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Clustering Ensemble Based on Density Peaks

CHU Rui-Hong! WANG Hong-Jun' YANG Yan' LI Tian-Rui!

Abstract Clustering ensemble aims to improve the accuracy, stability and robustness of clustering results. A good
ensemble result is achieved by integrating multiple base clustering results. This paper proposes a clustering ensemble
model based on density peaks. First, this paper discovers that the base clustering results can be expressed with density
after studying and analyzing the existing clustering algorithms and models. Second, rapid computation of the maximal
information coefficient (RapidMic) is introduced to represent the correlation of the base clustering results, which is then
used to measure the density of these original datasets after base clustering. Third, the density peak (DP) algorithm
is improved for clustering ensemble. Furthermore, some standard datasets are used to evaluate the proposed model.

Experimental results show that our model is effective and greatly outperforms some classical clustering ensemble models.
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Fig.1 The process of obtaining the two-dimensional
relational mapping of original dataset based on

clustering results
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Fig.2 The two-dimensional relational mapping of the

base clustering results of original dataset
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Wk 5, SFReS B 3 B B K R ()
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VAT RIS, FAARRIERERE S™ /50 H gk
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JRy BB B S EEES 6;, H BRI A 0 AR
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Fig.3 The process of cluster ensembling based on

improved DP algorithm
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4 K (5) FimR:
m K
4.1 BIREFITFNIRE 1
AMP_anZZah (5)

A S H UCI (University of California
Irvine) HL#F2% > FE ) 20 ANEHE 4L VE R S B 4k
Pk, R 1P THIREMFEA . JE P25 %L
B AR Z bR iR DA R A B SRR, A
DAIE S8 5 i (1) B S S AR %5 S Fn i, 36 B Micro-
precision (MP)P3=54 FRufl Purity!® i fe it
RAREER IR,

1 ERBERAERIREA . SRR IR

Table 1  The number of instances, features and classes of
datasets
ID Datasets Number of Number of Number of
instances features classes
1 Aerosol 905 892 3
2 Amber 880 892 3
3 Ambulances 930 892 3
4 Aquarium 922 892 3
5 Balloon 830 892 3
6 Banner 860 892 3
7 Baobab 900 892 3
8 Basket 892 892 3
9 Bateau 900 892 3
10 Bathroom 924 892 3
11 Bed 888 892 3
12 Beret 876 892 3
13 Beverage 873 892 3
14 Bicycle 844 892 3
15  Birthdaycake 932 892 3
16 Blog 943 892 3
17 Blood 866 892 3
18 Boat 857 892 3
19 Bonbon 874 892 3
20 Bonsai 867 892 3
MP Bt st (4) Fos:
1 K
MP == "a, (4)
n h=1

Hop, ap, FoRXEIRRE— 2 FIEMRECR, n R
NIRRT AR R ECE, KRR IR e
AR, MP (R, RFEREMER R,
T AT I ER R R EIATE R RS, RAF
) MP e R A4 R R R . A5 24 30X

t=1 h=1

Ho, m MBI SRR, AR SCHER RIS m
10, FERZELE L m o4 3.
Purity FRERTHE LIS (6) Fros:

1
Purity = — » maxn (6)

Hor, ng RIFIREFRGFEARE. —NBERI AL
HEEBIFHY R L ERE.
4.2 LW PBMLIGLHER

ARSI AP AR B g Bk, e
10 MARIMZE I p {H, 1 AP BIAEREH
10 75@ ﬁ(f%%%%éﬁ% P = [P1;P2,P3, T ,P10]'
Fifi 5 {1 i CSPA (Cluster-based similarity parti-
tioning algorithm)[”, HGPA (Hypergraph parti-
tioning algorithm)["', MCLA (Meta-clustering al-
gorithm), DP, EM # QMI (Quadratic mutual
information) ! 75 Fh 55 35 3oF k2 26 45 L 1) H AL
FRFME AT R BN, PAFREWRLENALE. Ba
RFIX LR 25 15 B e 1) EL AR S HEAT X FE, SR A 1A
BN A RERAR AT A

