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1 Intr oduction
————————————
With theincreasinguseof computersin everydaylife, thechal-
lenging goal of achieving natural, pervasive, and ubiquitous
human-computerinteraction(HCI) hasbecomevery important,
affecting,for example,productivity, customersatisfaction,and
accessibility, amongothers.In contrastto thecurrentprevailing
HCI paradigmthatmostlyreliesonlocally tied,single-modality
andcomputer-centricinput/output,futureHCI scenariosareen-
visionedwherethecomputerfadesinto thebackground,accept-
ing andrespondingto userrequestsin a human-like behavior,
andat theuser's location.Not surprisingly, speechis viewedas
anintegral partof suchHCI, conveying not only userlinguistic
information,but alsoemotion,identity, location,andcomputer
feedback[1].

However, althoughgreatprogresshasbeenachieved over
the pastdecades,computerprocessingof speechstill lagssig-
ni�cantly comparedto humanperformancelevels.For example,
automaticspeechrecognition(ASR)lacksrobustnesstochannel
mismatchand environmentnoise[1, 2], underperforminghu-
manspeechperceptionby up to anorderof magnitudeevenin
cleanconditions[3]. Similarly, text-to-speech(TTS) systems
continueto lag in naturalness,expressiveness,and,somewhat
less,in intelligibility [4]. Furthermore,typical real-life inter-
action scenarios,wherehumansaddressother humansin ad-
dition to the computer, may be locatedin a variablefar-�eld
positioncomparedto the computersensors,or utilize emotion

andnon-acousticcuesto convey a message,prove insurmount-
ably challengingto traditional systemsthat rely on the audio
signalalone. In contrast,humanseasilymastercomplex com-
municationtasksby utilizing additionalchannelsof information
whenever required,mostnotablythevisualsensorychannel.It
is thereforeonly naturalthat signi�cant interestandeffort has
recentlybeenfocusedonexploiting thevisualmodalityin order
to improve HCI [5–9]. In this chapter, we review suchefforts
with emphasison themain techniquesemployedin theextrac-
tion andintegrationof thevisualsignalinformationinto speech
processingHCI systems.

Of centralimportanceto humancommunicationis the vi-
sual information presentin the face. In particular, the lower
faceplaysan integral role in the productionof humanspeech
andof its perception,bothbeingaudio-visualin nature[9,10].
Indeed,thevisualmodalitybene�t to speechintelligibility has
beenquanti�ed asbackasin 1954[11]. Furthermore,bimodal
integrationof audioandvisualstimuli in perceiving speechhas
beendemonstratedby theMcGurk effect [12]: whenfor exam-
ple a personis presentedwith theaudiostimulus/baba/super-
imposedonavideoof moving lips utteringthesound/gaga/,the
personperceivesthesound/dada/.Visualspeechinformationis
especiallycritical to the hearingimpaired: mouth movement
playsanimportantrole in bothsignlanguageandsimultaneous
communicationbetweenthedeaf[13].

Facevisibility bene�tsspeechperceptiondueto thefactthat
thevisualsignalis bothcorrelatedto theproducedaudiosignal
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FIGURE 1. Conversionsandinteractionsbetweentheacoustic,visual,andtext
representationsof speech,thatarethefocusof thiswork (adaptedfrom [5]).

andalsocontainscomplementaryinformationto it [14–16]. The
former allows the partial recovery of the acousticsignal from
visualspeech[17], aprocessakin to speechenhancementwhen
theaudiois corruptedby noise[18,19]. The latter is dueto at
leastthe partial visibility of the placeof articulation,through
the tongue,teeth,andlips, andcanhelp disambiguatespeech
soundsthatarehighly confusablefrom acousticsalone;for ex-
ample,theunvoicedconsonants/p/ (abilabial)and/k/ (avelar),
amongothers[16]. Not surprisingly, theseobservationshave
motivatedsigni�cant researchover thepasttwentyyearson the
automaticrecognitionof visualspeech,alsoknownasautomatic
speechreading,and its integration with traditional audio-only
systems,giving riseto audio-visualASR[20–47].

In additionto improving speechperception,facevisibility
provides direct and naturalcommunicationbetweenhumans.
Computershowever, typically utilize audio-onlytext-to-speech
synthesisto communicateinformation back to the user in a
mannerthat lags in naturalness,expressiveness,and intelligi-
bility comparedto humanspeech.To addresstheseshortcom-
ings, much researchwork has recently focusedon augment-
ing TTS systemsby synthesizedvisual speech[7, 48]. Such
systemsgeneratesynthetictalking facesthat can be directly
drivenby theacousticsignalor therequiredtext, providing an-
imatedor photo-realisticoutput[5, 47–62]. The resultingsys-
temscanhave widely varying HCI applications,rangingfrom
assistanceto hearingimpairedpersons,to interactivecomputer-
basedlearningandentertainment.

It is worth noting that facevisibility plays additional im-
portant roles in human-to-humancommunicationby provid-
ing speechsegmentaland sourcelocalizationinformation, as
well as by conveying speaker identity and emotion. All are
very important to HCI, with obvious implicationsto ASR or
TTS, among others. A numberof recently proposedtech-
niquesutilize visual-onlyor joint audio-visualsignalprocessing
for speechactivity detectionand sourcelocalization[63–67],
identity recognition from face appearanceor visual speech
[8,68–76], andvisualrecognitionandsynthesisof humanfacial

emotionalexpressions[77,78]. In all cases,thevisualmodality
cansigni�cantly improveaudio-onlysystems.

In orderto automaticallyprocessandincorporatethevisual
information into the above speech-basedHCI technologies,a
numberof stepsarerequiredthataresurprisinglysimilaracross
them.Centralto all technologiesis thefeaturerepresentationof
visualspeechandits robustextraction.In addition,appropriate
integrationof the audioandvisual representationsis required
for audio-visualASR, speaker recognition,speechactivity de-
tection,andemotionrecognition,in order to ensureimproved
performanceof thebimodalsystemsoveraudio-onlybaselines.
In a numberof technologies,this integrationoccursby exploit-
ing audio-visualsignalcorrelation:for example,audioenhance-
ment by using visual information, speech-to-videosynthesis,
and detectionof synchronousaudio-visualsources(localiza-
tion). Finally, uniqueto audio-visualTTS andspeech-to-video
synthesisis the generationof the �nal video from the synthe-
sizedvisualspeechrepresentation(facialanimation).Thesim-
ilarities betweenthe requiredprocessingcomponentsis rein-
forcedin Fig.1,whereconversionsandinteractionsbetweenthe
acoustic,visual,andtextual representationof speecharegraph-
ically depicted.

In this chapter, we review thesemain processingcompo-
nents,and we discusstheir applicationto speech-basedHCI,
with mainemphasison ASR,TTS,andspeaker recognition.In
particular, in Section2, we focuson visual featureextraction.
Section3 is devotedto themainaudio-visualintegrationstrate-
gies,with Section4 concentratingon theirapplicationto audio-
visualASR.Section5 addressesaudio-visualspeechsynthesis,
whereasSection6 discussesaudio-visualspeaker recognition.
Finally, Section7 touchesupon additional applicationssuch
asspeaker localization,speechactivity detection,andemotion
recognition,andprovidesasummaryandashortdiscussion.

2 Analysisof Visual Signals————————————
The �rst critical issue in the designand implementationof
audio-visualspeechsystemsfor HCI is thechoiceof visualfea-
turesandtheir robustextractionfrom video. Visual speechin-
formation is mostly containedin the speaker's mouth region,
therefore,typically, the visual featuresconsistof appropriate
representationsof mouth appearanceand / or shape. Indeed,
thevarioussetsof visualfeaturesproposedin theliteratureover
the last 20 yearsfor visual speechprocessingapplicationsare
generallygroupedinto threecategories[21]: (a): Low-level,
or appearance-basedfeatures,suchas transformedvectorsof
the mouth region pixel intensitiesusing, for example, image
compressiontechniques[22–31,54,70,72]; (b): High-level, or
shape-basedfeatures,suchasgeometricor model-basedrepre-
sentationsof the lip contours[30–41,52,54,68,73]; and (c):
Featuresthat area combinationof both appearanceandshape
[29–31].

Thechoiceof visualfeaturesclearlymandatestheface,lip,
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FIGURE 2. Mouth appearanceandshapetrackingfor visual featureextraction: (a) Elevendetectedfacial featuresusingtheappearance-basedapproachof [79].
Two correspondingmouthregion-of-interestsof differentsizesandnormalizationarealsodepicted[44]. (b) Lip contourestimationusinga gradientvector�eld
snake (upper: the snake's external force �eld is depicted)and two parabolas(lower) [40]. (c) Threeexamplesof lip contourextraction usingan active shape
model[31]. (d) Detectionof faceappearance(upper)andshape(lower) usingactive appearancemodels[29].

ormouth-trackingalgorithmsrequiredfor theirextraction,but is
alsoa functionof videodataqualityandresourceconstraintsin
theaudio-visualspeechapplication.For example,only a crude
detectionof themouthregion is suf�cient to obtainappearance
visual features,requiringas little as tracking the faceandthe
two mouth corners. Suchstepsbecomeeven unnecessaryif
a properly head-mountedvideo camerais usedfor datacap-
ture,asin [46]. In contrast,a morecomputationallyexpensive
lip-tracking algorithmis additionallyrequiredfor shape-based
features,beinginfeasiblein videosthat containlow-resolution
faces.Needlessto say, robust trackingof the face,lips, or the
mouthregion is of paramountimportancefor utilizing theben-
e�t 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 interest in the litera-
ture [79–83]. In general,it constitutesa dif�cult problem,es-
pecially in caseswherethe background,headpose,andlight-
ing arevarying. Somereportedsystemsusetraditional image
processingtechniquesfor facedetection,suchascolorsegmen-
tation,edgedetection,imagethresholding,templatematching,
or motion informationin imagesequences[83], taking advan-
tageof thefactthatmany local facialsubfeaturescontainstrong
edgesandareapproximatelyrigid.

However, the most widely usedtechniquesfollow a sta-
tistical modelingapproachof faceappearanceto obtain a bi-
naryclassi�cationof imageregionsinto the faceandnon-face
classes. Suchregions are typically representedas vectorsof
greyscaleor color imagepixel intensitiesovernormalizedrect-
anglesof a pre-determinedsize, often projectedonto lower-
dimensionalspaces,andarede�ned overa “pyramid” of possi-
ble locations,scales,andorientationsin the image[79]. These
regions can be classi�ed using one or more techniques,such

as neuralnetworks, clusteringalgorithmsalongwith distance
metricsfrom thefaceor non-facespaces,simplelineardiscrim-
inants,supportvectormachines,andGaussianmixturemodels,
for example[79–81]. An alternative popularapproachusesa
cascadeof weak classi�ers instead,that are trainedusing the
AdaBoosttechniqueandoperateon local appearancefeatures
within theseregions [82]. Notice that if color information is
available, certainimageregions that do not containsuf�cient
numberof skin-tone like pixels can be eliminated from the
search[79].

Oncefacedetectionis successful,similar techniquescanbe
usedin a hierarchicalmannerto detecta numberof interesting
facial featuressuchas the mouthcorners,eyes,nostrils,chin,
etc. The prior knowledgeof their relative positionon the face
cansimplify thesearchtask.Suchfeaturesareneededto deter-
minethemouthregion-of-interest(ROI) andhelpto normalize
it by providing head-poseinformation.Additional lighting nor-
malizationis oftenappliedto theROI beforeappearance-based
featureextraction(seealsoFig. 2a).

Oncethe ROI is located,a numberof algorithmscan be
usedto obtain lip contourestimates.Somepopularmethods
for this taskaresnakes[84], templates[85], andactive shape
andappearancemodels[86]. A snake is an elasticcurve rep-
resentedby a setof control points,andit is usedto detectim-
portantvisual features,suchaslines, edges,or contours.The
snakecontrolpointcoordinatesareiterativelyupdated,converg-
ing towardsa minimumof theenergy function,de�ned on ba-
sisof curve smoothnessconstraintsanda matchingcriterionto
desiredfeaturesof the image[84]. Templatesare parametric
curvesthatare�tted to thedesiredshapeby minimizing anen-
ergy function,de�ned similarly to snakes.Examplesof lip con-
tour estimationusinga gradientvector �eld (GVF) snake and
two parabolictemplatesaredepictedin Fig. 2b [40].

In contrast,activeshapemodels(ASMs)arestatisticalmod-
els obtainedby performing a principal componentanalysis



(PCA) on vectorscontainingthe coordinatesof a training set
of pointsthat lie on theshapesof interest,suchasthe lip inner
andoutercontours(seealsoFig.2c). Suchvectorsareprojected
onto a lower dimensionalspacede�ned by the eigenvectors
that correspondto the largestPCA eigenvalues,representing
the axesof genuineshapevariation. Active appearancemod-
els (AAMs) arean extensionto ASMs that, in additionto the
shape-basedmodel,usetwo morePCAs:The�rst capturesthe
appearancevariationof theregionaroundthedesiredshape(for
example,of vectorsof imagepixel intensitieswithin the face
contours,asshown in Fig.2d),whereasthe�nal PCAis built on
concatenatedweightedvectorsof theshapeandappearancerep-
resentations.AAMs thusremove the redundancy dueto shape
andappearancecorrelation,andthey createa singlemodelthat
compactlydescribesshapeand the correspondingappearance
deformation.ASMsandAAMs canbeusedfor trackinglips or
othershapesby meansof thealgorithmproposedin [86]. The
techniqueassumesthat,givensmall perturbationsfrom theac-
tual �t of themodelto atargetimage,alinearrelationshipexists
betweenthe differencein the modelprojectionandimageand
therequiredupdatesto themodelparameters.Fitting themod-
elsto theimagedatacanbedoneiteratively, asin [29], or by the
downhill simplex method,asin [31]. Examplesof lip andface
contourestimationby meansof ASMs andAAMs aredepicted
in Figs.2c,d,respectively.

2.2 Visual Features

In the appearance-basedapproachto visual featureextraction,
the pixel-value based,low-level representationof the mouth
ROI is consideredasinformative for speechreading.SuchROI
is extractedby thealgorithmsdiscussedabove,andis typically a
rectanglecontainingthemouth,possiblyincluding largerparts
of thelowerface,suchasthejaw andcheeks[44], or couldeven
betheentireface[29] (seealsoFigs.2a,d).Sometimes,it is ex-
tendedinto a three-dimensionalrectangle,containingadjacent
frame ROIs, in an effort to capturedynamicspeechinforma-
tion [24]. Alternatively, theROI cancorrespondto a numberof
imagepro�les vertical to the estimatedlip contouras in [31],
or be just a discaroundthemouthcenter[23]. By concatenat-
ing theROI pixel values,a featurevector ��� is obtainedthat is
expectedto containmostvisualspeechinformation(seeFig.3).

