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Abstract: Most audio signals are mixtures of several audio sources which are active simultaneously. For
example, live debates are mixtures of several speakers, music CDs are mixtures of musical instruments
and singers, and movie soundtracks are mixtures of speech, music and natural sounds. Blind Audio Source
Separation (BASS) is the problem of recovering each source signal from a given mixture signal. This report
provides a tutorial review of established and recent BASS methods as applied to the separation of real-
istic audio mixtures, focusing on situations where large microphone arrays or other unusual microphone
arrangements are not available. Our �rst goal is to show that a large range of assumptions can be made to
separate a given mixture signal. Our second goal is to emphasize the importance of audio-speci�c issues
in the design of BASS algorithms. Thus we consider the BASS problem in its full generality and we point
out the modeling assumptions and the limitations of each class of algorithms. For the sake of clarity, we
describe approaches relating to different historical viewpoints within a general statistical framework. We
do not discuss implementation details nor other problems related to BASS such as dereverberation and
remixing.

Keywords: source separation, music, speech, recording, CD, beamforming, time-frequency masking, in-
dependent component analysis, DUET, factorial hidden Markov model, nonnegative matrix factorization,
computational auditory scene analysis.





Most audio signalsare mixturesof several audio sourceswhich are active simultaneously. For example, live
debatesaremixturesof several speakers,musicCDs aremixturesof musicalinstrumentsandsingers,andmovie
soundtracksaremixturesof speech,musicandnaturalsounds.Blind Audio SourceSeparation(BASS)is theproblem
of recoveringeachsourcesignalfrom agivenmixturesignal.

Historically, earlyBASSmethodsreliedon arrayprocessingtechniques.Separationwasperformedby determin-
ing the spatialpositionof the sourcesandapplyingan appropriatespatial�lter to the mixture channelssuchasto
enhancea targetsourceandcanceltheothersources[1]. Thesemethodsrequiredthesourcesto berecordedwith a
largenumberof microphonesin a particularcon�guration. This limited their applicabilityto somelive recordingsit-
uationswherethemicrophonearrangementcouldbemodi�ed atwill, for examplein aconferenceauditorium.BASS
methodssuitedto syntheticmixturesandmoretraditionalrecordingswereproposedindependentlyabouttwentyyears
agoby statisticalsignalprocessingandcomputerscienceresearchers.An earlyapproachfeatureda neuralnetwork
algorithmthatwasableto extract independentsourcesby performinga typeof nonlineardecorrelation[2]. Several
authorsstudiedtheintegrationof thismethodwithin astatisticalframework andderivedawide rangeof Independent
ComponentAnalysis(ICA) algorithmsbasedmostlyon higher-orderstatistics[3] andinformationtheory[4]. These
early algorithmswerelimited to instantaneousmixturescontainingasmany sourcesasmixture channels.The �rst
steptowardsdealingwith realisticaudiomixtureswastaken by extendingICA to convolutive mixtures[5]. In the
meantime,otherauthorsstudiedperceptualsoundprocessingprinciplesresultingfrom listeningexperiments[6] and
developedComputationalAuditory SceneAnalysis(CASA) algorithms. Thesealgorithmsexploited speci�c prop-
ertiesof audiosources,suchasharmonicityandspectralenvelope,to decodesingle-channelmixturesinto different
auditorystreamswhich couldthenberesynthesizedseparately. Early CASA methodsuseda sequenceof data-driven
processingsteps[7, 8], while lateronesarguedfor a prediction-drivenapproachimplementedasa blackboardarchi-
tecture[9]. During thelastdecade,ICA-lik e andCASA-like algorithmshave beenfurther improvedandothernovel
approachesto BASShavebeenproposed.

Direct applicationsof BASSincludereal-timespeaker separationfor simultaneoustranslationandaidsfor elec-
tronic musiccompositionby samplingof instrumentalsounds.More signi�cantly, many derivedapplicationsaim to
modify themixturesignalby remixingthesourcesdifferentlyor removing unwantedsources.Theseremixingappli-
cationsincludespeechenhancementwithin hearingaidsandmobilephones,voicecancellationfor karaoke,rendering
of stereoCDs on multichanneldevices,post-productionof raw musicrecordingsor restorationof corruptedaudio
data.Theseparatedsourcescouldalsobefed into single-sourceindexing, transcriptionandcodingtechniques,allow-
ing otherapplicationssuchasmulti-sourcelocalizationfor monitoringandrobotics,improvedautomaticindexing of
audiodocuments,multi-speakerspeechrecognitionin “cocktail party” environmentsor object-basedcoding.

This article providesa tutorial review of establishedandrecentBASS methodsasappliedto the separationof
realisticaudiomixtures,focusingon situationswherelargemicrophonearraysor otherunusualmicrophonearrange-
mentsarenot available. Our �rst goal is to show thata largerangeof assumptionscanbemadeto separatea given
mixture signal. Our secondgoal is to emphasizethe importanceof audio-speci�cissuesin the designof BASS al-
gorithms.Thuswe considertheBASSproblemin its full generalityandwe point out themodelingassumptionsand
thelimitationsof eachclassof algorithms.For thesakeof clarity, wedescribeapproachesrelatingto differenthistor-
ical viewpointswithin a generalstatisticalframework. We do not discussimplementationdetailsnor otherproblems
relatedto BASSsuchasdereverberationandremixing. For moreinformation,seetheprovidedbibliographicaland
softwarereferences.

Therestof thearticleis structuredasfollows. The�rst sectiondescribesthetypicalpropertiesof audiomixtures,
statesaformalde�nition of theBASSproblemandsplitsit into twosub-problems:identi�cation and�ltering. Thesec-
ondsectiondiscussesbrie�y two popular�ltering techniquescalledbeamformingandtime-frequency masking.The
threefollowing sectionsprovide a review of existing identi�cation methodssortedin orderof increasingcomplexity.
Thelastsectionconcludesby summarizingtheirdomainof applicabilityandmentioningemergingapproaches.

1 Background and formulation

1.1 Audio sources

Audio sourcesareusuallycategorizedasspeech,musicor naturalsounds.Eachcategoryexhibits its own characteris-
tics thatcanbeexploitedfor aspeci�c processing.
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Speechsounds[10] canbeseenassequencesof discretephoneticunitscalledphonemes.Thesignalcorresponding
to eachphonemeexhibits time-varying characteristicsbecauseof the coarticulationof successive phonemes.This
signalcanincludeaperiodicpartcontainingharmonicsinusoidalpartialsgeneratedby periodicvibrationof thevocal
folds,or a widebandnoisepartmadeby air passingthroughthelips andteeth,or a transientpartobtainedby sudden
releaseof thepressurebehindlips or teeth.A few phonemescontainasuperpositionof periodicandnoisycomponents.
The harmonicitypropertymeansthat the frequenciesof the sinusoidalpartialsaremultiplesof a single frequency
called the fundamentalfrequency. The fundamentalfrequenciesof periodicphonemesvary due to intonation,but
typically staywithin a rangeof 40 Hz centeredon averagearound140Hz for maleand200Hz for femalespeakers.
The spectralenvelope,that is the smoothedamplitudeof the signalasa function of frequency, is controlledby the
shapeof thevocaltractwhichdependsbothonthephoneme,onthephoneticcontext andonthespeakercharacteristics.
Successive phonemesbuild up into wordsandsentencesgovernedby lexical andsemanticalrulesdependingon the
language.Sentencesareusuallyseparatedby silenceandsimultaneousspeakersarenotsynchronized.

Music sources[11], which includemusicalinstruments,singersandsyntheticinstruments,usuallyproducese-
quencesof eventscallednotesor tones. The signalcorrespondingto eachnotemay be composedof several parts,
consistingof anearlyperiodicsignalcontainingharmonicsinusoidalpartialsmadeby bowing astringor blowing into
a pipe,or a transientsignalresultingfrom hitting a drumor a baror pluckinga string. Somewind instrumentsalso
addwidebandnoisedueto blowing. In westernmusic,the fundamentalfrequenciesof periodicnotesaretypically
constantor slowly varying andremaincenteredarounddiscretevalueson the semitonescale,that is a 1=12 octave
scalespanningthe rangebetween30 Hz and4 kHz. Eachinstrumentis characterizedby a particulartimbre which
dependsmostlyonthedurationof noteonsets,ontheshapeof thespectralenvelopegiventhenoteintensityandonthe
amountof frequency modulation.Successive notes,which constitutemusicalphrases,areoftenplayedwithout any
silencein between.Someinstruments,termedpolyphonicasopposedto monophonic,canalsoplaychordscomposed
of severalsimultaneousnotes.Within a musicensemble,westernharmony rulestendto favor synchronousnotesat
rational fundamentalfrequency ratiossuchas2, 3=2 or 5=4. Thusharmonicpartialsfrom differentsourcesoften
overlapat somefrequencies.

Naturalsounds[12], which arealsocalledenvironmentalsounds,exhibit differentcharacteristicsdependingon
theirorigin. A carhornproducesaperiodicsignal,ahammerpoundinghardwoodresultsin a transientsignalandrain
canbemodeledasa widebandnoisesignal. Most often, thediscretestructureunderlyingnaturalsoundsis simpler
thantheorganizationof phonemesandnotes.

