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Channel Gated Res2Net Convolutional Neural Network for
Automatic Modulation Recognition

CHEN Hao,GUO Wenpu, KANG Kai

(College of Combat Support, Rocket Force University of Engineering, Xi’an 710025, China)

Abstract ; In response to the problem of low accuracy in automatic modulation recognition under low signal-
to-noise ratio ( SNR) conditions, the authors propose a channel gated residual 2-network ( Res2Net )
convolutional neural network ( CNN) model. The model mainly consists of two-dimensional CNN ( 2D-
CNN) , multi-scale Res2Net, squeeze-and-excitation network (SENet) and long short-term memory ( LSTM )
network , which extracts multi-scale features from raw 1/Q data through convolution, adjusts the weight of
feature channels through gating mechanism,and uses LSTM to model the sequence of convolutional features
to ensure effective data feature mining , thereby improving the accuracy of automatic modulation recognition.
The modulation recognition experiment on the benchmark dataset RML2016. 10a shows that the recognition
accuracy of the proposed model is 92. 68% at 12 dB SNR, and the average recognition accuracy is above
91% when the SNR is greater than 2 dB. Compared with classical CLDNN model, LSTM model, similar
PET-CGDNN model and CGDNet model, the proposed model can achieve higher modulation type
recognition accuracy.

Key words: automatic modulation recognition; convolutional neural network; squeeze-and-excitation
network ; multi-scale residual network ;long short-term memory network
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