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Abstract models of airport operations already exist, such as
SIMMOD*? or TAAM?Z. They can be useful to evaluate
Air traffic growth and especially hubs developmerjualitatively the relative effects of various airport im-
cause new significant congestion and ground delaysgiavements. The D¥Pproject ([IDA198]) focuses on
major airports. improving the performance of departure operations. Fi-
Accurate models of airport traffic prediction can promally, a component of the TARMAEproject focuses
vide new tools to assist ground controllers in choosirg the ATC-related traffic planning systems for airport
the best taxiways and the most adapted holding poiftgvements.
for aircraft. Such tools could also be used by airport In this paper, a ground traffic simulation tool with a
designers to evaluate possible improvements on airp@shflict resolution module is introduced and tested on a
configurations and airport structure. one day traffic sample on Roissy Charles De Gaulle and
In this paper, a ground traffic simulation tool is proorly airports. Different optimization strategies are used
posed and applied to Roissy Charles De Gaulle and Otdyfind the best trajectory and the most adapted hold-
airports. A global optimization method using genetigag points for taxiing aircraft. The goal is to minimize
algorithms is compared to a 1-to-n strategy to minimizRe time spent from gate to take-off or from landing to
time spent between gate and runway, while respectigigte, respecting the separation with other aircraft and
aircraft separation and runway capacity. the runway capacity. During the optimization process,
In order to compare the efficiency of the differerdctual one way taxiways, operational airport configura-

optimization methods, simulations are carried out onti@ns and speed uncertainty are considered.
one day traffic sample, and ground delay due to holding

points or taxiway lengthening is correlated to the traffic .
density on the airport. 2 Problem modeling

. The problem is to find, for each aircraft, an optimal path
1 Introduction from its gate to a given runway take-off position or from
its runway exit to its gate position, respecting a given
Traffic delay due to airport congestion and ground oBeparation between aircraft.
erations becomes more and more penalizing in the totapn optimal path can have different definitions: for
gate-to-gate flight cycle. This phenomenon can be éxample, the length of the path or the total taxiing time.
a large part attributed to recent hubs development, g&she same topic, holding on a taxiway can be more or

all departures and arrivals are tending to be schedulgds penalizing than increasing the length of the path or
at the same time. Moreover, many ATC problems amg|ding at the gate position.

environmental inefficiencies can appear as a result of
taxi queueing and take-off time uncertainty. As airport
designers are in charge to build new taxiways to reduce
congestion and improve ground operations, ground sim-
ulation tools become essential to validate their choices
before rgalization. . LSIMulation MODel (FAA)
E_V‘?” if mo_st research prpjects are concentrated OnzTotal Airspace and Airport Modeler (Preston Group)
decision making tools for airspace controllers and do 3peparture Planer
not consider ground operations utilities, highly detailed “Taxi and Ramp Management And Control (DLR)
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Figure 1: Roissy airport graph - Example of shortest and alternate paths
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Figure 2: Orly airport graph - Example of shortest and alternate paths



Speed limitation (m/s)

Therefore a global optimum criteria will have to be
defined in the following. However, the purpose of this 10
article is not to discuss the choice of such criteria, which
can be refined without modifying the algorithm itself,
considering many different factors related to the airport
geometry, the traffic, or airlines preferences...
By the way, it is quite difficult to predict with a good O T T o o o 0 e mne e ()
accuracy the future positions of aircraft on taxiways.
First of all, the exact departure time is generally knowFigure 3: Speed limitation as a function of turning rate
only a few minutes in advance (many factors can cause
delays), and the exact landing time depends on the run- .
way sequencing. Hence, the proposed model should® An A* algorithm [Pead4] can compute the best
take into account speed uncertainty and must be reg- Path and the corresponding minimal time spent be-

ularly updated with real aircraft positions. tween two given nodes (gate and runway entry for
example).
2.1 Airport structure e A Dijkstra algorithm [AMO93] can compute best

paths and corresponding minimal time spent from
An airport is described by its gates, taxiways and run- a given node to every other node.

ways. Different kind of taxiways can be differenced: . . . :
e A Recursive Enumeration algorithm [MJ96] using

the Dijkstra’s result can compute tliebest paths

e Gate specific access (entries, forward exits or from a given node to another.

