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Abstract

Seymentingnote objectsin a real time contet is usefulfor

live performancesaudio broadcastingor object-baseaod-
ing. Thistempoal segmentatiorreliesuponthe correctde-
tectionof onsetsaandoffsetsof musicalnotesanareaof mud

reseach overrecentyears. Howeverthelow-latencyrequire-
mentsof real-timesystemsmposenew, tight constaints on
this process.In this paper we presenta systenfor the seg-

mentationof noteobjectswith veryshortdelays,usingrecent
development onsetdetectionspeciallymodi ed to workin

areal-timecontet. A portableandopenC implementatioris

presented.

1 Intr oduction

1.1 Background and motivations

The decompositiorand processingf audio signalsinto
soundobjectsareemeging elds in musicsignalprocessing.
As well asallowing analysisof thecontentof anaudiosignal,
it is in tunewith acceptedriews on the humanhearingpro-
cess(Bregman1990), andis particularly relevant to music,
wheremusiciansandmusicologistdiave long proposednod-
elsbasedn musicalobjects(Schaeffier 1966). Sound-object
taxonomiesreatthecoreof novel researclin musicanalysis
(Ellis 1996)andframeavorkshave beenrecentlyproposedor
the real-timetransmissiorof objectasaudio content(Ama-
trian andHerrera2002).

While mary music-oriente@pplicationgequirereal-time
functionality, little hasyet beendoneto addresgheissueof
real-timeextractionof musicobjects at leastat levelshigher
than the compositionof sinusoids. Note that real-timeim-
plementationis not only concernedvith speedingup exist-
ing of ine algorithms,but also with dealingwith the con-
straintsimposedby operatingon a continuousunknavn and
unpredictablestreamof audiodata.In (Brossier Sandlerand
Plumbley 2003), we presentech framework for the object-
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basedconstructionof a spectral-modebf a musicalinstru-
ment. In the currentpaper we concentrateon the temporal
aspect®f this processinvestigatingnethoddor thesggmen-
tationof noteobjectsin real-time.

1.2 Temporal de nition of note objects

In orderto segmentnoteobjects,we needto identify the
boundarief a musicalnote, namelythe exacttimeswhen
the note starts— an onset— and nishes — an offset These
boundariecanbe easilyidenti ed on thetemporalenvelope
of anisolatedmusicalnote,thatcanberoughly characterised
by the well-known ADSR (Attack Decay SustainRelease)
linearapproximation.However, a correctcharacterisatioof
onsetsandoffsetsis nottrivial, anddepend®n the notion of
transients- transitionalzonesof shortdurationcharacterised
by the non-stationarityof the signalspectrakcontent.

Algorithms intendedfor the detectionof onsetsand off-
setsrely on observingthosetransientsa complex task not
only becausenostnotesarenot presenin isolation,but also
becausehe natureof thesetransientchangegrom soundto
sound- burst of enegy acrossthe spectrumfor percussie
soundsJarge variation of the harmoniccontentfor tonal or
voicedsounds.This emphasisethedif culty of constructing
a uniquedetectionfunctionthatquanti es all relevantobser



vations.

1.3 Overview of this paper

Fig. 1 givesanoverview of theproces®of noteobjectseg-
mentationasimplementedn this paper First, we reducethe
audio signalto an onsetdetectionfunction at a lower sam-
pling rate. Then,we performtemporalpeak-pickingon the
detectionfunctionto obtaina sequencef onsettimes.These
arecombinedwith the outputof asilencedetectoito produce
the onset/ofset pairsthat de ne the boundariesof our note
objects.

This paperis organisedas follows: in Section2 we ex-
plain a numberof differenttechniquedor the generatiorof
onsetdetectionfunctions,the temporalpeak-pickingandthe
silence detectionand discusstheir implementationin real-
time; Sec.3 discusseshe detailsof our softwarelibrary and
presentgjuantitatve resultsof theintegrationof thedifferent
partsof the systemjour conclusionsarepresentedn Sec.4.

2 Techniquesand Implementation

2.1 Onsetdetectionfunctions

For a signalx at time n, let us de ne X [n] asits Short
Time Fourier Transform(STFT), calculatedusingthe phase
vocoder X[n], the value of the k™ bin of X [n], canbe
expressedn its polarform asjX [n]je *[" wherejX «[n]j is
thebin's spectramagnitudeand [n] its phase.

In (Masri 1996),a High FrequencyContent(HFC) func-
tion is constructedy summingthe linearly-weightedvalues
of thespectraimagnitudessuchas:

Dunl=  kjXk[n]j 1)
k=0
Thisoperatioremphasisethechangeshatoccurin thehigher
partof thespectrumespeciallytheburst-like broadbandhoise,
usuallyassociateavith percussie onsetsthatis successfully
characterised. However, the function is less successfulat
identifying non-percussie onsets— legato phrases,bowed

strings, ute.

