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Abstract

The developmentof user interfacesbasedon vision and
speeb requiresthe solutionof a challengingstatisticalin-
ferenceproblem: Theintentionsandactionsof multiplein-
dividualsmustbeinferredfromnoisyandambiguougiata.
We arguethat Bayesiametworkmodelsare an attractive
statisticalframewvork for cuefusionin theseapplications.
Bayesnets combinea natural medanismfor expressing
contetual informationwith efficientalgorithmsfor learn-
ing and inference We illustrate thesepoints throughthe
developmentof a Bayesnet modelfor detectingwhena
useris speaking The modelcombinedour simplevision
sensos: facedetectionskincolor, skintexture, andmouth
motion.We presentsomepromisingexperimentakesults.

1 Introduction

Human-centerediserinterfacesbasedon vision and
speechpresentchallenging sensingproblemsin which
multiple sourcesof information mustbe combinedto in-
fer the users actionsandintentions. Statisticalinference
techniqueghereforeplay a critical role in systemdesign.
This paperaddressethe applicationof Bayesiametwork
modelsto the taskof detectingwhethera useris speaking
to thecomputer Thisis achallengingaskwhich canmake
useof a variety of sensors.lt is thereforea goodtestbed
for exploring statisticalsensoifusiontechniques Spealer
detectionis also a key building block in the designof a
corversationalnterface.

Bayesiannetworks [16, 9] are a classof probabilis-
tic modelswhich graphicallyencodethe conditionalinde-
pendenceelationshipsamonga setof randomvariables.
Bayesiametworksareattractvefor visionapplicationde-
causethey combinea naturalmechanisnmfor expressing
domainknowledgewith efficient algorithmsfor learning
andinference.They have beensuccessfullyemployedin a
wide rangeof expertsystemanddecisionsupportapplica-
tions. Oneexampleis the Lumiereproject[6] atMicrosoft,
whichusedBayesiametworksto modelusergoalsin Win-
dows applications.

In this paperwe demonstrateéhe use of Bayesiannet-
worksfor visual cuefusion. We presenta network, shavn
in Figure4(c), which combineghe outputsof four simple
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“off-the-shelf vision algorithmsto detectthe presencef

aspealer. Thestructureof thenetwork encodeshecontext

of the sensingtaskand knowledgeaboutthe operationof

thesensorsTheconditionalprobabilitiesalongthe arcsof

the network relatethe sensomoutputsto the taskvariables.
Theseprobabilitiesarelearnedautomaticallyfrom training
data.

While Bayesiannetwork modelsare not yet in wide-
spreadusewithin the computervision community there
is a growing body of work on their applicationto ob-
jectrecognition[11], scenesuneillance[2], video analy-
sis[22, 7], andselectve perceptior[19]. Much of this ear
lier work reliesuponexpertknowledgeto instantiatenet-
work parametersln contrastwe have exploredthe ability
to learnnetwork parameterdérom training data. Learning
is akey stepin fusingsensomwoutputsat the datalevel.

This papemalkestwo contributions. First, we usea se-
ries of examplesto illustrate the power of Bayesiannet-
works in combining noisy measurementand exploiting
context. We presenta network architecturgnetwork F in
Figure4(b)) thatcaninfer the frontal orientationof a face
eventhoughwe have no explicit posesensor

Secondwe presenta solutionto the spealer-detection
problemwhich is basedon commonlyavailablevision al-
gorithms and achieses a classificationrate of 91% on a
simpletestset. This resultsuggestshat Bayesiametwork
classifierscanprovide aninterestingalternatve to the stan-
darddecisiontreeor neuralnetwork classifierscommonly
usedin vision applications.

2 The Speaker Detection Task

Spealer detectionis animportantcomponenbof a con-
versationalnterfacefor a SmartKiosk[17, 23, 3], afree-
standing computersystem capableof social interaction
with multiple users.Thekiosk usesan animatedsynthetic
faceto communicaténformation,and cansensats users
with touch-screensgamerasand microphonegseeFig-
urel). In this settingwe would lik e to modelandestimate
a wide rangeof userstatesfrom concreteattributessuch
asthe presencef a useror whetherthey arespeakingto



moreabstracpropertiessuchastheusers level of interest
or frustration.

