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Density peak clustering algorithm based on weighted reverse nearest
neighbor for uneven density datasets

LYU Li"?, CHEN Wei'”?, XIAO Renbin’, HAN Longzhe'”, TAN Dekun'”

(1. School of Information Engineering, Nanchang Institute of Technology, Nanchang 330099, China; 2. Nanchang Key Laboratory of
IoT Perception and Collaborative Computing for Smart City, Nanchang Institute of Technology, Nanchang 330099, China; 3. School
of Artificial Intelligence and Automation, Huazhong University of Science and Technology, Wuhan 430074, China)

Abstract: For data with uneven density distribution, the density peak clustering algorithm disregards the sparsity differ-
ence among intercluster samples, causing an inaccurate selection of the cluster center. Moreover, the allocation strategy
easily divides the samples in sparse areas into dense areas by mistake, leading to a poor clustering effect. Therefore, the
density peak clustering algorithm based on the weighted reverse nearest neighbor (DPC-WR) against datasets with un-
even density distribution is proposed in this paper. First, the weight coefficient based on the sigmoid function is intro-
duced to the local density formula to increase the weight of samples in sparse areas. Combined with the concept of re-
verse nearest neighbor, the local density of samples is then redesigned to improve the recognition rate of cluster centers
effectively. Second, an improved sample similarity strategy is introduced, which utilizes reverse nearest neighbors and
shares this neighbor’s information between samples to increase the similarity of samples in the same cluster. This effect-
ively solves the problem of sample allocation error in sparse areas. Experiments on uneven density distribution, com-
plex morphology, and UCI datasets show that the clustering effect of the DPC-WR algorithm outperforms that of IDPC-
FA, FNDPC, FKNN-DPC, DPC, and DPCSA algorithms.

Keywords: density peak clustering; uneven density distribution; reverse nearest neighbor; shared reverse nearest neigh-

bor; sample similarity; local density; distribution strategy; data mining
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Table 1 Basic characteristics of datasets with uneven dens-
ity distribution

Bt de FEA LA Ei358 B3
Jain 373 2 2
Twomoons 1502 2 2
Cmc 1002 2 3
Ring 1200 2 2
LineBlobs 266 2 3
Ls 1741 2 6
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Table 2 Clustering results of six algorithms on datasets

with uneven density distribution

%18
&R 2
. LineBlobs
Bk
AMI ARI FMI Arg-
DPC-WR 1.0000 1.0000 1.0000 4
IDPC-FA 1.0000 1.0000 1.0000 —
FNDPC 0.7794 0.7179 0.8148 0.11
FKNN-DPC 1.0000 1.0000 1.0000 7
DPC 0.8375 0.8237 0.8842 4.2
DPCSA 1.0000 1.0000 1.0000 —
N Ls
Bk
AMI ARI FMI Arg-

DPC-WR 1.0000 1.0000 1.0000 40
IDPC-FA 0.7076 0.6274 0.7325 —

FNDPC 0.7564 0.6898 0.7808 0.37
FKNN-DPC 0.8719 0.8179 0.8735 48
DPC 0.766 5 0.6894 0.7779 0.91
DPCSA 0.7252 0.5999 0.7129 —

ik Jain
AMI ARI FMI Arg-
DPC-WR 1.0000 1.0000 1.0000 24
IDPC-FA 1.0000 1.0000 1.0000 —
FNDPC 0.5961 0.7257 0.9051 0.47
FKNN-DPC 0.7092 0.8224 0.9359 43
DPC 0.6183 0.7146 0.8819 0.8
DPCSA 0.2167 0.0442 0.5924 —
ik Twomoons
AMI ARI FMI Arg-
DPC-WR 1.0000 1.0000 1.0000 39
IDPC-FA 0.5171 0.6106 0.8458 —
FNDPC 1.0000 1.0000 1.0000 0.12
FKNN-DPC 1.0000 1.0000 1.0000 71
DPC 0.6671 0.7621 0.9005 4.7
DPCSA 0.3647 0.2746 0.6607 —
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AMI ARI FMI Arg-
DPC-WR 1.0000 1.0000 1.0000 20
IDPC-FA 0.8093 0.8421 0.9027 —
FNDPC 0.8093 0.8421 0.9027 0.28
FKNN-DPC 1.0000 1.0000 1.0000 49
DPC 0.3857 0.2661 0.5377 5
DPCSA 0.6656 0.5761 0.7454 —
ik Ring
AMI ARI FMI Arg-
DPC-WR 1.0000 1.0000 1.0000 4
IDPC-FA 0.1333 0.0886 0.6362 —
FNDPC 0.0276 0.0104 0.6566 0.01
FKNN-DPC 0.5702 0.5900 0.8005 24
DPC 0.2073 0.1815 0.6431 0.06
DPCSA 0.6362 0.6721 0.8387 —