Typically, however, thedimensionality
�

of theROI vector
�

� becomesprohibitively largefor successfulstatisticalmodel-
ing of the classesof interest,suchassub-phoneticclassesvia
hiddenMarkov modelsfor audio-visualASR [87]. For exam-
ple, in the caseof a 64 � 64 pixel greyscaleROI,

���

4096.
Therefore,appropriate,lower-dimensionaltransformationsof

��� areusedasfeaturesinstead.In general,a �	�

�

-dimensional
linear transformmatrix 
 is sought,suchthat the transformed
datavector �

�

�

���


 containsmost speechreadinginforma-
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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in this section:appearance-based(upper)andshape-basedfeatures(lower) that
mayutilize lip geometry, parametric,or statisticallip models.

numberof trainingROI vectors.Examplesof suchtransforms
arethe PCA, alsoknown as“eigenlips”, usedin the literature
for speechreading[22–24,31], visual TTS [54], and speaker
recognition[69], thediscretecosinetransform(DCT) [23–26],
thediscretewavelet transform(DWT) [24], lineardiscriminant
analysis(LDA) [44, 70], and the maximum likelihood linear
transform(MLLT) [44,72]. Often,suchtransformsareapplied
in a cascade[44,70]. Noticethatsomeareamenableto fastal-
gorithmic implementations.Coupledwith thefact thata crude
ROI extractioncanbeachievedby utilizing computationallyin-
expensivefacedetectionalgorithms,appearance-basedfeatures
allow visualspeechrepresentationin real time [46]. Their per-
formancehoweverdegradesunderintensehead-poseandlight-
ing variations[46].

In contrastto appearance-basedfeatures,high-level shape-
basedfeatureextractionassumesthatmostspeechreadinginfor-
mationis containedin the shape(inner andoutercontours)of
thespeakerlips,or moregenerally, in thefacecontours[29]. As
a result,suchfeaturesachieve a compactrepresentationof vi-
sualspeechusinglow-dimensionalvectors,andareinvariantto
headposeandlighting. However, in orderto ensuregoodper-
formance,their extraction requiresrobust lip-tracking, which
oftenprovesdif�cult andcomputationallyintensive in realistic
scenarios.

In general,high-level visual featuresaredivided into geo-
metricandmodel-based(seealsoFig. 3). Theformerrepresent
featuresthat aremeaningfulto humansandcanbe readily ex-
tractedfrom thelip innerandoutercontours,suchastheheight,
width, perimeter, and areawithin the contour. Suchfeatures
containsigni�cant visual speechinformation, and have been
successfullyusedin speechreading[32–38], visualspeechsyn-
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FIGURE 4. The facial animationcontrol points supportedby the MPEG-4
video representationstandard[88]. Facial animationparameters(FAPs) de-
scribethemovementof 68 of thesecontrolpoints.Thereexist tenFAP groups,
with groups8, 2, 6, and5 beingof interestin shape-basedvisualspeechfeature
extraction[40,52,73].

thesis[5, 54], andspeaker recognition[38]. Additional visual
featurescanbederivedfrom thelip contours,suchaslip image
momentsandlip contourFourierdescriptors,thatareinvariant
to af�ne imagetransformations[24,36]. Alternatively, high-
level visual featurescanbemodel-based,typically obtainedin
conjunctionwith oneof theparametricor statisticallip-tracking
algorithmsdiscussedearlier in Section2.1. In the parametric
approach,the templateparametersthat track the lips, or in the
samemanner, thetrackingsnake's controlpointsor radialvec-
tors,canbedirectlyemployedasvisualspeechfeatures[30,41].
Similarly, ASMs canbeusedasvisualfeaturesby applyingthe
modelPCAonthevectorof pointcoordinatesof thetrackedlip
contour[31,68].

In a related,recentlyintroducedapproach[40], a standard
parametrizationof the outer lip contourby meansof a subset
of facial animationparameters(FAPs) [88] is usedto provide
visual speechfeatures. FAPs describefacial movement,and

areusedin the MPEG-4audio-visualobject-basedvideo rep-
resentationstandardto control facial animation,togetherwith
theso-calledfacialde�nition parametersthatdescribethe face
shape.Thereexist 68 FAPs, divided into ten groups,depend-
ing ontheparticularregionof thefacethatthey arelocated(see
alsoFig. 4). Of particularinterestto visualspeechapplications
arethe“group 8” parameters,which describeouterlip contour
movement[40]. Additional speechinformationis containedin
“group 2” parametersthatcorrespondto inner lip andjaw mo-
tion, “group 6” onesthat describethe tongue,and lessso, in
cheekmovementcapturedby “group5” FAPs.

Clearly, appearance-and shape-basedvisual featuresare
quitedifferentin nature,codinglow- andhigh-level information
aboutthespeaker's faceandlip movements.Not surprisingly,
combinationsof featuresfrom both categorieshave beensug-
gestedin theliterature.In mostcases,featuresof eachtypeare
justconcatenated,asin [30,31],wherePCAappearancefeatures
arecombinedwith snake-basedfeaturesor ASMs,respectively.
A differentapproachto combiningthe two classesof features
is to createa singlemodelof faceshapeandappearanceusing
theAAM [86], discussedearlier. The �nal modelPCA canbe
appliedonthevectorof thetrackedshapeandits corresponding
appearancerepresentations,in order to provide a setof visual
features[29]. Finally, it is interestingto notethatfeaturesfrom
both categoriescanbe usedin a hierarchicalmanner. For ex-
ample,in the visual text-to-speechsynthesisreportedin [54],
visualunit selectionoccurson thebasisof theappearancerep-
resentationof candidatemouthshapeswithin a setdetermined
by their geometricshapefeatures(seealsoSection5.3).

In typicalspeech-basedHCI, visualfeaturesareusedin con-
junction with audiofeaturesobtainedfrom the acousticwave-
form. Such features,for example, could be mel-frequency
cepstralcoef�cients (MFCCs)or linear predictioncoef�cients
(LPCs),andaremostly extractedat a 100 Hz rate [1, 87]. In
contrast,visual featuresaregeneratedat themuchlower video
frameor �eld rate. They canhoweverbeeasilypost-processed
(up-sampled)by linear interpolationin orderto achieve audio-
visual featuresynchrony at the audio rate, and thus simplify
audio-visualintegrationasdiscussedin Section3 [44]. In addi-
tion to interpolation,anumberof visualfeaturepost-processing
methodsplay a critical role in enhancingthe performanceof
visual speechprocessingsystems. The most importantsuch
techniquesconcerncapturingthevisualspeechdynamics.Simi-
larly to audio-onlysystems,thiscanbeachievedby augmenting
the“static” (frame-based)visual featurevectorby its �rst- and
second-orderderivatives,whicharecomputedoverashorttem-
poral window centeredat the currentvideo frame[87]. Alter-
natively, a“dynamic” featurevectorcanbeobtainedby training
anLDA matrix to projecttheconcatenationof neighboringvi-
sualfeaturevectorsontoa lower-dimensionalspace[44]. LDA
canalsobefollowedby a featurespacerotationmatrix (MLLT)
to improve statisticalmodelingof the extractedfeatures[44].
Meannormalizationof the visual featurevectorcanalsocon-



1

24

9
frames

t
1

216

L D A
+

M L L T

1 216
1

60

1

60

1

101

10 msec
shift (100 Hz)

25 msec

t

M F C C
EXTRA -
CTION

1

24

t

+ FEATURE
MEAN

NORMALI-
ZATION

---

E [  ]

AUDIO

VIDEO

o a , t

o v , t

o a v , t

t

1 64
1

64

1

4096

D C T

1 4096
1

100

1

100

t

INTER-
POLATION
FROM 60

TO 100 Hz

1

100

t

+ FEATURE
MEAN

NORMALI-
ZATION

---

E [  ]

FACE  DETECTION
&  ROI  EXTRACTION

PROCESSING  AT  30  Hz

1

100

L D A
+

M L L T

1 100
1

30

1

30

15
frames

t 1

450

L D A
+

M L L T

1 450
1

41

1

41

VISUAL  FRONT  END

AUDIO  FRONT  END

VISUAL  FRONT  END

AUDIO  FRONT  END

(a) (b)

FIGURE 5. Two implementationsof visualfeatureextraction,depictedschematicallyin parallelwith theaudiofront end,asusedfor audio-visualASRexperiments
in thischapter:(a)Theappearance-basedvisualfront endsystemof IBM Research,alsoemployedfor bimodalspeaker recognition[72] andaudioenhancement[19];
(b) Theshape-basedsystemof NorthwesternUniversity [40], alsousedfor speech-to-videosynthesis[52] andaudio-visualspeaker recognition[73].

tribute to improved performance,by reducingvariability due
to illumination, for example. Finally, featureselectionwithin
a largerpool of candidatefeaturescanalsobe consideredasa
form of post-processing.A caseof suchselectionfor automatic
speechreadingappearsin [37].

In summary, a numberof approachesareviablefor extract-
ing andrepresentingvisual speechinformation. Unfortunately
however, limited only work exists in the literaturein compar-
ing their relative performance.Most suchcomparisonsare in
thecontext of automaticspeechreadingandaudio-visualASR,
wherefeatureswithin thesamecategory(appearance-or shape-
based)areusually investigated[23,24,27,29,37]. Occasion-
ally, featuresacrosscategoriesarecompared,but in mostcases
with inconclusive results[24,29,30,45]. Thus,thequestionof
what are the most appropriatevisual speechfeaturesthat are
suf�ciently speaker-independentand robust to visual environ-
ment and head-posevariation, remainsto a large extent un-
resolved. Nevertheless,as the resultsin subsequentsections
demonstrate,thespeci�c implementationsof bothappearance-
andshape-basedsystems,which areconsideredin this chapter
andreviewednext, suf�ce to bene�t anumberof speech-related
HCI technologiesunder somewhat constrainedvisual condi-
tions. In practice,factorssuchascomputationalrequirements,
video quality, andthe visual environmentcould determinethe
mostsuitableapproachin aparticularapplication.

2.3 Two Visual Feature Extraction Systems

In this chapter, we will be further consideringtwo particu-
lar implementationsof visual featureextraction,whenreport-
ing audio-visualspeechprocessingresults. The �rst is the
appearance-basedsystemdevelopedat IBM Research.Thesys-
temis depictedin Fig.5a,in parallelwith its complementaryau-
dio processingmodule,asusedfor providing time-synchronous

bimodalfeaturevectorsfor audio-visualASR[44]. With minor
modi�cations, it is alsousedfor audio-visualspeaker recogni-
tion [72] andnoisy audiofeatureenhancementassistedby the
visualobservations[19]. Giventhevideoof thespeaker's face,
the system�rst detectsthe faceand26 facial landmarkpoints
usingthestatisticaltrackingalgorithmof [79], thusallowing the
extractionof anormalized64 � 64-pixelgreyscaleROI (seealso
Fig. 2a). A two-dimensional,separableDCT is subsequently
appliedontheROI vector, andthetop100coef�cients (in terms
of energy) are retained. The featurevectordimensionalityis
furtherreducedto 30by meansof anintra-frameLDA / MLLT.
Following someof thepost-processingstepsdiscussedabove,a
41-dimensionaldynamicvisual speechvector �����

� is extracted
at eachtime instant

�

at a 100 Hz rate,synchronizedwith 60-
dimensionalMFCC-basedaudiofeatures���

�

� .

The secondsystem,developedat NorthwesternUniversity
(NWU), is shape-basedandusesa setof FAPs [88] asvisual
features(seeFig. 5b). The system�rst employs a templateto
track the speaker's nostrils, thusdeterminingthe approximate
mouthlocation. Subsequently, the outerlip contouris tracked
usingacombinationof aGVFandaparabolictemplate(seealso
Fig.2b). Following theouterlip contourdetectionandtracking,
tenFAPsdescribingtheouterlip shape(“group 8” FAPs [88])
areextractedfrom theresultinglip contour(seealsoFigs.3 and
4). Theseareplacedinto a featurevectorwhich is subsequently
projectedby meansof PCA onto a 2-dimensionalspace[40].
The resultingvisual featuresareaugmentedby their �rst and
secondderivativesproviding an 6-dimensionaldynamicvisual
speechvector �

���

� . Thesefeaturesareinterpolatedto the90Hz
framerateof 39-dimensional,MFCC-basedaudiofeatures[87].
The combinedfeaturesareusedfor a numberof audio-visual
speechapplicationssuch as ASR, speech-to-videosynthesis,
andspeaker-recognition[40,52,73].



3 Audio-Visual Inf ormation Fusion
————————————
The secondcritical issuein the designof audio-visualspeech
processingsystemsis the integrationof theavailablemodality
representations.In orderto justify thecomplexity andcostof in-
corporatingthevisualmodality into HCI, integrationstrategies
shouldensurethat the performanceof the multimodalsystem
exceedsthat of its single-modalitycounterpart,hopefully by
a signi�cant amount. For example,onewould expectthat the
transcriptionaccuracy of an audio-visualASR systemgreatly
surpassesthat of the audio-only system,especiallyin noisy
environments,or that audio-visualTTS is perceived as more
friendly, intelligible, and natural than a syntheticvoice-only
systemin subjectiveevaluationtests.In this section,we review
themainconceptsandtechniquesthatareessentialto successful
audio-visualintegrationin speech-basedHCI.

In this chapter, we are interestedin a numberof diverse
bimodal technologies,with main emphasison ASR, text-to-
speech,and speaker recognition. Clearly, the characteristics
andrequirementsof eachtechnologydiffer signi�cantly, there-
fore it is naturalthat,amongthem,sodo themodality integra-
tion methods. Nevertheless,a numberof themesare similar
in at leastsomeof the technologies,thusallowing a common
framework in their review. For example,centralto ASR, text-
to-speech,and text-dependentspeaker recognitionalgorithms
is thenotion of speechclassesunderlyingthe acousticandvi-
sual representations.Of course,different typesof classesare
requiredfor a numberof otheraudio-visualapplications,such
as the generalspeaker recognitionproblem, emotion detec-
tion, audio-visuallocalization,etc. Thesecondcommontheme
acrossthetechnologiesof interestis theissueof combiningthe
acousticandvisualfeaturestreamsusingclassi�ersdesignedto
outperformtheir single-modalitycounterparts.The choiceof
classi�ers andalgorithmsfor featureand classi�er fusion are
clearly centralto the designof audio-visualASR andspeaker
recognitionsystems,amongothers.Finally, techniquesfor ex-
ploiting thecorrelationbetweenthetwo signalsarealsoof inter-
est,andin this chapterareconsideredin thecontext of speech-
to-videosynthesis,discussedin Section5.4.

3.1 SpeechClassesin Audio-Visual Integration

Thebasicunit thatdescribeshow speechconveys linguistic in-
formation is the phoneme.For AmericanEnglish, thereexist
approximately42 suchunits [89], generatedby speci�c posi-
tions or movementsof the vocal tract articulators. However,
sinceonly a small part of the vocal tract is visible, not every
phonemepair canbe disambiguatedby the video information
alone. The numberof visually distinguishableunits is there-
fore much smaller. Suchunits are referredto as visemesin
the audio-visualspeechprocessingand humanperceptionlit-
erature[9,10,16].

