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Abstract

In the context of a project analysingexpressionin musicalperformance,we investigate techniquesfor
estimatingthe onsettimes of piano tonesfrom audio signalscontainingpolyphonicmusic. We aim to
show that automaticextractionof timing in audiosignalsis sufficiently accurateto be useful in musical
expressionresearch.A computerprogramis describedwhich usesa combinationof time domainand
frequency domainfeaturesof the signalto estimateonsettimes. The relative weightsof the featuresare
learntusinga geneticalgorithmtrainedon a large databaseof pianomusicperformedon a Bösendorfer
SE290computer-monitoredgrandpiano.Thealignmentof featuresin time is achievedby correlationwith
known hammer-stringimpacttimesfrom thesamedataset.Theresultingalgorithmdetectsapproximately
90% of onsetswith an averageresolutionaround10ms,a sufficiently goodstartingpoint for studiesof
tempoandtiming, for exampleusinganinteractive beattrackingsystem.We discussthelimitationsof the
currentapproach,andproposeascore-directedsystemasthenext steptowardsafully automaticexpression
extractionsystem.

1 Introduction

Automatic content analysisof musical signals has re-
ceivedconsiderableattentionin recenttimes,particularly
with referenceto the MPEG-4standard,which provides
for very high compressionof signalsbasedon represen-
tation of contentat a high-level of abstraction.This pa-
per examinesonefacetof musicsignalcontentanalysis,
namelyonsetdetection,andpresentsan onsetdetection
algorithmthat is trainedandoptimisedon pianoperfor-
mancedata.

Themotivationof this work is to analysemusicalin-
terpretation,that is, theexpressive nuanceswhich differ-
entiateanexperthumanmusicalperformancefrom a me-
chanicalrenditionof themusicalscoreandfrom otherex-
pert performances.To be successful,we requirea very
high time resolution,sincethe differencesof interestare
usuallyof theorderof tensof milliseconds.

Sincethefocusof this researchis performancerather
thanperceptionof music,theonsettime is definedasthe
physicalonsetof themusicaltoneratherthanthepercep-
tual onset.For example,on thepiano,thephysicalonset
timecorrespondsto thetimeof thehammerimpacton the
string, which occursshortly beforethe perceptualonset
time of thetone[23].

Other applicationsof onsetdetectioninclude audio
beat tracking [19, 12, 8], automaticmusic transcription
[14, 18, 15] andautomaticaccompanimentsystems[5],
noneof which have thesamedemandsof time resolution
asexpressionanalysis.

In the next section,we review literaturerelevant to
onsetdetection,andthendiscussthereasonsfor thediffi-

culty of accurateonsetdetection,andwhy standardclassi-
ficationalgorithmsarenotsuitablefor thetask.In section
3, we presentour onsetdetectionalgorithm,followedby
the resultsof testingon a large corpusof professionally
performedclassicalpianomusic. The final sectioncon-
tainsa discussionof the resultsanddirectionsof further
research.

2 Background

Various approachesto onset detectionhave been pro-
posed,usingeithertimedomainor frequency domainsig-
nalprocessingalgorithms,or acombinationof both,such
asin auditorymodelling.

Timedomainalgorithmsusesignalamplitudedirectly
to derive parameterssuchasaverageabsoluteamplitude,
RMS amplitude,peakamplitude,or theslopeof theam-
plitude envelope, which are calculatedfor overlapping
windows of the data and then examinedfor local and
globalpeaks.Thesealgorithmstendto besimpleandfast.

For example,Dixon [8] usesa time-domainalgorithm
derived from Schloss[20], which filters andsmoothsthe
signalto produceanamplitudeenvelopecalculatedfrom
theaverageabsoluteamplitudein a 20mswindow of the
signal. By overlappingthe windows, amplitudevalues
arecalculatedat a separationof 10ms. A 4-point linear
regressionis usedto find the slopeof the amplitudeen-
velope,anda peak-pickingalgorithmfindslocal maxima
in the slope,which aretaken to be onsets.This method
is quite successfulfor drum transcription(Schloss’s ap-
plication),becauseof thesharpattackanddecayof drum
sounds,and for beattracking (Dixon’s application),be-
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Figure1: The beginning of Mozart’s PianoSonatain C
major (K.279), with onsetsmarked by dottedlines. Not
all onsetscorrespondwith a suddenrise in amplitudein
thetime domainsignal.

causeit is notnecessaryto detectall onsetsin orderto find
thebeat.However, in apolyphonicmusicalcontext, many
onsetsaremasked in the time domainby sustainednotes
(seeFigure1), somorecomplex methodsarerequiredto
detectall onsets.

