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ABSTRACT

Ourlong-termobjectieis to createSmartRoomTechnologieshat
are aware of the userspresenceand their behaior and can be-
comeanactive, but notanintrusive, partof the interaction.In this
work, we presenia multimodalapproacHor estimatingandtrack-
ing the location andidentity of the participantsincluding the ac-
tivespealer. Oursmartroomdesigncontainghreeusermonitoring
systems:four CCD camerasan omnidirectionalcameraanda 16
channeimicrophonearray Thevarioussensorymodalitiesarepro-
cessedothindividually andjointly andit is shovn thatthe mul-
timodal approachresultsin signi cantly improved performancen
spatiallocalization,identi cation and speechactiity detectionof
theparticipants.

1. INTRODUCTION

New developmentsn communicationgechnologieshave brought
to light a numberof exciting and challengingapplicationsthat
promiseto changethe way peoplecommunicatendinteract. An
applicationthat hasrecentlygainedsigni cant attentionin the lit-
eratureis thedevelopmenbf multimodal,unobtrusve Smart Room
Technologies (SRT): monitorandinfer importantcluesaboutusers
in speci c ervironmentssuch as their spatial position, identities
and behaior. This is a challengingmultidisciplinary application
that involvesresearchn diversetopicsincluding objecttracking,
spealer activity detection, spealer identi cation, human action
recognitionanduserbehaior modeling.

Oneof thewell-studiedareasn SRT is the detection and track-
ing of user locations. Two importantsource®of informationarethe
visualandthe acoustiomodality. Within a multimodalframework,
thesetwo sourceshave beenusedto track a single active spealer
using methodssuchas Sequential Monte Carlo [1] [2], Kalman
filtering [3] and Dynamic Bayesian Networks (DBN) [4], taking
adwantageof the complementarynformationrepresentedy these
two modalities.

Recently[5] and[6] extendedheseapproachew trackmultiple
spealersusingparticle Itering, while at the sametime achieving
active speaker detection, whichis anotheiimportantaspecbf smart
roomtechnologieslin [7], visualclueswereusedto trackusersand
a microphonearrayto selectthe active spealer by computingthe
distancebetweerthevisualandacoustiaesults.

Anotherimportantaspecbf SRT is speaker identification (SID),
in which the identity of the useris detected. There are several
additionalpossiblebiometricsystemgfor smartroom applications
(e.g., retina, ngerprint), althoughmostof themareimpracticaldue
to their invasive nature. Onefeasibleoptionis to classifythe user
accordingto acousticspeectfeatureq8] or throughfacerecogni-
tion.

In this paperwe proposearealtime multimodalapproacho de-
terminethe spatialpositionof the user detectspealer activity, and
additionallydeterminethe spealer's identity aimedat applications
suchasremotevideo-conferencin@nd audio-videoindexing and
retrieval for taskssuchasmeetings.

Our conferenceroom containsthree usermonitoring systems:
four synchronizedcameradocatedin the cornersof the room, a
full-circle 360degreecamerdocatedat the centerof thetable,and
an array of sixteenmicrophonedocatedat the end of the table.
Thelocationof eachuseris computedhasedon (i) the3D polygon
surfacemodelfrom 4 synchronizedcamerasand(ii) a facedetec-
tion techniqueusinga full-circle 360degreecamera.Subsequently
a dynamicmodel, underthe Gaussiardistribution assumptionjs
usedwith amoving window to combinetheabove informationand
localize the participants. The Speaker 1D, operatingon far- eld
soundobtainedfrom the microphonearray algorithmemplgs a
standardGaussiarMixture modelbasedon MFCCs. Finally, the
active spealer'sidentity and location is estimatedy fusingall the
informationchannels.

The long-term objective of this projectis to createa system
which is cognizantof the usersandcanbecomean active but non-
intrusive memberof the ir interaction. The speci ¢ goal of this
papers to presenfasmartroomdesignsuitablefor realtime multi-
spealer remotevideo-conferencingwith augmentednformation
channelgontainingspealer IDs andrelative locationof the partic-
ipantsandthe active spealer. Moreover, the extractedinformation
canbeusedin anumberof otherapplicationssuchasvideoindex-
ing andretrieval, humanpostureinference9], modelingof human
behaior, andasthe device technologiedurther mature for appli-
cationssuchasaudio-visuakpeeclandemotionrecognition[10].

