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Abstract. In 2019, Lufthansa and Google began a five-year collaboration to apply opera-

tions research techniques to operational airline schedule recovery, jointly optimizing over
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aircraft, passengers, and crew to ensure that disruptions such as flight delays are mitigated

smoothly. The resulting Operations Decision Support Suite (OPSD) implements several

Copyright: © 2026 INFORMS

novel decomposition techniques and heuristics. The service is in daily use by Lufthansa

subsidiary Swiss International Airlines, with EUR 12 million and 14 kilotons of CO,
already saved. It is currently being deployed to all airlines in the Lufthansa Group and is
on track to save EUR 30 million and 50 kilotons of CO, annually.

Keywords: decision support « optimization « airlines « disruptions « Edelman Award

Lufthansa Group and Swiss

International Airlines

The Lufthansa Group (LHG) is a global aviation company.
In its home market of Europe, it takes a leading role oper-
ating with over 700 aircraft. With about 100,000 employees,
LHG generated revenue of more than EUR 354 billion in
the 2023 financial year. LHG is organized into business
segments, which include network airlines and point-to-
point airlines, and the aviation services sector, which
includes the logistics and technik business units.

Swiss International Air Lines (SWISS), a subsidiary of
LHG, is Switzerland’s largest airline and a premium car-
rier. Operating a global flight network from Zurich and
Geneva, SWISS connects Switzerland with Europe and
the rest of the world. With one of Europe’s most
advanced aircraft fleets, SWISS is dedicated to delivering
the highest product and service quality.

Irregular Operations

As frequent fliers know well, flight disruptions are com-
mon: strong headwinds delay landings, deicing delays
takeoffs, crew fall ill, passengers miss their connections,
and issues are identified during preflight checks. Disrup-
tions caused by events like these are referred to as
“irregular operations.”

58

Airlines know to expect irregular operations and have
well-established processes for recovering from them. At
SWISS, like most airlines, these processes were largely
manual, requiring teams of operations controllers to
develop a plan to repair the schedule, communicate the
plan to ground and air crew to execute the new schedule,
and accommodate passengers whose itineraries have
been disrupted.

The specific problem addressed in the Google-
Lufthansa collaboration is how best to repair these last-
minute “day-of-operations” disruptions, or disruptions
that happen during the course of daily operations and
must be repaired quickly to mitigate impact. Some-
times, mitigating daily disruptions is simple: a passen-
ger who misses a connection can be rebooked on a later
flight. Other times, it is more difficult. If a large flight to
an airline’s hub is delayed, the airline might choose to
delay some subsequent flights, creating a potential suc-
cession of delayed flights. If a large number of passen-
gers are rebooked onto a flight, a larger aircraft may be
required, necessitating different crew with the proper
qualifications to operate the larger aircraft. Airline
crew have extremely complicated flight duty restric-
tions that vary by role, airline, and country, imposing
additional constraints.
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To make these decisions, airlines juggle multiple objec-
tives: minimizing operating cost while providing exem-
plary customer service, adhering to safety guidelines,
and maximizing crew satisfaction. Multiple discrete opti-
mization problems are involved, and historically the
industry has solved them in isolation. For instance, one
software system might assign aircraft to flights, whereas
another assigns crew based on this assignment. When
disruptions in the schedule occur, this decoupling re-
quires manual work to check and repair, and therefore
significant staff capacity to handle these situations, lead-
ing to suboptimal solutions due to time pressure and
the limited abilities of staff to evaluate scenarios. For
example, a longer-than-expected flight might trigger a
compulsory break for the crew, rendering that crew una-
vailable for a planned subsequent flight.

There are various ways to resolve these problems, but
many of the possible decisions must be made within min-
utes of the disruption occurring. For example, we cannot
rebook passengers on a flight departing in 30 minutes if
making that decision requires 45 minutes. This means the
first problem is to quickly find an acceptable decision,
which is preferable to an optimal one that requires hours
to compute. These fast but suboptimal decisions inevita-
bly lead to opportunities for reoptimization after recovery
operations put the schedule back on track.

Fixing tomorrow’s suboptimalities introduced by
quickly repairing today’s disruptions is the second, but
vitally important, part of the recovery problem. It is simpler
and also has a less strict deadline because the solver can
run overnight. During the night, the majority of aircraft are
either on the ground at an airport or operating relatively
predicable long-haul overnight flights. Therefore, new dis-
ruptions are far less likely to occur than during the day.

Because of these similarities and differences, we imple-
mented multiple solvers as part of the integrated Opera-
tions Decision Support Suite (OPSD). OPSD consists of
several user interfaces that interact with two distinct sol-
vers: the IrrOptimizer, which solves the disruption
recovery problem, and the Schedule Optimizer, which
solves the reoptimization problem. We define these pro-
blems in the next sections.

The Disruption Recovery Problem
Our implementation of the disruption recovery problem
has three component subproblems: aircraft, passengers,
and crew, reflecting the three operations departments in
the SWISS operations control center. The problem is suf-
ficiently general that subproblems can be added (or
omitted) without significant changes.

The problem is logically defined by the following;:

e aset of candidates for each flight,

e aset of subproblems,

e a set of subsolutions to each subproblem,

e a set of candidates that must be chosen in order to
choose each subsolution, and

e a cost for each subsolution.

A solution chooses a subset of candidates (at most one
per leg) and a subset of subsolutions (exactly one per
subproblem). Appendix B, IrrOptimizer Mathematical
Formulation, includes a mathematical model.

A candidate for a given flight represents a valid pair of
departure and arrival times, an aircraft type (e.g., A320)
employed to operate the flight, and the prior flight that
must use the same aircraft, if applicable. All aircraft
belong to one type (or class), chosen such that these air-
craft are interchangeable within a given class for all sub-
problems except the aircraft subproblem (described
below), as no aircraft are ever equivalent in this subprob-
lem. The set of candidates are derived from various regu-
lations and operational constraints, and for the purposes
of defining a mathematical model, we treat them as an
input. We use the term “leg” interchangeably with
“flight” throughout this paper.

A solution must pick a candidate for each flight or can-
cel the flight. The set of candidates selected must satisfy
the constraints of all subproblems. Optimal solutions
minimize the sum of subproblem costs, although we do
not expect to solve this problem to optimality in practice.

The integrated disruption recovery problem has been
discussed in the literature, although many approaches
consider only a subset of these considerations: several
problems in the literature consider aircraft and passenger
recovery (Bisaillon et al. 2011, Artigues et al. 2012, Jozefo-
wiez et al. 2013), others consider only aircraft and crew
(Desaulniers et al. 1997, Kohl and Karisch 2004, Maher
2015b, Parmentier and Meunier 2020), and several con-
sider all three subproblems (Peterson et al. 2012, Maher
2015a, Arikan et al. 2017). Many constraints and costs
considered by our subproblems are significantly more
nuanced than in these prior problems. Some examples of
these differences are highlighted in the relevant subsec-
tions below.

