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Adaptive density peaks clustering algorithm

WU Bin", LU Hongli, JIANG Huijun
(Industrial Engineering Department, Nanjing Tech University, Nanjing Jiangsu 211816, China)

Abstract: Density Peaks Clustering (DPC) algorithm is a new clustering algorithm with the advantages such as few
adjustment parameters, no iterative solution and the capacity of finding non-spherical clusters. However, there are some
disadvantages of the algorithm: the cutoff distance cannot be adjusted automatically, and the cluster centers need to be
selected manually. For the above problems, an Adaptive DPC (ADPC) algorithm was proposed, the adjustment of adaptive
cutoff distance based on Gini coefficient was realized, and an automatic acquisition strategy of clustering centers was
established. Firstly, the calculation formula of cluster center weight was redefined by taking local density and relative
distance into account at the same time. Then, the adjustment method of adaptive cutoff distance was established based on
Gini coefficient. Finally, according to the decision graph and cluster center weight sort graph, the strategy of automatically
selecting cluster centers was proposed. The simulation results show that, the ADPC algorithm can automatically adjust the

cutoff distance and automatically acquire the clustering centers according to the characteristics of problem, and obtain better

results than several commonly clustering algorithms and improved DPC algorithms on the test datasets.
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SNN-DPC 1.0000 1.0000 1.0000 5.0 1.0000 1.0000 1.0000 12.0 — — — —
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DPC 1.0000 1.0000 1.0000 1.8 0.6183 0.7146 0.8819 0.9 1.0000 1.0000 1.0000 1.0
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Par2 fURASIE S, Kb —"Fon B XS NAH , B Par2 1]
M —" RN ZEERA A28 R4PEENSE
W ADPC LA — S BUBUNTIE 28 (77 80 , RR S FEA R
S 249 40 s B2 o RO B R R TR BB Parl %; DBSCAN Al
OPTICS B3 , EMTHA WA S 8 SRR & (IF SR80 AN
minpts (43R Dm0, RIE48 9 0 I R A4, 2800 ; AP
B =B HARI S8 Preference (UF 250 , FRRFEA AR
HEREP LIS FH L K-means FHIEA — DN SEKCERD %
ANBEE KA BRI G . A R DPC S I% 78 i dls 48 Flame |
Aggregation \R15 D31, Path-based , Spiral ,\DIM512 ,DIM1024 ]
LA SRR R AE . 38 I DPC B 2 X hRif DPC AR 1
AUt , 4R T DPCIERILE, [Amf A 351 DPC H%: A%
TR 25 S 8008 2 de 0L, k5 1 bR DPC BT P i 280

PRSI, 3K 2 R 28 (A5 et I i SRV IR . DBCSAN &
WA T AR FEAR R IR 2 TR RIS R R 7T LU R 5
H A, PR DBSCAN 334 7 Jain il Path-based B4 4 I (1 %3
AR T AR . BS EoR T E S0 4E Y A & R DPC 3
LIRS [ERE I B 35N DPC S RAF IR 2SER
3.3 SEMEEE UCIEIRE EM3TL oM

T B AIE B IS W DPC SRR TE 52 BR 1) b i PR e L SR
UCT E0 38 42 v Seeds F1 Libras-movement ¥ 55 B [a] 55w 7 01
W Hrr, Seeds £ 4 /N2 BTG4 L iz 8l A 2L 210
AWEAE AL 3 AN A 1Y /NZZ TP ; Libras-movement $(4f5 £
FiB SR E B L 360 N ERME , 15 15 K F- R )
B, [EE 24 M REAS O

F S Y T AR SCE A1 SNN-DPC , FKNN-DPC \ DPC %555
R AR bR

R4 AIBIRE LEREEZNTFRIERE

Tab. 4 Evaluation index values of different clustering algorithms on synthetic datasets

