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Table 1 Evaluation results of reference indicators on
synthetic underwater datasets

Jiik UIQM UCIQE 1E SSIM

J 2. 464 0. 427 7.217 0.673
K[ 8] 2. 649 0.51 7. 146 0.767
k[ 14] 2.454 0. 479 7. 150 0.579
k[ 15] 2.193 0.576 7.248 0. 607
SCHK[20] 2.637 0.528 7.426 0.771
SCHK[ 21] 2.729 0.574 7.373 0. 789
SCHR[30] 2.754 0.575 7.412 0.743
ACHE 3.106 0.586 7.514 0. 848
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Table 2 Evaluation results of non-reference

indicators on real underwater datasets

Ik UIQM UCIQE IE

BRI 2.272 0. 484 6. 620
SCHK[ 8] 2.558 0.375 6.568
SCHik[ 14] 2. 049 0. 526 7.074
SCHk[15] 2. 646 0.528 7.185
SCHK[20] 2.445 0.441 7.408
SCHik[ 21] 2.713 0.512 6.843
SCHR[30] 2.603 0.540 7.266
EN R RGN 2.975 0.583 7.422
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Table 3 Effect of removing each module on enhancement effect

Jrik UIQM UCIQE IE
2Bk ResPath, 2k SK - 2.419 0.492 7.209
2% ResPath 2.677 0.536 7.341
Bk SK 2.803 0.569 7.365
E GRS 2.975 0.583 7.422
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Fig. 9  Application tests
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Underwater image enhancement based on SK attention residual network
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Abstract In order to solve the problems of color distortion, key information blur and detail loss perplexed underwa-
ter image,an underwater image enhancement method based on SK attention residual network is proposed.The gener-
ator structure in the generative adversarial network is improved, and a residual module is introduced to reduce the
feature loss between encoder and decoder,thus enhance the image detail and color.To make the network adapt to
different scale feature maps to extract key information of images,the SK attention mechanism is added after the re-

sidual module.Meanwhile,,a parametric rectified linear unit is used to improve the fitting ability of the network.This
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method is verified on real and synthetic underwater image datasets, and traditional method and deep learning method
are used for subjective and objective evaluations.In the subjective effect analysis, it is found that the color, key infor-
mation and detail features have been greatly improved in enhanced images.In the objective evaluation, it is found
that the indicator values of the proposed method are higher than those of existing underwater image enhancement al-
gorithms , which verifies the effectiveness of this method.

Key words underwater image enhancement ; attention mechanism ; generative adversarial network ( GAN) ;residual

module



