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ABSTRACT

This paperdescribedwo efficient realizationsof anadaptve mul-
tichannelblind decowolution algorithmbasedon the naturalgra-
dientalgorithmoriginally proposedy Amari, Douglas,Cichocki,
andYang. The proposedalgorithmsusefastcorvolution andcor-
relation techniquesand operateprimarily in the frequeng do-
main. Sincethecostfunctionminimizedby thealgorithmsis well-
definedin the time domain,the algorithmsdo not suffer from the
so-calledfrequeng-domainpermutationproblem. The proposed
algorithmcanbeviewedasanmulti-channekxtensionof asingle-
channelblind decowolution algorithm recently proposedby the
authors.

1. INTRODUCTION

1.1. Problemdescription and preliminary work

A well-known problemin acousticss the so-calledcodktail party
problem wherethe primary task is separationof a corvolutive
mixture of independentlygeneratedpeectsignals.A similar sce-
nario occursin datacommunicationsvhen an antennaarray re-
ceives a multi-path mixture of signalstransmittedfrom several
sources. Independenbf ary application, this task is generally
known asthemultichannelblind decowolution (MCBD) problem.
Thegeneralsetupis shavn in Fig. 1. The sequenc®f the soucce
signalss £ {s;} is mixedandfilteredby acausakorvolutivemix-
ing systemA £ {Ay, A1,...}. Thisprocescanbedescribedy
aconvolutionalsum
o o]
x; = (Axs)+n, = ano Apnsi_n +ny (1)

wherex £ {x;} is the sequencef the sensorsignalsandn £
{n:} is anadditive sensomoisesequenceln ablind setup,only
x is accessibleo thealgorithm;s, A, andn areunknavn.

In the multichannelblind decowolution problemwe aim at
finding a decowolution filter W £ {W;} suchthat the output
uz {u:} of thedecowolution process

o o]

u; = Z Wixi— = Z (Gist—1 +Win;—;) (2

I=—o0 l=—o0

retrieves a waveform-preservingestimateof s, possiblydelayed
and permuted. The global-systerris definedas G £ {G;} =

W x A with G; = (W % A);. Ideally, at leastin the noise-
free case,we wish to find a decowolution matrix W suchthat
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Figurel: Setupof the multichanneblind decowolution problem.

the global systemcanbe decomposeihto G(z) =D(z)P where
G(z) £ ¥, Giz7! is the two-sidedz-transformof G, P is a
permutationmatrix, andD(z) = diag(diz~™,...,dy 2" ™) is
a diagonalmatrix with monomialdiagonalelements.Constrain-
ing P to be a permutationmatrix guaranteeperfectseparation
of the outputsignals(i.e., no interchannelinterference(ICl)), and
constrainingD(z) to have non-zeromonomialentriesguarantees
perfectdecowolution of eachchannel(i.e., no intersymbolinter-
ference(1S)). Theparameter®, {d;,}, and{r,, } areindetermi-
naciesof theMCBD problem[1].

A corvolutive mixing systemcaneitherbe seenasthe cornvo-
lutive extensionof instantaneousignalmixing or the multichan-
nel extensionof signalfiltering, i.e., we canwrite A(z) =3, A;
or A(z) = [amn(2)]. Hence,to solve the multichannelblind de-
convolution problem, blind source sepaation (BSS) algorithms
for instantaneoumixing systemsandsingle-tannelblind decon-
volution (SCBD) algorithmsmustbe properly meiged. Alterna-
tively, theBSSandSCBD problemscanberegardedasbeingtwo
specialcaseof the generalMCBD problem,asshavn in Fig. 2.
For example, a combinationof the BSS algorithm [2] and the
SCBD algorithm [3] yielded the time-domainMCBD algorithm
proposedoy Amari etal. [4]. (Seealsothe work of Douglasand
Haykin [5] and[6].) Similar extensionsin the frequeng domain,
carefully constructedoasnotto suffer from the so-calledpermu-
tation problem have beencarriedout by Lambert[7, 8], Lambert
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Figure 2: Commutatve diagramto reveal the relationshipbe-
tweendifferentblind problems: Automatic gain control (AGC),
blind sourceseparatiof{BSS),singlechanneblind decotvolution
(SCBD),andmultichanneblind decorwolution (MCBD).



andBell [9], andJohoet al. [10]. We notethat, in someappli-
cationsof MCBD, perfectdecorwolution is notrequiredor some-
times not even desired. Algorithms for this latter caseare pre-
sentedn [11-14].

