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ABSTRACT

We proposeanalgorithmandarchitecturdor real-timeblind
sourceseparatiorof linear cornvolutive mixturesusing or-
thogonalfilter banks. The adaptve algorithmderivesfrom
stochastiogradientdescentoptimizationof a performance
metric that quantifiesindependenceot only acrossthere-
constructedourcesbut alsoacrosgimewithin eachsource.
Thespecialcaseof aLaguerresectionoffersacompactep-
resentationwith a small numberof filter tapseven under
severe reverberantconditions,facilitating real-timeimple-
mentationin a modularand scalableparallel architecture.
Simulationsof the proposedarchitectureand updaterule
validatetheapproach.

1. INTRODUCTION

Thesignalprocessingroblemof separatinginddecomwolv-
ing obsenedmixturesof unknovnindependensourcesvith-
out knowledgeof the mixing medium,is known as blind
sourceseparatior(BSS) or independentomponentnaly-
sis (ICA). The problemis addressedxtensively in the lit-
eratureand differentalgorithmsfor a wide rangeof appli-
cationsin speectprocessingwirelesscommunicationgind
biomedicalsignalprocessingxist.

BSS algorithmshave beenstudiedin the information-
theoreticandstatisticalsignalprocessindgramework. Max-
imizationof entrogy of transformedutputsignalsandmin-
imization of mutualinformationof outputsignalsaremain
approachem deriving learningalgorithmsfrom information-
theoreticperspectie[1, 2, 3]. Maximumlikelihoodestima-
tion (MLE) approacHeadsto samealgorithmsasinfomax
principle. In statisticalsignalprocessingthe contrasfunc-
tionsarechoserwith respecto statisticaimeasuresf inde-
pendanced,e. cumulantsandnonlinearmoments([4, 5].

For linear corvolutive mixtures, algorithmshave been
formulatedn time andfrequengy domainbasedntheabove
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Fig. 1. ProblemStatement

principles. Amari et. all [6] derived a time-domainalgo-
rithm basedon a modified maximumentrogy formulation.
The samealgorithmwas obtainedby Cohenand Cauwen-
berhgg[7] usingnonlinearmoments.If it canbe assumed
thatthesourcesarenon-stationaryvarietyof methodsbased
on the second-ordestatistics,can be usedfor separation
[8, 9]. Theformulationin the frequeng-domainis com-
putationalymore appealing but the ICA indeterminag in
eachfrequeny beenhasto be solved [10, 11]. Thereare
also algorithmsthat combinetwo domains,with the sepa-
ration criterion expressedn time-domainwhile the restis
donein frequeng-domain [12, 13].

Our objective is to reducethe compleity of algorithms
by choosinganappropriateepresentationf themixing me-
dium. It hasbeenshawvn thata Laguerrefilterbankoffersa
versatileandcompacfilter basisfor usein adaptvefiltering



applicationg14, 15|, andthe work presentecereextends
the useof Laguerreandotherorthogonalfilter banksto the
domainof IndependenComponenfnalysis.

2. PROBLEM STATEMENT

Figure 1 schematizeshe problem: unknowvn independent
sourcegpropagatéhroughanunknovn mediumandareob-
senedby anarrayof sensorsThetaskis to recoversources
from obsened signalsusing only the assumptiorthat the
sourcesignalsaremutuallyindependentThesensorinputs
x(k) arecorvolutive mixturesof channeimpulseresponse
andinputsignalss(k)

+o0
x(k) =Y A(p)s(k —p) (1)

wherea;;(p) denoteschannelimpulseresponsebetween
source; andsensotj attime p. Matrix A(p) isan MxN di-
mensionamatrix,whereN is thenumberof sourcesand M
is numberof sensorsTheassumptionis thatM > N, since
in the caseof more sensorghansourcesprior information
aboutsourcess necessarjor separatiorf16].

To recover the sources,the obsened signalsare pro-
cessedy atransformatiomrmatrix :

+oo +oo
y(k) =Y Wex(k-p) => Wgsk—q ()
p=0 q=0

wherew;; denotedhefilter thatis theinvertedchanneim-
pulseresponse;; andw;; is atotalimpulseresponsdrom
sources; to outputsignaly;. We can rewrite the equa-
tions(1), (2) in theoperatorform [1]:

x(k) = A(2)[s(k)] 3)

y(k) = W (2)[x(k)] = W (2)[s(k)] (4)
with

W(zk) =) W(p)™

A(z) = Z A(p)zP

W(z, k) = W(z, k)A(2) ()

representinghez-transformof thechannelunmixingtrans-
formationandtotalimpulseresponserespectiely. Thefol-
lowing notationz—?[s(k)] = s(k — p) is used. We can
formulatedour aim asoptimizing W (z) suchthat

lim W(z,k) = PD(z) (6)
k—oo
where P is NxN permutationmatrix and D(z) is a diag-

onal matrix, wherediagonalentriesrepresentlelayeddelta
impulsesi(k — p).

