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Spatial-temporal density peaks clustering algorithm with

relative density and mahalanobis distance
ZHAO Jia'?, LI Hui'?, XIAO Renbin®, ZHI Yanli*, HAN Longzhe',
OU Qinghai’, XIONG Xiaozhou®

(1. School of Information Engineering, Jiangxi University of Water Resources and Electric Power, Nanchang 330099, China; 2. Ji-
angxi Province Engineering Research Center for Intelligent Processing and Early Warning Technology of Water Conservancy Big
Data, Nanchang 330099, China; 3. Institute of Artificial Intelligence and Automation, Huazhong University of Science and Techno-
logy, Wuhan 430074, China; 4. State Grid Jiangxi Electric Power Co., Ltd., Nanchang 330001, China; 5. Beijing Fibrlink Communic-
ations Co., Ltd., Beijing 100070, China; 6. Information and Telecommunication Branch, State Grid Jiangxi Electric Power Co. Ltd.,
Nanchang 330095, China)

Abstract: The spatial-temporal clustering by fast search and find of density peaks (ST-CFSFDP) fails to fully consider
density differences among samples when processing spatial-temporal data, resulting in the inability of sample local
density to accurately reflect density distribution. Additionally, using Euclidean distance to calculate relative distances
between samples prevents the differentiation of clusters that are temporally adjacent but spatially distinct. To address
these issues, a spatial-temporal density peaks clustering algorithm with relative density and Mahalanobis distance (ST-
DPC-RDMD) is proposed. The ST-DPC-RDMD algorithm introduces the concept of spatial-temporal nearest neighbors
into local density and redefines sample local density by incorporating the idea of relative density, thereby enhancing the
influence of neighboring samples, amplifying the local density of samples in sparse clusters, and reducing the impact of
inter-cluster density heterogeneity. It replaces Euclidean distance with Mahalanobis distance for spatial and temporal at-
tributes, comprehensively analyzing covariance relationships across various dimensions to achieve a reasonable alloca-
tion of weights between spatial and temporal distances, thus accurately identifying clusters with characteristic differ-
ences. Experimental results on simulated datasets and real earthquake datasets demonstrate that the ST-DPC-RDMD al-
gorithm exhibits significant advantages in clustering performance.

Keywords: spatial-temporal clustering; density peak; clustering algorithm; spatial-temporal nearest neighbors; relative
density; Mahalanobis distance; local density; relative distance
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Table 2 Information of real dataset
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Table 3 Comparison of clustering effects of six algorithms on simulated datasets

BiE%E  FEMTEPR STSNN-DPC  ST-CFSFDP  ST-OPTICS  ST-DBSCAN  ST-AGNES  ST-DPC-RDMD
AMI 0.7517 0.6806 0.9105 0.8940 0.7283 0.9246
D, ARI 0.7752 0.6686 0.9269 0.8836 0.7645 0.9311
FMI 0.8326 0.7440 0.9424 0.9082 0.8249 0.9457
AMI 0.7828 0.2103 0.8777 0.8098 0.1579 0.8860
D, ARI 0.8103 0.0630 0.9035 0.7906 0.0996 0.9102
FMI 0.8494 0.4388 0.9205 0.8274 0.3206 0.9260
AMI 0.5005 0.4729 0.7399 0.6493 03118 0.8162
D, ARI 0.6595 0.5548 0.8200 0.7229 0.3742 0.8955
FMI 0.8282 0.7414 0.8952 0.8353 0.5938 0.9412
AMI 0.6764 0.1783 0.9689 0.9813 0.1490 0.9835
D, ARI 0.7329 0.1446 0.9875 0.9920 0.1496 0.9937
FMI 0.8213 0.4914 0.9913 0.9945 0.4228 0.9954
AMI 0.2902 02128 0.8732 0.8972 0.1427 0.8108
D ARI 03217 0.1538 0.9124 0.9220 0.1084 0.8490
FMI 0.6133 0.4401 0.9414 0.9479 0.4395 0.8992

T I Z R fRIL4s



521 4% B OB A

ES SO <1342 -

R4 HMEZESHRBERE LRERRETGIERNHKE

Table 4 Mean ranks ofs of various clustering evaluation metrics for six algorithms on synthetic datasets
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Fig. 5 Clustering results of six algorithms on dataset D,
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Table 5 Statistical information of clustering results for
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