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Abstract: Aiming at the obvious difference of image quality generated by generative adversarial network under different
noises, a chi-square generative adversarial network (CSGAN) was proposed. Combing the advantages of quantification
sensitivity and sparse invariance, the chi-square divergence was introduced to calculate the distance between the generat-
ed samples and the original samples, which could reduce the influence of different noises on the generated samples and
the quality requirement of original samples. Meanwhile, the network architecture was built and the global optimization
objective function was constructed to enhance the adversarial performance. Experimental results show that the quality of
the images generated by the proposed algorithm has little difference, and the network is more robust to different noises
than the state-of-the-art networks. The application of chi-square divergence not only improves the quality of generated
images, but also increases the robustness of the network under different noises.
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EA40 45 N(0,0.01) 447 4.83 5.10 5.40 5.27 5.53 5.44 5.72
AR v 44 3 A 4.87 5.07 5.11 5.30 5.11 542 5.49 5.74
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