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Density Peaks Clustering Algorithm Based on Natural Nearest Neighbor
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Abstract Aiming at the problem that the density peak clustering (DPC) algorithm requires manually selected parameters (cutoff
distance d,) ,as well as the problem of a poor performance on complex data sets caused by the simple definition of local density
and the one-step assignment strategy,a new density peak clustering algorithm based on natural nearest neighbors (NNN-DPC) is
proposed. The algorithm does not need to specify any parameters and is a non-parametric clustering method. Based on the defini-
tion of natural nearest neighbors, this algorithm firstly gives a new local density calculation formula to describe the distribution of
data.and reveals the internal connection. A two-step assignment strategy is designed to divide the sample points. Finally, the simi-
larity between clusters is defined,and a new cluster merging rule is proposed to merge the clusters to obtain the final clustering
result. The experimental results show that without parameters, the NNN-DPC algorithm has excellent generalization ability on
various types of data sets,and can more accurately identify the number and distribution of clusters on manifold data or data with
large differences of density between clusters.and assign sample points to the corresponding clusters. Compared with the perfor-
mance indicators of DPC,FKNN-DPC,and three other classic clustering algorithms, the NNN-DPC algorithm has a great advan-
tage.
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Fig. 1 Results of DPC on Spiral with p= 1% and p=2%
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BIEE N D Classes Source
Spiral 312 2 3 X r[20]
Pathbased 300 2 2 X#k[20]
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A2 5250 2 35 X wk[23]
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Table 2 Performance indicators values of various algorithms on synthetic datasets
. Spiral Pathbased Aggregation
# AMI ARI FMI B4 AMI ARI FMI * % AMI ARI FMI * %
NNN-DPC 1.0000 1.0000 1.0000 3/3 0.9101 0.9292 0.9529 3/3 0.9733 0.9788 0.9835 7/7
FKNN-DPC  1.0000 1.0000 1.0000 3/3 0.7548 0.6834 0.7921 3/3 0.9485 0.9686 0.9754 8/7
DPC 1.0000 1.0000 1.0000 3/3 0.4997 0.4530 0.6586 3/3 0.8060 0.7142 0.7834 9/7
DBSCAN 1.0000 1.0000 1.0000 3/3 0.8544 0.8906 0.9281 3/3 0.9529 0.9779 0.9827 7/7
AP 0.2626 0.1429 0.3202 19/3 0.3525 0.2376 0.4305 16/3 0.5251 0.3473 0.5028 54/7
K-means —0.0054 —0.0059 0.3277 - 0.5098 0.4613 0.6617 - —0.7949 0.7300 0.7884 -
. Compound R15 A2
5k AMI ARI FMI * % AMI ARI FMI * % AMI ARI FMI * %
NNN-DPC 0.9921 0.9927 0.9979 6/6 0.9938 0.9928 0.9933 15/15 0.9693 0.9482 0.9496 35/35
FKNN-DPC  0.8144 0.8225 0.8734 6/6 0.9897 0.9858 0.9868 15/15 0.9661 0.9361 0.9379 35/35
DPC 0.6322 0.4656 0.5846 9/6 0.9938 0.9928 0.9933 15/15 0.9459 0.8703 0.8794 32/35
DBSCAN 0.8389 0.8795 0.9112 6/6 0.9825 0.9819 0.9831 15/15 0.6776 0.4000 0.5180 35/35
AP 0.4828 0.3024 0.4530 12/6 0.9907 0.9892 0.9899 15/15 0.3491 0.3981 0.5011 2391/35
K-means 0.6822 0.5686 0.6669 - 0.9938 0.9927 0.9932 — 0.9781 0.9638 0.9648 -

% 2 %] 1 T NNN-DPC, FKNN-DPC, DPC, DBSCAN,
AP.K-means X 6 FPEAE 6 N4 EUIE 5 F A R TR
F o JIOHEL S8 7% 019 500 A >4 7 5 40 2 v A ) e AR 1) i A 5 L L
R BAR PR R TR B A RS BB H . X A
LI AMI, ART AT FMI 3% 3 A~ 48 A% 1T DL & B, B R 465 A
HEAT 2%, NNN-DPC 58 v 75 45 A 80 45 B #0530 47 19 2R
R At KNN-DPC fit DPC Bk #0A R R 4 T
4.2 EELHEELH

