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Abstract. Trackingspealersin multiparty corversationsonstitutesa fundamentataskfor automaticmeet-
ing analysis. In this paper we presenta probabilisticapproachto jointly track the location and speaking
actity of multiple speakrsin a multisensomeetingroom, equippedwith a small microphonearray and
multiple uncalibratedccameras.Our framework is basedon a mixed-statedynamicgraphicalmodelde ned

on a multipersonstate-spaceyhich includesthe explicit de nition of a proximity-basednteractionmodel.
Themodelintegratesaudio-visualAV) datathrougha novel obseration model. Audio obserationsarede-
rivedfrom a sourcelocalizationalgorithm. Visual obserationsarebasecdn modelsof the shapeandspatial
structureof humanheads.Approximateinferencein our model, neededyiven its compleity, is performed
with a Markov Chain Monte Carlo particle lter (MCMC-PF), which resultsin high samplingef ciency.

We presentesults-basedon an objective evaluationprocedurethatshav thatour framework (1) is capable
of locatingandtrackingthe positionand speakingactiity of multiple meetingparticipantsengagedn real

corversationswith good accuray; (2) candealwith casesof visual clutter and partial occlusion;and (3)

signi cantly outperformsatraditionalsampling-basedpproach.
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1 Intr oduction

The automaticanalysisof meetingsrecordedin multi-sensoroomsis an emeging research®eld in various
domainsjncludingaudioandspeectprocessingcomputervision, human-computeinteraction,andinforma-
tion retrieval [23, 46, 32, 41, 8, 30, 47, 10]. Analyzing meetingsposesa diversity of technicalchallenges,
andopensdoorsto a numberof relevantapplicationsjncludingautomaticstructuringandindexing of meeting
collections,andfacilitation of remotemeetings.

In thecontext of meetingslocalizingandtrackingpeopleandtheir speakingactiity play fundamentafoles
in two areas.The®rst oneis mediaprocessingspealerlocationis usefulto selector steeracameraaspartof a
visualizationor productionmodel,to enhancehe audiostreamvia microphone-arrapeamformingor speech
recognition,to provide accumulatednformation for personidenti®cation,and to recognizelocation-based
events(e.g. a presentation) The seconconeis humaninteractionanalysis:social psychologyhashighlighted
therole of non-verbalbehaior (e.g. gazeandfacial expressions)n interactionsandthe correlationbetween
spealerturn patternsandaspect®of the behaior of agroup[31]. Extractingcuesto identify suchmultimodal
behaiorsrequiresreliablespealer tracking.

Althoughthetrackingtaskin meetingss facilitatedby theconstraint®f thephysicalspaceandtheexpected
type of humanactiities, the multimodal multispealer tracking problemposesvariouschallenges.Thesein-
cludealgorithmsfor AV datafusion,thatmake useof the modalities' complementarityandfor tractablejoint
multipersonmodels(which represeneachindividual state,while accountingfor the constraintsintroduced
by their interaction). In meetingsjnteractionin its simplestform relatesto proximity in the visual modality
(occlusionbeingthe fundamentatase) andto overlappingspeectin the audiomodality (commonlyfoundin
spontaneousorversationg38]). Approachesaddressingomeof thesessueshave begunto appear5s, 6].

In thispaperwe addressheproblemasoneof approximatenferencein adynamicalgraphicaimodel,using
particle®ltering (PF)technique$18, 11], building onrecentadvancesn the®eld [21]. For astate-spacmodel,
a PFrecursvely approximateshe ®ltering distribution of stategyiven obsenations,usinga dynamicalmodel,
an obsenation model, and samplingtechniqueshy predictingcandidatecon®gurationsand measuringheir
likelihood. Our modelusesa mixed-statemulti-objectstate-spacayhich in additionto beingmathematically
rigorous, allows for the integrationof a pairwisepersonocclusionmodel, throughthe addition of a Markov
RandomField (MRF) prior in the multi-objectdynamicmodel. To addresghe problemsof traditional PFs
in handlinghigh-dimensionakpaceqgde®nedby the joint multi-objectcon®gurations)we combineMarkov
ChainMonte Carlo(MCMC) techniquewith the PFframework, allowing for ef®cientsampling[28, 21]. Our
work integratesdatacapturedby a smallmicrophonearrayandmultiple camerasvith mostlynon-overlapping
®elds-of-viev throughthe de®nition of a novel obsenation model of AV features. Basedon an objectve
evaluationof the quality of estimatecheadlocationand speakingactivity, and using small-groupdiscussion
data,we shaw thatour framework is capableof jointly trackingthe locationandspeakingactiity of multiple
meetingparticipantswith goodaccurag, dealingwith realisticconditions,andoutperforminga traditional PF
model.

Thepaperis organizedasfollows. Section2 discusseselatedwork. Section3 summarizesur framework.
Section4 describeghe multi-persondynamicalmodel. Section5 presentghe multi-personAV obsenation
model. Section6 describeghe samplingtechnique.Section7 discusseshe caseof varying numbersof peo-
ple. Section8 describesanddiscusse&xperimentsandresults. Finally, section9 providessomeconcluding
remarks.

2 Relatedwork

Localizingandtrackingspealersin enclosedspacesisingAV informationhasincreasinglyattractedattention
in signal processingand computervision [36, 17, 7, 34, 13, 43, 48, 1, 3, 6, 5], given the complementary
characteristicef eachmodality Broadlyspeakingthe differenceamongexistingworksarisefrom theoverall
goal (tracking single vs. multiple spealers), the speci®cdetection/trackingrameavork, andthe AV sensor
con®guration.Much work hasconcentrate@n the single-speatr case assumingeithersingle-persorscenes
[7, 34, 1], or multipersorscenesvhereonly thelocationof thecurrentspealer needgo betracked[36, 17, 13,
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43, 48, 3]. Many of theseworksusedsimplesensoicon®gurationge.g.onecameraanda microphonepair) [7,

34, 43, 3]. Amongtheexisting techniquesprobabilisticgeneratre modelsbasedn exact[34] or approximate
inferencemethodgboth variational[3] andsampling-basef#3, 48]) appearto be the mostpromising,given

their principledformulationanddemonstrategerformance.

Noneof the abore works canhandlethe problemaddressetiere: continuouslyinferring, from audioand
video data,the locationand speakingstatusfor several peoplein a realistic corversationalksetting. In fact,
althoughaudio-basednultispealer trackingandvision-basednultiobjecttrackinghave beenstudiedfor a few
yearsas separatgroblemsin signal processind42, 37, 45, 25] and computervision [19, 35|, respectiely,
the AV multispealer tracking problemhasbeenstudiedonly relatively recently makinguseof morecomple
sensorcon®gurationg8, 20, 39, 6, 5]. While singlecamerasareusefulfor remoteconferencingapplications,
multipersoncorversationakettingslik e meetingsoften call for the useof multiple camerasand microphones
to cover an entireworkspace(table,whiteboardsetc.) [8, 6, 5]. More speci®cally the work in [8] described
a systembasedon a device thatintegratesa small circular microphonearray and several calibratedcameras,
whoseviews are composednto a panorama,The system,in which eachpersonis tracked independently
consistof threemodules:AV auto-initialization (usingeitherastandaragcousticsourcdocalizationalgorithm
or visualcues) visualtrackingusinga HiddenMarkov Model (HMM), andtrackingveri®cation. Thework in
[20] describeda non-probabilistionultispealer detectionalgorithm usingan omnidirectionalcamera(which
haslimitationsof resolution)andamicrophonearray calibratedwith respecto eachother At eachvideoframe,
the methodextractsskin-colorblobsby traditionaltechniquesandthendetectsa soundsourceusingstandard
beamformingon the smallsetof directionsindicatedby the skin-bloblocations.Thework in [39] describedan
AV multispealer systembasedon a stereccameraanda linear microphonearray consistingof threeseparate
modules:stereo-basedjsualtrackingof 3-D headocationandposefor eachpersorindependentlyestimation
of theaudiosignal'sdirectionof arrival with the microphonearray andestimatiorof audio-visuakynchronous
activity. Two hypothesidestsare usedto make independentiecisionsaboutthe speakingactiity andvisual
focusof thespealers,basedn simplestatisticaimodelsde®nedonthe obsenationsderivedfrom eachmodule.

