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Multiairport CapacityManagement:Genetic
Algorithm With RecedingHorizon

Xiao-BingHu, Wen-HuaChen,Member, IEEE, andEzequielDi Paolo

Abstract—The inability of airport capacity to meet the growing
air traffic demand is a major cause of congestion and costly delays.
Airport capacity management (ACM) in a dynamic environment
is crucial for the optimal operation of an airport. This paper
reports on a novel method to attack this dynamic problem by
integrating the concept of receding horizon control (RHC) into a
genetic algorithm (GA). A mathematical model is set up for the
dynamic ACM problem in a multiairport system where flights can
be redirected between airports. A GA is then designed from an
RHC point of view. Special attention is paid on how to choose those
parameters related to the receding horizon and terminal penalty.
A simulation study shows that the new RHC-based GA proposed
in this paper is effective and efficient to solve the ACM problem in
a dynamic multiairport environment.

Index Terms—Air traffic control, airport capacity management
(ACM), genetic algorithm (GA), receding horizon control (RHC),
terminal penalty.

I. INTRODUCTION

A T BUSY airports,severecongestionduringpeakperiods,
i.e., whenair trafÞc demandexceedsavailablecapacity,

becomesthe everyday reality aroundthe world, particularly
in the United StatesandWesternandCentralEurope[1]Ð[3].
The projected growth of the trafÞc demandwill make the
situationworse in the near future if no action is undertaken
for capacityimprovements.The role of airport capacityman-
agement(ACM) becomesespeciallysigniÞcant.Many efforts
have beenmade in studying methodsand tools in order to
provide an accurateandreliablepredictionof airport capacity
and air trafÞc demandfor strategic trafÞc managementpro-
grams[2], [4]Ð[8].Thesemodelsandmethodscanbeusedby
trafÞc managersandcontrollersasan automatedsupporttool
for decisionmakingon trafÞc ßow andcapacitymanagement
at airports during periodsof congestion.In particular, for a
given time period,runway conÞguration,weatherforecast,and
predictedarrival anddeparturedemandsfor runwaysandÞxes
(input data),theoretically, onecandeterminean optimal strat-
egy for managingarrival/departuretrafÞcatanairport(output),
i.e., themaximumnumberof ßightscanbeaccepted(arrivals)

Manuscript received May 30, 2006; revised September 12, 2006,
November 18, 2006, and November 22, 2006. The work of X.-B. Hu was
supportedby an ORS Award. The work of E. Di Paolo was supportedby
EPSRCunderGrant EP/C51632X/1.The AssociateEditor for this paperwas
M. Sokoloski.

X.-B. Hu andE. Di Paoloarewith theDepartmentof Informatics,University
of Sussex, BN1 9QH Brighton, U.K. (e-mail: Xiaobing.Hu@sussex.ac.uk;
ezequiel@sussex.ac.uk).

W.-H. Chen is with the Departmentof Aeronauticaland Automotive En-
gineering,LoughboroughUniversity, LE11 3TU Leicestershire,U.K. (e-mail:
W.Chen@lboro.ac.uk).

Digital ObjectIdentiÞer10.1109/TITS.2006.890067

andreleased(departures)during congestedperiodsat the air-
port,how many ßightsare to bedelayed,andhow long.

Gilbo [2] reporteda methodfor the optimizationof airport
capacityby dynamicallocationof the capacityover time be-
tweenarrivals anddepartures.In general,the optimal solution
provides time-varying capacityproÞlesthat most effectively
solve a predictedcongestionproblem by reßectingthe dy-
namicsof the trafÞc demandand the operationalconditions
at the airport. This approachwas further extendedin [9] to
a much morecomplex airport systemwherethe runwaysand
arrival anddepartureÞxeswereconsideredjointly. The trafÞc
ßow through the airport system is optimized by taking into
accounttheinteractionbetweenrunwaycapacityandcapacities
of Þxes. The work in [2] and [9] mainly focusedon how to
develop an effective optimizing algorithm for a static ACM
problem,whereno systemuncertaintieswereconsidered.Chen
and Hu [10] introducedthe recedinghorizon control (RHC)
strategy to the method reportedin [2] to attack a dynamic
ACM problem, where uncertaintiesin the predicted trafÞc
demandsandoperationalconditionsat theairport werepresent.
The RHC-relatedparametersand potential advantageswere
investigatedin depth,andtheRHC-basedmethodproved to be
moresuccessfulto optimizeonline theairport capacityproÞle
in a dynamic environment. However, in thesethree papers,
themodelingof theACM problemwas highly simpliÞedsuch
that the capacityoptimizationcould be formulatedas a linear
programmingproblem,which could be easily and efÞciently
resolved. Recently, researchattentionhasbeenmoving to air
trafÞc managementin multiairport systems.Modelsandalgo-
rithms developed basedon single airport systemshave been
extendedto morecomplicatedmultiairportcases[11]Ð[13].For
example,thecuttingplanealgorithmandintegerprogramming
wereappliedto multi-ACM basedon an opennetwork model
in [11]; dynamic programmingand network topology were
used for multiairport trafÞc ßow coordination in [12]; and
methodsto attack the multiairport ground holding problem
wereparticularlystudiedin [13].

