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ABSTRACT

Weproposeanalgorithmandarchitecturefor real-timeblind
sourceseparationof linear convolutive mixturesusingor-
thogonalfilter banks.Theadaptive algorithmderivesfrom
stochasticgradientdescentoptimizationof a performance
metric thatquantifiesindependencenot only acrossthe re-
constructedsources,butalsoacrosstimewithin eachsource.
Thespecialcaseof aLaguerresectionoffersacompactrep-
resentationwith a small numberof filter tapseven under
severereverberantconditions,facilitating real-timeimple-
mentationin a modularandscalableparallel architecture.
Simulationsof the proposedarchitectureand updaterule
validatetheapproach.

1. INTRODUCTION

Thesignalprocessingproblemof separatinganddeconvolv-
ingobservedmixturesof unknownindependentsourceswith-
out knowledgeof the mixing medium, is known as blind
sourceseparation(BSS)or independentcomponentanaly-
sis (ICA). The problemis addressedextensively in the lit-
eratureanddifferentalgorithmsfor a wide rangeof appli-
cationsin speechprocessing,wirelesscommunicationsand
biomedicalsignalprocessingexist.

BSSalgorithmshave beenstudiedin the information-
theoreticandstatisticalsignalprocessingframework. Max-
imizationof entropy of transformedoutputsignalsandmin-
imizationof mutualinformationof outputsignalsaremain
approachesin deriving learningalgorithmsfrom information-
theoreticperspective[1, 2, 3]. Maximumlikelihoodestima-
tion (MLE) approachleadsto samealgorithmsasinfomax
principle. In statisticalsignalprocessing,thecontrastfunc-
tionsarechosenwith respectto statisticalmeasuresof inde-
pendances,i.e. cumulantsandnonlinearmoments[4, 5].

For linear convolutive mixtures,algorithmshave been
formulatedin timeandfrequency domainbasedontheabove
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Fig. 1. ProblemStatement

principles. Amari et. all [6] derived a time-domainalgo-
rithm basedon a modifiedmaximumentropy formulation.
The samealgorithmwasobtainedby CohenandCauwen-
berhgs[7] usingnonlinearmoments.If it canbe assumed
thatthesourcesarenon-stationary, varietyof methods,based
on the second-orderstatistics,can be usedfor separation
[8, 9]. The formulation in the frequency-domainis com-
putationalymoreappealing,but the ICA indeterminacy in
eachfrequency beenhasto be solved [10, 11]. Thereare
alsoalgorithmsthat combinetwo domains,with the sepa-
rationcriterionexpressedin time-domain,while the restis
donein frequency-domain [12, 13].

Our objective is to reducethecomplexity of algorithms
bychoosinganappropriaterepresentationof themixing me-
dium. It hasbeenshown thata Laguerrefilterbankoffersa
versatileandcompactfilter basisfor usein adaptivefiltering



applications[14, 15], andthe work presentedhereextends
theuseof Laguerreandotherorthogonalfilter banksto the
domainof IndependentComponentAnalysis.

2. PROBLEM STATEMENT

Figure 1 schematizesthe problem: unknown independent
sourcespropagatethroughanunknown mediumandareob-
servedby anarrayof sensors.Thetaskis to recoversources
from observed signalsusing only the assumptionthat the
sourcesignalsaremutuallyindependent.Thesensorsinputs-/.1032 areconvolutivemixturesof channelimpulseresponse
andinputsignals4 .10�2-/.1032/576
89:<;>=@? .BA@2 4 .10DC'AE2 (1)

where FHGBI .BA@2 denoteschannelimpulseresponsebetween
sourceJ andsensorK at time A . Matrix ? .BA@2 is an L x M di-
mensionalmatrix,whereM is thenumberof sourcesand L
is numberof sensors.Theassumptionis that LONPM , since
in the caseof moresensorsthansourcesprior information
aboutsourcesis necessaryfor separation[16].

