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Study on Short-term Traffic State Forecasting Model of SVM Considering
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SUN Jing-yi, MOU Ruo-jin, LIU Yong-hua
(School of Transportation Engineering, Kunming University of Science and Technology, Kunming Yunnan 650500, China)

Abstract: Expressway is a kind of road with high efficiency, large capacity and full control, it is the basis to
keep high capacity through finding abnormal traffic status and taking corresponding control measures timely.
Short-term traffic state forecasting techniques can forecast the development trend of traffic status based on the
real-time traffic status data, and it can provide support for decision-making of management and control of the
main lane and on-ramp operation. By applying the grey correlation theory, the influence of proportion of road
vehicles on traffic state is analyzed, it is found that there is a strong correlation between the proportion of
large vehicles in flow and the average speed of traffic. The influence is more significant on traffic speed in the
mountainous area expressway that have complex profile alignment. Then, the expressway short-term traffic
state forecasting model based on SVM with the influencing factor of the proportion of large vehicles is built,
and the feasibility and accuracy of the model are verified by measured data and contrast experiment. The
result shows that (1) the designed SVM forecasting model has accurate prediction effect, the mean square

error is 0. 024 19 with determination coefficient of 0. 58; (2) compared with the prediction scheme without
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introducing the proportion of large vehicles, the mean square error reduced by 0. 22, and the determination

coefficient increased by 0.27; (3) compared with the traditional BP neural network model, the SVM model

for short-term traffic state prediction model has low forecasting oscillation amplitude, less training samples,

and good forecasting accuracy and comprehensive performance; (4) through time series analysis, it is found

that the prediction scheme with the previous 6 or 7 time points as input has a relatively accurate effect, while

it will interfere the model and the prediction effect is not good if too much time is selected.

Key words: Traffic engineering; short-term traffic state prediction; support vector machine ( SVM) ;

expressway; gray correlation degree
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