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

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

Visemeclass Phonemesin cluster

/ao/,/ah/,/aa/,/er/, /oy/, /aw/, /hh/
Lip-rounding /uw/, /uh/, /ow/
basedvowels /ae/,/eh/,/ey/, /ay/

/ih/, /iy/, /ax/
Alveolar-semivowels /l/, /el/, /r/, /y/
Alveolar-fricatives /s/, /z/
Alveolar /t/, /d/, /n/, /en/
Palato-alveolar /sh/,/zh/, /ch/, /jh/
Bilabial /p/, /b/, /m/
Dental /th/, /dh/
Labio-dental /f/, /v/
Velar /ng/, /k/, /g/, /w/

cursin themouth,andhow mouthparts,suchasthelips, teeth,
tongue,andpalate,moveduringspeecharticulation.As aresult,
many consonantphonemeswith identical“manner”of articula-
tion, whicharethereforedif�cult to distinguishbasedonacous-
tic informationalone,maydiffer in theplaceof articulation,and
thusbevisually identi�able; for example,thetwo nasals/m/ (a
bilabial)and/n/ (analveolar).In contrast,phonemes/m/ and/p/
areeasierto perceive acousticallythanvisually, sincethey are
bothbilabial,but differ in themannerof articulation,instead.

Variousmappingsbetweenphonemesandvisemescanbe
found in the literature. In general,they arederivedby human
speechreadingstudies,but they canalsobegeneratedusingsta-
tistical clusteringtechniques[37]. Thereis no universalagree-
mentaboutthe exact groupingof phonemesinto visemes,al-
thoughsomeclustersarewell-de�ned; for example,thebilabial
group � /p/, /b/, /m/ � . All its threemembersarearticulatedat the
sameplace(lips), thusappearingvisuallythesame.A particular
phoneme-to-visemegroupingis depictedin Table1 [44].

In audio-onlyspeechapplications,thesetof classesof inter-
estin technologiessuchasASR,text-dependentspeaker recog-
nition, andTTS mostoftenconsistof sub-phoneticunits. Such
classesare designedby clusteringthe possiblephoneticcon-
texts (tri-phones,for example)by meansof a decisiontree,to
allow coarticulationmodeling[87,89]. Occasionally, sub-word
units areemployed in speci�c, small-vocabulary tasks. Natu-
rally therefore,in visualspeechapplicationsonecouldconsider
visemic sub-phoneticclasses,obtainedfor example by deci-
sion treeclusteringbasedon visemiccontext. Indeed,visemic
classeshave beenoccasionallyusedin ASR [32, 43], and of
courseplay a centralrole in visualsynthesissystems(seeSec-
tion 5). However, theuseof differentclassesfor theaudioand
visual componentscomplicatesaudio-visualintegration,espe-
cially in ASRandtext-dependentspeaker-recognition.For such



applications,identicalclassesareusedfor bothspeechmodali-
ties,mostoftensub-phoneticclasses.

3.2 Classi�ers in SpeechApplications

In typical speechtechnologiesdiscussedin this chapter, the
classesof interestarehidden.We denotesuchunknown classes
by ����� . For example,in thecaseof ASR, � representsasetof
sub-phoneticor sub-wordunits,asdiscussedabove. Classi�ca-
tion of a sequenceof suchunitsgivesriseto recognizedwords,
basedon a phoneticdictionary for the ASR task vocabulary.
In thesynthesissystemsdiscussedin Section5, set � cancon-
tainall candidateconcatenativeunits,or describeasetof quan-
tizedrepresentationsof thesignaltobesynthesized.Forspeaker
identi�cation, � correspondsto theenrolledsubjectpopulation,
possiblyaugmentedby a classdenotingthe unknown subject,
whereasfor authentication,� reducesto a two-memberset. In
theparticularcaseof text-dependentspeaker recognition,� can
beconsideredastheproductspacebetweenthesetof speakers
andthesetof phoneticbasedunits.

Thehiddenclassesareobservedonly throughthesignalrep-
resentation,namelya seriesof extractedfeaturevectors. We
denotesuchvectorsby ��� �

� , andtheirsequenceoveraninterval
�

by �	�

�

���
� �

���

�

�

�

� , where 
���� denotestheavailable
modality;for example�

�

���

�������

� , in thespeaker-recognition
systemof [74], that is basedon audio,visual-labial,andface-
appearanceinput.

A numberof methodscan then be usedto model the as-
sociationbetweenthe unknown classesand the observed fea-
turevectors.Most suchapproachesarestatisticalin natureand
provide a conditionalprobability measurefor ����� �

� �

���

� � or
���!�"�

�

�
� �

�

� ; for example,arti�cial neuralnetworks (ANNs),
used for automatic speechreadingin [22, 23, 33] and vi-
sual speechsynthesisin [51,61], or supportvector machines
(SVMs), as in [43]. Alternatively, the spaceof possibleob-
servation vectorsis discretizedthroughthe processof vector
quantization(VQ), as in [39,62]. Then, the statisticalmodel
providesconditionalprobabilitiesof theform ���#�%$�� � � �

�

�

�

� � ,
where$!�'&"� belongsto adiscretesetof codebooks.

In mostpracticalcasesthough,a Gaussianmixturedensity
is assumed,namely
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resultingin the Gaussianmixture model(GMM) classi�er. In
(1), >�� � 7 denotesthenumberof mixtureweights
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0 , which
arepositiveandaddto one,and8
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� representsamulti-
variatenormaldistributionwith mean ; andacovariancema-
trix = , typically consideredasdiagonal. Emissionprobability
model(1) is thereforedescribedby parametervector
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for aparticularmodality 
 .

This modelis suf�cient to addressproblemswherea single
underlyingclass� is assumedto generatetheentireobservation
sequence��� , andconditionalindependenceof theobservations
holds.This is thecasein mosttext-independentspeaker recog-
nition systems,for example.Themodelthenallowsmaximum-
a-posterioriestimationof theunknown class,as
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where �����W�X� denotestheclassprior.
Model (3) is however inappropriatefor applicationswhere

a temporalsequenceof interactingstatesis assumedto gener-
ate the seriesof observations,as is the casein ASR, speech
synthesis,andtext-dependentspeaker recognition.There,hid-
denMarkov models(HMMs) are widely used. In generating
the observed sequencein modality 
 , the HMM assumesa
sequenceof hiddenstatessampledaccordingto the transition
probability parametervector ] �

�

B �^���!�%�X_

�

�X_ _��

�

�X_

�

�`_ _^�a� �

D .
Thestatessubsequently“emit” theobservedfeatureswith class-
conditionalprobabilitygivenby (1). TheHMM parametervec-
tor b �

�

B<] �

�

?

�

D is typically estimatediteratively, usingthe
expectation-maximization(EM) algorithm[87,89], as
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In (4), �
� consistsof all featurevectorsin thetrainingset,and

l

�'&

�

&

�

&"� representsthe EM algorithm auxiliary function, de-
�ned asin [89]. Alternatively, discriminative trainingmethods
can be used[89]. Oncethe model parametersare estimated,
HMMs canbeusedto obtainthehiddenclassesof interest,also
known asthe“optimal statesequence”t

�
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� , given
anobservationsequence�u� over interval
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In practice,theViterbi algorithmis usedfor solving(5), based
ondynamicprogramming[87,89].

3.3 Feature and Classi�er Fusion

The above presentationassumesthat only one observation
stream,�
� �

� , is provided. In practicalaudio-visualspeechap-
plicationsthough,multiple streamsareavailable,which result
in multimodalobservations �

�

�

� �
� �

�
�


}�~� � , assuming
time-synchronousstreamfeaturerepresentations;for example,
in thecaseof audio-visualASR, ���

���

�

�

B � �
�

�
�

�
���

�

D . As al-
readymentioned,integratingsuchmultimodalinformationinto
systemsthatoutperformtheirsingle-modalitycounterpartscon-
stitutesa majorfocusof audio-visualspeechresearch.



(a)

(b)

FIGURE 6. Block diagramsof the (a) featurefusion and(b) decisionfusion
approachesto audio-visualintegration.

Indeed,various information fusion algorithmshave been
consideredin theliterature,differingbothin their basicdesign,
aswell asin theterminologyused[8,21,35,44,47]. In this pa-
per, we adopta broadgroupingof suchtechniquesinto feature
fusion and decisionfusion methods[44]. The �rst are based
on traininga singleclassi�er on themultimodalfeaturevector

�

� , or on any appropriatetransformationof it [34,35,44]. In
contrast,decisionfusionalgorithmsutilize eachsingle-modality
classi�er output to jointly estimatethe hiddenclassesof in-
terest. Typically, this is achieved by linearly combining the
class-conditionalobservation log-likelihoodsof the individual
classi�ers into a joint audio-visualclassi�cation score,using
appropriateweightsthat capturethe reliability of eachsingle-
modalityclassi�er, or datastream[21,28,31–33]. Thetwo ap-
proachesareschematicallydepictedin Fig. 6, in thecaseof one
observation streamavailable for eachof the audio and visual
modalities.

Audio-visualfeaturefusiontechniquesincludeplain feature
concatenation[34], featureweighting[35,47], bothalsoknown
asdirect identi�cation fusion [35], aswell as the “dominant”
and“motor” recordingfusion [35]. The latter seeka data-to-
datamappingof eitherthevisual featuresinto theaudiospace,
or of bothmodality featuresto a new commonspace,followed
by linear combinationof the resultingfeatures.Audio feature
enhancementonthebasisof audio-visualfeatures(for example,
usingregression,asin [18]) alsofallswithin thiscategoryof fu-
sion.Anotherinterestingfeaturefusiontechnique,proposedfor
audio-visualASRin [44], seeksadiscriminantprojectionof the
concatenatedbimodal vector � �

���

� onto a lower-dimensional
spacefor improvedstatisticalmodeling. The projectedvector

���
�

�

�

� �
���

�


 �
� is modeledusingthesingle-streamHMM of

(1) and(6), where 
 �
� is a cascadeof anLDA projectionand

MLLT rotation(seealsoSection2.3).
Althoughmany featurefusiontechniquesresultin improved

systemperformance[44], they cannotexplicitly modelthereli-
ability of eachmodality. Suchmodelingis extremelyimportant,
dueto thevaryingspeechinformationcontentof theaudioand
visual streams. The decisionfusion framework, on the other

hand,providesamechanismfor capturingthesereliabilities,by
borrowing from classi�er combinationtheory, anactive areaof
researchwith many applications[90].

Variousclassi�ercombinationtechniqueshavebeenconsid-
eredfor audio-visualspeechapplications,including for exam-
ple a cascadeof fusionmodules,someof which possiblyusing
only rank-orderclassi�er informationaboutthehiddenclasses
of interest[20,32]. However, by far the mostcommonlyused
decisionfusion techniquesbelongto theparadigmof classi�er
combinationusingaparallelarchitecture,adaptivecombination
weights,andclassscorelevel information. Thesemethodsde-
rive themostlikely hiddenclassby linearly combiningthelog-
likelihoodsof thesingle-modalityclassi�er decisions,usingap-
propriateweights[28,31,34–36]. Thiscorrespondsto theadap-
tive productrule in the likelihooddomain[90], and it is also
known astheseparateidenti�cation modelfor audio-visualfu-
sion[32,35].

In themostcommonapplicationof this approachto audio-
visual speechsystems,the combinationoccursat the observa-
tion framelevel, resultingin themultimodalclass-conditional
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for all hiddenclasses� �G� . Notice that (7) doesnot repre-
senta probabilitydistribution in general,andshouldbeviewed
as a “score”, when usedin conjunctionwith (3) and (5). In
(7),

�

� � 7 �

� denotethestreamexponents(weights),thatarenon-
negative,andmodelstreamreliability asa functionof modality


 , state � , andutteranceframe (time)
�

. Theseare typically
constrainedto sum to oneor �

�

� , andare often set to global,
modality-onlydependentvalues,

�

���

�

� � 7 �

� , for all � and
�

.
Joint model (7) canbe used,for example,in audio-visual

speaker recognitionin conjunctionwith the GMM of (1) and
(3), asin [72,73], aswell asfor audio-visualASR [25,28,31],
resultingin theso-calledmulti-streamHMM (seealso(1) and
(6)). Notice that (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.
Theapproachis referredto as“hybrid” fusion.

Training the parametersof (7) requiresadditional steps,
comparedto (4). For example,in theparticularcaseof two ob-
servationstreams(audioandvisual),eachmodeledby asingle-
streamHMM classi�er with identicalsetof classes,themulti-
streamHMM parametervectorbecomes(seealso(1), (2), and
(7))
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� of its single-stream
components.Theparametersof b �

� canbeestimatedseparately
for eachstreamcomponentusing the EM algorithm, namely
(4) for 
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��� , andsubsequently, by possiblysettingthe joint
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FIGURE 7. (a) Phone-synchronoustwo-streamHMM with threestatesper
phoneandmodality. (b) Its equivalentproductHMM; thesingle-streamemis-
sionprobabilitiesaretied for statesalongthesamerow (column)to thecorre-
spondingaudio(visual)stateprobabilitiesof form (1).

HMM transitionprobabilityvectorequalto theaudio-one,i.e.,
] � �

�

] � . Thealternative is to jointly estimateparametersb � � ,
in order to enforcestatesynchrony in training. In the latter
scheme,theEM basedparameterre-estimationbecomes[87]
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(seealso(4)). The two approachesthusdiffer in theE-stepof
the EM algorithm. In both separateand joint HMM training,
in additionto b

�
� , thestreamexponents

�

� and
�

� needto be
obtained.This canbe performedusingdiscriminative training
methods,simple parametersearchon a grid, or mappingsof
signalqualitymeasuresto exponentvalues[25,28,33–35,44].

Finally, of particularinterestto audio-visualASRis thelevel
at which the streamlog-likelihoodsarecombined.The useof
HMMs allows likelihoodrecombinationat a coarserlevel than
the HMM state,for exampleat the phoneor word boundary.
Productor coupledHMMs aretypically employedfor thetask,
as in [26,31,44]. Suchmodelsallow state-level asynchrony
betweentheacousticandvisualobservationswithin thephone
or word, forcing their synchrony at theunit boundariesinstead.
ProductHMMs consistof compositeaudio-visualstates,asde-
pictedin Fig. 7, thusresultingin amuchlargerstatespacecom-
paredto multi-streammodelsfusedat thestatelevel, asin (7).
To avoid undertraining,the single-streamemissionprobability
componentsof theobservationclass-conditionalsaretiedalong
identicalvisualandaudiostates(seealsoFig. 7).

Audio and visual recognitionlog-likelihoodscan also be
combinedat theutterancelevel. Thisapproachcaneasilybeap-
plied on small-vocabulary tasks,wherelikelihoodscanbe cal-
culatedfor eachword, basedon theacousticandvisual obser-
vations.However, thenumberof possiblehypotheseson large-
vocabulary and continuousspeechrecognitiontasksbecomes
prohibitively large.In suchcases,recombinationis usuallylim-
ited to � -besthypotheses,generatedeitherby the audio-only
systemor obtainedasthe union of audio-andvisual-only � -
besthypotheses.Thesearethenrescoredby combiningthelog-
likelihoodsgeneratedusingaudioandvisualHMMs [34,36].

FIGURE 8. Block diagramof anaudio-visualASR system.

4 Audio-Visual Automatic Speech
Recognition

————————————
As discussedin the Introduction,visual speechplays an im-
portantrole in humanspeechperception,improving speechin-
telligibility especiallyin noise[9–11]. A numberof reasons
werecited there,the most importantbeingthe fact that visual
speechinformation containsboth correlatedand complemen-
tary informationto the acousticsignal. Not surprisingly, such
informationcanbe bene�cial to automaticspeechrecognition
aswell. Incorporatingvisual speechinformation into ASR is
generallyviewed asa very promisingapproachfor improving
speechrecognitionrobustnessto noise[1,2], andbridging the
gapbetweenhumanandautomaticperformance[3]. Naturally
therefore,signi�cant researchhasrecentlyfocusedin this area.

