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Fig.1 Flowchart of the Threshold Adaptive Cloud Detection (TACD) algorithm
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Fig.3 Multi-channel threshold tests
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Fig.4 Examples of cloud detection results
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Fig.5 Comparison of results in multiple scenes
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Fig 6 Example results of cloud mask postprocessing

based on guided filtering
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Threshold Adaptive Cloud Detection for FY-3D Images Using
CALIPSO Data as Reference

Zhang Yuzhuo, L1 Zhiwei, Shen Huanfeng, Peng Xiaoyuan
(School of Resource and Environmental Sciences, Wuhan University, Wuhan 430079, China)

Abstract: FY series satellites can provide important data support for remote sensing monitoring of the atmo-
sphere, land, and ocean on a global scale. As optical satellite images are inevitably affected by cloud coverage,
obtaining accurate cloud masks through cloud detection is the key to the processing and application of FY series
satellite images. Most of the existing cloud detection methods use simple and efficient threshold methods, how-
ever, the optimal threshold in the traditional threshold method is difficult to determine in the absence of a large
number of cloud and clear sky labels due to differences in sensor spectral response and radiance differences be-
tween different underlying surfaces. Therefore, a Threshold Adapted Cloud Detection (TACD) method is pro-
posed in this paper, which has taken the band characteristics and underlying surfaces differences into consider-
ation comprehensively, then sets up multi—channel threshold tests consisting of reflectance and reflectance com-
bination test, brightness temperature test, brightness temperature difference test and cirrus cloud test under dif-
ferent scenarios, and establish global Optical-LiDAR cloud detection dataset to achieve iteratively optimize
thresholds in TACD algorithm, and finally perform cloud detection based on the optimal thresholds. We take
FY-3D MERSI-II images as an example to establish a high—precision global cloud detection sample dataset col-
located with CALIOP cloud layer data, compare the cloud detection results of the proposed TACD method
with the official cloud mask products. The evaluation results show that the accuracy of the cloud masks pro-
duced by TACD is significantly improved compared with the official masks, in which the mloU is increased
from 80.35% to 84.09% and the recall can reach 92.67%. In conclusion, TACD has great potential for applica-
tion.

Key words: Cloud detection; Threshold adaptive method ; FY-3D; CALIPSO; TACD



