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Abstract

The multichannel blind deconvolution of finite-impulse response (FIR) or infinite-impulse response (IIR) systems is
investigated using the multichannel super-exponential deflation methods (MSEDMs). In the existing MSEDM, the
so-called “‘second-order correlation method” is incorporated in order to estimate the contributions of an extracted source
signal to the channel outputs. We propose a new MSEDM using higher-order correlations instead of second-order
correlations to reduce the computational complexity in terms of multiplications and to accelerate the performance of
deconvolution. Computer simulations show that the proposed method based on higher-order correlations is better than the
existing method based on second-order correlations in the noiseless case or a noisy case.
© 2006 Elsevier B.V. All rights reserved.

Keywords: Blind signal processing; Blind deconvolution; Super-exponential deflation method; Higher-order correlations

1. Introduction In 1993, Shalvi and Weinstein proposed an
attractive approach to single-channel blind decon-

Multichannel blind deconvolution has recently
received attention in such fields as digital commu-
nications, image processing, acoustic signal proces-
sing and neural information processing [1,2].
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volution called the super-exponential methods
(SEMs) [3]. Extensions of their idea to multichannel
deconvolution were presented by Inouye and
Tanebe [4], Martone [5,6], and Yeung and Yau [7].
In particular, Inouye and Tanebe [4] proposed an
multichannel super-exponential deflation method
(MSEDM) using the second-order correlations.
Moreover, Martone [6], and Kohno et al. [8,9]
proposed MSEDMs using the higher-order correla-
tions for MIMO (multiinput-multioutput) narrow-
band channels (instantaneous mixtures). We extend
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their idea to the case of MIMO wide-band channels
(convolutive mixtures).

In the present paper, we propose a new MSEDM
using the higher-order correlations for MIMO wide-
band channels, and show the effectiveness of the
proposed method by computer simulations.

The present paper uses the following notation:
Let Z denote the set of all integers. Let C"*" denote
the set of all m x n matrices with complex compo-
nents. The superscripts T,*,H and { denote,
respectively, the transpose, the complex conjugate,
the complex conjugate transpose (Hermitian) and
the (Moore—Penrose) pseudoinverse operations of a
matrix. Let i=1,n stand fori =1,2,...,n.

2. Assumptions and preliminaries

We consider an MIMO wide-band channel with n
inputs and m outputs as described by

oo
yoy=> HOst—k) +n@), teZ (1)
k=—00

where s(f) is an n-column vector of input (or source)
signals, y(¢) is an m-column vector of channel
outputs, n(t) is an m-column vector of Gaussian
noises, and {H®} is an m x n impulse response
matrix sequence.

The transfer function of the channel is defined by

[0¢]
H(z) = Z HPZF  zecC. 2)
k=—o00
To recover the source signals, we process the output
signals by an n x m deconvolver W(z) described by
oo
wn=> Wwha-k), tez )
k=—00
The objective of multichannel blind deconvolution
is to construct a deconvolver W(z) that recovers the
original source signals only from the measurements
of the corresponding outputs. For the time being, it
is assumed for theoretical analysis that the noise
term n(t) in (1) is absent. However, all the signals
and the parameters of the systems are allowed to be
complex-valued.

We put the following assumptions on the systems
and the source signals.

(A1) The transfer function H(z) is stable and has
full column rank on the unit circle |z| =1 (this
implies that the unknown system has less inputs
than outputs, i.e., n<m, and there exists a left stable
inverse of the unknown system).

(A2) The input sequence {s(¢)} is a complex, zero-
mean, non-Gaussian random vector process with
element processes {s(¢)}, i = 1,n being mutually
independent. Moreover, each element process {s;(¢)}
is an i.i.d. process with a nonzero variance ¢? and a
nonzero fourth-order cumulant ;. The variances
02’s and the fourth-order cumulants 7y;’s are
unknown.

(A3) The deconvolver W(z) is an finite-impulse
response (FIR) system of sufficient length L so that
the truncation effect can be ignored.

