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ABSTRACT

Noterecognitionin automaticmusictranscriptioncon-
sists of two processes: simultaneous grouping and se-
quential grouping. The former generatesa note from fre-
quency components,while the latter generatesa temporal
sequenceof notes. Their main problemare disambigua-
tion in note compositionand designof featureseffective
for music streamcreation,respectively. For the simulta-
neousgrouping,to copewith theproblemnotehypotheses
arecreatedbasedonoverlapdetectionof frequency compo-
nents.For thesequentialgrouping,timbresimilarity anddi-
rectionproximity areintegrated.Theresultof experiments
with quartetmusicrecordedin ananechoicchambershowed
that theproposedmethodimprovedtheF-measureof each
groupingby 0.10and0.14,respectively.

1. INTRODUCTION

Noterecognitionof polyphonicmusicis animportanttech-
nology for many applicationsincluding automaticmusic
transcription,auditory sceneanalysis,automaticarrange-
ment,andautomatictaggingfor MPEG-7aswell asfor sup-
portsfor composersandarrangers.

Note recognitionin automaticmusic transcriptionof
polyphonic music consistsof two processes:simultane-
ous grouping andsequential grouping [1]. Thesimultane-
ousgroupingforms notecandidatesfrom frequency com-
ponents,while the sequentialgrouping forms streamsof
notescandidates.Sinceeachprocesscannotrecognizenotes
withoutambiguitiesdueto commonfrequency components
of polyphonicmusic,disambiguationof noterecognitionis
critical in automaticmusictranscription.

Ambiguitiesin thesimultaneousgroupingarecausedby
polyphony, for example,whenmultiple instrumentsplay at
thesametime. Usually, harmonicity is themostdominant
featurein simultaneousgrouping.However, morethanone
notemaysharesomeovertones,which makesit morediffi-
cult to detectfundamentalfrequency. Consider, for exam-
ple, that notesC4 (262 Hz) andC5 (524 Hz) aresimulta-
neouslyplayed. Spectralpeaksextractedfrom the power
spectrumarearound262Hz, 524Hz, 786Hz,1048Hz, and
soon. Sincethesespectralpeaksaresimilar to thoseof C4,
it is difficult to recognizea noteof C5.

This kind of ambiguitiesdue to commonovertonesis

causednot only by notesin the octave relation (e.g. C4
and C5), but alsoby any combinationof polyphonicmu-
sic. Althoughtheambiguityis inevitable in thesimultane-
ousgrouping,moststudiesonautomaticmusictranscription
havenotclarifiedthispoint [2]–[6].

Ambiguitiesin the sequentialgroupingareextensively
studiedby psychophysics[1]. Thechord,rhythm,andtim-
breof musicalinstrumentsarethemaincluesfor sequential
grouping.However, whentwo or morecomponentsaresu-
perimposedin thesamefrequency, thesefeaturesareblurred
andthusextractingfeaturespreciselyis difficult.

In thispaper, to improvetheperformanceof thesimulta-
neousgrouping,theoverlapprobabilityof frequency com-
ponentsis introducedandnotesare formed basedon this
probability. In addition,to improve theperformanceof the
sequentialgrouping,timbre similarity anddirectionprox-
imity of notesareexploited.

2. SIMULTANEOUS GROUPING

The simultaneousgroupingconsistsof the threestagesas
is shown in Fig. 1. This systemassumesstereomusical
acousticsignalsas input. First, in the frequency analysis
and localization stage,frequency componentsareextracted
from input signals,andthe directionof frequency compo-
nentsis obtainedby calculatingtheinterauralintensitydif-
ference(IID) andthe interauralphasedifference(IPD). In
theoverlap estimation stage,theoverlapprobabilityof each
frequency componentis obtainedbasedon thevariationof
direction.Finally, in thenote hypothesis creation and eval-
uation stage,notehypothesesarecreatedbasedon thehar-
monicity with overlapprobability. Then the notesof the
highestscorebasedon theoverlapprobabilityarecreated.

2.1. Frequency Analysis and Localization

Musical acousticsignalsare first analyzedby short time
Fourier transform,with Hammingwindows (4096points),
andthenspectralpeaksareextractedfrom thepower spec-
trum. Frequency componentsareobtainedby connecting
thepeaksthathave thesameMIDI notenumber. Direction�

is obtainedby usingtheIID andIPD of eachpeak[7].
(1) TheIID andIPD arecalculatedasfollows:
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Fig. 1. Simultaneousgroupingconsistsof thethreestages.

