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ABSTRACT

In thispaper, wepresentafirstapproachtobuildanau-
tomaticsystemfor broadcastnewsspeaker-basedseg-
mentation. Basedon a Chop-and-Recluster method,
this systemis developedin the framework of the
THISL project. A metric-basedsegmentationis used
for the Chop procedureand differentdistanceshave
beeninvestigated.TheRecluster procedurereliesona
bottom-up clusteringof segmentsobtainedbeforehand
andrepresentedbynon-parametricmodels.Varioushi-
erarchicalclusteringschemeshavebeentested.Some
experimentsonBBC broadcastnewsrecordingsshow
that the systemcandetectreal speakerchangeswith
highaccuracy(meanerror & 0.7s)andfair falsealarm
rate(meanfalsealarmrate & 5.5%). The Recluster
procedurecanproducehomogeneousclustersbut it is
not alreadyrobustenoughto tackletoo complexclas-
sificationtasks.

1. INTRODUCTION

THISL (THematicIndexingof SpokenLanguage)' is
anESPRITLong TermResearchprojectthatis inves-
tigatingthedevelopmentof anews-on-demandsystem
usingspeechrecognition,naturallanguageprocessing
and text retrieval. The main goal is to build a sys-
temfor aBBC newsroomapplication: broadcastnews
recordingsaredaily recognizedandtranscriptionsare
indexedfor later informationretrieval[1, 2]. Accord-
ing to the requirementsof the BBC, the main indus-
trial advisorof theproject,theretrievalengineshould
beableto returntheidentityof thespeakerswithin the
sectionswhich correspondto any querysubmittedto
thesystem.Thus,theinputaudiostreamthatis recog-
nizedshouldbealsosegmentedaccordingto speaker
identity.

Automaticsegmentationof anaudiostreamis fre-
quentlyintroducedasanefficient methodto improve
performancesof adaptativespeechrecognizers.The
problemof acousticsegmentationhasbeenoften ad-
dressedfor a few years[7, 8, 11, 5, 6, 9] : it con-
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Figure1: Chop-and-Recluster algorithm for speaker
tracking in audio material.

sistsin clusteringaudiosegmentsinto homogeneous
clustersaccordingtospeakeridentity, backgroundcon-
ditions (e.g., cleanspeechor noisy speech)or chan-
nel conditions(e.g.,microphonespeechor telephone
speech).In the frameworkof the THISL project,we
are primarily concernedby identifying eachspeaker
individually every time he/shespeakswithin a pro-
gram. Speakertracking can broadly be definedas
segmentingandlabellinga spokenaudiostreamasso-
ciatedwith an unknownnumberof unknownspeak-
ers into homogeneousregionsaccordingto speaker
identity. In practice, “speaker” meansa speaker
with constantbackgroundandchannelconditions,be-
causeacousticchangesdo not necessarilycorrespond
to speakerchanges. If acousticchangesin broad-
castnewsprogrammes(e.g.,changefrom microphone
speechto telephonespeech,changefrom cleanspeech
to noisyspeech)maybecluesof speakerchanges,they
can also be very confusingfor a segmentationalgo-
rithm basedon acousticfeatures.On the otherhand,
it is hardto discriminatebetweentwo speakersif their
acousticfeaturesaretoosimilar.

Variousschemeshavealreadybeenproposedto
performautomaticsegmentationof anaudiostreamac-
cordingto speakeridentity. Thesealgorithmsaregen-
erallybasedonaChop or splitting procedurefollowed
by a Recluster or merging procedure.Therearemany
approachesto detectacousticspeakerchanges,asre-
portedin [6] :



Decoder-based splitting. The segmentsboundaries
are set accordingto information provided by
a recognizerwhich decodesthe spokenaudio
streamatfirst (e.g.,possiblespeakerchangesare
ateverysilencelocations).

Model-based splitting. If speakermodelsaretrained
beforehandfor everyspeaker, theaudiostream
canbeparsedin termsof thesemodels.Speaker
changes are identified as model decision
changes.

Metric-based splitting. The speaker changes are
foundat maximaof a distancesignalmeasured
betweentwo contiguouswindowsshiftedalong
thespeechsignal.

The first methodis really unadaptedto our problem,
while thesecondis unpraticalsinceno speakermod-
elsareavailablea priori. Thus,we decidedto imple-
mentthethird one. An acousticdistanceis computed
for everypairof windowsalongthespeechsignal.The
peaksaredetectedthanksto a two thresholdscriterion
: onethresholdfor minimumpeakvalueandanotherto
avoidtooclosechanges.

