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ABSTRACT

In many applications,like indexing of broadcastnews or surveil-
lanceapplications,theinput dataconsistsof a continuous,unseg-
mentedaudio stream. Speechrecognitiontechnology, however,
usuallyrequiressegmentsof relatively shortlengthasinput. For
suchapplications,effective methodsto segmentcontinuousaudio
streamsinto homogeneoussegmentsarerequired.
In this paper, threedifferentsegmentingstrategies(model-based,
metric-basedandenergy-based)arecomparedon thesamebroad-
cast news test data. It is shown that model-basedand met-
ric-basedtechniquesoutperformthe simpler energy-basedalgo-
rithms. While model-basedsegmentersachieve very high level
of segmentboundaryprecision,the metric-basedsegmenterper-
formes better in terms of segment boundaryrecall (RCL). To
combinethe advantagesof both strategies, a new hybrid algo-
rithm is introduced. For this, the resultsof a preliminary met-
ric-basedsegmentationare usedto constructthe modelsfor the
final model-basedsegmenterrun. The new hybrid approachis
shown to outperformtheothersegmentingstrategies.

1. INTRODUCTION

Thesegmentationof audiodatais of interestfor a broadclassof
applications,like surveillanceapplications,meetingsummariza-
tion or indexing of broadcastnews. In thiswork, wemainly focus
ontheindexing of broadcastnewsin thecontext of ourmultimedia
informationindexing andretrieval system’View4You’. Thegoal
of the View4You project is to provide contentbasednaturallan-
guageaccessto informationin TV news. For this,newsshows are
regularly collectedfrom public TV andtranscribedusinganASR
system.Thetranscriptionis usedasindex for the informationre-
trieval system.

Thereareat leastthreereasonswhy segmentationis requiredin
a broadcastnews indexing systemlike View4You. First, speech
recognition technologyusually requiressegmentsof relatively
shortlengthasinput. Any segmentationfor which the maximum
segmentlengthdoesnotexceedthecapabilityof thespeechrecog-
nizer, andthat avoidscuttingwithin words,satisfiesthis require-
ment.

Second,asspeakers tendto repeatwithin a given news show,
speaker adaptationschemescanbe usedto improve ASR perfor-
mance.This is usuallydoneby aninitial segmenterrun, followed
by a clusteringstepthattriesto groupsegmentsfrom onespeaker
together. Thespeakeradaptationfor agivensegmentis carriedout
usingall segmentsof the correspondingcluster. A segmentation
that is usedfor speaker adaptationneedsto have a high segment
purity, e.g. onesegmentshouldcontainonly onesinglespeaker
andacousticcondition.A speaker turn canbesegmentedinto two

or more segmentswithout harm, sinceover-segmentationis un-
problematicdueto theclusteringstep.

The third reasonfor segmentationin a BN retrieval systemis
userfriendliness.For a givenquerytopic, it is rarelyanappropri-
ateanswerto returnonecomplete,unsegmentednews show and
let theuserdecidewhichpartof it is of interest.Ideally, theinfor-
mationsystempresentsonly therelevantparts.For this, however,
thestartingpoint andlengthof eachstorymustbedeterminedby
thesegmenter. Sinceit is disturbingto have eithertoo shortseg-
ments,wherepartof the informationremainshidden,or too long
segmentswhereirrelevant informationis displayed,the segment
boundarymustmatchthestoryboundaryasexactlyaspossible.

Recently, several groups have investigatedthe problem of
segmenting broadcastnews in the context of ARPA’s hub-4
broadcastnews transcriptionand understandingevaluations([1]
[2][3][4][5 ][6][7][8]). Thegoalof thesegmentationin theARPA-
supportedexperimentswasmainly to provide a basisfor speech
recognition and speaker adaptation,not to find the true story
boundariesasrequiredby a retrieval system. For the View4You
segmentation,however, it is necessaryto find thetruestorybound-
aries,andthereforetheevaluationin thispapermeasureshow well
different segmentingapproachescan find the story boundaries.
Themaindifferenceto themorecommonsegmentpurity or word
error ratebasedsegmenterevaluationsis, that oversegmentation
matterin ourcase,but doesnotmatter(much)if segmentpurity or
WERis measured.

The differentapproacheswhich have beenusedin the ARPA
evaluationscanbecategorizedinto threeclasses[3]:� Model-basedsegmentation.Differentmodels,e.g. Gaussian

mixture models,are constructedfor a fixed set of acoustic
classes,suchasanchorspeaker, musicetc,a trainingcorpus.
The incoming audio streamcan be classifiedby maximum
likelihoodselection.Segmentboundariesareassumedwhere
achangein theacousticclassoccurs.� Metric-basedsegmentation.The audiostreamis segmented
at maximaof the distancesbetweenneighbouringwindows
placedin evenlyspacedtime intervals.� Energy-basedsegmentation. Silence in the input audio
streamis detectedeither by a decoderor directly by mea-
suringandthresholdingtheaudioenergy. Thesegmentsare
thengeneratedby cuttingtheinputat silencelocations.

