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ABSTRACT

Inthisstudy,anovenassemblylinethatisplanningtore-establishmanufacturingtoincreasethe
efficiency of the assembly process. The importance of the problem emerges from a real-world
applicationconsistingofproduct-orientedrestrictions.Thesemultiplerestrictedproblemsaddressthe
singlemodelassignmentrestrictedALBproblemwithpositionalconstraints.Acost-basedobjective
functionisusedtocopewiththisproblem.Thenumberofplatformedandnon-platformedstations,the
numberofdirectionchangesinastation,thenumberofstationsinwhichbothconnectorandcombiner
areusedarethecostfactorsoftheobjectivefunction.Also,themainobjectiveoftheproblemisto
minimizethetotalnumberofstationswhilesatisfyingtherestrictions.Asimulatedannealing-based
hyper-heuristicisadaptedandappliedtothebalancingproblemofovenmanufacturingprocesswith
assignmentsandoperationalrestrictionswithmultipleobjectives.Theresultsshowthatbettersolutions
canbefoundinthecurrentlinebalancelevelwhilesatisfyingmorerestrictions.Itisalsoobserved
thatlinebalancecanbeimproveddependingontherelaxationoftherestrictions.
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INTROdUCTION

Theassemblylinebalancing(ALB)problemdeterminestheworkstations,whichtasksareassigned
to,byconsideringprecedenceconstraintsandcycletimesoastooptimizepredeterminedperformance
measures(Ghosh&Gagnon,1989).ManyresearchershavestudiedALBproblemsincethefirst
timeitwasintroducedintheliterature.Baybars(1986)classifiedALBproblemsintotwogroups:
simpleassemblylinebalancingproblem(SALBP)andgeneralizedassemblylinebalancingproblem
(GALBP).IntheSALBP,tasktimesareconsideredasdeterministicandataskcanonlybeassigned
toonestation.WhileSALBP-1aimstominimizethenumberofworkstationsforpredeterminedcycle
time,SALBP-2aimstominimizethecycletimeforagivenstationnumber.GALBPsignifiesthe
anyotherALBproblemthatgeneralizesSALBPbyeliminatingsomeassumptions.Therearealso
manyotherclassificationsofALBproblems.Theshapeoftheassemblylineisoneofthecommon
classifyingcriteriaforALBproblems.Miltenburg&Winjngaard(1994)andErel,Sabuncuoğlu&
Aksu(2001)studiedU-lineALBproblems.Inadditiontothesinglemodelassemblylines,mixed
model(Yano&Bolat,1989;Bard,Dar-El,&Shtub,1992)andmultimodel(Burns&Daganzo,1987;
Dobson&Yano,1994)assemblylinesallowtoproducesimilarordifferentproductsonthesameline
(Bukchin,Dar-El,&Rubinovitz,2002).AdetailedliteraturereviewcanbefoundinBecker&School
(2006)andSchool&Becker(2006).Additionally,someotherspecializedfeaturessuchasparallel

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonJuly1,2019willproceedwithpublicationasanOpenAccessarticlestart-
ingonFebruary2,2021inthegoldOpenAccessjournal,InternationalJournalofOperationsResearchandInformationSystems(converted

togoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://cre-
ativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorofthe

originalworkandoriginalpublicationsourceareproperlycredited.



International Journal of Operations Research and Information Systems
Volume 10 • Issue 3 • July-September 2019

45

workstations(McMullen&Frazier,1998),twosidedlines(Bartholdi,1993),parallelassemblylines
(Gökçen,Ağpak,&Benzer,2006),incompatibilitiesandboundedloads(Pastor&Corominas,1999),
designingassemblylineswithequipmentselection(Buckhin&Rubinovitz,2003)andequipment
costs(Buckhin&Tzur,2000)arepresentedintheassemblylineliterature.

