Computer Science and Application HE IRl % 5N, 2018, 8(8), 1164-1171 Hans Y
Published Online August 2018 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2018.88128

A K-Means Algorithm Based
on Feature Weighting

Yan Xu, Xueliang Fu, Honghui Li, Gaifang Dong, Qing Wang

College of Computer and Information Engineering, Inner Mongolia Agricultural University, Hohhot Inner Mongolia
Email: 1925195149@¢qqg.com

Received: Jul. 25th, 2018; accepted: Aug. Sth, 2018; published: Aug. 10th, 2018

Abstract

Cluster analysis is a statistical analysis technique that divides the research objects into relatively
homogeneous groups. The core of cluster analysis is to find useful clusters of objects. K-means
clustering algorithm has been receiving much attention from scholars because of its excellent
speed and good scalability. However, the traditional K-means algorithm does not consider the in-
fluence of each attribute on the final clustering result, which makes the accuracy of clustering
have a certain impact. In response to the above problems, this thesis proposes an improved fea-
ture weighting algorithm. The improved algorithm uses the information entropy and ReliefF fea-
ture selection algorithm to weight the features and correct the distance function between cluster-
ing objects, so that the algorithm can achieve more accurate and efficient clustering effect. The
simulation results show that compared with the traditional K-means algorithm, the improved al-
gorithm clustering results are stable, and the accuracy of clustering is significantly improved.
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Figure 1. ER_Kmeans algorithm flowchart
[# 1. ER_Kmeans B ERIZE

DOI: 10.12677/csa.2018.88128 1167

RGXIRE =SS


https://doi.org/10.12677/csa.2018.88128

fRit 5

HiA: HORED, IEE K
fith: KA

1) BN K AR

2) LA B AERLT wi,

3) ReliefF ST FARFER E w2;

4) W EREIERUE w
5)Hﬁﬁﬁﬁﬁ%ﬁ%%%#b%ﬁ%qnwzﬁg;;_;;;#Wﬁ%¢ﬁ%%ﬁ$ﬂﬁﬁm

N7 (KBRS L5
6) EHHE AR REMIIIE;
7) HEREPOAFRAZN, WMEEL L RO AR N B FETES).

4. fHEXE
4.1. TRIFEEHIRE

S8 B AR AE 3R 15 Intel(R)Core(TM)i5-6500 3.20 GHz, 8 G W 1%, 4434154 Matlab2016b, Windows7
BE R G . SR EE 4208 UCT 4 ZE (9] H Iris« Balance-scale. Stalog #U#E4E, FIRENEEE
B 1 R,

4.2. KWERSHH

T BRAIEAE TR R BRI B AR JRR A R DT BRE ANE], 7E Iris. Balance-scale. Stalog
3 MR R T 20 IS B B RHEXS LR I 1] 20 &30 4 FoR. B — RS RE UGS

HE 2. 3. B4 mTDEH, BAMRHEN T RELERAEGAFE M. LLE 4 Stalog Z¥E 8 1IAFIE
WCEESE, AWERRT LG, R 7 FIREIE 12 MACEAE R S, U] HO SR IR B RHE 6
FURFAE 15 BIRCEE R, JUF&IET 0, B SR8 B s /N L 22 T RE A 520 o #4458 1) K-means
HRRREG T IX— a8, 58U A R AR FE 7 T B

R T B EE R R R AR, TEARIRI SRR IR N, ER Kmeans 5% 5454t K-means 5%, X
HR[4]1HI2E T ReliefF H LRI K-means H.7% ReliefF-Kmeans. SCHR[7]/3%E T8 B /& FIINAL K-means &
1% entropy-Kmeans 7EAH[F AL T, #EAT 1 20 IRIGEARSEES, FHHCPIIE, fEAERZE . IREF 7
(SSE). IEARREAIZATI ] 4 N J7 HEAT bhis. g5 Wik 2~% 6 fim.

