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ABSTRACT

AnuncapacitatedmultisourceWeberprobleminvolvesfindingfacilitylocationsforknowncustomers.
Whenthisproblemisrestatedasfindinglocationsforadditionalnewfacilities,whilekeepingthe
currentfacilities,anewsolutionapproachisneeded.Inthisstudy,twonewandcooperativefuzzy
clusteringalgorithmsaredevelopedtosolveavariantoftheuncapacitatedversionofamultisource
Weberproblem(MWP).Thefirstalgorithmproposedistheextensiveversionofthesingleiteration
fuzzyc-means(SIFCM)algorithm.TheSIFCMalgorithmassignscustomerstoexistingfacilities.The
newextendedSIFCM(ESIFCM),whichisfirstproposedinthisstudy,allocatesdiscretelocations
(coordinates)withtheSIFCMandlocatesandallocatescontinuouslocations(coordinates)withthe
originalFCMsimultaneously.IftheSIFCMandtheFCM,showdifferencesbetweenthesuccessive
clustercentervaluesarestilldecreasing,sharecustomerpointsamongfacilities.Itissimplyexplained
assingle-iterationfuzzyc-meanswithfuzzyc-means.Thesecondalgorithm,alsoproposedhere,
runsliketheESIFCM.InsteadoftheFCM,aGustafson-Kessel(GK)fuzzyclusteringalgorithm
isusedunderthesameframework.Thisalgorithmisbasedonsingle-iteration(SIGK)andtheGK
algorithms.NumericalresultsarereportedusingtwoMWPproblemsinaclassofamedium-size-
data(106bytes).Usingclusteringalgorithmstolocateandallocatethenewfacilitieswhilekeeping
currentfacilitiesisanovelapproach.Whenappliedtothebigproblems,thespeedoftheproposed
algorithmsenabletofindasolutionwhilemathematicalprogrammingsolutionisnotdoabledueto
thegreatcomputationalcosts.
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INTROdUCTION

ArabaniandFarahani(2012)dividedapplicationoffuzzyapproachesinfacilitylocationproblems
intotwocategories,whichareselectionoffacilitylocation(adecision-makingproblem),andthe
location-allocationproblem(anoptimizationproblem).Forthefirstcategory,multi-criteriadecision-
makingmethodssuchasFuzzyAnalyticalHierarchyProcess(AHP),FuzzyTOPSIS(TheTechnique
forOrderPreferencebySimilaritytoIdealSolution)areapplied(Kahramanetal.,2010;Temuretal.,
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2014).Theseapproachesarefuzzyextensiontothewell-knownclassicaldecision-makingmethods.
ArecentstudywiththeclassicalmethodsemploysDEMATEL-ANPintegratedmethodforlocation
decisionproblem(Sharmaetal.,2018).Problemsinthesecondcategorycanbealsocategorized
as continuous or discrete, capacitated or uncapacitated, and single and multi-facility problems.
Mathematicalprogramming,heuristicsandmetaheuristicsarethemostcommonmethodsusedfor
thesecondcategoryproblems.Statisticalmethodscanalsobeappliedtothiscategory(Kuruvillaet
al.,2011).Ifproblemisdiscrete,facilitymustbelocatedinaspecificpoint.However,incontinuous
problemstherequirednumberoffacilitiescanbelocatedanywhereinaplane.Metaheuristics,of
whichhandlesvaluesinrealnumberspace,canbeappliedtobothdiscreteandcontinuousproblem
spaces.Nevertheless,SamantaandJha(2012)appliedgeneticandantcolonyalgorithms,whichare
combinatorialintheirnature,tothecontinuoussearchspaces,too.

Inthisstudyanewtypeoffacilitylocationproblem,whichisinbetweenthediscreteandthe
continuousaredefined.Here,existingfacilitiesarehandledwithadiscretefashion,allocationof
customerstotheexistingfacilitiesisunderconsiderationandatthesametimeapredefinednumber
ofnewfacilitiesaretobeopenedonaplanarspace.Thistypeofproblemhasnotbeendefinedand
solvedintheliterature.

