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Clustering Algorithm Based on Boundary Identification
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Abstract: Focusing on the default that in the clustering algorithm based on density the objects are
processed from high-density area to low-density area, thereby. the objects with low density can
not be identified, a novel clustering algorithm based on boundary identification is proposed
through discussing the boundary identification existed in clustering process. The main idea of the
algorithm is that the objects belonging to an accumulated cluster have higher priority than the
density priority, i. e. objects belonging to the same accumulated cluster will be clustered first be-
fore next clustering is processed. When the object extension reaches the boundary of cluster, the
extension is stopped and turns to other direction. This method can maximize each cluster. After
analyzing the density features of the cluster boundary, a boundary identification rule is created
and data is clustered according to it. Experiments with synthetic data set and UCI KDD data sets
demonstrate that the proposed algorithm is specially suited for processing objects with low-densi-
ty, and the new algorithm can improve the performance by 4% while keeping same time complex-
ity compared to other algorithms.
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