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ABSTRACT

Most of the currenttools for working with soundwork on sin-

gle soundfilesuse2D graphicsandoffer limited interactionto the
user In this paperwe describea setof tools for working with col-

lectionsof soundghatarebasedninteractive 3D graphics.These
toolsform two families: soundanalysisvisualizationdisplaysand
model-basedontrollersfor soundsynthesisalgorithms.

We describethe generaltechniquesve have usedto develop
thesetoolsandgive specificcasestudiesrom eachfamily. Several
collectionsof soundswere usedfor developmentand evaluation.
Theseare:asetof musicalinstrumentonesasetof soundeffects,
a setof FM radio audioclips belongingto several musicgenres,
andasetof mp3rock songsnippets.

1. INTRODUCTION

Thereare mary existing tools for soundanalysisand synthesis.
Typically thesetoolswork on singlesoundfilesanduse2D graph-
ics. Someattemptsat using 3D graphicshave beenmade(like
Watergll spectograndisplays)but typically they offer very lim-
ited interactionto theuser

In this paperwe describesomerecentlydevelopedtools that
arebasedbn interactive 3D graphics.Thesetools canbe grouped
into two families. The first family consistsof visualizationdis-
playsfor soundanalysis. The secondfamily consistsof model-
basectontrollersfor soundsynthesislgorithms.Theprimarymo-
tivation behindthis work hasbeenusing 3D graphicsfor experi-
mentingwith large collectionsof soundsratherthansingleaudio
files.

Eachtool is parametrizedy its inputsandoptions. We have
tried to decouplethe tools from a specificanalysisfront-endand
synthesisback-end. This is achiered throughthe use of differ-
ent mappingsof analysisor synthesisdatato the tool inputsand
a genericclient-serer architecture. That way otherresearchers
caneasilyintegratethese3D graphicgoolswith theirapplications.
Thetool optionscontrolthevisualappearanceCollectionsof mu-
sicinstrumentones soundeffects,FM radioaudioclipsbelonging
to severalmusicgenresandrock mp3songsnippetsvereusedfor
developingandevaluatingthesetools.

An additionalmotivation for the developmentof thesetools
is thatrecenthardwareis fastenoughto be ableto handleaudio
analysisor synthesisand 3D graphicsrenderingat realtime. All
the describedools run on commodity PCswithout ary special-
purposehardvarefor 3D Graphicsor SignalProcessing.
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2. SOUND ANALYSISVISUALIZATION DISPLAYS

Visualizationtechniqueshave beenusedin mary scientific do-
mains.They take advantageof the strongpatternrecognitionabil-
ities of the humanvisual systemto reveal similarities, patterns
and correlationsboth in spaceandtime. Visualizationis more
suitedfor areaghatareexploratoryin natureandwherethereare
large amountsof datato beanalyzedik e soundanalysisresearch.
Soundanalysisis a relatively recentareaof research.lt refersin
generalo ary techniquehathelpsacomputer‘understand’sound
in asimilarway thatahumandoes.Someexamplesof soundanal-
ysisareclassificationsegmentationretrieval, andclustering.The
useof 3D graphicsandanimationallows for display of morein-
formationthantraditionalstatic2D displays.

Soundanalysisis typically basedon the calculationof feature
vectorsthat describethe spectralcontentof the sound. Thereare
two approacesor representing soundfile. It canberepresented
asasinglefeaturevector(i.e a pointin the high dimensionafea-
turespace)r atime seriesof featurevectors(i.e atrajectory).