In the following, we presenta low-compleity implementa-
tion of the time-domainMCBD algorithm proposedoy Amari et
al. in [4]. Theunderlyingcostfunctionis definedin thetime do-
mainandassumeshatthatthe sourcesignals(s), = {s .} are
mutually independentwhite, and non-GaussianFor the deriva-
tion of the algorithm,we will restrictourselesto thecasethat A
andW areboth M x M dimensionalkystemsand W is causal
finite impulserespons€FIR). We allow the sourcesignals{sm,: }
andthemixing systemA to becomple valued.For computational
efficiengy reasonsthe corvolution operationsareimplementedn
the frequeng domain. However, the costfunction, andtherefore
alsothe non-linearity remainsin the time domainto avoid a bin-
wise permutationindeterminag. Consequentlythe proposedal-
gorithm can be viewed as an extensionof the SCBD algorithm
recentlyproposedy theauthorsin [15].

Theoutlineof thepapeiis asfollows: In Section2 we describe
the time domainalgorithm,in Section3 we derive the proposed
frequeny domainalgorithm,in Section4 we give a simulation
example,andin Section5 we drav conclusions.In AppendixA
we summarizesomeusefulpropertiesof circulantmatrices.

1.2. Notation

The notationusedthroughouthis paperis the following: Vectors
arewrittenin lower casebold, matricesn uppercasebold. Matrix

and vector transposecomple conjugationand Hermitian trans-
posearedenotedby ()7, (.)*, and ()7 = (()*)7, respectrely.

The element-wisamultiplication of two vectorsor matricesis de-
notedby ®. Theidentity matrix is denotedby I anda vectoror
matrix containingonly zerosis denotedby 0. The C-point DFT

matrix F¢ is definedas

~i%mn

[Felmn 2 e (myn=0...C—-1) ?3)
F,'=1/C-F& =1/C - F. (4

Circulantanddiagonalmatricesaredenotecas A and A, respec-
tively, anda £ diag(A) denotesavectorcontainingthe diagonal
elementsf A. TheoperationA £ C(&) definesacirculantmatrix
with & in its first columnanda £ ¢~!(A) is the corresponding
inverseoperation(seeAppendixA for moredetails).

Thevariablet is usedasa discretesampleindex. The block
index is denotedby [k] £ (k - L) whereL is the block length
(block forward shift).

2. TIME-DOMAIN IMPLEMENT ATION

2.1. Instantaneousmixing

In [2] Amari et al. proposedhe following BSSalgorithmfor the
instantaneoumixing case

ur = tht (5)
Wi = Wi + (I — yeuf )W, (6)

wherey,,+ = gm (um,+). This algorithmis basedon the natural-
gradientlearningalgorithm. Basedon a local corvergenceanal-
ysis, the optimal nonlinearity g, (.) is suggestedo be the scoe

function of the pdf of the sources,, [16]. However, simulations
have shavn thatthe performancef the algorithmis relatively ro-
bustto selectionof g, (.). Typical choicesare

gm (m,t) o sign(tm,t) (7

for superGaussiarsignalg(kurtosislargerthanfor aGaussiarsig-
nal)and

G (tm¢) OC Ui ¢t ] (8)

for sub-Gaussiasignals(kurtosissmallerthanfor a Gaussiarsig-
nal). For conveniencewe requirethatg, (0) = 0.

