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Abstract: In response to the trend that in the 6th generation wireless (6G) era, mobile communications and artificial in-
telligence will be closely integrated, and a huge number of edge intelligent signal processing nodes will be deployed, an
efficient and intelligent electromagnetic signal recognition model was proposed, which could be deployed on re-
source-constrained edge devices. The constellation diagram of electromagnetic signal was firstly drawn to visualize elec-
tromagnetic signal as a two-dimensional image, and color the constellation diagram according to the normalized point
density to achieve feature enhancement. Then, a binary deep neural network was adopted to recognize the colored con-
stellation diagrams. It was shown that the approach can guarantee a high recognition accuracy, which significantly re-
duced the model storage and calculation costs. For verification, the proposed approach was applied to the problem of
electromagnetic signal modulation recognition. The experiment uses eight commonly used digital modulation signals and
selects additive white Gaussian noise as the channel environment. The experimental results show that the scheme can
achieve a comprehensive recognition rate of 96.1% under the noise condition of —6~6 dB, while the size of the network

model is only 166 KB. Further, the execution time, when executed on a Raspberry Pi 4B, is only 290 ms. Compared to a
. . . 1
full-precision network of the same scale, the accuracy is increased by 0.6%, the model is reduced to ———, and the run-
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ning time is reduced to ——.
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