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Abstract

The Federal Aviation Administration (FAA) and the airline community within
the U.S. have adopted a new paradigm for air traffic flow management, called Col-
laborative Decision Making (CDM). A principal goal of CDM is shared decision
making responsibility between the FAA and airlines, so as to increase airline con-
trol over decisions that involve economic tradeoffs. So far, CDM has primarily led
to enhancements in the implementation of Ground Delay Programs, by changing
procedures for allocating slots to airlines and exchanging slots between airlines.
In this paper, we discuss how these procedures may be formalized through appro-
priately defined optimization models. In addition, we describe how inter-airline
slot exchanges may be viewed as a bartering process, in which each “round”
of bartering requires the solution of an optimization problem. We compare the
resulting optimization problem with the current procedure for exchanging slots,
and discuss possibilities for increased decision-making capabilities by the airlines.



1 Introduction

The Federal Aviation Administration (FAA) and the major airlines in the U.S. have
embraced a new paradigm for Air Traffic Flow Management. This initiative, called
Collaborative Decision Making (CDM), is based on the recognition that improved data
exchange and communication between the FAA and the airlines will lead to better
decision making [4], [23]. In particular, the CDM philosophy emphasizes that decisions
with a potential economic impact on airlines should be decentralized and made in
collaboration with the airlines whenever possible. While the CDM paradigm applies
to a wide range of applications in Air Traffic Flow Management, the primary focus so
far has been the implementation of Ground Delay Program (GDP) enhancements.

The FAA issues GDPs whenever it expects sustained periods of congestion at an
airport. Usually, this is caused by a sudden decline in airport arrival capacity due to
adverse weather conditions. In a GDP, flights that are scheduled to arrive during the
expected periods of congestion are assigned delays prior to their departure; hence the
term ground delay. The reason is that it is both safer, and less expensive, to delay a
flight on the ground (i.e. before its take-off) than to delay a flight that is airborne. The
allocation of ground delays can be viewed as a resource allocation problem, in which
available arrival capacity (i.e., a sequence of arrival slots) is allocated to flights. This
problem is also known as the Ground Holding Problem, and has received considerable
attention. The basic version of the problem, in which both demand and airport capacity
are assumed to be deterministic, was first studied by Odoni [16]. More recent models
have, among others, addressed stochastic arrival capacity [5, 17], the incorporation
of banking constraints [10], and the extension to en-route capacities [§]. A common
feature of these approaches is that they aim to find allocations with minimum overall
cost, based on a trade-off between the costs of ground delay and airborne delay. As such,
these approaches can be said to follow a central planning paradigm, in that system-wide
optimal solutions are developed without considering the impact on individual airlines.

As a result, however, it is difficult to apply these models under the CDM paradigm
(see also [1]). It is therefore hardly surprising that the GDP enhancements implemented
under CDM follow quite a different approach (see [7] for background on the operation of
GDP’s under CDM). This approach is based on the consensus recognition that airlines
have claims on the available arrival capacity, based on their original flight schedules.
This realization has led to a fundamental change in the way arrival capacity is allocated,
as well as the introduction of a procedure for inter-airline slot exchange. Under CDM,
arrival capacity is allocated to the airlines by a procedure called Ration-By-Schedule
(RBS). This procedure has removed disincentives airlines previously had to provide
accurate information about delays and cancellations. The procedure for inter-airline
slot exchange under CDM is called Compression. This procedure seeks to maximize
utilization of the available arrival capacity in the presence of delays and cancellations,
and attempts to do so in a fair and equitable manner. While the RBS and Compression
procedures have an intuitive appeal, the underlying fairness concepts are largely left
implicit. This complicates the incorporation of more advanced trade-offs, such as those
proposed in various extensions of the Ground Holding Problem.

Our main objective in this paper is therefore to interpret and formalize the inter-



airline slot exchange procedure (Compression) currently used in GDPs. Our main
result is to demonstrate how the current procedure for exchanging slots corresponds to
an appropriately defined optimization model. We describe how both the initial alloca-
tion of slots and the inter-airline slot exchange may be interpreted as an assignment
problem with an appropriately defined lexicographic minimax objectives. The resulting
optimization model has several advantages. First, the minimax objective may be used
in more complex versions of the ground holding problem that were discussed before.
Second, the resulting optimization model may serve as a basis for expanding the set of
trade-offs available to the airlines. By demonstrating that the criterion of lexicograph-
ically minimizing the maximum delay applies to both the ration-by-schedule algorithm
and the Compression algorithm, we show that this criterion embodies a fundamental
notion of fairness that has emerged from a variety of FAA-airline gaming exercises
and negotiations over the past few years. In addition, we discuss an alternative in-
terpretation of the process, in which the inter-airline slot exchange corresponds to a
mediated bartering process. We compare the problem of matching the offers submitted
by airlines with the current procedure for exchanging slots, and discuss its potential
benefits.

This paper is organized as follows. Section 2 provides a background on GDPs; in
particular on the procedures used under CDM. Section 3 discusses the optimization-
based approach to the GDP procedures. In Section 4, we discuss how the inter-airline
exchange of slots may be interpreted as a form of bartering.

2 GDP Procedures

The FAA continuously monitors airports throughout the US for capacity-demand im-
balances. Whenever it predicts that the number of flights arriving at an airport within
a 15-minute interval exceeds the capacity of the current runway configuration, FAA
directives mandate a response [9]. Short periods of congestion are usually resolved by
airborne tactics, such as re-routing and variations in airborne speed. GDPs on the
other hand primarily address longer periods of congestion at an airport. Usually, a
GDP spans a period of 4 hours or longer, and is initiated 3-4 hours in advance. The
implementation of a GDP involves a number of decisions, such as determining which
flights will be affected, deciding the program’s duration, and estimating the available
capacity (available arrival capacity is partitioned into a sequence of arrival slots, each
of which can handle one flight). Based on these factors, a GDP will result in an assign-
ment of the affected flights to the available arrival slots. Once a flight has been assigned
an arrival slot, its adjusted departure time (and hence the amount of ground delay)
can be derived, since en-route travel times are predicted with reasonable accuracy. To
maximize utilization of available arrival capacity, the assignment of flights to slots may
have to be updated frequently during the course of a GDP. This is due to flight delays
and cancellations that may occur after the initial assignment of flights to slots. Flight
delays are caused by mechanical and other operational problems. Flight cancellations,
on the other hand, are mainly the result of airline internal schedule adjustments that
aim to mitigate the adverse effects of a GDP on its operations. As such, a GDP is an



iterative process as depicted in Figure 1, in which the FAA repeatedly assigns flights
to slots, based on airlines’ flight updates, substitutions and cancellations.

Prior to the implementation of GDP enhancements under CDM, flights were as-
signed to slots by a first-come, first-served algorithm affectionately known as Grover
Jack. The affected flights were ordered according to their most recent estimated arrival
times, so the net effect of the Grover Jack algorithm was more or less to stretch out
the incoming flights over time. Though intuitively appealing, this method of assigning
flights to slots penalized the airlines for providing accurate information. This effect,
known as the double penalty issue, is best explained by the following example. Sup-
pose a flight was originally scheduled to arrive at 10:00, but experienced a delay of 30
minutes due to mechanical problems. If a GDP was implemented in which the flight
was delayed for another 30 minutes, its total delay would therefore be 60 minutes.
However, had the airline not notified the FAA of its mechanical delay, it would have
only been assigned a delay of 30 minutes! As a result, airlines were hesitant to provide
the FAA with accurate estimates of their flight delays. In addition, airlines had no
incentives to report flight cancellations in a timely manner. As a result, GDP decisions
were based on poor data, which led to inefficient programs.

