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Abstract CNN-based methods have achieved notable performance in the research of single image super

resolution domain. To further improve the representation ability and performance of networks, most research

works have adopted the attention mechanism. In this survey, we introduce a taxonomy for the attention

based super-resolution networks and classify existing methods into two categories: first-order and second-

order attention. We also provide comparisons between the models in terms of network scale, memory

footprint, type of network losses and important architectural differences for attention implementation. An

analysis tool from recent network interpretation works is applied to verify the improvements of the evolving

attention mechanism. Finally, we analyze and discuss challenges in processing real degraded images, and

point out the problems and potential topics in future research work.
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He, SAN FIGHRERRE D, (HBT MR
DX 32 A Ja) R B 55 2 A b 5 22 45 R A AR SR T
HRIBEERE, ERKWEG L, 2 RE
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Table 1 Quantitative results of different SR networks

Set5 Set14 BSD100 Urban100 Mangal09
ik }iﬁ PSNR PSNR PSNR PSNR PSNR
H (dB) SSIM (dB) SSIM (dB) SSIM (dB) SSIM (dB) SSIM
EDSR X2 38.11 0.960 2 33.92 0.919 5 32.32 0.901 3 32.93 0.9351 39.10 0.9773
RCAN X2 38.27 0.961 4 34.12 0.9216 32.41 0.902 7 33.34 0.938 4 39.44 0.978 6
PAN X2 38.00 0.960 5 33.59 0.918 1 32.18 0.899 7 32.01 0.9273 38.70 0.9773
IGNN X2 38.24 0.9613 34.07 0.9217 32.41 0.902 5 33.23 0.9383 39.35 0.978 6
HAN X2 38.27 0.961 4 34.16 0.9217 32.41 0.902 7 33.35 0.938 5 39.46 0.978 5
RNAN X2 38.17 0.961 1 33.87 0.920 7 32.32 0.901 4 32.73 0.934 0 39.23 0.978 5
SAN X2 38.31 0.962 0 34.07 0.921 3 32.42 0.902 8 33.10 0.9370 39.32 0.979 2
SwinIR X2 38.35 0.962 0 34.14 0.9227 32.44 0.903 0 33.51 0.940 1 39.70 0.979 4
EDSR X3 34.65 0.928 0 30.52 0.846 2 29.25 0.809 3 28.80 0.8653 34.17 0.947 6
RCAN X3 34.74 0.929 9 30.65 0.848 2 29.32 0.8112 29.09 0.870 2 34.44 0.949 9
PAN X3 34.40 0.927 1 30.36 0.842 3 29.11 0.8050 28.11 0.851 1 33.61 0.944 8
IGNN X3 34.72 0.929 8 30.66 0.848 4 29.31 0.810 5 29.03 0.869 6 34.39 0.949 6
HAN X3 34.75 0.929 9 30.67 0.848 3 29.32 0.8110 29.10 0.870 5 34.48 0.950 0
RNAN X3 34.66 0.929 4 30.52 0.846 0 29.26 0.8059 28.76 0.864 8 34.22 0.948 3
SAN X3 34.75 0.930 0 30.59 0.847 6 29.33 0.8112 28.93 0.867 1 32.30 0.949 4
SwinIR X3 34.89 0.931 2 30.77 0.850 3 29.37 0.812 4 29.29 0.874 4 34.74 0.951 8
EDSR X4 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
RCAN X4 32.63 0.900 2 28.87 0.788 9 27.77 0.743 6 26.82 0.808 7 31.22 09173
PAN X4 32.13 0.894 8 28.61 0.782 2 27.59 0.736 3 26.11 0.785 4 30.51 0.909 5
IGNN X4 32.57 0.899 8 28.85 0.789 1 27.77 0.743 4 26.84 0.809 0 31.28 0.918 2
HAN X4 32.64 0.900 2 28.90 0.789 0 27.80 0.744 2 26.85 0.809 4 31.42 09177
RNAN X4 32.49 0.898 2 28.83 0.787 8 27.72 0.742 1 26.61 0.802 3 31.09 0.914 9
SAN X4 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
SwinIR X4 32.72 0.902 1 28.94 0.791 4 27.83 0.7459 27.07 0.816 4 31.67 0.922 6
R2 TEEBHMERIERIXTEE
Table 2 Model summary of different SR networks
Tk BOERE M) BB BRNE BRI (G) ZHE (M) BAEEH M) SRR E]-Set14 (s)  FAREREL
RCAN 1 815.098 7 815 1044.025 3 15.592 4 604.476 0.086 647 £
PAN 270.532 6 121 32.190 8 0.272 4 299.845 0.027 809 4
HAN 1 826.829 6 819 10754423 16.071 8 846.308 0.087 234 £
IGNN 2 195.701 8 136 4820.970 0 49.512 6 1 3801.464 0.230 422 4
RNAN 885.194 8 235 545.965 8 9.2550 5212.662 0.133 644 4
SAN 1867.711 8 498 1 066.046 9 15.860 5 7775.214 0.396 803 £
SwinIR 185.598 0 12 500.559 5 11.900 2 723.638 0.120 190 4

