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Adaptive Density Peak Clustering Algorithm Based on Shared Nearest Neighbor

WANG Xingeng' ,DU Tao'?,ZHOU Jin"* ,CHEN Di' and WU Yunzheng'
1 College of Information Science and Engineering, University of Jinan,Jinan 250024, China

2 Shandong Provincial Key Laboratory of Network Based Intelligent Computing, Jinan 250024, China

Abstract Density peak clustering algorithm(DPC) is a simple and efficient unsupervised clustering algorithm. Although the algo-
rithm can automatically discover cluster centers and realize efficient clustering of arbitrary shape data, it still has some defects.
Aiming at the three defects of density peak clustering algorithm, which does not consider the location information of data when
defining the correlation value,the number of clustering centers needs to be set manually in advance,and the chain reaction is easy
to occur when distributing sample points,an adaptive density peak clustering algorithm based on shared nearest neighbor is pro-
posed. Firstly,the shared nearest neighbor is used to redefine the local density and other measures,and the local characteristics of
data distribution are fully considered,so that the spatial distribution characteristics of sample points can be better reflected. Se-
condly,by introducing the phenomenon of density attenuation, the sample points are automatically gathered into micro-clusters,
which realizes the adaptive determination of cluster number and the adaptive selection of cluster center. Finally,a two-stage distri-
bution method is proposed,in which the micro-clusters are merged to form the backbone of the cluster,and then the backbone of
the cluster allocated in the previous step guides the distribution of the remaining points,avoiding the occurrence of chain reac-
tions. The implementation on two dimensional composite datasets and UCI datasets shows that this algorithm has better perfor-
mance in most cases than the classical density peak clustering algorithm and its improved algorithms in recent years.

Keywords Shared nearest neighbor,Density peak clustering, Allocation strategy,Cluster center,Density decay
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th 19 ADPC-SNN 533 # 47 14 g 0 2 26 107 30 4F 55 3 109 A 3
P, RIME2HH T XEHIWENFEAGER, ACRH
K-Means #4177 | DPC % 1 | FKNN-DPC % 34 SNN-
DPC #3577 | DGDPC 55 3k g 47 % b S 4. SE S0 SR B8
AMD Ryzen 7 5800H with Radeon Graphics CPU@ 3. 20 GHz,
16 GB RAM, Windows 64bit #4E & 4, i 1] Matlab R2017a
BRI T 20 1

®1OANTHIESE
Table 1  Synthetic datasets
B & A4 HAE AL A JB M 3 % #
Aggregation 788 2 7
Jain 373 2 2
Flame 240 2 2
S2 5000 2 15
A3 7500 2 50
R15 600 2 15
Compound 399 2 6
Pathbased 300 2 3
2 UCIHde sk
Table 2 UCI datasets
KA A4 HAE A JE T 3 #% 2
Iris 150 4 3
E-coli 336 7 8
Libras movement 360 90 15
Tonosphere 351 33 2
Dermatology 366 33 6
Segmentation 2310 19 7
Statlog( Heart) 270 13 2
Glass 214 9 6

4.2 iEMriERR

A HE b 7T DA R0 e s RSk BB 45 . AR SR
JH R4 5 {5 8 (Adjusted Mutual Information, AMD) | i %% 2% 7t 22
¥ ( Adjusted Rand Index, ARI) #l Fowlkes-Mallows 1§ %{
(Fowlkes-Mallows index, FMD) 3 4~ ¥y 3§ 5 3 47 X He L Hi p
AMI #1 FMI i BB 8 9 [0, 1], ART i RE R B [ — 1,
1],
4.3 SHEE

