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ABSTRACT

In mary applications|ike indexing of broadcashews or suneil-
lanceapplicationsthe input dataconsistf a continuousunsey-
mentedaudio stream. Speechrecognitiontechnology however,
usuallyrequiressegmentsof relatively shortlengthasinput. For
suchapplicationseffective methodso segmentcontinuousaudio
streamsnto homogeneousegmentsarerequired.

In this papey threedifferentsegmentingstrat@ies (model-based,
metric-base@ndenegy-basedarecomparedn the samebroad-
cast news test data. It is shavn that model-basedand met-
ric-basedtechniquesoutperformthe simpler enegy-basedalgo-
rithms. While model-basedegmentersachieve very high level
of sggmentboundaryprecision,the metric-basedsementerper
formes better in terms of segmentboundaryrecall (RCL). To
combinethe adwantagesof both stratgies, 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
shavn to outperformthe othersggmentingstrateies.

1. INTRODUCTION

The segmentationof audiodatais of interestfor a broadclassof
applications like suneillance applications,meetingsummariza-
tion or indexing of broadcashews. In this work, we mainly focus
ontheindexing of broadcashensin thecontet of our multimedia
informationindexing andretrieval system'View4You'. Thegoal
of the View4You projectis to provide contentbasednaturallan-
guageaccessgo informationin TV news. For this, nens shavs are
regularly collectedfrom public TV andtranscribedusingan ASR
system.Thetranscriptionis usedasindex for theinformationre-
trieval system.

Thereareat leastthreereasonsvhy segmentations requiredin
a broadcashews indexing systemlike View4You. First, speech
recognition technology usually requiressegmentsof relatively
shortlengthasinput. Any segmentatiorfor which the maximum
segmentlengthdoesnot exceedthe capabilityof thespeectrecog-
nizer, andthat avoids cutting within words, satisfiesthis require-
ment.

Second,as speakrstendto repeatwithin a given nevs shaw,
spealkr adaptatiorschemeganbe usedto improve ASR perfor
mance.Thisis usuallydoneby aninitial sggmenterrun, followed
by a clusteringstepthattriesto groupsegmentsfrom onespealer
together Thespeakr adaptatiorfor agivensegmentis carriedout
usingall sggmentsof the correspondingluster A segmentation
thatis usedfor speakr adaptatiomeedsto have a high segment
purity, e.g. onesggmentshouldcontainonly onesingle spealer
andacousticcondition. A spealkr turn canbe segmentednto two

or more sggmentswithout harm, since over-segmentationis un-
problematicdueto the clusteringstep.

The third reasonfor segmentationin a BN retrieval systemis
userfriendliness.For a givenquerytopic, it is rarelyanappropri-
ateanswerto returnone complete,unsgmentednevs shav and
let theuserdecidewhich partof it is of interest.ldeally, theinfor-
mationsystempresent®nly therelevantparts. For this, howvever,
the startingpoint andlengthof eachstory mustbe determinedy
the segmenter Sinceit is disturbingto have eithertoo shortsey-
ments,wherepart of theinformationremainshidden,or too long
segmentswhereirrelevant informationis displayed the sgment
boundarymustmatchthe storyboundaryasexactly aspossible.

Recently several groups have investigatedthe problem of
segmenting broadcastnews in the context of ARPA’'s hub-4
broadcasnews transcriptionand understandingvaluations([1]
[2][31[41[51[6][71[8]). Thegoalof thesegmentatiorin the ARPA-
supportedexperimentswas mainly to provide a basisfor speech
recognition and speakr adaptation,not to find the true story
boundariesasrequiredby a retrieval system. For the View4You
segmentationhowever, it is necessaryo find thetruestorybound-
aries,andthereforethe evaluationin this papemeasurefown well
different sggmentingapproache<an find the story boundaries.
Themaindifferenceto the morecommonsegmentpurity or word
error rate basedsegmenterevaluationsis, that oversgmentation
matterin our case put doesnotmatter(much)if segmentpurity or
WERIis measured.

The differentapproachesvhich have beenusedin the ARPA
evaluationscanbe cateyorizedinto threeclasse$3]:

e Model-basedegmentation.Differentmodels,e.g. Gaussian
mixture models,are constructedor a fixed setof acoustic
classessuchasanchorspeakr, musicetc,atrainingcorpus.
The incoming audio streamcan be classifiedby maximum
likelihoodselection.Segmentboundariegreassumedavhere
achangen theacousticclassoccurs.

e Metric-basedsegmentation. The audio streamis sgmented
at maximaof the distanceshetweenneighbouringwindows
placedin evenly spacedime intenals.

e Enegy-basedsggmentation. Silencein the input audio
streamis detectedeither by a decoderor directly by mea-
suringandthresholdinghe audioenegy. The sggmentsare
thengeneratedby cuttingtheinput at silencelocations.

