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ABSTRACT

Indexing andcontent-basedretrieval arenecessaryto handlethe
largeamountsof audioandmultimediadatathatisbecomingavail-
ableon thewebandelsewhere.Sincemanualindexing usingex-
isting audioeditorsis extremelytime consuminga numberof au-
tomatic contentanalysissystemshave beenproposed. Most of
thesesystemsrely on speechrecognitiontechniquesto createtext
indices.On theotherhand,very few systemshave beenproposed
for automaticindexing of musicandgeneralaudio.Typically these
systemsrely on classificationand similarity-retrieval techniques
andwork in restrictedaudiodomains.

A somewhatdifferent,moregeneralapproachfor fastindexing
of arbitraryaudiodatais theuseof segmentationbasedon multi-
ple temporalfeaturescombinedwith automaticor semi-automatic
annotation. In this paper, a generalmethodologyfor audioseg-
mentationis proposed.A numberof experimentswereperformed
to evaluatetheproposedmethodologyandcomparedifferentseg-
mentationschemes.Finally, a prototypeaudiobrowsing andan-
notationtool basedon segmentationcombinedwith existing clas-
sificationtechniqueswasimplemented.

1. INTRODUCTION

The increasingamountsof multimediadataposenew challenges
to informationretrieval (IR). TraditionalIR, familiarfrom thepop-
ular Web searchengines,offers the ability to quickly locateand
browselarge amountsof computer-readabletext usingthe famil-
iar searchand“ranked-by-similarity”interface.Unfortunately, for
multimediatherearenowidely usedsimilar techniques.

Therearetwomainapproachesfor multimediainformationre-
trieval. Thefirst is to generatetextual indicesautomatically, semi-
automaticallyor manuallyandthenusetraditionalIR. The other
approachis to usecontent-basedretrieval werethe queryis non-
textualandasimilaritymeasureis usedfor searchingandretrieval.

An exampleof thefirst approachis theInformediaproject[1]
wherea combinationof speech-recognition,imageanalysisand
keyword searchingtechniquesis usedto index a terrabytevideo
archive.

A retrieval-by-similaritysystemfor isolatedsoundshasbeen
developedat MuscleFish LLC [2]. Userscansearchfor andre-
trieve soundsby perceptualand acousticalfeatures,can specify
classesbasedon thesefeaturesandcanasktheengineto retrieve
similaror dissimilarsounds.

In thispaperwefocusonaudiodataandespeciallymusic.Re-
cently, a numberof techniquesfor automaticanalysisof audioin-
formationhavebeenproposed[3]. Theseapproacheswork reason-
ably well for restrictedclassesof audioandarebasedon pattern

recognitiontechniquesfor classification. Unlike thesemethods,
wedirectlysegmentaudiointo regionsbasedontemporalchanges
without trying to classifythecontent.

Theremainderof this paperis comprisedof 5 sections.Sec-
tion 2 describesa generalsegmentationmethodologybasedon
multiple temporalfeatures. In section3, the experimentsper-
formedto evaluatethe methodologyaredescribed.In section4,
a prototypeaudiobrowserthatcombinessegmentationandclassi-
ficationfor fastbrowsingandannotationis described.Futurework
is discussedin section5.

2. SEGMENTATION

2.1. Moti vation

Oneof thefirst chaptersof mosttextbooksin imageprocessingor
computervision is devotedto edgedetectionandobjectsegmen-
tation. This is becauseit is mucheasierto build classificationand
analysisalgorithmsusingas input segmentedobjectsratherthan
raw imagedata.In videoanalysis,shots,pansandgenerallytem-
poralsegmentsaredetectedandthenanalyzedfor content.Simi-
larly temporalsegmentationcanbeusedfor audioandespecially
musicanalysis.

Auditory sceneanalysisis the processby which the human
auditory systembuilds mentaldescriptionsof complex auditory
environmentsby analyzingmixturesof sounds[4]. Fromaneco-
logical viewpoint, we try to associateeventswith soundsin or-
der to understandour environment. The characteristicsof sound
sourcestendto vary smoothlyin time. Thereforeabruptchanges
usually indicatea new soundevent. The decisionsfor sequen-
tial andsimultaneousintegrationof soundarebasedon multiple
cues.Althoughour methoddoesnot attemptto modelthehuman
auditorysystem,it doesusesignificantchangesof multiple fea-
turesassegmentationboundaries.The experimentsindicatethat
the featuresselectedcontainenoughinformationto be usefulfor
automaticsegmentation.

