forcedin Fig. 1, wherecorversionsandinteractiondetweerthe
acousticyisual,andtextual representatioof speectaregraph-
ically depicted.

In this chapter we review thesemain processingcompo-
nents,and we discusstheir applicationto speech-baseHClI,
with mainemphasi®n ASR, TTS, andspealer recognition.In
particular in Section2, we focuson visual featureextraction.
Section3 is devotedto the mainaudio-visuaintegrationstrate-
gies,with Sectiord concentratingn their applicationto audio-
visual ASR. Section5 addresseaudio-visuakpeechsynthesis,
whereasSection6 discussesudio-visualspealer recognition.
Finally, Section7 touchesupon additional applicationssuch
asspealer localization,speechactivity detection,andemotion
recognition,andprovidesa summaryanda shortdiscussion.

2 Analysisof Visual Signals

The rst critical issuein the designand implementationof
audio-visuakpeectsystemdgor HCI is the choiceof visualfea-
turesandtheir robustextractionfrom video. Visual speechn-
formationis mostly containedin the spealer's mouth region,
therefore,typically, the visual featuresconsistof appropriate
representationsf mouth appearanceand/ or shape. Indeed,
thevarioussetsof visualfeaturegproposedn theliteratureover
the last 20 yearsfor visual speechprocessingapplicationsare
generallygroupedinto three cateyories[21]: (a): Low-level,
or appearance-basddatures,suchas transformedvectorsof
the mouth region pixel intensitiesusing, for example,image
compressionechniqueg22-31,54,70,72]; (b): High-level, or
shape-basefitatures suchasgeometricor model-basedepre-
sentationof the lip contours[30-41,52,54,68,73]; and(c):
Featureshatare a combinationof both appearancend shape
[29-31].

Thechoiceof visualfeaturesclearly mandatesheface,lip,
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FIGURE 2. Mouth appearancandshapetrackingfor visualfeatureextraction: (a) Eleven detectedfacial featuresusingthe appearance-basegproactof [79].
Two correspondingnouthregion-of-interestof differentsizesand normalizationare alsodepicted[44]. (b) Lip contourestimationusinga gradientvector eld
snale (upper: the snale's externalforce eld is depicted)and two parabolaglower) [40]. (c) Threeexamplesof lip contourextraction using an actve shape
model[31]. (d) Detectionof faceappearanc@upper)andshapeglower) usingactive appearancenodels[29].

or mouth-trackinglgorithmsrequiredfor theirextraction,butis
alsoafunctionof videodataquality andresourceconstraintsn
the audio-visualspeechapplication.For example,only a crude
detectionof themouthregionis sufcient to obtainappearance
visual featuresrequiringaslittle astrackingthe faceandthe
two mouth corners. Such stepsbecomeeven unnecessaryf
a properly head-mountediideo camerais usedfor datacap-
ture,asin [46]. In contrasta morecomputationallyexpensve
lip-tracking algorithmis additionally requiredfor shape-based
featurespeinginfeasiblein videosthat containlow-resolution
faces.Needlesgo say robusttrackingof the face,lips, or the
mouthregion is of paramountmportancefor utilizing the ben-
et of visual speechin HCI. In the following, we review such
trackingalgorithms beforeproceedingwith a brief description
of somecommonlyusedvisualfeatures.

2.1 FaceDetection,Mouth, and Lip Tracking

Face detectionhas attractedsigni cant interestin the litera-
ture [79-83]. In general,it constitutesa dif cult problem,es-
pecially in caseswherethe backgroundheadpose,andlight-

ing arevarying. Somereportedsystemausetraditionalimage
processindechniquedor facedetectionsuchascolor sgmen-
tation, edgedetectionjmagethresholdingtemplatematching,
or motioninformationin imagesequencef83], taking advan-
tageof thefactthatmary localfacialsubfeaturesontainstrong
edgesandareapproximatelyigid.

However, the most widely usedtechniquesfollow a sta-
tistical modelingapproachof faceappearancéo obtain a bi-
nary classi cation of imageregionsinto the faceandnon-face
classes. Suchregions are typically representeds vectorsof
greyscaleor colorimagepixel intensitiesover normalizedrect-
anglesof a pre-determinedsize, often projectedonto lower-
dimensionabpacesandarede ned overa“pyramid” of possi-
ble locations,scalesandorientationsn theimage[79]. These
regions can be classi ed using one or more techniquessuch

as neuralnetworks, clusteringalgorithmsalongwith distance
metricsfrom thefaceor non-facespacessimplelineardiscrim-
inants,supportvectormachinesandGaussiammixture models,
for example[79-81]. An alternatve popularapproachusesa
cascadeof weak classi ers instead,that are trained using the
AdaBoosttechniqueand operateon local appearancéeatures
within theseregions[82]. Notice thatif color informationis
available, certainimageregions that do not containsufcient
numberof skin-tonelike pixels can be eliminated from the
searcH79].

Oncefacedetections successfulsimilartechniqueganbe
usedin a hierarchicalmannerto detecta numberof interesting
facial featuressuchasthe mouth corners,eyes, nostrils, chin,
etc. The prior knowledgeof their relative positionon the face
cansimplify thesearchtask. Suchfeaturesareneededo deter
mine the mouthregion-of-interes{ROI) andhelpto normalize
it by providing head-posénformation. Additional lighting nor-
malizationis oftenappliedto the ROl beforeappearance-based
featureextraction(seealsoFig. 2a).

Oncethe ROI is located,a numberof algorithmscan be
usedto obtainlip contourestimates. Somepopularmethods
for this task are snales[84], templateg85], and active shape
and appearancenodels[86]. A snale is an elasticcurve rep-
resentedy a setof control points,andit is usedto detectim-
portantvisual features suchaslines, edges,or contours. The
snale controlpointcoordinatesreiteratively updatedcorverg-
ing towardsa minimum of the enegy function, de ned on ba-
sisof curve smoothnessonstraintsaanda matchingcriterionto
desiredfeaturesof the image[84]. Templatesare parametric
curnvesthatare tted to the desiredshapeby minimizing anen-
ergy function,de ned similarly to snales.Examplesof lip con-
tour estimationusing a gradientvector eld (GVF) snalke and
two parabolictemplatesaredepictedn Fig. 2b [40].

In contrastactive shapemodels(ASMs) arestatisticaimod-
els obtained by performing a principal componentanalysis



(PCA) on vectorscontainingthe coordinatesof a training set
of pointsthatlie onthe shape®f interest,suchasthelip inner
andoutercontourgseealsoFig. 2c). Suchvectorsareprojected
onto a lower dimensionalspacede ned by the eigervectors
that correspondo the largestPCA eigervalues, representing
the axes of genuineshapevariation. Active appearancenod-
els (AAMs) arean extensionto ASMs that, in additionto the
shape-basenhodel,usetwo morePCAs: The rst captureshe
appearanceariationof theregionaroundthe desiredshapgfor
example,of vectorsof imagepixel intensitieswithin the face
contoursasshowvnin Fig. 2d),whereaghe nal PCAis built on
concatenatedeightedvectorsof theshapeandappearanceep-
resentationsAAMs thusremove the redundang dueto shape
andappearanceorrelation,andthey createa singlemodelthat
compactlydescribesshapeand the correspondingappearance
deformation ASMs andAAMs canbe usedfor trackinglips or
othershapesy meansof the algorithmproposedn [86]. The
techniqueassumeshat, given small perturbationgrom the ac-
tual t of themodelto atargetimage alinearrelationshipexists
betweerthe differencein the modelprojectionandimageand
therequiredupdatedo the modelparametersFitting the mod-
elsto theimagedatacanbedoneiteratively, asin [29], or by the
downhill simplex method,asin [31]. Examplesof lip andface
contourestimationby meansof ASMs andAAMs aredepicted
in Figs.2c,d,respectiely.

2.2 Visual Features

In the appearance-basegproacho visual featureextraction,
the pixel-value based,low-level representatiorof the mouth
ROl is consideredasinformative for speechreadingsuchROI
is extractedby thealgorithmsdiscusse@bove,andis typically a
rectanglecontainingthe mouth, possiblyincluding larger parts
of thelowerface,suchasthejaw andcheekq44], or couldeven
betheentireface[29] (seealsoFigs.2a,d). Sometimesit is ex-
tendedinto a three-dimensionalectangle containingadjacent
frame ROIs, in an effort to capturedynamicspeechinforma-
tion [24]. Alternatively, the ROl cancorrespondo a numberof
imagepro les vertical to the estimatedip contourasin [31],
or bejust adiscaroundthe mouthcenter[23]. By concatenat-
ing the ROI pixel values,a featurevector s obtainedthatis
expectedo containmostvisualspeechnformation(seeFig. 3).
Typically, hawever, the dimensionality of the ROI vector
becomegprohibitively large for successfustatisticalmodel-
ing of the classef interest,suchassub-phoneticlassesiia
hiddenMarkov modelsfor audio-visualASR [87]. For exam-
ple, in the caseof a 64 64 pixel greyscaleROlI, 4096.
Therefore,appropriate lower-dimensionaltransformationsof
areusedasfeaturesnstead.n generala -dimensional

linear transformmatrix  is sought,suchthatthe transformed
datavector containsmost speechreadinghforma-
tion in its elements(see also Fig. 3). Matrix

is typically borrowed from the image compressionand pat-
tern classi cation literatures,andis often obtainedbasedon a
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FIGURE 3. VariousvisualspeecHeaturerepresentatioapproachediscussed
in this section:appearance-basédpper)andshape-basefdatureglower) that
may utilize lip geometryparametricor statisticallip models.

numberof training ROI vectors. Examplesof suchtransforms
arethe PCA, alsoknown as“eigenlips”, usedin the literature
for speechreadin§R2-24,31], visual TTS [54], and spealer

recognition[69], the discretecosinetransform(DCT) [23-26],

the discretewavelettransform(DWT) [24], linear discriminant
analysis(LDA) [44,70], and the maximum likelihood linear
transform(MLLT) [44,72]. Often,suchtransformsareapplied
in a cascad¢44,70]. Noticethatsomeareamenabldo fastal-

gorithmicimplementationsCoupledwith thefactthata crude
ROI extractioncanbeachievedby utilizing computationallyin-

expensve facedetectionalgorithms,appearance-baséebtures
allow visual speechrepresentatioin realtime [46]. Their per

formancehowever degradeaunderintensehead-posandlight-

ing variations[46].

In contrastto appearance-basdéatures high-level shape-
basedeatureextractionassumeshatmostspeechreadinigfor-
mationis containedn the shape(inner and outercontours)of
thespealerlips, or moregenerallyin thefacecontourqd29]. As
a result,suchfeaturesachieve a compactrepresentatiomwf vi-
sualspeectusinglow-dimensionakectors,andareinvariantto
headposeandlighting. However, in orderto ensuregoodper
formance,their extraction requiresrobust lip-tracking, which
often provesdif cult andcomputationallyintensive in realistic
scenarios.

In general,high-level visual featuresare divided into geo-
metricandmodel-basedseealsoFig. 3). Theformerrepresent
featuresthat are meaningfulto humansand canbe readily ex-
tractedfrom thelip innerandoutercontours suchasthe height,
width, perimeter and areawithin the contour Suchfeatures
containsigni cant visual speechinformation, and have been
successfullyusedin speechreadinfg2-38], visual speectsyn-
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FIGURE 4. The facial animationcontrol points supportedby the MPEG-4
video representatiorstandard88]. Facial animationparametergFAPSs) de-
scribethe movementof 68 of thesecontrol points. Thereexist ten FAP groups,
with groups8, 2, 6, and5 beingof interestin shape-basedsualspeecteature
extraction[40,52,73].

thesis[5, 54], and spealer recognition[38]. Additional visual

featurescanbederivedfrom thelip contourssuchaslip image
momentsandlip contourFourierdescriptorsthatareinvariant
to af ne imagetransformationg24,36]. Alternatively, high-

level visual featurescanbe model-basedtypically obtainedin

conjunctionwith oneof theparametricr statisticalip-tracking
algorithmsdiscusseckarlierin Section2.1. In the parametric
approachthe templateparametershattrack thelips, or in the
samemannerthetrackingsnale's control pointsor radial vec-
tors,canbedirectlyemployedasvisualspeecHeature§30,41].

Similarly, ASMs canbe usedasvisualfeatureshy applyingthe
modelPCA onthevectorof pointcoordinate®f thetrackedlip

contour[31,68].