T T L M e 5 BB ER A SE B RRCR TR AT S A R
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SR AT S B R DT A DR AR S e B R 0 e A M R
DPC Bk mEE R 4L T Y L B de BY (B 7F SRR A
By 1% ~2% B Bk R A, RATHERE T KZE 06 ~
10% . 26K 0. 1%, LASR 3K BUCH i i de fE 45 2 . DGDPC 8
B de EB BB E N 0% ~10%. £ KFEFEEE N
0.1% .m FHUATEETE 0~1 Z [, KN 0.1, X T ADPC-
SNN 7% . SNN-DPC % % fl FKNN-DPC &, ff FixX 3 4
BLARA BB A BOX — S8, B IR AR AR JE A SO
G — B E N [4,100], 7EKZEEHESE T, ADPC-SNN 54D
JEE K I 2 8 50 0 1% ~4% 2 18] . ADPC-SNN
B A I B E U S B N [0, 11,26 K 0. 1. K-Means

— &

R E

ST A K FRATTHE R R A S PR A
4.4 NIHBELZRERNW

£ 3P T 6 RN R R EAE 8 N AN THURE LY
P A AR . Frh  Arg TR R FA A X B E F RIS
B AAEIRE PR RS RIS R R R . hE 3 T,
ADPC-SNN 8 7E 8 AN A T8R4 L ABEUAS T &5 5%, H
HifE Aggregation, S2, A3, Compound, Pathbased 3X 5 A~ #( &
£ I, ADPC-SNN 53511 3 PR35 dn 8 45 b i vk . K
W& DGDPC 8k, HoAE 3 M EUE 4 L 3 T R MR 45 R . DPC
1 SNN-DPC 8%k 43 5 16 P18 4R LR A, 36 o o 22
) j& FKNN-DPC fil K-Means 8.3 , U1 — A B4 4 LR fl .

36 FhRIETE 8 N AN TR L RAHE R
Table 3 Clustering results of six algorithms on eight synthetic datasets
Aggregation Jain Flame S2
Algorithm
AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg-
ADPC-SNN 0.9955 0.9978 0.9983 20/0.5 1 1 1 12/0.1 1 1 1 17/0.5 0.9435 0.9345 0.9388 85/1
DGDPC 0.9922 0.9956 0.9966 5/0.5 1 1 1 0.1/5 1 1 1 0.5/5 0.9485 0.9399 0.9439 1/1
DPC 0.9921 0.9956 0.9966 4 0.6183 0.7146 0.8819 0.9 1 1 1 2.8 0.9437 0.9352 0.9395 1.5
SNN-DPC 0.9500 0.9594 0.9681 15 1 1 1 12 0.8975 0.9502 0.9768 0.9386 0.9264 0.9313 35
FKNN-DPC 0.9775 0.9855 0.9886 20 0.0562 0.1318 0.6430 10 1 1 1 6 0.9180 0.8889 0.8963 22
K-Means 0.7935 0.7300 0.7884 7 0.4916 0.5767 0.8200 2 0.3863 0.4534 0.7364 2 0.9461 0.9379 0.9420 15
A3 R15 Compound Pathbased
Algorithm
AMI ARI FMI Arg AMI ARI FMI Arg AMI ARI FMI Arg AMI ARI FMI Arg
ADPC-SNN 0.9904 0.9862 0.9865 89/1 0.9938 0.9928 0.9933 20/0.8 0.9282 0.9683 0.9761 8/0.5 0.9301 0.9493 0.9662 10/0.3
DGDPC 0.9869 0.9798 0.9802 1/1 0.9938 0.9928 0.9933 0.5/5 0.7871 0.8078 0.8649 0.8/3 0.6814 0.7291 0.8143 0.3/4
DPC 0.9869 0.9802 0.9806 0.6 0.9938 0.9928 0.9933 0.6 0.7754 0.5910 0.6876 3.8 0.5212 0.4717 0.6664 3.8
SNN-DPC 0.9890 0.9826 0.9829 43 0.9938 0.9928 0.9933 10 0.8434 0.8407 0.8798 4 0.9001 0.9294 0.9529 9
FKNN-DPC 0.9774 0.9627 0.9634 22 0.9907 0.9892 0.9899 27 0.8052 0.8526 0.8895 8 0.8344 0.8744 0.9165 9
K-Means 0.9378 0.8371 0.8425 50 0.9938 0.9928 0.9933 15 0.7402 0.6115 0.7018 6 0.5098 0.4613 0.6617 3

