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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 ¢ 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.
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Most audio signalsare mixturesof several audio sourceswhich are active simultaneously For example, live
debatesare mixturesof several spealers, music CDs are mixturesof musicalinstrumentsand singers,and movie
soundtracksrremixturesof speechmusicandnaturalsounds Blind Audio SourceSeparatiofBASS)is theproblem
of recareringeachsourcesignalfrom a givenmixture signal.

Historically, early BASS methodsrelied on arrayprocessingechniquesSeparatiorwasperformedoy determin-
ing the spatialposition of the sourcesand applyingan appropriatespatial Iter to the mixture channelssuchasto
enhancea target sourceandcancelthe othersourceq1]. Thesemethodsequiredthe sourcedo berecordedwith a
large numberof microphonesn a particularcon guration. This limited their applicabilityto somelive recordingsit-
uationswherethe microphonearrangementouldbemodi ed atwill, for examplein aconferenceuditorium.BASS
methodssuitedto syntheticmixturesandmoretraditionalrecordingsvereproposedndependenthabouttwentyyears
agohy statisticalsignalprocessingand computerscienceresearchersAn early approachfeatureda neuralnetwork
algorithmthatwasableto extractindependensourcedy performinga type of nonlineardecorrelatiorf2]. Several
authorsstudiedtheintegrationof this methodwithin a statisticalframevork andderived a wide rangeof Independent
Componentinalysis(ICA) algorithmsbasedmnostly on higherorderstatisticd3] andinformationtheory[4]. These
early algorithmswerelimited to instantaneoumixturescontainingasmary sourcesas mixture channels.The rst
steptowardsdealingwith realisticaudio mixtureswastaken by extendinglCA to corvolutive mixtures[5]. In the
meantime ptherauthorsstudiedperceptuakoundprocessingrinciplesresultingfrom listeningexperimentg6] and
developedComputationalAuditory SceneAnalysis (CASA) algorithms. Thesealgorithmsexploited speci ¢ prop-
ertiesof audiosourcessuchasharmonicityandspectralernvelope,to decodesingle-channeinixturesinto different
auditorystreamswhich couldthenberesynthesizedeparatelyEarly CASA methodsuseda sequencef data-drven
processingtepd7, 8], while later onesarguedfor a prediction-drven approachimplementedasa blackboardarchi-
tecture[9]. During the lastdecade]CA-lik e and CASA-like algorithmshave beenfurtherimproved andothernovel
approachet BASS have beenproposed.

Direct applicationsof BASS includereal-timespealer separatiorfor simultaneougranslationandaidsfor elec-
tronic musiccompositionby samplingof instrumentakounds.More signi cantly, mary derived applicationsaim to
modify the mixture signalby remixingthe sourcedifferently or removing unwantedsources.Theseremixingappli-
cationsincludespeectenhancemenwithin hearingaidsandmobilephonesyoice cancellatiorfor karaole, rendering
of stereoCDs on multichanneldevices, post-productiorof raw musicrecordingsor restorationof corruptedaudio
data.Theseparatedourcesouldalsobefedinto single-sourcéndexing, transcriptiorandcodingtechniquesallow-
ing otherapplicationssuchasmulti-sourcelocalizationfor monitoringandrobotics,improved automaticdndexing of
audiodocumentsinulti-spealer speeclrecognitionin “cocktail party” ervironmentsor object-basedoding.

This article providesa tutorial review of establishecandrecentBASS methodsas appliedto the separatiorof
realisticaudiomixtures,focusingon situationswherelarge microphonearraysor otherunusualmicrophonearrange-
mentsarenot available. Our rst goalis to shav thata large rangeof assumptionganbe madeto separatea given
mixture signal. Our secondgoalis to emphasize¢he importanceof audio-speci cissuesin the designof BASS al-
gorithms. Thuswe considerthe BASS problemin its full generalityandwe point out the modelingassumptionand
thelimitationsof eachclassof algorithms.For the sale of clarity, we describeapproacheselatingto differenthistor
ical viewpointswithin a generalstatisticalframavork. We do not discussmplementatiordetailsnor otherproblems
relatedto BASS suchasdereverberatiorandremixing. For moreinformation, seethe provided bibliographicaland
softwarereferences.

Therestof thearticleis structuredasfollows. The rst sectiondescribeshetypical propertiesof audiomixtures,
statesaformalde nition of theBASSproblemandsplitsit into two sub-problemsidenti cation and ltering. Thesec-
ondsectiondiscussedrie y two popular Itering techniquesalledbeamformingandtime-frequeng masking.The
threefollowing sectiongprovide a review of existing identi cation methodssortedin orderof increasingcompleity.
Thelastsectionconcludesy summarizingheir domainof applicabilityandmentioningemeging approaches.

1 Background and formulation

1.1 Audio sources

Audio sourcesareusuallycategorizedasspeechmusicor naturalsounds Eachcateyory exhibitsits own characteris-
tics thatcanbeexploitedfor aspeci ¢ processing.



Speeclsoundg10] canbeseerassequencesf discretephoneticunitscalledphonemesThesignalcorresponding
to eachphonemeexhibits time-varying characteristicbecausef the coarticulationof successie phonemes.This
signalcanincludea periodicpartcontainingharmonicsinusoidabpartialsgeneratedby periodicvibrationof thevocal
folds, or awidebandnoisepartmadeby air passinghroughthelips andteeth,or atransientpartobtainedoy sudden
releasef thepressurédehindlips or teeth.A few phonemesontainasuperpositiof periodicandnoisycomponents.
The harmonicityproperty meansthat the frequenciesof the sinusoidalpartialsare multiples of a single frequeng
calledthe fundamentafrequeng. The fundamentafrequenciesf periodic phonemes/ary dueto intonation, but
typically staywithin a rangeof 40 Hz centeredn averagearound140Hz for maleand200Hz for femalespealers.
The spectralenvelope,thatis the smoothedamplitudeof the signalasa function of frequeng, is controlledby the
shapeof thevocaltractwhichdepend$othonthephonemepnthephoneticcontext andonthespealercharacteristics.
Successie phonemeduild up into wordsandsentencegovernedby lexical andsemanticatulesdependingon the
language Sentenceareusuallyseparatedy silenceandsimultaneouspealersarenot synchronized.

Music sourceq11], which include musicalinstruments singersand syntheticinstrumentsusually producese-
guencef eventscallednotesor tones. The signalcorrespondingo eachnote may be composedf several parts,
consistingof anearlyperiodicsignalcontainingharmonicsinusoidapartialsmadeby bowing a stringor blowing into
apipe, or atransientsignalresultingfrom hitting a drum or a bar or plucking a string. Somewind instrumentsalso
addwidebandnoisedueto blowing. In westernmusic,the fundamentafrequenciesof periodic notesaretypically
constantor slowly varying andremaincenteredarounddiscretevalueson the semitonescale,thatis a 1=12 octave
scalespanningthe rangebetween30 Hz and4 kHz. Eachinstrumentis characterizedby a particulartimbre which
dependsnostlyonthedurationof noteonsetspntheshapeof thespectrakrnvelopegiventhenoteintensityandonthe
amountof frequeng modulation. Successie notes,which constitutemusicalphrasesare often playedwithout ary
silencein between.Someinstrumentstermedpolyphonicasopposedo monophoniccanalsoplay chordscomposed
of several simultaneousotes. Within a musicensemblewesternharmoty rulestendto favor synchronousotesat
rationalfundamentafrequeng ratiossuchas 2, 3=2 or 5=4. Thus harmonicpartialsfrom different sourcesoften
overlapat somefrequencies.

Naturalsoundg12], which are also called ervironmentalsounds.exhibit differentcharacteristicglependingon
theirorigin. A carhornproduces periodicsignal,ahammeimpoundinghardwoodresultsin atransiensignalandrain
canbe modeledasa widebandnoisesignal. Most often, the discretestructureunderlyingnaturalsoundss simpler
thanthe organizationof phonemesindnotes.

1.2 Studiorecordingsand liverecordings

Audio mixturescanbe broadly classi ed into two types: live recordingsor syntheticmixtures. The procedureby

which mixturesignalsareacquireds depictedn gure 1. Synthetiomixturesareoftenderivedfrom studiorecordings,
thatis unmixed sighalswhereeachsourceis recordedseparately Sincesyntheticmixing effectsdiffer from natural
mixing effectsobtainedby live recording thetwo typesof mixture signalshave noticeablydifferentspatialproperties
which arguefor the useof differentprocessingnethods.

