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AFRAMEWORKANDANALYSISTOINFORMTHESELECTION

OFPIECE-LEVELORDER-FULFILLMENTTECHNOLOGIES

JenniferA.Pazour

UniversityofCentralFlorida

RussellD. Meller
UniversityofArkansas

Abstract

Thepiece-levelorder-fulfillmenttechnologyselectionproblemisanim-
portantstrategicproblemthatsignificantlyimpactsdistributioncentercosts
andoperations,andistypicallysolvedbasedonempiricalexperiences.Given
ademandcurveandasuiteofavailablepiece-levelorder-fulfillmenttech-
nologies,weanalyzewhereinthedemandcurvedifferentorder-fulfillment
technologiesshouldbeapplied. Todoso,wedevelopaframeworkthat
jointlydeterminesthebestcombinationofpiece-levelorder-fulfillmenttech-
nologiesandtheassignmentofSKUstothesetechnologies,whichrelaxes
thesequential-modelingapproachofpreviousresearch. Wevalidateour
methodologywithindustrydataandshowthatour modelprovidestech-
nologyrecommendationsandSKUassignmentsthatareconsistentwith
successfulimplementations. Throughasetofnumericalexperimentsand
statisticalanalysis,weidentifykeyfactorsinimplementingmanualversus
automatedorder-fulfillmenttechnologiesandprovideobservationsintothe
applicationofdifferentorder-fulfillmenttechnologystrategies.Finally,we
presentconclusionsandfutureresearchdirections.

Keywords:MaterialHandling, WarehouseDesign,FacilitiesPlanning

1. Motivation

Westudytheproblemofselectingpiece-levelorder-fulfillmenttechnologiesforadistri-
butioncenter. Theselectionoforder-fulfillmenttechnologiesisanimportantproblem,
impactingoveralldistributioncenterdesignandlifetimecosts,andischallengingbecause
thedesignermustselectamongstalargenumberofdiversetechnologies[12].

Toillustratethechallengesadistributioncenterdesignerfaces,consideramajorphar-
maceuticaldistributorinEuropewhocombinesautomaticandmanualpickingsystemsto
fulfillcustomerrequirements.Thedistributorstores100,000stockkeepingunits(SKUs),
hasshortleadtimerequirements,andmakesmultipledeliveriesperdaytocustomers.
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AnA-Framesystem,whichisanautomateddispensingtechnology,isimplementedto
pickfast-movingSKUs[19].A-Framesystemsarecapableofhighthroughputperformance
withreducedlaborrequirements. However,A-Framesystemshavehighcapitalcosts,re-
quiremanualreplenishment,andarelimitedinthetypeofSKUsthatcanbefulfilled.

Slow-movingSKUsarepickedfromapicking machine,whichisastock-to-picker
technologythatconsistsoftwoormorepickstationsandacommonstoragearea[20,21].
Anintegratedclosed-loopconveyordecouplesthepickstationsfromthestorageareaby
transportingtheneededtotestoandfromthestorageareaandthepickstations.Apicking
machineallowsslow-movingSKUstobepickedefficientlyaswalkingandsearchingtimes
areeliminated.Additionally,thelargequantityofslow-movingSKUsarestoredsuchthat
high-storagedensitiesareachieved.

TheremainingSKUsarepickedinamanualpickingareausingapicker-to-stockstrat-
egy,whereanoperatorvisitsfixedlocationstomakeapick.Radiofrequency(RF)picking
isemployedtoreducetheamountoftimeanoperatorspendssearchingforthenextpick
andtoincreasepickingaccuracy.Themanualarea,whichhasahighlaborrequirement,but
alowcapitalinvestment,consistsmainlyofSKUsthatarerequestedwithahighnumber
ofpiecesperlineandaremediumtofastmoving.

Insuchadesign,15%ofSKUsarefulfilledfromtheA-Framesystem,17%from
themanualpickingarea,and68%fromthepickingmachine. Becauseofthecompany’s
demandcurvethisallocationofSKUstotechnologiesresultsin75%oflinesbeingful-
filledfromtheA-Framesystem,17%fromthemanualprocess,and8%fromthepicking
machine.Usingthesetechnologiesenablestheentireorder-fulfillmentprocesstobecom-
pletedwithin45minutes.Theselectionofthesespecificorder-fulfillmenttechnologieswas
determinedbasedonpastempiricalexperiencesafterananalysisandclassificationoffast-,
medium-,andslow-movingSKUs.

Inourresearch,weaskquestionssuchas,“Whyarecloseto70%ofSKUsallocated
tothestock-to-pickertechnology? Whynotallocate50%or80%? Whatfactorsimpact
piece-levelorder-fulfillmenttechnologyselection? ShouldSKUswithhighdemandsbe
fulfilleddifferentlythanSKUswithlowdemands? WhichSKUsshouldbefulfilledus-
ingautomation?”Toanswerquestionslikethese,weconductastatisticalanalysistoin-
creasetheunderstandingofwhatfactorsmostcontributetoselectingdifferentpiece-level
order-fulfillmenttechnologiesfordifferentSKUcharacteristicsanddistributioncenteren-
vironments. Todothis,wedevelopasystematicframeworkbasedonoptimizationthat
jointlydeterminesthebestcombinationoforder-fulfillmenttechnologies,aswellasthe
numberandtypeoftheSKUsassignedtothetechnologies.Ourintentionistoincreasethe
understandingoffacilitydesignersandplannerswhoareconsideringtheimplicationsof
selectingamongdifferentorder-fulfillmenttechnologiesandassessingsuchtechnologies
withinavarietyofdistributioncenterenvironments.

Inthenextsectionweprovidebackgroundinformationonorder-fulfillmenttechnolo-
gies,demandprofiles,andtheorder-fulfillmenttechnologyselectionandassignmentpro-
cess.
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2. Background

Materialhandlingisthescienceandartofmoving,storing,protecting,andcontrollingma-
terial[25].Thepurposeofamaterialhandlingsystemistoprovidethe“rightamountof
therightmaterial,intherightcondition,attherightplace,intherightposition,intheright
sequence,andfortherightcost,bytherightmethod(s)”[25].Aspecifickindofmaterial
handlingtechnologyisorder-fulfillmenttechnology.Order-fulfillmentencompassesthese-
curingofacustomerorderandapplyingresources(inventory,labor,information,etc.)to
transferthesetofitemsintheordertothecustomer.Order-fulfillmenttechnologyiscom-
monlyusedtoreducelaborrequirements,increasethroughput,increaseorderaccuracy,
anddecreaseleadtimes. Orderscanbefulfilledatdifferentlevels,rangingfrompiece-
level,carton-based,orunit-loadfulfillment. Wefocusourresearchonpiece-levelorder-
fulfillmenttechnologies,whichinvolvesthemostcomplicatedformoforder-fulfillmentand
usesthewidestvarietyofmaterialhandlingtechnologies[3].Piece-levelorder-fulfillment
hasbeenincreasingasdistributioncentersareexperiencinganincreaseinthetotalvolume
ofordersandadecreaseinthenumberofitemsperorder. Also,customerserviceinitia-
tives,suchassame-dayshipping,requireshortleadtimesfromthereceiptoftheorderto
whentheorderisfulfilled.