To the bestof our knowledge, the closestworks to oursare [5, 6], both basedon PF techniques. The
work in [5] usedtwo calibratedcamerasand four linear sub-microphonearrayson a wall, and was based
on the modelproposedn [19], de®ninga multi-personstate-spacé which the numberof peoplecanvary
over time. An full-body multi-personobsenation modelwas de®nedby two terms: one for video, derived
from a pixelwise backgroundsubstractioomodel,andonefor audio,derivedfrom a setof short-timeFourier
transformscomputedon eachmicrophones signal. The PF relied on importancesampling(lS), andis thus
likely to rapidlybecoménef®cientasthenumberof objectsncreasesTheworkin [6] usedthesamecalibrated
sensorsetupas[8], andtracked multiple spealerswith a setof independenPFs,onefor eachperson EachPF
usesamixtureproposabdistribution,in whichthemixturecomponentsarederivedfrom theoutputof single-cue
trackers(basedon audio, color, or shapeinformation). This proposalincreasesobustnessn caseof tracking
failurein singlemodalities.

As we describein the remainderof the paper our work substantiallydiffers from previous work in AV
multispealertrackingwith respecto multi-objectdynamicandAV obsenationmodeling,andto the sampling
mechanismBuilding onthe modelin [21], our modelhastwo advantage®ver [5, 6]. First, unlike [5, 6], we
usea multi-persondynamicalmodelthatexplicitly incorporates pairwisepersoninteractionprior term. This
modelis especiallyusefulto handlepersonocclusion.Secondunlike [5], we useef®cientMCMC sampling,
that allows to track several objectsin a tractablemanner(effectively closeto the caseof independenPFs),
while preservingthe rigorousjoint state-spacérmulation. Finally, we objectively evaluatethe performance
of ouralgorithm,in moredetailthanthatof [5, 6].

3 Model formulation

We usea generatie approachto modelthe tracking problem[18, 11]. Given a Markov state-spacenodel,
with hiddenstatesX ; representinghe joint multi-object con®guration(e.g. position, scale,etc.), and AV
obsenationsY ¢, the®ltering distribution p(X:jY 1.t) of X giventheobsenationsY 1.t = (Y 1;::;Y ) upto
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time-stept canberecursvely computedusingBayes'rule by

PXtjY 1) / Q(Ytjxt) (1)
P(XjXt 1)p(Xty 1jY 1t 1)dX¢ 15

t 1

wherep(XjX 1) is thedynamicalmodelof thetemporalevolution of the multi-objectstate-spaceand
p(Y (jX) denoteghe obsenation likelihood, which measurefiow well the obsenations®t the multi-object
predictions.

PFsapproximateEq. 1 for non-linear non-Gaussiaproblems[11]. Fromthe variousavailableformula-
tions, we follow the onedescribedn [18]. The basicPF representshe ®ltering distribution usinga weighted
setof sampled (Xf”);wt(”)); n=1:;Ng, Wherexfn) andwt(”) denotethe n-th sampleandits associated
weightateachtime-stepandupdateghisrepresentatioasnew dataarrive. With this representatiork.g. 1 can
be approximatedy a mixture model,

X
POXeiY 1) Z Tp(YiXe) wMup(X X (M) 2)
n
usinglS (Z isanormalizationconstant) Giventheparticlesetatthe previoustime-stepf (X (")1; Wt(n)l)g, aset
of new con®gurationstthecurrenttime-steparedravn from aproposatistributiong(X¢) = wf”lp(xtjxﬁ’)l).

Theweightsarethencomputecasw™ / p(Y {jX ™).

A stateattime-stept is de®nedby X; = (X1 );i 2 I, wherel ; is thesetof objectidenti®ersin the con-
®guration,m = jl {j denotegshenumberof objects,and; j indicatessetcardinality Eachobjecthasaunique
identi®er, givenby the positionoccupiedy their con®gurationin the statevector In whatfollows, we assume
|1 to be®xed (thecasewhenl; variesovertimeis discussedn Section7). A mixedstate-space de®nedfor
single-objectton®gurationsX;.; , whereboth the geometrictransformation®f a persons modeltemplatein
theimageplaneandthe speakingactivity aretracked. In the speci®cimplementatiordescribedn this work,
a personis representetby the elliptical silhouetteof the headin theimageplane(Fig. 1(left)). Furthermore,
asingle-objecstateX i: = (Xi: ; kit ) is composeaf a 3-D continuousvectorxi: = (Uit ; Vit ; Sit ), de®ned
overasubspacef af®netransformationsomprising2-D translatiorandscaling,andadiscretebinaryvariable
kit , which modelseachparticipants speakingstatug(0: silent,1: speaking).

The generatie modelin Eqg. 1 andits approximationin Eq. 2 requirethe speci®catiorof the dynamical
andobsenation models. Additionally, the dimensionof the multi-objectstate-spacgrows linearly with the
numberof objects,sothatevenfor a small groupdiscussion(4-5 participants)andthe compactsingle-object
state-spacdescribedhbore, the dimensionof thejoint state-spaces prohibitively high for IS, which callsfor
amoreef®cientsamplingscheme Thesessuesarediscussedhn thefollowing sections.

4 Multi-object dynamical model

The dynamicalmodelincludestwo factors: onethat describesnteraction-free single-objectdynamics,and
anotheronethatexplicitly modelsinteractionge.g.occlusion),constraininghe dynamicsof eachobjectbased
on the stateof the others,via a pairwise MRF prior [26, 21]. The ®eld is de®nedon an undirectedgraph,
wherethe graphverticesarethe objects,andthe links arede®nedbetweerobjectpairsat eachtime-step.The
dynamicalmodelis expresseds

1 O 1
Y ' Y
p(thXt 1) / p(x it jX it l) @ (X it ;Xj;t )A : (3)
i2l ¢ (i;j )2C

wherep(Xit jXi+ 1) denoteghe dynamicsof thei-th object, andthe prior is a productof pairwise poten-
tials, denotedby (Xiy ; Xj¢ ) over the setof cliquesC (i.e., pairs of connectechodes)in the graph. The
approximatiorin Eq. 2 is now givenby
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0 1 ]

Y X Y '
PXijY10)  Z Ip(Y X @ K XA W™ pXa X ) @)
(ij )2C n i2 ¢

wherethe interactionterm canbe moved out of the sumover all particles,asit doesnot dependon past
information [21]. Furthermore,assumingthat the motion and the speakingactiity are independentgach
single-objectdlynamicalmodelis factorizedas

P(X it jXix 1) = P(Xit [Xix  1)P(Kit jKix  1);

wherethecontinuoudistributionp(X;: jXit 1) is classicallynodeledasasecond-ordeauto-rggressie model
[18], andp(ki jkit 1) = ‘ig ‘ﬁ isa2 2transitionprobabilitymatrix(TPM)with parameter§ oo; o01; 10, 110
(00=1 ooand 10=1 1)

The interactionmodelwe adopttakesinto accountvisualinformation,andpenalizedarge visual overlaps
betweerobjectg[21], whichreduceghepossibility of associatingwo con®gurationgo onesingleobjectwhen
peopleoccludeeachothermomentarily Let the spatialsupportsof x;x andx;; , i.e., the applicationof the
continuoudransformatiorto the objecttemplateon theimageplane, be denotedoy S;; andS;; , respectiely.
Theoverlapmeasuresrethewell-known precision( ) andrecall( ) measurefrom informationretrieval [2].
AssumingthatS;; is thereferencethe measurearegivenby

iSit \ Sjt | iSit \ Sjt |
Sit;Sjt)= ————; (Sit;Sjt) = ——— 5
(Sit;Sit) St (Sit s St ) S )
As (Sit;Sit) = (Sit;Sit), the(symmetric)pairwisepotentialsin the MRF canbe de®nedas
Xit s X ) I exp( ( (Sit;Sit)+ (SitsSie)) s (6)

where is a modelparameter Precisionandrecall take their maximumvalue (unity) whenthe spatial
supportof two objectsperfectlymatch,which corresponds$o the minimumvalueof (; ), effectively penal-
izing suchobjectoverlap. In contrastboth precisionandrecall reachtheir minimum (zero)whenthe objects
have no overlap,which correspondso the maximumvalueof (X ; Xt )/ 1.