A commonway of recordingmultiple sourcess to recordeachonesuccessiely in a studio[13]. Pointsources
sucha spealersor smallmusicalinstrumentswhich have a limited spatialextent,areusuallyrecordedusingasingle
closemicrophone Extendedsourcesuchaspianoor drums,which canproduceadistinctsoundsn differentregionsof
spaceatthe sametime, arebetterrecordedusingseveralmicrophonesThis techniques generallyemployedfor pop
musicrecordingswherethe playersensuresynchronizatiorby listeningon headphoneto a mixture of the previously
recordednstruments.Similarly, movie dialoguesare sometimesiubbedby recordingeachspealer separatelywith
synchronizatiorprovided by the images. Thesestudio recordingsmatch closely the actual soundof the sources
sincestudiowalls are coveredwith sounddampeningmaterialsand mamginal re ections of the soundwaveson the
walls canbe limited by usingdirectionalmicrophonesElectricor electronicinstrumentsuchaselectricguitarsand
keyboardsamayevenberecordedogetheisinceonly thedirectsoundof eachinstrumenis captured Theadwantageof
studiorecordingsgs thatthey allow differentspecialeffectsto be appliedto eachsourcebecausesourcesareperfectly
separatedhto distincttracks.

By contrast]ive recordingscontainmixturesof several sourcesbtainedby recordingall the sourcesimultane-
ouslywith multiple microphone$13]. Thistechniques preferredfor classicaimusicbecauset is morepracticalfor
large ensemblesndit retainsthe characteristicef the concertroom. Variousmicrophonearrangementareusedby
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Figurel: Someusualwaysof obtainingaudiomixtures:live recording(left), studiorecording(topright) andsynthetic
mixing (bottomright).

soundengineersOnepossiblearrangemennvolvesonefar eld microphonegairlocatedafew metersawayfromthe
sourcesandonedirectionalmicrophondocatedcloselyto eachsource with multiple closedirectionalmicrophones
beingusedfor extendedsources.The microphonepair may assumeifferentforms involving coincidentor spaced
microphoneswith variousdirectiity patterns.A similar arrangementanbe emplgedto recordlive spealersat 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 other sourcesand delayedversionsof all the sourcesdue to multiple re ections of the soundwaves
on thewalls [14]. The positionsof the rst few re ections may be predictedto someextent from the geometryof
theroom,whereassubsequente ections, alsoknown asreverberationappearat diffuserandomlocations.Figure 2
shawvs anexampleof transferfunctionbetweera sourceanda microphone Its overall shapemay be describedising
criteriasuchasthereverberatiortime RT go (delayfor the amplitudeof the Iter to decreaséy 60 dB) andthe early
decaytime EDT 1 (delayfor the amplitudeto decreasdy 10 dB), which dependon the microphonetype andon
the room. The reverberationtime for far eld microphoness typically on the orderof 200 msto 500 msin small
meetingroomsandl1 sto 2 sin largeconcerthalls. Interferencesindreverberatiorareattenuate@n closedirectional
microphonegsomparedo far eld microphones.

1.3 Synthetic mixtur es

Both studioandlive recordingsmay be transformednto syntheticmixtureswith a smallernumberof channelausing
amixing deskor dedicatedsoftware. The purposeof this post-productiorprocesss mostoftento createstereo(two-
channel)mixturessuchasmusicCDsor radiobroadcaster ve-channemixturessuchasmovie soundtracksMono
(single-channelinixturesarerarein practice althoughthey have beenstudiedasa challengingBASS problem.Some
commonsoftwareaudioprocessingffectsaresummarizedn table 1. For moreinformationabouttheseeffects,see
the documentatioravailablewith mixing softwaresuchas TAP-plugins?.

With studiorecordingsthe goal of syntheticmixing is to assigna distinctspatialdirectionto eachsourceandto
setotherspatialpropertiessothatthe mixture soundshaturalor lively. Eachtrackis transformednto a steredimage
usingeffectssuchas“pan”, which correspond$o scalingby two differentpositive gains,or “reverb”, which simulates

http://tap-plugins.sourceforge.net/ladspa.html
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Figure2: Exampleof mixing Iter within aliverecordingata giveninstantt.

naturalreverberationby applyingtwo differentappropriatelters. Thenall thesesterecimagesare addedtogether
Live recordingsusingclosedirectionalmicrophone®nly, e.g. recordingsof movie orchestrasaremixedin thesame
way. Furthereffectssuchas“compressor”,which reduceshe dynamicrangeof the signal, may be appliedto the
wholemixture.

With live recordings,syntheticmixing aimsinsteadto presere as much as possiblethe characteristicof the
recordingroom and the positionsof the sourceswhile correctingtimbre or intensity imperfections. This is done
by addinglocally Itered versionsof the signalsrecordedby the closedirectionalmicrophonego the stereosignal
recordedoy thefar- eld microphonepair.

Tablel: Typical effectsavailablein stereomixing software. Top effectsmodify the spatialpropertiesof the sources,
bottomonesmodify their spectro-temporgiroperties.

| Effectname | Intendeduse | Processing

Pan Createsapoint steredmage Scalesa mono sourcesignal by two constantor
slowly time-varyingpositive gains

Autopan Createsanextendedstereamage Scalesa mono sourcesignal by two fasttime-
varying positive gains

Echo/reverb Mimics naturalecho/r@erberation Filtersamonosourcesignalby two differentsyn-
thetic lters

Polarity Makesa stereamagesoundunnatural Invertsthesignof onechannel

Compressor Reduceghedynamicrange Scalesanimageby a slowly time-varyinggain

Equalizer Modi es thetimbre Scalesachsubbandf animageby aconstanbr
slowly time-varyinggain

Tremolo/vibrato| Increasegxpressieness Appliesamplitude/frequencmodulation

Chorus Multiplies the numberof percevedsources| Addsto animagea few time-delayedrersionsof
itself with slowly time-varyingdelays

1.4 Formalization of the mixing process

The mixing procesdor live recordingsand syntheticmixturesmay be formalizedmathematicallyin the sameway.
Whenthe mixture containgpoint sourceonly, thechannelgx;(t))1 ;i | of themixturesignalaregivenby

X X!
Xi(t) = aj(t 5 )st ) (1)
j=1 =1

where(s;j (t))1 j s aretheoriginal single-channesourcesignalsand(a; (t; ))1 i 1;1 j J isasetof time-varying
mixing lters describingeitherthe roomtransferfunctionsfrom the sourcepositionsto the microphonepositionsor
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thesynthetiamixing effectsused.Thisequatiorbecomesrelevantfor extendedsourcesyhich cannotberepresented
assingle-channesignalsanddo not have well-de ned positions. More generally the mixing processanalwaysbe
writtenas

X

Xi(t) = simgij (t); 2)

j=1
wheresimg jj (t) denoteigthelmageof thej -th sourceon thei-th mixture channel. This quantityis de ned for point
sourcedy simg jj (t) = 21 & (t  ; )s(t ), andit canstill bede ned for extendedsourcesy integrating
overall the pomtsourcesthatcomposeaachextendedsource.

1.5 De nition of the blind sourceseparationproblem

Several de nitions of the BASS problemhave beenproposedn the literature. One possiblede nition statesthat
BASSis the problemof estimatingthe original sourcesignals(s; (t))1 ; 3 giventhemixturechannelgx;(t))1 i .
Thisde nition is relevantfor pointsource®nly andit includesasa sub-problenthedereverberatioror decowolution
problem,thatis the estimationof the inverseof the mixing Iters to recover the original sourcesignalswith the
smallestpossibledistortion. In practice,preciseprior informationaboutthe sourcesor the mixing lters is needed
to achieve perfectdereverberation. Thus mostsourceseparatioralgorithmsare ableto estimatethe original source
signalsat bestup to arbitrarygain or Itering distortiong[3, 5].

In thefollowing, we considederererberatiorasa separat@roblemandwe assumeénsteadhattheBASSproblem
consistdgn estimatingthe sourceimagesignals(simg jj (t))1 i 1:1 j 3 fromthemixturechannelgx;(t))1 i . This
de nition makesthe problemmaoretractableby reducingthe amountof indeterminaciegboutthe estimatedsources:
in theoryonly a potentialorderingindeterminag remainsfor somealgorithms[15].

Without appropriateconstraintson the sourceimagesignals,the BASS problemha}§an in nite numberof solu-
tions. For example,ary setof sourceimagesof the form simgjj (t) = i xi(t) with le ij = lisapotential
solution. Thusassumptionsnustbe madeaboutthe sourcesor the mixing Iter s to obtaina uniquesolution. As the
term“blind” indicatesseparatiomlgorithmsaregenerallyexpectedo useasfew assumptionaspossible Algorithms
basedon genericmodelsof the sourcesandthe mixing lters canbe consideredsblind, whatever the compleity of
thesemodelsis. For someapplicationsplind separations not mandatoryandthe usercanprovide prior information
suchasthenumberof sourcestestrictedsourceclasse®r approximatesourcdocationsto helpimprove theseparation
performanceAlgorithmsexploiting thisinformationaretermedsemi-blind.

