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Summary

Airlines currently have little influenceon tacticalarrival planning. However, airline operationsand
costdependheaily on arrival delays(which occur during airport arrival capacitydeficieng). A
methodwill be presentedo scheduleaircraft landings,taking airlines’ costinto account. Airlines
supplya costfunctionfor eacharriving flight. Usingthese the decisionon landingtimeswill reflect
aneconomidrade-of for theairlinesconcernedTheoptimisationprovidesa safeandefficientarrival
schedulewhichtakesinto accountequity betweenrairlines.

This problemcan be formulatedas a mixed integer program(MIP). An optimal schedulecan be
obtainedusing a MIP-solver. However, computationtimes becomevery large. Therefore,also a
heuristicusinglocal searchto obtainalandingsequenceandlinearprogrammingto obtainoptimal
landingtimes)is introduced.This heuristiccansolve largeinstancesvithin reasonabl¢ime.

Experimentsusing datafrom a week at a major Europeanhub shov considerablecost reductions
(comparedo the currentFirst-Come-First-Seed schedule) especiallyunderlow-visibility condi-
tions. Costsavingsoccurfor all airlines,which maybe helpful for the acceptancef the method.
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1 Intr oduction

Over the pastfew decadesair traffic hasexperienceda tremendougyronth. Significantimprove-
mentshave alreadybeenachieredin enlaging the en-routetraffic capacity As result,the air traffic
bottleneckis shifting from the en-routesggmentto the airports. Foreseerdevelopmentssuchasfree
flight [1, 14], will reinforcethis. The capacityof airportsmainly dependon the runway capacity
(maximumnumberof landingsandtake-offs). In this paperthelandingprocesss considered.

Air traffic controllersareresponsibldor landingaircraftin a safeand efficient manner Currently
they decideon thelandingsequencéandrunway) of the aircraft. This is doneroughlyin first-come-
first-sened orderandairlineshave no influenceon thesedecisions.However, airline operationsand
costdependonthesedecisions.

Whentheairportarrival capacitytemporarilydecreaseandthenumberof approachindlights exceeds
this capacity someof theseaircraftmustbe delayed.Airlines experiencalifferentcostfor delaysof
differentflights. Dependingon the amountof delay theremight be a numberof transferpassengers
thatmisstheir connectingflight. The crew or aircraft might alsobe neededo performa next flight,
thatnow hasto be rescheduledThis might propagtedelaysto departingflights. Therearea lot of
otherpossiblecostsresultingfrom delays suchasgroundcrew reschedulinggrenv-overtimepayments
etc.

This paperpresentsa modelanda heuristicto scheduleaircraft landings,taking airlines’ costinto
account. For this approachairlines have to supply a costfunction for eacharriving flight. Using
thesecostfunctions,the decisionon landingtimeswill reflectan economictrade-of for the airlines
concerned.

Air traffic controllersare independenstervice-preiders. They provide serviceto all airlinesusing
an airportandattemptto provide a schedulehatwill be accepteddy all airlines. Becausecostsof
differentairlineswill varyandwe donotwishto favourairlinesproviding largeaveragecostfunctions,
the costfunctionswill be“scaled”. In section2 these(scaled)costfunctionsarediscussedn more
detail.

A mixed integer programmingformulationfor the aircraftlanding problem,usingthe sum of these
scaledcostfunctionsasobjectie, is givenin section3. A local-searctheuristicto efficiently obtain

reasonablescheduledor probleminstancess describedn section4. In section5, a smallexample
shaws the effect of different(shapedyostsfunctions.Thearrivalsduringaweekatamajor European
hubwereusedasinputfor our methodandtheresultsareshown in section6. Theseresultsincludean

analysisof the costsandfairnessof the obtainedscheduleaswell asthe performancef the heuristic
(boththe quality of the solutionsandcomputatiortimes).
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1.1 Arri val Process
The descriptionof the arrival processis compiledfrom the books of Ashford [2] and Nolan and
Wright [13].

Runwayscanbe usedin singleor mixed mode. In mixed modethe runway is usedfor bothlandings
andtake-offs. Singlemodemeanghatfor a certaintime periodthe runway is usedfor eitherarrivals
or departuresOur modelappliesto runwaysusedin singlemode(for landings).

Which runway(s)at anairportareusedfor landingsat a certaintime dependsn wind andvisibility
conditionsandthedemandedaapacity

Aircraft cannotland immediatelybehindone anotheron the samerunway. Aircraft wings generate
wake vortices.An aircraftflying too closebehindanothercould loseaerodynamictability. To avoid
this theremustbe a minimum separatiorbetweenaircraft, which dependson their weight category
(Light, Mediumor Heavy). Theseseparationareusuallygivenin nauticalmiles. Not only theaircraft
directly behindan aircraft suffers from the wake vortex, but alsoaircraft further behind. Therefore,
theseseparatiordistanceshouldhold for all aircraftflying behindanaircraft.

Thelandingprocesslependssignificantlyon visibility. Air Traffic Controllersusuallyuseradarand
this requiresa minimum separatiorof 2.5 nauticalmiles understrict conditions. In low-visibility
conditions the separatiordistancesnustbelarger Theradarseparations independenof theaircraft
typesandconsequentlyhe actualrequiredseparatioris the maximumof the wake-vortex andradar
separations.

Thethroughputof a runway (numberof landingsin a certaintime interval) dependn the visibility
conditionsandthe catgyoriesandsequencef the arriving aircraft. Our approachs notto determine
the sequencehat requiresthe leastseparation{and maximiseshe runway capacity) ,becausesucha
sequencenay beunbeneficialvith respecto punctualityandairline cost.

For every aircraftthereis afinite time interval in which its landingmusttake place.Aircraft thatstill
have to departcannotarrive earlierthantheir departurgime plus their shortestpossibleflight time.
Aircraft alreadyontheirwayto theairportcannotandearlierthantheir remainingflight time (attheir
highestspeedandshouldof coursebe onthe groundbeforeall fuel is consumed.

In ourmodelwe will assignandingtimesto every aircraftwithin its landingtime interval, complying
to theapplicableseparationules,takingairlines’ costinto account.

Theassignmenof anarriving aircraftto arunway (in use),dependsnainly ontheorigin androuteof
theaircraft,thereforeve will assumeafixedassignmenof arriving aircraftto runways. If runwaysare
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independen(the flight pathsof the runwaysareseparatedguficiently) thoserunwayscanbe treated
separatelyThiswill beassumed.

An arrival scheduleneedsto be constantlyupdated becausecircumstancegshange:e.g. becausea
scheduledhircrafthasa (departurefelay

A first schedulecanbe madeabout12 hoursin adwance,for this perioda reliable weatherforecast
is available and someintercontinentaflights are alreadyon their way to the airport. Supposdow
visibility conditionsandcapacityshortageareexpected.Now the modelcanbe usedto assigndelays
to the departureof scheduledarrivalsthathave not departedyet. Accordingto InnissandBall [11] it
is abouttwice ascheapto delayan aircrafton the groundthanin theair. The assignmenof ground
delaysin caseof arrival capacityshortages often referredto asthe single airport groundholding
problem.

