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Marine snow artifacts in real underwater image
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Median Fiter

Median Filter(MF)
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Fig. 3: Ellipses used for marine snow synthesis.
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MSRB Dataset

Marine snow removal
benchmarking(MSRB) Dataset
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TABLE II: Average PSNRs and 55IMs over the test dataset.
Task 1 Task 2

Method PSNE  55IM PSNE  55IM
MF (3 = 3) 2835 (846 2281 0770
MF (5 x 3) 2598 0711 2193 (0.645
Adaptive MF (3x3) | 2988 0910 2335 (.842
Adaptive MF (5x5) | 2808  (L.861 2283 0794
L-Net Jo.82  0.978 3095 0.932
Synthesized 1mage 3220 0.945 2383 0876

of7| =0l gl O|0|X| 2L} & &2 PSNR/SSIM
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