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Abstract
iThis study iintroduces ithe iextension iof icurrently ideveloped iSeagull iOptimization iAlgorithm
i(SOA) iin iterms iof imulti-objective iproblems, iwhich iis ientitled ias iMulti-objective iSeagull
iOptimization iAlgorithm i(MOSOA). iIn ithis ialgorithm, ia iconcept iof idynamic iarchive iis
iintroduced, iwhich ihas ithe ifeature ito icache ithe inon-dominated iPareto ioptimal isolutions.
iThe iroulette iwheel iselection iapproach iis iutilized ito ichoose ithe ieffective iarchived isolutions
iby isimulating ithe imigration iand iattacking ibehaviors iof iseagulls. iThe iproposed ialgorithm
iis iapproved iby itesting iit iwith itwenty-four ibenchmark itest ifunctions, iand iits iperformance iis
icompared iwith iexisting imetaheuristic ialgorithms. iThe ideveloped ialgorithm iis ianalyzed ion
isix iconstrained iproblems iof iengineering idesign ito iassess iits iappropriateness ifor ifinding ithe
isolutions iof ireal-world iproblems. iThe ioutcomes ifrom ithe iempirical ianalyzes idepict ithat ithe
iproposed ialgorithm iis ibetter ithan iother iexisting ialgorithms. iThe iproposed ialgorithm ialso
iconsiders ithose iPareto ioptimal isolutions, iwhich idemonstrate ihigh iconvergence.
Keywords: Convergence;Diversity;Pareto Solutions; Multi-objective Optimization;Seagull
Optimization Algorithm; Engineering Design Problems.

1 Introduction

Metaheuristic istrategies ihave ireceived imore iattention ifrom iresearchers ito isolve ireal-
life iproblems i(Wu, Qian, Ni, & Fan, 2012b; Hajiaghaei-Keshteli & Aminnayeri, 2013;
Cheraghalipour, Hajiaghaei-Keshteli, & Paydar, 2018). iThese itechniques iwere icommonly
iused iin ivarious iengineering ifields i(Dhiman & Kumar, 2017; Baykasoğlu & Akpinar, 2017,
2015; Rao, Savsani, & Vakharia, 2012) idue ito ithe icomputationally iinexpensive. iHence, ithe
idistinguishing icharacteristic iof ithese imethods iis ithe imulti-objective iapproach.

The imulti-objective ioptimizer ihas ithe icapability iof ioperating itogether iwith imultiple
iobjective ifunctions. iThe imulti-objective ioptimizer imust icompromise ifor ioptimal isolutions
iin imost iof ithe isituations. iConflicts iare ialso ioften ifound iamong ithe ioptimal isolutions. iUsing
ithree imain istages, isuch ias ipriori, iposteriori iand iinteractive iapproaches i(R. T. Marler &
Arora, 2004; Branke, Deb, Dierolf, & Osswald, 2004; R. Marler & Arora, 2004; Y. Zhang,
Gong, & Ding, 2011), ithese iconflicts ican ibe ieliminated. iIn ithe ipriori istep, ia isingle-objective
iwith ia icollection iof iweights iis itransferred ifrom ia imulti-objective iproblem ithat icharacterizes
ieach isegment’s iimportance iin isolving idomain-specific iproblems. iOn ithe iother ihand, iin
ithe iposteriori istep, iby isolving ithe ibenchmark iproblem i(Deb, 2012), ian iexclusive iresult iis
iattempted ito iobtain ibased ion icertain iobligations. iInteractive iapproaches ialso iknown ias
ithe ihuman-in-the-loop itechnique, icontinuously iextracting idecision-maker ipreferences iand
iintegrating ithem iduring ithe ioptimization iprocess ito ifind ithe icorrect iPareto ioptimal isolutions
i(R. T. Marler & Arora, 2004).

Conversely, imulti-objective ioptimization i(MOO) idoes inot ihave ia isingle isolution iand
ivarying iconsensus iamong ithe idifferent iobjectives. iTo iget ithe iPareto ifronts iis iextremely
idifficult ifor iany iMOO, ias iit ineeds idelivering imultiple ipoints ifor isuccessful ihypothesis ion
ithe iPareto iline. iEven iso, ithere iis ino iassurance ithat ithe iMOO’s isolutions ion ia iPareto
ifront iwill ispread iequally ion ithe ifront i(Yang, Karamanoglu, & He, 2014). iIt ican igenerate
iextremely icomplex ihyper-surface iin iterms iof ithe iPareto ifront i(R. Marler & Arora, 2004;
Yang, 2010; Madavan, 2002) iwhen idealing iwith imulti-dimensional iissues. iTherefore,
ipredicting ithe isolution iof ithese imulti-dimensional iproblems iis iquite idifficult. iThe iconcept
iof iMOO iusing istochastic itechniques iwas iinitially iintroduced iby iDavid iSchaffer i(Coello,



2006). iThe imastery iof ithese imethods iis ilimited ito ioptimal iprevention iand igradient-
free imethod, iwhich imakes ithem iapplicable ito ivarious iproblems. iSuch imulti-objective
imethods ican ibe iimplemented iin ivarious ifields iof iengineering iand iscience, isuch ias: ibio-
informatics i(Handl, Kell, & Knowles, 2007), icivil iengineering i(Luh & Chueh, 2004), inetwork
iengineering i(Chen & Hammami, 2015), imechanical iengineering i(Kipouros et al., 2008; Dhi-
man & Kumar, 2019b), isoftware iengineering i(Kaur & Dhiman, 2019), iand iso ion. iSome
iexamples iof ioptimization itechniques ithat isolve imulti-objective iproblems iinclude ithe iNon-
dominated iGenetic iAlgorithm i2 i(NSGA-II ) i(Deb, Pratap, Agarwal, & Meyarivan, 2002),
iMulti-objective iEvolutionary iAlgorithm ibased ion iDecomposition i(MOEA/D) i(Q. Zhang
& Li, 2007), iand iMulti-objective iParticle iSwarm iOptimization i(MOPSO) i(Coello Coello
& Lechuga, 2002). iThough, ithese istrategies ican inot iprovide isolutions ito iall ikinds iof
ioptimization iproblems, ibut ithey ican iapproximate ithe itrue ioptimal iPareto isolutions i(POSs)
i(Wolpert & Macready, 1997). iA iMOO ialgorithm iis iused iin ithis istudy iwhich iis ian
iadvancement iof ithe inewly ideveloped iSeagull iOptimization iAlgorithm i(SOA) i(Dhiman &
Kumar, 2019a). iThe iproposed ialgorithm iis iapplied ito isolve ithe iMOO iproblem, iso ientitled
ias iMulti-objective iSeagull iOptimization iAlgorithm i(MOSOA). iContributions iare iarranged
iaccording ito ithe ifollowing:

• i iThe iSOA ialgorithm iintegrates ian iarchive ipart, iwhich iis iliable ito iaccumulate ithe
inon-dominated iPareto isolutions iall iover. i i

• i iIt iis isuggested ithat ia ileader iselection imethod ichoose ithe isolutions iregarding ithe iprey
iposition ifrom ithe icollection. i i

• i iTo iimprove ithe inon-dominated isolutions, ia igrid imechanism iis iembedded iin ithe
iMOSOA ito iremove ithe imost icrowded isections.

The iefficacy iof ithe iproposed iMOSOA iis itested ion iten iIEEE iCEC-9 imulti-objective
iresearch iproblems i(Q. Zhang et al., 2008). iIt iis ialso itested ion ifive imulti-objective ievaluation
iproblems iwith ithe iZDT i(Zitzler, Deb, & Thiele, 2000) iand inine iDTLZ i(Deb, Thiele,
Laumanns, & Zitzler, 2005). iSix iwell-known ioptimization imethods, isuch ias iMOPSO
i(Coello Coello & Lechuga, 2002), iNSGA-II i(Deb et al., 2002), iMOEA/D i(Q. Zhang & Li,
2007), iPESA-II i(Corne, Jerram, Knowles, Oates, & J, 2001), iMOSHEPO i(Dhiman, 2020),
iand iMOACO i(Angus & Woodward, 2009), iare icompared ifor iexperimental iperformance.
iThis iresearch ialso iuses ithe ifour iperformance imetrics ito itest ithe iefficiency iof ialgorithms.
iIt ican ibe iinferred ifrom ithe iexperimental iresults ithat ithe iMOSOA iis ia ihighly ipromising
imulti-objective imetaheuristic istrategy ifor ifinding isolutions ito ireal iworld iproblems.

The iremainder isection iof ithis iarticle iis istructured ias ifollows. iSection i2 ipresents
ithe ibackground ifor ithe iMOO iand irelated iworks. iSection i3 iintroduces iSOA ialgorithm’s
imathematical iprinciples, iaccompanied iby ithe iproposed iMOSOA itechnique iin iSection i4.
iSection i5 icontains ithe ifindings iof iexperiments iand ithe idiscussions. iIn iSection i6, ithe iefficacy
iof ithe iproposed iMOSOA iis iassessed ion isix iengineering idesign iMOO iproblems. iFinally,
iconclusions iand ifuture iworks iare igiven iin iSection i7.



2 Background

2.1 Definitions of MOO

Multi-objective technique can be described as an optimization method that can have
functions of a given problem with more than one objective (Coello Coello, 2009):

Minimize : F (~z) = [f1(~z), f2(~z), . . . , fn(~z)] (1)

Subject to:
gi(~z) ≥ 0, i = 1, 2, . . . ,m

(2)

hi(~z) = 0, i = 1, 2, . . . , p (3)

where ~z = [z1, z2, . . . , zk]T is the decision variables vector, gi is the ith in-equality constraint,
hi is the ith equality constraint, m is the number of in-equality constraint, and p is the
number of equality constraint.

2.2 Related works

Several iMOO ialgorithms ihave irecently ibeen ipublished iin ithe iliterature. iThere iare
ia inumber iof iissues irelated ito imulti-objective imetaheuristic itechniques, isuch ias ithe ivariety
iof icomplex, iinfallible isolutions i(Deb, 2012) iand idistinctive ioptimum iperformance. iThe
iprinciple iof iknowledge imoving ibetween isearch ispace iand iagents ishould isolve ithose iproblems.
iIn ithe isingle iiteration, ioptimal iPareto ifront ishould ibe iobtained iby iusing iMOO ialgorithms.
iNon-dominated iSorting iGenetic iAlgorithm i2 i(NSGA-II ) i(Deb et al., 2002) iis ione iof ithe imost
ipopular imulti-objective imetaheuristic itechnique. iNon-dominated isorting imethod ialong iwith
irigid iand iniching ioperator iis iused iin ithis itechnique ito iget ithe ibest ioutputs. iIn iNSGA-II, ithe
irandom ipopulation iis igenerated iand iindividuals iare iclustered iaccording ito ithe itechnique
iof inon-dominated isorting. iAnother irandom ipopulation iis icreated ito iassist ioperators iin
iselection, imutation, iand irecombination. iA inew ipopulation iis icreated iin ieach isimulation
iand ithe isorting iis idone ivia inon-dominated isorting. iThe iviability iof iselecting ia inew ione
ientirely idepends ion ithe idegree iof icontrol iof ithe ifinal ipopulation. iThe iwhole icycle iremains
iiterative ibefore ithe icorrect ifindings iare ifound. iThe imost icommon iMOO ialgorithm iis ithe
iMOPSO i(Coello Coello & Lechuga, 2002). iIt iis ian iextension ivariant iof ia iPSO ialgorithm
iwith ia isingle-objective. iIn ithe iMOPSO, ithe iarchive iconcept iis iused ito istore iand iretrieve
ithe iPOSs. iAdditionally, iin ithe iMOPSO, ithe imutation ioperator iis ioften iused ito iboost iits
iefficiency.

Multi-objective iEvolutionary iAlgorithm ibased ion iDecomposition i(MOEA/D)
i(Q. Zhang & Li, 2007) iis ia iwell-known iMOO ialgorithm. iIt iis ibased ion ithe iparallel iand
idistributed icomputing iprinciple ifor ithe idecomposition iof ia iproblem. iAll iof ithe isub-problems
iand iweighting ivector iare iassigned ito ia isingle-objective ifunction iwhich iresults imulti-sub-
problem. iThe ianother imethod iis icommonly idivided iinto itwo isub-processes: icooperation
iand icompletion. iCooperation ias ithe iname iimplies imay ihelp ito isolve ithe iproblem iby imutual
icooperation ibetween ineighboring imembers. iIf ineighbors ihave ibetter isolutions ithen ithey
ican isubstitute ithe isolutions ito iget ithe ibetter isolutions. iThis itask iof ifinding ithe ibest
ianswer iby ichallenging ineighbors iis icalled ithe iprocess iof icompetition. iMOEA/D ihas iminimal
icomputational icomplexity iand ithe iconvergence ispeed iis iagile ithan iNSGA-II.



