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Abstract : An intelligent modulation recognition method based on the Convolutional Neural
Network(CNN) and two-dimensional Red=Green—Blue(RGB) cyclic spectrum images is proposed in order to
improve the modulation recognition accuracy and reduce the computational complexity. The ecyclic
spectrum can be employed to identify the modulation type. The three-dimensional cyclic spectra are
converted to two-dimensional RGB cyclic spectra to reduce the computational complexity, which are then
taken to build the data set. Moreover, a CNN based modulation classifier with low computational
complexity is proposed. Simulation results show that the proposed intelligent modulation recognition
algorithm can achieve higher classification accuracy with lower computational complexity.
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(a) BPSK (b) QPSK (c) 8PSK
Fig.1 RGB cyclic spectrum images generated for BPSK, QPSK and
8PSK modulated signals at Rsy =18 dB
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Fig.2 Process of selecting part of the image from the RGB cyclic
spectrum image of BPSK modulated signal
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Table2 Computational complexity of three modulation recognition algorithms

CNN-1Q¥! LSTM-APY CNN-CS
number of trainable parameters 2830 k 330 k 9k
training time/s 480 4371 1120
prediction time/(us/sample) 364 37 100
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