£60% F4H/2023F 2 B/HMeERBFEHE

It Bl St FFIHE

b 7 22 R e 2 I 4% 11 PRl % A 2y Wi s e Gl v
2R

[y K H T L TR BE 0 200120

WE A WEGE PR R R K2 LG WIR 0 4450 2 S 8t K, I A REFE - BURRAE o o T i e L
AR B T — R R T R SR R 22 KU B 25 45 (EMISRIND i [BHG 20 FE R S B ik o XN 2% R 8 h 24 iR i 2 U
5% 22 e (EMSRB) 20 A% , 3 13 fff 1 5% 22 BRI 47 19 22 25 30 6 10 25 3 45 B AG B2 B B 1 1 T 25 4, 3R BT RS A Jmy 3 A
42 Ja) 22 ROBE R AE 0 (6] B A8 8000/ 1 0 4% S 80k o e A5 0 de e (o ) 30 0 0 T D HILAR 3 0L e 2 R ) R AR 2R AT AR,
o 00 2 B 22 Ml O T R AL AR S . SEBR AN SRR I L AR L Al Y 22 RO AR 25 %, T B B VA I 04 B MR M HL (PSNR) #R T T
0.53 dB, A5 F AL (SSIM) A 2] T 0. 9782, A kb T34 it T IR J& 8 3 B R W 4%, S5 AN L 31, 7040, A 1T 3 LAy
HAERM

KR MIERG; BoyrRdEd; WRE L2 ROFMR M4, Homal L REsk 2z b m ol

FESES TP391 XEKFRERD A DOI: 10.3788/LOP212884

Image Super-Resolution Reconstruction Algorithm Based on
Enhanced Multi-Scale Residual Network

Xu Jiao, Yuan Sannan
College of Electronics and Information Engineering, Shanghai University of Electric Power,
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Abstract Most existing image super-resolution reconstruction algorithms have an extremely deep network structure,
which leads to excessive parameters and an inability to fully extract features. To solve these problems, this study proposes
an image super-resolution reconstruction algorithm based on an enhanced multi-scale residual network (EMSRN). The
network consists of serial enhanced multi-scale residual blocks (EMSRB), and the backbone structure of the EMSRB is
constructed using a residual block and parallel multi-dilation rate dilated convolution group, which effectively reduce the
network parameters while obtaining the local and global multi-scale features of the image. The channel attention
mechanism is used at the end of the block to adaptively weight extracted features, which enables the network to pay more
attention to high-frequency information. Experiments show that, compared with the basic multi-scale residual network,
the proposed algorithm improves the peak signal-to-noise ratio (PSNR) by 0. 53 dB, and the structural similarity (SSIM)
reaches 0.9782. Compared with the enhanced deep super-resolution network, the proposed algorithm achieves similar
reconstruction performance with only 31. 7% of its parameters.
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Fig. 1 Structure of enhanced multi-scale residual network
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Fig. 2 Structure of enhanced multi-scale residual block
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Fig. 3 Structure of channel attention mechanism
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Table 1 Comparison between EMSRN-NOCA and EMSRN

Algorithm Scale Mangal09 PSNR/SSIM
EMSRN-NOCA X2 39.07/0. 9777 12 EMSRN f#§ PSNR #1 SSIM fii i {I T EDSR 51, Al
EMSRN X2 39.20/0. 9782 £ T MSRN F1H A 3 1 , EMSRN 75 JF A5 WK A 5 1
EMSRN-NOCA X3 34.01/0. 9478 PR iR LR b, Fo PSNR fH HE MSRN e Z 42 71 1
EMSRN %3 34.16/0. 9483 0.53 dB,SSIM fiz /5 iA 5] 0. 9782, H AR AR SCH ¥: B g

EMSRN-NOCA X 4 30.85/0. 9142 TYHEDSRZEAZH EERR, HHSH &/ NT

EMSRN X 4 30.95/0. 9148 ESDR, E AN B AE 3. 475 P 4% 2801 5 L 52 86 v i
EMSRN-NOCA X 8 24.74/0. 7852 B S A IR 2R BH 3 T AR OB R Y RIS SR AR
EMSRN X8 24.72/0. 7857 P e ., AR e W R

