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Abstract

Thispaperdevelopsandanalyzesa�nite horizonMarkov decisionprocessmodelfor theairlinemealprovi-

sioningactivity focusingexplicitly ondevelopingpoliciesfor determiningandrevising thenumberof meals

to upload.Usingoneyearof daily datafrom over 40 �ights, thepapershows that theoptimalpoliciescan

result in both improved customerserviceandsigni�cant dollar savings, especiallyin long haul �ights. It

alsoappliesthemodelto derive anef�cient frontier andinvestigatetradeoffs betweenhaving too few and

toomany mealson a �ight.
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Intr oduction

The passengerairline industry operateson low pro�t margins with many competitors. Airline carriers

sustainpro�tability throughoperationalef�ciency improvementsand by maintainingor increasingmar-

ket share. Classicapplicationsof operationsresearchin the airline industry include yield management

(Smith,Leimkuhler, andDarrow, 1992)andoptimizationof crew schedules(Vance,Barnhart,Johnson,and

Nemhauser,1997).Themajority of theseapplicationsfocuson coreairline operations.A nicegeneralref-

erencefor operationsresearchin this industryis Yu (1998). In thecurrentcompetitive environmentsome

carriersareattemptingto generatesavings throughef�ciency improvementsin their peripheryoperations.

Savingsgeneratedfrom increasedef�ciency maybedirectedtoward improving customerservice.In�ight

mealprovisioningis onesuchareaworthyof pursuitasit involveshigh volumes,signi�cant costs,andhas

directimpacton customerservice.

Thein�ight mealprovisioningprocessinvolvesproducingmealsin anairportkitchenby a catererand

deliveringthemto a planefor eventualin�ight passengerservice.A fundamentalquestionis how to deter-

mine thenumberof mealsto be preparedso asto ensurea high level of passengerservicewhile keeping

costsaslow aspossible.Weassumethefollowing decision-makingscenario.Well in advanceof departure,

thecatererdeterminesthenumberof mealsto producefor a speci�c �ight. At severalsubsequentdecision

pointsprior to thedepartureof a �ight, thecaterermayadjustthemealquantityto bedeliveredto theplane.

Deliveryandproductioncostsvaryovertimewith unscheduleddeliveriescloseto departuremorecostlyand

constrainedby vancapacity. Dueto inherentvariability, the�nal passengerloadis notknown with certainty

prior to departure.In fact, in the datawe have analyzedthe �nal numberof passengerson a �ight varies

from thosebookedin atonehourprior to departureby asmuchas
�

10� .

Thepurposeof this paperis to developadecision-makingframework for this processbasedon Markov

decisionprocesses(MDP) andillustrateits potentialimpactby applyingit to historicaldata.Our represen-

tationof themealprovisioningoperationis basedon processesat CanadianAirlines wherethis studywas

carriedout. We believe thattheseprocessesaretypicalof mealprovisioningat a wide rangeof carriersand

thattheresultshereinhave wide applicability. Moredetailsareavailablein Goto(1999).
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Theproblemanalyzedhereinhasits rootsin stochasticinventorycontrol. It maybeviewedasanewsven-

dor model(c.f. Gallego andMoon (1993))with demandforecastupdatesandmultiple quantityadjustment

opportunities.In essence,thedecisionmaker choosesa mealorderquantitybasedon earlydemandinfor-

mation(the numberof booked passengers)andasupdatedinformationbecomesavailable(the numberof

booked passengerschanges)adjuststheorderquantity. As is commonin fashiongoodinventorymodels,

lateadjustmentsto theorderquantityaremorecostly. This occursin our problembecauselatemealsmust

bedeliveredby aspecialvan.The�nal coststructureis similar to thenewsvendormodel,therearecostsfor

overageandunderagebut thegoodhaszerosalvagevalue.Themostcloselyrelatedpaperto oursis thatof

EppenandIyer (1997)which considerstheoptimalmanagementof a fashioninventorysystemusingearly

orderinformationto adjustthe orderquantity. Closelyrelatedis a fashiongoodsupplychainapplication

describedby FisherandRaman(1996). Fromanalternative perspective, our modelprovidesan approach

for updatingforecastsof the�nal orderquantitybasedonaccumulateddata.Suchforecastmodelsoriginate

with Hausman(1969)andhavesubsequentlybeenconsideredby Graves(1986),HeathandJackson(1994),

ToktayandWein(2001)andAviv (2001).The�rst threepapersprovideadynamicmodelfor forecastupdat-

ing andthelattertwo paperscharacterizeoptimalpolicies.Ourwork differsfrom thesein thatwemodelthe

demandevolution asa Markov chainandusedynamicprogrammingto take this informationinto account.

Also, our primaryfocusis applicationsothatwe areprimarily concernedwith computingoptimalpolicies

andnotderiving structuralresults.

The remainderof thepaperis organizedasfollows: Section1 describesthemodel. We formulatethe

modelasa Markov decisionprocessin Section2. Our approachto applyingthe modelto the problemat

handis discussedin Section3. The resultsof our studyandthe conclusionsarecontainedin Sections4

and5, respectively.

1 ProblemDescription

Meal provisioning activities may be divided into two main stages;a productionstageandan adjustment

stage. Productionprimarily takes placein the �ight kitchenand involves the preparation,assemblyand

refrigerationof mealsfor a speci�c �ight. At a subsequentpoint of time the mealsare removed from
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refrigerationanddeliveredin a cateringtruck to the �ight. Adjustmentinvolvesalteringthemealquantity

afterit hasleft thekitchen.Processdetailsfollow.

A mealorderingclerk is responsiblefor theproductionprocess.Theclerk schedulesresources,plans

food production,andcoordinatesstaff to build a mealorderthatcloselymatchesthemealvolumerequire-

mentsfor a given�ight. Theprocessspans24 hourswith responsibilitiespassedfrom shift to shift. At key

pointsin theproductionprocess,theclerkestimatesthemealquantityrequirementfor the�ight basedonthe

numberof ticketsbookedfor the�ight, aforecastof thepassengerloadbasedonthe�ight history, aforecast

of therequiredmealquantity(everyoneonboardmaynotwantamealor somemayrequireaspecialmeal),

andhis/herown personalexperience.

Theproductionprocessbeginswith settingafoodproductionandstaf�ng schedulefor a �ight departing

on the following day. Dependingon the typeof meal,somefoodsarepreparedandcooked asearlyas12

hoursbeforethe �ight departs.The meal requirementis estimatedprior to settingthe schedulesandre-

estimatedat thepointof foodpreparation.At threehoursprior to departurethemealorderingclerk reviews

themealrequirementestimateandadjuststhemealorderasrequired.This is thelastopportunityto adjust

the mealorderat the kitchen. After the orderadjustmentis complete,staff verify that the entireorderis

correctandit is deliveredto theaircraft. Dependingon the �ight, the actualdelivery may occurbetween

threehoursprior to departureandahalf hourprior to departure.

