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ABSTRACT

This paperdescribestwo efficient realizationsof anadaptive mul-
tichannelblind deconvolution algorithmbasedon thenaturalgra-
dientalgorithmoriginally proposedby Amari, Douglas,Cichocki,
andYang.Theproposedalgorithmsusefastconvolution andcor-
relation techniquesand operateprimarily in the frequency do-
main.Sincethecostfunctionminimizedby thealgorithmsis well-
definedin the time domain,thealgorithmsdo not suffer from the
so-calledfrequency-domainpermutationproblem. The proposed
algorithmcanbeviewedasanmulti-channelextensionof asingle-
channelblind deconvolution algorithm recentlyproposedby the
authors.

1. INTR ODUCTION

1.1. Problemdescription and preliminary work

A well-known problemin acousticsis theso-calledcocktail party
problem, where the primary task is separationof a convolutive
mixtureof independentlygeneratedspeechsignals.A similar sce-
nario occursin datacommunicationswhenan antennaarray re-
ceives a multi-path mixture of signalstransmittedfrom several
sources. Independentof any application,this task is generally
known asthemultichannelblind deconvolution(MCBD) problem.
Thegeneralsetupis shown in Fig. 1. Thesequenceof thesource
signals� ��� ���	� is mixedandfilteredby acausalconvolutivemix-
ing system
 ��� 
���	
������������ . This processcanbedescribedby
a convolutionalsum� ������
���� �!�#"%$&���('*)+-, � 
 + ���/. + "0$&� (1)

where � �1� � �	� is the sequenceof the sensorsignalsand $ �� $ � � is anadditivesensornoisesequence.In a blind setup,only� is accessibleto thealgorithm; � , 
 , and $ areunknown.
In the multichannelblind deconvolution problemwe aim at

finding a deconvolution filter 2 �3� 2546� suchthat the output7 �8� 9 �!� of thedeconvolution process7 � � )'4 , . ) 2 4 � �/. 4 � )'4 , . ) �/: 4 ���/. 4 "02 4 $&�/. 4 � (2)

retrieves a waveform-preservingestimateof � , possiblydelayed
and permuted. The global-systemis definedas : �;� :46�<�2=�>
 with : 4 �?�@2=�>
A� 4 . Ideally, at least in the noise-
free case,we wish to find a deconvolution matrix 2 suchthat
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Figure1: Setupof themultichannelblind deconvolution problem.

theglobalsystemcanbedecomposedinto :a��bF�H�aca��bF�!d where:a��bF� �fe 4 : 4 b . 4 is the two-sided b -transformof : , d is a
permutationmatrix, and ca��bF�#�0gDhjilkm�@nFo � b .mpRq ���������	nForLb .mp	s � is
a diagonalmatrix with monomialdiagonalelements.Constrain-
ing d to be a permutationmatrix guaranteesperfectseparation
of theoutputsignals(i.e.,no interchannelinterference(ICI)), and
constrainingct��bF� to have non-zeromonomialentriesguarantees
perfectdeconvolution of eachchannel(i.e., no intersymbolinter-
ference(ISI)). Theparametersd ,

� nFouv� , and
� w u � areindetermi-

naciesof theMCBD problem[1].
A convolutive mixing systemcaneitherbeseenastheconvo-

lutive extensionof instantaneoussignalmixing or themultichan-
nel extensionof signalfiltering, i.e., we canwrite 
���bF�H� e 4 
4
or 
a��b-�x�zy { u + ��bF�/| . Hence,to solve the multichannelblind de-
convolution problem,blind source separation (BSS) algorithms
for instantaneousmixing systemsandsingle-channelblind decon-
volution (SCBD) algorithmsmustbe properlymerged. Alterna-
tively, theBSSandSCBDproblemscanberegardedasbeingtwo
specialcasesof the generalMCBD problem,asshown in Fig. 2.
For example, a combinationof the BSS algorithm [2] and the
SCBD algorithm [3] yielded the time-domainMCBD algorithm
proposedby Amari et al. [4]. (Seealsothework of Douglasand
Haykin [5] and[6].) Similar extensionsin the frequency domain,
carefullyconstructedsoasnot to suffer from theso-calledpermu-
tation problem, have beencarriedout by Lambert[7,8], Lambert

AGC
spatialextension}�}~}~}H}~}D}D}�� BSS

temporalextension ��� ��� temporalextension

SCBD }�}~}~}H}~}D}D}��
spatialextension

MCBD

Figure 2: Commutative diagramto reveal the relationshipbe-
tweendifferent blind problems: Automatic gain control (AGC),
blind sourceseparation(BSS),singlechannelblind deconvolution
(SCBD),andmultichannelblind deconvolution (MCBD).



andBell [9], andJohoet al. [10]. We note that, in someappli-
cationsof MCBD, perfectdeconvolution is not requiredor some-
times not even desired. Algorithms for this latter caseare pre-
sentedin [11–14].

