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Figure 1 Schematic diagram of input data
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Figure 2 Schematic diagram of output results
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A Review of Vehicle Trajectory Prediction Based on Deep Learning

LIU Kai, WANG Jiaqin, LI Hantao

(School of Electronics and Information Engineering, Beihang University, Beijing 100191, China)

Abstract: Vehicle trajectory prediction ( VIP) was a significant research subject in the transportation technology
field. Traditional VTP methods require extensive feature engineering and struggle to adapt to complex and dynamic
environments in real-time. Deep learning ( DL) overcomes the limitations of traditional methods by achieving effi-
cient data representation through multi-layer neural networks. Therefore, in this study a comprehensive review of
DL-based VTP methods was carried out to explore their applications and performance in VIP. Firstly, the tradition-
al VTP and DL-based VTP methods were explored, and the main consideration problems and problem formulations
in VTP were introduced. Secondly, various VTP schemes, including input data, output results and prediction
methods were analyzed and compared. Subsequently, commonly used evaluation metrics was introduced, and the
experimental results of these VTP approaches were compared, the applications of VTP were analyzed, and the su-
perior performance of DL in VTP were demonstrated. Finally, future research directions of VIP are discussed in
terms of datasets, modeling approaches, and computational efficiency. It identifies that vehicle interaction collabo-
rative modeling, model generalization, and multimodal fusion would constitute the primary challenges and research
frontiers in the field.

Keywords: vehicle trajectory prediction; deep learning; sequential network; graph neural network; generative

model; grid method





