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Image super-resolution reconstruction network
with dual attention and structural similarity measure

HUANG You-wen, TANG Xin", ZHOU Bin

(School of Information Engineering , Jiangxi University of Science and Technology ,
Ganzhou 341000, China)

Abstract: Aiming at the problem that the solution space of mapping function from low resolution im-
age to high resolution image is extremely large, which makes it difficult for super-resolution recon-
struction models to generate detailed textures, this paper proposes a image super resolution that com-
bines dual attention and structural similarity measure. With the improved U-Net network model as the
basic structure, the data augmentation methods for low-level vision tasks are introduced to increase
sample diversity. The encoder is composed of a convolution layer and an adaptive parameter linear rec-
tifier function (Dynamic RelLU). At the same time, a residual dual attention module(RDAM) is intro-

duced, which forms a decoder together with the PixelShuffle module. The image is enlarged gradually
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through the up-sampling operation. In order to make the generated image more in line with the human

visual characteristics, a loss function combined with structural similarity measurement criteria is pro-

posed to enhance the network constraints. The experimental results show that the average PSNR of

the quality of the reconstructed image on the Set5, Setl4, BSD100 and Urbanl00 standard test sets is
improved by about 1.64 dB, and the SSIM is improved by about 0.047 compared with SRCNN. The

proposed method can make the reconstructed image texture more detailed and reduce the possible so-

lution space of the mapping function effectively.

Key words: super-resolution; U-net network; data augmentation; dual attention; structural similarity
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Tab.1 Objective evaluation comparison of various super-resolution methods

Seale Method Parameters/K Seth Setl4 BSD100 Urbanl00
PSNR/SSIM ~ PSNR/SSIM  PSNR/SSIM  PSNR/SSIM
SRCNNH 57 30.48/0.862 8  27.50/0.751 3  26.90/0.710 1  24.52/0.722 1
VDSR™ 665 31.35/0.883 8  28.02/0.767 8  27.29/0.725 2  25.18/0.752 5
DRCNM™ 1775 31.53/0.885 4  28.03/0.767 3  27.24/0.723 3  25.14/0.751 1
LapSRN™ 813 31.54/0.886 6  28.09/0.769 4  27.32/0.726 4  25.21/0.755 3
SRGAN™ 1500 32.05/0.891 0 28.53/0.780 4  27.57/0.735 4  26.07/0.783 9
X 4 CARNF 1592 32.13/0.893 7 28.60/0.780 6  27.58/0.734 9  26.07/0.783 7
EDSR" 43 000 32.46/0.896 8  28.80/0.787 6  27.71/0.742 0  26.64/0.803 3
DBPN'2! 10 400 32.47/0.898 0 28.82/0.786 0  27.72/0.740 0  26.38/0.794 6
RDN!" 21 900 32.47/0.899 0 28.81/0.787 1  27.72/0.741 9  26.61/0.802 §
SRFBNL? 3631 32.47/0.898 3 28.81/0.786 8  27.72/0.740 9  26.60/0.801 5
Ours 4810 32.54/0.899 3 28.86/0.787 9  27.77/0.743 0  26.76/0.805 §
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Fig.3 Relationship between the number of parameters

of the super resolution reconstruction method

and PSNR under Set5 test set

[Fi] 7 4 ¥ 23 T A 7 1% 0 2 8080 R PSNR 3 {8
BRI A R 2 0 E 3, Hih SRCNN Jr ik
IR 250 R 3 2. s BaEr/h mH
PSNR {1 . DBPN il RDN F kS H Rk,
AT ER S H R HA RDN K4 25%, AR 3C
it 1A/ 1 2 B 5 AR A 1 BT 1 B A OR
3.3 RDAM HEEH 3t 0 45 B 2 i

J I E RDAM A5 B X6 9 £ 1 il /9 52 i, it
77 5 2 4 58 R EH AL, /3l i T
2% rh R I8R5 XU B e RDAM AR I 5k 25
WE VE B B He RCAB Ml 3 425 (4 % IR 52 56
(1) None, A~ i FH 5% 22 B Fn 350E 2 S L 5 (2) 18
i FH 5% 22 e Sl BT 32 H BILA 5 (3) LA AL
T JIHLE] AN FH 5% 25 ) S 78 4 S Fn o K 4R
T PSNR F1 SSIM #{H i 284k, 528045 R 4n 3k 2
Jiw it 3 428 O RS T LU Y 2% 7E R
I RDAM #5 8e if , PSNR F1 SSIM {8 ) 5% 7

R2 AAREFENERNERZAENZ T
Tab.2 Influence of different residual attention modules on the reconstruction effect

Method Set5 Setl4 BSD100 Urbanl00
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
None 32.18/0.894 1 28.45/0.778 0 27.37/0.728 3 26.41/0.795 1
A FH 5% 2 B 32.29/0.895 0 28.57/0.780 6 27.46/0.730 8 26.43/0.795 4
A A FH XL 2 T HL 32.36/0.895 8 28.64/0.781 3 27.52/0.733 6 26.54/0.799 8
RCAB™® 32.47/0.898 3 28.72/0.785 7 27.63/0.735 9 26.65/0.803 4
RDAM 32.54/0.899 3 28.86/0.787 9 27.77/0.743 0 26.76/0.805 8
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Tab.3 Influence of different data enhancement methods on the reconstruction effect
Setb Setl4 BSD100 Urbanl00
Method
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
None 32.44/0.896 4 28.75/0.785 7 27.67/0.741 3 26.49/0.797 8
Ours(CutBlur) 32.48/0.898 0 28.77/0.786 2 27.69/0.741 8 26.55/0.799 9
Ours(MOA) 32.54/0.899 3 28.86/0.787 9 27.77/0.743 0 26.76/0.805 8
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Tab.4 Influence of different loss functions on the reconstruction effect
Setb Setl4 BSD100 Urbanl00
Method
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Ly 32.34/0.895 6 28.52/0.779 5 27.45/0.730 5 26.42/0.793 6
Ly 32.32/0.895 1 28.55/0.780 0 27.43/0.728 1 26.44/0.794 5

L puse AL puse
al PSSIM +ﬁL DSSIM
Ly+Lp

32.41/0.896 1
32.43/0.897 0
32.54/0.899 3

28.68/0.781 0
28.72/0.785 6
28.86/0.787 9

27.59/0.735 4
27.63/0.740 0
27.77/0.743 0

26.61/0.802 8
26.64/0.803 3
26.76/0.805 8
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Fig.4 Comparison of renderings after four times super resolution reconstruction under different methods
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