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ABSTRACT

The humanability to recognize,identify andcompare
soundsbasedon their approximationof particularvowels
providesanintuitive,easilylearnedrepresentationfor com-
plex data.Wedescribeimplementationsof vocaltractmod-
elsspeci�cally designedfor sonificationpurposes.Themod-
elsdescribedarebasedonclassicalmodelsincludingKlatt[1]
andCook[2]. Implementationof thesemodelsin MatLab,
STK[3], andPD[4] is presented.Varioussoni�cation meth-
odsweretestedandevaluatedusingdatasetsof hyperspec-
tral imagesof coloncells1 � 2.

1. INTRODUCTION

Soni�cationof highly dimensionaldataby directlymapping
datato synthesisparametersis often limited by the lack of
an auditory model that will ensurecoherentand intuitive
sonicresults.Our explorationof alternativeshave focused
uponvocal tractmodelswith the rationalethat recognition
andcategorizationof vowels is a highly developedfeature
of humanauditoryperception.To this endwe have imple-
menteda numberof vocaltractmodelsincludinga formant
�lter modelbasedon Klatt[1], anda physicalmodelbased
on[2]. In thispaperwedescribethemodel,its implementa-
tion andits implicationsin thesoni�cationof complex data.

2. FORMANT-FILTER-BASED VOCAL SYNTHESIS

Whenidentifying dissimilarsoundssuchashumanvowels,
thehumanauditorysystemis mostsensitive to peaksin the
signalspectrum.Theseresonantpeaksin thespectrumare
calledformants(Figure1). Formantfrequenciesfor human
vowelsvaryaccordingto thespeaker type(man,woman,or
child) andsex (male,female),aswell asthe typeof vowel
uttered.In 1952,PetersonandBarney[5] measuredformant

1RyanJ. Cassidysupportedby the NaturalSciencesandEngineering
ResearchCouncilof Canada.
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frequenciesof humanvowels andsuggestedcontrol meth-
ods.

0 500 1000 1500 2000 2500 3000 3500 4000
-60

-50

-40

-30

-20

-10

0

Frequency (Hz)

M
ag

ni
tu

de
 (

dB
)

Figure1: Spectrumof vocalutteranceof thevowel/i/ asin
team. Thesmoothline envelopingthe lower spectrumcor-
respondsto thevocal tract transferfunction. Theresonant
peaksof thiscurveare calledformants.

In 1980,Klatt[1] presenteda methodfor vocalsynthe-
sis that usesthe �rst few formantpeaksasresonantpeaks
in a source-�lter model3(Figure2). In his model,he used
spectrallyrich soundsas excitation sources. The sources
arethen�ltered by a bankof resonators(con�gured either
in seriesor parallel),whoseresonantpeakscorrespondto
formantpeaksof thevowel to be synthesized.The ampli-
tude,bandwidth,andcenterfrequency of eachformantpeak
playanimportantrole in thesimulationof humanvowels.

LikeKlatt, wehavechosenaband-limitedimpulsetrain
asan excitation sourcesince,in voicedphonation,glottal

3In the context of vocal soundproduction,a source-�lter model as-
sumes,roughlyspeaking,thatthetime-varyingair pressurewaveformpro-
ducedat theglottis is �ltered by thevocaltractin orderto producedistinct
sounds.Thesource-�lterconceptwasintroducedby Fant[6].
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Excitation Sources
(voiced/unvoiced)

Vocal Tract Transfer Fuction
(resonators in cascade

 or in parallel)
Synthesized Voice

Figure2: Klatt'ssource-�lter modelfor vocalsynthesis.Ra-
diation of the output pressure at the noseand lips to the
environmentis not shown.

foldsopenandcloseperiodically, producingapulse-likeex-
citation.

As hasbeenmentionedearlier, in addition to formant
frequencies,the amplitudeandthe bandwidthof eachfor-
mantpeakhelp determinethe quality of the outputsound.
This is whereformant-�lter-basedsynthesismay be used
in the soni�cation of highly-dimensionaldata. For exam-
ple,by mappingthedatato theamplitudesandbandwidths
of the formantpeaksin a vowel sound,distinct vowel-like
soundswill beproducedfor differentdatapoints. Further-
more,by selectingvowel typeswhosesonoritiesareasper-
ceptuallydistantaspossible,andmappingthedatabetween
thesesounds,we canmaximizethepossibilityof dataclas-
si�cation via soni�cation.

