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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—A.ir traffic control, airport capacity management
(ACM), genetic algorithm (GA), receding horizon control (RHC),
terminal penalty.

|l. INTRODUCTION

T BUSY airports, severecongestiorduring peakperiods,

i.e., whenair trafbc demandexceedsavailable capacity
becomesthe everyday reality aroundthe world, particularly
in the United Statesand Westernand CentralEurope[1]D[3].
The projected growth of the trafbc demandwill make the
situationworsein the nearfuture if no actionis undertalen
for capacityimprovements.The role of airport capacityman-
agement{ACM) becomesespeciallysignibcantMary efforts
have beenmadein studying methodsand tools in order to
provide an accurateandreliable predictionof airport capacity
and air trafbc demandfor stratggic trafbc managemenpro-
grams[2], [4]D[8]. Thesemodelsand methodscanbe usedby
trafbc managersaind controllersas an automatedsupporttool
for decisionmakingon trafbc Row and capacitymanagement
at airports during periodsof congestion.In particular for a
given time period,runway conbgurationyweatherforecastand
predictedarrival anddeparturedemandgor runwaysandbxes
(input data),theoretically one candeterminean optimal strat-
egy for managingarrival/departurdrafbcatanairport(output),
i.e., the maximumnumberof Rightscanbe acceptedarrivals)
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andreleaseddeparturesyluring congesteceriodsat the air-
port, how mary Rightsare to bedelayedandhow long.

Gilbo [2] reporteda methodfor the optimizationof airport
capacityby dynamicallocationof the capacityover time be-
tweenarrivals anddeparturesln generalthe optimal solution
provides time-varying capacity problesthat most effectively
solve a predicted congestionproblem by reRectingthe dy-
namicsof the trafbc demandand the operationalconditions
at the airport. This approachwas further extendedin [9] to
a much more complex airport systemwherethe runways and
arrival anddeparturebxeswere consideredointly. The trafbc
Row throughthe airport systemis optimized by taking into
accountheinteractiorbetweerrunway capacityandcapacities
of bxes. The work in [2] and [9] mainly focusedon how to
develop an effective optimizing algorithm for a static ACM
problem,whereno systemuncertaintiesvereconsideredChen
and Hu [10] introducedthe recedinghorizon control (RHC)
stratgy to the method reportedin [2] to attack a dynamic
ACM problem, where uncertaintiesin the predictedtrafbc
demandsndoperationatonditionsattheairport werepresent.
The RHC-relatedparametersand potential advantageswere
investigatedin depth,andthe RHC-basednethodproved to be
more successfuto optimizeonline the airport capacityproble
in a dynamic ervironment. However, in thesethree papers,
the modelingof the ACM problemwas highly simplibPedsuch
that the capacityoptimizationcould be formulatedas a linear
programmingproblem, which could be easily and efbciently
resohed. Recently researchattentionhasbeenmoving to air
trafbc managemenin multiairport systems.Modelsandalgo-
rithms developed basedon single airport systemshave been
extendedo morecomplicatednultiairportcaseg11]D[13].For
example,the cutting planealgorithmandinteger programming
wereappliedto multi-ACM basedon an opennetwork model
in [11]; dynamic programmingand network topology were
used for multiairport trafbc Bow coordinationin [12]; and
methodsto attack the multiairport ground holding problem
wereparticularlystudiedin [13].

This paper attemptsto develop a newv genetic algorithm
(GA) basedon the RHC stratgyy to attackthe dynamicACM
problemin a multiairport system(MACM), whereights can
be redirectedbetweenairports in order to minimize delay
RedirectingRights betweenairportsmakes the ACM problem
more complicated andtherefore,it is difpcultto apply deter
ministic optimizationmethoddik e linearprogrammingo solve
theproblemeffectively. As is well known, aGA is alamge-scale
parallel stochasticsearchingand optimizing algorithm, and it
is effective for solving a wide rangeof complex optimization
problems[14], [15]. The corventionalway to apply GAs to
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the dynamic caseof the ACM problem is to simply use a
GA to repeatoptimizing capacity proble for the rest of the
operatingday Since it is sotime consumingthe GA usedin

this corventionalway can hardly meet the demandof real-
time propertiesin practice.On the other hand,in a dynamic
ervironment,thereis always someunreliableinformationin

the predicted trafbc demandsand/or the operationalcondi-
tions. For example,somefights may be canceledwvhile some
unanticipatedaircraft may ask for ememgengy landing, and
the weatheris alsoto an extent unpredictableTherefore,the
cornventionalway of optimizing capacityproblefor the restof

the operatingdaywill notnecessarilyesultin actuallyoptimal
or evensuboptimalkolutions.To overcomethesedrawbacksof

a corventionalGA, we introducethe conceptof RHC to GAs

for the dynamicACM problem. Simply speaking,RHC is an

N -step-aheadnline optimizationstrategy. At eachtime inter

val, basedn currentavailableinformation,RHC optimizesthe
particularproblemfor the next N intervals in the nearfuture,
but only the solution part correspondingo currentintenal is

implementedClearly, since the RHC stratgy only optimizes,
in eachtime intenal, the capacityprobleover an N -step-long
horizon otherthanthe restof the operatingday; it can effec-

tively improve the real-timepropertiesof GA andreducethe
inBuenceof unreliableinformation.However, the introduction
of RHC couldaso make thenew GA short sighted.To guaran-
teethesolutionquality of the RHC-basedGA, like [16], which

reportedsuch an algorithmfor aircraftarrival sequencingand
schedulingproblem, some RHC-related parameterssuch as
time intenal, lengthof recedinghorizon,andterminalpenalty
areinvesticatedin depth.

The remainderof this paperis organizedas follows: The
basicideaof RHC is brie3y explainedin Sectionll, the model
of MACM problemis given in Sectionlll, and the novel
RHC-basedGA for the MACM problem is proposedin
Section V. Section V reports some interesting simulation
results.The paperendswith someconclusionsn SectionVI.

