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Abstract

The last few decades a lot of attention has been paid to Collaborative Decision Making in
Air Traffic Management. A lot of models are proposed in which information of stakeholders
(mainly airlines) is used in some way to improve the decision process. When doing this,
fairness becomes an important issue. However, it is not always clear what will be considered
fair by the airlines involved.

In this paper we will use the aircraft landing problem to illustrate various definitions of
fairness, that stem from the use of airline preferences. In this problem, a landing order and
feasible landing times have to be determined for a set of flights at a runway. The airlines
cost and the various definitions of fairness are used as objective for the problem. Local search
heuristics are introduced to solve these formulations.

Numerical experiments using schedule data from a large European airport are used to
evaluate how the fairness definitions and heuristics behave for real life problems. The results
show that it is possible to achieve more fairness, while still obtaining considerable cost com-
pared to the FCFS schedule. The heuristics obtain reductions of up to 26% in the root mean
square deviation of the average cost per airline. The different heuristics show that schedules
with different trade-offs between efficiency, cost, delay and fairness can be obtained. Hope-
fully, these results can be a starting point for discussing the fairness issues related to the
introduction of CDM processes among air traffic stakeholders.

1 Introduction

The last few decades Collaborative Decision Making (CDM, [10], [II]) has become an important
concept in Air Traffic Management. Several models are proposed in which information of stake-
holders (mainly airlines) is used to improve the decision process. In this way airlines will have
more influence on the outcome. Air Traffic Control needs to make sure that the outcome is fair
to all airlines. In this paper we will discuss fairness considering the aircraft landing problem.

Airport arrival (runway) capacity is subject to large changes, mainly because of weather and
visibility conditions. The demand however, is largely predictable because it mainly consists of
scheduled flights. During peak hours, this demand is close to, or even temporarily exceeds the
maximum capacity. This is especially the case at hub airports. Therefore it is important to use the
available runway capacity efficiently, especially during peak hours. It is also a sensitive decision,
because the scarce capacity has to be assigned to competing airlines.

Two different approaches to model this problem are known. The so-called ground delay pro-
gram considers the capacity during a time period given and then flights are assigned to arrival
slots (fixed length time intervals). This assignment is done in the order of the original schedule.

Secondly, the aircraft landing problem determines the optimal sequence and landing times at a
runway. The separation required between consecutive aircraft depends on the types of the aircraft
and is therefore sequence dependent. This is explicitly considered in the aircraft landing problem.



Focusing only on efficiency can result in unacceptable delays for individual flights. This could
have a large impact on passengers and airline processes, e.g., missed transfers and crew or aircraft
scheduling problems. However, flight delay is a poor measure of the impact for airlines and
passengers, because the impact of a certain delay might differ from flight to flight depending on,
amongst others, the number of (transfer) passengers.

This can be handled by making the airline owner of the arrival slots assigned to its flights.
The airline is allowed to (re)assign it own slots to one of its other flights. The exchange of slots
between airlines can also be considered. In this case fairness has to be considered. This can be
done by introducing some kind of compensation for slot exchanges. However, when assigning fixed
length slots, capacity is considered as input and runway capacity is not optimized.

In the aircraft landing problem runway capacity is considered, because flights get assigned
landing times instead of fixed length landing slots. This limits the possibilities for negotiating
between airlines, because changing the sequence of flights could affect the landing times of other
flights. This does not mean airline preferences cannot be considered. However, there is a fairness
issue that has not yet been adressed.

In another paper [I5] we introduced a model for the aircraft landing problem that considers
airline preferences. Airlines define a cost function for each arriving flight, which relates the arrival
time of the flight to costs. The resulting cost functions parameters will be provided to the air
traffic control organisation and will be used to generate arrival schedules with minimal cost.
Computational experiments show that the total cost savings are tremendous.

It is also the role of air traffic control to assure that air traffic proceeds in an equitable manner.
Consequently, ATC decision support tools that take airlines’ operating costs into consideration
must do so in a manner that does not show favor to some airlines at the expense of others. In [I5],
we propose a scaling mechanism that scales the cost functions in such a way that the average delay
cost per minute per flight are equal for all airlines. At the same time the cost ratio between flights
of the same airline are preserved. Now the problem is solved minimizing the sum of the scaled
cost. The scaling mechanism makes it possible to compare the flights regardless of their airline
in a fair way. However, this is no guarantee that the scaled cost and/or delay is shared equally
among the airlines. Indeed, our computational experiments showed large differences between the
costs and savings of different airlines.