Awiderangeofmaterialhandlingtechnologiesingeneral,andpiece-levelorder-fulfillment
technologiesinparticular,existonthemarket,withexpendituresonwarehousetechnolo-
giessteadilyincreasing[4].Thenumberoftechnologiesavailableisalsoincreasingwith
thetechnologiesbecoming morecomplex mechanically,electronically,andthroughthe
useofmoresophisticatedidentificationtechnologies. Piece-levelorder-fulfillmenttech-
nologiesavailableonthemarketcanbeclassifiedaspicker-to-stock,stock-to-picker,and
automateddispensingtechnologies.Picker-to-stocksystems,wherethepickertravelsto
theitems,requirealowcapitalinvestment,butarelaborintensive.Stock-to-pickersys-
tems,whichbringtheitemstothepicker,eliminatewalkingandsearching,butrequirea
substantialinfrastructureinvestment.Finally,automateddispensingtechnologieseliminate
pickinglabor,butrequireahighcapitalinvestment,requiremanualreplenishment,andthe
typeofproductsthatcanbefulfilledislimited.

CompaniesexperiencedemandattheindividualSKUlevelandthedemandforindi-
vidualSKUscanvarywidely. AdemandprofilesegmentsSKUsintodifferentclasses
dependingonthedemandforeachproduct.Forexample,fast-moving,popularitemsarea
smallfractionofthetotalnumberofSKUs,butaccountforalargeportionofthedemand
activity.Ontheotherhand,slower-movingproductsmakeupalargebulkofthenumberof
SKUs,butconstituteonlyafractionofthedemandactivity.Throughademandanalysis,
wecancreatedemandcurves(alsoknownasParetocurves)tocharacterizeadistribution
center’spiece-levelorder-fulfillmentactivity. TheSKUsarerankedindecreasingorder
basedonlines(pieces)ofdemandandplottedcumulatively.Demandskewnesscurvesdis-
playthepercentageofSKUsthatrepresentacertainpercentageoflines(pieces)processed.
Forexample,a20/80order-linedemandcurvedenotesthat20%oftheSKUsaccountfor
80%oftheorder-lines.
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Todesignaneffectivepiece-levelorder-fulfillmentstrategythatmeetscustomerre-
quirementswhileminimizingcosts,high-demandedSKUsmaybefulfilleddifferentlythan
low-demandedSKUs.Consequently,morethanoneorder-fulfillmenttechnologyistyp-
icallyrequiredduetothevariabilityinSKUprofiles. However,agoodimplementation
attemptstominimizethenumberoforder-fulfillmenttechnologiesrecommendedbecause
ofthecostassociatedwithintegratingtechnologies.
Consequently,ourresearchgoalistostudythepiece-levelorder-fulfillmenttechnology

selectionproblem.Thisimportantstrategicdecisioninfacilitiesplanningdeterminesthe
selectionofthetypesoftechnologies,thespecificationofthecapacityofeachtypeof
technology,andtheassignmentofSKUstotheselectedtechnologiesforagivendemand
curveandtechnologyparameters..Throughourresearch,weincreasetheunderstandingof
thecriticalfactorsandenablingconditionsfortheselectionofpiece-levelorder-fulfillment
technologiesthroughastatisticalanalysis.
Tofacilitateouranalysis,wedevelopanoptimization-basedframeworkthatjointly

determinesthebestcombinationoforder-fulfillmenttechnologiestoselectandthealloca-
tionofSKUstotheselectedtechnologies. Anexamplesolutionfromourframeworkis
presentedinFigure1foran20/80demandcurvewith10,000totalSKUs.Forthisexam-
ple,anautomateddispensingtechnologyisselectedforthe1,800highest-movingSKUs,
astock-to-pickersystemisselectedforthe6,200slowest-movingSKUs,andapicker-to-
stocksystemisselectedfor2,000medium-movingSKUs.Becauseoftheskewnessofthe
demandcurve,theautomateddispensingtechnologyfulfillsanaverageof43.24linesper
SKUperday,whereasthepicker-to-stocksystemonlyfulfillsanaverageof1.54linesper
SKUperday.

Figure1:AnExampleSolutionoftheSelectionofPiece-LevelOrder-FulfillmentTechnol-
ogyandAssignmentofSKUstotheSelectedTechnologies.

Solvingthepiece-levelorder-fulfillmenttechnologyselectionproblemisfarfromobvi-
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ousinmostcases.Asmanyfactorsexisttoconsider,aswellastechnologycombinations,a
largenumberofdegreesoffreedomarepresentinthedecisionprocess[3].Duetothelack
ofdecisionaids,facilitydesignerstendtosolvetheorder-fulfillmenttechnologyselection
problembasedontheirownexperiencesorrelyontheexperiencesoftechnologyproviders
[3,12]. Technologyproviderscurrentlyrecommendtechnologiesbasedonpastempiri-
calexperiencegivendetailedknowledgeaboutorder-fulfillmenttechnologyspecifications.
Currently,mostorder-fulfillmentdesigndecisionsarebasedoninsights,experiences,or
simulations[10].Atypicalplanningprocessbeginswithadataanalysisofthedistribution
center’soperationstoidentifyfast-, medium-,andslow-movingSKUs,aswellasSKU
characteristicsthatleadtospecialfulfillmentrequirements. Next,order-fulfillmenttech-
nologiesareselectedandthecapacityandlayoutoftheselectedtechnologiesisdetermined.
Adetailedcostandoperationalstudyisthenconducted.Typically,theplanningstageisan
iterativeprocesswithmultipleplansandlayoutsbeinggeneratedbasedondesignfeedback.

Intheliteratureandinpractice,theorder-fulfillmenttechnologyselectionproblemis
solvedsequentiallybyeither:(1)partitioningthedemandcurveandthenassigningtech-
nologiestothepartitions;or(2)determiningthetechnologiestoimplementinthedis-
tributioncenterandthenassigningSKUstotheselectedtechnologies. Consequently,a
fundamentalassumptionoftheexistingliteratureisthateithertheselectionoftechnologies
canbeaccomplishedwithoutknowingtheassignmentofSKUstothetechnologies,orthe
SKUscanbepartitionedwithoutknowledgeofthetechnologychoices. Ourresearchde-
terminesthetechnologiesandtheassignmentofSKUstothetechnologiessimultaneously,
andthusrelaxesthisfundamentalassumption.

Theremainderofthispaperisorganizedasfollows.Thenextsectionprovidesareview
oftheliteratureintheareaofmaterialhandlingtechnologyselection,notinglimitations
thatdonotadequatelyaddressthepiece-levelorder-fulfillmenttechnologyselectionprob-
lem.InSection4wedescribeourproblemstatementanddiscusstheassumptionsofour
selectionmodel.InSection5weprovideamixed-integer,linearprogramtodetermine
theselectionoforder-fulfillmenttechnologies,aswellastheassignmentofSKUranges
totheselectedtechnologies. Ourmodelisvalidatedusingindustryimplementationsand
currenttechnologydatainSection6.InSection7weperformasetofnumericalex-
perimentsandstatisticalanalysistoexplorecharacteristicsofourmodelingapproach,to
identifythekeyfactorsinimplementingautomatedversusmanualorder-fulfillmenttech-
nologies,andtoprovideobservationsintocharacteristicsthatmeritselectionofdifferent
typesoforder-fulfillmenttechnologies.Finally,inSection8weconcludethepaperand
discussopportunitiesforfutureresearch.

