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K-harmonic means clustering merged with
parallel chaotic firefly algorithm
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ZHOU Zhiping, ZHANG Daowen

(School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract : The K-harmonic means algorithm (KHM) has the disadvantage of easily falling into a local optimum. To

solve this problem, we propose a hybrid KHM based on an improved firefly algorithm (FA). In this paper, we com-

bined raw FA-based searching with parallel chaotic FA-based elaborate searching. In the elaborate searching, we

found the current best and second-best solutions using the FA, then we used an improved logistic map model com-

bined with parallel chaotic optimization to search this area in order to enhance the searching ability of the algorithm.

Finally, we used the improved FA to optimize the cluster centers obtained by the KHM. Experimental results dem-

onstrate that the proposed algorithm not only had higher search precision for several test functions,

but also im-

proved the clustering accuracy and stability of six datasets, effectively avoiding being trapped into a local optimum.

Keywords : K-harmonic means; local optimum; firefly algorithm; clustering; parallel chaotic optimization; chaotic

local search; map model; diversity of population
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Fig.1 Two particular types of local search region a-
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Griewank (x, € [ -600,600]) #EAT05 B, EA1HY
AR AR S 0, B id FA SR H AT CLS 4 3l it
PSO il FA 314 CLSPSO ! Fil CLSFA #E47 %} 1 43
Mr, ABAIE PCLSFA RO SUMERE X S0 BE 1, &5
EAPERLEER S N, =40, o REREL T, =2 000,3
FEA CLS MLl E T €, =10,C=5, FI&
FA X AN 5] oA 00 0 S0M: BB AS 8], 7 CLSFA A
PCLSFA A A7 R 48 2 19 2 AR BB A A A, X f,
MW T, =500, % LT, =0,%F BT, =
200, CLSPSO HR FHZE M vl i) BT PE AR ™, L
w,, =090, =04, %2JHFHc =c,=1.496, FA
RIS —%E y=1,B0 K o BEHECREL
¢ IR AT/ N

o =a'((10 - 4/0.9)" (b/T, )

o BIRIERER 1, b 2 IS SIOKS FE 1 S0, %)
SR R SO B EL AT BRI R ), R 2 5 350 2
WAL, A /0N U] 2 5 10k T 1k WEORS i b 9 R 31 42 ) I
e, 23 LI XT e A BT A SCH b =3, KA, S B
1R B R KAEBL R85, B T X B b AT I 4% By

B =B ~Bu)e " + B, HN B, =1, B, =
0.2, X8R ZS [HH/NBREL S, ~f B L s =011 %
R 2 A BRI SR f, B L = 0.010, 1A,
PCLSFA H1f) N=15,N,=50,n,=20, ¢ =0.4,

15 B 52 36 3 T MATLAB2010b - &5, 55 #L
BB 4 Bic & M . Intel Core i5-4 200 M CPU 2.5
GHz .4 GB RAM, £ pREL ) 4E %03 R 30, 15 Fh 45
P as AT 30 W, THEA B B EORE L /DA
EEME AR AEZE ek 23R 1, X4 R IS
M4l 30 B T 345 1, 43 5l &l 2 s,
T BRI Y LA T A A A R X R A R R g
(f) I FME,

K1 AN EHERPHLEER
Table 1 The experiment results for four test functions
WEC T BUME BRI VI bR

FA 3.763x107* 6.981x107° 3.084x107> 1.962x107
CLSPS07.994x107"  2.660 5 1.2916  0.9344
' CLSFA 1.139x107"° 0.0522  0.020 1 0.026 0
PCLSFA1,052x107°1.496x107"°1.259x107"° 1.212x107"