5 Audio-visual obsewation model

Obsenation modelsare derived from audioandvideo. Both shapeand spatialstructureof humanheadsare
usedas visual cues,so the threetypesof obsenationsarede®nedasY; = (Y &;Y ;Y §!), wherethe su-
perindicesstandfor audio, shape,andspatialstructure,respectiely. As otherworks[35], we furtherassume
thatobsenationsareextractedfor eachobject,andthatthedifferentobsenationsareconditionallyindependent
giventhessingle-objecstatesproducingthefollowing factorizedrepresentation,

Y
P(Y tjX¢) = PCY & iX i )PCY SiX i )PCY 5 iX i ) (7)
P2l

All termsin Eq. 7 arede®nedin thefollowing subsections.

5.1 Audio obsewations

Audio obsenationsarederivedfrom the microphonearraysignalsto produce?-D locationestimatesn thecor-
respondingmageplane.Theaudioobsenationlik elihoodis thende®nedusingsuchestimatesThe procedure
consistsof threesteps: audio sourcelocalization,speech/norspeeciclassi®cationand mappingof spealer
locationestimate®ntotheimageplane[14]. Eachof thesestepsaredescribedn thefollowing subsections.
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5.1.1 Sourcelocalization

A simple single sourcelocalizationtechniquebasedon Time Delay of Arrival (TDOA) is usedto generate
candidate3-D spealer locations.In particular we usethe SteeredResponséower - PhaseTransform(SRP-
PHAT) measurd9], dueto its low computationatequirementsndsuitability for reverberanervironments.

We de®neavectorof theoreticatime-delaysassociatediith a3-DlocationZ 2 Ras 4, ( Y%;:::; #;00 N2y,
whereN isthenumberof pairsand % isthedelay(in samplespetweerthemicrophonesn pair , de®ned

as % =1 jjiz Myjj jjZz M,j ,whereM,;M, 2 R®arethelocationsof the microphonesn

pair ,jj ]jj istheEuclideamorm,fs thesamplingfrequeng, andcs the speedf sound.Notethatfor agiven
time-delay o andpair , thereexistsahyperboloidof locationsZ satisfying * = .
Fromtwo signalss, (t) ands, (t) of agivenmicrophonepair ,thefrequeng-domainGCC-PHA [22] is
de®nedas
h [
Si(f) S (f)

Gppar (F) f
S;(f) S, (f)

; (8)

whereS, (f ) andS, (f ) areFouriertransformsf thetwo signalsand[] denoteshecomplex conjugate Typ-
ically thetwo Fouriertransformsareestimatecbn Hamming-windavedseggmentsof 20-30ms. By performing
anlInverseFourier Transform,andsummingthetime-domainGCC-PHA Ry, o+ () acrosspairs,we obtain
the SRP-PHA measure,

X
Psrp pPHaT (Z) Rppar () %)
-1

Fromthis, thesourcelocationis estimatecdhs

7 = argmax [P 2)]: 10
gmax[Psre pHat (2)] (10)
From geometricalconsiderationsat leastthree microphonepairs (N 3) arerequiredto obtaina unique

peak.
Themaximizationis implementedhroughexhaustve searchover a®xedgrid of points,H R suchthat
8Z 2 R®;9Zy 2 H suchthat ( Z;Zy) 0; Where ( Z;; Z5,) is thedistancen time-delayspace,

Y
poa R
N

(Z1,Z2) ( 2z (11)

=1

and o is the desiredprecisionin samples.Sincewe typically upsampleRp , o1 ( ) with afactor p,
the desiredprecisionis setaccordinglyto o = 1= ,,. Thegrid H is built by picking pointsheuristicallyon
a few concentricspheresenteredon the microphonearray The spheresradii were alsodeterminedoy .
Conceptuallythis approactrelatesto [16]. Notethatin practice,the estimatedangeis imprecise,andonly
azimuthandelevationaresigni®cant. Finally, for eachtime frame,our implementatiorapproximatesq. 10
by

2 arg max[Psre pHaT (2)]: (12)

5.1.2 Speech/non-speecblassi cation

In the secondstep,a speech/non-speedtassi®cationalgorithmbasedon short-termclusteringof the local-
izationresultsis usedto ®lter out noisy spealer locationestimates Corventionalsingle-channespeech/non-
speechsggmentatiorapproachearebaseduponenegy, SNRestimation9] or morecomplex estimatorsuch
aszero-crossingate[29]. While relatively robust, techniquesasedon enegy thresholdingoften misslow-
enepgy beginningsof words andshortspealer turns. Furthermorethey canprovide a signi®cantamountof
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erroneousaudio estimatedo the obsenation model. Unlike traditionalapproacheswe posethe problemof
speech/non-speedtassi®cationn the framawork of localization,makingdecisiongpurely basedn theloca-
tion information.We ®rst run singlesourceocalizationon eachtime frame,thenclassifyeachframeasspeech
or non-speeclrelying on short-termclusteringof locationestimatesOur motivationfor short-termclustering
is thatnoisylocationestimatedeaturehigh variationsovertime, while locationestimatesreconsistentluring
speectperiods.Thealgorithmhasthreesteps:(1) build short-termclustersof frameswhoselocationestimates
arecloseto eachother;(2) retainonly signi®cantclustersby applyingadurationconstraintand(3) labelthose
framesbelongingto arny signi®cantclusterasspeechpthersasnon-speech.

In stepl, two framest; andt, belongto thesameclusterif d(Ztl;th) < dpandjt, tij To,wheredy
andT, arethresholdsn spaceandtime respectiely. d(Z‘t1 ; 2t2) is a distancede®nedaccordingto the setup.
With a single,planarmicrophonearrayit is reasonabléo usethe differencein azimuthbetweenﬁ‘t1 andﬁ‘tz.
To shouldbe closeto thelengthof aphoneme.

For step2, we ®nd the longestsegmentof contiguousframeswithin eachcluster If that sgmentlasts
morethana thresholdTs, the clusteris keptas “signi®cant”, otherwiseit is dropped. Simpler criteria such
as minimum clusterdurationor the minimum numberof frameswithin the clusterdid not prove adequate.
Additionally, to eliminatediffuse or minor far®eld noisesourcege.g. PC), we alsodiscardclusterswhose
meansquareSRP-PHA valueis below athresholdTsgrp pHAT -

In step3, framesbelongingto ary signi®cantclusterarelabeledas speechpthersasnon-speechin the
usualcasewheretheaudioframerateis higherthanthevideoframerate,we downsampleheaudioby grouping
audio3-D estimatebetweerconsecutie videoframes.For example,with audioframerate62.5fps andvideo
framerate 25 fps, therecanbe zero (non-speech)pne, two or three(speech)yudio 3-D estimates 2 g per
videoframe.

5.1.3 AV calibration

Mappingthe 3-D audiolocationestimate®ntothe cameramageplanesrequiresa form of sensorcalibration.
As discussedn Section2, mostprevious works have eitherassumedimpli®ed con®gurationd43, 3] or re-
sortedto rigorouscameracalibrationprocedure$48, 5, 6]. Notethat, in general,camerasand microphones
might not necessarilyemainin the sameocationfor long term,so practicalcalibrationproceduresreneeded
to copewith sensoichangesUnlike suchpreviousapproachesye usea nearest-neighbapproacho project
3-D audioestimatesn the correspondin@®-D imageplanes exploting the fact that, althoughaudiolocaliza-
tion estimatesreusuallynoisy, andvisualcalibrationis affectedby geometridistortion,theirjoint occurrence
tendsto be moreconsistenf14]. The procedurerequiresan off-line roughAV calibrationprocedurebetween
the sensorswithout requiring precisegeometriccalibrationof audioandvideo. The procedureusestraining
datacollectedby having a persorntalking while performingactiities in the meetingroomin typical locations
(walking, sitting, moving while seatedstandingat the whiteboardandprojectorscreerareas).The correspon-
dencedetweer3-D and2-D+camera-inde pointsareobtainedfrom the audioestimatesasdescribeckarlier
in this subsectionandfrom the outputof a single-persorPFvisualtracker, respectiely. For non-overlapping
®elds-of-viev (FOVS), thesetof correspondenceasbtainedfor thetraining setde®nesa mappingbetweerdis-
cretesets :R3! R? f0;:;Ncam 10, whereNcaw isthenumberof camerassuchthat3-D positions
aremappednto vectorscontainingimageposition(u;;v;) andcamerandex cam¢, ( Z;) = (u;;Vg; camy).
Notethatwhenseveralimageviews areconcatenatedhto a singleimage(aswe do in Section8), the camera
index simply resultsin an®xed 2-D translationtermaddedto (u; v;). Finally, the mappingfor unseerdatais
computedvia nearesheighborsearch.

