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Mining Spatial co-location Pattern with Dominant Feature

XIONG Kai-fang, CHEN Hong-mei, WANG Li-zhen and XIAO Qing

School of Information Science and Engineering, Yunnan University , Kunming 650000, China

Abstract A spatial co-location pattern is a subset of spatial features whose instances frequently locate together in the neighbor-
hood. Traditional co-location pattern does not distinguish the importance of features in the pattern,and ignores the dominant rela-
tionship among features. The co-location pattern with dominant feature considers the inequality of features in the pattern, and
analyzes the dominant relationship among features, which can be used in many applications. However, the existing methods for
mining co-location pattern with dominant feature do not comprehensively consider the possible tendency and influence intensity of
one feature dominating other features from the perspective of features’ instances distribution,so that the dominant relationship
among features is not properly revealed. This paper first analyzes the spatial distribution of features”’ instances in a co-location
pattern, proposes the pattern dominance index to measure the possible tendency of a feature dominating other features in a pat-
tern,and proposes the dominant influence index to measure the influence intensity of the dominance tendency. Based on the two
new measures,the dominant feature mining of co-location pattern is proposed. Then an efficient algorithm for mining co-location
pattern with dominant feature is proposed by optimizing the calculation of new measures. A large number of experiments on real
data sets and synthetic data sets verify that the proposed method can effectively identify the dominant feature in a co-location pat-
tern,and it can efficiently mine co-location patterns with dominant feature.

Keywords Spatial data mining, Spatial co-location pattern,Dominant {eature,Pattern with dominant feature
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Plantdata 9000 0.25 0.2 0.1500 0.5
Beijing-POI 50 0.25 0.2 0.0003 0.5
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