In i2009, iAngus iand iWoodward i(Angus & Woodward, 2009) icreated ithe iAnt iColony
iOptimization i(ACO) imulti-objective imethod, icalled ithe iMOACO. iIt iuses iconcepts ilike
ithe ipheromone imodel, ithe idesign iprocess, ithe iestimation iof ithe isolution iand ithe imethod
iof iupdating. iGong iet ial. i(Gong, Jiao, Du, & Bo, 2008) ihas icreated ia ineighbor’s iNon-
dominated iImmune iAlgorithm i(NNIA) ifor iMOO iproblems. iIt idepends ion ithe iideas iof
inon-dominated ineighbor iselection, iimmune ioperator imotivated, iheuristic isearch ioperators,
iand ielitism. iHowever, ione iof ithe iNNIA’s ifundamental idrawbacks iis ithe ilack iof idiversity.
iThis iproblem ihas ibeen iresolved iin ithe iNNIA’s iupdated iversion iand ithe ilatest imethod iis
ibeing ideveloped icalled ithe iNNIA2.

In iaddition ito ithese iMOO ialgorithms, iseveral iother ialgorithms iare ialso iproposed iin
iliterature, isuch ias iMulti-objective iCat iSwarm iOptimization i(MOCSO) i(Pradhan & Panda,
2012), iMulti-objective iArtificial iBee iColony iAlgorithm i(MOABC ) i(Hancer, Xue, Zhang,
Karaboga, & Akay, 2015), iMulti-objective iFlower iPollination iAlgorithm i(MOFPA) i(Yang
et al., 2014), ia i iself-adaptive iArtificial i iBee i iColony i ialgorithm i i(Xue, Jiang, Zhao, & Ma,
2018), i ihybrid i iHarmony i iSearch i iand i iArtificial i iBee i iColony i ialgorithm i i(Wu, Qian,
Ni, & Fan, 2012a), iMulti-objective iSpotted iHyena iOptimizer i(Dhiman & Kumar, 2018b),
iMulti-objective iSpotted iHyena iand iEmperor iPenguin iOptimizer i(MOSHEPO) i(Dhiman,
2020), iand i iexternal i iarchive i iguided i iMulti-objective i iEvolutionary i iAlgorithm ibased i ion i

idecomposition i i(Cai, Li, Fan, & Zhang, 2014). i

While iseveral ioptimization ialgorithms iare imentioned iin ithe iliterature, iyet ino
ialgorithm iis icapable iof isolving ithese ioptimization iproblems. iFor iexample, iin iMOPSO
iand iMOACO, iwhen ithe iregion iwhere ithe iparticles ior iants iexplore ihappens ito ibe iof ilower
iquality ithan ithe iparticles’ iprevious ibest ipositions, ithe ialgorithm iis iin ihigh irisk iof ibecoming
itrapped iand ibeing iunable ito iimprove iany ifurther. iIn ithis icase, iincreasing ithe idiversity
iof ithe ipopulation iby imaking iit ilarger, idoes inot iwork ibecause ithe ilarger ithe ipopulation,
ithe istronger iis ithe ibias itoward ithe icentroid iof ithe iswarm. iChances imay ibe ithat inewly
idesigned ioptimization ialgorithm ican isolve ithese iissues iand inew iproblems ithat ihave inot
ibeen ipreviously isolved. iAn iadvancement iof ithe icurrently ideveloped iSOA iis idefined inext ito
ifind ithe ioptimal isolution iof imulti-objective iproblems.

3 Seagull optimization algorithm (SOA)

In this section, the inspiration and mathematical modeling of proposed algorithm is
discussed in detail.

3.1 Biological paradigm

Seagulls, iscientific inamed ias iLaridae, iare isea ibirds iwhich ican ibe ifound iall iover ithe
iplanet. iThere iis a iwide irange iof iseagulls ispecies iwith idifferent imasses iand ilengths. iSeagulls
iare iomnivorous iand ieat iinsects, ifish, ireptiles, iamphibians, iearthworms, iand iso ion. iBody
iof imost iseagulls iis icovered iwith iwhite iplumage. iSeagulls iare ivery iintelligent ibirds. iThey
iuse ibread icrumbs ito iattract ifish iand iproduce irain-like isound iwith itheir ifeet ito iattract
iearthworms ihidden iunder ithe iground. iSeagulls ican idrink iboth ifresh iand isalt iwater. iMost
iof ianimals iare iunable ito ido ithis. iHowever, iseagulls ihave ia ispecial ipair iof iglands iright
iabove itheir ieyes iwhich iis ispecifically idesigned ito iflush ithe isalt ifrom itheir isystems ithrough
iopenings iin ithe ibill.



Generally, iseagulls ilive iin icolonies. iThey iuse itheir iintelligence ito ifind iand iattack
ithe iprey. iThe imost iimportant ithing iabout ithe iseagulls iis itheir imigrating iand iattacking
ibehaviors. iMigration iis idefined ias ithe iseasonal imovement iof iseagulls ifrom ione iplace ito
ianother ito ifind ithe irichest iand imost iabundant ifood isources ithat iwill iprovide iadequate
ienergy i(Hoyo, Elliott, & Sargatal, 1996). iThis ibehavior iis idescribed ias ifollows:

• iDuring imigration, ithey itravel iin ia igroup. iThe iinitial ipositions iof iseagulls iare idifferent
ito iavoid ithe icollisions ibetween ieach iother.

• iIn ia igroup, iseagulls ican itravel itowards ithe idirection iof ibest isurvival ifittest iseagull,
ii.e., ia iseagull iwhose ifitness ivalue1

iis ilow ias icompared ito iothers.

• iBased ion ithe ifittest iseagull, iother iseagulls ican iupdate itheir iinitial ipositions.

Seagulls ifrequently iattack imigrating ibirds iover ithe isea i(Macdonald & Mason, 1973)
iwhen ithey imigrate ifrom ione iplace ito ianother. iThey ican imake itheir ispiral inatural ishape
imovement iduring iattacking. iA iconceptual imodel iof ithese ibehaviors iis iillustrated iin iFig.
i1. iThese ibehaviors ican ibe iformulated iin isuch ia iway ithat iit ican ibe iassociated iwith ithe
iobjective ifunction ito ibe ioptimized. iThis imakes iit ipossible ito iformulate ia inew ioptimization
ialgorithm. iThis ipaper ifocuses itwo inatural ibehaviors iof iseagulls.

Fig. 1 . Migration and attacking behaviors of seagulls.

3.2 Mathematical model

The imathematical imodels iof imigration iand iattacking ithe iprey iare idiscussed.

3.2.1 Migration i(exploration). During imigration, ithe ialgorithm isimulates ihow
ithe igroup iof iseagulls imove itowards ione iposition ito ianother. iIn ithis iphase, ia iseagull ishould
isatisfy ithree iconditions:

• iAvoiding ithe icollisions: iTo iavoid ithe icollision ibetween ineighbours i(i.e., iother
iseagulls), ian iadditional ivariable iA iis iemployed ifor ithe icalculation iof inew isearch iagent
iposition i(see iFig. i2).

1The term fitness value is defined as a process which evaluates the population and gives a score or fitness.
Whereas, the process is a function which measures the quality of the represented solution.
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Fig. 2 . Collision avoidance between search agents.

~Cs = A× ~Ps(x) (4)

where i

~Cs irepresents ithe iposition iof isearch iagent iwhich idoes inot icollide iwith iother
isearch iagent, i

~Ps irepresents ithe icurrent iposition iof isearch iagent, ix iindicates ithe icurrent
iiteration, iand iA irepresents ithe imovement ibehavior iof isearch iagent iin ia igiven isearch
ispace.

A = fc − (x× (fc/Maxiteration))
where: x = 0, 1, 2, . . . ,Maxiteration

(5)

where ifc iis iintroduced ito icontrol ithe ifrequency iof iemploying ivariable iA iwhich iis
ilinearly idecreased ifrom ifc ito i0. i In ithis iwork, ithe ivalue iof ifc iis iset ito i2.

• iMovement itowards ibest ineighbor’s idirection: iAfter iavoiding ithe icollision
ibetween ineighbours, ithe isearch iagents iare imove itowards ithe idirection iof ibest
ineighbour i(see iFig. i3).
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Fig. 3 . Movement of search agents towards the best neighbour.

~Ms = B × ( ~Pbs(x)− ~Ps(x)) (6)

where i

~Ms irepresents ithe ipositions iof isearch iagent i

~Ps itowards ithe ibest ifit isearch iagent
i

~Pbs i(i.e., ifittest iseagull). iThe ibehavior iof iB iis irandomized iwhich iis iresponsible ifor
iproper ibalancing ibetween iexploration iand iexploitation. iB iis icalculated ias:

B = 2×A2 × rd (7)

where ird iis ia irandom inumber ilies iin ithe irange iof i[0, i1].



• iRemain iclose ito ithe ibest isearch iagent: iLastly, ithe isearch iagent ican iupdate iits
iposition iwith irespect ito ibest isearch iagent iwhich iis ishown iin iFig. i4.
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Fig. 4 . Convergence towards the best search agent.

~Ds =| ~Cs + ~Ms | (8)

where ~Ds represents the distance between the search agent and best fit search agent
(i.e., best seagull whose fitness value is less).

3.2.2 Attacking (exploitation). The iexploitation iintends ito iexploit ithe ihistory
iand iexperience iof ithe isearch iprocess. iSeagulls ican ichange ithe iangle iof iattack icontinuously
ias iwell ias ispeed iduring imigration. iThey imaintain itheir ialtitude iusing itheir iwings iand
iweight. iWhile iattacking ithe iprey, ithe ispiral imovement ibehavior ioccurs iin ithe iair i(see iFig.
i5). iThis ibehavior iin ix, iy, i iand iz iplanes iis idescribed ias ifollows.

x′ = r × cos(k) (9)

y′ = r × sin(k) (10)
z′ = r × k (11)

r = u× ekv (12)

where ir iis ithe iradius iof ieach iturn iof ithe ispiral, ik iis ia irandom inumber iin irange i[0i ≤ iki ≤
i2π]. iu iand iv iare iconstants ito idefine ithe ispiral ishape, iand ie iis ithe ibase iof ithe inatural
ilogarithm. iThe iupdated iposition iof isearch iagent iis icalculated iusing iEqs. i(8) i- i(12).

~Ps(x) = ( ~Ds × x′ × y′ × z′) + ~Pbs(x) (13)

where ~Ps(x) saves the best solution and updates the position of other search agents.
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Fig. 5 . Natural attacking behavior of seagull.



The iproposed iSOA istarts iwith ia irandom igenerated ipopulation. iThe isearch iagents ican
iupdate itheir ipositions iwith irespect ito ibest isearch iagent iduring ithe iiteration iprocess. iA iis
ilinearly idecreased ifrom ifc ito i0. iFor ismooth itransition ibetween iexploration iand iexploitation,
ivariable iB iis iresponsible. iHence, iSOA iis iconsidered ias ia iglobal ioptimizer i(see iAlgorithm i:)
ibecause iof iits ibetter iexploration iand iexploitation icapability.

4 Proposed Multi-objective Seagull Optimization Algorithm (MOSOA)

4.1 Motivation

When iresolving iany imetaheuristic iproblem iof ioptimization, ithe iproper ibalance
ibetween iexploration iand iexploitation ifeatures iempowers ithe ioptimization ialgorithm ito
ifind ithe ibest isolutions. iThese ialgorithms iare ipopular iamong iresearchers iin itheir ibasic
iarchitecture, ifacility iof iimplementation, iand iderivatives ifree imechanisms. iHowever, ithe
imajor idisruption ito ithese ialgorithms iis ithat imost ialgorithms ican ichange icontrol iparameters.
iAnother iflaw iis ithat ithese ialgorithms ican inot ialways iconverge iwith iglobally ioptimum, idue
ito ithe istagnating isituation iwith isub-optimal isolutions ithroughout isearching. iThe idiscovery
iprocess idetermines idiversity iby iundertaking ia iglobal iquest ito iproduce inew isolutions iin ithe
iquest iand iexploitation iprocess iby ilooking ifor ineighborhood isolutions i(Chegini, Bagheri,
& Najafi, 2018) ito iensure ioptimum iconvergence. iMOSOA’s ikey iprinciple iof ialgorithm iis
ibased ion iSOA iattacking iand imigration ibehaviors. iThe ithree icomponents iare iused ito ibuild
ia iMOO i(Dhiman & Kumar, 2018a) iversion iof ithe iSOA, ias ishown iin iFig. i6. iThis idepicts ithe
ikey iintegral ibeing iarchive icontroller iand igrid, iwhich ireserves ithe ioptimal inon-dominated
iPareto isolutions iand ithe ilatter iintegral iis ia ipioneer iselection imethod ifor iselecting ithe imost
ieffective imover ifrom ithe iarchive iwith iregard ito iprey iorientation. i

One iof ithe iimportant iquestions iin iworking iwith itextitMOSOA iis iwhy ithis ialgorithm
ineeds ito ibe icreated? iThe ianswer iof ithis iquestion ican ibe igiven iwith ithe isupport iof i“No
iFree iLunch i(NFL)” itheorem i(Wolpert & Macready, 1997), iwhich istates ithat ithe ithere iis
ino imetaheuristic ito isolve iall itype iof ioptimization iproblems. iThis itheorem iis ithe ibasis ifor
iseveral idevelopments iin ithe ifield iof imetaheuristic iand ioverall ioptimization.

