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ABSTRACT

An automaticvideo-conferencingsystemis proposedwhich em-
ploysacousticsourcelocalization,videofacetrackingandposees-
timation,andmulti-channelspeechenhancement.Thevideopor-
tion of thesystemtrackstalkersbyutilizing sourcemotion,contour
geometry, colordata,andsimplefacialfeatures.Decisionsinvolv-
ing which camerato useare basedon an estimateof the head’s
gazingangle. This headposeestimationis achieved usinga very
generalheadmodelwhich employs hairlinefeaturesanda learned
network classificationprocedure.Finally, a wavelet microphone
array techniqueis usedto createan enhancedspeechwaveform
to accompany therecordedvideosignal.Thesystempresentedin
thispaperis robustto bothvisualclutter(e.g.ovalsin thesceneof
interestwhicharenot faces)andaudiblenoise(e.g.reverberations
andbackgroundnoise).

1. INTRODUCTION

A popularareaof multi-mediaresearchis automaticvideo con-
ferencing,whereasetof computer-controlledcamerascapturethe
imagesof oneor moreindividuals,adjustingfor orientation,range,
andsourcemotion. In [1, 2, 3] we proposeda hybrid facetrack-
ing systemwhich madeuseof an acoustic-basedlocalizational-
gorithm for initial camerasteeringfollowed by a motion-based
techniqueto developbodycontoursanddetectfacialregions.The
resultwasa computationallyefficient multi-sourcetracker. This
paperextendstheseideasby adding headposeestimationand
multi-channelspeechenhancementtechniques.Theheadposees-
timation algorithmis usedto decidewhich camerais bestsuited
to capturea scene. This methodis successfulfor estimatingfa-
cial orientations,anddoesnot requirevery high quality images.
A secondextensionto previous resultsis the enhancementof the
multi-microphonespeechto reducethe effects of reverberations
andbackgroundnoiseoften presentin teleconferencingenviron-
ments.Currently, mostspeechacquisitionsystemsrequiretheuser
to bephysicallycloseto adeviceto achievereasonablesoundqual-
ity. However, a moredesirablevideo-conferencingsystemwould
not requireaphysicallink betweenparticipantsandindividualmi-
crophones. In this paper, we incorporatea model-basedmulti-
channelspeechenhancementtechniquefirst discussedin [4] and
later refinedin [5]. This enhancedspeechsignalaccompaniesthe
videosignalto createa moreenjoyablesystemfor theenduser.
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Figure1: Video-ConferencingSystemSetup

2. VIDEO-CONFERENCING SYSTEM SETUP

The componentsof thehybrid trackingsystemareshown in Fig-
ure 1. The systemconsistsof video (facedetectionand track-
ing, poseestimation,shotselection)andaudio(talker localization,
speechenhancement)components.Thevideosystemusesa setof
cameraswith threedegreesof freedom:pan,tilt, andzoom. The
audiosystemconsistsof asetof four 4-elementmicrophonearrays
andis capableof detectingvoiceactivity andlocalizing theposi-
tionsof talkersin theacousticenvironmentthroughtime-delayes-
timationandanensuingtriangulationprocedure.Thelocationes-
timatederivedfrom themicrophonearraydatais usedasa coarse
positionmeasurement,providing aninitial camerapointingvector
anddeterminingtheregion of active talkers.Thevisualportionof
the systemis thenactivatedto refinethe locationestimate,frame
thetalker, estimatetheposesof thetargets,selectthecamerawith
thebestview, andtrackany subsequentmotion. The trackingin-
formationis fed to thespeechenhancementprocedurewhich then
extractsthe acousticsignalassociatedwith the desiredtalker(s),
attenuatingunwantedsources,noise,andreverberation.