In 1984,Petajan[20] developedthe �rst audio-visualASR
system. He usedimagethresholdingto obtain binary mouth
imagesfrom theinputvideo,whichweresubsequentlyanalyzed
to derivemouthheight,width, perimeter, andarea,to beusedas
visual featuresin speechrecognition.He �rst reportedvisual-
only speechrecognitionresultsof isolatedwordswithin a 100-
wordvocabulary, usingdynamictimewarping[89]. In addition,
he combinedthe acousticand visual speechrecognizersin a
serialfashionto improveASR performance:Thevisualspeech
systemwas usedto rescoreseveral � -bestword hypotheses,
asobtainedby audio-onlyASR, in order to generatethe �nal
bimodalrecognitionresult.

A numberof researchershave developedaudio-visualASR
systemssince[20–47]. Theirsystemsvaryin anumberof areas,
whichhavebeendiscussedin detailin Sections2 and3. In sum-
mary, variationscanbe found in: the visual front enddesign,
with someworksadoptingappearance-basedfeatures[22–31],
whereasotherresearchersconsideringshape-basedtechniques
[30–39], or evencombinationsof the two approaches[29–31];
thechoiceof classesusedin therecognitionprocess,for exam-
ple sub-phonetic[29,40,44], sub-word [28,31,34], or viseme-
based[32,43]; theemployedrecognitionmethod,suchasANNs
[22,23,33], SVMs [43], simpleweighteddistancesusedwith
VQ [20], andHMMs with variousemissionprobability mod-
els [29, 31,36,39,44]; and �nally , the approachof integrat-
ing theaudioandvisualobservationstreams,generallygrouped



FIGURE 9. Exampleframesfrom the four IBM audio-visualASR corpora
discussedin Sections4.1and4.2.Top-to-bottom:Full-facedatacollectedin the
studio-like, of�ce, andcarenvironments;Bottomline: ROI-only datacaptured
by aspeciallydesignedheadset[46].

into featurefusion [34, 35,44,47] and decisionfusion meth-
ods [25, 26,28,31–36]. Overall, the reportedbimodal sys-
temsshow improvedperformancecomparedto audio-onlyASR
for the recognitiontasksconsidered:Sucharetypically small-
vocabulary tasks,for exampleisolatedwords [31], connected
digits [28], or closed-setsentences[37], with large-vocabulary
tasksrecentlyreported[40,44].

In the remainderof the section, we brie�y review cor-
pora commonlyusedfor audio-visualASR research,and we
presentexperimentalresultson someof them using the IBM
andNWU systems,previously discussedin Section2.3. These
resultsclearly demonstratethe bene�t of incorporatingthe vi-
sualmodalityinto ASR.

4.1 Bimodal Corpora for ASR

In contrastto theabundanceof audio-onlycorpora,thereexist
only a few databasessuitablefor audio-visualASR research.
This is becausethe �eld is relatively young, but also due to
the fact that audio-visualcorporaposeadditional challenges
concerningdatabasecollection, storage,distribution, and pri-
vacy. Most commonlyuseddatabasesin 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 short duration,
and mostly addresssimple recognitiontasks,such as small-
vocabulary ASR of isolatedor connectedwords [8, 21]. Ex-
amplesof suchpopulardatasetsin audio-visualASR research
aretheCUAVE corpuscontainingconnecteddigit strings[36],
theAMP/CMU databaseof 78 isolatedwords[47], theTulips1
set of four isolateddigits [27], and the digit portion of the
(X)M2VTS corpora,moreoftenusedin speakerrecognitionex-
periments(seeSection6). Additionaldatasetsexist thataresuit-

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

Clean Noisy

Database VI AU AV % AU AV %

Studio 27.44 0.84 0.66 21 24.56 10.66 58
Of�ce 43.33 2.51 1.96 22 24.91 14.73 41

Car 68.75 2.83 2.38 16 25.89 16.22 37
Headset 21.35 1.33 0.94 29 25.23 7.92 69

able for recognitionof isolatednonsensewords consistingof
vowel-consonantcombinations[34], connectedletterstringsin
English[28] andGerman[22,23], aswell ascontinuouslarge-
vocabularyspeech[37] (seealso[40,91]).

A numberof proprietarycorporahavealsobeenrecordedby
many groups,includingrecentwork at IBM Research[44,46].
There, a number of databaseshave been collected contain-
ing largesubjectspopulations(50–290subjects),utteringboth
large-vocabulary speechandconnected-digitstrings[46]. The
corporahave beenrecordedin four differentaudio-visualcon-
ditions, in order to benchmarkthe performanceof the IBM
appearance-basedvisual front end. Threeof the setscontain
frontal full-f acevideos,and correspondto increasinglymore
challengingvisual domains:The �rst wascollectedin a quiet
studio-like environment,usinga high-qualitycamera,uniform
lighting and background,and relatively stablefrontal subject
headpose. The secondcorpuswas recordedusinga portable
collection systemon a laptop, with quarter-frame resolution
video capturedvia an inexpensive web-camandaudioby the
built-in PC microphone.The databasesubjectsweretypically
recordedin theirown of�ces with varyinglighting,background,
andheadpose. The third setwas recordedin an automobile,
both stationaryand moving at approximately30 or 60 mph,
thatwasequippedwith a widebandmicrophoneanda lipstick-
style camera. Comparedto the previous two databases,the
lighting, background,andheadposevary signi�cantly, there-
fore this databaserepresentsthemostchallengingset. Finally,
in order to study the bene�ts of direct visual ROI capture,a
fourthsetwasrecordedby meansof aspeciallydesignedaudio-
visualwearableheadsetwith an infraredcamerahousedinside
its boom. This device provideshigh-qualityvisual dataof the
mouthROI, beingrelatively insensitive to head-poseandlight-
ing variations[46]. The video framerateof all corporais 30
Hz, and– with theexceptionof theof�ce data– theresolution
is 704� 480pixels. Typical framesof all four setsaredepicted
in Fig. 9.
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FIGURE 10. Large-vocabulary, audio-visualASR resultsusingtheIBM (left) andNWU (right) systems.In bothcases,audio-onlyandaudio-visualWER,%, are
depictedvs.audiochannelSNRfor HMMs trainedin matchednoiseconditions.Theeffective SNRgainsarealsoshown with referenceto theaudio-onlyWERat10
dB. Noticethattheaxesrangesin thetwo plotsdiffer. In moredetail: (a) In theIBM system,appearance-basedvisualfeaturesarecombinedwith audiousingthree
differenttechniques.Reportedresutsareon theIBM, studio-qualitydatabase[44]. (b) In theNWU system,shape-basedvisualfeaturesusingouter-, inner-only, or
bothlip-contourFAPsarecombinedwith audiofeaturesby meansof decisionfusion.Reportedresutsareon theBernsteinlip-readingcorpus[91].

4.2 Experimental Results

We now proceedto experimentallydemonstratethe bene�t of
visual speechto ASR. In the �rst setof experiments,the IBM
appearance-basedaudio-visualASR system(seealsoFig. 5a)
with two-streamHMM-baseddecisionfusion is appliedto the
four corporadepictedin Fig. 9. A numberof connected-digits
recognitionresultsarereportedin Table2 in termsof word er-
ror rate(WER), %, usinga multi-speaker training-testingsce-
nario. In addition to visual-only recognition,audio-onlyand
audio-visualASR resultsaredepictedfor two acousticcondi-
tions: The original recordedaudio,aswell asarti�cially cor-
ruptedaudioby non-stationarybabblespeechnoise.Thenoise
level variesperdatabase,with theexperimentdesignedto result
in audio-onlyWER of about25%for all four corpora.In addi-
tion to theWERresults,theapproximaterelative% reductionin
WER,achievedby incorporatingthevisualmodalityinto ASR,
is shown for bothacousticconditions.

Table2 demonstratestwo majorpoints[46]: First, that the
ASRgainsdueto visualspeecharelarge,evenfor therelatively
cleanacousticconditionsof theoriginaldata.Suchbene�tsbe-
comedramaticat high noiselevels,reachingfor examplea rel-
ative 69%WER reductionfor theheadsetdata.It is interesting
to notethatthesegainsholdeventhoughthevisual-onlyperfor-
manceis signi�cantly worsethanaudio-onlyASR(for example,
15 to 25 timesworsein WER for theparticulartasks).Second,
as the visual environmentbecomesmore challenging,due to
head-poseandlighting variation,bothvisual-onlyperformance
andASR gainsdegrade.For example,thevisual-onlyWER is

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

The above observationscarry throughto large-vocabulary
ASR aswell. This is partially demonstratedin Fig. 10a,where
speaker-independent,large vocabulary ( � 10k words) contin-
uous speechrecognition resultsare depictedfor the studio-
quality databaseusingthreefusion techniquesfor audio-visual
ASR over a wide rangeof acousticsignal-to-noise-ratio(SNR)
conditions. The bestresultsare obtainedby a hybrid fusion
approachthat usesthe two-streamHMM (AV-MS) framework
to combineaudiofeatureswith fusedaudio-visualdiscriminant
features(AV-Discr.), achieving for examplean 8 dB “effective
SNR” performancegainat10dB, asdepictedin Fig. 10a[44].

Similar conclusionsare reachedwhen using the NWU
audio-visualASR systemthatemploys shape-basedvisual fea-
tures,obtainedby PCA on FAPsof theouterandinnerlip con-
tours [40, 45] (seealso Section2.2). A summaryof single-
speaker, large-vocabulary ( � 1k words) recognitionexperi-
mentsusingtheBernsteinlipreadingcorpus[91] is depictedin
Fig. 10b. There,audio-onlyWER, %, is comparedto audio-
visual ASR performanceover a wide rangeof acousticSNR
conditions(0–30dB), obtainedby corruptingthe original sig-
nalwith whiteGaussiannoise.It canbeclearlyseenin Fig.10b
that considerableASR improvementis achieved, comparedto
theaudio-onlyperformance,for all noiselevelstestedwhenvi-
sualspeechinformationis utilized. Of particularinterestis to
comparesuchgainswhenusingFAPsextractedfrom the inner
andouterlips. Fig. 10bdemonstratesthatinner-lip FAPs,when



usedasvisual featuresdo not provide asmuchspeechreading
informationastheouter-lip FAPs. However, whenboth inner-
andouter-lip FAPsareusedasvisualfeatures,theperformance
of theaudio-visualASRsystemimprovesascomparedto when
only the outer-lip FAPs areused[40]. Note that theseresults
areconsistentwith investigationsof innervs.outerlip geomet-
ric visualfeaturesfor automaticspeechreading[24].

5 Audio-Visual SpeechSynthesis
————————————
Audio-visualspeechsynthesisis a topic at the intersectionof
a numberof areasincluding computergraphics,computervi-
sion, imageandvideoprocessing,speechprocessing,physiol-
ogy, and psychology. Audio-visual speechsynthesissystems
automaticallygenerateeithervoice and facial animationfrom
arbitrarytext (audio-visualTTS,or visualTTS (VTTS)), or fa-
cial animationfrom arbitraryspeech(speech-to-videosynthe-
sis). A view of an animatedface,be it text- or speech-driven,
cansigni�cantly improveintelligibility of bothnaturalandsyn-
thetic speech,especiallyundernon-idealacousticconditions.
Moreover, facialexpressionsandprosodicinformationcansig-
nalemotions,addemphasisto speech,andsupportdialoginter-
action.

Audio-visualspeechsynthesissystemshave numerousap-
plications related to human communicationand perception,
including tools for the hearingimpaired, multimodal virtual
agent-baseduserinterfaces(desktopassistants,email messen-
gers, newscasters,online shoppingagents,etc.), computer-
basedlearning,net-gaming,advertising,andentertainment.For
example, facial animation generatedfrom telephonespeech
by a speech-to-videosynthesissystemcould greatly bene�t
the hearingimpaired,while an email servicethat transforms
text andemoticons(facial expressionscodedinto a certainse-
ries of keystrokes) from text into an animatedtalking face
could personalizeand improve the email experience. Audio-
visual speechsynthesisis alsosuitablefor wirelesscommuni-
cationapplications.Indeed,somefaceanimationtechnologies
have very low-bandwidthtransmissionrequirements,utilizing
a small numberof animationcontrol parameters.New mobile
technologystandardsallow large-bandwidthmultimediaappli-
cations,thusenablingthe transmissionof full syntheticvideo,
if desired.

Two critical topicsin thedesignandperformanceof audio-
visualspeechsynthesissystemsaremodelingthespeechcoar-
ticulation and the animationof the face. Variousapproaches
exist in the literaturefor addressingtheseissues,andarepre-
sentedin detailin thenext two sections.Following their review,
VTTS andspeech-to-videosynthesisarediscussed,andevalu-
ationresultsof thevisualspeechsynthesissystemdevelopedat
NWU arepresented.

5.1 Coarticulation Modeling

Coarticulationrefersto changesin speecharticulation(acoustic
or visual) of the currentspeechsegment(phonemeor viseme)
due to neighboringspeech. In the visual domain, this phe-
nomenonarisesbecausethe visual articulatormovementsare
affectedby the neighboringvisemes.Addressingthis issueis
crucial to visualspeechsynthesis,since,in orderto achieve re-
alistic facial animation,the dynamicpropertiesand timing of
the articulatorymovementsneedto be proper. A numberof
methodshavebeensuggestedin theliteratureto modelcoartic-
ulation. In general,they canbe classi�ed into rule-basedand
data-basedapproaches,andarereviewednext.

Techniquesin the �rst category de�ne rules to control
the visual articulators for each speechsegment of interest,
which could be phonemes,bi-, or tri-phones. For exam-
ple, Löfquist proposedan “articulatory gesture”model [92].
He suggestedutilizing dominancefunctions,de�ned for each
phoneme,which increaseanddecreaseover time duringarticu-
lation, in order to model the in�uence of the phonemeon the
movementof articulators. Dominancefunctionscorrespond-
ing to the neighboringphonemeswill overlap, therefore,ar-
ticulation at the currentphonemewill dependnot only on the
dominancefunctioncorrespondingto thecurrentphoneme,but
alsoon the onesof the previous and following phonemes.In
addition, it is proposedthat eachphonemehasa setof domi-
nancefunctions,onefor eacharticulator(lips, jaw, velum, lar-
ynx, tongue,etc.), becausethe effect of different articulators
on neighboringphonemesis not the same. Dominancefunc-
tionscorrespondingto variousarticulatorsmaydiffer in offset,
duration,andmagnitude. In [49], CohenandMassaroimple-
mentedLöfqvist's gesturaltheoryof speechproduction,using
negativeexponentialfunctionsasageneralform for dominance
functions. In their system,the movementof articulatorsthat
correspondto a particularphonemeis obtainedby spatiallyand
temporallyblending(usingdominancefunctions)the effect of
all neighboringphonemesunderconsideration.In other rule-
basedcoarticulationmodelingapproaches,Pelachaudetal. [56]
clusteredphonemesinto visemeswith differentdeformability
ranks,while Breenet al. [57] directly usedcontext in theunits
employed for synthesis,by utilizing static context-dependent
visemes. Overall, rule-basedmethodsallow for incremental
improvementsby re�ning thearticulationmodelsof particular
phonemes,whichcanbeadvantageousin certainscenarios.