4.2 Archive icontroller

All iPOSs ithat iare ibest iaccessed iare istored iin ia istorage ispace, iknown ias ithe iarchive.
iThe icontroller idetermines iwhether ito iinclude ia ispecific isolution iin ithe ilist. iThe iArchive
iupdation irules iare igiven ibelow:

• iIf ithe iarchive iis ifound ito ibe iempty ithe icurrent isolution ishould ibe iacknowledged.

• iIf ian ientity iwithin ithe iarchive idominates isome isolution ithen ithe iparticular isolution
ishould ibe idiscarded.

• iIf ithe iexternal ipopulation idoes inot ioverpower ithe isolution ithen ithe iparticular isolution
ishould ibe iaccepted iand istored iwithin ithe iarchive.

• iIf ithe inew idimension idominates ithe isolutions, ithey iwill ibe idiscarded ifrom ithe ilist.



Algorithm : Seagull Optimization Algorithm

iInput: iSeagull ipopulation i

~Ps

iOutput: iOptimal isearch iagent i

~Pbs

1: procedure SOA
2: iInitialize ithe iparameters iA, iB, i iand iMaxiteration

3: iSet ifci← i2
4: iSet iui← i1
5: iSet ivi← i1
6: while (xi < iMaxiteration) do
7: i

~Pbsi ←ComputeFitness( ~Ps) i/* iCalculate ithe ifitness ivalues iof ieach isearch
iagent iusing iComputeFitness ifunction*/
i/* iMigration ibehavior i*/

8: irdi← iRand(0, i1) i i/* iTo igenerate ithe irandom inumber iin irange i[0, i1] i*/
9: iki ← iRand(0, i2π) i i/* iTo igenerate ithe irandom inumber iin irange i[0, i2π]

i*/
i/* iAttacking ibehavior i*/

10: iri← iui× iekv
i i/* iTo igenerate ithe ispiral ibehavior iduring imigration i*/

11: iCalculate ithe idistance i

~Ds iusing iEq. i(8)
12: iPi← ix′i× iy′i× iz′

i i/* iCompute ix, iy, iz iplanes iusing iEqs. i(9) i- i(12) i*/
13: i i

~Ps(x)i← i( ~Ds × iP ) + ~Pbs

14: ixi← ix+ 1
15: end while
16: ireturn i

~Pbs

17: end procedure

1: procedure ComputeFitness( ~Ps)
2: for i i← i1 ito in do i/* iHere, in irepresents ithe idimension iof ia igiven iproblem i*/
3: iFITs[i]i ← iF itnessFunction( ~Ps(i, :)) i/* iCalculate ithe ifitness iof ieach

iindividual i*/
4: end for
5: iFITsbest

i ← iBEST(FITs[]) i /* iCalculate ithe ibest ifitness ivalue iusing iBEST
ifunction i*/

6: ireturn iFITsbest

7: end procedure

1: procedure BEST(FITs[])
2: iBesti← iFITs[0]
3: for i i← i1 ito in do
4: iif(FITs[i]i < iBest) ithen
5: i iBesti← iFITs[i]
6: iend iif
7: end for
8: ireturn iBest i i/* iReturn ithe ibest ifitness ivalue i*/
9: end procedure
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Fig. 6 . Flowchart of the proposed MOSOA algorithm.



4.3 Grid

Adaptive igrid iapproach i(Knowles & Corne, 2000) iproduces idistributions iof ithe iPareto
ifronts. iThere iare ifour iregions ifor ithe iobjective ifunction iwhich iis iemployed i(see iFigs. i7 i-
i8). iThe igrid iapproach iis iused ito icompute iindividuals ifrom ithe iposition iof ithe ideveloped
ipopulation iif iit iis ioutside ithe igrid iarea. iGiven ithe iuniform idistribution iof ihypercubes, ithe
igrid ispace iis icreated.

4.4 Leader iselection imechanism

The ikey iproblem iin imulti-objective isearch ispace iis ito icompare ithe inew isolutions
iin ia igiven isearch ispace iwith iexisting isolutions. iUsing ia imethod ifor iselecting ithe ileader
isolves ithis iproblem. iIn ithis itechnique, ithe ileast icrowded isearch ispace iis ifilled iby iusing
ithe iroulette-wheel iselection imethod iwith ione iof ithe ibest isolutions ifrom ithe iboundary iof
iobtained ioptimum isolutions i(see iFig. i9). iThis iapproach iis icharacterized iin iterms iof:

Uk = g

Nk
(14)

such i ias i ig i iis i ia i iconstant i ivariable i iwith i ivalue i igreater i ithan i i1 i iand i iNk i idefines i ithe
i icount i iof i iPOSs i ito i ikth i isegment. i iThis imethod iis ia ipopularly iused iclassical imethod
iwhich idefines ieach iindividual’s icontribution iusing ithe iproportion iof ithe iroulette iwheel. iThe
iproposed iMOSOA ialgorithm iis ian iextension iof ithe iSOA ialgorithm, iwith imulti-objectivity
iand isearch ispace idistinction. iMOSOA ihas ian iarchive isearch ispace iwhile iSOA ihas ito ido ithe
iextra ijob iof isaving ioptimal isolutions.
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Fig. 7 . Selection of individuals from grid.
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4.5 Computational complexity

In this section, we provide the computational efficiency of the proposed technique in
detail.

4.5.1 Time complexity.

1. i iIt i itakes i iO(noii × iinp) i itime i ito i iinitialize i ithe i ipopulation, i iwhere i inp i iis i ithe i

inumber i iof i ipopulation i isize i iand i ino i iis i ithe i inumber i iof i iobjectives

2. i iThe i ifitness i icomputation i iof i isearch i iagents i ineeds i iO(Maxiterationii× iinoii× iinp)
i itime, i iwhere i iMaxiteration i irepresents i ithe i imaximum i inumber i iof i iiterations.

3. i iThe i iproposed i ialgorithm i irequires i iO(L) i itime i ifor i ileader i iselection, i iwhere i iL i

iindicates i ithe i icomputation i itime i ito i ifind i ithe i ileader.

4. i iIt i ineeds i iO(noii× ii(nnsii+ iinp)) i itime i ito i iupdate i ithe i iarchive i iof i inon-dominated
i isolutions.

5. i iSteps i i2 i ito i i4 i iare i irepeated i iuntil i ithe i imaximum i iiteration i iis i ireached.

Hence, the time complexity of MOSOA algorithm is O(Maxiteration×no× (np +nns)×L).



Algorithm : Multi-objective Seagull Optimization Algorithm (MOSOA)
iInput: iSeagulls ipopulation
iOutput: iArchive iof inon-dominated ioptimal isolutions

1: procedure MOSOA
2: iFor ieach isearch iagent, icalculate itheir icorresponding iobjective ivalues
3: iFind iall ithe inon-dominated isolutions iand iinitialize ithese isolutions ito iarchive
4: while (xi < iMaxiteration) do i i i i i

5: for each isearch iagent do i i i i i i i i i i i i

6: iUpdate ithe iposition iof icurrent isearch iagent i i i i i i i i i i i i

7: end for i i

8: iCompute ithe iobjective ivalues iof iall isearch iagents i i

9: iFind ithe inon-dominated isolutions ifrom iupdated isearch iagents i i

10: iUpdate ithe iobtained inon-dominated isolutions ito iarchive i i

11: if archive iis ifull then i i

12: Grid imethod ishould ibe irun ito iomit ione iof ithe imost icrowded iarchive imembers
i i

13: Add inew isolution ito ithe iarchive i i i

14: end if i i

15: iCheck iif iany isearch iagent igoes ibeyond ithe isearch ispace iand ithen iadjust iit i i

16: iCompute ithe iobjective ivalues iof ieach isearch iagent i i

17: ixi← ix+ 1
18: end while
19: return archive
20: end procedure

4.5.2 Space complexity. The ispatial icomplexity iof ithe iproposed iMOSOA
ialgorithm iis idetermined ias iit iinitializes, ii.e., iwhen ithe ipopulation iis igenerated iin imemory, i

iwhich i irequires i iO(noii× iinp) i itime.

5 Experimental results and discussions

5.1 Experimental setup

The iexperimentation iand ialgorithms iare iimplemented iin iMatlab iR2018a i(8.3.0.532)
iversion iand irun iit iin ithe ienvironment iof iMicrosoft Windows i8.1 iwith i64 ibits ion iCore ii-5
iprocessor iwith i3.20 iGHz iand i8 iGB imemory.

5.2 Benchmark test functions

To idemonstrate ithe iefficiency iof ithe iproposed iMOSOA ialgorithm, iexperiment ion
itwenty-four iwell-known ibenchmark itest ifunctions iis iperformed. iThe ispecial isession
ibenchmark itest isuit, ii.e., ithe iIEEE iCEC-9 i(Liu, Zou, Chen, & Wu, 2009), iwhich iincludes
iten iunconstrained itest ifunctions, iis iused. iThese itest ifunctions iand itheir icharacteristics
iare iset iout iin iAppendix iA of Supplementary Material. iThe iUF1 − UF10iis iknown ias
ithe iunconstrained itest ifunctions iin ithese itest ifunctions. iThese itest ifunctions ihave ithe
ipotential ito isolve iproblems iwith ithe iMOO ibound iconstraint. iThe iproposed ialgorithm iis



ialso ivalidated ion iDTLZ iand iZDT itest ifunctions, ii.e., iDTLZ1−DTLZ9 i(Deb et al., 2005)
iand iZDT1 − ZDT6 i(Zitzler et al., 2000). iBoth ithese itypes iof itest ifunctions, ialong iwith
itheir icomprehensive icharacteristics i(see iTable i1), iare idescribed iin iAppendices iB iand iC of
Supplementary Material, irespectively.

5.3 Algorithms for comparison

The iproposed ialgorithm iis icompared ito isix iwell-known ioptimization imethods, isuch
ias: iMulti-objective iParticle iSwarm iOptimization i(MOPSO) i(Coello Coello & Lechuga,
2002), iNon-dominated iSorting iGenetic iAlgorithm i2 i(NSGA-II ) i(Deb et al., 2002), iMulti-
objective iEvolutionary iAlgorithm ibased ion iDecomposition i(MOEA/D) i(Q. Zhang & Li,
2007), i iPareto i iEnvelope ibased i iSelection i iAlgorithm i iII i i(PESA-II ) i i(Corne, Jerram,
Knowles, & Oates, 2001), i iMulti-objective iSpotted iHyena iand iEmperor iPenguin iOptimizer
i(MOSHEPO) i i(Dhiman, 2020), i iand iMulti-objective iAnt iColony iOptimization i(MOACO)
i(Angus & Woodward, 2009). iAccording ito itheir ioriginal iversions, ivarious iparameters
iassociated iwith ithese imethods iare isame ias imentioned iin ithe iliterature. iThe ifollowing
iinitial iparameters ifor iMOPSO ialgorithm iare iset ias i(Coello Coello & Lechuga, 2002):

• φa = φb = 2.05
• φf = φa + φb

• Inertia weight: w = 2
φf − 2 +

√
φ2

f − 4φf

• Personal coefficient: c1 = χ ∗ φa

• Social coefficient: c2 = χ ∗ φb

• Grid inflation parameter: α = 0.1
• Leader selection pressure parameter: β = 4
• Number of grids: Gridnumber = 10

For NSGA-II, the following parameters are set as (Gong et al., 2008):

• Population size (X) = 100
• Cross over probability Pc = 0.8
• Mutation probability Pm = 0.1

For MOEA/D, the following parameters are chosen as (Q. Zhang & Li, 2007):

• Subproblems: N = 100
• Number of neighbours: T = 0.1∗N
• Updated new child maximal copies: M = 0.01∗N
• Probability of selecting parents: Pp = 0.9
• Mutation rates: Mr = 0.5
• Distribution index: Di = 30

The following initial parameters are set for PESA-II (Gong et al., 2008):

• Cross over probability Pc = 0.8
• Distribution index for SBX = 15
• Mutation probability Pm = 1/n
• Polynomial mutation of distribution index = 20



For MOACO, the following initial parameters are set as (Ab Wahab, Nefti-Meziani, &
Atyabi, 2015):

• Initial pheromone = 1.0E-06
• Pheromone update constant Q = 20
• Exploration constant q0 = 1
• Global pheromone decay rate = 0.9
• local pheromone decay rate = 0.5
• α = 0.5
• β = 2.5

5.4 Performance metrics

The ifour iseparate iperformance imetrics ihave ibeen iselected ito imeasure ithe iefficiency
iof ithe iproposed ialgorithm, ias: Hypervolume i(HV) i(Zitzler & Thiele, 1999; Coello Coello,
Dhaenens, & Jourdan, 2010), i∆pi(p = 1) i(Rudolph, Schütze, Grimme, Domínguez-Medina,
& Trautmann, 2016; Schütze, Esquivel, Lara, & Coello, 2012; Schütze, Laumanns, Tantar,
Coello, & Talbi, 2010), iSpread i(Li & Zheng, 2009; Coello Coello et al., 2010), iand iEpsilon
i(ε) i(Zitzler, Thiele, Laumanns, Fonseca, & da Fonseca, 2003; Coello Coello et al., 2010).