2.2. Convolutive mixing

The BSS algorithm (5)—(6) was extendedby Amari et al. in [4]
to the caseof convolutive mixing. Their time-domainmultichan-
nel blind decowolutionalgorithm(TDMCBD) is defined for time
index t, as

w=3"" Wit)xi ©)
vy = ZZN:O Wi (t)u (10)
ye = g(ue) 11)
Wit +1) = Wilt) + 0 (Wilt) =yionvils) 1€ [0, N]
(12)

where{u;} containsthe outputsamplesandv; is anintermediate
signal. The multichanneldecowolution filter {W;} is an multi-

channelFIR filter of length N + 1. Note that, for N = 0, the
TDMCBD algorithm(9)—(12)becomesdenticalto the BSSalgo-

rithm (5)—(6). Ontheotherhand,for M =1, (9)—(12)becomeghe
single-channeblind decowolution algorithmproposedn [3].

2.3. Block-wisefiltering and adaptation

Alternatively, we cancarry out the filtering andthe adaptatiorof
the TDMCBD algorithmin a block-wisemanner At blockk, i.e.,
t=kL—-L+1,..., kL, wehave

w =" Wilk]x,, (13)
vi = Zj\;o Wi _i[k]u,, (14)
yi = g(ue) (15)
kL
Wik +1] = (1 + p) Wi[k] — % © Y yeenvil (16)

t=kL—L+1

whereL is the block size (block-wiseforward shift). The block-
wise updatein (16) is equalto the averageof the sample-wisaip-
datein (12) overtheentireblock of L samplesWewill referto the
algorithm (13)-(16) asthe block time-domainmultichannelblind
decorvolutionalgorithm(BTDMCBD).

In the following, we will restrictoursehesto the casewhere
N = L, whichwill simplify thederiation. We rewrite (13), (14),



and(16) for block £ in matrix form:

[, kL—3L+1] M [WmaL: Wmno T, kL—AL+1
Um,kL n=1 WmnL* " " Wmno Tn,kL
a7)
[Vm,kL—20+1] 3y [Wnmo'* WamL * [Un,kL—3L+1
Um,kL n=1 Wpmo - “WnmL Un, kL
(18)
wmnO[k + 1]- wmnO[k]
WmnL [k + 1]_ wan[k]
UnkL—L+1°"" UnkL *
. Ym,kL—2L+1
_HE | UpkL-L .
L . .
: *VUn,kL—L+1 Ym,kL—L
Un,kL—2L+1""" Un,kL—-L
(19)

In (17) and(18) we have omittedthe block index [k] for thefilter
coeficientsand,hencew, i stand<or wy,,;[k]. Furthermore

Wonn[k] 2 (Wmnolk], . . ., WmnL[k])T (20)

is theimpulseresponsef the mn-th decowolution filter atblock
k.

In block k£ the updateequation(16) needsto be evaluated
fort = kL — L +1,...,kL. This determineshe dimension-
ality of (19). In (19) we needthe latest2L. samplesof vy, i.e.,
{Vn,kL—2041,- - -, Un,kL }, Whichthendetermineshedimension-
ality of the LHS vectorin (18). For the samereason,the LHS
vectorin (17) needsto be the sameasthe RHS vectorin (18).
Eq. (17) and (18) guaranteehat all signal samplesusedfor the
updatein (19) arederived from the currentW k] = {W;[k]} =
{[Wmni[E]]}. The equations(17)-(19), togetherwith y,,: =
gm (um,+), yield theBTDMCBD algorithmin matrix form.

