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Using ARIMA Model to Predict Green Area of Park
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School of Statistics, University of International Business and Economics, Beijing 100029, China
Abstract Using ARIMA model in time series is one of the common analysis and prediction methods. In order to predict the green
area of the park,in the case where the advantages of other prediction models are not obvious,the ARIMA model is finally selected
as the prediction method. The data of landscaping and forestry in Beijing from 1978 to 2017 are surveyed and collected. In the
SPSS system, through the steps of data selection,descriptive statistical analysis,autocorrelation graph stationarity test,data sta-

tionarity processing,model test,etc. ,the ARIMA model suitable for data collection is finally determined,and to predict the green

area of the park. Experimental results such as visualization and model statistics show that the model fits and predicts well.
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Fig. 7 Fitting effect of manual modeling
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