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Abstract
This paperproposesa conceptuallysimple and computa-

tionally ef cient fundamentafrequeng (FO) estimatorfor
polyphonicmusic signals. The studiedclassof estimators
calculatethe salience,or strength,of a FO candidateas a
weightedsumof the amplitudesof its harmonicpartials. A
mappingfrom the Fourier spectrumto a “F0O saliencespec-
trum” is foundby optimizationusinggeneratedrainingma-
terial. Basedon the resultingfunction, threedifferentesti-
matorsareproposeda“direct” method aniterative estima-
tion and cancellationmethod,and a methodthat estimates
multiple FOsjointly. The lattertwo performedaswell asa
considerablynorecomple referencenethod. The number
of concurrensoundss estimatecdalongwith their FOs.

Keywords: FO estimation pitch, musictranscription.

1. Intr oduction

Pitchinformationis an essentiapart of almostall Western
music, but extractingthe pitch contentautomaticallyfrom
recordedaudiosignalsis dif cult. Whereaghespectrogram
of amusicsignalcanbe calculatedstraightforvardly using
the short-timeFouriertransform,computinga “piano roll”-
representationvhich shavs polyphonicpitch contentas a
functionof time is non-trivial, andsystemdrying to do this
tendto bevery compl«.

FO estimationin polyphonicmusic hasbeenaddressed
by mary authors.Kashinoextractedsinusoidtracksfrom a
music signaland groupedthemto soundsourceshasedon
acoustideaturesandmusicalinformation[1]. De Cheveigné
[2], TolonenandKarjalainen[3], andKlapuri [5] proposed
methodasednmodelingthehumanauditorysystem.Goto
[6] andDavy andGodsill [7] employed a parametricsignal
modelandstatisticalmethods.Smaragdi§8] andAbdallah
[9], proposedunsupervisedearningtechniquego resohe
soundmixtures,andPolinerandEllis [10] introducedaclas-
si cation approacho the problem.

Herewe studya certaintype of FO estimatorswherean
inputsignalis rst spectrally attened (“whitened”)in order
to suppresgimbral information, and then the salience, or
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strength,of a FO candidatds calculatedasa weightedsum
of theamplitudeof its harmonicpartials.More exactly, the
saliences(7) of aperiodcandidater is calculatedas

M

s(r) =Y g(r,m)|Y (from), @)

m=1

wheref; ,, = mfs/7 isthefrequeng of them:th harmonic
partial of a FO candidatef; /7, f; is the samplingrate,and
function g(r,m) de nes the weight of partial m of period
7 in the sum. Y (f) is the short-timeFourier transformof
the whitenedtime-domainsignal.> The spectrawhitening
is a straightforvard pre-processin@perationexplainedin
Sect.2.1. For conveniencewe write s(7) asa function of
thefundamentaperiodr insteadof the FO (= fs/7).

The basicideaof (1) is intuitively appealingsincepitch
perceptions closelyrelatedto the time-domainperiodicity
of soundsandtheFouriertheorenstateghataperiodicsig-
nal canbe representedvith spectralcomponentst integer
multiplesof theinverseof the period. Indeed formulasand
principlesresembling(1) have beenusedfor FO estimation
by a numberof authors,underdifferentnamesandin dif-
ferentvariants.Alreadyin 1960sand70s,Schroedeintro-
ducedthe frequency histogram andNoll the harmonic sum
spectrum (se€]11, p.414]). De Chereigré [2] discussehar-
monic selection methodsand,morerecently Walmsley [12]
usegthe nameharmonic transform for a similartechnique.

Thequestionof anoptimalmappingof the Fourierspec-
trumto a“FO saliencespectrum”is closelyrelatedto these
methods.Here, the function g(7, m) is learnedby a brute-
forceoptimizationusingalargeamountof trainingmaterial.
Basedon this, a parametridorm is proposedor g(7, m).

In this paper threedifferent methodsbasedon (1) are
proposed.The rst andsimplestis a“direct” methodbased
onevaluatings(7) for arangeof valuesof = andpickingthe
desirednumberof highestlocal maximain it. The second
methodrepresentsn iterative estimationand cancellation
approachwherethe maximumof s(7) is usedto estimate
oneF0whichis thencancelledrom the mixture beforees-
timating the next one. The third methodestimatesall FOs
jointly. For thelattertwo methodsatechniques proposed
for estimatingthe numberof soundsin the mixture. The
iterative methodadmitsa very fastimplementatiorwhich

1 Defi ning s(¢,) interms of the power spectrum instead of the magnitude
spectrum would have certain analytical advantages, but this led to clearly
inferior FO estimation results despite of extensive investigation.