3. CASCADED-TUBE-SECTION VOCAL
SYNTHESIS MODEL

Themodelfor soundsynthesisthatwehavechosenis based
on a vocal tract modeldevelopedby PerryCook[2]. The
vocal tract is approximatedby a seriesof acoustictubes,
eachwith a distinctlengthandradius.

Themodelmaybederivedasfollows:
First, considera single cylindrical tube with constant

cross-section
�������	��
	�

�
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de-
noting the pressure(in Newtonsper squaremeter)andthe
volumevelocity(in cubicmeterspersecond)in thetube(re-
spectively) atposition

�

andtime
�

, it canbeshown thatthe
tubesupportswave propagation,with the solutionsto the
waveequationyielding
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denotethe left- andright-going
componentsof the traveling pressureandvolume-velocity
waves(respectively).

It canfurtherbeshown that



�

�)�

� �

� !#"

�,+

!

�-�

�
�

���

�.�

� !�"

�

(3)

andsimilarly, for theleft-travelingwavecomponent,
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where + is thedensityof �uid in thetube(in kilogramsper
cubicmeter),

!

is thespeedof soundin thetube(in meters
per second),and

�0�

is the aforementionedcross-sectional
tubearea.

If we de�ne theacousticimpedanceof thetubeas

1
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thenwe havethefollowing relations:
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wherewe have omittedthe argumentsof the pressureand
volume-velocityfunctionsfor convenienceof notation.

Thus,we canmodelwave propagationin a singletube
asa pair of delays(onefor the left-traveling wave compo-
nentandonefor theright-travelingwave component).The
lengthof eachdelay, in seconds,is givenby

3#4

�
�65

�!

�

(8)

where5

�

is thelengthof thetube(in meters).For adiscrete-
time simulation,thenumberof samplesof delaynecessary
is thusgivenby

784

�
�:9<;

3�4

�
�

(9)

where
9=;

is thesamplingrate(in Hz). Note that this value
maywell beanon-integer;techniquesfor simulatinganon-
integerdelayarediscussedin [7].

When a secondtube sectionwith different cross-sec-
tional area

�

�

�/�	��
	�

� is joinedto theendof the�rst tube,
themathematicalrelationshipsbetweenthe left- andright-
travelingwavecomponentsmaybederivedusingtheresults
statedabove:

By conservationof mass,thevolumevelocityof �uid in
the�rst tube(�o wing into thejunction)mustbeequalto the
volumevelocity of �uid in thesecondtube(�o wing out of

ICAD04-2



Proceedingsof ICAD 04—TenthMeetingof theInternationalConferenceonAuditoryDisplay, Sydney, Australia, July 6–9,2004

thejunction).Thuswe mayfurtherderive
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where �

� is the volume velocity in the secondtube, ���

�

and �
&

� arethecorrespondingleft- andright-travelingwave
components,
ED is thecommonpressureat thejunction,and

@A�

and
@

� arethe acousticconductances4 in the �rst and
secondtubesection(respectively).

If wenow de�ne thescatteringcoef�cient H as
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thenwe canre-write thescatteringrelationsEquation(17)
andEquation(20)asfollows:
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Note the scatteringcoef�cient H may alsobe written asa
functionof theradii of thetubesections:
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By joining additionaltubesectionsto theendof thepair
to form a cascade,we obtain an approximatevocal tract
model. The processis illustratedin Figure 3. The input
to the �rst tubesection(the left-mostsectionin Figure3)
representsthe back of the vocal tract (nearestthe glottal
folds),andtheoutputof thelast tubesectionrepresentsthe
point wherethetractends(at thelips). Theblocksbetween
thedelayelementsimplementtherelationsof Equation(22)
andEquation(23),andareknown asKelly-Lochbaumscat-
tering junctions(they occurin wave propagationwhenever
thereis animpedancediscontinuity).

4ConductanceN is simply theinverseof impedanceO , i.e. NQPSR

TGU

Figure3: Digital waveguidemodelof thehumanvocaltract,
with scatteringjunctionsbetweenadjacenttubesectionsto
accountfor changingradii (adaptedfrom[2]).

By modifyingtheradii of (or equivalently, thescattering
coef�cients between)the tube sections,the quality of the
outputsoundthatresults,whenawaveformis appliedto the
glottal input, will vary. It is this effect thatwe hopeto take
advantageof: by mappingthedatawe wish to sonify to the
radii or scatteringcoef�cients of thevocaltractsections,we
obtainanew soni�cation technique.

