A ER-INC)

Chinese Optics B

Image super-resolution reconstruction with multi-scale attention fusion
CHEN Chun-yi, WU Xin-yi, HU Xiao-juan, YU Hai-yang

, , , [J]. , 2023, 16(5): 1034-1044. doi:
10.37188/C0.2023-0020
CHEN Chun-yi, WU Xin-yi, HU Xiao-juan, YU Hai-yang. Image super-resolution reconstruction with multi-scale attention
fusion[J]. Chinese Optics, 2023, 16(5): 1034-1044. doi: 10.37188/C0.2023-0020

View online: https://doi.org/10.37188/C0.2023-0020

Avrticles you may be interested in

Region proposal optimization algorithm based on convolutional neural networks
. 2019, 12(6): 1348 https://doi.org/10.3788/C0.20191206.1348

A traffic image dehaze method based on adaptive transmittance estimation with multi-scale window
. 2019, 12(6): 1311 https://doi.org/10.3788/C0.20191206.1311

Advances in application of materials of super-resolution imaging fluorescent probe
. 2018, 11(3): 344 https://doi.org/10.3788/C0.20181103.0344

Dual-color fluorescence emission difference super-resolution microscopy
. 2018, 11(3): 329 https://doi.org/10.3788/C0.20181103.0329

SIFT SURF
Research on matching performance of SIFT and SURF algorithms for high resolution remote sensing image
. 2017, 10(3): 331 https://doi.org/10.3788/C0.20171003.0331

Structured illumination super-resolution microscopy technology: review and prospect
. 2018, 11(3): 307 https://doi.org/10.3788/C0.20181103.0307


http://www.chineseoptics.net.cn
http://www.chineseoptics.net.cn
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2023-0020
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20191206.1348
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20191206.1311
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20181103.0344
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20181103.0329
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20171003.0331
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20181103.0307

16 5 Vol. 16 No.5
2023 9 Chinese Optics Sept. 2023

2097-1842 2023 05-1034-11

, 130022

Charbonnier
Setb
4 PSNR 0.39dB SSIM 0.8992

TP391 A doi 10.37188/C0.2023-0020

Image super-resolution reconstruction with multi-scale attention fusion
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Abstract: The resolution of optical imaging is limited by the diffraction limit, system detector size and many
other factors. To obtain images with richer details and clearer textures, a multi-scale feature attention fusion
residual network was proposed. Firstly, shallow features of the image were extracted using a layer of convo-
lution and then the multi-scale features were extracted by a cascade of multi-scale feature extraction units.
The local channel attention module is introduced in the multi-scale feature extraction unit to adaptively cor-
rect the weights of feature channels and improve the attention to high frequency information. The shallow
features and the output of each multi-scale feature extraction unit were used as hierarchical features for glob-
al feature fusion reconstruction. Finally, the hight-resolution image was reconstructed by introducing shal-
low features and multi-level image features using the residual branch. Charbonnier loss was adopted to make
the training more stable and converge faster. Comparative experiments on the international benchmark data-
sets show that the model outperforms most state-of-the-art methods on objective metrics. Especially on the
Set5 data set, the PSNR index of the 4x reconstruction result is increased by 0.39 dB, and the SSIM index is
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increased to 0.8992, and the subjective visual effect of the algorithm is better.
Key words: convolutional neural network super-resolution reconstruction multi-scale feature extraction re-
sidual learning channel attention mechanism
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Fig. 1 Multi-scale attention residual network
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Fig. 2 Multi-scale feature extraction unit
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Tab. 2 Validation of different modules
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4 PSNR
MSARN Tab. 4 PSNR comparison of different loss functions
MSARNRe- MSFEU Sets Set14
MSARN®* 4 Setld L2 37.84 33.50
PSNR  SSIM 3 XZ Charbonnier 38.13 33.89
L2 3391 30.03
5 X3 Charbonnier 34.05 30.40
Tab. 3 Validation of residual branch and channel at- " L 3153 28.26
tention Charbonnier 31.67 28.41
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MSARN v v v 28.64/0.7840 SSIM 5
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Tab.5 PSNR/SSIM comparison of different super-resolution models
Set5 Setl4 BSD100 Urban100
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