���L����� ��� �&�"�!�����4��� �+� �¡�¢�!�����.�� ��� �¡�"�!£<���.��� �+� �¡�¢�C£O���4���¤¥�¦�¨§�©�ª&«&¬� �+� �¡�¢�!�������� �¡�¢�!������®°¯ §�©�ª&«&¬¥ �+� �&�"�C£O������ �&�"�C£O����®
where �¡�¢�!��� and �¡�"�!£<� arethespectrumof theleft andthe
right channel,and ��� ±²� and �+� ±²� arethe real andimagi-
narypartof ± , respectively.
(2) The IID is usedto determinewhethera peakis at the
center, on the left or right becausea pair of microphones
with thebaselineof 20cmdonotgiveastrongIID.
(3)

�
is calculatedby� �´³�µ�ª «¶¬ ¸·¹<º0» � �L¤¥� ®

where
»

, � , and · arethepeakfrequencies,thedistancebe-
tweenmicrophones,andthesonicspeed,respectively.

2.2. Overlap Estimation

Theoverlapprobabilityof eachfrequency componentis cal-
culatedby usingthevarianceof directionof apeakfor each
frequency componentobtainedin the previous stage. The
varianceof directionis small if no overtonesof otherhar-
monicsaresuperimposedon that peak,while large other-
wise.

Since the varianceof direction is representedby the
standarddeviation ( ¼ ) andthe gradientof the least-square
fitting of directionof eachpeak( ½ ), theoverlapprobability
is obtainedby integratingall overlapprobabilitiesbasedon
the Dempster-Shafertheory. Dempster’s rule of combina-
tion is representedasfollows[8]:
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where¾ ¬ and ¾ � arethebasicprobabilitiesof ahypothesis
reasonedfrom a proof independentof eachother, and ¿ Ê
and ¿ Ë arethefocalelements.

Onehypothesisthata frequency componentis superim-
posed,anda second,thatit is not,arerepresentedby � and� , respectively. Thethreebasicprobabilitiesaredefinedas
follows:¾ ���Ð� basicprobabilityof Ñ .¾ � �Ð� basicprobabilityof Ñ .¾ ���ÓÒ �Ð� basicprobabilityof unknown whetherÑ or Ñ
Thebasicprobalilities,¾ÕÔ and ¾×Ö , aredefinedfor ¼ and ½
of thevarianceof direction,respectively. They aredefined
asfollows:¾×Ø ���Ð� � £ÚÙÜÛ Í ¯ � ��Ý¥Þ<ß �Cà¡��á¸à � ¼ÓâÆ½¾×Ø � �Ð� � £ÚÙ²� ��Ý¥Þ<ß �Cà¡�¾ Ø ���ÓÒ �Ð� � Í ¯ ££ � numberof peakswith directionã 1

numberof peaksbelongingto frequency componentã 1� ��Ý Þ �!àY� is thesigmoidfunctionwith thethresholdä with� ��Ý¥Þ �!äÁ� =0.5and � �LÝ¥Þ �!åL� =0.99.Thethresholdsä Ô andä Ö aresetto 5 degreesand9.6degrees/second,respectively.
Theoverlapprobabilityof the frequency componentis

obtainedby integrating ¾ Ô and ¾ Ö basedon Dempster’s
ruleof combination.Theplausibility

¤çæ
andbelieffunction¤ æ areobtainedfrom ¾ ���Ð� , ¾ � �Ð� , and ¾ ���ÓÒ �Ð� asfollows:¤ æ � ¾ ���Ð�"� ¾ ���ÓÒ �Ð�Ò ¤ æ � ¾ �����

Theintegratedoverlapprobabilityis definedasfollows:¤è� Í¹ � ¤ æ � ¤ æ �
2.3. Note Hypotheses Creation and Evaluation

Notehypothesesarecreatedbasedonharmonicityandover-
lap estimation. Even if most overtonesof a note overlap
other tones,note hypothesesfor it arealso createdin or-
derto continuefurtherhypotheticalreasoning.Thescoreof
likelihoodof notehypothesisé is definedby usingtheover-
lap probability

¤ � » Ê � anddirection
¤¥êLë � » Ê � asfollows:

(1) if frequency component
» Ê is overlapped,
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Fig. 2. Sequentialgrouping

� ·��R£��Æ� » Ê�� =
¤ � » Ê��

(2) if frequency component
» Ê is notoverlapped,� ·��R£��Æ� » Ê � � � �LÝ¥Þ � � � ¤¥ê�ë � » Ê � ¯ ¤¥ê�ë � ë � � �

where
ë

is notewith directionclosestto
» Ê .

Thenote(s)with thegreatestscoreé (averageof score(
» Ê ))

is givento thesequentialgroupingto form musicstreams.