Il. BAsIC IDEA OF RHC

RHC hasproved to be a very effective online optimization
strat@y in the area of control engineeringand is very suc-
cessfulwhen comparedwith other control strategies [17]. It
is easyfor RHC to handle complex dynamic systemswith
various constraintslt alsonaturally exhibits promisingrobust
performanceagainst uncertaintiessince the online updated
information can be sufpciently usedto improve the decision.
Within this framework, decisionsare madeby looking ahead
for N stepsin termsof a given objective function, and only
thedecisionfor the prststepis actuallyimplementedThen,the
implementatiorresultis checled, anda new decisionis made
by taking into accountupdatednformationandlooking ahead
for anotherN steps.RHC hasnow beenwidely acceptedn
the area of control engineering.Recently attention hasbeen
paid to applicationsof RHC to areaslike managemengand
operationgesearchFor example,theoreticakesearctwork on
how to apply modelpredictive control (anothemamefor RHC)
to a certainclassof discrete-gent systemswas presentedn
[18] and[19], andmary practicalimplementation®f RHC in
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Determine parameters for RHC algorithm, e.g., set time interval
and choose length of receding horizon. Let k=0.

=

v
At time interval k, measure the current system states, and

collect or predict the environment information for future.
v
Based on the current system states and environment
information, make decisions for the period from the kth time
interval to the (k+N)th time interval.

Only implement the decision for the kth time interval, and
discard the rest decisions for the period from the (k+1)th time
interval to the (k+N)th time interval. Let k=k+1.

Is k the end point of the dynamic process? No

Yes +
Assess the performance of RHC-based algorithm.

Fig.1. Flow chartof RHC.

(a). Offline optimization: Optimize capacity profile for the entire operating day
based on the predicted information before the operating day and generate a
static optimal solution.
&

Start of operating day

A

> >
End of operating day

(b). One-step-ahead adjustment: Make adjustment only for the current time
interval based on the latest updated information and the static solution of the
offline optimization.

C #
Start of operating day k k+1 End of operating day
(c). Conventional dynamic optimization (CDO): Optimize capacity profile

over the period from the current time & to the end of the operating day, and

then execute the optimal sub-solution over the period from k to k+1. At

time k+1, repeat the same procedure based on new information. And so on.

Start of operating day k k+1 End of operating day

(d). Receding Horizon Control (RHC): Optimize capacity profile over the
predictive horizon (from the current time k to time k+N ), and then execute
the optimal sub-solution over the period from & to k+1. At time k+1, repeat
the same procedure based on new information. And so on.

AL
soe

D »

—_ S >
k+N End of operating day

Start of operating day k

k+1

Fig.2. Someoptimizationstrategies.

the areaof commercialplanningandmarketing werereported
in [20]. However, as mentionedin [21], researcion applying
RHC to areasotherthancontrolengineerings juststarting.
The basicideaof RHC for dynamicoptimizationproblems
is illustratedby the Bow chartgivenin Fig. 1. Fig. 2 compares
the RHC stratgyy with someother conventional optimization
stratgies in an intuitive way. Due to system uncertainties,
the ofRine optimization strategy, as shavn in Fig. 2(a), is
not suitable for dynamic optimization processesHowever,
most algorithmsin the literature on the ACM problem are
mainly testedby using the of8ine strateyy: the so-calledsta-
tic version; e.g., see [2] and[9]. The one-step-ahea(lDSA)
adjustmentstratgy 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 recedinghorizonis N = 1. This special RHC is adways
criticized for being short sighted. The conventional dynamic
optimization(CDO) stratey in Fig. 2(c) is anotherstraightfor
ward way to handlethe dynamicACM problem. This strategy
often suffers from heary online computationaburden,andits
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performances relatively too sensitive to uncertaintieson the
currentpredictedinformation. The RHC stratey in Fig. 2(d)
has good potentialto retain/minimizethe merits/demeritsof
bothOSA andCDO.

However, integratingthe RHC stratagy into a GA to develop
aneffective andpracticablemethodto solve the dynamicACM
problemin a multiairport system requiresmuch more than
simply usingany kind of GA astheonlineoptimizerin theRHC
schemeTo make themwork in harmoly, in the brstplace,the
GA-basednlineoptimizershouldbe designedrom adynamic
point of viewNmore preciselyspeaking,from an RHC point
of view. Therefore,unlike other literature,we do not have a
so-calledstatic version of algorithmsin this paperbut directly
designour RHC-based5A for solving the ACM problemin a
dynamicervironment Aswill beexplainedin depthlater some
RHC-relatecharametersparticularlyterminalpenalty whichis
widely usedby the RHC in controlengineeringareadoptedo
designtheonline GA-basedptimizer

I1l. FORMULATION OF MACM PROBLEM
A. Basic Concepts

A multiairport systemcomprisesone (or more) mainairport
and someadjacentsatellite airports. The main airport mainly
senesinternationalpassengeand caigo Bightsin and out of
the area, while the satellite airports focus on most national
Rights and also sene as basesfor certain airlines. Usually,
thesesatellite airportsalsohave facilitiesto serve international
Rights, and they have someregularly schedulednternational
Rights,mostof which are caigo Rights.Due to the congestion
at the main airport, it happensquite often that somearrival
Rights (either national or international),which are originally
scheduledo land at the main airport, have to be redirectedto
one of thesesatellite airports.Sometimesdueto badweather
or other unexpectedpoor operationalconditions,as well as
congestionat a certain satellite airport, some or all of its
scheduledarrival RBights have to be redirectedo othersatellite
airportsbut usually not to the main airport. If suchan oper
ation of rearrangingarrival Rights is inevitable, cago Rights
should always be the brst under considerationthen national
passengefiights, and then internationalpassengefiights in
turn. This operationof dynamicallyrearrangingarriva Rights
betweenairports can effectively improve the trafbc volume
in the area. A simplibed schemeof a three-airportsystem
that reRectsthe arrivalbdepartureprocessesn the systemis
shovnin Fig. 3.