All sgmentingapproachearereportedo work reasonablyvell
for speechrecognitionandspealkr adaptation However, no eval-
uationhasyet beencarriedout to examinehow well the different
algorithmswork whenappliedto the problemof finding the true



storyboundaries.

In this paperwe presenthe resultsof a comparatie evaluation
on a commontestset. Then,a new hybrid segmentationstrateyy
is proposedandtheresultsof the new sggmenterarecomparedo
thoseof thethreestandardapproachementioneckarlier

2. EVALUATION SETUP

All experimentshave beencarriedout in the framework of the
View4Youvideoindexing andretrieval system.
A detaileddescriptiorof the View4You systemis givenin [10].

2.1. Database

The TV news shavs arereceved from a television satelliteand
storedasMPEG-compressefiles. The audiodatais compressed
with MPEG audiolayer2 compressiorat a datarateof 192kbit/s
and a samplingrate of 44.1 kHz. The recordedaudio signalis
sampleddown to a 16 kHz/16 bit PCM format which was used
throughoutall our experiments.The video part of the signalwas
notusedfor the experimentslescribedn this paper

To evaluatethe performanceof the different segmentingap-
proaches four Germannews shavs (dated03/30/97,04/13/97,
05/28/97and 06/30/97)were used. Eachof the news shaws is
approximatelyl5 minuteslong. The four shavs were manually
segmentedinto topic stories. If therewasa spealkr changeor a
changefrom anchorspeakr to field speechwithin onetopic, an
additionalsggmentboundarywasintroducedat thelocationof the
change. The resultingmanualsegmentationwhich canbe used
bothfor acousticadaptatiorandinformationretrieval, is takenas
thereferencdor the evaluation.
The referencecontained141 sggmentboundarieswhich corre-
sponddo anaveragesegmentlengthof approximately25 seconds.

2.2. Evaluation metrics

The resultof a sggmentationcan containtwo possibletypes of
error. Type-l-errorsoccurif atruesegmentboundaryhasnotbeen
spottedoy thesegmenterdeletion).Type-II-errorsoccurif afound
segmentboundarydoesnot correspondo a segmentboundaryin
thereferencgfalsealarm,or sggmentinsertion). Theinformation
retrieval communityusestwo closely relatednumbers precision
(PRC)andrecall (RCL). Precisionandrecallcanbe expressedy
Type-l-errorrateand Type-ll-errorrate,andvice versa. They are
definedas

numberof correctlyfoundboundaries

total numberof boundaries
_numberof correctlyfoundboundaries

PRC= numberof hypothesizedoundaries

RCL =

Most sggmentationalgorithmscan be madeto work at dif-
ferent operatingpoints. Eachoperatingpoint correspondgo a
(PRC,RCL)pair. As therelative costof a missedboundaryersus
thecostof afalsealarmdepend®ntheapplication asegmenteiis
fully characterizethy a plot of Precisionover Recallfor all possi-
ble operatingpoints. Suchaplotis referredto as’recever operator
characteristic’.

Sometimedt is desirabldo have onesinglenumberfor the per
formanceof an algorithminsteadof two. In suchcasesthe F-
measurer’ is frequentlyused[13]. It canbe parameterizetb put
higherweightto eitherPRCor RCL. The neutralparametrization,
wherePrecisionrandRecallareweightedequally is usedthrough-
outthiswork. F is definedas

_ 2% PRC* RCL

F= PRC + RCL @)

Like RCL andPRC,it is boundedetweerD and1.

The correctpositionof a sgmentboundaryis not exactly de-
fined. In mostcasesiwo segmentsare separatedby a shortpe-
riod of silence. Any segmentboundarywithin the silenceperiod
shouldbe regardedas correct. Therefore,a toleranceAt is de-
fined. If a sgmentboundaryis hypothesizedvithin thetime in-
tenal to — At < t < to + At of thereferencéboundaryto, it is
judgedcorrect.For our experimentsye choseAt = 1.5s.

3. EXPERIMENTS

3.1. Energy-based segmentation

Enegy-basedpproachebhave beenwidely used(e.g.se€]8], [4])
andareparticularlyeasyto implement.Basically silenceperiods
in the input signal are detectedand segmentboundariesare hy-
pothesizedn suchsilenceperiodsif someadditionalconstraints
aresatisfied]ike minimumlengthof the silenceperiod.

