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Abstract

Digital audioandespeciallynusiccollectionsarebecominga majorpartof theaverage
computermserexperience Largedigital audiocollectionsof soundeffectsarealsousedby
the movie andanimationindustry Researchareasthat utilize large audio collectionsin-
clude: Auditory Display, BioacousticsComputerMusic, ForensicsandMusic Cognition.

In orderto develop more sophisicatedtools for interactingwith large digital audio
collections, researchin ComputerAudition algorithns and user interfacesis required.
In this work a seriesof systemsfor manipuhting, retrieving from, and analysinglarge
collectionsof audiosignalswill bedescribedThefoundationof thesesystemss thedesign
of new andtheapplicationof existing algorithns for automatt audiocontentanalysis.The
resultsof the analysisare usedto build novel 2D and 3D graphicaluserinterfacesfor
browsing and interactingwith audio signalsand collections. The proposedsystemsare
basedntechniquesrom thefieldsof SignalProcessingRatternRecognition)nformation
Retrieval, VisualizationrandHumanComputeinteraction.All theproposedlgorithnmsand
interfacesareintegratedunderMARSYAS, a free software framewvork designedor rapid
prototypng of computerauditionresearch.In mostcaseshe proposedalgorithmshave
beenevaluatedandinformedby conductinguserstudes.

New contrikutions of this work to the areaof ComputerAudition include: a gen-
eral multifeature audio texture segmentatio methoalogy, featureextractionfrom mp3
compressediata, automaticbeat detectionand analysisbasedon the Discrete Wavelet
Transformand musical genreclassificationcombiningtimbral, rhythmic and harmonic
features. Novel graphicaluserinterfacesdevelopedin this work are varioustools for
browsing and visualizing large audio collectionssuchas the Timbregram, TimbreSpace,

GenreGramandEnhancedsoundEditor.
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Chapter 1

Intr oduction

Theprocesf preparingprogramsfor a digital computelis especiallyattractive, notonly
becauset canbeeconomicallyandscientificaly rewarding, but alsobecauset canbean
aesthetiexperiencemud like composingpoetryor music.

Donald E. Knuth, The Art of Computer Programming

(especiallywhenyouwrite programsto analyzeaudiosignals)

1.1 Motivation and Applications

th Developnentsin hardware, compressiortechnology and network connectvity have
madedigital audioandespeciallymusicamajorpartof the everydaycomputeruserexperi-
enceanda significantportionof webtraffic. Themediaandlegal attentionthatcompanies
like Napsterave recentlyreceved, testifiesto thisincreasingmportanceof digital audio.
It is likely thatin the nearfuture the majority of recordedmusicin humanhistorywill be
availabledigitally. As anindication of the magnitue of sucha collection currentlythe
numberof cdtracksin retailis approximately\8 million. It is still uncleawhatthebusiness
modelsfor this new brave new mustc world will be. However, onething thatis certainis

theneedto interacteffectively with increasinglylarge digital audiocollections.
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In addition to digital musicdistribution, theneedto interactwith largeaudiocollections
arisesin otherapplicatios areasaswell. Most of the moviesproducedodayusea large
numberof soundgakenfrom large librariesof soundeffects(for examplethe BBC Sound
EffectsLibrary contains60 compactdisks). Whenerer we heara door closing,a gunshot
or atelephoneingingin a movie it almostalwaysoriginatesfrom oneof thoselibraries.
Evenlarger numbersof soundeffectsare usedin the animationindustry The importance
andusageof audioin computergamess alsoincreasing.Moreover, composerspJs,and
arrangerdrequentlyutilize collectionsof soundsto createmusicalworks. Thesesounds
typically originatefrom synthesizerssamplersandmusicalinstrunentsrecordedive.

In additionto applicatiors relatedto the entertainmentndusty, the needto interact
with large audio collectionsarisesin mary scientific disciplines. Auditory Display * is
a new researchareathat focuseson the useof non-speeclaudioto convey information.
Specific areasinclude the sonificationof scientific data, spatial sound, and the use of
auditoryiconsin userinterfaces.Respondindgo parametersf analyzedaudiocanalsobe
usedby interactve algorithmsperforminganimationor soundsynthesidsn virtual reality
simulationsandcomputergames Audio analysistools have alsoapplicationsn Forensics
which is the useof scienceandtechnologyto invegigate and establishfactsin criminal
or civil courtsof law. For examplethe make of a particular car or the identity of a
speakingpersoncan be automaticallyidentified from a recording. Other fields where
working with audiocollectionsis importantare BioacousticsPsychoacousticandMusic
Cognition. Bioacousticss the study of soundsproducedby animals. Psychoacoustics
studiesthe perceptionof differenttypesof soundby animalsof the humanspeciesand
Music Cognitionlooks specificallyat how we perceve andunderstananusic.

This indicative but by no meansexhaustve list of applicationareasfrom industryand
academiashons the needfor toolsto manipuhte,analyzeandretrieve audiosignalsfrom

large digital audiocollections.

Ihttp :/iww w.icad .org
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1.2 The main problem

To summarizethe main problemthatthis work triesto addresss the needto manipulate,
analyzeandretrieve from large digital audiocollections with specialemphasi®n musical
signals. In orderto achieve this goal a seriesof existing and novel automaticcomputer
audition algorithmswere designeddeveloped, evaluated,and applieddirectly to create
novel contentand context aware audiographicaluserinterfacesfor interactingwith large

audiocollections.

1.3 Curren state

Oneof the mainlimitationsof currentmultimediasoftware systemss thatthey have very
little understandig of the datathey processand store. For example an audio editing
programrepresentaudioasan unstructurednonolithic block of digital samplesIn order
to develop new effective tools for interactingwith audio collectiors it is important to
have information aboutthe contentand contect of audiosignals Contentrefersto ary
informationaboutanaudiosignalandits structure.Someexamplesof contentinformation
are: knowing a specificsectionof a jazz music piececorrespondso the saxophonesolo,
identifying a bird from its song,finding similar soundgo a particularwalking soundin a
collectionof soundeffectsfor movies. Contet refersto information aboutanaudiosignal
thatis dependentipona larger collectionto which it belongs.As an exampleof context
informationin alarge collectionof all musicalstyles, two femalesingerJazzpieceswvould
be similar whereasn a collectionof vocal Jazzthey might be quite dissimilar. Therefore
their similarity is contet information as it dependson the particularaudio collection.
Anotherexampleof context informationis the notion of a “fast” musicalpiecewhich is

differentfor differentmusicalgenreghereforedepend®n the particularcontext.
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Obvioudy in orderto achieve this sensitvity to the contentand contect of audiocol-
lectionsmore high level informationthanwhat is currently usedis required. The most
commonapproachto addresghis problemhasbeento manuallyannotateaudio signals
with additianal informatian (for examplefilenamesandID3 tagsof mp3files). However
thisapproacthasseverallimitations:it requiressignificantusertime (therearecommercial
companieshat pay full-time expertsto perform this annotatio, doesnot scalewell,
andcanonly provide specifictypesof informatian thataretypically categorical in nature
such as music genre,mood, or enegy level. In addition, the maintenanceof all this
informationrequiressignificantinfrastructureandquality assurancen orderto ensurethat
the annotationresultsare consistentand accurate. Thereforealgorithns and techniques
thatare capableof extractingsuchinformation automaticallyaredesired.In this thesis,a
varietyof suchalgorithms andtechniquesvill be proposedndwill beusedto createnovel

toolsfor structuringandinteractingwith large audiocollections

1.4 Relevant Reseach Areas

This work falls underthe generalresearchareaof ComputerAudition (CA). The term
ComputerAudition is usedin a similar fashionto theterm Computeiision andit includes
ary proces®f extractinginformation from audiosignals.Othertermsusedin theliterature
areMachine ListeningandAuditory SceneAnalysis 2

Although Speeh Reca@nition canbe consideredoart of CA, for the purposef this
thesis,CA will refer to techniqueghat althoughpossibly processspeechsignals,they
do not performary languagemodeling. For example, spealer/singeridentificationand

music/peechdiscriminaton will be includedasthey canbe performedby a humanwho

2] preferthe term Compute Audition becase by beingmore generh is applicableto a broaderset of
prodems. Machine Listeningimplies a high level percepual actvity whereasthe term Auditory Scene
Analysisrefersto the recoqition of different soundproducing objeds in a scene. Although thereis no
comma agreemenabou theterminolay | considetthesetwo othertermssubtojics of ComputerAudition.
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{ Machine Learning } {Human Computer Interactiorj
Signal Processing t /
[ Information RetrievaH Computer AuditionHComputer Vision ]

Figurel.l: RelevantResearclAreas

mightnotknow thelanguagespolenbut Speeh Recanition andSpeeh Synthesisvill not
be coveredasthey rely on languagemodels. Although researchn aspectsof Computer
Audition hasexistedfor a long time only recently(after 1996) therehasbeensignificant
researctoutput 3

Someof thereasondor thislateinterestare:

e Developmentsin hardwarethatmadefeasiblecomputatios over large collectionsof

audiosignals

e AudiocompressiosuchastheMPEGaudiocompressinstandard.mp3files)which

madedigital musicdistribution over theinternetareality

e A shift from symboilc method andsmall“toy” examplesto statisical methodsand
large collectionsof “real world” audiosignals(alsoa trendin the generalArtificial

Intelligencecommunty)

Despitethe fact that ComputerAudition is a relatively recentresearchareastill in its
infangy therearemary existing well-establifedresearclareasvhereinterestingdeasand
toolscanbefoundandadaptedor thepurposeof extractinginformationfrom audiosignals.

Figurel.1shavsthe mainresearchareaghatarerelevantto this work. Thethickness

of the lines is indicative of the importanceof eachareato this particularwork rather

3My gradiatestudiesbegan in 1997andtherefae | have beenvery lucky as| wasableto track mostof
thenew researclin Compuer Audition andactively participatein its evolution.
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thanto the areaof ComputerAudition in general. Audio and especiallymusic signals
arecomple data-intensie, time-varyingsignalswith uniquecharacteristicshatposenew

challengedo theserelevant researchareas. Therefore,researchin CA providesa good
way to test,evaluateandcreatenew algorithmsandtoolsin all thoseresearchareas.This
reciprocalrelationis indicatedin figure 1.1 with the useof connectingarrons pointing in

both directions.In the following paragraphshortdescriptios of theseresearcharesand
their connectiorto ComputerAudition areprovided. In addition arepresentate reference
textbodk (by no meangheonly oneor the bestone)for eachspecificareais provided.

Digital SignalProcesg [97] is the computermanipulatio of analogsignals(com-
monly soundsor images)which have beencorvertedto digital form (sampled). The
varioustechniquef Time-Frequeng analysisdevelopedfor processingaudiosignalsin
mary case®riginally developedfor SpeecHProcessingndRecognitior{98], areof special
importanceor thiswork.

Machine Learningtechniquesallow a machineto improve its performancebasedon
previous resultsand training by humans. More specificallypatternrecognitionmachine
learningtechnique$30] aimto classifydata(patterns)asedon eithera priori knowledge
or on statistcal information extractedfrom the patterns. The patternsto be classified
are usually groupsof measurementsr obsenations defining points in an appropriate
multidimensionabkpace.

Computenvision [9] is atermusedto describeary algorithmandsystemthat extracts
informationfrom visual sighalssuchasimageandvideo. Of specificinterestto this work
is researchn videoanalysisasbothvideoandaudioaretemporalsignals

Human Computerinteraction (HCI) researchis becomingan increasinglyimportant
areaof ComputerScienceresearchf114]. Graphicaluserinterfaces(GUIs) enablethe
creationof powerful tools that combinethe bestof humanand machinecapabilities. Of

specificinterestto this work is the field of Information Visualization[120, 34] thatdeals
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with thevisualpresentatiomf varioustypesof informationin orderto betterunderstandats
structureandcharacteristics.

Information Retrieval [137] familiar from the popularweb searchenginessuch as
AltaVista (www.alta vista.com ) andGoogle(www.googl e.com ), refersto techniquegor
searchingandretrieving text documentdbasedon userqueries.More lately techniquesor
MultimedialnformationRetrieval suchascontent-basednageretrieval systemg37] have
startedappearing.

Lastbut notleastis PerceptionresearchThehumanperceptuasystemhasuniquechar
acteristicsandabilitiesthatcanbe takeninto accountto develop moreeffective computer
systemdor processingensorydata.For examplebothin imagesandsound knowledgeof
the propertiesof the humanperceptuabystens hasled to powerful compressioimethods
suchas JPEG (for images)and MPEG (for video and audio). A good introduction to

psychoacousts (the perceptiorof sound$ usingcomputerss [21].

1.5 Guiding princip lesand obsewations

Giventhecurrentstateof toolsfor interactingwith largeaudiocollectionsseveraldirections
for improvementare evident. Basedon thesepoints, the following guiding principles

characterize¢his work anddifferentiatet from themajority of existing research:

e Emphasison fundamental problemsand “r ealworld” signals

Many existing systemsare too ambitiousin the sensethat they solve somehard
problemsuchaspolyphonc transcriptionbut only for very limited artificially con-
structedsignals(“toy problems”).In contrasin thiswork theemphasiss on solving
fundamentaproblemghatareapplicableto arbitrary“real world” audiosignalssuch

musicpiecesstoredasmp3files.

e Develop new and impr ove existing computer audition algorithms
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In orderto designand develop new algorithmsin ary field it is importantto first
understandjmplement,compareand improve existing algoriths. Thereforewe
have tried to include andimprove mary existing CA algorithns in additionto the

newly designedalgorithns.

e Integration of differ ent analysistechniques

A large percentag®f existingwork in CA dealswith only a specificanalysisprob-
lem. However in mary casesthe resultsof different analysistechniquescan be
integratedimproving the resultinganalysis.For examplesegmentatian canbe used
to reduceclassificatiorerrors. A consequencef this desirefor integrationhasbeen
the creationof a generalandflexible softwareinfrastructurefor CA researchrather

thansolvingeachsmallindividual problemseparately

e Content and Context aware userinterfaces basedon automatic analysis

Existing CA work emphasizesutomaticalgorithmsand is rarely concernedwith
how userscan interactwith thesealgorithms. Human computerinteractionis a
very important aspectin the designof an effective system. In this thesisour goal
is to provide combire the abilitiesof humansandcompuersby creatingnovel user
interfacesto interactwith audiosignalsandcollections Unlike existing toolsthese
interfacesareawareof contentandcontext informationaboutthe audiosignalsthey

presentaindthisinformationis extractedusingautomaticanalysisalgorithns.

e Interacting with largecollectionsrather than individual files

In both the developedalgorithns and interfacesthe emphasids on working with
large collectionsratherthanindividual files. So, for exampk, large partof thework
in interfacedesignis concernedvith browsinglarge collectionswhile the automatic
analysiss hearily basedon statigical learningtechniqueghatutilize large datasets

for training.
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e Automatic and userbasedevaluation

Evaluaton of systens thattry to imitate humansensoryperceptionis difficult be-
causethereis no singlewell-definedcorrectanswer However it is feasibleandit is
importantfor the designanddevelopmentof effective CA algorithmsand systens.
BecauseCA is arelatively recentandstill developing field mary existing systemsre
proposedwithout detailedevaluation (for exampleonly a few exampleswherethe
algorithns works arepresented)In this thesis,an effort hasbeenmade to evaluate
the proposedechniquestatidically usinglarge datasetsandwith userexperimensg

whenthatis required.

¢ Real-time performance Computerauditioncomputationg@renumerically-inensve
andstresscurrenthardwareto its limits. In orderto have desiredreal-timeperfor
manceandinteractvity in the userinterfacescarefulchoiceshave to be madeboth
atthealgorithmc andtheimplemenéationlevel. Unlike certainproposedalgorithirs
thattake hoursto analyzeaminuteof audio,ouremphasisiasbeenonfastalgorithns
and efficient implemenéation that enableseal-timefeatureextraction, analysisand

interaction.

Althoughsomeof thesedesignguidelineshave beenusedin severalproposedsystems
to the bestof our knowledgeno existing systemhascombinedall of them. In addition
thefollowing simple, informal but importantobsenatiors aresomeway or anotherbehind

mary of theideasdescribedn thisthesis.

e Automatic techniqueswith errors can be made useful.

Automattc audioanalysigechniquesrestill farfrom perfectandin mary casehave
largepercentagesf errors.Howevertheirresultscanbesignificantlyimproved using
varioustechniguessuchas: statistcs, integration of differentanalysistechniques,

userinterfacesand utilizing the errorsas as sourceof information. For example
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althoughshorttime automatt beatdetectionis not accuratea goodrepresentation
of the overall beatof a songcanbe collectedusingstatisics (seeBeatHistogams,
Chapter). In addition thefailure of the beatdetections a sourceof informationfor
musicalgenreclassificatior(for examplebeatdetectionvorksbetterfor rockandrap
musicthanfor classicalor ambient).Althoughthis obsenation is relatively simple,

it leadsto mary interestingdeasthatwill be exploredin thefollowing chapters.

e Avoid solvinga simple problem by trying to solve a harder one

Although this obsenration soundstrivial it is not taken into accountin a lot of ex-
isting work. For exampk a lot of work in audio sggmenation assumesn initial
classification. However classificationis a harderproblemasit involves learning
both in humansand machines(thereis no easyway to prove suchan assertion,
andthereforesomepeoplemight disagreehowever it will be shavn thatautomatic
segmenation without classificationis feasible). Another exampleis the work in
polyphaic transcripton, which is still an unsolved problem, for the purposeof

retrieval andclassificationwhich canbe solved usingstatigical methods

e Usethe software you write

In orderto evaluatethe algorithmsandtoolsyou developit is importantto usethem
andthemosteasilyaccessibleiseris yourself. An effort hasbeenmadein thiswork
to develop working prototypesthat are subsequentlyisedto evaluateandimprove

thedevelopedalgorithns, creatingthatway a self-improving feedbackoop.

Theway theseguidingprinciplesandobsenatiors influencetheideasdescribedn this
thesiswill becomeclearerin the following chapterghatdescribedn detailthe developed

algorithns andsystems
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1.6 Overview

As in every PhD thesismy primary goalis to presentn a clearandaccuratemannemy
researchwork. In additionl would alsolike my thesisto serne asa goodintroducton to
the field of ComputerAudition in generalandits currentstateof art. Becausanost of
theresearchis relatively recentand| have implementednary of the existing algorithns
proposedn theliteraturel hopethatmy goalis achiezable.ldeally | would lik e this thesis
to be a goodstartingpoint for someonenteringthe field of ComputerAudition. Another
side-efect of this secondaryoalis the extendedbibliography Unlike morematurefields
weretherearegoodsuney paperghatcansene asstartingpoints, ComputerAudition is a
relatively new field andit is possilbe (andl have attemptedo do so)to cite the majority of
directly relevantpublicatiors.

Toward this goal the structureof this thesisfollows a form similar to a hypotetical
ComputerAudition textbook. For presentatiopurposes lik eto divide ComputerAudition

in thefollowing stages:

e Representtion - Hearing

Audio signalsare data-intensie time-domainsignalsand are stored(in their basic
uncompressedorm) as seriesof numberscorrespondingo the amplitude of the
signal over time. Although this representations adequatefor transmissan and
reproductionof arbitrary waveformsit is not appropriatefor analysingand under
standingaudiosignals Thewaywe perceve andunderstanéudiosignalsashumans
is basedon and constrainedby our auditory system. It is well known that the
early stagesof the humanauditorysystem(HAS) decomposéncomingsoundwave
into differentfrequeng bands. In a similar fashion,in ComputerAudition, Time-
Frequeng analysistechniquesare frequently usedfor representingaudio signals.
Therepresentatiostageof the ComputerAudition pipelinerefersto arny algorithns

andsystemghattake asinput simple time-donain audiosignalsandcreatea more



CHAPTER1. INTRODUCTION 12

compactjnformationbearingrepresentationThemostrelevantresearb areato this

stageis SignalProcessing.

e Analysis- Understanding

Oncea goodrepresentatiolis extractedfrom the audio signalvarioustypesof au-
tomaticanalysiscanbe performed. Theseincludesimilarity retrieval classification,
clustering,segmentation,and thumbnaiing. Thesehighekrlevel typesof analysis
typically involve memoryand learningboth for humansand machines. Therefore

MachineLearningalgorithns andtechniquesreimportantfor this stage.

e Interaction - Acting

Whenthe signalis represente@nd analyzedby the system,the usermustbe pre-
sentedwith the necessarynformationandact accordingto it. The algorithns and
systemf this stageareinfluenceby ideasfrom HumanComputerinteractionand
dealwith how information aboutaudio signalsand collectionscanbe presentedo

theuserandwhattypesof controlsfor handlingthisinformationareprovided.

This division into stageswill be usedto structurethis thesis. It is importantto em-
phasizethat the boundarieshetweenthesestagesare not clear cut. For examplea very
completerepresentatiofsuchasamusicalscore)makesanalysisasietthanalessdetailed
representatioigisuchasfeaturevectors). However featurevectorscanbe easily calculated
while the automatt extractionof muscal scoreg(polyphont transcription)is still anun-
solvedproblem.Althoughthesestagesrepresentedeparatelyor clarity, in any complete
systemthey areall integrated. Additionaly the designof algorithmsandsystemsn each
stagehasto be informedandconstrainedy the designchoicesfor the otherstages.This
becomesvidentin evaluationandimplementabn thattypically cannotbeappliedto each
stageseparatelyout have to take all of theminto account.Figure 1.2 shaws the stagesof

the ComputerAudition Pipelineandrepresentatie examplesof algorithns andsystemsgor
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COMPUTER AUDITION PIPELINE

STAGES EXAMPLES

Browsers
Editors

Interaction — Acting 0 it
uery filters

Classification
Analysis—Understanding Segmenation

T Similarity retrieval

Feature extraction
Representation — Hearing Polyphonic transcription
Beat detection

Figurel.2: ComputerAudition Pipeline

eachstage.Although in mostexisting systemsnformatian typically flows bottom-upboth
directionsof flow areimportantashasbeenarguedin [115, 31].

This thesisis structuredasfollows: Chapterl (which you are currentlyreading)pro-
videsa high-level overview of the thesis,the motivation behindit andhow it fits in the
contet of relatedwork. Chapter2 is aboutrepresentatiomnd describesvariousfeature
extractiontechnigqueshatcreaterepresentationfor differentaspect®f musicalandaudio
content.Theanalysisstagds coveredin Chapter3 wheretechniquesuchasmusicalgenre
classificationsound‘texture” segmentatio andsimilarity retrieval aredescribedChapter
4 corresponds$o theinteractionstageandis aboutvariousnovel contentandcontext avare
userinterfacedor interactingwith audiosignalsandcollections Theevaluatian of thepro-
posedalgorithmsandsystemss describedn Chaptel5. Thereasorevaluatonis presented
in a separatechapteris becausen mostcasest involvesmary differentalgorithns and
systemdrom all the CA stages.For examplein orderto evaluateMPEG-basedeatures,

both classificationand segmentatbn resultsare obtainedthroughthe use of developed
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graphicaluserinterfaces.Chapter6 talksaboutthe implementatiorandarchitectureof our
system. The thesisendswith Chapter7 which summarizeshe main thesiscontritutions
andgivesdirectionsfor futureresearchEachchaptercontainsa sectionaboutrelatedwork
andthespecificcontritutionsof thiswork in eacharea.Standardalgorithmstechniqueshat
areimportantfor this work aredescribedn moredetailin AppendixA. A glossaryof the
terminolayy usedin thisthesisis providedfor quick referenceat AppendixB. AppendixC
presentghe publicatiors that constitutethe work presentedn this thesisin chronological
orderandAppendixD providessomewebresourceselatedto this research.

For the remainderof thethesis,it is usefulto have in mind the following hypotetical
scenaridhatwill verylikely becomeealityin thenearfuture. Supposell of recordedmu-
sicin theworld is storeddigitally in your computerandyou wantto beableto manipulate,
analyzeandretrieve from this large collectionof audiosignals.Although in mary cases,
the techniquegdescribedn this work are also applicableto othertypesof audiosignals
suchas soundeffects andisolatedmusicalinstrunenttones,the main emphasiswill be
on musicalsignals Soif thereis no otherindicationin the text, the readercanassume
that signalsof interestwill be mustal signals. Marsyasis the nameof the free software
framework for ComputerAudition researcldevelopedaspartof thisthesisunderwhichall

thedescribedalgorithmsandinterfacesareintegrated.

1.7 Relatedwork

In this section,pointersto important relatedwork will be provided. The emphasiss on
representatie and influential publicationsas well as descriptionsof complex Comple
Audition systemgatherthanthanindividual techniquer algorithms. More detailedand
completereference areprovidedin therelatedwork sectionof eachindividual chapter
As alreadymentionedthe early originsof computerauditiontechniquesrein Speech

recognitionand processing98]. Anotherimportantareaof early influencess Computer
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Music researcH99, 85 which althoughis mostly involved with the synthesisof sounds
andmusichasprovideda variety of interestingtoolsandtechniqueshatcanbe appliedto
ComputerAudition.

Most of the algorithmsin Music Information Retrieval (MIR) # hasbeendeveloped
basednsymbolc representationsuchasMIDI files. Symbolicrepresentationaresimilar
to musicalscoresin thatthey aretypically comprisedof detailedstructuredinformation
aboutthe notes, pitches, timings, and instrumentsusedin a recording. Basedon this
informationMIR algorithmscanperformvarioustypesof contentanalysissuchasmelody
retrieval, key identification,andchordrecognition. The techniquesisedhave strongsim-
ilarities to text informationretrieval [137]. More informatian aboutsymboic MIR canbe
foundin [1, 2].

Transcriptionof must is definedasthe actof listening to a pieceof musicandwriting
down musical notationfor the notesthat constitue the piece. Automatic transcription
refersto the processof corverting an audiorecordingsuchasa .mp3file to a structured
representatiosuchasa MIDI scoreand providesthe bridge that can connectsymbdic
MIR with analysisof “real world” audiosignals.

The automatictranscriptimn of monoplonic signalsis practically a solved problem
since several algorithmshave beenproposedthat are reliable, commerciallyapplicable
andoperatdn realtime. Attemps toward polyphonic transcription datebackto the 1970s,
whenMoorer built a systemfor transcribingduets,i.e., two-voice compositons[86]. The
proposedsystemsufferedfrom severelimitationson the allowable frequeng relationsof
two simultaneouslyplaying notes,andon therangeof notesin use.However, this wasthe
first polyphanic transcriptionsystem andseveral otherswereto follow.

Until thesedaystranscriptimn systens have not beenable to solve other than very
limited problems It is only lately that proposedsystemcan transcribemusic 1) with

morethantwo-voice polyphory, 2) with evena limited generalityof soundsand3) yield

“http /mww w.musi c- ir.o rg
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resultsthatare mostly reliableandwould work asa helpingtool for a musician[79, 61].
Still, thesetwo also suffer from substangl limitations. The first was simulatedusing
only a shortmusicalexcerpt,and could yield goodresultsonly after a carefultuning of
thresholdparametersThe secondsystenrestrictsthe rangeof notepitchesin simulations
to lessthan20 differentnotes.However, someflexibility in transcriptiorhasbeenattained,
whencomparedo the previous systens. To sumnarizefor practicalpurposesautomatic
polyphonc transcriptionof arbitrarymusicalpurposess still unsohedandlittle progress
hasbeenmade.

Anotherapproachthatoffers the possilility of automatt mustc analysisis Structured
Audio (SA). Theideais to build a hybrid representatiorombiningsymbolc represen-
tation, software synthesisand raw audioin a structuredway. Although promisingthis
techniquehasonly beenusedin a smallscaleandwould requirechangesn theway music
is producedandrecorded.MPEG 4 [107] might changethe situatian but for nowv andfor
the nearfuture mostof the datawill still bein raw audioformat. Moreover, evenif SA is
widely usedcorvertersfrom raw audiosignalswill still berequired.

Giventhefactthatautomatianust transcriptions theholy grail of ComputerAudition
andis not very likely to be achiezed in the nearfuture andthat StructuredAudio is still
mainly a proposal,if onewishesto work with audiosignalstodaya significant paradigm
shift is required. The main idea behindthis paradigmshift is to try to extract directly
informationfrom audiosignalsusingmethoddrom SignalProcessingndMachineLearn-
ing without attemptirg note-level transcriptios. This paradigmis followed in the work
describedn thisthesis Two position paperssupportinghis shift from note-level transcrip-
tionsto statistcal approachebasedon perceptuapropertiesof ‘real-world” soundsaven
in the casewhennote-level transcriptionsareavailableare[82, 106].

In my opinion, this statistcal non-transcriptie approachio ComputerAuditionfor non-

speechaudiosignalsreally startedin the secondhalf on the 90swith the publicatiors of
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two important influential papers. Statisticalmethodsfor the retrieval and classification
of isolatedsoundssuchasmusicalinstrunenttonesandsoundeffectswereintroducedin
[143]. An algorithmfor thediscriminaton betweermusc andspeectusingautomait clas-
sificationbasedn spectrafeaturesandtrainedusingsupervisedearningwasdescribedn
[110]. An early overview of audioinformation retrieval including techniquesasedon
SpeechRecognitionanalysiscanbefoundat[39].

Another influential work for CA is the classicbook “Auditory SceneAnalysis” by
McGill PsychologisAlbert Bregman[16]. Auditory sceneanalysidgs theprocesdy which
the humanauditory systembuilds mentaldescriptionsof complex auditoryenvironmensg
by analyzingmixturesof sounds. The book describesa large numberof psycholgical
experimentghatprovide alot of insightaboutthe mechanisrausedby the humanauditory
systemto performthis processComputatimal implemenationsof someof theseideasare
coveredin [101]. Although thereis no direct attemptin this thesisto modelthe human
auditorysystemknowledgeabouthow it workscanprovide valuableinsigh to the design
of algorithnms andsystemshatattemptto performsimilar tasks.