Eachairport comprisessomearrival bxes, departurebxes,
and a runway system. There are separatesets of arrival
and departurebxeslocatedin the nearterminal airspacearea
(50Db70km off the airport) so thatthe arrival bxes serve only
arrival Bow, andthe departurebxessene only departure3ow.
The runway systemon the ground senes both arrival and
departurdiows.

The arrival Rights are assignedo specialarrival bxes, and
beforelanding,they shouldpassthe bxes. After leaving run-
ways, the arrival Rights follow the taxiways to the gatesat
the terminal. The departure3ights, after leaving the gates,are
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Fig.3. Arrivalbdeparturechemeof athree-airporsystem.

headedor therunwaysand,afterleaving runways,go through
the departurebxes. The departing Bights are also assigned
to thespecialbxes.

The arrival queuesareformedbeforethe bxes (seeFig. 3).
This meanghatthe Rights that passthroughthe bxes mustbe
acceptedat the runways.If thereis an arrival queue,a certain
numberof Rights should be delayed.Someof themareto be
delayedin the air and some of them on the ground at the
departureairports. Thosedelayedin the air could either wait
to land at its destinationairport or be redirectedto another
airport. The departurequeueis formed before the runway
systemandRightscanbe delayeckeitherattheir gatesor onthe
taxiway.

The arrival and departurebxes have constantcapacities
(servicerate),which shav the maximumnumberof Rightsthat
can crossthe bx in a certainintenal. In this paper except
whereit is explicitly indicated,the time intenal for capacity
allocationis 15 min long, and therefore,the trafbc demand
for the airport is given by the predicted numberof arriving
anddepartingRRights pereach15-minintenal in the operating
day These capacitiesdeterminethe operationalconstraints
in the nearterminal airspace.The operationallimits on the
ground (runways) are characterizedby arrival capacity and
departurecapacity Thesecapacitiesare generallyvariable and
interdependent.

Basically the runway systemis the bottleneckresourceof
the airport. Onereasonis that the total capacityat all arrival/
departurebxes is usually larger than the possiblemaximum
arrival/departure capacity on the runways. Another reason
is that arrival/departure Bights can be reassignedto other
arrival/departurebxesif the previously assignedbxis saturated.
Like in [10], for the sake of simplicity, only capacitieson the
runwaysareconsideredn this paper

The optimal allocationof arrival capacityand departureca-
pacityontherunwaysis crucialto air trafbc [3ow management.
Thatis, if alarge valueis setfor arrival capacitymoredeparture
Rightshave to be delayed;otherwise more arrival Rights have
to wait in the air. Thereare a numberof major airports with
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Fig.4. Airport arrivalbdepartureapacitycurves(15 min).

runway conbgurationthatpracticethetradeof betweerarrival
and departurecapacitiesFor theseconbgurationsthe arrival

capacityu and the departurecapacityv are interdependent

andcanbe representedby a functionalrelationshipv = ! (u).
Generally given a time intenal, the functionis a piecavise
linearcorvex one.The graphicalrepresentationf the function
on the Oarna capacityDdepartureapacityCplane is called
the airport capacitycurve [2], [7]. Fig. 4 illustratesa 15-min
capacity curve with the tradeof area. The representatiorof
airport runway capacitythroughthe capacitycurves is a key
factorin themodel.

Besidegunway conbgurationsyeatherconditionsalsohave
a signibcantinBuenceon the arrival and departurecapacities
atthe airport. Weatherconditionsare clusteredinto four oper
ationalweathercatgyoriesthatref3ectcornventionallimitations
on visibility and ceiling, namely1) visible Right rules (VFR),
2) maginal VFR, 3) instrumentRight rules (IFR), and4) low
IFR. Capacitycurves vary for thesefour differentweathercate-
gories.For the sale of simplicity, only two weatherconditions,
i.e., VFR andIFR, areconsideredn this paper Fig. 4(a) gives
an example of the airport capacitycurwves for VFR and IFR
operationalconditions,wherethe IFR capacitiesare approxi-
mately30% lessthanVFR capacities.

In a multiairport system,eachairport may have quite differ-
ent capacitycurves, dependingon its infrastructureandfacili-
ties. The ACM problemin amultiairport systemaims, basecn
the capacitycurves of airportsandthe operationof rearranging
arrival Rightsbetweerairportsto dynamicallyallocatecapacity
over time betweenarrivals anddeparturest eachairportsuch
thatthearrival demandn theareaandthe departuredemancat
eachairportare optimally metin termsof a specibedbjective
function. The choiceof the objective functionis an important
stepin formulating the problem. The effectivenessof arrival
and departureoperationsin the system can be measuredby
the total delay time of the Rights being sened (i.e., the total
waiting time in the arrival and departurequeues)or by the
total numberof Rightsin the queueduring the operatingday.
Thesetwo measuredoth re3ectthe physical essenceof the
problemandarestrongly correlatedjargerqueuesneanlonger
delays.Which of the measurego usein the objective function
dependsn factorssuch asthe type of input dataavailable and
the simplicity of obtainingthe optimal solutions.For the same
reasongiven in [2], the total numberof RBightsin the queues
hasbeenchoserto constructhe objective functionfor optimal
capacitymanagement.
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B. Modeling of a Multiairport System

A constrainedtate-space-baseabodelis given asfollows to
describethe dynamicsof the airport capacitysystem,i.e., the
functionalrelationshipbetweenthe input data(airport capaci-
ties, trafbc rearrangementand predictedinformation) and the
output(arrival anddeparturequeues)

