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ABSTRACT

Advancesn digital storageiechnologyandthewide useof digital audiocompressiomstandardéik e MPEGhave madepossible
the creationof large archivesof audiomaterial. In orderto work efficiently with theselarge archives much more structure
thanwhatis currentlyavailableis needed.The creationof the necessaryext indicesis difficult to fully automate.However,
significantamountof usertime canbe savedby having the computerassisthe userduringthe annotatiorprocess.

In this paperwe describea prototypeaudiobrowsingtool thatwasusedto performuserexperimentdn semi-automati@udio
segmentatiorannotation.ln additionto thetypical sound-editofunctionality the systemcanautomaticallysuggestime lines
that the usercan edit and annotate. We examinethe effect that this automaticallysuggestedeggmentationhason the user
decisionsaswell astiming information aboutsegmentationand annotation. Finally we discussthumbnailingand semantic
labelingof annotatedaudio.
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INTRODUCTION

Advancesn digital storagdechnologyandthewide useof digital audiocompressiostandard$ike MPEG have madepossible
thecreationof largearchivesof audiomaterial.In orderto work efficiently with theselarge archivesmuchmorestructurethan
whatis currentlyavailableis needed.Oneway to approactthe problemis throughthe creationof text indicesandthe useof
traditionalinformationretrieval techniquedq1] familiar from the popularWeb searchengines.An excellentoverview of the
currentstateof theartin audioinformationretrieval is givenin [2].

Work in audioannotatiorhasmostly centeredon speechandthe creationof indicesusing speectrecognitiontechniques.n
the Informediaproject[3] a combinationof speechrecognition,imageanalysisandkeyword searchingechniquess usedto
index aterrabytevideo archive. SoundFisheis a content-avaresoundbrowserthat hasbeendevelopedby Musclefish[4, 5].
Userscansearchor andretrieve sounddy perceptuahndacousticafeaturescanspecifyclassedasedn thesefeaturesand
canasktheengineto retrieve similar or dissimilarsounds.

This paperfocuseson the task of annotatingaudio dataand especiallymusic. An examplewould be structuringhoursof
archived radio broadcast$or audioinformationretrieval. Annotationof simple casedike musicalinstrumentsor musicvs
speecttanbeperformedautomaticallyusingcurrentclassificatiorsystemsBasedon thesetechniquesa completelyautomatic
annotationsystemfor audio could be ervisioned. Although not impossiblein theory therearetwo problemswith suchan
approach.Thefirst is that currentsystemsarefar from perfectand, therefore annotationerrorsareinevitable. This problem
hasto dowith thecurrentstateof theart, soit is possiblethatin thefutureit will besolved. Thereis asecondgroblem,however,
thatis moresubtleandnot soeasyto addressAudio, andespeciallymusic,is heardanddescribedlifferently by eachlistener
Thereare,however, attributesof audiothatmostlistenerswill agreeupon,lik e the generalstructureof the piece the style,etc.
Ideally a systemfor annotatiorshouldautomaticallyextractasmuchinformationasit canandthenlet the usereditit.

This leadsto a semi-automati@pproactthat combinesboth manualand automaticannotationinto a flexible, practicaluser
interface. A prototypeof sucha semi-automati@audioannotationtool hasbeencreatedmainly for the purposeof collecting
experimentaldataaboutwhathumansdo whenasledto sggmentandannotateaudio. The main additionto the typical sound-
editor functionality is the ability of the systemto automaticallysuggestime lines that the usercan edit and annotate. We
examinethe effect that this automaticallysuggestedegmentationhason the userdecisions.In additiontiming information
aboutthe taskof sgmentingandannotatingaudiohasbeencollected. Someanalysisof userthumbnailingandthe semantic
labelingof annotatechudiowasperformed.



SEGMENTATION

In this work segmentatiorrefersto the procesof breakingaudiointo regionsin time basedon whatcould be called“texture”
of sound. Someexamplesarea pianoentranceafter the orchestran a concerto,a rock guitar solo, a changeof spealer etc.
Therearenoassumptionaboutthetype of audioandno statisticalclassmodelof thedatais made.For segmentatiorwe follow
the methodologydescribedn [6]. Firstatime seriesof multi-dimensionafeaturevectorsis computed.Thena Mahalanobis
distancesignalis calculateetweersuccessie framesof sound.The peaksof the derivative of this distancesignalcorrespond
to texture changesandareusedto automaticallydeterminesegmentationboundaries.In orderto capturemostof the desired
boundarieghe algorithmis parameterizetb oversggmentinto moreregionsthanthe desirednumber(up to 16 segmentsfor a
1 minutesoundfile).Thisis calledthebest effort conditionfor the peakpicking heuristic.

