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Unsupervised image super—VQtion algorithm
based on Generativ:%rsarial Network

Zhao Zhibo , Teng Qiz hao , He Xiaohai, Zhai Sen
(College of Electronics and Informat@ ering , Sichuan University , Chengdu 610065 , China)

Abstract : In most existing researches on lea based image super—resolution, the pair of training datasets is generated

by down-—scaling high —resolution (HR) [images tlgugh a predetermined operation(e.g., bicubic down—sampling). However,

these algorithms cannot be effectively ied¥to real scenes since the real-world image contains unknown noise and blur.

To this end, we propose an ungupge image super —resolution algorithm based on Generative Adversarial Network in
this paper. Our method contai arts: domain conversion sub —network and reconstruction sub —network. In addition,
the deep feature extractio s proposed to improve the performance of the network by merging the image features
captured by different receptivéeN{ields. Extensive experiments illustrate that compared with most current image super-—resolu-
tion algorithms, the proposed method can be applied to real —world image (containing noise, blur, etc.) super—resolution,
and achieves the start—of—the—art(SOTA) performance on both subjective and objective evaluations.

Key words : real—world image super-resolution ; domain conversion ; Generative Adversarial Network ; unsupervised training
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PSNR 1 19.73 19.48 19.46 18.93 20.83 16.67
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