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ABSTRACT

This paper dealswith a novel approach to speeb / music
segmentgion basedon four original featues: 4 Hz mod-
ulation enegy, moduldion entiopy and two segmenal pa-
rametes. Therelevane of thesefeatuesis evaluatedin a
first experimentbasedon a develgpmentcorpuscomposed
of collectedsamplesof speeb and music. Anothercorpus
is employedo verify the robustnesf the employedalgo-
rithm. This experiencels madeon a TV movie soundtack
and showsperformartesreading a correct identificaion
rateof 90 %.

1. MOTIVATIONS

To describeandindex an audio document, key words or
melodies aresemi-autmatically extractedandspealersare
detected More recertly, the prokdem of topicsretrieval has
beenstudied[1]. Neverthelessall thesedetectim systems
presuposethe extraction of elementarandhomayeneos
acousticcompaents.Whenthe studyaddessespeecthin-
dexing [2] (respectidy music indexing[3]), only speech
segmeris (respetively musicsegments)areconsideed. In
this paper we explore a prior partitioning which corsists
in detectiy speechandmusiccompnents. The two orig-
inal points of our studyis to meige unusal feature(4Hz
moduation enegy, entrofy modulation and duration) and
to proposea rohust decisionalgorithmfor which no train-
ing phases necessaryo processary new audiodocunent.

This pape is divided into threeparts: a definition of
original featues, the evaluation of the relevance of these
features on a develgpmentcorpts, anda descriptionof test
expeliments performedon the soundracksof audo video
documents.

2. FEATURES

Marny appoachedo speechmusicdiscrimimationhave been
describedin the literatue. On one hand, the musician
commuity hasgiven more importanceto featureswhich
increasethe chdce betweenmusic/ nonmusic. For ex-
ample,the zerocrossingrate andthe spectralcentrad are

usedto separatesoiced speechfrom noisy sourds [4], [5]
whereaghe variatian of the spectrun magritude (the spec-
tral "Flux”) attemptgto detectharmonic contindty [6]. On
the otherhard the autonatic speectprocessingcomrunity
hasfocusedon cepstrafeatues[2]. Threeconcurentclas-
sificationframeworks areusuallyinvestigatedthe Gaussian
Mixture Model framework, the k-nearest-neighor one[7]
andtheHiddenMarkov Models.

In a previous pager [8], we useda Differertiated Mod-
eling apprach: two different classificationsystemswere
defined(a speech non-sgechoneandamusic/ non-nusic
one). We usedspectraland cepstralcoeficients and the
modelingwasbasedn a GaussiaMixture Model (GMM).
In this paperwe presenfour featues: 4 Hz moduldion en-
engy, entropy moduation, nurmberof “stationary segmens
andsegmert duration for amorerobustdiscrimindion.

2.1. 4Hz modulation energy

Speeclsignalhasa charateristicenegy modulation peak
arourd the 4 Hz syllabic rate[9]. In order to modelthis
propeaty, the classicalprocedire is applied: the signalis
sgmentedn 16 msframes.Mel Frequery SpectrumCo-
efficients are extractedand enegy is compued in 40 per
ceptualchanmls. This enepy is thenfiltered with a FIR
bandpasdilter, centeredbn4 Hz. Enegy is summel for all
channelsandnomalizedby themeanenegy ontheframe.
The moddation is obtaired by conputing the variarce of
filtered enegy in dB on onesecondof signal. Speecttar
riesmoremoduldion enegy thanmusic(Figurel).

2.2. Entropy modulation

Music appeargo be more “ordered”thanspeechcorsider
ing obsevationsof bothsignalsandspectrogams.To mea-
surethis “disorder”, we evaluate a featurebasedon signal
entropy. Thesignalis sggmertedin 16 msframes, theen-
tropy is computed on every frame. This measurds then
usedto compue the modulation of entropy on onesecond
of signal. The moduation of entrogy is higherfor speech
thanfor music(Figure 1).
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The probability densityfunction (pdf) is givenby [12]:
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Figurel - 4 Hz enegy andentrgpy moduation parametes
for musicandspeech

2.3. Segmental duration
2.3.1 Sgmentatiorandspeedb activity detection

The sggmeantationis provided by the "Forward-Backward
Divergencealgoiithm” [10] which is basedon a statistical
studyof the acousticsignal. Assumingthatthe speeclsig-
nal is describedoy a string of quasistationaryunits, each
oneis charaterizedby anautoregressve Gaussiaimodel.
Themethal consistsn performingadetectia of chargesin

theautoregressive parametes. The useof ana priori sey-

mentationpartially removes redurdang for long sound,

anda seggmentanalysisis relevant to locatecoarsefeatures.
This appoachhave given interestingresultsin automaic

speectrecoqiition: expaimentshave shavn that segmen-
tal durationcarrypertirentinformation[11].

2.3.2 Duration

o Number of sggments

The duration featue is the consegenceof the application
of thesggmentatio algorithm describedabove. Thespeech
signal is compsed of alternateperiads of transientand
steadyparts(steadypartsare mainly vowels). Meanwhile,
musicis mote constan thatis to saythenumter of changs
(segmerts) will be greaterfor speech(Figure 2a) thanfor
music(Figure 2b). To estimatehis featue, we computethe
numter of sggmentson 1 secondf signal.

e Sggmen durdion
The segmeris are geneally longer for music (Figure 2b)

than for speech(Figure 2a). We have decidedto modé
thesggmentdurationby a Gaussiarnnverselaw (Wald law).
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Figure2a- Segmentationon aboutl secondf speech.
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Figure2b - Sggmentationon abait 1 secondf music.