On a shortertime horizonthe modelcanbe usedto determinea (preferred)andingsequencewhich
mightresultin requestgo slow down or speedup for someaircratft.

1.2 Previous Work
Beasly et al. [4] give an extensve literatureovervien on the aircraftlanding problem. Heresome
highlightsandmorerecentpapersarelisted.

Beaslg et al.[4,5 and 6] are consideringboth single and multiple runway formulations. Their ob-
jective is to minimisethe (weighted)deviation from the preferredarrival time or the total timespan.
Equity amongairlinesis not (explicitly) consideredThey give a mixedinteger programmingormu-
lation anduseseveral heuristicsto solve the problem,suchasusinga heuristicupperboundor atree
searchandrestartingthe branchand boundalgorithm[4] andgeneticalgorithms[6]. Anotherarti-
cle [5] presenta dynamicformulationthatincludesadditionalcostfor perturbingearlierschedules.

Carr, ErzbegerandNeumanranalysethe effect of usingsequenc@referencefrom airlinesfor their
own aircraft[7] andof exchangingdelays[8], usingfast-timesimulations.

The singleairportgroundholding problemis consideredn variousarticles. Hoffman andBall [10]
comparedifferentformulationsof the problem, minimising the weighteddelay Richetta[16] con-
sidersdifferentcostratesfor airborneand grounddelays. Thesepapersconsiderthe problemon a
flight-basis,andequity betweenairlinesis not explicitly considered.

Vosseret. al. consideithegroundholdingproblemby assigningarrival slots(timeintervals)to flights.
Flights arefirst assignedo slotsbasedon scheduledarrival times. The airlinesarenow considered
asthe owner of theseslots. In caseof delays(or cancellations}the slots can be redistrituted, by



-8-
NLR-TP-2005-416

minimising the deviation (per airline) betweenthe actualandthefirst allocation[3] or by mediated

slottradingamongairlines[17].

Gilbo [9] considerscollaboratve allocationof airport arrival anddeparturecapacity Arrival capac-
ity canbe tradedfor departurecapacity to maximisethe airport throughputand minimize delays.
Furthermordlight prioritiesfrom airlinesandotheruserscanbe usedin the optimisationmodel.

Rassentetal. [15] considera combinatorialauctionmechanisnfor the allocationof airportlanding
andtake-off slots,maximisingthe total systemsurplus. Loan et al. [12] considera combinationof
simultaneousnultiple roundandpackageauctions.Herethe determiningfactoris not simply the bid
price,but includesotherfactorsrelatedto the performancef the overall system|ik e safety capacity

andequity.
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2 Airline Preferencesand Equity

As mentionedn the previous section the costincurredby anairline for anarriving flight dependon
its landingtime. In caseof an (air) delay the fuel costswill be largerandsometransferpassengers
mightmisstheir connectinglights andhave to becompensatedlhecrew or aircraftmightbeneeded
for anext flight, which hasto berescheduledesultingin largercost.

Thereforejt seemsaturalto incorporateairline preferenceito anarrival schedulebasedon these
costs. Sincethe numberof transferpassengersiill vary over differentflights anddays,every single
flight is allowed to have its own costfunction. Eachfunction relatesthe arrival time of the flight to

cost.

In generalit is safeto assumehis costfunction is corvex. Betweenthe earliestpossiblelanding
time andthe estimatedandingtime, the costswill probablydecreas¢€becausduel is saredby flying
more efficiently). After the scheduledandingtimescostwill increasepecausef delays. Laterin
time morepassengerwill misstheirtransfersor crew will work overtimesotheincreasewill beeven
larger. This kind of functionswill be (or canbe approximatedy) corvex pieceviselinearfunctions,
whichwill becorvenientto usein alinearor mixedintegerprogrammingormulation,asin section3.
An exampleof suchafunctionis depictedn figure 1.

In our methodcorvex piecevise linear costfunctionsarerequired. Evenif the cost-structuref the

airline doesnot exactly fit this form, airlineswill still be ableto adequatelyepresentheir cost, by

choosingary numberof breakpointstheir locationsand the exact slopesof the line pieces. The

breakpointshouldrepresentimeswherecostwill make a big step,or afterwhich costwill increase
muchfasterthanbefore. Thesebreakpointwill behae asthresholdsvhenthecostfunctionsareused
asobjective in amathematicaprogrammingormulation(aswe will do). An additionaladvantageof

all costfunctionshaving the samepropertiess, thatit will be easietto comparehem.

As mentionedn the previous section,air traffic controllersareindependenservice-proiders. They
attempto provide aschedulehatwill beacceptedby all airlinesusinganairport. In ourmodelaircraft
are scheduledvithout consideringto which airline they belong. However, the consideredostscan
varyalot betweerdifferentairlines. Now, minimisingthesumof all costfunctionswill favourairlines
that definerelatively large costfor their flight delays. At first sight this seemgeasonablesincethis
will leadto minimaltotal cost.However, we have to bearin mind thatall airlinesareallowedto define
their own costfunctions. Therefore they will be ableto obtainhigherpriorities for their flights, by
(falsely)representingery large costfor delays.This leavesroomfor manipulation.Thistroublesome
aspectcanbe overcomeby rescalingall costfunctions,suchthatthe averageassignedostpertime
unitareequal.However, thecost-ratiobetweerflights of asingleairline shouldbepresered,to reflect
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cost
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time

Fig. 1 Example of a convex piecewise linear cost function

the economictrade-of for this airline. Therefore the samescalingfactorwill applyto all flights of
the sameairline.

Let usmake this moreprecise.Consideranairline j with N; arriving flights, with corvex piecevise
linearcostfunctionsr (), . . ., k., (t). Let £; and L; betheearliestandlatestpossibldandingtimes
of aircrafti, respectiely. So,x;(t) is definedontheinterval [E;, L;].

To obtain equity, thesecost functionswill be scaledto new costfunctions f;(t) = «a;k;(t) (i =
1,...,N;). Thescalingfactorsa; aredeterminedper airline. This ensureghat the ratio between
costsof their own flights arepreseredin the scaledobjectie functions.«; is definedsuchthat:

t)dt

fE 0‘]’*1
N, Z = 1.
So,
N [ wat)dt
=1
wherep is a parameteto minimisethe effect of differencesn thelengthof thelandingintervals. It is
preferableo choosep > 2.