3. VISUAL FACE TRACKING AND POSE ESTIMATION

The methodsusedfor facedetectionandtrackingwerefirst pre-
sentedin [1, 2]. Multi-talker facedetectionis accomplishedvia
a hierarchicalprocedureemploying four featuresderivedfrom the
video stream:(1) sourcemotion, (2) contourgeometry, (3) color
statistics,and(4) facial analysis.Sourcemotion andcontourge-
ometryidentify potentialfaceregionswhile color andfacialanal-
ysis are usedas validation criteria. Becausetheselatter criteria



Figure2: FaceTrackingExample

Figure3: Hairlinesof DifferentIndividuals

areusedonly for confirmationpurposesratherthanastheprimary
meansof facedetection,boththecolor testandfacialanalysiscan
be quite generalandrobust to varying conditions. At eachstage
of the algorithm, the appropriatefeaturesareestimatedfrom the
imagedatawith only a limited amountof computation.

Figure2 displaysa sampleimagefrom the facedetectionpro-
cess. The large boxes delineatethe segmentedregions derived
from the motion information. The ovals arethe resultof the ge-
ometricalanalysiswhich generatesa two-sidedcontourboundary
for eachregion and thenestimatesa necklinelocation. For this
exampleeachof thethreecandidates(two facesanda hand)were
foundto possessa headlike geometry. Thecolor confirmationtest
is thenappliedwithin eachof the ovals. The detectedskin color
regionsareindicatedby a light box. To this point, thehandis still
misclassifiedasafacecandidatedueto its similarshapeandcolor.
After searchingfor eye regions,thehandis discardedfrom theset
of possiblefaceregions,as indicatedby the darker boxeswithin
thelighter boxes.

Given the trackingdataprovided by the facedetectionproce-
dure,we now addresstheproblemof automaticallyestimatingan
individual’s headorientation. This information is useful for de-
terminingshotrelevanceanddecidingwhichcamerabestcaptures
thesceneof interest.A numberof methodsfor facialorientationor
headposeestimationhavebeenproposedin theliterature[6, 7, 8].
Thegeneralapproachinvolvesestimatingthepositionsof specific
facial featuresin the imageandfitting this datato a headmodel.
Many of thesemethodsstill require manually selectingfeature
pointsandassumenear-frontalviewsandhigh-qualityimages.For
our applications,suchconditionsare not usually satisfied. Poor
lighting conditionsandhiddenor unclearfacial featuresarecom-
monproblems.

In situationswheremostof the fine facial details,(e.g. eyes,
lips, mouth) are difficult to detectreliably, we focus on a more
overt property- theborderbetweenan individual’s hair andskin.
We are able to detectthe hair-skin borderover a wide rangeof
viewing anglesandlight intensities.Thecurvedshapeof thehair-
line is sufficient for satisfactoryestimationof theheadorientation.
Figure3 illustratesthehairlinecontourderived from threepeople
with differentorientations.

Estimationof thehairline contouris performedin conjunction
with the headtracker describedpreviously. Within the headre-
gions,hairlinesaregeneratedby clusteringbrightness,color and
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Figure4: Hairlinesasa feature

connectivity into hair andskin regions.Having thepre-segmented
headregion available significantly simplifies and improves this
process.Onceestimated,thehairline is parameterizedinto a sim-
ple featurevector. Referring to Figure 4, denotethe extent of
the hairline along the horizontalaxis as

�
. Along

�
, the hair-

line is evenly segmentedinto 6 pieces. The averagevertical po-
sition of thecontoursegmentfor eachpiece,� � , is normalizedto
form the 6-point featurevector �� , whoseelementsare given by� ����� �	� 
�� �	
���� � � � � � � ��� � ����� � � � � � � � . Thepurposeof this
normalizationis to make the featurevector invariant to the head
sizeandrelative frameposition.

