Blind Source Separationof RealWorld Signals
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Abstract

We presenta methodo separateanddeconvolveources
whichhavebeenrecodedin real envionments Theuseof
noncausalFIR ®ltersallows us to deal with nonminimum
mixingsystemsThelearningrulescanbederivedfromdif-
ferentviewpointssuchasinformationmaximizationmaxi-
mumlikelihoodandnegentopywhichresultin similarrules
for the weightupdate.We transformthe learningrule into
the frequencydomainwhele the convolutionand deconvo-
lution propertybecomesa multiplicationanddivisionoper
ation. In particular, the FIR polynomialalgebratechniques
as usedby Lambertpresentan ef®cientool to solvetrue
phaseinversesystemsllowing a simpleimplementatiorof
noncausaflters.Thesigni®cancef the methodss shown
by thesuccessfuseparationof two voicesandseparatinga
voicethat hasbeenrecodedwith loud musicin the back-
ground. Therecognitionrate of an automaticspeechrecog-
nition systenis increasedafter separatingthe speectsig-
nals.

1 Intr oduction

In blind sourceseparatiorthe problemisto recoverinde-
pendensourcegyiven sensomutputsin which the sources
havebeenmixedby anunknownchannel.Theproblemhas
becomencreasinglyimportantin thesignalandspeectpro-
cessingareadueto their prospectiveapplicationin speech

recognition, telecommunicationgand medical signal pro-
cessing.

Theblind sourceseparatiomproblemhasbeenstudiedby
researcherm the ®eldof neuralnetworks [1, 2, 5, 9, 10,
16, 17] andstatisticalsignalprocessing[3, 7, 11, 15, 19].
Comon [7] de®neshe concepiof independentomponent
analysig(ICA) which measurethe degreeof independence
amongoutputsusingcontrasfunctionsapproximatedby the
Edgeworthexpansiorof the Kullback-Leiblerdivergence.
The higherorderstatisticsis approximatedy cummulants
up to 4th order and requiresintensivecomputation. Re-
searchersn neuralcomputationhave developedadaptive
learningalgorithmswhicharesimplerandbiologicallymore
plausible[1, 2, 5, 9, 10].

Recently Bell and Sejnowski [2] haveproposedanin-
formationtheoreticapproactto the blind sourceseparation
andblind deconvolutiorproblem. This approacthasbeen
extendedo convolutionandtime-delaysn a feedbackar
chitecture [6, 13, 18. Pearlmutterand Parrahaverefor-
mulatecthelCA in amaximumlikelihood (ML) framework
[16] wherethe underlyingdensityis estimatedn a context
sensitivemanner Althoughresearclin blind sourcesepara-
tion hasbeencarriedoutfor severalyearsonly veryfew pa-
pershaveaddressethe problemwith realacousticsignals
recordedn reverberatingnvironments[19, 18, 13, 12].

In this paperwetackletheproblemof separatingignals
recordedn realenvironmentsThe inverting systemis ap-
proximatedby a matrix of ®niteimpulseresponséFIR) ®I-
tersto deconvolveandunmixthemixing systemwhich may



haveanonminimunphasecharacterThelearningrulescan
be derivedfrom differentperspectivesuchasinformation
maximization,ML andnegentropywhich resultin similar

rulesfor the weight update. Anotherway of dealingwith

®ltersin a multichannelrepresentatioiis to transformthe
learningrulesinto the frequencydomainwherethe convo-
lution anddeconvolutiormpropertybecomesmultiplication
anddivisionoperation.n particular theuseof FIR polyno-
mial techniques[11] presentan ef®cienttool to solvetrue
phasénversesystemallowing a simpleimplementatiorof

noncausabltersolutions.Thesigni®cancef themethodss

shownby the successfuseparatiorof two voicesandsepa-
ratingavoicethathasbeenrecordedvith loud musicin the
background.We alsoshowthat the recognitionrate of an
automaticspeechrecognitionsystemis increasedafter sep-
aratingthe speectsignals.