Let us explain this. Considertwo airlineswith only oneflight andidenticalcostfunctionsx, (t) =
ko(t) = t. Thepossiblelandinginterval of flight 1 is [0, 73] andfor flight 2: [0, T3], with T, > T}
Now

ap = 2177
ay= 2137
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andthe scaledobjectve functionsare:

Al) = 27"V

f2(t)

2Tt

If p < 2thenfi(t) > faot) for 0 < t < T3. This cannotbe consideredair: Flight 2 hasa larger
interval and thereforemore possiblelandingtimes. If it would be impossibleto land both aircraft
beforetime T}, aircraft 2 is ableto land betweentime 77 and T3, while aircraft 1 is not. When
choosingp < 2 it is alwayscheapeto landaircraft 1 beforeaircraft 2 (evenif bothaircraftcanbe
scheduledeforetime 77) andairline 2 costs(x2(t3)) will belargerthanairline 1 costs(x1(¢})). So
whenp < 2, airline 1 is betteroff, while airline 2 providesmoreflexibility .

If p=2thenfi(t) = fa(t) for 0 < ¢t < T3, whichcanbeconsideredair. Anotherchoiceis to reward
aircraft2 for providing moreflexibility (by alargerinterval) by choosingy > 2.

The abore shaws thatthe length of the interval hasinfluenceon the scaledcostfunction. Basically
intervalsarebasedn practicalconstraintsespeciallywhenaircraftarealreadyperformingtheirflight.
However, whenanaircrafthasnot departedyet, the latestpossiblearrival time cannotbe determined
from operationakonstraintge.g. amountof fuel left). In this caseit is preferableto usea standard
intenal length(e.g. 3 hours). The earliestpossiblearrival time for this kind of flights, follows from
the scheduledr expecteddeparturetime plus the shortestpossibleflight time. The latestpossible
landingtime now is the earliestpossibldandingtime plusthe standardntenal length. This approach
minimisesdifferencedetweerflights (andthusairlines)causedy differentintenal lengths.

At mostairports, thereare peakperiodsduring the day. If the a;’s were determinedfor a day or
longer, anairline with flights scheduledn peakandnon-pealperiodshasanadwantageoveranairline
with flights only scheduledn peakperiods.Thefirst airline could assignlarge costto the aircraftin
the peakperiods,comparedo their otherflights. If the otherairline alsoassigndarge costfor their
flights (all in thepeakperiod),their o; will below comparedo thefirstairline. Delaysaremuchmore
likely to happerin peakperiods becausén theseperiodsthedemands closeto (or eventemporarily
exceeds)capacity In theseperiodsthe first airline will receve lessdelay becausdhe scaledcosts
of delayingflights from airline 2 arelower. Outsidepeakperiodsthereis only a very smallchance
on delays. So, the aircraft of the first airline, scheduledn theseperiods,are not very likely to be
delayedbecausét is probablynot necessaryo delayary flight atall. More fairnesscanbeachiered
by determiningnew scalingfactorsfor separatdime periods(suchaspeakandnon-pealperiods).
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&)

o=

This approachalsooffersthe possibilitiesof tradingof preferencdevels betweenairlines. Consider
airlinesj andk, having scalingfactorsa;; andag,, respectrely. Now airline j could pay airline & to
receve ascalingfactorl.1«;, andthe new scalingfactorof airline £ would be 0.9,
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3 MIP Formulation

In this sectiona Mixed Integer Programming(MIP) formulation of the modelis given. The basic
notationandconstraint@aresimilarto thoseof Beaslg etal. [4]. Theobjective functionis asdescribed
in the previous section.

3.1 BasicNotation and Constraints
Let

N :  Numberof arriving flights to schedule

E;: Earliestpossibldandingtime for flight i=1,...,N

L;: Latestpossibldandingtime for flight ¢ i=1,...,N

S;; .+ Requiredseparatiortime whenflight i landsbeforeflight j i,j=1,...,N;i#j

anddecisionvariables

t;  :landingtimefor flight i i=1,...,N
1 if flight 7 landsearlierthanflight 5

5 = gnte ghty i j=1,.. Nii#j
0 otherwise

We will now introducethe basicconstraintsgnsuringa feasibleand safeschedule.A more exten-
sive descriptionof thosecanbefoundin Beaslg etal. [4].

E, <t; <L i=1,...,N Q)
This definesthe possibldandingtime. Consideringpairsof flights (i, j):
(Sij—i—(Sji:l i=1,....,.N—1;5>1 (2)

This setof constraintstateghateitherflight : mustlandbeforeflight j (9;; = 1) or flight ; mustland
beforeflight i (6;; = 1).

Usingthe separationimesand(overlapof) possibldandingtime intervalswe candefinethreesetsof
pairsof flights:
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U: thesetof pairs(i, j) of flightsfor whichit is uncertainrvhetherflight
1 landsbeforeflight j

Vi thesetof pairs(i, j) of flights for whichflight i definitely landsbe-
fore flight j, but for which the separations not automaticallysatis-
fied

W : thesetof pairs (i, j) of flights for which aircraft: definitely lands
beforeflight j, andthe separations automaticallysatisfied

More formally:
U :{(Z,])|E] < FE; SLJ OrE]’ <L SLJ or E; SEJ < L;orE; SLJ < Lji, 5 = 1,,N,Z7£],}

Vo ={(,j)IL; < EjandL; + Si; > Ejsi,j=1,...,N;i # j}
4 :{(i,j)’Li<EjaﬂdLi+SijSEj;i,jZI,...,N;i#j}

For elementsn the setV and W the orderof the flights is known. Sotrivially the following con-
straintshold:

52’]' =1 V(’L,j) ewWuv 3)
Notethatfor flightsin setV we still needto ensurethe properseparation:

tj >t + Sij V(Z,]) eV (4)
Finally we alsoneedto ensureseparationf theorderof theflightsis notknown (pairsof flightsin set
U):

tj >t + Sijdij — (LZ' — Ej)dji V(Z,j) elU (5)
If 5;; = 1 (flight ¢ landsbeforeflight j) thenit states:t; > ¢; + S;;, which is the actualseparation
constraintlf 6;; = 0 (flight j landsbeforeflight ¢) thenit statest; > ¢;—(L;— E};). Sincet;—L; <0

andt; > Ej; thisis alwayssatisfied.Notethatthe separationn this caseis ensuredy the constraint
for thepair (7, 7).

3.2 Objective and Airline Preferences

As explainedin section2 eachairline providesa corvex piecaviselinear costfunctionfor eachof its
flights, thatis thenscaledo obtainequityamongairlines. Thescaledcornvex piecaviselinearfunction
fi(x) for flight « canbewritten asa setof linearfunctionson a numberof (disjunct)intervals:

Aoz + Bio 0<z<Xin

Anz+ By Xap <z < Xp
fi(x) = . .

