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Automatic Modulation Recognition Method Based on Phase
Transformation and GhostNet-GRU

CHEN Hao, GUO Wenpu', KANG Kai
(Rocket Force University of Engineering, Xi’ an 710025, Shaanxi)

ABSTRACT: To address the problem of low recognition accuracy under low signal-to—noise ratio
(SNR), a model consisting of phase transformation, GhostNet, Squeeze and Excitation network
(SENet), gated recurrent unit (GRU), and deep neural network was proposed, by which re-
ceived modulated signals could be automatically recognized. Firstly, the benchmark datasets
RMIL.2016.10a and RMI1.2016.10b, as well as in—phase quadrature (1/Q) data were used as input
for the model. Secondly, a recognition model was constructed, where phase transformation was
used to reduce the impact of phase shift on modulation recognition, GhostNet and GRU were
used to extract spatial and temporal features of modulation signals and SENet was used to adjust
weights of feature maps. Then, deep neural networks were used to classify the processed signal.

Finally, the proposed model was trained and tested. Experimental results showed that compared
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with existing models CGDNet, CLDNN, IC-AMCNet, MCLDNN and LLSTM, the proposed

model significantly reduces the number of parameters and effectively improves the recognition ac-

curacy under low SNR, with average recognition accuracies of 62.30% and 64.45%, respectively.

KEYWORDS: automatic modulation recognition; deep learning; phase transformation; Ghost-

Net; gate recurrent unit
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