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Efficient similarity measure for density peaks clustering
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Abstract: An efficient similarity measure (ESM) method was proposed for density peaks clustering (DPC) to address the issue of
high computational complexity. The ESM method constructed an incomplete similarity matrix by only measuring the similarity be-
tween nearest neighbors, without the need for additional parameters, based on a randomly selected third-party data object. Based on
the similarity matrix constructed by ESM, an improved efficient density peaks clustering ( EDPC) algorithm was proposed to im-
prove the efficiency of DPC to identify cluster centers while maintaining accuracy. Theoretical analysis and experimental results
proved that the proposed ESM could effectively improve the computational efficiency of DPC and its improved algorithms density
peaks clustering based on K-nearest neighbors ( DPC-KNN ) and fuzzy weighted K-nearest neighbors density peaks clustering
(FKNN-DPC) by reducing certain dissimilar similarity measures. ESM had robust scalability.
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*2 ANTEEE EAFRIERN A

Table 2 A of different algorithms on artificial datasets

Bl g e
EDPC DPC SDPC  FKNN-DPC
Spiral 1.000 1.000 0.561 0.994
Aggregation 0.995 0.995 0.989 0.995
Twenty 1.000 1.000 1.000 1.000
Al 0.983 0.983 0.994 0.890
S3 0.855 0.855 0.852 0.738
A3 0.990 0.990 0.989 0.940

M2 2 AT LA . 783X 28 A T 808 % I,
EDPC 8.3k nl UL £5 5 DPC # 7] i 45 55 )L 48
SDPC %3k () R 2 45 2 #23 EDPC, {H 5 EDPC #f
Fb, RS UHERA A T B AR, X2 SDPC 532k H 11
B £ B /b | Jo 3 2 i 1 B 25 b0 ; FKNN-
DPC B THIA THINIS L, Z S H A E
S AR 45 R B — 2 1Pk it . EDPC 5
2R ESM I 14 AH B8 1 a2 O 3R A A 0L R
Wi, R RS Pl YRR L Rt EDPC B4 4 T
DPC W R ISHERH, 534, A5 4 T EDPC,
DPC . SDPC F FKNN-DPC 9% 250K, 7 %t
FEAANADAEX 6 N TR 4 E s FratiE], 4n
# 3PN,

3 SEEHENTEIEE AR

Table 3 Clustering time of different algorithms on
artificial datasets

R/

VAGITE S
EDPC DPC SDPC  FKNN-DPC
Spiral 0.18 0.21 0.40 0.42
Aggregation 0.53 0.68 1.08 1.06
Twenty 0.82 1.15 0.94 1.78
Al 6.28 8.65 5.97 21.98
S3 17.51 25.53 17.87 117.39
A3 38.31 55.90 29.12 441.88

M 3 Bl & AEA R s 4 T EDPC Hk
fI%CE I e DPC Fil FKNN-DPC 7 ; 148 DPC &1
TEIX 6 AR D B0 R i ISRk, (HLBE
AR 3G L[] T4 AR S 45 % I Ft; SDPC
BIETE A1 RN A3 E0di4E I Lk EDPC AU 5, iX 2
BT AL R A3 E040E 48 1Y o0 A 38 G A 0 228 12
SDPC 53Rk HI RS A7 16 0 o0 A5 4l R gk A 7 SR 2 rh
DR BERE, SR, SDPC BiLGI A TR Z WL 48 &
K% RN

LG 3~8 FIF 2 3, i RIS UM PERITTHE R
ZeME W, EDPC B3k 2 s R Bk, Hvkme it T
DPC .SDPC #il FKNN-DPC, EDPC # 1% % ffl ESM
THEARL AR RS 45 3 A AR AL EE 45 8 7T LUAR4F DPC

TR TRISRG B, I H il T B8 g5 3 2 1 AH 2
I AR TR AR
4.2 UCI #HiEERE

T ¥E— I EDPC 553k 194 st 1E 6 4
K/NAS TRl () UCT £ 48 48 E3FEAl T EDPC, DPC,
SDPC #1 FKNN-DPC .7k  Fdl i an sk 4 s,

F 4 UCTHIREE BT
Table 4 Characteristic of UCI datasets F{7 .}~

EUEIIE S RS R Fn%
Iris 150 4 3
Transfusion 784 4 2
Segmentation 2 310 19 7
Twonorm 7 400 20 2
Pendigits 10 992 16 10
Gamma 19 020 10 2

EDPC ,DPC ,SDPC £ FKNN-DPC %7 i) K 2
YR 2 P P ) SR A8 IR A RS B (5 2 74K
Ay, FEEAE IR RISERE LS, 1T Iris A1 Seeds
B I B AN R TE X 2 A B 4R
SDPC .3 A i i L B B 30% , EDPC B3k [ 45 %
FEEIE) A AT A INER 5.6 FTR .,