#2 KRR PSNRAISSIM fH
Table 2 PSNR and SSIM values of different algorithms

Algorithm Scale Setd Setl4 BSD100 Urban100 MangalO9
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic X2 33.69/0. 9284 30.34/0. 8675 29.57/0.8434 26.88/0. 8438 30.82/0. 9332
SRCNN X2 36.31/0.9535 32.26/0.9053 31.16/0. 8859 29.30/0.8939 35.16/0. 9663
FSRCNN X2 36.78/0.9561 32.57/0.9089 31.38/0. 8894 29.74/0.9009 36.26/0.9700
ESPCN X2 36.47/0.9544 32.32/0.9067 31.17/0. 8867 29.21/0.8925 35.28/0.9666
VDSR X2 37.16/0. 9582 32.87/0.9126 31.75/0.8951 30.74/0.9146 36.42/0.9730
LapSRN X2 36.91/0.9573 32.71/0.9105 31.59/0. 8922 30.26/0. 9090 36.09/0.9717
EDSR X2 38.11/0.9601 33.92/0. 9195 32.32/0.9013 ~/- ~/-
MSRN X2 38.09/0. 9607 33.73/0. 9182 32.22/0.9001 32.29/0. 9300 38.65/0.9771
IMDN X2 37.91/0.9594 33.59/0.9169 32.15/0. 8987 32.14/0.9274 38.79/0.9764
CFSRCNN X2 37.79/0.9591 33.50/0.9165 32.10/0. 8987 32.07/0.9273 38.16/0.9751
PAN X2 38.00/0. 9605 33.59/0.9181 32.18/0.8997 32.01/0.9273 38.70/0. 9773
EMSRN (proposed) X2 38.19/0. 9613 33.78/0.9195 32..30/0. 9012 32.74/0.9342 39.20/0.9782
Bicubic X3 30.41/0. 8655 27.64/0.7722 27.21/0.7344 24.46/0. 7411 26.96/0. 8555
SRCNN X3 32.60/0.9088 29.21/0. 8198 28.30/0. 7840 26.04/0.7955 30.09/0.9098
FSRCNN X3 32.51/0.9054 29.17/0. 8181 28.24/0.7821 25.97/0.7917 30.00/0. 9051
ESPCN X3 32.56/0.9073 29.19/0. 8195 28.26/0.7834 25.98/0.7929 30.01/0.9063
VDSR X3 33.54/0.9214 29.69/0. 8315 28.73/0.7963 27.05/0. 8265 31.55/0.9312
EDSR X3 34.65/0. 9282 30.52/0. 8462 29.25/0. 8093 ~/- ~/-
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#2 (%)

Algorithm Scale Set5 Setl4 BSD100 Urban100 MangalO9
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
MSRN X3 34.47/0.9276 30.38/0. 8434 29.13/0. 8062 28.31/0. 8558 33.58/0. 9452
IMDN X3 34.32/0.9259 30.31/0. 8409 29.07/0. 8036 28.15/0. 8510 33.58/0.9434
CFSRCNN X3 34.23/0.9256 30.26/0. 8409 29.02/0. 8033 28.03/0. 8495 33.27/0.9418
PAN X3 34.40/0.9272 30.36/0. 8422 29.10/0. 8049 28.11/0.8510 33.58/0.9448
EMSRN (proposed ) X3 34.65/0. 9290 30.54/0. 8461 29.24/0. 8089 28.70/0. 8634 34.16/0. 9483
Bicubic X4 28.43/0. 8022 26.10/0. 6936 25.97/0.6517 23.14/0. 6599 24.91/0.7826
SRCNN X4 30.22/0.8597 27.40/0. 7489 26.78/0.7074 24.29/0. 7141 27.10/0. 8457
FSRCNN X4 30.44/0. 8595 27.51/0. 7507 26.85/0. 7090 24.44/0.7188 27.42/0.8432
ESPCN X4 30.25/0. 8566 27.37/0. 7487 26.77/0.7072 24.26/0.7114 27.00/0. 8398
VDSR x4 31.18/0. 8819 28.00/0. 7673 27.19/0.7229 25.09/0. 7494 28.50/0. 8812
LapSRN X4 31.52/0. 8879 28.17/0.7729 27.28/0.7278 25.26/0.7596 28.85/0. 8900

EDSR X4 32.46/0. 8968 28.80/0.7876 27.71/0.7420 ~/- ~/-

MSRN X4 32.19/0. 8952 28.63/0. 7837 27.61/0.7377 26.16/0. 7894 30.53/0.9093
IMDN X4 32.19/0.8936 28.57/0.7803 27.54/0. 7342 26.03/0.7829 30.44/0.9065
CFSRCNN X4 32.06/0.8920 28.57/0.7801 27.52/0.7331 26.02/0. 7823 30.30/0.9048
PAN X4 32.13/0.8948 28.61/0. 7822 27.59/0.7363 26.11/0. 7854 30.51/0. 9095
EMSRN (proposed) X4 32.43/0. 8980 28.77/0.7863 27.69/0. 7408 26.51/0.7995 30.95/0.9148
Bicubic X8 24.40/0. 6045 23.19/0.5110 23.67/0.4808 20.74/0. 4841 21.46/0.6138
SRCNN X8 24.10/0. 6599 23.02/0. 5704 23.53/0.5479 20.68/0. 5157 21.41/0. 6470
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Fig. 4 Image visual effects of different algorithms with scale factor X 2
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Fig. 7 Image visual effects of different algorithms with scale factor X 8
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