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Abstract

This paperdevelopsandanalyzes nite horizonMarkov decisionprocessnodelfor theairline mealprovi-
sioningactvity focusingexplicitly ondevelopingpoliciesfor determiningandrevisingthenumberof meals
to upload. Usingoneyearof daily datafrom over 40 ights, the papershawvs thatthe optimalpoliciescan
resultin bothimproved customerserviceandsigni cant dollar savings, especiallyin long haul ights. It
alsoappliesthe modelto derive an ef cient frontier andinvestigatetradeofs betweerhaving too few and

toomary mealsona ight.
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Intr oduction

The passengeairline industry operateson low prot magins with mary competitors. Airline carriers
sustainpro tability throughoperationalef ciency improvementsand by maintainingor increasingmar
ket share. Classicapplicationsof operationsresearchn the airline industry include yield management
(Smith, Leimkuhler andDarrow, 1992)andoptimizationof crew scheduleg¢Vance BarnhartJohnsonand
Nemhauser1997). The majority of theseapplicationdocuson coreairline operations A nice generalef-
erencefor operationgesearchn this industryis Yu (1998). In the currentcompetitve environmentsome
carriersareattemptingto generatesavings throughef ciency improvementsin their peripheryoperations.
Savings generatedrom increasedef ciency may be directedtoward improving customerservice. In ight
mealprovisioningis onesuchareaworthy of pursuitasit involveshigh volumes,signi cant costs,andhas
directimpacton customesservice.

Thein ight mealprovisioning processnvolves producingmealsin anairportkitchenby a catererand
deliveringthemto a planefor eventualin ight passengeservice.A fundamentatjuestionis how to deter
mine the numberof mealsto be preparedso asto ensurea high level of passengeservicewhile keeping
costsaslow aspossible We assuméhe following decision-makingcenarioWell in advanceof departure,
the catererdetermineshe numberof mealsto producefor aspeci ¢ ight. At severalsubsequentdecision
pointsprior to thedepartureof a ight, thecateremayadjustthemealquantityto bedeliveredto theplane.
Delivery andproductioncostsvary overtime with unscheduledeliveriescloseto departuranorecostlyand
constrainedby vancapacity Dueto inherentvariability, the nal passengdoadis notknown with certainty
prior to departure.In fact, in the datawe have analyzedhe nal numberof passengeren a ight varies
from thosebookedin at onehour prior to departurédoy asmuchas 10

The purposeof this paperis to develop a decision-makindramework for this procesdasedn Markov
decisionprocesse§MDP) andillustrateits potentialimpactby applyingit to historicaldata.Our represen-
tation of the mealprovisioning operationis basedon processest CanadianAirlines wherethis studywas
carriedout. We believe thattheseprocessearetypical of mealprovisioningat a wide rangeof carriersand

thattheresultshereinhave wide applicability More detailsareavailablein Goto(1999).
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Theproblemanalyzecdereinhasits rootsin stochastiénventorycontrol. It maybeviewedasanevsven-
dor model(c.f. Gallego andMoon (1993))with demandorecastupdatesandmultiple quantityadjustment
opportunities.In essencethe decisionmaker choosess mealorderquantitybasedon early demandnfor-
mation (the numberof booked passengersand asupdatednformationbecomesvailable (the numberof
booled passengershangeshdijuststhe orderquantity As is commonin fashiongoodinventory models,
late adjustmentso the orderquantityaremorecostly This occursin our problembecausédate mealsmust
bedeliveredby aspecialvan. The nal coststructureis similarto the nevsvendormodel,therearecostsfor
overageandunderagdut the goodhaszerosahagevalue. The mostcloselyrelatedpaperto oursis thatof
Eppenandlyer (1997)which considerghe optimalmanagementf a fashioninventorysystemusingearly
orderinformationto adjustthe orderquantity Closelyrelatedis a fashiongoodsupply chainapplication
describedby FisherandRaman(1996). From an alternatve perspectie, our modelprovidesan approach
for updatingforecast®of the nal orderquantitybasednaccumulatediata.Suchforecasimodelsoriginate
with Hausman(1969)andhave subsequentlpeenconsideredy Graves(1986),HeathandJacksor{(1994),
ToktayandWein(2001)andAviv (2001).The rst threepapergprovide adynamicmodelfor forecasupdat-
ing andthelattertwo papersharacterizeptimalpolicies. Ourwork differsfrom thesein thatwe modelthe
demandevolution asa Markov chainandusedynamicprogrammingo take this informationinto account.
Also, our primaryfocusis applicationsothatwe areprimarily concernedvith computingoptimal policies
andnotderving structuralresults.

Theremainderof the paperis organizedasfollows: Sectionl describegshe model. We formulatethe
modelasa Markov decisionprocessn Section2. Our approachto applyingthe modelto the problemat
handis discussedn Section3. The resultsof our studyandthe conclusionsare containedin Sections4

and5, respectiely.

1 ProblemDescription

Meal provisioning actvities may be divided into two main stages;a productionstageand an adjustment
stage. Productionprimarily takes placein the ight kitchenandinvolves the preparationassemblyand

refrigerationof mealsfor a specic ight. At a subsequenpoint of time the mealsare removed from
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refrigerationanddeliveredin a cateringtruck to the ight. Adjustmentinvolvesalteringthe mealquantity
afterit hasleft thekitchen.Processletailsfollow.