This paper attemptsto develop a new genetic algorithm
(GA) basedon the RHC strategy to attackthe dynamicACM
problemin a multiairport system(MACM), whereßights can
be redirectedbetweenairports in order to minimize delay.
Redirectingßights betweenairportsmakes the ACM problem
morecomplicated,andtherefore,it is difÞcult to apply deter-
ministicoptimizationmethodslikelinearprogrammingto solve
theproblemeffectively. As is well known, aGA is a large-scale
parallel stochasticsearchingandoptimizing algorithm, and it
is effective for solving a wide rangeof complex optimization
problems[14], [15]. The conventionalway to apply GAs to
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the dynamic caseof the ACM problem is to simply use a
GA to repeatoptimizing capacityproÞle for the rest of the
operatingday. Since it is so time consuming,the GA usedin
this conventional way can hardly meet the demandof real-
time propertiesin practice.On the other hand,in a dynamic
environment, there is always someunreliableinformation in
the predicted trafÞc demandsand/or the operationalcondi-
tions.For example,someßightsmay be canceledwhile some
unanticipatedaircraft may ask for emergency landing, and
the weatheris also to an extent unpredictable.Therefore,the
conventionalway of optimizingcapacityproÞlefor the restof
theoperatingdaywill not necessarilyresultin actuallyoptimal
or evensuboptimalsolutions.To overcomethesedrawbacksof
a conventionalGA, we introducethe conceptof RHC to GAs
for the dynamicACM problem.Simply speaking,RHC is an
N -step-aheadonlineoptimizationstrategy. At eachtime inter-
val, basedoncurrentavailableinformation,RHCoptimizesthe
particularproblemfor the next N intervals in the nearfuture,
but only the solutionpart correspondingto currentinterval is
implemented.Clearly, since the RHC strategy only optimizes,
in eachtime interval, thecapacityproÞleover an N -step-long
horizonother than the rest of the operatingday, it can effec-
tively improve the real-timepropertiesof GA andreducethe
inßuenceof unreliableinformation.However, the introduction
of RHC couldalso make thenew GA short sighted.To guaran-
teethesolutionquality of theRHC-basedGA, like [16], which
reportedsuch an algorithmfor aircraft arrival sequencingand
schedulingproblem, some RHC-relatedparameters,such as
time interval, lengthof recedinghorizon,andterminalpenalty
areinvestigatedin depth.

The remainderof this paperis organizedas follows: The
basicideaof RHC is brießy explainedin SectionII, themodel
of MACM problem is given in Section III, and the novel
RHC-basedGA for the MACM problem is proposed in
Section IV. Section V reports some interesting simulation
results.Thepaperendswith someconclusionsin SectionVI.

II. BASIC IDEA OF RHC

RHC hasproved to be a very effective online optimization
strategy in the area of control engineeringand is very suc-
cessfulwhen comparedwith other control strategies [17]. It
is easy for RHC to handle complex dynamic systemswith
various constraints.It alsonaturallyexhibits promisingrobust
performanceagainst uncertaintiessince the online updated
information can be sufÞciently usedto improve the decision.
Within this framework, decisionsare madeby looking ahead
for N stepsin termsof a given objective function,and only
thedecisionfor theÞrststepis actuallyimplemented.Then,the
implementationresult is checked,anda new decisionis made
by taking into accountupdatedinformationandlooking ahead
for anotherN steps.RHC hasnow beenwidely acceptedin
the area of control engineering.Recently, attention hasbeen
paid to applicationsof RHC to areas like managementand
operationsresearch.For example,theoreticalresearchwork on
how to applymodelpredictivecontrol(anothernamefor RHC)
to a certainclassof discrete-event systemswas presentedin
[18] and[19], andmany practicalimplementationsof RHC in

Fig. 1. Flow chartof RHC.

Fig. 2. Someoptimizationstrategies.

the areaof commercialplanningandmarketing werereported
in [20]. However, as mentionedin [21], researchon applying
RHC to areasotherthancontrolengineeringis juststarting.

The basicideaof RHC for dynamicoptimizationproblems
is illustratedby theßow chartgiven in Fig. 1. Fig. 2 compares
the RHC strategy with someother conventionaloptimization
strategies in an intuitive way. Due to system uncertainties,
the ofßine optimization strategy, as shown in Fig. 2(a), is
not suitable for dynamic optimization processes.However,
most algorithms in the literature on the ACM problem are
mainly testedby using the ofßine strategy: the so-calledsta-
tic version; e.g., see [2] and [9]. The one-step-ahead(OSA)
adjustmentstrategy in Fig. 2(b) is often used in the real
practiceof ACM due to its simplicity. OSA adjustmentcan
be consideredas a special caseof RHC, i.e., the length of
the recedinghorizon is N = 1. This special RHC is always
criticized for being short sighted. The conventionaldynamic
optimization(CDO) strategy in Fig. 2(c) is anotherstraightfor-
ward way to handlethedynamicACM problem.This strategy
often suffers from heavy online computationalburden,andits
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performanceis relatively too sensitive to uncertaintieson the
currentpredictedinformation.The RHC strategy in Fig. 2(d)
has good potential to retain/minimizethe merits/demeritsof
bothOSA andCDO.

However, integratingtheRHC strategy into a GA to develop
aneffectiveandpracticablemethodto solve thedynamicACM
problem in a multiairport system requiresmuch more than
simplyusingany kind of GA astheonlineoptimizerin theRHC
scheme.To make themwork in harmony, in theÞrstplace,the
GA-basedonlineoptimizershouldbedesignedfrom adynamic
point of viewÑmore preciselyspeaking,from an RHC point
of view. Therefore,unlike other literature,we do not have a
so-calledstatic versionof algorithmsin this paperbut directly
designour RHC-basedGA for solving theACM problemin a
dynamicenvironment.Aswill beexplainedin depthlater, some
RHC-relatedparameters,particularlyterminalpenalty, whichis
widely usedby theRHC in controlengineering,areadoptedto
designtheonlineGA-basedoptimizer.