0T R Wb LR [ G AR AR A A R L A
OB LS BT, IF 5 DPC & Al SNN-DPC 45 ¥ i 17
X, B 5—E 12 Jyix 3 FaR ke 8 N AN TS L5
FRIE . Aggregation BURET 7 AFE L Hh 22 W A 5% o
(]S AHE . W 5 7R, 3 Fh B0 1 0K 4 K 22 B0 B AR
43 T AE 6 » SNN-DPC S8 148 70 M AH 3% 30 43 19 S AR TR T
T . AT SNN-DPC 5 ¥ , ADPC-SNN # DPC % 3%
TEE B0 o W A FRAS TE AT Jain SR S A 9 B AH 25 4
K U BFEH R, & 6 B » ADPC-SNN 1 SNN-DPC 4
AR AT LK 4 5 TE 80 23 Bt . DPC 8% 76 %5 1 22 5 K A 3 dis
LRI ZARFEA, A TR S SRS T
M. Flame B8 HEREA S AR5, 0 LR BAE , v in)
H/INER4Y % H2 , ADPC-SNN Il DPC 5% 12 %5 7] DL i3 86 3% 35
b 1Y 5 TE A 43 BiE - SNN-DPC 7 18 /N &8 40 19 23 Bl i it . S2 i
A3 H R AR R BG4 51 5000 ASEEA SR 7500 A~

10

FEA L P 8 ANIEl 9 T AR, 3 A Bk AT S KRS B R A
A BARRE . B 10 2 R15 SR E M BA 45 1.3 fhia
AT e M 52 L BB 28, Compound $U¥E A 6 47, 47
I AR AT WA 11 Bk W DPC 55 08 22 F £ 1Y 8 2R 5% A
BN RIH 3 AR KA MBS A I — AR R R
B RN, SNN-DPC 5% 3% A5 1E B oK A7 00 0% 180 s 78 F0 2%
SERESY TE L M0 2 X 2 A R B T B T WA #E. ADPC-
SNN 58 vk 95 B e /AN BOS AR 40 o T B R AR LR Y
5 AN M RE R S B 43 T & AE 6 1 % R . ADPC-SNN 553
FAE R B WA AT T DPC Al SNN-DPC 51,
SR SR 4L £ 40 ok — A (R AV IS T B B T f i 3R 28
B

Pathbased 454 (1) H 25 45 S 18] 12 7% . ADPC-SNN
Hl SNN-DPC 53 1 #B RE 3 4 56 B3 25, 1 DPC 5354 34 5%
WA R 4 BC 26 T o ) 0 4 [ 3%
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Fig. 5

Clustering results of three algorithms on Aggregation dataset
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Fig. 6 Clustering results of three algorithms on Jain dataset
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Fig. 7 Clustering results of three algorithms on Flame dataset
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Fig. 8 Clustering results of three algorithms on S2 dataset
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Fig. 9 Clustering results of three algorithms on A3 dataset
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Fig. 10  Clustering results of three algorithms on R15 dataset
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Fig. 11 Clustering results of three algorithms on Compound dataset
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RS E W ADPC-SNN B K h oA 5
B EMBRPOFEAN T EHBOXH AL T 72 R H
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4.5 EXLHBEELWERNN

Jg T E— 2K ADPC-SNN 809 1) B 2K A, AR SCk B
T UCK iy 8 A FLS 0 42 HEAT X He S 86, S0 56 25 S 3% 4
JICG S AR B G 1) S 8 5 SR ML R R . R 3R 4 T AR,
ADPC-SNN # ¥ f£ E-coli, Libras movement, lonosphere,

Clustering results of three algorithms on Pathbased dataset

Statlog(Heart)iX 4 %4 £ [ 19 AMI, ARI 1 FMI 3 4~ iF
MAEPRA A T H AL 5 MBS AR I R MR, Hik2E
SNN-DPC % , Ho7E Iris A1 Dermatology Wi %4 4E |4k 15
T RS R, 7F Segmentation 54 4E I+, ADPC-SNN % 3= 7F
ARI il FMI B/~ 48 b5 BUAS T 55 8 {8, 6 AMI | UK+ DPC
Bk, 1E Glass ¥ £ F . SNN-DPC, DPC, ADPC-SNN 43 4
£ AML,ARL FMI F U TR mif. RS 45 1L R,
ADPC-SNN F 3k 75 A [R) I Bk L B0ASE R 450 % 20 S 500 46 h
HEREHTRA.

