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ABSTRACT In our opinion, thereare two main approaches
exploiting thisformulation: on onéhand, methods dealing with

the proposal of an identification criteriar the system function:

i.e., maximum likelihood method or subspace methods.
Likewise, other criteriafocused onthe estimation of the
transmitted sequence, as the input subspace method, the

It is well known that blind channetieconvolutionenables the
receiver to equalize the channelmply by analyzing the
received digital signal. Much of theork in 1990’'s faces the
challenge presented by multiple-output systems, exploiting . . =
cyclostationarity propertieand multivariate formulation of the mutually refereqced equall_zer and alﬂmea_r pred_|ct|o.n
incoming data. Our proposal iswofold: on onehand, we metho_ds. 'I_'he:h0|ce betweenll_rect _system function estlmatl_on _
develop a theoretical analysis of a new blind channel and direct input sequence estimation depends on the application

deconvolution scheme byhe exploitation ofsome shifting

properties of the autocorrelation matrices of the source, in order

to propose an appropriate cost function;tbe other hand, an Our proposal is based on therks byTong et al but

efficient programming is considerdaased on a Generalized introducing a different perspective. Their works have shown an

Rayleigh Quotient formulation by using a Conjugate Gradient identification method based dhe knowledge ofthe ‘forward-

algorithm. shift’ structure of the source].7Thechange irthe rank of these
correlation matrices provide enough information to identify the
multichannel matrix. By our own, we anet concernedvith the

1. INTRODUCTION identification but with the problem of multichannel blind

equalization:that is, our goal isthe proposal and theoretical

analysis of a new cost function foblind multichannel

equalization. As well, we have realizétht this criterium can

be formulated as a Generalized Rayleigh Quotient, therefore

providing a fast implementation with low computational

complexity through conjugate gradietéchniques. Several

simulations ovestandardcommunication channels demonstrate

the performance of the method.

Blind systemdeconvolution is a fundamental systésohnology
that retrievesunknown information regarding a system or
channel by analyzinthe characteristics dfs outputonly and
probably some information (deterministic statistical) about
the system orthe transmitted sequence, but not the sequence
itself [2].

Where much ofhework in the 1980’s was limited to
single-output systems, work ithe 1990'sfacesthe challenge
presented by multiple output systems, as the result of temporal 2. PROBLEM STATEMENT
and/or spatiabversampling. This new representation (not really
new because it had been usfm long time as a robust First, let us recall theproblem formulation, showing the
synchronization-equalization scheme known as Fractionally classical block diagram in fig.1:

Spaced Equalization FSE) has supposed a major breakthrough in

digital signal processing applied to data communicatimtems: ol

algorithms for single-output schemes usually suffer from two sfn] | Multichannel v x FIR 3[n]
drawbacks: theyare subjected tdocal minima and shows an > - g E“‘“i“ze" >
slow convergenceate. In order tmvercomethese drawbacks, it T

has been presented several new methods allothiegblind :
identification or deconvolution usingonly second order gt ostion
statistics. For aystem to badentifiable, allchannels must be Algorithm
distinguishablefrom eachother, the input sequence must be
complex enoughand there must be a sufficient number of
output samples available.

Fig.1. Block diagram of multichannel transmission and
equalization scheme
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Consider a mathematical model whehe input and whereUy are the &' left singular vectorsDy is the diagonal
the output are discrete , the system opeidt@s lineal and shift matrix collectingthe non zeros singular values Hf, andg@is a
invariant, thesystem is driven by a singlaput sequence[n] real phase.
and yields several output sequences. The multiple channel is
required to beFIR for practical applications, butbviously an Step 2.In lemma 1 [T is shownthat both matrice®)y, Dy can
IIR channel can be well approximated byI& channel for an be identified from the eigenvalue decomposition of the unshifted
arbitrary length, large enough. autocorrelation matriRy(0).

The behavior ofthe system can be summarized as Step 3Let us define théollowing linear transformation applied
follows: anindependent sequenep] is transmitted through a  to the received data:
multichannel obtained either by aarray receiver,either Z[n] = Dt Uf | = DUl HYn=vqr (6)
oversampling or both of them. linis situation, thereceived
sequence is cyclostationargnd therefore asecond order
algorithm would be enough for identifying or equalizing a
possible non minimum phase channel. vl knownthat any
cyclostationarysignal could be considered as a stationeagtor
obtained by filtering by the fultolumnrank matrixH (block
Toeplitz structure). Sequenagn] is a Gaussian white noise

whereV is a unitary matrix

Step 4.Exploiting the unitary character ®f, it is obviousthat
any vectorproportional to one ofhe right singulavectors(let
us denote it byg) will behave as a proper equalizer, that is:

