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Abstract

Thegoal of this paper is to provide a techniqueto esti-
matethe input parameters for a waveguidephysicalmodel.
Thiswork is motivatedby the fact that the input parameters
stronglyinfluencethequalityof thesyntheticsoundproduced
by themodel.Thoughweexaminethecaseof a bowedstring
instrument,thistechniquecanbeusedto estimateparameters
of otherself-sustainedoscillators. Wefurthermoredescribea
computeranimationof a violin playerwhosemotionis driven
by theestimatedparameters.

1 Intr oduction

Oneof the characteristicsof physicalmodelsis that the
variationof inputparametersover time influencesthequality
of thesynthesisalmostasmuchastheprecisionof themodel
itself.

In this paperwe proposeto estimatethemainparameters
that a violinist cancontrol with his/herright hand,i.e. the
bow force,bow velocity andbow positionof a bowedstring
physicalmodel.

Previoussimilarwork (1) usedatwo layerneuralnetwork
in orderto reconstructtheinputparametersfrom thetimedo-
main waveform. However, different time-domainrepresen-
tationscanleadto a perceptuallyequivalentresult. For this
reasonwe preferto performtheestimationusingfrequency-
domainfeatures,asdescribedbelow.

As shown in figure 1, recovering the input parameters
fromtheacousticwaveformcorrespondsto invertingthemodel.
Ideally, it would benice to invert themodelanalytically, but
in the caseof the bowed string this is not possible,because
it is a nonlineardynamicsystemwith no known analytical
form. Furthermore,the inverseis not necessarilyunique,
sincemany combinationsof bowingparametersproducenom-
inal Helmholtz motion. For this reasonwe usea pattern-
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Figure1: Top: maininputparametersof abowedstringphys-
ical model whosecombinationproducethe Helmholtz mo-
tion. Bottom: inversionof the model,i.e. reconstructionof
theinput parametersfrom theacousticwaveform.

recognitionbasedapproachasdescribedin thefollowing sec-
tion.

2 Pattern recognitionbasedapproach

We discretizethe input parameterspaceinto 10 values
each,for bow force, bow velocity and bow position. Bow
force variesbetween0.01 and 5 N, bow velocity between
0.02 to 2 m/s while bow position variesbetween0.01 and
0.4,where0 correspondsto thebridgeand1 correspondsto
the nut. Theserangescontainthe playability region of the
modelasdescribedin (4). This gives1000parameterclasses
of 800sampleseachata fundamentalfrequency of 147(cello
D string)andatasamplerateof 44100Hz. Ourgoalconsists
of identifying the parameterclassfrom the acousticwave-
forms.
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3 Featureselection

For eachof thetime-domainwaveforms,we performlin-
earpredictionin order to retainonly the importantfeatures
of the signal’s spectralenvelope. We retain a vectorof 13
LPC coefficientsperwaveform. Next we transformtheLPC
featurespaceusingprincipalcomponentanalysis(PCA) (6).
PCA is a linear transformationwhich returnsa set of fea-
ture vectorswhereeachcomponentis marginally uncorre-
latedwith othercomponentsacrossall featuredatairrespec-
tive of class.Within eachclass,however, the individual fea-
ture vectorsmay be correlated. However the correlationis
usuallymuchlessthanin theoriginal featurespace,allowing
furthersimplificationof thestatisticalmodel.

3.1 Estimating the bow position

Dealingwith 1000classeswoulddecreasetheperformance
of our classifier, dueto insufficient trainingdata. Therefore,
to reducethe numberof classes,we decidedto estimatethe
bow positionindependently,usingspectraldomaintechniques
asproposedin (5). In this paper, the plucking point is de-
terminedby minimizing the absolutevalueof the error be-
tweenthe idealstringmagnitudespectrumandthesampled-
dataspectrum.This is a regressionratherthanclassification
basedapproach.After bow positionis identified100classes
remainfor thedifferentvaluesof bow forceandvelocity.

4 Classificationalgorithm

4.1 Description of the algorithm

Let ������� �	��
 denotetheconditionaldistributionof thefea-
turevector � givenoneof thehundredclasses�	� . To better
respondto theempiricalvariationin bowedstringwaveforms,
we model������� �	�

 asamixtureof � Gaussians:

������� � � 
�� ��������� �	� ���� � �	� � � ���! #"%$&�')(�*,+�-/.10325476 $-/. '8(�*,+�-/.10
where 9 ������ � � � �

The parameters : � �<; ������ , :>= � ��; ������ , and : � � ��; ������ are
unknown. Additionally, we constrain� � � �@? � �A�CBD FE5 .

To learn the parametersof the density ������� � � 
 , we use
the ExpectationMaximization (EM) algorithm (2). Addi-
tionally, we mustknow the prior distribution of eachclass,G �H� � 
 which we assumeto be uniform. Hence,the joint
probabilityof thefeaturevectorandclassis completelyspec-
ified:

G ����I!�	�

J�K������� �	��
 G �H�	��
 . We developour classifier
to minimizeexpectedloss, wheretheexpectationis with re-
spectto

G �3�LI!�	��
 . We incur loss M �ON,IOPQ
 wherethe correct

classis � � andour classifierreturns � � . Accordingto (6),
theoptimalclassifieris givenby:NQRS� T�U!V
WYX8Z� [������ M �ON,IOPQ
 G ���LI\� � 
]�^��_5
�� � �D`

Choicesof LossMatrixa Binary lossWith binary loss, Mcb �HN7IOPQ
d�fehg�i �7j�k , the
averagelossgivesthepercentagemisclassified.