BEAh, TR 2 i) K-means YA £ 4
BEAT RS, ARIRSE, X L SARAE T, SR e 3
AL EEAT PR, (] K-means 525 RA4E
IR TEAT L BRSEER, 2oh TR AR SCRT 2 H Y 2R
R IE RN, b EIF A KRR X,
H BRI U KRR O BB RISl ORI
$eTt, AR T B — R AIR R UL

2 R TSR A R R R L AR e R
Hh 8 — S e 4 T S v T B R £ 4R 1D, 5
THVENGE =N G T T BRI AP SVART 20
A EOR A FEAT 10 R Z 515 3 1 F 3 w3
AP-average. f KR AP-max, 2 J5H 7541 )
Rk H A CSPA, HGPA. MCLA . DP. EM #i
QMI 7S SR B 0] 36k 2R 2 485 SR 1180 R A A2k 1 o
TS, DA ] K-means #E47 R ARAG 1 UE
. MF 2 AT DAL 3 DA 4518

1) M AP-average 1 AP-max W54 n] DAFH
h, G AP B3RS 20 NIRRT R, HE
T RARAIG, “FIIUERA AR 0.023. IEAfRARARAY IR
RAET, AP A R R EAREE 5 FEL AR EARA
— A, FEAVEREE RN, IX RS S5 R o L.
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L2 THUEFREMRIEE (BN EAEEMN SR UER R R R.)
Table 2

each dataset is bolded.)

Average MPs and standard deviations (The highest MP among different algorithms on

ID

AP-average  AP-max CSPA HGPA MCLA DP EM QMI

K-means

© 00 N O Ut W N -

I S T T T o S S
© 00 N O Ok W N = O

20

0.022£0.0150.113 £0.072 0.379 £ 0.020 0.384 £ 0.003 0.395 = 0.020 0.484 £ 0.019 0.354 = 0.004 0.466 £ 0.053

0.369 £0.008

0.023+0.016 0.111 £ 0.054 0.472 £ 0.045 0.502 £ 0.020 0.493 £0.004 0.571 £0.001 0.387 = 0.025 0.526 £ 0.050 0.595 + 0.008

0.026 +0.016 0.119 £ 0.056 0.392 £ 0.026 0.394 £ 0.021 0.384 £0.008 0.596 + 0.041 0.370 + 0.022 0.497 £ 0.019
0.021£0.013 0.095 £0.040 0.401 £0.013 0.394 +0.027 0.381£0.026 0.653 £ 0.042 0.353 =0.011 0.580 £ 0.057
0.026 +0.020 0.161 £0.118 0.410 £ 0.037 0.468 £ 0.017 0.393 £0.009 0.554 £ 0.010 0.358 = 0.032 0.541 £ 0.035
0.027 +0.017 0.124 £ 0.058 0.346 £ 0.002 0.365 £ 0.010 0.346 £ 0.004 0.805 £ 0.158 0.358 +0.004 0.791 £0.112
0.018 £0.015 0.108 £0.098 0.432 +0.026 0.474 +0.008 0.427 £0.017 0.534 £ 0.068 0.389 = 0.050 0.482 +0.024
0.02240.017 0.133 £ 0.099 0.362 £+ 0.018 0.394 £ 0.020 0.394 £0.008 0.538 £ 0.025 0.357 = 0.023 0.483 £ 0.049
0.028 +0.018 0.135 £ 0.066 0.401 £ 0.020 0.445 £ 0.039 0.423 £0.023 0.511 £ 0.050 0.367 +0.017 0.510 £ 0.020
0.01940.012 0.088 £ 0.045 0.351 £ 0.014 0.369 £ 0.001 0.361 £0.014 0.756 £ 0.059 0.355+0.011 0.662 £ 0.031
0.03540.021 0.173 £ 0.045 0.371 £ 0.002 0.401 £ 0.025 0.382£0.024 0.617 £ 0.046 0.347 = 0.006 0.542 £ 0.029
0.020£0.012 0.101 ££0.048 0.368 = 0.005 0.372 +0.018 0.373 £0.017 0.629 £ 0.015 0.354 +0.007 0.575 £+ 0.094
0.0314+0.023 0.173£0.101 0.419 +0.014 0.425 £ 0.019 0.400 £0.013 0.531 £ 0.027 0.353 + 0.004 0.511 £0.015
0.020 £0.015 0.113 £ 0.089 0.410 £ 0.020 0.412 £ 0.025 0.407 £0.006 0.522 £ 0.017 0.357 +0.008 0.478 £ 0.028
0.017£0.013 0.092 £0.063 0.392 £ 0.044 0.446 0.032 0.450 £0.014 0.576 £ 0.008 0.372 +0.005 0.563 £ 0.042
0.023 +0.015 0.119 £ 0.056 0.347 £ 0.005 0.383 £ 0.010 0.369 £ 0.006 0.685 + 0.069 0.357 + 0.003 0.627 £ 0.077
0.018 0.011 0.088 £ 0.025 0.349 +0.011 0.352 £ 0.013 0.375£0.003 0.776 £ 0.059 0.354 +0.017 0.687 £ 0.095
0.022£0.014 0.106 £ 0.052 0.388 £0.007 0.368 +0.020 0.377 £0.012 0.587 £ 0.038 0.354 +0.008 0.537 £ 0.025
0.016 +0.011 0.090 £ 0.049 0.397 £ 0.022 0.411 £ 0.019 0.402 £0.012 0.508 £ 0.012 0.357 + 0.013 0.481 £ 0.020
0.021 £0.012 0.095 £ 0.032 0.383 £ 0.005 0.385 £ 0.024 0.355£0.011 0.642 £ 0.045 0.380 +0.039 0.587 £ 0.051

