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Summary of tropical cyclone forecasting based
on artificial intelligence technology (part 2)

tropical cyclone forecasting methods based on manifold learning, intelligent calculation and deep learning

Jin Long', Huang Ying®, Yao Cai', Huang Xiaoyan®, Zhao Huasheng’
(1.Guangxi Climate Center, Nanning Guangxi 530022 ;
2. Guangxi Institute of Meteorological Sciences, Nanning Guangxi 530022)

Abstract: Following a detailed review of tropical cyclone forecasting research and operational applications of
BP neural network and integrated methods in "Review of Tropical Cyclone Forecast Based on Artificial
Intelligence Technology (Part 1)", this article further reviewed the application of manifold learning methods in
data mining of tropical cyclone predictors. Besides, the applications of various intelligent computing models,
including particle swarm algorithm, fuzzy algorithm, probability algorithm, and deep learning methods in tropical
cyclone forecasting were also discussed. A preliminary discussion on the development of artificial intelligence in
the field of meteorology in the future is expected to provide a useful reference for effectively improving the ability
of artificial intelligence to forecast meteorological disasters.

Key words: tropical cyclone; intelligent computing; manifold learning; data mining; deep learning



