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 The two well known Artificial Neural Networks, Multi-layer Perceptron and Radial 

Basis Function (RBF) neural nets are adopted by this research to be analyzed and 
studied through many simulation cases of study. In this study, a comparison between 

these two types has been done where the Radial Basis Function showed higher ability 

for learning than Multi-layer Preceptron. Furthermore, tests have been undertaken on 
the Multi-Layer Preciptron where the popular training algorithm Error-Back-

propagation has been undertaken. The tests show that the Multi-Layer perceptron 

performs better than the Radial Basis Function in learning. In addition, many simulation 
tests have been done to see the different effects using Error-Back-Propagation. 
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INTRODUCTION 

 

 In (Wasserman, P.D., 1989), Robert Hecht-

Nielsen defined Artificial Neural Networks (ANNs) 

as "A computing system made up of a number of 

simple, highly interconnected processing elements, 

which processes information by its dynamic state 

response to external inputs". NNs mimic the way that 

a human brain copes with an incomplete and 

confusing information set. Furthermore, NNs learn 

by repeatedly trials to match the sets of input data to 

the corresponding target values. After a sufficient 

number of learning iterations, the network creates an 

internal model that can be used to predict new input 

conditions. The major purpose of NNs study is to 

realize the information processing system that holds 

competence closed to human beings. Consequently, 

the fundamental of NNs is the core of information 

processing called the neurons system. An NN can be 

considered as one type of the parallel processing 

machines of which processing elements operate 

simultaneously (Beale, et al., 2010; Hunter, David, 

2012; Nakano, 1991). 

 In general, the learning in NNs can be classified 

into supervised and unsupervised learning. The 

supervised learning means that the network has some 

information presented during learning (training) to 

tell what the correct answer should be. Whereas 

unsupervised learning means that the network has no 

such knowledge of the correct answer and thus 

cannot know exactly what the correct output should 

be (Beale, et al., 2010; Hunter, David, 2012; Nakano, 

1991). 

 

II. Back-propagation Neural Network: 

 Back-propagation is a specific technique for 

implementing gradient descent in weight space for a 

multilayer feed forward network. The basic idea of 

the technique is to efficiently compute partial 

derivatives of an approximating function F (w, x) 

realized by the network with respect to all the 

elements of the adjustable weight vector (w) for a 

given value of input vector (x) (Simon Hay Kin, 

1994). 

 The error back-propagation (EBP) algorithm has 

emerged as the most popular algorithm for the 

supervised training of multilayer perceptions 

(MLPs). Basically, it is a gradient (derivative) 

technique and not an optimization technique. Back-

propagation has two distinct properties: 

 It is simple to compare locally i.e.; the back-

propagation algorithm is an example of a 

connectionist paradigm that relies on local 

computations to discover the information, processing 

capabilities of NNs. This form of computational 

restriction is referred to as the locality constraint, in 

the sense that the computation performed by a 

neuron is influenced solely by those neurons that are 
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in physical contact with it. 

 It performs stochastic gradient descent in weight 

space, for pattern-by-pattern updating of synaptic 

weight. 

 These two properties of back-propagation 

learning in the context of a MLP are indeed 

responsible for all its advantages and disadvantages. 

Basically, the EBP process consists of two paths 

through the different layers of the network: a forward 

path and backward path (Beale, et al., 2010; Hunter, 

David, 2012). 

  

2.1 EBP Forward Path: 

 In a BNN, a randomized set of weights on the 

interconnections is used to present the first pattern to 

the network. The input layer receives the pattern and 

passes it along to each neuron in the hidden layer. 

Each neuron computes an output signal in the 

following way: 

 The summed output is determined by 

multiplying each input signal times the random 

weight on that interconnection as below: 

Ij= (∑Wij Xi + θi) ϑ0                                                                            (1) 

 Where Ij is the summed output, Xi is the input to 

node j from node i, Wij is the weight from node i to 

node j, θi is the steepness and ϑ0 is the threshold. 

 This transformed input signal becomes the total 

activation of the middle or hidden layer neurons with 

an activation function ( sigmoid and tansh are used), 

which in turn is used as their output to be forward 

propagated till the output layer. 