III. FORMULATION OF MACM PROBLEM

A. Basic Concepts

A multiairport systemcomprisesone(or more)mainairport
and someadjacentsatelliteairports.The main airport mainly
serves internationalpassengerandcargo ßights in andout of
the area, while the satellite airports focus on most national
ßights and also serve as basesfor certain airlines. Usually,
thesesatelliteairportsalsohave facilitiesto serve international
ßights,and they have someregularly scheduledinternational
ßights,mostof which are cargo ßights.Due to thecongestion
at the main airport, it happensquite often that somearrival
ßights (either nationalor international),which are originally
scheduledto land at the main airport, have to be redirectedto
oneof thesesatellite airports.Sometimes,dueto badweather
or other unexpectedpoor operationalconditions,as well as
congestionat a certain satellite airport, some or all of its
scheduledarrival ßightshave to be redirectedto othersatellite
airportsbut usually not to the main airport. If suchan oper-
ation of rearrangingarrival ßights is inevitable, cargo ßights
shouldalways be the Þrst underconsideration,then national
passengerßights, and then internationalpassengerßights in
turn. This operationof dynamicallyrearrangingarrival ßights
betweenairports can effectively improve the trafÞc volume
in the area. A simpliÞed schemeof a three-airportsystem
that reßectsthe arrivalÐdepartureprocessesin the systemis
shown in Fig. 3.

Eachairport comprisessomearrival Þxes, departureÞxes,
and a runway system. There are separatesets of arrival
and departureÞxes locatedin the near-terminal airspacearea
(50Ð70km off the airport) so that the arrival Þxes serve only
arrival ßow, andthe departureÞxesserve only departureßow.
The runway systemon the ground serves both arrival and
departureßows.

The arrival ßights are assignedto specialarrival Þxes, and
beforelanding,they shouldpassthe Þxes.After leaving run-
ways, the arrival ßights follow the taxiways to the gatesat
the terminal.The departureßights,after leaving the gates,are

Fig. 3. ArrivalÐdepartureschemeof a three-airportsystem.

headedfor therunwaysand,after leaving runways,go through
the departureÞxes. The departingßights are also assigned
to thespecialÞxes.

The arrival queuesareformedbeforethe Þxes(seeFig. 3).
This meansthat theßights thatpassthroughtheÞxes mustbe
acceptedat the runways.If thereis an arrival queue,a certain
numberof ßightsshould be delayed.Someof themare to be
delayedin the air and someof them on the ground at the
departureairports.Thosedelayedin the air could either wait
to land at its destinationairport or be redirectedto another
airport. The departurequeue is formed before the runway
system,andßightscanbedelayedeitherat theirgatesor on the
taxiway.

The arrival and departureÞxes have constantcapacities
(servicerate),whichshow themaximumnumberof ßightsthat
can crossthe Þx in a certain interval. In this paper, except
whereit is explicitly indicated,the time interval for capacity
allocation is 15 min long, and therefore,the trafÞc demand
for the airport is given by the predictednumberof arriving
anddepartingßightspereach15-min interval in theoperating
day. These capacitiesdeterminethe operationalconstraints
in the near-terminal airspace.The operationallimits on the
ground (runways) are characterizedby arrival capacity and
departurecapacity. Thesecapacitiesare generallyvariableand
interdependent.

Basically, the runway systemis the bottleneckresourceof
the airport. Onereasonis that the total capacityat all arrival/
departureÞxes is usually larger than the possiblemaximum
arrival/departurecapacity on the runways. Another reason
is that arrival/departureßights can be reassignedto other
arrival/departureÞxesif thepreviouslyassignedÞxis saturated.
Like in [10], for the sake of simplicity, only capacitieson the
runwaysareconsideredin thispaper.

The optimal allocationof arrival capacityanddepartureca-
pacityon therunwaysis crucialto air trafÞc ßow management.
Thatis, if alargevalueis setfor arrival capacity, moredeparture
ßightshave to be delayed;otherwise,morearrival ßightshave
to wait in the air. Thereare a numberof major airports with
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Fig. 4. Airport arrivalÐdeparturecapacitycurves(15min).

runwayconÞgurationsthatpracticethetradeoff betweenarrival
and departurecapacities.For theseconÞgurations,the arrival
capacity u and the departurecapacity v are interdependent
andcanbe representedby a functionalrelationshipv = ! (u).
Generally, given a time interval, the function is a piecewise
linearconvex one.Thegraphicalrepresentationof thefunction
on the Òarrival capacityÐdeparturecapacityÓplane is called
the airport capacitycurve [2], [7]. Fig. 4 illustratesa 15-min
capacitycurve with the tradeoff area. The representationof
airport runway capacitythroughthe capacitycurves is a key
factorin themodel.

BesidesrunwayconÞgurations,weatherconditionsalsohave
a signiÞcantinßuenceon the arrival and departurecapacities
at theairport. Weatherconditionsareclusteredinto four oper-
ationalweathercategoriesthat reßectconventionallimitations
on visibility andceiling, namely1) visible ßight rules(VFR),
2) marginal VFR, 3) instrumentßight rules(IFR), and4) low
IFR. Capacitycurvesvary for thesefourdifferentweathercate-
gories.For thesake of simplicity, only two weatherconditions,
i.e.,VFR andIFR, areconsideredin this paper. Fig. 4(a) gives
an exampleof the airport capacitycurves for VFR and IFR
operationalconditions,wherethe IFR capacitiesare approxi-
mately30%lessthanVFR capacities.

