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Vocabulary Recognition Performance Improvement using a
convergence of Bayesian Method for Parameter Estimation and
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Abstract The Vocabulary Recognition System made by recognizing the standard vocabulary is seen as a
decline of recognition when out of the standard or similar words. In this case, reconstructing the system in
order to add or extend a range of vocabulary is a way to solve the problem. This paper propose configured
Bhattacharyya algorithm standing by speech recognition learning model using the Bayesian methods which
reflect parameter estimation upon the model configuration scalability. It is recognized corrected standard model
based on a characteristic of the phoneme using the Bayesian methods for parameter estimation of the
phoneme's data and Bhattacharyya algorithm for a similar model. By Bhattacharyya algorithm to configure
recognition model evaluates a recognition performance. The result of applying the proposed method is showed a
recognition rate of 97.3% and a learning curve of 1.2 seconds.
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[Fig. 1] Hidden Markov Model
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[Fig. 2] Bayesian Method Model
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(Table 1) Non—Noise Environment Recognition
Rate
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(Table 2) Noise Environment Recognition Rate

Euclidean DTW Proposed Method
. Recognition Recognition Recognition
Speech — - p—
Rate Time Rate Time Rate Time
(%) (sec) (%) (sec) (%) (sec)
Speech 83.1 1.8 84.2 1.6 86.8 15
De- 84.1 1.7 85.1 1.7 87.3 16

pendent | 839 1.6 846 16 874 15
Speech 83.2 1.9 84.1 19 85.2 17

Inde- 83.1 2.0 843 18 85.7 16
pendent | 83.2 2.1 84.2 1.9 85.8 1.7
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