All segmentingapproachesarereportedto work reasonablywell
for speechrecognitionandspeaker adaptation.However, no eval-
uationhasyet beencarriedout to examinehow well thedifferent
algorithmswork whenappliedto the problemof finding the true



storyboundaries.

In this paperwe presenttheresultsof a comparative evaluation
on a commontestset. Then,a new hybrid segmentationstrategy
is proposed,andtheresultsof thenew segmenterarecomparedto
thoseof thethreestandardapproachesmentionedearlier.

2. EVALUATION SETUP

All experimentshave beencarriedout in the framework of the
View4Youvideoindexing andretrieval system.

A detaileddescriptionof theView4Yousystemis givenin [10].

2.1. Database
The TV news shows are received from a television satelliteand
storedasMPEG-compressedfiles. Theaudiodatais compressed
with MPEGaudiolayer2 compressionat a datarateof 192kbit/s
and a samplingrate of 44.1 kHz. The recordedaudio signal is
sampleddown to a 16 kHz/16 bit PCM format which was used
throughoutall our experiments.Thevideopart of thesignalwas
notusedfor theexperimentsdescribedin thispaper.

To evaluatethe performanceof the different segmentingap-
proaches,four Germannews shows (dated03/30/97,04/13/97,
05/28/97and 06/30/97)were used. Eachof the news shows is
approximately15 minuteslong. The four shows weremanually
segmentedinto topic stories. If therewasa speaker changeor a
changefrom anchorspeaker to field speechwithin onetopic, an
additionalsegmentboundarywasintroducedat thelocationof the
change. The resultingmanualsegmentation,which canbe used
both for acousticadaptationandinformationretrieval, is takenas
thereferencefor theevaluation.
The referencecontained141 segmentboundaries,which corre-
spondsto anaveragesegmentlengthof approximately25seconds.

2.2. Evaluation metrics
The result of a segmentationcan containtwo possibletypesof
error. Type-I-errorsoccurif a truesegmentboundaryhasnotbeen
spottedby thesegmenter(deletion).Type-II-errorsoccurif afound
segmentboundarydoesnot correspondto a segmentboundaryin
thereference(falsealarm,or segmentinsertion).Theinformation
retrieval communityusestwo closely relatednumbers,precision
(PRC)andrecall(RCL). Precisionandrecallcanbeexpressedby
Type-I-errorrateandType-II-errorrate,andvice versa.They are
definedas

RCL � numberof correctlyfoundboundaries
total numberof boundaries

PRC � numberof correctlyfoundboundaries
numberof hypothesizedboundaries

Most segmentationalgorithmscan be madeto work at dif-
ferent operatingpoints. Eachoperatingpoint correspondsto a
(PRC,RCL)pair. As therelative costof amissedboundaryversus
thecostof a falsealarmdependsontheapplication,asegmenteris
fully characterizedby aplot of Precisionover Recallfor all possi-
bleoperatingpoints.Suchaplot is referredto as’receiveroperator
characteristic’.

Sometimesit is desirableto haveonesinglenumberfor theper-
formanceof an algorithm insteadof two. In suchcases,the F-
measure

�
is frequentlyused[13]. It canbeparameterizedto put

higherweightto eitherPRCor RCL. Theneutralparametrization,
wherePrecisionandRecallareweightedequally, is usedthrough-
out thiswork. F is definedas� � �����	�	
����	
�
�	�	
����	
�
 (1)

LikeRCL andPRC,it is boundedbetween0 and1.

The correctpositionof a segmentboundaryis not exactly de-
fined. In mostcases,two segmentsareseparatedby a shortpe-
riod of silence.Any segmentboundarywithin the silenceperiod
shouldbe regardedas correct. Therefore,a tolerance��� is de-
fined. If a segmentboundaryis hypothesizedwithin the time in-
terval ������������������� � ��� of thereferenceboundary��� , it is
judgedcorrect.For ourexperiments,wechose��� = 1.5s.

3. EXPERIMENTS

3.1. Energy-based segmentation
Energy-basedapproacheshavebeenwidely used(e.g.see[8], [4])
andareparticularlyeasyto implement.Basically, silenceperiods
in the input signalaredetected,andsegmentboundariesarehy-
pothesizedin suchsilenceperiodsif someadditionalconstraints
aresatisfied,likeminimumlengthof thesilenceperiod.

