BHSRE

Control and Decision

FeTAH B B P M TR Rk
B, Whibug, BRI SRR

FIHASC:
X, kU, BV, AL TR AR I R Y BRI SRR IAALD . I S ULOK, 2021, 36(3): 543-552.

TEZRIR]IE View online: https://doi.org/10.13195/j kzyjc.2019.0795

BT BRSO HAB S EE

Articles you may be interested in

FT R A ST H R R R ABEL HARLAL

Complex and expensive simulation based multi-objective optimization to system—of—system effectiveness
PEH 5P, 2021, 36(3): 589-598  https://doi.org/10.13195/j.kzyjc.2019.0844
HFKPCAMIG-GRIEH) Z T [l FF B 73 B

Fuzzy segmentation of multivariate time series with KPCA and GG clustering

P 53R, 2021, 36(1): 115-124  https:/doi.org/10.13195/j kzyje.2019.0849
BT B I B AR %) 2% b 28 P A

A clutter density estimation algorithm by optimized sparsity order

Pl 5 H K. 2020, 35(12): 2923-2930  hitps://doi.org/10.13195/j kzyjc.2019.0429

FET A 2 BRI B 2751k
Double knowledge representations based classification method from perspective of social networks

Fthl 53K . 2020, 35(11): 2653-2664  hitps://doi.org/10.13195/;.kzyjc.2019.0141

FFH R 2305535 Canopy K—means RO FPHEAT 1A 1k 51
Population initialization based on search space partition and Canopy K-means clustering

P 53R, 2020, 35(11): 27672772 hitps://doi.org/10.13195/j.kzyjc.2019.0358


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0795
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0844
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0849
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0429
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0141
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0358

5 36% %3 = # 5 & K Vol.36 No.3
20214 3 A Control and  Decision Mar. 2021

ETHEMLENZRIFERLEE

A %1,2,31, &%‘5&1, = %5172’ HE 2 PR 1,23

(1. B TR 15 8 TRE2EBE, FEE 3300995 2. V17944 /K15 2 1 R B 5 % b Ab ¥ By S iR =,

B 330099; 3. HPPHIISK AR 22 40 5 BRI e 5oR) FH I S 7 B AR S0 %, B & 330099)

1 OE: R IR B AR A B N IR R AE, R AR B R B AR R R R D, B —
ol 6 M AT I ) 2 P55 U A SR B, IR BV BN K 3 A0 SEAR T 5 i B, AU AR AR 28 P R MR K . 52 S
3 O A SR 0 R AR AIE PR AR L AT AT FEE ) FBE 6 v DA, 0 s o D), R — sl ) B AR 2 TG SRS . B 114 4 T S s
SR H Ko AT A0 SRR S PR U A, 44 5 PR WAL 1 fe AT &0 R4 B 45 O LSRR, X T A 43 B s el - HRAH FLA
JEE B v A R 23 BC MR A5, K oK 0 IO 4R A2 BT 45 22 70 FE B s T #E A% 74 iR UCTHUR 26 b K it ik 5
DPC. DBSCAN. OPTICS. AP. K-Means x DPC [t Bk AT LA, St ah R i, Brd th M Bk 1 sl A .
KHEIR): BEVRERSS: AN rRCORNS: kITAl AR
HE32S: TP301.6 ERARRRD: A
DOI: 10.13195/j kzyjc.2019.0795
SRR X2, Wk o, B, 4. TR LA AT T 1Y) A BE U AE SRS BE (0], #E] H RER, 2021, 36(3): 543-552.