Based on assumption A3, let us consider an
FIR deconvolver with the transfer function W(z)
given by

L,
Wy => whk (4)

k=L1

where L; and L, are, respectively, the first and last
superscripted numbers of the tap coefficients W®)’s
of the deconvolver W(z), and the length L.=L, —
L, + 1 is taken to be sufficiently large. Let w; be the
mL-column vector consisting of the tap coefficients
(corresponding to the ith output) of the deconvolver
defined by

. L
wi:z[wzl, WZzs . ,wzm]T e C"", &)

(L) (Li+1)
w J

LT _ L
Wi LT e of, (6)

wij = [w J
where wg) is the (i,/)th element of matrix W®.
Inouye and Tanebe [4] proposed an multichannel
super-exponential algorithm (MSEA) for finding the
tap coefficient vectors w;’s of the deconvolver W(z),
of which each iteration consists of the following two

steps:

W= Rld: fori=T,n, 7)

1
[2] WE' :

W Ry

fori=1,n, ®)

where ()" and (-)”! stand, respectively, for the result
of the first step and the result of the second step. Let
y(f) be the mL-column vector consisting of the L
consecutive inputs of the deconvolver defined by

JO=[F 0" 50" ... 5.0 e C, )
Vi) =t — L1),yt — Ly —1),...,p(t — L))"
e Ct, (10)

where y;(?) is the ith element of the output vector y(¢)
of the channel in (1). Then the correlation matrix R
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(defined by (41) and (42) in [4]) is represented as

R = E[7* (03" (0] € C", (11)
and the fourth-order cumulant vector d; is defined by
di=[d},,d},,....d},]" € C"", (12)

whose jth block element d;; is the L-column vector
with rth element [d;;], defined by

[di)], = cum(z(?), z,»(t),z;‘(l),y;‘(l —7))

forr=0,+1,£2,..., (13)
and d; is represented as
= E[lz(0)Pz:(0)5*(1)]
— 2E[|z/(0)IE[( )5 (1)]
— ElZ (O]ELz (03" (0] € C™, (14)
where E[x] denotes the expectation of a random

variable x. We note that the last term can be ignored
in case of E[s7(#)] = 0 for all i = 1,n, in which case
E[z2()] =0 for all i = 1,n.

3. A super-exponential deflation method incorporated
with higher-order correlations

The multichannel super-exponential —deflation
method (MSEDM) proposed by Inouye and Tanebe
[4] uses the second-order correlations to estimate the
contributions of an extracted source signal to the
channel outputs. In this section, we utilize higher-
order correlations instead of the second-order
correlations in order to estimate the contributions
of an extracted source signal to the channel outputs.
For notational simplicity, we confine ourselves to
fourth-order correlations although our results are
expandable to higher-order correlations.

Now, let us introduce n mL-column vectors as
intermediate tap coefficients vectors of the decon-
volver defined as

Z',ﬁ:[c{l, c{z, RV ch]T fori=1,n, (15)

(L1) C(L1+1) (L7 ] (16)

cij=lei s ay G

Then, the proposed algorithm is summarized as
follows.

Step 1: Set i = 1 (where i denotes the order of an
input extracted).

Step 2: Carry out the following iterations enough
to extract an input after ¢ was initialized by its
appropriate value. Each of the iterations consists of

the two steps as follows:
A= Rl (17)

A
S — (18)

1
/~[1 RL~[1

where R; and d; are, respectively, calculated by (11)
and (14) using the values of the outputs y,(¢)’s (k =
1,m) and the values of the deconvolver outputs
zi(f)’s with W J) ’s replaced by the corresponding
values of ¢ ﬁ) s obtained before the iteration.
Step 3: As a possibly scaled and time-shifted
estimate of an input s; (7), calculate the deconvolver

output z;(¢) by

)= > eyt =k, (19)

j=1 k=—o0

where ¢;;(k)’s are the new values obtained at Step 2.
Then, calculate the fourth-order cross-correlations of
the deconvolver outputs z;(¢)’s with the channel
outputs y,(?)’s, and define a possibly scaled and time-
shifted estimate of the channel element /7 (1) as

