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ABSTRACT

In this paper, we discussapproachesfor blind sourcesep-
arationwherewe can usemore sensorsthan the number
of sourcesfor a better performance. The discussionfo-
cusesmainly on reducingthe dimensionof mixed signals
beforeapplyingindependentcomponentanalysis.Wecom-
paretwo previously proposedmethods.The first is based
on principal componentanalysis,wherenoisereductionis
achieved. The secondinvolves selectinga subsetof sen-
sorsbasedon the fact that a low frequency prefersa wide
spacinganda high frequency prefersa narrow spacing.We
found that thePCA-basedmethodbehavessimilarly to the
geometry-basedmethodfor low frequenciesin theway that
it emphasizesthe outersensorsandyields superiorresults
for high frequencies,whichprovidesabetterunderstanding
of theformermethod.

1. INTRODUCTION

Blind sourceseparation(BSS)is a techniquefor estimating
original sourcesignalsusingonly sensorobservationsthat
are mixturesof the original signals. If sourcesignalsare
mutuallyindependentandnon-Gaussian,wecanemploy in-
dependentcomponentanalysis(ICA) to solve a BSSprob-
lem. Althoughin many casesequalnumbersof sourcesig-
nalsandsensorsareassumed[1], usingmoresensorsthan
sourcesignals(overdeterminedsystems)oftenyieldsbetter
results[2–4]. Differenttechniquesareemployedto mapthe
mixturesignalspaceto thereduceddimensionaloutputsig-
nal space.

In this paperwe presentthe resultsof overdetermined
BSSbasedon two differentmethodsof subspaceselection.
Eachprovidesbetterseparationresultsthanwhenthenum-
berof sensorsandsourcesis thesame.Thefirst methoduti-
lizestheprincipalcomponentsobtainedbyprincipalcompo-
nentanalysis(PCA)asdescribedin [5]. Thesecondmethod
is basedon geometricalselectionthat dependson the fre-
quency andsensorspacingasdescribedin [6].

We comparedthe two methodsby undertakingexperi-
mentsusingreal world datain a reverberantenvironment.
�
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We found that for low frequenciesthe PCA-basedmethod
behavessimilarly to thegeometry-basedmethod,while for
high frequenciesthe former yields better results,since it
normally removesthenoisesubspacemoreefficiently than
the geometry-basedmethod.This providesa betterunder-
standingof thePCA-basedapproach.

2. BSS USING MORE SENSORS THAN THE
NUMBER OF SOURCES

Thegeneralframework of overdeterminedBSSis shown in
Fig. 1.
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Fig. 1. Generalframework of overdeterminedBSS

After themixing processthereis a subspaceprocessing
stagefollowedby theactualICA stage.Thesubspacepro-
cessingstagecanbe subdivided into a spheringstageand
a dimensionreductionstage.Their orderis differentin the
two methodsdescribedhere.

We considera convolutive BSSmodelwith � sources������������ "!$#&%('('(')% � � and �+*$, sensorsthatgive mixed
signals-/. �����0��12!3#&%('(')'(% , � with addednoise45. ����� . The
mixing processcanbedescribedby

-/. �����0!76��8:9
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where > . ������� standsfor theimpulseresponsefrom source 
to sensor1 .

Theuseof moresensorsthanthenumberof sourcesusu-
ally improvestheseparationresult.We canexploit theper-
formanceimprovementtechniqueknown from beamform-
ing theory. Whenachieving theseparation,we have to ap-
ply somedimensionreductionin orderto mapthenumber



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

Weemployedafrequency-domainapproachto solvethe
convolutive BSSproblemincluding the subspaceprocess-
ing. First, we calculatethefrequency responsesof thesep-
aratingsystem,thenweobtaintime-domainrepresentations
by applying an inversediscreteFourier transform(DFT).
This hasanadvantagein thatsubspaceprocessingandICA
is usedfor instantaneousmixtures,whichareeasierto solve
thanconvolutiveones.Time-domainsignalsH �����I!KJ - 9)�����B%'('(')% -/L �����NM areconvertedinto frequency-domaintime-series
signalsO ��PQ%BRS�0!TJ UV9)��PQ%BRS��%('(')'BU L ��PQ%BRW�XM byan Y -point
short time DFT, where PZ!\[]%^P)_a` Y %^')'('(%bP(_c� Y Cd#e��` Y
( P)_ : samplingfrequency; R : time dependence).After sub-
spaceprocessing,we have uncorrelatedsignalsf ��PQ%BRW�g!Jih:9)��PQ%BRW�B%/'(')'(%/h

6
�BPQ%BRW�NM�j reducedto the dimension� .

To obtainthefrequency responsesk2l(. �BPm� of theseparating
system,wesolveanICA problemn ��PQ%BRW�c!po\��P/� f ��PQ%BRS� ,
where n ��PQ%BRW�I!qJ�rF9(��PQ%BRW��%('('(')%(rQsI�BPQ%�RS�NM j and o\�BPm�
is a �+tu� matrix whoseelementsare vxwl ��P/� . r l �BPQ%BRW�
is a frequency-domainrepresentationof yzl ����� andthey are
madesoasto bemutuallyindependent.