0.08 T T T T

006 B

0.04- B

hik)

L L L L L L L L
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
k

Fig. 2. Roomimpulseresponse

3. REPRESENTATION

Themixing matrix A(z) representshe physicsof propaga-
tion betweersourcesandsensorsAs anexample,consider
asoundsourcerecordedn aroomusingamicrophoneThe
recordedsignalwill consistof adirect(delayed)opy of the
soundsourceand multi-path copiesof signal, modified by
theervironment.Thechanneimpulseresponsén this case
is theroomimpulseresponsewhich is dependenbn rever
berationandabsorptiorcharacteristicef theroom. An FIR
filter representindypical roomimpulseresponseasshavn
in Figure2, requiresalargenumberof delayelement$8192
in this case)[17]. This dampedesponse&anbe compactly
representedsingalLaguerrefilter bank,acascadef alow-
pasdilter followedby identicalall-pasdilters. Thetransfer
functionof aLaguerrefilter is givenby

Li(2) = Ho(2)[H1(2)]F, k=0,1,2... ©)
with
Ho(2) = 2A=%%  and
Hy(z) = £ ®

Parametern representshe polelocation,andfor a = 0 the
Laguerrefilter is reducedto a simpledelayline. Table1
compareghe meansquareerror betweerthe 8192-tapFIR
filter andLaguerrdfilter responsefor differentlengthof La-
guerrefilters anddifferentpolelocationa. For a = 0.5 and
filter length= 1024, theapproximatedesponsés shovnin
Figure3.

To implementthe inverting or unmixing matrix of fil-
ters,we canemploy differentstructures:using FIR filters
to approximatethe inversesolution requiresa large num-
berof taps,andlIR adaptve filters canresultin instability,
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Fig. 3. Approximationof the roomimpulseresponseof
Figure 2 usinga Laguerrefilter bankwith a = 0.5andfilter
length= 1024.

| filterlength | a=0.2] a=0.5| a=0.7 |
256 8.1 8.2 8.7
512 6.4 7.9 8.6
1024 4.6 6.4 8.5
2048 2.8 4.8 8.1

Table 1. Meansquae error betweenthe room impulse
responseand its approximationwith Laguerre sectionsof
finite length.

especiallyif theimpulseresponséasnon-minimumphase.
Laguerrdilters providelocal stability dueto fixedpoles but

still have advantage®f IIR filter. As shown, theroomim-

pulseresponse&anberepresentethy usingfewer Laguerre
filters, andthereforea lower numberof filters for inverting
theresponse.

4. ADAPTIVE SOURCE SEPARATION

The mixing coeficientsw;; (n) canbe expandedhrougha
setof orthogonafunctionsgy:

+oo
wij(n) =Y cij(k)pr(n) 9
k=0

with coeficientse;; (k) equalto

+o0
cij(k) =D wij(n)gi(n). (10)

Similarly, thetotal impulseresponsés:

+oo
bij(n) = 3 &5 (k) dr(n) (11)
k=0

+oo
éij(k) = Y bij(n)d(n). (12)
n=0
Substituting (11) in equation (2), we obtain:

+00
y(n) =Y C(p)@y(2)[s(n)]- (13)

The costfunction usedasan optimizationcriterionis a
scalarmeasuref outputsignalindependencfb]

o0

1 N N A
F=2300 Y Eliky(h— ] = 2i;00)°

i=1 j=11=—00

(14)

whereE [ ] is the expectationoperatorand A is a normal-
ization constant. This costfunction not only attemptsto
separatebut alsoto decowolve (whiten) the outputs. For
thesimplicity of thederivation,we will alsoassumehatthe
sourcesrewhite to startwith, thatis:

E[sn(k —7)sm(k — 8)] = dnmOrs (15)

which transformg14) into

7= i Z (Z Cin(P)Cjn(q)p(k)dq(k — 1) — /\51']‘5[0)

i,7,0 \n,p,q
(16)
Gradientdescenbf (16) producesaanupdaterule:
AC(q) = -pVeF
= u(x¢@ (17)

B[} 8,(2) y(h)] &4(2) [y (B)C )] ])

wherey is the learningrate constant.A stochasticon-line
weightadaptatiorrule is obtainedby removing the expec-
tation operatorin (18) [5]. Independencef outputsig-
nals beyond second-ordestatistics(removal of higheror-
der cummulants)s obtainedby applying component-wise
antisymmetrimonlinearfunctionsf() andg() [4,5]. The
selectiorof thefunctionsf () andg( ) depend®nthestatis-
tics of sourcesignalsand have beenstudiedextensiely in
literature. Finally, substitutingC'(z) = C(z)A(z)

u(/\C(q) (18)
— D (2) [f (¥ (K)] 24(2) [9(y" (k)C(p))] )

AC(q) =
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Fig. 4. Parallel architecture: (a) examplesystenblock diagramfor N = 2, M = 3, and L = 3, (b) unit cell diagram.