5.1.4 Obsewation model

The audioobsenationlik elihoodis ®nally de®nedon the imagedomain,relatingthe Euclideandistancebe-
tweenthe 2-D audiolocation estimatesandthe candidateparticles. Let x{; = (uf} ;Vv{; ) denotethe audio
estimateclosesto thetranslationcomponents; = (u;y ; Vi ) of thei-th object. We de®nea distribution for
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eachvalueof the speakingstatusvariable,
, K dixie xR R
a ke, = 1 [ it
p(Y it Xit s kl,t 1) / K g; otherwise (13)
KE dixie  xiii R®

p(Y|tJX|tr it = 0)/ 51; otherwise

(14)

whereR? de®nesa radiusaroundthe translationcomponent®f X;: , andK # > K2 areconstanterms
introducedo refectthedesiredsituation:thelik elihoodof apersoractively speaklng”nustbeIargewhenthere

exists a nearbyaudio estimate andsmallif suchconditiondoesnot hold (e.g., K a = 10). In caseno audio
locationestimatesxist, uf;, andvf; aresetto anarbitrarily largenumber

5.2 Shapeobsewations

Assumingthatshapesireembeddedh clutter, edge-basedbsenationsarecomputedpasednaclassiomodel,
alongL normallinesto a hypothesizeadontour[18]. This resultsin a vectorof candidatepositionsfor each
linel, fz,'c,l 2 f1;:;Lg;c2 f1;:::;Cigg, relative to zI o» thepointlying on the contour With sometypical
assumptionghe shape -baselik elihoodfor eachobjectls givenby

kZiI;C Zil;Ok2
2( sh )2

Y_
p(YSPiXie)/  max K" exp( ) (15)

=1
wherez , is the nearesiedgedetectedon the I'™ line, " is a standarddeviation parameterandK s" is a
constanthatlimits thein uence of casesvhenno edgesaredetected.

5.3 Spatial structur e obsewations

We proposean obsenation model of spatialstructureof humanheads basedon a parametricrepresentation
of the overlapbetweenskin-blobsandheadcon®gurations.The modelis basedon the factthat the presence
of skin pixelsin a typical headblob is usuallylimited to speci®cregionsinside and outsidea headelliptical
con®guration.Skin pixelsaremainly distributedin the centralandlower regionsof a head but alsooutsidethe
headellipse,e.g. onthe neckregion. Additionally, the blobscorrespondingo a headoftenappearconnected
to otherskin-colorblobsdueto body postureof peoplein corversationge.g. restingthe headon ahand).

Skin-colorblobsareextractedat eachframeaccordingo a standargrocedure A 20-componentaussian
Mixture Model (GMM) of skin colorin RGB spacewasestimatedrom a training setof peopleparticipating
in real meetingsin the room, including Caucasianjndian, and Latin-Americanindividuals, and collected
over several days[30]. Skin pixels were classi®edbasedon thresholdingof the skin likelihood, followed
by morphologicabostprocessintp extractblobs(Fig. 1).

Given a setof skin-color blobs and a single-objectcon®gurationX;; , and assuminghat the candidate
con®gurations the referencethe recall betweerthe spatialsupportS: andeachblob is computed.Let Si?t
denotethe spatialsupportof the blob with thelargestrecall. A headtemplateis furtherdecomposeihto three
non-overlappingpartswith spatialsupportsIt 1211;2,39,Sic = [ |S,t (Fig. 1). With this representation,
precisionandrecallarecomputedor eachof the headparts( (SIt ,S,Bt ) and (SIt ,Si‘?t )), andfor thewhole
head,( (Sit ,Sﬁ ) and (Sit ,Sﬁ )). Althoughthe proposedeaturesareobviously not asdiscriminantasthe
onesusedin dedicatedaceprocessingalgorithms[44], they arereasonablén realisticconditions,including
out of planerotation,andpartial occlusion. The featuresde®nean eight-componenbbsenation spaceY 3 ,
thatis modeledby a mixture model composedf GMM with diagonalcovariancematrices,anda uniform
distribution U( ) usedto limit the effectof verylow Iikelihﬁodvalues

POY S2iXie) 1 ToU(Y )+ LINQY S 1 ) (16)
=1

wheref! o;!; |; garemodelparametersiWhennoblobsaredetectedthelik elihoodis setto aconstant
value.
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Figure 1: Spatialstructureobsenations. Givena con guration (in yellow), anda skin blob (in gray), part-basegreci-
sion/recalfeaturesarecomputedrom the spatialsupportof con guration partsandblob (seetext).

6 MCMC sampling

Inferencewith atraditionalparticle®lter (basedn|S) onthehigh-dimensionaspacele®nedby severalobjects
beingtrackedis computationallyinfeasible giventhatthenumberof particlesrequiredfor agivenperformance
grows roughlyexponentiallywith thedimensionalityof thespacg?28, 11]. In orderto ef®ciently placesamples
ascloseaspossibleto regionsof high likelihood, we build on recentwork and proposeto approximateEq.
4 with MCMC techniqueg28], usinga Metropolis-HastinggMH) samplerat eachtime-step[21]. MCMC
methodsgproducea sequencef samplesrom a Markov chainwhosestationarydistribution correspondso the
target distribution (the ®ltering distribution in the trackingcase) after runningthe sampledong enough,and
discardingthe initial partof the run, calledburn-in period[28]. The MH algorithm consistsof two iterative
steps.First, givenacurrentcon®gurationX , anew sampleX is dravn from a proposadistributionq(X jX).
Then, the proposedsampleis acceptedhasthe newv con®gurationin the Markov chainwith probability (also
calledacceptanceatio),
= min 1, PX Jo(X)X ) )q(XJ?( ) :
p(X)a(X jXx)

wherep(X) denoteghetargetdistribution (in our casep(X) = p(XjY 1:t)). If themoveis notaccepted,
thechainremainsn the samecon®guration.The samplesetobtainedby the MH sampleris afair samplefrom
thetrue ®ltering distribution, andsoall particleweightsareequaltoNi [28].

In the trackingcase,we run a MH samplerat eachtime-step. However, for computationatractability, a
proposaldistribution that simpli®esthe evaluationof the acceptanceatio is neededasEq. 17 involvesthe
evaluationof Eqg. 4 (asumover all particles).We de®nea mixture modelover all objects whereoneobjectis
choserat eachstepin the chainto attempta move,

(17)

X
aX X)) = q)alXjX¢;i); (18)

whereq(i) is the prior over objectindices,andq(XjX;i) arethe mixture components.To constructa
candidateon®gurationX; fromthecurrentcon®gurationX;, anobjectindexi is ®rstchoserwith probability
g(i = i ). A movewill beattemptecbni , while therestof the multi-objectcon®gurationis left unchanged.
Themixturecomponentarede®nedsothat

P . o
LoopX XMy =i
L5 PG X ™M) 18X, = X (19)
0 i 61 ;X6 Xy;

8
2
a(X ¢ jX i) = S

which impliesthatgiveni , the new con®gurationfor objecti is sampledrom p(X; . jX i(”;t) 1), using

arandomlychoserparticlen from the previoustime, while keepingall the otherobjectcon®guration®xed.
Usingthe Dirac deltafunction,the speci®cexpressiorful®lling Eq. 19is

s X 5 () Y s ()
(X jX¢5i0) = N P(X i J X" 1) POX e i X7 1) (Xie  Xie):
n 121 ( f ig
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Thisdistribution ful®lls thedesiredpropertyof cancellingall thefactorsthatinvolve summation®ver particles
in theacceptanceatio. It is notdif®cult to shav thattheacceptancerobabilityis simpli®edto

NS, !
DPOUXe) Sayae,  Ki X))

= min 1 - ;
p(YtJXt)Y(i iyee,  (Xi i Xji)

(20)

whereG denoteghe setof pairwisecliquesthatinvolve objecti . For thefactorizedform for the multi-

objectlikelihood(Eq. 7), theexpressiorcanbe further simpli®edto
|

. Q !
. p(YtJXi ;t) N (i 3i)2C; (Xi ;t;Xj;t) .
OYVXa 1) T e, Ki i X))

(21)

which only involvesthe evaluationof single-objectAV likelihoodterms. The MH samplerimprovesthe
predictionsof multi-objectcon®gurationdy acceptingat eachstep,single-objectandidatesloserto aregion
of high likelihood, without discardinggood candidatesalreadyacceptedor other objects. Note that other
formulationscombiningMCMC iterationswith PFtechniquesxist in the statisticsliterature[4, 27, 15, 17,
but they all differ from the algorithmpresentedhere.