The adjustmentprocessinvolves alterationsto the mealorderafter it hasleft the kitchenarea. Ad-

justmentsaremadewith a limited capacityvan, which travels betweenthe �ight kitchenandthe aircraft.

The driver veri�es the adjustmentwith in-�ight staff andcarriesthe mealsto the aircraft. An ordermay

requirea late adjustmentwhenthe passengerload changessubstantiallyafter delivery of the initial meal

order. Theselate adjustmentsarecostly andinconveniencepassengerssincethe driver often hasto carry

largemealcarriersup theaislesof acrowdedplane.

For the �ights consideredwe assumethekey decisionpointsfor theproductionprocessoccurat eigh-

teen,six, andthreehoursprior to departure.In practicedecisionsto alter theproductionquantitymaybe

madeat intermediatetime intervals.Subsequentdecisionsaremadethroughoutanadjustmentperiodin the

remainingtime prior to departure.SeeFigure1.
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K

Figure1: Timelineof eventsin theprovisioningdecisionprocess.

We assumeproduction,adjustment,shortageandoveragecosts.Productioncostsincludeall food and

labor that aredirectly involved in preparingandassemblinga mealorder. They vary directly with meal

quantity. An orderadjustmentthatoccursprior to delivery incursno penaltycost,subsequentadjustments

madewith alimited capacityvanincurapermealpenaltycostplusa�x eddeliverycharge.Costsof overage

aretakento bethecostof mealsin excessof passengerload. Shortagecostsareestimatedastheexpected

lossin customergoodwill. Thesecostsmay be basedon the likelihoodof losing a customergiven that a

mealservicewasnot provided. This costis dif�cult to quantifybut it is clearlyhigheron a long haul �ight

thanon ashorthaul�ight. Wealsomeasurethelevel of customerserviceasthefractionof passengerswho

donothaveamealavailable(evenif they donotwishto consumeit). In ouranalysesbelow weusecustomer

servicelevel asa performancemetricandnotaconstraint.

2 Mark ov DecisionProcessModel Formulation

As notedabove, the meal orderingproblemhassomefeaturesof a newsvendorproblem,but given the

multiple decisionpoints and changinginformation,we formulateit as a �nite horizon Markov decision

problem(c.f. Puterman(1994)).For simplicityweassumea singlemealtypeanda singlepassenger class.

Theexpression�ight refersto anaircraftallocatedto a speci�c routeat a speci�c time with a unique�ight
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number. Let

����� Mealquantityatdecisionepoch�

�

��� Bookedandstandbypassengerloadat decisionepoch�
	��

�
�

	�������	��

���

� Actualpassengerloadatdeparture

�

� Aircraft capacityin passengers

�

� Lastdecisionepochprior to mealdelivery

�

� Totalnumberof decisionepochs�

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

transitionprobabilities.For ourmodelthey areasfollows:

� Thestatespace:�

�����

	

�

	�������	

�����

���

	

�

	�������	

���

. The�rst elementof thestatespacerepresents

themealquantity; thecurrentnumberof mealsthathave beenallocatedto a given�ight. Depending

on thedecisionepoch,this maybe in production,in a holdingrefrigerator, or on-boardtheaircraft.

The secondelementis the passenger load; the numberof booked andstand-bypassengers.At the

pointof departurethis is thenumberof on-boardpassengers.Notethatweboundthe�rst component

of S by the aircraft capacity
�

. This quantitycould in fact be increasedto take overbookinginto

account.Wedonotexplorethatpossibilityhere.

� Decisionepochs: 

�!���

	

�

	�������	��

�

wheretime �#"$ representstheremainingtime until theend

of the planninghorizon; the last time a mealcanbe deliveredto an aircraft. Decisionepochsneed

not be evenly spacedandrepresentcritical decisionpoints. No decisionis madeat decisionepoch

0; it correspondsto thedeparturetime andis includedto evaluatetheoutcomeof themealallocation

process.

� Action set: Denotethe set of actionsavailable in state % at decisionepoch � by &('�)

� . At each

decisionepochthe decision-maker choosesthe numberof mealsto have available at the follow-
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ing decisionepoch. During the productionphase,when �

�

�*	������+	

�

, the set of available ac-

tions is &,'�)

�-�.���

	

�

	�������	

���

. The action representsthe order “up to ” or “down to” quantity.

For the adjustmentphase,that is for �

�

�0/

�

	�������	

� , the set of availableactionsis &(132

) 465�)

�

�

�+798;:=<>�

/@?

	

�;A

	�������	

7CBEDF<>�,G

?

	

�

A

�

where
?

denotesthevancapacity. Note thatduring thead-

justmentphase,alterationsto theallocatedmealquantityarelimited by vancapacity.

� Costs:ThecostsH

�I<

%J	

8KA arede�ned for %#"-� and 8

"*&,'�)

� for �

�L� by

H

�

<>�

�

	

���
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���
/

�

�
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�
/

���

AQP (1)

andfor �

�
�

	�������	�� by

H

�I<�<>���

	

�

�3A

	

8KAF�UTV8;W�BX8YN

�

RZ7*R+8

�

H\[]%+�

�^G$WJR

�3_

W�D#`aR�D�8

�

�3b

�

GcTV8;DedVR

�

BETYR�W

bfH�g

8;W�hYR��aG

�

8

�

Ri`aR�D�8

�

�3b

�

� (2)

Theterminalcost H

�

penalizesoveragesandunderages;N denotestheperunit shortagecostand R the

perunit overagecost. Variablemealcostsrefer to thecostpermeal. If mealsarereturnedafter the

orderhasbeendeliveredto theaircrafta permealpenaltycostis incurred.For example,a mealthat

costs$10mayberemovedfrom themealorderwithout penaltywhen �kj

�

. However, for �kl

�

a

penaltyof 50%of mealcostis incurredonany returnedmeal.Similarly, anincreasein themealorder

quantityduringtheadjustmentstageresultsin a �x edvandeliverycharge.Thelatepenaltyrepresents

thecaterers'preferencefor building themealorderearlierthanlaterandis includedasanadjustment

factor. This costincreasesasthedeparturetimedraws near.

