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ABSTRACT

Inthisstudy,anArtificialBeeColony(ABC)basedclusteringalgorithmisproposedforsolving
continuousmultiplefacilitylocationproblems.Unliketheoriginalversionappliedtomultivariate
dataclustering,theABCbasedclusteringheresolvesthetwo-dimensionalclustering.Ontheother
hand,themultiplefacilitylocationproblemtheproposedclusteringalgorithmdealswithisaimed
tofindsitelocationsforhealthcarewastes.AfterapplyingABCbasedclusteringalgorithmontest
data,areal-worldfacilitylocationproblemissolvedforidentifyinghealthcarewastedisposalfacility
locationsforIstanbulMunicipality.GeographicalcoordinatesandhealthcarewasteamountsofIstanbul
hospitalsareused todecide the locationsofsterilization facilities tobeestablished for reducing
themedicalwastegenerated.ABCbasedclusteringisperformedfordifferentnumberofclusters
predefinedbyIstanbulMetropolitanMunicipality,andthetotalcost—theamountofhealthcarewaste
producedbyahospital,multipliedbyitsdistancetothesterilizationfacility—iscalculatedtodecide
thenumberoffacilitiestobeopened.Benchmarkresultswithfouralgorithmsfortestdataandwith
twoalgorithmsforrealworldproblemrevealthesuperiorperformanceoftheproposedmethodology.
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INTRODUCTION

FacilityLocationProblem(FLP)isdefinedbyTavakkoliandShayan(1998)as“locatingnfacility
tom locations(n<m)tominimizethetransportationcosts”.Theseproblemsconsideridentifying
theplacesofthefacilitiestosatisfycustomers’demandand,assigningeverycustomertoaspecific
facilitylocationunderdefinedconstraints.Theseconstraintsdefinethespecificcharacteristicofthe
FLP(Daskin,1995):

• Whether the facility locations are selected from a finite/infinite set of possible locations;
continuous/discreteproblems;

• Whetherthefacilitycapacitiesarelimited;capacited/uncapacitedproblems;
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• Whetherthefacilitiestobeopenedaresingularorplural;multi-facilityproblems;
• Whetherthefacilitydemandsarestaticordynamic;problemswithtimeperiods;
• Whetherthefacilitydemandsarestableorsubjecttochange;deterministic/probabilisticproblems;
• Whethertheproductissingularorplural;multi-productproblems;
• Whethertheproblemhasone/moreobjectives;multi-objectiveproblems;
• Whethertheproblemishierarchic;multi-stageproblems.

Theuseofclusteringmethods,thataimtoseparateandgroupelementsinadataspacedepending
onsimilarity,isseenforlocationselectionproblemsinliteratureduetothefourcomponentsthat
characterizethelocationproblems(ReVelle&Eiselt,2005);(1)customerslocatedonpoints,(2)
facilitiestobelocated,(3)ametricthatindicateddistancesbetweencustomersandfacilities,and
(4)aspaceinwhichcustomersandfacilitiesarelocated.Thefacilities thataretobelocatedare
assumedtobedesirableinthesensethattheclosertheyaretothecustomers,thebetterthevalue
oftheobjectivefunction.Yetthelocationofhealthcarewastedisposalfacilitiesmayhavedifferent
conditionsbasedonthetreatmentsystemthatarethermalprocesses,chemicalprocesses,biological
processes,mechanicalprocesses,andirradiationtechnologiesrespectively.Thechoiceoftreatment
systeminvolvesvariousfactorssuchas,wastecharacteristics,quantityofwastesfortreatmentand
disposal,technologycapabilities,environmentalandsafetyfactors,publicacceptability,regulatory
requirementsandcosts–manyofwhichdependonlocalconditionsandconsequentdecisions(World
HealthOrganization,2014).Themostestablishedwastetreatmenttechnologiesfocusondisinfection
thatisrealizedwiththermalprocessinginautoclaves.Autoclaveshavetheadvantageofbeingdesigned
invariouscapacitiesthataresuitabletofiteveryareapreferred,andeverysourcegeneratingmedical
wastecansterilizeitsownload.Ontheotherhand,sincethehandlingoflargeamountsofmedical
wasterequirespecialprecautions,inbigcitiesmunicipalitiesmanagethecollectionandtreatment
ofhealthcarewaste,andlocalhealthcarewastedisposalfacilitylocationsareidentifiedandfacilities
withrequiredcapacitiesareestablishedfortreatment.

In this study, Artificial Bee Colony (ABC) clustering algorithm is exploited for an
uncapacitated continuous multiple facility location problem for a healthcare waste disposal
facility.Thecontributionsofourpaperareasfollows.Inthispaper,ArtificialBeeColony(ABC)
basedclusteringalgorithmisusedforsolvingcontinuousmultiplefacilitylocationproblemsfor
thefirsttime.Thisisthefirstcontribution.Secondcontributionisthattheproposedalgorithm
isappliedformedicalwastedisposalfacilitylocation.Accordingtoourknowledgethisisthe
firststudyinthehealthcaremanagementliterature.

Thepaperisorganizedasfollows;inSection2themathematicaldefinitionoftheuncapacitated
continuousmultiplefacilitylocationproblem(MFLP)subjecttothisstudyisgiven.Literaturereview
ontheapplicationofclusteringalgorithmsforFLPisgiveninSection3.Section4describesthe
generalinformationabouttheABCalgorithmanditsapplicationforclustering.InSection5,initially
theresultsof thebenchmarktestsappliedwith librarydata toevaluate theperformanceofABC
clusteringarereported.Thissectionthencoversthecasestudyforareal-worldproblem;alternative
healthcarewastedisposalfacilitylocationsareevaluatedforIstanbulandtheresultsareexplained
andsummarizedwithtables.Theexperimentalresultsarebothgivingtheperformanceofclustering
methodusingABCalgorithm,andthealternativesofsterilizationfacilitylocationandcapacitiesfor
thecompanyofIstanbulMunicipalitythatisresponsibleforhealthcarewastecollectionanddisposal.
Fourbenchmarkalgorithmsarealsoappliedtothereal-worlddata.Finally,thelastsectionisfor
concludingthefindingsoftheresearch.