In the following, we presenta low-complexity implementa-
tion of the time-domainMCBD algorithmproposedby Amari et
al. in [4]. Theunderlyingcostfunction is definedin the time do-
mainandassumesthatthatthesourcesignals ��� � u ���l� u�� �	� are
mutually independent,white, andnon-Gaussian.For the deriva-
tion of thealgorithm,we will restrictourselvesto thecasethat 

and 2 areboth ����� dimensionalsystemsand 2 is causal
finite impulseresponse(FIR). We allow thesourcesignals

�V� u�� � �
andthemixing system
 to becomplex valued.For computational
efficiency reasons,theconvolution operationsareimplementedin
the frequency domain. However, thecostfunction,andtherefore
alsothenon-linearity, remainsin the time domainto avoid a bin-
wise permutationindeterminacy. Consequently, the proposedal-
gorithm can be viewed as an extensionof the SCBD algorithm
recentlyproposedby theauthorsin [15].

Theoutlineof thepaperis asfollows: In Section2 wedescribe
the time domainalgorithm, in Section3 we derive the proposed
frequency domainalgorithm, in Section4 we give a simulation
example,andin Section5 we draw conclusions.In AppendixA
we summarizesomeusefulpropertiesof circulantmatrices.

1.2. Notation

Thenotationusedthroughoutthis paperis the following: Vectors
arewritten in lowercasebold,matricesin uppercasebold. Matrix
andvector transpose,complex conjugationandHermitian trans-
posearedenotedby �!� �!� , �!� �R� , and �!� �	�����	�!� �R���!� , respectively.
Theelement-wisemultiplicationof two vectorsor matricesis de-
notedby � . The identity matrix is denotedby � anda vectoror
matrix containingonly zerosis denotedby � . The � -point DFT
matrix ��� is definedasy ���&| u + �z� .O�H�N�� u + �@�a�	�A�(�J�����R� }�� � (3)� . �� � �   �(¡ � �� � ��  �z¡ � �� � (4)

Circulantanddiagonalmatricesaredenotedas ¢
 and £
 , respec-
tively, and £¤ � gDhjiVkm� £
A� denotesa vectorcontainingthediagonal
elementsof £
 . Theoperation ¢
 �¦¥ � ¢¤ � definesacirculantmatrix
with ¢¤ in its first columnand ¢¤ �§¥ . � �O¢
A� is the corresponding
inverseoperation(seeAppendixA for moredetails).

Thevariable ¨ is usedasa discretesampleindex. Theblock
index is denotedby y ©O| � ��©ª¡H«�� where « is the block length
(block forwardshift).

2. TIME-DOMAIN IMPLEMENT ATION

2.1. Instantaneousmixing

In [2] Amari et al. proposedthe following BSSalgorithmfor the
instantaneousmixing case7 � �¬2 � � � (5)25�@ � �¬25�#"0®¯��� }a° � 7 �� �N25� (6)

where ± u�� �²�t³ u � 9 u�� �!� . This algorithmis basedon thenatural-
gradient learningalgorithm. Basedon a local convergenceanal-
ysis, the optimal nonlinearity ³ u �!� � is suggestedto be the score

functionof the pdf of the source
� u [16]. However, simulations

have shown thattheperformanceof thealgorithmis relatively ro-
bustto selectionof ³ u �!� � . Typical choicesare³ u � 9 u�� �N�¯´¬µ	hYk�¶·� 9 u�� �N� (7)

for super-Gaussiansignals(kurtosislargerthanfor aGaussiansig-
nal) and ³ u � 9 u�� �!�¯´ 9 u�� ��¸ 9 u�� ��¸ ¹ (8)

for sub-Gaussiansignals(kurtosissmallerthanfor aGaussiansig-
nal). For convenience,we requirethat ³ u �����¯ºz� .

