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Fig. 1 The proposed DNN-based voice activity de-
tection (VAD) system using auxiliary speech mod-

els.
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Table 1 Setup for the VAD system.

Sampling frequency 16 kHz
Window length 25 ms
Window shift 10 ms
Features 0-22th fbanks
Splice 9 frames
# NMF bases 50
# DNN output nodes 2
# DNN nodes per layer 1,000 nodes
DNN layer size 3 layers
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Fig. 2 Waveforms recorded by cross-talking and

distant microphones in a highly noisy environment.
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Table 2 Average frame-level VAD accuracy [%)].
The performance of MLP was compared with that
of the conventional Sohn’s method. MLP used fil-

terbank features with NMF activations.

‘ ea c-a ia
Sohn 52.08 63.34 63.23
Sohn (w MMSE-STSA) 62.25 60.81 65.06
MLP baseline 77.76  86.03 91.62
+ speech activation 79.37 87.92 92.70

+ speech & noise activation | 79.38 87.79 92.64

Table 3 Average frame-level VAD accuracy [%)].
MLP used filterbank features with clean speech
acoustic model (GMM/DNN) outputs.

‘ e.a c.a i_a
MLP baseline 7776 86.03 91.62
+ speech GMM | 80.23 88.33 92.94

+ speech DNN | 81.70 90.14 94.28
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Fig. 3 Log likelihood ratio of Sohn’s method, log A,
and the speech posterior probability of the proposed
method.

Table 4 Average frame-level VAD accuracy [%]

with smoothing.

e_a c.a ia

Sohn 52.14 63.66 63.46

MLP baseline 80.91 89.02 94.03

+ speech activation 81.90 89.93 94.02

+ speech & noise activation | 82.13 90.25 94.39

+ speech GMM 82.25 88.33 92.94

+ speech DNN 82.68 91.19 94.91
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Table 5 Word accuracy [%] of automatic speech

recognition for the detected speech.

e.a c.a ia

Sohn 18.37 40.79 44.70

MLP baseline 69.33 78.30 87.25

+ speech activation 72.70 78.87 87.37

+ speech & noise activation | 73.00 79.15 87.06

+ speech GMM 73.75 80.57 88.35

+ speech NN 72.70 80.28 89.03
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