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ABSTRACT

Theproblemof blindly separatingsignalmixtureswith fewermix-
ture componentsthan independentsignal sourcesis mathemati-
cally ill-defined,andrequiressuitableprior informationon thena-
tureof thesources.Recently, it hasbeenshown thatsparsemeth-
odsfor functionapproximationusinga Laplacianprior canbeef-
fective, but the methodfails to separatea singlemixturewithout
further prior information. Othertechniquestrack harmonics,but
assumeseparabilityin thetime-frequency domain.We show that
a measureof temporalandspectralcoherenceprovidesan effec-
tive cuefor separatingindependentacousticalor sonarsources,in
the absenceof spatialcuesin the monauralcase. The technique
is shown to successfullyseparatesinglemixturesof sourceswith
significantspectraloverlap.

1. INTRODUCTION

The humanbrain excelsat segregatingcomplex mixturesof un-
known signalsfrom sensorymodalitiesthat convey a convoluted
and incompleteversionof the co-existing signalsfrom the envi-
ronment.Thefactthatourauditorysystemandperipheryis ableto
distinguish,even from a monauralsignal,two simultaneouscon-
versationsor music instrumentsplaying the samenote,suggests
that effective signalprocessingsolutionsexist in biology [1, 2].
This motivatesa studyof architecturesfor adaptive blind signal
processingwhich emulatefunction and structureof information
processingin biologicalneuralsystems[3].

Auditory sceneanalysis [2, 1] synthesizesextensive psy-
chophysicalexperimentationinto a descriptive theory of how
the brain processesauditory information from a cochleartime-
frequency representationto extract and track relevant signals
amidstnoiseand interference. Separationoccursthroughbind-
ing andgroupingof eventsin the time-frequency domain. This
approachappearsto bethemostneuromorphicof techniquespro-
posedfor acousticsignalseparation,and is the basisfor several
algorithmsfor separatingacousticsources.

This paperaddressestheproblemof separatinga singlemix-
ture of signals,suchas extraction of independentvoice streams
in a monauralacousticchannel,illustratedin Figure1. This task
is mathematicallyill-defined sincethe problemcarriesmoreun-
knowns than supportedby the data. The approachto solve the
ambiguityproblem,is to specifyasuitableprior on thesourcedis-
tributions,andan answerto the questionwhat is a suitableprior
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Figure1: Monaural separation of independentacousticcompo-
nents.

dependsin on the type of signalsconsidered.In principle, one
could constructgeneralmodelsand train the parametersin the
model from data. A genericLaplacianprior, expressingsparsity
in the sourcedistributions,wasproposedin [4], but it requiresat
leasttwo mixturesto separatethreesignals[5]. Real-timetracking
of a groupof co-modulatedharmonicsprovidesa meansto sepa-
rateonesourcefrom time-frequency clutter[6], but thesuccessof
thetechniquedependsstronglyon thedegreeof interferencefrom
othersources.This papersconsidersa sourceprior thatexpresses
spectral andtemporal coherence, which is capableof themonau-
ral case(separatingsinglemixtures)andappliesto awiderangeof
acousticandsonarsignals.A relatedapproachbasedonamplitude
andfrequency modulationis givenin [7].

In Section2 weoutlineageneralmathematicalframework for
sourceseparation,which we extendin Section3 to the monaural
case,accountingfor ameasureof coherence.Resultsonseparating
monauralmixturesof acousticsignalsarepresentedin Section4.

2. INDEPENDENT COMPONENT ANALYSIS AND
SPARSE APPROXIMATION

2.1. Independent Component Analysis

Themathematicaltool behindtheproblemof separatingunknown
mixturesof unknown sourcesis that of independentcomponent
analysis(ICA) [8]-[14], which appliesinformation-theoreticcon-
ceptsto extractmixturecoefficientsfrom thedata,mostlyusinga
linearor convoluting mixing modeltogetherwith theassumption
thatthesourcesarestatisticallyindependent. Adaptivealgorithms
of this type offer abstractmodelsof how the brain may separate
multiple streamsof sensoryinformation [8], andscalablearchi-
tecturescan be formulatedwhich are amenableto analogVLSI
implementation[17, 18].

