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Short-Term Spatio—EmporalClusteringApplied
to Multiple Moving Spealers

GuillaumeLathoud Member|EEE, and Jean-MardOdobez MemberIEEE

Abstract—Distant microphonespermit to processspontaneous
multiparty speechwith very little constraints on spealers, as
opposedto close-talkingmicrophones.Minimizing the constraints
on spealers permits a large diversity of applications, including
meeting summarization and browsing, surveillance, hearing aids,
and more natural human—machineinteraction. Such applications
of distant microphonesrequire to determine where and when the
spealers are talking. This is inherently a multisource problem,
becauseof background noise sources, as well as the natural
tendencyof multiple spealers to talk over eachother. Moreover,
spontaneousspeechutterances are highly discontinuous, which
makes it dif cult to track the multiple spealers with classical
Itering approaches,such as Kalman Itering of particle Iters.
As an alternative, this paper proposesa probabilistic framework
to determine the trajectories of multiple moving spealers in the
short-term only, i.e., only while they speak. Instantaneousloca-
tion estimatesthat are closein spaceand time are grouped into
“short-term clusters” in a principled manner. Each short-term
cluster determinesthe precisestart and end times of an utterance
and a short-term spatial trajectory. Contrastive experiments
clearly show the benet of using short-term clustering, on real
indoor recordings with seated spealers in meetings, as well as
multiple moving spealers.

Index Terms—Localization, multiple acoustic sources,
short-term clustering, speechsegmentation tracking.

I. INTRODUCTION

HIS paperinvestigatesthe analysisof spontaneoumulti-

party speechin a nonirvasve manner.Thegoalis to esti-
matewhereandwhenthe variousspealersaretalking. “Non-
invasive” meansdistantmicrophonesfor examplea uniform
cirulararrayor UCA (Fig. 1). Comparisorbetweerthe signals
receved at thevariousmicrophone®f thearraypermitsto eval-
uate the instantaneou$ocationsof multiple acousticsources
[1]-[3]. For example,with a UCA, the instantaneoufocation
of a given acousticsource,at a given instantt;, is estimated
in termsof azimuthangled,, i.e., the sourcedirectionin the
horizontalplane(roundfacein Fig. 1 anddotsin Fig. 2). Non-
invasive methodscanbe opposedo very ef cient but invasive
methodshat useclose-talkingmicrophonesuchaslapels[4],
whereone microphoneis worn by eachspealer, usually near
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Fig. 1. Eight-microphondJCA usedin the experimentg10-cmradius). de-
notesthe azimuthangleof the spealer.
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Fig. 2. Goal(a)andthe proposedapproach(b). Dots depictinstantaneouk-
cationestimates ;, t;. Dashedines depicttrajectoriesof the sourcedtrue in
(a), estimatedn (b)]. Squarebracletsdepictbeginningand endf eachspeech
utteranceThin, continuoudines depictshort-termclusters! ls.

thethroat.Lapelspermitto know preciselywheneachspealer
is talking, becaus¢heir signalsaremuchcleaneithanthosere-
ceived by distantmicrophonesdueto thedifferenceof distance
[seethe differencein signal-to-noiseratio (SNR) in TableI].
However, the rangeof applicationgpermittedby lapelsis lim-
ited, becausel) they requireeachuserto weara lapel,and2)
they practically provide no information aboutthe location of
eachspealer.

On the contrary distantmicrophonesare nonirvasive, thus
putting much less constraintsonto the users,and permit to
estimatespealers’ locations. Thesetwo propertiesallow for
a wider range of applicationsto spontaneousspeechpro-
cessing,including suneillance [5], intelligent homes,of ces
and meetingrooms [6], hearingaids [7], hands-freespeech
processingn cars[8], aswell asautonomousgobots[9]. For
example,a userbrowsinga meetingmay beinterestedo jump
directly at the presentationf a person,i.e., whenthat person
stoodup andmoved to the screen. This would requireto de-
terminewhereandwheneachspealkr is talking. The purpose
of this paperis to build and evaluatean integratedsystemfor
the detectionandlocalizationof multiple spealerswith distant
microphonesTheintegratedsystemis designedo handleboth
static scenariisuchas seatedspealersin a meeting[10], and
dynamicalscenariisuchas multiple moving spealers[11]. A
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TABLE |
AVERAGE SNR ACROSSMEETINGSAND SPEAKERSOF THE M4 CORPUS
[10], IN dB DOMAIN. THE LAPELS ARE WORN BY EACH SPEAKER,
BELOW THE THROAT. MEANWHILE, EACH SPEAKER IS BETWEEN
1 AND 3 m FROM THE MICROPHONEARRAY

Mean  Std. dev.
Lapel SNR 18.7 2.36
Mic. array SNR 10.7 2.02

genericprobabilisticframeawork is proposedand successfully
testedon both typesof scenarii.

More precisely the task at handis to usethe instantaneous
locationestimategjiven bythemicrophonearray for two tasks:
“short-termtracking and“speectseggmentatiori. “ Short-term
tracking meansusing the instantaneoudocation estimates
(0;,t;) [dotsin Fig. 2(a)] to reconstructhe spatialtrajectories
of the various spealers over time [dashedlines in Fig. 2(a)]
while eliminating the incorrectlocation estimategmarked in
Fig 2(a)]. “ Speechsegmentatiofi meansdetectingalongtime
thebgginningand endf eachspeechutterancdsquarebraclets
in Fig. 2(a)]. Both tasksare dif cult, not only becauseof the
lower SNRof distantmicrophoneshut alsobecausé¢henumber
of active sourcesvariesvery often over time. In otherwords,
spontaneouspeeclutterancesre” sporadi¢ and“concurrerit
events.” Sporadi€ eventsareshort,andintersperseavith mary
silences.Instantaneousocation estimateqdotsin Fig. 2) are
thusoftenunavailable,duringsilencesandpartsof speectwith
low enegy. “Concurrent events are simultaneous:indeed,
peopleoften talk over eachother[12], and very often some
backgroundacousticsourcesneedto be eliminated(projector
laptops).

Trackingsporadicand concurrenieventsmay be particulary
dif cult with classical ltering approachessuch as Kalman

Itering [13], [14] and its extensions[15]-{17], and particle

Itering [18], [19]. Although both have beensuccessfullyused
to locate and track a single acoustic source [20]-{25], the
fast-changingpealer turnsencounteredh spontaneousulti-
party speechrequireeitherallowing a single-sourcenodelto
switch betweenspealers[26], or speci ¢ multisourcemodels
[27]29]. Althoughparticle Iterscanmodelmultiple sources
via multimodaldistributions,decidingwhich modesaresignif-
icantandwhich sourceghey belongto is anopenanddif cult
issue[30]. Overall,while Iteringapproacheareinterestingor
modalitieswhereeventsaresomavhatcontinuouslyobsenable
over relatively long durationsof time (radar video), comple
birth/deathrulesareneededvhenthe numberof active sources
varies very often along time, and dif cult data association
issuesappear.Adding visual information, as in audiovisual
spealer tracking[31]{34], permitsto circumwenttheseissues
becauseachspealer canbe continuouslytracked usingvisual
information, even while silent. However, the presentpaper
considersthe casewhereonly audioinformationis available.
With audioonly, alternatve approachearethusneededo deal
with sporadicandconcurrentevents.

This paperproposego address short-termspatictemporal
clustering;, anintermediarytaskbetweeninstantaneoufocal-
izationandcontinuousspealer tracking. Themaincontribution
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is athreshold-freeprobabilisticframework for short-termclus-
tering! Instantaneoufocationestimateg6;, ¢;) thatare close
to eachotherin both spaceandtime are groupedinto “short-
term cluster$ wy, as depictedby the thin continuouslinesin

Fig. 2(b). Eachshort-termclusterw;, implicitly de nesa part
of the spatialtrajectoryof one spealer, as well asthe begin-
ning andtheendof aspeechutteranceasdepictedoy Fig. 2(b).
Short-ternmclusteringthusaddresseboth* short-termtracking

and“speechsggmentatiof tasks.This versatility could not be
achieved with a purely staticanalysisof instantaneoukcation
estimategor speectsggmentationasfor exampleK-meansor
the staticcriterion usedin [36]. The aimsandcontributions of
the presenpaperarethusthreefold.

1) To investicatenoninvasive methodgor speechanalysis.

2) To introducea generictheoreticalframewnork for short-
termclustering,alongwith acon dencemeasurdo detect
trajectorycrossingsThelattercouldbeusefulto selectre-
liable locationestimatesasa prior stepto atrajectoryre-
constructiorapproachsuchas[37].

