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Abstract

Genetic Algorithms(GA), which are based on the theory of natural evolution, have been evaluated
highly for their robust performances. Traditional GA has mostly used binary code for representing de-
sign variable, The binary code GA has many difficulties to solve optimization problems with continu-
ous design variables because of its large computer core memory size, inefficiency of its computing
time, and its bad performance on local search. In this paper, a real code GA is proposed for dealing
with the above problems. So, new crossover and mutation processes of GA are developed to use con-
tinuous design variables directly. The results of real code GA are compared with those of binary code
GA for several single and multiple objective optimization problems. As a result of comparisons, it is
found that the performance of the real code GA is better than that of the binary code GA, and
concluded that the real code GA developed here can be used for the general optimization problem.
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2. Genetic Algorithms

2.1 Genetic Algorithme] &3

Genetic Algorithm(GA) ¢l tlelgio] F3&
Az sre] W 2 AP E(survival of fittest)
3 A= e (natural selection)2] 421 & EUiE
o AYE HFs e Folvh AANES ¥
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I e AEAES 2 83 HEF AL 7
A AR AEFE #F§L ZA A a
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(1) ARG 27138

B7HE & UF9 AAHES AT
SAPAh o] @) Z HAMSF] G HAgH
Huj gk Alojell A F29l s WA}

(2) =& 33

Roulette wheel selection[3]& A} 259} &
Z dAHo] g #§S A (fitness) 9] =
71l w3 ghct
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c}.

(4) Elitist procedure[3]

old Adlel 71F F& HAHEY HIJA atol
d Mol M) 71 2 dA- AP R
g de, @ Ao 7 G 4A-E R A sy
Fof, AA7A 73 71 FL HBE AL

3.2 wwj 23y

B2(0,1) Abololl A delo] £8 wWAPAA o
gtol v & (Pc) 50} 2o 13 AAHS A
g Atol9] Qlele] 4= kg AMeFth wuir} S8
H7l Ao Aol 4zt A9} B, 39 F
< 57 go] Co D7} ¥
C=ajap-- X b1+ by

-p
B=D;b; - bcbytr-bn  D=bibz-- yxax+1 -+ an

A:al Qy++* Ax Ak+] -+ An

o714 kA HAESF a9 bt 242 .9 v,
2 ygs e 43y gL g

x¢ = ax + S*step 1)
vk = bx — &*step

o714 6% stepd] g2 o}3-1} 2},
6=rnd1 X bk - rndg X ag (2)

714 rnd;® rndy= 2F 03} 1 Abo] 9 ¢lo)9)
Folet. (2)d A se mujzgel] 2§ wWo
FTEFE K3, & Ao At Fe gt
BAEHA Aol s FEF] AV W] A
Ao, 235 FAGAA ALSF muj P
H]$2§ ou) g st

2|31 step2 ool ¥ MAEFY FE Y
A7E Zdshe Yoz, @Yol IPP4E ¢4
T AAH F9 8 G4 F3ar) g, Al
7t APELE 3 3718 ZAAAN, 2 A
#F(dstep) & t}&3} o},

mg=maximum number of generations
step,=step size of first generation=1.0
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dstep = (stepmg)!’ ™ (3)

ol Hi, A Aol Mo ¢ g3 gt

step, =step; -, X dstep=step; X dstep'"!
1=2, 3, -+, mg (4)

283 %3 yiol 3ol Ztzte) Hax B Ho
Ng zosiA S, 2Azte) Hax FE AR
ke Aot

33 ol 3y

-'é-‘?‘;‘?i | e g ojs AAYE
YR 3% wges eXe A wadsr] Hs
ol e 4E(Pm)Z EALE dYst= 4 4
ARs 92 EAUNE AAET F 08 ¥
AGAA kA dAM oA EQH)7) ot
ox sl a 33 o 2o

before mutation after mutation

aa - Akl @ a1z Xi @+ *** @n
o714
at+4 ifrnd > 0.5
xk ==

a—4o if rnd < 0.5 (5
8 = rnd % (0.5ay)
rnd = random number between 0 and 1

223 T PN} ot A2 %7 HAR
o Ayjxg 2ax) RAEE FAch

4. XY & 0@

£ 479N Mzl Fogd 44% GA9 4%
€ H71e] A 9d o GEAYs JHg B
Aol &l 7129 234y dAUFE AHEF GA
o A8 AFAIEY AP 2 AEYE M
i, HESAG. & AL AHEE AFE e IBM