Othermethodsreviewedin (Bello, Duxbury, Davies,and
Sandler2004), attemptto compensatdor the shortcomings
of the HFC by alsomeasuringhe changeson the harmonic
contentof the signal. One of suchmethods known asthe
spectal difference calculatesa detectionfunction basedon
the differencebetweerthe spectraimagnitudeof two STFT
frames:

Ds[n] = jXk[n]j
k=0

Xk[n 1): )

Alternatively, afunctionthatmeasurethetemporalinsta-
bility of phasecanbe constructedby quantifyingthe phase
deviationin eachbin as:

@ «In]
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whereprincag mapsthe phaseo the|[
onsetdetectiorfunctionis generate@s:
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k[n] = princag
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Bothapproachesanbethencombinedn thecomple-domain
to generatea target STFT value X\[n] = jXy[nlje [,
where " is the phasedeviation function de ned in Eq. 3.
Thenby measuringhe complex-domainEuclideandistance
betweertamgetandobsened STFTwe obtain:

Delnl= o Nl Xl ©
k=0

Thisfunctionsuccessfullyjuanti espercussie andtonalon-
sets.

For our experimentswe have implementedhe four de-
tectionfunctionspreviously mentioned.Their of ine imple-
mentationshave provento give goodresultson a variety of
CDrecordingsincludingpercussie, purelyharmonicsignals
andcomplex mixtures— popandjazzrecordings.

2.2 Temporal peak picking of note onsets

To obtain sequencesf onsettimes, we needto process
thesedetectiorfunctionsthroughatemporalpeak-pickingal-
gorithm. A numberof peak-pickingtechniqueshave been
proposedn (Kauppinen2002). Intuitively peak-pickingis
reducedo selectinglocal maximaabove a certainthreshold
value. However, in orderto successfullyperformthis oper
ationin a variedsetof detectionfunctions— andon a wide
variety of signals— anumberof processearerequired.

Usual processesnclude the normalisation,DC-removal
andlow-passltering of theoriginalfunction. Thisis doneto
maximisethe succes®f the thresholdingoperation py map-
ping functionsto a limited rangeof valuesandby reducing
noisinessin their pro le that may resultin spuriousdetec-
tions.

Also, dynamicthresholdings usecdto compensatéor pro-
nouncedamplitudechangesn the function pro le. In this
implementatiorwe favour the useof the weightedmedianof
asectionof thedetectiorfunctioncenteredaroundthe candi-
dateframe:

t[n]=  mediafD[nm]) + (6)



withny, 2 [m  a;m + b wherethesectionD [n, ] contains
a spectralframesbeforem andb after The scalingfactor
andthe ne-tuning threshold areprede nedparameters.

However, real-timeimplementatiorimposesnoresevere
temporalconstraintsthan of ine implementations.Of ine,
thenormalisatiorandDC-remaval processesseinformation
from a large time segmentboth beforeand after the current
frame,allowing theuseof x edparametersor thresholding.
In real-timewe canonly approximatethis by usinga long
slidingwindow —thuscausingong delays.We thereforepro-
poseanalternatve thresholdingoperationusinga small slid-
ing window:

tfn] = mediafD[nm]) + MD[np]i ()

where is a positive weighting factorand D [np, ]i is the
meanof D [n] over the samewindow of spectrafframesny, .
The introductionof the meanvalue attemptgo replicatethe
effectsof thenormalisatiorandDC-removal processesyith-
out the useof along window, by usinga dynamicvaluefor
the ne-tuning threshold. Onsetsare then selectedat local
maximaof D[n]  {[n]. Experimentakesultscon rm that,
for smallvaluesof a andb, the modi ed thresholdis robust
to dynamicchangesn thesignal.

2.3 Silencegate

To rejectfalsepositvesdetectedn areasof low enepy,
a simpleervelopedetectorwashbuilt by measuringhe mean
enegy of a frame of the signal. Whenloudnessof a frame
dropsbelow agiventhresholdtypically 80dB, it indicates
the noteoffset. Onsetsdetectedn the middle of a silentre-
gion arediscarded.The thresholdparametecanbe adapted
to the expectedevel of backgroundhoise.

3 Softwarelibrary andresults

3.1 Softwarelibrary

We have implementeda smallC library, providing device
and le abstractionsor bothaudioandMIDI, alongwith aset
of processinginits: phasesocoderonsetdetectiorfunctions,
peak-piclers.Thelibrary makesuseof modernlibrariessuch
asFFTWandlibsnd le. It alsointegrateswith the JackAudio
ConnectiorKit (JACK). We canthereforereachlow lateng
performancesf modernLinux systemgMacMillan, Droett-
boom,andFujinaga2001).