 

2.2 EBP Backward Path: 

 The computed output from the forward 

activation is compared to the desired output values. 

Their difference (error) becomes the basis for 

modifying the weights; it usually takes several 

iterations to match the output-desired values. This 

can be done as follows: 

 Calculating the error gradient (λ) for each neuron 

on the output layer using λ k =dk-k where λ k is the 

actual output of node k and dk desired output of node 

k. 

 The error gradient then is determined for the 

hidden layer by calculating the weighted sum of error 

at the previous layer. 

 Thus the errors are propagated backward by one 

layer. The same procedure is applied recursively 

until the input layer is reached. The process of back 

propagating the error is known as backward error 

flow in which weights are updated using the 

generalized delta rule as below:  

)).1()(()()1(  tWtWXitWtW ijijjijij 
     

(2)    

 Where λ is the learning rate with the range 0< λ 

>1 j: an error from node j, : Momentum term with 

the range of 0<>1. 

 Thus, the back-propagation is a gradient descent 

algorithm that tries to minimize the average squared 

error of the network by moving down the gradient of 

the error curve.  A stopping criterion is always used 

to denote the acceptable convergence that is to 

minimize the total error described by: 

 EpEtotal
            (3) 

 Where Ep is the overall pattern error which is 

calculated by 0.5(dk - Yk)
2
  

 It is noticeable that an NN derives its computing 

power through, first, its massively parallel distributed 

structure and, second, its ability to learn and 

therefore, generalize. These two information 

processing capabilities make it possible for NNs to 

solve complex (large-scale) problems that are 

currently intractable. The use of NN offers the 

following main useful properties such as 

Nonlinearity, Generalization, Adaptivity, Fault 

tolerance.( Simon Hay Kin, 1994; Hawley, R., 1978; 

Hunt, K.J., 1992; Grossbery, S., 1988 Hush, D.R. 

and B.G. Home, 1993), while MLP main limitations 

are: - choosing the network size and complexity of 

learning. 

 

III. Radial Basis Function Neural Network: 

 The design of a supervised NN may be pursued 

in a variety of different ways. The EBP algorithm for 

the design of a MLP (under supervision) is as 

described in the previous section and the RBF 

network. RBF NN in its most basic form involves 

three entirely different layers. The input layer, which 

is the first layer, is made up of source nodes. The 

hidden layer, that gives a high enough dimension, 

which serves a different purpose from that in a MLP. 

And the output layer which supplies the response of 

the network. The transformation from the input space 

to the hidden unit space is nonlinear, whereas the 

transformation from the hidden unit to the output 

space is linear. 

 The activation function of the individual hidden 

units is the Green’s function G defined by: 

G(X, C
i

) =e

X Ci

a












| | | |

( )

2

            (4) 

          Where X is the input value received from the 

input layer, Ci is the i
th

 center of the input data, ||. || is 

the Euclidean norm, and (a)  is the value  that 

governs the spread of the input pattern. 

 The output layer consists of linear units being 

fully connected to the hidden units with an output 

calculated by: 
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 Where m is the number of output nodes; and W 

bias (m) is the the weight of a unity bias input to each 

m. 

 Constructing  the Green’s function matrix 

G(j×k) with j equal to the data point in training 

pattern and k equal to the number of data centers plus 

the bias value.  
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For G( j x k) to be non-square matrix, W k m  are 

calculated by: 

W G jxk G jxk G jxk d mk m

T T

j [ ( ). ( )] . ( ). ( )1           (7)              

Where, d mj( ) = desired vector of j elements related 

to output node m. 