! %

ixi(w h=max 0xiWal! w7k
! zj (k)
s j=ij=1
yi(k + 1) = max(0,yi(k) + di(k) ! vi(k))
;'((8)):;'; i=1,...n, j=1....,n (1
subjectto constraints
0# vi(k) # 1 (k,ui(K)), Li(k,ui(k) $ 10 (2)
zij (k) # xi(K) + ai (k)
i=1...n, j=1...n Q%] @)
zim(k)=0and zyn,i(k) = 0, if z;(k)>0
ijym=21...,n, i%j, i=m 4)

wherek is the discretetime index, n is the numberof airports
in the system, x; (k) andy;(k) are, respectiely, the arrival
gueueanddeparturequeueat the ith airport by the beginning
of the kth time intenal, a; (k) andd;(k) are,respectiely, the
demandmeasuredas the numberof Bights per time intenal
for arrivals andfor departurest theith airportat the kth time
interval, u; (k) andyv; (k) are,respectrely, the arrival capacity
anddeparturecapacityattheith airportat thekth timeintenal,
zij (k) is the numberof Rightsredirectedirom theith airport
tothej th airportat thekth timeintenal, ! ; (k, u; (k)) is theith
airport®arrival/departureapacitycurve functionthatdepends
on the operationalconditions(e.g., weatherconditions)at the
kth time intenal, and! ; is a set of capacitycurve functions
thatrepresenall runway conbgurationsf theith airportunder
all weatherconditions x; (k), yi (K), & (k), di (k), u; (k), vi (k),
andz;; (k) areall nonngjative integers.Clearly, in this system,
xj (k) andy; (k) aresystemstatesor outputdataanda; (k) and
d; (k) areinput data,while the control signalsincludeu; (k),
vi (k), andz;; (k).

The model describesthe concerneddynamicsin a very
straightforvard way. For example,at eachairport, the arrival
gueueby the beginning of the next intena dependson the
arrival queue the arrival demandthe arrival capacity andthe
operationof rearrangingRights betweenairports at current
interval. If the currentarrival capacity can cover al of the
existing queue,nev demand,and rearrangediights for the
currentinterval, therewill beno arrival queueby next intenal;
otherwise thoseRights out of currentcapacitywill be delayed
asthe queueat the beginning of next interval. The samegoes
for the departurecase. The interaction betweenthe arrival
trafbcandthe departurdrafbcin the systemis simply but well
describedby z; (k) and constraints(2)D(4).Constraints(3)
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and (4) are specially given for the operationof rearranging
arrival Rights betweenairports. For example, constraint(4)

implies that each airport can either redirectits own arrival

Rights to othersor acceptRights redirectedfrom others but

cannotdobothat thesameime. In theabose model,we assume
that the main airport is also capableof acceptingredirected
Rightsfrom satelliteairports.

As discussedbefore, the actual queuesunder the real de-
mandsandreal operationaktonditionsin the systemduringthe
operatingdayarethemainconcerrnof thealgorithm.Therefore,
theperformancef theproposedRHC-basedsA will bejudged
by the objective functiondebnedhs

%

T n
3= "X (R) + (21 () i (K)
k=1i=1
+ #(K) 2,1 (K)
jtij =1

(®)

whereT denoteghe numberof 15-minintenals in the operat-
ing day, the coebcient0O# " (k) # 1 determineghe priority

rate for arrivals at the ith airport at the kth time intenal, the
correspondingriority ratefor departuraés (1! " (k)), andthe
coebcient#; (k) determineshe penaltyfor the operationof re-
arrangingarrival Rightsbetweerairports whichimpliesthatthe
idealsituationis for all arrival Rightsto landat their originally

schedulediirports. The determinatiorof either™ ; (k) or #; (k)

depend®n air trafbc scenarioandsysteminfrastructure.

IV. RHC-BASED GA FOR MACM PROBLEM

The methodologyof designingour RHC-basedSA follows
the commonpracticeof GAs: Designthe structureof chromo-
somes(datastructurescontainingan evolvable descriptionof
a possiblesolution to a problem), choosea btnessfunction,
debnegeneticoperatorsandintroducesomenecessaryeuris-
tic rules. In addition, for eachstep,we needto take an extra
factorinto account,.e., how to integratethe conceptof RHC.
For generalGA-relatedterms and techniqueswe can refer
to[14] and[15].

A. Structure of Chromosomes

In the RHC stratayy, let us supposethat the recedinghori-
zonis N stepslong. Then, at eachtime intenal in the dy-
namic MACM problem,the capacitymanagemenand trafbc
rearrangementvill be optimized online only for the current
N intenals into the future. In other words, at the kth time
interval, we just needto decideu; (k + 1]k), vi(k + 1]k), and
zij (k+ 1lk), 1 = 1,...,N. Hereafter(.|k) meansthe associ-
atedvariableis predictedor calculatedat the kth time intenal.
A chromosomeepresentsa potentialsolution to the MACM
problemover therecedinghorizonand,thereforejs constructed
basedonu; (.|k), vi (.[k), andz; (.|k). The capacityallocation
(ui (.|k), vi (.]k)) is subjectto a certaincapacitycurve as de-
pictedin Fig. 4, i.e.,the point (u; (.]k), vi (.|K)) mustbe within
the areaencircledby both the axes andthe capacitycurve. It
is easyto seethat whenchoosinga point (u; (.|k), v; (.]k)) in
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Fig.5. Structureof chromosomes.

orderto optimally sene both arrival and departuredemands,
we do not needto searchthe whole areaencircledby the axes
and the capacitycurve but only needto testthosepoints on
or nearesthe boundaryof the tradeof area,andwe call these
pointstradeof points(TOPs).For example,in the casegivenin
Fig. 4(b), the four TOPs,representedby circles,cancover any
workout by otherpointssubjectto thecapacitycurve. TOPscan
be automaticallydeterminedy a computeprogramaccording
to the following rule: For a valid point, which has integer
coordinategu, v) andis encircledby theaxesandthe capacity
cune, if there exists anothervalid point that has the same
arrival capacityu but a lager departurecapacityv, or which
hasthe samedeparturecapacityv but a largerarrival capacity
u, thenthe prst valid point is not a TOR. By using TOPs, the
size of solution spacewill be signibcantlyreducedwithout
sacribcingary performance.Supposethere are H;(k + 1|k)
TOPsin the capacitycurve for the (k + 1)th time intenal at
theith airport. Then,the structureof chromosomess given in
Fig. 5, wheretheith (N + N(n! 1)) genesgrouprepresents
the capacitymanagemenand trafbc rearrangementver the
recedinghorizonat theith airport. For theith airport, the brst
N genegecordghecapacityprobleover therecedinghorizon,
andh;(l) $ [1,...,Hi(k + 1|k)] is the serial numberof TOP
chosenfor the (k + I)th time intenal; while the following
N(n! 1) genesdeterminez; (.|k) for trafc rearrangement,
j=1,...,n,andj = i.