More recentlythe MachineListening Groupof the MIT medialab hasbeenactive in
CA producinga numberof interestingPhD dissertatios. The work of [31] is concerned
with the problemof computationalauditory sceneanalysiswhere an auditory sceneis
decomposednto a numberof soundsources. The classificationof musicalinstrurrent
soundsis exploredin [81]. The useinformationreductiontechniquedo provide mathe-
maticaldescriptionsof low level auditory processesuchaspreprocessinggroupingand
sceneanalysisis describedn [118]. The mostrelevantdissertatia to this work is [109]
which describesa seriesof systemdor listeningto musicthatdo not attemptto perform

polyphoric transcription.
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1.8 Main Contrib utions

In this Sectionthemainnew contritutions of this thesisarebriefly reviewed. More details

andexplanaton of thetermswill be providedin thefollowing Chapters.

e MPEG-basedcompresseddomain spectral shapefeatures

Computatio of featuresto representhe short-time spectralshapedirectly from
MPEG audio compressedlata(.mp3files). Thatway the analysisdonefor com-

pressiorcanbe usedfor “free” for featureextractionduringdecoding130].

e Represenation of sound*“textur e” using texture windows

Unlike simde monophaic soundsuchasmusicalinstrunenttonesor soundeffects
musicis a complex polyphonc signalthatdoesnot have a steadystateandtherefore
hasto be characterizedy its overall “texture” characteristicsatherthana steady
state. The useof texture windows asa way to represensound“texture” hasbeen

formalizedandexperimental validatedin [133].

e Wavelet Transform Features

TheWaveletTransform(WT) is atechniqudor analyzingsignals.It wasdeveloped
asan alternatve to the shorttime Fourier transform(STFT) to overcomeproblems
relatedto its frequeng andtime resolutionproperties.A new setof featuresbased

onthe WT thatcanbeusedfor representingound‘texture” is proposed134].

e BeatHistogramsand beat contentfeatures

Themajority of existing work in audioinformationretrieval mainly utilizesfeatures
relatedto spectralcharacteristics.However if the signalsof interestare musical
signalsmore specificinformation suchasthe rhythmc contentcanbe represented
usingfeatures.Unlike typical automaticbeatdetectionalgorithrirs that provide only

a running estimate of the main beatand its strength,Beat Histogramsprovide a
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richer representatiomf the rhythmic contentof a muscal piece. that canbe used
for similarity retrieval and classification. A methodfor their calculationbasedon

periodicityanalysisof multiple frequeng bandss described135, 133.

e Pitch Histogramsand pitch contentfeatures

Anotherimportantsourceof informationspecificto musicalsignalsis pitch content.
Pitch contenthasbeenusedfor retrieval of musicin symiwnlic form whereall the
musicalpitchesthe explicitly representedHowever pitch informationaboutaudio
signalsis moredifficult to acquireas automaticmultiple pitch detectionalgorithm
arestill inaccurate.Pitch Histogramscollect statigical informationaboutthe pitch
contentover thewholefile andprovide valuabk informatian for similarity andclas-

sificationevenwhenthe pitch detectionalgorithmis not perfect[133].

e Multifeatur e segmentationmethodology Audio Segmententatin is the process
of detectingchangesf sound“texture” in audiosignals. A generalmulti-feature
segmenation methodobgy that appliesto arbitrary sound“textures” and doesnot
rely on previousclassificatioris describedn thisthesis.The proposednethodolgy
can be appliedto ary type of audio featuresand has beenevaluated for various
featuresetswith userexperimentsdescribedn Chapter5. This methodolog was
first describedn [125] wheresggmentationasa separat@rocesgrom classification
andamoreformal approacho multi-featuresegmenationwasprovided. Additional

segmenationexperimens aredescribedn [128§].

e Automatic musical genre classfication

An algorithmfor automatt musical genreclassificatiorof audiosignalsis described.
It is basedon a setof featuresfor describingmusicalcontentthatin additionto the
typical timbral features,includesfeaturesfor representinghythmc and harmonic

aspectof music. A variety of experimentshave beenconductedo e evaluatethis
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algorithmand, to the bestof our knowledge, this is the first detailedexploration
of automaticmusicalgenreclassification. An initial versionof the algorithmwas
publishedin [135] andthe completealgorithmandmoreevaluaton experimentsare

describedn [133].

e TimbreSpaceTheTimbreSpaceés acontentandcontext avarevisualizationof audio
collectionswhereeachaudiosignalis represente@sa visual objectin a 3D space.
The shape,color and positicn of the objectsare derived automaticallybasedon

automatideatureextractionandPrincipalComponenfnalysis(PCA).

e TimbreGrams TimbreGramsare contentandcontext awarevisualizatiors of audio
signalsthat use coloredstripesto shaov contentstructureand similarity. The col-
oring is derived automaticallybasedon automatt featureextractionand Principal

Componenfnalysis(PCA).

Theseshortdescription®f eachcontribution arejustindicative of themainideas.More

completedescriptiondollow in theremainingChapters.

1.9 A short tour

In this sectiona shorttour of the proposedmanipulaton, analysisand retrieval systems
is provided by describingsomepossibleusagescenarios. The emphasiss on how the
systemganbeusedratherthanhow they work. Theinterestedeademightwantto return
to this sectionafterreadingthe subsequenthapterghatexplainhow the proposedystems
work to seeagainhow they fit in an applicationcontext. Someof the termsusedmight
be unfamiliar (they will be explainedin therestof thethesis)but the gist of eachscenario
shouldbe clear Thesescenariosare indicative of the requirementf interactingwith
large audio collectionsand shav how the systemswe are going to describemeetthese

requirements.
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A must listeneris driving a car, listeningto musicthrougha computerauditionen-
hancedadiorecever. Thereceveris configuredoy theuserto automattally changeradio
stationwhentherearecommercialsandto automaticallyadjustequalizersettingbasedon
the muscal genrethat is played(which is detectedautomatically. At somepoint, the
listenerhearsa strangepolyphontc vocal piecethatis very interestirg but doesnot know
whatit is. The pieceis recordedandsubmitedto a musicsearchengine. Several similar
piecesare returnedand the listenerfinds out that the pieceis pygmy polyphonicmusic
from Africa. The retrieved piecescanbe subsequely by exploredfor exampleusinga
Soundslideto find a fasterpieceof similar texture.

A researchein Bioacousticsreceves a 24-hourlong field recordingof a site with
birds and hasto identify if any of the bird songscorrespondo a list of endangeredbird
species.First the individual birdsongsare separatedisingthe enhancedoundeditorand
automaticsggmentatio. Subsequentlyheresearchecreatesa collectionconsistimg of the
individual bird songsin addition to representatie bird songsampledrom the endangered
bird speciedist eachlabeledwith a characteristidmage. Finally the bird songsthat are
similar to the endangeredpeciesonescan be found by visual (they will be closeto the
targetimages)andaural(they will soundsimilar) inspectio of anautomattally calculated
2D or 3D timbrespacda visualrepresentatioof large audiocollectiors). By collectinga
large numberof representatie birdsorg samplesan automaticclassifiercanbe trainedto
recognizebirdsongf endangeredpecies.

A musicologst is looking at the differencesn durationof symphoic movenmentsper
formedby differentorchestrasand conductors. Timbregrams(a visual representatiorof
audiosignals)of varioussymphont works are calculatedusinga collectionof orchestral
music as the basisfor Principal ComponentAnalysis (PCA). That way eachmovenent
will beseparateih colorandmovementsof similar texture (for exampleloud, highenegy

movements)will have similar colors. The Timbregramsare then manuallyarrangedn



CHAPTER1. INTRODUCTION 22

a table display suchthat eachcolumn corresponddo a symphonic work and eachrow
correspondgo a specificconductor/echestracombinatiom. That way the differencesn
durationof eachmovenentwill be easilyseenvisually by comparinghelengthsof similar
coloredmovementsacrossa specificcolumn. By looking ata specificrow andcomparingt
with therestof thetablethe musicobgistcandrav conclusionsuchasconductorA tends
to take fasterhigh enegy movementsandslowverlow enegy movementghanconductoB.

A Jazzsaxophonestudentwantsto make a collection of saxophonesolosby Char
lie Parker. A TimbreSpae containinga collection of jazz music, where different jazz
subgenresare automaticallylabeledby shape,is usedinitially. By selectingtriangles
correspondingo Bebopfilesandconstraininghefilenamego containCharlieParker anew
collectionof all the Bebopfiles with Charlie Parker is created.Usingthe enhancedound
editor with automaticsegmentationand fine tuning the segmenation results manually
all the saxophor solosare marked and saved as separatdiles. Finally a collection of
saxophoneaolosis createdrom thosesavedfiles andcanbe usedfor subsequertrowsing
andexploration.

A sounddesignemwantsto createthe soundscapef walking througha forestusinga
databasef soundeffects. As afirst stepthe soundof walking on soil hasto belookedup.
After clusteringhesoundeffectscollectionthedesignenoticeshataparticularclusterhas
mary files with Walking in their filename.Zoomirg on this clusterthe designeiselects4
soundfiles labeledaswalking on soil. Usingspatialzedaudiogeneratedhummailsof the
4 soundfiles canbe heardsimulkaneouslyin orderto make the final decision.In a similar
fashionfiles with bird songscanbe locatedaswell asthe soundof a watergall. Oncethe
component®f the soundscapareselectedthey canbe editandmixedin orderto create
thefinal soundsapeof walking throughaforest. Theillusion of approachinghe waterfll

canbeachievzedby artificial reverberatiorandcrossading.
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It is evident from this scenarioghat a large variety of algorithmsfor manipulatng,
analyzingandinteractingwith audiosignalsandcollectionsarerequired. To make these
scenariosven more interestingimaginethat all thesetasksare performedin front of a
large screenwith multiple graphicdisplaysthat are all consistentand connectedo the
sameunderlyingdatarepresentation Of coursehaving sucha large collaboratve space
allows morethanoneuserto interactsimultaneosly with thesystem Thefirst stepgoward
sucha systemaswell asvariety of algorithns andinterfacesthatcanusedto realizethese

scenariowill bedescribedn thefollowing Chapters.



Chapter 2

Representation

If all thingswere at rest,and nothingmoved,there would be perfectsilencein the world.
In sud a stateof absolutequiescencenothingwould be head, for motionand percus-
sion mustprecedesound. Just as the immediatecauseof soundis somepercussion,the
immediatecauseof all percussionmustbe motion Somevibratory impulsesor motions
causinga percussionon the ear returnwith greaterspeedhanothers. Consequentlyhey
havea greaternumberof vibrationsin a giventime while other are repeatedslowly, and
consequenthare lessfrequentfor a givenlengthof time The quidk returnsand greater
numberof sud impulsesprodice the highestsounds while the slower which havefewer
vibrations,producethelower.

Euclid, Elementsof Music, Intr oduction to the Sectionof the Canon

2.1 Intr odudion

The extractionof featurevectorsasthe mainrepresentatiof audio signals constitues
thefoundationof mostalgorithns in ComputerAudition. Featuresxtractionis the process
of computng a numericalrepresentatiorthat can be usedto characterizea segmentof

audio. This numericalrepresentationwhich is calledthe featurevector is subsequenht

24
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usedasa fundamentabuilding block of varioustypesof audioanalysisandinformation

extractionalgorithms. This vector hastypically a fixed dimensim andthereforecan be

thoughtof asa point in a multi-dimensionalfeaturespace. When using featurevectors
to represenmusictwo main approachesre used. In the first approachthe audiofile is

broken into small segmentsin time and a featurevectoris computedfor eachsegment.

Theresultingrepresentations a time seriesof featurevectorswhich canbe thoughtof as
a trajectoryof pointsin the featurespace.In the secondapproacha singlefeaturevector
that summarizesnformation for the whole file is used. The single vector approachis

appropriatavhenoverallinformationaboutthewholefile is requiredwhereaghetrajectory
approachs appropriatevheninformationneedsto be updatedn realtime. For example,
automaticmuscal genreclassificationof mp3 files might usethe single vectorapproach
while classificatiorof radio signalsmight usethetrajectoryapproachTypically thesignal

is brokenin small chunkscalledanalysiswindows Their sizesare usuallyaround20 to

40 milliseconds.Thatway thesignalcharacteristicarerelatively stablefor the durationof

thewindow.

Most of the time, evaluation of audio featuresis donein the contet of somespe-
cific applicationor analysistechnique.So for exampk, a setof featuresfor representing
speechmight be evaluatedin the context of speechcompressiorwhile a setof features
for representingnusical contentmight be evaluatedin the context of automaticmusical
genreclassification. Several casesof evaluaton of the featuresdescribedn this chapter
aredescribedn Chapter5. The large variety of audio featuresthat have beenproposed
differ not only in how effective they are but alsoin their performanceequirements.For
example, FFT-basedfeaturesmight be more appropriatefor a real time applicationthan
a computatioally intensive but perceptuallymore accuratefeaturesbasedon a cochlear

filterbank.
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The mostrelevant researchareafor audiofeatureextractionis Signal Processing.In
mary casedeatureextractionis performedusingsomeform of Time-Frequeny analysis
techniquesuchas the Short Time Fourier Transform(STFT). Time-Frequeng analysis
techniquebasicallyrepresentheenepy distribution of thesignalin atime-frequeng plane
anddiffer in how this planeis subdvidedinto regions. The humanearalsoactsasa Time-
Frequeng analyzerdecomposig theincomingpressuravave in the cochleanto different

frequeny bands.

2.2 Related Work

The origins of audiofeatureextractionarein the representatiomnd processingf speech
signals. A variety of representation$or speechsignalshave beenproposedn the lit-
erature. Theserepresentationsvhereinitially developed for the purposesof telepholy
andcompressin andlater for speechrecognitionandsynthesis.A completeoverview of
thesetechniquess beyond the scopeof this Section. Interestedreaderscan consultary
of the standardextbodks on Speeclprocessinguchas[98]. Representationgriginatng
in speectprocessinghathave beenusedin this thesisare: Linear PredictionCoeficients
(LPC)[76] andMel Frequeng CepstralCoeficients(MFCC) [26]. Theuseof MFCC for
music/peechclassificationhasbeenstudiedin [72]. Thesefeatureswill be explainedin
moredetaillaterin this Chapter

Toward the end of the 90s featuresfor representingnon-speechaudio signalswere
proposedExamplesof non-speeclaudiosignalsthathave beenexploredinclude:isolated
instrunmenttones[44, 45, 32, 143], soundeffects[143], and music/peechdiscriminaton
[110]. Anotherinterestingdirection of researchduring the 90s was the exploration of
alternatve front-endsto the typical Short Time Fourier Transformfor the calculationof
features Representate examplesareCochleaModels[116,117,31, 109, Wavelets[65,
68,122,134, andthe MPEG audiocompressiotiilterbank[95, 130].
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Most of thesepaperautilize the proposedeaturedor variousaudioanalysigaskssuch
asclassificationor segmentatbn andwill be describedn moredetailin the next Chapter
A shortdescriptionof somerepresentatie exampless providedin this Section.Statistical
momentsof the magnitudespectrumare usedas featuresfor instrumentclassificationin
[44]. Spectralshapefeaturessuch Centroid, Rolloff, and Flux, describedlater in this
chaptey are usedin [143] for soundeffectsandin [110] combired with MFCC-based
featuresfor music speechdiscrimnation. Cochlearmodelsattemptto approximatethe
exact mechanicalworkings of the lower levels of the humanauditory systemand have
beenshawvn to have similar propertiesfor exampk in pitch detection[116]. Statistical
characteristic®f Wavelet subbandsuchasthe absolutemeanand varianceof the coef-
ficientshave beenusedin [134] to modelsoundtexture for the purposeof classification
andseggmenation. The useof the MPEG audiocompressiofiilterbankwasindependery
proposedby [95] and [130] at the InternationalConferenceon Acoustics, Speechand
Signal ProcessindICASP 2000). Recentlysystens thatjointly processaudioandvideo
informationfrom MPEG encodedsequencesuchas[14] have beenproposed.

In the previously cited systemsthe proposedacousticfeaturesdo not directly attempt
to modelmusicalsignalsandthereforeignorepotentiallyusefulinformation. For example
no informatian regardingthe rhythmic structureof the musicis utilized. Researh in the
areasof automatt beatdetectionand multiple pitch analysiscan provide ideasfor the
developmentof novel featuresspecificallytargetedto the analysisof must signals.

One characteristiof musicthat hasreceved considerablettentionis the automatic
extractionof the beator tempoof musicalsignals.Informally the beatcanbe definedasan
underlyingregularsequencef pulseshatcoincideswith theflow of musc. Of coursethis
definitionis vaguebut givesa generaideaof the problem.A moreanthropocentrievay of
definingbeatis asthe sequencef humanfoot tappingwhenonelistensto music. More

elaboratadiscusgns aboutthe definition of beatcanbe foundin Musicology andMusic
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Cognitionpublicationsthat are too numeroudo be listed here. A good startingpoint is
[67].

Thereis a significant body of work that dealswith beattracking and analysisusing
symbolc representationsuchasMIDI files. Although mary interestingideashave been
proposedthesetechniquescannotdeal with real audio signals. In contrastthe systems
that will be describedin this Sectionare applicableto audio signals. A real-timebeat
tracking systemfor audio signalswith musicis describedin [108]. In this system,a
filterbankis coupledwith a network of combfilters that track the signal periodicitiesto
provide an estimateof the main beatandits strength. A real-timebeattracking system
basedon a multiple agentarchitecturethat tracks several beathypohesesin parallelis
describedn [49] [13]. A systemfor rhythmandperiodicily detectionn polyphonc music
basedon detectingbeatsat a narrav low frequeny band(50-200Hz) is describedn [3].
A multiresoltion time-frequeng analysisandinterpretationof musicalrhythm basedon
Waveletsis describedn [119]. More recentlycomputatioally simplermethodshasedon
onsetdetectionat specificfrequencieshave beenproposedn [66, 112]. A beattracking
systemfor audioor MIDI databasedon thefrequeny of occurrence®f the varioustime
durationsbetweerpairsof noteonsettimesandmultiple hypottesissearchwasintroduced
in [28] andenhanceavith a userinterfacethatprovidesvisualandauralfeedbackn [29].
A beatextractionalgorithm thatoperateslirectly on MPEG audiocompressetitstreams
(.mp3files) wasrecentlyproposedn [141].

Themainoutputof thesesystensis arunningestimateof themainbeatandits strength.
The beatspectrumdescribedn [43] is a more global representatioof rhythm thanjust
the main beatandits strength.BeatHistogramantroducedin [134] anddescribedn this
chapterarea similar moreglobalrepresentationf rhythm (computedifferently)thathas

beenusedfor automatt musicalgenreclassificatio{135, 133.
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In additionto informationrelatedto the beatof mustc anotherimportantsourceof in-
formationis pitch content.Chordchangedetection(withoutchordnameidentification)has
beenusedin [48], for real-timerhythmtrackingfor drumlessaudiosignals.An algorithns
capableof detectingmultiple pitchesin polyphonicaudiosignalds describedn [123]. This
algorithns hasbeenusedn [133] to calculatePitchHistogams, a statisticakepresentation
of pitch contentthatis usedfor automatt musicalgenreclassification.

The ShortTime Fourier Transformis a standardSignalProcessingechniqueandthere
are mary reference that describeit. A good introductory book is [121] and a more
completedescriptioncanbefoundin [97, 89]. A goodintroductionto Wavelets,especially
in relationto Signal Processingcanbe foundin [77]. A high level overvien of MPEG
audiocompressiormanbefoundat[88] and[58, 59] containthe completespecification®f
the algorithm For thethe sale of completenesa shortdescriptionof thesetechniquess

providedin AppendixA for theinterestedeader

2.2.1 Contributions

Thefollowing contrikutions of my this thesisto the areaof audiofeatureextractionwill be

describedn this chapter:

e MPEG-basedcompresseddomain spectral shapefeatures

Computatio of featuresto representhe short-time spectralshapedirectly from
MPEG audio compressedlata(.mp3files). Thatway the analysisdonefor com-

pressiorcanbe usedfor “free” for featureextractionduringdecoding130].

e Represenation of sound*“textur e” using texture windows

Unlike simde monophamic soundsuchasmusicalinstrunenttonesor soundeffects
musicis a complex polyphonc signalthatdoesnot have a steadystateandtherefore

hasto be characterizedy its overall “texture” characteristicsatherthana steady
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state. The useof texture windows asa way to represensound“texture” hasbeen

formalizedandexperimentaly validatedin [133].

e Wavelet Transform Features

The Wavelet Transform(WT) is atechniquefor analyzingsignals.lt wasdeveloped
asan alternatve to the shorttime Fourier transform(STFT) to overcomeproblems
relatedto its frequeng andtime resolutionproperties.A new setof featuresbased

onthe WT thatcanbe usedfor representingound‘texture” is proposed134].

e BeatHistogramsand beat contentfeatures

Themajority of existing work in audioinformationretrieval mainly utilizesfeatures
relatedto spectralcharacteristics.However if the signalsof interestare musical
signalsmore specificinformation suchasthe rhythmc contentcanbe represented
usingfeatures.Unlike typical automaticbeatdetectionalgorithrirs that provide only
a running estimate of the main beatand its strength,Beat Histogramsprovide a
richer representatiomf the rhythmc contentof a muscal piece. that canbe used
for similarity retrieval and classification. A methodfor their calculationbasedon

periodicityanalysisof multiple frequengy bandss described135, 133.

e Pitch Histogramsand pitch contentfeatures

Anotherimportantsourceof informationspecificto musicalsignalsis pitch content.
Pitch contenthasbeenusedfor retrieval of musicin symtwolic form whereall the
musicalpitchesthe explicitly representedHowever pitch informationaboutaudio
signalsis moredifficult to acquireas automaticmultiple pitch detectionalgorithm
arestill inaccurate.Pitch Histogramscollect statigical informationaboutthe pitch
contentover thewholefile andprovide valuabk informatian for similarity andclas-

sificationevenwhenthe pitch detectioralgorithmis not perfect[133].
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Theseshort descriptios of eachcontrikbutions are just indicative of the main ideas.

More completedescriptiongollow in theremainingSectionsof this Chapter

0.0

-a0.0

|
frequency 10000

Figure2.1: Magnitule Spectrum

2.3 Spectal ShapeFeatures

Typically in Time-Frequeng analysistechniquessuchasthe STFT the signalis broken
into smallsggmens in time andthefrequeng contentof eachsmallsegmentis calculated.
The frequeng contentcanbe representecsa magnitude spectrum(seeFigure 2.1) that
representshe enepy distribution over frequeng for that particularsegmentin time. The
exactdetailsof how the amplitudesarerepresente@ndhow the frequeny axisis spaced
areimportant but for presentatiorpurposeshey will be ignoredfor now. Although the
frequeny spectrumcanuseddirectly to representiudiosignals(in the extremecasecan
even be usedto perfectlyreconstructhem)it hasthe problemthatit containstoo much
information For CA purposes morecompactrepresentatiors moreappropriatdor two
main reasons:1) a lot of the informatian containedin the spectrumis not important?2)

machinelearningalgorithmswork betterwith featurevectorsof smalldimensimality that
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areasinformative aspossitbe. Thereforetypically afterthe spectrumis calculateda small
setof featureghatcharacterizehe grossspectrakhapearecalculated.Thesetypesof fea-
tureshave beenusedin almostevery type of ComputerAudition and SpeechRecognition
algorithm In the following subsectionspecificcasesof featuresfor characterizinghe

overall spectrakhapearedescribed.

2.3.1 STFT-basedfeatures

FeaturebasedntheShortTime FourierTransform(STFT)areverycommonandhavethe
adwantageof fastcalculationbasedon the FastFourier Transformalgorithm Althoughthe
exactdetailsof the STFT parametersisedto calculatethemdiffer from systemto system
theirbasicdescriptions thesame For the curiousthefollowing STFT analysigparameters
have beenusedsuccessfullyn ourimplementatiorio represenmusicalandspeectsignals
samplingrate 22050,window size 512 (approximately20 milliseconds)hop size 512 or
256,hanningwindow, amplitudesn dB. Thefollowing featuresarebasedntheshort-time

magnitue of the STFT transformof the signal:

Spectral Centroid

The spectralcentroidis definedasthe centerof gravity of the magnitue spectrunof the

STFT:

r'}lzl M¢[n] *n

_2
“ S he Me[N]

whereM;[n] is the magnitue of the Fourier transformat framet andfrequeng bin

(2.1)

n. The centroidis a measureof spectralshapeand higher centroidvaluescorrespondo
“brighter” textureswith morehigh frequencies.The spectralcentroidhasbeenshovn by
userexperimentgo be animportantperceptuahttributein the characterizatiof musical

instrunmenttimbre[50].
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Spectral Rolloff

The spectralrolloff is definedasthe frequeng R below which 85% of the magnitude

distribution is concentrated:

R N
Z Mt[n] =0.85% Z Mt[n] (2.2)
n=1 n=1

Therolloff is anothemrmeasureof spectralshapeand shavs how muchof the signal’s

enepy is concentrateth the lower frequencies.

Spectral Flux

The spectralflux is definedasthe squaredlifferencebetweerthe normalizedmagnitides

of successie spectraldistributions:

N
R=3 (Nn]—Nea[n])® (2.3)
n=1

where Ni[n], N;—1[n] are the normalizedmagnitue of the Fourier transformat the
currentframet, andthe previousframet — 1 respectrely. Thespectraflux is ameasuref
theamountbf local spectrathange Spectraflux hasalsobeenshavn by userexperimens
to beanimportantperceptuahttributein the characterizatiomf musicalinstrunenttimbre

[50].

2.3.2 Mel-FrequencyCepstral Coefficients

Mel-Frequenyg CepstralCoeficients(MFCC) areperceptuallynotivatedfeatureghatare
alsobasednthe STFT. After takingthelog-amplitde of themagnitdespectrumthe FFT
bins are groupedand smoothedaccordingto the perceptuallymotivated Mel-frequeng
scaling. Finally, in orderto decorrelatethe resultingfeaturevectorsa Discrete Cosine

Transformis performed.Althoughtypically 13 coeficientsareusedfor Speechrepresen-
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tationwe have foundthatthefirst five coeficientsareadequatdor Music representation.

A moredetaileddescriptionof the MFCC calculationcanbefoundin the Appendix.

2.3.3 MPEG-basedfeatures

Most of available audio dataon the web is availablein compressedorm following the
MPEGaudiocompressiostandardthewell known .mp3files). MPEGaudiocompression
is alossyperceptually-basecbmpressioischemehatallows audiofiles to be storedin ap-
proximatelyonetenthof thespacehey would normallyrequireif they wereuncompressed.
Thisenablesarge numlersof audiofilesto bestoredandstreamedverthenetwork. Using
currenthardwarethe decompressionanbe performedin real-timeandthereforein most
casedhereis noreasorto storetheuncompressedudiosignal. Traditional ComputerAu-
dition algorithmsoperateonuncompressedudiosignalsthereforevouldrequirethesignal
to be decompressednd then subsequeht analyzed. In MPEG audio compressiorthe
signalis analyzedn timeandfrequeng for compressiopurposesThereforeaninteresting
ideais to usethisanalysisotonly for compressioibut alsoto extractfeaturedirectlyfrom
compressedata. Thisis ideais similar to compressedomainvisual processingf video
(for example[146]). Becausethe bulk of the featurecalculationis performedduring the
encodingstagethis processhasa significant performanceadvantagesf the availabledata
is compressethecauseahe analysisis alreadytherefor “free”. Combiningdecodingand
analysisn onestageis alsovery importantfor audiostreamingapplications.

This ideaof calculatingfeaturedirectly from MPEG audiocompressedatawas ex-
ploredin [130] ! andevaluatedin the context of must/speecttlassificatiorandsegmen-
tation. In this sectionthe calculationof thesefeatureswill be describedand Chapter5
describeshow thesefeatureswere evaluated. Thesefeatureshave beenusedin [71] for

audioanalysisof MPEG compresseslideosignals.

Lavery similarideaaboutcompessediomainaudiofeatueswasindegendely proposedoy David Pye
atthesameconfeence(ICASSP2000 [95]
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Short MPEG overview

The MPEG audiocodingstandards anexampleof a perceptiorbasedcoderthatexploits
the characteristicof the humanauditory systemin orderto compressaudio more effi-
ciently. Sincethereis no specificsourcemodel,like in speeclcompressioralgorithns, it
canbe usedto compressary type of audio. In thefirst stepthe audiosignalis corverted
to spectralcomponentwvia an analysisfilterbank. Eachspectralcomponenis quantized
and codedwith the goal of keepingthe quantizationnoisebelov the maskirg threshold.
Simultaneousnaskingis a frequengy domainphenomenonvherea low level signal(the
maslee)canbe madeinaudible(maslked) by a simukaneousoccuringstrongersignal(the
masler) aslong asmasler andmasleearecloseenoughto eachotherin frequeng. There-
fore, the dynamichbit allocationin eachsubbands controlledby a psychoacoustimodel.
Layer LILIII offer differenttrade-ofs betweencompleity and compressio ratio. More
detailscanbe found in [88] andat the completelSO specification[58, 59]. Essentidy
what MPEG audio compressiordoesis assignguantizationbits “cleverly” basedon the
propertief the humanauditorysystem.?

Like mostmoderncodingschemeshereis anasymmetrbetweerthe encoderandthe
decoder The encoderis more complicated,slower, andthereis someflexibility in the
psychoacoustimodelused. On the otherhand,decodingis simpler and straightforvard.
Thesubbandsequencearereconstructe@n the basisof blockstakinginto accounthe bit
allocationinformation. Eachtime the subbandsamplesf all the 32 subband$ave been
calculatedthey are appliedto the synthesidilterbank,and 32 consecutie 16-bit, PCM-
format audio samplesare calculated. The featurecalculationdescribedn the following
sectionis performedbeforethe commonto all layersfilterbanksynthesis.

Thedigital audioinputis mappednto 32 subbandsia equallyspacedandpaséilters.

A polyphasdfilter structureis usedfor the frequeny mapping;its filters have 512 coef-

2Althoughthereis no easyway to confim this experimentallyprobably MPEG audiocompessiorwould
notsoundasgoa to honhumananimalssuchasdogs thathave different auditay charactestics
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ficients. Thefilters are equallyspacedn frequenyg. At a 22050Hz samplingrate,each
bandhasawidth of 11025/ 32 = 345Hz. Thesubsampledilter outputsexhibit significant
overlap. Theimpulse responsef subband, hy(n) is obtainedby multiplication of asingle
prototypelow-passfilter, h(n), by a moduhting function that shifts the lowpassresponce

to theappropriatesubbandrequeny range:

hi(n) = h(n)c:os(2

i-1
o+ e0);
M=32;i=12.32;n=12,..512; (2.4)

Althoughtheactualcalculationof thesampless performedifferentlyfor performance

reasonsthe 32-dimensbnal subbandsectorcanbewritten into a cornvolution equation:

511

Slij= 3 xt—nl<hi (2.5)

n=

whereh;[n] aretheindividual subbandand-paséilter responcesDetailsaboutthe coefi-
cientsof the prototype filter andthe phaseshifts g(k) aregivenin the|ISO/MPEGstandard
[58], [59]. A morecompletedescriptionof the MPEG audiocompressiorstandarccanbe
foundin AppendixA.

FortheexperimentdMPEG-2,Layerlll, 22050Hzsamplirg rate,mono fileswereused.
A similar approachcanbe usedwith the otherlayersand samplingratesaswell aswith
ary filterbank-basegerceptuatoder Theanalysids performedonblocksof 576 samples
(about20msecat 22050Hz)that correspondo one MPEG audio frame. A root mean

squaredsubbandrectoris calculatedor theframeas:

M([i] = \/%, i =1.32; (2.6)



CHAPTERZ2. REPREENTATION 37

S arethe32-dimensioal subbandrectors.Theresultirg M is a 32-dimensbnalvector
thatdescribeghe spectralcontentof the soundfor thatframe. The characteristideatures

calculatecare:

MPEG Centroid is the balancingpointof thevector It canbe calculatedusing

32 iM[i

MPEG Rolloff isthevalueR suchthat
R 32
M[i] = 0.85Y MJi] (2.8)
2, 2,

MPEG Spectral Flux isthe2-normof thedifferencebetweemormalizedV vectorseval-

uatedattwo successie frames.

