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Abstract

Purpose —This study designs a system that automatically determines the number
of groups of clustering. This study refers to the research of past heuristic algorithms and
heuristic grouping, and improves the weakness of ABC algorithm, and proposes an
exemplary strategy to improve the search performance of the algorithm.

Design/methodology/approach — This study designs an Automatic
Clustering System (ACS). ACS uses a Cluster Range Discovery (CRD) algorithm to
reduce the search range of cluster number. After that, the ACS uses Dynamic Clustering
Artificial Bee Colony algorithm (DCABC) to complete the automatic clustering. DCABC
adopts the Model Strategy to overcome the drawback of original artificial bee colony
algorithm (ABC). DCABC also designs a brand-new encoding format. Combining this
encoding format, DCABC can cluster the data and find the number of clusters

simultaneously.

Findings — With the success of meta-heuristic clustering, some researchers tend
to design an automatic clustering algorithm with meta-heuristic method. The experiment
results show the proposed DCABC can find the suitable cluster number and can have
better performance than ABC.

Research limitations/implications — Although the algorithm proposed in
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this study can automatically determine the appropriate number of groups, at the time of

initialization, the user must specify the group number interval.

Practical implications — This study proposes an Automatic Clustering System
by using a Cluster Range Discovery algorithm to reduce the search range of cluster
number. The ACS uses Dynamic Clustering Artificial Bee Colony algorithm to complete
the automatic clustering. DCABC adopts the Model Strategy to overcome the drawback
of original artificial bee colony algorithm.

Originality/value — Unlike the similar algorithms which needs to assign number
of cluster manually. This study proposes an Automatic Clustering System (ACS), which
can automatically determine the number of clusters. Combining the designed encoding
format, DCABC can cluster the data and find the number of clusters simultaneously.

Keywords: automatic clustering, meta-heuristic clustering, artificial bee colony
algorithm, model strategy
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FE B RHRENARIR 0 »BE AT g sr (Liao et al. 2012) - 5 BF & # K AZ &K
EAEF - RIFAH BRI AL AR B RARRE  EIFEE G B A
A G > R AR B B AKABBE « B F LT AL AT =
A R KB B X 5B X 5 # (Hasanetal 2009) o J o 5] X 5 %%
A BKEFT R AF RS FFER - Bk w F w2 XA A H £ 095

(Mahdavi et al. 2008 ) o 5 %] X, 5 #f 5 LA £ BAERF - @ w2 AR A 3Kt 5 Bk
(Jietal.2012) » R 745 64 % 7T A R BCEARZE 69 45 R AHHES » VA k-means 7 3 %

R EH YR AR R ZFFIER S o R B RS — RIEILR AR 0 BAR
R &MU S B A FHEL B AR AR QoY SR 8 o k-means F ik B A 5B A AKEE
H ok A ey 4 (Laszlo & Mukherjee 2007 ) » {2 k-means 8 F ik H — 18 ik & 64 4
B RAER S RAERZAEM (Likas et al. 2003) - B > #F 5 S5 HLERELE
WY BRIR Lk 0 BUES X BHEE L — 42 (Cowgill etal. 1999) -

Bt Ko #r A RAFey & R (Dasetal. 2009) @ 128 A6y 8 R K % % F50 30
SRR Hh A B bk AR A R Ve (Das etal. 2008) o 42 HE K
SHWBEX  REALEFTARNFAEAE FHEPEL> ST DR

( Bandyopadhyay & Maulik 2002; Das et al. 2008 ) - 3t 38 % 5 ik 8 2R 7T DA 3% o1 2%
Yo ARG S A TR F EMBA TR SN AEZXELHNM
Ao B RFEAA LA B FHEAARRL R LE—EREA - AMTAEA R
7 Bk (genetic algorithm; GA ) &y GCUK ( genetic clustering for unknown K) -
VARATA B %5 F A E4biE B 7% (particle swarm optimization; PSO ) &5 MEPSO

(Multi-Elitist PSO ) - E i3 iy #E 7 ik 8 R T A Ty 09 B S AL o BF > 1247 H F 3k
RGP AREA = (DHBEBXZF AR EBR AL AT F AR EH G
K BERERIMFRERE QBAZBBEXNBEE XK THYELE  F—&
BENFRARLREI TR - L FREAIFHEGBEEXRE A B ER > A%
BB EF o AR R Ak (artificial bee colony algorithm; ABC) # & /A 8] &-4&
FREFEAGEA L - FPGET AR S &SR (Akay & Karaboga 2012; Karaboga
& Akay 2009; Szeto et al. 2011; Liang et al. 2017; Song et al. 2017 ) = 5»-#f 64 B 842 45
BH O RBA - SRR T A ARG B8 - JLAEAT 2 B AT F B A B 8
FRE fldw BFERAFEFEE  SHASBHT ERAZEFTARARRLS
B AR RAARI R R F R F 4T % (Sabau 2012) -+ 5 4k 0 A K P BAGE
Lo FSERNAGHA BN RNNEE SRR AR REITEP T RER

(Weietal. 2013) -
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( — ) Davies-Bouldin Index
Davies-Bouldin Index (Davies & Bouldin 1979 ) & 487% % R.649 5 BE-4E 4542 »
HAK4e T -

DB Index(Clustering Result) = %Z{il R; (1)
_ Si"'sj
r= a5 @
" 1

M;; = {Zg=1|zi,s — zj4| }t (3)

1

1 T
S = {ﬁzxqeci Z?:llxq,s - Zi,sl }t 4)

M; ;& BE s B SERE > S; 8 5% | BEX PR LR BB 0y T3 8Edk - x5 A
2o G — BB 2, BB d LERBE K AFFR 0t H— RS-
Davies-Bouldin Index #4948 /)y L85 B o) 8 O 4F -