1), yi(1)).

th (v)=cum(z}(t — 1), z; (t — 1), z;(t —

(20)
Then, consider the reconstructed contribution of z;(¢)
to the channel output y,(#)’s defined by

4 o0
DN ey @z . @1

ji T=—00

By (0=

where sz /7;, is introduced to adjust the difference
between the ‘scale of the contribution of z; i{(t) and the
scale of the contribution of source s;(f) to the
channel output y, (7).

Step 4: Remove the above contributions from the
outputs y,(¢)’s to define the outputs of a linear
system with m outputs and n — 1 inputs. These are
given by

Y@=y, (1) = 3, (0),

Step 5:1f i<n, then set i = i + 1 and y, (1) = y(z)
for k =1,m and go back to Step 2. If i = n, then
stop here.

As an important remark on Step 2 in the above
algorithm, in the conventional MSEDM [4], the
second-order cross-correlations of z;(#)’s with the
channel outputs y,(#)’s are used and 7y ;(z) is
defined as

i () =Ely (07t = 1)] for k =T,m. (23)

k=T,m. (22)
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In implementing above the algorithm, all the
expectations in (11) and (14) are replaced with their
samples averages over appropriate data records.

For the details of the derivation for calculating
the tap coefficients of the overall deconvolver W(z)
from the intermediate deconvolver C(z), see Egs.
(60) and (61) in [4].

Let us analyze the above method. After the first
cycle of the iteration, the first deconvolver output
z1(¢) is a possibly scaled and time-shifted version of
one of the channel input, that is,

zi() = ps; (t — k1), j€{l,2,...,n}, (24)

where |p| =1/0; and k| represents a delay-time,
which may belong to the interval [K + L, L,] (see
(36) for the derivation of the above relation), i.e.,

ki € [K+ Ly, L], (25)

in the case When the channel H is an FIR system
with {H(k)} , and the deconvolver W is an FIR
system with {W(k)} . Since

cum(z; (¢t — 1), z; (t — 1), zi(t — 1), (1)
= cum(z; (1), z; (1), zi(1), i ( + 1)), (26)

it follows from (20) (with i = 1) and (24)
iy, (®) = cum(Z{ (0, 212, 21(0), it + 1)

=33 gy eum(z 0. 250,21,

j=1 I=—00

sit+t—=1)

=02 > hij(h)cum(s] (¢ — ky),

Jj=1 I=—00
s (= k), s, (0 — ko), (0 + 1= 1)
= p*zphk,fl(kl + T)'yjl , (27)

which means

hij, (@) = 1pPp™7; Iy, (ky + 7). (28)
Substituting (24) and (28) into (21) (with i = 1) gives
o
Vi () = - Z pl* Vi, g, (ky 4 0)sj, (1 = T — ky)
/1 T=—00

= Z Ty, (ky + 0)s;, (1 — T — k)

= > Iy ()t =) (29)

Thus, we obtain from (22)

YO0 = y(0) = 3, (0)

=3 > @5t == > Iy (s, (1 = 1)

Jj=1 t=—00 T=—00

n

= > > s, (30)
J=1j#j t=—00
which shows that y(])(t) does not contain the
contribution of the source s;,(¢).