5 UCHEHESE FARRFILR A
Table 5 A of different algorithms on UCI datasets

A
VIS =
EDPC  DPC  SDPC FKNN-DPC

Iris 0.940 0.940 0.833 0.933
Transfusion 0.767 0.767 0.767 0.767
Segmentation 0.597 0.598 0.550 0.519
Twonorm 0.963 0.963 0.965 0.965
Pendigits 0.650 0.650 0.641 0.560
Gamma 0.649 0.649 0.656 0.649

6 UCIEHESE EARTIER Ay,
Table 6 A, of different algorithms on UCI datasets

N AMI

iR EDPC DPC SDPC FKNN-DPC
Iris 0.823 0.823 0.694 0.804
Transfusion 0.012 0.012 0.012 0.012
Segmentation 0.564 0.564 0.514 0.400
Twonorm 0.772 0.771 0.783 0.785
Pendigits 0.682 0.683 0.654 0.613
Gamma 0.008 0.008 0.020 0.020

3 5.6 AT LLE . EDPC 4.4k ] ESM 544
AR RUBE SRR R X SR 28 v i BEHRU LT I A 52
EDPC 5 75 X Se 848 4 R+ 1 DPC JL°F—
FERY R NG {H & SDPC B kus/b T H T 8.2k
ODEBEEARGEE , R EE 2B 235
Wi, G0 HAE Tris B0dE 5 FRE A K BT Gamma
AR S YRR B, T SDPC 4435 5% FH 1Y 40 i 5 i 1L
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Table 7 Clustering time of different algorithms on
UCI datasets

FZEnTE]/s

G/ S
EDPC DPC SDPC FKNN-DPC
Iris 0.11 0.13 0.34 0.31
Transfusion 0.51 0.75 1.11 1.12
Segmentation 4.11 5.35 3.52 11.94
Twonorm 39.13 56.41 48.91 429.95
Pendigits 88.60  121.33  108.62 1.39x10°
Gamma 302.12  486.17  322.81 7.22x10°
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Table 8 Clustering time of different algorithms on different datasets

R[]/

B DPC EDPC DPC-KNN  ESM-DPC-KNN  FKNN-DPC ESM-FKNN-DPC
Twenty 1.15 0.82 1.19 0.74 1.78 1.31
S3 25.53 17.51 20.17 16.51 117.39 114.39
A3 55.90 38.31 46.53 38.09 441.88 413.93
Iris 0.13 0.11 0.29 0.11 0.31 0.12
Twonorm 56.41 39.13 52.07 41.75 429.95 415.89
Gamma 486.17 302.12 400.49 359.68 7.22x10° 7.04x10°

2 8 AT LIAE . 7E 6 A4 |, R ESM
AR AR RS = T RAA I ROR . ESM Tk
3 3ok R 3T 0 A T P AL TR SR 2 vty i L
AR AR B E R . J380, T ESM VAR T
FONRIE L ZE W B B (5 B, e 5 1 5 15 AT LA
PRAE IR B R IKE B, I 0L, ESM 2 HLA 5 1)
AR AT ITEAR 5] ABURS U - 50T IR R R
JoNE B2, B AR DPC B HoAH G311 35 2 24
ESM i (4t HAT 2R

5 %t

ASHITTE i H — ol AT [ %5 068 {0 3R 288 114 i A

UL B i 7 ik BSM, A B 38 — O B8 & I dwc il
&, 38 A AN e B AR I AHBLE, JE TR B A KA S
B T RO MIRANCR, K ESM k5
DPC 4G, $& Hh— s 2008 BE (B 2R 25 5801 EDPC,
EDPC 5.k ik ESM A8 AN 50 B AL BE L B, R
KEEAL T AT 55 Bt IR] 52 24 B, v T R 2R3l
R, i HIS AR L ESM ¥k i il —E A
AEAAEICHE X 52 22 [E] B AR BLRE 1155, o DPC B AH 1Y
Witk DPC SvA A AN SE R AR DL RE AR B, T DA UE 2R
REE TR R , $2 5 RROR, BN S Bk # xR
SRR S AT

Joit & DPC A& Bt it ) EDPC, 3 1 Y o 14
BERIEP OB, AT ERFEH P &S, Hit,



53 3

A, A5 ¢ T 16 PR U R 1 v AR MLUE 21

A ) R i SORH AL JE e T 3 B e TR R s
HERR R, T 2 — R R

S 30k

[1] CHEN J G, PHILIP S Y. A domain adaptive density clus-
tering algorithm for data with varying density distribution
[J]. IEEE Transactions on Knowledge and Data Engineer-
ing, 2021, 33(6) :2310-2321.

BUUEAN, TR, s SRS A A R
B k-means B [T]. 3424, 2015, 26 (11):
2836-2846.

