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Abstract

With sustainability becoming one of the core topics in politics, public discussion and, consequently, in various indus-
tries, the airline industry, as one of the major greenhouse gas emitters in the transport sector, has also come under
scrutiny. Despite many advanced models for airline planning and scheduling, most models do not explicitly consider
sustainability issues. Our paper extends existing research by including the five most strategic stages of the airline
planning and scheduling process along with explicitly emphasizing sustainability considerations. We use the result-
ing mixed-integer quadratically constrained problem in a computational study to show that airlines in our setting can
reduce the number of flights (and thereby the level of emissions) without the need to make a substantial sacrifice
in profitability. Due to the complexity of the problem, the results also indicate the need for a solver specialized in
efficiently solving mixed-integer convex problems.
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1. Introduction

Given the current sustainability movement, aviation as a major contributor to CO2 emissions in the transport sector
has been increasingly under political scrutiny. For the year 2014, the International Energy Agency (2018) estimated
that the total annual CO2 emissions from air travel exceeded a billion tons, contributing more than 10% to the overall
CO2 emissions from the transport sector (9.4 billion tons). The CO2 emission growth of more than 20% between 2014
and 2019 for the airline industry was mainly driven by the constant growth of travel volume, overcompensating for
fuel savings from technological advancements. Furthermore, Azar and Johansson (2012) estimate that CO2 combined
with all further climate gases (e.g. NOx) result in a climate impact with size 1.3 to 2.9 the pure CO2 emissions
impact. Terrenoire et al. (2019) estimate global aviation to be responsible for up to 5.2% of the total anthropogenic
warming in case no mitigation measures are adopted. Consequently, the pressure for airlines to conduct their business
in a fuel-efficient manner has been increasing. To motivate decisions toward CO2 emission reductions, regulators
have developed compensation frameworks or similar measures (see, e.g., Larsson et al. 2019 or Gössling and Upham
2012).

While corporate decisions across all levels, from strategic to operational, can have an impact on the overall emis-
sions, the strategic decisions have the highest relevance since they set the boundary for an emission corridor of an
airline. For example, the airline can only execute its planned schedule with its available fleet. Consequently, this
paper covers the five most strategic stages of the Airline Planning and Scheduling Process (APS), as visualized in
Figure 1.

• Fleet planning: The airline selects the types and respective number of aircraft to operate. Due to the complex
aircraft ordering processes and long lead times, a decision has an influence for multiple years.

• Route planning: The airline selects the markets to be served and identifies the appropriate structure of the
network. The former concerns the establishment of appropriate origin-destination (OD) connections, while the
latter considers the trade-off between a point-to-point vs. a hub-and-spoke structure.

• Flight scheduling: Based on the selected markets, the airline determines the selection of the most profitable
candidate flights to conduct and their schedule times. The resulting schedule is the basis for the product offer
of an airline, which consists of single-flight itineraries as well as itineraries with transfers.

• Fleet assignment: A specific aircraft type is assigned to each selected flight, which determines the available
capacity on the flights.

• Pricing: Products are priced such that the expected customer demand is matched with the available capacity in
the most profitable way.

The five stages are highly interdependent since the results of the more strategic stages provide input for the less
strategic ones, while the latter stages should provide feedback to the more strategic ones (e.g., about the feasibility).
The three operational stages of APS depicted in Figure 1 are not covered in this paper: maintenance routing (see, e.g.,
Liang et al. 2011), crew scheduling (see, e.g., Kasirzadeh et al. 2017) and revenue management (incl. seat inventory
control, see e.g., Talluri and van Ryzin 2004).

Despite the challenging nature of such an integrated planning approach as shown by Barnhart and Cohn (2004),
we acknowledge the interdependence of the five stages. Therefore, we develop an optimization model that considers
the decisions of these five stages while explicitly accounting for sustainability considerations. It thereby builds on
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Figure 1: Airline Planning and Scheduling Process (following Belobaba et al. 2015 and Schön 2008)

and addresses two existing streams of academic literature. First, it relates to the traditional model-oriented literature

on APS which aims at maximizing profits or minimizing costs. Here, the recent models include multiple stages
of APS. While the stages of fleet planning and route planning are mostly discussed in a processual manner in the
academic literature (see, e.g., Belobaba et al. 2015), optimization models are quite prominent in the other stages.
Among the first, Dobson and Lederer (1993) provide a flight scheduling model taking competition into account.
Similarly, Hane et al. (1995) provide a fleet assignment model that introduces the commonly used time-space network
and the related balance flow constraint for aircraft. Lohatepanont and Barnhart (2004) integrate the closely related
scheduling steps of flight scheduling and fleet assignment. They offer two model formulations as a mixed-integer
linear problem (MILP) with fixed route demand adjusting to the number of offered legs. Schön (2008) extends this
model by integrating a discrete choice model for demand. Her mixed-integer convex problem considers the pricing
decision with continuous prices. Therefore, it represents a model type which is promoted by recent developments in
network revenue management and airline reservation systems, as Hohberger (2020) and Strauss et al. (2018) indicate.
Yan et al. (2008) consider a stochastic passenger demand in their scheduling model (including route assignment for
each specific aircraft).

Using a piecewise linear approximation for their model, Pita et al. (2013) extend the stream of flight scheduling
and fleet assignment models by including the effects of delays to design a robust schedule. Yan et al. (2022) extend
the flight scheduling and fleet assignment problem by including a network revenue management subproblem. They
show that their approach provides a tight upper bound for the exact problem. Wei et al. (2020) set up a comparable
MILP including the three stages of flight scheduling, fleet assignment, and pricing. Faust et al. (2017) combine
flight scheduling with maintenance routing and pricing for application at smaller point-to-point airlines with only one
aircraft type, making fleet assignment redundant. The latter two contributions put a specific focus on building the
schedule from scratch, as opposed to improving an already existing schedule (typically conducted by selecting most
legs to be definitely covered).

The abovementioned traditional APS models often use McFadden’s (1974) multinomial logit model (MNL) or
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McFadden and Train’s (2000) mixed multinomial logit model (MMNL) to represent passenger choice. Since these
choice models are nonlinear, a closed-form solution for flight scheduling and the other planning problems remains a
challenge, requiring reformulations of the APS models. We refer the interested reader to Train (2009) for an overview
of the discrete choice models in general and Garrow (2016) specifically for the air travel industry. Furthermore, the
APS models typically assume a linear attribute evaluation function in the discrete choice models (see, e.g., Coldren
et al. 2003 or Proussaloglou and Koppelman 1999). However, recent empirical findings suggest that a linear evaluation
function may not be appropriate in the air travel context: Hess et al. (2007) find a best fit by using a log evaluation
function for several attributes including travel time and price. Similarly, Seelhorst and Liu (2015) model price (and
travel time) using a log evaluation function. They justify it with the relative nature of those attributes, where an
increase of a fixed amount of price (or travel time) exerts a higher influence on customers when the price (or travel
time) is smaller. Finally, to the best of our knowledge, none of the traditional APS models explicitly considers
environmental topics such as a CO2 limit. This topic is taken up by the second stream of research addressed by this
paper.

The recent model-oriented literature on airline emission reduction develops optimization models that address
several levers that aim to reduce emissions (such as CO2 or other greenhouse gases). In addition to the potential
reduction of demand, the following four partly overlapping levers are widely discussed in the literature and will be
used by us as well:

• Aircraft selection and assignment: By swapping assignments during the planning process, the estimated
demand on a particular leg may be served by an aircraft with a matching capacity. Furthermore, route (or
aircraft)-specific characteristics may provide the chance for overall emission savings. This lever is addressed in
the fleet planning and fleet assignment stages.

• Network design: An appropriate mix of direct flights and transfer connections can help to decrease the emission
level. For example, replacing a direct flight with a transfer connection that uses two already scheduled flights
may help to reduce the number of flights and thereby the total emission level. This lever is addressed in the
route planning and flight scheduling stages.

• Cruise speed: Adaptation of the cruise speed can also be used for two effects. An aircraft can be flown at more
efficient speed levels to lower its overall fuel burn. On the other hand, efficient aircraft may fly slightly faster
to allow them to cover more legs, substituting less fuel-efficient aircraft and thereby decreasing the overall fuel
burn of an airline. This lever is addressed in the flight scheduling stage.

• Aircraft utilization: Minimizing the empty capacity on each flight can help to reduce the total number of
flights. This lever is addressed in the flight scheduling, fleet assignment, pricing and revenue management
stages.

Aktürk et al. (2014) use aircraft selection and utilization as well as cruise speed for their rescheduling model and
consider fuel consumption as cost factor by including the BADA framework by EUROCONTROL (2011b). As shown
in table 1, others follow this approach and generate airline planning and scheduling models to estimate the tradeoff of
profit and environmental impact.

More technical and organizational levers include flight path design for the landing and takeoff phase (see, e.g.,
Zachary et al. 2010), the flight path design in the cruise phase depending on traffic, wind, altitude and other factors (see,
e.g., Delahaye et al. 2014), aircraft design (see, e.g., Müller et al. 2018), organization of air space (see, e.g., Efthymiou
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Reference Gürkan
et al. (2016)

Şafak et al.
(2017)

Parsa et al.
(2019)

Jalalian
et al. (2019)

Noorafza
et al. (2023) SAPS

Stages
of APS

Fleet planning •

Route planning • ◦ •

Flight scheduling ◦ ◦ • • •

Fleet
assignment • • • ◦ • •

Pricing •

Maintenance
routing • •

Others
Gate

assignment
Operational

improvements

Levers

Aircraft selection &
assignment • • • • • •

Network design • • •

Cruise speed • • • •

Aircraft utilization • • ◦ ◦ •

Study

Network 23 legs 41 | 114 | 400 legs
25 U.S. airports
(CAB dataset) 10 legs

KLM | TAP | Easyjet
network

12 U.S. metro-
politan areas

Environmental
measure Fuel cost Fuel cost 1O Fuel cost 2O CO2

Environmental impact
(reduction in %) 4.1 to 14.5 11 | 4.5 | 9 8 to 10 6.37 to 15 44 | 43 | 11 10 | 50

Profit / cost* impact
(reduction in %)

9.7 to 16
cost

22 | 21 | 24
cost

0
profit

49
cost

16 | 25 | 10
profit

1.72 | 15.74
profit

Table 1: Airline Scheduling and Planning models considering sustainability
Notes: • model includes stage or lever, ◦ model includes stage or lever partially, 1O 8 measures (thereoff 5 emission types including CO2), 2O
average temperature response (among others), *Some models consider the tradeoff between profit and fuel burn; here, a high value stands for a
high profit decline. Other models focus on cost improvement where fuel consumption is decreased as one cost factor; in these models a high cost
reduction is a positive effect.
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and Papatheodorou 2018) and furthers. These levers are beyond the scope of our model. Several researchers as
Gössling and Humpe (2020) motivate to consider regulatory policies in models. Larsson et al. (2019) identify policy
options such as distance-based air passenger taxes or taxes on fuels.

Our Sustainable Airline Planning and Scheduling (SAPS) model combines the two described research streams
into a single formulation, including the emission reduction levers along the five APS stages. It allows the airline to
design its core product “flight schedule” which defines the operated flight legs including aircraft type and the offered
itineraries (meaning a trip from origin to destination at a certain time). Furthermore, we include decisions related to
fleet planning (which aircraft to buy), route planning (which routes to serve) and pricing (which base price to request).
In line with recent price-based modeling approaches, it utilizes the MMNL discrete choice model. The resulting re-
search contribution is threefold: from an academic perspective, we extend current APS approaches for integrated flight
scheduling and fleet assignment in general, and Schön’s (2008) model specifically. We add the fleet and route plan-
ning stages, integrate demand-specific fuel burn (and consequently CO2 emissions), consider the recently estimated
log attribute evaluation function in the MMNL and reformulate the new model toward a mixed-integer convex prob-
lem. From a managerial perspective, we provide insights into the scheduling process under consideration of (internal
or external) emission restrictions using a scenario with 12 air travel-intensive metropolitan areas in the U.S. Using a
piecewise linear approximation to solve the problem, our results indicate that the relationship between airline profits
and maximum fuel burn resembles a concave function. Therefore, substantial savings of fuel burn can be achieved
without a considerable impact on airline profits. From a policy perspective, our results provide insights into the effects
of restraining the emission levels of an airline on the airline’s profits and the offered network.

We continue with the introduction of the SAPS model in Section 2. Following the description of the mixed-
integer nonlinear problem (MINLP), this section provides a reformulation of the problem toward a mixed-integer
convex problem. Section 3 follows with a computational study analyzing a potential network design in the U.S.
market, especially when considering fuel burn reduction targets. Section 4 provides a short summary and concludes
with future research recommendations.

2. Mathematical Model

In the following, we extend the profit maximization model for flight scheduling, fleet assignment, and pricing by
Schön (2008) to specifically account for CO2 emissions as well as for fleet & route planning decisions. In Section
2.1, we develop the SAPS model, a profit optimization model for fleet and route planning, flight scheduling, fleet
assignment and pricing. In Section 2.2, we reformulate the problem towards a mixed-integer convex optimization
model.