The GDP enhancements implemented under CDM address these issues with a fun-
damental change in the allocation of capacity by the FAA. Instead of an assignment
of flights to slots, the CDM “philosophy” considers the allocation of capacity to be an
assignment of slots to airlines. This has led to the introduction of two new allocation
mechanisms, called Ration-By-Schedule (RBS) and Compression. The RBS algorithm
generates an initial allocation of slots to airlines, based on the recognition that airlines
have claims on the arrival capacity through the original flight schedules. Once arrival
slots have been allocated, the Compression algorithm performs schedule updates by an
inter-airline slot exchange, which aims to provide airlines with an incentive to report
flight cancellations and delays. Under CDM, the interaction between the FAA and the
airlines can therefore be depicted as in Figure 2. Initially, the FAA rations the arrival
slots among the airlines. Subsequently, airlines can adjust their schedules by substi-
tuting and cancelling flights. To ensure utilization, the FAA may periodically execute
Compression. We also note that an airline’s schedule adjustments may be followed by
an execution of the RBS algorithm; these revisions may be necessary when the arrival
capacity available changes (i.e. due to prolonged bad weather conditions, etc.).

In the remainder of this section we describe the RBS and Compression algorithms
in greater detail, using the following notation:

o '={fi1,..., fn}, the flights affected by the GDP;

o S = {s1,...,5,}, the sequence of arrival slots in the GDP. For each slot s;, t;
represents the slot time;

e A, the airlines involved in the GDP;

e O : ' — A, a mapping that defines the flight-airline ownership relation. For
each airline a € A, F, represents the flights from that airline, i.e., F, = {f € F' |

O(f) = a}.



oag; for all f; € F'| the originally scheduled arrival time of flight f;;

erta; for all f; € F', the (most recent) estimated arrival time of flight f;;

cta; for all f; € F, the controlled time of arrival for flight f;; that is, the flight’s
arrival time after the GDP has been implemented.

I: F — S, a mapping that defines the current assignment of flights to slots.

C C F, the flights that have been cancelled.

2.1 Ration-by-Schedule

The Ration-By-Schedule algorithm rations the arrival slots among airlines. As in Grover
Jack, the RBS algorithm assigns flights to slots on a first-come, first-served basis. The
RBS algorithm, however, orders flights according to their scheduled time of arrival (as
opposed to the most recent estimated time of arrival ordering used in Grover Jack). As
a result, airlines do not forfeit a slot by reporting a delay or a cancellation, which was
the case in the Grover Jack algorithm. The RBS algorithm can be outlined as shown
in Figure 3. The actual RBS algorithm has to take into account several complicating
factors, such as flights being airborne, flights exempted from the GDP, and the pos-
sibility that a GDP was already executed before (see [7],[11] for a discussion of these
details).

Note that the resulting flight schedule may be inefficient in its utilization of arrival
capacity. Arrival slots may have been assigned to flights that have been cancelled or
delayed and therefore cannot use their assigned slot. The end result of RBS should
therefore not be viewed as an assignment of slots to flights, but rather as an assignment
of slots to airlines. Airlines can reassign its flight-slot assignment using the cancellation
and substitution process. It should be emphasized that this notion of slot ownership
is one of the main tenets of the CDM paradigm: there is a general consensus among
airlines that this is indeed a fair method of rationing arrival capacity.

Finally, it is interesting to note that RBS can also be interpreted as a procedure
that prioritizes flights according to their accrued delay (that is, a flight’s expected
arrival time minus its scheduled arrival time). This criterion has in fact been proposed
[12] for the allocation of en-route traffic resources.

2.2 Compression

After a round of substitutions and cancellations, the utilization of slots can often be
improved. Flight cancellations and delays may create “holes” in the current sched-
ule; that is, there will be arrival slots which have no flights assigned to them. The
Compression algorithm moves flights up in the schedule to fill these slots.

The idea behind the Compression algorithm is to reward airlines for slots they
release, thus encouraging airlines to report cancellations. The extent to which flights
can be moved up is limited, since a flight cannot depart before its scheduled departure
time. The procedure also assumes that flights cannot be moved down from their



position in the current schedule I. The set of slots {e;,...,I(f;)} therefore specifies
the window in which flight f; can land. A conceptual overview of the Compression
Algorithm is shown in Figure 4. There are two ways for an arrival slot to become open;
either the flight assigned to that slot has been cancelled, or it has been delayed by a
cause unrelated to the GDP, e.g. mechanical delay. In either event, the controlling
airline will release the slot to the Compression Algorithm. The important features of
the Compression algorithms are that (i) arrival slots are filled whenever possible, (ii)
flights from the airline that owns the current open slot are considered before all others,
(iii) if the controlling airline cannot use a slot it is compensated by receiving control
over the slot vacated by the flight which moves into its slot, and (iv) airlines do not
involuntarily lose slots they own and can use.

To illustrate the Compression algorithm, let us consider the example shown in
Figure 5. The leftmost figure represents the flight-slot assignment prior to the execution
of the Compression algorithm. Associated with each flight is an earliest time of arrival,
and each slot has an associated slot time. Note that there is one cancelled flight (A2).
The rightmost figure shows the flight schedule after execution of the Compression
algorithm: as a first step, the algorithm attempts to fill slot 2 owned by airline A.
Since, there is no flight from airline A that can use the slot, the slot is allocated to
flight B1. This process is repeated with the next open slot, which is assigned to flight
C1. Slot 4, however, can be used by airline A will therefore be assigned to flight A2.

3 Optimization Models for Slot Allocation and Ex-
change

The notion of fairness plays an important role in both the slot allocation and the ex-
change procedures introduced under CDM. The RBS algorithm aims to allocate slots
among airlines in an equitable manner, based on the notion that airlines have claims
to slots based on their original schedules. The Compression algorithm, on the other
hand, aims to allocate slots by repeatedly moving up flights into open slots, based on
the principle that airlines should be rewarded for slots they release. Both of these pro-
cedures resulted from extensive “war-gaming” sessions between airline and FAA traffic
flow managers. As such, they embody consensus concepts for fair allocation within this
setting. Unfortunately, however, the embodiment of fairness under CDM is largely left
implicit in these procedures, and in fact, different and even conflicting concepts are
sometimes used to describe these procedures. This not only generates confusion and
complaints, but also complicates the introduction of CDM in more complex settings. It
is not straightforward, for instance, to generalize the GDP approach to more complex
settings such as the allocation of resources in en-route airspace environment or even
to enhance the current procedures. Hence, it is desirable to separate the concept of
equity from the actual algorithms.

Concerns about equity arise in many situations where scarce resources have to be
allocated, ranging from the allocation of students to dorms and the allocation of kidneys
to patients to the apportionment of house seats in the U.S. House of Representatives.



