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VisibilityGraph()
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ABSTRACT

A Density-based Spatial Clustering Algorithm

Considering Weight and Obstructed Distance

Department of Computer Science & Engineering

Ewha | nstitute of Science and Technology

Lim, Hyun Sook

Spatial data mining is a process to discover interesting relationships and characteristics that
exist implicitly in a spatial database. Clustering techniques work well with a large amount of
data and various types of data, so that it is easy to apply clustering techniques to spatial data.
The density-based clustering algorithms are effective especialy at handling the locality.

DBSCAN is the locality-based algorithm, relying on a density-based notion of clustering.
The density-based notion of clustering states that within each cluster, the density of the points is
significantly higher than the density of points outside the cluster. The algorithm can handle the
issue of noise and is successful in discovering arbitrary shaped clusters on a large amount of
spatial data. But it restricts the attributes that can affect clustering results as a location and

cannot manage obstacles exist in real world such asrivers, lakes and highways.
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In this thesis, we present two new spatial clustering algorithms, called DBSCAN-W and
COD-DBSCAN. DBSCAN-W agorithm assigns regions to objects relying on the weights and
the regions have influence on density. COD-DBSCAN generates a distance index for the
obstructed distance and uses it instead of the direct Euclidian distance when there exist one or
more obstacles between two objects. We conduct various performance studies to show that
DBSCAN-W and COD-DBSCAN produce different clustering results from DBSCAN depend on

the purpose of applications.
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