2 Architecture

In thelinearblind signalprocessingproblem[2, 3, 7],

signals, , aretransmittedhrough
amediumsothatanarrayof  sensorgicksup a setof
signals , eachof which hasbeen

mixed,delayedand®lteredasfollows:

1)

(Here  areentriedn amatrixof delaysand  aretheM-

tap®ltercoef®cientdbetweerthethe th sourceandthe th

sensal) Theproblemis to invertthis environmentascram-
bling without knowledgeof it, thusrecoveringthe original
signals, . Thetypeof architecturehatwe chooseor in-

vertingeq.lis important.An accuraterchitectureo invert
a M-tap ®lteris an in®nitiveimpulseresponsglIR) ®lter
with M-taps.However lIR ®ltersarelimited to polesinside
theunitcircleandthereforeastabldIR ®lterexistsonly for

aminimumphaseamixing system.FIR ®ltersmaybeusedo
approximatehe inversesolution. Figure1 showsthe mix-

ing andunmixingsystem.

(@)

In this, we have®lters,  andthetime delaysareseenas
partof the deconvolutior®Iters. The original uncorrupted
sourcesignals, arereproducetty whenthelearnedsys-
tem is theinverseof the mixing system . The
designof mustallow for noncausakxtensionsince
theinverseof a nonminimum-phassystemnis noncausal.

g(u)
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Figure 1. (a) The feedforward mixing / con-
volving system A(z) and the inverting system
W(z) which is used to separate and decon-
volve the signals x. Each box represents a
®lter. (b) Entropy maximization at the out-
put of the nonlinear neural processor. The
nonlinearity can be ®xed or can have a
parametric form.

3 Algorithm

Recently severaklgorithmshavebeenproposedor the
blind separatiorf linearmixtures.Bell andSejnowski[2]
haveproposed simpleinfomaxneuralnetworkalgorithm
wherethey maximizethe joint entropy of anobser
vation thathasbeenlinearly transformedand processed
througha nonlinearity with . Pearl-
mutterandParra[16] derivea similar learningrule from a
ML densityestimationusingthe Kullback-Leiblerdistance
measure.

3)

is theprobabilitydensityfunction(pdf) of theobserva-
tion and is a parametricestimateof the distribu-
tion of theindependensourcesGirolamiandFyfe[9] start
from the negentropypoint of view andusea kurtosismea-
sureasprojectionpursuit.

(4)

NegentropycanalsobelookedattheML perspectivevhere
we measurghe KL-distanceof a transformedvector to



normality Sincetheobservation is closeto the Gaussian
distributionfor alinearmixing of independentariabledue
to the centrallimit theorem the differencebetweemnmaxi-
mizing the distanceo the observatioror to a Gaussiardis-
tribution doesnot matterin practice.ln [4] Cardosshows
thatinfomaxandML is equivalentecauseherelationbe-
tweenthe KL-distanceandthe ML differs by the constant
Entropy whichis notdependentn

— (5)

In bothapproachetheoutputentropy of aneuralpro-
cessolis maximizedwhich implies approximatinghe out-
putdensityin the sensef minimumKL-distance by a uni-
formdensity Thiscorrespondto producingawhitenedsig-
nalwith a at amplitudespectrumat the outputof the neu-
ral processoandat the sametime makingtheinputsignals
prior to thetransferfunction independentvhile shap-
ing themaccordingto the derivative with

being the estimateof the independensources. This
maybeviewedasmaximumentropyestimatiorof theinput
densitiesunderthe parameterizatioof . We can
relate to thenonlineartransferfunction —— thatgives
usthepdf estimate

— (6)

where
is:

is theJacobianThelogarithmicrepresentation

—

Evaluatingthe expectedraluefor eq.7givesthe outputen-
tropy which canbe maximizedwith respecto

— (8)

Consideringheparameter , abetterwayto maximizeen-
tropy in the feedforwardandfeedbacksystemis notto fol-
low theentropygradientasin [2], butto follow its “natural’
gradientasreportecby Amari etal [1]:

— (9)

Thisis anoptimalrescalingof the entropygradient.It sim-
pli®esthe learningrule and speedsonvegenceconsider
ably. Theform of the nonlinearity playsan essential

rolein thesuccessf thealgorithm.Theidealform for

is thecumulativedensityfunction(cdf) of thedistributionof
theindependergources. . Thisleavesus
somedegeeof freedonin choosingadifferentiablenonlin-
earfunctionthat®tsthe unknowntrue distributionof . If
wechoose  tobeasigmoidfunctionthelearningrulere-
ducego thealgorithmproposedn [2] andthealgorithmis
limited to theseparatiomf superGaussiarsourcesA more
accurateput computationaburdensomevay is to usethe
contextualCA [16] wherethepdfis modeledn aparamet-
ric form andtakinginto accounthe temporalinformation.
Pearlmutterand Parrachooseto make a weightedsum
of logisticdensityfunctionswith variablemeansandscales,
andmakethesemeandinearfunctionsof therecenthistory
of source asshownin ®gurel(b).

