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Abstract

Methods to find an optimal solution that is the function of the design variables
satisfying all constraints have been studied, there are still many difficulties to apply
them to optimal design problems.

A method to solve the above difficulties is developed by using Genetic Algorithms.
but, several problems that conventional GAs are ill defined are application of penalty
function that can be adapted to transform a constrained optimization problem into
an unconstrained one and premature convergence of solution.

Thus, we developed an modified GAs to solve this problems, and two examples are
given to demonstrate the effectiveness of the methodology developed in this paper.

1 A&

v} 4 & 3 A 3} & A (Nonlinear optimization problem)d] 24 A% B @ Fo] ALHA
o}, AT PR HHEL SR TLAHL EHUAT AgG2Ae U= Aot 99
Mol FAHAA, & Local optimume 7FAlE ¥4 ¥ Y A 3F4], Non-convex& AUE =
g0 A3 FA U e 84 B2 offfo] gk

olof s ulMy EAo] Zg&Hor ALrEee v AP HHH ZAY HAE
7 & 4 de #d ¢ F(Genetic Algorithms:GAs)ol A& FA3 wio] A9 THE

& gAY Ao vgE E HFol g g4 LmF HUE

e gl tel mHAoD Hgbsstel wad AP ARAA e
g 7%+ A%E FHo A 2AY #ALTYES A4 Qo4 Agzdel U B
F4g AFEdol Gt SHUSE 7] 8 WY+ (Penalty function)& HEEd, A
Ao ZE ofW AWBSE Hdsturfe] wet Aol B FFE WA E AuAFE 2
« AZTUGT YA AFaT PAFA
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AedE AYSE wyol Qlol MdAJY Yol sz o am e 2ANFY
(Premature convergence)& #A3}7] §13) HE HP(Fitness scaling) S 3t=d o2 U3
AT v A0 A} ofd AFE WU Mdsiurio] o ZAFs @
ZA A "ol

2 dFdAE o8 FAMS £ §4 ¢z F(Modified genetic algorithms )& Al A]
A #o. FAE FA dnUEL 449 FH d4e AR o v S goield Atz
1E UFHHA XU AR2dE TFEY 712 dHEA AA(Suing)E ALHAINE &
e AHSstd ANREE AMESA FEE ST g3 248 FAE dE oYEA
AN E HE7HsEe HE BEdste 27 EAE ¥E 2838 IASE e ALAA
71 882 vl Eolt YE AHSstd AYxE HEL A o

ol2l g HYES R7kA v MY HH3 BAol Hgslo 2 FEAHS BT

2. 73 ¢3g

N

3 ¢ueFL UFA S (Artificial intelligence)d) F 71go2A 224 ol EFE &
AZZ A AHA A (Global optimal solution)E B4ste=d ofF T &Y, fdsit
31 FHHAA KHE). oY FH ¢urEL AHAY FAQAMY(Natural selection) 2=}
A E(Survival of the fittest)ol 2HE F1 JdoH, =& AF(New population)S 4 E o
of A9 A (Old population)] N & HFEE 7kA= AA(String)7t S 8L Iz
A2 JADes FHdvde Aol a2 718AHU dgeln. [9]
+3 ¢18%FL John Holland[8]7} 2 o] ZAE wd R on, Goldbergl6lel <3 &

EobollA 7t FFAEA] A HH AA7 22 ASEH o]y ¥& YHo| Hol 23
Atk

3 gueEFd P 71E9 dFE 43P YW Venkatachalan[12]€ #4 ¢z F9 7&
HA A4kl EA (Reproduction), 2} o}(Crossover), & %% o] (Mutation)ZolA I} o]
9 7o d3 47 - BAsH e, Wusk Chow(13]E GAdA AME-H+E 47}A Parameter?!
A9l A7) (Population size), LaWo|, malde] &&, EdHo &8 & M A= Ay
& Meta-GAE /ME3d HHO Parameter ZHL FodE:E AEE 4ok Lind
Hajela[10)= ol4t219t ALdAd7 EEE AAH A3 EA(Optimization problems with
discrete and integer design variables)E #H2dsttd 4 &L ALY £ o o
TFAAE §2 ¢adEAA Adxhol e HH3 FAS viAgzAY HAY FA= ¢
€71 93] 4¢3 (Penalty term)& EH o] HE31A Hed oo Ui AU Hrle Pa
4g& Zxsn A9, Guptal7le GT(Group technology)el A 4 A& (Cellular manufacturing)
AAEA ] A, Hon[9]e F-EF(Part family)FAEA disix 43 dznadFL HLs
%29, Dorndore &} Pesch(4]E 7] A Y A A 8 & A (Machine scheduling problem)el ## &1
HES F &0

3. 71€9 §4d €13 EAES #48 ALY 44

€ dFeME S AXsE At el g3 71&Y f3 dudFE AdSn Yo
AA, 71&9 #A dnFAME AGzde] e HHE A dd AGzdE vAY
2do2 wE7] A3A Goldbergl6le 4 (VF 2 ABF(¢)% ALFBAF(7)E =9
33127, Michalewicz[14]£ 4 (2)¢} Z& ARAFA ()T} AP FBAF(5)E A43A
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Minimize  Rx)