Alltheseproblemtypesarisefromthegoalofmeetingthereal-worldproblemrequirements.
AlthoughtheALBliteratureisveryrich,thereisstillagapbetweentheoreticalstudiesandreal-
world applications (Becker & School, 2006; Boysen, Fliedner, & Scholl, 2008). Position and/or
accessibilityconstraints(Lapierre&Luiz,2004;Essafi,Delorme,Dolgui,&Guschinskaya,2010)
areconsideredastaskassignmentrestrictionsinadditiontocycletimeandprecedenceconstraints.
Acertainstation–taskassignmentmayoccurwhenthepositionoftheassemblingproductcannot
bechangedduetoweightorsizeoftheproduct(School,Fliedner,&Boysen,2010).Furthermore,
zoningconstraintscanbeappliedwhensomegroupoftasksshouldbeassignedtothesamestationor
incompatibletasksshouldbeassignedtodifferentstations.Alltheseconstraintsappearinrealworld
applications,sotheseconstraintsshouldbetakenintoconsiderationwhilebalancingtheassembly
lines.Inthisarticle,areal-worldassemblylinebalancingproblemishandled.Anovenproducer
decidedtoredesigntheirassemblylines.Theyneedtolearnthatwhetheritispossibletobalance
theassemblylineinhigherefficiencylevelwhilesatisfyingtheproductionrestrictionslearnedfrom
previousassemblyexperiences.

ALB is an NP-hard problem (Karp, 1972) due to its computational complexity. Although
technologicaldevelopmentsallowustohandledifferentsizedproblems,itisstillfarawaytodealwith
realworldlargesizedproblems.Gökçenetal.(2006)statedthattheoptimalsolutionofdeterministic
parallelALBPwasfoundforonlysmallsizedproblems.Sincethenumberofoperationsinrealworld
ALBproblemsisveryhigh,heuristicsolutionalgorithmshavebeenusedtoproducesolutionswithin
anacceptabletime.Themeta-heuristicshavebeenwidelyusedinmanyareassuchasvehiclerouting
problem(Layeb,2015),supplychainoptimization(Gupta,Kundu,&Gupta,2017)andothersubjects
arereviewedinSensuse&Cahyaningsih(2018).

Themeta-heuristicapproachessuchassimulatedannealing(Erel,Sabuncuoğlu,&Aksu,2001;
Baykasoğlu, 2006; McMullen & Frazier, 1998; Suresh & Sahu, 1994), ant colony optimization
algorithm(McMullen&Tarasevich,2003;Sabuncuoğlu,Erel,&Alp,2009;Özbakır,Baykasoğlu,
Görkemli,&Görkemli,2011)havebeenusedinmanyALBproblemsintheliterature.Themeta-
heuristicsprovideagenericsolutionmechanismand theyaredesignedand implemented for the
problemitselfbyconsideringproblemspecificinformation.Inthisstudy,ahyper-heuristic(HH)
solutionapproachisusedtosolvethereal-lifemanufacturinglinebalancingproblemconcerning
thetaskandstationrestrictions.Hyper-heuristicsareconsideredasautomatedsolutionprocessthat
solvesthegeneralizedproblemsindependentofproblemdomainasahigh-levelsolutionapproach
(Burkeetal.,2013).Hyper-heuristicsprovidesefficientsolutionstothetaskandstationrestricted
ALBproblemduetolearningabilitiesandapplicabilityofgeneralproblemarea.

Thisstudyisanapplicationofsimulatedannealingbasedhyper-heuristicapproachtothereal-life
ALBproblem.TheaddressedALBproblemisdifferentfromsimpleALBproblembytherestrictions
aboutthedirectionofassembly,usageoflifterandoperationtype.Theserestrictionsareformulated
asamathematicalprogrammingapproach,butthesizeoftheproblemmakesheuristicapproaches
moreuseful.Thedevelopedsolutionalgorithmproducessolutionsaccordingtotheprioritiesofthe
company.Decisionmakerscanevaluatealternativesolutionsfordifferentpriorities.Theproposed
solutionapproachcanbeeasilyadaptedandappliedtovarioustypesofALBproblemswithdifferent
restrictions.

