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Abstract. This paper investigates the application of Support Vec-
tor machines (SVMs) for the equalization of communication sys-
tems corrupted with additive white Gaussian noise, intersymbol
and co-channel interference. Performance obtained with SVMs for
this task is compared to the one obtained with linear and Radial
Basis Function (RBF) equalizers. The centers and the weights of
the RBF networks are determined by the k-means and LMS al-
gorithms, respectively. Experimental results shown that the SVM
equalizer outperforms both linear and RBF equalizers, particularly
for small training set. In case of time-varying channels, it is en-
visaged that the length of the training sequence which needs to be
periodically transmitted would be reduced by SVM equalizers.

INTRODUCTION

Many communication systems are corrupted not only by channel intersym-
bol interference, but also by co-channel interference. An equalizer is then
required to obtain a reliable data transmission. The most efficient equalizer
structure is the maximum likelihood sequence estimator [8]. However, it is
of limited use owing to its large computational complexity. Therefore, the
most commonly used equalizers employ a symbol-decision structure based on
linear filtering. This is referred to as the linear transversal equalizer (LTE).
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Parameters of the LTE are fully specified by the Wiener filter solution when
a priori knowledge of the channel is available. In practice, the channel statis-
tics are unknown and the parameters are estimated by the least-mean-square
(LMS) algorithm. The LTE is easy to train but suffers from poor performance
in severe channel conditions compared to nonlinear equalizers based on neu-
ral networks, such as multilayer perceptrons [10] or radial basis functions
(RBFs)[4]. Unfortunately, neural networks typically require a prohibitive
amount of training data before exhibiting good generalization performance.
This is a serious drawback in case of time-varying channels because the train-
ing sequence needs to be periodically transmitted. In order to limit the side
information required for training, there is a need for constructing nonlinear
equalizers that generalize well using a restricted amount of training data. A
similar problem arises in machine learning [12], [13]. A classifier that gen-
eralizes well in a high-dimensional space is the so-called optimal hyperplane.
It provides the largest distance or margin from the separating hyperplane to
the closest training vector. The basic idea behind the Support Vector Ma-
chines (SVMs) is first to transform the original data onto a high-dimensional
space by some fixed a priori mapping, and then find the optimal hyperplane
in this feature space [2], [6]. This paper investigates the application of Sup-
port Vector machines (SVMs) with Gaussian kernels for the equalization of
communication systems corrupted with additive white Gaussian noise, inter-
symbol and co-channel interference.

SYSTEM DESCRIPTION

The discrete-time model for the digital communication system considered
here is depicted in Fig.1. In this model [3], H0(z) represents the transfer
function of the channel of interest. In addition, there exists p interfering co-
channels with transfer functions Hi(z), i = 1 · · · p. Channels are traditionally
modeled by finite impulse response filters

Hi(z) =

ni∑

j=0

hijz
−j , i = 0 · · · p

where, ni and hij is the filter length and the jth impulse response component
for the ith channel, respectively. It is further assumed that the transmitted
binary symbols si = ±1 are independently, identically distributed random
variables and e is an additive white Gaussian noise with zero mean and
variance σ2

e . At time k, the channel observation x(k) is the sum of the signal
of interest ŷ(k), the interfering signal u(k) and the noise e(k). The signal to
noise ratio (SNR), signal to interference ratio (SIR) and signal to interference
noise ratio are usually defined as

SNR = σ2
s/σ

2
e SIR = σ2

s/σ
2
co SINR = σ2

s/(σ
2
e + σ2

co)



where σ2
s and σ2

co are the signal power and the co-channel signal power,
respectively.
The task of the equalizer is then to estimate the transmitted symbol s0(k)
from the observation vector x = (x(k), x(k−1) · · ·x(k−m+1)). For training
the equalizer, a desired signal s0(k − d) including the equalizer delay d is
available at each time step k of the training sequence. As an example, a
channel corrupted with a single interfering co-channel is considered in Fig.
2.

Figure 1: Discrete-time model of data transmission system corrupted with co-
channel interference. At time k, the channel observation x(k) is the sum of the
signal ŷ(k), the interfering signal u(k) and the noise e(k).

