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ABSTRACT

The problemof separatingndividual soundsourcesrom a mix-
ture of these known as SourceSeparatioror ComputationalAu-
ditory SceneAnalysis(CASA), hasbecomepopularin therecent
decades.A numker of method have emepged from the study of
this problem,someof which performvery well for certaintypesof
audiosourcesg.g. speech.For separatiorof instrumentsn mu-
sic, thereare several shortcomings In generalwheninstruments
play togetherthey arenotindepenéntof eachother More specif-
ically thetime-frequeng distributionsof thedifferentsourceswill
overlap. Harmonicinstrumentsn particularhave high probability
of overlappingpartials. If theseoverlappingpartialsarenot sepa-
ratedpropely, theseparatedignalswill have adifferentsensation
of roughress andthe separatiorquality degrades.

In this papemwe presentamethodto separateverlappng par
tials in stereosignals. This methodlooks at the shapeof partial
ernvelopes, and usesminimization of the differencebetweensuch
shapesn orderto demix overlappingpartials. The methodcan
be appliedto enhancexisting methodsor sourceseparatione.g.
blind sourceseparatiortechniguesmodel basedtechniqies, and
spatialseparatiortechniqes. We alsodiscussothersimplermeth-
odsthatcanwork with monosignals.

1. INTRODUCTION

Wheninstrumentsplay together their signalsare mixed together
Sourceseparationis simply the problemof obtainingthe original
sourcesignalsfrom the recordedmixture. The problemwith mu-
sic signals,asopposedo othertypesof signalslike e.g. speech
is thatthe sourcesare normally not indepeneént. First of all, the
instrumentsare depen@ntamongeachothersin time, dueto the
fact that they all follow the sameunderlyingtempoand rhythm
of the music piece. In addition, for melodic instrumentswhich
have a pitch andharmonicstructure the notesareoftenrelatedby
harmonicintenvalsaswell. Whentwo partialsfall within onecrit-
ical band,the earwill notheartwo separatsound, but ratherone
combinedsound This is explainedin [1]: “When two sinusoids
with slightly differentfrequenciesare addedtogethe, they resem-
ble a singlesinusoid,with frequeng equd to the meanfrequency
of thetwo compornts,but whoseamplitudefluctuatesat a regular
rate Thesdluctuaionsin amplitudeare knownas’beats” These
beatsoccurat a rateequalto the frequeng differenceof the two
comporents.

If the beatsare slow, this resultsin audibleloudnessfluctu-
ations. In the combinedsoundthesefluctuationssound natural,
but in the separatedignalssuchfluctuationscanbe very anncgy-
ing if present. For fasterbeatsthe fluctuationscan not be heard
separatelybut ratherasanincreasen theroughessof thesound
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This rougmessis relatedto the consmance[2], and depemis on
frequerty. Maximumroughnesoccursfor beatfrequenciesn the
range30-70Hz [3]. However, partialsthatare30-70Hz apart,are
quitewell handledby existing sourceseparationrmethods We will
thereforeconcentraten slow beats.

Figurel shows the spectrogranof two trumpetnotes,anF at
abou 349 Hz, anda C atabout523 Hz. Every third partial of the
F overlapsevery secondpartial of the C. For the partialsslightly
above 1, 2 and3 kHz, one canseethe beatsasamplitudefluctua-
tions. By countingthe numbe of fluctuationspersecondwe can
seethat the beatfrequenciedor theseare about3, 6 and 9 Hz,
respectiely. All the otherpartialshave quite constantamplitude
during their duration. Olviously, the fluctuationswe seein the
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Figurel: Spectogramof two trumpetnoteswith overlapping par-
tials andbeats(justabove 1, 2 and 3 kHz).

figureis aneffect of thetime-frequeng representatiome choose.
If we hadchoserlongertime windows, the “overlappng” partials
could have beenseenastwo separatgartialswith very closefre-

quercties. However, sincewe studyfrequeny separation®f less
than 10 Hz, this would requirea window thatis longerthanthe

sourd itself, andis notfeasible.Also, we seethatthe periodof the

loudressfluctuationsis not constantand effectively the two par

tials may crosseachotherover time. Still it is interestingto note

thatthis time-frequenyg representatiomatcheshe psych@cous-
tical effect thatbeatsrepresent.