In contrastto rule-basedtechniques,data-basedcoarticu-
lation modelsare derived after training (optimizing) a num-
berof modelparameterson anavailableaudio-visualdatabase.
Varioussuchmodelshave beenconsideredfor this purposein
the literature,for exampleANNs andHMMs [51,52]. Data-
basedcoarticulationmodelscanalsobe obtainedusinga con-
catenative approach[53,54], wherea databaseof video seg-
mentscorrespondingto context-dependentvisemesis created
usingthephoneme-level transcriptionof a trainingaudio-visual
database.The main advantageof data-driven methodsis that



they cancapturesubtledetailsandpatternsin the data,which
aregenerallydif�cult to modelby rules. In addition,retraining
for a differentspeaker or languagecanbe automated.Several
approachesfor generatingvisual speechparametersfrom the
acousticspeechrepresentationusingdata-drivencoarticulation
modelshavebeeninvestigatedin theliterature[51–54].

5.2 Facial Animation

The faceis a complex structureconsistingof bones,muscles,
blood vessels,skin, cartilage,etc. Developinga facial anima-
tion systemis thereforeaninvolvedtask,requiringaframework
for describingthegeometricsurfacesof theface,its skin color,
texture,andanimationcapabilities.Severalcomputerfacialan-
imationsystemshavebeenreportedin theliterature,thatcanbe
classi�ed asmodel-based(alsoknown asknowledge-based)or
image-based.

In the model-basedfacial animationapproach,a face is
modeledasa 3D object,andits structureis controlledby a set
of parameters.The approachhasbecomepopulardue to the
MPEG-4facial animationstandard[88], andit consistsof the
following threesteps:designingthe 3D facial model; digitiz-
ing a 3D mesh;andanimatingthe 3D meshto simulatefacial
movements.In the�rst step,a3D modelthatcapturesthefacial
geometryis created. Most modelsdescribethe facial surface
usinga polygonalmesh(seealsoFig. 11a).This methodis fre-
quentlyuseddue to its simplicity andavailability of graphics
hardwarefor ef�cient renderingof polygonsurfaces. The fa-
cial surfaceshouldnot be oversampled,sincethat would lead
to computationallyexpensive facial animation. The polygons
mustalsobe laid out in a way thatpermitsthe faceto �e x and
changeshapenaturally. In the secondstep,a digitized 3D fa-
cial meshis constructed.This is typically achievedby obtain-
ing thesubject's facialgeometryusing3D photogrammetryor a
3D scanner. Finally, in thethird step,the3D meshis animated
to simulatefacialmovements.During animation,the facesur-
faceis deformedby moving theverticesof thepolygonalmesh,
keepingthenetwork topologyunchanged.

The motion of the verticesis driven by a set of control
parameters.Thesearemappedto vertex displacementsbased
on interpolation,direct parameterization,pseudo-muscularde-
formation, or physiologicalsimulation. In the interpolation
approach,a numberof key frames,usually correspondingto
visemesandfacialexpressions,arede�ned,andtheirvertex po-
sitionsarestored.Theframesin-betweenkey framesaregener-
atedby interpolation,sinceall possiblelinearcombinationsof
key framesarerepresentedby thecontrolparameterspace.The
mainadvantagesof this approacharesimplicity andits support
by commercialanimationpackages.However, the disadvan-
tageslie in the fact that facial featuremotion is typically non-
linear, andthat the numberof achievablefacial expressionsis
limited by thenumberof employedkey frames.In thedirectpa-
rameterizationapproach,basicgeometrictransformations,such
as translation,rotation, andscaling,are usedto describever-

(a) (b) (c)

(d) (e) (f) (g)

FIGURE 11. MPEG-4 compliantfacial animation: (a) depictsa polygonal
mesh[93]; (b,c) depictdetailedstructureof the mostexpressive faceregions;
(d,e) show how the 3D surfaceis divided into areascorrespondingto feature
pointsaffectedby FAPs;and(f,g) depictsynthesizedexpressionsof fearandjoy
((b–g)correspondto model“Greta”, reproducedwith permissionfrom [59]).

tex displacements.Pseudo-muscularmodels,on theotherhand,
usefacialmusclestructureto modeldeformations.Thespaceof
allowabledeformationsis reducedby knowledgeof thehuman
faceanatomiclimitations. Musclesaremodeledwith oneend
af�x ed to the bonestructureof the skull andthe otherendat-
tachedto theskin. Finally, modelingtheskinwith threespring-
masslayershasalsobeenusedto developmoredetailedphys-
iological models. The main advantageof this approachis the
improvedrealismover purely geometricfacial modelingtech-
niques.

Themajorityof model-basedfacialanimationsystemsused
todayareextensionsto Parke's work [58]. His modelutilizes
a parametricallycontrolledpolygon topology, wherethe face
is constructedfrom a network of approximately900 surfaces,
arrangedandsizedto matchthe facial contours. Large poly-
gonsareemployedin �attered regionsof the face,while small
onesareusedin high curvatureareas.Faceanimationis con-
trolled by a setof about�fty parameters,tenof which drive the
articulatorymovementsinvolved in speechproduction. In re-
lated work [59], Pasquarielloand Pelachauddevelopeda 3D
facial model, named“Greta”, consistingof 15,000polygons
(seeFigs. 11b,c). Gretais compliantwith the MPEG-4stan-
dard [88], and able to generate,animate,and renderin real-
time the structureof a proprietary3D model. The modeluses
thepseudo-muscularapproachto describefacebehavior, andit
includesfeaturessuchaswrinkles, bulges,andfurrows to en-
hanceits realism.In particular, agreatlevel of detail is devoted
to the facial regions that containmost speechreadingand ex-
pressioninformation, suchas the mouth, eyes, forehead,and
the nasolabialfurrow (seeFigs.11b,c). Furthermore,in order
to achieve morecontrolon thepolygonallattice,the3D model
surfaceis divided into areasthat correspondto featurepoints



affectedby FAPs(seealsoFig. 4 andFigs.11d,e).Examplesof
facialanimationemploying theGretamodelto displayfearand
joy expressionsareshown in Figs.11f,g.

In contrastto themodel-basedtechniquesdiscussedabove,
theimage-basedfacialanimationapproachreliesmostlyon im-
ageprocessingalgorithms[53–55]. There,mostof thework is
performedduringa trainingprocess,throughwhich a database
of video segmentsis created. Thus, unlike model-basedap-
proachesthatusea staticfacial image,image-basedtechniques
usemultiple facialimages,beingableto capturesubtlefacede-
formationsthatoccurduringspeech.Image-basedfacialanima-
tionconsistsof thefollowingsteps:recordingof thevideoof the
subject;videosegmentationinto animationgroups;andanima-
tion of themodelby concatenatingvariousanimationgroups.In
the�rst step,videoof thesubjectutteringnon-sensesyllablesor
sentencesin acontrolledenvironmentis recorded.In thesecond
step,the recordedvideo is analyzed,andvideo segmentscon-
sistingof phone,tri-phone,or word boundariesare identi�ed.
Finally, in the third step,the video segmentsareconcatenated
to realizethe animation. Interpolationandmorphingareusu-
ally employed to smoothtransitionsbetweenboundaryframes
of thevideosegments.

Several examplesof image-basedfacial animationcan be
foundin the literature.For example,in [55], EzzatandPoggio
reporta visualTTS system,named“Mik eTalk”, which uses52
visemeimages,representing24 consonants,12 monophthongs,
and16diphthongs.To generatesmoothtransitionsbetweenthe
visemeimages,morphingis employed. However, the system
processesthe mouth areaonly, and doesnot synthesizehead
movementsor facial expressions.In [53], Bregler et al. report
a speech-to-videosynthesissystemthat also employs image-
basedfacial animation. Their systemutilizes existing footage
to createvideoof a subjectutteringwordsthatwerenot spoken
in the original footage. In the analysisstage,time-alignment
of thespeechis performed(usingHMMs trainedon theTIMIT
database)in order to obtainphoneticlabels,which areconse-
quently usedto segment the video into tri-phones. Only the
mouthareais processedandthenre-imposedwith new articu-
lation into the original video sequence.Tri-phonevideosand
the phonemelabelsarestoredin thevideo model. In thesyn-
thesisstage,morphingandstitchingareusedto performtime-
alignmentof tri-phonevideos,time-alignmentof thelips to the
utterance,illumination matching,andcombinationof lips and
thebackground.Themaindisadvantagesof this approachlie in
thesizeof thetri-phonevideodatabase,andin thefactthatonly
themouthareais processed.Otherfacialpartssuchaseyesand
eyebrows that carry importantconversationalinformation are
not considered.To overcometheseshortcomings,Cosattoand
Graf [54] decomposetheir facialmodelinto separateparts.The
decomposedheadmodelcontainsa “baseface”,which covers
theareaof thewholeface,andservesasa substrateontowhich
the facial partsare integrated. The facial partsare the mouth
with cheeksandjaw, theeyes,andtheforeheadwith eyebrows.

FIGURE 12. Componentsof typical visualtext-to-speechsynthesissystems.

Eachpartis modeledseparately, thereforethenumberof stored
imagesamplesin the databaseis kept at a manageablelevel.
This allows for independentanimationof variousareasof the
face,thereforeincreasingthenumberof freeparametersin the
animationsystemandtheamountof conversationalinformation
containedin thefacialanimation.

5.3 Visual Text-to-Speech(VTTS)

A generalblock diagramof a text-drivenfacialanimationsys-
temis shown in Fig.12[94]. Theinput text is �rst processedby
a naturallanguageprocessor(NLP), which analyzesit at vari-
ouslinguistic levelsto producephoneticandprosodicinforma-
tion. Thelatterrefersto speechproperties,suchasstressandac-
cent(at thesyllableor word level), andintonationandrhythm,
which describechangesin pitch and timing acrosswordsand
utterances.NLP canalsoproducevisual prosody, which con-
veys informationaboutfacial expressions(e.g.,anger, disgust,
happiness,sadness,etc.). Thegeneratedphoneticandprosodic
informationcanthenbeusedby thespeechsynthesismoduleto
producean acousticspeechsignal. Similarly, the facesynthe-
sizer usesvisemeinformation, obtainedthroughphoneme-to-
visememapping,andvisualprosodyto produceavisualspeech
signal.

A numberof researchershaveusedthisapproachfor VTTS,
in conjunctionwith their techniquesfor coarticulationmodeling
and facial animation. For example,in [60], CohenandMas-
sarousedParke's facialmodelasthebasisfor their text-driven
speechsynthesizer. Their main improvementsover Parke's
modelweretheinclusionof tongueandtheirextensivestudyof
coarticulation,which they integratedinto faceanimation[49].
For the “Mik eTalk” system[55], discussedearlier, Ezzatand
Poggio manually extracteda set of visemeimagesfrom the
recordingsof a subjectenunciating40-50 words. They as-
sumeda one-to-onemappingbetweenphonemesandvisemes,
andmodeleda visemewith a staticlip shapeimage,insteadof
using a sequenceof images. Subsequently, they reducedthe
numberof visemesto 16,andconstructedadatabaseof 256op-
tical �o w vectorsthatspeci�ed thetransitionsbetweenall pos-
sible visemeimages.Finally, they employeda TTS systemto
translatetext into a phonemestreamwith durationinformation,
andusedit to generatea sequenceof visemeimagesfor face
animation,synchronizedwith TTS-producedspeech.



In otherwork [54], CossatoandGraf developeda TTS sys-
temusingtheir decomposedfacialmodel,discussedin thepre-
vious section. They �rst recordeda video databaseconsist-
ing of commontri-phonesandquadri-phonesutteredby a sub-
ject. Then,they extractedandprocessedmouthimagesfrom the
video, obtainingboth geometricandPCA visual features,and
subsequentlyparametrizedandstoredthemin binslocatedona
multi-dimensionalgrid within the geometricfeaturespace.In
orderto reducestoragerequirements,within eachbin, they dis-
cardedmouthimages“close” to othersin thePCAspace,using
a vectorquantizationschemebasedon Euclideandistance.For
synthesis,they employeda coarticulationmodel,similar to the
onein [49], to obtaina smoothtrajectoryin thegeometricfea-
turespace,basedonthetargetphoneticsequenceandamapping
betweenvisemesandtheir “average”geometricfeaturerepre-
sentation. In order to generatethe mouth region animation,
they sampledthe resultingtrajectoryat the video rate,and,at
eachtime instant,they chosetheclosestgrid point,providing in
thismannerasetof candidatemouthbitmapslocatedwithin the
correspondingbin. Next, they utilized theViterbi algorithmto
computethelowest-costpaththrougha graph,having asnodes
the candidateimagesat eachtime instant. For the transition
costbetweennodes(mouthimages)at consecutive times,they
usedtheirEuclideandistancein thePCAspace,settingthiscost
to zeroin casetheimagescorrespondto neighboringframesof
theoriginal video. Theresultingpathprovidedthe�nal mouth
sequenceanimation.

5.4 Speech-to-Video Synthesis

Speech-to-videosynthesissystemsexploit the correlationbe-
tweenacousticandvisualspeech,in orderto synthesizeavisual
signalfrom theavailableacousticsignal(seeFig. 13). Several
approachesfor speech-to-videosynthesishavebeenreportedin
theliterature,usingmethods,suchasVQ, ANNs,orHMMs (see
alsoSection3.2). In general,thesetechniquescanbeclassi�ed
into regression-andsymbol-basedapproaches,andarebrie�y
reviewedin this section.

Regression-basedmethodsestablisha directcontinuousas-
sociationbetweenacousticandvisual features.VQ andANNs
arecommonlyusedfor this task,with theformerconstitutinga
simplerapproach.In thetrainingphaseof VQ-basedspeech-to-
videosynthesis,anacousticcodebookis �rst constructedusing
clusteringtechniques.The codebookallows classifyingaudio
featuresinto a smallnumberof classes,with thevisualfeatures
associatedwith eachclassaveragedto producea centroid to
be usedin synthesis.At the synthesisstage,the acousticpa-
rametersat a given instantare comparedagainstall possible
acousticclasses.Theclasslocatedclosestto thegivenparam-
etersis selected,andthe correspondingvisual centroidis em-
ployedto drive thefacialanimation.In ANN-basedspeech-to-
video synthesis,the acousticandvisual speechfeaturescorre-
spondto the input andoutputnetwork nodes,respectively. In
the training phase,the network weightsareadjustedusingthe

FIGURE 13. Thespeech-to-videosynthesissystemsdevelopedin [50,52] uti-
lize narrowbandspeechto generatetwo possiblevisual representations:eigen-
lips thatcanbesuperimposedonfrontal facevideosfor animation,or FAPsthat
canbeusedto drive anMPEG-4compliantfacialanimationmodel.

back-propagationalgorithm.For synthesis,ateachtimeinstant,
thespeechfeaturesarepresentedto thenetwork input,with the
visual speechparametersgeneratedat the outputnodesof the
ANN.

