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Abstract. Spatial-temporal clustering algorithm is the basic research topic of geographic spatial-temporal
big data mining. In view of the problem that traditional CFSFDP clustering algorithm cannot be applied in
spatio-temporal data mining, this paper proposes a spatio-temporal constraint algorithm called ST-CFSFDP
(spatiat-temporal clustering by fast search and find of density peaks) . ST-CFSFDP adds time constraint on
the basis of CFSFDP algorithm, and modifies the calculation strategy of sample attribute value. which not
only solves the problem of multi-density peak of single cluster set in the original algorithm, but also can
distinguish and identify clusters at the same location and at different times. In this paper, the simulated
spatiotemporal data and real indoor location trajectory data were used for the experiment, the results show
that the ST-CFSFDP algorithm has a recognition rate of 82.4% at a time threshold of 90 s and a distance
threshold of 5 m, which is better than the classic ST-DBCSAN, ST-OPTICS and ST-AGNES algorithm
increased by 5.2%, 4.2%, and 7.6% . respectively.
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Fig.1 Comparison of clustering results with and without time constraints
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