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Short—term Traffic Flow Prediction Method of Optimized
SVR Based on MPSO

YAN Yu-chan, WU Qi-sheng,BAI Lin, XI Wei
(School of Electronics and Control Engineering ,Chang’ an University ,Xi’ an 710064 , China)

Abstract : In order to improve the prediction accuracy and stability of road traffic flow and reduce the predictive consuming—time , we pro-
pose a short—term traffic flow prediction model based on random inertial weight particle swarm optimization combined with support vector
regression machine (MPSO-SVR). In this model, the uniform distributed random inertial weight is substituted for the invariant inertial
weight w of the standard PSO algorithm, so that the particles in the algorithm have lager w in the late search, thus effectively avoiding fall-
ing into the local optimal solution for the algorithm and accelerating optimization search. Finally,we update the velocity and position of
the particle by updating the inertial weight constantly. The algorithm not only optimizes the penalty factor ¢ and the kernel function pa-
rameter g in the support vector regression machine,but also balances the global search and local search of the algorithm well with the im-
provement of algorithm performance. Experiment shows that the MPSO-SVR has higher prediction accuracy , stronger stability and shor-
ter time consumption than standard PSO-SVR in Shanghai—Nanjing expressway traffic flow data,and the mean square error and the aver-
age percentage error can decrease to 28.689 and 12.952% respectively.
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