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Abstract: This paper describes an evolvable hardware 
(EHW) system for modelling a adaptive neural network. 
We have developed an adaptive RBF neural network 
which can be used to model plenty of systems. This 
approach is particularly suited to applications requiring 
ability to cope with time-varying problems and real-
time timing constraints. FPGA as a reconfigurable 
hardware is used for hardware implementation purpose 
of EHW_based NN. The GA is used to determine the 
characteristic of neurons in RBF and the adaptation of 
weights is done with a steepest descend method. 
Simulation results for an adaptive frequency domain 
equalizer in digital mobile communication are given. 
Our system shows better results comparing to time 
domain one.  
 
Keywords: channel equalization, frequency-
domain equalization, evolvable hardware, adaptive 
NN, Genetic Algorithm. 
 
1. Introduction 
 

A common application of neural network is to 
learning a given function using of line adaptation 
of weights. In recent years, the on line adaptation 
approach by reshaping the network itself has been 
attracting attention. The on-line approach is more 
efficient and flexible than the off-line approach. 
We embody this on-line approach with evolvable 
hardware (EHW).  

To achieve optimal performance for a network 
we must find best topology and best node function 
for each neuron. Further, to meet the time 
constraints imposed by real-time applications, 
neural network hardware systems need to be 
'tailored' to the size of the ideal network for the 
problem. In general, it is very difficult to design an 
optimal neural network and process it with scalable 
parallel hardware. The method of this paper is 
using of a RBF network with fix number of 
neurons in which the centers and deviation of 
activity function for each neuron are selected by 

GA and network coefficients are modified using 
the steepest descent method. 

Frequency domain equalization is an attractive 
field in mobile communication. In [1] using this 
method a digital television receiver was 
considered. The equalization was simply done by 
multiplying the FFT data of the noncausal filter 
output and the coefficients of the frequency 
domain equalizer. 
This paper is organized as follows. Section 2 
explains the evolutionary neural networks. In 
section 3 we introduce a conventional work used 
for learning neural networks with GAs, 
highlighting especially some of the shortcomings 
that our learning scheme will address. Section 4 
describes the concept of EHW for generalized NN. 
Section 5 explains adaptive equalizer in digital 
mobile communication which is our simulations 
concern and described the method of its 
implementation using EHW. In Section 6, we will 
report simulation details of our study on the 
problem of adaptive equalization in digital mobile 
communication. Performance of proposed 
equalization method is presented through 
coefficient modification method in Section 7.  
Finally section 8 concludes this paper. 
 
2. Evolutionary Neural Networks 
 

Many researchers have worked on designing 
neural networks with GA [3]. Such approaches 
typically utilize a GA to evolve the optimal 
topology of an appropriate network, and then use 
back-propagation to train the weights. However, 
using this approach online for on-line industrial 
applications would be difficult because of the slow 
speed of both the back-propagation and GA 
components. 
To improve the learning speed, radial basis 
function (RBF) networks combined with genetic 
algorithms may be an appealing choice. Indeed, the  
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learning speed of RBF Networks (RBFNs) can 
outperform multi-layer perception (MLP) by up to 
three orders of magnitude[3]. 
 
3. Evolvable Hardware 
 

The evolvable hardware design approach based 
on changing dynamically following two hardware 
configurations according to the GA 
chromosomes[5]: 

1) Choices of a hardware function on each 
processing element of a software-reconfigurable 
device and 

2)  Specification of interconnections between 
these elements. 

 These reconfigurations could be done on-line to 
improve performance adaptively. In the 
conventional hardware design, it is necessary to 
prepare all the specifications of the hardware 
functions in advance. On the other hand, EHW can 
be reconfigured without such  
specifications. From this, we can see that the EHW 
concept provides a bottom-up hardware design 
methodology in contrast of the conventional top-
down methodology. 

To realize the EHW concept, most existing 
research employs Field Programmable Gate Arrays 
(FPGAs) and Programmable Logic Devices 
(PLDs) as software reconfigurable devices. Their 
internal circuit connections and node logic 
functions can be reconfigured by downloading 
binary strings, called architecture bits. The basic 
idea of these researches is to regard the 
architecture bits as chromosomes and to evolve 
good hardware structures by applying GAs to these 
strings, as shown in Fig. 1. 