A mealorderingclerk is responsibldor the productionprocess.The clerk schedulesesourcesplans
food production,andcoordinatestaf to build a mealorderthatcloselymatcheghe mealvolumerequire-
mentsfor agiven ight. The processpans24 hourswith responsibilitiepassedrom shift to shift. At key
pointsin the productionprocesstheclerk estimateshe mealquantityrequirementor the ight basednthe
numberof ticketsboolkedfor the ight, aforecasbf thepassengdoadbasednthe ight history aforecast
of therequiredmealquantity(everyoneon boardmay not wanta mealor somemayrequirea speciaimeal),
andhis/herown personakxperience.

Theproductionproces$eginswith settingafood productionandstafng scheduldor a ight departing
on thefollowing day Dependingon the type of meal,somefoodsarepreparedand cooked asearlyas12
hoursbeforethe ight departs. The mealrequiremenis estimatedprior to settingthe schedulesandre-
estimatedht the point of food preparation At threehoursprior to departurghe mealorderingclerk reviews
the mealrequirementstimateandadjuststhe mealorderasrequired. This is the lastopportunityto adjust
the mealorderat the kitchen. After the orderadjustmenis complete staf verify thatthe entire orderis
correctandit is deliveredto the aircraft. Dependingon the ight, the actualdelivery may occurbetween
threehoursprior to departureanda half hourprior to departure.

The adjustmentprocessinvolves alterationsto the meal order after it hasleft the kitchenarea. Ad-
justmentsare madewith a limited capacityvan, which travels betweenthe ight kitchenandthe aircraft.
Thedriver veri es the adjustmentith in- ight staf andcarriesthe mealsto the aircraft. An ordermay
requirea late adjustmentwhenthe passengeload changessubstantiallyafter delivery of the initial meal
order Theselate adjustmentsre costly andincornveniencepassengersincethe driver often hasto carry
large mealcarriersup the aislesof a crovdedplane.

For the ights consideredve assumehe key decisionpointsfor the productionprocessoccurat eigh-
teen,six, andthreehoursprior to departure.In practicedecisiongo alter the productionquantity may be
madeat intermediatdime intenvals. Subsequendecisionsaremadethroughoutan adjustmenperiodin the

remainingtime prior to departure SeeFigurel.
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Figurel: Timeline of eventsin the provisioningdecisionprocess.

We assumeproduction,adjustmentshortageand overagecosts. Productioncostsincludeall food and
labor that are directly involved in preparingand assemblinga mealorder They vary directly with meal
quantity An orderadjustmenthatoccursprior to delivery incursno penaltycost,subsequenadjustments
madewith alimited capacityvanincurapermealpenaltycostplusa x eddelivery chage. Costsof overage
aretakento bethe costof mealsin excessof passengeload. Shortagecostsareestimatedasthe expected
lossin customergoodwill. Thesecostsmay be basedon the likelihood of losing a customemiventhata
mealservicewasnot provided. This costis dif cult to quantifybut it is clearlyhigheronalong haul ight
thanon ashorthaul ight. We alsomeasurdhe level of customeserviceasthefractionof passengemsho
donothave amealavailable(evenif they donotwishto consumat). In ouranalysedelonv we usecustomer

servicelevel asa performancenetricandnot a constraint.

2 Mark ov DecisionProcesaMlodel Formulation

As notedabove, the meal ordering problem has somefeaturesof a newvsvendor problem, but given the
multiple decisionpoints and changinginformation, we formulateit asa nite horizon Markov decision
problem(c.f. Putermar(1994)). For simplicitywe assume singlemealtypeanda singlepassengr class.

Theexpressionight refersto anaircraftallocatedto a speci ¢ routeat a speci ¢ time with aunique ight
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number Let

Meal quantityat decisionepoch

Booked andstandbypassengdoadat decisionepoch

Actual passengdoadatdeparture

Aircraft capacityin passengers

Lastdecisionepochprior to mealdelivery

Total numberof decisionepochs

A Markov decisionprocessis characterizedy a statespace,an action set, decisionepochs,costs,and

transitionprobabilities.For our modelthey areasfollows:

The statespace: . The rst elementof the statespaceaepresents
the mealquantity the currentnumberof mealsthathave beenallocatedto a given ight. Depending
on the decisionepoch,this may bein production,in a holding refrigeratoy or on-boardthe aircratft.
The secondelementis the passengr load, the numberof booked and stand-bypassengersAt the
pointof departureghis is the numberof on-boardoassengerdNote thatwe boundthe rst component
of S by the aircraft capacity . This quantity could in fact be increasedo take overbookinginto

accountWe do not explorethatpossibility here.

Decisionepochs: wheretime representshe remainingtime until the end
of the planninghorizon;the lasttime a mealcanbe deliveredto an aircraft. Decisionepochsneed
not be evenly spacedandrepresentritical decisionpoints. No decisionis madeat decisionepoch
0; it corresponds$o the departurdime andis includedto evaluatethe outcomeof the mealallocation

process.

Action set: Denotethe set of actionsavailable in state at decisionepoch by . At each

decisionepochthe decision-ma&r chooseshe numberof mealsto have available at the follow-
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ing decisionepoch. During the productionphase,when , the setof available ac-

”

tions is . The action representghe order“up to ” or “down to” quantity
For the adjustmentphase thatis for , the setof available actionsis
where denoteghe van capacity Note thatduringthe ad-

justmentphasealterationgo the allocatedmealquantityarelimited by van capacity

Costs:Thecosts arede ned for and for by

(1)

andfor by

(2)

Theterminalcost penalizeoveragesandunderages; denoteghe perunit shortagecostand the
per unit overagecost. Variablemealcostsreferto the costper meal. If mealsarereturnedafterthe
orderhasbeendeliveredto the aircrafta per mealpenaltycostis incurred. For example,a mealthat
costs$10may beremovedfrom the mealorderwithout penaltywhen . However, for a
penaltyof 50% of mealcostis incurredon ary returnedmeal. Similarly, anincreasen themealorder
quantityduringthe adjustmenstageresultsin a x edvandelivery chage. Thelate penaltyrepresents
the catererspreferencdor building the mealorderearlierthanlaterandis includedasanadjustment

factor This costincreasessthedeparturdime dravs near

TransitionProbabilities: The transitionprobabilitiesgive the likelihood of changesn pre-booking
andstand-bylevels betweendecisionepochsor betweernpre-bookingandstand-bylevel at the nal
decisionepochandload at departure.The only stochasticelementin the transitionprobabilitiesis
thechangebetween and whichis outsidethe controlof decisionmaler. Changesn depend

deterministicallyonthe action . Thatis . Thus dependonly on
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and . We denotethetransitionprobabilityfor theload by sothat

if ,
otherwise.