PROBLeM DeFINITION

Inthisresearchacontinuousuncapacitatedmultiplefacilitylocationproblem(MFLP)isstudied.
ContinuousMFLPsareconcernedwithdeterminingthelocationorcoordinatesofcfacilitiesina
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planetoservencustomershavingfixedlocations.ThesolutionprocessoftheMFLPistofindan
optimalsolutionthatsatisfiesallcustomerdemandandminimizesthetotalcost.Thereisnolimitof
capacitiesforanyfacility,andwholedemandofeachcustomermustbeassignedtooneofthefacilities.

Thisproblemcanbeformulatedasamathematicalmodelwiththefollowingequations(Esnaf
&Küçükdeniz,2013):
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where:

xk =(xk,yk)=Thelocationofcustomerkinaplane,k=1,2...n

wk=Thedemandofcustomerk,wk>0,k=1,2...n
vi =(pi,qi)=Thelocationorcenteroffacilityi

Vi=Clusterofthecustomerthatisassignedtotheithfacility
zik=thebinaryvariableusedfortheroadfromcustomerktofacilityi
d x vk k i,� �=Distancebetweenthefacilityiandcustomerk

whichisEuclideandistanceandformulatedasfollows:

d x v x p y qk k i k i k i,� � � �� � � �� �2 2
 (5)

LITeRATURe ReVIeW

Tanetal.(2005)definesthebasicaimofclusteringastheseparationandgroupingofelementsina
dataspacedependingonsimilarity.Clusteringmethodstrytomaximizewithin-clusterresemblance
andbetweenclusterdissemblance.Duetothefeaturesoffacilitylocationproblemsthatarelisted
below,clusteringalgorithmscanbeappliedforfacilitylocationproblems(ReVelle&Eiselt,2005):

1. Customerslocatedonvariouslocations;
2. Candidatefacilitiestobelocatedonvariouslocations;
3. Ametricthatindicateddistancesbetweencustomersandfacilities;and
4. Aspaceinwhichcustomersandfacilitiesarelocated,andthateachcustomershouldbeassigned

toafacility.
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Similarly,Esnaf&Küçükdeniz(2013)suggestsmodellingcontinuousmultiplefacilitylocation
problemsbyportrayingthefollowingcharacteristics:

1. Thefacilitycanbelocatedtoanycoordinate,andtheoptimumlocationisfounditeratively;
2. Thereisnotransportation(arc)allowedbetweenthefacilities;
3. Eachcustomerisservedbyonlyonefacility,andthedemandcannotbesplittomorethanonefacility;
4. TransportationcostisassumedtobeproportionalwithEuclideandistance;
5. Eachcustomerisassignedtothenearestfacility;
6. Setupcostsarenotconsidered;
7. Thecustomers’coordinatesonthecontinuousspaceandtheirdemandsareconstant.

Clustering Applications for Facility Location Problems
Theapplicationofclusteringmethods forMFLP is initially seenwith thestudyofFrancaetal.
(1999).Thewriterspartitionedagivensetofcustomerswithdistinctdemandsintopclusterswith
limitedcapacities.Hsieh&Tien(2004),proposedaheuristicmethodusingKohonen’sfeaturemaps
tosolveuncapacitatedlocationproblems.Sheuetal.(2005),usedfuzzyα-cutclusteringalgorithmfor
grouping50pre-determineddisasterareasintofiveclusterstoidentifythelocationsofdisaster-relief
points.TheworkofZalik(2006)initiallyintroducedFuzzyC-Means(FCM)algorithmforlocation
problems,andcompareditsperformancewithclassicc-means.Zaliksuggestedtheapplicabilityof
thefuzzyalgorithmforFLP.Esnaf&Küçükdeniz(2009)solvedanuncapacitatedMFLPwithafuzzy
logicclusteringapproachcombinedwithCenter-of-Gravity(COG)method.Inthisstudy,initially
thedemandpointsareclustered,andthenfacilitylocationsintheclustersarecalculatedwithcenter
ofgravityalgorithm.Theyappliedtheirtwo-stepmethodologyforareal-worldproblem.Kashanet
al.(2012)usedamodifiedABCalgorithm,namedDisABCforanuncapacitedFLP.Küçükdenizet
al.(2012)integratedFCMandconvexprogrammingforsolvingacapacitatedmulti-facilitylocation
problem. The writers applied the proposed method to both OR library and real-world data, and
concluded that theproposedmethodoutperformsoriginalFCMin termsof transportationcosts.
Tunçbilek et al. (2012) solved a discrete uncapacited FLP with ABC algorithm, and concluded
thesuperiorperformanceofthemethodoverParticleSwarmOptimization(PSO)algorithmfora
networkof768demandpointsand11facilities.TheworkofEsnafetal.(2014)proposedasingle-
iterationversionofFCMalgorithmforsolvinguncapacitatedfacilitylocationproblems(UFLPs).The
researcherstestedandcomparedtheresultswithPSOandABCalgorithmsforvariousUFLPssuch
asdiscrete,continuous,discretewithlocalsearchandcontinuouswithlocalsearch.Theydeclared
that theproposedalgorithm’sperformancesurpassed thePSO-basedandABC-basedalgorithms
basedontheresultsobtainedfromreallifeapplication.Mohrechi&Hatamlou(2015)appliedABC
algorithmtoadiscreteFLPforlocatingemergencymedicalcenters.Theyalsoappliedbenchmarks
testswiththecasedata,andconcludedthebetterperformanceoftheABCalgorithmcomparedwith
theresultsofgeneticalgorithmandPSO.Lietal.(2017),proposesahybriddiscreteartificialbee
colony(HDABC)algorithmforsolvingthelarge-scalelocationallocationprobleminreverselogistics
networksystem.ThebenchmarksimplementedwithGA,MFOAandclassicalABCalgorithms.