3) To determineits usefulnessin contrastve experiments
on real recordings, with multiple moving or static
spealers.Indeed thedeterminatiorof anoptimalpartition
(wq - - - wg - - - wg ) ground-truthwould bedif cultto elab-
orate, precludingthe direct evaluation of the short-term
clusteringapproachOn the otherhand,it is conceptually
simpletode neaground-truthin termsof spealerlocation
andspeechsggmentation(respectiely, azimuthlocations
andtime sggments).

In apreviouswork [38], [39], excellentspeeclsggmentation
performanceavas obtained put spealer locationswereassumed
static,andknown in adwvance.The presenfpaperremoves both
assumptionshroughshort-termclustering[Fig. 2(b)]. It is im-
portantto bearin mindthattherewill bemary moreshort-term
clusterswy, than spealers: one short-termcluster per speech
utterancelLong-termspealer clustering[40]-{42], wherethe
tamgetis only oneclusterper spealer, is out of the scopeof the
presentarticle. For spealer clusteringresultswith distantmi-
crophone®nly, basednshort-ternclustering thereadeltis re-
ferredto [43].

The rest of this paperis organizedas follows. Sectionl|
introduces”“maximum-likelihood short-termclusteringin a
fully genericmannerconsideringa variablenumberof sources
and a variable number of simultaneouslocation estimates
(zero,one,or more).The proposedramework is probabilistic,
threshold-free,does not require ary random sampling. It
can handlean unknavn, time-varying numberof obserable
sources,without ary explicit birth/death rule. Section Ill
describeonlineandof ineimplementationsSectionlV illus-
trateshe exibility of short-ternclusteringby usingit to detect
trajectorycrossingsn athreshold-freenanner.SectionV pro-
posesanintegratedmultispealer detection-localizatiosystem,
basedon short-termclustering.The integratedsystemis suc-
cessfullytestedfor detection-localizatiorof multiple moving
spealersin highly dynamicalrecordings[11]. In addition,on
the continuoustracking task, short-termclustering followed
by Kalman ltering comparegavorablyto an existing particle

Iinitial resultswerepresentedn the workshoppaper{35].
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Itering approach[28], [29]. Moreover, speechsegmentation
experimentsin SectionVIl prove its ability to handlemore
staticcontets suchasmeetingq10]. In bothstaticanddynam-
ical cases,t is shavn bene cial to take a speech/nonspeech
decisionin termsof short-termclustersascomparede.g.,to a
frame-level approachFinally, SectionVIll concludeshepaper.
An implementatiorof multispealer detection-localizatiomvith
microphonearrays,including short-termclustering,is freely
availableat: http://glat.info/ma/2006-multidetloc

This section presentsthe proposedshort-termspatictem-
poral clustering approach.The contet is multiple moving
sourcesfor eachsourceand for eachtime frame, an instan-
taneouslocation estimateX; ' (6;,t;) may or may not be
available,wheref; denoteghe spatiallocation of the source,
andt; denotegime. At eachinstantt, therecanbezero,one,or
multiple locationestimatesX; = (6,,t;), suchthat¢; = ¢t. The
proposedapproachreliesonathreshold-freeriterionto cluster
theselocationestimatesnto short-termtrajectories.

Although the approachis fully generic, throughoutthis
paperthe practicalcontet will be onemicrophonearrayon a
table (Fig. 1), recordingmultiparty speechn a meetingroom
(Fig. 10). The array is usedto provide instantaneousaudio
sourcelocation information (see[1], [3], [44], and [45] for
comprehensie reviews on this topic). The spatiallocationd; is
for examplean azimuthvaluein degrees.Our ultimategoalis
to clusterthe correctlocationestimatesnto speectutterances,
andto discardtheincorrectlocationestimates.

SHORT-TERM SPATIO—TEMPORAL CLUSTERING

A. Assumptioron Local Dynamics

Let X; = (6;,t;) fori = 1...N beall instantaneouo-
cationestimate®f eventsemittedby the varioussourcesThis
includesthe desiredevents (speechsounds)as well as noise.
f; € R is alocationin spacewhile t; € N\ {0} is atime
frameindex: ¢; € (1,2,3,...). ThenotationX;.n designates
the setof all locationestimatesX . def {X1,X9,--, Xn}.
For corveniencewithout lossof generality we assumehe lo-
cationestimateorderedin time:

t1 <t <---<In. (1)
Note that there can be multiple location estimatesper time
frame,i.e.,t; = t;41.

Thenotationp designatea probabilitydensityfunction(pdf)
or likelihood.ThenotationP designatea probabilityor a pos-
terior probability. For any pair of locationestimateg X;, X;),
we de nethetwo hypotheses.

e Hy(i,9) def X, andX; correspondodifferent sources.

* Hy(i,7) def “X; andX; correspondo thesame source.
Thetwo hypothesesrecomplementaryH,(i,j) = Ho(i,7).
As apreliminaryexperimentwe raninstantaneouaudiosource
localizationwith a Uniform Circular Array (UCA) of micro-
phoneqd1] onrealdata[11], usingthe Steeredrespons®ower
with PHAse Transform(SRP-PHA)) approach46]. For each
locationestimateX; = (6;,,), §; is anestimateof thedirection
of anactive acousticsource(azimuthin the horizontalplane).
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Fig. 3. Histogramof azimuthanglevariations ; ; over atwo-framedelay
(jt: t;j =2),onrealdata(recordingseq01 from [11]). Thesuper-imposed
curvesdepict thebi-Gaussiammixture modelobtainedthroughEM training.

We obsered the valuesof the differenced; — 6; for shortde-
lays |t; — ;| up to Tghort, WhereTyy,ort is @ small numberof

time frames(e.g.,7). Fig. 3 displaysa typical histogramof lo-

cationvariationsf; — ¢; (in gray).Our interpretationis asfol-

lows:two locationestimatesX; and.X; eithercorrespondo the
samesourceor not.Inthe rstcase(H, ), thedifferenced; — 6

is small: a sourcedoesnot move alot during a shorttime pe-
riod. Hencethe zero-meartentralpeakin the histogramln the
secondcase( Hy), thedifferenced; — 6; is random:thetrajec-
toriesof two sourcesareindependentat leastin theshort-term.
We thereforeproposethe following modelfor local dynamics,
i.e., for |ti — tj| < Tshort -

p (8 = 031 Ho(i, ) ~ N (0,

2)
p(0; — 05| Hy (i, ) ~ N (070

same
Itv —t; ‘

wherevT o52m¢ < o3 andA (u, o) denotesheGaussiapdf
with meany and standarddeviation o. Although anintuitive
choicein the caseof Hy would be a uniform distribution, we
optedfor a Gaussiarto capturethe dependeng of o$iff onthe
delayT'. Thisdependencwasobsenedonrealdata;examples
canbefoundin [35].

The standarddeviation 53¢ accountdor short-termvaria-
tions of location estimateslueto both local motion and mea-
surementmprecision.We arguethatthereis no needto distin-
guishthetwo, aslong asthe analysisis restrictedto shortde-
lays T < Tiwore- For eachdelay 7, o52™¢, and o3t canbe
estimatedsimply, throughEM training [47] of a bi-Gaussian
mixture model, either on the entire data{f; — #;} suchthat
|t; — t;| = T, or in ablockwisefashionwhenthe datais pro-
cessedanline,asin Sectionlll-A. Themeanof eachGaussiaris

xed to zero.Althoughtheweightsarealsotrainedduring EM,
they arenot usedin therestof the processFig. 3 shavs anex-
ampleof bi-Gaussiamixture model.

Theproposednodelallows locationdifferenced); — ¢, to be
closeto zero,while X; and.X; belongto two differentsources:
Hy (4, j). Suchasituationmay happenin reality, whenerer two
sourcestrajectoriecrosseachother;seeSectionlV for further
discussioron this topic.
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Fig. 4. Two typesof clusters.This paperfocuseson (a) short-termclusters,
obtainedwith locationcuesonly. (b) Long-termclusteringrequiresadditional
cuesandis outof thescopeof thispaper However, short-ternclustering(STC)
was shavn to be usefulfor long-termclustering[43].

The presentpaperreportstestsin 1-D space(azimuth).For
higherdimensionse.g.,in sphericalor Euclidean coordinates,
onecould simply replacess2™¢ ando it with covariancema-
trices(diagonalshouldbe suf cient). The restof the approach
presentedelow is unafectedby sucha modi cation,because
it relieson probabilitiesonly (2).