InmultisourceWeberproblems (MWP), alsoknownas location-allocationproblem,weare
interestedinfindingthelocationofpfacilitiesincontinuousspaceinordertoservecustomersatn
fixedpointsaswellastheallocationofeachcustomertothefacilitiessothattotaltransportationcosts
areminimized(SalhiandGamal,2003).SolvingtheMWPanditsvariantssuchasuncapacitated
orcapacitated,weightedorunweighted,continuousordiscretearemuchstudiedprobleminfacility
locationliterature(Brimbergetal.,2008).Optimizationskillsofexactsolutionalgorithmsarenot
sufficient to find anoptimal solutiondue toNP-hard nature. In realworld problems, especially
whenstrugglingwithverylargedata(classifiedbyHathawayandBezdek(2006)asinTable1),it
isverycomplicated tofindoptimumsolutions.Thisevokeshybridandheuristics-basedsolution
approachestothesetypesofproblems.Lietal.(2012)proposedatwostagedapproachtosolvethe
p-medianproblem.Thefirstpartusesagreedysearchmethodtofindaninitialsolution;thesecond
partsequentiallysubstitutesmediansintheinitialsolutionwithadditionalverticestoreducethetotal
travelcost.InrecentyearsonemayfindnumerouspapersrelatedtotheMWPbutonlyfewofthem
involveswithlargedatasets.Taillard(2003)proposesthreeheuristicalgorithmstosolvep-median,
sumofsquaresandtheMWPproblemsincludingPLA85900,largestdatasetinallclassesinvestigated,
consistsof85900customerpointsand15000facilitiesbutthereisnoinformationthatwhichcategory
thisdatasetfallsintoaccordingtoTable1.KüçükdenizandEsnaf(2016)usedthesamedatawith
1000facilitiesinmediumtolargedatawith1.7x106bytes,tocomparenewfocalparticleswarm
optimization(FPSO)withK-means,theFCM-basedclusteringandclassicalPSOalgorithms.

Inthisstudy,itisaimedtoworkonanothervariantoftheMWP,whichassumesnewfacilities
determined from infinitepoints of plane, to add to the existing locations.For this purpose, two
algorithmscalledextendedSingle-IterationFuzzyC-Means(ESIFCM)andextendedSingle-Iteration
Gustafson-Kessel (ESIGK) deal with existing and new unknown locations of facilities in every
clusteringiterationaredeveloped.ESIFCMisbasedonEsnafetal.’s(2014)Single-IterationFuzzy
C-Means(SIFCM)algorithmwhichusesfixedclustercentersolutionapproachtoanuncapacitated
facilitylocationproblem(UFLP).ThelogicoftheSIFCMiscopiedtotheSIGKalgorithm.The

Table 1. Size of the data sets after Huber (1996) (Adapted from Hathaway and Bezdek, 2006)

Bytes 
“sizes”

(102)
tiny

(104)
small

(106)
medium

(108)
large

(1010)
huge

(1012)
monster

(10n>12)
VL(verylarge)


infinite
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ESIFCM,andtheESIGKarecooperativealgorithmsandbasedontheSIFCMandtheFCM,and
ESIGKandGKalgorithmsrespectively.TheproposedESIFCMandESIGKemployallocationabilities
of theSIFCMandSIGK,and locationallocationabilitiesof theFCM,andGK.SIGKallocates
customerstoexistingfacilitiesandGKfirstlocatesthenallocatescustomerstorequirednumberof
newfacilitiestobeopenedsimultaneouslyliketheSIFCMandFCMdoes.Unlikeotheralgorithms,
demandofacustomershouldnotbesatisfiedbyasinglefacility.Toverifytheapplicabilityofthe
algorithm,firstdatasetcalledPLA85900istakenfromTSPLIBcompiledbyReinelt(1995).Inthis
datasetlocationsof85900citiesaredefined.Sizeofthefirstdatasetis1.285megabytes.Second
probleminstanceisfromareal-worlddataincluding88572customersand81existingand3new
totally84facilities.Sizeofthisdatais1.746megabytes.

