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ABSTRACT

In this paper we discussapproachesor blind sourcesep-
arationwhere we can use more sensorghan the number
of sourcesfor a better performance. The discussionfo-
cusesmainly on reducingthe dimensionof mixed signals
beforeapplyingindependentomponentinalysis.We com-
paretwo previously proposedmethods. The first is based
on principal componentnalysis,wherenoisereductionis
achieved. The secondinvolves selectinga subsetof sen-
sorsbasedon the factthata low frequeng prefersa wide
spacinganda high frequeng prefersa narrov spacing.We
foundthatthe PCA-basednethodbehaessimilarly to the
geometry-basethethodfor low frequenciesn theway that
it emphasizeshe outer sensorsandyields superiorresults
for high frequencieswhich providesa betterunderstanding
of theformermethod.

1. INTRODUCTION

Blind sourceseparatior(BSS)is a techniquefor estimating
original sourcesignalsusingonly sensorobsenationsthat
are mixturesof the original signals. If sourcesignalsare
mutuallyindependenandnon-Gaussianye canemploy in-

dependentomponentanalysis(ICA) to solve a BSSprob-
lem. Althoughin mary casesqualnumbersof sourcesig-

nalsandsensorsaareassumedl], usingmore sensorghan
sourcesignals(overdeterminedystemspftenyieldsbetter
results[2—4]. Differenttechniquesreemplo/edto mapthe
mixture signalspaceo the reduceddimensionabutputsig-

nal space.

In this paperwe presentthe resultsof overdetermined
BSSbasedon two differentmethodsof subspaceelection.
Eachprovidesbetterseparatiomesultsthanwhenthe num-
berof sensorandsourcesds thesame.Thefirst methoduti-
lizestheprincipalcomponentsbtainedoy principalcompo-
nentanalysigPCA)asdescribedn [5]. Thesecondnethod
is basedon geometricalselectionthat dependson the fre-
gueng andsensoispacingasdescribedn [6].

We comparedhe two methodsby undertakingexperi-
mentsusingreal world datain a reverberantervironment.
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We found that for low frequenciegshe PCA-basednethod
behaessimilarly to the geometry-basethethod while for

high frequencieghe former yields betterresults, since it

normally removesthe noisesubspacenoreefficiently than
the geometry-basedhethod. This providesa betterunder

standingof the PCA-baseapproach.

2. BSSUSING MORE SENSORSTHAN THE
NUMBER OF SOURCES

Thegenerafframevork of overdeterminedSSis shavn in
Fig. 1.
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Fig. 1. Generalframework of overdeterminedSS
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After the mixing procesghereis a subspac@rocessing
stagefollowed by the actuallCA stage.The subspacero-
cessingstagecan be subdvided into a spheringstageand
adimensionreductionstage.Their orderis differentin the
two methodglescribedhere.

We considera corvolutive BSSmodelwith N sources
si(t) (i =1,...,N)andN < M sensorghatgive mixed
signalsz;(t) (j = 1,..., M) with addednoisen;(t). The
mixing processanbedescribedy

N oo
() = >3 husit =) +n;(t) (D)
i=1 (=0
whereh;;(t) standgor theimpulseresponsdrom sourcei
to sensor;.

Theuseof moresensorshanthenumberof sourcesisu-
ally improvesthe separatiommesult. We canexploit the per
formanceimprovementtechniqueknowvn from beamform-
ing theory Whenachieving the separationye have to ap-
ply somedimensionreductionin orderto mapthe number



of mixedsignalsto thenumberof outputsignals.It appears
to be more advantageougo reducethe dimensionsbefore
ratherthanafterICA.

We employedafrequeng-domainapproacho solvethe
convolutive BSS problemincluding the subspacerocess-
ing. First, we calculatethe frequeny responsesf the sep-
aratingsystemthenwe obtaintime-domairrepresentations
by applying an inversediscreteFourier transform(DFT).
This hasanadwantagen thatsubspacg@rocessingandICA
is usedfor instantaneoumixtures,which areeasierto solve
thancorvolutive ones.Time-domairsignalsx(t) = [z1(t),
..., xp(t)] arecorvertedinto frequeng-domaintime-series
signalsX (f,m) = [X1(f,m),... X (f, m)] byanL-point
shorttime DFT, where f = 0, fs/L, ..., fs(L—1)/L
(fs: samplingfrequeng; m: time dependence)After sub-
spaceprocessingwe have uncorrelatedsignalsz(f,m) =
[Z1(f,m), ..., Zn(f,m)]T reducedto the dimensionN.
To obtainthefrequeng responsedVy;(f) of theseparating
systemwesolveanICA problemY (f, m)=W/(f)Z(f, m),
WherEY(fa TTI) = [Yl (fa m)a HE 7YK(f: 7n)]T andW(f)
isa N x N matrix whoseelementsarew (f). Yi(f,m)
is a frequeng-domainrepresentationf y; (¢) andthey are
madesoasto be mutuallyindependent.