TE: IBHE(G) W RE (M) MEAF ST (M), AR R BRSO 256 X 256 () B 5 L HEAT I

ANRIE B IR A VERER L, iy W 2% A5 T 1) HiY HAN A [ JZ 7 & 77 15 B R I8 22 (8] VE R
Ja —RNZREE R JIREHLRE X 4 11 BE #2225 B4R T AR . AE
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RCAN [J5:Al B IdiE 7 SO E, WESTE
Urban100 1 Mangal09 % #a4E 178 73 ROER 73 7l 32
FFT 0.118 8 dB £ 0.154 4 dB. i [ 21175 fu#bidh
Jes W% SSIM febn A B dE .

PAN TR 22, R RIESAR KT M IR
IR I IMERE . WTLLER 4, BRER
FINLHIE RCAN B T- W% Ik 2 A Ko
FEB BRI SEERN, T2 N 4 251
BRI FENNRILEIREEfS . PAN HIMEREAIIR %
AW BT,

SAN A FH P 75 22 R A0F i B A% 326 4R iF 5 B

Ae B AL T B AL B R IEFE P RCAN, £
Urban100 MiX%E 7 RORIETH 7 0.110 6 dB,
R geit- &5 T M v Re A 38 13Tt
% 4 JE78 T UL MDSR [S30& R3uE, 7EiF
AZE RSN SN B R PERE. HAN
FHH T RCAN FZSU# 2 LAM 1 CSAM.
1E A S HCE AR HAN JE N2 BB IR,
HAN-L "] LAM A7 T J5R 452 TR 50 ) 5% 72 381 1
sRAEA, EEEAER —ERAER. mE
AMEH LAM [FHE% HAN-L-woLA 1, CSAM
X HAN fPERERH B35, MLLT RCAN 7E X