A smallapplicationhasbeenwritten to run segmentation
experimentsbothreal-timeandof ine. This ensureghatthe
implementations usablg(decenbverheadn realtime mode)
aswell ascorrect(fastof ine performanceestimation).Us-
ing anoverlapof 512 samplesat 44100H z, the systemcan

runon astandardlesktopwith atotallateng of belov 30ms.
This breaksdown into an 11 ms delay causedby the for-

ward analysisneededor the thresholdingoperation(b = 1),

anotherll ms introducedby the phasevocoderbuffer and
under8 ms for JACK and hardware latenciesas testedby
(MacMillan, DroettboomandFujinaga2001). All theresults
above canbe obtainedusingthe JACK audioseneratamere
10% of processousageon an AMD/Athlon 700MHz. Of-

ine testingfor eachfunction(andpersetof peak-pickingoa-
rameters}akesa few secondof processindime perminute
of audio.

3.2 Experimental results

We useda setof 23 monauralaudio signals,sampledat
44100Hz andrepresenting wide rangeof musicstylesand
soundmixtures. In a previous step,the onsettimes of each
of these les were carefully hand-labeled.The proportions
of bothcorrectandmisplacednsetavereestimatedy com-
paring detectionsagainstthe databasef 1066 hand-labeled
onsetdn thetestset.

All detectionfunctions have beenpeak-picled using a
window of sizea = 5andb= 1in Eq.7, andareplottedfor
valuesof 2 [0:00; 1:15]. Theproportionof gooddetections
againsfalsepositivesafterpeak-pickings shavnin Fig. 2. It
canbeseenthat,in contrasto theof ine casetheHFC out-
performsthe complex-domainonsetdetection. This is due
to the effect that using shortlengthsof n,, hason smooth
detectionfunctions. Note that the complex-domain,phase-
basedand spectraldifferenceapproachegroducefunctions
smoothethanthe HFC, asthey operateon informationfrom
morethanoneframe.

Fig. 3 shawvsresultswhencombiningonsetdetectiorwith
the output of the silencegate. By usingthe silencedetec-
tion to thresholdonsetsdetectedn low-enegy conditions—
whereonsetsaremorelikely to be producedby background
noise— we obtainsigni cant improvementson the detection
accurag. The simple gate reducesthe averagenumberof
falsepositivesby about2% in all functions,while having a
minimal effect on the percentagef correctdetections.The
gatinglevel canbe ne-tunedto recordingconditionsfor bet-
terresults.

Our sgmentationis intendedasa rst steptowardsthe
real-timecodingof noteobjects. Errorsin the sggmentation
are inevitable (asthe gures shaw), but we can attemptto
minimise their effect on the nal codedobjects. In a musi-
cal scenejt is betterto over-segmentobjectsthanto under
segmentthem, as the estimationof attributessuchas pitch
andloudnesswill belessaffected— two noteswith the same
pitch is preferableto one note with an averagepitch unre-
latedto thoseof the original notes.Moreover, we know from
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Figure2: Correctdetectionsagainstalsepositivesfor differ-
ent in Eq.7 andfor variousdetectionfunctions.

thetheorythatwhile the HFC is well-suitedfor the detection
of percussie onsetsspectral-diferencanethodssuchasthe
complex-domainapproachare well-suitedfor the detection
of tonal — non-percussie — onsets. Therefore,to maximise
the numberof detectionswe cancombinethesefunctionsto

produceanotesegmentatioralgorithmtailoredto therequire-
mentsof areal-timeobject-basedodingsystem.

The designof our software library, allows for the easy
implementatiorof variouscombinations.Fig. 3 (top curve)
shaws the bene t of multiplying the HFC andthe complex-
domainfunction. This combinationconsistentlyreturnsthe
bestresultsfor the whole set,increasinghe overall reliabil-
ity of the segmentation,and supportingthe prevailing view
thatthe differentdetectionfunctionscomplementachother
Thisresultis notsurprisingif we considetthatbothfunctions
outperformthe othersandthatthespectradifferenceandthe
phaseleviation canbeseerassubset®f thecomplex-domain
approach.

4 Conclusionsand Futur e work

A completesysternfor real-timeextractionof onsetfrom
alive audiosourcehasbeendescribed Experimentson rm
that combinationsof the differentdetectionfunctionsalong
with asimplesilencegateincreasegooddetectionsandlower
over-detectionsTheproposegeak-pickingapproacheturns
satishctoryresultsin alow-lateng ervironment.Currentde-
velopmentefforts arefocusedon the real-timeestimationof
attributesfor the sggmentechoteobjects.

While the codewould clearly bene t from somepro I-
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Figure3: Correctdetectionsgainstalsepositivesasin Fig. 2
but usinga silencegate.

ing, the designof the library allows the useof selectedunits
from other plug-in systemssuchas Max, OSC,CLAM and
LADSPA. Simpleprogramshave alreadybeenwrittenfor use
duringlive musicperformances- for instanceto drive MIDI
instruments.
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