The work reportedin [51] constitutesa typical example
of the regression-basedapproach.There,MorishimaandHa-
rashimainvestigatedtheuseof VQ andANNs for predictingfa-
cial featuresfrom audio.They considered16-dimensionalLPC
vectorsandeight facial featurepoints(locatedon the lips, jaw,
andears)asthe representationsof the acousticandvisual sig-
nals,respectively. In their VQ scheme,they createda � ve-bit
codebookto allow mappingof the acousticto the visual pa-
rameters,while in their ANN-basedalgorithm,they employed
a three-layerANN architecture. In relatedwork, Lavagetto
[61] proposedusingsix independenttime-delayneuralnetworks
with four layers,eachacceptingidenticalacousticfeatureinput
(12-dimensionalLPCvectors),but generatingasoutputindivid-
ualparametersof a geometricvisualspeechrepresentation.

In contrastto regression-basedtechniques,in the symbol-
basedapproachthe acousticsignal is �rst transformedinto an
intermediatediscreterepresentationconsistingof a sequenceof
sub-phoneticor sub-word units. HMMs aretypically usedfor
this purpose,sincethey provide explicit phoneticinformation,
which can help in the analysisof coarticulationeffects. Re-
portedHMM-basedsystemsvaryin two basicaspects:theunits
usedfor recognition(i.e., what do the HMM statesrepresent;
seealso Sections3.1 and3.2), and the methodfor synthesiz-
ing thevisualparametertrajectoriesfrom therecognizedHMM
statesequence.Examplesof suchsystemsareprovidednext.

Simonsand Cox [62] developedan HMM-basedspeech-
drivensynthetichead.They analyzedasmallnumberof phonet-
ically rich sentencesto obtainseveralacousticandvisual train-
ing vectors.They usedVQ to produceaudioandvisual code-
booksof sizes64 and 16, respectively. Then, they createda
fully-connected16-statediscreteHMM, eachstaterepresenting
aparticularvectorquantizedmouthshape,andproducingthe64



possibleaudiocodewords. The HMM transitionandobserva-
tion probabilitieswere trainedon the basisof the joint audio-
visual vector-quantizeddata. Subsequently, the trainedHMM
wasemployed in synthesisby meansof the Viterbi algorithm,
generatingthemostlikely visual statesequence(hence,visual
representation),giventheinputaudioobservations.

Chenand Rao [5] trainedcontinuouswhole-word HMMs
using audio-visualobservations (henceforthsuch HMMs are
referredto as AV-HMMs). They usedthe width and height
of the outer lip contourasvisual features,and13 MFCCs as
acousticfeatures. Subsequently, they built for eachword an
acousticHMM (A-HMM), which hadthe sametransitionma-
trix andinitial statedistributionasthecorrespondingAV-HMM
(seeEqs.(1), (2), and(4)). The stateacousticobservationpdf
for eachparticularA-HMM statewas derived by integrating
the AV-HMM observation pdf over the visual parameters.In
thesynthesisphase,theA-HMMs andtheacousticobservations
were�rst used,employing theViterbi algorithm,to obtainthe
optimal acousticstatesequence.Next, assumingthat the AV-
HMM statesequenceis thesameastheA-HMM statesequence,
they estimatedfor eachstatethe correspondingvisual feature
vector, usingAV pdfsandtheacousticobservations.

Bregleretal. [53] createdanHMM-basedspeech-drivenfa-
cial animationsystemcalled“VideoRewrite”. They �rst trained
anA-HMM systemon theTIMIT database,andusedit to seg-
menttheaudioportionof a joint audio-visualdatabaseinto tri-
phones.Thevisualsegments,time-synchronousto theresulting
tri-phones,werethenstoredinto a video database,indexedby
thecorrespondingtri-visemes.At thesynthesisstage,giventhe
input acousticsignal,they �rst obtainedits phoneticlevel tran-
scriptionusing the A-HMM system. Subsequently, they used
the concatenative approachto synthesiswith visual segments
selectedfrom thecreatedvideodatabase.Variouscostmetrics
wereconsideredfor the segmentselection,andthe Viterbi al-
gorithmwasusedto obtaintheoptimalsequenceof videoseg-
ments.Finally, they usedwarpingtechniquesto smooththese-
lectedvideo segmentsand synchronizethem with the speech
signal.

Finally, two systemsweredevelopedatNWU [50,52],using
two differentvisualspeechrepresentations,eigenlipsandFAPs.
PCA wasperformedon bothFAPsandmouthimagesto obtain
visual featuresof lower dimensionality. MFCCswereusedas
acousticfeaturesin bothsystems.Theblockdiagramof thede-
velopedsystemsis shown in Fig. 13. Thetwo systemsutilized
continuousA-HMMs, visual HMMs (V-HMMs), andcorrela-
tion HMMs (C-HMMs). In this approach,the A-HMMs and
the Viterbi algorithm were usedto realizethe audio statese-
quencethat bestdescribedthe acousticobservationsextracted
from the input narrowbandspeechsignal. The A-HMM ob-
servationgeneratorthenusedthemeanscorrespondingto each
resultingA-HMM stateto producespeaker-independentobser-
vations(seealso (1), (2), and(6) in Section3.2). Smoothing
and down-samplingwere subsequentlyusedto obtain acous-

tic observationsat the video rate (30 Hz), while the C-HMM
systemmappedthe generatedacousticobservations,usingthe
Viterbi algorithm,into a visualstatesequence.Finally, thevi-
sualstatesequenceandtheV-HMM observationgeneratorwere
employedto producevisualobservations.

Two key elementsof theNWU systemswerethe C-HMM
training procedureandmodelarchitecture.In order to ensure
that the C-HMMs werecapableof approximatingthe optimal
visualstatesequencegiventheacousticobservations,they were
built with the sametopologyandidenticalstatetransitionand
initial probabilitiesasthe V-HMMs. As a resultof the above
constraints,only the C-HMM observation pdfs hadto be esti-
matedduringtraining(seealsoSection3.2). In moredetail,the
C-HMMs weretrainedusingthe following procedure[50,52]:
In the �rst step,A-HMMs and V-HMMs were independently
trainedusingtheTIMIT corpusandthevisualpartof theBern-
stein database,respectively. The two HMMs had different
topologiesto accountfor the unequalaudio andvideo obser-
vationrates.Next, in thesecondstep,thetrainedA-HMMs and
V-HMMs in conjunctionwith the Viterbi algorithmwereused
to force-alignacousticandvisualtrainingdata,respectively, and
generatecorrespondingacousticandvisualstatesequences.In
the third step, down-sampledacousticobservation sequences
weregeneratedusingthe acousticstatesequencesobtainedin
the secondstep. In the fourth step,the visual statesequence
generatedin thesecondstepwasutilized asa constraintto dis-
tribute the down-sampledacousticobservationsamongthe C-
HMM states. Finally, re-estimationof the C-HMM observa-
tion pdfs was carriedout. This training proceduregenerated
C-HMMs capableof producing,in conjunctionwith V-HMMs,
visual statesequencesandestimatesof the visual articulatory
movementsfrom down-sampledacousticobservations.

5.5 Visual SpeechSynthesisEvaluation

Evaluatingvisual synthesissystemsis extremely importantin
orderto benchmarkalgorithmicimprovements,assessthesuit-
ability of speci�c databasesfor trainingdata-driventechniques,
and quantify the bene�t of incorporatingthe visual modality
over traditionalaudio-onlysynthesis,for example.Thereexist
bothobjectiveandsubjectivemethodsto evaluatevisualspeech
synthesis. The former typically comparethe differencebe-
tweenasetof synthesizedandrecordedtestsequences,in terms
of meansquarederror or other distancemetricsin the visual
speechrepresentationspace,or, alternatively, reportASR per-
formanceon the synthesizedtestset[52]. Although relatively
easyto perform,objective evaluationdoesnot necessarilyin-
dicatehow two systemswill be relatively received by human
usersin practice.Subjective testingis insteadrequiredfor such
assessments[7,48].

In general,subjective evaluationof visual speechsynthe-
sis performanceshouldbe application-dependent.Suchtests
shouldbe developedwith the goal of evaluatinga numberof
issues,for example the degree of realism in the animation,
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FIGURE 14. Intelligibility-basedsubjective evaluationof thespeech-to-video
synthesissystemdevelopedatNorthwesternUniversity[48,50]. Humanspeech
perceptionis comparedusingaudio-onlyvs. audiowith synthesizedvideoand
vs.audiowith naturalvideoof thelip region. For the�rst two conditions,results
for repetitive presentationof thestimuli to thesubjectsarealsogiven (“Rep”).
Experimentsarereportedover threeacousticnoiseconditions.

usersatisfaction, and the effectivenessin communicatingthe
intendedmessage.In particular, effectivenessin communicat-
ing andespeciallyintelligibility of a talking headshouldbeof
primary importance. Intelligibility evaluationapproachesaim
atmeasuringeitherphonemeidenti�cation performance(recog-
nition of vowelsandconsonants)or speechreadingperformance
(recognitionof isolatedwordsor sentences),byhumansubjects.

In this section,we provide an exampleof an intelligibility
subjectiveevaluationin thecaseof theeigenlips-based,speech-
to-video synthesissystemdevelopedat NWU and discussed
earlier. In thesetests[48,50], several subjectshave beenpre-
sentedwith threetypesof stimuli: (a) audio-onlysignal; (b)
audio,supplementedby the synthesizedvideo signal; and (c)
audio, togetherwith the original video footage. In all cases,
the audio (andvideo, whereapplicable)utteranceswere from
theBernsteinlipreadingcorpus[91], andthe intelligibility ex-
perimentswereconductedwith theaudiocorruptedby additive,
white Gaussiannoise,resultingin speechsignalsof -5 dB, -10
dB,and-15dB SNRs(seeFig.14). Theaudio-onlywordrecog-
nition accuracy achievedby thesubjectswas92.2%,66.8%,and
11.7%,at thethreeSNRlevels,respectively. Thewordrecogni-
tion accuraciesimprovedsigni�cantly, whensynthesizedvideo
wasalsopresentedto thesubjects,reaching97.9%,87.5%,and
46.1%. Subjective testsunderscenarios(a) and(b) werealso
performedusing setswhich containedcertain numberof re-
peatedutterancesusedthroughoutall thetests.Thewordrecog-
nitionaccuraciesimprovedwhenrepeatedutteranceswereused,
especiallyfor the SNR of -15 dB, indicatingthat the subjects
usedprior knowledgeto assistthetranscriptionof therepeated

utterances.However, theseresultswerestill inferior to human
speechperceptionword recognitionaccuraciesobtainedusing
naturalinsteadof synthesizedvideo,namely98.3%,95.9%,and
86.5%,respectively. Clearly, thesesubjective testssuggestthat
animatedfacesobtainedusing visual speechsynthesizerscan
improvespeechintelligibility , especiallyundernoisyconditions
(seealso[7]).

6 Audio-Visual Speaker Recognition————————————
Audio-visualspeaker recognition(alsoknown asaudio-visual
biometric)systemsutilize acousticandvisualinformationin or-
der to performautomaticpersonrecognition.A personrecog-
nition systemshouldbe capableof rejectingclaims from im-
postors,personsnot registeredwith the system,andaccepting
claimsfrom theclients,personsregisteredwith thesystem.Per-
son recognitioncan be classi�ed into two problems: person
identi�cation andpersonveri�cation (authentication)[68]. Per-
sonidenti�cation is theproblemof 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 systemswhichrequirepersonrecognitionin orderto reliably
determinetheidentity of personsrequestingtheir services.Ap-
plicationsthat canemploy personrecognitionsystemsinclude
automaticbanking,computernetwork security, informationre-
trieval, securebuilding access,etc. Personalproperty, suchas
cell phones,PDAs, laptops,cars,etc., could also have built-
in personrecognitionsystemswhich would prevent impostors
from usingthem.

Biometrics, or biometric recognition, refers to utilizing
physiologicalandbehavioral characteristicsfor automaticper-
sonrecognition.Traditionalpersonidenti�cation methods,in-
cluding knowledge-based(e.g., passwords, PINs) and token-
based(e.g., ATM or credit cards,and keys) do not provide
reliable performance.Passwords can be compromised,while
keys and cardscan be stolenor duplicated. Identity theft is
one of the fastestgrowing crimesin the United States. Un-
like knowledge-andtoken-basedinformation,biometricchar-
acteristicscannotbeforgottenor easilystolen.Therearemany
differentbiometric characteristics,that can be usedin person
recognitionsystems,including �ngerprints, palm prints, hand
and�nger geometry, handveins,iris andretinalscans,infrared
thermograms,DNA, ears,faces,gait,voice,signature,etc. (see
Fig. 15) [71,72,76,95].

Eachbiometric characteristichas its own advantagesand
disadvantagesandthereis no singlemodality which performs
the bestfor all applications. The choiceof biometriccharac-
teristicsdependson many factorsincludingthebestachievable
performance,uniqueness,robustnessto noise,costof biometric
sensors,invarianceof characteristicswith time,robustnessto at-
tacks,populationcoverage,scalability, etc. All of thesefactors
areusuallyconsideredwhenchoosingthemostappropriatebio-



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

metriccharacteristicsfor acertainapplication.In addition,there
area numberof biometricapplicationsfor which it is desirable
to usenon-intrusiveanduser-friendly methodsfor extractionof
biometricfeatures.Developingsuchbiometricsystemsmakes
biometrictechnologymoresociallyacceptableandaccelerates
its integrationinto everydaylife.

A person's voice and face are biometric characteristics
which areeasilycollectedandnaturalto theuser. Thesechar-
acteristicscan be utilized for non-intrusive personrecogni-
tion. Therecenttechnologyadvancesdecreasedthecostof au-
dio and video biometricsensorsandopeneda door to audio-
visualbiometrics.Acousticandvisualbiometriccharacteristics
can containstatic and dynamic information. LPCs, MFCCs,
and their derivatives,arecommonlyusedasacousticfeatures
in speaker recognitionsystems. Visual featurescan describe
only themouthregion (visual-labialfeatures)or thewholeface
(visual-facialfeatures).Bothmouthandfacecanberepresented
using shape-basedfeaturesor appearance-basedfeatures(see
alsoSection2). Shape-basedlabial featuresincludelip-contour
shapeandgeometricfeatures,while shape-basedfacialfeatures
include active shapemodels, facial featuregeometry, elastic
graphs,etc.Labialandfacialappearance-basedfeaturesareob-
tainedusingimageprojectionssuchasLDA, PCA, DCT, etc.,
on mouthor faceimages.Facial featurescanalsobeclassi�ed
asglobalor local if the faceis representedby only onefeature
vectoror by multiple vectorseachrepresentinglocal informa-
tion. Faceimagesusedfor extractionof visual featurescanbe
visibleor infrared,2D or 3D, etc.