In this paper we aim at modeling fairness more explicitly. It is not trivial to define and
measure fairness. Therefore we will introduce various definitions of fairness and incorporate these
in our formulation of the aircraft landing problem. These definitions are presented in section [2]
In section [3] we will present a MIP formulation of our model. In section [4] an example is given
that shows the unequal spread of cost and delay in the minimum total cost schedule and shows
schedules that illustrate our definitions of fairness. Local search heuristics focused on finding fair
solutions are introduced in section [Bl

A large number of problem instances, created from real-life data concerning arrivals during a
week at a major European hub, were used to perform computational experiments. The results are
presented in section [ These results show that it is possible to improve the fairness compared
to both the FCFS reference schedule and the minimum total cost schedule. The heuristics obtain
reductions of up to 26% in the root mean square deviation of the average cost per airline. The
percentage of airlines that is worse off than in the FCFS schedule is reduced from 13% to 5%. This
while still obtaining considerable total cost savings compared to the FCFS schedule (28%), which
represents two thirds of the cost savings obtained in the minimum cost solutions. The different
heuristics obtain different trade-offs between efficiency and fairness. Hopefully, these results can
be a starting point for discussing these fairness issues related to the introduction of CDM processes
among air traffic stakeholders.

We finish this introduction with an overview of the literature. Beasley et al. [5] gives an
extensive literature overview on the aircraft landing problem. The objective usually considered is
makespan or total delay. More recent papers have considered different heuristics (e.g., Pinol and
Beasley [7]) and the dynamic version of the problem (e.g., Beasley et al. [@]).

We are not aware of papers that consider airline preferences and equity issues in the aircraft
landing problem. We will discuss the papers that consider airline preferences in ground delay



programs.

Carr, Erzberger and Neumann analyse the effect of using sequence preferences from airlines
for their own aircraft ([8]) and of exchanging delays ([9]), using simulations. Their results indicate
that both can be done while causing little or no decrease in efficiency.

Vossen et al. [3], [16], [I7] considers the ground delay problem. Flights are first assigned to slots
based on their scheduled arrival time. The airlines are now considered as the owner of these slots.
In case of delays (or cancellations) the slots can be redistributed, by minimising the deviation
(per airline) between the actual and the first allocation [3] or by slot trading among airlines([L6]
and [I77]). This could improve on-time performance and passenger delay measures.

Abdelghany et al. [I] considers the problem of the airline to assign its flights to the slots it
received. It uses a genetic algorithm to solve this such that the overall downline impact resulting
from delaying these inbound flights is minimised.

In his PhD thesis, Hall [12] is presenting two methods to assign arrival slots to airlines using
airlines preferences. The first is called the Objective Based Allocation Model. Airlines supply
a value for each flight/slot combination. An assignment problem is solved with the objective to
maximize the total value. In order to get truthful values, each airline has to pay a fee that is equal
to the value lost by the other airlines caused by the presence of the considered airline. The author
concludes that although in theory the potential benefit is enormous, it would be very difficult to
implement such a method.

The second method is called the Arrival-Departure Capacity Allocation Method. This is an
extension to ground delay models where airport arrival and departure capacity (and their relation)
are considered at the same time. Airlines get restrictions on the amount of runway capacity they are
allowed to use and can decide whether they they use this capacity for arrivals or departures (with
some restrictions). The results of an extensive simulation study show that the airline objectives
increase compared to traditional ground delay programs, especially on low capacity scenarios.

2 Fairness

Although everybody has a general idea about fairness, it is hard to give a formal definition,
especially related to the aircraft landing problem.

There is some literature where fairness is considered in other fields, such as game theory [4,
bandwidth sharing problems in computer and telecom networks [I3], queuing [2] and job schedul-
ing [I4]. These are problem-specific definitions of fairness that are not applicable to the aircraft
landing problem.

We want to obtain a safe, efficient and fair schedule with as little costs for the airlines as
possible. The cost incurred by an airline for an arriving flight largely depends on its landing time.
Each flight has different characteristics, therefore the airline is allowed to provide a different cost
function for each individual flight. Such a function relates the arrival time to cost.

We want to allow the airlines as much flexibility as possible in determining the cost functions.
At the same time we want to obtain a schedule that does not show favor to some airlines at the
expense of others.

In [I5] we proposed a restriction on the shape of the functions and the application of a scaling
mechanism to obtain this. Thus, the cost of flights of different airlines can be compared in a fair
way. However, minimizing the total scaled cost does usually not result in a schedule in which the
scaled cost and/or delay is shared equally (or proportionally) among the airlines.

It is complicated to obtain such a schedule because the fairness has to be determined during
the optimization process. During this process the total amount of costs and delay is not fixed and
changes when it is divided differently over the airlines.

In this paper this issue will be addressed further, starting with the introduction of three
definitions of fairness in the next section. In section the scaling method is explained.



