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Review of Image Super-Resolution Reconstruction
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(Image Processing Center, School of Astronautics, Beihang University, Beijing, 100191, China)

Abstract: Image super-resolution reconstruction is an image processing technology, which recovers high-
resolution images from low-resolution images. While, the super-resolution problem is under-determined. In
recent years, researchers have proposed learning-based methods to learn image prior information from a
large amount of data, in order to constrain the super-resolution solution space. This paper introduces the
mainstream image superresolution reconstruction algorithms in the past two decades, which are divided
into two categories: traditional features based methods and deep learning based methods. For the
traditional super-resolution reconstruction algorithms, this paper mainly presents the methods based on
neighborhood embedding, the methods based on sparse representation, and the methods based on local
linear regression. For the deep learning based methods, the superresolution model design, the up-
sampling method and the loss function form are provided. In addition, this paper introduces the application
of super-resolution reconstruction technology in video super-resolution, remote-sensing image super-
resolution, and high-level vision tasks. Finally, the future development directions of image super-resolution
reconstruction technology are provided.
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Table 1 Average PSNR and SSIM values of different super-resolution methods on some benchmark datasets

(scale factor is X2)

. Setd Setl4 BSD100 Urban100 Mangal09
ik PSNR/ SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic* 33.66/0.929 9 30.24/0.868 8 29.56/0.843 1 26.88/0.840 3 30.80/0.933 9
NE-+LLE®™" 35.77/0.949 0 31.76/0.899 3 —/— —/— —/—
ANRP 35.83/0.949 9 31.80/0.900 4 —/— —/— —/—
A 36.54/0.954 4 32.28/0.905 6 —/— —/— —/—
SRCNNF* 36.66/0.954 2 32.45/0.906 7 31.36/0.887 9 29.50/0.894 6 35.60/0.966 3
FSRCNN™* 37.05/0.956 0 32.66/0.909 0 31.53/0.892 0 29.88/0.902 0 36.67/0.971 0
SCNMIe 36.52/0.953 0 32.42/0.904 0 31.24/0.884 0 29.50/0.896 0 35.51/0.967 0
VDSRP!* 37.53/0.959 0 33.05/0.913 0 31.90/0.896 0 30.77/0.914 0 37.22/0.9750
LapSRN""* 37.52/0.959 1 33.08/0.913 0 31.08/0.895 0 30.41/0.910 1 37.27/0.974 0
DRCNPe 37.63/0.958 8 33.06/0.912 1 31.85/0.894 2 30.76/0.913 3 37.57/0.973 0
DRRN®* 37.740.959 1 33.23/0.913 6 32.05/0.897 3 31.23/0.918 8 37.92/0.976 0
ZSSR¥* 37.37/0.957 0 33.00/0.910 8 31.65/0.892 0 —/— —/—
MemNet™* 37.78/0.959 7 33.28/0.914 2 32.08/0.897 8 31.31/0.919 5 37.72/0.974 0
EDSR"#* 38.11/0.960 2 33.92/0.919 5 32.32/0.901 3 32.93/0.935 1 39.10/0.977 3
MDSR™* 38.11/0.960 2 33.85/0.919 8 32.29/0.900 7 32.84/0.934 7 38.96/0.978 0
SRMD"* 37.79/0.960 1 33.32/0.915 9 32.05/0.898 5 31.33/0.920 4 38.07/0.976 1
D-DBPN™* 38.09/0.960 0 33.85/0.919 0 32.27/0.900 0 32.55/0.932 4 38.89/0.977 5
RDNF® 38.24/0.961 4 34.01/0.921 2 32.34/0.901 7 32.89/0.935 3 39.18/0.978 0
RCANF 38.27/0.961 4 34.11/0.921 6 32.41/0.902 6 33.34/0.938 4 39.43/0.978 6
SANH 38.31/0.962 0 34.07/0.921 3 32.42/0.902 8 33.10/0.937 0 39.32/0.979 2
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R2 EEBURETRREESPE AN T PSNR N SSIM Xt Lt (R E B F 25 X3)
Table 2 Average PSNR and SSIM values of different super-resolution methods on some benchmark dataset