 

IV. Simulation Results: 

 A common fuzzifier learning example is done to 

test the capabilities of EBP and RBF NNs. The given 

data is as illustrated in table1, which shows a crisp 

input data described with a universe of discourse 

from -10 to +10 while the output values are the fuzzy 

memberships mapped into seven fuzzy sets from 

Negative Big (NB) to Positive Big (PB) with seven 

centers C1 to C7. This table will be fed to EBP NN 

with one-node linear input layer, seven-node linear 

output layer, and with non-linear ten-node hidden 

layer (trial and error node set) as shown in Fig.1 

while the related RBF NN is shown as in Fig.2 with 

one-node linear input layer, seven-node output layer, 

and eight-node non-linear hidden layer ( seven + 

bias). The learning phase in EBP takes 450 iterations 

while in RBF takes one iteration on the expense of 

accuracy as shown in Fig.3 below. Thus the 

conclusion will be pointed out as EBP is better than 

RBF in learning and will be recommended in the rest 

simulation cases of study throughout this research.  

 

 
Table 1: Seven fuzzy sets fuzzifier. 

C7 

10 

C6 

6 

C5 

4 
C4  0 

C3 

- 4 

C2 

- 6 

C1 

-10 
 

PB PM PS Z NS NM NB interval 

0 0 0 0 0 .2 1 ≤ -10 

0 0 0 0 0 .4 .8 -9 

0 0 0 0 .2 .6 .6 -8 

0 0 0 0 .4 .8 .4 -7 

0 0 0 0 .6 1 .2 -6 

0 0 0 0 .8 .8 0 -5 

0 0 0 .2 1 .6 0 -4 

0 0 0 .4 .8 .4 0 -3 

0 0 0 .6 .6 .2 0 -2 

0 0 0 .8 .4 0 0 -1 

0 0 .2 1 .2 0 0 0 

0 0 .4 .8 0 0 0 1 

0 .2 .6 .6 0 0 0 2 

0 .4 .8 .4 0 0 0 3 

0 .6 1 .2 0 0 0 4 

0 .8 .8 0 0 0 0 5 

.2 1 .6 0 0 0 0 6 

.4 .8 .4 0 0 0 0 7 

.6 .6 .2 0 0 0 0 8 

.8 .4 0 0 0 0 0 9 

1 .2 0 0 0 0 0 ≤ 10 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1: EBP topology for the given fuzzifier. 

 

 

 

 

 

 

 

 

Fig. 2: RBF topology for the given fuzzifier. 
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Fig. 3: The learning result shows EBP is very closest to the input data. 

 

 This section concerns with a simulation study of 

the EBP algorithm from different points of view. The 

following different examples are going to be 

considered as case studies: 

 

A. XQR logic gate: 

 In many computations such as the XOR relation 

or the more general parity computation, a small 

change in the input pattern may cause a drastic 

change in the desired output pattern. In these 

instances the need arises to multiple-layered 

networks with hidden units (William, P., 1987). 

Through hidden units, the system can represent 

abstractions that it cannot directly encode from the 

environment via input nodes.  

 Many parameters must be set to optimize the 

effectiveness of the EBP algorithm. Some of these 

parameters is related to the construction of the NN 

itself, like the number of hidden layers, the number 

of nodes in each hidden layer and the nature of the 

node nonlinearity that is used in the hidden layer 

(sigmoid or tansh). Other parameters are related to 

the generalized delta rule like learning rate, 

momentum term and the set of initial weights. For 

this reason that a thorough study will take place for 

each parameter based on the well tolerance of 

(0.001).  

 

 Output layer activation function:  

 The effect of the output node activation function 

is represented in the following table: 

 
Table 2: Effect of the output node activation function. 

Output layer activation function Number of iterations for convergence 

Linear 261 

Nonlinear (tansh) 439 

 

 According to table 2, the following conclusion 

can be made: Choosing linear output layer is better 

than that of sigmoid, since small number of iterations 

has been obtained. 

 

 Effect of the initial weights: 

 Table 3 shows two attempts for randomly 

generated initial set of weights as follows: 

Table 3: Effect of the initial weights. 

Initial Weights Number of iterations for convergence 

First set 439 

Second set 406 

 

 From table3 it can be concluded that the initial 

weights have an important role on learning but 

unfortunately, it is hard to estimate the suitable initial 

weights set. 

 

  Nature of the nonlinear activation functions in 

the hidden layer: 

 The activation functions tansh and sigmoid 

represent the node nonlinearity in hidden layer and 

table 4 classifies the specifications of each of them. 