2.2. Convolutive mixing

The BSS algorithm (5)–(6) wasextendedby Amari et al. in [4]
to thecaseof convolutive mixing. Their time-domainmultichan-
nelblind deconvolutionalgorithm(TDMCBD) is defined,for time
index ¨ , as7 ���('�»4 , � 214/��¨R� � �/. 4 (9)¼ ���('�»4 , � 2 �» . 4 ��¨	� 7 �6. 4 (10)° ���¬½�� 7 �!� (11)254N��¨¾" � �¯�¬214!��¨	�#"0®�¿�214/��¨R� }t° �/. » ¼ ��/. 4ÁÀ �¯Â&Ã�y �H�ÅÄL|

(12)

where
� 7 �!� containstheoutputsamplesand ¼ � is anintermediate

signal. The multichanneldeconvolution filter
� 2146� is an multi-

channelFIR filter of length ÄÆ" � . Note that, for ÄÇ��� , the
TDMCBD algorithm(9)–(12)becomesidenticalto theBSSalgo-
rithm (5)–(6). Ontheotherhand,for �È� � , (9)–(12)becomesthe
single-channelblind deconvolution algorithmproposedin [3].

2.3. Block-wisefiltering and adaptation

Alternatively, we cancarryout thefiltering andtheadaptationof
theTDMCBD algorithmin a block-wisemanner. At block © , i.e.,¨-�A©D« } «�" � ���������R©H« , we have7 �&��'*»4 , � 254Ny ©F| � �6. 4 (13)¼ �&��'*»4 , � 2 �» . 4 y ©O| 7 �/. 4 (14)° �&�z½�� 7 �!� (15)254Ny ©v" � |m��� � "É®·�H254Ny ©F| } ®« ¡ Ê�Ë'� , Ê�Ë . Ë  � ° �/. » ¼ ��/. 4 (16)

where « is theblock size(block-wiseforward shift). Theblock-
wiseupdatein (16) is equalto theaverageof thesample-wiseup-
datein (12)over theentireblockof « samples.Wewill referto the
algorithm(13)–(16)astheblock time-domainmultichannelblind
deconvolutionalgorithm(BTDMCBD).

In the following, we will restrictourselvesto thecasewhereÄ1��« , which will simplify thederivation. We rewrite (13), (14),



and(16) for block © in matrix form:ÌÍÎ�Ï u�� Ê�Ë .mÐ Ë  �...Ï u�� Ê�Ë
Ñ ÒÓÕÔ rÖ+�, � ÌÍÎ6× u + Ë�ØÅØRØ × u + �

. . .
. . .

. . .× u + Ë·ØÅØÅØ × u + �
Ñ ÒÓ Ø

ÌÍÎ�Ù + � Ê�Ë .²Ú Ë  �...Ù + � Ê�Ë
Ñ ÒÓ

(17)ÌÍÎ/Û u�� Ê�Ë . ¹ Ë  �...Û u�� Ê�Ë
Ñ ÒÓÜÔ rÖ+-, � ÌÍÎ × + u � ØRØÅØ × + u Ë. . .

. . .
. . .× + u � ØRØÝØ × + u Ë

Ñ ÒÓ � Ø
ÌÍÎ6Ï + � Ê�Ë .mÐ Ë  �...Ï + � Ê�Ë

Ñ ÒÓ
(18)ÌÍÎ × u + �-Þ ßáà �	â

...× u + Ë Þ ßJà �	â Ñ ÒÓ Ô�ã � àAä~å ÌÍÎ × u + �-Þ ß â
...× u + Ë Þ ß â

Ñ ÒÓ
æ äç ÌÍÍÍÍÎ Û + � Ê�Ë . Ë  � ØRØRØ Û + � Ê�ËÛ + � Ê�Ë . Ë . . .

...
...

. . .
Û + � Ê�Ë . Ë  �Û + � Ê�Ë . ¹ Ë  � ØRØRØ Û + � Ê�Ë . Ë

Ñ ÒÒÒÒÓ � Ø
ÌÍÎ�è u�� Ê�Ë . ¹ Ë  �...è u�� Ê�Ë . Ë

Ñ ÒÓ .