In a kiosk interface,spealer
detectionconsistsof identifying
userswho are facing the kiosk
displayandtalking. In particu-
lar, we wantto distinguishthese
usersfrom otherswho may be
conversingwith theirneighbors.
The public, multi-user nature
of the kiosk applicationdomain
malkesthis detectionstepa crit-
ical precursorto ary speech-
basednteraction.

To solwe the spealer detec-
tion task,we usea combination
of four “off-the-shelf vision
sensors:the CMU face detec-
tor [20], a Gaussiarskin color
detector24], afacetexturede-
tector and a mouth motion de-
tector They are explainedin
) moredetail belon. Thesecom-
Figure 1. The Smart ,,hentshave the advantageof
Kiosk either being easyto implement
or easyto obtain,but they have notbeenexplicitly tunedto
theproblemof spealer detection.

In combiningthe outputsof thesesensorsve wouldlike
to exploit contextual knowled@ abouttheir performance
characteristicendaboutthe physicaldesignof the kiosk.
For example,our kiosk designalignsthe cameraaxis with
the primary viewing directionof the kiosk display Users
who wantto speakto the kiosk mustbe facingthe display
andin closeproximity if they expectto beheard.As are-
sultof this camerglacementspeakinguserswill generate
frontal faceimagesin which lip andjaw motionis visible.
Thusthe detectionof frontal facesprovidesan important
cuefor the presenceof spealers. We will show in Sec-
tion 3 that Bayesiametworks provide a powerful tool for
integratingvision sensora&ndexploiting context.

A completesolutionto the spealer detectionproblem
mustinclude an architecturefor searchingan input video
sequencever all possiblepositions,scales,and orienta-
tions. This couldbe donethrougha combinatiorof heuris-
tics andbruteforce searchasin [20]. In this paperwe ad-
dressa simplertask: Givenanimageregion of a specified
sizeandpositionwithin avideoframe,computethe proba-
bility thatit containsa spealer. Theresultingregion-based
spealer detectorcould be the basisfor a global searchar-
chitecture.

Each sensorcan be viewed as an operatorthat takes
aninput region andoutputsa scalarfeature. We illustrate

Figure2: FrameslO, 25,and40 from a sequencé which
atalking headrotatesfrom left to right.

the variationin thesefeaturesusingthe sampleimagese-
guenceshawn in Figure2. We appliedeachsensotto two

sequencesf input regions of length seven. The first set
of regionstracksthe faceasthe posevariesfrom left to

right acrossthe sequenceasillustratedin the figure. The

resultingfeaturetrajectoriesare plottedwith solid linesin

Figure3. They illustratethe posedependencef thesensor
outputs.

A secondsetof regionswasobtainedoy scanningawin-
dow from left to right in imagecoordinatesvithin a single
frame.Reagionnumberfourin thissequenceorrespondso
themiddle framein Figure2. It is identicalto region four
in the posesequenceTheresultingfeaturetrajectoriesare
plottedwith dashedinesin Figure3. They illustratethe
selectvity of the sensorawvith respecto theface.

We see that all four sensorsrespondselectvely to
frontal faces,in the sensethat their responsepeakwhen
theinput window is centerecbn theface. All of themex-
ceptfor the facedetectorarefairly insensitve to the pose
of the face. The skin color sensomwasthe moststableun-
der posevariation. We now describeeachsensolin more
detail.

Skin Sensor

We employ skin color asa basiccuefor detectinga visible
facein theinput window, asit is largely unafectedby the
facial pose.Givenskin color measurementsbtaineddur-
ing a training phasewe fit a single gaussiarcolor model
asdescribedn [24]. Thefeatureis the averageof the log-
likelihood over the input region. The solid line in Fig-
ure 3(a) shaws the stability of the skin color featureasa
function of the poseof the face. The dashedine showvs
a gradualdegradationasthe input region is contaminated
with backgroundgixels.