Finally, themeanestimatés approximatedy themarginalmeanestimategor eachobject,X = ()’Qi;t );i 2
lt. Eachﬁi;t is computedasusualin mixed-statamodels,®rst computingthe maximuma posteriori(MAP)
estimatefor the discretevariablek;.; , andthenthe weightedmeanof the continuouscomponenk;; giventhe
MAP discreteestimatg18],

P
(), (n)
X n23 . Wt "Xy
ki = argmax w; Ry = —p o
m w,
n2J im n2J . Riy t

(22)

wheredm = fnjk-(.?) = mg. Thefull MCMC-PFalgorithmis summarizedn Fig. 2.

) (M

Generate N sampled X (") ;w{™ g fromfX (") ;w(",g.

P
Initialize theMH samplerby samplingX from thepurelypredictive distribution | wf”)lp(x tht(”)l). This
impliesrandomlychoosinga particlen from f X f”)l; Wf”)lg, andthensamplingfrom p(XjX f” 1)).

MH sampling . Draw B + N sampleswhereB andN denotethe numberof particlesin the burn-in andfair
samplesets respectrely. For eachsample,

— Sample X fromq(X jX) (Eq.18).

— Compute acceptance ratio (Eq. 21).
— Accept X (X X ) with probability .

— Add X tothesetf X (";w{" g, withw(" = 1=N.

Compute mean estimate X..

Figure2: MCMC-PFalgorithm.

7 Varying number of people

Althoughthe MCMC-PF could formally integratebirth-deathprocesseaspartof the ®ltering recursion(e.g.,
via reversible-jumpMCMC [28]), this would requirea multi-personobsenation modelthat allowed for the
comparisorbetweencon®gurationgontainingvarying numberof people[19, 5]. Thefactorizedobsenation
modelin Eq. 7 is not suitablefor sucha case. For this reasonwe optedfor a simple processn which, at
eachtime frame, the setof peopleof the scenel ; is ®rst establishedandthenthe MCMC-PF is appliedon
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the detected ;. It hasbeenarguedthat, unlessa clearambiguityin the numberof sceneobjectsexists, the

detection-then-trackinmechanisntanbe moreef®cientthanthe casein which particleswith varyingnumber
of objectscoexist in the sametime-step,as particlescorrespondingo the “wrong” numberof objectsare

effectively wasted35].

New objectsare handledasfollows. All skin-colorblobsinside a setof birth-likely sceneregions, and
not overlappingwith existing objects,are probedascandidatesGiven a standarcellipsetemplate anda new

objectID i (chosenasthe next available objectID in a list), a numberof single-objectsamplesf X i(r;)tg
(r)

is constructedby drawing samples x; ;g from a Gaussiardistribution (with meantranslationequalto the
blob centroid,meanscalingsetto unity, anddiagonalcovariancematrix setto explore a relatively shortspace
(r)

aroundthe mean) while settingf k;" ., g to zero. The setof sampless ranked basedon their visuallikelihood,

p(Y ?h;th i 1)P(Y ?4jXi i), andthepresencef anew objectis decidedby thresholdinghelik elihoodof the
bestcon®guration.The bestcon®gurationis usedin the prior in the MCMC-PFfor the new object. Needless
to say morerobustpeopledetectorsouldbeintegratedin our approact44]. Objectdisappearande declared
whene&eracon®guratioreavestheimagelimits, or whenacon®guratiorhastoolow visuallik elihood. Finally,
continuingpeoplearehandledasin the caseof ®xednumberof objects.

8 Experimentsand Results
8.1 Data collection

Dataarerecordedn a8.2m 3.6m 2.4mmeetingroom containinga 4.8m 1.2mrectangulameetingtable,
andequippedwith fully synchronizedrideo andaudio capturedevices. The video equipmentncludesthree
identicaluncalibratedCCTV camera$33]. Two camera®noppositewallsrecordfrontal views of participants,
including the tableandworkspacearea,andhave non-overlapping®elds-of-viev (FOVS). A third wide-view
camerdooks over the top of the participantdowardsthe white-boardandprojectorscreen.The audioequip-
mentconsistof aneight-elementircular equi-spacednicrophonearray centerecn the table,with diameter
20cm,andcomposedf high quality miniatureelectretmicrophonesVideowascapturedat 25 fps (288 360
pixels),while audiowasrecordedat 16kHz, with featuresestimatedat 62.5fps. Trainingdatato estimatethe
GMM parametergor skin-color modelsand spatialstructurefeatures,andfor the AV calibrationprocedure
were additionally recordedin the meetingroom. In Section8.4, we presentresultson two two-camerase-
guences(meetinglandmeeting21715and1200videoframes respectiely), andonethree-cameraequence
(meeting3 1200video frames). The sequenceare composeddy concatenatinghe differentviews into one
larger mergedimage. The ®rst two sequencebave non-overlappingFOVs, while in the third thereis some
overlap.

g Camera

Equipment
Rack

Parti . .

O O

Meeting Table

[ Projector Screen | [ whiteboard

Figure3: Meetingrecordingcon guration.
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8.2 Parameter setting

For the audio sourcelocalizationalgorithm, we used , = 20. The thresholdsin the speech/non-speech
classi®cationalgorithmweresetto d) = 5°, Tp = 200ms, Ts = 100ms,andTsgp pnat = 0:03. The
®rst two thresholdswvereintuitively chosenbasedon experimentsconductedn a separateestdataset[14],
and on the typical phonemeength, respectiely. The third thresholdwas chosenon a single, separateaest
case[14]. Regardingthe video obsenations,the GMM parametergor skin-colorpixels and spatialstructure
featureswvereestimatedy standardExpectatiorMaximization(EM). Model selectionvasautomaticallydone
using the minimum descriptionlength principle. All other parametersvere setby handto sensiblevalues,
andkept®xedfor all experiments.Regardingthe dynamicalmodelfor the single-objectontinuousdynamics
p(Xit jXit 1), we usean augmentectontinuousstate,x;: = (Xit;Xit 1), and expressthe dynamicsas
xit = Axix 1+ B(1;0)T,withA = 2 2 B = 10, and! isawhite noiseprocesswith standard
deviationsfor translationandscalingequalto 4 and10 4, respectiely. The TPM parameterdor speaking
activity weresetto oo = 11 = 0:8; 91 = 10 = 0:2. For theinteractionmodel, = 3. In theaudio
obsenationmodel,R? = 50 pixels,andK 2 = 1 = 10K 3. For the shape-basedbsenations,the numberof
measuremeriinesL = 16, eachwith lengtha = 20 pixels, S" = 5, andK 3" = exp( %) =e?
A scalingprocedurenvasappliedasthe variouslik elihoodtermshave a differentdynamicrange. Finally, we
assume uniform prior for theproposaly(i) in theMH sampler

8.3 Performanceevaluation measuies

We evaluateboth the tracking quality andthe ability to infer speakingstatus. For the ®rst criterion, a semi-
automaticheadbounding-boxgroundtruth (GT) is generatedor eachpersonat eachvideo frame, using a
color-basedsingle-persortracker [35]. We thencomputeprecisionandrecallbetweerthe GT andour tracker
estimategrepresentetty boundingboxes)for eachpersonat eachframe,andde®nefour person-basethea-
sures:

1. Track state(T S). A frame-level binary variable,which is unity if both precisionandrecall aregreater
thanathresholdTt s, andzerootherwise.In theexperiments;Tts = 0.

