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Abstract

Mostapplicationof geneticalgorithms(GAs)in handlingcon-
straintsusea straightforwardpenaltyfunction method. Such
techniquesnvolve penaltyparametersvhich mustbe setright
in order for GAs to work. Although mary researchersise
adaptve variationof penaltyparameterandpenaltyfunctions,
the generalconclusionis thatthesevariationsare specificto a
problemandcannotbe generalizedIn this paper we propose
a niched-penaltyapproachwhich doesnot requireary penalty
parameter The penalty function createsa selectve pressure
towardsthe feasibleregion and a niching maintainsdiversity
amongfeasiblesolutionsfor the geneticrecombinatioroper
ator to find new feasiblesolutions. The approachis only ap-
plicableto population-basedpproachegherebygiving GAs
(or other evolutionary algorithms)a niche in exploiting this
penalty-parametdess penalty approach. Simulationresults
onanumberof constrainemptimizationproblemssuggesthe
efficacy of the proposednethod.

1 Introduction

Real-worldsearchandoptimizationproblemsarewritten
asnonlineamprogrammingNLP) problemof thefollow-
ing kind [2, 16]:

Minimize f(Z)

Subjectto  g;(Z) > 0, J=1,...,J (1)
hi(Z) = 0, k=1,... K,
<z <z, i=1,...,n

In the abore NLP problem,thereare n variables(that
is, ¥ is avectorof sizen), J greatetthan-equal-taype
inequality constraintsand K equality constraints.The
function f(Z) is the objective function, g;(Z) is the j-
th inequality constraintsand h (Z) is the k-th equality
constraintsThei-th variablevariesin therange[z!, z¥].
A solution# that satisfiesall the above equalityandin-
equality constraintandabove variableboundsis called
afeasiblesolution. Othersolutionsare calledinfeasible
solutions.

Most classicalsearchand optimizationmethodshan-
dle abose NLP problemsby using a penalty function,
where infeasiblesolutionsare penalizeddependingon
theamountof constraintviolation. Althoughthereexist

a numberof otherspecializecconstrainthandlingtech-
nigueswhich areapplicableto only a particulartype of
constraints[2, 16], the following simple procedureis
genericandmostpopular[2]:

J

P(#,R,7) = () + Z Ri{g; (E)* + i Yy [hi()],
)

j=1
where( ) denotesheabsolutesalueof theoperandif the
operands ngyative andreturnsa value zero,otherwise.
The parameterR; is the penalty parameteof the j-th
inequalityconstraintandry, is the penaltyparametefor
k-th equalityconstraint.

The above penalizedfunction P(Z, R, 7) makesthe
constrainedNLP problem of equationl into a un-
constrainedminimization problem. Optimization of
P(Z, R, 7) largely dependn the penaltyparameterR
and 7. The optimal solution of P(Z, ﬁ, 7) is closeto
the true constrainedptimal solution of equationl for
very large valuesof R and#. But using large values
of R and7 doesnot emphasizethe objective function
f(Z) andthusmosteffort is spentin finding feasibleso-
lutions. Classicalgradient-basednethodssuffer from
computationof meaninglesgradientsfor large £ and
7 values[2]. Although GAs do not use gradients,a
different scenariohappens. Sincetoo much emphasis
is given to feasiblesolutions,GAs usually prematurely
corverge aroundthe feasiblesolutionsfoundearlyonin
the simulation.In mostGA simulationsusingthe above
penalty function approach researchersisually experi-
mentto find a correctcombinationof penaltyparame-
ters R and7. However, in orderto reducethe numberof
penaltyparameterspftenthe constraintsarenormalized
andonly onepenaltyparametelr is used[2]:

PER)= £() + R | Y (@ (@) + Y@
3

J
Evenin this casefixing acorrectpenaltyparameterr is
anessentiaklementof a successfusimulation.
The importanceof the penalty parameterin obtain-
ing ary reasonablsolution,leave aloneanoptimalsolu-
tion, is evidentfrom a plethoraof researchin designing



penaltyparametergor a problem. Homaifaretal. [10]
designeda multi-level penalty function, dependingon
the level of constraintviolations. JoinesandHauck[11]
useda dynamicpenaltyparameterwhich is variedwith
generationMichalewicz andAttia [13] updatedpbenalty
parameterbasednatemperature-baseaolution used
in simulatedannealingtechniques. Michalewicz and
Schoenauefl4] suggestedspecificrecombinationop-
eratorswhich presere feasibility of solutionsfor some
specifictype of constraints.All theseresearctsuggests
thatconstrainthandlingtechniquesisedin GAs arestill
problem-specificand one techniquemay work in few
problems put maynotwork aswell in otherproblems.

