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Abstract

Segmentingnoteobjectsin a real time context is usefulfor
live performances,audiobroadcasting, or object-basedcod-
ing. This temporal segmentationreliesuponthe correct de-
tectionof onsetsandoffsetsof musicalnotes,anareaof much
research overrecentyears. However thelow-latencyrequire-
mentsof real-timesystemsimposenew, tight constraints on
this process.In this paper, we presenta systemfor the seg-
mentationof noteobjectswith veryshortdelays,usingrecent
developmentsin onsetdetection,speciallymodi�edto workin
a real-timecontext. A portableandopenC implementationis
presented.

1 Intr oduction

1.1 Background and motivations

The decompositionandprocessingof audiosignalsinto
soundobjectsareemerging�elds in musicsignalprocessing.
As well asallowing analysisof thecontentof anaudiosignal,
it is in tunewith acceptedviews on thehumanhearingpro-
cess(Bregman1990),and is particularly relevant to music,
wheremusiciansandmusicologistshavelongproposedmod-
elsbasedon musicalobjects(Schaeffer 1966).Sound-object
taxonomiesareat thecoreof novel researchin musicanalysis
(Ellis 1996)andframeworkshavebeenrecentlyproposedfor
the real-timetransmissionof objectasaudiocontent(Ama-
trianandHerrera2002).

While many music-orientedapplicationsrequirereal-time
functionality, little hasyet beendoneto addressthe issueof
real-timeextractionof musicobjects,at leastat levelshigher
than the compositionof sinusoids. Note that real-timeim-
plementationis not only concernedwith speedingup exist-
ing of�ine algorithms,but also with dealingwith the con-
straintsimposedby operatingon a continuous,unknown and
unpredictablestreamof audiodata.In (Brossier, Sandler, and
Plumbley 2003), we presenteda framework for the object-

� PB is supportedby theDepartmentof ElectronicEngineeringat Queen
Mary Universityof London,andby EPSRCgrantGR/54620.

Silence gate

Peak-picking

Onset detection
function

Input sound

(evaluation only)

Detected onsets

pre-labeled onsets

Figure1: Overview of thesegmentationprocess

basedconstructionof a spectral-modelof a musical instru-
ment. In the currentpaper, we concentrateon the temporal
aspectsof thisprocess,investigatingmethodsfor thesegmen-
tationof noteobjectsin real-time.

1.2 Temporal de�nition of noteobjects

In orderto segmentnoteobjects,we needto identify the
boundariesof a musicalnote,namelythe exact timeswhen
the notestarts– an onset– and �nishes – an offset. These
boundariescanbeeasilyidenti�ed on thetemporalenvelope
of anisolatedmusicalnote,thatcanberoughlycharacterised
by the well-known ADSR (Attack DecaySustainRelease)
linearapproximation.However, a correctcharacterisationof
onsetsandoffsetsis not trivial, anddependson thenotionof
transients– transitionalzonesof shortdurationcharacterised
by thenon-stationarityof thesignalspectralcontent.

Algorithms intendedfor the detectionof onsetsandoff-
setsrely on observingthosetransients,a complex task not
only becausemostnotesarenot presentin isolation,but also
becausethenatureof thesetransientschangesfrom soundto
sound– burst of energy acrossthe spectrumfor percussive
sounds,large variationof the harmoniccontentfor tonal or
voicedsounds.Thisemphasisesthedif�culty of constructing
a uniquedetectionfunctionthatquanti�esall relevantobser-



vations.

1.3 Overview of this paper

Fig.1 givesanoverview of theprocessof noteobjectseg-
mentationasimplementedin this paper. First,we reducethe
audiosignal to an onsetdetectionfunction at a lower sam-
pling rate. Then,we performtemporalpeak-pickingon the
detectionfunctionto obtainasequenceof onsettimes.These
arecombinedwith theoutputof asilencedetectorto produce
the onset/offset pairs that de�ne the boundariesof our note
objects.

This paperis organisedas follows: in Section2 we ex-
plain a numberof differenttechniquesfor the generationof
onsetdetectionfunctions,thetemporalpeak-pickingandthe
silencedetectionand discusstheir implementationin real-
time; Sec.3 discussesthedetailsof our softwarelibrary and
presentsquantitativeresultsof theintegrationof thedifferent
partsof thesystem;ourconclusionsarepresentedin Sec.4.

2 Techniquesand Implementation

2.1 Onsetdetectionfunctions

For a signalx at time n, let us de�ne X [n] as its Short
Time Fourier Transform(STFT), calculatedusingthe phase
vocoder. X k [n], the value of the k th bin of X [n], can be
expressedin its polarform asjX k [n]jej � k [n ] wherejX k [n]j is
thebin'sspectralmagnitude,and� k [n] its phase.

In (Masri 1996),a High FrequencyContent(HFC) func-
tion is constructedby summingthe linearly-weightedvalues
of thespectralmagnitudes,suchas:

DH [n] =
NX

k=0

kjX k [n]j (1)

Thisoperationemphasisesthechangesthatoccurin thehigher
partof thespectrum,especiallytheburst-likebroadbandnoise,
usuallyassociatedwith percussiveonsets,thatis successfully
characterised.However, the function is less successfulat
identifying non-percussive onsets– legato phrases,bowed
strings,�ute.

