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Abstract

Due to the attenuation difference of different wavelengths of light in the water environment, the
original underwater images show greenish, bluish and white haze problems. For underwater im-
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age enhancement, this paper proposes a generative adversarial network by combining multi-scale
dense blocks and attention mechanism. The residual multiscale dense block is used in the gene-
rator, and the attention mechanism block is used in the back-end to focus on the front-end fea-
tures, which can improve the learning ability and enhance the network’s ability to select features,
respectively. Each layer of the discriminator uses spectral normalization and relaxes the discri-
minant criteria to reduce the gradient collapse caused by anomalous data. At the same time, mul-
tiple loss functions are combined to enhance the generalization ability of GAN networks. The pro-
posed algorithm is tested on public datasets and validated in practical applications. Experimental
results show better performance than existing algorithms.
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Figure 1. Overall framework
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Figure 2. Generator network structure
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Figure 3. Multi-scale dense block structure

3. ZREZFRREN

TEGRIL AR S 8 RN 10 MHURIRID S 2 2 A% 4 AN HMOBLE, RRIERRT % 110 64 1 128, ACfE
FHPTAREE R0 90 SCIAT HRIBAL T . IR, R PR T LA A0 2 AT TR 1A O
4 B SEIEERL S SCIE R B ARG MEE IR, S A R ENGEIN, M55 A A R
HEAEMEIE . 20V RE 0 SO A R B R N A I, 20 R R IR X S A Bk
TEFT LA IFIRA By =[ e fpes B JRUR, = oo By s By | OB C A TR WSRO HH 3

EHL, AR AL SR A AR R AR AE R

DOI: 10.12677/csa.2021.1110254 2510 THENUR 5 N H


https://doi.org/10.12677/csa.2021.1110254

e gl P 2

Burj00d [eq0[D
n1ed

!
N1°Y

Figure 4. Channel attention branch (top) and spatial attention branch (bottom) structure
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Figure 5. Comparison of experimental results of different underwater image enhancement algorithms
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SERIFRALLE (SSIM). 7K 4 57 &I 45 47 (Underwater Image Quality Measure, UIQM) [25]41 5 2% &4 5
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HIXT EE B 48R (UICONM). UIQM 5720 A (7)) Fis :

UIQM = ¢, x UICM +c¢, x UISM + ¢, x UIConM, (7

Hre . ¢, Mo, ZENMAMKKMSE. NIQE =7 —MNESHWNials, ERMIRIZ B br B BRI
PR B T (AR AE B AR BRI AR A 2 T (0 220, 550K GG 5 H AR 325 . NIQE A 5 BRI B 2K
SEITMR. ZEBN, BRI L) OBEEE B RRE . NIQE W2 5((8):

D(Vv,,V,,%,,%,) = \/{(vl -V, )T (Lzzzjl (v, =V, )] (8)

v~ Vv, Fon BARBG AR BURAE MVG FRIEBAL Z [R5 fE M=, =, I, WA Rk EEGE
MV G FEAEBL A [a] (1) 6 7 ZE - R

%1 REM AN LRt g R SR, I RRE. W% 1L FrTEUE ], CLAHE.
FE Fll ULAP J7iA7E MSE. PSNR X it figbr N RIESALF . WSCT ik A BAF () UIQM {8, 2
T UIQM f545H UIConM {E B L B Ry, HBE Ay B AR s BA B it L BE R S . UGAN J7iEFIA S T
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Table 1. Quantitative comparison of different underwater image enhancement algorithms

1 FRKTEGIEREEENRAE LR ESER

Method MSE PSNR SSIM uiQM NIQE
CLAHE [24] 1994.1 + 884.4 15.4957 £ 1.7254 0.6392 + 0.0540 2.8549 + 0.4038 4.9615
FE [7] 1706.0 + 965.9 16.3661 + 2.1262 0.6716 £ 0.1053 2.8794 £ 0.3221 5.3086
ULAP [5] 3836.0 + 2582.6 13.3359 + 3.1285 0.5584 + 0.1035 1.9750 £ 0.5613 5.0077
WSCT [12] 842.3 £583.7 19.8133 £ 2.9057 0.5657 +0.1160 3.3365 +£0.1328 4.7094
UGAN [13] 563.2 £ 543.5 21.8858 +3.1040 0.7555 = 0.0570 3.2359 £ 0.1572 4.6669
Ours 341.5+281.5 23.8260 + 2.8326 0.7983 + 0.0501 3.2365 +0.2150 4.5902

DOI: 10.12677/csa.2021.1110254 2514 HENLIRE 55


https://doi.org/10.12677/csa.2021.1110254

EN A

S.