Aik,r + Bik, Xik, <z
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where
K;: Numberof breakpointf f;(x) i=1,...,N

Now:

fi(z) = k:I&fi_fKi{Aikl' + By}
This canbeseerusingthat f;(x) is continuousmeaning
[ilXin) = A1 Xip + Bip—1 = AipXip + Bipy  k=1,... K,

and f;(x) is corvex, meaning

Apg < Aq <... <AiKi'

Theobjective of theMIP will beto minimisethesumof thesecostfunctions.However, thesefunction
arenot linearin the currentdecisionvariablest;, andthereforenew decisionvariablesc; areintro-
duced:

¢; :costfor landingflighti i=1,..., N
Thec; will representhe costfunction f;(¢;). To ensurethis thefollowing constraintsareintroduced:

c; > Apti + Bk i=1,...,.N;k=0,...,K; (6)
Theseensurdor flight i thatc; > max,—o,_ i, {Aixti + Bir} = fi(t:).

Next we will introduceour objectie function:
N
Z = min Z ¢ (7)
=1
Equations6 and7 ensurehatc; = f;(t;):

Supposée], ts, ...t ci, 5, ..., ¢, isanoptimal solutionof our MIP, where:c; > f;(t7) for some
i. Letc, = fi(tF). Replacing:} with ¢, will decreasgéheobjectveby ¢ — f;(¢!) withoutviolatingary
of theconstraint$ (¢, = f;(t) = maxp o, x,{Aiwt; +Biw} > {Aiti+ B} fork =0,..., K;).

Soc; > f;(t7) cannotbeoptimal (andc, = f;(t}) is).

Theuseof non-cowex (linear) costfunctionsis possible but will introduceadditionaldecisionvari-
ablesto themodel.
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4 Local Search

Solving the MIP-formulationwill provide anoptimal solution,but it canbe shavn thatthe decision

problemis NP-complete This canbe doneby reductionfrom ajobshopschedulingproblemwith se-

guencadependent-setupmesandzeroprocessindgimes(or zerosetuptimesandsequenceependent
processindimes)(se€[4]). This meanmo efficient (polynomial)solutionalgorithmis known.

Therefore,we want an algorithmthat providesreasonablesolutionsvery fast. To achieve this, the
following obsenationis used: If the landing sequencef the flights is given, the MIP-formulation
becomesa LP formulation (sincethe valuesof all the binary variablesareknown). The solution of
this LP providesthe optimallandingtimes,giventhis sequence.

The LP-formulationgiven a sequencegonsistsof constraintsl, 4 and6 andobjective 7. Assuming
max; K; < N this LP-formulationcontains2NV variablesandat most2N? + N constraints.It is
known thatLP-formulationsof this sizecanbe solved quite efficiently for quitelarge N.

Now theideais to uselocal searchto improve thesequencef theflightsrepeatedlySincesuccessie
sequencewill besimilar, thecorrespondind.P formulationswill alsobe.LP solversareableto solve
suchaformulationvery efficient by usingthe solutionof the previousLP.

Thegeneralocal searchalgorithmis givenbelow.

LOCAL SEARCH()

1 S = initial feasiblesolution

2 while thereis aneighbourof S of betterquality
3 do S = neighbourof S of betterquality

4.1 Finding afeasibleinitial solution
Let 7 beasequencef the N flights,andr (i) theflight at position: in thesequencer. Now let p; be
the preferredandingtime of flight :

pi=arg min fi(ts).

1>

Theinitial sequencer is obtainedoy sortingtheflights in orderof non-decreasing;. In caseof ties
theflights (with equalp;’s) will beorderedn non-decreasingrderof E;, tiesbrokenarbitrarily. So:

Pr(1) S Pr2) < oo < Pr(N)
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andif pr(;y = prit1) thenEr ) < Eqgiy).

Note thatthis sequencalreadyreflectsthe preference®f the airlinesby sortingthe flights by their
preferredandingtimes. If thesepreferredandingtimesareequalor nearthe expectedarrival times,
this sequencavill besimilar to the currentfirst-come-first-ser@d schedule Thereforethis initial se-
guencetogethemith its correspondingptimallandingtimes(obtainedoy solvingtheLP, if feasible),
will alreadyprovide areasonablschedule.

If this provides a feasiblesolution, the local searchcan continue. If thereare no feasiblelanding
timesfor thissequencéLP is infeasible) thesequencevill bechangedrepeatedly)n orderto obtain
feasibility.

This canbe summarisedsfollows:

FIND INITIAL SOLUTION()

1 = = sequencef sortedflights

2 while LP(r)is notfeasible

3 dor = sequencavhichis morelikely to befeasiblethan

Notethatinfeasibility of the LP meanghat,usingthis sequencethereis no schedulavhereall flights
land in their possiblelanding interval (constraintsl) and all separatiorregulationsare met (con-
straints4). To obtaina schedulewhich is morelikely to be feasible,the sequencef flights canbe
changeduchthatflightsareableto landbeforetheirlatestpossibldandingtime andsuchthatthetotal
separatiortime will beless.To achieve theformer, anewn sequencavill be obtainedby looking atthe
latestpossibldandingtimesfor every pair of adjacenflightsin theold sequencén thefollowing way:

Swapflight 7(i*) and=7(i* + 1) where

= arg i:1ma])\([_1{L7r(i) - Lﬂ(i—}—l) . Lﬂ.(z) - LTr(i-f—l) > 0}
ThentheLP is beingsolvedfor this sequenceThis canbe doneefficiently by usingthe solutionfrom
the previous LP. Whenthe LP is still infeasiblethis procedurds repeateduntil a feasiblesolutionis
foundor thereexist noflight i for which L ;) — L(;41) > 0.

In thelattercasefeasibility canperhapsstill be obtainedby a sequencé¢hatrequiredesstotal separa-
tion time.
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@

o=

Swapflight 7 (i*) and= (i* + 1) where

i* = arg  max ) { Srii—1)m() T Sr(i)mli+1) T Sn(it1)m(i+2) = Sr(i=1)m(i+1) — Sr(it1),m() — Sn(i)m(i+2) :

i=1,....N—

Sr(i-1)m(i) + Su(i)m(i+1) T Sr(i+1)mi+2) = Sn(i=1),m(i+1) — Sr(i+1)m(i) — On(i)m(i+2) = 0},

With Sz (0),(1) == Sr(N)m(v+1) = 0.

If exhaustve applicationof this proceduradoesnot give afeasiblesolution,it is likely thereexistsno
feasibleschedule.

4.2 Neighbourhoods
After finding afeasible(initial) solutionwe haveto find abettersolutionin the neighbourhooaf this
solution.We will definetwo typesof neighbourhoodsa swapanda shift neighbourhood.

4.2.1 SwapNeighbourhood

Let 7w be the (feasible)sequenc®f theflights in the previousiteration. The swap neighbourhooaf
m consistof all sequencethataresimilarto = exceptthattwo flights have swappedpositions.This
neighbourhoodontainsatmostN (N — 1)/2 sequences.

Notethatnot all swapsarefeasible:If possiblelandingtime intervals of two flights do not overlapit
will not be possibleto swapthosetwo flights. However, in othersituationsthe new sequenceanbe
adjustedslightly to make it feasible.