3. SEQUENTIAL GROUPING

Theprocedureof thesequentialgroupingis shown in Fig. 2 �
Notesobtainedin simultaneousgroupingaretheinput. The
systemcalculatesthemusic-stream probability by integrat-
ing the timbresimilarity andthedirectionproximity based
on theDempster-Shafertheory. Basedon theprobability, a
musicstreamis formedfrom thenotes.

3.1. Music Stream Probability

One hypothesisthat two notesbelongto the samemusic
stream,anda second,that they belongto a differentmusic
stream,arerepresentedby

¤
and

¤
, respectively. Thethree

basicprobabilitiesaredefinedasfollows.¾ � ¤ � basicprobabilityof � .¾ � ¤ � basicprobabilityof � .¾ � ¤ Ò ¤ � basicprobabilityof unknown whether� or �
The ¾�� and ¾�� arethebasicprobabilitiesrepresentingthe
timbresimilarity andthedirectionproximity, respectively.

Thekey to musicstreamformationaretimbre similar-
ity anddirectionproximity. We think that it is reasonable
to use,becausemusicalinstrumentsaremoved seldomor
within a narrow range.

For timbresimilarity, thediscriminationfunctionis de-
signedby usingthesupportvectormachine(SVM) with lin-
earfunctionasakernel.A setof 23featuresfor theSVM in-
cludethespectralandtemporalfeatureswhicharedesigned
accordingto theliterature[9, 10].

Thevariables¾ � and ¾ � aredefinedasfollows:¾�� � ¤ � �����! #"%$'&)('*,+«.- Í/ ¹<º�0�1!2  ¯ à �¹ ®43 à

¾�� � ¤ � �5� -
�! 6"%$'&)('*,+

Í/ ¹Oº70�1!2  ¯ à �¹ ®43 à¾�� � ¤ Ò ¤ � � å¾ � � ¤ � � £ ¬ ÙÕ£ � ÙÕ� ��Ý Þ98 � � ¤¥êLë � ë ¬ � ¯ ¤¥ê�ë � ë � � � �¾ � � ¤ � � £ ¬ ÙÕ£ � Ù Û Í ¯ � ��Ý Þ98 � � ¤¥ê�ë � ë ¬ � ¯ ¤¥ê�ë � ë � � � �á¾ � � ¤ Ò ¤ � � Í ¯ £ ¬ Ù×£ �
where

¤¥êLë
is the directionof the note. The variables£ ¬

and £ � arethereliability of thedirectionof notes
ë ¬ and

ë � ,
respectively, andthey aredefinedasthesumof theoverlap
probability of the note’s frequency components.ä � is de-
signedasfollows: thevalueis largein thecenterandsmall
outsidethecenter.ä � �;:9<�ë «&¬� :=<�ë � ¤¥êLë � ë ���¶� · �?>A@AB å» $ ® ¯ ¤¥ê�ë � ë � B
Thevariables· , � , and

» $ arethesonicspeed,thedistance
betweenthemicrophones,andthesamplerate,respectively.
The music-streamprobability is calculatedfrom the plau-
sibility and belief function basedon the Dempster-Shafer
theory.

3.2. Music Stream Formation

Music-streamprobability
¤ ��� Ê Ò ë � (

ÍDC < CFE
) of music

stream�&Ê with inputnote
ë

is definedasfollows:¤ � ¤¥ê £HG)Ê�Ò ë � � Í· Ê & ÄÂË È ¬ ¤ � ë Ê�Ë�Ò ë �
where · Ê is thenumberof notesin � Ê . Themusicstreamis
formedaccordingto thefollowing algorithm:

1. Calculateprobability
¤ ���&Ê�Ò ë � of music stream �&Ê

with aninputnote
ë

.
2. A note

ë
is addedin the stream� Ê where

¤ ��� Ê Ò ë �
hasthemaximumvalue.

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

Theabove processis repeatedfor all notessothatall notes
aregroupedinto somemusicstreams.

4. EXPERIMENTS AND RESULTS

To evaluatethe improvementof note recognitionperfor-
mance,stereomusicalacousticsignalsrecordedin anane-
choicchamberwereused.Thebenchmarkwasthequartet
in Pachelbel’sCanonwhoseplayingtimewasabout6 min-
utesand30seconds.Thequartetmusicwasplayedvia four
loud speakersusing a MIDI samplerwith musicalinstru-
mentsounddatabaseNTTMSA-P1.Two microphoneswith
thebaselineof 20cmwereusedfor recording.Thedistance
from eachloud speaker to the centerof the pair of micro-
phoneswas1m.

