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Abstract

Sonificationis the useof non-speech audio to con-
vey information. We are developingtools for interact-
ive dataexploration,which make useof sonificationfor
data presentation.In this paper, model-basedsonifica-
tion is presentedas a conceptto designauditory dis-
plays. Two designsare described: (1) particle trajec-
tories in a “data potential” is a sonificationmodelto
revealinformationabouttheclusteringof vectorialdata
and(2) “data-sonograms”is a sonificationfor datafrom
a classificationproblemto reveal informationaboutthe
mixingof distinctclasses.
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1 Intr oduction

The detectionof hiddenregularitiesin high dimen-
sionaldatasetsis onegoal of the work in the research
areaof datamining[4]. Structuresmay occurasa clus-
teringof thedata,ashierarchicalorganizationor in func-
tionaldependenciesbetweenthecomponentsof data.In
high-dimensionaldata this organizationis mostly not
obvious. This hasmotivatedthe developmentof var-
ious visualizationtechniquessuchasmultidimensional
scaling[3] or projectiononprincipalcomponents[8] that
attempt to createdimensionalityreduceddisplays in
which the “main” structureof thedatais morediscern-
able for humans. Thesemethodsare attractive, since
they transformthe given datainto a format that allows
usto invokeourhighly developedcapabilitiesfor detect-
ing evensutblevisualpatternsin images.However, we
arealsocapableto detectverysubtlepatternsin acoustic
sounds,which is exemplifiedto animpressive degreein
thefield of music,or in medicine,wherethestethoscope
still providesvery valuableguidanceto the physician.
While theseexamplesdemonstratethattheuseof sound
for detectingsubtlestructuresis an importantpraxisin
severalfields,it sofarhasfoundcomparablylittle atten-
tion in thefield of datamining,which maybedueto the
largerdifficulty to communicateaboutsoundin compar-
isonto visualization.

This paperpresentstwo new methodsfor acoustic
data presentation:listening to particle dynamicsin a
data potential revealsinformationaboutthe clustering
of data. Listeningto data sonogramsgivesan impres-
sionon resultsof a prior clusteringanalysis,e.g. on the
classbordersof a learnedclassification.Both methods
provide an extensionto earliersonificationapproaches,
which are mainly basedon the following four tech-
niques:� Auditory Icons: A suitableclassificationprocess

selectsoneof a setof soundpieces.Theseserve as
anauditorysign[6], whichmusteitherbelearnedor
intuitively understood.This methodis often used
for alarmsignalsandnavigationalcues.� Earcons:hereauditorysignsarecombinedto form
morecomplex messages,just asspokenwordsare
combinedto form sentences.� Audification: herethedatais directly translatedto
theaudibledomain[9], it is interpretedasatimese-
rieswhich directly controlstheaudiosignalampli-
tude.Thisis particularymeaningfulif thedataorig-
inatesfrom asystemdynamicevolving in time,e.g.
certainphysicalmeasurements.� Parameter Mapping: herethedatadrivesthepa-
rametersof a synthesizer, which may be imagined
asanwaveform-producingalgorithm.For eachdata
pointoneor moretonesaregeneratedwherethepa-
rametersof the events,e.g. time stamp,duration,
volume,pitch, envelopecharacterisics,brightness,
etc., arecontroledby the datavectorcomponents
[12]. Theresultcanbecalleda multi-dimensional
“sonicscatterplot”[10].

For high-dimensionaldata, both audification,audi-
tory iconsand earconsarevery limited and parameter
mappingis the richestmethod. Nevertheless,even pa-
rametermappinghassomeproblems:

Unique Mapping: there is no unique way of map-
pingbetweencomponentsandparameters.Thelis-
tenerthereforerequiressomelearningtime to get
acquaintedto a chosenmapping.Thenecessityof

brought to you by COREView metadata, citation and similar papers at core.ac.uk

provided by Publications at Bielefeld University

https://core.ac.uk/display/15972438?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1


parameterassignmentleadsfurthermoreto a com-
binatoricexplosionof possibilitieswith increasing
dimensionality.

