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Stay point recognition method based on spatio-temporal
constraint density clustering

LU Jianfeng'?, GUO Maozu'?, ZHANG Yu"’, ZHAO Lingling*

(1. School of Electrical and Information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 100044,
China; 2. Beijing Key Laboratory of Intelligent Processing for Building Big Data, Beijing University of Civil Engineering and Archi-
tecture, Beijing 100044, China; 3. State Key Laboratory for Geomechanics and Deep Underground Engineering, Beijing University of
Civil Engineering and Architecture, Beijing 100083, China; 4. School of Computer Science and Technology, Harbin Institute of Tech-
nology, Harbin 150001, China)

Abstract: The recognition of the track stay point is the key to the trajectory analysis and the semantic mining of travel
activities. Aiming at the defect of spatio-temporal information based on density clustering, the new method of space-
time constrained stay point recognition is proposed. In the density clustering, the indirect spatio-temporal feature repres-
entation of the trajectory is introduced, and the trajectory points with spatio-temporal similarity are aggregated. The spa-
tio-temporal feature constraint unified with the clustering process is used to fine grain the trajectory cluster. Therefore,
when the constraints are used, the input data features used in the clustering are reused, and the full utilization of the fea-

tures improves accuracy of the recognition. The experimental results verify effectiveness of the proposed method.
Keywords: stay point identification; density clustering; space-time constraint; indirect spatio-temporal feature; spatio-

temporal similaily; aggregatied; process uniformity; fine-grained
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