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Abstract: With the application of generative adversarial networks in the field of image super-resolution
(SR), some perception-driven SR methods can recover SR images with richer texture details, effectively
alleviating the over-smoothing problem of the PSNR dominated SR methods. Gradient information is an
important representation of image texture. However, few SR methods can make use of this information
accurately and efficiently. In this paper, a gradient-aware single image super-resolution (GASR) is

proposed, using gradient information better from two aspects. On the one hand, the feature map of gradient
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domain is used as the convolution kernel imposing on the feature map of image domain, which can effectively
avoid the domain conflict caused by the concatenation of feature map of different domains. On the other
hand, by elaborating the network details such as convolution kernel size, ezc., the image fields output at
the corresponding positions of the two branches are consistent with the feel fields of the feature maps in
the gradient domain. In addition, the proposed GASR algorithm also effectively reduces the number
of parameters and the amount of computation due to the increased demand for network lightweight in
practical applications. Compared to SPSR, GASR can achieve the same performance at the cost of about
1/6 of the parameters and 1/10 of the computation of SPSR. On Set14 dataset, L.LPIPS and PSNR increase
by 0.002 2 and 0. 217, respectively. The experimental results show that GASR can achieve a good

trade-off between texture details and image smoothness. In addition, GASR can not only reconstruct

high fidelity SR image, but also alleviate the generation of messy textures.
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Tab.1 Evaluation index of ablation experiment (Set144)
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Fig. 3 Results compared visually with perceptual-driven SR methods ( X 4)
F2 SEHMNBMIRIIASRAEMNILRER(X4)
Tab. 2 Results compared with advanced perception-driven SR method ( X 4)
Dataset Metric Bicubic SFTGAN SRGAN ESRGAN SPSR GASR (Ours)
#Params. 1.8M 0.7M 16. 7™M 24.8M 4.3M
FLOPs 0.8G 7.0G 89.7G 265.1G 26.6G
PI 7.3699 3.7587 3.9820 3.7522 3.274 3 3.6364
Sets LPIPS 0.3407 0.0890 0.0882 0.074 8 0.064 4 0.0702
e
PSNR 28.420 29.932 29.168 30.454 30. 400 30.517
SSIM 0.8245 0.866 5 0.8613 0.8677 0.8627 0.8720
PI 7.026 8 2.906 3 3.0851 2.926 1 2.903 6 3.027 2
Setld LPIPS 0.439 3 0.148 1 0.166 3 0.1329 0.1318 0.129 6
¢ PSNR 26.100 26.223 26.171 26.276 26. 640 26.857
SSIM 0.7850 0.7854 0.784 1 0.778 3 0.7930 0.798 1
PI 7.002 6 2.3774 2.5459 2.479 3 2.3510 2.427 3
BSD100 LPIPS 0.5249 0.176 9 0.1980 0.1614 0.1611 0.1616
PSNR 25.961 25.505 25.459 25. 317 25.505 25.698
SSIM 0.667 5 0.654 9 0.648 5 0.650 6 0.657 6 0.664 2
PI 7.936 5 4.2878 4.3757 4.3234 4.099 1 4.2507
LPIPS 0.3528 0.1030 0.1055 0.0879 0.086 3 0.0851
Generall00
PSNR 28.018 29.026 28.575 29.412 29.414 29.744
SSIM 0.8282 0.8508 0.854 1 0.854 6 0.8537 0.8614

TEAREL AR 20 08 B 4 A PERE SR PR 1028 1.2 44 . LPIPS 5 PIBU/NBUAT , PSNR 5 SSTM B R i 4F
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BARA DN TR H AT ik 3%
JIE K 2 A PR AR 00 % O 0 3 B . AR SPSR W]

R3 RealSREFEE LHLEELER (X4)
Tab.3 Comparison results on RealSR datasets ( X 4)

Method LPIPS PI PSNR SSIM
Bibubic 0.4853 8.1890 27.507 0.8659
ESRGAN 0.4288 7.5975 27.799 0.8744
USRGAN 0.4226 7.5928 27.867 0.8776
GASR(Ours) 0.4179 7.5037 27.805 0.8764

T R 2 b 20 S0 D e Al 4R b B E A A 1 5
1.24

& £ X #:

Bicubic (/) SFTGAN (0.8G) SRGAN (7.0G)

ESRGAN (89.7G)
K4 SRR BB L SR 25 2R (X 4)
Fig.4 Comparison of experimental results on real images
(X4)

SPSR (265.1G) GASR (26.6G)

Ve g T35 B 0 PR AR i 2% L E N 8] 4 45 5 o
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49 1 H -
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BUE B0 H Y 5T B B R AR A R A
FHAE FEUG BURRAE 1 A 36 B, n e T DAAS 58
i G AN [] 385 R AIE PR ER IR T Al ke 1) 38 o 9 ] A 5 G
UK, AT I R B S AT PR R ] A5 e R A P A o
N7 A7 B ) SRR AZ B — 3K, 7E B B R ST SRR R 40
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i 5 26.6G FLOPs 01158 5 35 2 1 b H: At 80
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