Theproblemof orientationestimationbecomesoneof finding
the mappingfunction ������� "! � !$# � 
&% � �'% � , where ! is the
facialorientation.Givenatrainingdatasetconsistingof ( vector-
orientationpairs ) �� � � ! � * , themappingfunction is specifiedfrom
local linearprojectionsassociatedwith specifictrainingdatasub-
sets. Specifically, the training samplesare first partitionedinto
threeclasses+', , +&- and +&
 , basedupontheir coarseorientation
angles.Theseclassesroughly correspondto right, left, andback
facingheadorientations.For eachclassandits correspondingsub-
setof trainingvectors,. / , the local orientationestimateis found
from 0! /$�1�2�3/ �� ��4 / . The terms �2 / and 4 / areobtainedfrom
minimizing: 5

� 6 7 8 9 � �� � � ! � � � ! � 
�� �2 3/ �� ��4 / � � - � (1)

Theprobability density9 � �� � � ! � � is includedin theabove expres-
sionto suppresstheinfluenceof outlier trainingdata.Thisdensity
functionmaybeestimatedby a Parzenwindow [9] approach:

9 � �� � ! ��� �(
:5
� ;�, < � �� � �� � � = � < � ! � ! � � > � � (2)

where< is theGaussianfunction.Thevariancematrices,
=

and
>

,
arepredefined.Notethat9 � �� � ! � is estimatedonthewholetraining
set,nottheindividualsubset.Theleastsquarescriterionin (1) may
berecastasamatrix equationandsolvedvia thepseudo-inverse.

In practice,an observed featurevector �� is first classifiedinto
oneof the threesubsetsusinga BayesianClassifier, i.e. finding
the classwhich maximizesthe a posteriori probability given by:9 � +�/ ? �� ��@ 9 � �� ? +�/ � 9 � +�/ � , AB��� � � � C . Thea priori termis given
by 9 � +�/ �'�D? . / ? � ( andtheclass-conditionaldensityfunction is
foundfrom:

9 � �� ? +�/ ��� �? . / ?
5
� 6 7 8 < � �� � �� � � = � � (3)

Without loss of generality, assume+', is the classwhich maxi-
mizes 9 � +�/ ? �� � and +&E � F # ) � � C * is the classwhich is second
most likely. If the likelihoodassociatedwith +&, is significantly
greaterthanthat of + E , thentheposeorientationis estimateddi-
rectlyfrom thesubset1 projection.Specifically, givenapredefined



Figure5: Examplesof FaceOrientationEstimation

thresholdG , if H I�J K&L H MN O	P I	J K&Q H MN O H R�G , thentheestimatedorien-
tationis S J MN O�TVUS L T MW�X L MN�Y[Z L . Otherwisetheorientationangle
is foundusinga weightedsumof theindividual subsetorientation
anglesaccordingto:

S J MN O\T^] MW X L MN'Y[Z L _$` I�J K&L H MN OI�J K&L H MN O	Y I	J K Q H MN O aY ] MW XQ MN'Y[Z Q _ ` I	J K&Q H MN OI�J K&L H MN O Y I	J K Q H MN O a�b
Note that the numberof roughclassesinto which the continuous
rangeof orientationsaresegmentedis subjectto the balancebe-
tweentheefficiency of thelocalpredictionandtheclassseparabil-
ity. Increasingthenumberof classesimprovespredictionaccuracy
of thelinearprojection,but at thecostof decreasedsubsetclassifi-
cationperformance.

Figure5 illustratestheposeestimationresultsderivedfrom this
procedurefor avideostream.In eachpicture,asingleimageframe
is shown alongwith a clock indicatingtheestimatedfacialorien-
tationanda plot illustratingthesegmentedheadregionalongwith
thedetectedhair andskin regions.Six o’clock andtwelve o’clock
correspondto forwardandbackward-facingsubjectsrespectively.
Theposeestimationresultsarevery accurateacrossthecomplete
rangeof possibleorientationanglesdespitethepresenceof object
shadows and a complex imagebackground. This illustratesthe
appropriatenessof theextractedimagefeaturesandtheeffective-
nessof theproposedposelearningandestimationprocedures.Our
experimentsindicatethat thehairlinecontourcanbereliably esti-
matedfrom facial imagesencompassinga rangeof lighting con-
ditions andsource-cameradistancesusingonly relative intensity
statistics,color disparity, andregion connectedness.In situations
wheretheskin or hair regionsarepartially misidentified,thepose
estimatorstill providesreasonableresults.

