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Improved K -means Clustering Algorithm Based on Tukey Rule and Initial Center

Point Optimization

LIU Jing', QIU Ziying', GAO Maozu®’, YU Donghua'

(1. Department of Computer Science and Engineering, Shaoxing University, Shaoxing 312000, China;2. School of Electrical and

Information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 100044, China)

Abstract: Aiming at shortcomings of the K-means algorithm to be improved, such as selection of initial
center points and the problems that abnormal points and outliers can easily affect the clustering results, this
paper proposes an improved K-means algorithm based on Tukey rules and optimizing initial center points
selection. The proposed algorithm uses Tukey rules to construct core and non-core subsets, and divides the
clustering process into two stages. At the same time, the strategy of increasing the center points one by one
is implemented on the core subset to optimize the initial center points. The clustering results on 20 real-
world datasets from UCI show that the proposed algorithm is better than the most popular K-means—+ +
clustering algorithm and effectively improves the clustering performance.
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&1 EXHES
Table 1 Real-world datasets

BT n m K EVEITE S n m K
breast-cancer 569 30 2 banknote 1372 4 2
bupa 345 6 2 compound 399 2 6

ct 221 36 2 haberman 306 3 2
hayes-roth 132 5 3 iris 150 4 3
libras 360 90 15 newthyroid 215 5 3
parkinsons 195 22 2 pima 768 8 2
seeds 210 7 3 sonar 208 23 2
vowel 990 10 11 waveform21 5000 21 3
waveform40 5000 40 3 wdbc 569 30 2
wine 178 13 3 aggregation 788 2 7
abalone 4168 7 21 HOP _S1 52482 6 4
sensor 5456 24 4 R15 600 2 15

7% 318 ARI( Adjusted rand index)'®' 5 NMI(Normalized mutual information) " 4 3 5 25 ¥ fE T
M), BRI (7,8) , MK, Fn RISPERE L 7 I KIE N 1.

RI—E[RI]
ARI= (7)
max (RI)— E [ RI]
NMI(U, V)= MI(U, V) (8)

mean(H (U ),H(V))
A R 2 EREGE W MU EAF B H AR UV 550 o R HE bR % 5 B I RAR 4%
3.2 REMEESN

22,3094 T BB E 4 K-means . K-means+ -+ 1 K-meansCC 5 15 (19 14 B & & ARI Al
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x2 EZHEELARIERINGER ®3 EZHEELNMIERTINER
Table 2 ARI evaluation of real-world Table 3 NMI evaluation of real-world
datasets clustering results datasets clustering results
BE A K-means K-means+ -+ K-meansCC Bim 4 K-means K-means+ + K-meansCC
breast-cancer  0.491 4 0.4914 0.617 5 breast-cancer  0.464 7 0.464 7 0.537 2
compound 0.532 8 0.537 8 0.413 3 compound 0.722 0 0.719 1 0.624 0
ct 0.416 0 0.416 0 0.4399 ct 0.329 6 0.329 6 0.348 5
hayes-roth 0.016 0 0.020 2 0.022 6 hayes-roth 0.0250 0.028 7 0.0317
iris 0.730 2 0.730 2 0.730 2 iris 0.758 1 0.758 1 0.758 1
newthyroid 0.546 5 0.579 0 0.097 1 newthyroid 0.4757 0.494 5 0.1512
parkinsons 0.085 3 0.000 0 0.062 5 parkinsons 0.050 5 0.000 0 0.049 3
pima 0.074 3 0.074 3 0.074 3 pima 0.029 5 0.029 5 0.029 5
seeds 0.716 6 0.716 6 0.699 8 seeds 0.694 9 0.694 9 0.702 8
sonar 0.004 9 0.004 5 0.006 4 sonar 0.016 6 0.016 0 0.0190
vowel 0.2180 0.202 8 0.220 4 vowel 0.433 2 0.414 1 0.4337
waveform2l  0.253 6 0.253 6 0.254 6 waveform2l  0.362 2 0.362 2 0.364 7
waveform40  0.251 6 0.251 6 0.252 5 waveform40  0.360 5 0.360 5 0.3616
wdbce 0.4914 0.4914 0.617 5 wdbe 0.464 7 0.464 7 0.537 2
wine 0.3711 0.3711 0.3711 wine 0.428 7 0.428 7 0.428 7
aggregation  0.754 7 0.762 4 0.743 8 aggregation  0.869 3 0.879 2 0.837 3
abalone 0.047 7 0.049 7 0.054 8 abalone 0.170 7 0.1719 0.167 7
HOP _S1 0.0214 0.0214 0.022 0 HOP _S1 0.074 5 0.074 5 0.073 9
sensor 0.057 0 0.056 9 0.069 9 sensor 0.112 5 0.112 4 0.0910
R15 0.914 2 0.992 7 0.992 7 R15 0.964 1 0.994 2 0.994 2
AL A 5 8 15 A K 7 8 13
30 — 30F
25¢ 25
201 20+
> 151 ~ 15t
101 101
5T o S5t 5 i i
5 10 15 20 25 30 35 5 10 15 20 25 30 35 10 15 20 25 30 35
(a) K-):neans (b) K—nfeansi—!— (c) K—ni;ansCC