( =) CS Measure

CS Measure (Chou etal. 2004 ) A7 & A AL RGO RIE - 2R THE L &

PFEHAELRAR AKX T ¢

1ok 1
i=1[N_l,ineci maqueci{d(xi’xq)}]

CS(Clustering Result) = &
( 8 ) %Z{'{=1[minjEk,j¢i{d(mivmj)}]

)

bk BEEE o xi BERE 0 b — BB mi BEBENEES 0 N LB AR
FH o dxy) BB 2T A ATIERE © CS Measure WA A » R F AR 5B 5
( =) Silhouette Index
Silhouette Index > ¥7 Rousseeuw (1987 ) 2% prit & - 7 Arbelaitz % (2013)
340l B AE 15 AR R F 0 Silhouette Index #E B HA RIFOIZR - A Ko
T

n; b(xj.ci)—-a(xj.c;) ©6)

J=1 max{b(xj.c;).a(xj.c;)}

Silhouette Index(Clustering Result) = %Z{-‘zl D

a(x,¢) = B, d(x, %) (7
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b(x],c ) = mérlélrlgil{iz?;nl d(xi,xj)} (8)
Hb N&HEEHKE kAR c— B n 2N EHER 6 5F
FHEL o d(x,y) B B4 B AF 4 AT3E A o Silhouette Index A9/ & K £ FE % H &4F -

= EBEXBEEE

BB OB Lk R T R 33 Rk AL R e R Lk AR Lk E R
R A ARR AW E Y BAF AT A A (Oftadeh et al. 2010 ) « B KR f ik
RKEZRAEAARLGE T > M FERd —EA L TR REF] L ERAELNFE
REALZRZH BB FER > REEG2BRER -

B R E ik — o Glover (1986) Fiit i » % 2K BT £ 2 F
O EAA o A2 F L S F IR B AT 0 B S HBUR R ST A AR e IR kT
A - s Ry EBARRIE AR 0 ZE A % g Holland (1975) Fiitd -
T B M XA AL B AR A IR B S B e R 00 BAZ 0 SRR R TR R
L RALRT AR - B B RBBERIRAZ TR0 0 WA IRAZRE
AARREAAGEMa A B LA RERAR AP REFLGH B TFHRME

LR Shik ~ A RAEALIE A -

B ARBE X E A kB RIRGERY Y &Tﬁi”‘ﬁ‘é%&ﬁ"ﬁﬂ‘ﬁﬁ? 124
4N R F 7T 4747 (feasible solution) #9487 » VAR BTy E AR - H k&g
WERERAZSAERMELMA L  F 500G TRTHEBRA > b—&hey NP-
Hard P A8 » fefE R BB X g B k1% » 115 7 R 4509 m R (Chatterjee et al. 1996 ) -
IR k-means BB F ik AUk B L 5 #F % — 18 NP-Hard B8 (Mahajan et al.
2012) #H S Y AR AALE R B RIE L RE AP T RIFRCR -

v 5 E X B A R AR A

SEIXSBERF LKA kmeans FHH L AR AL FHERBAEENEY ii
& ALRAE Gy BB BRI 0 S ﬁ%%%é&%m%ﬁw%’ﬁ‘
PAITERBETAEZE - &b ARABHBRF A CRP AR L LHHE /&éé.’
RO FFRRE I E -

SERBERG T AR L — A fELE A > B ey IMUBEN TR R 2
AR By FERE 0 3 L4 A Sum of Squared Error (SSE)» X BAZX 4 F :

Jw,z) =X, ¥, wij | — Zj”2 ©



ENEES2R £+ £—H

o]
oul

Aok RERFE N RERAHGFE - ;5 EHEE - 8700 0 wi; B AR H
Z‘ZEZ é}*‘l’fgé;i%%:}%jéng% ° Zjﬁﬂwuéﬁlb}fﬁk"ﬁ\?']: .

M

A

1
Zj = ,7}_2?’:1 WijX; (10)
_ 1, ifxiEZj 1
Y9 =0, ifxez (b
N; = X, wy (12)

BRI E XA RBEAH AT CHET LA RS0 T80 0 AT 0 2351
TREMBEBEXELEERNE>FRA L BERET - BBEXIBLA RIS
B2t (Karaboga & Ozturk 2011; Senthilnath et al. 2011 ) o

&~ B #LEE X 5B

A SR ER S R —EFFE (#lde  k-means) &35 Z — 18I
(et BB X 0% A AR R o IKEZ AR RFTREER
TACH MR R TAE S TR —BLEERB= » AHREAERBREN Ao
ot Fn B3R T 0 BRECRe AR B A SR AT TR AT AR B B o

SRR L T BTy BE TR Am a7 (Tanetal. 2006 ) o #7547 # R -
SR BT EBARNRAEHE  REAGHEGMGLETHH  BERFBE
ARG B R M 0 SRR T R R A Rk KRR e H R - B
BT AR 0 FAG TR EIR LR RAT SR SR AR ERT
FARS QAT HIEERR BB R AR -

AR KRB 0 BRI RIF R+ A B H /T T T2k B By ibdy F2
BB X BER L E - 2RISR R B Bk (genetic algorithm; GA) &y GCUK

( Bandyopadhyay & Maulik 2002 ) - Fo 5 8 ks T8 fe 1210 % F 7% (particle swarm
optimization; PSO) #5 MEPSO (Das et al. 2008 ) - A FAF /428 mAER Bk ©

(—) GCUK

GCUK £ & Bandyopadhyay 2 Maulik (2002) Ai#%th - 3%0% 5Lk 2o 4 %
R e G asAE X o R IR T R g F e il FBAR R B - AR GCUK T 14
A8k TR 12 LRE > SRR LIAL T FHEEYETER[Knin ,Kna) »
—fERRTHERSL 20 L RAGMERF T BB TRE A HIRIFE
SRR -

B — AR L EMEESL 20 BEAFLE Kin=2 o Knw=6 >
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GCUK fetndsite &R o 1A% G4 [Knin  Kmax| FIFEA £ & — B RUE > B R

