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Field-Theory Based Spatial Outlier Detecting Method

YANG Xuexi' XU Feng'! SHI Yan' DENG Min'

1 School of Geosciences and Info-physics, Central South University, Changsha 410083, China

Abstract: Spatial outlier detection is one of the major data mining methods. Detection of outliers will
contribute to the discovery of implicit knowledge, significant changes, surprising patterns, and mean-
ingful insights. In the field of geography, a spatial outlier is an object whose non-spatial attribute val-
ue is significantly different from the values of its spatial neighbors. Most current spatial outlier detec-
tion methods primarily consider that all the objects for outlier detection are correlated. Actually, spa-
tial correlation decreases with the increase of distance. At the same time, the objects could be poten-
tially wrongly identified as spatial outliers when there are several real outliers in their spatial neigh-
borhoods. From the viewpoint of the spatial data field, a similar Gaussian potential function is utilized
to measure the degree of spatial outlier degree. Further a field-theory based spatial outlier detecting al-
gorithm is proposed. Firstly, the spatial clustering is employed to extract the local autocorrelation pat-
terns, called clusters. Then the clusters were utilized to construct the reasonable and stable spatial
neighborhoods using the constraint Delaunay triangulation. Finally, a robust spatial outlier measure is
proposed to determine spatial outliers in each cluster. Experimental results show that the proposed
method is effective for determining detecting spatial outliers in spatial point datasets.

Key words: spatial outlier detection; spatial clustering; field theory; spatial outlier measure
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