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A communication signal modulation 1 Qation method based on DRSN-GAN

Liu i, Gu Jiahua

(School of Automation and Information Engineeging, Xi'an University of Technology, Xi'an 710048, China)

Abstract; A deep learning framework based on residual shrinkage network and generative adversarial network ( DRSN-

GAN) is proposed to address the probl f lowdrecognition rate of communication signal modulation under small samples and low

signal-to-noise ratio conditions. Firsgt phase orthogonal data (1/Q data) of the signal is used as the model input, and the

dataset is expanded by the gene a generated by the generator, which effectively solves the problem of scarcity of high-
quality data and enhances the lization ability of the model. The DRSN is utilized to form a discriminator, and the expanded
data is fed into the DRSN for training. Meanwhile, global average pooling is executed on the input data in the spatial dimension,
and the channel attention module is used to extract the contextual features of the 1/Q signals, which effectively reduces the noise
interference. The method solves the problem of low recognition accuracy due to the difficulty of applying fixed thresholds to all
samples, and significantly improves the recognition effect in a low signal-to-noise ratio environment. The experimental results show
that the model proposed in this paper has an accuracy of 92% at a signal-to-noise ratio of 0 dB, which improves the overall classi-
fication accuracy by 3% compared with other models, and exhibits stronger robustness under the conditions of small samples and

low signal-to-noise ratio.
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K3 OBBEA G KA FLERATIL
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—4 0 4 8 12 16
CLDNN 0.63 0.74 0.77 0. 82 0.83 0. 84
AUCNN 0.72 0.76 0.82 0.83 0. 88 0.87
Resnet-WSMF 0.65 0.80 0. 88 0.92 0.92 0.92
ACGAN 0. 67 0.78 0.78 0.79 0.79 0.79
DRSN-GAN 0.75 0.92 0.94 0.94 0.95 0.98
A4 ARRBAKEZPMELMEENG YA
- FEA B
540 600 660 720 3 600 A 15 000 60 000
CLDNN 0. 19 0.22 0.26 0.29 0. 44 %\ 0.63 0.79
AUCNN 0.22 0.25 0.36 0.37 0. 0 0.72 0.83
Resnet-WSMF 0.19 0.20 0.25 0.28 @ 0. 66 0.90
ACGAN 0.23 0.24 0.27 0.29 0. 46 0.76 0.86
DRSN-GAN 0.85 0.90 0.98 0 98 '0. 98 0.98 0.98
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