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Abstract: To address the problems of poor extraction of low-resolution features and blurred edges and arti-
facts caused by the high loss of high-frequency information in an image super-resolution reconstruction pro-
cess, this paper proposes an image super-resolution reconstruction method that combines multidimensional
attention and selective feature fusion (SKFF) as an image feature extraction module. The network com-

prises several basic blocks and residual operations to construct the feature extraction structure of the mod-
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el, the core of which is a heterogeneous group convolution block for extracting image features. The sym-
metric group convolution block of this module performs convolution in a parallel manner to extract the in-
ternal information between different feature channels and performs selective feature fusion. The comple-
mentary convolution block captures the missed contextual information from the null domain, input - output
dimension, and kernel dimension by full-dimensional dynamic convolution (ODconv). The features ob-
tained after the symmetric group convolution and complementary convolution block processes are connect-
ed via a feature-enhanced residual block to remove useless information causing interference by redundancy.
The rationality of the model design is demonstrated through five ablation experiments. Peak signal-to-
noise ratio (PSNR) and structural similarity (SSIM) quantitative data comparison with other mainstream
super-resolution reconstruction methods on the Set5, Setld, BSDS100, and Urbanl00 test sets are im-
proved, especially on the Set5 dataset with an amplification factor of 3, showing a 0. 06 dB improvement
over the CARN-M algorithm. The experimental results demonstrate that the proposed model has better
performance indexes and visual effects.
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Fig.1 Schematic diagram of network structure integrating multi-dimensional attention mechanism and selective feature fusion
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coder with Phase Congruency, MSDEPC)"", CF-
SRCONN'™, %2 4 2 14 5 5% 22 % B 2% (Light-
weight Enhanced SR CNN, LESRCNN) “*', Z R
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Tab.2 Comparison results of different methods on 4 Baseline datasets enlarged by 2 times

P Setd Setl4d BSDS100 Urban100
1
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Bicubic™ 33.66 0.929 9 30. 24 0.868 8 29.56 0. 841 26.88 0.840 3
A+ 36. 54 0.954 4 32.28 0.9056 31.21 0.886 3 29. 20 0.893 8
RFL™ 36.54 0.9537 32.26 0.904 0 31.16 0.884 0 29.11 0.890 4
DASR™ 37.22 0.9515 32.93 0.902 9 31.76 0.8901 30.63 0.907 9
KXNet"*" 37.59 0.9552 33. 36 0.909 1 32.03 0.8941 31.48 0.919 2
RED30"*" 37.66 0.959 9 32.94 0.914 4 31.99 0.897 4 30.91 0.9159
DnCNNH* 37.58 0.9590 33.03 0.9128 31.90 0.896 1 30. 74 0.9139
MemNet"* 37.78 0.9597 33.28 0.914 2 32.08 0.897 8 31.31 0.919 5
CARN"™ 37.76 0.9590 33.52 0.916 6 31.92 0.897 8 31.51 0.9312
CARN-M"" 37.53 0.958 3 33.26 0.914 1 32.09 0.896 0 30. 83 0.923 3
EEDS+ 37.78 0.9609 33.21 0.9151 31.95 0.896 3 31.92 0.928 9
MSDEPCH" 37.39 0.957 6 32.94 0.9111 31.64 0.8961 31.83 0.928 3
CFSRCNN™ 37.79 0.959 1 33.51 0.916 5 32.11 0.898 8 32.07 0.8190
LESRCNN™ 37.65 0.958 6 33.32 0.914 8 31.95 0.896 4 31.45 0.920 6
LESRCNN-S™ 37.57 0.958 2 33.30 0.914 5 31.95 0.896 5 31.45 0.9207
ACNet™* 37.72 0.958 8 33.41 0.916 0 32.06 0.897 8 31.79 0.924 5
ACNet-B* 37.60 0.958 4 33.32 0.9151 31.97 0.8970 31.57 0.922 2
Ours 37.83 0.959 4 33.53 0.917 2 32.14 0.8987 32.12 0.930 6




2592 e K TR 55 31 %

R3 ARAAEEANBEBBEERARIFHERER

Tab.3 Comparison results of different methods on 4 Baseline datasets enlarged by 3 times

