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Semi-supervised generative adversarial network framework for

modulation recognition of communication signals
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(1. National Key Laboratory of Electromagnetic Space Security, Jiaxing 314033, China;
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Abstract; Aiming at the problem that the accuracy of the existing modulation signal recognition model was low under the condition of weak

supervision with only a small amount of labeled data, a semi supervised learning framework based on generated countermeasure network was

proposed. By performing a redundant spatial transformation on the communication signals, the method can adapt to the generative adversarial

network model and retain rich signal adjacent features. Through the introduction of Wasserstein generative adversarial network-gradient penalty, a

semi-supervised learning framework suitable for electromagnetic signal processing was constructed to realize the effective utilization of unlabeled

signal samples. In order to verify the effectiveness of the proposed algorithm, sufficient experiments were conducted on the RADIOML 2016. 04C

dataset. Experimental results show that the proposed method can train an efficient classifier under semi-supervised conditions and obtain excellent

modulation recognition results.
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Fig.2 Traditional signal spatial transformation
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Fig.4 Semi-supervised modulation signal recognition model; SSGAN-2D
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Tab.1 Experimental results of recongnition accuracy under different numbers of labeled sample
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Tab.2  Experimental results of recongnition accuracy under different SNRs
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