#*3 RCAN FFRE T ARLEENRRAIIERERT L

Table 3 Comparison of different attention modules based on the same backbone

Set5 Setl4 BSD100 Urban100 Mangal09
Jyit: E;}; PSNR PSNR PSNR PSNR PSNR
H (dB) SSIM (dB) SSIM (dB) SSIM (dB) SSIM (dB) SSIM
HAN-wLA X 4 325755 0.900 1 28.769 7 07875 277147 07422 26,6129 08033  31.0043 09164
HAN-woLA X4 325272 0.8996 28.776 9 07874 277099 07419 266125 08030  31.0286 09162
SAN-wNL X4 324616 0.8986 28.789 8 07870  27.6775  0.7404 265230 07998 309283 09145
SAN-woNL X4 324626  0.8986 28.772 4 07869  27.7137 07417 26,6043 08025  31.0345 09157
PAN X4 323620  0.8979 28.779 8 07861  27.6949 07407 265080  0.7995  30.840 1 0.913 6
RCAN X4 324825  0.8900 287220 07861  27.6862  0.7414 264937 08005 308742 09147
i wo) LA 7R OR) A2 R8s w (o) NL 27 OF) A F 3R R v B ML) (R0 2% il o R o 250 2R I il ZRse 284
*k4 BYEMENTRIEENWEHEREXTEE
Table 4 Comparison of different attention networks with comparable parameters
Set5 Set14 BSD100 Urban100 Mangal09
Jrik ng PSNR PSNR PSNR PSNR PSNR e
H @B) SSIM @B) SSIM (@B) SSIM (@B) SSIM (B) SSIM (&)
MDSR X4 323500 0.8975 287501 0.7860 27.6854 0.7403 264871 07989 30.8554 09137 7.954 0
HAN-L-wLA X4 324611 08984 287876 07865 27.6925 0.7414 265371 0.8001 309284 09151  8.86651
HAN-S-wLA X4 325006 08985 287466 0.7856 27.6703 07401 265280 0.7991 309341 09148 7.920 7
HAN-L-woLA X4 325139 08990 287727 07868 27.6995 07409 265577 08010 309162 0.9150 8.593 1
SAN-wNL X4 323813 08976 287724 07864 27.6885 0.7400 265135 0.7988 30.8857 09140 8.099 8
SAN-woNL X4 324465 0.8983 287645 07862 27.6969 0.7407 265263 0.8001 309770 09145 8.096 6
RNAN-wNL X4 321921 08948 286538 0.7831 275890 0.7376 26.1948 0.7899 304045 0.9075 74745
RNAN-woNL X4 322442 08958 287310 0.7854 27.6574 07390 263605 07949 307316 09117 7.457 8
PAN X4 324242 0.8980 287601 0.7864 27.6946 0.7404  26.5067 0.7991 30.8865 009141 7.818 5
RCAN X4 324513  0.8985 287332 0.7864 27.6942 0.7411 26.548 1 0.8002 30.8494 09140 8.148 8

i wlo) LA Fom OF) M EE R I8 w (o) NL R OF) S HTHE RN HAN-L FoR i RS H0R 1 HAN M2%; HAN-S Fon il UMM 280811

HAN [%4% (28 I Rl 12 h 3 AR ol 2R 7Y)
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o fabr L E H BT . HAN-S-wLA M tF
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4.5 INEHEIS
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PE, JUHZ HAN 25 HHUES B NE S BONZR 9
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TEEINE X2 WNGHER, RE¥IERN
107°, Ik 2X10° YWIEAR, A0 LAS 2R ST
g
4.6 TFIAL

6 R T % MZTE “YumeiroCooking”
1 “img_004” EME X4 o ma Ayt 78
“YumeiroCooking” AJ#LALT L, 38 i 40 3
J&3Z A PSNR/SSIM #Ei5 &AL/ HT AT 1%, HAN.
RCAN 0 58 2R B B A T oA 48 4y WX 2% . 3
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(R 2%, 2251 M, J7 MHER; RCAN &K
FRAE, J7 IR HERR, (H A4 2% 80 4R X SR
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{EL ) £ A0 5 AR RN F bR 20 R B fE . T RCAN A
SAN HAR 7 #5850 WA, SAN 1E B0 % 845
RORWIE 55T RCAN.

AL RE B IT ) SwinIR 7EK 6 A R I
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4544 .
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HH R SR IR AR RE
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Fig. 6 Visual comparison for X4 SR on img_73 in Urban100 and YumeiroCooking in Manga109
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Fig. 7 Visual comparison for X4 SR on img_073 and img_076 in Urban100 datasets
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Fig. 8 Comparison of the SR results and LAM attribution results of different SR networks
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