The interpretation of what constitutes an equitable allocation depends to a large extent
on contextual details: what is deemed fair in one environment may be undesirable
in another. Nevertheless, there are certain common principles that return in many
real-world problems and that provide a constructive basis for reasoning about equity
(see [22] for a comprehensive overview). Principles of equity are commonly based on
pairwise comparisons, that is, allocations are evaluated by comparing pairs of claimants
according to their allocated portions. An allocation is equitable if no transfer of the
resources is “justified”. Informally, a justified transfer is a transfer from a less deserving
claimant to more deserving claimant, such that the less deserving claims remains so
after the transfer. The definition depends on the specification of who is less or more
deserving. This can be formalized with a standard of comparison, which defines the
priorities claimants have over allocations and may be context dependent.

The resulting concepts of equity are closely related to the use of lexicographic min-
imax objective functions in multi-objective optimization models. Minimax objective
functions are used in a variety of resource allocation problems where it is desirable to
allocate limited resources equitably among competing activities [14, 15]. Each activity
has its own performance function, which typically measures the shortfall with respect
to a specified target or goal. A minimax objective function minimizes the maximum
performance function value among all activities (e.g. the maximum shortfall with re-
spect to the targets). Models with a minimax objective function attempt to allocate
limited resources equitably among the worst-off activities, which may however may
not be sufficient as they leave open many possibilities for allocating resources from
among the activities that are not among the worst-off. To address this issue, a lexi-
cographic minimax objective function can be used. A lexicographic minimax solution
allocates resources in such a way that no performance function can be improved by
changing the performance of an activity that is already equal or larger. In this sense,
the lexicographic minimax criterion corresponds to the absence of justified transfers.

In the remainder of this section, we aim to formalize the fairness concepts used under
CDM. Fairness is achieved by formulating both the allocation and the exchange of slots
as optimization problems that use the lexicographic minimax objective. We show that
these models are equivalent or nearly equivalent to both RBS and Compression.

3.1 OPTIFLOW model

The OPTIFLOW model [2] is an optimization model that assigns flights to slots so as to
minimize overall delay costs. Therefore, the model follows a central planning paradigm,
and does not apply under CDM. Nevertheless, the model provides the starting point
for the optimization models described later in this section. The OPTIFLOW model is
formulated as an assignment problem, with

e decision variables z;; € {0, 1}, where z;; = 1 if flight f; is assigned to slot s; and
x;; = 0 otherwise,
e cost coefficients ¢;; that represent the “cost” of assigning flight f; to slot s;,

for all f; € F/C,s; € S such that t; > erta;. The Linear Programming formulation of
the problem is as follows.



Min ZfiGF/C,Sj €S t;>erta; CijLij

subject to:
D s ety serta; Tij = 1 for all f; € F/C
ZfieF/C z; <1 for all s; € S
z;; € {0,1}

The constraints express that each flight that is not cancelled is assigned to a slot, and
that each slot is assigned to at most one flight. The cost coefficients are expressed as

¢ij = wi(t; — oag;)'™e,

with w; a weight associated with flight ¢ and 0 < ¢ < 1. Parameter € results in
super-linear growth of the tardiness cost of a flight, so that the model favors assigning
moderate amounts of delay to two flights rather than assigning a large amount of
delay to one flight and a small amount to another. Suppose, for example, that two
flights are assigned 120 minutes of delay in total. If the choice is between assigning
one flight a 30 minute delay and the other a 90 minute delay, or assigning both flights
60 minutes of delay, the model will choose the latter. The weights w; in the cost
coefficients represent the cost associated with the ground and airborne delay for that
flight. Flight schedules obtained by the model will depend heavily on these weights.
However, a basic characterization of the flight schedules achieved by the OPTIFLOW
model under various weights wy is stated in the following proposition.

Theorem 3.1. If wy > 0 for all f € F, the OPTIFLOW model will find a solution
that minimizes the total delay

Z (t; — oag;)x;.

fi€F/C,sjeStj>erta;

Moreover, the slots that have flights assigned to them are identical for any delay-
minimizing solution.

Proof. First, we note that the total delay of assignment only depends on the slots used,
since the scheduled arrival times are constants. Now let x* be an optimal solution to
the OPTIFLOW model, but suppose that it not does not minimize overall delay. Let
y* be any optimal delay minimizing solution and consider the symmetric difference
v @yt = {(i,5) : ¥}; +yj; = 1} of the arcs in z* and y*, that is, the set of arcs
(flight-slot assignments) belonging to either x* or y* but not both. The graph induced
by x* @ y* consists of a collection of even alternating cycles and paths. Since any
alternating cycle represents assignments of the same set of flights to the same set of
slots, the total delay of its flights is the same under both z* and y*. Thus, there must
be at least one even alternating path:

sjo) = firy = Sj1y — fie) -+ fiw) — Six)

with (fiw), sjk-1)) € yv* and (fik), Sjk)) € «*. By construction slot s;(o) is uncovered
in z* and so by the optimality of 2* we have that s;3) < sje) for all 1 < k < K,
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since otherwise #* could be improved by changing a flight assignment (f;x), sju)) to
(figk)» 8j(0))- To see this, we observe first that s;q) < sj@) (otherwise z* could be
improved by allocating f1) to s;()). Now consider s;(y. If 52 > s500), #* could be
improved by assigning fi2) to s;() (note that this assignment is feasible since sj() <
sj0) and f;2) is assigned to s;) in y*). Thus, we also have s;2) < sj0). Repeating
this argument yields the result for all 1 <4 < k. However, the fact that s;) < s
implies that y* is not an optimal solution, which contradicts our assumption. Thus, z*
is a delay-minimizing solution.

A similar argument shows that any delay-minimizing solution assigns flights to the
same slots. Let 2* and y* be any two delay-minimizing solutions. If these solutions do
not use the same slots, the graph induced by the symmetric difference z* @ y* must
include at least one even alternating path with one end-node s used in z* and one
end-node s;;) used in y*. This, however, implies that one of the solutions does not
minimize delay, leading to a contradiction. O]

This proposition implies that delay minimization is achieved under fairly mild con-
ditions and that, in typical cases, there are a wide range of delay-minimizing solutions.
As a consequence, the condition that flight-slot assignments should minimize overall
delay requires little explicit consideration and leaves room to consider other criteria,
e.g. equity, in addition to delay minimization.

3.2 Optimization-based Slot Allocation

In this section, we show that both the RBS algorithm and a special case of the OP-
TIFLOW model result in flight-slot assignments that lexicographically minimize the
maximum flight delays. To state this equivalence, we let T" represent the maximum de-
lay allocated by the RBS algorithm, and define for each t = 0,1,...T the performance
function

dy =| {fi € F : cta; — oag; =t} | .

Theorem 3.2. The flight-slot assignments obtained by the RBS algorithm and by the
OPTIFLOW model with w; = 1 for all f; € F' lexicographically minimize the mazimum
delay with respect to the original flight schedule; that is, the both approaches yield an
allocation that lexicographically minimizes the vector

d:(dT7"'7d0)

over all possible flight-slot allocations.