(19)

In (17) and(18) we have omittedtheblock index y ©F| for thefilter
coefficientsand,hence,é u + 4 standsfor é u + 4!y ©O| . Furthermoreê u + y ©F| � �@é u + � y ©F|6���������	é u + Ë y ©F|�� � (20)

is theimpulseresponseof the �A� -th deconvolution filter at block© .
In block © the updateequation(16) needsto be evaluated

for ¨���©D« } «¦" � ���������R©D« . This determinesthe dimension-
ality of (19). In (19) we needthe latest ël« samplesof ì + , i.e.,� ì + � Ê�Ë . ¹ Ë  � ���������	ì + � Ê�Ë � , which thendeterminesthedimension-
ality of the LHS vector in (18). For the samereason,the LHS
vector in (17) needsto be the sameas the RHS vector in (18).
Eq. (17) and (18) guaranteethat all signal samplesusedfor the
updatein (19) arederived from the current 2íy ©O|²� � 254!y ©F|@���� y ê u + 4 y ©O|Y|�� . The equations(17)–(19), togetherwith ± u�� � �³ u � 9 u�� �	� , yield theBTDMCBD algorithmin matrix form.

3. FREQUENCY-DOMAIN IMPLEMENT ATION

3.1. FDMCBD-I: 75% overlap

In thefollowing, weemploy fastconvolution techniquesto reduce
thecomputationallycomplexity of theBTDMCBD algorithm.To
this end,we definethefollowing vectorsof length « :� u�� Ê � �@î u�� Ê�Ë . Ë  � ���������	î u�� Ê�Ë � � (21)7 u�� Ê � � 9 u�� Ê�Ë . Ë  � ��������� 9 u�� Ê�Ë � � (22)¼ u�� Ê � �@ì u�� Ê�Ë . Ë  � ���������	ì u�� Ê�Ë � � (23)° u�� Ê � ³ u � 7 u�� Ê � . (24)

wherethe nonlinearityfunction ³ u �!� � is appliedon eachvector
element.We alsodefinethefollowing vectorsof length ï-« :¢ê u + y ©F| � � ê �u + y ©O|��Å� �Ð Ë . � � � (25)¢� u�� Ê � � � �u�� Ê .²Ð � � �u�� Ê . ¹ � � �u�� Ê . � � � �u�� Ê � � (26)¢7 u�� Ê � �~ð7 �u�� Ê .mÐ � 7 �u�� Ê . ¹ � 7 �u�� Ê . � � 7 �u�� Ê � � (27)¢¼ u�� Ê � � ð¼ �u�� Ê . ¹ � ¼ �u�� Ê . � � ¼ �u�� Ê � ð¼ �u�� Ê .²Ú � � (28)¢° u�� Ê � ��� � Ë �	� � Ë � ° �u�� Ê . � �Å� � Ë � � . (29)

We denotea vectorthatcancontainarbitraryelementswith a dot
e.g., ð7 Ê .mÐ . Furthermore,we definethefollowing circulantmatri-
ces ¢2 u + y ©F| �¦¥ � ¢ê u + y ©O|ñ� (30)¢ò u�� Ê �¦¥ � ¢7 u�� Ê � (31)¢ó u�� Ê �¦¥ � ¢¼ u�� Ê � (32)

andtheprojectionmatricesd¾ô �Çõ � Ë  � �� � Ð Ë . �aö (33)

dx÷ �ùøú � ¹ Ë � �� � Ë �� � � Ë
ûü

. (34)

Sinceall the matricesinvolved in the equations(17) to (19) are
Toeplitz,wecanenlargethemto ï�«t�ýï�« circulantmatrices,such
thatwecanembed(17)–(19)for block © in thefollowingequations¢7 u�� Ê � ' r+�, � ¢2 u + y ©F| ¢� + � Ê (35)¢¼ u�� Ê ��' r+�, � ¢2 �+ u ¢7 + � Ê (36)¢° u�� Ê �¬³ u ��dx÷ ¢7 u�� Ê � (37)¢ê u + y ©v" � |m��� � "É®·� ¢ê u + y ©O| } ®« d ôÉ¢ó �+ � Ê ¢° u�� Ê . (38)

