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Trajectory Pattern Mining from Large Trajectory Data based on
A Top—-down Approach

Ryota Jinno

Kuniaki Uehara

Abstract

Trajectory is the path described by an object moving in space and time. Each data point in this path represents a
certain position and time. Because of the increasing use of location-acquisition technologies, such as GPS for
mobile devices, we can collect large spatio-temporal datasets, which can be used to discover useful knowledge about
movement behavior from the datasets. This type of research is called “trajectory pattern mining.” This paper
regards trajectory patterns as concise descriptions of frequent behaviors in terms of both space and time, following

Giannotti’s work. We propose a new trajectory pattern mining algorithm based on a top-down approach.
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