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Abstract

In the context of a project analysingexpressionin musical performancewe investicate techniquesfor
estimatingthe onsettimes of piano tonesfrom audio signalscontainingpolyphonicmusic. We aim to
shav that automaticextraction of timing in audio signalsis sufficiently accurateto be usefulin musical
expressionresearch. A computerprogramis describedwhich usesa combinationof time domainand
frequeny domainfeaturesof the signalto estimateonsettimes. The relative weightsof the featuresare
learntusing a geneticalgorithmtrainedon a large databasef piano music performedon a Bosendorfer
SE290computermonitoredgrandpiano. The alignmentof featuresn time is achiezed by correlationwith
known hammersstringimpacttimesfrom the samedataset. The resultingalgorithmdetectsapproximately
90% of onsetswith an averageresolutionaround10ms,a sufficiently good starting point for studiesof
tempoandtiming, for exampleusinganinteractve beattrackingsystem.We discusghe limitations of the
currentapproachandproposea score-directedystemasthe next steptowardsa fully automaticexpression

extractionsystem.

1 Introduction

Automatic contentanalysisof musical signals has re-
ceived considerablattentionin recenttimes,particularly
with referenceto the MPEG-4 standardwhich provides
for very high compressiorof signalsbasedon represen-
tation of contentat a high-level of abstraction.This pa-
per examinesone facetof music signalcontentanalysis,
namelyonsetdetection,and presentsan onsetdetection
algorithmthatis trainedand optimisedon piano perfor
mancedata.

The motivation of this work is to analysemusicalin-
terpretationthatis, the expressve nuanceshich differ-
entiatean experthumanmusicalperformancdrom ame-
chanicalrenditionof themusicalscoreandfrom otherex-
pert performances.To be successfulwe requirea very
high time resolution,sincethe differencesof interestare
usuallyof the orderof tensof milliseconds.

Sincethefocusof this researchs performanceather
thanperceptiorof music,the onsettime is definedasthe
physicalonsetof the musicaltoneratherthanthe percep-
tual onset. For example,on the piano,the physical onset
time correspond$o thetime of thehammerimpacton the
string, which occursshortly beforethe perceptualbonset
time of thetone[23].

Other applicationsof onsetdetectioninclude audio
beattracking[19, 12, 8], automaticmusic transcription
[14, 18, 15] and automaticaccompanimensystemg5],
noneof which have the samedemand®f time resolution
asexpressioranalysis.

In the next section,we review literaturerelevant to
onsetdetectionandthendiscusghereasondor the diffi-

culty of accuratonsetdetectionandwhy standaratlassi-
ficationalgorithmsarenot suitablefor thetask.In section
3, we presenibur onsetdetectionalgorithm, followed by

the resultsof testingon a large corpusof professionally
performedclassicalpianomusic. The final sectioncon-

tainsa discussiorof the resultsand directionsof further

research.

2 Background

Various approachedo onsetdetectionhave been pro-
posedusingeithertime domainor frequeng domainsig-
nal processinglgorithms,or acombinationof both,such
asin auditorymodelling.

Time domainalgorithmsusesignalamplitudedirectly
to derive parametersuchasaverageabsoluteamplitude,
RMS amplitude,peakamplitude,or the slopeof the am-
plitude ervelope, which are calculatedfor overlapping
windows of the data and then examinedfor local and
globalpeaks.Thesealgorithmstendto besimpleandfast.

For example,Dixon [8] usesatime-domainalgorithm
derived from Schlosq20], which filters andsmoothshe
signalto producean amplitudeervelopecalculatedfrom
the averageabsoluteamplitudein a 20mswindow of the
signal. By overlappingthe windows, amplitudevalues
are calculatedat a separatiorof 10ms. A 4-pointlinear
regressionis usedto find the slopeof the amplitudeen-
velope,anda peak-pickingalgorithmfinds local maxima
in the slope,which aretakento be onsets. This method
is quite successfufor drum transcription(Schlosss ap-
plication),becausef the sharpattackanddecayof drum
sounds,and for beattracking (Dixon’s application),be-
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Figurel: The beginning of Mozart's PianoSonatain C
major (K.279), with onsetsmarked by dottedlines. Not
all onsetscorrespondvith a suddenrisein amplitudein

thetime domainsignal.

causét is notnecessarto detectall onsetsn orderto find
thebeat.However, in apolyphonicmusicalcontet, mary
onsetsaaremasledin thetime domainby sustainedotes
(seeFigurel), somorecomplex methodsarerequiredto
detectall onsets.

