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De-Scattering Algorithm for Underwater Mueller Matrix Images Based on
Residual UNet
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Photonics, Beijing Institute of Technology, Beijing 100081, China

Abstract Considering the problems of severe scattering, unclear target imaging, and low contrast in high-turbidity water
environments, a residual Unet (Mu-UNet)-based de-scattering algorithm for underwater Mueller matrix images is proposed
on the basis of the traditional UNet structure and polarization imaging theory. According to the intensity and polarization
information of targets provided by Mueller matrix images, this algorithm establishes the image data sets of multiple targets
under different turbidities. The residual module is introduced on the basis of UNet, and the Mu-UNet is used to extract the
underlying information of the targets, which learns the characteristics of the labeled images and finally reconstructs the
underwater target images with high contrast and detailed information. The comparative experimental results reveal that
compared with the original image, the image restored by the proposed algorithm is improved by 89.40% in the peak signal-
to-noise ratio, and the structural similarity is improved by 82.37%. Compared with traditional algorithms and UNet, the
proposed algorithm can obtain restored images with a more significant de-scattering effect and finer details, which provides
anew idea for the detection and high-quality imaging of underwater polarization.
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Restoration results of underwater image under different turbidities. (a) Original underwater image with turbidity; (b) He's

method; (¢) Liang’s method; (d) UNet network ; (e) Mu-UNet network; (f) ground truth
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Table 2 Comparison of reconstruction results of proposed algorithm and other algorithms

Index
Image No. Original image He's method Liang’s method UNet Mu-UNet

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
1 12.37 0.21 10. 74 0.07 9.08 0.19 12.42 0.26 16. 32 0.35
2 13.22 0.26 8.15 0.15 16. 57 0.51 15.82 0.46 20.22 0.54
3 9.60 0.48 6.55 0.22 13.3 0.43 19.57 0.69 20. 14 0.75
4 11.81 0.61 4.23 0.23 9.56 0.46 13.32 0.63 20. 27 0.75
5 8.51 0.27 8.03 0.21 9.23 0.26 16. 11 0.58 18.61 0.72
6 10. 97 0.50 5.63 0.18 12.48 0. 36 25.23 0.83 27.58 0. 87
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Table 3 Comparison of reconstruction results by different

models
Model No. Train/test ratio PSNR SSIM
1 6:1 20. 52 0.66
2 4:1 18.79 0.57
3 2:1 16. 66 0.51
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Table 4 Running time of single image processed by different

algorithms
Method Times cost /s Platform
He's 1.170 Matlab (CPU)
Liang's 7.190 Matlab (CPU)
UNet 0.157 Pytorch (GPU)
Mu-UNet 0.215 Pytorch (GPU)
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Fig. 12 Restoration results of untrained targets
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