In a multiairport system,eachairportmay have quitediffer-
ent capacitycurves, dependingon its infrastructureandfacili-
ties.TheACM problemin amultiairportsystemaims,basedon
thecapacitycurves of airportsandtheoperationof rearranging
arrival ßightsbetweenairports,todynamicallyallocatecapacity
over time betweenarrivals anddeparturesat eachairport such
thatthearrival demandin theareaandthedeparturedemandat
eachairportare optimally met in termsof a speciÞedobjective
function.The choiceof the objective functionis an important
step in formulating the problem.The effectivenessof arrival
and departureoperationsin the system can be measuredby
the total delay time of the ßights being served (i.e., the total
waiting time in the arrival and departurequeues)or by the
total numberof ßights in the queueduring the operatingday.
Thesetwo measuresboth reßectthe physical essenceof the
problemandarestronglycorrelated;largerqueuesmeanlonger
delays.Which of themeasuresto usein theobjective function
dependson factorssuchasthetypeof input dataavailable and
thesimplicity of obtainingtheoptimalsolutions.For thesame
reasongiven in [2], the total numberof ßights in the queues
hasbeenchosento constructtheobjective functionfor optimal
capacitymanagement.

B. Modeling of a Multiairport System

A constrainedstate-space-basedmodelis given as follows to
describethe dynamicsof the airport capacitysystem,i.e., the
functionalrelationshipbetweenthe input data(airport capaci-
ties, trafÞc rearrangement,andpredictedinformation)andthe
output(arrival anddeparturequeues)
!
""""""#

""""""$

xi (k+ 1) = max

%

0, xi (k)+ ai (k) ! ui (k)+
n&

j "= i,j = 1
zj ,i (k)

!
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j "= i,j = 1
zi,j (k)

'

yi (k + 1) = max (0, yi (k) + di (k) ! vi (k))
(

xi (0) = xi, 0

yi (0) = yi, 0
, i = 1, . . . , n, j = 1, . . . , n (1)

subjectto constraints

0 # vi (k) # ! i (k, ui (k)) , ! i (k, ui (k)) $ ! i (2)

zi,j (k) # xi (k) + ai (k)

i = 1, . . . , n, j = 1, . . . , n, i "= j (3)

zj ,m (k) = 0 and zm ,i (k) = 0, if zi,j (k) > 0

i , j , m = 1, . . . , n, i "= j , i "= m (4)

wherek is thediscretetime index, n is thenumberof airports
in the system, xi (k) and yi (k) are, respectively, the arrival
queueanddeparturequeueat the i th airport by the beginning
of the kth time interval, ai (k) anddi (k) are,respectively, the
demandmeasuredas the numberof ßights per time interval
for arrivals andfor departuresat the i th airportat thekth time
interval, ui (k) andvi (k) are,respectively, the arrival capacity
anddeparturecapacityat thei th airportat thekth time interval,
zi,j (k) is the numberof ßightsredirectedfrom the i th airport
to thej th airportat thekth time interval, ! i (k, ui (k)) is thei th
airportÕs arrival/departurecapacitycurve functionthatdepends
on the operationalconditions(e.g.,weatherconditions)at the
kth time interval, and ! i is a set of capacitycurve functions
thatrepresentall runwayconÞgurationsof thei th airportunder
all weatherconditions.xi (k), yi (k), ai (k), di (k), ui (k), vi (k),
andzi,j (k) areall nonnegative integers.Clearly, in thissystem,
xi (k) andyi (k) aresystemstatesor outputdataandai (k) and
di (k) are input data,while the control signals includeui (k),
vi (k), andzi,j (k).

The model describesthe concerneddynamics in a very
straightforward way. For example,at eachairport, the arrival
queueby the beginning of the next interval dependson the
arrival queue,the arrival demand,the arrival capacity, andthe
operationof rearrangingßights betweenairports at current
interval. If the current arrival capacitycan cover all of the
existing queue,new demand,and rearrangedßights for the
currentinterval, therewill beno arrival queueby next interval;
otherwise,thoseßightsout of currentcapacitywill bedelayed
asthe queueat the beginning of next interval. The samegoes
for the departurecase.The interactionbetweenthe arrival
trafÞcandthedeparturetrafÞcin thesystemis simply but well
describedby zi,j (k) and constraints(2)Ð(4).Constraints(3)
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and (4) are specially given for the operationof rearranging
arrival ßights betweenairports. For example, constraint(4)
implies that each airport can either redirect its own arrival
ßights to others or acceptßights redirectedfrom others but
cannotdobothat thesametime.In theabovemodel,weassume
that the main airport is also capableof acceptingredirected
ßightsfrom satelliteairports.

As discussedbefore, the actual queuesunder the real de-
mandsandrealoperationalconditionsin thesystemduringthe
operatingdayarethemainconcernof thealgorithm.Therefore,
theperformanceof theproposedRHC-basedGA will bejudged
by theobjective functiondeÞnedas

J1 =
T)

k= 1

n)

i = 1

%

" i (k)xi (k) + (1 ! " i (k)) yi (k)

+ #i (k)
n)

j "= i,j = 1

zj ,i (k)

'

(5)

whereT denotesthenumberof 15-minintervals in theoperat-
ing day, the coefÞcient0 # " i (k) # 1 determinesthe priority
rate for arrivals at the i th airport at the kth time interval, the
correspondingpriority ratefor departureis (1 ! " i (k)) , andthe
coefÞcient#i (k) determinesthepenaltyfor theoperationof re-
arrangingarrival ßightsbetweenairports,whichimpliesthatthe
idealsituationis for all arrival ßightsto landat their originally
scheduledairports.Thedeterminationof either " i (k) or #i (k)
dependsonair trafÞc scenarioandsysteminfrastructure.