Frequency domainalgorithmsfirst decomposethesig-
nal into distinct frequency bandsandeitherperformtime
domainprocessingon eachfrequency band,or compute
parametersrepresentingspectralcontent. A significant
time cost is incurredby the separateprocessingof each
frequency band,as well as for the FFT, and the useof
overlappingwindows createsa highly redundantsignal
representation,whichhasmuchlargerspacerequirements
thantime domainalgorithms.

Klapuri [16] usesa 21-banddecompositionof the
audio signal, performingonsetdetectionon eachband,
andthenrecombiningthe resultsusinga psychoacoustic
modelof loudnessto removespuriousonsetsfoundin the
separatefrequency bands.Goto andMuraoka[10] usea
frequency domainalgorithm which focusseson the fre-
quenciesof thesnareandbassdrumsin orderto perform
beattrackingon modernpopularmusic. An extensionof
this work measureschangein spectralcontentto predict
higherlevel rhythmic boundaries[11].

Otherwork usesbiologically-inspiredmodelsto pro-
cessaudiodata[4]. Thesemodelsare characterisedby
wider frequency bandsbut better time resolution than
otherfrequency domaintechniques.For example,Smith
[21] usesa neurologicallyinspiredmodel to detecton-
sets,by dividing the signal into third-octave frequency
bands,performing full-wave rectification, summingthe
frequency bandsandpassingtheresultingsignalthrough
an on-centreoff-surroundonsetdetectionfilter. Despite
thecomplexity of thisapproachcomparedto timedomain
techniques,it reportssuccessonly with monophonicsig-
nals.

2.1 Feature Selection

In thiswork, weoptedfor acombinedtimeandfrequency
domainapproach,with thesystembeingtrainedonpartof
thedatafor optimaldetection.Weview onsetdetectionas
a classificationtask,with the input databeingprocessed
into a seriesof featurevectorsrepresentingbothtime and
frequency domain information. Knowledgerepresenta-
tion is thekey to problemsolving. In thecaseof classifi-
cation,whetherbasedon manuallyor automaticallygen-
erated(learnt)algorithms,successis largelydependenton
thechoiceof featurevectorsfrom whichtheclassification
is performed.

It is clearlybeneficialto useknowledgeof instrumen-
tal acousticsin selectingthefeaturesfor thevectors.The
acousticsof musicalinstrumentsareto a largeextentwell
understood[3, 2, 22], anddespiteknown variability, the
basic characteristicssuch as amplitudeenvelope, spec-
trum andtime-varying spectralcharacteristicshave been
catalogued[13, 1]. As a first approximation,acousticpi-
anotoneshave a sharpattackfollowedby anexponential
decay, which in thefrequency domainconsistsof a noisy
transientat the beginning of the tonefollowed by a har-
monictone,wheretherelativeamplitudeof theharmonics
is inverselyproportionalto theharmonicnumber. (More
accuratemodelsconsideralsothepositionof thehammer
striking thestring,thewidth andmaterialof thehammer,
the stiffnessof the stringsandthe couplingbetweendif-
ferentstringsandbetweenthestringsandthesoundboard
of thepiano.)

In this work we assumea simple instrumentmodel,
andfocuson detectingsuddenincreasesof energy in the
overall signal or in particular frequency bands. This is
doneby smoothingthesignalto obtainanamplitudeen-
velopeand looking for peaksin the amplitudeenvelope
andin the slopeof the amplitudeenvelope,andthenre-
peatingthis processfor eachfrequency band,summing
the energy acrossfrequency bandswhich containampli-
tudeor slopepeaks,andthenlooking for peaksin these
sums.

