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Speech Signal Separation Based on Generative Adversarial Networks

LIU Hang,LI Yang, YUAN Haoqi, WANG Junying
( School of Electromechanical Engineering , Guangdong University of Technology, Guangzhou 510006, China)

[ Abstract] The single-channel speech separation based on deep learning needs to calculate the time-frequency masking,
which ,however, cannot be learnt in the existing methods. Moreover, the time-frequency masking is not encapsulated in in-
depth learning for optimization,so it relies on Wiener filtering for subsequent processing. Therefore, this paper proposes a
speech signal separation method based on Generative Adversarial Networks (GAN ). In the speech generation stage, the
recursive derivation algorithm and sparse encoder are introduced to improve the time-frequency generation results. Then,
the generated speach is eatered into the discriminator for classification, so as to reduce the disturbance between signal
sources. The experimental results show that compared with other speech signal separation methods, such as the codec-
based method and the recurrent neural network-based method,the SDR and SIR separation indexes of the proposed
method increase by 6.2 dB and 5.0 dB respectively:

[ Key words] single-channel speech separations Generative Adversarial Networks ( GAN ) ; time-frequency masking;
recursive derivation ;sparse encoder
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Structure of speech signal separation algorithm
based on GAN
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Table 1 SDR, SIR and SAR results of each method for
human voice
RS SDR/dB SIR/dB SAR/dB
Tl 6.03 11.52 9.65
Jik2 6.54 12.13 8.41
i 3-1 9.74 14. 66 9.98
Jrik 32 10.58 13.84 9.22
Ji k4 12.28 16.53 18.88

x2 BAEHMEREHR SDR.SIR 1 SAR 51

Table 2 SDR, SIR and SAR results of each method for
background sound
WRES SDR/dB SIR/dB SAR/dB
5 1 5.96 13.18 9.12
T2 6.82 12.19 8.30
Jk 3-1 9.36 15.28 9.44
Fik3-2 10.95 13.29 9.63
k4 11.35 18.27 16.33
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Table 3 SDR, SIR and SAR results corresponding to
different time steps in method 3
AR ] 25 K SDR/dB SIR/dB SAR/dB
50 5.21 10.73 6.10
100 9.01 13.28 8.35
500 7.15 11.41 7.22
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