In our enegy-basedsegmenterthe powver of the input signalis
measuredvery 10 ms and smoothedusing a 9-frameFIR filter.
The smoothingimplicitely imposesa minimum length constraint
onthesilenceperiod.A thresholds applied,andtheregionsof the
signalthat have their enegy below the thresholdare cateyorized
assilence. A sggmentboundaryis assumedn the centerof each
silenceregion.

In this sggmentertype, the operatingpoint canbe easilyadjusted
by changinghe enegy threshold.

The bestresultin termsof F-measur@n the four-shav testsetis
shavn in tablel.

RCL
0.62

PRC
0.54

F-measure|
0.58

Algorithm
enepgy-based

Table 1. Performance of the energy-based segmenter

3.2. Model-based segmentation

In model-basedegmentation1][6], a setof modelsfor different
acousticclassess definedandtrainedprior to segmentation.The
incomingaudiostreamis classifiedusingthe models,usuallyim-
posingadditionalminimum classlength constraints.Boundaries
betweertheclassesreusedassegmentboundariesModel-based
segmentatiorassumegnowledgeaboutthe type of theaudiothat
is to besggmented.

In our model-basedegmenter a speechrecognizerwas used
with a four-word dictionary 'Anchor’, 'Field’, 'Music’ and’Si-
lence’). The correspondindiMM statesuseddiagonalvariance
gaussiamixture models(GMMs) asemissionprobabilities. The
GMMs weretrainedon two hoursof manuallylabelledaudio. The
audiodatausedfor training wasdisjunctfrom the four nevscasts
usedfor testing. Thenumberof mixture componentperclasswas
choseraccordingto table2. By duplicatingHMM statesa min-
imum word durationasshawn in table 2 wasenforced. No state
transitionprobabilitiesandno languagenodelwereused.

In the acousticpreprocessingl6 mel-spectraparametersvere
computecevery 50 msec,usinga 16 msecwindow. Althoughthis
parameterizatiodoesnot make useof two thirds of the signal, it
performedequallywell ascomparedo a frameshiftof 10 msec,
but requiresonly onethird of the computingtime. Mel-cepstral
parameterged to performancalegradationandwerethereforere-
placedby the mel-spectraparameters.[1] proposedo perform
MLLR adaptatiorontheseggmentsresultingfrom thefirstrun,and



class numberof mixtures | minimumlength
anchorspealer 128 5sec

field speech 128 5sec
music 32 2.5sec
silence 2 0.2sec

Table 2. Parameters for the model-based segmenter

thenre-runthe sgmenterwith the adaptednodels.However, us-
ing this methoddid notimprove the performancen our data.

The'word’ boundariesn the hypothesiof therecognizewere
usedas sgmentboundaries.Differentoperatingpointscould be
achived by changingthe value of the word insertionpenaltydur-
ing thesearchahighword insertionpenaltyled to fewerwordsin
the hypothesisandhencefewer sggmentboundaries.

The results for the operating point yielding the highest F-
measurareshovn in table3.

RCL
0.56

PRC
0.70

F-measure|
0.62

Algorithm
model-base

Table 3. Performance of the model-based segmenter

3.3. Metric-based segmentation

In metric-basedapproachestwo neighbouringwindows of rela-

tively small sizeare moved over the audiosignal. The similarity

betweerthe contentof thetwo windows is computedusingadis-

tancefunction. Local maximaexceedinga thresholdndicatesey-

mentboundaries.

Variousmetric-basealgorithmsdiffer in the kind of the distance
functionthey emplgy, the sizeof thetwo windows, thetime incre-

mentsof theshifting of thetwo windows, andtheway theresulting
similarity valuesareevaluatedandthresholded.

[7] proposedo useasymmetrizedullback-Leiblerdistancemet-

ric. Fortwo PDFsP4 and Pg describingthe two neighbouring
windows, thesymmetrizedullback-Leiblerdistances definedas

PA(x)
PB (.’Ii)

PB (.’K)
PA(w)

KIL(A,B) = % / (Pa(x)log + Po(a)log Ydz

x
@)
[7] usedsinglegaussiardistributionsto represeneachof the two
windows. For gaussiaristributions P4 and Pg, thereis aclosed-
form solutionto (2).