5.5 Performance ievaluation

The iresults iof ithe iMOSOA ialgorithm iare iexplained inext ion iadopted ibenchmark itest
isuites, isuch ias: iIEEE iCEC-9, iZDT, iand iDTLZ.

5.5.1 Results ibased ion ithe iIEEE iCEC-9 i(UF1i − iUF10) itest ifunctions.
Comparison iof ithe iefficiency iof ithe iproposed imethodology iis iperformed iin iTable i2 iusing ithe
iIEEE iCEC-9 ibenchmark itest iproblems iwith iwell-known iapproaches. iUsing ithe iMOSOA,
ioptimal isolutions iare icalculated iin iterms iof ithe iUF1, iUF2, iUF4, iUF5, iand iUF6. iThe
iMOPSO iobtains istrong ispread iperformance iin iterms iof ithe iUF3 itest imethod iwhen
icompared iwith iother itechniques. iBy iconsidering ithe i∆p iand iEpsilon ias iefficiency imetrics,
ithe iMOEA/D iobtains ipromising iresults icompared ito icompeting ialgorithms. iThe iMOSOA
ioffers ibest iperformance iin iterms iof ithe itest ifunctions iof iUF7, iUF9, iand iUF10. iFor iUF7 ion
i∆p, iMOEA/D ioutperforms ithan iothers. i iCompared iwith icurrent itechniques, ithe iNSGA-
II ipredicts ithe ibest ivalue iof i∆p iand iEpsilon ifor ithe iUF8 itest ifunction. iFor iUF9, ion
iHypervolume iand i∆p iperformance imetrics, iMOEA/D iand iMOSHEPO iobtain ibetter
iresults. iFor iUF10, iNSGA− II iand iPESA− II iresults iare isuperior ion iHypervolume iand
i∆p iperformance imetrics, irespectively. iFig. i10 iportrays ithe iMOSOA inon-dominated iPareto
ioptimal isolutions. iIt ican ibe iseen ifrom ithis ifigure ithat ithe iproposed iMOSOA ialgorithm
inon-dominated iPareto isolutions iare ivery imuch isimilar ito iPareto isolutions iof iIEEE iCEC-9
ibenchmark itest ifunctions. i

5.5.2 Results ibased ion ithe iZDT i(ZDT1i − iZDT6) itest ifunctions. Ta-
ble i3 idemonstrates ithe iMOSOA’s iresults iusing ibenchmark itest iproblems iof iZDT . iFor
ithe iZDT itest ifunctions, ifor imost icases ithe iMOSOA ioutperforms iother ialgorithms iby
iconsidering ithe i∆p, iSpread, iand iEpsilon ias iefficiency imetrics. iFor iZDT1, iMOPSO iefficiency
iis isuperior ithan iothers ion i∆p iperformance imetric. iWhereas, iMOSOA iobtains ibetter iresults
ion irest iof ithe imetrics. iFor iZDT2 ion iSpread imetric, iMOPSO ihas igood iperformance. iFor
iZDT3 ion iHypervolume imetric, iPESA-II iobtains ioptimal iresults ithan iothers. iFor iZDT4



iand iZDT6, ion iHypervolume iand i∆p iperformance imetrics, iMOPSO iand iMOEA/D inon-
dominated isolutions iare ibetter ithan icompetitor iapproaches, irespectively. iFig. i11 ishows
ithe iacquired iPOSs iusing icurrent itechniques. iThe iNSGA-II, iMOEA/D, iand iMOSHEPO
iachievement idegrades ifor ithe ibenchmark ifunction iof iZDT2. iThe iMOSOA ioffers ibetter
iresults ifor ithe iZDT2, iZDT3, iand iZDT6i ibenchmark itest ifunctions.

5.5.3 Results ibased ion ithe iDTLZ i(DTLZ1i−iDTLZ9) itest ifunctions. The
istudy iresults iof iMOPSO, iNSGA-II, iMOEA/D, iPESA-II, iMOSHEPO, iand iMOACO iusing
ithe iDTLZ ibenchmark iproblem iare ishown iin iTable i4. iThe iMOSOA ioffers ipromising
istatistically isignificant iresults iin iterms iof ithe iDTLZ1, iDTLZ2, iDTLZ3, iDTLZ5,
iDTLZ6, iand iDTLZ9 ibenchmark ifunctions ias iopposed ito iother icurrent itechniques. iIn
iterms iof i∆p iand iEpsilon, ithe iMOEA/D iand ithe iNSGA-II ioutperform iother imethods ias
iperformance imetrics ifor ithe iDTLZ4 ibenchmark ifunction. iThe iPESA-II ioffers imaximal
iHypervolume iand iSpread ivalues. iFor iDTLZ7 iand iDTLZ8, iNSGA-II iand iMOPSO
ialgorithms iare isuperior ithan iothers iin iterms iof ialmost iall iperformance imetrics. iThe iresults
iexplicitly istate ithat ithis iproposed ialgorithm isuccessfully iconverges ithe iDTLZ ibenchmark
itest ifunctions. iFig. i12 iprovides ia icomparison iof ithe iMOSOA’s iexpected iand iactual ioptimal
iPareto ifront.

Table 1
Characteristics of ZDT and DTLZ benchmark test functions.

Problems Properties
iZDT1 i iConvex

iZDT4 i iConvex

iZDT2 i iConcave

iZDT6 i iConcave

iDTLZ2 i iConcave

iDTLZ3 i iConcave

iDTLZ4 i iConcave

iZDT3 iDisconnected

iDTLZ7 iDisconnected

iDTLZ1 i iLinear

iDTLZ5 i i-

iDTLZ6 i i-



Table 2
The obtained results using proposed and competitor approaches on IEEE CEC-9 benchmark
test functions.

F
Performance
Metrics MOSOA MOPSO NSGA-II MOEA/D PESA-II MOSHEPO MOACO

i iHypervolume i i3.17E+02 i i3.70E-01 i i3.89E-01 i i6.50E-01 i i3.71E-01 i i1.63E-01 i i1.34E-01 i i

i ii i1.20E-04 i ii i1.90E-02 i ii i3.24E-03 i ii i2.70E-03 i ii i4.85E-02 i ii i1.10E-01 i ii i6.69E-02
i ii iUF1 i i∆p i i2.95E-10 i i3.11E-04 i i2.30E-03 i i4.55E-04 i i5.30E-03 i i1.49E-02 i i2.55E-03 i i

i ii i6.99E-10 i ii i2.99E-04 i ii i6.22E-03 i ii i1.90E-04 i ii i1.60E-03 i ii i1.56E-03 i ii i1.80E-03
i iSpread i i1.03E-02 i i7.42E-01 i i2.13E+00 i i3.01E-01 i i1.30E+00 i i1.91E+00 i i1.00E+00 i i

i ii i1.11E-03 i ii i2.30E-01 i ii i1.12E-01 i ii i1.73E-01 i ii i1.51E-01 i ii i1.93E-01 i ii i1.91E-01
i iEpsilon i i4.80E-04 i i1.01E-01 i i2.13E-01 i i1.07E-02 i i1.64E-01 i i5.11E-01 i i1.71E-01 i i

i ii i1.09E-04 i ii i3.11E-02 i ii i4.40E-02 i ii i1.05E-02 i ii i1.12E-01 i ii i1.57E-01 i ii i1.10E-01

i iHypervolume i i1.95E+01 i i5.00E-01 i i5.00E-01 i i5.41E-01 i i4.82E-01 i i4.15E-01 i i3.04E-01 i i

i ii i1.21E-04 i ii i1.03E-03 i ii i6.00E-03 i ii i2.77E-03 i ii i1.12E-02 i ii i1.95E-01 i ii i1.16E-01
i ii iUF2 i i∆p i i2.12E-07 i i1.50E-03 i i4.77E-03 i i3.41E-04 i i2.62E-03 i i2.20E-03 i i2.11E-03 i i

i ii i1.10E-07 i ii i2.85E-05 i ii i4.62E-04 i ii i1.74E-04 i ii i4.85E-04 i ii i1.10E-03 i ii i1.97E-03
Spread i i2.46E-03 i i3.97E-01 i i5.03E-01 i i3.21E-01 i i6.38E-01 i i2.02E+00 i i2.15E-01 i i

i ii i2.92E-03 i ii i1.22E-01 i ii i3.71E-02 i ii i4.50E-02 i ii i7.11E-02 i ii i2.22E-01 i ii i1.48E-01
Epsilon i i2.04E-03 i i8.22E-02 i i2.30E-01 i i4.81E-02 i i1.78E-01 i i2.34E-01 i i3.70E-02 i i

i ii i4.75E-05 i ii i8.72E-03 i ii i2.33E-02 i ii i1.26E-02 i ii i4.60E-02 i ii i1.51E-01 i ii i2.42E-03

i iHypervolume i i3.18E-01 i i1.75E-00 i i1.13E-00 i i4.03E-00 i i1.44E-00 i i1.01E+01 i i2.63E-00 i i

i ii i2.71E-01 i ii i2.50E-02 i ii i2.58E-02 i ii i2.21E-02 i ii i2.35E-02 i ii i2.74E-02 i ii i1.20E-02
i ii iUF3 i i∆p i i1.62E-02 i i4.87E-03 i i7.95E-03 i i1.05E-03 i i2.53E-02 i i2.47E-02 i i1.87E-02 i i

i ii i1.60E-02 i ii i3.30E-04 i ii i1.61E-03 i ii i4.00E-04 i ii i1.88E-03 i ii i1.98E-03 i ii i1.41E-03
i iSpread i i7.01E-00 i i4.23E-01 i i2.31E+00 i i4.37E-01 i i2.00E+00 i i1.08E+00 i i2.47E+00 i i

i ii i5.98E-01 i ii i3.18E-01 i ii i4.46E-02 i ii i2.04E-01 i ii i1.02E-01 i ii i5.38E-02 i ii i1.75E-02
i iEpsilon i i2.40E-00 i i2.83E-01 i i2.83E-01 i i1.30E-01 i i3.77E-01 i i4.54E-01 i i2.95E-01 i i

i ii i2.11E-01 i ii i2.43E-03 i ii i3.53E-02 i ii i4.10E-02 i ii i4.30E-02 i ii i6.47E-02 i ii i3.47E-02

i iHypervolume i i1.01E+01 i i1.41E-01 i i1.45E-01 i i1.36E-01 i i1.41E-01 i i1.51E-01 i i1.40E-01 i i

i ii i1.31E-04 i ii i6.70E-03 i ii i2.18E-03 i ii i1.00E-02 i ii i2.12E-03 i ii i5.51E-02 i ii i1.96E-02
i ii iUF4 i i∆p i i3.14E-05 i i1.65E-03 i i1.30E-03 i i2.88E-03 i i1.38E-03 i i4.61E-03 i i3.98E-03 i i

i ii i1.68E-06 i ii i1.03E-04 i ii i3.44E-05 i ii i4.68E-04 i ii i1.31E-04 i ii i2.63E-03 i ii i1.80E-04
i iSpread i i1.01E-02 i i3.27E-01 i i3.12E-01 i i3.02E-01 i i7.23E-01 i i2.03E+00 i i2.75E-01 i i

i ii i2.12E-03 i ii i5.82E-02 i ii i3.13E-02 i ii i8.45E-02 i ii i4.31E-02 i ii i3.22E-01 i ii i3.23E-02
i iEpsilon i i1.11E-03 i i6.47E-02 i i4.98E-02 i i5.80E-02 i i7.34E-02 i i1.61E-01 i i2.71E-02 i i

i ii i2.32E-04 i ii i4.28E-02 i ii i7.14E-03 i ii i8.13E-03 i ii i7.60E-03 i ii i2.11E-01 i ii i5.84E-03

i iHypervolume i i1.61E+01 i i2.50E-03 i i1.71E-02 i i3.71E-02 i i5.21E-02 i i2.95E-02 i i2.49E-02 i i

i ii i1.09E-03 i ii i1.56E-02 i ii i3.05E-02 i ii i3.61E-02 i ii i5.00E-02 i ii i3.68E-01 i ii i1.48E-02
i ii iUF5 i i∆p i i1.00E-02 i i1.62E-01 i i1.88E-01 i i2.04E-01 i i1.99E-01 i i3.26E-00 i i2.41E-01 i i

i ii i1.07E-03 i ii i1.51E-01 i ii i2.88E-02 i ii i1.90E-02 i ii i1.37E-02 i ii i2.76E-01 i ii i1.98E-02
i iSpread i i1.74E-02 i i5.56E-01 i i1.25E+00 i i1.21E+00 i i1.13E+00 i i3.82E+00 i i1.20E+00 i i

i ii i3.77E-03 i ii i7.01E-02 i ii i8.94E-02 i ii i4.27E-02 i ii i1.33E-01 i ii i6.38E-02 i ii i3.72E-02
i iEpsilon i i2.17E-02 i i2.26E+00 i i6.91E-01 i i6.41E-01 i i7.80E-01 i i9.71E-01 i i4.96E-01 i i

i ii i1.06E-02 i ii i4.27E-01 i ii i1.58E-01 i ii i1.42E-01 i ii i1.75E-01 i ii i1.59E-01 i ii i2.46E-01

