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Abstract

Thispaper describesan automated tool for clas-
sifying tone quality (aquality related to timbre).
Thistool providesreal-timevisualfeedbacko
playersof clarinet to help improve tone pro-
ductiontechnique.A neuralnetworkarchitec-
ture is employedo build a graphical biofeed-
backdevicethatallowstheuserto immediately
Osee@hatchangesn techniqudeadto better
tone-quality. The tone is also classified and
probability estimatesire shownin abar graph,
giving quantitative feedback to the user

Intr oduction

In musicalsounds timbre is that quality which is left

afterpitch, durationandintensityareaccountedor; it is

the quality that distinguisheghe instrumentsin an or-

chestra.However onceaninstrumentandits pitch have
beenidentified, therestill remainsto be evaluatedhe
tone-quality of theinstrument relative to other instruments
of its type. Tone-qualityis aprimaryway of distinguish-
ing skilled playersfrom noviceones,andarefinedtone
is acommongoalof all instrumentalists Becauseone-
quality perceptionis a refinedskill that beginningstu-
dentsoften havedifficulty with, anautomatedool that
can provide continuousmulti-modal feedbackis desir

able as a pedagogical tool.

Tone quality is a featurethat is difficult to analyzein
physicalandmathematicatermsbecauseét dependn
a greatnumberof parametersThefact thatthe human
auditory system can make distinctions and decisions con-
cerningtone-qualitywithout difficulty, in spite of this

high dimensionality, has led researchers to study the
mechanismdby which biological auditory systemscan
achievesuch areductionin dimensionality. Connectionist
approachessuchasKohonen§self organizingmapal-
gorithm, seema logical approachto this problem,par
ticularly in light of thefactthatseverakindsof ordered
featuremapsare known to appearn humanstructures
for sensoryperceptiong.g.,in somatosensonmyapscon-
nectedwith the senseof touch,tonotopicorganizationn
the primary auditorycortex,retinotectaimappingin the
primaryvisual cortex,etc.

Laden[1] hasstudiedneuralnetworkbasednethod<or
identifying pitch from complexsignals,and Cosi et al
[2] andToivainen[3] haveinvestigatecheuralnetwork
basednethoddor identifyingwhichinstrumenhaspro-
ducedasignal(timbre). Self-oiganizingmapshavebeen
usedby anumberof researcherfor artificially modeling
timbre classification(Cosi [2]; Feiten& Gunzel[4]),
while others have employed similarity scaling techniques
to determineacoustigoarametersontributingto percep-
tion of timbrein psychologicakubjectsusingMultidi-
mensionalScaling(MDS) to map similarity ratings of
numerousamplesnto alow-dimensionakpacgWedin
[5], Grey[6]). A widely acceptedesultof severalof
these experimentsis Grey@ Timbre space, athree dimen-
sional spacefor clusteringtimbre usingMDS. Grey®
timbre spaceis successfubecauséts threedimensions
canberoughlylabeledasdescribinga) powerspectrum
b) synchronicityin attack,andc) presenceof high fre-
guency inharmonic noise in the attack stage.

While the presentstudyis not a studyof timbre but of
tone-qualityclassification,tone-qualityis a similar at-
tribute,in somerespectsimply a morerefinedkind of
timbre classificationthat further describeslifferentin-
strumentsand playersoncetheir instrument hasbeeniden-
tified. Thusit is reasonabléo assumeahattone-quality
perceptionis processedy mechanismsjuite similar to



timbre perceptionandthat similar methoddfor investi-
gationcanbeuseful.In particularis it possibleto embed
tone-qualitymetricsinto a very low-dimensionakpace
while retainingsignificant similarity information?Our

work investigatesthis question for atwo-dimensional to-

pological spacethat can be readily visualized,and an-
swersit in theaffirmative. Thisresultformsthecorefor

a powerful feedbackandtutorial systemfor improving

clarinettonequality.

Like previousstudiesthis studyused-ourieranalysigo
preprocessamplesproducinganauditoryimagewhich
is thenpresentedo a self-oiganizingmap. As previous
researcherbavepointedout, using Fourier analysisto
produceanauditoryimageeffectively eliminatesuseful
time-domain information, which Grey@timbre space has
shownto besignificantin timbre perception.However
while time varying effects such as high frequency
inharmonic noisein the attack stage areimportant iniden-
tifying particularinstrumentsthis studywas primarily
concernedvith steadystatetone-colorsfor a singlein-
strumentmakingthe attackparametersf GreyGspace
lesssignificant. However this studywould ideally in-
cludebetterconsideratiormf time-varyingeffectsaswell
as provide better auditory modeling (such as cochlear
modeling) for simulating the physical mechanisms of
soundperception. Currentresearchndeedinvolvesin-
vestigationthe useof variousmethodssuchaswavelet
analysigo extractusefultime-domairinformationwhile
still consideringhefrequencyinformationthatis known
to be significant in perception.

