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Intelligent Optical Communication Based on Wasserstein Generative
Adversarial Network
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Abstract This study introduces an end-to-end communication learning system based on a generative adversarial
network (GAN) after discussing the advantages of laser link communication. This improves the real-time and global
optimization of the communication system. Moreover, this study introduces the Wasserstein GAN to resolve mode
collapse and training instability in the training and application of a traditional GAN. Finally, the Wasserstein GAN
is applied to the end-to-end communication system, and the experimental results show that the Wasserstein GAN
can effectively simulate an additive Gaussian white noise channel and a lognormal channel, thus avoiding the training
instability and mode collapse of the traditional GAN.
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Fig. 1 End-to-end communication system. (a) Structure diagram of end-to-end communication system;

(b) structure diagram of automatic encoder and automatic decoder
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Parameter Value
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Table 2 Lognormal channel parameters

Parameter Symbol Value
Link distance L /km 100
Laser wavelength A /nm 1550
Photoelectric conversion efficiency R 1
Receiver diameter D /mm 200
Refraction parameter C: 2.7X10 "
Rytov variance oR 0. 24
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