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Abstract To address problems associated with capturing underwater images, i.e., blur details and color distortion
caused by the absorption and scattering of light, an underwater image enhancement algorithm based on multiscale
generative adversarial network is proposed. This algorithm uses an adversarial network as the basic framework,
combining residual connections and dense connections to strengthen the propagation of underwater image features.
First, the visual information in different spaces of a degraded image is extracted through two parallel branches, and
a dense residual block is added to each branch to learn deeper features. Then, the features extracted from the two
branches are fused and the detailed information of the image is restored through a reconstruction module. Finally,
multiple loss functions are constructed and the adversarial network is repeatedly trained to obtain enhanced
underwater images. The experimental results demonstrate that an underwater image enhanced using the algorithm
has brighter colors and better dehazing effect. Compared with the original image, the average quality of the
underwater color image is increased by 0.1887; compared with the underwater residual network algorithm, the
number of matching points of the speeded up robust features is increased by 17.
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Fig. 10 Reconstructed images of different algorithms. (a) Original image; (b) UDCP; (c) Lab; (d) DehazeNet and HWD;
(e) DUIENet; (f) FUnlE-GAN; (g) Uresnet; (h) MSGAN
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#*2 AFFER UCIQE
Table 2 UCIQE of different algorithms

Image Original image  UDCP Lab DehazeNet 1 ENet FURIE.GAN  Uresnet  MSGAN
and HWD

1 0. 3999 0. 5658 0. 4826 0. 5534 0. 5607 0. 5883 0.5713 0. 6230

2 0. 4734 0. 6036 0.5015 0.5938 0. 5955 0. 5729 0. 6008 0. 6561

3 0.4107 0. 6242 0. 4989 0.5971 0. 6076 0. 5906 0. 5800 0. 6487

s 0. 4869 0. 6607 0. 5100 0. 6120 0. 5952 0. 5739 0. 6015 0. 6523

5 0. 4350 0.5788 0.5015 0.6216 0.6119 0. 5854 0. 5868 0. 6474

6 0. 5804 0. 6478 0. 5766 0. 6256 0. 6466 0. 6073 0. 6482 0. 6537

7 0.4131 0. 5759 0. 4322 0. 5884 0. 5989 0. 4816 0. 5829 0. 6271

8 0. 4626 0.5951 0. 4381 0. 6199 0. 5789 0. 5083 0. 5790 0. 6485

9 0. 3919 0. 5309 0. 3725 0.5711 0.5313 0. 5067 0.5928 0. 5953
Average  0.4504 0. 5981 0. 4793 0. 5981 0.5918 0. 5572 0. 5937 0. 6391
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Table 3 UIQM of different algorithms

Image  Original image UDCP Lab DehazeNet DUIENet FUnlE-GAN Uresnet MSGAN
and HWD

1 2.7412 3.9075 4. 6411 5.4308 5.3978 5.6093 5.2556 5. 5662

2 4. 0407 4.2090 5.4166 5.4916 5.5263 5.9190 5.7752 5.7604

3 2. 4437 3.2558 4.6238 5. 3570 4.9090 5.055 4. 3874 5.2865

4 4. 2092 5.5160 5. 7056 5.3128 5.5416 5.4230 5. 6801 6.0972

5 2.6370 5. 3656 4.9070 5.4664 5.1776 5.6752 5.1168 6.0392

6 3. 3848 4.8226 5.5025 5.2776 5.2172 5.2147 4.8218 5. 4851

7 —0.1967 1.5325 3.9102 4. 6253 3.7125 2. 8935 3.111 4.0278

8 2.7643 4.7148 4.2933 5.2013 5.0453 5. 2807 4,228 5.5883

9 1.7962 3.5674 3.7008 5.3365 4.9946 5. 4482 4.7822 5. 2365
Average 2. 6467 4.0990 4. 7445 5.2777 5.0580 5.1687 4.7953 5.4541

%I DUIENet, FUnIE-GAN. Uresnet f B 4 pron, — AR T, BG K E W0EE ARE , kr

MSGAN 536K ] SURF #E47 45 AE 5 DE IE , 76 AH 7]
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11 AEE BT RS 5, ( FIAE % ; (b) DUIENet; (¢) FURIE-GAN;(d) Uresnet; (¢) MSGAN
Fig. 11 Feature matching results of different algorithms. (a) Original image; (b) DUIENet; (c¢) FUnlE-GAN;
(d) Uresnet; (e) MSGAN
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Table 4 SURF of different algorithms EXZIEEEIVRAENKT [E]{%igﬁ g
Original
Image DUIENe FUnIE-GAN Uresnet MsGAN s ¥
image
1 31 35 36 31 54 [1] Cai C D, Huo G Y, Zhou Y, et al. Underwater
2 15 29 20 2 34 image restoration method based on scene depth
estimation and white  balance[J]. Laser &
3 21 27 30 33 46 Optoelectronics Progress, 2019, 56(3): 031008.
4 39 46 46 44 68 RIRAR, EmEY, P, 5. AT RREMITAA
Avernge 265 52 35 330 s0.s A0 K PGS IR (1] 900 5 O T i R

2019, 56(3): 031008.

FHE 5 KT £ T H M v, SURF | UG 0 05 %% 1 [2] GuoYC, Li HY, Zhuang P X, et al. Underwater
Uresnet 812 17 4 B MSGAN [y SURF ) {5 image enhancement wusing a multiscale dense
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