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Data clustering is one of the most difficult and challenging problems and can be formally considered as a particular kind

of NP-hard grouping problems. The K-means algorithm is one of the most popular and widely used clustering method because

it is easy to implement and very efficient. However, it has high possibility to trap in local optimum and high variation of solutions

with different initials for the large data set. Therefore, we need study efficient computational intelligence method to find the

global optimal solution in data clustering problem within limited computational time. The objective of this paper is to propose

a combined artificial bee colony (CABC) with K-means for initialization and finalization to find optimal solution that is effective

on data clustering optimization problem. The artificial bee colony (ABC) is an algorithm motivated by the intelligent behavior

exhibited by honeybees when searching for food. The performance of ABC is better than or similar to other population-based

algorithms with the added advantage of employing fewer control parameters. Our proposed CABC method is able to provide

near optimal solution within reasonable time to balance the converged and diversified searches. In this paper, the experiment

and analysis of clustering problems demonstrate that CABC is a competitive approach comparing to previous partitioning approaches

in satisfactory results with respect to solution quality. We validate the performance of CABC using Iris, Wine, Glass, Vowel,

and Cloud UCI machine learning repository datasets comparing to previous studies by experiment and analysis. Our proposed
KABCK (K-means+tABC+K-means) is better than ABCK (ABC+K-means), KABC (K-means+ABC), ABC, and K-means in our

simulations.
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<Figure 1> Flowchart of CABC Data Clustering Method
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<Table 1> Data for Experiment(UCI Machine Learning
Repository)-[20~24]

Name of No of No of No of
dataset clusters, K features data
Iris 3 4 150
Wine 3 13 178
Glass 6 9 214
Vowel 6 3 871
Cloud 10 10 1024
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<Figure 2>(A) Convergence Trend of Data Iris
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<Figure 2>(B) Convergence Trend of Data Wine

Glass (K=6)
218
217
216
@
=i
©
> 215
ke
kS
S 214
®
]
213
212
211
A P i Y P D
N QO W~ N~ 0o s 3D
TeneAIRSLeed
Generation

<Figure 2>(C) Convergence Trend of Glass
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<Table 2> Comparative Results of K-means, HSA[8] and CABC

Kmeans Hybrid SA(HSA)[8] Combined ABC(CABC)
SAI15] | KSA[13] | SAKI8] | KSAKI8] | ABCI6] | KABCI11] | ABCK KABCK
[ |mean 102.003 97.4150 97.6803 97.2723 97.2312 97.22261 97.2729 97.2267 97.2221
II{ SD 11.3788 0.2105 0.9062 0.0534 0.0031 0.0023 0.0913 0.0052 0
S best 97.3259 97.2221 97.2221 97.2322 97.2221 97.2221 97.2221 97.2221 97.2221
W |mean 16934.6 16564.5 16530.5 16530.5 16530.5 16530.5 16530.5 16530.5 16530.5
III SD 1651.63 151.90 0 0 0 0 0 0 0
E best 16555.7 16530.5 16530.5 16530.5 16530.5 16530.5 16530.5 16530.5 16530.5
E mean 225.202 231.319 223.156 222.052 217.867 219.927 219.530 218.969 213.22
g« SD 10.6686 14.5685 2.4894 10.5507 1.2949 1.3283 0.6796 0.4154 0.0050
S | best 215.678 221.69 214.727 218.476 214.669 217.991 218.774 218.45 213.204
E)/ mean 159251 149685 150412 149431 149759 150816.9 151930 149626 149376.3
\%’ SD 979483 283.41 880.17 81.15 533.73 411.24 996.89 216.30 4.19
L best 149384 149407 149405 149375 149380 150161 150366 149377 149369
E mean 67055.4 64638.7 63214.1 64338.6 63132.7 69019.6 65938.2 63866.3 63642.6
8 SD 648.09 755.63 406.59 737.73 417.62 1262.37 1510.36 862.31 339.14
D | best 66194.6 62889.9 62938.0 62834.7 62856.9 65980.1 63966.2 63048.3 631454
<Table 2> K-means, Al &2 o]E]= oD (Simulated #3}7] 94 &} 28u, ABC W F2 wenEH <
annealing, SA[15]), KSA[13], SAK[S], KSAK[8] W= 7} &9 o £2 o|%dlE 4T w7 o A% 3]
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