3000 4000 5000 6000 7000

Frequency (Hz)

0 1000 2000

Figure 1. Response$i; (k) applied in spectral whitening.

doesnotrequireevaluatings(r) for all periodcandidates-.
Thethreemethodsare evaluatedusingmixturesof musical
instrumentsoundsandthe resultsare comparedwith three
referencanethodq3], [4] and[5].

2. Proposedmethods
This sectiondescribeshe proposednethodsn detail.

2.1. Spectralwhitening

Oneof the big challengesn FO estimationis to make sys-
temsrobust for differentsoundsources.A way to achieve
thisis to try to suppressimbral informationprior to the ac-
tual FOestimation.Thiscanbedoneby estimatingherough
spectralenegy distribution (which largely de nesthe tim-
bre of a sound)andthen attening it entirely or partly by
inverse ltering. This processs called spectralwhitening
andthereare several waysof doingit (seee.g. [3]). Here
afrequeng-domaintechniquds employedwhichis easyto
implementandleadsto goodresultsin practice.

First, the discreteFourier transform X (k) of the input
signalz(n) is calculatedn ananalysidramethatis Hanning-
windowed and zero-paddedo twice its length beforethe
transform. Thena bandpasslterbank is simulatedin the
frequeny domain. Centerfrequencies;, [Hz] of the sub-
bandsare distributed uniformly on the critical-bandscale,
e, = 229 x (10¢+D/214 _ 1) and eachsubbandh =
1,...,30 hasa triangular power responseH, (k) that ex-
tendsfrom ¢, _1 to ¢p41 andis zeroelsavhere(seeFig. 1).

Standarddeviations o, within the subband$ arecalcu-
latedby applyingtheresponsedi, (k) in thefrequeng do-

main: s
o = (% mexwﬂ) S
k

whereK is thelengthof the Fouriertransform.Next, band-
wise compressiorcoefcients v, = ag—l are calculated,
whererv = 0.33 is a parametedeterminingthe amountof
spectralwhiteningapplied.Thecoefents ~, arelinearlyin-
terpolatecbetweerthe centerfrequencies;, to obtaincom-
pressiorcoefcients (k) for all frequeng binsk.

Finally, awhitenedspectrum” (k) is obtainedoy weight-
ing the spectrunof theinput signalby the compressiorto-
efcents, Y (k) = v(k) X (k).

2.2. Calculation of the saliencefunction in practice

Calculationof s(7) using (1) directly requiresevaluating
Y (f) for arbitraryfrequenciesf which is computationally

inefcient. Useof thefastFouriertransformbecomespos-
sible by replacingY’(f) in (1) by its discreteversionY (k)
andby approximatings(7) by

M
S(r) =) g(r,m) max [Y (k)], ©)
m=1 m

wherethesetx, ,,, de nesarangeof frequeny binsin the
vicinity of the m:th overtonepartial of the FO candidate
fs/7. More exactly,

Krm = [(MK/(T+AT/2)),...,(mK/(T—AT/2))], (4)

where(-) denotegoundingto the nearestnteger It is clear
thats(r) ~ s(7) whenAr — 0. In practice however, it is

usefulto set A7 accordingto the spacingbetweensucces-
sive periodcandidates in orderto ensurethatall spectral
components: belongto theranges - ., of atleastonepe-
riod candidater whenm is x ed. Herewe usethe value
AT = 0.5, thatis, the spacingbetweerfundamentaperiod
candidates is half the samplinginterval. 2

2.3. Optimization of the weight function

A remainingtaskis to optimizethefunctiong(r, m) soasto
minimizetheF0 estimatiorerrorrateof the system.For this
purposewe generatedraining materialconsistingof ran-
dom mixturesof musicalinstrumentsoundswith their ref-
erence-0 data. The databasérom which the samplesvere
drawn is describedn moredetailin Sect.3. The mixtures
were generatedy rst allotting an instrumentandthena
randomsoundfrom its playingrange limiting FOsbetween
40 Hz and2100Hz. This two-stagerandomizingwas re-
peateduntil thedesirechumberof soundsvasobtainedand
thesoundswverethenmixedwith equalmean-squartevels.
One thousandmixturesof one, two, four, and six sounds
weregeneratediotalling 4000traininginstances.

