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Abstract

A feed forward neural network has been used for the pattern classification, It has the capability of representing a
desired input-output mapping through the training of a given set of teaching patterns, The neural network can ap-
proximate a posteriori probability through Baye’s theorem, by training it with binary vectors as target patterns cor-
responding to the categroies of input patterns,

And Also, the network, trained with target vectors made from ratios among numbers of training data in a partial
input space, can represent the probability density function of input data.

In this study, An estimation method of a posteriori probability and probability density function is proposed by
making use of a feed forward neural network utilized back propagation and that of condebook. And the vowel recog-
nition was performed by PNN, which does not need training, using a posteriori probability and probability density
function by VQ. In the vowel recognition, the average recognition rate of PNN compared with that of a 3 layer feed
forward neural network using back propagation algorithm and that of vector quantization each other.

Finally, it was found that VQ-PNN was the hightest recognition rate among them,
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