2.2 Use of Genetic Algorithms

A numberof machinelearningalgorithmsweretestedfor
developinga classifierfor the featurevectors,but these
provedto beunsuccessful.Thereasonthatmany machine
learningalgorithmsare not suitablefor classificationof
audiodatais thatthey treateachvectorasbeingindepen-
dent, ignoring the context of the data. However, audio
datais highly predictablein the sensethat the measured
featureschangerelatively slowly betweensuccessivevec-
tors,makingcontext oneof themostimportantfactorsin
onsetprediction.In fact,mostfeaturesareonly meaning-
ful when viewed with respectto their local context. In
moreconcreteterms,it is the local maxima,ratherthan
specificvaluesof features,which bestcorrelatewith on-
settimes.

The other problem with classificationalgorithmsis
their meansof assessment.For example,a decisiontree
learnerpresentedwith a setof featurevectorslearnsthe



trivial rule that no vector representsan onset(which is
trueabout90%of thetime). A linearmodelusinga least
squaresfit also faresbadly, being able to classify only
65%of thevectorscorrectly.

Theadditionof context featuresto thevectorcansolve
the first, but not the secondproblem. It is possibleto
weight the dataset with multiple copiesof positive in-
stances,or to use a cost-basedclassifierwith a higher
penaltyfor falsenegatives,but this doesnot solve theba-
sic problemthat error assessmentshouldalsobe context
dependent.That is, the distanceof the predictedonset
from theactualonsettime is significant.It is far betterto
predictan onset10msfrom the correctonsettime rather
than100msfrom thecorrecttime; thelearningalgorithms
do not representthis fact.

This problemwassolved by developinga genetical-
gorithm to learna linear function for classifyingfeature
vectors.Geneticalgorithmshave theadvantageof allow-
ing the specificationof an arbitraryevaluationfunction,
which facilitatesthesolutionof domainspecificproblems
which do not fit well into otherstandardlearningframe-
works.

3 Onset Detection Algorithm

In thissectionwe describethespecificsof theaudiodata,
theprocessingof thedatato extractrelevantfeatures,the
learningalgorithmwhich is usedto parametrisetheonset
detectionsystem,andfinally the resultsof applying the
onsetdetectionalgorithmto theremainingdata.

3.1 Audio Data

The experimentaldataconsistsof 10 PianoSonatasby
W.A. Mozart (K.279–K.284and K.330–K.333),played
by a professionalViennesepianist on a Bösendorfer
SE290computer-monitoredgrandpiano. The computer
files of the performanceswereplayedbackon the same
piano and recordeddigitally at 44100Hzsamplingrate
using a DAT recorder, and then transferreddigitally to
the computerfile system. The performancefiles were
alsotranslatedfrom Bösendorfer’sproprietaryformatinto
MIDI formatfor usein thetrainingandevaluationstages.

3.2 Feature Extraction

We use8 featuresin the currentsystem:4 time domain
featuresand4 frequency domainfeatures.To extractthese
features,theaudiodatais processedby averagingthetwo
channelsof thestereorecording,high-passfiltering, full-
wave rectifying andaveragingover a 20mswindow. This
processis repeatedfor overlappingwindowsspaced10ms
apart,so that eachdatapoint appearsin exactly 2 win-
dows. This definesthe amplitudeenvelope,which is the
first featurein thevector. Thesecondfeatureis a binary
feature,indicatingwhetherthecurrentpoint representsa
local maximumin theamplitudeenvelope.A local max-
imum mustexceeda thresholdvalueandhave no greater

valuewithin 50mseitherside.Theslopeof theamplitude
vector, calculatedwith a 4-point linearregressionat each
point, forms the third feature,andthe fourth is a binary
featureindicatinga localmaximumin theslope.

To performfrequency domainanalysis,theaudiosig-
nal is low-passfilteredanddownsampledto 12kHzsam-
pling rate,anda512-pointFFTiscalculatedat10msinter-
vals. For eachof the256frequency bands,thelog power
is computedandlocal maxima(for 50mseitherside)are
found and summedacrossfrequency bands,to give the
fifth feature. The sixth featuremarks the peaksin the
fifth. Finally, the seventhfeatureis foundby calculating
theamplitudeslopein eachfrequency bandandsumming
thelocal maxima,andtheeighthfeaturerepresentspeaks
in theseventh.
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3.3 Learning

