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ABSTRACT

Active research in blind identification of single input multiple out-
put (SIMO) channels has lead to a variety of second order statistics
based algorithms, mainly the Subspace and the Linear Prediction
approaches. The Subspace algorithm shows good performance, al-
though it requires exact knowledge of the channel order, which is
not guaranteed by current order detection algorithms. The Linear
Prediction algorithm is sensitive to observation noise while its ro-
bustness to channel order over estimation is only theoretical. We
propose a new second order statistics based blind channel identifi-
cation algorithm using a shifted version of the channel output co-
variance matrix. It proves to be truly robust to channel order over
estimation i.e., able to estimate the channel impulse response when
the assumed channel order is greater than the exact order and when
channel output is corrupted by additive noise and observed over fi-
nite time duration. Moreover, the proposedalgorithm showsclearly
better performance than the Linear Prediction algorithm.

1. INTRODUCTION

Blind identification of communication channels addressesthose sig-
nal processing techniques that estimate the channel impulse
response using solely its output statistics. Such an estimate fed to
an equalization algorithm allows restoring, as well as possible, the
transmitted data. Second order statistics (SOS) based algorithms
are of a particular interest as SOS can be accurately estimated from
finite observation samples. Among the more popular, the Subspace
(SS) [3] and the Linear Prediction (LP) 5, 1] algorithms. The for-
mer achieves better performance but needs exact estimation of the
channel order which is a rather delicate and improbable task. The
latter is very sensitive to observation noise [2] while its robustness
w.r.t. channel order over estimation is only theoretical i.e., does not
hold when SOS are only estimated [4].

In this paper, we develop a new algorithm that combines ad-
vantages of both algorithms. It shows performance close to that of
the SS algorithm while being robust to channel order over estima-
tion.

Vectors are by default in column orientation, while T, H, =
stand for transpose, transconjugate and conjugate, respectively. e x ;
is the 7th k-dimensional unit vector. 045 is the a x b zero matrix.
It is noted O when its dimension can be inferred from the context.
|I]l denotes the Euclidean norm and A ® B is the Kronecker prod-
uct between the matrices A and B, defined such that its (¢, ) block
element is a; ; B.

2. SIMO CHANNELS

It is common to model a fractionally spaced and/or multi-sensor
receiver by a single input multiple output (SIMO) scheme as de-
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Figure 1: Single input multiple output channel

picted in Fig. 1. A set of c filters are driven by a common scalar
input s(n). The SIMO channel order m is defined as the maximum
among those of the different filters h',... h¢. We define the c-
dimensional taps h(k)= [h! (k) - - (k)] T (i (k) is the k-th tap
of the i-th filter) and the SIMO impulse response
h,, = [hT(O) e hT(m)]TA The c-dimentional noise corrupted
: - 1 c T .
output is y(n)= [y (n)---y (n)] . I successive samples are
groupedin y,(n)= [yT(n) - yT(n — (l = 1))] ", where Lis the
smoothing factor. The input-output relation is y(n) = x(n) +
b(n) = 7 (hyn)Sm41 ()+b(n) where T ()= [h(0) -+ h(M)].
When the output is observed over an [ symbol period, we have
y{(n) = Z(hm)sl—!,]-ln(n) + bl(n)’_

(hm) 0---0
07(h,,)---0
where 7;(h,, )= . is the ¢l x (I+m) Filtering
Marrix and 0 is the c-dimentional null vector.
T (0) vl -1)
We define Ri=E |y, (n)y /" (n)] = : . :
Ly =0 ... ~(0)
(1) (D
and Ri=E [yl )y (n— 1)] = :
y(=t+2) ... (1)

(For any other process p(n), we note v*(k), R} and RY).

When symbols are decorrelated from noise, we have R,

= Ti(hm)Riy T (hn)+RY and Ry = Ty (b ) REyrn T, (1)
+ RE. If s(n) is an uncorrelated process, then

R; = 03 7;(hnrt),];H(hmg + R? and

Ri = 02 T;(h,, ) J14m T, (h,,,) + R} where

J; is the I x I down shifting matrix with 1’s on the first subdiag-



onal. If, in addition, the noise components are decorrelated, then
R} =02 I, and R? = 62 (J; ® I.). We now recall an important
result [6] on the rank of 7;(h,,) : 7;(h,,) is full column rank if

o The transfer functions of the channelsh®, i = 1,..., chave
no common zeros in commun, i.e., the polyphase channel
h,, is minimum phase.

e | > [2;],ie., the matrix 7;(h,,) is square or tall.

