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Fig.1 Location of study area
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Table 1 Specific information of images

i A EYiines A # 3% Tt/ %

2019/07/25  Sentinel-2B 1.66
vidil  T44PMR )

2020/12/11  Sentinel-2A 17.51
) 2019/04/06  Sentinel-2B 6.59
Viki2  T44NLP

2020/02/15  Sentinel-2A 12.22
) 2019/04/03  Sentinel-2B 8.88
ulif 3 T44NNP

2020/04/07  Sentinel-2B 8.10

2019/04/08  Sentinel-2A 6.37
V4 T44NNM

2020/11/08  Sentinel-2A 25.60
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Table 2 Cloud detection accuracy of different models Table 3 Specific information of images
7 WERAR/ % VR BRI/ % By &l 5 H s Ay s
QA60 25.35 7.21 78.16 2018/11/04  Sentinel-2B 8.79%
Cloud-Score 8.64 2.17 89.83 2020/01/08  Sentinel-2B  13.23%
Fmask 2.27 38.74 63.45 WHl  T49QCB  2018/05/23  Sentinel-2A  21.22%
SVM and Cloud-Score 1.06 0.15 98.21 2019/11/09  Sentinel-2B  30.92%
2018/01/13  Sentinel-2A  42.60%
BUTE VA M XA ) & 2 B 25 00 T 09 2 A6 0 sk vp 2020/04/22  Sentmel-2A  4.50 %
Yy TR RORS BE B v U S R 30 o 2019/10/25 Sentinel-2A  19.74%
AWK E S am &M P ARSI~ mﬁ;’%ﬁ TI8LXP 2018/07/27  Sentinel-2B 27.86%
KOs WL AR SRk 2019/06/22 Sentinel 285 362101

VEF 240 I 25 5L R RE 25 5 25 . QAG0 Ik B v A1 2021/01/17  Sentinel-2A 47.09%
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Abstract: Cloud coverage hinders the effective range of earth observation by optical remote sensing satellite.
Rapid and accurate cloud detection is an important step in the product generation process of remote sensing appli-
cation. In view of the lack of suitable and high—quality cloud detection model in Google Earth Engine cloud plat-
form, this study takes tropical cloudy Sri Lanka as the study area, constructs a Sentinel-2 image cloud detection
model coupled with SVM and Cloud-Score algorithm. Through experiments, the cloud detection accuracy of
this method 1s compared with that of QA60 method, Cloud-Score algorithm and Fmask from the point of view
of visual interpretation and quantitative analysis. The results show that the cloud detection performance of
Fmask model is the lowest, and the overall accuracy is only 63.45%. It has a serious phenomenon that water
body is mistakenly divided into clouds, but its omission error is very low. The QA60 method has insufficient
recognition of cirrus clouds, and the omission error is high. At the same time, it has a certain phenomenon of
misclassification, and the low spatial resolution affects the details of cloud boundary extraction results. The
cloud detection performance of the Cloud-Score algorithm is obviously better than that of the QA60 method,
the overall accuracy is 89.83% , and the commission error is only 2.17%, but there is still a phenomenon that
some cirrus clouds are missed. Compared with the other three cloud detection methods, the cloud detection
model proposed in this study has the highest overall accuracy, reaching 98.21% , and has extremely low omis-
sion error and commission error. The model can accurately identify the boundary of the cloud, and can meet the
cloud detection preprocessing requirements of Sentinel-2 remote sensing products.

Key words: Cloud detection; SVM ; Cloud-Score algorithm ; Sentinel-2 ; Fmask



