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A Machine Learning-based Cloud Detection Algorithm for FY-4A AGRI
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Abstract: Cloud Masking is one of the most essential products for satellite remote sensing and downstream applications. This study develops machine learning-based (ML-based)
cloud detection algorithms using spectral observations for the Advanced Geosynchronous Radiation Imager onboard the FY 4A geostationary satellite.Collocated active observations

from Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) are used to provide reference labels for model development and validation. In this study, 26 models were built based
on whether the solar altitude angle was greater than 90° , different types of subsurface(water,vegetation,bare,ice), and different seasons (spring,summer,autumn,winter), with eligible
snow and ice samples counted throughout the year because of the small number of samples. AutoML automatically searches for the optimal parameters for the 26 models, which greatly
saves the time for parameterization. We also compared the performance of this paper's algorithmic model with that of CLM, the official cloud detection product of Feng Yun, for each
of the five evaluation metrics, and the results showed that our algorithms are superior to CLM.

Results and Discussion
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Conclusion
In this stud_y, daytime and nighttimf_e algorithms were developed based on the random _forest algor_ithm for MELIIA XIAG Was born in 1997. She received the B.S.
four seasons (spring, summer, autumn, winter) and four types of subsurface (water, vegetation, bare , ice). The degree from Chengdu University of Information
training, testing, and validation set truth values required for algorithm development were obtained from CALIOP Engineering, China, in 2020. She is currently pursuing
radar data. Five evaluation metrics are proposed to compare 26 model results with CLM, the official cloud detection the Ph.D. degree at the Institute of Atmospheric

product for storm clouds. On average compared to CLM, the daytime algorithm model accuracy is improved by Physics, Chif‘else ?\Cﬁdemy of S‘i:?”CES- Her research
about 15% and the nighttime algorithm model accuracy is improved by about 10%; the daytime algorithm model nterests mainly focus on satellite remote  sensing

. : : . : _ inversion of cloud\fog, machine learning, etc.
FPR is reduced by about 11% and the nighttime algorithm model FPR is reduced by about 8%. From the analysis R _3535764076@ ’
of individual cases, the algorithm model inverts cloud edges better than CLM but overestimates clear sky pixels. “mall address. 44.6om
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