1.2 Studio recordingsand live recordings

Audio mixturescanbe broadlyclassi�ed into two types: live recordingsor syntheticmixtures. The procedureby
whichmixturesignalsareacquiredis depictedin �gure 1. Syntheticmixturesareoftenderivedfrom studiorecordings,
that is unmixedsignalswhereeachsourceis recordedseparately. Sincesyntheticmixing effectsdiffer from natural
mixing effectsobtainedby live recording,thetwo typesof mixturesignalshavenoticeablydifferentspatialproperties
whicharguefor theuseof differentprocessingmethods.

A commonway of recordingmultiple sourcesis to recordeachonesuccessively in a studio[13]. Pointsources
sucha speakersor smallmusicalinstruments,which have a limited spatialextent,areusuallyrecordedusinga single
closemicrophone.Extendedsourcessuchaspianoor drums,whichcanproducedistinctsoundsin differentregionsof
spaceat thesametime,arebetterrecordedusingseveralmicrophones.This techniqueis generallyemployedfor pop
musicrecordings,wheretheplayersensuresynchronizationby listeningonheadphonesto amixtureof thepreviously
recordedinstruments.Similarly, movie dialoguesaresometimesdubbedby recordingeachspeaker separatelywith
synchronizationprovided by the images. Thesestudio recordingsmatchclosely the actualsoundof the sources
sincestudiowalls arecoveredwith sounddampeningmaterialsandmarginal re�ections of the soundwaveson the
walls canbelimited by usingdirectionalmicrophones.Electricor electronicinstrumentssuchaselectricguitarsand
keyboardsmayevenberecordedtogethersinceonly thedirectsoundof eachinstrumentis captured.Theadvantageof
studiorecordingsis thatthey allow differentspecialeffectsto beappliedto eachsourcebecausesourcesareperfectly
separatedinto distincttracks.

By contrast,live recordingscontainmixturesof severalsourcesobtainedby recordingall thesourcessimultane-
ouslywith multiple microphones[13]. This techniqueis preferredfor classicalmusicbecauseit is morepracticalfor
largeensemblesandit retainsthecharacteristicsof theconcertroom. Variousmicrophonearrangementsareusedby
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Figure1: Someusualwaysof obtainingaudiomixtures:liverecording(left), studiorecording(topright) andsynthetic
mixing (bottomright).

soundengineers.Onepossiblearrangementinvolvesonefar-�eld microphonepair locatedafew metersawayfrom the
sourcesandonedirectionalmicrophonelocatedcloselyto eachsource,with multiple closedirectionalmicrophones
beingusedfor extendedsources.The microphonepair may assumedifferentforms involving coincidentor spaced
microphoneswith variousdirectivity patterns.A similar arrangementcanbe employed to recordlive speakersat a
round-tablemeeting,wherethe microphonepair may be replacedby a small circular microphonearray. Generally,
the relative positionsof the sourcesandthe microphonesvary over time dueto small possiblyuncontrolledsource
movements.The recordedtrackscontainnot simply the direct soundof a singletarget source,but alsointerfering
soundsfrom othersourcesanddelayedversionsof all the sourcesdue to multiple re�ections of the soundwaves
on the walls [14]. The positionsof the �rst few re�ections may be predictedto someextent from the geometryof
theroom,whereassubsequentre�ections,alsoknown asreverberation,appearat diffuserandomlocations.Figure2
shows anexampleof transferfunctionbetweena sourceanda microphone.Its overall shapemaybedescribedusing
criteriasuchasthereverberationtime RT 60 (delayfor theamplitudeof the�lter to decreaseby 60 dB) andtheearly
decaytime EDT 10 (delayfor the amplitudeto decreaseby 10 dB), which dependon the microphonetype andon
the room. The reverberationtime for far-�eld microphonesis typically on the orderof 200 ms to 500 ms in small
meetingroomsand1 s to 2 s in largeconcerthalls. Interferencesandreverberationareattenuatedonclosedirectional
microphonescomparedto far-�eld microphones.

1.3 Syntheticmixtur es

Both studioandlive recordingsmaybetransformedinto syntheticmixtureswith a smallernumberof channelsusing
a mixing deskor dedicatedsoftware.Thepurposeof this post-productionprocessis mostoftento createstereo(two-
channel)mixturessuchasmusicCDsor radiobroadcastsor � ve-channelmixturessuchasmovie soundtracks.Mono
(single-channel)mixturesarerarein practice,althoughthey havebeenstudiedasachallengingBASSproblem.Some
commonsoftwareaudioprocessingeffectsaresummarizedin table1. For moreinformationabouttheseeffects,see
thedocumentationavailablewith mixing softwaresuchasTAP-plugins1.

With studiorecordings,thegoalof syntheticmixing is to assigna distinctspatialdirectionto eachsourceandto
setotherspatialpropertiessothatthemixturesoundsnaturalor lively. Eachtrackis transformedinto a stereoimage
usingeffectssuchas“pan”, whichcorrespondsto scalingby two differentpositivegains,or “reverb”,whichsimulates

1http://tap-plugins.sourceforge.net/ladspa.html
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Figure2: Exampleof mixing �lter within a live recordingatagiveninstantt.

naturalreverberationby applyingtwo differentappropriate�lters. Thenall thesestereoimagesareaddedtogether.
Live recordingsusingclosedirectionalmicrophonesonly, e.g. recordingsof movie orchestras,aremixedin thesame
way. Furthereffectssuchas“compressor”,which reducesthe dynamicrangeof the signal,may be appliedto the
wholemixture.

With live recordings,syntheticmixing aims insteadto preserve as much as possiblethe characteristicsof the
recordingroom and the positionsof the sourceswhile correctingtimbre or intensity imperfections. This is done
by addinglocally �ltered versionsof the signalsrecordedby the closedirectionalmicrophonesto the stereosignal
recordedby thefar-�eld microphonepair.

Table1: Typical effectsavailablein stereomixing software.Top effectsmodify thespatialpropertiesof thesources,
bottomonesmodify their spectro-temporalproperties.

Effectname Intendeduse Processing

Pan Createsapoint stereoimage Scalesa monosourcesignalby two constantor
slowly time-varyingpositivegains

Autopan Createsanextendedstereoimage Scalesa mono sourcesignal by two fast time-
varyingpositivegains

Echo/reverb Mimics naturalecho/reverberation Filtersamonosourcesignalby two differentsyn-
thetic�lters

Polarity Makesastereoimagesoundunnatural Invertsthesignof onechannel
Compressor Reducesthedynamicrange Scalesanimageby aslowly time-varyinggain
Equalizer Modi�es thetimbre Scaleseachsubbandof animageby aconstantor

slowly time-varyinggain
Tremolo/vibrato Increasesexpressiveness Appliesamplitude/frequency modulation
Chorus Multiplies thenumberof perceivedsources Addsto animagea few time-delayedversionsof

itself with slowly time-varyingdelays

1.4 Formalization of the mixing process

The mixing processfor live recordingsandsyntheticmixturesmay be formalizedmathematicallyin the sameway.
Whenthemixturecontainspoint sourcesonly, thechannels(x i (t))1� i � I of themixturesignalaregivenby

x i (t) =
JX

j =1

+ 1X

� = �1

aij (t � � ; � )sj (t � � ); (1)

where(sj (t))1� j � J aretheoriginal single-channelsourcesignalsand(aij (t; � ))1� i � I ;1� j � J is a setof time-varying
mixing �lters describingeithertheroomtransferfunctionsfrom thesourcepositionsto themicrophonepositionsor
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thesyntheticmixing effectsused.Thisequationbecomesirrelevantfor extendedsources,whichcannotberepresented
assingle-channelsignalsanddo not have well-de�ned positions.More generally, themixing processcanalwaysbe
writtenas

x i (t) =
JX

j =1

simg ij (t); (2)

wheresimg ij (t) denotesthe imageof the j -th sourceon the i -th mixturechannel.This quantityis de�ned for point
sourcesby simg ij (t) =

P + 1
� = �1 aij (t � � ; � )sj (t � � ), andit canstill bede�ned for extendedsourcesby integrating

overall thepoint sourcesthatcomposeeachextendedsource.

1.5 De�nition of the blind sourceseparationproblem

Several de�nitions of the BASS problemhave beenproposedin the literature. Onepossiblede�nition statesthat
BASSis theproblemof estimatingtheoriginal sourcesignals(sj (t))1� j � J giventhemixturechannels(x i (t))1� i � I .
Thisde�nition is relevantfor pointsourcesonly andit includesasasub-problemthedereverberationor deconvolution
problem,that is the estimationof the inverseof the mixing �lters to recover the original sourcesignalswith the
smallestpossibledistortion. In practice,preciseprior informationaboutthe sourcesor the mixing �lters is needed
to achieve perfectdereverberation.Thusmostsourceseparationalgorithmsareableto estimatethe original source
signalsatbestup to arbitrarygainor �ltering distortions[3, 5].

In thefollowing,weconsiderdereverberationasaseparateproblemandweassumeinsteadthattheBASSproblem
consistsin estimatingthesourceimagesignals(simg ij (t))1� i � I ;1� j � J from themixturechannels(x i (t))1� i � I . This
de�nition makestheproblemmoretractableby reducingtheamountof indeterminaciesabouttheestimatedsources:
in theoryonly apotentialorderingindeterminacy remainsfor somealgorithms[15].