Clearly, the separatiorproblemis anill-posedproblem.How-
ever, ahumanmay be ableto follow the tuneof oneof theinstru-
mentsin the mixture, andthis gives the motivation for attacking
theproblem.

This articleis organizedasfollows. In section2, we give an
overview of the existing typesof methodsfor sourceseparation,
anddiscusshe shortcoming of thesefor separatiorof musicsig-
nals. Section3 is devotedto our work on how to overcomethese
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problems.In particular it explainsthemethodwe propcsefor sep-
arationof overlappingpartialsin multi-channelrecording. We
alsoproposemethod for partial shapereconstructiorthatcanbe
usedfor monosignalsaswell. Finally, thereis the conclusion

2. EXISTING SOURCE SEPARATION METHODS

Thereare several approabesto the problemof separatingsound
sources. We briefly presentthree different types of separation
methods,and discusstheir dravbacksand shortcomingswith re-
spectto musicsignals.

2.1. Model based source separation

Thereareseveralmethodghatuseamodelof thesoundsourcego
helpseparatinghem. Themodelsrangefrom low-level sinusoid&
represenatatiorfd] to specificinstrumentmodelsandhigherlevel
perceptuabnd cognitive models. Still, mostmethods in this cat-
egory arebasedon sinusoidalmodels,e.g. [5, 6, 7, 8, 9]. These
methodsextract sinusoidé tracksfrom sometime-frequeng rep-
resentatiorof the signal,andthenapply grougng principlesto as-
signthesetracksto thedifferentsourcesTypically, thesemethods
operateon monosignals.

There are two major problemswith thesemethodswith re-
spectto instrumentseparation.Firstly, the methodsdo not work
well for sourceghatdon't exhibit a sinusoidl structure(partials).
Secondlyevenwhenthe sourcesave partials,eachpartialis allo-
catedto one(or more)sources Thus,ary beatsdueto overlapping
partialswill be presentin the separatedignals,and this canbe
perceptuallyery anngying.

2.2. Blind source separation

In the last ten years,a numbe of differentapproackesto blind
sourceseparatiorhave evolved [10]. Early works studiedthe sep-
arationof instantaneousnixturesundervariousframeawvorks, e.g.
neuralnetworks[11], informationtheory[12], andstatisticg[13].
Laterthe methodswvereextendedto corvolved mixtures,[14, 15].

Although theseapproatiescomefrom differentareasof in-
terest,they areall built on similar principles. Usually; iteratve
algorithmsupdatethe coeficients in a decowolution matrix by
minimizing someerror measurerantor by maximizing somein-
formationmeasuremen Thenthis matrix is usedto separatehe
sources(decomwolve the mixtures). The basicassumptiorthese
methodsare built on is thatthe sourcesare statisticallyindepen
dent. Eventhoughthisis nottrue in generaffor music,the meth-
odscanperformquite well. However, thereare somedravbaclks.
They only work for multichannelmixtures,andin generalthere
canbeno moresourceghansensorgnumberof chanrels). In ad-
dition, for realworld mixtures,the FIR demixingfilters needto be
sufficiently long, which makes the computationatompleity very
high.

The costly decowolution algorithmin the time-domaincan
be tranformedinto a setof instantaneosidemixing algorithmsin
time-frequeng [16, 17]. This makes the compuationalcostmore
affordable,but introducesa new problem.In generaltheinstanta-
neousdemixingdoesnot corverge for the frequeng bands where
thereare overlappingpartials,dueto the factthatthe sourcesare
not statisticallyindepemlent.