In thispaperwe developaconstrainhandlingmethod
basedon penaltyfunction approachwhich doesnot re-
quire ary penaltyparameter The pairwise comparison
usedin tournamentselectionis exploited to makesure
that(i) whentwo feasiblesolutionsarecomparedheone
with betterobjective functionvalueis chosen(ii) when
onefeasibleandoneinfeasiblesolutionsare compared,
thefeasiblesolutionis chosenand(iii) whentwo infea-
sible solutionsare comparedthe onewith smallercon-
straintviolation is chosen.This approachis only appli-
cableto population-basedearchmethodssuchas GAs
or otherevolutionarycomputationrmethods.

In the remainderof the paper we presenthe perfor
manceof GAs with the proposedconstrainthandling
methodon five test problems,including one engineer
ing designproblem. Theresultsarealsocomparedvith
the best-knavn solutionsobtainedusingearlier GA im-
plementation®r usingclassicaimethods.

2 Proposed Constraint Handling Method

Constraintaarehandledby usinga suitablefitnessfunc-
tion which depend®n the currentpopulation.Solutions
in a populationareassigned fitnesssothatfeasibleso-
lutions are emphasizednore than infeasiblesolutions.
The proposedmethodusestournamenselectionopera-
tor wheretwo solutionsarechosenfrom the population
andoneis chosen.Thefollowing threecriteriaaresatis-
fied duringthe selectionoperator:

1. Any feasiblesolutionwins over ary infeasibleso-
lution,

2. Two feasiblesolutionsarecomparednly basedon
their objective functionvalues.

3. Two infeasiblesolutionsarecomparedasecnthe
amountof constraintviolations.

Although thereexist a numberof implementationg12,
15, 17] wherethesecriteria are imposedin their con-
strainthandlingapproachesll of theseémplementations

useddifferentmeasuref constraintviolations which
still neededh penaltyparametefor eachconstraint.

In the proposedmethod,we choosea constraintvi-
olationmeasurdrom a practicalstandpoint.ln orderto
evaluateasolution,ary designewill firstcheckif theso-
lution is feasible.If the solutionis infeasible(thatis, at
leastoneconstraintis violated), the designemwill never
botherto computeits objective function value (suchas
costof the design). It doesnot makesenseo compute
the objective function value of an infeasible solution,
becausehe solution simply cannotbe implementedn
practice.Motivatedby this algument,we device thefol-
lowing penaltytermwhereinfeasiblesolutionsarecom-
paredbaseddn only their constraintviolation values:

F(7) = { f(@), if g;(%) >0, Vj€J,
4)

Jmax + Zj:1<gj(f)>, otherwise.
The parametetf,.x is the maximumfunction value of
all feasiblesolutionsin the population.Let usillustrate
this constrainthandlingtechniqueon a single-\ariable
constrainedminimization problem, shovn in Figure 1.
In thefigure,theunconstrainedninimumsolutionis not

F(x)

f(xz & F(x)

Fig. 1: Theproposectonstrainthandlingschemas illustrated.
Six solid circlesaresolutionsin a GA population.

feasible. The objective function f(#), constraintviola-
tion (¢(&)), andthe fitnessfunction F'(Z) areshown in
thefigure. It is importantto notethat F(Z) = f(Z) in
the feasibleregion. Whentournamentelectionopera-
tor is appliedto a sucha fithessfunction F(Z), all three
criteriamentionedabove will be satisfiedandtherewill
be selectve pressurgowardsthe feasibleregion. The
figure also shavs how the fitnessvalue of six arbitrary
solutionswill be calculated.Thus,underthis constraint
handlingschemethe fitnessvalue of an infeasibleso-
lution may changefrom one generatiorto anothey but
thefitnessvalueof a feasiblesolutionwill alwaysbethe
same. Sincethe above constrainthandlingmethodas-
signsa hierarchyto infeasiblesolutionsandtournament



selectiondoesnotdependnthe exactfitnessvalues,in-

steadtheir relative differenceis important,ary arbitrary
penaltyparametewill workthesame.n fact,thereis no
needof ary explicit penaltyparameter This is a major
adwantageof the proposedmethodover earlier penalty
function implementations.However, to avoid ary bias
from ary particularconstraintall constraint@renormal-
ized (a usual practicein constrainedoptimization [2])

andequatiord is used.It is importantto notethatsucha
constrainhandlingschemevithouttheneedof apenalty
parameteiis possiblebecausesAs usea populationof

solutionsand pair-wise comparisorof solutionsis pos-
sible usingthe tournamenselection. For the samerea-
son, suchschemesannotbe usedwith classicalpoint-
by-pointsearchandoptimizationmethods.

