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ABSTRACT 

 
The solution of initial value problems has been solved 
approximately by a non-iterative Radial Basis Function Networks. 
In this paper there are N training data ��� , ������

�   available. Let the 
initial network have one basis term and K=N number of Radial 
Basis Function (RBF) nodes. The information matrix P generated 

will therefore be of size �����	�
 .The desired vector is YЄRN. 
Each column vector P is denoted by Pj

(l), 0 ≤ j ≤ k. The subscript j 
indicates the column index and the superscript (l) indicates the 
number of columns selected. The response vector of the jth RBF 
node is Pj

(0)=[Ф(xi / λj),……. Ф(xN/ λi]
T Є RN . The method used 

here is a Gaussian function. The construction requires imposing 
certain constraints on the values of the input, bias, and output 
weights, and the attribution of certain roles to each of these 
parameters. This paper shows that it is possible to constructs 
Radial Basis Function Networks with Lagrange interpolation 
which gives a curve for the solution of a first order initial value 
problem. Here in this work the result so obtain is not smooth as 
the result of other networks. It is also observed the solution of the 
initial value problem is more accurate in the close neighborhood 
of the initial value. 
 

1.  INTRODUCTION  
 
 The term Artificial Neural Network 
(ANN) refers to any of a number of 

information processing systems those are 
more or less biologically inspired. Generally 
speaking, they take the form of directed-
graph type structures whose nodes perform 
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simple mathematical operations on the data 
to be processed as mentioned in the Freeman 
and Skapora1. Information is represented 
within them by means of the numerical 
weights associated with the links between 
nodes called neurons. The mathematical 
operation performed by these neurons the 
manner of their connectivity to other 
neurons, and the flow of information 
through the structure is patterned after the 
general structure of biological nervous 
systems. Much of the terminology associated 
with these systems is also biologically 
inspired; thus, networks are commonly said 
to be “trained,” not programmed, and to 
“learn” rather than model. 
 
  The approach of this paper is 
markedly different from the previously cited 
works. Our efforts concentrate on 
developing a general, numerically efficient, 
noniterative method in which the Radial 
Basis Function Networks (RBFN) 
architecture can be used to model accurately 
the solution to algebraic and differential 
equations, using only the equation of interest 
and the boundary and/or initial conditions. A 
Radial Basis Function Networks constructed 
by this nonitereative method would be 
indistinguishable from those trained using 
conventional techniques. 
 

The nonitereative approach should 
also be of interest to the connectionist 
community, since the approach may be used 
as a relatively straight forward method to 
study the influence of the various parameters 
governing the RBFN. When taken from the 
viewpoint of network learning, applying and 
RBFN to the solution of a differential 
equation can effectively uncouple the 
influences of the quality of data samples, 

network architecture, and transfer functions 
on the network approximation performance.  

 

  The development of the noniterative 
approach to the determination of the RBFN  
weights can be likened to the development 
of a new numerical technique. When 
evaluating the capabilities of a new 
numerical method for science and 
engineering, it is prudent to apply it first to 
the solution of simple equations of practical 
interest and known behavior. This same 
approach will be used in our evaluation of 
the noniteractive method for RBFN. A 
Radial Basis Network using a single input 
and a single output neuron with a single 
hidden layer of processing elements utilizing 
the Gaussian function is constructed to 
accurately approximate the solution to a first 
order linear ordinary differential equation.  
 
2. METHOD 
 
  Artificial Neural Network (ANN) is 
modeling to carryout certain physical 
problems. It has been applied in many 
different applications like forecasting, 
optimizing etc. Usually this model has a 
layer of input neurons, one or more hidden 
layers called the processing neurons and a 
layer having one or more output neurons. In 
general a  Radial Basis Function Networks 
by Moody and Darken2  is a two-layer 
network (see Figure 1.) whose output units 
form a linear combination of the basis 
(kernel) functions computed by the hidden 
units. The basis functions in the hidden layer 
produce a localized response to the input. 
That is, each hidden unit has a localized 
receptive field. The basis function can be 
viewed as the activation function in the 
hidden layer. 
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Figure 1. Radial Basis Function Network. 
 
