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ABSTRACT

Note recognitionin automaticmusictranscriptioncon-
sists of two processes: simultaneous grouping and se-
guential grouping. The former generates note from fre-
gueny componentsyhile the latter generates temporal
sequenceof notes. Their main problemare disambigua-
tion in note compositionand designof featureseffective
for music streamcreation,respectrely. For the simulta-
neousgrouping,to copewith the problemnote hypotheses
arecreatedasecdn overlapdetectiorof frequengy compo-
nents.For thesequentiagjrouping. timbresimilarity anddi-
rectionproximity areintegrated. Theresultof experiments
with quartetmusicrecordedn ananechoichambeshaved
thatthe proposednethodimprovedthe F-measuref each
groupingby 0.10and0.14,respectiely.

1. INTRODUCTION

Noterecognitionof polyphonicmusicis animportanttech-
nology for mary applicationsincluding automaticmusic
transcription,auditory sceneanalysis,automaticarrange-
ment,andautomatidaggingfor MPEG-7aswell asfor sup-
portsfor composersndarrangers.

Note recognitionin automaticmusic transcriptionof
polyphonic music consistsof two processes:simultane-
ous grouping andsequential grouping [1]. The simultane-
ous groupingforms note candidategrom frequengy com-
ponents,while the sequentialgrouping forms streamsof
notescandidatesSinceeachprocessannotecognizenotes
withoutambiguitiesdueto commonfrequeng components
of polyphonicmusic,disambiguatiorof noterecognitionis
critical in automaticmusitranscription.

Ambiguitiesin thesimultaneougroupingarecausedy
polyphory, for example ,whenmultiple instrumentsplay at
the sametime. Usually, harmonicity is the mostdominant
featurein simultaneougrouping.However, morethanone
notemay sharesomeovertoneswhich makesit morediffi-
cult to detectfundamentafrequeng. Considey for exam-
ple, that notesC4 (262 Hz) and C5 (524 Hz) are simulta-
neouslyplayed. Spectralpeaksextractedfrom the power
spectrurmmarearound262Hz, 524Hz, 786Hz, 1048Hz, and
soon. Sincethesespectrapeaksaresimilarto thoseof C4,
it is difficult to recognizea noteof C5.

This kind of ambiguitiesdue to commonovertonesis

okuno@ . kyoto-u.ac.jp

causednot only by notesin the octave relation (e.g. C4
and C5), but alsoby arny combinationof polyphonicmu-
sic. Althoughthe ambiguityis inevitable in the simultane-
ousgrouping,moststudiesonautomatianusictranscription
have not clarifiedthis point [2]-[6].

Ambiguitiesin the sequentiabroupingare extensvely
studiedby psychophysic§l]. Thechord,rhythm,andtim-
bre of musicalinstrumentarethemaincluesfor sequential
grouping.However, whentwo or morecomponentgaresu-
perimposedh thesamerequeng, theseeaturesareblurred
andthusextractingfeaturegreciselyis difficult.

In thispaperto improvetheperformancef thesimulta-
neousgrouping,the overlapprobability of frequeng com-
ponentsis introducedand notesare formed basedon this
probability In addition,to improve the performanceof the
sequentialgrouping,timbre similarity and direction prox-
imity of notesareexploited.

2. SSIMULTANEOUS GROUPING

The simultaneougroupingconsistsof the threestagesas
is shovn in Fig. 1. This systemassumestereomusical
acousticsignalsasinput. First, in the frequency analysis
and localization stage frequengy componentsireextracted
from input signals,andthe directionof frequeng compo-
nentsis obtainedby calculatingthe interauralintensitydif-
ference(lID) andtheinterauralphasedifference(IPD). In
theoverlap estimation stagetheoverlapprobabilityof each
frequeng components obtainedbasedon the variationof
direction. Finally, in the note hypothesis creation and eval-
uation stage hotehypothesegarecreatecbasedon the har
monicity with overlap probability Thenthe notesof the
highestscorebasedn theoverlapprobabilityarecreated.

