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ABSTRACT

In this paper, a Korean word recognition method which usese Neural Network and Hidden
Markov Models(HMM) is proposed to improve a recognition rate with a small amount of learning
data. The method reduces the fluctuation due to personal differences which is a problem to a
HMM recognition system,

In this method, effective recognizer is designed by the complement of each recognition result of
the Hidden Markov Models(HMM) and Neural Network. In order to evaluate this model, word
recognition experiment is carried out for 28 cities which is DDD area names uttered by two male
and a female in twenties. As a result of testing HMM with 8 state, codeword is 64, the recognition
rate 91[%], as a result of testing Neural network (NN) with 64 codeword the recognition rate is 89
[%]. Finally, as a result of testing NN-HMM with 64 codeword which the best condition in former
tests, the recognition rate is 95[%].
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Fig. 1. A schematic depiction of a semilinear feedfor-
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Fig. 2. Block diagram of an isolated word recognizer
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Fig. 3. System Error of the Neural Network.
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