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Group target tracking algorithm based on labeled box particle
probability hypothesis density

CHENG Xuan, SONG Liping, JI Hongbing, ZOU Zhibin
(School of Electronic Engineering . Xidian University . Xi’an 710071, China)

Abstract: Aiming at the problems of the existing box particle probability hypothesis density (PHD) based
group target tracking algorithm such as a heavy computational burden, poor stability of the extracting state with
a large number of clusters and unavailability of group trajectories, a labeled box particle PHD group tracking
algorithm is proposed. First, the measurements are preprocessed to eliminate the clutter measurements, so as
to reduce the computational burden of the measurement updating step. Then, by adding labels to the box parti-
cles, different group targets are distinguished, and the trajectories of different group targets can be obtained.
Finally, the states of group targets are extracted according to different labels and the impact of k-means cluste-
ring instability are effectively avoided. Simulation experiments illustrate the advantages of the proposed algo-
rithm in terms of light computational burden, track maintenance of different groups under the environment of
miss detection, and accurate extraction of the group target state in the case of a large number of clusters.
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