Texture Sensor

It is well-known thatmary objects suchaswalls, aresim-
ilar in color to skin. We designeda simple texture fea-
tureto helpdiscriminateregionscontainingfacesfrom re-
gionscontainingeithervery smoothpatternssuchaswalls
or highly textured patternssuchasfoliage. A correlation
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Figure3: Plotsof thefour sensooutputsfor two sequences
of imageregions. The solid lines shov theresponseasthe
poseof thefacevaries.The dashedinesshaow theresultof
sweepinghewindow acrossa singleimage.

ratio

definesthefeaturewhere is setto onetwelfth thewidth
of the region of interest— on the order of facial feature
sizesandwhere denoteghegraycomponenbf theinput
colorimage.(In our experimentsve simply usedthegreen
channel.)We foundcorrelationin X to be morestablethan
correlationin Y. Variationin this featureis illustratedin
Figure3(b).

NN face Sensor

The CMU facedetector[20] usesa neuralnetwork (NN)

architectureo searchfor frontal, uprightfacesin images.
Since we are given a specificimage position and scale
to evaluate,we employ the verificationnetwork from the
CMU system.Sincethis network is sensitve to small po-

sition errors,it is evaluatedover a fixed rangeof displace-
mentsaroundthe desiredlocationandthe highestscoreis

returned.

Theoutputof this detectoiis plottedin Figure3(c). The
solid curve shows the continuousoutputof the NN asthe
poseof the facevaries. The outputis highly saturatedcand
orientation-sensitie. The featureis equally sensitve to
positionwithin animage (the dashedcurve) andfalls off
rapidly aroundtheface(region4).

M outh Sensor

This sensousesthe motionenegy in the mouthregion of

astabilizedimagesequencéo measurehin andlip move-

ment. A weighting maskis usedto identify mouth and

nonmouthpixelsinsidethe target region. Affine tracking

of the nonmouthpixelsis usedto cancelsmall facemo-

tions. Theresidualerrorin themouthregion averagedver

five framesis thenusedasthe feature. It is normalized
by dividing by theresidualerrorover the remaindeiof the

face.Thisis anapproximatiorto theopticalflow approach
to lip motionanalysisproposedn [12].

In the absencef an accuratesggmentationof the face
pixels, the sensoris sensitve to significant head rota-
tion. As the faceposeapproaches profile view, residu-
alsaroundthe occludingcontourincreasebiasingthe sen-
sor. This effectis apparentn the“jaggednessof the solid
curvein Figure3(d).

We selectedheskin, texture,neuralnet,andmouthsen-
sorsdescribedabove on the basisof their availability, sim-
plicity, andrelevanceto the task. Othersensorsould un-
doubtedlybeused.In thenext sectionwe demonstratbow
Bayesiannetworks can be usedto combinethesesimple
sensorsnto amorecomple spealer detector

3 Bayesian Networksfor Speaker Detection

A Bayesiametwork [16, 9] is a directedagyclic graph
in which nodesrepresentandomvariables,and the ab-
senceof arcsrepresentsonditionalindependencén the
following formal senseA nodeis independenof its non-
descendantgivenits parentsinformally, we canthink of a
nodeasbeing“caused”by its parentsFigure4(a)givesan
exampleof a simple network which modelsthe presence
of afacein theinputregion.

GivenaBayesiametwork graph,we canfactorthejoint
distribution over all of the variablesinto the productof lo-
calterms: , Where

arethe parentsof node , and

is the conditionaldistribution of givenits parents. If

all of thenodesarediscrete(aswe assumehroughouthis

paper),the conditionaldistributionscanbe representeds
conditionalprobability tables,called CPTs. (SeeTable 2

for an example.) However, we canalsoallow the nodes
to be continuousandemploy conditionalGaussiansBoth

CPTsandGaussiarparameterganbelearnedfrom train-

ing datausingEM. Seeg[13] for moredetails.