1.6 Dif culty assessmenind performanceevaluation

In orderto assesshe approximatedif culty of separatinga given mixture, the signalprocessinditeratureclassi es
mixturesaccordingto threedistinctcriteria: therespectre numberof mixture channelsaandsourcesthelengthof the
mixing lters andthevariationof themixing Iters overtime [16]. Table2 de nesthe correspondingocatulary that
will beusedthroughoutherestof thisarticleto describdghevariousmixturetypes.Theterms‘over-determined”;de-
termined”and“over-determinedthatdescribavhethertheremore,asmary or lessmixturechannelg¢hansourcesare
borrovedfrom linearalgebra.Fromthesede nitions, it appearghatmostlive audiorecordingsareover-determined
or underdeterminedime-varying reverberantmixtureswhile syntheticaudio mixturesare underdeterminedime-
invariantor time-varying cornvolutive mixtures.Underdeterminedreverberanor time-varying mixturesaretypically
moredif cult to separatéhanover-determinedinstantaneousr time-invariantmixturesrespectiely. Thusthe sepa-
rationof realisticaudiomixturesis adif cult problem.

Sincetheseparatedourcesredestinedo belistenedo, thequality of agivenseparatiomesultis inverselyrelated
to the perceptuallistortionbetweeneachestimatedsourceimageandthe correspondinginknavn true image. This
distortionmay be describedusinga global rating togethemwith sub-ratingsorrespondingo variouskinds of distor
tionsincludinginterference$rom othersourcesmusicalnoiseartifacts,timbredistortionandspatialdistortionof the
tamget source.Musical noiseartifacts,which are sometimesalledburbling artifacts,pipe noiseartifactsor metallic
artifacts,aretypically causeddyy nonlinear Itering of the data. Thesearemoreanncging thanotherdistortions par
ticularly for musicalapplicationsdemandinga high quality. Currently the perceptuatlegradationdueto the various
kinds of distortionsmay be quanti ed preciselyonly by meansof calibratedlisteningtests. Objective criteria such



Table2: Vocalulary usedto classifymixturetypes.

\ Term(or equivalent) \ Meaning
Over-determinedor undercomplete)| More mixturechannelghansources
Determined As mary mixture channelsassources
Underdeterminedor over-complete)| Lessmixturechannelghansources
Instantaneous Trivial mixing Iters (gains,nodelays)
Anechoic Trivial mixing lters (gainanddelaypairs)
Corvolutive (or echoic) Nontrivial mixing lters
Reverberant Mixing lters exhibiting arealisticreverberatiortime
Time-invariant Mixing lters constanbvertime
Time-varying Mixing Iters slowly varyingovertime

asthe Source-to-DistortiorRatio (SDR), the Source-to-Interferencdgatio (SIR) andthe Sources-to-ArtiictsRatio
(SAR)[16] may provide roughestimatesvithin anevaluationframevork wherethetrue sourceémagesareknowvn?.

1.7 The two sub-problems:identi cation and Itering

A majority of algorithmstreatBASS asa two-partproblem: rst identi cation of the numberof sourcesanda set
of separatiorparametersittachedo eachsource then ltering of the mixture channeldbasedon theseparameterso
obtainthe sourceimagesignals.The separatiorparametersnustcontainenoughinformationto designrelevantsep-
arating lters. Dependingon the mixture, theseparametersnayincludespatialparametersuchassourcedirections
and/orspectralparametersuchassourcemagnitudespectra.

The ltering problemis generallyaddressedsingestablisheditering techniquesuchasbeamformingor time-
frequeng masking.Theperformancef theseechniqueslepend®nthetypeof mixture. Experimentson benchmark
datasethiave shovn thattime-frequencymaskings more powerfulthanbeamformindor the separatiorof realworld
audiomixturessuchasunderdeterminednixturesor determinedeverberanmixtures[17].

Much of the currentresearcleffort focuseson theidenti cation problem.Most existing identi cation algorithms
exploit simpli ed modelsthatcandiscriminatethe sourcesn simplesituationsonly. For instancealgorithmsrelying
on the spatialdirectionsof the sourcessuffer a performancalecreas®n mixturesinvolving reverberationgextended
sourcesr sourceswhich areclosetogether Otheralgorithmsbasedn fundamentafrequeng andspectrakenvelope
cuesgenerallyfail to separatsourcedrom the sameclass.Theseissuesshav thatsolvingtheidenti cation problem
with no restrictionson the mixturesimpliesthe exploitation of manysouice propertiesjointly, including properties
speci ¢ to audiodata[18, 19].

2 Filtering techniques

Let us supposdor simplicity thatthe identi cation problemhasbeensolved andthatthe spatialor spectralcharac-
teristicsof the sourcesareknown. Classically two assumptionganbe usedto extract the sourcesignalsfrom the

mixture signal: spatialdiversity andtime-frequeng diversity The spatialdiversityassumptiorstateghatthesources
arelocatedin differentregionsof spacewhereaghetime-frequeng diversity assumptiorstateghatthe sourcesare

active in differentpartsof thetime-frequeng plane.This sectionreviews two lItering techniquesierivedfrom these
assumptiongermedbeamformingandtime-frequeng maskingrespectiely.

2.1 Beamforming

Beamformingstheproces®f Itering themixturechanneldy stationanfinearFinite ImpulseResponséFIR) lters,
calleddemixing lters or beamforminglters, andsummingthe Itered channeldogether Whenthe phasaesponses
of the Iters arecarefullychosenpbeamformingactsasa spatial Iter thatrejectssoundscomingfrom thedirections

2Thesecriteriaareimplementedn the BSS EVAL toolboxavailableat http://www.irisa.frimetiss/bss _evall .



of interferingsourceswhich may move dependingon frequeng. This procesds mostoften expressedn thetime-
frequeny domain.Thedemixing lters thencorrespondo a matrix of complex coefcients (wji(f))1 i ;1 j 5 for
eachsubband whoseestimationconstitutegheinferenceproblem.Let X (n; f ) bethecomple Short-TermFourier
Transform(STFT) of the mixture channelx;(t) and Singjj (n; f) the STFTsof the sourceimagesimgjj (t). The
images(simgjj (t))1 i 1 of thej -th sourceon differentchannelsare Itered versionsof eachother thustheir STFTs
(Simgij (n;f))1 i | areapproximatelyequalto acommonSTFTU; (n; f ) upto acomplex multiplicative coefcient
in eachsubband . ThiscommonSTFTis estimatedor eachsourceg by

X
O (nif)=" wi(f)Xi(n;f): (3)
i=1
Thenthe STFTsof the sourceimagesarederived by computingthesemultiplicative coefcients with

éimg ij (N;F) = Iy (f )OJ (n; f); (4)

where(b; (f))1 i 1:1 j 3 isthepseudo-imersematrix of (w;i(f))1 i 1;1 ; 3. Notethatto obtainthis resultthe
demixingcoefcients (w;i(f))1 i | for eachsourcej needto be speci ed only up to an arbitrary complex multi-

plicative coefcient in eachsubband [15]. Finally the sourceimagesignals(8imgij (t))1 i 1;1 j J areestimated
by invertingtheir STFTsusingthe standardverlap-addnethod.

In theory determinecbr over-determinednixturescanbe perfectlyseparatedisingbeamformingoy constructing
the demixing lter systemto be the pseudo-imerseof the mixing Iter system. In practicehowever, the optimal
demixing Iters are often muchlongerthanthe mixing Iters, particularlyin the caseof determinedmixtures,as
illustratedin gure 3, andshortersuboptimal lters are usedinstead. The main adwvantageof beamformingis that
it doesnot generatemusicalnoiseartifactssinceit performsa linear ltering of the data[16]. The computation
of optimaldemixing Iters on benchmarkmixtureswherethe true sourcesareknown® shaws thatbeamformingcan
provide nearperfectseparatioror determinedime-invariantmixturesgeneratedby shortmixing Iters uptotheorder
of athousandaps[17]. Corverselybeamformindails on underdeterminednixturesandits performanceleteriorates
on determinedeverberantmixtures[17], becausdhe maximalnumberof directionsit canrejectis limited by the
numberof mixture channelsln this contet, the performancaloesnotincreasenuchby increasinghe lengthof the
demixing lters. Beamformingalsofails on determinedime-varying mixtureswhentime-invariantdemixing lters
are usedsincethe rejectionpatternsaretoo narrav to encompasgven small sourcemovementg20]. Rolustness
towardsreverberatiorandsourcemavementsmprovesonover-determinednixtures[21], wheretheoptimaldemixing
lters areshorterandcangeneratavider or morecomple rejectionpatterns.