2.1 Fairness Definitions

The following notation is used throughout this paper:
Let F ={1,..., N} be the set of all flights to schedule.
Let A be the set of all airlines.
Let F, C F be the set of flights of airline a € A.
Note that F' = (J,c 4 Fa and F, N, = 0, for all a,b € A,a # b.
Let f;(t) the scaled cost function, relating landing time with scaled cost, for flight 4.

Absolute Fairness

The most natural way to define fairness is to divide the scaled cost equally (proportional to the
number of flights) over the airlines. This means that we will compare the average scaled cost per
flight of the airlines:
_ 1
Co(t) = — Z fi(t:) a €A, (1)
| Fal i€F,
given a schedule where flight ¢ lands at time ¢; and ¢ is a vector of these landing times.

These average scaled cost per flight should be equal or almost the same for all airlines. To
measure how fair a schedule is we can use the root mean square deviation:

1 i 1 —. )
oe(t) = 2 (ca(t) T > cb(t)) (2)

beA

A problem is that the total scaled cost are not fixed but depend on the order and times the
flights are scheduled. This means that there will always be a trade-off between efficiency (total
scaled cost) and fairness (the division of these total cost over the airlines).

Therefore, it would make no sense to make a change (to improve fairness) in a schedule that
results in the same cost for all airlines except one, which costs increase. On the other hand we
don’t want to improve the cost of an airline that has already low average cost on the expense of an
airline with high average cost. It is also hard to use the above measure directly in the optimization
process. Therefore, during the optimization process the scaled cost of the airline that is the worst
off will be minimised:

mtin max {ca()} (3)

This objective will be iteratively improved during the optimization process. In the obtained
schedule every airline will have scaled cost that are equal or smaller than the obtained maximum.
The difference between two airlines cannot be bigger than this maximum.

Relative Fairness

It is natural to consider a starting point. There is usually a timetable or earlier schedule available.
Airlines will not accept a new schedule if it is a lot worse that what they expect based on earlier
schedules.

Let ¢; be the landing time of flight 7 in the reference schedule. In this case we will compare
the ratio of the airline cost in the considered schedule and the reference schedule:

ZieFa Ji (tz)
ZieFa f i (t7>
Ideally we want every airline to have some minimal improvement (or maximum deterioration)

in the new schedule. Therefore we can measure this by the percentage of airlines that is worse off
than in the reference schedule:

A(t) = a€ A (4)

1
T D> Lauws1y (5)

acA



Or equivalently to the percentage of airlines that has an improvement less than a certain fixed
ratio.

Considering the trade-off between fairness and efficiency, we can obtain this by maximizing the
improvement of the airline, that is the worst off (lowest improvement), during the optimization

process:
min max { A, (t) } (6)

t a€cA

Fairness Measured by Delay

The idea is to have an efficiency measure (cost) that is different from the fairness measure (delay).
A trade-off between those two has to be found. This trade-off might be more efficient that with
absolute or relative fairness because the fairness is assessed by a different measure.

To measure fairness we will compare the average airline delay per flight compared to the
reference schedule:

dut) = — 3 (ti—i)t  aea (7)

Similarly as with the scaled cost, the fairness measured by delay can be evaluated by the root
mean square deviation of the average airline delays:

ot =\ 7y 3 (00~ g St ) ¥

acA beA

In the optimization process we will minimize the average delay of the airline that is the worst
off:

mtin max {da(t)} (9)

2.2 Airline Cost Scaling Mechanism

We will shortly explain the cost function scaling mechanism, as introduced in [I5], in this section
again.

The cost functions supplied by the airlines are required to be convex and piecewise linear and
to have a minimal cost of zero at a time within the interval they are defined on.

The scaling mechanism ensures that the average cost per time unit per flight are approximately
the same for all airlines. This is done by introducing a single scaling factor for each airline. All
cost functions for flights from this airline are multiplied with this scaling factor. In this way the
original cost ratio between flights of the airline is preserved.

Let us make this more precise. Consider airline a € A with |F,| arriving flights, with convex
piecewise linear cost functions x;(t) for ¢ € Fy,. Let F; and L; be the earliest and latest possible
landing times of aircraft 4, respectively. So, ;(t) is defined on the interval [E;, L;].

To obtain equity, these cost functions will be scaled to new cost functions f;(t) = agki(t)
(i € F,). The scaling factors a, are determined per airline. This ensures that the ratio between
costs of their own flights are preserved in the scaled objective functions. «, is defined such that:

fE aqaki(t
IFal Z 0 =1.

So,
L.
[l ki()de\ !
—IE(E )
i€F, 7 [
where p is a parameter to minimise the effect of differences in the length of the landing intervals.

It is preferable to choose p just over 2. This gives a small flexibility reward for flights with a larger
time interval.



3 Model

In this section we will formulate a model for the airport landing model, which provides landing
times for a given set of flights at a runway. The time between landings should be equal or larger
than the minimum separation time required for safe operations. The separation times required
between every pair of flights are given. The landing time of each flight should be within the given
landing time interval of the flight. We will use different objectives to compare (feasible) schedules.