2. THE SMART ROOM

The presentinitial designprimarily comprisesmicrophonesand
cameradfor activity sensing. The microphonearray consistsof
16 omnidirectionaimicrophoneshatprocessoundat 48kHz sam-
pling frequeng. Fourteenmicrophonesredistributedon a square
frameof 50 x 50cmandtwo microphonesreraisedin the middle
of the frameto allow for vertical planelocalization. The roomis
acousticallytreatedon threewalls andhasa full-wall glasswindow
ontheotherside,andhasceiling panelsandcarpetingon the oor.

The 3D camerasystemconsistof 4 re wire CCD camerasiear
thecornersontheceilingthatoverlookthe meetingareaaroundthe
main table and capturethe imagesequencesf the meetingfrom
multiple angles. Eachcameraprovides 1024x 768 imagesat 15
framesper second but we scalethemto 320x 240 for real time
processingTheroomis lightedwith halogerights.

At the centerof the meetingtable,a full-circle omnidirectional
(360°) cameracaptureghefacesof all participantsThesizeof the
original omnidirectionaimageis 1280x 960.

The next subsectiondescribeshe algorithmsusedto process
eachof theseraw informationsources.

2.1. Micr ophonearray

Onemodality of localizationis the soundsourcelocalizationusing
a microphonearray The principle of soundsourcelocalizationis
basedntheTime Difference of Arrival (TDOA) of thesoundto the
varioussensorsandthe geometricdnferenceof the sourcelocation



Fig. 1. Four re wire CCD cameras

from this TDOA. In this microphonearrayimplementatiorwe rst
estimatethe pairwisedelays[11] andthenemploy aleast-squares
estimationprocedurdor the sourcelocalization[12.

Geogiou et al[11] have demonstratedhe impulsive natureof
audiosignalsandintroduceda time delay estimationapproacho
mitigateits effects. The algorithmcalled Fractional Lower Order
Statistics-Phase Transform Method (FLOS-PHA) is basedon a
signed-nodinearity ontheinputsignalthatreduceghedetrimental
effectsof outliers.

As is commonpractice thisimplementatiorof the FLOS-PHAT
algorithmemplo/s memoryin orderto approximateheexpectation
in thelower orderstatisticsandadditionallythe memoryvariesas
afunctionof time to mitigatetemporalpropagatiorof errors.

Subsequentlybasedon the TDOA estimatesa computationally
simple algorithm presentecby Huanget al[12], called One Step
Least Squares (OSLS), can be usedto spatially locatethe souce
usingthesepairsof delays.

The resultinglocalizationalgorithmis quite robust, but as ex-
pected not very accuratan rangedueto the small apertureof the
array We expect,however, thatthis shortcomingwill be countered
by the visual modalities,which have higheraccurag in the hori-
zontalplane.

2.2. Spealer ID

Spealkr identi cation was implementedby analyzingthe short-
time spectrum (through mel frequeny cepstral coee cients,
MFCCs)of the spolen phrasesin spealer recognition,the Gaus-
sian Mixture Model (GMM), aweightedsumof Gaussiardistribu-
tions, hasbeenfoundto be goodto capturethe spealer informa-
tion in MFCCs,andhencea GMM with 16 mixtureswasusedas
a spealer model. Model training was accomplishedy the stan-
dardExpectation-Maximization (EM) algorithm. All frameswere
initially dividedinto 16 clusters.An initial modelwasobtainedoy
parametetestimation(for meanand covariancematrices),which
wereestimatedrom the vectorsin eachcluster The prior weights
of GMM can be simply setby the proportion of featurevectors
in eachcluster Next, the feature vectorsare clusteredby the
Maximum Likelihood (ML) methodusingthe previously estimated
model. This processs iteratively executeduntil themodelparame-
terscorverged.Additionally, we have createda silence/background
noisemodel.