3. LiteratureReview

Avastbodyofliteratureexistsonwarehousedesign(seeGuetal.[11,12]andtherefer-
encestherein). However,themajorityoftheliteraturefocusesonanalyzingspecificpoli-
ciesortechnologiesandsystematicdesignproceduresarelimited[10].BakerandCanessa
[4]reviewcurrentliteraturethataddressesoverallstructureofwarehousedesignmethod-
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ologyandcomparetheliteraturewithpracticesfromwarehousedesigncompanies. The
warehousedesignmethodologiesidentifiedarestep-by-stepprocedureswiththemajority
includinganempirically-basedstepfortechnologyselection.

Technologyselectionliterature,ingeneral,hasfocusedonmulti-criteriadecisionmod-
els(see[2,5]andthereferencestherein).Researchonmaterialhandlingtechnologyselec-
tionisrare[12]andcanbecategorizedintothreemajorapproaches:generalframeworks
tofollow;mathematicalmodelsandalgorithms;andknowledge-basedrules.

3.1 GeneralFrameworks

Generalframeworksprovideguidelinestofollowwhenselectingmaterialhandlingequip-
mentandtoolsincludedecisiontrees,matrixsolutionguides,benchmarkingassessment,
andfactoranalysis[4].Allexistingliteraturesolvetheproblemsequentially,with[9,13,
15,27]firstdeterminingthetechnologiestobeselectedandthenassigningSKUstothe
technologies;while[3,4,22]firstpartitiontheSKUsbydemandcharacteristicsandthen
selectthetechnologiesbasedonthepartitions.

YoonandSharp[27]developaprocedureforthesystematicanalysisanddesignof
order-fulfillmentsystemsbasedonexpertopinionandprocessesthatincludesaninput,se-
lection,andevaluationstage.Chackelsonetal.[7]illustratehowaSixSigmamethodology
canbeincorporatedintotheproceduredevelopedbyYoonandSharp[27]. Hassan[13]
presentsaframeworkfortheselectionofmaterialhandlingtransportequipmentneededfor
handlingdiscreteloadsinmanufacturingandlogisticssettings. Malmborgetal.[15]de-
velopacomputer-basedexpertsystemtoselectindustrialtrucksbydevelopingataxonomy
andinferencemechanism.Chuetal.[9]provideasystematicmethodforselectingmaterial
handlingequipmentforaproductionshopusingatwo-stageapproachthatrecommendsa
rankedsetofequipmentbasedonuserinputdata.

Appleetal.[3]presentaformalizeddesignprocessbasedonempiricalobservations
thatusesmatrixsolutionguidestospecifywhichmaterialhandlingsolutionwouldbebest
foracombinationofparameters.Sharpetal.[22]incorporatestoragemediaassignmentto
zonesasalevelintheirwarehouseworkflow.

3.2 Mathematical ModelsandAlgorithms

Mathematicalmodelsandalgorithmstoselectmaterialhandlingequipmentarelimited.All
approaches(except[23])focusontransporttechnologiesandnotorder-fulfillmenttech-
nologies;therefore,theapproachesarenotapplicabletoourproblem. Hassanetal.[14]
developsanintegerprogrammingmodeltoselectmaterialhandlingequipmentandassign
ittodepartmentalmoves.Theproblemissolvedusingaconstructionheuristicalgorithm
assumingagivenlayoutofdepartments. WelgamaandGibson[26]combineknowledge-
basedandoptimizationapproachestoselectmaterialhandlingequipmentandassignment
ofmoves. Theyminimizetotalcostandaislespacerequirementsusingatwo-phaseal-
gorithm. NobleandTanchoco[16]developaframeworkfromwhichtransportmaterial
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handlingsystemscanbeselectedusingadesignjustificationapproachthatincludesanin-
tegerprogrammingformulationtodeterminesystemalternatives. However,theselection
andactualassignmentofmaterialhandlingequipmenttoflowpathsisconductedbythe
designer.

Shenetal.[23]providethroughputtimemodelsformanualandsemi-automatedorder-
fulfillmentsystems(ignoringthefully-automatedcase)andthenuseageneticalgorithm
toselecttechnologiesbasedonthesmallestpickingtimefordifferentoperationalpoli-
cies.Theirmethodologyisusedtoselecttechnologiesbasedonlyonorder-pickingtime
(ignoringinfrastructurecosts)anddoesnotassignSKUstotheselectedtechnologies.

3.3 Knowledge-BasedRules

Knowledge-basedrulesidentifyimportantcharacteristicstoconsiderwhenselectingmate-
rialhandlingequipment.Dallarietal.[10]conductanempiricalstudyonorder-fulfillment
systemsbasedon68warehousesinItaly,ignoringthecompletelyautomatedalternative.
Theyfindthatthemostimportantparametersforselectingorder-fulfillmenttechnologies
arethenumberoforderlinespickedperday,thenumberofSKUsinthepickingarea,and
theaverageordersize.Theauthorsincorporatetheirtaxonomybasedontheseparameters
intothemethodologyofYoonandSharp[27].NobleandTanchoco[17]exploretheimpact
thatdifferentsystemdesignparametershaveontheselectionandspecificationofmaterial
handlingsystemsinajobshopenvironment.Theyfindthattheprimarydesignparameters
toconsiderareshoploading,numberofjobs,andunitloadsize.

3.4 Summary

Whilethetechnologyselectionproblemisveryimportantinthesensethatitwillaffectthe
overallwarehousedesignandlifetimecosts,theexistingliteratureontechnologyselection
ispreliminary.Insummary,theliteratureonmaterialhandlingselectionincludes:(1)gen-
eralframeworksfortechnologyselectionthatarebasedonempiricalexperiences;(2)math-
ematicalmodelsandalgorithmsthatarelimitedtoselectingtransporttechnologies;and(3)
knowledge-basedrules,whilehelpful,donotcompletelyaddressourproblemstatement
asdefinedinSection4.Specifically,weareawareofnoliteraturethatusesmathematical
modelstosimultaneouslyselectpiece-levelorder-fulfillmenttechnologiesandallocatede-
mandtotheselectedtechnologies.Inthenextsectionweprovideourproblemstatement
andmodelingassumptions.

