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Many researchers have been studying the real-coded genetic algorithm (RCGA), one of

the evolutionary algorithms which is designed for finding an optimum solution of continous

function. In this study, the authors describe Self-organizing maps for genetic algorithms

(SOM-GA). In the present algorithm, individuals in a population are classified into sub-

populations by using SOM. After performing RCGA in each sub-population, each best

individual is gathered to new population.

The process is repeated until obtainig an

optimal solution. The present algorithm is applied to three test functions to evaluate its

effectiveness.
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Table 1 Common parameters
Number of design variables 20
Population size 50

Roulette selection
BLX-a, a = 0.5

Selection operater

Crossover operator

Crossover rate 1.0
Mutation rate 0.002
Max. number of generation 10

Table 2 SOM-GA parameters

SOM Map Hexagon (20 x 20)

Init. neighborhood radius R =10
Training rate as = 0.8
Number of training TS = 1000
Neighborhood radius for sub-pop. Rn=2
Mazx. generations in sub-pop. N, = 1000

Table 3 Maximum generation step

Rastrigin =~ Rosenbrock — Griewank
RCGA 1,000,000 20,000,000 1,000,000
SOM-GA 20 200 20




LE-03
1.E+02 SGA - -
1.E+0t \ - SOM-GA

S LE+00 — SOM-GA (without SOM training timo}

3 e 1)

8
§ 1.E-02 H
3 1E0 |+ - ——---— e —— ——

B 1e-04 \
1E-05 —
1LE-06 ——+——\
1E-07 . ~—

1.6-08 e

CPU Tima(s)

Fig.6 History of best solution (Rastrigin function)

L TBLX-a #/HV5. F/:, KIFRTHWLRKERTI,

HEROELBHNTT v ¥ AILflixL£ET2HiLEMw
7.:. IhonNT A— 5o, BEERLEEZELET
EDHTWAD

SOM-GA M /37 A — ¥ 3% % Table 212/RY. 2T, &
SERAOEEFF R =213, SUAEEORIEHEER
Ta7:00, AcHEt~y 7 LTo—-2 Yy FESTH
5. S REEE A N, = 1000 (&, BMARMAICBNT
RCGA # 7T A 2R T.

BFREICBIT D EAIA % Table 3 I2/8F. SOM-GA
T, 120K T1EET LIS BEAEHEL, £2C
N, = 1000 @ RCGA % #4794 5. 4 HNIEKE 50 2o
T, 1 20 L 12 50 x 1000 = 50,000 il > RCGA #* 1T
3T LIz B, 2T, RCGA & SOM-GA Mife{Limis o
BExEA2 D012,

RCGA D KL%
= SOM-GA ® g K H x50,000

EBRBEIIZHEELTVS
4.3. EBRER

Rastrigin B33

BATAEE E Fig.6 IR, Siciz{iokAEAO B
PECR %, BICIZ B L2 CPUB 2RL TV 3
77 71213, RCGA DIk, ABFZETIREL /- SOM-GA
DOPHIRILIZIMZ T, SOM-GA ORFAREH A2 & SOM 7
BBV G0 R ERYT. CORL S, RCGA XY
DOYHEA A, BB AT0.001 H7-H 2T ETH LI
HEFEIB LB L bADb. SOM-GA TIERHDIH
HEIL RCGA IS b0n, HMEIMAC0.001 H7:h»
% 0.0000001 & 7c ) £ TOURKEHIEAH <, CPU R:H A 50
Whih®FTELE, RCGA & ) 2% b KIRMER W T
WHICE T B2 S EAb B

SOM DR MEM % ki < & A9 I Bl A 0.0001 &7 b Tl
HEEMASRCGA 2 Lo TWAB I EAthhb
Rosenbrock B %

AT % Fig. 7 1R ¥. Eic i gitokREGOR
BB Z, B i@l L CPU BRI 2 B %
FELTHRLTWS, Fig7h5bh b L Hic, RCGA Tk

LE+04

1EA03 “SGA §
—S0M-GA |
g B0 — SOM-GA (without SOM truining time)

é 1LESO1 R~
£ 16000 ,\\ -
TN
@ LE-01 —
§ 1E-02 \
e ]

1LE-04

1.E-05
o S0 100 150 200 250 300 350 400

CPU Tine(m)

Fig. 7 History of best solution (Rosenbrock function)

1.E+03 i
16402 SGA -
— SOM-GA

1LE+O1 PN —
H — SOM-GA (without SOM training time)
316000
'§'~E'°‘ “— B E— S
w 1.E-02
N
8 AN

1.6-04 »ﬁ\f \ e

1E-0S N

- i
1.E-06
0 100 200 300 400 500 600
CPU Timels)