Although single modality biometric systemscan achieve
high performancein somecases,they areusuallynot robust to

FIGURE 16. Block diagramof an audio-visualspeaker recognitionsystem
thatutilizesstatic(faceimage)anddynamic(visualspeech)visual information
togetherwith acousticinformation.

noiseanddonotmeettheneedsof many potentialpersonrecog-
nition applications.Speaker recognitionsystemsthat rely only
on audiodataaresensitive to microphones(headset,desktop,
telephone,etc.),acousticenvironment(car, plane,factory, etc.),
and channelnoise(telephonelines, VoIP, etc.). On the other
hand,systemsthat rely only on visual datacanbe sensitive to
visual noise(lightning changes,poor video quality, occlusion,
segmentationerrors,etc.). In order to improve the robustness
of biometric systems,multi-samples(multiple samplesof the
samebiometriccharacteristic),multi-algorithms(multiplealgo-
rithmswith thesamebiometricsample),andmulti-modal(dif-
ferent biometric characteristics)biometric systemshave been
developed. The advantageof multi-modal biometric systems
lies in their robustness,sincedifferentmodalitiescanprovide
independent(complementary)information. Differentmodali-
ties are combinedin order to eliminateproblemscharacteris-
tic of singlemodalities. It hasbeenshown thatusingmultiple
biometricmodalitiesimprovesthe performanceof a biometric
system[71–73,76]. In audio-visualspeaker recognitionsys-
tems,speechis utilized togetherwith eitherstaticvideoframes
of faces(facerecognition)or video sequencesof the face(or
themoutharea)in orderto improvespeaker recognitionperfor-
mance(seeFig. 16). Audio-visualspeaker recognitionsystems
canalsoutilize all threemodalities[74].

Audio-visualspeakerrecognitionsystemscanbeeithertext-
dependent,wherespeechusedfor training and testingis con-
strainedto bethesame,or text-independent,wherespeechused
for testingis unconstrained.Themethodsfor modelingspeakers
basedon their audio-visualbiometricdataareusuallystatisti-
cal in nature.Suchapproachesinclude,ANNs, SVMs,GMMs,
HMMs, etc. (seealsoSection3.2). HMMs representthemost
commonlyusedapproachfor speaker recognition.

In speaker identi�cation systems,the objective is to deter-
mine the class
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In speaker veri�cation systemsthereareonly two classes,
andit is necessaryto determinewhethertheclasscorrespond-
ing to thegeneralpopulation(

5

), or theclasscorrespondingto
thetrueclaimant( � ), bestmatchestheclaimant'sbiometricob-
servations. The similarity measure� D � canbe de�ned as the
likelihoodratio betweenthespeaker setandtheworld set,that
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If D is largerthanana priori de�ned veri�cation thresholdthe
claim is accepted;otherwiseit is rejected.

In text-dependent speaker recognition systems, sub-
phoneticunits are usually modeled. In that case,the set of
classescanbeconsideredastheproductspacebetweentheset
of speakers and the set of phoneticbasedunits. HMMs are
commonlyusedfor text-dependentspeakerrecognition,through
modelingthephoneticunitsby Gaussianmixturedensities(see
(1) in Section3.2). In text-independentsystemssingle-state
HMMs (GMMs) canbe usedto modelspeakers. In this case
a single GMM is assumedto generatethe entireaudio-visual
observationsequence.

Two commonlyusederrormeasuresfor veri�cation perfor-
mancearefalseacceptance(FA) – animpostoris accepted– and
falserejection(FR)– aclient is rejected.They arede�ned by
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where
�

�

denotesthenumberof acceptedimpostors,
�

thenum-
berof impostorclaims, �

� thenumberof rejectedclients,and
� the numberof client claims. Thereis a trade-off between
FA andFR,which is controlledby thechoiceof theveri�cation
threshold.It is usuallychosenaccordingto certainFA andFR
requirements,basedon resultsobtainedthroughexperiments
on the evaluationset. The choiceof the veri�cation threshold
clearlydependsontheapplicationandcostsassignedto eachof
theerrormeasures.For example,systemswhichcontrolaccess
to a highly securearea,or managebankingtransactions,would
requireverylow FA attheexpenseof increasedFR.Ontheother
hand,systemswhich control tolls or gym access,would avoid
puttingtheir legitimatecustomersin inconvenientsituationsby
requiringlow FR, at the expenseof increasedFA. Veri�cation
systemperformancecanalsobemeasuredusinganequalerror
rate(EER) measure.It is determinedafter the veri�cation ex-
perimentsareperformed,by choosingtheveri�cation threshold
for whichFA andFRareequal.

Performanceof audio-visualspeaker recognitionsystems
stronglydependson the choiceandaccurateextractionof the
visual features,andthe informationfusionapproach.Acoustic
and visual observationscan either be combinedto form joint
audio-visualobservations or utilized as separateobservation
streams.Informationfusionapproachescommonlyusedfor fu-
sionof audioandvisualbiometricinformationarediscussedin

TABLE 3. Speaker identi�cation andveri�cation errorsobtainedwhenaudio-
only (AU) or audio-visual(AV) biometricdatawasutilized.

Identi�cation Veri�cation

Error [%] Error (EER)[%]

SNR AU AV AU AV

Clean 5.13 5.13 2.56 1.71
20 19.51 7.69 3.99 2.28

10 38.03 10.26 4.99 2.71
0 53.10 12.82 8.26 3.13

moredetail in Section3.3andin [71,72]. A numberof audio-
visualspeaker recognitionsystemsthatutilize varioustypesof
visual featuresandaudio-visualinformation fusion strategies,
havebeenreportedin theliterature[72–76].

Brunelli and Falavigna [76] developeda text-independent
speaker identi�cation systemthatcombinesaudio-onlyspeaker
identi�cation and facerecognitionsystems.The two systems
provide � ve classi�ers, two acousticand three visual. Two
acousticclassi�erscorrespondto two setsof acousticfeatures
(staticanddynamic)derivedfrom theshorttime spectralanal-
ysis of the speechsignal. Their audio-onlyspeaker identi�ca-
tion systemis basedonVQ. Threevisualclassi�erscorrespond
to the visual classifyingfeaturesextractedfrom threeregions
of the face: eyes,nose,andmouth. The individually obtained
classi�cationscoresarecombinedusinga weightedgeometric
average.Theidenti�cation rateof theintegratedsystemis 98%,
comparedto 88% and 91% ratesobtainedby the audio-only
speaker recognitionandfacerecognitionsystems,respectively.

Aleksic and Katsaggelos[73] developedan audio-visual
speaker recognitionsystemthatutilized 13 MFCC coef�cients
andtheir �rst andsecondorderderivativesasacousticfeatures.
A visual featurevectorconsistingof ten FAPs which describe
the movementof the outer-lip contour[88] was projectedby
meansof thePCA ontoa three-dimensionalspace.Theresult-
ing visual featureswereaugmentedwith �rst andsecondorder
derivativesproviding nine-dimensionaldynamicvisual feature
vectors. They useda featurefusion integrationapproachand
single-streamHMMs to integrateacousticandvisual informa-
tion. Speaker veri�cation andidenti�cation experimentswere
performedusingaudio-onlyandaudio-visualinformation,un-
derbothcleanandnoisyaudioconditionsatSNRsrangingfrom
0 dB to 20dB.Speakeridenti�cation andveri�cation resultsob-
tained,expressedin termsof the identi�cation error andEER,
areshown in Table3. Signi�cant improvementin performance
overaudio-onlyspeakerrecognitionsystemwasachieved,espe-
cially undernoisyacousticconditions.For instance,theidenti-
�cation errorwasreducedfrom 53.1%,whenaudio-onlyinfor-
mationwasutilized, to 12.82%,whenaudio-visualinformation
wasemployedat 0 dB SNR.



Jourlin et al. [75] developedan audio-visualspeaker veri-
�cation systemthat utilizes both acousticandvisual dynamic
information. Their 39-dimensionalacousticfeaturesconsistof
LPC coef�cients and their �rst and secondorder derivatives.
They use14 lip shapeparameters,10 intensityparametersand
the scaleas visual features,resultingin a 25-dimensionalvi-
sualfeaturevector. They utilize HMMs andthedecisionfusion
integration approachto perform audio-only, visual-only, and
audio-visualexperiments.The audio-visualscoreis computed
asa weightedsumof theaudioandvisualscores.Their results
demonstratea reductionof FA from 2.3%whentheaudio-only
systemis usedto 0.5%whenthemultimodalsystemis used.

Chaudhariet al. [72] developedan audio-visualspeaker
identi�cation and veri�cation systemwhich modeledreliabil-
ity of theaudioandvideoinformationstreamswith parameters
which weretime-varyingandcontext dependent.Theacoustic
featuresconsistedof 23 MFCC coef�cients, while visual fea-
turesconsistedof 24 DCT coef�cients obtainedby applying
DCT on the ROI extractedby meansof a facetrackingalgo-
rithm. They utilized GMMs to model speakers, and param-
etersthat dependedon time, modality, and speaker to model
streamreliability. The systemthat utilized time dependent
streamweightsachievedanEERof 1.04%,comparedto 1.71%
, 1.51%,and1.22%,of theaudio-only, video-only, andaudio-
visual(featurefusion)systems,respectively.

Dieckmannet al. [74] developeda systemwhich usedvi-
sualfeaturesobtainedfrom all threemodalities,face,voice,and
lip movement. The identi�cation error decreasedto 7% when
all threemodalitieswereused,comparedto 10.4%,11%, and
18.7%, when voice, lip movements,and facevisual features
wereusedindividually.

In summary, thereis aneedfor resourcesfor advancingand
accessingaudio-visualspeaker recognitionsystems. Publicly
availablemulti-modalcorporathatbetterre�ects realisticcon-
ditions,suchasacousticnoiseandlighting changeswould help
in investigatingrobustnessof audio-visualsystems. In addi-
tion, standardexperimentsandevaluationproceduresshouldbe
de�ned in orderto enablefair comparisonof differentsystems.
Baselinealgorithmsandsystemscouldalsobechosenandmade
available in order to facilitateseparateinvestigationof effects
that factors,suchas,thechoiceof acousticandvisual features,
the informationfusionapproach,andclassi�cationalgorithms,
haveonsystemperformance.

7 Summary and Discussion————————————
In this chapter, we have focusedon how the joint processing
of visualandaudiosignals,bothgeneratedby a talking person,
canprovidevaluablespeechinformationto bene�t a numberof
audio-visualspeechprocessingapplications,crucial to human-
computerinteraction. We �rst concentratedon the analysisof
visual signals,and describedvariouspossibleways of repre-
sentingandextractingthespeechinformationavailablein them.

We thendiscussedhow the obtainedvisual featurescancom-
plementfeaturesextracted(by well-studiedmethods)from the
acousticsignal,andhow the two modality representationscan
befusedtogetherto allow joint audio-visualspeechprocessing.
The generalbimodal integration framework wassubsequently
appliedto threeproblems,namelyautomaticspeechrecogni-
tion, talkingfacesynthesis,aswell asspeakeridenti�cation and
authentication.In all threecases,we discussedissuesspeci�c
to theparticularapplication,reviewedseveral relevantsystems
that have beenreportedin the literature,andpresentedresults
using the implementationsdevelopedat IBM Researchand /
or NorthwesternUniversity. The experimentalresultsdemon-
stratedthe importanceof utilizing visual speechinformation,
especiallyin thepresenceof acousticnoise.

Aswementionedin theIntroduction,thereexistanumberof
additionalapplicationsthat canbene�t from the joint process-
ing of audioandvisualsignals.Examplesof suchareemotion
recognition,speaker detectionandlocalization,speechactivity
detection,andenhancementof theacousticsignalor of its cor-
respondingaudiofeatures.Dueto lackof space,weonly brie�y
addresssomeof themin thefollowing.

Automaticemotionrecognitionhasmany potentialapplica-
tionsin human-computerinteraction,for exampleby indirectly
providingvaluableuserinputto dialoguemanagement.Bothfa-
cial expressionandvoicere�ect theemotionalstateof aperson,
thusbimodalprocessingis asensibleapproach.In thevisualdo-
main,thereexist six basicfacialexpressions:happiness,anger,
sadness,fear, surprise,anddisgust. Their studyis enabledby
thefacialactioncodingsystem(FACS),thatprovidesstandard-
izedcodingof changesin facialmotionthrough46actionunits,
whichdescribebasicfacialmovements[96]. TheFACSis based
on muscleactivity, andcapturesin detail theeffect of eachac-
tion unit on the visual facefeatures. Commonlyusedvisual
featuresfor automaticemotionrecognitionincludelip andeye-
brow movements,wholefaceimages,optical�o w, etc.[77,78].
For theclassi�cationprocess,bothspatialandspatio-temporal
approachescanbeused.In theformer, visualfeaturesobtained
from single faceimagesare employed, while spatio-temporal
approachesutilize featuresextractedfrom eachframe of the
videosequenceof interest.Typically, in facialexpressionrecog-
nition systems,arti�cial neuralnetworks are usedto perform
spatialclassi�cation, whereashiddenMarkov modelsare fre-
quentlyemployedin thespatio-temporalapproach[77]. Visual
systemscan of coursebe combinedwith audio-onlyemotion
recognizers,using the audio-visualintegration framework of
Section3. In this case,typically usedaudio featuresinclude
theacousticsignalenergy, pitchcontourstatistics,etc.

Among additional joint audio-visualprocessingapplica-
tions,speaker detectionandtrackingis especiallyusefulin en-
vironmentssuchasconferencerooms,wheremultiple persons
are present,and signalsfrom both video camerasand micro-
phonearraysareavailable.In suchoccasions,speakerdetection
andtrackingcanbe performedusingacoustically-guidedcam-



eras,visually-guidedmicrophonearrays,or throughjoint audio-
visual tracking [63–65]. Of particular importanceto speech
applicationsis also the detectionof synchronousaudio-visual
sourcesin thepresenceof multiple speakersin thescene,asis
oftenthecasein broadcastvideos.Jointaudio-visualspeechac-
tivity localizationcanbene�t from thefact that thetwo modal-
ities arecorrelated,and,for example,canbe quanti�ed by us-
ing mutual informationof the two signals[66]. Furthermore,
visual information,suchasuserposeandproximity to a com-
puteror kiosk,aswell asmouthmovement,canbeusedto �ag
speechintent[67], or augmentacousticcuesfor speechactivity
detection.Theresultingsystemswill berobustto environmental
noise,andareexpectedto eventuallymake the “push-to-talk”
button in presentautomaticspeechrecognizersobsolete.An-
otherapplicationthatexploits thecorrelationbetweentheaudio
andvisualspeechsignalsis thebimodalenhancementof audio.
There,acousticinformation is restoredusing the video of the
speaker'smouthregion in conjunctionwith thecorruptedaudio
signal. The enhancementcanoccureither in the signalspace
or the audio featurespace,utilizing linear or non-lineartech-
niques[18,19]. Suchan approachis bene�cial, for example,
whenthe amountof visual dataavailablefor training is insuf-
�cient to obtainvisual-onlyspeechmodels,thusnot allowing
audio-visualautomaticspeechrecognitionby meansof the fu-
siontechniquesdiscussedin Section3.