To recover the sources,the observed signalsare pro-
cessedby a transformationmatrix Q :RS.10�2S5T6
89:U;�= Q .VAE2W-/.X0DCYA@2/5T6
89Z[;>= \Q .^]�2 4 .X0DC_]�2 (2)

where ` GaI denotesthefilter that is theinvertedchannelim-
pulseresponseFbGBI and

\`cGBI is a total impulseresponsefrom
source deG to output signal fgI . We can rewrite the equa-
tions(1), (2) in theoperatorform [1]:-/.1032S5 ? .1hH2<i 4 .1032Wj (3)RS.X032S5 Q .^hb2Ui -/.1032Wj>5 \Q .^hb2Ui 4 .X032"j (4)

with Q .1h�k*032l5 9 : Q .BA@2[h�m :
? .1hH2/5 9 : ? .BA@2[h�m :\Q .^h�k�0�2n5 Q .^h�k�0�2 ? .1hH2 (5)

representingthe h -transformof thechannel,unmixingtrans-
formationandtotal impulseresponse,respectively. Thefol-
lowing notation h m : i 4 .1032WjY5 4 .X0oCPAE2 is used. We can
formulatedouraim asoptimizing Q .1hH2 suchthatprqtsu<v 8 \Q .^h�k�0�2/5xwzy{.1hH2 (6)

where w is M x M permutationmatrix and yo.^hb2 is a diag-
onalmatrix, wherediagonalentriesrepresentdelayeddelta
impulses| .10DC'AE2 .

Fig. 2. Roomimpulseresponse

3. REPRESENTATION

Themixing matrix ? .^hb2 representsthephysicsof propaga-
tion betweensourcesandsensors.As anexample,consider
asoundsourcerecordedin aroomusingamicrophone.The
recordedsignalwill consistof adirect(delayed)copy of the
soundsourceandmulti-pathcopiesof signal,modifiedby
theenvironment.Thechannelimpulseresponsein thiscase
is theroomimpulseresponse,which is dependenton rever-
berationandabsorptioncharacteristicsof theroom.An FIR
filter representingtypical roomimpulseresponse,asshown
in Figure2, requiresalargenumberof delayelements(8192
in this case)[17]. This dampedresponsecanbecompactly
representedusingaLaguerrefilter bank,acascadeof a low-
passfilter followedby identicalall-passfilters. Thetransfer
functionof aLaguerrefilter is givenby} u .1hH2/5�~ = .1hH2<i ~���.1hH2Wj u k70�5x��k<��k*���t�r� (7)

with ~ = .1hH2/5�� � m@���� m@�����H� and~ � .1hH2/5 � �H� m>�� m>�����H� � (8)

ParameterF representsthepolelocation,andfor F 5�� the
Laguerrefilter is reducedto a simpledelay line. Table1
comparesthemeansquareerrorbetweenthe8192-tapFIR
filter andLaguerrefilter responsesfor differentlengthof La-
guerrefilters anddifferentpolelocation F . For F 5T��� � and
filter length 5����H��� , theapproximatedresponseis shown in
Figure3.

To implementthe inverting or unmixing matrix of fil-
ters,we canemploy differentstructures:usingFIR filters
to approximatethe inversesolution requiresa large num-
berof taps,andIIR adaptive filters canresultin instability,



Fig. 3. Approximationof the room impulseresponseof
Figure2 usinga Laguerrefilter bankwith a = 0.5andfilter
length= 1024.

filter length 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. Mean square error betweenthe room impulse
responseand its approximationwith Laguerre sectionsof
finite length.

especiallyif theimpulseresponsehasnon-minimumphase.
Laguerrefiltersprovidelocalstabilitydueto fixedpoles,but
still have advantagesof IIR filter. As shown, the roomim-
pulseresponsecanberepresentedby usingfewer Laguerre
filters, andthereforea lower numberof filters for inverting
theresponse.