Theabove constrainthandlingmethodseemsnterest-
ing andeliminatetheneedof ary penaltyparameterBut,
therearetwo otheraspectshatmustalsobeusedto qual-
ify this methodasan efficient constrainthandlingmeth-
ods.

2.1 Usereal-coded GAs

It is intuitive that the feasibleregion in constrainedp-
timization problemsmay be of ary shape(corvex or
concae andconnectedr disjointed). In real-parameter
constrainedoptimization using GAs, schemataspeci-
fying contiguousregions in the searchspace(suchas
(110x...+) may be consideredto be generallymore
importantthan schemataspecifyingdiscreteregionsin
the searchspace(suchas (¥1%10x. . . *). In abinary
GA undera single-pointcross@er operatoy all com-
mon schematacorrespondingo both parentstringsare
presered in both childrenstrings. Since,ary arbitrary
contiguousregion in the searchspacecannotbe repre-
sentedby a single Holland’s schemaand sincethe fea-
sible searctspacecanusuallybe of ary arbitraryshape,
it is expectedthatthe crosseer operatorusedin binary
GAs may not alwaysbe ableto createfeasiblechildren
solutionsfrom two feasibleparentsolutions.

However, the floating-point representatiorof vari-
ablesin a GA and a searchoperatorthat respectson-
tiguousregionsin the searchspacemay be ableto per
form betterthanbinary GAsin constrainedptimization
problemswith continuoussearchspace. In this paper
we usereal-codedGAs with simulatedbinary crosseer
(SBX) operatoranda parametebasedmutationopera-
tor [3], for this purpose We presenprocedure®f these
operatorsn the Appendix. SBX operatoris particularly
suitablehere, becausehe spreadof children solutions
aroundparentsolutionscanbe controlledusinga distri-
bution index 7.. A large valueof 7. allows only near
parentsolutionsto be createdwhereas small value of

7. allows distantsolutionsto be created Anotheraspect
of this crosswer operatoris thatit is adapte, allowing
ary solutionto becreatedn the beginningandallowing
to have a morefocussedsearchwhenthe populationis
corverging.

2.2 Usea Niching Technique

With real-codedsAs having SBX operatoiary arbitrary
contiguousregion can be searchedprovided there are
enoughdiversity maintainedamongthe feasibleparent
solutions. Thereare a numberof waysdiversity canbe
maintainedn a population.Amongthem,sharingmeth-
ods[4] anduseof mutationarepopularones.In this pa-
per, we useeitheror both of theabore methodsf main-
tainingdiversityamongthe feasiblesolutions.A simple
sharingstratgy isimplementedn thetournamenselec-
tion operator Whencomparingwo feasiblesolutions(:
andj), anormalizedEuclideandistanced;; is measured
betweerthem. If this distanceis smallerthana critical
distanced, the solutionsare comparedwith their objec-
tive function values. Otherwise they arenot compared
andanothersolution j is checked.The normalizedEu-
clideandistances calculatedasfollows:

n () _ G\
1 r, —x
dij = 52(71« ] ) : )

U
k=1 Ty — T

Thisway, the solutionsthatarefar away from eachother
arenotcomparedo eachotheranddiversityamongfea-
sible solutionsis maintained.

3 Results

In this section,we apply GAs with the proposedcon-
strainthandlingmethodto five differentconstrainedp-
timization problemsthathave beenstudiedin the litera-
ture.

In all problems,we run GAs 50 timesfrom different
initial populations. Fixing a correctpopulationsize in
a GA is asimportantas arything else. Taking the cue
from previousstudieson populationsizing[6, 7], we use
a populationsizewhich linearly varieswith the number
of variablegweuseN = 10n, wheren is thenumberof
variablesin a problem). In all problemswe usebinary
tournamenselectionoperatorwithout replacementWe
usea crosser probability of 0.9. SBX operatomwith a
distributionindex of . = 1. In thereal-codednutation,
theamounbf perturbatiorin avariablecanbecontrolled
by fixing a parameten,, [5]. The probability of mu-
tation is variedwith generatiomumberso thatinitially
only onevariableis expectedto getmutatedfor eachso-
lution with larger perturbancandat the specifiedmaxi-



mumgenerationall variablesaremutatedwith asmaller
perturbanceFor sharingoperatoywe used = 0.1.

