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Abstract

This paper describes the application of Genetic Algorithms(GAs) to nonlinear constrained
mixed optimization problems.

Genetic Algorithms are combinatorial in nature, and therefore are computationally suitable
for treating discrete and integer design variables.

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 improved GAs to solve this problems, and two examples are
given to demonstrate the effectiveness of the methodology developed in this paper.
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WEE 2 AANSY] 22y, 9o E MY Fezxyd, A4S H(Exterior penalty
function method)®] =l & 71'go] otA7A AYs= A &L Aeoln, o FHEF
HAARHd E=gdA Fidn F2HHH(Local optimal solution)ol #A % 43 (Premature
convergence)s o] AW H A& (Global Optimal solution)& T34 £33t A+= Yot what
AN B ARGME olgdd 7|EY FALRIFE FEA EAV Hu JEu ARHNEFHY =
QEAY nAE FHEAL AT FALnZImproved genetic algorithm ; IGA)E AlA| &
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A4 gu71E3e QA AAHg(Natural selection)? H 2} E(Survival of the fitness)
o] Y8 E o &% A3 sy F Wgoz NYRE JD(New population)S HFAAE woll o
A AW(Old population)ol X ¥& Z2HFF#FE 7tAE MA(String)7t 3ty £ 2 o449
F&(Offspring) & =& o & &S /IX 32 MA¥olE e Re] 712U dg
o] t}.[8]
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71ol7] Wi B& RopolA ofF ARHo|:n FATtL FHHA &ot.[9]

A gneFe g 7129 AT E A4HEWE Venkatachalan(20]& #3 <xelEe 7|&
2ol AR BA (Reproduction), 3} l(Crossover), & W o](Mutation)F-oll A X} o]
o] Tz & AF - EHsgen, Wust Chowl[21]1E GAAAM ALEE = 47}A] Parameter$]
Ady =Av], axdoe], watdle] &g, EdWe] & F& AMA AAMZ AHHF Meta-GAE
Meste] H Ao Parameter =L Ao E AEE AT

Lin(18]& ol4tx} AF7t EFE HAHHAEFEA(Mixed discrete-integer optimal design
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AA R AR EE HdAAFY 7R 28 d& B 84 & dydoz HHHE
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7] A 84 (Machine learning), 91* 1o} & (Engineering), Operation Research, A}3]3}&t5 9] 34
AT Boro] JFHoz HEH1 ).
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oz Feud St AHAE XL + At B4 A7, DY AHHE Y SolE 2
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2 dA7ed AAlstnz e e & 2HEA 3UHA 2d(Model 1)2Gen(6]5 0] A4

3 Sing4 S 4 2dzA vuy pad v AP EAolt, FHA AA T 2d(Model 2)&
438 £ 7](Pressure vesse)EE24 HHAHAE A3 AARAFE] 9%, ooz E¢d
2% A& A o]t

ol9} o] Mz Y& HANEHHS} RAEL o] &3 & NEd HHE /Y, /A

01%?5}04 HE

F8a
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A7 ¥ o o4

A& & dTFNA NLe IGAS H &3l o AFE ¥R - B}
(1) Model 1 : Sin §%
Maximize fx) = 2L.5 + xysindrxy) + xsin(20 7 xp)
Subject to -3 < x <121
4.1 < x,< 5.8
el EAE 7EY 43 dndE AT IGAER Ay} digg ¥uE <E 1> YEY
Aot
<¥ 1> Model 19] 437 7un
. 10 . Type of
Davis Gen et. al A%< | This paper Variables
Algorithm GA GA GA IGA
x] 9.623693 11.6141 11.631407 11.632000 | Contonuous
Xy 4427881 5.7300 5.724824 5.728000 "
Ax) 35.477938 38.4539 38.818208 | 38.858776
Population size 20 3 10 50
Crossover rate 0.25 0.25 0.25 0.4
Mutation rate 0.01 0.01 0.01 0.15
Generation No. 1000 667 419 37
& AH B Davis[B]l, Gen%(6]ld LA LSF([2ld d724xE 71€9 §d &3

Ag AAATNA B Fh H3

o oy
m}m 2 o

AT 23y IGAE ol dAE MHFHY] g o 4% & =&} UASE
F 9ew FAee] A7]|(Population size)E 7I€9 AT ERT S5 AT M ™4 (Generation
No)IME Davis®THeE 278, Gen$ o Q7FxET 184, 2R L& T dAFRTE 118AFER
o waA FP3Ach