Facility Location Problems for Hazardous Waste Disposal
Withtheincreaseonenvironmentalconcerns,studiesonlocatingdisposalorrecyclingfacilitiesare
seenintheliterature,howeverfewareonhealthcarewaste.Cappaneraetal.(2004)haveproposed
adiscretecombinedlocation-routingproblemforallobnoxiouswaste.Alumur&Kara(2005),has
considerednotmedicalbutallothertypesofhazardouswastedisposalbyproposingamodelfor
selectingtreatmenttechnologiesanddisposallocations.Amongtherarestudiesonhealthcarewaste
disposal,Alagöz&Kocasoy(2008)haveevaluateddifferentscenariosonthemedicalwastecollection
problemofIstanbul.Theyproposedonecentralsterilizationsystem,androutedthetransportation
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ofwastetothisdisposalfacility.Li-hong(2009)presentsamathematicalmodelforoptimizingthe
medicalwastereverselogisticnetwork.Thisstudydiscussesthelocationofcollectingandprocessing
centersaswellastransportationcosts.Shanmugasundaramet.al.(2016)havedevelopedaGeographic
InformationSystem(GIS)basedmodelforlocatingcentralizedhealthcarewastetreatmentfacilityand
arouteoptimizationinLao.Hariz,DönmezandSennaroğlu(2017)employedatwo-stageanalysis
toidentifyasuitablelocationorhandling,anddisposalofhealthcarewasteinKenya.Initiallythey
usedGeographicInformationSystem(GIS)toeliminateunsuitableland,andthen,Multi-Criteria
DecisionAnalysis(MCDA)methodsareusedtoanalyseandrankthepotentialsites.Thakurand
Ramesh(2017)havediscussedandproposedamodelforhealthcarewastedisposalstrategyselection
byusinggreytheorybasedAHPapproach.Theauthorshavealsoimplementedtheproposedmodel
foran Indiancase.Yılmaz,KaraandYetiş (2017),haveconceptualizedamulti-objectivemixed
integer location/routingmodel forhazardouswasteand implemented foracasestudy inTurkey.
WichapaandKhokhajaikiat(2018)solvedafacilitylocationproblemmodelwhichhybridizesfuzzy
AHPandgoalprogramming(GP)toselectnewsuitablelocationsforinfectiouswastedisposalin
Upper-NortheasternThailandamongsixcandidatemunicipalities.

Clustering Algorithms for Waste Disposal Facility Location
Studiesonusingclusteringalgorithmsforwastedisposalfacilitylocationarealsoquitescarce,and
noneofthemconcernhealthcarewaste;Negresios&Palhano(2006)studiedatwo-phaseclustering
algorithmtobeappliedto thedesignofgarbagecollectionzones.Gomesetal. (2007)proposed
asolution for recycling facility locationwithSelfOrganizingMaps (SOM)andFuzzyC-Means
(FCM)algorithms.Ayoubetal.(2007)usedasimulationmodelfordecidingthelocationsofbiomass
collectionpoints.ThedatausedinthesimulationmodelarederivedbyrunningaFCMclustering
algorithm.Büyüksaatçi et al. (2008), identified theoptimum locationsof the recycling facilities
foranasphaltcompanyundercapacity,demandandgeographicallocationconstraints.Theyuseda
hybridmodelofGustaffson-KesselFuzzyclusteringalgorithmandconvexprogramming.Zhang&
Lee(2013),proposedtheuseofABCalgorithmforFLPofcollectioncentersaimingtominimize
thetotallogisticscosts,andstatedthattheperformanceofABCalgorithmproveditisefficiencyfor
designofreverselogisticsnetwork.ThestudyofGergin&Esnaf(2013)comparedtheperformance
offourclusteringalgorithmsbysolvingarealbysolvingarealmulti-facilitylocationproblem.This
studyintegratedcenterofgravity(COG)methodwithSelfOrganizingMaps(SOM),andconcluded
thattheintegrationofCOGmethodtoFCMandSOMalgorithmsimprovedtheperformanceofthe
clusteringapproachoftheFLPstudied.Esnafetal.(2014)proposedSingle-IterationFuzzyC-Means
(SIFCM)clusteringalgorithminordertoassignthedemandspointstofacilitieswhenlocationswere
alreadydefined.Thisstudyalsoshowedthesuperiorperformanceoftheproposedalgorithmonlinear
programmingandABCalgorithmwithrealworlddata.Thereisonlyonestudyusesfuzzyclustering
formedicalwastedisposallocationbyGerginandEsnaf(2013).

MeTHODOLOGy

ThenovelapproachofthisstudyistheapplicationofArtificialBeeColonybasedclusteringalgorithm
forhealthcarewastedisposalfacilitylocation.ThefollowingsectionsintroducetheoriginalABC
methodanditsadaptationforclustering.