Temporalsegmentationis a moreprimitive processthanclas-
sificationsinceit doesnot try to interpretthe data. Therefore,it
canbe moreeasilymodeledusingmathematicaltechniques.Be-
ing more simple it can work with arbitrary audio and doesnot
posespecificconstraintson its input likesinglespeakeror isolated
tones.It hasbeenarguedin [5] thatmusicanalysissystemsshould
be built for andtestedon real musicandbe basedon perceptual
propertiesratherthanmusictheoryandnote-level transcriptions.

Annotationof simplecaseslike musicalinstrumentsor music
vsspeechcanbeperformedautomaticallyusingcurrentclassifica-
tion systems.Basedon thesetechniques,a completelyautomatic
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annotationsystemfor audiocouldbeenvisioned.Althoughnotim-
possiblein theory, therearetwo problemswith suchanapproach.
Thefirst is thatcurrentsystemsarenot perfectand,therefore,an-
notationerrorsare inevitable. This problemhasto do with the
currentstateof the art, so it is possiblethat in the future it will
besolved. Thereis a secondproblem,however, that is moresub-
tle and not so easyto address.Audio, andespeciallymusic, is
heardanddescribeddifferentlyby eachlistener. Thereare,how-
ever, attributesof audiothatmostlistenerswill agreeupon,likethe
generalstructureof thepiece,thestyle,etc. Ideally a systemfor
annotationshouldautomaticallyextractasmuchinformationasit
canandthenlet theuseredit andexpandit.

This leadsto a semi-automaticapproachthat combinesboth
manualand fully automaticannotationinto a flexible, practical
userinterfacefor audiomanipulation.Automaticsegmentationis
animportantpartof suchasystem.Forexample,theusercanauto-
maticallysegmentaudiointo regionsthenrunautomaticclassifica-
tion algorithmsthatsuggestannotationsfor eachregion. Thenthe
annotationscanbeeditedand/orexpandedby theuser. This way,
significantamountsof usertimearesavedwithoutloosingtheflex-
ibility of subjective annotation.The audiobrowserdescribedin
thispaper, is aninitial prototypeof suchasemi-automaticsystem.

2.2. Relatedwork

Hidden Markov Models were usedin [6] for segmentationand
analysisof recordedmeetingsby speaker. Thebreakupinto seg-
mentsis basedon classificationandassumesthata trainedmodel
for eachspeaker is available. The trajectoryof the fundamental
frequency is usedin [7] for segmentingvoice into phonemesor
notes.In contrast,our methoddoesnot needany trainingandcan
usemultiple featuresfor segmentingaudioandespeciallymusic.

2.3. GeneralMethodology

A generalmethodologyfor temporalsegmentationbasedon mul-
tiple featuresis described.Using this methodologydifferentseg-
mentationschemescanbedesigneddependingonthechoiceof pa-
rameters,featuresandheuristics.In orderto evaluatetheproposed
methodologywe implementedandtestedsomeof theseschemes.
Themaingoalwasto demonstrateempirically thevalidity of the
approachandprovide a generalframework for constructingseg-
mentationalgorithmsratherthanfindinganoptimalscheme.

Themethodcanbebrokeninto four stages.By abstractingthe
basicstepsit describesafamily of possiblesegmentationschemes.
Specificdetailsfor particularschemesweusedcanbefoundin the
following subsections.

1. A timeseriesof featurevectors
���

is calculatedby iterating
over thesoundfile. Eachfeaturevectorcanbe thoughtof
asashortdescriptionof thecorrespondingframeof sound.

2. A distancesignal � ������� � �
	 � ����
����
is calculatedbetween

successive framesof sound.In our implementationwe use
aMahalonobisdistance.It is definedby

����������� � ��� 	 ������� ��
 ��� 	 ���
(1)

where
�

is the featurecovariancematrix calculatedfrom
the whole soundfile. This distancerotatesandscalesthe
featurespaceso the contribution of eachfeatureis equal.
Otherdistancemetrics,possiblyusingrelativefeatureweight-
ing, canalsobeused.