Oneimportantdetail thatremainsto bediscussedis the
natureof the waveform appliedto the input of vocal tract
model,or the glottal waveform. In short,the waveform is
well approximatedby an impulsetrain to which a lowpass
�lter is applied.More detailsmaybefoundin [2].

4. HYPERSPECTRAL TISSUE IMA GE DATA

We aimto applyoursoni�cation techniqueto hyperspectral
imagesof colontissue,thecollectionof which is discussed
in thissection.

The tissueimageshave beencollectedin cooperation
with theDepartmentof Applied Mathematicsat YaleUni-
versity. First, a seriesof slides,eachslidecontainingmore
than300microdots,eachmicrodotcorrespondingto a slice
of colon tissue(roughly 0.5 mm by 0.5 mm in size) from
a distinct patient,is prepared.Eachmicrodotmay corre-
spondto eithernormalor malignantcolon tissue. Next a
slide is chosenand illuminated with a tunedlight source
(capableof emitting any combinationof light frequencies
in the rangeof 450–850nm), andthe transmittedimageis
magni�ed 400Xby aNikonBiophotmicroscope.Themag-
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ni�ed imageis recordedwith a SensovationCCD camera.
Several imagesare taken, eachusinga differentcombina-
tion of light frequencies,consistentwith a techniqueknown
asHadamardspectroscopy. Theresultis animagewith 128
valuesperpixel,eachvaluecorrespondingto afrequency of
light in therange440–700nm (thefrequenciesareroughly
linearlyspacedacrosstherange).Eachhyperspectralimage
may be referredto asa datacube, with dimensions

�

by V

by 128,where
�

and V arethenumberof horizontalandver-
tical pixelsin theimage.More detailsmaybefoundin [8],
[9], and[10].

In thestudyof [10], 15datacubesof normalcolonictis-
sueand46 datacubesof abnormalcolonic tissuewerecol-
lected.Thedimensionsof eachdatacubeare491pixelsby
652pixelsby 128. In the following sectionsof this paper,
we focuson two suchdatacubes(oneof benigntissue,the
otherof malignanttissue),andillustratehow vocal soni�-
cationtechniques,afterdatapreprocessing,maybeapplied
to help distinguishthe tissueanalyzed. Figure4 shows a
grayscaleimageof thebenigntissue,andFigure5 shows a
grayscaleimageof themalignanttissue.
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Figure4: Grayscaleimage of benigntissueusedfor soni�-
cationexperiments.

5. DATA PREPROCESSING

Prior to soni�cation,severalpreprocessingstepsareapplied
to thedatacubes:

1. First the128dimensionsfor eachpoint in the image
arereducedto 16via principalcomponentsanalysis.

2. Next the16dimensionsarereducedto 5 usingatech-
niqueknownasLocalDiscriminantBases(LDB) (see
[11] for ageneraltreatmentand[10] for detailsin this
speci�c application).
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Figure 5: Grayscaleimage of malignant tissueusedfor
soni�cation experiments.

3. Finally, the 5 dimensionsare reducedto 3 using a
Nearest-NeighbourClassi�cationtechnique,againdis-
cussedin [10].

The�nal resultis animagewith 3 valuesperpixel: the
�rst denotingthe probability that the pixel belongsto an
abnormalnucleus,thesecondbeingtheprobabilitythatthe
pixel belongsto a normalnucleus,andthe third beingthe
probability that thepixel doesnot belongto nucleictissue.
More detailsmaybefoundin [10].

6. IMPLEMENT ATION AND RESULTS

6.1. STK Implementation of Cook'sVocalSynthesis

To quotethemanual,“The SynthesisToolKit (STK) is aset
of opensourceaudiosignalprocessingandalgorithmicsyn-
thesisclasseswritten in C++” [3]. STK classeshave been
successfullyintegratedinto prior soni�cation projects(see,
for example,[12]). TheSTK alreadycontainsC++ classes
for vocalsynthesis,namelyFM synthesis[13] andformant-
�lter -basedsynthesis[1]. However, no classis availablefor
vocalsynthesisusingCook'scascaded-tube-sectiontractmodel
describedin Section3. For this reason,a C/C++ class,
readyfor integrationinto the STK, hasbeenwritten from
scratch. The classis called VoicTract (cf. the STK
classVoicForm , whichperformsformant-�lter-basedsyn-
thesis),andhasbeendesignedwith an interfacesimilar to
otherSTK instruments.

