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Image Super-Resolution Reconstruction Based on Dense and Efficient Transformer

FU Huiying, WANG Yu, YANG Gaoming

School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan 232001, Anhui,
China

Abstract: Objective To address the problems of a large number of parameters and insufficient image feature extraction
ability in super-resolution networks, which lead to poor quality of reconstructed images, a new image super-resolution
model, LHNet, is proposed. Methods In the deep feature extraction module, a symmetric dense CNN was designed. The
convolution module was connected in a symmetric structure to enhance the model’ s ability to extract local image
information. A dual attention module was introduced to make the network focus on pixel and spatial information. In
addition, the efficient Transformer modules were connected using a dense connection method to strengthen the model’ s
global feature extraction ability, thus better restoring the image texture details. Results The experimental results were
tested on five datasets, namely Set5, Setl4, BSD100, Urban100, and Mangal(09. The results showed that on the Set5
dataset, when the magnification factor was 3, the LHNet method reduced the number of parameters by 99 K compared with
the IMDN method. Meanwhile, the PSNR value increased by 0. 13 dB, and the SSIM increased by 0. 000 9. Compared
with other current methods, such as LAPAR-A and ShuffleMixer, the LHNet method also showed superior performance.
Conclusion The LHNet method can improve the quality of reconstructed images while using a relatively small number of
parameters, thereby achieving a balance between the number of parameters and performance.
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Fig.1 Overall framework of a super—resolution network based on symmetric dense CNN and dense efficient Transformer
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Table 1 Effect of different modules on the network model

PSNR/dB
B I S
PSNR/SSIM

CDCNN+DETN 34.45/0.927 8
SWDCNN+DETN 34.48/0.927 9
SDCNN 3 34.34/0.926 8
SDCNN+CETN 34.44/0.927 7
SDCNN+DETN( LHNet ) 34.49/0.927 9

2.4 CASTEXTEE S B

AT B UE AR SC O ik B A Bk, 5 SRCNN'Y
FSRCNN'®' IMDN'®' RFDN*' LAPAR -A"?'  ShuffleMixer'”’
TR, WEk 2 3R 3 . % 4 PR, 50l s 1 7 Fhiz
R AR IR 4 Set5 |, Setl4 . BSD100 , Urban100 #il
Mangal09 [ 435l K 2.3 .4 1% 89 & W48 br a9 Ho 4 45
R, TERERISE 2 BEJ7 1, RO B AL i 2l 7201 280,
i FH 2 805 T 4538 3880 ( Floating Point Operations,
FLOPs) i A AU 19 52 2Pk, W48 % 31, LHNet 45t
EIf¥) PSNR H1 SSIM fHIL TZ 5 WM HE REZ5H 0
i 5 IMDN Jrik tedsrh e RAE50Ch 3 SO,
LHNet #5250 & 1 IMDN £ /> 99 K, PSNR Fl
SSIM #84rB .= F IMDN, 7£5 LAPAR-A HL#H, #£
TRAERCH 4 (5 H T, LHNet # FLOPs [t LAPAR-A
/b>34 G,PSNR F1 SSIM #8 4t i 5 F LAPAR-A . £5
ERTIR AT LLIE B T R A A

R2 2EBERETARE XK PSNR/SSIM Xtk

Table 2 Comparison of PSNR/SSIM of different algorithms at 2 scale PSNR/dB
%% FLOPs Set5 Set14 Urban100 BSD100 Mangal09
R -
/G PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

SRCNN 2 57 53 36.66/0.954 2  32.45/0.906 7  29.50/0.894 6  31.36/0.887 9 35.60/0. 966 3
FSRCNN 2 12 6 37.00/0.9558  32.63/0.908 8  29.88/0.9020  31.53/0.892 0 36.67/0.971 0
IMDN 2 694 159 38.00/0.960 5 33.63/0.9177  32.17/0.928 3  32.19/0.899 6 38.88/0.977 4
RFDN 2 534 123 38.05/0.960 6  33.68/0.918 4  32.12/0.927 8  32.16/0.899 4 38.88/0.977 3
LAPAR-A 2 548 171 38.01/0.960 5  33.62/0.918 3  32.10/0.928 3  32.19/0.899 9 38.67/0.977 2
ShuffleMixer 2 394 91 38.0170.960 6 33.63/0.918 0  31.89/0.9257  32.17/0.899 5 38.83/0.977 4
This work 2 597 237 38.05/0.960 8  33.62/0.918 1  32.21/0.928 7  32.20/0.900 1 38.81/0.977 7
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Table 3 Comparison of PSNR/SSIM of different algorithms at 3 scale PSNR/dB
A% FLOPs Set5 Set14 Urban100 BSD100 Mangal09

/K /G PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
SRCNN 57 53 32.75/0.909 0  29.30/0.821 5  26.24/0.798 9  28.41/0.786 3 30.48/0.911 7
FSRCNN 12 6 33.18/0.9140  29.37/0.8240  26.43/0.808 0  28.53/0.791 0 31.1070.921 0
IMDN 703 72 34.36/0.9270  30.32/0.8417  28.17/0.8519  29.09/0.804 6 33.61/0.944 5
RFDN 541 55 34.41/0.9273  30.34/0.8420  28.21/0.8525  29.09/0.805 0 33.67/0.944 9
LAPAR-A 594 114 34.36/0.926 7  30.34/0.8421  28.15/0.8523  29.11/0.805 4 33.51/0.944 1
ShuffleMixer 415 43 34.40/0.927 2 30.37/0.8423  28.08/0.849 8  29.12/0.805 1 33.69/0.944 8
This work 604 106 34.49/0.9279  30.35/0.8426  28.24/0.854 0  29.12/0.806 1 33.66/0.945 3

R4 4ERETAREZR PSNR/SSIM Xtk
Table 4 Comparison of PSNR/SSIM of different algorithms at 4 scale PSNR/dB
A% FLOPs Set5 Set14 Urban100 BSD100 Mangal09

/K /G PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
SRCNN 4 57 53 30.48/0.862 6  27.50/0.751 3  24.52/0.722'1  26.90/0.710 1 27.58/0.855 5
FSRCNN 4 12 5 30.72/0.866 0 27.61/0.7550  24.62/0.728 0  26.98/0.7150 27.90/0. 861 0
IMDN 4 715 41 32.21/0.894 8  28.58/0.7811  26.04/0.783 8  27.56/0.735 3 30.45/0.907 5
RFDN 4 550 32 32.24/0.8952  28.61/0.7819  26.11/0.7858  27.57/0.736 0 30. 58/0.908 9
LAPAR-A 4 659 94 32.15/0.894 4  28.61/0.781 8  26.14/0.787 1  27.61/0.736 6 30.42/0.907 4
ShuffleMixer 4 411 28 32.21/0.8953  28.66/0.7827  26.08/0.783 5  27.61/0.736 6 30.65/0.909 3
This work 4 613 60 32.19/0.8951  28.68/0.783 1  26.17/0.788 1  27.60/0.737 3 30.64/0.910 2
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Fig.7 Reconstruction results of face. png at 4 magnification
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Fig. 8 Reconstruction results of baboon. png at 4 magnification
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