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Image super-resolution method based ongenerative adversarial network
BAO Xiaoan' ,GAO Chunbo' ,ZHANG Na', XU Lu', WU Biao*
(1.School of Information Science and Technology . Zhejiang Sci-Tech University, Hangzhou 310018, China;
2.Department of East Asian Studies, Yamaguchi University, Yamaguchi 753-8514, Japan)

Abstract: To solve the problem of training instability of generative adversarial network, reduce model
complexity, and speed up network learning rate, and improve the visual effect and reconstruction rate of
super-resolution image, an image super-resolution method based on improved generative adversarial
networks is proposed. In the method, improved generative adversarial network is taken as the model,
image features are extracted by combining main content of coarse granularity with detail edge of fine
granularity, super-resolution images are reconstructed by means of linear combination, and generative
adversarial network is optimized via Wasserstein distance. Experimental results show that super —
resolution images with advanced visual effect can be generated with this method, and the method is
superior to SRGAN in respect of subjective evaluation and objective quantification ( PSNR/SSIM) in
Set5, Setl4 and such test sets. With this method, by redesigning the network model, feature extraction is
conducted more comprehensively, and network training is conducted more completely, which helps to
improve the speed of super-resolution image reconstruction and image quality.
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1 Batch Normalization
BN BN
PSNR/dB SSIM /s PSNR/dB SSIM /s
Set5 4 3L 63 0. 884 0. 20 3L 68 0. 885 0. 19
SRGAN Setl4 4 2803 0. 768 0. 41 2810 0. 770 0. 40
BSD100 4 27. 10 0. 725 0. 20 27, 21 0. 728 0. 18
Set5 4 3L 70 0. 889 0 11 3L 79 0. 890 0. 08
SRWGAN Setl4 4 28 21 0. 772 0. 16 28, 36 0. 778 0. 12
BSD100 4 27, 32 0. 731 0 11 27. 49 0. 739 0. 07
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2 30. 25 32. 32 33. 05 33. 06 33. 08 33. 09
Setl4 3 27. 55 29. 15 29. 78 29. 77 29. 58 29. 75
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2 29. 57 31 24 31. 90 31 85 31 95 32. 03
BSD100 3 27. 22 28 31 28. 83 28 82 28 74 28 94
4 25. 97 26. 83 27. 29 27. 24 27. 10 27. 49
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Bicubic SRCNN VDSR DRCN SRGAN SRWGAN
2 0. 931 0. 955 0. 959 0. 959 0. 950 0. 956
Setb 3 0. 869 0. 909 0. 921 0. 912 0. 910 0. 923
4 0, 811 0. 863 0. 883 0. 884 0. 879 0. 890
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4 0. 00 2. 11 0. 15 0. 33 0. 20 0. 08
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4 0. 00 4. 36 0. 25 0. 63 0. 41 0. 13
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