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Abstract

In order to overcome the disadvantages of K-Means clustering algorithm, such as over dependence
on the initial clustering center, easily falling into local optimum, and the premature and slow con-
vergence of the artificial bee colony algorithm due to the limitations of search strategies, a hybrid
clustering method combining the improved global artificial bee colony algorithm and K-Means++
algorithm is proposed, which makes full use of the characteristics of the improved global artificial
bee colony algorithm and K-Means++ algorithm. It can optimize the location of the initial cluster-
ing center and the convergence speed is fast. By combining the two, K-Means can search globally
and jump out of the local optimal solution. The experiments are carried out with the Wine data set
and balance-Scale data set in the UCI database. The results show that the improved global artificial
bee colony algorithm has faster convergence speed and better optimization effect than the stand-
ard artificial bee colony algorithm. Compared with the original K-Means algorithm, the hybrid
clustering algorithm proposed in this paper has better stability, fewer iterations, faster conver-
gence speed and better clustering effect.
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Step2: 5|l RQ)UEAT AL R, > — Mgk I IFiH5 fitness,
Vi =%+ Ry (% =% ) @)

ARE)H, k=i Ry N[-L1) ZIARIBEHLE . X EEH RS IRARE fitness, WIRMTHAELF, HFBT AR
IHfg, S0, U3HIEAE, [REEPs rfs as o 8om 1.
Step3: R P ML FEAS AL IE 1B 5] Snibde, ARE A Q) ER U AIALE, fitness K, # 5B 0] RO,
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BRI, (S P2 P B 30 7 8 6 MO S BRI S SOl T2 A B B 3 B R . Filtness {8
BN, FR K BB, KPR, ULUDRLT IO BT, K I AR

3.3. GABC &%

R ] e 2 e R T A R R AL AR 51 5 1 ABC 519:(GABC i) [13] [14], ZBEAEL B iR A A f
BN T &R IURAE S EIR SRR, B AN 4 R B0 ORI 50 S AE 4 R B AR A B 3T 1 4 2%
i HIR S A g n[15]. £ A R@) B ABC Hikh AR (@3).

Vi =% +R; (ij %y )+(p(xbest _XiJ) 0

Ry [L1] 00— MBEHLE Koo 2 A RO 400, @ F2[0,C] (C R —ANEH) I — BN,
GLWSEN, M C =15 I R

3.4. GAEEIERE

FEJR AR N RS, R A 4 R0 A8 D 3 5 SIS, 3 B PR AR, B R B R A R
TEATSCH, KR e R PR 2 A E(8):
fit,

SN

> i
T8 N B RN R R 5 AT AT B R, i BRI R

3.5. IGABC-K-Means++E ERISCI

ASCK A R N T EE S K-Means++ 8 7EM4E &, R —FB TR & 2077k, Hikihd
LINE

Step 1: HEMFFUR, WELIGE. REEENEERELT, &M% SRIERKE MCN K&z
HIZ % Limit; FEER K, Cycle=1; FIH K-Means++#]451k SN /M

Step 2: XIHIUAMEREEAT R4y, R AX(6)THH A R M fitness, KHER/IN 50% 4 5] 45iH%,
TH 5K 1) 50% A R BE % .

Step 3: I AER (T MATARIE R, BRI E, X EHALE R fitness, & RE ST AEEREE I,
WR ity <fityw, WA EBREME; B, REFEAME. B IR EEn 1 4 prA 5140
W SE AT ISR R S, ARAE = (8) THEAE R Pi.

Step 4: PREANEFIF Pi I TH A0 R IR £ 5] il . M ERBEE eSO FE 5, A (7)) AR EAT
R, [FIREL R R A 38 DUk 4 fity /N7 B

P=1-

, 1=123;--,SN ®)

DOI: 10.12677/airr.2020.92011 95 PNER ST IR YN


https://doi.org/10.12677/airr.2020.92011

@
=
Hi
48

Step 5

Step 6
W

Step 7

Step 8

( LR )

Y

s BRPEEEIR R AT, ] K-Means X152 07 BT Ry, HOBTIERE.
¢ ARIE S| WUELE Limit JORUE, S5 RABCA A, WA, R4 — ey

o WUERMATIEAURBOE B KK MCN e b gk 8, I a2 8R 3, Cycle = Cycle + 1.
: SR L IR BRI fitness, SUESEHR. BIARAZEIAIE 1 FR:

U

(SN,MCN,Limit,K,Cycle=1)

V

A K-means++ W14 IEHE, K 2l d) 70 3 - Kb O IR i

V!

SR BEAT AR R, B RO U SOE B, LT
AT, BRI R, BNAZ.

N

v

PR I e U | e, R AE 5 AT B R <R R, KRR
B AL E A B R L

AR (USRI ALy, KB 4T K-means 15 ACHEAT Hthi kil 47
BB B

v

fr BB IZE g

# Gl 2 Limit JOSRA EAAE, HUgEEREHL™ 4 — D

Vv

B E AL I8 B MCN

B T L PR SR 288 v KT L PG B fE

Figure 1. IGABC-K-Means++ algorithm flowchart
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Figure 2. Fitness change of different algorithms in the Griewank function
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Figure 3. Fitness change of different algorithms in sphere function
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Table 1. Data sets used in the experiment

1 PP EANBIES

BIRELIR B B4R =R
Wine data 178 13 3
Balance-scale 625 4 3

SEIG B L3R 1 Matlab2016b, Windows10 #:1F 524t EMFEREIEET, #HEAT T 20 RIK Hps
8, BOTSHME, ERSta . oAl mME. TFHME. alEE 5 DT, R g 20 £ 3
FioR:

Table 2. Clustering comparison results of wine data

%= 2. Wine #IRR AL AR

B e Gl BKfE BUMA FIE bz
K-Means 1.3622 1.8558 1.6007 1.7275 53.6903
ABC+K-Means 10.9185 16714 1.6488 1.6514 0.0924
IABC-K-Means 5.3274 1.6568 1.6555 1.6562 0.0515
IGABC-K-Meanss++ 3.1284 1.6485 1.6460 1.6468 0.0176

Table 3. Cluster comparison results of Balance-Scale data

%% 3. Balance-Scale #IEB K XTELER

B IBACH A - ON | BUME FME PR
K-Means 1.0835 1.1874 0.4262 0.9761 1.7460
ABC+K-Means 11.0268 1.2835 0.9075 1.2442 0.0608
IABC-K-Means 7.68478 1.3337 1.0383 13271 0.0287
IGABC-K-Meanss++ 5.1476 1.2633 1.0321 1.2376 0.0096
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5. &g
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fif ik 7 K-Means HiE AR REE I ZM I8, SLIRXT 45 SRR IGABC-K-Means++H1E 802 MG (15K
RS HEREIF RIS R, Ak T K-Means KRR AT HIRERE . T — DRI I B AR 2,
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[ 5% H R Bl 4 (No. 61962048, No. 61562067).
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