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Abstract: Aiming at the uncertainty problem that the CFSFDP (clustering by fast search and find of density peaks) algorithm cannot
automatically select the clustering center, in this paper, we propose a three-way decision-based density peak clustering algorithm
with clustering centers preselection (TDPC) by incorporating the three-way decision theory. Firstly, the statistical characteristics of
density and distance are used to divide the data objects into core region, boundary region and trivial region. The qualified cluster cen-
ters are assigned to the core region, and the suspected cluster centers that are difficult to determine are placed in the boundary region.
Then the defined 4-reachable region and discriminant criterion are used to analyze the suspected cluster centers, and the actual clus-
ter centers are subsequently selected. The proposed algorithm can effectively solve the problem of automatic determination of cluster

centers in density peak clustering algorithm. The proposed algorithm is evaluated on two synthetic datasets and four UCI (University
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of California, Irvine) public datasets. Comparing to the CFSFDP algorithm and the DBSCAN (Density-Based Spatial Clustering of

Applications with Noise) algorithm, TDPC demonstrated clustering performance that is on par with or superior to the optimal algo-

rithm across various clustering evaluation indexes, including silhouette coefficient, DB (Davies-Bouldin) index, adjusted mutual in-

formation, adjusted rand index, FM (Fowlkes-Mallows) index, homogeneity, and completeness. These results indicate that TDPC

outperforms the comparison algorithms in terms of comprehensive clustering performance, and highlight its good clustering feasibili-

ty and effectiveness.
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Table 4 Comparison of experimental results on datasets

A S BHHEFr  DBSCAN  CFSFDP  TDPC
KRR FREL 0.229 1 0.2187 0.2687

DBI 0.8178 1.3529 0.8169

AMI 0.1180 0.405 0 0.629 6

Ecoil ARI 0.038 3 0.260 9 0.670 4
FMI 0.5310 0.503 3 0.770 7

[ 0.076 9 0.347 4 0.595 9

SERE: 0.720 1 0.517 7 0.702 6

LY 0.1213 0.5337 0.488 1

DBI 2.075 8 0.726 1 0.469 1

AMI 0.5630 0.6439 0.7156

Iris ARI 0.456 9 0.442 8 0.558 4
FMI 0.656 1 0.6779 0.764 2

I Jgo 0.566 6 0.579 4 0.579 4

SeaEM: 0.576 5 0.737 3 0.9512

SRR FREL 0.068 5 0.149 2 0.240 3

DBI 3.1252 1.728 6 0.869 4

AMI 0.0351 0.109 1 0.124 3

Vehicle ARI 0.000 5 0.068 3 0.067 9
EMI 0.453 3 0.388 7 0.424 3

[ B 0.026 6 0.0919 0.099 6

SERNE 0.094 2 0.1431 0.199 5

KRR FREL —0.609 6 0.570 8 0.570 8

DBI 2.9727 0.5317 0.5317

AMI 0.066 7 0.4131 0.4131

Wine ARI —0.007 4 0.3715 0.3715
FMI 0.4955 0.583 4 0.583 4

[F] B 0.1299 0.4198 0.4198

SEAEE 0.187 2 0.4189 0.4189

i I bR X SR nT LA, 5 8
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4 g
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