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ABSTRACT

Indexing and content-basedetrieval are necessaryo handlethe
largeamountof audioandmultimediadatathatis becomingavail-
ableon the webandelsavhere. Sincemanualindexing usingex-
isting audioeditorsis extremelytime consuminga numberof au-
tomatic contentanalysissystemshave beenproposed. Most of
thesesystemgely on speechrecognitiontechniquego createtext
indices.Ontheotherhand,very few systemshave beenproposed
for automatidndexing of musicandgenerabhudio. Typically these
systemsrely on classificationand similarity-retrieval techniques
andwork in restrictedaudiodomains.

A someavhatdifferent,moregenerabpproacHor fastindexing
of arbitraryaudiodatais the useof sgmentatiorbasedon multi-
ple temporalfeaturescombinedwith automaticor semi-automatic
annotation. In this paper a generalmethodologyfor audio seg-
mentationis proposed A numberof experimentsvereperformed
to evaluatethe proposednethodologyandcomparedifferentseg-
mentationschemes Finally, a prototypeaudiobrowsing andan-
notationtool basedon sggmentationrcombinedwith existing clas-
sificationtechniquesvasimplemented.

1. INTRODUCTION

The increasingamountsof multimediadataposenew challenges
toinformationretrieval (IR). TraditionallR, familiarfrom thepop-
ular Web searchengines pffers the ability to quickly locateand
browse large amountsof computefreadableext usingthe famil-
iar searchand“ranked-by-similarity”interface.Unfortunatelyfor
multimediatherearenowidely usedsimilartechniques.

Therearetwo mainapproachefor multimediainformationre-
trieval. Thefirstis to generataextual indicesautomaticallysemi-
automaticallyor manuallyandthenusetraditional IR. The other
approachis to usecontent-basedetrieval werethe queryis non-
textualanda similarity measurés usedfor searchingndretrieval.

An exampleof thefirst approachs the Informediaproject[1]
wherea combinationof speech-recognitiorimageanalysisand
keyword searchingechniquess usedto index a terrabytevideo
archie.

A retrieval-by-similarity systemfor isolatedsoundshasbeen
developedat MuscleFish LLC [2]. Userscansearchfor andre-
trieve soundsby perceptualand acousticalfeatures,can specify
classedasedon thesefeaturesandcanaskthe engineto retrieve
similar or dissimilarsounds.

In this papemwe focuson audiodataandespeciallymusic.Re-
cently a numberof techniquegor automaticanalysisof audioin-
formationhave beenproposed3]. Theseapproachework reason-
ably well for restrictedclasseof audioandare basedon pattern
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recognitiontechniquedor classification. Unlike thesemethods,
we directly sgmentaudiointo regionsbasedntemporalchanges
withouttrying to classifythecontent.

The remainderof this paperis comprisedof 5 sections.Sec-
tion 2 describesa generalsggmentationmethodologybasedon
multiple temporalfeatures. In section3, the experimentsper
formedto evaluatethe methodologyare described.In section4,
a prototypeaudiobrowserthatcombinesegmentatiorandclassi-
ficationfor fastbrowvsingandannotatioris described Futurework
is discussedh section5.

2. SEGMENTATION

2.1. Motivation

Oneof thefirst chapterof mosttextbooksin imageprocessingr

computervision is devotedto edgedetectionand objectsegmen-
tation. Thisis becausét is mucheasierto build classificatiorand
analysisalgorithmsusing as input segmentedobjectsratherthan
raw imagedata. In videoanalysis shots pansandgenerallytem-

poral sgmentsaredetectechndthenanalyzedor content. Simi-

larly temporalsegmentationcanbe usedfor audioandespecially
musicanalysis.