2. Track F-measue (Ft). Theprecision/recaltombinationFt = 2+
TS= 1.

3. Successate (SR). A sequence-leel variable,de®nedasunity if TS = 1 for the entiresequenceand
zerootherwise.

4. Trackingrate(TR). A sequence-kelvariable ,de®nedastheratio betweerthenumberof frameswhere
TS = 1 andthenumberof framesin thesequence.

Jointly, Fr, SR, andT R provide anindicationof thequality andstability of thetracker, includingeventual
recovery from failures. Note that SR is a much stricter measurghan TR. All resultsare computedover
multiple runsof theparticle®Iter, to accounfor its stochastinature.SR andT R arethenreportedasaverages.
Finally, anoverall average pverthe numberof people,is alsoreported.

Regardingspeakingactiity, a binary GT of spealer turnswasmanuallygeneratedor eachperson.Preci-
sionandrecallarethencomputeetweerthe GT andthetracker estimateor eachpersorateachvideoframe,
de®ning:

5. SpeakingstatusF-measue (Fs). For eachpersonameasureomputedasin Fr .

Fs is alsoreportedasaverageover multiple runsandpeople aswith the othermeasures.

) is computedor thoseframeswith

8.4 Resultsand discussion

We ®rst evaluatedthe speci®cabilities of our framework to estimatdocationandspeakingactivity, conducting
experimentsundertwo controlledconditions:(1) the numberof tracked peoplewasknown andkept®xed for
thedurationof the sequenceand(2) thetracker washand-initializedn the®rst frame.Thesourcdocalization
algorithmwasoriginally evaluatedn [14]. Detailsof suchevaluationarenotincludedherefor spacereasons,
but in summarythe objective evaluationof the short-termclusteringalgorithmcon®rmedits superiorityover
enegy-basedmethodsfor the speechdetectiontask, as further developedin [24]. Resultsof the algorithm
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handlingvarying numbersof objectsarediscussedat the endof this section. The meancon®gurationis dis-
played,ateachtime-stepfor eachpersonasanellipseof distinctcolor. Inferredspeakingactiity is shavn asa

doubleellipsewith contrastingones.The numberof particlesin all casesvasB + N = 500, with 30%of the

particlesbeingdiscardedn the burn-in periodof the MH sampler All the resultswereobtainedusing20 runs
of theMCMC-PFE Peoplearegivenanobjectidenti®er(01,02,...)with respecto thepositionthey ®rstoccupy
in the video, from left to right. The resultsarebestappreciatedy watchingthe videosacccompaying this

submissiormtwwwidiap :ch= gatica =publicatio ns=pub05=av tracking multiperson :html.

8.4.1 Meetingl

The resultson the meetinglsequencareshavn in Fig. 4 andTable 1. In this sequencetecordedwith no
visualbackgroundtlutter, four seatedspealersareengagedn a corversatiorandtalk atarelaxedpace taking
turnswith little overlap,which occursfor instancevhenpeoplelaugh. Thelastrow in Tablel (Sgt ) indicates
the proportionof time duringwhich eachpersonspole in the sequenceaslabeledin the speakingactivity GT.

Regardingvisual tracking, the four objectsweretracked with good quality and stablythroughoutthe se-
guencdor all runs(seeSR, TR, andFt rowsin Tablel, andvideomeetingl _mcmc500:avi in thewebsite).
Thealgorithmcanhandlepartialvisualself-occlusior(e.g. persornO3toucheshis chin andrestshis headon his
right handin Fig. 4(a),(e), and(g)), andvariationsof headpose(from frontal to sideviews), which con®rms
theadvantage®f combiningvisualcues.

With respecto speakingactivity, our sourceocalizationmethod,combinedwith the AV calibrationproce-
dure,hasshawn to be ableto estimatdocationreasonablyvell, anddetectspealer turnswith goodaccurag
andlow lateng, whenpeopletalk at the meetingtable [14]. The audioactvity inferred by the MCMC-PF
preseresthesepropertiedor thosesggmentswhereonly onespealer takestheturn, while smoothingout very
shortspealer turnswith the dynamicalmodel(seeFs row in Tablel1). Althoughwe usea single-sourcéocal-
izationalgorithm,the MCMC-PFcansometimesnfer simultaneouspeakingactiity for multiple participants
(seeFig. 4(d)). In generalhowever, a“dominantspealer” effectis obseredin overlappingspeectsegments.

To studythe ef®ciengy of the MCMC-PF, we comparet with atraditionaljoint multi-objectPF, which uses
IS insteadof MCMC, while all otheraspectandparametersf the ®lter remain®xed. Resultsarealsocom-
putedusing20runs,andareshavnin Tablel, Fig. 4, andvideomeetingl _pf 500:avi . Clearly, ourapproach
outperformghetraditionalPFin bothability to trackandestimatiorof thespeakingstatus With theclassicPF
alossof track occurredfor all of the objects(seeSR) at somepointin the sequencéespeciallypoorfor O2,
who wastracked successfullyonly in 60% of the runs). The tracker alsohashigh visualjitter. Furthermore,
theinferenceof speakingactvity is degradedconsiderably The performancdossis explainedby theway in
which the multi-objectstate-spacés exploredin a traditionaljoint PE Many particlesare effectively wasted:
abadcandidatecon®guratiorfor oneobjectwill producea low multi-objectlik elihoodvalue,eventhoughthe
candidategor all otherobjectsaregood. Additionally, relatively badgeometriccon®gurationsombinedwith
correctspeakingactiity valuesmightbecommongiventhejoint audio-visuabbsenationmodel. A combina-
tion of thesefactorswith e.g. motionchangesnight eventuallydrift oneor moreobjectsaway from thecorrect
con®gurationandresultin trackingloss(Fig. 4(j-)). A standardoroportiontestindicatesthatthe difference
in performancebetweenMCMC-PF and PF for O,y is statisticallysigni®cantwith con®dencegreaterthan
99.99%for bothSR andTR. As a®nal remark,thenumberof particlesthatis requiredwith thetraditionalPF
to performaswell asthe MCMC-PFis prohibitively high.

8.4.2 Meeting2

TheresultsonthemeetingZequencareshavnin Fig. 5, Table2, andin thevideomeeting2 _mcmc500:avi .
This sequencelepictsfour seatedspealersin a moreanimatedcorversation(seeSgt row in Table2), with
mary turnsandcasesof overlappedspeech.Therearealsotwo sourcesf visual clutter: the texturedback-
ground,anda ®fth walking person(not tracked) who entersand leasesthe scenecreatingvisual distraction
by approachinghe spealers. Our algorithm performsquite satistctorily with respectto quality of tracking
andspealer activity detection.Althoughthetracker getsmomentarilydistractedoy the walking personor the
backgroundjt recoversin almostall casesasshavn by the SR, TR, andFt rowsin Table2. The com-
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Figure4: Multi-spealer trackingresults,meetingl Both locationandspeakingstatus(doubleellipseif a personspeaks)
areinferredfor eachparticipant.(a-h): MCMC-PF, imagescorrespondo frames10, 370,420,526,760,1120,1420,and
1690,respectiely. (i-1): TraditionalPF:imagescorrespondo frames760,905,908,and910,respectiely. Trackingis lost

for O1for therestof thesequence.
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[ method [ measue | O1 02 03 04 Oayg |
SR 1.00 1.00 1.00 1.00 1.00
MCMC-PF TR 1.00 1.00 1.00 1.00 1.00
Fr 0.89 087 085 092 0.88
Fs 0.71 0.75 0.77 0.75 0.75
SR 0.80 060 0.85 090 0.79
PF TR 095 0.79 094 0.98 0.92
Fr 0.87 086 083 0.87 0.86
Fs 060 062 055 061 0.59
ScT 0.19 019 0.10 0.16 0.16

