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ABSTRACT

We proposeanew algorithmfor blind sourceseparatioffBSS),
in whichindependentomponenanalysiqICA) andbeamforming
arecombinedo resole thelow-cornvergenceproblemthroughop-
timizationin ICA. The proposednethodconsistof thefollowing
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 iterationandfrequeng domain. The inverseof
the mixing matrix obtainedby ICA is temporally substitutedby
the matrix basedon null beamforminghroughiterative optimiza-
tion, andthe temporalalternationbetweerlCA andbeamforming
canrealizefast-and high-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-fregelecommunicatiosystemsIn therecent
works for the BSSbhasedon the independentomponentnalysis
(ICA) [1], several methods,n which the inverseof the comple
mixing matricesarecalculatedn thefrequeng domain,have been
proposedo dealwith thearrival lagsamongeachof the elements
of themicrophonearraysysteni2, 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 thefollowing threeparts: (1) frequeng-domainlCA with
estimationof the directionof arrival (DOA) of the soundsource,
(2) null beamformingbasedon the estimatedDOA, and (3) in-
tegration of (1) and (2) basedon the algorithmdiversity in both
iterationandfrequeny domain. The temporalutilization of null
beamformingthroughICA iterationscan realize fast- and high-
cornvergenceoptimization. The experimentin a real reverberant
room revealsthat the signal separatiorperformanceand corver-
genceperformancef theproposedlgorithmaresuperiorto those
of thecorventionall CA-basedBSSmethod.Also, the experiment
in a real car environmentshaws thatthe separatiorperformances
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Fig. 1. Configurationof a microphonearrayandsignals.

of the proposedmethodare remarkablysuperiorto thoseof the
corventionalDS array

2. DATA MODEL AND CONVENTIONAL BSSMETHOD

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

In the frequeny domain,the obsened signalsin which mul-
tiple sourcesignalsare mixed are given by X (f)=A(f)S(f),
whereX (f) = [X1(f),---, Xk (f)]" is the obsenedsignalvec-
tor, and S(f) = [S1(f), -+, Sc(f)]" is the sourcesignalvector
A(f) isthemixing matrixwhichis assumedo becomple-valued
becauseve introducea modelto dealwith the arrival lagsamong
eachof the elementf the microphonearrayandroomreverbera-
tions.

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 designatehetime seriesas X (£, t)
=[X1(f,t),---, Xx(f,1)]". Next, we performsignalseparation
using the complec-valuedinverseof the mixing matrix, W (f),
sothatthe L time-serieoutputY (£,t)=[Y1(£,t),---, Yo.(f, t)]*
=W (f)X (f,t) becomesnutuallyindependentWe performthis
procedurewith respecto all frequeny bins. Finally, by applying
the inverseDFT and the overlap-addtechniqueto the separated
time seriesY (f, t), we reconstructhe resultantsourcesignalsin
thetime domain.

In theconventionall CA-basedBSSmethodtheoptimal W ( f)
is obtainedby thefollowing iterative equation2]:

Wi () =n[diag ((S(Y (£, )Y(£,1)),)
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Fig. 2. Proposedlgorithmcombiningfrequeng-domainlCA and
beamforming.
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where(-); denoteshetime-averagingoperatoys is usedto express
the value of the i th stepin the iterations,and is the step-size
parameterAlso, we definethe nonlinearvectorfunction ®(-) as

[(I)(Yl(fat))v'"7(I>(YL(f7t))]T7 (2)
[1+exp(-Y, (£, )]
+i-L+en=v2%0)] L, G

{(H)+Wi(f), (D)

®(Y(f,1) =
e(Yi(f,1) =

whereY, "™ (f,t) andY," (£, t) arethe realandimaginaryparts
of Y;(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 proposedlgorithmis 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:

WS () = n|diag ((R(Y (£,0)Y(£.0)),)

—(@(Y (£,0)Y"(£,1)) JWi(H)+Wi(f),
(4)

wherethesuperscript(ICA)” is usedto expresghattheinverseof
themixing matrix is obtainedby ICA.

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

Z W(ICA) (f) exp[j2nfdysinb/d], (5)

wherer(kICA)(f) is theelemenbof Wl(flA) (f)- Inthedirectity
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 thel th soundsource,@,, canbees-
tlmatedasel =2 ZMZ 0:(fm)/N, whereN is a total point of
DFT, andé;(fm) represent$he DOA of the! th soundsourceat
them th frequeng bin. Thesearegivenby

61 (fm) =min[argmin | Fi (fm, 6)], argmin | F>(fm, 0[], (6)
92(fm) :max[arglnain |F1(fm, 9)|7 arglnein |F2 (fmz 9)” , (1)
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 82, theelementof the matrix for signalseparatioraregivenas
Wl(?F)(fm) = exp[ — j27 fuds sin él/c]
X {exp |:j27rfmd1 (sin B> —sin 91)/0]
—exp [j27rfmd2 (sin 6, —sin él)/c] } 71, (8)
—exp [ — J27 fmda sin él/c]
X {exp [j27rfmd1 (sin B —sin 91)/0]
— exp [j27rfmd2 (sin 62 —sin 91)/0] } - 9

WS (fm) =

Also, in the casethatthe look directionis > andthe directional
null is steeredo 6, theelementof thematrix aregivenas

W™ (fm) = —exp[ — 27 frdi sin 6/c]
x {— exp[j27 fmda (sin 61 —sin 65) /c]
+exp [j27rfmd2(sin 6, —sin 92)/0] }71, (10)
WQ(QBF)(fm) = exp[ — j27 fmda sin ég/c]
X {— exp [j27rfmd1 (sin §; —sin 92)/0]
+exp[27 fmda(sin 1 —sin ) /c] } . (11)
[Step 5: Diversity with cost function] Selectthe mostsuitable
unmixing matrix in eachfrequeny bin and eachiteration point,
i.e., algorithmdiversity in both iteration and frequeng domain.

