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Density-Peak Clustering Algorithm on Decentralized and Weighted Clusters Merging
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Abstract: The clustering by fast search and find of density peaks (DPC) is a density-based clustering algorithm
proposed in recent years, which has the advantages of simple principle, no iteration and clustering of arbitrary
shape. However, the algorithm still has some defects: clustering around clustering centers makes the clustering
results significantly affected by central points, and the number of clustering centers needs to be manually specified;
the cutoff distance considers the distribution density of the data but ignores the internal features; if there is a sample
allocation error in the clustering process, the subsequent sample clustering may amplify the error. To solve the above
problems, this paper proposes a density-peak clustering algorithm on decentralized and weighted clusters merging
(DCM-DPC). This algorithm introduces the weight to redefine the local density, dividing core sample groups located
in different local high density regions to replace cluster centers as the cluster basis. Finally, the remaining samples
are assigned to the highest coupled core sample groups or labeled as discrete points by their near neighbor samples.
Experiments on artificial and UCI datasets show that the clustering performance of the proposed algorithm

JEG I H - HE YA AT H (201902005069) ; VU )14 BHE T E A 0F &5 H (22ZDYF0724) .

This work was supported by the Collaborative Education Project of Ministry of Education of China (201902005069), and the Key Re-
search and Development Project of Sichuan Provincial Science and Technology Department (22ZDYF0724).

WoRs H91:2021-11-30  f&191 H 1) : 2022-03-24



RO & Ed O mAURIE BB R IR ER R E B

1911

outperforms the contrast algorithms, and the boundary samples partition of the entangled clusters is more accurate.

Key words: density peaks; clustering; decentralized; neighborhood; clusters merging
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Fig.1 Clustering effect contrast diagram of different clustering centers
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Fig.2 Schematic diagram of data distribution
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4
Fig.4 Schematic diagram of core sample groups
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Table 3  Clustering performance of 6 algorithms on UCI datasets

Iris

Soybean(Small) Statlog(Heart)

Algorithm

AMI ARI FMI AMI ARI FMI AMI ARI FMI
DCM-DPC 0.786 9 0.8157 0.874 2 0.9577 0.9598 0.9700 0.263 2 0.3512 0.6731
DPC 0.724 7 0.703 7 0.8032 0.662 6 0.5591 0.666 9 0.027 9 0.0198 0.5334
FKNN-DPC 0.8831 0.903 8 0.9355 0.662 6 0.5591 0.666 9 0.073 6 0.1070 05791
SNN-DPC 0.5405 0.482 6 0.6957 0.555 8 04741 0.672 3 0.2417 0.266 0 0.639 7
DBSCAN 0.6401 0.6120 0.7291 0.807 9 0.661 0 0.7813 0.0357 0.066 0 05711
K-means++ 0.7111 0.692 6 0.800 6 0.8733 0.8201 0.864 4 0.0157 0.0276 0.5270
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Table 4 Clustering performance of 6 algorithms on artificial datasets
Aggregation D31 Flame
Algorithm
AMI ARI FMI AMI ARI FMI AMI ARI FMI
DCM-DPC 0.995 6 0.997 8 0.998 3 0.960 8 0.946 1 0.947 8 0.970 4 0.988 1 0.994 5
DPC 0.992 2 0.995 6 0.996 6 0.955 4 0.936 5 0.9385 1.000 0 1.000 0 1.000 0
FKNN-DPC 0.990 5 0.994 9 0.996 0 0.965 4 0.952 3 0.953 8 0.926 7 0.966 7 0.9845
SNN-DPC 0.950 0 0.959 4 0.968 1 0.964 2 0.950 9 0.9525 0.897 4 0.950 1 0.976 8
DBSCAN 0.968 1 0.9779 0.9827 0.903 2 0.809 5 0.816 3 0.866 5 0.938 8 0.9712
K-means++ 0.807 6 0.7411 0.7920 0.926 6 0.8525 0.858 3 0.430 4 0.490 7 0.755 1
Algorithm Jain Spiral R15
AMI ARI FMI AMI ARI FMI AMI ARI FMI

DCM-DPC 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 0.993 8 0.992 8 0.993 3
DPC 0.618 3 0.7146 0.8819 1.000 0 1.000 0 1.000 0 0.993 8 0.992 8 0.993 3
FKNN-DPC 0.709 2 0.822 4 0.9359 1.000 0 1.0000 1.0000 0.993 8 0.992 8 0.993 3
SNN-DPC 0.466 7 0.514 6 0.790 5 1.0000 1.0000 1.000 0 0.993 8 0.992 8 0.993 3
DBSCAN 0.928 1 0.9758 0.990 6 1.0000 1.0000 1.0000 0.983 2 0.9758 0.9799
K-means++ 0.4916 0.584 7 0.820 5 -0.0055 -0.006 0 0.327 4 0.9438 0.897 1 0.905 1
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Fig.5 Clustering effect on Aggregation dataset
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Fig.6 Clustering effect on D31 dataset
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