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ABSTRACT

We presenta novel approachto pitch estimationand note de-
tectionin polyphonicaudio signals. We posethe problemin a
Bayesiarprobabilisticframevork, which allows usto incorporate
prior knowledgeaboutthe natureof musicaldatainto the model.
We exploit thehigh correlationbetweermodelparameterg adja-
centframesof databy explicitly modellingthefrequeng variation
over time usinglatentvariables. Parameterare estimatedointly
acrossa numberof adjacentiramesto increasethe robustnesof
the estimationagainsttransientevents. Individual framesof data
are modelledas the sumof harmonicsinusoids. Parameteresti-
mationis performedusing Markov chain Monte Carlo (MCMC)
methods.

1. INTRODUCTION

Pitch estimationof polyphonicmusicalsignalshasreceved little
attentioncomparedo that of monophonicsignals. Most mono-
phonictechniquesare not suitedto polyphonicdata,for instance
cepstraland pitch-synchronousnethods. Therehave beensome
verydiverseapproachefor polyphonicsignals however. Macleod
[1] interpolatesthe discreteFourier spectrumto obtain high res-
olution frequenyg estimates. Klapuri [2] detectsprime number
harmonicso resohe harmonicallyrelatednotesin chords. Rossi
et al. [3] searchfor spectralpatternsfrom a databaseexploiting
the inharmonicityin piano strings. Martin’s blackboardsystem
[4] successiely abstractsSTFTfrequeng tracksinto higherlevel
constructf partials,notesandchords.

We presenta model-baseapproachto polyphonicpitch es-
timation wherethe estimationof the fundamentafrequeng* and
otherparameterss performedalongwith model orderdetection,
i.e., determinatiorof the numberof concurrentlysoundingnotes,
andthe numberof harmonicsin each. We adopta harmonicsig-
nal model,which is a naturalchoicegiventhe natureof the sound
productiormechanismef mary musicalinstrumentge.g., source-
filter, resonantavities, etc.). Our methodhasthe adwantagethat
detaileda priori knowledgeof the characteristicsf individual in-
struments notrequired(unlike [2, 3]), andis applicableto awide
rangeof instruments.

LFor the purposesof this paper we define pitch as the fundamental
frequeny of aharmonicsignal.

Most pitch estimationand sinusoidalanalysismethodscon-
sider dataon a frame-by-framebasis, and then infer frequeng
tracksas a later step. Here we exploit the fact that in musical
signals thefrequencie®f interestarethosewith a significantdu-
ration (i.e., longerthana singleframe),andmodelthis explicitly.
This hasthe chief advantagethat the incidenceof spuriousfre-
gueng estimatesrisingfrom transienteventsis greatlyreduced.

2. HARMONIC MODEL

Datais sgmentednto framesd; of length NV, choserto male the
frame durationaround20ms, during which time we assumethe
datais stationary The modelis constructedasthe sumof anun-
known numberof concurrentlysoundingnotes, wherethe param-
etersof noteq in frame: are: fundamentafrequeng w;, number
of harmonicsH; andharmonicamplitudesb.

A maximumlimit of @ notesis imposedput eachnotecanbe
switchedinto or out of the modelvia a binary indicatorvariable
~#, whichis estimatecalongwith the otherparametershencethe
model orderselectionis implicitly carriedout within the estima-
tion process.Eachnoteis expressedasa GeneralLinear Model
(GLM) [5] in termsof aharmonichasismatrix G?, theamplitudes
b?, andanerrorterme; which is assumedaussianindependent
andidentically distributedwith variancea?i ,

Q
di =) 7/Gb! +e (1)
q=1

G =[s(w]) ... s(H{w])c(w]) ... c(H{w{)] (2
s(w) = [sin(wty) sin(wts) . ..sin(wty)]* (3)
c(w) = [cos(wtr) cos(wtz) . ..cos(wtn)]". 4)
Denoting the note parameterdy 07 = {+7,w], H?, b}, the
likelihoodfor frames is givenby
e; 2
(2mo2 )% P [_ ”2‘71—2'1 ] ©)

eq

p(dil{0%:q=1...Q},0%,) =

A least-squaresr maximum likelihood methodwould seekto
maximiseeq.(5), but herewe posethemodelin aBayesiarframe-
work which enablesusto impartprior informationinto the model
viaapriori probabilitydensitiesontheparametersandwhichalso
providesa basisfor probabilisticmodelselection.
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Figure 1: Graphicalmodelshaving how the parameter®f mul-
tiple frames can be tied togetherthrough the hyperparameters

{AS).

