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ABSTRACT

We proposeanew algorithmfor blind sourceseparatioffBSS),
in whichindependentomponenanalysiqICA) andbeamforming
arecombinedo resole thelow-cornvergenceproblemthroughop-
timizationin ICA. The proposednethodconsistsof the following
threeparts: (1) frequeng-domainICA with direction-of-arrval
(DOA) estimation,(2) null beamformingbasedon the estimated
DOA, and (3) integration of (1) and (2) basedon the algorithm
diversity in both iterationandfrequeny domain. The inverseof
the mixing matrix obtainedby ICA is temporally substitutecby
the matrix basedon null beamforminghroughiterative optimiza-
tion, andthe temporalalternationbetweerlCA andbeamforming
canrealizefast-andhigh-corvergenceoptimization. The results
of the signalseparatiorexperimentsreveal thatthe signalsepara-
tion performanceof the proposedalgorithmis superiorto that of
the corventionall CA-basedBSS method,even underreverberant
conditions.

1. INTRODUCTION

Blind sourceseparationNBSS)is the approachtaken to estimate
original sourcesignalsusing only the information of the mixed
signalsobsened in eachinput channel. This techniqueis ap-
plicableto the realizationof noise-rolust speechrecognitionand
high-qualityhands-fregelecommunicatiosystems.in therecent
works for the BSSbhasedon the independentomponentnalysis
(ICA) [1], several methods,n which the inverseof the comple
mixing matricesarecalculatedn thefrequengy domain,have been
proposedo dealwith the arrival lagsamongeachof the elements
of themicrophonearraysysten2, 3, 4]. However, thisICA-based
approachasthe disadwantagethatthereis difficulty with thelow
corvergenceof nonlinearoptimization[5].

In this paper we describea new algorithmfor BSSin which
ICA andbeamformingarecombined.The proposednethodcon-
sistsof the following threeparts: (1) frequeng-domainICA with
estimationof the directionof arrival (DOA) of the soundsource,
(2) null beamformingbasedon the estimatedDOA, and (3) in-
tegration of (1) and (2) basedon the algorithm diversity in both
iterationand frequeny domain. The temporalutilization of null
beamformingthroughICA iterationscan realize fast- and high-
corvergenceoptimization. The following sectionsdescribethe
proposedmethodin detail, andit is shavn that the signal sepa-
rationperformancef the proposedalgorithmis superiorto thatof
thecorventionallCA-basedBSSmethod.
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Figurel: Configurationof a microphonearrayandsignals.

2. DATA MODEL AND CONVENTIONAL BSSMETHOD

In this study a straight-linearray is assumed. The coordinates
of the elementsare designatecasdy (k = 1,---, K), andthe
directionsof arrival of multiple soundsourcesare designatechs
6, I =1,---,L) (seeFig. 1), wherewe deal with the caseof
K=L=2.

In generalthe obsered signalsin which multiple sourcesig-
nalsaremixed linearly aregiven by the following equationin the
frequeny domain:

X(f)=A(f)S(f), €]

where X (f) is the obseredsignalvector S(f) is thesourcesig-
nal vector and A( f) is the mixing matrix; thesearegivenas

X(f) (X1 (f),- -, Xr (D], (2)

S(f) = [SuF),--, S, ®3)
Au(f) Ain(f)

A(f) = : : 4
Ax1(f) Akc(f)

A(f) is assumedo be compl-valuedbecausene introducea
modelto dealwith thearrival lagsamongeachof the elementof
themicrophonearrayandroomreverberations.

In thefrequeng-domainICA, first, the short-timeanalysisof
obseredsignalsis conductedy frame-by-framediscreteFourier
transform(DFT). By plotting the spectralvaluesin a frequeng
bin of eachmicrophoneinput frameby frame,we considerthem
asatime series Hereafterwe designateéhetime seriesas X (£, t)
=[X1(f,t),---, Xx(f,1)]". Next, we performsignalseparation
usingthe comple-valuedinverseof the mixing matrix, W( f), so



thatthe L time-serieutputY (f, t) becomesnutuallyindepen-
dent;this procedurecanbegivenas

Y(f,it) = W(H)X(f1), )
where
(f’t) = [Yl(fat)a"'aYL(fat)]T: (6)
Wii(f) Wik(f)
w(f) = : : @
Wei(f) Wik (f)

We performthis procedurewith respecto all frequeng bins. Fi-
nally, by applyingthe inverseDFT andthe overlap-addechnique
to the separatedime seriesY (f, t), we reconstructhe resultant
sourcesignalsin thetime domain.

In thecorventionall CA-basedBSSmethodtheoptimal W ( f)
is obtainedby thefollowing iterative equation2, 6]:

Wi+1(f)=n[diag((‘}(Y(f,t))YH(f,t)>t)
(@Y (LY (D) JWiHIWilf), ©)

where(-); denoteshetime-averagingoperatoyi is usedto express
the value of the 4 th stepin the iterations,and is the step-size
parameterAlso, we definethe nonlinearvectorfunction ®(-) as

[Q(Yl(fat))a'"acI)(YL(f:t))]T: (9)
[1+exp(-Y ™ (f,0)]
+i-L+en-Y,°0)] T, (20
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WhereYl(P‘) (f,t) and YI(I) (f,t) aretherealandimaginaryparts
of Yi(f,t), respectiely.