B. Short-ErmClustering(STC)

This paperis focussedn short-termclustering(STC), using
locationcuesalone.Given avalue ofTy,.,¢, aclusterw C X;.n
is “short-terni if it has“timegaps of atmostlyy,.+ [Fig. 4(a)].
All otherclustersarecalled“long-termclusters [Fig. 4(b)].

Formally, a clusterw is “short-ternt iff

. Tshort

i i 31X At =t < .
Vt e Lr(meri)t,)lpzéﬁt] jEwst. |t —t] < 5 (3)
A partitionQ = {wy, -, wk, -, Wk, } Of thedataX;.y is

then“short-ternt iff all clustersv;, € Q are”short-tern?. We'll
denotethis propertywith

Qelgy (4)
wherel'st is the setof all possibleshort-termpartitions(2 of
thedataX;.y, for agivenvalue ofTyyop¢.

C. Threshold-FeeMaximumLikelihoodClustering

Given thelocal dynamics(2), we proposeto detectandtrack
eventsasfollows: nd a short-termpartition  of X;.n that
maximizesthelik elihoodof the obsered data:

QML def arg max p(X1.nv|).

QeTlsT

()

Notethatthenumberof clustersK hasto beestimatediswell.
Eachclusterw, C X.y containdocationsfor oneevent,e.g.,a
speechutteranceWearenottrying to produceasingletrajectory
persourceput ratheranoversplittedsolutionwhere K¢ > 1 is
thenumberof individual events for examplespeechutterances.
Theexactvalue of K, is thusnotimportant:we ratherwantto
be sure that all location estimateswithin eachclusterw;, cor
respondo the samesource.However, de ning oneclusterper
location estimateobviously ful lls this constraint,althoughit
is of little practicalinterest.Therefore within eachcluster we
would alsolike to have & mary locationestimatesspossible,
thatbelongto thesamesourceln otherwords,acriterionshould

1699

Space 60

Tshort

Time t

Fig.5. Thistwo-clustempartition = f! ;! 2gimplicitly de nessixlocalde-
cisionsH y (i; j ) (dottedlines)andfour localdecisiondH ; (i; j ) (dashedines).
In this particularcase,all location estimategdots) are within a T.n..« time
window.

be derived from the data-drven dynamicalconstraintg?2), that
alsominimizes K, asmuchaspossible.

Over time, a sourcemay move while beingunobserable
(e.g.,silent, moving spealer). Using locationcuesalone,it is
impossibleto determinewhetherlocationestimatedeforeand
after the “silencé periodbelongto the samesource.In other
words,we canrelatelocationcuesin the short-termonly. We
thereforeproposeio maximizethe following “ short-termcrite-
rion,” using a simplifying independencassumptiorbetween
all pairwisedifferenced); — 6;:

I1

0<i<j<N

p(6: — 0;|H" (i, 7))
0< |ty —t;|<T,

short

pst(X1.8]Q2) x (6)

where H(i, j) is either Hy(i,4) or Hy(i,5), dependingon
whetheror not X; and X ; belongto the sameclusterw;, in the
candidatepartition 2, as depictedby Fig. 5. Eachterm of the
productis expressedising(2). Oneimportantcharacteristiof
thisapproachs thatit doesnotneedto explicitly modelthetrue
numberof sourcesvhoseeventsareobsenred. Thereforecom-
plex dynamicalconstraintsandassociatedbirth/deathrulesare
not needed.

Theproposedask to clusterobsenations fundamentallydif-
fersfrom particleor Kalman ltering, which estimatea hidden
statevariablefrom the obserations.In addition, Itering usu-
ally relieson a conditionalindependencassumptiorbetween
consecutie obsenations, given the statevalues[48]. On the
contrary the proposedSTC preciselyconsistan modelingde-
pendenciebetweersereralconsecutie obsenations,up to the
OrderTshort .

Thegoalis to nd a short-termpartition 2 of the obsered
location estimates X;.y that maximizes the criterion (6).
Evenshortrecordingscontainthousand®f locationestimates:
N > 1. It is thusuntractableto try all possibleshort-term
partitionsQ2 € I'st. Sectiondll-A andlll-B proposeractable,
suboptimalimplementationgonlineandof ine).

OPTIMIZATION ALGORITHMS

A. Online: SlidingWndow (SW)

We proposeto  nd a suboptimalsolution QML by usinga
sliding analysiswindow, shiftedat eachiterationby N¢¢y,e l0-
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TABLE Il
ONLINE SLIDING WINDOW (SW) MAXIMUM LIKELIHOOD ALGORITHM. THE LIKELIHOOD OF A PARTITION IS ESTIMATED

WITH (6). LOCATION ESTIMATES ARE ORDEREDBY INCREASING TIMES (t.,

thy1)

n «— 1.
2) F — Xn:n+Nf,m, .—1-

. e I\/IL
Choose the most likely partition Q™.

3) Pe—{X; = (05, t5) | tn —

Define all possible merges between QML and

same

4) Optionally, update o7
Step 1).

diff
and o7

5) n «— n + Ngyture and loop to Step 2.

1) Initialization: For T' = 0 - - Typory, initialize standard deviations o3™¢ and o
unsupervised EM training on the beginning or all of X.x.

re
Define all possible partitions of location estimates in F'.

Tihort < t; < tpandi <n}.
A QML
Fo
Choose the most likely merged partition and update QML

using recently seen data (EM training, as in

diff‘ with

PUF"

cationestimatesywherelocationestimatesX .y areorderedby
increasingtimes

t1 <ta < --- < tn. (7)
Tablell describeshealgorithm.Stepl istheinitialization: for
eachdelay?’, a bi-Gaussiarmodelis tted on azimuthdiffer-
encesd; —0;} suchthat|t; —t,;| = T, asin Sectionll-A. Steps
2, 3,andthe optional Step4 constituteoneiterationof the al-
gorithm. Step2 selectdhe maximume-likelihood (ML) partition
of the Ny ¢ure lOCationestimatesn thesetF’, independenthyof
all otherdata.ThesetF hasa xed size(Ntuture), givenby the
user.Step3 memgessomeclustersof the partitionof F' selected
atStep2, with someclustersn thepastsetP, againmaximizing
thelikelihood. P containsall location estimateswithin Typor
framesin the past.Therecanbe a variablenumberof location
estimategor eachtime frame thereforeghesetP hasavariable
size.The optional Step4 updateghe bi-Gaussiaimmodelswith
recentlyseendata.The resultof this algorithmis an estimate
OML ¢ I'gr of the ML short-termpartition QML € Ty of all
obseneddataX.y. Theentireprocesss online,threshold-free,
and can be deterministicz As discussedn SectionlI-C, this
procesgsundamentallydiffersfrom particleor Kalman Itering.
In particular the proposedpproachmodelsobserationdepen-
dencieq2) uptotheorderTyort, veninthecaseNeygure = 1.

Oneinterestof this approachs boundedcomputationaload.
For bothStep2 andStep3, evaluatingacandidateartition(Step
2) or a candidateamemge (Step3) following (6) is easilyimple-
mentedhroughasumin thelog domainover locationestimates
within F' (Step2) or PU F' (Step3). Thequestions: how mary
partitionsmustbe evaluated?

The total numberof partitionsevaluatedat Step?2 is shavn
in Tablelll. For Neyue < 7, thereareat most877 suchpar
titions. As for Step3, theworstcasecomputationatompleity
was investicatedin [35], in the specialcasewherethereis only
onelocationestimatepertime frame:for T.,.,« = 6, thereare
at most 13327 possiblememges.However, in the generalcase
investicatedhere,therecanbe multiple location estimateger
time frame,thusmary morepossiblememges.In practice,this

2A deterministicinitialization of the EM training of the bi-Gaussiarmodel
canbe used similarly to [49].

TABLE IlI
SW ALGORITHM: NUMBER OF POSSIBLE PARTITIONS, FOR EACH POSSIBLE
NUMBER OF ELEMENTS (STEP 2 IN TABLE II)

Number of Number of
elements possible partitions
Neuture (Bell number [50])

1 1

2 2

3 5

4 15

5 52

6 203

7 877

8 4 140

9 21 147

10 115 975

11 678 570
>11 prohibitive

situationis rarelyencounteredsit correspondso acasewhere
mostlocationestimaten PUF areunrelatedo eachother. Two
practicalsolutionscanbeused favoring oversplitting.First,one
couldseta hardlimit onthe numberof partitionsthatarecon-
structedat Step3 (e.g.,10000), alwaysincluding at leastthe
casewithoutarny memge.Secondaheuristiccanbeusedo prune
outmostof the*unlikely” meiges by forbiddingshort-ternpar
titions  of the analysiswindow, thatinclude“newn” decisions
H(i,§) = Hi(i,7) wheneer

p (0 — 0;|H:(i, 7))

p(0; — 05| Ho(i, 7))
wheree is a smallvalue, e.g.,1071°, On testswith synthetic

data(SectionlV-B), we obtainedexactly thesameresultswith
pruningor without pruning.