Auditory sceneanalysisis the processby which the human
auditory systembuilds mentaldescriptionsof complex auditory
ervironmentsby analyzingmixturesof soundg4]. Fromaneco-
logical viewpoint, we try to associateeventswith soundsin or-
derto understandur environment. The characteristicef sound
sourcedendto vary smoothlyin time. Thereforeabruptchanges
usually indicatea new soundevent. The decisionsfor sequen-
tial and simultaneousntegrationof soundare basedon multiple
cues.Although our methoddoesnot attemptto modelthe human
auditory system,it doesusesignificantchangesof multiple fea-
turesas sgmentationboundaries.The experimentsindicatethat
the featuresselectedcontainenoughinformationto be usefulfor
automaticsggmentation.

Temporalsggmentationis a moreprimitive procesghanclas-
sificationsinceit doesnot try to interpretthe data. Therefore, it
canbe more easilymodeledusing mathematicatechniques.Be-
ing more simple it canwork with arbitrary audio and doesnot
posespecificconstraintonits inputlik e singlespealker or isolated
tones.It hasbeenarguedin [5] thatmusicanalysissystemshould
be built for andtestedon real musicandbe basedon perceptual
propertiegatherthanmusictheoryandnote-level transcriptions.

Annotationof simplecasedik e musicalinstrumentsor music
vs speecttanbeperformedautomaticallyusingcurrentclassifica-
tion systems.Basedon thesetechniquesa completelyautomatic
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annotatiorsystenfor audiocouldbeenvisioned.Althoughnotim-
possiblein theory therearetwo problemswith suchanapproach.
Thefirstis thatcurrentsystemsarenot perfectand,thereforean-
notationerrorsare inevitable. This problemhasto do with the
currentstateof the art, soit is possiblethatin the future it will
be solved. Thereis a secondoroblem,however, thatis moresub-
tle and not so easyto address. Audio, and especiallymusic, is
heardanddescribedlifferently by eachlistener Thereare,how-
ever, attributesof audiothatmostlistenerswill agreeupon likethe
generalstructureof the piece,the style, etc. Ideally a systemfor
annotatiorshouldautomaticallyextractasmuchinformationasit
canandthenlet theusereditandexpandit.

This leadsto a semi-automati@pproactthat combinesboth
manualand fully automaticannotationinto a flexible, practical
userinterfacefor audiomanipulation.Automaticsegmentations
animportantpartof suchasystem For example theusercanauto-
maticallysegmentaudiointo regionsthenrun automaticlassifica-
tion algorithmsthatsuggestainnotationgor eachregion. Thenthe
annotationcanbe editedand/orexpandedby the user This way,
significantamount®f usertime aresavedwithoutloosingtheflex-
ibility of subjectve annotation. The audiobrowser describedn
this paperis aninitial prototypeof sucha semi-automatisystem.

2.2. Relatedwork

Hidden Markov Models were usedin [6] for sgmentationand
analysisof recordedmeetingshy speakr. The breakupinto seg-

mentsis basedon classificatiorandassumeshata trainedmodel
for eachspeakr is available. The trajectoryof the fundamental
frequeny is usedin [7] for sgmentingvoice into phonemeor

notes.In contrastour methoddoesnot needary trainingandcan
usemultiple featuredor segmentingaudioandespeciallymusic.

2.3. General Methodology

A generaimethodologyfor temporalseggmentatiorbasedon mul-
tiple featureds described.Using this methodologydifferentseg-
mentatiorschemesanbedesignediependingnthechoiceof pa-
rametersfeaturesandheuristics.In orderto evaluatethe proposed
methodologywe implementedandtestedsomeof theseschemes.
The maingoalwasto demonstratempirically the validity of the
approachand provide a generalframevork for constructingseg-
mentationalgorithmsratherthanfinding anoptimalscheme.

Themethodcanbebrokeninto four stagesBy abstractinghe
basicstepst describes family of possiblesggmentatiorschemes.
Specificdetailsfor particularschemesve usedcanbefoundin the
following subsections.

1. Atimeseriesof featurevectorsV; is calculatedby iterating
over the soundfile. Eachfeaturevectorcanbe thoughtof
asashortdescriptionof the correspondindgrameof sound.