Eachchromosomealebnesa potential solution for capacity
managemenandtrafbc rearrangementver the recedinghori-
zon.By checkingthe TOPsrelatedto h; (.), onehasthe values
of ui (.|k) andv; (.|k). Togethewith z;; (.|k), onecancalculate
Xi (.]k) andy;(.|k) over the recedinghorizonaccordingto the
model given by (1)D(4)and then assesghe online solution
quality by the new costfunction
N )n %

$i(l) “ixi(k+ k) + (8 (D))

I=1 i=1

Ja(k) =

%yi(k + 1]k) + # (1)

jEij =1

Zj,i(k+ ||k) (6)

where$; (1) & 0 areweighting coebcientsthat determinethe
contrikbution of queuesandredirectediightsin eachinterval to
thetotal cost.
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B. Fitness Function

Basedon J;,(k), the btnessof the associatedchromosome

canbesimply debPneds
f = (Jzmax (K) ! J2(K)) 13 2,max (K) (7

whereJ; max (K) denoteghe maximumcostin a certaingener
ationof chromosomedn generaldueto the RHC strateyy, not
all air trafbc for the restof the operatingday is consideredn
eachtimeintenal. Theimplementatiorf thisRHC-basedolu-
tion will obviously have a certaininBuenceonthe management
of thoselights out of the currentrecedinghorizon.Neither(6)
nor (7) doesarything to assesshis inBuence.This could end
up with a short-sightedalgorithm.

In our RHC-based5A, theideaof usingterminalpenaltyin
the RHC proposedn controlengineerings borrovedto debne
anovel btnessfunctionas

o k) . +
J2(k) =J2(k) + ‘Vm Nac (K) ! Mac (k)
% L% '
% Nac (k) ! Mac (k) Mac (k)
* T1U min(T! 1,(k+ N)) N

®)
©)

* +_
f= J:_Z,max(k)-l J—Z(k) J—Zmax(k)

where%& 0isaweightingcoebcient,T isthesameasdebned
in (5), Nac (k) isthepredictednumberof total Bightsin therest
of the operatingday, M ac (k) is the numberof thoseRights
underconsideratiorover the recedinghorizon, M ac (k) is the
numberof thoseRights that will be allowed to land or depart
over the recedinghorizon accordingto the optimization,and
J5 max (K) denoteghe maximumJz (k) in a certaingeneration
of chromosomes.

Thesecondtermon theright-handsideof (8) istheterminal
penalty which assesseshe inBuenceof the current trafbc
managemenbn those Rights outside the receding horizon.
From (8), one can seethat the terminal penaltyis a function
in termsof the averagecost and the density of thoseBights
underconsideratiorover the recedinghorizonandthe number
and the density of thoseRights that are outsidethe receding
horizon after the currentrun of online optimization routine.
A lamger average cost usually meansfewer Rights will be
allowed to land or departduring the currenttime intenal,
andtherefore,more Rightswill be left for future optimization
processesThe numberof those Rights 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 thoselights underconsideratiorover
therecedinghorizon.Basically asmallerM ac (k) meansmore
Rightsare delayedinto future managementf more Bights are
left for futureoptimization,or if the densityof suchRights,i.e.,
(Nac (K) ! NMac (K)/(T! min(T! 1,(k+ N))), is lager
thanthe density of thoseRights underconsideratiorover the
recedinghorizon, i.e. Mac (k)/N, the current solution de-
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termined by the chromosomewill have a stronger negative
inBuenceonthefuture.%s a constantveightingcoebcientthat
determinegthe contrikution of the terminal penaltyto J>(k).
Coebcient % needsto be chosencarefully If the predicted
informationis more reliable, %can be setrelatively larger to
avoid short-sightegerformanceHowever, if %is too large,the
inBuenceof uncertaininformationin the future will become
unnecessarilgignibcantThe choiceof %alsodependn the
maximumN a c (k). Specially for a given % if the maximum
Nac (k) is very large, thenthe algorithm could also become
sensitve to uncertaintiesBasically for eachdifferentairport
system, extensive simulation studies and/or experimentsare
necessaryto bnd a proper vaue for % In this paper we set
%= 0.05for Nac (k) # 500

From (9), onehasthatif J>(k) is smaller the btnessof the
correspondingchromosomes larger, and consequentlyit is
relatively morelikely to survive throughthe evolution andto
produceoffspring.

C. Genetic Operators

In our RHC-basedGA for the MACM problem, mutation
randomlychangeghe value storedin a genewithin a certain
rangethatis relatedto thevariablerepresentetly thatgene For
example,h; (1) canvary randomlybetweenl andH; (k + 1|k),
andthechangeof z;; (.|k) is subjectto (3).

Thereare two kinds of cross@er operatorsin the brst case,
we randomly pick up two chromosomesand then exchange
their genesassociatedvith the (k + 1)th interval. In the othet
for two given chromosomeswe exchangetheir genesthat
determinecapacity problesor trafbc rearrangementver the
recedinghorizon. Either kind of cross@er could be chosento
applyto a certainchromosomei the sameprobability

D. Heuristic Rules for Setting Algorithm Parameters

To improve the solution quality as well asto increasethe
converging speedof GA, special problem-orientedheuristic
rules are always introducedfor setting algorithm parameters
in various practicesof GA. The following are some heuristic
rules proposedfor our RHC-basedSA to resole the MACM
problem.

