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Density Peak Clustering Algorithm Based on Natural and
Weighted Shared Nearest Neighbors

Wang Sen, Chen Xiang, Zhan Xiaoqin, Xu Lu, Wu Qizheng

(School of Science, East China Jiaotong University, Nanchang 330013, China)

Abstract: Density peak clustering (DPC) has been widely used as an efficient and non-iterative clustering algo-
rithm. However, studies have found that DPC struggles to select correct cluster centers, especially in datasets
with non-spherical clusters and non-uniform density. Moreover, DPC is heavily influenced by the truncation dis-
tance parameter. In order to address the issue of poor performance of DPC on datasets with uneven density distri-
butions, a density peak clustering algorithm based on natural and weighted shared nearest neighbors is proposed.
It first introduced natural nearest neighbor computations to calculate weights. Then, it redefined the similarity be-
tween data objects based on the definitions of first-order and second-order shared nearest neighbors. Subsequent-
ly, by fusing the definitions of shared nearest neighbor similarity and natural nearest neighbor weights, relative
density and relative distance were calculated. Finally, a novel strategy for distributing cluster centers was de-
signed.
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