3)

A (deterministic)decisionrule, , speci esthe numberof mealsto “order up to” or “reducedown
to” at decisionepoch given that the meal quantityis and the passengetoadis . A policy
is asequencef decisionrulesandgivesthe decision-maé&r a prescriptionfor making

decisionsat eachdecisionepochin eachstate.For a particularpolicy , theexpectedotal costis

(4)

wherethe expectationis conditionalon theinitial mealquantity = andpassengeload . Notethatthe

only stochasti®@lementn (4) is the passengdoad. Thevaluefunctionof theMDP,  satis es

(5)

for all , Where isthesetof all (historydependentiandomizedpolicies. Sincethe stateand
actionspaceare nite, we areguaranteedhe existenceof a Markovian, deterministicpolicy thatachieves
thein mum in (5) (cf. (Puterman1994,Propositioré.4.3)).

Thevalueof this MDP may computedoy solvingthe nite horizonoptimality equations

(6)

for , Where , , An optimal decisionrule achievesthe minimumin (6) for all
stateswith  replacedoy . Thestandardsolutionapproachs backwardinduction.

Themodelformulatedabore assumeshat:

1. The passengedemandon one ight doesnot affect demandon subsequenights. Transitionsin
passengeademandetweerthe pre-departuréecisionepochsaaremodelledindependentlyna ight-

by- ight basisthusary informationregardingother ights is not considered.
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2. All mealsorderedn apre-departurémeintenal arereadyanddeliveredin thefollowing timeintenal

with certainty

3. Thenumberof mealson eachaircraftdoesnot affect the demandor seatonthe current ight.

3 Model Application

We now describeourapproacho applyingthe MDP model.We choosé decisionepochdo re ect practice.
The rst threedecisionepochsare 36 hours,6 hours,and 3 hourspre-departure.The nal two decision
epochsareat2 and1 hourpre-departureln our notationthis correspond$o and

We applyit to 40 ights with the sameorigin. Flightsareclassi ed into shorthaul, mediumhauland
long haul basedon destination.For each ight, we useoneyearof daily data. To gaininsightto how this
approachmayperformin practicewe usecross-validation Pre-bookingand nal loaddatawasdividedinto
two contiguoussubset®f 6 monthseach.We referto the rst subsetisthetraining dataandthe secondas
thetestdata Thetrainingdatawasusedto parameterizéhe modelandderive anoptimalpolicy. Thetest
datawasusedto asses#s performanceWe usethe expressiorprovisioningerror to referto thedifference
betweerthe nal mealquantityandpassengdpad;positive valuescorrespondo excessandnegative values
to shortages.

Thefollowing performanceneasuresvereevaluatedor thetestdata:
Theprovisioningerrordistribution
Thepercentagef ights thatexperienceashortage
Thepercentagef ights thatexperienceashortager overageexceedings meals
Theaverageoverageandshortagdor ights onwhichtherewereoveragesr shortagesiespectiely

Otherpossibleperformanceneasuresmcludethe numberof adjustmentso the mealorderor the numberof

vandeliveries.
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3.1 StateAggregation

The statespaceconsistsof all possiblemealquantityandpassengeload pairs. As capacityincreasesthe
statespacesizeincreasesgjuadraticallyandthe numberof actionsincreasedinearly. For example,a9 seat
model(10 statesncludingthezerostate yequiresl000actionevaluationsat eachdecisionepoch whereas

19 seatmodelrequires8000actionevaluations.A 108seatcapacityaircraft (Airbus A320) with 5 decision
epochgequiresapproximatelyl 0 minutesof processingime onaPentium200MHz PC.A typical eet can
have aircraftwith asmary as380economyclassseatgBoeing747). For thisreasonwe choseto analyzean
aggrgatemodelin whichaseatin themodelrepresentmultiple seatsn practice We referto thenumberof

actualseatgepresentelly asingleseatin themodelasthebin size In theresultssectioncostsarescaledso
thatoutputcanbe comparedo practice.Algorithmswerecodedandall calculationsverecarriedout using
the SAS software package.Comple calculationsand matrix operationsvere performedusing SAS/IML

anddataanalysisandreportpreparatiorusedSAS/STAT andSAS/GRAPH.

3.2 Transition Probability Estimation

As notedabore, the transitionprobabilitiesare characterizedby the conditionalprobability distribution of
changesn passengdoadbetweerdecisionepochs, . Werequireestimate®f theseprobabilities
between ve pairsof time points: 36 hoursto 6 hours,6 hoursto 3 hours,3 hoursto 2 hours,2 hoursto 1
hour, andl1 hourto post-departureClearlythe numberof quantitieso beestimateds large,for examplein a
tenstateaggrgatemodelfor asingle ight we mustestimate90 probabilities(sincetheprobabilitiesin each
row mustsumto 1) for eachdecisionepochor a total of 450 probabilitieswhile a 108 seataircraft would
require57780entries.Our approacho estimatingheseprobabilitiescombinesa parametrianodelfor load
changesvith a directestimateébasedon obsered transitionfrequeny; (seeFigure?2). This approactboth
lIs in missingcellsandsmoothsout the distribution acrossrows. The availabledatafor estimatingthese
probabilitiesare daily passengeloadsat 5 pre-departurgime pointsandthe nal passengeload for each

ight oneachday



An MDP Modelfor Airline Meal Provisioning 10

Transition probability
matrix created using
differences

a)

©)

Transition probability
matrix created using
absolute passenger load

b)

Figure2: Generatingatransitionmatrix by combiningdirectestimatesvith estimate®f changes.