The MIP formulation of the problem is given in section Various objectives related to
fairness for the problem are introduced in section [3.2]

3.1 MIP Formulation

In this section a Mixed Integer Programming (MIP) formulation of the model is given. The basic
notation and constraints are similar to those of Beasley et al. [5].
Let F ={1,..., N} be the set of all flights to schedule. Let

FE; : Earliest possible runway time for flight 4 1€ F
L; : Latest possible runway time for flight ¢ 1€ F
Si; +  Required separation time when flight ¢ uses the same runway 4,5 € F,i # j

before flight j

The main decision variables are the landing times of the flights. Further the formulation re-
quires some additional decision variables to represent the sequence of the flights:
t;  : landing time for flight ¢ 1€ F
| 1 if flight ¢ lands before flight j . .,
Oij = { 0 otherwise hieRiF]

To make sure the variables act as described, the following constraints are introduced:

5ij+6ji:1 i, € F,5>1 (11)

Constraint ensures that either flight ¢ lands before flight j or the reverse. These variables
are needed in the separation constraints.

We must ensure the that proper separation is maintained between pair of flights using the
same runway. To obtain this, we introduce the following sets of pair of flights, determined by their
possible runway time intervals :

U : the set of pairs (4, j) of flights for which it is undetermined whether flight ¢ lands
before flight j or the other way around

Vi the set of pairs (i,7) of flights for which flight ¢ definitely lands before flight j,
but for which the separation is not automatically satisfied

W :  the set of pairs (7, j) of flights for which aircraft ¢ definitely lands before flight j,
and the separation is automatically satisfied

More formally:

U :{(Z,])‘E] < F; SLJ or EJ <L SLJ or F; SE] <L;orFE; SLJ SL,“Z,]EF77,7£]’}
V= {(i,)|Li < E; and L; + Sij > Ej i,j € F,i # j}
w = {(Z,j)‘LZ <Ej and L1+SZJ < Ej,i,j GF,Z;AJ}

The following constraints will ensure the proper separation:

aij =1 (Z,j) eVuw (12)
ti>ti+ Sy (i,4) €V (13)
tj >t + 805 — (Li — Ej)dj (i,j) €U (14)



If flight ¢ definitely precedes flight j then we can fix ¢;; (constraint (12))). For (¢, j) € V the order
is known but the separation still needs to be ensured (constraint ([13))). This must also be done
for the pairs in U. This is done by constraint [14] for the pair (4, ) if flight ¢ lands before flight j
(0i; = 1,0;; = 0). If this is not the case this constraint is superfluous. Note that if (i,j) € U then
(4,4) € U and constraint ensures the separation for both orders.

The scaled convex piecewise linear function f;(x) for flight ¢ can be written as a set of linear
functions on a number of connected intervals:

Ajox + Byo 0<z< Xy
Apr+ By Xp <z < Xp
fi (1‘) = . . )
Air,r + Big, Xik;, <
where
K; : Number of breakpoints of f;(x) i=1,...,N.
And because of the convexity the following holds:

; = A; B},
fi(x) k:%f?)fxi{ ik + Bir}

These functions are not linear in the current decision variables t;, and therefore new decision
variables ¢; are introduced:

¢; : cost for landing flight ¢, i=1,...,N

We need constraints to ensure that ¢; represents the cost function correctly:

These constraints will make sure that ¢; is equal or greater than the (scaled) cost for flight 4.
The ¢; variables will be used in the different objectives that are introduced in the next section.
In [I5] the minimum total scaled cost are used as objective:

N
minz Ci. (16)
i=1

3.2 Fairness

In this section, we will define objectives which are related to our fairness definitions.

Absolute Fairness

The objective to minimize the maximum average airline cost per flight as defined in equation
is easily formulated in terms of our MIP model.

Let cmax be the decision variable that represents the maximum airline average cost. We can
model this using the following objective and constraints.

min Cpax (17)
1
Cmax > —— c Vaec A 18
S TN f%; ! o
As we mentioned in section [2] there is always a trade-off between efficiency and fairness, there-
fore we adapt the objective to represent this trade-off:

N
. €
min Cmax + N Zl C; (19)



e should be chosen small (0 < € < 1) to focus on absolute fairness.

Relative Fairness

Equation @ can be formulated in terms of the MIP model as follows.

Let ¢y be the cost involved with landing flight f using the reference schedule. Let A.x be the
maximum airline ratio of the cost in the current schedule and the reference schedule. So (1—Apax)
represents the minimum improvement. We can now model this using the following objective and
constraints.

min Apax (20)
ZfeFa cr

Amax Z ~
> rer, Cf

Vac A (21)

Again we want also to consider the trade-off between efficiency and fairness, by adapting the
objective in the following way:

N
€
>iz1Giio

Fairness measured by delay

The minimum of the maximum average airline delay per flight (equation (J)) can also be incor-
porated in our MIP formulation. Let ¢ be the timetable landing time of flight f. We can now
model this using the following objective and constraints.