4. ProblemStatement

Asnotedearlier,theobjectiveofthisresearchistoinformdecisionsandprovidenewin-
sightsintothepiece-levelorder-fulfillmenttechnologyselectionproblem. Todoso,we
developasystematicframeworktodeterminethebestcombinationoforder-fulfillment
technologiesandtheassignmentofSKUstotheselectedtechnologies. Wedesignedour
methodologytocapturetheprimarytrade-offsassociatedwiththeselectiondecisionwhile
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takingintoconsiderationthattheinputdatamustbeavailabletodesigners.Theinputdata
requiredareoftwotypes:distributioncentercharacteristicsandtechnologyspecifications.
DistributioncentercharacteristicsincludethenumberofSKUs,thenumberoforderlines
andpiecesprocessedperday,errorcosts,workinghours,laborrates,thestudyperiod,
andtheminimumattractiverateofreturn(MARR).Order-fulfillmenttechnologyspecifi-
cationsaremodeledintermsofmodulesandincludethetechnologies’spacecapacities,
throughputs,capitalexpenditures,accuracyrates,energycosts,maintenancecosts,andla-
borrequirements.Tocalculatelaborcosts,werequirespecificationofwhetheratechnology
requiresmanualpickingorifthepickingprocessisfullyautomated. Wenotethatorder-
fulfillmenttechnologiescanuseautomationtoaidinthepickingprocessandstillrequire
manualpicking(i.e.,stock-to-pickertechnologies). Wealsorequireorderlineandpiece
demandskewnesscurves,whichcanbeobtainedthroughademandanalysis. Werepresent
demandcurvesaspresentedbyBender[6],wherethex/ycurveindicatesthatx%ofthe
SKUsmakeupy%ofthetotallines(pieces)ofdemand.

Inourmodelweassumethatorder-fulfillmenttechnologyselectioncanbedetermined
basedonasimplifiedviewofthedistributioncenter. WeconsideronlythenumberofSKUs
andthenumberoflinesandpiecesofdemandrequestedforeachoftheSKUs,ignoring
otherfactorssuchasorder-structureandphysicalproductcharacteristics. Also,weusea
single-pointestimate(ratherthanatime-seriesestimate)tocharacterizedemandpatterns.
Consequently,weassumedemandisconstantforthegiventimeofanalysis. Typically,
strategicdesignquestionsareansweredusingaverageandpeakdemandrates,whichour
modelhandles.

WeonlyconsiderSKUsfulfilledusingpiece-levelorder-fulfillmenttechnologiesand
thusremoveextremelyhighdemandedSKUsfromouranalysis. SuchSKUshavesuch
highitemvelocitythattheyarerequestedoneverycoupleofordersandarefulfilledviaan
evenmoreefficientfulfillmentprocesssuchaspullingcartonsfromapalletattheendof
thepickingarea[19].

Weassumesimplifiedorder-fulfillmenttechnologydynamics.Spacecapacityisdefined
asafunctionofthenumberofSKUsamodulecanhold,notbasedonphysicalproductdi-
mensions.Inaddition,weassumepicker-to-stocktechnologyhasaconstantthroughput
rateregardlessofthenumberofSKUsassignedtothetechnologyeventhoughwereal-
izeincreasingthenumberofSKUsthatapickerisresponsibleforincreasesthewalking
distance[24]. Weignoreeconomiesofscaleassociatedwiththetechnologies,assuming
technologycostsarealinearfunctionofthenumberofmodulesdeployed.

Becauseoftheseassumptions,ourmethodologyisintendedasaninitialstepinthe
designprocess,realizingthattheoutputsfromourmodelwillbeusedasastartingpoint
formoredetailedanalysisthatcouldincludeadditionalphysical,economic,operational,
andfacilityconsiderations. Forexample,ifour modelrecommendsselectingA-Frame
technology,asecondarystepwouldbetoconductadetailedslottinganalysistodetermine
whichSKUsarecapableofbeingejectedfromthetechnology,thenumberofchannelsto
assigntoeachSKUintheA-Frame,aswellasadetailedplanofthefacility’slayoutand
operationalcosts.Becauseselectingorder-fulfillmenttechnologiesisastrategicdecision,
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webelieveourapproachprovidesagoodcompromisebetweenthecostandeffortofdata
collectionandtheaccuracyofthemodel’sresults. Also,ourmethodologyisconsistent
withapproachesintheliterature[4].Forexample,YoonandSharp’s[27]designprocedure
hasaselectionstage,followedbyadetailedevaluationstage.

5. Mathematical Model

Weprovideamixed,integerlinearmathematicalmodelthatminimizesinfrastructure,en-
ergy,maintenance,error,andlaborcosts.Foragivendemandcurve,distributioncenter
characteristics,andtechnologyspecifications,thedecisionvariablesofthemodeldeter-
minethepiece-levelorder-fulfillmenttechnologyselectionandtheSKUassignmentto
technology(asvisuallydisplayedinFigure1).

Sets:

J demandcurveranges;indexedonj;j=0,1,2,3,...,|J|
T order-fulfillmenttechnologies;indexedont;t=1,2,3,...,|T|
N naturalnumbers,N={0,1,2,3,...}

Parameters:
ns numberofSKUsinthedistributioncenter
nl numberoforderlinesrequestedperdayinthedistributioncenter
np numberofpiecesrequestedperdayinthedistributioncenter
Al orderlinedemandskewnesscurvefactorforanx/ycurve,

whereAl=x(1−y)/(y−x)
Ap piecedemandskewnesscurvefactorforanx/ycurve,

whereAp=x(1−y)/(y−x)
bj cumulativepercentageofSKUsforrangej
∆l

j cumulativepercentageoforderlinesforrangej

∆
p
j cumulativepercentageofpiecesforrangej

f loadedyearlylaborrateforadistributioncenteremployee
g annualgivenpresentwortheconomicfactorforthecompany’sMARRand

studyperiod,N,calculatedas(MARR(1+MARR)N)/((1+MARR)N−1)
v numberofshiftsperday
h numberofworkinghourspershift
d numberofworkingdaysperyear
at 1iftechnologytisanautomateddispensingtechnology(i.e.,doesnot

requiremanualpicking);0iftechnologytrequiresamanualpickingprocess
st spacecapacityofonemodulefortechnologytinnumberofSKUs
ct capitalinvestmentexpensepermodulefortechnologyt
kt pickinglaborrequirementsofonemodulefortechnologytinfractionof

persons
lt throughputratefortechnologytinlinesperhour
pt throughputratefortechnologytinpiecesperhour
rt replenishmentratefortechnologytinpiecesperperson-hour

9



it identifiederrorrateforautomatedtechnologytinerrorsperlineprocessed
ut downstreamidentifiedpickingerrorratefortechnologytinerrorsperline
qt identifiedreworkratefortechnologytinlinesperperson-hour
U costofadownstreamidentifiederror
mt annualmaintenancecostspermodulefortechnologyt
et annualenergycostspermodulefortechnologyt

Theparameters∆l
jand∆

p
jarecalculatedusingBender’sParetocurve[6]andshown

below,

∆l
j=

(1+Al)bj

(Al+bj)
, (1)

∆
p
j=

(1+Ap)bj

(Ap+bj)
. (2)

Variables:

wt=thenumberofmodulesselectedfortechnologyt
xjt=1ifrangejisassignedtotechnologyt
yt=thenumberofemployeesfortechnologytrequiredforreplenishmentandrework

Beforepresentingourmathematicalmodel,weprovideanexampleoftheinputdata
requiredforeachtechnologyinT.Lett=1denotethepicker-to-stockprocessofretrieving
itemsfromshelvingusingpaperpicklists.Becausemanualpickingisperformed,a1=0.
Oneshelvingmodulethatcanhold200SKUsispricedat$2200;therefore,s1=200and
c1=2200. Whenonepickerisresponsiblefor5modules(k1=0.20),thethroughputrates
foremployeesresultsinl1=100linesperperson-hour,p1=150piecesperperson-hour,
andr1=600piecesperperson-hourforreplenishment.Noqualitychecksareperformed
aftertheitemsarepicked;therefore,theidentifiederrorrateandreworkrateareboth0
(i.e.,i1=q1=0). However,downstreaminspectionbythecustomeridentifies35errors
per10,000piecespickedonaverage,resultinginu1=0.0035.Themaintenanceandenergy
costsareassumedtobenegligible(i.e.,m1=e1=0).