(10)
where arethemixing parameterand  arethescal-
ing parameters. denoteghe derivative

of thelogistic densityfunction. The componenmeans
arelinearfunctionsof therecentime samplewf thesource.
Thelearningrulesfor the setof parameterso parameterize
thedensityis givenby thegradientascenbf theentropy

(11)

This allows the separationof sub/supeGaussianand to
someextentGaussiamistributions.In [14] we discussev-
eralalternativegor theestimatiorof theunderlyingdensity

An elegantway of generalizingthe learning rule to
sub/supeGaussianss to approximatehe estimatedpdf in
form of the Edgeworthapproximatiorup to 4th order This
leadsto a simplesubstitutiorasshownin [9].

(12)

For superGaussianshe kurtosis  is positiveandthe re-
sulting term in eq.12correspondso an anti-
Hebbiarrulewhereador anegativekurtosisthesourcesre
subGaussiarandthetermbecomes Hebbianterm.

It is interestingo notethatthe directBussgangproperty
for blind deconvolutionaswell asthe EASI algorithmby
Cardosd3] leadto a similarlearningrule.

(13)



4 FIR Polynomial Filter Design

Theuseof IR ®ltersis restrictedo ARMA (autoregres-
sivemovingaveragepystemswith minimumphase.Since
we cannotbtainthis prior knowledgeaboutrealrecordings
we haveto assume nonminimumphasesystemwhichmay
havea noncausaPltersystemnverse.Forexampleanon-
minimumphasesystenwill occurwhenamicrophoneicks
up an echothatis strongerthanthe direct signal. Thein-
creasein negativephaseis directly relatedto the amount
of temporaldelay of a narrowbandccomponentt that fre-
guency Hence theminimumphasdag propertyor themin-
imumgroupdelaypropertyof anonminimum-phasgystem
is notguaranteeddowever anynonminimumnor truephase
systemcan be expresseds
where is @ minimum phasesystemand
is an all-passsystem. hasall its polesand ze-
rosinsidetheunit circle and representsitime de-
lay with a unit frequencymagnituderesponse.Therefore,

preserveghe amplitudefrequencyspectrumand
delays by re ectingthezerosoutsidetheunit circleto
theirconjugateaeciprocalocationinsidetheunit circle. By
time delayingtheinverting systemup to taps, be-
ing thesizeof theinverting®lter weintroducea order

whichis atechniqueo realizeanoncausasystem.

To implementsucha system the mixing andunmixing
systemin ®gurel canbe written in the frequencydomain
representationvherethe elementsof the matricesare ®I-
tersandthe multiplication operationreplaceshe convolu-
tion property Lambert11] hasshownthatFIR polynomial
matrix algebracanbe usedasan ef®cienttool to elegantly
solveproblemdor the multichannebourceseparationThe
basicideaof usingthe FIR polynomialmatrix algebrais to
extendthealgebraof scalammatricego thealgebraof matri-
cesof ®lters(time-domain)r polynomials(freq. domain).
Themethodgor computingfunctionsof anFIR ®Iter such
asaninverse,nvolve the formationof a circulantdatama-
trix. Dueto this naturewe moveto the frequencydomain
representatiowhereeigencolumn®f the circulantmatrix
arethediscreteFourierbasisfunctionsof the of corre-
spondindength. The®ltersowbecomepolynomialsof the
Laurentseriesextensionz-transform)andthe convolution
/ deconvolutiorof ®ltersis reducedo multiplication/ divi-
sionof polynomials.Forexampletheinverseof a®lter
is sucha computatiorandcanbeformulatedasfollows:

(14)
The prependingof postpendingf zerosis neededo pro-
duceagoodestimateof thedouble-sided.aurentseriesex-
pansiorto allow for noncausaéxpansion®f nonminimum

phaseroots. The circular reorderingin the time domain
shiftsthe zerothlag to the centerof the®lter Thecomplete
proofis givenin [11]. Thelearningrule for thetwo sources
/ two sensorproblemcanbereformulatedrom eq.9asfol-
lows:

(15)

Notethatthe neuralprocessor — — still operatesn

thetime domainandthe FFT is appliedattheoutput. de-
notesthe complexconjugateform. Eq.15is of theform of

theleastmeansquaredLMS) adaptive®lters.A fastimple-
mentationof the LMS adaptive®Itersin the frequencydo-
main canbe archievedby employingthe overlapand save
block LMS technique[8].