The task of separatinglinear mixturesof signalsinto inde-
pendentcomponentsto reconstructthe sourcesof the signalsis
mathematicallyill-definedin all but a few cases.Clearly, any ob-
servedsignalcanbearbitrarilydecomposedasasumof signalsin



aninfinite numberof ways,andsuitableprior knowledgehasto be
embeddedin themodelof thesourcesto yield meaningfulvalues
of the mixing parameters.Typically, the numberof independent
channelsof observedsignalsis assumedto beat leastthenumber
of independentsources.Thismakesthetaskrelatively straightfor-
ward,andin thecasewith moreindependent(sensor)observations
thansourcesthemixing matrix canbeuniquelydetermined,even
from just second-orderstatisticsof thesignaldata.

Thenumberof sourcescannot alwaysbedetermineda priori
for agivenapplication,andasuitablenumberof linearly indepen-
dentobservationsof thesourcescannotalwaysbeguaranteed.Re-
searchin ICA on thecaseof fewer independentobservationsthan
sourceshasbeennon-existing until recently, makinguseof prior
informationon the sourcedistribution. We start by formulating
sourcemodelsasaprior in ageneralBayesianframework.

2.2. A General Bayesian Framework

In theBayesianapproachto independentcomponentanalysis[16,
15, 4], prior modelinformationonthesource� is usedto construct
the optimal maximuma posteriori (MAP) estimatorthroughap-
plicationof Bayes’s rule:������
	 ������ ��� ����� ��� ��� ��� ��� ��� (1)

Thekey is a suitableformulationof asourceandmixturemodels.
They couldbespecified,for instance,asanauto-regressive source
modelandlinearmixturemodel��� ��� ���  � � �!� ���#"$ �&% �!� ���'")( �&%!*+*+* �-,�. � ��� �0/21� ��� �3� 45� ��� �6,87 ��� � (2)

respectively, wherethe  � are(possiblynonlinear)scalarfunctions
characterizingthesources1 , . � representgenerativeerrorsin these
sourcemodels,and 7 ��� � representsthe observation noisein the
mixturemodel.

A full implementationof the generalmodel (2) can be ob-
tained, in principle, by expanding  � in parametricform, and
adaptingthe autoregressive parametersof  � on-line. The prob-
lemwith thisapproachis thattrainingdatain theregressivesource
model(2) is not available,sinceboth  � and � � areunknown. A
possiblesolutionwhichestimatestheparameterson-lineisdemon-
stratedin [15]. Parametrictechniquesof this typework well when
thereis sufficient datain the observationsto estimateall model
parameters.

2.3. Sparse Approximation in Overcomplete Bases

The caseof sourceseparationwith fewer observation channels
thansourceshasbeenaddressedby techniquesof sparseapprox-
imation in anovercompleterepresentation,assuminga Laplacian
( 9;: -norm)prior on thesourcedistributions[4]. This is a special
caseof (2) where  �=<?> , . � is Laplaciandistributed,and 7 is
normallydistributed.Then(1) yields������
	 � �8@BADCE��� ��� ���F� " G ( � � " 4H��� I "KJ#L � � �!� � (3)

whichcanbesolvedthroughresursionof analgorithmcloselyre-
latedto ICA [4]. Thetechniquehasbeenappliedin anexperimen-
tal settingto separatethreespeechsourcesusingonly two micro-
phones[5].

Thesuccessin separatingthreesourcesfrom only two obser-
vationchannelsis quiteremarkable,especiallybecausethemeth-
odsmakesno assumptionson thesourcedistributionsthemselves
(  �;<M> ). For acousticsignals,we canexpectimprovementfrom
a sourcemodel that incorporatessomegeneralknowledgeabout
acoustics.A more informative sourcemodel is necessaryin the
monauralcase,becauseaLaplacianprior on itself fails to separate
morethanonespeechsignalfrom asinglemicrophonerecording.

In this paper, we considera measureof spectral and tempo-
ral coherenceasa suitableprior to separatemonauralmixturesof
acousticalsignalsin thetime-frequency domain.

3. MONAURAL SEPARATION IN THE
TIME-FREQUENCY DOMAIN

3.1. Time-Frequency Wavelet Decomposition and Reconstruc-
tion

Wavelets[20] providea powerful mathematicaltool for analyzing
temporaldatathat containpertinentfeaturesboth in the time do-
mainandthefrequency domain,suchaswith acoustical[3] wave-
forms.

