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ABSTRACT

We presenta probabilisticmethodfor audio-visual(AV) spealer
tracking, using an uncalibratedwide-anglecameraand a micro-
phonearray The algorithm fuses2-D object shapeand audio
information via importancepatrticle filters (I-PFs), allowing for
the asymmetricalntegrationof AV informationin a way that ef-
ficiently exploits the complementanfeaturesof eachmodality.
Audio localizationinformationis usedto generateanimportance
sampling(IS) function,which guidestherandomsearctprocesof
aparticlefilter towardsregionsof the configuratiorspacdikely to
containthe true configuration(a spealer). The measuremerntro-
cessintegratescontourbasedand audio obserations, which re-
sultsin reliableheadtrackingin realisticscenariosWe shawv that
imperfectsinglemodalitiescanbecombinednto analgorithmthat
automaticallyinitializes and tracks a spealker, switchesbetween
multiple spealers,toleratesvisual clutter, andrecoversfrom total
AV objectocclusion,n thecontet of amultimodalmeetingroom.

1. INTRODUCTION

Spealertrackingconstitutesrelevanttaskfor applicationghatin-
cluderemoteconferencingHClI, andvideoindexing andretrieval.
Theuseof audioandvideo asseparateuesfor trackingareclas-
sic problemsin signalprocessingandcomputervision. However,
soundand visual information are jointly generatedvhen people
speak,andprovide complementanadvantagedor spealer track-
ing if theirdependenciearejointly modeled9]. Ononehandiini-
tializationandrecovery from failures- bottlenecksn visualtrack-
ing - canbe robustly addresseavith audio. In contrast,precise
objectlocalizationis bettersuitedto visualprocessing.

Probabilisticgeneratie modelsare suitablefor processingf
multimodalinformation. For spealer tracking,severalapproaches
have beenproposedincluding Bayesiametworks[8], [1], andse-
quentialMonte Carlo (SMC) [9], [10]. In particular SMC a.k.a.
particlefilters (PFs)represent principled methodologyfor data
fusion[4]. For astate-spaceodel,abasicPFrecursvely approx-
imatesthefiltering distribution of statesgiven obsenationsusing
a dynamicalmodelandrandomsamplingby (i) predictingcandi-
dateconfigurationsand(ii) measuringheir likelihood. Tracking
is thusposedasrandomsearchn a configurationspace.
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Samplingfrom dynamics(prediction)and measuringupdat-
ing) are SMC stagesn which datafusioncanbeintroduced.Cur
rent formulationsfor AV spealer tracking fuse audio and video
only at the measuremerievel [9], [10], thusleadingto symmet-
rical modelsin which eachmodality accountdor the samerele-
vance solelydependingnthedynamicaimodelto generateandi-
dateconfigurationsAdditionally, AV sensorgcameragsndmicro-
phones}endto beindependentlgalibratedor statemodelingand
measuringn 2-D or 3-D. Suchformulationstendto overlooktwo
importantfeaturef AV data.First,audiois a strongcueto model
discontinuitieghat clearly violate usualassumptionén dynamics
(includingspealerturns),spealer occlusion and(re)initialization.
Its usefor samplingwould thereforebring benefitso modelingre-
alistic situations.Secondeventhoughaudiomight beinaccurate,
andvisual calibrationcanbe erroneousiueto cameradistortion,
theirjoint occurrenceendsto be consistentandcanbelearnedn
arobustway from trainingdata.

This paperpresentsa methodfor AV spealer tracking using
PFs,andintroducesnoveltieson datafusion and AV calibration.
Given a 2-D configurationspace audioinformationis usedboth
for samplingandmeasuringFor sampling,3-D audiolocalization
computedat eachframeis introducedin the PF formulationvia
importancesampling[5], [6], by defininganaudiolS functionthat
emphasizeshe mostinformative regions of the space.For mea-
suring,audioandvideoarejointly usedto computethelikelihood
of candidateconfigurations.We usea shape-basedbjectrepre-
sentationput our approacthis applicableto othervisual cues.We
alsopresenta simpleyetrobust AV calibrationprocedurehates-
timatesa direct 3-D-to-2-D mappingfrom the audiolocalization
estimateontotheimageplane.The proceduraisesrainingvideos
of peoplein anindoorsetup,not requiring precisegeometriccali-
brationof camerandmicrophonesTheresultis analgorithmthat
caninitialize andtrackamaving spealer, switchbetweermultiple
spealers,toleratevisualclutter, andrecoverfrom AV objectocclu-
sionin ameetingroomviewedby awide-anglecameraOtherAV
spealer trackingmethodswould find limitationsin thesesettings.

