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CONTRIBUTIONS TO THE MODELING OF A COMMUNICATION CHANNEL BY RBF

PIRLOAGA, M[arian] D[orin] & MIHAILESCU, M[arius] I[ulian]

Abstract: This paper`s aim is to model a communicationchannel, done at the level of a complex equalizer, using a
transversal filter, K ordered. Here are being studied the in and
out signals, their noise influence. We propose the training of a
RBFR network with a control less algorithm to determine the
weightings on the interconnections of the exit layer. Finally, we
draw some conclusions about the efficiency of equalizer
towards the RNM implemented models.
Keywords: equalizer, communication channel, RBF neural
network, interconnections, decision regions

1. INTRODUCTION
Communication channels have, in the most general
case, phase and amplitude, linear and time variables
characteristics, due to inherent nonlinearities, weather
propagation conditions, extra environmental noises and
thermal noise of electronic devices. Amplifiers that
usually function close to the saturation point also
introduce memory less nonlinearities, which, combined
with the effects of the transmission and reception filters,
becomes memory nonlinearities. Consequently, the
transmitted signals are affected by different nonlinear
distortions, attenuations, extra noise, intersymbol
interference, interference with adjacent channels etc [1].
The reconstruction technique of transmitted symbols
is the channel equalization. In case of a big leakage of the
entry values, linear equalizers face the problem of
numerical instability. Given the fact that, in general,
communication channels are variable in time, equalizers
must be adaptive, to follow in time the variations of the
frequency answer of the channel [3, 6]. In the case of
nonlinear distortions, generated by time-variable
channels, linear equalizers don`t have good
performances. The only solution in case of nonlinear and
severe distortions of the communication channels is the
nonlinear equalizers. Approaching the problem of
equalization as a classification problem, the neuronal
networks can generate arbitrary regions of decision with
great precision.
In radar, sonar and communication applications,
ideal signals are usually contaminated with non-Gaussian
noise. The radar performance can be degraded by
impulsive noise interference such as environmental
effects of atmospherics (lighting) and meteor train
echoes. Lighting impulsive noise significantly reduces
the signal detector performance about 25 percentage.
Detection of known signals from noisy observations is an
important area of statistical signal processing with direct
applications in the communications fields. General
properties of neural networks include robustness and
fault tolerance of the computational elements due to the
massive parallesim. [30]

Also, the adaptive neural networks that vary with
time are able to change with slowly time-varying signals,
improving
the
non-Gaussian
signal
detection
performance. The neural networks are nonparametric,
making no assumptions about the underlying densities,
which may provide more robustness and capability for
detecting signals generated by nonlinear and nonGaussian processes.
Linear models have been studied in statistics field for
more then 200 years and the theory can be applied in
RBF networks, which represent one single type of linear
model.

2. THE PROPOSED IDEA
Equalizer contains a linear transversal filter m ordered
and a RBFR. Communication channel is modeled using a
k ordered transversal filter. Being given the vector of the
signal from the exit of the communication channel 𝒚[𝑛],
which is affected by additional complex noise 𝒘[𝑛], can
be Gaussian noise with dispersion. The signals 𝒚 𝑛 and
𝒘[𝑛] are considered uncorrelated. Real part 𝑤𝑅 𝑛 and
the imaginary 𝑤𝐼[𝑛] of the noise are considered mutual
dependent sequences [1]. The exit of the communication
channel is applied to the entrance of the complex
equalizer. The vector of the received signal applied to the
entrance RBFR is the sequence:

𝒓[𝑛], 𝒓[𝑛] = [𝑟[𝑛] 𝑟[𝑛 − 1] … 𝑟[𝑛 − 𝑚 + 1]]𝑇

(1)

Because this implies m terms of the entrance signal,
will be considered NS possible combinations of the
entrance sequence in the communication channel.
𝑁𝑆 = 4 𝑀 + 𝑚 − 1 𝑤ℎ𝑖𝑐ℎ ℎ𝑎𝑠 𝑡ℎ𝑒 𝑓𝑜𝑟𝑚 𝒙[𝑛] =
[𝑥[𝑛] 𝑥[𝑛 − 1] … 𝑥[𝑛 − 𝑚 − 𝑀 + 2]]𝑇

(2)

The corresponding signal from the exit of the
communication channel unaffected by noise is the vector:

𝒚[𝑛] = [𝑦[𝑛] 𝑦[𝑛 − 1] … 𝑦[𝑛 − 𝑚 + 1]]𝑇,

(3)

which also has NS states. The task of the equalizer is to
reconstruct the sended signal as precisely as it can, by
generating an estimate, based on the vector of the
received signal r[n] and the delayed signal x[n-d]. The
real part, respectively the imagined one of the complex
signals 4-QAM is processed independently, in the same
manner. The unlimited activation function of the hidden
neurons is real and can be specified through the relation:
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φ = φ((r [n] − ci [𝑛])𝐻 r[n] − ci[n]/ρ), 1 ≤ i ≤ N h (4)

Fig 1. Block scheme of the equalizer

The operator (•) H=((•)T)* is (•)T the transposition
operator and (•)* is the conjugation complex operator.
The exit layer of the RBFR has eight neurons, by two
neurons for each of the possible classes of the signal 4QAM, one for the real part and the other for the
imaginary part. The activation function of the exit
neurons fRBF is linear and, considering the Gaussian
activation function of the hidden neurons, it is given the
relation:
fRBFR(r)=