The overall system architecture is depicted in Fig. 1.
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The following sections describe thefdiient compo-
nents in more detail.

Collecting and Pre-Processing the Data

A limited setof soundsamplesfepresentativef several
distinct tone qualities, were utilized to train the initial
network. Samplesveretakenwith a Sunamplified mi-
crophonausingtherecordingsoftwarebuilt into the Sun
OSonaROSSHyperstation.Thesesampleaveretaken
with 16 bits at a samplingfrequencyof 44.1 kHz and
were then edited and prepared for use on an Apple
Macintosh8600/30QusingMacromedia€soundEdit 16
version2.

TotrainthesystemaclarinetplayerfromtheUT School
of Musicprovided300sample®f clarinettonesof vary-
ing quality, whereeachsamplecouldbeclassifiedn one
of four classesof tonequality. In addition to the examples
of goodtone-qualitythreeexample®f poortonequality
were sampled eachidentified by what fault wasintro-
ducedinto the tone productionmethod. Thesewere 1)
closed throat, 2) low tongue position, and 3) poor air sup-
port. Samplesveretakenfor eachall of thesefour tone
qualitiesacrosghreepitches. The pitcheswerechosen
to representhethreeregistersof the clarinet(middle C
for the chalameau register, F2 for the clarion register, and
D3 for the altissimoregister)in orderto accountfor the
perceived change in timbre in each of these registers.
Indeed the harmoniccontentof eachregisteris slightly
different (essentiallylower harmonicsare removedas
the registernumberis increased)while harmoniccon-
tent of each tone-quality isrelatively uniformwithin each
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Figure 1. Theclarinettoneis first preprocessebly anFFT, andthepowerspectrunis normalized. Thefrequencyectoris thenused
to classifythepitch, whichis usedto decidewhichharmonicgo extractto form theharmonigpeakvector Thisvectoris fedintothe
appropriatsSOM,whoseresponseanMLP usedo classifythetoneswhile anintensitymapvisually displaysthemostintenseSOM

outputnoderesponses.



register

Once samples were collected, they were preprocessed
with awindowedFouriertransformusingWelch®aver
agedperiodogranmethodto produceanauditoryimage
suitablefor inputinto a SOM. Eachsamplewasdivided
into overlappingsectionsgachof which wasdetrended,
then hanning windowed, then zero-padded to length 8196.
Themagnitudesquaredf the DFTs of thesectionsvere
thenaveragedo form a power spectraldensityvector
This vectorwasnormalizedto makethe samplesnten-
sity invariant by forcing the maximum peak of each
sampleto beequalto 10dB. Finally, because¢he power
spectrumdensityvectorwasseverathousancelements
wide, the bands corresponding to the harmonic peaks
(typically appearingn integral multiples of the funda-
mentalfrequency)wereextractedo makeareduced-di-
mensionalvector of 32 elementsgcorrespondingo the
first 32 harmonicspresenin thetone (up to 12 kHz for
F2). Thisdimensiorreductionwasperformedprimarily
to reducecomputationakffort and speedup response,
butthereis alsoevidencehatasimilardimensiorreduc-
tion occursin the humanauditory system. Auditory fi-
berstendto fire in a Ophase-locked@y in responseo
low-frequencystimuli, resultingin amoreprominentre-
sponsein thosefrequencybandsthat areintegral mul-
tiplesof the principal stimulusperiod,thusemphasizing
thenatural harmonicsof musical instruments (Cosi 1994).
Thus, this methodof featureextractionhassomebio-
logical plausibility.

Training

Oncethetrainingsetwascollected a10x10hexagonally
connectedelforganizingmapwasconstructedisingthe

SOM
response
vector

SOM toolbox for Matlab. Dueto the differences between
registersthreeSOMsweretrained,onefor eachregister
Oncethe SOMsweretrained theresponsef eachSOM
to eachsamplewasrecordedyesultingin 270response
vectors,whereeachof the onehundredelementf the
vectorrepresentetheresponsef onenodeof the SOM.
In orderto helpvisually distinguishdifferentgroupings
of samplesthe twenty five strongestespondinghodes
wereisolatedby zeroingoutthelowervaluedresponses,
resultingin aone-hundreelementvectorwith seventy-
five zeroes and twenty-five non-zero values for each
sample. This forcedMatlabto makeall lower respond-
ing notes uniformly col ored when the SOM responsewas
displayed.