Oncesegmentsareavailable,theyaregroupedinto
clusterswhosemembersare hopefully as similar as
possible. As describedin [8], manyclusteringalgo-
rithmsmaybeimplemented,varyingfrom agglomera-
tive methodsto divisivemethods.Only resultsfor ag-
glomerativemethodsarepresentedin this paper. One
major problemof all theseclusteringschemesis the
stopcriterion. For theTHISL problem,it is assumed
that thenumberof speakersis knownfor eachbroad-
castnewsprogramme.Thus,themergingprocessis re-
peateduntil thenumberof groupsisequalto theknown
numberof speakers.Then,theelementsof suchapar-
tition canbe hand-labelledwith the true nameof the
speakersandthis informationcouldenrichtheindexed
database.

Thispaperisorganizedasfollows: in section2,we
describethesegmentationalgorithm(i.e., theChop or
splitting procedureandthe Recluster or merging pro-
cedure);in section3, someresultsaregiven for ex-
perimentsperformedto showtheeffectivenessof both
proceduresfor radiobroadcastnewsbulletinsprovided
by BBC. A full integratedsystemis testedandperfor-
mancesarediscussed.In section4, we compareour
systemwith previousworksandproposesomepossible
improvementsto ourfirst approachin orderto achieve
moreefficiencyandrobustness.

2. PROPOSED ALGORITHM

Thealgorithmproposedin thispaperrestsonametric-
based splittingtechnique,whichwasconsideredasthe
easiestoneto implementin our first approachto the
speakertracking problem. After splitting, a hierar-
chical clustering,also called bottom-up clusteringis
usedto mergesimilar segmentsinto desiredclusters.

As depictedin Figure1, bothproceduresarebasedon
acousticfeatures,which areMel-warpedcepstralfea-
tures.

2.1. Splitting Procedure

First, the speechsignal is expressedin terms of
acousticfeaturevectors. As classicallyfor metric-
basedsplittingmethod,thespeakerchangesarefound
at maxima of an acousticdistancesignal measured
betweentwo neighboringwindowswhich areshifted
along the speechsignal. Considerthe two collec-
tions of featurevectors )+*-, .0/�*132 154 '76989898 6 : and)<;=,>.0/?;1A@ 2 1 @ 4 'A6989898 6 : @ containingrespectivelythefea-
turevectorsfromtheleft windowandtherightwindow
aroundthe discretetime wherethe distanceis mea-
sured.As previouslyproposedin [4], aK-means clus-
tering is first performedover eachvectorcollection.
Membersof eachclusterareassumedtobedrawnfrom
amultivariateGaussiandistribution: ) *BDCFE"GIHJ * BLK7M * B�N
and ) ;O CPEQG0HJ ;O KAM ;O N whereR and S aretheclusterin-
dexesfor eachwindow. After estimatingthemeancol-
umnvector( HJ * B , HJ ;O ) andthefull covariancematrix( M * B ,M ;O ) for everyclusterin bothwindows,theacousticdis-
tancebetweenthe two collectionsof distributionsis
computedasfollows :T * ;U , V * ;V WYXDZ\[ B 6 O V * ;B9OXD]_^ B 6 O V * ;B�O (1)

where V * ;B�O , V * ; and V denoterespectivelya clusterdis-
tancebetweentheGaussianclusterR from theleft win-
dow and the Gaussiancluster S from the right win-
dow, a cluster distancebasedon a single Gaussian
clusterfor eachwindow, andthe meanof the previ-
ousdefineddistanceover all pairsof windows. Ac-
tually, the so-calledclusterdistanceis a distancebe-
tweentwo n-dimensionalGaussiandistributions.Sev-
eralclusterdistanceshavebeentestedlike in [3] : the
Kullback-Leibler (2) and the Bhattacharyya(3) dis-
tancesif full covariancematricesareassumed,or the
Mahalanobis(4), theEuclidian(5) andtheL2 (6) dis-
tancesif diagonalmatricesareassumed.ThedistanceV 'a` betweentwo Gaussiandistributions Ecb�G0HJ ' K7M ' N
and E ` G0HJ ` K7M ` N maybeexpressedas:V '�`:ed , bf G0HJ `hg HJ ' N�i�GjM=k '`ml M=k '' N5G0HJ `hg HJ ' Nl bf�npo GjM k '' M ` l M k '` M 'qg f\r N (2)