� TransitionProbabilities:The transitionprobabilitiesgive the likelihoodof changesin pre-booking

andstand-bylevelsbetweendecisionepochsor betweenpre-bookingandstand-bylevel at the �nal

decisionepochandload at departure.The only stochasticelementin the transitionprobabilitiesis

thechangebetween
�

� and
�

�>mon which is outsidethecontrolof decisionmaker. Changesin ��� depend

deterministicallyon theaction 8 . That is ���>monp�
8 . Thus `q��<�<>���>mon

	

�

�>mon�A�r6<>���

	

�

�3A

	

8KA dependsonly on
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�

�

	

�

�>mon and 8 . Wedenotethetransitionprobabilityfor theloadby s

�I<

�

�>mon�r

�

�3A sothat

`q��<�<>���>mon

	

�

�>mon\A�r6<>���

	

�

�3A

	

8KAM�

t

s

�I<

�

�>mon]r

�

�3A if ���>monu�L8 ,
� otherwise.

(3)

A (deterministic)decisionrule, dY�I<>�

	

�

A , speci�es the numberof mealsto “order up to” or “reducedown

to” at decisionepoch � given that the meal quantity is � and the passengerload is
�

. A policy v

�

��dVw

	

dVwxmon

	�������	

dKn

�

is a sequenceof decisionrulesandgivesthedecision-maker a prescriptionfor making

decisionsateachdecisionepochin eachstate.For aparticularpolicy v , theexpectedtotal costis

T;y

w

<>��w

	

�

wpAM�@zMy {

23|

) 4

|i}

t

w

~

��•in

H

�I<�<>���

	

�

�3A

	

dJ�I<>���

	

�

�3A�A�G

H

�

<>�

�

	

���

A�€

	 (4)

wherethe expectationis conditionalon the initial mealquantity �;w andpassengerload
�

w . Note that the

only stochasticelementin (4) is thepassengerload.Thevaluefunctionof theMDP, To• satis�es

T

•

w

<>��w

	

�

w‚AM�„ƒ†…K‡

y;ˆ�‰

T
y

w

<>��w

	

�

wpA

	 (5)

for all <>��w

	

�

wpA

"Š� , where‹ is thesetof all (historydependent,randomized)policies.Sincethestateand

actionspaceare�nite, we areguaranteedtheexistenceof a Markovian, deterministicpolicy thatachieves

thein�mum in (5) (cf. (Puterman,1994,Proposition4.4.3)).

Thevalueof thisMDP maycomputedby solvingthe�nite horizonoptimalityequations

T��I<>���

	

�

�3AŒ� •Žƒ†…

•

ˆ�•�‘ ’>“X” • “>–†”

“

�

H

�I<�<>���

	

�
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4
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)

n

) ™ ™ ™ ) šŽ5

s

�I<

�

�>mon�r

�
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�
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�

(6)

for TY•

�

<3› A , where�

�œ�

	I•V	�������	�� , <>�+�

	

�

�3A

"Š� , An optimaldecisionrule achievestheminimumin (6) for all

stateswith T]� replacedby TK•

� . Thestandardsolutionapproachis backwardinduction.

Themodelformulatedabove assumesthat:

1. The passengerdemandon one �ight doesnot affect demandon subsequent�ights. Transitionsin

passengerdemandbetweenthepre-departuredecisionepochsaremodelledindependentlyona�ight-

by-�ight basis,thusany informationregardingother�ights is not considered.
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2. All mealsorderedin apre-departuretimeinterval arereadyanddeliveredin thefollowing timeinterval

with certainty.

3. Thenumberof mealson eachaircraftdoesnotaffect thedemandfor seatson thecurrent�ight.

3 Model Application

Wenow describeourapproachto applyingtheMDP model.Wechoose5 decisionepochsto re�ect practice.

The �rst threedecisionepochsare36 hours,6 hours,and3 hourspre-departure.The �nal two decision

epochsareat2 and1 hourpre-departure.In ournotationthiscorrespondsto �

�Ož and
�

�OŸ .

We apply it to 40 �ights with thesameorigin. Flightsareclassi�ed into shorthaul,mediumhauland

long haulbasedon destination.For each�ight, we useoneyearof daily data.To gain insight to how this

approachmayperformin practiceweusecross-validation. Pre-bookingand�nal loaddatawasdividedinto

two contiguoussubsetsof 6 monthseach.Wereferto the�rst subsetasthetraining dataandthesecondas

thetestdata. Thetrainingdatawasusedto parameterizethemodelandderive anoptimalpolicy. Thetest

datawasusedto assessits performance.We usetheexpressionprovisioningerror to referto thedifference

betweenthe�nal mealquantityandpassengerload;positivevaluescorrespondto excessandnegativevalues

to shortages.

Thefollowing performancemeasureswereevaluatedfor thetestdata:

� Theprovisioningerrordistribution

� Thepercentageof �ights thatexperienceashortage

� Thepercentageof �ights thatexperienceashortageor overageexceeding5 meals

� Theaverageoverageandshortagefor �ights onwhich therewereoveragesor shortages,respectively

Otherpossibleperformancemeasuresincludethenumberof adjustmentsto themealorderor thenumberof

vandeliveries.
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3.1 StateAggregation

Thestatespaceconsistsof all possiblemealquantityandpassengerloadpairs. As capacityincreases,the

statespacesizeincreasesquadraticallyandthenumberof actionsincreaseslinearly. For example,a 9 seat

model(10statesincludingthezerostate)requires1000actionevaluationsateachdecisionepoch,whereasa

19 seatmodelrequires8000actionevaluations.A 108seatcapacityaircraft(AirbusA320) with 5 decision

epochsrequiresapproximately10minutesof processingtimeonaPentium200MHz PC.A typical �eet can

haveaircraftwith asmany as380economyclassseats(Boeing747).For thisreason,wechoseto analyzean

aggregatemodelin whichaseatin themodelrepresentsmultipleseatsin practice.Wereferto thenumberof

actualseatsrepresentedby asingleseatin themodelasthebin size. In theresultssectioncostsarescaledso

thatoutputcanbecomparedto practice.Algorithmswerecodedandall calculationswerecarriedoutusing

the SAS softwarepackage.Complex calculationsandmatrix operationswereperformedusingSAS/IML

anddataanalysisandreportpreparationusedSAS/STAT andSAS/GRAPH.

3.2 Transition Probability Estimation

As notedabove, the transitionprobabilitiesarecharacterizedby theconditionalprobabilitydistribution of

changesin passengerloadbetweendecisionepochs,s

�I<

�

�>mon�r

�

�3A . Werequireestimatesof theseprobabilities

between� ve pairsof time points: 36 hoursto 6 hours,6 hoursto 3 hours,3 hoursto 2 hours,2 hoursto 1

hour, and1 hourto post-departure.Clearlythenumberof quantitiesto beestimatedis large,for examplein a

tenstateaggregatemodelfor asingle�ight wemustestimate90probabilities(sincetheprobabilitiesin each

row mustsumto 1) for eachdecisionepochor a total of 450probabilitieswhile a 108seataircraftwould

require57780entries.Ourapproachto estimatingtheseprobabilitiescombinesaparametricmodelfor load

changeswith a directestimatebasedon observed transitionfrequency; (seeFigure2). This approachboth

�lls in missingcellsandsmoothsout thedistribution acrossrows. Theavailabledatafor estimatingthese

probabilitiesaredaily passengerloadsat 5 pre-departuretime pointsandthe�nal passengerloadfor each

�ight oneachday.