In a related,recentlyintroducedapproach40], a standard
parametrizatiorof the outerlip contourby meansof a subset
of facial animationparametergFAPS) [88] is usedto provide
visual speechfeatures. FAPs describefacial movement,and

are usedin the MPEG-4 audio-visualobject-basedideo rep-
resentatiorstandardo control facial animation,togetherwith
the so-calledfacial de nition parametershatdescribethe face
shape. Thereexist 68 FAPs, dividedinto ten groups,depend-
ing onthe particularregion of thefacethatthey arelocated(see
alsoFig. 4). Of particularinterestto visual speechapplications
arethe “group 8" parametersywhich describeouterlip contour
movement[40]. Additional speechinformationis containedn
“group 2" parametershat correspondo innerlip andjaw mo-
tion, “group 6” onesthat describethe tongue,andlessso, in
cheekmovementcapturedby “group 5” FAPs.

Clearly, appearanceand shape-basedisual featuresare
quitedifferentin nature codinglow- andhigh-levelinformation
aboutthe spealer's faceandlip movements.Not surprisingly
combinationsof featuresfrom both cateyorieshave beensug-
gestedn theliterature.In mostcasesfeaturesof eachtypeare
justconcatenated@sin [30,31], wherePCAappearancteatures
arecombinedwith snale-basedeaturesor ASMs, respecitiely.
A differentapproacho combiningthe two classesf features
is to createa singlemodelof faceshapeandappearancesing
the AAM [86], discussedtarlier The nal modelPCA canbe
appliedonthevectorof thetrackedshapeandits corresponding
appearanceepresentationsn orderto provide a setof visual
featureq29]. Finally, it is interestingto notethatfeaturefrom
both categoriescanbe usedin a hierarchicalmanner For ex-
ample,in the visual text-to-speectsynthesisreportedin [54],
visual unit selectionoccurson the basisof the appearanceep-
resentatiorof candidatemouthshapeswithin a setdetermined
by their geometricshapdeatureqseealsoSection5.3).

In typical speech-basdadCl, visualfeaturesareusedn con-
junction with audiofeaturesobtainedfrom the acousticwave-
form. Such features,for example, could be mel-frequeng
cepstralcoefcients (MFCCs)or linear predictioncoefcients
(LPCs),and are mostly extractedat a 100 Hz rate[1, 87]. In
contrastyisual featuresare generatedt the muchlower video
frameor eld rate. They canhowever be easilypost-processed
(up-sampledpy linearinterpolationin orderto achieve audio-
visual featuresynchroty at the audio rate, and thus simplify
audio-visualntegrationasdiscussedn Section3 [44]. In addi-
tion to interpolation,a numberof visualfeaturepost-processing
methodsplay a critical role in enhancingthe performanceof
visual speechprocessingsystems. The mostimportantsuch
techniquegoncerrcapturingthevisualspeectdynamics.Simi-
larly to audio-onlysystemsthis canbeachiezedby augmenting
the“static” (frame-basedyisualfeaturevectorby its rst- and
second-ordederivatives,which arecomputedverashorttem-
poralwindow centeredat the currentvideo frame[87]. Alter-
natively, a“dynamic” featurevectorcanbe obtainecby training
anLDA matrix to projectthe concatenatiomf neighboringvi-
sualfeaturevectorsonto alower-dimensionakpacdg44]. LDA
canalsobefollowedby afeaturespaceotationmatrix (MLLT)
to improve statisticalmodelingof the extractedfeatures[44].
Mean normalizationof the visual featurevectorcanalsocon-
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FIGURE 5. Two implementationsf visualfeatureextraction,depictedschematicallyn parallelwith theaudiofront end,asusedfor audio-visualASR experiments
in thischapter:(a) Theappearance-baseualfront endsystenof IBM Researchalsoemplg/edfor bimodalspealer recognition[72] andaudioenhancemenrji 9];
(b) The shape-baseslystemof Northwesterrniversity [40], alsousedfor speech-to-videsynthesi§52] andaudio-visuakpealker recognition[73].

tribute to improved performance by reducingvariability due
to illumination, for example. Finally, featureselectionwithin

a largerpool of candidatdeaturescanalsobe considerechsa
form of post-processing? caseof suchselectiorfor automatic
speechreadingppearsn [37].

In summaryanumberof approacheareviablefor extract-
ing andrepresentingisual speechinformation. Unfortunately
however, limited only work existsin the literaturein compar
ing their relative performance.Most suchcomparisonsarein
the context of automaticspeechreadingndaudio-visualASR,
wherefeatureswithin the samecategory (appearancesr shape-
based)are usually investigated23, 24,27,29,37]. Occasion-
ally, featuresacrosscategoriesarecomparedput in mostcases
with inconclusve results[24,29,30,45]. Thus,the questionof
what are the most appropriatevisual speechfeaturesthat are
sufciently spealerindependentind robustto visual erviron-
ment and head-posevariation, remainsto a large extent un-
resohed. Neverthelessas the resultsin subsequensections
demonstratethe speci ¢c implementation®f both appearance-
andshape-basesystemswhich areconsideredn this chapter
andreviewednext, sufce to bene t anumberof speech-related
HCI technologiesunder somavhat constrainedvisual condi-
tions. In practice factorssuchascomputationatequirements,
video quality, andthe visual environmentcould determinethe
mostsuitableapproachn a particularapplication.

2.3 Two Visual Feature Extraction Systems

In this chapter we will be further consideringtwo particu-
lar implementation®f visual featureextraction, whenreport-
ing audio-visualspeechprocessingresults. The rst is the
appearance-bassgstemdevelopedat|IBM ResearchThesys-
temis depictedn Fig. 5a,in parallelwith its complementarau-
dio processingnodule,asusedfor providing time-synchronous

bimodalfeaturevectorsfor audio-visualASR [44]. With minor
modi cations, it is alsousedfor audio-visualspealer recogni-
tion [72] andnoisy audiofeatureenhancemerdssistedy the
visualobsenations[19]. Giventhevideo of the spealer's face,
the system rst detectsthe faceand 26 facial landmarkpoints
usingthestatisticakrackingalgorithmof [79], thusallowing the
extractionof anormalized64 64-pixel greyscaleROI (seealso
Fig. 2a). A two-dimensionalseparableDCT is subsequently
appliedontheROI vector andthetop 100coefcients (in terms
of enegy) are retained. The featurevector dimensionalityis
furtherreducedo 30 by meanof anintra-frameLDA / MLLT.
Following someof the post-processingtepsdiscusse@bove, a
41-dimensionatlynamicvisual speechvector is extracted
at eachtime instant ata 100 Hz rate, synchronizedvith 60-
dimensionaMFCC-basedhudiofeatures

The secondsystem,developedat NorthwesternUniversity
(NWU), is shape-basednd usesa setof FAPs [88] asvisual
features(seeFig. 5b). The systemrst employs a templateto
track the spealer's nostrils, thus determiningthe approximate
mouthlocation. Subsequentlythe outerlip contouris tracked
usingacombinatiorof aGVF andaparabolicemplatgseealso
Fig. 2b). Following theouterlip contourdetectionandtracking,
ten FAPs describingthe outerlip shape(“group 8” FAPs[88])
areextractedfrom theresultinglip contour(seealsoFigs.3 and
4). Theseareplacedinto afeaturevectorwhichis subsequently
projectedby meansof PCA onto a 2-dimensionakpace[40].
The resultingvisual featuresare augmenteddy their rst and
secondderivativesproviding an 6-dimensionablynamicvisual
speechvector . Thesefeaturesareinterpolatedo the 90 Hz
framerateof 39-dimensionalMFCC-basedwdiofeature487].
The combinedfeaturesare usedfor a numberof audio-visual
speechapplicationssuch as ASR, speech-to-videsynthesis,
andspealer-recognition[40,52,73].



3 Audio-Visual Information Fusion

The secondcritical issuein the designof audio-visualspeech
processingsystemds the integrationof the available modality
representationdn orderto justify thecompleity andcostof in-
corporatingthe visualmodalityinto HCI, integrationstratgies
shouldensurethat the performanceof the multimodal system
exceedsthat of its single-modalitycounterpart,hopefully by
a signi cant amount. For example,onewould expectthat the
transcriptionaccuray of an audio-visualASR systemgreatly
surpasseshat of the audio-only system,especiallyin noisy
ervironments,or that audio-visualTTS is perceved as more
friendly, intelligible, and naturalthan a syntheticvoice-only
systemin subjectve evaluationtests.In this sectionwe review
themainconceptandtechniqueshatareessentiato successful
audio-visualntegrationin speech-basedClI.

In this chapter we are interestedin a numberof diverse
bimodal technologieswith main emphasison ASR, text-to-
speech,and spealer recognition. Clearly, the characteristics
andrequirement®f eachtechnologydiffer signi cantly, there-
fore it is naturalthat,amongthem,so do the modality integra-
tion methods. Neverthelessa numberof themesare similar
in at leastsomeof the technologiesthus allowing a common
framework in their review. For example,centralto ASR, text-
to-speechand text-dependenspealer recognitionalgorithms
is the notion of speectclassesinderlyingthe acousticand vi-
sual representationsOf course,differenttypesof classesare
requiredfor a numberof otheraudio-visualapplicationssuch
as the generalspealer recognition problem, emotion detec-
tion, audio-visualocalization,etc. The secondcommontheme
acrosghetechnologie®f interestis theissueof combiningthe
acousticandvisualfeaturestreamsisingclassi ersdesignedo
outperformtheir single-modalitycounterparts.The choice of
classi ers and algorithmsfor featureand classi er fusion are
clearly centralto the designof audio-visualASR andspealer
recognitionsystemsamongothers. Finally, techniquedor ex-
ploiting thecorrelationbetweerthetwo signalsarealsoof inter-
est,andin this chapterareconsideredn the context of speech-
to-videosynthesisdiscussedh Section5.4.

3.1 SpeechClassedn Audio-Visual Integration

The basicunit thatdescribeshow speectcorveys linguistic in-
formationis the phoneme.For AmericanEnglish, there exist
approximately42 suchunits [89], generatedyy speci ¢ posi-
tions or movementsof the vocal tract articulators. However,
sinceonly a small part of the vocal tract is visible, not every
phonemepair can be disambiguatedy the video information
alone. The numberof visually distinguishableunits is there-
fore much smaller Suchunits are referredto as visemesin
the audio-visualspeechprocessingand humanperceptionlit-
eraturegf9,10,16].

Importantly visemescapture“place” of articulationinfor-
mation[14,16], i.e., they describewherethe constrictionoc-

TABLE 1. A 42 phonemeo 12 visememappingof theHTK phoneset[87].

Visemeclass Phonemesn cluster
/aol,lah/,laal,lerl,loyl, [awl, Ihh/
Lip-rounding luwl/, luh/,/ow/
basedvowels lael,lehl,leyl, lay/

fin/, fiyl, lax/
N, lell,Irl, Iyl
Isl,lz/

Alveolarsemiowels
Alveolarfricatives

Alveolar i, 1dl, Inl, len/
Palato-aheolar Ishi,/zhl,Ichl,ljh/
Bilabial Ipl, Ibl, Im/
Dental ith/, Idh/
Labio-dental Ifl, v/

Velar Ingl, /Kl Ig/, Iwl

cursin themouth,andhow mouthparts,suchasthelips, teeth,
tongue andpalatemoveduringspeectarticulation.As aresult,
mary consonanphonemesvith identical“manner”of articula-
tion, which arethereforedif cult to distinguishbasednacous-
tic informationalone,maydiffer in theplaceof articulation,and
thusbe visually identi able; for example,thetwo nasaldm/ (a

bilabial)and/n/ (analveolar).In contrastphonemegm/ and/p/

areeasierto perceve acousticallythanvisually, sincethey are
bothbilabial, but differ in themannerof articulation,instead.

Variousmappingsbetweenphonemesand visemescan be
foundin theliterature. In generalthey arederived by human
speechreadingtudies put they canalsobegeneratedisingsta-
tistical clusteringtechniqueg37]. Thereis no universalagree-
mentaboutthe exact groupingof phonemesnto visemes,al-
thoughsomeclustersarewell-de ned; for example thebilabial
group /p/,/bl,Im/ . All itsthreememberarearticulatedatthe
sameplace(lips), thusappearingisuallythesame A particular
phoneme-to-visemgroupingis depictedn Tablel [44].