Recallthatwe required³ u ���-��º(� . Therefore¢° u�� Ê will have the
zeropaddedstructureasgiven in (29). Since(35), (36), and(38)
describenow circular convolutions, fast convolution techniques
can now be employed. Towardsthis end, we definethe follow-
ing vectorsof length �ª�Lï-« :£ê u + y ©F| � � � ¢ê u + y ©F|#�zþ�þ�ÿ � ¢ê u + y ©O|ñ� (39)£� u�� Ê � �#� ¢� u�� Ê �zþ�þ�ÿ � ¢� u�� Ê � (40)£7 u�� Ê � � � ¢7 u�� Ê �zþ�þ�ÿ � ¢7 u�� Ê � (41)£¼ u�� Ê � � � ¢¼ u�� Ê �zþ�þ�ÿ � ¢¼ u�� Ê � (42)£° u�� Ê � �#� ¢° u�� Ê �zþ�þ�ÿ � ¢° u�� Ê � . (43)

Consequentlywe have from (39)¢ê u + y ©O| � � . � £ê u + y ©F|#� � þ�þ�ÿv� £ê u + y ©F|ñ� . (44)

Thesameis alsotruefor inverting(40)–(43).
We now wish to transform(35)–(38)into the frequency do-

main.To thisend,wepre-multiplytheequationsonbothsidewith
theFouriermatrix � . We begin with (35)£7 u�� Ê �(' r+-, � � ¢2 u + y ©F| � . � � ¢� + � Ê (45)�(' r+-, � £2 u + y ©O| £� + � Ê (46)

where £2 u + y ©F| � � ¢2 u + y ©F|V� . � . Notethatfrom (61)weknow
that £2 u + y ©O|·�8gHhjilkm��� ¢ê u + y ©F|�� is a diagonalmatrix. Applying
similar stepsto (36)andusing(62)we get£¼ Ê � ' r+-, � � ¢2 �+ u y ©F|V� . � � ¢7 + � Ê (47)� ' r+-, � £2 �+ u y ©O| £7 + � Ê . (48)



Transforming(37) into thefrequency domaingives£° u�� Ê �z�³ u�� d ÷ � . � £7 u�� Ê � (49)

andapplyingproperty(62) to (38)gives£ê u + y ©v" � |#��� � "É®·� £ê u + y ©O|} ®« �d ô � . � � ¢ó �+ � Ê � . � � ¢° u�� Ê (50)��� � "É®·� £ê u + y ©O| } ®« �Ad ô � . � £ó �+ � Ê £° u�� Ê .

(51)

Equations(46),(48), and(51)canberewrittenas£7 u�� Ê �(' r+-, � £ê u + y ©F|H� £� + � Ê (52)£¼ u�� Ê �(' r+-, � £ê �+ uýy ©F|H� £7 + � Ê (53)£ê u + y © " � |#��� � "É®&� £ê u + y ©F| } ®« �d ô � . � � £¼ �+ � Ê � £° u�� Ê � .

(54)

Alternatively, sincedxô ¢ê u + y ©F|Ý� ¢ê u + y ©O| holds,wecanreformu-
late(54)as£ê u + y © " � |#�z�ªd ô � . � ¿�� � "É®&� £ê u + y ©O| } ®« £¼ �+ � Ê � £° u�� Ê À .

(55)

We will refer to (52), (53), (49), and(55) asthe FDMCBD-I al-
gorithmThecompleteimplementationof thefilter andadaptation
equationsis summarizedin Fig. 3. We have preferredto use(55)
over (54), whichhastheadvantagethatwrap-arounderrorsdonot
accumulatein ¢ê u + y ©F| if theprojectionoperation�Ad¾ôª� . � is not
carriedout in eachblock (e.g.,alternatedfilter projections[17]).

