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Short-TermSpatio–TemporalClusteringApplied
to Multiple Moving Speakers
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Abstract—Distant microphonespermit to processspontaneous
multiparty speechwith very little constraints on speakers, as
opposedto close-talkingmicrophones.Minimizing the constraints
on speakers permits a large diversity of applications, including
meetingsummarization and browsing, surveillance,hearing aids,
and more natural human–machineinteraction. Suchapplications
of distant microphonesrequire to determine where and when the
speakers are talking. This is inherently a multisource problem,
becauseof background noise sources, as well as the natural
tendencyof multiple speakers to talk over eachother. Mor eover,
spontaneousspeechutterances are highly discontinuous, which
makes it dif�cult to track the multiple speakers with classical
�ltering approaches,such as Kalman �ltering of particle �lters.
As an alternative, this paper proposesa probabilistic framework
to determine the trajectories of multiple moving speakers in the
short-term only, i.e., only while they speak. Instantaneous loca-
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 bene�t of using short-term clustering, on real
indoor recordings with seatedspeakers in meetings, as well as
multiple moving speakers.

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

I. INTRODUCTION

T HIS paperinvestigatestheanalysisof spontaneousmulti-
partyspeechin a noninvasive manner.Thegoal is to esti-

matewhereandwhenthe variousspeakersaretalking. “Non-
invasive” meansdistantmicrophones,for examplea uniform
cirular arrayor UCA (Fig. 1). Comparisonbetweenthesignals
received at thevariousmicrophonesof thearraypermitsto eval-
uate the instantaneouslocationsof multiple acousticsources
[1]–[3]. For example,with a UCA, the instantaneouslocation
of a given acousticsource,at a given instant , is estimated
in termsof azimuthangle , i.e., the sourcedirection in the
horizontalplane(roundfacein Fig. 1 anddotsin Fig. 2). Non-
invasive methodscanbeopposedto very ef�cient but invasive
methodsthatuseclose-talkingmicrophonessuchaslapels[4],
whereonemicrophoneis worn by eachspeaker, usuallynear
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Fig. 1. Eight-microphoneUCA usedin theexperiments(10-cmradius).� de-
notestheazimuthangleof thespeaker.

Fig. 2. Goal (a) andtheproposedapproach(b). Dotsdepictinstantaneouslo-
cationestimates� , t . Dashedlinesdepicttrajectoriesof thesources[true in
(a),estimatedin (b)]. Squarebracketsdepictbeginningand endof eachspeech
utterance.Thin, continuouslinesdepictshort-termclusters! � � � ! .

thethroat.Lapelspermit to know preciselywheneachspeaker
is talking,becausetheir signalsaremuchcleanerthanthosere-
ceived bydistantmicrophones,dueto thedifferenceof distance
[seethe differencein signal-to-noiseratio (SNR) in Table I].
However, the rangeof applicationspermittedby lapelsis lim-
ited, because1) they requireeachuserto weara lapel,and2)
they practically provide no information aboutthe location of
eachspeaker.

On the contrary, distantmicrophonesarenoninvasive, thus
putting much less constraintsonto the users,and permit to
estimatespeakers’ locations.Thesetwo propertiesallow for
a wider range of applicationsto spontaneousspeechpro-
cessing,including surveillance [5], intelligent homes,of�ces
and meetingrooms [6], hearingaids [7], hands-freespeech
processingin cars[8], aswell asautonomousrobots[9]. For
example,a userbrowsinga meetingmaybeinterestedto jump
directly at the presentationof a person,i.e., whenthat person
stoodup andmoved to the screen. This would requireto de-
terminewhereandwheneachspeaker is talking. Thepurpose
of this paperis to build andevaluatean integratedsystemfor
thedetectionandlocalizationof multiple speakerswith distant
microphones.Theintegratedsystemis designedto handleboth
static scenariisuchasseatedspeakers in a meeting[10], and
dynamicalscenariisuchasmultiple moving speakers [11]. A
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TABLE I
AVERAGE SNRACROSSMEETINGSAND 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

genericprobabilisticframework is proposed,andsuccessfully
testedon bothtypesof scenarii.

More precisely, the taskat handis to usethe instantaneous
locationestimatesgiven bythemicrophonearray, for two tasks:
“short-termtracking” and“speechsegmentation.” “ Short-term
tracking” meansusing the instantaneouslocation estimates

[dots in Fig. 2(a)] to reconstructthespatialtrajectories
of the variousspeakers over time [dashedlines in Fig. 2(a)]
while eliminating the incorrect location estimates[marked in
Fig 2(a)]. “Speechsegmentation” meansdetectingalongtime
thebeginningand endof eachspeechutterance[squarebrackets
in Fig. 2(a)]. Both tasksaredif� cult, not only becauseof the
lowerSNRof distantmicrophones,but alsobecausethenumber
of active sourcesvariesvery often over time. In otherwords,
spontaneousspeechutterancesare“sporadic” and“concurrent”
events.“Sporadic” eventsareshort,andinterspersedwith many
silences.Instantaneouslocation estimates(dots in Fig. 2) are
thusoftenunavailable,duringsilencesandpartsof speechwith
low energy. “Concurrent” events are simultaneous:indeed,
peopleoften talk over eachother [12], and very often some
backgroundacousticsourcesneedto be eliminated(projector,
laptops).

Trackingsporadicandconcurrenteventsmaybeparticulary
dif� cult with classical� ltering approaches,such as Kalman
� ltering [13], [14] and its extensions[15]–[17], and particle
� ltering [18], [19]. Althoughbothhave beensuccessfullyused
to locate and track a single acousticsource [20]–[25], the
fast-changingspeaker turnsencounteredin spontaneousmulti-
party speechrequireeitherallowing a single-sourcemodel to
switch betweenspeakers [26], or speci� c multisourcemodels
[27]–[29]. Althoughparticle� lterscanmodelmultiple sources
via multimodaldistributions,decidingwhich modesaresignif-
icantandwhich sourcesthey belongto is anopenanddif� cult
issue[30]. Overall,while � lteringapproachesareinterestingfor
modalitieswhereeventsaresomewhatcontinuouslyobservable
over relatively long durationsof time (radar, video), complex
birth/deathrulesareneededwhenthenumberof activesources
varies very often along time, and dif� cult data association
issuesappear.Adding visual information, as in audiovisual
speaker tracking[31]–[34], permitsto circumvent theseissues
becauseeachspeaker canbecontinuouslytrackedusingvisual
information, even while silent. However, the presentpaper
considersthe casewhereonly audio information is available.
With audioonly, alternativeapproachesarethusneededto deal
with sporadicandconcurrentevents.

This paperproposesto address“short-termspatio–temporal
clustering,” an intermediarytaskbetweeninstantaneouslocal-
izationandcontinuousspeaker tracking.Themaincontribution

is athreshold-free,probabilisticframework for short-termclus-
tering.1 Instantaneouslocationestimates that areclose
to eachother in both spaceandtime aregroupedinto “short-
term clusters” , as depictedby the thin continuouslines in
Fig. 2(b). Eachshort-termcluster implicitly de� nesa part
of the spatial trajectoryof onespeaker, as well as the begin-
ningandtheendof aspeechutterance,asdepictedby Fig. 2(b).
Short-termclusteringthusaddressesboth“short-termtracking”
and“speechsegmentation” tasks.This versatilitycouldnot be
achieved with a purelystaticanalysisof instantaneouslocation
estimatesfor speechsegmentation,asfor exampleK-means,or
thestaticcriterionusedin [36]. Theaimsandcontributionsof
thepresentpaperarethusthreefold.

