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Figure 1 Structure of the overall network
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Figure 2 Local spatial attention block
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Figure 4 Residual fusion attention block
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Table 1 The effects of LSAB and APB on image
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el T 31.03 0.876 6
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Figure 6 Schematic diagram of dilated convolution
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Table 2 The effects of dilated convolution on
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R PSNR/dB SSIM
i 45 1 32.17 0.894 8
2B 32.22 0.894 9
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Table 3 The effects of different reconstruction

times on image reconstruction quality

AL PSNR/dB SSIM
1 31.95 0.891 7
2 32.01 0.892 0
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Table 4 The effects of depths of network on image

reconstruction quality

R PSNR/dB SSIM

B Set5 Urban100 Set5 Urban100
9 32.04 25.91 0.892 5 0.780 4
10 32.09 25.93 0.893 5 0.780 8
11 32.09 25.94 0.893 2 0.780 5
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Figure 7 Comparison of output feature maps
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Table 5 Comparison of index values of different SR algorithms on test datasets

WK T - BRR/ {s’fa@ﬁm PSNR/dB SSIM
kB $/GFLOPs  SetS Setl4  BSD100 Urbanl00  Set5 Setl4  BSD100 Urban100
SRCNN 57 52.7 36.66  32.42  31.36  29.50 0.9542 0.9603 0.8879 0.8946
FSRCNN 12 6.0 36.98  32.62 31.50 29.85 0.9556 0.9087 0.8904 0.9009
VDSR 665 612.6 37.53  33.05 31.90 30.77 0.9587 0.9127 0.8960 0.914 1
DRCN 1774 9 788.7 37.63  33.04 31.85 30.75 0.9588 0.9118 0.8942 0.9133
LapSRN 251 29.9 37.52 32,99  31.80  30.41  0.9591 0.9124 0.8592 0.9103
AWSRN 397 91.2 37.75  33.31  32.00 31.39 0.9596 0.9151 0.8974 0.9207
DRRN 297 6 796.9 37.74 32,23 32.05  31.23  0.9591 0.9136 0.8973 0.918 8
. CARN 1592 222.8 37.76  33.52  32.09  31.92  0.9590 0.9166 0.8978 0.9256
2 LAPAR-A 548 171.0 38.01  33.62 32.19 32.10 0.9605 0.9183 0.8999 0.9283
IDN 553 127.7 37.83  33.30 32.08 31.27 0.9600 0.9148 0.8985 0.9196
MemNet 678 623.9 37.78  32.28 32.08  31.33  0.9597 0.9142 0.8978 0.9195
IMDN 684 158. 8 38.00 33.63 32.19  32.17  0.9605 0.9177 0.8996 0.928 3
CBPN 1036 240.7 37.90  33.60 32.17  32.14 0.9590 0.9171 0.8989 0.9279
RFDN 534 123.0 38.05 33.68 32.16 32.12  0.9606 0.9184 0.899 4 0.9278
RLFN 527 50.26  38.07 33.72 32,22 32.33  0.9607 0.9187 0.9000 0.929 9
A A A 710 88.49  38.10 33.75 32.26 32.48 0.9611 0.9196 0.9010 0.9319
SRCNN 57 52.7 37.75  29.30 28.41  26.24  0.9090 0.8215 0.7863 0.7989
FSRCNN 13 6.0 33.18  29.37 28.53  26.43  0.9140 0.8240 0.7910 0.8080
VDSR 666 612.6 33.66 29.77 28.82  27.14  0.9213 0.8314 0.7976 0.8279
DRCN 1774 9 788.7 33.82  29.76 28.80 27.15 0.9226 0.8311 0.7963 0.8276
LapSRN 502 149. 4 33.81  29.79 28.82  27.07 0.9220 0.8325 0.7980 0.8275
AWSRN 477 48.6 34.02  30.09 28.92  27.57 0.9240 0.8376 0.8009 0.839 1
. DRRN 297 6 796.9 34.03  29.96 28.95  27.53  0.9244 0.8349 0.8004 0.8373
3 CARN 1592 118.8 34.29  30.29 29.06 28.06 0.9255 0.8407 0.8034 0.8493
IDN 553 57.0 3411 29.99 28.95  27.42  0.9253 0.8354 0.8013 0.8359
LAPAR-A 544 114.0 34.36  30.34 29.11  28.15 0.9267 0.8421 0.8054 0.8523
MemNet 678 623.9 34.09 30.00 28.96 27.56 0.9248 0.8350 0.8001 0.8376
IMDN 703 71.5 34.36 30.32  29.09  28.17  0.9270 0.8417 0.8046 0.8519
RFDN 541 55. 4 34.41  30.34 29.09 28.21 0.9273 0.8420 0.8050 0.8525
AR SRR 718 89.31  34.37 30.35 29.07 28.32 0.9276 0.8428 0.8054 0.8558
SRCNN 57 52.7 30.48  27.50 26.90 24.52  0.8626 0.7101 0.7513 0.722 1
FSRCNN 12 6.0 30.72  27.61  26.98  24.62  0.8660 0.7150 0.7550 0.7280
VDSR 665 612.6 31.35  28.01 27.29 25.18 0.8838 0.7251 0.7674 0.7524
DRCN 1774 9788.7 31.53  28.02 27.23 25.14 0.8854 0.7233 0.7670 0.7510
LapSRN 813 149. 4 31.54  28.09 27.32  25.21 0.8852 0.7275 0.7700 0.756 2
AWSRN 588 37.7 31.77 28.35 27.41  25.56  0.8893 0.7304 0.776 1 0.767 8
DRRN 297 6796. 9 31.68 28.21 27.38  25.44  0.8888 0.7284 0.7720 0.763 8
CARN 1592 90.9 32.13  28.60 27.58  26.07 0.8937 0.7349 0.7806 0.7837
4 fi IDN 553 32.3 31.82  28.25 27.41  25.41 0.8903 0.7297 0.7730 0.763 2
LAPAR-A 659 94.0 32.15  28.61 27.61  26.14 0.8944 0.7366 0.7818 0.787 1
MemNet 678 623.9 31.74 28.26 27.40  25.50 0.8893 0.728 1 0.7723 0.763 0
IMDN 715 40.9 32.21  28.58 27.56  26.04 0.8948 0.7353 0.781 1 0.7838
CBPN 1197 97.9 32.21  28.63 27.58  26.14 0.8944 0.7356 0.7813 0.7869
RFDN 550 31.6 32.24  28.61 27.57 26.11 0.8952 0.7360 0.7819 0.7858
RLFN 527 51.96  32.24 28.62 27.60 26.17 0.8952 0.7364 0.7813 0.787 7
AR ST 730 90.45  32.40 28.71 27.64  26.37 0.8977 0.7388 0.7847 0.794 8
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Figure 8 Visual effect comparison by different networks with 4 times of scale factor