CRPTHAMBER X HRBREEMGEEMEE AT CHE (LE) -
H—3 e CihnTHT:

1R LA
# (20.4,13.2) # (15.8,2.9) (10.0,5.0) | (22.7,17.7)
B 1:GCUK # &5 &k T=i%
H P #HOGIR 5 28

f ok BB OO EE 0 AS) R 0 ik G R R — LR 4 [BEENY
SRR Ao E >R A (204,132)  (15829) » (10.0,5.0) »
(22.7,17.7)

GCUK & R EeyiFife A BB ARXBTEEwE 2 -

GCUK # 2k = fe :

Parent 1 @ Child 1
RN XG5 P R CECY (P (NP CR T P 3 N I A (R (GBS (CE A
3.2) 2.9) 7.5) 3.2) 29) | 7.3) | 2.6)
Parent 2 Il —> Child 2
68| |, |os]es|anien) ) es ]| (o es ) | o
4.9) 44) | 62) | 7.3) | 2.6) 4.9) 44) | 6.2) 7.5)
2 : GCUK R e+ % 8

B2 PR BN NEBLE 3 B S @B SBFER  BBTRE
B & A0y FARAP SRR LA 4 ey AR &R - GCUK 1852 ] F JbAE 45 85 7 R,
Fo KB UR B R R BT A A QY RUE R ER B B AL BEG SR -

Jri i H ey £ o GCUK 4 A 7 Davies-Bouldin index » LA X 4e F o

. . 1
Fitness(i) = DB Index(Decode(Chrosome;))

(13)
GCUK #% =& & 16 K fitness 895k kAL - f£ g kAt fitness &4 B ik oF 5z MU
Davies-Bouldin index » 35 b3k hdxfE ey AR R -

( =) MEPSO

MEPSO 5 v Das % (2008) #kpriv by A LB X B R A % €&
T PSO & Tl sh vy A8 - 3 F @SBk T Rk Tik > 3£ PSO Tk g Bib ik 2B H
B o T — BB E B [Knin ,Kna] » MEPSO 12 5T VA B $93% AR 9 8F 8 0 M
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Rk H KT AR AR 2 L A sat AR 0 FEEAR S R M@ R R 2
WM A FBFELY A
%A — FIA Knin Knax]=[2,6] > L EM4E 22 58 —%F Pidek 1:

% 1 : MEPSO . F %k Tk
Ti1 | Ti2 | Ti3| Tia| Tis | Tie| Mia Mi, Mi;3 Mi4 Mis Mis
0.3{0.6/0.1/0.8/09(0.7|/1.5|6.8{20.4|13.2(2.6|7.8/15.8(2.9/10.0(5.0|22.7|17.7

AT Knax A & PIAEAE Tix » H S5 E A[0,1]2 1 - ZPIEAL LA 050 5
BINHIE 895 x AAFF s Mo *m"“?fé% K| B A9+ (9T
RS 20 AT 2R—AF > LAER AR (H) BPh 2 % mET
WERRE Bk + Kk xd -

AET PR T 09462 0.3 /13 0.5 oAt 8 A Bty Mis 5187 > Tiz 8y
@‘u% 0.6 k7 0.5 FrAk®y 7 #IEMAE Mi2=1{9,12,5,6} » 1R 3LFa 3k » TiF 4k T
Pi 2y —AB¥A 4 @F G > FHE - LF L E S 5] E(204,13.2) ~ (15.82.9) »

(10.0,5.0) ~ (22.7,17.7)

S8,k 5 MEPSO ¢ * CSMeasure » 2 25840 > eps 52— &) # #c o

1

fitness (i) = CS(Decode(Particle;))+eps o

MEPSO % CS Measure #yA it JE & ¥ > £ & kAL fitness 9 F) BF3x ML CS
Measure * #EmX BB S FHLER - MAEHKSH T &  FLEH) ME A O EE

foE T RTk BEABMEMEP L EREZAF - Hdk LEE > MEPSO
@%Tu e BB R B AN E » TARA LB B A -

5 BER T ik

RAF AR H — 18 A ik R B E Y A 1L 5 #F £ 4 (automatic clustering system;
ACS)  JLABRERAM AL RAERBRIL K ET LA HT R RILFLF
04 FR 72 B SR e g ke R E $5ﬁ% ENFFZA AR — AR FEE
o RARAETROFREN » EmR S T LRNHHRE - LIEBRGE 5 FFY
B E - B3 AR ACS 2 %ﬂ:)fﬁﬁ DR AT RHT RAT 09 R R AR IR
FRVABR FL ik 0y tm B AT A4E o
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Cluster Range Discovery Algorithm

Datasets d Kmin Kmin+1 Kmux—] Kmax
I
means Algorithm -3
[Kimin , Kmax] i Repeat and
Record Best

Cluster Validation _’/
[Konin®, Kmar’] | <

E Evaluation and Search Range Reduction

Dynamic Clustering Artificial Bee Colony Algorithm

Initialization Step

Set Solution Length Random Generation Evaluate Fitness
Employed bee Step

Produce New Solution Calculate Fitness Greedy Selection l\ \
Onlooker bee Step Repeat until
max cycle

Select a Solution Produce New Solution Calcuate Fitness Greedy Selection

Scout bee Step '

Find the Abandoned Solution Generate New Solution

B

_ cluserngRemte |

3:ACS R4 RIEE

| B ! S *
- :