2.1. Graphical Model

Graphicamodelsareausefultool for investigatingdifferentmodel
structuresThey reflecttheindependencstructurebetweermodel
parameterandprovide asimplemeandor evaluatingthefull con-
ditional densities,which will be usedin the numericalmethods
adoptedor the parameteestimation.Figure1 shavs a graphical
modelrepresentingq. (1) for a setof Ny framesof data(termed
ablock). Thea priori densitiesof the parametersf eachnoteare
dependentiponthe hyperparameters {AZ } which represenary

prior knowledgewe may have aboutthe note parametersHyper

parametersepresenthe constraintaipontheunderlyingvariation
of the note parametersver the courseof the block, and hence
the prior distributionsfor the parametersireconditionaluponthe
block hyperparametersindprovide a goodlocal modelfit.

2.2. Choiceof priors

Figure 2 shavs the detail of the graphicalmodelfor the parame-
tersof noteq in framei. Theblockhyperparametemre{v?, 024}
which denoterespectiely the pitch over the block anda measure
of its spreadandI'? which representsvhetherthe noteis active
(switchedon)in thisblock. Thearrons pointingto thenoteparam-
eterssignify dependencesuchthatthe prior for w} is dependent
onv? ando?2,, for example.The prior distributionsusedare:

p(bf) =Ii_p g,(b])/B* e (6)
p(H{ = 1) =Ij 00 B )
1—ay, ifyl=T7
979\ — v i
p(IT%) _{ Oy, otherwise ®)
p(wiv?, 02q) =LN(v%, 024) )

p(02) =ZG(00, Bs) (10)

Theprior for theharmonicamplitudesb? is auniform distribution
over the maximumdimension2 Hmax, wherely(y) is theindica-
tor function (unity if y € Y, zerootherwise)and+B/2 is the

Figure2: Structureof aharmonicmodelshaving thedependencies
of the parametersf onenotefor a singleframeof data.

maximumallowablerangeof ary elementof b?. The parameter
HY hasarangeof 1... Hmax andactsasaselectorinto b?, such
thatonly thefirst H in-phaseandquadraturéi.e., sineandcosine)
componentareused.Theprior is choserto penaliseéhighermodel
ordersastheimprovementin modelfit achievedby increasingH !
mustoutweighthe costof increasingthe modeldimensions.The
prior for the switchvariablev] hasa Bernoulliform andencour
agesy; to follow thetrendof I'?. The prior for the frequeny is
a lognormaldensity (LN) which hasthe useful propertythat the
width of the distribution is proportionalto frequeng for a given
o2q. Theerror varianceagi is given a diffuse InverseGamma

(IG) prior.
Thehyperparamete@realsogivenprior distributions:

Nf .
fI9=1
=4 g 11
p(") { 1—ap!, otherwise (1)
q (2g Vgrev)ils if |Vq - Vgra/| < ngra/
p(v") { 3, otherwise (12)

The latentswitch variableT™? is givena Bernoulli prior which re-
flectstheprior probabilitythatanoteshouldbe switchedon, where
0<ar <1. Thelatentfrequeny variablerv? is givenaprior which
hashigh probability within a small fraction g of the frequeng in
the previous block v, anda very low probability 3 outsidethat
range.This prior createsa dependencbetweersuccessie blocks,
to encourageontinuoudrequeny tracksandavalueof g = 0.05
is usedto male the width of p(v?) plus or minusone semitone.
Thevalueof the hyperparameter2, shouldbe specifieda priori
asit provides a constrainton the deviation from v? of the fre-
queng of asinglenoteover theblock.

3. PARAMETER ESTIMATION

The joint posteriordistribution for all parameterss obtainedvia
Bayes'theoremas
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p({07}, {24}, {2 }{d:}) o p({O7}, {8} {02})  (13)
1" (il o2).