 

A.J. Meade, Jr. et al.3 have studied the solution of  linear ordinary differential equation by 
Feed Forward Neural Networks. Here in this paper we have presented the solution of linear 
initial values problem by Radial Basis Function Networks. This network is given below. 
 
 
  Output Layer 
 
 

     Oj                                                                         Hidden Layer 
 
 
 
 
 
 

Figure 2. The Radial Basis Function Network with single input and single output. 
 

Usually the neurons of the hidden 
layer in Radial Basis Function Networks are 
as follows 

 

�� � exp�� 	
 � ���. �
 � ���/2 ����   �1� 
   

Where X is the input vector, Wj is 
the weight vector associated with hidden 

unit j (i.e., the center of its Gaussian 
function), and σ2 is the normalization factor. 
where 
 

��� �  �
�
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  Where X is a training pattern in the 
cluster, Wj is the center of the cluster 
associated with hidden unit j, and M is the 
number of training instances in that cluster.  

In this work a first order differential 
equation                                                                                                                
 
 ��
�� � � �  0, �� � � 0, � � 1                     �3� 

 
is considered with a single neurons in the 
input layer and a single neurons in the output 
layer with four processing neurons in the 
hidden layer . For RBF the jth processing unit 
is represented by equation (1).  
 
  As suggested by A.J. Meale, Jr. Etal 
the weight connecting the input neurons and 
the Neurons of the hidden layer are chosen 
by the property by the initial value problem 
given in equation (3). Similarly the weights 
connection from the processing units to the 
output neurons are determined by the nature 
of the initial value problem. 
 

Hence, now  
 

�� �  � ��� ��                                              �4� 

 
 
  Since, we have one output neuron 
j=1 that is � �  ∑ ���

�
��� �� . the input 

neurons is given the value X=0 and the 
output neurons H is supposed to give the 
value 1 which is our target by  equation(3) 
.But for these different weights connecting 
the input neuron to the hidden layer neurons 
and that connecting the processing neurons 
to the output neurons are updated in each 
iteration because the output is not be equal 
to the required target. Here the weight Wj 

are adjusted by k-means clustering 
algorithms as subjected by Duda and Hert4 
and the other set of weights Wji connecting 
the hidden layer to the output neurons are 
adjusted according to the following rules 
given by Fu LiMin5. 
 
In the output layer: 
 
1. Adjust weights by 

 
 
����� ! 1� �  ������ ! ∆��� 

 

 Where Wji(t) is the weight from unit 
i to unit j at time t (Or the tth iteration) 
and  ∆��� is the weight adjustment. 
 
2. The weight change is computed by   
 

∆��� �  #$��� 
 

Where η is a trail-independent 
learning rate and  $� is the error at unit j.                       
$� �  %� � �� 
 

Where Tj is the desired (target) 
output activation and Oj is the actual output 
activation at  jth unit.  
 
3. Repeat iterations until convergence. 
 
3. CONCLUSION 
 
  The efficiency of this Radial Basis 
Function Networks for solving the initials 
value problem (3) is depicted through the 
following table and figure 3.. We have 
consider different point at x=0, .1, .2, .3, .4, 
.5. 
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X YRBFN YEXACT Error 
0 1 1.0075 -0.0075 
.1 1.10517 1.06546 0.03971 

.2 1.22140 1.15189 0.06951 

.3 1.34985 1.27696 0.07289 

.4 1.49182 1.42830 0.06352 

.5 1.64872 1.44688 0.20184 
 

Table 

 

 
Figure 3. 

 
It is observed from the table the 

solution through RBF network is more 
accurate in the close interval of the initial 
value and comparatively less accurate 
afterwards.  
  The physical scientific engineering 
problems which are converted into initial 
values problem for its analysis the solution 
is more essential in the close interval of the 

initial value problem than in the far 
neighborhood.  
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