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Fig. 3 Simulation forecasting result of CAGA-»SVR
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Solitons  and

Prediction of passenger traffic volume using v-support vector regression

optimized by chaos adaptive genetic algorithm

KANG Hai-gui”, LI

Ming-wei, ZHOU Peng-fei,

ZHAO Ze-hui

( Faculty of Infrastructure Engineering, Dalian University of Technology, Dalian 116024, China )

Abstract: Aiming at the prediction of passenger traffic volume with small samples, multi-dimension

and nonlinearity, wsupport vector regression (v»SVR) is introduced to forecast passenger traffic

volume. To seek the optimal forecast accuracy and generalization performance of vSVR, chaos

adaptive genetic algorithm (CAGA) is used to optimize the parameter, which is based on chaos

mapping and adaptive mechanism. Then, a new passenger traffic volume forecasting model of +SVR

named by CAGA-vSVR is proposed. The model is applied to forecasting passenger traffic volume
with data of 1978-2008. Compared with RBF neural network model, GA-SVR model and GA-»SVR

model, it is concluded that CAGA-v»SVR prediction model has higher prediction precision, and can

effectively predict passenger traffic volume with less than 2. 3% of mean absolute relative error.

Key words: y-support vector regression; genetic algorithm; chaos mapping; adaptive mechanism;

passenger traffic volume prediction