There are two computationalttasksthat must be per
formedin orderto usethesenetworks asclassifiers.After
the network topology hasbeenspecified,the first taskis
to obtainthe local CPT for eachvariableconditionedon
its parent(s). Oncethe CPTshave beenspecified(either
throughlearningor from expert knowledge),the remain-
ing taskis inferencej.e., computingthe probability of one



(a) Network N

(b) Networks P andF

(c) Network S

Figure4: (a) Naive Bayesclassifier (b) Polytree(network P) withoutdashedarc,final facedetector(network F) with dashed
arc. (c) Final spealer detector Notethatthe leavesrepresenthe outputof sensorsthe othernodesrepresenhiddenstates.

setof nodes(the query nodes)given anothersetof nodes
(the evidencenodes). In spealer detectionthe evidence
nodesarethediscretizedutputsof the four vision sensors
andthe querynodeis the probabilityof adetectedspealer.
See[9] for moredetailson the standardBayesiametwork
algorithms.

We now exploretherepresentationgdower of Bayesian
networks througha seriesof four examples,culminating
in the spealer detectionnetwork. The first exampleis
the naive Bayesianclassifier (network N) shown in Fig-
ure4(a). Theleavesrepresenbbsenablefeaturegthe out-
putsof our sensorssuitablydiscretized) andtherootnode
representanunobseredvariable visible which hasvalue
1if afaceis visible in the input region, and0 otherwise.
This network actsasafacedetector

We areinterestedn computing , Where

representsisible  representthecolor-basedskinsen-
sor,  representshefacetexture sensorand represents
the NN face sensar This quantity canbe usedin a deci-
sionrule, suchasinferring thata faceis presentwwheneer

Network N is a poor modelfor a visible facebecause
it fails to take into accountthe factthatthe NN face sen-
sor can only detectfrontal faces. This missing conte-
tualknowledgecaneasilybeincorporatednto our network
model by meansof an additionalhiddenvariable , for
frontal. takesonthevaluesl for frontalfacesp for non-
frontal faces,and 2 for not-applicablg(in the casewhere

)

We canbuild a separatenaive Bayesclassifierfor
with justonechild, . Whenwe combinethetwo classi-
fiersinto asinglenetwork, we endup with a polytreestruc-
ture (network P). Thisis shovn in Figure4(b) asthegraph
in whichthedottededgeis absentA polytreeis adirected
graphwhoseunderlyingundirectedgraphis atree,i.e.,an
agyclic graph. Intuitively, we canthink of a polytreeas
multiple directedtreesgraftedtogethelin suchaway asto
notintroduceary undirectectycles.

Polytreesare more powerful thannaive Bayesmodels,

sincevariablessuchasNN facecanhave multiple parents.
However, the factthatfrontal dependsuponvisible (since

) is not encodedn network P.
We canmodelthis additionalfact by addingan extra arc,
shavn as a dottedline in Figure 4(b). This resultsin a
graphwith anundirectectycle,whichwewill call network
F (thecompletefacedetectiometwork).

Network F hassomeinterestingproperties.For exam-
ple, considerthecasewhere , meaninghattheneu-
ral network hasnot detectech face,but and ,
meaningthat the skin andtexture sensordave detecteca
face.In the caseof network N, thesecontradictorysensor
readingswould have the effect of reducing .In
network F, however, the factthat canbeexplained
away by the factthat despitethe factthat ,
sincewe know thatthe neuralnetwork cannotdetectnon-
frontalfaces Hencewe notonly increaseheclassification
accurag on , butwealsoinferthevalueof withoutdi-
rectly measuringt. The phenomenaf explainingaway is
akey propertyof Bayesiametwork modelsfor cuefusion.

The completevision-basedspealer detectionnetwork
(network S) is shawvn in Figure4(c), wherewe have intro-
ducedan additionalmeasurementariable mouthmotion
() andhiddenvariablespeaking ). isthedesiredbut-
put, the probability of a spealer beingpresenin theinput
region. Note thatthe arcsconnectingspeakingto visible
andfrontal encodahe contextualknowledgeaboutcamera
placementescribedn Section2.