V '�`s
tqu , bv G0HJ `eg HJ ' N�iqGjM ` l M ' N k ' GIHJ `eg HJ ' Nl bfxw$y3z|{ M ' l M ` {f�} { M ' M ` { (3)

V 'a`~�u�t , b� G0HJ ` g HJ ' N i G�M ` M ' N7k ' G0HJ ` g HJ ' N, b� ��1A4 ' G J `7� g J 'L� N `� 'a� � `7� (4)



V 'a`�!��� , G0HJ `eg HJ ' Nai�G0HJ `hg HJ ' N, ��154 ' G J `7�=g J 'L� N ` (5)

V 'a`d�` , � ����<��� E ` G0HJ ` K7M ` N g E ' G0HJ ' KAM ' Np� ` V H� (6)

A closed-formexpressionexistsfor thedistancegiven
by (6) if Gaussiandistributionsareassumed.Namely,� V 'a`d�`�� ` , ��1A4 ' bf � 'a�\� � l ��1A4 ' bf � `7�\� �
l f ��1A4 ' b� f ��� � `'L�hl � ``���� [?� �¡¡¡¢ '`�£�¤�¥ �§¦�¨ �¦ ¥ ��© ¤ ¨ �§¦ ¥ �¦�¨ ��ª ¨« ¨¥ � © « ¨¨ �g>¬ ¤ ¨ ¥ �« ¨¥ � l ¤ ¨¨ �« ¨¨ ��­
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(7)

Oncetheacousticdistance(1) hasbeencomputed
for everypair of windows,it is processedto find rel-
evantmaximaaccordingto a two thresholdscriterion.
Thefirst thresholdcorrespondsto theminimumvalue
for detectinga peak.Thesecondthresholdguarantees
a minimum delay betweentwo consecutivechanges
andallows to eliminateadjacentchangesthat aretoo
close: only peakscorrespondingto the highestval-
uesarekeptwhile all otherpeakswithin thethreshold
aroundthesemaximaarediscarded.

To justify theuseof K-means clusteringovereach
window beforeestimatingthe acousticdistance,one
may suggestthat the clusteringwill increasethe dis-
criminantpower of the distance. For example(Fig-
ure2), weobservethattheexistingpeaksarestrength-
enedif the methodwith K-means clusteringis used.
Moreover, some peaks at no-changelocations are
lessdisturbingfor the peakdetector. Unfortunately,
clusteringthe featurevectorsbefore computingthe
acousticdistanceis very time-consuming.This com-
putationalburdendependson the numberof clusters
which shouldbe chosenjudiciously. In orderto fas-
tenthisclustering,thecentroidsof thecurrentanalysis
windowareinitializedwith thecentroidsof theprevi-
ousanalysiswindow. Working like this,we hopethat
strongadaptation(i.e.,CPU-consumingadaptation)of
thecentroidsis neededonly whenthereis asignificant
acousticchange.

2.2. Merging Procedure

Oncean audio track hasbeenchoppedinto speaker-
constantsegments,a hierarchicalclustering is per-
formedoverthesegments± ,>.�² ' K ² ` K0³I³0³5K ² d 2 which
aredescribedby theiracousticfeatures.At eachstepof
this agglomerativeclustering,thetwo nearestclusters
aremergedanda ´ -clusterspartitionof ± is obtained:µ ,¶.�· ' K · ` KI³0³I³5K ·�¸ 2 . It startswith ´¶,º¹ and · * ,² * Kp»�¼ , andterminateswith ´½, b and · ' ,¿¾!d* 4 ' ² * .
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Figure 2: (a) Acoustic signal, (b) acoustic distance
with 1-cluster windows and (c) acoustic distance with
3-clusters windows. In both case, a Bhattacharyya
cluster distance is used and window length, window
overlap and window shift are set respectively to 2.5s, 1s
and 50ms. There are 3 real speaker changes, the first
one corresponds to a change from microphone speech
to telephone speech.