A key property of this definition is that if the selected
set of candidates is fixed, each subproblem can be opti-
mized independently. Conceptualizing the problem in
this way also allowed the project to proceed in parallel,
with a single Google engineer learning about a given
department in collaboration with domain experts from
that department at SWISS and Lufthansa. No one team
member had to be an expert on everything in order to
understand the overall problem.

In the next subsections, we will describe at a high level
the decisions and costs considered in each subproblem.

Aircraft

The aircraft (or rotation) subproblem assigns a specific
aircraft of the correct type to each chosen candidate, min-
imizing aircraft operating costs (e.g., fuel use) and penal-
ties for missing scheduled maintenance events. The
aircraft operating costs and missed maintenance event
penalties are given as input to the solver. The solver out-
puts a sequence of legs assigned to each aircraft. The
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sequence of legs assigned to an aircraft is called a rota-
tion, because they typically start and end at the same
hub airport.

The aircraft solver must assign aircraft to candidates
subject to minimum ground time and continuity con-
straints. For a crew to operate a flight, the assigned aircraft
must be at the correct departure airport, not be undergo-
ing maintenance overlapping that flight, and have suffi-
cient turnaround time after its prior flight arrives.

Turnaround times guarantee that the aircraft has suffi-
cient time between consecutive flights for passengers to
disembark, the aircraft to be cleaned and refueled, and
the next flight's passengers to board. The minimum
times are a function of the inbound flight, outbound
flight, and the aircraft type. For example, an aircraft
departing from a different terminal than its last arrival
will need significantly longer time before its next flight
departs than if it can stay at the same gate; some flights
have more passengers with large pieces of baggage
brought onboard and stored within the cabin, slowing
expected boarding and disembarkation times; and larger
aircraft take longer to clean and refuel than smaller ones.
In contrast, prior descriptions consider turnaround time
to depend only on aircraft type (Artigues et al. 2012).

The aircraft subproblem plays a critical role in ensuring
the feasibility of the rotations selected for the recovery
problem. We use the term “rotation solver” interchange-
ably with “aircraft solver” throughout this paper.

Passengers

The passenger (or pax) subproblem assigns each
“reservation” (i.e., one or more passengers who booked
together, e.g., a family or tour group) to a sequence of
flights to route these passengers to their destination or
cancel their itinerary. A solution must assign passengers
to a sequence of flights that starts and ends at the correct
airport, and starts no earlier than their original itinerary
(to ensure they are at the airport on time).

Similar to aircraft, passengers also need to be at the cor-
rect airport with sufficient time to make their connections
in order to travel on their next flights. The minimum con-
nection time a passenger needs between two flights
depends on both of those flights and the passenger. For
example, connecting between flights that require the pas-
senger to go through immigration will take longer than if
both flights leave from gates that are on the same side of
immigration. The passport a passenger holds will signifi-
cantly impact how much time that passenger needs to
clear immigration. In contrast, prior problems in the litera-
ture use a constant connection time (Artigues et al. 2012).

This subproblem minimizes the combined cost of all
passenger disruptions, including delays, cabin reassign-
ments, and cancellations. These costs differ for each
reservation and are partially derived from penalties
prescribed by regulations, augmented with an estimate
of the long-term cost of customer satisfaction, which

captures the future revenue impact of customers being
less likely to book reservations with an airline that has
previously inconvenienced them. These costs are manu-
ally calibrated in consultation with operations control-
lers, and for the purposes of an optimization model, we
consider them as input.

The passenger subproblem is the most significant
component of the overall solution cost. We note that a
feasible passenger solution is always available for any
selection of candidates. This is guaranteed by the exis-
tence of a trivial, albeit prohibitively expensive, fallback:
the cancellation of all passenger reservations.

Crew

The crew subproblem assigns crew members to specific
roles on each leg candidate such that all required roles
are filled. The number of crew members needed in each
role depends both on the flight and on the type of aircraft
assigned. For example, larger aircraft usually need more
cabin crew, and long flights often need additional crew
to ensure they can take sufficient breaks. Qualifications
depend on the role and type of aircraft: flight crew are
typically only qualified to operate one specific aircraft
type (or a small number of sufficiently similar types),
whereas cabin crew have more flexibility. A distinction
between our approach and that of Peterson et al. (2012) is
that their approach considers only cockpit crew.

As with the aircraft and passenger subproblems, crew
members also need to be at the right airport with suffi-
cient time between flights to make their connection.
These times depend on the inbound and outbound
flights, the specific crew member, and if the two flights
are flown using the same aircraft.

The crew assignment must also take into account con-
straints on the maximum time crew can work per day,
minimum break durations between work days, and
extremely complex contractual obligations that vary
between airlines (even within LHG), and even between
different subsets of crew within the same airline. Because
the specifics of these rules fill multiple books, we do not
describe them here. Instead, we will describe the very
general class of rules our approach can support in the
subsection Crew Subsolver.

The crew subproblem is extremely important to con-
sider in checking the feasibility of a recovery plan. How-
ever, it typically has a negligible direct contribution to
the overall objective.

The Reoptimization Problem
Mitigating a disruption, either manually or by solving
the disruption recovery problem heuristically, may lead
to suboptimal assignments of aircraft to flights. The reop-
timization problem aims to mitigate the cost of these sub-
optimal assignments.

Note that there are still opportunities for reoptimiza-
tion even in the absence of any disruption due to more
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up-to-date fuel efficiency data for each aircraft. For exam-
ple, a new aircraft that has undergone recent maintenance
may be as much as 10% more fuel efficient than older air-
craft of the same type. This is a major contributor to mea-
surable impact described in Impact and Adoption.

The reoptimization problem is characterized by a set
of legs, a set of aircraft, and a set of crews. A solution
assigns an aircraft to each leg, and a set of crew to each
leg, subject to the same types of constraints described in
the aircraft and crew subproblems above. Unlike the dis-
ruption recovery problem, however, the reoptimization
problem may not cancel or reschedule flights, nor can it
cancel aircraft maintenance events. In addition to hard
turnaround time constraints, the reoptimization problem
also has soft constraints on turnaround times, which
may be violated for a penalty. The assignment should
first minimize the aircraft assignment cost plus the pen-
alty of violated soft turnaround time constraints, and
then minimize the crew assignment cost.

Assigning aircraft to flights is known in the literature
as the tail assignment problem (Khaled et al. 2018, Fuen-
tes et al. 2021). The term “tail” refers to the identifying
“tail numbers” painted on the tails of aircraft. The term
“tail” is interchangeable with the word “aircraft.”