Limited dimensionality: The dimensionalityof the
sonificationis limited by thenumberof parameters
of theselectedinstrument.

Invariance: the sonificationis not only sensitive to
structures,e.g. it’s not invariantto translationsor
rotationsof thedata.

Independence/Perceptual Uniformity: Someof the
instrument parametersare perceptually coupled
(e.g. durationand pitch), someare perceptually
nonlinear.

Relationship: thesonificationis just thesuperposition
of independentevents. This sonificationmethod
has no possibility to exploit the relationshipbe-
tweendifferentdatapoints,e.g. the local density
of thedata.

To circumventmostof theseproblems,we proposea
differentview tosonification:whynotsonifydataspaces
by takingtheenvironmentalsoundproductionin ourreal
world as a model. Naturehasoptimizedour auditory
sensesto extract information from the auditory signal
that is producedby our physicalenvironment.Thusthe
ideais: ( � ) build avirtual scenariofrom thedata,( ��� ) de-
fine a kind of “virtual physics”that permitsvibrational
reactionof its elementsto externalexcitations,( ����� ) let
the userinteractively excite the systemand listen. We
call this scheme“model-basedsonification” becauseits
basisis the imaginationof a virtual data“material” for
the developmentof the sonification. Dependingon the
choiceof model, the sonificationproducessoundthat
maybemorepleasantthanaudifications,if thedynam-
ics followsanalogousrulesasrealworld soundgenerat-
ing systems.Themodelmaybedesignedto revealspe-
cific information,permittinga task-orientedmodelde-
sign.Furthermore,themodelmaybecontroledby avery
limited numberof parameters,making the sonification
easyto useandto understand.The learningeffort is as
well reduced.Having knowledgeof themodel,aninter-
pretationof thesoundis simplified.Themodelsmaybe
designedto be assignedto dataof differentdimension-
ality, leadingto a datapresentationeven for very high-
dimensionaldatawithoutdimensionalityreduction.

Thispaperis structuredasfollows: section2 presents
the conceptof model-basedsonificationsanddiscusses
the benefitsof virtual instruments. Section3 presents
anexamplemodel:particlesin a datapotential.Section
4 discussesthis modelandgivessomesoundexamples.
Section5 presentsthe datasonogrammodel. The last
sectionpresentsadiscussionof theresults.

2 Model-BasedSonification

In our world, normallypassive objectsaresilent. So
why shoulda datasetitself producesound?Soundoc-
curs,if asystembecomesexcited.Thesystemdynamics
leadsto a vibrationalreactionof somepartsof thesys-
temwhichis transmittedthroughthemediumto ourears
andweperceivethatassound.In many situations,when
we examinean object (e.g. shakinga bottle, knock-
ing on a table),we ourselvescausethis excitation,and
our auditoryperceptionis optimizedto usethis interac-
tion betweenactionand feedbackto draw information
from this. An importantaspectis, that the sounditself
emergesfrom a process,which is definedby theunder-
lying physics,whereastheinstrumentis givenby its ma-
terial structure.

Taking this view on soundproduction,thedesignof
a sonificationmodelconsistsin a “material design” in
a dataspace. The materialstructureis not only deter-
minedby the setupof the elements,but alsogiven by
the interactionsbetweenthe elements.A kind of “vir -
tual physics”mustbedefined,thatpermitsa vibrational
processanalogousas in real soundingmaterials. Thus
thedatamoreor lessdirectly becomesthesoundingin-
strument,which is examined,excited,or playedby the
listener. By a clever designof the virtual physics,the
modelcan lead to sonificationsthat facilitate the audi-
tory perceptionof importantstructuresin the data,e.g.
their clustering,themixing of distinctclassesin a clas-
sificationtaskor thelocal intrinsicdimensionalityof the
data,etc. To definea physicson theabstractdataspace,
theoreticalacousticscancontribute. Thevirtual physics
may be given by a set of differential equations,trans-
fer functionscandescribethesignalspreadingin space
and time. For efficient implementationof the model,
physicalmodel sound-synthesistechniquescan be ap-
plied [13]. Summarizing,thefollowing stepshave to be
carriedout to definea sonificationmodel:

Setup: definedynamicelements
Dynamics: defineinteractions

betweenelementsand
initial state

Excitation: define
user interaction modes

Auditory defineobservablesthat
Observables: contributeto theaudiosignal

Listener: definesoundwavetransfer
andreceiver characteristics

A sonificationmodeldeterminesthe structureof the
“datamaterial”,e.g. its stiffness,damping,resonances,
and other acousticproperties. Furthermorethe modes
of interactingwith thisnew materialor virtual objectare



determined.Likerealobjects,thevirtualdataobjectmay
be beaten,shaken, touchedor squeezed.The multidi-
mensionalityof soundmakesit awell usablemediumto
exploreabstractdata.

Theoretical Acoustics [11] and well established
soundsynthesismodelslike Digital WaveguideTheory
[13] or ModalSynthesis[2] yield ideasfor thedesignof
virtual instrumentsandmaterialsaswell astheirefficient
implementationfor soundsynthesis.

3 Model I: Particle Trajectories in a Data
Potential

Here, our goal is to receive information about the
clusteringof vectorial data. The sonificationis deter-
minedby thefollowing model: thedatapointsareinter-
pretedas“planets”,heldatfixedpositionsin dataspace.
Eachdatapoint contributesto a global datapotential.
The potential leadsto a “gravitational force” on parti-
cleswhich areinjectedinto the dataspaceto probethe
system.Differentfrom the ����	 -law in gravitation, here
the potential is chosento approximatea harmonicpo-
tential closeto the datapoint (which is relatedto har-
monicoscillationsandthereforepuretones),but which
is localizedsothat it vanishesfor largedistances.Such
a behaviour is shown by a negative gaussianbell. The
width of the “planet potential” determinesits “interac-
tion length” 
 andsotheresolutionof thedatapotential.
To renderthesonification,somedozensof particles(test
masses)areinjectedinto thedataspaceto probethepo-
tential. Theaudiosignalis takenasthesuperpositionof
their kineticenergy. Theprobingis repeatedwith differ-
entinteractionlengths
 , e.g.by decreasing
 exponen-
tially.

The potentialcan be comparedwith kernel density
estimation,a methodto fit the multivariateprobability
density. In thismethod,thewidth parameter(or interac-
tion length)mustbe properlyassignedto avoid overfit-
ting andoversmoothing.Indeed,the interactionlength
in thesonificationmodelis akind of blurringparameter.

Thedatapotentialfor adatasetwith � datapointsis
givenby ������������ � �����  �!��#" �� � � � (1)

with thedatapointpotentialor kernelfunction

�  	 �$�%"'&)(+*-,." 	0/1 
 /3254 (2)

As an alternative, �  	 �6�7" ���98  
 /$: 	 / � could be
used,which shows a similar behaviour. Both functions
areshown in fig. 1.
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Figure 1: The datapoint potential: (a) negative gaus-
sianbell ( 
 � � ), (b) modifiedcoulombpotentialand
(c) harmonicapproximation. Higher particle energies
leadto oscillationsin thenon-harmonicregime leading
to longeroscillationperiods. This causesthe sawtooth
shapeof tonesin thespectrogramin fig. 3.