Theresponseectorsof the SOM to the elementof the
trainingsetwerethenusedasthetrainingsetfor amulti-
layer perceptronMLP), which usedthe high-response
isolatedvectorsasinputsandthelabelsof eachvectoras
theoutputs.A schematiof the MLP is shownin Figure
2. BecausdherewerethreeSOMs,onefor eachregis-
ter, therewerethreecorrespondindLPs, onefor each
SOM.

Output

Oncethe SOM andMLP hadbeentrained,a production
systemwas built which evaluatesnew samplesn real
time. Firsta sampleis takenusinga simple amplified
microphoneattachedto the computer This sampleis
thenpreprocesseih the sameway asthe original train-
ing samples:Thetoneis analyzedusingaSTFT, andthe
resulting vector isused to classify the pitch of the sample.
The pitch informationis usedto identify the sampleas
beingin registerone,two or three whichis thenusedto

I'1 = Good Tone

I'2 = Closed Throat

'3 =Low Tongue

r4=Low Air Pressure

Figure 2: The multilayer perceptron (MLP) is trained on the response vectors from the SOM. Each output node represents one

possible tone quality
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Figure 3: The output displgyshowing four example reponses on the left, the real-time response to tRenmerof the upper
right, andthe MLP psteriorclassprobablityestimate®n the bottomright.

decidewhich harmonicsshouldbeextractedo form the
32channehcousticaimage. Theregistelinformationis
alsoimportantin decidingwhich of thethreeSOMs(and
their correspondindVLP) to use. Oncethe 32 channel
imageiscreated, the vector is presented to the SOM, and,
asin thetrainingset,the25highestrespondinghodesare
isolatedby settingthevaluesfrom the 75 lowerresponse
nodego zero.

Thisresponse&ectoris thenusedin two ways. First,the
vectoris presentedo thetrainedMLP, which givesthe
newsamplea particularclassification. Theoutputof the
MLP is shownin a bargraph,sothatthe usercanvisu-

ally seehow closelytheirtonecorrespond$o oneof the
predefinedtlassesTheaccuracyof thisMLP wastested
in a leave-one-outross-validationandan accuracyof

93 percentwasobserved.

Secondtheresponse/ectoris plotteddirectly in a two
dimensional intensity map, where high responsesarerep-
resentedby colorsearlyin thespectrum(suchasredand
orange),while low intensity responsesre represented
by darker bluer colors. Figure3 showsthe outputdis-
play seen by the user

Thevisualoutputis enhancedh two furtherways. First,
in additionto thetwo displaysdescribedabove theuser
is alsoshownseveralexampleSOM responseso tone
samplesn thetrainingset. This way theusercanmake
visual comparisons between his tone and other tones.

Secondthe entireprocesf matchinganddisplayinga
tone sampletakeslessthana secondso the display of
the use tonequality canbe updatedn nearrealtime.
The sampling classifyinganddisplayingalgorithmsare
placedin a continuousloop, so that the displayis up-
datedslightly fasterthanoncepersecond.Theresulting
effectis thatachangingone-qualityappearso resultin
a moving color region on the two-dimensional map.

Conclusions

The SOM andMLP makefor novelandusefultoolsfor

musicalanalysisandpedagogy This is anexcellentex-

ampleof how useful neuralnetworksare for working

with extremelynoisyandmathematicallypoorly charac-
terized data like musical signals.

Thereareseveralwaysin which this systemcanbeim-
proved. First,it would beusefulto allow manydifferent
clarinetiststo testand provide feedbackaboutthe sys-
temto find moreusefulwaysfor representingone-qual-
ity andpossiblesolutions. Currentresultsarebaseden-
tirely on the opinionsof oneexpertplayer Secondbe-
cause preprocessing is based on Fourier analysis, this
machinds currentlyonly capableof providingfeedback
aboutsteady-stat®longonesOlt is not capableof pro-
viding feedbaclabouttheattackor decaystageof notes,
nor canit responceffectivelyto time-varyingchangesn
tonecolor thatthe moreadvancedtlarinetplayerspro-
duce. Furthermorewhile the clarinetplayersat UT do



not usevibrato, someclarinetistsdo, as do many other
instruments.To thisend,currentresearclis investigating
theuseof waveletanalysigo replacethe Fourieranalysis
module of the systemin orderto identify invariantfea-
turesin thetime-domainsamples.This makeshe caseof
feature reduction much moredifficult, asthereisno method
asstraightforwardas selectingintegral harmonicsavail-
ablehere. Onepossibledirectionis theuseof Kohonen®
adaptivesubspac&OM, which hasbeenshownto spon-
taneouslygeneratea wavelet-likesolutionthroughtrain-
ing. Until these possible measures areimplemented, how-
ever we must be satisfied with long tone results.
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