There are a few key differences between the reoptimi-
zation problem and the simpler tail assignment problem.
First, tail assignment typically reassigns whole rotations,
whereas the reoptimization problem may change rota-
tions. Second, the reoptimization problem is allowed to
change the type of aircraft assigned to flights, whereas
the tail assignment problem is typically restricted to
assigning aircraft of a predetermined aircraft type to any
given flight. Third, additional soft constraints are added
for the turnaround times of an aircraft to introduce
robustness into the schedule. These additional types of
changes can potentially impact the feasibility of the crew;
thus, the reoptimization problem also considers (and
may change) the assignment of crew to flights.

In the first case, if two consecutive legs are assigned to
two different aircraft, an existing assignment of crew to
legs can become infeasible because the crew may not
have enough time to travel to the next aircraft and pre-
pare it for an on-time departure. Some descriptions of
the tail assignment problem assign legs to tails rather
than rotations, but do not consider this impact on crew
assignment. As a result, these approaches can only be
used in practice if the assighment is generated suffi-
ciently far in advance to provide enough time for the
crew to be assigned later.

In the second case, crew members may be impacted
because many crew qualifications are specific to one type
of aircraft, and the number of crew members required
differs between aircraft types. Thus, changing the aircraft
type nearly always requires some crew changes.

The final difference compared with the tail assignment
problem is the additional soft constraints on turnaround

times. Without such a penalty, the optimal solution will
inevitably pack the most efficient aircraft’s schedule as
full as possible, leaving little slack to absorb minor delays
encountered in the future. These soft constraints are also
used to incentivize the solver to leave large gaps in some
aircraft schedules. Aircraft with such gaps are useful to
improve schedule robustness: if an aircraft requires
unscheduled maintenance, another aircraft with a large
gap in its schedule is likely to be available to cover the
next few flights assigned to the unavailable aircraft, sim-
plifying the disruption recovery problem.

The Operations Decision Support Suite

As we can see from these problem definitions, solving
the disruption recovery and reoptimization problems re-
quires input data describing many different aspects of an
airline’s operations. Operational data for large businesses
are often spread across multiple operational databases,
and the airlines of LHG are no exception: crew data are
stored in one database, which is separate from that of
the plan of record for aircraft maintenance, which is sep-
arate from that used for passenger bookings. Complicat-
ing our processes further, some of these operational
database systems differ across airlines within LHG.

To address this, we implemented a standardized base
data layer in OPSD to which these disparate systems
publish updates, minimizing the airline-specific code
required. This airline-specific middleware typically
chooses which system-specific adapters should be used
to input data for that airline, and to which it should
export data, based on the systems that airline’s opera-
tions controllers use. A high-level overview of this pro-
cess is shown in Figure 1.

For tactical or strategic problems, solved at most once
every few weeks, any minor incompatibilities due to
operational changes can be either ignored or manually
fixed with little effort because the solves are infrequent.
However, for operational problems like the ones
addressed by OPSD, which are solved multiple times
per day under time pressure, these inconsistencies need
to be automatically resolved, or at least have efficient
specialized user interfaces. For example, if one database
shows that a flight departed part way through its sched-
uled maintenance, the details of which are stored in
another database, knowing if that maintenance was com-
pleted early or was canceled and must be rescheduled at
the aircraft’s next stop at a maintenance hub is impor-
tant. Similarly, if a flight landed a few minutes late and
does not have adequate turnaround time before its next
scheduled departure, the data specifying the amount of
delay time required for subsequent flights must be kept
up to date.

Consequently, the most significant effort in build-
ing OPSD was in preparing the input data for the sol-
vers. Approximately 20 software developers over
four years were dedicated to preparing the data and
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Figure 1. (Color online) An Overview of OPSD’s Data Preparation Architecture
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the user interfaces necessary to reconcile these data
sources; in contrast, only five were involved in build-
ing the solvers.

In the next sections, we describe the OPSD solvers. We
first present the Schedule Optimizer, which addresses
the reoptimization problem described earlier. It was also
implemented first, is substantially simpler than the
IrrOptimizer, is valuable even if disruption recovery is
performed manually, and is responsible for the vast
majority of monetary and CO, savings achieved from
implementing OPSD.

The Schedule Optimizer

The core of the Schedule Optimizer is a network flow
with side constraints solved as a mixed-integer program-
ming (MIP) problem, described in more detail in Appen-
dix A, Schedule Optimizer Mathematical Formulation.
Our approach is broadly similar to the compact model
described in Khaled et al. (2018).

Tail Assignment
The tail assighment problem assigns aircraft to legs,
minimizing assignment costs, subject to the following
constraints:

e every leg must be assigned a single aircraft,

e aircraft must be assigned to valid connections
between two consecutive legs,

e aircraft must fulfill their required maintenance
events,

e minimum turnaround times must not be violated,
and

e crew-approximation constraints, which we
describe in the section Approximating Crew Con-
straints, must not be violated.

One of the more interesting features of the model is a
penalty function, which is applied to the turnaround
time to improve the robustness of solutions returned by
the solver. A turnaround time that is too short does not
provide enough time between legs for an aircraft to
swap rotations and increases the risk of delay propaga-
tion if a small delay were to occur the next day, whereas
a moderate turnaround time of one or two hours is more
than needed to mitigate the propagation of small delays,
but not long enough to use the aircraft as a replacement
for another that requires unscheduled maintenance. A
piecewise linear penalty function is applied to the
amount of time between two consecutive legs assigned
to an aircraft to incentivize the solver to include a few
minutes of buffer time between most flights, or to
include sufficiently long buffers to allow the aircraft to fit
additional flights into its schedule. With this feature, the
solutions produced by the solver both mitigate the need
for schedule changes due to minor disruptions and allow
for easier handling of minor disruptions by operations
controllers during the day of operations.

Approximating Crew Constraints
Assigning tails to legs requires appropriately qualified
crew to be available to operate those legs. A simple
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model works well for the reassignment problem. If the
current solution has a valid crew assignment (i.e., a feasi-
ble assignment of crew to legs given the original tail
assignment), we can restrict the allowed changes relative
to the original plan to ensure the same crew assignment
remains valid given the new tail assignment. To achieve
this, we need to add two restrictions: first, the type of air-
craft used for all scheduled flights should be fixed, and
second, some flights should be forced to occur sequen-
tially on the same aircraft.

These two restrictions guarantee that the solutions
returned by the tail solver are compatible with the current
crew assignment, and thus are guaranteed to be usable
by operations controllers. Fixing aircraft types to the type
used in the original schedule ensures the currently
assigned crew members have the required certifications
to operate the flights to which they are assigned. Forcing
flights with tight crew connections to be flown using the
same aircraft guarantees that crew members do not have
to swap aircraft if they do not have time to do so.