FA 6 FEEAE 8 A UCT BudldE 1 RA L5 R
Table 4 Clustering results of six algorithms on eight UCI datasets
Iris E-coli Libras movement lonosphere
Algorithm
AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg-
ADPC-SNN 0.8264 0.8771 0.9170 12/0.7 0.6799 0.7816 0.8450 15/0.9 0.5927 0.4223 0.4806 13/0.9 0.4526 0.5958 0.8137 14/0.3
DGDPC 0.7427 0.6844 0.7946 1/3 0.0556 0.0380 0.5310 0.9/2 0.2796 0.1323 0.2826 1/1 0 0 0.7338 1/1
DPC 0.8606 0.8857 0.9233 0.2 0.5179 0.4365 0.5693 0.2 0.5358 0.3193 0.3717 0.3 0.1504 0.2357 0.6491 0.5
SNN-DPC 0.9124 0.9222 0.9479 15 0.6711 0.7547 0.8243 6 0.5834 0.3927 0.4507 11 0.3644 0.4949 0.7798 5
FKNN-DPC 0.8831 0.9038 0.9355 22 0.4755 0.5535 0.6919 9 0.4754 0.3184 0.3976 11 0.1314 0.1321 0.5841 26
K-Means 0.7331 0.7163 0.8112 3 0.5051 0.4190 0.5542 8 0.5232 0.3094 0.3612 15 0.1294 0.1776 0.6053 2
Dermatology Segmentation Statlog(Heart) Glass
Algorithm
AMI ARl FMI  Arg  AMI ARl FMI  Arg  AMI ARl FMI  Arg  AMI ARl FMI  Arg
ADDPOSNN 0.8725 0.8629 0.8917 5/0.4 0.6839 0.6626 0.7091 90/0.9 0.3042 0.3939 0.7079 31/0.7 0.5168 0.6128 0.7368 30/0.9
DGDPC 0.5297 0.5019 0.6646 1/0.04 0.3994 0.2583 0.5005 1/0.5 0.2891 0.3753 0.7002 1/0.08 0 0 0.5097 1/1
DpPC 0.7840 0.7760 0.8221 1.6 0.6927 0.6004 0.6730 1.5 0.2878 0.3753 0.6990 0.1 0.5641 0.6248 0.7180 1.6
SNN-DPC 0.8749 0.8689 0.9021 19 0.6725 0.5770 0.6457 7 0.2400 0.2660 0.6397 10 0.5780 0.6052 0.7065 14
FKNN-DPC 0.8355 0.8127 0.8504 35 0.5830 0.4367 0.5581 27 0.0458 0.0324 0.5499 8 0.1755 0.1879 0.5506 18
K-Means 0.8748 0.7426 0.7947 6 0.6102 0.5049 0.5758 7 0.2570 0.3314 0.6666 2 0.5598 0.5635 0.6726 6
B5RIE ORSCIRI T — MR T ISR T AR AY S N FAE G T8 B £ TR 48 S A s 09 43 FC - o T B AR

WeH RIS L. ZRE I T A L R T 4Btk T DPC 5
15 R 25 TEAR A Jry F 4 fiE 9 IRD 5 3 0 51 A %6 B2 s 0l B R B
TR e B T SR 2 v O A O BIUSE AR E MR 28 PO N Dk
B0 TR BN B s B — T B ik

MU BCB A 2R RON” . LI S5 R R W], ADPC-SNN &
AT AR ST B AR AN K A 3E R A A2 R A RO S8 R 9k B )
B R EACRB R RERA ., TS0 TAEESEEZHA
T2 7 FH 3 e A A LA R O BOHE R BR b, LU AE AR 7R SR B
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