2.1. Sustainable Airline Planning and Scheduling

The challenge at hand is to find the best solution for fleet planning, route planning, flight scheduling, fleet assign-
ment and pricing in an integrated approach given explicit consideration of demand and speed dependent fuel burn.
We therefore review the main terms and assumptions underlying the airline network and operations first, leading over
to the model, before diving deeper on fuel burn (and emissions) as a core part of the model.

2.1.1. Network Structure

The airline can select an aircraft of type k from the set K and the speed level v of the airplane from the set of
discrete speed levels V . We consider a time-space network that consists of airports a ∈ A and events t ∈ T , which
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are the available points in time for aircraft departures and arrivals within a predefined period. A pair of two different
airports is referred to as an OD pair and can be served via a direct flight, via a transfer connection that connects two
or more direct flights, or both.

Based on this network, the airline can form the set of all possible legs L, where each leg l ∈ L is a direct flight
between an OD pair with a specified departure time and an average speed level (e.g., a flight from New York to Las
Vegas, departing at 9:00 am and traveling on average at 840 km/h). The latter attribute replaces the arrival time to
highlight the source of the difference between similar legs. Legs with the same OD pair and the same departure time
but different speed levels (and thus alternative arrival times) constitute a leg family LFz ⊆ L with

⋃
z∈LFS LFz = L,

where z is an element of the set of leg family names, LFS . To the best of our knowledge, the leg family approach
has not been employed in any traditional modeling literature on APS thus far. Based on the legs, the airline can
compose the set of potential itineraries J to be offered to its customers, where each itinerary j ∈ J is either a leg
directly connecting an OD pair or a transfer connection including two or more legs. The demand for itineraries arises
from customers that are partitioned into segments s ∈ S , where there is a distinct segment for each OD pair, each
customer (preference) class and each time interval. The demand is summarized by ds, j, where ds, j is only defined for
combinations (s, j) if itinerary j serves the OD market that segment s requests. We denote this subset of itineraries by
Ĵs ⊆ J.

2.1.2. Airline Decisions and Implications on Objective Function and Constraints

The airline faces three distinct decisions to maximize the profit. Regarding fleet planning, the airline needs to
determine the number of aircraft Nk of each type k ∈ K to utilize. The cost of utilizing one aircraft of type k for one
period is expressed by the investment parameter Ik: It is either the leasing fee or the acquisition cost depreciated over
its lifecycle. Therefore, the total per-period investment costs to be considered amount to

∑
k∈K Ik ∗ Nk.

Regarding route planning, flight scheduling and pricing, the airline needs to determine whether to serve an OD pair
and, if so, which itineraries to offer at which prices. Using price ps, j as a variable, the airline can determine not to offer
itinerary j to segment s by setting the price sufficiently high (so-called “null price”) and thereby enforcing demand
ds, j = 0 for that itinerary and segment. In case the null price is employed across all segments s ∈ S for itinerary j,
the itinerary will not be offered at all. If this is the case for all itineraries serving an OD pair, that OD pair will not
be served. Note that similar to Schön (2008), we assume that different prices can be offered to different segments in
order to allow the reformulation of the model to a mixed-integer convex problem (see Section 2.2). Customer demand
ds, j depends explicitly on prices ps = (ps, j) j∈Ĵs

in the MMNL model.

The resulting demand function ds, j = ωs ∗
exp(Us, j(ps, j))

θs+
∑

j′∈Ĵs exp(Us, j′ (ps, j′ )) . ωs denotes the size of the customer segment s and
θs the attractiveness of the outside option to segment s (flying with a competitor airline or not flying at all). Finally,
Us, j (ps, j) denotes the expected utility that customers from segment s gain from selecting itinerary j, depending on
the itinerary price ps, j. Assuming an additive utility model, the expected utility is calculated as Us, j = αs, j + us, j(ps, j),
where αs, j is the expected utility that customers from segment s gain from nonprice attributes (e.g., the number of
transfers) of itinerary j and us, j(ps, j) is the attribute evaluation function for price. As discussed in Section 1, the two
typical functional forms for an attribute evaluation that are observed in the literature are the linear function (us, j =

βs ∗ ps, j) and the log function (us, j = βs ∗ ln ps, j) where βs is the price-sensitivity parameter of customers in segment
s. While the former function has already been applied in the traditional model-oriented literature on APS (see, e.g.,
Schön 2008), little attention has been given to the latter function thus far. The total revenue of the airline can therefore
be expressed as

∑
s∈S LIN

∑
j∈Js ps, j∗ωs∗exp(αs, j+βs∗ps, j)
θs+

∑
j∈Ĵs exp(αs, j+βs∗ps, j) for segments with the linear attribute evaluation function (summarized
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in subset S LIN ⊆ S ) and as
∑

s∈S \S LIN

∑
j∈Js ps, j∗ωs∗exp(αs, j+βs∗ln ps, j)
θs+

∑
j∈Ĵs exp(αs, j+βs∗ln ps, j) for segments with the log attribute evaluation function

(summarized in subset S \S LIN). Note that for any of the two attribute evaluation functions, demand ds, j can never
drop to 0 due to the functional form of the MMNL model. However, for the reformulated problem in Section 2.2,
this issue does not occur since the demand vector d = (ds, j)s∈S , j∈Ĵs

is used for decisions rather than the price vector
p =

(
ps, j

)
s∈S , j∈Ĵs

.
Regarding flight scheduling and fleet assignment, the airline needs to determine which leg l to operate and which

aircraft type k to assign to it. These decisions are represented by the binary variable fk,l, which assumes a value of 1
if leg l is operated and assigned to aircraft type k, and 0 otherwise. Operating a leg implies two types of costs. The
first type are fixed nonfuel costs CNFC

k,l that immediately arise in case leg l is operated by an aircraft of type k (e.g.,
landing fees); the second type are demand-dependent costs, namely, variable costs c j for each customer on itinerary
j (e.g., agency booking fees) and fuel costs depending on the weight of the customers. The resulting cost function
can be expressed as

∑
s∈S

∑
j∈Ĵs

c j ∗ ds, j +
∑

k∈K
∑

z∈LFS
∑

l∈LFz

[
CNFC

k,l + cFuel ∗ Bk,l

(
ds, j

)]
∗ fk,l in terms of demand ds, j,

where cFuel is the fuel price parameter and where Bk,l

(
ds, j

)
is the fuel burn on leg l by aircraft type k. The details on

fuel burn are introduced in Section 2.1.3. The resulting objective of the airline is to maximize the total profits, i.e.,
max

∑
s∈S

∑
j∈Ĵs

(
ps, j − c j

)
∗ ds, j −

∑
k∈K

∑
z∈LFS

∑
l∈LFz

[
CNFC

k,l + cFuel ∗ Bk,l

(
ds, j (ps)

)]
∗ fk,l −

∑
k∈K Ik ∗ Nk.

The airline faces several constraints for this objective, which highlight the interdependency of the decisions
and therefore the need for an integrated approach. First, we need to ensure that the total demand on a leg l can-
not exceed the capacity of the assigned aircraft (CAPk). To ensure a tighter bound for the branch and bound
procedure, we also include the maximum demand on that leg (dmax

l ) in the constraint, resulting in the constraint∑
s∈S

∑
j∈Ĵs
δl, j ∗ ds, j

(
ps

)
≤

∑
k∈K min

(
CAPk, dmax

l

)
∗ fk,l for all legs l ∈ L, where δl, j is a binary parameter indicat-

ing whether itinerary j uses leg l (δl, j = 1) or not (δl, j = 0). We can show that the maximum demand on leg l is

dmax
l =

∑
s∈S LIN

∑
j∈Ĵs
δl, j ∗ ωs ∗

eαs, j+ βs ∗p
min

θs+eαs, j+βs ∗pmin +
∑

s∈S \S LIN
∑

j∈Ĵs
δl, j ∗ ωs ∗

eαs, j+βs∗lnpmin

θs+eαs, j+βs∗lnpmin if some segments have a linear

attribute evaluation function (S LIN) while other segments have a log attribute evaluation function (S \S LIN), where
pmin is the minimum price allowed by the airline.

With δl, j as a binary parameter indicating whether itinerary j uses leg l (δl, j = 1) or not (δl, j = 0), the re-

sulting constraint is
∑

s∈S
∑

j∈Ĵs
δl, j ∗ ds, j

(
ps

)
≤

∑
k∈K min

(
CAPk, dmax

l

)
∗ fk,l for all legs l ∈ L. To ensure a

tighter bound for the branch and bound procedure, we also include the maximum demand on that leg (dmax
l ). It is

dmax
l =

∑
s∈S LIN

∑
j∈Ĵs
δl, j ∗ ωs ∗

eαs, j+ βs ∗p
min

θs+eαs, j+βs ∗pmin +
∑

s∈S \S LIN
∑

j∈Ĵs
δl, j ∗ ωs ∗

eαs, j+βs∗lnpmin

θs+eαs, j+βs∗lnpmin , assuming pmin as the minimum

price allowed by the airline and segments having either a linear (S LIN) or log (S \S LIN) attribute evaluation function.
For details on these reformulations, we refer the interested reader to the Appendix B. The abovementioned

constraint links the pricing decision with the flight scheduling and fleet assignment decision; recall that demand ds, j

depends explicitly on prices ps.
Second, and following Lohatepanont and Barnhart (2004), we include the balance constraint for the time-space

network by imposing yk,a,t+
∑

l∈I(a,t) fk,l−
∑

l∈O(a,t) fk,l=yk,a,t+1 for all aircraft types k∈K, all airports a∈A and all event
times t∈T . The sets I(a, t) ⊆ L and O(a, t) ⊆ L comprise all inbound and outbound legs at airport a at time t,
respectively. Furthermore, we introduce help variables yk,a,t, which can be interpreted as the number of aircraft of type
k available at airport a at event time t. Third, we need to ensure that at most as many aircraft of type k are used as
are available. We impose

∑
a∈A yk,a,t∗≤Nk for all k ∈ K and an event time t = t∗ when all aircraft are on the ground

(e.g., t∗ = 1). The constraint needs to be valid for a single event time only since the balance equation described above
implicitly adopts it to all the other event times as well. A generalization of this constraint to any time period t is
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provided by Schön (2008). The latter two constraints link the decisions on fleet planning, flight scheduling and fleet
assignment.

Fourth, we need to ensure that each mandatory leg family is covered by exactly one leg by imposing that∑
k∈K

∑
l∈LFz

fk,l= 1 for all mandatory leg families z∈LFS m, where LFS m ⊆ LFS . Fifth and accordingly, we need
to ensure that each optional leg family is covered by at most one leg by imposing that

∑
k∈K

∑
l∈LFz

fk,l≤1 for each
optional leg family z∈LFS o, where LFS o = LFS \LFS m. Sixth, the airline may have to adhere to an (external or
internal) fuel burn or CO2 emission limit denoted as Bmax:

∑
k∈K

∑
z∈LFS

∑
l∈LFz

Bk,l

(
ds, j

(
ps

))
∗ fk,l≤Bmax. In case of

other regulatory measures (e.g., the need to own emission certificates or additional fees on emissions), this constraint,
or the objective function, can be easily adjusted accordingly. Seventh, and as described above, the variable fk,l needs
to be binary for all aircraft types k and legs l, i.e., fk,l ∈ {0, 1}. Eighth, the airline can set a minimum price pmin for all
products and segments by imposing that ps, j≥pmin. Finally, the variables Nk need to be integers for all aircraft types
k, and all remaining variables need to be nonnegative, i.e., yk,a,t≥0 and ds, j≥0 for all aircraft types k, all airports a, all
event times t, all segments s and all itineraries j, respectively.

2.1.3. Fuel Burn along the Stages of a typical Flight

An aircraft uses fuel along the entire flying cycle of a leg. A standard flying cycle involves several stages, as
illustrated in Figure 2, which are classified into the landing and takeoff cycle (LTO) as well as the climb, cruise and
descent cycle (CCD). The cruise stage, which takes place at a constant and predefined altitude, is the longest stage
and requires the most fuel on a typical flight. For example, the Environmental and Energy Study Institute estimates
that 90% of all emissions on a typical flight occur in the CCD cycle (Overton 2019), and most of it arises in the cruise
stage. While the other stages are less fuel efficient (see, for example, Albaali 2015), the fuel burn on those stages
is typically independent of the flight characteristics (e.g., the distance or cruise speed) and reduction of fuel burn is
challenging due to traffic and safety considerations. For example, the ICAO Aircraft Engine Emissions Databank
(European Union Aviation Safety Agency) provides aircraft-specific but otherwise fixed estimates for fuel burn in the
LTO stages. For potential fuel-saving measures on these stages, such as efficient taxi-in, different climb profiles, or
optimal altitude schemes, we refer the interested reader, for example, to EUROCONTROL (2021e) or Bonnefoy et al..
Therefore, and in line with the concurrent literature (see, for example, Aktürk et al. 2014 or Wells et al. 2021), we
focus on the emissions on the cruise stage and assume a constant fuel burn in the noncruise stages across all flights.

To estimate the fuel burn in the cruise stage, we adopt the cruise stage fuel flow model from the BADA project
(EUROCONTROL 2009a). The usage of the model is well established in the APS literature (see, e.g., Aktürk et al.
2014, Gürkan et al. 2016, or Şafak et al. 2017) and has been tested with real world instances by Turgut et al. (2014).