. €

min dyax + N XZ: ci (23)
1

o > — >  d Va e A 24

AP 24

di > ti—i; Vi (25)

di > 0 Vi (26)

In this case we included the trade-off between efficiency and fairness straight away, because
they are assessed by different measures.

4 Example

To illustrate the difference between our definitions of fairness and the trade-off with efficiency,
a small example is presented in this section.
Consider the following flights to plan:

id airline | delay cost | Timetable | FCFS Min cost Absolute Relative Delay
1 A 2 00:00 00:00 00:00 00:00 00:00 00:00
2 A 6 00:01 00:02 00:02 00:02 00:02 00:02
3 B 2 00:02 00:04 00:10 00:10 00:10 00:08
4 B 4 00:03 00:06 00:08 00:04 00:04 00:04
5 A 5 00:04 00:08 00:04 00:08 00:06 00:10
6 B 7 00:05 00:10 00:06 00:06 00:08 00:06




We assume that the flights cannot land earlier than their timetable time. Between all flights
a separation of 2 minutes is required. We assume that the cost are linear in the amount of delay.
The cost per minute delay differs per flight and is listed in the table. Note that the average cost
per minute delay are the same for both airlines, so scaling is not necessary.

In the table above optimal schedules considering different objectives are shown. In the table
below the delay and costs and their division over the airlines are shown.

The FCFS schedule is the minimum total cost schedule when the flights are ordered according
to their timetable time. This schedule is used as reference schedule. In this case the total cost are
77 and the total delay is 15 minutes. Airline B has (almost) twice the delay and cost of airline A.

In the minimum total cost schedule, the total cost are only 49. However, almost all the delay
and cost are at the expense of airline B.

If we focus on absolute fairness, the costs can be shared almost equally. The total cost are only
slightly higher than in the minimum total cost schedule. Airline B has large savings compared to
the FCFS schedule, while airline A’s cost remain equal.

Considering relative fairness, it is possible to accomplish savings compared to the FCFS sched-
ule for both airlines. Airline A saves 38% and airline B 20%. However, since the total cost are
higher than in the minimum total cost schedule, there is a clear trade-off between relative fairness
and efficiency. In this particular case, the minimum cost schedule could be preferable when con-
sidering relative fairness, because this schedule gives almost the same savings for airline B (18%)
and larger savings for airline A.

In the four schedules considered, airline B receives much more delay than airline A. When the
objective is fairness measured by delay, we obtain a schedule with almost the same delay for both
airlines. Again, there is a trade off between fairness and efficiency. This schedule has the highest
total cost. However, Airline B has the lowest cost of all considered schedules. But airline A has
more cost and delay than in the any of the other schedules.

Airline FCFS Min cost Absolute Relative Delay
delay cost | delay cost | delay cost | delay cost | delay cost
A 5 26 1 6 5 26 3 16 7 36
B 10 51 14 42 10 27 12 41 8 23
Total 15 77 15 49 15 53 15 57 15 59

This example shows that the minimum total cost schedule can have an unequal spread of cost
and delay over the airlines. By considering fairness explicitly, we can obtain schedules with a fairer
spread of cost and delay. However, there is a trade-off because the total cost in these schedules
are often larger. Schedules with different trade-offs between total cost, delay and fairness can be
obtained.

5 Local Search Heuristics

In [I5] a heuristic to solve the aircraft landing problem was introduced. This heuristic uses local
search (to select a sequence for the flights) and LP (to determine the optimal landing times for this
sequence) repeatedly. An estimate of the objective improvement of every member of the current
neighborhood is calculated to evaluate promising neighbors first. An outline of the algorithm is
given below.

LOCAL SEARCH()
1 7 = FIND INITIAL SOLUTION()
N(m) := Set of neighbors of ©
Estimate objective improvement for all members of N ()
while N(w) # 0
do 7’ = neighbor with maximum estimated improvement in N ()
if LP(7') is feasible and z1,p(ry < 21p(m)

S U W N



7 then 7 =7’

8 N(m) = Set of neighbors of 7

9 Estimate objective improvement for all members of N ()
10 else N(m)=N(m)\~

11 return 7 and the optimal landing times for this sequence

As initial solution landing the flights in the order of the original schedule (timetable). This
is similar to the current method used in practice, assuming that the flights will show up in the
airport approach area in this order. The optimal landing times gives this order is also used as
reference schedule when considering relative fairness and cost savings.