2.2 Time-frequencymasking

Time-frequeng maskingis a particularkind of non-stationaryltering conductedn thetime-frequeng domainon
eachmixture channelseparately By carefully designingthe time-varying magnituderesponseof the lters, it is
possibleto Iter out time-frequeng regionsdominatedby interferingsources.More precisely the complex STFT
Xi(n; f) of thei-th mixture channels computedandthe complex STFTs(Simg ij (n; f))1 j 5 of thesourceimages
onthis channelrederived by

Simgip (M) = My (n; £)Xi(n; F); (5)
where(Mj (n;f))1 j 5 areasetof time-frequeng maskscontaininggainsbetweer0 and1. The masksare usu-
ally de ned from the magnitudesf the STFTsof the sourceimages(jSimgij (N;f)j)1 i 1:1 j 3 whoseestimation
constitutegheinferenceproblem.The mostpopularmaskingrulesareadaptve Wiener Itering

_ iSimgij (m; F)j?

Mi (n;f) = P+ _ (6)
! b1 iSimg ik (n; T)j2

andbinarymasking
1 if jSimgij (n;f)j = ma-xkjsimg ik (n; £)j;

Mi (n;f) =
i (1) 0 otherwise.

(7)

3Optimal demixing lters for benchmark mixtures can be computed using the BSSORACLE toolbox available at
http://lwww.irisa.fr/metiss/bss _oracle/
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Figure3: Exampleof shorttime-irvariantmixing lters recordedn a nearanechoiernvironmentandoptimaldemix-
ing lters computedoy inversionof themixing Iter systemandtruncatedo theinterval between30msand+10ms.

In the end,eachsourceimagesignalSimg j (t) is estimatedy inverting the correspondingSTFT usingthe standard
overlap-addnethod.This ltering methodhasalsobeenappliedto othertime-frequeng-lik e representationsuchas
auditory-motvated Iterbanks [8].

Thecomputatiorof optimalmaskson benchmarknixturesshovsthattime-frequeng maskinggenerallyperforms
betterthan beamformingon underdeterminedor determinedreverberantmixtures[17]. Its drawbackis that the
distortionpresenton the estimatedsourcess dominatedby musicalnoiseartifactswhenthe sourcesoverlapin the
time-frequeng plane[16]. Indeedthe Itering operationis nonlinearanddoesnot guaranteghe preseration of the
temporalandspectrakontinuity propertieof thesourceswhich areimportantperceptually Theperformances often
betterfor speechmixturesthanfor musicmixtures,becausspeectexhibits lesssourceoverlapin thetime-frequeng
plane. Also adaptve Wiener Itering resultsin fewer artifactsthanbinary masking. Examplesof masksderived by
adaptve Wiener ltering areplottedin gure 4. Notethat,contraryto beamformingtime-frequeng maskingmakes
norealuseof the availablemultichanneinformation,becausé processesachmixture channekeparately

3 Multichannel identi cation basedon sparsity

Now that Itering techniquefiave beende ned, theremainingpartof theBASSproblemconcerngheidenti cation of
relevantdemixing lters or time-frequeng masksfrom the data. The simplestidenti cation methodsocuson multi-
channelmixturesandseayregatethe sourceshasedon spatialcues. The coreassumptiorallowing the exploitation of
thesecuesis thatthesourcesaresparsen thetime domainor in thetime-frequeng domain.Heresparsitydenoteghe
propertyby which mostof the coefcients of thesourcesignalsarecloseto zero. Thisis truefor somespeectsignals
in thetime domain,which containsilenceseggmentsor large power variations.More generally this is true for speech
and musicsignalsin the time-frequeng domain,sincetransientor periodic signalshave their enegy concentrated
respectiely in afew time framesor in afew subbandatharmonicfrequencie$22, 23, 24]. In the caseof convolutive
mixtureswith moderateeverberationtime-frequeng sparsityallows the separatiorof the sourcesup to anarbitrary
orderingin eachsubband.Strongerassumptionsire neededo sortthemin the sameorderacrosssubbandssuchas
the correlationof the sourcemagnitudesacrosssubband®r the knowledgeof the distancedetweenmicrophones.
Two familiesof methodsarereviewedin this section.

3.1 Independentcomponentanalysis

IndependenComponentAnalysis (ICA) andits extensionsaim to separataleterminedr over-determinedmixtures
by beamformingbasedon the mainassumptiorthatthe sourcesarestatisticallyindependentMany ICA algorithms
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Figure4: Optimaltime-frequeng masksfor a speechmixture usingadaptive Wiener ltering. Dark/light partsof the
maskscorrespondaespectiely to selected/rejectetime-frequeny regions.

have beenproposedn the literature’ [25, 26]. We focus hereon presentingtheir underlyingsourcemodelsand
discussingheir performance.

BasiclCA algorithmsfocuson determinedime-invariantinstantaneoumixtures,thatis mixture]s_where\] =1
andthemixturechannelganbeexpressedisingscalamixing coefcients (ajj )1 i ;1 j 1 asx(t) = j|=1 aj sj(t).
In this case thedemixing lters maybe simplescalarcoefcients (wji)1 i ;1 j | formingasquaredemixingma-
trix. In theory theindependencassumptiorsufces to separatehe sourcesundercertainidenti ability conditions
[3] andan optimal demixing matrix can be found by minimizing a mutual information criterion betweenthe esti-
matedsourcesignals.An alternatve way of addressinghe problemis to supposehatthe distribution of the sources
is known andto searchfor a demixing matrix usingthe BayesianMaximum A Posteriori(MAP) criterion, which
consistdn maximizingthe probability of the sourcesignalsgiventhe mixture. Thesetwo criteriaareequivalent[25]
andtheir computatiorrelieson parametriomodelingof the sourcedistributions. A popularapproachs to modelthe
sampless; (t) of eachsourceasindependentiravs from a x ed non-Gaussiauwlistribution P (s; (t)). As seenfrom
gure 5, the sparsitypropertyof time-domainaudiosignalsleadsto a sparsalistribution, thatis a distribution with a
“centralpeak”and“heavy tails” whencomparedo the Gaussiardistribution. An exampleof suchdistribution is the
generalizedxponentialdistribution

P(sj(t)) / exp( jsi(D)i?) with 0 R< 2 8)

of which the Laplaciandistribution is a particularcasecorrespondingo R = 1. The distribution of the source
signalscanalsobe expandedby meansof higherorderstatisticg[ 3], wheretime-domainsparsitymanifeststself in
the non-ngativity of thenormalizedempiricalkurtosisde ned by

P
tT=1 s (1)*

1
i~ Tp
2
LI
T o= Si(1)?

3 9)

4SeveralICA algorithmsfor instantaneouandcorvolutive mixtures includingthe popularJADE andFastICAalgorithmsfor instantaneous
mixtures,areavailableon the ICA-dedicatedvebsite at http://www.tsi.enst.fr/icacentral/algos.html
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Anotherapproachis to accounfor thevariationsof the signalpower over time by modelingthesampless; (t) ashav-
ing a Gaussiaristribution with non-stationaryarianceg27]. This alsomodelsthefactthatthe overall distributionis
non-Gaussiabut releaseshe constrainthatthe signalpower mustbe globally stationary The criteriaderived from
oneof thesemodelsarethenoptimizedto nd thedemixingmatrix usingoneof arangeof optimizationmethodssuch
asgradientascenf4], naturalgradientascen{28], approximateNewton method[26], Givensrotations[3] or other
learningrules[2]. Generallythereis no prior informationavailableto sortthe estimatedsourcesmagesn arelevant
orderanda permutatiorindeterminag remains.Thesealgorithmsachiese avery goodseparatiomperformancen de-
terminedinstantaneousiixturesprovidedthemixing matrix (ajj )1 i 1;1 j 1 isinvertible,whichmeansn particular
thatthesourcedave differentspatialdirections.It hasbeenobsenedthatthe performancef ICA improveswhenthe
sourcesaresparsef25].

Speech Waveforml(g Density of the sample values

0 1 2
t(s)

Bandwise normalized STFT ,f) Density of the magnitude value

f (kHz)

1
n(s)

Figure5: Distributionof aspeectsourcan thetime domainandin thetime-frequeng domain(bluecurves)compared
with ageneralizeaxponentialdistribution of respectre parameter® = 0:60andR = 0:46 (greencurves)andwith
aGaussiamistribution (dashecturves). Thenormalizedempiricalkurtosisof thesignalequals2.7in thetime domain
and14.7in thetime-frequeng domain.