2. AdistancesignalA; = ||V; — V;—1]| is calculatechetween
successie framesof sound.In ourimplementatiorwe use
aMahalonobidlistancelt is definedby

D(z,y)=(z—y) 'S (z —y) )

whereX is the featurecovariancematrix calculatedfrom
the whole soundfile. This distancerotatesand scalesthe
featurespaceso the contrikbution of eachfeatureis equal.
Otherdistanceametrics possiblyusingrelative featureweight-
ing, canalsobeused.

3. The derivative ‘%t of the distancesignalis taken. The

derivative of the distancewill be low for slonly changing
texturesandhigh during suddertransitions. Thereforethe
peaksroughlycorrespondo texture changes.

4. Peaksare picked using simple heuristicsand usedto cre-
atethe sggmentationof the signalinto time regions. As a
heuristicexample,a minimumdurationbetweersuccessie
peakscanbesetto avoid smallregions.

2.4. Features

It is typical for audioandspeechanalysisalgorithmsto be based
on featurescomputedon a frame basis. This is necessaryo re-
ducethe amountof datato be processedswell asthe variability.
Thesefeaturescanbethoughtof asa shorttermdescriptionof the
soundfor thatparticularmomentin time. For exampleMFCC [8]
(Mel-Frequeng CepstralCoeficients)characterizéhevocaltract
resonanceandare commonlyusedin speechrecognition. Since
our methodologyis basedn frame-basedeaturest is easyto use
existing front-endsof otherapplicationsandextendthemwith seg-
mentation.

2.5. A specificscheme

Following thisapproachasegmentatiorschemeavasimplemented
usingasimilarfeaturefront-endasthemusic/speecHiscriminator
describedn [9, 7]. Thisschemeavasusedfor theexperimentsBa-
sicfeaturesarecalculatecevery 20 msec.Theactualfeatureused
arethe meansandvariancef thesefeaturesin a 1 secwindow.
Thefive basicfeatureqresultingin tenactualfeatureshre:

Spectral Centroid is the balancingpoint of the spectrum.It can
be calculatedusing

_ E; iAi
C= A, 2
whereA; isthetheamplitudeof frequenyg bin i of thespec-

trum.

Spectral Rolloff The 95 percentileof the power spectralistribu-
tion. This is a measureof the “skewness”of the spectral
shape.

Spectral Flux isthe2-normof thedifferencebetweerthemagni-
tudeof the ShortTime FourierTransform(STFT)spectrum
evaluatedat two successie soundframes. The STFT is
normalizedn enegy.

ZeroCrossingsis the numberof time-domainzero-crossingslt
is a correlateof the spectrakentroid.

RMS is a measuref the loudnesof the frame. This featureis
uniqueto segmentationsincechangesn loudnessareim-
portantcuesfor nev soundevents. In contrast,classifica-
tion algorithmsmustbeloudnessnvariant.

Similar featuresarealsousedin [2] for similarity-retrieval of
isolatedsounds.More detaileddescription®f the featurescanbe
foundin [9, 7, 2].

The peak picking heuristicis parameterizedy the desired
numberof peaks. This wasa necessaryropertyfor the experi-
mentsin this papercomparinghumanandautomaticsegmentation.
Theheuristicis describedy thefollowing algorithm:
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1. Thepeakwith the maximumamplitudeis picked.

2. A region aroundand including the peakis zeroed(helps
to avoid countingthe samepeaktwice). The size of the
region is proportionalto the size of sound-filedivided by
the numberof desiredregions (20% of the averageregion
size)

3. Steplisrepeatedintil thedesirechumberof peakdsreached.

3. EXPERIMENTS-EVALUATION

A pilot study was conductedio explore what humansdo when
asledto sggmentaudioandto comparethoseresultswith the au-
tomatic sggmentationmethod. Evaluatingsegmentationperfor
manceis difficult becausehereis no mathematicatriterion of
how well thealgorithmperforms.

In orderfor ary automaticsegmentatiorto be usefulwe must
first malke surethathumansareconsistentvhensegmentingaudio.
Thenthe resultsof the automaticmethodare comparedwith the
humarnresults.

