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Thai Vowel Recognition Using an Adaptive Filter
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Abstract

This paper presents the development of a Thai vowel
recognition system using Mel-Frequency Cepstral Coefficients
(MFCC), an Adaptive Filter, and the One-vs-All classification
method. The system was tested on a dataset of 18 Thai
monophthong vowels (9 short and 9 long). Features were
extracted using MFCCs along with their delta (velocity) and
delta-delta (acceleration) counterparts. For each vowel, a
statistical Gaussian Model was created using Maximum
Likelihood Estimation to serve as an adaptive filter. The
performance evaluation with test data showed an overall
accuracy of 95.119%, demonstrating the effectiveness of the

proposed method for Thai vowel classification.

Keywords: Speech Recognition, Thai Vowels, Mel-Frequency
Cepstral Coefficients, Adaptive Filter
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