Artificial Bee Colony Algorithm
Artificial Bee Colony (ABC) algorithm is one of most recently introduced swarm intelligence
basedmeta-heuristicmethodbyDervişKaraboğain2005.Thealgorithmhasbeenmotivatedby
theintelligentbehaviourofhoneybees.ThisalgorithmisassimpleasParticleSwarmOptimization
(PSO)andDifferentialEvolution(DE)algorithms(Karaboğa,2005).
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Karaboğa(2005)proposedtheartificialbeecolony(ABC)algorithmthatisinspiredbyforaging
behaviourofhoneybees.IntheABCalgorithm,aproblemissolvedbyexploringgoodsolutions,
whicharerepresentedasfoodsources.Thequalityofthesolutionisrepresentedbythenectaramount
ofthatfoodsource.Inthisalgorithm,thefirsthalfofthebeecolonyareemployedbees,thesecond
halfaretheonlookerbees.Thenumberoffoodsourcesissameasthenumberofemployedbees.It
isassumedthatthereisonlyoneemployedbeeforeveryfoodsource.Eachemployedbeeisplaced
onafoodsource,andstartsextractingnectar.Theemployedbeebecomesascoutwhenthefood
sourcehasnomorenectarandmovesawaytolookforanotherfoodsource.Assoonasascoutbee
findsanewfoodsourceitagainbecomesanemployedbee.TheABCalgorithminitiallyplacesall
employedbeesonrandomlygeneratedfoodsources(solutions).Theniteratively,everyemployed
beedeterminesafoodsourcenearbytheircurrentlyassociatedfoodsourceandevaluatesitsnectar
amount(fitness).Ifithasmorenectarthanthatofitscurrentfoodsource,thenthatemployedbee
movestothisnewfoodsource,otherwiseitstaysonitscurrentfoodsource.

Thesearchcanbematerializedwithfollowingsteps:

• Employedbeeslocateafoodsourceclosetocurrentfoodsource,whichisintheirmemory;
• Theotherhalfofthecolony,onlookerbeeswaitinthehiveandgetinformationaboutrichfood

sourcesfromemployedbees,whichreturnedintothehive.Thentheonlookersdecidetogoto
oneofthefoodsourcesandlocatetoafoodsource,whichisclosetothisfoodsource;

• Aftersomeperiod, foodsourcemaybeexhausted.Anemployedbeeonsucha foodsource
becomesascoutandstartstosearchanewfoodsourcerandomly.

TheABCalgorithmispresentedbelow:

Initializefoodsourcesatrandompositionsandlocateemployedbees
Repeat
Movetheemployedbeesaroundtheirfoodsourcesanddeterminetheirnectaramounts.
Movetheonlookerstowardsrichfoodsourcesanddeterminetheirnectaramounts.
Determineexhaustedfoodsourcesandassignemployedbeesasscoutbeesforsearchingnew

foodsources.
Memorizethebestfoodsourcefoundsofar.
untiltotalnumberofcyclesexecuted

ThiscycleisrepeateduptopredefinednumberofiterationsorpredefinedlimitonCPUtime.A
foodsourcecanbeinterpretedasapossiblesolutiontotheoptimizationproblem.Thenectaramount
ofafoodsourcerepresentsthequalityofthesolutionrepresentedbythatfoodsource.Scoutbeesmove
tonewdirectionssothatcolonycanexplorenewfoodsources.Whileonlookersandemployedbees
exploitinggoodsolutionsinthesearchspace,thescoutsexplorenewunknownsolutions(Karaboğa
&Baştürk,2007).Thealgorithmisexploitedwiththefollowingfoursteps:

Step 1:Initialsolutionsxij,i=1,…,N,j=1,…,Maresetwithrandomlygeneratedvalues:

x x rand x xi
j

min
j

max
j

min
j� � � � �� �0 1,  (6)

Step 2:Employedbeesexaminestheirneighbourhoodbycalculatingnewfoodsourcepositions.

Movementofanemployedbeearounditscurrentpositionisprobabilisticallyformulated.Scanning
foodsourcesintheneighbourhoodofaparticularfoodsourceisdonebyalteringthevalueofone
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randomlychosensolutionparameter(dimensionj)andkeepingotherparametersunchanged.The
valueofthechosenparameterischangedbyusingthefollowingformula:

v x x x
ij ij ij ij kj
= + ( )ϕ –  (7)

where:

j:1,…,Drandomlychosendimension
vi:newcandidatelocation
xi:currentlocation
ϕij:randomfactorbetween-1and+1whichisgeneratedbyuniformprobabilitydistribution
k:arandomlychosenneighbour,wherekisnotequaltoi
xk:locationofarandomlychosenneighbour(k)atchosendimensionj

Ifthecalculatedvaluevijexceedstheacceptablerangefordimensionj,itissettothecorresponding
extremevalueinthatrange.

Fitnessvaluesforxiandviarecomparedandtheonewithbetterfitnessvalueischosenasthe
newpositionforithemployedbee.Thisisagreedyselectionprocess.Ifnectaramountofthecandidate
locationisbetterthanthepresentone,thebeeforgetsthepresentlocationandmemorizesthecandidate
location.Otherwise,thebeekeepsitspresentlocationinthememory.

Step 3:Onlookerbeesfollowtheinformationgivenbyreturningemployedbees.

Onlookerbeesmoveaccordingtotheinformationtakenfromanemployedbeethatisreturned
backtohive.Whenemployedbeeshavefinishedcollectingnectar,theycomebacktotheirhiveand
shareinformationwiththeonlookerbeesbydancinglongerorshorter,accordingtonectaramount
ofthelastvisitedfoodsource.Onlookerbeesselectafoodsourceaccordingtoaprobabilitywhich
isproportionaltothenectaramountofthatfoodsource.Theprobabilitypiofselectingafoodsource
iisdeterminedusingthefollowingexpression:

P
fitness i

fitness n
i

n

SN�
� �
� �

�� 1

 (8)

where:

fitness(i):fitnessvalueofithsolutionwhichrepresentsnectaramountatfoodsourceatithposition.
SN:totalnumberofemployedbees(alsonumberoffoodsources).

Step 4:Employedbeesbecomescoutbeesiftheirfitnessvaluescannotbeimproved.

Ifaparticularemployedbeedoesnotimprovethesolutioninapredefinednumberofiterations
called“foodlimit”,thenthatemployedbeebecomesascoutbeebyleavingitscurrentpositionand
lookingforanewfoodsourceatarandomlysetposition.