Remindthat the numberof speakersE in eachpro-
grammeis assumedto beknown. Thus,theclustering
is stoppedoncea E -clusterspartitionof thesegments
is reached(i.e., for ´À, E ). Onemayhopethateach
clusterideally containssegmentsfrom one andonly
onespeaker. To applysuchaclustering,it is necessary
to defineanagglomerativeschemeanda distancebe-
tweentwosegments.First,eachsegment² * is replaced
by a non-parametricmodel(i.e., a codebook)Á * es-
timatedonceagainby K-means clusteringof the fea-
turevectorsassociatedto this segment.Thesegment
codebookis initializedwith onecentroid,themeanfea-
turevectorfor thecurrentsegment.Thisfirst centroid
is split into two newcentroidsandK-means clustering
is performed.After convergence,thecentroidsarebi-
narysplit andtheK-means is appliedonceagain.The
processcontinuesuntil thedesirednumberof centroids
is reachedandtheclusteringhasconverged. Thedis-
tancebetweenthetwo segments² * ¥ and ² * ¨ , givenby
their codebooksÁ * ¥ ,Â.0Ã * ¥Ä 2 Ä 4 '76989898 6 ÅhÆ ¥ and Á * ¨ ,.0Ã * ¨Ä 2 Ä 4 '76989898 6 ÅhÆ ¨ is definedasfollows (basedon[4]) :T * ¥ * ¨~ , Ç Å Æ ¥B 4 '=È * ¥B l Ç Å Æ ¨O 4 'ÊÉ * ¨OÇ B 6 O0Ë only for Ì Æ ¥Í�Î * 'B Î * `O l Ç B 6 O0Ë only for Ï Æ ¨ÐÑÎ * ¨O Î * ¥B (8)
with È * ¥B , XD]$^ O Î * ¥B Î * ¨O V B9O and É * ¨O , XD]_^ B Î * ¨O Î * ¥B V B�Owhere V B�O , Î ' B and Î ` O denoterespectivelytheEuclid-
iandistancebetweencentroidÃ * ¥B fromcodebookÁ * ¥andcentroid Ã * ¨O from codebookÁ * ¨ , numberof fea-

turevectorsfromsegment² * ¥ assignedtocentroidÃ * ¥B ,
and numberof featurevectorsfrom segment² * ¨ for
centroidÃ * ¨O .

Oncecodebookshavebeentrainedfor everyseg-
ment,thedistance(8) is measuredbetweeneverytwo
segmentsanda distancematrix is build. Variousag-
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Figure 3: Various distances between groups used in
neighborhood clustering schemes.

glomerativeschemes[10] havebeentested(seeFig-
ure3):

Single linkage The distancebetweentwo clustersis
definedasthedistancebetweentheirtwo closest
members(Figure3.(a)).

Complete linkage Thedistancebetweentwo clusters
is definedasthedistancebetweentheir two far-
thestmembers(Figure3.(b)).

Average linkage between groups The distance be-
tweentwo clustersis definedasthe averageof
thedistancesbetweenall pairsof members,one
segmenttakenin eachcluster(Figure3.(c)).

Average linkage within groups The distance be-
tweentwo clustersis definedasthe averageof
the distancesbetweenall pairs in the cluster
which would result from combining the two
clusters(Figure3.(d)).

3. EXPERIMENTAL RESULTS

3.1. Evaluation data

The speaker-basedsegmentationalgorithm proposed
in the previoussectionis testedwith broadcastnews
programmesprovidedbyBBC.Theseprogrammesare
completelytranscribedandhand-segmentedaccording
to speakeridentity, backgroundconditionsandchan-
nel conditionschanges.This evaluationdataconsists
of radio newsbulletins,about30 minuteslong each.
There are about 65 (min = 57, max = 77) speaker
changesalongeachprogramme.Themeannumberof
speakersper programmeis about34 (min = 29, max
= 39). As shownin Figure4, thetruesegmentlength
seemstobedistributedaccordingtoanunimodaldistri-
butionwith amodearound20s.It is alsointerestingto
mentionthatthesegmentsarenotallocateduniformly
amongthedifferentspeakersin aprogramme: thereis
generallyonemainnewsreaderwhospeaksalternately
with therestof thespeakers.Forexample,20segments
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Figure4: Observed distribution of the segment length
(mean length J = 27.4s and standard deviation � =
17.3s).

werepronouncedby themainnewsreaderwhile the30
otherspeakerssharedthe41 remainingsegmentsof a
61segmentsprogramme(i.e.,only 1 or 2 segmentsfor
everyspeakerexceptfor themainnewsreader).

Evenif a multiple sessionsprocessingis possible,
eachprogrammeis processedseparately. Both proce-
duresare basedon 24-dimensionalMel-warpedfea-
ture vectorscomputedfrom raw speech.Thesecep-
stralvectorsareextractedevery10mson30msanalysis
windows.