2.3. Spatial separation

Thereexist somemethodsthat exploits the physicallocationsof
the sourcesn orderto separatehem,like e.g. beamformirg [18].
Recently the DUET methodfor separatingsourcesin the time-
frequerty domainbasedon spatialcueswasintroducel in [19].
It is fast, simple and still performsquite well for music signals.
In the following we are explaining this methodin more detail.
Themethodtakesasterearecordingof theaudioscenegy (t) and
zr(t), andcompuesthe Short Time Fourier Transforms(STFT)
for both chamels, X1 (w,t) and Xg(w,t). Basedon these,the
relative amplitudes,

_ XL (UJ, t)
A(wit) - XR(w,t) ‘ ) (1)
andphasedelays,
/ X, (w,t)
D(w,t) = M, )

w

betweerthe chamelsarecomputed Fromtheseonecangenerate
a2-D histogramasshavn in figure2. In thisexample thereis one
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Figure2: 2-D Histogram showingwhete the sources are located
in (phasedelay relativeamplitude)space

sourceontheleft side(delayof two samplesetweereft andright
microphae), and one sourceon the right side (“delay” of minus
onesamplebetweerleft andright microphore). We alsonotethat
thereis a phartom sourcein the middle (aboutO delay). This is
in factdueto the overlappng partials,sincethe net effect of one
sinusoidcomingfrom the left andonefrom theright is a sinusoid
comingfrom somevhere in between.

By applyinga clusteringalgorithmto this histogram,onede-
cidewherethesourcesare,andhow thebinsof the STFTshoud be
assignedn the separatiorphase For eachtime-frequeng bin, the
relative amplitudeand phasedelaybetweerthe channelsaareused
to assigrthebin to onesource . Therearetwo interestingoroperties
of this. Firstly this meansthatthe methodcanwork with sources
thatdon't exhibit a strong partialsstructure,which was a major
limitation of the sinusoidalmodels.Secondlytheremay be more
sourceghantherearesensorswhichis astronglimitation in blind
separatiortechniqes. Although the methodis very promisingin
theserespectswe notethe following constraints:The methodis
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basedntheassumgon thatthesourcesareW-disjointorthogon
[19]. Basicallythis meansthateachtime frequeng bin contains
enepgy from only one source. Apparentlythis is not at all true
for music. Also, the factthateachbin is assignedo one source
exclusively canintroducenew beatsor binary“on/off” effects(the
signal“‘comes”and“goes”in onefrequerty bandastime evolves).
Figure3 clearlyshavsthisin thebandswherethepartialsoverlap;
thebinsin thesebandsareassignedo eithersourcein analternat-
ing way.
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Figure3: Sepaatedsignalsusingthe DUET method.Noticehow
theoverlappng partials (justabove 1, 2 and3 kHz)are exclusively
assignedo eithersourcein analternatingway. Theotherpartials

are correctlyassignedo onesouice only.

Despitethe mentioneddravbacks, the DUET methodshaws
promisingresults,andwe will sehow the quality of the separated
signalscanbeimproved by usingour propose methods.

3. DEALING WITH OVERLAPPING PARTIALS

In the previous sectionwe sawv that the main problemwith sep-
arationof instrumentsis relatedto overlappingpartials. In this
sectionwe first proposea methodfor separatiorof 2 overlapping
partialsin a stereomixture. Thenwe discussother methodsfor
partialshapereconstructiorthatcanbe usedwith monosignalsas
well. We alsodiscusshow the separatiorguality canbeimproved
whenthereareoverlappng partialsbut no beats.