Wavelet decompositionandreconstructioncanbe performed
onanalogcontinuous-timetemporaldatausingacomplex gaussian
kernel[21]:NPO �RQ �3� SUTVPW N �YX �[Z �]\ �B^`_ O X�"baE�c_ O �RQ
"bX �d� I �Pe XN2f �RQ �3� g L O N O �RQ �hZ �i\ �j"k^`_ O Q � (4)

wherethecenterfrequencies_ O areequallyspacedon a logarith-
mic scale.Theconstanta setstherelative width of thefrequency
binsin thedecomposition,andcanbeadjustedtogetherwith g to
accommodatecompactsupportof thewaveletkernel.

Thecomputation(4) is efficiently implementedin customana-
log VLSI technology, usingaparallelarchitecture.In previousre-
searchwe have developedseveral versionsof wavelet transform
processorsin analogandhybridanalog-digitaltechnology[21].

Waveletdecompositionprovidesaconvenientsignalrepresen-
tationfor blind separationin thetime-frequency domain.

3.2. Time-Frequency Domain Coherent Signal Segregation

A distribution-invariantprior canbedefinedon thesourcesin the
form of an error functionalwhich expressesa direct measureof
short-termcoherencebetweensourcesin the time-frequency do-
main.Thisof courserequiresthatshort-termcoherenceis amean-
ingful metric,which it is for mostacousticalandsonarsignals.

Resultsfrom psychophysicalexperimentsof hearingdiscrim-
ination[1, 2] show thatcoherenceandharmonicrelationshipsbe-
tweenacousticsourcesplaysacrucialrole in identifying indepen-
dentsounds.Developmentsof this ideahave led to severalalgo-
rithms for musicseparation,e.g., [6, 7]. Most techniques,how-
ever, ignorerelativephaseinformationpresentin interferingsignal
components,andthusdiscardoneof themostdiscriminatoryfea-
turesto distinguishindependentsignals.Theargumentto whatex-
tentandin whatform theauditoryperipheryemploys phaseinfor-
mationis subjectto an intensedebateamongneurophysiologists;
andit is clearthatphaseinformationplaysa crucial role,e.g., for
localizationin theauditoryperipheryof bats[22].



3.2.1. IncoherenceandIndependence

Thekey ideato solvetheunderconstrainedsourceseparationprob-
lemis to exploit temporal ratherthanspatialcorrelationsin distin-
guishingamongindependentsignalcomponents.Theprinciple is
illustratedin Figure2. We considerscalarmixturesof signalsin
themonauralcase;thisassuptionis notessentialandsimplifiesthe
analysis. Informationon temporalstructureis conveniently ob-
tainedfrom thetime-frequency decomposition(4):� �RQ ��� L O � O �RQ �hZ �i\ �j"k^`_ O Q � (5)

wheretheconstantg is droppedfor notationalconvenience.Tem-
poral incoherencebetweentwo signalsexpressesrandomnessin
therelative phase(or, morespecifically, time difference)between
thetwo signals.Wegeneralizethisnotionto includebothrandom
time l andamplitudem fluctuations:n� �RQ �o� m �RQ �Fp� �RQ
" l �RQ �d� (6)� m �RQ � L O p� O �RQ �hZ �i\ �B^`_ O l �RQ �d�hZ �i\ �j"k^`_ O Q �
where p� representsa periodicwaveform1. While amplitudevari-
ationsscalethespectrumuniformly, we seethat time fluctuations
(jitter) modulatethespectrumnonuniformly. Incoherencein mix-
turesof independentsourcesthus provides a key to distinguish
componentsbasedon a measureof fluctuationsin relative ampli-
tudeandphase.

3.2.2. Time-FrequencySeparationofQuasi-CoherentSources

Separationof mixturesof sourcesbasedon incoherence(6) only
worksprovided that thesourcesp� themselvesaresufficiently co-
herentover anextendedperiodof time, for fluctuationsin relativem �RQ � and l �RQ � to beobservable.In particular, let theobservedsig-
nal N �RQ � be composedof an incoherentmixture of sources

n� � �RQ � ,1
� $�q+qrqts :N �RQ �ou L � n�!� �RQ �v� L � m � �RQ �Fp�!� �RQ
" l � �RQ �d� (7)