Our aim is to produceoptimal parameteandhyperparametees-
timatesby locatingthe regionsof highestprobability of eq. (13),
but asit is intractableto optimisethis expressionanalyticallywe
emplgy Markov chainMonte Carlo(MCMC) methodso simulate
a Markov chainwith eq. (13) asits stationarydistribution [6]. A
streamof dependensampledrom the posterioraregeneratednd
thefinal stateof the Markov chainis usedfor the parameteesti-
mates>

The successie statesof the Markov chainare generatedy
the Metropolis-HastinggM-H) algorithm[6]. A transitionkernel
T(6F, %) generates proposalstate®* from the currentstate
©F which is then acceptedvith probability min(1, Q(©F, %))
whereQ(-, -) is theM-H acceptancéunction:

o p(67]d) T(e",0%)
QO".6") = (&Fa) T(OF. 6

(14)

T(©%, ©*) hereis alsousedto representhetransitionprobability
of proposinghemove from ©F to ©*. If the proposabnly affects
the subsett C O, thenQ(-) simplifiesto a function of the full
conditionalfor 6,

p(0*|d,@’i{0}) (6%, 9’“)
) T, 07)

k p*
Q%) = L GrIaer (15)
where©_ ¢4, denotesall parametergxceptthosein 6. The ben-
efit of samplingfrom the full conditionalsis thatthe distributions
aresimplerandcheapeto calculatethanthe joint posterior The
simulationmethodconsistsof iteratively samplingfor eachnote,
andsogreatefficienoy savingscanbe madeby definingaresidual
r! andexpressingheerrorasa GLM in termsof theresidualand

thenoteparameters:

! =d! - > 47 GIbY (16)
q'#q
e? =r? — 4!GIb?. (17)

3.1. Choiceof transition kernels

In this algorithm we apply global and local transition kernels:
global kernelsproposea state spacemave for hyperparameters
and/ornoteparameterfor a particularnoteq but acrossall frames
i=1... Ny, whereadocal kernelsproposea move only in a sin-
gle frame. The estimationalgorithmis a two stageprocesswhere
thefirst stages a stochasticchemecomposef globalmovesto
steerthe Markov chaininto high probability regions,andthefinal
stageis madeup of local movesto obtainmoreaccuratgparame-
ter estimatesGiven goodstartingvalues(e.g., initialised with the
resultsof the previous block), corvergenceis rapid, andtypically
atotal of 50—100iterationsin totalis adequate.

The selectionof transitionkernelsfor harmonicmodelshas
beenpreviously reportedin [7]. AndrieuandDoucet[8] alsode-
scribeanumberof suitablekernelsfor estimationof multiple sinu-
soids.We employ afew differenttypesof globaltransitionkernels

2Due to the very sharpmultimodal posterior distribution, generally
mavesareonly madeto stateswith a higherposteriorprobability

asdescribedn thefollowing subsectionln eachinstancetheM-H
acceptancéunctionis readily calculatedrom eq. (15). Thelocal
kernelsare simply randomperturbationsaboutthe currentvalue
andarent describecherein furtherdetail.

3.1.1. Global kernels

e Independence sampler. The mostimportantof the kernelsin this

algorithmis anindependenceamplingstepthatefficiently creates
parametemproposalsfrom a distribution which hasits modesin

similar locationsto the posterior A joint move is proposedor the
following parametersf note ¢: {v?, {w?, b?, H?};}.> Defining
theorder P harmonictransform[7] of asignalx, Hp(x,!) as

Nir—1 j2rpln
XM= 3 afn)e T (18)
7;:0
He(x,0) = 3 X310 X, (19)

p=1

wherel is thefrequeng binnumber(l =1...L, L = | Nw/P]),
we definea proposaMlistribution ¢(w?* | H?*) to be

Ny
q(w[H") Nif > Ha (1, [0 /A0 ).

i=1

(20)

A value H* is sampledrrom a discretedistribution ¢(H™) which
hasapeakroughlyaroundH * = 4, andusingthis valuewe calcu-
late the harmonictransformof the residualr{ for all frames.The
modesof this distribution are the fundamentafrequenciesorre-
spondingto noteswith significantenegy in their first few har
monics,which is typical of musicalnotes. The proposalfor the
harmonicamplitudesis calculatedfor each{w?, H{}; pair from
theleast-squareprojection:b?* = (G*'G*)"!G* 'rd.