1) To investigatenoninvasivemethodsfor speechanalysis.
2) To introducea generictheoreticalframework for short-

termclustering,alongwith acon� dencemeasureto detect
trajectorycrossings.Thelattercouldbeusefulto selectre-
liable locationestimates,asa prior stepto a trajectoryre-
constructionapproachsuchas[37].

3) To determineits usefulnessin contrastive experiments
on real recordings, with multiple moving or static
speakers.Indeed,thedeterminationof anoptimalpartition

ground-truthwouldbedif� cult to elab-
orate,precludingthe direct evaluationof the short-term
clusteringapproach.On theotherhand,it is conceptually
simpletode� neaground-truthin termsof speakerlocation
andspeechsegmentation(respectively, azimuthlocations
andtime segments).

In apreviouswork [38], [39], excellentspeechsegmentation
performancewasobtained,but speaker locationswereassumed
static,andknown in advance.Thepresentpaperremoves both
assumptionsthroughshort-termclustering[Fig. 2(b)]. It is im-
portantto bearin mind thattherewill bemany moreshort-term
clusters than speakers: one short-termclusterper speech
utterance.Long-termspeaker clustering[40]–[42], wherethe
target is only oneclusterperspeaker, is out of thescopeof the
presentarticle. For speaker clusteringresultswith distantmi-
crophonesonly, basedonshort-termclustering,thereaderis re-
ferredto [43].

The rest of this paperis organizedas follows. SectionII
introduces“maximum-likelihood” short-termclustering in a
fully genericmanner, consideringavariablenumberof sources
and a variable number of simultaneouslocation estimates
(zero,one,or more).Theproposedframework is probabilistic,
threshold-free,does not require any random sampling. It
can handlean unknown, time-varying numberof observable
sources,without any explicit birth/death rule. Section III
describesonlineandof� ine implementations.SectionIV illus-
tratesthe� exibility of short-termclustering,byusingit todetect
trajectorycrossingsin a threshold-freemanner.SectionV pro-
posesanintegratedmultispeakerdetection-localizationsystem,
basedon short-termclustering.The integratedsystemis suc-
cessfullytestedfor detection-localizationof multiple moving
speakers in highly dynamicalrecordings[11]. In addition,on
the continuoustracking task, short-termclustering followed
by Kalman� ltering comparesfavorably to anexisting particle

1Initial resultswerepresentedin theworkshoppaper[35].
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� ltering approach[28], [29]. Moreover, speechsegmentation
experimentsin SectionVII prove its ability to handlemore
staticcontextssuchasmeetings[10]. In bothstaticanddynam-
ical cases,it is shown bene� cial to take a speech/nonspeech
decisionin termsof short-termclusters,ascompared,e.g.,to a
frame-level approach.Finally, SectionVIII concludesthepaper.
An implementationof multispeaker detection-localizationwith
microphonearrays,including short-termclustering,is freely
availableat: ______ http://glat.info/ma/2006-multidetloc .

II. SHORT-TERM SPATIO–TEMPORAL CLUSTERING

This sectionpresentsthe proposedshort-termspatio–tem-
poral clustering approach.The context is multiple moving
sources:for eachsourceand for eachtime frame,an instan-
taneouslocation estimate may or may not be
available,where denotesthe spatiallocationof the source,
and denotestime.At eachinstant , therecanbezero,one,or
multiple locationestimates , suchthat . The
proposedapproachreliesonathreshold-freecriterionto cluster
theselocationestimatesinto short-termtrajectories.

Although the approachis fully generic, throughout this
paperthe practicalcontext will be onemicrophonearrayon a
table(Fig. 1), recordingmultiparty speechin a meetingroom
(Fig. 10). The array is usedto provide instantaneousaudio
sourcelocation information (see[1], [3], [44], and [45] for
comprehensive reviewson this topic).Thespatiallocation is
for exampleanazimuthvaluein degrees.Our ultimategoal is
to clusterthecorrectlocationestimatesinto speechutterances,
andto discardtheincorrectlocationestimates.

A. Assumptionon Local Dynamics

Let for be all instantaneouslo-
cationestimatesof eventsemittedby thevarioussources.This
includesthe desiredevents(speechsounds)as well as noise.

is a locationin space,while is a time
frameindex: . The notation designates
thesetof all locationestimates: .
For convenience,without lossof generality, we assumethe lo-
cationestimatesorderedin time:

(1)

Note that there can be multiple location estimatesper time
frame,i.e., .

Thenotation designatesaprobabilitydensityfunction(pdf)
or likelihood.Thenotation designatesaprobabilityor apos-
terior probability.For any pair of locationestimates ,
we de� nethetwo hypotheses.

• “ and correspondto sources.”
• “ and correspondto the source.”

The two hypothesesarecomplementary: .
Asapreliminaryexperiment,weraninstantaneousaudiosource
localizationwith a Uniform Circular Array (UCA) of micro-
phones[1] onrealdata[11], usingtheSteeredResponsePower
with PHAseTransform(SRP-PHAT) approach[46]. For each
locationestimate , is anestimateof thedirection
of an active acousticsource(azimuthin the horizontalplane).

Fig. 3. Histogramof azimuthanglevariations� � � over a two-framedelay
(jt � t j = 2 ) , onrealdata(recordingseq01 from [11]). Thesuper-imposed
curvesdepict thebi-GaussianmixturemodelobtainedthroughEM training.

We observed thevaluesof thedifference for shortde-
lays up to , where is a small numberof
time frames(e.g.,7). Fig. 3 displaysa typical histogramof lo-
cationvariations (in gray).Our interpretationis asfol-
lows:two locationestimates and eithercorrespondto the
samesourceor not.In the� rstcase , thedifference
is small: a sourcedoesnot move alot during a short time pe-
riod. Hencethezero-meancentralpeakin thehistogram.In the
secondcase , thedifference is random:thetrajec-
toriesof two sourcesareindependent,at leastin theshort-term.
We thereforeproposethe following modelfor local dynamics,
i.e., for :

(2)

where , and denotestheGaussianpdf
with mean andstandarddeviation . Although an intuitive
choicein the caseof would be a uniform distribution, we
optedfor a Gaussianto capturethedependency of on the
delay . Thisdependency wasobservedonrealdata;examples
canbefound in [35].

Thestandarddeviation accountsfor short-termvaria-
tions of locationestimatesdueto both local motion andmea-
surementimprecision.We arguethatthereis no needto distin-
guishthe two, aslong asthe analysisis restrictedto shortde-
lays . For eachdelay , , and can be
estimatedsimply, throughEM training [47] of a bi-Gaussian
mixture model,either on the entire data suchthat

, or in a blockwisefashionwhenthedatais pro-
cessedonline,asin SectionIII-A. Themeanof eachGaussianis
� xed to zero.AlthoughtheweightsarealsotrainedduringEM,
they arenot usedin therestof theprocess.Fig. 3 shows anex-
ampleof bi-Gaussianmixturemodel.

Theproposedmodelallowslocationdifferences to be
closeto zero,while and belongto two differentsources:

. Sucha situationmayhappenin reality, whenever two
sources’ trajectoriescrosseachother;seeSectionIV for further
discussionon this topic.
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Fig. 4. Two typesof clusters.This paperfocuseson (a) short-termclusters,
obtainedwith locationcuesonly. (b) Long-termclusteringrequiresadditional
cues,andis outof thescopeof thispaper.However, short-termclustering(STC)
was shown to beusefulfor long-termclustering[43].