As ourfocusis the developmentof toolsandnotthe optimum
featurefront-endwe are not going to describein detail the spe-
cific featureswve have used.Moreover animportantmotivationfor
building thesetoolsis exploring andevaluatingthe mary possible
featuresthat are available. For more detailsaboutthe supported
featuresreferto [1]. The featuresusedinclude meansand vari-
anceof SpectralCentroid(centerof massof spectrumacorrelate
of brightness) SpectralFlux (a measureof the time variation of
the signal), SpectrolRolloff (a measureof the shapeof the spec-
trum) and RMS enegy (a correlateof loudness).Otherfeatures
areLinearPredictionCoeficients(LPC) andMel Frequeng Cep-
stral Coeficients (MFCC) [2], which are perceptuallymotivated
featuresusedin speechprocessingandrecognition. In addition,
featuresdirectly computedrom MPEG compressedudiocanbe
used[3, 4]. Informationaboutthedynamicrangeof thefeaturess
obtainedby statisticallyanalysingthe datasetf interest.

PrincipalcomponentanalysigPCA) s atechniquéor reduc-
ing ahighdimensionafeaturespaceo alowerdimensionabnere-
tainingasmuchinformationfrom the original setaspossible.For
moredetailsreferto [5]. We usePCA to mapa high dimensional
setof featuresinto a lower dimensionalset of tool inputs. The
extraction of a principal componenamountsto a variancemaxi-
mizing rotationof the original variablespace.In otherwords,the
first principal components the axis passingthroughthe centroid
of thefeaturevectorsthathasthe maximumvariancethereforeex-
plains a large part of the underlyingfeaturestructure. The next
principal componentriesto maximizethe variancenot explained
by the first. In this manner consecutie orthogonalcomponents
areextracted.
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Figurel: Timbregramsfor speeb andclassicalmusic(RGB)

Clusteringrefersto groupingvectorsto clustershasedntheir
similarity. For automatedclusteringwe have usedthe c-means
algorithm[6]. In mary casegheresultingclusterscanbe percep-
tually justified. For exampleusing12 clustersfor thesoundeffects
datasebf 150soundyyieldsreasonablelusterdik e a clusterwith
almostall thewalking soundsanda clusterwith mostof thescrap-
ing sounds.Usingvisualizationtechniquesve canexplore differ-
entparameterandalternatve clusteringtechniquesn aneasyand
interactve way.

2.1. Casestudies

e TimbreGram isatoolfor visualizingsoundr collections
of soundswherethe featurevectorsform a trajectory It
consistof aseriesof verticalcolor stripeswhereeachstripe
correspondso a featurevector Time is mappedfrom left
to right. Therearethreetool inputs correspondingo the
threecolor componentdor eachstripe. The TimbreGram
revealssoundghataresimilar by color similarity andtime
periodicity For examplethe TimbreGrams of two walk-
ing soundswith differentnumberof footstepswill have the
sameperiodicity in color. PCA canbe usedto reducethe
featurespaceo thethreecolor inputs. The currentoptions
areRGB andHSV spacecolormapping.

Fig. 1 shavs the Timbregramsof six soundfiles (each30
seconddong). Three of them contain speechand three
containclassicaimusic. Although color informationis lost
in the greyscaleof the paper music and speechseparate
clearly Thebottomright soundfile (opera)is light purple
andthe speectsggmentsarelight green. Light andbright
colorstypically correspondo speector singing(Fig. 1 left
column). Purpleand blue colors typically correspondo
classicaimusic(Fig. 1 right column). Of course the map-
ping of featuresto colors dependwon the specifictraining
setusedfor the PCA analysis.

e TimbreSpace is a tool for visualizing soundcollections
wherethereis a singlefeaturevectorfor eachsound.Each
sound(featurevector)is representedsa singlepointin a
3D space. PCA canbe usedto reducethe higherdimen-
sional featurespaceto the input X, y, z coordinates.The
TimbreSpaceevealssimilarity andclusteringof soundslin
addition coloring of the points basedon automaticclus-
tering and boundingbox selectionis supported. Typical
graphicoperatordik e zooming,rotatingandscalingcanbe
usedto interactwith the data. A list of the nearespoints
(sounds}o themousecursorin 3D is providedandby click-
ing at the appropriateentry the user can hearthe sound.
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Figure2: GeneGramshowingmalespealkr and sports

Sometimest is desirableto automaticallyhearthe sound
pointswithout having to selectthemindividually. We are
exploring theuseof principalcurves[7] to to move sequen-
tially throughthis space.

