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Abstract: With the rapid emergence of mobile terminal equipment in intelligent transportation system, the deep under-
standing and accurate prediction of moving target trajectories are capable of reducing the traffic accident probability, and
promoting the location service-based intelligent transportation applications. The trajectory prediction methods prediction
methods for moving target trajectories were reviewed from the data-driven prediction methods and the behavior-driven
trajectories prediction methods. Firstly, the data-driven prediction methods were reviewed, including probabilistic statis-
tics, neural networks, deep learning, and hybrid modeling. Then, the basic conceptions of target behavior-driven trajecto-
ries prediction methods were analyzed. The corresponding dynamical modeling and intention recognition methods were
reviewed. The trajectory prediction applications were briefly analyzed and reviewed, such as target trajectory reconstruc-
tion, target abnormal behavior identification, and navigation route planning. Finally, the main problems and development
directions related to prediction of moving target trajectories were discussed.
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