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GBDEN: A Fast Clustering Algorithm for Large-scale Data Based on Granular Ball

XUE Renxuan' , YT Shichao® and WANG Pingxin®
1 School of Computer, Jiangsu University of Science and Technology.Zhenjiang, Jiangsu 212100, China

2 School of Science,Jiangsu University of Science and Technology,Zhenjiang, Jiangsu 212100, China

Abstract Clustering is a technique used to partition the objects in a dataset into groups or clusters based on their similar fea-
tures,aiming to form groups where objects within each group are more similar to each other than to those in other groups. Densi-
ty-based clustering is one of the unsupervised clustering methods that does not require the number of clusters to be specified in
advance. On the contrary, it adaptively determines the clusters based on the density of the data. Compared to methods like K-
MEANS, density-based clustering is less sensitive to the selection of initial points. It also can produce more robust and reliable
clustering results. Among various density-based clustering algorithms, DENCLUE (DENsity-based CLUstEring) utilizes a hill-
climbing approach, which is grounded in a solid mathematical foundation. At the same time,it performs well in datasets with con-
siderable noise, allowing clustering of arbitrarily shaped clusters in high-dimensional datasets. However, processing large-scale
datasets with DENCLUE requires significant computational resources and time. To address this challenge, this paper proposes a
fast clustering algorithm for large-scale data based on granular ball. This involves creating a coarse-grained granular ball initially,
which is then refined into fine-grained granular balls. These granular balls served as input for the DENCLUE algorithm for clus-
tering. Experimental findings demonstrate the effectiveness of this approach across multiple datasets.

Keywords Clustering, Granular computing, Granular ball, DENCLUE, Kernel function
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Table 1 Information of synthetic datasets

Datasets Instances Dimensions Clusters
D1 1043 2 2
D2 1039 2 4
D3 567 2 2
D4 876 2 2
D5 1741 2 6
D6 1427 2 4
D7 3603 2 3
D8 1020 2 3

F2 OHSHBIERNER

Table 2 Information of real datasets

Datasets Instances Dimensions Clusters
Iris 150 4 3
Wine 178 13 3
Ecoli 336 7 8
Forest 523 28 4
Dermatology 366 34 6
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Table 3 Parameters selection of real datasets

Datasets h &
Iris 0.10 0.01
Wine 0.28 0.01
Ecoli 0.09 0.01
Forest 0. 40 0.01
Dermatology 0. 20 0.01
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Fig. 3 Construction and clustering of granular balls on synthetic datasets
#4 ACCH I #5 ARIXH
Table 4 Comparison of ACC values Table 5 Comparison of ARI values
K-MEANS DBSCAN SC DENCLUE  GBDEN K-MEANS DBSCAN SC DENCLUE  GBDEN
Iris 0.867 0.667 0.621 0.681 0.926 Iris 0.716 0.568 0.623 0.564 0. 826
Wine 0.605 0.701 0.978 0.674 0.921 Wine 0. 869 0.423 0.931 0.477 0.771
Ecoli 0.742 0.485 0.577 0.649 0.744 Ecoli 0. 686 0.498 0.434 0.435 0.702
Forest 0.908 0. 809 0. 826 0.785 0.792 Forest 0.791 0.659 0.667 0. 825 0. 815
Dermatology 0.779 0.495 0.711 0.819 0.822 Dermatology 0.743 0.392 0.561 0.721 0.788
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Table 6 Comparison of NMI values BFES 0 DENCLUE % 3:, GBDEN % 35 i 1l #& 0 7 g 25
K-MEANS DBSCAN SC DENCLUE  GBDEN "gj j(j({}ﬁ//l\ R
Iris 0.742 0.734 0.658 0.717 0.834 600 »
Wine 0.853 0.526 0.909 0.628 0.741 - ;:‘agr::laa]r—ba]l
Ecoli 0.649 0.542 0.563 0.539 0. 665 500 7
Forest 0.777 0.683 0.683 0.789 0.706 400
Dermatology 0. 834 0. 624 0.748 0. 805 0. 845 200 4
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Fig. 4 Comparison of time consumption
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Fig. 5 Comparison of sample size on synthetic datasets
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Fig. 6 Comparison of sample size on real datasets
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Fig. 7 Parameter sensitivity
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