In all our heuristics we will use a shift neighborhood as basic neighborhood. Using this neigh-
borhood a neighbor is created by removing a flight and inserting it at a different position in the
sequence.

In the next section we will introduce restrictions on this neighborhood and different methods
to determine the order in which the neighbors are evaluated.

5.1 Neighborhood Selection

To reduce the computation time, it is preferable to select a neighbor in a manner that finds an
improvement by evaluating as few neighbors as possible. Therefore, we will evaluate promising
neighbors first. In this section various methods to identify promising neighbors are presented. It
is essential that the methods are fast (compared to the neighbor evaluations).

Additionally, we could reduce the size of the neighborhood. Of course this brings the risk of
deteriorating the final solution. However, if by choosing a smart criteria (e.g., related to fairness),
it could also help to find solutions with certain features.

In this section we will introduce restrictions on the neighborhood and different methods to
determine the order in which the neighbors will be evaluated.

Estimated Cost Improvement

This method estimates the improvement in scaled cost between the current solution and the
neighbor. The estimation uses the landing times in the current solution, to estimate the landing
times and involved scaled cost in the neighbor. This can be done by estimating the cost for the
flight at the i-th position in the neighbor by using this flights’ cost function with the optimal time
for the flight at the i-th position in the current solution.

Now we can sort the neighbors according to their estimated cost improvement. We will eval-
uate the neighbor with the largest estimated cost improvement first. If this does not actually
improve the objective, we will continue to evaluate the neighbor with the second largest estimated
improvement, etc.

Airline Selection

Incorporating fairness criteria can be done by only considering cost improvements of certain air-
lines.

When absolute fairness is considered this could be the airlines of which the average scaled cost
in the current solution are close enough to the maximum airline average scaled cost. That is, for
airlines a € A for which

1 1
[ >
A > cr 5?eaj‘{|pa|

fE€F,

Zcf} 0<p<l (27)

feF,

When relative fairness is considered this could be the airlines of which the cost ratio in the
current solution are close enough to the maximum cost ratio:

c c
M‘Zﬁma}({w} 0<p<1. (28)
fer, ¢f acA fer, ¢f
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Objective Airline Selection
(1) | total scaled cost (FCFS)
(2) | total scaled cost no
(3) | absolute fairness yes
(4) | relative fairness yes
(5) | absolute fairness adaptive threshold
(6) | absolute fairness after cost minimization
(7) | fairness measured by delay with scaled cost | no
(8) | fairness measured by delay with real cost no

Table 1: Heuristics

The airline threshold g determines how sensitive this control is. Choosing 8 = 1 will only
consider changes that involve flights of the maximum cost airline(s). This might be too restrictive
and might lead to bad local minima (w.r.t. total scaled cost). The same can be said of § close to
0 w.r.t. fairness criteria.

Instead of a fixed 3, this parameter can change during the algorithm. Starting with 3 = 0
and increasing (§ with every improvement. This will initially focus on total cost minimization and
gradually fairness becomes more important.

5.2 Heuristics

In table[I] eight heuristics are listed, combining different objective functions, neighborhoods and
neighborhood selection criteria. These heuristics are aimed at finding different trade-offs between
cost, delay and fairness.

Heuristic (1) is the reference schedule. This is the minimum cost schedule given that the flights
will land in timetable order.

Heuristic (2) is aimed at finding the minimum scaled cost schedule.

Heuristic (3) uses the absolute fairness objective . The neighborhood is restricted by airline
selection (with a fixed threshold 5 = 0.9).

Heuristic (4) uses the relative fairness objective . The neighborhood is restricted by airline
selection (with a fixed threshold 5 = 0.9).

Heuristic (5) uses the absolute fairness objective again. The neighborhood is restricted
by airline selection with an adaptive threshold starting at 0 and increasing with 0.1 with every
improvement of the objective until a maximum value of 0.9.

Heuristic (6) uses the absolute fairness objective again. To avoid fair solutions with large
total cost, the solution from heuristic (2) is used as initial solution. The neighborhood is restricted
by airline selection (with a fixed threshold 5 = 0.9).

Both heuristic (7) and (8) measures fairness by delay using (LP) objective (23)). The neighbor-
hood is not restricted by airline selection. Heuristic (7) uses the total scaled cost as the efficiency
measure. Heuristic (8) uses the original cost functions as supplied by the airlines. The cost scaling
is not performed in this case because the fairness is measured by delay.

6 Computational experiments

In this section, we assess the performance of the local search heuristics. A large number of
instances, created using schedule data from a major European hub, were tested. These data
contain all arrivals from a week in September 2004. The data included airline, flight number,
aircraft type, arrival runway and scheduled and actual arrival times.

The following assumptions were made about the cost functions and possible landing times of
the flights.