Density peaks clustering based on mutual neighbor degree

ZHAO Jia“%3t, YAO Zhan-feng', LYU Li*?, FAN Tang-huai'*>

(1. School of Information Engineering, Nanchang Institute of Technology, Nanchang 330099, China; 2. Jiangxi
Province Key Laboratory of Water Information Cooperative Sensing and Intelligent Processing, Nanchang 330099, China;
3. National-Local Engineering Laboratory of Water Engineering Safety and Effective Utilization of Resources in Poyang
Lake Area, Nanchang 330099, China)

Abstract: Density peaks clustering has poor clustering effect on data with different densities, and the problem of the
ripple may occur in the sample allocation process. To solve the problems, a new clustering method, density peaks
clustering based on mutual neighbor degree, is proposed. Firstly, the method introduces & nearest neighbors to calculate
local density, so as to ensure the relativity of the density. Then, it defines the metrics of mutual neighbour degree with
global and local features of data. We propose a new allocation strategy according to the metrics. The strategy adopts
k nearest neighbors to find the density peaks, assigns the k nearest neighbors to their corresponding clusters, searches
the unallocated data points with the highest mutual neighbor degree for all allocated data points, and then assigns the
unallocated points to the cluster where the allocated data points are located. The experiments on synthetic and UCI
datasets show that the proposed method outperforms DPC, DBSCAN, OPTICS, AP, K-Means and other DPC variant
algorithms.

Keywords: density peaks clustering; mutual neighbor degree; allocation strategy; k nearest neighbors
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OPTICS 09221 09753 09807 0.06/10 0.6898 0.8968 0.9508 0.10/8 0.8542 09756 0.9905 0.08/1
AP 0.7873 0.7658 0.8150 —1.21 04987 05403 0.7498 —6.36 0.6582  0.7952 09212 —1.77
K-means 0.7935 0.7300 0.7884 7 0.3863 04534 0.7364 2 04916 05767 0.8200 2

Pathbased RI15 Spiral

RIS

AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg-
DPC-MND 09524 0.9696 0.9797 10 09938 0.9928 0.9933 11 1 1 1 1
FKNN-DPC 0.8344 0.8744 09165 9 09907 0.9892 0.9899 27 1 1 1 5
DPC 0.5212 04717 0.6664 3.8 09938 0.9928 0.9933 0.6 1 1 1 1.8
DBSCAN 0.8710 09011 0.9340 0.08/10 09825 09819 0.9831 0.04/12 1 1 1 0.04/2
OPTICS 0.4364 0.6364 0.7517 0.06/4 09734 09785 0.9799 0.04/11 1 1 1 0.04/1
AP 05199 04775 0.6577 —4.1 09907 09891 0.9898 —0.17 02932  0.1569 0.3409 —0.19
K -means 0.5098 0.4613 0.6617 3 0.9938 09928 0.9933 15 —0.0055 —0.006 0.3274 3

D31 DIMS512 S2

RIH

AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg-
DPC-MND  0.9639 0.9503 0.9519 44 1 1 1 3 0.9461 0.9379  0.9420 38
FKNN-DPC 0.9522 0.9275 0.9298 28 1 1 1 20 09180  0.8889 0.8963 22
DPC 09554 09365 0.9385 0.6 1 1 1 0.6 0.9437 09352 0.9395 1.5
DBSCAN 0.8895 0.8078 0.8186 0.04/48 1 1 1 0.36/2 0.8511 0.7485 0.7744  0.04/30
OPTICS 0.8211 0.8673 0.8763 0.03/23 0.9029 09432 0.9478 0.19/1 0.6723 0.7713 0.7891 0.03/27
AP 0.8367 0.7425 0.7665 0.23 1 1 1 —1 04616  0.5704 0.6080 —3.06
K-means 09593 09453 0.9470 31 1 1 1 16 0.9461 0.9379 0.9420 15
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DPC 535 BUAR RS il D) 3 Hh %5 P e A, {H 2 7E 4 i
Tl AR R, T DU RS FR BRI TR A 1Y) JR) 30 5 B
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A, — B AN B S 23 Bl B %, DPC R0 43 ic 5
WS P T T % AN S BB, (S 15 IS B I s
R G T DY A B R AR BT v A A 2R
F AU 1, DBSCAN 5% B 452K DY Ji 1 45 18 B 4 e
SOAWE R AL T K-means 575 68 AL FEBRIR B0
£, HASBE T % 2K Pathbased £ 4 5. £ 3 AT LLE

H, XF T 1% 3038 42, (U DPC-MND R 147 5 47 (1) 55 2K,

HARRERERE .

