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Detection of nighttime sea fog/low stratus over western
North Pacific based on geostationary satellite data
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Abstract: Using Himawari-8 geostationary satellite data, this study makes sea fog/low stratus ( SFLS)
labels based on cloud base height from CALIPSO satellite and the characteristics of fog/cloud horizontal
uniformity, uses a FCN-CRF ( Fully Convolutional Network and Conditional Random Field) model, and
proposes a nighttime SFLS detection method. After training, the SFLS observation of CALIPSO data is
used to test the FCN-CRF model and the dual channel difference ( DCD) method. The FCN-CRF model
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performs well with a probability of detection (POD) of 0.611, a false alarm ratio (FAR) of 0.174, a
critical success index (CSI) of 0.541, Hanssen-Kuiper Skill Score (KSS) of 0.436, and Heidke Skill
Score ( HSS) of 0.577. Overall, it is better than the DCD method.
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Fig.1 Cloud base height (a) from CALIPSO at 13:38 UTC 19 June and bright temperature of 3.9 pm (b), bright temperature

of 10.4 pm (c¢), and bright temperature difference (d, green area ranges from —5.5 K to —2.5 K)
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Fig.2  Study area and data diagram
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Fig.3 FCN-CRF structure for nighttime SFLS detection (the number product below the arrow is the convolution kernel

size for the convolution, pooling, and deconvolution layers )
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Table 1  Confusion matrix of nighttime SFLS
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Table 2 Evaluation metrics of nighttime SFLS detection results
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48°N
s
47 SFLS
=46
haiy SFLS
4 JC SFLS
i 25 7K AR
44
156 158 160°E 156 158 160°E
% %
(a) DCDEEAGIMZE R ( SFLSBEI{E X E][-7, -1]) (b ) FCN-CRF 4 5
K K
280 280
48°N
275 275
47 270 270
B 4 265 265
® 260 260
45 255 255
250 250
44
245 245
160°E 160°E
2
(¢) 3.9 umZL A EIE (d) 10.4 pmZLAMEIE 2R

B 7 20204FE6 A 25 H 16:09 SFLS 4l (5248 & CALIPSO T3 E BT, B2k SFLS,
HEZ N E s, GOELREEKIE)
Fig.7 SFLS case at 16:09 UTC 25 June 2020 ( solid line is CALIPSO track line, black line is SFLS,

white line is medium/high cloud, and green line is clear)



1 BAHESE  FLF A FURR 28 W46 1 P U RSP A R 55/ IR = T2 Ay i A 5 9
48°N
=
47 SFLS
= 46
& SFLS
4 JC SFLS )
oS KR
44
156 158 160°E 156 158 160°E
Z % Z %
(a) DCDEEKGINEER (SFLSEI{E X AI[-7, -11) (b ) FCN-CRF#&l 25 5
K K
280 280
48°N 48°N
275 275
47 270 47 270
B 46 265 M 16 265
3 w60  § 260
45 255 45 255
250 250
44 44
245 : 245
156 158 160°E 156 158 160°E
7P 2358
(¢) 3.9 umZL A s (d) 10.4 umZL B
B8 202046 H 25 H 18.00 SFLS /il ( B4 = £y 1800 ICOADS WM 2 53 55 1y 3 1)
Fig.8 SFLS case at 18:00 UTC 25 June 2020 (black triangle is station observed with fog
from ICOADS at 18.:00 UTC)
4 B O B 37 T 30 5 %) 4% 3 20 DX, 0 7 448 79 ) b 3L
Zate

ARWF5EH ] CALIPSO Himawari-8 T2 50 , 5t
FHERMEMGEIR S T IR PR EEE/ A=
K vk, EEESS AT .

(1) FEIE - SO 40 B2 = 01 0L T, A 4
755 I I TE) RF 82 Mk K OF ¥ A0 PR REAE,
CALIPSO T A 1 = Ji% o B2 E5 4l il AR TR B 2 20 O i
Y Fras 4553 25k 45, 915 Himawari-8 132 K4l
AHEE G, 8 e 0 34 i Ak A 30 4 v s (R R R
A%, NP IE] SFLS Kt nr 150k

(2) # 4 2016—2020 4F- 2 095 ™A ¥R 9 74 [
SFLS, 3% 4 763 MINZAEA, #4H FCN-CRF BLHY
2o A 1 M BE R4 IZ AL OA Tl 0.819, POD
9 0.611,FAR 4 0.174,CSI $5 %04 0.541,KSS PE5>
4 0.436 , HSS PE43 K 0.577 , #44:F DCD .,