push-backs), characterized by a very low speed;

. _ ~ e ABranch and Bound algorithm [HT95] can com-
e Runways access (entries and exits), containing pute all alternate paths lengthening the best path
the actual holding points before take-off and exit |essthan a given distance or time.

points after landing with specific speed limitations;

. Ta?dv.vays intersecting runways, with access '® o> Aircraft model
strictions ;
Aircraft are described by their flight-plan (ident, depar-
¢ Simple taxiways, where speed limitations is modure or arrival time, gate position, requested runway,
eled as a function of the turning rate (figure 3). eventually their CFMU slot...), their wake turbulence
category (low, medium or high) and their take off or
Connections between taxiways are limited (it is néanding distance.
always possible to proceed from a taxiway to another,In order to perform conflict detection, a model for
even if they are intersecting). The airport descriptigircraft separation is defined. This model takes into ac-
specify usable taxiways connections. count runways area, 90 meters away from each side of
Thus, the airport is defined by a graph: links repréhe runway (or 150 meters away on bad weather con-
sent connections between taxiways whereas nodes @Hons). On these area, aircraft are considered on the
taxiways themselves, gate positions, and landing 'sway even if they are not taking off or landing.
take-off points. The cost from a taxiway node to its Aircraft separation model is defined as follows :
connected nodes is the time spent to proceed via this » )
taxiway, taking into account speed limitations due to ® &rcraft on gate position are separated with all
this taxiway. The cost from the other nodes (gates and Other aircraft.
runway positions) to their connected nodgs is null. e The distance between two taxiing aircraft must
.F|gure 1 represents the graphs of Roissy and Orly  haver be lower than 60 meters.
airports. These graphs are obviously connected. Clas-
sic graph algorithms can be used to compute alternative No more than one aircraft at a time can take off or
paths for aircraft: land on a given runway.



e Atime separation of 1, 2 or 3 minutes (depending Holding position

. . ' ath
on the aircraft category) is necessary after a take possible positions! P
off to clear next take off or landing from wake tur- — ;
bulence.

e When an aircraft is proceeding for take off or land-
ing on a given runway, other aircraft can be taxiing
on the same runway area only if they are behind the

proceeding one. §
S
2.3 Speed uncertainty w B
Speed uncertainty is modeled as a fixed percentage of
the initial defined speed (which is function of proce-
dures and turning rate). Therefore, an aircraft is con-
sidered to occupy multiple possible positions at a given ime

time.

Separation is ensured if all of the possible aircraft po- Figyre 4: Uncertainty reduction on holding points
sitions are separated from others, as defined before.

When an aircraft is following an other one, its speed Tw
uncertainty will be reduced as the pilot won't go faster N | redicion
than the first one. T :

Speed uncertainty reduces the validity period of pre- (- |
dictions. Thus, simulations with speed uncertainty will .
be carried out with a lower time window (see 2.5). l !

Simulation steps

2.4 Aircraft maneuvers
Figure 5: Time window
In order to minimize the total delay and to ensure sepa-

rations, the path of an aircraft can be modified and air-
craft can hold position at the gate, on taxiway or que@5 Simulation model
at the holding point before take off.
Thus, a ground control order is described by : As the aircraft future positions and movements are not
known with a good accuracy, it is necessary to regularly
e The path that the aircraft must follow, chooseHPdate the situation, every minutes for example. By

among the computed possible paths for the affe same time, looking a long period ahead is not pos-
craft; sible as predictions are not good enough.

Consequently a time windoW,, > A is defined.
¢ Eventually, the holding positiop on this path and Only aircraft taxiing in the time window will be consid-
the timet until which the aircraft must hold on.  ered. The time window will be shifted everty minutes,
the problem reconsidered and a new optimization per-
In order to perform acceptable maneuvers, only of@med (see figure 5).
holding order should be given to the pilot at a time, and At each simulation step (everd minutes), traf-
proposed alternative paths should not lead an aircraffi®© prediction is performed for the neft, minutes
use the same taxiway twice. and pairs of conflicting aircraft positions are extracted.
With such a holding model (hold at positignun- Conflict resolution for this simulation step consist in
til time t) uncertainties defined before can be reducethoosing for each aircraft a path among the given set of
while referencing a precise holding position and a prpessible paths and an optional holding point and time to
cise end holding time (see figure 4). ensure separations.