TimbreBall is atool for visualizingsoundswherethe fea-
ture vectorsform atrajectory Thisis areal-timeanimated
visualizationwhereeachfeaturevectoris mappedo thex,

y, z coordinateof asmallball insidea cube.Theball moves
in the spaceas the soundis playing following the corre-
spondingeaturevectors.Texturechangesreeasilyvisible

by abruptjumpsin the trajectoryof the ball. A shadev is

providedfor betterdepthperception(seeFig. 3).

GenreGram is adynamicreal-timeaudiodisplaytargeted
towardsradio signals. The live radio audiosignalis anal-
ysedin real-timeandis classifiedinto 12 cateyories:Male,
Female Sports Classical,Country Disco, HipHop, Fuzak,
Jazz,Ro, SilenceandStatic Theclassificatioris doneus-
ing statisticalpatternrecognitionclassifierstrainedon the
collectedFM-radio dataset.For eachof thesecateyoriesa
confidencemeasurerangingfrom 0.0to 1.0, is calculated
andusedto move up or down cylinders correspondingo
eachcategory. Eachcylinderis texture-mappeavith arep-
resentatie imageof eachcategory. The movementis also
weightedby a separateclassificationdecisionaboutif the
signalis Music or Speeh. Male, Female and Sportsare
the Speeh catgyoriesand the remainingare music. The
classificationaccurag is about90% for the Music/Speet
decision,80% for the Speeh categyories,and45% for the
Music cateyories. The focusis the developmentof the dis-
play tool thereforethe classificationresultsare not a full
scaleevaluationandareprovidedonly asareference.

In additionto beinga nice demonstratiortiool for real-time
automaticaudioclassificationthe GeneGram givesvalu-
ablefeedbackboth to the userandthe algorithmdesigner
Differentclassificatiordecisionsandtheirrelative strengths
arecombinedvisually revealingcorrelationsandclassifica-
tion patterns. Sincethe boundariesbetweenmusicgenres
arefuzzy, adisplaylike this is moreinformative thansin-
gle classificatiordecision. For example,mostof thetimes
arap songwill trigger Male Speeh, Sportsand HipHop.
This exactcaseis shawvn in Fig. 2.
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Figure3: TimbreBallandPuColaCan

3. MODEL-BASED CONTROLLERSFOR SOUND
SYNTHESIS

The goal of virtual reality systemss to provide the userthe illu-
sionof arealworld. Althoughgraphicsealismhasimprovedalot,
soundis very differentfrom whatwe experiencen therealworld.
Oneof the mainreasonss thatunlike the realworld, objectsin a
virtual world do not make soundsaswe interactwith them. The
useof pre-recorded®CM soundsdoesnot allow thetype of para-
metric interactionnecessaryor realworld sounds.Therefore3D
modelsthat not only look similar to their realworld counterparts
but alsosoundsimilar arevery important.

A numberof simpleinterfaceshave beenwritten in Java3D,
with the commonthemeof providing a user controlledanimated
object connecteddirectly to the parameterof the synthesisal-
gorithm. This work is part of the Physically Oriented Library
of Interactve SoundEffects (PhOLISE)project[8]. This project
usesphysicaland physically-motvatedanalysisand synthesisal-
gorithms such as modal synthesis,bandedwaveguides[9], and
stochastigarticlemodels[10], to provide interactve parametric
modelsof real-world soundeffects.

Modal synthesids usedfor soundgeneratingpbjects/systems
which can be characterizedy a relatively few resonantmodes,
andwhich are excited by impulsive sourcegstriking, slamming,
tapping,etc.). Bandedwaveguidesare a hybridizationof modal
synthesisandwaveguide synthesig11], andaregoodfor model-
ing modal systemswhich canalso be excited by rubbing, scrap-
ping, bawing, etc. Stochastigarticle modelsynthesigPhISEM,
PhysicallyInspired StochasticEvent Modeling) is applicablefor
soundscausediy systemswhich canbe characterizedby interac-
tions of mary independenbbjects,suchasice cubesin a glass,
leaves/grael underwalking feet,loosechangen apoclet, etc.