The addition of these crew approximations in the tail
assignment solver allows operations controllers to use
the solutions provided. However, this restricts the solu-
tion space and reduces the impact the solver can have
compared with a more detailed crew model.

Exploiting a Black-Box Crew Model

Crew scheduling is a notoriously complicated problem.
It is governed by a complex set of laws, and each airline
has its own set of additional rules. Instead of hard cod-
ing a fixed set of constraints, we use a black-box crew
feasibility checker provided by the user to verify that a
feasible crew solution exists. Users can write their crew
rules in a programming language of their choice, com-
pile this to a portable format, and provide this to the
solver in order to allow for different rules per airline, or
even per request. This is combined with logic-based
Benders decomposition (Hooker and Ottosson 2003) to
construct the crew-aware Schedule Optimizer solver
(Figure 2).

Schedule Optimizer Architecture
The Schedule Optimizer solver is decomposed into two
main components: the tail assignment solver and crew
feasibility checker. The tail assignment solver is the core
decision maker of the solver. It solves the tail assignment
problem and finds a valid tail-to-leg assignment (i.e., set
of rotations) for a given schedule. The black-box crew
feasibility checker is used to verify if the solution pro-
duced by the tail assignment solver has a feasible crew
assignment. If a feasible crew assignment exists (i.e., the
feasibility checker returns true), the solution is returned
to the user.

If the crew feasibility checker returns false, a feasible
crew assignment for the solution produced by the tail
assignment solver does not exist. These crew-infeasible

Figure 2. The Schedule Optimizer Solves the Tail Assign-
ment Subject to Crew Feasibility Constraints Using Logic-
Based Benders Decomposition

[ Schedule Optimizer }

Blocked Rotations
Tail Assignment
Rotations
Feasible?
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[Ta|IASS|gnment Solver] [ Checker ]

solutions are added to a set of restricted rotations, which
are used to generate cuts (i.e., additional constraints) for
the tail assignment solver to block the solver from gener-
ating these solutions again.

The restricted rotation cuts are weak, because each
cut removes only a small fraction of the potential tail
assignments found by the solver. Additionally,
because we only add feasibility cuts, the only feasible
solution this approach finds will be provably optimal.
This leads to impractically slow convergence for
the Schedule Optimizer solver. To help improve the
solver’s convergence speed, we add discrepancy con-
straints, inspired by limited discrepancy search (Har-
vey and Ginsberg 1995), as a kind of primal heuristic.
Each request from the user includes a crew-feasible
initial assignment. Discrepancy constraints added to
the tail assignment solver limit the number of tail class
changes the solution can have relative to the initial
assignment. Each tail class requires different crew
numbers or qualifications; therefore, limiting the num-
ber of tail class swaps in a solution helps improve the
solver’s chances of finding a crew-feasible solution.
The allowed discrepancy from the initial assignment
is slowly increased over the course of the solving pro-
cess, as new solutions are found, or if the problem is
proven infeasible with the current discrepancy limit.
This focuses the search on solutions that are similar to
one compatible with the initial crew solution, making
it more likely to find crew-feasible solutions. This also
has the additional benefit of finding solutions with a
smaller number of changes earlier, which are easier
for operations controllers to implement.

The crew feasibility checker is a simplified version of
the crew solver, which we describe in greater detail in
the subsection Crew Subsolver.

The IrrOptimizer

The IrrOptimizer solves the disruption recovery problem
by coordinating the aircraft, pax, and crew subsolvers
using a common interface.
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The core concept for the subproblem interface is
that of candidates for each leg, described in the section
Disruption Recovery Problem. Subsolvers receive a
“candidate cost” for each candidate as an input (not nec-
essarily the same costs for each subproblem) and return
a subset of candidates plus the “subproblem cost” for
that subproblem (e.g., the cost of calling reserve crew for
the crew subproblem, or the cost of passenger compensa-
tion for the pax subproblem). Subproblems also return
lower bounds on their objectives (minimizing the sum of
chosen candidate costs and the subproblem cost).

To ensure we always have a feasible solution, we
require that all flights departing in the future must be
cancelable. This ensures there is always a trivial solution:
cancel all remaining flights. Ensuring that a trivial feasi-
ble solution always exists guarantees that the subsolvers
will still propose a solution for the remaining flights
instead of simply returning infeasible, because it might if
some of those problematic flights were not cancelable.
This helps users identify which flights may have incon-
sistent input data or require manual resolution.

This simple interface allows the IrrOptimizer to imple-
ment multiple decompositions and heuristics without
any changes to the subsolvers. Each subsolver can be
implemented independently using portfolios that com-
bine fast heuristics and slower but (near-)optimal MIP-
based models. This allows the solver to both find an
initial solution quickly and to refine the solution over time.

The overall flow of the IrrOptimizer is shown in
Figure 3.

The core of the IrrOptimizer is a column generation
procedure; all subsolutions found by any subsolver are
added to a packing integer program, and the duals of the
constraints in the linear relaxation of the packing prob-
lem are used to set candidate costs. See Appendix B for
details.

However, only relying on this column generation
does not reliably find reasonable solutions quickly. To
combat this, we first employ an initialization phase to
generate some initial columns using heuristically com-
puted costs.

The initialization phase starts using heuristic candi-
date costs, computed assuming that passengers will not
be rerouted and no other flights are delayed. Thus, the
candidate cost provided to subsolvers is reduced by the
cancellation cost of all passengers booked on the flight.
Additionally, if a candidate is delayed, its cost is
increased by the delay cost of all passengers booked on
the flight, plus the cancellation cost of any passengers
who would miss their next connection (assuming that
flight departs on time).

The sequential heuristic (shown in Figure 4) is a key
component of both the initialization and improvement
phases. A key property is that, because all flights must be
cancelable, it will always converge to a feasible solution.

All intermediate solutions generated by the heuristic are
added as columns to the packing integer program.

Another key technique is large neighborhood search
(LNS), where most candidates are omitted except for a
small number close to the initial schedule or incumbent,
as we describe in more detail in the next subsection.

Large Neighborhood Search

The performance of a column generation procedure is
usually bounded by the speed at which new solutions
can be generated by the subsolvers. Typically, subsolvers
take the majority of the computational time budget. The
time it takes to solve any subproblem depends primarily
on the number of candidates. To speed up the generation
of subsolutions, we define a neighborhood of candidates
that determines whether to consider a candidate in the
subproblems. Such a neighborhood reduces the solution
space of the recovery problem in favor of speeding up
the computation of a subsolution. Reducing the solution
space usually diminishes the quality of subsolutions. To
overcome such a behavior, we embed LNS within the
column generation procedure. The LNS updates the
neighborhood at each iteration of the column generation
with the intention of exploring a different region of the
solution space. Broadly, the principles that guide the
generation of a new neighborhood by the LNS controller
are as follows:

o If a leg is disrupted in the current incumbent solu-
tion (e.g., delayed), more candidates of such a leg will
be considered in the next neighborhood.

e If the incumbent solution of the recovery prob-
lem has not improved in recent iterations, more can-
didates (for all legs) will be considered in the next
neighborhood.

o All candidates in the current incumbent solution
are considered in the next neighborhood.