3. FREQUENCY-DOMAIN IMPLEMENT ATION

3.1. FDMCBD-I: 75% overlap

In thefollowing, we employ fastcorvolution techniquedo reduce
the computationallycompleity of the BTDMCBD algorithm. To
this end,we definethe following vectorsof length L:

X,k S (Tm,kL—L+1,--- ,xm,kL)T (22)
Wk 2 (U kLoL41, -y UmokL) (22)
Vm,k = (’Um,kL—L+1, cee ,Um,kL)T (23)
Ym,k £ gm (W k) - (24)

wherethe nonlinearityfunction g.,,(.) is appliedon eachvector
elementWe alsodefinethefollowing vectorsof length4 L:

Winn [k] £ (Wi [K], 03-1)" (25)
Kmp = (Xi,k—aa x%,k—%x%,k—hx;,k)T (26)
Tk 2 (VW k3, W o2y W ko1, Ui i) . (27)
Tk 2 (Vinske2s Vin k-1 Vi Vinok—a) - (28)
Fmk 2 (07,07, Ym,k—1,07)" - (29)

We denotea vectorthat cancontainarbitraryelementswith a dot
e.g.,ux_3. Furthermoreye definethe following circulantmatri-
ces

Wonn[k] 2 C(Wmn[k]) (30)
U,k 2 Clim,k) (31)
vm,k = C({’m,k;) (32)
andthe projectionmatrices
a| Iy O

P, = [ 0 0311 ] (33)

02 O O
P2 0 I. 0 (34)

0 0 O

Sinceall the matricesinvolved in the equationg(17) to (19) are
Toeplitz,we canenlagethemto 4L x 4L circulantmatricessuch
thatwe canembed17)—(19)for blockk in thefollowing equations

~ M = o~

Um k = anl Won [k] Xn,k (35)

- M~ g .

Vm,k = -1 Wom Up,k (36)

Ymk = gm(Py @m,k) (37)
Wonnlk + 1] = (1 + p) Wmn[k] — % PoVE §mi. (38)

Recallthatwe requiredg., (0) = 0. Thereforey ., x will have the
zeropaddedstructureasgivenin (29). Since(35), (36), and(38)
describenow circular convolutions, fast convolution techniques
cannow be emplo/ed. Towardsthis end, we definethe follow-
ing vectorsof lengthC =4L:

Winn[k] £ Fo Wmn[k] = FET(Wmn[k]) (39)
Rk = Fo Xk = FFT(Xm 1) (40)
T x 2 Fo it ; = FFT (i 1) (41)

m,k) (42)

(
Vg 2 Fo V¥ = FFT(¥
(Fm.k) - (43)

Y & Fo Fm = FFT
Consequentlyve have from (39)
Wonn[k] 2 F ' Wmn[k] = IFFT(Womalk]) . (44)

Thesames alsotruefor inverting (40)—(43).

We now wish to transform(35)—(38)into the frequeng do-
main. To this end,we pre-multiplythe equationson bothsidewith
the Fouriermatrix F'. We begin with (35)

M ~
T g = anl F W [k] F7 F &, i (45)
M —
= anl W [k] R i (46)

whereW ., [k] £ F W,,.,,[k] F~. Notethatfrom (61) we know
that W, [k] = diag(F W, [k]) is adiagonalmatrix. Applying
similar stepsto (36) andusing(62) we get

Yy = Zf; FW (k] F ' F i (47)
=S W k] T (48)

n=1



Transforming(37) into thefrequeny domaingives
T =F gm (Py F ' i) (49)
andapplyingproperty(62) to (38) gives

—%FPWF—IFVZkF‘IFS'm,k (50)
= (L4 1) Wn[k] = L FPuF ™ V4 G
(51)

Equationg46), (48), and(51) canberewritten as

M
ﬁm,k = Zn:l Winn [k] © )_(n,k (52)

M
Vg =) Wom[K] © B g (53)
Wonnlk + 1] = (14 1) Wonn k] = EFPWF (7], O Fm i) -
(54)

Alternatively, since€Pyw Wy [k] = W [k] holds,we canreformu-
late (54) as

Fmnlk+1] = FP, F ! ((1 ) Tk - 95 0 }_’m,k) .

L
(55)

We will referto (52), (53), (49), and(55) asthe FDMCBD-I al-
gorithm The completeimplementatiorof thefilter andadaptation
equationds summarizedn Fig. 3. We have preferredto use(55)
over (54), which hasthe advantagethatwrap-arounderrorsdo not
accumulatén W, [k] if theprojectionoperatiorF P, F~' is not
carriedoutin eachblock (e.g.,alternatedilter projectiong17]).