FA 26.5750  29.2100  28.306 0 0.804 6
CLSPSO 7.919x10™*  4.222'1 0.265 1 0.717 8

% CLSFA  0.0302 32.154 2 4.076 0 9.609 3
PCLSFA 2.208x10™* 0.2135 0.130 8 0.066 9

FA 20.8950 47.8200 309116 7.167 8
CLSPSO 59.6970 112.4310 88.5517 12.5322

f CLSFA 10.8617 38.6014  21.0392 5.8030
PCLSFA 6.574 8 22.1091 13.2129 4.3872

FA 3.089x107° 3.441x107* 1.030x10™* 7.068x107°
p CLSPSO7.116x10™ 0.0489 9.674x10° 0.0117
* CLSFA 1.112x107' 3.296x10™* 9.873x107° 1.508x10°*

PCLSFA1.110x107'05.541x107'°3.331x 107" 1.655x 107"

MR4EZE 1 AT UL, PCLSFA X 4% o BR (9 SR A
Fff S I R bR 22 B0 ey R B I LA B
B SR B ShasE e, BARXT £, 1 £, , CLSPSO fEf%
B AR B/ ME, (EAR R AR/, H A K i)
SERME AR EZ T LU . IF H, CLSFA XFF £, Fil
fBERE AR B B /MIE 55 PCLSFA #£3T , H HAR A F4
FE P HPSE AR 22, A U8 0E T 14T CLS A X
FHAT CLS Wt & 2 n] WL PCLSFA X f, F1 £,
ISP E Y A T S 3 B i, X R R e A
B f A0 £ BEUS T —E MR m, Ik, % 1 fE 2
) S 45 RA URIE T AR R st . R
PCLSFA X% 2% ok %5 1) - O0KG B2 7 T iAo B0aE
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Table 2 The feature of experimental data set

ESRA SO HH AT e 1) FLRE 1, R W T PCLS
B 5IAEA R

(d)f,: Griewank
B2 & R Ha Y s i 2k

Fig.2 The convergence curves for test functions

3.2 KHM-PCLSFA WL #ES o B B A0 BURAE
R T REASCEL A RS PERE B EL T UCT £ Iris 3 4 150
PEER Y 6 4~ H B9 BHE 4 Iris |, lonosphere , Wine | Ionosphere 2 33 351
Image Segmentation ( 4% 3C f& FR N Image ) , CMC HI Wine 3 13 178
Satellite FEATI, EATHRAELNZR 2 PR, Image 7 19 210
CMC 3 9 1473
’ - (FTAI‘JS PSO Satellite 6 33 6435
---CLSFA
g ! e RSCLLE AR BRI KHM (X, C) fF 4 B0
= . R RV 8 Ao, AR R /)N ) 2R 28 45 2R R 4 ; F-measure
VE BRI SN ERIT M HE b, LA A D) 2R S AR
~105 : 0 s S510° b, AT PIREARSE n, BE j T IREASE
3 AR U B n, LUK j R TR @ REAECE oy, HNE
4 (2) fi: Ackley Z&Z%qu,j):;:,ﬁé%% r(i,j)=%,1‘$2|-<§&%n
‘ ": E’%ggio HYEIHE £ 1) EUAR F-measure {4
= R T PCLSFA F = 2 ﬂmaxj{F(i,j)}
) A NS 2 xp(iyg) xr(iy))
------------ FOD == + G
2 : - v beloz 43 9% F§ KHM , KHM-FA . KHM-PSO" Fi A< 3¢
3 AR K 8 i) KHM-PCLSFA > JL £ 45 48 i 47 92 5, Hovp
(b)fs: Rosenbrock KHM-FA 5 3CARB A FARITE 2.1 551 3) ik
3.0 IS FA, & BIES B0 BN . R BRI 55 SCk
..... FA (3445 —3 P, = 18; KHM [ K IE SR AL Max-
CUIEHEERO gen=100, FL7E 25 i B i 2 H B 56 5 R 28 1k
S S N _hekm W 153 IR A BSR4 A AR K B 5 — 1%
B BN Ttermax = 5, gen, = 8, gen, = 10, KHM-PSO H-
L LT PR PSO FIAIES RN 0=0.729 8, ¢, =¢, = 1.496, FA &
0 3 5510’ PCLSFA BB HO N v = 1,0 = 0.1, B [A=(17) .
ARt XN T PCLS By $hATI E] B C,, . =4,N=6,
(¢)fs: Rastrigin C=3, lus = 0.11 o AL HIHL p=2.5 3 3.50 % 5
5 REERAAT AL, BRI ST BT 20 K, TR
0 H ) KHM(X,C) .F-measure 13z 47 i (8] 19418
s TS HOBNERIER 3~ % 5, TEEH P EIEE Ton-
?; T . RREEE osphere ] Sphere 7 .
s _%EE/EZ I 3~5 T AT R RREER R, 3 il
50 <10° BRIBLEIEN KHM (X, C) 1 F-measure {EAH X}
C T KHM F 91380 7M. M KHM(X,C)

