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ABSTRACT

An automaticvideo-conferencingystemis proposedwvhich em-
ploys acousticsourcdocalization videofacetrackingandposees-
timation, and multi-channelspeechenhancementThe video por
tion of thesystentrackstalkersby utilizing sourcemotion,contour
geometrycolor data,andsimplefacialfeatures Decisionsinvolv-
ing which camerato useare basedon an estimateof the heads
gazingangle. This headposeestimationis achiesed usinga very
generaheadmodelwhich emplgys hairlinefeaturesandalearned
network classificationprocedure. Finally, a wavelet microphone
array techniqueis usedto createan enhancedspeechwaveform
to accompan therecordedvideosignal. The systempresentedn
this paperis robustto bothvisualclutter (e.g.ovalsin the sceneof
interestwhich arenotfaces)andaudiblenoise(e.g.reverberations
andbackgroundhoise).

1. INTRODUCTION

A popularareaof multi-mediaresearchs automaticvideo con-
ferencingwherea setof computercontrolledcamerasapturethe
imagesof oneor moreindividuals,adjustingfor orientationrange,
andsourcemotion. In [1, 2, 3] we proposeca hybrid facetrack-
ing systemwhich madeuseof an acoustic-basetbcalizational-
gorithm for initial camerasteeringfollowed by a motion-based
techniqueto develop body contoursanddetectfacialregions. The
resultwas a computationallyefficient multi-sourcetracker. This
paperextendstheseideasby adding head pose estimationand
multi-channelspeectenhancemertechniquesThe headposees-
timation algorithmis usedto decidewhich camerais bestsuited
to capturea scene. This methodis successfufor estimatingfa-
cial orientations,and doesnot requirevery high quality images.
A secondextensionto previous resultsis the enhancementf the
multi-microphonespeechto reducethe effects of reverberations
and backgroundnoise often presentin teleconferencingrviron-
ments.Currently mostspeectacquisitionsystemsequiretheuser
to bephysicallycloseto adevice to achieve reasonablsoundqual-
ity. However, a moredesirablevideo-conferencingystemwould
notrequireaphysicallink betweerparticipantsandindividual mi-
crophones. In this paper we incorporatea model-basednulti-
channelspeechenhancementechniquefirst discussedn [4] and
laterrefinedin [5]. This enhancedpeectsignalaccompaniethe
videosignalto createa moreenjoyablesystemfor theenduser
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2. VIDEO-CONFERENCING SYSTEM SETUP

The component®f the hybrid tracking systemare shavn in Fig-
ure 1. The systemconsistsof video (face detectionand track-
ing, poseestimationshotselection)andaudio(talker localization,
speeclenhancementjomponentsThevideo systemusesa setof
cameraswith threedegreesof freedom: pan,tilt, andzoom. The
audiosystenconsistof asetof four 4-elemenmicrophonearrays
andis capableof detectingvoice activity andlocalizing the posi-
tionsof talkersin theacousticervironmentthroughtime-delayes-
timationandan ensuingtriangulationprocedure The locationes-
timatederived from the microphonearraydatais usedasa coarse
positionmeasuremenproviding aninitial camergpointing vector
anddeterminingtheregion of active talkers. Thevisual portion of
the systemis thenactivatedto refinethe locationestimate frame
thetalker, estimatethe posesf thetamgets,selectthe camerawith
the bestview, andtrack ary subsequenmotion. The trackingin-
formationis fed to the speectenhancemergrocedurevhich then
extractsthe acousticsignal associatedvith the desiredtalker(s),
attenuatinginwantedsourcesnoise,andreverberation.

3. VISUAL FACE TRACKING AND POSE ESTIMATION

The methodsusedfor facedetectionandtracking werefirst pre-
sentedin [1, 2]. Multi-talker facedetectionis accomplishedvia
a hierarchicalprocedureemplgying four featuresderivedfrom the
video stream: (1) sourcemotion, (2) contourgeometry (3) color
statistics,and (4) facial analysis. Sourcemotion and contourge-
ometryidentify potentialfaceregionswhile color andfacial anal-
ysis are usedas validation criteria. Becauseheselatter criteria



Figure3: Hairlinesof Differentindividuals

areusedonly for confirmationpurposesatherthanasthe primary
meanf facedetectionpoththe color testandfacialanalysiscan
be quite generalandrobust to varying conditions. At eachstage
of the algorithm, the appropriatefeaturesare estimatedrom the
imagedatawith only alimited amountof computation.

