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Abstract

The goal of this paperis to provide a techniqueto esti-
matethe input parametes for a waveyuide physicalmodel.
Thiswork is motivatedby the fact that the input parametes
stronglyinfluencethe quality of the syntheticsoundproduced
by the model. Thoughwe examinethe caseof a bowedstring
instrumentthistechniqguecanbeusedto estimatgparametes
of otherself-sustainedscillators. We furthermoe describea
computernimationof a violin playerwhosemotionis driven
by the estimatecparametes.

1 Intr oduction

One of the characteristicef physicalmodelsis that the
variationof input parametersvertime influenceshe quality
of thesynthesisalmostasmuchasthe precisionof themodel
itself.

In this paperwe proposeto estimatethe main parameters
that a violinist can control with his/herright hand,i.e. the
bow force,bow velocity andbow positionof a bowed string
physicalmodel.

Previoussimilarwork (1) usedatwo layerneuralnetwork
in orderto reconstructheinput parameterfrom thetime do-
main waveform. However, differenttime-domainrepresen-
tationscanleadto a perceptuallyequivalentresult. For this
reasonwe preferto performthe estimationusing frequeng-
domainfeaturesasdescribedelow.

As shawn in figure 1, recovering the input parameters

from theacoustiovaveformcorrespondso invertingthemodel.

Ideally, it would be niceto invertthe modelanalytically but
in the caseof the bawed string this is not possible,because
it is a nonlineardynamicsystemwith no known analytical
form. Furthermore the inverseis not necessarilyunique,
sincemary combination®f bowing parameterproducenom-
inal Helmholtz motion. For this reasonwe use a pattern-
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Figurel: Top: maininputparametersf abowedstringphys-
ical modelwhosecombinationproducethe Helmholtz mo-
tion. Bottom: inversionof the model,i.e. reconstructiorof
theinput parametergrom the acoustiovaveform.

recognitionbasedapproactasdescribedn thefollowing sec-
tion.

2 Pattern recognitionbasedapproach

We discretizethe input parameterspaceinto 10 values
each,for bow force, bow velocity and bow position. Bow
force varies between0.01 and 5 N, bow velocity between
0.02to 2 m/s while bow position varies between0.01 and
0.4, where0 correspondso the bridgeand 1 correspondso
the nut. Theserangescontainthe playability region of the
modelasdescribedn (4). This gives1000parameteclasses
of 800samplesachatafundamentafrequeng of 147 (cello
D string)andata samplerateof 44100Hz. Ourgoalconsists
of identifying the parameterclassfrom the acousticwave-
forms.



3 Featureselection

For eachof thetime-domainwaveforms,we performlin-
earpredictionin orderto retainonly the importantfeatures
of the signals spectralervelope. We retain a vector of 13
LPC coeficientsperwaveform. Next we transformthe LPC
featurespaceusingprincipal componentinalysis(PCA) (6).
PCA is a linear transformationwhich returnsa set of fea-
ture vectorswhere eachcomponentis maginally uncorre-
latedwith othercomponentscrossall featuredatairrespec-
tive of class.Within eachclass,however, theindividual fea-
ture vectorsmay be correlated. However the correlationis
usuallymuchlessthanin theoriginal featurespaceallowing
further simplificationof the statisticalmodel.

3.1 Estimating the bow position

Dealingwith 1000classesvould decreas¢heperformance
of our classifier dueto insufficient training data. Therefore,
to reducethe numberof classesye decidedto estimatethe
bow positionindependentlyusingspectrabomaintechniques
asproposedn (5). In this paper the plucking point is de-
terminedby minimizing the absolutevalue of the error be-
tweenthe ideal string magnitudespectrumandthe sampled-
dataspectrum.This is a regressiorratherthanclassification
basedapproach.After bow positionis identified 100 classes
remainfor the differentvaluesof bow force andvelocity.

4 Classificationalgorithm

4.1 Description of the algorithm

Letp(z|C},) denotetheconditionaldistribution of thefea-
ture vectorz givenoneof the hundredclassesy. To better
respondo theempiricalvariationin bowedstringwaveforms,
we modelp(z|C},) asamixtureof n Gaussians:
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wherey_"_, pj =1

The parametes {p;}7_;, {pk;j}j=1, and {Zx; }7-
unknavn. Additionally, we constrainX; = og; - Inxa.

To learnthe parameter®f the densityp(z|C}), we use
the ExpectationMaximization (EM) algorithm (2). Addi-
tionally, we mustknow the prior distribution of eachclass,
P(C}) which we assumeto be uniform. Hence,the joint
probability of thefeaturevectorandclassis completelyspec-
ified: P(z,Cy) = p(z|Cy)P(C}). We developour classifier
to minimize expectedloss wherethe expectationis with re-
spectto P(z,C}). We incur loss L(k, j) wherethe correct
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classis C; andour classifierreturnsC.
theoptimal classifieris givenby:

Accordingto (6),

argmmZL (k,7)P(z,C;)

Jj=1

Cly) = Ck

Choicesof Loss Matrix

*

e Binary lossWith binary loss Lo(k, j) = 14j=1}, the
averagedossgivesthe percentagenisclassified.

Binarylossis notrealisticfor our parameteestimation
task becauseagrosserrorsin estimatinginput parame-
ters(from faravay classesyre penalizedthe sameas
small errors(from neighboringclasses) Furthermore,
thesensitvity of binarylossincreasesvith the resolu-
tion of the classsubdvision. To remedythis we de-

scribetwo alternatves: Euclideanandplayability loss.