Binary lossis not realisticfor ourparameterestimation
taskbecausegrosserrorsin estimatinginput parame-
ters(from faraway classes)arepenalizedthe sameas
small errors(from neighboringclasses).Furthermore,
thesensitivity of binary lossincreaseswith theresolu-
tion of the classsubdivision. To remedythis we de-
scribetwo alternatives:Euclideanandplayability loss.a Euclidean lossTheEuclidianlossis givenasfollows.
Let lLmon p I lLmoq�r I!s mon p I\s moq�r denotetherangesasgiven
in (2). Then,define

M  �ON,IOPQ
t� u l �wv l �lLmoq�r v l�mon p7x  zy u s �wv s �s moq�r v s mon p7x  
In the caseof Euclideanloss, we penalizeaccording
to a normalizedEuclideandistancein force-velocity
space,sothatlargeerrorsarepenalizedmorethansmall
errors. Definethe pair :>l�{ I\s { ; asthe centroidof the
region in force-velocityspacecorrespondingto � { .a Playability lossA drawbackof Euclideanlossis, though
parametersmaybe“close“ in force-velocityspace,the
effect on the soundwill be appreciable.This is espe-
cially true when the true valuesof force andvelocity
correspondto Helmholtzmotionbut theestimatedval-
uesdo not, or vice versa. Let |~}�� l�mon p I l�moq1rF���� s mon p I!s moq1rF� describetheplayabilityregionfor Helmholtz
motionin force-velocityspace.Thenwe defineMo� �ON,IOPQ
�� e ' g\g��#�
� �c� kD���ok�� g\g��
�1� �L� kD�����\k 0y e ' g\g��#��� �c� kD��� � k!� g!g����1� ��� kD���ok 0
Averageplayability loss approximatesthe classifica-
tion errorwith respectto theplayability region.

4.2 Classificationresults

Figure2 shows theresultsof theclassificationalgorithm
in the caseof binary lossversusnumberof Gaussians.We
obtainabout�
��� correctclassificationsin thecaseof 13LPC
coefficients.



All the averageloss figures were obtainedrunning the
classificationalgorithmusing100independenttestwaveforms.

In order to test the influenceof the numberof features
in theclassification,we testedthepercentageof successver-
susPCA dimension.Theresultsshow how theclassification
is completelyunreliablewhenlessthan4 featuresareused,
while the resultsusingbetween5 and13 featuresarerather
comparable.

Figures3,4,and5 show theresultsof theclassificational-
gorithm in caseof, respectively, Euclidean,Playability, and
Combinedloss, againplotted versusPCA dimension. The
combinedloss function is probablythe most useful for pa-
rameteridentification,asit requiresparameterestimatesto be
accurateandgivesaspecialpenaltyfor misclassifyingwave-
formswith respectto theplayability region. To evaluatethe
combinedlossweaddthenormalizedquadraticandplayabil-
ity losses.The normalizationis doneso that the theoretical
maximumlossin eithercaseis �#� � .
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Figure2: Percentageof successof theclassificationalgorithm
in thecaseof binary lossfor differentdimensionsof thefea-
turespace.
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Figure3: Averagequadraticlossfor differentdimensionsof
thefeaturespace.
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Figure4: Average‘playability’ lossfor differentdimensions
of thefeaturespace.
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Figure 5: AveragedcombinedEuclideanand ’playability’
lossfor differentdimensionsof thefeaturespace.

5 Application

We merged the parametersestimationtechniquewith a
computeranimationframework to createan animationof a
violinist which runsin real time on a standardPC.Thesim-
ulation is accurateenoughto realistically reproducethe ex-
pressivemotionof theplayer.

Using OpenGLto implementthe animationallows us to
createareal-timegraphicalinterfacedrivenby theaudiophys-
ical model. Thekeyframedanimationsarebuilt in 3DSMax,
andimportedin the OpenGLinterface. The controllers’ac-
tivity thentriggersspecialanimations.The sceneis mainly
madeof a 12000polygonmeshof a humanskeleton,a 1400
polygonmeshof aviolin anda110polygonmeshof a bow.

In order to animatethe characterand to usethe inverse
kinematicsimplementationsincorporatedin 3DSMax, each
boneof the skeletonis attachedto a wire architecturegen-
eratedby CharacterStudio’s bipedplugin. Eachindividual
phalanxneedsto bepreciselylinkedto thebipedstructurein
orderto enablethe skeletonto performthe movementsnec-
essaryto play theviolin.Webuild independentanimationsfor
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Figure 6: The squaresshow the combinationsof input pa-
rametersthatallow to achieveHelmholtzmotion(in logarith-
mic scalefor bow positionbetaandbow force). This is the
playableregionof themodel.

independentmovements:oneanimationperbow stroke, one
animationper string played,andso on. Onceloadedin the
OpenGLprogram,the bipedstructureallows interpolations
betweenthedifferentanimations,sothattheskeletoncanre-
spondto several triggeredeventsat thesametime (e.g: play
on theG stringandmoveto the3rd position).

6 Merging soundsynthesisandanima-
tion

A two-threadimplementationis requiredfor operationin
real-time.Onethreadhandlessoundsynthesis;theotherhan-
dlestheanimation

Theanimationthreadalsohandlesthecontrollers’activity
andchangesvariablesthat thesoundthreadreadsto produce
the music. Data continually flows throughthe controllers’
threadandthesoundthreadretrievesits informationasquickly
aspossible.Thesoundthreadis actuallygivena higherpri-
ority thanthecontrollersthread.

7 Conclusions

In thispaper, weproposedaclassification-basedtechnique
to estimatetheinput parametersfor bowed-stringwaveforms
synthesizedusingthephysicalmodelof (4). Our techniqueis
ableto reconstructthebow position,bow forceandbow ve-
locity inputsgiven recordedsteady-statewaveforms. These
inputscanbeusedto controltheanimationof a virtual violin

Figure7: Virtual violinist playingtheA string.

player.
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