11



It is assumed that the cost function of every flight has a minimum of zero cost at the scheduled
time of arrival of the flight, according to the timetable.

The structure of the cost functions for the home carrier and its partners, was determined in
cooperation with specialists from this airline. Its perceived delay costs are strongly related to the
number of missed transfers. This is quite natural, since this airline uses the airport as hub, and
consequently has a lot of passengers transferring at the airport. Exact passenger flows and related
costs were not provided by the airline for reasons of confidentially. Instead the number of missed
transfers per 15 minutes of delay were generated randomly. These were translated into convex
piecewise linear cost functions by using the cumulative number of missed transfers up to time ¢ as
the slope of the cost function at time ¢.

The main objective for the other airlines is punctuality. The latest landing time before other
flights from the airline are affected by the delay of the flight considered, is also taken into account.
This is represented in the cost function by choosing a positive slope between the scheduled time
and this time and a steeper slope hereafter. This point in time and the exact slopes are generated
randomly for each flight.

Our planning horizon is several hours before the flights will land. That means that flights from
within Europe have not departed when planning. These flights are assumed to have a maximum
departure delay and a possible landing interval of 3 hours. Intercontinental flights are en-route
and are able to arrive between 25 minutes before and 30 minutes after schedule.

In Table [2| the arrival separation distances under good visibility conditions, according to inter-
national regulations, are listed.

following aircraft
Light Medium Heavy

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

Table 2: Wake vortex separation in nautical miles for different weight categories

In low-visibility conditions, the separation distances must be larger.

The required separation distance under low-visibility conditions is the maximum of the required
wake-vortex and low-visibility separations. The actual required separation time between two flights
is calculated using the weight categories and approach speeds of the aircraft. The aircraft types
used for the flights are available from the data.

In the experiments, low-visibility conditions requiring 6 nautical miles separation were used.
This separation causes a decreased arrival capacity which will often result in large delays. It is
interesting to asses the (scaled) costs and their spread among the airlines, resulting from those
delays.

The data contained 3978 flights of 121 airlines. 139 instances were created by dividing the
arrivals by runway and time. A runway is only used continuously for at most a few hours, de-
pending on demand and weather conditions. The flights landing in such a period on a runway,
are considered as a single instance. These instances contained between 1 and 117 flights. All the
instances were solved using the local search heuristics introduced in section [5.2l The heuristics
are implemented in C++. The LP problems are solved using Coin.

6.1 Results

All results will be presented relative to the FCFS schedule, resulting from heuristic (1). As
mentioned before this schedule resembles current practice.

In figure [T] the total scaled cost resulting from the schedules generated by the eight heuristics
is shown by the black bars. The heuristics obtain savings from 19% to 42% in terms of scaled cost
compared to the FCFS schedule. As expected, heuristic (2) obtains the largest total cost savings.
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Figure 1: Total scaled cost and the root mean square deviation of the average airline scaled cost
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Figure 2: Total delay and the root mean square deviation of the average airline delay
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In order to evaluate the absolute fairness the root mean square deviation of the average airline
scaled cost o; as defined by equation , is depicted by the gray bars.

It is surprising that heuristic (5) does only marginally lower this airline root mean square
deviation compared to heuristic (2). Since also the total scaled cost savings are not competitive,
the conclusion is that this heuristic often give sub optimal solutions. Heuristic (3) lowers the root
mean square deviation more substantially, but is still dominated by heuristic (4), where both the
total scaled cost and root mean square deviation are lower.

In figure[2] the total delay resulting from the schedules generated by the eight heuristics is shown
by the black bars. The reductions in delay are small. This is expected, since the FCFS schedule
inherently will not have large delays. The reduction of delay can only be obtained by sequences
reducing the total separation time required. However, this can only be done by increasing the
delay of at least one flight. As expected, heuristic (7) and (8) obtain the largest delay reduction
(9%).

The gray bars depict the root mean square deviation of the average airline delay, o as defined
by equation (8). This measures the fairness measured by delay. Heuristic (3), (4), (7) and (8)
reduce this root mean square deviation substantially.

In figure [3| the total real cost resulting from the schedules generated by the eight heuristics
is shown by the black bars. The gray bars depict the root mean square deviation of these cost.
The results are similar to that of the scaled cost. There is only a large difference for heuristic (8).
This follows from the explicit focus of this heuristic on the real cost (as trade off to the fairness
measured by delay). This heuristic gives the largest cost savings (38%) compared to the FCFS
schedule. This is more than the minimum total scaled cost schedule which obtains 35% real cost
savings.

