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Abstract

In this paper. we proposed MLP(Multil.ayer Perceptron) hased HMM's(Hidden Markov
Models}) with  bounded state duration for isolated word recognition. The minimum
and maximum state duration for each state of a HMM are estimated during the training
phase and wused as parameters of constraining state transition in a recognition phase.
The procedure for estimating these parameters and the recognition algorithm using the
proposed HMM's are also described. Speaker independent isolated word recognition
experiments using a vocabulary of 10 city names and 11 digits indicate that recognition rate
can be improved by adjusting the minimum state durations.
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