Using this model, the fuel burn (measured in kg) Bk,l of an aircraft k on leg l can be expressed as a function of the
speed of the leg vl, distance ηl and demand d̂l on leg l; it results in the function Bk,l = b0,k +b1,k ∗ηl ∗ vl

2+b2,k ∗ηl ∗ vl+

b3,k ∗
ηl∗

(
mI

k,l+µ∗d̂l

)2

vl
2 + b4,k ∗

ηl∗
(
mI

k,l+µ∗d̂l

)2

vl
3 . Here, parameter mI

k,l represents the demand-independent mass of an aircraft of
type k on leg l, parameter µ represents the demand-to-weight factor, parameter b0,k > 0 represents the amount of fuel
burn for all noncruise stages and parameters bi,k > 0, i = 1, . . . , 4 represent the fuel burn coefficients for the cruise
stage. For details on the coefficients for the cruise stage and their calculation, we refer the interested reader to the
Appendix C. Given that vl and ηl are leg-specific parameters and that the help variable d̂l can be expressed in terms
of decision variables ds, j by d̂l =

∑
s∈S

∑
j∈Ĵs
δl, j ∗ ds, j

(
ps

)
, the BADA fuel burn function can be expressed in terms of

the decision variables ds, j
(
ps

)
as Bk,l = b7,k,l + b8,k,l ∗

∑
s∈S

∑
j∈Ĵs
δl, j ∗ ds, j

(
ps

)
+ b9,k,l ∗

(∑
s∈S

∑
j∈Ĵs
δl, j ∗ ds, j

(
ps

))2
.

The new coefficients are composites of the old parameters, more specifically b7,k,l = b0,k + b1,k ∗ ηl ∗ vl
2 + b2,k,l ∗ ηl ∗

9



Figure 2: Stages of a typical flight (EUROCONTROL (2016c)

vl +
(
b3,k ∗

ηl
vl

2 + b4,k
ηl
vl

3

)
∗
(
mI

k,l

)2
, b8,k,l = 2 ∗

(
b3,k ∗

ηl
vl

2 + b4,k
ηl
vl

3

)
∗ mI

kl ∗ µ, and b9,k,l =
(
b3,k ∗

ηl
vl

2 + b4,k
ηl
vl

3

)
∗ µ2. For

better readability, we replace CNFC
k,l + cFuel ∗ b7,k,l in the objective function with the parameter CI

k,l, representing the
demand-independent cost on leg l using aircraft of type k. Given the fuel burn function, the CO2 emissions can be
calculated directly using a fuel-to-emission parameter, or the fuel cost using a fuel price parameter.
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2.1.4. Summary of the Problem

max
∑
s∈S

∑
j∈Ĵs

(
ps, j − c j

)
∗ ds, j (ps) −

∑
k∈K

∑
z∈LFS

∑
l∈LFz

[
CI

k,l + cFuel ∗ b8,k,l∗

∑
s∈S

∑
j∈Ĵs

δl, j ∗ ds, j (ps) + b9,k,l ∗

∑
s∈S

∑
j∈Ĵs

δl, j ∗ ds, j (ps)


2 ]
∗ fk,l −

∑
k∈K

Ik ∗ Nk E.1

subject to ds, j =
exp

(
αs, j + βs ∗ ps, j

)
θs +

∑
j′ϵ Ĵs

exp
(
αs, j′ + βs ∗ ps, j′

) ∀s ∈ S LIN , j ∈ Ĵs E.2

ds, j =
exp

(
αs, j + βs ∗ ln ps, j

)
θs +

∑
j′∈Ĵs

exp
(
αs, j′ + βs ∗ ln ps, j′

) ∀s ∈ S \S LIN , j ∈ Ĵs E.3

∑
s∈S

∑
j∈Ĵs

δl, j ∗ ds, j (ps) ≤
∑
k∈K

min
(
CAPk, d

max

l

)
∗ fk,l ∀l ∈ L E.4

yk,a,t +
∑

l∈I(a,t)

fk,l −
∑

l∈O(a,t)

fk,l = yk,a,t+1 ∀k ∈ K, a ∈ A, t ∈ T E.5∑
a∈A

yk,a,t∗ ≤ Nk ∀k ∈ K E.6∑
k∈K

∑
l∈LFz

fk,l = 1 ∀z ∈ LFS m E.7∑
k∈K

∑
l∈LFz

fk,l ≤ 1 ∀z ∈ LFS o E.8

∑
k∈K

∑
z∈LFS

∑
l∈LFz

b7,k,l + b8,k,l ∗
∑
s∈S

∑
j∈Ĵs

δl, j ∗ ds, j (ps)+

b9,k,l ∗

∑
s∈S

∑
j∈Ĵs

δl, j ∗ ds, j (ps)


2 ∗ fk,l ≤ Bmax E.9

fk,l ∈ {0, 1} ∀k ∈ K, l ∈ L E.10

Nk ∈ Z+ ∀k ∈ K E.11

ps, j ≥ pmin ∀s ∈ S , j ∈ Ĵs E.12

yk,a,t ≥ 0 ∀k ∈ K, a ∈ A, t ∈ T E.13

It is straightforward to see with price ps, j as the decision variable, the problem is a non-linear and non-convex
mixed-integer problem. Regarding the objective function (equation E.1), the revenue function is non-concave for any
of the two attribute evaluation functions and the cost function is non-convex, e.g., due to the bilinear terms ds, j ∗ fk,l.
Among the constraints, E.2 and E.9 do not form a convex set, the former due to the non-convexity of the demand
function in price and the latter due to the non-convex bilinear terms. However, as we show in the next section, it is
possible to reformulate the above-described problem into a mixed-integer convex optimization problem.
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2.2. Reformulation towards a Mixed-Integer Convex Problem

In the following, we first reformulate the revenue function towards a concave function (Section 2.2.1) and then the
cost function towards a convex function (Section 2.2.2). These reformulations also resolve the non-convexity of the
constraints E.2 and E.9. In Section 2.2.3 we summarize the mixed-integer convex problem formulation.

2.2.1. Reformulating the Revenue Function towards a Concave Function

For a linear attribute evaluation function (us, j = βs ∗ ps, j), Schön (2008) proposes to use the inverse price-
demand relationship and employs a help variable (here hs) to replace the fractional part of the relationship(
i.e., 1

θs+
∑

j′∈Ĵs exp(αs, j′+βs∗ps, j′ )
)
. The reformulated revenue function ps, j

(
ds, j, hs

)
∗ ds, j =

[
1
βs

ln
( ds, j

ωs∗hs

)
−
αs, j

βs

]
∗ ds, j is

concave for βs < 0.1 However, this requires the introduction of additional constraints linking the variables ds, j and hs,
namely

∑
j∈Ĵs

ds, j

ωs
+θs ∗ hs = 1 for all segments s ∈ S .

Using the same transformation approach, we can show that the revenue function ps, j

(
ds, j, hs

)
∗ ds, j is concave for

a log attribute evaluation function (us, j = βs ∗ lnps, j) for plausible values for βs. The revenue function in this case is

ps, j

(
ds, j, hs

)
∗ ds, j =

1

(ωs∗exp(αs, j))
1
βs
∗

(ds, j)
1+βs
βs

(hs)
1
βs

.2 It is straightforward to show that the Hessian (Appendix D) is positive

semidefinite for −1 < βs < 0 and negative semidefinite for βs < −1. The case of −1 < βs < 0 is highly unlikely in the
airline context, since demand ds, j would be at least 1, even for unreasonably high prices as shown in Appendix E. We
therefore neglect the case of −1 < βs < 0 and assume that a linear evaluation function is more appropriate in those
cases.

2.2.2. Reformulating the Cost Function towards a Convex Function

The cost function related to flight scheduling and fleet assignment with demand ds, j as the decision variable is∑
k∈K

∑
z∈LFS

∑
l∈LFz

[
CI

k,l + cFuel ∗

[
b8,k,l ∗

∑
s∈S

∑
j∈Ĵs
δl, j ∗ ds, j + b9,k,l ∗

(∑
s∈S

∑
j∈Ĵs
δl, j ∗ ds, j

)2
]]
∗ fk,l. It can be refor-

mulated towards a convex function of the form
∑

k∈K
∑

z∈LFS
∑

l∈LFz

[
CI

k,l ∗ fk,l + cFuel ∗
[
b8,k,l ∗ d̃k,l + cFuel ∗ b9,k,l ∗ d̃2

k,l

]]
,

using d̃k,l as a help variable by applying the six consecutive steps described next.
First, for the sake of readability of the function, we replace

∑
s∈S

∑
j∈Ĵs
δl, j ∗ ds, j with d̂l and bring the variable fk,l

into the brackets:
∑

k∈K
∑

z∈LFS
∑

l∈LFz

[
CI

k,l ∗ fk,l + cFuel ∗ b8,k,l ∗ d̂l ∗ fk,l + cFuel ∗ b9,k,l ∗ d̂2
l ∗ fk,l

]
. Second, while we

recognize that the first part (CI
k,l ∗ fk,l) is linear for a relaxed fk,l, the latter two parts are nonconvex due to the bilinear

terms d̂l ∗ fk,l and d̂2
l ∗ fk,l (Vaish and Shetty 1976). Third, we note that fk,l =

(
fk,l

)2 due to the binary nature of the
variable. Fourth, we replace the bilinear term d̂l ∗ fk,l with the new variable d̃k,l. The last two steps together lead to the
cost function

∑
k∈K

∑
z∈LFS

∑
l∈LFz

[
CI

k,l ∗ fk,l + cFuel ∗ b8,k,l ∗ d̃k,l + cFuel ∗ b9,k,l ∗ d̃2
k,l

]
, which is jointly convex in fk,l and

d̃k,l. Fifth, we can equivalently express the relationship d̃k,l = d̂l ∗ fk,l by introducing two additional constraints in line
with the Big-M reformulation of the generalized disjunctive programs (see, for example, Trespalacios and Grossmann
2015), namely,

∑
k∈K d̃k,l = d̂l and d̃k,l ≤ ∆k,l ∗ fk,l, where ∆k,l is a Big-M parameter. Given constraint E.4 and the ∆k.l

parameters, we can show that these two constraints are equivalent to the relationship d̃k,l = d̂l ∗ fk,l (see Proof 1).

Proof 1: First, we show that if d̃k,l ≤ ∆k,l ∗ fk,l and
∑

k∈K d̃k,l = d̂l then d̃k,l = d̂l ∗ fk,l. For this, we differentiate
the cases fk,l = 0 and fk,l = 1. If fk,l = 0, d̃k,l ≤ ∆k,l ∗ fk,l ensures that d̃k,l = 0 irrespective of d̂l. If fk,l = 1,

1 Note that a numerical problem occurs since ln
(

ds, j
ωs∗hs

)
is not de f ined f or ds, j = 0. To allow the case o f ds, j =

0 and thus to not o f f er itinerary j to segment s, we add a very small number to the argument o f the ln − f unction.
2 Note that a numerical problem occurs f or ds, j = 0, in case −1 ≤ βs ≤ 0. However, as discussed above, the case o f −1 < βs <

0 in combination with a log evaluation f unction is highly unlikely in the airline context.
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then it follows from the constraints in E.7 and E.8 that for any z ∈ LFS, fk′,l′ = 0∀k′ ∈ K, l′ ∈ LFz : k′, l′ , k, l.
Thus, due to d̃k,l ≤ ∆k,l∗ fk,l, we have for any z ∈ LFS, d̃k′,l′ = 0∀k′ ∈ K, l′ ∈ LFz : k′, l′ , k, l. Given that∑

k∈K d̃k,l = d̂l, it follows that d̃k,l = d̂l and that d̃k,l = d̂l ∗ fk,l for fk,l = 1.
Second, we show that if d̃k,l = d̂l ∗ fk,l then (1) d̃k,l ≤ ∆k,l ∗ fk,l and (2)

∑
k∈K d̃k,l = d̂l. Obviously, (1)

is true since d̃k,l = d̂l ∗ fk,l ≤ ∆k,l ∗ fk,l if ∆k,l is the upper bound for d̂l. Regarding (2), we have
∑

k∈K d̃k,l =∑
k∈K d̂l ∗ fk,l = d̂l ∗

∑
k∈K fk,l. If d̂l > 0, then given constraint E.4 and constraints in E.7 and E.8, there must be

exactly one k ∈ K with fk,l = 1, and thus
∑

k∈K d̃k,l = d̂l. If d̂l = 0, then d̃k,l = 0∀k ∈ K (due to d̃k,l = d̂l ∗ fk,l ),
and thus,

∑
k∈K d̃k,l = 0 such that

∑
k∈K d̃k,l = d̂l holds.

Note that if the Big-M parameter is chosen as ∆k,l = min
(
CAPk, dmax

l

)
, then any solution that satisfies the two new

constraints also satisfies constraint E.4, making it thus redundant (see Proof 2).

Proof 2: From d̃k,l ≤ ∆k,l ∗ fk,l, it follows that
∑

k∈K d̃k,l ≤
∑

k∈K ∆k,l ∗ fk,l. Consequently, given
∑

k∈K d̃k,l = d̂l

and ∆k,l = min
(
CAPk, dmax

l

)
, we obtain d̂l ≤

∑
k∈K min

(
CAPk, dmax

l

)
∗ fk,l, which is constraint E.4.