Hypervolume i i2.41E+00 i i6.02E-02 i i2.95E-01 i i3.07E-01 i i2.09E-01 i i4.14E-01 i i3.88E-01 i i

i ii i1.37E-03 i ii i2.47E-02 i ii i5.98E-02 i ii i9.23E-02 i ii i4.39E-02 i ii i7.60E-02 i ii i3.20E-02
i iUF6 i i∆p i i3.30E-04 i i8.55E-03 i i4.67E-03 i i2.13E-03 i i2.92E-02 i i5.22E-02 i i7.79E-02 i i

i ii i1.30E-04 i ii i3.55E-03 i ii i1.50E-03 i ii i1.66E-03 i ii i2.78E-03 i ii i1.44E-03 i ii i7.28E-03
i iSpread i i6.08E-02 i i8.78E-01 i i1.18E+00 i i1.13E+00 i i1.26E+00 i i1.11E+00 i i1.10E+00 i i

i ii i3.41E-03 i ii i5.73E-02 i ii i1.23E-01 i ii i8.46E-02 i ii i2.69E-01 i ii i8.27E-02 i ii i4.40E-02
i iEpsilon i i1.01E-02 i i4.94E-01 i i4.38E-01 i i2.54E-01 i i4.47E-01 i i7.71E-01 i i4.38E-01 i i

i ii i1.01E-03 i ii i1.81E-01 i ii i1.48E-01 i ii i1.47E-01 i ii i1.90E-01 i ii i2.66E-01 i ii i1.08E-01

i iHypervolume i i1.32E-01 i i2.94E-01 i i2.28E-01 i i3.90E-01 i i1.48E-01 i i1.21E+01 i i1.85E-01 i i

i ii i5.35E-02 i ii i2.56E-03 i ii i7.84E-03 i ii i2.33E-05 i ii i7.81E-05 i ii i7.81E-03 i ii i2.98E-03
i ii iUF7 i i∆p i i2.60E-02 i i5.37E-03 i i6.77E-03 i i1.50E-04 i i5.48E-02 i i2.17E-02 i i3.36E-02 i i

i ii i1.44E-02 i ii i1.66E-03 i ii i1.05E-03 i ii i1.43E-05 i ii i1.70E-03 i ii i2.31E-03 i ii i1.74E-03
i iSpread i i1.80E-01 i i7.51E-01 i i1.06E+00 i i2.48E-01 i i1.17E+00 i i1.00E+00 i i4.60E-00 i i

i ii i1.16E-03 i ii i5.62E-02 i ii i1.10E-01 i ii i1.74E-01 i ii i7.76E-02 i ii i1.57E-02 i ii i2.57E-02
i iEpsilon i i1.04E-03 i i1.81E-01 i i3.27E-01 i i3.41E-02 i i5.07E-01 i i7.00E-01 i i2.61E-01 i i

i ii i2.56E-04 i ii i1.06E-01 i ii i1.41E-01 i ii i2.16E-02 i ii i1.18E-01 i ii i1.36E-01 i ii i1.80E-01

i iHypervolume i i2.58E+01 i i2.04E-02 i i2.26E-01 i i1.80E-01 i i1.92E-02 i i1.28E-01 i i1.01E-01 i i

i ii i2.57E-04 i ii i1.68E-02 i ii i3.06E-02 i ii i1.00E-01 i ii i2.31E-02 i ii i7.95E-02 i ii i1.78E-02
i iUF8 i i∆p i i2.33E-02 i i1.91E-03 i i1.80E-03 i i2.15E-01 i i4.10E-03 i i3.86E-03 i i4.94E-03 i i

i ii i5.10E-03 i ii i1.00E-04 i ii i3.44E-05 i ii i4.16E-03 i ii i3.85E-04 i ii i8.08E-04 i ii i1.85E-03
i iSpread i i5.06E-00 i i8.15E-01 i i6.76E-01 i i3.68E-01 i i6.06E-01 i i7.61E-01 i i4.78E-01 i i

i ii i4.12E-00 i ii i7.21E-02 i ii i7.04E-02 i ii i6.91E-01 i ii i1.10E-01 i ii i1.28E-01 i ii i1.57E-01
i iEpsilon i i7.02E-00 i i6.68E-01 i i5.23E-01 i i6.00E-01 i i8.71E-01 i i7.04E-01 i i5.96E-01 i i

i ii i2.13E-00 i ii i7.50E-02 i ii i1.10E-01 i ii i8.53E-01 i ii i4.21E-02 i ii i1.30E-01 i ii i2.65E-01

i iHypervolume i i3.08E-01 i i5.88E-02 i i1.53E-01 i i1.75E+02 i i8.42E-02 i i3.56E-01 i i2.38E-01 i i

i ii i5.32E-00 i ii i4.71E-02 i ii i5.16E-02 i ii i3.46E-01 i ii i2.50E-02 i ii i3.77E-02 i ii i1.10E-02
i iUF9 i i∆p i i3.38E-02 i i1.67E-03 i i4.34E-03 i i5.91E-03 i i3.77E-03 i i1.21E-03 i i2.22E-03 i i

i ii i5.11E-03 i ii i2.26E-04 i ii i1.50E-04 i ii i3.47E-03 i ii i2.30E-04 i ii i1.03E-04 i ii i1.75E-03
i iSpread i i1.00E-02 i i7.20E-01 i i7.51E-01 i i5.62E-01 i i6.54E-01 i i6.35E-01 i i3.58E-01 i i

i ii i6.36E-01 i ii i4.04E-02 i ii i5.82E-02 i ii i5.40E-02 i ii i6.44E-02 i ii i5.11E-02 i ii i2.45E-02
i iEpsilon i i2.02E-02 i i7.20E-01 i i4.13E-01 i i5.55E-01 i i7.94E-01 i i3.80E-01 i i5.84E-01 i i

i ii i4.14E-01 i ii i1.41E-01 i ii i5.45E-02 i ii i4.76E-02 i ii i3.15E-02 i ii i1.91E-02 i ii i4.67E-02

i iHypervolume i i3.61E-01 i i1.00E+00 i i3.52E+01 i i5.91E-02 i i3.04E-02 i i2.37E-02 i i3.91E-02 i i

i ii i1.30E-01 i ii i0.00E+00 i ii i1.15E-02 i ii i4.10E-01 i ii i1.96E-02 i ii i1.85E-02 i ii i2.01E-02
i ii iUF10 i i∆p i i5.77E-02 i i2.78E-02 i i2.12E-03 i i3.00E-03 i i1.82E-03 i i5.51E-03 i i3.21E-03 i i

i ii i3.90E-02 i ii i5.72E-03 i ii i2.01E-03 i ii i1.80E-03 i ii i3.17E-04 i ii i2.46E-04 i ii i1.45E-03
i iSpread i i1.61E-02 i i5.52E-01 i i6.65E-01 i i4.20E-01 i i8.17E-01 i i1.23E+00 i i3.52E-01 i i

i ii i4.81E-01 i ii i4.06E-02 i ii i5.27E-02 i ii i7.61E-01 i ii i8.12E-02 i ii i1.22E-01 i ii i1.85E-01
i iEpsilon i i3.60E-02 i i1.81E+00 i i1.04E+00 i i4.32E-01 i i7.85E-01 i i7.67E-01 i i5.01E-01 i i

i ii i4.52E-00 i ii i1.44E-01 i ii i1.54E-01 i ii i6.16E-01 i ii i1.06E-01 i ii i1.02E-01 i ii i1.84E-01



Table 3
The obtained optimal results using proposed and competitor approaches on ZDT benchmark
test functions.

F
Performance
Metrics MOSOA MOPSO NSGA-II MOEA/D PESA-II MOSHEPO MOACO

i iHypervolume i i5.55E+01 i i5.61E-01 i i5.61E-01 i i5.63E-01 i i5.55E-01 i i5.61E-01 i i5.61E-01 i i

i i i i2.81E-03 i i1.41E-04 i i1.61E-04 i i2.55E-04 i i7.57E-04 i i2.04E-04 i i1.45E-04
i ii iZDT1i i∆p i i2.33E-03 i i1.32E-04 i i1.17E-04 i i5.31E-05 i i3.02E-04 i i1.10E-04 i i3.65E-04 i i

i i i i3.02E-06 i i4.01E-07 i i2.36E-06 i i1.43E-06 i i1.43E-04 i i2.20E-06 i i1.01E-06
i i i iSpread i i1.31E-03 i i5.86E-02 i i2.76E-01 i i1.84E-01 i i5.48E-01 i i1.42E-01 i i1.30E-01 i i

i i i i1.10E-05 i i1.03E-02 i i1.57E-02 i i1.81E-03 i i2.77E-02 i i1.61E-02 i i1.21E-02
i iEpsilon i i4.48E-03 i i4.86E-03 i i1.33E-02 i i2.02E-03 i i1.30E-02 i i7.91E-03 i i6.07E-02 i i

i i4.72E-03 i i1.57E-04 i i1.01E-03 i i2.81E-04 i i1.17E-02 i i5.67E-04 i i2.40E-04

i iHypervolume i i2.28E+01 i i2.27E-01 i i2.25E-01 i i2.58E-01 i i2.12E-02 i i2.25E-01 i i2.26E-01 i i

i i2.70E-06 i i7.08E-05 i i2.10E-04 i i1.57E-04 i i5.53E-04 i i5.13E-04 i i1.08E-04
i iZDT2 i i∆p i i1.02E-06 i i1.44E-04 i i1.36E-04 i i3.97E-05 i i2.51E-04 i i1.21E-04 i i1.31E-04 i i

i i1.33E-07 i i1.56E-06 i i2.40E-05 i i5.01E-06 i i1.34E-05 i i3.20E-06 i i1.75E-06
i iSpread i i1.01E-00 i i5.67E-02 i i3.60E-01 i i1.83E-01 i i5.70E-01 i i1.48E-01 i i1.55E-01 i i

i i8.11E-03 i i6.84E-03 i i2.51E-02 i i1.49E-02 i i3.21E-02 i i1.45E-02 i i2.86E-02
i i i iEpsilon i i1.21E-04 i i4.45E-03 i i1.82E-02 i i1.67E-03 i i2.28E-02 i i7.48E-03 i i2.06E-03 i i

i i i i1.78E-03 i i1.35E-04 i i1.31E-03 i i2.61E-04 i i1.87E-02 i i5.15E-04 i i7.72E-04

i iHypervolume i i4.11E-00 i i4.13E-01 i i4.14E-01 i i4.15E-01 i i4.10E+01 i i4.13E-01 i i4.15E-01 i i

i i1.21E-03 i i2.86E-04 i i2.49E-04 i i2.08E-05 i i1.81E-03 i i1.30E-04 i i4.81E-04
i ii iZDT3i i∆p i i3.12E-06 i i1.56E-04 i i1.32E-04 i i3.13E-05 i i1.01E-03 i i2.20E-04 i i1.01E-04 i i

i i i i2.30E-05 i i1.07E-06 i i3.48E-06 i i4.54E-06 i i4.28E-04 i i1.87E-05 i i3.73E-05
i iSpread i i1.00E-02 i i6.04E-01 i i6.41E-01 i i2.13E+00 i i8.01E-01 i i7.37E-01 i i5.05E-01 i i

i i1.16E-04 i i2.37E-03 i i1.31E-02 i i2.37E-03 i i1.61E-02 i i3.73E-03 i i1.52E-03
i iEpsilon i i2.90E-04 i i4.70E-03 i i7.86E-03 i i3.10E-03 i i2.42E-01 i i8.61E-03 i i4.93E-03 i i