JIA Hongjie, DING Shifei, SHI Zhongzhi. Approximate

[2

[

weighted kernel k-means for large-scale spectral clustering
[J]. Journal of Software, 2015, 26(11) :2836-2846.

[3] YANXQ, YEYD, QIU XY, et al. Synergetic infor-
mation bottleneck for joint multi-view and ensemble clus-
tering[ J]. Information Fusion, 2020, 56.15-27.

[4] XIED Y, GAO Q X, WANG Q Q, et al. Adaptive latent
similarity learning for multi-view clustering [ J]. Neural
Networks, 2020, 121:409-418.

[5] QUH, MA T, TONG X Y, et al. Clustering by centroid
drift and boundary shrinkage [ J]. Pattern Recognition,
2022, 129.108745.

[6] BARANWAL M, SALAPAKA S. Clustering and supervi-

sory voltage control in power systems [ J]. International

Journal of Electrical Power & Energy Systems, 2019,

109.641-651.

POTHULA K, SMYRNOVA D, SCHRODER G. Cluste-

ring cryo-EM images of helical protein polymers for

[7

[

helical reconstructions| J]. Ultramicroscopy, 2019, 203:
132-138.

[8] SHIY C, OTTO C, JAIN A. Face clustering; representa-
tion and pairwise constraints [ J]. IEEE Transactions on
Information Forensics and Security, 2018, 13 (7):
1626-1640.

[9] LLOBELL F, VIGNEAU E, QANNARI E. Clustering
datasets by means of CLUSTATIS with identification of
atypical datasets. Application to sensometrics [ J]. Food
Quality and Preference, 2019, 75:97-104.

[10] s %, B, BSE. —FhAS 58 4 1R A 5006 45 L
REFELV]. RIS A, 2016, 53(9):
1979-1989.
SHI Qianyu, LIANG lJiye,

clustering ensemble algorithm for incomplete mixed data

ZHAO Xingwang. A

[J]. Journal of Computer Research and Development,
2016, 53(9) :1979-1989.
[11] CHEN Y W, TANG S Y, BOUGUILA N, et al. A fast

clustering algorithm based on pruning unnecessary

[12]

[15]

[17]

[19]

[22

[

[23]

distance computations in DBSCAN for high-dimensional
data[ J|. Pattern Recognition, 2018, 83.375-387.
BRYANT A, CIOS K. RNN-DBSCAN:: a density-based
clustering algorithm using reverse nearest neighbor
density estimates[ J]. IEEE Transactions on Knowledge
and Data Engineering, 2018, 30(6) :1109-1121.
RODRIGUEZ A, LAIO A. Clustering by fast search and
find of density peaks[ J]. Science, 2014, 344 (6191) .
1492-1496.

DU M J, DING S F, JIA H J. Study on density peaks
clustering based on K-nearest neighbors and principal
component analysis [ T ].
2016, 99.135-145.
XIEJY, GAOH C, XIE W X, et al. Robust clustering

by detecting density peaks and assigning points based on

Knowledge-Based Systems,

fuzzy weighted K-nearest neighbors[ J]. Information Sci-
ences, 2016, 354.19-40.

LIU R, WANG H, YU X M. Shared-nearest-neighbor-
based clustering by fast search and find of density peaks
[J]. Information Sciences, 2018, 450:200-226.

DING S F, DU W, XU X, et al. An improved density
peaks clustering algorithm based on natural neighbor with
a merging strategy[J]. 2023,
624 :252-276.

WANG M, MIN F, ZHANG Z H, et al. Active learning
through density clustering[ J|. Expert Systems with Ap-
plications, 2017, 85:305-317.

XUJ, WANG G Y, LITR, et al. Fat node leading tree
for data stream clustering with density peaks[ J]. Knowl-
edge-Based Systems, 2017, 120.99-117.

XU J, WANG G Y, DENG W H. DenPEHC: density
peak based efficient hierarchical clustering [ J].
mation Sciences, 2016, 373.200-218.

WU B, WILAMOWSKI B. A fast density and grid based

clustering method for data with arbitrary shapes and noise

Information Sciences,

Infor-

[J]. IEEE Transactions on Industrial Informatics, 2017,
13(4) :1620-1628.
U, 5K 6. EDDPC ; — i R 73 A1 288 B o
BEREEI] RIS K&, 2016, 53(6):
1400-1409.
GONG Shufeng, ZHANG Yanfeng. EDDPC. an
efficient distributed density peaks clustering algorithm
[J]. Journal of Computer Research and Development,
2016, 53(6) :1400-1409.
XU X, DING S F, DU M J, et al. DPCG: an efficient
density peaks clustering algorithm based on grid [ J].
International Journal of Machine Learning and Cybernet-
ics, 2018, 9(5) :743-754.

(4% 29 W)