[3] proposeda distancemeasurdantroducedby Gish[9]. This
metric is basically a likelihood ratio hypothesistest. The null
hypothesisassumeghat the datain both neighbouringwindows
hasbeenproducedby the samestochasticsource. The alternate
hypothesisassumeshat the datahasbeenproducedby different
sourcesThelikelihoodratio LR

(N4 + NB)
NAL(A|XA)

L(A + B|AaiB)

LR :=
NpL(B|\B)

®)

is usedto decidewhetherthe null hypothesids true (no segment
boundaryis assumedpr not (a segmentboundaryis introduced).
For theactualcomputatiorof thelikelihoodsin (3), onemultivari-
atefull covariancegaussiamodelis estimatedn eachof thewin-
dows andon the unionof thetwo windows. Thethresholdwhich
is usedto decidewhethera sggmentboundanyis introducecor not,
canbe determinedby an informationtheoreticalmeasurgmini-
mumdescriptionengthMDL [12], Bayesiarinformationcriterion
[3]). This approachthasthe adwantagethat no thresholdsneedto

Precision

bedefinedandhencethealgorithmis robustagainsthange®f the
acousticconditions. In our experiments however, the thresholds
determinedy MDL andBIC yieldedsignificantlylower F-scores
thanthe bestpossiblethresholdselection. Therefore we did not
useMDL or BIC in our experiments.

The entropy losswhencodingthe two windows separatelyin-
steadof codingthem with one global probability distribution is
definedas

EL :=NaypHayp— NaHs — NpHp (4)
whereH,, is theentropy of the probabilitydistribution z. Entrogpy
losshasbeenextensiely usedasa distancefunction, e.qg. for tri-
phoneclustering[11]. In this work, we investigatedts usefor
segmentation. In our implementationa genericcodebookof 32
gaussianss trainedoffline on all training data. The testdatain
eachwindow is vectorquantizedusingthis codebook Theresult-
ing discreteprobabilitydistributionis usedto computetheentropy

T

Theresultsachieved with the threedifferentdistancefunctions
aresummarizedn table4. The entrofy 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. Resaults

In the previous paragraphthe bestresultsachiezed over all oper
atingpointsof thevariousalgorithmswereshawvn. It is interesting
to see,which rangeof operatingpointscanbe reachedy eachof
thealgorithms.Therefore gachof the sggmentingalgorithmswas
run at several operatingpointsandthe resultingpairsof precision
andrecallwerecomputedbnthe 4 nevs shaw testset. Theresults
areshavn in figure 1.
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Figure 1. Result of different segmenting algorithms
Theresultscanbe summarizedsfollows.

e Model-basedand metric-basedalgorithms outperform the
simpleenegy-basedpproaches



Precision

e Model-basedegmentersachieve high precisionat moderate
recall

e Metric-basedse@gmenterarecapabldo achie/e highrecallat
moderategrecision

4. THEHYBRID SEGMENTER

From the previous paragrapht canbe concluded that a combi-
nationof model-basedndmetric-basedlgorithmscould provide
both the high recall of metric-basedlgorithmsandthe high pre-
cisionof model-basedpproachesThe Gishfunctionyieldedthe
bestperformancandis thereforeusedasthe distanceunction.
Thefollowing new hybrid sggmentingalgorithmwasexamined:

1. Choptheinputsignalinto mary chunksof equallength

2. Performa bottom-upclusteringof the chunksusingthe Gish
distancdunctionuntil N clustersemain

3. Traina M-mixture GMM modelfor eachof theN clusters

4. Runa model-basedegmenterthat makes useof the GMM
clustermodels

We chosethe chunklengthas1 second/N = 6 and M = 64.
The model-basedegmenterwas constructedas describedn the
previous paragraph As thereis no a-priori knonvledgeaboutthe
type of datacontainedin eachcluster all clustershadthe same
minimum durationof 1.5 secondsandthe samenumberof gaus-
sians(64). Theresultsof thefinal sgmenterareshavn in table5
andfigure2.

RCL
0.67

PRC
0.93

F-measure
0.78

Algorithm
new hybrid

Table 5. Performance of the new hybrid segmenter

Performance of the new hybrid segmenting algorithm on 4 news shows 'tagesschau’
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Figure 2. Result of different segmenting algorithms

Exceptatvery high levelsof recall,the newv segmentatioralgo-
rithm works significantly betterthanall otherapproachesSince
it doesnotrequireary precomputednodels the algorithmshould
robustly generalizeo unseertypesof audioinput.

5. CONCLUSIONS

Differentsggmentingstratgiesfor audiodatahave beencompared
on a commonbroadcashews datatestset. While simpleenegy-

basedwvorked quitewell, they wereoutperformedy bothmodel-
basedandmetric-basedlgorithms.Model-basealgorithmswere

shawn to yield high precisionat moderateecall, whereasnetric-
basedalgorithmsresultin high recall at moderateprecision. A
new hybrid algorithmis proposedhatcombineametric-basednd
model-basedechniques. The new algorithm successfullycom-
binestheadwantage®f bothapproachemto onesystem.
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