Embedding the LNS procedure in the column genera-
tion procedure modifies the termination criteria. We ter-
minate before reaching the time limit if no subproblem
can find any new column with negative reduced cost and
the neighborhood includes all candidates. In practice,
given the scale and complexity of the problem, the proce-
dure will almost always terminate due to reaching the
time limit.

Aircraft (Rotation) Subsolver
The rotation and tail assignment subproblem is essen-
tially the same as the tail assignhment described above.
Aircraft must be chosen to operate flights with sufficient
turnaround time between consecutive flights assigned to
the same aircraft, and aircraft must fulfill their required
scheduled maintenance.

The major difference in this subproblem is that ir-
regular operations need to be modeled: flights can be
canceled or delayed, aircraft can be swapped, and
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Figure 3. The IrrOptimizer Coordinates the Aircraft, Pax, and Crew Subsolvers to Solve the Disruption Recovery Problem Using
a Common Subsolver Interface
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Notes. The IrrOptimizer works in two phases: initialization, which uses heuristic costs chosen to pessimistically overestimate disruption cost,
and improvement, which uses costs derived from a linear programming relaxation described in Appendix B. Both phases share two key techni-
ques: The first is a neighborhood of candidates that restrict the solution space, so the subsolver calls perform large neighborhood search until the
neighborhood eventually contains all candidates. The second shared technique is a sequential heuristic (see Figure 4) to find compatible subprob-
lem solutions.

Figure 4. The Sequential Heuristic Converges to a Feasible Solution to the Disruption Recovery Problem
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Note. “Nonselected candidates” refers to candidates that are not included in the solution of the most recent subproblem solved.
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scheduled maintenance can be canceled. This signifi-
cantly changes the structure of the problem; therefore, in
spite of their apparent similarity, the tail assignment
problem in the IrrOptimizer shares relatively little code
with this subsolver.

Solution Approach. The rotation subsolver is a portfolio
of the following:

1. Delay propagation: A heuristic that assigns the
same sequence of legs to each aircraft, and assigns the
earliest possible departure time given minimum turn-
around times.

2. Multicommodity flow: A complete MIP model that
combines a multicommodity flow (where each tail
number is a separate commodity) and a set packing
problem, where each leg is covered by at most one tail
number. This is similar to the tail assignment model
previously described.

3. Column generation: A column generation ap-
proach, with a resource-constrained shortest-path sub-
problem per aircraft. Once the optimal solution to the
linear relaxation is found, integrality constraints are
introduced for the variables that have been added so
far, and the problem is solved as an MIP to choose a
rotation for each aircraft.

When the IrrOptimizer runs the rotation subsolver,
both the multicommodity flow solver and the column
generation solver are run, and the best solution from the
two solvers is returned. The delay propagation heuristic
is used by both solvers to find a quick, but usually sub-
optimal, solution that is used as a warm start.

Passenger Subsolver

The objective of any airline is to transport passengers to
their destinations. The benefits that accrue from a recov-
ery plan should be determined primarily by its impact
on passengers. Passenger recovery does not have an
impact on the feasibility of the final solution because can-
celing all passenger itineraries is a feasible recovery solu-
tion. Instead, passenger recovery is key to evaluating

quality.

Model Description. The passenger recovery problem
aims to minimize disruptions to passengers while simul-
taneously minimizing costs to the airline. Passenger dis-
ruptions include flight misconnections, departure/arrival
delays, downgrades, and cancellations. Airline costs arise
from late arrivals, itinerary changes, class upgrades, and
other recovery efforts. Effectively balancing these com-
peting objectives is crucial.

The passenger recovery problem involves several key
decisions. These include flight rescheduling to facilitate
connections, aircraft swaps or configuration adjustments
to increase capacity, and, most importantly, passenger
rerouting to alternative flights. Hubs, central airports of
an airline’s network where the majority of passenger

transfers occur, can also be strategically used to find
recovery solutions. For example, at hubs, LHG can expe-
dite important passenger connections using a limited
fleet of ramp direct service (RDS) vehicles, which are
vehicles that can quickly transport passengers directly to
their next gates.

The passenger recovery problem for LHG is further
complicated by the heterogeneous nature of its passen-
gers. Passengers often travel in groups (e.g., families),
have varying connection speeds within airports, and/or
may be subject to specific constraints and cost implica-
tions based on factors like disability, nationality, or fre-
quent flyer status. These individual factors must be
considered during the recovery process. For example,
connection times can vary depending on both the speci-
fic reservation and the connection itself (i.e., the connect-
ing flight legs). Non-EU passport holders will usually
require more time to connect between legs if they enter
or leave the Schengen zone (requiring passengers to
queue for immigration). Frequent fliers can usually use
priority security lanes, giving them more time to make
their connections in case of delays.

These individual factors, coupled with the large scale
of the problem—often involving hundreds of thousands
of passengers across the network—create an immense
optimization challenge. Effective recovery requires not
only considering individual passenger needs but also
efficiently exploring the vast solution space to identify
globally near-optimal rerouting strategies in minutes.

Solution Approach. As shown in Figure 5, our ap-
proach to the passenger recovery problem is a two-stage
process, inspired by the work of Zhang et al. (2016): a
candidate selection (flight rescheduling) stage, followed
by a passenger rerouting stage. In the first stage, we use
an aggregated MIP model to choose a subset of the can-
didates and assign aircraft classes. The second stage
focuses on rerouting reservations, swapping aircraft clas-
ses for larger or smaller aircraft depending on the need,
and strategically utilizing the RDS fleet to expedite pas-
senger connections.

For the passenger rerouting stage, we implemented a
portfolio of distinct approaches to balance solution qual-
ity and computational efficiency. This portfolio-based
strategy ensures that the system can dynamically select
the best tool for a given disruption scenario, leveraging
the strengths of different optimization techniques to find
high-quality solutions quickly. The mathematical formu-
lation for this stage is given in Appendix B, Section B.4
(Passenger Subsolver: Reroute Passengers Formulation).