(scale factor is X3)

. Setd Setl4 BSD100 Urban100 MangalO9
ik PSNR/ SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic 30.39/0.868 2 27.55/0.774 2 27.21/0.738 5 24.46/0.734 9 26.95/0.855 6
scHr 31.42/0.882 1 28.31/0.795 4 —/— —/— —/—
NE-+LLE™" 31.84/0.895 6 28.60/0.807 6 —/— —/— —/=
ANR™" 31.92/0.896 8 28.65/0.809 3 —/— —/= —/—
A 32.59/0.908 8 29.13/0.818 8 —/— —/= —/—
SRCNNF*# 32.75/0.909 0 29.30/0.8215 28.41/0.786 3 26.24/0.798 9 30.48/0.911 7
FSRCNN™* 33.18/0.914 0 29.37/0.824 0 28.53/0.791 0 26.43/0.808 0 31.10/0.921 0
SCN#e 32.62/0.908 0 29.16/0.818 0 28.33/0.783 0 26.21/0.801 0 30.22/0.914 0
VDSR?!* 33.67/0.921 0 29.78/0.832 0 28.83/0.799 0 27.14/0.829 0 32.01/0.934 0
LapSRN"* 33.82/0.922 7 29.87/0.832 0 28.82/0.798 0 27.07/0.828 0 32.21/0.9350
DRCN™e 33.82/0.922 6 29.77/0.831 4 28.80/0.796 3 27.15/0.827 7 32.31/0.936 0
DRRNM 34.03/0.924 4 29.96/0.834 9 28.95/0.800 4 27.53/0.837 7 32.74/0.939 0
ZSSRM 33.42/0.918 8 29.80/0.830 4 28.67/0.794 5 —/— —/—
MemNet""* 34.09/0.924 8 30.01/0.8350 28.96/0.800 1 27.56/0.837 6 32.51/0.936 9
EDSR™* 34.65/0.928 0 30.52/0.846 2 29.25/0.809 3 28.80/0.865 3 34.17/0.947 6
MDSR™* 34.66/0.928 0 30.44/0.845 2 29.25/0.809 1 28.79/0.865 5 34.17/0.947 0
SRMD"* 34.12/0.925 4 30.04/0.838 2 28.97/0.802 5 27.57/0.839 8 33.00/0.940 3
RDNP* 34.71/0.929 6 30.57/0.846 8 29.26/0.809 3 28.80/0.865 3 34.13/0.948 4
RCANP 34.74/0.929 9 30.64/0.848 1 29.32/0.8111 29.08/0.870 2 34.43/0.949 8
SANM* 34.75/0.930 0 30.59/0.847 6 29.33/0.811 2 28.93/0.867 1 34.30/0.949 4