In audio-onlyspeectapplicationsthesetof classe®f inter-
estin technologiesuchasASR, text-dependenspealer recog-
nition, and TTS mostoften consistof sub-phonetianits. Such
classesare designedby clusteringthe possiblephoneticcon-
texts (tri-phones,for example)by meansof a decisiontree,to
allow coarticulatiormodeling[87,89]. Occasionallysub-word
units areemployedin speci ¢, small-vocahulary tasks. Natu-
rally thereforejn visualspeechapplicationsonecouldconsider
visemic sub-phoneticclasses,obtainedfor example by deci-
sion tree clusteringbasedon visemiccontet. Indeed,visemic
classeshave beenoccasionallyusedin ASR [32,43], and of
courseplay a centralrole in visual synthesisystemgseeSec-
tion 5). However, the useof differentclassedor the audioand
visual componentzomplicatesaudio-visualintegration, espe-
cially in ASR andtext-dependenspealer-recognition.For such



applicationsjdenticalclassesreusedfor both speechmodali-
ties,mostoftensub-phoneticlasses.

3.2 Classiers in SpeechApplications

In typical speechtechnologiesdiscussedn this chaptey the
classe®f interestarehidden.We denotesuchunknown classes
by . For example,in thecaseof ASR, representasetof
sub-phonetior sub-word units,asdiscussedbove. Classi ca-
tion of a sequencef suchunitsgivesriseto recognizedvords,
basedon a phoneticdictionary for the ASR task vocalulary.
In the synthesissystemaliscussedn Section5, set cancon-
tain all candidateconcatenatie units,or describea setof quan-
tizedrepresentationsf thesignalto besynthesizedFor spealer
identi cation, correspondso theenrolledsubjectpopulation,
possiblyaugmentedy a classdenotingthe unknonvn subject,
whereador authentication, reducego atwo-memberset. In
the particularcaseof text-dependenspealer recognition, can
be consideredasthe productspacebetweerthe setof spealers
andthe setof phonetichasedunits.

Thehiddenclassesreobseredonly throughthesignalrep-
resentationnamelya seriesof extractedfeaturevectors. We
denotesuchvectorsby , andtheirsequenceveraninterval

by , Where denoteghe available
modality;for example , inthespealerrecognition
systemof [74], thatis basedon audio, visual-labial,andface-
appearancaput.

A numberof methodscanthen be usedto model the as-
sociationbetweenthe unknowvn classesand the obsened fea-
ture vectors.Most suchapproachearestatisticalin natureand
provide a conditional probability measureor or

; for example,arti cial neuralnetworks (ANNS),
used for automatic speechreadingn [22, 23, 33] and vi-
sual speechsynthesisin [51, 61], or supportvector machines
(SVMs), asin [43]. Alternatively, the spaceof possibleob-
senation vectorsis discretizedthroughthe processof vector
guantization(VQ), asin [39,62]. Then,the statisticalmodel
providesconditionalprobabilitiesof theform ,
where belongsto adiscretesetof codebooks.

In mostpracticalcaseshough,a Gaussiammixture density
is assumednamely

1)

resultingin the Gaussiarmixture model (GMM) classi er. In
(Q), denoteghe numberof mixture weights , which
arepositive andaddto one,and representamulti-
variatenormaldistributionwith mean  andacovariancema-
trix , typically consideredhsdiagonal. Emissionprobability
model(1) is thereforedescribey parametewector

(@)

for aparticularmodality .

This modelis sufcient to addresproblemswhereasingle
underlyingclass is assumedo generatéheentireobsenation
sequence , andconditionalindependencef theobsenations
holds. Thisis the casein mosttext-independenspealer recog-
nition systemsfor example.Themodelthenallows maximum-
a-posterioriestimationof theunknaown class,as

(3)

where denotegheclassprior.

Model (3) is however inappropriatefor applicationswhere
a temporalsequencef interactingstatesis assumedo gener
ate the seriesof obsenations,asis the casein ASR, speech
synthesisandtext-dependenspealer recognition. There,hid-
den Markov models(HMMs) are widely used. In generating
the obsened sequenceén modality , the HMM assumesa
sequencef hiddenstatessampledaccordingto the transition
probability parametewnector .
Thestatesubsequentl{emit” theobsenedfeatureswith class-
conditionalprobabilitygivenby (1). TheHMM parametewvec-
tor is typically estimatedteratively, usingthe
expectation-maximizatio(EM) algorithm[87,89], as

4)

In (4), consistof all featurevectorsin thetraining set,and
representshe EM algorithm auxiliary function, de-
ned asin [89]. Alternatively, discriminatie training methods

canbe used[89]. Oncethe model parametersre estimated,
HMMs canbeusedto obtainthehiddenclasse®f interestalso

known asthe “optimal statesequence” , given
anobsenationsequence  overintenal ; namely

5)
where

(6)

In practice the Viterbi algorithmis usedfor solving (5), based
on dynamicprogramming87,89].

3.3 Feature and Classi er Fusion

The above presentationassumesthat only one obsenation

stream, , is provided. In practicalaudio-visualspeechap-

plicationsthough, multiple streamsare available, which result
in multimodal obsenations , assuming
time-synchronoustreamfeaturerepresentationdpr example,
in the caseof audio-visualASR, . As al-

readymentionedjntegratingsuchmultimodalinformationinto

systemghatoutperforntheir single-modalitycounterpartgon-

stitutesa majorfocusof audio-visuakpeectresearch.
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FIGURE 6. Block diagramsof the (a) featurefusion and(b) decisionfusion
approacheto audio-visuaintegration.

Indeed, various information fusion algorithmshave been
consideredn theliterature,differing bothin their basicdesign,
aswell asin theterminologyused[8, 21,35,44,47]. In this pa-
per, we adopta broadgroupingof suchtechniquesnto feature
fusion and decisionfusion methods[44]. The rst are based
on training a singleclassi er on the multimodalfeaturevector

, Or on ary appropriatetransformatiorof it [34,35,44]. In
contrastdecisionfusionalgorithmsutilize eachsingle-modality
classi er output to jointly estimatethe hidden classesof in-
terest. Typically, this is achieved by linearly combiningthe
class-conditionabbsenation log-likelihoodsof the individual
classi ers into a joint audio-visualclassi cation score, using
appropriateweightsthat capturethe reliability of eachsingle-
modality classi er, or datastream[21,28,31-33]. Thetwo ap-
proachesreschematicallydepictedn Fig. 6, in the caseof one
obsenation streamavailable for eachof the audio and visual
modalities.

Audio-visualfeaturefusiontechniquesncludeplainfeature
concatenatiofi34], featureweighting[35,47], bothalsoknown
asdirectidenti cation fusion [35], aswell asthe “dominant”
and “motor” recordingfusion [35]. The latter seeka data-to-
datamappingof eitherthe visualfeaturesnto the audiospace,
or of bothmodality featuresto a nev commonspacefollowed
by linear combinationof the resultingfeatures.Audio feature
enhancemerntn thebasisof audio-visuafeatureqfor example,
usingregressionasin [18]) alsofalls within this category of fu-
sion. Anotherinterestingeaturefusiontechniqueproposedor
audio-visuaASRin [44], seeksadiscriminantprojectionof the
concatenatedbimodal vector onto a lower-dimensional
spacefor improved statisticalmodeling. The projectedvector

is modeledusingthe single-streanHMM of
(1) and(6), where is a cascadef anLDA projectionand
MLLT rotation(seealsoSection2.3).

Althoughmary featurefusiontechniquesesultin improved
systemperformancg44], they cannotexplicitly modelthereli-
ability of eachmodality. Suchmodelingis extremelyimportant,
dueto thevarying speectinformationcontentof theaudioand
visual streams. The decisionfusion framework, on the other

hand,providesa mechanisnior capturingthesereliabilities, by
borraving from classi er combinationtheory anactive areaof
researctwith mary applicationqd90].

Variousclassi ercombinatiortechniquehave beenconsid-
eredfor audio-visualspeechapplicationsjncluding for exam-
ple a cascadef fusionmodules someof which possiblyusing
only rank-orderclassi er informationaboutthe hiddenclasses
of interest[20,32]. However, by far the mostcommonlyused
decisionfusion techniquedelongto the paradigmof classi er
combinatiornusinga parallelarchitectureadaptve combination
weights,andclassscorelevel information. Thesemethodsde-
rive themostlikely hiddenclassby linearly combiningthelog-
likelihoodsof thesingle-modalityclassi er decisionsusingap-
propriateweights[28,31,34-36]. This correspond$o theadap-
tive productrule in the likelihooddomain[90], andit is also
known asthe separatédenti cation modelfor audio-visualfu-
sion[32,35].

In the mostcommonapplicationof this approacho audio-
visual speechsystemsthe combinationoccursat the obsena-
tion framelevel, resultingin the multimodalclass-conditional

(7)

for all hiddenclasses . Notice that (7) doesnot repre-
senta probability distribution in generalandshouldbe viewed
asa “score”, whenusedin conjunctionwith (3) and (5). In
), denotethe streamexponentgweights),thatarenon-
negative,andmodelstreanreliability asa functionof modality
, State , and utteranceframe (time) . Thesearetypically
constrainedo sumto oneor , andare often setto global,
modality-onlydependentalues, ,forall and .

Joint model (7) canbe used,for example,in audio-visual
spealer recognitionin conjunctionwith the GMM of (1) and
(3), asin [72,73], aswell asfor audio-visualASR [25,28,31],
resultingin the so-calledmulti-streamHMM (seealso(1) and
(6)). Noticethat(7) alsoprovidesa framework to incorporate
featurefusion; for example,in [44], the discriminantfeature
vector is usedas one of two or threestreamsfor audio-
visual ASR togetherwith audio and possiblyvisual features.
Theapproachs referredto as“hybrid” fusion.

Training the parametersof (7) requiresadditional steps,
comparedo (4). For example,in the particularcaseof two ob-
senationstreamgaudioandvisual),eachmodeledby a single-
streamHMM classi er with identicalsetof classesthe multi-
streamHMM parameterectorbecomegseealso(1), (2), and

(7))

This consistsof the HMM transitionprobabilities ~ andthe
emissionprobabilityparameters and  of its single-stream
componentsTheparametersf canbeestimatedeparately
for eachstreamcomponentusing the EM algorithm, namely
(4) for , andsubsequentlyby possiblysettingthe joint
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FIGURE 7. (a) Phone-synchronousvo-streamHMM with three statesper
phoneandmodality (b) Its equivalentproductHMM; the single-streanemis-
sionprobabilitiesaretied for statesalongthe samerow (column)to the corre-
spondingaudio(visual) stateprobabilitiesof form (1).
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HMM transitionprobability vectorequalto the audio-onej.e.,
. Thealternatveis to jointly estimateparameters

in orderto enforcestatesynchroly in training. In the latter

schemethe EM basedparametere-estimatiorbecomeg$87]

(seealso(4)). Thetwo approacheshusdiffer in the E-stepof
the EM algorithm. In both separateandjoint HMM training,
in additionto , thestreamexponents and needto be
obtained. This canbe performedusingdiscriminatie training
methods,simple parameteisearchon a grid, or mappingsof
signalquality measure$o exponentvalues[25,28,33-35,44].

Finally, of particularinteresto audio-visuaASRis thelevel
at which the streamlog-likelihoodsare combined. The useof
HMMs allows likelihoodrecombinatiorat a coarseilevel than
the HMM state,for exampleat the phoneor word boundary
Productor coupledHMMs aretypically employedfor thetask,
asin [26,31,44]. Suchmodelsallow state-le@el asynchrog
betweerthe acousticandvisual obsenationswithin the phone
or word, forcing their synchroty at the unit boundariesnstead.
ProductHMMs consistof compositeaudio-visuaktatesasde-
pictedin Fig. 7, thusresultingin amuchlargerstatespacecom-
paredto multi-streammodelsfusedat the statelevel, asin (7).
To avoid undertraining the single-streamemissionprobability
component®f the obsenationclass-conditionalaretied along
identicalvisualandaudiostategseealsoFig. 7).

Audio and visual recognitionlog-likelihoodscan also be
combinedattheutterancdevel. Thisapproactcaneasilybeap-
plied on small-vocahlulary tasks,wherelik elihoodscanbe cal-
culatedfor eachword, basedon the acousticandvisual obser
vations.However, the numberof possiblehypothesesn large-
vocahulary and continuousspeechrecognitiontasksbecomes
prohibitively large. In suchcasesrecombinatioris usuallylim-
itedto -besthypothesesgenerateckitherby the audio-only
systemor obtainedasthe union of audio-andvisual-only -
besthypothesesThesearethenrescoredy combiningthelog-
likelihoodsgeneratedisingaudioandvisual HMMs [34, 36].
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FIGURE 8. Block diagramof anaudio-visualASR system.