3.1 Test Problem 1

To investigatethe efficag/ of the proposedconstraint
handling method, we first choosea two-dimensional
constrainedninimizationproblem:

Minimize f1 (&) = (:l:l + .’L‘2 — 11) + (21 + z3 — 7) ,
Subjectto g1 (F) = 4.84 — 23 — (v2 — 2.5)% >0,
(f) =

71 <6,0< 32 <6

(6)
The unconstrainedbjective function f; (£) hasa mini-
mum solutionat # = (3, 2) with afunctionvalueequal
to zero.However, dueto thepresencef constraintsthis
solutionis nomorefeasibleandtheconstrainedptimum
solutionis £* = (2.246826, 2.381865) with a function
valueequalto f; = 13.59085. Thefeasibleregionis a
narrov crescent-shapeadgion (approximately0.7% of
the total searchspace)with the optimumsolutionlying
onthesecondconstraintasshovn in Figure3.

Sharingandmutationoperatorsaarenot usedhere.We
have run GAs till 50 generations. Table 1 shavs the
consequencef 50 runsof threedifferentGAs. First, a
binary-coded3A is usedwith single-pointcrosseer op-
erator Variablesarecodedin 20bitseach.Theproposed
constrainthandlingmethodis used. The table presents
the numberof times(out of 50 runs)a GA findsa solu-
tion within ¢% of thebest-knavn optimalfunctionvalue.
Differentvaluesof ¢ is used asshavn in thetable.

Sincethe feasiblespaceis non-comwvex, binary-coded
GAs with single-pointcross@er cannotfind a near
optimal solutionmary times. Whereasreal-codedGAs
with the proposedtonstrainthandlingmethodfind a so-
lution within 1% of true optimal solutionin 29 of 50
GA runs. Whena similar constrainthandlingtechnique
[15] (termedas'PS’ in thetable)is usedwith real-coded
GAs, the performanceis not as good as the proposed
method.In 11 of 50 GA runs,noinfeasiblesolutionwas
found.

To shav theworking of theproposedonstrainedan-
dling technigue(comparedo PS technique)we shov
the populationhistoriesin generation®, 10, and50 in
Figures2 and 3. The initial populationof 50 random
solutionsshaw thatinitially solutionsexist all over the
searchspace(no solutionis feasiblein the initial pop-
ulation). After 10 generationsGAs with Powell and
Skolnick’s constrainthandling stratgy (with R = 1)
could not drive the solutionstowardsthe narrov feasi-
ble region. Instead the solutionsgetstuckat a solution
¥ = (2.891103,2.11839) with a function value equal
to 0.41708,which is closerto the unconstrainednini-

(1 — 0.05) + (22 — 2.5)% — 4.84 > 0,

mum (albeit infeasible)solutionat # = (3,2). When
areal-codedGA with the proposedconstrainthandling
stratgy (TS-R)is appliedontheidenticalinitial popula-
tionsof 50 solutions(restall parametesettingsarealso
the sameasthatusedin the Pawell andSkolnick's algo-
rithm), the GA distributeswell its populationaroundand
insidethefeasibleregion (Figure2) after10generations.
Finally, GAs cornverge nearthe true optimum solution
at (2.243636,2.342702)with a function value equalto
13.66464(within 0.54%o0f thetrue optimumsolution).

3.2 Test Problem 2

This problemhaseightvariablesandsix inequalitycon-
straints[12]:

Minimize fQ(CE) =r1+ 22+ x3
Subjectto  g1(F) =1 —0.0025(z4 + z6) > 0,
92(%) =1 —0.0025(z5 + z7 — :434) >0,
gg(f) =1-0. 01(.1‘3 — .Z‘5) > 0
94(Z) = z1w6 — 833.3325224 — 100z,
+83333.333 > 0,
95(Z) = zow7 — 1250z5 — w234 + 125024 > 0,
ge(f) = ¥r3¥g — T3Ts —|— 25001‘5 — 1250000 Z 07
100 < z; < 10000,
1000 < z2, z3 < 10000,
10 < z; <1000, 1=4,...,8.
(7)
The optimumsolutionis
#* = (579.3167, 1359.943, 5110.071, 182.0174,

295.5985, 217.9799, 286.4162, 395.5979),
7049.330923.

f: =

All six constraintsareactive atthis solution.