Therefore, we set ∆k,l = min
(
CAPk, dmax

l

)
and omit constraint E.4 going forward. Note that an alternative approach

to replace the bilinear terms would be, for example, the usage of the McCormick (1976) inequalities.

2.2.3. Summary of the Mixed-integer Convex Problem

Assuming that some segments follow a linear attribute evaluation function (S LIN) while other segments follow a log
attribute evaluation function (S \S LIN), we can summarize the mixed-integer convex problem as follows (notation
summarized in Appendix A) :

max
∑

s∈S LIN

∑
j∈Ĵs

[
1
βs

ln
(

ds, j

ωs ∗ hs

)
−
αs, j

βs

]
∗ ds, j +

∑
s∈S \S LIN

∑
j∈Ĵs

1(
ωs ∗ exp(αs, j)

) 1
βs

∗

(
ds, j

) 1+βs
βs

(hs)
1
βs

−
∑
s∈S

∑
j∈Ĵs

c j ∗ ds, j −
∑
k∈K

∑
z∈LFS

∑
l∈LFz

(
CI

k,l ∗ fk,l + cFuel∗ b8,k,l ∗ d̃k,l + cFuel ∗ b9,k,l ∗ d̃2
k,l

)
−

∑
k∈K

Ik ∗ Nk E.14

subject to d̃k,l ≤ min
(
CAPk, d

max

l

)
∗ fk,l ∀k ∈ K, l ∈ L E.15∑

k∈K

d̃k,l =
∑
s∈S

∑
j∈Ĵs

δl, j ∗ ds, j ∀l ∈ L E.16

∑
j∈Ĵs

ds, j

ωs
+ θs ∗ hs = 1 ∀s ∈ S E.17

yk,a,t +
∑

l∈I(a,t)

fk,l −
∑

l∈O(a,t)

fk,l = yk,a,t+1 ∀k ∈ K, a ∈ A, t ∈ T E.18∑
a∈A

yk,a,t∗ ≤ Nk ∀k ∈ K E.19∑
k∈K

∑
l∈LFz

fk,l = 1 ∀z ∈ LFS m E.20∑
k∈K

∑
l∈LFz

fk,l ≤ 1 ∀z ∈ LFS o E.21
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∑
k∈K

∑
z∈LFS

∑
l∈LFz

(
b7,k,l + b8,k,l ∗ d̃k,l + b9,k,l ∗ d̃2

k,l

)
≤ Bmax E.22

fk,l ∈ {0, 1} ∀k ∈ K, l ∈ L E.23

Nk ∈ Z+ ∀k ∈ K E.24

ds, j ≤ ωs ∗ exp(αs, j + βs ∗ pmin) ∗ hs ∀s ∈ S LIN , j ∈ Ĵs E.25

ds, j ≤ ωs ∗ exp(αs, j) ∗
(
pmin

)βs
∗ hs ∀s ∈ S \S LIN , j ∈ Ĵs E.26

yk,a,t ≥ 0, ds, j ≥ 0 ∀k ∈ K, a ∈ A, t ∈ T, s ∈ S , j ∈ Ĵs E.27

d̃k,l ≥ 0, hs ≥ 0 ∀k ∈ K, l ∈ L, s ∈ S E.28

Note that due to the employment of the inverse price-demand relationship, all constraints except E.22 are linear,
forming a convex set. Constraint E.22 also forms a convex set, since the left-hand side is a convex function and
therefore the lower-level set is convex. With the concave objective function that is to be maximized, we have a
mixed-integer quadratically constrained problem (MIQCP). This problem remains challenging to solve in particular
due to the integer variables. However, the reformulation leads to a significant improvement over the mixed-integer
non-convex problem formulation in Section 2.1.4, since the convex form allows the branch and bound algorithm to
identify global optima for the upper bounds during the relaxation.

3. Computational Study

After introducing the input of our study, we summarize the impact of an emission cap on operating profit in the
following subsection 3.2. Detailed KPIs are available in Appendix H.

3.1. Input Data

3.1.1. Network Data

For the set of aircraft types K, we consider three types with significantly different capacities, namely, Boeing
B737-500 (capacity of 122 passengers), Airbus A320-212 (180) and Boeing B767-300 (218). For the set of airports
A, we select 12 US metropolitan areas, eleven being the largest areas by passenger travel volumes in 2019 based on
the dataset provided by the Bureau of Transportation Statistics extended by Seattle to cover the northwestern part
of the U.S. Each area contains up to three airports. For example, the metropolitan area of New York City (NYC)
contains Newark International Airport, John F. Kennedy Airport and LaGuardia Airport. For an overview of which
area includes which airports, please refer to the Appendix F. Each area can be classified as a ”hub” or a ”spoke”,
where the only difference is that transfer connections can only be offered via a hub.

To simplify the network structure to a tractable level, we assume a total of T = 22 event times, where we allow
departures only in the first 15 event times. The departure events are partitioned into three disjoint sets Ti ⊆ T with⋃

i∈INT Ti = T , where i ∈ INT denotes the name of the interval. More specifically, we select Tmorning = {1, 2, 3, 4, 5},
Ta f ternoon = {6, 7, 8, 9, 10} and Tevening = {11, 12, 13, 14, 15}. We assume that customers are indifferent in their
preferences regarding the departure times within the same time interval. Instead, they opt for a particular interval.
This assumption is based on recent works by Hess et al. (2007) and Seelhorst and Liu (2015), showing that specific
departure times have a negligible importance for customers. Note that for the sake of practicality, we neglect the
potential time differences between the different areas.
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For the speed levels V , we assume a comparably standard cruise speed of 840 km/h and a faster cruise speed of
900 km/h, which approximates the maximum speed for many aircraft used for domestic flights. Based on these inputs,
we compose the set of candidate legs L and candidate itineraries J. The latter consists of itineraries using a single
leg (candidate direct flights) as well as itineraries with two legs connected via a hub (candidate transfer connections).
For the sake of problem tractability, we limit the number of comparably unreasonable candidate transfer connections
using different measures.

3.1.2. Demand Data

First, we estimate the daily market demand for each OD based on the dataset from the Bureau of Transportation
Statistics. Next, using the estimates by Brey and Walker (2011), we assign 52% of this daily market demand to the
morning interval, 20% to the afternoon interval and 28% to the evening interval.

Second, we build the set of segments S by combining the customer (preference) classes, the ODs and the time
intervals. For customer classes, we employ the three classes identified by Seelhorst and Liu (2015) in their choice-
based conjoint analysis with the application of the latent class estimation method and name the classes according to
typical class members and their preferences. The Leisure Price (LP) class consists of young infrequent travelers and
is highly price sensitive. The Leisure Value (LV) class consists of older individuals who are less price sensitive and
place more emphasis on comfort, such as a low number of connections. The Business (BU) class is composed of
people with higher incomes and it is much less price sensitive compared to the other two classes. In line with this
work, we employ the utilities of each class toward the three most important attributes as identified by the authors,
price, travel time and the number of connections. Price and travel time are included with a log evaluation function,
except for the case where the price sensitivity is in an implausible range (−1 < βs < 0), as discussed in Section 2.2.1.
In that case, a linear approximation is used. Due to the binary nature of the attribute for the number of connections in
our setting, we implement a linear evaluation function instead of part-worth values. The concrete customer classes,
sizes and attribute evaluation functions are summarized in Table 2.

Customer (prefer-
ence) class

Size of customer
class (% of total)

Evaluation func-
tion for price (ps, j)

Evaluation func-
tion for travel time
(hrs)

Evaluation func-
tion for number of
connections (cn)

Business (BU) 25% −2.08−0.44 ∗ ps, j −1.59 ∗ ln hrs 0.05 ∗ cn
Leisure Price (LP) 36% −9.92 ∗ ln ps, j −3.30 ∗ ln hrs −0.75 ∗ cn
Leisure Value (LV) 39% −3.21 ∗ ln ps, j −3.31 ∗ ln hrs −1.54 ∗ cn

Table 2: Customer classes, sizes and attribute evaluation functions

Based on these customer preferences, and assuming 30 competitive products – all being direct flights, 20 offered
at a standard price of 300 and ten offered at a discount price of 100 – across all segments, the value of the outside
option for each segment s ∈ S is calculated. For distances above 3000 km, we adjust the discount price to 200.

3.1.3. Cost Data

First, for the variable costs c j for customers, we consider food and beverage, commissions, passenger insurance,
and passenger-related airport fees. Second, for fixed nonfuel costs CNFC

k,l , we include crew salaries, infrastructure
rents, such as for terminals, and landing fees. These two cost categories are approximated with the Passenger Airline
Cost Index published by Airlines for America and using the cost information provided by the seven member airlines
of ”Airlines for America” operating mostly in the passenger business (Alaska Airlines, American Airlines, Delta Air
Lines, Hawaiian Airlines, Jetblue Airways, Southwest Airlines and United Airlines).
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Third, the fuel usage in the cruise phase is calculated using the BADA model introduced in Section 2.1. To factor
in additional fuel burn for the noncruise stages (b0,k), we approximate the duration of these phases and their typical
fuel burn with data from European Union Aviation Safety Agency. The resulting values for b0,k are 1295 kg for Boeing
B737, 1945 kg for Airbus A320, and 3652 kg for Boeing B767. As the price for a kg of fuel (cFuel), we assume 1.089
$/kg based on the estimate by IATA (2022) for the North American market beginning of March 2022.

Finally, we estimate the investment costs Ik for aircraft based on 2018 published list prices for the selected aircraft
types (or their successors) and assume a depreciation period of 20 years. The above assumptions are generally in line
with EUROCONTROL’s (2020d) guidance on ”standard inputs for econometric analyses”. The further costs of an
airline, such as maintenance or sales, general and administration costs, are not part of our model and are therefore
ignored.

3.2. Optimization Setup and Output

To focus our analysis on the relevant and most important aspects, three analyses prior to conducting an opti-
mization help us to reduce the problem size and complexity. First, we relax constraint E.24 to Nk ≥ 0 ∀k ∈ K by
considering two aspects of the model: (1) the variables Nk have a negative impact on the objective function E.14,
creating an incentive for the solver to keep them as low as possible; (2) the variables Nk determine the upper bound
for the variables yk,a,t in the constraint E.19. The variables yk,a,t are help variables that have no direct impact on the
objective function E.14 but are linked only with the binary variables ( fk,l) in balance equation E.18. Consequently,
there is an incentive to at least reduce noninteger values of yk,a,t down to integer values (and thereby reduce the values
of the Nk variables), while there is no contrary incentive. As a result, the solver will naturally set the yk,a,t and Nk

variables to integer values in the optimum. Second, given the data for the three aircraft types described above, we
analyzed the potential difference in fuel burn between the two cruise speed levels (840 km/h and 900 km/h). Given
our dataset, the maximal difference in fuel burn between the two speed levels is less than 2% for any direct flight in
our network for any of the three aircraft types. Therefore, switching speed levels cannot be a source of substantial
fuel burn reduction, and consequently, we conduct our analyses with each speed level separately. Finally, we include
the four McCormick (1976) inequality constraints (in addition to constraints E.15 and E.16) to tighten the problem.

Due to the continued complexity of the problem, we take a staged approach for optimization. In the first stage,
we examine three regional scenarios (depicted in Figure 3), which we are able to solve to optimality in a reasonable
time using a piecewise linear approximation of the nonlinear terms (see Appendix G) and the Gurobi 9.5.2 Solver3

accessed via the AMPL modeling system. The network in Scenario 1 focuses on the northwestern part and the network
in Scenario 2 on the southeastern part of the U.S. Scenario 3 complements the picture by including the areas located in
the middle of the U.S. For each scenario, we derive the optimal network using the SAPS model without constraining
the fuel burn (see constraint E.22). Next, we conduct a sensitivity analysis by reducing the fuel burn in steps of 10%
(down to 50%) by employing constraint E.22, with a time limit of 12 hours for each sensitivity run on a local computer
(Microsoft Windows 10, with 4 cores, Intel Core i7-4770 at 3.40GHz, Gurobi running in 8 parallel threads, with 8 GB
RAM).

The results depicted in Figure 4 (and detailed for each scenario in the Appendix H) highlight two important aspects
given our data. First, the optimal profit is an increasing but concave function of maximum fuel burn. This is driven by
the possibility of removing legs from the optimal schedule in order of increasing profitability, starting with the least
profitable legs first. Additionally, shifting demand from cancelled legs to substitutive itineraries allows us to mediate

3 S ee www.gurobi.com
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Figure 3: Overview of three scenarios

the impact on revenues. Consequently, a substantial emission saving of 10% may be achieved by sacrificing 0.70% to
1.92% of profit, depending on the scenario. This result shows, that if managed correctly, airlines can meet the request
to reduce the number of flights without the need to make a substantial sacrifice on profitability. This is even more
the case, if the additional benefits of fuel burn reduction are considered (e.g., potential customer preferences toward a
greener schedule, potential goodwill from the regulator, or even the opportunity to sell unused emission certificates).
Second, the magnitude of the impact of the fuel burn constraint highly depends on the network under analysis. We
observe that a larger portion of the legs are cancelled to achieve the fuel burn constraint in Scenario 2 (approx. 48%
legs canceled for a 50% fuel burn reduction) compared to the other two scenarios (approx. 42% in Scenario 1 and
40% in Scenario 3), leading to a larger decrease in profit for Scenario 2. Finally, we observe four common results
across the three scenarios. First, only the smallest aircraft type (Boeing B737) is utilized in each instance, although it
is not the most fuel-efficient aircraft in relative (per seat) terms. Second, the operating costs decrease in a proportional
manner with fuel burn, highlighting the dominating nature of fuel costs among all noninvestment costs. Third, the
mix of customers (share of seats sold to a customer class to the total number of seats sold) remains rather unaffected
by the fuel burn constraint. Similarly, the average price for each customer class is rather unaffected. Fourth, the
average prices for the two leisure classes are close to (or even at) the employed minimum price (pmin = 100), whereas
the average price for the business class is substantially higher than for leisure classes and higher than the prices of
competitors.