MPEG RMS is ameasuref theloudnes®f theframe.It canbecalculatedusing

22 (M[?)

RMS= 32

(2.9)

This featureis uniqueto sggmenationsincechangesn loudnessareimportantcues
for new soundevents.In contrastgclassificatioralgorithmsmustusuallybe loudness

invariant.

It is clearthatthesefeaturesarevery similarto thefeaturesalculateconthemagnitude
spectrunof theSTFT Thisis notsurprisngasin bothcase®ssentiallywhatis summarized
is the grosscharacteristicof the spectralshape. Comparisonsof thesefeatureswith
otherfeaturessuchas STFTbasedand MFCC in the contentof audio classificationand

seggmentaibn andwill beprovidedin Chapters.
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2.4 Represnting sound“texture”

Accordingto the standarddefinitionthe term “timbre” is usedto describeall the charac-
teristicsof a soundthatdifferentiateit from othersoundsof the samepitch andloudness.
Thisdefinitionmakessensdor singlesoundsourcesuchasanisolatedmuscal instrunent
toneor asinglespolenvowel but cannotbeappliedto morecomplex audiosignalssuchas
polyphornc must or speech.However, for differenttypesof complex audiosignalsthere
arestatistcal qualitiesof the enegy distribution in time andfrequeng thatcanbe usedto
characterizéhem. For examplewe shouldexpectheary metalmusicto have quitedifferent
spectralcharacteristicshan classicalmusic, and speechs probablyquite differentfrom
music. The term sound“texture” will be usedto describethesestatigical characteristics
of the spectraldistribution. It is importantto note that thesecharacteristicglependboth
on frequengy andtime. For exampleit is likely that heary metalmusicwill have more
eneqgy in the higherfrequencieghan classicalmust (frequeng) and speechwill have
morechange®f enegy over time thanmosttypesof music.
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Figure2.2: Soundtexturesof news broadcast
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Someexampks of soundtexturesare: an orchestraplaying, a guitar solo, a singing
voice, a string quartet,a jazz big band, etc. Althoughin somecaseshesetexturescan
be obsened visually on a spectrogramin mostcaseshey cannot. Figure2.2 showns an
excerptfrom a news broadcast. There are threedifferenttextures (music, male speech,
female speech),eachone coloreddifferently. It is easyto visually separatehe music
from speechfrom the spectrograndisplay but it is more challengingto separatanale
from femalespeech.Sothe goalis to somehav capturethe statisical propertiesof sound

“textures”usingnumericalfeatures.

2.4.1 Analysisand texture windows

In short-timeaudioanalysighesignalis brokeninto small,possbly overlappng, segmens
in time and eachsegmentis processedeparately Thesesegmentsare called analysis
windowsandhave to besmallenougtsothatthefrequeng characteristicef themagnitude
spectrumarerelatively stablei.e assumehat the signalfor that shortamountof time is
stationary However, the sensatiorof a sound“texture” arisesas the resultof multiple
short-time spectrumswith differentcharacteristicollowing somepatternin time. For ex-
ample,speecltontainsrowel andconsonansectionseachof which have differentspectral
characteristics.

Therefore,in order to capturethe long term nature of sound“texture”, the actual
featurescompued in our systemare the running meansand variancesof the extracted
featuresgescribedn the previous Sectionspver a numberof analysisnvindows. Theterm
texture windowwill be usedto describethis largerwindow andideally shouldcorrespond
to the minimum time amountof soundthatis necessaryo identify a particularsoundor
music“texture”. Essentialf ratherthanusingthe featurevaluesdirectly, the parametersf
a running multidimensionalGaussiardistribution are estimated.More specifically these

parametergmeansyarianceshre calculatedoasedon the texture windowwhich consists
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of the currentfeaturevectorin additionto a specificnumberof featurevectorsfrom the
past.Anotherway to think of the texture windowis asa memoryof the past. For efficient
implementationa circular buffer holding previous featurevectorscan be used. In our
system an analysiswindowof 23 millisecondg512 samplesat 22050Hz samplingrate)
anda texture windowof 1 second(43 analysiswindows) is used. In Chapter5 it will be
showvn experimenally thatthe useof “texture” windows improvesthe resultsof automatic

musicalgenreclassification.

2.4.2 Low Energy Feature

Low eneqy is theonly featurethatis basedon the texture windowratherthanthe analysis
window It is definedasthe percentagef analyss windowsthat have lessRMS enegy
thantheaverageRMS enegy acrosghetexture window For exampk muscal signalswill

have lower “Low Enegy” thanspeectsignalsthatusuallycontainmary silentwindows.

2.5 Wavelettransform features

2.5.1 The DiscreteWavelet Transform

TheWavelet Transform(WT) is atechniquefor analyzingsignals.It wasdevelopedasan
alternatve to the shorttime Fouriertransform(STFT) to overcomeproblemsrelatedto its
frequeny andtime resolution properties.More specifically unlike the STFT which pro-
videsuniformtimeresolutionfor all frequenciestheWT provideshightimeresolutionand
low frequeng resolutionfor high frequenciesandlow time andhigh frequeng resolution
for low frequencies.In thatrespecit is similar to the humanearwhich exhibits similar
time-frequeng resolutioncharacteristics.

The DiscreteWavelet Transform(DWT) is a specialcaseof the WT that providesa

compactepresentatioof thesignalin time andfrequeng thatcanbe computecefficiently
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usinga fast,pyramidalalgorithmrelatedto multiratefilterbanks.More informationabout
the WT andDWT canbe foundin Mallat [77]. For the purposeof this work, the DWT
canbeviewedasa computatbnally efficient way to calculatean octavze decomposibn of
thesignalin frequeng. More specifically the DWT canbeviewedasa constantQ (center
frequeny / bandwidth)with octave spacingbetweenthe centersof the filters. A more

detaileddescriptionof the DWT canbefoundin AppendixA.

2.5.2 Waveletfeatures

The extractedwaveletcoeficientsprovide a compactrepresentatiothatshovs the enegy
of the signalin time andfrequeng. In orderto further reducethe dimensonality of the
extractedfeaturevectors, statistcs over the set of wavelet coeficients are used. That
way the statisical characteristic®f the “texture” or “music surface” of the piececanbe
represented.For examplethe distribution of enegy in time andfrequeny for must is
differentfrom thatof speech.

Thefollowing following featuresareusedto represensound‘texture”:

e The meanof the absolug¢ valueof the coeficientsin eachsubband.Thesefeatures

provide information aboutthe frequeng distribution of theaudiosignal.

e The standarddeviation of the coeficientsin eachsubband.Thesefeaturesprovide

informatian aboutthe amountof changeof thefrequeny distribution over time.

e Ratiosof the meanabsolutevaluesbetweeradjacensubbandsThesefeaturesalso

provide information aboutthe frequeng distribution.

A window size of 65536samplesat 22050Hz sampling rate with a hop size of 512
secondss useda input to the featureextraction. This correspondgo approxinately 3
seconds. Twelve levels (subbandspf coeficients are usedresultingin a featurevector

with 45dimensons(12+12+11).
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2.6 Other features

In this sectionsomeothersupportedeaturesanddo notfit in the previous categorieswill
be briefly described.
RMS

RMS is ameasuref theloudnesf awindow. It canbe calculatedusing

RMS= w (2.10)

Thisfeatureis uniqueto segmenationsincechangesn loudnessareimportantcuesfor
new soundevens. In contrastgclassificatioralgorithms mustusuallybeloudnessnvariant.
Pitch
Pitch (asa audiofeature)typically refersto the fundamentafrequeng of a monoplonic
soundsignalandcanbe calculatedusingvariousdifferenttechnique$96].

Harmonicity

Harmonicityis measureof how strongthe pitch detectionfor a soundis [143]. It canalso
beusedfor voiced/uwoiceddetection.

Linear prediction (LPC) reflectioncoefficierts

LPC coeficientsareusedin speeclresearctasan estimateof the speechvocaltractfilter

[76].

Time domain Zero Crossings

N
Z = %n;sign(x[n]) — sign(xn— 1]) (2.11)
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wherethe signfunctionis 1 for positive agumentsand0 for negative agumentsand
x[n] is thetime domainsignalfor framet. Time domainZero Crossinggrovide ameasure
of the noisinessof the signal. For example heary metal mustc due to guitar distortion
andlots of drumswill tendto have muchhigherzerocrossingvaluesthanclassicalmusic.
For clean(without noise)signalsZero Crossingsare highly correlatedwith the Spectral
Centroid.Theevaluationof thesefeaturedn thecontext of audioclassificatioris described

in Chapterb.

2.7 Rhythmic Content Features

2.7.1 BeatHistograms

Most automatidoeatdetectionsystemgrovide a runningestimateof the mainbeatandan
estimateof its strength In additionto thesefeaturesn orderto characterizenuscal genres
moreinformationaboutthe rhythmic structureof a piececanbe utilized. The regularity
of the rhythm, the relation of the main beatto the subbeatsandthe relative strengthof
subbeatso the main beatare someexamplesof characteristice®f musicwe would like to
representhroughfeaturevectors.

A commonautomaticbeat detectorstructureconsistsof signal decompogion into
frequeny bandsusinga filterbank,, followed by an envelopeextractionstepandfinally
a periodicity detectionalgorithm which is usedto detectthe lags at which the signals
ervelopeis mostsimilar to itself. The procesf automatt beatdetectionresemblegitch
detectiorwith larger periods(approximately0.5 secondgo 1.5secondgor beatcompared
to 2 millisecondgo 50 milliseconddor pitch).

Thefeaturesetfor representinghythmstructureis basedon detectingthe mostsalient
periodicitiesof the signal. Figure 2.3 shaws the flow diagramof the beatanalysisalgo-

rithm. The signalis first decomposedhto a numberof octave frequeng bandsusingthe
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BEAT HISTOGRAM CALCULATION FLOW DIAGRAM
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Figure2.3: BeatHistogramCalculationFlow Diagram

DWT. Following this decompositin, the time domainamplitude envelopeof eachbandis
extractedseparatelyThisis achiezedby applyingfull-w averectification Jow pasdiltering,
anddownsanpling to eachoctave frequeng band. After meanremoval the ernvelopesof
eachbandarethensummedogetherandthe autocorrelatiorof theresultingsumenvelope
is compued. Thedomirantpeaksof theautocorrelatioriunctioncorrespondo thevarious
periodicitiesof the signals ervelope. Thesepeaksareaccumulateaver the whole sound
file into a BeatHistogramwhereeachbin correspondso the peaklag (i.e the beatperiod
in beats-peminute bpm). Ratherthanaddingone, the amplitude of eachpeakis added
to the beathistogam. Thatway, whenthe signalis very similar to itself (strongbeat)the

histogrampeakswill be highet
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Thefollowing building blocksareusedfor the beatanalysisfeatureextraction:

Full Wave Rectification
yln] = |x[n]| (2.12)
is appliedin orderto extract the temporalervelopeof the signalratherthanthe time
domainsignalitself.
Low PassFiltering (LPF)
y[n] = (1—a)x[n]+ayn—1] (2.13)
i.e aOnePoleFilter with analphavalueof 0.99whichis usedto smooththe envelope.
Full Wave Rectificationfollowed by Low-PassFiltering is a standarcenvelopeextraction
technique.
Downsampling

y[n] = x[kn] (2.14)

wherek=16in ourimplenmentation.Becausef thelarge periodicitiesfor beatanalysis,
downsanpling the signal reducescomputatio time for the autocorrelatiorcomputatbn

without affectingthe performanceof thealgorithm.

Mean Removal
y[n] = x[n] — E[X[n]] (2.15)

is appliedin orderto make the signalcenteredo zerofor theautocorrelatiorstage.
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Enhanced Autocorrelation

ylk| = % Z X[n]x[n— K] (2.16)

n

The peaksof the autocorrelatiorfunction correspondo thetime lagswherethe signal
is mostsimilar to itself. Thetime lagsof peaksin theright time rangefor rhythmanalysis
correspondo beatperiodicities. The autocorrelatiorfunctionis enhancedisinga similar
methodto the multipitch analysismodelof [123] in orderto reducethe effect of integer
multiplesof the basicperiodicities. The original autocorrelatiorfunction of the summary
of the ervelopesis clippedto posiive valuesandthentime-scaledy a factorof two and
subtractedrom the original clipped function. The sameprocesss repeatedwith other

integerfactorssuchthatrepetitve peaksatinteger multiplesareremoved.

Peak Detectionand Histogram Calculation

The first threepeaksof the enhancedautocorrelatiorfunction thatarein the appropriate
rangefor beatdetectionareselectedcandaddedto a BeatHistogram (BH). The binsof the
histogramcorrespondo beats-peminute (bpm) from 40 to 200 bpm. For eachpeakof
the enhancedhutocorrelatiorfunctionthe peakamplitudeis addedto the histogram. That
way peakghathave highamplitude(wherethe signalis highly similar) areweightedmore

stronglythanwealer peaksin the histogramcalculation.

2.7.2 Features

Figure2.4shavs a beathistogranfor a 30 secondexcerptof thesong*Come Together’by
the Beatles.Thetwo mainpeaksof the BeatHistogram (BH) correspondo the mainbeat
at approximately80 bpm andits first harmonic(twice the speed)at 160 bpm. Figure2.5
shavs four beathistograns of piecesfrom differentmusicalgenres.The upperleft corner

labeledclassicaljs the BH of anexcerptfrom “La Mer” by ClaudeDelussy Becauseof
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thecompleity of themultiple instrunentsof the orchestrahereis no strongself-similarity
andthereis no cleardominantpeakin the histogam. More strongpeakscanbe seenatthe
lower left corner labeledJazz,which is an excerptfrom a live performanceby Dee Dee
Bridgewater The two peakscorrespondo the beatof the song(70 and 140 bpm). The
BH of Figure2.4is shovn ontheupperright cornerwherethe peaksaremorepronounced
becauseof the strongerbeatof rock music. The highestpeaksof the lower right corner
indicatethe strongrhythmic structureof a HipHop songby NenehCherry

Unlike previouswork in automatidoeatdetectionwhich typically aimsto provide only
anestimateof the mainbeat(or tempo)of the songandpossiby a measuref its strength,
the BH representatiorcapturesnore detailedinformation aboutthe rhythmic contentof
the piecethat can be usedto intelligently guessthe musicalgenreof a song. Figure2.5
indicatesthat the BH of different musicalgenrescan be visually differentiated. Based

on this obsenation a setof featuresbasedon the BH are calculatedn orderto represent
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Figure2.5: BeatHistogramExamples

rhythmc contentand are shovn to be useful for automatt musicalgenreclassification.

Theseare:

e AQ, Al: relatve amplitude(dividedby thesumof amplituces)of thefirst, andsecond

histogampeak

e RA: ratio of the amplitude of the secondpoeakdividedby the amplituce of the first
peak

e P1,P2 Periodof thefirst, secondbeakin bpm
e SUM: overall sumof the histogram(indicationof beatstrength)

For theBH calculationthe DWT is appliedin awindow of 65536samplesat22050Hz
samplingrate which correspondso approximagly 3 seconds.This window is advanced
by a hop size of 32768samples. This larger window is necessaryo capturethe signal

repetitionsatthe beatandsubbeatevels
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2.8 Pitch Content Features

2.8.1 Pitch Histograms

The pitch contentfeaturesetis basedon multiple pitch detectiontechniquesMore specif-
ically, the multipitch detectionalgorithmdescribedoy [123] is utilized. In this algorithm
thesignalis decomposedto two frequengy bandgbelonvy andabose 1000Hz) andampli-
tudeervelopesareextractedfor eachfrequeng band.Theervelopeextractionis performed
by applyinghalf-wave rectificationandlow-pasdiltering. The ervelopesaresummedand
an enhancedautocorrelatiorfunctionis computedso that the effect of integer multiples
of the peakfrequenciego multiple pitch detectionis reduced. More detailsaboutthis
algorithmcanbefoundin the Appendix.

The promirent peaksof this summaryenhancedwutocorrelatiorfunction (SACF) cor-
respondo the mainpitchesfor thatshortsegmentof sound.This methodis similar to the
beatdetectiorstructurefor theshorteperiodscorrespondingo pitch perception.Thethree
dominantpeaksof the (SACF) areaccumulatedhto a PitchHistogram(PH) overthewhole
soundfile.For thecomputaton of the PH, a pitch analysisvindow of 512samplesat22050
Hz samplingrate (approximatef 23 milliseconds)s used.

Thefrequenciegorrespondingo eachhistogrampeakarecorvertedto muscal pitches
suchthateachbin of thePH correspondo amusicalnotewith aspecificpitch (for example
A4 = 440Hz). Themusicalnotesarelabeledusingthe MIDI notenumberingschemeThe
cornversionfrom frequeng to MIDI note numbercan be performedusing the following

equation:

f

wheref isthefrequeng in Hertzandn is the histogrambin (MIDI notenumter).
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Two versionof thePHarecreatedafolded(FPH)andunfoldedchistogram(UPH). The
unfoldedversionis createdusingthe above equationwithout ary furthermodifications.In

thefoldedcaseall notesaremappedo a singke octare usingthe equation:

c=nmod12 (2.18)

wherec is thefoldedhistogranmbin (pitch classor chromavalue),andn is theunfolded
histogrambin (or MIDI notenumber).Thefoldedversioncontainsnformationregarding
the pitch classesr harmoniccontentof the musicwhereaghe unfoldedversioncontains
informationaboutthepitchrangeof thepiece.TheFPHis similar in concepto thechroma-
basedepresentationgsedin [10] for audio-thunbnailing. More informatian regardingthe
chromaand heightdimenson of musicalpitch canbe foundin [113] andthe relation of
musicalscaledo frequeng is discussedn moredetailin [94].

Finally, theFPHis mappedo acircle of fifths histogransothatadjacentistogranbins
arespaced fifth apartratherthana semitore. This mappingis achiezed by thefollowing

equation:

c = (7xc) mod12 (2.19)

wherec’ is the new folded histogrambin afterthe mappingandc is the original folded
histogrambin. The number7 corresponds$o 7 semitoner the musicinterval of a fifth.
That way, the distancesbetweenadjacentbins after the mappingare better suited for
expressingonalmusicrelations(tonic-domnant) andthe extractedfeaturegesultin better
classificatioraccurag.

Althoughmusicalgenresy no meanscanbe characterizedully by their pitch content
thereare certaintendencieghat canleadto usefulfeaturevectors. For exampleJazzor

Classicaimusictendto have a higherdegreeof pitch changethanRock or Popmusic. As
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aconsequencBopor Rockmusicpitch histogramswill have fewer andmorepronounced

peaksthanthe histogamsof Jazzor Classicaimusic.

2.8.2 Features

Basedon theseobsenatiors the following featuresare computedrom the UPH andFPH

in orderto represenpitch content:

e FAO Amplitude of maxinum peakof the folded histagram. This correspondgo
the mostdominantpitch classof the song. For tonal musicthis peakwill typically
correspondo thetonic or dominantchord. This peakwill be higherfor songsthat

do nothave mary harmonicchanges.

e UPO Periodof the maximum peakof the unfoldedhistagram. This corresponds$o

the octave rangeof the domirantmusicalpitch of the song.

e FPO Periodof the maximumpeakof the folded histogram.This correspondso the

main pitch classof thesong.

¢ |IPO1 Pitchinterval betweerthetwo mostprominentpeaksof thefolded histagram.
Thiscorrespondso themaintonalinterval relation. For pieceswith simple harmonic
structurethis featurewill have valuel or -1 correspondingo fifth or fourth interval

(tonic-domnant).

e SUM Theoverall sumof the histagram. This is featureis a measuref the strength

of the pitch detection.
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2.9 Musical Content Features

Basedon the previously describedeaturest is possble to designa featurerepresentation
thatcapturegimbral, rhythmic andharmonicaspect®f musicalsignals More specifically

thefollowing 30-dimensionafeaturevectorcanbe constructed:

e Timbre - Sound Texture Meanover the wholefile of texture STFT-basedeatures
(meansandvariance®f Centroid,Rolloff, Flux, ZeroCrossingsvertexturewindow)
andLow Enegy (9 dimensons,23 millisecond analysiswindow, 1 secondexture

window).

e Timbre - Sound Texture Meansover the wholefile of texture MFCCs(meansand
variancesf thefirst five MFCC coeficientsover the texturewindow) (not counting
the DC term) (10 dimensims, 23 millisecondsanalysiswindow, 1 secondtexture

window)

e Beat content - Rhythm Rhythmc contentfeaturesbasedon Beat Histograms(6

dimensons,3 secondsnalysiswindow, 1.5second$iopsize)

e Pitch content - Harmony Pitch contentfeaturesbasedon Pitch Histograns (5 di-

mensions23 millisecondsanalysiswvindow)

Althoughthereare mary possiblevariatiors, this featuresetformsthe basicrepresen-
tation usedby mostof the describedalgorithis in this thesisand hasbeenshavn to be

effective in representingnuscal content.

2.10 Summary

Featurevectorsarethefundamentabuilding blocksof thatunderliethe majority of existing

work in ComputerAudition. A setof featuresbasedon the ShortTime Fourier Tranform
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(aguablythemostcommonfeaturefront-end)werepresentedA similarsetof featureghat
canbe calculateddirectly from MPEG audiocompressedataweredescribedln orderto
represensound“texture” statistcal information aboutthe changeof shorttime charac-
teristicsover larger time intenvals is required. The useof “texture” windows allows the
statistcal combinationof shorttime spectralshapefeaturesn orderto represenof sound
“texture”. A setof featureshatdescribespectralshapeandtexture basedon the Discrete
Wavelet Transformwas also described. In additionto timbral and textural information,
musicalsignalscanbe characterizedby characteristicef their rhythmc andpitch content.
BeatandPitch Histogramsare suchstatisticalcharacterizatiomf musicalsignalsthatcan

be usedto calculatefeatureghatrepresentnusicalcontent.



Chapter 3

Analysis

Whydo we listen with greater pleasue to mensinging musicwhich we happento know
befoehand,thanto musicwhich we do notknow? Is it becausewhenwe recanizethe
song the meaningof the composerlike a manhitting the mark, is more evident? Thisis
pleasantto consider Or is it becausat is more pleasantto contempla¢ thanto learn ?
Thereasonis that in the onecaseit is the acquisitian of knowledg, but in the otherit is
usingit anda form of recanition. Moreover, whatwe are accustomedo is alwaysmore
pleasanthantheunfamilar.

Avristotle, Problems,Book 19,No. 5

3.1 Intr odudion

In the previous chaptevariousdifferentwaysof representingqudiosignalsin theform of
featurevectorsweredescribed.In this chapterwe will seehow theserepresentationsan
beusedto analyzeandsomeha “understand’audiosignalsin variousways. After feature
extractionan audio signal can be representedn two majorways: 1) as a time seriesof
featurevectors(or atrajectoryof pointsin thefeaturespace)) or assingk featurevector

(or pointin the featurespace).Essentialy analysistechniquedry to extract contentand

54
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contet informationaboutaudiosignalsandcollectionsby trying to learnandanalyzethe
geometricstructureof thefeaturespace.

Extractingcontentandcontet informationbothin humansandmachiness ataskthat
involves memoryandlearning.Thereforeédeasfrom MachineLearningandespeciallyPat-
tern Classificaton areimportantfor thedevelopmentof the proposedalgorithns. Auditory
SceneAnalysisis the procesdy which the auditory systembuilds mentaldescriptionof
complec auditoryernvironmens by analyzingmixturesof soundq16]. Fromanecological
viewpoirt, we try to associateventswith soundsn orderto understanaur ervironment.
Classificationwhatmadethis sound?)segmentation(how long did it last?)andsimilarity
(what elsesoundsdlik e that) are fundamentalprocesse®f ary type of auditoryanalysis.
In this chapteralgorithmsfor automattally performingthesetaskswill be described.Al-
thoughthereis no attemptto modeldirectly the humanauditorysystem knowledgeabout
how it works hasprovided valuableinsight to the designof the describedalgorithms and
systems. For examplethereis significantevidencethat the decisionsfor sequentiabnd
simukaneousntegrationsof soundsarebasedn multiple cues.Similarly, multiplefeatures

andrepresentationareusedin the proposedalgorithms

3.2 Related Work

Audio analysiss basedn MachineLearning(ML) andspecificallyPattern Classificaton
techniques Representate textbooks describingtheseareasare [30, 105. Although ML
techniquesuchasHiddenMarkov Modes(HMM) havebeenusedor alongtimein Speeh
Recanition[98] the have only recentlybeenappliedto othertypesof audiosignals.
When Speeh Reca@nition techniquesstartedbeing accurateenoughfor practicaluse
they were usedin orderto retrieve mulimediainformation. For examplethe Informedia
project at Carngjie Mellon [53] containsa terabyteof audiovisual data. Indexing the

archve is doneusinga combinatia of speech-recognitiorimage analysisand keyword
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searchingechniquesAudio analysisandbrowsing tools canenhancesuchindexing tech-
niquesfor multimedia data such as radio and television broadcastsgspeciallyfor the
regionsthatdo not containspeech.

More recently audio classificationtechniquesthat include non-speectsignals have
beenproposed. Most of thesesystemstarget the classificationof broadcasinews and
video in broad categorieslike musct, speechand ervironmental sounds The problem
of discriminaton betweermusic andspeechhasreceved considerablattentionfrom the
earlywork of Saunder$103] wheresimpe thresholdng of the averagezero-crossingate
and enegy featuresis used,to the work of Scheirerand Slang/ [110] where multiple
featuresand statigical patternrecognitionclassifiersare carefully evaluated. A similar
systemis usedin [102] to initially separatespeechfrom musicandthendetectphonemes
or notesaccordingly Audio signalsare segmentedand classifiedinto “music”, “speech”,
“laughter” andnon-speeclsoundsusingcepstrakoeficientsanda HiddenMarkov Model
(HMM) in [63]. An heuristicrule-basedsystemfor the segmentationand classification
of audio signalsfrom movies or TV programsbasedon the time-varying propertiesof
simple featureds proposedn [147]. Signalsareclassifiednto two broadgroupsof music
andnon-musgc which arefurthersubdvidedinto (Music) HarmonicEnvironmentalSound,
PureMusic, Song,Speeclwith Music, EnvironmentalSoundwith Music and(Non-music)
PureSpeechrandNon-HarmonicEnvironmentalSound.A similar audioclassificatiorand
segmentaibn method(music, speechgenvironmentsoundand silence)basedon Nearest
NeighborandLearningVector Quantizationis presentedn [74]. A solution to the more
difficult problemof locatingsingingvoice segmens in musicalsignalsis describedn [12].
In their systemthe phonemeactivaion outputof anautomatt speechrecognitionsystem
is usedasthefeaturevectorfor classifyingsinging segments.A systemfor the separation

of speechsignalsfrom complec auditorysceness describedn [90].
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Anothertype of non-speectaudio classificationsysteminvolvesisolatedmusicalin-
strumentsoundsand soundeffects. A retrieval-by-smilarity systemfor isolatedsounds
(soundeffectsandinstrumentones)hasbeendevelopedat MuscleFishLLC [143]. Users
cansearchor andretrieve soundsy perceptuahndacousticafeaturescanspecifyclasses
basednthesefeaturesandcanaskthe engineto retrieve similar or dissimilar sounds.The
featuresusedin their systemarestatisics (mean,variance autocorrelationpver thewhole
soundfile of shorttimefeaturesuchaspitch,amplitude prightress andbandwidth Using
the samedatasetwariousotherretrieval andclassificatiorapproachebave beenproposed.
The useof MFCC coeficientsto constructa learningtreevectorquantizers proposedn
[38]. Histogramsof therelative frequencie®f featurevectorsin eachquantizatiorbin are
subsequenglusedfor retrieval. The samedatasets alsousedin [68] to evaluatea feature
extraction and indexing schemebasedon statistcs of the Discrete Wavelet Transform
(DWT) coeficients. In [70] the samedatasets usedto comparevarious classification
methodsand featuresetsand the use of the NearestFeatureLine patternclassification
methodis proposed.

Similarity retrieval of music signalsbasedon contentis exploredin [127]. A more
specificsimilarity retrieval methodtargetedtowardsidentifying differentperformancesf
the samepieceis describedn [144,145. A similar systenthatretrieveslarge symptonic
orchestralvorksbasedntheoverall enegy profile anddynamc programmingechniques
is describedn [41].

A multi-featureclassifierbasedon spectralmonentsfor recognitionof steadystate
instrunent tonesis was initially describedin [44] and subsequentlymproved in [45].
Another paperexploring the recognitionof mustal instrumenttonesfrom monoplonic
recordingis [17]. A moregeneraframenork for thesameproblemis describedn [80, 81].
A detailedexploration andcomparisorof featuredor isolatedmuscal instrunenttonesis

providedin [32].
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A methodfor the automatichierarchicalclassificationof musicalgenreswasinitially
describedin [135] andimproved in [133]. A more limited classificationsystem(three
genres: Jazz,Classical,Rock) using ideasfrom texture modelingin the visual domain
is describedn [27]. The problemof artist detectionusing neuralnetworks and support
vectorstrainedusingaudiofeaturess addresseth [142]. A relatedproblemto similarity
retrieval is audioidentificationby contentor audiofingerprintingwhichis theuseof audio
contentto directly identify piecesof musicin large databas¢5].

Segmentationalgorithmscanbe divided in algorithmsthatrequireprior classification
andthosewho don't. Segmentatio systens thatrequireprior classificationn mary cases
are basedon Hidden Markov Models (HMM). Some Examplesare: the sggmentaton
of recordedmeetingsbasedon spealker changesand silencesdescribedn [63], andthe
evaluaton of musicsegmenationusingdifferentfeaturefront-end§ MFCC, LPC, Discrete
Cepstrum)describedin [8]. Another approachhasbeento detectchangesy tracking
variousindividual audiofeaturesandthenusingheuristicscombinetheir resultsto create
seggmentaibns[147]. A sgmentaibn methodbasedon self-similarity is describedn [42].
An interestingapproachfor sggmentatio basedon the detectionof relatve silenceis
describedn [93]. A comparisonof model-basedmetric-basedand enegy-basedaudio
seggmentaibn for broadcashew datais describedn [62]. A multifeatureapproachthat
doesnotrequireprior classificatiorandformalizestheintegration of multiple featuresvas

proposedn [125] andfurtherevaluatedwith userexperimensin [128].

3.2.1 Contributions

The main contrikution of this thesisto the analysisstageof ComputerAudition, is a
generaimulti-featuremethodobgy for audioseggmentaton with arbitrarysound‘textures”
that doesnot rely on previous classification. The proposedmethodolgy canbe applied

to ary type of audio featuresand hasbeenevaluatedfor variousfeaturesetswith user
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experimentdescribedn Chapters. This methoalogy wasfirst describedn [125 where
segmentaibn asaseparatrocessgrom classificatioranda moreformalapproacho multi-
featuresggmentatio wasprovided. Additional segmenationexperimentsaredescribedn
[128]. In addition,we have shavn that effective musicalgenreclassificatiorand content-
basedsimilarity retrieval are possibé usingthe musicalcontentfeaturesetthatrepresents
timbral, rhythmic and harmonicaspectsof music. An initial versionof the automatic
musicalgenreclassificatioralgorithmwaspublishedin [135 andthe completealgorithm

andmoreevaluationexperimentsaredescribedn [133]

3.3 Query-by-example content-basedsimilarity retrieval

In mostcontent-basedhultimediainformationretrieval systens the mainmethodof spec-
ifying a queryis by example. In thatparadigmthe userprovidesa multimediaobject(for
exampleanimageor a pieceof music)asthe queryandthe systenreturnsalist of similar
multimediaobjectsranked by their similarity. Similarity retrieval can also be usedfor
automatigplaylistgeneratiorj4].