IV. RHC-BASED GA FOR MACM PROBLEM

The methodologyof designingour RHC-basedGA follows
thecommonpracticeof GAs: Designthestructureof chromo-
somes(datastructurescontainingan evolvable descriptionof
a possiblesolution to a problem),choosea Þtnessfunction,
deÞnegeneticoperators,andintroducesomenecessaryheuris-
tic rules. In addition, for eachstep,we needto take an extra
factorinto account,i.e., how to integratetheconceptof RHC.
For generalGA-related terms and techniques,we can refer
to [14] and[15].

A. Structure of Chromosomes

In the RHC strategy, let us supposethat the recedinghori-
zon is N stepslong. Then, at eachtime interval in the dy-
namic MACM problem,the capacitymanagementand trafÞc
rearrangementwill be optimized online only for the current
N intervals into the future. In other words, at the kth time
interval, we just needto decideui (k + l |k), vi (k + l |k), and
zi,j (k + l |k), l = 1, . . . , N . Hereafter, (.|k) meansthe associ-
atedvariable is predictedor calculatedat thekth time interval.
A chromosomerepresentsa potentialsolution to the MACM
problemover therecedinghorizonand,therefore,is constructed
basedon ui (.|k), vi (.|k), andzi,j (.|k). Thecapacityallocation
(ui (.|k), vi (.|k)) is subjectto a certaincapacitycurve as de-
pictedin Fig. 4, i.e., thepoint (ui (.|k), vi (.|k)) mustbewithin
the areaencircledby both the axesandthe capacitycurve. It
is easyto seethat whenchoosinga point (ui (.|k), vi (.|k)) in

Fig. 5. Structureof chromosomes.

order to optimally serve both arrival and departuredemands,
we do not needto searchthewholeareaencircledby theaxes
and the capacitycurve but only needto test thosepoints on
or nearesttheboundaryof the tradeoff area,andwe call these
pointstradeoff points(TOPs).For example,in thecasegivenin
Fig. 4(b), thefour TOPs,representedby circles,cancover any
workoutby otherpointssubjectto thecapacitycurve. TOPscan
beautomaticallydeterminedby a computerprogramaccording
to the following rule: For a valid point, which has integer
coordinates(u, v) andis encircledby theaxesandthecapacity
curve, if there exists anothervalid point that has the same
arrival capacityu but a lager departurecapacityv, or which
hasthesamedeparturecapacityv but a largerarrival capacity
u, thenthe Þrst valid point is not a TOP. By using TOPs,the
size of solution spacewill be signiÞcantlyreducedwithout
sacriÞcingany performance.Supposethere are Hi (k + l |k)
TOPs in the capacitycurve for the (k + l)th time interval at
the i th airport.Then,thestructureof chromosomesis given in
Fig. 5, wherethe i th (N + N (n ! 1)) genesgrouprepresents
the capacitymanagementand trafÞc rearrangementover the
recedinghorizonat the i th airport.For the i th airport, theÞrst
N genesrecordsthecapacityproÞleover therecedinghorizon,
and hi (l ) $ [1, . . . , H i (k + l |k)] is the serial numberof TOP
chosenfor the (k + l)th time interval; while the following
N (n ! 1) genesdeterminezi,j (.|k) for trafÞc rearrangement,
j = 1, . . . , n, andj "= i .

EachchromosomedeÞnesa potentialsolution for capacity
managementandtrafÞc rearrangementover the recedinghori-
zon.By checkingtheTOPsrelatedto hi (.), onehasthevalues
of ui (.|k) andvi (.|k). Togetherwith zi,j (.|k), onecancalculate
xi (.|k) andyi (.|k) over the recedinghorizonaccordingto the
model given by (1)Ð(4)and then assessthe online solution
qualityby thenew costfunction

J2(k) =
N)

l = 1

$i (l )
n)

i = 1

%

" i (l )xi (k + l |k) + (1 ! " i (l ))

%yi (k + l |k) + #i (l )
n)

j "= i,j = 1

zj ,i (k + l |k)

'

(6)

where$i (l ) & 0 areweightingcoefÞcientsthat determinethe
contribution of queuesandredirectedßightsin eachinterval to
thetotal cost.
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B. Fitness Function

Basedon J2(k), the Þtnessof the associatedchromosome
canbesimplydeÞnedas

f = (J2,max (k) ! J2(k)) /J 2,max (k) (7)

whereJ2,max (k) denotesthemaximumcostin a certaingener-
ationof chromosomes.In general,dueto theRHC strategy, not
all air trafÞc for the restof the operatingday is consideredin
eachtimeinterval. Theimplementationof thisRHC-basedsolu-
tion will obviouslyhaveacertaininßuenceon themanagement
of thoseßightsout of thecurrentrecedinghorizon.Neither(6)
nor (7) doesanything to assessthis inßuence.This could end
upwith ashort-sightedalgorithm.

In our RHC-basedGA, theideaof usingterminalpenaltyin
theRHC proposedin controlengineeringisborrowedto deÞne
anovel Þtnessfunctionas

÷J2(k) = J2(k) + %
J2(k)

M AC (k)

*
NAC (k) ! ÷M A C (k)

+

%

%
NAC (k) ! ÷M AC (k)

T ! min (T ! 1, (k + N ))

', %
M AC (k)

N

'

(8)

f =
*

÷J2,max (k) ! ÷J2(k)
+ - ÷J2,max (k) (9)

where%& 0 is aweightingcoefÞcient,T is thesameasdeÞned
in (5),NA C(k) is thepredictednumberof totalßightsin therest
of the operatingday, M A C(k) is the numberof thoseßights
underconsiderationover the recedinghorizon, ÷M AC (k) is the
numberof thoseßights that will be allowed to landor depart
over the recedinghorizon accordingto the optimization,and
÷J2,max (k) denotesthemaximum ÷J2(k) in a certaingeneration
of chromosomes.