3.2.1 DirectEstimation of Transition Probabilities

At eachdecisionepochandfor eachinitial load,we rst estimatethe probability of eachsubsequenbad
asits relative frequeng. This is the maximumlikelihoodestimateof theseprobabilities.We referto these
estimatesasempirical transition probabilities The methodologycapturepassengeload dependentran-
sitions,however, anextremelylarge numberof obserationsis requiredto accuratelyestimateall transition
probabilities.In practice thisapproactproducesnexcessre numberof zeroentries astransitionsetween

mary statepairsarenever obseredin our data.

3.2.2 Estimation of Changesin Passengel.oads

We now discussestimationof transitionprobabilitiesbasedon changesn passengdioadbetweerdecision
epochs.Figure3 shavs the distributionsof load changedetweerthe six time pointsderived from datafor
a single-stageight with a 108 seatcapacityaircraft, obsered over a six monthperiod. Obsere thatthe
distributionsof differencesarecenteredearzerowith theexceptionof thelasttransitionwhich corresponds
to load changesrom onehour pre-departuréo postdeparture.This distribution hasa negatve meanwith
considerablevariability. This may be dueto last-minuteticket cancellations|ate arrivals or overbooking
with somebooked passengerbeing shifted to other ights. Another explanationis also offered belaw.
This extensivevariability in the nal periodis the key factor that malesdeterminingthe appropriate meal
guantityto uploaddif cult.

Beforedevelopinga parametrianodelfor loadchangesve investigateherelationshipgetweertheload
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Figure3: Distribution of differencesetweersuccessi pre-departurentenals.

at a decisionepochandthe changen load until the next decisionepoch. The distribution of changesnay
becomemorevariableas passengeload increasesor the meanof the differenceamay shift. In Figure4,
boxplotsshav the relationshipbetweenoad changedetweenone hour pre-departurend post-departure
andthe passengeibad at onehour pre-departuréor oneparticular ight. Thesolid line representsi linear
regressiorof load differenceon passengeload. It shavs a decreasingrend;the greaterthe loadthe more
likely adecreasén load.

Figure4 alsoshaws thatthe differencesareconstrainedy capacity Theline labelled“Capacity” rep-
resentanupperboundon load changesluringthelastperiod,sothattheon-boardpassengdoad doesnot
exceedcapacity For exampleif the obsered onehourpre-departurdéoadis 100in a 108 seataircraft,then
the changesn the last periodareconstrainedo fall between and soit is apparenthatthe mean
will be negative. As Figure4 alsoshaws, this effect is further exaggeratedby overbooking.Whenthe one
hour pre-departuréoad exceedscapacity which occursfor all loadsin Figure4 at which theline labelled

“Capacity”is belov , thentheonly allowablechangesarenegative.
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Figure4: Boxplotsof loadchangessafunctionpassengdoadsat onehourpre-departureAxesscalesare

unlabelledo respectdatacon dentiality agreement.

In most studies,ignoring censoringin the dataleadsto inefcient and biasedestimation. Wu and
Hamada(2000,Chapterl2.3)discussseveralwaysto compensatéor this. Ding et. al (2000)shav how to
combinecensoringwith optimizationin a dynamicinventorymodelwith lost sales.For our modelwe take
censoringnto accountoy allowing the changedistribution at thelastdecisionepochto dependontheload.

We note that a relationshipbetweenload and load changewas only signi cant at the nal decision
epoch.For otherdecisionepochghetwo measuresdid notappeato becorrelated Consequentlyn deriving
parametriomodelsfor load changespnly that at the last decisionepochaccountedor the dependencen

theload.

3.2.3 Normal Approximation

The distributions of the differenceswere t with a shifted Poissondistribution and a normaldistribution,
independenof passengeloadfor eachdecisionepochexceptthe last. Both distributions provided a com-
parableandreasonablet. Basedon this obseration, we decidedto usea normaldistribution to model
passengeload changesWe useddifferentapproachegor the rst four decisionepochy ) and
the nal one( ). In all casesvereferto theseestimatessnormaltransitionprobabilities

We rst describanodelsfor the rst four decisionepochs.To remove theeffect of outlierswe computed

a trimmed meanand standarddeviation basedon deletingthe upper andlower of the data. We
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choseto deletemoreobsenrationsfrom the uppertail becausenostextremeobserationswereobseredto
bepositive (seeFigure3). Thesdarge positive valueswereattributableto late ight arrivalsor cancellations.
Let and denotethetrimmedmeanandstandardieviation respeciiely for eachdifferencewhere

. Recallthat istheloadattime andtakeson discretevalues. Furthermorenotethatthe

lower time index refersto a decisionepochcloser to departure.The normaltransitionprobabilitieswere

computedoy
(7)
wheretherandomvariable representthe changen loadbetween and andis assumedo follow a
normaldistribution with mean  andstandardieviation for . By usingtrimmedestimates
of themeanandstandardieviation, the normaldistribution representshe majority of the datawell.
For thelastdecisionepoch, , we allow the changedistribution to dependon the load. We model
therelationshipbetween and asasimplelinearregressiorof theform:
Difference (8)

where and areregressionparameterand is the errorterm. The normaltransitionprobabilitiesare
computedusing(7), with the predicteddifferenceasthe mean,andthe root meansquareerror asan
approximatiorfor the standarddeviation. The root meansquareerroris a reasonablestimatefor standard
deviation whenthe numberof obserationsis large andthe passengeloadis within the rangeof the data

usedin theregression A morepreciseestimatevould usethe predictionerrorstandardieviation.

