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quency, and maximum spectral density of the zero center normalized instantaneous amplitude were taken as inputs by

the MCLMR network. A separable convolution module was used to cleverly combine four inputs to dig deeper into the

spatial correlation of the four inputs. The gated recurrent unit-multi-head self-attention (GRU-MHSA) module multi-

head self-attention (MHSA) based on time fading and gated recurrent unit (GRU). to further extract the temporal corre-

lation. Signal features in spatial dimension and time dimension were extracted by the combination of separable convolu-

tion module and GRU-MHSA module. Simulation results on the benchmark dataset RML2016.10a show that the pro-

posed method is superior to other 9 typical methods. At 2~18 dB signal-to-noise ratio, the average recognition accuracy

reaches 92.39% and the highest recognition accuracy reaches 93.36%. This shows that MCLMR not only has a small

number of parameters and low computational complexity, but also has excellent performance in recognition accuracy.

Key words: modulation recognition, lightweight network, multi-module integration, multi-head attention mechanism
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