� L � L O m � �RQ �Fp� O� �RQ �hZ �i\ �B^`_ O l � �RQ �d�hZ �i\ �j"k^`_ O Q �
whichcanbereformulatedin thetime-frequency domainasN O �RQ �wu L � m � �RQ �kp� O� �RQ �xZ �]\ �B^`_ O l � �RQ �d��* (8)

Theonly knowledgeavailableaboutthecoefficients p� O� �RQ � is that
they representperiodicsourcesp� � . From (8), the assumptionof
incoherenceacrosssourcesreducesthe complex autocorrelation
of N O to y � N O �RQ � N O!z �RQ
"b{�Q �d�u L � yb| m � �RQ �im � �RQ
"b{`Q �Fp� O� �RQ �Pp� O!z� �RQw"b{`Q ��}

Z �i\ �B^`_ O � l � �RQ � " l � �RQw"b{�Q �d��~ (9)u L � y � � m � �RQ �+� I � y � p� O� �RQ �-p� O!z� �RQw"b{`Q �d�
1Wecannotassumethatthecoefficients �� O������ areconstant.Periodicity

implies,to first order, thatthe �� O��c��� oscillatewith constantfrequency.
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Figure 2: Coherence-basedmonaural separation. (a) Source
separation from a single mixture N �RQ � is ambiguous,unlessthe
sources N � �RQ � havea knownstructure. (b) Short-termcoherence
of a source canbeexpressedin termsof time l andamplitudem
fluctuationsof a periodicwaveform. (c) Thesefluctuationsallow
to distinguishandseparate thesourcesevenif they overlapin the
spectral domain.

wherethe lastequalityassumesthat {�Q is shorterthanthe coher-
encetime, i.e., characteristictime scaleof m � and l � . Finally, ifp� O� �RQ �=u p� O� �RQ ��Z �i\ �j"k^�� O� Q � representsthe harmonicprecession
of source1 in band� , theny � p� O� �RQ �6p� O!z� �RQw"b{`Q �d�Fu�� p� O� �RQ �+� I�Z �i\ �j"k^�� O� {�Q �F* (10)

andthe coefficients p� O� �RQ � canbe completelydetermined,up to a
constantphase,from anumberof autocorrelationobservations(9)
larger thanthe numberof sources.The remainingunknowns are
thenderivedfrom (7).

3.2.3. Time-DomainSeparation

A simplerprocedureis obtainedby directly implementing(7) in
thetime domain.For any fragmentof � � �RQ � , a greedycorrelation-
basedsearchover neighboringtime intervals producesa match-
ing segment � � �RQ�" l � � , for a value l � that bestsatisfiesthe con-
straint(6) for � � . Both segmentsareupdatedtowardseachother
in orderto refinetheconstraint(6), alongwith additionalsoftcon-
straintsthatenforcesmoothnessin thesources2. Theprocedureis
repeateduntil all pairsof matchingsegmentsconverge to within
thenoiselevel of condition(6).

4. EXPERIMENTS

Best results were obtained using the time-domain separation
method.For theexperiments,we consideredsinglemixturesof 2

2In particular, anupdate� � � �c��� towards � � ���6�5� � � is oneof two fixed
amplitudes:the larger one if the updateis in the directionof the spatial
average,andthe smalleroneotherwise.The sameappliesfor the update� � � ���P�H� � � towards � � ����� .
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Figure3: Monaural separation in the time domain. Top: Two
sourceswith overlappingspectra. Center:Singlemixture. Bot-
tom: Reconstructedsourcesfromthemixture.

sourceswith overlappingspectra.Figure3 demonstratessuccess-
ful separationof two frequency-chirpedandamplitude-modulated,
quasi-periodicwaveforms. The separationsucceedseven though
harmonicsof the instantaneousfrequenciesof the sourcescoin-
cide at two instancesin time. We arecontinuingexperimentsto
characterizethe methodon real-world signals,suchasacoustical
andsonarrecordingswith overlappingspectra,in thepresenceof
backgroundnoise.

5. CONCLUSIONS

We proposedand demonstrateda techniquefor monauralsepa-
ration of acousticalsources,basedon a metric of coherencethat
expresseseachsourceasa periodicwaveformwith randomshort-
term time and amplitudefluctuations. We plan to implementa
coherence-basedseparationnetwork in parallelVLSI, andfurther
researchis directedtowardssimple on-line variantsof the pre-
sentedalgorithmsbothin thefrequency andtimedomain.
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