 
 
 
 
 
 
 
 
 
 
Fig. 1: Evolvable Hardware at the gate-level 

Attempts to apply most research on EHW to 
practical problems, however, would suffer from the 
common problem that only relatively small circuits 
can be evolved. This is because the hardware 
evolution is based on primitive gates such as AND-
gates and OR-gates; we call the evolution at this 
level gate-level evolution. The hardware functions 

resulting from gate-level evolution are not 
typically powerful enough for use in industrial 
applications. 
In order to solve this problem, a new type of 
hardware evolution is proposed: function-level 
evolution. In this approach the offer is, it has better 
and more effective hardware performance, if the 
hardware systems are genetically evolved in 
functional level (adder, multiplayer …) rather than 
the gate level. 
 
4. Evolvable Hardware for Generalized 
Neural Networks 
 
A learning scheme for a generalized neural 
network [Murakawa et a/., 1997] was developed 
[5]. We describe the genetic learning and then 
show how the network is mapped onto FPGA. 
FPGA is an evolvable hardware chip specially 
designed for implementing generalized neural 
networks. 
 
4.1 Genetic Learning 
The generalized neural network considered here is 
defined as “Equation (1)”. 
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Where n is the number of neurons in hidden layer 
of RBF network andμ is the Gaussian activation 
function which is used generally in RBF networks 
“Equation (2)”. 
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The genetic algorithm determines the parameters 
ikik ba , for center and standard deviation of activity 

function for each neuron in the network[5]. 
As mentioned before, in this paper a RBF 

network with fix number of neurons is used and 
the connection weights would be modified with 
steepest descent method. 
4.2 Mapping on The Evolvable Hardware 

To realize the EWH concept, most existing 
research employs Field Programmable Gate Arrays 
(FPGAs).  

two intrinsic and extrinsic approaches for 
mapping evolved circuit to these devices. In 
intrinsic approach, after accomplishment of each 
step of GA, the bit stream of best individual for 
that generation is implemented on FPGA and 
the actual result will be observed. 
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This method needs iterative programming on 
FPGA which will be more difficult due to 
limitation in FPGA programming. 

In the extrinsic approach whole evaluation 
would be done software based -out of FPGA- then 
the optimized bit stream would be downloaded to 
FPGA in final step. 

Which should be implemented on FPGA is a 
RBF neural network so here we will describe it 
briefly.   

As will be described in advanced, for 
transferring from time-domain to frequency-
domain we take an 2_point FFT of two successive 
samples of channel, then we apply the resulted real 
and complex points as inputs to neural network, 
using inverse FFT the resulted real and complex 
outputs of neural network will be transferred to 
two sequences in time domain.     

For FPGA implementation we should implement 
the neuron activity functions. To implement them 
we must use Look Up Tables. For a specific range 
of the argument of Gaussian function the value of 
the function will be calculated and stored in a 
RAM memory of FPGA, and for calculating the 
output of neuron by means of Interpolation, the 
nearest possible number is exploited from table. 

5. Adaptive Equalizer in Digital Mobile 
Communication 

To examine the performance of our system, we 
conducted a simulation of adaptive equalization in 
digital mobile communication. In particular, the 
ability to adapt in a dynamically changing 
environment was of special concern to us. High-
speed communication channels are often impaired 
by linear and non-linear channel distortion and 
additive noise. 

To obtain reliable data transmission in such 
communication systems, adaptive equalizers are 
required, In digital mobile communications, the 
channel can be influenced by environmental 
conditions such as landscape and the presence of 
buildings. The task of the equalizer is to recover 
the transmitted symbols based on the channel 
observation y(t). 

Existing adaptive equalization techniques for 
time varying channels employ a linear transversal 
filter [4]. However, if the non-linear channel 
distortion is too severe, adaptive equalizers based 
on such linear transversal filters suffer from severe 
performance degradation. For such channels, non-
linear adaptive equalizers based on neural 
networks are proposed. But the algorithms are so 
complicated for hardware implementation [1].  

To overcome these difficulties, we apply our 
system to the adaptive equalizer. A communication 
system that employs the EHW-based adaptation 
equalizer is shown in Fig. 2. The transmitter sends 
a known training sequence to the receiver and the 
receiver adjusts the EHW-based equalizer so that it 
reproduces the correct transmitted symbols. 

 
 
 
 
 
 
 
 
 
 

 
 

Fig. 2: Adaptive Equalizer 

5.1 Learning Performance of The EHW-
Based Equalizer 

We simulated the learning performance of the 
proposed EHW-based equalizer. The transfer 
function of the channel was given by “Equation 
(3)”. 