Let us make this more precise. Considerswappingthe flights at positioni andj (: < j) in = as
depictedin figure 2. Therectangleslepictthe possiblelandingintervals of the flights. So, L;) >
Er(;), meaningthatflight 7(j) canlandbeforeflight 7 (i). Supposeheflight atpositionk (i < k <
j), cannotland earlierthanflight 7 (i) (Erx) > Lx(;)) but canland earlierandlaterthanflight (;)
(Er(j)y < Exgy < Lg(;)- Soswappingthe flights at positionsi and j would causeinfeasibility
becausdlight (k) would be positionedbeforeflight 7 (7).

However, this swapcanbemadefeasibleby moving flight 7 (¢) to positionj — 1, moving flight 7 (k) to
positionj, moving flights7(k+1), 7(k+2),...,m(j—1) topositionsk, k+1, . .., j —2 andof course
flight 7(j) to positioni. This procedurecanbe performedrepeatedlyfor all flights betweerpositions
i and;j which cannotland beforeflight 7 (i) anda similar procedurecanbe performedrepeated|yfor
all flights betweenpositions: and j which cannotland after flight 7(j). The swap neighbourhood
includesswaps,madefeasible,usingtheseprocedures.This way the searchspaces exploredmore
thoroughlythanwhensimply disregardingswapsthatleadto infeasibility.
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Fig. 2 Swap neighbourhood

4.2.2 Shift Neighbourhood
Anotherneighbourhoodrom a sequencer canbe obtainedby remaoving oneflight andinsertingit at
anotherposition. This neighbourhoodontainsatmost/N (N — 1) sequences.

Similar aswith the swap-neighbourhoode extendthis by a procedureo ensureeasibility for some
shifts.

Considerthe samesequencef flights asin the examplein the previous subsectionNow the shift is
to remove theflight at position: in 7 andinsertit at position; > i (seefigure 3). Normally, flights
(i 4+ 1),...7(y) will be movedto positionsi, ...,  — 1, but sinceflight (k) cannotland before
flight 7(7), we canonly moveflights (i + 1), ... m(k — 1) to positionsi, . . . , kK — 2. However, we can
male this shift feasibleby moving flight 7 (k) to position; andflight = (7) to positionj — 1. Further
flightsw(k 4+ 1),...,n(j) aremovedto positionsk — 1,...,5 — 2.

position

i EEES .
: ()
N e (=S @

j | ]

Fig. 3  Shift neighbourhood

Again this procedurecan be performedrepeatedlyfor all flights betweenpositionsi and j which
cannotlandbeforeflight (7).

4.3 Selectionof neighbour
The selectionof a neighbour(of ) canbe donein variousways. A simple methodis to choosea
neighbourandomly A moreadvancedmethod basedn anapproximatiorof the bestimprovement,
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is introducedin this section. With this methodit is expectedthat a neighbourwith an improved
objective valueis foundearlierin the neighbourhoodearchresultingin alower computatiortime.

LettT,...,t%, betheoptimallandingtimesof the flights whenlandingin the sequencer (obtained
by solving LP(x)). Thegainin objective of a certainneighbourcanbe estimatedisingtheseoptimal
landingtimes.

Thegain from swappingtheflights at positionsi and, g7,,., (i, j), canbeestimatedy:

Jswap(t,J) = ety Ury) + fr(y)(Ur(5) — <f7r(i) (tre)) + fvr(j)(tZ(i))>

The first part are the (exact) costfor flight 7(i) andx(5), in sequencer. The secondpartarethe
estimatedcost for theseflight after performingthe swap, by assumingthe landing times are also
swapped.Thisis just an estimationbecausehe optimallandingtimesof theseandotherflights may
changen thenew sequence.

Thegainfrom shifting theflight at positioni to positionj canbe estimatedn a similar mannety:
Gonife(>3) = Fr() (E2iy) — Fry) (E2()

or probablymoreaccuratelyby:

J
Ionift(63) = fu(i) (Er) — Fr(o) (Lrg)) + Z (ffr(k) () — fw(k)(tg(kn))

k=i+1

For all neighbourgincludingpossiblyinfeasibleones) theappropriateestimatiorof thegainis calcu-
lated. Theneighboumvith thehighestestimatedjainis selectedFor this selectecheighbourtheexact
sequencef flights is now determinedby applying the actualswap or shift operationas described
in section4.2. Thenthe LP for this sequencés solved. If the objective value of the LP is indeed
improved, the selectecheighbouris acceptedisthe new solution. Otherwisethe neighbourwith the
secondbestestimatedjainis selectechext andsoon.

This is doneto minimise the numberof neighboursthat are evaluated. Evaluationof a neighbour
meansperformingthe actualswap/shiftoperationand solving the LP. By evaluatingneighboursn
decreasingrderof their estimatedjain, it is expectedto find animproved sequencevithin thefirst
few neighboursevaluated. The numberof evaluationsis consequentlyexpectedto be lower than
whenusingrandomneighbourselection.The downsideis thatthe gainsfor all neighbourshave to be
estimatedbeforehandHowever, theseestimationsareeasyto calculate(comparedo the evaluation).
Moreover to speedthings up somemore, we can choosenot to evaluateneighbourswith a (large)
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negative estimatedgain, becauset is very likely that the LP-objectve of thesesequencesvill not
improve. Thiswill howeverintroducea smallrisk of missinga bettersolution.

Thewholelocal searchalgorithmcanbe summarisedsfollows:

LOCAL SEARCH()

1 7 =FINDINITIAL SOLUTION()
N(m) := Setof neighbourf =
Estimategainsfor all memberof N (7)
while N(7) # 0
do 7’ = Sequencéor theneighboumwith maximumestimatedyainin N (7)

(determinedby performingthe swap/shiftoperation)
if LP(7') isfeasibleandzypry < z1p(r)
thenm = =’

© 00 N o o0k~ WD

N(7m) = Setof neighboursof 7

=
o

Estimategainsfor all membersf N ()
else N(mw) = N(m) \ 7’
return w7, ..., t%

e
N R
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5 A small example
In this examplethe effectsof differentcostfunctionsin differentsituationsaredemonstrated.

The examplecontainsl4 flights that, accordingto the timetable aresupposedo arrive betweerB:00
and8:15in themorning(seetablel). Theflights belongto threedifferentairlines(A,B andC).

A andB areairlinesthatusethis airportasa hub, thereforethey considerthe serviceto transferpas-
sengeryeryimportant. Their costsarebasedn the numberof the transfermpassengerthatmisstheir
connectindglights in caseof a certaindelay Sincethe costfunctionsarerequiredto be corvex, this
is doneby increasinghe slopeof the costfunctionwith the cumulative numberof missedtransfers.
Note thatthesecostfunctionswill differ from dayto day, becausehe numberof transferpassengers
will notbethesame.

