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Unsupervised clustering algorithm based on density variation
CHI Liangsheng, XU Jian
(School of Wisdom, Jiangsu Normal University, Xuzhou Jiangsu 221008, China)

[ Abstract] Cluster analysis is an active topic in data mining and DBSCAN algorithm is one of the most commonly used algorithms
based on density clustering . However, this algorithm cannot achieve classification for classes of different densities . This paper
proposes a clustering algorithm based on density variation, which can adapt to density and classify different density classes well. It

overcomes the disadvantage of DBSCAN algorithm in this aspect.
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Fig. 1 UCI datasets
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Fig. 2 The clustering result of UCI datasets
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Fig. 3 The variant of UCI datasets
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Fig. 4 The clustering result of the UCI datasets variant
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Fig. 5 UCI Jain dataset
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Fig. 6 The clustering result of UCI Jain dataset
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Fig. 7 Scattered datasets with different densities
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Fig. 8 Continuous datasets with different densities



302 B o /5 M5 MM

510 %

B9 SUAREZEELREERELER
Fig. 9 The clustering result of scattered datasets with different

densities
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Fig.10 The clustering result of continuous datasets with different

densities
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