¢ EuclideanlossTheEuclidianlossis givenasfollows.
Let Finin, Finax, Vmin, Vmax denotetherangesasgiven
in (2). Then,define

_ F,—F \° Vi-Vi \°
Lo(k,j) = (#) + (#)
Fmax - Fmin Vmax - Vmin
In the caseof Euclideanloss, we penalizeaccording
to a normalizedEuclideandistancein force-velocity
spacesothatlargeerrorsarepenalizednorethansmall

errors. Definethe pair { F;, V;} asthe centroidof the
regionin force-wvelocity spacecorrespondingo C;.

¢ Playability lossA drawbackof Euclideariossis, though
parametersnay be“close” in force-velocity spacethe
effect on the soundwill be appreciable.This is espe-
cially true whenthe true valuesof force and velocity
correspondo Helmholtzmotionbut the estimatedal-
uesdo not, or vice versa. Let P C [Fmin, Fmax] X
[Vimin, Vmax] describeheplayability regionfor Helmholtz
motionin force-welocity space Thenwe define
Ly(k,j) = 1({{Fs,Vi}ePIn{{F;,Vs}ePe)
TP VIdePIn{{F;, Vs ePY)

Averageplayability loss approximateghe classifica-
tion errorwith respecto the playability region.

4.2 Classificationresults

Figure 2 shaws the resultsof the classificationalgorithm
in the caseof binary loss versusnumberof Gaussians.We
obtainabout75% correctclassificationsn thecaseof 13LPC
coeficients.



All the averageloss figures were obtainedrunning the

classificatioralgorithmusing100independentestwaveforms.

In orderto testthe influenceof the numberof features
in the classificatione testedthe percentagef succesver-
susPCA dimension.Theresultsshov how the classification
is completelyunreliablewhenlessthan4 featuresare used,
while the resultsusing betweens and 13 featuresarerather
comparable.

Figures3,4,and5 show theresultsof theclassificatioral-
gorithmin caseof, respectiely, Euclidean,Playability, and
Combinedloss, again plotted versusPCA dimension. The
combinedloss function is probablythe mostuseful for pa-
rameteiidentification,asit requiregparameteestimateso be
accurateand givesa specialpenaltyfor misclassifyingwave-
formswith respecto the playability region. To evaluatethe
combinedosswe addthe normalizedquadraticandplayabil-
ity losses.The normalizationis doneso that the theoretical
maximumlossin eithercases 0.5.
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Figure2: Percentagef successf theclassificatioralgorithm
in the caseof binarylossfor differentdimensionf the fea-
turespace.

Figure3: Averagequadraticdossfor differentdimensionsof
thefeaturespace.
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Figure4: Averag€eplayability’ lossfor differentdimensions
of thefeaturespace.
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Figure 5. AveragedcombinedEuclideanand 'playability’
lossfor differentdimensionf thefeaturespace.

5 Application

We memed the parametersestimationtechniquewith a
computeranimationframeawork to createan animationof a
violinist which runsin realtime on a standard”C. The sim-
ulation is accurateenoughto realistically reproducethe ex-
pressve motionof the playet

Using OpenGLto implementthe animationallows usto
createareal-timegraphicalnterfacedrivenby theaudiophys-
ical model. The keyframedanimationsarebuilt in 3DSMax,
andimportedin the OpenGLinterface. The controllers’ac-
tivity thentriggersspecialanimations. The sceneis mainly
madeof a 12000polygonmeshof a humanskeleton,a 1400
polygonmeshof aviolin anda 110 polygonmeshof a bow.

In orderto animatethe characterandto usethe inverse
kinematicsimplementationsncorporatedn 3DSMax, each
boneof the skeletonis attachedo a wire architecturegen-
eratedby CharacterStudio’s biped plugin. Eachindividual
phalanxneedso bepreciselylinkedto the bipedstructurein
orderto enablethe skeletonto performthe movementsnec-
essanyto play theviolin.We build independenanimationgor
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Figure 6: The squaresshov the combinationsof input pa-
rameterghatallow to achieve Helmholtzmotion(in logarith-
mic scalefor bow positionbetaandbow force). This is the
playableregion of themodel.

independenimovements:oneanimationperbow stroke, one
animationper string played,and so on. Onceloadedin the

OpenGL program,the biped structureallows interpolations
betweerthe differentanimationssothatthe skeletoncanre-

spondto severaltriggeredeventsat the sametime (e.g: play

onthe G stringandmove to the 3rd position).

6 Merging soundsynthesisand anima-
tion

A two-threadmplementations requiredfor operationin
real-time.Onethreadhandlessoundsynthesisthe otherhan-
dlestheanimation

Theanimationthreadalsohandleghecontrollers’activity
andchangewariablesthatthe soundthreadreadsto produce
the music. Data continually flows throughthe controllers’
threadandthesoundthreadretrievesits informationasquickly
aspossible. The soundthreadis actuallygivena higher pri-
ority thanthe controllersthread.

7 Conclusions

In this paperwe proposed classification-basechnique
to estimateheinput parameter$or bowed-stringwaveforms
synthesizedisingthe physicalmodelof (4). Ourtechniqués
ableto reconstructhe bow position,bow force andbow ve-
locity inputs given recordedsteady-statevaveforms. These
inputscanbe usedto controltheanimationof a virtual violin

Figure7: Mirtual violinist playingthe A string.
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