The rerouting process is as follows:

1. Greedy routing heuristic: A fast, greedy algorithm is
always run first to generate an initial feasible solution.
This heuristic quickly finds a baseline solution by
rerouting reservations in order of importance, initially
favoring the original itinerary.
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Figure 5. The Pax Subsolver Selects Candidates and Then Reroutes Passengers
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2. Parallel portfolio execution: If the initial solution
from the greedy routing is not sufficient, a portfolio of
more advanced solvers is executed in parallel to find a
better solution. This portfolio includes the following:

o Multicommodity flow: This model is inspired by the
multicommodity flow model of Zhang et al. (2016).
Our enhancements to this model include strategic
search space pruning, incorporating aircraft capacity
adjustments, and the use of RDS vehicles to reduce
connection times. This approach strives for holistic
optimization.

e Column generation: A column generation approach
provides a middle ground. We iteratively add feasible
itineraries as columns to a linear program until conver-
gence, generate a 0-1 integer program with the same
set of columns constrained to be binary, and then solve
this model. This method balances solution quality and
computational effort.

3. Final solution selection: The first solver in the port-
folio to return a solution that meets a predetermined
acceptance threshold from the IrrOptimizer is selected.

If neither provides a satisfactory solution within the
time limit, the best solution found by either solver is
chosen. The initial solution from the greedy algorithm
also serves as an initial solution for both of the
advanced solvers, further improving performance.

This parallel, portfolio-based approach is a key fea-
ture of the passenger solver, because it allows the sys-
tem to leverage the strengths of different optimization
techniques to find high-quality solutions quickly and
efficiently.

Crew Subsolver

Model Description. The crew recovery problem aims
to find feasible crew schedules to operate a given set of
flights, while minimizing the number of changes from
the original schedules (or some other cost function).
The original crew schedules can be disrupted because
of certain events such as departure/arrival delays, can-
cellations, change of aircraft class, or sick crew mem-
bers. The goal of the crew subsolver is to repair these
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disruptions, that is, to find new schedules satisfying
the following feasibility constraints.

Trip Constraints. A trip is composed of one or more
crew members, and of a sequence of flights assigned to
them. A trip can comprise several flight duty periods
(FDPs), which roughly correspond to a day of work. A
trip must satisfy many feasibility constraints, including
the following;:

1. A trip must start and end at the home base of its
crew members.

2. There must be enough time between consecutive
flights. This minimum connection time can depend on
many factors, such as the flight IDs or whether the
crew stays on the same aircraft.

3. The FDPs must not be too long, and there must be
enough rest time between consecutive FDPs. These
time limits also depend on many factors, such as the
start of the FDP and its number of flights.

4. The trip crew members must be qualified to oper-
ate each aircraft class used in this trip.

Global Crew Constraints. A set of flights can be oper-
ated by the crew if there is a set of trips that satisfies all
the global crew constraints, including the following:

1. A sufficient number of crew members must be
available in each role to operate each flight (e.g., at least
one captain, one first officer, one cabin manager, and
three flight attendants). Additional crew members, if
any, travel as passengers (this is called deadheading),
which reduces the number of seats that can be used by
the passenger solver.

2. Crew members should stay together during each
FDP to minimize the impact of disruptions: if the crew
members on one delayed inbound flight are all
assigned to the same next flight, then the inbound
delay has a smaller effect on subsequent flights than if
each crew member were scheduled to connect to a dif-
ferent flight, all of which might have to be delayed or
find replacement crew.

The crew subsolver aims to minimize the cost of the
crew recovery solution. This cost can be computed in
various ways, depending on the desired goal. For exam-
ple, we typically use the number of changes compared
with the initial schedules to minimize the total number
of changes that must be communicated to crew mem-
bers. This is a reasonable metric because crew members
generally prefer to avoid changes, and each change
requires additional work for an operations controller to
review and implement. These costs are very small com-
pared with those in other solvers because we do not typi-
cally want to incur significant additional operating costs
or degrade passenger experiences to reduce crew
changes. However, if we can achieve the same aircraft

and passenger costs with fewer crew changes, we would
prefer to do so.

Solution Approach. The crew subsolver takes as input a
set of flight candidates (generally one per flight ID) and a
list of initial trips. It returns a subset of flight candidates
(at most one per flight ID because some flights can be
canceled), and a list of modified trips satisfying all the
above constraints, with a total cost as small as possible. It
does this in two stages, illustrated in Figure 6 and pre-
sented below.

Stage 1. The first stage of the crew subsolver is to find a
feasible solution. For this, the crew subsolver tries to
repair the input trips by looking at all the infeasibilities
in chronological order, as follows (see Figure 6):

1. Identify all the infeasible flights, that is, those
breaking one of the above crew constraints. If there are
no infeasibilities, the problem is solved; proceed to
Stage 2.

2. Find the earliest departing infeasible flight, and
select a subset of trips 7 and a subset of legs £ that
could be changed to repair it (with some heuristics,
mostly based on feasible paths in the graph of legs,
using a relaxed version of the above constraints).

3. For each trip T in 7, generate a list of alternative,
feasible leg sequences for its crew members, as follows:
start with a fixed prefix of T, append some legs in £, and
finish with a sequence as close as possible to the end of T.
This step is done with a depth-first search based on a
crew constraint checker component (see Figure 6 and the
subsection Crew Constraint Checker below). It also com-
putes the cost of the generated alternative trips.

4. For each trip T, select at most one of its alternative
leg sequences generated above, so that these alternative
trips satisfy the global crew constraints as defined
above, while minimizing their total cost. We model
these constraints as an MIP and solve them with an
MIP solver. Note that the resulting model is a set cover-
ing problem (each flight must be covered by enough
trips in each role) with side constraints (because of the
second global constraint stating that crew members
should stay together).

5. Go back to the first step.

Stage 2. Once a feasible solution has been found, the
second stage tries to reduce its cost as much as possible.
For this, it uses a specific LNS, implemented with the fol-
lowing algorithm (see Figure 6):

1. Select a flight at random.

2. Assume that it is infeasible and repair it using the
same method as in Steps 3 and 4 of Stage 1 above.

3. If the repaired trips have a smaller cost than the
current ones, make them the new current trips.
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Figure 6. The Crew Subsolver Selects and Assigns Crew to Candidates
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4. Repeat the above steps until a time limit is
reached.

Crew Constraint Checker. The goal of the crew con-
straint checker is to check whether a trip is feasible and
to compute its cost if feasible. Many trip feasibility con-
straints apply to only one specific airline. Some of these
constraints are updated somewhat regularly (e.g., once
every year or two, because of new regulations or collec-
tive labor agreements). Similarly, the cost of a trip can
be defined in many ways. To avoid implementing all
the constraints and cost models from all LHG airlines
in the solver, and to avoid recompiling and redeploy-
ing the solver when a constraint changes, the crew con-
straint checker is divided in two parts (see Figure 6).
The most fundamental constraints and some basic costs
are implemented in the solver (such as the constraint
that each flight must have a sufficient number of crew
members in each role). The others must be implemen-
ted by the user (via a well-defined application pro-
gramming interface), compiled to the portable binary
WebAssembly format (Rossberg 2019), and sent to the
solver in the optimization request. The solver then runs
this WebAssembly code to check these custom con-
straints and to compute custom costs. The solver uses
several techniques to improve performance, such as a
cache of previously checked leg sequences.

