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Improved Second-Order Runge-Kutta
Super-Resolution Algorithm
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Abstract; An improved second-order Runge-Kutta super-resolution algorithm is proposed. Firstly, a shallow
shared encoder is proposed to extract the shallow feature of low-resolution images. Secondly, a deep feature
learning unit is proposed and further integrated with the residual module based on the Runge-Kutta method to
construct a deep-feature-based residual module to improve the ability of deep feature extraction. Experimental
results show that compared with the mainstream super-resolution algorithm. the algorithm proposed in this pa-
per has better effect in subjective visual effect and objective evaluation index.
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Fig. 4 Feature learning unit Fig.5 Deep feature learning unit
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Tab.1 Influence of shallow shared encoder on model Tab. 2 Influence of deep feature learning unit on model
BH )2 I G l 28 n=2 n=3 n=4
- T # 2 1 Rpsx/dB 32. 22 32. 29 32.32
Rpsn/dB 37.98 38.02 38.11 38.13 t/d 2 3 4
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Fig. 6 Comparison of model training loss with and without WN layer
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Tab.3 Comparison of super-resolution evaluation between proposed algorithm and other algorithms

o P& 44 i K Set5 Setl4 B100 Urbanl00
(G Resx/dB Mgy Resx/dB Mgy Resx/dB Mgy Resx/dB Mgy

Bicubic 33.66 0.929 30. 24 0. 868 29.56 0. 843 26. 88 0. 840
SRCNN 36. 66 0.954 32.42 0.906 31. 36 0. 887 29.50 0. 894
VDSR 37.53 0.958 33.03 0.912 31.90 0. 896 30.76 0.914
EDSR-s X2 37.91 0.959 33.47 0.916 32.15 0. 898 31.97 0.924
OISR-RK2-s 37.98 0. 960 33.58 0.917 32.18 0. 899 32.09 0.928
OISR-LF-s 38.02 0. 960 33.62 0.917 32.20 0.900 32.21 0.929
DR RS 38.11 0.962 33.67 0.919 32.23 0. 899 32.41 0.931
Bicubic 30. 39 0. 868 27.55 0.774 27.21 0.738 24. 46 0.734
SRCNN 32.75 0.909 29.28 0. 820 28.41 0. 786 26. 24 0.798
VDSR 33. 66 0.921 29.77 0. 831 28.82 0.797 27.14 0.827
EDSR-s X3 34.29 0.924 30. 25 0. 843 29.05 0. 804 27.98 0. 849
OISR-RK2-s 34. 43 0.927 30. 33 0. 842 29.10 0. 805 28. 20 0. 853
OISR-LF-s 34. 39 0.927 30. 35 0.842 29.11 0. 805 28. 24 0. 854
A 34.51 0.928 30. 39 0. 843 29.15 0. 806 28.41 0. 858
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Continue table
5 @}%gk Setb Setl4 B100 Urbanl00
5] Rpsn/dB My Rpsn/dB My Rpsn/dB Mg Rpsn/dB Mg
Bicubic 28.42 0. 810 26. 00 0.702 25. 96 0.667 23.14 0.657
SRCNN 30. 48 0. 862 27.49 0.750 26.90 0.710 24.52 0.722
VDSR 31.35 0. 883 28.01 0.767 27.29 0.725 25.18 0.752
EDSR-s X4 32.05 0. 888 28.51 0.772 27.52 0.732 25. 87 0. 780
OISR-RK2-s 32.21 0. 895 28.63 0.782 27.58 0.736 26. 14 0. 787
OISR-LF-s 32.14 0. 894 28.63 0.781 27. 60 0.736 26.17 0.788
B 32.29 0. 895 28.65 0.781 27.61 0.736 26. 20 0. 790
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Fig. 8 Dlsplay images of reconstruction result of image “Img_098” in data set Urban100
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Fig. 9 Display images of reconstruction result of image “Barbara” in data set Setl4
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Fig. 10 Display images of reconstruction result of image “Img_039” in data set Urban100
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