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ABSTRACT

In this paper, the hybrid system of HMM and
neural network is proposed and show better
recognition rate of the post-process procedure
which  minimizes the process error of
recognition than that of HMM(Hidden Markov

Model) only used. After the HMM training by
training data, testing data that are not taken

part in the training are sent to HMM. The
output probability from HMM output by testing
data is used for the training data of the neural
network, post processor. After neural network
training, the hybrid system is completed. This
hybrid system makes the recognition rate
improvement of about 4.5% in MLP and about
2% in RBFN and gives the solution to traning
time of conventional hybrid system and to
decrease of the recognition rate due to the lack
of training data in real-time speech recognition
system.
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