In thederivationof theproposedalgorithmwe have restricted
ourselvesto thecasewith Ä(�ª« and �Õ�Aï-« . However, different
choicesfor Ä arepossibleaslong as ��� «Õ"��D��Ä } � � .
3.2. FDMCBD-I: 25% overlap

TheFDMCBD-I algorithmasproposedin Sec.3.1hasa75%over-
lap betweenthesamplesof two subsequentinput vectors ¢� u�� Ê . �and ¢� u�� Ê . Therefore,anoutputblock 7 u�� Ê is computed,in fact,
threetimes,namelyin block © , ©ý" � , and © "(ë . On the other
hand,thevector ° u�� Ê . � , which is usedfor updatingthefilter co-
efficients, is computedonly once,namelyin block © . It is also
possibleto definea variantof FDMCBD-I with only 25%overlap
betweensubsequentinput vectorsby replacing(26)with¢� u�� Ê � � � �u�� Ð Ê .²Ð � � �u�� Ð Ê . ¹ � � �u�� Ð Ê . � � � �u�� Ð Ê � � (56)

andreplacing(27)with¢7 u�� Ê � �~ð7 �u�� Ð Ê .mÐ � 7 �u�� Ð Ê . ¹ � 7 �u�� Ð Ê . � � 7 �u�� Ð Ê � � . (57)

The ��« outputsamples� 7 �u�� Ð Ê . ¹ � 7 �u�� Ð Ê . � � 7 �u�� Ð Ê � � from ¢7 u�� Êare now computedonly once. Essentially, this is equivalent
to computing the filtering and adaptationstepsonly at blocks� �������R© } �O�R©#�	©"	�H������� � . This simple trick reducesthe com-
putationalcomplexity by a factorof three.(Seealso[15].)

FDMCBD-I

Definitions: d¾ô �Çõ � Ë  � �� �²Ð Ë . �aöd ÷ �ùøú � ¹ Ë � �� � Ë �� � � Ë
ûü

Initialization ( 
m�a�	� ):ê u + y �V| � �@é u + � y � |����������	é u + Ë y � |�� �¢ê u + y �V| � � ê �u + y �V|��Å� �Ð Ë . � � �£ê u + y �V| � þ�þ�ÿ � ¢ê u + y �V|ñ�
For eachloop © do:

Filtering (
m� ):� u�� Ê � �@î u�� Ê�Ë . Ë  � ���������	î u�� Ê�Ë � �¢� u�� Ê � � � �u�� Ê .mÐ � � �u�� Ê . ¹ � � �u�� Ê . � � � �u�� Ê � �£� u�� Ê �(þ�þ�ÿ � ¢� u�� Ê �£7 u�� Ê � r'+�, � £ê u + y ©F|H� £� + � Ê¢7 u�� Ê � �Dð7 �u�� Ê .²Ð � 7 �u�� Ê . ¹ � 7 �u�� Ê . � � 7 �u�� Ê � �� � þ�þ�ÿ � £7 u�� Ê �
Adaptation( 
m�a�	� ):£¼ u�� Ê � r'+�, � £ê �+ u y ©F|H� £7 + � Ê¢° u�� Ê � ��� � Ë �R� � Ë � ° �u�� Ê . � �	� � Ë � � �¦³ u ��d ÷ ¢7 u�� Ê �£° u�� Ê �(þ�þ�ÿ � ¢° u�� Ê �£ê ou + y ©v" � |m��� � "É®·� £ê u + y ©O| } ®« £° u�� Ê � £¼ �+ � Ê£ê u + y ©v" � |m�(þ�þ�ÿ � d¾ô � þ�þ�ÿ � £ê ou + y © " � | ���

Figure3: FDMCBD-I 75%Algorithm ( FFT size �ª�ï�« ).

4. SIMULA TION EXAMPLE

In the following, we give a simulationexample to examine the
behavior of the FDMCBD-I 75% algorithm. A real-valued ëÕ�ë convolutive mixing system 
a��b-� is chosenrandomly. Fig. 4
shows somepropertiesof 
���bF� , e.g.,the locationsof thepolesof�   g��� ��
a��bF�	� . They indicatehow difficult the mixing systemis
to invert, as 
 . � ��bF�²�ti�g�����
a��bF�	�   g���� ��
���bF�	� . It is clearlyseen
that 
���bF� is non-minimumphase,and,hence,2í��bF� will have to
adaptto a two-sidedfilter. Thetransferfunction ¸ �   g������
a� � ��� ��¸
and the correspondingstableimpulseresponsearealsogiven in
Fig. 4.

