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ABSTRACT

Theproblemof blindly separatingignalmixtureswith fewer mix-
ture componentghan independensignal sourcesis mathemati-
cally ill-defined,andrequiressuitableprior informationon the na-
ture of the sourcesRecently it hasbeenshavn thatsparseneth-
odsfor functionapproximatiorusinga Laplacianprior canbe ef-
fective, but the methodfails to separate single mixture without
further prior information. Othertechniquegrack harmonics but
assumeseparabilityin the time-frequeng domain. We shav that
a measureof temporaland spectralcoherencerovides an effec-
tive cuefor separatingndependenacousticabr sonarsourcesin
the absencef spatialcuesin the monauralcase. The technique
is shawn to successfullyseparatesingle mixturesof sourceswith
significantspectrabverlap.

1. INTRODUCTION

The humanbrain excels at segregating complex mixturesof un-
known signalsfrom sensorymodalitiesthat corvey a corvoluted
andincompleteversionof the co-&isting signalsfrom the ervi-
ronment.Thefactthatourauditorysystemandperipheryis ableto
distinguish,even from a monauralsignal,two simultaneougon-
versationsor musicinstrumentsplaying the samenote, suggests
that effective signal processingsolutionsexist in biology [1, 2].
This motivatesa study of architecturedor adaptve blind signal
processingvhich emulatefunction and structureof information
processingn biologicalneuralsystemga3].

Auditory sceneanalysis[2, 1] synthesizesextensie psy-
chophysicalexperimentationinto a descriptve theory of how
the brain processesuditory information from a cochleartime-
frequeng representatiorto extract and track relevant signals
amidstnoise and interference. Separatioroccursthrough bind-
ing and groupingof eventsin the time-frequeng domain. This
approachappearso be the mostneuromorphiof techniquegpro-
posedfor acousticsignal separationandis the basisfor several
algorithmsfor separatingicousticsources.

This paperaddressethe problemof separating singlemix-
ture of signals,suchas extraction of independentoice streams
in a monauralacousticchannel,llustratedin Figurel. This task
is mathematicallyill-defined sincethe problemcarriesmore un-
knowns than supportedby the data. The approachto solve the
ambiguityproblemiis to specifya suitableprior onthe sourcedis-
tributions,and an answerto the questionwhatis a suitableprior
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Figure 1: Monauml sepaation of independenacousticcompo-
nents.

dependsn on the type of signalsconsidered.In principle, one
could constructgeneralmodelsand train the parametersn the
modelfrom data. A genericLaplacianprior, expressingsparsity
in the sourcedistributions,was proposedn [4], but it requiresat
leasttwo mixturesto separaté¢hreesignalg5]. Real-timetracking
of agroupof co-modulatecharmonicsprovidesa meanso sepa-
rateonesourcefrom time-frequeng clutter[6], but thesucces®f
thetechniquedependstronglyon the degreeof interferencdrom
othersources.This papersconsidersa sourceprior thatexpresses
spectal andtempoanl coheence whichis capableof the monau-
ral casg(separatinginglemixtures)andappliesto awide rangeof
acousticandsonarsignals.A relatedapproactbasednamplitude
andfrequenyg modulationis givenin [7].

In Section2 we outlineageneramathematicalramewvork for
sourceseparationyhich we extendin Section3 to the monaural
caseaccountingor ameasur®f coherenceResultonseparating
monauramixturesof acousticsignalsarepresentedh Sectiond.

2. INDEPENDENT COMPONENT ANALYSISAND
SPARSE APPROXIMATION

2.1. Independent Component Analysis

Themathematicalool behindthe problemof separatinginknavn
mixturesof unknavn sourcesis that of independentomponent
analysis(ICA) [8]-[14], which appliesinformation-theoreticon-
ceptsto extractmixture coeficientsfrom the data,mostly usinga
linear or convoluting mixing modeltogetherwith the assumption
thatthe sourcesrestatisticallyindependentAdaptive algorithms
of this type offer abstractmodelsof how the brain may separate
multiple streamsof sensoryinformation[8], and scalablearchi-
tecturescan be formulatedwhich are amenableo analogVLSI
implementatiorj17, 18].