Table2 shows the performanceof GAs with different
constrainthandlingmethods. Michalewicz [12] experi-
encedthat this problemis difficult to solve. The best
solutionobtainedby ary methodusedin thatstudy(with
approximately350,000function evaluationshadan ob-
jective functionvalueequalto 7377.976, which is about
4.66% worse than the true optimal objective function
value. The proposedapproachconsistentlyfinds solu-
tions very closeto the true optimumwith only 80,080
functionevaluationgpopulationsize80, maximumgen-
erations1,000). However, the bestsolutionobtainedby
GAs with sharingandmutationandwith a maximumof
320,080function evaluations(populationsize 80, max-
imum generationg},000) hasa function value equalto
7060.221, whichis only about0.15%morethanthetrue
optimal objective function value. This shows the effi-
cagy of the proposedapproachon this rathercomple
constrainedptimizationproblem.



Table 1: Numberof runs (out of 50 runs) convergedwithin €% of the optimum solutionfor GAs with two constrainthandling
techniques—proposadethodwith binary GAs (TS-B) andwith real-codedSAs (TS-R)andPawvell and Skolnick's method[15]

(PS)with R = 1 ontestprobleml.

€
Meth- | < < < < < < > Infea-
od| 1% | 2% | 5% | 10% | 20% | 50% | 50% | sible Best Median Worst
TS-B| 2 2 5 6 9 13 37 0 13.59658| 37.90495| 244.11616
TS-R| 29 | 31 | 31 32 33 39 11 0 13.59085| 13.61673| 117.02971
PS(R=1)| 17 | 19 | 20 20 24 32 7 11 13.59108| 16.35284| 172.81369

Fig. 2: Populationhistory at initial generation(markedwith

opencircles),atgenerationl0 (markedwith ‘x’) andatgener

ation50 (markedwith openboxes)usingtheproposedcheme.
The populationconvergesto a solutionvery closeto the true

constrainedptimumsolutionon a constrainboundary

3.3 Test Problem 3

This problemhasfive variablesand six inequality con-
straints[8, 14]:

Minimize  f3(#) = 5.3578547x3 + 0.8356891z; 5
+37.2932392; — 40792.141,
Subjectto g1 (7) = 85.334407 + 0.005685872 75
+0.000626221 74 — 0.0022053z5 75
g>(%) = 85.334407 + 0.0056858z2 75
+0.000626221 74 — 000220532575
g2 (%) = 80.51249 + 0.0071317z2 25
+0.002995521 72 + 0.0021813z2 > 90,
ga(7) = 80.51249 + 0.0071317z2 75
+0.002995521 72 + 0.002181323 <
g5 (%) = 9.300961 + 0.004702625 75
+0.001254721 73 + 0.0019085z224 > 20,
ge(T) = 9.300961 + 0.004702625 75
+0.001254721 73 + 0.0019085z2 24 < 25,
78 < x1 < 102,
33 < @y < 45,
27 < x; < 45,

>0,

<92,

110,

i=34,5.

(8)

Fig. 3: Populationhistory at initial generation(markedwith
opencircles),atgeneratiorl0 (markedwith ‘x’) andatgener
ation50 (markedwith openboxes)usingPowell andSkolnick’s
[15] method(R = 1). The populationconvergesto awrong,
infeasiblesolution.

Thebest-knavn optimumsolution[8] is

F = (78.0,33.0,29.995,45.0,36.776),
b —30,665.5.

At this solution, constraintsg, and gs areactive. The
best-knavn GA solutionto this problemobtainedelse-
where[10] usinga multi-level penaltyfunction method
is

#GA = (80.49,35.07,32.05,40.33,33.34),
S8 = —30,005.7,
which is about2.15%worsethanthe best-knevn opti-
mum solution.

Table3 presentsheperformancef GAswith thepro-
posedconstrainhandlingmethodwith a populationsize
10 x 5 or 50. Thepresencef sharingandmutationpro-
ducesthe bestperformance.The bestsolutionis asfol-
lows:

# = (78,33,29.995,45,36.776).



Table2: Numberof runs(out of 50 runs)corvergedwithin ¢% of the best-knevn solutionusingreal-codedsAs with the proposed

constrainthandlingschemeontestproblem2.