3.2. Splitting Procedure

Differentvaluesfor window length,window overlap
andwindow shift weretested.Someproposedto use
short windowswith no overlap[5] in order to max-
imize discrimination,while othersusedlonger win-
dowswith overlap[11]. We observedthat increasing
theseparametershasa globalsmoothingeffect on the
signaldistance,softeningthepeaks.Finally, window
length,window overlapandwindow shift arerespec-
tively set to 5s, 1s and50ms,asa trade-off between
speedandaccuracy. As alreadymentioned,the peak
detectionalgorithmalongthedistancesignalis based
on two thresholdswhicharenotsetautomaticallyand
dependon the distancedefinition. Thesetwo thresh-
olds arehand-tunedbut stayconstantfor everypro-
gramme.

Performancesof theChop procedureareexpressed
in termsof Detection Rate (percentageof truechanges
successfullydetected),False Alarm Rate (percentage
of changeserroneouslydetected)andMean Detection
Error (meanerrorbetweenestimatedandtruechanges
times)asa functionof Tolerance definedasthemaxi-
mumtimeintervalacceptedbetweendetectedandtrue
changes.

As shown in Figure 5, the splitting algorithm
candetectspeakerchangeswith reasonableaccuracy,
whatevertheclusterdistanceis. Thenumberof peaks
admittedasrealspeakerchangesdependsonthemax-
imum acceptabledelay(i.e., tolerance). Clearly, the
meandetectionerrorstayslow evenif youincreasethe
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Figure5: Mean Detection Error versus Tolerance for
various cluster distances used in the Chop procedure.

Clusterdistance DET rate[%] FA rate[%]
KL 93.4 4.9

BHA 96.6 6.1
MAH 93.5 5.3
EUC 94.2 5.4
L2 95.8 5.9

Table 1: Comparison of detection rates (DET) and
false alarm rates (FA) for various cluster distances
used in the splitting procedure (Tolerance = 1s).

tolerance.This meansthatnot manynewchangesare
addedfor highertoleranceandtheyjustcanbeseenas
outliers.However, themajordrawbackof thismethod
is thefalsealarmrate(seeTable1) : thethresholdsof
thepeaksdetectionalgorithmhaveto besmallenough
not to misstoo muchrealchanges.Consequently, the
peaksdetectoris triggeredoff toooften.

3.3. Merging Procedure

Themerging procedurehasbeenperformedwith true
segmentsfor eachprogrammeseparately. The non-
parametricrepresentationsfor every segment² * areÒ * -clusterscodebooks.The codebooksize

Ò * must
be chosenasa trade-off betweencomputationalbur-
denandsuitablesegmentrepresentation(i.e.,minimal
admissibledistortionshouldbeguaranteed).

Ò * is set
to 20 in our experiments.If a clusterlabelis assigned
to themostrepresentedspeakerwithin this cluster, its
purity maybedefinedastheratiobetweenthenumber
of segmentsfrom thisspeakerto thetotalcountof the
cluster. We observethatour clusteringalgorithmcan
produceclusterswith high purity. All agglomerative
schemesseemtoworkequivalently(seeFigure6). No-
ticethatmostpartof the50%-purityclustersaregroup-
ing two segmentsfrom two different speakers,who
generallyspokenonly onetime, andareerroneously
mergedtooearlyduringtheclusteringprocedure.Be-
yond theseresults,Table2 showsclassificationrates.
Theseresultstakeinto accountonemoreconstraint:
therecanbeonly oneclusterfor eachspeakerin thefi-
nal partition(i.e., theclusterlabel is not necessaryas-
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Figure 6: Cluster purities for 4 merging schemes :
(a) single linkage, (b) complete linkage, (c) average
linkage between groups, (d) average linkage within
groups.

Mergingscheme Classificationrate[%]
Singlelinkage 69.2

Completelinkage 69.7
Averagebetweengroups 72.3
Averagewithin groups 73.1

Table2: Comparison of classification rates for 4 merg-
ing schemes.

signedto themostrepresentedspeaker).It is alsoob-
servedthat the mostoftenmisclassifiedsegmentsare
theshortestones,maybebecausetheir codebooksare
notasufficientlygoodrepresentationof theirspeakers.

Notice that thedifficulty of theclassificationtask
grows as the numberof segmentsand the number
of speakersincrease. For example,a less complex
4-speakers/6-segments(i.e., 24 segments)problemis
generallysolvedperfectly, producing4 pureclusters.