The applicationof ICA to corvolutive mixturesin the
frequeng-domainimpliesthatwe have to solve the permu-
tation problemafterwards[7, 8]. The moresignalswe have
to permute the moredifficult it is to characterizehe com-
ponentsof eachfrequeng bin uniquelyandrelatethemto
the component®f adjacenfrequeng bins. Thuswe want
to have asfew componentaspossible,.e., theleastpossi-
ble numberof dimensions.

If wereducethedimensionsafterlCA, wefaceasimilar
problemto theonethatarisesvhensolvingthe permutation
problem,i.e., the questionof how to discriminatebetween
the componentsWe usuallyhave moreinformationbefore
usingICA to selectanappropriatesubspacésuchaseigen-
values= covarianceand sensorspacing)than after using
ICA (eigervaluesare distorteddue to scalingambiguity).
Thereforeit is betterto reducethe dimensionseforeem-
ploying ICA.

We appliedthecomplex versionof FastiICAproposedn
[9] to Z( f) to obtainseparatedignals.By usingnegentrory
maximizationasabasis theunmixingvectorfor eachsignal
is graduallyimproved by

W<—E{Z(WHZ)*9(|WHZ|2)}— 2
E{g(w™Z) + w7 ZPg (lw7Z*) } w

until the differencebetweenconsecutie unmixing vectors
falls belov a certainthreshold. E {-} denotesthe expec-
tationvalue, - the hermitianoperatorand-* the comple

conjugation. Z is assumedo have a zero meanand unit
variance. ¢g(-) denotesthe derwative of a nonlinearfunc-
tion G(-), which washerechosenas G(x) = log(a + )

with ¢ = 0.1. w is orthonormalizedvith respecto already
existing unmixingvectorsaftereachstep.
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3. SUBSPACE SELECTION

3.1. Subspace selection based on statistical properties

Asanoet al. proposeda BSS systemthat utilizes PCA for
selectinga subspacd5]. PCA in generalgives principal
componentshatareby definitionuncorrelateandis suited
to dimensionreduction[1,2]. Here PCA is basedon the
spatialcorrelationmatrix Rxx = E {x(t)x"(t)}.

They consideroomreflectionsto be uncorrelatedoise
from the direct sourcesignalss; (¢) in a practicalsenseon
condition that the time shift betweendirect and reflected
signalis larger thanthe window length usedfor the short
time DFT. By assuminguncorrelatednesst follows that
thefirst N principal componentsvith the largesteigerval-
uescontaina mixture of directsourcesignalsandnoise. N
denoteghe numberof sources.By contrastthe remaining
principalcomponentgonsistsolely of noise.

Thus by selectingthe subspacehatis spannedby the
first V principalcomponentsdimensionsareeffectively re-
ducedby removing noisewhile keepingthe signalof inter
est[10].

Hereit is importantto note that spheringtakes places
beforedimensiorreductionwhichis basedntheprincipal
componentsoundby spheringandis appliedin thesphered
signalspace.

3.2. Subspaceselection based on geometrical knowledge

A methodfor blind sourceseparatiorhas beenproposed
using several separatingsubsystemsvhosesensorspacing
could be configuredindividually [6]. Theideais basedon

the fact that low frequenciegrefera wide sensorspacing
whereashigh frequenciesprefer a narrav sensorspacing.
This is dueto theresultingphasedifference which playsa

key rolein separatingignals.Thereforethreesensorsvere

arrangedn a way that gave two different sensorspacings
usingonesenso@sa commonsensorlsshavn in Fig. 2.
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Fig. 2. Geometry-basedubspacselection

The frequeng rangeof the mixed signalswasdivided
into lower and higherfrequeng ranges. Accordingto [6]
for a frequeng to be adequatefor a given spacingd the
conditionin (3) shouldbe fulfilled. Here« is a parameter
that governsthe degreeto which the phasedifferenceex-
ceedsr, ¢ denoteghe soundvelocity and#; standsfor the
i-th sources direction.



Table 1. Summarizeccomparison

Table 2. Experimentatonditions

PCA-based selection Geometry-based selection

Statisticalconsideration Geometricatonsiderations

Different subspacdor each
frequeng range

Two differentsubspaces

First sphering, then dimen-
sionreduction

First dimension reduction,
thensphering

Directionof sources 50° and150°
Distanceof sensors dy = dy = 28.3 mm

Lengthof sourcesignals 7.4 seconds
Samplingrate 8 kHz
Window type Hanning
Filter length 2048 points
Shifting interval 512 points

Frequeng rangeparameter| « = 1.2
Thresholdfor FastICA 1073

f= 2d (cos(671) — cos(62))

The appropriatesensormpairswere choserfor eachfre-
gueng rangeandseparatelysedfor separatiornn eachfre-
gueny range.BeforelCA wasappliedto eachchosempair,
the mixed signalswerespheredlt is importantto notethat
spheringtakes placesafter dimensionreduction,which is
basedon geometricalconsiderationsndis appliedin the
mixed signalspace.