Figure 2 displaysa sampleimagefrom the facedetectionpro-
cess. The large boxes delineatethe segmentedregions derived
from the motion information. The ovals arethe resultof the ge-
ometricalanalysiswhich generates two-sidedcontourboundary
for eachregion andthen estimatesa necklinelocation. For this
exampleeachof the threecandidategtwo facesanda hand)were
foundto possess headlile geometry The color confirmationtest
is thenappliedwithin eachof the ovals. The detectedskin color
regionsareindicatedby alight box. To this point, the handis still
misclassifiechsafacecandidatedueto its similar shapeandcolor.
After searchindor eye regions,thehandis discardedrom the set
of possiblefaceregions, asindicatedby the darlker boxes within
thelighter boxes.

Given the tracking dataprovided by the facedetectionproce-
dure,we now addresghe problemof automaticallyestimatingan
individual's headorientation. This informationis useful for de-
terminingshotrelevanceanddecidingwhich camerabestcaptures
thesceneof interest.A numberof methoddor facialorientationor
headposeestimatiorhave beenproposedn theliterature[6, 7, 8].
The generalapproachinvolvesestimatingthe positionsof specific
facial featuresin theimageandfitting this datato a headmodel.
Marny of thesemethodsstill require manually selectingfeature
pointsandassumenearfrontal views andhigh-qualityimages.For
our applications,suchconditionsare not usually satisfied. Poor
lighting conditionsandhiddenor unclearfacial featuresare com-
monproblems.

In situationswheremostof the fine facial details, (e.g. eyes,
lips, mouth) are difficult to detectreliably, we focus on a more
overt property- the borderbetweenanindividual’s hair andskin.
We are able to detectthe hairskin borderover a wide rangeof
viewing anglesandlight intensities.The curved shapeof the hair
line is sufficient for satishctoryestimationof theheadorientation.
Figure3 illustratesthe hairline contourderived from threepeople
with differentorientations.

Estimationof the hairline contouris performedin conjunction
with the headtraclker describedpreviously. Within the headre-
gions, hairlinesare generatedy clusteringbrightnesscolor and

Figure4: Hairlinesasafeature

connectiity into hair andskin regions. Having the pre-sgmented
headregion available significantly simplifies and improves this

process Onceestimatedthe hairline is parameterizeihto a sim-

ple featurevector Referringto Figure 4, denotethe extent of

the hairline along the horizontalaxis as L. Along L, the hair

line is evenly sggmentedinto 6 pieces. The averagevertical po-

sition of the contoursegmentfor eachpiece,Y;, is normalizedto

form the 6-point featurevector %, whoseelementsare given by

yi =[Yi — (Ys +Y1)/2] /L, (i = 1,...,6). Thepurposeof this

normalizationis to malke the featurevectorinvariantto the head
sizeandrelative frameposition.

The problemof orientationestimationbecomesne of finding
the mappingfunction f : ¥ — 6,6 € [—x,+=], whereé is the
facialorientation.Givenatrainingdatasetconsistingof N vector
orientationpairs{#;, #; }, the mappingfunctionis specifiedfrom
local linear projectionsassociatedvith specifictraining datasub-
sets. Specifically the training samplesare first partitionedinto
threeclasse<L:, C» andCs, basedupontheir coarseorientation
angles. Theseclassegoughly correspondo right, left, andback
facingheadorientations For eachclassandits correspondingub-
setof training vectors,S;, the local orientationestimateis found

from§; = &@; § + ;. Thetermsd; andp; areobtainedfrom
minimizing:
> (i, 0:)(0: — (& 7+ B))- (€N
i€S;

The probability densityp(#;, 6;) is includedin the aborse expres-
sionto suppressheinfluenceof outlier trainingdata. This density
functionmaybe estimatedy a Parzenwindow [9] approach:

N
PO = 3 D25, D)80,0,0), @)

i=1

where® is theGaussiarfunction. Thevariancematrices ) ando,
arepredefinedNotethatp(%, 8) is estimatednthewholetraining
set,nottheindividual subsetTheleastsquaregriterionin (1) may
berecastasa matrix equationandsolvedvia the pseudo-imerse.