(16)

For a blocksizeof 1024FFT-pointsthe methodis 16 times
fasterthantheconventionaLMS method [8].

5 Experimentswith Real Recordings

We haveconductedseverakexperimentsn a normalof-
®ceroom (3m x 4m) anda conferenceoom (8m x 5.5m).
Thepositionof thetwo distanttalking microphonesndthe
location of the sourceshavebeenvariedfor eachexperi-
ment. In the ®rstsetof experimentwe haverecordedone
speakesayingthe digits from oneto tenwhile loud music
wasplayingin the background.In this experimentaketup
thesourcesandsensorsvereplacedin arectangulaf60cm
x 40cm)orderwith 60 cmdistanceébetweerthesourcesand
the sensors.Figure 2 (a) and (b) showsthe recordedsig-
nalswherethe speectsignalhasbeenheavily corruptedby
themusicsource.Thealgorithmconvegedafter30 epochs
througha7 sec.recordingwith 16kHz(12000Qpoints).The
unmixedsignalshavebeenobtainedusingl024tapsFIR ®I-
terswhichcoveradelayof 32mscorrespondingp 10m. The
separatedignalsareshownin ®gure? (c) and(d) A listen-
ing testshowsa cleanspeechseparation.The learned®I-
tersareshownin ®gure3. In each®lter the leadingtapis
followed by a strongnegativetap which indicatesthat the
infomaxalgorithmtriesto decorrelat@adjacentime points.
Thiswhiteningeffectincreasesheenegy in thehigherfre-
guencyspectrumandreduceshe enegy of the lower fre-
guencyband.Speectlsignalssoundsharpethantheir orig-
inal. This effectcanbecompensatelly postprocessinthe



Figure 2. Microphone recordings of two
speakers in a normal of®ce room (a) Micro-
phone 1 (b) Microphone 2. The separated
signals are (c) speech and (d) music.

unmixedsignalswith a dewhitening®Iter Anothersetof
experimenthavebeenperformedwith two speakerspeak-
ing simultaneously Figure4 (a) and (b) showthe signals
recordedvith the samesetupbut with anotherspeakesay-
ing the digits oneto tenin Spanishiunodos  diez)in-
steadof themusicsource.Theseparatedignalsareshown
in ®gure4 (c) and(d). A listeningtestshowsan almost
cleanspeeclseparation.Theseaudio-®lesre availablein
http://wwwecnl.salk.edu/ tewon/blind.html A prospective
applicatioris givenin spontaneouspeechrecognitiortasks
wherethe bestrecognizemay fail completelyin the pres-
enceof backgroundnusicor competingspeakerssin the
teleconferencingroblem.We haveusedaautomaticspeech
recognitiorsystentrainedontheWall Streetlournakaskto
testits performanceon therecordedandseparatedignals.
Therecognitionratesarelistedin table1. Theresultscan

Table 1. Speech recognition results

-0.05 02

Recog.rate No. of words | mixtures | separation
Speech-Music 100 14% 64 %
Speech-Speecf 100 42% 61%
TOTAL 200 28% 62.5%

befurtherimprovedby postprocessinthieseparatedignals,
e.g.,zeroingout the noisy partwith a low signalpowerde-
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Figure 3. Unmixing and deconvolving FIR
1024-tap ®lters. Leading weights of the chan-
nel ®lters and are at 512-taps. Cross-
channel ®lters are and

tectorandby usinga speechrecognizetrainedon digits.

6 Conclusions

We havepresented methodto separat@anddeconvolve
sourceswhich have beenrecordedin real environments.
Theuseof noncausaFIR ®ltersallowsusto dealwith non-
minimum mixing systems. The learningrules canbe de-
rived from differentperspectivesand suchas information
maximization maximumlikelihood andnegentropywhich
resultin similar rulesfor the weightupdate.We transform
thelearningrulesinto thefrequencydomainwherethecon-
volutionanddeconvolutiorpropertybecomes multiplica-
tion and division operation. In particular the useof FIR
polynomial algebratechniquegpresentan ef®cienttool to
solvetrue phaseinversesystemsallowing a simpleimple-
mentationof noncausa®ltersolutions.The signi®cancef
the methodsis shownby the successfukeparatiorof two
voicesandseparatinga voice that hasbeenrecordedwith
loud musicin the background.The recognitionrate of an
automaticspeechrecognitionsystemis increaseaftersep-
aratingthe speectsignals.
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