The datausedconsistsf 10 soundfiles aboutl minutelong.
A varietyof stylesandtexturesarerepresented\ine subjectavere
asledto sggmenteachsoundfile usingstandarcudioeditingtools
in 3ways. Thefirst way, whichwe call free,is breakingup thefile
into any numberof segments.The secondandthird way constrain
theusergo a specificbudgetof total sgmentst + —1 and8 =+ 2.

Theresultsareshavn in Tablesl,2and3. The sggmentsthat
more than 4 of the 9 subjectsagreedupon were usedfor com-
parison. The AG columnshawvs the numberof thesesalientseg-
mentscomparedo thetotal numberof all sgmentamarkedby ary
subject. It is ameasureof consisteng betweerthe subjects.For
comparingheautomatianethoda sggmentboundarywasconsid-
eredto bethe sameif it waswithin 0.5 secof the averagehuman
boundary This wasbasedn the deviation of sgmentboundaries
betweensubjects.FB (fixed-hudget)refersto automaticsegmen-
tation by requestinghe samenumberof seggmentsasthe salient
humanseggments BE (besteffort) refersto the bestautomaticseg-
mentationachiezed by incrementallyincreasinghe numberof re-
gionsup to a maximumof 16. MX is the numberof segments
necessaryo achiere the besteffort segmentation.

The resultsshav that humansare consistenivhen segment-
ing audio (morethan half of the sgmentsare commonfor most
of the subjects). In addition, they shav that humansegmenta-
tion canbe approximatedy automaticalgorithms. The biggest
problemseemso betheperceptualveightingof atexturechange.
For example mary errorsinvolvedsoftspeectentranceshatwere
marled by all the subjectsalthoughthey were not significantas
changesn featurespace.The automaticsggmentatiorresultsare
usuallyperceptuallyjustifiedanda supersebf thehumansegmen-
tatedregions.

More detailedresultsin additionto the segmentedsoundfiles
areavailableonthe Web:
http://mmw.cs.princeton.edu/ gtzan/marsyas/results.html

4. AUDIO BROWSER

Thetypical “tape-recorder’paradigmfor audiouserinterfacesis
time-consumingndinflexible. For example,2 hourswasthe av-
eragetime requiredby the subjectf the experimentto manually
segmentand annotatel0 minutesof audio using standardsound
editing tools. The main problemis that typical soundtools treat
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Human Automatic
Agreement | FixedBudget BestEffort
AG % | FB % BE MX | %
Classicl | 8/14 57 | 7/8 87 718 8 | 87
Classic2 | 7/11 63 | 5/7 71 6/7 14 | 85
Classic3 | 5/13 38 | 2/5 40 3/5 16 | 60
Jazzl 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
Popl 5/6 83 | 4/5 80 5/5 10 | 100
Pop2 5/10 50 | 4/5 80 4/5 51| 80
Radiol 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
Tablel: Freesegmentation
Human Automatic
Agreement | FixedBudget BestEffort
AG % | FB % BE MX | %
Classicl | 4/6 66 | 0/4 0 4/4 10 | 100
Classic2 | 4/7 57 | 3/4 75 3/4 4175
Classic3 | 4/7 57 | 2/4 50 2/4 4 | 50
Jazzl 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
Popl a7 57 | 2/4 50 4/4 10 | 100
Pop2 5/7 71| 4/5 80 4/5 5| 80
Radiol 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: 4 & 1 sggmentation
Human Automatic
Agreement | FixedBudget BestEffort
AG % | FB % BE MX | %
Classicl | 8/14 57 | 7/8 87 718 8 | 87
Classic2 | 7/10 70 | 5/7 71 6/7 14 | 85
Classic3 | 9/11 81| 6/9 66 6/9 9| 66
Jazzl 4/15 26 | 3/4 75 3/4 4175
Jazz2 5/11 45 | 3/5 60 5/5 10 | 100
JazzRock| 7/9 77 | 317 42 5/7 12| 71
Popl 6/12 50 | 5/6 83 6/6 10 | 100
Pop2 8/13 61 | 4/8 50 5/8 16 | 62
Radiol 7/10 70 | 3/7 42 a7 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: 8 & 2 sggmentation
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audioasa monolithicblock of samples.SpeechSkimmer[10] is
anexampleof pushingaudiointeractionbeyondthetape-recorder
metaphar The usercan audition spolen documentsat several
timesreal-time usingtime compressiotechniquesindsegmenta-
tion basedon pitch.