(2) Model 2 : Design of a Pressure Vessel

9+2 2.7] (Pressure Vessel) 7%= Sandgren[19]¢] AA|glom AMAWMsE S719 Aldo] B
83 Xgolth WA AAMSE e 2o vk,
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Find X = [T, Ty R LI1" = [x x5 25 %]"

o] Rdojre BT 4o AWM ALEHY AAES x, x5 0.0625 AFHSFE A=
o]xt¥ 4 (Discrete variables)ol i, x3 x= Q4 ¥ (Continuous variables)e]ty. E g 34e
Pressure Vessel® A A BAste FAz0 4L 238 RHolu,

olo] #8373 rde & )

Minimize F(x) = 0.6224 x1x3%4 + 1.7781x,x% + 3.1661x%%, + 19.84x%x;

Subject to
Gl(X) = X - 0.01931732 0
GZ(X) = X3 — 0.009549632 0

Gi(X) = mxiz, + %n’x% — 750%x1728 =

GA(X) = X + 240 = 0
GS(X) = x — 1.1 =2 0
GB(X) = X9 - 0.6=090

4B ZE o4t A&WET Mz EHd 2AA EAol IGAE Heste slze @
FES uE - BN AhE <E D9 2o,

<¥E 2> Model 29 d&ds} - vz

Fu et al. Sandgren This paper Type of Variables
| Algorithm IDCNLP Branch and Bound IGA
X1 1.125 1.125 1.125 discrete
X2 0.625 0.625 0.625 discrete
X3 48.3807 4897 58.2901 continuous
X4 111.7449 106.72 43.6930 continuous
F(X) 8048.619 7982.5 7197.73
<E 2>¢9 Fu et all12l9) ZA}E IDCNLP(Integer-discrete-continuous non-linear

programming) 41 2]&F& o] 43ty AP, o WYL AurHQ v AFAYY HAA
Aol 2AE FI oy A SAFAAA x7YEHF ge MAYsi=d ofgl o] 9ol
Sandgren[19]9] = B XA Y (Branch and bound)& o] &3td e Fatm QA7 HE
198 EQ4 2714 E A4 vld(node)d) 8 ¢ F 817 dFo 27 24 A9
AA 83 ARITRD | B AFFHE vy FEdof dny B FRJ AL 3
T HA A HH o] BRAdy| HEo FaFH Hol ¢ o4 AHL AU

BEEe] B JdFe IGARA®E = 1 30, Mol & 04, EAWlE 015, AdS
5000)o Al &= Aldig7E 17214 Al A F(x) @ 71977322 71&9] Fu%# Sandgreno] 7% 3
Bt o] £53% e FIAT

olg ¥ P4 7€ F dF BFI 9 g4 oA HAMSE x, x5 E IGAY L
®E ZHAAT HAYSE x5, v IGARTD ¥ 458 &€ /1A Ut 3 g4 o] e
GFaA BAANINA Rt o 57 U Qg 7D olF FAEA Eslu RS
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ge Aoz weHy odd AR AN EAYSY 7 IGART 95 ¢ H2 vehd A
& AR P +AFRAD IGAE A9 GF4e Ydsn W4S
re AAsg] dEol MLE FRE AUE ANA YTAE /&Y AFFRG U

7189 #1 gunFe JAe9 &, wES, SAWy, Augsy, AgE HEhy, 2
oly, Aol &g, oy, Ed¥ol HE T dis A} AYHeE AAHH Fo
EAE @3t Uk & 2 AR sl FEstE Aol flu, A e & 43t
of 5‘4 gt B dFedAs ol EAME N FALRAFIGA)E AU

F Adzd AAE if 2AELZ MY AT =94E WA en, 4 Advg
7H7““a Hrtste AP AE glo] I qdH LS A=

At @Tel e 27kX e Mg A M5 BAA g ZIEe HAHE Y R /AL ESR
o) MiZE T3 & AFA MLF IGAd FEES dF3AAT

AR IGA A ARV ZEHez F3 FE HEF, JD9 A7), Ed¥lE, EEY
5o ¥SE o= A2 kel wet MY OFd R a2 HHRY FHEE Tl I¥S
FAR ol olfE fFd ¢1nYFd BALE EE UELS AR xFHOE ABL A
A9  de FHAL AAE 7H}E Ro] Fog Ya3ina P,
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