e Multiple step. This is an efficient method of overcom-
ing octave errors and some other problemswhich arise due to
the non-uniquenes®f the harmonic representation,in which
the most compactrepresentationis to be favoured. A joint
move for {v?, {w? b}, H1};} is proposedby samplingu ~

%.3.5,2,2,3} andsetting

* k *

@ — e a

v wl =7 Hf* = [Hq*/u-l (21)
with b?* choserasin theindependencstep.Thiskerneltraverses
harmonicallyrelatedmodesof the posteriordistribution.

e Perturbation step. Perturbationsireappliedto { H}; andto
{v?, {w?}:} whichconstitutearandomwalk with asmallvariance
aboutthe currentcurrentparametevalues.

e Shitch step. A noteis switchedon or off acrossthe entire
block by ajoint proposaKT'?, {~#}:}, settingl’?” =1 — 1 and
'yf* = I'?". This canalsobeincorporatednto the independence
samplingstepdescribedabore.

SIntroducingthenotation{¢;}; = {¢s;i=1... N}

W99-3



Proc. 1999 |EEE Workshop on Applications of Sgnal Processing to Audio and Acoustics, New Paltz, New York, Oct. 17-20, 1999

1040F : , : 1

(%))
N
o
T
I

Frequency (Hz)

2 60 fresocoossnmsao —

130

00
I I I I I I I

;
20 40 60 80 100 120 140 160
Frame

Figure 3: Log scalefundamentafrequeng tracksfor a shortex-
tractof synthesisegianomusic. Theparameterplottedare{w },
taken from the final stateof the Markov chain. The framelength
was1000sampleq Fs = 44.1kHz), theblock lengthwas5 frames,
anda @ = 5 modelwas applied. Notescan clearly be distin-
guishedn the‘pianoroll’ format. A thresholdvasappliedsothat
only noteswith an enegy within 30dB of the signal enegy are
plotted.

4. RESULTS

A ‘pianoroll’ plot of thefundamentafrequenciesv? from anex-
tract of synthesiseghiano music are shavn in figure 3. Smooth
frequeng tracksare obtainedwith very few outliersdueto tran-
sients. Thereare someerrorsdueto octave and perfectfifth in-
tervals however, suchasframes15-20,which canbe difficult to
resohe whennotesin thesamechordareplayingatthesametime,
sincethey will sharealarge numberof harmonics.Thisis acom-
mon problemin harmonicmodels sincetherepresentatiosanbe
ambiguousgor chords,but major chordsandoctave intervals can
oftenbe detectedsuccessfullywith this method,ascanbe seenin
frames45-60. This is possiblesincenoteswith fewer harmon-
ics arefavoured,which reduceshe occurenceof harmonic roots
wherethe detectedrequeng is very low andthe numberof har
monicsarehigh, andmostharmonicshave nearzeroamplitudes.

In additionto the fundamentafrequeng, we have estimates
of the other model parametersso the methodcan be applicable
both to musictranscriptionand signal separation.Both applica-
tionshowever requirea higherlevel of modellingto determinehe
sourceof eachfrequeng track. Musical instrumentrecognition
relies on more thanthe steady-statdharmonicamplitudes— the
harmonicvariationover time, andparticularlytheattackphaseare
veryimportantcharacteristic§9]. A higherlevel modelwhich ac-
countsfor thetime andfrequeng domainvariationof notesfrom
differentinstrumentsand combinesthe currently disparatesteps
of signalmodellingandmusicalcontext integrationis clearly re-
quired,andis to bethe subjectof futurework.

5. CONCLUSIONS

We have shavn the effectivenessof a multiple frameapproacto
polyphonicpitch estimationwhich estimatesiarmonicmodelpa-
rametergointly over anumberof framesof data.

The algorithmis more robust to transientdisturbancege.g.,
noteattacks)andsofewer spuriousfrequeng candidatesrepro-
duced. The detectionand estimationtaskis posedin a Bayesian
framework, andthe parametefull conditionaldensitieshave been
obtainedfrom graphicalmodelsto yield anefficient MCMC sim-
ulationscheme.

Work supportedy the EngineeringandPhysicalScienceRe-
searchCouncil.
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