(3) &[] SFLS il g7~ , FCN-CRF BRI fE % 6

AT3AT Witk s () (EL 25 SRAHERf | HL X2 W] AR 2T S
TS R RUE A RAAIE

EARGRRIOPYRIIEA€1TE s i R LA ROE 4 ey ivd
I A28 B AR IBUR R VR TS SR X e, FLER P ) 1
PREBIYIGREOR . 8RR B SR 19 70 S b 28 B
Feik i) FAR UG KT ik RE B X 2047 A TR 5 2
R BERE AT M T AT T ik i A ot

B34 : Himawari-8 TR H 6 th H A LR JT 42
(http ://www. jma. go. jp/jma/indexe. html ) , CALIPSO
TEH@EH CALIPSO M4t (https ./ www-calipso.
larc.nasa.gov/ ) , SST &4k i W b R AR Hho o4
HH(https :// cds.climate.copernicus.eu/ ) , ICOADS 4
i1 NOAA it ( http ://icoads.noaa.gov/ ) , FCN FE R
Ik A A Sk B https ://github. com/fengshilin/tf2. 0-
FCN, CRF A% % 3L itk A3 859 3k [ https://github. com/



10 NN I 543 %
lucasb-eyer/ pydensecrf,, R, [14] GAO S H, WU W, ZHU L L, et al. Detection of
. nighttime sea fog/stratus over the Huanghai Sea using
SELM MTSAT-1R IR data[ J]. Acta Oceanol Sin,2009,28(2) :

(1] TR [ M] AL G AR, 1983, 23-35.

(2] RER AN BRI, S HE AR [15] B0 EE S0, R IR
WE 2 MK S ) MR 74,2019, RSB FEOREI, 2005, 15(1) £ 101-106.
39(3) :1-10. [16] HUNT G E. Radiative properties of terrestrial clouds at

(3] EH RS AT K 254 TR« — R B visible and infra-red thermal window wavelengths [ J].
TSR F) 5 BB HE R (1) 85 7T 5 2741, 2020, Quart J Roy Meteor Soc,1973,99(420) :346-369.

40(2) :10-18. [17] BENDIX J, BACHMANN M. FEin operationell

(4] SBERT ZE =gk, B, % LT 20 4F TR B IR RN einsetzbares Verfahren zur Nebelerkennung auf der Basis
TG VU 5 A AR T AR AT AT [T ] 0 T R von AVHRR-Daten der NOAA-Satelliten [ J ]. Meteorol
2015.37(1) :63-72. Rundsch, 199143 :169-178.

[5] KORAGIN D, DORMAN C E. Marine fog: challenges [18] CHAI D F, NEWSAM S, ZHANG H K, et al. Cloud and
and advancements in  observations, modeling, and cloud shadow detection in Landsat imagery based on deep
forecasting [ M ]. Switzerland; Springer International convolutional neural networks[ J]. Remote Sens Environ,
Publishing,2017. 2019,225:307-316.

[6] BENDIX J, THIES B, NAUSS T, et al. A feasibility [19] LeCUN Y, BENGIO Y, HINTON G. Deep Learning[ J].
study of daytime fog and low stratus detection with Nature,2015,521(7553) :436-444.
TERRA/AQUA-MODIS over land [ J]. Meteorol Appl, [20] LONG J, SHELHAMER E, DARRELL T. Fully
2006,13(2) : 111-125. convolutional networks for semantic segmentation[ C/OL]//

[7] CERMAK J, BENDIX J. A novel approach to fog/low 2015 IEEE Conference on Computer Vision and Pattern
stratus detection using Meteosat 8 data[ J]. Atmos Res, Recognition (CVPR), Boston, MA, June 7-12,2015:3431-
2008,87(3/4) :279-292. 3440. https ://ieeexplore.ieee.org/ document/7298965.

[8] ZHANG S P, YI L. A comprehensive dynamic threshold [21] XURTE ARSL 5K IRF 45 B T 2 BRI 2 W 25 J7 1k 11
algorithm for daytime sea fog retrieval over the Chinese F i) 810 25 TL AL SIS [ ] P VA il 41, 2019,
adjacent seas[ J]. Pure Appl Geophys,2013,170(11); 41(6) :13-22.