3. The derivative ������
� of the distancesignal is taken. The

derivative of the distancewill be low for slowly changing
texturesandhigh duringsuddentransitions.Thereforethe
peaksroughlycorrespondto texturechanges.

4. Peaksarepicked usingsimpleheuristicsandusedto cre-
atethe segmentationof the signalinto time regions. As a
heuristicexample,aminimumdurationbetweensuccessive
peakscanbesetto avoid smallregions.

2.4. Features

It is typical for audioandspeechanalysisalgorithmsto be based
on featurescomputedon a framebasis. This is necessaryto re-
ducetheamountof datato beprocessedaswell asthevariability.
Thesefeaturescanbethoughtof asashorttermdescriptionof the
soundfor thatparticularmomentin time. For exampleMFCC [8]
(Mel-Frequency CepstralCoefficients)characterizethevocaltract
resonancesandarecommonlyusedin speechrecognition.Since
ourmethodologyis basedonframe-basedfeaturesit is easyto use
existingfront-endsof otherapplicationsandextendthemwith seg-
mentation.

2.5. A specificscheme

Following thisapproach,asegmentationschemewasimplemented
usingasimilarfeaturefront-endasthemusic/speechdiscriminator
describedin [9, 7]. Thisschemewasusedfor theexperiments.Ba-
sic featuresarecalculatedevery20msec.Theactualfeaturesused
arethe meansandvariancesof thesefeaturesin a 1 secwindow.
Thefivebasicfeatures(resultingin tenactualfeatures)are:

SpectralCentroid is thebalancingpoint of thespectrum.It can
becalculatedusing

 �"!$#&%(' #
!)#*' # (2)

where' # is thetheamplitudeof frequency bin % of thespec-
trum.

SpectralRolloff The95percentileof thepowerspectraldistribu-
tion. This is a measureof the “skewness”of the spectral
shape.

SpectralFlux is the2-normof thedifferencebetweenthemagni-
tudeof theShortTimeFourierTransform(STFT)spectrum
evaluatedat two successive soundframes. The STFT is
normalizedin energy.

ZeroCrossings is the numberof time-domainzero-crossings.It
is acorrelateof thespectralcentroid.

RMS is a measureof the loudnessof the frame. This featureis
uniqueto segmentationsincechangesin loudnessareim-
portantcuesfor new soundevents. In contrast,classifica-
tion algorithmsmustbeloudnessinvariant.

Similar featuresarealsousedin [2] for similarity-retrieval of
isolatedsounds.More detaileddescriptionsof thefeaturescanbe
foundin [9, 7, 2].

The peakpicking heuristic is parameterizedby the desired
numberof peaks. This wasa necessarypropertyfor the experi-
mentsin thispapercomparinghumanandautomaticsegmentation.
Theheuristicis describedby thefollowing algorithm:
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1. Thepeakwith themaximumamplitudeis picked.

2. A region aroundand including the peakis zeroed(helps
to avoid countingthe samepeaktwice). The size of the
region is proportionalto the sizeof sound-filedivided by
thenumberof desiredregions( +-,/. of the averageregion
size)

3. Step1 is repeateduntil thedesirednumberof peaksis reached.

3. EXPERIMENTS-EVALUATION

A pilot study was conductedto explore what humansdo when
asked to segmentaudioandto comparethoseresultswith theau-
tomatic segmentationmethod. Evaluatingsegmentationperfor-
manceis difficult becausethereis no mathematicalcriterion of
how well thealgorithmperforms.

In orderfor any automaticsegmentationto beusefulwe must
first makesurethathumansareconsistentwhensegmentingaudio.
Thenthe resultsof the automaticmethodarecomparedwith the
humanresults.

Thedatausedconsistsof 10 soundfiles about1 minutelong.
A varietyof stylesandtexturesarerepresented.Ninesubjectswere
askedto segmenteachsoundfile usingstandardaudioeditingtools
in 3 ways.Thefirst way, whichwecall free,is breakingupthefile
into any numberof segments.Thesecondandthird way constrain
theusersto aspecificbudgetof total segments021 	43 and 5617+ .