In the derivation of the proposedalgorithmwe have restricted
oursehesto thecasewith N =L andC =4L. However, different
choicesfor N arepossibleaslongasC > L + 3(N —1).

3.2. FDMCBD-I: 25% overlap

TheFDMCBD-I algorithmasproposedn Sec.3.1hasa75%over-

lap betweerthe samplesf two subsequennput vectorsx,, x—1

andX,,,. Thereforeanoutputblock u,, i is computedjn fact,
threetimes,namelyin block k, & + 1, andk + 2. On the other
hand,thevectory,, r—1, whichis usedfor updatingthefilter co-
efficients, is computedonly once,namelyin block k. 1t is also
possibleto definea variantof FDMCBD-I with only 25% overlap
betweersubsequerihputvectorsby replacing(26) with

~ AT T T T T
Xm,k = (xm,3k—37xm,3k—2:xm,3k—17 Xm,sk) (56)

andreplacing(27) with
T,k 2 (1,353, U, 352, U 35— 1, U 3k) - (57)

The3L outputsamples(uy, 55 2, Up, 351, U 35) " 1OM iy
are nov computedonly once. Essentially this is equialent
to computingthe filtering and adaptationstepsonly at blocks
{...,k—3,k,k + 3,...}. This simpletrick reducesthe com-
putationalcompleity by afactorof three.(Seealso[15].)

FDMCBD-I

Definitions:
IL+1 0
P, £
[ 0 Osz—1 ]
02z, O 0
P, = 0 I, O
0 0 01

Initialization (Ym, n):
Winn[0] 2 (wWmno[0], - - -, wmnr[0])"
v“"’7’”"[0] é (Wzn[o]a OgL—l)T
Wmn[0] 2 FFT (Wimn[0])
For eachloop k do:
Filtering (Ym):
A T
Xm,k = (wm,kaLJ—l; e ,xm,kL)
~ A T T T T
Xm,k = (xm,k—Sa X, k—2s Xm,k—1; xm,k)
Xm,k = FFT(im,k)
M
l_lm,k = Z Winn [k] © in,k
n=1

~ A /- T T T T
Um,k = (um,k—3: Wy k—2 W k—1) um,k)
= IFFT (1)

Adaptation(Vm, n):
M
Ve = 3 Whn[k] © T i
n=1

ym,k £ (0%:7 0{7 y%,k—ly O}j)T = gm(Py ﬁm,k)
}_’m,k = FFT(ym,k)
Wil + 1] = (1+ 1) Wann K] = £ 5 © 97
Wmnlk + 1] = FFT (Py IFFT (W),,[k + 1]))

Figure3: FDMCBD-I 75%Algorithm (FFT sizeC =4L).

4. SIMULATION EXAMPLE

In the following, we give a simulation exampleto examinethe
behaior of the FDMCBD-I 75% algorithm. A real-\alued2 x
2 convolutive mixing systemA(z) is chosenrandomly Fig. 4
shavs somepropertiesof A(z), e.g.,thelocationsof the polesof
1/ det(A(z)). They indicatehow difficult the mixing systemis
to invert,as A~!(z) = adj(A(z))/ det(A(z)). It is clearlyseen
that A.(z) is non-minimumphaseand,hence, W (z) will have to
adaptto a two-sidedfilter. Thetransferfunction |1/ det(A (e/*)|
andthe correspondingstableimpulseresponseare also given in
Fig. 4.