Several extensionsof ICA algorithmshave beenproposedn orderto separataleterminecconvolutive mixtures,
wherethe mixing coefcients arereplacedoy mixing Iters (ajj ( ))1 i 1:1 j 1. Themoststraightforvardapproach
consistan keepingthe assumptiorthatthe sourcesignalsareindependenandnon-Gaussiaim thetime domainand
estimatingtime-domaindemixing Iters (w;ji( ))1 i 1;1 j 1 insteadof simpledemixingcoefcients [5]. However,
the optimizationof long lters becomesomputationallyexpensve and not robust becausef local extremain the
criteria[29]. A popularalternatve approachis to addresgshe BASS problemin the frequeng domaininstead30].
This approachnvolvesthe computatiorof the complex STFTsof the mixture channelsin eachsubbandthe mixing

Iters arethenapprommated?_.y comple multiplications,resultingin severalinstantaneousourceseparatiorprob-
lemsof theform X;(n;f) = J -1 ajj (F)Sj(n; f). Assumingthatthe subbanccoefcients of differentsourcesare
independenandmodelingthemby non-Gaussiadistributions,complex demixingcoefcients (wji(f))1 i 1;1 j |
canbeestimatedor eachsubband usingarny comple-valuedinstantaneoukCA algorithm. Theseassumptionsire
veri ed in practice sinceaudiosignalsaregenerallysparsein thetime-frequeng domainthanin thetime domain,
asshavnin gure 5andin [23]. Thisfrequeny domainapproactresultsin a fasteroptimizationprocesshowever it
introducedrequeng-dependenpermutationssincethe estimatedsourceimagesmay be arbitrarily orderedin each
subbandMore informationis neededo estimatehe correctpermutationsothatthe sourceorderbecomeghe same
in all subbandsOnepossibleapproactis to de ne asourcemodelP (S; (n; f )) thattakesinto accounthecorrelation
of thesourcemagnitudescrosssubband$23]. Anotherapproackconsistin estimatingthe directionsof the sources
beforehanéndconstraininghetotal responsef thedemixing Iters to bezeroin thedirectionsof interferingsources
[29]. Thelatterassumeshatonly point sourcesare presentthatreverberations moderateandthatthe distancese-
tweenmicrophonesare known in casethereare morethantwo microphones.Both approachesre combinedwith
smallmodi cationsin [31]. Overall convolutive ICA algorithmshave beenprovedto achiese goodseparatiomesults
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usingdemixing lters of afew thousandapson synthetictime-invariantcorvolutive mixturesgeneratedvith mixing
Iters ontheorderof athousandapsor live recordingsof non-maoing sourcesvith moderatereverberation.How-
ever their performancealecreasefaston realisticmixturesinvolving morereverberatioror small sourcemovements,
becausef thelimitations of beamformind17, 20].

Cornvolutive ICA algorithmshave alsobeenextendedo over-determinectorvolutive mixturesby applyinga sub-
spaceamethodin eachsubbando reducethenumberof channeld to thenumberof sourcesl prior to theapplication
of ICA [29]. The resulting performanceon over-determinedreverberantmixturesis betterthan with determined
mixturesandincreasessafunctionof the numberof mixture channelgivided by the numberof sources.

3.2 DUET-like methods

In the caseof underdeterminedmixtures,the independencassumptiorusedby ICA becomesnsufcient. More
informationis neededo estimatethe sourcesaandsparsityis often exploitedto this end. For instancejnstantaneous
speechmixturescanbe separatetb someextentby modelingthe sourcesignalswith independensparsalistributions
andjointly optimizingthe sourcesignalsandthe mixing gainswith a MAP criterion[32]. This algorithmachieves
betterseparationhenappliedto STFT coefcients [22]. However it is not easilyextendedio convolutive mixtures.

TheDegeneratéJnmixing EstimationTechniqug DUET) [33] usesa differentapproactbasedntheassumption
thatonly onesourceis presentn ary giventime-frequeng point. This so-calledW-disjoint orthogonalityassumption
is expressednathematicallyusingthe STFTsof the sourcesignalsas

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

Underthis assumptionijt is possibleto determinewhich sourceis presentin eachpoint from the spatiallocation
informationcontainedn theSTFTcoefcients of themixturechannelsIn thecaseof stereamixtures thisinformation
is givenby the Inter-channelntensityDifference

ey Xo(n; f)
andtheInter-channePhaseDifference
ey Xa(nif) :
IPD(n;f) =\ m mod 2 ; (12)
where\ (:) denoteghe principal phasein ] ; ] of acomplex number For aninstantaneousr an anechoiamix-

ture, IID (n; f) equalsthe relatve mixing gain 20log,q(jay; j=jay; j) of the active sourcej in this time-frequenyg
point. For ananechoicmixture, IPD(n; f)=2 f equalsmodulo1=f the mixing delayd; correspondindo the ac-
tive sourcej. Note that a phaseambiguity problemappearsn the upperfrequeng range: above the threshold
frequeny fmax = 1=20max, Wheredmax is the maximumallowed absolutedelay several valuesof d; may be
compatiblewith the obsered value of IPD (n; f). The original DUET methodis designedor syntheticanechoic
mixtureswherethe the mixing Iters combinepositive gains and fractional delaysbetween-1 and +1 sample,in
which casethe phaseambiguityproblemdoesnot ariseup to the Nyquistfrequeng. The two-dimensionahistogram
of (1ID(n;f);IPD(n;f)=2 f) is computedandits peaks,which correspondo the valuesof the relative mixing
gainsand delaysof the sourcesarelocated. Then, all the time-frequeng points belongingto eachpeakare con-
vertedinto a binary maskthatis usedto separatehe correspondingourc€. This algorithmis presentedn a more
developedstatisticalframevork in [24]. A similar algorithmcanbe derived for purelyinstantaneoumixturesusing
the one-dimensionahistogramof 11D (n; f ) [34]. An exampleof applicationwith aninstantaneoususic mixture
is provided in gure 6. Thesealgorithmsresultin a good performanceon stereoinstantaneousr anechoictime-
invariantmixturesprovidedthe sourceshave differentspatialdirections thatis differentmixing gainsor delays.Also
the processingcanbe donein real-time. However in practicethe W-disjoint orthogonalityassumptiorrarely holds
completelyand musicalnoiseartifactsappear The perceptuabuality of the separatedourcescanbe improved by
suppressinghetime-frequeng pointswhereserseralsourcesarepresenprior to applyingDUET. In [34] thesepoints

5The way to selectthe peaksof the histogramis not speci ed. An approachbasedon manualpeakdetectioncanbe easilyimplemented
usingthe STFTandinverseSTFT routinesavailableat http://www.ee.columbia.edu/"dpwe/resources/matlab/pvoc/
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arelocatedbasedon the valueof theinter-channelcoherencewhich is the absolutevalueof the correlationbetween
the coefcients of X 1(n; f) andX »(n; f) computedon a smallnumberof successie frames.This quantityis equal
to onewhenasinglesources presentandit is generallysmallerwhenseveralsourcesverlap.

Left mixture channel )1(1(n,f) [ID(n,f) Histogram of IID
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§ 60 § 0 m
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Figure 6: Separatiorof a three-sourcenstantaneoustereomixture using lID cuesand binary masking(sources
correspondo IID valuesof -4, 0 and4 dB respecitrely).

Themainlimitation of DUET is thatit cannotdealwith realisticcorvolutive mixtureswherethe absolutemixing
delayis larger than one sample. In [35], a solutionto this problemis provided in the caseof stereocorvolutive
mixturesrecordedwith a particularmicrophonepair termedbinauralpair, wherellD andIPD valuesaredependent
on eachotherandcanbe roughly expressedas a function of sourcedirection. The obsered directionis estimated
in eachtime-frequeng point basedon the IPD value,wherellD is exploitedin the upperfrequeng rangeto solve
the phaseambiguityproblem. Thenthe histogramof directionsis computedandthe sourcesareseparatedby binary
maskingaspreviously. This algorithmis thoughtto mimic the processingf spatialcuesby theauditorysysten|35].
A similar algorithm basedon learningthe exact averagemappingfrom 11D andIPD to sourcedirectionis devised
in [36]. The sameideacould be exploited for othertypesof microphonepairs. TheseDUET-like methodsprovide
a good performanceon live recordingsof non-maing point sourceswith moderatereverberation. However their
performancegenerallydecreasein reverberantervironmentsbecauseaeverberationeffectively addsin interfering
sourcesat randomlocations. In this situation,interferencesre betterremoved thanwith ICA, evenfor determined

mixtures[19].