𝑁ℎ
𝑖=1 𝑤

i e-

𝑟 𝑛 −𝑐𝑖 𝑛
𝜋

𝐻

(5)

where 𝑤𝑖 are the complex interconnection weightings
towards the exit neuron.
To train the RBFR network is normally used a control
less algorithm to determine the centers of the hidden
layer and one with control to determine the weightings of
the interconnections of the exit layer [10, 8, 34-7]. An
example of algorithm with customary (usual) control is
the algorithm of the least mean square error (LMS),
which utilizes the following relation to determine the
weightings of the interconnections towards the exit layer
of a RBFR.
𝑤𝑖 [n+ 1]= 𝑤𝑖 [n]+ αe[n] ɸ
[𝑛]

(6)

Where α is the learning constant and e[n] is the complex
error, determined with the relation:
𝑒 𝑛 = 𝑥 𝑛 − 𝑑 − 𝑓𝑅𝐵𝐹 𝑟

(7)

The Algorithm calculates the current gradient of the
mean square error and modifies the parameters of the
network towards its minimization. An algorithm with
sequential learning for the training of a neuronal
equalizer complex algorithm with complex minimal
resource allocation network CMRAN, allows the adding
and elimination of hidden neurons, so that it realizes an
optimal structure for the given application. The initial
network has no hidden neurons. Each time when at the
entry is applied a pair of training data, formed of an entry
– exit wished model, the network is build based on three
growing models. The algorithm adds a hidden neuron or
modifies the existing parameters of RN according to the
training data. The CMRAN algorithm also incorporates a
removal mechanism of the hidden neurons that don’t
significantly contribute to RN performance. High orders
communication channels have a big number of states, so
that they require RBFR structures with a big number of
centers. CMRAN algorithm reduces yet the number of
centers so that the implemented equalizer has a good
performance, by means of a reduced complexity and so
of a rapid working process.

3. THE RESULTS OF IMPLEMENTATION
The signals of 4-QAM were generated using an
uniform distribution, the real part independently from the
imaginary one. It was generated a complex white noise
w[n] with a Gaussian distribution, the real part
independently from the imaginary one [1]. By choosing
the order of the model of channel k=3 and the order of
the linear filter and the order of the transversal linear
filter from the entry of RBFR m=1, it is obtained the
number of possible states of the signal from the channel
exit, NS = 64. For the exit status of RBFR were utilized
eight neurons, by twos for each possible class of the
signal 4-QAM, one for the real part and one for the
imaginary part [20], [21], [22], [23], [24], [25], [26],
[27], [28], [29], [30], [31], [32], [33]. The radius of radial
activation functions, ρ, was chosen to have value 0.28.
To determine the centers of the equalizer RBFT were
applied N = 1000 entry sequences:
𝑥 𝑛 = [𝑥 𝑛 𝑥 𝑛 − 1 𝑥[𝑛 − 2]

(9)

The signals from the exit of communication channel,
receipted signals affected by noise r[n], initial and final
positions of the centers of RBFR center c[n], in case of
RSZ = 13 dB, after 100 iterations (Legend: `0` - wished
states, `*`- entry noisy states, `x` - initial positions of the
centers, `+` - final positions of the centers).

This algorithm minimizes the average of the square error:
𝑀𝑆𝐸 =

1
𝑁∙ 𝑛𝑖=1 𝑒𝑖2 [𝑛]

(8)

Other
algorithms
allow
the
simultaneous
determination of all the parameters RBFR. An example is
the algorithm proposed by Cha and Kassam [13] in the
study that utilizes as error criteria a stochastic descendant
gradient.

Fig. 2. The evolution of the square mean depending on the number of
training periods for RSZ = 5dB and complex nonlinear channel of m=1
and d=1
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Fig. 6. Illustration of ACSF algorithm
Fig. 3. Decision regions of equalizer RBFR for an nonlinear complex
channel in case: RSZ = 5dB, m=1 and a delay d=1

Fig. 4. Analyze of the signals at exit of equalizer

The signals from the exit of the communication
channel, noise affected signals r[n], initial and final
position of centers RBFR networks c[n], in case of a
signal rapport for noise RZS = 13dB, after 100 iterations
using:
a) ACS algorithm
b) ACSF algorithm

Fig. 5. Illustration of ACS algorithm

Fig. 7. Comparative evolution of the square mean error of equalizer
RBFR during training, for a rapport RSZ = 13dB and order m=1of filter
LT (continuous line - ACSF algorithm, dotted line – ACPR algorithm)

4. CONCLUSIONS
The performances of RBFR equalizers are superior to
those of linear equalizers and RNM implemented
equalizers. Competitive algorithms eliminate the
disadvantages of above mentioned RNM equalizers. Note
that competitive algorithm with penalizing the rival that
efficiently determine RBFR centers by gratifying the
winner and penalizing the rival is simple, it generates
regions of decision strongly nonlinear and has a rapid
convergence. By comparing it with the ACSF algorithm,
it has a much faster convergence and the determined
centers have positions closer to the wanted ones. ACPR
algorithm is adequate for the adaptive equalization of
complex signals rapid variables in time, affected by
linear and nonlinear distortions. The obtained
performance, a square mean error of 10 – 2 for a RSZ of
5 dB is similar to that of other neuronal equalizers with
RBFR reported in literature, tested in the same
conditions.
The adaptation of the positions of the centers of the radial
basis functions does not necessarily provide the best
results. The success of the moving centers depends on the
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application of interest. There are some applications for
which adaptation of the centers of the RBFs has practical
advantages. For example, it allows us to define the
classes (input patterns) better and more accurately. The
following chapter gives some applications of RBFNs in
various fields [19].
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