In practice,an obsered featurevectori is first classifiedinto
one of the threesubsetaising a BayesianClassifier i.e. finding
the classwhich maximizesthe a posteriori probability given by:
p(C;|9) x p(H1C;)p(C;), 7 = 1,2, 3. Theapriori termis given
by p(C;) = |S;|/N andthe class-conditionaflensityfunctionis
foundfrom:

p(FIC)) = |;—| > (7,7, %). ©)

7 i€S;

Without loss of generality assumeC; is the classwhich maxi-
mizesp(C;|§) andCg,k € {2,3} is the classwhich is second
mostlikely. If thelikelihood associatedvith C is significantly
greaterthanthat of Cj, thenthe poseorientationis estimatedi-
rectlyfrom thesubsetl projection.Specifically givenapredefined
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Figure5: Examplesof FaceOrientationEstimation

threshold, if |p(C1|%) — p(Ck|%)| > €, thentheestimatedrien-
tationis () = 0, = &7 § + 1. Otherwisethe orientationangle
is found usinga weightedsumof theindividual subsebrientation
anglesaccordingto:

_ (AT p(C1l7) )
0@ = (#5+5) (et s o

ST p(Ck|¥) )
+ (di+m) (p(clw) (Gl
Note that the numberof roughclassesnto which the continuous
rangeof orientationsare segmentedis subjectto the balancebe-
tweentheefficiengy of thelocal predictionandtheclassseparabil-
ity. Increasinghenumberof classesmprovespredictionaccurag
of thelinearprojection,but atthe costof decreasedubsetlassifi-
cationperformance.

Figure5 illustratesthe poseestimationresultsderivedfrom this
procedurdor avideostream.In eachpicture,asingleimageframe
is shavn alongwith a clock indicatingthe estimatedacial orien-
tationanda plot illustratingthe segmentecheadregion alongwith
thedetectechair andskin regions. Six o’clock andtwelve o’clock
correspondo forward andbackward-facingsubjectsrespectiely.
The poseestimationresultsarevery accurateacrosshe complete
rangeof possibleorientationanglesdespitethe presencef object
shadevs and a comple image background. This illustratesthe
appropriatenessf the extractedimagefeaturesandthe effective-
nessf the proposegoselearningandestimatiorproceduresOur
experimentdndicatethatthe hairline contourcanbe reliably esti-
matedfrom facial imagesencompassing rangeof lighting con-
ditions and source-camerdistancesusing only relative intensity
statistics,color disparity andregion connectednesdn situations
wherethe skin or hair regionsarepartially misidentified the pose
estimatorstill providesreasonableesults.

4. MULTI-CHANNEL SPEECH ENHANCEMENT

In our previous work, the audio signal accompaning the video
recordingwas obtainedthrough a simple delay-and-sunbeam-
forming of the multi-channelspeechdata[3]. We now outline a
multi-microphoneprocedureo producean accompaying speech
signalthatis robustto reverberationandbackgrounchoise. The
reverberantspeectsignal, z;[n], obsered at microphone: (i =
1,2,...,I) canbemodeledas:

zi[n] = hi[n] * s[n] + ui[n], (4)

wheres[n] is the cleanspeechutterancey;[n] is noise,andh;[n]
is the room impulseresponsdetweernthe speechsourceand mi-
crophonei. Previouswork in [4, 5] introduceda multi-channel
approachwhich useda nonlinearevent-basegrocessingnethod
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Figure6: Outline of the Proposedilgorithm

to discriminateimpulsesin the receved signalsdueto channelef-
fectsfrom thosepresenin thedesiredspeech.

Thespeectproductionsystencanbemodeledy anall-polefil-
ter excited by a quasi-periodidmpulsetrain for voicedspeector
by randomnoisefor urvoicedspeechlt is assumedhatthe noise
and extra excitation impulsesdueto reverberationsarerelatively
uncorrelatedacrossthe individual channelswhile the excitation
impulsesdueto the original speechare lessaffectedby the envi-
ronment. The approachis to identify the cleanspeechexcitation
signalfrom a setof corruptedexcitations. Theenhancedpeechs
thenreconstructethy usingtheenhancedxcitationsignalasinput
to an estimateof the all-polefilter representinghe vocal system.
The overall procedureoutlinedin Figure 6 wasfirst presentedn
[5]. Thereceved signals,z;[n], aretime-alignedeitherthrough
a priori knowledgeof the sourceandmicrophonegeometryor by
usingatime-delayestimationprocedure.

A joint LPC filter is derived from N-point windows of the I
channelsof speech. This LPC filter is found by using a multi-
channelapproachoutlinedin [5]. The resultingLPC coeficients
canbeusedto generate setof residualsignals.e;[n], via inverse
filtering. The goal of the algorithmis createa single enhanced
residualsignal,é[n]. Thisresidualwill thenbeusedasinputto the
LPCfilter to generatenenhancedpeectsignal,§[n].