Step2,3and4arerepeateduntilpredefinedtotalnumberofcyclesareexecuted.
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Application of ABC Algorithm to Clustering Problem
Inthisstudy,ABCalgorithmisusedtosolveuncapacitatedcontinuousMFLPsasaclusteringproblem.
Theaimistominimizethetotaldistancesbetweencandidateclustercentersandmemberpoints.
ClustercentersarerepresentedbyXiaremovedbyABCalgorithmandfitnessvalueiscalculated
bythefollowingexpression:

min ,
i

n

j

m

ij j iz d X P
� �
�� � �

1 1

 (9)

d X P x a y bj i j i j i,� � � �� � � �� �2 2

 (10)

z
j argmin d X P

ij
k i�

� � ��
�
�

1

0

if  

otherwise

,
 (11)

where:

m:numberofclustercenters
n:numberofpoints
ai:horizontalpositionofpointi (i=1,…,n)
bi:verticalpositionofpointi (i=1,…,n)
Pi:staticpositionofpointi (ai, bi)
zij:assignmentofpointitoclustercenterj {0,1}
xj:horizontalpositionofclustercenterj (j=1,…,m)
yj:verticalpositionofclustercenterj (j=1,…,m)
Xj:variablepositionofclustercenterj (xj, yj)
d(Xj, Pi):Euclideandistancebetweenpointiandclustercenterj

Thefollowingstepsaretakentolookforbestclusteringsolutiontogivenpoints.

Step 1:ABCalgorithmisinitializedbysettingparameters“numberoffoodsources”,“foodlimit”,
“number of iterations” and “number of dimensions” (Number of dimensions = number of
clusters×2).

Step 2:Foodsourcelocationsareinitiallysetwithrandomvalues.
Step 3:Thefollowingstepsaretakenuntilthetotalnumberofiterationsisreached:

◦ Employedbeephaseistakenandfitnessvaluesarecalculatedaftereachmovement;
◦ Onlookerbeephaseistakenandfitnessvaluesarecalculatedaftereachmovement;
◦ Scoutbeephaseistakenandfitnessvaluesarecalculatedaftereachmovement;

Step 4:ClustercentersareextractedfrombestknownsolutionvectorofABCalgorithm.
Step 5:Eachpointisassignedtotheclosestclustercenter.

ConversionofthemodelinputsandvariablesfortheproposedABC-basedclusteringalgorithm
canbeseeninTable1.
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ReSULTS OF BeNCHMARKS AND CASe STUDy

Inordertoevaluatetheperformanceoftheproposedalgorithmsamedataisclusteredwithdifferent
algorithmsforbenchmarking.Benchmarkclusteringalgorithmsusedtocomparewiththeperformance
ofABCareFuzzyC-Means (FCM),CenterofGravity integratedFuzzyC-Means (FCM-COG),
Self-OrganizingMaps(SOM),andCenterofGravityintegratedSelfOrganizingMaps(SOM-COG).

FCMalgorithm:Itwasinitiallyproposedin1973byDunn,andlaterimprovedbyBezdekin
1981.Thisalgorithmletsapointtobeamemberoftwoormoreclustersduetoitsfuzzylogic.As
thefuzzylogicprincipledeclares,anelementofthedataspacecanbeamemberofmanyclusters
withdifferingmembershipvaluesbetween[0,1](Höppneretal,2000).Highermembershipvalues
indicatethecloserdistancetotherelatedclustercenter.

SOM:SOMisaspecialtypeofneuralnetworkswherehighdimensioninputsarerepresented
withlowerdimensionoutputs.ItisalsonamedasKohonenMaps,sinceinitiallyproposedbyTeuvo
Kohonen.SOMoperates,likeotherneuralnetworks,intwophases.Initiallysystemtrainsitself,and
thenmapsthenewinput.Thisalgorithmusescompetitivelearningduringthatphase.Haykin(1999)
provesthatSOMbehavesverysimilartoC-Meansalgorithmforsmallnumberofneurons.

FCM-COGandSOM-COGalgorithms:ThesealgorithmsaretheintegratedversionsofFCM
andSOMwithCenterofGravitymethodtorecalculatetheclustercenters(EsnafandKüçükdeniz,
2009).Withtheintegration,theclustercentercoordinatesarerevisedsoastobeclosertothenodes
thatareproducinglargeramountsofwaste.

Benchmark Test Results
FCMclusteringisappliedusingtheprogramdevelopedbyBalaskoetal.(2005)forMATLAB,and
SOMclusteringisestablishedwithSOMToolboxofMATLABdevelopedbyAlhoneimietal.(2000).
AcodeisdevelopedinMATLABforFCM-COGclusteringbasedontheprogramofBalaskoetal.
(2005)andanotherforSOM-COGbasedonthecodesofAlhoneimietal.(2000).Thedeveloped
modelinitiallyclustersthehospitalswithFCMandSOMalgorithmsseparately.FCMAlgorithmis
runforonceduetoitsconvergencefeature;howeverSOMalgorithmisrununtilitgivestheminimum
costsinceitisalearningalgorithmandgivesbetterresultswitheachnewrun.Inthesecondstep,the
clustercentersarerecalculatedwithintegratedCOGalgorithmconsideringtheweightsofmember
points,andnewclustersareformed.Theobjectiveisminimizingthe“totalcost”whichistheamount
ofwasteproducedbyahospital,multipliedby itsdistance to theclustercenter.Theparameters
usedforthealgorithmsare“m=2”forFCM,and“epoch=1000”fortrainingphase,forSOM.ABC
clusteringisdonebytheprogramdevelopedasaMicrosoftWindowsapplicationwithMicrosoft
VisualC#2012ExpressEdition.ThetestrunswereexecutedonacomputerwithIntelCorei5-430M
processorat2.26GHzand4GBRAM.