Next,wepresentourmathematicalmodelformulation.

Model:

min ∑
t∈T

wt(gct+mt+et)+fv(ktwt+yt)+

∑
t∈T

∑
j∈J

Uutdnlxjt ∆l
j−∆l

j−1 (3)
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s.t.
|J|

∑
j=1

xjtbj−bj−1
ns
st
≤wt ∀t∈T,  (4)

|J|

∑
j=1

xjt∆
l
j−∆

l
j−1

nl
hvlt
≤wt ∀t∈T,  (5)

|J|

∑
j=1

xjt∆
p
j−∆

p
j−1

np
hvpt

≤wt ∀t∈T,  (6)

|J|

∑
j=1

xjt∆
p
j−∆

p
j−1

np
hvrt
+xjtat∆

l
j−∆

l
j−1

nlit
hvqt

≤yt ∀t∈T,  (7)

∑
t∈T

xjt=1 ∀j∈J,  (8)

xjt∈{0,1} ∀j∈J,∀t∈T, (9)

wt∈N ∀t∈T,  (10)

yt≥0 ∀t∈T.  (11)

Asshownabove,theselectionoforder-fulfillmenttechnologiescanbemodeledasa
mixed-integer,linearprogram.Theobjective,(3),istominimizetheannualcostofthe
order-fulfillmentprocess,whichisacombinationofcapitalinvestment,maintenance,and
energycosts;laborcostsforpicking,replenishment,andreworkprocesses;anderrorcosts
associatedwiththeselectedtechnologies.In(4),thetechnologies’capacitiesmustmeet
theSKUspacerequirements.Throughputconstraintsonthenumberoflinesandpieces
processedareenforcedforeachselectedtechnologyin(5)and(6),respectively.In(7),the
replenishmentandreworklaborisrequiredtohandleatleastthenumberofpiecesfulfilled
ateachselectedtechnology,aswellastheidentifiederrorreworkfromautomatedsystems.
Alldemandmustbeassignedtoatechnology,asshownin(8).Theboundsforthevariables
areprovidedin(9)−(11).
Theobjectivefunctioncapturesawiderangeoffactorsthatinfluencetechnologyselec-

tion.However,ifthedesignerdoesnotwanttoconsider(ordoesnothavedataon)certain
factors,valuesfortheseparameterscanbesettozero.Forexample,thecostofadown-
streamidentifiederrortoacustomermaybehardtoquantifyandtheselectionoforder-
fulfillmenttechnologiescanbedeterminedwithoutconsideringthecostofdownstream
identifiederrorsbysettingU=0.AdditionalconsiderationsarepresentedinAppendixA.
Todevelopalinearmodel,wediscretizedemandcurvesintoranges.Asetofranges

ismappedtothedemandcurvewithourmodelassigningrangestoselectedtechnologies.
Increasingthenumberofrangesproducessolutionswithincreasedgranularity;however,
theincreasedgranularityisattheexpenseofincreasedcomputationalrequirements.An
exactrepresentationistohaveoneSKUperrange.Modelingtheassignmentofrangesto
technologies(ratherthandeterminingthebreakpointsinademandcurve)hastheadvantage
ofproducingalinearmodelthatdoesnotrequireinputtinganorderedsetoftechnologies.
Thismodelingapproachalsopermitsamoregeneralassignmentofdemandtotechnolo-
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gies. Forexample,itispossibletoassignthe3rdand5thrange,withoutassigningthe
4thrangetoatechnology.In[18],weanalyzetheimpactofdividingthedemandcurve
intorangesonourmodel’sobjectivefunctionandcomputationaltime. Wedeterminethat
settingthenumberofSKUsperrangeto100resultsinareasonabletrade-offofsolution
qualityandcomputationaltimeandusethisconfigurationintheremaininganalysis.

Inthenextsectionwevalidateourmathematicalmodelwithdatafromindustryimple-
mentations.

6. ValidationwithIndustryImplementationData

Todeterminewhetherourmodelingapproachisanaccuraterepresentationoftheorder-
fulfillmentdecisionprocess,wevalidatedourmodelwithinputsandoutputsfromfourreal-
worldcases.Thesecasesrepresentedawiderangeofindustries(pharmaceutical,fashion,
cosmetic,andoffice),countries(Spain,GreatBritain,andUkraine),anddemandspatterns.
Eachcasewasimplementedinpractice,withthepiece-levelorder-fulfillmentselection
problemsolvedbasedontheexperiencesofanorder-fulfillmenttechnologyprovider.

Foreachcase,theinformationprovidedwasoftwotypes.

InputDataInputdataincludeddemanddataobtainedfromthecustomer’sdataanalysis–
thenumberofSKUs,numberoflinesfulfilledperday,numberofpiecesfulfilledper
day,anddemandcurvesforlinesandpieces.Distributioncenteroperatinginforma-
tionwasprovidedonthenumberofshifts,workinghours,andlaborrates.Finally,we
wereprovidedwithtechnologydataforasuiteoftwelvedifferentorder-fulfillment
technologies.

ImplementedSolutionTheimplementedsolutionwasprovided,whichincludedthetech-
nologiesselected,aswellasthenumberofSKUs,pieces,andlinesassignedtoeach
technology.

Usingtheprovidedinputdata,weranouroptimizationmodelandcomparedtheout-
putsfromourmodeltotheimplementedsolutionintermsoftechnologyselectedandSKU
assignmenttothetechnologies.Table1providestheselectedtechnologies,thenumberof
SKUsassignedtothetechnologies,andthenumberoflinespickedfromthetechnologies,
forbothsolutionmethodologies.Ourmodel’ssolutionsarecomparabletotheimplemented
solutionsforthepharmaceutical,fashion,andcosmeticindustries.Forthesecases,both
methodologiesselectsimilartechnologiesandassignsimilartypesofSKUstothetech-
nologies.Forexample,inthepharmaceuticalcasebothmethodologiesrecommendedan
A-Framesystem,pickingmachine,andmanualpickingsystems,andinthefashioncase,
bothmethodologiesrecommendedapickingmachine.

However,twomaindifferencesexistinthesolutions.First,theimplementedsolutions
haveawidervarietyofmanualpickingsystems,whichoccursbecauseofspecialhandling
characteristicsthatourmodelignores(i.e.,refrigerationrequirements,securityofproducts,

12
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andoversizedproductscharacteristics).Thesecondprimarydifferenceisseeninthenum-
berofSKUsassignedtotheselectedtechnologies.OurmodeltendstoassignmoreSKUs
totheA-Framesystemthanisactuallyimplemented.Becauseourmodelisdesignedatthe
strategiclevel,weignoreslottingconstraints.Thus,ourmodelassignsallSKUsinarange
totheA-Frame,althoughnoteverySKUcanbeejectedduetophysicalproductconstraints.