Tablel: Trackingresultsfor meeting1for our approactandatraditionalmulti-objectPF. Resultsareshavn for individual
people andaveragedcover all people.

binationof visual cuesrendersthe tracker more robust: On one hand,the spatialstructureobsenationshelp
in casesof uncertaintywith respectto edgeinformation (e.g. textured background)On the otherhand,the
shapeobsenationsre®nethe spatialstructuremodel,which consistentlydrivesthe tracker to skin-blobareas,
but sometimesvithout muchaccurag. A limitation of thelikelihoodmodelcanbe seenfor O3, for whomwe
canobsenre a combinedeffect of edge-relatedlutter, andheadspatialstructure(i.e., lesshair) that might not
have beenrepresentedccuratelyin thetrainingdata(Fig. 5(e)and(h)), alsoevidentwhenplayingthevideo).
Regardingspeakingactiity, our approactcancorrectlyinfer somecasesf simultaneouspeechFig. 5 (d)
and(g)). Finally, our approachs againsigni®cantlymore effective thana traditionaljoint multi-personPF,
which in this caseshawvs an even more severe performancedegradation(seeFig. 5(i-n), Table 2 andvideo
meeting2_pf_500:avi ). For the samereasondiscussedor meetingl and challengedby the distractions
introducedby the walking personthe traditional PF is unableto trackall of the objectsconsistentlyandthe
quality of the estimationof speakingactiity is considerablydegraded.SR canbe aslow as35-40%,Fgs as
low as38%,andwith the exceptionof Fr, all other®guresare considerabljfower thanthe onesobtainedfor
meetingl Thestandardroportiontestshaws a statisticallysigni®cantdifferencein performanceéetweerour
approaclandatraditionalPFfor O, ¢ with con®dencegreatetthan99.99%, for bothSR andTR. Overall,the
resultson this sequencsuggesthatthe MCMC-PFis morerobustto realisticconditionsthanthe traditional
approach.

[ method [ measue | O1 02 03 04 Oayg |

SR 095 095 100 1.00 0.98
MCMC-PF TR 099 097 100 1.00 0.9
Fr 0.88 088 0.87 0.86 0.87
Fs 072 072 071 079 0.74
SR 060 040 035 0.75 052
PF TR 0.68 045 050 0.79 0.61
Fr 086 085 081 085 0.84
Fs 055 038 042 0.65 0.50
ST 0.26 024 019 035 0.26

Table2: Trackingresultsfor meeting2for our approactanda traditionalmulti-objectPF.

Fig. 6 presentghe resultsregardingspeakingactivity detectionfor eachpersonasa function of video
framenumber In the ®rst place,we displaythe resultsobtainedwith audio-sourcdocalizationmappedonto
the image plane, assumingthat the location of the meetingparticipantsis known in the ground-truth,i.e.,
dividing theimageinto four regions,assigningegionsto people,andassociatingpeakingactiity estimates
to individualsbasedn theregion the estimatedall in (A). We alsopresenthe resultsfor our approach(AV),
wherethe resultscorrespondo the medianof the inferred speakingactivity estimatedover 20 runs of the
MCMC-PE We ®nally displaythe manuallylabeledGT. Two casesaredisplayedfor differentvaluesof the
parametersf thesymmetricTPM: oo = 0:8; o1 = 0:2 (Fig. 6(a-d)),and o9 = 0:95; o1 = 0:05(Fig. 6(e-
h)). We ®rst obsene thatthe sourcelocalizationalgorithm detectsspeak/non-speathangesvith low delay
and classi®esmostof the correctlocation estimatesas speechframes[14]. Furthermore given the lack of
a temporalsmoothnesgonstraint,long spealer turns are often broken into smallerturns. We also obsene
that shortspuriousturns dueto noiseare sometimesietectedandincorrectly assignedo spealers. In turn,
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Figure5: Multi-spealer trackingresults,meeting2 (a-h): MCMC-PF, imagescorrespondo frames50, 200, 360, 546,
575,630,860,and909,respectiely. (i-n): TraditionalPF:imagescorrespondo frames150,170,190,195,200,and210,
respectiely. Trackingis lostfor O2 andO4 for therestof the sequence.
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Figure6: Spealkr actvity inferenceresults,meeting2 In each gure, resultsareshavn, asa function of framenumbey
for audio+a mapping,with manuallylabeledlocation(A), the MCMC-PF approach(AV), andfor the manuallylabeled
groundtruth (GT). Figures(a-d) correspondo O1-O4, respectiely, for TPM valuesf 0:8; 0:2g. Figures(e-h) arethe
correspondingesultsfor TPM valuesf 0:95; 0:059

the MCMC-PFintroducesatemporaldynamicalprocesghatsenesasasmoothing®lter. Shortturnsareoften
eliminatedwhich alsotendsto meigebrokenturnsinto longerunits. Thedegreeof smoothnesslearlydepends
onthe TPM parameterandtheir relationto the parameter the switchingaudioobsenationlik elihood(Egs.
13-14).As expectedthe®lteringis higherin Fig. 6(e-h)comparedo 6(a-d). However, thelargerthesmoothing
effect, thelongerthedelayto detectbeginningsandendingof spealerturns,thusde®ninga ®Iltering tradeof.

8.4.3 Effect of the MRF prior

The in uence of the MRF prior cannotbe appreciatedn the previous two cases. To analyzethe effect of
this term, we conductedxperimentswvith a ®ve-persortracker on two excerptsof meeting2 wherethewalk-
ing silent person(O5) is signi®cantly occludedby two seatedparticipantsseveral times. The ®rst excerpt
(meeting2-ocllis 140 frameslong (frames550-690). The secondone (meeting2-ocRis 170 frameslong
(frames830-1000).Performancés computedver 20 runsof the MCMC-PF, without andwith the MRF prior.

Resultsfor meeting2-ocreshavn in Table3, Fig.7,andvideosmeeting2_01 mcmc500_no_int :avi
(without MRF) andmeeting2_o1_mcmc500 int :avi (with MRF). Without the MRF prior, trackingis of
high quality for objectsO2-O4(SR = 1, TR = 1,andFt  0:87). Theresultsfor O1 andO5 areshavn in
Table3. For O1, trackingwaslost oncein 20 runs,locking onto O5. More importantly, for O5, trackingwas
lostin 25% of the cases|ocking sometimento O1, or drifting away. In contrastthe useof the MRF prior
producecdhigh quality trackingfor the®ve objects(SR = 1, TR = 1,  0:87for O2-O4,seeTable3 for
0O1andO5).

For meeting2-oc2the resultsobtainedwith and without the use of the MRF prior are shovn in Table
3. The occlusionaffects objectsO3 and O5, which got lost or confusedwith eachother On one hand,an
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= - o : .
Figure7: Five-objecttracler, effectsof the MRF model. (a-c): meeting2-oclframes560, 585, and 594, without MRF
prior. (d-f): sameframeswith MRF prior.
improvementwas obtainedfor O5 with the useof the interactionterm (O5 was correctlytracked in the 20
runs). On the otherhand,handlingthe occlusionfor O3 representethe main challengegiventhathis spatial
structuremodel,asdescribedpreviously, wasnot so accurate.Although not perfect,the performancdor O3
was of good quality, and equivalentwith or without the useof the MRF prior (SR = 0:9, TR = 0:92in
both cases). The performanceor the otherthreeobjects(01,02,and O4) is of high quality in both cases
(SR =TR = 1, F¢ 0:87). An exampleof the performancewith the MRF prior canbe seenin video
meeting2_02_mcmc500 _int :avi .

Overall,theresultsindicatethattheinteractiontermmodelis effective, but its impactdepend®nthemodel
of eachobjectbeingaccurate Onecould expectthatthe occlusionmodel's advantagevould diminishin case
theinvolvedobjectsdid not ®t thelearnedvisualmodelswell.

measue meet2-ocl meet2-oc2

Olwo O5wo Olw O5w | O3wo O5wo O3w  O5w
SR 0.95 0.75 1.00 1.00 | 0.90 0.95 0.90 1.00
TR 0.96 0.89 1.00 1.00 | 0.92 0.96 0.92 1.00
Fr 0.87 0.74 0.88 0.74 | 0.77 0.72 0.76 0.74

Table 3: Resultsfor sequencewith personocclusion.Performancevasaffectedfor O1 andO5in meeting2-oclandfor
0O3andO5in meeting2-oc2wo / w indicateswithout/ with MRF prior.