0.442 4+ 0.029
0.361 £0.006
0.445 4+ 0.004
0.462 4 0.001
0.503 £0.004
0.409 £ 0.000
0.441 4+0.003
0.394 +0.001
0.459 +0.004
0.417 £0.009
0.396 £ 0.000
0.452 4 0.008
0.491 £0.001
0.411 4+ 0.001
0.473 +0.004
0.404 £0.001
0.465 £ 0.002
0.443 +0.003

AVG 0.0234+0.0150.117 £ 0.063 0.389 +0.018 0.407 £ 0.019 0.394 +0.012 0.604 £+ 0.040 0.362 £ 0.016 0.556 4= 0.046

0.442 £0.005

2) M CSPA, HGPA . MCLA ., DP. EM #1 QMI
FNHNELE AT DA B, 33 7S b SRV 1Y 2R S A B HE
REHEL 0.340. BB SRSSH MUFVE T ASRAT LU 4l
REWIFRLIR.

3) EE TR O R P I s, R H
RERENFE T, DP FAGMHE R & m, “FXIUER
kg 0.600. R, Ul B RO BT, 5L
Firh, DP #0457 i SRR

4) 3 2 IR R AR HEZE AR LR, At
KA A 0.100. bRt 28, UHIE5 RS E,
S, SRR HAA R ERE .

5) Xt K-means Fl1 DP B n] LA BE, b
E A ] K-means JH7T R A28, i DP #H7
RISEE L RE IS IRAT B o 110 A 2.

2 3 R TS A R R SR S AR e 2E. R
W — RS TSR T B R BdE SE ID. 25
FIFIEE =5 45 T R 2R AF AP BT 20 A4~
BHREHAT 10 WEREKZ HHRBI P i E(E AP-
average. Ix KZEFE(E AP-max, Z J5 1735 AR IK
#5 Hdi ) CSPA. HGPA . MCLA ., DP, EM #il QMI
PN IR R FEVA R L SR A5 R B AR DI AR R AT

B8, DL A K-means 9547 384154 40 B (A

M 3 T DA 2 DA R 2518

1) M AP-average 1 AP-max W35 n] VAFH
F, R AP S0 20 AR AR T IR ARG
WAl E AR, U 0.277, T R A B AR 5, &
3] 0.672. i A S, HIEshMR KW IEHERET AP
B AR RS S B LR SR A, FFh
FRRE Folud, X825 R 2 LR L.

