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Voice Activity Detection Based on Mel Frequency Cepstrum
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Abstract : Voice Activity Detection ( VAD) in low SNR environment is of great significance in speech recognition and
communication. At present, VAD in low SNR environment still has problems of low efficiency and low recognition rate.
Based on the analysis of the application of Mel Frequency Cepstrum Coefficient( MFCC) and short-time energy in VAD,
this paper proposes a speech endpoint detection method that adds the three-dimensional components before MFCC
(MFCCa) and divides them with shori-time energy ( Mel Energy Ratio) as the speech feature parameter. Finally, fuzzy
C-means clustering algorithm is used to determine the thresholds of double threshold method for VAD adaptively.
50 speech signals in TIMIT speech database are selected for experiments. The results show that in the noise environment
with SNR of 5 dB,0 dB and -5 dB,the accuracy of the algorithm is improved compared with the algorithms of energy
zero ratio and spectral entropy, especially when the SNR is =5 dB,the accuracy is improved by about 30%.
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Table 1 Comparison of VAD

o s Py F16 W7
Bk
-5dB 0 dB 5 dB -5dB 0dB 5 dB -5dB 0 dB 5dB
MFCC 0.624 0.777 0.840 0.338 0.520 0.821 K 0.218 0.614
EZR 0.569 0.835 0.860 0.340 0.800 0.838 0.516 0.627 0.817
SE 0.633 0.746 0.919 0.568 0.721 0.797 0.516 0.673 0.741
MFRE 0.904 0.891 0.904 0.865 0.871 0.888 0.857 0.867 0.873
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