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Urban activity trajectory prediction with different travel modes

GUO Ge*?', HU Jun-hao®

(1. State Key Laboratory of Synthetical Automation for Process Industries, Northeastern University, Shenyang 110004,
China; 2. School of Control Engineering, Northeastern University at Qinhuangdao, Qinhuangdao 066004, China;
3. College of Information Science and Engineering, Northeastern University, Shenyang 110004, China)

Abstract: In the information society, it is very important to discover and predict human position trajectories and activity
patterns based on users’ historical activity trajectories. Most of the existing studies use the Markov model based on the
similarity classification between time and trajectory, ignoring the differences of movement laws under different travel
modes. This paper distinguishes different travel modes, based on the characteristics of the trajectory’s speed, acceleration,
and heading change speed, the XGBoost algorithm is used to identify the travel mode of trajectory, and the optimized
trajectory segmentation algorithm is used to decompose the human travel trajectory into travel modes. Markov models
trained by trajectories of different travel modes are used to accurately predict travel trajectories. Experiments show that
there are significant differences in the trajectory movement laws of different travel modes, and the prediction accuracy
and distance deviation of the proposed method are obviously better than several benchmark methods.
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