Thefirst J scalesof the wavelet transform(WVT) are calcu-
lated for eachof the I residualsignals. In this work, the WVT
is calculatedfor thefirst 5 scales.The WVT of theresidualsig-
nal from channel, e;[n], is denotedby We;(n, j) wherej is the
scaleparameteandn is thetemporalindex within thatscale.We
usethe non-decimatedjuadraticsplinewaveletdiscussedn [10].
This set of waveletswas shavn to be effective at detectingsin-
gularitiesin a signal. The setof extremaat eachwavelet scaleis
an effective representatiorof the impulsesin the excitation sig-
nals. By locatingthe extremawhich arewell clusteredacrossall
channelswe attemptto captureheunderlyingimpulsive structure
(for voiced speech)f the original non-reverberantLPC residual
signal. Anotheradwantageof working in the wavelet domainis
the ability to approximatelyreconstruct signalfrom thelocal ex-
tremaof its WVT coeficientsat eachscale[10]. The estimated
‘clean’ multi-scaleextremacanbe usedto reconstructhe desired
excitationsignal.

Basedupon the obsenation that residualimpulsesdue to the
original speechtend to be clusteredacrosschannelsand scales
while thosedueto reverberatioreffectsarerelatively uncorrelated
in bothamplitudeandtime, a clusteringtechniquds now applied



to estimatethe ‘clean’ extrema. The reverberantwavelet extrema
ateachscaletendto be clusteredaroundthelocal waveletextrema
of the delay-and-sunbbeamformedspeech.In general for voiced
speechextremadueto glottal excitationstendto be moreclosely
clusteredhanthosedueto additionalimpulsesfrom the reverber
antchannekesponsesThis causeshelessclusteredheakso have
a relatively small amplitude. The clusteringoperationmapsthe
multi-channelWVT extremadatato a single WVT extremarep-
resentatiorsuitablefor input to the WVT extremareconstruction
algorithmdescribedn [10].

We now furtherde-emphasizéhe clusteredpeaksdueto rever
berationsheyond whatis achiesed by the extremaclusteringpro-
cess.Thefollowing short-termcoherencevindow is multiplied by
thewaveletextremaat eachscalej:

c[n] — 2 E{=1 E£=i+1 EtL=_L We; (n+l,/ ) Weg(n+l,7) (5)
7 I-1 {:1 21L=_L We; (n+i,5)? ¢

where2L + 1 <« N is the length of a small subwindev within

the analysisframe, on the order of 3 to 5 msec. With this win-

dow, ary clusteredextremain areasof low coherencewill be de-
emphasizedyhile highly coherentextremawill be relatively un-
affected. The coherencdunction asgiven above canassumeval-

uesbetween—1 and1. Any coherencevaluesbelon athreshold,
T, aresetto T/ max, c¢;[n] while ary valuesabore T aresetto

¢j[n]/ max, ¢c;[n] to avoid excessie smoothingof the resulting
speeclsignal.

After multiplying the clusteredpeaksfor eachwaveletscaleby
theappropriatescale-dependerbherencenvelope theenhanced
LPC residualis reconstructedising the techniquesdiscussedn
[10]. For voicedframes,a quasi-pitch-synchronowsmoothingap-
proachis emplo/ed atthe coarsemwaveletscaleso ensurehatthe
peaksfrom consecutie voicedperiodsareslowly varying[5].

For eachanalysisframe,thereconstructedesidualsignal,é[n],
is appliedto the estimatedLPC filter to generatethe enhanced
speectsignal. Thefinal stepis to scalethe reconstructeégpeech
framesby ameasurehatis basedn boththelong-termcoherence
of the speechchannelsandthe enegy of the beamformedsignal
to obtainthe enhancedspeechframe, §[n]. This secondweight-
ing senestwo purposeg1) it adjuststhe enegy of eachframeto
provide a relatively smoothlyvarying outputand(2) it allows for
the de-emphasisf lengthysignalportionswhich aredue primar
ily to reverberatioreffects(e.g.immediatelyaftera suddenvowel
stoppage).

Figure 7 shaws the resultsof the overall enhancemennethod
for a reverberationtime of 400 msecand additive noisewith an
SNRof 10dB relative to theoriginal cleanspeechThefigureplots
theoriginal speechthe signalrecevedat asinglemicrophonethe
productof delay-and-sunbeamforming,andthe resultachieed
usingthe proposecnhancemersdlgorithm.

5. CONCLUSION

This work presentech robust automaticvideo-conferencingys-

tem combiningour previous work involving facetracking, head

poseestimationandmulti-channekpeeclenhancemeniTheface

tracker is ableto trackdifferentpeoplein adynamicervironment.

The headposeestimatecan be usedto selectthe mostdesirable
camerdo recorda particularspealkr. Finally, thespeectenhance-
mentalgorithmprovidesanaudiosignallargely free of reverbera-
tion andadditive noiseto accompan therecordedvideosignal.
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Figure7: Resultsof ProposedpeectEnhancemenilgorithm
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