The paperis organizedasfollows. Section2 presentour al-
gorithm. Section3 describeghe experimentalsetup. Section4
presentsesults.Section5 providessomefinal remarks.

2. OUR APPROACH: I-PF FOR AV TRACKING
Given a discriminative objectrepresentatiomnda Markov state-

spacemodel,with hiddenstates{x; } thatrepresenbbjectconfig-
urations,and obsenations{y:} extractedfrom an AV sequence,
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thedistribution p(x:|y1.¢) canberecursvely computedoy

P(xe|xe1)p(Xe1]y1e-1)dxe 1,
1)

whereyi.: = {y1,...,y:}. Theintegralin Eqg. 1 representshe
predictionstep,in which thedynamicalmodelp(x:|x:—1) andthe
previous distribution p(x;—1|y1:¢+—1) areusedto computea pre-
dictiondistribution, whichis thenusedasprior for theupdatestep,
andmultiplied by the likelihoodp(y:|x:) to generatehe current
filtering distribution. A PFapproximate&q. 1 for non-linearnon-
Gaussiamproblemsasfollows. Thefiltering distributionis approx-
imatedby a setof weightedsamplesr particles{ (x\", ={"),i =
1,...,N}, wherex!” andr!"” denotethei-th sampleandits im-
portanceveightatthecurrenttime. Thepoint-massapproximation
is given by pin (x¢|y14) = SN, 7V 8(x, — x{V). The predic-
tion steppropagteseachparticleaccordingto the dynamics,and
the updatingstepreweightsthem using their likelihood, wt(i) o
ﬁt(i)lp(yt|x£i)). A resamplingstepusingthe new weightsis nec-
essarnyto avoid degradationof the particleset[4].

The designof a PFfor AV trackinginvolvesthe definition of
the objectrepresentationthe state-spacethe dynamicalprocess,
thesamplingstratagy, the AV calibrationprocedureandthe prob-
ability modelsfor soundand visual obsenations. Eachof these

issuesarediscussedn thefollowing subsections.

D(Xelyre) o P(yelxe) /

Xt—1

2.1. Object modeling, state spaceand dynamics

Objectrepresentationand state-spacedefinedeitheron the im-
ageplaneor in 3-D spaceare sensiblechoices. However, while
3-D allows for more elaborateobject modeling, it also requires
precisecamerecalibrationandcomputatiorof non-trivial features
[10]. We follow animage-basedpproachin which objectcon-
toursaremodeledas elementf a shape-spaceallowing for the
descriptionof a shapeemplateanda setof valid geometrictrans-
formations[2]. In our casethe basicshapes a parameterizee!-
lipse, suitablefor trackingheadsandwe have choserna subspace
of transformationscomprisingtranslation7”, 7% and scaling s.
Furthermorea second-ordeauto-rgressve dynamicalmodelis
definedon theseparametersWith an augmentedtatedefinedby
x: = (xe,2:-1)7, anda; = (I, 17, s¢), the dynamicalmodel
is definedby x; = Ax;_1 + Bw;, whereA, B aretheparameters
of themodel,andw is awhite noiseprocess.

2.2. Importance particle filters

Basic PFsrely only on the dynamicalmodelto generatecandi-
dateconfigurationsyhich asdiscusseearlierhaslimitationsdue
to imperfectmotion models, object occlusion,and the needfor
(re)initialization (e.g. dueto a spealer turn). Additional knowl-
edgeaboutthe true configurationscan be extractedfrom other
modalities,andmodeledvia importancesampling[5], [6], by us-
ing an IS function i;(x;) that emphasizeshe mostinformative
regionsof the space Thetechniquefirst dravs samplesrom i.(-)
ratherthanfrom the filtering distribution, concentratingoarticles
in betterproposalregions. It thenintroducesa correctionmecha-
nismin orderto keeptheparticlesetasafaithful representatioof

theoriginal distribution, definedby animportanceratio,

. ; N k i) (k
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and appliedto the particle weights, 7 « w”p(y|x{").

Reinitializationis introducedvia a two-componenimixture,

)

P(xelyr:e—1) = aqi(x¢) + (1 — a)pn (xely1e-1),  (3)

whereg;(x:) denotesreinitializationprior, and{c, 1 — a} is
the prior onthe mixture. A variationcanbe furtherintroduced,jn
which samplesaredravn from the original dynamicalmodel,the
dynamicg(with IS), andthereinitializationprior [6].

We extendtheprevioususeof I-PFsto multimodalfusion. Au-
dio tendsto be imprecisefor localization,dueto discontinuities
during periodsof silence,aswell aseffects of reverberationand
othernoise.Audio doeshave someimportantadvantageiowever,
suchasthe ability to provide instantaneoukcalizationat reason-
ablecomputationaéxpensewhichis well-suitedfor initialization.
In thispaperaudiolocalizationinformationis usedfor thelS func-
tion, thereinitializationprior, andthe measuremermrocess.