Without appropriateconstraintson thesourceimagesignals,theBASSproblemhasan in�nite numberof solu-
tions. For example,any setof sourceimagesof the form simg ij (t) = � ij x i (t) with

P J
j =1 � ij = 1 is a potential

solution. Thusassumptionsmustbemadeaboutthesourcesor themixing�lter s to obtaina uniquesolution. As the
term“blind” indicates,separationalgorithmsaregenerallyexpectedto useasfew assumptionsaspossible.Algorithms
basedon genericmodelsof thesourcesandthemixing �lters canbeconsideredasblind, whatever thecomplexity of
thesemodelsis. For someapplications,blind separationis not mandatoryandtheusercanprovide prior information
suchasthenumberof sources,restrictedsourceclassesor approximatesourcelocationsto helpimprovetheseparation
performance.Algorithmsexploiting this informationaretermedsemi-blind.

1.6 Dif�culty assessmentand performanceevaluation

In orderto assesstheapproximatedif�culty of separatinga givenmixture, thesignalprocessingliteratureclassi�es
mixturesaccordingto threedistinctcriteria: therespectivenumberof mixturechannelsandsources,thelengthof the
mixing �lters andthevariationof themixing �lters over time [16]. Table2 de�nesthecorrespondingvocabulary that
will beusedthroughouttherestof thisarticleto describethevariousmixturetypes.Theterms“over-determined”,“de-
termined”and“over-determined”thatdescribewhethertheremore,asmany or lessmixturechannelsthansources,are
borrowedfrom linearalgebra.Fromthesede�nitions, it appearsthatmostlive audiorecordingsareover-determined
or under-determinedtime-varying reverberantmixtureswhile syntheticaudiomixturesareunder-determinedtime-
invariantor time-varyingconvolutivemixtures.Under-determined,reverberantor time-varyingmixturesaretypically
moredif�cult to separatethanover-determined,instantaneousor time-invariantmixturesrespectively. Thusthesepa-
rationof realisticaudiomixturesis adif�cult problem.

Sincetheseparatedsourcesaredestinedto belistenedto, thequalityof agivenseparationresultis inverselyrelated
to theperceptualdistortionbetweeneachestimatedsourceimageandthecorrespondingunknown true image. This
distortionmaybedescribedusinga global ratingtogetherwith sub-ratingscorrespondingto variouskindsof distor-
tionsincludinginterferencesfrom othersources,musicalnoiseartifacts,timbredistortionandspatialdistortionof the
targetsource.Musicalnoiseartifacts,which aresometimescalledburbling artifacts,pipenoiseartifactsor metallic
artifacts,aretypically causedby nonlinear�ltering of thedata.Thesearemoreannoying thanotherdistortions,par-
ticularly for musicalapplicationsdemandinga high quality. Currently, theperceptualdegradationdueto thevarious
kinds of distortionsmay be quanti�ed preciselyonly by meansof calibratedlisteningtests. Objective criteria such
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Table2: Vocabularyusedto classifymixturetypes.

Term(or equivalent) Meaning

Over-determined(or under-complete) Moremixturechannelsthansources
Determined As many mixturechannelsassources
Under-determined(or over-complete) Lessmixturechannelsthansources
Instantaneous Trivial mixing �lters (gains,nodelays)
Anechoic Trivial mixing �lters (gainanddelaypairs)
Convolutive (or echoic) Non trivial mixing �lters
Reverberant Mixing �lters exhibiting a realisticreverberationtime
Time-invariant Mixing �lters constantover time
Time-varying Mixing �lters slowly varyingover time

astheSource-to-DistortionRatio (SDR),theSource-to-InterferencesRatio (SIR) andtheSources-to-ArtifactsRatio
(SAR) [16] mayprovide roughestimateswithin anevaluationframework wherethetruesourceimagesareknown2.

1.7 The two sub-problems: identi�cation and �ltering

A majority of algorithmstreatBASS asa two-partproblem: �rst identi�cation of the numberof sourcesanda set
of separationparametersattachedto eachsource,then�ltering of themixturechannelsbasedon theseparametersto
obtainthesourceimagesignals.Theseparationparametersmustcontainenoughinformationto designrelevantsep-
arating�lters. Dependingon themixture,theseparametersmayincludespatialparameterssuchassourcedirections
and/orspectralparameterssuchassourcemagnitudespectra.

The�ltering problemis generallyaddressedusingestablished�ltering techniquessuchasbeamformingor time-
frequency masking.Theperformanceof thesetechniquesdependsonthetypeof mixture.Experimentsonbenchmark
datasetshaveshown thattime-frequencymaskingis morepowerfulthanbeamformingfor theseparationof realworld
audiomixturessuchasunder-determinedmixturesor determinedreverberantmixtures[17].

Much of thecurrentresearcheffort focuseson theidenti�cation problem.Most existing identi�cation algorithms
exploit simpli�ed modelsthatcandiscriminatethesourcesin simplesituationsonly. For instance,algorithmsrelying
on thespatialdirectionsof thesourcessuffer a performancedecreaseon mixturesinvolving reverberation,extended
sourcesor sourceswhichareclosetogether. Otheralgorithmsbasedon fundamentalfrequency andspectralenvelope
cuesgenerallyfail to separatesourcesfrom thesameclass.Theseissuesshow thatsolvingtheidenti�cation problem
with no restrictionson the mixturesimpliesthe exploitation of manysource propertiesjointly, including properties
speci�c to audiodata[18, 19].

2 Filtering techniques

Let ussupposefor simplicity that the identi�cation problemhasbeensolvedandthat thespatialor spectralcharac-
teristicsof the sourcesareknown. Classically, two assumptionscanbe usedto extract the sourcesignalsfrom the
mixturesignal:spatialdiversityandtime-frequency diversity. Thespatialdiversityassumptionstatesthatthesources
arelocatedin differentregionsof space,whereasthetime-frequency diversityassumptionstatesthat thesourcesare
active in differentpartsof thetime-frequency plane.This sectionreviews two �ltering techniquesderivedfrom these
assumptions,termedbeamformingandtime-frequency maskingrespectively.

2.1 Beamforming

Beamformingis theprocessof �ltering themixturechannelsby stationarylinearFiniteImpulseResponse(FIR) �lters,
calleddemixing�lters or beamforming�lters, andsummingthe�ltered channelstogether. Whenthephaseresponses
of the�lters arecarefullychosen,beamformingactsasa spatial�lter thatrejectssoundscomingfrom thedirections

2Thesecriteriaareimplementedin theBSSEVAL toolboxavailableathttp://www.irisa.fr/metiss/bss eval/ .
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of interferingsources,which maymove dependingon frequency. This processis mostoftenexpressedin the time-
frequency domain.Thedemixing�lters thencorrespondto amatrixof complex coef�cients (wj i (f ))1� i � I ;1� j � J for
eachsubbandf whoseestimationconstitutestheinferenceproblem.Let X i (n; f ) bethecomplex Short-TermFourier
Transform(STFT) of the mixture channelx i (t) and Simg ij (n; f ) the STFTsof the sourceimagesimg ij (t). The
images(simg ij (t))1� i � I of thej -th sourceon differentchannelsare�ltered versionsof eachother, thustheir STFTs
(Simg ij (n; f ))1� i � I areapproximatelyequalto a commonSTFTUj (n; f ) up to a complex multiplicative coef�cient
in eachsubbandf . ThiscommonSTFTis estimatedfor eachsourcej by

Ûj (n; f ) =
IX

i =1

wj i (f )X i (n; f ): (3)

ThentheSTFTsof thesourceimagesarederivedby computingthesemultiplicativecoef�cients with

Ŝimg ij (n; f ) = bij (f )Ûj (n; f ); (4)

where(bij (f ))1� i � I ;1� j � J is thepseudo-inversematrix of (wj i (f ))1� i � I ;1� j � J . Note that to obtainthis resultthe
demixingcoef�cients (wj i (f ))1� i � I for eachsourcej needto be speci�ed only up to an arbitrarycomplex multi-
plicative coef�cient in eachsubbandf [15]. Finally thesourceimagesignals(ŝimg ij (t))1� i � I ;1� j � J areestimated
by invertingtheirSTFTsusingthestandardoverlap-addmethod.

In theory, determinedor over-determinedmixturescanbeperfectlyseparatedusingbeamformingby constructing
the demixing �lter systemto be the pseudo-inverseof the mixing �lter system. In practicehowever, the optimal
demixing �lters areoften much longer than the mixing �lters, particularly in the caseof determinedmixtures,as
illustratedin �gure 3, andshortersuboptimal�lters areusedinstead.The main advantageof beamformingis that
it doesnot generatemusicalnoiseartifactssinceit performsa linear �ltering of the data[16]. The computation
of optimaldemixing�lters on benchmarkmixtureswherethe truesourcesareknown3 shows thatbeamformingcan
providenearperfectseparationfor determinedtime-invariantmixturesgeneratedby shortmixing �lters upto theorder
of athousandtaps[17]. Converselybeamformingfailsonunder-determinedmixturesandits performancedeteriorates
on determinedreverberantmixtures[17], becausethe maximalnumberof directionsit canreject is limited by the
numberof mixturechannels.In this context, theperformancedoesnot increasemuchby increasingthelengthof the
demixing�lters. Beamformingalsofails on determinedtime-varyingmixtureswhentime-invariantdemixing�lters
areusedsincethe rejectionpatternsaretoo narrow to encompasseven small sourcemovements[20]. Robustness
towardsreverberationandsourcemovementsimprovesonover-determinedmixtures[21], wheretheoptimaldemixing
�lters areshorterandcangeneratewideror morecomplex rejectionpatterns.

