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A Study on Digit Recognition System Based on Similarity of Output
Distribution from Multiple DHMMs

Gang —Ju You*, Ok —Keun Shin**

Abstrat

We choose, in general DHMM(Discrete Hidden Markov Model) speech recognition method,
as the recognized word, the index of the word modelwhose output probability is maximum
among those of all the words in the vocabulary. In this case, the decisions are made by
comparing the similarities of the input feature vector with respect to those of reference
features, which might result in the misrecognition when there exists more than two reference
features similar to each other.

In this paper, we propose a method of comparing, for a given utterance, the distribution of
the output probabilities from all the word models. In fact, we adopt four DHMMs whose
feature vectors are LPC, CEP, Weighted CEP and MEL, and linearly combine all the output
distributions of these four DHMMs. This method is based on the assumption that every word
has a unique output probability distribution for a given DHMM with a specific feature vector,
and that the output probability distribution is not the same for DHMMs employing different
feature vectors. We need two training data sets : the first for DHMM training, andthe second
for the generation of reference distribution pattern. To test the effectiveness of the proposed
method, the four DHMMs and a vocabulary consisting of 13 isolated digits are generated, and
the reference distribution pattern corresponding to the four feature vectors of each word is

estimated. Experimental result shows an improvement of recognition rate by 6.3%.
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