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Enhancement Network
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Abstract: CNN (convolutional neural network)-based underwater image enhancement methods
neglect global visual perception , leading to color distortion and contrast degradation.
A Transformer-based multi-scale underwater image enhancement network (MTransNet) is
proposed. To address the problem of lacking global visual perception, a position encoding
module is designed based on underwater image priors and a Swin Transformer module which is
applicable to underwater scenes is constructed. Furthermore, self-attention mechanism is built to
improve global perception performance. As for the detail blurring that exists in current methods,
a CNN module is developed to capture local features such as textures or edges, to improve local
perception performance. The transfer fusion module is built to transfer global attention of Swin
Transformer to local convolutional feature, achieving full fusion and utilization of global feature
and local feature. The PSNR value on subsets of EUVP can reach up to 23.47 dB, which
demonstrates the method can significantly enhance global visual perception and increase image
visual quality.
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Fig. 7 Comparison results of Test-UIQS dataset
(a)— 5B K% ; (b)—fusion-based; (c)—Retinex-based; (d)—MMLE; (e)—FUnlE-GAN;
(f)—U-GAN; (g)—Water—Net; (h)—Ucolor; (i)—MTransNet.
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Table 1 Objective evaluation results of comparative methods

i Test-910 Test—-R90 Test-UIQS
PSNR/dB SSIM PSNR/dB SSIM us UCIQE UlQM
Input 17.24 0.79 16.31 0.79 1. 00 0.48 0. 84
fusion-based™" 21.83 0.83 17. 83 0. 82 2.80 0.62 1.22
Retinex-based™ 20. 06 0. 82 18. 09 0.83 2. 60 0.71 1. 14
MMLE™! 22.34 0. 85 18. 44 0.85 3.00 0. 64 1. 34
FUnIE-GAN® 23. 06 0. 85 17. 64 0.79 1. 60 0.55 0. 81
UGANP4 20. 76 0. 80 17.32 0.77 1.40 0.51 0.77
Water—Net!"”! 21.41 0.83 18.90 0. 87 2.40 0. 56 0.97
Ucolor!' 20. 52 0. 81 18. 41 0. 85 2.10 0.53 0. 88
MTransNet 23. 47 0.84 19.52 0.86 2.50 0.62 121
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Table 2 Objective evaluation results of

DL, USRI v R 8 25 . JE CNN i 5 ablation experiment

R R I B A A 0 2, PR 40 N 2% PR b PSNR/dB SSIM
R E R T PE B RR T i 8 4 iR e S 55 PR 1% JhalE 16.31 0.79
25 1A {5 R B R 7545 , DAL PR 0 3R A S 3] MTransNet 19.52 0.86
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Fig. 8 Ablation experiment
(a)—JR 45 1% ; (b)—MTransNet; (¢)—JG Transformer; (d)—JCCNN; (e)—JCPE.
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