BEs

I BRI AR AT SO A AE B R B X BEFEARAR ) AL, AR SCHR tH — MK R B S s 5%,

LR GAN P28 I 2 RS S SR BORE B IHLA B . 724 R I 208 b A T Bk 22 22 RUBES AR BR, $2 i
T EERPRFAE RIS ENAE 7T, JF HANAPIALZE 6] - B E R LA, 3G90 1 92850 52 A R 14 97 12 R
FETH T M ER HICSICR L . [RIRDRE 22 Fh A B BUR M S BUR ARG &, AEA R RUSE S (B 2 AT 2401, 4
THT GAN W2 (R R e PEA AN R R Az FI P o S50 Ja BEAT 1 25 Bt BUAR SR, IR B AR SCARLR mT LA SR K
RGBT RT3 5, ST EHR A BRI RCR

BEE

[1] Mobley, C.D. (1994) Light and Water: Radiative Transfer in Natural Waters. Academic Press, Cambridge.

[2] Xiong, W., et al. (2019) Foreground-Aware Image Inpainting. 2019 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), Long Beach, 16-20 June 2019, 5833-5841. https://doi.org/10.1109/CVVPR.2019.00599

[3] Morel, A. (1978) Marine Optics. Earth Science Reviews, 14, 170-171. https://doi.org/10.1016/0012-8252(78)90007-7

[4] Jae, J.S. (1990) Computer Modeling and the Design of Optimal Underwater Imaging Systems. IEEE Journal of Ocea-
nic Engineering, 15, 101-111. https://doi.org/10.1109/48.50695

[5] Song, W., et al. (2018) A Rapid Scene Depth Estimation Model Based on Underwater Light Attenuation Prior for Un-
derwater Image Restoration. Advances in Multimedia Information Processing, Hefei, 21-22 September 2018, 678-688.
https://doi.org/10.1007/978-3-030-00776-8_62

[6] Huang, D., Yan, W., Wei, S., et al. (2018) Shallow-Water Image Enhancement Using Relative Global Histogram
Stretching Based on Adaptive Parameter Acquisition. In: International Conference on Multimedia Modeling, Springer,
Cham, 453-465. https://doi.org/10.1007/978-3-319-73603-7_37

[7] Ancuti, C., Ancuti, C.O., Haber, T. and Bekaert, P. (2012) Enhancing Underwater Images and Videos by Fusion. 2012
IEEE Conference on Computer Vision and Pattern Recognition, Providence, 16-21 June 2012, 81-88.
https://doi.org/10.1109/CVPR.2012.6247661

[8] Li, C., etal. (2020) An Underwater Image Enhancement Benchmark Dataset and Beyond. IEEE Transactions on Im-
age Processing, 29, 4376-4389. https://doi.org/10.1109/T1P.2019.2955241

[9] Hou, M, Liu, R, Fan, X. and Luo, Z. (2018) Joint Residual Learning for Underwater Image Enhancement. 2018 25th
IEEE International Conference on Image Processing (ICIP), Athens, 7-10 October 2018, 4043-4047.
https://doi.org/10.1109/1CI1P.2018.8451209

[10] Islam, M.J., Luo, P. and Sattar, J. (2020) Simultaneous Enhancement and Super-Resolution of Underwater Imagery for
Improved Visual Perception.

[11] Uplavikar, P., Wu, Z. and Wang, Z. (2019) All-in-One Underwater Image Enhancement Using Domain-Adversarial
Learning.

[12] Li, C., Guo, J. and Guo, C. (2017) Emerging from Water: Underwater Image Color Correction Based on Weakly Su-
pervised Color Transfer. IEEE Signal Processing Letters, 25, 323-327.

[13] Fabbri, C., Islam, M.J. and Sattar, J. (2018) Enhancing Underwater Imagery Using Generative Adversarial Networks.
2018 IEEE International Conference on Robotics and Automation (ICRA), Brishane, 21-25 May 2018, 7159-7165.
https://doi.org/10.1109/ICRA.2018.8460552

[14] Trucco, E. and Olmos-Antillon, A.T. (2006) Self-Tuning Underwater Image Restoration. IEEE Journal of Oceanic
Engineering, 31, 511-519. https://doi.org/10.1109/JOE.2004.836395

[15] Ronneberger, O., Fischer, P. and Brox, T. (2015) U-Net: Convolutional Networks for Biomedical Image Segmentation.
https://doi.org/10.1007/978-3-319-24574-4_28