Query-by-eample(QBE) musicsimilarity retrieval is implemenéd basedon the mu-
sical contentfeatureqSection2.9) usingthe singlefeaturevectorrepresentatiomor each
file. Becausehe computedfeaturesrepresentariouscharacteristicef the mustc such
asits timbral texture, rhythmic and pitch content,featurevectorsthat are closetogether
in featurespacewill alsobe perceptuallysimilar. A naive implementationof similarity
retrieval would usethe Euclideardistancebetweerfeaturevectorsandwould returnsimilar
audiofiles ranked by increasingdistance(the closestone to the query featurevectoris
the first match). Becausethe featureshave different dynamicrangesand probablyare
correlateda Mahalanobiglistances usedin our system.The Mahalanobigdistance75]

betweenwo vectorsis definedas:
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Mxy) = |/ (x—y)TZ-1(x~y) (3.2)

whereZ 1 is theinverseof thefeaturevectorcovariancematrix.

Thefeaturecovariancematrix X is definedas:

> =E[xx] (3.2)

The Mahalanobiglistanceautomattally accountdor the properscalingof the coordi-
nateaxesand correctsthe correlationbetweenfeatures. Evaluatirg similarity retrieval is
difficult asit typically involves conductinguserexperimens. Userexperimentsconducted
to evaluatethis techniqueare describedn Chapter5. A demonstratiorof the systemcan

befoundat: http://  soundlab.pr inceton.ed u/demo.php

3.4 Classiication

Classificationalgorithns attemptto categorize obsered patternsinto groupsof related
patternsor classesThe classificatioror descriptionschemas usuallybasedon the avail-
ability of a setof patternsthat have alreadybeenclassifiedor described. This set of
patternsis termedthe training setand the resultinglearning strategy is characterizd as
supervisedLearningcanalsobe unsupervisedn the sensehatthe systemis not given an
a priori labelingof patternsjnsteadit establisheshe classestself basedon the statigical
regularitiesof the patterns.

Theclassificatioror descriptionschemeausuallyusesoneof the following approaches:
statistcal (or decisiontheoretic),syntactic(or structural),or neural. Statisticalpattern
recognitionis basedon statistcal characterizationsf patternsassuminghatthe patterns

are generatedoy a probabiligic system. Structuralpatternrecognitionis basedon the
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structuralinterrelationkips of features. Neural patternrecognitionemploys the neural
computirg paradigmthathasemegedwith neuralnetworks.

A hugevariety of classificatiorsystemshave beenproposedn theliteratureandthere
is no clearcut choiceaboutwhich is bestasthey differ in mary aspectsuchas: training
time, amountof training datarequired,classificatiortime, robustnessandgeneralization.
The main idea behind most of theseclassificationschemess to “learn” the geometric
structureof the training datain the featurespaceandusethatto estimatea “model” that
cangeneralize¢o new unclassifiegatterns Parametricclassifiersassumeafunctionalform
for the underlyingfeatureprobability distribution while non-parametrionesusedirectly
thetrainingsetfor classification Evenabrief presentatiomf all theproposedlassification
systemss beyondthe scopeof thisthesis.More detailscanbefoundin standardextbook

on PatternClassificatiorsuchas[30, 105.

3.4.1 Classifiers

In this section,the main classificationalgorithmsthat are supportedin our systemwill
briefly bedescribedTheemphasiss onwhatmodelis usedo representhefeaturevectors
andnot how themodelparametersanbe estimatedrom training data.More detailsabout
the training of the describedclassifierscan be found in Appendix A. Although by no
meangheonly possibé choicestheseclassificatioralgorithis have beeneffectively used
to constructpracticalaudioanalysisalgorithirs thatin mary casesunin real-time.

The Gaussian(GMAP) clasifier assumeseachclasscan be representeds a multi-
dimensimal Gaussiardistribution in featurespace. The parameterf the distribution
(meansandcovariancematrix) areestimatedusingthelabeleddataof thetrainingset. This
classifieris typical of parametricstatigical classifierghatassumea particularform for the

underlyingclassprobability densityfunctions. This classifieris more appropriatewhen
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the featuredistribution is unimodal. The locusof equaldistancepointsfrom a particular
Gaussiartlassifieris anellipse whichis axis-alignedf the covariancematrixis diagonal.

TheGaussiaMixture Modelclassifie{GMM) modeleachclassasafixed-sizeveighted
mixtureof Gaussiaristributions. For example,GMM3 will beusedto denoteamodelthat
has3 mixture componerd. The GMM classifieris characterizedby the mixture weights
andthe meansandcovariancematricesfor eachmixture componentFor efficiency reason
typically the covariancematricesare assumedo be diagonal. The GMM classifieris
typically trainedusingthe Expectation-Mximization(EM) algorithmwhichis aniterative
optimizationprocedureA tutorial for the EM algorithmcanbefoundin [84].

Unlike parametriclassifierstheK-NearestNeighbor(KNN) classifieddirectlyuseghe
training setfor classificationwithout assumigg any mathematal form for the underlying
classprobabilty densityfunctions. Eachsampleis classifiedaccordingto the classof its
nearesneighborin the training dataset. In the KNN classifier the K nearesneighbors
to the point to be classifiedare calculatedandvoting is usedto determinethe class. An
interestingresultaboutthe nearesineighborclassifieris that no matterwhat classifieris
used,we cannever do betterthanto cut the error ratein half over the nearest-neighbor
classifier assumig the training and testing datarepresenthe underlyingfeaturespace
topology [30].

Artificial Neural Network (ANN) are multilayer architecturesof strongly connected
simple componerg that can be trainedto perform function approximatio, patternas-
sociation,and patternclassification. A standardtechniquefor the training of ANNS is
backpropagatiomvhich refersto the processy which derivatives of network error, with
respectto network weightsandbiasescanbe computed. This processcan be usedwith
a numberof different optimization stratgjies. The architectureof a multilayer network
is not completelyconstrainedby the problemto be solved. The numberof inputsto the

network is constrainedy the problem,andthe numberof neuronsin the outputlayeris
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constrainedy the numberof outpus requiredby the problem. However, the numter of
layersbetweennetwork inputsandthe outputlayer andthe sizesof the layersare up to
the designer It hasbeenshownn that the two-layer sigmod/linear network canrepresent
ary functionalrelationshipbetweeninputs and outputsif the sigmoidlayer hasenough
neuronsA standardackpropagationeuralnetwork trainedusinga gradient-descerype
of optimizationhasbeenusedin our systemasa patternclassifier Although the achieved
classificationperformancas comparablgnot better)to the otherclassifierstrainingtime
for large collectiors is too long for practicalpurposesandthereforethe resultsin Chapter
5 will be basedmainly statistcal patternrecognitionclassifiers.Thereis a lot of potential
in theuseof ANN with architecturghataretailoredto problemsof ComputerAuditition
ratherthanusedasa genericclassificatioralgorithm.

In all the previoudy describedclassifiersa labeledtraining setwas used(supervised
learning). The K-meansalgorithmis a well-knowvn techniquefor unsupervisedearning
whereno labelsare provided andthe systemautomaticallyforms clustersbasedsolely on
the structureof the trainingdata. In the K-meansalgorithmeachclusteris representethy
its centroidandtheclustersareiterativly improved. More detailscanbefoundin Appendix
A. Thesamealgorithmcanalsobe usedfor VectorQuantization(VQ), atechniquewhere
eachfeaturevectoris codedas an integer index to a codebookof representatie feature
vectorscorrespondingo the meansf theclusters.

Having differentclassifiergs importantin realworld applications, becausen addition
to classificationaccuray, other factorssuchas training speed,classificationspeedand
robustnessareimportant For example,the K-NN family of classifiersin its basicform
is computatbnally intensve andrequiressignificantstoragefor classificatiorof large data
sets. On the otherhand, classificationand training using the simple GaussianfGMAP)

classifierarefastandthereforeit canbe usedfor real-timeapplications.
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3.4.2 Classificationschemes

Basedon theseclassificationalgorithmsand the audio featuresdescribedin chapter2
various audio classificationschemesare supportedin our system. Theseschemeswill
be usedin Chapter5 to evaluate variousfeaturessetsand algorithns. For the purposes
of this Chaptereachclassificationschemewill be briefly describedand a representatie
classificatioraccurag will be given (moredetaileddescriptionsandresultsaswell asthe
specificdetailsof the featuresandclassifiersusedwill be providedin Chapter5). There

hasbeenlittle prior work in the Musical, JazzandClassicalgenresclassificatiorschemes.

Music vs Speech

Separatingnusicfrom speechs one of the first audio classificationghat have beenex-
plored. Detectingspeechand music segmentsis importantfor automaticspeechrecog-
nition systemsespeciallywhendealingwith real world mulimediadataandgoodresults
canbe achieved asmustc andspeechhave quite differentspectralcharacteristicsIn our

implenmentationclassificatioraccurag of 89%is achieved.

3.4.3 \Voices

In additionto separatingnusicfrom speechanotherimportant classificationis detecting
thegenderof aspealer. In this classificatiorschemeaudiosignalsareclassifiednto three
cateyories: male voice, femalevoice, and sportsannouncing. Sportsannouncingefers
to ary type of voice over a loud noisy background. In additionto being an important
sourceof informationby itself, spealer gendetidentificationcanbe usedo improve speech

recognitionperformanceClassificatioraccurag of 73%is achievedin our system
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Musical Genres

Usingthis classificationschemeaudiosignalsare automaticallyclassifiedinto one of the
following categories: Classical Country Disco,HipHop, Jazz,Rock, Blues,Reggae,Pop,

Metal. Classificatioraccurag of 61%is achiesedin our system.

ClassicalGenres

Classicalmusic canfurther be subdvided into: Choir, OrchestraPiano, String Quartet.
Thesesubgenresre more closeto instrumenation cateyories. Classificationaccurag of

88%is achievedin our system.

JazzGenres

Jazzmusiccanfurtherbe subdvidedinto: BigBand,Cool, Fusion,Piano,Quartet,Swing.
Thesesubgenresire more closeto instrumenation categories. Classificationaccurayg of

68%is achievedin our system.

AUDIO CLASSIFICATION HIERARCHY

Choir
Classical Orchestra
Country Piano

Disco String Quartet

Jazz BigBand
Rock Cool
Blues Fusion
Reggae Piano
Pop Quartet
Metal Swing

Figure3.1: MusicalGenredHiearachy
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Figure3.2: ClassificatiorScemeg\ccurag

Hierar chical Classification

Theseclassificatiorschemesirecombinednto anhierarchicakchemeshatcanbe usedto
classifyradioandtelevisionbroadcastskigure3.1shavsthishierarchicaschemealepicted
asa treewith 23 nodes. A summaryof the classificationaccurag for eachschemels
providedin Figure3.2 andTable3.1. Thereresultsarerepresentatie. More resultsand

detailsabouttheir calculationcanbe foundin Chapters.

Other schemes

In additionto theclassificatiorschemeslescribedibove, othertypesof audioclassification
suchas: clusteringof soundeffects, isolatedinstrunment recognition, spealer emotion

detectionhave beenimplementedusingour system.Unlike the previously describectlas-
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Table3.1: Classificatiorschemesiccurag

| | Random | Automatic |

MusicSpeec h(2) 50 89
Voices(3) 33 73
Genres(1 0) 10 61
Classical  (4) 25 88
Jazz(6) 61 68

sification schemesthesetypesof classificationare coveredin the existing literatureand
will notbefurtherdescribedn thisthesis.Theresultsobtainedarecomparablevith those

reportedn the publistedliterature.

3.5 Segmentation

3.5.1 Motivation

One of the first chaptersof mosttextbodks in image processingor computervision is

devotedto edgedetectionand object segmentation. This is becauset is mucheasierto

build classificationand analysisalgorithns using asinput segmentedobjectsratherthan

raw imagedata.In videoanalysisshots pansandgenerallytemporakegmentsaredetected
andthenanalyzedor content.Similarly temporalsggmentatio canbe usedfor audioand
especiallymusicanalysis.

Auditory SceneAnalyss is the processby which the humanauditory systembuilds
mentaldescriptionsof complex auditory ervironmens by analyzingmixturesof sounds
[16]. From an ecologicalviewpant, we try to associateeventswith soundsin orderto
understandur ervironment. The characteristic®f soundsourcegendto vary smootliy
in time. Thereforeabruptchangesisuallyindicatea new soundevent The decisionsfor

sequentialnd simutaneousintegration of soundare basedon multiple cues. Although
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our methoddoesnot attemptto modelthe humanauditorysystem,it doesusesignificant
change®f multiple featuresassegmenationboundariesTheexperimentsndicatethatthe
selectedeaturescontainenoughinformationto be usefulfor automatt segmentatia.

Temporalseggmentatdn is amoreprimitive procesghanclassificatiorsinceit doesnot
try to interpretthe data. Therefore,it can be more easily modeledusing mathematical
techniquesBeingmoresimpleit canwork with arbitraryaudioanddoesnot posespecific
constraintson its input like single spealer or isolatedtones. It hasbeenarguedin [82]
that musicanalysissystens shouldbe built for andtestedon real music andbe basedon
perceptuapropertiegatherthanmusictheoryandnote-lesel transcriptions.

In this Section,a generaseggmentatbn methodolgy thatcanbe usedto segmentaudio
basedon arbitrary sound“texture” changeswill be described. Someexampleof sound
“texture changes’area pianoentranceafter the orchestran a concertoa rock guitar solo
entrancea changeof spealer etc.

Unlike mary of the proposedalgorithns for audio segmentatbn that rely on the ex-
istenceof a prior classification,the proposedmethoddogy is not constrainedo fixed
numberof possibé sound“textures”. This makesapplicableto a muchbroaderclassof
seggmentaibn problems For exampk seggmentation into music and speechregions can
easily be handledby existing classification-basedegmentaibn systems. However say-
mentationof differentinstrunentsectionsof anorchestrausingthe classification-baseid
moredifficult asa modelfor eachpossiblesubsebf the orchestrashouldbelearned.The
proposedsgmentatioo methodolog hasno problemhandlingsuchcasessit just detects
the sggmentationboundaries.

To furthermotivatesegmentatio supposehata useris giventhetaskof sggmening an
Operarecordingnto sectionsandlabeleachsectionappropriatelywith atext annotation It
caneasilybeverifiedexperimentaly thatmostof thetime will bespendsearchingheaudio

for the sectionboundariesandmuchlesstime for the actualannotation.As anindication
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of thetime requiredfor suchatask,2 hourswerethe averagetime requiredby the subjects
of experimentsdescribedn Chapter5 to manuallyseggmentand annotatel0 minutesof
audio using standardsoundediting tools Theseobsenations suggesta semi-autoratic
approachthat combinesmanualand fully automait annotatio into a flexible, practical
userinterfacefor audio manipubtion. Automatic segmenation is an importantpart of
sucha system. For example,the usercanautomaticallysegmentaudiointo regionsthen
run automatt classificatioralgorithmsthatsuggestnnotationgor eachregion. Thenthe
annotationcanbe editedand/orexpandedby the user This way, significantamountsof
usertime aresaved without loosirg the flexibility of subjectve annotation.Segmentatbn

canalsobeusedto detectmusicalstructureof songgfor exampk cyclic ABAB type).

3.5.2 Methodology

The main idea behindthe sggmentaton methodolog, describedn this Section,is that
changessound“texture” will correspondo abruptchangesn the trajectory of feature
vectorsrepresentinghe file. Although the statistcs of a particularsound“texture” (and
the correspondindeaturevectors)might changeover time significantlythey will do this
smoothy whereasif thereis a “texture” changetherewill be an abruptgap. The pro-
posedmethodolog can utilize arbitrary setsof features(of coursethey have to be good
representationsf audio contentbut thereis no constrainton their dimensionaty and
methodof calculation). This is in contrast,to otherproposedsgmentation systemshat
are designedaroundspecificfeaturessuchas amplitude and pitch, track changesat each
featureindividually anduseheuristicto combinetheresults.

Themethodolgy canbebrokeninto four stages:

1. A time seriesof featurevectorsV; is calculatedoy iteratingover the soundfile.

2. A distancesignalA; = ||V —Vi—1]| is calculatedbetweersuccessie framesof sound.

In ourimplementatbn we usea Mahalanobiglistancegiven by
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M(xy) = (x—y) "= (x—y) (3.3)

whereZ is thefeaturecovariancematrix calculatedrom the whole soundfile. This
distancerotatesand scalesthe featurespaceso the contrikution of eachfeatureis
equal.Otherdistancametrics,possilly usingrelative featureweighting,canalsobe

used.

3. Thederiative % of thedistancesignalis taken. The derivative of the distancewill

be low for slowly changingtexturesandhigh during suddertransitions.The peaks

roughlycorrespondo texture changes.

4. Peaksare picked using simple heuristicsand are usedto createthe sggmentatbn
of the signalinto time regions. As a heuristicexampk, adaptve thresholéhg can
be used. A minimum durationbetweensuccessie peakscanbe setto avoid small

regions.

For theexperimentgdescribedn Chaptels the peakpicking heuristicis parameterized

by thedesiredhumberof peaks.More specificallythe following heuristc is used:

1. The peakwith the maximumamplitudeis picked.

2. A regionaroundandincluding the peakis zeroed(helpsto avoid countingthe same
peaktwice). The sizeof theregionis proportianal to the size of sound-filedivided

by the numberof desiredregions(20% of the averageregion size)

3. Stepl isrepeatedintil the desiredhumberof peakss reached.

Oneimportantparametenf the proposedsegmentatbn methodolog is the collection
over which the featurecovariancematrix X is calculated.The choiceof collectionmakes

the sggmentationmethodolgy contet-dependent For exampk the samefile might be
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sggmentedlifferentlyif acollectionof orchestramusicis usedfor the computatiorof the

covariancematrix comparedo a collectionof rock music.

3.5.3 SegmentationFeatures

The following setof featureshasbeenusedsuccessfullyfor automaticsegmenation and
are the basisof the experimentsdescribedin Chapter5: Meansand variances(over a
texturewindow) of SpectralCentroid,Rolloff, Flux, ZeroCrossingd,owEnegy, andRMS.
Loudnessnformationexpressedisingthe RMS featureis animportantsourceof segmen-
tation informationthat usuallyis ignoredin classification-basedegmenation algorithrs

asclassificatiorhasto beloudness-iwariant.

3.6 Audio thumbnailing

Audio Thumhailing refersto the processof creatinga shortsummarysoundfile from a
large soundfile in sucha way thatthe sumnary bestcaptureshe essentiatlementf the
original soundfile. It is similar to the conceptof key framesin video andthumbrails in
images.Audio Thumbnaiing is importantfor Audio MIR especiallyfor the presentation
of the returnedranked list sinceit allows usersto quickly hearthe resultsof their query
andmalke their selection.In [73], two methodsof audiothumbnailhg are explored. The
first is basedon clusteringandthe seconds basedon the useof HiddenMarkov Models
(HMMs). According to the userexperimentsdescribedin [73] both method perform
betterthan randomselection. Clusteringis the bestmethodof the two. In additionto
the clusteringmethod,a segmenation-basednethodis supportedn our system. In this
methodshortsegmentsaroundthe segmentatbn boundariesare concatenatetb form the
summary Userexperiments([128]) have indicatedthat humansconsidersegmentatbn

boundariesmportantfor summarization.
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3.7 Integration

Althoughtheanalysisalgorithns werepresentedeparatelytheir resultscanbeintegrated
resultingin improved performance.As alreadymentianedin the relatedwork sectionof
thischapteymary proposedeggmentatio algorithmsrequireprior segmentatio. Theother
directionis also possible. Most of the classificationmethodsproposedn the literature
reportimproved performancef the classificationresultsare integratedover larger time
windows. However, usingfixedsizeintegratonwindowsblursthetransitonedgedetween
classes. Usually test data consistsof files that do not containtransitiors to simpify
the evaluation; thereforethis problemdoesnot shov up. In real world data, however,
transitiors exist andit is importantto presere them.

The describedsegmentationmethodprovides a naturalway of breakingup the data
into regions basedon texture. Theseregionscanthenbe usedto integrate classification
resultsfor exampleusinga majority filter. Thatway, sharptransitionsare presered and
the classificationperformances improved becausef the integratian. Initial experimensg
in anumberof differentsoundfiles confirmthis fact. A moredetailedquantitaive evalu-
ation of how this methodcomparego fixed-windav integrationis plannedfor the future.
Otherexampksof integration arethe useof sggmenationfor thumbnaiing, or the useof

clusteringin similarity retrieval to grouptherankedlist of similar files.

3.8 Summary

A numberof fundamentabhudio analysisalgorithmswere presentedn this chapter The
basicideabehindthesealgorithmsis to learnandutilize the structureof the featurevector
representatiom orderto extractinformatian aboutaudiosignals.Figure3.3showvs a high-
level overview of the basicideasdescribedn this Chapter The audiosignalrepresented

asatrajectoryof featurevectorsby breakingit into smallanalysiswindowsandcomputng
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a featurevectorfor eachwindow. Segmentationcanbe performedby looking for abrupt
changesn this trajectoryof featurevectorsandclassificationcan be performedby parti-
tioning the featurespacen regionssuchthatthe points(vectors)falling in eachpartition
belongto thesameclass.

More specifically the following analysistechniqueswere presented:content-based
query-by-eample similarity retrieval basedon musical contentfeatureswas described,
hierarchicamusicalgenreclassificationageneramultifeaturesegmenationmethoddogy,

andaudiothumbrailing.



Chapter 4

Interaction

Thoughtis impossibé withoutan image.
Aristotle, On the Soul, Book Il

A Picture’s MeaningCan ExpressTen Thousandhbrds
Phony ChineseProverb

(andthousamls of songs)

4.1 Intr odudion

Theresultsof automatt audioanalysisarestill far from perfectandthereforeneedto be
correctededited,andenhancedby a humanuser Thereforethe creationof userinterfaces
for interactingwith audio signalsand collectionsis an importantdirection for current

researchEvenif in thefuture automaticalgoritrmsarevastly improved, mustc andsound

LCorrecttranslationof phany chineseproverb typically translatedas “A pictureis worth ten thousand
words”. The "Chinese” quotation was fabricatedby an adwettising exeautive represeting a baking soda
compry. The executive assumedhatconsunerswould be compdied to buy a product thathadthe weight
of Chinesephilosophy behird it. A young boy’s smile is equalto mary words explaining the bendits of
the product. The ad wasoftenseenasa streetcarcardadthatcustomerslid not have muchtimeto read It
appeaedin Printers’Ink (now Marketing/ Communication)March10,1927(pp. 114-115)

74
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listening is inherentlysubjectve andtherefore jn my opinion,the humanuserwill always
be partof thesystem.

Successfuliserinterfacescombinethe skills of humansandcomputeranakingeffec-
tive useof their differentabilities. Userinterfaceshave beenshavn to provide significant
improvementsin almostevery compuer field rangingfrom the popularwindows-based
desktopto missbn critical applicationsuchasthedesignof NASA controlrooms.Human
Computerinteraction(HCI) studiesthe wayshumansandcomputergnteractandtriesto
improve them.

Computerauditionresearchjn mary casesoriginating from Electrical Engineering
departmentshaslargely ignoreduserinterfaceaspects.Although publicatonstypically
describehow the proposedalgorithns canbe used they rarely shov concreteexamplesof
userinterfacesthat utilize their results. Suchinterfaces,in additionto demonstating the
proposedalgorithms areimportantfor evaluatian userexperiments

Currently the commonway to interactwith large collectionsof audiofiles is using
commerciakoftwaremainly developedfor audiorecordingandproductionpurposesSuch
soundeditingsoftwaretoolstypically have well-designedaindcomple interfacesandallow
the userto apply standardmontage-like editing operations(cut, copy, paste,mix, etc),
viewing operations(zoomin, zoom out, region selectetc) and soundeffects (filtering,
denoising pitch shifting etc) basedn thetraditionaltape-recordeparadigm.

Thesecurrentsoftwaretoolsfor working with audiosuffer from two majorlimitations.
Thefirst limitationis thatthey view audioasa monolthic block of digital samplesvithout
having arny “understandiny of the specificaudio content. For example,if userswish
to locatethe saxophoer soloin a jazz piece,they have to manuallylocatethe seggment
by listening, scrolling and zooming. Although Waveform and Spectograndisplayscan
provide visual cuesaboutaudio contentthe procesof locatingregionsof interestis still

time consummng. The secondimitation is that currentaudio softwaretools are centered
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aroundthe conceptof a file asthe main unit of processing.Although typically multiple
files canbe openedand mixed, andbatchoperationsanbe appliedto lists of files, there
are no direct graphicaluserinterfacesfor displying, browsing and editing large audio
collections.ldeally thesecollectioninterfacesshouldalsosomehav reflect the contentand
similarity relationsof theirindividualfiles.

In this Chaptey a seriesof different novel contentand context aware interfacesfor
interactingwith audio signalsand collectionsare proposedand integratedin a common
applicationfor audio browsing, manipuation, analysisandretrieval. Thesecomponerg
canutilize eithermanuallyor automaticallyextractedinformatian or both. It is our belief,
thatthisfinal caseof utilizing bothkindsof informatian providesthe mosteffective way of
interactingwith large audiocollections.The useof automatt techniquesansignificantly
reducethe amountof userinvolvementand can provide detailedinformation while the

humanusercanweedout theimperfectionsandmake subjectve judgments

4.2 Related Work

Recentlyvariousgraphicaluserinterfacesfor browsingimagecollectionshave beenpro-
posedspurredby the now commongace availability of digital photographyto computer
users.Variousspatialtechniquesndtheuseof thumbnailpictureshave beenproposednd
shavn improvementdor the browsing andretrieval of images[60, 57,100. Severalaca-
demicandcommerciakystemshave beenproposedor content-basedetrieval of images.
Somerepresentatie examplesaretheBlobword systeni11] developedatUC Berkeley, the
PhotoBookfrom MIT [91] andthe QBIC systemfrom IBM [37]. In thesesystemgsheuser
cansearchprowseandretrieve imagesbasedon similarity andvariousautomatt feature
extraction methods. This work falls underthe generalareaof Multimedia Information

Managemen8ystemg51] with specificapplicationgo audiosignals.
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In the context of audio signals,most of the existing work for browsing single files
concentratesn the browsing of spoken documend. Speechskimmer [7] is a systemfor
interactvely skimming recordedspeechthat pushesaudio interactionbeyond the tape-
recordemetaphaorThe usercanbrowsespolendocumentdy logical unitssuchaswords,
sentenceandchange®f spealer. Time andPitch modificationtechniquesanbe usedto
speed-uphe speectsignalwithout affecting intelligibility. Intelligentbrowsing of video
signalsof recordedmneetingdasedn HiddenMarkov Model (HMM) analysisusingaudio
andvisualfeatureds describedn [15]. Although therehave beenearly attemptg18, 87]
to develop “intelligent” soundeditorsmostof their researcheffort was spendaddressing
problemsrelatedto the limited hardware of that time. Today commerciallyavailable
audioeditorsare either small scaleeditorsthat work with relatively shortsoundfiles, or
professionatools for audiorecordingandproduction. In both caseshey offer very little
supportfor browsing large collections.Typically they supportmontage-lile operationdike
copying, mixing, cutting and splicing and somesignalprocessingools suchasfiltering,
reverberatiorandflanging.

Many of the ideasdescribedn this Chapterhave their rootsin the field of Scientific
andInformationVisualization[120, 34]. Visualization technique$ave beenusedin mary
scientificdomains They take advantageof the strongpatternrecognitionabilities of the
humanvisual systemto reveal similarities, patternsand correlationsin spaceandtime.
Visualizationis more suitedfor areasthat are exploratoryin natureandwherethereare
large amountsof datato be analyzed. Interactingwith large audio collectionsis a good
exampleof suchanarea.The conceptof browsingis centralto the designof theinterfaces
for interactingwith audio collectionsdescribedn this Chapter Browsingis definedas
“an exploratory information seekingstrateyy thatdependsiponserendipity... especially
appropriateor ill-defined problemsandexploring new taskdomains”[78]. Thedescribed

componenthave beendesignedollowing Shneidermars mantrafor the designof direct
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manipulaton and interactve visualizationinterfaces: “overview first, zoom and filter,
then detail on demand” [114].

Direct manipulaton systemsvisualize objectsand actionsof interest,supportrapid,
reversible,incrementabctions,andreplacecomplex commandanguagesyntaxby direct
manipulaton of the objectof interest[114]. Direct sonificationrefersto the immediate
auralfeedbacko useractions.Examplesof suchdirectmanipulation systemsncludethe
populardesktopmetaphor computerassistd-desigrntools, and video games. The main
propertyof direct manipuhtion interfacesis the immedate auraland visual feedbackin
responseo theuseractions.

Of centralimportanceto this work is the ideaof representingoundasvisual objects
in a 2D or 3D spacewith propertiesrelatedto the audio contentand context. This idea
hasbeenusedin psychoacoustids orderto construciperceptuaspaceshatvisually shov
similarity relationsbetweensingle notesof differentmusicalinstrunents. Thesespaces
canbe constructedisingMultidimensionalScaling(MDS) over datacollectedfrom user
studieg[50]. Anotherapplicationthat usesthe ideaof a spacefor audiobrowsingis the
Intuitive SoundEditing Environment(ISEE)where2D or 3D nestedvisualspacesreused
to browseinstrumentsoundsas experiencedby mustiansusing MIDI synthesiersand
samplerg138,139.

The mostrelatedprojectto this work is the Sonic Browser which is a tool for ac-
cessingsoundsor collectionsof soundsusing soundspatializationand context-overview
visualization technique$35, 36]. In thiswork, a prototyge 2D graphicsbrowsercombined
with multi-streamsonic browsing was developedand evaluated. One applicationof this
browsing systemis musicobgical researchn Irish traditionalmusic. Althoughthe goals
of this work andthe Sonic Browser are similar thereare somedifferencein the two ap-
proachesThemaindifferences thatSonicBrowseremphasizesaserinteractionanddirect

manipulaton without utilizing any automattally extractedinformationaboutthe signals.



CHAPTER4. INTERACTION 79

In Chapter7 the combinatio of the Sonic Browserwith our systemto createa powerful
soundbrowsing andeditingenvironmentwill bedescribed.

Visualizationsof audiosignalstake advantageof the strongpatternrecognitionprop-
ertiesof the humanvisual systemby mappingaudio contentand context information to
visualrepresentationA visualization of audiosignalsbasedon self-similarityis proposed
in [40]. Timbregrams,a contentand context aware visualizationfor audiosignals were
firstintroducedn [127]. Timbrespacesa visualization for audiocollectionbrowsing, and
the GenreGranmonitor, a dynamiccontent-basedeal-timedisplay were introducedin
[126]. A morecompletedescriptionof the proposednterfaceswith specialemphasin

their useon the PrincetonDisplayWall is providedin [131].

