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Research on the forecast of industrial solid waste generation
in China based on PCA-SVR

Liu Bingchun, Qi Xin
(School of Management, Tianjin University of Technology. Tianjin 300384 ,China)

Abstract : In this paper,based on the information from China Statistical Yearbook of 1980-2015, data of gross domestic
product(GDP) ,industrial added value, fiscal revenue, fixed asset investment,output of raw coal,crude oil production,electricity
generation, population at the Year-end,the number of industrial enterprises in our country were selected as input features. The
PCA-SVR (principal component analysis-support vector regression) prediction model for solid waste production in China is es-
tablished.It was compared with the prediction results of a variety of single models including Support Vector Regression(SVR) ,
Ridge Regression(RDG) , Decision Tree(DT)and Gradient Boosting Regression(GBR).The experimental results showed that the
mean absolute percentage error(MAPE)and root mean square error(RMSE) of PCA-SVR model are 0.063 0 and 2.671 8 respec-
tively,and the prediction error is the smallest.

Keywords : industrial solid waste generation; PCA-SVR;forecast;policy guidance
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