Frequeng domainalgorithmsfirst decompos¢hesig-
nal into distinctfrequeng bandsandeitherperformtime
domainprocessingn eachfrequeng band,or compute
parametergepresentingspectralcontent. A significant
time costis incurredby the separaterocessingof each
frequeny band,aswell asfor the FFT, andthe useof
overlappingwindows createsa highly redundantsignal
representationyhich hasmuchlargerspaceequirements
thantime domainalgorithms.

Klapuri [16] usesa 21-banddecompositionof the
audio signal, performing onsetdetectionon eachband,

andthenrecombiningthe resultsusinga psychoacoustic

modelof loudnesgo remove spuriousonsetfoundin the
separatdrequeny bands.Goto and Muraoka[10] usea
frequeny domainalgorithmwhich focusseson the fre-
guencief the snareandbassdrumsin orderto perform
beattrackingon modernpopularmusic. An extensionof
this work measureghangein spectralcontentto predict
higherlevel rhythmic boundarie$11].

Otherwork usesbiologically-inspiredmodelsto pro-
cessaudiodata[4]. Thesemodelsare characterisedy
wider frequengy bandsbut better time resolutionthan
otherfrequeng domaintechniques.For example,Smith
[21] usesa neurologicallyinspired modelto detecton-
sets, by dividing the signal into third-octave frequeng
bands,performing full-wave rectification, summingthe
frequeny bandsandpassingheresultingsignalthrough
an on-centreoff-surroundonsetdetectionfilter. Despite
thecomplity of thisapproaclcomparedo time domain
techniquesit reportssucces®nly with monophonicsig-
nals.

2.1 Feature Selection

In thiswork, we optedfor acombinedime andfrequeny
domainapproachwith thesystenbeingtrainedon partof
thedatafor optimaldetection.We view onsetdetectioras
a classificationtask, with the input databeing processed
into a seriesof featurevectorsrepresentingpothtime and
frequeny domaininformation. Knowledgerepresenta-
tion is the key to problemsolving. In the caseof classifi-
cation,whetherbasedon manuallyor automaticallygen-
eratedlearnt)algorithms successs largely dependentn
thechoiceof featurevectorsfrom whichthe classification
is performed.

It is clearlybeneficialto useknowledgeof instrumen-
tal acousticdn selectingthe featuredfor thevectors.The
acousticof musicalinstrumentsareto alarge extentwell
understood3, 2, 22], and despiteknown variability, the
basic characteristicssuch as amplitude ervelope, spec-
trum andtime-varying spectralcharacteristichave been
catalogued13, 1]. As afirst approximationacousticpi-
anotoneshave a sharpattackfollowed by an exponential
decaywhichin thefrequeng domainconsistof a noisy
transientat the beginning of the tonefollowed by a har
monictone,wheretherelative amplitudeof theharmonics
is inverselyproportionalto the harmonicnumber (More
accuratamodelsconsideralsothe positionof thehammer
striking the string, the width andmaterialof the hammey
the stiffnessof the stringsandthe coupling betweendif-
ferentstringsandbetweerthe stringsandthe soundboard
of thepiano.)

In this work we assumea simple instrumentmodel,
andfocuson detectingsuddenincrease®f enegy in the
overall signal or in particularfrequeny bands. This is
doneby smoothingthe signalto obtainan amplitudeen-
velopeand looking for peaksin the amplitudeenvelope
andin the slopeof the amplitudeenvelope,andthenre-
peatingthis processfor eachfrequeny band,summing
the enepgy acrossfrequeng bandswhich containampli-
tude or slopepeaks,andthenlooking for peaksin these

2.2 Useof Genetic Algorithms

A numberof machindearningalgorithmsweretestedfor
developing a classifierfor the featurevectors,but these
provedto beunsuccessfullThereasorthatmary machine
learningalgorithmsare not suitablefor classificationof
audiodatais thatthey treateachvectorasbeingindepen-
dent, ignoring the context of the data. However, audio
datais highly predictablein the sensethat the measured
featureschangeelatively slowvly betweersuccessie vec-
tors, makingcontet oneof the mostimportantfactorsin
onsetprediction.In fact,mostfeaturesareonly meaning-
ful whenviewed with respectto their local context. In
more concreteterms, it is the local maxima,ratherthan
specificvaluesof featureswhich bestcorrelatewith on-
settimes.