4.2.1 Beyond the Query-by-Example paradigm

As we have seen,in recentyears,techniqguedor audio and music information retrieval
have startedemepging asresearchprototypes. Thesesystemscan be classifiedinto two
major paradigms. In the first paradigmthe usersingsa melody and similar audiofiles
containingthatmelodyareretrieved. Thisapproachs called“Query by Humming” (QBH)
[47]. Unfortunatelyit hasthe disadantageof beingapplicableonly whenthe audiodata
is storedin symbolc form suchasMIDI files. The corversionof genericaudiosignals
to symboic form, calledpolyphonc transcription is still anopenresearctproblemin its
infangy. Anotherproblemwith QBH is thatit is not applicableto several musicalgenres
suchasDancemusicwherethereis no singdle melodythat canbe usedasa query In
the secondparadigmcalled“Query-by-Example’(QBE) [127] anaudiofile is usedasthe
gueryandaudiofiles that have similar contentare returnedranked by their similarity. In
orderto searchandretrieve generalaudio signalssuchas mp3files on the web only the

QBE paradigmis currentlyapplicable.
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In this Chaptemew ways of browsing andretrieving audioand musicalsignalsfrom
large collectionsthatgo beyondthe QBE paradigmwill be proposedThedevelopedalgo-
rithmsandtoolsrely ontheautomatiaxtractionof contentinformationfrom audiosignals.
Themainideabehindthisworkisto createnew audiosignalseitherby combinaton of other
audiosignalsor syntheically basedon variousconstraintsThesegeneratecdudiosignals
aresubsequentlysedo auralizequeriesandpartsof thebrowsingspace Theultimategoal
of thiswork is to lay the foundatiors for the creationof a musical“sketchpadwhich will
allow compugr usersto “sketch” the mustc they wantto hear Ideally we would like the
audioequvalent of sketchinga greencircle over a brown rectangleandretrieving images
of trees(somethiig whichis supportedn currentcontent-basetnageretrieval systens).

In additionto going beyond the QBE paradigmfor audio and must informationre-
trieval this work differs from the majority of existing work in two ways: 1) continuas
auralfeedback?) useof ComputerAudition algorithns. Continuousauralfeedbackmeans
that the userconstantlyhearsaudio or musicthat correspondso her actions. Computer
Audition techniquegxtractconteninformationfrom audiosignalsthatis usedto configure
thegraphicaluserinterfaces.

The term Query User Interfaces(QUI) will be usedin this Chapterto describeary
interfacethatcanbe usedto specifyin someway audioandmusicalaspect®f the desired
query Two major families of Query Interfaceswill be describedbasedon the feedback
they provide to the user The first family consistsof interfacesthat utilize directly audio
filesin orderto provide feedbackwhile the secondfamily consistsof interfacesthatgen-
eratesymbdic informationin MIDI format. It is importantto notethatin both of these
caseghe goalis to retrieve from generalaudio and musc collectionsand not symbdic
representations.

Anotherimportantinfluencefor thiswork is thelegag of systemdor automatiomusic

generationand style modelng. Thesesystemstypically fall into four major cateyories:
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generatingmusic [13], assistng composiion [83], modelingstyle, performanceand/or
composer$46], andautomatiomusicalaccompanimeri24]. Thesereferacesareindica-
tive andrepresentatie of earlywork in eachcatagory Therearealsocommerciakystems
that generatemusc accordingto a variety of musicalstylessuchasthe Bandin a box

software:http::  //lwww.sonic  spot.com/b andinabox/b andinabox. html

4.2.2 Contributions

Mostthe describedcontentandcontext awareinterfacesdescribedn this Chapterarenew
althoughsomeextendor arebasedon olderideas.The mostoriginal contritutions arethe
TimbreSpacérowserand Timbregramswhich arevisualizatiors for audiocollectionsand

signalsthatexpressaudiocontentandcontext informationin thevisualdomain.

4.3 Terminology
Thefollowing termswill be usedto describehe proposedsystems:

Collection: alist of audiofiles (typical size> 100items)

Browser: aninterfacefor interactingwith a collectionof audiofiles

Editor: aninterfacefor interactingwith a specificaudiofile

Monitor: adisplaythatis updatedn real-timein responsé¢o theaudiothatis beingplayed
Mapping: aparticularsettingof interfaceparameters

Selection: a list of selectedaudiofiles in a collectionor a specificregion in time in an

audiofile

Viewer: away to visualizea specificaudiofile
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Timeline: aparticularsegmentatio of anaudiofile to non-overlappingregionsin time

View: aparticularway of viewing a specificcollection

The userinterfacesdescribedn this chapterfollow a Model-View-Controler (MVC)
framework [64]. TheModelpartcomprise®f theactualunderlyingdataandtheoperations
that canbe performedto manipulateit. The View part describesspecificways the data
model can be displayedandthe Controller part describeshow userinput canbe usedto
controlthe othertwo parts.

Collectionsare namedlists of audiofiles. For exampk a collection might be named
Rock80sandconsistof rock musicfiles from thatdecade A collectionselectionconsists
of anarbitrarysubsebf acollection. Typically aselections specifiedoy mouseoperations.
Semantizoomiry refersto the processof zoomingto a new collectionconsistng of only
the selectedbjects. In the contet of audiofiles a selectionrefersto a specificregion in
time of the audiofile. A timelineis a segmentaibn of an audiofile to non-overlappng
possiby annotatedegionsin time. For examplea jazz piecemight have regionsfor the
eachindividual instrumentsolo aswell asthe chorus. Theseconceptscorrespondo the
Model partof theMVC framework.

The centralideabehindthe designof the describecdcontentandcontext awareGUIs is
to mapaudiofiles to visual objectswith specificpropertiesrelatedto their contentusing
viewers. Collectionsof audiofiles aremappedo spatialarrangementsf visual objectsin
browses shaving thatway their context. A mappingdescribesa specificway the audio
filesaremappedo visualobjectsandtheir spatialarrangementMultiple viewsof thesame
audio collection can be displayedpossiby eachwith its own separatanapping These
conceptgorrespondo the View partof theMVC framework.

The controller part of the MVC framawork in this work utilizes standardkeyboard,
mouseoperationdo control widgetssuchasbuttors, slidersandscrollbarsso thereis no

needo describat in moredetail. However, we notethatseparatinghis partfrom theModel
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andView componentsillows theeasyincorporationof alternatve methodsof controlsuch

asspeechnputor virtual reality sensorgo the system.

4.4 Browsers

4.4.1 TimbrespaceBrowser

The TimbreSpacebrowser mapseachaudiofile to an objectin a 2D or 3D space. The
main browser propertiesthat can be mappedarethe x, y, z coordinatedor eachobject.
In additiona shape texture imageor color, andtext annotationcanbe provided for each
object. Standardgraphicaloperationsuchasdisplayzooming,panning,androtatingcan
be usedto explore the browsing space.Datamodeloperationssuchas selectionpointing
and semanticzoomingare also supporéd. Selectionspecificationcan also be doneby
specifyingconstraintson the browserandobjectproperties.For exampk the usercanask
to selectall thefiles thathave positive x values,have triangularshapeandhave red color.
PrincipalCurvesoriginally proposedn [52] andusedfor sonificationin [54], canbe used
to move sequentiall throughthe objects.

TimbreSpacesan be constructedautomaticallybasedon the computation of audio
featuresandthe useof dimensonality reductiontechniquesuchasPrincipal Components
Analysis(PCA) [56]. PCA is describedn moredetailsin AppendixA. Dimensonality
reductiontechniquesmap a high dimensonal set of featurevectorsto a set of feature
vectorsof lower dimensiomlity with minimum loss of information. Using PCA and a
singlefeaturevectorrepresentatiorgeachfile is mappedo thex,y,z coordinate®f avisual
object. Themappirg is achievedby mappirg thefirst threeprincipalcomponentgwhichin
mary caseglescribea mostof the variability of the datacollection)andmappingthemto
the unit cube. Anotherpossbility for automaticconfigurationof TimbreSpacgarameters

is thedirectuseof featurevaluesfor eachaxis. For exampk, the x-axis might correspond
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to the estimatedsongtempoin bpms,the y axisto its length and the z-axisto auditory
brightness. Finally, the object colors and/orshapescan be automaticallyconfiguration

usingclassificatiorandclusteringalgorithms.

Figure4.1: 2D TimbreSpacef SoundEffects

Figure 4.1 showvs a 2D TimbreSpaceof soundeffects. The iconsrepresentifferent
typesof soundeffects suchaswalking (brown) andvariousothertypesof soundeffects
(white)suchastool, telephonenddoorbell sounds Althoughtheiconshave beenassigned
manuallythe x,y coordinatef eachicon are calculatedautomaticallybasedon timbral
texture features. That way files thatare similar in contentare visually clusteredtogether
ascanbe seenfrom the figure wherethe browvn walking soundoccuyy theleft sideof the
figurewhile thewhite soundsoccupy theright side.

Figure4.2 shavs a 3D TimbreSpacealsoshaws a collectionof soundefiectsandsim-
ilarly with Figure 4.1 the walking soundsare coloredin dark. The walking soundsare
automaticallydetectedusingK-Meansclustering

Figure4.3shavsa 3D TimbreSpacef differentpiecesof orchestramusic.Eachpiece
is representeds a coloredrectangle. The x,y,z coordinatesare automattally extracted

basedon must similarity andthe rectanglecoloringis basedon Timbregramswhich are
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Figure4.2: 3D TimbreSpace3®f SoundEffects
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Figure4.3: 3D TimbreSpacef orchestramusc

describedn Section4.4.2. Both figurescontainfewer objectsthantypical configurations
for clarity of presentatioron paper Audio collectionshave sizestypically rangingfrom

100to 1000files/objects.

4.4.2 Timbregramviewer and browser

The basicideabehind TimbreGramsis to map audiofiles to sequencesf vertical color
stripeswhereeachstripecorrespond$o a shortslice of sound(typically sizes20 millisec-
onds- 0.5 seconds).Time is mappedfrom left to right. The similarity of differentfiles
(contet) is shavn as overall color similarity while the similarity within a file (content)
is shavn by color similarity within the Timbregram For examplea file thathasan ABA
structurewheresectionA andsectionB have differentsoundtextureswill have an ABA

structurein color also. Althoughit is possibé to manuallycreatedTimbregramstypically
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they arecreatedautomaticaly usingPrincipalComponentg\nalysis(PCA) over automat-
ically extractedfeaturevectors.

Two maindifferentapproacheareusedfor mappirg the principalcomponentso color
to createTimbregrams. If anindexedimageis desiredthenthe first principal component
is divided equally and eachintenal is mappedto anindex to a colomap. Any standard
visualization colormapsuchas Greyscaleor Thermometercan be used. This approach
works especiallywell if the first principal componengexplains a large percentagef the
varianceof the dataset. In the secondapproachthe first threeprincipal componentsare
normalizedso that they have equalmeansand variances. Although this normalizaton
distortsthe original featurespacein practiseit provides more satisactory resultsasthe
colorsaremoreclearly separatedEachof thefirst threeprincipal componentss mapped
to coordinatesn a RGB or HSV color space. In this approacha full color Timbregram
is created.Thereis a tradeof betweenthe ability to shav smallscalelocal structureand
global overall similarity dependingon the quantizatiorlevels andthe amountof variance
allowed. For exampleby allowing mary quantizationlevels andlarge variancedifferent
sectionof the sameaudiofilewill bevisually separatedif only anoverall coloris desired
fewer quantizatiorstepsandsmalker variationshouldbe used.

It isimportantto notethatin this casethesimilarity in colordepend®ntheconteti.e
thecollectionoverwhich PCA s calculated.Thatmeanghattwo files might have Timbre-
gramswith similar colorsaspartof collectionA andTimbregramswith differentcolorsas
partof collectionB. For exampk a string quartetand orchestrapiecewill have different
Timbregramsif viewed aspartof a classicalmusiccollectionbut similar Timbregramsif
viewed as part of a collectionof arbitrary music. This is in contrastto techniqueghat
directly mapfrequeng or timbral contentto color wherethe coloring of the file depends

only onthefile itself (content)andnotthelarge collectionit belongso (context).
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Figure4.4: Timbregramsuperimpsedover waveform
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Timbregramscan arrangedin 2D tablesfor browsing. The table axis canbe either
computedautomattally or manuallycreated.For exampleone axis might correspondo
theyearof releaseandtheotheronemightcorrespondo thetempoof thesong.In addition
Timbregranms canbesuperimposedvertraditionalWaveformdisplays(seeFigure4.4)and

texture-mappeaver objectsin a TimbrespacgseeFigure4.3).

Hisan.au.mf.mcl brahms.au.mf.mcl

rchina.au.mf.mecl debussy.au.mf.mcl

| | LR

rareek.au.mf.mcl .mcl

(NTII T I 1

Figure4.5: Timbregrans of musicandspeech

Figure4.5shavsthe Timbregramsof six soundfiles. Thethreefiles ontheleft column
containspeechand the three on the right containclassicalmust. It is easyto visually
separatenusicandspeeclevenin the greyscaleimage. It shouldbe notedthatno explicit
classmodelof mustc andspeechs usedandthe differentcolorsarea directresultof the
visualization technique.The bottomright soundfile (opera)is light purpleandthe speech
segmentsarelight green.In this mapping light andbright colorscorrespondo speector
singining (Figure4.5left column).Purpleandblue colorstypically correspondo classical
music (Figure 4.5. Similarly Figure 4.6 shovs Timbregrams of Classical(left), Rock
(middle),andSpeecHright). Againthecolorsareadirectconsequencef thevisualizaton
mappingandno class-modeis used.

Timbregramsof piecesof orchestramusc canbeviewedin Figure4.7. Frominspect-
ing visually the Figureit is clearthat the fourth piecefrom the top hasan AB structure

wherethe A partis similar to the secondpiecefrom thetop andthe B partis similarto the



CHAPTER4. INTERACTION

Figure4.6: Timbregramsof classicalyock andspeech

Figure4.7: Timbregramsof orchestramusic
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lastpiecefrom thetop. Thisis confirmedby listeningto the correspondingiecesvhereA
isaloud,enegeticmomentwhereall theorchestras playingandB is alightly orchestrated

flute solo.

4.4.3 Other Browsers

Thefollowingbrowsersarebaseddnexistinggraphicaluserinterfacesandcanbecombined
sharingthe sameunderlying data representationn arbitrary ways with the previoudy
describedbrowsers. For exampleselectinga file in a TimbreSpacecanalso be reflected

in a Treebrowserandauralizedusinga SoundSpace.

Standard

The standardorowser providesa scrollablelist of fileanamesorrespondingo the audio

files of a collection. Standardsingleandmultiple mous selectionaresupported.

Tree

The Treebrowserrendershe audiosignalsof a collectionbasedon a treerepresentation.
This treerepresentatiocanbe generatedy automatt classificationor createdmanually
For examplethefirst level of the treecanbe Music vs Speechand Speechcanbe further

subdvidedto Male vs Femaleandsoforth.

SoundSace

The SoundSpacéerowsertakesadwantageof the cocktail-partyeffectin a similar fashion
to the Sonic Browser systemdescribedin [36]. As the userbrowses,a neighborhod
(aura)aroundthe currentlyselectedtemis auralizedby playingall thecorrespondindiles
simukaneously Whenusedwith the PrincetonDisplay Wall (seeSection4.10 eachfile

of the aurais mappedo oneof the 16 loudspeakrsof the systemandthe intensitylevels
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Figure4.8: Enhancedhudio Editor|

arenormalizedfor betterpresentationAlthough all 16 loudspeakrscanbe usedwe have
found that at most 8 simultaneousaudio streamsare useful. Using more advanced3D
audiorenderingtechniquego placefiles anywherein the spaceis plannedfor the future.
To shorterthe playbacktiime, equallengthaudiothumnais canbe automaticallygenerated

for eachfile.

4.5 Enhanced Audio Editor

TheEnhanced\udio Editorlookslik e atypicaltape-recordestylewaveform-editor How-
ever, in additionto thetypical play, fast-forward, rewind andstopbuttonsit allows skipping
by eitheruserdefinedfixeddurationblocksor time linescontainingregionsof variabledu-

ration. Thesetime linescaneithercreatedy handor usingautomaticaudiosegmentaton.
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Figure4.9: Enhancedhudio Editor I

Skippingandannotatingusingregionsis muchfasterthanmanualannotationjn the same
way thatfinding a songona CD is muchfasterthanfindingit onatape.

The usercan selecta region and retrieve similar sounds. Another possiblity is to
classifytheregion usingoneof the availableclassificatiorschemesuchasMusic/Speech
or Genreclassification Finally, eachtimeregioncanbeannotatedy multiple keywords.In
addition,the usercancombinetime regionsto form a time treethatcanbe usedfor multi-
resolutionbrowsing and annotatio. The tree capturesthe hierarchicalnatureof music
piecesandthereforecanbe usedfor muscal analysis.

Figure 4.8 shavs an automaticallycreatedsegmentation of an audiofile. The user
canbrowseby sggmentsandautomaticallyclassifythem. Figure4.9 shavs a snapshoof
the editor containinga Waveformdisplay with a Timbregram superimposeéswell asa

Spectrundisplay
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Figure4.10: TimbreballandGenreGrammonitors

4.6 Monitors

4.6.1 GenreGram

The GeneGrammonitoris adynamicreal-timeaudiodisplayfor shaving automatt genre
classificationresults. Although it canbe usedwith any audiosignalsit wasdesignedor
real-timeclassificationof live radio signals Eachgenreis representedsa cylinder that
moves up anddown in real-timebasedn a classificatiorconfidenceneasureangingfrom
0.0to 1.0. Eachis cylinder is texture-mappeavith arepresentagie imagefor eachgenre.
In additionto beinga demongrationof real-timeautomatianusical genreclassificatiorthe
GeneGram providesvaluabg feedbackboth to usersandalgorithmdesigners.Different
classificationglecisionsandtheir relative strengthsare combinedvisually, revealingcor-
relationsand classificationpatterns.Sincein mary caseshe boundariedbetweengenres
arefuzzy, a disply like this is moreinformatie thana single classificitiondecision. For

examplebothmalespeechtandhiphgp areactivatedin the caseof a hiphopsongasshaovn
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in Figure4.10. Of courseit is possilte to useGeneGramsto displayothertypesof audio

classificatiorsuchasinstrunent, soundeffects,andbirdsongclassification.

4.6.2 TimbreBall monitor

This monita is atool for visualzing in real-timethe evolution of featurevectorsextracted
from anaudiosignal.In thisanimationeachfeaturevectoris mappedo thex,y,z coordinate
of asmallball insidea cube.Theball movesin the spaceasthe soundis playingfollowing

the evolution of the correspondindeaturevectors. Texture changesarevisible by abrupt
jumpsin thetrajectoryof the ball. A shadaev is providedfor betterdepthperception(see

Figure4.10.

4.6.3 Other monitors

Thesemonitorsarebasedn existing visualzationtechniquegor audiosignals.

Waveform

Displayof signal'samplituce envelope familiar from commerciakeditors.

Spectrum

Display that shavs the magnitide in decibels(dB) of the Short Time Fourier Transform
(SFTT)of thesignal.SeeFigure4.9.

Spectogram

The spectogranmenderghe sameinformationasthe Spectrumasa greyscaleimage.Time
is mappedrom left to right andthe frequeny amplitutdesaremappedo greyscalevalues

accordingto their magnitide. SeeFigure4.4.
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Waterfall

Thismonitorshavs awaterfll-like 3D displayof acascad®f Spectrunplotsin 3D space.

Metronome

This monitor shavs the tempoof musicin beats-peminute (bpm)anda confidencdevel

for how strongthe beatis. The mainbeatandit’ s strengtharedetectechutomatically

FeaturePlot

This monita shavs a plot of asingleuserspecifiedfeature.

4.7 Audio-basedQuery Interfaces

In audioandmusicinformationretrieval thereis a queryanda collectionthatis searched
for similar files. The mainideabehindaudio-base®Uls is to utilize not only the query’s
audiobut alsoutilize directly the audiocollection Sincethe structureand contentof the
collection are alreadyautomaticallyor manuallyextractedfor retrieval, this information
canbe usedtogethemwith the audioto provide interactive auralfeedbacko theuser This

ideawill beclarifiedin thefollowing sectionswith examplesof audio-baseUlIs.

4.7.1 SoundSliders

Soundslidersareusedto bronvseaudiocollectionshaseccontinuaisattributes. For presen-
tationpurposesassumehatfor eachaudiofile in a collectionthetempoandbeatstrength
of the songare automaticallyextracted. For eachof thesetwo attributesa corresponding
soundslider is created.For a particularsettingof the slidersthe soundfile with attributes
correspondingo the slider valuesis selectedandpart of it is playedin a loop. If more

than one soundfile correspondgo the particularslider values,the usercan adwancein
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Figure4.11: Soundslidersandpalettes.

circularfashionto the next soundfile by pressinga button Oneway to view thisis thatfor
eachpatrticularsettingof slidervaluesthereis a correspondingjst of soundfiles thathave
correspondingttributes.Whenthe slidersaremovedthe soundis crossadedto a new list
thatcorresponds$o the new slidersettings.The extractionof the continuais attributesand
their sorting is performedautomatically

In currentaudio software typically slidersare first adjusted,and then by pressinga
submitbutton, filesthatcorrespondo thesgparameterareretrieved. Unlikethistraditional
useof slidersfor settingparameterssoundslidersprovide continuousauralfeedbackhat
correspondso the actionsof the user(direct sonification).So for examplewhenthe user
setsthe tempoto 150 beats-peminute (bpm) andbeatstrengthto its highestvaluethere
is immediatefeedbackaboutwhat the valuesrepresenby hearinga correspondingast
songwith strongrhythm. Anotherimpartantaspecaboutsoundslidersis thatthey arenot
independanandtheauralfeedbacks influencedby the settingsof all of them.Figure4.11

shavs a screenshobf soundslidersusedin our system
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4.7.2 Soundpalettes

Soundpalettesare similar to soundslidersbut apply to browsing discreteattributes. A
palettecontainsa fixed setof visual objects(text, images shapesjhatarearrangedased
ondiscreteattributes.At ary time only oneof thevisualobjectscanbeselectedy clicking
on it with the mouse.For exampleobjectsmight be arrangedn atableby genreandyear
of releaseContinuousauralfeedbacksimilarto thesoundslidersis supportedThebottan
left cornerof Figure4.11shows a contentpalettecorrespondingo mustcal genres.Sound

palettesandsliderscanbe combinedn arbitraryways.

4.7.3 Loops

In the previoudy describedqueryinterfacesit is necessaryo playbacksoundfiles con-
tinuoudy in alooping fashion. Several methodsfor looping are supportedn the system.
The simplestmethodis to loop the whole file with crossading at the loop point. The
main problemproblemwith this methodis that the file might be too long for browsing

purposeskFor fileswith aregularrhythm,automatidbeatdetectiortoolsareusedto extract
loopstypically correspondingo an integer numberof beats. Anotherapproachthat can
be appliedto arbitraryfiles is to loop basedon spectrakimilarity. In this approachhefile

is broken to shortwindows andfor eachwindow a numericalrepresentatiof the main
spectrumcharacteristicss calculated. Thefile is searchedor windows that have similar
spectralcharacteristicendthesewindows canbe usedto achieve smoothlooping points.

Finally automatt thumbrail methodghatutilize morehigh level information canbe used

to extractrepresentatie shortthumhnails.

4.7.4 Music Mosaics

Loopsandthumbrail techniquesanbe usedto createshortrepresentationsf audiosig-

nalsandcollections Anotherpossibilty for the representationf audiocollectionsis the
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creationof MusicMosaicsthatarepiecescreatedy concatenatinghortsegmentsof other
pieces[111, 148]. For examplein orderto represent collectionof songsby the Beatles,
a musicmosaicthatwould soundlike Hey Judecould be createdby concatenatingmall

piecesfrom otherBeatlessongs Time-stetchingbasedon beatdetectionandoverlap-add

techniquesanalsobeusedin MusicMosaics

Figure4.12:3D soundeffectsgenerators.

4.7.5 3D soundeffectsgenerators

In additionto digital music distribution, anotherareawhere large audio collection are
utilized is libraries of digital soundeffects. Most of the timeswe heara door opening
or atelephoneinging in a movie the soundsare not actuallyrecordedduring the filming
of themovie but aretakenfrom librariesof prerecordegoundeffects.

Searting librariesof digital soundeffectsposesnew challengego audioinformation
retrieval. Of specialinterestare soundeffectswherethe sounddepend®n theinteraction
of a humanwith a physcal object. Someexampksare: the soundof walking on gravel or
therolling of acanonawoodentable. In contrastto non-interactre soundeffectssuchas

adoorbell the productionof thosesoundss closelytied to a mechanicamotion
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In orderto go beyondthe QBE paradigmfor contentretrieval of soundeffects,query
generatorghatsomeha modelthehumanproductionof thesesoundsaredesired.Towards
this goalwe have delopeda numberof interfaceswith the commonthemeof providing a
usercontrolledanimatedobjectconnectedlirectly to the parameter®f a synthesisalgo-
rithm for a particularclassof soundeffects. These3D interfacesnot only look similar to
their real world counterpartdut alsosoundsimilar. This work is part of the Physically
OrientedLibrary of Interactve SoundEffects (PhOLISE)project[19]. This projectuses
phystal and physically motivatedanalysisand synthess algorithims suchas modal syn-
thesis,bandedvaveguides[33], andstochasti particlemodels[20] to provide interactve
parametrianodelsof real-world soundeffects.

Figure4.12shavstwo such3D soundeffectsquerygeneratorsThePuColaCanshovn
on theright is a 3D modelof a sodacanthat canbe slid acrossvarioussurfacetextures.
The sliding speedandtexture materialarecontrolledby the userandresultin appropriate
changeso thesoundn real-time. The Gearontheleft is areal-timeparametricsynthesiof
thesoundof aturningwrench.Otherdevelopedgeneratorsire: amodelof falling particles
on a surfacewhere parametersuchasdensity speed.andmaterialare controlled,anda
modelof walking soundsvhereparametersuchasgait, heelandtoe material, weightand

surfacematerialarecontrolled.

4.8 MIDI-basedQuery Interfaces

In constrasto audiobasedQUIs, MIDI-basedQUIs do notutilize directly theaudiocollec-
tion but rathersyntheically generatequeryaudiosignalsfrom a symbdic representation
(MIDI) thatis createdbasedon the useractions. The parametersisedfor the generation
of thisqueryand/ortheautomattally analyzedyeneratedudioareusedto retrieve similar
audiopiecesfrom alarge collection. It is importantto notethatalthoudh MIDI is usedfor

the generationof the queries,theseinterfacesare usedfor searchingaudio collections.
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Theseconceptswill be clarified in the subsequensectionswith concreteexamplesof

MIDI-basedQUIs.

Figure4.13: Groove box

4.8.1 The groove box

Thegrooveboxis similarto standargoftwaredrummachineemulatorsvherebeatpatterns
beatpatternsare createdusinga rectangulagrid of notevaluesanddrum sounds.Figure
4.13 shows a screenshobf a groove machinewherethe usercan createa beatpattern
or selectit from a setof predefinedpatternsand speedit up anddown. Soundfilesare
retrieved basedon the interface settingsas well as by audio analysis(Beat Histogams
[133]) of the generatedbeatpattern. Another possility is to usebeatanalysismethods
basedon extractingspecificsoundevens (suchasbassdrumandcymbal hits) andmatch
eachdrumtrack separately The possibilty of automaticaly alligning the generatedeat
patternwith theretrieved audiotrack andplaying both asthe usereditsthe beatpatternis

underdeveloprnent. The codefor the groove box is basedon demonstratiorcodefor the

JaraSoundAPl.
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Figure4.14:Indian musicstylemachine

4.8.2 Thetonal knob

Thetonalknob shaws a circle of fifths which is a orderingof the musicalpitchesso that
harmonicallyrelatedpitchesare successiely spacedn a circle. The usercanselectthe
tonal centerandheara chordprogressiorat a specifiedmusicalstyle that establislesthat
tonic center Pieceswith the sametonal centerare subsequentlyetrieved using Pitch

Histogramg[133]).

4.8.3 Style machines

Stylemachinesaremorecloseto standarcautomatiomusicgeneratiorinterfaces.For each
particular style we are interestedin modelling for retrieval a set of slidersand buttons

correspondingo variousattributesof the style areusedto generatan real-timean audio
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signal. This signalis subsequeit usedasa queryfor retrieval purposes.Style attributes
includetempo,density key center andinstrunentation.Figure4.14showvs a screenshoof

Ragamatc, a stylemachinefor Indian Music.

Figure4.15: Integration of interfaces

4.9 Integration

Although the describedgraphicaluserinterface componentsvere presentedseparately
they areall integratedfollowing a Model-View-Controlleruserinterfacedesignframenork

[64]. The Model partcomprisesf the actualunderlyirg dataandthe operationghatcan
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be performedto manipulatet. The View partdescribespecificwaysthe datamodelcan
be displayedandthe Controller part describeshow userinput canbe usedto control the
othertwo parts. By sharingthe Model part the graphicaluserinterfacecomponentsan
affect the sameunderlyingdata. Thatway for examplesoundsliders, soundpalettes and
stylemadinescanall be usedtogethernto browsethe sameaudiocollectionvisualzedas
a Timbrespaceand Timbregram tableandeditedusingthe EnhancedAudio Editor. Figure
4.15shavs a snapshobf oneof the possilbe combinatims of describednterfaces.

Of coursein a completemusicinformation retrieval systemtraditionalgraphicaluser
interfacedor searchingndretrieval suchaskeyword or metadataearchingvould alsobe
usedin additionto the describednterfaces. Thesetechniquesandideasare well-knowvn
andthereforearenotdescribedn this Chapterbut arepartof the developedsystem.

Although the descriptionof the interfacesin this Chapterhasemphasizednusicre-
trieval it is clearthatsucha systemwould alsobe usefulfor musiccreation.For example
sounddesignerscomposergespeciallyutilizing ideasfrom Music ConcreteandGranular
Synthesis)andDJswould all benefitfrom novel waysof interactingwith large collections
of audiosignals.lIt is alsopossitbe thatmary of the proposeddeasandinterfacescanbe
alsousedfor browsing andinteractingothertypesof temporalsignalssuchasvideo and

speectsignals.