3. PROPOSED ALGORITHM

The corventionallCA methodinherentlyhasa significantdisad-
vantagewhich is dueto low corvergencethroughnonlinearopti-
mizationin ICA. In orderto resohe theproblem,we proposeanal-
gorithmbasednthetemporaklternatiorof learningbetweeriCA
and beamforming;the inverseof the mixing matrix, W (f), ob-
tainedthroughICA is temporallysubstitutecby the matrix based
on null beamformingfor a temporalinitialization or acceleration
of theiterative optimization.The proposedalgorithmis conducted
by thefollowing stepswith respecto all frequeng binsin parallel
(seeFig. 2).
[Step 1: Initialization] Settheinitial W;(f),i.e., Wo(f),toan
arbitraryvalue, wherethe subscriptg is setto be0.
[Step 2: 1-time ICA iteration] Optimize W ;(f) usingthe fol-
lowing 1-timelCA iteration:
W (1) = n|ding (@ (£,0)Y*(1.1)), )
—(®(Y(£,))Y (£, 1), ]Wi(H)+Wi(f),
(11)

wherethesuperscript(ICA)” is usedto expresshattheinverseof
themixing matrixis obtainedby ICA.
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Figure 2: Proposedalgorithmcombiningfrequeng-domainICA
andbeamforming.

[Step 3: DOA estimation] EstimateDOAs of the soundsources
by utilizing the directivity patternof the array system,F;(f, ),
which s givenby

K
0) =Y WM (f) expljonfdising/c], (12)

whereW {°M)(f) is theelemenif W{\5™ (£). In thedirectivity
patterns,directionalnulls exist in only two particulardirections.
Accordingly by obtainingstatisticswith respecto the directions
of nulls at all frequeng bins, we can estimatethe DOAs of the
soundsources.The DOA of the ! th soundsource él, canbees-
tlmatedasel = QZN/2 0:(fm)/N, whereN is a total point of
DFT, and6;(fm) represent$he DOA of the! th soundsourceat

them th frequeng bin. Thesearegivenby
61(fm) =minargmin |Fi(fm,6)|, argmin |F2(fm, 0)[], (13)

92(fm)=maX[argm€in|F1(fm,9)|7aIgHgHIFz(fmﬂ)I], (14

wheremin[z, y] (max[z, y]) is definedasa functionin orderto

obtainthe smaller(larger)valueamongz andy.

[Step 4: Beamforming] Constructanalternatve matrixfor signal
separationW B ( £, basedon the null-beamformingechnique
wherethe DOA resultsobtainedn thepreviousstepis used.In the

casethatthelook directionis 6, andthedirectionalnull is steered
to 62 (seesolidline in Fig. 3), theelementf thematrix for signal
separatioraregivenas

W (f) = exp| — j27 frudy sin 61 /]
x {exp[j2m frnd (sin f2 —sin 61) /c]
—exp [j27rfmd2 (sin f2 —sin 91)/0] } _1, (15)

Wiy (fm) = —eXp[ j27Tfmd2Sinél/C:|



X {exp [j27rfmd1 (sin B2 —sin 91)/c]
— exp[j27 fmda(sin §2 —sin §1) /c] }_1_ (16)
Also, in the casethatthe look directionis 6, andthe directional
nullis steeredo 6 (seebrokenline in Fig. 3), the elementwf the
matrix aregivenas
Wi (fm) = — exp| — j2m fmdy sin B /c]
X {— exp [j27rfmd1 (sin 6, —sin éz)/c]
+ exp [ j27 fimda (sin 61 —sin 65) /c] }_l, 17)
Wiy (fm) = exp[ — j27 fmda sin o /c]
X {— exp [j27rfmd1 (sin §; —sin 92)/c]
+ exp [j27 frmda(sin 61 —sin éz)/c] }_1_ (18)

[Step 5: Diversity with cost function] Selectthe mostsuitable
unmixing matrix in eachfrequeng bin and eachiteration point,
i.e., algorithm diversity in both iteration and frequeng domain.
As a costfunctionusedto achieve the diversity, we calculatetwo
kinds of cosinedistancedetweerthe separategignalswhich are
obtainedby ICA andbeamforming Thesearegivenby

<‘Y1(ICA)(f, t)|2>%<‘y2(ICA)(f’ t)‘2>2
t

(v v (1,07 ) |

<‘Y1<Bp>(f,t)‘2>%<

whereY,'“" (£, 1) is theseparatedignalby ICA, andY,"*™ (£, t)
is the separatedsignal by beamforming. If the separatiorper
formanceof beamformingis superiorto that of ICA, we obtain
the condition, J'M(£) > JEF(f); otherwiseJ M (f) <
JBF)(f). Thus,an obsenation of the conditionsyields the fol-
lowing algorithm:

t

TIN(f)=

t

YQ(BF) (£, ‘ 2 >

JBF) f)=

, (20)

o=

t

_ w0, (109N < TBR ()
W(f) = {W(EF)U)’ (J(ICA)(f) >J(BF)(f))_

If the (¢ + 1)th iterationwasthe final iteration,go to step 6; oth-
erwisego beckto step 2 andrepeatheICA iterationinsertingthe
W (f) givenby Eq.(21)into W ;(f) in Eq.(11)with anincrement
of 4.