Airline C only caresaboutpunctuality andconsequentlyheslopeof thecostfunction(afterthearrival
time accordingto the timetable)is constant.Flight C3 is considerednoreimportant(resultingin a
costfunctionwith a steepeslope)thanflight C1andC2.

Now we will useour algorithmto scheduletheselandingsin threedifferentscenarios.In the first

scenariothe visibility conditionsaregood. In the secondwe will assumdow-visibility conditions,
resultingin largerseparatiomequirementsln thethird scenariove will assuméherunway cannotbe

usedbefore8:15. The schedulesesultingfrom thesescenariosrelistedin table2. Theseschedules
canbe comparedo the FCFSschedulejn which the flights land in the sameorderaslistedin the

tableandthelandingtimescomplyto the separatiomegulations.

In thefirst scenariahereis no capacityshortageandall flights areroughlyontime. The sequencef

theflights is changedsomavhat, suchthatflights with relatively fastincreasingcosts,arelandingon

time (or afew minutesearly). Someotherflights have a small delay(e.g. A3, B3 andB4), but this
will notleadto significantcosts becausehesedelaydo not resultin missediransfersascanbeseen
in tablel.

In scenari® the situationbecomes lot worse becaus@f the low-visibility conditions.Theoriginal
timetablecannotbe realizedat all andthe averagedelayis around20 minutes. Again, this is not
evenly spreadbut over the flights: No flights from airline C aredelayed.If flight B5 wasdelayed20
minutes,7 passengensould have missedheirtransfer A similar effectoccurswith flight A1 andB6.
On the otherhand,flights A3 and B4 are delayedaround40 minutes,but only one passengefrom
theseflights will missatransfer
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Flight arrival time # passengemnissingtransfersafter
timetable earliest latest| 15 30 45 60 minutesdelay

Al 8:00 800 820 | 0 21 25 41

A2 8:00 800 1145/ 0 2 3 7

B1 8:00 8:.00 11:45| 0 3 18 24

B2 8:00 800 111451 0 3 3 4

C1 8:05 8:00 11:50

A3 8:05 800 1150, 0 0O O O

B3 8:05 8.00 11:50f 0 1 5 18

B4 8:05 800 11:50f 0 O 2 3

B5 8:10 800 1155, 0 7 7 8

C2 8:10 8:.00 8:30

B6 8:15 8:.05 12:00f 8 9 13 14

A4 8:15 805 12:00f 2 2 13 21

C3 8:15 8:.05 12:00

B7 8:15 805 12:00f 2 2 6 17

Tablel Flight data

Flight | Timetable| Scenaricl Scenari®2 Scenarid3
Al 8:00 8:00 8:00 8:15
A2 8:00 8:02 8:17 8:40
Bl 8:00 8:03 8:28 8:29
B2 8:00 8:06 8:32 8:54
C1 8:05 8:05 8:03 8:33
A3 8:05 8:18 8:48 9:03
B3 8:05 8:19 8:36 8:47
B4 8:05 8:21 8:44 8:59
B5 8:10 8:08 8:24 8:36
C2 8:10 8:10 8:10 8:25
B6 8:15 8:12 8:06 8:18
A4 8:15 8:13 8:21 8:43
C3 8:15 8:15 8:14 8:22
B7 8:15 8:16 8:39 8:51

Table2 Schedulesbtainedby thelocal searchoptimisationmethod
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In scenarid3 flights from airline C receve a (large) delay Now it is clearthatflight C3is considered
moreimportantthanClandC2, becausét recevesa muchsmallerdelay

In table3 the(approximatepumberf missedransferandminutesof delayunderthe FCFSschedule
andthe schedulepbtainedby our methodis shovn. All threeairlinesdo muchbetter(especiallyin
scenarid? and3) onthecriteriathey considelimportant,usingthe optimisedschedule.

The differencebetweenairline A and B (with more detailedcostfunctions)on onehandand C on
the otherhand,canbe explainedin the following way. A andB arelikely to receve relatively small
delays(if needed)but the breakpointdorm athreshold.A lessdetailedcostfunctionsis morelikely
to recevve no delayat all, but if a delayis inevitable, it is likely to be quite large (becausdhereare
no breakpointsbehaing asthresholds). This effect is causedby the definition of the scaledcost
functions,because¢he averageareaunderthe costfunctionsof all airlines(ignoringthe correctionfor
differentinterval lengths)needdo be equal. This effectis depictedn figure4.

Scenarial Scenari@? Scenarid3
FCFS Model | FCFS Model | FCFS Model
Missedtransferqairline A & B) 2 0 20 9 65 30
Minutesdelay(airline C) 5 0 50 0 85 50

Table3 ApproximatecomparisorbetweerFCFSandlocal searchschedule

cost

time

Fig. 4 A scaled cost function without breakpoints and a scaled cost function with one breakpoint
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Of coursethisfigureonly reflectsthe situationthatwould occurif thesetwo flights would betheonly

flights from two differentairlinesandthe flights have the samepreferredarrival time. Whenseveral

airlineswith moreflights areinvolved, the effectis diminishedbecausef differencein costbetween
flights from the sameairline andthe scalingfactors(which are determinedper airline and not per
flight). So,someof the (“important”) flights from anairline thatprovidesdetailedcostfunctionsmay
have largerscaledcost,evenin thecaseof (almost)no delay thansome(“not soimportant”)flights of

anairline thatprovidescostfunctionswith lessdetail. Moreover, the possibldandinginternvalsand/or
preferredandingtimeswill notbeequalfor mary flightsin reality, reducingthe directoccurrencef

this effect further.
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6 Experiments

In this sectionthe results,obtainedwith the algorithm, using the schedulefrom a major European
hub betweer?0 and26 SeptembeR004asinput, arepresentedIn subsectiorb.1 theinput dataare

describedn moredetail. The sarings in airline costsand the fairnessof the distribution of these
costsamongtheairlines,resultingfrom thealgorithm,arepresentedh subsectiorb.3. Subsectiorb.4

describegesultsconcerningthe computationtime of the algorithmandthe quality of the solutions
(comparedo the optimalsolutionobtainedby the MIP) usingthe differentneighbourhoods.

6.1 Data
Thedatacontaingnformationof all 4135arrivalsatamajorEuropearhubbetweer20and26 Septem-
ber2004.For all flights thefollowing informationwasincluded:
e FlightID (e.g.KL 1860)
Aircraft Type

Actual time (anddate)of arrival

Scheduledime (anddate)of arrival
Touchdown time

Runway usedfor landing

o Origin of flight
Over this 7 day period, 71 flights wereremoved becausehey containednho valuefor aircrafttype or
runway.

Sincethereis no needto simulatethe exact circumstancesetween20 and 26 Septembe2004,we
will usethetimetablearrival timesfrom the dataasexpectedarrival times(thesedeterminealsothe
initial FCFSsequencaisedin the local search).This is alsobecausehe causedor deviationsfrom
the timetableare not available and consequentlyve do not know if this wasbecauseof the arrival
planningattheairportor (for example)a delayat the departureairport.