2) M CSPA.HGPA . MCLA . DP. EM F1 QMI
FNHNEE AT DA B, 33 7S Fh SVA B SR R AL Al
fHE o T A RS L T Sl B, DL R 24k
FAE ] DAIRAS LU B ol R AR AT I 45 28

3) HmAEMH AR P ER, FERTA R
FRERERFZ, DP Fl EM A5 2 fm,
FAE 20 DR B A BT 0.740. 4
BEAE 8, BEHA SR RAOR BT, S8, DP A1 EM
A ZINEE S RIE T VE N

4) T AP-average 1 AP-max [{brifEZE
PO, 75 SR S A B S8 1) 0 A 1) s o 22 L
BN, FialE DP Fl EM BAEE, AR 2R
) 0.010, FRuEZEB)N, BEIZERMEE. Lk, R
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Table 3

I AEAE AR E R (BB 1) B R A R Sl s )

Average purities and standard deviations (The highest purity among different algorithms on

each dataset is bolded.)

ID AP-average AP-max CSPA HGPA

MCLA

DP EM QMI K-means

1 0.315+£0.1590.743 +0.251 0.796 £ 0.006 0.796 + 0.004 0.795 £0.004 0.797 £0.005

© 0o N O Ot ks W N

I S T = T S =S
© 00 N O Ut s W NN = O

20

AVG0.277+£0.146 0.672 £ 0.259 0.724 £ 0.010 0.718 £ 0.005 0.724 + 0.005 0.740 £ 0.002 0.740 £ 0.002 0.732 £ 0.006

0.233+0.1270.591 +0.231 0.704 - 0.046 0.667 - 0.011 0.684 - 0.007 0.769 £+ 0.007 0.764 +0.007 0.741 £0.017
0.274 4+0.149 0.707 4+ 0.290 0.753 4+ 0.009 0.755 4= 0.005 0.755 +0.002 0.767 4+ 0.001 0.764 +0.003 0.754 £0.012
0.25240.1370.651 4+ 0.244 0.702 +0.013 0.706 4+ 0.006 0.711 +0.008 0.717 +0.003 0.719 £+ 0.002 0.707 £0.003
0.316 +0.170 0.802 +0.317 0.863 +0.016 0.843 4+ 0.007 0.868 = 0.003 0.878 £ 0.004

0.27040.140 0.678 4 0.240 0.764 4+ 0.007 0.761 4 0.001 0.779 4 0.005 0.806 + 0.004
0.336 +0.179 0.809 4 0.325 0.861 4= 0.002 0.853 = 0.005 0.857 +0.001 0.868 £+ 0.001
0.339+0.1770.775 4 0.300 0.836 4+ 0.023 0.839 +0.013 0.825 +0.012 0.866 + 0.002
0.2394+0.129 0.551 +0.223 0.575 4+ 0.003 0.578 = 0.002 0.576 4= 0.000 0.581 + 0.000
0.34540.1770.726 4+ 0.284 0.769 4+ 0.010 0.752 4 0.003 0.775 £ 0.006  0.782 £ 0.004

0.250+0.134 0.658 +0.2370.716 +0.003 0.717 +0.003 0.718 £=0.001 0.721 +0.003 0.722 + 0.001
0.3254+0.166 0.731 +0.274 0.776 4+ 0.007 0.777 4+ 0.004 0.786 4 0.003 0.801 £ 0.000 0.800 £ 0.001

0.325+0.166 0.731 £0.274 0.776 = 0.007 0.777 £0.004 0.786 = 0.003 0.801 £0.000 0.800 £ 0.001