4.5 UCIHESESIRER S
# 4 /& DPC-MND. KNN-DPC. DPC. DBSCAN.

OPTICS. AP fil K-means H.iE7E 120> UCI Hdi 4 E

(SR A2 SR IO N L PR R R A P s 36 45

F4 THEBEEXE 12NUCIHIESE LA

i RBIANRE S Nl

Iris Wine WDBC

R

AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg-
DPC-MND  0.8786 0.9037 0.9354 17 0.8886 0.9149 0.9435 37 0.6853 0.7857  0.9028 10
FKNN-DPC 0.8831 0.9038 0.9355 22 0.8038 0.799 0.8667 6 03560  0.4009  0.7658 9
DPC 0.8606 0.8857 0.9233 0.2 0.7065 0.6724 0.7835 2 0.0007 —0.0028 0.7257 1.3
DBSCAN 0.5692 0.6120 0.7291 0.12/5 0.5484 0.5292 0.7121 0.50/21 03581 0.4786 0.757  0.46/38
OPTICS 04513 0.6886 0.7868 0.15/5 03698 04119 0.6296 0.59/7 0.0856 04305 0.6767 0.51/65
AP 0.5479 0.5701 0.7099 —0.57  0.333 0317 06126 —2.02 05936 0.1322  0.7879 2.62
K -means 07331 0.7163 0.8112 3 0.8473 0.8685 0.9126 3 0.611 0.7302 0.877 2

Seeds Segmentation Libras

BRI

AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg-
DPC-MND  0.7566 0.8011 0.8670 7 0.6913 0.6035 0.6604 40 0.5646 03736  0.4328 16
FKNN-DPC 0.6971 0.7422 0.8276 9 0.5830 04367 0.5581 27 04754 03184  0.3976 11
DPC 0.7299 0.7670 0.8444 0.7 0.6927 0.6004 0.6730 L5 05358 03193  0.3717 0.3
DBSCAN 0.5302 0.5291 0.6711 0.24/16 04965 04543 05277 0.15/2 04183  0.1965 0.2570  0.90/2
OPTICS 0.3802 04190 0.635 0.81/5 04312 046 05361 0.15/1 01377 0.0828 02126 0.59/1
AP 04465 0.3936 0.6933 —2.07 0.2089 0.3445 0.3409 1.8 0.1487 02056  0.1971 431
K -means 0.6705 0.7049 0.8026 3 0.6102 0.5049 0.5758 7 0.5232 03094 0.3612 15

Ionoshpere Waveform Ecoli

BRI

AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg-
DPC-MND 04021 0.5272 0.7977 44 0.3641 0.3498 0.5876 14 0.6305  0.7283 0.802 39
FKNN-DPC 0.1314 0.1321 0.5841 26 0.0774 0.0086  0.505 6 04755 05535 0.6919 9
DPC 0.1504 0.2357 0.6491 0.5 03261 02698 0.5292 0.1 0.4978  0.4465  0.5775 0.4
DBSCAN 0.5947 0.7226 0874  0.78/9 0.0856 0.0097 04813 0.385 04516 05255 0.6623 0.20/22
OPTICS 0.097 03383 0.6085 0581 0.0286 0.0918 02661 0.47/48 0.426 0.6642  0.7515 0.23/29
AP 0.1367 0.0773 0.5137 1.92 02891 03014 05178 —22 05339 04907 0.6134 —0.86
K-means 0.1294 0.1776 0.6053 2 0363 0.2536 0.5037 3 0.505 1 0.419 0.5542 8