ANNOTATION TOOL

Theannotatiortool usedor theuserexperimentconsistof agraphicaluserinterfacelookinglik e atypical sound-editarUsing
a waveformdisplay arbitraryregionsfor playbackcanbe selectedand annotatedime lines canbe loadedandsaved. Each
segmentedegion is coloreddifferentlyandthe usercanmove forwardandbackwardthroughthoseregions. In additionto the
typical soundeditorfunctionality the systemcanautomaticallysggmentthe audioto suggesatime line. Theresultingregions
canthenbe editedby adding/deletindoundariesintil the desiredsegmentatioris reachedFinally, the plug-in architectureof
the systemeasilyallows the useof segmentatiorresultsfrom otheranalysistools suchasa speechrecognitionsystem.
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Figurel: A,B,C: histogramof subjectagreemenandD: learningcurve for meansegmentcompletiontime

USER EXPERIMENTS

In [6] a pilot userstudywasconductedrying to answertwo main questionsarehumansconsistentvhenthey segmentaudio
andif their performanceanbe approximatedy automaticneans.in thatstudysubjectsvereallowedto usethe soundeditor
of their choice,thereforeno timing informationwas collected. In this work a new setof userexperimentswasperformedto
re-confirmthe resultsof [6] andanswersomeadditionalquestions.The main questionwe tried to answerwasif providing



an automaticsegmentationasa basiswould biasthe resultingsegmentation.In additioninformationaboutthe time required
to segmentand annotateaudiowas collected. It is our belief that the useof automaticallysegmentectime-linescangreatly
acceleratehe sggmentatiorandannotatiorprocessFurther significantpartsof this processanalsobe automated.

The datausedconsistsof 10 soundfiles aboutl minutelong. A variety of stylesandtexturesarerepresentedTen subjects
wereasledto sggmenteachsoundfile in 3 ways. Thefirst way, which we call free, is breakingup the file into any number
of sggments.The secondandthird way constrainthe usersto a specificbudgetof total sgmentsd + 1 and8 + 2. In [6] ary
standardhudioeditingtool couldbe usedwhereasn this studythe previously describedannotatiortool wasused.

In figure 1 histogramsof subjectagreemenareshovn. To calculatethe histogramall the sggmentatiormarkswerecollected
andpartitionedinto bins of agreemenin the following manner:all the sgmentmarkswithin £0.5 secondswereconsidered
ascorrespondindo the samesegmentboundary This valuewascalculatedbasedn thedifferencedetweerthe exactlocation
of the sggmentboundarybetweensubjectsandwasconfirmedby listeningto the correspondindransitions.Sinceat mostall
the ten subjectscan contribute markswithin this neighborhoodf +0.5 secondghe maximumnumberof subjectagreement
is 10. In the figure the differentlines shaw the histogramof the experimentsn [6] (old), the resultsof this study (hew) and
the total histogramof both studies(total). The total histogramis calculatedby consideringthe 20 subjectsand dividing by
two to normalize(noticethatthis is differentthantaking the averageof the two histogramssincethis is doneon a boundary
basis). Thereforeif in the two studiesthe boundariesvere changedndicating bias becausenf the automaticallysuggested
segmentationthe shapeof thetotal histogramwould drasticallychange.The histogramsshow thatthereis alarge percentage
of agreemenietweersubjectsaandthatthe sgmentatiorresultsarenotaffectedby the provision of anautomaticallysuggested
segmentationtime line. Finally the factthatthe the old, new andtotal histogramshave aboutthe sameshapein subfigures
A,B,C suggestshatconstraininghe userto a specificbudgetof segmentsdoesnot affect significantlytheir agreement.

As ametricof subjectagreementve definethe percentagef the total ssgmentatiormarksthatmorethan5 of the 10 subjects
agreedupon. This numbercanbe calculatedby integratingthe histogramgrom 6 to 10. For theexperimentsn [6] this metric
gives79%, for this study76% and,for thecombinedtotal 73%. In [6] (old), 87% of the segmentsthathalf the subjectsagreed
uponwerein the setof the besteffort automaticsegmentation.Moreover for this study(new) 70% of thetotal sgmentmarks
by all subjectsvereretainedfrom the besteffort automaticallysuggestedegmentation.All thesenumbersarefor the caseof
free segmentation.

The meanandstandarddeviation of the time it took to complete(sggmentandannotate)n soundfilewith durationof aboutl
minutewas13 + 4 minutes.This resultwascalculatedusingonly the free sggmentatiortiming informationbecausé¢he other
casesare muchfasterdueto the familiarity with the soundfileandthe reusabilityof segmentationinformationfrom the free
case.SubfigureD of figure 1 shows the averagetime persoundfilein orderof processingTheorderof processingvasrandom
thereforethe figure indicatesthereis a significantlearningcurve for the task. This happenglespitethe fact that an initial
soundfilethatwasnot timed wasusedto familiarizethe userswith the interface. Thereforethe actualmeantime is probably
lower (about10 minutes)for anexperiencediser

THUMBNAILING

An additionalcomponenf the annotationtasksof [6] wasthat of "thumbnailing” After doingthefree,8 + 2, and4 + 1
segmentingtasks,subjectswvereinstructedto notethe begin andendtimesof a two secondthumbnailsegmentof audiothat
bestrepresentedachsectionof their free segmentatiorsections.