Theofficecasehighlightsthelimitationofourmodelforspecializedprojectimple-
mentations. Officeproductshavediversedimensions,weights,andpickingrequirements.
Forexample,themajorityoftheproductdimensionscannotbeejectedfromtheA-Frame
system(whichexplainsthedisparityinthenumberofSKUsassignedtotheA-Frame).Ad-
ditionally,uniquepickingprocessesexist.Someordersrequestindividualpiecesofpaper,
whichmustbepicked,counted,andplacedinaplasticsleevefordelivery.Orderscancon-
sistofrequestsforitemsatthepieceandthefull-caselevels. Also,heavyproducts,such
asreamsofpaper,requiremanualpickingprocesses.Theseuniquepickingrequirements
requireacustomizedsolutionandselectionprocessthatdoesnotlenditselfwelltotheuse
ofourmodel.

Insummary,ourmodelprovidestechnologyrecommendationsandSKUassignments
forthepharmaceutical,fashion,andcosmeticindustrythatareconsistentwithsuccessful
implementations,whichvalidatesthatourmodelcanbeusedtoaddsciencetotheorder-
fulfillmentdecisionprocessforsimilarimplementationprojects. However,asourmodel
doesnotconsideralldynamics,themodelisonlyafirststepinthedesignprocessandthe
providedsolutionwillneedtobemassagedtoobtainafeasible,implementablesolution.

Nextweconductasetofnumericalexperimentsandstatisticalanalysistogaininsights
intotheorder-fulfillmentselectionprocess.

7. NumericalExperimentsandStatisticalAnalysis

Weconductasetofnumericalexperimentsandstatisticalanalysistoanalyzevariousdis-
tributioncenterfactorstodeterminetheeffectthatthesefactorshaveonorder-fulfillment
technologyselection.Ourexperimentaldesignallowsustoexploreawiderangeofoper-
atingenvironmentstoidentifythekeyfactorsinimplementingautomatedversusmanual
order-fulfillmenttechnologiesandprovidesobservationsintowhichcharacteristicsmerit
selectionofwhichtypesoforder-fulfillmenttechnologies.

Weanalyzeseveralfactorsthatinfluenceorder-fulfillmenttechnologyselection. To
representdifferentindustriesandawiderangeofdistributioncenters,wevarythefollowing
factorsovertheprovidedvalues.

1. NumberofSKUs(1,000;10,000;100,000)

2. NumberofOrderLinesProcessedperDay(10,000;50,000;100,000)

3. AverageNumberofPiecesperOrderLine(1;2;3)

4. DemandCurves(10/90;20/80;20/50)
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5. NumberofShifts(1;2)

6. YearlyLaborRate(100;300)

7.PeakDemandFactor(1.0;1.4;2.0)

Toaccountforpeakdemandsthatoccurduringaworkingday,wemultiplytheaverage
numberoflinesprocessedperdaybyapeakdemandfactor. Weconductafull-factorial
analysis,withthedataforall972instancesprovidedin[18].

Weassumethatthelineandpiecedemandcurvesfollowthesamedistribution. Weset
thenumberofworkinghourspershiftto7.5,thenumberofworkingdaysperyearto200,
thecostofadownstreamidentifiederrorto0.20costunits,andtheannualworthgiven
presentwortheconomicfactorto0.38629,whichassumesa4-yearstudyperiodanda20%
MARR. Weperformourexperimentaldesignusingasetoftwelveorder-fulfillmenttech-
nologyalternativeswithtechnologycharacteristicsprovidedinTable2.Thealternatives
arebasedontechnologiesavailablefromanorder-fulfillmenttechnologyprovider;how-
ever,tohideproprietarydata,technologycharacteristicshavebeenmodifiedslightlyand
costvalueshavebeennormalized.

Toidentifythekeyfactorsinimplementingautomatedversusmanualorder-fulfillment
technology,weclassifyourtwelveorder-fulfillmenttechnologiesintermsofmanualand
automatedtechnologies.Formanualtechnologies,apicker-to-stockstrategyisemployed
withalltheorder-pickingactivitiescompletedbyaperson. Automatedsolutionsinclude
stock-to-picker,aswellasautomateddispensingstrategies. Asolutioncanrecommend
multipletechnologieswithavaryingnumberofSKUsandlinesbeingfulfilledfromeach
oftheselectedtechnologies. Weclassifyeachsolutionfromtwoperspectives:theper-
centageofSKUsthatarefulfilledusingautomation(denotedasSKUautomation)andthe
percentageoflinesthatarefulfilledusingautomation(denotedaslineautomation).

TheinstancesinourexperimentaldesignaresolvedusingCPLEX10.1andrunona
DellPrecision390PCwithanIntelCore2processorat2.93GHzandwith4.0GBofRAM
andMicrosoft Windows7astheoperatingsystem.

First,weconductaone-wayANOVA,usingasignificancelevelof0.05,toobjectively
determinewhichdistributioncentercharacteristicshaveaninfluenceonSKUandlineau-
tomation.Table3providesthep-values,meanandstandarddeviationforthesevenchar-
acteristics.ThenumberofSKUs,numberoflines,numberofshifts,andlaborratestatis-
ticallyimpactbothSKUandlineautomation.Inaddition,lineautomationisstatistically
influencedbythedemandcurve.

Second,atwo-wayANOVA,usingasignificancelevelof0.05,isconductedtoexplore
ifinteractionsbetweendistributioncentercharacteristicsinfluencethelevelsofautomation,
withp-valuesdisplayedinTable4. Astatisticallysignificantinteractionexistswiththe
numberofSKUsandthenumberoflines,demandcurve,thenumberofshiftsandthelabor
ratesforbothSKUandlineautomation. Also,aninteractionexistsbetweenthenumber
ofshiftsandthelaborrateforSKUautomation.Forlineautomation,aninteractionexists
betweenthenumberoflinesandthenumberofshiftsandthelaborrate,aswellasbetween
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Table3:One-WayANOVAResultsforthePercentageofSKUs(Lines)thatareFulfilled
withAutomation

SKUAutomation  LineAutomation
NumberofSKUs p-value Mean StDev p-value Mean StDev

1000  0.000 0.736 0.330 0.000 0.936 0.133
10000 0.296 0.334  0.598 0.360
100000 0.242 0.417  0.293 0.403

NumberofLines p-value Mean StDev p-value Mean StDev
10000  0.000 0.271 0.367 0.000 0.469 0.435
50000 0.471 0.439  0.645 0.400
100000 0.531 0.421  0.713 0.369

PiecesPerLine p-value Mean StDev p-value Mean StDev
1  0.505 0.404 0.426 0.089 0.576 0.426
2 0.427 0.425  0.604 0.418
3 0.443 0.423  0.647 0.398

DemandCurve p-value Mean StDev p-value Mean StDev
10/90  0.726 0.435 0.427 0.000 0.734 0.369
20/80 0.429 0.423  0.498 0.422
20/50 0.409 0.423  0.595 0.419

NumberShifts p-value Mean StDev p-value Mean StDev
1  0.000 0.319 0.387 0.000 0.532 0.429
2 0.530 0.434  0.686 0.386

LaborRate  p-value Mean StDev p-value Mean StDev
100  0.000 0.269 0.367 0.000 0.473 0.427
300 0.580 0.421  0.744 0.355

