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Abstract; Based on the importance of climate predictio @rt the battlefield environment in the western, and aimed at the

realistic dilemma of low accuracy in plateau-climat d is paper adopts big data mining technology to fully deal with the
nonlinear statistical characteristics of the climat . JFirstly, the random forest is used to correct the data of climate model fu-
sion grid. Then, EOF is used to analyze the c(@ grid, and the information flow algorithm is also used to mine the causal rela-
tionship between circulation factors and #

e seges, in order to construct the high-impact factor subsets in different modes. Final-

@

ly, it models with random forest pregh series of different modes, then restores the predicted grid field and completes the re-

vision of model grid data. The ggest that the forecasting accuracy and skills of modified climate model by machine learn-
ing algorithm have been sigui proved, as well as the stability of model prediction. This research based on machine learn-
ing algorithm for big data minin@improves the efficiency of prediction model. It Aims at providing methods and ideas for improving
the level of climate prediction in the western.
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