AR T — B T OBUREAE B BRI & T HLA
(4 Gy B vk o (0 T X035 2% 5 /A%
16 15 B W HR IO R AR IR RN 22 R R AE A )R
— Rl AR e R A R A AR 25
G TR IR W SR S ) R ) ORI G T R A
ghG AR T W 45 AE 25 8] 4k 5 W T8 ZE R G A
FEAE A 42 BURE 7, (o8 P90 265 T 9 i b F4 590 0 2 A6 g A0
FRAE A A [F] 2 780 1 465 RRUR) A 2 W) 4 - IS e
KT W45 8%z B 45T I 245 22 RO e AiF 119 45 B R
AR SCYN R B HE 45 {8 DIV2K B¥E 4E , PSNR  SSIM 1F
RV AR AR, SE 4 R R B A SOy e A R YRR
BB W SCHEE AN, PSNR £ SSIM #1545 T 42 F1, 3IF
WY T A SCRIFSE 7 1 0 A 0P o HZ %R A T 05 g

R A Sk TARRE e 00 R 5k B A T RO RR T, ik —
o W AR S Bk I I/ 9 245 254

SR

(1] kMg, SR2%, AR, 5. JET IR % 198 ik A
BRI BOREEITRLRAR[T]. BIN R Z M (T
7)), 2022, 43(5) . 8-16.
CHENG K Y, RONG L, JIANG S L, et al. Overview of
methods for remote sensing image super-resolution recon-
struction based on deep learning[ J]. Journal of Zhengzhou
University ( Engineering Science) , 2022, 43(5) . 8-16.

[2] DONG C, LOY C C, HE K M, et al. Learning a deep
convolutional network for image super-resolution| C ] //Eu-
ropean Conference on Computer Vision. Cham: Springer,
2014 184-199.

[3] DONG C, LOY C C, TANG X O. Accelerating the su-



% 6

L BE A , 55 < B T OURFAE 2 BBORTTE 2 77 BIL ) () P 1508 43 B 2 55

[7]

[9]

[10]

[13]

[14]

per-resolution convolutional neural network [ C ] /Europe-
an Conference on Computer Vision. Cham; Springer,
2016: 391-407.

KIM J, LEE J K, LEE K M. Accurate image super-reso-
lution using very deep convolutional networks[ C]//2016
IEEE Conference on Computer Vision and Pattern Recog-
nition (CVPR). Piscataway:IEEE, 2016. 1646—-1654.
LIM B, SON S, KIM H, et al. Enhanced deep residual
networks for single image super-resolution [ C ] /2017
IEEE Conference on Computer Vision and Pattern Recog-
nition Workshops (CVPRW ). Piscataway;IEEE, 2017,
1132-1140.