 
Table 4: Effect of activation function in the hidden layer. 

Nature of  hidden layer activation function Number of iterations for convergence 

tansh 439 

sigmoid 7422 

 

 Table4 represents clearly that the MLP trained 

with the EBP algorithm may, in general, learn faster 

(in terms of the number of training iterations) when 

the activation function built into the neuron model of 

the network is a symmetric (tansh) than that non 

symmetric (sigmoid). 

 

 Effect of the learning rate: 

 In table 5 more than one value for the learning 

rate will be taken as follows: 

 Table 5 shows that a smaller learning rate 

parameter results in slower convergence and can 

locate "deeper" local minima in the error surface than 

a higher learning rate. This finding is intuitively 

satisfying, since a smaller learning rate implies that 

the search for a minimum should cover more of the 

error surface than would be the case for a large 

learning rate but on the expense of large number of 
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iterations for convergence as in Fig.4. 
 

 Changing the momentum term: 

 Table 6 represents the effect of varying the value 

of momentum term. 

Table 5: Effect of the learning rate. 

Learning rate Number of iterations for convergence 

1 No convergence till 11500 iterations 

0.5 74 

0.1 439 

0.01 5599 

0.001 47372 

 

 
 

Fig. 4: Relationship between learning rate and iterations. 

 

Table 6: Effect of the momentum term. 
Momentum term Number of iterations for convergence 

0.5 259 

0.1 439 

 

 For learning rate η =0.1, the effect of the 

momentum term (α) reflects the smooth speed of 

convergence as it implies in the generalized delta-

rule formula. 

 

 Increasing the nodes of hidden layer:  

 More than one choice for the number of nodes in 

hidden layer will be taken as in table 6. 

Table 6: Effect of hidden layer nodes. 

Number of hidden nodes Number of iterations for convergence 

3 439 

7 406 

10 442 

 

 It is shown that the nodes of hidden layer should 

be neither very small nor very large; a mid number is 

required. 

 

B.  Alphabetic characters Problem: 

 In this problem the input pattern and the desired 

outputs may be any alphabetic characters, any word 

(group of alphabetic characters), numbers or any 

other character that can be resulted by the ASCII 

code of the computer (Jian-Sun, 2003). 

 The MLP has been used with 8-node input layer, 

10-node hidden layer and 8 -node output layer with 

EBP algorithm for learning different input patterns. 

The EBP algorithm parameters for all different input 

patterns are, learning rate = 0.1, momentum term = 

0.1, error tolerance = 0.001, tansh nonlinearity for 

hidden layer nodes, steepness = 1 and linear output 

layer. 

 The input pattern is the three characters which 

represents the word (ALI). For a better description of 

the results representation for learning, the stage is 

divided into four steps based on the number of 

iterations as shown in Fig. 5a , 5b, and 5c for the first 

60, 100, and 270 iterations, while learning till 

iteration (1378) with the result shown in Fig.5d 

respectively. The announcement of an excellent 

convergence has been declared with an error 

tolerance of (0.0001). 

 

IV. Conclusion: 

 At first the MLP was compared to RBF, where 

MLP showed higher performance in learning than 

RBF. Secondly, the MLP was chosen for the rest of 

the simulation study where the study was concerned 

to examine the different effecting parameters of the 

EBP algorithm that is used to train the NN in MLP. 

The simulation tested the EBR algorithm in two main 

case studies, the XOR Logic Gate and the Alphabetic 

Characters Recognition problem in many different 

parameter lists.  

 The simulation results show what are the best 

parameters and models to use within the EBR 

algorithm to get better performance.  Results show 

that the linear output layer for the activation function 

performs better than choosing the sigmoid function 

as it results in lower iterations. It can be also 
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concluded that the mid number of the nodes in the 

hidden layer gives a quick convergence compared 

with those small and large numbers. Furthermore, 

small learning rate arises to an acceptable 

performance and convergence but on the expense of 

large number of iterations. And finally, it can be 

noticed from the study that, tansh nonlinearity is 

better than that of sigmoid since being symmetric. 

 

 
Fig. 5: Learning stages of the word ALI. 
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