2.1. Frequency Analysisand Localization

Musical acousticsignalsare first analyzedby shorttime

Fourier transform,with Hammingwindows (4096 points),
andthenspectralpeaksare extractedfrom the power spec-
trum. Frequeng componentsare obtainedby connecting
the peaksthathave the sameMIDI notenumber Direction

6 is obtainedby usingthellD andIPD of eachpeak[7].

(1) ThellD andIPD arecalculatedasfollows:
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whereSp(l) andSp(r) arethe spectrunof theleft andthe
right channeland R[X] and3{X] arethe realandimagi-
narypartof X, respectiely.

(2) The lID is usedto determinewhethera peakis at the
center on the left or right because pair of microphones
with the baselineof 20cmdo not give astronglID.

(3) @ is calculatecby

a1 ¢
0 = sin (27rfl IPD)

wheref, [, andc arethe peakfrequenciesthe distancebe-
tweenmicrophonesandthe sonicspeedrespectrely.

2.2. Overlap Estimation

Theoverlapprobabilityof eachfrequeng components cal-

culatedby usingthevarianceof directionof a peakfor each
frequeny componenbbtainedin the previous stage. The
varianceof directionis smallif no overtonesof otherhar

monicsare superimposean that peak, while large other

wise.

Since the varianceof direction is representedy the
standarddeviation (¢) andthe gradientof the least-square
fitting of directionof eachpeak(g), the overlapprobability
is obtainedby integratingall overlapprobabilitiesbasedn
the DempsteiShafertheory Dempsters rule of combina-
tion is representedsfollows [8]:
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wherem; andm arethebasicprobabilitiesof ahypothesis
reasonedrom a proof independendf eachother and 4;
andA; arethefocal elements.

Onehypothesighatafrequeny components superim-
posedandasecondthatit is not, arerepresentetly S and
S, respectiely. Thethreebasicprobabilitiesaredefinedas
follows:

m(S) basicprobabilityof S.
m(S) basicprobability of S.
m(S,S) basicprobabilityof unknavn whethersS or S

Thebasicprobalilities,m, andmg, aredefinedfor ¢ andg
of the varianceof direction,respectiely. They aredefined
asfollows:

mz(S) =r x {1l - SIGr,(z)} z=0.9g

mz(S) =r x SIGr,(z)

mg(S,S)=1—r

numberof peakswith direction—1

numberof peaksbelongingto frequeny component1

SIGr(z) isthesigmoidfunctionwith thethresholdl™ with
SIGr(T)=0.5andSIGr(0)=0.99. Thethreshold<,, and
T, aresetto 5 degreesand9.6 degrees/secondespectiely.

The overlapprobability of the frequeny components
obtainedby integratingm, andm, basedon Dempsters
rule of combination.Theplausibility P* andbelieffunction
P, areobtainedromm(S), m(S), andm(S, S) asfollows:

P* =m(S) +m(S, 9), P, =m(S)

r =

Theintegratedoverlapprobabilityis definedasfollows:

1
P = (P*+P.)

2.3. Note Hypotheses Creation and Evaluation

Notehypothesearecreatechasednharmonicityandover-
lap estimation. Even if mostovertonesof a note overlap
othertones,note hypothesedor it are also createdin or-
derto continuefurtherhypotheticareasoningThe scoreof
likelihoodof notehypothesid is definedby usingtheover-
lap probability P(f;) anddirectionPan( f;) asfollows:

(1) if frequengy componentf; is overlapped,
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Score(f;) = P(fi)
(2) if frequeny componentf; is notoverlapped,

Score(f;) = SIGT, (|Pan(f;) — Pan(n)|)

wheren is notewith directionclosesto f;.
Thenote(s)with the greatesscorel (averageof scoref(f;))
is givento the sequentiagroupingto form musicstreams.

3. SEQUENTIAL GROUPING

Theproceduref thesequentiafjroupingis shovnin Fig. 2.
Notesobtainedn simultaneougroupingaretheinput. The
systemcalculateghe music-stream probability by integrat-
ing the timbre similarity andthe directionproximity based
on the DempsterShafertheory Basedon the probability, a
musicstreamis formedfrom the notes.