IN

€ (8)

B. Off3ine: SimulatedAnnealing(SA)Optimization

Alternatively, the proposedmodeling can be castinto a
Markov random eld frameawork [51], by de ning alabel eld
E ={E;,;i = 1...N}. E; is arandomvariabledenotingthe
label associatedvith obseration X;. The actuallabel values
areunimportantthey canbe,for example,integers.We de ne
a graph (E,G), where E representghe setof nodes,and g
denotesthe neighborhoodsystem.E; is a neighborof E; iff
[ti —tj] < Tshort- A graph({E, G) uniquelyde nesashort-term
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TABLE IV

SA ALGORITHM: THE MRF OPTIMIZATION (IN PRACTICE = 0:97)

1) Initialization: 7 < 70, E «— Ejni+
2) While 7 > Tepg

o« E— SA(E,T)

o T Tx\

3) Iterated Conditional Mode (ICM) optimization steps until there is no
label change:
Do
E'— FEand E — SA(E',0)
While £ # E’

TABLE V

SA ALGORITHM: THE SIMULATED ANNEALING SA(E; ) STEPS

1) Initialization: I — {1,...,N}
2) While I # 0

e sample ¢ € I uniformly.

e define candidate labels L; «— Eg, U {NewLabel} where Eg,
is the set of current labels from the E;’s in the neighboorhood
of F;.

e compute the posterior probabilities pikdéfp (E;i=1lx | E\E;)
over the candidate labels I € L;:

1
Pik X €xp | —= > Bijdn—n,
(ijrec

e sample F; ~ Multinomial(p;x ).
e remove % from 1.

partition Q) € T'st. Giventhe obsenations X.y, the goalis

to estimatethe label eld £ that maximizesthe ML criterion

(6), or strictly equivalently, thatmaximizesthe following Potts
eld [52]:

def 1

pPotts(E) - 7 e_U(E) (9)
with
def def
UE)S Y Vi(E)E > Biy-dp-n,  (10)
(i,5)€C (i,5)eC

where C is the set of pairwise cliques of the neighborhood
systemg, 7 is the partition function (normalizationfactor),
andé,. is the Kronecler function,thevalue ofwhichis 1 when
z = 0, and0 otherwise.The g;; arethe Pottscoef cients,the

valuesof which dependon the obsenationsandcanbederived

from (2) and(6)

AUCUICE NP

s =102 (DG g )
The maximizationof the probability ppotts(£) with respect
tothelabel eld £ is equialentto the minimizationof theen-
ergy function U (F) andcanbe conductedusingstandardech-
nigues.We adopteda simulatedannealingapproact52], [53],
with Gibbs samplingand an exponentiallydecayingtempera-
ture,followedby aniteratedconditionalmode(ICM) [52], [53]
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procedure as describedin TableslV and V.3 We considered
threealternatves,with differentinitializations(Ei.,;t).

« SA(1): Theinitial label eld E;,;; hasasinglelabelshared
by all nodes.

« SA(N): Theinitial label eld E;,;; hasonedifferentlabel
pernode.

e SA(SW-1):Theinitial label eld E;,;; is constructedn a
sequentiabnd causalfashion:for eachnewv obsenation,
we selectthe label that minimizes U (E) given all pre-
viousobsenations.Thisinitializationis strictly equialent
to SW-1:the SWalgorithmwith Ngyure = 1.

Theoutcomeof thesealternatvesandontheirimpactonthecri-
terion,the numberof short-termclusters andthe performance,
arediscussedn SectionVII-E.

IV. APPLICATION: THRESHOLD-FREE DETECTION
OF TRAJECTORY CROSSINGS

This sectionde nesacon dencemeasurdor eachpossible
individual decisionH (4, j) (d = 0 or 1), andexplainshow it
allowsto detectanddealwith low con dencesituationssuchas
trajectorycrossingsThegoalistoillustratethe exibility of the
proposedprobabilisticframawork (6). It is relevantto contexts
wherethe eventsemittedby the varioussourcesare somavhat
“continuou$ (e.g., acousticsignalsfrom vehicles[54]). The
taskinvesticatedhereis to extractpiecef trajectorieghateach
belongfor sureto asinglesource Achieving thistaskwould be
usefulasa rst step,prior to Bayesiannetwork tracking[37],
for example.

We propose to use the posterior probability
P(Hy(i,7)|X1.n) as a con dence measurefor a given
local decisionH 4(i, j). Assumingequalpriorsfor all possible
short-termpartitions{2 € I'st of the obseneddataX;.y, the
posteriorprobability of the local decisioncanbe expressedas
follows, for d = 0 or 1:

P (Hqa(i,5)]X1:8) o Z P(Xan[S) (12)
Qelg
HRQ(i,5)= Hy(i,j)
where P(HO(Z/J)|X1]\T) + P(Hl(Z/J)|X1N) = 1.

Section IV-A proposesto use this con dence measureto
modify the ML optimizationprocedure.

A. Threshold-FeeConbdentClustering

We would like to determinewhen trajectoriescrossand to
splitshort-ternclustersaccordingly Fig. 6(a)gives an example
of ML partition. X; and X; arevery close,it is thusnot clear
whichshort-ternclusterX; andX; shouldideallybelongto. In
suchacasetheremayexist adifferentpartitionwith a close-to-
optimal likelihood [Fig. 6(b)]. We proposehereto breakeach
short-termclusterthat containsX; or X; into two “con dent
parts,andto createtwo separat®ne-elementlusters{ X; } and
{X;} [Fig. 6(c)].

Let usassumehatthe ML criterion (6) leadsto the decision
HQM[‘(i,j) = Hy(i,7). “Con dencé in the latter, is low on
Fig.6(a),andimplicitly, con denceslow aswell for Hy andH;

SNotethatary short-termpartitioncon guration( 2 gr) canbereached
with anonzeroprobability whichis arequirementf simulatedannealing.
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Fig.6. Exampleof low con dencedecisionH ,(i; j ) atatrajectorycrossingEachdotis alocationestimateA continuoudine depictseachshort-terncluster! ;.

decisionghatinvolve X; or X ;. We proposeo detect’low con-
dencé in aML decisionH(z, j), by comparingit to all ML

decisionsH (r, s) in thesameanalysisnvindow W . Formally, a

“low con dencé H(i,7) decisionis de nedasverifying

P (Ho(i. )| X1n) < M (O3F) (13)

where

~ def
M (@) max PRGN - (14
(Xr,Xs)EWXW

GML
H W (r,s)=Hy(r,s)

For the SW algorithm,“con dentclustering isimplemented

by modifying Steps2 and3 in Tablell asfollows.

* Forall (X;, X;) in theanalysiswindov W = F (Step2)
orW = PUF (Step3), estimateP(Hw" (i, j)|W) using
(12). For T'st, we usethe setof all candidatepartitionsin
w.

» Step2: whenever adecisionHy (i, j) given by theML al-
gorithm has“low con dencé (13), split in two partsthe
short-termclustercontaining.X;, at time ¢;. Idemfor X ;.
Additional one-elementlusters{ X;} and{X,} arecre-
ated[Fig. 6(c)].

» Step3: whenever adecisionHy (i, j) given by theML al-
gorithmhas“low con dencé (13), forbid any memge be-
tweeneachof the two short-termclusterscontaining X;
(resp.X;), andary othershort-termcluster.

Con dent clusteringrequires Nyt e > 1. Otherwise,with
Nrwsure = 1, cancellationof a singleML mege (Step3) will
most often be replicatedin the future, thus resultingin an
unnecessariljong seriesof one-elementlusters.We veri ed
this phenomenomn the samesyntheticdata aghe oneusedin
SectionlV-B.

In the caseof SA, sinceonly someof the partitionsare ex-
plored,adifferentimplementatiormay be neededo detectira-
jectory crossings.

B. Multisource Tracking Examples

Wegeneratedatathatsimulates sporadi¢ and“concurrerit
eventsby restricting X;.y to have at mostonly one location
estimatepertimeframe(Vi t; < t; 1), yetwith trajectorieghat
look continuousenoughsothatit is still atrackingproblem.In
all testsequenceshenumberof active sourcevariesover time,
andtrajectoriexcrossseveraltimes. Thetaskis twofold.

