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An overview of image super-resolution research based on lightweight networks

WANG Yu, NING Yuan
(School of Electrical Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] In recent years, more and more research has been conducted on image super—-resolution through deep learning, but
more research lies in improving the quality of image super—score by changing the depth and width of the network structure, and few
studies have adopted lightweight and effective networks to improve the efficiency of super—score without affecting its performance.
Therefore, this paper mainly describes several lightweight networks, analyzes their principles and advantages and disadvantages, and
analyzes the current status of image super resolution and looks forward to the future development trend of image super resolution.
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Fig. 1 Model compression classification
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Tab. 1 Comparison of quantification results of the latest SISR algorithm

Set5 Set14 BSD 100 urban 100
PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM

Algorithm  Scale

Bicubic 2 33.66/0.930 30.24/0.869 29.56/0.843 26.88/0.841
SRCNN 2 36.66/0.954 32.45/0906 31.36/0.888 29.50/0.895
VDSR 2 37.53/0958 33.05/0913 31.90/0.896 30.77/0914
LapSRN 2 375270959 3308/0913 31.80/0.895 30.41/0.910
DRRN 2 377470959 332370913 32.05/0.897 31.23/0.919
MS-LapSRN 2 37.7270959  33.24/0914  32.00/0.898 31.01/0.917
IDN 2 37.83/0960 33.30/0914 32.08/0.899 31.27/0.920
LGCN(Ours) 2 37.75/0960 3331/0918 32.05/0.901 31.27/0.924
Bicubic 3 30.39/0.868 27.55/0.774 27.21/0.739 24.46/0.735
SRCNN 3 3275/0.909 29.3/0.822 28.41/0.786 26.24/0.799
VDSR 3 336770921 29.78/0.832 28.83/0.799 27.14/0.830
LapSRN 3 338270922 29.87/0.832 28.82/0.798 27.07/0.828
DRRN 3 34.03/0.924 29.96/0.835 2895/0.800 27.53/0.837
MS-LaSRN 3 34.01/0.924 29.96/0.836 28.92/0.801 27.39/0.835
IDN 3 341170925 29.99/0.835 28.95/0.801 27.42/0.836
LGCN(Ours) 3 341270926 30.01/0.837 28.96/0.803 27.47/0.840
Bicubic 4 2842/0.810 26.00/0.703 25.96/0.668 23.14/0.658
SRCNN 4 3048/0.863 27.52/0.753 2691/0.712 24.53/0.724
VDSR 4 31.35/0.882 28.02/0.769 27.29/0.726 25.18/0.753
LapSRN 4 31.54/0.885 28.19/0.772 27.32/0.727 25.21/0.756
DRRN 4 31.68/0.888 2821/0.772 27.38/0.728 25.44/0.764
MS-LapSRN 4  31.74/0.888 28.25/0.773 2742/0.731  25.45/0.765
DN 4 318270890 2825/0.773 2741/0.730  25.41/0.763

LGCN(Ours) 4 317970891 2830/0.780 27.42/0735 2549/0.766
R B B T 2% 3% AxEH PSNR/SSIM, el 1Y
T BE HPARLRSR | AT A B T R 2t
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Tab. 2 Comparison of non-lightweighted network results

SO [RIAAE Set14 Z4E 4 LA 1 PO 46 i A
FHI G L8, A 4 B, 7EE 4 vha DIIER 3],

Scale EDSR SRResNet LGCN( Ours) KEBA 04 e T N S R & S B B Bk S ek
2 38.11/0.960  37.85/0.959  37.75/0.960 fEP R Aot BB Db 3 . M ELZ T, LGCN Jrik
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2 33.92/0919  33.55/0.918  33.31/0.918 4 mFRTE: A LGCN, IFEER 4 1o T EMH
Setl4 3 30.25/0.846  30.27/0.839  30.01/0.837 BB PSNR,, G = 1 T AR AELT 2404k
4 28.80/0.787  28.50/0.779  28.30/0.780 N2 I PERE R 0.11 dB % T 222 K S50 /0
2 32.32/0.901  32.08/0.900  32.05/0.901
/ é Al = Al
BSDIOO 3 29.25/0.809  28.97/0.803  28.96/0.803 é‘i}jﬂj(/ VLK 4 HT\, PERELL G =2 HTF%%{EE 0.16 d]i,
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Fig. 4 Visual comparison of the four—fold factor for the setl4 dataset
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Fig. 5 Comparison of model parameters
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Fig. 6 Structure of the MFRSR
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Fig. 9 Comparison of the experimental effects of different algorithms
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Fig. 11 Spatial-channel attention module structure
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Fig. 13 Comparison of accuracy and speed of different methods
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Tab. 3 Quantitative comparison between several typical SR models
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Tab. 4 Comparison of model processing runtimes

scale Bicubic NLM SRCNN VDSR IDN RecNet  FSCWRN LIN

r=2 0.1543 90.4238  0.302 1 1.764 4 0.812 3 0.823 1 2.190 6 0.850 1
r=3 0.1578  63.5357 0.3211 2.648 8 0.441 5 0.965 2 1.140 3 0.968 9
r=4 0.161 0 46.0358 0.328 4 2413 1 0.277 3 1.027 7 0.747 7 1.078 8
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