0.289£+0.1500.713 £0.270 0.820 + 0.0270.779 £0.012 0.784 + 0.020 0.839 = 0.001 0.839 £ 0.000
0.2654+0.141 0.654 £ 0.265 0.680 £ 0.002 0.674 £ 0.002 0.675 + 0.002 0.680£+0.003 0.681 £ 0.001
0.17140.0900.425 £ 0.158 0.465 4 0.000 0.460 £ 0.006 0.464 + 0.001 0.471 £+ 0.001 0.471 £ 0.001
0.306 +0.167 0.784 4+ 0.329 0.817 4+ 0.006 0.823 +0.005 0.817 +0.005 0.827 +0.002 0.828 £+ 0.001
0.316 +£0.167 0.807 +=0.316 0.845 4+ 0.010 0.844 4= 0.006 0.848 +-0.005 0.862 4+0.002 0.863 £ 0.002
0.295 4 0.156 0.709 £ 0.276 0.750 = 0.001 0.750 = 0.007 0.755 £ 0.001 0.759 4+ 0.001 0.755+0.003 0.752 £ 0.004

0.803 £0.000 0.790£0.009 0.795 4 0.002
0.633 +0.005
0.7494+0.013
0.697 +0.002

0.881 4+ 0.004 0.876+0.005 0.840=+0.008

0.079 40.043 0.202 +0.077 0.215 4+ 0.001 0.212 4 0.000 0.215 4+ 0.002 0.216 + 0.002 0.216 +0.001 0.216 £ 0.000 0.213 £ 0.000

0.8014+0.010 0.800=+0.007 0.764 £0.002

0.866 +0.002 0.861 +0.006 0.842+0.001

0.864 +0.005 0.849+0.003 0.837+0.003

0.58040.002 0.576 +0.002 0.578 £ 0.000

0.786 +0.001 0.775+0.009 0.752+0.007

0.718 0.003 0.705 £ 0.004
0.7894+0.014 0.766 £ 0.000
0.789£0.014 0.877 +0.003
0.818 £0.015 0.735+0.002
0.679£0.002 0.673+£0.000
0.468 £0.001 0.459+0.001
0.8244+0.002 0.807 £0.002
0.861 +0.000 0.835+0.001
0.752 40.000

0.71540.003

RERFFERA RIFHIRE M.

5) Xt K-means #1 DP pi#% 0] DUE B, [b
EHAEH K-means #H7RI25, (i DP 17
BRI RIS TRAS i Al

TR ST R AR B AE M — AN E AN AR,
A3 A Friedman aligned ranks!®! 75535k 853 1H1
K 2 (.

R A IR T NFREIRER R 20 AEd 4 10 JH =
JEWLEA, 55 TP X R R RERR IR . R —511 %k
Preg b T S i H B B SE ID. 2 J5 R 758 K
WA CSPA. HGPA. MCLA. DP. EM #i
QMI F5 AP SRR Bl B PR RS Je A

M 4 Al DAL EM PA 24.25 13
fe e 5 —; DP DA 2555 HE# 5 =, BT DP
5 EM maifE(Eseim s LAl (WA EEY
s 11 AN g R, BHOF MM S%), H A
Friedman aligned ranks ] i i1 545 21 i) 4 % J5
MW AE T B, 2R/, U 1.30; QMI

PA 51.85 {355 =, S5 — M 1 E B K,

MCLA. CSPA. HGPA 4351PA 80.65. 86.25, 94.45
HAES YL T, 4. X — D7 iRt A I i H /Y
A A5 B VR B R U ) M 1 -5 T X 1 2
R NSRRI RRIR Ry = 1210 A RE AR, M
EJaxt HORE, DP IR S EM JER I,
UL DAERUA S EM Al DP JH3E R /)y, TH%E
FRUCGEU )N, S5 R B

T 20 MR 6 FhIEAH, T A5 6—-1=5
SN 11 S e I TP A [ R A W I
(T)~(9) Bz S x*(5) /ARG R %
A% 0.00000001, SRAT 4 X2 A 6 i) A =5
0.00000001. — i, ARMER(E AT 0.05, AJIA
NZEFRA . S, BRI R AR (D
/N 0.05, BItZER AR B3, IR Z k.