LITERATURE REVIEW

MWPrelatedstudiesusuallyignorestolookatexistingfacilitieswithnewones.Thelackofmethods
thatcombineexistingfacilitieswithfindingnewfacilitylocationsproblemishandledbyMohammadi
etal.(2010).TheyintroduceanewvariantofcapacitatedMWPassumednewfacilitycentersareto
belocatedwhileconsideringexistingcenters.Allcentersinaplanebutlocationofnewlyoffered
facilitiestobeopenedselectedfromapredeterminedpotential,facilityalternativeslikep-median
problems. Like Mohammadi et al.’s model (2010), Esnaf et al. ‘s (2014) Single-iteration Fuzzy
C-Means(SIFCM)algorithmsolvesasimilarmodelforuncapacitatedfacility locationproblems
(UFLPs)likeMixed-integerprogrammingmodelsdo.

Kazakovtsevetal.’s(2015)studyemploysgeneticalgorithmwithgreedyheuristicforsolving
largesizedlocationdiscreteandcontinuousp-medianproblems.Theytransformcontinuousp-median
problemintoak-meansproblembyusingsquaredEuclideandistancemetric.

Inthispaper,FCMandGKbasedfuzzyclusteringalgorithmsareappliedtothecombinedcrisp
andcontinuousfacilitylocationallocationproblemsfirsttime.Largeprobleminstancesarehandled
andthissizeofdataissolvedfirsttimeasaMultisourceWeberProblem.DefinitionofSingleIterated
GKalgorithmanditsapplicationtothefacilitylocationandallocationproblemisalsomentioned
firsttimeinthisstudy.

Therestofpaperorganizedasfollows.AnewvariantoftheuncapacitatedMultisourceWeber
problemanditsnon-linearprogrammingmodelisdescribedinthesecondsection.Inthethirdand
fourthsections,extendedSingle-iterationFuzzyC-meansandextendedSingle-iterationGustafson-
Kesselalgorithmsareexplainedrespectively.Inthefifthsection,proposedalgorithmsareappliedto
twomedium-sized(106)problem.Conclusionsarediscussedinthesixthandlastsectionofthepaper.

PROBLEM dEFINITION

Incaseofextendingtheexistinglocationswithnewfacilities,MultisourceWeberproblemcanbe
modeledasanon-linearprogramwhichisadaptedfromSalhiandGamal(2003),KloseandDrexl
(2005),andMohammadietal.(2010)andcanbeformulatedasinformula(1),(2)and(3).

V w d X a z w d x a
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kj k j kj
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ij i jMWP Min( ) = ( ) + ( )
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Wherewkjisthequantityassignedfromexistingfacilityktofixedcustomerpointjalsodenoting
theallocationofcustomers to theexisting facilities,d(Xk, aj) is theEuclideandistance from the
discrete, inotherwords, location(coordinates)ofexistingfacilityk, (Xk, Yk) to the locationofa
customeratfixedpointj,(xj, yj),andwijisthequantityassignedfromfacilityitofixedpointjalso
denotingtheallocationofcustomerstotheopenfacilities,d(xi, aj)istheEuclideandistancefromthe
continuous,inotherwords,unknownlocation(coordinates)offacilityi,(Xi, Yi)tothelocationofa
customeratfixedpointj,(xj, yj).Thismodelworksundertheassumptionthattherearenocapacity
constraintsatthenewfacilitieshencethecustomersmaysplittheirdemandbetweentwoormore
facilities.zkjisavariabledenotesthefractionofdemandfromexistingfacilityktocustomerj,zijis
anothervariablethatdenotesthedemandfractionofcustomerjwillbeservedbynewandunknown
locationoffacilityi.cmaxisthemaximumnumberofnewfacilitiestobeopened.Itshouldbenoted
thatthecapacitatedmodelforMWPproposedbyMohammadietal.’s(2010)isverysimilartoEsnaf
etal.’s(2014)modelforUFL.Contrarytothemodelpresentedhereas(1)to(3),inbothmodels,
solutionsfornewfacilitiesaredeterminedamongthepredeterminedfixedlocationsofcandidate
facilities.Theobjectivefunction(1)minimizesthetotaldemand-weighteddistancefromexistingand
newfacilitiestocustomers.Constraint(2)ensuresthatalldemandsaremetbyexistingor/andnew
facilities.Theequation(3)controlthatexactlypnewfacilitiestobelocated.Also,itshouldbenoted
that,inmathematicalmodellingapproachdemandsharingamongmultiplefacilitiesisimpossible
whenthereisnotacapacityconstraint.Becausetheminimizationmechanismofthemodelwillalways
assigncustomerstoasinglefacilitytoensuretheminimumtotalcost.Butinsomereal-lifeproblems,
demandsharingbetweenmultiplefacilitiesmaybeanecessitytoincreasecustomerservicelevel.
Proposedtwofuzzyclustering-basedapproachesinthisstudyenablesthisrequirementbyitsnature.