An MDP Model for Airline MealProvisioning 10

Transition probability
matrix created using

absolute passenger load
b)

Transition probability
matrix created using

differences
a)

c)

Figure2: Generatinga transitionmatrixby combiningdirectestimateswith estimatesof changes.

3.2.1 Dir ectEstimation of Transition Probabilities

At eachdecisionepochandfor eachinitial load,we �rst estimatetheprobabilityof eachsubsequentload

asits relative frequency. This is themaximumlikelihoodestimateof theseprobabilities.We refer to these

estimatesasempirical transitionprobabilities. Themethodologycapturespassengerloaddependenttran-

sitions,however, anextremelylargenumberof observationsis requiredto accuratelyestimateall transition

probabilities.In practice,thisapproachproducesanexcessivenumberof zeroentries,astransitionsbetween

many statepairsarenever observedin ourdata.

3.2.2 Estimation of Changesin PassengerLoads

Wenow discussestimationof transitionprobabilitiesbasedon changesin passengerloadbetweendecision

epochs.Figure3 shows thedistributionsof loadchangesbetweenthesix time pointsderivedfrom datafor

a single-stage�ight with a 108seatcapacityaircraft,observed over a six monthperiod. Observe that the

distributionsof differencesarecenterednearzerowith theexceptionof thelasttransitionwhichcorresponds

to loadchangesfrom onehourpre-departureto postdeparture.This distribution hasa negative meanwith

considerablevariability. This may be dueto last-minuteticket cancellations,late arrivals or overbooking

with somebooked passengersbeing shifted to other �ights. Another explanationis also offered below.

Thisextensivevariability in the �nal period is thekey factor that makesdeterminingtheappropriatemeal

quantityto uploaddif�cult.

Beforedevelopingaparametricmodelfor loadchangesweinvestigatetherelationshipbetweentheload
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Difference
-20 0-10 10 20

36 hours to
6 hours

6 hours to
3 hours

3 hours to
2 hours

2 hours to
1 hours

1 hour to
post departure

Frequency

Figure3: Distribution of differencesbetweensuccessive pre-departureintervals.

at a decisionepochandthechangein loaduntil thenext decisionepoch.Thedistribution of changesmay

becomemorevariableaspassengerload increases,or the meanof thedifferencesmay shift. In Figure4,

boxplotsshow the relationshipbetweenload changesbetweenonehour pre-departureandpost-departure

andthepassengerloadat onehourpre-departurefor oneparticular�ight. Thesolid line representsa linear

regressionof loaddifferenceon passengerload. It shows a decreasingtrend;thegreaterthe loadthemore

likely adecreasein load.

Figure4 alsoshows that thedifferencesareconstrainedby capacity. Theline labelled“Capacity” rep-

resentsanupperboundon loadchangesduringthelastperiod,sothattheon-boardpassengerloaddoesnot

exceedcapacity. For exampleif theobservedonehourpre-departureloadis 100in a 108seataircraft,then

thechangesin the lastperiodareconstrainedto fall betweenG,  and
/

���]� so it is apparentthat themean

will benegative. As Figure4 alsoshows, this effect is furtherexaggeratedby overbooking.Whentheone

hourpre-departureloadexceedscapacity, which occursfor all loadsin Figure4 at which the line labelled

“Capacity” is below � , thentheonly allowablechangesarenegative.
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Figure4: Boxplotsof loadchangesasa functionpassengerloadsatonehourpre-departure.Axesscalesare

unlabelledto respectdatacon�dentiality agreement.

In most studies,ignoring censoringin the data leadsto inef�cient and biasedestimation. Wu and

Hamada(2000,Chapter12.3)discussseveralwaysto compensatefor this. Ding et. al (2000)show how to

combinecensoringwith optimizationin a dynamicinventorymodelwith lost sales.For our modelwe take

censoringinto accountby allowing thechangedistribution at thelastdecisionepochto dependon theload.

We note that a relationshipbetweenload and load changewas only signi�cant at the �nal decision

epoch.For otherdecisionepochsthetwo measuresdid notappearto becorrelated.Consequentlyin deriving

parametricmodelsfor load changes,only thatat the lastdecisionepochaccountedfor thedependenceon

theload.

3.2.3 Normal Approximation

The distributionsof the differenceswere�t with a shiftedPoissondistribution anda normaldistribution,

independentof passengerloadfor eachdecisionepochexceptthe last. Both distributionsprovideda com-

parableandreasonable�t. Basedon this observation, we decidedto usea normaldistribution to model

passengerloadchanges.We useddifferentapproachesfor the�rst four decisionepochs( �

�

•V	

Ÿ

	�¡K	

ž ) and

the�nal one( �

�¢� ). In all caseswereferto theseestimatesasnormaltransitionprobabilities.

We�rst describemodelsfor the�rst four decisionepochs.To removetheeffectof outlierswecomputed

a trimmedmeanandstandarddeviation basedon deletingthe upper ���

� andlower �

� of the data. We
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choseto deletemoreobservationsfrom theuppertail becausemostextremeobservationswereobservedto

bepositive(seeFigure3). Theselargepositivevalueswereattributableto late�ight arrivalsor cancellations.

Let 7C� and %

� denotethetrimmedmeanandstandarddeviation respectively for eachdifference,where

�

�

•V	

Ÿ

	�¡K	

ž . Recall that
�

� is the load at time � andtakeson discretevalues. Furthermore,notethat the

lower time index refersto a decisionepochcloser to departure.The normaltransitionprobabilitieswere

computedby
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wheretherandomvariable ªa� representsthechangein loadbetween� and �

/

� andis assumedto follow a

normaldistribution with mean7*� andstandarddeviation %

� for �

�

•V	

Ÿ

	�¡K	

ž . By usingtrimmedestimates

of themeanandstandarddeviation, thenormaldistribution representsthemajorityof thedatawell.