i i5.73E-03 i i4.48E-04 i i1.55E-03 i i1.24E-05 i i1.53E-01 i i1.13E-03 i i1.47E-03

i iHypervolume i i5.61E-02 i i1.00E+01 i i5.47E-01 i i5.64E-01 i i5.51E-01 i i5.48E-01 i i5.44E-01 i i

i i i i3.43E-04 i i i i1.00E-07 i i i i2.52E-03 i i i i3.94E-05 i i i i3.63E-03 i i i i7.61E-03 i i i i2.45E-02
ZDT4 i i∆p i i3.21E-04 i i2.40E-01 i i2.77E-04 i i3.10E-05 i i2.11E-04 i i3.70E-03 i i1.68E-04 i i

i i1.81E-03 i i1.37E-02 i i4.98E-05 i i2.03E-05 i i1.11E-04 i i1.21E-03 i i1.01E-04
i iSpread i i1.01E-02 i i7.85E-01 i i2.58E-01 i i1.29E-01 i i8.11E-01 i i2.05E-01 i i1.07E-01 i i

i i1.97E-04 i i6.17E-02 i i2.14E-02 i i2.01E-03 i i1.87E-01 i i1.35E-01 i i1.06E-02
i iEpsilon i i1.08E-04 i i4.13E+00 i i1.75E-02 i i1.93E-03 i i1.86E-02 i i5.36E-02 i i2.27E-02 i i

i i1.00E-05 i i1.90E+00 i i7.11E-03 i i1.02E-04 i i1.05E-02 i i4.28E-02 i i1.72E-02

i iHypervolume i i2.18E+00 i i4.56E-02 i i3.81E-01 i i3.04E-02 i i2.90E-01 i i2.77E-02 i i2.25E-01 i i

i i3.32E-06 i i4.41E-05 i i1.45E-03 i i5.10E-08 i i1.36E-06 i i1.71E-03 i i1.38E-03
i iZDT6 i i∆p i i1.71E-03 i i1.36E-03 i i3.80E-04 i i2.60E-05 i i2.06E-04 i i3.94E-04 i i2.26E-04 i i

i i3.10E-07 i i1.08E-06 i i6.06E-05 i i5.40E-08 i i2.81E-05 i i2.36E-05 i i1.31E-05
i iSpread i i1.10E-02 i i7.00E-01 i i2.65E-01 i i1.69E-01 i i6.58E-01 i i1.37E-01 i i2.21E-01 i i

i i1.23E-05 i i3.78E-01 i i2.98E-02 i i1.62E-04 i i1.92E-01 i i2.01E-02 i i1.62E-02
i iEpsilon i i1.21E-04 i i3.85E-03 i i1.50E-02 i i1.63E-03 i i1.36E-02 i i1.55E-02 i i2.00E-02 i i

i i2.12E-03 i i4.15E-04 i i2.16E-03 i i1.42E-01 i i2.65E-03 i i4.45E-05 i i1.16E-04



Fig. 10 . The obtained Pareto solutions by the MOSOA technique on the IEEE CEC-9 test
functions.



Fig. 11 . The obtained Pareto solutions by the MOSOA technique on the ZDT test func-
tions.



Fig. 12 . The obtained Pareto solutions by the MOSOA technique on the DTLZ test
functions.

5.6 Sensitivity analysis

5.6.1 Effect of archive on the MOSOA algorithm. Table i5 iportrays irepeated
iiterations iof ithe iarchive iassessment. iThe iZDT1, iDTLZ6, iand iZDT3i iare iused ias
itest ifunctions ifor idemonstrating ithe iarchive’s ieffect ion ithe iproposed ialgorithm. iThe
iZDT1, iDTLZ6, iand iZDT3i itest ifunctions ihave iconcave, iconvex, iand iconsecutively
idisconnected iproperties. iThe iarchive isize iis ideemed ias i10. iFig. i13 ireflects ithe iMOSOA’s
icomprehensive iconverging ibehavior. iIt iis iobserved ithat ioptimal ivalues ifor ithe ivarious itest
ifunctions iare iobtained iusing ithe iMOSOA.

5.6.2 Effect of selection mechanism on the MOSOA algorithm. The
ioutput iof ithe iproposed iMOSOA ialgorithm iis ievaluated iusing ithe iapproaches ito ipick ithe
iroulette iwheel iand ithe itournament. iThe itest ifunctions iof iZDT1, iZDT3, iand iZDT6 iare
iused ito iobtain iprediction iover ithe ioutput iof ithe iproposed iMOSOA. iIn iFig. i14, iroulette
iwheel iand itournament iselection istrategies iconverging ibehavior, iare idemonstrated. iFrom ithis
ifigure iit ican ibe iconcluded ithat ithe iperformance iof ithe iapproach ito iroulette iwheel iselection
iis ibetter ithan ithe iapproach ito itournament iselection ias iregards iconvergence itowards ithe
ioptimal isolution.



Table 4
The obtained optimal results using proposed and competitor approaches on DTLZ benchmark
test functions.

F
Performance
Metrics MOSOA MOPSO NSGA-II MOEA/D PESA-II MOSHEPO MOACO

i iHypervolume i i3.61E-02 i i2.47E-01 i i5.36E-01 i i2.55E+01 i i4.58E-01 i i6.55E-01 i i3.10E-01 i i

i i7.32E-03 i i4.55E-02 i i2.24E-01 i i4.93E-03 i i2.72E-02 i i1.96E-02 i i1.01E-02
i ii

iDTLZ1 i i∆p i i2.44E-05 i i1.52E-03 i i2.77E-03 i i3.23E-04 i i4.01E-03 i i3.45E-04 i i4.78E-04 i i

i i1.10E-04 i i1.48E-04 i i2.80E-04 i i4.41E-05 i i1.01E-04 i i6.20E-06 i i3.10E-04
i iSpread i i1.32E-02 i i4.94E-01 i i1.01E+00 i i1.84E-01 i i2.71E+00 i i6.48E-01 i i3.96E-01 i i

i i2.16E-00 i i2.91E-00 i i2.01E-01 i i3.23E-01 i i2.88E-01 i i2.57E-00 i i2.77E-01
i iEpsilon i i2.61E-02 i i2.95E-02 i i1.46E-03 i i3.34E-02 i i1.03E-03 i i4.25E-03 i i1.06E-02 i i

i i3.71E-01 i i2.92E-02 i i4.22E-01 i i1.61E-02 i i1.66E-01 i i1.48E-02 i i1.01E-02

i iHypervolume i i1.08E+01 i i1.93E-01 i i1.62E-02 i i2.03E-01 i i4.26E-02 i i3.03E-01 i i2.96E-01 i i

i i1.06E-04 i i1.62E-03 i i2.95E-03 i i4.20E-02 i i1.11E-02 i i1.86E-03 i i1.14E-03
i

iDTLZ2 i i∆p i i2.53E-05 i i2.47E-03 i i2.66E-04 i i5.91E-04 i i2.18E-02 i i3.72E-04 i i3.94E-04 i i

i i2.10E-06 i i7.05E-04 i i3.00E-05 i i5.41E-05 i i4.38E-03 i i3.10E-05 i i3.02E-05
i iSpread i i2.31E-02 i i5.45E-01 i i3.82E-01 i i6.41E-01 i i6.55E-01 i i4.45E-01 i i3.82E-01 i i

i i4.77E-04 i i1.72E-01 i i6.53E-03 i i1.40E-02 i i4.72E-01 i i2.04E-02 i i5.27E-02
i iEpsilon i i2.68E-03 i i5.61E-02 i i1.36E-01 i i3.03E-02 i i2.72E-01 i i7.40E-02 i i5.04E-02 i i

i i5.15E-01 i i7.21E-03 i i5.36E-02 i i2.56E-01 i i3.72E-01 i i1.12E-02 i i3.73E-02

i iHypervolume i i1.08E-01 i i3.71E-01 i i5.23E-02 i i3.62E-01 i i4.22E-01 i i1.00E+00 i i3.02E-01 i i

i i7.36E-02 i i1.62E-02 i i4.24E-04 i i1.73E-02 i i1.34E-03 i i0.00E+00 i i4.56E-03
i

iDTLZ3 i i∆p i i2.46E-05 i i4.21E-03 i i4.04E-04 i i1.48E-03 i i1.21E-01 i i1.01E-01 i i2.03E-02 i i

i i1.11E-05 i i2.13E-03 i i2.32E-04 i i5.40E-04 i i2.91E-02 i i3.58E-02 i i1.40E-02
i iSpread i i1.38E-04 i i3.61E-02 i i1.31E+00 i i3.62E-02 i i1.42E-03 i i1.21E+00 i i1.91E-02 i i

i i3.43E-01 i i2.72E-01 i i6.25E-02 i i1.62E-02 i i4.21E-01 i i1.08E-01 i i1.62E-01
i iEpsilon i i2.17E-03 i i2.73E-01 i i4.72E-01 i i2.83E-02 i i2.21E-01 i i5.36E+00 i i2.21E-01 i i

i i1.43E-03 i i2.26E-02 i i4.76E-02 i i5.62E-02 i i7.73E-02 i i1.71E+00 i i3.82E-02

i iHypervolume i i1.61E-01 i i1.73E-01 i i2.32E-02 i i1.73E-01 i i2.41E+01 i i2.11E-01 i i3.95E-02 i i

i i1.30E-01 i i2.72E-03 i i5.88E-02 i i2.62E-02 i i4.22E-03 i i8.65E-03 i i4.26E-03
i ii

iDTLZ4 i i∆p i i1.32E-03 i i3.60E-02 i i2.68E-02 i i1.13E-04 i i3.78E-02 i i3.34E-03 i i2.15E-02 i i

i i3.10E-06 i i1.01E-04 i i4.30E-03 i i1.08E-04 i i5.48E-03 i i3.42E-03 i i3.91E-03
i iSpread i i1.77E-01 i i2.07E-01 i i4.72E-02 i i5.63E-01 i i4.13E-03 i i2.56E-01 i i4.04E-02 i i

i i4.10E-01 i i2.52E-02 i i5.62E-01 i i2.20E-02 i i4.54E-02 i i1.28E-01 i i3.81E-02
i iEpsilon i i8.04E-03 i i3.01E-02 i i5.72E-03 i i2.62E-02 i i1.41E-01 i i2.22E-01 i i3.61E-02 i i

i i7.91E-03 i i4.51E-02 i i8.13E-03 i i7.62E-02 i i7.32E-03 i i2.74E-01 i i2.93E-02

i iHypervolume i i1.48E+01 i i1.62E-03 i i2.12E-02 i i4.23E-01 i i4.92E-02 i i1.95E-01 i i2.32E-02 i i

i i1.31E-05 i i1.82E-04 i i4.05E-02 i i2.82E-02 i i4.22E-02 i i1.46E-02 i i1.98E-02
i ii

iDTLZ5 i i∆p i i1.34E-04 i i1.34E-01 i i2.20E-01 i i3.52E-03 i i2.61E-02 i i2.76E-01 i i1.91E-02 i i

i i2.71E-05 i i6.35E-02 i i2.61E-02 i i5.87E-04 i i2.25E-02 i i1.30E-02 i i1.03E-03
i iSpread i i2.80E-01 i i4.62E-01 i i1.35E+00 i i4.25E-01 i i1.03E+00 i i1.42E-02 i i6.21E-01 i i

i i4.01E-03 i i4.61E-02 i i6.95E-03 i i4.21E-02 i i3.13E-04 i i4.46E-02 i i3.28E-02
i iEpsilon i i2.13E-03 i i2.72E+00 i i3.10E-01 i i5.93E-01 i i3.62E-01 i i6.74E-01 i i3.05E-01 i i

i i2.45E-00 i i3.16E-01 i i1.68E-01 i i3.89E-01 i i1.01E-01 i i2.21E-01 i i1.94E-01

i iHypervolume i i1.62E+00 i i2.01E-03 i i1.91E-01 i i3.12E-02 i i1.17E-01 i i1.04E-01 i i1.52E-02 i i

i i1.10E-04 i i1.55E-02 i i6.82E-02 i i1.24E-03 i i3.42E-02 i i4.51E-02 i i1.01E-02
i

iDTLZ6 i i∆p i i2.01E-03 i i1.32E-02 i i2.51E-02 i i4.20E-03 i i3.26E-02 i i2.10E-02 i i1.11E-02 i i

i i1.66E-04 i i2.65E-03 i i4.11E-03 i i2.61E-03 i i5.35E-03 i i2.11E-03 i i2.84E-03
i iSpread i i2.44E-00 i i4.17E-01 i i2.41E+00 i i3.11E-01 i i1.25E-01 i i1.11E+00 i i1.41E-01 i i