4 Audio-Visual Automatic Speech
Recognition

As discussedn the Introduction, visual speechplays an im-
portantrole in humanspeechperceptionjmproving speechn-
telligibility especiallyin noise[9-11]. A numberof reasons
were cited there,the mostimportantbeingthe fact that visual
speechinformation containsboth correlatedand complemen-
tary informationto the acousticsignal. Not surprisingly such
information canbe bene cial to automaticspeechrecognition
aswell. Incorporatingvisual speechinformationinto ASR is
generallyviewed as a very promisingapproachfor improving
speeclrecognitionrobustnesgo noise[1, 2], andbridging the
gapbetweerhumanandautomaticperformancd3]. Naturally
therefore signi cant researchhasrecentlyfocusedn this area.

In 1984, Petajan20] developedthe rst audio-visualASR
system. He usedimagethresholdingto obtain binary mouth
imagedrom theinputvideo,whichweresubsequentlgnalyzed
to derive mouthheight,width, perimeterandareato beusedas
visual featuresin speechrecognition.He rst reportedvisual-
only speeclrecognitionresultsof isolatedwordswithin a 100-
wordvocahulary, usingdynamictime warping[89]. In addition,
he combinedthe acousticand visual speechrecognizersn a
serialfashionto improve ASR performanceThevisualspeech
systemwas usedto rescoreseveral -bestword hypotheses,
asobtainedby audio-onlyASR, in orderto generatehe nal
bimodalrecognitionresult.

A numberof researcherbave developedaudio-visualASR
systemssince[20-47]. Theirsystemsaryin anumberof areas,
which have beendiscussedh detailin Section® and3. In sum-
mary, variationscanbe foundin: the visual front enddesign,
with someworks adoptingappearance-basdédature§22-31],
whereasotherresearchersonsideringshape-basetechniques
[30-39], or evencombinationsof the two approachef29-31];
thechoiceof classesisedin therecognitionprocessfor exam-
ple sub-phonetid¢29,40,44], sub-word [28,31,34], or viseme-
based32,43]; theemployedrecognitiormethod suchasANNs
[22,23,33], SVMs [43], simpleweighteddistancesusedwith
VQ [20], and HMMs with variousemissionprobability mod-
els [29, 31,36,39,44]; and nally, the approachof integrat-
ing theaudioandvisualobsenationstreamsgenerallygrouped



FIGURE 9. Exampleframesfrom the four IBM audio-visualASR corpora
discussedh Sectionst.1and4.2. Top-to-bottom:Full-facedatacollectedn the
studio-like, of ce, andcarervironments;Bottomline: ROI-only datacaptured
by a speciallydesignecheadsef46].

into featurefusion [34, 35,44,47] and decisionfusion meth-

ods [25, 26,28,31-36]. Overall, the reportedbimodal sys-

temsshaowv improvedperformanceomparedo audio-onlyASR

for the recognitiontasksconsidered:Sucharetypically small-

vocahulary tasks,for exampleisolatedwords[31], connected
digits [28], or closed-sesentence§37], with large-vocalulary

tasksrecentlyreported40,44].

In the remainderof the section, we briey review cor
poracommonly usedfor audio-visualASR researchand we
presentexperimentalresultson someof them using the IBM
andNWU systemspreviously discussedn Section2.3. These
resultsclearly demonstratéhe bene t of incorporatingthe vi-
sualmodalityinto ASR.

4.1 Bimodal Corpora for ASR

In contrastto the abundanceof audio-onlycorpora,thereexist
only a few databasesuitablefor audio-visualASR research.
This is becausehe eld is relatively young, but also due to
the fact that audio-visualcorporapose additional challenges
concerningdatabasecollection, storage,distribution, and pri-
vagy. Most commonlyuseddatabases the literaturearethe
productof efforts by few university groupsor individual re-
searcherswith limited resources,and as a result, they con-
tain small numberof subjects,have relatively shortduration,
and mostly addresssimple recognitiontasks, such as small-
vocahulary ASR of isolatedor connectedvords[8, 21]. Ex-
amplesof suchpopulardatasetsn audio-visualASR research
arethe CUAVE corpuscontainingconnectedligit strings[36],
the AMP/CMU databasef 78 isolatedwords[47], the Tulips1
set of four isolateddigits [27], and the digit portion of the
(X)M2VTS corporamoreoftenusedn spealerrecognitionex-
perimentgseeSectiont). Additional datasetsxist thataresuit-

TABLE 2. Connected-digitecognitionon the four IBM databasesf Fig. 9
[46]. Audio-visual (AV) vs. audio-only (AU) word error rate (WER), %, is
depictedfor cleanandarti cially corrupteddatausingHMMs trainedon clean
data. The approximate relatve improvementdueto the visual modality is
alsoshavn for eachcondition(%), aswell asthevisual-only(VI) WER.

Clean Noisy
Database VI AU AV % | AU AV %
Studio 27.44|1 0.84 0.66 21| 2456 10.66 58
Of ce 43.33| 251 196 22| 2491 14.73 41
Car 68.75| 2.83 2.38 16| 25.89 16.22 37
Headset | 21.35| 1.33 0.94 29| 2523 7.92 69

able for recognitionof isolatednonsensavords consistingof
vowel-consonantombinationg34], connectedetter stringsin
English[28] andGerman[22,23], aswell ascontinuoudarge-
vocahulary speect37] (seealso[40,91]).

A numberof proprietarycorporahave alsobeenrecordedy
mary groups,includingrecentwork at IBM Researclj44,46].
There, a number of database$iave been collected contain-
ing large subjectspopulationg(50—290subjects) utteringboth
large-vocahulary speechand connected-digistrings[46]. The
corporahave beenrecordedn four differentaudio-visualcon-
ditions, in order to benchmarkthe performanceof the IBM
appearance-basadsual front end. Threeof the setscontain
frontal full-facevideos, and correspondo increasinglymore
challengingvisual domains: The rst wascollectedin a quiet
studio-like ervironment,usinga high-quality camerauniform
lighting and background,and relatively stablefrontal subject
headpose. The secondcorpuswas recordedusing a portable
collection systemon a laptop, with quarterframe resolution
video capturedvia an inexpensve web-camand audio by the
built-in PC microphone.The databaseubjectsweretypically
recordedn theirown of ces with varyinglighting, background,
and headpose. The third setwasrecordedin an automobile,
both stationaryand moving at approximately30 or 60 mph,
thatwasequippedwith a widebandmicrophoneanda lipstick-
style camera. Comparedto the previous two databasesthe
lighting, backgroundand headposevary signi cantly, there-
fore this databaseepresentshe mostchallengingset. Finally,
in orderto studythe bene ts of direct visual ROI capture,a
fourth setwasrecordedy meansof aspeciallydesignedudio-
visualwearableheadsetith aninfraredcamerahousednside
its boom. This device provideshigh-qualityvisual dataof the
mouthROI, beingrelatively insensitve to head-posandlight-
ing variations[46]. The video frame rate of all corporais 30
Hz, and— with the exceptionof the of ce data— theresolution
is 704 480pixels. Typical framesof all four setsaredepicted
in Fig. 9.
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FIGURE 10. Large-vocatulary, audio-visualASR resultsusingthe IBM (left) andNWU (right) systemsIn both casesaudio-onlyandaudio-visuaWER, %, are
depictedvs.audiochannelSNRfor HMMs trainedin matchechoiseconditions.Theeffective SNRgainsarealsoshavn with referenceo theaudio-onlyWER at 10
dB. Noticethatthe axesrangesn thetwo plotsdiffer. In moredetail: () In theIBM systemappearance-baseisualfeaturesarecombinedwith audiousingthree
differenttechniqguesReportedesutsareon the IBM, studio-qualitydatabas@44]. (b) In the NWU system shape-basedsualfeaturesusingouter, inneronly, or
bothlip-contourFAPs arecombinedwith audiofeatureshy meansf decisionfusion. Reportedesutsareon the Bernsteinlip-readingcorpus[91].

4.2 Experimental Results

We now proceedto experimentallydemonstratéhe bene t of
visual speechto ASR. In the rst setof experimentsthe IBM
appearance-basedidio-visualASR system(seealso Fig. 5a)
with two-streamHMM-baseddecisionfusionis appliedto the
four corporadepictedin Fig. 9. A numberof connected-digits
recognitionresultsarereportedin Table2 in termsof word er
ror rate (WER), %, usinga multi-spealer training-testingsce-
nario. In additionto visual-only recognition,audio-onlyand
audio-visualASR resultsare depictedfor two acousticcondi-
tions: The original recordedaudio, aswell asarti cially cor
ruptedaudioby non-stationanpabblespeechmoise. The noise
level variesperdatabasewyith theexperimentdesignedo result
in audio-onlyWER of about25%for all four corpora.In addi-
tion to theWER esultstheapproximateelative % reductionin
WER, achievedby incorporatingthevisualmodalityinto ASR,
is shawvn for bothacousticconditions.

Table2 demonstratesvo major points[46]: First, thatthe
ASR gainsdueto visualspeecharelarge,evenfor therelatively
cleanacousticconditionsof the original data.Suchbene tsbe-
comedramaticat high noiselevels,reachingfor examplearel-
ative 69% WER reductionfor the headsetlata. It is interesting
to notethatthesegainshold eventhoughthevisual-onlyperfor
mancds signi cantly worsethanaudio-onlyASR (for example,
15to 25timesworsein WER for the particulartasks).Second,
as the visual ervironmentbecomeamore challenging,due to
head-pos@andlighting variation,both visual-onlyperformance
andASR gainsdegrade. For example,the visual-onlyWER is

only 21.3%for theheadsetorpus but 68.7%in theautomobile
data. Clearly, underchallengingvisual conditions,the perfor
manceof appearance-lel visualfeaturessuffers.

The above obsenationscarry throughto large-vocahulary
ASR aswell. Thisis partially demonstrateth Fig. 10a,where
spealkerindependentlarge vocalulary ( 10k words) contin-
uous speechrecognitionresults are depictedfor the studio-
quality databaseisingthreefusiontechniquedor audio-visual
ASR over awide rangeof acousticsignal-to-noise-ratigSNR)
conditions. The bestresultsare obtainedby a hybrid fusion
approachthat usesthe two-streamHMM (AV-MS) frameawvork
to combineaudiofeatureswith fusedaudio-visualiscriminant
featureg(AV-Discr.), achieving for examplean 8 dB “effective
SNR” performancegainat 10 dB, asdepictedn Fig. 10a[44].

Similar conclusionsare reachedwhen using the NWU
audio-visualASR systemthatemploys shape-basedsual fea-
tures,obtainedby PCA on FAPsof the outerandinnerlip con-
tours [40, 45] (seealso Section2.2). A summaryof single-
spealer, large-vocalulary ( 1k words) recognitionexperi-
mentsusingthe Bernsteinlipreadingcorpus[91] is depictedin
Fig. 10b There,audio-onlyWER, %, is comparedo audio-
visual ASR performanceover a wide rangeof acousticSNR
conditions(0-30dB), obtainedby corruptingthe original sig-
nalwith white Gaussiamoise.It canbeclearlyseenin Fig. 10b
that considerabléASR improvementis achiezed, comparedo
theaudio-onlyperformancefor all noiselevelstestedwhenvi-
sualspeechinformationis utilized. Of particularinterestis to
comparesuchgainswhenusing FAPs extractedfrom theinner
andouterlips. Fig. 10bdemonstratethatinnerlip FAPs,when



usedas visual featuresdo not provide as much speechreading
informationasthe outerlip FAPs. However, whenbothinner
andouterlip FAPsareusedasvisualfeaturesthe performance
of theaudio-visualASR systemimprovesascomparedo when
only the outerlip FAPs areused[40]. Note thattheseresults
areconsistentvith investigationf innervs. outerlip geomet-
ric visualfeaturedor automaticspeechreading4].

5 Audio-Visual SpeechSynthesis

Audio-visual speechsynthesiss a topic at the intersectionof
a numberof areasincluding computergraphics,computervi-
sion, imageandvideo processingspeechprocessingphysiol-
ogy, and psychology Audio-visual speechsynthesissystems
automaticallygenerateeither voice andfacial animationfrom
arbitrarytext (audio-visualT TS, or visual TTS (VTTS)), or fa-
cial animationfrom arbitrary speech(speech-to-videsynthe-
sis). A view of ananimatedface,be it text- or speech-dsien,
cansigni cantly improveintelligibility of bothnaturalandsyn-
thetic speech especiallyundernon-idealacousticconditions.
Moreover, facial expressionandprosodicinformationcansig-
nal emotionsaddemphasiso speechandsupportdialoginter
action.