2.2 Time-frequencymasking

Time-frequency maskingis a particularkind of non-stationary�ltering conductedin the time-frequency domainon
eachmixture channelseparately. By carefully designingthe time-varying magnituderesponseof the �lters, it is
possibleto �lter out time-frequency regionsdominatedby interferingsources.More precisely, the complex STFT
X i (n; f ) of thei -th mixturechannelis computedandthecomplex STFTs(Simg ij (n; f ))1� j � J of thesourceimages
on thischannelarederivedby

Ŝimg ij (n; f ) = M ij (n; f )X i (n; f ); (5)

where(M ij (n; f ))1� j � J area setof time-frequency maskscontaininggainsbetween0 and1. The masksareusu-
ally de�ned from themagnitudesof theSTFTsof thesourceimages(jSimg ij (n; f )j)1� i � I ;1� j � J whoseestimation
constitutestheinferenceproblem.ThemostpopularmaskingrulesareadaptiveWiener�ltering

M ij (n; f ) =
jSimg ij (n; f )j2

P J
k=1 jSimg ik (n; f )j2

(6)

andbinarymasking

M ij (n; f ) =

(
1 if jSimg ij (n; f )j = maxk jSimg ik (n; f )j;

0 otherwise.
(7)

3Optimal demixing �lters for benchmark mixtures can be computed using the BSSORACLE toolbox available at
http://www.irisa.fr/metiss/bss oracle/ .
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Figure3: Exampleof shorttime-invariantmixing �lters recordedin anear-anechoicenvironmentandoptimaldemix-
ing �lters computedby inversionof themixing �lter systemandtruncatedto theinterval between-30msand+10ms.

In theend,eachsourceimagesignalŝimg ij (t) is estimatedby inverting thecorrespondingSTFTusingthestandard
overlap-addmethod.This �ltering methodhasalsobeenappliedto othertime-frequency-like representationssuchas
auditory-motivated�lterbanks [8].

Thecomputationof optimalmasksonbenchmarkmixturesshowsthattime-frequency maskinggenerallyperforms
better than beamformingon under-determinedor determinedreverberantmixtures[17]. Its drawback is that the
distortionpresenton the estimatedsourcesis dominatedby musicalnoiseartifactswhenthe sourcesoverlapin the
time-frequency plane[16]. Indeedthe�ltering operationis nonlinearanddoesnot guaranteethepreservationof the
temporalandspectralcontinuitypropertiesof thesources,whichareimportantperceptually. Theperformanceis often
betterfor speechmixturesthanfor musicmixtures,becausespeechexhibits lesssourceoverlapin thetime-frequency
plane. Also adaptive Wiener�ltering resultsin fewer artifactsthanbinarymasking.Examplesof masksderivedby
adaptive Wiener�ltering areplottedin �gure 4. Notethat,contraryto beamforming,time-frequency maskingmakes
no realuseof theavailablemultichannelinformation,becauseit processeseachmixturechannelseparately.

3 Multichannel identi�cation basedon sparsity

Now that�ltering techniqueshavebeende�ned,theremainingpartof theBASSproblemconcernstheidenti�cation of
relevantdemixing�lters or time-frequency masksfrom thedata.Thesimplestidenti�cation methodsfocuson multi-
channelmixturesandsegregatethesourcesbasedon spatialcues.Thecoreassumptionallowing theexploitationof
thesecuesis thatthesourcesaresparsein thetimedomainor in thetime-frequency domain.Heresparsitydenotesthe
propertyby whichmostof thecoef�cients of thesourcesignalsarecloseto zero.This is truefor somespeechsignals
in thetime domain,which containsilencesegmentsor largepower variations.More generally, this is truefor speech
andmusicsignalsin the time-frequency domain,sincetransientor periodicsignalshave their energy concentrated
respectively in afew timeframesor in afew subbandsatharmonicfrequencies[22,23,24]. In thecaseof convolutive
mixtureswith moderatereverberation,time-frequency sparsityallows theseparationof thesourcesup to anarbitrary
orderingin eachsubband.Strongerassumptionsareneededto sort themin thesameorderacrosssubbands,suchas
the correlationof the sourcemagnitudesacrosssubbandsor the knowledgeof the distancesbetweenmicrophones.
Two familiesof methodsarereviewedin thissection.

3.1 Independentcomponentanalysis

IndependentComponentAnalysis(ICA) andits extensionsaim to separatedeterminedor over-determinedmixtures
by beamforming,basedon themainassumptionthat thesourcesarestatisticallyindependent.Many ICA algorithms
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Figure4: Optimaltime-frequency masksfor a speechmixtureusingadaptive Wiener�ltering. Dark/lightpartsof the
maskscorrespondrespectively to selected/rejectedtime-frequency regions.

have beenproposedin the literature4 [25, 26]. We focus hereon presentingtheir underlyingsourcemodelsand
discussingtheirperformance.

BasicICA algorithmsfocuson determinedtime-invariantinstantaneousmixtures,that is mixtureswhereJ = I
andthemixturechannelscanbeexpressedusingscalarmixingcoef�cients (aij )1� i � I ;1� j � I asx i (t) =

P I
j =1 aij sj (t).

In this case,thedemixing�lters maybesimplescalarcoef�cients (wj i )1� i � I ;1� j � I forming a squaredemixingma-
trix. In theory, the independenceassumptionsuf�ces to separatethesourcesundercertainidenti�ability conditions
[3] andan optimal demixingmatrix canbe found by minimizing a mutual informationcriterion betweenthe esti-
matedsourcesignals.An alternative way of addressingtheproblemis to supposethatthedistribution of thesources
is known andto searchfor a demixingmatrix using the BayesianMaximum A Posteriori(MAP) criterion, which
consistsin maximizingtheprobabilityof thesourcesignalsgiventhemixture. Thesetwo criteriaareequivalent[25]
andtheir computationrelieson parametricmodelingof thesourcedistributions.A popularapproachis to modelthe
samplessj (t) of eachsourceasindependentdraws from a �x ednon-Gaussiandistribution P(sj (t)) . As seenfrom
�gure 5, thesparsitypropertyof time-domainaudiosignalsleadsto a sparsedistribution, that is a distribution with a
“centralpeak”and“heavy tails” whencomparedto theGaussiandistribution. An exampleof suchdistribution is the
generalizedexponentialdistribution

P(sj (t)) / exp(� � jsj (t)jR ) with 0 � R < 2; (8)

of which the Laplaciandistribution is a particularcasecorrespondingto R = 1. The distribution of the source
signalscanalsobeexpandedby meansof higher-orderstatistics[3], wheretime-domainsparsitymanifestsitself in
thenon-negativity of thenormalizedempiricalkurtosisde�ned by

� j =
1
T

P T
t=1 sj (t)4

�
1
T

P T
t=1 sj (t)2

� 2 � 3: (9)

4SeveralICA algorithmsfor instantaneousandconvolutivemixtures,includingthepopularJADE andFastICAalgorithmsfor instantaneous
mixtures,areavailableon theICA-dedicatedwebsiteathttp://www.tsi.enst.fr/icacentral/algos.html
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Anotherapproachis to accountfor thevariationsof thesignalpowerover timeby modelingthesamplessj (t) ashav-
ing aGaussiandistributionwith non-stationaryvariance[27]. Thisalsomodelsthefactthattheoverall distribution is
non-Gaussianbut releasestheconstraintthat thesignalpower mustbeglobally stationary. Thecriteriaderivedfrom
oneof thesemodelsarethenoptimizedto �nd thedemixingmatrixusingoneof arangeof optimizationmethodssuch
asgradientascent[4], naturalgradientascent[28], approximateNewton method[26], Givensrotations[3] or other
learningrules[2]. Generally, thereis noprior informationavailableto sorttheestimatedsourcesimagesin a relevant
orderandapermutationindeterminacy remains.Thesealgorithmsachieveaverygoodseparationperformanceonde-
terminedinstantaneousmixturesprovidedthemixing matrix (aij )1� i � I ;1� j � I is invertible,whichmeansin particular
thatthesourceshavedifferentspatialdirections.It hasbeenobservedthattheperformanceof ICA improveswhenthe
sourcesaresparser[25].
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Figure5: Distributionof aspeechsourcein thetimedomainandin thetime-frequency domain(bluecurves)compared
with a generalizedexponentialdistribution of respective parametersR = 0:60 andR = 0:46 (greencurves)andwith
aGaussiandistribution(dashedcurves).Thenormalizedempiricalkurtosisof thesignalequals2.7in thetimedomain
and14.7in thetime-frequency domain.

