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Meteorological Elements Forecasting Based on Multi—scale
Spatial Correlation

LIU Li-dan
(School of Computer Science and Technology , NUAA University ,Nanjing 210018, China)

Abstract ; Meteorological element prediction is closely related to people’s daily life. In order to explore the spatial correlation properties
of meteorological elements and then realize the prediction of meteorological elements at different time scales, the graph signal method is a-
dopted. The probability graph model which can concisely depict the dependence relationship between variables is used. The node of the
graph model is composed of the data of each meteorological observation station,and the conditional Gauss graph model is established. To
determine the spatial correlation between sites, the distribution of edges in the exercise is studied. According to the characteristic scale of
weather system, the conditional Gaussian graph model is improved, and the similarity matrix is introduced. The parameters of the
similarity matrix corresponding to each prediction time scale are determined by cross—validation method. A multi—scale spatial correlation
model is established,and the model is estimated by using the improved second—order effective set method. The model is applied to 3 431
international exchange stations in the world,and the meteorological elements of precipitation and temperature are predicted for 6 hours,24
hours,72 hours and 7 days respectively. The experimental shows that the model has improved both in calculation efficiency and

prediction accuracy.
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