Not all of the featuresthatareusedto predictonsetsco-
incidepreciselywith theonsetsthemselves.For example,
thepeakamplitudeoccursslightly afterthephysicalonset
of the note. In order to correct for thesetiming differ-
ences,correlationis performedbetweenthe featuresand
theonsetvector ��� Y�UC�%� < � derivedfrom playednotetimesS , where:
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lated, to give a correctionfactor �i( L , which is usedto
producea alignedsetof vectors
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Usingthealignedfeaturevectors,a geneticalgorithm
is usedto find a set of parameters� L � 
/
 �X�%�������E�

so
that thepredictionfunction S \ U _X��� �%� < � bestapproximates��� Y�UC��� < � . A simplifiedversionof thepredictionfunction
is givenhere.
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Variousmeasuresof errorcanbecalculated.Theav-
erageerror rate, that is the averageover all onsets� L of  \,\&]X\ � 
�� , is not anaccuratemeasureof performance,be-
causeit treatsall failuresto detectan onset(falsenega-
tives)astiming errors.Althoughit is not possiblein gen-
eral to distinguishbetweentiming errorsandfalsenega-
tives, we defineany error greaterthan 70msas being a
failure to detectan onset. The remainingerrorsareav-
eragedto give the averageerror in detection(AED). We
definethe predictive accuracy (PA) to be the numberof
matchedonsetsdividedby thetotalnumberof onsetsplus
thenumberof falsepositives.

Training TrainingData TestData
Set PA AED (s) PA AED (s)
K.279 90.1% 0.010 89.1% 0.011
K.280 88.8% 0.010 88.3% 0.011
K.281 86.8% 0.012 85.9% 0.011
K.282 88.5% 0.011 88.3% 0.011
K.283 90.6% 0.010 88.5% 0.011
K.284 92.2% 0.011 90.9% 0.010
K.330 91.9% 0.010 91.2% 0.011
K.331 89.3% 0.010 87.5% 0.010
K.332 87.6% 0.013 89.7% 0.011
K.333 89.4% 0.010 88.2% 0.011

Table 1: Predictive accuracy (PA) and averageerror in
detection(AED) for theonsetdetectionalgorithmtrained
andtestedon10 Mozartpianosonatas.

3.4 Results

The algorithm was trained on eachpiano sonatasepa-
rately, andthentestedon the 10 completesonatas.Pre-
dictive accuracy andaverageerror in detectionwerecal-
culatedfor thetrainingdataandthecompletetestset,and
areshown in table1. Sinceeachsonataconsistsof several
thousandnotes,it is notsurprisingthattheresultsarequite
consistentacrossthe differenttraining sets. The bestre-
sult wasa 91.2%accuracy in predictingonsetsacrossthe
10 sonatas,with anaverageerror in detectionof 11ms.It
is not yet known how well theseparameterswould apply
to a differentinstrument,aswe have no meansof testing
the algorithm with other data. It is expectedthat since
the featuresarequite general,the approachshouldwork
well with otherinstruments,althoughtrainingmaybere-
quiredto fine-tunetheparametersto achieveequallygood
results.

4 Discussion and Further Work

Thetime resolutionachievedin this work is sufficient for
researchin expressive performance,and probablymore
accuratethan humanjudgement[9]. However, if every
onsetis required,the needto correctaround10% of on-
setsis still a formidabletask,andlimits theapplicability
of thesystemto shortpieces.In furtherwork, it is planned
to usescoreinformationto guidethesystemto searchfor
onsetsspecificallyin thefrequency bandsof notatedmu-
sical tones[17, 18]. Although this limits the systemto
works for which an on-line versionof the scoreis avail-
able,it alsoopensthe door to someoptimisationswhich
will improve thespeedandtheaccuracy of theprogram.
Further, it wouldprovidepreciseinformationaboutwhich
notesweredelayedor anticipatedwith respectto themu-
sicalcontext, thusproviding arichersourceof datafor use
in learningexperiments.

The othermain applicationof this work is in the de-
velopmentof an automatictranscriptionsystem[6, 7],
which extractsnot just onsettimes from the audiodata,
but alsopitch, amplitudeandduration,which mustall be



interpretedin termsof musicalconstructssuchasmeter,
rhythm andkey. Although a completetranscriptionsys-
tem is still a distantgoal, useful interactive systemsare
not far off.
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