» Taskl: FrominstantaneoucationestimatesX ., build

the varioustrajectoriesaccurately.

e Task2: Extractpiecesof trajectory(clusters)whereeach
piecesurelybelonggo asinglesourceThisimpliesthatno
short-ternclusterextendsbeyondary trajectorycrossing.

Fig. 7 comparegheresultof ML clustering(SW implemen-
tation, with Typoc = 7 and Negeure = 7) With the result of
thecon dentclusteringdescribedn SectionV-A. Althoughthe
ML clusteringcorrectlybuilds the varioustrajectorieqtask1),
it producesrbitrarydecisionsaroundthe pointsof crossingOn
thecontrary con dentclusteringcorrectlysplitsthetrajectories
atall crossingpoints(Task?2).

Thus, con dent clustering could be particularly useful to
createreliable piecesof trajectorieswhich do notincludeary
crossingpoint. Thesepiecesof trajectoriescanthenbe linked
usingapproachesuchasBayesiametworks[37].

V. APPLICATION TO DETECTION-LOCALIZATION
OF MULTIPLE SPEAKERS

This sectionpresentsan integratedsystemfor detectionand
instantaneoubcalizationof multiple spealers,alongwith ex-
perimentalesultsonrecordingsvith multiple moving spealers.
We show thatthe useof STC (Sectionsll andlll) for speech/
nonspeecl{SNS) classi cation permitsto achieve substantial
improvementsover frame-level approachesTheresultinginte-
gratedsystemis usedasa platformfor multispealer trackingin
SectionVI, andfor multispealer sgmentationn SectionViIl.

Since the focus of this paperis STC, the multisourcede-
tection-localizatiorsystemis summarizecasmuchaspossible
(SectionV-A). A detaileddescriptionof thisimplementatioris
availablein [43].

A. Instantaneoudultisource Detection-Localization

Zem, one or mor locationestimatesX; = (6;,t;) arepro-
ducedat eachtime frame,whered; is the azimuthof an audio
sourcewith respectto a microphonearray (Fig. 1), and¢; the
frametime."“ Instantaneotismeanghateachtime frameis pro-
cessedndividually. A two-stepapproachs used,asillustrated
by Fig. 8. First, a sector-baseg@redetectiorstep[49] limits the
searctspacedo zero,oneor moresectorof spacearoundhemi-
crophoneaarray.Secondthe SRP-PHA [46] local maximumis
found within eachactive sector throughscaledconjugategra-
dientdescen{55]. Both stepsrely onaGeneralizedross-Cor
relationwith PHAseTransform(GCC-PHAT) [56] representa-
tion of the datato estimatethe following.

« Thebandwidthoccupiedby the sourcedn a given sector

of space[8], which is then modeledin an unsupervised
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Fig. 7. ComparisorML clustering/condentclusteringon multiple sourcecaseswherethe numberof active sourcessariesover time. Gray dots:locationesti-
matesX ; (62.5Hz). Black lines: clusters! ;.. We canseethatthe ML clusteringalgorithmtakesarbitrarydecisionsat trajectorycrossingsOn the contrary the
con dentclusteringcorrectlysplitsthe short-termclustersat eachtrajectorycrossing A Matlabimplementatiorof short-termclustering(ML and con dent,SW
implementationranbefoundon thefollowing website alongwith tensyntheticdataexampleshttp://glat.info/ma/2006-short-term-clustering .

(b)

(a)

Fig. 8. Two-stepimplementatiorfor multisourcedetection-localizatiorj43].
The eight dotsindicatethe locationsof the microphones(a) sector-basede-
tection-localization(b) gradientdescentvithin eachactive sector.

manney using a probabilisticframevork [49]. A nal bi-
nary decision[Fig. 8(a)] is taken usingautomaticthresh-
olding [49].
e The SRP-PHA metric[46] at a given point of spacefor
gradientdescen{43] [Fig. 8(b)].
The readeris referredto [43] for full details,freely available
code,andtestson real datathatshaw thatthis systemachieves
detection-localizationof up to three multiple simultaneous
spealers, with near real-time performance(implementation
called“FAST" in [43]). We useda 32-msframe length with
50% overlap (16-msframeshift).

B. Speeb/Nonspedt(SNS)Classkcation

Let us assumehat we have asystemfor instantaneousle-
tectionandlocalizationof multiple audiosourcesasdescribed
above “Audio source$ include not only humanspealers, but
alsonoisesourcessuchasa projector alaptopandthevarious
reverberationsasshovnin Fig. 11(a).However, our naltaskis
multi-spealer detection-localizationsoit is neededo remove
thenonspeeclocationestimategseetheresultin Fig. 11(b)].In
otherwords,eachlocationestimatenustbeclassi edasspeech
or nonspeechin this paper two systemsare investigated:the
SNSdecisionis takeneitheratthelocationestimatdevel (X;),
i.e., not usingcontext—or at the short-termclusterlevel (wy,),
i.e., usingcontext.

Andividual SN® SNSDecisionfor Eac Individual Loca-
tion EstimateX; Sepaately: As detailedin [43], we compare
to a thresholdthe posteriorprobability of having a wideband,
non-noisysignalemittedby the sourceat locationd; andtime
t;. The thresholdis determinedwithout tuning, asin [49], to
matchauser-de nedtargetof detectiorfalsealarmrate(FAR),
for exampleFAR = 1%.

CCluster SN® SNSDecisionper Short-Brm Cluster wy,:
Whenashort-termclustercontainamorethanonelocationesti-
mate,it is possibleto estimatethe non-stationarityf thewhole
short-termcluster basedon a location-dependenvay of ex-
tractingMFCC, detailedin [43]. A “speecltlustef wy, isthen
de nedashaving the following.
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Fig. 9. Detection-localizatiorof multiple spealers, usingmicrophonearrays
(systemsSW-1, SW-7,andSA).

1) At leasttwo locationestimatesorrespondingo a wide-
band,non-noisysource(X;, X;, ¢ # j). (Individual SNS
decisions.)

2) Non-stationarity above a threshold. In practice, this
thresholdis xed and doesnot requiretuning, dueto an
underlyingspectrummormalization43].

Two adwantagesanbe expectedfrom clusterSNSover in-
dividual SNS.First, somecorrectlocationestimateshatwould
not passthe “individual’ test, called “weak but correct esti-
mateshereinaftermaystill be partof aspeectcluster andthus
becorrectlydetectedThus,morespeectshouldberetrieved,as
veri edin SectionV-D. Secondthe non-stationaritymeasure
allows to excludemachinenoisesourcessuchasa projectoror
alaptop.Thisis usefulin the meetingervironment,as reported
in SectionVII-D.

C. ExperimentaProtocol

To asseswhetherSTCis bene cial to thedetectiordecision,
we comparedthe two SNS classi cation systems(individual
versuscluster) using the sameunderlyinginstantaneousnul-
tisourcedetection-localizatiosystem(SectionV-A, top block
in Fig. 9). We ranthetwo system=n eightrealindoorrecord-
ings from the freely available AV16.3 corpus[11]. Multiple
simultaneousspealers are moving around a table, with an
eight-microphone,10-cm radius, UCA on its top (Figs. 1
and 10). Three cameraswere usedto reconstructthe 3-D
ground-truthlocationof eachspealer, with anerrorinferior to
1.2cm[11]. In the clusteringcase we usedthe SW algorithm
with Ntuture = Tohort = 7.

The focus hereis correctdetection-localizatiorof multiple
moving spealers. For both systemsspeechocationestimates
arecomparedvith theclosesground-truttspealerlocation.We
derive the following performancametrics[43] on intervals on
which the ground-truthiocationsof all spealkrsareknown:

» biasandstandardieviationin degreesto assess thpreci-

sion of the localization.

 thepercentagef detectedspeectthatwas correctlylocal-

ized, i.e., within a small error mawgin (the mamgin is de-
rived from the biasandthe standardieviation, asdetailed
in [43]).
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Fig. 10. Recordingseg45 from the AV16.3 Corpus[11], with threemoving
spealers. The eight-microphonearray is marked with an ellipse. The ball
markerswereusedto constructthe ground-truthlocationof eachspealer with
respecto thearray.

TABLE VI
COMPARISON BETWEEN TWO TYPESOF SNSDECISION, ON THE AV16.3
CoRPUS[11], INCLUDING REAL RECORDINGSWITH MULTIPLE MOVING
SPEAKERS SIMULTANEOUSLY SPEAKING. BIAS AND STANDARD DEVIATION
(STD) ARE EXPRESSEDIN DEGREES

D. Resultsand Discussion

FromFig. 11(a)and(b), one canseethatthe SNSdecision
usingshort-terntlustergpermitsto remove mostof theincorrect
location estimateswhile keepingmostof the correctlocation
estimatesThis is alsovisible in Fig. 11(c), which presentsa
three-speadr case Notethatthegapsin theground-truthdo not
meanthata spealeris silent,but simply thatthe mouthlocation
was occludedon a camera—andthusthe ground-truthlocation
unavailable.

