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Fig. 1 Construction of the Spatial Neighborhood
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Fig. 2 Two Simulated Datasets
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A Hybrid Spatial Clustering Method Based on Graph
Theory and Spatial Density
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Abstract: A hybrid spatial clustering method based on graph theory and spatial density
(HGDSC) is developed. The HGDSC method employs Delaunay triangulation to model the

spatial proximity relationships among spatial entities and the modified density-based cluste-

ring method, considering the similarity of both geometric distance and non-spatial attribute.

Normally, the method can adapt to a spatial database which contains clusters of arbitrary

shapes, non-homogeneous densities and/or large amount of noise. Only one input parameter

is required. Experiments on both synthetic and real-world spatial dataset are utilized to dem-

onstrate the effectiveness and advantages of the HGDSC method.
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