Audio-visualspeechsynthesissystemshave numerousap-
plications related to human communicationand perception,
including tools for the hearingimpaired, multimodal virtual
agent-basedserinterfaces(desktopassistantsemail messen-
gers, newscasters,online shoppingagents, etc.), computer
basedearning,net-gamingadertising,andentertainmenttor
example, facial animation generatedfrom telephonespeech
by a speech-to-videmsynthesissystemcould greatly bene t
the hearingimpaired, while an email servicethat transforms
text andemoticong(facial expressionsodedinto a certainse-
ries of keystrokes) from text into an animatedtalking face
could personalizeand improve the email experience. Audio-
visual speechsynthesiss also suitablefor wirelesscommuni-
cationapplications.Indeed,somefaceanimationtechnologies
have very low-bandwidthtransmissiorrequirementsutilizing
a small numberof animationcontrol parametersNew mobile
technologystandardsllow large-bandwidthmultimediaappli-
cations,thusenablingthe transmissiorof full syntheticvideo,
if desired.

Two critical topicsin the designandperformancef audio-
visual speecltsynthesisystemsare modelingthe speecthcoar
ticulation and the animationof the face. Variousapproaches
exist in the literaturefor addressingheseissues,andare pre-
sentedn detailin the next two sections Following their review,
VTTS andspeech-to-videgynthesisare discussedandevalu-
ationresultsof the visual speechsynthesisystemdevelopedat
NWU arepresented.

5.1 Coarticulation Modeling

Coarticulatiorrefersto changesn speecharticulation(acoustic
or visual) of the currentspeechsegment(phonemeor viseme)
due to neighboringspeech. In the visual domain, this phe-
nomenonarisesbecausehe visual articulatormovementsare
affectedby the neighboringvisemes. Addressingthis issueis

crucialto visual speectsynthesissince,in orderto achiese re-

alistic facial animation,the dynamicpropertiesandtiming of

the articulatory movementsneedto be proper A numberof

methodshave beensuggestedh theliteratureto modelcoartic-
ulation. In generalthey canbe classi ed into rule-basedand
data-basedpproachesandarereviewednext.

Techniquesin the rst category de ne rules to control
the visual articulatorsfor each speechsggment of interest,
which could be phonemes,bi-, or tri-phones. For exam-
ple, Lofquist proposedan “articulatory gesture” model [92].
He suggesteditilizing dominancefunctions, de ned for each
phonemewhichincreaseanddecreasever time duringarticu-
lation, in orderto modelthe in uence of the phonemeon the
movementof articulators. Dominancefunctions correspond-
ing to the neighboringphonemeswill overlap, therefore,ar-
ticulation at the currentphonemewill dependnot only on the
dominanceunctioncorrespondingo the currentphonemebut
alsoon the onesof the previous andfollowing phonemes.In
addition, it is proposedhat eachphonemehasa setof domi-
nancefunctions,onefor eacharticulator(lips, jaw, velum, lar-
ynx, tongue,etc.), becausehe effect of differentarticulators
on neighboringphonemess not the same. Dominancefunc-
tions correspondingo variousarticulatorsmay differ in offset,
duration,and magnitude. In [49], Cohenand Massaroimple-
mentedL dfqvist's gesturaltheory of speeclproduction,using
negative exponentiafunctionsasageneraform for dominance
functions. In their system,the movementof articulatorsthat
correspondo a particularphonemas obtainedby spatiallyand
temporallyblending (usingdominanceunctions)the effect of
all neighboringphonemesainderconsideration.In otherrule-
basecoarticulatiormodelingapproachefelachauatal. [56]
clusteredphonemesnto visemeswith differentdeformability
ranks,while Breenet al. [57] directly usedcontext in the units
employed for synthesis by utilizing static context-dependent
visemes. Overall, rule-basedmethodsallow for incremental
improvementsby re ning the articulationmodelsof particular
phonemesyhich canbe advantageou certainscenarios.

In contrastto rule-basedechniquesdata-baseaoarticu-
lation modelsare derived after training (optimizing) a hum-
ber of modelparametersn anavailableaudio-visualdatabase.
Varioussuchmodelshave beenconsideredor this purposein
the literature,for example ANNs and HMMs [51,52]. Data-
basedcoarticulationmodelscan alsobe obtainedusinga con-
catenatie approach[53, 54], where a databaseof video segy-
mentscorrespondingo contet-dependenvisemesis created
usingthephoneme-leel transcriptiorof atrainingaudio-visual
database.The main advantageof data-drven methodsis that



they cancapturesubtledetailsand patternsin the data,which
aregenerallydif cult to modelby rules. In addition,retraining
for a differentspealer or languagecan be automated.Several
approachedor generatingvisual speechparametergrom the
acousticspeectrepresentationisingdata-drven coarticulation
modelshave beeninvestigatedn theliterature[51-54].

5.2 Facial Animation

The faceis a comple structureconsistingof bones,muscles,
blood vesselsskin, cartilage,etc. Developinga facial anima-
tion systemis thereforeaninvolvedtask,requiringaframework
for describingthe geometricsurfacesof theface,its skin color,
texture,andanimationcapabilities.Severalcomputerfacialan-
imationsystemshave beenreportedn theliterature thatcanbe
classi ed asmodel-basedalsoknown asknowledge-basedyr
image-based.

In the model-basedacial animationapproach,a faceis
modeledasa 3D object,andits structureis controlledby a set
of parameters.The approachhasbecomepopulardueto the
MPEG-4facial animationstandard88], andit consistsof the
following threesteps: designingthe 3D facial model; digitiz-
ing a 3D mesh;andanimatingthe 3D meshto simulatefacial
movementslin the rst step,a3D modelthatcaptureghefacial
geometryis created. Most modelsdescribethe facial surface
usingapolygonalmesh(seealsoFig. 11a). This methodis fre-
guently useddueto its simplicity and availability of graphics
hardwarefor ef cient renderingof polygonsurfaces. The fa-
cial surfaceshouldnot be oversampledsincethat would lead
to computationallyexpensve facial animation. The polygons
mustalsobe laid outin away that permitsthe faceto e x and
changeshapenaturally In the secondstep,a digitized 3D fa-
cial meshis constructed.This is typically achiesed by obtain-
ing thesubjectsfacialgeometryusing3D photogrammetrpr a
3D scannerFinally, in thethird step,the 3D meshis animated
to simulatefacial movements.During animation,the facesur
faceis deformedby moving theverticesof the polygonalmesh,
keepingthe network topologyunchanged.

The motion of the verticesis driven by a set of control
parameters.Theseare mappedto vertex displacementbased
on interpolation,direct parameterizationpseudo-musculaite-
formation, or physiologicalsimulation. In the interpolation
approach,a numberof key frames,usually correspondingo
visemesandfacialexpressionsarede ned, andtheirvertex po-
sitionsarestored.Theframesin-betweerkey framesaregener
atedby interpolation,sinceall possiblelinear combinationsof
key framesarerepresentedly the controlparametespaceThe
mainadwantage®f this approacharesimplicity andits support
by commercialanimationpackages. However, the disadwan-
tageslie in the factthatfacial featuremotionis typically non-
linear, andthat the numberof achievablefacial expressionds
limited by thenumberof employedkey frames.In thedirectpa-
rameterizatiompproachbasicgeometriaransformationssuch
astranslation,rotation, and scaling, are usedto describever
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FIGURE 11. MPEG-4 compliantfacial animation: (a) depictsa polygonal
mesh[93]; (b,c) depictdetailedstructureof the mostexpressie faceregions;
(d,e) shav how the 3D surfaceis divided into areascorrespondingo feature
pointsaffectedby FAPs;and(f,g) depictsynthesize@xpression®f fearandjoy
((b—g)correspondo model“Greta”, reproducedvith permissiorfrom [59]).

tex displacementsPseudo-musculanodels.ontheotherhand,
usefacialmusclestructureto modeldeformationsThespaceof
allowabledeformationss reducedoy knowledgeof the human
faceanatomiclimitations. Musclesare modeledwith oneend
af x edto the bonestructureof the skull andthe otherendat-
tachedo theskin. Finally, modelingthe skin with threespring-
masslayershasalsobeenusedto develop moredetailedphys-
iological models. The main advantageof this approachs the
improved realismover purely geometricfacial modelingtech-
niques.

Themajority of model-basedacialanimationsystemsaised
today are extensionsto Parke's work [58]. His modelutilizes
a parametricallycontrolled polygon topology wherethe face
is constructedrom a network of approximately900 surfaces,
arrangedand sizedto matchthe facial contours. Large poly-
gonsareemployedin attered regionsof the face,while small
onesareusedin high curvatureareas. Faceanimationis con-
trolled by a setof about fty parametergenof which drivethe
articulatorymovementsinvolved in speechproduction. In re-
lated work [59], Pasquarielloand Pelachaudievelopeda 3D
facial model, named“Greta”, consistingof 15,000 polygons
(seeFigs. 11b,c). Gretais compliantwith the MPEG-4 stan-
dard [88], and able to generate animate,and renderin real-
time the structureof a proprietary3D model. The modeluses
the pseudo-musculapproacho describefacebehaior, andit
includesfeaturessuchaswrinkles, bulges,andfurrows to en-
hancdits realism.In particular agreatlevel of detailis devoted
to the facial regionsthat containmost speechreadingnd ex-
pressioninformation, such as the mouth, eyes, forehead,and
the nasolabiafurrow (seeFigs. 11b,c). Furthermorejn order
to achieze morecontrol on the polygonallattice,the 3D model
surfaceis divided into areasthat correspondo featurepoints



affectedby FAPs(seealsoFig. 4 andFigs.11d,e).Examplesof
facialanimationemplgying the Gretamodelto displayfearand
joy expression@reshovn in Figs.11f,g.

In contrastto the model-basedechniquesliscusseabove,
theimage-baseéhcialanimationapproacheliesmostlyonim-
ageprocessin@lgorithms[53-55]. There,mostof thework is
performedduring a training processthroughwhich a database
of video sggmentsis created. Thus, unlike model-basedp-
proacheshatusea staticfacialimage,image-basetechniques
usemultiple facialimagespeingableto capturesubtlefacede-
formationsthatoccurduringspeechlmage-basetacialanima-
tion consistof thefollowing steps:recordingof thevideoof the
subject,video segmentatiorinto animationgroups;andanima-
tion of themodelby concatenatingariousanimationgroups.in
the rst step,videoof thesubjectutteringnon-senssyllablesor
sentencem acontrolledervironmentis recordedIn thesecond
step,therecordedvideo is analyzedandvideo segmentscon-
sisting of phone,tri-phone,or word boundariesare identi ed.
Finally, in the third step,the video segmentsare concatenated
to realizethe animation. Interpolationand morphingare usu-
ally employedto smoothtransitionsbetweerboundaryframes
of thevideosegments.

Several examplesof image-basedacial animationcan be
foundin theliterature. For example,in [55], EzzatandPoggio
reportavisual TTS systemnamed‘Mik eTalk”, which uses52
visemeimagesyepresentin@4 consonantsl2 monophthongs,
and16 diphthongs.To generatesmoothtransitionsbetweerthe
visemeimages,morphingis employed. However, the system
processeshe mouth areaonly, and doesnot synthesizehead
movementsor facial expressions.In [53], Bregler et al. report
a speech-to-vide@ynthesissystemthat also employs image-
basedfacial animation. Their systemutilizes existing footage
to createvideoof a subjectutteringwordsthatwerenot spoken
in the original footage. In the analysisstage,time-alignment
of the speecthis performed(usingHMMs trainedonthe TIMIT
database)n orderto obtain phoneticlabels,which are conse-
guently usedto segmentthe video into tri-phones. Only the
mouthareais processe@ndthenre-imposedwith new articu-
lation into the original video sequence.Tri-phonevideosand
the phonemdabelsare storedin the video model. In the syn-
thesisstage morphingandstitchingare usedto performtime-
alignmentof tri-phonevideos,time-alignmenbf thelips to the
utterancejllumination matching,and combinationof lips and
thebackgroundThemaindisadwantage®f this approacHie in
thesizeof thetri-phonevideodatabaseandin thefactthatonly
themouthareais processedOtherfacial partssuchaseyesand
eyebraws that carry importantcorversationalinformation are
not considered.To overcometheseshortcomingsCosattoand
Graf[54] decompos¢heirfacialmodelinto separatgarts. The
decomposetheadmodel containsa “baseface”, which covers
theareaof thewholeface,andsenesasa substratentowhich
the facial partsare integrated. The facial partsare the mouth
with cheeksandjaw, the eyes,andthe foreheadwith eyebraws.
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Eachpartis modeledseparatelythereforethe numberof stored
image samplesin the databaseés kept at a manageabléevel.
This allows for independentnimationof variousareasof the
face,thereforeincreasinghe numberof free parameterin the
animationsystemandtheamountof cornversationalnformation
containedn thefacialanimation.