Thepaperisorganizedasfollows:theALBproblemhandledinthispaperisdescribedindetailin
section2.TherestrictionsonALBproblemandthemathematicalmodelareexplained.Theproposed
hyper-heuristicmethodandtheliteraturereviewaregiveninsection3.Theclassificationofhyper-
heuristicmethodologiesandapplicationexamplesarealsodiscussed.Insection4,theresultsobtained
byhyper-heuristicalgorithmarecomparedwiththecurrentassemblylinebalances.Propertiesofthe
suggestedsolutionarediscussed,andsomeadviseisgiventothemanagerialboardofthecompany.
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STATeMeNT OF THe PROBLeM

Thefirmproducesthreedifferentovenmodels.Allthreemodelsaresimilarwitheachotherand
thecompanydoesnotconsiderthemasindependentproducts.So,thesemodelsareconsideredas
asinglemodel,whichsometaskshavezerotasktimeregardingthemodelcharacteristics.Thetask
timesaredeterminedas0forthetasks,whicharenotincludedinthespecificovenmodel.Actually,
inrealworldproductionapplicationsmostoftheproducersapplythisperspective.Thissituationalso
causessometask–stationrestrictions.

The task timesvary from4 to85 forallmodels.Themaindifferenceamong themodels is
thenumberoftaskstobeperformed.TheF-ratio,indicatingtheflexibilityofnetworkdiagram,is
calculatedasjustabout0.69forallmodels.Thismeansrelativelylessprecedenceconstraintsand
higherflexibilityingeneratingvalidsolutions.AlltheseinformationaddressesthesinglemodelALB
problemwithstationandtaskassignmentrestrictions.

Theassumptionsoftheproblemconsideredinthispaperaregivenasfollows:

• Asinglemodelisproducedinthestraightassemblyline
• Theprecedencerelationsamongtasksareknown
• Thetasktimesareknownanddeterministic
• Aconveyorbelttypetransporterisusedtomovetheworkpiecewithacertainspeed
• Transportationtimesarenegligibleandassumedtobeincludedinthetasktimes

Problem Constraints and Restrictions
TheproblemcanbeclassifiedasaspecialversionofsinglemodeldeterministicALBproblem.The
restrictions,whichmakeproblemdifficulttosolve,aretherequirementsofthecompanyaboutthe
assemblylineandproducts.Thepreferencesofthecompanyareexpressedasfollows:

• Theassemblyofsomecomponentsisboundedupwiththedirectionoftheproduct/semiproduct
ontheline.Whilesomeoperationscanbeperformedfrombothsides,otherscanbeoperated
fromfrontorbackside.So,thecompanyrequeststhatthetasksthatareassignedtothesame
stationshouldbeoperatedfromsameside.Thismeansthattheproduct/semiproductshould
notturnitsdirectionwithinastation.Thissituationdecreasesthetimeofdirectionchangeof
product/semiproduct.

• Theassemblyoperationsmayrequireoperatingfromtopoftheproduct.Theplatformisused
toreachthetopoftheproduct/semiproducttoperformtherelatedoperations.Twotypesof
platforms,lowandhighplatforms,areusedtoachievepredeterminedheightforassembly.So,
astationshouldbedesignedasaplatformedornon-platformedstation.

• Somecomponentsofovencanbeassembledbycombinerorconnector.Fourtypesofcombiner
andtwotypesofconnectorareused.Changingthetoolinastationmaycausewasteoftime.It

Table 1. Properties of problem data

Model 1 Model 2 Model 3

Numberoftasks 116 108 83

Mintasktime 4 4 4

Maxtasktime 85 85 85

Averagetasktime 23.29 26.74 29.05

Fratio 0.686 0.690 0.695
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ispreferredthatonlysametypeofassemblyoperations(combinerorconnector)areperformed
withinthesamestation.

• Afewpredefined tasksneed tobeassigned toastation that isnotearlier thanapredefined
station.Thishelpsthecompanytomakesmallmodificationsonsimilarmodels.Also,some
tasksshouldbeassignedtosamestationstominimizetheprocessdifferentiationsofproducing
differentmodels.

