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ABSTRACT

The presence of co-channel interference has been a ma-
jor hindrance in improving the performance of present day
communication systems. In this paper we discuss a itera-
tive block based maximume-likelihood algorithm using ker-
nel density estimates to improve channel estimation in pres-
ence of co-channel interference. As it is known that the
interference is correlated, we first reduce this correlation by
using a whitening filter. After whitening, we estimate this
unknown whitened likelihood pdf by using kernel density
estimator at the receiver. Thereby combining log-likelihood
as cost function with whitening filter and kernel density es-
timate, a robust channel estimator for correlated noise envi-
ronments is formed. The simulations for co-channel inter-
ference in presence of Gaussian noise, confirms that a better
estimate can be obtained by using the proposed technique as
compared to the traditional least squares algorithm, which
is optimal in the Gaussian noise environments.

1. INTRODUCTION

In communication systems that experience multiple access
interference (MAI) or co-channel interference (CCI) the ob-
served noise (noise plus interference) deviates from Gaus-
sianity [1]. Most of the present day systems are optimized
under the Gaussian assumption and their performance is de-
graded by the occurrence of correlated non-Gaussian noise
i.e. Gaussian noise in presence of coloured interference.
The least squares (LS) criterion is considered optimal and
is equivalent to maximum-likelihood (ML) for channel esti-
mation when the transmitted symbols are equi-probable, un-
known parameters are deterministic and the noise is additive
Gaussian. However, in scenarios where the received data is
not a sufficient statistics [1] or is corrupted by non-Gaussian
noise, the traditional LS-based methods are inefficient and
the LS estimator may not be as efficient (or equivalent) to
ML estimator. From here on, in order to avoid confusion,

the traditional (Gaussian assumption) ML is referred to as
the LS solution.

In this paper we take a training based channel estimator,
where the channel is estimated over a block of data (similar
to GSM) [1]. As discussed above due to presence of co-
channel interference the observed noise at the receiver does
not remain Gaussian. This degrades the performance of tra-
ditional LS based channel estimators. We developed a chan-
nel estimator in [2] which showed considerable improve-
ment in the estimates in presence of interference. However
in [2] we assumed that the input noise plus interference al-
though correlated, could be modelled by independent and
identical distribution. In this paper, we extend this ear-
lier work by first whitenening the noise plus intereference
and finding a ML estimnate for the channel as well as the
whitening filter. Techniques which whiten the noise plus in-
terference before suppressing the interference has been pro-
posed in [3, 4]. This forms a powerful technique to improve
the performance, but since, in practice, the tap length of
this whitening filter cannot be increased to a large value, the
ideal assumption of white Gaussian noise (after the linear
prediction error (LPE) filter [1]) does not hold. In this paper
we make no such (Gaussian) assumption on the distribution
of the whitened noise, which makes this technique robust to
the various noise distributions.

It is observed from [1, 5, 6] that various types of noises
encountered in communications can be modelled as a Gaus-
sian mixture. In order to estimate this unknown noise pdf
at the receiver we use the kernel density estimator. This is
a non-parametric method of density estimation that allows
the data to define the density directly. We here propose ker-
nel density estimation based technique operating iteratively
on a given block of data at each iteration. It is assumed
that the corrupting noise pdf can be effectively modelled by
a Gaussian mixture. We here make no apriori assumption
on the number of Gaussian mixtures or their relative prob-
abilities. Instead the received data is exploited using kernel



density estimators to estimate this pdf. An improvement in
mean square error (MSE) performance in channel estima-
tion over the traditional LS estimate is observed by using
the proposed algorithm.

The paper is organized as follows. First, the problem
statement is formulated in section-2 for a general communi-
cation system. Followed by short discussion on kernel den-
sity estimators in section-3. The non-parametric maximum
likelihood algorithm using LPE filter and kernel density es-
timator is discussed in section-4. In section-5 simulation
results are presented. Conclusions based on analysis and
simulation are drawn at the end.

2. FORMULATION OF THE PROBLEM

The discrete-time model in the low-pass equivalent form
of the communication system channel estimator is shown
in Fig. 1. Without loss of generality, the input signal is
assumed to be randomly generated binary anti-podal PAM
signal, so that the transmitted symbols are ae{+1}. Here
‘r’ represents the received signal and ‘w’ is a sequence of
additive noise. The model is simplified by assuming that the
channel is of order N—11i.e. h = [h(0), h(1), ..., A(N =1)].

