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Abstract: To address the challenges of color cast, blurriness, and detail loss in underwater images caused by light absorption and
scattering, this study proposes a KFT-GAN for underwater image enhancement. The paper introduces a KFT module that facilitates the
efficient transmission of critical features such as color, edges, and texture within the network. By integrating depthwise separable
convolution, a lightweight network model is constructed, reducing the parameter count by 60.6% compared to models utilizing
conventional convolution, thereby enhancing the model’ s learning efficiency. This module enables the generator’ s encoding stage to
extract essential key features from the input image and transmit these features to the decoding stage through downsampling and skip
connections, improving the quality of the reconstructed image. Additionally, this study proposes a hybrid loss function based on
perceptual loss principles, emphasizing multiple key attributes of the image to achieve superior visual quality. The proposed model
demonstrates excellent performance on both the EUVP and UIEB datasets, achieving PSNR values of 21. 384 2 and 18. 025 6, and SSIM
values of 0. 741 3 and 0. 688 9, respectively. Qualitative and quantitative comparisons with traditional algorithms and deep learning
methods validate the effectiveness and superiority of the proposed model.
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Table 3 Quantitative comparison of EUVP dataset

Method ~ PSNR/dBT SSIMT LOE| LPIPS|  VIF?
CLAHE 15.2136  0.5212 310.468 0.4984 0.299 1
MSRCR 16.3812 0.6758 237.960 0.3392 0.3418
uDCP 15.7385 0.6194 240.812 0.3215 0.3267
L*UWE 13.8817 0.398 1 398.637 0.6391 0.3538
Shallow-UWNet 13.979 6 0.401 7 319.723 0.5240 0.339 1
UWCNN 14.3951 0.4131 413.191 0.5329 0.268 2
UWCNN-SD  16.9079 0.6325 236.374 0.3493 0.329 4
FUnIEGAN ~ 18.218 4 0.597 4 289.536 0.4097 0.3139
KFT-GAN ~ 21.3842 0.7413 212.833 0.3016 0.4375
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Table 4 Quantitative comparison of UIEB dataset

Method ~ PSNR/dBT SSIMT LOE| LPIPS]  VIF?

CLAHE 14.698 3 0.4725 338.732 0.5497 0.2714
MSRCR 15.9976 0.6395 254.695 0.3603 0.3112
ubCP 15.1979 0.5896 248.139 0.3598 0.294 1
L*UWE 13.298 7 0.3597 421.196 0.6992 0.3165
Shallow-UWNet 13.493 5 0.3602 348.989 0.5949 0.304 8
UWCNN 12.2014 0.3491 446.372 0.5804 0.2303
UWCNN-SD  15.099 8 0.5953 248.466 0.3708 0.294 6
FUnIEGAN  16.6152 0.5534 306.897 0.463 1 0.2574
KFT-GAN 18.0256 0.6889 244.591 0.3485 0.3179
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