3.1. Music Stream Praobability

One hypothesisthat two notesbelongto the samemusic
streamanda secondthatthey belongto a differentmusic
streamarerepresentetly P and P, respectiely. Thethree
basicprobabilitiesaredefinedasfollows.

m(P) basicprobabilityof P.
m(P) basicprobabilityof P.
m(P, P) basicprobabilityof unknavn whetherP or P

Them; andm, arethe basicprobabilitiesrepresentinghe
timbre similarity andthe directionproximity, respectiely.

The key to music streamformationaretimbre similar
ity anddirectionproximity. We think thatit is reasonable
to use,becausenusicalinstrumentsare moved seldomor
within anarrow range.

For timbre similarity, the discriminationfunctionis de-
signedby usingthesupportvectormaching SVM) with lin-
earfunctionasakernel.A setof 23featuregor theSVM in-
cludethespectrabndtemporalfeaturesvhicharedesigned
accordingo theliterature[9, 10].

Thevariablesn; andm, aredefinedasfollows:
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my(P) =711 x 12 X SIGT,(|Pan(ny) — Pan(nz)|)
mp(P) =11 X 1y x {1 = SIG7,(|Pan(ny) — Pan(n,)|)}
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where Pan is the direction of the note. The variablesr;
andr, arethereliability of thedirectionof notesn; andns,
respectiely, andthey aredefinedasthe sumof the overlap
probability of the note’s frequeny componentsT), is de-
signedasfollows: thevalueis largein the centerandsmall
outsidethecenter

T, = sin™" (sin(Pan(n)) + ; . A;—O
Thevariablesc, I, and f, arethe sonicspeedthe distance
betweerthemicrophonesandthesamplerate,respectiely.
The music-streanprobability is calculatedfrom the plau-
sibility and belief function basedon the DempsteiShafer
theory

) — Pan(n).

3.2. Music Stream Formation

Music-strearrprobability P(S;,n) (1 < i < C) of music
streams; with input noten is definedasfollows:

1<
P(Part;,n) = c_z P(n;j,n)
ii=

wherec; is the numberof notesin S;. The musicstreamis
formedaccordingo thefollowing algorithm:

1. Calculateprobability P(S;,n) of music stream.S;
with aninput noten.

2. A noten is addedin the streamS; where P(S;,n)
hasthe maximumvalue.

3. If the maximumvalueis lessthan0.5, a nev music
streamis generated.

The above processs repeatedor all notessothatall notes
aregroupednto somemusicstreams.

4. EXPERIMENTSAND RESULTS

To evaluatethe improvementof note recognitionperfor
mance stereomusicalacousticsignalsrecordedn anane-
choic chambemwereused. The benchmarkwvasthe quartet
in Pachelbels Canonwhoseplayingtime wasabouté min-
utesand30 secondsThequartetmusicwasplayedvia four
loud spealrsusinga MIDI samplerwith musicalinstru-
mentsounddatabas& TTMSA-P1. Two microphonesvith
thebaselineof 20cmwereusedfor recording.Thedistance
from eachloud spealer to the centerof the pair of micro-
phonesvasim.

The layout of the musicalinstrumentloud spealers)
from left to right wasa violin, aflute, a trumpet,anda pi-
ano. Threeinterval patternsvereusedfor theinstruments;



Table 1. Resultsof simultaneougrouping(classl)
lintenal]| withoutoverlapprobability | with overlapprobability |

20 dey. 0.63(0.46,0.98) 0.78(0.76,0.79)
20 dey. 0.63(0.46,1.00) 0.76(0.80,0.72)
60 deg. 0.60(0.43,0.97) 0.61(0.66,0.57)

F-measurérecall, precision)

Table 2. Resultsof simultaneougrouping(class2)
lintenal]| withoutoverlapprobability | with overlapprobability |

20dey. 0.44(0.31,0.79) 0.58(0.51,0.66)
40deg. 0.44(0.31,0.79) 0.57(0.53,0.62)
60 dey. 0.45(0.31,0.82) 0.49(0.41,0.61)

