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Abstract

Automatic modulation recognition is an important task in various wireless communication scena-
rios. Due to the increasingly complex communication environment, how to extract the temporal
characteristics of radio signals effectively and efficiently is an urgent problem to be solved. To
solve this problem, this paper proposes a dual-stream gated recurrent units (GRUs) model based
on self-attention. The approach first uses the convolutional layers to extract the shallow spatial
features, then splits the features into two parts and uses stacked GRUs in two parallel streams to
fully extract the temporal features. The addition of self-attention enables the network to focus on
different parts of the input sequences, thus improving the ability of feature extraction. Our model
achieves the highest recognition accuracy for signals with a signal-to-noise ratio (SNR) greater
than or equal to -6 dB on the baseline dataset. In particular, when the SNR is -6 dB, the recogni-
tion accuracy reaches 58.9%, which is more than 5% higher than other models. In addition, our
model has strong adaptability and can achieve the highest accuracy even when trained on a small
dataset. The paper also studies the impact of the initial learning rate on the model performance
and gives the initial learning rate for the model to achieve the highest accuracy and efficiency re-
spectively.
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Figure 1. Radio signals with different modulation schemes at —12, -2, 8, 18 dB SNR
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Figure 2. The architecture of DSGANN
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Figure 7. Confusion matrix of (a) DSGANN; (b) MCLDNN; (c¢) LSTM; (d) PET; (e) IDCNNPF on the smaller dataset at 0
dB SNR
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Figure 8. Recognition accuracy of DSGANN and its variants on (a) RadioML2016.10a and (b) the smaller dataset
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Table 1. Average recognition accuracy of DSGANN and its variants on (a) RadioML2016.10a and (b) the smaller dataset
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Figure 9. Recognition accuracy of DSGANN under different initial

learning rates
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Table 2. The recognition accuracy and computational complexity of DSGANN under different initial learning rates
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