The task of separatinginear mixturesof signalsinto inde-
pendentcomponentgo reconstructhe sourcesof the signalsis
mathematicallyll-definedin all but afew casesClearly ary ob-
senedsignalcanbearbitrarily decomposedsa sumof signalsin



aninfinite numberof ways,andsuitableprior knovledgehasto be
embeddedn the modelof the sourcedo yield meaningfulvalues
of the mixing parametersTypically, the numberof independent
channelof obsered signalsis assumedo be at leastthe number
of independensourcesThis malesthetaskrelatively straightfor
ward,andin thecasewith moreindependentsensorpbsenrations
thansourceghe mixing matrix canbe uniquelydeterminedgeven
from just second-ordestatisticsof thesignaldata.

Thenumberof sourcecannot alwaysbe determineda priori
for agivenapplication,anda suitablenumberof linearly indepen-
dentobsenrationsof thesourcegannotalwaysheguaranteedRe-
searchin ICA onthe caseof fewerindependentbsenrationsthan
sourceshasbeennon-isting until recently makinguseof prior
information on the sourcedistribution. We startby formulating
sourcemodelsasa prior in ageneraBayesiarframevork.

2.2. A General Bayesian Framework

In the Bayesiarmapproacho independentomponentinalysig16,

15, 4], prior modelinformationonthesources is usecto construct
the optimal maximuma posteriori (MAP) estimatorthroughap-
plicationof Bayessrule:

max : P(s|x) x P(x|s) P(s) 1)
Thekey is a suitableformulationof a sourceandmixture models.

They couldbe specifiedfor instanceasanauto-rgressve source
modelandlinearmixturemodel
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respectiely, wherethe g; are(possiblynonlinear)scalarfunctions
characterizinghesourcesg, e; represengeneratie errorsin these
sourcemodels,andn(k) representshe obseration noisein the
mixturemodel.

A full implementationof the generalmodel (2) canbe ob-
tained, in principle, by expandingg; in parametricform, and
adaptingthe autorg@ressve parameter®f g; on-line. The prob-
lemwith this approachs thattrainingdatain theregressie source
model(2) is not available, sinceboth g; ands; areunknavn. A
possiblesolutionwhichestimatesheparametersn-lineis demon-
stratedn [15]. Parametridechnique®f this typework well when
thereis suficient datain the obserationsto estimateall model
parameters.

2.3. Sparse Approximation in Overcomplete Bases

The caseof sourceseparationwith fewer obseration channels
thansourceshasbeenaddressetby techniquesf sparseapprox-
imationin anovercompletaepresentatiorassuminga Laplacian
(L1-norm) prior on the sourcedistributions[4]. Thisis a special
caseof (2) whereg; = 0, e; is Laplaciandistributed,andn is
normallydistributed. Then(1) yields

A 2
max : log P(s|x) —§|X—AS| —uZ|si| (3)
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which canbe solved throughresursiorof analgorithmcloselyre-
latedto ICA [4]. Thetechniquehasbeenappliedin anexperimen-
tal settingto separatéhreespeectsourceaisingonly two micro-
phoned5].

The successn separatinghreesourcesrom only two obser
vation channelds quite remarkableespeciallybecausehe meth-
odsmakesno assumptionsn the sourcedistributionsthemseles
(9; = 0). For acousticsignals,we canexpectimprovementfrom
a sourcemodelthat incorporatessomegeneralknowledge about
acoustics.A more informative sourcemodelis necessaryn the
monaurakasepecausea Laplacianprior onitself fails to separate
morethanonespeectsignalfrom a singlemicrophoneecording.