Proof. We assume w.l.o.g. that all oag times are different. The proof follows by
considering the following propositions:

e The assignment obtained by the RBS algorithm lexicographically minimizes the
mazimum delay.
To prove this, we let I; be a lexicographical min-max assignment, [, an as-
signment generated by the RBS algorithm, and argue that both I and I, as-
sign the same flight to the first slot. Suppose this is not the case, i.e. we



have Ir(f;) = s1 but I1(f;) = sg for some ¢ and k > 1, and [1(f;) = s; with
Jj # 4. It follows from the RBS algorithm that oag; < oag;, and therefore
max{t; — oag;, tx, — oag; } < max{t, —oag;, tx, —oag;}. This, however, contradicts
the optimality of I, since the lexicographical min-max objective function can be
improved by interchanging the assignment of f; and f;. To complete the proof,
we can repeat this argument for slots 2, ..., n.

o The assignment obtained by the RBS algorithm is optimal w.r.t. the OPTIFLOW
model.
This follows by a similar exchange argument. Let I; be an optimal solution to
the OPTIFLOW model and I, an assignment generated by the RBS algorithm.
Suppose again this is not the case, i.e. we have Iy(f;) = s1 but I;(f;) = s for
some ¢ and k > 1, and I;(f;) = s; with j # ¢. This, however, would imply
that interchanging the assignment of f; and f; would improve the OPTIFLOW
objective function (since oag; < oag;), which is a contradiction. Again, repetition
of the argument yields the desired result.

]

In other words, the allocation obtained by both procedures is such that we cannot
reduce a flight’s allocated delay, d, without increasing the delay of another flight to a
value larger than d. Since the lexicographic minimax criterion is equivalent to the RBS
procedure, which achieved acceptance after significant negotiations and “war-gaming”
activities, it should be a candidate upon which to base the allocation of resources in
other contexts. In particular, using a lexicographical minimax objective might prove
useful if the allocation involves more complex combinations of resources (e.g., a region
of airspace) which require the solution of a more complex optimization problem.

3.3 Optimization-based Slot Exchange

The inter-airline exchange of slots in GDPs is performed by the Compression algorithm,
which aims to reward airlines for slots they release. In this section, we first represent
the inter-airline exchange of slots as an assignment problem with an appropriately
defined lexicographic minimax objective. Subsequently, we show that this problem can
be solved with a greedy algorithm that closely resembles the Compression algorithm.

To specify a lexicographic minimax objective that captures the exchange of slots
in Compression, it is necessary to define a set of performance functions together with
appropriate targets or goals. To incorporate the notion that airlines are rewarded
for slots they release, we associate with each (non-cancelled) flight a goal slot. The
performance functions measure the shortfall from this goal slot (that is, the difference
between the assigned slot and the goal slot). A goal slot is defined for each non-cancelled
flight by specifying a mapping

e g: F/C — S, such that g(f;) € I[(F,) when O(f;) = a,

that is, each flight’s goal slot should be owned by that flight’s airline. The idea behind
the use of goal slots is that in a “completely fair” solution each airline should be able
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to use each of the slots that it owns. Because of schedule disruption, it may be unable
to do so. When a goal slot is not attainable for a flight, minimization of the deviation
with respect to the goal embodies the concept of minimizing the deviation from the
most fair allocation. To illustrate this concept, let us consider the example depicted
in Figure 6. Again, each flight has an associated earliest time of arrival, and each slot
has an associated slot time. In the initial assignment depicted in Figure 6, airline A
has cancelled its first flight, leading to an open slot. Ideally, it would assign its next
flight, A2, to this slot. Thus, slot 1 represents the goal for flight A2 (note that A2’s
earliest arrival time is later than 1:00). Subsequently, A would like to assign A3 to slot
5, which is now vacated by A2. Thus, slot 5 represents the goal for flight A3.

In general, there may be different ways in which an airline could assign goals to
flights. A natural requirement would be that each flight is assigned one goal slot, and
that each slot can be used at most once as a goal. This latter requirement is appropriate
since the model will seek to minimize the deviation between the flight and its assigned
goal. Assigning two flights to the same goal would be analogous to assigning two
flights to a single landing time slot. Furthermore, if an airline has k flights, it is clear
that it should use as goals its first (earliest) k slots. A natural “default” assignment
of flights to goals would be achieved by ordering the flights according to increasing
earliest times of arrival and the goals according to increasing slot times. Then, we
assign the 1st flight to the 1st goal, 2nd flight to the 2nd goal, etc. In our experiments,
we use this approach. On the other hand, the ability to order, and thus prioritize,
flights could enable a higher degree of airline control in the exchange of slots. We will
discuss this issue later in this section.

Given a flight-goal assignment, represented by g, the next step is to determine an
objective function for the OPTIFLOW model that lexicographically minimizes each
flight’s deviation from its goal slot. For this, we define the performance functions

Dk(l‘) = Z [Eij,

fi€F,s;€8:t; 7tg(f2.)=k

for kpmin < k < kpmaz, where kp.c represents the maximum (positive) goal deviation
and Ky, the minimum (and potentially negative) goal deviation. In other words,
Dy (x) represents the number of flights with a goal deviation of k. Since our aim is
to lexicographically minimize the maximum deviation, these objective functions are
ordered such that higher goal deviations have higher priority. As such, our objective
is to lexicographically minimize the vector

(Do (), -+ 5 Dy (7)) (1)

over all possible flight-slot assignments x. This can be achieved by using an objective
function that is an appropriate weighted sum of the performance functions [18], that
is,
MIN > WiDy(x).
1<k<kmax
The weights W), have to ensure that whenever a solution x; is lexicographically larger
than a solution zy (according to vector (1)), its costs will also be higher. In our case,
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an appropriate choice of weights is
Wk = (k - kmin)(1+€)>

for kpin < k < kpae and € > 0. Observe that Wy, is strictly increasing, since k > kyin,
and strictly convex in k. As a result, the overall objective function coefficients in the
OPTIFLOW model will be

Cij = (tj —tg(s) — kmin>(1+€)’ (2)
for f; € F' and s; € S. The following theorem then ensures the desired result.

Theorem 3.3. The OPTIFLOW model using objective function coefficients (2) yields
a solution which lexicographically minimizes (1). Moreover, using objective function
coefficients (2) the solution obtained by the model also minimizes total delay.

Proof. The proof is similar to Theorem 3.2. That is, we let I; be an assignment
that lexicographically minimizes (1) and Iy an optimal assignment generated by the
OPTIFLOW model using objective function coefficients (2). As before, we argue that
both I; and I assign the same flight to the first slot. Suppose this is not the case, i.e.
we have [1(f;) = s1 but Iy(f;) = si for some i and k > 1, and Ir(f;) = s; with j # 1.
Since I; lexicographically minimizes (1), it follows that g(f;) < g(f;) (note that no two
flights will have the same goal). Since W} is stricly increasing and strictly convex, we
therefore have
Ci1 — Cj1 < Cig — Cjk

or
ci1 + Cik < Cik + Cj1-

This, however, contradicts the optimality of I, since the objective function value of
the OPTIFLOW model can be improved by interchanging the assignment of f; and
fj- To complete the proof, we again repeat this argument for slots 2,...,n. Finally,
minimization of total delay follows from Theorem 3.1. O]

The resulting OPTIFLOW model corresponds to an assignment problem, and can
therefore be solved efficiently. However, a simpler procedure that finds optimal so-
lutions exists, and is shown in Figure 7. This procedure repeatedly assigns the next
available slot to the flight which has the earliest remaining goal slot among all flights
that can use the slot. The correctness of the procedure is insured by the following
theorem.

Theorem 3.4. A solution x obtained by the greedy algorithm shown in Figure 7 is an
optimal solution for the OPTIFLOW model using objective function coefficients (2),
and therefore yields a solution which lexicographically minimizes (1).