—~ RHAAR

S —ERF BB TR E AL FTOT AR F LR - BT R
AR Z & AT B B F A Hofe AL 5 BF 09 IRAZ -

KA 5% Jeae R BE ¥ 558 5Lk (cluster range discovery algorithm; CRD ) » 4%
1% ) & I N B9 BB B [Knin K] #4732 5 » CRD @R EHAZ AR ERETR
HBEE o BEMIEF|HEREFEMS B 6 - CRD £ 29432 A My BE 6
B 4 A k-means #4781 69 B 0 BIRAE S B RAL KRR EE 0 2% CRD
G W b5 R AR BB R B [Knin®  Kimax"] X 45 8 18 5 BE A ¥ ¥ 8% 78 7% (dynamic
clustering artificial bee colony algorithm; DCABC) 415 #f » DCABC £ %4 =1#
FRfL T TR R mAESHRE 0 ZEMREA LT E S
N RABEERETEZAME 0 LB T yPITRE (iteration) » @42 F £



T AT RIEE 9B Rk o 3458 T iR JL kst st - DCABC 7 457k 04 #3445 4%
A (solution encoding) » BH A $pibik T B H AR Ly BEL H 095/ - k1% ACS
EWMENBER

— B FERE

B FRAEF (CRD) R AMARBIRATROBEKEN » IR RLE
ATHEREW R o A T HERESHBGB Y T F LA miE  —F2EH
%3t ey ik 0 Pl4e : Gap statistic » 3% 4& 8% & 7T £ ¢4 22 % ( Handl & Knowles
2007) > K& AR > #R T HFEEAZ AR BB T TR BRI - HIF
SAABEH LR - BN SRR B AR R R A R 0y FE R (Arbelaitz et al.
2013) o &8 2144 8 o BE UL ik 00 AT An D BE SR A4S 0 — B 0 KPR R AR
R -

W RSB BB M R AR 0 2B Bk 0 A AAESEH AP 0 k-means
LA — R AR o (0 kemeans 5 AR E T OB EORATIT 0 28
k-means & % % | 7 Rnks ey 8w & A8 £ ey B4R (Likas et al. 2003) -
& KB R I e k-means B FATRE 0 HAZ —PUTRE N CRD 4 £ k-
means [ Fn cluster validation F§fx & 4 AT N Rk » 3 &edk iR A i An RAEAF I - 35
W k-means HRHATE GTREME £ AR OAF I 0 FEIK T RAVIEAET AR 3E Akvd &
2R

B B SRR S ko APFR ORI 2 - Bao
P33 514 ek > CRD & & £ — 309 BFHE B [Knin ,Knax] * 2% CRD € e 3704 %F
B & B [Knin® ,Knax’ 1% 48 DCABC #4714 45 04 - &F -

= RN BEA ARk

AR FTIR 2 B0 16 9 B A MR ik (DCABC) » 2RS0T AR HrE
w A= (ABC) e B3RS % — B3 H i T Es Ens (model strategy ) » st %
W R P AR 7 A8 AR 6 P BB RIK ¢ 3 A A A B BLAY B AR 5 R B
&R T X B GG RAEAEATEE X BRI R
WAME AR RIS R GABH K, T A A T B A 8 BORE R
O BE S A S BUR SLE PTAR R 60 W5 46 X - AR IR B Das % (2008) 4%
PN B BB X D BETT P IE h 00 AR 0 8 A b ho A PTABAL a0 BEA 0 AT
PEAB Rk T BB 0 BE R > B A L5 AEA B 09 o AT R AR A R R
AR A BARTE R B R A BT R0 ARG A S K, 0 A G Ak R B
1 B A HEBEIR B R o
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(—) AN&E¥EREA L

AR R E (ABC) 2 — M BRI, AmAMmE asrmat
B BEFRICENITS - ABC e BB EHME LEEH » SMEEESZE
FHMERBRN S F > BT IAIHAL  ARF BIFO R RIRE -

ABC M E¥yr R A6 @ T8 R A% T TMKRE L0
f o RERTRIGBYRAELE > ERFEACIHNLEERTEEN T BER
GREIRPTH TR RREAR > BRIFERETELF —ERLHRE > RHRE
oy R AT R E > 2B THA R RRETHIN T > e RAKRI TI4F
IR RO E A FOITHE (PR ISR AR E ) AREAR
WMERENRGRF > FREIEAZ AT (BPRYRR) LB SR FHE
R ER TR AR R TR E ARG AT A T E T
WAL E (BP A E MR E A RHARR) - A LZ ABC &M A &0y
Famd o TaL ABC O EF AKX B 845 - ZREF X T ¢

1. Give the population number SN, max cycle number MCN, limit number LN
2. Randomly initialize food sources for Employed Bee(EB) FS;, i=1,2,...,SN
3. Evaluate the fitness value for each EB

4. Set cycle=0

5. While(cycle<MCN){

6 For each EB{

7. Produce new solution new FS; by (17)

8 Calculate the fitness value of new FS;

9 Apply greedy selection process and count the limit L;

11.  Calculate P: according to the fitness value by (18)
12.  For each Onlooker Bee{
13. Select a food source FS; depending on P:

14. Produce new solution new FS; by (17)

15. Calculate the fitness value of new FS;

16. Apply greedy selection process and count the limit L;
17. }

18.  For each EB{

19. If(L>LN){

20. Scout Bee move the EB from its food source to another by (19)
21. }

22. 1}

23.  Compare and record the best solution(Food Source)

24. cycle++

25.}

26. Output the best solution
4 : Pseudo-code of the ABC algorithm
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%647 H 10 /7R TAAIYGRMAR

new FS) = FS{ + Rand[~1,1] x (FS} = FS]_g.aimigs.swics )» f J = Randint[1, D]

(15)

FSf,otherMuse

F AR E T TR TR AT E S ER M RRIMKE

fitness(FS;)

P = ooyl
t Zflzvl fitness(FSj)

(16)

% 18 475 5 21 /T RS S THF| g R AR

FS] = FS) . +Rand[0,1] X (FS}ax — FSJ ), j=1,2,..,D (17)