2.3. AV calibration

CurrentAV calibrationworksassumeimplifiedconfiguration$9],
[1], or resortto rigorouscamerecalibrationprocedure$10]. How-
ever, cameracalibrationmodelsbecomemore comple for wide-
anglelenseqausualrequirementn video conferencing/meeting).

Despitethe factsthat audioinformationis usually noisy, and
that visual calibrationcan be erroneousiue to geometricdistor
tion, their joint occurrenceendsto be more consistent.We have
thereforeoptedfor aroughAV calibrationprocedurewhich esti-
matesa mappingfrom audioconfigurationsn 3-D ontotheimage
planefrom training sequencesyithout requiring precisegeomet-
ric calibrationof audioandvideo. For this purposewe collected
sequencesvith peoplespeakingwhile performingtypical activi-
tiesin the room (walking, sitting and standing,moving on their
seats).The audiolocalizationproceduredescribedn Section2.5
wasusedto compute3-D points X; for eachframe,anda hand-
initialized visual tracker was usedto computethe corresponding
pointsin theimageplane. The correspondencesereusedto de-
fine a mappingbetweendiscretesetsC : R® — R2, suchthat
C(Xy) = (T*,TY). For new, unseertata,themappingis directly
implementedy nearestheighborsearch.

2.4. Visual obsewations model

Theobsenationmodelassumeshatshapesareembeddedn clut-

ter [2]. Edge-basedneasurementarecomputedalong L normal

linesto a hypothesizedcontour resultingin a vectorof candidate
positionsfor eachline, y. = {v.,} relative to the point lying on

thecontoun/d. With someusualassumptiongheobsenationlike-

lihoodfor L normallinescanbeexpresseds

L L ~1 12
vid l 12m — voll
plo ) < [ ot o [T (v H22280 ),
@

where?!, is the nearesedgedetectecbn the [** line, and K
is aconstanintroducedwhenno edgesaredetected.



2.5. Audio obsewation model

In general,audio localizationmethodsrely on estimationof the
delay betweenthe time of arrival of a signalon a pair of micro-
phones We definethe vectorof theoreticatime delaysassociated
with a3-D location X asr ™%X = {7m-X} £ 7X \wherer™X
is thedelay(in sampleshetweerthe microphonesn pairm,
Jmox _ (IX = M| — [|X = MET]) fs
c )

®)

whereM{™ and M3" arethelocationsof the microphonesn pair
m, and fs is the samplingfrequeng. In practice eachtime delay
estimater" is calculatedfrom the generalizectross-correlation
(GCC)[7]. A phasetransform(PHAT) is appliedto improve the
robustnesso reverberationandthe GCCis interpolatedo achiere

sub-samplerecision(detailsin [3]). Then,givenanvector+: 2
{7{"} of obseredtime delayestimatesthedistribution of the ob-
senationgivenaspealkratlocationX canbemodeledasp(#+|7)
N(T%,2%), whereX™ is thecovariancematrix, choserto bein-
dependenbf location. The locationestimatecanthenbe defined
accordingto the maximum likelihood (ML) criterion as X =
arg maxx p(7:|7>). The localization estimatefor eachframe
is found by a dynamicsearchover p(#.|7>) througha uniform
grid of roomlocations. To eliminatelow confidencevalues,esti-
mateswhoselikelihoodfalls below that of a uniform distribution
arelabeledassilencemeaningheaudioobsenationscontaindis-
continuities. To synchronizeframe rates, multiple audio frames
aremeigedby selectingonly the ML locationacrossrames.

2.6. Defining the importance sampling function

Assumingindependencewe defineii(xz:) = i (17,1, s:) =

N (pe,%¢). Themeanu, = (uf, ul”, 1§) consistsof the pro-
jected3-D audio estimateonto the imageplane C'(X;) andthe
unit scale. The covariancematrix 3; is diagonal,with translation
componentproportionalto the meanheadsizein thetrainingset,
andwith scalingcomponenequalto thevariancein scaleof head
sizes.In caseof silence,no IS function exists, so thefilter dravs
sampleonly from thedynamicalmodel. Theimportanceunction
is alsousedfor theaudio-basedbsenationlikelihood,

p(ygud|xt) o8 it(Xt), (6)

in casethereis audio,andit is afixed constanbtherwise.