PC 486 /66Mhzo|t},

41 9d 54 HH g

4.1.1 Shekel ¥4

Shekel ¥ AAMF7} 47h0)m 2 A2
ol it EAste 2AZE thg 2rh(7]

Minimize F(x)=— Z[E(x, a;)?+c]™t ()

0<x;<10.0, 1=1, 2, -, n

q7]14 n=4, m=10°19 &+ a; ¢ WS
Table 19 #&3&%c}t £ #4e 10789 4%
Aol EAslal 1 ghe g3 g}k

x% = (ay, ap, ag, ay)
~—1/c, i=1, 2, -+, 10

Table 1. Input data for the Shekel function

i aij C;
1 4.0 4.0 4.0 4.0 0.1
2 1.0 1.0 1.0 1.0 0.2
3 8.0 8.0 8.0 8.0 0.2
4 6.0 6.0 6.0 6.0 0.4
5 3.0 7.0 3.0 7.0 0.4
6 2.0 9.0 2.0 9.0 0.6
7 5.0 5.0 3.0 3.0 0.3
8 8.0 1.0 8.0 1.0 0.7
9 6.0 2.0 6.0 2.0 0.5
10 7.0 3.6 7.0 3.6 0.5

277 GASt 45% GAd A% HH3E ¢
¥ A Y4 Table 29 gow, 1 Zn:=
Table 39} Fig. 1o Yepiich 2 Wy o] x7)
AAAGE 25 A HAAFP 2T £ x5}
Hewl, dANGF 7 F& A XY
#2234 %ol —0.731601 1 H5EL& —0.8551
L2x v FHdAM LAt

2 dAY dAMIFLPL x*=(4, 4, 4, 4)°lx
o] o F*=-—10.53647} sl Fig. 1914 R E
AZ(4.057, 3.734, 4.047, 3.842) 7} B3 (4.448, 3.
973, 3.956, 3.950) & zzt 23+¥ 3 4+Y GA
of o8 HAHLY Gl =2 F AlFANA ] 9
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XE vaFan vl G2 " HAY el
ANHAH 29 FE& oujste RozA, AY
< 97 vtz AMe] HdAHE BH x=(4.995,
4.985, 2.806, 3.011)0] 1L F=—3.4292 4] 1avle 1
ol 7aA ZaHAFE WA USE ¢ F U,
BHE 47 vtz Hde UAHL x=(4.962, 5.
011, 2.972, 3.002)°]x F=—3.8062A] wu}z7}=)
2 Table 19 79 x ZLHAH) w3 UASS &
A 4= Uk

Table 2. Design parameters of binary and real code GA for
the Shekel function

Binary code GA | Real Code GA
population size 50 50
chromosome length 10 1
total chromosome length 40 4
crossover probability 0.9 0.9
mutation probability 0.01 0.01
max, generation No, 1000 1000
stePmg - 0.001

Tabie 3. Optimization resuits for the Shekel function

Binary code GA| Real code GA
X1 3.9980 4.0006
Xo 4.0665 4.0005
X3 3.9980 3.9996
Xy 4.0665 3.9995
F(x) —9.7246 —10.5364
computing time(sec) 33.56 7.91

3l gt Fig. 1914 ¥ 2348 GAE Aid7t
Z7H3ol we} ZaHAY FY9E wor) 2259 A
A (AR o]& F A7) FrlsldE 39
£x7h vl ¢ =2l ole o8 ER[3]{(4]M=
QA Q5] 2358 GAZE AV e A=A
A ZAAA e & 2@y I F IR
EEAL vl "olX= Aol AUtk 204y ¥
FE A53HA AL 71AA &7 A= 23
£ EAge] »ol(L)E AA st Folof 3=,
ol AAMA HE 4 e A5 £ 2=
NstatH o g Foleta T§ B A9 go]
& gdel Zo] S AL ALE HAH3 B2
g AR 7t vl 9 Aol FRgd G
o}z ¥ol At

olof] wtal Fig. 1o Yeld wiel o] A4

GAE 200 A Al (BH)ANA A H23 F Rl
£ F, 3% g o] vl HojGS & F
Atk olE step MFE ALgste] AHES T
Bgg Azt Asgel wet gar gz 23
48 GAol vis] Zx Gl s B} A &
Aol 7Hs 3R .