4.10 The Princeton Display Walll

Working with mary audio files using the describedinterfaceson a desktopmonitor is
difficult becauseof the large numberof windows and screenspacerequired. In addition
the desktopmonitor is not appropriatefor interactve collaborationsamongmultiple si-
multaneoususers. To overcomethis difficulty, Marsyashasbeenusedas an application
for the PrincetonScalableDisplay Wall (PDW) project. The PrincetonScalableDisplay

Wall projectexploresbuilding andusinga large-formatdisplay with multiple commodiy
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Figure4.16: Marsyason the Display Wall

components The prototypesystemhasbeenoperationakinceMarch 1998. It comprises
an 8 x 18 foot rearprojectionscreenwith a 4 x 2 array of projectors. Eachprojectoris
driven by a commodiy PC with an off-the-shelfgraphicsacceleratar The multi-spealer
displaysystemhas16 spealersaroundthe areain front of the wall andis controlledby a
soundserverPC that usestwo 8-channelsoundcards[22]. A more detaileddescription
of the projectcanbe found[69]. This largeimmersie displayallows for visualandaural
presentatiorof detailedinformationfor browsing and editing large audio collectionsand
supportsnteractie collaborationsaamongmultiple simultaneoususers.More information
abouttheuseof Marsyasonthe PDW canfoundin [131] andFigure4.9shaovs avariety of

thedevelopedinterfaceson the PDW.
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4.11 Summary

In this Chaptey a variety of contentand context aware userinterfacesfor browsing and
interactingwith audiosignalsandcollectionswverepresentedT hey arebasednideasfrom

Visualizationand HumanComputerinteractionand utilize automaticalf extractedaudio
contentinformatian. Timbrespaceand Timbregramsarevisualizatiors of collectionsand
signalsghatmapaudiocontento propertiesof visualobjects.They canautomattally adapt
to audiodatausingautomatideatureextractionandPrincipalComponenfnalysis (PCA).

A seriesof interfacedor specifyingaudioqueriesghatgo beyondthetraditionalQuery-by-

Exampleparadigmwerealsopresented.



Chapter 5

Evaluation

Knowledg mustcomethrough action; you canhaveno testwhich is not fancifu, saveby
trial.

Sophocles;Trachiniae

Thefirst principle is that youmustnot fool yourself- andyou are the easiespersonto
fool.

Richard Feynman, The Pleasur of Finding Things Out

5.1 Intr odudion

In the previous chaptersa variety of ways for representingand analyzingaudio signals
and collectionswas presented Evaluation of ComputerAudition researchaswell asary
type of researchthatattemptg¢o modelhow humanprocessaandunderstangensoryinput
is difficult asthereis no single correctanswer Unlike otherareasin ComputerScience
(for examplesortingalgorithirs) wherethereis awell-definedanswelto the problembeing
solved, answersn ComputerAudition are usually fuzzy and subjectve in nature. That
obsenationdoesnot meanthatevaluation of ComputerAudition is impossble, however it

requirescarefully designedexperimentghatin mary casesnvolve userstudies.Another

107
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way to increaseconfidencefor the evaluation resultsis to combineresultsfrom different
experiments For example, MPEG-basedeatureswill be comparedto other proposed
featuresdothin the contet of automaticclassificatiorandsegmentation.
Anotherproblemfacingtheevaluationof ComputerAudition algorithns andsystemst
therelatively recentappearancef thefield andtheresultirg lack of standarize@valuaton
datacollectiors andresults.In somecasef new typesof analysissuchassegmentatbn
and thumbnaiing it is not even clear how algorithmscan be evaluatedand evaluaton

experimentshave to be designedrom scratch.

5.2 Related Work

In asensall thework describedn this Sectionis a contribution asit consistof evaluaton
resultsabout the algorithmsand systemsthat have beendescribed. Theseresultsare
calculatedautomaticaly and by conductinguser studies. As there are no standarized
datasetsn ComputerAudition, directcomparisonsvith existing resultsis difficult in most
cases. Whenit is possble to do so, direct and indirect comparisonswill be provided.
Therefore,the only way to evaluateand comparethe performanceof classifiersis by

conductingempiricalexperiments

5.2.1 Contributions

The basiccontributions describedn this Chapterarethe following: 1) designof userex-
perimentdor evaluatng segmentatbn into arbitrarysound‘textures”2) basedon the con-
ducteduserexperimentdhumansareconsistentvhensegmening audio,their performance
canbeapproximatecutomaticallyandproviding aneditableautomaticsggmentaton does
notbiastheresultingsegmenation3) MPEG-basedeatureshave comparablgerformance

with otherproposedeaturesetsfor music/sgechclassificatiorandsegmentatbon4) DWT-
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basedfeatureshare comparablegperformancewith other proposedfeaturesetsfor audio
classifications) Effective similarity retrieval is possibleusingtimbral and beatinforma-
tion features6) Beat Histogramscan be usedfor tempoestimationand provide a good
representationf rhythmic content.

The exactexperimentsnumbersanddetailsthat supportthe previous statementsvill

bedescribedn therestof this Chapter

AUDIO CLASSIFICATION HIERARCHY

Choir
Classical Orchestra
Music Country Piano
< String Quartet

Disco

Speech Jazz BigBand
Rock Cool
Male Blues ngion
Female Reggae Piano
Sports Pop Qu_artet
Metal Swing

Figure5.1: MusicalGenredHiearachy

5.3 Colledions

In orderto trainandevaluatestatisical patternrecognitionclassifierst is importantto have
largerepresentatie datasetsln this Sectionthecollectionsusedio conductheexperimensg
describedn this Chapteraredescribed.

Figure5.1 shaws the hierachyof mustcal genresusedfor evaluaton augmentedy a
few (3) speechrelatedcateyories. In addition a music/peechclassifiersimilar to [110]
has beenimplemented. For eachof the 20 musical genresand 3 speechgenres,100
representatie excerptswereusedfor training. Eachexcerptwas30 seconddong resulting

in (23* 100* 30seconds 19 hours)of trainingaudiodata.To ensurevariety of different
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recordingqualitiestheexcerptsweretakenfrom radio,compactisks,andmp3compressed
audiofiles. Thefileswerestoredas22050Hz, 16-bit, monoaudiofiles. An effort wasmade
to ensurethat the training setsare representate of the correspondingnuscal genres.
The Genresdatasethasthe following classes:Classical,Country Disco, HipHop, Jazz,
Rock, Blues,Reggae,Pop,Metal. The Classicaldatasehasthe following classesChoir,
OrchestraPiano, String Quartet. The Jazzdatasethasthe following classes:BigBand,
Cool, Fusion,Piano,Quartet,Swing.

For the similarity retrieval experiment,a collection consistng of 1000 distinct 30-
secondrock songexcerptswas used. The files were storedas 22050Hz, 16-bit, mono
audiofiles. In addition collectionsof soundeffectsandisolatedmustal instrumenttones

have alsobeenusedto designanddevelop the proposedalgorithrrs.

5.4 Classification evaluation

Although a labeledtraining setis usedin training automaticclassifiers,we are really
interestedn how the classifierperformswhen presentedvith datait hasnot encountered
beforeor its generalizatiorperformancelt canbe shavn thatif thegoalis to obtaingood
generalizatiorperformancethereare no context-independentr usage-independemneéa-
sonsto favor onelearningor classificatiormethodover another(No FreeLunch Theoem)
seeChapte© of [30]. If onealgorithmseemdo outperformanothetin aparticularsituaton,
it is a consequencef its fit to the particularproblem,not the generalsuperiorityof the
algorithm Thereforein orderto evaluateandcomparedifferentclassifierst is necessary

to conductempiricalstudiesandexperiments.
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5.4.1 CrossValidation

Whenevaluatng anautomaticclassificatiormethodtypically thereis a setof labeleddata
thatin additionto training hasto be usedfor testing In simde validationthe setof of
labeledsampless randomlysplitinto two sets:oneis is usedasthetraditionaltrainingset
for adjustirg modelparametersf the classifier The otherset,calledthe validaion set,is
usedto estimatehegeneralizatiorerrorwhich canbeusedtio comparelifferentclassifiers.
Obviously this error will dependon the particularsplit of the datato training andtesting
andthereis the dangerof overfitting thetrainingdata.

In orderto avoid this problem,a simple generalizatiorof the abose methodis m-fold
crossvalidation. Herethetrainingsetis randomlydividedinto m disjoint setsof equalsize
n m, wheren is thetotal numberof labeledpatterns.The classifieris trainedi times,each
timewith adifferentsetheldoutasavalidation set. Theestimategerformancés themean
of thesd errors.In thelimit wherem = n, themethodis calledtheleave-one-ouapproach.

A specificdetailthatis importantwhenevaluating classifiersof audiofiles represented
astrajectoriesf featurevectorsis to never split featurevectorsfrom the samefile in train-
ing andtesting. Thisis important sincethereis a gooddeal of frame-to-framecorrelation
in vectorsof the samefile sosplitting thefile would give anincorrectestimateof classifier
performancdor truly novel data. Theresultspresentedh thischapterdo notsplit same-file

featurevectorsandarebasedn 10-fold cross-alidationwith 100iterations

5.5 Segnentation experiments

Unlike classificationwheretherearewell-establishe@valuationtechniquessegmentatbn
providesachallenge Methodsthatrely on previoussegmentatio canusetheclassification

annotationsasthe groundtruth however sggmentationof arbitrarytexturesis moretricky
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Human Automatic
Agreement| Fixed Budget BestEffort
AG % | FB % BE MX | %
Classicl | 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
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 4/5 580
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

Table5.1: Freesggmentation

andrequiredthe designof new userexperiments. The main questims the designeduser

experimentsattemptto answerare:

e Are humansconsistenivhensegmenting audiosignals? In otherwords, is therea
commonagreemenbetweendifferent subjectsaboutwhat constitues a good sey-

mentation

e Cantheir performancebe approximatedautomaticallyandhow accurates this ap-

proximaton ?

e Doesproviding aneditableautomaticsegmentatbn andallowing theusergo modify
it, biastheir segmenationresults? Theanswetto this questions importantbecause
if it is yesthenautomatt segmentationcannot be directly usedasa preprocessing

step.

Two studieq125, 128]wereconductedn orderto addresshesajuestionsThepurpose
of thefirst experimentwasto explorewhathumansio whenaslkedto segmentaudioandto

comparehoseresultswith the automaticsegmentationmethod.
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Human Automatc
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 417 57 | 2/4 50 4/4 10| 100
Pop2 5/7 71 | 4/5 80 4/5 5180
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 91|86

Table5.2:4 1 sggmentation

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

Classicl | 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
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 42 417 10 | 57
Radio2 | 9/11 81| 5/9 55 6/9 11 | 66
Total 70/116| 61 | 44/77| 63 53/70 10| 77

Table5.3:8 2 sgmentation
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Thedatausedfor bothstudiesconsistf 10 soundfiles aboutl minute long. A variety
of stylesandtexturesarerepresentedin thefirst study10 subjectsvereaskedto segment
eachsoundfile using standardaudio editing tools in 3 ways. The first way, which we
call free, is breakingup thefile into ary numberof segments The secondandthird way
constraintheusergo aspecificbudgetof total sgments4 —1and8 2.

The resultsof the first studyare shovn in Tables5.1,5.2and5.3. The seggmens that
morethan5 of the 10 subjectsagreeduponwere usedfor comparison.The AG column
shavs the numberof thesesalientsegmentscomparedo the total numberof all segmens
markedby ary subject.lt is ameasuref consisteng betweerthe subjectsFor comparing
the automaticmethoda segmentboundarywasconsideredo be the sameif it waswithin
0.5secof theaveragehumanboundary Thiswasbasednthedeviation of segmentbound-
ariesbetweensubjects.FB (fixed-hudget)refersto automatt seggmentationby requesting
thesamenumberof sggmentsasthe salienthumansegments.BE (besteffort) refersto the
bestautomaticsggmentatbn achiezed by incrementallyincreasingthe numberof regions
upto amaximum of 16. MX is thenumberof sggmentsnecessaryo achiese thebesteffort
sgmentabn.

The resultsshav that humansare consistenivhen sggmening audio (more than half
of the sggmentsarecommonfor mostof the subjects).In addition,they shav thathuman
segmentaibn canbe approximatedy automatt algorithms. The biggestproblemseems
to betheperceptualveightingof atexture change For example mary errorsinvolvedsoft
speechentranceghat were marked by all the subjectsalthoughthey were not significant
aschangesn the computedeaturespace.The automatt segmentationresultsareusually
perceptuallyustified anda supersebf thehumansegmentedegions.In thefirst studysub-
jectswereallowedto usethe soundeditorof their choice,thereforeno timing information

wascollected.
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In the secondstudy[128] a new setof userexperimentsvereconductedo re-confirm
theresultsof [125] andto answersomeadditionalquestions.The main questionwe tried
to answerwasif providing an automatt segmenation as a basisfor editing would bias
the resultig segmentaton. In additioninformation aboutthe time requiredto segment
and annotateaudio was collected. The use of automaticallysegmentedtime-linescan
greatly accelerge the sggmentationand annotatio process. Unlike the first study[125]
whereparticipantscould usea soundeditor of their choice,in the secondstudythey used
a seggmenation-annotationiool basedon the EnhancedsoundEditor describedn chapter
4. The sggmentatim-annotationtool consistsof a graphicaluserinterfacelooking like
a typical sound-edir. Using a waveform display arbitrary regionsfor playbackcanbe
selectedand annotatedime lines can be loadedand saved. Eachsegmened region is
coloreddifferentandthe usercanmove forward and backward throughthoseregions. In
additionto thetypical soundeditorfunctionalitythe systemcanautomattally segmentthe
audioto suggesta time line. The resultingregionscanthenbe editedby adding/deletig
boundarientil the desiredseggmentaibn is reached.

In Figure 5.2 histograns of subjectagreemenare shaovn. To calculatethe histogram
all the segmenation markswere collectedand partitionedinto bins of agreementn the
followingmannerall theseggmentmarkswithin  0.5secwereconsidere@scorresponding
to thesamesegmentboundary This valuewascalculatedbasednthedifferencedbetween
the exact location of the segmentboundarybetweensubjectsand was confirmedby lis-
teningto the correspondingransitiors. Sinceat mostall the ten subjectscan contribute
markswithin this standarddeviation the maximumnumberof subjectagreements 10.
In the figure the differentlines shav the histogramof the experimentsn [125] (old), the
resultsof the secondstudy(new) andthetotal histogramof both studies(total). Thetotal
histogramis calculatedoy consideringthe 20 subjectsand dividing by two to normalize

(notice that this is differentthan taking the averageof the two histogamssincethis is
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Figure 5.2: Histogramsof subjectagreementand learning curve for mean segment
completiontime

doneon a boundarybasis). Thereforeif in the two studiesthe boundariesvere changed
indicatingbiasbecaus®f the automaticallysuggestedegmentation the shapeof thetotal
histogramwoulddrasticallychange Thehistogramshow thatathereis alarge percentage
of agreemenbetweensubjectsand that the segmentatdn resultsare not affectedby the
provision of an automattally suggestegegmentationtime line. Finally the factthatthe
histogram=f the old,nev andtotal experimentshave aboutthe sameshapen free,8 2
and4 1 suggestghatconstrainngtheuserto aspecificbudgetof sgmentsdoesnotaffect

significantlytheiragreement.
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As a metric of subjectagreementve definethe percentagef the total segmentatbn
marksthat morethan5 of the 10 subjectsagreedupon. This numbercan be calculated
by integratirg the histogramgrom 6 to 10. For the experimentdn [125] this metric gives
79%, for this study76% and,for the combinedtotal 73%. In [125], 87% of the sggmens
thanhalf thesubjectsagreeduponwerein thesetof thebesteffort automaticsegmentatbn.
Moreoverfor thisstudy(new) 70%of thetotal sgmentmarksby all subjectsvereretained
from the besteffort automaticallysuggestedgegmenation. All thesenumbersarefor the
caseof free segmentaion.

Themeanandstandardieviation of thetime it took to completgsggmentandannotate)
a soundfilewith durationof aboutl minutewas13 4 minutes. Thisresultwascalculated
usingonly thefreesegmentaibn timing informationbecaus¢heothercasearemuchfaster
dueto the familiarity with the soundfileand the reusabilityof seggmentaton information
from the free case. The lower right sub-figureof Figure 5.2 shavs the averagetime per
soundfilein orderof processingThe orderof processingvasrandomthereforethe figure
indicateghereis a significantlearningcurve for thetask. This happenslespitethefactthat
aninitial soundfilethatwasnottimedwasusedto familiarizethe userswith theinterface.
Thereforethe actualmeantime is probablylower (about10 minutes)for an experienced

user

5.6 MPEG-basedfeatures

The performanceof featurescalculatedfrom MPEG-compressedatais evaluatedand
comparedvith otherfeaturesetsin the context automaticmusic/peechclassificationrand

segmentaion.
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5.6.1 Music/Speechclassification

The datausedfor evaluating the Music/Speecttlassificationconsistsof about2 hoursof
audiodata.Thereare45 minutesof speech45 minutesof music,andabout30 minutesof
mixed audio. Radio,live recordingsof speechcompactdisksand movies representin@g
variety of spealersandmustc styleswereusedasdatasources.The resultsarecalculated
using10-fold crossvalidation asdescribedn Section 5.4.1. Theresultsarecalculatedon
aframebasiswithout ary integration. Furtherimprovementsn classificatiorperformance
can be achieved by integratirg the results. For integration the region detectedby the

segmentaibn algorithmcanbe used.

85
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Figure5.3: 1,2,3and4,5,6 are the meansand variancesof MPEG Centroid,Rollof and
Flux. Low Enegyis 7.

Figure 5.3, shaws the improvementin classificationperformanceby the gradualad-
dition of features. The orderusedis meanCentioid, meanRolloff, meanFlux, variance
Centoid, varianceRolloff, varianceFlux and Low Eneigy. Table1 compareghe perfor

manceof the MPEG basedlassificatiorwith PCM basedsystemghatuseSpectralShape



CHAPTERS. EVALUATION

GMAP K-NN(1) K-NN(5)
MPEG 822 21% | 846 44% | 862 38%
PCM 848 14%|895 20% | 900 12%
DifferentDataSet

OTHER1| 940 26%[942 36%|957 35%

DifferentDataSet& Classifiers

OTHER?]

771% |

900% |

94 2%

Table5.4: Music/Speecipercentagesf frame-basedlassificatiorperformance

Free

4 1

8 2

MPEGFB

55% 31 56

58% 25 43

54% 38 70

PCMFB

62% 35 56

51% 22 43

62% 44 70

MPEGBE

71% 40 56

74% 32 43

65% 46 70

PCMBE

85% 48 56

86% 37 43

75% 53 70
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Table5.5: Comparisorof sggmenationalgorithirs

Featurescalculatedusingthe STFT. For the PCM line the samedatasetanda similar set
of featurescalculatedusingshorttime Fourier Transformwere used. The OTHER1 line
is basedon resultsby [110] and usesa differentdataset. The OTHER2line is basedon
resultsby [102] andusesa differentdatasetanddifferentclassifiers.The resultsindicate
that the proposedfeaturescan be usedfor classificationwithout significantdecreasen
accuray. Theseresultsarecalculatedusinga GMAP classifier Becaus¢he mainpurpose
is to compargehe MPEGfeaturesetwith otherfeaturesetsthe particularchoiceof classifier

is notimpaortant.

5.6.2 Segmentationevaluation

The comparisorof MPEG-basedeatureso PCM-basedeaturedor automatt sggmenta-
tion is basedon the experimentsdescribedn Section 5.5. In table 5.6.2the performance
of the MPEG-basedeaymentaibn algorithmis comparedvith a similar algorithmbasecdn
shorttime Fourier Transformanalysis. The table shavs the numter of regionsthatwere

markedby humanghatwerecapturedoy thesystem FB (fixed-ludget)refersto automatic
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segmentaibn by requestinghe samenumker of segmens asthe salienthumansegmens.
BE (besteffort) refersto the bestautomaticsggmentatiom achiezed by incrementallyin-
creasinghenumberof regionsupto amaximumof 16. Althoughthe performances lower
thanthePCM basedalgorithmstill alargenumberof segmentationboundariesrecaptured
by the algorithm Most of the casesvherethe algorithmmissedboundariesomparedo
the PCM basedalgorithmwerein soundfilescontainingrock or jazz music. Thereasons
thatthe PCM basedalgorithmusestime domainzerocrossingshat capturethe transiton

from noise-lke signalsto moreharmonicsignals.

Figure5.4: DWT-basedeatureevaluaton basedn audioclassification

5.7 DWT-basal features

The featuresbasedon the DWT transformwere evaluatedin the context of audioclassi-
fication and more specificallyusingthe following classificationschemesMusic/Speech,

ClassicalGenresandVoices. Figure5.4 and Table 5.7 comparethe classificatiorresults
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MusicSpeech Classical| Voices
Random 50 25 33
FFT 87 52 64
MFCC 89 61 72
DWTC 82 53 70

Table5.6: DWT-basedeatureevaluation basedn audioclassification

betweerFFT-basedMFCC, andDWT-basedeatures.Theseresultsarecalculatedusinga
GMAP classifier Becausethe main purposes to comparethe performanceof the DWT-

basedeaturesetwith otherfeaturesetsthe particularchoiceof classifieris notimportant.

Figure5.5: Web-basedRetrieval UserEvaluation

5.8 Similarity retrieval evaluation

In orderto perform similarity retrieval userstudies,a Web evaluationinfastructurewas
developed. Figure 5.5 shavs a samplepagefor evaluatirg the resultsof a query A
usersuney of similarity retrieval wasconductedusingthe Rok datase(100030-second

rock song$. Thelarge sizeof the datasemadethe calculationof recall difficult so only
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"Evaluation”

Random BPM Full

Figure5.6: Resultsof UserEvaluatian

precisionwasexamined. Becausehe 30-secondsnippetsusedfor the evaluation did not
have mary texture changesthe singlevectorapproachwasused.Theevaluaton wasdone
by 7 subjectswho gave a relevancejudgementfrom 1 (worse)to 5 (best). Therewere
twelve queries five matchegeturnedandthreealgorithis (random,only beat-detection,
beatandtexture) giving atotalof 7* 5* 12* 3 = 1260datapoints. The beatdetection
wasdoneusingthealgorithmdescribedn [108]. In this algorithm,afilterbankis coupled
with a network of combfilters thattrack the signalperiodicitiesto provide an estimateof
the main beatandits strength. The full retrieval wasdoneusingboth beatdetectionand
spectrafeatures.

Figure 5.6 shavs the meanandstandardieviation of thethreeretrieval method. The
standarddeviation is dueto the differentnatureof the queriesandsubjectdifferencesand
is aboutthe samefor all algorithms. Althoughit is clearthatthe systemperformsbetter
thanrandomand that the full approachis slightly betterthan usingonly beatdetection
morework needdo bedoneto improve thescores Significantlybetterresultsareachieved

usingthefull musicalcontentfeaturesetsthatincludesBeatandPitch Histogramfeatures.
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Unfortunatelythis studywasconductedeforethe designof thesenew features A similar

evaluatbn studyusingthe newly proposedeatureds plannedor thefuture.

5.9 Automatic Musical Genre Classfication

Becausethis is one of the first publishedworks that deal seriouslywith the problemof

automatiomusicalgenreclassificatiora variety of experimentakesultswill be presented.

5.9.1 Results

Table 5.7 shaws the classificationaccurag percentageesultsof differentclassifiersand
musicalgenredatasets.With the exceptionof the RT GS row, theseresultshave been
computedusinga single-\ecta to representhe whole audiofile. The vectorconsistsof
thetimbraltexturefeatureq9 (FFT) + 10 (MFCC) = 19-dimension), therhythmc content
features(6 dimensims), andthe pitch contentfeatures(5 dimensims) resultingin a 30-
dimensimal featurevector In orderto compue a single timbral-texture vector for the

wholefile the meanfeaturevectoroverthewholefile is used.

Table5.7: Classificatioraccurag meanandstandardieviation

| | Genres(10 ) | Classical( 4) | Jazz(6) |

Random 10 25 16
RT GS 44 2 61 3 53 4
GS 59 4 77 6 61 8
GMM(2) 60 4 81 5 66 7
GMM(3) 61 4 88 4 68 7
GMM(4) 61 4 88 5 62 6
GMM(5) 61 4 88 5 59 6
KNN(1) 59 4 77 7 57 6
KNN(3) 60 4 78 6 58 7
KNN(5) 56 3 70 6 56 6




CHAPTERS. EVALUATION 124

Therow RT GS shaows classificationaccurag percentageesultsfor real-timeclassi-
fication perframeusingonly the timbral texture featureset(19-dimensions In this case
eachfile is representedby a time seriesof featurevectors,onefor eachanalysiswindow
Framedrom the sameaudiofile arenever split betweentrainingandtestingdatain order
to avoid falsehigheraccurag dueto the similarity of featurevectorsfrom the samefile. A
comparisorof randomclassificationreal-timefeaturesandwhole-file featuresis shavn
in Figure5.7. Thedatafor creatingthis bargraphcorrespond$o theRandomRT GS,and
GMM(3) rows of Table5.7.

Theclassificatiorresultsarecalculatedisinga 10-fold cross-alidation evaluatonwhere
thedataseto be evaluateds randomlypartitionedsothat 10%is usedfor testingand90%
is usedfor training. The processs iteratedwith differentrandompartitiors andtheresults
areaveragedfor Table5.7 100iterationswereperformed).Thisensureshatthecalculated
accurag will notbebiasedecausef aparticularpartitionirg of trainingandtesting.If the
datasets@rerepresentate of the correspondingnusicalgenreghentheseresultsarealso
indicative of the classificatiornperformancewith real-world unknavn signals.The  part
shavs the standardieviation of classificatioraccurag for theiterations.Therow labeled
Randonctorrespond$o the classificatioraccurag of achanceguess.

The additionalmust/speecltlassificatiorhas86% (randomwould be 50%) accurag
andthe voicesclassification(male, female, sportsannouncinghas74% (random33%).
Sportsannouncingefersto ary type of speeclover avery noisybackgroundThe STFF
basedeaturesetis usedfor the musickpeeciclassificatiorandthe MFCC-basedeature

setis usedfor the speectrlassification.

Confusion matrices

Table5.9 shavs moredetailedinformation aboutthe musicalgenreclassifierperformance

in the form of a confusionmatrix. In a confusionmatrix, the columrs correspondo the
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Figure5.7: Classificationaccurag percentage(RND=random,R=realtime, WF=whole
file)
actualgenreandtherows to the predictedgenre. For example,the cell of row 5, column
1 with value26 meanghat26% of the ClassicaMusic (column1) waswrongly classified
asJazzmusic(row 2). The percentagesf correctclassificatiorlie in the diagonalof the
confusionmatrix. The confusionmatrix shavsthatthe misclassificationsf the systemare
similar to whata humanwould do. For exampk Classicalmusicis misclassifiedas Jazz
musicfor pieceswith strongrhythmfrom composerdike LeonardBernsteinandGeoge
Gershwin. Rok must hasthe worst classificationaccurayg andis easily confusedwith
othergenreswvhichis expectedbecause®f its broadnature.

Tables5.10,5.11show theconfusionmatricedor the ClassicabndJazzgenredatasets.
In the ClassicalgenredatasetOrchestial must is mostly misclasdied as String Quartet

As canbe seenfrom the confusionmatrix (Tablelll 5.10),Jazzgenresare mosty mis-
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Table5.8: RealTime Classificatioraccurag percentageesults

| Genres(1 0) | Classical

@) [Jazz(6) |

Random 10 25 16
Gaussia n 54 4 77 7 62 8
GMM(3) 57 4 85 6 70 7

Table5.9: GenreConfusionMatrix

[cl [co[di [hi[ja[ro[bl [re |po|me)|

c |69(0 |0 O |1 (0|00 ]|]0]O
co||l0|53|2|]0|5 |8 |6 4|20
di 0 (8 (|52|11,0|13|14|5 |9 |6
hi 0| 3|18|64| 1|6 |3 |26| 7|6
ja |26 4 |0 |0|75/8 |7 |1]2]|1
|| 513|419 (40|14 1 |7 |33
bl O(7101 341|431 |0]0
re| 0|9 (1018| 2 |12 |11 (59| 7 |1
po| 0|2 (14|53 |5 |03 |66 0
me|l 0101042 ]0]0]53

classifiedasFusion This is dueto the fact that Fusionis a broadcateyory that exhibits

large variability of featurevalues. JazzQuartetseemdo be a particularly difficult genre

to correctly classify using the proposedfeatures(it is mostly misclasdied as Cool and

Fusion.

Importance of texture window size

Figure 5.8 shavs how changingthe size of the texture window affects the classification

performance.It canbe seenthatthe useof a texture window increasessignificantly the

classificatioraccurag. The valueof zeroanalysiswindowscorrespondso usingdirectly

thefeatureccomputedrom theanalysiswindow After approxinately40analysisvindows

(1 second)subsequenincreasesn texture window size do not improve classificationas
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Table5.10: JazzConfusionMatrix

| | BBand | Cool | Fus. | Piano | 4tet | Swing |

BBand 42 2 1 0 6 1
Cool 21 67 5 4 23 10
Fus. 28 16 88 0 38 22
Piano 1 0 0 80 0 0
4tet 4 5 2 0 19 5
Swing 4 10 4 16 14 62

Table5.11: ClassicalConfusionMatrix

| | Choir | Orch. [Piano | Strdtet |

Choir 99 7 7 3

Orch. 0 58 2 7

Piano 0 9 86 4
Str.4t et 1 26 5 86

they don't provide ary additionalstatistcal information Basedonthis plot, thevalueof 40
analysiswindows was chosenasthe texture windowsize. The timbral-texture featureset
(STFTandMFCC) for the whole file anda single Gaussiarclassifier(GS) were usedfor

the creationof Figure5.8.

Importance of individual feature sets

Table 5.12 shaws the individual importanceof the proposedeaturesetsfor the task of
automaticmusicalgenreclassification. As can be seenthe non-timbraltexture features
(Pitch HistogramFeaturegPHF) andBeatHistogam Feature§BHF) performworsethan
thetimbral-texturefeature STFT, MFCC) in all casesHoweverin all caseghe proposed
featuresetsperformbetterthanrandomclassificatiorthereforeprovide someinformation
aboutmusicalgenreandthereforemusicalcontentin general. The lastrow of table5.12

correspondgo the full combinedfeature set and the first row correspondgdo random
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classification. The numberin parenthesebesideeachfeaturesetdenoteghe numberof

individual featuredor thatparticularfeatureset. The resultsof table5.12werecalculated

usingasingleGaussiarclassifier(GS) usingthe whole-file approach.

Table5.12: Individualfeaturesetimporiance

| | Genres | Classica | | Jazz |
RND 10 25 16
PHF() 23 40 26
BHF(6) 28 39 31
STFT(9) 45 78 58
MFCC(10) 47 61 56
FULL(30 ) 59 77 61

The classificationaccurag of the combinedfeatureset,in somecasesjs not signif-

icantly increasedcomparedto the individual featureset classificationaccurages. This

fact doesnot necessarilyymply that the featuresare correlatedor do not containuseful

information becauseat can be the casethat a specificfile is correctly classifiedby two

differentfeaturesetshatcontaindifferentanduncorrelatedeaturenformation.In addition

althoughcertainindividual featuresare correlated,the addition of eachspecificfeature
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improvesclassificatioraccurag. Therhythmic andpitch contentfeaturesetsseento play
alessimportantrole in the ClassicalandJazzdatasetlassificatiorcomparedo the Genre
dataset.This is anindicationthatit is possilbe thatgenre-specifideaturesetsneedto be

designedor moredetailedsubgenrelassification.