Now asetof particles; � � 4<4<4>= with givenmass?
areinjectedinto thedataspaceat location

��A@ , subjected
to Newton’s law with a dampingterm?CB �� ED ���F"HGJI �K���.�L"NMPO�� QD � (3)

where M is a friction constantleadingto exponentially
decayingparticleenergy. [11]. The initial statesof the
particlesarechosenrandomly, eachwith thesametotal
energy RTS � �� � S � : �1 ?VU /S 4 (4)

Theobservableof eachparticle ; is its kineticenergy�/ ?WU /@ andtheover-all signalis takenastheir sum.The
systemsdynamicis integratedin a straightforwardman-
nerusingtheRunge-Kuttamethod.Figure2 illustratesa
datapotentialanda typicalparticletrajectory.
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Figure2: An exampletrajectory(left) of a particlein a
gaussiandistributedclusterin 2d andthedatapotential
(right) for a given 
 .

Now thesystemiscontroledby5parameters:thefric-
tion constantM , theinteractionlength 
 , theparticlesini-



tial energy

R
, particlemass? andtimestepX D

. X D
, ?

andM arescalingfactorsfor thetimeaxis,whereas
 andR
control the qualitative behaviour of the sonification.

Decreasing
 lowersthe centralforce, thusthe particle
massesarescaledwith ? �ZY �0
 / , which is appropriate
to compensatethateffect.

Thenext sectionwill presentsoundexamplesanddis-
cussthequalitativesystembehaviour.

4 Example: Listen to ThreeData Clouds

As an example data set, three gaussiandistributed
clusterswith differenta priori probabilitiesweretaken
in 2d space.For eachprobe50 particleswith identical
masswereinjectedand4000stepswerecalculated,cor-
respondingto anaudiosignalof 0.25secat a sampling
rateof 16000Hz. Theinteractionlength 
 wasexponen-
tially decreasedfrom a 
 � greaterthanthe largestdis-
tancebetweendatapointsto 
 / , smallerthanthesmall-
estdatapoint distancein 25 steps.Fig. 3 shows a short
timefourier transform(STFT)of theresultingaudiosig-
nal,usinga window sizeof = �\[ � 1 with 400samples
offsetbetweensuccessive frames.You canlisten to the
result,by playingthedemofile on thewebpage[7].

For large 
 (largeagainstthe datasetvariances)the
particleswill donearlyharmonicoscillationsin thedata
potential. All particlesthusproducetonesof the same
pitch. The total curvatureof the potentialminimum is
proportionalto thenumberof datapointsthatcontribute
to the potential,so that the toneis higherpitchedfor a
largerdataset.With decreasing
 moreandmorestruc-
turesgetaudible.First, thereis a tonalsplit for particles
oscillating orthogonaland parallel to the main covari-
ancedirection. Next, thereis a critical rangeof inter-
actionlength,wherepotentialhills grow betweenclus-
ters,but theparticleenergy is still high enoughto move
overthiswalls. Theresultingtrajectoriesaremoreor less
chaoticandcontributeacomplex mixtureof low pitched
andnoisy sounds,which areeasily recognized.These
soundsindicatethe separationof clustersat this length
scale. At some 
 , the potential throughsof the three
clustersseparatefrom eachother. Someparticlesendup
with theirmotionin oneof theclusters.Thisis perceived
asatonalsplit,whichoccursif theclustershavedifferent
“mass”.It canbeshownthataclusterwith � datapoints
yields a tone with frequency ] � 8 �6�^
 / ? . Thus,
clustersof the samesizeandshapecannotbe acousti-
cally distinguished.With decreasinginteractionlength,
the toneskeeptheir pitch until thedatapoint potentials
split again,leadingto a plateaufor eachcluster, whose
durationcorrespondsto the“clustercompactness”.With
further decreasing
 , the granularsubstructureof each
clustergetsaudible. At the end, all datapoint poten-
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Figure3: Spectrogramof thedatapotentialsonification
for a data set with (a) threepoint cloudswith differ-
ing a priori probabilities: (A) one tone in overall har-
monicpotential,(B) chaotictrajectoriesbetweenpoten-
tial troughs,(C) plateauwith 3 tones,onefor eachclus-
ter, (D) separationof clustermemberpotentials,(E) one
final pitchasall potentialshaveseparated.(b) onegaus-
siandistributedcluster:herenopitchplateauis obvious.
The uppercurvesare just the higherharmonicsof the
waveform.Thesawtoothshapeof thetonesis explained
in fig. 1

tial troughsare separatedand eachparticle endsin a
sameshapedpotential,which againresultsin tonesof
onepitch.