Not all the input neededby our method,suchas possiblelanding intervals and cost functions, is
providedby thedata.Thisinputneeddo befilled in basedn reasonablessumptions.

All costfunctionsare assumedo be corvex, piecavise linear andto have a (uniqgue) minimum at
the scheduledarrival time. Furtherwe assumehatflights from within Europehave not yet departed
anda maximum (departure)elay of 3 hoursis acceptabldresultingin a possiblelandinginterval
of 3 hours). Inter-continentalflights are assumedo be on their way (accordingto schedule) but
by adaptingtheir speedor route, they areableto arrive between25 minutesbeforescheduleand 30
minutesafterschedule.
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Specialistfrom thehomebasearrierat this hub providedinput on the (generalstructureof the) cost
functionsfor this airline (andits partners).Thesecostsare stronglyrelatedto the numberof missed
transfers.Exactpassengefiows andrelatedcostswerenot provided by the airline for confidentially
reasons.

For otherairlines,we assumegbunctualityto be importantandthe costto increasdinearly afterthe
scheduledime of arrival. Besidesthat, anarrived aircraftwill be neededafter a while to performa
subsequenepartingXlight, sotherewill beapointin time, afterwhichthecostswill increasdaster
thanbefore,becausehis departuréhasto berescheduled.

The exact valuesof parameterssuchasthe numberof missedtransfersasa function of arrival de-
lay, lineardelaycost,time of subsequendeparturegnd(increased)inear costfor eachflight, were
obtainedusingrandomdistributions(with realisticexpectationandvariances).

Now the datais split up into several probleminstances.First, sinceour methodschedulesrrivals
on a singlerunway, the datais split up per runway. Runways are not always actve. The runway
configuration(which runway(s) are usedfor landingsandwhich for take offs) changesa few times
per day becauseof weatherconditions,and the expectednumberof landingsandtake offs. If the
flights landing on a certainrunway are orderedaccordingto their scheduledouchdown times, and
for two consecutie flights £ andk + 1 the differencebetweentheir scheduledouchdavn timesis
larger than 30 minutes,we will assumethe runway was closedbetweenthoseflights. Therefore,
aircraft1,2,. .., k canbe scheduledndependentlyfrom aircraftk + 1,k + 2,... andthuswe can
createseparatgrobleminstancegor thesegroups.

This procedureresultsin 96 probleminstancegignoring flights for runway 22, which canonly be
usedby smallaircraft). Theseinstancesontainbetweenl and501flights.

6.2 Separation
In Table4 the arrival separatiordistancesindergoodyvisibility conditions,accordingto international
regulationsarelisted.

following aircraft
Light Medium Heary

leading  Light 3 3 3
aircraft Medium 5 3 3
Heavy 6 5 4

Table4 Wake vortex separationn nauticalmilesfor differentweightcateyories
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In low-visibility conditions,the separatiordistancesnustbe larger At this airport four different
low-visibility conditionsaredistinguished Undertheseconditionsthe minimumarrival separations
respectrely 4, 6, 8 and9 nauticalmiles.

6.3 Costsand fair ness

Now, thelocal searchalgorithmwith theswapneighbourhoodseesectiord) wasusedo createarrival

scheduledor the 96 probleminstances.It wasassumedherewerelow visibility conditionsduring
the whole week, suchthatthe minimum separatiordistancewas6 miles. In practicethis meanghat
the timetablecannotbe realisedandlarge delayswill occur resultingin large costs. It is interesting
to evaluatehow fair these(scaled)costsarespreacamongairlines,usingour algorithm.

As mentionedn sectiord.1,thearrival sequencesedin practiceis similar to first come(scheduled),
first sened. This is alsothe initial sequencen the local searchmethodand we can comparethis
scheduldo thefinal scheduleobtainedusingthe algorithm.

We comparethe averagecostper aircraft (both scaledandreal). This measuréhasonly meaningfor
airlineswith enoughflights: Someflights will receve averylargedelay If anairline with only one
flight a weekrecevessucha delay its averagecostwill be very large. However in the next week
the sameflight might be not delayedat all. Sofor this airline a weekis not enoughto evaluateits
averagecosts.Therefore we considerednly airlineswith have on averages flights or moreperday
(35flights or moreperweek). Thereare 10 airlineswith this mary flightsin our data.For reason®f
confidentialitythe realnamesof the airlinesareomitted.

In table5 theaveragecostperflight for theselOairlinesarelisted. All airlinesachieze improvements,
which canbe consideredmportantfor the acceptancef this method.Althoughthereal costhave no
scaleandthereforeno meaningin termsof “real” money, therelative savingsaremeaningful. These
savings areon average4? percentof the currentFCFScosts. This shavs that, especiallyduring low
visibility conditions tremendousavingscanbeaccomplishedisingoptimisation.

From table 5 can also be concludedthat when the averageFCFS costsfrom an airline are below
(abave) averagethegainandlocal searctcostsarealsobelov (above) average.This canbeexplained
by thefactthata small (large) shareof theflights from theseairlinesarescheduledn a peakperiod.
For flights plannedoutsidepeakperiods,it might be hardto reachimprovement,becausgherewill
notbe muchdelayandthuscostarealreadylow. This occursfor examplefor airlinesB, D andF.

For flightsin apeakperiod,someprofitablepositionchangesreprobablyeasilyfound, but therewill
alsobealot of otherflights with large costs becausf the capacityshortageoccurringduring peak
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FCFS Local Search Gain
Airline | # flights | ScaledCost RealCost| ScaledCost Realcost| ScaledCost RealCost
A 1476 532 4996 405 3717 127 1279
B 220 747 1802 345 902 402 900
C 137 1179 3852 556 1439 623 2412
D 94 1051 2228 239 942 812 1285
E 79 1763 4801 832 2213 931 2588
F 70 574 1505 475 1490 99 15
G 70 1601 4348 713 2237 888 2111
H 61 812 712 74 131 738 581
I 54 2195 5396 1123 3273 1072 2123
J 41 1973 8041 1016 3781 958 4260
Mean 1243 3768 578 2013 665 1755

Table5 Averagecostsperflight for 10 biggestairlines

periods. This occurswith flights from airlinesl|,J, andA. As aresultof the large numberof flights
from airline A, sometimeghe only choicemight beto eitherdelayone(group)or anothergroupof)
flight(s) from airline A.

It canbe concludedhatboththe costresultingfrom the FCFSscheduleandthelocal searchschedule
dependon the original timetable. However, the designof the timetableis beyond the scopeof this
research.

6.4 Algorithm’ sperformance

It is alsointerestingto look at the performanceof the algorithm. This canbe donewith respecto
optimality andcomputatiortime.

Ourmethodwasimplementedn C++. TheMIP andLP problemsaresolvedusinglLOG CPLEX7.5.
All computationsvere performedon a Compagcomputerwith an Intel Pentiumlll processo(866
MHz), 256 MB physicalmemoryanda Linux operatingsystem.

