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ABSTRACT

Weproposeanew algorithmfor blindsourceseparation(BSS),
in whichindependentcomponentanalysis(ICA) andbeamforming
arecombinedto resolve thelow-convergenceproblemthroughop-
timizationin ICA. Theproposedmethodconsistsof thefollowing
threeparts: (1) frequency-domainICA with direction-of-arrival
(DOA) estimation,(2) null beamformingbasedon the estimated
DOA, and (3) integration of (1) and (2) basedon the algorithm
diversity in both iterationandfrequency domain. The inverseof
the mixing matrix obtainedby ICA is temporallysubstitutedby
thematrix basedon null beamformingthroughiterative optimiza-
tion, andthetemporalalternationbetweenICA andbeamforming
canrealizefast-andhigh-convergenceoptimization. The results
of thesignalseparationexperimentsreveal that thesignalsepara-
tion performanceof the proposedalgorithmis superiorto thatof
theconventionalICA-basedBSSmethod,evenunderreverberant
conditions.

1. INTRODUCTION

Blind sourceseparation(BSS) is the approachtaken to estimate
original sourcesignalsusing only the information of the mixed
signalsobserved in eachinput channel. This techniqueis ap-
plicableto the realizationof noise-robust speechrecognitionand
high-qualityhands-freetelecommunicationsystems.In therecent
works for theBSSbasedon the independentcomponentanalysis
(ICA) [1], several methods,in which the inverseof the complex
mixing matricesarecalculatedin thefrequency domain,havebeen
proposedto dealwith thearrival lagsamongeachof theelements
of themicrophonearraysystem[2, 3, 4]. However, thisICA-based
approachhasthedisadvantagethatthereis difficulty with thelow
convergenceof nonlinearoptimization[5].

In this paper, we describea new algorithmfor BSSin which
ICA andbeamformingarecombined.Theproposedmethodcon-
sistsof thefollowing threeparts:(1) frequency-domainICA with
estimationof the directionof arrival (DOA) of the soundsource,
(2) null beamformingbasedon the estimatedDOA, and (3) in-
tegrationof (1) and(2) basedon the algorithmdiversity in both
iterationandfrequency domain. The temporalutilization of null
beamformingthroughICA iterationscan realizefast- and high-
convergenceoptimization. The following sectionsdescribethe
proposedmethodin detail, and it is shown that the signal sepa-
rationperformanceof theproposedalgorithmis superiorto thatof
theconventionalICA-basedBSSmethod.
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Figure1: Configurationof a microphonearrayandsignals.

2. DATA MODEL AND CONVENTIONAL BSS METHOD

In this study, a straight-linearray is assumed.The coordinates
of the elementsare designatedas

���
( �����	��
�
�
��� ), and the

directionsof arrival of multiple soundsourcesaredesignatedas���
( ��������
�
�
���� ) (seeFig. 1), wherewe deal with the caseof�������� .
In general,theobservedsignalsin which multiple sourcesig-

nalsaremixed linearly aregivenby thefollowing equationin the
frequency domain: ���! #" ��$ �! #"�%&�! #" � (1)
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$ �! #" is assumedto be complex-valuedbecausewe introducea
modelto dealwith thearrival lagsamongeachof theelementsof
themicrophonearrayandroomreverberations.

In thefrequency-domainICA, first, theshort-timeanalysisof
observedsignalsis conductedby frame-by-framediscreteFourier
transform(DFT). By plotting the spectralvaluesin a frequency
bin of eachmicrophoneinput frameby frame,we considerthem
asatimeseries.Hereafter, wedesignatethetimeseriesas

�'�! �,A "��( )B* �! �,A " �C
�
�
��<)D- �! �,A "0/ 1 . Next, we performsignalseparation
usingthecomplex-valuedinverseof themixing matrix, E �! #"

, so



that the � time-seriesoutput F �! �<A " becomesmutually indepen-
dent;this procedurecanbegivenasF �! �,A " � E �! #",�'�! �,A " � (5)
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We performthis procedurewith respectto all frequency bins. Fi-
nally, by applyingtheinverseDFT andtheoverlap-addtechnique
to the separatedtime seriesF �! �,A " , we reconstructthe resultant
sourcesignalsin thetimedomain.