€
Muta- | Shar | < < < < < < > Infea-
tion ing | 1% | 2% | 5% | 10% | 20% | 50% | 50% | sible Best Median Worst
Maximumgeneratiore 1,000
No No 2 3 8 14 29 47 3 0 7063.377| 8319.211| 13738.276
No Yes 3 5 7 14 29 47 2 1 7065.742| 8274.830| 10925.165

Maximumgeneratiorr 4,000

Yes | Yes | 17 | 23 [ 33| 36 | 42 | 50

[ 0 [ 0 [ 7060.221] 7220.026] 10230.834

Table3: Numberof runs(out of 50 runs)corvergedwithin ¢% of the best-knevn solutionusingreal-codedsAs with the proposed

constrainthandlingschemeontestproblem3.

€
Muta- | Shar | < < < < < <
tion ing | 1% | 2% | 5% | 10% | 20% | 50% Best Median Worst
No No 18 34 50 50 50 50 —30614.814 | —30196.404 | —29606.596
No Yes 28 44 50 50 50 50 —30651.865 | —30376.906 | —29913.635
Yes Yes 47 48 50 50 50 50 —30665.537 | —30665.535 | —29846.654

As mary as 47 or 50 GA runs have found solutions
within 1% of the best-knevn solution. It is alsointerest-
ing to notethatall GAs usedherehave found solutions
betterthanthatreportedearlier[10], solvedusingbinary
GAs with amulti-level penaltyfunction method.

3.4 Test Problem 4
This problemhasl10variablesandeightconstraint§12]:
Minimize f4(&) = 7 4 25 4 p132 — 1421 — 1622
+(23 — 10)% + 4(24 — 5) + (w5 — 3)°

+2(we — 1)% + 522 4 T(2s — 11)?
+2(wg — 10)? + (210 — 7)% + 45,

Subjectto g1 (%) = 105 — 41 — 522 + 3z7 — 95 > 0,
g2 (%) = —10z1 + 8z2 + 1727 — 225 > 0,
gg,(f) = 8(L‘1 — 2(L‘2 — 5CL‘9 + 2(610 + 12 Z 07
ga(F) = —=3(z1 — 2)* — 4(ws — 3)® — 223

+7x4 4120 > 0,
gs(%) = —527 — 8xy — (zs — 6‘)2
+2z4 + 40 > 0,
g6 (%) = —z? — 2(z2 — 2:)2 + 2x122
—14.1‘5 —|— 6.1‘6 Z 07
g7(%) = —0.5(z1 — 8)% — 2(wa — 4)® — 323
+z6 + 30 > 0,
g8 (%) = 3z1 — 622 — 12(29 — 8)% + T210 > O,
—10<z <10, 1=1,...,10.

9)
Theoptimumsolutionto this problemis asfollows:
f*

(2.171996, 2.363683, 8.773926, 5.095984,
0.9906548, 1.430574,1.321644, 9.828726,

8.280092, 8.375927), fi = 24.3062091.
Thefirst six constraintsareactive atthis solution.

Table4 shaws the performancef GAs with the pro-
posedconstrainhandlingschemewith a populationsize
10 x 10 or 100. In this problem,GAs with andwithout
sharingperformedequallywell. However, GA's perfor
manceimproves drastically with mutation, which pro-
vided the necessarydiversity amongthe feasiblesolu-
tions. This problemwas also solved by Michalewicz
[12] by different constrainthandling techniques. The
bestreportednethodhadits best,median,andworstob-
jective function valuesas 24.690,29.258,and 36.060,
respectiely, in 350,070 function evaluations. This
was achieved with a multi-level penalty function ap-
proach. With a similar maximumnumberof function
evaluations,GAs with the proposedconstrainthandling
methodhave found bettersolutions(best: 24.372,me-
dian: 24.409,andworst: 25.075). The bestsolutionis
within 0.27% of the optimal objective function value.
Most interestingly 41 out of 50 runshave founda solu-
tion having objectie function valuewithin 1% (or f (%)
smallerthan 24.549)of the optimal objective function
value.

3.5 Welded beam design

Next, we apply the proposednethodto solve a welded
beamdesignproblem which hasbeerattemptedo solve
by using a numberof classicaloptimization methods



Table4: Numberof runs(out of 50 runs)corvergedwithin ¢% of the best-knevn solutionusingreal-codedsAs with the proposed

constrainthandlingschemeontestproblem4.