As a costfunction usedto achieve the diversity, we calculatetwo
kinds of cosinedistancedetweerthe separategignalswhich are



obtainedby ICA andbeamforming.Thesearegivenby
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whereY;, "% (£, 1) is theseparategignalby ICA, andY,"*™ (£, 1)
is the separatedsignal by beamforming. If the separationper
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:

TN (f)=

» (12)

TP (f)= , (13)
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If the ( + 1)th iterationwasthe final iteration,go to step 6; oth-
erwisego beckto step 2 andrepeatheICA iterationinsertingthe
W (f) givenby Eq.(14)into W ;(f) in Eq. (4) with anincrement
of 4.

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

(JUR(F) < TEO(h)

(J0OR) (§) > J®B) () (14)

4. EXPERIMENTSIN REVERBERANT ROOM

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
samples.Using thesesentencesye obtain12 combinationswith
respecto spealkersandsourcadirections.In theseexperimentsye
usethefollowing signalsasthe sourcesignals:the original speech
convolved with the impulseresponsespecifiedby different re-
verberatiorntimes (RTs) of 150 msecand 300 msec. The impulse
responsesre recordedin a variablereverberationtime room as
shavn in Fig. 3. The analyticalconditionsof theseexperiments
areasfollows: the samplingfrequeng is 8 kHz, theframelength
is 128 msectheframeshift is 2 msec,andthe step-sizegparameter
nis setto be1.0 x 107°.

4.2. Objective evaluation of separated signals

In orderto comparethe performanceof the proposedalgorithm
with thatof thecornventionalBSSdescribedn Sect.2 for different
iteration pointsin ICA, the noise reduction rate (NRR), defined
asthe outputsignal-to-noiseaatio (SNR)in dB minusinput SNR
in dB, is shovn in Fig. 4. Thesevalueswere averagesof all of
the combinationswith respectto spealkrsand sourcedirections.
As for the proposedalgorithm, we also plot the NRR which is
rescaledby the computationaktost(seedottedlines) becausehe
proposedalgorithmhasa computationatomplexity of about1.9-
fold comparedvith the corventionallCA.
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Fig. 3. Layoutof reverberantoomusedin experiments.

In Fig. 4, it is evident that the separationperformancesf
the proposedalgorithm are superiorto thoseof the cornventional
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
point in the corventionalICA whenthe RT is 150 msec. Also,
whenthe RT is 300 msec,the proposedmethodcanimprove the
NRR of about1.5dB.

Figure5 shaws a resultof alternationbetweenlCA andnull
beamforminghroughiterative optimizationby the proposedilgo-
rithm whenthe RT is 300 msec. In this figure, the symbol“ ="
representshatthe null beamformings usedin theiterationpoint
andfrequeng bin. As shovnin Fig. 5, theproposedlgorithmcan
work automaticallyasfollows: (1) null beamformings usedfor
theacceleratiorof learningat earlytimesin theiterationsbecause
W (BF)(#) is aroughapproximatiorof the inverseof the mixing
matrix A(f), (2) ICA is usedafterthe early partof the iterations
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 separatiorperformancendcornvergence.

5. EXPERIMENTSIN CAR ENVIRONMENT

A two-elementrraywith theinterelemenspacingof 4 cmis used
to recordthe soundsin areal carernvironmentasshavn in Fig. 6.
Thetargetsignalis adriver’s speeclwhich arrivesfrom —54°. As
for the typical noisein carenvironment,we usethe four kinds of
noisesasfollows: (1) thespealerin theassistanseatwhicharrives
from 58°, (2) noisefrom air conditioner (3) enginenoise,and(4)
road noise from the car tires. The analytical conditionsin this
experimentare the sameasthoseof the previous section,except
for the samplingfrequeng (whichis 16 kHz). Also, the highpass
filter is usedwherethe cut off frequeng is setto be 100Hz.
Figure 7 shavs NRR resultsof the proposedmethod,where
we alsoplot the resultsof the conventionalDelay-and-Sun{DS)
array with 16-elementfor comparison(a priori information on
DOAs wasgivenin DS array). Fromthis figure, it is evidentthat
the separatiorperformance®f the proposednethodareremark-
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Fig. 4. Noisereductionratesfor differentiterationin ICA. Rever-

berationtime is 150msec(top) and300msec(bottom).

ably superiorto thoseof the corventionalDS arrayfor the direc-
tional noise,e.g.,assistanspeector air-conditionernoise. Also,
for the diffusive noiselik e the enginenoiseor the roadnoise,the
separatiomperformancef theproposednethodis the sameasthat
of theDSarray evenwith only 2-elementicrophonearray These
resultsindicatethat the BSSis effective for speechenhancement
in thecarervironment.

6. CONCLUSION

In this paperwe describedafast-andhigh-corvergencealgorithm
for BSSwherenull beamformingis usedfor temporalalgorithm
diversitythroughICA iterations. Theresultsof the signalsepara-
tion experimentsreveal that the signal separatiomperformanceof
theproposedilgorithmis superiorto thatof thecorventionall CA-
basedBSSmethod andtheutilization of null beamformingn ICA
is effective for improving the separatiorperformanceandcornver-
gence,even underreverberantconditions. Also, the experiment
in areal car environmentshaws thatthe separatiorperformances
of the proposedmethodare remarkablysuperiorto thoseof the
corventionalDS array
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