RBF EQUALIZERS

A radial basis function (RBF) network is a two-layer network with a single
hidden layer. Each neuron i within the hidden layer computes the Euclidean
distance between a center vector ci and the input vector x = (x(k), x(k −
1) · · ·x(k −m + 1)). The result is then passed through a Gaussian function
φi = exp(−||x−ci||2/σ2

i ) of width σi and the output is obtained by a weighted
linear combination f(x) =

∑
i wiφi. Provided a priori knowledge of the

channel, the parameters ci, σi and wi can be chosen so that the RBF network
implements the optimal Bayesian equalizer [4]. Unfortunately, this requires
a correct estimate of the channel order. In addition, the resulting RBF
equalizer can have a prohibitive number of neurons for large m, as shown
in [3]. The performance of the RBF equalizer depends to a great extent on
locating the centers at the desired channel states. If this is achieved, the
full effects of the co-channel interference can be taken into account and the



RBF equalizer can discriminate the signal of interest from the interfering
signals and the noise [3]. Center locations are usually estimated by using
supervised or unsupervised clustering algorithms [4] which typically requires
a prohibitive amount of training data before exhibiting good generalization
performance.
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Figure 2: Example of channel output vectors and signal states for a channel
H0(z) = 0.5+z−1 corrupted by a single interfering co-channel H1(z) = 0.1+0.3z−1.
The signal to noise ratio is 20 dB. Data points represent 500 observation vectors
(x(k), x(k − 1)), k = 1 · · · 500. The locations of the signal states for channel H0

are indicated by circles. The interfering co-channel H1 causes an increase in the
number of signal states, represented by squares. For lower signal to interference
ratios, the distribution of the observation vectors spreads more widely around the
signal states [3].

SVM EQUALIZERS

Let us consider a training set of n labeled observations (xi, yi), i = 1 · · ·n,
where xi ∈ Rd and yi ∈ {−1,+1}. If the training set is linearly separable,
then there exist a weight vector w and a bias b such that yi = sgn(w.xi+b) for
all i, where sgn(a) = +1 if a ≥ 0 and −1 otherwise. The optimal hyperplane
is the one that maximizes the margin or, equivalently minimizes the norm
of w subject to yi(w.xi + b) ≥ 1 for all i, see e.g. [12]. The solution of this
optimization problem is given by the saddle point of the Lagrangian

LP =
1

2
||w||2 −

∑

i

αiyi(w.xi + b) +
∑

i

αi (1)



where the αi ≥ 0 are the Lagrange multipliers taking into account the in-
equality constraints. At the saddle point, the solution should satisfy the
Karush-Kuhn-Tucker (KKT) conditions

∂LP
∂w

= 0 ⇒ w =
∑

i

αiyixi (2)

∂LP
∂b

= 0 ⇒
∑

i

αiyi = 0

The weight vector w given by (2) is a linear combination of the vectors of the
training set. Those vectors xi, for which αi are nonzero, are called support
vectors. Putting expressions of w into (1), and taking into account the other
KKT condition, one obtains

LD =
∑

i

αi −
1

2

∑

i

∑

j

αiαjyiyj(xi.xj) (3)

which now has to be maximized with respect to the αi under the constraints
αi ≥ 0. Maximizing (3) is a quadratic programming problem with linear
constraints.

The optimal hyperplane is only suitable for the linearly separable case. Pos-
sible classification errors are taking into account in the optimization problem
by introducing slack variables ξi ≥ 0. The optimization problem now consists
of finding the minimum of 1

2 ||w||2 + C
∑
i ξi subject to

yi(w.xi + b) ≥ 1− ξi

where C is a parameter to be chosen by the user, a larger value corre-
sponding to assigning a higher penalty to errors. It can be shown that the
quadratic programming problem (3) remains unchanged except for the con-
straints which now become 0 ≤ αi ≤ C (see [6] for details). The basic idea
behind the Support Vector Machines (SVMs) is first to transform the original
data onto a high-dimensional space by some fixed a priori mapping, and then
find the optimal hyperplane in this feature space [2], [6]. The mapping Φ
onto the feature space is obtained by a given kernel representation K(xi,xj)
of the inner product Φ(xi).Φ(xj) [1]. In practice, we used a Gaussian kernel
K(xi,xj) = exp(−||xi−xj||2/σ2). For the optimization problem, we used an
active set strategy (also known as a projection method) [11].