Othermethods,reviewedin (Bello, Duxbury, Davies,and
Sandler2004),attemptto compensatefor the shortcomings
of the HFC by alsomeasuringthe changeson theharmonic
contentof the signal. One of suchmethods,known as the
spectral difference, calculatesa detectionfunction basedon
thedifferencebetweenthespectralmagnitudesof two STFT
frames:

D s [n] =
NX

k=0

jX k [n]j � jX k [n � 1]j : (2)

Alternatively, afunctionthatmeasuresthetemporalinsta-
bility of phasecanbe constructedby quantifyingthe phase
deviation in eachbin as:

�̂ k [n] = princarg
�

@2� k [n]
@n2

�
(3)

whereprincarg mapsthephaseto the[� � ; � ] range.A useful
onsetdetectionfunctionis generatedas:

D � [n] =
1
N

NX

k=0

j �̂ k [n]j (4)

Bothapproachescanbethencombinedin thecomplex-domain
to generatea target STFT value X̂ k [n] = jX k [n]jej �̂ k [n ] ,
where �̂ k is the phasedeviation function de�ned in Eq. 3.
Thenby measuringthe complex-domainEuclideandistance
betweentargetandobservedSTFTwe obtain:

DC [n] =
1
N

NX

k=0






 X̂ k [n] � X k [n]








2
(5)

This functionsuccessfullyquanti�espercussiveandtonalon-
sets.

For our experiments,we have implementedthe four de-
tectionfunctionspreviously mentioned.Their of�ine imple-
mentationshave proven to give goodresultson a variety of
CD recordings,includingpercussive,purelyharmonicsignals
andcomplex mixtures– popandjazzrecordings.

2.2 Temporal peakpicking of noteonsets

To obtainsequencesof onsettimes,we needto process
thesedetectionfunctionsthroughatemporalpeak-pickingal-
gorithm. A numberof peak-pickingtechniqueshave been
proposedin (Kauppinen2002). Intuitively peak-pickingis
reducedto selectinglocal maximaabove a certainthreshold
value. However, in orderto successfullyperformthis oper-
ation in a variedsetof detectionfunctions– andon a wide
varietyof signals– anumberof processesarerequired.

Usual processesinclude the normalisation,DC-removal
andlow-pass�ltering of theoriginal function.This is doneto
maximisethesuccessof thethresholdingoperation,by map-
ping functionsto a limited rangeof valuesandby reducing
noisinessin their pro�le that may result in spuriousdetec-
tions.

Also,dynamicthresholdingisusedtocompensatefor pro-
nouncedamplitudechangesin the function pro�le. In this
implementationwe favour theuseof theweightedmedianof
asectionof thedetectionfunctioncenteredaroundthecandi-
dateframe:

� t [n] = � � median(D [nm ]) + � (6)



with nm 2 [m � a; m + b] wherethesectionD [nm ] contains
a spectralframesbeforem andb after. Thescalingfactor�
andthe�ne-tuning threshold� areprede�nedparameters.

However, real-timeimplementationimposesmoresevere
temporalconstraintsthan of�ine implementations.Of�ine,
thenormalisationandDC-removal processesuseinformation
from a large time segmentboth beforeandafter the current
frame,allowing theuseof �x edparametersfor thresholding.
In real-timewe can only approximatethis by using a long
slidingwindow – thuscausinglongdelays.Wethereforepro-
poseanalternative thresholdingoperationusinga smallslid-
ing window:

� t [n] = � � median(D [nm ]) + � hD [nm ]i (7)

where� is a positive weighting factor and hD[nm ]i is the
meanof D [n] over thesamewindow of spectralframesnm .
The introductionof themeanvalueattemptsto replicatethe
effectsof thenormalisationandDC-removal processes,with-
out theuseof a long window, by usinga dynamicvaluefor
the �ne-tuning threshold. Onsetsare then selectedat local
maximaof D [n] � � t [n]. Experimentalresultscon�rm that,
for small valuesof a andb, themodi�ed thresholdis robust
to dynamicchangesin thesignal.

2.3 Silencegate

To rejectfalsepositivesdetectedin areasof low energy,
a simpleenvelopedetectorwasbuilt by measuringthemean
energy of a frameof the signal. Whenloudnessof a frame
dropsbelow a giventhreshold,typically � 80dB, it indicates
thenoteoffset. Onsetsdetectedin themiddleof a silent re-
gion arediscarded.The thresholdparametercanbe adapted
to theexpectedlevel of backgroundnoise.

3 Software library and results

3.1 Software library

We have implementeda smallC library, providing device
and�le abstractionsfor bothaudioandMIDI, alongwith aset
of processingunits:phasevocoder, onsetdetectionfunctions,
peak-pickers.Thelibrary makesuseof modernlibrariessuch
asFFTWandlibsnd�le. It alsointegrateswith theJackAudio
ConnectionKit (JACK). We canthereforereachlow latency
performancesof modernLinux systems(MacMillan, Droett-
boom,andFujinaga2001).