Fig.8 History of best solution (Griewank function)

01 B FTCLANKTCELZVDIZH LT, SOM-GA Tl
0.0001 CHLWETINHTE B LA DY D

LaL, £0BEICH~<S EGHERIIZEVW L8bY
%, ZHhid Rosenbrock [ HtstECH b, KL ATk
?Mﬁ%ﬁﬁf%ﬁ%ﬁ%%&Lfﬁ?%ﬁﬁw? ogthid
CHET2 ETCILBEATOLOOLEIRTELZWVW LD,
NHAENELLBEELIONS,

SOM DEFEMEAS L, D2 0OMKIZHTEL
DEMBLETHL I LIS

Griewank B3¥

BIERE Fig8 iR, M gttRokBREGOH
BB BE %, MEICIETEICHERE LA CPUBBEZRLTY
5. COBETE, 28 L7 SOM-GA DR #AEH*, RCGA
IZHRTHh L B EMbds. #L T, RCGA TIZHH
BEEA 01D »5HF DIPBEL TV i VA, SOM-GA
TIZEMBISMEAT0.00001 H7-H) FTIHTELI LHD
%

Griewank [ BUIBR I ZERBINICKTFGR 26 T 5 Lk
BThs. KEBMICEEREMEEO L) 2E om0
BRI BEHBESICRDODB I LHETE DN, BMIZIE$
ROERERIVFLEL, RERLRERTA20QHEBL LS.
SOM-GA T, HEH&EIL~y 7oEFIc L ), SHMkttl
KOBMHEHMOEGEHFREERIIRRATHEILHTE, £
DEDIHENCREBLERTLIEDITELLELS
5.

DA, SOM D FF KM 1 Rosenbrock B % & 0 b 4



% <, Rastrigin it FIRBED LLERRHWE WL 3,

5. ¥¢&d

AT, ZBMEOD 5HHEEBOELMEICNT 2
EALREHEEL LT, BEMRb~y T e BV lZ T LT
) X L Td 5 Self-Organizing Maps for Genetic Algorithms
(SOM-GA) #RE L 7-. REFHE T, FHALIcBVTH
BTHCHMIE~y 728 L, £E» > HWBORST R %
MY e. £LC, BORAICEREREHTLTY) XA
(RCGA) il UL TH -2 lEr KT 2. CoRMEED
WY ETREFEETS.

R4 Tid Rastrigin, Rosenbrock, Griewank D=2 7
AMBBKICHLT, RELAZSOM-GA EZDb LRk
RCGA Z I L7, BIBER LY, I XTOMBICBWTIE
RTFENFRCCGA LV RVWERBEBLERTELI LD ho
o AR, HEABIL~y 7oK ERLT 2010
TVIYZLEBRTILENHIEELZ TS, 8517,
FEHMLREISTH5FROHIIODWTOIHAELED T
CFETHS.

2ENM

(1) L. J. Eshelman and J. D. Schaffer. Real-coded genetic
algorithms and interval schemata. In L. D. Whitley, ed-
itor, Foundation of Genetic Algorithms 2, pp. 187-202.
Morgan Kaufmann Publications, 1992.

(2) T. Ik3 2 (3F), #ETE, FEE BHEARGR). A
CHlb~y 7. Y2 T ) v H—- 727 5 — 2 BT, 1996.

(3) FERGFRE, f# 0, A EAR. BEMRIL~y 7OIEH.
i 3, 1999.

(4) == M. Y77yl (), BETE FEE
HAR(R). BCAMR L~ v 7—HE - R - S, #3X
&, 2001.

(5) D. Buche, M. Milano, and P. Koumoutsakos. Self-
organizing maps for multi-objective optimization. In
A.M. Barry, editor, GECCO 2002: Proceedings of the
Bird of a Feather Workshops, Genetic and Evolution-
ary Computation Conference, New York, AAAI pp. 152-
155, 2002.

(6) LA, desdl. BTHEEL~y 7% A g bay RS LT
EDOWEFIS >V T, HHRAHEERTREEE, No. 56,
pp. 5-8, 2006.

(7) K. Deb, S. Agrawal, A. Pratap, and T. Meyarivan. A
fast elitist non-dominated sorting genetic algorithm for
multi-objective optimization: NSGA-II, 2000.

(8) E. Zitzler, M. Laumanns, and L. Thiele. Spea2: Improv-
ing the strength pareto evolutionary algorithm for mul-

tiobjective optimization. In K. Giannakoglou et al, edi-
tor, EUROGEN 2001, Evolutionary Methods for Design,

Optimization and Control with Applications to Industrial
Problems. Athens, Greece, Septermber 12-21, 2001, pp.
21-24, 2001.



