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[ Abstract] In view of the instability of training in the learning—based super—resolution reconstruction network SRGAN, the lack of
information in the reconstructed image, etc. were analyzed and researched, and corresponding improvements were made. An
improved generator residual block structure was proposed to speed up the reconstruction. Efficiency, enhances the quality of the
reconstructed image; introduces Wasserstein distance instead of JS divergence to describe the difference between data distributions,
solves the problem of instability in GAN network training, and effectively avoids the phenomenon of gradient disappearance; it is
more suitable for content loss function selection The L1 loss function of the super-resolution reconstruction task replaces the MSE
function, which equalizes the error penalty and makes the details richer. The experimental results show that in the comparison with
the original network on the Set5, Set14 and BSD100 data sets, the average PSNR highest peak signal-to—noise ratio is increased by
1.8dB, and the SSIM structure similarity is increased by 6% , which proves the effectiveness of the improved method.
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Fig. 1 SRGAN network flow
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Fig. 2 Comparison of residual blocks
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Fig. 3 The improved generator network structure diagram
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Tab. 1 Comparison table of objective evaluation index

Validation Evaluation Bicubic SRCNN SRGAN VDSR Our
Set5 PSNR 26.34 29.17 26.93 29.37 29.59
SSIM 0.77 0.83 0.79 0.83 0.85
Setl4 PSNR 24.34 25.62 24.57 25.94 26.13
SSIM 0.67 0.72 0.70 0.73 0.74
BSD100 PSNR 24.57 25.41 24.69 25.88 25.69
SSIM 0.65 0.70 0.68 0.73 0.72
(b) Bicubic () SRCNN  (d) SRGAN () VDSR () Our
PSNR:19.68 PSNR:20.16 PSNR:20.25 PSNR:21.70 PSNR:21.91
SSIM:0.57  SSIM:0.61  SSIM:0.63  SSIM:0.67  SSIM:0.68
(a) HR
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Fig. 4 The partial comparison diagram of different super—resolution methods in the test chart ''comic"

() Bicubic  (¢)SRCNN  (d)SRGAN  (¢) VDSR  (f) Our
PSNR:27.58 PSNR:29.28 PSNR:28.32 PSNR:29.81 PSNR:29.54
SSIM:0.75  SSIM:0.82  SSIM:0.79  SSIM:0.83  SSIM:0.82
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Fig. 5 The partial comparison diagram of different super—resolution methods in the test chart "lenna'



RIEA, S SRR BT 45 1) 7 B DT I TS 159

(b) Bicubic  (c) SRCNN
PSNR:28.7  PSNR:30.78
SSIM:0.77  SSIM:0.83

(a) HR

(d)SRGAN () VDSR () Our
PSNR:30.46  PSNR:30.97 PSNR:31.38
SSIM:0.81  SSIM:0.83  SSIM:0.85
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Fig. 6 Partial comparison of different super—resolution methods in the test chart ""baby"
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Tab. 2 Comparison table of subjective evaluation

Subjective Different super—resolution methods
fest evaluation  Bicubic SRCNN SRGAN VDSR Our
Set5 1.83 3.56 3.20 3.53 3.62
Set14 MOS 1.62 3.26 3.14 3.57 3.78
BSD100 1.80 2.74 2.96 3.14 3.28
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Tab. 3 Comparative experiment on generator improvement

Data Set

Type Set5 Setl4 BSD100
(PSNR/SSIM) (PSNR/SSIM) ( PSNR/SSIM)

SRGAN 26.93/0.79 24.57/0.70 24.69/0.68
SRGAN-BN 27.41/0.81 25.37/0.71 25.23/0.68
SRGAN-BN+Selu  27.70/0.81 25.49/0.72 25.47/0.69
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