A smallapplicationhasbeenwritten to run segmentation
experimentsbothreal-timeandof�ine. This ensuresthat the
implementationis usable(decentoverheadin realtimemode)
aswell ascorrect(fastof�ine performanceestimation).Us-
ing an overlapof 512samplesat 44100H z, thesystemcan

runonastandarddesktopwith a total latency of below 30ms.
This breaksdown into an 11 ms delay causedby the for-
wardanalysisneededfor thethresholdingoperation(b = 1),
another11 ms introducedby the phasevocoderbuffer and
under8 ms for JACK and hardware latenciesas testedby
(MacMillan,Droettboom,andFujinaga2001).All theresults
abovecanbeobtainedusingtheJACK audioserveratamere
10% of processorusageon an AMD/Athlon 700MHz. Of-
�ine testingfor eachfunction(andpersetof peak-pickingpa-
rameters)takesa few secondsof processingtime perminute
of audio.

3.2 Experimental results

We useda setof 23 monauralaudiosignals,sampledat
44100Hz andrepresentinga wide rangeof musicstylesand
soundmixtures. In a previous step,the onsettimesof each
of these�les werecarefully hand-labeled.The proportions
of bothcorrectandmisplacedonsetswereestimatedby com-
paringdetectionsagainstthe databaseof 1066hand-labeled
onsetsin thetestset.

All detectionfunctions have beenpeak-picked using a
window of sizea = 5 andb = 1 in Eq.7, andareplottedfor
valuesof � 2 [0:00; 1:15]. Theproportionof gooddetections
againstfalsepositivesafterpeak-pickingis shown in Fig.2. It
canbeseenthat, in contrastto theof�ine case,theHFC out-
performsthe complex-domainonsetdetection. This is due
to the effect that using short lengthsof nm hason smooth
detectionfunctions. Note that the complex-domain,phase-
basedandspectraldifferenceapproachesproducefunctions
smootherthantheHFC,asthey operateon informationfrom
morethanoneframe.

Fig.3 showsresultswhencombiningonsetdetectionwith
the output of the silencegate. By using the silencedetec-
tion to thresholdonsetsdetectedin low-energy conditions–
whereonsetsaremorelikely to be producedby background
noise– we obtainsigni�cant improvementson thedetection
accuracy. The simple gatereducesthe averagenumberof
falsepositivesby about2% in all functions,while having a
minimal effect on the percentageof correctdetections.The
gatinglevel canbe�ne-tunedto recordingconditionsfor bet-
ter results.

Our segmentationis intendedasa �rst steptowardsthe
real-timecodingof noteobjects.Errorsin thesegmentation
are inevitable (as the �gures show), but we can attemptto
minimisetheir effect on the �nal codedobjects. In a musi-
cal scene,it is betterto over-segmentobjectsthanto under-
segmentthem, as the estimationof attributessuchas pitch
andloudnesswill belessaffected– two noteswith thesame
pitch is preferableto one note with an averagepitch unre-
latedto thoseof theoriginalnotes.Moreover, we know from
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Figure2: Correctdetectionsagainstfalsepositivesfor differ-
ent� in Eq.7 andfor variousdetectionfunctions.

thetheorythatwhile theHFC is well-suitedfor thedetection
of percussiveonsets,spectral-differencemethods,suchasthe
complex-domainapproachare well-suitedfor the detection
of tonal – non-percussive – onsets.Therefore,to maximise
thenumberof detections,we cancombinethesefunctionsto
produceanotesegmentationalgorithmtailoredto therequire-
mentsof a real-timeobject-basedcodingsystem.

The designof our software library, allows for the easy
implementationof variouscombinations.Fig. 3 (top curve)
shows the bene�t of multiplying the HFC andthe complex-
domainfunction. This combinationconsistentlyreturnsthe
bestresultsfor thewholeset,increasingtheoverall reliabil-
ity of the segmentation,andsupportingthe prevailing view
thatthedifferentdetectionfunctionscomplementeachother.
This resultis notsurprisingif weconsiderthatbothfunctions
outperformtheothers,andthatthespectraldifferenceandthe
phasedeviationcanbeseenassubsetsof thecomplex-domain
approach.

4 Conclusionsand Futur ework

A completesystemfor real-timeextractionof onsetsfrom
a live audiosourcehasbeendescribed.Experimentscon�rm
that combinationsof the differentdetectionfunctionsalong
with asimplesilencegateincreasegooddetectionsandlower
over-detections.Theproposedpeak-pickingapproachreturns
satisfactoryresultsin a low-latency environment.Currentde-
velopmentefforts arefocusedon the real-timeestimationof
attributesfor thesegmentednoteobjects.

While the codewould clearly bene�t from somepro�l-
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Figure3: Correctdetectionsagainstfalsepositivesasin Fig.2
but usingasilencegate.

ing, thedesignof the library allows theuseof selectedunits
from otherplug-in systemssuchasMax, OSC,CLAM and
LADSPA. Simpleprogramshavealreadybeenwrittenfor use
duringlive musicperformances– for instanceto drive MIDI
instruments.
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