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Density-based statistical merging clustering algorithm

LIU Beibei', MA Runing', DING Jundi®

(1. College of Science, Nanjing University of Aeronautics and Astronautics, Nanjing 211100, China; 2. School of Computer Science
and Technology, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract : The ability of existing clustering algorithms to deal with noise is poor, and the speed is slow, instead this
paper proposes a density-based statistical merging clustering algorithm ( DSMC). The new algorithm takes each
group of data points as a set of independent random variables, and gathers statistical criteria from the independent
bounded difference inequality. Meanwhile, combined with the density information of the data points, the DSMC al-
gorithm takes the descending order of the density as the merging order in the process of condensation, and thereby
achieves statistical merging of different types of data points. The experimental results with both artificial datasets and
real datasets show that the DSMC algorithm can not only deal with convex data set, and also has good clustering
effects on nonconvex shaped, overlapped and noisy, data sets. This proves that the algorithm has good applicability
and validity.
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Fig.6  Clustering results over the noisy data sets of

DSMC algorithm
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Fig.7 Clustering results of DSMC algorithm for mixed

data set
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Table 1 Characteristic description of real data sets

GRS BEARRE AR S F%
iris 150 4 3
wine 178 13 3
seeds 210 7 3
glass 214 10 6

FESCER T, DSMC 3L S8k 1 Q A L
THIRICH 6,140;8,7;6,180;6,70. DBSCAN .92
TS ECm 1 B BRI 11,0.5;7,5155,
1.1;15,8. 13 2 Al 51, DSMC % iris | seeds Fll
glass SRR T T HA 3 Fh RIS X wine
H RIS B SR Neuts 5303, (HZ5 JLIEA S N,
Ui DSMC 53 i 0 H S0 8 I8 S A B4 i R 2k

45

R2 HEMEIBREREERMLILER

Table 2 Comparison of clustering results on real data sets

Accuracy/ %
iSRS
DSMC K-means Ncuts DBSCAN
iris 97.33 89.33 81.33 75.33
wine 72.47 70.22 79.21 53.37
seeds 90.48 89.05 85.24 89.52
glass 717.57 72.90 46.26 64.95
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Fig.8 Clustering results of different Q with a fixed k value
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Fig.9 Clustering results of different k with a fixed Q value
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