3.4. Complete Procedure

Finally, thefull algorithmisappliedto theBBCrecord-
ings: themerging procedureis directlyfedby theseg-
mentboundariesextractedby the splitting procedure.
The recordingsare still processedseparately. The
Bhattacharyya(3) clusterdistanceis usedto chopthe
audiostreamsandthe average linkage within groups
schemeis chosenfor reclusteringthesegments.Such
algorithmsaregenerallyusedto enhancethe perfor-
mancesof unsupervisedadaptationfor speechrecog-
nition [7, 11, 6, 9]. Hence,performancesare given
in termsof error ratesreduction. Sincewe areonly
concernedby the speaker-basedsegmentationprob-
lem,we do not producesuchresults.We just observe
thatthefinalsegmentationisalwaysworsethantheone
obtainedwith only truespeakerchanges.Becauseof
theextrafalsechanges,thenumberof segmentsis in-
creasedleadingto a morecomplextask. As thereare
moreshortersegmentsandtheboundariesarenotwell
defined(i.e., featurevectorsfrom multiplespeakersin
thesamesegment),thecodebooksarelessdiscriminant



andtheclusteringprocessis moreconfused.

4. DISCUSSION

Siegler et al. [11] proposeda segmentationalgo-
rithm basedon a Kullback-Leiblermetricasacoustic
distance. Using also a thresholdmethodto detect
acousticchanges,theyreporteda64.0%detectionrate
on the DARPA’96 HUB4 evaluationtest set. Beigi
et al. [5] useda similar splitting methodbut with a
morediscriminantdistanceandobtaineda 70.0%de-
tectionratewith theDARPA’95 HUB4 data. Chenet
al. [6] appliedamaximumlikelihoodmethodbaseona
Bayesianinformationcriterionto performeithersplit-
ting andclustering. For the DARPA’97 HUB4 data,
theiralgorithmdetected91.5%of thetruechangeswith
a2stoleranceandonly a4.1%falsealarmrate.Tested
on the DARPA’96 HUB4 data(824 segmentsfor 28
speakers),their clusteralgorithmproducedautomati-
cally 31 clusterswith high purity ( & 92.0%). In all
theseworks,only cepstralfeatureswereused.

Comparingto thesepreviousresults,ouralgorithm
seemsto work reasonablywell. Howeversomeim-
provementsarenecessary. For example,the splitting
procedureshouldbemademoreefficientandaccurate.
The thresholdsof the peakdetectorshouldbe data-
drivenandtunedautomatically. Moreover, the merg-
ing procedureis not robustenoughandunadaptedto
complextasks. This last problemmay be addressed
by usingbetterspeakermodelsto representthe seg-
mentsor more advancedclusteringschemes.Up to
now, the full processis very time consumingbecause
of the computationallyexpensiveK-means clustering
which is performedin both procedures.Decreasing
window sizeandincreasingwindow shift in thesplit-
ting procedure,anddecreasingthenumberof centroids
in the segmentcodebooksin the merging procedure,
arenot thesolution. Thus,it suggestsonceagainthat
better(i.e.,morespeakerdiscriminant)acousticrepre-
sentationsshouldbeusedfor theanalysiswindowsand
thesegments.

5. CONCLUSION

Thispaperpresenteda speaker-basedsegmentationof
broadcastnewsrecordings,which is developedin the
frameworkof theTHISL project. This speakertrack-
ing systemis basedonChop-and-Recluster algorithm.
The splitting procedurerestson a metric-based tech-
niquedetectingspeakerchangesasmaximaof a dis-
tancesignalmeasuredbetweentwo windowsshifted
along the audio stream. Once the Chop procedure
hasbeendone,theextractedsegmentsareReclustered
using an agglomerativeclusteringmethodbasedon
neighborhoodschemes.To doso,eachaudiosegment
is representedby anon-parametricmodel(i.e.,acode-
booktrainedwith thefeaturevectorsbelongingto the
segment). Many differentacousticdistancesfor the

splitting procedureweretestedandvarioushierarchi-
cal clusteringschemeswereappliedfor the merging
procedure.Evenwith agooddetectionrate( & 95.0%)
of the true speakerchanges,a fair accuracy( & 0.7s)
on boundariesand a reasonablefalse alarm rate ( &
5.5%),the full procedurelacksrobustnessto produce
only highpurity groupsandhighclassificationratefor
the typical task (65 segments/ 35 speakersfor each
broadcastnewsrecording).
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