FO estimationwasperformedsimply by picking P high-
estlocal maximain the function (7). The numberof FOs
in eachmixture, P, wasgivento the estimatoralongwith a
93 ms analysisframe. Multiple-FO estimation errorrateis
de ned asthe proportionof referencd-0Osthatwerenot cor
rectly found. In predominant-FO estimation, the taskis to
nd only oneFOin eachmixture. In this casethemaximum
of §(r) wastaken andjudgedcorrectif it matchedary of
thereference=0sin the mixture. A correctF0 estimatewvas
de ned to deviatelessthan3% from thereference Thecri-
terionto be minimizedin the optimizationwasthe average
of multiple-FOandpredominant-F@stimatiorerrorratesin
differentpolyphonies.

Two differentfactorizedformsof g(7, m) werestudied:

g(Ta m) =01 (T)QQ(m)a (5)
g(r,m) = g1(7)g3(fr.m)- (6)
2|n Sect. 2.4 where the fast algorithm is presented, the sampling of ¢,

has only minor effect on computational effi ciency, and therefore very dense
sampling can be implemented. In practice, ¢ ¢ = 0:5 suffi ces.




Reducingthe two-parametefunction g(7,m) to a product
of two maminal functionsmakesthe optimizationtaskeas-
ier andis likely to leadto a resultthatgeneralizebetterto
previously unseertestcases.

Letus rst considertheform givenby (5). Thefunction
g1(7) wasparametrizedy interpolatingbetweenten “an-
chor points” which were distributed roughly as a geomet-
ric seriesbetweenthe fundamentafrequencies30 Hz and
2500Hz. Similarly, the function g»(m) was parametrized
by distributing ten anchorpointsas a geometricseriesbe-
tweenthe 1st and 21st harmonic,and the function g (m)
wasthenlinearly interpolatehetweerthese. The optimiza-
tion wasdoneby initializing the amplitudesof the anchor
pointsto unity valuesandthenupdatingthemcyclically, one
atthetime, soasto minimizethe FO estimatiorerrorrate.

Figure 2 shawvs the learnedfunctionsg; (7) and gz (m),
togethemith theresultingF0 estimationerrorrates(for the
training data). The found shapeof ¢, (7) is moreor lessa
linear function of FO (thatis, fs/7), whereasgs(m) con-
verged roughly to the 1/m shape,however with smaller
weightsfor thelowesteven-numberetiarmonic{seeFig. 2).
Thepredominant-F@stimatioraccurag is good,but multi-
ple-FOestimationleavesroomfor improvement.

Optimizationfor the factorizationin (6) wasdonein a
similarmanner Thefunctiongs(f-,,,) wasparametrizedy
interpolatingit linearly betweenl3 anchorpointsthatwere
distributedroughlyasageometricseriesbetweerB0OHz and
7 kHz. The optimizationwasagain carriedout by updating
theamplitudesof theanchorpointscyclically, oneatatime,
so asto minimize the FO estimationerror rate. The best
resultwas obtainedby startingthe optimizationfrom con-
guration g(r,m) = 1/m, whichis obtainedby initializing
theanchormointsasg; (1) = fs/7 andgs(fr.m) = 1/ fr.m.

Figure3 shavsthelearnedunctionsg, (1) andgs(f-,m),
andthe resultingFO0 estimationerrorrates.As canbe seen,
thefunctionsg; (1) andgs(fr,»,) do notdrift very far from
their initial shapeandthe errorratesareaboutthe sameas
thoseachiezed with the previous factorization. The latter
form (6) is interesting,becausét allows a simple imple-
mentationwherethe spectrumY (k) is rst Itered using
the responseys(fr.»), thens(r) is computedwithout ary
weights,andin theends(r) is weightedwith g, (7).