HREBTREMDEHAR LB REHER -
(=) B Rk

AERBER L E03Rt L SR %%ﬁ(%lﬁuﬁ)éﬁlﬁwaﬁﬁ
PR BT F 0 A FRA A AEER ) AR E R AEGERBR R Ry o
f TR R %Kﬁ%@%ﬁ#mwﬁiﬁé’ﬁﬁﬁﬁﬁwa’w%ﬁ%
SR RGREES (FPARIBGES ) REARTHRBRGIY T RE
s H WA HFRBELER S o WAERSHT A T kiR ARSI - R
B IIRAR DR AER R AR RRK AL B AR - M By B ey AT
WBEA TR B FEMGE LT e ) RABERRELLTL
& — B FRAR # (limit number ) » B L EHLEE S REBEZEHFHEARE &
18 BIE O PSR 0 AR A AR 0 EREME A TRy -

LA MAIE AT R LA T FA ¢ — AR S B BRI F R
F e HA KGR E A G e BRAEWR IR LA FARME 0 AR
AIRRAEMR > BIE A AT R T RIFeIM e -

& TRV RKBEN T B AA T SEME  BRRETERE—MBER
TRFRE > TR —R » RIOERENBLR HDWAR  ERF L F LR
# oo Bk AFFRIR S THEE K& (model strategy ) » bR wE @ RE R AR - AL
T A B A3 Bk BURKE S MmAAK © B4 AW KRE
ARG RFAE 0 B R E R R K A AR R B AT o 3B b RAE ARG AR
Mldg FA2E o
(=) %A X Fn 38 & B

KT 5# Das % (2008) 24 Piit = MEPSO# A $hib 5 FE X %75 7 &, >
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4R IR AL B B PR G A R s — 4% FFhade T
Wb AR F B M [Knin® Kna'] » B EMBEE L D B MRHBZ KL
L=(DXKmax )+l » Hp F — ¥ L BE B0 BB PIAE{E AT (activated threshold ) » H.
AT € [0,1] » 4 & 89 (DX Kmax )H& BIR B I SR R T S BEBE S 09 E - AR A5 7 Kok
AT ey (A P B Sy T R ABFE > JL XA FIEF A o F
activated; = AT; X (Kjnax — Kipin + 1) + K (18)
If the j of centroid;; < activated; ,then activate the j_th centroid (19)

BAH — B AR ZBEEE B [Knin® Kna'[=[2,6] 0 MEB%GES 2 b —1@
f3 4 75 SE: At m & 2

% 2 : DCABC T+ kT
AT;| Centroidii Centroidiz | Centroidiz | Centroidisa | Centroidis | Centroidie
05204132 158 29| 100 |50 (227|177 15 | 6.8 | 2.6 | 7.8

—

T 5t Hactivated;=0.5%(6-2+1)+2=4.5 » IFFIBT1&E » TiF4nde AT=0.5 84
B 0 AR & NELEy T AT 4 18#F Centroidii %] Centroidis °

LR HE TG 0 KRR L HE Arbelaitz % (2013) 2295 % » R TAEF
Silhoutte Index g 18 4 #F FFAE 14 AFAE & #JE J I - L@ JE R/ AKX TF

fitness(i) = Silhoutte Index(Decode(SEi)) +1 (20)

@7+ Silhoutte Index #9{A 3% & [-1,1] > AFF 45K B eg{iim— > VAH] 5:;;%%
Be3E H o Silhoutte Index &9 A K 2 » B '8 A4F @ #% /& DCABC #4:E H 542
¥ R LEERRRACERZE > ARBEBENSFLER -

(w ) DCABC g B k442

DCABC /g% Aif2 K% bfw ABC £ % > £ 2092 2 A EMBREMAT R
B RATI 09 BEE s o (AT — 4R 092 - £ DCABC &y #Ri@f2 s » ARG 3
PR 4 AG S Kk BE - SRR 0B QBB N ELEE AR 0 B B OBF RO NS k ey
% (BPAETHRLER) sHAEFNEAN  F2IHEXYFTEFY ST
M > DCABC #&EH#HMEMHE L — MO R  EAFRFREER - S o
HEITER



B TRER

A RIA T GCUK F2 MEPSO & W B b3 R AT4L R #@ey 5 A H £ -
Iris ~ Wine + Glass + Segmentation » Breast Cancer Wisconsin (Original) * % 9 % %
Arbelaitz % (2013 ) £ F ey » # #F % > m A T Ecoli » Ionosphere - Libras
Movement % 3 B & #H4E - % 8 EMEH L » T FH £ ¥4 UCI machine learning
repository JAF o dy A A BAL S BT R B R B ETR T T RA TR ER T L E Y
BAE - BER—ETARKT AR S AN NER  AFREE
Arbelaitz etal. (2013) 2:#e4#7F 5% ik 4% 8 Adjusted Rand Index (ARI) (Hubert &
Arabie 1985) 1E & #7FI54Z -

BB FTRE - BT AT oy S8 E LR M ey ek - AFFRIRA Das %
(2008) &2 A& MEPSO #4#F 72 ¥ 4 64 - %4 > »A 50000 /& fitness runtimes 4k &
BARIE AR i A A B — R TS 40 0 FUTKE A GCUK F2 MEPSO %
T 2% 1250 £ DCABC g7 — B @15 H 2] ok 6y fitness SEH - ARASUTRE
TR 20 ET L 625 o BERIY F 8 H [Knin Kna] —# %% MEPSO #)3% € 3% &
[2,20] » GCUK #= MEPSO H 4464 4B AMRBZIE B ik RGHF BT To0ME > &
DCABC 4R &R $34 » 54 Yan et al. (2012) &4k A ABC #4795 #f 05t
% % e 4 100 0k o

e ACS 893 % > 7t CRD 3R 31 ik AR 05 @ AT 5 BESRAE 48R 0031 - skt
SR Z 3SR A — RS R H L M ACS AR IFE - & ACS
47%] DCABC 89 #% 8 » DCABC 84 fitness runtimes €% CRD P& F 5| 64 » %
FAEAGARRE 0 ABLA R BB 0 R AR -