In theconventionalICA-basedBSSmethod,theoptimal E �! #"
is obtainedby thefollowing iterative equation[2, 6]:ELK2M * �! #" �DNPO2QSRUT	VXWSY�Z � F �! �<A "<" F\[ �! �,A "C]�^H_` Y Z � F �! �<A "<" F\[ �! �,A " ] ^ba ELK �! #"�c EdK �! #" � (8)

where e,
 f ^ denotesthetime-averagingoperator, g is usedto express
the valueof the g th stepin the iterations,and N is the step-size
parameter. Also, we definethenonlinearvectorfunction Z � 
 " asZ � F �! �HA "<"ih ( j � Gk* �! �,A "<" ��
�
�
���j � G 5 �! �<A "<"0/U1 � (9)j � G � �! �HA "<"ih l � cnm�o�pq� ` GsrUtvu� �! �HA "<" axw *czy 
 l � cnm�o�pq� ` G rU{Uu� �! �,A "<" a w * � (10)

where G rUtvu� �! �,A " and G rU{7u� �! �<A " arethe real andimaginaryparts
of G � �! �,A " , respectively.

3. PROPOSED ALGORITHM

The conventionalICA methodinherentlyhasa significantdisad-
vantagewhich is dueto low convergencethroughnonlinearopti-
mizationin ICA. In orderto resolvetheproblem,weproposeanal-
gorithmbasedonthetemporalalternationof learningbetweenICA
andbeamforming;the inverseof the mixing matrix, E �! #"

, ob-
tainedthroughICA is temporallysubstitutedby thematrix based
on null beamformingfor a temporalinitialization or acceleration
of theiterativeoptimization.Theproposedalgorithmis conducted
by thefollowing stepswith respectto all frequency binsin parallel
(seeFig. 2).
[Step 1: Initialization] Settheinitial E K �! #" , i.e., EL| �! #" , to an
arbitraryvalue,wherethesubscriptsg is setto be0.
[Step 2: 1-time ICA iteration] Optimize ELK �! #" usingthe fol-
lowing 1-timeICA iteration:E rU{U}S~�uK7M * �! #" �zN=O�QSRUT	V�W�Y�Z � F �! �,A "<" F [ �! �,A "C] ^ _` Y�Z � F �! �HA "<" F [ �! �,A "C]�^ a E K �! #"�c E K �! #" �

(11)

wherethesuperscript“(ICA)” is usedto expressthattheinverseof
themixing matrix is obtainedby ICA.
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Figure2: Proposedalgorithmcombiningfrequency-domainICA
andbeamforming.

[Step 3: DOA estimation] EstimateDOAs of thesoundsources
by utilizing the directivity patternof the arraysystem, � � �! � � " ,
which is givenby

� � �! � � " � -� ��� * I r�{7}�~�u� � �! #"&m�o�p ( y ���  ����� R�� �x��� / � (12)

where
I rU{U}S~�u� � �! #"

is theelementof E rU{U}S~�uK2M * �! #"
. In thedirectivity

patterns,directionalnulls exist in only two particulardirections.
Accordingly, by obtainingstatisticswith respectto thedirections
of nulls at all frequency bins, we can estimatethe DOAs of the
soundsources.TheDOA of the � th soundsource, �� � , canbees-
timatedas ���� �������k�C�� � * ��� �! � " ��� , where

�
is a total point of

DFT, and
��� �! � " representstheDOA of the � th soundsourceat

the � th frequency bin. Thesearegivenby� * �! � " �B�.R�� l T���V��.RU���� � * �! � � � " � ��T���V��.R����� � � �! � � � " � a � (13)� � �! � " �B�sT o�l T���V��.R����� �X* �! � � � " � ��T���V��.RU���� � � �! � � � " � a � (14)