Thelatterfactorization(6) wastakeninto use.To getrid
of thelarge numberfree parameter¢the anchomoints),the
functiong, (7) is modeledasalinearfunctionof fundamen-
tal frequeng, g1 (1) = fs/7 + «, andthefunctiongs( f; .,,)
is modeledasaninverseof the frequeny f; ,, andamod-
erationterm3, g3(fr.m) = 1/(fr.m + ). Thedashedines
in Figure 3 shav the modeledfunctions. As a result, the
functiong(r, m) canbe nally writtenas

fs/T+a
mfs/T+ 0’

wherethe parameters: and/ aregivenin Sect.3.

g(r,m) = (7)
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Figure 2. The learned functions g; (¢) and g2(m) are shawvn in
the left and the middle panels,respectvely. For clarity, gi(¢)
is drawn as a function of FO (fs=¢) instead of ¢. The right
panel shaws the resulting error rates for multiple-FO estima-
tion (black) and predominant-FOestimation (white).

x10°°

2000 3 40
Pz [\
1500 / I < 30
20 S
= / = 2
—. 1000 2 g © 20
o > —
2 \ =}
4 1\ =
500 \ o 10
o 0 = o
0O 05 1 15 2 1234567 1 6

2 4
FO (kHz) Polyphony

Figure 3. The learned functions g1 (¢,) and gs(f -, ) aredrawn
with a solid line in the left and the middle panels,respectvely.
The dashedlines show the correspondingparametric models.
The right panel showvs FO estimation error rates before the
parametric modeling.

2.4. lterati ve estimation and cancellation

The“direct” FO estimatordescribecabore suffersfrom the
problemthatasingleF0in asoundmixtureproduceseveral
peakgo $(7), andalthoughthemaximumof §(7) is arobust
indicatorof oneof thetrue FOs,the secondor third-highest
peakis oftendueto the samesoundandlocatedat 7 thatis
half or twice the positionof the highestpeak.

Multiple-FO estimationaccurag canbeimproved by an
iterative estimatiorandcancellatiorschemevhereeachde-
tectedsoundis cancelledfrom the mixture and §(7) is up-
datedaccordinglybeforeestimatingthe next FO. The basic
cancellatiormechanisnaescribedereis similarto thatpre-
sentedn [5], exceptthatherea fastalgorithmis described
for nding the maximumof §(7) anda techniqueis pro-
posedfor estimatingthe numberof soundsn the mixture.

Let us rst look atanefcient way of nding the maxi-
mumof 5(7). Somevhatsurprisingly the globalmaximum
of 3(7) andthe correspondingalueof = canbefoundwith
afastalgorithmthatdoesnot requireevaluatings(r) for all
7. Thisis anothemotivationfor theiterative estimatiorand
cancellationapproachwhereonly the maximumof s(7) is
needecht eachiteration.

Let us denotethe minimum and maximumfundamental
period of interestby 7,,;, and ..., respectiely, andthe
requiredprecisionof samplingr by 7,..c. A fastsearch
of themaximumof 5(7) canbeimplementeddy repeatedly
splitting the range[Tmin, Tmax) iNt0 smaller“blocks”, com-
puting an upperboundfor the saliencewithin eachblock
4, Smax(q), andcontinuingby splitting the block with the



Algorithm 1: Fastsearchof themaximumof §(7)

Q — 1: Tlow(l) < Tmins 7—up(l) “— Tmax; Qbest < 1;
while Tup(Qbest) — Tlow (Qbest) > Tprec do

# Split the bestblock andcomputenew limits
Q—Q+1

TIOW(Q) — (Tlow (qbest) + Tup(qbest))/2

Tup(Q) — Tup(qbest)

Tup(q‘best) — Tlow(Q)

# Computenew saliencedor thetwo block-hahes

for ¢ € {gpest, @} do
Calculates,.x(q) usingEquationg3)-(4)

it o(r,m) = /22,

7 = (Tiow(q) + Tup(q))/2
1 AT = Tup (q) — Tlow (Q)
12 end
13 # Searchagain the bestblock
14 (Qbest < arg manE[l,Q] Smax (q)
15 end
Return? = (Tlow(qbest) + Tup (qbest))/2
16 5(7) = Smax(qvest)
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highests.,.x(¢). Let usdenotethe numberof blocksby @
andthe upperand lower limits of block ¢ by 7, (¢) and
Tup(q), respectiely. Index of the highest-saliencélock is
denotedby ¢t Thealgorithmstartswith only oneblock
with upperandlower limits at 7,3, and ., andthenre-
peatedlysplitsthe bestblock into two halves,asdetailedin
Algorithm 1.2 As aresult,it givesthe maximumof 3(7)
andthe correspondingalueof 7.