Notice also that network F can be viewed as being
“pluggedin” asa moduleinto network S. This is because
thevisible andfrontal nodessepaate (in a certaintechni-
calsensepll of thenodesin network F from theadditional
nodesspeakingand mouth The ideaof reusingnetwork
componentdy pluggingtheminto larger networksis for-
malizedin [10] underthe nameobject-orientedBayesian
networks

4 Experimental Results
We conducted two experiments using a common
dataset.Thefirst experimentcomparedhe facedetection



performanceof networks P andF in orderto quantify the
benefitof themorecomple« network topology Thesecond
experimenttestedthe spealer detectionperformanceof
network S. Ourimplementationsverebasedon the Bayes
NetToolboxfor Matlab5 whichis freely availablefrom the
secondauthort

Thedatasefor bothexperimentsvasgeneratedrom 80
five-framevideoclips of faces.For eachclip we manually
labeledtheposition(boundingbox) andpose(frontal, non-
frontal, or notapplicable)f thefacein thefirst frame.We
alsorandomlysampled0 non-faceregionsfrom the back-
groundsof theseclips. We appliedeachof thefour sensors
to thesel60 regions. The color, texture, and neuralnet-
work sensoravere appliedto the first framein eachclip,
while the mouth motion sensorusedall five frames. We
discretizedheresultsusingtwo binsfor the skin detector
two for the neuralnetwork detector andthreefor the tex-
ture detector We usedhalf of our datafor trainingandhalf
for testing. Whentraining, we presentedhe valuesof all
the nodesto the network. Whentesting,we presentedhe
valuesof thesensorsandcomputedhemaminal probabil-
ities of the hiddennodes.

4.1 Face Detection Experiment

The first experimentcomparedhe ability of networks
P andF in Figure4(b) to estimate and . We declared
if . Equivalently, we

declared . An error was countedif
either or wereincorrect. The resultsare shown in
Tablel.

Network | Train Test

P 72 75

F 95 94

Table 1: Facedetectionresults. Percentagef casesin
which both  and are estimatedcorrectly by the net-
worksof Figure4(b).

It is clearthatthe full network model performsbetter
thanthe polytreemodel. To understandvhy, we examined
the CPT for the NN facenode,shavn in Table2. We can
seethatit haslearnedhattheneuralnetwork is goodatde-
tectingfrontal faces but not goodat detectingnon-frontal
faces;the generalmodel (but not the polytreemodel) can
exploit this to infer pose,aswe discussecearlier Thein-
creaseaxpressve power of network F comesatthecostof
more complicatedalgorithms(e.g. thejoin treealgorithm
describedn [9]). Fortunatelyanumberof freely available
software packagegontaingoodimplementation®f these
routines.

1Seehttp://mwwwcs.berkeley.edu/ murphykBayes/mt.html for more
information.

0 0|05 0.5
1 0 | 0.8377 0.1623
0O 1|05 0.5
1 1 | 0.0055 0.9945
0 2 | 0.9980 0.0020
1 205 0.5

Table2: ThelearnedCPT for the neuralnetwork detector
nodein network G. Whenthe faceis visible and frontal
(fourth row), the probability that the neuralnetwork will
detectit is 0.9945;but whenthe faceis visible and non-
frontal (secondrow), theprobabilityit will detectit is only
0.1623. Rows with 0.5 in them correspondo valuesof
the parentnodesthat were never seenin the training data
(becausehey areimpossible).

In this experiment,all of the errorsweredueto incor-
rectly estimating for imageswhere . Thisreflects
the inherentambiguity in the conceptof “frontal pose”.
Thethresholdon theposeangleusedby thehumanlabeler
is likely to be inconsistentwith thatimplicitly definedby
the neuralnetwork, resultingin errorsin . This explains
why the performancen thetestsetcanexceedthe perfor
manceon thetrainingset(asin the polytreecase).

4.2 Speaker Detection Experiment

In the secondexperimentwe evaluatedthe spealer de-
tector (network S) usingthreesetsof testdata. The first
setcontainedegionswith frontal facesequallydividedbe-
tweenspeakingandnonspeakingThe second nonfrontal
setcontainedfacesat a variety of nonfrontalposes. The
final nonfacesetconsistedf regionsthat did not contain
aface. As before,we computed in
scoringthenetwork output. Theresultsfor thetrainingand
testingdataaregivenin Table3. Theaveragetestscoreon
faceregionswas91%.

