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A Survey of Spatial Data Mining Research
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Abstract More and more spatial data are used with the development of the information, therefore, obtaining the spa-
tial knowledge becomes more and more important and meaningful, this makes spatial data mining become a promising
research filed. In this paper, the proceedings of four methods used in spatial data mining, namely spatial classification
and prediction, spatial clustering, spatial outlier, spatial association rules are systematically summarized. Finally, the
future directions of spatial data mining are discussed.
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