3.2.4 Combined Estimation

Thetwo transitionprobabilityestimatesverecombinedo Il in missingcellsandsmoothoutdistributions.

Whenthereweresufciently mary obserationswe useda weightedcombinationof the normaltransition
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Figure5: Filling emptycellsin thetransitionmatrix ( )
probabilityandthe empiricalprobability densityfunctionsasfollows.
EstimatedProbability Empirical TransitionProbability Normal TransitionProbability
9)
where . For example,supposea givenrow of the frequeng tableconsistsof sevenobserations
startingwith 39 passengerattime andbecoming attime . Theempirical

distribution, the estimatedhormaldistribution anda pooledestimateof the two distributions with
appeain Figure5.

Rows with 5 or fewer obserationsare replacedwith the correspondingestimatesobtainedusingthe
differencesasdescribedn Section3.2.2.

We investigatedhe effectsof differentvaluesof bin sizeand for two ights. Theresultsindicatethat
theeffectof bin sizeand valueson policy performancaenaybe ight dependentGenerally smallvalues
of bin sizeandhigh valuesof appearto yield resultswith low averageoverageanda low proportionof

ights short-catered.
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3.2.5 Useof Explanatory Factors

An analysisvasconductedo determindf ary exogenougactorscouldhelpmodelthechangen passenger
loadbetweerthe nal two intenals. Theseransitionsarethe mostcritical in the performancef the model
sincethereare higher costsassociatedvith mealorderingduring the adjustmenprocess. The following

informationwasanalyzedwith respecto nal passengeioad:

Passengeloadat previousintenals

Day of theweek

Cascadeffect of passengerfsom previous ights to thesamedestinatior(i.e. ight 1fromAtoB is

cancelledsothat ight 2 hasahigherpassengdoad)

Season

First/lastight of theday

Busines<lasspassengdpadat previousintenals (bumpingof passengers)

Forecasteghassengedoad

All variableswere includedin a multiple regressionmodel and a predictve model was obtainedusing
standardvariableselectionmethods.It wasfoundthat mostof thesefactorsare highly correlatedwith the
passengeload at one hour prior to departureresultingin this onevariableexplaining the majority of the
variability. Thevariability of theerrorswasonly slightly smallerthanthe variability of theraw differences.
Thus,thegainfrom this approachs mamginal.

Also, awiderangeof time serieanethodsvereappliedto determinevhethethechangen loadbetween
two decisionepochson oneday could be predictedusingdatafrom previous days. This approachalsodid

notappearo beuseful.
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4 Results

In this sectionwe describeresultsof applyingthe model. We discussthe structureof the optimal policies,
evaluatethe tradeof betweenoverageand shortagejnvestigatethe effect of ight duration,and estimate
the costof obtaininga desiredservicelevel. Recallthatthe expressionight refersto a speci c routeata
speci c time. Usuallythis correspond$o a unique ight number To applythe modelto a particular ight
requiresestimatingmodelparametersn the training set,determiningan optimal policy andthenapplying
it to thetestdatasetatthe 5 decisionepochsachday Resultsmustthenbe summarizedppropriately
The model was applied using historical datafor a selectedgroup of ights with the sameorigin-
destinationpair, and aircraft capacity No groupingwas madefor day of the week or season.The data
spansa full yearbetweenFebruaryl998andJanuaryl999inclusive. A “holdback” dateof Decemberi,
1998 separateshe datasetinto a training datasetanda testdataset. An  valueof 0.5wasusedin (9)
eguallyweightingthe empiricaland normaltransitionprobabilities. The costper mealvaried between$2
and $12 dependingon ight duration. The per meal shortagecostwas chosenas $120 and the overage
chage was setequalto the costper meal. The late penaltycostsare $0, $0, $2.50,%$2.50,and $7.50for
the decisionepochsb through1, respectiely andthe van delivery chage wassetequalto $25. The cost
of remaving a mealfrom a planeduringthe adjustmenperiodwassetto half the mealvalue. The aircraft
capacitywassetat 108 seatsanda bin sizeof 9 wasapplied,sothattheaggrgatemodelhad12 seats All
referenceso the passengdoadandmealorderingquantitypertainto theaggrgatemodelunlessotherwise

stated.In practice,a muchsmallerbin sizewould be used.

4.1 The Optimal Policy

We describesomepropertiesof the optimal orderingpolicy for a typical ight. At decisionepoch5, 36
hourspre-departurethe optimal actionin all stateds to orderzero. This seemgeasonablaincetherewill
be otheropportunitieso ordermealsat no costbeforethe adjustmenprocess At decisionepoch4 which
represent$ hoursprior to departurethe optimal policy is to ordera meal quantity correspondingo the

passengeload up to load 3; if the loadis 4 order5 meals;if theloadis 5 to 8 order 7 mealsandif the
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(pl, mq) epoch 3 (pl, mq) epoch 2
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©)

Figure6: Optimalorderingpolicy for thelastthreedecisionepochs.

load exceeds8 order 10 meals. The optimal policiesin the last threedecisionepochsare more complex
andrepresenteth Figure6. Thedecisionrulesarepresentedn 13 by 13 tables,wherethe row represents
thecurrentpassengdoad,the columnrepresentthe currentmealorderquantityandeachcell containghe
meal quantity after the adjustmen{the actiontaken). Entrieswith the samevalue are shadedn the same
grey-tone. (Notethesedisplaysaremuchmoreeffective in color)

Obsere thatat 3 hourspre-departurédecisionepoch3), the policy adjuststhe mealorderquantityto
matchthe passengeload exceptin a few casesfor examplewhenthe passengeloadis 8 andthereare5
mealson order the ordershouldbeincreasedo 7. Notethattime point 3 representghe lastopportunityto
adjustthe mealorderwithoutincurringa vandelivery chage, or areturnpenaltycost.