Proof. This follows by an exchange argument, as in Theorem 3.2. Suppose x is an
optimal assignment to the greedy algorithm, y an optimal solution to the OPTIFLOW
model, and let s; be the first slot at which they differ; that is, x;;; = 1 and y;,; = 1
with i1 # i5. Observe that, by construction of the greedy algorithm, it follows that
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9(fi,) < g(fi,). But, this would imply that we could reduce the cost in the OPTIFLOW
model by interchanging the assignments of f;; and f;, in y, which contradicts the
assumption that y is optimal. Il

Another, more airline-based, interpretation of the procedure would be that each
airline is assigned a set of (remaining) priorities corresponding to its goal slots. Then,
the procedure repeatedly assigns the next available slot to the airline which has the
highest remaining priority among all airlines that can use the slot. In either case, how-
ever, this result clearly indicates the difference between the Compression algorithm and
the optimization-based slot exchange procedure. Whereas the Compression algorithm
assigns flights to slots according to the order in which slots are vacated, the greedy
procedure assigns flights in the chronological order of slots. As a result, however, the
greedy procedure may violate a basic property of the Compression algorithm, that
is, airlines can potentially lose slots they own and can use. This, however, can be
prevented by including the constraints

in the OPTIFLOW model, for a given initial assignment I. The resulting optimization
problem can again be solved by a greedy procedure, which is shown in Figure 8. The
correctness of this procedure is insured by the following theorem.

Theorem 3.5. A solution x obtained by the adjusted greedy algorithm shown in Fig-
ure 8 is an optimal solution for the OPTIFLOW model using objective function coeffi-
cients (2), with the added constraints (3).

Proof. The proof again follows using an interchange argument. Suppose x is not an
optimal solution to the IP formulation. Then, there exist another solution y which
is optimal and differs from z in at least one position. Let j; be the first position at
which the allocations differ, and let 41,4, be such that z;,;, = 1 and y;, ;, = 1. It
follows that l;, > ¢;, and l;, > t;,, that is, neither of the flights are due at time ¢;,. By
construction we also know that g(fi,) < g(fi,), since the greedy algorithm will select
the flight with the earliest goal among those that can use slot s;,. Moreover, v, ;, = 1
for some j, > ji such that l;, > t,,.

Suppose now that [;, > t;,. In that case, however, an interchange of the flights
using the argument given in Theorem 3.4 (note that the interchange will not violate
latest arrival times) would reduce the cost in the OPTIFLOW model and imply a
contradiction.

Now consider the case where [;, < tj,. Thus, flight ¢; is due before time j,, but after
time j;. Now let us look at all the flights f;; occupying the positions j; +1,..., 75, — 1,
and suppose all these flights were due before time js, e.g., l;; < jo. This implies that
{f € F:I(f) = sy} > 1 for at least one j' € j; + 1,...,jo — 1, since we know
that [;, > t;,. This, however, contradicts our assumption that the initial assignment is
feasible and therefore there is at least one ¢’ € F, j' € j1+1,...,jo—1such that yy jy =1
and [y > jo. Again using the arguments from Theorem 3.4, we can interchange the
assignments of f;, and f;y in y without increasing the cost. This yields a new assignment
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y where the distance between f;; and f;, has decreased. Thus, by repeating this
argument we would eventually be able to interchange the flights such that f;, would
be assigned to j;, which shows that z is an optimal solution to the IP. O]

3.3.1 Empirical Results

We now compare the performance of the optimization-based approach with the Com-
pression algorithm. Our objective is to analyze how the difference in ordering the
allocation of slots impacts the resulting slot allocations and the distribution of the re-
sulting delays. To analyze these differences, we analyzed a number of historical GDPs
at both Boston’s Logan Airport and Chicago’s O’Hare Airport during the first 4 months
of 2001. For each of these GDPs, we considered the first execution of the Compression
algorithm. For the current allocation of slots to airlines, we first assigned each airline’s
flights to its slots according to the flights’ earliest arrival times. Slots that could not be
assigned were left open. Given this initial allocation, we then compared the allocations
that would have been obtained both by the Compression procedure and the adjusted
Greedy procedure. The results are shown in Figure 9, which depicts for each GDP
both the total number of non-cancelled flights and the flights that would have received
different slots.

These results show that the optimization-based approach yields allocations that
are very similar to the Compression procedure. For 57% of the instances the resulting
allocations are in fact identical, while for 92% of the instances the allocations differ by
at most 4.4%. Even for the three instances where a substantial number of flights receive
different slots, the resulting allocations are close if we consider the differences in delay
for these flights. For instance, at O’Hare airport on January 15, 2001, the procedures
resulted in different slot allocations for 24.1% of the flights. Yet the average difference
in delay for these flights was only 3.7 minutes, and for only 4% of these flights the
delay difference was more than 10 minutes. At O’Hare airport on March 16, 2001, the
average delay difference was 2.7 minutes, and for only 1.2% this difference more than
10 minutes. At Logan airport on March 13, 2001, the average delay difference was 7.3
minutes, and for 10.1% of the flights the difference was more than 10 minutes.

We also analyzed the performance of the original greedy procedure, that is, without
the provision that no flight will involuntarily lose a slot it owns and can use. We found,
however, that adding the constraints (3) had little impact. For 70% of the instances the
results were identical to the adjusted greedy procedure, while for all but one instance
at most 6 flights were affected.

3.4 Implications

Overall, these results indicate that appropriately defined lexicographic minimax ob-
jectives closely capture the fairness trade-offs used in both the initial allocation of
slots to airlines and in the inter-airline exchange of slots currently employed by the
FAA. Moreover, the greedy procedures used to solve the resulting optimization models
highlight the underlying fairness principles. Each airline owns a given set of priorities
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(goals), which are assigned to its flights. The allocation procedures assign slots to
flights according to these priorities.

In fact, one could argue that the greedy procedures provide a fundamental improve-
ment, in that the Compression algorithm arbitrarily may or may not give an airline
with an open slot certain priority relative to later slots by the way each Compression
iteration cascades down. To illustrate this issue, let us consider the example in Fig-
ure 10. Again, each flight has an associated earliest time of arrival, and each slot has
an associated slot time. In the initial assignment depicted in Figure 10, airlines A and
B have cancelled their first flight, leading to open slots. In the first iteration of the
Compression algorithm, flight D1 is assigned to S1, flight A2 to S4, and flight B2 to
S5. As a result, however, airline A will relinquish its priority over airline C' in the
second iteration. In this iteration, the Compression algorithm will assign flight C'1 to
S2, flight A2 to S3, and flight B2 to S4. Observe that airline C' will receive an earlier
slot than airline A in the final allocation. The Greedy procedure, on the other hand,
respects priorities throughout, and will therefore assign slot S2 to airline A. It seems
clear that the solution produced by the Greedy procedure in Figure 10 dominates the
solution produced by Compression in that the Greedy solution gave a greater benefit
in exchange for a cancelled flight.

Viewing compression as a procedure that allocates slots according to airline-owned
priorities provides a conceptual foundation that enables extension of the ideas to other
settings. A simple immediate extension would be to provide the airlines with more
flexible inputs to the process. That is, it would be possible for airlines to assign goals
(priorities) to flights in different ways. For example, the airlines could specify a flight
ordering criteria; the ordered list of priorities could then be matched to the ordered
list of flights (to mimic Compression, we used a default ordering based on earliest time
of arrival). Alternatively, the airlines could provide an explicit assignment of priorities
to flights, thus providing an additional degree of control.