Bl 1 3Tk #E B 4 aggregation [ R 45 R

Fig.1 Clustering results of three algorithms on aggregation dataset
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T 5 E ARG A, — R R I PR B = 1.5, R A S AT — 2 B R 2 Tukey B0 K
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*4 K-meansCCEEFZOLEEZLFERIH

Table 4 Numbers of core and non-core subset elements in K-meansCC clustering

K 4 IS core] IS oncore LS 1Scorel IS noncorel
breast-cancer 398 171 compound 399 0
ct 164 57 hayes-roth 102 30
iris 146 4 newthyroid 163 52
parkinsons 148 47 pima 639 129
seeds 205 5 sonar 149 59
vowel 960 30 waveform21 4740 260
waveform40 4116 884 wdbc 398 171
wine 161 17 aggregation 788 0
abalone 4016 152 HOP _S1 48 165 4 317
sensor 1164 4292 R15 600 0

S LK A I AT A SRR I T ISR AE . IR, AR T TR R R R AR N R X
MR . AR S K-meansCC 53 R H T Tukey LI, H 2 35 K AL XT S, eore T A5 IR AF T 55
% AR R R W AR IR T
TS T 3PP LR ELE IR 22 J5 A1 (Sum of squared error, SSE) . 4k % F ,K-meansCC
P SSE A3 F K-means Fll K-means+ + 5 2 5k B0 L B EFFE Rl — D i 9 (B2 AT E R K. X2
x5 3HEERRLRREFTFM

Table 5 Sum of squared errors of clustering results for three algorithms

B 4 K-means K-means+ + K-meansCC
breast-cancer 7.794 3E+07 7.794 3E+07 1.046 OE+08
compound 3.866 1IE+03 3.865 9E+03 5.333 2E+03
ct 1.287 OE+02 1.287 OE+02 1.331 9E+02
hayes-roth 2.174 1IE+04 2.171 SE+04 2.186 1IE+04
iris 7.885 1E+01 7.885 1E+01 7.906 6E+01
newthyroid 2.887 TE+04 2.856 OE+ 04 4.089 9E+ 04
parkinsons 1.165 8E+06 1.165 8E+06 1.534 OE+06
pima 5.142 4E+06 5.142 4E+06 5.858 6E+06
seeds 5.873 2E+02 5.873 2E+02 5.881 5E+02
sonar 3.291 6E+01 3.291 6E+01 3.996 4E+01
vowel 1.935 3E+03 1.925 6E+03 1.940 4E+03
waveform21 1.331 2E+05 1.331 2E+05 1.331 5BE+05
waveform40 2.275 9E+05 2.275 9E+05 2.276 5SE+05
wdbc 7.794 3E+07 7.794 3E+07 1.046 OE+08
wine 2.370 TE+06 2.370 TE+06 2.372 8E+06
aggregation 1.100 OE+04 1.099 7E+04 1.124 3E+04
abalone 3.149 2E+01 3.100 OE+01 4.171 OE401
HOP_S1 4.235 4E+405 4.235 4E405 4.316 SE+05
sensor 1.480 9E+05 1.480 9E+05 2.050 OE+05

R15 1.639 7E+02 1.086 2E+02 1.086 2E+02
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