For the lastdecisionepoch,�

�®� , we allow thechangedistribution to dependon the load. We model

therelationshipbetween
�

n and
���

asa simplelinearregressionof theform:

Difference�U¯

�

Gc¯on

�

n=GS° (8)

where ¯

�

and ¯on areregressionparametersand ° is theerror term. Thenormaltransitionprobabilitiesare

computedusing(7), with the predicteddifferenceasthe mean,andthe root meansquareerror <

%Y±

A asan

approximationfor thestandarddeviation. Theroot meansquareerror is a reasonableestimatefor standard

deviation whenthenumberof observationsis large andthepassengerload is within the rangeof thedata

usedin theregression.A morepreciseestimatewouldusethepredictionerrorstandarddeviation.

3.2.4 CombinedEstimation

Thetwo transitionprobabilityestimateswerecombinedto �ll in missingcellsandsmoothoutdistributions.

Whenthereweresuf�ciently many observationswe useda weightedcombinationof thenormaltransition



An MDP Model for Airline MealProvisioning 14

ModeledDistribution

0.00

0.10

0.20

0.30

0.40

0.50

32 33 34 35 36 37 38 39 40 41 42

Passenger Load

Pr
ob

ab
ili

ty

Empirical Distribution

0.00
0.10
0.20
0.30
0.40
0.50

32 33 34 35 36 37 38 39 40 41 42

Passenger Load

Pr
ob

ab
ili

ty

Empirical Distribution

0.00
0.10
0.20
0.30
0.40
0.50

32 33 34 35 36 37 38 39 40 41 42

Passenger Load

Pr
ob

ab
ili

ty

Normal Distribution

0.00

0.10
0.20

0.30
0.40

0.50

32 33 34 35 36 37 38 39 40 41 42
Passenger Load

Pr
ob

ab
ili

ty

Normal Distribution

0.00

0.10
0.20

0.30
0.40

0.50

32 33 34 35 36 37 38 39 40 41 42
Passenger Load

Pr
ob

ab
ili

ty

a)
b)

c)

Figure5: Filling emptycellsin thetransitionmatrix ( ²

�

�

ž )

probabilityandtheempiricalprobabilitydensityfunctionsasfollows.

EstimatedProbability �

²´³ EmpiricalTransitionProbability GO<Q�

/
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³ NormalTransitionProbability

(9)

where �µ«

²

«�� . For example,supposea givenrow of thefrequency tableconsistsof sevenobservations

startingwith 39 passengersat time � andbecoming��Ÿ]Ÿ

	

Ÿ]ž

	

Ÿ]ž

	

Ÿ] 

	

Ÿ]¶

	

Ÿ]¶

	

Ÿ]¶

�

at time �

/

� . Theempirical

distribution, theestimatednormaldistribution anda pooledestimateof the two distributionswith ²

�

�

ž

appearin Figure5.

Rows with 5 or fewer observationsare replacedwith the correspondingestimatesobtainedusingthe

differencesasdescribedin Section3.2.2.

We investigatedtheeffectsof differentvaluesof bin sizeand ² for two �ights. Theresultsindicatethat

theeffect of bin sizeand ² valueson policy performancemaybe�ight dependent.Generally, smallvalues

of bin sizeandhigh valuesof ² appearto yield resultswith low averageoverageanda low proportionof

�ights short-catered.
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3.2.5 Useof Explanatory Factors

An analysiswasconductedto determineif any exogenousfactorscouldhelpmodelthechangein passenger

loadbetweenthe�nal two intervals. Thesetransitionsarethemostcritical in theperformanceof themodel

sincetherearehighercostsassociatedwith mealorderingduring the adjustmentprocess.The following

informationwasanalyzedwith respectto �nal passengerload:

� Passengerloadat previousintervals

� Dayof theweek

� Cascadeeffectof passengersfrom previous�ights to thesamedestination(i.e. �ight 1 from A to B is

cancelledsothat�ight 2 hasahigherpassengerload)

� Season

� First/last�ight of theday

� Businessclasspassengerloadat previousintervals(bumpingof passengers)

� Forecastedpassengerload

All variableswere includedin a multiple regressionmodel and a predictive model was obtainedusing

standardvariableselectionmethods.It wasfoundthatmostof thesefactorsarehighly correlatedwith the

passengerload at onehour prior to departure,resultingin this onevariableexplaining themajority of the

variability. Thevariability of theerrorswasonly slightly smallerthanthevariability of theraw differences.

Thus,thegainfrom thisapproachis marginal.

Also,awiderangeof timeseriesmethodswereappliedto determinewhetherthechangein loadbetween

two decisionepochson onedaycouldbepredictedusingdatafrom previousdays.This approachalsodid

notappearto beuseful.
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4 Results

In this sectionwe describeresultsof applyingthemodel. We discussthestructureof theoptimalpolicies,

evaluatethe tradeoff betweenoverageandshortage,investigatethe effect of �ight duration,andestimate

thecostof obtaininga desiredservicelevel. Recallthat theexpression�ight refersto a speci�c routeat a

speci�c time. Usually this correspondsto a unique�ight number. To applythemodelto a particular�ight

requiresestimatingmodelparameterson thetrainingset,determininganoptimalpolicy andthenapplying

it to thetestdatasetat the5 decisionepochseachday. Resultsmustthenbesummarizedappropriately.

The model was applied using historical data for a selectedgroup of �ights with the sameorigin-

destinationpair, andaircraft capacity. No groupingwasmadefor day of the weekor season.The data

spansa full yearbetweenFebruary1998andJanuary1999inclusive. A “holdback” dateof December1,

1998separatesthe datasetinto a training datasetanda testdataset. An ² valueof 0.5 wasusedin (9)

equallyweightingtheempiricalandnormaltransitionprobabilities.Thecostpermealvariedbetween$2

and$12 dependingon �ight duration. The per mealshortagecostwaschosenas$120andthe overage

charge wassetequalto the costper meal. The late penaltycostsare$0, $0, $2.50,$2.50,and$7.50for

the decisionepochs5 through1, respectively andthe van delivery charge wassetequalto $25. The cost

of removing a mealfrom a planeduringtheadjustmentperiodwassetto half themealvalue. Theaircraft

capacitywassetat 108seats,anda bin sizeof 9 wasapplied,sothattheaggregatemodelhad12 seats.All

referencesto thepassengerloadandmealorderingquantitypertainto theaggregatemodelunlessotherwise

stated.In practice,amuchsmallerbin sizewouldbeused.