1931-1944. [22] WOHLFARTH K, SCHROER C, KLAB M, et al. Dense

[9] WU X J, LI S M. Automatic sea fog detection over cloud classification on multispectral satellite imagery[ C/
Chinese adjacent oceans using Terra/MODIS data[ J]. Int OL]/72018 10th IAPR Workshop on Pattern Recognition
J Remote Sens,2014,35(21) :7430-7457. in Remote Sensing (PRRS), Beijing, August 19-20,

[10] PR BU09. FY-3A TLE GBI 7RSS Wi b 1 137 FRTSE 2018: 1-6. https://ieeexplore. ieee. org/document/
[J] 3B AR 51 ,2011,26(4) :489-495. 8486379.

[11] ELLROD G P. Advances in the detection and analysis of ~ [23] WU W, GAO X Y, FAN J, et al. Improved mask R-
fog at night using GOES multispectral infrared imagery CNN-based cloud masking method for remote sensing
[J]. Wea Forecasting, 1995,10(3) :606-619. images[ J]. Int ] Remote Sens, 2020, 41 (23): 8910-

[12] UNDERWOOD S J, ELLROD G P, KUHNERT A L. A 8933.
multiple-case  analysis  of nocturnal  radiation-fog [24] BESSHO K, DATE K, HAYASHI M, et al. An introduction
development in the Central Valley of California utilizing to Himawari-8/9; Japan's new-generation geostationary
the GOES nighttime fog product [ J]. J Appl Meteorol, meteorological satellites [ J ]. J Meteor Soc Japan, 2016,
2004,43(2) :297-311. 94(2) 151-183.

[13] CERMAK J, BENDIX J. Dynamical nighttime fog/low [25] SIMONYAN K, ZISSERMAN A. Very deep convolutional

stratus detection based on Meteosat SEVIRI data: a

feasibility study [ J ]. Pure Geophys, 2007,

164(6/7) :1179-1192.

Appl

networks for large-scale image recognition [ C/OL ] ICLR
2015, San Diego, CA, May 7-9, 2015.[2022-02-07].
https ://arxiv.org/abs/1409.1556.



%1 BRAPEST: BT PR 22 I 288 (4 DY AU TP R ) 85 55/ 1R 2= T RAGHI J i F 5 11

[26] SUTTON C, MCCALLUM A. An introduction to Stockholm; KTH Royal Institute of Technology,2015.
conditional random fields[ J]. Found Trends Mach Learn, [34] HAHNLOSER R H R, SARPESHKAR R, MAHOWALD
2012,4(4) :267-373. M A, et al. Digital selection and analogue amplification

[27] BN FEI [ M] AL SRR R 2016. coexist in a cortex-inspired silicon circuit [ J]. Nature,

[28] M, T HeRs , S be o, 55, =i g (] i Hh 25 32 Ja% 2000,405(6789) :947-951.

ST 1 B3 FAVERS Fe B [ )] B R 24, 2021, [35] SAUNDERS R W, KRIEBEL K T. An improved method
41(1) .45-57. for detecting clear sky and cloudy radiances from AVHRR

[29] YANG J H, YOO J M, CHOI Y S. Advanced dual- data[ J]. Int J] Remote Sens,1988,9(1) :123-150.
satellite method for detection of low stratus and fog near [36] EYRE J R, BROWNSCOMBE J L, ALLAM R J.
Japan at dawn from FY-4A and Himawari-8[ J]. Remote Detection of fog at night using Advanced Very High
Sens,2021,13(5) :1042. Resolution Radiometer ( AVHRR) imagery [ J]. Meteor

[30] COTTON W R, BRYAN G H, VAN DEN HEEVER S C. Mag,1984,113(1346) .266-271.

Storm and cloud dynamics: the dynamics of clouds and [37] SHIN D, KIM J H. A new application of unsupervised
precipitating mesoscale systems[ M]. 2nd ed. Academic learning to nighttime sea fog detection[ J]. Asia-Pac ]
Press,2011. Atmos Sci,2018,54(4) :527-544.

[31] NORTH G R, PYLE J A, ZHANG F Q. Encyclopedia of [38] AWAD M, KHANNA R. Efficient learning machines:
atmospheric sciences [ M ]. 2nd ed. Academic Press, theories, concepts, and applications for engineers and
2015:141-160. system designers [ M ]. Berkeley, CA: Apress, 2015;

[32] LIANG X S. Information flow and causality as rigorous 39-66.
notions ab initio[ J]. Phys Rev E, 2016, 94(5) :052201. [39] GULTEPE I, PAGOWSKI M, REID J. A satellite-based

[33] HENSMAN P, MASKO D. The impact of imbalanced fog detection scheme using screen air temperature [ J ].

training data for convolutional neural networks [ D ].

Wea Forecasting,2007,22(3) .444-456.



