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Abstract: For few—shot electromagnetic signal classification, data augmentation is the most
intuitive strategy. In this paper, Generative Adversarial Network(GAN) is employed to generate fake
signal samples. The coarse—grained and fine—grained screening mechanisms are designed to screen the
generated fake signals. The generated signals with poor quality are removed and the effective expansion
of training dataset is realized. In order to verify the effectiveness of the proposed data augmentation
algorithm, sufficient experiments are conducted on the RADIOML 2016.04C dataset. Experimental
results show that the proposed method can improve the accuracy of few—shot electromagnetic signal
classification effectively.
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Fig.1 Process of electromagnetic signal generation based on GAN
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Fig.2 Process of electromagnetic signal generation based on ACGAN
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Fig.5 Two different TSNE visualization results
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Tablel Comparison of signal classification accuracy under Ry, =10 dB

number of real signals real signals/% GAN augmented signals GAN augmented signals ACGAN augmented signals ACGAN augmented signals
per class with screening/% without screening/% with screening/% without screening/%
10 72.31 82.45 80.86 70.45 68.17
20 82.52 87.76 84.31 81.43 77.47
30 86.87 90.42 87.58 84.52 83.79
40 88.51 91.13 88.94 86.56 85.35
50 89.53 93.29 90.34 87.57 86.76
60 91.94 93.60 92.22 92.11 90.23
70 92.35 93.94 92.91 92.68 92.45
80 92.60 94.12 93.13 92.97 92.66
90 92.87 94.65 93.53 94.22 93.91
100 93.03 94.94 94.08 94.54 94.03
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