Theresultsareshown in Tables1,2and3. Thesegmentsthat
more than 4 of the 9 subjectsagreedupon were usedfor com-
parison.The AG columnshows the numberof thesesalientseg-
mentscomparedto thetotalnumberof all segmentsmarkedby any
subject. It is a measureof consistency betweenthesubjects.For
comparingtheautomaticmethodasegmentboundarywasconsid-
eredto bethesameif it waswithin 0.5 secof theaveragehuman
boundary. Thiswasbasedon thedeviationof segmentboundaries
betweensubjects.FB (fixed-budget)refersto automaticsegmen-
tation by requestingthe samenumberof segmentsasthe salient
humansegments.BE (besteffort) refersto thebestautomaticseg-
mentationachievedby incrementallyincreasingthenumberof re-
gions up to a maximumof 16. MX is the numberof segments
necessaryto achieve thebesteffort segmentation.

The resultsshow that humansareconsistentwhensegment-
ing audio(morethanhalf of the segmentsarecommonfor most
of the subjects). In addition, they show that humansegmenta-
tion canbe approximatedby automaticalgorithms. The biggest
problemseemsto betheperceptualweightingof a texturechange.
For example,many errorsinvolvedsoftspeechentrancesthatwere
marked by all the subjectsalthoughthey werenot significantas
changesin featurespace.Theautomaticsegmentationresultsare
usuallyperceptuallyjustifiedandasupersetof thehumansegmen-
tatedregions.

Moredetailedresultsin additionto thesegmentedsoundfiles
areavailableon theWeb:
http://www.cs.princeton.edu/ gtzan/marsyas/results.html

4. AUDIO BROWSER

The typical “tape-recorder”paradigmfor audiouserinterfacesis
time-consumingandinflexible. For example,2 hourswastheav-
eragetime requiredby thesubjectsof theexperimentto manually
segmentandannotate10 minutesof audiousingstandardsound
editing tools. The main problemis that typical soundtools treat

Human Automatic
Agreement FixedBudget BestEffort

AG % FB % BE MX %
Classic1 8/14 57 7/8 87 7/8 8 87
Classic2 7/11 63 5/7 71 6/7 14 85
Classic3 5/13 38 2/5 40 3/5 16 60
Jazz1 3/14 21 2/3 66 3/3 16 100
Jazz2 5/8 62 3/5 60 5/5 10 100
JazzRock 6/9 66 0/6 0 5/6 12 83
Pop1 5/6 83 4/5 80 5/5 10 100
Pop2 5/10 50 4/5 80 4/5 5 80
Radio1 4/10 40 3/4 75 4/4 10 100
Radio2 8/11 72 5/8 62 6/8 11 75
Total 56/106 55 35/56 62 48/56 11 87

Table1: Freesegmentation

Human Automatic
Agreement FixedBudget BestEffort
AG % FB % BE MX %

Classic1 4/6 66 0/4 0 4/4 10 100
Classic2 4/7 57 3/4 75 3/4 4 75
Classic3 4/7 57 2/4 50 2/4 4 50
Jazz1 3/11 27 2/3 66 3/3 16 100
Jazz2 5/6 83 3/5 60 5/5 10 100
JazzRock 5/7 71 1/5 20 4/5 12 80
Pop1 4/7 57 2/4 50 4/4 10 100
Pop2 5/7 71 4/5 80 4/5 5 80
Radio1 4/6 66 3/4 75 4/4 10 100
Radio2 5/7 71 2/5 40 4/5 10 80
Total 43/71 62 22/43 51 37/43 9 86