While new parts/components used in the assembly, some new task assignment restrictions
andpositionalconstraintsarise.Theserestrictionsarelearnedbytrialanderrormethodduringthe
productionprocess.Thefirmhandledthisproblembyconsideringswappingthetasksorcombining/
separating thestations.Thisapproachdidnotmeetall therestrictionsandconstraintsaswellas
itdecreasedtheproductionrate(increaseinthecycletime).Itshouldnotbeforgottenthatthese
restrictionsarepreferencesofthecompanyandtheycanbesacrificedaccordingtotheirpriorities.

Therestrictionsandconstraintsmentionedabovecausesomenewassumptionsandcharacteristics
asfollows:

• Sometasksshouldbeassignedtothesamestationduetoneedforperformingthesetaskstogether
orneedfortheusageofplatform

• Sometasksshouldbeassignedtoacertainstationevenifthereareavailablepreviousstations
tobeassigned

Exceptthose,inadditiontothemainobjectivethatminimizesthenumberofstationsforagiven
cycletime,problemcontainsmultipleobjectiveswithdifferentpriorities.

Problem Formulation
ThegeneralmathematicalmodelofthetypeIALBproblemaimstominimizethenumberofstations
by considering the precedence relations and cycle time restriction. The station/task restrictions
regardingthepreferencesofthecompanyareincludedinthemodelasconstraints.Thegeneralinteger
programmingmodeloftheproblemisformulatedbelow.Thenotationusedintheformulationis
describedinTable2.

Theproposedmathematicalmodelformulationisasfollowing:
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Table 2. Problem notation

C Cycletime

N Totalnumberoftasks

i Taskindex

j Stationindex

ti Operationtimeoftaski(i=1,…,N)

xij 1iftaskiassignedtostationj,0otherwise

aj Stationindexfornon-platformedstations

bj Stationindexforcombinerused(connectorfree)stations

M Averybignumber

Ap Setofprecedencerelationsbetweentasks(m,n)withm,n∈i

Yj Usageofstationj

B* Setoftasksthatcanbeoperatedfrombacksideoftheworkpiece

F* Setoftasksthatcanbeoperatedfromfrontsideoftheworkpiece

M* Setoftasksthatcanbeoperatedfrombothbackandfrontsideoftheworkpiece

P* Setoftasksthatcanbeoperatedbyplatform

SR* Setoftasksthatcanbeassembledbyaconnector

WS* Setofworkstationswhichtaskicanbeassignedto

T* Setoftasksthatshouldbeassignedtosamestation
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Theobjectiveofthemodelistominimizethenumberofstations.Constraint2ensuresthateach
taskisassignedtoexactlyonestation.Constraint3satisfiesthecycletimerestrictionthatworkload
ofeachstationcannotexceedthepredefinedcycletime.Constraint4providesthatallprecedence
relationsaresatisfied.Constraints5aand5bensurethatonlytasksthatcanbeoperatedfromsame
side(frontorback)areassignedtosamestation.Constraint6aand6bensurethatthetasksthatneed
platformareassignedtosamestation,andviceversa.Constraint7aand7bensurethatthetasks,which
assembledbyconnectors,areassignedtosamestation.Itisalsovalidforcombiners.Constraint8
ensuresthatataskcannotbeassignedbeforetheassignablestation.Constraint9ensuresthatsome
tasksshouldbeassignedtothesamestations.Constraint10describesthebinaryvariables.Alsonote
thatWS*dependsoni.

SincetheproblemisNP-Hard,thetimeneededforthesolutionrisesbythenumberoftasks
increase.Nevertheless,underthehardconstraintsandrestrictions,anysolutionmaynotbeprovided.
Therelaxationof theconstraintsmakesmodelmoreflexible.Thedeviationfromtheconstraints
andrestrictionscanbeameasureofhowagoodsolutionisreached.Anefficientwaytocalculate
thedeviationfromobjectives(constraintsandrestrictions)istouseacostbasedobjectivefunction.
UsingcostbasedobjectivefunctionisanefficientwaytosolvetheALBproblemsespeciallywith
multipleobjectives(Amen,2001).Thecycletimecanbeusedasacommonpenalizingmeasurefor
violationsofgoals.Theobjectivefunctionforsolvingtheprobleminproposedsolutionapproachis
determinedasfollows:

Cost1(minimizingthenumberofstations)=cycletime(C)xnumberofstations(∑Yj)
Cost2(minimizingthenumberofdirectionchangeinastation)=cycletime(C)xnumberof

directionchangeinastation(R)
Cost3(minimizingthenumberofstationshavingbothequippedwithplatformandnotequipped

withplatform)=(cycletime(C)/2)xnumberofstationwithandwithoutequippedwithplatform
(P)

Cost4(minimizingthenumberofcombiner/connectorchangeswithinastation)=(cycletime(C)
/3)xnumberofcombiner/connectorchangeinastation(SR)
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R:numberofdirectionturnsinastation(R=1…r)
P:numberofplatformchangesinastation(P=1…p)
SR:numberofcombiner/connectorinastation(SR=1….sr)

Asseenfromthecostfunction,objectivesareweightedbytheratioofcycletimeaccordingto
theirpriorities,whicharedefinedbythecompanypreferences.Tasktimes,operationdirectionof
taskstobeperformed,needfortheplatformandthecombiner/connectorchangesaretheparameters
ofproblemandarealreadyknown.Sometaskscanbeperformedfrombothdirectionswhileothers
shouldbeperformed fromonedirection.The solution shoulddetermine the stationassignments
oftaskswithdirectionchanges,theusageofplatforminthestationandtheusageofcombineror
connectorwithinthestation.

THe PROPOSed SOLUTION MeTHOd

Ahyper-heuristicalgorithmbasedonsimulatedannealingisusedtosolvetheproblem.Thedeveloped
hyper-heuristicalgorithmbySeçme(2015)operatesindependentofALBspecifications.Theproposed
algorithmdoesnotneedparticularproblemdomainknowledge.Therefore,itcanbeeasilyapplied
toothertypesofALBproblemswithminorchanges.Thehyper-heuristicmoduleevaluatesthelow-
levelheuristicswithoutanydomaindependentinformation.Theproblemspecificrestrictionsand
propertiescanbeaddedtothetaskselectionandassignmentmodule.Thismakesthehyper-heuristics
moregeneralandadaptive.

Hyper-heuristics
Hyper-heuristicisdefinedas“asearchmethodorlearningmechanismforselectingorgenerating
heuristicstosolvehardcomputationalsearchproblems”(Burkeetal.,2010).Hyper-heuristicisa
generalproblem-solvingapproachanditisindependentfromproblemdomain(Burkeetal.,2003).
Thegoalofthehyper-heuristicsistosolvetheproblemswithautomatedprocessesinhighergenerality
levels(Burkeetal.,2007).Hyper-heuristicperformsasearchonthespaceoflow-levelheuristics
ratherthanthesolutionspaceoftheproblem(Burkeetal.,2010;2013).Themainideaistodevelop
agenericapplicablealgorithmtosolveproblemswithoutanyspecifications(Burkeetal.,2013).

The motivation behind the hyper-heuristic research is heuristics having own strengths and
weaknessesondifferenttypesofproblems.Ifthegoodcombinationofheuristicscanbefoundora
newheuristiccanbedevelopedbycombiningheuristics,thisnewheuristicperformsbetteratgeneral
problemdomain.

Ahyper-heuristiccanbeconsideredasahigh-levelheuristicwhichselects(meta-)heuristics
tosolvethegivenoptimizationproblem.Ahyper-heuristiccanbeseenasanalgorithm(onahigher
level),which‘‘picks’’appropriateheuristics(atalowerlevel)tobeappliedtotheproblemsinhand
(Burkeetal.,2013).Ahyper-heuristicisconcernedwithsearchingonthelow-levelheuristicsspace
insteadofdirectlysearchingonthesolutionspaceoftheproblem.

Theclassificationofhyper-heuristicshastwodimensions,i)thenatureofheuristicsearchspace,ii)
thesourceoffeedbackinformation,whichisorthogonaltoeachother(Burkeetal.,2010).Thenature
ofthesearchspacecanbedividedintotwomethodologiesi)heuristicselectionmethodologies,ii)
heuristicgenerationmethodologies.Eachmethodologyconsistsoftwosamesubgroups,i)constructive
heuristics,ii)perturbativeheuristics.Perturbativeheuristicsdealwithcompletecandidatesolution
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andreachesnewcandidatesolutionbymakingsmallchangesinsolutioncomponents.Constructive
heuristicsconsiderpartialsolutionsbyiterativelyextendingthem.