Inspectionof the 545 total userthumbnailselectionsevealedthat 62% of themwere chosento be the first two secondof
a segment,and92% of themwere a selectionof two secondswithin the first five secondf the segment. This implies that
a machinealgorithm which can perform segmentationcould also do a reasonablgob of matchinghumanperformanceon
thumbnailing. By simply usingthe first five secondsf eachsggmentasthe thumbnail,and combiningwith the resultsof
the best-efort machinesegmentation87% matchwith humansegments) a setcontaining80% “"correct” thumbnailscouldbe
automaticallyconstructed.

ANNOTATION

Somework in verbalcuesfor soundretrieval [7] hasshovn thathumangendto describdsolatedsoundsby sourcetype (what
it is), situation(how it is made) andonomatopoeigésounddik e). Text labelingof segmentsf a continuousoundstreammight
beexpectedo introducedifferentdescriptiortypes,however. In this paperapreliminaryinvestigatiorof semantiannotations
of soundsegmentswasconductedWhile doingthe segmentatiortasks,subjectswvereinstructedto "write a short(2-8 words)
descriptionof the section.!. Annotationsfrom the free segmentationsvere inspectedby sortingthe words by frequeng of
occurrence.

The averageannotatioengthwas4 words, resultingin atotal of 2200 meaningful(wordslike of, and, etc. wereremoved)
words,and620uniquewords. Of thesepnly 100wordsoccur5 or moretimesandtheserepresen64% of thetotalword count.
Of these"top 100” words, 37 are literal descriptionsof the dominantsourceof sound(piano, female,strings,horns,guitar,



synthesizeretc.),andthesemake up almost25% of thetotal wordsused.

The next mostpopularword type could be classedasmusic-theoreticastructuraldescriptiongmelody, verse sequenceune,
break,head phrasegtc.) 29 of the top 100 wordswereof this type, andthey represen23% of the total wordsused. This is
striking becausenly 5 of the 20 subjectscould be consideregrofessionacomposers/musiciarend structuraldescriptions
(notalwayscorrectly)wereusedby mary of thenon-musicians.

Anothersignificantcategory of wordsusedcorrespondetb basicacousticparametergsoft, loud, slow, fast,low, high, build,
crescendoincreaseetc. ). Most of suchparametersireeasyto calculatefrom the signal. 12 of thesewordsrepresentedbout
10% of thetotal wordsused.

Thesepreliminary findings indicate that with suitablealgorithmsdeterminingbasicacousticalparametergmostly possible
today), the perceptuallydominantsoundsourcetype (somavhat possibletoday), and music-theoreticastructuralaspectsof
soundseggments(much algorithmic work still to be done),machinelabeling of a fair numberof segments(60%) would be
possible.

IMPLEMENTATION

ThesystemhasbeenimplementedisingMARSYAS [8] anobjectorientedframework for building audioanalysisapplications.
A client-senerarchitectures used.Thegraphicaluserinterface(writtenin JAVA) actsasaclientto thesenerengineg(writtenin
C++)whereall the signalprocessings done.Thesystenrunson Solaris,SGlI, Linux andWindows (95,98andNT) platforms.

FUTURE WORK

In the future we plan to collect more dataon the time requiredto segmentaudio. Empirical evidenceis requiredthat the

automaticseggmentationreducesusertime required. Furthertestsin thumbnailingwill needto be devisedto determinethe

salienceof thehumanandmachineselectedhumbnails andto determinetheir usefulnessFor example,canthumbnailscause
aspeedupn location/ind&ing, or canthumbnailsbe concatenatedr otherwisecombinedto constructa useful”caricature”of

along audioselectionWVe planto make moredetailedanalyse®f the text annotationsFinally the developedgraphicaluser
interfaceallows the collectionof mary userstatisticsike numberof edit operationsdetailedtiming information,etc.thatwe

planto investigateurther.

SUMMARY

A seriesof userexperimentdn computerassistedannotatiorof audiowereperformed.Theresultsshav thatusingautomatic
segmentatiorto assisthe userdoesnot biasthe resultingsegments.The averagetime requiredfor completingthe taskwas13
minutes. By defininga segmentthumbnailasthefirst five secondsafter a ssgmentboundarywe caninclude87% of human
thumbnails. A preliminary examinationof text annotationshaved that about60% of all wordsinto threecateyories: sound
sourcedescriptionsstructuralmusictheoreticdescriptionsandbasicacoustigparameters.
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