Table5.13: Bestindividual features

| | Genres |
BHF.SUM 20
PHF.FPO 23

STFT.VCTRD 29
MFCC.MHCC1 25

Table5.13shows the bestindividual featuredor eachfeatureset. Thesearethe sumof
the BeatHistogram(BHF.SUM), the periodof thefirst peakof the FoldedPitch Histogram
(PHEFRO), thevarianceof the SpectralCentroidover thetexture window (STFT.FPO)and
the meanof thefirst MFCC coeficient over thetexturewindow (MFCC.MMFCC1).

5.9.2 Human performancefor genre classification

Theperformancef humansn classifyirg musical genrehasbeeninvestgatedn [92] [30].
Using a ten-way forced choice paradigmcollege studentswvere able to accuratelyjudge
(53% correct) after listening to only 250 millisecondssamplesand (70% correct) after
listening to threesecondgchancewould be 10%). Listeningto morethan 3 secondslid
not improve their performance.The subjectswheretrainedusing representatie samples
from eachgenre.Thetengenresusedin this studywere: Blues,Country ClassicalDance,
Jazz,Latin, Pop,R & B, RapandRock. Although directcomparisorof theseresultswith
the automatt mustcal genreclassificationresultsis not possilbe dueto differentgenres
and datasetsit is clearthat the automaticperformances not far away from the human

performanceMoreover theseaesultsndicatethefuzzy natureof musicalgenreboundaries.
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5.10 Other experimental results

In this Sectionsomeadditicnal experimentalresultscollectedin the courseof the previ-

ouslydescribediserstudiesarepresented.

5.10.1 Audio Thumbnailing

An additionalcomponenbf theannotatiortasksof [125] wasthatof "thumbnailing”” After
doingthefree, 8+/-2,and4+/-1 sggmentng tasks the subjectavereinstructedto notethe
begin andendtimesof atwo secondhumknail segmentof audiothatbestrepresentedach
sectionof their free sggmentatbn sections.

Inspectionof the 545 total userthumbnailselectionsrevealsthat 62% of themwere
choserto bethefirst two second®f a sggment and92% of themwere a selectionof two
secondswithin the first five second=f the segment. This implies that a machinealgo-
rithm which canperformsegmentationcould alsodo a reasonablgob of matchinghuman
performanceon thumbnaiing. By simply using the first five secondsof eachsegment
asthethumbnai) andcombining with the resultsof the best-efort machinesegmentatbn
(87%) matchwith humansegments),a setcontaining80% "correct” thunmbnailscould be

automaticallyconstructed.

5.10.2 Annotation

Somework in verbalcuesfor soundretrieval [140] hasshavn thathumangdendto describe
isolatedsoundsby sourcetype (whatit is), situaton (how it is made),andononatopoeia
(sounddike). Text labelingof segmentsof a continbussoundstreanmightbeexpectedo
introducedifferentdescriptiortypes,however. In theconductedxperimens, a preliminary
investgationof semanticannotatios of soundsegmentswasconducted While doingthe

segmentaibn tasks,subjectswere instructedto "write a short(2-8 words) descriptionof
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the section.”. The annotatios from the free sggmentatbnswereinspectedy sortingthe
wordsby frequeny of occurrence.

The averageannotationlengthwas 4 words, resultirg in a total of 2200 meaningful
(wordslike of, and, etc. were removed) words, and 620 unigue words. Of these,only
100wordsoccur5 or moretimesandtheserepresen64% of thetotal word count. Of these
"top 100" words,37 areliteral descriptios of thedomirantsourceof sound(piano,female,
strings,horns,guitar, synthesizeretc.),andthesemake up almost25% of the total words
used.

Eventhoughonly 5 of the20subjectsouldbeconsideregrofessionatomposers/msicians,
thennext mostpopularword type could be classecasmusic-theoreticastructuraldescrip-
tions (melody verse,sequencetune, break,head,phrasegetc.) 29 of the top 100 words
wereof thistype,andthey represen23% of thetotal wordsused.

Anothersignificantcategory of wordsusedcorrespondetb basicacousticparameters
(soft, loud, slow, fast,low, high, build, crescendoincreasegtc.). Most of suchparameters
areeasyto calculatefrom the signal. 12 of thesewordsrepresentedbout10% of thetotal
wordsused.

Thesepreliminary findings indicate that with suitablealgorithmsdeterminingbasic
acousticaparametergmostlypossilbe today),theperceptuallydominantsoundsourcetype
(someavhat possibé today), and music-theoreticastructuralaspectf soundssegmens
(muchalgorithmic work still to be done),machinelabelingof a fair numberof segmens

(60%)would be possite.

5.10.3 Beatstudies

A numberof synttetic beat patternswere constructedo evaluae the Beat Histogram
calculation. Bass-drum,snare,hi-hat and cymbal soundswere used, with addition of

woodblockandthreetom-tomsoundsfor the unisonexamples. The simple unisonbeats
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Figure5.9: SyntheticBeatPatterns(CY = cymbal HH = hi-hat, SD = snaredrum,BD =
basedrum,WB = woodblock, HT/MT/LT = tom-tons)

versuscascadedeat patternsare usedto checkfor phasesensitvity in the algorithm
Simpleand complex beatpatternsare usedto gaugethe possbility to find the dominant
peaktiming. For this purposethebeatpatternhave beensyntheszedat5 differentspeeds.
The simple rhythm patternhasa simgde rhythmic substructuravith single-beatregularity,
whereaghe complec patternshavs a complex rhythmic substuctureacrossandwithin the
singleinstrunmentsections Figure 5.9 shavs the synthetc beatpatternghatwereusedfor
evaluatonin tablaturenotatian. In all the caseghealgorithmdetectedhe basicbeatof the
patternasa promirentpeakin the BeatHistogam.

In additionto the syntheticbeatpatternghe algorithmwasappliedto realworld music
signals.To evaluatethe algorithnis performancet wascomparedo the beats-peminute
(bpms)detectednanuallyby tappingthe mous with the music. The averagetime differ-
encebetweenthe tapswas usedas the manualbeatestimate. Twenty files containinga
variety of musicstyleswereusedto evaluatethe algorithm (5 HipHop, 3 Rock, 6 Jazz,1
Blues,3 Classical 2 World). For mostof thefiles (13/20)the promirentbeatwasdetected
clearly (i.e the beatcorrespondedo highestpeakof the histogram). For (5/20) files the

beatwasdetectedasa histogrampeakbut it wasnot the highest,andfor (2/20) no peak
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correspondingo themainbeatwasfound. In the pieceghatthebeatwasnotdetectedhere
wasno domnantperiodicity (eitherclassicalor free jazz). In suchcaseshumansrely on
more high-level informatian like grouping,melodyandharmonicprogressiorto perceve

the primarybeatfrom the interplayof multiple periodicities.

5.11 Summary

A seriesof experimentalresultsregardirg the evaluation of the proposedComputerAu-
dition algorithnms and systemswere described. Using a newly designeduser study for
seggmentaibn evaluation,it wasshovn thathumansare consistentvhensegmentng audio
andtheirresultscanbe approximatedautomattally. In addition, theresultsof a userstudy
evaluating similarity retrieval shav that spectraland beatinformation are importantfor
musicretrieval. It wasshowvn thatautomatt musicalgenreclassificationis possiblewith
resultsthat are not far away from the performanceeportedfor humansubjects. Finally
evidencewas presentedhat Beat Histogamsprovide a good representatiomf rhythmic

content.



Chapter 6

Implementation

In the developmenbf the undestandng of complex phenomenathe mostpowerful tool
availableto the humanintellectis abstaction. Abstraction arisesfromthe recaynition of
similarities betweercertainobjects situaions,or processef thereal world andthedeci-
sionto concentateonthesesimilaritiesandto ignore, for thetimebeing their differences.

C.A.R. Hoare, Structured Programming

6.1 Intr oduction

In the previous chaptersa variety of differentalgorithns and systemsfor manipulaton,
analysisandretrieval of audiosignalswerepresentedAlthoughfor presentatiompurposes
they were describedseparatelyin reality they sharemary commonbuilding blocks and
haveto beintegratedo createusefultoolsfor interactingwith audiosignalsandcollections.
The main subjectof this chapteris Marsyas, which is a free software framework for
rapid prototypng of ComputerAudition researchthatwe have developed.A framework is
setof cooperatingclasseghat make up a reusabledesignfor a specificclassof software
[55]. A frameworkis similarto alibraryin thatit providesa setof reusable&eomponentand

building blocksthatcanassemblednto complex system.In additian, it hasto be flexible

134
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and extensble allowing the addition and integration of new componentsvith minimal
effort. Finding the right abstractionsand making the framework flexible and extensble
is not trivial. ComputerAuditition systens usesimilar featuresanalysisalgorithns, and
interfacesfor a variety of differenttaks. Therefore,in the designof our system.an effort
wasmadeto abstracthesecommonelementandusethemasarchitecturabuilding blocks.
This facilitatesthe integration of differenttechniquesundera commonframevork and
interface. In addition it helpsrapid prototypng sincethe commonelementsare written
once,anddevelopng andevaluatng a new techniqueor applicationrequireswriting only
the new task-specificode.

The desiredpropertiesof a goodframenork requirecareful programmingdesign. An
additionalcomplication in the caseof a framework for ComputerAudition researchjs
therequirementor efficientimplementatn of heary numericalcomputatios. Typically
ComputerAudition systemsfollow a bottomup processingarchitecturewhere sensory
informationflows from low-leved signalsto higherlevel cognitive representationstHow-
ever, thereis increasedvidencethatthe humanauditorysystemusestop-davn aswell as
bottomup informatian flow [115]. A top-davn (prediction-drven)approacthasbeenused
for compuationalauditorysceneanalysig31]. An extensionto this approachwith a hier
archicaltaxonony of soundsourcess proposedn [81]. In the designof our framework,
we tried to have aflexible architecturghatcansupporthesemodelsof top-dovn flow and
hierarchicaklassificatioraswell astraditional bottomup processing.

This chaptelis mainly aboutarchitecturatlesignandimplementatnissuesandshould
be skippedby readerswho are mainly interestedn ideasaboutComputerAudition al-
gorithms It shouldbe usefulfor readerswho are interestedn implementingpractical,
real-timeComputerAudition systens. Publicatiors in ComputerAudition rarely go into
implenmentationdetails(in mary casesdecauseheir performancaet too slow). Theresult

is thatpeopleenteringthe field have to discover the correctabstraction$y trial anderror.
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It is my hopethatthis chapterandthe softwareit describeswill help peopleenteringthe
field concentrat@n new ideasandavoid rediscoweringandreimplementig basicbuilding

blocksof ComputerAudition research.

6.2 Related Work

This sectionwill be a little bit differentthanthe correspondingectionsof the previous
chaptersan thatit referencessoftware systens ratherthan publications. Software frame-
works from other applicationareasthat have similar designgoalsto Marsyasaswell as
alternatvesto Marsyador implementingComputerAudition algorithmswill bedescribed.

Therearemary softwareframewnorksfor a variety of areasn ComputerScience Rep-

resentatie examplegqreferancescanbefoundatthe correspondingvebpageshre:

Audio Synthesis

CSOUND,! SynthesisToolkit (STK), 2, PureData(Pd)3

Image Processingand Manipulation

GIMP, 4 Khoros,®

Visualization

Visualizatio Toolkit (VTK), ©

Whendesigniig anddeveloping ComputerAudition softwarethereareseveralpossible

implenmentationchoiceseachwith their own advantagesand disadantages. A common

Ihttp ://mi tpress 2.mit. edu/e- books /csoun d/fron tpage. html
htp /ww w-ccrm a.stan ford.e du/so ftware /stk/

Shitp ://ww w.pure - data. org/

“http :/ww  w.gimp .org

Shitp /ww w.tnt. uni- hannover .defj s/soft /imgpr oc/kho ros/
Shitp /pu blick itware .com/V TK/
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approachis to usea numericalcomputatdn ervironment(typically MATLAB 7). Themain
advantageof this approachare: 1) the large numberof available numericalfunctions?2)

simple syntaxsimpified for numericalcomputatns3) interactve computirg andplotting.

The main disadwantagesare: 1) slow performancg MATLAB is memoryintensve and
slow comparedo efficient C or C++ implemenéations)2) lack of flexibility of a general
programminglanguage(althoughMATLAB fans might disagree)3) difficult to create
userinterfacesthatrespondn realtime to audiosignals4) expensve licenceupdatess)

not easyto port to new platforms In mary casesin orderto overcome someof these
problemsa hybrid approachis used,wherethe critical partsareimplementedn C or C++

andMATLAB is usedfor furtherprocessing@ndintegration.

Anotherapproachis to startfrom scratchusinga generalpurposeprogramminglan-
guageandprovide a separatefficientimplenmentationfor eachdeveloped algorithm The
maindisadwantageof thisapproachs thesignificanteffort it requiesecauseodehasto be
rewritten from scratchfor every new algorithm. The useof standardibrariescanprovide
somecodereusabilitybut doesnot allow easyadditionof nev components.

Another possiblity is the use of an audio synttesis framevork suchas CSOUND,
STK or PD. Although a lot of the requiredfunctionalty suchasreadingsoundfilesand
playing audiois alreadythere,theseframenorks are not targetedfor ComputerAudition
andthereforelack certainimportantcomponentsuchasMachineLearningalgorithms

Theapproaclkchoserin thiswork is to develop aframework for ComputerAudition re-
searchn ageneraprogrammnglanguageandtry to abstracthe basicbuilding blocksand
male it flexible sothatnew blockscanbe addedeasily The Marsyassoftwareframewvork
is theresultof theseefforts. It wasfirst describedn [124,129]andhasbeenusedto design
anddevelop all the describedalgorithns in this thesisaswell as conductthe evaluaton

userexperiments The adwantageof this approachis that, if doneproperly it combines

http ://ww w.math works. com
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expressvity andflexibility with performance.The main disadwantageis that it requires

significanteffort in designandimplementationuntil it reaches stagethatit is usable.

6.3 Architecture

Marsyasfollows a client-sener architecture.The sener written in C++, containsall the
signalprocessing@ndpatternrecognitionmodulesoptimized for performanceTheclient,
writtenin Java, containsonly the userinterfacecodeandcommunicatesvith the computa-
tion enginevia soclets. Thisbreakdeovn hastheadvantageof decouplingheinterfacefrom
thecomputatio codeandallowsdifferentinterfaceso bebuilt thatusethesameunderlying
computatimalfunctionality. For example thesenercanbeaccesseby differentgraphical
userinterfaces scripting tools, web crawvlers, etc. Anotheradvantages thatthe sener or
theclientcanberewrittenin someotherprogrammig languagevithoutneedingo change
theotherpartaslong astheinterfacecorventionsbetweerthetwo arerespected.
Althoughtheobjectsform a naturalbottomup hierarchytop-dowvn flow of information
canbeexpressedn the framework. As a simple exampk, a silencefeaturecanbe usedby
anextractorfor Music/Speecltlassificatiorto avoid calculatingfeatureson silentframes.
Similarly hierarchicalclassificationcan be expressedising multiple extractorsusingdif-

ferentfeatures.

6.3.1 Computation Server

The computationsener containsthe codefor reading/writirg/playingaudiofiles, feature
extraction,signalprocessingindmachindearning.Specialattentionwasgiven to abstract-
ing theselayersusingobject-orientegorogrammiig techniques Abstractclassesreused

to provide acommonAPI for the building blocksof the systemandinheritances usedto
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factorout commonoperations.The main classe®f the systemcanroughly be dividedin

two categories:process-lilke objectsanddata-structure-li& objects.

Processbijects:

Systems processan input vectorof floating point numbersand outputanothervector (of
possiby differentdimensionaly). They encapsulatall the SignalProcessindunc-
tionality of Marsyas The parametersf a Systenandarny temporarymemorystorage
it might requireareinitializedandallocatedvhentheobjectis constructedThe pro-
cesanethodcanthenbeapplied,usuallymorethanonetime, to floatingpointvector
objectsof a specificinputandoutputsizespecifiedat constructiortime. Exampleof
Systemsncludetransformatios suchas: windowing (for exampke Hamming),Fast
Fourier Transform,andWavelets.In additionfeaturessuchasthe SpectralCentroid,
Rolloff and Flux are alsorepresenteds systems. Systemsare similar to plugins
or unit generatorof audio processingsoftware. Systemscanbe constructedrom
arbitraryflow networks of othersystens usingcombinates. For examplethe whole
computatbn of featuresdor Music/Speectctlassificationcanbe encapsulateth one

systemasshaown in Figure 6.1.

Combinators provide waysto form complex Systemby combiningsimder SystemsThe
Parallel combinatotakesasinputalist of Systemthathave thesamesameanputsize
andproducesa systemthattakesthe sameinput andhasasoutputthe concatenation
of ouputsof the Systemst combines. The Seriescombinato takesasinput a list
of Systemsand createsa systemthat appliesthem one after the other (the input
andoutputsizesof adjacentpairs have to match). Figure 6.1 shavs how Parallel
and Seriescombinates are usedto constructthe flow network for Music/Speech

classification.
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MUSIC SPEECH DISCRIMINATOR LAYOUT
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Figure6.1: Music SpeeclDiscriminator ArchitecturalLayout

Memories are a particularcaseof Systemghat correspondo circular buffers that hold
previoudy calculatedfeaturesfor a limited time. They are usedto computemeans
andvariance®f featuresoverlargewindowswithout recomputinghefeatures They

canhave differentsizesdependingn the application

Extractors breakup a soundstreaminto frames. For eachframe they usea comple
Systemnto calculatea Featue Vector. Theresultis atime-seriesof featurevectors

whichis calledthe Featule Matrix. Typically, thereis a differentextractorfor each

classificatiorscheme.

Classifiers aretrainedusing a Featuie Matrix and canthen be usedto classify Featue
\ectors or Featue Matrices They alsosupportvariousmethoddor deluggingand

evaluatbn suchask-fold cross-alidation.

Segmentorstake asinput Featue Matrix and outputa Time Line correspondingo the

extractedsggments.
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Data structur e objects:

Signals produceor consumesoundsegmentsepresentedsvectorsof floatingpointnum-
bers. Examplesof signalsinclude: variousreaders/writer®f soundfile formats,

real-timeaudiolO, andsynthesisalgorithns.

Float Vectors-Matrices arethebasicdatacomponentsf thesystem.They arefloatarrays
taggedwith sizes.Operatowoverloadingis usedfor vectoroperationgo avoid writing
mary nestedoopsfor signalprocessingode.Theoperatofunctionsareinlinedand
optimized. Theresultingcodeis easyto readandunderstanavithout compromising

performance.

Feature Matrix storesautomattally extractedaudio featuresin the form of a Featue
Matrix, andmapthemto a Label Matrix thatis usedfor training, classificationand
seggmenation. For exampk a particular Featue Vector might be mappedto two
labels,one correspondingo the classit belongs(for exampleJazz)and the other

to thefile thatit originatesfrom.
Time Regions aretime intervalstaggedwith annotatio information.
Time Lines arelists of timeregions.

Time Trees arearbitrarytreesof time regions. They represent hierarchicaldecomposi-
tion of audiointo successiely smallersggments(seeFigure6.2). Treeshave been

shavn to be aneffective abstractiorfor browsing multimediadata[136)].

All the objectscontainmethodsto read/writethemto files and transportthemusing
the soclet interface. For exampk a calculatedFeature Matrix can be storedand used
to evaluatedifferent Classifies without having to redo the featurecalculationfor each

Classifier
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Figure6.2: Sggmentatiorpeaksandcorrespondingime tree

6.3.2 UserlInterface Client - Interaction

The client containsall the codefor the userinterfacesandis written in Java. Because
all of the performancecritical codeis executedin the sener, the choice of Jara does
not impact performanceand allows the use of the excellent JaraSwing graphicaluser
interface framewvork. The main userinterface componentsand their architecturewere
describedn Chapter 4. In this sectionsomeof additionaldetailsaboutthe architecture
andimplementatiorareprovided.

All theinterfacesfollow a Model-View-Controllerdesignpattern[64] thatallows mut-
liple views of the sameunderlyingdatato be created.Browses renderaudiocollections
basedon parameterstoredin MapHles. In mary caseshe MapHles are automattally
generatedisingComputerAudition algorithms.UsingBrowses thespacecanbeexplored
anda subsef the collectioncanbe selectedlogical zooming)for subsequenbrowsing
or editing Editing the selectedfiles can be done using Viewers and Editors which are

also configuredby MapHles possiby automaticallygenerated.During playbackof the
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Figure6.3: MarsyasUserinterfaceComponen#irchitecture

files variousMonitors can be setupto visual informatian thatis updatedin real-time. A

schematiof the systems architecturecanbe seenin Figure 6.3.

6.4 Usage

Marsyascanbe usedin a variety of differentlevels dependingon the userexperienceand

flexibility required. At the highestlevel the graphicaluserinterfacescanbe useddirectly
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to browse, analyzeand edit audio signalsand collections At a lower level, command
line tools canbe usedto performbasicComputerAudition operations.For examplethe
following sequenceof commandsextracts SpectralShapefeaturesbasedon the STFT,
trains a musicspeechGaussiarclassifierand evaluatesthe results. The outputwill be
the classificatioraccuray using10-fold cross-alidationandthe correspondingonfusion

matrix.

mkcollec tion music. mf /home/g tzan/data/s  ound/music /
mkcollec tion speech .mf /home/ gtzan/data/  sound/spee ch/
bextract ~ FFT ms music.mf speech.mf

evaluate 0 GS ms 100

If more flexibility is required,complex ComputerAudition algorithis can be con-
structedby combiningvarious objectsthat correspondo basicbuilding blocks. Many
of the projectsdoneby undegraduatestudens usingMarsyasare donethis way without
having to write any codeotherthanthe glue that connectghe building blocks. Finally,
arbitrarynew algorithns canbe addedby writing sourcecodedirectly and extendingvia

inheritencethe existing abstractlasse®f the system.

6.5 Characteristics

In addition to the describedcomponentsfor the purposesof the MPEG-basedeature
calculationanMPEG audiodecodemwasimplemenédin C++. Thesourcecodeis loosely
basedntheFraunhofeinstitutereferencesoftwareimplemenationandotheropensource
implementations®. The combineddecodingandclassification/agmentatiorrunsreal-time

onaPentiumll PC.

8hitp ://ww w.mpeg.org
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All the graphicaluserinterface componentsare implementedin Java. The Java3D
API is usedfor the 3D graphicsand JaszaSoundAPI is usedfor the audio and MIDI
playback. The computatbn sener is written in standardANSI C++. For parametric
synthesisof soundeffects and audio generatiorfrom MIDI the SynthesisToolkit ° [23]
is used. MARSYAS is mainly developedunderLinux andhasalsobeencompiledunder
Solaris, Irix, Mac OS X, and Windows (Visual Studio and Cygwin compilers)operat-
ing systems. The useof standardC++ and JAVA and the independencdérom external
libraries makes the systemeasily portableto new architectures. Moreover, the client-
sener architectureallows a variety of possble configurations. For example, it is possi-
ble to have Windows and Solarisclientsaccessinghe audioinformatian retrieval sener
runningin Linux. The framework is available as free software underthe GNU Public
Licence(GPL) from: http://w  ww.cs.princ  eton.edu/~ gtzan/marsy as.html andhas
beendownloadedapproximately2500timesfrom 1000differenthosts.Marsyashasbeen
usedby mary Princetonundegraduateand graduatestudentsdoing projectsrelatedto
ComputerAudition. Someexamplesare: Music Mosaics(DouglasTurnkull, Ari Lazier),
Instrumentclassification(Corrie Elder), Pitch Histogams(Geoge Tourtellot), queryuser

interfaces(Andreye Ermolinskyi), andMusic Library (JohnForsyth).

Shitp /lcc rma- www.stan ford.e du/so ftware /stk/



Chapter 7

Conclusions

Remembeinformationis notknowledg, Knowledg is not Wisdam; Wisdomis nottruth;
Truth is notbeauty;Beautyis notlove; Loveis not music;Musicis the best.

Frank Zappa

7.1 Discussion

In this thesis,a variety of algorithirs, techniquesandinterfacesfor working with audio
signalsand collectiors were proposeddeveloped,and evaluated. Thesesystemscanbe
usedfor manipulatia, analysisandretrieval of audio signalsand collections. Someof
the main characteristicithey shareare: 1) practical solutiors to fundamentalproblems
thatareapplicableto arbitraryaudiosignals?2) utilizationof large collections3) statigical
evaluatbnin mary casedasedn userstudies4) useof visualizationandhumancomputer
interactiontechniquedo include the userin the systemb) integrationundera common
softwareimplementationThesecharacteristiceanbesummarize@dsageneratendeng to
createpracticalworkablesystemghatcanbeusedasprototypedor the ComputerAudition

systemf thefuture.

146
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To sumnarizethe main contributions of thisthesisare: 1) calculationof featuredrom
MPEG audiocompressediata?2) calculationof featuresbasedon the DWT 3) a general
multifeaturemethodolog for segmentatbn of arbitrarytextures4) automatianusicalgenre
classificatiorandsimilarity retrieval basedntimbral, rhythmic andharmonidcfeatures) a
varietyof novel userinterfacessuchasTimbregramsand Timbrespacdor interactingwith
audiosignalsandcollectionsandfor specifyingaudioqueriessuchas Soundslilers6) the
creationof an extensble software framavork for ComputerAudition researctthat inte-
grateshe proposedsystens aswell asalarge variety of existing algorithmsandsystems.

This is a goodpointto go backto Sectionl1.9 andreadagainthe proposedComputer
Audition usagescenariosand seehow the describedsystemsin this thesissene their
requirementsOur hopeis thatsomedayin the future, thetoolsfor interactingwith audio
signalsand collectionswill be inspred by andlook like our prototype systens. In the

following Sectionscurrentandfuture work relatedto this thesiswill bedescribed.

7.2 Current Work

In this Sectionsomeof the ongoingwork, continuingthe researchdescribedn thisthesis,
will bepresentedTheSonicBrowseris atool for accessingoundr collectionsof sounds
usingsoundspatializatiorand content-@erviewn visualzationtechniquesievelopedat the
Universty of Limerick, Ireland. We are currently collaboratingwith the SonicBrowser
team, combinirg their systemwith Marsyas More specificallythe newv system,under
development,combinegheinteractvity anduserconfigurationof the SonicBrowserwith
the automaticaudio information retrieval tools of Marsyasin orderto createa flexible
distributed graphicaluserinterfacewith multiple visualization componers that provides
novel waysof browsing large audiocollections.The Extensille Markup LanguaggXML)

is usedto exchangeconfiguratiorandmetadatanformationbetweerthevariousdeveloped
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components This work hasbeensubmited to the InternationalConferencdor Auditory
Display (ICAD) 2002.

In Chapter5 it wasshawn thatfeaturescalculatedrom Pitch Histogramscanbe used
for automatt musicalgenreclassification.However, for the caseghatthesefeaturestail
it is not clearif thesefailureshave to do with the choiceof featuresor with errorsin the
multiple pitch detectionalgorithm.In orderto addresshis questionwe have comparedhe
performanceof Pitch Histogramfeaturescalculatedon MIDI dataand on audioderived
from the sameMIDI files. By definition, Pitch Histogramsderived from MIDI datawill
have no pitch errorsthereforeby comparingthe two resultswe canjudgeto what extent
pitch errorsinfluencethe useof featuredor classificationlt hasbeenshowvn thatthe Pitch
Histogramdeaturesn bothcaseshav thesameperformancehereforat canbeconcluded
thatthe possilhe pitch errorsin theaudiocaseslo not significantlyaffect the classification
performanceof the features. Of course,audiofrom MIDI signalsalthoud polyphonic
areeasierthan“real world” audiosignalsfor multiple pitch detection.However, because
the genreclassificatiorresultsobtainedfrom MIDI andaudio-from-MIDI arecomparable
to resultsobtainedfrom “real-world” audiodatafor similar tasks(but obviously different
datasets)t canbe concludedthat the classificationperformanceof the featuresin “real
world” audiodatais alsonotsignificantlyaffectedby pitch detectiorerrors.It is impaortant
to notethatthis doesnotmeanthatbetterfeaturesarenotpossibleor thatthe multiple pitch
detectioralgorithmis perfect. Thiswork will besubmitedto theInternationalSymposiun
on Music InformationRetrieval (ISMIR) 2002.

As alreadymentiored,in addition to digital musicdistribution, collectionssoundeffects
are anotherimportant areafor ComputerAudition research. The perceptualsimilarity
of soundeffectshasbeeninvestigatedby conductinguserexperimentsin [104]. We are
collaboratingwith the peopleinvolved in this projectto usethe describedoolsandinter-

facesto visualizeand comparethe resultsof this work. In addition theseresultswill be
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comparedvith automattally extractedfeaturevectorsandsimilarity informationover the

samecollectionof digital soundeffects.

7.3 Futurework

ComputerAudition is a relatively recentresearchareaandthereare a lot of interesting
directionsfor future work. Someof thesedirectionsare obvious extensias of the work

describedn this thesisand othersare more unrelated.It is our hope,that the developed
softwareframework will helpusandotherresearchis realizesomeof thesedirectionsfor

futurework.

In the representatiostage,invedigation of differentfront-endsfor featureextraction
is an areaof active research. Although mostof the featuresproposedn the literature
have shavn adaquateperformance there have beenfew thoroughinvestgations of all
possibé featurechoicesandcombinatims. By providing a commonframenork anddata
collectionswe areplannirg to compareaifferentfeaturefront-endsandoptimizethechoice
of parameterdor particularapplicatiors. For examplewe are investgating the use of
computatimal modelsof the ear physiobgy suchasthe onesproposedn [116, 117 as
thebasisfor featureextraction.

Althoughtherearehave beenalarge numberof studiesaboutthe perceptiorof beatpe-
riodicitiesthereis relatively little work in the perceptiorof beatstrength We arecurrently
conductinga userexperimentto investgatehow humansperceve musicalbeatstrength.
Eachsubjecthasto rate50 segmentsfrom avariety of musicalstylesinto five beatstrength
groups(weak,mediumweak,medium,mediumstrong,strong). The orderof presentation
is randomizedo avoid ary ordereffectssuchaslearning. Preliminaryresultsfrom the 15
subjectghathave compleedthestudysofarindicatethatthereis considerabla@greeement
betweensubjectsreagrdingmusic beatstrength. the resultsof this studywill be usedto

evaluateandcalibratethe calculationof BeatHistogams.
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Anotherinterestig directionis the useof compressedomainaudiofeaturedor other
typesof audioanalysishanmusic/sgechclassificationjnstrumentclassificatiorand sey-
mentation. Someexamplesare multiple pitch detection,beatanalysis,spealer identifi-
cationandspeeclrecognition. The featuresdescribedn this work are not the only ones
possibé andfurtherinvestpationis neededn orderto comeupwith betterfeaturedailored
to specificapplications In addition to the subbandanalysisother typesof information
can be utilized. For examplein MPEG layer Il a window switching schemeis used
wherethe 32 subbandsignalsare further subdvided in frequeng contentby applying,
to eachsubbanda 6-pointor 18-pointmodifiedDCT block transform.The 18-pointblock
transformis normallyappliedbecauset providesbetterfrequeng resolutionwhereaghe
6-pointblock transformprovidesbettertime resolution. Thereforeit is morelikely to find
semgentatio boundariesn shortblocks andthis information could be usedto enhance
the sggmenation algorithm For statistcal patternrecognitionlarge amountsof training
dataneedto be collected.By doingthe analysison MPEG compressedatathe enormous
resourcesvailable on the Web can becomeavailable for training. We are planningto
implementaWebcrawler to automaticallygather.mp3files from the Webfor this purpose.