Table 1. Inputs and variables for model and the proposed ABC-based clustering algorithm

Definition Problem ABC Clustering

{0,1}assignmentofcustomerstofacilities zik
z
ij

Euclideandistancefromfacilitiestothecustomers d x v
k k i

,( ) d(Xj, Pi)

Locationoffacilities v
i

=(pi,qi) Xj=(xj, yj)

Locationofcustomers x
k

=(xk,yk) Pi=(ai,bi)
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ThesetofinstancescomprisingrealdatawerecollectedusingtheGeographicalInformation
SystemArcView,andreportthecentralareaofSãoJosédosCamposcity.Sixinstances(100x10),
(200x15),(300x25),(300x30),(402x30)and(402x40)arecreated,containing100,200,300and402
nodes.Eachpointislocatedonablock,whichpresentsademandnodeandisalsoapossibleplaceto
locatemedians.Demandwasestimatedconsideringthenumberofhouses(apartments)ateachblock.
Anemptyblockreceivedvalue1(LorenaandSenne,2004).Totalcostswhicharecalculatedassum
ofEuclideandistancesfromclustercentertoeverydemandpointmultipliedbydemandquantityof
eachdemandpoint,aregiveninTable2forallbenchmarkalgorithms.

Table3displaysthecomparativeresultsofthedifferentclusteralgorithms.Inthistablepercent
transportationcostdifferencesoftheABCalgorithmfromthebenchmarkalgorithmsaregiven.The
calculationofthepercentdifferencesforeachdatasetisrealizedwiththefollowingformula:

∆ =
−








×

H M

H
100  (12)

whereHrepresentstheobjectivefunctionvalue,i.e.transportationcost,generatedbybenchmark
algorithmsforeachdataset,MisthetransportationcostgeneratedbytheABCalgorithmforthe
correspondingdataset.

ThecomparativeresultsrevealthatABCalgorithmoutperformsallbenchmarkalgorithmsfor
alltests.Specifically,withproblemsetSJC3b,totalcostresultsobtainedbyABCare34.01%and
37.89%betterthanFCMalgorithmandSOMresultsrespectively.TheFCM-COGalgorithmproduced
closeresultsonlyfortwoinstances,whicharefortheproblemscodedSJC1andSJC2respectively.

Table 2. Benchmark results for total costs

Points Clusters SOM SOM-COG FCM FCM-COG ABC

SJC1 100 10 985,328 759,113 1,010,600 843,925 708,430

SJC2 200 15 1,538,210 1,283,330 1,642,290 1,399,010 1,238,925

SJC3a 300 20 2,005,560 1,812,150 2,064,670 1,772,300 1,362,355

SJC3b 300 25 1,784,600 1,534,740 1,896,040 1,590,720 1,177,645

SJC4a 402 30 2,515,870 2,236,100 2,725,700 2,362,690 1,977,504

SJC4b 402 40 2,140,300 1,821,580 2,387,160 1,977,530 1,568,640

Table 3. Percentage of transportation cost improvement of ABC algorithm from benchmark algorithms

FCM FCM-COG SOM SOM-COG

SJC1 28.10% 6.68% 29.90% 16.06%

SJC2 19.46% 3.46% 24.56% 11.44%

SJC3a 32.07% 24.82% 34.016% 23.13%

SJC3b 34.01% 23.27% 37.89% 25.97%

SJC4a 21.40% 11.56% 27.45% 16.30%

SJC4b 26.71% 13.89% 34.29% 20.68%

Average 26.96% 13.95% 31.350% 18.93%

StandardDeviations 5.73% 8.64% 4.938% 5.32%
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Case Study
Inthisstudy,arealworldMFLPissolvedforidentifyingthehealthcarewastedisposalfacilitylocations
forIstanbulMunicipality.Thedataspaceisthecoordinatesandwastedisposaldataofthehospitals
withmorethan20bedcapacityinAsianandEuropeansidesofIstanbul.

Duetothegeographicallocationofthecity,themedicalwastesofthehospitalsarecollected
onbothsidesoftheBosphorususingseparatetruckfleets.Thetreatmentanddisposalactivitiesof
healthcarewasteareprovidedbyIstanbulMetropolitanMunicipalityEnvironmentalManagement
Industrial and Trade Inc. (ISTAÇ), which is the company established to assist the metropolitan
municipality. The waste collection from hospitals with bed capacities over twenty is under the
responsibilityofISTAÇ.Themedicalwastecollectedistransferredtothesterilizationfacilityonthe
Europeanside.Table4showsthetotalamountofwastecollectedfromthehospitalsweekly.

ISTAÇ is planning to build sterilization facilities close to the hospitals to decrease the
transportationcostsaswellasforenvironmentalpurposes.Thereductioninthetransferreddistance
willresultinlessfuelconsumption.Consequently,theemissionsgeneratedbythetransferprocesses
willdecrease,andtheriskoftransportinginfectiouswastethroughthecitywillalsobemitigated.

ISTAÇserves99hospitalsontheAsiansideand158hospitalsontheEuropeansideofthecity.
ThegeographiccoordinatesofthehospitalsinconsiderationareshowninFigure1forAsianside
hospitalsandFigure2forEuropeanSidehospitals.