3. ANEW BLIND IDENTIFICATION ALGORITHM

The algorithm assumes knowledge of the correlation matrix R 4, or
equivalently of R;41. The noise power is the smallest eigenvalue
of the Hermitian positive definite matrix R;4; with multiplicity
cl+1)—(I+m+1). Wehave Rt = 0% (J; ® L) and

Ri— R;) = Ug IZE(hm)Jl+m7;H(hm)-

HypothesisH1 cl > 1+ mie | > [-2

-1l
Under H1, 7;(h,,) is full column rank (h,, is assumed to be min-
imum phase) so that rank (Rz - Rlb)
= rank (7, (hyn)J14m T (h,)) = rank (7y(hm)Jesm)
= rank (Ji+m) = [ + m — 1. So there exist an orthonormal set
{nffl)},vzl,..,w (resp. {nfg}izl,,.,,w) of vectors right (resp. left)
orthogonal to R — RY, where w=(c — 1)l — m + 1. We have
7(h,)I14m T (h,,)nf) = 0. UnderH1, Jiym T (h,)n) =

Osothat 7,7 (hm)ngfl) = alerym,i4m. Similarily, Z”(hm)ngz =

aherpm,1. of and a} are complex constants that can be determined
(up to a phase ambiguity) by noting that

A H . N M i
n{)" (R - R})n{) = nf)" T(h,,)T;" (h,,)nf)
12
|7 (b))

=|ai|* ,j=1,2. Hence

. ) 1 -
gl(l—)l,l-l»m = T (.)nl(fl) M
\/nl,l (Rl - R?) n
N R 1 S\
and g%, = nhy @

T} -
V" (R - R?) n)
are (! — 1) order, maximum (resp. minimum) delay Zero Forcing
(ZF) equalizers, for ¢ = 1,---,w. The channel taps can be re-
trieved from the output statistics and any among the ZF equalizers
since h(k) = E (y(n)s(n — k)*) =E (x(n)x,” (n— Ic))gl“_)ly1
=E (x(n)x,” (n—k+l+m-— 1)) gl(i):,l+m which can be writ-
ten as: )

Based on g,(z_)m, the channel response is

Y5(0)  ~*(1) Y -1)
(1) v(2) (1) @)
m = : : 8i-1,1 (3)
v (m) Yl+m-1)
Based on gl(i)l,l+m’ the channel response is
Y(~l-m+1) ¥ (—=m)
V(l-m+2)  mn|
hm = : . gl—l,l+m (4)
Y(=1+1) 77 (0)
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As the equalizers are determined to within a phase ambiguity, the
channel response is determined up to a phase rotation as well.
Relations (3) and (4) require knowledge of the so far missing non
zero terms (1), ..., y(m). We hence strengthen H1 :

HypothesisH2 [ > m.

4. ROBUSTNESS TO ORDER OVER ESTIMATION

We now prove animportant feature of the proposed algorithm which
isits ability to estimate the exact channel impulse response h ,,, when
the channel order is over estimated. If we detect an order m’ > m,
Ry — RY rank is estimated to be | + m’ + 1.

Any among the vector nf’]) and nﬁ,’%, i=1,--,w,suffices to
(%)

get the channel response following the steps above. If &1 1 1pm

and g,(i)u are constructed as mentioned above, the algorithm at-
tempts to compute either using (3)
r7(0) (1) Y(l-1)
YY) () ()
g(i)' _ hm]
¥ (m) Y+m-1) | BT g
Ly (m') Y(l+m - 1)
or (using (4))
[y (=l —m' +1) ¥(=m') 1]
7 (== m) Flm-1 | 0
Y (~l-m+1) ¥ (~=m) glil,l+m’ = [h ]
Fll-m+2)  (eme) "
L (=) e (0

where we have used the fact that, because x(n) is an m-order mov-
ing average process, v *(k) = 0, if |k| > m. Consequently, the so
estimated channel response is a zero padded version of the channel
response, and hence, can be used for equalization purposes.

5. THE ESTIMATED SOS CASE

Because of the finite sample size, the estimate of R; will not be
rank deficient. The vectors nl(ll) (resp. nl(”g) are chosen to be those
right (resp., left) singular vectors associated with the w smallest
singular values of the estimate of R;. Each of these vectors leads

to an estimate of the channel response. We should therefore in-

troduce a criterion to choose among the 2w estimates { ﬁﬁ,?}, i=
1,---, 2w. We propose the following criterion

h,, = argminil"]}(ﬁs,il))’ljﬂ(ﬁﬁ)) + ;EICI - fh“

Finally, we can enhance the algorithm’s performance if the channel
response can be estimated up to a complex constant i.e., allowing
for a phase and amplitude ambiguity. We modify (1) and (2) and
compute gl“_)]’“rm&ngfl)' and/or g[(i_)l,1 ﬁnfg‘ .

W.r.t. these modifications, the algorithm can be better written
as follows:

o Estimate an order m not inferior to the true channel order.

e Choose a smoothing factor I > m.



e Compute the estimate 7@1 of R;.