This sonificationis of rathershortduration(7.5 sec)
andcommunicatesalot of structuralinformation.Surely
a little trainingtime is improving userperformance.For
comparison,a sonification for a single gaussiandis-
tributedclusteris shown thereaswell andmay be lis-
tenedto on the web page[7]. As thereis no clustered
substructure,thetonesdirectlydropto thefinal pitch.

In its current form, the methodis computationally
quite demanding,becausefor eachtime step G �

must
be evaluated,which dependson all particlesinvolved.
Look-up-tablesandparticlepotentials�  	 � with limited
supportmayhelpto reducecomputationtime.

5 Model II: Data Sonograms

As a secondmodel, data sonogramsare presented.
This sonificationmodelwasdevelopedto listen to vec-



torial dataof a classificationproblem.Furthermoreit is
applicableto exploretheresultsof a prior classification
process.A commonquestionin classificationproblems
is theseparabilityof distinctclasses,which is a prereq-
uisite for the selectionof a classifier(e.g. a perceptron
is well-suitedfor linear separableclasses),and which
shouldbecomeaudiblewith thissonification.

The sonification is determinedby the following
model: eachdatapoint is fixed with a springto its po-
sition in the _ dimensionaldataspace.Thuseachpoint
canperformvibrationalmovementsaroundits position
which is determinedby anexternalexcitation,themass
of thepoint, thestiffnessof thespringandthespecified
dissipationrate.

In our modelwe give all points the samemass,but
we let thestiffnessof thespringbecontroledby the lo-
cal environmentof thepoint. Specifically, we chooseit
proportionalto the local classentropy ` . Seekingthe Y
nearestneighboursandcalculatinga classmemberhis-
togram,thelocalclassmixing entropy is givenby`ba "dc�@ ����e @gfih e @.j (5)

where = is the numberof distinct classes,and e @ is
the probability densityfor a memberof class ; at this
point. Theprobabilitiescanbeestimatedby thenumber
of classmembersin class; amongthe Y thnearestneigh-
bours.Theclassentropy is low for datapointssurounded
by membersof thesameclassandhigh in regionswhere
themembersof differentclassesmix. Thefriction force
is given by the local datadensity, which may be esti-
matedby thereciprocalsizeof thesphere,in which theY nearestneighbourswerefound. To excite the data,a
shockwave is emanatedfrom acertainposition,e.g.the
centroidof all membersof aselectedclass,whichspher-
ically expandsthroughthe dataspace,asshown in fig.
4. Thedatapointsareexcitedto vibrationsaroundtheir
positionas the shockwave arrives. The listeneris as-
sumedto bepositionedat theshockwavecenterandthe
sonificationis just thesuperpositionof all soundingdata
points.

Again, the model is controledby a small numberof
parameters:the number Y of neighbours,the mass? ,
a constantrelatingthe springstiffnessto the entropy `
andtheshockwave speedwhich maybeadjusted.Each
parameteris easily understoodand leadsto expected
changesof thesonification.

As anexample,the“iris data”[1] set,which consists
of 3 clustersin a 4 dimensionalspace,2 of themhav-
ing anoverlap,is sonified.Herewe only monitoredthe
tonesfrom membersof the selectedclass,whosecen-
troid is alsothe startingpoint for the shockwave. The
sonificationgivesanimpressionabouttheclassborders:

Shock wave center

Class A
Class B

k-nearest neighbours

Figure4: Illustrationof anemanatingshockwave. All
datapointsareexcited to vibrationsaroundtheir posi-
tion as the shockwavefront reachesthem. The spring
stiffness(andthusfrequency) is determinedby thelocal
classentropy, the dissipationrateis givenby the recip-
rocalvolumeof thek-nearest-neighbour-sphere. To ex-
amineclassbordersbetweentwo classes,the centerof
massof thefirst selectedclassis takenastheshockwave
centerandonly thetonesfor thefirst classaresonified.

the separationof class1 and2 is audibleas all points
havethesamebasicpitchof minimalentropy. Theover-
lap betweenclass2 and3 is audible:thehigherpitched
tonescomefrom datapoints which are locatedin the
classborder. Sounddemosmay be found on the web-
page[7]. Fig. 4 shows a shorttime fourier transformof
thedatasonogram.

A drawbackis themissingspatialresolution.All sig-
nals from the shockwave sphereare perceived at the
sametime. Herea usefulextensionof themodelcould
be to position the listenerin the planespannedby the
first two principalcomponentsof thedatasetandsynthe-
sizestereoaudiosignals.With thisextensionit mightbe
furtherpossibleto codepositionalinformationin phase
differencesbetweentheleft andright channel.

6 Discussion

Sonificationaddressesaso-far largelyunderusedper-
ceptualchannelfor man-machine-interaction.Datacan
thusbe experiencedin a new way, which bearsthe ad-
vantageof a deeperand possiblyricher understanding
of datastructures.As sonificationis a multidimensional
presentation,it may prove especiallyuseful for multi-
variatedataanalysis.Theconceptof Model-BasedSoni-
ficationpresentedin this papercontributesanapproach
to designdatasonificationsthatbothpermitintuitive in-
teractionswith thedataandallow generalizationsto ar-
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Figure5: DataSonogramsof iris dataset. The shock
wave startsat centroidof class2, (a) ` only includes
membersof class2 and1, (b) ` only includesmembers
of class2 and 3. Here the classoverlap is audibleas
higherpitchedtones.

bitrary datadimensionality. The modelmay further be
specializedto highlight certainaspectsof the dataand
thereforecan form a good basisfor an “acoustictool-
box” for dataexploration.

Sonificationmaybeagoodaid for rapidscreeningof
datasincean auditorystreamcanbe “consumed”with
comparablelittle effort. We think that an even higher
potentiallies in its useasa new methodfor interacting
with data, particularly when usedin conjunctionwith
visualization. However, it is rathereasyto refer to de-
tails in visualdisplayssimply by pointing,which makes
communicationwith otherseasyand fast. This is dif-
ferentfor auditorydisplays. Here,thereis no straight-
forwardequivalentto pointing. Moderncomputertech-
niquesmayoffer new waysto overcomethis limitation,
which would enhancetheusefulnessof sonificationfur-
ther.

Up to now, researchon sonificationfor dataanalysis
is justbeginningandfurtherexperiencehasto begained.
It shouldbementionedthattrainingis requiredto distin-
guishsonificationsandto interpretethemcorrectly. A
goodexampleis given by the car mechanicwho often
is highly proficient in diagnosingmany causesof mal-
functionacousticallydueto his long training. Likewise,
in familiar domains,suchastheperceptionof language,
we all arewell trained“experts”andcandiscover sub-
tle featuressuchas small but importantdifferencesin
prosody. Therefore,in addition to the developmentof
sonificationmodelsthatconvey usefulinformation,em-
pirical researchaboutthelearnability, reliability andus-
ability will becomeanimportantrequirementfor amore
quantitative assessmentof the performanceof different
sonificationstrategies.

Like every method,sonificationwill not be the best

choicefor all problems,but alreadyhasshown to besu-
perior thanothermethodsfor somequestionsandsome
kind of data[5]. ExploratoryData Analysis will gain
themostprofit, if thebestsuitedmethodsarecombined
andusedsynergetically. We hopeto addressthis point
in moredepthin futurework focussingon thedevelop-
mentof usefulsonificationmodelsandtheir integration
for multimodaldataexploration.
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