4 Single-channelidenti cation basedon advancedmodels

As analternatve to multichannelBASS methodsbasedon spatialcues,otherauthorshave studiedthe separatiorof
single-channemixtures. In this framawvork, spatialcuescannotbe exploited. Moreover sourcemodelsrelying on
time-frequenyg sparsityonly becomensufcient. For example,the W-disjoint orthogonalityassumptioramountgo
assuminghata single sourceis active in eachtime-frequeng point, but it doesnot provide enoughinformationto
decidewhich one. More adwancedsignal modelsrepresentinghe dependenciebetweenthe valuesof the sources
in varioustime-frequeng pointsareneeded.A rst solutionis to modelthe shortterm waveform of eachsource.
However, this turns out to be dif cult, since waveformsare not translation-iwariant and vary from recordingto
recordingdependingon the phaseresponsef the mixing lters. A popularsolutionis thereforeto modelthe short-
termmagnitudespectrunof eachsourcewhichhasbetterinvarianceproperties Notethatthemodelingof thespectral
ervelopealone whichis oftenusedfor single-sourcepeectrecognition10], doesnot provide sufcient information
for single-channesourceseparation.Indeedit is necessaryo modelthe harmonicityof the sinusoidalpartials of
periodicsourcego separat@ mixture of several periodicsourcewith differentfundamentafrequenciedut with the
samespectralervelope. In additionto the propertyof correlationof the sourcemagnitudesacrosssubbandswhich
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is usedby someconvolutive ICA algorithms,adwancedmodelscanrepresenthe underlyingdiscretestructureof the
sourcesuchasnotesandphonemesalongwith theirfundamentafrequeng, spectraknvelopeor temporalcontinuity
characteristics This sectionreviews threepopularmodelssortedin orderof increasingcompleity. For simplicity,
we dropindicesi in thefollowing andwe denoteby x(t) the signal corres;')_pndingo the only mixture channeland
by (simgj (t))1 j 5 thesourceimagesignalsonthischannelsothatx(t) = le Simg j (t). Similarly, we denoteby
X(n;f) and(Simgj(n;f))1 j s theSTFTsof themixtureandthesourcemages.

4.1 Factorial hidden Mark ov models

Thesimplestsignalmodelusedfor single-channeBASSis thefactorialhiddenMarkov model(factorialHMM). Let
us supposehatthe short-termlog-paver spectrumof the j -th sourceimageis modelledby a HMM with Gaussian
obsenationdensitiesvith shareddiagonalcovariance.In otherwords,

109jSimg; (M F)i* = nm(f)+ j(nf); (13)

whereh; (n) is a hiddenstatebelongingto a nite spaceH; calledthe statespace, p, (n)(f) is a modelspectrum
dependingn hj (n) and ; (n; f) follows a centeredsaussiardistribution whosevariancedependonf . Eachstate
generallymodelsaparticularphonemetagivenfundamentafrequeng or aparticularchord. Thesequencef hidden
stategh;(n))1 n ~ followsa rst orderMarkov prior de ned by thedistributionsP (h; (1)) andP (h; (n+ 1)jh; (n)),
which modelthe averagedurationof eachstateandthe probability of moving from onestateto another A mixture
of several sourcegnay be representethy combiningthe HMMs representingachsourceinto a singleHMM whose

productH 1 H; of the sourcestatespaces. Whenthe sourcesare assumedo be independentthe prior
probability of the mixture stateseriesfactorizesasthe productof the prior probabilitiesof the sourcestateseries

Y W
P((h(n))1 n n) = P(h(@2)  P(hj(n+ 1)jhj(n)); (14)
j=1 n=2

hencethe namefactorialHMM. The graphicalrepresentatiof this modelis shavn in gure 7. Moreover, under
thisindependencassumptionthe power spectrumof the mixtureis equalon averageto the sumof the sourcepower
spectraand the probability distribution of the short-termlog-powver spectrumcorrespondingo eachmixture state
canbe approximatedas a Gaussiardensitywhosemeanand covarianceare non-trivial functionsof the meansand
covariance®f theunderlyingsourcestate437]. In theparticularcasewhereall thesourceobsenationdensitieshare
the samediagonalcovariance a simplerapproximationis givenby thelog-maxequation38]

logiX (m 1)i** max () + (i) (15)

.....

where (n; f) follows acenteredsaussiardistribution of the samecovariance.

@ @ @ State seriesfor sourcel
@ @ @ Obsened mixture power spectrum
@ @ @ State seriesfor source?2

Figure7: Graphicalrepresentationf a two-sourcefactorialHMM. Arrows representonditionaldependenciebe-
tweenthevariables.

The useof factorialHMMs for single-channe$peechseparatiorfollows threestepsintroducedin [38]. Firstly,
anindividual HMM is trainedfor eachspeectsourcebeforehanan solo (single-sourcejraining examplesusingthe
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EM algorithm. Secondly the MAP mixture statepath (h(n))1 » n is inferred usingthe Viterbi algorithmalong
with beamsearchheuristicsto avoid computingthe posteriorprobability of improbablepaths. Theseheuristicsare
necessargsthesizeof themixturestatespacegrows exponentiallywith thenumberof sourcesandanexactestimation
is usuallyintractable. Thirdly, the log-panver spectrumof eachsourceimageis derived from the sourcestatepaths
by Iogjéimg j(n; f )j? = A (n) (f ) andthe correspondingourcesignalsare computedusingbinary time-frequeng
masking. This algorithmachievesa goodseparatiorperformancen a mixture of maleandfemalespeech.

The applicationof factorial HMMs to the separatiorof music mixturesraisessomedif cult issuesthatare not
encounteredvith speechmixtures.Most often, the optimal statespaceunderlyingmusicsourcess muchlargerthan
for speectsourcedecausef theirwiderfundamentafrequeny anddynamicrangeaswell astheir ability to produce
chords,including chordscreatecby the reverberationof the previous notesin the caseof a monophonidnstrument.
ConsequentlyHMMs usinga smallnumberof statesprovide a badseparatiorperformanceoecause¢hey modelthe
sourcegoo coarsely However HMMs usingmary statesprovide a badperformancedoo. Indeeda larger numberof
heuristicsareneededo maintainthe tractability of the inferencestepandoverlearningissuesappear:ithe amountof
dataavailableto train the parametersf eachstatebecomesso small thatthe modelsdo not generalizewell to data
outsidethe training set. In [39], a solutionto this problemis providedin the caseof mixturesof singingvoice and
accompanimennusicby segmentingthe mixturemanually TheHMM representingiccompanimenusicis trained
onthesagmentsof the mixture containingaccompanimernnusiconly, while theHMM representinghe singingvoice
is rst trainedon a generalcorpusof singingvoice andthenadaptedo the mixture usingthe segmentscontaining
both singingvoice andaccompanimentusic. The resultingseparatiorresultsare very goodgiventhe dif culty of
the problem,particularlyfor mixtureswith repetitve accompanimennusic[39].

4.2 Spectraldecomposition

Anotherway to representiudiosourcess to decomposehe power spectrumof eachsourceas a weightedsum of
normalizedspectraplus a residualerror  For example,the obsened spectrumof a note may be representeds a
weightedsuperpositiorof typical spectrawith differentspectrakenvelopes put with the samefundamentafrequenyg
if periodic,and note spectramay further sumup to yield chord spectra. Again the power spectrumof the single-
channemixtureis assumedo be equalto the sumof the sourcepower spectra.This gives

X X
X (n;f)j? = gk(n) jk(f)+ (n;f); (16)
j=1 k=1

where( jk(f))1 k «; and(g«(n))1 k «; arerespectiely thebasisspectraandthetime-varyingweightsfor each

sourceand (n;f) istheresidual.Generally weightseriesfrom the samesourcedo shav somestatisticaldependen-
cies. For example,notescomposinga chordare activatedat the sametime. But weightsfrom differentsourcesare

assumedo be independentThis representatiofis particularly ef cient for musicsourcespecausat allows a huge

reductionof themodelsize: only afew basisspectrgpernoteareneededo representiccuratelyagivensourceinstead
of severalmodelspectrgerchordin the caseof HMM.