At 2 hoursandl hour pre-departuréhe mealorderis adjustedvia vandelivery sothata x eddelivery
chageis incurredfor every orderin thesewo decisionepochsThevanis assumedo have a x edcapacity
of 4 mealstheeffectof whichis apparenin thedecisionrulesatthesewo epochsFor exampleatdecision

epoch2, if thereare10 mealson boardandthe passengdoadis zero,thenthe numberof mealson boardis
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Provisioning Error
Description Actual Model
Mean 9.81 7.99
StandardDeviation  8.46 6.96

Tablel: Distribution of provisioningerrorover 120daysfor atypical ight: modelversusactual.

reducedo 6. As themodelchooseshe setof decisionghatminimizethe expectedreward over all decision
epochsif anorderis to beplacedatdecisionepoch2, it mayselectamealorderadjustmenthatreduceshe
likelihoodof having to incurtwo x eddelivery chages. Furthermorenotethatatthe nal decisionepoch
whenthe passengdpadis lessthan5, the optimalpolicy ordersonemoremealthanrequiredasa resultof
trying to avoid thelarge shortagecost. However, whentheloadis higher thenegative slopeof theregression
causeshemodelto compensatéor potentialcancellationsno extramealsareordered.
Optimalpoliciesfor othergroupsof ights generallyfollow the sameform asthis examplewith slight

variationsdueto differencedn the distribution of passengedemand.While recordsof the mealordering
guantitiesat eachdecisionepochwerenot readily available,interviavs with cateringstaf revealedthatthe

policiesweresimilarto actualmealorderingpractices.

4.2 Model Performance

We now applydecisionrulesobtainedfrom thetraining datasetto the four monthtestdataset. Recallthat
wereferto the nal mealorderquantityminusthepassengdoadat departureasthe provisioningerror and
compareit for the modelandactualpractice. We rst considera typical ight. Table 1 shawvs that both
practiceandthe optimal policy over-caterthe ight but the optimal policy resultsin alower samplemean
andvarianceover a4 monthperiodthanwasobseredin practice.

We now comparethe optimal policy to practicefor the 40 selectedights. In Table2 optimal policies
derived from the modelwith parametergstimatedn the training datasetandthe mealquantitiesusedin
practicearecomparedo actualsfor eachdayin thetestdataset. Averageoveragedenoteghetotal overage
obsered in the testdatafor ights on which therewere excessie mealsdivided by the total numberof

ights with an excessie numberof meals. As shavn in Table 2, the averageoverageobtainedwith the
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Provisioning Error
Description Actual Model
Averageoverage(Meals) 10.19 8.33
Proportionof ights with overageexceedingb meals 62.5% 55.8%
Proportionof ights with shortageexceedingb meals 1.7% 0.8%
Proportionof ights with ary shortage 6.7% 6.7%

Table2: Performanceéndicatorsfor 40 selectedights: modelversusactual.

optimal policiesis lower thanthe averageoverageobsenred in practice(8.33 versus10.19meals). The
optimal policiesalso producea lower proportionof ights with overageand shortagesxceeding5 meals.
This is particularyencouragingincethe modelorderingquantitiesare constrainedo be multiplesof the
bin size. With the bin size setat 9, the only allowable mealorderingquantitiesare0, 9, 18, ... while in
practiceary orderguantityis possible We seethatthe optimalpoliciesresultin mealorderingpoliciesthat
outperformpracticeon severaldimensionsWe expectimprovedresultswith smallerbin sizes.We quantify
this potentialsavings below.

Decreasinghe bin sizemay potentiallyimprove the performancef the optimal policiesasthe model
is not forced to choosebatchedmeal order adjustments. Dependingon the distribution of differences,
alternatve valuesof mayalsoresultin performancemprovements However, the considerableariability

(seeFigure3) in thedemanddatalimits the potentialimprovement.

4.3 Overage/Shortagelradeoffs

In this sectionwe discussusing the modelto investigatethe tradeof betweenshortagesand overage. In
particular we attemptto translatehe shortagecostto a servicemeasure.

The trade-of curwe in Figure 7 depictsthe ef cient levels at which the systemcan operate. It was
derivedfor arepresentate ight fromtheoptimalpolicy obtainedoy varyingthe permealshortagepenalty
costfrom $5 to $15,000. This curwe illustratesthe trade-of betweenaverageoverageandthe proportion
of ights atwhich therewerefewer mealsthanpassengerdt senesasabenchmarkor assessingurrent
practiceaswell asanillustrationto managemenof possiblecost-servicdrade-ofs. It canbeinterpreted

asfollows. Supposananagemenpolicy requiresthatno morethan  of ights be short-cateredThen



An MDP Modelfor Airline Meal Provisioning 20

14
12 A
% L o Scenario3
s 10
8 S~ Soerario2
% o Scenariol
5 6
z
4
2 = Model '—
O T T T T T

0% i) 4% 6% 8% 1% 12%
Proportion of Flights Short-Catered

Figure7: Theefcient frontierfor atypical ight.

this correspond$o a shortagecostat which the optimal policy producesan averageoverageof 8 mealsper
ight.