Even richer applications can be derived by interpreting the goals as the fundamental
standard against which to measure any slot allocation. We have applied this idea
to mitigate biases related to the manner in which certain flights are exempted from
GDPs. Flight exemptions are employed due to the dynamic and stochastic nature of
GDPs; generally speaking, flights originating from distant airports are often exempted
to limit the risk of unnecessary delays (e.g. if weather conditions were to improve).
As a result, however, the total delay assigned in a GDP will have to be distributed
over fewer flights. This can have a significant impact, in that it introduces biases that
systematically penalize certain airlines [19, 21]. Extensions to the procedures described
in Section 3, however, can be used to mitigate these biases. Finally, we also note that,
in addition to the definition of goals, it would also be possible to incorporate other
fairness standards. Potential alternatives, as well as their impact on the resulting slot
allocations, are discussed by Vossen [19)].
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4 'Trading Models for Inter-Airline Slot Exchange

The GDP processes employed under CDM define the interaction between the airlines
and the FAA. At the start of a GDP, the FAA allocates slots using RBS. Through the
resulting slot allocations, the FAA implicitly disseminates a set of constraints to each
airline. Airlines may react to these by cancelling flights and/or substituting flight-slot
assignments, depending on their individual economic considerations and preferences.
Finally, the airlines submit their preferences to the FAA, which uses Compression to
achieve a final allocation that maximizes overall slot utilization. Currently, airlines
primarily exercise control over their flight schedules by cancelling flights and executing
flight-slot substitutions. Their input into the slot exchange is limited: given their
preferences (which are provided by the earliest arrival times of each flight), Compression
follows a simple procedure for (re)allocating slots.

As such, a relevant question is how the delay savings are distributed among flights
in the exchange of slots, and, whether airline control could be extended so that a
more beneficial exchange of slots could be achieved. Here, we address this issue by
re-examining the role of the Compression algorithm. We interpret the inter-airline
exchange of slots in Compression as a form of bartering, in which the FAA acts as
a “broker” matching offers proposed by the airlines. In particular, we discuss how
the flight-slot assignment obtained by the optimization problem might be viewed as a
“match” between slot-exchange offers proposed by the airlines. The advantage of this
interpretation is that it allows us to analyze the role and limitations of user prefer-
ences under the current Compression algorithm, and that it indicates several possible
extensions that increase the airlines’ flexibility in the inter-airline exchange of slots.

In the remainder of this section we describe in greater detail how the inter-airline
slot exchange might be considered a form of bartering between the airlines, with the
FAA acting as a mediator. In addition, we discuss how the FAA’s “mediation” problem
may be viewed as an optimization problem, and in particular that a flight assignment
obtained by the optimization problem described in the previous section may be inter-
preted as a solution to this mediation problem.

4.1 A Model for Mediated Bartering

We start by describing a general model of mediated bartering. In the next section, we
will describe its application to the air traffic management context. Consider a set of
agents, A, where each agent, a € A, owns a set of goods, S,. Each agent potentially
desires to exchange one or more of its goods for goods owned by other agents. Here, we
assume one-for-one exchanges, so that a single good owned by one agent is exchanged
for a single good owned by another agent. The set of desired exchanges is characterized
in terms of offers. For each good, s € S,, we define an offer as the ordered pair (s, T)
where T is a set of goods that agent a is willing to accept in exchange for s. To carry
out the exchange process, there is a first stage in which each agent generates a set
of offers and submits the entire set to a mediator. In the second stage the mediator
determines the set of offers to accept. The mediator specifies both which offers to
accept and for each accepted offer, (s,T}), which element in T} is exchanged for s. We
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note that a key aspect of the entire procedure is the criterion used by the mediator both
to determine which offers to accept and to determine the exchange element for each
offer. This criterion will influence (perhaps very strongly) the offers proposed by each
agent. We can represent the mediator’s problem in terms of a directed network. The
node set, N, is the set of all goods and the arc set, F, is the set of possible exchange
pairs, i.e.

N:USa

a€A

E = {(s,t):s€ N and te T}

We note that minimally feasible exchange sequences correspond to cycles in the net-
work. For example, suppose that goods 1,2 and 3 with owners a;, ay and ag, form a
directed cycle. Then, an exchange is possible in which a; transfers good 1 to as, as
transfers good 2 to az and a3 transfers good 3 to a;.

As a result, the problem of finding a feasible set of exchange sequences is equivalent
to finding a set of non-intersecting directed cycles in (N, E). The corresponding opti-
mization problem can be formulated as an assignment problem and is, in fact, closely
related to the assignment relaxation of the traveling salesman problem. To formulate
an optimization model, we require a cost function, which we assume is given in terms
of exchange costs, ¢y, for each ordered pair of goods (s,t) € A. The problem can now
be defined as:

Min: ZSGN ZtGTS Cst st
s.t. ZteTS Ty +ys,=1 forallse N

ZtZSGTt xtS + ys - ]- fOI a].l S e N
Tt Ys € 10,1} for all (s,t) € E and s € N

N N
S Ot~
~— ~— — ~—

7

The variable y, is 0 if the offer (s,Ts) is accepted and is 1 if it is rejected. When
ys = 0, zg, = 1 for some t; € T where the owner of s receives t; in exchange for s. In
addition, there is a t5 for which x;,s = 1 where the owner of ¢, receives s in exchange
for t5. Note that the same slack variable, y,, appears both in constraint sets (5) and
(6). This insures that if y; = 1 then x4 = 0 for all ¢t and xys = 0 for all ¢'.

We now generalize this model to allow an agent greater control over its overall set
of goods. Suppose an agent proposes two offers, (s1,Ty,) and (s9,Ts,), but has the
following desire: that if the agent did not receive one of the goods in Ty, , i.e. the offer
is not accepted, then the agent would be assured of keeping good s, (another good
owned by the agent). With this motivation, we define an offer more generally as a
three tuple, (s, T, p(s)), where p(s) € S, and a is the owner of s. We interpret p(s) as
the good owned by a, which a wishes to insure it retains if the offer is not accepted.
We require that the mapping p(x) is one-to-one and define p~(¢) as its inverse, i.e.
p~(t) = {s : p(s) = t}. The new optimization model is then obtained by replacing
constraint (6) with

Zt:sETt Tys +Yp-(s) =1 forallse N (8)
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We note that the one-to-one requirement is necessary to insure that a single agent
cannot cause the broker’s problem to become infeasible by the manner in which that
agent defines its offers. Without this requirement, it would be impossible to guarantee
that the situation where all agents keep their goods, e.g. the solution where y,- () =1
for all s € N, would yield a feasible solution.

Figure 11 illustrates one cycle in a solution obtained under this model. The nodes
represent goods, the solid arcs offers contained in F, and the dotted arcs depict the
goods insured if offers are not accepted. The arcs in bold depict the cycle obtained by
the model. Here, the “arc” from s; to p(s1) = sq is chosen. Note that in this case, the
agent relinquishes s;, keeps sy and obtains a good in T§,. The use of the p function
implements a type of hierarchical conditional exchange:

option 1: s; exchanged for a good in 7§, and s, exchanged for a good in T,
option 2: s, retained and s; exchanged for a good in T,

In fact, there is a complex recursive hierarchy of possible exchanges. For example, in
the figure, p(s2) = s3 so that more complex conditional exchanges would result if the
arc from s, to s3 were also chosen. On the other hand, if for a given agent only “p”-arcs
were chosen then this is equivalent to all of its offers being rejected. Clearly, a major
component of this model is the definition of the objective function; generally speaking

the definition may be application specific.