Whenapplying delayline for thefilters ®,(z) = 277
weretrievethecorvolutive ICA algorithmderivedin [6, 7].

4.1. LaguerreFilter Bank

Laguerrefilter bankis a specialcaseof orthogonalfilter
bankthatofferscompactepresentatiorTheupdaterule (18)
for Laguerrefilter becomes:

n(xc@)
> Ly(2) [£(v(

which canbe rewritten by rearrangingcontritutionsto the
updateovertime as:

Iz (AC ()

AC(q)

(19)
W Ly(2) [9y" (R)C ()] )

AC(q) (20)

ZLq »@lo" (B)CE)),

The problemwith this form is thatit is non-causalWhen-
everg < p, theupdateof weightC(q) depend®nthefuture
outputsy(k + p — q). The problemcanbe solved by de-
laying the updateon the RHS sideof (21) [6]. We propose
a modificationof the rule, by omitting the noncausaterms
for whichq < p [7]. Therefore(21) simplifies:

AC(q) (AC(q)

(21)

ZLq P

Forthislearningrule,we proposédhearchitectureshavn
in Figureda. An enlagedview of theunit cell is shavn in
Figure4b. Thesensoiinputsx(k) arepresentedt the bot-
tom of the systemand fed to Laguerrefilter banks. The

yT(R)C )

signalsfrom thefilter bankson bottomareprojectedacross
the columnsof thearray Theoutputsy (k) areobtainedby
summingacrosgherows, from left to right. Theoutputsig-
nalsarepassedhroughnonlinearitiesf () andg( ), andthey
propagatelongtherows from therigth. Theinnerproduct
of outputsignalsandweights

k@)=Y Cila) 9(ui(k)

is accumulatedlongthe columnsof arrayandfed into the
filter bankon thetop of system.Thessignals

(22)

9) =Y Lypi(k,p)

p=0

(23)

generatedrom thefilter bankontop areprojectedalongthe
columnsandmultiplied with the low-passversionof signal
f(y(k) to generatingheweightupdate.

The advantagesof this architectureare local instanta-
neousomputationsreduceccompleity andscalability The
architecturdendsitself to efficientimplementatiorusingei-
therDSPsor customparallelVLSI.

5. SIMULATIONS

We simulatedour proposedarchitectureandlearningrulein
a small system:two input sourceandtwo outputs(N = 2)
with Laguerrefilter lengthL = 6. Inputss; (k) andsz (k)
are uniform white noisesignalse [—1,1]. The weights
C’(q), q=0...L — 1, areinitialized with uniform random
weightse [—1,1]. For simpleimplementationthe func-
tions f andg aretheidentity map f(y(¢)) = y(¢) andthe
signumfunctiong(y®(t)) = sgn(y* (¢)).

All simulationresultsare referencedo the sourcesjn
termsof C, becauseof the equivalenceof the equations
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Fig. 5. Trajectoryof the coeficientsé;; (¢) overtimek for
thetriangularizedupdaterule

of the learningupdatesunderary transformtion(:*(z) =
C(2)A(z). Figure5 shaw thetrajectoriesof all 2 x 2 x 6
weightsin C' over time. Figure 6 shaws the impulsere-
sponsef the 2 x 2 filters. It is clearthaty; (k) corre-
spondsto —s; (k) andy2(k) to —sa2(k), which is one of
mary valid solutionsto this unmixing/decomolution task.
The rate of corvergencefor the proposedarchitectureus-
ing Laguerrefilters is approximatelyten times fasterthan
the samearchitectureusing simple delayline. Oneinter
estingsideeffect of breakingtime symmetryby ommitting
the non-causatermsin the updaterule is giving rise to a
minimum phaseresponsevith minumumdelay in the re-
constructiorof thesources.

6. CONCLUSION

In this paperwe have addressetheproblemof blind source
separatiorof linear corvolutive mixturesusinggeneralor-
thogonalfilter banks. The implementatiorusing Laguerre
filter banksoffers a compactrepresentatiomwith reduced
numberof taps,and a fastercorvergence,comparedwith
tappeddelayline. Laguerrefilters have a free parameter
the pole location, which canbe optimizedfor a particular
application. The proposedalgorithmcanbe efficiently im-
plementedn a scalableparallelarchitecturewith local up-
dates.

