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Fig.1 K-Medoids clustering trajectory at roundabout

intersection
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Fig. 2 K-Medoids clustering trajectory at four-exit
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Fig. 3 DBSCAN abnormal trajectory detection under different parameters
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Research on combinatorial clustering algorithm and anomaly

detection based on improved K-Medoids

HE Yuhai'**, ZHOU Qingkun', CHENG Tansheng', WANG Qinpeng”'**

( 1. School of Naval Architecture, Ocean and Energy Power Engineering. Wuhan University of Technology,
Wuhan 430063, China;
2.Key Laboratory of Ship Power Engineering Technology Transportation Industry, Wuhan University of Technology ,
Wuhan 430063, China;
3. Electronic Control Sub Laboratory of National Engineering Laboratory of Naval Architecture and Ocean Engineering

Power Systems, Wuhan University of Technology, Wuhan 430063, China )

Abstract: The extraction and mining of vehicle trajectory information using clustering algorithm and
anomaly detection algorithm are of great significance in applications such as traffic control and
management, spatial and temporal analysis and management of road congestion, user travel route
planning and recommendation, and autonomous driving decision planning. A clustering algorithm
based on a combination of K-Medoids and DBSCAN is proposed to address the shortcomings of
existing clustering algorithms and anomaly detection algorithms, which are difficult to control the
parameters and have randomness. Through training on simulated four-exit intersection datasets, an
optimal clustering model for intersections is obtained, and the model is validated and optimized with
real trajectory datasets. Then, the trajectory clustering data flow in the intersection area over some
time is reproduced visually, and the clustering effect of fewer abnormal trajectories and faster
clustering is achieved, while the optimal values of each parameter of the algorithm are selected by
comparison. Finally, the parameter transfer enables the DBSCAN algorithm to identify the abnormal
trajectories more accurately and provide guidance for traffic management and autonomous driving

decisions.

Key words: vehicle trajectory; cluster analysis; anomaly detection; similarity measure; DBSCAN

algorithm