The speectsignalwasobtainedthroughbeamformingrom the
microphonearray(seeFig. 4). Theresultof the spealeridenti ca-
tion wasin termsof pairs,(S;, P), whereP, refersto the probability
of speectlactvity of spealerS; givenfor all spealersi. This infor-
mationis evaluatedandtransmittedo thefusionalgorithmevery 1
second.

We shouldnotethatthe acousticsignalprocesseds a reverber
ant,far eld signalcorruptedby noise,andso the performanceof
this methodis expectedo belower comparedo acasewhenclean
signalfrom a close-talkingmicrophones to beused.

Fig. 2. Omnidirectionaimagefrom 360°cameraandits panoramic
transform

2.3. Videodetection

Thegoalof visualtrackingis to detectandtrackthe3D locationsof
the participantsin the meetingroom usingvideo streamsacquired
by multiple synchronizedtameras.

We usea Gaussiabackground-learninmodelto segmentmov-
ing regionsin the scene. Whenlarge variationsfrom the learned
Gaussiarmodelsare detectedhe foregroundpixels are extracted.
Thesepixel changesarethenmergedinto regions. However, this
methodwill segmentactualpeopleaswell astheir shadevs andre-
ections. In ourindoorsetting the shadev regionscastby diffused
light do not have strongboundaries We eliminatethe shadevs by
combiningthe foregroundpixels detectionand the edgefeatures
detection[9] for segmentinginto moving regionsandcorrespond-
ing castshadavs. Theresultingregionsarethe silhouettesof the
moving objectsin theroom.

Thedetectedilhouettesacrosgheviewsareintegratedor infer-
ring the 3D visual hulls of peoplein theroom[13]. Thesilhouette
contouris convertedto a polygonapproximationanda visual hull
with polyhedrakepresentatiors thencomputediirectlyfromthese
polygons[14]. This polygonal3D approximationof the shapess
fastandis donein real-time.In detectinghelocationsof thepeople
in themeetingroom,we only needanestimatiorof generalocation
of blobsof shapesnsteaddf aprecisereconstructionFurthermore,
we wantthe detectionto cover anareaaslarge aspossiblegivena
limited numberof camerasFor this purposewe usea variationof
thevisualhull methodproposedy [15]: thepolyhedralvisualhull
is requiredto betheintegrationof only a subse{atleast3 out of 4)
of the silhouettednsteadof all of them. The resultingvisual hull
shapeis lessaccurateput the 3D shapeof all peoplein the room
canbeapproximated.

The computedvisual hull is in a polygonalrepresentationWe
randomly samplepoints on the polygon surface and constructa
height map of thosepoints. This mapassumeghe XY planein
the Cartesiarspaces the meetingroom oor andtheZ coordinate
representshe height. The local maximumsof the heightarethen
detectedand consideredas headsof the meetingparticipants. In
this processomethresholdsreappliedto eliminatesmallregions
suchasmoving chairs.

2.4. Full-cir cle 360-degeecamera

We have addedan omnidirectional(360°) cameraon the meeting
tableto capturefacesof all participantsin orderto getthumbnail
representatiorof "who's talking”. The image of the omnidirec-
tional (360°) camerds theresultof the projectionof the surround-
ing sceneinto a hemisphere We canunroll the capturedoriginal
imageandprojectit backontoacylinderasin Fig. 2.