In this paper we considera measureof spectal and tempo-
ral coheenceasa suitableprior to separatenonauraimixturesof
acousticakignalsin thetime-frequeng domain.

3. MONAURAL SEPARATIONIN THE
TIME-FREQUENCY DOMAIN

3.1. Time-Frequency Wavelet Decomposition and Reconstr uc-
tion

Wavelets[20] provide a powerful mathematicalool for analyzing
temporaldatathat containpertinentfeaturesbothin the time do-
mainandthefrequeng domain,suchaswith acoustica[3] wave-
forms.

Waveletdecompositiorand reconstructiorcan be performed
onanalogcontinuous-timéemporadatausingacomple gaussian
kernel[21]:
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wherethe centerfrequenciesv;, areequallyspacedn alogarith-
mic scale.The constantx setstherelative width of thefrequeny
binsin thedecompositionandcanbe adjustedogethemwith C to
accommodateompactsupportof thewaveletkernel.
Thecomputatior(4) is efficiently implementedn customana-
log VLSI technologyusinga parallelarchitectureln previousre-
searchwe have developedseveral versionsof wavelet transform
processorfn analogandhybrid analog-digitatechnology{21].
Waveletdecompositiomprovidesacorvenientsignalrepresen-
tationfor blind separationn thetime-frequeng domain.

3.2. Time-Frequency Domain Coherent Signal Segregation

A distribution-irvariantprior canbe definedon the sourcesn the
form of an error functionalwhich expresses direct measureof
short-termcoheencebetweensourcesn the time-frequeng do-
main. This of courserequireshatshort-termcoherencés amean-
ingful metric,whichit is for mostacousticaandsonarsignals.

Resultsfrom psychophysicagxperimentsof hearingdiscrim-
ination[1, 2] shav thatcoherencendharmonicrelationshipse-
tweenacousticsourceplaysa crucialrole in identifyingindepen-
dentsounds.Developmentsof this ideahave led to several algo-
rithms for musicseparatione.g., [6, 7]. Mosttechniqueshow-
ever, ignorerelative phasénformationpresentn interferingsignal
componentsandthusdiscardoneof the mostdiscriminatoryfea-
turesto distinguishindependensignals.Theargumento whatex-
tentandin whatform theauditoryperipheryemplag/s phasenfor-
mationis subjectto anintensedebateamongneurophysiologists;
andit is clearthatphaseinformationplaysa crucialrole, e.g., for
localizationin the auditoryperipheryof bats[22].



3.2.1. IncoheenceandIndependence

Thekey ideato solve theunderconstrainesburceseparatiomprob-
lemis to exploit tempoal ratherthanspatialcorrelationsn distin-
guishingamongindependensignalcomponentsThe principleis
illustratedin Figure2. We considerscalarmixturesof signalsin
themonaurakasethis assuptions notessentiandsimplifiesthe
analysis. Information on temporalstructureis corveniently ob-
tainedfrom thetime-frequeng decompositior{4):

s(t) =) s*(t) exp (—jwt) (5)
k
wheretheconstanC' is droppedor notationalcorvenience Tem-
poral incoherenceébetweentwo signalsexpressesandomnesin
therelative phasgor, morespecifically time difference)oetween
thetwo signals.We generalizehis notionto includebothrandom
time § andamplitudeA fluctuations:

5(t) A(t) 5(t - 0(¢)) (6)
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wheres represents periodicwaveform'. While amplitudevari-

ationsscalethe spectrurmuniformly, we seethattime fluctuations
(jitter) modulatethe spectrurmonuniformly Incoherencén mix-

turesof independensourcesthus provides a key to distinguish
componentdasedon a measuref fluctuationsin relative ampli-
tudeandphase.