—FB— ki ABC#» DCABC A Bt L £ R

AT ERAL T ML A K% (model strategy ) & & 4640 8L & fL ik
8y RE - mE X F ABC 2 A 4 R HE vk » DCABC A4 4 A 86 Rkwg - %k 3 71
BT R E R Bl X 48 -

B B SR B R S A B A A R L HUT 30 R e AR R S BT
(BXEWF) AARHERETH IRART (BSNEHEM ) HREHEX
BMAEENERBEEALERTE R AAZEMAY T FL TR FIH ' &k 3 LA
18F B BT R 0 53 -
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DCABC ABC
A v # (Populations ) 40 40
474X % (Iterations ) 625 625
FE %41k # (Limit number ) 100 100
¥ 3% 7 5 E (Range of k) [2,20] [2,20]
1% F 4 %6 how& (Model Strategy ) H o

k4 PASMEEREY BMAAIEEHEAL I LH AT aBEEZL 2
H Aoy 518 EF #H4E DCABC a9 3 ATH RE 24574 ABC HFEAZ > d 27T A & A#F
Fe A N BB &G R T VAR 2L 0 LR LRI F 0 Ak o

k4 Fwm—ER

Dataset\Algorithm DCABC ABC
Iris 1.701421686578 | 1.701421686578
Wine *1.673338649557 | 1.673337889901
Glass 1.652213180025 | 1.652072946828
Segmentation 1.882588782790 | 1.882588794406

Breast Cancer Wisconsin (Original)

*1.600763595529

1.599872701088

Ecoli

*1.432990314127

1.431345354134

Ionosphere

*1.340414364063

1.330510826595

Libras Movement

*1.217983723265

1.207645326848

= E% = k¥ DCABC » MEPSO #» GCUK Z skt Loy £ 2

%) 5 & AR#F R4 o DCABC Aetbdg # % (GCUK fe MEPSO) 413418 4 #+
£ HAT 30 k4§ ARI FHMEABERCF M dAAKR B OFR T RAKE RIS
Reyrami g (BPRAEAaR - BN AR A TR ) » A& K& I35
EAeE ARGk E o 34 ARL BB A £ (BB ERITE ) ARI @k kT4
RR4F o A#F % ¥ DCABC Foib## £ (GCUK #» MEPSO) K #:= ARI /4
AT AR t E (SUEHEM ) FRELFEZANENERBAZEAH
F o BALEZEAL AT T 46T % FI8 -

"k S5(E) THE £ 8 EEHEFY DCABC & 5 BEE# £ EE»D
GCUK - & Glass #= Libras Movement s A GH EmE it aigE 22 » A4
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Segmentation & #t% GCUK #g5 ¥F# DCABC - {2/ #45 ARI #/H %M v 0
PIAE I L3R BA e (B (B &MU 0 RECHAE 5 S L MAAMNEH S A ) o

mwk S (&) TAL £ 8 @AHEY  DCABC & 3 @A # LMAFEA
MEPSO - # Iris » Glass » Ionosphere + Libras Movement iz 4 {8 & #F4& W% it &8
¥ %R £ 4 Segmentation % # % MEPSO #8 3 ##7 DCABC -

% 5 : GCUK #» DCABC A % MEPSO #» DCABC . 4 #f 4 R tbix &

Dataset\Algorithm GCUK DCABC MEPSO
Name k k ARI k ARI k ARI
Iris 3 | 26 | 0546 | 2 | *0567 | 4.03 0.564
Wine 3 | 513 | 0282 | 2 | *0.348 2 0312
Glass 7 | 36 0.06 2 | 0.039 3.83 0.064
Segmentation 7 | 2.63 | *0.00002 | 2 |0.000002| 2.86 *0.056
BCW (Original) | 2 | 686 | 0617 | 2 | *0.748 8.03 0.62
Ecoli 8 | 506 | 0353 |443| *0.532 5.63 0.298
Ionosphere 2 6.63 0.09 6.1 *0.144 8.13 0.131
izzgznent 15 | 11.73 | 0056 |223| 0.062 8.93 0.061

¥ X f£ Segmentation H#t % DCABC 2B 7T R A& R - 2R AR -

DCABC 1r# & 3L & -
MEPSO 934 > S RES XL AAERE » (25253

W FiksE RTOAAEEE 5 DCABC 4&# GCUK » # ik
=0y BAT R

DCABC #8K % /m AL A 2 & o

o S

R

B 5 2% &A808 5 ik 2 SR A AT R 4238 30 RIS 3B H eg PUTRER P34 0 A
FATHEFM 3 » MEPSO kB #R-E 5k £49 » -u DCABC 2 7 & Segmentation #n
Breast Cancer Wisconsin (Original)ig vy 8 & # £ #5145 GCUK - H. Ak 8y 6 18 & # £ 4R
RO PATIFH o #A EEIZTIAE & » DCABC R EHAE RSB SYE -
IRARE AR
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GCUK ~ MEPSOAIDCABCH:A{THF [ LLER E
“» 1E+13
< 1E+12
T 1E+11
o 1E+10 -
S 1E+09 - : GCUK
[7,]
g EE S S S & = MEPso
© N ) x® @é\ < Q\Q Q’(Q
c ) O K N DCABC
& & & <
& Y
datasets

5 : GCUK » MEPSO #= DCABC #h47B¥ [ rb#% 8

= %= 1k DCABC # R #F 4% th 2% DCABC #j ACS b

% 6 % DCABC #Fn ACS 431518 4 # £ 45 = #4T 30 k64 ARI - f 228K
F3548 - ReFe ¥ DCABC f» ACS K 2 ARI 8 E B 4748 A R t #2 (95%13
HMEMR ) EZ2EAMERELE (A%) WERBREZEA RS L A EZRMA
B9 AT 77 #6 T k FIR e

