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Fig. 1 Flow chart of daytime sea fog monitoring
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Table 1 Basic information of each band of Himawari—8
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Table 2 Satellite image information of dataset
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Fig. 2 The selected satellite cloud channels and their corresponding sea fog labels
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Fig. 10  Comparison of sea fog recognition results in ablation experiments
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Table 4 Compare experimental results

LY POD CSI FAR
(X5,2013) 0.8309 0.4969 0.4260
(7,2019) 0.7533 0.6431 0.1875

MSFCA-GAN 0.9050 0.8128 0.1086
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Table 5 Comparison of experimental results with

other models

R POD CSI FAR
FCN 0.7515 0.6062 0.2186
U-net 0.8235 0.7277 0.1574
GANs 0.8407 0.7535 0.1194
U-net+++ 0.8686 0.7916 0.1097
MSFCA-GAN 0.9050 0.8128 0.1086
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Fig. 11  Comparison of sea fog recognition results of various models
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Fig. 12 Comparison of sea fog recognition results of each model and label edges
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Table 6 Single—channel visible light sea fog

recognition result

s B i /s

(B E 4,2013) 0.007
(iR ERFIZR AR ,2019) 0.036
U-net 0.019
U-net+++ 0.034

FCN 0.036

GANs 0.028
MSFCA-GAN 0.074




2746 National Remote Sensing Bulletin

R 2023,27(12)

4 45 8

ARICHETER TIPS T, P2 — b 22 JUZ AR
L A SR ) 245 1) 1R O 9B 25 M O 3k O 4 2%
AT L TR = PR 22 0638 (5 BT R T T 55 M )t
I WA RERN .

(1) A SCI7 I AT LU 28088 T i 25 e ORS T2
RSB K T 55 R A T B A3 T — O Y S
XF T B R AT Ol AR R By A A BAT
HEE L,

(2) 5 JLH e G it 55 60 DN 130 {32 DA R O B A6
TR, ASCHTRJ7 ik i T 2 )2 IR R 45 B 4 1
T LA 22 ROBE R AR Rl 1) 5 LT T8 55 A 00K 32 A
G X EA BRI

TR A M 2 A, LA M A 4 1 55
2l EIE AR, — 2R T WIRCR
(7 P X A ] 8 25 4 Ml 2 T — 2D R T

E OB B https: //www.eorc.jaxa.jp/ptree/
R ERABHEABREEAR TS REN
HFBMIRE, BHARERAEZHLABLE P
PP B

222 ik (References)

Bendix J, Thies B, Cermak J and Nauf3 T. 2005. Ground fog detection
from space based on MODIS daytime data—a feasibility study.
Weather and Forecasting, 20(6): 989-1005 [DOI: 10.1175/WAF886.1]

Cermak J and Bendix J. 2008. A novel approach to fog/low stratus de-
tection using Meteosat 8 data. Atmospheric Research, 87(3/4):
279-292 [DOI: 10.1016/j.atmosres.2007.11.009]

Chen L. 2006. Studies on EOS/MODIS Data Processing and an Appli-
cation on Monitoring Fog/Low Stratus by Daylight. Nanjing: Nan-
jing University of Information Science and Technology ([ #f .
2006. EOS/MODIS Bt it b 217510 B HAE [ RAR 2 K55
AR . B A B R B TRER2) [DOT: 10.7666/d.y863542]

Deng Y J, Wang J C and Cao J. 2013. Detection of daytime fog in
South China Sea using MODIS data. Journal of Tropical Meteo-
rology, 29(6): 1046-1050 (X} £ F, FEHE4l, & # . 2013. JL T
MODIS IEEBERHE I 1 R 25 . efi LR 244K, 29(6): 1046-
1050)

Eyre J R, Brownscombe J L and Allam R J. 1984. Detection of fog at
night using advanced very high resolution radiometer (AVHRR)
imagery. Meteorological Magazine, 113(1346): 266-271

Goodfellow I J, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D,
Ozair S, Courville A and Bengio Y. 2014. Generative adversarial

nets//Proceedings of the 27th International Conference on Neural

Information Processing Systems. Montreal: MIT Press: 2672-2680

Huang H M, Lin L F, Tong R F, Hu H J, Zhang Q W, Iwamoto Y, Han
X H, Chen Y W and Wu J. 2020. UNet 3+: a full-scale connected
UNet for medical image segmentation//2020 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP).
Barcelona: IEEE: 1055-1059 [DOI: 10.1109/ICASSP40776.2020.
9053405]