The methodswe areintroducingarebasedon the obsenation
thatthepartialsof aharmonidnstrumenthave similarshapesFig-
ure 4 shaws the ervelopeof the first 5 harmonicsfor the trumpet
mixture (Fy andC5). We seethatall the nonoverlappng partials
have similarshapegupto ascalingfactor),andthatwe candeduce
thewishedshapefor the overlappingpartialsfrom these

3.1. Partial Separation

To be ableto separat@verlappng partials,we needa multi char
nel mixture. At this point, the methodwe propcseis only suitable
for 2 overlappirg partials,andwe thereforeconside the casewith
2 sourcesand 2 sensors. Note, however, that since the method
worksonthefrequeny band indeperently; it canstill beusedin
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Figure4: Firstfive partials of the F} (left) and the Cs (right) in
thetrumpetmixture.

systemswith morethan2 sourcesTheassumgion is thatfor each
frequerty band,only two of the sourcesaresignificant.

In thetime domain themixing of thesourcesanbedescribed
asfollows:

.’El(t) _ ho(t) h1 (t) * Sl(t) (3)

xz2(t) )~ \ h2(t) hs(t) s2(t) )
wherez; arethe mixture signals,s; arethesourcesignals,andh;
arethemixing filters. We assumehatthesefilters aretime invari-
ant. Without lossof generality we canassumehathy andhs are
the identity filters 6(¢). If we take the shorttime Fourier trans-

form (STFT), (corvolution in time correspond to multiplication
in frequeng), (3) becomes:

Xi(w,t) \ _ 1 Hi(w) S1(w, t) 4)
Xo(w,t) )~ \ Hz(w) 1 Sa(w,t) ) -
Now, we considera fixed w that correspmdsto a frequeny
bandwith overlappingpartials.We obsene the following:

e If the frequeny bandis narrav enoudy, the H;(w) and
H,(w) in (4) canbe assumedo be constantover the fre-
gueng range,andare thussimply two comple« numbers.
For simplicity we thereforeomit the parametew in the no-
tation.

e With a suitablesensorsetup(i.e., two microphamesclosely
spaced),the relative signal strengthsbetweenthe sensor
signalsarecloseto 1. This meansthat H; and H> both
lie closeto the unit circle. In othersetupsthe relative sig-
nal strengthscan be estimatedrom the relatve amplitude
A(w, t) for theneighbairing non-overlappingpartials.

We estimatethe valuesof the two complex unknownsin the
mixing matrix, H, and H,. Theinverseof this estimatedmixing
matrix (unscaled)can then be appliedto estimatethe separated
sourcesS;

(2e0)-( )(%e) o©
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which canbewrittenout as:
( S’l(w,t) ) _ ( 1—ﬁ1H2 Hl—ffl ) ( Sl(w,t) >
Sz(w,t) - H2 —ﬁg l—ﬁzHl Sz(w,t) ’
(6)
The closerone of theseestimatedvaluesis to the real value,
the lessthe presencef the unwanted signalin the correspoding
separatedource Whenit reachesheoptimalvalue,theseparated

partial is simply a scaledversionsof the original partial before
mixing. This appliesto thetwo unknownsindepemently

The estimationalgortihmwe propcseis a simplerecursvely
refinedsearchfor the two unknowns on the unit circle. For ary
chosenpoint, we calculatethe separategartials. Thenwe cal-
culatedistancemeasurementbetweenthe normalizedshapesof
thesepartialsandthe desiredshapegdeduce from neighbairing
non-overlappingpartials).

We startwith valuescoarslydistributedon the unit circle, and
thenrefine on shorterintenals in the searchfor the global mini-
mum. Figure5 shaws the partial shapedistancefor the demixing
of thefirst overlappingpartial. We seethatthisis in line with what
we foundin the histogram.The optimal demixingcoeficientsare
foundfor delaysof 2 and—1.
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Figure5: Iteratively refinedseach for the demixingcoeficients
H, anng.

Figure6 shavs the envelopes of the correspording separated
partials.In thetop the shapes of theneighlmuringnon-overlapping
partialsare shavn, the secondharmonicof Fy, andthe first har
monicof Cs. Both have quiteconstanemplitudeovertheduration
of the signal. Whenthe two notesare playedtogetherthesepar
tials overlap,andtherearebeats,asseenin the secondplot. The
third plot shovs how the DUET methodperformsfor this case.
Noticethatthe beatsarestill present.In additionthe partialis ex-
clusively assignedo eithersourcein analternatingway. Thisin-
troducesadditionalartefacts.In thebottomwe seethe ervelopeof
the separategbartialswhenusingour partial separatioralgorithm.

