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Data clustering determines a group of patterns using similarity measure in a dataset and is one of the most important and

difficult technique in data mining. Clustering can be formally considered as a particular kind of NP-hard grouping problem.

K-means algorithm which is popular and efficient, is sensitive for initialization and has the possibility to be stuck in local optimum
because of hill climbing clustering method. This method is also not computationally feasible in practice, especially for large
datasets and large number of clusters. Therefore, we need a robust and efficient clustering algorithm to find the global optimum
(not local optimum) especially when much data is collected from many IoT (Internet of Things) devices in these days. The

objective of this paper is to propose new Hybrid Simulated Annealing (HSA) which is combined simulated annealing with K-means

for non-hierarchical clustering of big data. Simulated annealing (SA) is useful for diversified search in large search space and

K-means is useful for converged search in predetermined search space. Our proposed method can balance the intensification
and diversification to find the global optimal solution in big data clustering. The performance of HSA is validated using Iris,
Wine, Glass, and Vowel UCI machine learning repository datasets comparing to previous studies by experiment and analysis.
Our proposed KSAK (K-means+SA+K-means) and SAK (SA+K-means) are better than KSA(K-means+SA), SA, and K-means
in our simulations. Our method has significantly improved accuracy and efficiency to find the global optimal data clustering

solution for complex, real time, and costly data mining process.

Keywords : Data Clustering, Hybrid Simulated Annealing, K-means

1. el HE ¥ S

=2 ] dl(Internet of Things, IoT) 7]7] 2
of tlolE 5] R F3E HdolH
A W] AT e 284
Atk 71E dloly 74 75 5 HleolE &1
A} A5 (hierarchical) W

[elm=)
AR R AR

1A%

O

==

= <

S|

s H =1

Received 24 April 2017; Finally Revised 16 June 2017;
Accepted 19 June 2017

¥ Corresponding Author : kimss@kangwon.ac kr

wopo] A48 4

3t7] el RHA R AFEYE K-means
7](hill climbing) 2] 2] TS 3}7] wji

o] whe} wzksta g afj o] AL vig- A
o WA 7hsAdo] Erhe Aol ArH12]. 53,
of "dlolE] A& Sl = 71E HlolE Sel2H
°] S SEsta g Aol wEA A&
o]y Fe ey Wye] sito] A4
toly FelaHyS S 2Ee] 713 ol
2 S7hste

I wi-§- #1#1 NP-

- 2 ol H

=)
=

ATH11]. BIAISA dlolH &
u}

=

[e]
a-



Hybrid Simulated Annealing for Data Clustering 93

FelzHy 059 BAZ AAs) 6 Fezgen
952 Aok Bayel F4 wglrh, o9 A

Selim[10]-& Ze]~H2 Halo] AEaolE= ojdgy
(simulated annealing, SA)S A|°+8}$1 32, Sun[13]3} Perim
[9]2 K-means =& 7% K-means® -3 3= SA Y

& WHE AT Gungor[1]

g wAE 4zt fsl

SAE 483t} Krishna[4]E F34 &118]F(Genetic
algorithm, GA)®] wwj}A4 tfAilel] K-means &l

283 Genetic K-means ®%
H

=L

L= S B4
Kumar[5]= Z27]31E dojdo=z A
2 Melste] ARg-et Q137 F(artificial bee colony)S Al
QFalAtE o] 9 Zo] dlo]EEA] Hofe] ulo|E S AF
Fs 98l A7 AEsA RaE 9l
HE §8740% vy FH2HEE + 9l

T
> 1

PL

i3
o
X

al

_I}U-_E

BN

dlolg 4] oo HAIFA F¢
< N3] $18) K-meanse] 33}
o8 E3HE AEYHE ofdd

o o
T o,
1o

ox |
off rlo
1

w2
3>
lo
o
et
o
fols
o
ax

O
=2
Rl
rr
an)
w2
>
o
i)
o,
oX,
off
o
jaht)
ofN
ol
o,
N
Ho
:(l){é
i
2
(@
a
=

[10]¢} Z713k& K-means2 7% SA = KSA[9]¢} ¥ +=
Fol A A EA ANEF SAK(SA A& F K-means 2-&),
KSAK(%7]3+S K-means® 7-8t3L SA & ¥ ThA] K-
means 2-&) W o AAAINE HAFskaL v

2. Hiojg| EHLEHY =A|

dole FY2He TA(F, nle dolHE e 1
For FYaHY e BA)E Fedoer AHYs &
4= QAth4, 6, 9, 10, 13, 14]. dlol8] A X = {2}, 25 -+,
z,} = HolH i(z) 2 AR =1,2, -, n). 2429 z,
= dAFA(5A, attribute) 02 74 He=dl x; =z, s 2]
= doly i SAdely ;o ghs FAT Aolrh ®3h
k(k=1,2,--, K)71¢] 2828 ANB FJ3 ¢ ={q, G,
o O 2 AR AAA e FYAHE A" 4 F
2] 2~E J3F2 Ao gk sle] dlo]El7t EAlSE & =

7ol Bxo 74 FejaE oA BiET 2%F do]E
Atole] fragl= 7e)e] F3e UEhlE A ()e A4
stahz glola 4 (2~ (6)o& YERE & Qlth
Minimize 3/, 5(k) (1)
_ 1 dHloly a7k Fe2H kel 9k 45
sy cgn e B @

K w=1i=1,2--n w,={0,1} 3)

