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An Overview of Intelligent Vehicle Trajectory Prediction
Zhang Junfeng
(College of Mechatronics &Vehicle Engineering, Chongqing Jiaotong University, Chongqing 400074 )

[Abstract] Vehicle trajectory prediction is a hot research field for intelligent vehicles in recent years. Predicting
vehicle trajectory is helpful to improve the time for intelligent vehicles to make appropriate decisions. Accurate and reliable
vehicle trajectory prediction algorithm can find potential collision in advance and reduce the risks of vehicle collision. This
paper summarizes the vehicle trajectory prediction algorithms proposed in recent years, first classifies the current algorithms
according to the traffic scenes, then summarizes the use of the algorithms and the vehicle trajectory prediction process,

finally puts forward the problems of the current algorithms, and looks forward to the future development direction.
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