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A density-based and grid-based cluster centers determination clustering
algorithm

HE Xiong-xiong', GUAN Jun-yi, YE Xuan-zuo, ZHAN Yi-zhao
(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023, China)

Abstract: A density and grid based cluster centers determination clustering algorithm is proposed. The computational
complexity of the clustering process is reduced by using the gridding dataset. Firstly, the dataset space is divided into
grids with the same size, and the number of data objects that are contained in grid is defined as the value of the grid
density. The nearest distance from one grid to another with higher density is defined as the value of grid distance.
The cluster center grids can be found since these grids always have high density value and large distance value. Then,
a density-based division approach is used to accomplish the task of clustering. Finally, a comprehensive comparison
is carried out to examine the clustering accuracy and execution time between the proposed clustering algorithm and
some classical algorithms. Experiment results show that the proposed algorithm can lead to a higher accuracy with less

execution time.
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DataSet1
TPEIRBHESE ra BT rmax BACEFE rnn REERE T E 0 PEPITIHE to/s
K -means 0.784 4 0.8680 0.7259 0.003 3 0.0160
DBSCAN(Eps = 0.134 8) 0.8249 0.8249 0.8249 0 0.0583
Fuzzy K-means 0.7236 0.7995 0.5888 0.006 8 0.2145
SC(a = 1) 09175 0.9962 0.6802 0.0119 0.4000
Rodriguez-Clustering 0.9987 0.9987 0.9987 0 3.5079
DGCCD 0.9860 0.9860 0.9860 0 0.1694
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PRI L ro REEIE rmax G rm RIS 2 0®  PERITRIA 60/ s
K-means 0.8097 0.8897 0.718 1 0.0025 0.086 6
DBSCAN(Eps = 0.076 0) 0.464 5 0.464 5 0.464 5 0 0.4614
Fuzzy K-means 0.8503 0.9087 0.7265 0.0029 1.4133
SC(a = 1) 0.7629 0.8194 0.6845 0.0020 9.7224
Rodriguez-Clustering 0.967 4 0.967 4 0.9674 0 179.584 4
DGCCD 0.9413 0.9413 0.9413 0 22783
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K :
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K-means 0.808 4 0.9130 0.6890 0.0060 0.0239
DBSCAN(Eps = 0.1191) 0.9900 0.9900 0.9900 0 0.1019
Fuzzy K-means 0.8904 0.9260 0.7870 0.0023 0.2274
SC(a = 1) 0.6875 0.8100 0.5280 0.006 8 0.7167
Rodriguez-Clustering 1.0000 1.0000 1.0000 0 6.3399
DGCCD 0.9990 0.9990 0.9990 0 0.2373
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PHRIERE ro REEIE rmax R rn RIEWE T 2 0®  PERITRIA €0/ s
K-means 0.8153 0.9667 0.7000 0.006 8 0.0155
DBSCAN(Eps = 0.097 2) 0.9450 0.9450 0.9450 0 0.0530
Fuzzy K-means 0.9967 0.9967 0.9967 0 0.1404
SC(a = 1) 0.6713 0.8267 0.5217 0.007 4 0.2720
Rodriguez-Clustering 0.9967 0.9967 0.9967 0 1.3270
DGCCD 0.9667 0.9667 0.9667 0 0.1760
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TFIIRIHERE ra BT rmax BOCERE rnn RBEFE T Z 0% PEPITIHE ta/s
K-means 0.7528 0.9950 0.6305 0.0228 0.0210
DBSCAN(Eps = 0.100 2) 0.7970 0.7970 0.7970 0 0.2279
Fuzzy K-means 0.7560 0.7560 0.7560 0 0.2787
SC(a = 1) 0.8902 0.990 5 0.690 5 0.0108 3.1721
Rodriguez-Clustering 0.9930 0.9930 0.9930 0 79.4415

DGCCD 0.9920 0.9920 0.9920 0 1.2259
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IR E re  BEETE rmax BRI rmin BRI E 0 TEPITIHE ta/s
K-means 0.8885 0.8885 0.8885 0 0.0126
DBSCAN(Eps = 0.1197) 1.0000 1.0000 1.0000 0 0.1843
Fuzzy K-means 0.8907 0.8907 0.8907 0 0.0897
SC(a = 1) 1.0000 1.0000 1.0000 0 1.5147
Rodriguez-Clustering 1.0000 1.0000 1.0000 0 38.3051
DGCCD 1.0000 1.0000 1.0000 0 0.2092
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TR
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K -means 07811 0.8251 0.5643 0.0024 0.0189
DBSCAN(Eps = 1.081 4) 0.7700 0.7700 0.7700 0 0.0738
Fuzzy K-means 0.8110 0.9000 0.6900 0.0058 0.0484
SCla = 1) 0.8433 0.9900 0.5500 0.0214 04304
Rodriguez-Clustering 0.9100 0.9100 0.9100 0 0.1157
DGCCD 0.8530 0.8520 0.8530 0 0.0979
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Fuzzy K -means O(ndk?t)
DataSet7 150 0.11571 0.0979
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