4. ADAPTIVE SOURCE SEPARATION

Themixing coefficients `cGaI .��
2 canbeexpandedthrougha
setof orthogonalfunctions � u :

` GBI .��
2/5 6
89u ;>=E� GBI .1032 � u .��
2 (9)

with coefficients � GBI .1032 equalto

� GaI .X032S5�6�89��;>= `cGBI .��
2 � u .��
2U� (10)

Similarly, thetotal impulseresponseis:\`%GBI .^�
2/5 6
89u ;�= \� GBI .10�2 � u .^�
2 (11)

\� GBI .1032/5 6
89��;>= \` GaI .^�
2 � u .^�
2�� (12)

Substituting(11) in equation(2), weobtain:R�.��
2�5 6
89:<;>= \� .BAE2�� : .^hb2Ui 4 .^�
2"j"� (13)

Thecostfunctionusedasanoptimizationcriterion is a
scalarmeasureof outputsignalindependence[5]� 5 �� �9 G ; �

�9I ; � 89� ; m 8 .^ �i f G .1032 f I .10¡C£¢12Wj�C£¤ | GBI | � = 2¦¥(14)

where § iHj is the expectationoperatorand ¤ is a normal-
ization constant. This cost function not only attemptsto
separate,but alsoto deconvolve (whiten) the outputs. For
thesimplicity of thederivation,wewill alsoassumethatthe
sourcesarewhite to startwith, thatis: �i d � .X0DC©¨�2 deª .10¡C d 2"j>5 | � ª |<«*¬ (15)

which transforms(14) into� 5 �� 9 G�­ I�­ �
® 9� ­ : ­ Z \� G � .BA@2 \� I � .^]�2 � : .10�2 � Z .X0¡C_¢X2�C£¤ |<GBIe| � =�¯ ¥

(16)

Gradientdescentof (16)producesanupdaterule:° \� .^]�2±5 Cc²
³7´µ �5 ²·¶g¤ \� .^]�2 (17)C¸ £¹ 9 : � : .1hH2>i RS.X032"j�� Z .1hH2cºtR
»(.10�2 \� .BA@2"¼n½U¾
where ² is the learningrateconstant.A stochasticon-line
weight adaptationrule is obtainedby removing the expec-
tation operatorin (18) [5]. Independenceof output sig-
nalsbeyond second-orderstatistics(removal of higheror-
der cummulants)is obtainedby applyingcomponent-wise
antisymmetricnonlinearfunctions ¿ .À2 and Á .�2 [4, 5]. The
selectionof thefunctions¿ .�2 andÁ .�2 dependsonthestatis-
tics of sourcesignalsandhave beenstudiedextensively in
literature.Finally, substituting

\� .1hH2l5 � .^hb2 ? .^hb2° � .^]�2O5 ²·¶g¤ � .1]�2 (18)C 9 : � : .1hH2>i ¿ .¦.1RS.1032Â2Â2Wj�� Z .^hb2 ¹ Á .^R
»�.X032¦2 � .BA@2 ½
¾
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Fig. 4. Parallel architecture: (a) examplesystemblock diagramfor M 5T��k L 5ÕÔ , and
} 5�Ô , (b) unit cell diagram.

Whenapplyingdelayline for the filters � : .1hH2Ö5×h m :
weretrievetheconvolutiveICA algorithmderivedin [6, 7].

4.1. Laguerre Filter Bank

Laguerrefilter bank is a specialcaseof orthogonalfilter
bankthatofferscompactrepresentation.Theupdaterule(18)
for Laguerrefilter becomes:° � .1]�2O5 ² ¶ ¤ � .^]�2 (19)C 9 : } : .1hH2>i ¿ .�R�.1032Â2"j } Z .1hH2 ¹ Á .�R�»S.10�2¦2 � .VAE2 ½
¾
which canbe rewritten by rearrangingcontributionsto the
updateover timeas:° � .1]�2O5 ²·¶�¤ � .^]�2 (20)C ~ = .^hb2Ui ¿ .�RS.X032¦2Wj 9 : } Z m : .^hb2Ui Á .�R
»(.1032Â2 � .VAE2"jØ¾lk
Theproblemwith this form is that it is non-causal.When-
ever ]¡Ù©A , theupdateof weight

