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ABSTRACT
This paper dealswith a novel approach to speech / music
segmentation basedon four original features: 4 Hz mod-
ulation energy, modulation entropyandtwo segmental pa-
rameters. Therelevance of thesefeaturesis evaluatedin a
first experimentbasedon a developmentcorpuscomposed
of collectedsamplesof speech andmusic. Anothercorpus
is employedto verify the robustnessof the employedalgo-
rithm. This experienceis madeon a TV movie soundtrack
and showsperformancesreaching a correct identification
rateof 90%.

1. MOTIVATIONS

To describeand index an audio document, key words or
melodies aresemi-automaticallyextractedandspeakersare
detected.More recently, theproblem of topicsretrieval has
beenstudied[1]. Neverthelessall thesedetection systems
presupposetheextraction of elementaryandhomogeneous
acousticcomponents.Whenthestudyaddressesspeechin-
dexing [2] (respectively music indexing[3]), only speech
segments (respectively musicsegments)areconsidered. In
this paper, we explore a prior partitioning which consists
in detecting speechandmusiccomponents.The two orig-
inal points of our studyis to merge unusual features(4Hz
modulation energy, entropy modulation andduration) and
to proposea robust decisionalgorithmfor which no train-
ing phaseis necessaryto processany new audiodocument.

This paper is divided into threeparts: a definition of
original features, the evaluation of the relevance of these
features on a developmentcorpus, anda descriptionof test
experimentsperformedon the soundtracksof audio video
documents.

2. FEATURES

Many approachesto speechmusicdiscriminationhavebeen
describedin the literature. On one hand, the musician
community hasgiven more importanceto featureswhich
increasethe choice betweenmusic / non-music. For ex-
ample,the zerocrossingrateandthe spectralcentröıd are

usedto separatevoicedspeechfrom noisy sounds [4], [5]
whereasthevariation of thespectrum magnitude(thespec-
tral ”Flux”) attemptsto detectharmonic continuity [6]. On
theotherhand theautomatic speechprocessingcommunity
hasfocusedoncepstralfeatures[2]. Threeconcurrentclas-
sificationframeworksareusuallyinvestigated,theGaussian
Mixture Model framework, the k-nearest-neighbor one[7]
andtheHiddenMarkov Models.

In a previouspaper [8], we useda DifferentiatedMod-
eling approach: two different classificationsystemswere
defined(aspeech/ non-speechoneandamusic/ non-music
one). We usedspectraland cepstralcoefficients and the
modelingwasbasedonaGaussianMixtureModel(GMM).
In thispaper, wepresentfour features:4 Hz modulation en-
ergy, entropy modulation,numberof “stationary” segments
andsegment duration for a morerobustdiscrimination.

2.1. 4 Hz modulation energy

Speechsignalhasa characteristicenergy modulation peak
around the 4 Hz syllabic rate [9]. In order to model this
property, the classicalprocedure is applied: the signal is
segmentedin 16 msframes.Mel Frequency SpectrumCo-
efficientsareextractedandenergy is computed in 40 per-
ceptualchannels. This energy is thenfiltered with a FIR
bandpassfilter, centeredon4 Hz. Energy is summed for all
channels,andnormalizedby themeanenergy ontheframe.
The modulation is obtained by computing the variance of
filteredenergy in dB on onesecondof signal. Speechcar-
riesmoremodulation energy thanmusic(Figure1).

2.2. Entropy modulation

Music appearsto bemore “ordered” thanspeechconsider-
ing observationsof bothsignalsandspectrograms.To mea-
surethis “disorder”, we evaluatea featurebasedon signal
entropy. Thesignalis segmented in 16 ms frames, theen-
tropy is computed on every frame. This measureis then
usedto compute the modulationof entropy on onesecond
of signal. The modulation of entropy is higherfor speech
thanfor music(Figure 1).
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Figure1 - 4 Hz energy andentropy modulationparameters
for musicandspeech.

2.3. Segmental duration

2.3.1. Segmentationandspeech activitydetection

The segmentation is provided by the ”Forward-Backward
Divergencealgorithm” [10] which is basedon a statistical
studyof theacousticsignal.Assumingthatthespeechsig-
nal is describedby a string of quasistationaryunits, each
oneis characterizedby anautoregressive Gaussianmodel.
Themethod consistsin performingadetection of changesin
theautoregressive parameters. Theuseof ana priori seg-
mentationpartially removes redundancy for long sounds,
anda segmentanalysisis relevant to locatecoarsefeatures.
This approachhave given interestingresultsin automatic
speechrecognition: experimentshave shown thatsegmen-
tal durationcarrypertinentinformation[11].

2.3.2. Duration

� Number of segments

The duration feature is the consequenceof the application
of thesegmentation algorithm describedabove. Thespeech
signal is composedof alternateperiods of transientand
steadyparts(steadypartsaremainly vowels). Meanwhile,
musicis moreconstant, thatis to saythenumberof changes
(segments) will be greaterfor speech(Figure2a) thanfor
music(Figure2b). To estimatethis feature,wecomputethe
numberof segmentson1 secondof signal.