Thesecondtermon theright-handsideof (8) is theterminal
penalty, which assessesthe inßuenceof the current trafÞc
managementon those ßights outside the recedinghorizon.
From (8), one can seethat the terminal penaltyis a function
in termsof the averagecost and the densityof thoseßights
underconsiderationover therecedinghorizonandthenumber
and the densityof thoseßights that are outsidethe receding
horizon after the current run of online optimization routine.
A larger average cost usually meansfewer ßights will be
allowed to land or depart during the current time interval,
andtherefore,moreßightswill be left for futureoptimization
processes.The numberof thoseßights that will be allowed
to land or departover the recedinghorizon accordingto the
optimization ÷M AC (k) is probably different from M AC (k),
which is the numberof thoseßights underconsiderationover
therecedinghorizon.Basically, asmaller ÷M AC (k) meansmore
ßightsare delayedinto futuremanagement.If moreßightsare
left for futureoptimization,or if thedensityof suchßights,i.e.,
(NAC (k) ! ÷M AC (k)) / (T ! min(T ! 1, (k + N ))) , is larger
than the densityof thoseßights underconsiderationover the
recedinghorizon, i.e. M AC (k)/ N , the current solution de-

terminedby the chromosomewill have a stronger negative
inßuenceonthefuture.%is aconstantweightingcoefÞcientthat
determinesthe contribution of the terminal penaltyto ÷J2(k).
CoefÞcient %needsto be chosencarefully. If the predicted
information is more reliable,%can be set relatively larger to
avoid short-sightedperformance.However, if %is too large,the
inßuenceof uncertaininformation in the future will become
unnecessarilysigniÞcant.Thechoiceof %alsodependson the
maximumNA C (k). Specially, for a given %, if the maximum
NAC (k) is very large, then the algorithm could also become
sensitive to uncertainties.Basically, for eachdifferentairport
system,extensive simulation studies and/or experimentsare
necessaryto Þnd a proper value for %. In this paper, we set
%= 0.05 for NAC (k) # 500.

From (9), onehasthat if ÷J2(k) is smaller, the Þtnessof the
correspondingchromosomeis larger, and consequently, it is
relatively more likely to survive throughthe evolution and to
produceoffspring.

C. Genetic Operators

In our RHC-basedGA for the MACM problem,mutation
randomlychangesthe valuestoredin a genewithin a certain
rangethatis relatedto thevariablerepresentedby thatgene.For
example,hi (l ) canvary randomlybetween1 andHi (k + l |k),
andthechangeof zi,j (.|k) is subjectto (3).

Thereare two kindsof crossover operators.In theÞrst case,
we randomly pick up two chromosomesand then exchange
their genesassociatedwith the (k + l)th interval. In theother,
for two given chromosomes,we exchangetheir genesthat
determinecapacityproÞlesor trafÞc rearrangementover the
recedinghorizon.Either kind of crossover could be chosento
applyto acertainchromosomeat thesameprobability.

D. Heuristic Rules for Setting Algorithm Parameters

To improve the solution quality as well as to increasethe
converging speedof GA, specialproblem-orientedheuristic
rules are always introducedfor setting algorithm parameters
in various practicesof GA. The following aresomeheuristic
rulesproposedfor our RHC-basedGA to resolve the MACM
problem.

¥ Sinceredirectingarrival ßightsto otherairportswill result
in penalty according to (6), such operationshould be
avoided whenever possiblein the Þrstplace.To this end,
whena chromosomeis initialized,thosegenesassociated
with capacityproÞlesare generatedrandomlyÞrst, and
then thosezi,j (.|k)-relatedgenesare Þlled basedon the
result of capacityallocation.In otherwords, we needto
calculatenew queuesbasedon the capacity allocation
before generatingzi,j (.|k)-relatedgenes.If there is no
queueat thei th airportby theendof the(k + l)th interval,
thenzi,j (k + l |k) = 0 for j = 1, . . . , n, i "= j . Otherwise,
zi,j (.|k) will begiven small valuesathighprobability.

¥ Whenever k + l > T, all genesareset to zero.
¥ Basically, a larger N , i.e., the length of recedinghori-

zon, meansa larger solution spaceto search.Therefore,
Ng, which is the themaximumgenerationsfor evolution,
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Fig. 6. Flow chartof RHC-basedGA for MACM problem.

andNp, which is the populationof a generation,areset
accordingto N as

Ng = 30 + 5max (0, (N ! 8)) (10)

Np = 40 + 10max (0, (N ! 8)) . (11)

¥ Self-adaptive crossover andmutationprobabilitiesare in-
troducedto prevent excellent chromosomesfrom being
destroyed by evolutionary operators and to promote
the evolution of inferior chromosomes[22], [23]. The
crossover andmutationprobabilitiesarecalculatedin (12)
and(13), shown at thebottomof thepage,wherePc and
Pm are, respectively, the crossover and mutationproba-
bilities for evolving a certain chromosomein a certain
generation,f max is themaximumÞtnessin thegeneration,
and f avg is the averageÞtnessof the generation.When
thegenerationconvergesto a localoptimum(f max ! f avg

is very small), accordingto (13), Pm will increaseto
diversify the following generation.In the reverse case
(f max ! f avg is very large),Pc will increaseto speedup
convergence.Furthermore,for thosechromosomeswith
largerÞtness,theirPc andPm will berelatively smallerso
thatthey canbeprotectedeffectively; otherwise,for those
with smallerÞtness,a largerPc andPm will beappliedto
improve them.

E. Flow Chart of the RHC-Based GA

With the above technicalpreparations,our RHC-basedGA
for the MACM problem can eventually be developed by

simply following the framework of commonRHC algorithms,
asillustratedby theßow chartin Fig. 6.