Fig. 3. Detectionof participantsfaceswith the 360°camera
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To detectthe foreground region, we use adaptve Gaussian
background-learningnodel. All pixelsin a new frame are com-
paredto the currentcolor distribution in orderto detectmoving
blobs prior to capturingthe faces. Morphological operatorsare
usedto groupdetectegixelsinto foregroundregions,andsmallre-
gionsareeliminated.Pixel color distributionsareupdatedn these
regionsfor adaptingthe backgroundmodelto slow variations. In
thesemoving regions, we perform face detection. The facede-
tectoris basedon Haarlik e featuresandis implementedusingIn-
tel'sopensourcecomputewisionlibrary [16]. To accuratelydetect
facesunderlow light level conditions,the color histogramof de-
tectedregionsis normalizedbeforehandDetectedegionsarethen
trackedusinga graph-basetrackingapproact{17]. Theseregions
correspondo the upperbody of the meetingparticipants.Spatial
and temporalinformation of tracking regions are combinedas a
graphicalstructurewherenodesrepresenthe detectedmoving re-
gionsandedgegepresentherelationshipbetweertwo moving re-
gionsdetectedn two separatérames.Eachnewly processeffame
generatea setof regionscorrespondingo thedetectednoving ob-
jects. Thesizeof originalomnidirectionaimageis 1280x 960and
the panoramidmageresolutionis 848x 180. The averagesize of
detectedfacesis approximately30 x 30. The facesare detected
andtracked at approximatelyl3 FPSin a 2.8 GHz Pentium4PC.
In Fig. 3 we shav anexampleof detectionandtrackingof the par
ticipants'facesduringa meeting.

2.5. Synchronization

Each modality was initially processedndependentlyand asyn-
chronously Therefore,the estimated3D coordinatesfrom the
polygonal representation(X,) and from the microphonesarray
(Xma), the anglesof the facesdetectedXg), andthe spealer in-
formationfrom the acousticanalysis(S;, ) aresentto the fusion
algorithmfor integration. Although the resultsarerecevedin an
asynchronoumannerthey aretransformedndprocesseth asyn-
chronoudashion.

3. MULTIMOD AL INTEGRATION

Thevariousmodalitiesaresubsequentlyecevedandprocessety
afusionalgorithmfor the purposeof nding andtrackingthe par
ticipants' spatiallocationsandidentifying whereandwho the cur-
rentactive spealeris. Fig. 4 shaws theinformation o w between
the variousmodules,and what informationis usedfor eachdeci-
sion.
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Fig. 5. MicrophoneArray Distribution

3.1. Participant localization

It is well known thatvisualtrackingalgorithmshave betterspatial
resolutionthanacoustidocalizationtechniqueg?, 6]. Hence,our
algorithmfor localizationof all the participants'locationemplays
a dynamicvisual approachthatusesonly informationobtainedby
camerasX = (Xy,Xg). Basedon the distribution of the samples
X, we modelthe position of eachspealer asa multidimensional
Gaussiardistribution.

A singledistribution with covarianceK of a signi cant spread
andmeanM is initialized at the centerof the room. As dataare
obtained the varianceand meanconvemge to the detectebject's
location. Wheninformationis recevedfor a locationscoringbe-
low a certainthresholdof belongingto the existing distribution, a
new multidimensionalGaussians initialized at (M, K). The pro-
cesscontinuessequentiallyuntil all the spealersaredetectedyvith
new datapointseitherspavning new participantmodelsor adapt-
ing the existing ones. In addition,temporal Itering ensureghat
falseparticipantdetectionsareidenti ed andremoved. This proce-
dureallows usto determinatenot only the spatialpositionsof the
participants(Xp), but alsothe numberof participantsin the room

(Np).

3.2. Participant Identi cation

The spatiallocation of the currentspealer (Xmarp) as obtained
from the microphonearray (Xua) andparticipants'locationinfor-

mation (Xp), aswell asthe spealer ID from the GMM algorithm
(Si, ) areusedto determinethe identitiesof the participants.The
goal is to detectwho the participantsare and also correlatetheir

identity with their locationin space(derive the “seatingarrange-
ment”).

Fig. 5 shavs a samplescatterplot of theraw microphonearray
localizationXya, andascanbe obsened,therangeinformationis
highly noisy For simplicity, we modelP(C;|Xua), the probability
thattheacousticsourcecomesrom clusteri givenXua, asa multi-
dimensionalGaussiardistribution centeredat thelocationsXp and
with alargevariancein rangeandsmallervariancein the othertwo
dimensions.