4.1 The Optimal Policy

We describesomepropertiesof the optimal orderingpolicy for a typical �ight. At decisionepoch5, 36

hourspre-departure,theoptimalactionin all statesis to orderzero.This seemsreasonablesincetherewill

beotheropportunitiesto ordermealsat no costbeforetheadjustmentprocess.At decisionepoch4 which

represents6 hoursprior to departurethe optimal policy is to ordera mealquantitycorrespondingto the

passengerload up to load 3; if the load is 4 order5 meals;if the load is 5 to 8 order7 mealsandif the
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Figure6: Optimalorderingpolicy for thelastthreedecisionepochs.

load exceeds8 order10 meals. The optimal policiesin the last threedecisionepochsaremorecomplex

andrepresentedin Figure6. Thedecisionrulesarepresentedin 13 by 13 tables,wheretherow represents

thecurrentpassengerload,thecolumnrepresentsthecurrentmealorderquantityandeachcell containsthe

mealquantityafter theadjustment(the actiontaken). Entrieswith thesamevalueareshadedin thesame

grey-tone.(Notethesedisplaysaremuchmoreeffective in color.)

Observe thatat 3 hourspre-departure(decisionepoch3), thepolicy adjuststhemealorderquantityto

matchthepassengerloadexceptin a few cases,for examplewhenthepassengerload is 8 andthereare5

mealson order, theordershouldbeincreasedto 7. Notethattime point 3 representsthelastopportunityto

adjustthemealorderwithout incurringavandelivery charge,or a returnpenaltycost.

At 2 hoursand1 hourpre-departurethemealorderis adjustedvia vandelivery sothata �x eddelivery

chargeis incurredfor everyorderin thesetwo decisionepochs.Thevanis assumedto have a �x edcapacity

of 4 meals,theeffectof which is apparentin thedecisionrulesat thesetwo epochs.For exampleatdecision

epoch2, if thereare10mealsonboardandthepassengerloadis zero,thenthenumberof mealsonboardis
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ProvisioningError
Description Actual Model
Mean 9.81 7.99
StandardDeviation 8.46 6.96

Table1: Distribution of provisioningerrorover120daysfor a typical �ight: modelversusactual.

reducedto 6. As themodelchoosesthesetof decisionsthatminimizetheexpectedrewardoverall decision

epochs,if anorderis to beplacedatdecisionepoch2, it mayselectamealorderadjustmentthatreducesthe

likelihoodof having to incur two �x eddelivery charges.Furthermore,notethatat the �nal decisionepoch

whenthepassengerloadis lessthan5, theoptimalpolicy ordersonemoremealthanrequiredasa resultof

trying to avoid thelargeshortagecost.However, whentheloadis higher, thenegativeslopeof theregression

causesthemodelto compensatefor potentialcancellations;no extramealsareordered.

Optimalpoliciesfor othergroupsof �ights generallyfollow thesameform asthis examplewith slight

variationsdueto differencesin thedistribution of passengerdemand.While recordsof themealordering

quantitiesat eachdecisionepochwerenot readilyavailable,interviews with cateringstaff revealedthatthe

policiesweresimilar to actualmealorderingpractices.

4.2 Model Performance

We now applydecisionrulesobtainedfrom thetrainingdatasetto thefour monthtestdataset.Recallthat

wereferto the�nal mealorderquantityminusthepassengerloadatdepartureastheprovisioningerror and

compareit for the modelandactualpractice. We �rst considera typical �ight. Table1 shows that both

practiceandtheoptimalpolicy over-caterthe �ight but theoptimalpolicy resultsin a lower samplemean

andvarianceover a4 monthperiodthanwasobservedin practice.

We now comparetheoptimalpolicy to practicefor the40 selected�ights. In Table2 optimalpolicies

derived from the modelwith parametersestimatedin the trainingdatasetandthe mealquantitiesusedin

practicearecomparedto actualsfor eachdayin thetestdataset.Averageoveragedenotesthetotaloverage

observed in the testdatafor �ights on which therewereexcessive mealsdivided by the total numberof

�ights with an excessive numberof meals. As shown in Table2, the averageoverageobtainedwith the
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ProvisioningError
Description Actual Model
Averageoverage(Meals) 10.19 8.33
Proportionof �ights with overageexceeding5 meals 62.5% 55.8%
Proportionof �ights with shortageexceeding5 meals 1.7% 0.8%
Proportionof �ights with any shortage 6.7% 6.7%

Table2: Performanceindicatorsfor 40selected�ights: modelversusactual.

optimal policies is lower than the averageoverageobserved in practice(8.33 versus10.19meals). The

optimal policiesalsoproducea lower proportionof �ights with overageandshortageexceeding5 meals.

This is particularyencouragingsincethe modelorderingquantitiesareconstrainedto be multiplesof the

bin size. With the bin sizesetat 9, the only allowablemealorderingquantitiesare0, 9, 18, ... while in

practiceany orderquantityis possible.Weseethattheoptimalpoliciesresultin mealorderingpoliciesthat

outperformpracticeonseveraldimensions.Weexpectimprovedresultswith smallerbin sizes.Wequantify

thispotentialsavingsbelow.

Decreasingthebin sizemaypotentiallyimprove theperformanceof theoptimalpoliciesasthemodel

is not forced to choosebatchedmeal order adjustments.Dependingon the distribution of differences,

alternative valuesof ² mayalsoresultin performanceimprovements.However, theconsiderablevariability

(seeFigure3) in thedemanddatalimits thepotentialimprovement.

4.3 Overage/ShortageTradeoffs

In this sectionwe discussusingthe model to investigatethe tradeoff betweenshortagesandoverage. In

particular, we attemptto translatetheshortagecostto aservicemeasure.

The trade-off curve in Figure 7 depictsthe ef�cient levels at which the systemcan operate. It was

derivedfor arepresentative �ight from theoptimalpolicy obtainedby varyingthepermealshortagepenalty

costfrom $5 to $15,000.This curve illustratesthe trade-off betweenaverageoverageandthe proportion

of �ights at which therewerefewer mealsthanpassengers.It servesasa benchmarkfor assessingcurrent

practiceaswell asan illustration to managementof possiblecost-servicetrade-offs. It canbe interpreted

asfollows. Supposemanagementpolicy requiresthat no morethan ·J� of �ights be short-catered.Then
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Figure7: Theef�cient frontier for a typical �ight.

this correspondsto a shortagecostat which theoptimalpolicy producesanaverageoverageof 8 mealsper

�ight.

Also includedon thegrapharepointsindicatingperformancemeasuresfor threepossiblesituations:

� Scenario3 in whichpracticewasinef�cient andcouldbeenhancedusinganoptimalpolicy.

� Scenario2 in whichpracticereplicatedoptimalperformance.

� Scenario1 in whichpracticeoutperformedtheoptimalperformanceasdeterminedby themodel.

If Scenario3 occurs,thesystemis not performingoptimally andcanbeimprovedin severalways.For

example,theoveragelevel of roughly10 mealscanberetainedandtheproportionof short-catered�ights

canbereducedto about1%. Scenario1 mayappearpuzzlingat �rst sinceit indicatesthatactualpractice

outperformstheoptimalpolicy. Thisoccursbecausein practice,themealorderclerkmayhave information

thatis notavailableto themodelsuchasother�ight cancellationsor a largevolumeof unregisteredstandby

passengers,or alternatively, thedemanddistribution or bin sizemaynotbewell chosen.