Table VI presentghe overall detection-localizatiomesults.
The percentagef correctlocationestimatess very similar for
bothmethodsput short-termclusteringclearly retrieves much
morespeectsignal4 Indeed,asdiscussedn SectionV-B, each
short-termspeedb clustercontainssome”weakbut correct lo-
cation estimateswhich would not passthe “individual’ test.
Thiscon rmstheinterestof groupinglocationestimatedefore
rejectingnoise.The price to pay is a slight decreaseén local-
ization precision,probablydueto those“weak' locationesti-
matesThislossof precisioncananyway becompensatetbr by
smoothingthe trajectorydescribedby eachshort-termcluster
e.g.,usingKalman ltering [13], [57] or RTS smoothing[58],
asshown in SectionVI.

Overall, the proposed:lusterSNS methodallows to selecta
muchlargeramountof correctlocationestimatesascompared
to theindividual SNSmethod while rejectingthe samepropor
tion of incorrectones.This could be usefulasa prior stepto

4To obtain the same*Total detectet! duration as for the cluster method
(699.0s), theindividual methodcanbe madelessconserative. Thepercentage
correctthenfalls to 62.28%,with precisionbias0.375,std2.869.



LATHOUD AND ODOBEZ:SHORT-TERM SFATIO-TEMPORAL CLUSTERING

1705

Fig. 11. Effectof thecluster-level SNSclassi cation(SectionV-D). Grey dots:locationestimatesX ;, dashedines: ground-truth(GT). The GT of aspealer is
only availablewhenthe mouthis visible on threecamerasData: AV16.3 Corpus[11] (onespealer: seqll , threespealers:seg45 ).

trajectoryanalysisasdonein [37]. SectionVIl usesthecluster
SNSmethodfor meetingsegmentation.

VI. ADDITIONAL FILTERING FOR MULTISPEAKER

CONTINUOUS TRACKING

While SectionV investigatedthe detectionand the instan-
taneoudocalization of multiple spealers, the presentsection
investigatesthe continuoustracking of multiple spealers. We
proposeo infer a lteredtrajectoryfor eachshort-termspeech
clusterwy, (asde nedin SectionV-B). Eachshort-termspeech
clusteris processedeparatelhasa singlesource thusavoiding
all dataassociatiomssuesTheproposedieterministi@pproach
(STC, clusterSNS, then lItering) is comparedto an existing
(stochasticparticle Iteringapproach28], [29], whichdirectly
processethelocationestimatesX. .

A. ClusterSNSFollowedby Filtering (Cluster+Filter)

Eachshort-termspeectrlusterwy, is IteredseparatelyFor
eachshort-termspeecirlusterwy,, for eachX; € wy, wereplace
thespatiallocationestimated; with a IteredestimateWe pro-
posethreefully deterministi€ approaches:

Cluster+WMF: WMF standsfor weightedmean ltering,
whereeach lteredestimateis the seven-pointweightedmean
of §;_3.;+3. Eachweightis aprobabilityof speechasestimated
in [43]. Thewindow size(seren points)was nottuned.

Cluster+KF: KF standsfor Kalman lItering [13], [57], in
2-D statespace[f; #;]T. The measuremennoise matrix [57]
was setto I - o3*™¢ wherel is the 2 by 2identity matrix, the
processnoisematrix [57] was setto I - o52™¢ . 10—, andthe
error covariancematrix [57] was initialized to I - o52™€ - 10°.
Only oneparameterequiredtuning (10~ 1).

Cluster+RTS: RTS stands for Rauch-Tung-Striebel
smoothing [58], also known as Kalman smoothing. The
parameterareexactly thesameasin Cluster+KF.

B. ExistingParticle Filtering Approad (PF)

PF: We implementedan existing PF approachfor multiple
audiosource$28], [29]. ThePFexplicitly addressethedataas-
sociationissue wherefor eachtime frame,thenumberof audio

5STCisimplementedleterministicallySectionlll-A). SNSis alsodetermin-
istic [SectionV-B], aswell asthethree Iters(WMF, KF, andRTS).

sourcesandtheir locationsare estimatedrom the multiple in-
stantaneoumeasurementsX; ). The PFalsoincludesrulesfor
births anddeathsof audiosourcesWe used1000particlesfor
eachsourceln practice weobseredthe PFapproachio bevery
sensitve to the choserdynamicalparameterga and in [28],
[29]) aswell asto theinitialization of the speedvhencreating
anaudiosourceFor afair comparisorwith the“ Cluster+Filtet
approachesdnitialization of the speedwas implementedusing
the next T,,.,+ time frames.Finally, we had to post-process
theresultby thresholdingposteriomprobabilitiesof “existencé
[28], [29], toremove spurioudrajectoriesWe usedthesamepa-
rametenaluesasin [28], [29], exceptfor seven parameterthat
requiredtuning. Tuning involved substantiallymoreteststhan
in the “Cluster+Filtet approaches.

PF+SNS: ThePFapproachn [28], [29] doesnotdistinguish
betweenspeectsourcesand nonspeeclsourcesThe PF+SNS
approachrejectsa nonspeeclsourceusingthe exactsameSNS
classi cationasfor aclusterw,. (SectionV-B).

C. Resultsand Discussion

Resultsare reportedin Table VII, using the samemetrics
asdescribedin SectionV-C. All “Cluster+Filtet approaches
substantiallyimprove the localization precisionas compared
to “Clustef alone,especiallyin termsof standarddeviation.
PF and PF+SNSprovide a slightly smallerbias (—0.1°) than
“Cluster+Filtef but a much larger standarddeviation (+0.2
to +0.4°). A possiblereasonis the stochastimatureof the PF
approach,where the inferred trajectory sometimes"jumps’
far away. This is not the caseof the three “Cluster+Filtet
approachesyhich arefully deterministic.

In the caseof a “jump;’ the PFeventuallydestrysthecorre-
spondingsourcedeath)becausét doesnotmatchobserations
arymore.The PFalsocreatesiewn source(sthatmatchthe ob-
senations(births), but it often requiresa few framesbeforea
new sources consideredo be“fully existing’ [28, Sec.2.4.5].
In our understandinghis hysteresis-like behaior leadsto lose
muchspeechThis may be anexplanationfor the muchlower
“Total detectet! durationfor PFandPF+SNS( rst columnof
Table VII), ascomparedto the “Cluster+Filtet approaches.
We tried to lower the existencethresholdof the PF, but it led
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TABLE VII
COMPARISON BETWEEN VARIOUS FILTERING TECHNIQUES FOR TRACKING
MULTIPLE MOVING SPEAKERS ON THE AV16.3 COrRPUS[11]. WMF, KF,
RTS, PE AND PF+SNSARE DEFINED IN SECTION VI. L = INSTANTANEOUS
LOCATION ESTIMATES, P =PROBABILITY OF SPEECHACTIVITY [43], N. PAR.
= TotaL NUMBER OF PARAMETERS, (TUNED) = NUMBER OF PARAMETERS
THAT REQUIRED TUNING

to a quick increaseof the proportion of noisy location esti-
matesThis phenomenois visible by comparinghe“ Total de-
tected and“Correctlylocalized guresofthePFandPF+SNS
approaches.

Overall, the “ Cluster+Filtet approactseemso be superior
to the PFapproachon spontaneoumultiparty speechin terms
of both detectionandlocalizationprecision,with several pos-
sible reasonskFirst, “ Cluster+Filtet is implementedn a fully
deterministicmannerwhereaghe stochastimatureof PF per
mits erroneous jumps. Secondjn “Cluster+Filtef bothSTC
and ltering arethreshold-freethuspotentiallylesssensitve to
tuningthanPF8 Third, STC groupslocationestimateghatare
closeto eachotherbefole rejectingnoiseand Itering, whereas
PF attemptgto do all atthe sametime” Finally, STC doesnot
attemptto extract long-termtrajectoriesfrom the essentially
sporadicspontaneouspeechwhereasPF does,which leadsto
mary births and deaths.This behaior of PF differs from the
resultsshavn in [29, Ch. 2], probablybecausehe latter only
testedcontinuousreadspeech.

VII.