Clearly, the �eld of joint audio-visualsignalprocessingis
a very new, active, and exciting topic of researchand devel-
opment.Indeed,therearea numberof majoraccomplishments,
someof whichhavebeendescribedin thischapterin thecontext
of speechapplicationsfor human-computerinteraction. Con-
cerningthepracticaldeploymentof thesetechnologies,several
obstacleshave beenslowly lifting, with audio-visualspeech
processingsystemsstarting to exhibit real-time performance
andimproved robustness[46]. Nevertheless,variousresearch
issuesremainopento furtherinvestigation.Suchare,for exam-
ple, thedesignof a truly speaker-independent,high-performing
visualfeaturerepresentationwith improvedrobustnessto thevi-
sualenvironmentanduserbehavior, possiblyemploying three-
dimensionalfaceinformation,aswell asthedevelopmentof im-
proved audio-visualintegrationalgorithmsthat will allow un-
constrainedaudio-visualasynchrony modelingandrobust, lo-
calizedreliability estimationof thesignalinformationcontent,
to namea few. Clearly, further researchis requiredto ad-
vancethe �eld, and for audio-visualsignal processingto be-
comewidespreadin practice. The groundis fertile for addi-
tional major accomplishmentsand revolutionary future mul-
timodal technologiesand applications,promising to improve
human-computerinteractionand,with that,life quality.
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[34] A. AdjoudaniandC. Benô�t, “On theintegrationof auditoryand
visualparametersin anHMM-basedASR,” in Speechreadingby
Humansand Machines, D. G. Stork andM. E. Hennecke, Eds.
Berlin, Germany: Springer, 1996,pp.461–471.

[35] P. Teissier, J. Robert-Ribes,and J. L. Schwartz, “Comparing
modelsfor audiovisualfusionin anoisy-vowel recognitiontask,”
IEEETrans.Speech AudioProcessing, vol. 7,no.6,pp.629–642,
Nov. 1999.

[36] S.Gurbuz, Z. Tufekci,E. Patterson,andJ. N. Gowdy, “Applica-
tion of af�ne-invariantFourierdescriptorsto lipreadingfor audio-
visual speechrecognition,” in Proc. Int. Conf. Acoust.,Speech,
SignalProcessing, SaltLakeCity, UT, May 7–11,2001,pp.177–
180.

[37] A. J.Goldschen,O. N. Garcia,andE. D. Petajan,“Rationalefor
phoneme-visememappingandfeatureselectionin visualspeech
recognition,” in Speechreadingby HumansandMachines, D. G.
Stork andM. E. Hennecke, Eds. Berlin, Germany: Springer,
1996,pp.505–515.

[38] X. Zhang,C. C.Broun,R.M. Mersereau,andM. Clements,“Au-
tomaticspeechreadingwith applicationsto human-computerin-
terfaces,” EURASIPJ. Appl.SignalProcessing, vol. 2002,no.11,
pp.1228–1247,Nov. 2002.

[39] P. L. SilsbeeandA. C.Bovik, “Computerlipreadingfor improved
accuracy in automaticspeechrecognition,” IEEE Trans.Speech
AudioProcessing, vol. 4, no.5, pp.337–351,Sept.1996.

[40] P. S. Aleksic, J. J. Williams, Z. Wu, and A. K. Katsaggelos,
“Audio-visual speechrecognitionusingMPEG-4compliantvi-
sual features,” EURASIPJ. Appl. SignalProcessing, vol. 2002,
no.11,pp.1213–1227,Nov. 2002.

[41] D. ChandramohanandP. L. Silsbee,“A multipledeformabletem-
plateapproachfor visualspeechrecognition,” in Proc. Int. Conf.
Spoken Lang. Processing, Philadelphia,PA, Oct. 3–6,1996,pp.
50–53.

[42] S. M. ChuandT. S. Huang,“Audio-visualspeechmodelingus-
ing coupledhiddenMarkov models,” in Proc. Int. Conf. Acoust.,
Speech, SignalProcessing, Orlando,FL, May 13–17,2002,pp.
2009–2012.

[43] M. Gordan, C. Kotropoulos,and I. Pitas, “A support vector
machine-baseddynamicnetwork for visual speechrecognition
applications,” EURASIPJ. Appl. Signal Processing, vol. 2002,
no.11,pp.1248–1259,Nov. 2002.



[44] G. Potamianos,C. Neti, G. Gravier, A. Garg, and A. W. Se-
nior, “Recentadvancesin the automaticrecognitionof audiovi-
sual speech,” Proc. IEEE, vol. 91, no. 9, pp. 1306–1326,Sept.
2003.

[45] P. S. Aleksic andA. K. Katsaggelos,“Comparisonof low- and
high-level visual featuresfor audio-visualcontinuousautomatic
speechrecognition,” in Proc. Int. Conf. Acoust.,Speech, Signal
Processing, vol. 5, Montreal, Canada,May 17–21, 2004, pp.
917–920.

[46] G.Potamianos,C.Neti, J.Huang,J.H. Connell,S.Chu,V. Libal,
E. Marcheret,N. Haas,andJ. Jiang,“Towardspracticaldeploy-
ment of audio-visualspeechrecognition,” in Proc. Int. Conf.
Acoust.,Speech, Signal Processing, vol. 3, Montreal, Canada,
May 17–21,2004,pp.777–780.

[47] T. Chen, “Audiovisual speechprocessing.Lip readingand lip
synchronization,” IEEE SignalProcessingMag., vol. 18, no. 1,
pp.9–21,Jan.2001.

[48] J. J. Williams, A. K. Katsaggelos,and D. C. Garstecki,“Sub-
jective analysisof anHMM-basedvisualspeechsynthesizer,” in
Proc. SPIEConf. HumanVision Electronic Imaging, vol. 4299,
SanJose,CA, Jan.21–25,2001,pp.544–555.

[49] M. M. CohenandD. W. Massaro,“Modeling coarticulationin
synthetic visual speech,” in Models and Techniquesin Com-
puterAnimation, M. Magnenat-ThalmannandD. Thalmann,Eds.
Tokyo, Japan:Springer-Verlag,1993,pp.141–155.

[50] J. J. Williams andA. K. Katsaggelos,“An HMM-basedspeech-
to-video synthesizer,” IEEE Trans. Neural Networks, vol. 13,
no.4, pp.900–915,July2002.

[51] S. Morishima and H. Harashima,“A media conversion from
speechto facial image for intelligent man-machineinterface,”
IEEE J. Select.AreasCommun., vol. 9, no.4, pp.594–600,May
1991.

[52] P. S.Aleksic andA. K. Katsaggelos,“Speech-to-videosynthesis
usingMPEG-4compliantvisual features,” IEEE Trans.Circuits
Syst.VideoTechnol., vol. 14,no.5, pp.682–692,May 2004.

[53] C. Bregler, M. Covell, andM. Slaney, “Video rewrite: Driving
visualspeechwith audio,” in Proc.Int. Conf. ComputerGraphics
Interact.Techniques, LosAngeles,CA, Aug.3–8,1997,pp.353–
360.

[54] E. Cosattoand H. P. Graf, “Photo-realistictalking-headsfrom
imagesamples,” IEEE Trans.Multimedia, vol. 2, no.3, pp.152–
163,Sept.2000.

[55] T. EzzatandT. Poggio,“Mik eTalk:A talkingfacialdisplaybased
on morphingvisemes,” in Proc. ComputerAnimation, Philadel-
phia,PA, June1998,pp.96–98.

[56] C. Pelachaud,N. Badler, and M. Steedman,“Linguistic issues
in facial animation,” in ComputerAnimation, N. Magnenat-
ThalmannandD. Thalmann,Eds. Berlin, Germany: Springer-
Verlag,1991,pp.15–30.

[57] A. P. Breen,E. Bowers, and W. Welsh, “An investigationinto
thegenerationof mouthshapesfor a talking head,” in Proc. Int.
Conf. SpokenLang. Processing, vol. 4, Philadelphia,PA, Oct.3–
6, 1996,pp.2159–2162.

[58] F. I. Parke, “Parameterizedmodelsfor facial animation,” IEEE
Comput.Graph.Appl., vol. 2, no.9, pp.61–68,Nov. 1982.

[59] S.PasquarielloandC. Pelachaud,“Greta:A simplefacialanima-
tion engine,” in 6th OnlineWorld Conferenceon SoftComputing
in IndustrialAppications, Sept.2001.

[60] D. W. MassaroandM. M. Cohen,“Perceptionof synthesizedau-
dible andvisible speech,” in Psychological Science, vol. 1, Sept.
1990,pp.55–63.

[61] F. Lavagetto, “Time-delay neural networks for estimatinglip
movementsfrom speechanalysis:A useful tool in audio/video
synchronization,” IEEE Trans. Circuits Syst. Video Technol.,
vol. 7, no.5, pp.786–800,Oct.1997.

[62] A. D. SimonsandS. J. Cox, “Generationof mouthshapesfor a
synthetictalking head,” Proc. Inst. Acoustics, vol. 12, pp. 475–
482,1990.

[63] U. Bub, M. Hunke, andA. Waibel, “Knowing who to listen to
in speechrecognition: Visually guidedbeamforming,” in Proc.
Int. Conf. Acoust.,Speech, SignalProcessing, Detroit, MI, May
9–12,1995,pp.848–851.

[64] C. WangandM. S.Brandstein,“Multi-sourcefacetrackingwith
audioandvisual data,” in Proc. Works.MultimediaSignalPro-
cessing, Copenhagen,Denmark,Sept.13–15,1999,pp.475–481.

[65] D. N. Zotkin,R.Duraiswami,andL. S.Davis, “Jointaudio-visual
trackingusingparticle�lters,” EURASIPJ. Appl.SignalProcess-
ing, vol. 2002,no.11,pp.1154–1164,Nov. 2002.

[66] G. Iyengar, H. J.Nock,andC. Neti, “Audio-visualsynchrony for
detectionof monologuesin video archives,” in Proc. Int. Conf.
Acoust.,Speech, SignalProcessing, vol. 5, Hong Kong, China,
2003,pp.772–775.

[67] P. De Cuetos,C. Neti, and A. Senior, “Audio-visual intent to
speakdetectionfor humancomputerinteraction,” in Proc. Int.
Conf. Acoust.,Speech, SignalProcessing, Istanbul, Turkey, June
5–9,2000,pp.1325–1328.

[68] J. Luettin, “Speaker veri�cation experimentson the XM2VTS
database,” IDIAP ResearchInstitute,Martigny, Switzerland,Re-
searchReport99-02,Jan.1999.

[69] B. Maison,C. Neti, andA. Senior, “Audio-visualspeaker recog-
nition for broadcastnews: somefusion techniques,” in Proc.
Works. Multimedia Signal Processing, Copenhagen,Denmark,
Sept.13–15,1999,pp.161–167.

[70] T. Wark, S.Sridharan,andV. Chandran,“Robustspeaker veri�-
cationvia fusionof speechandlip modalities,” in Proc.Int. Conf.
Acoust.,Speech, SignalProcessing, Phoenix,AZ, Mar. 15–19,
1999,pp.3061–3064.

[71] C. SandersonandK. K. Paliwal, “Information fusionandperson
veri�cation usingspeechandfaceinformation,” IDIAP Research
Institute, Martigny, Switzerland,ResearchReport02-33, Sept.
2002.

[72] U. V. Chaudhari,G.N. Ramaswamy, G.Potamianos,andC.Neti,
“Information fusion and decision cascadingfor audio-visual
speaker recognitionbasedon time-varyingstreamreliability pre-
diction,” in Proc. Int. Conf. MultimediaExpo, vol. 3, Baltimore,
MD, July6–9,2003,pp.9–12.



[73] P. S. Aleksic and A. K. Katsaggelos,“An audio-visualperson
identi�cation andveri�cation systemusingFAPs asvisual fea-
tures,” in Proc. Works. Multimedia User Authentication, Santa
Barbara,CA, Dec.11–12,2003,pp.80–84.

[74] U. Dieckmann,P. Plankensteiner, andT. Wagner, “SESAM: A
biometricpersonidenti�cation systemusingsensorfusion,” Pat-
ternRecognition Lett., vol. 18,no.9, pp.827–833,1997.

[75] P. Jourlin, J. Luettin, D. Genoud,and H. Wassner, “Acoustic-
labial speaker veri�cation,” Pattern Recognition Lett., vol. 18,
no.9, pp.853–858,1997.

[76] R. Brunelli andD. Falavigna, “Personidenti�cation usingmul-
tiple cues,” IEEE Trans.Pattern Anal. Machine Intell., vol. 17,
no.10,pp.955–966,1995.

[77] I. Cohen,N. Sebe,A. Garg, L. S.Chen,andT. S.Huang,“Facial
expressionrecognitionfrom videosequences:temporalandstatic
modeling,” ComputerVision Image Understanding, vol. 91, no.
1–2,pp.160–187,July 2003.

[78] P. S. Aleksic andA. K. Katsaggelos,“Automatic facial expres-
sionrecognitionusingfacialanimationparameters,” IEEETrans.
SignalProcessing, 2005,to appear.

[79] A. W. Senior, “Faceandfeature�nding for afacerecognitionsys-
tem,” in Proc.Int. Conf. AudioVideo-basedBiometricPersonAu-
thentication, Washington,DC, Mar. 22–23,1999,pp.154–159.

[80] H. A. Rowley, S. Baluja, and T. Kanade, “Neural network-
basedfacedetection,” IEEETrans.PatternAnal.MachineIntell.,
vol. 20,no.1, pp.23–38,Jan.1998.

[81] K.-K. SungandT. Poggio,“Example-basedlearningfor view-
basedhumanfacedetection,” IEEETrans.PatternAnal.Machine
Intell., vol. 20,no.1, pp.39–51,Jan.1998.

[82] P. Viola andM. Jones,“Rapid objectdetectionusinga boosted
cascadeof simplefeatures,” in Proc.Conf. ComputerVision Pat-
ternRecognition, Kauai,HI, Dec.11–13,2001,pp.511–518.

[83] H. P. Graf,E.Cosatto,andG.Potamianos,“Robustrecognitionof
facesandfacialfeatureswith amulti-modalsystem,” in Proc.Int.
Conf. Systems,Man, Cybernetics, Orlando,FL, 1997,pp. 2034–
2039.

[84] M. Kass,A. Witkin, andD. Terzopoulos,“Snakes: Active con-
tourmodels,” Int. J. ComputerVision, vol. 4, no.4, pp.321–331,
1988.

[85] A. L. Yuille, P. W. Hallinan,andD. S.Cohen,“Featureextraction
from facesusingdeformabletemplates,” Int. J. ComputerVision,
vol. 8, no.2, pp.99–111,1992.

[86] T. F. Cootes,G. J.Edwards,andC. J.Taylor, “Active appearance
models,” in Proc. Europ. Conf. ComputerVision, Freiburg, Ger-
many, 1998,pp.484–498.

[87] S. Young, D. Kershaw, J. Odell, D. Ollason,V. Valtchev, and
P. Woodland,TheHTK Book. UnitedKingdom: EntropicLtd.,
1999.

[88] I. S. PandzicandR. Forchheimer, Eds.,MPEG-4Facial Anima-
tion: TheStandard, ImplementationandApplications. United
Kingdom:JohnWiley andSons,2002.

[89] J.R. Deller, Jr., J.G. Proakis,andJ.H. L. Hansen,Discrete-Time
Processingof Speech Signals. EnglewoodClif fs,NJ:Macmillan
PublishingCompany, 1993.

[90] A. K. Jain,R. P. W. Duin, andJ.Mao, “Statisticalpatternrecog-
nition: A review,” IEEE Trans. Pattern Anal. Machine Intell.,
vol. 22,no.1, pp.4–37,Jan.2000.

[91] L. E. Bernstein,“Lipreading corpusV-VI: Disc 3,” Gallaudet
University, Washington,D.C.,1991.
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