The presentpaperreportstestsin 1-D space(azimuth).For
higherdimensions,e.g.,in sphericalor Euclidean coordinates,
onecouldsimply replace and with covariancema-
trices(diagonalshouldbesuf� cient).Therestof theapproach
presentedbelow is unaffectedby sucha modi� cation,because
it relieson probabilitiesonly (2).

B. Short-TermClustering(STC)

This paperis focussedon short-termclustering(STC),using
locationcuesalone.Givenavalue of , acluster
is “short-term” if it has“ timegaps” of atmost [Fig. 4(a)].
All otherclustersarecalled“ long-termclusters” [Fig. 4(b)].

Formally, a cluster is “short-term” iff

(3)

A partition of the data is
then“short-term” iff all clusters are“short-term.” We’ ll
denotethis propertywith

(4)

where is the setof all possibleshort-termpartitions of
thedata , for a givenvalue of .

C. Threshold-FreeMaximumLikelihoodClustering

Given thelocaldynamics(2), weproposeto detectandtrack
eventsas follows: � nd a short-termpartition of that
maximizesthelikelihoodof theobserveddata:

(5)

Notethatthenumberof clusters hasto beestimatedaswell.
Eachcluster containslocationsfor oneevent,e.g.,a
speechutterance.Wearenottryingtoproduceasingletrajectory
persource,but ratheranoversplittedsolutionwhere is
thenumberof individualevents,for examplespeechutterances.
Theexactvalue of is thusnot important:we ratherwantto
be sure that all locationestimateswithin eachcluster cor-
respondto thesamesource.However, de� ning oneclusterper
locationestimateobviously ful� lls this constraint,althoughit
is of little practicalinterest.Therefore,within eachcluster, we
would alsolike to have as many locationestimatesaspossible,
thatbelongto thesamesource.In otherwords,acriterionshould

Fig.5. Thistwo-clusterpartition
 = f ! ; ! g implicitly de� nessix localde-
cisionsH (i; j ) (dottedlines)andfour localdecisionsH (i; j ) (dashedlines).
In this particularcase,all location estimates(dots) are within a T time
window.

bederived from thedata-driven dynamicalconstraints(2), that
alsominimizes asmuchaspossible.

Over time, a sourcemay move while being unobservable
(e.g.,silent, moving speaker). Using locationcuesalone,it is
impossibleto determinewhetherlocationestimatesbeforeand
after the “silence” periodbelongto the samesource.In other
words,we canrelatelocationcuesin the short-termonly. We
thereforeproposeto maximizethefollowing “short-termcrite-
rion,” using a simplifying independenceassumptionbetween
all pairwisedifferences :

(6)

where is either or , dependingon
whetheror not and belongto thesamecluster in the
candidatepartition , as depictedby Fig. 5. Eachterm of the
productis expressedusing(2). Oneimportantcharacteristicof
thisapproachis thatit doesnotneedto explicitly modelthetrue
numberof sourceswhoseeventsareobserved.Therefore,com-
plex dynamicalconstraintsandassociatedbirth/deathrulesare
not needed.

Theproposedtask,toclusterobservations,fundamentallydif-
fersfrom particleor Kalman� ltering,which estimatea hidden
statevariablefrom the observations.In addition,� ltering usu-
ally relieson a conditionalindependenceassumptionbetween
consecutive observations,given the statevalues[48]. On the
contrary, theproposedSTCpreciselyconsistsin modelingde-
pendenciesbetweenseveralconsecutiveobservations,up to the
order .

III. OPTIMIZATION ALGORITHMS

The goal is to � nd a short-termpartition of the observed
location estimates that maximizes the criterion (6).
Evenshortrecordingscontainthousandsof locationestimates:

. It is thus untractableto try all possibleshort-term
partitions . SectionsIII-A andIII-B proposetractable,
suboptimalimplementations(onlineandof� ine).

A. Online: SlidingWindow(SW)

We proposeto � nd a suboptimalsolution by using a
slidinganalysiswindow, shiftedateachiterationby lo-
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TABLE II
ONLINE SLIDING WINDOW (SW) MAXIMUM LIKELIHOOD ALGORITHM. THE LIKELIHOOD OF A PARTITION IS ESTIMATED

WITH (6). LOCATION ESTIMATES ARE ORDEREDBY INCREASINGTIMES (t � t )

cationestimates,wherelocationestimates areorderedby
increasingtimes

(7)

TableII describesthealgorithm.Step1 is theinitialization: for
eachdelay , a bi-Gaussianmodelis � ttedon azimuthdiffer-
ences suchthat , asin SectionII-A. Steps
2, 3, andthe optionalStep4 constituteoneiterationof the al-
gorithm.Step2 selectsthemaximum-likelihood(ML) partition
of the locationestimatesin theset , independentlyof
all otherdata.Theset hasa � xed size , givenby the
user.Step3 mergessomeclustersof thepartitionof selected
atStep2,with someclustersin thepastset , againmaximizing
the likelihood. containsall locationestimateswithin
framesin thepast.Therecanbea variablenumberof location
estimatesfor eachtimeframe,thereforetheset hasavariable
size.TheoptionalStep4 updatesthebi-Gaussianmodelswith
recentlyseendata.The resultof this algorithmis an estimate

of theML short-termpartition of all
observeddata . Theentireprocessisonline,threshold-free,
and can be deterministic.2 As discussedin SectionII-C, this
processfundamentallydiffersfrom particleor Kalman� ltering.
In particular, theproposedapproachmodelsobservationdepen-
dencies(2) upto theorder , even in thecase .

Oneinterestof thisapproachis boundedcomputationalload.
For bothStep2andStep3,evaluatingacandidatepartition(Step
2) or a candidatemerge(Step3) following (6) is easilyimple-
mentedthroughasumin thelog domainover locationestimates
within (Step2) or (Step3).Thequestionis: how many
partitionsmustbeevaluated?

The total numberof partitionsevaluatedat Step2 is shown
in TableIII. For , thereareat most877 suchpar-
titions.As for Step3, theworstcasecomputationalcomplexity
was investigatedin [35], in thespecialcasewherethereis only
onelocationestimateper time frame:for , thereare
at most13327 possiblemerges.However, in the generalcase
investigatedhere,therecanbe multiple locationestimatesper
time frame,thusmany morepossiblemerges.In practice,this

2A deterministicinitialization of the EM training of the bi-Gaussianmodel
canbeused,similarly to [49].

TABLE III
SW ALGORITHM: NUMBER OF POSSIBLEPARTITIONS, FOR EACH POSSIBLE

NUMBER OF ELEMENTS (STEP 2 IN TABLE II)

situationis rarelyencountered,asit correspondsto acasewhere
mostlocationestimatesin areunrelatedtoeachother.Two
practicalsolutionscanbeused,favoringoversplitting.First,one
couldseta hardlimit on thenumberof partitionsthatarecon-
structedat Step3 (e.g.,10000),always including at least the
casewithoutany merge.Second,aheuristiccanbeusedtoprune
outmostof the“unlikely” merges,by forbiddingshort-termpar-
titions of theanalysiswindow, that include“new” decisions

whenever

(8)

where is a small value,e.g., . On testswith synthetic
data(SectionIV-B), we obtainedexactly thesameresultswith
pruningor without pruning.

