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Research Advance on Ultra-short-term Wind Speed Forecasting Methods

CHEN Xuejun*, LI Zhonglong?
(1.Gansu Meteorological Service Centre, Lanzhou 730020, China;2.Gansu Meteorological Information &
Technique Support & Equipment Centre, Lanzhou 730020, China)

Abstract The related domestic and international wind speed forecasting researches are
comprehensively analyzed. The research status and progress of ultra-short-term wind speed forecasting
methods are summarized from three aspects: physical methods, statistical and machine learning
methods, and combination methods. The advantages and disadvantages of the main forecasting methods
are compared. The uncertainty analysis and the error evaluation metrics are provided. The issues and
directions which should be addressed in the research of ultra-short-term wind speed forecasting are
discussed.

Key words ultra -short -term wind speed forecasting;physical methods;statistical and machine
learning methods; combination methods; uncertainty analysis and error evaluation metrics