Using (S, P), the probabilisticidentity of the participantalong
with P(C|Xua), the probabilisticlocation of the currentspealer,

over time and with physicalconstraint$ we estimatethe partici-
pantsseatingarrangementL).

3.3. Spealer Identi cation and Localization

We computeactivity spealer detectionby employing all modali-
ties: Xmatp, Which is derived from the visual modality and the
microphonearray and(S, P) obtainedrom theacoustianalysisof
the signal. Theinformationis fusedasdescribedn (1), wherer;;

is the correlationmeasurebetweerthe probabilitiesof the current
spealer belongingin clusterj andbeingspealeri.

1suchthata participantcanonly beatonepointin spaceatatime,and
onepositioncanonly beoccupiedby oneparticipantatatime



-0+ & &

[ P

Cle|ele|e

&
& &

Fig. 6. All of theaboveresultsareobtainedn realtime,andinclude
thewholelengthof themeetingwith no time givenfor initial con-
vergence A: Spealer ID asobtainedourelyfrom thespeectsignal
usingaGMM; B: Localizationobtainedby thetwo visualinforma-
tion channelsaandthe microphonearray; C: Spealer Identi cation

& Localizationbasedon all informationchannels. Assumeser

fect knowledgeof L, the seatingarrangemenof the participants;
D: As C, but the mappingof spealer-location, L, is continuously
estimatedrom thedata;E: Spealer Locationmapping,L.
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P(Si):Hé rij-P(Cj|Xma) (1)

4. RESULTS & DISCUSSION

The experimentswere performedusing two meetings(each5
minutelong) with four participantsprocesseth realtime. Off-line
computationsvere also performedlater for comparisorpurposes.
The corversationin the meetingswas casualwith mary interup-
tions,overlapsandshortutternacesmnakingthis anextremelychal-
lengingtaskfor boththemicrophonearrayandthe Spealer ID. We
usedtwo criteria: strongdecision,in which the detectionwascon-
sideredcorrectif the spealer was active at least50% of the time
interval, and weak decision,in which the detectionis considered
correctif the spealerwasactivein ary partof thetime interval.

Theparticipantdocalizationalgorithmtakesabout3 secondper
participantto converge during the startof the meeting. As canbe
obsenedfromtheresultsn Fig. 6 (rowsC & D), thespealeridenti-
cation andlocalizationbasedn all the modalitiesis fairly robust,
achieving about70% performance.This is a signi cant improve-
mentof about30%comparedo thespealer ID basedburelyonthe
speechsignalasshovn in row A, which suffersfrom thefar eld
andnoisy natureof thedata.

Similarly, thereis a signi cant improvementin the accurayg of
localization(row B) ascontrastedo the performancéasedpurely
onthemicrophonearray The microphonearrayasasinglemodal-
ity is very unreliablewhenit comesto therangeof the spealer (as
canbeobsenredfrom Fig. 5), bothdueto the noisyervironmentas
well astherangeerrorsdueto theapertureof thearray The multi-
modallocalizationaccurag is alsofurtherimproved by theacous-
tic spealer ID modality, asthe correlationbetweenactive spealer
andsoundsourcdocationis providing additionalinformation. This
resultsin about10% improvementwhencomparingall modalities
(row C & D) versugthevisualandmicrophonearrayonly (row B).

Finally, theidenti cation of theparticipants'spatialarrangement
(row E) is extremely accuratea fact that explainsthe very close
resultsobseredin rowsC & D.

5. CONCLUSION

In this paper we have presentedhe rst resultsfrom the smart
room that we are developingat USC. We have demonstratedhat
complementarymodalities can increasethe general participant
identi cation andlocalization(without ary prior knowledgeof the
numberof participants)ncluding the active spealer identi cation
andlocalization.

Our goal of increasingthe system$ awarenesf the usersin
the spacehasmary morechallengeshead.In our futurework we

proposeto investigatefurther integratedrecognitiontechnologies
includingfacerecognition gesturerecognitionandheadposeesti-
mation. Additionally we planto collectandsharewith theresearch
communitya multimodaldatacorpusfrom this testbed.
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