Table2: 061 3
segmentation

Human Automatic
Agreement FixedBudget BestEffort

AG % FB % BE MX %
Classic1 8/14 57 7/8 87 7/8 8 87
Classic2 7/10 70 5/7 71 6/7 14 85
Classic3 9/11 81 6/9 66 6/9 9 66
Jazz1 4/15 26 3/4 75 3/4 4 75
Jazz2 5/11 45 3/5 60 5/5 10 100
JazzRock 7/9 77 3/7 42 5/7 12 71
Pop1 6/12 50 5/6 83 6/6 10 100
Pop2 8/13 61 4/8 50 5/8 16 62
Radio1 7/10 70 3/7 42 4/7 10 57
Radio2 9/11 81 5/9 55 6/9 11 66
Total 70/116 61 44/77 63 53/70 10 77

Table3: 5618+ segmentation
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audioasa monolithicblock of samples.SpeechSkimmer[10] is
anexampleof pushingaudiointeractionbeyondthetape-recorder
metaphor. The user can audition spoken documentsat several
timesreal-time,usingtimecompressiontechniquesandsegmenta-
tion basedonpitch.

Our prototypeaudiobrowser looks like a typical wave-form
editorfollowing the“tape-recorder”paradigm.However, in addi-
tion to the usualplay, rewind, forward buttons,the usercanseg-
menttheaudiointo regionseithermanuallyor usingthedescribed
automaticsegmentationmethods.Forward andbackward region
buttonsareprovided for easybrowsing. Eachregion canbe an-
notatedwith text. Skippingandannotatingusingregionsis much
fasterthanmanualannotation,in thesameway thatfindingasong
on a CD is muchfasterthanfinding it on a tape. Moreover us-
ing segmentedaudio the usercannot only locatesongsbut also
smallerunitslikeasoloor achorus.

In additionto demonstratingthe possibilitiesof a betteruser
interactionwith audio,thebrowseraidedin conductingtheexperi-
ments.Beingableto changetheparameters,featuresandheuristics
andhearthe resultsundera unifiedGUI acceleratedthe cycle of
implementation,experimentationandevaluation.

5. FUTURE WORK

5.1. Segmentation

In our implementationthe importanceof eachfeatureis equal.
Most likely this is not the casewith humansandis not optimal.
Therefore,relativeweightingof thefeaturesneedsto beexplored.
Optimizationof the parametersandheuristicsneedsto be done.
Moreover, different front-endsto segmentationcanbe used. An
interestingcaseis theuseof theMPEGaudioanalysisfilter bank
asa basisfor calculatingfeatures.That way MPEG compressed
audiodatacould be useddirectly for segmentationor classifica-
tion. Another interestingdirection is the useof a morepercep-
tually motivatedfront-endfor featurecalculationlike a cochlear
model[11].

Basedon the fact that on averagethe subjectsneededmore
than2 hoursfor segmenting10 minutesof audiousingstandard
audio editing tools we plan to comparehow much this process
canbeacceleratedusingour automaticsegmentation-basedaudio
browser.

Becauseof thedifficulty of evaluatingandcomparingdifferent
segmentationschemesstandardcorporaof audioexamplesneedto
bedesigned.Furthermore,webelievethatthesegmentationresults
combinedwith thecalculatedfeaturevectorsshouldbeusedasan
intermediaterepresentationfor further higher level analysislike
classificationor similarity-retrieval.

5.2. Applications

Segmentationcan be usedas a building block for automaticor
semi-automaticmusicanalysis. As a simpleexample,the struc-
ture of cyclic pop songscanbe revealedusingour segmentation
scheme.A combinationof segmentationwith beattrackingmeth-
ods[12] canoffer significantinformationfor musicstyle identifi-
cationandmusicanalysis.

Another interestingapplicationis audio thumb nailing. For
eachregion, a characteristicsegmenthasto be selected. These
segmentscanbethenusedto createa shortersummaryversionof
theoriginalsoundfile.

6. CONCLUSIONS

Wedescribeageneralmethodologyfor temporalaudiosegmenta-
tion basedon multiple features.A prototypeaudiobrowserbased
on segmentationandclassificationwasimplementedandusedto
evaluatedifferent segmentationschemes. A numberof experi-
mentswereperformedto comparehumanandautomaticsegmen-
tation. The resultsindicate that humansubjectsare consistent
when segmentingaudio and it is possibleto automatethis pro-
cess.We believe that our work shows the potentialof automatic
segmentationfor audioanalysisandhopeit will stimulatemore
researchin thisdirection.
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