• Thenatureofheuristicsearchspace
• Heuristicselectionmethodologies

◦ Constructiveheuristics
◦ Perturbativeheuristics

• Heuristicgenerationmethodologies
◦ Constructiveheuristics
◦ Perturbativeheuristics

• Thesourceoffeedbackinformation
• Onlinelearning
• Offlinelearning
• Nolearning

Alearningmechanismcanbeusedasaguidetoselectefficientheuristicsintothehyper-heuristic.
Whilethelearningtakesplaceduringthesearchprocessinonlinelearning,informationthatgathered
fromasetoftraininginstancesbeforethesearchprocessisanexampleofofflinelearning.This
classificationdoesnotrestrictwiththemethodologiesinanyofcategories.Hybridmethodologiescan
includebothconstructiveandperturbativestrategiesorheuristicselectionandheuristicgeneration
(Burkeetal.,2013).

Hyper-heuristicsaresuccessfullyappliedtomanyoptimizationproblemsincludingeducational
timetabling,productionscheduling,binpacking,constrainedsatisfaction,andvehiclerouting.Detailed
informationandliteraturereviewcanbefoundinBurkeetal.(2013).

The Hyper-Heuristic Algorithm to the Constrained/Restricted ALB Problem
ThedevelopedSAbasedhyper-heuristicmethodhastwomodules,simulatedannealingmodule,and
taskselectionandassigningmodule(Figure1).Thesimulatedannealingmoduleworksasahigh-level
meta-heuristictosearchontheorderoflow-levelheuristics.Italsoproducesneighborhoodsolutions
andcalculatestheperformanceoftheorderedlow-levelheuristics.Thetaskselectionandassignment
modulesearchesontheproblemsolutionspaceandselectsfeasiblesolutiontotheproblemwhich
providestask–stationassignment.

TheprocedureofassigningtaskstothestationsisbasedontheCOMSOAL(Arcus,1966),a
well-knownheuristicfortheALBproblemsthatselectsthetasksfromanassignabletasklistrandomly.
Whiledeterminingtheassignabletasks,constraintsandrestrictionsarealsotakenintoconsideration.
Theperformanceoftheneighborhoodsolutioniscalculatedbytheobjectivefunctioninthetask
selectionandassignmentmodule.

Thewell-knownsequencingheuristicsareusedtoselectataskfromtheassignabletasksset.
Theselow-levelheuristicsaredeterminedaslistedbelow:

• ShortestProcessingTime(SPT)
• LongestProcessingTime(LPT)
• MaximumTotalNumberofSuccessorTasks(MaTNST)
• MaximumTotalTimeofSuccessorTasks(MaTTST)
• MaximumTotalNumberofPredecessorTasks(MaTNPT)
• MaximumTotalTimeofPredecessorTasks(MaTTPT)
• MinimumTotalNumberofSuccessorTasks(MiTNST)
• MinimumTotalTimeofSuccessorTask(MiTTST)
• MinimumTotalNumberofPredecessorTasks(MiTNPT)
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• MinimumTotalTimeofPredecessorTasks(MiTTPT)

Thesequenceofthelow-levelheuristicswithrespecttoassignmentpositionisthemainfactoron
theperformanceofasolution.Fortrackingtheperformancesofvariouslow-levelheuristicsequences,
aHRM–heuristicratingmatrixisused(Figure2).Duringtheiterativeprogressofalgorithm,these
valuesdivergefromeachotherbyupdatingthemaccordingtotheheuristicsequenceandsuccess
orfailureof thesolution.Thevalues in theHRMdisplay theratioofeligibilityof the low-level
heuristicsintheheuristicvectorinassigningthetaskstothecorrespondingposition.Atthebeginning
oftheiterations,allthevaluesinHRMmatrixaredeterminedasequal.Thevalueswouldchangeby
iterationsaccordingtotheperformanceofgeneratedsolutionsbythesequenceoflow-levelheuristics.