Friedman 5 %6 & | FRES2 30 £ B4
e B B 2Z T WIESER R Tk ¥xf
SALE R AT R 56 ML LR v b Sz LR T TR B 8 b
1) 25 5, B4 060 v D B 0k P R R A . A
P3N LLE B, 1E % o A AN BB R BT
HrFa kR AMI, ARI A FMI 19 8 ¥ {8 HE 4 ', DPC-
WR BEH A HE 1, HRRSEHESR T 5.4,

R3 MEZIETESGAHEEE LHBRBE
Table 3 Rank mean of the six algorithms on the unevenly
distributed density datasets

AMI ARI FMI

Ak PSS Wik PE Bk BOSE
DPC-WR 542 DPC-WR 542 DPC-WR 5.42
IDPC-FA  3.08 IDPC-FA 325 IDPC-FA 3.08
FNDPC 258 FNDPC 292 FNDPC 3.5
FKNN-DPC 4.67 FKNN-DPC 4.67 FKNN-DPC 4.67

DPC 267 DPC 233 DPC 217
DPCSA 258 DPCSA 242 DPCSA 242
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Fig.1 The clustering results of 6 algorithms on Jain dataset
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Table 5 Clustering results of six algorithms on complex
morphological datasets
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¢ 5 W1, DPC-WR Al IDPC-FA SL35 LEH AL X He IDPC-FA 1.0000  1.0000  1.0000  —
PR W ARG, ABA7AE 4 1 RISHORBAF FNDPC 1.0000  1.0000  1.0000  0.13
M AR . B AR T, DPC-WR RIL I R FKNN-DPC 09267 09667 09845 5
B fE, BAKITE Flame. R15. Sticks F1 Path- DPC 1.0000  1.0000  1.0000 28
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Table 4 Basic characteristics of complex AMI ARI FMI Arg-
i FEAHA YT KR DPC-WR 0.9938 0.9928 0.9933 32
- 220 5 5 IDPC-FA 0.9938  0.9928 09933  —
FNDPC 0.9938 09928  0.9933  0.03
RIS 600 2 15 FKNN-DPC  0.9938 09928  0.9933 27
Aggregation 788 2 7 DPC 0.9938  0.9928 09933 0.6
D31 3100 2 31 DPCSA 0.9885 09857 0986  —
Sticks 512 2 4 - Aggregation
Pathbased 300 2 3 AMI ARI FMI Arg-
DPC-WR 09922 09956  0.9966 12
6 R 6 FIRILTE 6 B AL B E 4 1T IDPC-FA 1.0000  1.0000  1.0000  —
MABFRRYRRIIME . N3 6 AT LI & #, DPC-WR & FNDPC 0.9864 09913 09932  0.02
7 AMI. ARI A1 FMI PF 47 38 #n B R 22 (8 P 7 FKNN-DPC 0.9905 0.9949 0.9960 20
38— H k2 IDPC-FA B 1, Sk 5 2 FNDPC DPC 0.9922 0.9956 0.9966 4
DPCSA 09537 09581 09673  —
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ik Pathbased Table 8 Clustering results of six algorithms on UCI data-
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DPC 0.5358 0.3193 03717 0.3 FKNN-DPC 4.63 FKNN-DPC 4.75 FKNN-DPC 4.63
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Table 10 Simulation time of six algorithms on three types of datasets s
Ve S DPC-WR IDPC-FA FNDPC FKNN-DPC DPC DPCSA
Jain 0.07 11.23 0.1 0.1 0.06 0.06
Twomoons 1.57 341.54 0.23 0.31 0.23 0.23
Cme 0.38 87.32 0.18 0.21 0.14 0.13
Ring 0.3 134.56 0.18 0.16 0.13 0.15
LineBlobs 0.03 6.47 0.1 0.06 0.06 0.06
Ls 2.42 672.19 0.32 0.35 0.28 03
Flame 0.01 5.53 0.09 0.05 0.05 0.06
R15 0.18 45.65 0.26 0.13 0.18 0.17
Aggregation 0.21 48.78 0.19 0.19 0.13 0.13
D31 15.43 7093.37 1.59 1.53 1.07 1.15
Sticks 0.07 18.42 0.14 0.09 0.08 0.1
Pathbased 0.03 7.76 0.12 0.07 0.06 0.06
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Inonsphere 0.06 13.37 0.12 0.06 0.07 0.06
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