Hunt G E. 1973. Radiative properties of terrestrial clouds at visible
and infra-red thermal window wavelengths. Quarterly Journal of
the Royal Meteorological Society, 99(420): 346-369 [DOI: 10.
1002/qj.49709942013]

Ishida H, Miura K, Matsuda T, Ogawara K, Goto A, Matsuura K, Sato
Y and Nakajima T Y. 2014. Scheme for detection of low clouds
from geostationary weather satellite imagery. Atmospheric Re-
search, 143: 250-264 [DOI: 10.1016/j.atmosres.2014.02.015]

LiY C, Sun H, Li X G, Tang Y and Xu M. 2001. Study on detection of
daytime fog using GMS-5 weather satellite data. Journal of Nan-
jing Institute of Meteorology, 24(3): 343-349 (Z=W. 4, FME, 25
V&1, B, £ . 2001, JT] GMS-5 4 TLE BERHE M 1R 5%
9T . P R B 2 B 22 3], 24(3): 343-349) [DOI: 10.3969/5.
issn.1674-7097.2001.03.007]

Lin TY, Goyal P, Girshick R, He K M and Dollar P. 2020. Focal loss
for dense object detection. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 42(2): 318-327 [DOIL: 10.1109/TPAML
2018.2858826]

Liu S X, Yi L, Zhang S P, Shi X M and Xue Y C. 2019. A study of day-
time sea fog retrieval over the yellow sea based on fully convolu-
tional networks. Transactions of Oceanology and Limnology,
41(6): 13-22 (XU, &7, 555, IHGERR, B fufs . 2019, 3T
AR TP 22 W0 2% J5 ek 1 L[] 280 55 TL 2 S BT . VA
iE 2, 41(6): 13-22) [DOL: 10.13984/j.cnki.cn37-1141.2019.06.002]

Liu Y J. 2019. Research on Image Semantic Segmentation Method
Based on Generative Adversarial Network. Beijing: Beijing Jiao-
tong University (X 3% . 2019. FF 4z gt bt 9 45 1 UG 18 L
3BTRS . A at: JERT3C K 2) [DOL: 10.26944/d.cnki.gb-
ju.2019.000067]

Mattyus G, Luo W J and Urtasun R. 2017. DeepRoadMapper: extract-
ing road topology from aerial images//2017 IEEE International
Conference on Computer Vision (ICCV). Venice: IEEE: 3458-
3466 [DOI: 10.1109/ICCV.2017.372]

Pavolonis M. 2010. GOES-R Advanced Baseline Imager (ABI) Algo-
rithm Theoretical Basis Document for Volcanic Ash

Ronneberger O, Fischer P and Brox T. 2015. U-Net: convolutional net-
works for biomedical image segmentation//18th International
Conference on Medical Image Computing and Computer-Assisted
Intervention. Munich: Springer: 234-241 [DOI: 10.1007/978-3-
319-24574-4 28]

Si G, Fu R D, He C F and Jin W. 2020. Daytime sea fog recognition
based on remote sensing satellite and deep neural network. Jour-
nal of Optoelectronics:Laser, 31(10): 1074-1082 (7l )¢, 445 il
PREY, Ak . 2020. 25418 B TR KR LA 22 I 25 1) 11 K 55
P . G T - 0K, 31(10): 1074-1082) [DOI: 10.16136/j.joel.



DB A5 R SIHLE T 22 RUERFIE RS A T 19 26 1 11 2R 1 25 s 2747

2020.10.0172]

Su J. 2001. A review of circulation dynamics of the coastal oceans near
China. Acta Oceanologica Sinica, 23(4): 1-16 (Fr 22 % . 2001.
I 30 ¥ R 3R S I BLRI S . TR SRR, 23(4): 1-16) [DOL: 10.
3321/j.issn:0253-4193.2001.04.001]

Tian L, Wang X, Yang B Y and Wu X J. 2021. Overview of satellite re-
mote sensing technology for marine atmospheric and environment
observation. Science and Technology Review, 39(15): 54-66 (H
M, T, UK, SBEAT . 2021, WA RIS TR R
HEE . BHE SR, 39(15): 54-66)