Theperformanceoftheneighborhoodsolutionisevaluatedbythevalueofobjectivefunction
(cost). The better objective function value means that the sequence of the low-level heuristics,

Figure 1. Hyper-heuristic mechanism

Figure 2. Heuristic rating matrix
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whichmovesthealgorithmtothebettersolution,provideslowcostsolution.Theperformanceof
low-levelheuristicssequenceisrecordedwithrespecttoqualityofsolutionateachiterationstep.A
wellperformedlow-levelheuristicssequencepromotedtomakeitmoreeligibleatnextiteration.As
opposedtothat,low-levelheuristics,whichproducedanon-improvedsolution,ispenalizedtodecrease
theeligibility.Hyper-heuristicselectsacombinationoflow-levelheuristics,whichisappliedtothe
problemwithrespecttoitsperformances.Aroulettewheelselectionmethodisusedtoselectalow-
levelheuristicforacertainpositionofassignment.Formoredetailedexplanationofthealgorithm
execution,pleaserefertoSeçme(2015).

eXPeRIMeNTAL ReSULTS ANd dISCUSSION

Thedevelopedhyper-heuristicalgorithmcodedinMatlabandappliedtothereal-worldproblemthat
isaddressedinthisstudy.Thedataofthreemodelsareexecutedonthealgorithm.Theparameters
usedinthealgorithmaredeterminedbythepreviousresearchpresentedbyauthorsabouttheSAand
hyper-heuristics(Seçme,2015).ThealgorithmisexecutedonIntelCorei33.10GHzPCwith4GB
RAM.Theterminationcriterionofthealgorithmisspecifiedastoreachsuccessive500non-improved
solutions.Anumberofexperimentaltrialsareexecutedtodeterminethetemperaturelevelandother
standardparametersforSAalgorithm.Theexperimentalresultsandobservationsareasfollows:

• Thesolutionsobtainedbythehyper-heuristicsolutionapproacharebetterthanthecurrently
appliedsystem.Eventhecurrentsystemdoesnotconsidertherestrictions;algorithmprovides
lowerstationnumberswithfullymeetingthedirectionchangeandplatformusagerestrictions.

• Thealgorithmproducedsolutionscompatiblewithobjectivefunction.Thesolutionswithlower
costcontributionsarepreferredbythealgorithm.Therefore,theeffectofcostparametersistaken
intoaccountbythesolutionprocess.

• Theratings(eligibility)ofthelow-levelheuristicsareclearlyseparatedfromeachother.This
meansthatthehyper-heuristicusedthelow-levelheuristicsproperlyanddeliberately.

• Thecostbasedobjectivefunctionprovidedthealgorithmtodrivethesolutionaccordingtothe
priority(coefficients)oftherestrictionsandconstraints.

• WhentheproblemsolvedasasinglemodelALBproblemwithoutspecifiedrestrictions,the
solutionswithlessnumberofstationsarefound.Theproblemspecificpreferencesareaffecting
thesolutionsdirectlyandthesolutionapproachproperlyoperatesregardingtheserestrictions.

TheresultsofsolutionalgorithmfordifferentcycletimescanbeseeninTable3.Whenthe
firsttworestrictions(directionandplatformchanges)arerelaxed,betterlinebalancesareobtained.
Inaddition,becauseofstabilityandlowerweightsinobjectivefunctionofthelasttworestrictions
(combinerchangeandconnectorchange),wecansay that theyhave relatively loweffecton the
problemsolution.Thisisanaturalresultduetothepreferencesofthecompany.Withoutareal-life
applicationcase,effectsofdifferentobjectivescouldbeevaluatedbynormalizingthecomponents
ofobjectivefunction.

Theproposedhyper-heuristicalgorithmprovidesbetterresultsthancompany’scurrentproduction
system.Furthermore,theflexibilityofsolutionapproachenablestorundifferentscenariostohelp
thedecisionmakers.Futureresearchmayusesamedatasetfordifferentsolutionapproachestofind
outtheeffectivenessofsolutionapproaches.