B. Ofßine:SimulatedAnnealing(SA)Optimization

Alternatively, the proposedmodeling can be cast into a
Markov random� eld framework [51], by de� ning a label � eld

. is a randomvariabledenotingthe
label associatedwith observation . The actuallabel values
areunimportant,they canbe,for example,integers.We de� ne
a graph , where representsthe set of nodes,and
denotesthe neighborhoodsystem. is a neighborof if f

. A graph uniquelyde� nesashort-term
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TABLE IV
SA ALGORITHM: THE MRF OPTIMIZATION (IN PRACTICE � = 0 :97)

TABLE V
SA ALGORITHM: THE SIMULATED ANNEALING SA(E; � ) STEPS

partition . Given the observations , the goal is
to estimatethe label � eld that maximizesthe ML criterion
(6), or strictly equivalently, thatmaximizesthefollowing Potts
� eld [52]:

(9)

with

(10)

where is the set of pairwise cliques of the neighborhood
system , is the partition function (normalizationfactor),
and is theKronecker function,thevalue ofwhich is 1 when

, and0 otherwise.The arethePottscoef� cients,the
valuesof which dependon theobservationsandcanbederived
from (2) and(6)

(11)

Themaximizationof theprobability with respect
to thelabel � eld is equivalentto theminimizationof theen-
ergy function andcanbeconductedusingstandardtech-
niques.We adopteda simulatedannealingapproach[52], [53],
with Gibbssamplingandan exponentiallydecayingtempera-
ture,followedby aniteratedconditionalmode(ICM) [52], [53]

procedure,as describedin TablesIV and V.3 We considered
threealternatives,with differentinitializations .

• SA(1):Theinitial label� eld hasasinglelabelshared
by all nodes.

• SA(N): Theinitial label � eld hasonedifferentlabel
pernode.

• SA(SW-1):Theinitial label � eld is constructedin a
sequentialandcausalfashion:for eachnew observation,
we selectthe label that minimizes given all pre-
viousobservations.This initialization is strictly equivalent
to SW-1:theSW algorithmwith .

Theoutcomeof thesealternativesandontheirimpactonthecri-
terion,thenumberof short-termclusters,andtheperformance,
arediscussedin SectionVII-E.

IV. APPLICATION: THRESHOLD-FREE DETECTION

OF TRAJECTORY CROSSINGS

This sectionde� nesa con� dencemeasurefor eachpossible
individual decision ( or 1), andexplainshow it
allowsto detectanddealwith low con� dencesituationssuchas
trajectorycrossings.Thegoalis to illustratethe� exibility of the
proposedprobabilisticframework (6). It is relevant to contexts
wheretheeventsemittedby thevarioussourcesaresomewhat
“continuous” (e.g., acousticsignalsfrom vehicles[54]). The
taskinvestigatedhereis toextractpiecesof trajectoriesthateach
belongfor sure to asinglesource.Achieving this taskwouldbe
usefulasa � rst step,prior to Bayesiannetwork tracking[37],
for example.

We propose to use the posterior probability
as a con� dence measure for a given

local decision . Assumingequalpriors for all possible
short-termpartitions of theobserveddata , the
posteriorprobability of the local decisioncanbe expressedas
follows, for or 1:

(12)

where .
Section IV-A proposesto use this con� dence measureto
modify theML optimizationprocedure.

A. Threshold-FreeConÞdentClustering

We would like to determinewhen trajectoriescrossand to
split short-termclustersaccordingly.Fig.6(a)givesan example
of ML partition. and arevery close,it is thusnot clear
whichshort-termcluster and shouldideallybelongto. In
suchacase,theremayexist adifferentpartitionwith aclose-to-
optimal likelihood[Fig. 6(b)]. We proposehereto breakeach
short-termclusterthatcontains or into two “con� dent”
parts,andto createtwo separateone-elementclusters and

[Fig. 6(c)].
Let usassumethattheML criterion(6) leadsto thedecision

. “Con� dence” in the latter, is low on
Fig.6(a),andimplicitly, con� denceis low aswell for and

3Notethatany short-termpartitioncon� guration(
 2 � ) canbereached
with anonzeroprobability, which is a requirementof simulatedannealing.
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Fig.6. Exampleof low con� dencedecisionH (i; j ) atatrajectorycrossing.Eachdotis alocationestimate.A continuousline depictseachshort-termcluster! .

decisionsthatinvolve or . Weproposeto detect“ low con-
� dence” in a ML decision , by comparingit to all ML
decisions in thesameanalysiswindow . Formally, a
“ low con� dence” decisionis de� nedasverifying

(13)

where

(14)

For theSWalgorithm,“con� dentclustering” is implemented
by modifying Steps2 and3 in TableII asfollows.

• For all in theanalysiswindow (Step2)
or (Step3),estimate using
(12).For , we usethesetof all candidatepartitionsin

.
• Step2: whenever a decision given by theML al-

gorithm has“ low con� dence” (13), split in two partsthe
short-termclustercontaining , at time . Idemfor .
Additional one-elementclusters and arecre-
ated[Fig. 6(c)].

• Step3: whenever a decision given by theML al-
gorithm has“ low con� dence” (13), forbid any merge be-
tweeneachof the two short-termclusterscontaining
(resp. ), andany othershort-termcluster.

Con� dent clusteringrequires . Otherwise,with
, cancellationof a singleML merge (Step3) will

most often be replicatedin the future, thus resulting in an
unnecessarilylong seriesof one-elementclusters.We veri� ed
this phenomenonon thesamesyntheticdata astheoneusedin
SectionIV-B.

In the caseof SA, sinceonly someof the partitionsareex-
plored,adifferentimplementationmaybeneededto detecttra-
jectorycrossings.

B. MultisourceTracking Examples

Wegenerateddatathatsimulates“sporadic” and“concurrent”
eventsby restricting to have at most only one location
estimatepertimeframe , yetwith trajectoriesthat
look continuousenoughsothatit is still a trackingproblem.In
all testsequences,thenumberof activesourcesvariesover time,
andtrajectoriescrossseveraltimes.Thetaskis twofold.

• Task1: Frominstantaneouslocationestimates , build
thevarioustrajectoriesaccurately.

• Task2: Extractpiecesof trajectory(clusters),whereeach
piecesurelybelongstoasinglesource.Thisimpliesthatno
short-termclusterextendsbeyondany trajectorycrossing.

Fig. 7 comparestheresultof ML clustering(SW implemen-
tation, with and ) with the result of
thecon� dentclusteringdescribedin SectionIV-A. Althoughthe
ML clusteringcorrectlybuilds thevarioustrajectories(task1),
it producesarbitrarydecisionsaroundthepointsof crossing.On
thecontrary, con� dentclusteringcorrectlysplitsthetrajectories
at all crossingpoints(Task2).

Thus, con� dent clusteringcould be particularly useful to
createreliablepiecesof trajectories,which do not includeany
crossingpoint. Thesepiecesof trajectoriescanthenbe linked
usingapproachessuchasBayesiannetworks[37].

V. APPLICATION TO DETECTION-LOCALIZATION

OF MULTIPLE SPEAKERS

This sectionpresentsan integratedsystemfor detectionand
instantaneouslocalizationof multiple speakers,alongwith ex-
perimentalresultsonrecordingswith multiplemovingspeakers.
We show that the useof STC (SectionsII andIII) for speech/
nonspeech(SNS) classi� cationpermitsto achieve substantial
improvementsover frame-level approaches.Theresultinginte-
gratedsystemis usedasaplatformfor multispeaker trackingin
SectionVI, andfor multispeakersegmentationin SectionVII.