5.3 Visual Text-to-SpeechVTTS)

A generalblock diagramof a text-drivenfacial animationsys-

temis shavnin Fig. 12[94]. Theinputtextis rst processedby

a naturallanguageprocessofNLP), which analyzest at vari-

ouslinguistic levelsto producephoneticandprosodicinforma-

tion. Thelatterrefersto speectpropertiessuchasstressandac-

cent(atthe syllableor word level), andintonationandrhythm,

which describechangesn pitch andtiming acrosswords and

utterances.NLP canalso producevisual prosody which con-

veys informationaboutfacial expressionge.g.,anger disgust,
happinesssadnessgtc.). The generategbhoneticandprosodic
informationcanthenbeusedby thespeectsynthesisnoduleto

producean acousticspeectsignal. Similarly, the facesynthe-
sizer usesvisemeinformation, obtainedthroughphoneme-to-
visememapping.andvisualprosodyto produceavisualspeech
signal.

A numberof researchersave usedthisapproacHor VTTS,
in conjunctionwith theirtechniquegor coarticulatiormodeling
andfacial animation. For example,in [60], Cohenand Mas-
sarousedParke's facial modelasthe basisfor their text-driven
speechsynthesizer Their main improvementsover Parke's
modelweretheinclusionof tongueandtheir extensive studyof
coarticulation,which they integratedinto faceanimation[49].
For the “Mik eTalk” system[55], discussecktarlier Ezzatand
Poggio manually extracteda set of visemeimagesfrom the
recordingsof a subjectenunciating40-50 words. They as-
sumeda one-to-onanappingbetweenphonemesandvisemes,
andmodeleda visemewith a staticlip shapeimage,insteadof
using a sequencenf images. Subsequentlythey reducedthe
numberof visemedo 16, andconstructec databasef 256 op-
tical o w vectorsthatspeci edthetransitionsbetweenall pos-
sible visemeimages. Finally, they employeda TTS systemto
translataext into aphonemestreamwith durationinformation,
and usedit to generatea sequencef visemeimagesfor face
animation,synchronizedvith TTS-producedpeech.



In otherwork [54], Cossat@andGraf developeda TTS sys-
temusingtheir decomposediacial model,discussedn the pre-
vious section. They rst recordeda video databaseconsist-
ing of commontri-phonesandquadri-phonesitteredby a sub-
ject. Then,they extractedandprocessedhouthimagesrom the
video, obtainingboth geometricand PCA visual features,and
subsequentlparametrizecndstoredthemin binslocatedona
multi-dimensionalgrid within the geometricfeaturespace.In
orderto reducestoragerequirementswithin eachbin, they dis-
cardedmouthimages'‘close” to othersin the PCA spacepsing
avectorquantizatiorschemebasedon Euclideandistance.For
synthesisthey employeda coarticulationmodel,similar to the
onein [49], to obtaina smoothtrajectoryin the geometricfea-
turespacepasednthetargetphoneticsequencandamapping
betweernvisemesandtheir “average”geometricfeaturerepre-
sentation. In order to generatethe mouth region animation,
they sampledthe resultingtrajectoryat the video rate,and, at
eachtime instantthey chosetheclosesigrid point, providing in
thismannera setof candidatemouthbitmapslocatedwithin the
correspondindpin. Next, they utilized the Viterbi algorithmto
computethe lowest-cospaththrougha graph,having asnodes
the candidateimagesat eachtime instant. For the transition
costbetweemodes(mouthimages)at consecutie times, they
usedtheir Euclideardistancen the PCA spacesettingthis cost
to zeroin casetheimagescorrespondo neighboringframesof
the original video. Theresultingpathprovidedthe nal mouth
sequencanimation.

5.4 Speech-to-\Weo Synthesis

Speech-to-videynthesissystemsexploit the correlationbe-
tweenacoustiandvisualspeechin orderto synthesizavisual
signalfrom the availableacousticsignal(seeFig. 13). Several
approachefor speech-to-videsynthesihave beenreportedn
theliterature usingmethodssuchasVQ, ANNs, or HMMs (see
alsoSection3.2). In generalthesetechniquesanbeclassi ed
into regression-and symbol-base@pproachesandare brie y
reviewedin this section.

Regression-basethethodsestablisha directcontinuousas-
sociationbetweenacousticandvisual features.VQ andANNs
arecommonlyusedfor this task,with theformerconstitutinga
simplerapproachin thetraining phaseof VQ-basedspeech-to-
videosynthesisanacousticcodebooklis rst constructedising
clusteringtechnigues.The codebookallows classifyingaudio
featuresnto a smallnumberof classeswith thevisualfeatures
associatedvith eachclassaveragedto producea centroidto
be usedin synthesis. At the synthesisstage,the acousticpa-
rametersat a given instantare comparedagainstall possible
acousticclasses.The classlocatedclosestto the given param-
etersis selectedandthe correspondingisual centroidis em-
ployedto drive the facialanimation.In ANN-basedspeech-to-
video synthesisthe acousticandvisual speecHeaturescorre-
spondto the input and outputnetwork nodes, respectiely. In
the training phase the network weightsare adjustedusingthe
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FIGURE 13. Thespeech-to-videsynthesisystemslevelopedin [50,52] uti-
lize narravbandspeecho generatéwo possiblevisual representationsigen-
lips thatcanbe superimposedn frontal facevideosfor animation or FAPsthat
canbeusedto drive an MPEG-4compliantfacialanimationmodel.

back-propagatioalgorithm.For synthesisateachtime instant,
the speecHeaturesarepresentedo the network input, with the
visual speechparametergieneratedat the outputnodesof the
ANN.

The work reportedin [51] constitutesa typical example
of the regression-basedpproach. There,Morishimaand Ha-
rashimanvestigatedheuseof VQ andANNSs for predictingfa-
cial featuredrom audio. They considered.6-dimensional PC
vectorsandeightfacial featurepoints (locatedon the lips, jaw,
andears)asthe representationsf the acousticandvisual sig-
nals, respectiely. In their VQ schemethey createda ve-bit
codebookto allow mappingof the acousticto the visual pa-
rameterswhile in their ANN-basedalgorithm,they employed
a three-layerANN architecture. In relatedwork, Lavagetto
[61] proposedisingsix independentime-delayneuralnetworks
with four layers,eachacceptingdenticalacousticfeatureinput
(12-dimensional PCvectors) put generatingasoutputindivid-
ual parametersf a geometricvisual speechrepresentation.

In contrastto regression-basetechniquesjn the symbol-
basedapproachthe acousticsignalis rst transformednto an
intermediataliscreterepresentationonsistingof a sequencef
sub-phonetior sub-word units. HMMs aretypically usedfor
this purpose sincethey provide explicit phoneticinformation,
which canhelp in the analysisof coarticulationeffects. Re-
portedHMM-basedsystems/aryin two basicaspectstheunits
usedfor recognition(i.e., whatdo the HMM statesrepresent;
seealso Sections3.1 and 3.2), and the methodfor synthesiz-
ing thevisualparametetrajectoriefrom therecognizedHMM
statesequenceExampleof suchsystemsareprovidednext.

Simonsand Cox [62] developedan HMM-basedspeech-
drivensynthetichead.They analyzedasmallnumberof phonet-
ically rich sentencefo obtainseveralacousticandvisualtrain-
ing vectors. They usedVQ to produceaudioandvisual code-
booksof sizes64 and 16, respectiely. Then, they createda
fully-connectedl 6-statediscreteHMM, eachstaterepresenting
aparticularvectorquantizednouthshapeandproducingthe 64



possibleaudio codavords. The HMM transitionand obsena-
tion probabilitieswere trainedon the basisof the joint audio-
visual vectorquantizeddata. Subsequentlythe trainedHMM

wasemployedin synthesishy meansof the Viterbi algorithm,
generatinghe mostlikely visual statesequencéhence visual
representationjjiventheinputaudioobsenations.

Chenand Rao[5] trainedcontinuouswhole-word HMMs
using audio-visualobsenations (henceforthsuch HMMs are
referredto as AV-HMMs). They usedthe width and height
of the outerlip contourasvisual features,and 13 MFCCsas
acousticfeatures. Subsequentlythey built for eachword an
acousticHMM (A-HMM), which hadthe sametransitionma-
trix andinitial statedistribution asthe corresponding\V-HMM
(seeEgs.(1), (2), and(4)). The stateacousticobsenation pdf
for eachparticular A-HMM statewas derived by integrating
the AV-HMM obsenation pdf over the visual parameters.In
thesynthesiphasethe A-HMMs andtheacousticobsenations
were rst used,employing the Viterbi algorithm,to obtainthe
optimal acousticstatesequence Next, assuminghat the AV-
HMM statesequencés thesameasthe A-HMM statesequence,
they estimatedfor eachstatethe correspondingrisual feature
vector usingAV pdfsandtheacousticobsenations.

Bregleretal. [53] createcanHMM-basedspeech-drienfa-
cial animationsystencalled“VideoRewrite”. They rst trained
anA-HMM systemonthe TIMIT databaseandusedit to seg-
mentthe audioportion of a joint audio-visualdatabasénto tri-
phonesThevisualsegmentstime-synchronouto theresulting
tri-phones werethenstoredinto a video databaseindexed by
thecorrespondingri-visemes.At the synthesistage giventhe
inputacousticsignal,they rst obtainedits phoneticlevel tran-
scriptionusingthe A-HMM system. Subsequentlythey used
the concatenatie approachto synthesiswith visual segments
selectedrom the createdvideo databaseVariouscostmetrics
were consideredor the sggmentselection,andthe Viterbi al-
gorithmwasusedto obtainthe optimal sequencef video sey-
ments.Finally, they usedwarpingtechniquego smooththe se-
lectedvideo segmentsand synchronizethemwith the speech
signal.

Finally, two systemaveredevelopedatNWU [50,52], using
two differentvisualspeechepresentationgigenlipsandFAPs.
PCA wasperformedon both FAPs andmouthimagesto obtain
visual featuresof lower dimensionality MFCCswere usedas
acoustideaturesn bothsystemsTheblock diagramof thede-
velopedsystemds showvn in Fig. 13. Thetwo systemautilized
continuousA-HMMs, visual HMMs (V-HMMSs), and correla-
tion HMMs (C-HMMSs). In this approachthe A-HMMs and
the Viterbi algorithm were usedto realizethe audio statese-
guencethat bestdescribedhe acousticobsenationsextracted
from the input narravbandspeechsignal. The A-HMM ob-
senationgeneratothenusedthe meanscorrespondingo each
resultingA-HMM stateto producespealer-independenbbser
vations(seealso (1), (2), and(6) in Section3.2). Smoothing
and down-samplingwere subsequentlyusedto obtain acous-

tic obsenationsat the video rate (30 Hz), while the C-HMM
systemmappedthe generatedacousticobsenations,usingthe
Viterbi algorithm,into a visual statesequenceFinally, the vi-
sualstatesequencandtheV-HMM obsenationgeneratowere
employedto producevisualobsenations.

Two key elementsof the NWU systemswverethe C-HMM
training procedureand model architecture.In orderto ensure
thatthe C-HMMs were capableof approximatingthe optimal
visualstatesequencgiventheacousticobsenations they were
built with the sametopology andidentical statetransitionand
initial probabilitiesasthe V-HMMs. As aresultof the above
constraintspnly the C-HMM obsenation pdfs hadto be esti-
matedduringtraining (seealsoSection3.2). In moredetail, the
C-HMMs weretrainedusingthe following procedurg50, 52]:
In the rst step,A-HMMs and V-HMMs were independently
trainedusingthe TIMIT corpusandthevisualpartof the Bern-
stein databaserespectiely. The two HMMs had different
topologiesto accountfor the unequalaudio and video obser
vationrates.Next, in the secondstep thetrainedA-HMMs and
V-HMMs in conjunctionwith the Viterbi algorithmwereused
toforce-alignacoustiandvisualtrainingdata,respectiely, and
generateorrespondingcousticandvisual statesequencesin
the third step, down-sampledacousticobsenation sequences
were generatedising the acousticstatesequencesbtainedin
the secondstep. In the fourth step,the visual statesequence
generatedn the secondstepwasutilized asa constrainto dis-
tribute the down-sampledacousticobsenationsamongthe C-
HMM states. Finally, re-estimationof the C-HMM obsena-
tion pdfs was carriedout. This training proceduregenerated
C-HMMs capableof producing,in conjunctionwith V-HMMs,
visual statesequencesnd estimatef the visual articulatory
movementdrom down-sampledacousticobsenations.

