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Deep-sea image enhancement algorithm based on generative

adversarial network

Guo Yinhui Zhang Chuntang Fan Chunling

(College of Automation and Electronic Engineering, Qingdao University of Science and Technology,Qingdao 266061 ,China)

Abstract: Improving image quality and visualization in complex deep-sea environments is of great importance for
underwater scientific research and engineering applications. In order to solve the problems of scarcity of deep-sea
datasets caused by the special environment of the deep-sea, as well as the problems of color distortion and low contrast
of deep-sea images, a paired deep-sea image dataset DSIEB was created, and on this basis a generative adversarial DM-
GAN was built algorithm proposed for networks combining DC attention and MSDR multi-scale dense residuals. First,
the DC dual-channel attention mechanism is built in the network hopping connection part to strengthen the connection
between channels and extract the texture features of image details. Second, the MSDR multi-scale residual block is
embedded in the generator structure to improve the attention is on local information and the ability to reuse features.
Finally, a new loss function is reconstructed and the smoothing fidelity SF loss is introduced to guide the network to
learn the mapping {rom the original image to the target image from multiple perspectives. Experiments are carried out
on the self-built dataset DSIEB, and compared with seven advanced underwater image enhancement algorithms. The
experimental results show that the proposed algorithm has stronger generalization ability and is suitable for various
deep-sea images.

Keywords: deep-sea image enhancement;generative adversarial network; DC dual-channel attention mechanism; MSDR

multi-scale dense residual block;SF loss
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Table 1 Reference images and selected target images generated
by different algorithms quality evaluation results
FEfgokIE  PSNR  SSIM IE  UIQM UCIQE
DCP 14.322 0.728 5.887 2.022 0.694
CLAHE 19.667 0.657 6.510  2.833 0. 504
RGHS  13.335 0.554 7.504  2.779 0.753
BLOT  16.830 0.840 6.264 2.786 0.439
PSO 20.090 0.854  5.876  2.243 0. 457
IBLA 16.778 0.733  6.838  2.598 0.737
ULAP  16.148 0.834  6.426  2.613 0. 548
Dive+ 16.520 0.576  6.676  2.795 0.523
HFrE{%  19.767 0.878 7.712 3.130 0.767
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Fig. 6 Raw and target images in the DSIEB dataset
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Fig. 7 Comparison results of ablation experiments
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Table 2 Image quality evaluation results of ablation experiments

Ji i DC MSDR SF xE% 2£%
UCIQE UlIQM IE SSIM PSNR
Ji I 4% X X X 0.512 3. 366 7. 446 0.705 18.537
J5k— N X X 0. 569 3. 425 7.458 0.725 18. 769
JiE— N NG X 0.596 3. 460 7.472 0.782 19. 354
FE= N N/ N/ 0.612 3. 482 7.513 0.816 19. 658
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Fig. 8 Comparison of the results of different algorithms after enhancing the original image
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Table 3 The images generated by different algorithms have no reference quality evaluation results
- 855 14T 8 45 2 17 Kl 8 5 347 Kl 85 4 17
UCIQE UlQM IE  UCIQE UIQM IE  UCIQE UIQM IE UCIQE UlQM 1E
FUnIE-GAN 0.650  3.452 7.469 0.490 3.466 6.368 0.610 3.421 7.241 0.504  3.408 6.607
Shallow-UWnet  0.469  3.222 6.402 0.360 2.704 4.949 0.382 2.746 5.698 0.538 2.508 5.417
UGAN 0.674  3.441 7.659 0.522  3.480 6.148 0.602 3.402 7.129 0.514 3.380 6.258
MMLE 0.481 2.980 6.830 0.563 3.307 6.824 0.571 2.891 6.835 0.578  3.439 7.268
FW-GAN 0.623 3.473 7.510 0.503 3.239 6.288 0.582 3.388 6.901 0.482 2.730 6.174
DRGAN 0.508  3.286 6.749 0.468  2.884 5.560 0.579  3.200 7.206 0.497 3.101 6.507
MulLA-GAN 0.662  3.409 7.571 0.590  3.628 7.427 0.563  3.243 6.209 0.520 3.530 7.306
DM-GAN 0.689  3.505 7.692 0.583 3.592 7.407 0.631 3.412 7.476 0.577  3.450 7.477
R4 TRELEERHEGRESERETNER
Table 4 The results of image full reference quality evaluation generated by different algorithms
- K85 11T 8 55 2 47 8 %5 3 47 8 55 4 17
SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR
FUnIE-GAN 0.610 17.799 0. 680 20. 849 0.771 19. 582 0. 741 19. 293
Shallow-UWnet 0.724 19. 243 0.625 19. 443 0.724 19. 347 0. 646 19. 273
UGAN 0. 646 13.574 0. 650 17.743 0. 765 18. 359 0. 725 18. 916
MMLE 0.637 15. 910 0. 730 19. 752 0.629 18. 086 0. 805 20. 400
FW-GAN 0.788 21.036 0.667 17.503 0.592 17. 385 0.672 18. 090
DRGAN 0. 683 17. 820 0. 649 18.092 0.774 19. 601 0. 640 18. 352
MulLA-GAN 0.774 19. 319 0.762 21.598 0.672 18. 180 0.783 19. 302
DM-GAN 0.781 20. 465 0. 794 21. 465 0. 801 20. 575 0. 815 20. 347
®5 ENRHEEESEEHTEYER
Table 5 Average metrics of each algorithm on the test dataset
- T HE bR
UCIQE ulQM 1IE SSIM PSNR
FUnlIE-GAN 0. 580 3. 331 6. 821 0. 682 18. 681
Shallow-UWnet 0. 396 2. 815 5. 617 0.736 18. 368
UGAN 0. 580 3.327 6. 759 0.655 16. 758
MMLE 0.532 3.172 6. 741 0.691 18. 507
FW-GAN 0.510 3.097 6.618 0.661 18. 490
DRGAN 0.525 3. 308 6. 661 0.675 18. 261
MulLA-GAN 0. 597 3.507 7.341 0.793 19. 507
DM-GAN 0.612 3. 482 7.513 0. 816 19. 658
PRPTEN YRR A2 1L U-Net S 4 19 2 B2 B0 b 81651 A

G Xof R T PR A5 4T S A B A 1) JE, AR SO T — AN TR
T PR L EBUUE 55 DSIEB, A4 1 000 X B4R 4% A B AR
B% , 7EC IR b 4s A A x5 M 4% 42 H T DM-GAN ¥

DC {7 771 MSDR £ NUEE % A 5k 22 8 JF H A T2 iR
B, SEELT IR MG A 3 O, A S R R T R R R A
P 6T B BE AL L B8 O JE A% [ T,

SIS S5 R W AR SCHR 9 DM-GAN R 5 BUA 5
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