The exactdetailsof featurecalculationfor oldermethod suchasthe STFTandMFCC
have beenrelatively well exploredin the literature. On the otherhand,featuresbhasedon
the DWT have appearednly recently Furtherimprovementsin classificationaccurag
canbe expectedwith morecarefulexprimentaton with the exactdetailsof the parameters.
We alsoplanto invedigatethe useof otherwaveletfamiliesfor the featurecomputatbn.
Anotherinterestingdirectionis to combinefeaturesfrom differentanalysistechniquego
improve classificationaccurag. We asloplanto applythe generaimethoddogy for audio
seggmentaibn basedn “texture” decribedn thisthesis,usingthe DWT-basedeatures.

In theimplementationof the segmenation algorithm theimportanceof eachfeatureis

equal.Mostlikely thisis not the casewith humansandis not optimal. Therefore relatve
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weighting of the featuresas well as optimization of the parametersand heuristicsneed
to be explored. One possibé approachor this problemof featureweighting is the useof
Geneticalgorithns asin [44]. Theuseof theproposedeggmentatbn methoddogy for other
typesof audiosignalssuchasnews broadcastss alsoan interestingpossilility. Because
of the difficulty of evaluatirg and comparingdifferent sgmentatio schemesstandard
corporaof audioexampleseedto bedesignedStandarize@orporaareveryimportantfor
ComputerAudition researchand unfortunatelytheir creationhasbeenhinderedbecause
of copyright problems.In the future we planto collectmoredataon thetime requiredto
segmentaudio. Empiricalevidenceis requiredthatthe automaticsegmentatbon reduceghe
time to segment. Furthertestsin thumbnaiing will needto be devisedto determinethe
salienceof thehumanandmachineselectedhunbnails,andto determingheir usefulness.
For exampk, canthumbrails causea speedupn location/inaxing, or canthumbnait be
concatenate@r otherwisecombinedto constructa useful "caricature” of a long audio
selection? We planto make more detailedanalysesf the text annotations.Finally the
developedgraphicaluserinterfaceallowsthecollectionof mary userstatisticdike number
of editoperationsdetailedtiming information,etc.thatwe planto investgatefurther.

For the beatanalysisusing BeatHistogramsa comparisorof the beatdetectionalgo-
rithm describedn [108] with our schemeonthesamedatasets alsoplannedor thefuture.
In addition more careful studiesusing the syntheticexampks are also planned. These
studieswill show if it is possibleto detectthe phaseandperiodicity of multiple rhythmic
linesusingthe DWT.

In this thesissimilarity retrieval wasperformedusinga singlefeaturevectorrepresen-
tation for eachfile. Although this approachworks well for files with relatvely constant
textureit hasproblemwith files suchasclassicaimusicwith mary differentsections Sey-
mentationalgorithis canprovide information aboutwheretexture changesccurbut the

problemof how to do similarity retrieval in thosecasesstill remains.In the futurewe plan
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to invegigate trajectory and segmentatbn-basedapproacheso content-basedimilarity
retrieval.

For the automaticmusicalgenreclassificationran obvious directionfor futureresearch
is expandingthe genrehierarchyboth in width and depth. Other semanticdescriptims
suchas emotionor voice style will be investigated as possibleclassificationcateyories.
More explorationof the pitch contentfeaturesetcouldpossiblyleadto betterperformance.
Alternative multiple pitch detectionalgorithms for example basedon cochlearmodels,
could be usedto createthe pitch histograms For the calculationof the beathistogram
we planto explore otherfilterbankfront-endsaswell asonsetbasedperiodicity detection
asin [66, 117. We are also planningto invedigate real-time running versiors of the
rhythmic structureandharmoniccontentfeaturesets.Anotherinterestingpossibilty is the
extractionof similar featuredirectly from MPEG audiocompressedataasin [95, 130].
Finally, we arealsoplanningto usethe proposedeaturesetswith alternatve classification
and clusteringmethodssuchasartificial neuralnetworks. Two otherpossilbe sourcesof
informationaboutmusicalgenrecontentare melodyandsingervoice. Although melody
extractionis a hard problemthat is not solved for generalaudioit might be possble to
obtain somestatisticalinformation even from imperfect melody extraction algorithis.
Singingvoice extractionandanalysiss anothelinterestingdirectionfor futureresearch.

In theInteractionstagethereis alot of work thathasto bedonein orderto improve the
describednterfacesandevaluatetheir effectivenessFor example basednthefactthaton
averagethe subjectsneedednorethan2 hoursfor sggmenting 10 minutesof audiousing
standarcaudioeditingtoolswe planto comparehow muchthis processanbeaccelerated
usingthe EnhancedAudio Editor. By usingour own software, collectingusagestatisics
suchasmouseclicks andtiminginformationis mucheasietthanusingacommerciabudio
editor Someotherdirectionsfor future work are the developmentof alternatve sound-

analysisvisualization toolsandthe developmentof nev model-basedontrollersfor sound
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synthesidhasedon the sameprinciples. Of coursenew analysisandsynthesisalgorithrs
will requireadjustnent of our existing tools anddevelopmentof new ones. More formal
evaluatonsof the developedtoolsareplannedfor the future. Integratingthe model-based
controllersinto arealvirtual ervironmentis anotherdirectionof future work.

The Display Wall projecthasimplementeda variety of alternatve input method in
additionto standarckeyboardandmousenavigation We are exploring the useof speech
recognitioninput for controling the system.The client architectureof the userinterfaces
will make theintegrationwith the speectsystemeasy Speechrecognitionis alreadybeing
usedfor a circuit viewer. Currentlythe placingof the windows is doneby the window
managerequiringmanualadjustmentvhichis difficult on suchalargedisply. Therefore,
intelligentautomatigplacemenbf windows s plannedor thefuture.

It is our belief thatthe problemof queryspecificatiorhasmary interestingdirections
for future researchbecausat providesa new perspectie and designconstraintsto the
issueof automaticmusicand soundgeneratiorandrepresentationUnlike existing work
in automaticmustal generationwherethe goal is to createas good music as possble,
the goalin our work is to createcorvincing sketchesor caricaturef the musicthatcan
provide feedbackand be usedfor music information retrieval. Anotherrelatedissueis
the visual designof interfacesand displaysandits connectionto visual musc and score
representations.

Evaluatinga comple retrieval systemwith alarge numberof graphicaluserinterfaces
is difficult and canonly be doneby conductinguser studies. For the future we plan a
task-basedvaluaton of our systensimilarto [57] whereuserswill begivenaspecifictask
suchaslocatinga particularsongin alargecollectionandtheir performanceusingdifferent
combinatimsof toolswill bemeasured.

Another direction for future researchis the collaborationwith composersand mu-

sic cognitionexpertswith the goal of exploring differentmetaphordor sketchingmusic
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gueriesfor userswith andwithout musicalbackgroundandhow thosediffer. Currentlya
lot of informationaboutaudioand especiallymusic signalscan be foundin the form of
metadataannotatims suchas filenamesand ID3 tagsof mp3files. We plan to develop
web crawlersthatwill collectthatinformationanduseit to build more effective tools for
interactingwith large audiocollections

Ontheimplemenationside,having awell-designedrameavork andknowing the basic
abstractionsand building blocks makesthe porting to other programmiig languagesand
systemseasier Currentlyversiors of the computatbnal sener writtenin SMLNJ (a typed
functionalprogrammig languageland JAVA areunderdevelopment. A versionof some

of theclientuserinterfaceswritten, usingGTK, is underdevelopnent.

7.3.1 Other directions

In this Sectionsomedirectionsfor future work thatare not direct extensionsof the work
describedn thisthesiswill bedescribedAs alreadymentionedalarge numberof existing
ComputerAudition researchsolves hard problemson small collectionsof limited “toy”

exampleswith thehopeof graduallyincreasinghenumberandcompleity of signalst can
handle.Thisapproacthasnotyetbeensuccessfuin building practicalsystens. In contrast,
the work describedn this thesisemphasizesimpler fundamentaproblemsthat canbe
reliably solved over large collectionsof “real-world” complex audiosignals.Thereforean
obviousdirectionsfor futurework is to try to solve increasinglyharderproblemswhile still

keepingthe methodsapplicableto “real world” audiosignals.Theseharderproblemscan
be seenasintermediatestepstoward the goal of automaticpolyphornc transcription.in a
sensesomeof the techniqueglescribedn this work suchasBeatHistogramsand Pitch
Histogramsare moving toward that goal. In the following paragraphs numberof such

interestingunsoled problemsaredescribed.
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An importantsourceof informationaboutmustal signalsis the numker andtype of
instrumentsplayingat arny particularmoment(for examplea saxophonepianoanddrums
are playing now). Instrumentmixture identificationrefersto automaticallysolving this
problem. Although it is a harderproblemthan classificationas there hasto be some
separatiorof the signals it is an easierproblemthan polyphonic transcriptionor source
separatioras only the instrunent labelsarerequired. A relatedproblemis the problem
of instrumenttrackingwherea statistcal model of aninstrumentsoundis provided and
that particularinstruments tracked througha polyphonc recording. Anotherinteresting
problemis the separatiorof particulartypesof soundsor instrunentssuchasbassdrums
andvoice. For examplethe separatiorof drumssoundscould be usedfor moreelaborate
detectionof particularrhythmic stylessuchasBossaNova.

In the samemannerthat Pitch Histogramsprovide overall pitch informationfor a song
even thoughmultiple pitch detectionis still not perfect,it is probablypossilke to detect
and identify chords. Beat analysismethodcan also provide metric information as well
ashigherlevel structuralinformation An importantsourceof informationfor identifying
musicis thesingingvoice. Thereforetechniquedor singeridentificationandsinging voice
separatioror enhancemerdrevery interesting

In addition to applicationgelatedto audiosignals,it is possibé thatmary of the pro-
poseddeashave applicatiors in otherareasandtypesof signals.Someobviousexamples
include video and speechsignalsand somelessobvious include measuredxperimental
datafrom fields suchasphyscs andastronomy, stockmarket information, andbiological
signals.For example visualizatimsof DNA basedn SignalProcessingechniquesimilar

to theonesdescribedn thisthesis aredescribedn [6].
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7.4 Final Thoughts

Audio signalsand especiallymuscal signalsare very interestingfrom a philosoghical
perspectre. For somereasonhumandind organizedstructure®f moving air moleculeso
interestinghatthey have sophisicatedsensorporgansor detectinghem,spendsignificant
amountsof their liveslisteningto them, make weird devicesfor creatingthem, and use
sophisicatedtechnologyto storeandreproduceghem. In the early daysof humaniy, the
constructionof practicaltools suchasarronvs and kniveswas paralleledby the creation
of holedtubesand stretchedmembranedor settingair moleculesin motion. Todaythe
constructiorof practicaltools suchasoperatingsystemsandfirewalls is paralleledby the
creationof systens for helpinghumansgnteractandexplorethe vastamountsof structured

air moleculemotiors storedasstringsof onesandzeros.Musicis thebest.



Appendix A

A.1 Intr oduction

This appendixis a brief overview of somestandardechniqueghatareimportantfor the
work describedn this thesis. The maingoalis to describehow the algorithmswork rather
thanexplaining andproving why they work. More detailscanbefoundin thecorresponding

referencs.

A.2 Short Time Fourier Transform

The mostcommonset of featuresusedfor classification,segmentationandretrieval are
basedon the FFT and more specificallythe Short Time Fourier Transform(STFT). The
STFTX n k ofasignalx n isafunctionof bothtime n andfrequeng k. It canbewritten
asas:
Xnk 'y xmhn me 12TNkm (A.1)
m (o]
whereh n is aslidingwindow, x m is theinputsignal,andN is the sizeof thetrans-

form. Typically the STFTis implementedusingthe FFT algorithmto malke its calculation

computatimally efficient. The STFT canbe viewed asa filter bank wherethe kth filter
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channeis obtainedoy multiplying theinputx m by acomple sinu®id atfrequeng k/N

timesthe samplerateandthenconvolving with the low passfilter h m . In otherwords,
theoutputX n k for arny particularvalueof k, is a frequeng shifted,band-pas$iltered
versionof theinput. Anotherwayto view the STFT, is thatfor ary particularvalueof n, the
STFTis the DiscreteFourier Transformof the windowed input attime n. In otherwords,
the STFT canalsobe though aspartially overlappng Fourier transforms.The STFT for

a particularfrequeng k at particulartime n is a complex number Typically for feature

calculationonly the magnitude of thesecomplex numberss retained.

A.3 DiscreteWavelet Transform

In the pyramidalalgorithmthesignalis analyzedatdifferentfrequeng bandswith different
resolutiondor eachband. This is achieved by successiely decomposig the signalinto a
coarseapproximatio anddetailinformation. The coarseapproximatio is thenfurtherde-
composedisingthesamewaveletdecompogion step.Thisdecomposion stepis achieved
by successie highpassandlowpassfiltering of the time domainsignalandis definedby

thefollowing equations

Yhigh K ZX ng2k n (A.2)
n

n

whereyhigh K, Yiow K arethe outputsof the highpass(g) andlowpass(h) filters, re-
spectvely after subsamijing by two. Eachlevel of the pyramid correspondsoughly to
frequeny bandsspacedn octaves. Becausenf the symmetricpyramid structureandthe
decimationthe DWT canbeperformedn O N (whereN is thenumberof input points).

In this work, the DAUBA filters proposedy Daubechie$25] areused.FigureA.1 shavs
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aschematiaiagramof the pyramidalalgorithmfor the calculationof the DiscreteWavelet

Transform.

Original Signal, Frequency 0 — B

Lowpass| h(n) g(n)| Highpass
@ Downsample @ Level 1
| |
0-B/2]| | | | BI2-B
h(n) g(n) Discrete Wavelet Transform
@ @ Pyramidal Algorithm Schematic
‘ ‘ Level 2
0-8/4/ | | | Bl4-BI2

FigureA.1: DiscreteWavelet TransformPyramidalAlgorithm Schematic

A.4 Mel-FrequencyCepstral Coefficients

Mel-Frequeng CepstralCoeficients[26] area commonfeaturefront-endthatis usedin

mary speechrecognitionsystens. An explorationof their usein Music/Speectclassifica-
tion is describedn [72]. This techniquecombinesan auditoryfilter-bank,followed by a
cosinetransformto give a representatiothathasroughly propertiessimilar to the human
auditorysystem.

More specificallythefollowing stepsaretakenin orderto calculateMFCCs:

1. The short-timeslice of audio datato be processeds windowved by a Hamming

window

2. The magnitue of the DiscreteFourier Transformis compued usingthe FFT algo-

rithm

3. The FFT bins are combinedinto filterbank outpus approximatilg the perceptual

frequeny resolutionpropertiesof thehumanear Thefilterbankis constructedising
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13linearly-spacedilter (133.33KHz betweertheir centerfrequenciesjollowed by
27 log-spacedilters (separatedby afactorof 1.0711703n afrequeng). . Thebins
aresummedusinga triangularweightingfunction which startsristing at the CF of
the previousfilter, hasa peakat the currentfilter CF, andendsat the CF of the next

filter. (seeFigureA.2).
4. Thefilterbankoutputsarecorvertedto |og basel0

5. TheDiscreteCosineTransformof the outpus is usedto reducedimensonality.

\ \ \
CF - 133Hz CF CF + 133Hz
CF/1.071 CF*1.071

FigureA.2: Summingof FFT binsfor MFCC filterbankcalculation

More detailsaboutthe calculationof MFCCscanbefoundin [98].

A.5 Multiple Pitch Detecion

The multiple pitch detectionusedfor Pitch Histogramcalculation,is basedon the two
channelpitch analysismodeldescribedn [123]. A block diagramof this modelis shavn
in Figure A.3. The signalis separatednto two channelspelov andabove 1 kHz. The
channelkeparations donewith filters thathave 12 dB/octase attenuatiorat the stopband.
The lowpassblock alsoincludesa highpasgolloff with 12 dB /octave belov 70Hz. The
high-channels half-wave rectifiedandlowpassfiltered with a similar filter (includingthe
highpassharacteristi@at 70Hz)to thatusedfor separatinghelow channel.
Theperiodicitydetectionis basedn “generalizedautocorrelation’l.e the computatbn

consistsof a discreteFourier transform(DFT), magnitidde compressiorof the spectral
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representatiorandaninversetransform(IDFT). The signalx2 of Figure A.3 is obtained

as:

X2 IDFT DFT Xy K IDFT DFT Xggnh © (A.4)

IDFT DFT Xow € DFT Xnigh © (A.5)

wherex ow andxnigh arethe low andhigh channekignalsbeforethe periodicity detec-
tion blocksin FigureA.3. Theparametek determineshefrequeny domaincompression.
For normalautocorrelatiork 2. ThefastFourier Transform(FFT) andits inverse(IFFT)
areusedto speedhe computatbn of thetransforms.

The peaksof the summaryautocorrelatiorfunction (SACF) (signalx2 of Figure A.3
arerelatively goodindicatorsof potental pitch periodsin the signalanalyzed.In orderto
filter outintegermultiple of the fundamentaperioda peakpruningtechniquds used.The
original SACF curwe, is first clippedto positive valuesandthentime-scaledoy a factorof
two andsubtractedrom theoriginal clippedSACF function,andagaintheresultis clipped
to have positive valuesonly. Thatway, repetitve peakswith doublethetimelag of thebasic
peakareremoved Theresultingfunctionis calledthe enhancedummaryautocorrelation
(ESACF) and its prominentpeaksare accumulatedn the Pitch Histogramcalculation.
More detailsaboutthe calculationstepsof this multiple pitch detectionalgorithm,aswell
asits evaluaton andjustificationcanbefoundin [123].

xh

HighPass Half-wave Rectifier PerioQicity
1kHz LowPass detection \ X2 SACE
Input @9 SAC .
nhancer
LowPass Xl Periodicity /
1KHz detection

MULTIPLE PITCH ANALYSIS BLOCK DIAGRAM

FigureA.3: Multiple Pitch Analysis Block Diagram
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A.6 Gaussan classfier

TheGaussiartlassifiemodelseachclassasa multidimensonal Gaussiamlistribution. The

Gaussiaror Normaldistribution in d dimesioncanbewritten as:

1 1
2T[d2212

=

HE 1x p (A.6)

p x exp

5 X
wherex is a d-componentolumnvector, p is the d-componenmeanvector, 2 is the
d-by-d covariancematrix,and = and> ! areits determinanandinverserespectiely.

A Gaussiarclassifiercanbe fully characterizedy its meanvectorp and covariance
matrixZ. Maximum Lik elihoad methods/iew theparametersf adistribution asquantites
whosevaluesarefixed but unknovn. The bestestimateof their valuesis definedto bethe
onethat maximizesthe probability of obtainingthe samplesactuallyobsered. It canbe
shavn thatthe Maximum Lik elihood estinmate of parametersor the Gaussiarclassifieris
the samplemeanandcovariancematrix [30]. In otherwords,in orderto train a Gaussian
classifierfor a particularclassof labelledsamplesthe samplemeanandcovariancematrix
areusedastheparametersf thedistribution. Classificatiorof anunknavn vectorx usinga
Gaussiarclassifieris doneby finding the classGaussiamlistribution thatmostlik ely would

producethis vectot

A.7 GMM classifie and the EM algorithm

The GMM classifiermodelseachclassprobability densityfunctionasa finite mixture of
multidimensionalGaussiaristributions. If we denote9, the parametersf eachGaussian
distribution mixture componentand 6 the complee setof parameter®; 6 a1 0k

thenthe probabilitydensityfunctionof the mixture modelcanbewritten as:
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k
Pye > ampy6m (A7)
m 1

wherethe a,, arethe mixing probabilites. Given a setof n independenandidenti-
cally distributed samplesy y?1 y?2 y ", the log-likelihood correspondingo a k-

componenmixtureis

n _ n k .
logpY® log[lpy' © logy ompy' 6 (A.8)
M 2,92, 0Py O

Ourgoalis to find the maximumlik elihood (ML) estimag:

OvL argmeax logp Y 6 (A.9)

It is known thatthis estimatecannot be foundanalyticallythereforethe EM algorithm
whichis aniterative procedurdor finding local maximaof logp Y 6 is used.

The EM algorithmis basedon the intepretationof Y asincompletedata. For finite
mixtures, the missng partis a setof nlabelsz z! z? z" associatedvith the
n samples,indicating which componentproducedeachsample. Eachlabel is a binary
indicatorvector The completelog-likelihood(i.e., the onefrom which we could estimate
0 if thecompletedataX Y Z wasobsened)is

n k . .
logpY Z 6 > Zn log ampy' 6m (A.10)

I 1m 1

The EM algorithm producesa sequencef parameteestimates6t t 012

by alternatingy applyingtwo stepg(until somecorvergencecriterionis met):

E-step Computeghe conditicnal expectationof the completelog-likelihood, given

Y andthecurrentestimateof theparameter§ t .
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QB66t ElogpYZ0O YOt (A.11)

M-step: Updateghe parameteestiamtesccordingo:

6t 1 argméaxQ 006t (A.12)

In ourimplementation the K-Meansalgorithmdescribedn the next Sectionis usedto
initialize the meansof eachcomponentinddiagonalcovariancematricesareused. More

detailsaboutthe EM algorithmcanbefoundin [84].

A.8 K-Means

The K-Meansalgorithmis an unsupervisedearningor clusteringalgorithm. The only
input parameteis the desirednumberof clustersandthe outputof the algorithmis the
meanvectorsyy o2 My Of eachcluster Thealgorithmis iteratve andhasthe following

steps:

[ —

. Initialize n,c,l1 2 Mn

N

. Do: Classifyn samplesaccordingto nearesty;
3. Recomputey;

4. Until nochangdn

al

. Returnpg o Mo

More detailsandvariatiors canbefoundin [30].
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A.9 KNN classifier

The K nearesheighborsclassifier(KNN) is an exampleof a non-parametriclassifier If
we denoteD" x; Xp a setof n labeledprototypesthenthe nearesineighborrule for
classifyingan unknavn vectorx is to assignit the label of its closestpoint in the setof
labeledprototypesD". It canbe shawvn that for an unlimited numberof prototypesthe
errorrateof this classifieris never worsethantwice the optimalBayesrate[30]. TheKNN
rule classifiesx by assigningthe label mostfrequentlyrepresentedmongthe k nearest
samples. Typically k is odd to avoid ties in voting. Becausethis algorithm hasheavy
time andspacerequirementyariousmethodsare usedto make its computatbn fasterand

storagerequirementsmaller[30].

A.10 Principal Component Analysis

Principal ComponentAnalysis (PCA) is a techniquefor dimensonality reduction[56].
PCA transformsan original setof variablesinto a new setof principalcomponentsvhich
areatright angleg(orthogonal)}o eachother(i.e uncorrelated)Basicallythe extractionof
a principalcomponenamouns to a variancemaximizing rotationof the original variable
spaceln otherwords,thefirst principalcomponents theaxispassinghroughthe centroid
of the featurevectorsthat hasthe maximumvariance,thereforeit explains a large part
of the underlyingfeaturestructure. The next principal componentries to maximze the
variancenot explainedby the first. In this manney consecutie orthogonalcomponerd
are extractedand eachone describesan increasinglysmallerportion of the variance. A
schematiaepresentationf Principal Componenextractionis shovn in FigureA.4.

If we denotethe featurecovariancematrix as:

Exx' = (A.13)
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thentheeigervectorscorrespondingo theN largesteigervaluesof Z aretheN principal

componenbaxes.

2nd Principal Component

(6]
PC2 o, | o
@]

1st
Principal Component

SCHEMATIC OF PRINCIPAL COMPONENT EXTRACTION(3 to 2 dimensions)

FigureA.4: Schematiof Principal Componengxtraction
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B.1 Glossay

This sectionis a glossayof the basicterminolog usedin this thesisprovided for quick
reference In mostcaseghe meaningof thosetermscorrespondso their commonusein
the existing literaturebut in somecasegmainly interactionand implementatiorrelated)
they are somavhatidiomatic. Becauseof the shortnatureof the definition somedetails
that do not affect the useof the termin this thesisare left out. For more completeand

correctdefinitionthe readershouldconsultthe appropriatditerature.

Analysiswindows: shortseggmens of soundwith presumedelatively stablecharacteris-

ticsusedto analyzeaudiocontent.
Beat: arelatively regularsequencef pulseghatcoincideswith significantmustcal events

Beattracking: is the procesof extractingandfollowing in real-timethe main beatof a

pieceof music
Browser: aninterfacefor interactingwith a collectionof audiofiles

Classification: theproces®of automaticaly assigningacategoricallabelto anaudiosignal

from alist of predefinectategories.
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Clustering: the processf forming groups(clusters)of audiosignalsbasedon their simi-

larity.
Collection: alist of audiofiles (typicalsize 100items)

Computer Audition: the extraction of information from audio signals(asin Computer

Vision).
Editor: aninterfacefor interactingwith a specificaudiofile

Feature Vector: a fixed-lengtharray of real numbersusedto representhe contentof a
shortsggmentof soundcalledthe analysisvindow. A featurevectorcanbethougt

of asa pointin amultidimensionaFeatureSpace.
Feature Space: A multidimensionakpacehatcontaing-eaturevectorsaspoints.
Fundamental frequency: is themainfrequeng of oscillation presenin asound
Mapping: aparticularsettingof interfaceparameters
Monitor: adisplaythatis updatedn real-timein responsé¢o theaudiothatis beingplayed

MIDI: an interfacespecificationfor controlling digital musicinstument. A file format
(similarto amusicalscore)thatstorescontrolcontrolinformationfor playinga piece

of musicusingdigital musicinstrunents

MPEG audio compression: Motion PicturesExpert Group audio compressions a per
ceptuallybasedlossy audio compressiorscheme. The well known mp3 files are

storedusingthis compressiofiormat

Mp3 files: audiosignalscompressedsingMPEG audiocompression
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Musical Score: a symlolic representatiorof mustc that consiss of the start, duration,
volumeandinstrumeniguality of every notein a piece.Typically muscal scoresare

representedraphically
Note: asoundof a particularpitch
Octave: therelationbetweerto soundghathave afrequeng ratio of two

Pitch: is asubjectve propertyof soundthatcanbe usedto ordersoundsrom low to high

andis typically relatedto thefundamentafrequeny

Query UserInterfaces: generateand/orfilter audio signalsin orderto specify a audio

retrieval query
Segmentation: the procesf detectingchange®f SoundTexture.

Selection: a list of selectedaudiofiles in a collectionor a specificregion in time in an

audiofile

Similarity retrieval: the processf detectingsimilar files to a queryandreturningthem

ranked by their similarity

SoundTexture: aparticulartypeof soundmixturethatcanbecharacterizedby its overall

soundandaudiofeaturestatistics

Texture windows: largerwindowsusedo characterizeound‘texture” by collectingstatis-

tics of the“analysiswindows”.
Timeline: aparticularsegmentatio of anaudiofile to non-overlappingregionsin time

Thumbnailing: the processof creatinga shortsoundsegmentthatis representatie of a

longeraudiosignal

View: aparticularway of viewing a specificcollection



Appendix C

C.1 Publications

The varioustopicsandideasin this thesiswere presentedn thematicorder The careful
reademight have obsened, while readingthe evaluationchapterthatcertainexperimensg
have not beenperformedasa consequencef the chronologcal orderof publications For
examplein evaluating similarity retrieval a subsetof musicalcontentfeatureswere used
becausatthetimetheBeatHistogramandPitchHistogamfeatureshadnotbeendesigned.
This appendixprovidesa list of publicatiors thatthis thesisis basedon in chronological

orderwith ashortdescriptionof their content.

1. A framework for audio analysisbasedon temporal segmentationand classifica-

tion 1999[124]

First descriptionof the Marsyassoftware framavork. Initial proposalfor segmen-
tationalgorithmandimplementatiorof Music/Speecltlassificatiorbasedon [110]
usingtheframawork.

2. Multifeatur e audio segmentationfor browsing and annotation 1999[125]

Full descriptionof multifeaturesegmenation methodobgy and proposalof feature

set.Firstuserstudyfor evaluat seggmentationalgorithm
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3. Experimentsin computer-assistedannotation of audio 2000[128]
Seconduserstudyfor evaluatirg segmentation.Annotaton andthumbnaiing results
collected.The experimens were conductedwvith the help of the develgpedEnhance
Audio Editor userinterface.

4. Soundanalysisusing MPEG compressedaudio 2000[130]

Proposalof MPEG-basedcompressedlomain audio features. Evaluation of the
featuresbasedon Music/Speecltlassificatiorandsegmentation.

5. Marsyas: a framework for audio analysis2000[129]

An enhancegbublicationin a Jouranlof [124].

6. Audio Information Retrieval (AIR) Tools2000[127]
A high level overview of audioinformationretrieval. First descriptionof Timbre-
gramsandsimilarity retrieval evaluaton study

7. 3D Graphics Toolsfor Isolated Sound Collections2000[126]
Descriptionof 3D graphicsuserinterfaces.Introductionof Timbrespaceandsound
effect querygeneratorgPuCola,Gear etc).

8. MARSYA3D: A prototype audio browser-editor using a large scaleimmersive
visual and audio display 2001[131]
Descriptionof graphicauserinterfacesandarchitecture Emphass on useof interface

onthePrincetonDisplayWall.

9. Audio Analysis using the Discrete Wavelet Transform 2001[134] Investgation
of the DiscreteWavelet Transformfor audio classificationand beatanalysis. Beat

histogamsareintroduced.
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10. Automatic Musical Genre Classificationof Audio Signals2001[135] First paper

11.

12.

on musicalgenreclassification. Use of spectralfeaturesand beathistogramsfor

classification.

Audio Information Retrieval using Marsyas 2002[132] Chapterin book. High

level overview of Marsyasgessentiallya shortsumnary of this thesis.

Musical Genre Classification 2002[133] Detailed experimentsin musicalgenre
classification.Pitch Histogramsntroducedandusedtogetherwith spectralfeatures

andbeathisiogramsfeaturedor classification.



Appendix D

D.1 WebResoures

Webresourceselatedto theresearctpresentedn thisthesis:

http://s  oundlab.cs .princetone  .edu/demo. php

Demonstratns

http://lw  ww.cs.prin  ceton.edu/~ gtzan/mars yas.html

The Marsyassoftwareframework.

http://w  ww.cs.prin  ceton.edu/” gtzan/publ ications.ht ~ ml

My Publications.

http://w  ww.cs.prin  ceton.edu/~ gtzan/caud ition.html

Lots of webresourcegpeople conferences;ompaniespublicatons,etc)
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