In this section,we report experimentsconductedon real
meeting data recordedwith a UCA, the M4 Corpus [10].
We usethe systemdescribedn SectionV, with cluster-level
SNS classi cation (the Itering proposedin Section VI is
not necessaryor this task). A comparisonwith close-talking
microphoness given.Theseexperimentcanbe seerasamore
staticcounterparto the moving spealer experimentsreported
above. Wewantto determinevhetherthesamesystentancope
with both staticanddynamiccontets. In the previous section,
the focus was on correctdetectionfor preciselocalizationof
multiple moving spealers. In this section,we focus on the
speechsggmentationtask: we have a precisetime-domain
ground-truth but an approximatespatialground-truth.

“Speeclseggmentatiofi meanghatwe areonly trying to sep-
aratethe differentspealersin the short-term(where?when?).
The target is one short-termclusterper speechutteranceRe-
sultsreportedin [43] showv that the proposedspeechsegmen-
tation systemforms a strongbasisfor long-termspealer clus-
tering(who?)with distantmicrophoneswherethetargetis only

MEETING SEGMENTATION APPLICATION

6As for the SNS, it hasone threshold,but no tuning was required (Sec-
tion V-B).

’Groupingbeforedenoisingalreadyexplainedthe superiorityof the* Cluster
SNS' methodover the“Individual SNS' methodin SectionV-D.
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oneclusterper spealer. However, it is out of the scopeof the
presentarticle.
The differencesbhetweena previous work [59] andthe ap-
proachpresentedhereareasfollows.
« Wearefocusingonthe speectsggmentatiortaskonly, not
onthe spealer clusteringtask.
* We usedistantmicrophone®nly (no lapel).
* We sggmenteachmeetingindependently.
* Theproposedpproactdoesnot rely on a hiddenMarkov
model(HMM).
On the contraryto the preliminary resultsreportedin [35],
all systemsresentedereperformautomaticremoval of non-
speectsourcede.g.,projector).

A. TestData

Thetestcorpusincludes21 shortmeetingsfrom the publicly
availableM4 Corpus(http://mmm.idiap.ch)Thetotal amounts
to about2 h of multichannekpeecltdata.Threemeetingsvere
usedasa developmentsetto tune post-processingarameters
(SectionVI1l-D), andafterthat,18 meetingsvereusedasatest
setto evaluateperformancemetrics.

In the data,peopleareseatedaroundatable,andsometimes
standup andmoveto the screerfor a presentatiomusinga pro-
jector, or to the blackboard.In all meetings,an independent
obserer provided a very precisespeech/silenceggmentation.
Becausef this high precision the ground-truthincludesmary
very shortsggmentsindeed morethan50% of the speectseg-
mentsareshorterthanl s, as depictedin Fig. 12.

B. ProposedSystems

Wetestedseveralvariantsof thissystemgorrespondingo the
differentoptimizationalgorithmsintroducedn Sectionlll. The
onlinesystemsusetheslidingwindow algorithm,with Ty,..¢ =
7 and either Neyture = 1 (SW-1) O Neyture = 7 (SW-7).
Niusure = 7 Wasnottuned,it was only choserto keepthecom-
putationakostiow (Tablelll). Wealsotestedheof inesystems
basedon SA.

In all cases we use maximume-likelihood clustering
(Section|l-C) for this application. The con dent clustering
describedn SectionlV-A is notnecessarin thecaseof speech,
sincetrajectorycrossingsarerarely seendueto the sporadicity
of speechCon dentclusteringis morerelevantto casesvhere
thesignalsaremorecontinuoudn time (e.g.,vehicles[54]).

C. BaselineSystenUsingLapels

The proposedsystemsuse distant microphonesonly. We
comparedthemto a lapel-only baseline.The latter is an en-
emgy-basedechniquehatselectghelapelwith themostenegy
at eachframe and appliesenegy thresholdingto classify the
frame as speechor silence.We tried to usezero-crossingate
(ZCR) aswell, but it degradessigni cantly thesegmentation
performance.lndeed,ZCR appearedvery sensitve to some
noisesfoundin meetings suchaswriting on a sheetof paper.
Therefore,results are reportedwith enegy only. Note that
lapelshave anSNRaround18.7dB, while distantmicrophones
have an SNRaround10.7dB (Tablel).
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Fig. 12. Histogram of speechsegment durationsin the ground-truth (M4
Corpus[10]).

TABLE VI
SEGMENTATION RESULTS ON THE M4 CORPUS SW-1 AND SW-7 USE
DISTANT MICROPHONESONLY. VALUES ARE PERCENTAGES RESULTS
ON OVERLAPS ONLY ARE INDICATED IN BRACKETS. PRC,RCL,F:
THE HIGHER THE BETTER DER: THE LOWER, THE BETTER

D. PerformanceMeasues

We evaluatedthe resultof eachsystemas follows. For the
proposedsystemgSW-1,SW-7 andSA) 8 for eachspeecHo-
cationestimatethecorrespondingime frame(32-msseggment)
is attributedto the closesthumanspealer in spacgthe ground-
truth location(s)of eachspealer areknown). Similarly, for the
lapel baseline for eachlapel, eachspeechtime frame is at-
tributedto the spealer wearingthe lapel. For eachspealer, the
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« Drp: total durationof all sggmentsin a meetingwherea
spealeris speakingn theresult,but silentin the GT;
* Dpy: total durationof all sgmentsin a meetingwherea
spealeris silentin theresult,but activein the GT.
Following [61], six metricsarede ned,with valuesin [0,1]:

« FalseAlarm Rate:FAR %' Dgp/(Dpp + D1n);

» FalseRejectionRate:FRR def Dpx/(Dex + Drp);

« Half Total Error Rate:HTER &' (FAR + FRR)/2;

« PrecisionPRC % Drp/(Dtp + Drp);

« Recal:RCL ™ Dyp/(Drp + Dpx);

« F-measureF %' 2 x PRCx RCL/(PRC+ RCL).

In the optimal case,FAR, FRR,andHTER areall equalto 0,
andPRC,RCL, andF areall equalto 1. The F-measurds a
harmonicmeanof PRC and RCL; therefore,a large value of
F-measureequiresalargevaluefor bothPRCandRCL.

Wealsoreportresultsan termsof diarizationerrorrate(DER),
apercentagenetricde nedby NIST [62]. As opposedo PRC/
RCL/F results,DER excludespart of the datafrom the eval-
uation: within a collar of 0.25s aroundeachspeechsggment
end-point,resultsare not evaluated Moreover, silencesof less
than 0.300s are removed from both resultand ground-truth.
The DER is thende nedasthe percentag®f speectthatwas
wrongly attributed:DER = MISS + FA + SPKR whereMISS
andFA arethe percentagesf missedspeechandfalsealarms,
respectiely, andSPKRis the percentagef speechattributedto
thewrong spealer. Full detailscanbe foundin [62].

In ary case(PRC/RCL/For DER), it is importantto bear
in mind that in this paperwe are only evaluatingthe speech
seggmentatiomuality (oneclusterperutterance)An evaluation
of theapplicationof STCto spealer clustering(oneclusterper
spealer) is reportedin [43].

E. Resultsand Discussion

Choiceof an OptimizationMethod: Fig. 13 presentsa com-

resultingspeech/silenceggmentatioris further post-processed parisonof variousinstanceof SA, wheredifferentinitializa-

with basicmorphologicaloperatorg60]: dilation, erosion,clo-

sure,andopening,asin [39]. For eachsystempost-processing

parameteraretunedto maximizethe F-measuren the devel-

opmentset(threemeetings) Eachsystems thenappliedonthe

testset(18 meetings)Theperformancenetricsdescribedn the

following wereevaluatedor eachmeetingseparatelyAverages
acrossall meetingsarereportedin TablesVIIl -X. As opposed
to previousresults[35], all systemanustincludeautomaticre-

moval of nonspeecisourcesuchasthe projector.