. Set5 Setl4 BSDS100 Urban100

"ok PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Bicubic™ 30. 39 0.868 2 27.55 0.774 2 27.21 0.7385 24.46 0.7349
A4 32.58 0.908 8 29.13 0.818 8 28.29 0.7835 26.03 0.797 3
RFL™ 32.43 0.9057 29.05 0.816 4 28.22 0.780 6 25.86 0.7900
DASR™! 33.78 0.9200 29.94 0.826 6 28.85 0.793 2 27.28 0.8307
KXNet"*" 34.22 0.9238 30. 27 0.8340 29.06 0.8010 28.00 0.8457
RED30" 33.82 0.9299 29.61 0.8341 28.93 0.799 4 27.31 0.8303
DnCNN" 33.75 0.9290 29.81 0.832 1 28.85 0.798 1 27.15 0.827 6
MemNet™*" 34.09 0.924 8 30. 00 0.8350 28.96 0.800 1 27.56 0.8376
CARNM 33.99 0.9236 30. 08 0.836 7 28.91 0.8000 26. 86 0.826 3
CARN-M"" 34.29  0.9255  30.29  0.8407  29.06  0.8034 27.38 0.840 4
EEDS+ 33.81 0.9252 29.85 0.8339 28.88 0. 805 4 27.43 0.8359
MSDEPC™ 33.37 0.9184 29.62 0.8279 29.58 0.79138 27.23 0.8190
CFSRCNN™ 33.24 0.9256 30. 27 0.8410 29.03 0.803 5 28.04 0.849 6
LESRCNN™ 34.93 0.9231 30.12 0.8380 28.91 0.800 5 27.70 0.8415
LESRCNN-S* 33.05 0.9238 30.16 0.8384 28.94 0.8012 27.76 0.8424
ACNet™* 34.14 0.924 7 30.19 0.8398 28.98 0.802 3 27.97 0.848 2
ACNet-B™* 34.07 0.924 3 30.15 0.8386 28.97 0.8016 27.88 0.844 7
Ours 34.35 0.926 8 30. 36 0.8417 29.11 0.804 7 28.19 0.853 1

R4 FREAFREANERMBENKIEHLRER
Tab.4 Comparison results of different methods on 4 Baseline datasets enlarged by 4 times
. Set5 Setl4 BSDS100 Urban100

"ok PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Bicubic™” 28.42 0.8104 26.00 0.7027 25.96 0.667 5 23.14 0.657 7
A+ 30. 28 0. 860 3 27.32 0.749 1 26. 82 0.708 7 24.32 0.718 3
RFL™ 30. 14 0.8548 27.24 0.7451 26.82 0.7054 24.19 0.709 6
DASR™ 31.68 0.8854 28.26 0.766 8 27.40 0.728 6 25.49 0.762 1
KXNet*" 31.94 0.8912 28.61 0.778 2 27.59 0.7330 26.18 0.7873
RED30"*" 31.51 0.8869 27.86 0.7718 27.40 0.7290 25.35 0.758 7
DnCNN™ 31.40 0.884 5 28.04 0.767 2 27.29 0.7253 25.20 0.7521
MemNet™" 31.74 0.889 3 28.26 0.7723 27.40 0.728 1 25.50 0.7630
CARN™ 31.92 0.890 3 28.42 0.776 2 27.44 0.7304 25.63 0.768 8
CARN-M" 32.13 0.8937 28. 60 0.780 6 27.58 0.7349 26.07 0.7837
EEDS+'" 31.53 0.8869 28.13 0.769 8 27.35 0.726 3 25.45 0.7629
MSDEPC™* 31.05 0.8797 27.79 0.758 1 27.10 0.719 3 25.23 0.758 6
CFSRCNN™* 32.06 0.8929 28.57 0.7800 27.53 0.7333 26.03 0.7824
LESRCNN™ 31.88 0.890 3 28.44 0.777 2 27.45 0.7313 25.77 0.7732
LESRCNN-S"* 31.88 0.890 7 28.43 0.7776 27.47 0.732 1 25.78 0.7739
ACNet™ 31.83 0.890 3 28.46 0.778 8 27.48 0.7326 25.93 0.779 8
ACNet-B™* 31.82 0.890 1 28.41 0.777 3 27.46 0.7316 25. 86 0.776 0
Ours 32.11 0.894 3 28. 63 0.7812 27.65 0.7352  26.07  0.7901
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