¥ Sinceredirectingarrival Bightsto otherairportswill result
in penalty accordingto (6), such operationshould be
avoided wheneer possiblein the brstplace.To this end,
whena chromosomas initialized, thosegenesassociated
with capacity problesare generatedandomly prst, and
thenthosez;; (.|k)-relatedgenesare blled basedon the
resultof capacityallocation.In otherwords, we needto
calculatenew queuesbasedon the capacity allocation
before generatingz;; (.|k)-related genes.If thereis no
gueueattheith airportby theendof the (k + 1)thintenal,
thenz; (k+ I|k) = Oforj = 1,...,n,i = j. Otherwise,
zij (.|k) will begiven small valuesat high probability.
Wheneer k + | > T, al genesaresetto zero.

Basically a larger N, i.e., the length of recedinghori-
zon, meansa larger solution spaceto search.Therefore,
Ny, whichis the the maximumgenerationgor evolution,
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According to the nature of MACM problem, set time interval and choose
N for the RHC based GA. Conduct offline planning with the offline
optimization strategy given in Fig.2.(a). Let k=0.

| dl

*‘

At the kth time interval, implement previous optimal sub-solution, i.e., let

ulk)= ufklk), v{k)= v{klk), and z; (k)= z;(klk). Predict traffic demands and
environmental information in the rest of operating day.

v

Conduct online optimization with GA for capacity management and traffic
re-arrangement over the receding horizon subject to Eq. (1)-(4). Let k=k+1.

No

Is k the end of the operating day?

Yes *

Implement the optimal sub-solution for the last time interval.

v
Assess the performance of RHC based GA according to J; in Eq. (5).

Fig.6. Flow chartof RHC-basedsA for MACM problem.

andNp, which is the populationof a generationare set
accordingo N as

Ng =30+ 5max(0,(N ! 8))
Np =40+ 10max(0,(N ! 8)).

(10)
11)

¥ Self-adaptre crossoer and mutationprobabilitiesare in-
troducedto prevent excellent chromosomedrom being
destryed by evolutionary operatorsand to promote
the evolution of inferior chromosomed22], [23]. The
crosseer andmutationprobabilitiesare calculatedn (12)
and(13), shown at the bottomof the page,whereP. and
Pn are,respectiely, the crosswer and mutation proba-
bilities for evolving a certain chromosomen a certain
generationf 4« isthemaximumptnessnthegeneration,
andf . is the average btnessof the generationWhen
thegeneratiorcorvergesto alocaloptimum(f max ! favg
is very small), accordingto (13), P, will increaseto
diversify the following generation.In the reverse case
(fmax ! favg is very large), P; will increaseto speedup
convergence.Furthermore for those chromosomewith
largerbtnesstheir P, andPy, will berelatively smallerso
thatthey canbe protecteceffectively; otherwise for those
with smallerbtnessalamerP. andPy, will beappliedto
improve them.

E. Flow Chart of the RHC-Based GA

With the above technicalpreparationspur RHC-basedGA
for the MACM problem can eventually be developed by

IONS ON INTELLIGENT TRANSPORATION SYSTEMS,VOL. 8,NO. 2, JUNE2007

simply following the framevork of commonRHC algorithms,
asillustratedby the 3ow chartin Fig. 6.

The successfuldesignof the RHC-basedGA partially de-
pendson a properchoiceof thelengthof recedinghorizonN .
If N istoosmall, mostusefulinformationcouldbe missed and
thereforetheRHC algorithmcouldbe shortsightedandexhibit
poor performance On the other hand,if N is too lamge, the
computationaburdenwill becomevery heary, andin addition,
muchmoreunreliableinformationin thefuturewill beusedand
coulddegradethe solution quality of the algorithm.

To assessvhethera RHC-basedGA is properlydesignedas
well asto fairly comparewith otherrelevantliterature,the last
stepin theRow chartusesthe objective functionin (5) to assess
the bnalperformance.

V. SIMULATION RESULTS

For simplicity, we considera two-airport system in this
section.Trafbc Row dataat eachairportare initially predicted
over a 3-h period, and it is assumedhat thereis no trafbc
beyond the 3-h period on that day, i.e., the operatingday is
3 hourslong. Eachtime intenal is set as15 min, sothereare
12 15-min intenals in the operatingday Table | shavs the
predictedarrival anddeparturedemandsat the two airportsfor
eachl5-minintenel of theoperatingday The TOPsin capacity
cunes for VFR andIFR operationakonditionsat eachairport
aregivenin Tablell.

In this section the airport capacityallocationis optimizedin
threedifferentways, namely 1) CDO-basedGA (CDO_GA);
2) the proposedRHC-basedsA (RHC_GA); and3) the RHC-
basedlinear programming method in [10] (RHC_LP). In
CDO_GA, chromosomesave similar structures s 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 eachairport separatelyand then
assesits performancen termsof J; in (5). For RHC_GAand
RHC_LR N = 3in the simulation exceptexplicitly indicated.
The weightingcoebcient#; (1) = 0.5. To make a fair compar
ison with [10], the weighting coefcient$;(l) for the CDO-
basecandRHC-basednethodss, respectiely, given by

$i() = 13! I,
$i()=5! I,

12 (14)

(15)
Tablelll gives an exampleof capacityallocationandtrafbc

rearrangemerduring the operatingday The resultsarecalcu-
lated underRHC_GAwith " (k) = 0.5 andN = 3 basedon

(
08 max ! fav)f s (Fmax ! favg) < f
Pe = ( 0.8, (Fmax ! Favg) & f (12)