4. MULTI-CHANNEL SPEECH ENHANCEMENT

In our previous work, the audio signal accompanying the video
recordingwas obtainedthrough a simple delay-and-sumbeam-
forming of the multi-channelspeechdata[3]. We now outline a
multi-microphoneprocedureto produceanaccompanying speech
signalthat is robust to reverberationsandbackgroundnoise. The
reverberantspeechsignal, c d e f g , observed at microphoneh ( h Ti j k j b b b j l ) canbemodeledas:c d e f g T�m d e f g n�o e f g Y[p d e f g j (4)

where o e f g is thecleanspeechutterance,p d e f g is noise,and m d e f g
is the roomimpulseresponsebetweenthespeechsourceandmi-
crophoneh . Previous work in [4, 5] introduceda multi-channel
approachwhich useda nonlinearevent-basedprocessingmethod
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Figure6: Outlineof theProposedAlgorithm

to discriminateimpulsesin thereceivedsignalsdueto channelef-
fectsfrom thosepresentin thedesiredspeech.

Thespeechproductionsystemcanbemodeledby anall-polefil-
ter excitedby a quasi-periodicimpulsetrain for voicedspeechor
by randomnoisefor unvoicedspeech.It is assumedthatthenoise
andextra excitation impulsesdueto reverberationsarerelatively
uncorrelatedacrossthe individual channels,while the excitation
impulsesdueto theoriginal speecharelessaffectedby theenvi-
ronment. The approachis to identify the cleanspeechexcitation
signalfrom a setof corruptedexcitations.Theenhancedspeechis
thenreconstructedby usingtheenhancedexcitationsignalasinput
to an estimateof the all-polefilter representingthevocal system.
The overall procedureoutlinedin Figure6 wasfirst presentedin
[5]. The received signals,c d e f g , are time-alignedeither through
a priori knowledgeof thesourceandmicrophonegeometryor by
usinga time-delayestimationprocedure.

A joint LPC filter is derived from � -point windows of the
l

channelsof speech. This LPC filter is found by using a multi-
channelapproachoutlinedin [5]. The resultingLPC coefficients
canbeusedto generatea setof residualsignals,� d e f g , via inverse
filtering. The goal of the algorithm is createa single enhanced
residualsignal, U� e f g . This residualwill thenbeusedasinput to the
LPC filter to generateanenhancedspeechsignal, Uo e f g .

The first � scalesof the wavelet transform(WVT) arecalcu-
lated for eachof the

l
residualsignals. In this work, the WVT

is calculatedfor the first 5 scales.The WVT of the residualsig-
nal from channelh , � d e f g , is denotedby ��� d J f j � O where

�
is the

scaleparameterand f is thetemporalindex within thatscale.We
usethenon-decimatedquadraticsplinewaveletdiscussedin [10].
This set of waveletswas shown to be effective at detectingsin-
gularitiesin a signal. Thesetof extremaat eachwavelet scaleis
an effective representationof the impulsesin the excitation sig-
nals. By locatingtheextremawhich arewell clusteredacrossall
channels,weattemptto capturetheunderlyingimpulsivestructure
(for voicedspeech)of the original non-reverberantLPC residual
signal. Another advantageof working in the wavelet domainis
theability to approximatelyreconstructa signalfrom thelocalex-
tremaof its WVT coefficientsat eachscale[10]. The estimated
‘clean’ multi-scaleextremacanbeusedto reconstructthedesired
excitationsignal.