5.5 Visual SpeechSynthesisEvaluation

Evaluatingvisual synthesissystemss extremelyimportantin
orderto benchmarlalgorithmicimprovementsassesshe suit-
ability of speci c databasefor trainingdata-drientechniques,
and quantify the bene t of incorporatingthe visual modality
over traditionalaudio-onlysynthesisfor example. Thereexist
bothobjective andsubjectve methodgo evaluatevisual speech
synthesis. The former typically comparethe differencebe-
tweenasetof synthesize@ndrecordedestsequencesn terms
of meansquarederror or other distancemetricsin the visual
speeclrepresentatiospace or, alternatvely, reportASR per
formanceon the synthesizedestset[52]. Although relatively
easyto perform, objective evaluationdoesnot necessarilyin-
dicatehow two systemswill be relatively received by human
usersin practice.Subjectve testingis insteadrequiredfor such
assessmenig, 48].

In general,subjectve evaluationof visual speechsynthe-
sis performanceshould be application-dependentSuchtests
shouldbe developedwith the goal of evaluatinga numberof
issues,for example the degree of realismin the animation,
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FIGURE 14. Intelligibility-basedsubjectve evaluationof the speech-to-video
synthesisystemdevelopedat NorthwesterrUniversity [48,50]. Humanspeech
perceptioris comparedisingaudio-onlyvs. audiowith synthesizediideoand
vs.audiowith naturalvideoof thelip region. Forthe rst two conditionsresults
for repetitve presentatiorof the stimuli to the subjectsarealsogiven (“Rep”).
Experimentarereportedover threeacousticnoiseconditions.

user satishction, and the effectivenessin communicatingthe
intendedmessageln particular effectivenessn communicat-
ing andespeciallyintelligibility of a talking headshouldbe of
primary importance. Intelligibility evaluationapproachesim
atmeasuringitherphonemeadenti cation performancérecog-
nition of vowelsandconsonantsyr speechreadingerformance
(recognitionof isolatedwordsor sentencesly humansubijects.

In this section,we provide an exampleof an intelligibility
subjectye evaluationin the caseof theeigenlips-basedpeech-
to-video synthesissystemdevelopedat NWU and discussed
earlier In thesetests[48,50], several subjectshave beenpre-
sentedwith threetypesof stimuli: (a) audio-onlysignal; (b)
audio, supplementedy the synthesizedriideo signal; and (c)
audio, togetherwith the original video footage. In all cases,
the audio (andvideo, whereapplicable)utterancesvere from
the Bernsteinlipreadingcorpus[91], andtheintelligibility ex-
perimentsvereconductedvith theaudiocorruptecby additive,
white Gaussiamoise,resultingin speechsignalsof -5 dB, -10
dB, and-15dB SNRs(seeFig. 14). Theaudio-onlywordrecog-
nition accurag achiezedby thesubjectavas92.2%,66.8%,and
11.7%,atthethreeSNRlevels,respectiely. Theword recogni-
tion accuraciesmprovedsigni cantly, whensynthesizedideo
wasalsopresentedo the subjectsyeachingd7.9%,87.5%,and
46.1%. Subjectve testsunderscenarioga) and (b) were also
performedusing setswhich containedcertain numberof re-
peatecdutterancesisedthroughoutall thetests.Thewordrecog-
nition accuraciegmprovedwhenrepeateditterancesvereused,
especiallyfor the SNR of -15 dB, indicatingthat the subjects
usedprior knowledgeto assistthe transcriptionof the repeated

utterancesHowever, theseresultswerestill inferior to human
speechperceptionword recognitionaccuraciesbtainedusing
naturalinsteadf synthesizedideo,namely98.3%,95.9%,and
86.5%,respectiely. Clearly, thesesubjectve testssuggesthat
animatedfacesobtainedusing visual speechsynthesizersan
improvespeechntelligibility , especiallyjundemoisyconditions
(seealso[7]).

6 Audio-Visual Spealer Recognition

Audio-visual spealer recognition(also known as audio-visual
biometric)systemautilize acousticandvisualinformationin or-
derto performautomaticpersonrecognition. A personrecog-
nition systemshouldbe capableof rejectingclaims from im-
postors,personsot registeredwith the system,andaccepting
claimsfrom theclients,persongegisteredwith thesystem Per
son recognitioncan be classi ed into two problems: person
identi cation andpersorveri cation (authentication)68]. Per
sonidenti cation is the problemof determiningthe identity of
a person(who the personis) from a closedsetof candidates,
while personveri cation refersto the problemof determining
whethera personis who s/heclaimsto be. Therearea number
of systemavhich requirepersornrecognitionin orderto reliably
determingheidentity of persongequestingheir services Ap-
plicationsthat canemploy personrecognitionsystemsnclude
automatichanking,computemetwork security informationre-
trieval, securebuilding accessetc. Personaproperty suchas
cell phones,PDAs, laptops,cars, etc., could also have built-
in personrecognitionsystemswhich would preventimpostors
from usingthem.

Biometrics, or biometric recognition, refers to utilizing
physiologicaland behaioral characteristicfor automaticper
sonrecognition. Traditional personidenti cation methods,n-
cluding knowledge-basede.g., passverds, PINS) and token-
based(e.g., ATM or credit cards, and keys) do not provide
reliable performance. Passvords can be compromisedwhile
keys and cardscan be stolenor duplicated. Identity theft is
one of the fastestgrowing crimesin the United States. Un-
like knowledge-and token-basednformation, biometric char
acteristicscannotbeforgottenor easilystolen. Therearemary
different biometric characteristicsthat can be usedin person
recognitionsystems,ncluding ngerprints, palm prints, hand
and nger geometryhandveins,iris andretinal scansjnfrared
thermogramsDNA, ears facesgait, voice,signaturegtc. (see
Fig. 15)[71,72,76,95].

Eachbiometric characteristichasits own advantagesand
disadwantagesaindthereis no single modality which performs
the bestfor all applications. The choiceof biometric charac-
teristicsdepend®on mary factorsincludingthe bestachievable
performanceuniquenesgsobustnesso noise,costof biometric
sensorsinvarianceof characteristicaith time, robustnesso at-
tacks,populationcoverage scalability etc. All of thesefactors
areusuallyconsideredvhenchoosinghemostappropriateio-



FIGURE 15. Biometric characteristics(a) ngerprints; (b) palm print; (c)
handand nger geometry;(d) handveins;(e) retinal scan;(f) iris; (g) infrared
thermogram(h) DNA; (i) ears;(j) face;(k) gait; (I) speech(m) signature.

metriccharacteristicfor acertainapplication.In addition,there
area numberof biometricapplicationdor whichit is desirable
to usenon-intrusive anduserfriendly method<or extractionof
biometricfeatures.Developing suchbiometricsystemamakes
biometrictechnologymore socially acceptablendaccelerates
its integrationinto every daylife.

A persons voice and face are biometric characteristics
which areeasily collectedand naturalto the user Thesechar
acteristicscan be utilized for non-intrusive personrecogni-
tion. Therecenttechnologyadvancedecreasethe costof au-
dio and video biometric sensorsand openeda door to audio-
visualbiometrics.Acousticandvisualbiometriccharacteristics
can contain static and dynamicinformation. LPCs, MFCCs,
andtheir derivatives, are commonlyusedas acousticfeatures
in spealer recognitionsystems. Visual featurescan describe
only the mouthregion (visual-labialfeatures)r thewholeface
(visual-facialfeatures) Bothmouthandfacecanberepresented
using shape-basetkaturesor appearance-basddatures(see
alsoSection2). Shape-baseldbial featuresncludelip-contour
shapeandgeometrideatureswhile shape-basefhcialfeatures
include active shapemodels, facial feature geometry elastic
graphsegtc. Labial andfacialappearance-baséehturesareob-
tainedusingimageprojectionssuchasLDA, PCA, DCT, etc.,
on mouthor faceimages.Facial featurescanalsobe classi ed
asglobalor local if thefaceis representethy only onefeature
vectoror by multiple vectorseachrepresentingocal informa-
tion. Faceimagesusedfor extractionof visual featurescanbe
visible or infrared,2D or 3D, etc.

Although single modality biometric systemscan achiese
high performancen somecasesthey areusuallynot robustto
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FIGURE 16. Block diagramof an audio-visualspealkr recognitionsystem
thatutilizes static(faceimage)anddynamic(visual speechyisualinformation
togethemith acoustianformation.
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noiseanddonotmeettheneedof mary potentialpersorrecog-
nition applications.Spealer recognitionsystemghatrely only
on audio dataare sensitve to microphonegheadsetdesktop,
telephoneetc.),acousticervironment(car, plane factory etc.),
and channelnoise (telephonélines, VolIP, etc.). On the other
hand,systemghatrely only on visual datacanbe sensitve to
visual noise (lightning changespoor video quality, occlusion,
segmentationerrors,etc.). In orderto improve the robustness
of biometric systemsmulti-samples(multiple samplesof the
samebiometriccharacteristic)multi-algorithms(multiple algo-
rithms with the samebiometricsample),andmulti-modal (dif-
ferent biometric characteristicspiometric systemshave been
developed. The advantageof multi-modal biometric systems
lies in their robustnesssincedifferentmodalitiescan provide
independentcomplementary)nformation. Differentmodali-
ties are combinedin orderto eliminate problemscharacteris-
tic of singlemodalities. It hasbeenshavn that using multiple
biometric modalitiesimprovesthe performanceof a biometric
system[71-73,76]. In audio-visualspealer recognitionsys-
tems,speeclhis utilized togethemwith eitherstaticvideoframes
of faces(facerecognition)or video sequencesf the face (or
themoutharea)in orderto improve spealer recognitionperfor
mance(seeFig. 16). Audio-visualspealer recognitionsystems
canalsoutilize all threemodalities[74].

Audio-visualspealerrecognitionsystemsanbeeithertext-
dependentwherespeechusedfor training andtestingis con-
strainedo bethesame pr text-independentyvherespeechused
for testingis unconstrainedThemethodgor modelingspealers
basedon their audio-visualbiometric dataare usually statisti-
calin nature.Suchapproachesclude,ANNs, SVMs, GMMs,
HMMs, etc. (seealsoSection3.2). HMMs representhe most
commonlyusedapproactor spealer recognition.

In spealer identi cation systemsthe objective is to deter
mine the class , correspondingo the enrolled personor the
impostor thatbestmatcheghe unknowvn persons audio-visual
biometricdata , thatis

where denoteghesetof classesorrespondingo all spealers
in the databasendthe impostor and the condi-



tional probabilitythatbiometricobsenations
atedby the statisticaimodelfor theclass .

In spealer veri cation systemghereareonly two classes,
andit is necessaryo determinewhetherthe classcorrespond-
ing to thegeneralpopulation( ), or the classcorrespondingo
thetrueclaimant( ), bestmatcheghe claimants biometricob-
senations. The similarity measure D canbe de ned asthe
likelihoodratio betweerthe spealer setandthe world set,that
is

weregener

D

If D is largerthanana priori de ned veri cation thresholdthe
claimis acceptedptherwiseit is rejected.

In text-dependent spealer recognition systems, sub-
phoneticunits are usually modeled. In that case,the set of
classesanbe consideredhsthe productspacebetweerthe set
of spealers and the set of phoneticbasedunits. HMMs are
commonlyusedfor text-dependengpealerrecognitionthrough
modelingthe phoneticunitsby Gaussiammixture densitiegsee
(1) in Section3.2). In text-independensystemssingle-state
HMMs (GMMs) canbe usedto model spealers. In this case
a single GMM is assumedo generatehe entire audio-visual
obsenationsequence.