THE EXTENdEd SINGLE-ITERATION FUZZy C-MEANS ALGORITHM

Exactsolutionalgorithmshavelimitedapplicabilityduetothenon-polynomial(NP)natureofthe
problemandwhenlargedatasetsrequiredtobeprocessed,extendedversionoftheSIFCMalgorithm
isdeveloped.ESIFCMasacooperativealgorithmutilizesdifferentabilitiesoftheSIFCMandFCM.
ESIFCMfulfillsallocationfunctionandlocationandallocationfunctionsareaccomplishedbyFCM
simultaneouslythroughsharingcustomerpointsintwodirections;fromSIFCMtoFCMandvice
versa.Ineveryclusteringiteration,thelocationsorcoordinatesofthenewfacilitiesareupdatedand
foralliterations.IfrequiredSIFCMandFCMsharethecustomerpointsbetweenthemwithdifferent
membershipdegreesuntilterminationconditionsforclustercentersaremet.TheESIFCMusesthe
sameobjectivefunctioncalledc-meansfunctionaladaptedbyEsnafandKüçükdeniz(2014):
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where c is the number of the final clusters, which coincides with the number of rules,
U u i c k nik= 



 ≤ ≤ ≤ ≤{ }, , ,1 1 isthepartitionmatrix,V v i ci= 
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vectorofthefinalclusterprototypes,a k nk 1≤ ≤( ) isthedatatobeclustered, p ∈ ∞( )1, isafactor
toadjustthemembershipdegreeweightingeffect;uik isthemembershipvalueofapointbelonging
toclusteri.UnlikeotherFCMalgorithmsVhastwosubgroupsofclusterprototypessuchasVsand
Vf.Vsisthesetoftheclustercenterswhichhavefixedvalues.TheclustercentersofVsremainsame
duringtheclusteringiterations.VfisthesetoftheclusterprototypesasdefinedintheoriginalFCM.
Duringtheclusteringprocesstheseprototypesarerepeatedlychanginguntilterminatedwithastopping
criterion.

V v i qs i= 


 ≤ ≤{ },1  (5)

V v q i cf i= 


 + ≤ ≤{ }, 1  (6)

V V Vs f= { },  (7)

Theoptimizationproblemistominimize J U Vp ,( ) underthefollowingconstraint:

i

v

iku
=
∑ =

1

1 ∀k  (8)

The final prototypes and the respective membership functions that solve this constraint
optimizationproblemaregivenbythefollowingequations.
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Steps of the Extended Single-Iteration Fuzzy C-Means Algorithm
Equations (9) and (10) develop an iterative optimization procedure, which is described by the
followingsteps.
Step1: Selectthenumberofclustersc,avalueforthefactorp,fixedvaluesofVsandinitialvalues
forprototypesofVf.
Step2: EmployEquation(10)tocalculatethemembershipvalues uik (1 1≤ ≤ ≤ ≤i c k n, ).
Step3: Calculatetheupdatedclustercentervalues v v vq

new
q
new

c
new

+ + …1 2
, , ., usingEq.(9).

Step4: Ifmax v vi i i
new

err
−{ } < ε thenstopelsegotostep2.

