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Verification and Estimation of a Posterior Probability and Probability
Density Function Using Vector Quantization and Neural Network

GRS KET - ETXHT
(Hee-Seok Koh - Hyun-Duck Kim + Kwang-Seok Lee)

Abstract — In this paper, we proposed an estimation method of a posterior probability and PDF(probability density
function) using a feed forward neural network and codebooks of VQ(vector quantization). In this study , We estimates a
posterior probability and probability density function , which compose a new parameter with well-knowen Mel cepstrum and
verificate the performance for the five vowels taking from syllables by NN(neural network) and PNN(probabilstic neural

network). In case of new parameter, showed the best result by probabilistic neural network and recognition rates are average

83.02%
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