More precisely, the received signal (k) sampled once
per symbol can be written as

N-1

r(k) = Z h(n)a(k —n) + w(k) (1)

n=0

The problem is to estimate the channel coefficients from
the received signal assuming that the input signal (as in
supervised training mode) and the channel (tap) length is
known at the receiver. Thus the problem reduces to the well
known problem of system identification. There are vari-
ous algorithms based on different criterions to estimate the
channel taps. Usually the LS solution is taken as the opti-
mum solution for the Gaussian noise environments where
it is equivalent to a ML estimate [7]. However here we as-
sume that the noise in presence of interference is correlated,
thus LS does not provide the ML solution. To remove this
correlation we use a LPE filter. The problem then reduces
to the one shown in Fig. 1.

The problem can now be written as:

2(iyr(k—i)= Y alk—1¢1) +e(k) (2
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where z = [2(0) = 12(1) = —a(l)...2(p) = —a(p)] are
the coefficients of the LPE filter and the equivalent channel
taps vector ¢ = [¢(0)¢(1)...¢(L + P — 1)], where {(l) =
>-; 2(i)h(l—1i). Ideally the €(k) is a zero-mean white Gaus-
sian process. Since from eq. (1), the model eq. (2) corre-

sponds to assuming

P P L-1 L+P-1
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and

> 2(i)w(k — i) = e(k) 4)

i=1

Therefore, the effect of the LPE filter is that of whitening the
additive disturbance w(k). The formulation eq. (2) permits
the description of the channel plus the whitening filter as a
vector inner product, which in turn allows the simultaneous
estimation of the LPE coefficients and the equivalent chan-
nel taps at the output of the LPE filter [3]. In fact, letting
a = [a(1)...a(p)], eq. (2) can be rewritten as

r(k)
r(k—1)
1-a).—a@]| |
r(k — P)
a(k)
alk—1)
= [¢(0)¢(1)..¢(L + P —1)] : +e(k) (5)
a(L + P -1
or equivalently
r(k—1)
k) = lo()a@)] |
r(k — P)
a(k)
a(k —1)
+1¢(0)¢(1)...¢(L + P — 1)] : +e(k) (©)
a(L + P -1)
= [a (]v(k) + (k) ©)

where v(k) = [r(k — 1)..r(k — P)b(k — 1)...b(k —
L — P + 1)]7 and with e(k) white. Usually it is assumed
that due to LPE filter e(k) is Gaussian distributed. However
in practice the larger the tap-length of the LPE filter, the
more the equalizer states, the more computational complex-
ity [1] for maximum likelihood sequence equalizer. Thus
in practice the tap-length is usually restricted [1, 4]. This
restriction leads €(k) to non-Gaussianity. The channel esti-
mator proposed in this paper does two tasks: (i) estimating
the channel; (ii) estimating the uncorrelated e(k) pdf at the
receiver.
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Fig. 1. Communication systems channel estimator with
LPE filter

3. KERNEL DENSITY ESTIMATION

To estimate the pdf at the receiver we use the kernel density
estimator technique. Parzen window or kernel density esti-
mation assumes that the probability density is a smoothed
version of the empirical sample. Its estimate f(y) of a ran-
dom variable Y is simply the average of radial kernel func-
tions centered on M -realizations of Y:

R 1y
F@) =372 ¢y —y(@) ®)
j=1

We here assume ¢ to be Gaussian kernel (Parzen kernel) [1]:

1 —y?
— 9
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where o2 is defined as the kernel variance (or width) [8].
Other choices of kernel like Epanechnikov kernel are also
possible. It can be shown that under the right conditions
f(y) will converge to the true density f(y) as | M |—» oo
[9].

¢(y) = N(0,0) =

4. NON-PARAMETRIC MAXIMUM-LIKELIHOOD
(NPML) CHANNEL ESTIMATION WITH LPE

For the communication system represented by eq. (2) the
ML estimate forms the optimal estimator for the channel.
This problem can be viewed as the joint optimization prob-
lem [1], where we maximize the likelihood with respect to
a and (. If the (k) was Gaussian then the LS solution as
found in [1] could have been applied directly. However,
since we assume that e(k) is non-Gaussian and can be mod-
elled as a Gaussian mixture we use the kernel density es-
timator to estimate this density. Since the kernel density

estimator is essentially a Gaussian mixture formulation we
can’t get a closed form estimate of the @ and (. We then use
the iterative scheme as used in [2]:

Gk -1+ p(k) VoLl [ 1,0) |pmay_, c=2,_(10)
b = Goa+pk)VLC|1,0) | g, aman D

where u(k) is the adaptation step-size. Since the channel es-
timator is assumed to have no apriori knowledge of the pdf
fe(.), this unknown pdf is then estimated by using the ker-
nel density estimator eq. (8) with Gaussian kernels as shown
below. As the kernel estimators are known to be effective in
density estimation over short data record, we use this tech-
nique over the available data (error) record, of length M,
to estimate the unknown density. Using the kernel density
estimator [9] we obtain:

. 1 &
fe() = 37 2 Kle = () (12)

Thus the estimated (joint) log-likelihood function can be
written as:

,CA((X,C | I‘) |a:6¢k_1,C:§k_1
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i=1 j=1

The gradient & of the log-likelihood can be formulated

(14)

as:
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Thereby substituting the estimated gradients in eq. (10)
and (11) respectively, and iterating till & and (; converge
we get the ML estimated channel h by deconvolution. The
algorithm is initialized by the LS estimate and u as ex-
plained in [1] and [2] respectively. During simulations we



did not converge to a local maxima, however this is not al-
ways gauranteed (as with most iterative techniques). How-
ever, initializing the channel and whitening filter’s taps with
the LS estimate reduces the chances of converging to local
maxima.

Two possible update methods could be used here to max-
imize the likelihood. In the first method, we update & then
update f and then estimate the updated likelihood for the
next update. The procedure is repeated till both & and ¢ con-
verge. Second update method is to first have & converged
and then have { converged given the converged & on esti-
mated likelihood, and then iterate till no significant change
is observed in & and (. In this paper we use the first method
of update.

5. SIMULATION RESULTS

For simulation study, we assume a communication chan-
nel model, like global system for mobile (GSM), consider-
ing CCI with Gaussian noise as a multi-modal, iid, Gaus-
sian mixture interference as discussed in [1]. The perfor-
mance of channel estimator is calculated by normalized-
mean square error (NMSE), as shown in eq.(16).

E{(h — h)*}

NMSE = =g

(16)

where F is the actual channel and A is the estimated channel
(after deconvolution). For all simulation results, the input
symbols of length 100 and ensemble of 1000-runs is con-
sidered.

A typical communication system effected by co-channel
interference is shown in Fig. 2. The co-channels are each of
order N — 1 and are represented as h; and interfering signal
as a; forv = 2,...,I, where I — 1 represents number of
interferers. The received signal can be represented as

rk) = - hi(n)ai(k —n)+ 2 hi(n)ai(k —n) + n(k)
n=0 =2 n=0

hi(n)ai(k — n) + w(k)
0

3
Il

where the middle (double summation) term on the RHS in
eq. (17) represents the CCI and n(k) is a zero mean, iid,
Gaussian noise process and ¥ = 1,..., M represents the
number of symbols.

The above presented algorithm is verified for real sta-
tionary channel for N = 5. The input signal is anti-podal
random input sequence. The channels are assumed to be

hi =[-0.227 0.460 0.688 0.460 -0.227] and

ho =[1.0 0.8 0.6 0.4 0.2] where h; suffers from am-
plitude and phase distortion [10], and hs is the co-channel
considered for the simulation.
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Fig. 2. A typical CCI effected communication system

Fig. 3 depicts the performance plot for the channel esti-
mator presented in this paper. The legends ‘LS’, ‘LSyhite’
and ‘NPMLypite” represent LS without LPE filter, LS with
LPE filter and NPML with LPE filter respectively. To ob-
serve the proformance of the algorithm, the signal to noise
ratio (SNR) is kept fixed at 30dBs while signal to interfer-
ence ratio (SIR) is varied from —13dBs to 9dBs. We can
observe that by using the LPE filter with NPML based tech-
nique we can gain upto 3.5 dBs at NMSE of 10~ 1.

6. CONCLUSION

It was shown that after noise whitening better channel esti-
mates can be obtained. It was reconfirmed that the LS esti-
mate with LPE filter produces better channel estimates for
interference limited channels than LS estimate without LPE
filter. Due to practicle constriants, the Gaussian assump-
tion on the whitened noise is not gauranteed, hence a kernel
density estimate based ML channel estimator was proposed.
From Fig. 3 we observe that better channel estimates can be
obtained by jointly estimating the whitening filter and the
channel estimates by using kernel density estimator. Thus
by combining kernel density estimator with whitening fil-
ter forms a robust channel estimator for interference limited
communication channels.
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