N Flame Aggregation
Sk AMI ARI FMI Parl Par2 AMI ARI FMI Parl Par2
ADPC 1.0000 1.0000 1.000 0 4.50 — 1.000 0 1.000 0 1.0000 6. 00 —
DBSCAN 0.8234 0.938 8 0.9712 0.09 8 0.9529 0.9779 0.9827 0. 04 6
OPTICS 0. 689 8 0.896 8 0.950 8 0.10 8 0.992 1 0.9753 0.9807 0. 06 10
AP 0.498 7 0.5403 0.749 8 -6. 36 — 0.7873 0.7658 0.8150 -1.21 —
K-means 0.3863 0.453 4 0.736 4 2.00 — 0.7935 0.7300 0.788 4 7.00 —
. D31 Path—based
ik AMI ARI FMI Parl Par2 AMI ARI FMI Parl Par2
ADPC 1.0000 1.0000 1.000 0 1. 00 — 0.473 6 0.4348 0.653 4 2.40 —
DBSCAN 0.8895 0.807 8 0.8186 0. 04 38 0.8710 0.9011 0.9340 0.08 10
OPTICS 0.8211 0.867 3 0.876 3 0. 06 4 0.436 4 0.636 4 0.7517 0. 06 4
AP 0.8367 0.7425 0.766 5 0.23 — 0.5199 0.4775 0.6577 -4.10 —
K-means 0.9593 0.9453 0.9470 31.00 — 0.509 8 0.4613 0.6617 3.00 —
Bk Spiral Jain
AMI ARI FMI Parl Par2 AMI ARI FMI Parl Par2
ADPC 1.0000 1.000 0 1.000 0 2.50 — 0.5593 0.643 8 0.8502 1. 50 —
DBSCAN 1.0000 1.0000 1.0000 0. 04 2 0.8650 0.9758 0.990 6 0.08 2
OPTICS 1.0000 1.000 0 1.000 0 0. 04 1 0.8542 0.9756 0.990 5 0. 08 1
AP 0.2932 0.1569 0.3409 -0. 19 — 0.658 2 0.7952 0.9212 -1.77 —
K-means -0. 005 5 -0. 006 0 0.3274 3.00 — 0.4916 0.576 7 0.8200 2.00 —
s R15 DIM512
Fk AMI ARI FMI Parl Par2 AMI ARI FMI Parl Par2
ADPC 1.0000 1.000 0 1.000 0 3.20 — 1.000 0 1.000 0 1.0000 1. 00 —
DBSCAN 0.9825 0.9819 0.983 1 0. 04 12 1.0000 1.0000 1.0000 0.36 2
OPTICS 0.973 4 0.978 5 0.9799 0. 04 11 0.9029 0.9432 0.947 8 0.19 1
AP 0.990 7 0.989 1 0.989 8 -0. 17 — 1.0000 1.0000 1.0000 -1. 00 —
K-means 0.993 8 0.992 8 0.9932 15.00 — 1.000 0 1. 000 0 1.000 0 16. 00 —
®5 UCIHIRE EEREFFENTNIERE
Tab. 5 Evaluation index values of different clustering algorithms on UCI datasets
N Seeds Libras—movement
ok AMI ARI FMI Parl Par2 AMI ARI FMI Parl Par2
ADPC 1.000 0 1.000 0 1.000 0 1. 00 — 0.8267 0.677 6 0.707 4 1. 00 —
SNN-DPC 0.7509 0.7890 0.8589 6. 00 — 0.5834 0.3927 0.4507 11. 00 —
FKNN-DPC 0.697 1 0.724 4 0.8276 9.00 — 0.4754 0.3184 0.397 6 11.00 —
DPC 0.7299 0.7670 0.844 4 0.70 — 0.5358 0.3193 0.3717 0. 30 —
DBSCAN 0.5302 0.529 1 0.6711 0.24 16 0.418 3 0.1965 0.2570 0.90 2
OPTICS 0.3802 0.4190 0.6350 0. 81 5 0.1377 0.082 8 0.2126 0.59
AP 0.446 5 0.393 6 0.693 3 -2.07 — 0.148 7 0.2056 0.197 1 4.31 —
K-means 0.670 5 0.7049 0.8026 3.00 — 0.5232 0.309 4 0.3612 15.00 —
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Fig. 5 Clustering results of adaptive DPC algorithm for part datasets
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