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Image super-resolution based on enhanced implicit neural representation
HUO Xufeng, ZHANG Xuande

(School of Electronic Information and Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China)

Abstract; Implicit neural representation provides a method for continuous representation of digital images. This method has been
successfully applied to image super—resolution tasks and can achieve good performance. However, due to the imbalance of weight
distribution caused by the interpolation strategy of pixel-level sampling, the edge and texture of the restored high—resolution image
are too smooth; At the same time, the feature map extracted from the depth network has the problem of distortion of the underlying
features. To solve these problems, this paper proposes an image super —resolution reconstruction algorithm based on enhanced
implicit neural representation, called WCESR. This method introduces the weight correction module to learn the relationship between
the local area weight and the global structure weight, and alleviate the imbalance of weight distribution. At the same time, the edge
feature of low resolution image is introduced to extend the deep image feature obtained by depth neural network to produce sharp
edges. Through a large number of comparative experiments and ablation experiments, it is proved that this method can get equivalent
or even better results than the existing algorithms.
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Fig. 2 Coordinate mapping of implicit neural representation
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Table 1 Quantitative analysis results of Meta—SR, LIIF, WCESR on the DIV-2k Dataset dB
Ttk x2 x3 x4 x6 x12 x18 x24 %30
Bicubic!® 31.01 28.22 26.66 24.82 22.27 21.00 20.19 19.59
EDSRI® 34.55 30.90 28.94 - - - - -
EDSR-MetaSR![° 34.64 20.93 28.92 26.61 23.55 22.03 21.06 20.37
EDSR-LIIF! 34.67 30.96 29.00 26.75 23.71 22.17 21.18 20.48
WCESR-EDSR (43() 34.69 30.98 29.03 26.79 23.74 22.20 21.20 20.50
RDN-MetaSR ¢/ 35.00 31.27 29.25 26.88 23.73 22.18 21.17 20.47
RDN-LIIF® 34.99 31.26 29.27 26.99 23.89 22.34 21.31 20.59
RDN-WCESR (430) 35.00 31.26 29.29 27.00 23.89 22.36 21.32 20.61
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Table 2 Quantitative Analysis Results on the Set5, Setl4, B100, and Urban100 Datasets dB
HiEdE ik X2 x3 x4 X6 X8
Set5[20] RDN! 6] 38.24 34.71 32.47 - N
MetaSR-RDN ¢/ 38.22 34.63 32.38 29.04 29.96
LIIF-RDN!! 38.17 34.68 32.50 29.15 27.14
WCESR-RDN( /A 3C) 38.18 34.70 32.51 29.21 27.19
Set142!] RDN! 6] 34.01 30.57 28.81 - -
MetaSR-RDN'¢/ 33.98 30.54 28.78 26.51 24.97
LIIF-RDN!! 33.97 30.53 28.80 26.64 25.15
WCESR-RDN (/& 30) 33.96 30.53 28.86 26.70 25.20
B100(%! RDN!'¢J 32.24 29.26 27.72 - -
MetaSR-RDN ¢ 32.33 29.26 27.71 25.90 24.83
LIIF-RDN'! 32.32 29.26 27.74 25.98 24.91
WCESR-RDN ( Z30) 32.33 29.28 27.77 26.02 24.96
Urban100/%! RDN('®] 32.89 28.80 26.61 - -
MetaSR-RDN'® 32.92 28.82 26.55 23.99 22.59
LIIF-RDN'®! 32.87 28.82 26.68 24.20 22.79
WCESR-RDN ( Z30) 32.92 28.88 26.72 24.28 22.83
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Fig. 4 Comparison of LIIF and WCESR effects( Scale:8)
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Table 3 Quantitative results of ablation experiment dB
BB IE MG R x 2 x 3 x 4 x 8 x 12
Model_A X X 34.67 30.96 29.00 26.75 23.71
Model_B v X 34.68 30.97 29.02 26.77 23.73
Model_C X VvV 34.67 30.96 29.01 26.76 23.71

Model_D vV Vv 34.69 30.98 29.03 26.79 23.74
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Table 4 Quantitative results of weighting factor values
A, x 2 x 3 x 4 X 6 x 12 x 18 X 24 x 30
0.01 34.676 4 30.965 2 29.008 8 26.753 4 23.714 4 22.175 5 21.181 8 20.481 2
0.05 34.673 4 30.969 0 29.013 4 26.755 0 23.718 0 22.175 0 21.189 0 20.487 2
0.005 34.683 1 30.972 5 29.020 2 26.769 5 23.733 9 22.189 8 21.191 1 20.494 3
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