The other problemwith classificationalgorithmsis
their meansof assessment-or example,a decisiontree
learnerpresentedvith a setof featurevectorslearnsthe



trivial rule that no vector representsan onset(which is
true about90% of thetime). A linearmodelusinga least
squaredit also faresbadly being able to classify only
65% of thevectorscorrectly

Theadditionof context featurego thevectorcansolve
the first, but not the secondproblem. It is possibleto
weight the dataset with multiple copiesof positive in-
stances,or to use a cost-basedlassifierwith a higher
penaltyfor falsenegatives,but this doesnot solve the ba-
sic problemthat error assessmerghouldalsobe context
dependent. That s, the distanceof the predictedonset
from the actualonsettime is significant. It is far betterto
predictan onsetlOmsfrom the correctonsettime rather
than100msfrom thecorrecttime;thelearningalgorithms
do notrepresenthis fact.

This problemwas solved by developinga genetical-
gorithmto learna linear function for classifyingfeature
vectors.Geneticalgorithmshave the advantageof allow-
ing the specificationof an arbitrary evaluationfunction,
which facilitatesthe solutionof domainspecificproblems
which do not fit well into otherstandardearningframe-
works.

3 Onset Detection Algorithm

In this sectionwe describethe specificsof theaudiodata,
the processingf the datato extractrelevantfeaturesthe
learningalgorithmwhich is usedto parametris¢he onset
detectionsystem,andfinally the resultsof applyingthe
onsetdetectionalgorithmto theremainingdata.

3.1 Audio Data

The experimentaldata consistsof 10 Piano Sonatashy
W.A. Mozart (K.279-K.284and K.330—-K.333), played
by a professionalViennesepianist on a Bosendorfer
SE290computermonitoredgrandpiano. The computer
files of the performancesvere playedbackon the same
piano and recordeddigitally at 44100Hzsamplingrate
using a DAT recordey and then transferreddigitally to
the computerfile system. The performancefiles were
alsotranslatedrom Bosendorfess proprietaryformatinto
MIDI formatfor usein thetrainingandevaluationstages.

3.2 FeatureExtraction

We use8 featuresin the currentsystem:4 time domain
featuresand4 frequeny domainfeatures.To extractthese
featurestheaudiodatais processedtby averagingthetwo
channelof the stereorecording,high-pasdiltering, full-
wave rectifying andaveragingover a 20mswindow. This
processs repeatedor overlappingwindows spaced.Oms
apart, so that eachdatapoint appearsn exactly 2 win-
dows. This definesthe amplitudeervelope,which is the
first featurein the vector The secondfeatureis a binary
feature,indicatingwhetherthe currentpoint represents
local maximumin the amplitudeervelope. A local max-
imum mustexceeda thresholdvalueandhave no greater

valuewithin 50mseitherside. The slopeof theamplitude
vector calculatedwith a 4-pointlinearregressiorat each
point, forms the third feature,andthe fourth is a binary
featureindicatinga local maximumin theslope.

To performfrequeny domainanalysisthe audiosig-
nal is low-passfiltered anddownsampledo 12kHz sam-
pling rate,anda512-pointFFTis calculatedat 10msinter-
vals. For eachof the 256 frequeng bandsthelog power
is computedandlocal maxima(for 50mseitherside)are
found and summedacrossfrequeng bands,to give the
fifth feature. The sixth featuremarksthe peaksin the
fifth. Finally, the seventhfeatureis found by calculating
theamplitudeslopein eachfrequeng bandandsumming
thelocal maxima,andthe eighthfeaturerepresentpeaks
in the seventh.