Theseprogramsareintendedo bedemonstratiomxamplesof
how sounddesignersn virtual reality, augmentedeality, games,
andmovie productioncanuseparametricsynthesisn creatingbe-
lievablereal-timeinteractve sonicworlds.

3.1. Casestudies

e PuCola Can shawn in Fig. 3 is a 3D modelof a sodacan
thatis slid acrossrarioussurfacetextures.Theinputparam-
etersof the tool arethe sliding speedandtexture material
andresultin the appropriatechangeso the soundin real
time.

e Gear is a3D modelof agearthatis rotatedusinga slider.
The correspondingoundis areal-timeparametricsynthe-
sisof the soundof aturningwrench.

Figure4: GearandParticles

e Feet is a 3D model(still underdevelopment)of feet step-
ping on a surface. The main input parametersare gait,
heel/toetiming, heelandtoe material,weight and surface
material.A parametriqhysicalmodlingof humanwalking
thendrivesboththe graphicsandsynthesisnodels.

e Particles is a 3D particle model of particles(rocks, ice
cubesgtc)falling onasurface. Thedensity speecandma-
terial input parametersire driving both the 3D modeland
thecorrespondinghysicalmodellingsynthesislgorithms.

4. IMPLEMENTATION-DATASETS

The soundanalysisis performedusingMARSYAS [1] anobject-
orientedframawork for audioanalysis.Thesoundsynthesiss per
formedusingthe Synthesidroolkit [12]. Thedevelopedtoolswrit-
tenin Jasa 3D actasclientsto the analysisandsynthesisseners.
The softwarehasbeentestedon Linux, Solaris,Irix andWindows
(95,98,NT)systems.

Four datasetsvere usedasthe basisfor building andtesting
ourtools. Thefirst datasetonsistof 913isolatedmusicalinstru-
mentnotesof bowed, brassand woodwind instrumentsecorded
from theMcGill MUMS CDs. The seconddatasetonsistsof 150
isolated contactsoundscollectedfrom various soundeffects li-
braries.This setof 150soundeffectsis composeaf everyday“in-
teraction”sounds By interactionwe meansoundghatarecaused
and changeddirectly by our gesturessuchas hitting, scraping,
rubbing,walking, etc. They rangein sizefrom 0.4to 5 seconds,
and are the focus of two other projects,one on the synthesisof
interactionsoundsandoneon the perceptiorof suchsounds.The
remainingtwo datasetsare 120 FM radio audioclips, represent-
ing avariety of musicgenresand1000rock songsnippetg30sec
long)in mp3format.

Thesedatasetsvere usedto build the soundanalysisvisual-
izationtools. Usingrealisticdatasetsis theonly way to detug and
evaluatevisualizationtools. In additionto featureextractiontech-
nigues,clusteringand PCA requirea training datasetin orderto
work. Evaluatingvisualizationtechniquess difficult andwe have
not performedary directuserstudieson thevisualizationsystems
(althoughwe have performedsegmentatiorandsimilarity retrieval
studieonthedatasets)We have foundthatthetoolsmake percep-
tual senseandin somecaseshave provided uswith insightsabout
the natureof the dataandthe analysistechniquesve canuse.
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5. FUTURE WORK

The main directionsfor future work are the developmentof al-

ternatve sound-analysivisualizationtools and the development
of new model-basedaontrollersfor soundsynthesishasedon the

sameprinciples.Of coursenew analysisandsynthesisalgorithms
will requireadjustmenbf our existing tools and developmentof

new ones. More formal evaluationsof the developedtools are
plannedor thefuture. Integratingthemodel-basedontrollersinto

arealvirtual ervironmentis anotheirectionof futurework.
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