Subject to  g;(x) = 0 i=1,2,...m
where x is an m veclor
Minimize  £2)+ 7 2\ ¢ [£:(2)] (D)

where r s a penally coefficinel
¢ is a penalty function

Az + e-sgw, %)

where p is the lotal number of constraints
& is a penalty coefficient
& is —1 for maximization problems
+1 for minimization problems
¢ is a penalty related to the i—th constraints (i = 1, 2,.., )

e A)F @M AP Ag2A dud @ 44 T2 HAFAAA Jids
(¢), ANABASR(7,8)9 AL 2 U8 AgFxdd H28A Hed 7l AgFHe #e
Z+ AgRATG BAEST Yeo wat T2aP YA AgHeE Hn o & A
9 AR BATE Fted AT A FHo] Uk

E dFgME Ag2AL wAgRAcE e 93 ALHE ojHTE AT oujg 9
Bhgtgrel YA RASFE AYA Y 2oy AN AFRALE EF fXIAFLR A
ek ek AgzAL Holu: MA( XAEE WEAFNA Fdte AADA dsfde AlF
z7¢ B2 4 7AA ANE ALANINEE sk gIFH Z2aPHAA] AF2AY F
Fo #Age] g FAR=E o)

EA, 71&9 #A dngdFe 27ld H¥EsF B AAsE 23y ged 9udd A9
(Normal selection) € €#3¥d T HFYSE AL MM A5 AR ofF 2 H|
&8 A A =Hu, o]ZAo] Z7]4&(Premature convergence)d A H&d old W AY=
Hge gosA =2¥EF AAsE ADL Aul(Domination)dte RAI X714 #H(Premature
convergence)& =€ 4 Uth ol APz HE Wos AY¥HP(Linear scaling), EEH
A A (Sigmal o) truncation), B H&(Power law scaling) o] ALEEHEH 2z Wye] ME
Aolate], olW HFE AT YL AHgdtrte] wah drt @A A "t

gz E dFoME AAE Uele 27 EXEY H9E ZA 3o ANE A2
E B8 d Zole WHg ALt olad AAY dUYdE Eole WHE ol&dd ¥
Aol & Az AF PP AL A A.

AR, 31 dneEe dA9siA A &7 Aol FHAAAA E A (Reproduction), L2
¥ o] (Crossover), &% % ol(Mutation)& AXHA A 2& A& S(Offspring)E At Ao
A olAd A =& AYZE A A7 EFddaE G&AdY F&IddME AW
A A7 HrtEe] AR A AAFPoE oA Iy 4% & Ad AAT &
AdelA A=A &€ $= gt daA Fan st FAHAA dE o e
& BA5A ol & MHANA Rt A2 HAAHHE A Re F4E LAY

ot B dFME oA Mg AAEH o) AATl A FH AAXE A
A Y M2 MAE ABE B2 HAYEE 7IAE €22 HE(Sorting)dt olF 44
A A5 ANE e M™gstd 2 AEANE Bt Y EXAARHAA A
AEol FY=st Bohn stuidx Yz 84 EAPES A0 ddEA g8
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B YEeE MY 28 AYEE 71D AAE AFHoR AN FANN AYHESE e
e FYst] Aged
<ad D & 794 ANE $34 Fd dneFe SEE(Flowchar)& 2of 33 goh
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{
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4. Ab# AT

2 AT E FhAS 2d8 AASGT Utk Model 1& F /e ALHAUSFE of
Foix udy Az} EAoln, Model 2= F 78 ASAAEFG F A olAdAWSS}
E4d vdY = H43 FAoith :

ol ¥ Rdg o]§3}d 71%—1 AFERt & A7 $4E KA FAAFE VA - ¥4
AT

Model 1
Maximize F(x,x) = 21.5 + z;sin{dxx) + xsin(0rxy)
Subject to -3 < x; < 12.1

4.1 € %, < 5.8

Model 1& Gen®(2]°] A& ELE 7€ {3 CRYFATYH & 479 $£4€ /A
¢udEes AYE dH vaE <E 1> YA

<¥ 1> Model 18] A4 ZA# ¥l

s | awves| waw \}Z:bgs
Methods | GA GA MGA

x; 11.6141 1.631407 | 11625610 | Continuous

%9 5.7300 5724824 | 5725045 | Continuous
A=) 384539 | 38.818208 | 38850296
Population 3 10 50
Crossover 0.25 025 03
Mutation 0.01 0.01 015
Generation 667 419 3

<E 1>& 2¥EY Gen 4 AL F0]Y d72FE 71€9 +4 €ngFE o] &3d
g TR JAT F AT EF o oY #ME MAAIA FHZ T4 HHAA w2
b 38 3 g1 Ee olzd A4S AHA7] WES ¥ £ HE =&3%2 Ql
€ B & lod Iy Zre 7€ dATFERY FUEIAAT A4 (Generation
Number)odl & Gens< AT} 184, A& F¢ dFucte 11y o #HEj d3E =
&3t Sl

o

Model 2 © Design Problem of a Pressure Vessel

Pressure Vessel T&% Sandgren(lllel AAIR o < 2 2 >of uvepy SUch dAETE
Vessel®] At%el] dQ 3 Agoln, th-g3 Zo] EAET.