Severalextensionsof ICA algorithmshave beenproposedin orderto separatedeterminedconvolutive mixtures,
wherethemixing coef�cients arereplacedby mixing �lters (aij (� ))1� i � I ;1� j � I . Themoststraightforwardapproach
consistsin keepingtheassumptionthatthesourcesignalsareindependentandnon-Gaussianin thetime domainand
estimatingtime-domaindemixing�lters (wj i (� ))1� i � I ;1� j � I insteadof simpledemixingcoef�cients [5]. However,
the optimizationof long �lters becomescomputationallyexpensive andnot robust becauseof local extremain the
criteria [29]. A popularalternative approachis to addresstheBASSproblemin the frequency domaininstead[30].
This approachinvolvesthecomputationof thecomplex STFTsof themixturechannels.In eachsubband,themixing
�lters arethenapproximatedby complex multiplications,resultingin several instantaneoussourceseparationprob-
lemsof the form X i (n; f ) =

P I
j =1 aij (f )Sj (n; f ). Assumingthat thesubbandcoef�cients of differentsourcesare

independentandmodelingthemby non-Gaussiandistributions,complex demixingcoef�cients (w j i (f ))1� i � I ;1� j � I

canbeestimatedfor eachsubbandf usingany complex-valuedinstantaneousICA algorithm.Theseassumptionsare
veri�ed in practice,sinceaudiosignalsaregenerallysparserin the time-frequency domainthanin the time domain,
asshown in �gure 5 andin [23]. This frequency domainapproachresultsin a fasteroptimizationprocess,however it
introducesfrequency-dependentpermutations,sincetheestimatedsourceimagesmaybearbitrarily orderedin each
subband.More informationis neededto estimatethecorrectpermutationssothatthesourceorderbecomesthesame
in all subbands.Onepossibleapproachis to de�ne asourcemodelP(Sj (n; f )) thattakesinto accountthecorrelation
of thesourcemagnitudesacrosssubbands[23]. Anotherapproachconsistsin estimatingthedirectionsof thesources
beforehandandconstrainingthetotal responseof thedemixing�lters to bezeroin thedirectionsof interferingsources
[29]. Thelatterassumesthatonly point sourcesarepresent,thatreverberationis moderateandthatthedistancesbe-
tweenmicrophonesareknown in casetherearemorethantwo microphones.Both approachesarecombinedwith
smallmodi�cations in [31]. Overall convolutive ICA algorithmshave beenprovedto achieve goodseparationresults
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usingdemixing�lters of a few thousandtapson synthetictime-invariantconvolutive mixturesgeneratedwith mixing
�lters on theorderof a thousandtapsor live recordingsof non-moving sourceswith moderatereverberation.How-
ever their performancedecreasesfaston realisticmixturesinvolving morereverberationor smallsourcemovements,
becauseof thelimitationsof beamforming[17, 20].

Convolutive ICA algorithmshavealsobeenextendedto over-determinedconvolutivemixturesby applyingasub-
spacemethodin eachsubbandto reducethenumberof channelsI to thenumberof sourcesJ prior to theapplication
of ICA [29]. The resultingperformanceon over-determinedreverberantmixturesis better than with determined
mixturesandincreasesasa functionof thenumberof mixturechannelsdividedby thenumberof sources.

3.2 DUET-lik emethods

In the caseof under-determinedmixtures,the independenceassumptionusedby ICA becomesinsuf�cient. More
informationis neededto estimatethesourcesandsparsityis oftenexploitedto this end. For instance,instantaneous
speechmixturescanbeseparatedto someextentby modelingthesourcesignalswith independentsparsedistributions
andjointly optimizing the sourcesignalsandthe mixing gainswith a MAP criterion [32]. This algorithmachieves
betterseparationwhenappliedto STFTcoef�cients [22]. However it is noteasilyextendedto convolutivemixtures.

TheDegenerateUnmixingEstimationTechnique(DUET) [33] usesadifferentapproachbasedontheassumption
thatonly onesourceis presentin any giventime-frequency point. Thisso-calledW-disjointorthogonalityassumption
is expressedmathematicallyusingtheSTFTsof thesourcesignalsas

Sj (n; f )Sj 0(n; f ) = 0 8j 6= j 0; 8n; f : (10)

Under this assumption,it is possibleto determinewhich sourceis presentin eachpoint from the spatiallocation
informationcontainedin theSTFTcoef�cients of themixturechannels.In thecaseof stereomixtures,thisinformation
is givenby theInter-channelIntensityDifference

I ID(n; f ) = 20log10
X 2(n; f )
X 1(n; f )

(11)

andtheInter-channelPhaseDifference

IPD(n; f ) = \
�

X 2(n; f )
X 1(n; f )

�
mod 2� ; (12)

where\ (:) denotestheprincipalphasein ] � � ; � ] of a complex number. For an instantaneousor ananechoicmix-
ture, I ID(n; f ) equalsthe relative mixing gain 20log10(ja2j j=ja1j j) of the active sourcej in this time-frequency
point. For an anechoicmixture, IPD( n; f )=2� f equalsmodulo1=f the mixing delaydj correspondingto the ac-
tive sourcej . Note that a phaseambiguity problemappearsin the upper frequency range: above the threshold
frequency f max = 1=2dmax , wheredmax is the maximumallowed absolutedelay, several valuesof dj may be
compatiblewith the observed valueof IPD(n; f ). The original DUET methodis designedfor syntheticanechoic
mixtureswherethe the mixing �lters combinepositive gains and fractionaldelaysbetween-1 and +1 sample,in
which casethephaseambiguityproblemdoesnot ariseup to theNyquistfrequency. Thetwo-dimensionalhistogram
of (I ID(n; f ); IPD( n; f )=2� f ) is computedand its peaks,which correspondto the valuesof the relative mixing
gainsanddelaysof the sources,are located. Then,all the time-frequency pointsbelongingto eachpeakarecon-
vertedinto a binarymaskthat is usedto separatethecorrespondingsource5. This algorithmis presentedin a more
developedstatisticalframework in [24]. A similar algorithmcanbederivedfor purely instantaneousmixturesusing
the one-dimensionalhistogramof I ID(n; f ) [34]. An exampleof applicationwith an instantaneousmusicmixture
is provided in �gure 6. Thesealgorithmsresult in a goodperformanceon stereoinstantaneousor anechoictime-
invariantmixturesprovidedthesourceshavedifferentspatialdirections,thatis differentmixing gainsor delays.Also
the processingcanbe donein real-time. However in practicethe W-disjoint orthogonalityassumptionrarely holds
completelyandmusicalnoiseartifactsappear. The perceptualquality of the separatedsourcescanbe improved by
suppressingthetime-frequency pointswhereseveralsourcesarepresentprior to applyingDUET. In [34] thesepoints

5The way to selectthe peaksof the histogramis not speci�ed. An approachbasedon manualpeakdetectioncanbe easilyimplemented
usingtheSTFTandinverseSTFTroutinesavailableathttp://www.ee.columbia.edu/˜dpwe/resources/matlab/pvoc/
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arelocatedbasedon thevalueof theinter-channelcoherence,which is theabsolutevalueof thecorrelationbetween
thecoef�cients of X 1(n; f ) andX 2(n; f ) computedon a smallnumberof successive frames.This quantityis equal
to onewhenasinglesourceis presentandit is generallysmallerwhenseveralsourcesoverlap.
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Figure 6: Separationof a three-sourceinstantaneousstereomixture using IID cuesand binary masking(sources
correspondto IID valuesof -4, 0 and4 dB respectively).

Themainlimitation of DUET is thatit cannotdealwith realisticconvolutive mixtureswheretheabsolutemixing
delay is larger than one sample. In [35], a solution to this problemis provided in the caseof stereoconvolutive
mixturesrecordedwith a particularmicrophonepair termedbinauralpair, whereIID andIPD valuesaredependent
on eachotherandcanbe roughly expressedasa function of sourcedirection. The observed directionis estimated
in eachtime-frequency point basedon the IPD value,whereIID is exploited in the upperfrequency rangeto solve
thephaseambiguityproblem.Thenthehistogramof directionsis computedandthesourcesareseparatedby binary
maskingaspreviously. Thisalgorithmis thoughtto mimic theprocessingof spatialcuesby theauditorysystem[35].
A similar algorithmbasedon learningthe exact averagemappingfrom IID andIPD to sourcedirectionis devised
in [36]. The sameideacouldbe exploited for othertypesof microphonepairs. TheseDUET-like methodsprovide
a goodperformanceon live recordingsof non-moving point sourceswith moderatereverberation. However their
performancegenerallydecreasesin reverberantenvironmentsbecausereverberationeffectively addsin interfering
sourcesat randomlocations. In this situation,interferencesarebetterremoved thanwith ICA, even for determined
mixtures[19].

