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Research on underwater image super-resolution reconstruction
based on CBAM-SRResNet

Yang Tong Wei Weimin Fu Chengcheng Yang Tiancheng Xue Mei

(School of Computer Science and Technology. Shanghai University of Electric Power, Shanghai 200000, China)

Abstract: Due to the absorption and scattering of light by water characteristics, underwater images usually present
In order to improve the clarity of underwater images, an
This method

introduces the hybrid attention mechanism into the deep residual network to enhance the clarity of underwater images.

problems such as blurred details and low resolution.

underwater image super-resolution reconstruction method that improves SRResNet is proposed.

Secondly, the structural similarity loss function is introduced to better protect image content, improve image quality,
and make the training results more consistent with human visual perception. Experimental results show that the
underwater image super-resolution reconstruction method based on improved SRResNet can effectively deal with
problems such as blurred underwater images and low resolution. Compared to various other underwater image

reconstruction methods on different datasets, this method improved the PSNR by 0. 69 dB to 2. 43 dB and the SSIM by

2.66% to 7.17% , demonstrating superior performance across all metrics.
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%1 CBAM-SRResNet W 2% 45 14
Fig.1 CBAM-SRResNet network structure
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Fig. 3 Channel attention mechanism module
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Fig. 4 Spatial attention mechanism module
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Table 1 Test evaluations of different methods
. Set-1 Set-2 Set-3

& PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
VDSR 27.12 0.846 7 27. 20 0.854 0 27.19 0.848 0
OBVSR™ 27.68 0.8615 28.03 0.865 5 27. 90 0.863 5
SRResNet 27. 81 0.885 2 27. 88 0.893 3 27.79 0.892 8
SRCNN 28.21 0.883 0 28. 47 0.892 7 28.54 0.893 0
IDBCNN™" 28. 33 0.865 5 28. 84 0.875 4 28.61 0.875 6
AL 29.28 0.9118 29.53 0.920 3 29.62 0.919 7
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(c) SRResNet

&l 5
Fig.

1) PSNR 42 FF T 1. 65 dB,SSIM #£FF T 0. 027; 7F Set-3
TEHM PSNR #2FF T 1. 83 dB,SSIM ¥ AT 0.026 9, H
R 25 R ANE 5~7 Fis .,

(d) SRCNN
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Fig. 8 Model loss at different magnification levels
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Table 2 Test evaluations at different magnification levels

. X2 X4 X8
A PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM

SRResNet 27.81 0.885 2 23. 82 0.702 9 20. 29 0.476 3
SRResNet+CBAM (A 35 ) 29.28 0.9118 23.98 0.7237 20.58 0.488 1
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Fig. 9 Comparison of effects at different reconstruction magnifications
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