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Abstract

In this paper we have proposed a new method to implement the interpolation of the functions,
using a neural network, The architecture of neural network is a three-layer perceptron and the
training algorithm is a modified error back propagation algorithm adding neurons to hidden layer.
The interpolated functions are sin(7 X), 3rd order polynomial 0.5 X3—2 X2+ X +2.5 and rectangu-
lar pulse 0.99 U (X~0.2) —0.99 U(X~0.8) +0.01, where U(X) is the unit step. The root mean
squred errors of the interpolated functions are 0.00258, 0.00164 and 0.00116 respectively,
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