Dataset | Train Test
Frontal 100 94
Nonfrontal | 93 89
Nonface 94 98

Table3: Spealer detectionresults. Percentagef correct
estimate®f by network S (seeFigure4(c)).

In 90 % of thetestcaseserrorsin estimating seemed
to resultfrom estimating incorrectly(i.e., wasincor
rectandthe mouthfeaturesupportedspeaking).This sug-
geststhat the mouthsensomwasfairly reliable for frontal
faces.

The controlledlighting andlack of backgroundmotion
in our datasetundoubtedlycontributed to the succesof



thesetwo experiments. We plan to validate our network

designgutherundermorechallengingexperimentatondi-

tions, including variablelighting and moving background
clutter.

5 Conclusionsand Future Work

We have demonstrated generabkpproacho solvingvi-
sion tasksin which Bayesiannetworks are usedto com-
bine the outputsof simple sensingalgorithms. Bayesian
networks provide anintuitive graphicalframework for ex-
pressingcontextual knowledge,coupledwith efficient al-
gorithmsfor learningandinference. They canrepresent
comple probability models, but their learning rules are
simpleclosed-formexpressiongiven a fully-labeled data
set.

Context is a particularlypowerful cuein userinterface
applicationssinceit canbe exploitedandreinforcedin the
designof the interface. For the spealer detectiontaskwe
exploitedtwo contextual cues:thefactthataspealer'sface
imagewill be frontal, andthe factthatthe CMU facede-
tectorcanonly detectfrontal faces.Oneresultis network
F in Figure4(b), which caninfer the frontal orientationof
afaceeventhoughwe have no explicit posesensor

The combinationof multiple vision algorithmsbased
on contextual informationis a featureof mary successful
vision systems. For example, the vision-basedkiosk de-
scribedin [5] also exploits the alignmentof cameraand
display axes and usesa combinationof multiple sensing
modules. It includesa clever hardware designfor phys-
ically integratingthe cameraandthe display The Kids-
Roomsystem[8] atthe M.I.T. MediaLab is anotherele-
vantexample.

An alternatve to fusing mary simplesensords to de-
signcomplex algorithmsthatjointly measurea largenum-
berof hiddenstates For example,spealer detectioncould
alsobe performedusingthe outputof areal-timeheadand
lip trackingsystemsuchasLAFTER [14]. In thisinstance
the primary advantageof our sensoffusionapproachs its
simplicity of implementationlt is quitelikely thatgreater
accurag could be obtainedwith a morecomplex andspe-
cializedsensor

However, as we move from sensingwell-defined at-
tributeslik e speectproductionto moreabstractjuantities
suchasthe users interestlevel, it becomesncreasingly
difficult to imaginedesigninga single highly specialized
sensorWe believe thatthefull power of the Bayesiamet-
work approactwill becomeapparentn this limit.

Ourspealer detectiorexperimentausingthe network of
Figure 4(c) demonstratedlassificationratesof 91%on a
controlledtestset. This resultsuggestshat Bayesiamet-
workscanprovide aninterestingalternatve to the standard
decisiontree and neuralnetwork classifiersthat are often
usedin vision applications.

In future work we plan to add speechsensingto the
spealer detectionnetwork and experiment with multi-
modalinference.We will furthervalidateour network de-
signson a large subjectpopulationunderrealistic condi-
tionsof backgrounctlutter We alsoplanto exploretheuse
of dynamicBayesiametworks (DBNs) to capturetempo-
ral attributesof users. Someinterestingprevious work in
dynamiccuefusionincludesthe SER/P [4] and IFA [21]
architecturescoupledHMM models[1], and mixed-state
DBNs|[15].

Going beyond low-level cue fusion, we would like to
useBayesnetsas a frameawork for integrating high-level
reasoningwith low-level sensing. With a suitableutility
modelit shouldbepossibleto closetheloop betweersens-
ing andactionin a sound,decision-theoreticmannef6].
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