4 Single-channelidenti�cation basedon advancedmodels

As analternative to multichannelBASSmethodsbasedon spatialcues,otherauthorshave studiedtheseparationof
single-channelmixtures. In this framework, spatialcuescannotbe exploited. Moreover sourcemodelsrelying on
time-frequency sparsityonly becomeinsuf�cient. For example,theW-disjoint orthogonalityassumptionamountsto
assumingthat a singlesourceis active in eachtime-frequency point, but it doesnot provide enoughinformationto
decidewhich one. More advancedsignalmodelsrepresentingthe dependenciesbetweenthe valuesof the sources
in varioustime-frequency pointsareneeded.A �rst solution is to model the short term waveform of eachsource.
However, this turns out to be dif�cult, sincewaveformsare not translation-invariant and vary from recordingto
recordingdependingon thephaseresponseof themixing �lters. A popularsolutionis thereforeto modeltheshort-
termmagnitudespectrumof eachsource,whichhasbetterinvarianceproperties.Notethatthemodelingof thespectral
envelopealone,which is oftenusedfor single-sourcespeechrecognition[10], doesnotprovidesuf�cient information
for single-channelsourceseparation.Indeedit is necessaryto model the harmonicityof the sinusoidalpartialsof
periodicsourcesto separateamixtureof severalperiodicsourceswith differentfundamentalfrequenciesbut with the
samespectralenvelope. In additionto thepropertyof correlationof thesourcemagnitudesacrosssubbands,which
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is usedby someconvolutive ICA algorithms,advancedmodelscanrepresenttheunderlyingdiscretestructuresof the
sourcessuchasnotesandphonemes,alongwith their fundamentalfrequency, spectralenvelopeor temporalcontinuity
characteristics.This sectionreviews threepopularmodelssortedin orderof increasingcomplexity. For simplicity,
we drop indicesi in the following andwe denoteby x(t) thesignalcorrespondingto theonly mixturechanneland
by (simg j (t))1� j � J thesourceimagesignalson this channel,sothatx(t) =

P J
j =1 simg j (t). Similarly, wedenoteby

X (n; f ) and(Simg j (n; f ))1� j � J theSTFTsof themixtureandthesourceimages.

4.1 Factorial hidden Mark ov models

Thesimplestsignalmodelusedfor single-channelBASSis thefactorialhiddenMarkov model(factorialHMM). Let
us supposethat the short-termlog-power spectrumof the j -th sourceimageis modelledby a HMM with Gaussian
observationdensitieswith shareddiagonalcovariance.In otherwords,

log jSimg j (n; f )j2 = 	 h j (n) (f ) + � j (n; f ); (13)

wherehj (n) is a hiddenstatebelongingto a �nite spaceH j calledthe statespace,	 h j (n) (f ) is a modelspectrum
dependingon hj (n) and� j (n; f ) follows a centeredGaussiandistribution whosevariancedependson f . Eachstate
generallymodelsaparticularphonemeatagivenfundamentalfrequency or aparticularchord.Thesequenceof hidden
states(hj (n))1� n� N followsa�rst orderMarkov prior de�nedby thedistributionsP(h j (1)) andP(hj (n+ 1)jhj (n)) ,
which modeltheaveragedurationof eachstateandtheprobabilityof moving from onestateto another. A mixture
of severalsourcesmayberepresentedby combiningtheHMMs representingeachsourceinto a singleHMM whose
hiddenstatesareJ -uplesof the form h(n) = (h1(n); : : : ; hJ (n)) . The mixture statespaceis then the Cartesian
productH 1 � � � � � H J of the sourcestatespaces.When the sourcesare assumedto be independent,the prior
probabilityof themixturestateseriesfactorizesastheproductof theprior probabilitiesof thesourcestateseries

P((h(n))1� n� N ) =
JY

j =1

P(hj (1))
NY

n=2

P(hj (n + 1)jhj (n)) ; (14)

hencethe namefactorialHMM. The graphicalrepresentationof this model is shown in �gure 7. Moreover, under
this independenceassumption,thepower spectrumof themixtureis equalon averageto thesumof thesourcepower
spectraand the probability distribution of the short-termlog-power spectrumcorrespondingto eachmixture state
canbe approximatedasa Gaussiandensitywhosemeanandcovariancearenon-trivial functionsof the meansand
covariancesof theunderlyingsourcestates[37]. In theparticularcasewhereall thesourceobservationdensitiesshare
thesamediagonalcovariance,asimplerapproximationis givenby thelog-maxequation[38]

log jX (n; f )j2 ' max
j =1 ;:::;J

	 h j (n) (f ) + � (n; f ); (15)

where� (n; f ) followsacenteredGaussiandistributionof thesamecovariance.

h1(n � 1) h1(n) h1(n + 1) State seriesfor source1

jX (n � 1; f )j2 jX (n; f )j2 jX (n + 1; f )j2 Observed mixture power spectrum

h2(n � 1) h2(n) h2(n + 1) State seriesfor source2

Figure7: Graphicalrepresentationof a two-sourcefactorialHMM. Arrows representconditionaldependenciesbe-
tweenthevariables.

Theuseof factorialHMMs for single-channelspeechseparationfollows threestepsintroducedin [38]. Firstly,
anindividual HMM is trainedfor eachspeechsourcebeforehandon solo(single-source)trainingexamplesusingthe
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EM algorithm. Secondly, the MAP mixture statepath (h(n)) 1� n� N is inferredusing the Viterbi algorithmalong
with beamsearchheuristicsto avoid computingthe posteriorprobability of improbablepaths.Theseheuristicsare
necessaryasthesizeof themixturestatespacegrowsexponentiallywith thenumberof sourcesandanexactestimation
is usuallyintractable.Thirdly, the log-power spectrumof eachsourceimageis derived from the sourcestatepaths
by log jŜimg j (n; f )j2 = 	 ĥ j (n) (f ) andthecorrespondingsourcesignalsarecomputedusingbinary time-frequency

masking6. Thisalgorithmachievesagoodseparationperformanceonamixtureof maleandfemalespeech.
The applicationof factorialHMMs to the separationof musicmixturesraisessomedif�cult issuesthat arenot

encounteredwith speechmixtures.Most often,theoptimalstatespaceunderlyingmusicsourcesis muchlargerthan
for speechsourcesbecauseof theirwider fundamentalfrequency anddynamicrangeaswell astheirability to produce
chords,includingchordscreatedby thereverberationof thepreviousnotesin thecaseof a monophonicinstrument.
Consequently, HMMs usinga smallnumberof statesprovide a badseparationperformancebecausethey modelthe
sourcestoo coarsely. However HMMs usingmany statesprovide a badperformancetoo. Indeeda largernumberof
heuristicsareneededto maintainthetractabilityof the inferencestepandoverlearningissuesappear:theamountof
dataavailableto train theparametersof eachstatebecomesso small that themodelsdo not generalizewell to data
outsidethe trainingset. In [39], a solutionto this problemis provided in thecaseof mixturesof singingvoiceand
accompanimentmusicby segmentingthemixturemanually. TheHMM representingaccompanimentmusicis trained
onthesegmentsof themixturecontainingaccompanimentmusiconly, while theHMM representingthesingingvoice
is �rst trainedon a generalcorpusof singingvoice andthenadaptedto the mixture usingthe segmentscontaining
bothsingingvoiceandaccompanimentmusic. Theresultingseparationresultsarevery goodgiven thedif�culty of
theproblem,particularlyfor mixtureswith repetitiveaccompanimentmusic[39].

4.2 Spectraldecomposition

Anotherway to representaudiosourcesis to decomposethe power spectrumof eachsourceasa weightedsumof
normalizedspectraplus a residualerror. For example,the observed spectrumof a note may be representedas a
weightedsuperpositionof typical spectrawith differentspectralenvelopes,but with thesamefundamentalfrequency
if periodic,andnotespectramay further sumup to yield chordspectra.Again the power spectrumof the single-
channelmixtureis assumedto beequalto thesumof thesourcepowerspectra.Thisgives

jX (n; f )j2 =
JX

j =1

K jX

k=1

ej k (n)� j k (f ) + � (n; f ); (16)

where(� j k (f ))1� k� K j and(ej k (n))1� k� K j arerespectively thebasisspectraandthetime-varyingweightsfor each
sourceand� (n; f ) is theresidual.Generally, weightseriesfrom thesamesourcedo show somestatisticaldependen-
cies. For example,notescomposinga chordareactivatedat thesametime. But weightsfrom differentsourcesare
assumedto be independent.This representationis particularlyef�cient for musicsources,becauseit allows a huge
reductionof themodelsize:only afew basisspectrapernoteareneededto representaccuratelyagivensourceinstead
of severalmodelspectraperchordin thecaseof HMM.