8.4.4 Meeting3

Resultsfor this sequencareshovn in Table4, Fig. 8, andvideo meeting3_mcmc500:avi . In this casea
personO3) makesapresentatiomnduseshewhiteboardwhile theothersremainseatecandmostlysilent(see
Sct row in Table4). Dueto the FOV overlap,onepersonO2) appearsn two views. We only trackthis person
in thefrontal view. Ouralgorithmcorrectlytracksthelocationof thefour peopleacrosghe sequenceglthough
trackingis morechallengingfor O3 (the presenterjlueto his sizeanddistancefrom thearray As onewould
expect,the audiolocalizationalgorithmdetectsa spealer at the table betterthanat a whiteboard/presentation,
giventheir shorterdistanceto the microphonearray Dueto this fact, whenO2 makesnoise(in frames200-
225),0r whenthe presenteanda seategersonspeaksimultaneouslye.g.,01 in frames660-700,Fig. 8(c)),
the tracker infers speakingactivity only for the personat the table. Additionally, when peopleclearly face
away from the array the audio estimatesiegrade,and so doesthe inferenceof the speakingstatus. Overall,
thespeakingactiity of thepresenteis inferredwith reasonablguality, althoughsomeof histurnsaremissed
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(e.g. aroundframe 1130, Fig. 8(e)). The actvity of O1 andO4 is estimatedwvith good quality, comparable
to the obtainedwith the previous sequences.The comparatiely low Fs-valuefor O2 is explainedby the
factthathe spole brie y only once,andmadenoisethatwasidenti®edas speakingactiity. In comparison,
ascanbe seenfrom Table 4 and video meeting3_pf_500:avi , a traditionaljoint PF shavs againa much
degradedperformance.On one hand,suchapproachs not ableto track all of the objectsthroughthe entire
sequencén mary occasions.The SR is especiallypbadfor O2 who, althoughseatedhada relatively sudden
changeof dynamics,andfor O3, the presenter On the otherhand,the quality of speakingactivity inference
is muchworse,the situationbeingaggraatedby the sparsenessf spealer turnsfor threeof the participants.
Onceagainthestandargroportiontestindicatesa statisticallysigni®cantperformancalifferencebetweerour
methodandthetraditionalPFfor O,y ¢ with con®dencegreaterthan99.99%, for bothSR andTR.

[ method [ measue | O1 02 03 04 Oayg |

SR 1.00 1.00 1.00 1.00 1.00
MCMC-PF TR 1.00 1.00 1.00 1.00 1.00
F 0.88 0.88 0.87 090 0.88
Fs 0.81 057 057 079 0.69
SR 095 0.15 045 0.95 0.62
PF TR 095 0.27 087 096 0.76

F 0.87 083 084 090 0.86
Fs 0.38 0.05 0.15 0.05 0.16
ST 0.07 0.02 057 0.03 0.17

Table4: Trackingresultsfor meetingFor our approachanda traditionalmulti-objectPF
8.4.5 Auto-initialization

A ®rstexampleis shavn in Figure9(a-c)andmeetingl _mcmc500_autoinit :avi. Thetrackeris initialized
atframeO with | o = ; (zeroobjects).Thebirth-likely areafor this exampleis the entiresceneroughlyabove
the chestof the seatedparticipants. At frame 1, O1, 02, and O4 are automaticallyinitialized, while O3 is
initialized oncehe moveshis handaway from his faceat frame 24. From this frameon, the performances
equivalentto the one obtainedwith manuallyinitialized objects. A secondexampleis shovn in Figure 9(d-
f) andvideo meeting2_mcmc500_autoinit :avi. In this casethe traclker is initialized at frame 800 with
I g00 = ;. At frame801,the algorithmdetectsO1-O4andinitializesthemcorrectly O5is detectecht frame
825.

An objective evaluationwas conductedbn meetingland meeting2to testthe soleeffect of automaticini-
tialization. We considerfor evaluationonly thoseframesafter which the objectshave beenautomatically
initialized, which occursaroundframe 25 for meetingl andaroundframe 1 for meeting2 To be ableto pro-
vide a fair comparisorwith the resultsobtainedfor meeting2n Table2 (i.e. keepingequialentconditions),
wesetm"® = 4, allowing amaximumof four objectsalongthesequenceThisimpliesthatonly thefour ®rst
detectedbjectsaretracked,while the®fth persoris excludedfrom this processasin theexperimentgeported
in Table2. Theresultsareshavn in Table5. For meeting]l we obsene, oncethe objectsare automatically
initialized, the performanceessentiallyremainsthe sameasthe caseof manualinitialization (Table 1). For
meeting2 we obsene that, comparingwith Table 2, the performancedecreasedor O2 (SR decreasedrom
0.95to 0.85, all other®guresremainapproximatelythe same),andimprovedslightly for O1 (SR increased
from 0.95t0 1.00). The performancdor O3-O4remainedhe same.Consideringall objects the performance
degradatioris mamginal (comparethe O,y 4 columnsin Tables2 and5). Overall, theseresultssuggesthatthe
algorithmis adequatdor our application,althoughasstatedin Section7, it could beimproved by the useof
a specializedacedetectoralgorithm[44]. Finally, a morethoroughevaluationof the algorithmfor varying
numberof peoplewould requirethe adaptatiorof our evaluationprotocolto handlemulti-objectcon®guration
andidenti®cationissues.Designinggoodevaluationproceduredgor suchcasesonstitutesa researchopic on
its own [40].

9 Conclusionand futur e work

In this paperwe presented probabilisticframenork for thejoint trackingof multiple peopleandtheir speaking
activity in a multi-sensomeetingervironment. Our framework integratesa novel AV obsenation model,a
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e

Figure 8: Multi-spealer tracking results,meeting3 Figures(a-e) correspondo frames50, 490, 690, 945, and 1130,
respectiely. Thepresenteis speakingn all thedisplayedrames,excepting(b).
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a d
b e
c f

Figure9: Auto-initialization. Theinitial con gurationcontainsno objects.meetingi (a-c)frames0, 1, and24. meeting?2
(d-f) correspondo frames800,801,and825.

[ method [ measue | O1 02 03 04 Oayg |

SR 1.00 1.00 1.00 100 1.00
meetingl TR 1.00 1.00 100 100 1.00
F 0.89 087 0.84 092 0.88
Fs 0.72 074 0.78 0.75 0.75

SR 1.00 085 100 1.00 0.96
meeting2 TR 1.00 098 1.00 100 0.99
Fy 089 085 0.88 0.86 0.87
Fs 0.72 073 0.71 0.80 0.74

Table5: Trackingresultsfor meetinglandmeetingZor the MCMC-PFwith auto-initialization.

principledmechanisno represensimple,proximity-basednteractiongocclusion),andanef®cientsampling
stratgyy that overcomessomeof the problemsfacedby traditional PFsin high-dimensionattate-spacesln
principle,the sensoicalibrationalgorithmwe de®nedsetsfew constrainton the sensorslocation,socameras
andmicrophonegouldpotentiallybeplacedin variouscon®gurationsWe have shavn thatour framework can
localizeandtrack multiple peopleandtheir speakingstatuswith goodaccurag, toleratingvisual clutter, and
outperforminga traditional PE Several issuesremainopenfor improvement. First, morere®nedinteraction
modelscould be proposedmaking useof the speakingstatusvariablein the MRF prior, andintroducingan
occlusionvariablein the state-spaceayhich couldexplicitly de®nea setof switchingocclusionmodes.Second,
althoughour modelcanre ect simultaneouspeakingactivity from multiple people,it is basedon a limiting
single-audio-sourcassumption.We are currently developing truly multi-spealer detectiontechniqueg25]
and plan to integratethemin our frameawork in the future. Third, the auto-initializationmechanisncould
be enhancedy usingaudio-basedocalizationand/orfacedetection whoseintegrationin the MCMC-PF is
conceptuallydirect. Finally, the evaluationon more dynamicdata,including more complex casesof object
birth/death arealsopartof futurework.
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