For eachmeeting,evaluationwas performedasfollows. For
eachspealer, theresultingspeech/silenceggmentatioris com-
paredto the groundtruth (GT). Following [61], four typesof
durationsarecalculated:

« D+p: total durationof all sgmentsin a meetingwherea

spealeris speakingn bothresultandGT;

e Dry: total durationof all sggmentsin a meetingwherea

spealeris silentin bothresultandGT,

8To have afair comparisorbetweenonline andof ine implementationsin
all casesve usedthesame 9iff and =*™< valuesfor eachrecordingobtained
throughEM tting onthewholerecordingdataX ;. .

tionsanddifferentvaluesof theinitial temperaturey aretried.
Resultsarereportedn termsof enegy U (FE) (10), nalnumber
of clustersK ¢, andsegmentatiorperformancé-. To accommo-
datethevariouslengthsof themeetingsyve have normalizechll
threemeasuresvith respecto areferencenethod(SW-1):

* Normalizedenegy: for eachmeeting UE)=uEtTh)

! Nierms !
whereNierms IS thenumberof termsin the sumin (10);
* Normalizedlog number of clusters:for each meeting,
log K, —log K™Y,

 NormalizedF: for eachmeeting,F — F(SW-1),
Fig.13(a)shavsthattheproposedriterionis effectively related
tothe nalsegmentatiorperformancethelowertheenegy, the
highertheperformanceAll lowestenegiesleadto very similar
performancesit could be concludedthat the dynamics(2), in
conjunctionwith the proposectriterion (6), constrainthe type
of solutionthat can be obtained.Fig. 13(b) shavs that mini-
mizing U (F) is highly correlatedwith minimizing K¢, which
was oneof the objectives announcedh Sectionll-C. Fig. 13(c)
shavsthatahighinitial temperature, leadsto aresultindepen-
dentfrom theinitialization, which is similar to the well-known
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Fig. 13. ComparisorbetweerdifferentoptimizationmethodsSW-1,SA(1), SA(N), SA(SW-1)(Sectiondll andVII-E). In (a) and(b) thereis onedotfor each
triplet (meeting, SA(*) method, , value),thatis18 3 4 combinationsin (c), eachbarrepresentsneanandstandardieviation acrosshe 18 meetingsAll

valuesarenormalizedwith respecto SW-1 (SectionVII-E).

propertyof simulatedannealingvhentemperaturelecreasei
alogarithmic fashion[52].

Thediversityof behaiorsobsenedfor alowerinitial temper
aturery canbe explainedasfollows: whenthe initial labeling
is ratherbad [SA(1) and SA(N)], sincethe local optimization
is pointwiseandpointsarevisited atrandom(seeTableV), the
proceduretendsto accepttoo often the NewLabel tag, which
ultimately resultin a slightly oversggmentedsolution. This ef-
fect doesnot appeamwhenusingthe SA(SW-1)solutionasthe
labelsaremuchmorestablebecausehe local posteriorproba-
bility of theNewLabeltagis verylow. Overall, resultswith the
lowestenegiesareobtainedusinga somavhatlow initial tem-
peraturery, and SA(SW-1).SW-1 aloneprovidesclose-to-op-
timal results,in termsof enegy. Thus,in thefollowing, results
arereportedfor SW-1only.

ComparisorWith Lapels: TableVIll givestheseggmentation
performancenthetestsetfor SW-1andthelapelbaselineThe
proposedapproachSW-1 compareswell with the lapel base-
line, bothin termsof F-measureand DER. The proposedap-
proachyieldsmajorimprovementon owerlappedspeechThese
resultsare particularly signi cant, given the high precisionof
the ground-truthandthe fact that we usedistantmicrophones
only. Indeed close-talkingapelsignalsareabout8-dB cleaner
thandistantmicrophonearray signals,dueto the differenceof
distance(Tablel). The decreasén precisioncanbe explained
by the automaticSNSdecisionleadingto more FalsePositves
(Drp) as comparedto lapels, becausethe decisionis taken
withoutknowledgeof thenumberof spealers.Onthe contrary
thenumberof spealersisimplicitly known in thelapelbaseline.

ComparisonWith a Previous Speakr ClusteringWork: We
also comparedour approachto a HMM-basedprevious work
[59], on a slightly different task: only six meetingsare seg-
mentedandthetaskexcludessilencesmallerthan2 s. There-
sultsreportedn TablelX shav a clearimprovement.However,
thepreviouswork was attackingawidertask:speectsegmenta-
tion andspealer clustering.This comparisorshavs thatwe can
obtainavery goodspeectsggmentatiorwith locationcues.

WindowSize: In TableVIll, thetwo resultsSW-1andSW-7
shaw that Ny,t..0, thesizeof the* future’ window, hasverylittle
impactonthis application However, thismaynotbethecasen

TABLE IX
COMPARISONWITH A PREVIOUS SPEAKER CLUSTERING WORK: SEGMENTATION
RESULTS ON SIX MEETINGS, WITH A SILENCE MINIMUM DURATION OF 2 S.
VALUES ARE PERCENTAGES THE LOWER, THE BETTER

TABLE X
F-MEASURE ON THE M4 CORPUSWITH SW-1,FOR TWO TYPES OF
SPEECHNONSPEECHDECISIONS

othercontets: for example,the con dentclusteringapproach
introducedin SectionlV-A requires Neyture > 1.

Interestof STC: As in SectionV-C, the sameseggmentation
experimentswere also conductedwith the speech/nonspeech
decisiontakenfor eachlocationestimatendividually—without
short-ternclustering Asreportedn TableX, theproposed&TC
methodclearlyleadsto the bestresultsandis alot lessdepen-
denton sggmentationpost-processingFinally, we notedthat
the nonstationaritytestmentionnedn SectionV-B effectively
removes all short-termclustersbelongingto the projector.

Overall, the proposedSTC method allows to ful Il two
goalsof this application:to obtainwith distantmicrophonesa
segmentationperformancecomparableto that obtainedwith
close-talking microphones,and to handle multiple simulta-
neousspealers in an appropriatemanner.Ilt can sene & a
strongstartingpoint for unsupervisedpealer clusteringwith
distantmicrophonesonly: [43] reportsresultssuperiorto that
of a state-of-the-arapproach.

VIIl. CONCLUSION

Accuratesegmentationandtracking of speechn a meeting
room is crucial for a numberof tasks,including speechac-
quisition andrecognition,spealer tracking,andrecognitionof
higher-level events.

In this paper we rst describeda generic,threshold-free
schemefor short-termclusteringof sporadicand concurrent
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events.The motivationbehindthis approachis thatwith highly
sporadianodalitiessuchasspeechit maynotberelevantto try
to outputasingletrajectoryfor eachsourceover theentiredata,
sinceit leadsto complex dataassociationssuesWe proposed
hereto trackin the short-termonly, thusavoiding suchissues.
The coreof our approachs a threshold-fregorobabilisticcri-
terion. We describedan algorithm basedon a sliding-windov
analysis,spanninga contet of several time framesat once.
It is online, can be fully deterministic,and can function in
real-timewhen using reasonableontet durations(Nguture)-
It is unsupervisedtocal dynamicsare extractedfrom the data
itself, andthe short-termclusteringis threshold-freeWe also
presentednvesticgationson the problemof trajectorycrossings,
useful,e.g.,in the contet of acousticvehicletracking[54] or
visual tracking[37]. In this contet, experimentson synthetic
datahighlightedthe bene t of processingseveral time frames
atonce(Neypure > 1).

Secondwe describedspeectspeci ¢ applicationof this al-
gorithm.Short-ternclusteringwas usedto build amultispealer
detection-localizatiorsystemwith microphonearrays,which
wasthensuccessfullyappliedto bothdynamicandstaticrecord-
ingswith multiple simultaneouspealers.In both casesshort-
termclusteringpermitsto discriminatebetweerspeectandnon-
speechin amuchmoreadwantageoumannerascomparedo an
individual decisionfor eachlocationestimateHighly dynamic,
nonlinearhumanmotionsare well handledby the short-term
clusteringalgorithm. In particular a comparisonwith of ine
simulatedannealingoptimizationshows that the proposedn-
line implementatioris suf cient.In thecaseof multiple moving
spealers, short-termclusteringfollowed by deterministic |-
tering appear<learly superiorto an existing multisourcepar
ticle ltering approach28], [29].

In termsof nal performanceshort-termclusteringleadsto
ameetingsggmentatiorperformancewvith distantmicrophones
only, closeto that obtainedwith close-talkingmicrophones.
This result can already be consideredas a success,since
distantmicrophonesare much more noisy than close-talking
microphones.Moreover, since multiple speechsourcesare
effectively “tracked in the short-terni, a dramaticimprove-
mentis seenon owerlappedspeechwhich is often found in
spontaneousmultiparty speech. These results validate the
short-termclusteringalgorithm,aswell asthe idea ofrelying
on location cuesto obtain high precisionshort-termtracking
and speechsggmentationof multiple moving spealers. This,
in turn, permitsa muchwider rangeof applicationsthanwith
close-talking microphones,due to the nonintrusve aspect
of distant microphones.Investigations on the unsupervised
spealer clusteringtask with distant microphones[43] shav
thatshort-termclusteringpermitsto obtaina spealer clustering
performancesuperiorto thatof a state-of-the-arapproach.
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