0.4,

(fmax ! T) & (fmax ! Tavg)
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TABLE |
ARRIVAL FLOW AND DEPARTURE FLOW OVER OPERATING DAY
The kth interval 12 3[4 ]5]6] 78 [9[10[I11 12 | Sum
Airport 1 Arr. |26 38 |42]129 ] 6 14120 140 [25 |13 | 12 [278
Dep. |36[32 9157 [10]17[33 [34]22 [13 1 229
Airport2 | Arr. [20] 21 | 4129 [30] 8 [15[11 |9 |19 |30 8 204
Dep. |27 11 4[24 |5 7 |25]13 |7 [17 [25 1 166
TABLE I
TOPs IN CAPACITY CURVES FOR VFR AND IFR
TOPs 1 2 3 4 5 6 7 8 9 10 | 11
AirPort 1 | VFR |17, 3018, 29]19, 28 20, 2721, 26[22, 2524, 2425, 2126, 1927, 17128, 15
[FR 12, 22]13,21] 14,20 [15, 19]16, 1817, 1718, 15]19, 13[20,11| -- -
AirPort 2 | VFR |14, 26{15,25]16, 24|18,23]19, 2221, 2122, 1823, 15P4, 12| -- -
[FR |10, 19]11, 18]12, 17|13, 16|15, 15]16, 12]17,9| -- - - -
TABLE Il
EXAMPLE OF CAPACITY MANAGEMENT BY RHC_GA(q; (k) = 0.5)
kth 15- Airport 1 Airport 2
min time Arrival Departure Arrival Departure
interval Cap. | zp; [Que.| Cap. [Que.| Cap. | z, |Que.[ Cap. | Que.
1 19 0 7 | 28 8 19 0 1 22 5
2 24 0 |21 24 16 22 0 0 18 0
3 25 0 | 17 [ 21 4 23 21 2 15 0
4 25 0 |21 |21 0 21 0 |10 21 3
5 26 0 1 19 0 24 0 | 16 12 0
6 24 0 0 | 24 0 24 0 0 12 0
7 21 0 0 | 26 0 15 0 0 25 0
8 17 0 0 | 30 3 21 3 0 21 0
9 17 0 9 | 30 7 23 41 0 15 0
10 24 0 | 10 [ 24 5 19 0 0 22 0
11 26 1 0 19 0 21 0 8 21 4
12 24 0 0 24 0 21 0 0 21 0
Total 272 1 86 | 290 43 253 38 | 37 225 12
RHC_LP 278 - [ 143 [ 229 77 204 - [ 31 166 12
TABLE IV
COMPARATIVE RESULTS IN STATIC ENVIRONMENT
Case 1 (0; (k)=0.5) Case 2 (o, (k)=0.7)
Arr./Dep | RA | J; ACT | Arr/Dep | RA | J, ACT
Queue Traf. (sec.) | Queue Traf. (sec.)
RHC_GA | 150/51 29 | 115 19.75 | 63/147 46 | 111.2 | 2039
CDO_GA | 167/63 23 | 126.5 | 321.5 | 81/186 40 | 132.5 | 3159
RHC_LP | 174/89 - 131.5 | 0.23 113/219 - 1448 | 0.28

the assumptiorthatno uncertaintiesre presentj.e., theactual
demandsare the sameas the predictedonesin Table |, and
two airports are always underthe VFR operationalcondition.
From Tablelll, it is evidentthatthe optimal solutionprovides
atime-varying capacityprobleandtrafbc rearrangementoth
of which efbcientlysolve the predictedcongestiorproblemby
reRectinghedynamicsof trafibc demandn thesystem.Thelast
row in Tablelll shavsthetotal queuesptimizedby RHC_LP
Onecanseethat, at Airport 1, thetotal arrival/departuregueue
underRHC_GA is 57/34 Rights lessthan the corresponding
gueueunderRHC_LP at the small costthat the arrival queue
at Airport 2 increasedy six Rights. Accordingto the common
objective functionJ; given in (5), RHC_GA achievesa value
of 108.5,whichis muchsmallerthan131.5,whichisthevalue
under RHC_LP The main reasonfor this is that RHC LP
doesnot supportthe operationof rearrangingrafbc dueto the

linearprogramming-basedptimizer while under RHC_GA,
a total of 39 arrival Rights are redirectedbetweenAirports 1
and 2. However, beforewe can make further conclusionson
RHC_GA, extensive simulationstudy needgo be conducted.
One of the main purposesof this sectionis to compare
RHC_GAwith RHC_LPandCDO_GAIin orderto assessur
new agorithmin termsof bothperformanceindcomputational
efbcieny. The RHC stratgy is expectedto bring benebtdn
a dynamicervironment,but it is still necessaryo investigate
theperformancef RHC_GAin astaticervironment,i.e.,there
are no uncertaintiesandthe real arrival and departuretrafbc
and operationalconditionsare exactly the sameas predicted.
Table IV shows someresultsof this comparison,where the
actualtrafbc demandsare the sameas the predictedonesin
Table I, and the operationalconditionis VFR. In eachcase,
the datarelatedto eitherRHC_GA or CDO_GA arebasedon
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TABLE V
COMPARATIVE RESULTS IN DYNAMIC ENVIRONMENT
Case 3 (a;(k)=0.5) Case 4 (a;(k)=0.7)
Arr./Dep | RA J1 ACT Arr./Dep | RA J1 ACT
Queue | Traf. (sec.) Queue | Traf. (sec.)
RHC GA | 381/151 | 53 [ 2925 | 21.03 211/427 [ 71 | 311.3 | 21.98
CDO_GA | 409/189 [ 45 | 321.5 | 331.7 258/449 | 65 | 347.8 | 321.0
RHC_LP 435/219 - 327 0.25 305/482 - | 358.1 0.27
TABLE VI
INFLUENCE OF N ON RHC_GA(TIME INTERVAL IS 15min)
N 1 2 3 4 5 6
J1 120.7 113.6 115 116.1 118.9 1224
Jx3 362.1 340.8 345 3483 356.7 367.2
ACT(s) 8.73 14.47 19.75 25.14 39.62 8539
TABLE VII
INFLUENCE OF N ON RHC_GA(TIME INTERVAL IS5 min)
N 1 2 3 4 5 6 7 8 9
Jy 366.5 | 337.8 | 328.6 | 330.2 | 3257 | 329.1 | 331.8 | 3342 (341.5
ACT(s) | 4.21 6.74 8.02 11.25 | 1339 | 1544 | 17.79 | 20.17 (23.68

