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A Research for 10 m Wind Speed Prediction based on XGBoost

MAO Kaiyin, ZHAO Changming, HE Jia
( Chengdu University of Information Technology, Chengdu 610225, China)

Abstract ; Based on the current meteorological forecasting model, there is a certain error in the accuracy of wind speed
forecasting, and domestic and foreign researchers have done a lot of work in revising wind speed forecasting. This paper
proposes a CD-XGBoost ( Clustering and Double XGBoost) algorithm, which is an improvement to the existing algorithm
of machine learning wind speed forecast correction. It mainly includes the following three improvement directions; First,
propose the idea of clustering the correlation between weather elements and correction elements and training the inter-
cluster sites based on different machine learning models to improve the accuracy of wind speed correction results. Sec-
ond, the algorithm highlights the impact of spatial factors on wind speed forecasting, and selects the forecast elements of
K nearby forecast grid points of the meteorological observation station to build a data set. Compared with the traditional
interpolation correction method, more consideration is given to the spatial factors between the stations and grid points.
Third, an algorithm is proposed to independently train the XGBoost model using data from two different reporting points,
and then add linear weights to the outputs of the two models to obtain the final correction result. In this paper’s simula-
tion experiments, three-hour observation data from 2552 meteorological observatories in China and 3 h forecast data from
the numerical model of the European Medium-Term Weather Forecasting Center (ECWMF) are used to revise the EC-
WMF’s 10 m surface prediction. The model constructed using the improved algorithm is compared with the model con-
structed by the current algorithm, and the results show that the accuracy of the wind speed prediction algorithm proposed
in this paper is significantly better than that of the current revised algorithm, in which the accuracy rate of 3 h forecast
time is over 85% . The accuracy rate within 168 h is higher than 60% , which has a good application prospect.
Keywords : machine learning; wind speed correction; clustering; XGBoost