Also includedon the grapharepointsindicatingperformanceneasure$or threepossiblesituations:

Scenarid3 in which practicewasinef cient andcouldbe enhancedisinganoptimalpolicy.

Scenari® in which practicereplicatedoptimal performance.

Scenaridl in which practiceoutperformedhe optimalperformancesdeterminedy themaodel.

If Scenaria3 occurs,the systemis not performingoptimally andcanbeimprovedin severalways. For
example,the overagelevel of roughly 10 mealscanbe retainedandthe proportionof short-cateredghts
canbereducedo about1%. Scenariol mayappealpuzzlingat rst sinceit indicatesthatactualpractice
outperformgheoptimalpolicy. This occursbecausén practice the mealorderclerk mayhave information
thatis notavailableto themodelsuchasother ight cancellation®r alarge volumeof unragisteredstandby

passengersr alternatvely, the demandlistribution or bin sizemaynotbewell chosen.

4.3.1 Effect of Flight Duration

We now investigatéherelationshigbetweenight durationandthefrequeng with whichthethreescenarios

identi ed in theprevious sectionoccur
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A groupof 40 ights of varyingdurationwith sufcient datawasselectedor modelling. These ights
departedrom a singlehigh actwvity centerto oneof 15 differentdestinationstations.They wereclassi ed
into threegroupsonthebasisof ight duration.Aircraft capacityvariedacrossights but remainecconstant
on each ight throughoutthe study period. Model parametersvere setat valuesdescribedabore except
wherenoted.

Thechosenbin sizesappeaiin Table3. An overage/shortageadeof curve wasderivedfor each ight

Capacity Bin Size Numberof Flights

88 2 30
108 2 6
180 3 2
236 4 2

Table3: Stateaggreationin sampleights.

usingthe approactdescribedabore. The averagereal performancdor that ight wasalsoplottedon the
tradeof curve and we obsered which of the threescenarioghat ight fell into. Resultsare presented
in Table4. In 21 out of 40 caseshe optimal policies outperformedpractice. In 8 out of 40 casesthe
optimalpoliciescloselymatchedoractice andin theremainingl1 casespracticeoutperformedheoptimal
policies.Obsene thatin long haul ights, the optimalpoliciesoutperformedturrentpracticein 85% of the
casesOnly in shorthaul ights werethemodelresultsdominatedby practice.This suggestshatthereis a
signi cant opportunityto applythe modelto the morecostlylong haul ights.

We now estimatethe economicvalueof the potentialimprovementssuggestedby the model. For each

Optimalpolicies Optimalpolicies Practice
outperform closelymatch  outperformsoptimal
practice practice policies Total
Long 12 85.7% 1 7.1% 1 71% 14
Medium 5 50.0% 5 50.0% 0 0.0% 10
Short 4  25.0% 2 12.5% 10 62.5% 16
21  52.5% 8 20.0% 11 27.5% 40

Table4: Comparisorof practiceandmodelperformancdyy ight duration.Entriesarethenumberof ights

andpercentagef row totals.
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Total Monthly OverageCost
N Actual Model Difference
Long 14 29,466 24,228 5,238
Medium 10 6,842 6,762 80
Short 16 5,811 6,625 -814
40 42,119 37,615 4,504

Table5: Impactof the optimalpolicieson overagecosts.

ight we obtainthe overagdevel ontheef cient surfacecorrespondingo theproportionof ights obsered
to havetoofew meals.Thereductionin overagdas anothesummaryof thepotentialsavingsobtainablaising
modelresults.The modelandactualaverageoverage gures aremultiplied by a ight speci ¢ averagecost
per mealto getthe total monthly overagecosts. Understandab)ymeal costsare generallyhigherfor long
duration ights. Theresultsareprovidedin Table5. In thelong duration ight group,the optimalpolicies
resultin overagecostsalmost18% lower thanthoseobsered in practice. Note that 3 of the 14 ights
accounfor 73%of thecostimprovement.In theshortdurationgroup,the optimalpoliciesresultin overage
costsapproximatelyl4% greaterthanthoseobseredin practice.

The optimal policiesalso performedbetterwhenthe proportionof ights short-catereds considered.
Applying the chosempoliciesresultsin a decreas®f over 42%in the numberof ights short-cateredThe

majority of theimprovementoccursin the mediumandshortduration ight groups.

4.3.2 Costsof Obtaining Speci ed Sewvice Levels

Next we seekto estimatdhecostassociatewvith achiering apre-de nedlevel of service. Two servicelevels
arearbitrarily chosenno shortageandshortageof at most5 meals.

For the 40 ights analyzed,he actualaverageoverageis estimatedo cost$42,100per month. The
additionalcostassociateavith achieving alevel of servicewhereno ight hasashortagexceedings meals
is estimatedo be $2,500per month. The total additionalcostassociatedavith achieving a level of service
whereno ight experiences shortages estimatedo be$20,100permonth. Theupperboundonthis gure
is obtainedby calculatingthe additionalcostof fully catering ights with shortagesgiven thatthe actual

overagestill occurred. Thatis to say whena ight is shortwe immediatelysenda vanto make up the
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40Flights Station-Wde

Estimatedhctualoveragecosts 42,100 90,900
Estimatecdadditionaloveragecosts- shortagdessthan5 meals 2,500 5,400

Estimatedadditionaloveragecosts- zeroshortage 20,100 43,300
Additional overagecosts- fully catered 121,900 263,100

Table6: Estimatef monthlycoststo obtainspeci ed servicelevels.

differenceandwhena ight hastoo mary mealsthe costof thosemealsarealoss.This gure is $121,900
permonth. Thesecost gures arebasedn actualaveragemealcostsby ight numberandaretakulatedin
Table6.