 
15.10.1)( −+= zzG             (3)  

                    
and zero-mean white Gaussian noise was added 

to the output of the channel.  
A training set of one thousands data points is 

generated at every generation. Using a population 
size of 20, the fitness of each individual was 
determined by n/1000, where n is the number of 
correct classifications by the EHW. The bit-error-
rate (BER) is defined as the ratio of misclassified 
to correct symbols in the output of the best-of 
generation individual. 

Fig. 3 shows the learning performance of this 
simulation for a signal-to-noise ratio (SNR) of 15 
dB. The broken line shows the learning curve of a 
transversal-filter-based equalizer, whose total 
number of training sequences was the same as that 
of the EHW. As can be seen, the BER of the EHW 
based equalizer is far lower. This is due to the 
ability of the generalized neural network to 
synthesize non-linear functions. 
By extracting the best equalizer in first step, the 
corresponding characteristic (including the centers, 
neuron standard deviation and real and imaginary 
weights) will be registered, and then by using the 
settled neural network for 105 bits of the output 
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Fig.  3: a sample of equalizer evolvable 
procedure 

BER channel will be calculated. In Fig.4, The BER 
curve is shown based on the different SNRs for 
equalizer with EHW in best possible state of the 
generations. In comparison to transversal filter, a 
better BER especially in above SNRs is resulted. 
These results are outcome by the average in 100 
runs. In Fig. 5, BER curve which is exported in [5] 
is shown; comparing of these two curves is stating 
better conclusions for equalizer in frequency 
domain. 

 
 
 
 

 
  

 
 
 
 
 
Fig. 4: BER curve based on the different SNRs 

 
 
 
 
 
 
 
 
 
 
 

Fig. 5: BER resulted of [5] 
In real communication systems, the characteristics 
of the channel are usually time-varying. Hence, 

adaptive equalizers are required to follow such 
changes and compensate for the channel distortion. 

We therefore simulated the performance of the 
EHW based Fig. 6: nonlinear channel sample. 

Adaptive equalizer for time-varying channels, 
using the non-linear channel is shown in Fig. 5. 

The transmitted sequence is passed through a 
linear channel whose transfer function is “Equation 
(4)”, and the output of the channel is added to the 
nonlinear harmonics. 

15.10.1)( −+= zzG                            (4) 
               

The value of the gain coefficients d2, d3, and d4 
determines how severe the nonlinear distortion will 
be. Such non-linear channel models are frequently 
encountered in data transmission over digital 
satellite links. The linear transversal-filter-based 
adaptive equalizer can not compensate for such 
non-linear channel distortion. 

 
 
 
 
 
 
 
 
 
 
 
Fig. 6: non-linear transmission channel used in 

the simulations 
As before, we simulated the bit-error-rate 

achieved by the EHW-based adaptive equalizer. 
Simulations are performed for the case in which d1 
changed drastically during evaluation (Fig. 7). In 
the simulations, the coefficients are set to d2 = 0.6, 
d3 = 0.5, and d4 = 0.4. 

 
 
 
 
 
 
 
 
 
 
 

Fig. 7: drastic change in channel characteristic  
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Fig. 8: equalizer response to drastic change 
 
The ability of EHW based equalizer to follow 

the channel characteristic changes which are very 
important in mobile channels must be mentioned. 
To show this we have simulated a channel with 
SNR=5dB, by changing the channel parameters as 
follows. 
5.2 Sensitivity Versus d1 Variation 

The BER variation for d1 is showed in Fig. 9.  
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 9: BER variation versus d1 

5.3 Sensitivity Versus d2 Variation 
The BER variation for d2 is showed in Fig. 10. 
 

  
 
 
 
 
 
 
 
 

 

Fig. 10: BER variation versus d2 
5.4 Sensitivity Versus d3 Variation 

The BER variation for d3 is showed in Fig. 11. 
 
 

 
 
 
 
 
 
 
 
 
Fig. 11: BER variation versus d3 

5.5 Sensitivity Versus d4 Variation 
The BER variation for d4 is showed in Fig. 12. 
 

  
 
 
 
 
 
 
 
 
 
 
Fig.12: BER variation versus d4 

6. Simulation Details 
Sari has shown that by means of FFT, a system 

with equalizer in frequency domain has better and 
more effective performance than a system in time 
domain [7]. In evolvable hardware based equalizer 
block diagram of Fig. 14 is used for equalizer. 
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The first step in implementation of frequency 
domain equalizer is to transfer the output of 
channel to frequency domain. To do this, for both 
successively outputs of channel 4_point FFT 
would be taken. The result of this operation will be 
four complex numbers that are separated in to two 
real and imaginary parts, and each of them would 
be applied to the equalizer as an input in the same 
time.   