TE 7wy e AASSE Table 29 & A
g38n, 27 AANGE Wsts 7o HHE
FePsted woked, 2y 25 1009 M2 o
& x713dl a8 448 GAE 104 =25 1A
HiHE 7Y, 24 GAe 79T A H
A3 7393 38 Table 19] 2, 5 749 =
2H4Yo) Sk 22l ALAZE vl
M A5Y GAZE H7 49 A= HA 285U
=8

e
°
)

—————— Binary code GA
—— Real code GA

1
N
=]
b
'
1
'

-10.0

-12.0

F(x)
nalitu s i st D g sl

-14.0 3 - — — .
0 200 400 600 800 1000 1200

generation number

Fig. 1 Optimization of the Sheket function

ol A48 MdAMsE 7AHY IFHIE
Aol B9 A4E GAZ} 2348 GA9 v& 44
Y A I g FHol $43tn, IR g
4 FEE FHoluny, A4AZIE 38 FH o))

4.1.2 Wong’s problem

t}& H A 3} 42 Wong's probleme €&}
[k B EAe AAES 207, Agdzd 1712
49 HA 3 EA=, Pierre[8]o) o& Fa=
HA s F=130.49°1c}. 235 GAS} A+3 GA
o 9§t HAHslo| AE$ HA 44+ Table 49}
2o, 27458 GAel AISE Exde) dolx
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Table 4. Design parameters for the Wong's problem

Binary code GA | Real Code GA
population size 50 50
chromosome length 10 1
total chromosome length 200 20
crossover probability 0.9 0.9
mutation probability 0.001 0.001
max. generation No, 1000 1000
stePmg - 0.01

2000.2 435 AA AFHAL 2 el o
%2 8} 23} Table 59} Fig. 200 Uehi et 2
FBAME & 4 A%l A5Y oo o A
7 o A8alm, ALAIZE Hell e A 7o) o]
AgHol2ch 4.1.189 Shekel §49 Aztst
vlmsle Be, Exde] dolrt A4E F AA
Wl 47t RESE AL BN E A5y
GA7} t$ Z8HYL ¢ & Utk & A=
Fig. 201 Ueh} g1%o] Shekel #4¢t oh&
MR 2 GAE AFH EaztAe e £22 3
2, HFa 22olM o Fishe de g
w80l 2 7sE Aol AUk ool s A+
GAE stepolate W42 T8 HAWSe 28
FL P2 FodZFonAM ZR P9 f80l 2
A FAAQLS A F Atk

Table 5. Optimization results of the Wong’s problem

Binary code GA| Real code GA
optimum value 153.62 132.42
error(%) 17.73 1.48
computing time(sec) 159.23 22.02
2500.0 -
2000.0 3
e Binary code GA
1500.0 - —— Real code GA
= 3 -------- Pierre (8)
& 1000.0 :
R
500.0 :
PN ttoteceeiiii.
0.0 =
0

200 400 €00 800 1000 1200
generation number

Fig. 2. Optimization of the Wong's problem

4.1.3 10-bar E&} = 24

B FAEe AA 2B HHMAN A A
Z Fig. 3% & E2 FXE[9] il H=
ZHAAE YAt AEFE 4 A9 =
H(x)olal, Mtzde 2z FAo A8H= §Y
(6)°] 888 (0) & 23R Fotok 39, 2z
Ao yyg WA 7 A_E(6)E 9A &
EF #4908 dHee T8y A8
sl 43