PeakDemandRate p-value Mean StDev p-value Mean StDev
1.0  0.086 0.389 0.426 0.118 0.575 0.421
1.4 0.422 0.424  0.609 0.415
2.0 0.463 0.422  0.642 0.408
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Table4:Two-WayANOVAp-valuesforSKUandLineAutomation

SKUAutomation
Number Number Pieces Demand Number Labor Peak
ofSKUs ofLines PerLine Curve ofShifts Rate Rate

NumberofSKUs -  0.000 0.821 0.027 0.000 0.000 0.268
NumberofLines -  1.000 0.830 0.084 0.090 0.995
PiecesPerLine -  0.976 0.952 0.978 1.000
DemandCurve -  0.376 0.467 0.998
NumberofShifts -  0.000 0.801
LaborRate - 0.874
PeakDemandRate -

LineAutomation
NumberofSKUs -  0.000 0.665 0.000 0.000 0.000 0.000
NumberofLines -  0.999 0.991 0.013 0.005 1.000
PiecesPerLine -  0.962 0.596 0.622 0.999
DemandCurve -  0.907 0.907 1.000
NumberofShifts -  0.000 0.786
LaborRate - 0.626
PeakDemandRate -

thelaborrateandthenumberofshifts.Tables5and6displaySKUandlineautomation
valuesforthetwo-wayinteractionsthatarestatisticallysignificant,respectively.
OurANOVAanalysesprovidethefollowingobservations,whichareinalignmentwith

previousempiricalresearchin[10].

1.Obviously,aslaborcostsincrease,automation(whichreduceslabor)becomesmore
attractive.Theincreaseininfrastructurecostscanbejustifiedbythehighersavings
inlaborcostandhigherlaborratescanjustifylargeamountsofautomationeven
whenthenumberofSKUsislargeorthenumberoflinessmall.Laborrates,which
varybygeographicalregions,explainwhycertainregionsaremorelikelytohave
automatedwarehouses.

2.Asthenumberoflinesfulfilledincreases,mechanizationandautomationbecome
moreattractiveandthepercentofSKUsandlinespickedwithautomationincreases.

3.Asthedemandcurvebecomesmoreskewed,asingleA-itemSKUlocationhas
highertechnologyutilizationresultinginincreasedlineautomation.Aninteraction
betweenthenumberofSKUsandthedemandcurveexists. Whenthenumberof
SKUsissmall,flatdemandcurves,whichevenlydistributedemandtotheSKUs,
increasesSKUautomation.Ontheotherhand,whenthenumberofSKUsislarge,
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Table5:AveragePercentageofSKUsthatareFulfilledwithAutomationfortheStatisti-
callySignificantInteractions

SKUAutomation
NumberofLines DemandCurve NumberofShifts LaborRate

NumberofSKUs 10000 50000 100000 10/90 20/80 20/50 1 2 100 300
1000  0.321 0.911 0.976 0.687 0.719 0.803 0.767 0.706 0.686 0.786
10000  0.242 0.256 0.388 0.362 0.262 0.263 0.185 0.406 0.118 0.473
100000  0.250 0.246 0.229 0.256 0.248 0.222 0.004 0.479 0.001 0.482

NumberofShifts 100 300
1 0.290 0.348
2 0.248 0.813

Table6:AveragePercentageofLinesthatareFulfilledwithAutomationfortheStatistically
SignificantInteractions

LineAutomation
#ofLines  DemandCurve  #ofShifts LaborRate  PeakRate

#ofSKUs 10000 50000 100000 10/90 20/80 20/50 1   2 100 300 1  1.4  2
1000  0.817 0.992 0.999 0.981 0.935 0.892 0.947 0.926 0.913 0.960 0.905 0.938 0.965
10000 0.336 0.641 0.816 0.792 0.591 0.411 0.549 0.646 0.453 0.742 0.535 0.596 0.661
100000 0.252 0.303 0.324 0.430 0.258 0.191 0.101 0.485 0.054 0.531 0.284 0.293 0.301
#ofLines 1   2 100 300
10000 0.341 0.596 0.280 0.657
50000 0.581 0.710 0.519 0.772
100000 0.674 0.751 0.621 0.805
LaborRate 1   2
100 0.474 0.473
300 0.591 0.898
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Table7:AverageCostperLine,CostperSKULocation,andLinesperSKULocationfor
theThreeTechnologyStrategies

Picker-to-Stock Stock-to-Picker AutomatedDispensing
CostperLine  0.41 0.97 0.09
CostperSKU  0.48 0.42 5.44
LinesperSKU  2.58 0.71 66.48

askeweddemandcurveensuresthathigh-movingSKUshaveenoughdemandto
justifyautomation.

4.Increasingthenumberofshiftsincreasesthepotentialutilizationofthefixedcapital
costofthetechnologyinvestment.Ingeneral,whenthenumberofshiftsincrease,
ahigherpercentageofSKUsjustifyautomation(andalsorepresenthigherlineau-
tomation).However,therearelimitationstothisobservation,especiallyforfacilities
withasmallnumberofSKUswherethelaborrequiredtoconductreplenishment
activitiesovertwoshiftsmayoutweightheautomationbenefits.

5.Ingeneral,automationismostattractivewhenthenumberofSKUsislow,thenum-
beroflinesishigh,thedemandcurveisskewed,thenumberofshiftsishigh,andthe
laborrateishigh.

Third,weanalyzeSKUcharacteristicsthatleadtotheselectionofdifferenttypesof
order-fulfillmenttechnologies.Wecategorizethetechnologiesintermsofthethreeprimary
strategies:picker-to-stock,stock-to-picker,andautomateddispensingtechnologies.Table
7displaystheaveragecostperline,costperSKUlocation,andthenumberoflinesfulfilled
perSKUlocationforthetechnologyselectedinourexperimentaldesign.Asillustrated
inTable7,automateddispensingsystemstendtohavealowcostperlinepickedand
ahighcostperSKUlocationbecauseautomateddispensingsystemsareusedtofulfill
high-movingSKUsthathaveahighlines-per-SKUratio. Automationalsotendstobe
implementedwithastock-to-pickerstrategyfortheslow-movingSKUs.Slowmoving
SKUsmakeupalargenumberofthetotalSKUS(i.e.,oftenover90%ofaretailer’scatalog
iscomprisedofslow-movingSKUswithdemandintherangeof0.2to0.8unitsperweek
[8]).Consequently,slowmovingitemsconsumelargeamountsofspaceandiffulfilled
viaapicker-to-stocksystemwillrequirelargetraveldistances.Stock-to-pickersystems
providecostefficienciesforslow-movingSKUfulfillmentbyeliminatingthesesignificant
travelcosts.Subsequently,automationtendstobeusedforthefew,veryfast-movingSKUs
andthemany,slow-movingSKUs,withapicker-to-stockstrategyusedfortheremaining
medium-movingSKUs.
Fourth,weanalyzethenumberoftechnologiesselected. Table8displaystheper-

centageofthesolutionsthatimplementone,two,three,orfourtechnologies,aswellas
theaveragenumberofimplementedtechnologiesbystrategy.Forexample,48.25%of
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Table8:PercentageofSolutionsthatRecommendaSpecificNumberofTechnologiesand
theAverageNumberSelectedbyTechnologyStrategy