Comparing the results with different speed levels, we notice that the higher speed level (900 km/h) clearly leads
to better results given our data. For any scenario, there is an instance where the optimal results with a speed level of
840 km/h are dominated in both dimensions, profit as well as fuel burn. For example, in Scenario 1 and Scenario 2,
the instance with the speed level of 900 km/h and limit of 90% of fuel burn results in profits that are higher and in
fuel burn that is lower than in the instance with a speed level of 840 km/h and no constraint on fuel burn. This is not
surprising since a higher speed level has a positive effect on demand (due to customer preferences for shorter travel
times) as well as on the network efficiency (an aircraft can cover more legs when flying faster), which outweighs the
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Figure 4: Results of the three scenarios

comparably small negative effect on the amount of fuel burn.
In the second stage, we employ the full network with the 12 areas as described and select two areas (DEN and

DAL) as hubs. Expectedly, the problem is more challenging to solve. We run the instance using piecewise linear
approximation of nonlinear terms (see Appendix G) without a fuel burn constraint with the same computer and
settings as before. The optimality gap reached 4.72% towards the end of 72 hours. For the instances with a constraint
on fuel burn, the gap after a 12-hour time limit was between 3.58% and 5.72%. The results closely resemble those
observed for the three regional scenarios above, especially the optimal profit is an increasing but concave function of
maximum fuel burn. In this setting, 10% of the fuel burn can be saved with a profit decrease of at most 1.54%, and
50% of the fuel burn can be saved with a profit decrease of at most 15.76%. For a setting with four instead of two
hubs (DAL, DEN, ATL, LAS), the results are remarkably similar: 10% of the fuel burn can be saved with a profit
decrease of at most 1.74%, and 50% of the fuel burn can be saved with a profit decrease of at most 15.72%. For the
detailed results, we refer the interested reader to the Appendix H.

3.3. Discussion

Our results also highlight the importance of considering the five most strategic APS stages in an integrated model
to enable the different levers for fuel burn reduction (recall Section 1). Given our data, it turns out to be paramount to
include (and assign) the aircraft with the lowest fuel burn in absolute terms (Boeing B737), especially for the sake of
limiting the total fuel burn of the airline. Furthermore, the ability to select routes and an appropriate schedule allows
our model to prioritize the legs to be cancelled first. Similarly, we observe that the negative effects of reducing fuel
burn on profits can be mitigated in most cases by an appropriate demand reallocation and ultimately by increasing the
average utilization if necessary. Solely, the lever of cruise speed management seems to be negligible given our data,
and is rather suitable for fine tuning than for substantially managing fuel burn.

Similar to our results, other works have been finding improvement opportunities for CO2 emissions as shown in
table 1. Through an increase of the amount of hubs and shorter average travel distances, Parsa et al. (2019) find cost-
neutral potential to decrease emissions by 8% to 10%. Likewise, the study of Noorafza et al. (2023) and ours show a
preference to not offer longer routes factoring in CO2 emissions. Considering the operational improvements stopover
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and lower cruising altitude, they estimate a decrease of up to 44% of environmental impact for a profit decrease of 25%
with their multiobjective optimization model. On a shorthaul network similar to ours, they estimate an environmental
impact decrease of 11% accompanied by 10% less profit. For a quite small network of 10 operated legs, Jalalian et al.
(2019) estimate decreasing emissions of 15% by managing cruising speed and leg assignment to aircraft. Likewise,
Şafak et al. (2017) and Gürkan et al. (2016) adapt the cruising speed to get fuel cost savings between 4.1% and 14.5%,
depending on the scenario and parameter assignment. This effect is not mirrored by our model in similar scale as
indicated earlier.

While our work provides many innovations such as a choice model in environmental schedule design literature,
it also has some limitations. The network size of our computational study is rather small compared to the actual
number of commercial US airports. Due to greenfield schedule design with thousands of interconnected decisions to
be made, we focus on larger cities and markets as has also been done by Parsa et al. (2019) with the CAB dataset.
Furthermore, we do not provide an international network which relies more on combining demand for different ODs
via a hub airport. These factors generally favor locally operating lowcost carriers compared to network airlines with
global destinations and a higher share of transfering passengers. Our choice model parameters are indifferent of
specific ODs due to airlines not sharing their customer insights and connected models. Furthermore, the model does
not include sustainability attributes such as CO2 emissions of sold itineraries. Therefore, our model allows a statement
for an idealized world and needs to be validated for the actual U.S. market. Alike, a changing product offer of our
airline is only considered with a discrete choice model instead of a schedule response by competitors. Finally, the
results obtained do not include fixed costs of an airline such as ground staff, administration etc. While those are sunk
costs not influenced by the scheduling decision of the model, they will still be deducted from the profit and as such
decrease it compared to the operational profit we use here for our analysis.

4. Conclusion

The APS process requires an integrated planning approach, due to the interdependencies between the planning
stages. Consequently, this paper developed an integrated APS model, which additionally focuses on the highly relevant
topic of sustainability in terms of fuel burn reduction. We developped an appropriate model and reformulated our
model towards a mixed-integer quadratically constrained problem. It maximizes profits by considering the decisions
of all five strategic APS stages, by explicitly considering fuel burn in the cost function, and by limiting fuel burn using
a constraint.

With this model, we conducted a computational study for a network with 12 air travel-intensive metropolitan areas
in the U.S. Our results indicate that the relation between profit and maximum fuel burn is an increasing but concave
function. This implies that airlines can meet the request to reduce the number of flights without the need to make a
substantial sacrifice in profitability. For example, given our data, 10% of the fuel burn could be reduced at the expense
of 0.70% to 1.92% of profit, depending on the selected network.

Our model and computational study offer opportunities for extensions into different directions. The model allows
for a straight-forward extension to include different emission reduction mechanisms, such as fees (or taxes) increasing
in fuel burn and emission certificates. Additionally, the aspect of event times would benefit from further analysis,
especially analyzing the trade-off of granularity versus complexity. Further extensions could focus on mechanisms
known in the literature related to the more operational stages in APS. For example, it is typical to differentiate between
one-way and roundtrip products in revenue management. Similarly, considerations from maintenance routing, such as
the possible unavailability of an aircraft, or crew scheduling, such as constraints introduced by regulations, may help
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to further increase decision integrality. However, this would lead to further model complexity. Our results show that
the problem is already challenging to solve for a reasonably large network. Therefore, an efficient solution method,
especially a state-of-the-art solver for mixed-integer convex problems, would be beneficial. From the perspective
of the computational study, we would suggest an extensive analysis of the input, such as an OD-specific analysis
of customer preferences and competitor offerings, or the usage of the most recent BADA values for aircraft-specific
parameters. Specifically, an estimation for the willingness to pay for green product attributes based on revealed
preference data is needed. Noorafza et al.’s (2023) and our findings show that APS models avoid long routes due
to the specifically high impact on CO2 emissions. A routewise comparison of trips with a single leg and transfers
would be of great interest. Additionally, we recommend including intermodal competition in line with current public
discussions (see, e.g., Timperley 2020).
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6. Appendix

Appendix A. Notation

List of used notation in alphabetical order (excluding notation only used in the appendix).

Sets & Indices:
a ∈ A Set of airports
I(a, t) ⊆ L Inbound legs at airport a at time t

j ∈ J Set of potential itineraries
Ĵs ⊆ J Subset of itineraries serving the OD market that segment s requests
k ∈ K Set of aircraft types
l ∈ L Set of all possible legs
LFz ⊆ L All legs of a leg family (legs with the same origin, destination, and departure time but varying

arrival times)
z ∈ LFS Leg family set
LFS m ⊆ LFS Mandatory leg families
LFS o ⊆ LFS Optional leg families
O(a, t) ⊆ L Outbound legs at airport a at time t

s ∈ S Customer segments with a distinct segment s for each OD pair, each customer (preference) class,
and each time interval

S LIN Segments with a linear attribute evaluation function
t ∈ T Set of time periods
Ti ⊆ T Departure event times distributed with i ∈ {morning, a f ternoon, evening}

v ∈ V Set of discrete speed levels
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Parameters:
αs, j Expected utility that customers from segment s gain from nonprice attributes (e.g., the number

of transfers) of itinerary j

βs Price-sensitivity parameter of customers in segment s

Bmax Internal or external fuel burn or CO2 emission limit
b0,k Fuel burn for non-cruise stages of aircraft type k

bi,k > 0, i ∈ {1, . . . , 9} Fuel burn coefficients for the cruise stage connected to the BADA framework (see EURO-
CONTROL 2009a and Appendix C)

CNFC
k,l Fixed non-fuel costs

c j Variable costs for each customer on itinerary j and fuel costs depending on the weight of the
customers

cFuel Fuel price parameter
CAPk Capacity of aircraft type k

δl, j Binary parameter indicating whether itinerary j uses leg l (δl, j = 1) or not (δl, j = 0)
ηl Distance of leg l

θs Attractiveness of the outside option to segment s

Ik Cost of utilizing one aircraft of type k for one period
mI

k,l Demand-independent mass of an aircraft of type k on leg l

µ Demand to weight factor - average loaded weight per passenger
pmin Minimum price allowed by the airline
vl Speed of leg l

ωs Size of customer segment s

Decision variables:
ds, j Demand for itinerary j by segment s

fk,l Binary variable assuming a value of 1 if leg l is operated and assigned to aircraft type k, and
0 otherwise

hs Help variable to replace the fractional part of the discrete choice model
Nk Number of aircraft to be operated by type k

ps, j Price for itinerary j and segment s

yk,a,t Number of aircraft of type k available at airport a at event time t

Help variables & functions:
Bk,l

(
ds, j

)
Fuel burn on leg l by aircraft type k

dmax
l Maximum demand on leg l

d̂l Demand on leg l

d̃k,l = d̂l ∗ fk,l Help variable to summarize the bilinear term
ps Price vector summarizing all valid prices for segment s

p Price vector summarizing all valid prices (for all itineraries and segments)
Us, j Expected utility that customers from segment s gain from selecting itinerary j

us, j Attribute evaluation function for price by segment s for itinerary j
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Appendix B. Maximum demand on a leg

Recall that for a leg l, d̂l =
∑

s∈S
∑

j∈Ĵs
δl, j ∗ ds, j and that ds, j (ps) = ωs∗

exp(Us, j(ps, j))
θs+

∑
j′∈Ĵs exp(Us, j′ (ps, j′ )) . To determine the

maximal value of d̂l, i.e., dl
max, we need to determine the maximal value the term exp(Us, j(ps, j))

θs+
∑

j′∈Ĵs exp(vs, j′ (ps, j′ )) = πs, j (ps) can
assume with regard to the price vector ps.

First, note that adding an additional product j′ to the set Ĵs results in a decrease of the term πs, j (ps). As a result,
the term πs, j (ps) is maximal for any product j, if only product j is offered while all other products j′ ∈ Ĵs : j′ , j are
not offered. This is equivalent as to having only one product in the set Ĵs, i.e.,

∣∣∣Ĵs

∣∣∣ = 1. In that case, the term simplifies

to exp(Us, j(ps, j))
θs+exp(Us, j(ps, j)) .

Second, note that the simplified term exp(Us, j(ps, j))
θs+exp(Us, j(ps, j)) is maximal for ps, j = pmin for any monotonically decreasing

function Us, j

(
ps, j

)
in price ps, j. This is the case for both attribute evaluation functions considered in this paper. There-

fore, the maximal value for πs, j (ps) is exp(Us, j(pmin))
θs+exp(Us, j(pmin)) . As a result, we get dl

max =
∑

s∈s
∑

j∈Ĵs
δl, j ∗ωs ∗

exp(Us, j(pmin))
θs+exp(Us, j(pmin)) .