#k 6 TTAKF - £ ACS 3E Breast Cancer Wisconsin (Original)f= Libras
Movement # 7 #a % &9 # % - Segmentation & H £ 493 5 K ACS R H AL
DCABC 454 > = X EHmH ey HAata g MunA 0 TR AAFHNER -

B 6 & DCABC #fo ACS @y #HATHFMILEE » kB TARES BT
Ionosphere Fu Libras Movement ¥ #t%& » AL oA # % - FBFRGERAFEILF
B R AR o ST A R0 ARECES X BF 0 BT R -

% 6 : DCABC #u ACS 2 »#f4 Rk k&

Dataset\Algorithm DCABC ACS

Name k k ARI k ARI
Iris 3 2 0.567 2 0.567
Wine 3 2 0.348 2 0.354
Glass 7 2 0.039 2 0.03
Segmentation 7 2 *0.000002 2 0.000001
BCW (Original) 2 2 0.748 2 *0.795
Ecoli 8 4.43 0.532 4.96 0.582
Ionosphere 2 6.1 0.144 8.5 0.176
Libras Movement | 15 2.23 0.062 14.1 *0.208
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DCABCHIACSHAT TR [E] LR

@ 1E+13

7 1E+12

€ 1E+11

S 1E+10

§ 1E+09 - m DCABC
g B ACS

datasets

6 : DCABC v ACS #4785 M b 8]

i #7155 lonosphere F» Libras Movement & W {E F 4+ & » T A5, ACS A2
W B R R4k ey BE A2 DCABC 43 % (45 5%] & Libras Movement % 4% ) -
HORFF AR 0 % CRD M B o B BB K9 BFIE - IR T 48R SRRy - B4
ey BEiE Lk (Bp DCABC) A4 #fugifa s » 47 A4 RGBS EMAHBHE T
I AN SRR G E RS R EHRIUTI R 83 A

%z 2Kk Tonosphere #F» Libras Movement & #F & 69 HATHF R 3E /e T » 12 ACS £
B AR R 6y 5B ] 0 AR ke DCABC 434 R » H ACS 2L € EH R0y
ATHE R AR IEAF IR MK © S84 R0 - AP RAR 09 ACS X —MEAA A A kw5 #F

WG BEF R R S ¥HMER AR AN ETREEL B2 k-means g FH %
LI E K AL BRR A BRL AT IIBAL TR TR EE - AR L T
1R Fey A e R H e 2 A0 A MR sk ey B4R 0 BT B ek F o AR
¥ T 18 A by BE A % ACS v B SpiL BB X B L% DCABC » 348 A %
FTEHNEAHERLR Sfaded ETAEBEEAHERBELRFOHNE (oK
Fo g ot ) AT A BAL S EE o

At R A E# GCUK o MEPSO » 323 7 5 —#E o) i 4 A X > fe g fleh £
BERERD S KBIRUBHBER > FIHBRIBER » A FH K2 TR F
fE o R ER  TIAA KR FORIFEL XN FRYE - TR B4
ey LRBEXEL AT ERN K -

T EINGBAERECTERBRRXBL NN FTRE  AFREE T A ity st
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74 (ACS) A& AERAMMFHA X (CRD) BRHAKRMIER > Ad
DCABC #471% 4500 A LB - BERET > WA SRS £ CRD B B K
KOG ARG ha AT IF ] - {2 e > BE4E R B PRI > B CRD 3 7 64 2 BB 1K
BYBFIE » RARPUTIF M BE T FEAF T I o 2R R - ACS #5974 2ol 3E i 5 BF0Y
CES LS

ARG A HSETGEM  TUAABEWHFR EEBITRR > ATHH4HK
HRT RGBS ERE T @it B ER o R ER TR 0B X8 Bk R AT
Bt Kg LR R 5 BRI R B R JE R RABT R AT o9 AL 85 kv ABC 2741
ARG AL > 7 AMER ACS 89 A2 SARAZ 0 3T VA he 58 W (B 78 0% M oy & 1E
PE o

RBETRBRE T @ AFRAAIEZ RASRR L kR TR itk gl
SUEER R ISR EFIE D E R F S RBHRER - FEH R R AR
FERAEKRERA  AIRAGPARBELLITREIRERESTOSFHLER
P FEE RS FE > EATHELHERT > TRAETERRYOTREE - 5 Rof
AL B AE B B ARG R AL (prototype ) » e AR AL 69 3H A L BT AR B & 2
###e 4 (Euclidean distance) » M A R EZ A Gfo /B LA RRR EREKTER
(hypersphere boundary ) #4#¢ 45| » 25 A R k@B 2 AR - A
BFEREBEZAFENIFHER - FIAEAEFSAELRMERB T » REFE 69K
R APTRA -

X
W v

A SHE2 A A AT %23 & MOST107-2410-H-006-040-MY3 #%8h » 2 b3k
0 o

% TRk

Akay, B. and Karaboga, D. (2012), ‘A modified Artificial Bee Colony algorithm for real-
parameter optimization’, Information Sciences, Vol. 192, No. 1, pp. 120-142.

Arbelaitz, O., Gurrutxaga, I., Muguerza, J., Pérez, J. and Perona, 1. (2013). ‘An extensive
comparative study of cluster validity indices’, Pattern Recognition, Vol. 46, N o.1,
pp. 243-256.

Bandyopadhyay, S. and Maulik, U. (2002), ‘Genetic clustering for automatic evolution of
clusters and application to image classification’, Pattern Recognition, Vol. 35, NO.
6, pp. 1197-1208.

Chatterjee, S., Carrera, C. and Lynch, L.A. (1996), ‘Genetic algorithms and traveling



oul

22 ENEES2R £+ £—H

salesman problems’, European Journal of Operational Research, Vol. 93, No. 3,
pp- 490-510.

Chou, C.-H., Su, M.-C. and Lai, E. (2004), ‘A new cluster validity measure and its
application to image compression’, Pattern Analysis and Applications, Vol. 7, No.
2, pp- 205-220.

