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Abstract

This paper presents a limitation of multi-objective genetic algorithm (MOGA) for solving multi-objective
optimization problems. The paper investigates 3 MOGAs — NSGA-Il, SPEA-Il and COGA-Il to solve benchmark problems
— DTLZ2 and DTLZ6 with 3-6 objectives. The results show that all MOGAs can solve the problems with 3 objectives
effectively. COGA-Il is obviously better than the others for the problems with 4-or-more objectives. In addition, NSGA-II
and SPEA-II cannot well solve the problems with 5-or-more objectives. On the other hand, COGA-Il can solve these
problems although it is not very good as in the problems with 3 objectives. This shows the limitation of current

MOGAs. Thus, it is necessary to develop MOGA for the optimization problems with high number of objectives.
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sravinuaderesmnouiilifumnauiuiase (Average
Distance to True Pareto Front) fiadnuiunsAiuIilendu
(Number of Function Evaluation) WU’jﬁﬁ’maUﬁ]mjvﬁjﬁ
wFneuiiuiassldegrssindidmiudymiaifisua
3 Tnguszasn weaoslym uidrdamr DTLZ6 Wil 3
Fquszasadeiianueinndn azgiindininAniy usile
uinguazasdidu 4-6 Aagnuin COGA-Il Tinnsgidh
ghmauiiuiadaladeud1ed dmiudgm DTLZ2 s
defiansanannsmdmiv DTLZ2 7l 4-6 Taguszasd

Fsamil 10-12 flazmudn COGA-lI lsnuseuiidmeugidng
AneviuiasdndiAsstunninguszasd uidmiutlym
DTLZ6 Anuinisginazumnsnafudadiuininguszasd
wnfuspoufBwvisndmeuiiuiniennty wmnfiansan
Nafl#an NSGA-Il way SPEA-II Aagmuwaiininlaifs
Tasameilymiid 56 Taquavasdfagnuiniuuedmes
msdaitsiunniy windufmeuildtwinsndney
fuisseenly ndunmsifuindmeugesnanndnouiiuiioss
anvhedmeuTildnduugnindmeuiuusnddldannsgu de
LanIfagngounilivesdmiu MOGA

GEIL

dwiulgmumnefaaddl 2-3 i’mqﬂszmﬁﬁy’u MOGA
annsaudtamldifuetned uisidudosdnmstmunduneu
WWaugnssuingUszasdnaeags (Multi-objective Ge-
netic Algorithm; MOGA) éfm%"uf]agmﬁﬁaﬁ’wmui’mqﬂszmﬁ
$ruauann usdmiuindSeidudld MocA Tundnnstitu
msazdialndnfnvesiunoudsd 39 MOGA Hagtiuannsn
uidgvififeaud 2-3 Soguszasdldiduegned niomn
Suduiedlifutigmiidnnuingussasdnn Amsazdentd
MOGA ﬁﬂ’@umﬁﬁumﬁm%ﬁmwwﬁﬁi’mqﬂﬁzaﬂﬁﬁmaumﬂ
W COGA-Il nieanvarlilasyinisaninguszasdiiagsyinnis
AuNENagnaundeIiioud 2-3 Snquszasd Ingfmuali
Fnquszasdfimdodutioulviadu (Constraint) Wudu vie
m%ﬂssmﬁ%%d’mﬁmﬁm’mé’wv&u (Soylu, & Koksala,
2010)
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