In our energy-basedsegmenter, thepower of theinput signalis
measuredevery 10 ms andsmoothedusinga 9-frameFIR filter.
The smoothingimplicitely imposesa minimumlengthconstraint
onthesilenceperiod.A thresholdis applied,andtheregionsof the
signalthat have their energy below the thresholdarecategorized
assilence.A segmentboundaryis assumedin thecenterof each
silenceregion.
In this segmentertype,theoperatingpoint canbeeasilyadjusted
by changingtheenergy threshold.
Thebestresultin termsof F-measureon thefour-show testsetis
shown in table1.

Algorithm RCL PRC F-measure
energy-based 0.62 0.54 0.58

Table 1. Performance of the energy-based segmenter

3.2. Model-based segmentation
In model-basedsegmentation[1][6], a setof modelsfor different
acousticclassesis definedandtrainedprior to segmentation.The
incomingaudiostreamis classifiedusingthemodels,usuallyim-
posingadditionalminimum classlengthconstraints.Boundaries
betweentheclassesareusedassegmentboundaries.Model-based
segmentationassumesknowledgeaboutthetypeof theaudiothat
is to besegmented.

In our model-basedsegmenter, a speechrecognizerwas used
with a four-word dictionary(’Anchor’, ’Field’, ’Music’ and ’Si-
lence’). The correspondingHMM statesuseddiagonalvariance
gaussianmixturemodels(GMMs) asemissionprobabilities.The
GMMs weretrainedontwo hoursof manuallylabelledaudio.The
audiodatausedfor trainingwasdisjunctfrom thefour newscasts
usedfor testing.Thenumberof mixturecomponentsperclasswas
chosenaccordingto table2. By duplicatingHMM states,a min-
imum word durationasshown in table2 wasenforced.No state
transitionprobabilitiesandno languagemodelwereused.

In theacousticpreprocessing,16 mel-spectralparameterswere
computedevery 50 msec,usinga 16 msecwindow. Althoughthis
parameterizationdoesnot make useof two thirdsof thesignal,it
performedequallywell ascomparedto a frameshiftof 10 msec,
but requiresonly onethird of the computingtime. Mel-cepstral
parametersled to performancedegradationandwerethereforere-
placedby the mel-spectralparameters.[1] proposedto perform
MLLR adaptationonthesegmentsresultingfrom thefirst run,and



class numberof mixtures minimumlength
anchorspeaker 128 5 sec
field speech 128 5 sec
music 32 2.5sec
silence 2 0.2sec

Table 2. Parameters for the model-based segmenter

thenre-runthesegmenterwith theadaptedmodels.However, us-
ing thismethoddid not improve theperformanceonourdata.

The’word’ boundariesin thehypothesisof therecognizerwere
usedassegmentboundaries.Differentoperatingpointscould be
achievedby changingthevalueof theword insertionpenaltydur-
ing thesearch:ahighword insertionpenaltyled to fewerwordsin
thehypothesisandhencefewersegmentboundaries.

The results for the operatingpoint yielding the highest F-
measureareshown in table3.

Algorithm RCL PRC F-measure
model-based 0.56 0.70 0.62

Table 3. Performance of the model-based segmenter

3.3. Metric-based segmentation
In metric-basedapproaches,two neighbouringwindows of rela-
tively small sizearemoved over the audiosignal. The similarity
betweenthecontentsof thetwo windows is computedusingadis-
tancefunction. Localmaximaexceedinga thresholdindicateseg-
mentboundaries.
Variousmetric-basedalgorithmsdiffer in thekind of thedistance
functionthey employ, thesizeof thetwo windows, thetime incre-
mentsof theshiftingof thetwo windows,andthewaytheresulting
similarity valuesareevaluatedandthresholded.
[7] proposedto useasymmetrizedKullback-Leiblerdistancemet-
ric. For two PDFs

���
and

���
describingthe two neighbouring

windows,thesymmetrizedKullback-Leiblerdistanceis definedas 
�!#"�$&%('�) � *� + , !#� � !.-/'103254 � � !.-6'� � !.-/' ��� � !.-6'703254 � � !.-/'� � !.-/' '981-
(2)

[7] usedsinglegaussiandistributionsto representeachof thetwo
windows. For gaussiandistributions

���
and

���
, thereis aclosed-

form solutionto (2).