The applicationof ICA to convolutive mixturesin the
frequency-domainimpliesthatwehave to solve thepermu-
tationproblemafterwards[7,8]. Themoresignalswe have
to permute,themoredifficult it is to characterizethecom-
ponentsof eachfrequency bin uniquelyandrelatethemto
thecomponentsof adjacentfrequency bins. Thuswe want
to have asfew componentsaspossible,i.e., theleastpossi-
blenumberof dimensions.

If wereducethedimensionsafterICA, wefaceasimilar
problemto theonethatariseswhensolvingthepermutation
problem,i.e., the questionof how to discriminatebetween
thecomponents.We usuallyhave moreinformationbefore
usingICA to selectanappropriatesubspace(suchaseigen-
values ! covarianceand sensorspacing)than after using
ICA (eigenvaluesare distorteddue to scalingambiguity).
Thereforeit is betterto reducethe dimensionsbeforeem-
ploying ICA.

Weappliedthecomplex versionof FastICAproposedin
[9] to f ��P/� to obtainseparatedsignals.By usingnegentropy
maximizationasabasis,theunmixingvectorfor eachsignal
is graduallyimprovedby

v|{+} f � v w f ��~B�/��� v w f � �z� C (2)

} �/��� v w f � � �/EW� v w f � � �z�B��� v w f � � � v
until the differencebetweenconsecutive unmixing vectors
falls below a certainthreshold. }S�e��� denotesthe expec-
tation value, � w the hermitianoperatorand � ~ the complex
conjugation. f is assumedto have a zero meanand unit
variance. �m� � � denotesthe derivative of a nonlinearfunc-
tion � � � � , which washerechosenas � � - ��!����e�����IE - �
with ��!W[]'�# . v is orthonormalizedwith respectto already
existing unmixingvectorsaftereachstep.

3. SUBSPACE SELECTION

3.1. Subspace selection based on statistical properties

Asanoet al. proposeda BSSsystemthat utilizes PCA for
selectinga subspace[5]. PCA in generalgives principal
componentsthatareby definitionuncorrelatedandis suited
to dimensionreduction[1,2]. Here PCA is basedon the
spatialcorrelationmatrix ���&� ! } H ����� H�w ����� .

They considerroomreflectionsto beuncorrelatednoise
from the direct sourcesignals ��������� in a practicalsenseon
condition that the time shift betweendirect and reflected
signal is larger than the window lengthusedfor the short
time DFT. By assuminguncorrelatedness,it follows that
thefirst � principalcomponentswith the largesteigenval-
uescontaina mixtureof directsourcesignalsandnoise. �
denotesthe numberof sources.By contrastthe remaining
principalcomponentsconsistsolelyof noise.

Thusby selectingthe subspacethat is spannedby the
first � principalcomponents,dimensionsareeffectively re-
ducedby removing noisewhile keepingthesignalof inter-
est[10].

Here it is importantto note that spheringtakesplaces
beforedimensionreduction,which is basedontheprincipal
componentsfoundby spheringandis appliedin thesphered
signalspace.

3.2. Subspace selection based on geometrical knowledge

A methodfor blind sourceseparationhasbeenproposed
usingseveral separatingsubsystemswhosesensorspacing
couldbeconfiguredindividually [6]. The ideais basedon
the fact that low frequenciesprefera wide sensorspacing
whereashigh frequenciesprefer a narrow sensorspacing.
This is dueto theresultingphasedifference,which playsa
key role in separatingsignals.Thereforethreesensorswere
arrangedin a way that gave two differentsensorspacings
usingonesensorasacommonsensorasshown in Fig. 2.
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Fig. 2. Geometry-basedsubspaceselection

The frequency rangeof the mixed signalswasdivided
into lower andhigher frequency ranges.Accordingto [6]
for a frequency to be adequatefor a given spacing � the
conditionin (3) shouldbe fulfilled. Here � is a parameter
that governsthe degreeto which the phasedifferenceex-
ceeds� , � denotesthesoundvelocity and � � standsfor the -th source’s direction.



Table 1. Summarizedcomparison

PCA-based selection Geometry-based selection

Statisticalconsideration Geometricalconsiderations

Different subspacefor each
frequency range

Two differentsubspaces

First sphering, then dimen-
sionreduction

First dimension reduction,
thensphering

P�� �G�� � �X�)�c�&� � 9)�FCV�)�e�a� � � ��� (3)

The appropriatesensorpairswerechosenfor eachfre-
quency rangeandseparatelyusedfor separationin eachfre-
quency range.BeforeICA wasappliedto eachchosenpair,
themixedsignalsweresphered.It is importantto notethat
spheringtakes placesafter dimensionreduction,which is
basedon geometricalconsiderationsand is appliedin the
mixedsignalspace.

The similarities and differencesbetweenthe two sub-
spaceselectionmethodsaresummarizedin Table1.