Find X = [T, ThWRL1T = [x %2577

B E = Pressure Vessel?d] ARl &2 HA4gste Aot AAESF x xE o4
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< 3% 2 > Pressure vessel®] F%

— W—d);f

4~(Discrete variables)el X, 0.0625 % 4:u]4*(Integer multiples)& 7}A™, x5 x& IH$WESF
(Continuous variables)e] t}.
+2]3 2de o} e} o)

Minimize F(x) = 0.6224 x,x3%, + 1.778lx,x3 + 3.1661x%x, + 19.84xdx,
Subject to
’ GI(X) = x - 0.0193.\?32 0

G(X) = x — 0.00954x; 2 0

G3(X) = xxbz, + %—zxg — 750X 1728 = 0

G4(X) = —x + 240 = 0
Gs(X) = 2, — 1120
GG(X) = Xy - 0.6 =20

Model 2& EF 47019 AHdAWUSF7E AHEHE vdY Had BAZ, AA¥ST x, xE
0.0625 A5 ulE 7tAlE o4 (Discrete variables)o]3, x3 x4 Q<4< (Continuous
variables)o|th. E-E 4 Pressure Vessel?] AAA] @Ase FA0 LS HA35E Ao
o},
ol e A5 EA U FHE LdnUEFE HEd J&e dFEFH vz -
ENE A3 <¥E 2>9 2

< E 2 > Model 298] d3} vlm

Sandgren Fu et al Wu et al. This paper Type of Variables
Methods B&B IDCNLP GA MGA
X1 1.125 1125 1125 1125 discrete
X2 0.625 0.625 0.625 0.625 discrete
X3 4897 48.3807 58.1978 582901 continuous
x4 106.72 111.7449 44.2930 43.6930 continuous
F(X) 79825 8048.619 7207.49 7197.73
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<E 2>9] Sandgren{11]9] ¥+ Branch and bound2 °]4€3ty HE Faxz YUAT &
7199 44 Z714Hd A AA noded] & & F g7] "o, EA9 F=7 AR 7
T+ PN AEHAAH] BF{L FAFHEe E Mol 2de @del Jlan, Fu et all5l&
IDCNLP(Integer - discrete - continuous non - linear programming) ¢8 &L o|&3lo 3
A3 e, o] HEE A vXYAYYHY HEFEA 2A4E Fn o 4 EH
AAA 271U UTY #E Adsed o fol Ut Wu 51319 47283 #d ¢1g
Zo] AME-EE d4lal AAME MNAZ A=d Meta-genetic algorithm2 o] &3t Z AT 71& 9
AT EF T4 HFH A o v HE FIA Zsn Ao

o] & A7 £AE gnES HTY Z7] ¢ 30, ZAEolE 1 09, EdHlE ¢
0.15, Al : 8000)N M e Aot 1731 Al A F(x) @ T197.732.8 7]&9] AT BN T7
3wk o % g Fedch

oleld AL 7|EY F AFEo EF FHIE FHHAAT & ATFA AER 7iYe
#o GYHE €tz ANFFY AMEE AR HE vy FFE AWE AA
A FaME o 5% HE FE £7F U

5. 48

71&9 fd G FAME AgzAol v A3 A 3 ARFFE =Ustod A
kx| gl HAY Az WYsid HE Fan Aok Y s EQA ZAHL
g Ao HudaAse] Ao FYstd FHol dx, A wek AJ= wEE 27
2 g3teior A

olg]d EAAE HEHY Hd & AFoME AYdxd AA if 2AELE Ao AW
49 =9 A AR, Z ddetd AAE AHtete] HE= HE 9] FTY HYHE
Al =3t H gkt

2 A3 HAHHE Tt dol YoiA /&9 dFET ¢ FHAE L F AU =
A B 47 #4d A gngdFe A4 BA HE dolMe Agxdd e FFol
flol H&ol 7Hgstret

FAGnAEL HHHE Faod Yo Fo|A EAuch EA ¥y, nAE, I
g, Jg9 A7, Agste Ads, 3UE 9 22T A3 E HHHE Feledd ofF U
ZstA dstgd. a28x, F3dE 44 gxeFdMe Adxd g Yolvt HHAY AAE A
TN R U7l dE] 2 Yol FHE A=AEE e me ARPATIE U=
Aolzk Al e olRe] AAY Aol FgE FAHT. @ o2 FH dnIF
BAE ZE $ES AR 2¥HoR 4@ A 498 & de FHHAY AAE 7S
Zo] Yasittn A
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