AFT N UCT B8 E i BT Ecoli, Wine 4§ 6 4~ 252

DBSCAN % % , NNN-DPC 5. 3 78 4% > 5046 45 F A B 25308
P38 b A0 B TR KA B L 1T L RE 65 T 4 b 3R B Y
SHINITE S/

F T 30 S 19 SR AT 55 b JE T N W VA B S 4 ) A I
B Ut NNN-DPC JE75 2 50 /0 i) U [0 38 208 4 21 1 4
PN (T B T T S b R N 2 R AR

#3 UCI H9BIRE
Table 3 UCI real data set

B & N D Classes Source
HOHR B2 AT S, LA 3 — 2B 86 4IF NNN-DPC 553 iy P BB, iX Ecoli 336 7 8 X ik[24]
6 A MR Sl M 1 4 LR R Y e 3 A Moo momo R
Dermatology 366 33 6 Xk[24]
A3 NNN-DPC, DPC % 6 Fl 55 2 63X 6 A~ B 48 Breast-cancer 699 9 4 X #k[24]
FHEAT T RS UTH AML ARL FMI 3% 3 A5 S4b5  F 14 Clss 2l b m
Parkinson 197 22 2 k[ 24]
A9, TTIES M DPC 895  KNN-DPC 83k, KL &
F 4 SBEAAE UCT EI9HURE Lyt ain
Table 4 Performance indicators of each algorithm on UCI real dataset
. Ecoli Breast cancer Wine
* AMI ARI FMI EX 3 AMI ARI FMI * % AMI ARI FMI B3
NNN-DPC 0.5866 0.7148 0.8046 6/8 0.7295 0.8203 0.9165 2/4 0.7579 0.7869 0.8584 3/3
FKNN-DPC  0.5844 0.6995 0.7971 6/8 0.6049 0.8264 0.9173 6/4 0.6552 0.6735 0.7768 4/3
DPC 0.4892 0.6116 0.7494 3/8 0.0990 0.0933 0.5689 2/40 0.7065 0.6724 0.7835 3/3
DBSCAN 0.3772 0.4613 0.6433 3/8 0.6514 0.7128 0.8645 2/4 0.4860 0.4143 0.6480 3/3
AP 0.3647 0.2145 0.3799 21/8 0.1410 0.0766 0.2897 76/4 0.3562 0.2689 0.4604 13/3
K-means 0.5181 0.4307 0.5641 — 0.4971 0.7436 0.8746 — 0.8374 0.8592 0.9063 —
o Glass Dermatology Parkinson
- AMI ARI FMI EE 4 AMI ARI FMI * % AMI ARI FMI * %
NNN-DPC 0.3306 0.2011 0.4181 6/7 0.8424 0.8497 0.8865 6/6 0.1771 0.2686 0.8140 2/2
FKNN-DPC  0.1933 0.2085 0.5450 2/7 0.8212 0.7782 0.8306 6/6 0.1796 0.3468 0.7879 2/2
DPC 0.1987 0.1630 0.4655 3/7 0.5875 0.4905 0.6253 1/6 0.2295 0.0869 0.6055 2/2
DBSCAN 0.2752 0.2391 0.5248 4/7 0.2321 0.1621 0.4750 5/6 0.0361 —0.0740 0.7124 2/2
AP 0.2328 0.1277 0.2916 24/7 0.4957 0.3222 0.4548 22/6 0.0945 0.0306 0.2456 21/2
K-means 0.3048 0.1689 0.3936 - 0.8734 0.7294 0.7840 — 0.2129 0.0520 0.5975 -
LRIE X DPCHEXN S HBUR L K TELERAE TEEHE 4R W B) 25 B 22 S R S A B 4R RIS BRI AR

Ze G5 R B0 RCHE SR A5 B v SRR AR A BRI A ORI T R
AILRSHFIER NNN-DPC B3k, SR &5 R EW %5 ik w
T DPC B33 T T R B L B TR SN BE L BE B TE U

(R TR BV B R D) s SR g B 6 T 4 R U {8 LB
BB, B AR A BT X P ROR A L R S IR A IR X L
o PRI, Al 7 4K fog 3 408 B S Al b L 5 SCTE 5 B ol g 1Y)
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