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An Efficient Voice Activity Detection Method using Bi-Level HMM
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ABSTRACT

We presented a method for Vad(Voice Activity Detection) using Bi-level HMM. Conventional methods need to do an additional
post processing or set rule-based delayed frames. To cope with the problem, we applied to VAD a Bi-level HMM that has an
inserted state layer into a typical HMM. And we used posterior ratio of voice states to detect voice period. Considering MFCCs(:
Mel-Frequency Cepstral Coefficients) as observation vectors, we performed some experiments with voice data of different SNRs and
achieved satisfactory results compared with well-known methods.
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