Table 4. Total medical waste collected weekly

Waste Collected

AsianSide 109,093kg/wk

EuropeanSide 179,315kg/wk

Figure 1. Asian side hospitals’ coordinates
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The aim of the study is to analyze and compare different clustering alternatives with ABC
algorithmand toobserve theoneresulting theminimumtransportationcosts.ABCclustering is
exploitedforacontinuousfacilitylocationproblem.Inthatsense,facilitylocationsareselectedfrom
aninfinitesetofpossiblelocations.Thealgorithmisrunwiththefollowingparameterstoclusterthe
hospitalsforeachpartofthecityontwodifferentcontinents:

Numberofbees=20
Numberofscoutbees=1
Foodlimit=200
Iterationlimit=2500

Thefitnessisdefinedasthetotaldistancebetweentheclustercenterandthehospitalsassigned
tothatcluster.ABCclusteringalgorithmisappliedforvariousnumbersoffacilitiestobeopened,
suchastwo,threeandfourfacilities.Thesenumberofclustersarepredefinedduetothedecisions
ofISTAÇsupervisors,sincethemaximumnumberoffacilitytobebuiltisplannedtobefourbased
onthelandpricesandpossiblepublicoppositions.Thesolutionsobtainedinsecondsaregivenin
Table5forAsianside,andinTable6forEuropeanside.Theseresultsalsoshowthepositiveeffect
ofclusternumbersonthecosts.Inotherwords,ifthenumbersofsterilizationfacilitiestobeopened
arefour,thetotaltransportationcostsofthemedicalwastewillbeminimum.Totaltransportation
costsarecalculatedasweeklywasteamountsinkilogramstimesthedistancetravelledinkilometers.

Thereal-worldproblemdataisalsoclusteredwiththebenchmarkalgorithms.Consequently,
anotherfindingisthecloseresultsobtainedfromFCM-COGandSOM-COG.However,itisobserved
thattheperformanceofABCfortotaltransportationcostsisbetterthanthebenchmarkalgorithmsas
alsoobservedinthetestswithlibrarydata.ThesebenchmarkresultsaregiveninTable7andTable
8fortheAsianside,andTable9andTable10fortheEuropeanside.Thecomparativeresultsofthe
real-worldproblemarealsodiscussedunderthefollowingsubsection.

Figure 2. European side hospitals’ coordinates



International Journal of Operations Research and Information Systems
Volume 10 • Issue 1 • January-March 2019

68

TheresultsofABCclusteringfortheAsiansidedisplaystheminimumtotalcostforthefour
clusterscenario,andas2757.15km(kg/wk).Similarly,thebestscenarioisalsoforthefourcluster
scenarioforEuropeanside.TheresultsdisplayedbelowinTable6revealsthattheminimumtotal
costis6206.27km(kg/wk).

WhenFCM-COGandSOM-COGalgorithmclusteringresultsgiveninTable7andTable
8 are analysed forAsian side, it is observed that the total costs are2997.83km(kg/wk) and
2873.91km(kg/wk) for four cluster scenarios respectively.Other scenariosof twoand three

Table 5. Asian side ABC algorithm clustering results

Coordinates of Cluster 
Centers (X,Y)

Number of Cluster 
Members

Waste Amount 
kg/wk

Total Cost 
km.(kg/wk)

2CLUSTERS 4436.79

29.172040.9160 41 27,193

29.071041.0021 58 81,900

3CLUSTERS 3288.72

29.172040.9160 39 28,210

29.007241.0070 26 42,695

29.078040.9900 34 38,188

4CLUSTERS 2757.15

29.075040.9850 19 26,578

29.027041.0070 26 41,140

29.103041.0033 15 16,135

29.172040.9160 39 25,240

Table 6. European side ABC algorithm clustering results

Coordinates of Cluster 
Centers (X,Y)

Number of Cluster 
Members

Waste Amount 
kg/wk

Total Cost 
km.(kg/wk)

2CLUSTERS 10,762.55

28.854041.0000 79 79,380

28.945041.0230 79 99,935

3CLUSTERS 8208.41

28.646041.0120 21 15,580

28.859040.9990 58 63,800

28.945041.0230 79 99,935

4CLUSTERS 6206.27

28.859040.9990 57 63,450

28.934041.0170 38 59,505

28.646041.0120 21 15,580

28.990041.0580 42 40,780
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clusteroptionsproduceconsiderablyhighertotalcosts.Itisconcludedthatallcostsarehigher
thantheresultsobtainedbyABC.

TheresultsforEuropeansidealsorevealthebetterperformanceofABCclustering.Asgiven
inTable9andTable10,FCM-COGandSOM-COGclusteringresultsforfourclusteroptionsgive
thelowestvaluesamongthescenarios.ThetotalcostsforfourclusterscenarioofFCM-COGand
SOM-COGare7192.32km(kg/wk).However,thetotalcostsareconsiderablyhigherthanthetotal
costof6206.27km(kg/wk)thatisobtainedbyABCclustering.

Table 7. Asian side FCM-COG algorithm clustering results

Coordinates of Cluster 
Centers (X,Y)

Number of Cluster 
Members

Waste Amount 
kg/wk

Total Cost 
km.(kg/wk)

2CLUSTERS 4450.41

29.172340.9159 41 27,193

29.050241.0037 58 81,900

3CLUSTERS 4120.65

29.245440.9103 22 9800

29.037641.0086 42 67,680

29.129240.9504 35 31,913

4CLUSTERS 2997.83

29.260140.9123 19 8100

29.034141.0068 28 42,560

29.095241.0003 33 40,240

29.170440.9164 19 18,193

Table 8. Asian side SOM-COG algorithm clustering results

Coordinates of Cluster 
Centers (X,Y)

Number of Cluster 
Members

Waste Amount 
kg/wk

Total Cost 
km.(kg/wk)

2CLUSTERS 4443.40

29.172340.9158 41 27,193

29.048541.0045 58 81,900

3CLUSTERS 3510.04

29.172640.9157 33 24,128

29.036941.0091 32 46,410

29.101140.9789 34 38,555

4CLUSTERS 2873.91

29.260140.9122 19 8100

29.027741.0068 26 41,110

29.079940.9909 34 41,590

29.170440.9163 20 18,293
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Comparative Results
Thetablesgiveninthissectionshowthecomparativeresultsofthedifferentclusteralgorithmsapplied
to thereal-worlddata.Table11andTable12displaythetotalcosts[km.kg/wk]andthepercent
transportationcostdifferencesoftheABCalgorithmfromtheFCM-COG,andSOM-COGobtained
fromthedifferentalgorithmsforvariousclusternumbers.Thecalculationofthepercentdifferences
foreachdatasetisrealizedwiththesameformulausedinthecomparisonofbenchmarktests.