Since the focus of this paperis STC, the multisourcede-
tection-localizationsystemis summarizedasmuchaspossible
(SectionV-A). A detaileddescriptionof this implementationis
availablein [43].

A. InstantaneousMultisourceDetection-Localization

Zero, one, or more locationestimates arepro-
ducedat eachtime frame,where is theazimuthof anaudio
sourcewith respectto a microphonearray(Fig. 1), and the
frametime.“ Instantaneous” meansthateachtimeframeis pro-
cessedindividually. A two-stepapproachis used,asillustrated
by Fig. 8. First,a sector-basedpredetectionstep[49] limits the
searchspacetozero,oneormoresectorsof spacearoundthemi-
crophonearray.Second,theSRP-PHAT [46] localmaximumis
foundwithin eachactive sector, throughscaledconjugategra-
dientdescent[55]. Bothstepsrely onaGeneralizedCross-Cor-
relationwith PHAseTransform(GCC-PHAT) [56] representa-
tion of thedatato estimatethefollowing.

• The bandwidthoccupiedby the sourcesin a given sector
of space[8], which is then modeledin an unsupervised
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Fig. 7. ComparisonML clustering/con� dentclusteringon multiple sourcecases,wherethenumberof active sourcesvariesover time. Graydots:locationesti-
matesX (62.5Hz). Black lines:clusters! . We canseethat theML clusteringalgorithmtakesarbitrarydecisionsat trajectorycrossings.On thecontrary, the
con� dentclusteringcorrectlysplitstheshort-termclustersat eachtrajectorycrossing.A Matlabimplementationof short-termclustering(ML and con� dent,SW
implementation)canbefoundon thefollowing website,alongwith tensyntheticdataexamples:http://glat.info/ma/2006-short-term-clustering .

Fig. 8. Two-stepimplementationfor multisourcedetection-localization[43].
The eight dotsindicatethe locationsof themicrophones.(a) sector-basedde-
tection-localization.(b) gradientdescentwithin eachactive sector.

manner, usinga probabilisticframework [49]. A � nal bi-
nary decision[Fig. 8(a)] is taken usingautomaticthresh-
olding [49].

• TheSRP-PHAT metric [46] at a givenpoint of space,for
gradientdescent[43] [Fig. 8(b)].

The readeris referredto [43] for full details,freely available
code,andtestson realdatathatshow that this systemachieves
detection-localizationof up to three multiple simultaneous
speakers, with near real-time performance(implementation
called “FAST” in [43]). We useda 32-msframe length with
50%overlap(16-msframeshift).

B. Speech/Nonspeech (SNS)ClassiÞcation

Let us assumethat we have asystemfor instantaneousde-
tectionandlocalizationof multiple audiosources,asdescribed
above. “Audio sources” includenot only humanspeakers,but
alsonoisesourcessuchasa projector, a laptopandthevarious
reverberations,asshown in Fig.11(a).However, our� naltaskis
multi-speaker detection-localization,so it is neededto remove
thenonspeechlocationestimates[seetheresultin Fig.11(b)].In
otherwords,eachlocationestimatemustbeclassi� edasspeech
or nonspeech.In this paper, two systemsare investigated:the
SNSdecisionis takeneitherat thelocationestimatelevel ,
i.e., not usingcontext—or at theshort-termclusterlevel ,
i.e., usingcontext.

ÒIndividual SNSÓ: SNSDecisionfor Each Individual Loca-
tion Estimate Separately: As detailedin [43], we compare
to a thresholdthe posteriorprobability of having a wideband,
non-noisysignalemittedby thesourceat location andtime

. The thresholdis determinedwithout tuning, as in [49], to
matchauser-de� nedtargetof detectionfalsealarmrate(FAR),
for exampleFAR .

ÒCluster SNSÓ: SNSDecisionper Short-Term Cluster :
Whenashort-termclustercontainsmorethanonelocationesti-
mate,it is possibleto estimatethenon-stationarityof thewhole
short-termcluster, basedon a location-dependentway of ex-
tractingMFCC,detailedin [43]. A “speechcluster” is then
de� nedashaving thefollowing.



1704 IEEETRANSACTIONSON AUDIO, SPEECH,AND LANGUAGE PROCESSING,VOL. 15,NO. 5, JULY 2007

Fig. 9. Detection-localizationof multiple speakers,usingmicrophonearrays
(systemsSW-1, SW-7,andSA).

1) At leasttwo locationestimatescorrespondingto a wide-
band,non-noisysource( , , ). (Individual SNS
decisions.)

2) Non-stationarity above a threshold. In practice, this
thresholdis � xed anddoesnot requiretuning, dueto an
underlyingspectrumnormalization[43].

Two advantagescanbe expectedfrom clusterSNSover in-
dividualSNS.First,somecorrectlocationestimatesthatwould
not passthe “ individual” test,called “weakbut correct” esti-
mateshereinafter, maystill bepartof aspeechcluster, andthus
becorrectlydetected.Thus,morespeechshouldberetrieved,as
veri� ed in SectionV-D. Second,the non-stationaritymeasure
allows to excludemachinenoisesourcessuchasa projectoror
a laptop.This is usefulin themeetingenvironment,as reported
in SectionVII-D.

C. ExperimentalProtocol

To assesswhetherSTCis bene� cial to thedetectiondecision,
we comparedthe two SNS classi� cation systems(individual
versuscluster)using the sameunderlyinginstantaneousmul-
tisourcedetection-localizationsystem(SectionV-A, top block
in Fig. 9). We ranthetwo systemson eightreal indoorrecord-
ings from the freely available AV16.3 corpus[11]. Multiple
simultaneousspeakers are moving around a table, with an
eight-microphone,10-cm radius, UCA on its top (Figs. 1
and 10). Three cameraswere used to reconstructthe 3-D
ground-truthlocationof eachspeaker, with anerror inferior to
1.2 cm [11]. In theclusteringcase,we usedtheSW algorithm
with .

The focushereis correctdetection-localizationof multiple
moving speakers.For both systems,speechlocationestimates
arecomparedwith theclosestground-truthspeakerlocation.We
derive the following performancemetrics[43] on intervals on
which theground-truthlocationsof all speakersareknown:

• biasandstandarddeviation in degrees,to assess thepreci-
sionof the localization.

• thepercentageof detectedspeechthatwascorrectlylocal-
ized, i.e., within a small error margin (the margin is de-
rived from thebiasandthestandarddeviation,asdetailed
in [43]).

Fig. 10. Recordingseq45 from theAV16.3 Corpus[11], with threemoving
speakers. The eight-microphonearray is marked with an ellipse. The ball
markerswereusedto constructtheground-truthlocationof eachspeaker with
respectto 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. ResultsandDiscussion

From Fig. 11(a)and(b), onecanseethat the SNSdecision
usingshort-termclusterspermitstoremovemostof theincorrect
locationestimates,while keepingmostof the correctlocation
estimates.This is also visible in Fig. 11(c), which presentsa
three-speakercase.Notethatthegapsin theground-truthdonot
meanthataspeaker is silent,but simply thatthemouthlocation
was occludedon a camera—andthustheground-truthlocation
unavailable.

Table VI presentsthe overall detection-localizationresults.
Thepercentageof correctlocationestimatesis very similar for
bothmethods,but short-termclusteringclearly retrieves much
morespeechsignal.4 Indeed,asdiscussedin SectionV-B, each
short-termspeech clustercontainssome“weakbut correct” lo-
cation estimates,which would not passthe “ individual” test.
Thiscon� rmstheinterestof groupinglocationestimatesbefore
rejectingnoise.The price to pay is a slight decreasein local-
ization precision,probablydueto those“weak” locationesti-
mates.Thislossof precisioncananyway becompensatedfor by
smoothingthe trajectorydescribedby eachshort-termcluster,
e.g.,usingKalman� ltering [13], [57] or RTS smoothing[58],
asshown in SectionVI.