Theeffectivenessofproposedapproachcanalsobeevaluatedbycomparingwithothermeta/
hyper-heuristics.Simulatedannealingmeta-heuristic,independentfromhyper-heuristicframework,
isusedformorefaircomparisons.Thelearningcapabilitiesofhyper-heuristiccanbeevaluatedby
thiscomparison.TheperformancecomparisonofSAbasedHyper-heuristicandsimulatedannealing
algorithmitselfispresentedinTable4.
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AsseenfromtheTable4,hyper-heuristicandsimulatedannealingsolutionapproachesproduce
similarresultsbutsimulatedannealingneverreachesthevaluesresultedbyhyper-heuristics.When
thecycle timedecrease, the rangebetween the results iswidened.Thehyper-heuristicapproach
outperformedthesimulatedannealingeveninthelowercycletimes.Thispresentsthatthelearning
mechanismofhyper-heuristicsaffectsthesolutionmorethansimulatedannealinginlowercycletime
values.Thehyper-heuristicapproachoutperformsthesimulatedannealingwithrespecttothespecified
restrictions.Itisclearthathyper-heuristicmeetstherestrictionsbetterthansimulatedannealing.

CONCLUSION

Inthisstudy,anALBproblemwithproductandstationconstraintsandrestrictionsisaddressed.
Sincetheproblemisrealworldapplicationproblem,theproblemspecificrestrictionsthatreflect
company’spreferencesareintegratedintogeneralsinglemodelALBproblemstructure.Tendifferent
sequencingheuristicsareimplementedforsolvingtheproblembyhyper-heuristicapproach.While
thelow-levelheuristicssearchinthesolutionspaceoftheproblem,hyper-heuristicsearchesoverthe
properorderoflow-levelheuristics.

Table 3. Results for different cycle times

Cycle time (c) Minimum 
station 

number (K)

Line balance Number of 
direction 

changes in 
the line

Number of 
platform 

changes in 
the line

Number of 
combiner 
changes in 

the line

Number of 
connector 
changes in 

the line

114 23 0.71 0 0 8 2

108 24 0.72 0 0 8 2

105 25 0.71 0 0 5 2

98 27 0.70 0 2* 4 4

93 29 0.69 0 2* 9 3

90 25 0.82 6** 2* 8 2

* The restriction about the platform usage is relaxed.
** The restriction about direction changes is relaxed.

Table 4. The comparison of HH and SA solution approaches

Cycle 
time 
(c)

Minimum 
station 

number (K)

Line 
balance

Number of 
direction 

changes in the 
line

Number of 
platform 

changes in the 
line

Number of 
combiner 

changes in the 
line

Number of 
connector 

changes in the 
line

HH SA HH SA HH SA HH SA HH SA HH SA

114 23 23 0.71 0.71 0 0 0 0 8 12 2 4

108 24 24 0.72 0.72 0 0 0 1 8 12 2 4

105 25 25 0.71 0.71 0 1 0 1 5 8 2 6

98 27 28 0.70 0.68 0 1 2* 5 4 9 4 4

93 29 29 0.69 0.69 0 3 2* 5 9 14 3 6

90 25 26 0.82 0.79 6** 8 2* 5 8 12 2 6
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Theproposedsolutionmethodobtainslessstationnumbersthanthecompany’scurrentsystem.
Also,thepreferredgoalsaremetwiththesestationnumbers.Theperformanceoftheproposedhyper-
heuristicalgorithmisalsocomparedwiththeperformanceofsimulatedannealingalgorithm.The
hyper-heuristicapproachsignificantlyoutperformedthesimulatedannealingalgorithmintermsof
numberofstationsandlinebalance.Italsoprovidesbettersolutions,whichmeettheproblemspecific
restrictionssuchasminimumnumberofdirection,platform,combiner,andconnectorchangesduring
theassemblyprocess.Itisconcludedfromtheresultsandevaluationsthattheproposedhyper-heuristic
approachcanbeusedeffectivelyinthesolutionofthespecializedALBproblemsconsistingproduct
andstationrestrictionsduetoitsflexibleandadaptivestructure.
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