[Step 6: Ordering and scaling] Usingthe DOA informationob-
tainedin step 3, we detectandcorrectthe sourcepermutatiorand
thegaininconsisteng [7].

(1)

4. EXPERIMENTSAND RESULTS

4.1. Conditionsfor experiments

A two-elementarraywith the interelemenspacingof 4 cmiis as-
sumed.The speectsignalsareassumedo arrive from two direc-
tions, —30° and40°. Two kinds of sentencesthosespolen by
two maleandtwo femalespealersselectedrom the ASJ contin-
uousspeechcorpusfor researchare usedasthe original speech
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Figure3: Exampleof directiity patterndn beamforming.
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Figure4: Layoutof reverberantoomusedin experiments.

samples.Using thesesentencesye obtain12 combinationswith
respecto speakrsandsourcedirections.In theseexperimentsye
usethefollowing signalsasthe sourcesignals:theoriginal speech
convolved with the impulseresponsespecifiedby differentre-
verberatiortimes(RTs) of 150 msecand 300 msec. Theimpulse
responsesre recordedin a variablereverberationtime room as
showvn in Fig. 4. The analyticalconditionsof theseexperiments
areasfollows: the samplingfrequeng is 8 kHz, theframelength
is 128 msec theframeshift is 2 msec,andthe step-sizgparameter
nis setto be1.0 x 1075,

4.2. Objective evaluation of separated signals

In orderto comparethe performanceof the proposedalgorithm
with thatof thecorventionalBSSdescribedn Sect.2 for different
iteration pointsin ICA, the noise reduction rate (NRR), defined
asthe outputsignal-to-noiseatio (SNR)in dB minusinput SNR
in dB, is shawn in Fig. 5. Thesevalueswere averagesof all of
the combinationswith respectio spealers and sourcedirections.
As for the proposedalgorithm, we also plot the NRR which is
rescaledby the computationakost(seedottedlines) becausehe
proposedalgorithmhasa computationatompleity of about1.9-
fold comparedvith the corventionall CA.

In Fig. 5, it is evident that the separationperformancesf
the proposedalgorithm are superiorto thoseof the conventional
ICA-basedBSSmethodat every iterationpoint, even considering
the additionalcomputationatostof the proposedalgorithm. For
example,comparedwith the corventionalmethod,the proposed
methodcanimprove the NRR of about4.6 dB at the 50-iteration
pointin the corventionalICA whenthe RT is 150 msec. Also,
whenthe RT is 300 msec,the proposedmethodcanimprove the
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Figure5: Noisereductionratesfor differentiterationin ICA. Re-

verberatiortime is 150 msec(top) and300 msec(bottom).

NRR of about1.5dB.

Figure 6 shavs a resultof alternationbetweenlCA andnull
beamforminghroughiterative optimizationby the proposedalgo-
rithm whenthe RT is 300 msec. In this figure, the symbol “ ="
representshatthe null beamformings usedin theiterationpoint
andfrequeng bin. As shavnin Fig. 6, theproposedilgorithmcan
work automaticallyasfollows: (1) null beamformingis usedfor
theacceleratiorof learningat earlytimesin theiterationsbecause
W(BF)(f) is aroughapproximatiorof the inverseof the mixing
matrix A(f), (2) ICA is usedafterthe early partof theiterations
becauséCA canupdatetheinverseof themixing matrix moreac-
curately and(3) theinverseof the mixing matrix obtainedby ICA
is substitutedby the matrix basedon null beamformingthrough
wholeiterationpointsat particularfrequeng binswheretheinde-
pendencdetweerthesourcess low. Fromtheseresultsalthough
null beamformingis not suitablefor signal separatiorunderthe
conditionthatthe directsoundsandtheir reflectionsexist, we can
confirm that the temporalutilization of null beamformingfor al-
gorithmdiversitythroughlCA iterationsis effective for improving
the separatiorperformanceindcorvergence.

5. CONCLUSION

In this paperwe describedafast-andhigh-corvergencealgorithm
for BSSwherenull beamformings usedfor temporalalgorithm
diversity throughICA iterations. The resultsof the signal sepa-
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Figure6: Theresultof alternationbetweenlCA and null beam-
forming throughiterative optimizationby the proposedalgorithm.
The symbol“=" representshat the null beamformingis usedin
theiterationpointandfrequeng bin. TheRT is 300msec.

ration experimentsreveal that the signal separatiorperformance
of the proposedalgorithmis superiorto that of the conventional

ICA-basedBSS method,andthe utilization of null beamforming
in ICA is effective for improving the separatiorperformanceand

corvergence gvenunderreverberantonditions.
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