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Abstract: To address the color distortion, low contrast, and scale-dependent blurring caused by absorp-
tion and scattering in the underwater medium, a U-shaped underwater image enhancement network inte-
grating dynamic perception and progressive refinement is proposed. Firstly, a dynamic optimization Trans-
former module is designed in the encoder, which dynamically perceives non-uniform degradation in under-

water space by extracting anisotropic features, thereby enabling spatial contextual detail enhancement and
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global color restoration. Subsequently, a progressive refinement architecture is constructed in the decod-
er, comprising a dilated convolution aggregation module and a progressive semantic-guided upsampling
module. Specifically, the dilated convolution aggregation module utilizes a staircase dilation strategy to
capture multi-scale contextual features, and integrates a channel shuffle operation and a residual attention
mechanism to optimize blurred region reconstruction, thereby improving the overall contrast and color fi-
delity of the images. The progressive semantic-guided upsampling module adopts a cascaded gradient pres-
ervation strategy to compensate for high-frequency detail loss, achieving a dynamic balance between deep
semantic reconstruction and shallow detail optimization. Compared to nine state-of-the-art algorithms
across five public datasets, the proposed method achieves the best PSNR, SSIM, and MSE metrics on
the UIEB and 1L.SUI datasets. Relative to the second-best approaches, it represents improvements of
1.47% in PSNR and 1.26% in SSIM, alongside an 8. 33% reduction in MSE on the UIEB dataset. On
the LSUI dataset, the PSNR and SSIM are improved by 14.51% and 6.92%, respectively, while the
MSE is reduced by 45.00%. Furthermore, on the UCCS, U45, and C60 no-reference datasets, our
method also yields the best results in terms of the UCIQE metric. These results validate the superiority of
the proposed method in correcting color deviation, improving contrast, and recovering details, indicating
that the generated images can serve as high-quality inputs for advanced visual tasks.

Key words: underwater image enhancement; attention mechanism; dynamic perception; progressive re-

finement; color correction; feature fusion
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Fig. 1

Overall architecture of the proposed network ( Specifically, (a), (b), (¢), and (d) are illustrations of the PConv,

ADFCM, FRM and DyTConv unit structures in the DOTM. X1, X2, X3, and X4 correspond to the output fea-

tures of the four stages of the encoder, respectively)
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Fig.4 Comparison results on the Test-UI90 dataset
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Fig. 5 Comparison results on the Test-1.S856 dataset



UDNet  SuirSIR SMDR  FGUIR UlEAnythingv2 PyUIE  Ours
6 78 =ATJ03 % Bl 4 L Bt gl R
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Tab.1 Experimental results on Test-UI90 and Test-1.S856 datasets

Methods Params/ FLOPs/ FPS/  PGM/ Test-UI90 Test-LS856
M G (fsh) MB PSNR SSIM MSE PSNR  SSIM MSE

UDCP — — 3.8 12.89 13.38 0.646 0.0549 14.80 0.643 0.0454
DICAM 0.94 53. 14 27.5 1189.11 24.34 0.918 0.0058 20.84 0.818 0.0121
UDNet 1.40 30. 15 78.9 203.55 19.89 0.832 0.0133 19.71 0.789 0.0132
SuirSIR 9.21 219. 06 4.5 1816.05 22.31 0.878 0.0077 20.82 0.801 0.0107
Ushape 65. 60 66. 20 37.2 211.99 20.83 0.804 0.0115 24.52 0.827 0.0049
SMDR 12.25 48.32 39.5 177.07 25.69 0.939 0.0041 20.43 0.813 0.0123
FGUIR 1.91 17.84 21.4 124.48  27.11 0.945 0.0027 20.95 0.809 0.0121
UIEAnythingv2 24.18 160. 66 6.3 119.49 18.99 0.823 0.0167 19.00 0.754 0.0146
PyUIE 4.45 12.76 73.2 209.25 27.91 0.952 0.0024 25.23 0.853 0.0040
Ours 9.34 32.69 27.6 262. 26 28.32 0.964 0.0022 28.89 0.912 0.0022
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Tab.2 Experimental results on Test-C60, Test-UCCS, and Test-U45 datasets

Methods Test-C60 Test-UCCS Test-U45
UIQM UCIQE NIQE PIQE UIQM UCIQE NIQE PIQE UIQM UCIQE NIQE PIQE
UDCP 1.475 0.4283 39.16 17.79 2.144 0.3962 44.30 20.80 2.197 0.4778 46.67 5.35
DICAM 2.480 0.5338 37.98 17.53 2.905 0.5140 44.36 19.36 3.210 0.5547 47.50 4.41
UDNet 2.494 0.4858 38.98 16.12 2.954 0.4967 46.35 19.23 3.154 0.5010 47.34 5.11
SuirSIR 2.991 0.5187 45.05 9.19 3.037 0.5034 52.93 17.55 3.069 0.5430 50.08 3.76
Ushape 2.563 0.4837 40.79 14.78 2.990 0.5075 51.54 11.04 3.008 0.5087 43.53 8.64
SMDR 2.539 0.5065 37.36 16.63 2.914 0.4966 44.04 20.75 3.087 0.5491 43.86 4.29
FGUIR 2.687 0.5355 38.16 12.19 2.943 0.5365 45.34 17.78 3.012 0.5670 43.46 3.70
UIEAnythingv2 1.857 0.5362 35.97 15.22 2.392 0.5326 45.86 10.67 2.356 0.5436 41.63 5.92
PyUIE 2.552 0.5216 38.79 15.33 2.891 0.5149 44.40 19.27 2.968 0.5580 43.06 4.16
Ours 2.965 0.5411 36.61 13.45 2.978 0.5376 44.01 12.83 3.027 0.5682 42.69 4.10
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Tab.3 Ablation experiment
Methods PSNR SSIM MSE Methods PSNR SSIM MSE
w/o PConv 27.14 0.953 0.003 1 w/0o CRA 27.84 0.957 0.0024
w/o DyTConv 27.89 0.954 0.0029 w/o PSUM 27.22 0.958 0.0030
w/o Attention 25.40 0.941 0.004 1 w/o RER 27.48 0.948 0.003 3
w/0o ADFCM 25.29 0.946 0.004 4 BPSUM 24.20 0.930 0.005 6
w/o FRM 27.14 0.953 0.003 0 CPSUM 26.08 0.948 0.0037
w/0 DOTM 24. 60 0.929 0.006 1 w/o LP 28.17 0.957 0.002 5
w/0o DCAM 27.03 0.958 0.002 8 Full model 28.32 0.964 0.002 2
w/o DConv 24. 84 0.938 0.004 7
3.4.1 3h AL Transformer 42 3 A &M 5 A7 CM. @R MR 3IPR, H5RBEBmMEI, %
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Fig.7 Visual demonstration of the ablation experiment
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Fig.9 Visual demonstration of the key-point matching task
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Fig. 10  Visual demonstration of original and enhanced images on edge detection and salient object detection tasks
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