Tian Y J. 2016. Study of Algorithm of Detection of Daytime Sea Fog
using FY-2 Geostationary Satellite Data. Guangzhou: South China
University of Technology (7K. 2016. F:T- Kz 2 S 1L LA
s A IO NSRS TN AR TR )

Wang B H. 1983. Sea Fog. Ocean Press (T HM:4E . 1983, 55 . Mg vE
JiAt)

Wang Z, Simoncelli E P and Bovik A C. 2003. Multiscale structural

similarity for image quality assessment//The Thirty-Seventh Asi-

lomar Conference on Signals, Systems and Computers. Pacific
Grove: IEEE: 1398-1402 [DOI: 10.1109/ACSSC.2003.1292216]

Xiao Y F, Zhang J, Cui T W and Qin P. 2017. Review of sea fog detec-
tion from satellite remote sensing data. Marine Sciences, 41(12):
146-154 (H #i57, sk, HEEH, 2. 2017, 55 TR @ ik i
0 F 53 38 R .U v A2, 41(12): 146-154) [DOL: 10.11759/
hykx20170523001]

Zhang C G, Cai Y Y and Zhang J C. 2009. The application of monitor-
ing sea fog in Taiwan strait using MODIS remote sensing data.
Journal of Applied Meteorological Science, 20(1): 8-16 (5K H#,
B2 SCE, BRINAR . 2009. MODIS 3 I 5418 75 3 1] 5 145 e il 1 55
W R R R &R 2 4, 20(1): 8-16) [DOL: 10.11898/
1001-7313.20090102]

Zhang P and Wu D. 2019. Daytime sea fog detection method using Hi-
mawari-8 data. Journal of Atmospheric and Environmental Op-
tics, 14(3): 211-220 (5K, R 4< . 2019. Z:F Himawari-8 £(4f (1)
H ] 25 4 00 7 1. RS BG4 22 4, 14(3): 211-220)
[DOI: 10.3969/j.issn.1673-6141.2019.03.006]

Daytime sea fog detection based on multi—scale feature fusion of generated
adversarial network under attention mechanism
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Abstract: Sea fog is a common weather phenomenon at sea. It will reduce visibility at sea and greatly threaten maritime traffic and other
operations. Traditional sea fog detection algorithms using satellite remote sensing have low accuracy, poor portability, and low automation.
Although some existing deep learning-based sea fog monitoring algorithms have been improved, they do not consider the spectral
characteristics of sea fog in different channels. The accuracy of sea fog monitoring is also low, especially in edge recognition.

A daytime sea fog detection method, which is based on multi-scale feature fusion of generated adversarial network under attention
mechanism, is proposed to improve the accuracy of sea fog detection. First, according to the spectral response of sea fog in different imaging
channels of meteorological satellite, the satellite cloud images of different imaging channels that can reflect the characteristics of sea fog are
selected as the input of the network. Meanwhile, a channel attention mechanism is introduced to calculate the weights of different input
channels for prioritizing significant imaging channels within multichannel input. Then, a multi-scale feature fusion mechanism is adopted to
fuse the feature maps of different levels of the network for obtaining the multi-scale features of the sea fog. In this way, the problem of
losing detailed features in cloud images caused by the pooling operation of the traditional deep network can be solved. Finally, given the
difficulty of traditional methods to accurately describe the edge of sea fog, a generation network for sea fog detection supervised by an
adversarial network is used to accurately define the edge of sea fog and reduce the false alarm rate.

This study takes the Yellow Sea and the Bohai Sea (116.5°—128.25°E, 30°—42.5°N) as the research area. Given that March to June
each year is the period of high incidence of sea fog in the Yellow Sea and the Bohai Sea, we produce a dataset based on the weather satellite
monitoring report of the National Meteorological Center from March to June 2017—2020. After training the model, concerning the
quantitative indicators of sea fog detection, our method achieves a probability of detection of 90.5%, a critical success index of 81.28%, and
a false positive rate of 10.86%, which are better than those of other methods.

The experimental results show that the proposed method can effectively improve the accuracy of sea fog identification, which is
important for marine vessel navigation, fishery production, national defense, and military affairs.

Key words: sea fog monitoring, satellite remote sensing, attention mechanism, generate adversarial network, multi-scale feature fusion
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