The layout of the musicalinstruments(loud speakers)
from left to right wasa violin, a flute, a trumpet,anda pi-
ano. Threeinterval patternswereusedfor the instruments;



Table 1. Resultsof simultaneousgrouping(class1)
interval withoutoverlapprobability with overlapprobability

20 deg. 0.63(0.46,0.98) 0.78(0.76,0.79)
40 deg. 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-measure(recall,precision)

Table 2. Resultsof simultaneousgrouping(class2)
interval withoutoverlapprobability with overlapprobability

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

F-measure(recall,precision)

Table 3. Resultsof wholeprocess(class1)
interval timbresimilarity directionproximity Both

20 deg. 0.65(0.64,0.65) 0.68(0.68,0.69) 0.71(0.70,0.71)
40 deg. 0.60(0.63,0.56) 0.66(0.71,0.63) 0.69(0.73,0.65)
60 deg. 0.52(0.56,0.48) 0.52(0.57,0.49) 0.56(0.61,0.53)

F-measure(recall,precision)

Table 4. Resultsof wholeprocess(class2)
interval timbresimilarity directionproximity Both

20 deg. 0.40(0.35,0.46) 0.50(0.45,0.57) 0.51(0.45,0.58)
40 deg. 0.35(0.32,0.39) 0.49(0.46,0.53) 0.50(0.46,0.54)
60 deg. 0.34(0.28,0.43) 0.34(0.28,0.44) 0.38(0.31,0.50)

F-measure(recall,precision)

Table 5. Resultsof sequentialgrouping
interval timbresimilarity directionproximity Both

20deg. 0.84I 0.69 0.89I 0.88 0.92I 0.88
40deg. 0.79I 0.60 0.89I 0.87 0.91I 0.87
60deg. 0.85I 0.67 0.86I 0.68 0.92I 0.76

Left andright columnareresultsof classes1 and2.

theintervalsof 20,40,and60degrees.Theperformanceof
thesimultaneousgroupingwasevaluatedby comparingthe
methodwith andwithout theoverlapprobability, while that
of thesequentialgroupingwasevaluatedby comparingthe
resultsof first usingonly timbresimilarity, next only direc-
tion proximity, andfinally integratingthetwo. Theaccuracy
wasmeasuredby theF-measureobtainedby therecall rate
(R) andtheprecisionrate(P)asfollows:Jè� numberof correctlygeneratednotes

actualnumberof notes¤ � numberof correctlygeneratednotes

numberof generatednotes

F-measure
� ¹ Ù J Ù ¤J � ¤

In the simultaneousgrouping,a note that hasthe cor-
rectnotenameandthecorrectonsettimeis definedcorrect.
In thesequentialgrouping,a notethathasthecorrectnote
name,thecorrectonsettime,andthecorrectmusicstreamis
definedcorrect. If theonset-timeerror is lessthana thirty-
secondnote,theonsettimeis definedcorrect. If thenotesin
theoutputmusicstreamoriginatein thesamemusicstream
in thescore,themusicstreamis definedcorrect.

Sincetheperformanceis affectedseverelyby fasttempo
playing,thebenchmarkis dividedinto two classes.Musical

measureswithout sixteenthnotesareclassifiedasclass 1,
while theothersareclassifiedasclass 2. Musicalmeasures
with thirty-secondnotesarenot includedin theevaluation.
Theexperimentalresultsfor thesimultaneousgroupingare
shown in Tables 1 and2. Resultsfor thesequentialgroup-
ing aftersimultaneousgroupingareshown in Tables 3 and
4.

In thesimultaneousgrouping,theproposedmethodim-
proved theF-measureby 0.10on average.TheF-measure
for class2 waspoorerthanthatof class1, becausevariation
of directionof noteswith shortdurationtend to be influ-
encedby othernotes. Copingwith the problemof short-
durationnoteswill beanimportantsubjectfor futurework.
In thesequentialgrouping,theproposedmethodperformed
betterthanusingonesimilarity. Theresultsfor thesequen-
tial groupingareshown in Table 5. Theproposedmethod
improvedtheaccuracy in classes1 and2 to 91%and83%
onaverage,respectively.

5. CONCLUSION

In this paper, disambiguationin the simultaneousand se-
quentialgroupingof noterecognitionwasattainedby tim-
bre similarity and direction proximity. The experimen-
tal resultswith quartetrecordingsin an anechoicchamber
showedthat theproposedmethodis quiteeffective in both
groupings.Futurework includesdirectinteractionbetween
thesimultaneousandsequentialgrouping.Suchinteraction
maybetriggeredby thechord,melodyline, andnotetran-
sitionprobability.
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