Two commonlyusederrormeasuresor veri cation perfor
mancearefalseacceptanc@A) —animpostoris accepted-and
falserejection(FR)—aclientis rejected.They arede ned by

FA FR

where denoteshenumberof acceptedmpostors, thenum-
ber of impostorclaims,  the numberof rejectedclients,and

the numberof client claims. Thereis a trade-of between
FA andFR,whichis controlledby the choiceof theveri cation
threshold.It is usuallychosenaccordingto certainFA andFR
requirementshasedon resultsobtainedthrough experiments
on the evaluationset. The choiceof the veri cation threshold
clearlydepend®ntheapplicationandcostsassignedo eachof
the errormeasureskor example,systemswvhich controlaccess
to ahighly securearea,or managéankingtransactionsywould
requireverylow FA attheexpensef increasedR.Ontheother
hand,systemswhich controltolls or gym accesswould avoid
puttingtheir legitimate customersn inconvenientsituationsby
requiringlow FR, at the expenseof increased-A. Veri cation
systemperformanceanalsobe measuredisinganequalerror
rate (EER) measure.lt is determinedafter the veri cation ex-
perimentsareperformedpy choosingheveri cation threshold
for which FA andFR areequal.

Performanceof audio-visualspealer recognitionsystems
strongly dependson the choiceand accurateextraction of the
visual featuresandthe informationfusion approach Acoustic
and visual obsenationscan either be combinedto form joint
audio-visualobsenations or utilized as separateobsenation
streamsInformationfusionapproachesommonlyusedfor fu-
sion of audioandvisual biometricinformationarediscussedn

TABLE 3. Speakridenti cation andveri cation errorsobtainedvhenaudio-
only (AU) or audio-visualAV) biometricdatawasutilized.

Identi cation Veri cation
Error [%] Error (EER)[%)]
SNR AU AV AU AV
Clean| 5.13 5.13| 2.56 1.71
20 1951 7.69| 3.99 2.28
10 38.03 10.26| 4.99 2.71
0 53.10 12.82| 8.26 3.13

moredetailin Section3.3andin [71,72]. A numberof audio-
visual spealer recognitionsystemghatutilize varioustypesof
visual featuresand audio-visualinformation fusion strateyies,
have beenreportedn theliterature[72-76].

Brunelli and Falavigna [76] developeda text-independent
spealeridenti cation systenthatcombinesaudio-onlyspealer
identi cation andfacerecognitionsystems. The two systems
provide ve classi ers, two acousticand threevisual. Two
acousticclassi ers correspondo two setsof acousticfeatures
(staticanddynamic)derived from the shorttime spectralanal-
ysis of the speectsignal. Their audio-onlyspealer identi ca-
tion systemis basedn VQ. Threevisualclassi erscorrespond
to the visual classifyingfeaturesextractedfrom threeregions
of the face: eyes,nose,andmouth. The individually obtained
classi cationscoresare combinedusing a weightedgeometric
average.Theidenti cation rateof theintegratedsystenis 98%,
comparedto 88% and 91% ratesobtainedby the audio-only
spealer recognitionandfacerecognitionsystemsrespectrely.

Aleksic and Katsaggeloq73] developedan audio-visual
spealer recognitionsystemthat utilized 13 MFCC coefcients
andtheir rst andsecondorderderivativesasacousticfeatures.
A visual featurevectorconsistingof ten FAPs which describe
the movementof the outerlip contour[88] was projectedby
meansof the PCA onto a three-dimensionadpace.The result-
ing visualfeaturesvereaugmentedvith rst andsecondorder
derivativesproviding nine-dimensionatlynamicvisual feature
vectors. They useda featurefusion integration approachand
single-streanHMMs to integrateacousticandvisual informa-
tion. Spealer veri cation andidenti cation experimentswere
performedusing audio-onlyand audio-visualinformation, un-
derbothcleanandnoisyaudioconditionsat SNRsrangingfrom
0dBto 20dB. Spealeridenti cation andveri cation resultsob-
tained,expressedn termsof the identi cation errorandEER,
areshavn in Table3. Signi cant improvementin performance
overaudio-onlyspealerrecognitionsystemwasachieved,espe-
cially undernoisyacousticconditions.For instancetheidenti-

cation errorwasreducedrom 53.1%,whenaudio-onlyinfor-
mationwasultilized, to 12.82% whenaudio-visuainformation
wasemployedat 0 dB SNR.



Jourlin et al. [75] developedan audio-visualspealer veri-
cation systemthat utilizes both acousticand visual dynamic
information. Their 39-dimensionahcousticfeaturesconsistof
LPC coefcients andtheir rst and secondorder derivatives.
They usel4 lip shapeparameterslO intensity parametersind
the scaleas visual features,resultingin a 25-dimensionabi-
sualfeaturevector They utilize HMMs andthedecisionfusion
integration approachto perform audio-only visual-only and
audio-visualexperiments.The audio-visualscoreis computed
asaweightedsumof the audioandvisual scores.Their results
demonstrata reductionof FA from 2.3%whenthe audio-only
systemis usedto 0.5%whenthe multimodalsystemis used.

Chaudhariet al. [72] developedan audio-visualspealer
identi cation and veri cation systemwhich modeledreliabil-
ity of theaudioandvideoinformationstreamswith parameters
which weretime-varying andcontet dependentThe acoustic
featuresconsistedof 23 MFCC coefcients, while visual fea-
tures consistedof 24 DCT coefcients obtainedby applying
DCT on the ROI extractedby meansof a facetracking algo-
rithm. They utilized GMMs to model spealers, and param-
etersthat dependecdn time, modality, and spealer to model
streamreliability. The systemthat utilized time dependent
streamweightsachievedan EER of 1.04%,comparedo 1.71%
, 1.51%,and 1.22%,of the audio-only video-only andaudio-
visual (featurefusion) systemsrespectiely.

Dieckmannet al. [74] developeda systemwhich usedvi-
sualfeatureobtainedrom all threemodalities face voice,and
lip movement. Theidenti cation error decreasedo 7% when
all threemodalitieswere used,comparedo 10.4%,11%, and
18.7%, whenvoice, lip movements,and face visual features
wereusedindividually.

In summarythereis aneedfor resource$or advancingand
accessingaudio-visualspealer recognitionsystems. Publicly
availablemulti-modalcorporathat betterre ects realisticcon-
ditions, suchasacoustinoiseandlighting changesvould help
in investigatingrobustnessof audio-visualsystems. In addi-
tion, standardxperimentsaandevaluationprocedureshouldbe
de nedin orderto enablefair comparisorof differentsystems.
Baselinealgorithmsandsystemsouldalsobechoserandmade
availablein orderto facilitate separaténvestigationof effects
thatfactors,suchas,the choiceof acousticandvisualfeatures,
the informationfusion approachandclassi cationalgorithms,
have on systemperformance.

7 Summary and Discussion

In this chaptey we have focusedon how the joint processing
of visualandaudiosignals bothgeneratedby atalking person,
canprovide valuablespeechnformationto bene t anumberof
audio-visualspeectprocessingpplicationscrucialto human-
computerinteraction. We rst concentrate@n the analysisof
visual signals,and describedvarious possibleways of repre-
sentingandextractingthe speechnformationavailablein them.

We thendiscussecow the obtainedvisual featurescan com-
plementfeaturesextracted(by well-studiedmethods)rom the
acousticsignal,andhow the two modality representationsan
befusedtogethetrto allow joint audio-visualspeectprocessing.
The generalbimodal integration framewnork was subsequently
appliedto three problems,namelyautomaticspeechrecogni-
tion, talking facesynthesisaswell asspealeridenti cation and
authentication.In all threecaseswe discussedssuesspeci ¢
to the particularapplication,reviewed several relevantsystems
that have beenreportedin the literature,and presentedesults
using the implementationsdevelopedat IBM Researchand/
or NorthwesternUniversity The experimentalresultsdemon-
stratedthe importanceof utilizing visual speechinformation,
especiallyin the presencef acousticnoise.

Aswementionedn thelntroduction thereexistanumberof
additionalapplicationsthat canbene t from the joint process-
ing of audioandyvisual signals. Examplesof suchareemotion
recognition,spealer detectionandlocalization,speechactivity
detectionandenhancemertf the acousticsignalor of its cor
respondinqaudiofeaturesDueto lack of spacewe only brie y
addressomeof themin thefollowing.

Automaticemotionrecognitionhasmary potentialapplica-
tionsin human-computeinteraction for exampleby indirectly
providing valuableuserinputto dialoguemanagemenBothfa-
cial expressiorandvoicere ect theemotionalstateof aperson,
thusbimodalprocessings asensibleapproachin thevisualdo-
main, thereexist six basicfacial expressionshappinessanger
sadnessfear, surprise,anddisgust. Their studyis enabledby
thefacialactioncodingsystem(FACS),that providesstandard-
izedcodingof changesn facialmotionthrough46 actionunits,
whichdescribebasicfacialmovement§96]. TheFACSis based
on muscleactiity, andcapturesn detail the effect of eachac-
tion unit on the visual facefeatures. Commonly usedvisual
featuredfor automaticemotionrecognitionincludelip andeye-
brow movementswholefaceimagespptical o w, etc.[77,78].
For the classi cation processhoth spatialand spatio-temporal
approachesanbe used.In theformer, visualfeaturesobtained
from single faceimagesare employed, while spatio-temporal
approachesitilize featuresextractedfrom eachframe of the
videosequencef interest.Typically, in facialexpressiorrecog-
nition systemsarti cial neuralnetworks are usedto perform
spatialclassi cation, whereashiddenMarkov modelsare fre-
guentlyemployedin the spatio-temporaapproacH77]. Visual
systemscan of coursebe combinedwith audio-onlyemotion
recognizers,using the audio-visualintegration framewvork of
Section3. In this case,typically usedaudio featuresinclude
theacousticsignalenegy, pitch contourstatistics getc.

Among additional joint audio-visual processingapplica-
tions, spealer detectionandtrackingis especiallyusefulin en-
vironmentssuchas conferencaooms,wheremultiple persons
are present,and signalsfrom both video camerasand micro-
phonearraysareavailable.In suchoccasionsspealer detection
andtrackingcanbe performedusingacoustically-guidedam-



erasyisually-guidedmicrophonearrays or throughjoint audio-
visual tracking [63-65]. Of particularimportanceto speech
applicationsis alsothe detectionof synchronousudio-visual
sourcesn the presencef multiple spealersin the sceneasis
oftenthecasein broadcastideos.Jointaudio-visuakpeectac-
tivity localizationcanbene t from thefactthatthe two modal-
ities arecorrelated,and, for example,canbe quanti ed by us-
ing mutual information of the two signals[66]. Furthermore,
visual information, suchasuserposeand proximity to a com-
puteror kiosk, aswell asmouthmovementcanbeusedto ag
speechntent[67], or augmentcousticcuesfor speechactivity
detection.Theresultingsystemswill berobustto ervironmental
noise,and are expectedto eventually make the “push-to-talk”
button in presentautomaticspeechrecognizersobsolete. An-
otherapplicationthatexploits the correlationbetweertheaudio
andvisualspeectsignalsis the bimodalenhancemertdf audio.
There,acousticinformationis restoredusing the video of the
spealer's mouthregionin conjunctionwith thecorruptedaudio
signal. The enhancementan occur eitherin the signalspace
or the audiofeaturespace,utilizing linear or non-lineartech-
niques[18,19]. Suchan approachis bene cial, for example,
whenthe amountof visual dataavailablefor trainingis insuf-
cient to obtainvisual-only speechmodels,thus not allowing
audio-visualautomaticspeeclrecognitionby meansof the fu-
siontechniquegliscussedh Section3.

Clearly, the eld of joint audio-visualsignal processings
a very new, active, and exciting topic of researchand devel-
opment.Indeed therearea numberof majoraccomplishments,
someof whichhave beendescribedn this chapteiin thecontext
of speechapplicationsfor human-computeinteraction. Con-
cerningthe practicaldeploymentof thesetechnologiesseveral
obstacleshave beenslowly lifting, with audio-visualspeech
processingsystemsstartingto exhibit real-time performance
andimproved robustnesg446]. Neverthelessyariousresearch
issuegemainopento furtherinvestigation.Suchare,for exam-
ple, thedesignof atruly spealker-independenthigh-performing
visualfeaturerepresentatiowith improvedrobustnesso thevi-
sualervironmentanduserbehaior, possiblyemploying three-
dimensionafaceinformation,aswell asthedevelopmenof im-
proved audio-visualintegration algorithmsthat will allow un-
constrainedaudio-visualasynchrog modelingandrobust, lo-
calizedreliability estimationof the signalinformationcontent,
to namea few. Clearly, further researchis requiredto ad-
vancethe eld, andfor audio-visualsignal processingo be-
comewidespreadn practice. The groundis fertile for addi-
tional major accomplishmentsnd revolutionary future mul-
timodal technologiesand applications,promising to improve
human-computeinteractionand,with that,life quality.
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