We carry out two simulations. In the first simulation, the
sourcesignals s,, are random2-PAM (sub-Gaussianyignals,
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Figure4: Rootsof det(A(z)) (top),two-sidedmpulseresponsef
1/ det(A(z)) (middle),andtransferfunctionof |1/ det(A(e’))|.

and the nonlinearity is gm (tm.¢) = tm. |um¢|”. In the sec-
ond simulation, the source signals s,, are random two-sided
gamma-distribted (superGaussianyignals,andthe nonlinearity
iS gm (Um,¢) = sign(um,:). Theblock sizeis L = 512, the FFT
sizeis C'=4L =2048, and,hence4(L + 1) = 2052 filter coefi-

cientsareadaptedThediagonalelementf W (z) areinitialized
with a centerspike, the off-diagonalelemenfilters aresetto zero.
For bothsimulationsthestepsizeis ¢ =0.03 andtheinput SNRis
30dB.

The performancecurvesfor a singlerun areshavn in Fig. 5.
Theperformanceriteriaarethe averageresidualinterchannelin-
terference(ICl) andintersymbolinterference(ISI), asdefinedin
[10], andalsothemultichannel-IS(MC-ISI) [18]. As seerin both
casesthe ICI performanceevealsa slightly fastercorvergence
behaior thanthelSI. However, theresidualalueseventuallycon-
vergeto the samevalue. Thus,the MC-ISI yieldsroughlya 3 dB
highervalue,asit is approximatelythe sumof thelCl andISI after
corvergence[10].

The impulseresponsesnd the correspondingransferfunc-
tionsof themixing matrix A (z), thedemixingmatrix W (z) after
corvergenceandtheglobalsystemG (z) = W(z) A (z) areshavn
in Fig. 6. Theshapeof G(z) clearly shavs the successfusepara-
tion anddecowolution of the sourcesignals. Thereasorwhy the
transferfunctionsof G(z) shav aslightripple, is to compromise
the strongnoiseamplification.

5. CONCLUSIONS

We have presented low-compleity exactfrequeng-domainim-
plementationof the time-domainmultichannelblind decowolu-
tion algorithmproposedy Amari etal. in [4]. Thecomputational
complity of the algorithm canbe reducedby a factor of three
(at the expenseof a factorof-threedecreasén corvergencerate)

0 200 400 600 800 1000 1200
iteration k

--ICl
-- 18l

0 200 400 600 800 1000 1200
iteration k

Figure5: Corvergencebehaior of theFDMCBD-I 75%algorithm
for sub-Gaussiarftop) and superGaussian(bottom) sourcesig-
nals. The performancaneasuresreoutputICl, I1SI, andMC-ISI.

simply by changingthe overlap betweenconsecutie input vec-
tors from 75% to 25%. By suitablechoice of nonlinearity the
algorithm can handlethe casewhereall sourcesignalsare sub-
Gaussiaror the casewhereall signalsare superGaussian.Even
thoughmost of the computationis carriedout in the frequeny

domain, the algorithm doesnot suffer from a bin-wise permuta-
tion indeterminag becausehe underlyingcostfunctionhasbeen
well-definedin the time domain. The presentedlgorithmis the
multichannelextensionof the single-channehlgorithmin [15].

Simulationexamplesdemonstrate¢he separatiorand decowolu-

tion capabilitiesof the presentealgorithm. Possibleapplications
of thealgorithmarein acousticse.g.,teleconferencingr hearing
aids.
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A. CIRCULANT MATRICES AND BASIC PROPERTIES

Sincethereis a very closerelationshipbetweencirculantmatrix
productsand circular convolutions, we recall someof the basic
propertiesof circulant matrices. For a thoroughdescriptionwe
referto [19,20] or [21, Chapter3].

Leta = (a1,...,ac)T. We definethe correspondingircu-
lantmatrix A which hasa asits first columnas

ai ac ... a2

Afc@as |29 (58)
. . ac
ac ...a2 a1

Theinverseoperationa 2 ¢~'(A) returnsthefirst columnof A..
Furthermoreye define

a2 Fa (59)
A2FAF! (60)
Then(seg[21])
A = diag(a) (61)
FAPF '=(FAF H? = A" = A*. (62)

With (61) we seethatthe similarity transform(59) alwaysdiago-
nalizesary circulantmatrix andthereforethe eigevalue decom-
position(EVD) of a circulantmatrix alwayshastheform

A=F'AF. (63)