As it was mentioned, equalizer is a RBF neural 
network. The procedure considered to deal with 
two real and imaginary parts is to utilize complex 
weights for RBF NN. Basically, each RBF network 
is composed of two input and output layers and a 
hidden layer. The input layer duty is to get inputs 
and the duty of output layer is to create outputs. 
Depending on complexity of the problem, there are 
some neurons in the hidden layer which their 
activity functions are Gaussian in which the center 
and standard deviation for each neuron will be 
considered separately.  

In input layer of this network, the four real and 
the four imaginary numbers which produced by 
FFT output will be connected to the neurons in the 
hidden layer.  

Each neuron, according to the real and imaginary 
inputs, will have a solely real output and an image 
output (“Equations (5), (6)”. 
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Where UReal(j) and UImage(j)  are the real and 
imaginary outputs , respectively, to the jth neron of 
hidden layer, a_cj(k) denotes the center of jth 
neuron for  kth(real or complex) input, and b_cj(k) 
denotes the standard deviation of  jth neuron  for  
kth input(real or complex). 

After calculation the real and complex outputs of 
neurons, the outputs of the network will be 
achieved using the “Equations (7), (8)”. 
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Where YReal(k) , YImage(k) are the kth real 
imaginary outputs respectively . WReal(j,k)  is the 
weight corresponding Jth neuron and kth real 

output, and WImage(j,k)  is the weight corresponding 
Jth neuron and kth imaginary output. 
7. COEFFICIENT MODIFICATION METHODE  

The method that is used for modifying the 
coefficients is “Batch Mode”. In this method, all 
the training data will be applied to the network 
successively and for each of them output error will 
be calculated by means of the “Equations (9), (10), 
(11), (12)”. 
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Where DReal(k) and DImage(k) are the kth real and 
imaginary desired output and η is the learning-rate 
parameter of the network. 

After updating the real and imaginary 
coefficients, this operation will be repeated ten 
times for the whole training data, therefore the best 
coefficients are resulted for real and imaginary 
parts. 

 

 

 

 

                         

 

 

 
 
 
 
 
 

Fig. 5: neural network architecture for 
implementation frequency domain equalizer 

The selection of centers and standard deviation 
related to available neurons in hidden layer of the 
RBF neural network would be done evolutionary. 
For this purpose, to define the chromosome for 
every single component of each generation for the 



                                                                                                                                     

available neurons in the hidden layer, a 
four-bit number is created for the center 
corresponding to each neuron,  
moreover, four-bit number is created 

for the standard deviation of each 
neuron  is also  
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is also created. To continue with, by using the 
selected centers and standard deviations the 
adaptation method mentioned in previous section, 
for a series of training data, the best coefficients 
for the network will be found. 

After finalizing the NN architecture for an 
individual of the generation, we find the BER for 
this individual by utilizing of a series of testing 
data. After calculating of the BER for all 
individual of current generation, the least BER 
and average will be shown for it. Then, based on 
the conclusions of current generation, genetic 
operators will be applied and the next generation 
will be constructed and the same procedure will 
be done for the new generation and this operation 
will be repeated for next generations, so, 
optimization in centers and standard deviations of 
RBF neurons will be performed. An example of 
this optimization is shown in fig. 3. The used 
parameters in genetic algorithm are shown in table 
1.  

 
TABLE I 

chromosome 
For each neuron in hidden layer consists 

center and standard devotion 
Crossover remainder 
Mutation Tow point crossover 
Random 

Immigrant 
10% of population are replaced with new 

individuals randomly 

 
8.  Conclusion  

This study is based on implementing the 
equalizer channel in frequency domain .An RBF 
neural network is used as frequency domain 
equalizer. 

According to BER, SNR based curves it can be 
retrieved that frequency domain equalizer has 
more tolerance for channel distortion comparing 
to time domain one. 

 As time equalizer the equalizer in frequency 
domain has the capability to follow the changes in 
channel properties.  

As shown the equalizer in frequency domain 
can follow the changes in mobile channel 
effectively. This feature is vital for these channels 
that have a probability adventure.  
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