6.2. Parameter Mapping and DistancePreservation

Therearevariouspossibilitiesfor choosingthesoni�cation
mappingW from thedata X to thesynthesisparametersY .
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In generalweexpectthischoiceto bedata-andapplication-
dependent.However, all goodsoni�cationmapsshouldpre-
servedistancesbetweenthedata;thatis, theperceptualdis-
tancesbetweenthesoundsproducedshouldbeproportional
to thedistancesbetweenthecorrespondingdatapoints.Math-
ematically, we require Z\[

�����

V

�?]

Z\^

�

W

�����_�

W

�

V

���

, for any
two datapoints

���

V , where Z\[ is a distancein dataspace
and Z\^ is the perceptualdistancein soundspace.This re-
lationshipensuresthat distantdatapointswill be mapped
to soundsthat areperceived asbeingvery different,while
nearbydatapointswill be mappedto soundsperceived as
similar. While �nding a quantitative distancebetweendata
points is usually straightforward (though often data- and
application-driven),thedistancein perceptualspacehasmost
oftento bestudiedempirically[14]. However, oncethetwo
distancesaregiven,theproblemof �nding amapsatisfying
theconditionabovecanbesolvedmathematicallyandalgo-
rithmically in ef�cient andoptimalways(e.g.[15], andref-
erencestherein).Anothercriteriona goodsoni�cation map
shouldsatisfyis that it shouldbeeasilylearned.This con-
straintshoulddrive the selectionof the soni�cation space
and its parameters.As mentionedin the introduction,the
vowel soundsareverynaturalto thehumanauditorysystem
andeasilyrecognizable,whichmakesthemgoodcandidates
for a targetsoni�cation space.

In our situation,the dataspaceX is threedimensional
(the coordinatesbeing the threeprobabilities

�




�
�

M`M`M

�


Ba

�

describedabove),andwecouldnaturallymapit to thespace
of vocaltractswith threesegments.We thenmapthecoor-
dinate
�b (appropriatelyrescaled)in X to the radiusof the

c

th segment. This mappingshouldpreserve the discrimi-
nationbetweenvarioussetsof probabilities,so thatdiffer-
encesbetweenthe soundscorrespondingto varioustissue
typescanbeheardwhensonifyingdifferentportionsof the
slide. Othersoni�cation mappingsarepossible(for exam-
ple, mappingthe

c

th coordinatein X to the lengthof the
c

th tract, or eachcoordinatein X onto a different vowel,
with intensityproportionalto the valueof the coordinate,
etc.),andwhile thechoicedescribedmaygiveagoodresult
for this particulardata,further investigationof the percep-
tualdistancepropertiesof thesoni�cation spaceneedsto be
performedto hopefullydiscoveroptimalmappings.

6.3. Preliminary Soni�cation Using Cook'sModel

In the examplesof [2], Cook assumesa vocal tract with 8
tubesections,eachasinglesampleof delayin length.Then
analgorithm(describedin [2]) is usedto determinethesec-
tion radii requiredto producevariousvowel sounds(e.g.the
vowel /i d / heardin theword team, or / e / of theword took).
For our preliminarysoni�cation attempts,we focuson two
vowel sounds:let


IfKfKfL�hg
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� k�l`m

(25)

denotethe radii requiredto producethe sound/i d / of the
word teamandlet
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(26)

denotethe radii requiredto producethesound/a/ asin fa-
ther. Finally, let


v�hg 
I�w


�xj`jtj




kyl`m

(27)

denotetheradii chosenfor animagepointselectedfor soni-
�cation.

As a preliminarysoni�cation attempt,we adoptthefol-
lowing simplemap:takethesecondelement


�

of thethree-
dimensionalvectoratagivenpoint(thiselementcorresponds
to the probability that the selectedpoint belongsto abnor-
mal nucleictissue).Thenusethis valueto maplinearly be-
tweenthetwo vowel sounds:


v�(��
qfKf�fG�y

nonop

�
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M

(28)

When a point with a high probability of belongingto ab-
normalnucleictissueis selected,thevowel /i d / will bepro-
duced,whereaswhena point not having a high probabil-
ity of belongingto abnormalnucleictissueis selected,the
vowel sound/a/ will dominate.

Figure6 shows a colour imageof benigncolon tissue,
with the threeaforementionedprobabilitiesrepresentedby
thecoloursred,green,andblue. Similarly, Figure7 shows
animageof malignanttissue,with thesamecolourscheme.
Figure8 showsa spectrogramof thevowel /i d / producedby
our implementationof Cook's vocal tract model,andFig-
ure9 showsaspectrogramof thevowel /a/producedby the
implementation.Note thedifferencein the intensityof the
partialsfor eachvowel. Thesesoundsareproducedwhen
redandnon-redpoints(respectively) in eitherimagearese-
lected.