ThecomparativeresultsdeclarethatABCalgorithmoutperformsforeveryscenario,andboth
forAsianandEuropeansideclusters.

Table 9. European side FCM-COG algorithm clustering result

Coordinates of Cluster 
Centers (X,Y)

Number of Cluster 
Members

Waste Amount 
kg/wk

Total Cost 
km.(kg/wk)

2CLUSTERS 11.869.90

28.923841.0194 137 163,735

28.600341.0219 21 15,580

3CLUSTERS 8794.33

28.946441.0245 79 99,935

28.261841.0974 8 4510

28.858640.9987 71 74,870

4CLUSTERS 7129.32

28.646041.0125 14 11,870

28.253941.0987 7 3710

28.955541.0273 74 95,535

28.866241.0050 63 68,200

Table 10. European side SOM-COG algorithm clustering results

Coordinates of Cluster 
Centers (X,Y)

Number of Cluster 
Members

Waste Amount 
kg/wk

Total Cost 
km.(kg/wk)

2CLUSTERS 11,869.90

28.923841.0194 137 163,735

28.600341.0219 21 15,580

3CLUSTERS 8791.96

28.945341.0233 79 99,935

28.261841.0973 8 4510

28.857440.9991 71 74,870

4CLUSTERS 7129.32

28.646041.0125 14 11,870

28.253941.0987 7 3710

28.955541.0273 74 95,535

28.866241.0050 63 68,200
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CONCLUSION

Inthisstudy,areal-worldfacilitylocationproblemissolvedforidentifyingthehealthcarewaste
disposalfacilitylocationsforIstanbulMunicipalityusingArtificialBeeColony(ABC)clustering
algorithm.Thealgorithmisappliedforclusteringgeographicalcoordinatesandhealthcarewastedata
oftheIstanbulhospitalswithmorethantwentybedscapacity.ClusteringisalsoperformedwithSOM-
COGandFCM-COGalgorithmsforbenchmarking,andallalgorithmsarerunfordifferentnumber
ofclusters,andthetotalcosts-theamountofhealthcarewasteproducedbyahospital,multipliedby
itsdistancetothesterilizationfacility-arecalculatedforcomparingtheresults.

Benchmarktestsappliedwithlibrarydatabeforethecasestudyshowedthebetterperformanceof
ABCclusteringalgorithmoverfouralgorithms,FCM,FCM-COG,SOMandSOM-COGrespectively.
Specifically,ABCclusteringalgorithmproduced31.65%betterthanSOM,and26.96%betterthan
FCMalgorithmsonaverage.SOM-COGandFCM-COGapproachedcloser,howeverABCclustering
stilloutperformsFCM-COG13.95%onaverage,withastandarddeviationof8.64%.Theaverage
forSOM-COGis18.93%with5.32%standarddeviation.Consequently,FCM-COGandSOM-COG
areselectedforthecasestudy.

ThecomparativeresultsofthealgorithmsrevealthesuperiorperformanceoftheABCbased
clusteringalgorithm.FortheAsianside,totalcostsfortwoclustersareclose.However,forthree
clusterssize,ABCclusteringalgorithmshows20.19%betterperformancethanFCM-COGand6.31%
betterthanSOM-COG.TheresultsofABCclusteringforfourclusterssizearealsooutperformingthe
FCM-COGandSOM-COGbenchmarkalgorithmsas8.03%,and4.06%respectively.ForEuropean
side,ABCalgorithmconstitutes6.64%bettertotalcostvaluewiththreeclusters,andtheperformance
infourclusterscaseresultswitha12.95%betterperformancewithrespecttobothbenchmarks.

ThetotalcostvalueswillbeusedbyISTAÇ(IstanbulMetropolitanMunicipalityEnvironmental
ManagementIndustrialandTradeInc.)fordecidingtheplacesofsterilizationfacilitiesforprocessing
themedicalwastegeneratedinIstanbulhospitals.Theresultsshowtheadvantageofhighercluster
sizes,sinceallthealgorithmsgivebettercostsastheclustersizeincrease.Ontheotherhand,itcanbe
concludedthat,theresultsobtainedwiththeABCalgorithmisadvisedtobeconsideredindecisions
sinceitproducesimprovedcostvaluesforallclustersizes.

FutureresearchmightbefocusedonhybridizingtheABCbasedclusteringwithanotheralgorithm
whichwillimprovetheperformanceoftheproposedalgorithm.Thisstudywhichisinthepartof
‘firstgroup’canbeextendedtothesecondpartcalled‘thenroute’.Henceroutingofthevehicles

Table 11. Asian side transportation cost differences of the ABC algorithm from FCM-COG and SOM-COG

FCM-COG SOM-COG

2CLUSTERS 0.31% 0.15%

3CLUSTERS 20.19% 6.31%

4CLUSTERS 8.03% 4.06%

Table 12. European side transportation cost differences of the ABC algorithm from FCM-COG and SOM-COG

FCM-COG SOM-COG

2CLUSTERS 9.33% 9.33%

3CLUSTERS 6.66% 6.64%

4CLUSTERS 12.95% 12.95%



International Journal of Operations Research and Information Systems
Volume 10 • Issue 1 • January-March 2019

72

insidetheclustersconsideringnotonlytheminimizationofcostsbutalsotheCO2emissions.ABC
basedclusteringalgorithmsareplanned toapplycapacitatedcontinuousmultiplewastedisposal
facilitylocationproblemsandcases.Thesealgorithmscanalsobeusedforthewastedisposalfacility
locationproblemofotherhazardousmaterials.
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