Overall, theproposedclusterSNSmethodallows to selecta
muchlargeramountof correctlocationestimatesascompared
to theindividualSNSmethod,while rejectingthesamepropor-
tion of incorrectones.This could be usefulasa prior stepto

4To obtain the same“Total detected” duration as for the cluster method
(699.0s), theindividualmethodcanbemadelessconservative. Thepercentage
correctthenfalls to 62.28%,with precisionbias0.375,std2.869.
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Fig. 11. Effect of thecluster-level SNSclassi� cation(SectionV-D). Grey dots:locationestimatesX , dashedlines:ground-truth(GT). TheGT of a speaker is
only availablewhenthemouthis visible on threecameras.Data:AV16.3Corpus[11] (onespeaker: seq11 , threespeakers:seq45 ).

trajectoryanalysis,asdonein [37]. SectionVII usesthecluster
SNSmethodfor meetingsegmentation.

VI. ADDITIONAL FILTERING FOR MULTISPEAKER

CONTINUOUS TRACKING

While SectionV investigatedthe detectionand the instan-
taneouslocalizationof multiple speakers, the presentsection
investigatesthe continuoustrackingof multiple speakers.We
proposeto infer a � lteredtrajectoryfor eachshort-termspeech
cluster (asde� nedin SectionV-B). Eachshort-termspeech
clusteris processedseparatelyasasinglesource,thusavoiding
all dataassociationissues.Theproposeddeterministicapproach
(STC, clusterSNS, then � ltering) is comparedto an existing
(stochastic)particle� lteringapproach[28], [29], whichdirectly
processesthelocationestimates .

A. ClusterSNSFollowedby Filtering (Cluster+Filter)

Eachshort-termspeechcluster is � lteredseparately.For
eachshort-termspeechcluster , for each , wereplace
thespatiallocationestimate with a � lteredestimate.Wepro-
posethreefully deterministic5 approaches:

Cluster+WMF: WMF standsfor weightedmean� ltering,
whereeach� lteredestimateis theseven-pointweightedmean
of . Eachweightis aprobabilityof speech,asestimated
in [43]. Thewindow size(seven points)was not tuned.

Cluster+KF: KF standsfor Kalman � ltering [13], [57], in
2-D statespace . The measurementnoisematrix [57]
was setto where is the 2 by 2 identity matrix, the
processnoisematrix [57] was setto , andthe
error covariancematrix [57] was initialized to .
Only oneparameterrequiredtuning .

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

B. ExistingParticle Filtering Approach (PF)

PF: We implementedan existing PF approachfor multiple
audiosources[28], [29].ThePFexplicitly addressesthedataas-
sociationissue,wherefor eachtimeframe,thenumberof audio

5STCis implementeddeterministically(SectionIII-A). SNSisalsodetermin-
istic [SectionV-B], aswell asthethree� lters(WMF, KF, andRTS).

sourcesandtheir locationsareestimatedfrom themultiple in-
stantaneousmeasurements . ThePFalsoincludesrulesfor
birthsanddeathsof audiosources.We used1000particlesfor
eachsource.In practice,weobservedthePFapproachtobevery
sensitive to thechosendynamicalparameters( and in [28],
[29]) aswell asto theinitialization of thespeedwhencreating
anaudiosource.For afair comparisonwith the“Cluster+Filter”
approaches,initialization of thespeedwas implementedusing
the next time frames.Finally, we had to post-process
theresultby thresholdingposteriorprobabilitiesof “existence”
[28], [29], to removespurioustrajectories.Weusedthesamepa-
rametervaluesasin [28], [29], exceptfor seven parametersthat
requiredtuning.Tuning involvedsubstantiallymoreteststhan
in the“Cluster+Filter” approaches.

PF+SNS:ThePFapproachin [28], [29] doesnotdistinguish
betweenspeechsourcesandnonspeechsources.ThePF+SNS
approachrejectsa nonspeechsourceusingtheexactsameSNS
classi� cationasfor a cluster (SectionV-B).

C. ResultsandDiscussion

Resultsare reportedin Table VII, using the samemetrics
as describedin SectionV-C. All “Cluster+Filter” approaches
substantiallyimprove the localizationprecisionas compared
to “Cluster” alone,especiallyin termsof standarddeviation.
PF andPF+SNSprovide a slightly smallerbias ( 0.1 ) than
“Cluster+Filter,” but a much larger standarddeviation ( 0.2
to 0.4 ). A possiblereasonis thestochasticnatureof thePF
approach,where the inferred trajectory sometimes“ jumps”
far away. This is not the caseof the three “Cluster+Filter”
approaches,which arefully deterministic.

In thecaseof a “jump,” thePFeventuallydestroys thecorre-
spondingsource(death)becauseit doesnotmatchobservations
anymore.ThePFalsocreatesnew source(s)thatmatchtheob-
servations(births),but it often requiresa few framesbeforea
new sourceis consideredto be“ fully existing” [28, Sec.2.4.5].
In ourunderstanding,thishysteresis-like behavior leadsto lose
muchspeech.This may be anexplanationfor the muchlower
“Total detected” durationfor PFandPF+SNS(� rst columnof
Table VII), as comparedto the “Cluster+Filter” 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 CORPUS[11]. WMF, KF,

RTS,PF, 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-
mates.Thisphenomenonis visibleby comparingthe“Totalde-
tected” and“Correctlylocalized” � guresof thePFandPF+SNS
approaches.

Overall, the “Cluster+Filter” approachseemsto besuperior
to thePFapproachon spontaneousmultipartyspeechin terms
of both detectionandlocalizationprecision,with several pos-
sible reasons.First, “Cluster+Filter” is implementedin a fully
deterministicmanner, whereasthestochasticnatureof PFper-
mitserroneous“ jumps.” Second,in “Cluster+Filter,” bothSTC
and� lteringarethreshold-free,thuspotentiallylesssensitiveto
tuningthanPF.6 Third, STCgroupslocationestimatesthatare
closeto eachotherbefore rejectingnoiseand� ltering,whereas
PFattemptsto do all at thesametime.7 Finally, STCdoesnot
attemptto extract long-term trajectoriesfrom the essentially
sporadicspontaneousspeech,whereasPFdoes,which leadsto
many births anddeaths.This behavior of PF differs from the
resultsshown in [29, Ch. 2], probablybecausethe latter only
testedcontinuousreadspeech.

VII. MEETING SEGMENTATION APPLICATION

In this section,we report experimentsconductedon real
meeting data recordedwith a UCA, the M4 Corpus [10].
We usethe systemdescribedin SectionV, with cluster-level
SNS classi� cation (the � ltering proposedin Section VI is
not necessaryfor this task).A comparisonwith close-talking
microphonesis given.Theseexperimentscanbeseenasamore
staticcounterpartto the moving speaker experimentsreported
above. Wewantto determinewhetherthesamesystemcancope
with bothstaticanddynamiccontexts. In theprevioussection,
the focus was on correctdetectionfor preciselocalizationof
multiple moving speakers. In this section,we focus on the
speechsegmentationtask: we have a precise time-domain
ground-truth,but an approximatespatialground-truth.

