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Traffic Flow Prediction Based on Hybrid Model of ARIMA and WNN

CHENG Yun,CHENG Xiao-gang, TAN Miao—miao,ZHOU Kai,LI Hai-bo
(School of Telecommunications and Information Engineering, Nanjing University of

Posts and Telecommunications, Nanjing 210003 , China)

Abstract ; Aimed at the limitation of low prediction accuracy at the present stage of city road traffic,a prediction method is proposed based
on Hybrid Autoregressive Integrated Moving Average ( ARIMA) and Wavelet Neural Network (WNN) to predict traffic flow. Using the
good linear fitting ability of ARIMA and the strong nonlinear mapping ability of WNN, the traffic flow time series are considered to be
composed of a linear autocorrelation structure and a nonlinear structure. ARIMA model is used to predict the linear component of traffic
flow time series and the wavelet neural network model is applied to the nonlinear residual component prediction. The simulation results
show that the hybrid model can produce more accurate prediction than that of single model, which improves prediction accuracy of traffic
flow prediction,and it’ s an efficient method.
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