Onlines13-14of thealgorithm,in orderto obtainanup-
perboundfor thesaliences(7) within range[Tiow (¢), Tup(¢)]:
Equation(3) is evaluatedusingthegivenvaluesfor g(7, m),
7, andAr. Splitting a block lateron canonly decreas¢he
valueof s,ax(q) whencomputedor the new block-hales.

Algorithm 1 is importantfor two reasonsFirst, it allows
searchingthe maximumof 3(7) efciently evenwhenthe
requiredsamplingdensityof 7 is very high. Secondlyin-
creasinghe samplingdensityof  hasthe consequencthat
all the setsx ., in (3) containexactly onefrequeng bin,
in which casethe non-linearmaximizationoperationvan-
ishesand 3(7) becomes linear function of the magnitude
spectrumY (k)|, makingit analyticallymoretractable.

Theiterative estimatiorandcancellatiorgoesasfollows:

1. Aresiduakpectrunit’y (k) isinitializedto equalY (%),

andaspectrunof detectedsoundsyp (k) to zero.
2. A fundamentaperiod7 is estimatedusingYr (k) and
Algorithm 1. Themaximumof §(7) determines.

3. Harmonicpartialsof 7 arelocatedin Yy (k) at bin
(mK/7). Thefrequeny andamplitudeof eachpar
tial is estimatedand usedto calculateits magnitude

3|t is even more effi cient to start Withp (émax — émin) =éprec blOCKS.

spectrumat the few surroundingrequeng bins. The
magnitudespectrumof the m:th partial is weighted
by ¢(7, m) andaddedto the correspondingosition
of the spectrunof detectedsoundsYp (k).

4. Theresidualspectrumis recalculatechs
Yr(k) < max(0,Y (k) — dYp(k)),
whered controlsthe amountof the subtraction.

5. If therearesoundsemainingn Yx (k), returnto Step2.

Notethatthe purposeof the cancellations to suppres$ar
monic and subharmonigeaksof 7 in s(r). This should
be donein sucha way thatthe residualspectrumYx (k) is
not corruptedtoo muchto detectremainingsoundsat the
comingiterations.Thesecon icting requirementsireeffec-
tively metby weightingthe partialsof a detectedsoundby
g(7,m) in Step3 beforeaddingthemto Y, (k). In practice
this meanghatthe higherpartialsarenot entirely cancelled
from the mixture sinceg(r,m) ~ 1/m. Parameterd ~ 1
togethemwith ¢(7, m) de nestheamountof subtraction.

The function g(7, m) wasre-optimizedfor the iterative
methodusing a similar optimization schemeas described
above. Despitethe doublerole of g(r,m) here(affecting
both the salienceand the cancellation) the obtainedfunc-
tions g1 (1), g2(m), andgs(f-..,) werevery similarto those
shavn in Figs.2-3,andthe model(7) is suitable.

Whenthenumberof soundsn themixtureis notgiven, it
hasto be estimated.This task, polyphony estimation, is ac-
complishedy stoppingtheiterationwhena newly-detected
sound7; atiterationj nolongerincreaseshe quantity

i oara
() = 2=, ©

wherey = 0.70 wasfound empirically* The valueof j
maximizing(8) is takenasthe estimatecpolyphory P.

2.5. Joint estimation of multiple FOs

Thedescribedterative multiple-FOestimatoiis ef cient and
producegjoodresults but it alsoleavesuswith a coupleof
openguestions.How much doesthe iterative searchalgo-
rithm affecttheresult?ls it possibleto computesalience®f
the found soundssothatthe orderof detectingthemwould
not affect? This sectiondescribesa joint estimatorwhich
canansweltthesequestions.

First, the saliencefunction §(7) is calculatedaccording
to (3). Then,I highestlocal maximaof §(7) arechoseras
candidatfundamentaperiodvaluesr;, i = 1,...,1. For
eachcandidate, thefollowing quantitiesarecomputed:

¢ Frequeng binsof harmonicpartialsk; ,,,, wherem is
theharmonicindex andk; ,,, corresponds$o the max-
imumof |Y (k)| in therangek,, ., (see(4)).