7. REFERENCES

[1] S.AmariandA. Cichocki,“Adaptive blind signalpro-
cessing- neuralnetwork approaches, Proc. of the
IEEE, vol. 86,n0.10, pp.2026—20480ct 1998.

=z
S 0/ 1 0°0000000000000000 ©00900eEO0000000000
2

h12(k)
°

h21(k)
o

h22(k)
°

0000P00000000000000 ©000°00000000000000

0 5 10 15 20 0 5 10 15 20
k k

Fig. 6. Impulseresponsef ead filter after corvergence

[2] A. Bell andT. Sejnavski, “An informationmaximiza-
tion approachto blind separatiorandblind decowo-
lution,” Neural Computationvol. 7, pp. 1129-1159,
1995.

[3] S.Amari, A. Cichocki,andH. Yang,“A new learning
algorithmfor blind signal separatiori, in Adv Neu-
ral InformationProcessingSystemsCambridgeMA,
1996,vol. 8, pp. 757-763MIT Press.

[4] J.HeraultandJ. Jutten, “Spaceor time adaptve sig-
nal processindy neuralnetwork models; in Neul
Networksor Computing:AlP confeenceproceedings
151, J.S.Denker, Ed., New York, 1986,Americanin-
stituteof Physics.

[5] A. CichockiandR. Unbehauen,“Robust neuralnet-
works with on-line learning for blind identification
andblind separatiorof sources, IEEE Trans.Circuits
andSystems-IFundamental heoryandApplications
vol. 43,n0.11, pp.894-906,1996.

[6] S.Amari, S. Douglas,A. Cichocki, andH.H. Yang,
“Novel on-line adaptve learningalgorithmsfor blind
decorvolution using the natural gradientalgorithm?
in Proc. of 11th IFAC Symposiunon Systenidentifi-
cation, KitakyushuCity, JapanJuly 1997, pp. 1057—
1062.

[7] M. CohenandG. Cauwenbeghs,“Blind separatiorof
linearcorvolutive mixturesthroughparallelstochastic
optimization’ in Proc. IEEE Int. Symp Circuitsand
SystemglSCAS’1998)1998,vol. 3, pp.17-20.

[8] E.Weinstein,M. Feder andA. Oppenheim,“Multi-
channelsignal separationby decorrelatiort, |IEEE



9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Trans.on Speeh and Audio Processing vol. 1, no.
4, pp.405-4131993.

L. ParraandC. Spence;Convolutive blind separation
of non-stationangources, IEEE TransactionsSpeeh
and Audio Processingpp. 320-327 2000.

V. Capdeielle, C. Serviere,andJ. Lacoume, “Blind

separatiorof wide bandsourcedn the frequeng do-
main; in Proc. IEEE Int. Conf Acoustics,Speeh
and SignalProcessingICASSP’95) 1995, pp. 2080—
2083.

P. Smaragdis, “Blind separatiorof convolved sound
mixturesin the frequeny domain; in Proc. of Int.
Workshopon IndependencandArtificial Neural Net-
works Tenerife,Spain,1998.

R. Lambertand A. Bell, “Blind separatiorof mul-

tiple spealersin a multipathervironment; in Proc.

IEEEInt. Conf AcousticsSpeeh andSignalProcess-
ing (ICASSP’97)Munich, 1997.

T-W. Lee, A. Bell, andR. Orgimeister “Blind source
separatiomf realworld signals; in Proceeding®f In-
ternationalConfeenceon Neual NetworksHouston,
1997.

J.G. Harris, J.K. Juan,and H.C. Principe, “Analog
hardwareimplementatiorof adaptvefilter structures,
in Proceeding®f InternationalConfeenceon Neural
Networks Houston,1997.

J.C.Principe,N.R. Euliano,andW.C. Lefelvre, Neu-
ral and Adaptive Systems: Fundamentalsthrough
Simulations JohnWiley & Sons,1999.

A. Gorokhor andP. Loubaton,“Subspace-basedch-
niguesfor blind separationof corvolutive mixtures
with temporallycorrelatedsources, IEEE Trans.Cir-
cuitsand Systems: Fundamentallheoryand Appli-
cations vol. 44,n0.9, pp.812-820,1997.

A. WestnerandV.M. Bove, “Blind separatiorof real
world audio signalsusing overdeterminednixtures,
in Proceeding®f ICA, AussoisFrance,1999.