[16] Long, J., Shelhamer, E. and Darrell, T. (2015) Fully Convolutional Networks for Semantic Segmentation. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 39, 640-651.
https://doi.org/10.1109/TPAMI.2016.2572683

[17] Szegedy, C., et al. (2015) Going Deeper with Convolutions. 2015 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Boston, 7-12 June 2015, 1-9. https://doi.org/10.1109/CVPR.2015.7298594

[18] He, K., Zhang, X., Ren, S. and Sun, J. (2016) Deep Residual Learning for Image Recognition. 2016 IEEE Conference

on Computer Vision and Pattern Recognition (CVPR), Las Vegas, 27-30 June 2016, 770-778.
https://doi.org/10.1109/CVPR.2016.90

DOI: 10.12677/csa.2021.1110254 2515 H LR 15


https://doi.org/10.12677/csa.2021.1110254
https://doi.org/10.1109/CVPR.2019.00599
https://doi.org/10.1016/0012-8252(78)90007-7
https://doi.org/10.1109/48.50695
https://doi.org/10.1007/978-3-030-00776-8_62
https://doi.org/10.1007/978-3-319-73603-7_37
https://doi.org/10.1109/CVPR.2012.6247661
https://doi.org/10.1109/TIP.2019.2955241
https://doi.org/10.1109/ICIP.2018.8451209
https://doi.org/10.1109/ICRA.2018.8460552
https://doi.org/10.1109/JOE.2004.836395
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1109/TPAMI.2016.2572683
https://doi.org/10.1109/CVPR.2015.7298594
https://doi.org/10.1109/CVPR.2016.90

EEN A

[19]

[20]

[21]
[22]
(23]
[24]
[25]

[26]

Guo, Y., Li, H. and Zhuang, P. (2019) Underwater Image Enhancement Using a Multiscale Dense Generative Adver-
sarial Network. IEEE Journal of Oceanic Engineering, 45, 862-870.

Liu, F., Shen, C., Lin, G., et al. (2015) Learning Depth from Single Monocular Images Using Deep Convolutional
Neural Fields. IEEE Transactions on Pattern Analysis & Machine Intelligence, 38, 2024-2039.
https://doi.org/10.1109/TPAMI.2015.2505283

Miyato, T., Kataoka, T., Koyama, M., et al. (2018) Spectral Normalization for Generative Adversarial Networks. In-
ternational Conference on Learning Representations, Vancouver, 30 April-3 May 2018.

Li, H., Li, J. and Wang, W. (2019) A Fusion Adversarial Underwater Image Enhancement Network with a Public Test
Dataset.

Wang, Z., Bovik, A.C., Sheikh, H.R., et al. (2004) Image Quality Assessment: From Error Visibility to Structural Si-
milarity. IEEE Transactions on Image Processing, 13, 600-612. https://doi.org/10.1109/T1P.2003.819861

Zuiderveld, K. (1994) Contrast Limited Adaptive Histogram Equalization. In: Graphics Gems, Morgan Kaufmann
Publishers, Burlington, 474-485. https://doi.org/10.1016/B978-0-12-336156-1.50061-6

Panetta, K., Gao, C. and Agaian, S. (2016) Human-Visual-System-Inspired Underwater Image Quality Measures. IEEE
Journal of Oceanic Engineering, 41, 541-551. https://doi.org/10.1109/JOE.2015.2469915

Mittal, A., et al. (2013) Making a “Completely Blind” Image Quality Analyzer. IEEE Signal Processing Letters, 20,
209-212. https://doi.org/10.1109/LSP.2012.2227726

DOI: 10.12677/csa.2021.1110254 2516 H LR 15


https://doi.org/10.12677/csa.2021.1110254
https://doi.org/10.1109/TPAMI.2015.2505283
https://doi.org/10.1109/TIP.2003.819861
https://doi.org/10.1016/B978-0-12-336156-1.50061-6
https://doi.org/10.1109/JOE.2015.2469915
https://doi.org/10.1109/LSP.2012.2227726

	多尺度注意力机制的水下图像增强算法
	摘  要
	关键词
	Underwater Image Enhancement Based on Multi-Scale Attention Mechanism
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	2.1. 基于传统的方法
	2.2. 基于深度学习的方法

	3. 多尺度注意力水下图像增强算法
	3.1. 网络结构
	3.1.1. 生成器网络
	3.1.2. 判别器网络

	3.2. 损失函数

	4. 实验结果与分析
	4.1. 数据集与训练细节
	4.2. 主观评价
	4.3. 客观评价

	5. 总结
	参考文献