6.4.1 Optimality

Someinstancesanbe solvedin reasonabléime using CPLEX's MIP-solwver. The solutionobtained
is optimal and can be usedto evaluatethe quality of the solutionsobtainedusing the local search
methodswith the shift andswap neighbourhoodsasdescribedn sectior4.
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Theseinstancescontainedbetweenl5 and 51 flights. Smallerinstanceswere not includedin the
comparisorbecausehey oftengeneratdrivial schedulege.g.the FCFSschedulas optimal).

Theinstancesveresolved undertwo visibility conditions:goodvisibility andthe low-visibility con-
ditionsasusedin the experimentdn subsectior6.3. This wasdonebecausefor someinstancesthe
MIP-formulationcouldbesolvedin reasonabléime for goodbut not for low-visibility conditions.

A totalof 21instancesveresolvedusingthe MIP-solver. Thecomparisorof thesolutionsis shovnin
table6. Thegapis definedasthe additionalcostof thelocal searctscheduleceomparedo the optimal
cost(asfound by the MIP solver). Assumingthesenumbersare representatie for otherinstances
aswell, we cancombinethis with the resultsfrom subsectior6.3. Thosewere obtainedusingthe
swap-neighbourhoodndthe costsavings are 47% comparedf theinitial FCFScosts. Puttingthis
togetheyshows thatthe local searchmethod,usingthe swap neighbourhoodpn averageyields 127%
of the optimal costs,while the currentFCFSscheduleon averageyields 240% of the optimal costs.
Usingthe shift neighbourhoodpn averagel07%of the optimal costswould be yielded. This shavs
thelocal searchmethodalreadyachieresavery large partof the possiblesarzingsandis thereforevery
usefulin practice.Notethatthelocal searctsolutionis alwaysbetterthanthe FCFSsolution,because
thelatteris usedastheinitial solutionfor thelocal searchmethod.

Shift  Swap
#optimalinstances 12 5
averagegap % 27%
maximumgap 51% 135%

Table6 Quality of the solutionsfoundusingdifferentneighbourhoodfor 21 instances

Whenaninstancecannotbe solvedusingthe MIP-solverin reasonabléime, theresultsfrom theswap
andshift neighbourhoodanstill becomparedThiswasdonefor 14 additionalinstancegmostunder
low-visibility conditions). Togetherwith the 21 MIP-instancesthis gives 35 instancespf which in
19 the shift neighbourhood/ielded a bettersolutionthanthe swap-neighbourhoodin 10 caseghe
reversehappensandin 6 caseghe solutionswere equal. The maximumgap (comparedo the best
solutionfrom the two neighbourhoodsjs now 37% for the shift neighbourhoodand 120% for the
swapneighbourhoodTheaveragegapsare5% and10% respectrely. However, thetotal scaledcosts,
from thesenstancesare3% largerusingtheshift neighbourhoodhanusingthe swapneighbourhood.
This indicatesthat the swap neighbourhoodields bettersolutionsin casesvere costsarerelatively
large (e.g.low-visibility conditionsandpeakperiods).
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Fig. 5 Relation between number of evaluations and number of flights and trendlines

6.4.2 Computation times

The computation times of an instance depend mainly on the number of flights and the number of
neighbour evaluations (see section 4.3). Such an evaluation includes solving the LP-problem for the
corresponding sequence. The time needed to solve this LP, increases somewhat with the number of
flights.

Let N be the number of flights. As stated in section 4.2, the swap neighbourhood contains at most
N(N-1)
2
guences in the neighbourhood of the solution have to be evaluated (to be sure it contains no better

sequences and the shift neighbourhdddV — 1). After finding the final solution, all se-

solution). The final solution is found usually after fewer evaluations using the swap neighbourhood
than when using the shift neighbourhood.

It is for those two reasons that we find a larger total number of evaluations using the shift neighbour-
hood. The time needed to perform an evaluation will be approximately equal using both neighbour-
hoods for a certain instance, because a similar LP-problem of the same size has to be solved.

The time needed for an evaluation of a neighbour is (using both neighbourhoods) approximately 50
milliseconds for an instance containing 20 till 50 flights, 150 milliseconds for 50 till 80 flights and
around 450 milliseconds for an instance containing 120 flights.

The relation between the number of flights and the number of evaluations needed are shown in figure 5.
It can be concluded that the total computation time using the swap neighbourhood is approximately
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within 1 minutefor instancesup to 40 flights andaboutten minutesfor instancesvith 80 flights. For
the shift neighbourhoodit is within 1 minutefor instancesup to 40 flights andaboutten minutesfor
instancesvith 60 flights.
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7 Conclusionsand further reseach

In this papera methodto include airlines’ preferencedn the schedulingof aircraftlandingsis pre-
sentedAirlines provide a costfunctionfor eachof their flights. Theseunctionsarescaledperairline
to obtainequity betweenairlines. The schedulealsoincorporatesafetyregulations.

Experimentsusing datafrom a week at a major Europearhub, shov considerablecost reductions
(comparedo the currentFirst-Come-First-Serd schedule) especiallyunderlow-visibility condi-
tions. The methodyields costsavingsfor all airlines,which maybe helpful for the acceptancef the
method.

An optimalschedulecanbe obtainedusinga mixedinteger programmingsolver. However, computa-
tion timesbecomevery large. Thereforealsoa heuristicusinglocal search(to obtaina landingse-
guence)ndlinearprogrammingto obtainthe optimallandingtimes)wasintroduced.This heuristic
cansolwe instancesontainingover 100flights within reasonabléime, while still providing substan-
tial savings comparedo the FCFSschedule.Comparingsomeinstanceghat could be solved using
the MIP solver shaved thatthe averagesavings yielded by the heuristicare a large part of the total
possiblesavings.

Furtherresearcho improve theperformancef thelocal searcteuristicis possible If scheduletave

to begeneratedast,evaluatinglesspossiblelandingsequenceéby excluding oneswith do notseem
promising)is anoption. Anotherway to accomplistthis, might be limiting the maximumnumberof

positionsusedin a swap or a shift (swap only flights thatarelessthan3 positionapartin the current
sequence)Thesemethodsmight however introducea small risk of obtaininga worsesolutionthan
usingthe currentmethod.To obtaina bettersolution,it might be profitableto usethe shift andswap
neighbourhoodombinedn onesearchpy alternatinghemor usingoneexhaustvely andthenusing
theother

Froman operationaliewpointit is interestingto includethe possibility of cancellingflightsinto the
model. Anotherpossibilityfor furtherresearchs to includethe schedulingof departingflightsin this
schedulebecaus¢hey aremutuallydependenon thearriving flights. Theseapproacheprovide pos-
sibilities for additionalsavings. Also researcton the sensitvity of resultingscheduleso disruptions,
would beinteresting.
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