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Discriminative Weight Training for a Statistical Model-Based
Voice Activity Detection
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In this paper. we apply a discriminative weight training to a statistical model-based wvoice activity
detection (VAD). In our approach, the VAD decision rule is expressed as the geometric mean of optimally
weighted likelihood ratios (LRs) based on a minimum classification error (MCIE) method which is different
from the previous works in that different weights are assigned to each frequency bin which is considered
more realistic. According to the experimental results, the proposcd approach is found to be effective for the
statistical model-based VAD using the LR test.
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Fig. 1. ROC curves for street noise (SNR = 5 dB)
(a) speech (b) voiced sound {c} unvoiced sound.
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Fig. 2. ROC curves for car noise (SNR = 5 dB)
(a) speech (b) voiced sound (c) unvoiced sound.

1

o
o

z no weight
z § — ~ —weight
: 3 —
3 3 :
- ; 03 g 05 B
3 t i
E g i
gos IR N I Y| SERSSP RENTITC oA VOV
3 2|
2 2 !
H g
H
07 : : 07 ; : 05 :
[} 0.1 0.2 0.3 0 0.1 02 03 [ 0.1 02 03
false-alarm probability fals larm px ility fall I i

23 3. Street IS 15 dB SNRUIAMS ROC =M
Fig. 3. ROC curves for street noise (SNR = 15 dB)
(a) speech {b) voiced sound (c) unvoiced sound.
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Fig. 4. ROC curves for car moise {SNR = 15 dB)
(a) speech (b) voiced sound (¢} unvoiced sound.
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