where �.R��6(  q�<¡ / ( �sT o (  ¢�<¡ / ) is definedasa function in order to
obtainthesmaller(larger)valueamong  and ¡ .
[Step 4: Beamforming] Constructanalternativematrixfor signal
separation,E r�£S¤xu �! #" , basedon thenull-beamformingtechnique
wheretheDOA resultsobtainedin thepreviousstepis used.In the
casethatthelook directionis �� * andthedirectionalnull is steered
to �� � (seesolid line in Fig. 3), theelementsof thematrix for signal
separationaregivenasI rU£S¤�u*<* �! � " � m�o�p=l ` y ���  � � * � R��B�� * ��� a¥J¦ m�o�p§l y ���  � � * � � RU�B�� � ` � RU�¨�� * " ��� a` m�o�p=l y ���  � � � � � R��¨�� � ` � R��©�� * " ��� aSª w * � (15)I rU£S¤�u* � �! � " � ` m�o�p l ` y ���  � � � � R��©�� * ��� a
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Also, in the casethat the look directionis �� � andthe directional
null is steeredto �� * (seebrokenline in Fig. 3), theelementsof the
matrix aregivenasI r�£S¤xu� * �! � " � ` m�o�p§l ` y ���  � � * � R��¨�� � ��� a¥�¦ ` m�o�p=l y ���  � � * � � R��¨�� * ` � R��©�� � " ��� ac«m�o�p=l y ���  � � � � � R�� �� * ` � R�� �� � " ��� aSª w * � (17)I r�£S¤xu�<� �! � " � m�o�pPl ` y ���  � � � � R�� �� � ��� a¥�¦ ` m�o�p=l y ���  � � * � � R��¨�� * ` � R��©�� � " ��� ac«m�o�p=l y ���  � � � � � R��B�� * ` � R��¨�� � " ��� aSª w * @ (18)

[Step 5: Diversity with cost function] Selectthe mostsuitable
unmixing matrix in eachfrequency bin andeachiterationpoint,
i.e., algorithm diversity in both iterationand frequency domain.
As a costfunctionusedto achieve thediversity, we calculatetwo
kindsof cosinedistancesbetweentheseparatedsignalswhich are
obtainedby ICA andbeamforming.Thesearegivenby¬ rU{7}�~�u �! #" � �® GsrU{7}�~�u* �! �,A " Gsr�{7}�~�u� �! �,A "�¯�° ^ ±  G r�{7}�~�u* �! �,A "  ��²¨³´^ ±  G rU{U}S~�u� �! �,A "  �x²©³´^ � (19)

¬ rU£�¤xu �! #" � �® GsrU£S¤�u* �! �,A " GsrU£�¤xu� �! �,A " ¯ ° ^ ±  G+r�£S¤xu* �! �HA "  � ² ³´^ ±  GsrU£�¤xu� �! �,A "  � ² ³´^ � (20)

whereG.rU{7}�~�u� �! �,A " is theseparatedsignalby ICA, and G.rU£�¤xu� �! �,A "
is the separatedsignal by beamforming. If the separationper-
formanceof beamformingis superiorto that of ICA, we obtain
the condition,

¬ rU{7}�~�u �! #"\µd¬ r�£S¤xu �! #" ; otherwise
¬ rU{U}S~�u �! #"\¶¬ r�£S¤xu �! #" . Thus,an observation of the conditionsyields the fol-

lowing algorithm:E �! #" �¸· E�rU{U}S~�uK2M * �! #" �º¹ ¬ rU{U}S~�u �! #"»¶�¬ r�£S¤xu �! #"<¼E rU£�¤xu �! #" � ¹ ¬ rU{U}S~�u �! #"»µ�¬ r�£S¤xu �! #" ¼ @ (21)

If the( g c � )th iterationwasthefinal iteration,go to step 6; oth-
erwisegobeckto step 2 andrepeattheICA iterationinsertingtheE �! #"

givenbyEq.(21)into E K �! #" in Eq.(11)with anincrement
of g .
[Step 6: Ordering and scaling] UsingtheDOA informationob-
tainedin step 3, we detectandcorrectthesourcepermutationand
thegaininconsistency [7].

