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On the Interpolation Using Neural Network

Yong Ho Moon*, Yoo Shin Kim*, Kyung Sik Son* Regular Members

2 ¢

2 =fdMe AAY2 TS o] &8td g4 YAHS 9 g g AP AR AR 2ge T2E
JlayerZ A EEo)1 T G EL 2495 Jh et Adsdng ol Yitsle g+ sin(7 X),
3rd order polynomial ¥ Alztstolct, WAHE & 9] 3 #41 F 2 xHroot mean squared errors)+ zt
2} 0.00258, 0.00164 = 0.00116°]c},

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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