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A Study on Single Vowels Recognition using
VQ and Multi-layer Perceptron
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ABSTRACT

This paper is a study for speaker-independent recognition of single vowels, and we propose a method of speech
recognition using VQ(vector quantization) and MLP{muiti-layer perceptron). This method makes a VQ codebook,
obtains the observation sequence using VQ codebook, calculates the probability value by comparison between each
codeword and the data, and then uses these probability values as the input value of the neural network.

Korean signle vowels are selected for recognition experiment, and this recognition experiment, which is performed
by ten times utterances of eight single vowels pronounced by ten male speakers, is compared with the recogntion
experiment by VQ /HMM (hidden Markov model} to investigate the efficiency of the system. According to the ex-
perimental result, it is shown that recognition rate of speech recognition by VQ and MLP s better than that of
VQ /HMM hbecause of its excellent learning ability in spite of its simplicity.
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