4 Notethat S(j ) would be monotonically decreasing for ° = 1 (average
of §(&;):s) and monotonically increasing for ° = 0 (sum).



e CandidatespectrumZ; (k) is anestimateof the spec-
trum of candidatei, andis calculatedby translating
the spectrunof thewindow function(Hanning)to the
positionsk; ,, andaddingthemto Z; (k) afterscaling
by (d/2)g(1;, m), whered is the cancellatiorparam-
eterfrom Step4 of theiterative method.

Let us denoteby P the numberof simultaneoug-0sto
estimateand by 7 a setof P differentcandidatendices:
(thereare (},) differentpossibilities). Thenthejoint estima-
tion consistof nding suchanindex setZ thatmaximizes

ZZQT“ |Y zm| H 1_ L’VVL)

i€ m JET\i
9)

whereZ;(k) < 1 becauséd/2)g(r,m) < 1. By compari-
sonwith (1), it canbeseenthattheabose goodnessneasure
implementsa similarharmonicsummingmodelbut with the
differencethat the saliencecontribution of sound; is re-
ducedby “inhibition” (cancellationfrom othersounds; in
7, asdeterminedy theirestimatedspectrumz; (k). In fact,
the abore modelis a very closeequialentto the iterative
methodpresentedibore, the differencebeingthat herethe
estimationis performedjointly insteadof iteratively. The
reasorwhy theparameted is halvedwhencalculatingZ ; (k)
is thathereall soundsnhibit all otherswhereasn theitera-
tive methodonly soundgletectedat earlieriterationsinhibit
(throughcancellationYhosedetectedater.

A problemwith (9) is thatthecomputationabompledty
of evaluatingG (Z) for all (1) differentindex combinations
7 is computationallympractical.A reasonablef cient im-
plementatioris possibleby makinguseof the lower bound
G(Z) of G(T). By writing outthe productin (9), it is easy
to seethatG(Z) > G(Z) where

ZZQTH ‘Y 2m ]-_ ZZ zm

i€ m JEI\i
=Y 4(r) =Y Y Inh(i, ) (10)
€T €T jeT\i

wherethe“inhibition” Inh(4, j) isanon-symmetridunction
Z g T? bl

FromthecomputationaViewpoint, theadwantageof (10)
is that the valuess(r;) andInh(i, j) canbe precomputed,
makingtheevaluationof (10) aneasyoperatiorfor different
index combinationsZ. Anothercrucialfactoris that,dueto
the sparsenessf Z;(k), the lower boundG(Z, ¢) is actually
anaccurateestimateof G(Z,) sothatG(Z.) ~ G(Z.). The
algorithmfor nding asetZ whichmaximizeg9) is:

1. Initialize I differentsetsZ with theindividual candi-

datesr;, 7 = 1,...,1, sothatsetnumberc is initial-
izedwith Z. — {c} andG(Z,) — 5(r.).

Inh Z j L,m)‘Zj (ki,'m)- (11)

2. Generatel x I new combinationsby extendingall
the existing combinationswith all theindividual can-
didatesr;. Thegoodnessneasuresf theseextended
combinationganbe computedecursvely as

G(I.Ui) = G(T.)+5(r)— Y _ (Inh(i, j)+Inh(j, )).
JEI.

3. Sortthe I x I extendedsetsin descendinggoodness
orderandretainonly I bestcombinationswith dif-
ferentgoodnessneasures.The latter preventsfrom
choosingdifferentpermutation®f a sameset.

4. If polyphory P wasnotreachedreturnto Step2.

5. Evaluatethe exact goodnesameasure(9) for the I
bestcombinationsand choosethe combinationwith
the highestvalueto output.

If the polyphory P is notgiven,it canbeestimatedy eval-
uatingthe exact goodnessneasurg9) for the I bestcom-
binationalwaysbetweenthe Steps3 and4, andby storing
the best j-size combinationZy,.. ;). Extendingthe setsis
continuedaslong asthefollowing measurencreases:

S(J) = G(Ibest(j))/j'y? (12)

wherethe parametety = 0.73 wasfoundempirically

An adwantageof thejoint estimatiormethodis that,con-
trary to the iterative system herethe orderof detectingthe
soundsdoesnot affect the result. A drawbackis that the
joint estimatolis computationallyessef cient asit requires
evaluatingthe function §(r) for all = andthereforeAlgo-
rithm 1 cannotbe used.Findingthe optimal combinationZ
in the above algorithmis still quite ef cient when50-100
candidates; areselectedrom $(7), which is roughly the
amountneededo retainthe true periodsamongthem. In
the simulationswe used! = 100.