—~

o Estimate noise power o7 as the average of the (¢ — 1)(I +

1) — m smallest eigenvalues of le_l.

e Compute the cl-dimensional left singular vectors nl(il)
right singular vectors nl(’g

and
associated with the w=(c— 1)l —
m + 1 lowest singular values of %) — of (J; ® I.). Built
the set {n{"} = {nf’z} U {n}’g .

e For each=n§i) , estimate the ZF equalizer
(2) 1 (2

g1 = — n, )" (phase ambiguity)
\/nfi)H (ﬁ,—of lcl>n§1)

or gl(i_)1 = ngi)‘ (phase and amplitude ambiguity).

For each gl(i_)l, estimate the corresponding h

(1)

!

()
m

using (3) or

(4) depending on whether n
tor, respectively.

is a left or right singular vec-

e Choose

h,, = argmin,,,,

TYTH (D) + o? L — Rl”.

6. COMPARISON WITH EXISTING ALGORITHMS

So far, the SS algorithm and the LP algorithm are the most impor-
tant SOS based blind equalization algorithms, the former because
of its good performance and the latter because of its robustness (even
though purely theoretical) to channel order over estimation. The
proposed algorithm shows to be an interesting alternative to both
approaches. It combines advantages of both algorithms and more-
overexhibits the very practical feature of being truly robust to chan-
nel order over estimation i.e., the channel impulse response still can
be estimated when.the channel order is over estimated and only fi-
nite noise corrupted observation samples are available.

As it will be shown through simulations in section 7, the pro-
posed algorithm.shows performance intermediate between SS and
LP algorithms. This can be justified as follows. Unlike the SS al-
gorithm, the noise energy needs to be estimated which may lead
into additional estimation error. The better performance of the pro-
posed algorithm compared to the LP algorithm can be justified in
different ways. First, the proposed algorithm uses a singular vector
search, in a way similar to the SS algorithm, and hence avoids ex-
plicit inversion of the correlation matrix, as does the LP algorithm,
which is numerically risky when the matrix is poorly conditioned.
Second, like the LP algorithm, the proposed algorithm estimates a
ZF equalizer prior to channel response estimation. However, this
ZF equalizer is shorter (when ! = m) than that estimated by the
LP algorithm and, for that reason, estimation error is expected to
be lower.

One further advantage of the proposed algorithm over the SS
algorithm is that the channel response is estimated up to a rotation,
a feature shared by the LP algorithm.

7. SIMULATIONS

A series of simulations has been conducted to test the proposed al-
gorithm w.r.t. to different observationconditions (noise power, sam-
ple size), algorithm parameters (smoothing factor, ambiguity) and
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Figure 2: Algorithms comparison. w = 2 (for the proposed algo-
rithm).

in comparison with existing SOS based blind identification algo-
rithms, namely, the SS and the LP algorithms.

We tested the proposed algorithm with an AWGN SIMO chan-
nel with 2 subchannels whose impulse responses are given by
h! = [-0.6804 0.177 — 0.0902] and
h? = [0.4281 — 0.2446 — 0.5043] so that {|h,,|| = 1. We
used a binary source with equiprobablei.i.d. symbols. 1000 Monte
Carlo simulations were conducted. Eachtime, phase (and ampli-
tude when applicable) ambiguity is “removed” from the channel
estimate. The algorithm performance was expressedin terms of the
mean square error (MSE) given by

. 0Op,1
h,,  — hm
05,1

Monte Carlo realizations. m' is the channel estimate (h,,,s) chosen
order, superior to m as channel order over estimation is considered.

2

MiNy>0,9>0,p+q=m’ —m averagedoverthe




Fig.2 compares the proposed algorithm (with phase and ampli-
tude/phase ambiguity) to the SS and LP algorithms w.r.t. the sam-
ple size and channel noise. The exact channel order is assumed to
be detected. It shows that the proposed algorithm clearly outper-
forms the LP algorithm but is less efficient than the SS algorithm.

The more important issue of channel order over estimation is
viewed in Fig.3 for both phase and phase-amplitude ambiguity ver-
sions of the proposed algorithm. It demonstrates that the proposed
algorithm is able to identify the channel impulse response from fi-
nite sample size when the detected channel order is higher than its
true order. Neither SS nor LP algorithms was able to achieve iden-
tification in such conditions. The figures show also that the esti-
mation error can be reduced by increasing the parameter w. This
is particularily needed when only a phase ambiguity is tolerated.
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Figure 3: Channel order over estimation. The legend shows the as-
sumed channel order m’. Sample size= 200, SN R = 20dB.
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8. CONCLUSION

We have proposed a new second order statistics based blind identi-
fication algorithm that is truly robust to channel order over estima-
tion. It is able to estimate the channel response when only an over
estimated value of the channel order is detected and when only a
finite number of noise corrupted observation samples is available.
This is qualified as "true robustness’ in comparison to the LP algo-
rithm for which such estimation is possible under the (unpractical)
hypothesis of second order statistics being exactly known. The SS
algorithm is known to be inefficient when detected channel order
is wrong. In addition, the proposed algorithm behaves better than
the LP algorithm, especially when the channel response is allowed
to be estimated up to a constant.
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