i i5.76E-01 i i1.20E-02 i i2.82E-01 i i4.06E-01 i i1.62E-01 i i6.17E-02 i i3.74E-02
i iEpsilon i i1.46E-04 i i5.94E-01 i i3.62E-03 i i2.64E-02 i i2.42E-01 i i6.71E-01 i i3.33E-02 i i

i i6.15E-02 i i1.81E-03 i i1.51E-01 i i1.36E-04 i i5.35E-01 i i1.72E-01 i i5.81E-03

i iHypervolume i i1.08E-03 i i2.52E-01 i i4.17E-03 i i3.10E-01 i i2.48E+00 i i1.50E-01 i i3.11E-02 i i

i i1.31E-01 i i2.62E-02 i i2.08E-04 i i2.82E-03 i i4.81E-01 i i6.25E-02 i i6.71E-03
i ii

iDTLZ7 i i∆p i i3.11E-02 i i4.51E-03 i i5.97E-03 i i2.37E-03 i i3.90E-02 i i2.67E-02 i i5.41E-03 i i

i i2.76E-03 i i1.12E-03 i i2.47E-04 i i2.26E-03 i i5.93E-03 i i1.80E-03 i i2.91E-03
i iSpread i i3.66E-01 i i4.41E-01 i i1.82E+00 i i2.23E-01 i i2.72E-03 i i1.02E-01 i i1.27E-02 i i

i i5.24E-03 i i7.03E-02 i i1.52E-03 i i2.36E-01 i i1.14E-04 i i2.90E-02 i i4.41E-03
i iEpsilon i i6.77E-01 i i7.62E-01 i i1.16E-02 i i2.62E-02 i i2.07E-01 i i3.03E-01 i i1.27E-01 i i

i i4.17E-03 i i1.06E-01 i i1.62E-04 i i2.34E-02 i i2.32E-02 i i1.92E-01 i i3.31E-02

i iHypervolume i i6.61E-02 i i3.51E+01 i i1.83E-01 i i3.87E-03 i i1.02E-02 i i1.97E-01 i i1.38E-01 i i

i i1.46E-03 i i1.68E-04 i i2.93E-02 i i1.00E-02 i i3.22E-02 i i5.92E-02 i i1.75E-03
i ii

iDTLZ8 i i∆p i i5.45E-02 i i2.17E-04 i i4.02E-03 i i3.74E-02 i i3.68E-03 i i2.10E-03 i i3.52E-03 i i

i i8.80E-03 i i1.01E-03 i i1.67E-03 i i1.31E-03 i i5.67E-04 i i1.46E-03 i i7.94E-04
i iSpread i i2.86E-01 i i2.26E-01 i i1.36E-03 i i2.38E-01 i i4.06E-02 i i4.01E-02 i i1.36E-02 i i

i i6.76E-01 i i2.21E-02 i i7.52E-03 i i2.91E-01 i i2.13E-02 i i1.98E-02 i i3.04E-03
i iEpsilon i i1.00E-01 i i2.68E-01 i i5.24E-03 i i2.00E-01 i i2.23E-02 i i5.08E-01 i i1.22E-02 i i

i i5.18E-01 i i2.50E-02 i i1.23E-03 i i3.22E-01 i i1.21E-02 i i1.81E-01 i i5.96E-03

i iHypervolume i i1.61E+02 i i5.88E-02 i i2.34E-03 i i2.75E-02 i i4.42E-02 i i2.82E-01 i i1.97E-01 i i

i i1.35E-03 i i4.71E-02 i i5.16E-02 i i3.46E-01 i i2.50E-02 i i1.93E-02 i i7.75E-02
i

iDTLZ9 i i∆p i i1.46E-04 i i4.46E-03 i i5.76E-02 i i2.23E-03 i i5.88E-03 i i4.46E-03 i i6.03E-03 i i

i i2.61E-05 i i2.57E-03 i i3.32E-03 i i1.86E-03 i i3.31E-04 i i2.90E-04 i i8.42E-04
i iSpread i i8.86E-01 i i3.20E-01 i i3.51E-03 i i5.75E-01 i i2.54E-02 i i3.15E-01 i i4.08E-02 i i

i i2.77E-01 i i7.87E-02 i i2.82E-01 i i5.30E-02 i i7.44E-03 i i3.93E-01 i i8.80E-03
i iEpsilon i i8.57E-01 i i3.20E-01 i i6.72E-03 i i5.05E-01 i i6.66E-02 i i2.40E-02 i i3.37E-02 i i

i i3.98E-01 i i7.41E-01 i i5.92E-03 i i6.76E-02 i i5.95E-01 i i1.43E-02 i i2.78E-02



Fig. 13 . Archive measurement of convergence on different Pareto fronts, i.e., (a) ZDT1,
(b) ZDT6, and (c) ZDT3.

Fig. 14 . The convergence of selection approaches on (a) ZDT1, (b) ZDT3, and (c) ZDT6.

5.7 Wilcoxon signed-rank test

In ithe iliterature i(Roy, Islam, Murase, & Yao, 2015), iit ican ibe iseen ithat ithe
ioutput iindicators ido inot iprovide iany iguarantee ifor ibetter iconvergence iand idiversity, isince
isometimes ithe isolutions iobtained iare inot isimilar ito ithe ioptimal ifront iof iPareto. iThe
iWilcoxon isigned-rank itest i(Richardson, 2010) iis iperformed ion ithe iaverage ivalue iof ithe
ioutput imeasures iHypervolume, i∆p, iSpread, iand iEpsilon. iFor ieach iquestion ithe idifference
ibetween ieach ipair iof iaverage iresults iis idetermined. iThese idifferences iare isorted iin ian
iascending iorder iand iassigned ia irank iranging ifrom ithe ismallest ito ithe ilargest inumber. iIf ithe
iproposed ialgorithm iis ibetter ithan ithe icompetitor ialgorithms iwith irespect ito ia iparticular
iperformance icriterion, ithe ipositive irank iis igiven. iOtherwise, iit iis iassigned inegative irank. iA
ivalue iamount iis iset ito i0.10 ifor icontrast, iand isummarizes iboth ithe ipositive iand inegative irank
i(Richardson, 2010). iThe ifindings iof ithe iWilcoxon itest iare ishown iin iTable i6, iwhere i+, i-, iand
i= iindicate ithat iMOSOA’s ioutput iis isuperior, iinferior, iand iequal ito icompetitor ialgorithms.
iFrom iTable i6 iit iis iobserved ithat iMOSOA isurpasses iall ithe icompetitor ialgorithms iexcept



Table 5
The archive values obtained by MOSOA algorithm.

ZDT1 (Concave) DTLZ6 (Convex) ZDT3
(Disconnected)

Iterations Archive Objective value Archive Objective value Archive Objective value

x y f1 f2 x y f1 f2 x y f1 f2

1 i i i i0.981 0.013 0.658 0.729 0.055 3.409 0.441 0.179 0.788 -0.189 0.248 -0.161
0.782 -0.051 -0.199 5.779 0.776 -0.035
0.744 0.087 -0.197 5.778 0.742 0.087
0.711 0.218 -0.178 5.128 0.695 0.217
0.621 0.338 -0.176 5.128 0.633 0.329
0.547 0.460 -0.198 5.782 0.546 0.446
0.437 0.555 -0.114 3.906 0.436 0.547
0.326 0.638 -0.175 5.132 0.231 0.638
0.200 0.710 0.044 3.408 0.200 0.696
0.057 0.760 -0.158 5.131 0.069 0.754

i50 0.637 -0.189 0.560 0.548 -0.075 1.822 0.384 0.031 0.616 -0.19 0.100 -0.161
0.657 -0.063 -0.179 3.031 0.552 0.054
0.602 -0.087 -0.175 3.820 0.676 0.040
0.640 0.141 -0.169 4.029 0.548 0.172
0.53 0.211 -0.173 2.804 0.531 0.137
0.426 0.315 -0.12 4.257 0.484 0.323
0.347 0.230 -0.079 2.888 0.551 0.216
0.238 0.542 -0.178 2.822 0.133 0.571
0.202 0.626 0.011 2.017 0.193 0.636
0.067 0.558 -0.162 4.212 0.017 0.540

i100 -0.174 0.701 0.569 0.356 0.72 -0.053 0.344 0.761 -0.181 0.724 0.059 0.71
-0.089 0.464 0.773 -0.055 -0.161 0.588
0.028 0.336 0.748 0.091 -0.17 0.500
0.129 0.224 0.711 0.211 -0.123 0.460
0.248 0.147 0.630 0.340 0.000 0.267
0.273 0.081 0.528 0.458 0.036 0.073
0.404 0.012 0.383 0.587 0.231 -0.027
0.486 -0.034 0.323 0.641 0.217 -0.292
0.604 -0.095 0.262 0.714 0.417 -0.457
0.699 -0.135 0.050 0.767 0.614 -0.711

iNSGA-II iwhich ifinds isuperior ion imeasure iHypervolume.

6 Engineering design problems

To ievaluate ithe iefficacy iof ithe iproposed iMOSOA ialgorithm, iits iefficiency iis ievaluated
ion isix ispecific iengineering idesign iproblems. iThese imulti-objective iconstrained iengineering
iproblems iemployed ithe ideath ipenalty i(Coello, 2002). iThough, ithe irole iof ideath ipenalty iis
iused ito idiscard ithe iinfeasible isolutions iand idoes inot iuse ithe iknowledge iof ithose isolutions
ithat iare iuseful iin isolving ithe icontrolled iinviolable iregions. iMOSOA ialgorithm iis ifitted iwith
ideath ipenalty ifeature ito ihandle ithe imultiple iconstraints idue ito ilow icomputational icost iand
iits isimplicity.

6.1 Welded ibeam idesign iproblem

This iissue ihas icentered iprimarily ion ireducing ithe icost iof iproduction iand iat ithe
isame itime idecreases ithe ivertical ideflection i(Ragsdell & Phillips, 1976) i(see iFig. i15). iThe



Table 6
Wilcoxon signed-rank test.

Algorithms Hypervolume ∆p Spread Epsilon

MOSOA = + + +
MOPSO + + = +
NSGA-II - + + =
MOEA/D + + + +
PESA-II + + = +
MOSHEPO + + + +
MOACO + + + +

iproblem iof iwelded ibeam idesign irequires ifour ivariables ifor ioptimization, ias ishown iin iFig.
i15. iAppendix iD of Supplementary Material isets iout ithe iscientific inotation iof ithis iproblem.
Table i7 iillustrates ithe icomprehensive istudy iof ivarious iapproaches iin iorder ito iobtain ithe
ibest ioutcome ifor ithe iproblem. iThe ioptimal isolution ifor ifinding ithe inear-optimal isolution iis
iaccomplished iusing iMOSOA. iProposed isolution ioutperforms iindicative iof ilongevity iof ithe
ialgorithm ifor isolving irestricted iengineering iproblems.

Fig. 15 . Welded beam design problem.

Fig. 16 demonstrates that MOSOA is having the optimal solution. From this figure
it is observed that in case of solving the problem of welded beam design, the proposed
MOSOA algorithm has a high durability.



Fig. 16 . The obtained Pareto solutions by MOSOA and competitive techniques on welded
beam problem.

6.2 Multiple-disk clutch brake design problem

This problem focuses on lowering the stop time (f1) and lowering the brake sys-
tem mass (f2) (Rao & Waghmare, 2017) (see Fig. 17 and Appendix D of Supplementary
Material). The question consists of five criteria for judgment. Table i8 idemonstrates ithe
istatistical iimportance iof ithe istrategy isuggested iagainst iother imethods. iMOSOA iis iused ito
iobtain ithe ibest ioutput iof idecision ivariables. iIf ievaluated iin iterms iof i∆p, iSpread, iEpsilon, iand
iHypervolume iit ioutperforms iother ialgorithms. iMOSOA, iMOPSO, iand iNSGA-II imanaged
ito iachieve ioptimum iPareto ifronts. iIt ican ibe iobserved iby iFig. i18 ithat iMOSOA, iMOPSO,
iand iNSGA-II iresults iare icomparable.

Table 7
The comparison between different approaches for welded beam problem.

Performance
Metrics

MOSOA MOPSO NSGA-II MOEA/D PESA-II MOSHEPO MOACO

Hypervolume 4.17E+01 7.08E-01 6.16E-01 6.93E-01 7.81E-01 6.41E-01 7.58E-01
2.34E-02 5.92E-01 3.21E-01 5.96E-01 7.95E-01 3.86E-01 4.71E-01

∆p 2.70E-03 2.35E-01 1.68E-01 2.35E-02 5.83E-01 6.91E-02 3.33E-02
4.04E-05 5.50E-02 1.82E-02 1.31E-02 5.86E-02 4.52E-02 2.49E-02

Spread 1.36E-02 1.47E-01 8.91E-01 1.77E+00 2.71E-01 4.47E-01 2.65E-01
4.95E-07 7.28E-02 1.77E-01 2.11E+00 5.21E-02 1.17E-01 1.96E-01

Epsilon 8.63E-04 1.03E-01 8.63E-02 3.21E-02 2.23E-01 2.62E-02 3.67E-02
1.11E-06 7.52E-02 1.35E-02 8.74E-03 8.62E-02 4.64E-03 2.01E-03



Table 8
The comparison between different approaches for multiple-disk clutch brake problem.