VsandVfdenotethefixedorexisting(discrete)locationsandunknown(continuous)locations
offacilitiesrespectively.Totalcostfunctionwhichisgiveninformula(1)iscomputed.Facilities
servecustomersaccordingtotheirmembershipdegreevalueswhichrepresenttheassignmentsof
demandstofacilitiesusingformula(10).

THE EXTENdEd SINGLE-ITERATION GUSTAFSON-KESSEL ALGORITHM

Gustafson-Kessel algorithm extends the standard FCM algorithm by introducing an augmented

versionoftheEuclideandistancetobeintheformd x v A x vGK k i

T

i k i
2 = −( ) −( ) whereAiiscalculated

using a scaled inverse fuzzy covariance matrix from each cluster (Graves and Pedrycz, 2007).
Gustafson-Kesselalgorithmisbasedonaniterativeoptimizationoftheobjectivefunctionofthe
c-meanstype(Babuskaetal.,2002):

J X U V A Di
i

c

k

N

ik

m

ikAi
; , ,{ }( ) = ( )

= =
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1 1

2µ  (11)

Inequation(11),U ik

c N
= 


 ∈




×

µ 0 1, isthefuzzypartitionmatrixofthedata X Rn N∈ × ,V=
[v1,v2,…,vc], v Ri

n∈  is theclusterprototypes(means)vectorand m ∈  ∞)1,  is theparameter
whichdeterminesthefuzzinessoftheresultingclusters.ThedistancenormDikAi cantakeintoaccount
differentgeometricshapesinonedatasetandbecalculatedasfollows:

�D x v x v A x v
ikA k i A k i

T

k i
2 2
= − = −( ) −( )  (12)

ThesizeofeachclusterisdefinedforthelocalAinormmatrixthatisusedintheformula(11)
asoneoftheoptimizationvariables.Thisallowsthedistancenormtoadapttothelocaltopological
structureof thedata.Theminimizationof theGKobjective functional is achievedbyusing the
alternating optimization method that is suggested by Gustafson Kessel (1979) as based on GK
algorithm(Babuskaetal.,2002).

Inthisclusteringalgorithm,datasamplesaresmallordatainaclusterarelinearlyrelatedtoeach
other,covariancematrixmaybecomesingular.Tosolvethisprobleminasimpleandeffectiveway,
Babuskaetal.(2002)modifiedtheGKalgorithm,asgiveninthefollowingdetails:
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ForthegivenXdataset, c m i, , ,ε ρ standardparameters,β thresholdnumbersofconditionsand
γ weightparameterischosen.Initialvaluesofpartitionmatrixaredeterminedandcovariancematrix
F

0
iscalculatedforalldataset.

Repeatfor l = …1 2, ,

Step 1:Computeclusterprototypes(means):
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Step 2:Computetheclustercovariancematrices:
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Addascaledidentitymatrix:
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Extracteigenvalueλij andΦij from Fi
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Step 3:Computethedistances:

D x v det F F x vikA k i
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1= −( ) ( )( ) −( )( ) − ( )ρ
/

 (17)

1≤ ≤i c ,1≤ ≤k N 

Step 4:Updatethepartitionmatrix:

For1≤ ≤k N
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IfDikAi > 0 for1≤ ≤i c ,
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i

K

i k
l

=

( )∑ =
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,

otherwise.

Runonuntil U U
l l( ) −( )− <1 ε (Babuskaetal.,2002)

AsintheESIFCMalgorithm,extendedsingle-iterationGustafson-KesselAlgorithm(ESIGK)
employscurrent locationsasstaticclustercentersandappliesGustafson-Kessel fuzzyclustering
algorithmtofindadditionalclustercentersbymakingreallocationsinthesolutionspace.

ConversionofthemodelinputsandvariablesforanewvariantofMWPandproposedESIFCM/
ESIGKalgorithmscanbeseeninTable2.

NUMERICAL STUdy

Proposedmethodsareappliedtotwobigdatasets.Thefirstdataset,PLA85900,(Figure1)canbe
foundintheTSPLIBcompiledbyReinelt(1995).Thisdatasetconsistofthelocationsof85900cities.

