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Abstract As emerging spatial trajectory data,mobile user trajectory data can be used to analyze individual or group be-
havioral characteristics,hobbies and interests,and are widely used in smart cities, transportation planning,and anti-ter-
rorism maintenance. In order to identify the important locations of mobile user from a huge data set, this paper proposed
a trajectory division method based on the angle and distance offset. The method firstly extracts the important locations
candidate set by trajectory division,and then further clusters the important locations through an improved density clus-
tering algorithm,extracting the final important location of user. The experiment on Geolife trajectory data set and Four-

square data set shows that the important location identification method combining trajectory division and density cluste-

ring has higher accuracy than other existing important location identification method, which proves the feasibility and

superiority of the proposed method.
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Fig. 1 Diagram of angle and distance offset
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Fig. 2 Diagram of continuous clockwise steering trajectory
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Fig. 3 Diagram of regular clockwise-anticlockwise steering trajectory
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Fig.4 Diagram of candidate important location clusters
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