{ERYFARTE Y, Iris A1 lonosphere 7£ p=3.5 W K
JERIFEAR T 0.56% ; Wine 7E p = 3.5 I RO B A
T 47.77%; Image 1€ p=3.5 e KA JE AR T 78.
919% ; CMC 7E p=3 B e RFR B FEAIR 10.13% ; Satellite
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Tj?p =3.5 N Er KRR T 0.28% . M F-measure {H
MR TE AT LA Y, Wine 7E p =3 I e KAR BESR & T
5.79% ;Image T p=3 I KR BEHE S T 1.63% ; CMC
TE p=3.5 W KBRS 11.10% ; Satellite 7 p =3
A KARFE R = T 2.23%,, XJ T Iris F11 lonosphere , 3
FHRS BN F-measure MELIFESE 5, X H FEE
i KHM (X, C) [ERIEMRA 3 iR A RRE LA
RERAE , HorP A SCIRL RE A AT B /N ML, SR BT B
W FRE ST . KT Wine i Satellite , JUFIE & B2
L F-measure MU U S ER = BRARXT T
CMC Fl Image 19 F-measure $& 57 B LA BR, {HE
Xt KHM (X, C) fREAIRIBS T RS RRCR , o H X
T Image, LLANTE p=2.5 B & B KHM 5k B2 a5
PURBT KHM(X,C) = 9.636 4x107 & 47 HYARES , 1
S A AT AR A Y S PR B AU ABLAE 2.232 6x107 A2
A, A H e A Y S A, T 3 R ik e
ATV B N R R I LB U, AT LU (BT
AR AR
£3 p=25H4MEEIRER
Table 3 The results of four algorithms whenp = 2.5

BAEE (2R KHM( X,C) F-measure Hf[f]/s
KHM 148.91 0.885 0.176

. KHM-FA 148.84 0.885 1.322
tris KHM-PSO 148.89 0.885 1.227
A 148.83 0.886 2.236

KHM 2 805.6 0.706 0.691

Sphere KHM-FA 2804.8 0.706 5.108
KHM-PSO 2805.2 0.706 5.105
AU 2803.7 0.706 9.668

KHM 75338 585.3 0.689 0.272

. KHM-FA  75336750.4  0.704 2.185
Wine KHM-PSO 75336842.8  0.701 2.216
ASCEP: 753352473 0.707 3.854

KHM 54906284.3  0.595 0.921

e KHM-FA  40937350.7  0.597 6.658
KHM-PSO 40178361.8  0.597 6.883
ASCED: 29926352.6  0.599 12.034

KHM 96 201.47 0.465 1.987
KHM-FA 96 165.23 0.465 14.814
Me KHM-PSO 96 185.28 0.464  14.924
ARICHED: 96 160.39 0.465  26.683
KHM 1.9543x10°  0.762  12.462
Surellie KHM-FA  1.9536x10°  0.775  92.112
KHM-PSO  1.9537x10°  0.771  99.459
ACEH: 1,953 3%x10° 0.772 175.71