� .1]�2 dependsonthefuture
outputsRS.�Ú{ÛÝÜÞCÝß�2 . Theproblemcanbesolvedby de-
laying theupdateon theRHSsideof (21) [6]. We propose
a modificationof therule, by omitting thenoncausalterms
for which ]¡Ù©A [7]. Therefore(21)simplifies:° � .1]�2O5 ² ¶ ¤ � .^]�2 (21)C ~ = .^hb2Ui ¿ .�RS.X032¦2Wj Z9:U;�= } Z m : .^hb2Ui Á .�R
»(.1032Â2 � .VAE2"j ¾

For thislearningrule,weproposethearchitectureshown
in Figure4F . An enlargedview of theunit cell is shown in
Figure4à . Thesensorinputs -/.X032 arepresentedat thebot-
tom of the systemand fed to Laguerrefilter banks. The

signalsfrom thefilter bankson bottomareprojectedacross
thecolumnsof thearray. TheoutputsRS.X032 areobtainedby
summingacrosstherows,from left to right. Theoutputsig-
nalsarepassedthroughnonlinearities¿ .�2 andÁ .�2 , andthey
propagatealongtherows from therigth. Theinnerproduct
of outputsignalsandweightsá I .10@k�]�2/5 9 G � GaI .^]�2 Á . f G .10�2¦2 (22)

is accumulatedalongthecolumnsof arrayandfed into the
filter bankon thetop of system.Thesignals

h I .10@k�]�2S5 Z9:U;�= } Z m : á I .10@k1AE2 (23)

generatedfrom thefilter bankontopareprojectedalongthe
columnsandmultiplied with thelow-passversionof signal¿ .�R�.1032 to generatingtheweightupdate.

The advantagesof this architectureare local instanta-
neouscomputations,reducedcomplexity andscalability. The
architecturelendsitself to efficientimplementationusingei-
therDSPsor customparallelVLSI.

5. SIMULATIONS

Wesimulatedourproposedarchitectureandlearningrule in
a smallsystem:two input sourceandtwo outputs( M 5â� )
with Laguerrefilter length

} 5�ã . Inputs d ��.X032 and d ¥ .X032
are uniform white noisesignals ä iVCz�Àk<�<j . The weights\� .1]�2�k�]�5T�c���<� } CÝ� , areinitialized with uniform random
weights ä irCz��k��Uj . For simple implementation,the func-
tions ¿ and Á arethe identity map ¿ .^RS.�å¦2Â2 æçRS.^å¦2 andthe
signumfunction Á .^R » .^å¦2¦2SæÕèÂé�ê�.�R » .^å¦2¦2 .

All simulationresultsarereferencedto the sources,in
terms of

\�
, becauseof the equivalenceof the equations



Fig. 5. Trajectoryof thecoefficients
\� GaI .^]�2 over time 0 for

thetriangularizedupdaterule

of the learningupdatesunderany transformtion
\� .^hb2_5� .^hb2 ? .^hb2 . Figure5 show the trajectoriesof all �ìë©�Yëoã

weights in
\�

over time. Figure 6 shows the impulsere-
sponsesof the �©ëÝ� filters. It is clear that f � .10�2 corre-
spondsto C d � .X032 and f ¥ .X032 to C d ¥ .X032 , which is one of
many valid solutionsto this unmixing/deconvolution task.
The rate of convergencefor the proposedarchitectureus-
ing Laguerrefilters is approximatelyten times fasterthan
the samearchitectureusingsimpledelay line. One inter-
estingsideeffect of breakingtime symmetryby ommitting
the non-causaltermsin the updaterule is giving rise to a
minimum phaseresponsewith minumumdelay in the re-
constructionof thesources.

6. CONCLUSION

In thispaper, wehaveaddressedtheproblemof blind source
separationof linearconvolutive mixturesusinggeneralor-
thogonalfilter banks. The implementationusingLaguerre
filter banksoffers a compactrepresentationwith reduced
numberof taps,anda fasterconvergence,comparedwith
tappeddelay line. Laguerrefilters have a free parameter,
the pole location,which canbe optimizedfor a particular
application.Theproposedalgorithmcanbeefficiently im-
plementedin a scalableparallelarchitecture,with local up-
dates.
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