Basedupon the observation that residualimpulsesdue to the
original speechtend to be clusteredacrosschannelsand scales
while thosedueto reverberationeffectsarerelatively uncorrelated
in bothamplitudeandtime, a clusteringtechniqueis now applied



to estimatethe ‘clean’ extrema. Thereverberantwaveletextrema
ateachscaletendto beclusteredaroundthelocalwaveletextrema
of thedelay-and-sumbeamformedspeech.In general,for voiced
speech,extremadueto glottal excitationstendto bemoreclosely
clusteredthanthosedueto additionalimpulsesfrom thereverber-
antchannelresponses.Thiscausesthelessclusteredpeaksto have
a relatively small amplitude. The clusteringoperationmapsthe
multi-channelWVT extremadatato a singleWVT extremarep-
resentationsuitablefor input to theWVT extremareconstruction
algorithmdescribedin [10].

We now furtherde-emphasizetheclusteredpeaksdueto rever-
berationsbeyondwhat is achieved by theextremaclusteringpro-
cess.Thefollowing short-termcoherencewindow is multipliedby
thewaveletextremaat eachscale� :� � � � � ���� �	�	����   ¡ ���¢   � £ ¡ ��¤¥   ¦ ¤�§©¨ � ª « ¬ ­ ® � ¯ §°¨ ¢ ª « ¬	­ ® � ¯� ��   ¡ � ¤¥   ¦ ¤ §©¨ � ª « ¬ ­ ® � ¯ ± ² (5)

where ³ ´[µ·¶$¸º¹ is the lengthof a small subwindow within
the analysisframe,on the orderof 3 to 5 msec. With this win-
dow, any clusteredextremain areasof low coherencewill bede-
emphasized,while highly coherentextremawill be relatively un-
affected. Thecoherencefunctionasgivenabove canassumeval-
uesbetween»�¶ and1. Any coherencevaluesbelow a threshold,¼

, aresetto
¼&½	¾©¿ À « � � � � � while any valuesabove

¼
aresetto� � � � � ½�¾Á¿ À « � � � � � to avoid excessive smoothingof the resulting

speechsignal.
After multiplying theclusteredpeaksfor eachwaveletscaleby

theappropriatescale-dependentcoherenceenvelope,theenhanced
LPC residualis reconstructedusing the techniquesdiscussedin
[10]. For voicedframes,aquasi-pitch-synchronoussmoothingap-
proachis employedat thecoarserwaveletscalesto ensurethatthe
peaksfrom consecutive voicedperiodsareslowly varying[5].

For eachanalysisframe,thereconstructedresidualsignal, ÂÃ � � � ,
is applied to the estimatedLPC filter to generatethe enhanced
speechsignal. The final stepis to scalethe reconstructedspeech
framesby ameasurethatis basedonboththelong-termcoherence
of the speechchannelsandthe energy of the beamformedsignal
to obtain the enhancedspeechframe, ÂÄ � � � . This secondweight-
ing servestwo purposes(1) it adjuststheenergy of eachframeto
provide a relatively smoothlyvarying outputand(2) it allows for
thede-emphasisof lengthysignalportionswhich aredueprimar-
ily to reverberationeffects(e.g. immediatelyaftera suddenvowel
stoppage).

Figure7 shows the resultsof the overall enhancementmethod
for a reverberationtime of 400 msecandadditive noisewith an
SNRof 10dB relativeto theoriginalcleanspeech.Thefigureplots
theoriginalspeech,thesignalreceivedatasinglemicrophone,the
productof delay-and-sumbeamforming,and the result achieved
usingtheproposedenhancementalgorithm.

5. CONCLUSION

This work presenteda robust automaticvideo-conferencingsys-
tem combiningour previous work involving facetracking, head
poseestimation,andmulti-channelspeechenhancement.Theface
tracker is ableto trackdifferentpeoplein a dynamicenvironment.
The headposeestimatecanbe usedto selectthe mostdesirable
camerato recordaparticularspeaker. Finally, thespeechenhance-
mentalgorithmprovidesanaudiosignallargely freeof reverbera-
tion andadditive noiseto accompany therecordedvideosignal.
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Figure7: Resultsof ProposedSpeechEnhancementAlgorithm
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