100 kip

Young's modulus E=10’ psi

Fig. 3 The 10-bar truss problem

10
Minimize Weight=7Y xi; (7
=1
. [ail
subject to  gi(x)=1~- >0,
a
1=1, 2, -, 10
6}’
g,-(x)=l— ! ly =0,
Oa
j=1’ 2, e 6
0.1<x%<35.0, 1=1, 2, -+, 10

oj7]14 ©]Z ¥=0.1lb/inch®o| 3, L& i¥ A<
Zlololn, #8288 5,—25,000psi2 Qo0 3
299 oJ=20incha 3t¥ct. Z HH s gl
AFS-F AAASE dA-Ee] AY)E 100, wuf
o} o] EL 747} 0.99% 0.012 AHR SIS
o, A4t 4= 1000M 2.2 syt a8z 234
8 GAdA z} A Exde Hele 20,
A48 GAA stepmge 0.012 3t HH 3}
Z 3} Table 63 Fig. 4o Jehi At Ae o
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9] oAl X e} vlRAA 2 A4E GAZL 248
GAd vls] HAH L 2oX X gaxgo] g
g & 5 UM, T A4 AIZFA A E 1.54)
A= &Yk

Table 6. Optimization results of the 10-bar truss problem

Member No. | Reference[9] |Binary code GA| Real code GA
1 30.031 29.170 30.066
2 0.100 0.147 0.14
3 23.274 20.902 23.044
4 15.286 17.814 15.465
5 0.100 0.153 0.100
6 0.557 0.278 0.593
7 7.468 8.962 7428
8 21.198 22.352 20.862
9 21.618 21.320 21.983
10 0.100 0.187 0.100
optimum value 5061.6 5153.9 5061.9
compution time(sec) 1146.67 767.26
7500.0 -
Ei
7000.0 ; R
I e Binary code GA
_ es000 —— Real code GA
=2 31‘ -------- Reference(9)
Eﬁ 6000.0 ';’j:.
o 2%
B 5500.0 % 1Y
EN
5000.0 P
45000 = -
[} 200 400 600 8oo »lOOO 1200

generation number

Fig. 4 Optimization resutts of the 10-bar truss problem

42 92X HA g

SR AN sty HHr =
Aste ol ol te s7t HF s gy
°l& Pareto HAs] Yoz} st} 71=o e
SR AHA Yde 77 98 =S
CAE Aol HARSGE VIFos vy 24y
T EA g ste] AAGFE WAt Fo] HA 3
RS Tt 283 G2 S 2AE GA
o 2% tqEHFS: HH3} wyPoz MOGA
(Multicriteria Optimization by Genetic Algor-

ithm) 7} 7H2 514 c}.[61(10] MOGAE A w4
€ 21 +% =8 A48t MOGAS 3¢
Pareto HZs) o8 2y Algslu, 2+ YA
o] H34e @ Aol A Pareto HH s e ut
FoRo we Ao g Radsigon, & Au
o A& AP oS Adel iz A2l
Tt MOGAE ©4o] th4=o HAIH s &
HAE GAS 54 & ol g3t sl Hxs) A
doz AR AFE 7T F Y= FWo) ok
¥ d7NME MOGAS #43} Y& nje} 21
T AAES dA A58 dANSE [Y AL
slen, I ANE 71E 2048 AAELs
AHEE Aol vl HE A,

4.2.1 Non-convex 5|

£ FA& Pareto A3 & 2§l non-convex st
FEHE 7HA, 38202 By 2] 9
oy, b5 go] ¥HHL},

Fy=—x;+5x%,
F2=X1+X2
subject to  g(x)=g;(x) Ugy(x) Ug;(x)

minimize

where g1(x)=1-x}—-x3>0
2(x)=1—-(x—1)?~x3>0
23(x)=1—(x,—2)*—x§>0
0<x<5.0, —2.0<x<20

------ Constraint Line

4.00 5
| e e o oo Pareto optimum solutions

3.00 3 Y
- . 1
E . .
3 S SeTTTS

2.00 2 , L7 P
3 ’
3 ‘ e PR
3 . XA

1.00 32 ) -7 K

e 3 . T S

0.00 3 \ . e
2 ; A
3 -
H )

-1.003 v
2
~2.00 = R -
~12.00  -8.00 -4.00  0.00 4.00 8.00
Fy

Fig. 5 Pareto optimal solutions of the non -convex problem
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