2.6 Global optimum criteria 3.2 Sorting method

In the current version, the global criteria to minimiz&s last considered aircraft are extremely penalized
is defined by the total rolling time (including queueingthey must avoid all first considered aircraft) the way
for runway time), added to the time spent in lengthenéal sort aircraft is a determining factor.
trajectory. With this definition, lengthening trajectory A simple way to assign priority levels is to consider
appears to be twice more penalizing than holding po#iie flight-plan transmission time to the ground con-
tion. trollers.
This option seams the most realistic as ground con-

. trollers can hardly take into account an aircraft without

3 A* 1-to-n Strategy its flight-plan. In the simulation context, this is equiv-

) ) _ alent with sorting aircraft by their departure or arrival
In this strategy, aircraft are sorted and considered ofjeq

after the other.

The optimization problem is reduced to one aircraft:
the algorithm must find the best path and/or the beste As landing aircraft can’t hold position before exit-
holding point for the aircraft, taking into account the ing runway, their priority level must be higher than
trajectories of the other aircraft already considered. In all taking off aircraft.
this point of view, first considered aircraft have priority
on last considered aircraft.

However, this option must be refined :

e Queueing for runway aircraft should be sorted in
their queue order.

3.1 Graph modeling In order to satisfy these principles, a tirffig is af-

. fected to each aircraft as a function of its begining time
The 1-to-n strategy for an aircraft can be modeled a?rg‘and its remaining time,

graph exploration problem : T, = Ty + t, for departures,

e Anode of the graph is a position in a pathofthe ~ Le = To — Lhour for arrivals.
aircraft at time. Aircraft are sorted by increasing valuesy.

e An heuristic function for this node is the minimal ) .
remaining time to reach the end of the path. 4 Genetic Algorltth

e If a node represents a conflicting position with aln these strategies, classical Genetic Algorithms and
ready considered aircraft, it has no son. Evolutionary Computation principles such as described
in the literature [Gol89, Mic92] are used. The algorithm

* Each non conflicting node has two sons : is used evenA minutes on the problem defined in sec-

_ The first son is the next position in the samion 2-5. _ _ _
pathp; at timet + 1 (the aircraft go forward). Two strategies are developed : in the first one, the
The Czost to reach this sonis algorithm finds a path and an optional holding position

_ . . for each aircraft. In the secund one, the genetic algo-
— The second son is the same position at tiMg, o, fings a path and a priority level for each aircraft,

t + 1 (the aircraft hqlds position at t'mﬁ): and an A* algorithm is used to compute the resulting
The cost to reach this son 25 as a delay is trajectories

given to the aircraft.

e The root nodes are the first position on each pati#.1  Data structure

of the aircraft at current timg,. . o . .
& During each optimization process, each aircraft trajec-

e The terminal nodes are the ones describing a ntay is described by its own parameters:

conflicting position of the aircraft at timig + 7. .
e The first strategy need® numbers 4, p, t) for

An A* algorithm can easily find the best solution for ~ each aircraft:n is the number of the pathy and
the aircraft. t the evantual holding position for the aircraft (if



parent A parent B

p is reached aftet, the aircraft does not stop) as

. . . aircraft 1 AL <<B1 E child1  child 2
detailed in section 2.4. airoaft 2 Az\\
aircraft 3

B3 << A2

. aircraft 4
e The secund strategy nee2Zlaumbers, prio) for aircraft s AS #B5 = 85 #AS
each aircraftn is the number of the path anaio alrcrait & - g
its priority level. DN
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4.2 Fitness function

5
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For the two strategies, the fitness function must ensure
that a solution without any conflict is always better than
a solution with a conflict. Consequently it was decided Figure 6: Crossover operator
that the fitness of a solution with a conflict should be

less thart and the fitness of a solution without any con-

flict more than; . 4.4 Mutation operator

Thus, for a solution wit,. remaining conflicts, . . .
For each candidate to mutation, parameters of an air-

1 craft having one of the worst local fithess are modified.
F= 1+n, The crossover and mutation operators are quite deter-
ministic at the beginning as many conflicts have to be to
For a solution without any conflict, solved. They focus on making feasible solutions. When
solutions without conflict come in the population, they
1 1 become less deterministic.