As one of the advantages of the above method,
we can reduce the computational loads for calculat-
ing (20) and (21) as follows: Using the definitions of
hici j, and [d;;], (see (20) and (13)), we have

Iy, (7) = [dig]” . (31)
Therefore, (21) becomes
4

B () = 2 Z e (0=t = 7)
/, T=—
ot L
= 13 [didizt + o), (32)
yjf =L
where the coefficients [d;],’s are available at the
first step (17) of the two-step iteration (17) and (18).
This is a novel key point of our proposed method.
Some remarks are given below on conditions for
the indices L; and L, of the deconvolver. In the
following discussion, we assume that delay-time k
in (24) is known or estimated ahead. It follows from
(28) and (31) that

Lyl (33)

where o = |p?|p* 7;,- When the channel H is an FIR
system with {H(")}K and the deconvolver W is an
FIR system with {W(k)}k 2;,» the support of the
function /i, (t) is the interval [0, K] and the support
of the function [d;], is the interval [L;, L,]. Here,
given a function /() defined on Z, the subset {r €
Z : h(t)#0} is called the support of the function /.
Therefore, in order for the sequence [di]", to
determine the values of the sequence /iy (7 + k1)
based on (33), the support of /., (t + k1) should be

1.
hij, (v + k1) = *hk,/', ()=

included in the support of [d;,]*,, that is,

[—k1, —k1 + K] C [-Lo, —Li], (34)
which implies

Li<ki—K, L=k, (35
or

ky €Ly + K, Ly]. (36)
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Thus the first tap index L; and the last tap index L,
of the deconvolver are chosen to satisfy the
conditions

4. Simulations

To demonstrate the effectiveness of proposed
method, some computer simulations were con-
ducted. We considered an MIMO channel H(z)
with two inputs and three outputs which is defined
below by (39). H(z) was assumed that its length is
three (K = 3).

1.00 + 0152 +0.102>  0.65 + 0.25z + 0152

= | 0.50 — 0.10z +0.20z* 1.0 + 0.25z + 0.10z>

0.60 + 0.10z + 0.40z%  0.10 + 0.20z + 0.102
(39)

The length of the deconvolver was chosen to be six
(L = 6) for H(z) [13,14]. We set the values of tap
coefficients of ¢i(z) to be zero except for c(131) =1lin
case of i = 1, and those of ¢»(z) to be zero except for
c(232) =1 in case of i =2. Two source signals were
chosen to be 4-PSK and 8-PSK signals, respectively
(see Fig. 2(a) and (b)). Three independent Gaussian
noises (with identical variance o2,) were added to the
three outputs y,(f)’s at various SNR levels. The
SNR is defined as SNR:=10log,(d?/a2), where
c¥’s are the variances of s;(¢)’s and are equal to one.
As a measure of performance, we use the MIMO
intersymbol interference (Msp) [8].

First we considered the noiseless case, i.e., the
case at SNR = oo dB. Table 1 shows the averages of
the performance results over 10 independent Monte
Carlo runs for the two methods, the proposed
method and the existing MSEDM incorporated

Table 1
Comparison of the performances of the two methods in the
noiseless case

Method Mis) (dB)
The existing MSEDM —18.67
The proposed method —20.00

with second-order correlations [4] in this case. In
each Monte Carlo run, I~€L was estimated using
20,000 data samples and we set the number of
iterations of (17) and (18) in Step 2 to be eight. In
each iteration of two steps (17) and (18), d; was also
estimated using 20,000 data samples. It can be seen
from Table 1 that our proposed method is superior
to the existing MSEDM in performance by about
1dB when the second source signal is recovered.
Fig. 1 shows the signal constellations for the
proposed method in this case. It can be seen from
Fig. 1 that two source signals are recovered.

Secondly we considered noisy cases, i.e., the cases
at SNR =0, 5, 10, 15, 20 and codB, respectively.
Fig. 2 shows the averages of the performance results
over the 10 independent Monte Carlo runs in these
cases. It can be seen from Fig. 2 that the proposed
method is superior in performance to the existing
MSEDM even if the power of additive noise
increases.

The most important advantage of the proposed
method is that there is no necessity of the
calculations of the higher-order cross-correlations
hy.j,(t) shown in (20). In the existing MSEDM, the
second-order cross-correlations /. ;(t) should be
calculated by (23). Therefore, we can reduce the
computational loads for calculating /y ; (t). This is
illustrated numerically below.