� Segment duration

The segments are generally longer for music (Figure 2b)
than for speech(Figure 2a). We have decidedto model
thesegmentdurationby aGaussianInverselaw (Waldlaw).

Theprobability densityfunction (pdf) is givenby [12]:
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Figure2a- Segmentationonabout1 secondof speech.

Figure2b- Segmentationonabout 1 secondof music.

3. STUDY OF THE FEATURE DISTRIBUTIONS

In order to evaluatethe relevanceof all features,we used
a corpus basedon readspeechexcerpts (MULTEXT cor-
pus[13]: 20kHz samplingrate)andacorpus basedonvari-
ousmusicalexcerpts composedof differentkindsof music,
from classicalmusic to rock (16kHz samplingrate). The
totaldurationfor eachcorpus(musicandspeech)wasabout
2000seconds.

3.1. 4 Hz modulation energy

TheFigure3 shows thehistogramof the 4 Hz modulation
energy for speechandmusiccomponents.
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Figure3 - Distributionof the4 Hz modulationenergy per
second.



We observe thatspeechandmusicareclearlydiscrimi-
nated.The intersectionof the two histograms (modulation
energy = 2.5) canbeusedasa threshold. Theerrorproba-
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3.2. Entropy modulation

The sameexperiment was re-conductedfor the entropy
modulation feature, theresultsareshown onFigure4.
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Figure 4 - Distributionof theentropy modulationper
second.

Thisfeatureis alsorelevantin thespeech/musicdiscrim-
ination task. Eachhistogramis clearly separated,andwe
canalsodetermine an experimental threshold (modulation
entropy = 0.5).Theerrorprobabilitiesaregivenby:/10 �32547698;:#< 6=� �>� :9?@�A
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3.3. Duration

3.3.1. Numberof segments

The distribution of the number of stationarysegmentsob-
tainedautomaticallyarerepresentedin Figure5.
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Figure5 - Number of segments on1sof signal.

The two separatehistogramsshow that this featureis
relevant,speechandmusiccanbediscriminatedwith asim-
ple threshold(numberof segments= 17). We expressedthe
errorprobabilities:
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3.3.2. Segment duration

TheFigure6below describesthedistributionsof speechand
musicsegmentsduration.
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Figure6 - Distributionof speechandmusicsegment
duration.

Theparametersd and - of theGaussianInverseModel
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For this feature,we proposeto usea Bayesiandecisionto
detectspeechandmusic:asimplemaximumlikelihoodpro-
cedureis performed.

4. EXPERIMENTS AND EVALUATION

4.1. Corpus

The experimentsare made on a different corpus than the
oneusedto studythefeaturedistribution andto determinate
the thresholds. Thus we canevaluatetherobustnessof our
features. The experimental corpus is the audiopart sam-
pled at 16 KHz of a 20 min TV movie (“the avengers” ).
In this database,we find long periodsof speech,musicand
“mixed” zonescontaining speech,musicand/ornoise.The
speechpartsarerecordedin severalconditions(phonecalls,
outdoor recordings,crowd noises)with 5 mainspeakers (1
womanand4 men).



4.2. Evaluation

In thefirst time, we have assessedseparatelythe threedis-
crimination functionsbasedonthe4 Hz energy modulation,
the entropy modulation andthe number of segments. The
experiments (Table 1) provide similar classificationrates
(about 84 %). The Bayesianapproach with the segment
duration andthe GaussianInverselaw gives a lower clas-
sificationrate(76.1%).

To improve theperformance,we have proposeda hier-
archicalclassificationalgorithm: we have mergedthe4 Hz
energy modulationandtheentropy modulationcriterions.� If both classifiersagreeandprovide a speech(respec-

tively non-speech)decision,the segment is labeled
speech(respectively non-speech).

� If they donotagree,thedecisionis takenby thesegment
numbercriterion.

Thefinal performanceof thisalgorithm is 90.1% of correct
classification(Table1).

Features Performance
(CorrectIdentificationRate)

(1) 4 Hz Modulation energy 84.1%
(2) Entropy modulation 84.3%
(3) Numberof segments 83.2%
(4) Segmentsduration 76.1%
(1) + (2) 85.2%
(1) + (2) + (3) 90.1 %
Table1 - Bestresultsobtainedwith thedifferentfeatures

andmerging of theapproaches.

5. DISCUSSION

We propose in this paper four original features basedon
differentpropertiesof thesignal.All thosefeaturesconsid-
eredseparatelyarerelevantin aspeech/ musicclassification
task,andthecorrect classificationratesvary from 76 to 84
%. Then, weproposedanalgorithm basedonacombination
of thosefeatures.Thisapproachpermits to raisethecorrect
classificationrateup to 90%.

Furthermore,we have demonstratedthe robustnessof
our featuresin spite of a noisy corpus. Thus, this pre-
processing is efficient and can be usedfor the high-level
description of audio documents,which is essentialfor in-
dexing thespeechsegmentsin speakers,key words,topics
andthemusicsegments in melodiesor key sounds.
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