6.4. Soni�cation via Formant-Filter -BasedVocal Syn-
thesis

WeusedKlatt's formantvocalsynthesistechniqueto sonify
thedatacubeswith threedimensionsperpixel (asdiscussed
above). In orderto generatesoundsasperceptuallydistant
aspossible,weselectedthreedifferentvowelsthataremost
physicallydistantfrom eachotherin thevowel chartby the
InternationalPhoneticAssociation(Figure10). In addition,
we assignedeachvowel to a distinct speaker type (man,
woman,or child), to increaseperceptualdistancebetween
the target sounds. Finally, we generatedcontrol parame-
tersfor vocalsynthesisusinga linearcombinationof three
vowel sounds,whoseweightsaredeterminedby thedatato
besoni�ed.

In our experiments,we usedthreeformantfrequencies
andthefundamentalvowel frequency ascontrolparameters,
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Figure6: Benigncolon tissueimage, with the 3 probabil-
ity dimensionsrepresentedby the colours red, green,and
blue. Note the red sections(indicating abnormalnucleic
tissue)all correspondto non-nucleictissue, so the mis-
classi�cationin thesepatchesof redis notserious.
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Figure7: Malignantcolon tissueimage, with the3 proba-
bility dimensionsrepresentedby thecoloursred,green,and
blue.
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Figure8: Spectrogram of the vowel /i z / (as in team), pro-
ducedwhena point with high probability of belongingto
abnormalnucleictissueis selected.
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Figure9: Spectrogramof the vowel/a/ (as in father), pro-
ducedwhena point with low probability of belongingto
abnormalnucleictissueis selected.
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Figure10: Vowelsplottedaccordingto thepointof primary
obstructionby thetongueandthemouthduring thearticu-
lation of thevowelsound(from the InternationalPhonetic
Association).

andwechosethreevowel types:themale/i/, thefemale/a/,
andachild's /u/. Thenwe have
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where
9

{

is the fundamentalfrequency thatdeterminesthe
pitch,

9

b is the
c

th formantfrequency,
9

b

�

;C‰tf
noŠ

fK‹

� Œo•�€

f

ƒ is
c

th
formant frequency for a speaker of type speaker uttering
the vowel vowel, and the 
�b s are given by the aforemen-
tioned probabilitiesfor a selectedpixel. Using the above
datamappingto control paramtersfor vocal synthesis,we
could have threedifferent criteria in the auditory domain
thatcouldhelpusclassifymulti-dimensionaldata.For ex-
ample,with 


�Q�2J

and 
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, we would gener-
ate the pure soundof a man's /i/, andwe could conclude
with greatcon�dence that the databelongsto the appro-
priate class. On the other hand,sonifying the datawith
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would result in a sound
betweena woman's /a/ anda child's /u/, but closerto the
latter, from which we couldclassifythedatapoint accord-
ingly. It is alsopossibleto controlotherparameterssuchas
amplitudesand/orbandwidthsof formantpeaks.

The spectraof Figure11 show someexamplesof syn-
thesizedvowelsusingtheabovedatamappingmethod.

7. CONCLUSIONS

Initial experimentswith avarietyof vocaltractmodelssug-
gestthathumanability to easilyidentify vowel-like sounds
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Figure11: (a) Spectrumof the vowel /a/ (as in father) as
utteredbya woman,producedwhena pointwith highprob-
ability of belongingto normalnucleictissueis selected.(b)
Spectrumof thevowel/i/ (as in team) asutteredby a man,
producedwhena point with high probability of belonging
to abnormalnucleictissueis selected.

is promisingfor intuitivesoni�cation. Ourexperimentswith
formant-�lters anda physicalmodelof thevocal tractpro-
videarich domainfor soni�cationwith theprinciplebene�t
of producingsoundsthat thehumanauditorysystemis in-
natelyconstitutedto recognizeanddistinguish.This feature
addressesthe needfor intuitive soni�cation paradigmsin
which many dimensionscontribute to a particularcategor-
ical classof sounds.The humanability to recognizemul-
tiple simultaneouslysoundedvowels [16] further suggests
thepotency of vocal-like soundsfor soni�cation [17]. The
implicationsfor soni�cation arebroadandwe continueto
explorethebene�tsandchallengesof this approach.
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