Dermatology Parkinsons Balance Scale

AMI ARI FMI Arg- AMI ARI FMI Arg- AMI ARI FMI Arg-
DPC-MND  0.8389 0.7869 0.8341 11 0.2728  0.391  0.8322 33 0.1425 0.1985 0.5141 35
FKNN-DPC 0.8355 0.8127 0.8504 35 0.0728 0.1601 0.6582 7 0.0351 0.0236  0.5548 9
DPC 0.784 0.776  0.8221 1.6 0.2478 0.1256 0.6187 1.2 0.1154  0.1394  0.5024 1.1
DBSCAN 05721 04165 0.5395 099/3 0.0071 0.0252 0.5775 0.50/17 0.0902  0.1394 0.151 0.03/1
OPTICS 02934 0343 04563 0.99/1 0.0368 0.0986 0.5049 045/9 00633 0.1062 0.1165 0.03/2
AP 0.6898 0.5935 0.6766 —0.84 0.1098 0.0343 0.2246 0.23 0.0902 0.142 0.1553 0.97
K -means 0.8748 0.7426 0.7947 6 02129  0.052 0.5957 2 0.0132  0.0015 0.044 3
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ARSI 25 IR W, Ak P Tris H4E 42 I, DPC-
MND 5 1% EL i 3b T FKNN-DPC 1%, {22 1t T 42
i, Ak 3 Dermatology ¥#i £, DPC-MND 5.7 5
KRR K-means H.%: 7. AL PE Segmentation £ 45
£EI, DPC-MND S35 SRR T DPC S
HARH . JbHE Tonosphere #5521, DPC-MND H#.i%
LM% i T DBSCAN 5L3% (0 EL 47T H AR . X T
A1 8 N E £, DPC-MND Hi:# B T 5 2 g
I
4.6 SHEMDPCEHE AN ER T

Rtk — B I A S VL PERE, ¥ DPC-MND &
15 5T S H 1 25 R DPC ) oot vk 3E 4T LR . s
B934 oKk H %225 SO, BT 25 TR 21 o B 3
B2 TV FE A 25 AN A (), 26 438 HH 30400 26 o vy 1) 5 1S4
PR N SEIR KR 45, e 43 tH A0 26 5 = 1Y) ARTAE
FOEVEN AR, WA S, Horh « — 7 R JEUCR I F R 1
BEZ R, D i = R R BRI S i 45

5 OMMANIAAE S HEURI LA ARIIHR(E

FRRHE: Iris  Wine WDBC Seeds Segmentation
DPC-MND 0.904 0.915 0.786 0.801 0.604
ALPC! 0.561 0.338 0.011 0.462 —

ADPC-DNAGA®Y 0.922 0.852 0.786 0.790 —

DPC-GEV™*"! 0.834 0302 — 0713 0.296
DPC-CI*"! 0.834 0285 — 0713 0.296
ADPC-KNN! 0.760 0370 —  0.770 0.250
EN-DP?! 0.904 0.803 0.528 — 0.277
A-IVDPCBY 0.851 0.699 0.743 0.778 -
IvDpCBY 0.851 0.594 0.615 0.778 -

% 5 4 ¥E % B, DPC-MND S0 76 % $dfE 4 b
PI3RAT T BT ) BRI 4 B ANAE Tris B4R 4R L&k T
ADPC-DNAGA 572, WDBC ¥4 4 FIHI KR
ADPC-DNAGA 5y 4 7). 4b P 8 4% B s SE i, A 3¢
FEM BRI T 5 2 W B DPC Ut 5.

5 4 #

B DPC 503 77 26 10 AS J, A SCHR HY T — 2
A LA 5 R U (TR SRS N K IR
AR R A R 5 R R 4 % B e, SR AR

AN J3E A7 B R A AR SRR, 36 T 40 L BOIR
AR L AT R 5 e 1 A A BB 45 4 R 4 O
A YA O 5 BB 55 BT 78 257%. DPC-MND $4: 4
BB R T DPC SLVEREA S L S 17 76 PR A
SR R R 5 B P 2 S R B 2R AN 1

v L, 3@ R 22 AN B AT UCT $i s 5 5256 % B, DPC-
MND 53 1] DA TE 48 22 F0 R BT = O/ AR TR
HE A (1) 2 B A, H SV RIS RE At 7. A A
F kAR IEAR, BT ke I BUE AR, B d B G e
WA AR, ZH LR T E NN E, S8 k1) E &
L 2 K e T — BB 177 ).
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