Reliable Distributed Model Solving

Many components of the OPSD solvers we have
described above solve one or more MIP models, either
for a whole (sub)problem or as part of a heuristic. In a

traditional application designed to use an MIP solver,
the solver is linked into the same binary (as in Architec-
ture A in Figure 7). This has a significant disadvantage
when using any parallel portfolio of solvers or MIP-
based heuristics that require multiple models to be
solved concurrently: these MIP models would compete
for computational resources on the same machine at the
same time, which can have serious consequences for the
reliability of the application.

Exceeding the random access memory (RAM) assigned
to an application, for example, by solving too many large
MIPs simultaneously, can cause the application to stop.
If no per application memory limits are configured, the
consequences can be even worse: approaching the physi-
cal memory limits of the machine can catastrophically
degrade the performance of all applications running on
the same machine. Exceeding the available processing
capacity can cause all computations on the machine to
slow down because they must share the available proces-
sors, and incur additional overhead as a result of this
sharing.

Architecture B in Figure 7 largely mitigates these pro-
blems: an application can safely solve many MIPs con-
currently because they are being solved on a larger
number of machines. However, if many users share the
same set of solver servers, this architecture has similar
problems to Architecture A, but on the solver server
instead of the application: if one server receives many
MIPs to solve simultaneously, these MIPs will still share
resources. If one hard MIP being solved on a server uses
all of the available RAM, the operating system will stop
the entire solver server. When this happens, none of the
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Figure 7. Comparison of Different Application Architectures Using a Solver Library
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processed by the servers. Potentially, this can reach the
point where all servers are solving multiple hard MIPs,
quickly exhaust their memory limit, and are stopped,
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To combat these issues, most Operations Research
projects at Google solve MIPs using a shared internal ser-
vice called the Universal Optimization Solver Service
(UOSS). Although UOSS is not part of OPSD, it is a criti-
cal service on which OPSD depends. UOSS implements
Architecture C in Figure 7, running each solve in a sepa-
rate subprocess. This has two main advantages over the
simpler Architecture B:

e When a solver uses too much memory on a
request, the operating system handling that request can
stop only the subprocess handling that request rather
than stopping the entire server.

e When a solve crashes or is stopped, the server can
detect this and notify the client application that an error
occurred without crashing the client’s application.
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Notes. In this figure, solid lines represent in-process communication via traditional function calls, and dashed lines represent interprocess com-
munication using, for example, a remote procedure call library such as gRPC (van Winkel 2016). Architecture A shows the simplest and most
common architecture, but has limits on the number of MIPs that may be solved concurrently by an application because they all must be solved
on the same machine. Architecture B allows for distributed solving, so one application can solve more MIPs on more machines. Architecture C
enables significant reliability improvements compared with Architecture B where many applications share the same set of solver servers.

enforce memory and processor limits per subprocess.
This allows a single server to safely run multiple solves
concurrently without the risk of exceeding the server’s
available resources.

The ability to end individual solve subprocesses
quickly and reliably also simplifies the implementation
of load shedding. Load shedding allows the service to
continue functioning well for most users when there is
more demand for solves than can be served concur-
rently. When overloaded by a small number of users,
UOSS continues to serve the majority of other users by
choosing a running solver process to end and thus free
up the processors and RAM required for the new
request. When choosing which solve to interrupt, UOSS
considers how many other solves from the same user are
in progress, whether a human is waiting for an answer
or whether this is an offline batch computation that can
be delayed, and the amount of time the solve has been
running thus far.

This fair load shedding allows batch pipelines and
large-scale experiments to share capacity with critical
operational requests while most users do not experience
any of the symptoms of overload described above. This
ensures that Google’s large internal MIP users cannot
consume all the available resources, and thus cannot pre-
vent OPSD from starting MIP solves on UOSS or vice
versa.

Impact and Adoption

As of January 2025, the total monetary savings directly
attributed to the Schedule Optimizer are CHF 8.5 million
in reduced operating costs (fuel cost and landing, park-
ing, and handling fees), and 14.7 kilotons of CO, due to
reduced fuel consumption. The solver was used on 1,038
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days between January 2022 and January 2025, and its
results were published as the plan of record six or seven
times a day (a total of 6,797 times). Operations controllers
accepted 222,714 changes suggested by OPSD solvers
overall, representing 26% of all changes made by opera-
tions controllers since January 2022. Those solver-
initiated changes affected 61,192 aircraft or equipment,
representing 24.7% of all flights operated by SWISS.
The other nonsolver changes were considered, decided
upon, and executed by operators manually.

The aforementioned metrics are calculated daily. We
can distinguish manual changes by operations control-
lers from the implemented scenario runs proposed by
our solution. Savings are considered as the decrease of
operating costs after the implementation of a proposed
scenario by a user. A user might also make changes to a
proposed scenario because of factors that are as yet
unknown to the system.

Before the Schedule Optimizer was available, one full
operations controller shift per day was dedicated to pre-
paring the next day’s tail assignment, and the operations
controller was mainly preoccupied with fixing problems,
such as ensuring aircraft were available for their sched-
uled maintenance that they would otherwise miss if the
aircraft were reassigned earlier in the day. The time and
effort required to fix these problems usually meant there
was little opportunity for the operations controllers to
make any improvements to the assignment, and they
simply accepted the first reasonable solution that satis-
fied the constraints. In contrast, OPSD allows operations
controllers to simultaneously fix these issues and optimize
the schedule, even in the busiest situations. The ability of
the Schedule Optimizer to optimize globally allows for
more significant changes to the schedule than were ever
achieved manually: manual optimization would change
at most 20 rotations for the next day, whereas OPSD regu-
larly changes over 100 rotations at a time over a three-day
period. This improves both operational robustness and
saves CO, and operating costs beyond what could ever
be achieved manually because of the additional flexibility
available over the longer time horizon.

The introduction of OPSD also gave full transparency of
the operating costs of a flight to operations controllers for
the first time. In addition to operational cost considera-
tions, the solver assists the operations controllers in adding
robustness to the schedule. By using various incentives
and penalties, it achieves improved outcomes, such as

e reducing the number of crews changing aircraft
during the day,

e enhancing aircraft utilization before maintenance
events,

e selecting optimal aircraft size based on passenger
bookings, and

e favoring desired flight cycles or flight time limits.