3.2.2. Time-Fequencysepaationof Quasi-CohezntSouces

Separatiorof mixturesof sourcesbasedon incoherencg6) only
works provided thatthe sourcess themselesare sufficiently co-
herentover an extendedperiodof time, for fluctuationsn relatve
A(t) andf(t) to beobserable. In particular let the obseredsig-
nal z(t) be composedf anincoherentmixture of sourcess;(t),
i=1---N:

z(t) =
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which canbereformulatedn thetime-frequeng domainas
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The only knowledgeavailable aboutthe coeficients 3% (t) is that

they represenperiodicsourcess;. From (8), the assumptiorof

incoherenceacrosssourcesreducesthe complex autocorrelation
of z* to

E(z®(t) 2" (t — ot))
~y E(Ai(t) At — 5t) 55 (1) 3 (¢ — 6t) x

exp (juok (6:() — 0 (¢ — 6t))) ©)
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1we cannotassumehatthe coeficientss* (¢) areconstantPeriodicity
implies, to first order thatthe 5% (t) oscillatewith constanfrequeng.

Figure 2: Coheence-basednonaual sepaation.
sepaation from a single mixture z(¢) is ambiguous,unlessthe
soucesz;(t) havea knownstructue. (b) Short-termcoheence
of a source can be expressedn termsof time 8 and amplitude A

fluctuationsof a periodicwaveform. (c) Theséluctuationsallow
to distinguishand sepaate the soucesevenif they overlapin the
spectal domain.

(a) Souce

wherethe lastequalityassumeshat 6t is shorterthanthe coher
encetime, i.e., characteristidcime scaleof A; and#;. Finally, if
5%(t) = SF(t) exp(—jQFt) representshe harmonicprecession
of sourcei in bandk, then

E(5F(t) 5" (t — 6t)) ~ |SF (t)]> exp(—jQf 6t) . (10)

andthe coeficients 3% (t) canbe completelydeterminedupto a
constanphasefrom a numberof autocorrelatiombserations(9)
larger thanthe numberof sources.The remainingunknavns are
thenderivedfrom (7).

3.2.3. Time-DomainSepaation

A simplerprocedurds obtainedby directly implementing(7) in

thetime domain.For ary fragmentof s;(t), a greedycorrelation-
basedsearchover neighboringtime intenals producesa match-
ing segments;(t — 6;), for avalued; that bestsatisfieshe con-
straint(6) for s;. Both segmentsare updatedtowardseachother
in orderto refinethe constrain{(6), alongwith additionalsoftcon-
straintsthatenforcesmoothnes# the source$. The procedurds

repeateduntil all pairs of matchingsegmentscorverge to within

thenoiselevel of condition(6).

4. EXPERIMENTS

Best results were obtained using the time-domain separation
method. For the experimentswe consideredingle mixturesof 2

2In particular anupdateds; (t) towardss;(t — 8;) is oneof two fixed
amplitudes:the larger oneif the updateis in the directionof the spatial
average,andthe smalleroneotherwise. The sameappliesfor the update
ds;(t — 0;) towardss; (t).
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Figure 3: Monauml sepaation in the time domain. Top: Two
sourceswith overlappingspecta. Center:Singlemixture. Bot-
tom: Reconstructedourcesfromthe mixture.

sourcewith overlappingspectra.Figure3 demonstratesuccess-
ful separatiorf two frequeng-chirpedandamplitude-modulated,
quasi-periodiovaveforms. The separatiorsucceedgven though
harmonicsof the instantaneou$requenciesof the sourcescoin-
cide at two instancesn time. We are continuingexperimentsto
characterizeéhe methodon real-world signals,suchasacoustical
andsonarrecordingswith overlappingspectrajn the presencef
backgroundoise.

5. CONCLUSIONS

We proposedand demonstratea techniquefor monauralsepa-
ration of acousticalsourcespasedon a metric of coherencehat
expressegachsourceasa periodicwaveformwith randomshort-
term time and amplitudefluctuations. We plan to implementa
coherence-basestparatiometwork in parallelVLSI, andfurther
researchis directedtowards simple on-line variantsof the pre-
sentedhlgorithmsbothin thefrequeng andtime domain.
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