Theresultwhenwe separat¢hethreefirst overlappirg partials
to improve the DUET separatiorcanbe seenin Fig. 7. Compare
the separategbartials(frequendesjust above 1, 2 and3 kHz) with
thosein Fig. 3.
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Figure6: Neighbourirg non-overlappingpartials (top), partialsin
mixedsignalswith beats(next-to-top),DUET sepaation (next-to-
bottom),and sepaatedpartials usingour method(bottom).

3.2. Partial shapereconstruction

Whenonehasonly amonosignalto work with, clearlythe partial
separatiormethodcannot be used.The sameappliesfor the case
wherethereare more than two sourcesthat overlapsin a given
frequerty band. We briefly discusssomeothermethodsthat can
be usedin thesecases.even though they are not asgood asthe
separatioralgorithm.

3.2.1. Partial remoal

Thefirst methodis partialremoval. Whenbeatsaredetectedthis
canbe avoidedin the separateaignalssimply by removing the
partial in question. This leadsto a lessrich sound,but can be
lessannging thanthe beats. For just one partial, this may be an
acceptale method butwhenyouremore morepartials thequality
of theseparatedignalsdegracesvery fast.

3.2.2. Fartial flattening

If the overlappingpartialsnever totally canceleachother i.e. the
valleys in thepartialsof themixedsignalsarenottoo deepwecan
scaleup/ amplify the valleys to prodice a flatter ervelope. There
are limits asto how muchthis can be donewithout introducing
artefacts (phaseproblems. Also, the partial envelopesare only
correctup to ascalefactor

3.2.3. Partial synthesizing

This method deducesthe shapeof the partial in questionfrom
theneighbouing non-overlaping partials,andthenmoduatethis.
Hereonemustbe carefulwith the phaself theoriginal partialhas

DAFX-4



Proc.of the 5" Int. Confeence on Digital Audio Effects(DAFx-02),Hamhurg, Germany Septembe26-28,2002

Separated Cy
5000 T T T T 5000

Separated F 4

4500 - 1 4500 -

4000 [ Al 4000 -

3500 | 3500

3000 - 1 3000 -

2500 2500

frequenzy [Hz]

frequenzy [Hz]

I

2000 2000+

1500 1500
1000 1000

500 500

0 | I I | 0 ul
0.5 1 15 2 0 05 1 15 2
time [s]

o

time [s]

Figure7: Final resultby improving DUET with our partial sepa-
ration algorithm. Thefirst three overlapping patrtials (just above
1, 2 and 3 kHz) havebeensepaated. Compae with Fig. 3.

frequeny fluctuations(vibrato, etc), or if the frequerty resolu-
tion is not fine enough the synthesizegartialmay actuallycause
the full separatedourceto soundout of tune. Pitchtrackingwill
not be usefulto avoid this, sincethe overlappingpartialsinterfere.
Thereis alsothe scalefactoruncertainty

3.2.4. Partial splitting

Themethodsnentionedabore all dealwith beats Basically slow
beats(<20 Hz) arethe mostanng/ing. For fasterbeats,andfor
beatsmasled by other frequeng fluctuations(e.g. vibrato), it
is sufficient to simply split the partial enegy amongthe implied
sources.

4. CONCLUSION

In this article we have presente@ methodto separat@verlapping
partialsin stereosignals,and seenhow this can be usedto im-
prove mary of the existing sourceseparatiortechniqus. Other
techniqus for beatremoval/ partial reconstructiorthat canwork
for other caseshave also beendiscussed We have applied our
methodsto mixturesof instrumentsand seenhow it canbe used
to improve the perceptuahjuality of the separatedignals. Sound
examplescanbefoundat http://Icaswww.epfl.ch/ viste.
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