In ﬁgurethe percentage of airlines that have larger (real) cost compared to the FCFS schedule
is shown, as defined in equation . This is a measure for the relative fairness. Heuristic (4) has
the lowest percentage of airlines without any improvement (5%), as expected. Although heuristic
(8) reduces the spread in the average delays of the airlines and has the lowest total real cost, it
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Figure 3: Total real cost and the root mean square deviation of the average airline real cost
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Figure 4: Percent of airlines that have no real cost improvement compared to the FCFS schedule
at all

has the highest percentage of airlines that have larger (real) cost compared to the FCFS schedule
(34%). So the fairer spread of delay does not necessarily lead to cost savings for all airlines.

Heuristic (4) does well on absolute fairness, relative fairness and fairness measured by delay.
At the same time it obtains 30% savings in total scaled cost.

Heuristic (6) indeed seem to improve the absolute fairness of its initial solution (the minimum
total cost schedule resulting from heuristic (2)) slightly. It is still obtaining 40% total cost savings.
This heuristics does very good if total cost is the most important consideration and fairness only
a secondary issue. It is dominated by the other heuristics on most fairness measures.

Heuristic (7) and (8) provide a large delay reduction and as expected a good fairness measured
by delay. Surprisingly these heuristics provides also considerable cost savings. Heuristic (8) even
obtains the lowest total real cost. However, these heuristics score the worst on relative fairness.

6.2 Airlines

To look into more detail to the fairness of the results, we defined 4 categories of airlines, based on
the number of flights of the airline in the dataset. The first category consists of a single airline,
the hub airline. This airline has almost half of the total number of flights. The large airlines have
at least 70 flights per week (on average at least 10 per day). The medium airlines have at least 21
flights per week (on average at least 3 per day).

Category ‘ Total Flights Number of Airlines
Hub Airline 1880 1
Large Airlines 941 7
Medium Airlines 539 15
Small Airlines 618 98

Table 3: Airline categories
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For these categories the average airline scaled cost per flight will be evaluated. In figure [5] the
(normalised) data is depicted. In figure |§| the relative average airline improvement compared to
the FCFS schedule for the categories is shown. We do not consider heuristics (5) and (6) because
they were outperformed by the others, as concluded in the previous section.

It is clear that using FCFS schedule the medium and small airlines have larger scaled cost per
flight on average. The costs are 19% larger than the average over the categories. This is because
these airlines have a relatively large share of their flights during peak periods, in which delays are
much more likely to occur.

Heuristic (2) focuses only on total scaled cost minimization and the distribution over the
categories does not change much, as also can be seen in figure [§] The average improvement per
category lies between 33% (hub airline) and 49% (large airlines).

Heuristic (3) and (4) have a more equal distribution over the categories. Heuristic (3) especially
reduces the scaled cost 47% for the medium and 38% for the small airlines. Here the category
averages are closer. The same holds for heuristic (4), but because of the focus on relative fairness
the improvement for the hub airline is larger and of the medium airline a little smaller. Heuristic
(7) seems to have a combination of these effects.

Heuristic (8) focuses on real cost instead of scaled cost. The different cost structure of the hub
airline has a large impact on the results. The real cost of delaying a flight (with a considerable
number of transfer passengers) of the hub airline are higher than of other airlines, because of the
cost related to the missed transfers. Without scaling this leads to larger absolute and relative
cost savings for the hub airline. However, the average real cost per flight are still (a little) above
average for the hub airline. The average delay is almost equal over the categories.

The airlines that are worse off than in the FCFS schedule fall mostly in the category of small
airlines. This is directly related to their small number of flights. A lot of these are caused by flights
that are scheduled on time in the FCFS schedule and have a (small) delay in another schedule.
The percentage of airlines that are worse off in this category flights/is between 22% with heuristic
(7) and 6% with heuristic (4). Since this still represents a minority of the airlines in this category,
we expect that all airlines would achieve cost savings when considering longer periods (where these
airlines will have a larger total number of flights).

7 Conclusions

In this paper, we evaluated a model that incorporates airline cost in the aircraft landing prob-
lem and explicitly considers fairness between airlines. We introduced three different measures of
fairness: absolute fairness, relative fairness and fairness measured by delay. Several local search
heuristics were introduced to obtain schedules that incorporate one or more of the fairness mea-
sures.

A large number of instances, created using schedule data from a major European hub, were
tested. The results show that it is possible to obtain schedules considerable cost savings compared
to FCFS schedule, and to achieve more fairness compared to the minimum total cost schedule.
Different heuristics drastically reduce the root mean square deviation of the airline cost and delay
per flight, compared to the heuristic that only focuses on total cost minimization.

The cost savings compared to the FCFS schedule are still considerable. One of the heuristics
drastically lowers the percent of airlines that do not improve compared to the FCFS schedule.

The different heuristics show that schedules with different trade-offs between efficiency, cost,
delay, absolute and relative fairness can be obtained. Hopefully, these results can be a starting
point for discussing these fairness issues related to the introduction of CDM processes among air
traffic stakeholders.
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