We carry out two simulations. In the first simulation, the
sourcesignals

� u are random 2-PAM (sub-Gaussian)signals,
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Figure4: Rootsof g��� ��� ��bF�	� (top),two-sidedimpulseresponseof��  g�������� ��b-�	� (middle),andtransferfunctionof ¸ ��  g���� ��� � � ��� �	��¸ .
and the nonlinearity is ³ u � 9 u�� �	� � 9 u�� �#¸ 9 u�� ��¸ ¹ . In the sec-
ond simulation, the sourcesignals

� u are random two-sided
gamma-distributed(super-Gaussian)signals,andthenonlinearity
is ³ u � 9 u�� �!�&�¦µ	hYkl¶·� 9 u�� �	� . The block size is «���� � ë , the FFT
sizeis �a�Õï�« ��ël�Vï�� , and,hence,ï~��«a" � �O��ël���lë filter coeffi-
cientsareadapted.Thediagonalelementsof 2í��bF� areinitialized
with a centerspike, theoff-diagonalelementfiltersaresetto zero.
For bothsimulationsthestepsizeis ®���H� ��� andtheinputSNRis
30dB.

Theperformancecurvesfor a singlerun areshown in Fig. 5.
Theperformancecriteriaaretheaverageresidualinterchannelin-
terference(ICI) and intersymbolinterference(ISI), asdefinedin
[10], andalsothemultichannel-ISI(MC-ISI) [18]. As seenin both
cases,the ICI performancerevealsa slightly fasterconvergence
behavior thantheISI. However, theresidualvalueseventuallycon-
vergeto thesamevalue. Thus,theMC-ISI yieldsroughlya 3 dB
highervalue,asit is approximatelythesumof theICI andISI after
convergence[10].

The impulseresponsesand the correspondingtransferfunc-
tionsof themixing matrix 
���bF� , thedemixingmatrix 2í��bF� after
convergence,andtheglobalsystem:a��bF�-�2í��bF�!
���bF� areshown
in Fig. 6. Theshapeof :���bF� clearlyshows thesuccessfulsepara-
tion anddeconvolution of thesourcesignals.Thereasonwhy the
transferfunctionsof :a��bF� show a slight ripple, is to compromise
thestrongnoiseamplification.

5. CONCLUSIONS

We have presenteda low-complexity exactfrequency-domainim-
plementationof the time-domainmultichannelblind deconvolu-
tion algorithmproposedby Amari etal. in [4]. Thecomputational
complexity of the algorithmcanbe reducedby a factorof three
(at the expenseof a factor-of-threedecreasein convergencerate)
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Figure5: Convergencebehavior of theFDMCBD-I 75%algorithm
for sub-Gaussian(top) and super-Gaussian(bottom) sourcesig-
nals.TheperformancemeasuresareoutputICI, ISI, andMC-ISI.

simply by changingthe overlap betweenconsecutive input vec-
tors from 75% to 25%. By suitablechoiceof nonlinearity, the
algorithm can handlethe casewhereall sourcesignalsare sub-
Gaussianor the casewhereall signalsaresuper-Gaussian.Even
thoughmost of the computationis carriedout in the frequency
domain,the algorithmdoesnot suffer from a bin-wisepermuta-
tion indeterminacy becausetheunderlyingcostfunctionhasbeen
well-definedin the time domain. The presentedalgorithmis the
multichannelextensionof the single-channelalgorithm in [15].
Simulationexamplesdemonstratethe separationanddeconvolu-
tion capabilitiesof thepresentedalgorithm. Possibleapplications
of thealgorithmarein acoustics,e.g.,teleconferencingor 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].

Let ¢¤ �1�@{m�����������	{ � �!� . We definethecorrespondingcircu-
lant matrix ¢
 which has ¢¤ asits first columnas

¢
 �¬¥ � ¢¤ � � ø  ú { � {D�L�����x{ ¹{ ¹ {m� . . .
...

...
. . .

. . . { �{ � �����l{ ¹ {m�
û
!!ü . (58)

Theinverseoperation¢¤ �¬¥ . � � ¢
L� returnsthefirst columnof ¢
 .
Furthermore,we define £¤ � � ¢¤ (59)£
 � � ¢
z� . �

. (60)

Then(see[21]) £
 �zgDhjilkm� £¤ � (61)��¢
 � � . � ������¢
z� . � � � � £
 � � £
 � . (62)

With (61) we seethat thesimilarity transform(59) alwaysdiago-
nalizesany circulantmatrix andthereforethe eigenvaluedecom-
position(EVD) of a circulantmatrix alwayshastheform¢
 �(� . � £
¬� . (63)