2w =1,k=1,2,-, K 4)
2wy
Cij = 2"17"1 (5)
i=1Wik
S(k) = Z?:fwi]‘ Zf:l(f,;‘j_ck-jy (6)

gkl dlolE i(x,) 7t FE2EH kol £
wy,E 12 At %A 48 7 3
21 (2)9F 2ol 4o 4= Q) HolE Y 2HA
#d mMEHEE w={w,} = YEtd & AL 2,7} st
o) Zej2g kol T = o Rol w2 3y} o] E
A% 5 Atk A (@)= FeaE kol Aol s o4
o dlolH i(z,)7} 8] A& AL B 4
() ¢, C,=(Cy, G -5 C) &) FEZH koA 5
A (feature) ElO1E] ;o Ht ks HERITE 4 (6)& 27
~H ko FFY= Azl §& e Aotk

o

3.

riob

g AIEZO[EI= 01 CioE| S2{AEE

B Aol = oy Y 2EHFS S8 oEA E&7
o2 AEHolHE ofdg)(Simulated Annealing, SA)Z} K-
meansE S§ate] A8 J=AE Attt Al 3.1
Mol A K-means 9} SA 9] AWHA Q] v AUFE M=stlaL
A 32748004 B el A ARbEHE B3 AlEdClHE
o] % (Hybrid Simulated Annealing, HSA)S 174 3}9]

3.1 K-means2} A|Z|0|EIE H{EH

K-means™= 7|38 dojd o=z M) 7+ ¢~
Elo] 4&E dHolHEe Hde Fetn 7 FeaH

7}
etk 25 dHlolE ko] Ao 3L VlEom dA



94 Sung—Soo Kim - Jun—Young Baek - Beom—-Soo Kang

e Hrheth e dolHES 7 e 2HY
7|Eo 82 AFFste 2L SH2HHYS o)
Eel2H s v Hohsh ole 2
Y2y At oA &S w7bA| jkEste] &
B9 8= g3t K-meanss E&% o] x| 9 27
Rzeta Aqse AT 7ol 2]
A EYOEE ojdd SAE dntHo g & B
A1 HERG oA HA s HAT

Mo

o2

il

o

fin)
Qoo o
2 |x o of o

©

=2 " 1=

g Zo|t3, 7]. =, SAE AA @S ugro

o
o
f
:oé
=
fr
Mo
o
A
:oé
[
o
oX,
ol
ol
rg
Rl
=
Bl
> ol
-
AN
N

of

W~ o=
—
[

)

ol

ol

)

1%

|o

fu

=

N

18

%

=

=
)

3|7} o ol
eSS Fako
ole] F1HY
o9} Fo] SAE
HA 7t EAT 7Hsdo
=AY
Ao ghAsle] il
ot s Bk AR W

dgdon 4% wolse vaw

3

2 o
2L
2

z v d

g

2
:OnL_',
)

¢

= 8 o mo rt Jzr H{y orlf R
ms!
&
o g0 o ©
d,
2,
>

o,
ot gl

Ak

a
5
a
o
2
rl

X
e 2 rlo okl

2
2ol

o o mo -
oHl

ol
Qo
=

R A R
o
:OL_ll

)
e o

3.2

rlol
i

AEZ0[EI= 0ILE HIO|E S2AEE

3l ®H(K-means+SA, KSA), K-means® *7|%S +
3tal SAE 7% & A K-means& T35k WH(K-
means+SA+K-means, KSAK)E ]t} Selim[10]°] A|otst
SATHS &3 W Perim[9]0] Aot KSA W E3}

Hety] §J8) B =o A 2} sho] A|ekelE SAK 9

AE Hg3te theddt & B4 5 7heA
13tz 3o thal
s gt

Ae] A2

rl
Ol
|
|
i
Y
_0|L
=
L
%
i
tlo
P
N

o & 3 Jo o ot 30

2N

FTHSAKE Tl 2 A=), oA 3014 theket 5 o
Qg SAE A&l @A 4ollA SAR FHHE &
e §&24Q a FHS 913 K-means
&3ttt SA9F K-means®] 4

=
% @9 9ol £ A

Z o
o,
(

o o
= frofal
g AH8-8k3A

START

Step 1: Determine the number of data clustering (X), the solution representation
method and the parameters 7, A7, t of SA

I

| Step 2: First-order search with K-means using arbitrary initial solution

I

Step 3: Set the solution searched in Step 2 as the initial solution of SA.
Apply SA to find the total search space and recommend the
best p search spaces that may have an optimal solution

l

Step 4: Perform p-th K-means with each solution of p recommended by SA in

Step 3 as the initial solutionto perform detailed solution search of local solutions.

]

| Step 5: Save the best solution among the result to date. |

No
Does it satisfy the termination condition?

<Figure 1> KSAK(Step 2 is omitted in SAK) Flowchart
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<Table 1> Data for Experiment(UCI Machine Learning
Repository)-[15~19]

Name of No. of No. of No. of
dataset classes features data
Iris 3 4 150
Wine 3 13 178
Glass 6 9 214
Vowel 6 3 871
Cloud 10 10 1,024
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<Figure 2(A)> Trend of Convergence for Data Iris
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<Figure 2(B)> Trend of Convergence for Data Wine

VOWEL
225000
220000
215000 —
210000 —
205000 — =
200000 —+
195000
190000
185000 ‘
180000 E o
175000 ,7\

170000 — \'\3,
165000 —5 A -
160000 — h
155000 —

150000
145000

Evaluation value

4 5 6 7
Generation

8 9 10

<Figure 2(D)> Trend of Convergence for Data Vowel
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<Figure 2(C)> Trend of Convergence for Data Glass
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<Figure 2(E)> Trend of Convergence for Data Cloud
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