€

Muta- | Shar | < < < < < < > Infea-

tion ing | 1% | 2% | 5% | 10% | 20% | 50% | 50% | sible Best Median Worst
Maximumgeneratiore 1,000

No No 0 0 8 16 28 47 3 0 24.81711| 27.85520| 42.47685

No Yes 0 0 9 25 36 45 5 0 24.87747| 26.73401| 50.40042
Maximumgeneratiorr 3,500

Yes | Yes | 41 | 41 | 50 | 50 | 50 | 50 | 0 | 0 || 24.37248| 24.40940| 25.07530

[16] andby usingGAs [1].

Theobjective of thedesignis to minimizethefabrica-
tion costof a beamwhich is requiredto be weldedin a
column. Therearefour designvariablesi = (h, ¢,t,b)
andfive constraintsnvolving stressdeflectionandbuck-
ing restrictions. The resultingNLP problemis shavn
below:

1.10471h2£ 4 0.04811¢b(14.0 + £),
13,600 — 7(&) > 0,
30,000 — (&) > 0,
—-h>0,
(%) — 6,000 > 0,
25— (&) > 0,
<10,

81
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) 2.1952
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, 6,000
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Y 6,000(14 4 0.50),/0.25(¢2 +

T =

(h+1)?)
2 {0.707hL(€2/12 + 0.25(h + 1)2)}

The optimized solution reportedin the literature [16]

is h* = 0.2444, ¢ = 6.2187, t* = 8.2915,
and »* = 0.2444 with a function value equal to
fa = 2.38116. Binary GAs are applied on this

problem in an earlier study [1] and the solution

= (0.2489,6.1730,8.1789,0.2533) with f,, = 2.43
(within 2% of theabove bestsolution)wasobtainedwith
a populationsizeof 100. However, it wasobsened that

theperformancef GAslargely dependendnthechosen
penaltyparameteralues.

We usethe proposedconstrainthandling technique
here. Table5 presentghe performanceof GAs with a
populationsize 80. Real-parameteGAs without shar
ing is goodenoughto find a solutionwithin 2.6%of the
optimal objective function value. However, with thein-
troductionof sharing,28 runsout of 50 runshave found
a solutionwithin 1% of the optimal objective function
valueandthis hasbeenachieved with only a maximum
of 40,080function evaluations. When more numberof
functionevaluationsareallowed,real GAs with the pro-
posedconstrainthandlingtechnigueand mutationoper
ator performmuchbetter—all 50 runshave found a so-
lution within 0.1%of thetrue optimalobjective function
value. This meanghatwith the proposedGAs, onerun
is enoughto find a satisfactorysolutioncloseto thetrue
optimalsolution. In handlingsuchcomplex constrained
optimizationproblems,ary designerwould like to use
suchanefficient yet robustoptimizationalgorithm.

3.6 Summary of Results

Here,we summarizehe bestGA resultsobtainedn this
paperandcomparethatwith the bestreportedresultsin
earlierstudies.For testproblems2 and4, earliermeth-
odsrecordedthe best,median,andworst valuesfor 10
GA runsonly. However, the correspondingraluesfor
GAs with the proposednethodhave beenpresentedor
50runs.

It is clearthatin mostcaseshe proposedconstraint
handling stratgy has performedwith more efficiency
(in termsof getting closerto the best-knavn solution)
andwith morerobustnesgin termsof more numberof
successfulGA runsfinding solutionscloseto the best-
known solution)thanprevious methods Sincesolutions
are comparedeither with objective function valuesor
with the amountof constraintviolation, penaltycoefi-
cientsarenot neededn the proposedpproach.



Table5: Numberof runs(out of 50 runs)corvergedwithin ¢% of the best-knevn solutionusingreal-codedGAs (TS-R) with the

proposectonstrainthandlingscheme.

€
Muta- | Shar | < < < < < < >
Method | tion ing | 1% | 2% | 5% | 10% | 20% | 50% | 50% Best Median | Worst
Maximumgenerations: 500
TS-R No No 0 0 1 4 8 16 34 || 2.44271| 3.83412| 7.44425
TS-R No Yes | 28 | 36 | 44 | 48 50 50 0 2.38119| 2.39289| 2.64583
Maximumgenerations: 4,000
TS-R No Yes | 28 | 37 | 44 | 48 50 50 0 2.38119| 2.39203| 2.64583
TS-R Yes Yes | 50 | 50 | 50 | 50 50 50 0 2.38145| 2.38263| 2.38355
Table 6 Summaryof resultsof thisstudy A ‘~' indicatesthatinformationis not available.
Prob True Best-knavn GA Resultsof this study
No. | optimum Best| Median Worst Best Median Worst
1 13.59085 - - - 13.59085 13.65413| 117.02971
2 7049.331| 7485.667| 8271.292| 8752.412 7060.221 7220.026| 10230.834
3 —30665.5| —30005.7 - — || —30665.537| —30665.535| —29846.654
4 24.306 24.690 29.258 36.060 24.372 24.409 25.075
Weld 2.381 2.430 - - 2.381 2.383 2.384