Spectradecompositiomasbeenappliedto the separatiorof musicmixturesusingathreestepdata-drvenproce-
dure.The rst stepis to derive the MAP basisspectrdrom themixtureusingoneof arangeof statisticalassumptions.
An early algorithm[40] represent®achseriesof weightsby a sparsedistribution andthe residualby a Gaussian
distribution. The problembecome®quivalentto over-determinednstantaneocukCA andis solved by computingand
subtractingheresidualwith a subspac¢echniqueandapplyinga standarddeterminednstantaneoukCA algorithm
(seelndependentomponentnalysissectionabove). The meaningfulnessf the resultscanbeimproved by adding
the constraintthat the the spectraandthe weightsare non-ngjative, which resultsin a non-ngative ICA algorithm
[41]. Recentlysomeauthorshave pointedoutthatthis non-nejativity constrain@lonesufces to solve theproblemin
somesituationsusinga Poissormodelfor theresidualanda Nonneagative Matrix Factorization(NMF) algorithm[42].
Also it hasbeenarguedthat the residualis bettermodelledas a multiplicative noisewhich gives more importance
to low-power time-frequeng zoneg43]. Oncethe modelparameterfiave beenestimatedisingoneof the methods

5Thesestepscanbe implementecusingthe HMM toolbox at http://www.cs.ubc.ca/"murphyk/Software/HMM/hmm.html
alongwith theabore mentionedSTFT andinverseSTFT routines.
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above, the secondstepis to clusterthe basisspectrainto disjoint setscorrespondindo the differentsources.Few

algorithmsare ableto solwe this problem: the IndependenBubspacé\nalysis (ISA) algorithmgroupstogetherthe

weightserieghatexhibit the highestdependencieglO], while anotheralgorithmemplg/sinstrument-speci deatures
in the contet of druminstrumentg44]. Most otheralgorithmsrely onF;nanuaIcIustering.FinaIIy thethird stepis to

derive the power spectrumof eachsourceimagebyjéimgj (n; f)j? = |}<<=11 & (n) /\j k(f) andto extractthe source
signalsby time-frequeng maskingd.

Thesealgorithmshave shavn to provide goodresultsmainly for the separatiorof drumloopsandthe separation
of drum instrumentsfrom mixturescontainingotherinstrumentq41, 44]. An exampleseparatiorof a drum loop
is illustratedin gure 8. Preliminary experimentson mixturesof non percussie instrumentshave led to a good
separatiomperformanceisingamanualclustering45]. Howeverit hasbeenobseredthatsmallresidualinterferences
generallyremainbecaussomeof the basisspectraepresennotesfrom differentsourcesMoreover, theclusteringof
thebasisspectranto sourcess moredif cult thanwith druminstrumentsit is likely thatpuredata-drnventechniques
areinsufcient for clusteringin this caseand that advancedknowledge aboutmusicalinstrumentss needed. An
alternatve approactio avoid the clusteringstepis to learnthe basisspectrébeforehanan solotrainingexcerpts46].
This approachachieveda goodperformancdor the separatiorof drumsfrom otherinstrumentsbut resultswerenot
reportedfor othertypesof mixtures. Anotherissueis that the decompositiormodel doesnot ef ciently represent
notesexhibiting variationsof the fundamentafrequeng. Finally, the temporalstructureof the datais usually not
takeninto accountfor the derivation of the weight seriesor limited to a continuity prior on eachweight serieg[41]
thatdoesnot modeldependencieBetweerdifferentseriescorrespondingo the samesource.
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Figure8: Spectraldecompositiorof a syntheticdrumloop usingNMF. Bassdrumis modeledby the blueandgreen
componentandhi-hatby thered component.

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

Historically, theinitial motivation behindspectraldecompositiorwasnot to improve the modelingof musicsources
but to provide a statisticalmodelof hearingorganization[40]. The sparsityhypothesison the time-varying weights
representthe belief thatthe short-timespectrunis reducibleto a smallnumberof objectsat eachinstant,eachbeing
modeledby a stationaryspectrum Audition is known to segregatesourcesnsidea complex scenebasedon a similar
redundang reductionprocesq6]. However, auditory objectsgenerallyhave time-varying spectra,and other cues
aretaken into accountto grouptime-frequeng zonesinto objectsand streamtheseobjectsinto sources.Listening
experimentshave led to ve grouping/streamingules called proximity, similarity, continuity closureandcommon
fate[6], which corroboratdhe principlesof the Gestaltpsychologytheory Theserulesstatefor examplethata setof
sinusoidalpartialsconstitutesa periodicobjectonly if the partialsareharmonic startandendsimultaneouslyform a
smoothspectralernvelopeandexhibit similar amplitudeandfrequeny variations.They aresometimesompletedoy
music-speci crulesde ning typical rhythmsor fundamentafrequeng relationshipswithin chords. Computational
Auditory SceneAnalysis(CASA) aimsto analyzespeechandmusicmixturesby implementingseveral of theserules
together

Early CASA algorithmsfocuson the extractionof objectsfrom single-channemixturesandcontainfour succes-
sive processingtageg7, 8]. Firstly, the mixture signalis transformednto a front-endrepresentatiomwnhich is easier
to processMostoften, thisis doneby splitting thesignalinto severalsubbandsisinganauditory-motvated Iterbank
andcomputingtheautocorrelatiorunctionof theabsolutevalueof eachsubbandignalon shorttime frames leading
to athree-dimensionakpresentatioRknown ascorrelogramFor simplicity, thisrepresentatiois sometimeseplaced
by a two-dimensionakhort-termmagnitudespectrum47]. Secondlya collectionof sinusoidalpartialsis extracted
from the front-endrepresentationfor exampleby locatingandtracking over time the peaksof the autocorrelation
function or the magnitudespectrum. Thirdly, thesepartialsare organizediteratively into objectsby applyingthe
groupingrulesin a x edorderto thelongestremainingpartial. Finally, the objectsareextractedby binary masking.
This data-drven approacHackssomerobustnesg47, 9]. Indeed,whena given subband-ontainssinusoidalpartials
from differentsourcesthe partialscorrespondindo low power sourcesnaybeeithernotdetectedatall or transcribed
with erroneousonsettimesthatinducegroupingerrorsdueto therigid evidenceintegrationprocess.The algorithm
in [9] solvesthis problemby exploiting advancedobjectmodelsto correctthe obscuredoarameterén a prediction-
drivenfashion.More preciselythreetypesof objectscalled“wefts”, “transients”’and“noise clouds”arede ned. For
example,wefts areperiodicobjectsmadeof perfectlyharmonicsinusoidalpartialswith equalonsetandoffsettimes
andconstantspectralervelope. Inferenceis carriedout by scanningthe time framesin ascendingrderandtesting
several competinghypothesegi.e. setsof objects)within a blackboardarchitectureasshavnin gure 9. The set
of hypothesegrows iteratively by prolongating, resumingor creatingobjectsbasedon harmonicityandonset/ofset
cues. Eachhypothesids associateavith a scoremeasuringhow well the underlyingobjectmodelst the obsered
front-endrepresentationand the bestscoredhypothesiss selectedn the end. Note that this prediction-drven ap-
proachis closeto the Bayesiamparadigmwhereobjectsarede ned by probabilisticpriorsandtheir t to theobsered
datais measuredby meansf alikelihoodfunction. In practice;t is possibleto implementsimilar objectmodelsasa
Bayesiametwork andto solve the problemby MAP inference47].

While early CASA algorithmsdid not considerthe streamingof objectsinto sourcesmore recentalgorithms
have addressethe BASS problemby addingstreamingulesin the hypothesisscoringprocessOnealgorithmsuited
to mixturescontainingone speechsourceand other non-speectsourcessearchedor the sequencef objectsthat
resultsin the MAP word sequencgivenaHMM speechmodeltrainedon cleanspeectdata[48]. Thisyieldsagood
separatiorof the speechsourcewhenmixed with industrialnoise. A similar approachcanbe devisedfor mixtures
containingserseralconcurrenspeectsourcedy replacinghesingle-sourcélMM with amulti-sourceactoriaHMM.
However the problembecomesnuchmoredif cult in this caseandspealkr-speci ¢ modelsmay be needed.Other
algorithmsproposedor music mixturesexploit musicalknowledgeand timbre featureslearnton solo excerptsto
clusterperiodicobjectsinto instrumentd47, 49]. Thesealgorithmspotentiallyimprove the instrumentsegregation
performanceomparedo HMM andspectradecompositioimethodssincethey useadvancedimbrefeaturesuchas
onsetdurationandfrequeny modulationin additionto the spectralenvelopefeature.Moreover, they provide a better
modelfor noteswith time-varyingfundamentafrequeng.
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Figure9: Schemaof a prediction-drien CASA system(from [9], with permission).

5 Hybrid identi cation methods

Themainlimitation of thesingle-channetourceseparatioimethodslescribedboveis thatthe sourcesnusthave no-
ticeablydifferentspectralkcharacteristicswhendealingwith a mixture of malespealersor aviolin duofor instance,
thesourcesanbewell separatedn shortsegmentsbut permutationdetweersourcesarelikely to occurin thelong
term. Streamingcanbe improved usingpreciselanguagemodels at the expenseof anincreasedcomputationaload.
Neverthelessingle-channemixtureswherethe sourcesexhibit similar spectralcharacteristicandpartial synchroy
remainvery dif cult to separateevenby thehumanauditorysystem6]. Sincespatialpropertiesarebelievedto play
animportantrole in auditorysceneanalysisfor long-termstreamind6], someauthorshave proposedo adaptthead-
vancedmodelsabove to multichannekignalsby representingpatialcuestogethemwith spectro-temporaines.These
hybrid modelsalsopotentiallyaddresshe limitations of corventionalmultichanneBASS methodson reverberanor
underdeterminednixtures.