Applying the different attribute evaluation functions, this results in dl
max =

∑
s∈S LIN

∑
j∈Ĵs
δl, j ∗ ωs∗

exp(αs, j+βs∗pmin)
θs+exp(αs, j+βs∗pmin) +∑

s∈S \S LIN
∑

j∈Ĵs
δl, j ∗ ωs ∗

exp(αs, j+βs∗ln pmin)
θs+exp(αs, j+βs∗ln pmin) .
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Appendix C. BADA fuel flow model

Recall that, using EUROCONTROL’s (2009a) BADA fuel flow model, the fuel burn by an aircraft k ∈ K on leg

l ∈ L is Bk,l = b0,k + b1,k ∗ ηl ∗ vl
2 + b2,k ∗ ηl ∗ vl + b3,k ∗

ηl∗
(
mI

k,l+µ∗d̂l

)2

vl
2 + b4,k ∗

ηl∗
(
mI

k,l+µ∗d̂l

)2

vl
3 . The parameters b1,k, b2,k, b3,k

and b4,k are expressed in terms of different, aircraft-specific parameters derived from aircraft characteristics as well as
forces acting on the aircraft during the cruise phase:

b1,k =
1
2
∗ c f 1,k ∗ c fcr ,k ∗

cD0,CR,k ∗ ρ ∗ S k

c f 2,k

b2,k =
1
2
∗ c f 1,k ∗ c fcr ,k ∗ cD0,CR,k ∗ ρ ∗ S k

b3,k =
1
2
∗ c f 1,k ∗ c fcr ,k ∗

cD2,CR,k ∗ 4 ∗ g2
0

c f 2,k ∗ ρ ∗ S k ∗ cos2 (φ)

b4,k =
1
2
∗ c f 1,k ∗ c fcr ,k ∗

cD2,CR,k ∗ 4 ∗ g2
0

ρ ∗ S k ∗ cos2 (φ)

Here, c f 1,k is the 1st thrust specific fuel consumption coefficient measured in kg
min∗kN , c f 2,k is the 2nd thrust specific fuel

consumption coefficient measured in knots, c fcr ,k is the dimensionless cruise fuel flow correction coefficient, cD0,CR,k

and cD2,CR,k are dimensionless drag coefficients, ρ is the air density measured in kg
m3 , S k is the wing surface area

measured in m2, φ is the dimensionless bank angle, g0 is the gravitational acceleration measured in m
s2 . For further

details on the parameters, we refer the interested reader to the user manual for BADA (EUROCONTROL 2011b).
The aircraft-specific parameter values are based on the values provided by Aktürk et al. (2014) as well as Şafak et al.
(2017), summarized next in Table C.3.

Parameter Unit of mea-
surement

Boeing B737 500 Airbus A320 212 Boeing B767 300

CAPk − 122 180 216
c f1,k

kg
min∗kN 0.46 0.94 0.763

c f2,k knots 300 100’000 1’430
c f cr,k − 1.079 1.06 1.0347
cD0,CR,k − 0.018 0.024 0.021
cD2,CR,k − 0.055 0.0375 0.049
ρ kg

m3 0.38 0.38 0.38
Sk m2 105.4 122.6 283.3
φ − 0 0 0
g0

m
s2 9.80665 9.80665 9.80665

Table C.3: Summary of aircraft-specific parameters for BADA

Also, for the computational study, we estimate the aircraft-specific, demand-independent mass on leg l (mI
k,l).

First, we estimate the operating empty weight of the aircraft using the data from Skyplan Services Ltd.. Second, we
add the approximate hourly fuel burn for each started hour of flight time of leg l. Third, we add fuel weight for extra
two hours of flight for a potential alternate destination (reserve fuel). The required data are summarized in Table C.4.

For the demand-dependent mass, we use the demand per leg d̂l to calculate the additional payload on the leg l by
assuming a mass of µ = 130kg for each passenger. This includes the weight of the passenger itself (approx. 90kg), of
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Parameter Unit of mea-
surement

Boeing
B737 500

Airbus
A320 212

Boeing
B767 300

Operating empty weight kg 31,950 42,600 86,070
Approximated hourly fuel burn kg 2,375 2,527 4,640

Table C.4: Summary of aircraft-specific weight estimates

one carry-on luggage including a personal item (approx. 15kg), of one checked luggage (approx. 23kg), as well as of
catering and other on-board material (2kg).

Note that the ”Boeing Fuel Flow Method 2” represents an alternative fuel flow estimation model. However, it does
not consider weight as an input factor. We refer the interested reader to DuBois and Paynter (2006) for details on that
model.
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Appendix D. Revenue function concavity

Recall that the revenue function and the demand function are revenue (p) =
∑

s∈s
∑

j∈Ĵs
ps, j∗ ds, j (ps) and ds, j (ps) =

ωs ∗
exp(Us, j(ps, j))

θs+Σ j′∈Ĵs exp(vs, j′ (ps, j′ )) , respectively, where p =
(
ps, j

)
s∈S , j∈Ĵs

and ps =
(
ps, j

)
j∈Ĵs

Appendix D.1. For segments with a log attribute evaluation function:

Specify the relationship between utility and price as Us, j = αs, j + βs ∗ lnps, j . Next, define the help vari-
able hs for each segment s∈S to replace the denominator of the demand function, i.e., hs =

1
θs+

∑
jϵ Ĵs exp (αs j + βs ∗lnps j)

.

The resulting demand function is ds, j

(
ps, j, hs

)
= ωs ∗ expαs, j ∗

(
ps, j

)βs
∗ hs. Solved for price, the inverted de-

mand function is ps, j

(
ds, j, hs

)
= 1

(ωs∗exp (αs, j))
1
βs
∗

(ds, j)
1
βs

(hs)
1
βs

. Therefore, the revenue function is revenue(d,h) =

∑
s∈S

∑
j∈Ĵs

1

(ωs∗exp (αs, j))
1
βs
∗

(ds, j)
1+βs
βs

(hs)
1
βs

, where d =
(
ds, j

)
s∈S , j∈Ĵs

and h = (hs)s∈S . Denote each summand as 1

(ωs∗exp (αs, j))
1
βs
∗

(ds, j)
1+βs
βs

(hs)
1
βs
= revs, j

(
ds, j, hs

)
. The Hessian of each summand is

Hs, j =


1

(ωs∗exp (αs, j))
1
βs
∗

1+βs

(βs)2 ∗
(ds, j)

1−βs
βs

(hs)
1
βs

− 1

(ωs∗exp (αs, j))
1
βs
∗

1+βs

(βs)2 ∗
(ds, j)

1
βs

(hs)
1+βs
βs

− 1

(ωs∗exp (αs, j))
1
βs
∗

1+βs

(βs)2 ∗
(ds, j)

1
βs

(hs)
1+βs
βs

1

(ωs∗exp (αs, j))
1
βs
∗

1+βs

(βs)2 ∗
(ds, j)

1+βs
βs

(hs)
1+2βs
βs

.
The Hessian is negative semi-definite for βs < −1 and, therefore, revs, j

(
ds, j, hs

)
is concave for βs < −1.The Hes-

sian is positive semi-definite for −1 < βs < 0 and, therefore, revs, j

(
ds, j, hs

)
is convex for −1 < βs < 0. Note

that the replacement of the denominator using the variable hs requires the introduction of the additional constraint∑
j∈Ĵs

ds, j

ωs
+θs ∗ hs = 1 for all segments s∈S .

Appendix D.2. For segments with a linear attribute evaluation function:

This case was covered by Schön (2008). The following is a recapitulation of the employed approach. Specify the
relationship between utility and price as Us, j = αs, j + βs ∗ ps, j. Next, define the help variable hs for each segment s∈S

to replace the denominator of the demand function, i.e., hs =
1

θs+
∑

jϵ Ĵs exp (αs, j + βs ∗ps, j)
. The resulting demand function

is ds, j

(
ps, j, hs

)
= ωs ∗ exp (αs, j + βs ∗ ps, j) ∗ hs. Solved for price, the inverted demand function is ps, j

(
ds, j, hs

)
=

1
βs

ln
( ds, j

ωs∗hs

)
−
αs, j

βs
. Therefore, the revenue function is revenue(d,h) =

∑
s∈S

∑
j∈Ĵs

[
1
βs
∗ ln

( ds, j

ωs∗hs

)
−
αs, j

βs

]
∗ ds, j, where

d =
(
ds, j

)
s∈S , j∈Ĵs

and h = (hs)s∈S . Denote each summand as
[

1
βs
∗ ln

( ds, j

ωs∗hs

)
−
αs, j

βs

]
∗ ds, j = revs, j

(
ds, j, hs

)
. The Hessian

of each summand is Hs, j =

 1
βs
∗ 1

ds, j
− 1
βs
∗ 1

hs

− 1
βs
∗ 1

hs

1
βs
∗

ds, j

(hs)2

. The Hessian is negative semi-definite for βs < 0 and, therefore,

revs, j is concave for βs < 0.
Note that the replacement of the denominator using the variable hs requires the introduction of the additional constraint∑

j∈Ĵs

ds, j

ωs
+θs ∗ hs = 1 for all segments s∈S .
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Appendix E. Example of implausibility of log attribute evaluation function when price-sensitivity is low

Assuming that an airline offers a single product j, i.e.,
∣∣∣Ĵs

∣∣∣ = 1, that there are N competitors which charge a
uniform price pcomp, that αs, j = 1 for any product for each segment s ∈ S (i.e., no brand advantage), and that
the attribute evaluation function is a log function, demand for product j from any segment s ∈ S is ds, j = ωs ∗

exp (αs, j+βs∗lnps, j )
N∗exp (αs, j+βs∗lnpcomp)+exp (αs, j+βs∗lnps, j)

. We can derive that demand will be at least 1, i.e., ds, j ≥ 1, if ps, j ≤
(

N
ωs−1

) 1
βs ∗ pcomp

for any βs < 0. Assuming a segment size of ωs = 100, the number of competitors of N = 10, which represents a
ratio of market size to competitors of ωs

N = 10, and βs = −1, the term simplifies to ps, j ≤ 9.9 ∗ pcomp. Consequently,
charging a price nearly 10 times as high as the competitors will still result in demand being at least 1, independent of
the price level of competitors. The closer βs is to 0 and the more products are in set Ĵs, the more implausible are the
results.
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Appendix F. Overview of airports included in the 12 metropolitan areas

Area (Code) Airport 1 Airport 2 Airport 3
Atlanta (ATL) Hartsfield-Jackson

Atlanta
International Airport

Bay Area (BAY) San Francisco
International Airport

San Jose
International Airport

Oakland
International Airport

Boston (BOS) Logan
International Airport

Chicago (CHI) Chicago O’Hare
International Airport

Midway
International Airport

Dallas (DAL) Dallas Fort Worth
International Airport

Dallas Love Field
Airport

Denver (DEN) Denver
International Airport

Houston (IAH) George Bush Inter-
continental Airport
Houston

Houston Hobby
Airport

Las Vegas (LAS) Harry Reid
International Airport

Los Angeles
(LAX)

Los Angeles
International Airport

Miami (MIA) Fort Lauderdale-
Hollywood
International Airport

Miami
International Airport

New York City
(NYC)

Newark Liberty
International Airport

John F. Kennedy
International Airport

LaGuardia
Airport

Seattle (SEA) Seattle-Tacoma Inter-
national Airport

Washington D.C.
(WAS)

Baltimore-
Washington
International Airport

Washington Dulles
International Airport

Reagan
National Airport

Table F.5: Overview of 12 metropolitan areas and included airports
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Appendix G. Piece-wise approximation of the objective function

Appendix G.1. For the revenue function:

Recall the revenue function revenue =
∑

s∈S LIN
∑

j∈Ĵs

[
1
βs
∗ ln

( ds, j

ωs∗hs

)
−
αs, j

βs

]
∗ ds, j +∑

s∈S \S LIN
∑

j∈Ĵs

1

(ωs∗e
αs, j )

1
βs
∗

(ds, j)
1+βs
βs

(hs)
1
βs

from E.14 in Section 2.2.3.

First, we define four new parameters, namely X1 for the number of steps for linearization of demand variable
ds, j, X2 for the number of steps for linearization of help variable hs, d. f ixx1

s, j as a fixed value for variable ds, j with
x1 ∈ {1, ..., X1}, and h. f ixx2

s as a fixed value for variable hs with steps x2 ∈ {1, ..., X2}.

Second, denote the terms 1

(ωs∗exp (αs. j))
1
βs
∗

(ds, j)
1+βs
βs

(hs)
1
βs
= revLog

s, j and the terms
[

1
βs
∗ ln

( ds, j

ωs∗hs

)
−
αs, j

βs

]
∗ ds, j = revLin

s, j .

The first partial derivates are
∂revLog

s, j

∂ds, j
= 1

(ωs∗exp (αs, j))
1
βs
∗

1+βs
βs
∗

(ds, j)
1
βs

(hs)
1
βs

,
∂revLog

s, j

∂hs
= 1

(ωs∗exp (αs, j))
1
βs
∗
(
− 1
βs

)
∗

(ds, j)
1+βs
βs

(hs)
1+βs
βs

,
∂revLin

s, j

∂ds, j
=

1
βs

[
ln

( ds, j

ωs∗hs

)
+ 1

]
−
αs, j

βs
, and

∂revLin
s, j

∂hs
= − 1

βs
∗

ds, j

hs
, respectively.