The successfuldesignof the RHC-basedGA partially de-
pendson a properchoiceof the lengthof recedinghorizonN .
If N is toosmall, mostusefulinformationcouldbemissed,and
therefore,theRHC algorithmcouldbeshortsightedandexhibit
poor performance.On the other hand, if N is too large, the
computationalburdenwill becomeveryheavy, andin addition,
muchmoreunreliableinformationin thefuturewill beusedand
coulddegradethesolutionqualityof thealgorithm.

To assesswhethera RHC-basedGA is properlydesignedas
well asto fairly comparewith otherrelevant literature,the last
stepin theßow chartusestheobjective functionin (5) to assess
theÞnalperformance.

V. SIMULATION RESULTS

For simplicity, we considera two-airport system in this
section.TrafÞc ßow dataat eachairport are initially predicted
over a 3-h period, and it is assumedthat there is no trafÞc
beyond the 3-h period on that day, i.e., the operatingday is
3 hourslong.Eachtime interval is set as15 min, so thereare
12 15-min intervals in the operatingday. Table I shows the
predictedarrival anddeparturedemandsat thetwo airportsfor
each15-mininterval of theoperatingday. TheTOPsin capacity
curves for VFR andIFR operationalconditionsat eachairport
aregivenin TableII.

In thissection,theairport capacityallocationisoptimizedin
threedifferentways,namely1) CDO-basedGA (CDO_GA);
2) theproposedRHC-basedGA (RHC_GA);and3) theRHC-
based linear programming method in [10] (RHC_LP). In
CDO_GA,chromosomeshave similar structures,as illustrated
in Fig. 5, but representpotential solutions for the rest of
operatingday. In (6), N shouldbe replacedby T. Fitnessis
calculatedaccordingto (7) ratherthan(9). SinceRHC_LPin
[10] is just for the ACM problem at a single airport, in our
simulation, we apply it to each airport separatelyand then
assessits performancein termsof J1 in (5). For RHC_GA and
RHC_LP, N = 3 in thesimulationexceptexplicitly indicated.
TheweightingcoefÞcient#i (l ) = 0.5. To make a fair compar-
ison with [10], the weighting coefÞcient$i (l ) for the CDO-
basedandRHC-basedmethodsis, respectively, given by

$i (l ) = 13 ! l , l = 1, . . . , 12 (14)

$i (l ) = 5 ! l , l = 1, . . . , 4. (15)

TableIII gives an exampleof capacityallocationandtrafÞc
rearrangementduring theoperatingday. Theresultsarecalcu-
latedunderRHC_GA with " i (k) = 0.5 andN = 3 basedon

Pc =
(

0.8(f max ! f avg)/f , (f max ! f avg) < f
0.8, (f max ! f avg) & f

(12)

Pm =
(

0.4(f max ! f )/ (f max ! f avg), (f max ! f ) < (f max ! f avg)
0.4, (f max ! f ) & (f max ! f avg)

(13)
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TABLE I
ARRIVAL FLOW AND DEPARTURE FLOW OVER OPERATING DAY

TABLE II
TOPS IN CAPACITY CURVES FOR VFR AND IFR

TABLE III
EXAMPLE OF CAPACITY MANAGEMENT BY RHC_GA(αi (k) = 0.5)

TABLE IV
COMPARATIVE RESULTS IN STATIC ENVIRONMENT

theassumptionthatno uncertaintiesare present,i.e., theactual
demandsare the sameas the predictedonesin Table I, and
two airports arealwaysunderthe VFR operationalcondition.
FromTableIII, it is evident that theoptimal solutionprovides
a time-varying capacityproÞleandtrafÞc rearrangement,both
of which efÞcientlysolve thepredictedcongestionproblemby
reßectingthedynamicsof trafÞc demandin thesystem.Thelast
row in TableIII shows thetotal queuesoptimizedby RHC_LP.
Onecanseethat,at Airport 1, thetotal arrival/departurequeue
underRHC_GA is 57/34 ßights lessthan the corresponding
queueunderRHC_LPat the small cost that the arrival queue
at Airport 2 increasesby six ßights.Accordingto thecommon
objective functionJ1 given in (5), RHC_GA achievesa value
of 108.5,which is muchsmallerthan131.5,which is thevalue
under RHC_LP. The main reasonfor this is that RHC_LP
doesnot supporttheoperationof rearrangingtrafÞcdueto the

linear-programming-basedoptimizer, while under RHC_GA,
a total of 39 arrival ßights are redirectedbetweenAirports 1
and 2. However, beforewe can make further conclusionson
RHC_GA,extensive simulationstudyneedsto beconducted.

One of the main purposesof this section is to compare
RHC_GA with RHC_LPandCDO_GA in orderto assessour
new algorithmin termsof bothperformanceandcomputational
efÞciency. The RHC strategy is expectedto bring beneÞtsin
a dynamicenvironment,but it is still necessaryto investigate
theperformanceof RHC_GAin astaticenvironment,i.e.,there
are no uncertainties,and the real arrival and departuretrafÞc
and operationalconditionsare exactly the sameas predicted.
Table IV shows someresultsof this comparison,where the
actual trafÞc demandsare the sameas the predictedonesin
Table I, and the operationalcondition is VFR. In eachcase,
the datarelatedto eitherRHC_GA or CDO_GA arebasedon
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TABLE V
COMPARATIVE RESULTS IN DYNAMIC ENVIRONMENT

TABLE VI
INFLUENCE OF N ON RHC_GA(TIME INTERVAL IS 15min)

TABLE VII
INFLUENCE OF N ON RHC_GA(TIME INTERVAL IS 5 min)

50 simulationruns,while the dataof RHC_LP are basedon
onesimulationrun.Hereafter, ACT standsfor averagecompu-
tationaltime. TableV furthergives resultsof comparingthree
algorithmsin a dynamicenvironment,where20%of predicted
trafÞcdemandsandpredictedoperationalconditionsareuncer-
tain. Uncertaintiesare generatedrandomlyover the operating
day, andthen,thishistoryof uncertaintiesissavedin adatabase
as one record.Eachtime the threealgorithms are testedand
compared,thesamerecordof uncertaintiesisapplied.For each
caselistedin TableV, 20 recordsof uncertaintiesareused;with
eachrecordof uncertainties,50 simulationrunsareconducted
undereither RHC_GA or CDO_GA, while one simulationis
rununderRHC_LP.