[3] proposeda distancemeasureintroducedby Gish [9]. This
metric is basicallya likelihood ratio hypothesistest. The null
hypothesisassumesthat the datain both neighbouringwindows
hasbeenproducedby the samestochasticsource. The alternate
hypothesisassumesthat the datahasbeenproducedby different
sources.Thelikelihoodratio
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is usedto decidewhetherthenull hypothesisis true (no segment
boundaryis assumed)or not (a segmentboundaryis introduced).
For theactualcomputationof thelikelihoodsin (3), onemultivari-
atefull covariancegaussianmodelis estimatedoneachof thewin-
dows andon theunionof thetwo windows. Thethreshold,which
is usedto decidewhetherasegmentboundaryis introducedor not,
canbe determinedby an informationtheoreticalmeasure(mini-
mumdescriptionlengthMDL [12], Bayesianinformationcriterion
[3]). This approachhasthe advantagethat no thresholdsneedto

bedefinedandhencethealgorithmis robustagainstchangesof the
acousticconditions. In our experiments,however, the thresholds
determinedby MDL andBIC yieldedsignificantlylower F-scores
thanthe bestpossiblethresholdselection.Therefore,we did not
useMDL or BIC in ourexperiments.

The entropy losswhencodingthe two windows separatelyin-
steadof coding them with one global probability distribution is
definedas F 
G) � = �CBH�:IJ�CBH� � = �KIJ� � = ��IJ� (4)

where
I ,

is theentropy of theprobabilitydistribution
-

. Entropy
losshasbeenextensively usedasa distancefunction,e.g. for tri-
phoneclustering[11]. In this work, we investigatedits usefor
segmentation. In our implementation,a genericcodebookof 32
gaussiansis trainedoffline on all training data. The testdatain
eachwindow is vectorquantizedusingthis codebook.Theresult-
ing discreteprobabilitydistributionis usedto computetheentropyI ,

.

Theresultsachievedwith thethreedifferentdistancefunctions
aresummarizedin table4. Theentropy lossdoesnot seemto be
effective.

distancemetric RCL PRC F-measure
Kullback-Leibler 0.81 0.60 0.69
Gish-distance 0.80 0.63 0.70
Entropy loss 0.61 0.26 0.37

Table 4. Performance of the metric-based segmenters

3.4. Results
In thepreviousparagraph,thebestresultsachievedover all oper-
atingpointsof thevariousalgorithmswereshown. It is interesting
to see,which rangeof operatingpointscanbereachedby eachof
thealgorithms.Therefore,eachof thesegmentingalgorithmswas
run at severaloperatingpointsandtheresultingpairsof precision
andrecallwerecomputedon the4 newsshow testset.Theresults
areshown in figure1.
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Figure 1. Result of different segmenting algorithms

Theresultscanbesummarizedasfollows.� Model-basedand metric-basedalgorithms outperform the
simpleenergy-basedapproaches



� Model-basedsegmentersachieve high precisionat moderate
recall� Metric-basedsegmentersarecapableto achievehighrecallat
moderateprecision

4. THE HYBRID SEGMENTER

From the previous paragraphit canbe concluded,that a combi-
nationof model-basedandmetric-basedalgorithmscouldprovide
both thehigh recall of metric-basedalgorithmsandthe high pre-
cisionof model-basedapproaches.TheGishfunctionyieldedthe
bestperformanceandis thereforeusedasthedistancefunction.
Thefollowing new hybridsegmentingalgorithmwasexamined:

1. Choptheinputsignalinto many chunksof equallength

2. Performa bottom-upclusteringof thechunksusingtheGish
distancefunctionuntil N clustersremain

3. TrainaM-mixtureGMM modelfor eachof theN clusters

4. Run a model-basedsegmenterthat makesuseof the GMM
clustermodels

Wechosethechunklengthas1 second,
= ��L and M>��LON .

The model-basedsegmenterwasconstructedasdescribedin the
previous paragraph.As thereis no a-priori knowledgeaboutthe
type of datacontainedin eachcluster, all clustershad the same
minimumdurationof 1.5 secondsandthe samenumberof gaus-
sians(64). Theresultsof thefinal segmenterareshown in table5
andfigure2.

Algorithm RCL PRC F-measure
new hybrid 0.67 0.93 0.78

Table 5. Performance of the new hybrid segmenter
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Figure 2. Result of different segmenting algorithms

Exceptat veryhigh levelsof recall,thenew segmentationalgo-
rithm works significantlybetterthanall otherapproaches.Since
it doesnot requireany precomputedmodels,thealgorithmshould
robustlygeneralizeto unseentypesof audioinput.

5. CONCLUSIONS

Differentsegmentingstrategiesfor audiodatahavebeencompared
on a commonbroadcastnews datatestset. While simpleenergy-
basedworkedquitewell, they wereoutperformedby bothmodel-
basedandmetric-basedalgorithms.Model-basedalgorithmswere

shown to yield high precisionat moderaterecall,whereasmetric-
basedalgorithmsresult in high recall at moderateprecision. A
new hybridalgorithmis proposedthatcombinesmetric-basedand
model-basedtechniques. The new algorithm successfullycom-
binestheadvantagesof bothapproachesinto onesystem.
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