Table 2 shows the averages of the numbers
of floating point operations (flops) per a Monte
Carlo run over 10 independent Monte Carlo
runs obtained by using the built-in function “flops”
in MTLAB Version 5.2. Table 3 shows the averages
of execution times per a Monte Carlo run over
10 independent Monte Carlo runs on a PC with
an 3.2GHz processor and 1GB main memories
used for simulations. In each Monte Carlo run,
we set the number of iterations of (17) and (18)
to be one.

It can be seen from Tables 2 and 3 that the
number of floating point operations and the
execution times for the proposed method are better
than the existing MSEDM at about 1.6% and
7%, respectively. Besides, we consider that one of
reasons why the proposed method is superior to the
existing MSEDM in performance by about 1 dB for
the noiseless case is that the computational errors
corresponding to the methods might decrease as
their computational loads decrease.

Thirdly we compared the proposed method in
performance with another method, the eigenvector
algorithm (EVA) [10-12] using the same deflation
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Fig. 1. Signal constellations of channel inputs (a) s1(¢), (b) s2(¢), channel outputs (c) y,(7), (d) ¥,(?), (¢) y5(¢), and deconvolver outputs (f)
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Fig. 2. Comparison of the performances of the two methods in
the noisy cases.

method in [4] for the extraction of all the sources.
Fig. 3 shows the average of the performance results
over 10 Monte Carlo runs for the proposed method
and the EVA in the six cases, the same cases as

Table 2
Comparison of the numbers of floating point operations of the
two methods in the noiseless case

Method The number of flops
The existing MSEDM 3.0834 x 10
The proposed method 3.0340 x 108

Table 3
Comparison of the execution times of the two methods in the
noiseless case

Method Execution time (s)
The existing MSEDM 49.38
The proposed method 45.88

Fig. 2. Tables 4 and 5 show the average of the
numbers of floating point operations (flops) and the
average of execution times per a Monte Carlo run
over 10 independent Monte Carlo runs.
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Fig. 3. Comparison of the performances of the proposed method
and the EVA in the noisy cases.

Table 4
Comparison of the numbers of floating point operations of the
proposed method and the EVA in the noiseless case

Method The number of flops
The EVA 10.5273 x 108
The proposed method 3.0340 x 10°

Table 5
Comparison of the execution times of the proposed method and
the EVA in the noiseless case

Method Execution time (s)
The EVA 61.12
The proposed method 45.88

It can be seen from Fig. 3 that the proposed
method is superior in performance to the EVA by
about 8dB for the noiseless case and even if the
power of additive noise increases. Besides, it can be
seen from Tables 4 and 5 that the number of floating
point operations and the execution times for the
proposed method are better than the EVA at about
71% and 25%, respectively. According to these
results, we conclude that the proposed super-
exponential algorithm is effective more than the
eigenvector algorithm using the deflation method.

We investigated the performance of the proposed
method by changing the number of data samples.
Fig. 4 shows the averages of the performance results
of the proposed method (over 10 independent
Monte Carlo runs) using 20,000, 2000 and 500 data

15 T T T T T v T
Oi --@-500 data samples
)~ 4@ 2,000 data samples
", ', —8—20,000 data samples

Mgt [dB]

g—»

§§

o 5 10 15 20
SNR [dB]

Fig. 4. Comparison of the performances of the proposed method
by changing the number of data samples in the noisy cases.

samples, respectively. It can be seen from Fig. 4 that
the accuracy of performance increases as the
number of data samples increases.

5. Conclusions

We have proposed a new multichannel super-
exponential deflation method using higher-order
correlations instead of second-order correlations for
estimating the contributions of an extracted source
signal to the channel outputs in order to reduce the
computational complexity and to accelerate the
performance of deconvolution. By computer simu-
lations, it has been shown that the method
incorporated with fourth-order correlations is
superior in performance to the two methods, the
existing MSEDM incorporated with second-order
correlations and the EVA, in the noiseless case and
noisy cases.
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