LAT W S, HUANG J B, AHUJA N, et al. Deep Lapla-
cian pyramid networks for fast and accurate super-resolu-
tion[ C]//2017 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). Piscataway:IEEE, 2017
5835-5843.

KIM J, LEE J K, LEE K M. Deeply-recursive convolu-
tional network for image super-resolution [ C1//2016 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR). Piscataway: IEEE, 2016: 1637-1645.
TAI'Y, YANG J, LIU X M. Image super-resolution via
deep recursive residual network[ C ] //2017 1EEE Confer-
ence on Computer Vision and Pattern
(CVPR). Piscataway;IEEE, 2017, 2790-2798.
ZHANG Y L, LI K P, LI K, et al. Image super-resolu-

Recognition

tion using very deep residual channel attention networks
[C] //European Conference on Computer Vision. Cham:
Springer, 2018. 294-310.

AHN N, KANG B, SOHN K A. Fast, accurate, and
lightweight super-resolution with cascading residual net-
work[ €] //Computer Vision—ECCV 2018 15th Europe-
an Conference. New York:ACM, 2018 256-272.

HU J, SHEN L, SUN G. Squeeze-and-excitation net-
works[ C]//2018 IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Piscataway; IEEE, 2018,
7132-7141.

WU B C, WAN A, YUE X Y, et al. Shift; a zero FLOP,
zero parameter alternative to spatial convolutions [ C]//2018
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE, 2018, 9127-9135.

TONG T, LI G, LIU X J, et al. Image super-resolution
using dense skip connections [ C] /2017 IEEE Interna-
tional Conference on Computer Vision (ICCV ). Piscat-
away:IEEE, 2017 4809-4817.

YUAN Y, LIU S Y, ZHANG J W, et al. Unsupervised

image super-resolution using cycle-in-cycle generative ad-

[15]

[16]

[17]

[18]

[20]

[21]

[22]

[23]

[24]

versarial networks[ C]//2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops
(CVPRW). Piscataway:IEEE, 2018 814-822.
WANG Z, BOVIK A C, SHEIKH H R, et al. Image
quality assessment: from error visibility to structural simi-
larity [ J].
Publication of the IEEE Signal Processing Society, 2004,
13(4) . 600-612.

YU F, KOLTUN V. Multi-scale context aggregation by
dilated convolutions[ EB/OL]. (2015-11-23) [ 2023 -
06-147]. hitps: /arxiv. org/abs/1511. 07122,

LI W B, ZHOU K, QI L, et al. LAPAR: linearly-assem-

IEEE Transactions on Image Processing: A

bled pixel-adaptive regression network for single image su-
per-resolution and beyond [ EB/OL]. (2021-05-21)
[2023-06-14]. https://arxiv. org/abs/2105. 10422.
TAT'Y, YANG J, LIU X M, et al. MemNet: a persistent
memory network for image restoration[ C]//2017 IEEE In-
ternational Conference on Computer Vision (ICCV). Pis-
cataway : IEEE, 2017, 4549-4557.
WANG C F, LI Z, SHI J. Lightweight image super-reso-
lution with adaptive weighted learning network [ EB/OL].
(2019-04-04) [ 2023 -06 - 14 ]. https: // arxiv. org/
abs/1904. 02358.
HUI Z, WANG X M, GAO X B. Fast and accurate single
image super-resolution via information distillation network
[C]//2018 TEEE/CVF Conference on Computer Vision and
Pattern Recognition. Piscataway :1EEE, 2018, 723-731.
HUI Z, GAO X B, YANG Y C, et al. Lightweight image
super-resolution with information multi-distillation network
[C}//Proceedings of the 27th ACM International Conference
on Multimedia. New York: ACM, 2019. 2024-2032.
ZHU F Y, ZHAO Q J. Efficient single image super-reso-
lution via hybrid residual feature learning with compact
back-projection network [ C ] /2019 IEEE/CVF Interna-
tional Conference on Computer Vision Workshop ( IC-
CVW). Piscataway:IEEE, 2019 2453-2460.
LIU J, TANG J, WU G S. Residual feature distillation
network for lightweight image super-resolution[ C ] //Euro-
pean Conference on Computer Vision. Cham; Springer,
2020 41-55.
KONG F Y, LIM X, LIUS W, et al. Residual local fea-
ture network for efficient super-resolution [ C ] // 2022
IEEE/CVF Conference on Computer Vision and Pattern
Recognition Workshops ( CVPRW ). Piscataway: IEEE,
2022 765-775.

(FHe% 64 11)