SIMULATION STUDY

The channel used for our simulations has the form [5]



H0(z) = −0.2052− 0.5131z−1 + 0.7183z−2 + 0.3695z−3 + 0.2052z−4

and the co-channel transfer function considered was [3]

H1(z) = λ(0.6 + 0.8z−1)

for λ > 0. This way, the SIR and SINR can be modified by varying the fac-
tor λ. The bit error rate (BER) performance of the different equalizers was
estimated using 105 to 107 samples, depending on the SINR value. The delay
of the equalizers was set to d = 2. Two experimental conditions were used.
1) The SIR was set to 24 dB and the noise power was changed to produce
different SINR ratios. 2) The SNR was set to 24 dB by fixing the noise power
and the interfering signal power was changed by choosing different values for
λ.

The performance obtained using the Wiener filter is the best that a linear
transversal equalizer can attain. The BER performance of the Wiener filter
is shown in Fig. 3 as a function of the order of the filter for different SINR
values and for the two experimental conditions described above (SIR=24dB
and SNR=24dB). These results indicate that the BER performance does not
improve when the filter order is higher than 5. This is known as the problem
of noise enhancement [3]. In the following, the order of the Wiener filter was
set to m = 5.

We now compare the performance of the Wiener filter with the one of RBF
and SVM equalizers under a variety of SINR conditions. The order of the
equalizer was set to m = 5 for the Wiener filter and m = 4 for the nonlinear
equalizers. The amount of training data (640 samples) is small compared to
the number of desired signal states, equal to 256. It should be noted that
the optimal Bayesian solution would be very costly (an RBF network with
8192 centers), and was not investigated in our study. Instead, the number of
centers of the RBF equalizer was set to the number of desired signal states.
Training the RBF equalizer was done in the following way. The center lo-
cations were first determined by a k-means clustering procedure [7] and the
Gaussian widths were set as in [3]. Then, the weights were trained with the
LMS algorithm. Parameters for the SVM equalizer were determined empir-
ically. We experimented with various C and σ2 but we only report here the
results for C = ∞ and σ2 = 0.5 since they performed best overall on the
data tested. The BER performance for linear and nonlinear equalizers is
reported in Fig. 4 for the two experimental conditions. These results show
that both non-linear equalizers outperform the Wiener filter, particularly for
high SINRs. In addition, the BER value attained with an SVM equalizer is
lower to that of an RBF equalizer, particularily for high SINRs. For lower
values of SINR, the larger C value was penalizing too much the errors. The



4 5 6 7 8 9 10

−2.4

−2.2

−2

−1.8

−1.6

−1.4

Wiener Filter order

log
10

 B
ER

Figure 3: Performance in terms of Bit Error Rate (BER) for the Wiener filter as
a function of the filter order for different values of SINR = 18 dB (circles), 14 dB
(squares) and 10 dB (triangles). These performance have been estimated on the two
experimental conditions : constant SIR=24dB (full lines) and constant SNR=24dB
(dashed lines).

value for C could be chosen optimally by estimating both the empirical risk
and the VC dimension on the training set [13].

The BER performance for the RBF and SVM equalizers is reported in Fig.
5 as a function of the length of the training sequence for the two experimen-
tal conditions. It shows that the SVM equalizer trained with 100 samples
yields better performance than the RBF equalizer trained with 400 samples.
Therefore, in case of time-varying channels, it is envisaged that the length of
the training sequence which needs to be periodically transmitted would be
reduced by SVM equalizers.

CONCLUSION

A comparative study of BER performance among three techniques for chan-
nel equalization in hostile environments has been given. Our simulations
showed the superiority in overcoming co-channel interference of SVM equal-
izers over RBF and linear equalizers. SVMs provide a better way of choosing
the number and locations of RBF centers using a limited amount of training
data as was the case in our equalization problem. Our future work will focus
on extending the current study to more general channel models and to on-
line training algorithms such as, for instance, the recently proposed kernel
adatron algorithm [9].
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Figure 4: BER performance for the Wiener filter (full lines), the RBF equalizer
(dotted lines) and the SVM equalizer (dashed lines) for different values of SINR.
Figures on the left and right are for the two experimental conditions SIR=24dB
and SNR=24dB, respectively.
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Figure 5: BER performance for the RBF equalizer (squares) and the SVM equalizer
(circles) as a function of the length of the training sequence for different values of
SINR equal to 8 dB (full lines), 12 dB (dashed lines) and 16 dB (dotted lines).
Figures on the left and right are for the two experimental conditions SIR=24dB
and SNR=24dB, respectively.
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