4.3.1 Effect of Flight Duration

Wenow investigatetherelationshipbetween�ight durationandthefrequency with whichthethreescenarios

identi�ed in theprevioussectionoccur.
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A groupof 40 �ights of varyingdurationwith suf�cient datawasselectedfor modelling.These�ights

departedfrom a singlehigh activity centerto oneof 15 differentdestinationstations.They wereclassi�ed

into threegroupsonthebasisof �ight duration.Aircraft capacityvariedacross�ights but remainedconstant

on each�ight throughoutthe studyperiod. Model parametersweresetat valuesdescribedabove except

wherenoted.

Thechosenbin sizesappearin Table3. An overage/shortagetradeoff curve wasderivedfor each�ight

Capacity Bin Size Numberof Flights
88 2 30
108 2 6
180 3 2
236 4 2

Table3: Stateaggregationin sample�ights.

usingthe approachdescribedabove. The averagereal performancefor that �ight wasalsoplottedon the

tradeoff curve and we observed which of the threescenariosthat �ight fell into. Resultsare presented

in Table4. In 21 out of 40 casesthe optimal policiesoutperformedpractice. In 8 out of 40 cases,the

optimalpoliciescloselymatchedpractice,andin theremaining11cases,practiceoutperformedtheoptimal

policies.Observe thatin long haul�ights, theoptimalpoliciesoutperformedcurrentpracticein 85%of the

cases.Only in shorthaul�ights werethemodelresultsdominatedby practice.This suggeststhatthereis a

signi�cant opportunityto applythemodelto themorecostlylong haul�ights.

We now estimatetheeconomicvalueof thepotentialimprovementssuggestedby themodel. For each

Optimalpolicies Optimalpolicies Practice
outperform closelymatch outperformsoptimal

practice practice policies Total
Long 12 85.7% 1 7.1% 1 7.1% 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: Comparisonof practiceandmodelperformanceby �ight duration.Entriesarethenumberof �ights

andpercentageof row totals.
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TotalMonthly 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 theoptimalpolicieson overagecosts.

�ight weobtaintheoveragelevel ontheef�cient surfacecorrespondingto theproportionof �ights observed

to havetoofew meals.Thereductionin overageisanothersummaryof thepotentialsavingsobtainableusing

modelresults.Themodelandactualaverageoverage�gures aremultipliedby a �ight speci�c averagecost

permealto get the total monthlyoveragecosts.Understandably, mealcostsaregenerallyhigherfor long

duration�ights. Theresultsareprovidedin Table5. In thelong duration�ight group,theoptimalpolicies

result in overagecostsalmost18% lower than thoseobserved in practice. Note that 3 of the 14 �ights

accountfor 73%of thecostimprovement.In theshortdurationgroup,theoptimalpoliciesresultin overage

costsapproximately14%greaterthanthoseobservedin practice.

The optimalpoliciesalsoperformedbetterwhenthe proportionof �ights short-cateredis considered.

Applying thechosenpoliciesresultsin a decreaseof over 42%in thenumberof �ights short-catered.The

majorityof theimprovementoccursin themediumandshortduration�ight groups.

4.3.2 Costsof Obtaining Speci�ed Service Levels

Next weseekto estimatethecostassociatedwith achieving apre-de�nedlevel of service.Twoservicelevels

arearbitrarilychosen;no shortageandshortageof atmost5 meals.

For the 40 �ights analyzed,the actualaverageoverageis estimatedto cost$42,100per month. The

additionalcostassociatedwith achieving a level of servicewhereno�ight hasashortageexceeding5 meals

is estimatedto be$2,500permonth. Thetotal additionalcostassociatedwith achieving a level of service

whereno�ight experiencesashortageis estimatedto be$20,100permonth.Theupperboundonthis �gure

is obtainedby calculatingthe additionalcostof fully catering�ights with shortages,given that the actual

overagestill occurred. That is to say, whena �ight is shortwe immediatelysenda van to make up the
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40 Flights Station-Wide
Estimatedactualoveragecosts 42,100 90,900
Estimatedadditionaloveragecosts- shortagelessthan5 meals 2,500 5,400
Estimatedadditionaloveragecosts- zeroshortage 20,100 43,300
Additionaloveragecosts- fully catered 121,900 263,100

Table6: Estimatesof monthlycoststo obtainspeci�edservicelevels.

differenceandwhena �ight hastoomany meals,thecostof thosemealsarea loss.This �gure is $121,900

permonth.Thesecost�gures arebasedon actualaveragemealcostsby �ight numberandaretabulatedin

Table6.

Estimatingthesystem-wideimpactof applyingtheoptimalcostpoliciesfor all �ights requiresthatthe

modelbe run for all �ights over a suf�cient rangeof terminalcosts. In addition, to model the effect of

seasonality, optimal policiesmustbe separatelytestedby season.Thus,we requireat leasttwo yearsof

pre-departuredata,wherethe�rst yearwould bethemodeldataset,andthesecondyearwould bethetest

dataset.Thiswould requireasigni�cant amountof dataandprocessingtime. A roughestimateis provided

basedon mealcosts.Thegroupof 40 �ights represents59%of thetotalmealsprovisionedin asinglehigh-

volumestation.These�ights representonly 46%of thetotal mealcostsfor thatstation.Assumingthatthe

additionalcostsfor theremaining54%of total mealcostsis directly proportionalto theadditionaloverage

costsestimated,we obtaina scalefactorof 2.16. The monthly station-wideadditionalcostestimatesare

alsoprovidedin Table6. Thus,we seethatachieving eitherof thetwo servicelevelspresentedrequiresan

additionalinvestment.Dependingon thedesiredlevel of service,thiscostmaybesubstantial.

5 Conclusions

In thispaperwehavedevelopeda�nite horizonMarkov decisionprocessfor identifyingminimumcostmeal

orderingandadjustmentpolicies. We usedthe modelto investigatethe possibility of developingpolicies

thatsimultaneouslyreducedoverageandshortage,andobtainedthecostsassociatedwith obtainingspeci�c

levelsof service.Analysiswasconductedonasamplegroupof 40CanadianAirlines �ights departingfrom

asinglehighvolumestation.
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Accordingto theresultsobtained,usingoptimalpoliciescouldpotentiallyreducebothprovisioningerror

andits variability. Analysisby �ight durationrevealedthattheoptimalpoliciesobtainedusingtheMarkov

decisionprocessmodelapproachenhancedperformanceconsiderablyon long duration�ights anddid not

appearto be bene�cial for shortduration�ights. Optimal policies for mediumduration�ights exhibited

performancecloseto practice.Overall, themodeloutperformscurrentpracticeon 52.5%of the�ights, and

closelymatchestheperformanceof actualpracticein 20%of the �ights. Applying theoptimalpoliciesat

a level of servicecomparableto currentpracticeyields costsavings of 17%, 1%, and-14% in the long,

mediumandshortdurationgroupsrespectively.