F-measurérecall, precision)

Table 3. Resultsof wholeprocesgclassl)
lintenal || timbre similarity| directionproximity| Both |
20deg.[[0.65(0.64,0.65)] 0.68(0.68,0.69) |0.71(0.70,0.71)
40deg.|[0.60(0.63,0.56)] 0.66(0.71,0.63) |0.69(0.73,0.65)
60deg.|[0.52(0.56,0.48)] 0.52(0.57,0.49) |0.56(0.61,0.53)
F-measurérecall, precision)

Table 4. Resultsof whole procesgclass?2)
interval[| timbre similarity| directionproximity| Both |
20deg.|[0.40(0.35,0.46)| 0.50(0.45,0.57) |0.51(0.45,0.58)
40deg.|[0.35(0.32,0.39)] 0.49(0.46,0.53) |0.50(0.46,0.54)
60deg. || 0.34(0.28,0.43)| 0.34(0.28,0.44) |0.38(0.31,0.50)

F-measurérecall, precision)

Table 5. Resultsof sequentiagrouping

| intenal || timbresimilarity | directionproximity | Both |
20degy. 0.84 0.69 0.89 0.88 0.92 0.88
40deg. 0.79 0.60 0.89 0.87 0.91, 0.87
60deg. 0.85 0.67 0.86 0.68 0.92 0.76

Left andright columnareresultsof classed and2.

theintenalsof 20,40, and60 degrees.The performancef
the simultaneougroupingwasevaluatedoy comparingthe
methodwith andwithoutthe overlapprobability; while that
of the sequentiafjroupingwasevaluatedby comparingthe
resultsof first usingonly timbre similarity, next only direc-
tion proximity, andfinally integratingthetwo. Theaccurayg
wasmeasuredy the F-measur@btainedby the recallrate
(R) andthe precisionrate(P) asfollows:

numberof correctlygeneratedhotes

E= actualnumberof notes
p— numberof correctlygeneratedhotes
numberof generatedhotes
F-measure = 72 xBix P
R+ P

In the simultaneougrouping,a note that hasthe cor-
rectnotenameandthe correctonsettime is definedcorrect.
In the sequentiagrouping,a notethathasthe correctnote
namethecorrectonsetime,andthecorrectmusicstreanis
definedcorrect. If the onset-timeerroris lessthanathirty-
secondote,theonsettimeis definedcorrect. If thenotesin
the outputmusicstreamoriginatein the samemusicstream
in the score the musicstreamis definedcorrect.

Sincetheperformancés affectedseverelyby fasttempo
playing,thebenchmarks dividedinto two classesMusical

measurewvithout sixteenthnotesare classifiedasclass 1,
while the othersareclassifiedasclass 2. Musicalmeasures
with thirty-secondhotesarenotincludedin the evaluation.
The experimentakesultsfor the simultaneougroupingare
shavn in Tables 1 and2. Resultsfor the sequentiagroup-
ing after simultaneougroupingareshown in Tables 3 and
4,

In the simultaneougrouping the proposednethodim-
provedthe F-measurdy 0.10on average. The F-measure
for class2 waspoorerthanthatof classl, becauseariation
of direction of noteswith shortdurationtendto be influ-
encedby othernotes. Copingwith the problemof short-
durationnoteswill beanimportantsubjectfor futurework.
In the sequentiagrouping the proposednethodperformed
betterthanusingonesimilarity. Theresultsfor the sequen-
tial groupingareshowvn in Table 5. The proposedmethod
improvedthe accurag in classed and2 to 91%and83%
onaveragerespectrely.

5. CONCLUSION

In this paper disambiguatiorin the simultaneousand se-
quentialgroupingof noterecognitionwasattainedby tim-
bre similarity and direction proximity. The experimen-
tal resultswith quartetrecordingsin ananechoicchamber
shaved thatthe proposednethodis quite effective in both
groupings.Futurework includesdirectinteractionbetween
the simultaneousindsequentiagrouping.Suchinteraction
may betriggeredby the chord,melodyline, andnotetran-
sition probability.
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