50 simulationruns, while the dataof RHC_LP are basedon
onesimulationrun. Hereafter ACT standsfor averagecompu-
tationaltime. TableV further gives resultsof comparingthree
algorithmsin a dynamicervironment,where20% of predicted
trafbcdemandsandpredictedoperationatonditionsareuncer
tain. Uncertaintiesare generatedandomlyover the operating
day, andthen,this historyof uncertaintie$s savedin adatabase
asone record.Eachtime the threeagorithms are testedand
comparedthe samerecordof uncertaintiess applied.For each
casdistedin TableV, 20 recordsf uncertaintiesre usedwith
eachrecordof uncertainties50 simulationrunsareconducted
undereither RHC_GA or CDO_GA, while one simulationis
rununderRHC _LP

From TableslV andV, one can seethat, due to no traf-
bc rearrangemenin RHC_LP its performanceis the worst,
which meansin a multiairport system,the operationof trafbc
rearrangemertetweernirportscaneffectively reducethetotal
gueue.Although CDO_GA also considerstrafbc rearrange-
ment, the CDO strategy requiresoptimizing the trafbc RBow
over therestof the operatingday, which usuallymeansa huge
solutionspacefor the GA-basedptimizerto searchandthere-
fore, the performances not signibcantlyimproved compared
with RHC_LP By integrating the RHC strategy into GA, our
new agorithm achieves the best performanceAs for online
computationalefbcieny, RHC_LP is the fastest,becauseit
employsalinearprogrammingalgorithm.CDO_GA,agindue
to the CDO stratayy, is the slowestalgorithm. Again, thanks
to the RHC strategy, the computationaltime of RHC_GA is
signibcantlyreducedwhen comparedwith CDO_GA. Since
eachtime intenal is 15 min (900 s), our RHC_GA is per
fectly ready for real-time implementationsTherefore,from
TablesIV and V, one will cometo the conclusionthat the
RHC_GA proposedin this paperis the best agorithm in
termsof tradeof betweensolution quality and computational
efbcieny. TableslV andV aso show thatthe arrival priority
coebcient" | (k) hassignibpcaninBuenceon the Pnalsolution.

Anotherobjective of this sectionis to study how to choose
thoseRHC-relatedparameterssuchaslength of horizonand
time intenal, for RHC_GA such that the RHC stratgyy can
be effectively integrated into GA for the dynamic MACM
problem.The resultsof studyarelistedin TablesVI andVII.
In Table VI, eachtime intenal is as before,i.e., 15 min, and
the length of the recedinghorizon N changesfrom 1 to 6;
while in TableVIl, eachtime intenal isreducedo 5 min, and
N changeswithin the rangeof 1 to 9. In TablesVI and VII,
the trafbc demandggiven in Table | are used.For Table VI,
whereeachtimeintenal isjust5 min, eachtrafbcdemandor a
15-min intend in Table | is randomly divided into three
successie 5-min intenals, andthoseTOPsgiven in Tablell
also needto be modibedaccordingto the 5-min interval. In
the smulation, at " ; (k) = 0.5, there are no uncertaintieson
either demandsor operationalconditions,and with eachN,
50 simulationrunsareconducted.

From TablesVI and VII, one can clearly seewhat is the
inBuenceof N on the performanceand the computational
burden of RHC_GA. In general,as N increasesthe perfor
manceof RHC_GAimproves at brst andthendegradeswhen
N is too lamge. This is understandableDue to the natureof
GA, the performanceshould degrade with the length of the
recedinghorizon,but a too short recedinghorizoncouldresult
in short-sightegberformancee.g.,whenN = 1. Clearly, in this
simulation,therecedinghorizonshouldbe within 15to 45 min
in orderto achieve the bestperformanceOnline computational
burdenis no doubtincreasinggs N goesup.

Oneshouldnotethatthevalueof J; approximatelyindicates
how mary Rightsare delayedWhenthetimeintenal is 15 min,
as in Table VI, one RBight equalsa 15-min delay while
in Table VII, where the time intenal is 5 min, one Right
meansa 5-min delay Therefore to fairly comparethe datain
TablesVI and VIl, oneneedsto multiply thosevaluesof J;
in Table VI by 3, as shown in the third row of Table VI.
Comparingl; % 3in TableVI with J; in TableVIl, onecansee
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that,generally RHC _GA achievesbetterperformancewith the

5-minintenal thanwith the15-minintenal. Thisis reasonable

becausea shortertime intenal meansmore Rexibility in the
airportoperationTableVIl illustratesthatshorteningeachtime
intenval, e.g., from 15 to 5 min, is an effective way to improve
theRexibility andperformancef the ACM.

VI. CONCLUSION

A GA basedon the conceptof RHC is proposedor solving
the dynamic ACM problem in a multiairport system, where
Bights can be redirectedbetweenairports. The methodology
of integratingthe RHC strategy into a GA for real-timeimple-
mentationsin a dynamicACM environmentis systematically
studied.How to designthe GA from anRHC point of view and
how to choosethosemethodology-relategharametersuch as
time intenal, lengthof recedinghorizon,andterminalpenalty
areinvestigatedin depth.Simulationresultsshow thatthe new
methodproposedn this paperis effective andefcientto solve
the ACM problemin adynamicmultiairportenvironment.

However, moreeffort is requiredbeforeany realapplications
of theproposednethodcanhappenFor example,a morecom-
plicatedmodelshouldbe used,morereal trafbc Row dataand
scenariosre neededor experimentsmorewidely comparatie
work should be carried out, and further systematicanalyses
arerequired.
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