Performance
Metrics

MOSOA MOPSO NSGA-II MOEA/D PESA-II MOSHEPO MOACO

Hypervolume 3.52E+00 6.85E-01 5.04E-01 7.52E-01 8.01E-01 8.62E-01 5.41E-01
1.42E-02 4.31E-01 3.51E-01 6.62E-01 7.13E-01 6.95E-01 2.10E-01

∆p 1.01E-03 4.14E-02 1.12E-01 6.42E-02 1.20E-01 8.71E-02 4.12E-02
1.43E-07 4.95E-03 1.51E-02 5.02E-02 7.81E-02 3.12E-02 3.50E-02

Spread 1.11E-02 1.35E-01 7.62E-01 2.41E+00 7.42E-01 7.31E-01 2.30E-01
1.15E-02 1.91E-01 3.12E-01 1.34E+00 4.20E-01 3.41E-01 1.37E-01

Epsilon 1.64E-03 1.13E-01 5.02E-02 1.38E-01 1.11E-01 1.92E-02 2.97E-02
4.16E-04 8.83E-02 1.43E-02 7.31E-02 6.31E-02 1.30E-02 1.57E-02

Fig. 17 . Multiple-disk clutch brake design problem.



Fig. 18 . The obtained Pareto solutions by MOSOA and competitive techniques on multiple-
disk clutch brake problem.

6.3 Pressure vessel design problem

This problem was proposed by Kannan and Kramer (Kannan & Kramer, 1994) to
minimize total cost (f1)and optimize storage space (f2),as shown in Fig. 19.

Fig. 19 . Pressure vessel design problem.

This iproblem iis icomposed iof ifour ivariables iof inature. iMathematical inotes icomprising
ithis iparticular iproblem iare isummarized iin iAppendix iD of Supplementary Material. iTable
i9 idisplays ithe iMOSOA’s icomparative ianalysis iwith iother irecorded ialgorithms. iUsing ithe
iMOSOA iminimum icost iand ioptimum icapacity igoals iare iachieved. iThe iMOSOA, iMOPSO,
iand iNSGA-II igenerate ioptimal iPareto ifronts iwhich iare ishown iin iFig. i20. iThe iMOSOA,
iwhen ievaluated iagainst ithe iNSGA-II iand iMOPSO, iis ialso iable ito iprovide icomparable
iresults.



Table 9
The comparison between different approaches for pressure vessel problem.

Performance
Metrics

MOSOA MOPSO NSGA-II MOEA/D PESA-II MOSHEPO MOACO

Hypervolume 2.02E+00 6.20E-01 5.24E-01 7.94E-01 6.24E-01 6.50E-01 2.10E-01
1.01E-02 2.10E-01 2.41E-01 5.01E-01 6.00E-01 6.83E-01 1.67E-01

∆p 1.16E-06 5.15E-02 3.30E-02 1.58E-02 2.10E-03 2.66E-02 1.27E-03
2.12E-04 1.18E-02 3.44E-03 4.97E-02 2.21E-02 8.91E-02 1.62E-02

Spread 1.65E-02 6.00E-01 3.31E-01 2.32E+00 7.44E-01 8.62E-01 3.17E-01
1.10E-02 1.55E-01 2.61E-01 1.03E+00 5.37E-01 5.34E-01 1.88E-01

Epsilon 1.18E-03 2.48E-01 8.51E-02 2.46E-01 1.41E-01 4.29E-02 1.57E-02
3.20E-04 7.42E-02 6.83E-02 1.34E-01 2.12E-01 2.81E-02 2.17E-02

Fig. 20 . The obtained Pareto solutions by MOSOA and competitive techniques on pressure
vessel problem.

6.4 Speed reducer design problem

This iselected iproblem icomprises iof itwo iparameters ithat ineed ioptimization, isuch ias:
istress i(f2) iand iweight i(f1). iThere iare ieleven iconstraints i(Rao, Savsani, & Vakharia, 2011)
ito ithis iproblem i(see iFig. i21). It iincludes iseven ivariables ifor ioptimization iof ithis iproblem
i(x1i − ix7). iAppendix iD of Supplementary Material isummarizes imathematical inotations



ithat icomprise ithis iproblem.

Table i10 idisplays ithe icomparative istudy iof ioptimal iresults iobtained iusing isix
ioptimization ialgorithms, iand ithe iMOSOA. iIn icomparison iwith iother iequivalents, ioutput
igain ican ibe ieasily iseen ifrom iTable i10 iusing ithe iMOSOA. iSmall iweight iand itension iare ithe
itwo itargets iwhich ithe iMOSOA ihas iachieved. iFig. i22 ipresents ithe ibest iresults iobtained
ifrom ialgorithms iMOSOA, iMOPSO, iand iNSGA-II. iHowever, ifor ithis iparticular iproblem ithe
iMOSOA iproduces ithe ibest ioptimal iPareto isolution. iPareto isolutions icollection iverifies ithe
iMOSOA’s ioutstanding iresults.

Fig. 21 . Speed reducer design problem.

Table 10
The comparison between different approaches for speed reducer problem.

Performance
Metrics

MOSOA MOPSO NSGA-II MOEA/D PESA-II MOSHEPO MOACO

Hypervolume 2.21E+00 4.85E-01 5.01E-01 6.51E-01 8.94E-01 7.63E-01 4.10E-01
1.21E-02 3.34E-01 4.61E-01 5.68E-01 7.02E-01 5.13E-01 3.01E-01

∆p 3.12E-04 4.06E-02 1.25E-02 5.43E-02 4.01E-01 5.41E-03 4.98E-02
1.56E-04 3.82E-03 2.02E-02 2.62E-02 7.92E-02 3.65E-03 3.48E-03

Spread 1.72E-02 2.35E-01 5.41E-01 1.96E+00 3.51E-01 5.94E-01 2.10E-01
1.14E-02 2.36E-01 3.31E-01 1.44E+00 5.31E-01 3.43E-01 1.51E-01

Epsilon 1.17E-03 1.08E-01 2.27E-01 1.95E-01 5.52E-01 1.33E-01 1.74E-01
4.08E-04 2.58E-01 6.52E-02 6.62E-02 4.17E-02 1.95E-01 3.53E-02



Fig. 22 . The obtained Pareto solutions by MOSOA and competitive techniques on speed
reducer problem.

6.5 Gear train design problem

In ithis iproblem, ithere iare irequirements ito idetermine ithe inumber iof iteeth iand isize
ifor ievery ifour igears iby iwhich ithe ierror i(Prayoonrat & Walton, 1988) ibetween iobtained
iand irequired igear iratio, ias ishown iin iFig. i23. iThis iproblem iconsists iof ifour iparameters ifor
ian iinteger ijudgment. iAppendix iD of Supplementary Material isummarizes imathematical
inotations ithat icomprise ithis iproblem.

TfTa
Td

Tb

Fig. 23 . Gear train design problem.

Table i11 icompares ithe iMOSOA’s iproposed iperformance ievaluation iwith iother
icompeting ialgorithms. iUsing iMOSOA ithe ibest ipossible iresults iare iobtained. iFig. i24
ishows ithe ibest iMOSOA, iMOPSO, iand iNSGA-II ioutcomes iin iterms iof ithe ioptimal iPareto
ifronts.



Table 11
The comparison between different approaches for gear train problem.

Performance
Metrics

MOSOA MOPSO NSGA-II MOEA/D PESA-II MOSHEPO MOACO

Hypervolume 2.63E+02 8.52E-01 5.10E-01 5.38E-01 7.61E-01 8.85E-01 5.47E-01
1.85E-03 5.95E-01 4.61E-01 6.96E-01 6.13E-01 7.90E-01 3.33E-01

∆p 1.61E-03 4.41E-01 3.57E-02 5.78E-01 3.44E-01 6.01E-02 3.51E-02
1.40E-02 1.88E-02 4.64E-04 1.32E-02 3.07E-02 3.65E-02 2.31E-02

Spread 1.25E-02 1.83E-01 4.38E-01 1.24E+00 6.92E-01 8.63E-01 4.21E-01
6.62E-03 1.02E-01 2.11E-01 1.01E+00 4.01E-01 4.31E-01 2.46E-01

Epsilon 2.44E-04 1.10E-01 1.31E-01 1.21E-01 8.45E-02 1.26E-01 3.61E-02
1.50E-04 6.61E-02 1.03E-01 8.64E-02 2.47E-02 1.24E-01 1.91E-02

Fig. 24 . The obtained Pareto solutions by MOSOA and competitive techniques on gear
train problem.

6.6 25-bar truss design problem

To itest ithe ioutput iof ithe iproposed ialgorithm ithis iproblem i(Dhiman & Kaur, 2018,
In pressa, 2018, In pressb) iis iselected. iThis iarchitecture iconsists iof iten istatic inodes, iand
itwenty-five ibar icross-sectional imembers i(see iFig. i26).

The i25-bar itruss idominant iposition iis ishown iin iTable i12. iCompared ito iother
ialgorithms, ias iis ishown iin iTable i12, ithe iMOSOA iobtains ithe ibest ioptimal iconsequence.
iThe istatistical ifindings iobtained iin iterms iof iaverage iand istandard ideviation ialso iindicate
ithat ithe iMOSOA iis ioutperforming ithe irival ialgorithms. iFrom iFig. i25, it iis ialso iclear ithat
ithe iMOSOA iconverges ivery iquickly iin iorder ito iachieve ithe ioptimum isolution.



Fig. 25 . The obtained Pareto solutions by MOSOA and competitive techniques on 25-bar
truss problem.

7 Conclusions and Future Works

This iarticle iintroduced ia inew iMOO ialgorithm, inamed iMulti-objective iSeagull
iOptimization iAlgorithm i(MOSOA). iThis ialgorithm imimics ithe isearching iand iattacking
ibehaviors iof iseagulls iin inature. iThree inew icomponents iare iintegrated iinto ithis istudy ito
isolve iMOO iproblems. iThe ifirst ipart iincludes ian iarchive, ithe ikey ifunction iof iwhich iis
ito iidentify iand icompile ithe ibest inon-dominated isolutions. iThe isecond ipart iprovides ithe
igrid imechanism ito iomit ithe imost icrowded ipart iof ithe inon-dominated isolutions. iAnd, ithe
ithird iaspect iprovides ia icriterion ifor ileader iselection ito ichoose ioptimal isolutions ifrom ithe
iarchive. iThis ialgorithm iis ichecked ion itwenty-four iwell-known ibenchmark itest ifunctions.
iFinally, isix ireal-life iMOO iproblems ihave ivalidated iit. iVarious iexperimental ifindings iin ithis

Table 12
The comparison between different approaches for 25-bar truss problem.

Performance
Metrics

MOSOA MOPSO NSGA-II MOEA/D PESA-II MOSHEPO MOACO

Hypervolume 1.13E-00 7.58E-01 3.34E-01 6.45E-01 3.04E-01 5.75E-01 2.03E-01
1.15E-02 4.78E-01 1.41E-01 4.01E-01 1.70E-01 4.84E-01 1.30E-01

∆p 2.21E-03 1.55E-01 2.78E-02 1.01E-01 1.67E-01 2.26E-02 4.37E-02
1.41E-03 1.71E-01 1.46E-02 1.33E-01 3.01E-02 1.85E-02 2.58E-02

Spread 1.16E-02 2.58E-01 3.31E-01 1.48E-01 4.06E-01 4.37E-01 2.33E-01
3.32E-03 2.42E-01 2.26E-01 1.17E-01 3.03E-01 1.85E-01 1.01E-01

Epsilon 1.87E-03 1.90E-01 1.81E-01 1.58E-01 2.86E-02 1.41E-01 2.65E-01
1.71E-03 2.01E-02 1.43E-01 1.80E-02 1.75E-02 1.01E-01 1.57E-01
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Fig. 26 . 25-bar truss design problem.

iregard irepresent ithat ithe iMOSOA iprovides ithe ibest iresults iin iterms iof icomputational icosts
icompared iwith iexisting icompeting ialgorithms. iThe ibinary iversion iof iMOSOA ialgorithm iwill
ibe idesigned ifor ifuture iresearch ito isolve ivarious idifficult ireal-life icomplex iproblems. iAlso,
ithe imany-objective iversion iof ithe iproposed ialgorithm ican ibe iseen ias ithe ifuture icontribution.
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