3. Evaluation

Simulationexperimentsverecarriedoutto evaluatethepro-
posedestimators. Thesewerecomparedvith the reference
methodq3] and[5] basedon auditorymodels,andthe ref-
erencemethod[4] basedon spectraltechniques.Testdata
consistedof randommixturesof musicalinstrumentsam-
pleswith FOs between40 and 2100 Hz, generatedn the
sameway asin Sect.2.3but of courserandomizingnew test
casesere® Theacousticdatabasehowever, wasthesame,
andconsisteaf samplegrom theMcGill UniversityMaster
Samplegollection,the Universityof lowawebsite RCAM
StudioOnline,andof recordinggfor the acousticguitar In
total, therewere2842sampledrom 32 musicalinstruments.
As estimationof thenumberof concurrensoundss very
dif cult in itself, we evaluateF0 estimationand polyphory
estimatiorseparatelyTheparametevaluesx, 5,andd were
thesamefor all thethreeproposednethodsandwere27 Hz,

5 For the reference method [3], FOs were restricted between 40 Hz and
530 Hz, since the method is not very robust for FOs higher than this.
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Figure 4. Multiple-FO estimation and predominant-FOestima-
tion resultsin 46 msand 93 ms analysisframes. Readingleft to
right, eachstack of six thin bars correspondgo the error rates
of the direct (d), iterative (i), joint (j), and referencemethods
[3], [4], and [5] in a certain polyphony.
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Figure 5. Histograms of polyphony estimatesfor the iterative
method and a 93 ms analysisframe. The asterisksindicate the
true polyphony (1, 2, 4, and 6, from left to right).

320Hz, and1.0,respectiely, for 46 msanalysisframe,and
52Hz, 320Hz, and0.89,respectiely, for 93 msframe.

Figure4 shavs the FO estimatiornresultsof the proposed
and the referencemethods. Here the numberof concur
rent sounds(polyphory) was given as a side-information
to the estimators. The error ratesare practicallythe same
for the proposedterative and joint methodsandthe refer
encemethod[5], andthesethreeoutperformthe methods
[3] and[4]. Thisis a very niceresult,sincethe bestrefer
encemethod5] involvescomputatiorof anauditorymodel,
includinge.g. Fouriertransformsat 70 subbandsThe pro-
posedmethodsare considerablysimplerand computation-
ally moreefcient. In monophonicasegpolyph. 1), about
50% of theerrorsarecausedy FOsbetweerd0and65 Hz.

The lower panelsof Figure 4 shov predominant-F@s-
timationaccuraciesHerethe error ratesare practicallythe
samefor the proposeddirect andthe iterative methodand
for thereferencanethod.Theaccurag of thejoint method,
however, is clearlybetterin high polyphonies.

Figure5 illustratesthe resultsof polyphory estimation
for theiteratve methodanda 93 msanalysidrame.Results
for the joint methodwere very similar and are not shawn.
Theasteriskndicatedruepolyphory in eachpanel andbars
shav a histogramof the estimatesThe resultsarenot fully
satishctory andit seemghatrobustestimationof the num-
berof soundgequiresmorethanoneanalysisframe.

4. Conclusions

The principle of summingharmonicamplitudesasgivenby
(1) isvery simple,yetit sufces for predominant-F@stima-
tionin polyphonicsignalsprovidedthattheweightsg(r, m)
of differentpartialsandperiodsareappropriateln multiple-
FO estimationpoththeiterative andthejoint estimatomwere
successfulbut theiterative methodadmitsa fastimplemen-
tationandis thereforemoreappealing.The joint estimator
in turn, achieves betterpredominant-FGestimation. Both
methodscanbe seento implementthe modelembodiedn
thegoodnessneasurg9), whichis very simplisticconsider
ing thewide rangeof instrumentsandF0 valuesaddressed.
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