5 BGBIHEENA

5.1 WNEHH

AR F 2 SRR 43 3, ISR 43 #F (Video super-resolution, VSR)F| FIAK 43 PR W40+ 1) 8 e 15
B3 o> PEAAUT 1) o G000 53 B O 125 08 R AT 55 O — A A T R A SR AR
TR R B . T AR, AR 2225 25 0 R R 2 2 ~F 25 4t st LA 41) 22 [ ) s 28 ARG 3% o ik 28 5 vk
KARTT LLGF R W26 s — & Bk Tas AT AR i Bk s R B T I i B vk, o o =X b o 39000 il 58052 3 #b
. X T EE Tz A B U5 i, Caballero 55OV T — A 22 73 B 3825 ] 78 o B HOR Al T2 47 422, IR
5K BEEMEWUT S ARZS G i A B ESPCN W 28 A5 He8inh DA 45 31 8 25 2R . Tao 102K 74
318 B MR B i A A BRI 2 0 2 A5 AU v S ek i 3 g 1) O 2 [ I A 2 32 Bl R RN 58 R o) B R
A, DT BB % ST G b DA 22 M A5 R S AR T AR L . X TR T R I U R Jo AU T — A i ) 35 19
A AR 28 R 5 3o 5 MR AR 3R 00 Sy B I 23 &R OG22 ji 2l 285 b SR R i e 4 1 B 22 (R, DT
B ATz S A . Sajjadi AEUOVER YT — S itk IS R ASTER S B HE 22 e A ) S A T R R o
P G WU B IS 2R 8 o BER EUR WA A o Y ARSI i R B Rl 4% A FE 4 R AR ot ) 8] 22
() B A 25 A5 6L L O 5 LA Joy ¥ I 5 11052 2 o AT e 971 T ) 4 R B AR O %
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R3 EEBUIRETRREESPE AR T PSNR N SSIM Xt Lt (R E B F 25 X4)
Table 3 Average PSNR and SSIM values of different super-resolution methods on some benchmark dataset

(scale factor is X4)

. Setd Setl4 BSD100 Urban100 MangalO9
ik PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic 28.42/0.810 4 26.00/0.702 7 25.96/0.667 5 23.14/0.657 7 24.89/0.786 6
NE-+LLE™ 29.61/0.840 2 26.81/0.733 1 —/— —/— —/—
ANR™ 29.69/0.841 9 26.85/0.735 2 —/— —/— —/=
AP 30.28/0.860 3 27.32/0.749 1 —/— —/= —/—
SRCNNP# 30.48/0.862 8 27.50/0.751 3 26.90/0.710 1 24.52/0.722 1 27.58/0.855 5
FSRCNN®* 30.72/0.866 0 27.61/0.755 0 26.98/0.715 0 24.62/0.728 0 27.90/0.861 0
SCN#e 30.39/0.862 0 27.48/0.751 0 26.87/0.710 0 24.52/0.725 0 27.39/0.857 0
VDSR™* 31.35/0.883 0 28.02/0.768 0 27.29/0.072 6 25.18/0.754 0 28.83/0.887 0
LapSRN""* 31.54/0.885 0 28.19/0.772 0 27.32/0.727 0 25.21/0.756 0 29.09/0.890 0
DRCN™ 31.53/0.885 4 28.03/0.767 3 27.24/0.723 3 25.14/0.751 1 28.97/0.886 0
DRRN 31.68/0.888 8 28.21/0.772 0 27.38/0.728 4 25.44/0.763 8 29.46/0.896 0
ZSSRM 31.13/0.879 6 28.01/0.765 1 27.12/0.721 1 —/— —/=
MemNet"”"* 31.74/0.889 3 28.26/0.772 3 27.40/0.728 1 25.50/0.763 0 29.42/0.894 2
EDSRP* 32.46/0.896 8 28.80/0.787 6 27.71/0.742 0 26.64/0.803 3 31.02/0.914 8
MDSR* 32.50/0.897 3 28.72/0.7857 27.72/0.741 8 26.67/0.804 1 31.11/0.915 0
SRMD"* 31.96/0.892 5 28.35/0.778 7 27.49/0.733 7 25.68/0.773 1 30.09/0.902 4
D-DBPN™* 32.47/0.898 0 28.82/0.786 0 27.72/0.740 0 26.38/0.794 6 30.91/0.913 7
RDNP* 32.47/0.899 0 28.81/0.787 1 27.72/0.741 9 26.61/0.802 8 31.00/0.915 1
RCANP 32.62/0.900 1 28.86/0.788 8 27.76/0.743 5 26.82/0.808 7 31.21/0.917 2
SANM* 32.64/0.900 3 28.92/0.788 8 27.78/0.743 6 26.79/0.806 8 31.18/0.916 9

5.2 EREGESH
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