Table 2. Conversion of the model inputs and variables for a new variant of MWP and proposed ESIFCM/ESIGK algorithms

Definition New variant of 
MWP ESIFCM/ESIGK

Demand w
ij

Computedbyfuzzy
membershipvalues:
u
ik ik
or µ

Distancefromexistingfacilitiestothecustomers d X a
k j
,( ) a v i Vk

i s
− ∈2,

Distancefromnewfacilitiestothecustomers d X a
i j
,( ) a v i Vk

i f
− ∈2,

Locationofexistingfacilities (Xk, Yk) v i V
i s
, ∈

Locationofnewfacilities (Xi, Yi) v i V
i f
, ∈

Thefractionofdemandfromexistingfacilitiestocustomers z
kj u i V

ik ik s
or µ , ∈

Thedemandfractionofcustomerswillbeservedbynewandunknown
facilities

z
ij

u i V
ik ik f
or µ , ∈
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OnthePLA85900dataset,anumericalstudyisconductedbyfirstselecting100randomlocations
fromPLA85900asthecurrentfacilitylocationsforeachdataset.Thentheproposedalgorithmis
executedtofindfiveadditionalfacilitylocations.Theanalysishasconductedtentimeswhilechoosing
differentrandomlocationsfor100existingfacilitiesateachrun.TotalcalculatedcostsandCPUtimes
oftheproposedalgorithmscanbeseeninTable3.

AsitcanbeseeninTable3,ESIGKalgorithmreachesbettertotalcostvaluesthantheESIFCM
algorithmin9outoftentrials.However,incaseofcomputationalcostESIFCMisfasterthanthe
ESIGKalgorithm.

Theseconddataset(Figure2)isprovidedfromaTurkishdistributioncompanyandusedafter
cleaned.Thereare81distributioncentersofacompanywith88,572franchisees.Inthesolution,there
willbeX,Ycoordinatesof3newdistributioncenterstobedetermined,andtheproblemofassigning
customerstothe81existingand3newdistributioncenterswiththeclosestdistancewillbeobtained.

Thenumberofvariablesorsizeofthesolutionmatrixsolvedbytheproposedalgorithminthis
problemis88572x84=7440048.Inotherwords,wehave7440048assignmentintegervariablestobe
clustered.ThesizeoftheMWPprobleminourcaseis1746035bytesor1.746megabytes.Thissize
accordingtoHathawayandBezdek(2006),whichisgiveninTable1,makesdatasetofourcase,is
medium(106).Location(coordinates)ofnewdistributioncenterswillbeaddedtoexistingfacilities
arecomputedandgiveninTable4andTable5.

Figure3andFigure4showstheclustermapsofESIFCMandESIGKalgorithmsfor81existing
and3newdistributioncenterstobeopenedrespectively.Table6showsthecostofobtainedsolutions
foreachproposedmethod.Inthisdataset,ESIFCMisbetterthantheESIGKalgorithmintermsof
bothtotalcostandcomputationaltime.

Figure 1. PLA85900 data set
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Table 3. Total costs and CPU times of the proposed algorithms

ESIFCM ESIGK

Problem set Total costs CPU times Total costs CPU times

1 476,174,966,351 81.71 479,362,394,562 266.87

2 509,029,777,806 48.02 482,510,805,574 120.32

3 494,970,552,617 50.84 472,091,842,269 521.33

4 497,350,046,883 38.95 486,355,740,125 151.70

5 505,417,101,144 45.61 495,309,825,273 286.44

6 500,845,455,841 49.73 486,658,662,123 329.36

7 498,136,631,650 45.87 483,319,144,004 363.40

8 492,177,407,834 41.78 484,000,595,263 256.58

9 495,066,828,549 44.80 482,510,758,541 239.84

10 507,629,786,355 34.04 507,160,156,554 142.44

Average 497,679,855,503 48.07 485,927,992,429 267.83

Figure 2. The data of Turkish distribution company
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Table 4. Location (coordinates) of new distribution centers for ESIFCM

