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Speech enhancement method based on A-DResUnet

Li Jixiang Ni Xusheng Yan Shangqu Zou Xiao Qian Shengyou

(School of Physics and Electronics, Hunan Normal University, Changsha 410081, China)

Abstract: In order to extract feature information from spectrogram more accurately, this paper proposes a speech enhancement method
based on A-DResUnet ( attention-dilated ResUnet). The A-DResUnet model incorporates dilated convolution on the basis of ResUnet
model to improve the ability to capture the contextual information of speech; at the same time, the convolution block attention module
(CBAM) is added into the ResUnet encoder to improve the attention to the features of the noise spectrogram. The experimental results
show that when the noise spectrum is used as the output target of the model, the model has a stronger ability to separate unknown noise
than when the output target of the model is clean speech spectrum; compared with the ResUnet model, the proposed A-DResUnet model
reduces the loss of speech detail information; compared with the speech enhancement methods based on DNN and GAN, PESQ increased
by an average of 22. 81%, 33. 11%, STOI increased by an average of 9.62%, 15.33%, which is a more effective method for speech
enhancement in complex environments.
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Fig.5 Process flow diagram for the enhancement phase
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Table 1 The effect of output target on the enhancement effect of different models

" PESQ STOL/ %
B
carhorn engine knock wind carhorn engine knock wind
iy MR 1.75 2.10 2.63 2.42 70. 96 83.78 92.15 85.96
2.57 2.69 2.98 2.69 83.82 86.73 92. 67 86.26
ResUnet
2.63 2.73 3.01 2.76 84.91 87.07 92.76 87.10
2.60 2.66 3.02 2.73 85.01 87.32 93.25 86. 83
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2. 65 2.80 3.10 2.85 85.70 87.77 93. 83 87.70
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