Spectraldecompositionhasbeenappliedto theseparationof musicmixturesusinga threestepdata-drivenproce-
dure.The�rst stepis to derivetheMAP basisspectrafrom themixtureusingoneof arangeof statisticalassumptions.
An early algorithm[40] representseachseriesof weightsby a sparsedistribution and the residualby a Gaussian
distribution. Theproblembecomesequivalentto over-determinedinstantaneousICA andis solvedby computingand
subtractingtheresidualwith a subspacetechniqueandapplyinga standarddeterminedinstantaneousICA algorithm
(seeIndependentcomponentanalysissectionabove). Themeaningfulnessof theresultscanbe improvedby adding
the constraintthat the the spectraandthe weightsarenon-negative, which resultsin a non-negative ICA algorithm
[41]. Recently, someauthorshavepointedout thatthisnon-negativity constraintalonesuf�ces to solvetheproblemin
somesituationsusingaPoissonmodelfor theresidualandaNonnegativeMatrix Factorization(NMF) algorithm[42].
Also it hasbeenarguedthat the residualis bettermodelledasa multiplicative noisewhich givesmoreimportance
to low-power time-frequency zones[43]. Oncethemodelparametershave beenestimatedusingoneof themethods

6Thesestepscanbe implementedusingtheHMM toolboxat http://www.cs.ubc.ca/˜murphyk/Software/HMM/hmm.html
alongwith theabovementionedSTFTandinverseSTFTroutines.
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above, the secondstepis to clusterthe basisspectrainto disjoint setscorrespondingto the differentsources.Few
algorithmsareableto solve this problem: the IndependentSubspaceAnalysis(ISA) algorithmgroupstogetherthe
weightseriesthatexhibit thehighestdependencies[40], while anotheralgorithmemploysinstrument-speci�cfeatures
in thecontext of druminstruments[44]. Most otheralgorithmsrely on manualclustering.Finally thethird stepis to
derive thepower spectrumof eachsourceimageby jŜimg j (n; f )j2 =

P K j
k=1 êj k (n)�̂ j k (f ) andto extract thesource

signalsby time-frequency masking7.
Thesealgorithmshave shown to provide goodresultsmainly for theseparationof drumloopsandtheseparation

of drum instrumentsfrom mixturescontainingother instruments[41, 44]. An exampleseparationof a drum loop
is illustratedin �gure 8. Preliminaryexperimentson mixturesof non percussive instrumentshave led to a good
separationperformanceusingamanualclustering[45]. However it hasbeenobservedthatsmallresidualinterferences
generallyremainbecausesomeof thebasisspectrarepresentnotesfrom differentsources.Moreover, theclusteringof
thebasisspectrainto sourcesis moredif�cult thanwith druminstruments.It is likely thatpuredata-driventechniques
are insuf�cient for clusteringin this caseand that advancedknowledgeaboutmusicalinstrumentsis needed.An
alternativeapproachto avoid theclusteringstepis to learnthebasisspectrabeforehandonsolotrainingexcerpts[46].
This approachachieveda goodperformancefor theseparationof drumsfrom otherinstruments,but resultswerenot
reportedfor other typesof mixtures. Another issueis that the decompositionmodeldoesnot ef�ciently represent
notesexhibiting variationsof the fundamentalfrequency. Finally, the temporalstructureof the datais usuallynot
taken into accountfor thederivationof the weight seriesor limited to a continuityprior on eachweight series[41]
thatdoesnotmodeldependenciesbetweendifferentseriescorrespondingto thesamesource.
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Figure8: Spectraldecompositionof a syntheticdrumloop usingNMF. Bassdrumis modeledby theblueandgreen
componentsandhi-hatby theredcomponent.

7Algorithms basedon manualclusteringof the basisspectracan be implementedusing the above mentionedSTFT and inverseSTFT
routinesandthesimpleupdaterulesfor NMF providedin [42] or [43].
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4.3 Computational auditory sceneanalysis

Historically, the initial motivationbehindspectraldecompositionwasnot to improve themodelingof musicsources
but to provide a statisticalmodelof hearingorganization[40]. Thesparsityhypothesison the time-varyingweights
representsthebelief thattheshort-timespectrumis reducibleto asmallnumberof objectsateachinstant,eachbeing
modeledby a stationaryspectrum.Audition is known to segregatesourcesinsidea complex scenebasedon a similar
redundancy reductionprocess[6]. However, auditoryobjectsgenerallyhave time-varying spectra,andothercues
aretaken into accountto grouptime-frequency zonesinto objectsandstreamtheseobjectsinto sources.Listening
experimentshave led to � ve grouping/streamingrulescalledproximity, similarity, continuity, closureandcommon
fate[6], whichcorroboratetheprinciplesof theGestaltpsychologytheory. Theserulesstatefor examplethatasetof
sinusoidalpartialsconstitutesa periodicobjectonly if thepartialsareharmonic,startandendsimultaneously, form a
smoothspectralenvelopeandexhibit similar amplitudeandfrequency variations.They aresometimescompletedby
music-speci�crulesde�ning typical rhythmsor fundamentalfrequency relationshipswithin chords.Computational
Auditory SceneAnalysis(CASA) aimsto analyzespeechandmusicmixturesby implementingseveralof theserules
together.

Early CASA algorithmsfocuson theextractionof objectsfrom single-channelmixturesandcontainfour succes-
sive processingstages[7, 8]. Firstly, themixturesignalis transformedinto a front-endrepresentationwhich is easier
to process.Mostoften,this is doneby splittingthesignalinto severalsubbandsusinganauditory-motivated�lterbank
andcomputingtheautocorrelationfunctionof theabsolutevalueof eachsubbandsignalonshorttimeframes,leading
to athree-dimensionalrepresentationknown ascorrelogram.For simplicity, this representationis sometimesreplaced
by a two-dimensionalshort-termmagnitudespectrum[47]. Secondly, a collectionof sinusoidalpartialsis extracted
from the front-endrepresentation,for exampleby locatingandtrackingover time the peaksof the autocorrelation
function or the magnitudespectrum. Thirdly, thesepartialsare organizediteratively into objectsby applying the
groupingrulesin a �x edorderto thelongestremainingpartial. Finally, theobjectsareextractedby binarymasking.
This data-drivenapproachlackssomerobustness[47, 9]. Indeed,whena givensubbandcontainssinusoidalpartials
from differentsources,thepartialscorrespondingto low powersourcesmaybeeithernotdetectedatall or transcribed
with erroneousonsettimesthat inducegroupingerrorsdueto therigid evidenceintegrationprocess.Thealgorithm
in [9] solvesthis problemby exploiting advancedobjectmodelsto correcttheobscuredparametersin a prediction-
drivenfashion.Moreprecisely, threetypesof objectscalled“wefts”, “transients”and“noiseclouds”arede�ned. For
example,weftsareperiodicobjectsmadeof perfectlyharmonicsinusoidalpartialswith equalonsetandoffset times
andconstantspectralenvelope. Inferenceis carriedout by scanningthe time framesin ascendingorderandtesting
several competinghypotheses(i.e. setsof objects)within a blackboardarchitecture,asshown in �gure 9. The set
of hypothesesgrows iteratively by prolongating,resumingor creatingobjectsbasedon harmonicityandonset/offset
cues.Eachhypothesisis associatedwith a scoremeasuringhow well theunderlyingobjectmodels�t theobserved
front-endrepresentation,andthe bestscoredhypothesisis selectedin the end. Note that this prediction-driven ap-
proachis closeto theBayesianparadigmwhereobjectsarede�ned by probabilisticpriorsandtheir �t to theobserved
datais measuredby meansof a likelihoodfunction. In practice,it is possibleto implementsimilarobjectmodelsasa
Bayesiannetwork andto solve theproblemby MAP inference[47].

While early CASA algorithmsdid not considerthe streamingof objectsinto sources,more recentalgorithms
haveaddressedtheBASSproblemby addingstreamingrulesin thehypothesisscoringprocess.Onealgorithmsuited
to mixturescontainingone speechsourceand other non-speechsourcessearchesfor the sequenceof objectsthat
resultsin theMAP word sequencegivena HMM speechmodeltrainedon cleanspeechdata[48]. This yieldsa good
separationof the speechsourcewhenmixed with industrialnoise. A similar approachcanbe devisedfor mixtures
containingseveralconcurrentspeechsourcesby replacingthesingle-sourceHMM with amulti-sourcefactorialHMM.
However theproblembecomesmuchmoredif�cult in this caseandspeaker-speci�c modelsmaybeneeded.Other
algorithmsproposedfor musicmixturesexploit musicalknowledgeand timbre featureslearnton solo excerptsto
clusterperiodicobjectsinto instruments[47, 49]. Thesealgorithmspotentiallyimprove the instrumentsegregation
performancecomparedto HMM andspectraldecompositionmethodssincethey useadvancedtimbrefeaturessuchas
onsetdurationandfrequency modulationin additionto thespectralenvelopefeature.Moreover, they provideabetter
modelfor noteswith time-varyingfundamentalfrequency.
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Figure9: Schemaof aprediction-drivenCASA system(from [9], with permission).

5 Hybrid identi�cation methods

Themainlimitation of thesingle-channelsourceseparationmethodsdescribedaboveis thatthesourcesmusthaveno-
ticeablydifferentspectralcharacteristics.Whendealingwith a mixtureof malespeakersor a violin duofor instance,
thesourcescanbewell separatedon shortsegmentsbut permutationsbetweensourcesarelikely to occurin thelong
term. Streamingcanbeimprovedusingpreciselanguagemodels,at theexpenseof anincreasedcomputationalload.
Neverthelesssingle-channelmixtureswherethesourcesexhibit similar spectralcharacteristicsandpartialsynchrony
remainvery dif�cult to separate,evenby thehumanauditorysystem[6]. Sincespatialpropertiesarebelievedto play
animportantrole in auditorysceneanalysisfor long-termstreaming[6], someauthorshaveproposedto adaptthead-
vancedmodelsabove to multichannelsignalsby representingspatialcuestogetherwith spectro-temporalones.These
hybrid modelsalsopotentiallyaddressthelimitationsof conventionalmultichannelBASSmethodson reverberantor
under-determinedmixtures.