In [50], analgorithmbasedon factorialHMMs is proposedo extracta targetspeectsourcefrom a multichannel
over-determinedmixture by updatingdemixing lters iteratively, startingwith simpleidentity lters. Theideais
to estimatethe hiddenstatesof all the sourcesrom the output of the demixing lters (which is indeeda mixture
containingthe target sourceplus residualinterfering sources) derive the spectrumof the target sourceand update
the Iters accordingly The distribution of the output spectrumis modeledby a e xible parametriccombination
rule whoseparameterare estimatedrom the data. This algorithmis reportedto outperformICA on time-invariant
mixtures of two spealers with mediumreverberationwhen prior knowledge of the sentencegpronouncedoy each
spealer is exploited [50]. However it doesnot exploit the multichannelinformationin an optimal way, sincethe
HMMs areappliedto single-channesignalsonly, andits performanceén ablind context is not provided.

CASA algorithmscanbe extendedo stereomixturesby addinga spatialproximity rule in the hypothesisscoring
process. The algorithm proposedin [18] selectsthe harmonicpartialsforming a periodic object and the objects
forming a streambasedn thedistancebetweertheir spatialdirectionscomputedrom IPD andlID cues(seeDUET-
like methodssection).Whenappliedto time-invariantanechoicspeechmixtures,this algorithmhasbeenreportedto
achieve a betterseparatiorperformancehanits single-channetounterpartwhich exploits continuity andfrequeng
proximity only [18]. For anechoicmusic mixtures,a similar algorithm hasbeenproved to increasethe separation
performanceby using spatialproximity and spectralervelope proximity rulesjointly insteadof usingonly one of
theserules[51].

Anotherapproachintroducedin [19] successfullycombinesspectraldecompositionfactorial HMMs and IPD
modelsinto a single probabilisticgeneratre modelfor music mixtures,whosestructureis shovn in gure 10. The
short-ternmpower spectrunof eachsourcds representetly aspectraecompositiomodelwherethebasisspectraare
learntfor eachinstrumenbnadatabasef isolatednotesandcorrespondo differentdiscretefundamentafrequencies
on the semitonescale. At eachinstant,a seriesof binary activity statess usedto modelwhich basisspectrahave a
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non-zeroveightandthesequencef thesestatewvertime is modeledoy asemi-Marlov prior. The power spectrunof
themixtureis assumedo beequalto thesumof thesourcepower spectranultiplied by themagnitudeesponsef the
mixing Iters, andthe obseredIPD is expressedsa functionof the sourcepower spectraandthe sourcedirections.
MAP valuesof the actvity statesandthetime-varyingweightsare estimatedhroughbeamsearchyelying on prior
knowledge aboutthe instrumentclassesand the approximatedirectionsof the sourcesandthe sourceimagesare
computedoy adaptve Wiener ltering. Thisalgorithmhasbeenshovn to provide a satisfyingseparatiorperformance
on time-invariantreverberantmixtureswherelCA and DUET-like methodsfail, including mixturesof instruments
with closetimbre characteristic§l9].

Mixture power spectrum
and interchannel phasedi erence

Sourcepower spectra

Note powers

Note states

Figure10: Graphicalrepresentationf the hybrid modelproposedn [19] for atwo-sourcamixture. Arrows represent
conditionaldependencielsetweerthevariables.

6 Discussionand promising approaches

The limitations of the algorithmspresentedn this review showv that the generalBASS problemis a dif cult task
that remainslargely unsohed. Several issuesaccountfor its dif culty: theremay be a large numberof sources,
reverberationtime-frequeng overlapof the sourcessourcemovements sourceswith similar spectralpropertiesor

sourceswith closedirections.Table3 shavs how someof theseissuesaffect existing separatioomethods.

Table3: Summaryof the limitations of existing methodson realisticaudiomixtures. Greencheckmarksndicateno
limitations, while red crossmarksndblue circlesindicatemajorandminor limitationsrespectrely.

Fewer channels Long Sourceswith Limited prior
thansources reverberation similarspectraproperties information
ICA X X
DUET-like methods O
FactoriaHMM X O
Spectraldecomposition X O
CASA X O
Hybrid methods O

It is not possibleto recommend singlealgorithmasthe bestfor all situations.A goodway to assesshe perfor
manceof analgorithmis to testit againstdifferentrealisticmixturescreatedwith varioussourcesandmixing lters .
DUET-like methodsoften performwell andallow real-timeprocessingor audio mixturescloseto realworld such
astime-invariantdeterminedeverberanimixturesor time-irvariantunderdeterminecdconvolutive mixtures. Hybrid

8Testmaterial,including multitrack musicrecordingsmixing Iters andlinks to otheravailablematerialis distributedaspartof the Blind
Audio SourceSeparatiorevaluationdataBaset http://www.irisa.fr/metiss/BASS-dB/
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methodsexploiting spatialandspectro-temporatuesjointly may performbetter but they aremuchslower andthey
may needmore prior information. In the end, the separatiomuality provided by both typesof methodsremains
insufcient for demandingapplicationssuchashearingaidsor karaole.

Recently two promisingapproachefiave beenproposedo overcometheseperformancdimitations. The rst
approachis to investicgate new ltering methods. The study of optimal demixing Iters andtime-frequeng masks
conductedn [17] hasprovedthattime-frequeng maskingis a betterchoicethanbeamformingor underdetermined
mixturesor determinedeverberanmixtures.However its performanceemaindimited by sourceoverlapin thetime-
frequeng plane,partly becauseachmixture channels processedeparatelyBetterperformanceould be achieved
by partitioningthe time-frequenyg planeaccordingto the prominentsourcesandapplyingdifferentdemixing lters
in eachzone,thusmakingfull useof the available multichannelinformation. An advancedsourcemodelis needed
to performthis partition. The hybrid Itering techniquefor musicmixturesproposedn [52] addressethis problem
usingathree-steprocedureFirstthe mixtureis separatethy the DUET method.Thenthetime-varyingfundamental
frequeng of eachsources computedandtime-frequeng zonescontainingpartialsfrom severalsourcesredetected.
Finally eachof thesezonesis separatedby adaptingcomplex frequeny demixingcoefcients sothatthe amplitude
envelopesof the separategartialsaremaximally correlatedwvith the amplitudeervelopesof the neighboringpartials
thatwerewell separateih the rst step.Thistechniqguevasshavn to improve theseparatioperformancever DUET
alone.

The secondapproachis to build advancedmodelsof the sourcewaveforms,so that the sourcescanbe directly
synthesizedrom theidenti ed parametersA popularmodelis the harmonicsinusoidaimodelwhich representgach
sourceby a sumof sinusoidalpartialswith harmonicfrequenciesanddifferentamplitudesand phases.Overlapping
partialsfrom differentsourcescan be separatedising someconstraintson the amplitudes. Constraintgproposedn
the literatureinclude smoothnes®f the temporaland spectralervelopes[53] and x ed temporalervelopeslearnt
on isolatednotes[54]. The latter leadsto good separatiorresultson a mixture of pianoandvoice, exploiting the
scoreof the piano part. Sinusoidalmodelshave also beenemplgyed by someCASA methods[9, 18]. Because
sinusoidalmodelingcannotrepresentll kinds of soundspthermethodshave addedcomplementarynodelsto cope
with transientor stationarywidebandnoise.Several stratgiesto separateoisy soundgproducedy differentsources
have beencomparedn [55], including an autorgressve modelfor separatingransientfrom stationarycontent,a
bandwisenoise power interpolationmethodfor separatingoverlappingtransientnoisesand a methodthat usesthe
correlationbetweertheamplitudesof the harmonicpartialsandthe shapeof the spectrakernvelopeof the noise.Other
improvementscouldincludea modelfor slightly inharmonicpartialsthatarefoundin mary musicalinstrumentsuch
aspiano. Anotherpromisingwaveformmodelrepresentshortterm framesof the sourcesasweightedsumsof basis
waveforms,in the spirit of spectraldecompositionNo constraintareset,sothatall kinds of soundscanbe modeled.
The bestwaveform basisis learntdirectly from the mixture in orderto maximizethe sparsityof the time-varying
weightsundera translationaiinvarianceconstraint{56]. Preliminarysourceseparatiorresultsare not so good, but
potentialfor improvementexists. In particular this methodcould provide a nice modelof transientnon-noisysounds.

Other challengingproblemsremainopen. For example, propermodelingof the mixing Iters accountingfor
sourcemovementscould provide major performancemprovementson dif cult real world mixturessuchas music
CDsor speechmixturesrecordedn roomswith standardeverberation.
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