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Artificial neural network has been generally used as an artificial intelligence too in various scientific
and engineering fields. Especially,back propagation learning algorithm is widely used in learning ,
recognitions. However, it has only one drawback; that is to say, it is time—consuming in learning
process. In order to conquer this drawback of time—consuming in calculation, a lot of improvement
have been proposed.

In this paper, we investigate the Effect of Weight Initialization in Neural Networks.