4. EXPERIMENTAL RESULTS

4.1. Sensor selection of the PCA-based approach

We examinedthe behavior of the PCA-basedsubspacese-
lectionwith regardto theresultingsensorselection.Speech
signalsdo not alwayscomply with the assumptionsof un-
correlatednessandindependence,whicharemadewhenap-
plying PCAandICA to them.Therefore,to assesstheideal
behavior, we usedartificial signalsproducedby a random
generatorin thefrequency-domainwith thedesiredproper-
ties insteadof real speechsignals. The normalizedsensor
gain dependingon thefrequency bin andsensorpositionis
shown in Fig. 3. Weusedtheexperimentalconditionsgiven
in thefirst two linesof Table2.

WecanseethatthePCA-basedmethodalsoemphasizes
the outersensorswith a wide spacingfor low frequencies
asthegeometricalconsiderationsin [6] suggest.However,
the remainingsensoris not excludedbut contributesmore
the higherthe frequency becomes.Differentsettingsused
in additionalexperimentsrevealedsimilar behavior, partic-
ularly for low frequencies.

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

TocomparethePCA-andgeometry-basedmethods,wesep-
aratedmixturesthatweobtainedby convolving impulsere-
sponses> . ������� and pairs of speechsignals ��������� , and op-
tionally addingartificial noise4G. ����� . We usedspeechsig-
nals from the AcousticalSocietyof Japan(ASJ) continu-

Table 2. Experimentalconditions
Directionof sources ���c  and ¡����c 
Distanceof sensors ¢�£G¤¥¢§¦¨¤W©�ªa«­¬ mm
Lengthof sourcesignals ®&« ¯ seconds
Samplingrate ª kHz
Window type Hanning
Filter length ©���¯Qª points
Shifting interval �a¡�© points
Frequency rangeparameter °V¤S¡a«i©
Thresholdfor FastICA ¡��²±Q³

ousspeechcorpusandimpulseresponsesin theRealWorld
ComputingPartnership(RWCP)soundscenedatabasefrom
real acousticenvironments[11]. The sourcedirections � �
wereestimatedby theMUSIC algorithm(thedirectionor-
thogonalto the linearly mountedsensorarrayis ´ [²µ ) [12].
Thefrequency rangeswerecalculatedbasedon thecriteria
discussedin Sec3.2.

WecalculatedtheSNRatoutput ¶ as #·[0���e� ¸ y _l ����� � `¸ y²¹l ����� � , where y _l ����� is a portion of yºl ����� that comes
from asourcesignal � l ����� andy]¹l �����0! yzl �����FC y _l ����� .

To avoid any influenceof the permutationproblemon
the resultwe selectedthe bestpermutationby calculating
theSNRin eachfrequency bin in a similar way to thatde-
scribedabove. Thesolutionis idealundertheconditionthat
thepermutationproblemis perfectlysolved.

Theexperimentalconditionsaregivenin Table2.
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Fig. 3. Normalizedsensorgain with PCA-basedsubspace
selection

Figures4 and5 show theresultsfor bothmethodsfor 12
pairsof speechsignals.Figure4 revealsthatbothsubspace
methodsshow a similar behavior for low frequenciesinde-
pendentof addednoise.This confirmsthat thePCA-based
approachalsoemphasizesthe wider sensorspacingin the
samewayasthegeometry-basedmethod.

However, for high frequencies,while both approaches
still performsimilarly if we only accountfor reverberation,
the PCA-basedapproachworks betterthan the geometry-



basedapproachif noiseis added(Fig. 5). We confirmed
thesuperiorperformancewith additionalexperimentsusing
differentsensorspacings.
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Fig. 4. Comparisonof PCA- andgeometry-basedsubspace
selectionfor low frequency range
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Fig. 5. Comparisonof PCA- andgeometry-basedsubspace
selectionfor high frequency range

4.3. Interpreting experimental results

We can explain the similar performanceof the PCA- and
geometry-basedmethodsfor low frequenciesby thefactthat
the PCA-basedmethodalso emphasizesthe outer sensors
as shown in Sec. 4.1. This normally provides the high-
estpossiblephasedifferencefor low frequencies,which is
importantfor correctlyseparatingthemixedsignalsby the
subsequentICA stageasmentionedin Sec.3.2.

For high frequenciesthePCA-basedmethodyieldsbet-
ter resultswhen noise is addedbecauseit can utilize all
the sensors(Fig. 3) whereasthe geometry-basedmethod
still utilizesonly two sensors.By usingall thesensorsthe
PCA-basedapproachcaneffectively suppressthe uncorre-
latednoise.

5. CONCLUSION

Wehavecomparedtwo subspacemethodsfor useasprepro-
cessingstepsin overdeterminedBSS.Wefoundthatfor low
frequenciesthe PCA-basedmethodexhibits a similar per-
formanceto thegeometry-basedmethodbecauseit alsoem-
phasizesthe outersensors.For high frequenciesthe PCA-
basedapproachperformsbetterwhenexposedtonoisyspeech
mixturesbecausedueto appropriatephasedifferenceit can
utilize all pairsof sensorsto suppressthenoise.This deep-
ensthegeometricalunderstandingof thePCA-basedmethod.
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