Ho[]— H ]
independent of the transmitted sequence. uelel usually voZn]=vo Ven|=€? §n- { )
assumed, establishes a linear model stated as follows:

x(n) = Hs(n) + n(n) 1) Step 5.Let us define an auxiliary correlation matRxof vector

Zn] as a linearcombination of several shifted correlation
Neglecting the noise effect, let us formulate the  Matrices for arbitrary shifting indexes:

objective of any blind deconvolution schemelas estimation of R= Z E{z[n] z" [n- Iﬂ} =
one vectow holding the following condition: 3 ®)
w| whxfn] =w"H = & § - § @ - 5 v [n- v} =
K

where@is a phase ambiguity inherent to the problem.

=Y VRs(kV "
Therefore, our goal is to design an appropricdet K

function to findthis vectorw, uniquely, in order taleconvolve  Assuming thasin] is a white zero mean stationary process, their

the transmitted sequence. In tlisproach, thenformation we  autocorrelation shifted matrices have the following form:
want to use ionly based on the estimation of several shifted K

correlation matriceRx(k) defined as follows: R (k) _ ! k=0 (9)
= K
R O T
(operatorE means statistical expectation and superscript () whereJ is dxd ‘shifting’ matrix as is defined in |7 Equation
means hermitian). Let us remark #iis point thatall the (8) can be written then in aery compact formulajust

information involved in our criterium should be easily estimated generalizing the effect dfby a new matrixG defined as:
from the incoming data as autocorrelation matricks several R = ZVR (k)VH _
= s =

shifting indexes.
—vD I+ 5 (o My =VGV "
3. OUR PROPOSAL ViR > () s

>0 k<0
First of all, let usderive our criterium inthis next where, of course, a specific structure and condifion the

: - : ; ; trixG must be imposed in order to achieve the
section, providing a theoretical analysis apdoof. This ~ Sduare matrxs _ _
approach is based orhe feasible condition for blind desired behavior. Let us remarkthis point that equation (10)

identification usually assumed when the virtual channels do notiS a similarity transformation witsome interesting properties
share any common zerog.[1 [51-

(10)

Step 6.1t is well knownthat if matrixG is normal, that is, real
symmetric orhermitian, it has a diagonal Jorddorm, and
therefore there exists a similarity transformatiomolving a

Step 1 Any matrix Hmxa (m=d) could be decomposed in the
following form (Singular Value Decomposition)

. : _.UmmP md/ dd o ) diagonal matrix\:
where matrices dimension arspecifically expressed for _ H 1)
convenience. As it is shown in ][7 equation (4)can be G=UgAUg
expressed as: whereUg is a unitary matrix (collectinthe eigenvectors) and
H= UmedDH dXd\/dXd el® (5) is diagonal with the eigenvalues @f RegardinghatR andG

are related by a similarity transformation (eq. 10), md&rican



also be decomposed as a similarity transformation with the same wHu,Dyvev D juliw =0

diagonal matrix, i.e. H HeH (16)
R:URAUE (12) W UHDHDHUHW:]'
which after some algebra shows an attractive form:
Several interesting properties are associatetioth wHHGH W =Ay (A =0) (17)
matrices R andG), but let us remark jusine of them: ‘Vector wHHHPw =1

Vo is an eigenvector @ associated with an eigenvalkgif and
only if V"x is an eigenvector oR associated with the same
eigenvalue’.

these formulasre wellknown asthe Generalizedigenvalue
problem (related with the null eigenvalue) and matrices
A=HH", B=HGH" are known as pencil matrices. Let us remark

) ) . again that theycan be estimated directly from data.
Step 7.It has been pointed out in steps Sdine mathematical

background in order tg@resent ourdeconvolution criterium:
recall that, at this point, three main ideas must be remarked:
a) MatrixR is easily estimated from data}{

More indeed, equation (17) can be represented in a
closed form through &eneralized Rayleigh QuotienG (is