4. EXPERIMENTS AND RESULTS

4.1. Conditions for experiments

A two-elementarraywith the interelementspacingof 4 cm is as-
sumed.Thespeechsignalsareassumedto arrive from two direc-
tions, `=½�¾x¿ and À ¾�¿ . Two kinds of sentences,thosespoken by
two maleandtwo femalespeakersselectedfrom theASJcontin-
uousspeechcorpusfor research,areusedasthe original speech
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Figure3: Exampleof directivity patternsin beamforming.
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Figure4: Layoutof reverberantroomusedin experiments.

samples.Using thesesentences,we obtain12 combinationswith
respectto speakersandsourcedirections.In theseexperiments,we
usethefollowing signalsasthesourcesignals:theoriginal speech
convolved with the impulseresponsesspecifiedby different re-
verberationtimes(RTs) of 150msecand300msec.The impulse
responsesare recordedin a variablereverberationtime room as
shown in Fig. 4. The analyticalconditionsof theseexperiments
areasfollows: thesamplingfrequency is 8 kHz, theframelength
is 128msec,theframeshift is 2 msec,andthestep-sizeparameterN is setto be � @ ¾ ¥ � ¾ w#Á .
4.2. Objective evaluation of separated signals

In order to comparethe performanceof the proposedalgorithm
with thatof theconventionalBSSdescribedin Sect.2 for different
iterationpoints in ICA, the noise reduction rate (NRR), defined
astheoutputsignal-to-noiseratio (SNR) in dB minusinput SNR
in dB, is shown in Fig. 5. Thesevalueswereaveragesof all of
the combinationswith respectto speakersandsourcedirections.
As for the proposedalgorithm, we also plot the NRR which is
rescaledby the computationalcost(seedottedlines) becausethe
proposedalgorithmhasa computationalcomplexity of about1.9-
fold comparedwith theconventionalICA.

In Fig. 5, it is evident that the separationperformancesof
the proposedalgorithmaresuperiorto thoseof the conventional
ICA-basedBSSmethodat every iterationpoint, evenconsidering
the additionalcomputationalcostof theproposedalgorithm. For
example,comparedwith the conventionalmethod,the proposed
methodcanimprove theNRR of about4.6 dB at the50-iteration
point in the conventionalICA when the RT is 150 msec. Also,
whenthe RT is 300msec,the proposedmethodcanimprove the
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Figure5: Noisereductionratesfor differentiterationin ICA. Re-
verberationtime is 150msec(top)and300msec(bottom).

NRRof about1.5dB.
Figure6 shows a resultof alternationbetweenICA andnull

beamformingthroughiterativeoptimizationby theproposedalgo-
rithm when the RT is 300 msec. In this figure, the symbol “-”
representsthat thenull beamformingis usedin theiterationpoint
andfrequency bin. As shown in Fig. 6, theproposedalgorithmcan
work automaticallyasfollows: (1) null beamformingis usedfor
theaccelerationof learningatearlytimesin theiterationsbecauseE rU£�¤xu �! #" is a roughapproximationof the inverseof themixing
matrix $ �! #" , (2) ICA is usedafter theearlypartof the iterations
becauseICA canupdatetheinverseof themixing matrixmoreac-
curately, and(3) theinverseof themixing matrix obtainedby ICA
is substitutedby the matrix basedon null beamformingthrough
wholeiterationpointsat particularfrequency binswheretheinde-
pendencebetweenthesourcesis low. Fromtheseresults,although
null beamformingis not suitablefor signalseparationunderthe
conditionthatthedirectsoundsandtheir reflectionsexist, we can
confirm that the temporalutilization of null beamformingfor al-
gorithmdiversitythroughICA iterationsis effectivefor improving
theseparationperformanceandconvergence.

5. CONCLUSION

In thispaper, wedescribedafast-andhigh-convergencealgorithm
for BSSwherenull beamformingis usedfor temporalalgorithm
diversity throughICA iterations. The resultsof the signalsepa-
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Figure6: The resultof alternationbetweenICA andnull beam-
forming throughiterativeoptimizationby theproposedalgorithm.
The symbol “-” representsthat the null beamformingis usedin
theiterationpointandfrequency bin. TheRT is 300msec.

ration experimentsreveal that the signalseparationperformance
of the proposedalgorithmis superiorto that of the conventional
ICA-basedBSSmethod,andthe utilization of null beamforming
in ICA is effective for improving theseparationperformanceand
convergence,evenunderreverberantconditions.
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