4 Conclusions

The major difficulty in handling constraints using
penalty function methodsin GAs andin classicalopti-
mization methodshasbeento setan appropriatevalue
for penaltyparametersThis often requiresusersto ex-
perimentwith different valuesof penalty parameters.
In this paper we have developeda constrainthandling
methodfor GAs which doesnot requireary penaltypa-
rameter Infeasiblesolutionsarepenalizedn away soas
to provide a searctdirectiontowardsthefeasibleregion.
This hasbeenpossiblemainly becausef the population
approachof GAs andability to have pairwise compari-
sonof solutionsusingthetournamenselectioroperator
On a numberof testproblemsincluding an engineering
designproblem,GAs with the proposedconstrainthan-
dling methodhave repeatedlyfound solutionscloserto
the true optimal solutionsthanearlierGAs. Theresults
of this studyareinterestingandshow promisefor areli-
ableandefficient constrainedptimizationtaskthrough
GAs.
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Appendix

A Simulated Binary Crossover (SBX) and
Parameter-based Mutation

Theprocedureof computingchildrensolutionse; andes
from two parentsolutionsy; andy, underSBX operator
is asfollows:

1. Createarandomnumberu betweerD and1.

2. Findaparametef, usinga polynomialprobability
distribution, developedin [3] from a schemapro-
cessingpoint of view, asfollows:

ifu< 1

(11)

)"C+1 , otherwise

wherea = 2 — g~(<*+1) and 3 is calculatedas
follows:

B=1+ minf(y1 — u), (Yu — y2)].

Y2 — 41
Here theparametey is assumedo varyin [y, yu]-
The parameter. is thedistributionindex for SBX
andcantakeary non-ngative value.A smallvalue
of n. allows solutionsfar avay from parentsto be
createdas children solutionsand a large valuere-
stricts only nearparentsolutionsto be createdas
childrensolutions.

3. The children solutionsare then calculatedas fol-
lows:

e = 05y +y2) = Balyz —wl],

ez = 0.5[(y1+y2)+ Bgly2 —wnl]
It is assumedherethaty; < y,. A simplemodification
to the abore equationcan be madefor y; > y2. For
handlingmultiple variables gachvariableis choserwith
a probability 0.5 andthe above SBX operatoris applied
variable-by-ariable. In all simulationresultshere,we
have usedn. = 1.

A polynomialprobability distributionis usedto create

a solutione in the vicinity of a parentsolutiony under
the mutationoperator[5]. The following procedureis
usedfor aparametey € [y, yu]:

1. Createarandomnumberu betweerD and1.

2. Calculatetheparametes, asfollows:

[2u + (1 — 2u)(1 — §)"m+1] AT _ 1,
if u<0.5,
1
1= [2(1 = u) + 2(u — 0.5)(1 = §)7m+1 ] 7T
otherwise,

5q =

(12)
whered = min[(y — ), (yu —¥)]/(¥u —w). The
parameten,, is the distributionindex for mutation
andtakesary non-ngative value.

3. Calculatethe mutatedchild asfollows:
c=y+04(yu —u),

Using above equationswe can calculatethe expected
normalizedperturbance(c — y)/(yu — w)) of themu-
tatedsolutionsin both positive andnegative sidessepa-
rately. We obsere thatthis valueis O(1/75,,). In order
to geta mutationeffect of 1% perturbancen solutions,
we setn,,, = 100 + ¢ andthe probability of mutationis
changedasfollows:

1 t 1
Pm = —+ T—=1,
N tmax n

wheret andi ., arecurrentgeneratiomumberandthe
maximumnumberof generationgllowed, respectiely.

Thus,in theinitial generationywe mutateon an average
onevariable(p,, = 1/n) with anexpected1% pertur

banceandasgenerationproceedwe mutatemorevari-

ableswith lesserexpectedperturbance.