From TablesIV and V, one can seethat, due to no traf-
Þc rearrangementin RHC_LP, its performanceis the worst,
which meansin a multiairport system,the operationof trafÞc
rearrangementbetweenairportscaneffectively reducethetotal
queue.Although CDO_GA also considerstrafÞc rearrange-
ment, the CDO strategy requiresoptimizing the trafÞc ßow
over therestof theoperatingday, which usuallymeansa huge
solutionspacefor theGA-basedoptimizerto search,andthere-
fore, the performanceis not signiÞcantlyimproved compared
with RHC_LP. By integrating the RHC strategy into GA, our
new algorithm achieves the best performance.As for online
computationalefÞciency, RHC_LP is the fastest,becauseit
employsa linearprogrammingalgorithm.CDO_GA,againdue
to the CDO strategy, is the slowest algorithm. Again, thanks
to the RHC strategy, the computationaltime of RHC_GA is
signiÞcantlyreducedwhen comparedwith CDO_GA. Since
eachtime interval is 15 min (900 s), our RHC_GA is per-
fectly ready for real-time implementations.Therefore,from
TablesIV and V, one will come to the conclusionthat the
RHC_GA proposedin this paper is the best algorithm in
termsof tradeoff betweensolutionquality andcomputational
efÞciency. TablesIV andV also show that the arrival priority
coefÞcient" i (k) hassigniÞcantinßuenceon theÞnalsolution.

Anotherobjective of this section is to study how to choose
thoseRHC-relatedparameters,suchas lengthof horizonand
time interval, for RHC_GA such that the RHC strategy can
be effectively integrated into GA for the dynamic MACM
problem.The resultsof studyarelisted in TablesVI andVII.
In TableVI, eachtime interval is as before,i.e., 15 min, and
the length of the recedinghorizon N changesfrom 1 to 6;
while in TableVII, eachtime interval is reducedto 5 min, and
N changeswithin the rangeof 1 to 9. In TablesVI andVII,
the trafÞc demandsgiven in Table I are used.For Table VII,
whereeachtimeinterval is just5 min, eachtrafÞcdemandfor a
15-min interval in Table I is randomly divided into three
successive 5-min intervals, and thoseTOPsgiven in Table II
also needto be modiÞedaccordingto the 5-min interval. In
the simulation, at " i (k) = 0.5, thereare no uncertaintieson
either demandsor operationalconditions,and with eachN ,
50simulationrunsareconducted.

From TablesVI and VII, one can clearly seewhat is the
inßuenceof N on the performanceand the computational
burden of RHC_GA. In general,as N increases,the perfor-
manceof RHC_GA improves at Þrst andthendegradeswhen
N is too large. This is understandable.Due to the natureof
GA, the performanceshould degrade with the length of the
recedinghorizon,but a too short recedinghorizoncouldresult
in short-sightedperformance,e.g.,whenN = 1. Clearly, in this
simulation,therecedinghorizonshouldbewithin 15 to 45min
in orderto achieve thebestperformance.Onlinecomputational
burdenis nodoubtincreasingas N goesup.

Oneshouldnotethatthevalueof J1 approximatelyindicates
how many ßightsaredelayed.Whenthetimeinterval is15 min,
as in Table VI, one ßight equals a 15-min delay, while
in Table VII, where the time interval is 5 min, one ßight
meansa 5-min delay. Therefore,to fairly comparethe datain
TablesVI and VII, one needsto multiply thosevaluesof J1

in Table VI by 3, as shown in the third row of Table VI.
ComparingJ1 %3 in TableVI with J1 in TableVII, onecansee
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that,generally, RHC_GA achievesbetterperformancewith the
5-min interval thanwith the15-mininterval. This is reasonable
becausea shortertime interval meansmore ßexibility in the
airportoperation.TableVII illustratesthatshorteningeachtime
interval, e.g., from 15 to 5 min, is aneffective way to improve
theßexibility andperformanceof theACM.

VI. CONCLUSION

A GA basedon theconceptof RHC is proposedfor solving
the dynamic ACM problem in a multiairport system,where
ßights can be redirectedbetweenairports.The methodology
of integratingtheRHC strategy into a GA for real-timeimple-
mentationsin a dynamicACM environmentis systematically
studied.How to designtheGA from anRHCpointof view and
how to choosethosemethodology-relatedparameterssuch as
time interval, lengthof recedinghorizon,andterminalpenalty
areinvestigatedin depth.Simulationresultsshow that thenew
methodproposedin thispaperis effectiveandefÞcientto solve
theACM problemin adynamicmultiairportenvironment.

However, moreeffort is requiredbeforeany realapplications
of theproposedmethodcanhappen.For example,amorecom-
plicatedmodelshouldbe used,morereal trafÞc ßow dataand
scenariosareneededfor experiments,morewidely comparative
work should be carried out, and further systematicanalyses
arerequired.
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