Formulatedprecisely let the audiosignalbe denoted
z(t), sampledat rate r sothat z[i] = =z(rt) with ¢
0,1,...,n — 1. Letz/(t) bethe anti-aliasfiltered version
of the signalz, down-sampledo rater’, sothatz'[i] =
Z'(r't)withi =0,1,...,n — 1. Let FFT(z, k,n) bethe
log power of then-point discreteFouriertransformof the
signalx attimesk,k +1,...,k+n — 1. Letw = 0.02 be
thewindow sizeandh = 0.01 the hop size (in seconds)
usedin calculatingthe featurevectors. Thenthe features
Fy, ..., Fy arecalculatedasfollows for ¢ = hj with j =
0,1,....,m—1:
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3.3 Learning

Not all of the featuresthatare usedto predictonsetsco-
incide preciselywith theonsetghemseles.For example,
thepeakamplitudeoccursslightly afterthephysicalonset
of the note. In orderto correctfor thesetiming differ-
encescorrelationis performedbetweenthe featuresand
theonsetvector Onset[j] derivedfrom playednotetimes
P, where:

1,3t e P,(j —05)h<t<(j+0.5)h
0, otherwise

Onset[j] = {

For eachfeature F;, the correlation Corr;(r) is calcu-
lated, to give a correctionfactor CF';, which is usedto
producea alignedsetof vectorsF;.

-1

3

Corri(r) =
J

F;[j].Onset[j — 7]

Il
<)

CF; = argmaz,(Corr;(r))
Filjl = Filj — ]

Usingthealignedfeaturevectors,a geneticalgorithm
is usedto find a set of parametersi;,i = 1,...,9 so
thatthe predictionfunction Predict[j] bestapproximates
Onset[j]. A simplifiedversionof the predictionfunction
is givenhere.

Z?:l azeI[]] > ag
otherwise

1
Predict[j] = { ’

0,
Theonsetarematchedandtheerroris calculatedor each
onsettime ¢; asfollows:

Error[i] = min |hj — t;|, where Predict[j] =1
j

Variousmeasure®f error canbe calculated.The av-
erageerror rate, that is the averageover all onsetst; of
Error[i], is notanaccurateneasuref performancepe-
causeit treatsall failuresto detectan onset(falsenega-
tives)astiming errors.Althoughit is not possiblein gen-
eral to distinguishbetweentiming errorsandfalsenega-
tives, we defineary error greaterthan 70msas being a
failure to detectan onset. The remainingerrorsare av-
eragedto give the averageerrorin detection(AED). We
definethe predictve accurag (PA) to be the numberof
matchednsetglividedby thetotal numberof onsetglus
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: Predictve accurag (PA) and averageerror in
detection(AED) for the onsetdetectionalgorithmtrained
andtestedon 10 Mozartpianosonatas.

3.4 Reaults

The algorithm was trained on each piano sonatasepa-
rately, andthentestedon the 10 completesonatas.Pre-
dictive accurag andaverageerrorin detectionwerecal-
culatedfor thetrainingdataandthe completetestset,and
areshowvnin tablel. Sinceeachsonataconsistof several
thousanahotesit is notsurprisingthattheresultsarequite
consistentacrossthe differenttraining sets. The bestre-
sultwasa 91.2%accurayg in predictingonsetsacrosghe
10 sonataswith anaverageerrorin detectionof 11ms. It

is not yet known how well theseparametersvould apply
to a differentinstrument,aswe have no meansof testing
the algorithm with otherdata. It is expectedthat since
the featuresare quite general the approachshouldwork

well with otherinstrumentsalthoughtrainingmaybere-
quiredto fine-tunethe parameterto achiese equallygood
results.

4 Discussion and Further Work

Thetime resolutionachievedin this work is sufficient for
researchin expressve performanceand probablymore
accuratethan humanjudgement/9]. However, if every
onsetis required,the needto correctaround10% of on-
setsis still aformidabletask,andlimits the applicability
of thesystento shortpieces.In furtherwork, it is planned
to usescoreinformationto guidethe systemto searchHor
onsetsspecificallyin the frequeny bandsof notatedmu-
sical tones[17, 18]. Although this limits the systemto
works for which an on-line versionof the scoreis avail-
able,it alsoopensthe doorto someoptimisationswhich
will improve the speedandthe accurag of the program.
Further it would provide preciseinformationaboutwhich
notesweredelayedor anticipatedwith respecto 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 audio data,
but alsopitch, amplitudeandduration,which mustall be



interpretedn termsof musicalconstructssuchasmeter
rhythm andkey. Although a completetranscriptionsys-
temis still a distantgoal, usefulinteractize systemsare
notfar off.
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