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Speaker Identification
Based on Vowel Classification and Vector Quantization
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ABSTRACT

In this paper, we propose a text-independent speaker identification algorithm based on VQ{vector quantization) and
vowel classification, and its performance is studied and compared with that of a conventional speaker identification
algorithm using VQ. The proposed speaker identification algorithm is composed of three processes: vowel segmentation,
vowel recognition and average distortion calculation. The vowel segmentation is performed automatically using RMS
energy, BTR(Bacit—to—Tota.l cavity volume Ratio)and SFBR(Signed Front-to-Back maximum area Ratio) extracted
from input speech signal.

If the input speech signal is noisy, particularily when the SNR is around 20dB, the proposed speaker identification
algorithm performs better than the reference speaker identification algorithm when the correct vowel segmentation is
done. The same result is obtained when we use the noisy telephone speech signal as an input, too,
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