M2 TR H, 7EAERIZ 71N, ER Kmeans HykB B T HAD 3 Bk, B T4£4 K-means Hik
G TRHEX TR R m, FRG R ATER, BT DA ZRIC T HAth 3 Mok, K 3 W RLE
th, ER_Kmeans HIEMRZ V7 FR T AR 3 BBk, mZ2-FJ7 f/h, U SRR iton GOsAR{eL,  Fir
PLER_Kmeans 5354528 (1) 28 A0 RARLAE iy, SRS BT R - oAt 3 Fh vk, ik 31 1 2R i i & H 1Y,

Table 1. Experimental data set
1. EHHIRE

EAEITE S Ko E R FEA K
Iris 150 4 3
Balance 625 4 3
Stalog 846 18 4
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Figure 2. Feature weights of the Iris dataset
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Figure 3. Feature weights for Balance-scale datasets
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Figure 4. Feature weights of the Stalog data set
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Table 2. Comparison of accuracy of each algorithm in UCI dataset (%)

53R 2. BERE UCI BUBRERERELLER (%)

g £ 4; K-means 5.1 entropy-Kmeans [7] ReliefF-Kmeans [4] A SCHEE(ER_Kmeans £7%)
Iris 83.40 85.10 87.07 89.50
Balance 63.03 64.95 64.65 66.09
Stalog 43.97 44.56 44.58 4531

Table 3. Comparison of error square sum (SSE) of each algorithm in UCI dataset (/ms?)

3. BERE UCI BIRERIRZE T A F(SSE)ELE (/ms?)

g £ 4; K-means 5.1 entropy-Kmeans [7] ReliefF-Kmeans [4] AL HEE(ER_Kmeans Hy%)
Iris 96 89 93 79
Balance 3492 3489 3510 3478
Stalog 3,740,979 3,626,124 3,562,829 3,556,605

Table 4. Comparison of the number of iterations of each algorithm in the UCI data set (/times)

4. BEIEE UCI BIRERIEHORBEEBICR)

Bl 145 K-means 5772 entropy-Kmeans [7] ReliefF-Kmeans [4] ASCHIVE(ER Kmeans 5Hi%)
Iris 8 7 9 7
Balance 14 16 5 9
Stalog 17 17 13 13

Table 5. Runtime comparison of each algorithm in UCI dataset (/ms)

5. FERTE UCI BUREREITRTEELE (/ms)

B 145 K-means 5772 entropy-Kmeans [7] ReliefF-Kmeans [4] ASLCHIVE(ER Kmeans 5Hi%)
Iris 16.8 4.2 4.3 3.5
Balance 136.7 36.7 11.4 34.6
Stalog 172.2 63.7 48.4 40.6

Table 6. The average run time of each algorithm in the UCI data set is compared with each iteration (/ms)

6. BEIRE UCI BUREH T RIEKIBITH B ELEB(/ms)

g £ 4; K-means 5.3 entropy-Kmeans [7] ReliefF-Kmeans [4] A SCHEE(ER_Kmeans Hy%)
Iris 2.1 0.6 0.5 0.5
Balance 9.8 23 23 3.8
Stalog 10.1 3.7 3.7 3.1

B AHALRE &, SEIAARLEEAG; A 4 A5 5 WTLAE tH, ER_Kmeans HIELEIERIREFZ AT A] FAK
T4 4 K-means 5751 entropy-Kmeans 572, 7F Iris 4 £EF1 Stalog £ i 4E F1IK T ReliefF-Kmeans &%,
{HE Balance #{#E % _F =T ReliefF-Kmeans 5%, 5 R & B FIVTI6 B2 O 2 FEVLIE R, N SET
BRI AT E . BATH M KA R . ELEFIBATR A B 2R K, R 6 iTEUEH,
ER Kmeans FiATEF IR IRIERIZAT I 8] LR T 144 K-means 575 H1 entropy-Kmeans 5777, 7E Balance

DOI: 10.12677/csa.2018.88128 1170 TR 5 R H


https://doi.org/10.12677/csa.2018.88128

Rt 2%

B4 AT ReliefF-Kmeans 5%, {2 ER_Kmeans Hi2- PR ER IR [A] 5 ReliefF-Kmeans 512 4H
ZEAK, U BHIEARIREANIZAT I A1 A2 32 BRI 46 TR R O 2

5. £5RIE

AL — PR S B AT ReliefF BVEXTREMAL K] K-means 5% ER_Kmeans 59%, A 2GR
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