X Y

NewDistributionCenter1(82) 44.19 37.63

NewDistributionCenter2(83) 31.49 38.27

NewDistributionCenter3(84) 42.71 41.11

Table 5. Location (coordinates) of new distribution centers for ESIGK

X Y

NewDistributionCenter1(82) 35.15 36.95

NewDistributionCenter2(83) 31.08 38.28

NewDistributionCenter3(84) 42.73 41.10

Figure 3. Cluster maps of ESIFCM algorithm for 81 existing and 3 new distribution centers
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Thecomputerthatwasusedduringtestrunsinsection5hasthefollowingconfiguration;Intel
CPUat2.4GHzwith16GBofRAM.CodesoftheESIFCMandESIGKalgorithmsweredeveloped
andexecutedbyMATLABR2017a.ThemaininputsfortheESIFCMandtheESIGKalgorithms
areXandYcoordinatesofcustomerpointsandexistingfacilities.TheEISFCMandtheESIGKare
appliedtoanuncapacitatednewvariantofMWPusingweightingexponent,p, is takenas2and
terminationtoleranceisdeterminedas10-6.

CONCLUSION

Inthisstudy,twonewandcooperativealgorithms,theESIFCMandESIGK,aredevelopedforanew
variantofmultisourceWeberproblem.ThenewvariantoftheMWPassumesnewfacilitycentersare
tobelocatedinaplaneandchangingduringclusteringwhileexistingfacilitieshavingfixedlocations
aretakenintoconsideration.Thiscombinedapproachtothefacilitylocationallocationproblemis

Figure 4. Cluster maps of ESIGK algorithm for 81 existing and 3 new distribution centers

Table 6. Total cost of proposed algorithms

Method Total Cost CPU Time

ESIFCM 74572.82 23.19

ESIGK 80006.54 231.73
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solvedfirsttimebyusingtheFCMandGKbasedfuzzyclusteringalgorithms.Largeprobleminstances
arehandledandthissizeofdataissolvedfirsttimeasaMultisourceWeberProblem.

EISFCMusesdifferentfeaturesoftheSIFCM;andtheFCMandESIGKusesdifferentfeatures
oftheSIGKandGK,concurrently.Customercoordinatesarealreadyknownapriori.Thesizesofthe
datasetsexperimentedherewere1.285and1.746megabytes,whichareinthemedium(106bytes)
sizecategory.OneofthedatasetsisgatheredfromadistributioncompanyinTurkey.ESIFCMand
ESIGKareappliedtothisdatasetandthecoordinatesofthenewlocationsarecomputed.

Whentheresultsonexperimentalstudiesanalyzed,inthefirstdatasettheESIGKalgorithmwas
betterthantheESIFCMwitha2.42%lowertotaltransportationcost.However,intheseconddataset
ESIFCMalgorithmhasreached6.79%lowertotal transportationcostthanESIGK.Theseresults
showthatinlargeproblems,locationsofthecustomersaffectthesolutionperformancebecauseof
thedifferentdistancemetricsemployedbydifferentclusteringmethods.Agoodapproachforthe
locationandallocationproblemwouldbetryingdifferentclusteringalgorithms,whichhavedifferent
distancemeasures,onthedataandthencomparingtheresults.

Addingnewfacilities,whoseplanar locationsarenotknownpriori, toasupplychainwhile
maintaining the existing facilities is a special kind of supply chain management problems. The
proposedalgorithmsarecapableofsolvingthesetypesofproblemsinreallifewefacewithsuch
aslocatingsparepartlogistics,relaystations,recyclingcenters,disasterreliefstations,searchand
rescueheadquarters,healthcarewastedisposalfacilities,celltowers,renewableenergysystems,and
medicalemergencyunitsetc.Duetothehighnumberofdecisionvariables,bigproblemsaredifficult
andcomputationallyexpensivetosolvewithmathematicalprogrammingtechniques.Inthisstudy
clusteringanalysis-basedsolutionmethodsareproposedwhicharecombiningexistinglocationswith
theprocessoffindingnewlocationsforthenewfacilities.Astheexperimentalstudiesshowthat
proposedalgorithmsaresuitableforthestatedbusinessproblem.Futureresearchwillbefocusedon
muchlargerdatasetssizedoflarge(108bytes),huge(1010bytes),andmonster(1012bytes).
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