3. STUDY OF THE FEATURE DISTRIBUTIONS

In orderto evaluatethe relevance of all featues, we used
a corpws basedon readspeechexcepts (MULTEXT cor
pus[13]: 20kHz samplingrate)anda corpis basedon vari-
ousmusicalexcerps compmsedof differentkinds of music,
from classicalmusicto rock (16kHz samplingrate). The
totaldurationfor eachcorpts (musicandspeechyvasabout
2000seconds.

3.1. 4Hz modulation energy

The Figure 3 shavs the histogramof the 4 Hz modulation
enepy for speeclandmusicconponets.
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Figure3 - Distribution of the4 Hz modulationenegy per
second.



We obsene that speechandmusicareclearly discrimi-
nated. The intersectionof the two histograns (modulation
enepgy = 2.5)canbe usedasathreshdd. Theerrorproba-
bilities are:

Pr(music|speech) = Pr(music > threshold) = 6.4%.

Pr(speech|music) = Pr(speech < threshold) = 3.2%.

3.2. Entropy modulation

The same expeiment was re-canductedfor the entrqy
moduation feature theresultsareshavn on Figure4.
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Figure 4 - Distribution of theentrofy modulationper
second

Thisfeaturds alsorelevantin thespeech/musidiscrim-
ination task. Eachhistogramis clearly separatedandwe
canalsodetermire an expelimentalthreshdd (modulation
entropy = 0.5). Theerrorprokabilitiesaregivenby:

Pr(music|speech) = Pr(music > threshold) = 7.2%.
Pr(speech|music) = Pr(speech < threshold) = 3.4%.
3.3. Duration
3.3.1 Numberof sgments

The distribution of the numter of stationarysegmentsob-
tainedautomatically arerepresentedn Figureb.
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Figure5 - Numbe of segments on 1sof signal.
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The two separatehistogramsshow that this featureis
relevant,speectandmusiccanbediscriminatedvith asim-
ple thresholdnumberof sggments= 17). We expressedhe
errorprobalilities:

Pr(music|speech) = Pr(music > threshold) = 11.6%.
Pr(speech|music) = Pr(speech < threshold) = 3.6%.
3.3.2 Sgmeatduration

TheFigure6 belown describeshedistributions of speectand
musicseggmentsduratian.
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Figure6 - Distribution of speectandmusicsegment
durdion.

The paraneters\ andy of the GaussiarinverseModel
have beenestimatedo:

Speech Music
A =15.2753 | A = 50.6069
u=30.1865 | u = 74.9350

For this feature,we proposeto usea Bayesiandecisionto
detectspeeclandmusic:asimplemaximunlikelihoodpro-
cedureis performed

4. EXPERIMENTSAND EVALUATION

4.1. Corpus

The experimentsare macde on a different corpws than the
oneusedto studythefeatue distribution andto deterninate
thethreshdds. Thus we canevaluatethe robustressof our
features. The expaimental corpis is the audio part sam-
pled at 16 KHz of a 20 min TV movie (“the avengrs”).
In this databasewe find long periodsof speechmusicand
“mixed” zonescontainirg speechmusicand/ornoise. The
speectpartsarerecoradin severalcorditions(phmecalls,
outdoa recodings,crowd noises)with 5 mainspealers (1
womanand4 men)



4.2. Evaluation

In thefirst time, we have assessedeparatelythe threedis-
crimination functionsbasednthe4 Hz enegy modulatian,
the entroy moddation andthe numker of sggmeris. The
expetiments (Table 1) provide similar classificationrates
(abou 84 %). The Bayesianapprach with the segment
duration andthe Gaussiarinverselaw gives a lower clas-
sificationrate(76.1%).

To improve the perfamance we have proposeda hier-
archicalclassificatioralgaithm: we have mergedthe4 Hz
enegy moduation andtheentroy modulationcriterions.

o If both classifiersagreeand provide a speech(respec-
tively nonspeech)decision,the segment is labeled
speechrespectiely non-sgech).

o If they donotagreethedecisionis takenby thesegmert
numrbercriterion

Thefinal performarce of this algoithmis 90.1% of corred
classification(Tablel).

Features Perfomance
(Correctldertification Rate)
(1) 4 Hz Moduldion enegy 84.1%
(2) Entropy modulation 84.3%
(3) Numberof segmerts 83.2%
(4) Sgmentsduration 76.1%
@+(@ 85.2%
@+@+(@3) 90.1 %

Tablel - Bestresultsobtairedwith thedifferentfeatues
andmeuging of theappro&hes.

5. DISCUSSION

We proposein this paper four original featues basedon
differentpropertiesof the signal. All thosefeatuesconsid-
eredseparatelharerelevantin aspeech musicclassification
task,andthe correct classificatiorratesvary from 76 to 84
%. Then we proposedanalgoithm basednacombiration
of thosefeatues. This appoachpernits to raisethe corred
classificatiorrateup to 90 %.

Furtrermore,we have demastratedthe robustnessof
our featuresin spite of a noisy corpws. Thus, this pre-
processingis efficient and can be usedfor the highdevel
descriptim of audo docunents,which is essentiafor in-
dexing the speectsggmentsin spealers,key words,topics
andthemusicsggmerisin melodesor key sound.
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