“Speechsegmentation” meansthatweareonly trying to sep-
aratethe differentspeakers in the short-term(where?when?).
The target is oneshort-termclusterper speechutterance.Re-
sults reportedin [43] show that the proposedspeechsegmen-
tation systemformsa strongbasisfor long-termspeaker clus-
tering(who?)with distantmicrophones,wherethetargetis only

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

7Groupingbeforedenoisingalreadyexplainedthesuperiorityof the“Cluster
SNS” methodover the“ Individual SNS” methodin SectionV-D.

oneclusterper speaker. However, it is out of the scopeof the
presentarticle.

The differencesbetweena previous work [59] and the ap-
proachpresentedhereareasfollows.

• Wearefocusingonthespeechsegmentationtaskonly, not
on thespeaker clusteringtask.

• We usedistantmicrophonesonly (no lapel).
• We segmenteachmeetingindependently.
• Theproposedapproachdoesnot rely on a hiddenMarkov

model(HMM).
On the contraryto the preliminary resultsreportedin [35],

all systemspresentedhereperformautomaticremoval of non-
speechsources(e.g.,projector).

A. TestData

Thetestcorpusincludes21shortmeetingsfrom thepublicly
availableM4 Corpus(http://mmm.idiap.ch).Thetotal amounts
to about2 h of multichannelspeechdata.Threemeetingswere
usedasa developmentset to tunepost-processingparameters
(SectionVII-D), andafterthat,18meetingswereusedasa test
setto evaluateperformancemetrics.

In thedata,peopleareseatedarounda table,andsometimes
standup andmove to thescreenfor a presentationusinga pro-
jector, or to the blackboard.In all meetings,an independent
observer provideda very precisespeech/silencesegmentation.
Becauseof this high precision,theground-truthincludesmany
veryshortsegments.Indeed,morethan50%of thespeechseg-
mentsareshorterthan1 s, as depictedin Fig. 12.

B. ProposedSystems

Wetestedseveralvariantsof thissystem,correspondingto the
differentoptimizationalgorithmsintroducedin SectionIII. The
onlinesystemsusetheslidingwindow algorithm,with

and either (SW-1) or (SW-7).
wasnot tuned,it wasonly chosento keepthecom-

putationalcostlow (TableIII). Wealsotestedtheof� inesystems
basedon SA.

In all cases we use maximum-likelihood clustering
(Section II-C) for this application.The con� dent clustering
describedin SectionIV-A is notnecessaryin thecaseof speech,
sincetrajectorycrossingsarerarelyseendueto thesporadicity
of speech.Con� dentclusteringis morerelevantto caseswhere
thesignalsaremorecontinuousin time (e.g.,vehicles[54]).

C. BaselineSystemUsingLapels

The proposedsystemsuse distant microphonesonly. We
comparedthem to a lapel-only baseline.The latter is an en-
ergy-basedtechniquethatselectsthelapelwith themostenergy
at eachframe andappliesenergy thresholdingto classify the
frameasspeechor silence.We tried to usezero-crossingrate
(ZCR) aswell, but it degradessigni� cantly thesegmentation
performance.Indeed,ZCR appearedvery sensitive to some
noisesfound in meetings,suchaswriting on a sheetof paper.
Therefore,results are reportedwith energy only. Note that
lapelshaveanSNRaround18.7dB, while distantmicrophones
have anSNRaround10.7dB (TableI).
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Fig. 12. Histogram of speechsegment durationsin the ground-truth(M4
Corpus[10]).

TABLE VIII
SEGMENTATION RESULTS ON THE M4 CORPUS. SW-1 AND SW-7USE
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. PerformanceMeasures

We evaluatedthe result of eachsystemas follows. For the
proposedsystems(SW-1,SW-7andSA),8 for eachspeechlo-
cationestimate,thecorrespondingtimeframe(32-mssegment)
is attributedto theclosesthumanspeaker in space(theground-
truth location(s)of eachspeaker areknown). Similarly, for the
lapel baseline,for eachlapel, eachspeechtime frame is at-
tributedto thespeaker wearingthelapel.For eachspeaker, the
resultingspeech/silencesegmentationis furtherpost-processed
with basicmorphologicaloperators[60]: dilation,erosion,clo-
sure,andopening,asin [39]. For eachsystem,post-processing
parametersaretunedto maximizetheF-measureon thedevel-
opmentset(threemeetings).Eachsystemis thenappliedonthe
testset(18meetings).Theperformancemetricsdescribedin the
following wereevaluatedfor eachmeetingseparately.Averages
acrossall meetingsarereportedin TablesVIII –X. As opposed
to previousresults[35], all systemsmustincludeautomaticre-
moval of nonspeechsourcessuchastheprojector.

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

• : total durationof all segmentsin a meetingwherea
speaker is speakingin bothresultandGT;

• : total durationof all segmentsin a meetingwherea
speaker is silent in bothresultandGT;

8To have afair comparisonbetweenonline andof� ine implementations,in
all casesweusedthesame� and� valuesfor eachrecording,obtained
throughEM � tting on thewholerecordingdataX .

• : total durationof all segmentsin a meetingwherea
speaker is speakingin theresult,but silent in theGT;

• : total durationof all segmentsin a meetingwherea
speaker is silent in theresult,but active in theGT.

Following [61], six metricsarede� ned,with valuesin [0,1]:
• FalseAlarm Rate:FAR ;
• FalseRejectionRate:FRR ;
• Half Total Error Rate:HTER FAR FRR ;
• Precision:PRC ;
• Recall:RCL ;
• F-measure: PRC RCL PRC RCL .

In the optimal case,FAR, FRR,andHTER areall equalto 0,
andPRC,RCL, andF areall equalto 1. The F-measureis a
harmonicmeanof PRCandRCL; therefore,a large value of
F-measurerequiresa largevaluefor bothPRCandRCL.

Wealsoreportresultsin termsof diarizationerrorrate(DER),
apercentagemetricde� nedby NIST [62]. As opposedto PRC/
RCL/F results,DER excludespart of the datafrom the eval-
uation:within a collar of 0.25 s aroundeachspeechsegment
end-point,resultsarenot evaluated.Moreover, silencesof less
than 0.300s are removed from both result and ground-truth.
TheDER is thende� nedasthepercentageof speechthatwas
wronglyattributed:DER MISS FA SPKR, whereMISS
andFA arethepercentagesof missedspeechandfalsealarms,
respectively, andSPKRis thepercentageof speechattributedto
thewrongspeaker.Full detailscanbefoundin [62].

In any case(PRC/RCL/For DER), it is important to bear
in mind that in this paperwe are only evaluatingthe speech
segmentationquality (oneclusterperutterance).An evaluation
of theapplicationof STCto speaker clustering(oneclusterper
speaker) is reportedin [43].

