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Abstract. Aiming at the problems of heterogeneous fog distribution and uneven illumination of underwater
images, an image enhancement method is proposed based on global feature dual attention fusion generative
adversarial network. Firstly, the convolutional layers are used instead of average pooling layers to continuously
down-sample the input images and extract the global features. Secondly, the global feature dual attention fusion
block is constructed, which is adaptive to the changing water environment and can enhance underwater
information with various dissemination degrees more significantly. Finally, conditional information is
incorporated as a restriction in training to increase the network’s stability. The results of experiments
demonstrate that the proposed algorithm outperforms the classic and latest algorithms and has fine
functionality.
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Fig.3 Comparative experiment under complex water environment
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Fig.4 Edge detection experiment
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Table 1 Quantitative results

CLAHE RGHS Water-Net

FunlE SESR UResnet MLF

UCIQE 0.4346 0.5675 0.6379 0.4551
UIQM 2.9950 3.8374 4.5035 4.1050
Blur-Metric 0.3498 0.3323 0.3523 0.3514

0.508 1 0.4554 0.5834 0.4553 0.6462
4.8717 3.2937 4.3279 4.6593 5.3345
0.3171 0.3348 0.3489 0.4182 0.2917
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Table 2 FLOPs and parameter evaluation results

Water-Net FunlE
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UResnet MLF
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/1 x10° 1.09 7.01
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