Evaluatingthe modelover varying levels of terminalcostgeneratesoverage/shortagetradeoff curves.

Managementmayusetheseresultsto quantify thecostof achieving a servicelevel, given thecurrentpro-

cesses.Dependingon thelevel of servicerequiredby theairline, theoptimalpoliciesmayresultin reduced

costs.

Two levels of servicewereevaluatedin termsof additionalcosts. The levels of serviceare i) where

no �ight experiencesa shortageexceeding5 meals,andii) whereno �ight experiencesany shortage.The

station-widemonthly additionalcost associatedwith achieving a level of servicewhereno �ight hasa

shortageexceeding5 mealsis estimatedas$5,400permonth. Thestation-wideadditionalcostassociated

with achieving a level of servicewhereno �ight experiencesa shortageis estimatedas$43,300permonth.

The station-wideestimatesarebasedon the scaledresultsof the samplegroup. The accuracy of the

estimateswill improve by extendingthe analysisto all �ights for the station. Similarly, accuracy may

improve by evaluatingthe modelover differentseasons.A multi-variatestatisticalanalysisof the �ight

groupsshouldbeconductedto determinetheappropriateresolution.Both improvementsrequiremoredata

andasigni�cant amountof processingtime.

Sensitivity analysison the probability densityfunction indicatedthat improvementin model perfor-

mancemight beachievedwith differentdistribution parameters.Also, we observed thatmodelparameters

might be �ight speci�c. A similar sensitivity analysisshouldbe conductedover all �ights to verify this

hypothesis.The additionalcost�gures shouldbe assessedfor theparametersthatprovide thebestpolicy

performance.



An MDP Model for Airline MealProvisioning 25

Resultsof this analysiswerewell received by CanadianAirlines management.They wereespecially

impressedwith thepotentialto operatemealprovisioningmoreef�ciently on long haul�ights. In addition,

they viewed the model as an effective approachfor decision-makingsinceit addedstructureto a rather

subjective decision-makingprocess.Unfortunately, implementationwasdelayedpendinga restructuringof

in�ight operationsasa resultof themergerof CanadianAirlines andAir Canada.

6 Acknowledgements

This researchwascarriedout in TheCentrefor OperationsExcellenceat UBC with supportfrom theNat-

ural ScienceandEngineeringResearchCouncilandtheMITACSNationalCentresof Excellenceprogram.

We alsowish to thankthe staff of CanadianAirlines for accessto informationandfacilities andcheerful

cooperation.

References

Y. Aviv, “Effectof forecastingcapabilitiesonsupplychaincoordination,” (2001),workingpaper.

X. Ding, M. L. Puterman,andA. Bisi, “The censorednewsvendorandtheoptimalacqusitionof informa-

tion,” to appear, OperationsResearch (2002).

G. D. EppenandA. V. Iyer, “Improved fashionbuying with Bayesianupdates,” OperationsResearch 45,

805–819(1997).

M. L. FisherandA. Raman,“Reducingthecostof demanduncertaintythroughaccurateresponseto early

sales,” OperationsResearch 44,87–99(1996).

J. H. Goto, A Markov decisionprocessmodelfor airline meal provisioning, Master's thesis,Faculty of

Commerce,Universityof British Columbia,Vancouver, BC (1999).

S.C. Graves,“A tacticalplanningmodelfor a job-shop,” OperationsResearch 34,522–533(1986).

G. Gallego andI. Moon, “The distribution freenewsboy problem;review andextensions,” TheJournal of

theOperationalResearch Society44,825–834(1993).



An MDP Model for Airline MealProvisioning 26

W. Haussman,“Sequentialdecisionproblems:amodelto exploit existingforecasters,” ManagementScience

16,B93–B111(1969).

D. C.HeathandP. L. Jackson,“Modelling theevolutionof demandforecastswith applicationto safetystock

analysisin production/distribution systems,” IIE Transactions26,17–30(1994).

M. L. Puterman,Markov decisionprocesses:discretestochasticdynamicprogramming, JohnWiley and

Sons,Inc.,New York (1994).

B. C. Smith,J.F. Leimkuhler, andR. M. Darrow, “Yield managementat AmericanAirlines,” Interfaces22,

8–13(1992).

L. B. ToktayandL. M. Wein, “Analysisof a forecasting-production-inventory systemwith stationaryde-

mand,” (2001),preprint.

P. H. Vance,C. Barnhart,E. L. Johnson,andG. L. Nemhauser, “Airline crew scheduling:anew formulation

anddecompositionalgorithm,” OperationsResearch 45,188–200(1997).

C. J. Wu and M. Hamada,Experiments:planning, analysis,and parameterdesignoptimization, Wiley

Seriesin ProbabilityandStatistic,Wiley andSons,Inc.,New York (2000).

G. Yu, “Optimizationapplicationsin theairline industry,” in Handbookof combinatorialoptimization, 635–

726,Kluwer AcademicPublishers,Boston,MA (1998).



An MDP Model for Airline MealProvisioning 27

Figure1: Timelineof eventsin theprovisioningdecisionprocess.
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Figure2: Generatinga transitionmatrixby combiningdirectestimateswith estimatesof changes.
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Figure3: Distribution of differencesbetweensuccessive pre-departureintervals.



An MDP Model for Airline MealProvisioning 30

Figure4: Boxplotsof loadchangesasa functionpassengerloadsatonehourpre-departure.Axesscalesare

unlabelledto respectdatacon�dentiality agreement.
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Figure5: Filling emptycellsin thetransitionmatrix ( ²
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Figure6: Optimalorderingpolicy for thelastthreedecisionepochs.
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Figure7: Theef�cient frontier for a typical �ight.
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Table1: Distribution of provisioningerrorover120daysfor a typical �ight: modelversusactual.
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Table2: Performanceindicatorsfor 40selected�ights: modelversusactual.
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Table3: Stateaggregationin sample�ights.
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Table4: Comparisonof practiceandmodelperformanceby �ight duration.Entriesarethenumberof �ights

andpercentageof row totals.
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Table5: Impactof theoptimalpolicieson overagecosts.
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Table6: Estimatesof monthlycoststo obtainspeci�edservicelevels.