E. ResultsandDiscussion

Choiceof an OptimizationMethod: Fig. 13 presentsa com-
parisonof variousinstancesof SA, wheredifferent initializa-
tionsanddifferentvaluesof theinitial temperature aretried.
Resultsarereportedin termsof energy (10),� nalnumber
of clusters , andsegmentationperformanceF.To accommo-
datethevariouslengthsof themeetings,wehavenormalizedall
threemeasureswith respectto a referencemethod(SW-1):

• Normalizedenergy: for eachmeeting, ,
where is thenumberof termsin thesumin (10);

• Normalized log number of clusters: for each meeting,
;

• NormalizedF: for eachmeeting, .
Fig.13(a)showsthattheproposedcriterioniseffectively related
to the� nalsegmentationperformance:thelowertheenergy, the
highertheperformance.All lowestenergiesleadto verysimilar
performances.It could be concludedthat the dynamics(2), in
conjunctionwith theproposedcriterion (6), constrainthe type
of solution that can be obtained.Fig. 13(b) shows that mini-
mizing is highly correlatedwith minimizing , which
wasoneof theobjectivesannouncedin SectionII-C. Fig. 13(c)
showsthatahighinitial temperature leadstoaresultindepen-
dentfrom theinitialization,which is similar to thewell-known
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Fig. 13. Comparisonbetweendifferentoptimizationmethods:SW-1,SA(1),SA(N), SA(SW-1)(SectionsIII andVII-E). In (a) and(b) thereis onedot for each
triplet (meeting,SA( ) method,� value),that is 18 � 3 � 4 combinations.In (c), eachbarrepresentsmeanandstandarddeviation acrossthe18 meetings.All
valuesarenormalizedwith respectto SW-1(SectionVII-E).

propertyof simulatedannealingwhentemperaturedecreasesin
a logarithmic fashion[52].

Thediversityof behaviorsobservedfor alowerinitial temper-
ature canbe explainedasfollows: whenthe initial labeling
is ratherbad[SA(1) andSA(N)], sincethe local optimization
is pointwiseandpointsarevisitedat random(seeTableV), the
proceduretendsto accepttoo often the NewLabel tag, which
ultimately resultin a slightly oversegmentedsolution.This ef-
fect doesnot appearwhenusingtheSA(SW-1)solutionasthe
labelsaremuchmorestablebecausethelocal posteriorproba-
bility of theNewLabeltagis very low. Overall, resultswith the
lowestenergiesareobtainedusinga somewhatlow initial tem-
perature , andSA(SW-1).SW-1aloneprovidesclose-to-op-
timal results,in termsof energy. Thus,in thefollowing, results
arereportedfor SW-1only.

ComparisonWith Lapels: TableVIII gives thesegmentation
performanceonthetestsetfor SW-1andthelapelbaseline.The
proposedapproachSW-1 compareswell with the lapel base-
line, both in termsof F-measureandDER. The proposedap-
proachyieldsmajorimprovementon overlappedspeech.These
resultsareparticularlysigni� cant,given the high precisionof
the ground-truthandthe fact that we usedistantmicrophones
only. Indeed,close-talkinglapelsignalsareabout8-dBcleaner
thandistantmicrophonearraysignals,dueto thedifferenceof
distance(TableI). The decreasein precisioncanbe explained
by theautomaticSNSdecisionleadingto moreFalsePositives

as comparedto lapels,becausethe decisionis taken
withoutknowledgeof thenumberof speakers.On thecontrary,
thenumberof speakersis implicitly known in thelapelbaseline.

ComparisonWith a PreviousSpeaker ClusteringWork: We
alsocomparedour approachto a HMM-basedprevious work
[59], on a slightly different task: only six meetingsare seg-
mented,andthetaskexcludessilencessmallerthan2 s. There-
sultsreportedin TableIX show aclearimprovement.However,
thepreviouswork wasattackingawidertask:speechsegmenta-
tion andspeakerclustering.Thiscomparisonshowsthatwecan
obtaina very goodspeechsegmentationwith locationcues.

WindowSize: In TableVIII, thetwo resultsSW-1andSW-7
show that , thesizeof the“ future” window, hasverylittle
impactonthisapplication.However, thismaynotbethecasein

TABLE IX
COMPARISONWITH A PREVIOUSSPEAKERCLUSTERINGWORK: 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

SPEECH/NONSPEECHDECISIONS

othercontexts: for example,the con� dentclusteringapproach
introducedin SectionIV-A requires .

Interestof STC: As in SectionV-C, the samesegmentation
experimentswere also conductedwith the speech/nonspeech
decisiontakenfor eachlocationestimateindividually—without
short-termclustering.As reportedin TableX, theproposedSTC
methodclearly leadsto thebestresultsandis a lot lessdepen-
denton segmentationpost-processing..Finally, we notedthat
the nonstationaritytestmentionnedin SectionV-B effectively
removesall short-termclustersbelongingto theprojector.

Overall, the proposedSTC method allows to ful� ll two
goalsof this application:to obtainwith distantmicrophonesa
segmentationperformancecomparableto that obtainedwith
close-talkingmicrophones,and to handle multiple simulta-
neousspeakers in an appropriatemanner.It can serve as a
strongstartingpoint for unsupervisedspeaker clusteringwith
distantmicrophonesonly: [43] reportsresultssuperiorto that
of a state-of-the-artapproach.

VIII. CONCLUSION

Accuratesegmentationandtrackingof speechin a meeting
room is crucial for a numberof tasks,including speechac-
quisitionandrecognition,speaker tracking,andrecognitionof
higher-level events.

In this paper, we � rst describeda generic, threshold-free
schemefor short-termclusteringof sporadicand concurrent
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events.Themotivationbehindthis approachis thatwith highly
sporadicmodalitiessuchasspeech,it maynotberelevantto try
to outputasingletrajectoryfor eachsourceover theentiredata,
sinceit leadsto complex dataassociationissues.We proposed
hereto track in theshort-termonly, thusavoiding suchissues.
The coreof our approachis a threshold-freeprobabilisticcri-
terion. We describedan algorithmbasedon a sliding-window
analysis,spanninga context of several time framesat once.
It is online, can be fully deterministic,and can function in
real-timewhen using reasonablecontext durations .
It is unsupervised:local dynamicsareextractedfrom the data
itself, andthe short-termclusteringis threshold-free.We also
presentedinvestigationson theproblemof trajectorycrossings,
useful,e.g.,in the context of acousticvehicletracking[54] or
visual tracking[37]. In this context, experimentson synthetic
datahighlightedthe bene� t of processingseveral time frames
at once .

Second,we describedspeechspeci� c applicationsof this al-
gorithm.Short-termclusteringwasusedto build amultispeaker
detection-localizationsystemwith microphonearrays,which
wasthensuccessfullyappliedtobothdynamicandstaticrecord-
ingswith multiple simultaneousspeakers.In bothcases,short-
termclusteringpermitstodiscriminatebetweenspeechandnon-
speechin amuchmoreadvantageousmanner, ascomparedtoan
individualdecisionfor eachlocationestimate.Highly dynamic,
nonlinearhumanmotionsare well handledby the short-term
clusteringalgorithm. In particular, a comparisonwith of� ine
simulatedannealingoptimizationshows that the proposedon-
line implementationis suf� cient.In thecaseof multiplemoving
speakers, short-termclusteringfollowed by deterministic� l-
tering appearsclearly superiorto an existing multisourcepar-
ticle � ltering approach[28], [29].

In termsof � nal performance,short-termclusteringleadsto
a meetingsegmentationperformancewith distantmicrophones
only, close to 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-term,” a dramatic improve-
ment is seenon overlappedspeech,which is often found in
spontaneousmultiparty speech.These results validate the
short-termclusteringalgorithm,aswell as the idea ofrelying
on location cuesto obtain high precisionshort-termtracking
and speechsegmentationof multiple moving speakers. This,
in turn, permitsa muchwider rangeof applicationsthanwith
close-talking microphones,due to the nonintrusive aspect
of distant microphones.Investigations on the unsupervised
speaker clustering task with distant microphones[43] show
thatshort-termclusteringpermitsto obtainaspeakerclustering
performancesuperiorto thatof a state-of-the-artapproach.
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