AverageNumberSelectedbyTechnologyStrategy
#Techn. %ofSolutions Picker-to-Stock Stock-to-Picker AutomatedDispensing Total
1  47.43  0.56 0.10 0.35   1.00
2  48.25  0.93 0.10 0.97  2.00
3  02.88 0.96 1.29 0.75  3.00
4  01.44 1.00 2.00 1.00   4.00

allinstancesrecommendatwo-technologysolutionwiththeaveragenumberofpicker-to-
stocktechnologiesinatwo-technologysolutionequalto0.93.Whenonlyonetechnology
isselected,themajorityoftheinstancesselectapicker-to-stocktechnology. Also,one-
technologysolutionswithanautomateddispensingtechnologyareonlyselectedfor1,000-
SKUdistributioncenters;andone-technologysolutionswithstock-to-pickertechnologies
areonlyselectedfor100,000-SKUdistributioncenters.Fortwo-technologysolutions,the
majorityofsolutionsconsistofacombinationofpicker-to-stockandautomateddispensing
technologies.However,whenthreeormoretechnologiesareimplemented,allsolutions
utilizeastock-to-pickerstrategy.Inpractice,thereisacostassociatedwithintegrating
multipletechnologies.Eventhoughourmodelassumesnegligiblecostsofintegration,our
modelrecommendslessthan1.5%ofsolutionswithmorethanthreetechnologies,which
illustratesthatlimitingthenumberoftechnologiesselecteddoesnotsignificantlyimpact
solutionquality.
Inthenextsectionweconcludeourpaperandprovidefutureresearchdirections.

8. ConclusionsandFutureResearch

Insummary,weconductedanumericalexperimentandstatisticalanalysistoprovidein-
sightsintotheselectionofpiece-levelorder-fulfillmenttechnologies.Todoso,wedevel-
opedasystematicframeworktosolvetheorder-fulfillmenttechnologyselectionproblem,
whichjointlyselectsthetypesoftechnologies,thecapacityofeachtypeoftechnology,and
theassignmentofSKUstotheselectedtechnologies.
Throughanexperimentaldesignandstatisticalanalysis,weconsideredimportantfac-

torsinvolvedintheselectionandassignmentofpiece-levelorder-fulfillmenttechnologies.
Wediscoveredobservationsintothedistributioncentercharacteristicsthatleadtoautoma-
tionbeingsuccessfullyimplementedandidentifiedthekeyfactorsinimplementingauto-
matedversusmanualtechnologies.
Ourtechnicalcontributionisthat

Wedevelopedanoptimizationmodelthatjointlydeterminestheselectionof
order-fulfillmenttechnologiesandtheassignmentofSKUstothetechnologies,

21



whichrelaxesafundamentalassumptionofpreviousresearchandprovidesa
beneficialtooltopractitioners.

Thisresearchcontributestothecurrentbodyofknowledgebyincreasingtheunder-
standingofwhatfactors mostcontributetoselectingpiece-levelorder-fulfillmenttech-
nologiesfordifferentsegmentsofthedemandcurve. Ourprimarymanagerialinsightis
that

Successfulorder-fulfillmenttechnologyimplementationstendtoemployau-
tomationforthefew,fast-movingSKUsandthemany,slow-movingSKUs.

Ourdevelopedmodelandinsightshavepotentialbenefitsforpractitioners,whichin-
cludereducingthetimetodevelopinitialdesignconcepts,providingaformalizedbasisfor
evaluatingalternativedesignconcepts,reducingtheeducationaltimeandtrainingexpenses
fornewemployees,improvingthesolutionsthatnewemployeesrecommend,andgaining
insightsintoorder-fulfillmenttechnologiesandtheirapplications.

Theareaoforder-fulfillmenttechnologyselectionpresentsahostofchallengingprob-
lems. Ourprimaryperformanceobjectiveiseconomic, whereasfutureresearchcould
exploreadditionalobjectivesthatincludeenvironmentalfactors,accuracy,risk,orflexi-
bilityassociatedwiththeselectedtechnologies.Inaddition,ifmoredetailedSKUdata
areavailable,thephysicaldimensionsofproductscouldbeincorporatedintoouranaly-
sis.Inaddition,weassumetechnologyhasaconstantthroughputrateregardlessofthe
numberofSKUsassignedtothetechnologyandthusfutureresearchcouldidentifydiffer-
entconfigurationsofthesametechnology.Typically,anoverheadcostofimplementinga
solutionexists,whichincludesthecostofawarehousecontrolsystem(WCS),conveyor
systems,receiving,andshippingareas.Apost-processingstepcouldbeincorporatedinto
ouranalysistocalculatethecostsofoverheadtoprovidemorecomprehensivecostingre-
sults.Additionally,wefocusedonpiece-levelorder-fulfillmenttechnologies;however,our
methodologycouldbeappliedtotechnologyselectionanddemandassignmentthroughout
thedistributioncenter(i.e.,atthepalletorcaselevels).
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A. ReturnProcessingandA-FrameSKUInclusion

Productreturnratescanbesubstantial,especiallyforInternetsalesbecausecustomerscan-
nottryandfeeltheproductbeforepurchase.Forexample,onlineapparelretailersexperi-
encereturnratestotalingupto45%oftheirorders[1].Therefore,thehandlingofreturned
products,whichrepresentasignificantcosttodistributioncenters,influencestheselection
oforder-fulfillmenttechnologies.

Atypicalreturnprocessincludesreceivingthereturnedproducts,performingaquality
check,reconditioningthereturnedproducts,andstoringtheproductsforreuseandfuture
orderpicking.ReturnedproductsareoftentreatedasseparateSKUs,especiallywhenfirst-
in-first-outprocessing,expirationdates,orlottrackingareenforced.Consequently,return
processingisimportantfromaspacecapacityperspectiveratherthanatechnologythrough-
putperspective.Returnratestendtobecorrelatedwitherrorratesoftechnologies(i.e.,the
higherthepickerrorratethehigherthepercentageofreturnedproducts).Therefore,im-
provingthepickaccuracyshoulddecreasereturnprocessingcosts.

ToincorporatethereturnprocessingintoourmathematicalmodelfromSection5,de-
fineφasthepercentofpiecesreturned,andreplace(4)with(12),

|J|

∑
j=1

xjtbj−bj−1
ns

st
+φnp ≤wt ∀t∈T. (12)

A-Framesystemsareanautomateddispensingtechnologythatautomaticallydispenses
itemsontoaconveyorbeltthatfillsintoordertotes. A-Framesystemsaremostsuitable
whentheitemstobepickedaresmallinsizeandcanwithstandafallontoaconveyor.For
reasonsrelatedtothephysicalnatureoftheitem,suchaspackagingrestrictionsorproduct
dimensions,notallitemscanbeejectedfromanA-Frameandshouldnotbeconsideredfor
assignmenttoA-Framesystems.

ToincorporateA-FramesystemSKUinclusion,defineαasthepercentofSKUsthat
canbeejectedfromanA-Frame,lett=tdenoteanA-Framesystem,andaddthefollowing
constrainttothemathematicalmodelfromSection5,

|J|

∑
j=1

xjt bj−bj−1 ≤αt. (13)
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