In [50], analgorithmbasedon factorialHMMs is proposedto extracta targetspeechsourcefrom a multichannel
over-determinedmixture by updatingdemixing �lters iteratively, startingwith simple identity �lters. The idea is
to estimatethe hiddenstatesof all the sourcesfrom the outputof the demixing �lters (which is indeeda mixture
containingthe target sourceplus residualinterferingsources),derive the spectrumof the target sourceandupdate
the �lters accordingly. The distribution of the output spectrumis modeledby a �e xible parametriccombination
rule whoseparametersareestimatedfrom thedata. This algorithmis reportedto outperformICA on time-invariant
mixturesof two speakers with mediumreverberationwhen prior knowledgeof the sentencepronouncedby each
speaker is exploited [50]. However it doesnot exploit the multichannelinformation in an optimal way, sincethe
HMMs areappliedto single-channelsignalsonly, andits performancein ablind context is notprovided.

CASA algorithmscanbeextendedto stereomixturesby addingaspatialproximity rule in thehypothesisscoring
process. The algorithm proposedin [18] selectsthe harmonicpartials forming a periodic object and the objects
formingastreambasedon thedistancebetweentheir spatialdirectionscomputedfrom IPD andIID cues(seeDUET-
like methodssection).Whenappliedto time-invariantanechoicspeechmixtures,this algorithmhasbeenreportedto
achieve a betterseparationperformancethanits single-channelcounterpart,which exploits continuityandfrequency
proximity only [18]. For anechoicmusicmixtures,a similar algorithmhasbeenproved to increasethe separation
performanceby usingspatialproximity andspectralenvelopeproximity rules jointly insteadof usingonly oneof
theserules[51].

Anotherapproachintroducedin [19] successfullycombinesspectraldecomposition,factorialHMMs and IPD
modelsinto a singleprobabilisticgenerative modelfor musicmixtures,whosestructureis shown in �gure 10. The
short-termpowerspectrumof eachsourceis representedbyaspectraldecompositionmodelwherethebasisspectraare
learntfor eachinstrumentonadatabaseof isolatednotesandcorrespondto differentdiscretefundamentalfrequencies
on thesemitonescale.At eachinstant,a seriesof binaryactivity statesis usedto modelwhich basisspectrahave a
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non-zeroweightandthesequenceof thesestatesovertimeis modeledby asemi-Markov prior. Thepowerspectrumof
themixtureis assumedto beequalto thesumof thesourcepowerspectramultipliedby themagnituderesponseof the
mixing �lters, andtheobservedIPD is expressedasa functionof thesourcepower spectraandthesourcedirections.
MAP valuesof theactivity statesandthe time-varyingweightsareestimatedthroughbeamsearch,relying on prior
knowledgeaboutthe instrumentclassesand the approximatedirectionsof the sources,and the sourceimagesare
computedby adaptiveWiener�ltering. Thisalgorithmhasbeenshown to provideasatisfyingseparationperformance
on time-invariant reverberantmixtureswhereICA andDUET-like methodsfail, including mixturesof instruments
with closetimbrecharacteristics[19].

jX i (n; f )j2 I PD(n; f ) jX i (n + 1; f )j2 I PD(n + 1; f ) Mixture power spectrum
and interchannel phasedi�erence

jS1(n; f )j2 jS2(n; f )j2 jS1(n + 1; f )j2 jS2(n + 1; f )j2 Sourcepower spectra

e1(n; p) e2(n; p) e1(n + 1; p) e2(n + 1; p) Note powers

h1(n; p) h2(n; p) h1(n + 1; p) h2(n + 1; p) Note states

Figure10: Graphicalrepresentationof thehybrid modelproposedin [19] for a two-sourcemixture.Arrowsrepresent
conditionaldependenciesbetweenthevariables.

6 Discussionand promisingapproaches

The limitations of the algorithmspresentedin this review show that the generalBASS problemis a dif�cult task
that remainslargely unsolved. Several issuesaccountfor its dif�culty: theremay be a large numberof sources,
reverberation,time-frequency overlapof thesources,sourcemovements,sourceswith similar spectralpropertiesor
sourceswith closedirections.Table3 showshow someof theseissuesaffectexistingseparationmethods.

Table3: Summaryof the limitationsof existing methodson realisticaudiomixtures.Greencheckmarksindicateno
limitations,while redcrossmarksandbluecirclesindicatemajorandminor limitationsrespectively.

Fewerchannels Long Sourceswith Limited prior
thansources reverberation similar spectralproperties information

ICA
DUET-likemethods
FactorialHMM
Spectraldecomposition
CASA
Hybrid methods

It is not possibleto recommenda singlealgorithmasthebestfor all situations.A goodway to assesstheperfor-
manceof analgorithmis to testit againstdifferentrealisticmixturescreatedwith varioussourcesandmixing �lters 8.
DUET-like methodsoften performwell andallow real-timeprocessingfor audiomixturescloseto real world such
astime-invariantdeterminedreverberantmixturesor time-invariantunder-determinedconvolutive mixtures. Hybrid

8Testmaterial,includingmultitrackmusicrecordings,mixing �lters andlinks to otheravailablematerialis distributedaspartof theBlind
Audio SourceSeparationevaluationdataBaseathttp://www.irisa.fr/metiss/BASS-dB/
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methodsexploiting spatialandspectro-temporalcuesjointly mayperformbetter, but they aremuchslower andthey
may needmore prior information. In the end, the separationquality provided by both typesof methodsremains
insuf�cient for demandingapplicationssuchashearingaidsor karaoke.

Recently, two promisingapproacheshave beenproposedto overcometheseperformancelimitations. The �rst
approachis to investigatenew �ltering methods.The studyof optimal demixing�lters andtime-frequency masks
conductedin [17] hasprovedthattime-frequency maskingis a betterchoicethanbeamformingfor under-determined
mixturesor determinedreverberantmixtures.However its performanceremainslimited by sourceoverlapin thetime-
frequency plane,partly becauseeachmixturechannelis processedseparately. Betterperformancecouldbeachieved
by partitioningthe time-frequency planeaccordingto theprominentsourcesandapplyingdifferentdemixing�lters
in eachzone,thusmakingfull useof theavailablemultichannelinformation. An advancedsourcemodelis needed
to performthis partition. Thehybrid �ltering techniquefor musicmixturesproposedin [52] addressesthis problem
usingathree-stepprocedure.First themixtureis separatedby theDUET method.Thenthetime-varyingfundamental
frequency of eachsourceis computedandtime-frequency zonescontainingpartialsfrom severalsourcesaredetected.
Finally eachof thesezonesis separatedby adaptingcomplex frequency demixingcoef�cients so that theamplitude
envelopesof theseparatedpartialsaremaximallycorrelatedwith theamplitudeenvelopesof theneighboringpartials
thatwerewell separatedin the�rst step.Thistechniquewasshown to improvetheseparationperformanceoverDUET
alone.

The secondapproachis to build advancedmodelsof the sourcewaveforms,so that the sourcescanbe directly
synthesizedfrom theidenti�ed parameters.A popularmodelis theharmonicsinusoidalmodelwhich representseach
sourceby a sumof sinusoidalpartialswith harmonicfrequenciesanddifferentamplitudesandphases.Overlapping
partialsfrom differentsourcescanbe separatedusingsomeconstraintson the amplitudes.Constraintsproposedin
the literatureincludesmoothnessof the temporalandspectralenvelopes[53] and �x ed temporalenvelopeslearnt
on isolatednotes[54]. The latter leadsto goodseparationresultson a mixture of pianoandvoice, exploiting the
scoreof the piano part. Sinusoidalmodelshave also beenemployed by someCASA methods[9, 18]. Because
sinusoidalmodelingcannotrepresentall kindsof sounds,othermethodshave addedcomplementarymodelsto cope
with transientor stationarywidebandnoise.Severalstrategiesto separatenoisysoundsproducedby differentsources
have beencomparedin [55], including an autoregressive model for separatingtransientfrom stationarycontent,a
bandwisenoisepower interpolationmethodfor separatingoverlappingtransientnoisesanda methodthat usesthe
correlationbetweentheamplitudesof theharmonicpartialsandtheshapeof thespectralenvelopeof thenoise.Other
improvementscouldincludeamodelfor slightly inharmonicpartialsthatarefoundin many musicalinstrumentssuch
aspiano.Anotherpromisingwaveformmodelrepresentsshorttermframesof thesourcesasweightedsumsof basis
waveforms,in thespirit of spectraldecomposition.No constraintsareset,sothatall kindsof soundscanbemodeled.
The bestwaveform basisis learntdirectly from the mixture in order to maximizethe sparsityof the time-varying
weightsundera translationalinvarianceconstraint[56]. Preliminarysourceseparationresultsarenot so good,but
potentialfor improvementexists. In particular, thismethodcouldprovideanicemodelof transientnon-noisysounds.

Other challengingproblemsremainopen. For example,propermodelingof the mixing �lters accountingfor
sourcemovementscould provide major performanceimprovementson dif�cult real world mixturessuchasmusic
CDsor speechmixturesrecordedin roomswith standardreverberation.
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