Our prototypeaudio browvserlooks like a typical wave-form
editorfollowing the “tape-recorder’paradigm.However, in addi-
tion to the usualplay, rewind, forward buttons,the usercanseg-
mentthe audiointo regionseithermanuallyor usingthedescribed
automaticsggmentationmethods. Forward and backward region
buttonsare provided for easybrowsing. Eachregion canbe an-
notatedwith text. Skippingandannotatingusingregionsis much
fastethanmanualannotationijn the sameway thatfindingasong
on a CD is muchfasterthanfinding it on a tape. Moreover us-
ing sggmentedaudiothe usercannot only locatesongsbut also
smallerunitslike asoloor achorus.

In additionto demonstratinghe possibilitiesof a betteruser
interactionwith audio,the browseraidedin conductinghe experi-
ments.Beingableto changeheparameters,featurasdheuristics
andhearthe resultsundera unified GUI acceleratedhe cycle of
implementationexperimentatiorandevaluation.

5. FUTURE WORK

5.1. Segmentation

In our implementationthe importanceof eachfeatureis equal.
Most likely this is not the casewith humansandis not optimal.
Thereforerelative weightingof thefeaturesneedso beexplored.
Optimizationof the parametersnd heuristicsneedsto be done.
Moreover, differentfront-endsto sggmentationcanbe used. An
interestingcaseis the useof the MPEG audioanalysisfilter bank
asa basisfor calculatingfeatures. Thatway MPEG compressed
audiodatacould be useddirectly for segmentationor classifica-
tion. Anotherinterestingdirectionis the useof a more percep-
tually motivated front-endfor featurecalculationlike a cochlear
model[11].

Basedon the fact that on averagethe subjectsneededmore
than 2 hoursfor segmenting10 minutesof audio using standard
audio editing tools we plan to comparehov much this process
canbeacceleratedisingour automaticsggmentation-basedudio
browser

Becausef thedifficulty of evaluatingandcomparingdifferent
segmentatiorschemestandaratorporaof audioexamplesneedto
bedesignedFurthermorewe believe thatthesegmentatiorresults
combinedwith the calculatedeaturevectorsshouldbe usedasan
intermediaterepresentatioffior further higherlevel analysislike
classificatioror similarity-retrieval.

5.2. Applications

Sgymentationcan be usedas a building block for automaticor
semi-automatienusic analysis. As a simple example,the struc-
ture of cyclic pop songscanbe revealedusingour segmentation
schemeA combinationof sggmentatiorwith beattrackingmeth-
ods[12] canoffer significantinformationfor musicstyle identifi-
cationandmusicanalysis.

Anotherinterestingapplicationis audio thumb nailing. For
eachregion, a characteristisggmenthasto be selected. These
segmentscanbethenusedto createa shortersummaryversionof
theoriginal soundfile.

6. CONCLUSIONS

We describea generaimethodologyfor temporalaudioseggmenta-
tion basedon multiple features.A prototypeaudiobrovserbased
on sggmentationand classificationwasimplementedand usedto

evaluate different sggmentationschemes. A numberof experi-

mentswereperformedo comparehumanandautomaticsegmen-
tation. The resultsindicate that humansubjectsare consistent
when segmentingaudio and it is possibleto automatethis pro-

cess. We believe that our work shaws the potentialof automatic
segmentationfor audio analysisand hopeit will stimulatemore

researclin thisdirection.
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