+
2 2+Z£\;1dz’+li

whered; is the delay of aircraft andl; the time spent 4.9 Clusters

by aircrafti in lengthened trajectory. In order to lower the complexity of the problem as of-

ten as possible, a transitive closure is applied on con-
4.3 Crossover operator flicting aircraft pairs and gives the different clusters of
conflicting aircraft [DAN96]. The different clusters will
The conflict resolution problem is partially separable & solved independently at first. If the resolution of two
defined in [DA98, DAN96]. In order to increase thelusters creates new conflicting positions between them,
probability of producing children with a better fitnesghe two clusters are unified and the resultant cluster is
than their parents, principles applied in [DA98] wergolved.
applied. For each aircraftof a population element, a
local fitnessF; is defined as :

4.6 Sharing
* for an aircraft withn, > 0 conflicts, The problem is very combinatorial and may have many
F; = 1000 * ng; local optima. In order to prevent the algorithm from a
premature convergence, the sharing process introduced
¢ for a non conflicting aircraff; = d; + [;. by Yin and Germay [YG93] is used. The complexity

of this sharing process has the great advantage to be in
The crossover operator is presented on the figurenBog(n) (instead ofa? for classical sharing) ifi is the

First two population elements are randomly chosen. Fsize of the population.
each parenfl andB, fitnessA; and B; of aircrafti are A distance between two chromosomes must be de-
compared. IfA; < B;, the children will take aircraft fined to implement a sharing process. Defining a dis-
of parentA. If B; <« A;, the children will take aircraft tance between two sets & trajectories is not very
i of parentB. If A; = B; children randomly choosesimple. In the experiments, the following distance is
aircraft A; or B; or even a combination od; andB;.  introduced:
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nb acft -> mean delay (min) - 1-to-n method ——
Global method ---x---
Mixed method --- -

_ Zf\il |lAi lBi | r

D(A,B) = N i

14, (resplp,) is theit" aircraft path length of chromo-
someA (respB). As the paths are sorted according to®[
their length, the distance increases with the difference e
of lengths. 7 S

4.7 Ending criteria A

20 X

As time to solve a problem is limited, the number of | ~
generations is limited: as long as no available solutioris 5 10 is 2 = 2 s
is found, the number of generation is limited5@. The

algorithm is stoppe@0 generations after the first ac
ceptable solution (with no remaining conflict) is found™

Figure 7: Mean delay as a function of the number of
oving aircraft.

35

t-> Nb acft 1-to-n method
Global method -------

5 Experimental results el |

5.1 Simulations

Simulations are carried out with real flight plans of, |
Roissy Charles De Gaulle and Orly airports on a com-
plete day (Mayl8™th 1999). g

Three strategies are compared :

¢ in the“1-to-n method”, aircraft are sorted as de-
scribed in 3.2. They keep the same priority level’ [~
during all the simulation and an A* algorithm finds |
the best solution.

e in the“Global method” , a genetic algorithm finds Figure 8: Number of aircraft as a function of time.
a path and an optional holding position for each
aircraft in order to minimize the global criteria de;

X . S
scribed in 2.6.

L L L L
0 5 10 15 20 25

.2 Comparing the strategies

« in the “Mixed global method” , a genetic algo- As Roissy and Orly simulation results has given the
' jSame relative conclusions about the 3 strategies ef-

ficiency, figures related in this article only concerns
Ahoissy Charles De Gaulle airport.
Figure 7 gives the mean delay as a function of the

craft and the fitness function is computed by an
algorithm applied on sorted aircraft.

Simulations parameters: number of aircraft moving on the taxiways for the dif-
Time window : T, = 5mn ferent methods. When number of aircraft increases, the
Simulation step A = 2mn mixed method appears to be the best one.
Speed uncertaintyd = 10% Figure 8 gives for the different strategies the number
GA Population size200 of aircraft simultaneously moving as a function of time.
GA number of generation$0 It appears that the mixed method keeps a lower number
GA Crossover rate60% of moving aircraft during heavy time periods: a good
GA Mutation rate:15% resolution of ground traffic conflicts allows to decrease
GA Selection principle: stochastic reminder withoudelay and then leads better situations with less moving
replacement aircraft.
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