EAM, XFF Satellite 7€ p=3.5 B, KHMPSO 9 H
P BREUE R /)y, T Fmeasure (B ZIIK T H AR 2K
A b py R PME AR #E— 2P0 . St LA T
G307, AR p (6 T WU REEE R AT LIE Y A SR
A MR B A RS A vE AR E M, T B
X A A %) A SR T A R A A R A
b AR AL . 3 MR A RIEF L P ARSI T RE
BREEIL M RS, HIL e st e E KT
KHM, Jf HASCRE G| T PCLS g, ffifg L
AT E) A — 28 3 TR VA TR R R K
AR R, 7 I (R RO RN JEAR 1oy o 3 >4 3
PCLSFA (%R ERE 6 i — 2D AR A5 AR 45 21
It HAEAR 216 0 T 53005 B2 07 T 1) R AT B
B,

x4 p=3HI4MEEIRER
Table 4 The results of four algorithms whenp = 3

g S By KHM( X,C) F-measure [f[H])/s
KHM 126.08 0.892 0.181
_ KHM-FA 125.86 0.892 1.296
M CHMPSO 12599 0.892  1.198
ARSI 125.81 0.893 2.195
KHM 2648.0 0.700 0.693
Sphere KHM-FA 2643.5 0.700 5.087
KHM-PSO 2646.5 0.700 5.067
AL 2642.3 0.700 9.630

KHM 1.049 1x10° 0.622 0.262

Wine KHM-FA  1.049 1x10°  0.656 2.193
KHM-PSO  1.049 0x10° 0.632 2.136
AEE 1.049 1%10° 0.658 3.831

KHM 1.790 6x10° 0.551 0.876

mage KHM-FA  1.7835x10°  0.560 6.592
KHM-PSO  1.7884x10°  0.559 6.703
AXFE 17713%100 0560 12.210

KHM 187 018.21 0.458 1.937

- KHM-FA 186 824.39 0.461 14.885
KHM-PSO 186 943.89 0.460  14.869
AP 186778.24 0.464  26.389

KHM 8.8054x10°  0.763 12.428

~ KHM-FA 88027x10°  0.776  91.250
Saelie M-S0 88028x10° 0774 99.784
ARXHED: 8.7965x10°  0.780 175.18
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Table 5 The result of four algorithms whenp = 3.5

PR S By KHM( X,C) F-measure [f[d]/s
KHM 109.84 0.892 0.178

_ KHM-FA 109.53 0.892 1.304
tris KHM-PSO 109.61 0.892 1.235
AU 109.22 0.892 2311

KHM 2567.9 0.700 0.684

Sohere KHM-FA 2558.9 0.700 5.096
KHM-PSO 2564.4 0.700 5.088
A 2553.5 0.700 9.662

KHM 2.7175x10"°  0.630 0.273

- KHM-FA  1.4204x10"  0.655 2.201

me
KHM-PSO  1.4419x10" 0.636 2.140
ARIED 1.4193%10°  0.661 3.945
KHM 7.089 9x10° 0.535 0.928
KHM-FA  2.324 2x10° 0.537 6.667

Image
KHM-PSO  1.668 5x10° 0.538 6.843
ARXEE 1,494 6x10° 0.540 12.162
KHM 380 733.23 0.455 1.966
M KHM-FA  380013.07 0.458 14.892
KHM-PSO 380 381.58 0.458 14.855
ARIEPE 37978274 0.460 26.632
KHM 4.171 4x10° 0.715 12.437
KHM-FA  4.163 0x10° 0.721 92.174

Satellite
KHM-PSO  4.150 6x10° 0.709 97.873
ARICAEE 4159 7x10° 0.724 175.75
4 HRIE

M T4 KHM 5035 5 ) B4 T R d5e p i
4 T R, AR ST — Tl i 33 A B BE A AR B3 4 1
T MR A MR, 7E KA FEl A TR
PRt 3 kB R AL R e rpuny, SE80
SERF A SCE LM AR T KHM DL K 2
PR B8 1 KHM-FA fil KHM-PSO, ELA B &
(1) SR 2 A 1 NS 1, RE S A5 bkt 4 o A =) 35
Bt AR AR SO 1k (s A7 B ) AR X e A K TR 8
PR BT B R BB IS T8
PERRCR 48R S AT LA X vk R R A ol T ok
— W T AR, BeAbh, T LL2%i0K PCLSFA i T
HA ety
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