2.7. AV fusion for measurement
Obsenationsarecombinedn a standarcapproach,

p(yelxe) = ply i |xe)p(ys™|xe). ()

3. EXPERIMENT AL SETUP

Audiovisual recordingswere madein a meetingroom with one
wide-anglecameraon a wall and an 8-microphonearray on the
table (Fig. 1). Video was capturedat 25 fps, while audiowas
recordedat 16kHz, with featuresestimatedat 62.5 fps. Images
wereprocessedh CIF format, soa humanheadis about20 x 35
pixels(1 pixel & 8mm). Parametersor thevisualtracker (dynam-
ics andobsenations)have beenkeptfixedfor all experiments.
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Fig. 1. Meetingroom.
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Fig. 2. Audio localizationof astill spealer atknown locations.

4. RESULTS

4.1. Audio localization evaluation

We projectedthe audioestimateof several known locationsonto
the vertical plane,aswell ason the azimuth/eleation space(see
Figure2). A strongbiasis apparentespeciallyon the vertical
axis,andjustifiestheneedfor learningthemappingbetweeraudio
estimategndpositionontheimageplane.

4.2. AV tracking

Ourresearchesults(includingadiscussioron the performancef
singlemodalities,andthe effectsof clutterandocclusion)should
befully appreciatedby lookingdirectlyatthe AV sequencesyvail-
able on a websitethat accompanieshis paper®. Due to lack of
spacewe only presenbasicresultshere.

Resultsof single-persoirackingusing500particlesareshavn
in Fig. 3 (top). The objective evaluationis presentedn Fig. 4
(top), basedon a manuallygeneratedyround-truth.The tracker is
automaticallyinstantiatedvhenthe persorentershe scengvideo
frame 18) and startstalking, and remainson track when speech
ceasesAudio dataarenon-continuoug104 audiosamplesn 228
frames). Mean (resp. median)errorsin pixels over the entire se-
quencefor audio,hand-initializedvideo,and AV are18.9(11.5),
2.3(2.0),and2.8(2.3), respectiely. Theaudiolocalizationerror
is the combinedeffect of 3-D localizationand the mappingonto
theimage. Thelargesterrorsaredueto the detectionof footsteps
asthe soundsource,but the tracker copeswith theseshort-term
distractions.The medianerror for eachmodality andfor varying
numberof particles,computedover 20 runsof the PF, areshavn
in Fig. 4 (center).

An exampleof spealer initialization/trackingin presenceof
visualclutteris shavn in Fig. 3 (center).A secondpersorrepeat-
edly passebehindthe spealer without distractingthe traclker.

1Availableatwww.idiap.ch/ gatica/av — tracking.html.



An exampleof spealertrackingwith AV occlusionis shavnin
Fig. 3 (bottom). The sequencés challengingdueto physical ob-
staclesbetweerthe spealer andthe microphones.A visual-only
tracker cannotrecover from aslow occlusion.However, AV track-
ing improvesperformanceln thefirst frames,the spealer cannot
beinitialized dueto full audioocclusion.However, whena direct
pathbetweerthe soundsourceandthe microphonearrayappears,
the traclker locks onto the spealer. Furthermorethe AV traclker
recovers from AV occlusionin repeatedcasesthanksto the au-
dio modality aslS function,while usingvideoto provide finer lo-
calization. To our knowledge,previous works have not discussed
performancen casef AV occlusion[9], [1].

Fig. 5 illustratesmultiple spealer trackingin a meetingsce-
nario(theoriginalimageshave beencropped) . Threepeopleseated
atthetablespeakin turn (center right, left), startingat frames38,
213 and 539, respectiely. Evaluationon the first 700 framesis
shavnin Fig. 4 (bottom). Thetrackerrequiressomeframesto lock
to the correctspealer (mainly dueto lack of audiosamplesrom
which to build an IS function) but eventually succeeds.For the
centerandleft spealers,the audioerror after mappingto the im-
ageis substantialljargerthanfor theright spealer. However, this
roughinitialization is good enoughfor headtracking. The main
sourceof errorfor AV trackingis the fitting of the contourtem-
plateontotheneck/shirtcontourratherthanontothe chinbut error
remainsapprox.belov 10 pixels. A momentarysoundoverlapdue
to whisperingby a secondspealer (ataroundframe390) confuses
the AV tracler, but it rapidly relocksontothe mainspealer.

= : ! (L
Fig. 3. Top: Walking. Center:Visual Clutter. Bottom: AV occlusion.

5. CONCLUSIONS

We have shawvn that AV fusion via I-PFs makes good useof the
complementanadvantagesof individual modalitiesfor spealer
tracking. In additionto its principledformulation,our framework
hasshawvn to berobustto severalrealisticsituations.Currentwork
concentratef two problems:theintegrationof color distribution
object modelsin our framavork, and an extensionto deal with
multiple simultaneouspealers.
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