Estimatingthe system-widédmpactof applyingthe optimal costpoliciesfor all ights requiresthatthe
modelbe run for all ights over a sufcient rangeof terminal costs. In addition,to modelthe effect of
seasonalityoptimal policiesmustbe separatelytestedby season.Thus, we requireat leasttwo yearsof
pre-departurelata,wherethe rst yearwould bethe modeldataset,andthe secondyearwould bethetest
dataset. This would requirea signi cant amountof dataandprocessindime. A roughestimates provided
basedn mealcosts.Thegroupof 40 ights represent$9% of thetotal mealsprovisionedin a singlehigh-
volumestation. Theseights represenbnly 46% of the total mealcostsfor thatstation. Assumingthatthe
additionalcostsfor the remaining54% of total mealcostsis directly proportionalto the additionaloverage
costsestimatedwe obtaina scalefactorof 2.16. The monthly station-wideadditionalcostestimatesare
alsoprovidedin Table6. Thus,we seethatachiezing eitherof the two servicelevels presentedequiresan

additionalinvestmentDependingon thedesiredevel of service this costmaybe substantial.

5 Conclusions

In thispapemwe have developeda nite horizonMarkov decisionprocesdgor identifying minimumcostmeal
orderingandadjustmenpolicies. We usedthe modelto investigatethe possibility of developing policies
thatsimultaneouslyeducedverageandshortageandobtainedhe costsassociateavith obtainingspeci ¢
levelsof service.Analysiswasconductena samplegroupof 40 CanadiarAirlines ights departingrom

asinglehigh volumestation.
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Accordingto theresultsobtainedusingoptimalpoliciescouldpotentiallyreducebothprovisioningerror
andits variability. Analysisby ight durationrevealedthatthe optimalpoliciesobtainedusingthe Markov
decisionprocessnodelapproachenhancegerformanceconsiderablyon long duration ights anddid not
appearo be bene cial for shortduration ights. Optimal policiesfor mediumduration ights exhibited
performanceloseto practice.Overall, the modeloutperformsurrentpracticeon 52.5%o0f the ights, and
closelymatcheghe performanceof actualpracticein 20% of the ights. Applying the optimal policiesat
a level of servicecomparablego currentpracticeyields costsavings of 17%, 1%, and-14% in the long,
mediumandshortdurationgroupsrespectiely.

Evaluatingthe modelover varying levels of terminal costgeneratesverage/shortaggadeof curves.
Managemeninay usetheseresultsto quantify the costof achiezing a servicelevel, giventhe currentpro-
cessesDependingon thelevel of servicerequiredby theairline, the optimalpoliciesmayresultin reduced
costs.

Two levels of servicewere evaluatedin termsof additionalcosts. The levels of servicearei) where
no ight experiences shortagesxceedingd meals,andii) whereno ight experiencesry shortage.The
station-widemonthly additional cost associatedvith achieving a level of servicewhereno ight hasa
shortageexceedingb mealsis estimatedas$5,400per month. The station-wideadditionalcostassociated
with achieving alevel of servicewhereno ight experiences shortagas estimatedas$43,300permonth.

The station-wideestimatesare basedon the scaledresultsof the samplegroup. The accurag of the
estimateswill improve by extendingthe analysisto all ights for the station. Similarly, accurag may
improve by evaluatingthe model over differentseasons.A multi-variate statisticalanalysisof the ight
groupsshouldbe conductedo determinethe appropriateesolution.Both improvementsequiremoredata
andasigni cant amountof processindime.

Sensitvity analysison the probability density function indicatedthat improvementin model perfor
mancemight be achieved with differentdistribution parametersAlso, we obsered that modelparameters
might be ight specic. A similar sensitvity analysisshouldbe conductedover all ights to verify this
hypothesis.The additionalcost gures shouldbe assessetbr the parametershat provide the bestpolicy

performance.
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Resultsof this analysiswere well receved by CanadianAirlines managementThey wereespecially
impressevith the potentialto operatemealprovisioningmoreef ciently onlong haul ights. In addition,
they viewed the model as an effective approachfor decision-makingsinceit addedstructureto a rather
subjectve decision-makingprocessUnfortunatelyimplementatiorwasdelayedpendinga restructuringof

in ight operationsasaresultof themegerof CanadiarAirlines andAir Canada.
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Figurel: Timeline of eventsin the provisioning decisionprocess.

27



An MDP Modelfor Airline Meal Provisioning

Figure2: Generatingatransitionmatrix by combiningdirectestimatesvith estimate®f changes.
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Figure3: Distribution of differencesetweersuccessi pre-departurantenals.
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Figure4: Boxplotsof loadchangessafunctionpassengdoadsat onehourpre-departureAxesscalesare

unlabelledo respectdatacon dentiality agreement.
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Figure5: Filling emptycellsin thetransitionmatrix (

)
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Figure6: Optimalorderingpolicy for thelastthreedecisionepochs.
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Figure7: Theefcient frontier for atypical ight.
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Tablel: Distribution of provisioningerrorover 120daysfor atypical ight: modelversusactual.
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Table2: Performanceéndicatorsfor 40 selectedights: modelversusactual.
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Table3: Stateaggrgationin sampleights.
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Table4: Comparisorof practiceandmodelperformancdoy ight duration.Entriesarethenumberof ights

andpercentagef row totals.
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Table5: Impactof the optimalpolicieson overagecosts.
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Table6: Estimatesof monthly coststo obtainspeci ed servicelevels.
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