) ) hermitian by definition):
b) We onlyneed the&knowledge of one possibly scaled right H

singular vector oV. p(w) = WH Bw =0 (18)
c) Eigenvectors ofG and R are related by aunitary wAw
similarity transformation. i.e., the problem of the minimization of a quadrdtinction
with a quadratic constraint.
Let us observe thethat whenimposing one of the In order to achieve a competitive computational
eigenvectors ofG to be x=[0 1 0], the eigenvector ofR complexity with a fastconvergence ofhe associated adaptive

associated to this eigenvalue will g= V"'x as one of the  process we should rematkat eigenproblems arefficiently

columns ofV, i.e. aproper equalizer. Therefore, in order to Supported by using conjugate Gradient TechniqupsABo, it

properly deconvolvéhe transmitted sequendet usproceed as ~ must be remembered the niomperty ofthe Rayleigh quotient

follows: with singular points at whiclthe gradient iszero are either
unstable saddle points or the global minimuin [8

1. Matrix G must be symmetric, rardl) with a null subspace

whose associated eigenvectokig0 1 0] (the choice is obvious However, considering in our formulatiothat B is

as we can see in the following two exampleifes) indefinite, the minimizatiorprocess applied to equation (18)
will lead us to the minimum (negative) eigenvalue instead of the

M 00 1 O M 0 0 1 1 desirable minimum absolute eigenvalue (@e (14)). This
g) 000 1 g) 000 U situation states thabnly by several iteratlons_ could be_
1EI 1EI determined the lowest absolute eigenvalue by conjugate gradient
Gy=0 0 0 0 GJG,=0b 0 0 0 dJ (13) techniques [B In order to increase the algorithefficiency, this
El 00O (g El 00O (B drawback can be avoideflist considering and alternative
100 # H100® implementation based on a modified criterium:
2. Solve the related eigensystem: minDWD HEBHWE (19)
VE‘R]_VO:O WO w' 'Aw [
viv. =1 (14) where BB" is now positivedefinite. Although this equation
0ro provides different solutions than (18pbserve that the
eigenvectorrelated with the minimun eigenvalue albolds
4. PRACTICAL IMPLEMENTATION condition (14).
In the previous section, weave discussed abothie design of Let us finally recallthat this criterium wagproposed
an equalization criterium based on a proper manipulation ofby the authors in [9but developedrom another point of view.
some shifted correlation matrices of incomaaa.However, so In that work, the authors proposed a criterium based on Bezout’s

far, the practical implementation of oumethod seems to be theorem [3, leading to a set of quadratic equations identical to
expensive in computational requirements because subspaceq. (14). Thisoptimization criterium was implemented also

analysis are involved. through efficient techniques based on Conjugate Gradient
Let us go then into depth on equation (14) in order to showing a promising feature. Ithe present contribution, a
develop a more feasible implementatigpplying the following rigorous mathematical approach suppdtie previous ideas,
linear transformation te also generalizing the structure of mat& Fuerthermore, a
vo=DHU w (15) deep understanding on similarity transformation as provide an

on equation (14) yields: alternative formulation for our proposal.



5. COMPUTER SIMULATION RESULTS 2 eprek
In order to test th@erformance andonvergenceroperties of

our equalization algorithm, we have considethd scenario
given in table 1, where several independent sequences are
transmitted througHour virtual complex channels ][4 White
Gaussian noise is added to the output and a Signblbise
Ratio (SNR) of 40 dB is considered.

In practical situations, the ensemhbdgerage of the
signal correlation matrices amot known. Therefore, in the
implementation of equation (19), the true matribese been

replaced by their recursive estimatidfor examplechoosing 2 ‘
G: in (13) we just need to estimate three datarelation -2 B 0 B 2
me_ltrices (usingﬁz in we shquld need the estimation fofe Fig. 2b. Deconvolved sequence for 8 - PSK
shifted correlation matrices), i.e.:
— g H =
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Fig. 2a Deconvolved sequence for 16-QAM

In Fig.2 we showthe deconvolved constellations for
16-QAM, and 8-PSkKdata transmission. Thenvergencepeed
could be verycompetitive to standard algorithms, afgoviding
a simple implementation by Conjugate Gradient techniques:
Fig.2a) for 16QAM at 1008amples, and Fig. 2bjor 8PSK at
300 samples. It should be remarked that the different
convergencespeeds arenainly related with the constellations
dimension in order to obtain a proper matrices estimation.

ho -0.049+ 0.359 0.482-j 0.569 -0.556+ 0.587 1 -0.171+j 0.061
hy 0.443-j 0.0364 1 0.921-j0.194 0.189-j 0.208 -0.087-j 0.054
hy -0.211-j 0.322 -0.199+j 0.918 1 -0.284-j 0.524 0.136-j 0.19

hs 0.417+j 0.030 1 0.873+j 0.145 0.285+j 0.309 -0.049+j 0.161

Table 1 Scenario considered for simulations. Four virtual complex channels