Third, using the standard linear approximation formula, the approximated revenue at steps x1 ∈ {1, ..., X1} and x2 ∈

{1, ..., X2} when the attribute evaluation function is a log function is revLog
s, j,x1,x2

(
ds, j, hs

)
≈ 1

(ωs∗exp (αs, j))
1
βs
∗

(
d. f ixx1

s, j

) 1+βs
βs

(h. f ixx2
s )

1
βs
+

1+βs
βs
∗ 1

(ωs∗exp (αs, j))
1
βs
∗

(
d. f ixx1

s, j

) 1
βs

(h. f ixx2
s )

1
βs
∗
(
ds, j − d. f ixx1

s, j

)
+ 1

(ωs∗exp (αs, j))
1
βs
∗
(
− 1
βs

)
∗

(
d. f ixx1

s, j

) 1+βs
βs

(h. f ixx2
s )

1+βs
βs

∗
(
hs − h. f ixx2

s
)
. Simplified, this

results in revLog
s, j,x1,x2

(
ds, j, hs

)
≈ 1

(ωs∗exp (αs, j))
1
βs
∗

 1+βs
βs
∗

(
d. f ixx1

s, j

) 1
βs

(h. f ixx2
s )

1
βs
∗ ds, j −

1
βs
∗

(
d. f ixx1

s, j

) 1+βs
βs

(h. f ixx2
s )

1+βs
βs

∗ hs

. Similarly, the approx-

imated revenue at steps x1 and x2 when the attribute evaluation function is a linear function is revLin
s, j,x1,x2

(
ds, j, hs

)
≈[

1
βs
∗ ln

(
d. f ixx1

s, j

ωs∗h. f ixx2
s

)
∗ d. f ixx1

s, j −
αs, j

βs
∗ d. f ixx1

s, j

]
+

[
1
βs
∗

(
1 + ln

(
d. f ixx1

s, j

ωs∗h. f ixx2
s

) )
−
αs, j

βs

]
∗
(
ds, j − d. f ixx1

s j

)
−

[
d. f ixx1

s, j

βs
∗ 1

h. f ixx2
s

]
∗(

hs − h. f ixx2
s
)
. Simplified, this results in revLin

s, j,x1,x2

(
ds, j, hs

)
≈ 1
βs
∗

[
1 − αs, j + ln

(
d. f ixx1

s, j

ωs∗h. f ixx2
s

) ]
∗ ds, j −

1
βs
∗

d. f ixx1
s, j

h. f ixx2
s
∗ hs.

Fourth, we define a new variable rs, j for each segment s ∈ S and product j ∈ Ĵs. Given the revenue function is con-

cave, we bound the new variable from above, with rs, j ≤
1

(ωs∗expαs, j)
1
βs
∗

 1+βs
βs
∗

(
d. f ixx1

s, j

) 1
βs

(h. f ixx2
s )

1
βs
∗ ds, j −

1
βs
∗

(
d. f ixx1

s, j

) 1+βs
βs

(h. f ixx2
s )

1+βs
βs

∗ hs


for all segments s ∈ S \S Lin and j ∈ Ĵs as well as steps x1 ∈ {1, ..., X1} and x2 ∈ {1, ..., X2}, and with rs, j ≤

1
βs
∗

[
1 − αs, j + ln

(
d. f ixx1

s, j

ωs∗h. f ixx2
s

) ]
∗ ds, j −

1
βs
∗

d. f ixx1
s, j

h. f ixx2
s

for all segments s ∈ S Lin and j ∈ Ĵs as well as steps x1 ∈ X1

and x2 ∈ X2 as new constraints. Consequently, the revenue function simplifies to revenue =
∑

s∈S
∑

j∈Ĵs
rs, j.

Fifth, we define the values for d. f ixx1
s, j and h. f ixx2

s . Note that 0 ≤ ds, j ≤ ωs ∗
exp (αs, j+βs∗lnpmin)
θs+exp (αs, j+βs∗lnpmin) for s ∈ S \S Lin

and j ∈ Ĵs, and 0 ≤ ds, j ≤ ωs ∗
exp (αs, j + βs ∗pmin)
θs+exp (αs, j + βs ∗pmin) for s ∈ S Lin and j ∈ Ĵs (see Appendix B). Given the constraint

E.17, i.e.,
∑

j∈Ĵs

ds, j

ωs
+θs ∗ hs = 1 for each s ∈ S and j ∈ Ĵs, the bounds for these variables are 0 ≤ hs ≤

1
θs

.
With equidistant steps starting at the lower bound, we get for each step x1∈{1, ...,X1} and x2∈{1, ...,X2} the values
d. f ixx1

s, j=
x1−1
X1
∗ωs∗

exp (αs, j + βs ∗lnpmin )
θs+ exp (αs, j + βs ∗lnpmin ) for s∈S \S Lin and j∈Ĵs, d. f ixx1

s, j=
x1−1
X1
∗ωs∗

exp (αs, j + βs ∗pmin)
θs+ exp (αs, j + βs ∗pmin) for s∈S Lin and

j∈Ĵs, as well as h. f ixx2
s =

x2−1
X2
∗ 1
θs

for s∈S and j∈Ĵs. Note that we use X1=X2= 5 for our computational study described
in Section 3.

Appendix G.2. For the cost function:

Recall the costs depending on the demand variable d̃k,l, cost =
∑

s∈S
∑

j∈Ĵs
c j ∗ ds, j +∑

k∈K
∑

z∈LFS
∑

l∈LFz

(
CI

k,l ∗ fk,l + cFuel ∗ b8,k,l ∗ d̃k,l + cFuel ∗ b9,k,l ∗ d̃2
k,l

)
+

∑
k∈K Ik ∗ Nk from E.14 in Section 2.2.3.
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First, we define two new parameters, namely X3 for the number of steps for linearization of de-
mand variable d̃k,l and d̃. f ixx3

k,l as a fixed value for variable d̃k,l with x3 ∈ {1, ..., X3}. Second, de-

note the terms −
[
cFuel ∗ b8,k,l ∗ d̃k,l + cFuel ∗ b9,k,l ∗ d̃2

k,l

]
= costdem

k,l . The first partial derivate is
∂costdem

k,l

∂d̃k,l
=

−
[
cFuel ∗ b8,k,l + 2 ∗ cFuel ∗ b9,k,l ∗ d̃k,l

]
. Third, using the standard linear approximation formula, the approx-

imated cost at steps x3 ∈ {1, ..., X3} is costdem
k,l,x3

≈

(
−cFuel ∗ b8,k,l ∗ d̃. f ixx3

k,l − cFuel ∗ b9,k,l ∗
(
d̃. f ixx3

k,l

)2
)
+(

−cFuel ∗ b8,k,l − 2 ∗ cFuel ∗ b9,k,l ∗
(
d̃. f ixx3

k,l

)2
)
∗

(
d̃k,l − d̃. f ixx3

k,l

)
. Simplified, this results in costdem

k,l,x3
≈ cFuel ∗ b9,k,l ∗(

d̃. f ixx3
k,l

)2
−

(
cFuel ∗ b8,k,l + 2 ∗ cFuel ∗ b9,k,l ∗ d̃. f ixx3

k,l

)
∗ d̃k,l.

Fourth, we define a new variable cdk,l for each aircraft type k ∈ K and leg l ∈ L. Given that costdem
k,l is concave

we bound cdk,l from above, i.e., cdk,l ≤ cFuel ∗ b9,k,l ∗
(
d̃. f ixx3

k,l

)2
−

(
cFuel ∗ b8,k,l + 2 ∗ cFuel ∗ b9,k,l ∗ d̃. f ixx3

k,l

)
∗ d̃k,l for all

aircraft types k ∈ K, legs l ∈ L and steps x3 ∈ {1, ..., X3}. Note that cdk,l ≤ 0. Consequently, the new cost function
is cost =

∑
s∈S

∑
j∈Ĵs

c j ∗ ds, j +
∑

k∈K
∑

z∈LFS
∑

l∈LFz

(
CI

k,l ∗ fk,l − cdk,l

)
+

∑
k∈K Ik ∗ Nk. Fifth, we define the values for

d̃. f ixx3
k,l. Note that the bounds for d̃k,l can be formulated as 0≤d̃k,l≤CAPk (see E.15). With equidistant steps starting at

the lower bound, we get for each step x3∈ {1, ...,X3} the values d̃. f ixx3
k,l=

x3−1
X3
∗CAPk. Note that we use X3 = 5 for our

computational study described in Section 3.
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Appendix H. Problem sizes and detailed results of computational study

Category Scenario 1 Scenario 2 Scenario 3 Full network
1

Full network
2

Airports
(thereof hubs)

5 (2) 5 (2) 4 (2) 12 (2) 12 (4)

OD pairs 20 20 12 132 132
Candidate Legs 300 300 180 1,980 1,980
Direct Candidate
Itineraries

300 300 180 1,980 1,980

Candidate trans-
fer connections

187 181 102 1,396 2,694

Binary Variables 900 900 540 1,980 1,980
Continuous
Variables 4

5,250 5,232 3,159 34,155 41,943

Linear
Constraints5

48,399 48,165 28,311 290,521 339,317

Table H.6: Problem size summary

We limited the number of candidate transfer connections for the sake of problem tractability by employing three
rules: (1) the transit time has to be between one and two event times; (2) unreasonable transfer connections (e.g.,
connections between areas on the east coast via a hub on the west coast) are ruled out; (3) the distance between origin
and destination has to be larger than one flight hour, resulting in a minimum distance for a transfer connection of
850km.

4 Including all variables required f or re f ormulating the problem towards a mixed−integer convex problem (see S ection 2.2) and all variables required f or piece−
wise approximation o f the ob jective f unction (see Appendix G)

5 Including all constraints required f or re f ormulating the problem towards a mixed−integer convex problem (see S ection 2.2) all constraints required f or piece−
wise approximation o f the ob jective f unction (see Appendix G as well as the McCormick (1976) inequality constraints.)
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Max fuel burn (%) 100% 100% 90% 80% 70% 60% 50%Constraining fuel burn (kg) Max fuel burn n.a. n.a. 454,301 403,823 353,345 302,867 252,389
Cruise speed (km/h) 840 900 900 900 900 900 900
Solve time (hh:mm:ss), *limit reached 0:23:36 4:12:23 12:00:00* 12:00:00* 12:00:00* 12:00:00* 12:00:00*

Remaining gap (%) 0.00% 0.00% 0.13% 0.62% 0.86% 1.15% 1.22%
Profit (%) 93.57% 100.00% 99.30% 97.26% 94.03% 89.29% 82.74%

Profit 858,898 917,890 911,441 892,725 863,056 819,610 759,497
Revenue (%) 93.79% 100.00% 93.46% 87.21% 80.49% 72.48% 64.47%

Revenue 2,102,951 2,242,084 2,095,539 1,955,427 1,804,734 1,625,151 1,445,518
RASK 0.1701 0.1695 0.1798 0.1928 0.2067 0.2233 0.2422

Cost invest (%) 94.44% 100.00% 88.89% 83.33% 77.78% 66.67% 61.11%
Cost invest 249,186 263,844 234,528 219,870 205,212 175,896 161,238

Cost operating (%) 93.83% 100.00% 89.34% 79.06% 68.85% 58.64% 48.64%
Cost non-invest 939,385 1,001,206 894,484 791,599 689,293 587,082 486,983

Fuel burn (%) 93.76% 100.00% 89.78% 79.94% 69.91% 59.96% 49.97%
Fuel burn 473,268 504,778 453,201 403,515 352,905 302,690 252,234

# Airplanes (%) 94.44% 100.00% 88.89% 83.33% 77.78% 66.67% 61.11%
# B737 34 36 32 30 28 24 22
# A320 0 0 0 0 0 0 0
# B767 0 0 0 0 0 0 0

Legs (%) 96.45% 100.00% 92.91% 85.82% 76.60% 68.79% 58.16%
# Legs 136 141 131 121 108 97 82

Avg. Distance by all legs 738 762 723 681 657 610 592
Total distance by all legs 100,430 107,437 94,671 82,397 70,945 59,147 48,514

# Sold Seats (%) 93.71% 100.00% 93.35% 87.12% 80.46% 72.68% 64.69%
Demand (Total) 12,527 13,368 12,479 11,646 10,756 9,716 8,648

Demand (BU) 1,070 1,129 1,054 980 899 807 713
Demand (LP) 6,152 6,615 6,197 5,786 5,376 4,802 4,287
Demand (LV) 5,305 5,624 5,228 4,880 4,481 4,107 3,648

Weighted avg. price (%) 100.13% 100.00% 99.99% 100.11% 100.15% 99.90% 99.93%
Weighted avg. price 166 166 166 166 166 166 166

Avg. Price (BU) 830 831 831 831 832 831 832
Avg. Price (LP) 101 101 101 101 101 101 101
Avg. Price (LV) 108 109 109 110 111 111 112

Optimization results

Utilization (%) 77.07% 79.22% 79.41% 79.96% 82.48% 82.85% 87.05%

Table H.7: Scenario 1: Hubs BAY & LAS; Airports DEN, LAX, SEA
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Max fuel burn (%) 100% 100% 90% 80% 70% 60% 50%Constraining fuel burn (kg) Max fuel burn n.a. n.a. 743,067 660,504 577,941 495,378 412,815
Cruise speed (km/h) 840 900 900 900 900 900 900
Solve time (hh:mm:ss), *limit reached 33:15:32 21:09:07 12:00:00* 12:00:00* 12:00:00* 12:00:00* 12:00:00*

Remaining gap (%) 0.00% 0.00% 1.25% 2.79% 3.69% 5.01% 6.54%
Profit (%) 84.61% 100.00% 98.08% 93.84% 88.25% 80.84% 71.95%

Profit 845,523 999,294 980,149 937,719 881,899 807,878 718,959
Revenue (%) 93.37% 100.00% 93.18% 85.63% 77.43% 68.65% 59.11%