k
> R?, =1725 + 18897 + 16132 4 511°+

Jj=1

485% +1037% = 10717 430 (7)
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Table 4  Aligned observations of six algorithms selected in the experimental study (The ranks in the parentheses are
used in the computation of the Friedman aligned ranks test. The smallest one is the best.)
ID CSPA HGPA MCLA Dp EM QMI Total
1 0.000 (68) 0.000 (60) —0.001 (70) 0.001 (57) 0.007 (26) —0.006 (97) 378
2 ~0.017 (111) ~0.054 (120) ~0.038(119) 0.048 (1) 0.042 (2) 0.019 (7) 360
3 ~0.005 (93) ~0.003 (83) ~0.002 (79) 0.009 (21) 0.006 (29) ~0.004 (88) 393
4 ~0.009 (104) —0.004 (91) 0.001 (55) 0.007 (28) 0.009 (19) ~0.003 (84) 381
5 —0.005 (94) ~0.025 (116) 0.000 (65) 0.01 (17) 0.013(11) 0.007 (23) 326
6 0.000 (63) ~0.003 (80) 0.000 (61) 0.001 (56) 0.001 (52) 0.000 (58) 370
7 ~0.021 (112) ~0.025 (115) ~0.007 (99) 0.021 (5) 0.016 (9) 0.015 (10) 350
8 0.000 (67) ~0.008 (102) ~0.004 (90) 0.007 (24) 0.005 (32) 0.000 (62) 377
9 ~0.010 (106) —0.008 (101) ~0.022 (114) 0.019 (6) 0.018 (8) 0.003 (40) 375
10 ~0.003 (82) 0.000 (59) ~0.002 (74) 0.004 (37) 0.002 (41) ~0.001 (71) 364
11 ~0.004 (92) ~0.021 (113) 0.002 (42) 0.009 (18) 0.013 (12) 0.002 (43) 320
12 ~0.003 (81) —0.001 (73) 0.000 (66) 0.002 (44) 0.003 (38) ~0.001 (69) 371
13 ~0.012(109.5) ~0.011 (107.5) ~0.002(77.5) 0.013 (13.5) 0.012 (15.5) 0.001 (53.5) 377
14 ~0.012 (109.5) ~0.011(107.5)  —0.002(77.5) 0.013 (13.5) 0.012 (15.5) 0.001 (53.5) 377
15 0.007 (27) ~0.034 (118) ~0.029 (117) 0.026 (4) 0.026 (3) 0.005 (33) 302
16 0.001 (49) ~0.004 (89) ~0.003 (87) 0.002 (45) 0.003 (39) 0.001 (50) 359
17 ~0.001 (72) ~0.007 (100) ~0.002 (76) 0.004 (35) 0.004 (36) 0.001 (48) 367
18 —0.006 (96) 0.000 (64) ~0.006 (95) 0.004 (34) 0.005 (31) 0.002 (47) 367
19 ~0.008 (103) ~0.010 (105) ~0.006 (98) 0.008 (22) 0.009 (20) 0.007 (25) 373
20 —0.003 (86) —0.003 (85) 0.001 (51) 0.006 (30) 0.002 (46) ~0.002 (75) 373
Total 1725 1889 1613 511 485 1037
AVG 86.25 94.45 80.65 25.55 24.25 51.85

k
> R? =378 4360 + 3932 + - + 367° +
i=1

3732 4+ 3737 = 2645 040 (8)

T =

(6 — 1)(10 717430 — (6 x 20%/4)(6 x 20 + 1)?)
((6x20(6 x 20+ 1)(2x 6 x 20+ 1)) — 2645040)/6

314.669

9)
5 g

AR — R R T DP Bk p R4
BBLAL. 7E 20 LI Eie S B 5 R A AP &
. CSPA. HGPA. MCLA. EM #1 QMI Z54
SRR, PAK K-means 553547 % L S5 5 A& R,
Tk DP R4 i Sk A BRECHE 4, W] DASRAS
e R ISUERR R . SEREMA, DARE X R/ INE R HE 7k
w. 4§ EM FIl DP {4l B AR 5, DP iRk
w5 EM WAREEHE, (HR2FEMERR I, DP ftit s

T EM. HEEE R, BT ety DP Sk
B BRI N i . N — i TARE 2
SRR B F ENA DP Sk, wFgedd et
1) DP 3k i i SR IR T ¥4
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