The similarities and differencesbetweenthe two sub-
spaceselectiormethodsaresummarizedn Tablel.

®)

4. EXPERIMENTAL RESULTS

4.1. Sensor selection of the PCA-based approach

We examinedthe behaior of the PCA-basedsubspacee-
lectionwith regardto theresultingsensosselection.Speech
signalsdo not always comply with the assumption®f un-
correlatednesandindependenceayhich aremadewhenap-
plying PCAandICA to them.Thereforeto assessheideal
behaior, we usedartificial signalsproducedby a random
generatoin thefrequeng-domainwith the desiredproper
tiesinsteadof real speechsignals. The normalizedsensor
gain dependingn the frequeng bin andsensoipositionis
shavnin Fig. 3. We usedtheexperimentakonditionsgiven
in thefirst two linesof Table2.

We canseethatthe PCA-basednethodalsoemphasizes
the outer sensorswith a wide spacingfor low frequencies
asthe geometricakonsiderationén [6] suggest.However,
the remainingsensoris not excludedbut contributesmore
the higherthe frequeng becomes.Differentsettingsused
in additionalexperimentsevealedsimilar behaior, partic-
ularly for low frequencies.

4.2. Comparison of the PCA- and geometry based ap-
proaches

To compargehePCA-andgeometry-basedhethodswe sep-
aratedmixturesthatwe obtainedby corvolving impulsere-
sponsesh;;(t) and pairs of speechsignalss;(t), and op-
tionally addingartificial noisen;(t). We usedspeechsig-
nals from the Acoustical Society of Japan(ASJ) continu-
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ousspeecltorpusandimpulseresponse the RealWorld
ComputingPartnershig RWCP)soundscenedatabasérom
real acousticervironments[11]. The sourcedirectionsg;
were estimatedby the MUSIC algorithm (the directionor-
thogonalto the linearly mountedsensorarrayis 90°) [12].
Thefrequeny rangeswerecalculatedbasedon the criteria
discussedn Sec3.2.

We calculatedtheSNRatoutputk as101log (3, v; (t)?/
>, ye(t)?), wherey; (¢) is a portion of y(t) that comes
from asourcesignalsy (t) andyf () = yx(t) — yi(t).

To avoid ary influenceof the permutationproblemon
the resultwe selectedthe bestpermutationby calculating
the SNRin eachfrequeng bin in a similar way to thatde-
scribedabove. Thesolutionis idealunderthe conditionthat
the permutatiorproblemis perfectlysolved.

The experimentalconditionsaregivenin Table?2.
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Fig. 3. Normalizedsensorgain with PCA-basedsubspace
selection

Figures4 and5 shaw theresultsfor bothmethodgor 12
pairsof speectsignals.Figure4 revealsthatboth subspace
methodsshav a similar behaior for low frequenciesnde-
pendenbf addednoise. This confirmsthatthe PCA-based
approachalso emphasizeshe wider sensorspacingin the
sameway asthe geometry-basedhethod.

However, for high frequencieswhile both approaches
still performsimilarly if we only accountfor reverberation,
the PCA-basedapproachworks betterthanthe geometry-



basedapproachf noiseis added(Fig. 5). We confirmed
the superiomperformancevith additionalexperimentausing
differentsensoispacings.
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Fig. 4. Comparisorof PCA-andgeometry-basedubspace
selectiorfor low frequeng range
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Fig. 5. Comparisorof PCA-andgeometry-basedubspace
selectiorfor highfrequeny range

4.3. Interpreting experimental results

We can explain the similar performanceof the PCA- and
geometry-basechethoddor low frequencie®y thefactthat
the PCA-basednethodalso emphasizeshe outer sensors
asshown in Sec. 4.1. This normally provides the high-
estpossiblephasedifferencefor low frequenciesyhich is
importantfor correctlyseparatinghe mixed signalsby the
subsequeniCA stageasmentionedn Sec.3.2.

For high frequencieshe PCA-basednethodyieldsbet-
ter resultswhen noiseis addedbecauset can utilize all
the sensorgFig. 3) whereasthe geometry-basedhethod
still utilizes only two sensors.By usingall the sensorghe
PCA-basedapproachcaneffectively suppresshe uncorre-
latednoise.
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5. CONCLUSION

We have comparedwo subspacenethodgor useasprepro-
cessingstepsn overdeterminedSS.We foundthatfor low
frequencieghe PCA-basednethodexhibits a similar per
formanceto thegeometry-baseshethodbecausé alsoem-
phasizeghe outersensors.For high frequenciegshe PCA-
basedpproactperformsbetterwhenexposedo noisyspeech
mixturesbecauselueto appropriatgphasedifferenceit can
utilize all pairsof sensordo suppresshe noise. This deep-
ensthegeometricalinderstandingf thePCA-basednethod.
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