Compression as Inter-Airline Bartering We now consider the application of the
model just described to the case of slot exchange among airlines. The goods are the
slots available in a GDP; the set of agents, A, is made up of the participating airlines;
and S, consists of those slots assigned to airline a by RBS. In the remainder of this
section we illustrate how the Compression algorithm fits within the bartering framework
described before. Furthermore, we will show that the assignment model formulated to
solve the mediator’s problem is identical to the assignment model proposed earlier in
the paper to replace the Compression algorithm. Given the initial allocation of slots
(based on RBS), an airline could in principle make any offer to exchange slots. An
exchange offer consists of a slot an airline is willing to give up and a set of possible
slots it would be willing to accept in return.

Let us examine why and when slots are exchanged in the Compression algorithm.
We observe that all slot exchanges are instigated by a slot that is made available
through a cancelled or a delayed flight. Such a slot leads to a series of slot exchanges,
in which flights are repeatedly moved up in a way that maximizes the return for the
releasing airline. To capture this type of exchange by a collection of offers, we introduce
the following two types of offers.

e The type 1 offer may be viewed as a default offer, and is depicted in Figure 12.
This offer simply states that an airline would be willing to give up the slot
currently occupied by a flight, in return for an earlier slot, as long as the new
slot is not earlier than the earliest time of arrival for the flight.
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e The type 2 offer applies when a flight is cancelled or delayed. In this case, the
corresponding offer will be as depicted in Figure 13. Here, the releasing airline is
willing to give up the slot in return for a reduction in the delay of a subsequent
designated flight. As we will discuss, a single cancellation can lead to multiple
offers of this type to effect a set of progressive moves for a single airline’s flights.

In fact, an airline need not explicitly specify either of these offers. The first type is
easily derived by observing the earliest time of arrival of each flight. The second type
can be derived by combining the slot opened by a cancelled or delayed flight (offered
slot) together with the slots that provide delay reduction for the nearest flight from
the same airline (slots the airline is willing to accept in return). Let us now examine
the structure of the overall set of offers a single airline could generate. As before, we
assume the flights are given by F', the slots by S, and for each non-cancelled flight f;,
its earliest arrival time by erta; and its current slot by I(f;). In general, there will be
one or more flight cancellations, which lead to un-occupied slots. To ease comparison
with our previous model, we again characterize this situation using goal slots. Thus
we further assume that a goal slot g(f;) is associated with each flight f;. Given this
information, an airline would propose an offer for each non-cancelled flight f; which
states that the airline is willing to exchange g(f;) for a reduction in the delay assigned
to f;. Thus, each airline would be willing to trade slot g(f;) for a slot in the range
{sj € S :erta; <t; < tyy,}. However, it may be necessary to insure against the
possibility that the trade cannot be executed; in this case, the airline would like to
maintain possession of the initial slot I(f;) to ensure flight f; has a slot no later then
its current slot. Thus, using the above mentioned framework we may associate with
each non-cancelled flight f; an offer

(9(fi): {sj € Swerta; < t5 <triso}, pg(fi)) = 1(f:)),

We note that this process leads to three kinds of offers.
o If tysy = tr(p,), = type 1 offer.
o If tys,) < erta;,= type 2 offer.
o If erta; <ty < ti(s,), = combined type 1 and type 2 offers.

It should now be easy to see that with these offers, the constraint set from the OP-
TIFLOW model with the added constraints (3) will be identical to the constraint set
defined for the trading model. We note that in the bartering model case the items to
be assigned are goal slots and in the Compression optimization model they are flights.
However, in each case there is one node per flight and the adjacent arcs are exactly the
same.

The broker’s (FAA’s) problem can now be formulated and solved as an assignment
problem as described in the previous section. The one remaining open question is
determining the cost or value function associated with each exchange offer. We first
note that any exchanges will be driven by type two offers, which involve giving up
an earlier slot for a later one. Such offers will be “rare” compared with type 1 offers,
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which will be generated by default for any flight that has received a delay. Thus,
the bartering mechanism should provide strong encouragement for type 2 offers. In
formulating the type 2 offer objective function, we therefore start with a cost function
that increases with the distance between the slot offered and the slot accepted in
return. We argue that this cost function should have a marginally increasing rate
of increase; this gives priority to reducing longer deviations between the slot given
up over the slot received in return over smaller deviations. This is a fairly standard
notion of fairness and as we shall see is consistent with the earlier ideas presented in
this paper. With each offer of the first type (the default offers) we associate a value
function that increases with delay reduction (the distance between the slot offered
and the slot accepted in return). In this case we give the value function a marginally
decreasing rate of value increase. Informally, the marginally decreasing rate of increase
represents the objective of distributing the delay reductions enabled by a cancelled
or delayed flight evenly among other flights. Let us now consider the cost function
principles presented above and compare them to the cost function defined in Section 3.3.
Consider an offer (g(f;),{s; € S : erta; < t; < tyyy,p(9(fi))}, and consider a slot
in {s; € S :erta; < t; < tyy,y} (here we assume that the combined type 1 and
type 2 offers have been split into two separate purposes). The case where t; < t4,
corresponds to a type 1 offer, and should have a marginally decreasing value function,
which holds for the objective function coefficients ( 2) defined in Section 3.3. On the
other hand, the case where t; > t,y) corresponds to a type 2 offer which should have
a marginally increasing cost function with higher priority. Again, this holds for the
objective function coefficients we defined before. To summarize, this shows that the
Compression procedure has a natural interpretation as a form of mediated bartering,
in which the FAA - acting as a mediator - matches offers by prioritizing offers to move
down, thus implicitly rewarding airlines for offering to reduce congestion.

4.2 Implications

The interpretation of Compression as bartering and the associated optimization model
again invites several possible extensions to the current inter-airline slot exchange pro-
cedure.

Dynamic Trading: Compression and the bartering framework we have described here
operate in a “batch” mode, where airlines submit cancellations and other information,
which serves as input to a periodic execution of the mediator process (the compression
algorithm). Thus, there could be a substantial lag between the time when information
is input and results are received. A related issue is that generally, when airlines cancel
flights, they do not know in advance the benefits achieved for their remaining flights.
This might limit their ability to make the best decision as to whether or not to cancel
specific flights. Consider for example a small carrier, who has two flights in a GDP.
This carrier might prefer to cancel the first flight, but only if the second flight can
leave on time. By allowing conditional cancellations, this decision could be expressed
as an exchange offer. More specifically, an airline could propose an exchange offer
(s;t1,...,tx) as usual, with s the proposed cancellation and ti,...,t; the range of
slots required in return for cancelling the flight associated with slot s. Now, if a slot
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in t1,...,t were not available, the exchange will not be implemented and the airline
will not cancel. Such conditional offers are easily included in the assignment model by
setting p(f) = f. Alternatively, one could envision a setting where conditional “trades”
are continuously proposed, evaluated and accepted or rejected. Such a dynamic trading
environment would operate in a mode similar to a stock exchange. In fact, the FAA
and airlines have recently adopted a slot credit substitution (SCS) process [13, 6], which
effectively implements this idea.

