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A Passenger Flow Predication Model Combining History
Means and Boosting Tree

BAI Zhi—yuan, WEN Cong-wei, YANG Jin-hao,CHEN Zhi,LYU Pin
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Abstract; The development of mobile positioning service makes the online and offline transaction data of Internet merchants grow rapid-
ly. How to dig out the hidden user behaviors in the massive transaction data and realize the intelligent decision—making is a critical prob-
lem that Internet merchants are facing in the process of operation. Based on this, we propose an Internet merchant traffic prediction model
integrating historical mean and boosting tree,in which the boosting tree is used to improve the prediction accuracy, and the historical mean
model is used to consider the dependence between passenger flow prediction and time. The core idea of the proposed model is to predict
the average sales and total sales of merchants in the past three weeks by XGBoost, GBDT and historical mean model, and then build the
fusion weight coefficient formula of the boosting tree and historical mean model. This method is implemented on the sales data set of 2
000 Internet merchants,and compared with the weighted regression model of time series. It is found that the results of the two methods
are similar, which indicates that the proposed method is correct to consider the time factor. Moreover, with the increase of training set, the
prediction accuracy of the model can be significantly improved.
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