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Abstract Compared with traditional radio modulation data feature extraction methods, deep learning is more efficient
and flexible. So it can effectively improve radio modulation data recognition performance. However, in practice, it is
too costly and difficult to collect a vast number of reliable radio modulation data samples that the performance of deep
learning models is limited largely. In this paper, we propose a radio modulation data augmentation model named
RMADGAN (Radio Modulation data Augmentation based on Generative Adversarial Networks) based on generative
adversarial networks. It can generate the radio modulation data satisfying the characteristics of SNR(Signal Noise Ratio)
and modulation type by mining the characteristic differences of radio modulation data under different SNR and modula-
tion types. In our model, the generator captures the distribution characteristics of radio modulation data samples and the
discriminator optimizes the generator’s performance and parameters. The performance of the model will continue to
improve by learning the generator and discriminator in the process of playing against each other. By the way of deep
analyzing and researching radio data sampling methods and traditional radio data enhancement methods, we discover
the spatial and temporal features in radio modulation data. According to these potential features, we present a radio
modulation data classification model named AMCST (Automatic Modulation Classification based Spatial and Temporal
feature) that is able to capture as many potential spatial and temporal attributes as possible in radio modulation data.
Through a large number of comparative experiments, it is found that RMAbGAN model has better robustness and gen-
eralization ability compared with the radio modulation data enhancement model based on rotation transformation, and
can achieve higher accuracy of radio modulation classification. In addition, compared with the traditional radio modu-
lation classification model based on long short-term memory and residual networks, AMCST is so available and stable
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that can improve classification accuracy.
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neural networks; recurrent neural networks
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