Alternate Mediator Objective Functions: The objective function for the mediator model
we have described closely represents the compression logic. One might question whether
the current approach could be improved upon. Specifically, our model and compression
typically produce small delay decreases for a large number of flights. This is the result
of the marginally decreasing rate of value increase for type 1 offers. From an airline
perspective, a decrease in flight delay by less than 10 minutes, in most cases, is of little
value. This leads one to consider the merits of an objective function that produces
larger delay decreases over a smaller number of flights. In fact, policies of this type are
being considered within the new SCS process.

Complex Trades: The bartering framework we have described is based on “simple” of-
fers where one slot is given up and another received in return. A very natural extension
would be to allow more complex slot exchange offers, in which multiple slots are offered
and multiple slots are required in return. For instance, one possibility could be that
an airline would offer to delay one (non-critical) flight in return for a delay reduction
on another (more important) flight. Note that such an offer would entail giving up two
slots in return for two other slots. While allowing this type of offer would complicate
the FAA’s mediation problem, the trade-offs available to the airlines increases. In fact
such a scheme has been described in [19] and [20], where it is shown that the benefits to
airlines could be quite substantial. These papers also provide computationally efficient
integer programming models for the mediator’s problem.

A True Exchange - Trading with Side Payments: Of course, any time goods are ex-
changed one would naturally expect monetary payments to be involved. In the slot
exchange setting there are a number of issues to be addressed, such as a formal defi-
nition of property rights, before slot buying and selling on a day of operations could
be implemented. Nonetheless, fundamental economic principles would suggest that
substantial benefits could result. One might be tempted to replace the entire bartering
operation with a marketplace in which slots are bought and sold. We would argue
that, while simple buys and sells should be supported, it would be important to keep
the basic slot-for-slot trading structure. In the most typical case an airline would not
be interested in substantially changing the number of slots available to it; rather the
airline would be interested in paying for delay reduction or receiving compensation for
delay increases. Thus, a market that supports true exchange transactions (slot A ex-
changed for slot B plus a side payment) is called for. While there are many challenges
to instituting such a trading structure, we feel the benefits could be substantial. Refer-
ence [3] describes a basic framework for such a market and defines associated research
questions.
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Substitutions

Cancellations

FAA: Airlines:
Flight-Slot Assignments Schedule Adjustments

Figure 1: FAA /airline interaction in a GDP prior to CDM
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Cancellations P

FAA: Airlines: FAA:
Flight-Slot Assignments Schedule Adjustments Slot Exchange

Figure 2: FAA /airline interaction in a GDP under CDM
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RBS ALGORITHM:

Step 1. Order the flights in F' by increasing scheduled time of arrival.
Go to step 2.

Step 2. Select the first flight in F' that has not been assigned a slot.
If no such flight exists, the algorithm is terminated.
Otherwise, the flight is assigned the earliest unassigned slot it can meet.

Figure 3: The Ration-By-Schedule Procedure
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COMPRESSION ALGORITHM:

Step 1. Order the flights according to the current schedule. Determine the set of open
slots C's. For each slot ¢ € (g, execute step 2.

Step 2. Determine the owner of slot ¢, that is, the airline a that owns the cancelled
or delayed flight f; that has been assigned to slot ¢. Try to fill slot ¢, according
to the following rules:

2.1. Determine the first flight f; from airline a (in the current schedule) that
can be assigned to slot ¢, that is, for which ¢ € {e;,...,I(f;)}. If there is
no such flight, go to Step 2.2. Otherwise, go to Step 3.

2.2. Determine the first flight f; from any other airline that can be assigned to
slot c. If there is no such flight, go to Step 2.3. Otherwise, go to Step 3.

2.3. There is no flight that can be assigned to slot ¢. Return to Step 1 and select
the next open slot.

Step 3. Swap the slot assignments of flights f; and f;, i.e, assign flight f; to slot c,
and flight f; to slot I(f;). Note that airline a now owns open slot I(f;). Next,
slot I(f;) is made the current slot, and Step 2 is repeated.

Figure 4: The Compression Procedure
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Initial Assignment Compression Assignment

Flight Slot Flight Slot
A1:1:00 |—{ 1:1:00 A1:1:00 |—»| 1:1:00
A2:1:01 2:1:02 A2:1:01| .o 2:1:02
B1:1:02 —»| 3:1:04 BL:L:02 | | 3:1:04
C1:1:03 |—>| 4:1:06 cr:1:03 | 4:1:06
B2:1:04 |—>]{ 5:1:08 B2:1:04 |—»] 5:1:08
C2:1:05 —] 6:1:10 C2:1:05 | =] 6:1:10
A3:1:06 —>{ 7:1:12 A3:1:06 | 7:1:12

Figure 5: Compression Example.
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Initial Assignment Goal Assignment

Flight Slot Flight Slot
Al:1:00 1:1:00 Al:1:00 1:1:00
B1:1:01 —» 2:1:02 B1:1:01 /z 2:1:02
B2:1:02 —» 3:1:04 B2:1:02 | 3:1:04
C1:1:03 F—»| 4:1:06 C1:1:03 7L> 4:1:06
A2:1:04 —» 5:1:08 A2:1:04 5:1:08
C2:1:05 » 6:1:10 C2:1:05 /: 6:1:10
A3:1:06 [P 7:1:12 A3:1:06 / 7:1:12

Figure 6: Example of initial allocation and assignment of goals.
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Init
Let z;; ;=0 for all f; € F/C,s; € S;

Let F' := F/C
For j€0,...,n—1Do
Let i’ := argming,crr.erta;<t; 9(fi);
{ f is the flight with the earliest goal among those that can use slot s; }
Let Tiyj = 1,F/ = F’/{fl/}

Od

Figure 7: Greedy Algorithm for optimization-based slot exchange
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Init
Let z;; ;=0 for all f; € F/C,s; € S;

Let l; := tyy, for all f; € F/C;
Let F' .= F/C
For j€0,....n—1Do

Let i’ := arg MiN ;e Frerta; <t; Lis

If li’ = t] Then
Let wy; =1, F == F'/{fs};

Else
Let ¢ := argming,crr.erta;<t; 9(fi);
{ f is the flight with the earliest goal among those that can use slot s; }
Let @y =1, F" :== F'/{fus}

Od

Figure 8: Adjusted Greedy Algorithm for optimization-based slot exchange
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Logan Airport O'Hare Airport
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Figure 9: Compression vs. Adjusted Greedy: Relative Differences
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Initial Assignment Compression Assignment Greedy Assignment

Flight Slot Flight Slot Flight Slot

A1:1:00 S1:1:00 A1:1:00 ISI:].‘00 A1:1:00 S1:1:00
B1:1:01 S2:1:02 B1:1:01 S2:1:02 B1:1:01 S2:1:02
C1:1:02 | —1S3:1:04 Cl1:1:02 S3:1:04 C1:1:02 S3:1:04
D1:1:00 |——p|S4:1:06 D1:1:00 S4:1:06 D1:1:00 S4:1:06
A2:1:02 |——p|S5:1:08 A2:1:02 S5:1:08 A2:1:02 S5:1:08
B2:1:06 —S6:1:10 B2:1:06 S6:1:10 B2:1:06 S6:1:10

Figure 10: Example Compression vs. Greedy
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Figure 11: Cycle from Solution to Mediator’s Problem Using “p-Arc”
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Figure 13: Offer associated with cancelled or delayed flights



