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CLU-Net Speech Enhancement Network for Radio Communication

YAO Yao, YANG Jibin,ZHANG Xiongwei, LI Yihao and SONG Gongkunkun

School of Command and Control Engineering, Army Engineering University of PLA,Nanjing 210007, China

Abstract In order to overcome the adverse effects of environmental and channel noise on speech communication quality in radio
systems and improve the speech quality of radio communication, this paper proposes a deep separable network called CLLU-Net
(channel attention and LSTM-based U-Net) , which adopts the deep U-shape architecture and long short-term memory(LSTM).
In the network, deep separable convolution is used to implement low-complexity feature coding. The combination of attention
mechanisms and LSTM can pay attention to the relationship between different convolution channels and the context of clean
speech simultaneously and obtain the clean speech characteristic with fewer parameters. Varieties of noisy speech datasets are
tested, including public and self-built sets using noise collected in different environments and radio systems. The results of the
simulation experiment on the VoiceBank-DEMAND dataset indicate that the proposed method outperforms similar speech en-
hancement models in terms of objective metrics such as PESQ and STOIL Field experimental results show that the enhancement
scheme can effectively suppress different environmental and radio noise types. The performance under low signal-to-noise ratios is
superior to that of the same kind of enhancement networks.

Keywords Radio communication, Voice enhancement,Deep separable convolution, Attention mechanism
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Fig. 1 CLU-Net network architecture diagram
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Fig. 2 TIllustration of depth-wise separable convolution
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Fig. 3 Depth-wise separable convolution encoder
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Table 1  Specific configurations of CLLU-Net
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FAZAME 2 A I3 1 5 .

4.3 Wil

CLU-Net [ ill g5 5 40 & R 500, Y ZRAL IR K/NH 16548
T Adam A4S 22K 3X 101, 3 # By =0. 9,43 BE3h i
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Table 2 Ablation experiments of CLLU-Net module
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Table 3 Model performance comparison on VoiceBank-DEMAND
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