Cowgill, M.C., Harvey, R.J. and Watson, L.T. (1999), ‘A genetic algorithm approach to
cluster analysis’, Computers and Mathematics with Applications, Vol. 37, No. 7, pp.
99-108.

Das, S., Abraham, A. and Konar, A. (2008), ‘Automatic kernel clustering with a Multi-
Elitist Particle Swarm Optimization Algorithm’, Pattern Recognition Letters, Vol.
29, No. 5, pp. 688-699.

Das, S., Abraham, A. and Konar, A. (2009), Metaheuristic Clustering: Springer.

Davies, D.L. and Bouldin, D.W. (1979), ‘A Cluster Separation Measure’, [EEE
Transactions on Pattern Analysis and Machine Intelligence, Vol. PAMI-1, No. 2, pp.
224-227.

Glover, F. (1986), ‘Future paths for integer programming and links to artificial
intelligence’, Computers & Operations Research, Vol. 13, No. 5, pp. 533-549.
Handl, J. and Knowles, J. (2007), ‘An Evolutionary Approach to Multiobjective
Clustering’, IEEE Transactions on Evolutionary Computation, Vol. 11, No. 1, pp.

56-76.

Hasan, M.A., Chaoji, V., Salem, S. and Zaki, M.J. (2009), ‘Robust partitional clustering
by outlier and density insensitive seeding’, Pattern Recognition Letters, Vol. 30, No.
11, pp. 994-1002.

Holland, J.H. (1975), Adaptation in Natural and Artificial Systems: University of
Michigan Press.

Hubert, L. and Arabie, P. (1985), ‘Comparing partitions’, Journal of Classification, Vol.
2, No. 1, pp. 193-218.

Ji, J., Pang, W., Zhou, C., Han, X. and Wang, Z. (2012), ‘A fuzzy k-prototype clustering
algorithm for mixed numeric and categorical data’, Knowledge-Based Systems, Vol.
30, pp. 129-135.

Karaboga, D. and Akay, B. (2009), ‘A comparative study of Artificial Bee Colony
algorithm’, Applied Mathematics and Computation, Vol. 214, No. 1, pp. 108-132.

Karaboga, D. and Ozturk, C. (2011), ‘A novel clustering approach: Artificial Bee Colony
(ABC) algorithm’, Applied Soft Computing, Vol. 11, No. 1, pp. 652-657.

Laszlo, M. and Mukherjee, S. (2007), ‘A genetic algorithm that exchanges neighboring



HEERDFANSEHREAZEMEDERIR 23

centers for k-means clustering’, Pattern Recognition Letters, Vol. 28, No. 16, pp.
2359-2366.

Liao, S.-H., Chu, P.-H. and Hsiao, P.-Y. (2012), ‘Data mining techniques and applications
— A decade review from 2000 to 2011°, Expert Systems with Applications, Vol. 39,
No. 12, pp. 11303-11311.

Liang, Y., Wan, Z. and Fang, D. (2017), ‘An improved artificial bee colony algorithm for
solving constrained optimization problems’, International Journal of Machine
Learning and Cybernetics, Vol. 8, No. 3, pp. 739-754.

Likas, A., Vlassis, N. and Verbeek, J.J. (2003), ‘The global k-means clustering algorithm’,
Pattern Recognition, Vol. 36, No. 2, pp. 451-461.

Mahdavi, M., Chehreghani, M.H., Abolhassani, H. and Forsati, R. (2008), ‘Novel meta-
heuristic algorithms for clustering web documents’, Applied Mathematics and
Computation, Vol. 201, No. 1-2, pp. 441-451.

Mahajan, M., Nimbhorkar, P. and Varadarajan, K. (2012), ‘The planar k-means problem
is NP-hard’, Theoretical Computer Science, Vol. 442, No. 13, pp. 13-21.

Oftadeh, R., Mahjoob, M.J. and Shariatpanahi, M. (2010), ‘A novel meta-heuristic
optimization algorithm inspired by group hunting of animals: Hunting search’,
Computers and Mathematics with Applications, Vol. 60, No. 7, pp. 2087-2098.

Rousseeuw, Peter J. (1987), ‘Silhouettes: A graphical aid to the interpretation and
validation of cluster analysis’, Journal of Computational and Applied Mathematics,
Vol. 20, pp. 53-65.

Sabau, A.S. (2012), ‘Survey of clustering based financial fraud detection research’,
Informatica Economica, Vol. 16, No. 1, pp. 110-122.

Senthilnath, J., Omar, S.N. and Mani, V. (2011), ‘Clustering using firefly algorithm:
Performance study’, Swarm and Evolutionary Computation, Vol. 1, No. 3, pp. 164-
171.

Song, X., Yan, Q. and Zhao, M. (2017), ‘An adaptive artificial bee colony algorithm based
on objective function value information’, Applied Soft Computing, Vol. 55, pp. 384-
401.

Szeto, W.Y., Wu, Y. and Ho, S.C. (2011), ‘An artificial bee colony algorithm for the
capacitated vehicle routing problem’, European Journal of Operational Research,
Vol. 215, No. 1, pp. 126-135.

Tan, P.N., Steinbach, M. and Kumar, V. (20006), Introduction to Data Mining: Addison
Wesley, Boston, MA, USA.

Wei, J., Lee, M., Chen, H. and Wu, H. (2013), ‘Customer relationship management in the



24 ENEES2R £+ £—H

oul

hairdressing industry: an application of data mining techniques’, Expert Systems
with Applications, Vol. 40, No. 18, pp. 7513-7518.

Yan, Y., Zhang Y. and Gao, F. (2012), ‘Dynamic artificial bee colony algorithm for multi-
parameters optimization of support vector machine-based soft-margin classifier’,
EURASIP Journal on Advances in Signal Processing, Vol. 2012: 160. https://doi.org/
10.1186/1687-6180-2012-160.



