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Abstract In low Signal-to-Noise Ratio (SNR) scenarios, voice activity detection is impeded by background noise that
disrupts signal characteristics, leading to the risks of false and missed detections. Existing solutions are prone to interference,
have limited accuracy, and lack robustness. To tackle these challenges, an enhanced version of the voice activity detection
Model (STAM) has been developed, named the Inception-ResNet STAM (IR-STAM). The algorithm facilitates more
profound feature extraction from audio signals by substituting traditional Log-Mel features with Audio Fingerprint (AFP)
features. The convolution method within the frequency attention module is enhanced through the use of depthwise separable
convolution, significantly reducing the model’s parameter count. Furthermore, the integration of an Inception-ResNet
module bolsters the model’s capacity to detect and analyze features across various scales. The experimental results show
that on the TIMIT test set, IR-STAM has reduced the model’s parameter count by 150 k compared to STAM and has
achieved an increase of more than 0.5 in the F1 score across various Signal-to-Noise Ratio conditions.

Keywords low signal to noise ratio; Inception-ResNet; audio fingerprinting features; voice activity detection
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Fig. 6 Comparison of voice activity detection effects between STAM (right) and the presented model (left)



553 1)

SO, AF ST GIE STAM A 35 0 AU T 532 391

26 SERERAMEEXTLE

J T TR TR A AT S5 RIS L T rVAD™
DCU-10™" | ACAM" " 45 25 iy i R A 280 . )
IREEAE L SRR 7 s .

T AETIMITINIALE 18 F1 50500 DCF X L
Tab.7 Comparison of F1-Score and DCF on TIMIT test set SNR

AM- IR-
SNR  Metric rVAD DCU-10 ACAM STAM
cIRM  STAM
sdB F1 79.5 86.4 85.9 97.7 98.0 98.6
DCF 8.3 7.8 6.2 1.5 1.0 0.6
0dB F1 86.0 89.8 90.7 98.0 98.5 99.0
DCF 5.8 5.7 3.7 1.3 0.7 0.4
SdB F1 924 92.3 954 98.3 98.9 99.0
DCF 3.9 4.0 2.6 1.2 0.5 0.5
94.0 94.2 96.0 98.4 98.9 99.1
10 dB

3.4 2.8 2.3 1.1 0.5 0.4
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Tab. 8 Comparison of parameters and average running time

IR-
izl 'VAD DCU-10 ACAM STAM

cIRM  STAM
S8 NA 2808K 957K 559K 3613K 409K

BITHE (ms) 86 251 1263 132 269 240

3 4hiE

ARSCER X STAM A7 AE S i R M AR A TR)

P2 T IR-STAM 155 Sty s AN 3503 500k 1 S Xt
JE IR A5 JE I AFPARAE , SR 5 X SR 8 () 4 fE 1 A 7
TR T, 5% 5 XoF FH0IM (14 245 B R A7 02 . S 45 R
S 7 TIMIT A b, A SCHE Y el AR R AR 45
T STAM 7E AR A5 W He 18 3 A 00 F B T S A F i
SHBURTEAR A DCF, Herf #E -5 dB W 3 5t T #25t
&N P18 DCF 20 SR T T 0.9 FIFEAR T
0.9, I HSHRR T 150 K.
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