Revenue 2,888,875 3,094,053 2,883,153 2,649,544 2,395,631 2,124,165 1,828,999
RASK 0.1258 0.1292 0.1346 0.1398 0.1453 0.1507 0.1576

Cost invest (%) 104.35% 100.00% 95.65% 91.30% 84.78% 78.26% 69.57%
Cost invest 351,792 337,134 322,476 307,818 285,831 263,844 234,528

Cost operating (%) 96.33% 100.00% 89.82% 79.69% 69.61% 59.59% 49.47%
Cost non-invest 1,619,744 1,681,395 1,510,197 1,339,935 1,170,491 1,001,894 831,860

Fuel burn (%) 96.59% 100.00% 90.00% 80.00% 70.00% 60.00% 49.99%
Fuel burn 797,479 825,630 743,067 660,504 577,941 495,378 412,730

# Airplanes (%) 104.35% 100.00% 95.65% 91.30% 84.78% 78.26% 69.57%
# B737 48 46 44 42 39 36 32
# A320 0 0 0 0 0 0 0
# B767 0 0 0 0 0 0 0

Legs (%) 96.67% 100.00% 91.11% 81.11% 71.67% 61.11% 52.22%
# Legs 174 180 164 146 129 110 94

Avg. Distance by all legs 1,071 1,079 1,059 1,053 1,037 1,040 1,002
Total distance by all legs 186,439 194,294 173,757 153,731 133,810 114,378 94,193

# Sold Seats (%) 94.23% 100.00% 92.58% 84.88% 76.29% 67.31% 58.06%
Demand (Total) 15,838 16,808 15,561 14,266 12,822 11,314 9,759

Demand (BU) 1,616 1,723 1,616 1,475 1,341 1,188 1,020
Demand (LP) 7,781 8,166 7,613 7,057 6,318 5,586 4,790
Demand (LV) 6,441 6,919 6,332 5,734 5,163 4,540 3,949

Weighted avg. price (%) 99.22% 100.00% 100.51% 100.86% 101.62% 102.32% 102.48%
Weighted avg. price 179 181 182 182 184 185 185

Avg. Price (BU) 829 835 831 833 830 827 828
Avg. Price (LP) 102 102 102 102 102 103 104
Avg. Price (LV) 110 111 112 114 116 118 118

Optimization results

Utilization (%) 78.19% 80.17% 81.19% 83.11% 84.28% 87.04% 87.97%

Table H.8: Scenario 2: Hubs ATL & WAS; Airports DAL, MIA, NYC
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Max fuel burn (%) 100% 100% 90% 80% 70% 60% 50%Constraining fuel burn (kg) Max fuel burn n.a. n.a. 177,246 157,552 137,858 118,164 98,470
Cruise speed (km/h) 840 900 900 900 900 900 900
Solve time (hh:mm:ss), *limit reached 0:01:31 0:36:47 0:13:58 0:05:24 0:01:36 0:03:40 0:00:50

Remaining gap (%) 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Profit (%) 88.74% 100.00% 99.26% 98.31% 96.23% 91.84% 86.43%

Profit 155,302 175,002 173,700 172,047 168,401 160,725 151,254
Revenue (%) 82.21% 100.00% 92.24% 84.84% 77.74% 68.32% 60.10%

Revenue 572,127 695,932 641,957 590,446 541,048 475,488 418,279
RASK 0.1460 0.1346 0.1420 0.1508 0.1586 0.1672 0.1830

Cost invest (%) 86.67% 100.00% 93.33% 86.67% 80.00% 66.67% 60.00%
Cost invest 95,277 109,935 102,606 95,277 87,948 73,290 65,961

Cost operating (%) 78.05% 100.00% 88.82% 78.33% 68.85% 58.27% 48.34%
Cost non-invest 305,097 390,920 347,213 306,226 269,154 227,786 188,973

Fuel burn (%) 78.74% 100.00% 89.30% 79.27% 69.93% 59.51% 49.85%
Fuel burn 155,070 196,940 175,869 156,108 137,727 117,189 98,183

Airplanes (%) 86.67% 100.00% 93.33% 86.67% 80.00% 66.67% 60.00%
# B737 13 15 14 13 12 10 9
# A320 0 0 0 0 0 0 0
# B767 0 0 0 0 0 0 0

# Legs (%) 85.45% 100.00% 92.73% 85.45% 76.36% 67.27% 60.00%
# Legs 47 55 51 47 42 37 33

Avg. Distance by all legs 678 764 720 678 661 625 563
Total distance by all legs 31,847 42,000 36,744 31,847 27,747 23,107 18,587

# Sold Seats (%) 82.02% 100.00% 91.75% 84.27% 77.98% 68.62% 60.55%
Demand (Total) 3,728 4,545 4,170 3,830 3,544 3,119 2,752

Demand (BU) 262 315 294 270 242 212 188
Demand (LP) 1,751 2,163 1,989 1,843 1,714 1,511 1,307
Demand (LV) 1,715 2,067 1,887 1,717 1,588 1,396 1,257

Weighted avg. price (%) 100.12% 100.00% 100.53% 100.56% 99.84% 99.69% 99.57%
Weighted avg. price 152 151 152 152 151 151 151

Avg. Price (BU) 827 828 827 828 829 829 829
Avg. Price (LP) 100 100 100 100 100 100 100
Avg. Price (LV) 101 102 102 102 103 103 102

Optimization results

Utilization (%) 66.16% 68.98% 68.32% 67.93% 69.93% 69.88% 69.17%

Table H.9: Scenario 3: Hubs DAL & DEN; Airports CHI & IAH
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Max fuel burn (%) 100% 100% 90% 80% 70% 60% 50%Constraining fuel burn (kg) Max fuel burn n.a. n.a. 2,578,522 2,292,019 2,005,517 1,719,015 1,432,512
Cruise speed (km/h) 900 900 900 900 900 900 900
# included aircraft types All 3 1 (B737) 1 (B737) 1 (B737) 1 (B737) 1 (B737) 1 (B737)
Solve time (hh:mm:ss), *limit reached 72:00:00* 72:00:00* 12:00:00* 12:00:00* 12:00:00* 12:00:00* 12:00:00*

Remaining gap (%) 34.08% 4.72% 5.72% 5.46% 5.46% 4.46% 3.58%
Profit (%) 97.16% 100.00% 98.46% 96.62% 93.26% 89.35% 84.24%

Profit 2,482,432 2,554,936 2,515,488 2,468,571 2,382,774 2,282,838 2,152,199
Revenue (%) 95.53% 100.00% 92.75% 85.06% 76.64% 68.72% 59.74%

Revenue 9,472,552 9,915,511 9,196,620 8,433,659 7,598,815 6,814,279 5,923,484
RASK 0.1165 0.1171 0.1215 0.1262 0.1316 0.1396 0.1485

Cost invest (%) 92.96% 100.00% 94.77% 86.63% 76.16% 70.35% 58.72%
Cost invest 1,171,818 1,260,588 1,194,627 1,092,021 960,099 886,809 740,229

Cost operating (%) 95.42% 100.00% 89.85% 79.72% 69.52% 59.41% 49.29%
Cost non-invest 5,573,764 5,841,375 5,248,237 4,656,905 4,061,148 3,470,405 2,879,189

Fuel burn (%) 95.30% 100.00% 90.00% 80.00% 69.97% 60.00% 50.00%
Fuel burn 2,730,423 2,865,024 2,578,522 2,292,019 2,004,616 1,718,993 1,432,512

# Airplanes (%) 92.44% 100.00% 94.77% 86.63% 76.16% 70.35% 58.72%
# B737 158 172 163 149 131 121 101
# A320 1 n.a. n.a. n.a. n.a. n.a. n.a.
# B767 0 n.a. n.a. n.a. n.a. n.a. n.a.

# Legs (%) 94.81% 100.00% 91.70% 82.87% 74.91% 66.78% 58.48%
# Legs 548 578 530 479 433 386 338

Avg. Distance by all legs 1,184 1,180 1,151 1,125 1,077 1,022 956
Total distance by all legs 648,600 681,902 609,972 538,921 466,283 394,622 323,225

# Sold Seats (%) 97.11% 100.00% 93.05% 86.18% 79.14% 71.90% 64.12%
Demand (Total) 51,707 53,247 49,544 45,890 42,139 38,285 34,140

Demand (BU) 4,822 5,230 4,849 4,424 3,930 3,523 2,986
Demand (LP) 27,315 28,133 25,990 23,898 21,775 19,645 17,388
Demand (LV) 19,570 19,884 18,705 17,568 16,434 15,117 13,766

Weighted avg. price (%) 98.27% 100.00% 99.47% 98.96% 97.28% 95.69% 93.17%
Weighted avg. price 182 185 184 183 180 177 172

Avg. Price (BU) 834 837 835 836 834 827 828
Avg. Price (LP) 116 114 113 113 111 109 106
Avg. Price (LV) 113 114 114 114 115 114 114

Optimization results

Utilization (%) 84.32% 84.85% 85.24% 85.55% 85.25% 85.50% 85.06%

Table H.10: Full Network 1: Hubs DAL & DEN; 10 Airports
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Max fuel burn (%) 100% 100% 90% 80% 70% 60% 50%Constraining fuel burn (kg) Max fuel burn n.a. n.a. 3,032,781 2,695,805 2,358,830 2,021,854 1,684,878
Cruise speed (km/h) 900 900 900 900 900 900 900
# included aircraft types All 3 1 (B737) 1 (B737) 1 (B737) 1 (B737) 1 (B737) 1 (B737)
Solve time (hh:mm:ss), *limit reached 72:00:00* 72:00:00* 12:00:00* 12:00:00* 12:00:00* 12:00:00* 12:00:00*

Remaining gap (%) 90.16% 8.52% 9.13% 9.79% 9.18% 6.93% 5.06%
Profit (%) 96.47% 100.00% 98.26% 95.22% 92.23% 89.07% 84.28%

Profit 2,808,907 2,911,782 2,861,012 2,772,625 2,685,672 2,593,392 2,454,072
Revenue (%) 84.87% 100.00% 92.84% 84.82% 76.78% 68.35% 59.42%

Revenue 9,834,922 11,588,546 10,758,856 9,829,366 8,897,114 7,920,370 6,885,444
RASK 0.1219 0.1151 0.1196 0.1235 0.1293 0.1357 0.1440

Cost invest (%) 84.12% 100.00% 96.46% 88.38% 80.30% 69.19% 57.58%
Cost invest 1,220,655 1,451,142 1,399,839 1,282,575 1,165,311 1,004,073 835,506

Cost operating (%) 80.19% 100.00% 89.85% 79.75% 69.57% 59.50% 49.39%
Cost non-invest 5,558,807 6,932,297 6,228,730 5,528,325 4,823,088 4,124,712 3,424,072

Fuel burn (%) 80.17% 100.00% 90.00% 80.00% 69.99% 60.00% 50.00%
Fuel burn 2,701,633 3,369,757 3,032,781 2,695,805 2,358,527 2,021,854 1,684,878

# Airplanes (%) 82.32% 100.00% 96.46% 88.38% 80.30% 69.19% 57.58%
# B737 159 198 191 175 159 137 114
# A320 4 n.a. n.a. n.a. n.a. n.a. n.a.
# B767 0 n.a. n.a. n.a. n.a. n.a. n.a.

Legs (%) 84.23% 100.00% 92.04% 82.39% 74.73% 66.31% 58.04%
# Legs 550 653 601 538 488 433 379

Avg. Distance by all legs 1,158 1,239 1,204 1,191 1,136 1,087 1,020
Total distance by all legs 636,662 809,157 723,761 640,588 554,569 470,885 386,548

# Sold Seats (%) 87.18% 100.00% 92.75% 85.19% 78.28% 71.19% 63.28%
Demand (Total) 52,064 59,717 55,389 50,872 46,744 42,510 37,789

Demand (BU) 5,206 6,275 5,867 5,342 4,825 4,283 3,688
Demand (LP) 27,227 31,410 28,868 26,452 24,248 21,868 19,093
Demand (LV) 19,631 22,032 20,654 19,078 17,671 16,359 15,008

Weighted avg. price (%) 97.81% 100.00% 100.41% 99.62% 98.34% 96.44% 94.06%
Weighted avg. price 186 191 191 190 187 184 179

Avg. Price (BU) 836 852 850 847 841 833 830
Avg. Price (LP) 116 113 113 112 111 109 105
Avg. Price (LV) 112 113 114 114 114 114 114

Optimization results

Utilization (%) 84.19% 85.23% 84.99% 86.67% 86.67% 86.75% 85.85%

Table H.11: Full Network 2: Hubs ATL, DAL, DEN, LAS; 8 Airports
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Oliver Faust, Jochen Gönsch, and Robert Klein. Demand-oriented integrated scheduling for point-to-point airlines. Transportation Science, 51(1):

196–213, 2017. ISSN 0041-1655. doi: 10.1287/trsc.2016.0693.

37



Guillermo Gallego, Richard Ratliff, and Sergey Shebalov. A general attraction model and sales-based linear program for network revenue manage-
ment under customer choice. Operations Research, 63(1):212–232, 2015. ISSN 0030-364X. doi: 10.1287/opre.2014.1328.

Laurie A. Garrow. Discrete choice modelling and air travel demand: theory and applications: Theory and applications. Routledge, London, 2016.
ISBN 1317149718.
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