Unfortunately, these effects are not quantitatively mea-
sured: doing so is quite challenging because, compared

with the cost savings, these dimensions are influenced by
many factors other than our tool. We primarily rely on
the user feedback on the optimized and proposed scenar-
ios as an indicator of the robustness of our solutions.

A human could not simultaneously consider all these
factors and consistently weigh their importance relative
to each other across dozens of aircraft and multiple days,
thus highlighting the OPSD’s significant advantage in
enhancing operational efficiency and decision making.

Another impact has been a change in how passengers
are rerouted when flights are delayed. Historically, pas-
sengers would be rerouted after they reached a hub for
the airline (e.g., Zurich for SWISS), because there are typ-
ically many options for connecting flights on which to
rebook the passengers. Now, as a result of OPSD, pas-
sengers are instead rerouted as soon as it becomes appar-
ent that their itinerary will be disrupted. This allows
greater flexibility for rerouting passengers with connec-
tions when flights to a hub are canceled or delayed, so
passengers can often reach their destination sooner by
routing via a different hub either within the airline,
within LHG, or via a partner airline. More flexibility can
provide financial benefits, because passengers are less
likely to require an overnight stay in a hotel at the air-
line’s expense and are less likely to be sufficiently
delayed to be entitled to compensation, in addition to the
obvious customer satisfaction benefits of fewer delayed
passengers.

An overall financial impact of this policy change is dif-
ficult to estimate because the passenger subsolver has
only been in operation since February 2025, and passen-
gers have a multiyear grace period in which to claim
compensation under EU rules. However, we can share
an anecdote: shortly before the system was to be offi-
cially rolled out, a single long-haul aircraft needed unex-
pected maintenance. A member of the OPSD project
happened to be in the operations center and suggested
the solver’s output be compared with the intuition of the
operations controller. The estimated cost (assuming all
passengers claim their full compensation, plus hotel
costs, passenger rebooking, and the operating cost of
canceled flights) for the solution generated by the solver
was over USD 200,000 less expensive than the solution
proposed by the operations controller with over a
decade’s experience. This estimation came directly from
the tool OPSD uses to evaluate the costs of various sce-
narios and is well calibrated.

Conclusions

OPSD solves two important interacting optimization
problems that must be solved every day by commercial
airlines: the disruption recovery problem and the reopti-
mization problem. Our definitions of these problems bet-
ter reflect the way airline disruptions must be handled in
practice, taking into account the need to quickly mitigate
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a disruption and the opportunity to later perform nondis-
ruptive reoptimization once operations have stabilized.

OPSD has saved SWISS significant operating expenses,
with reduced fuel usage, which also reduced CO, emis-
sions, and passengers are rerouted much sooner after dis-
ruptions, leading to reduced delays for passengers.

OPSD is in daily use at several airlines within LHG.
Prior to OPSD, these airlines did not have shared data or
process standards for handling irregular operations. The
successful deployment of OPSD at these airlines is strong
evidence that OPSD could be deployed at nearly any
commercial airline with only changes to the small mid-
dleware layer that imports and exports data to OPSD’s
base data layer.

OPSD’s mitigate-then-reoptimize approach is even
more general: organizations in many industries face
daily disruptions that must be mitigated faster than exe-
cuting an optimal repair plan. Implementing solvers and
processes for regular reoptimization has the potential for
significant impact in many such organizations.
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Appendix A. Schedule Optimizer Mathematical
Formulation

This section presents a simplified tail assignment model

used by the Schedule Optimizer.

A.1. Tail Assignment Model
Below is a simplified tail assignment model. Some of the
more complicated side constraints that are not discussed
in the text have been omitted.
Sets and Constants

o e L:Setof legs

e s&S: Set of indivisible leg sets s C L; an indivisible leg
set s is a set of legs that must be flown by the same aircraft

o teT:Set of tails

o tc T, CT:Setof tails that can fly leg set s

e q¢ A:Set of airports

o s’ € TA(t,s): Set of leg sets s’ that depart after leg set s,
which cannot be assigned tail ¢ because of turnaround times
if tail £ is assigned to leg set s

e j€ DAy,: Departure and arrival times of the leg sets that
depart or arrive at airport 4 and which tail ¢ can fly

® 5€5,CS: Leg sets departing or arriving at or before
timestamp j at airport a

® 5€5, CS,: Leg sets departing at or before timestamp j
from airport a

e s€S5, CS,: Leg sets arriving at or before timestamp j to
airporta

e j€ M, Set of maintenance event start times at airport a
for tail t

e S,:Set of all leg sets (arriving or departing) at airport a

e (p,9) €(S4,S,): Pair of valid arrival and departure leg
sets; the last leg of leg set p arrives before the first leg of leg
set g departs and they connect at the same airport

® Dep,, CS,: Set of leg sets that depart from airport a
between legsetsp € S, and g € S,

e ¢y > 0: Cost of assigning tail f to leg set s

e c,; > 0: Cost associated with the amount of ground time
between leg sets p and g

o i, €{0,1}: Initial location of tail ¢, equal to one if tail ¢ is
at airport a at the start of the solving period
Decision Variables

o x, €{0,1}: Binary variable that takes a value of one if tail
tis assigned to leg set s; this variable is zero if ¢ ¢ T

o Y, €{0,1}: Binary variable that takes a value of one if
tail t is assigned to consecutive leg sets (s, s,)

Formulation
min Z Z CotXst + Z Z CpqYpat (A1)
seS teTs t pq
s.t. szle VSGS, (Az)
teTs ’
Xt + Z Xy <1 VseS,teT, (A3)
s'€TA(t, s) ’
ita — Z Xt + szt =1 VteT,acA,je My,
se Sgi €Sy (A4)
S ﬂ aj
= > X¢+ Y X4 <1 VteT,acAjeDAy, (A5)

s€S

s< Sqj ’

xpt + Xq[ — Z Xt < 1 +ypr]t
reDep,, (A6)

vteT,(p,q) € (S Sa)-

Equation (A.1) minimizes the sum of the cost of assign-
ing tails to legs and the cost of the ground time between two
flights. Equation (A.2) forces every leg to be assigned exactly
one tail. Equation (A.3) ensures that assigned tails do not vio-
late the minimum turnaround time between two legs. Equa-
tion (A.4) ensures that all aircraft fulfill required maintenance
checks. Equation (A.5) models the network commodity flow
constraints as inventory constraints. Equation (A.6) models the
ground time robustness constraint—it ensures that variable
Ypqr takes a value of one when tail ¢ is assigned to consecutive
leg sets p and 4.

The crew-approximation constraints are encoded in the
sets T; and S. First, the assigned aircraft type of a flight
cannot change, and this restricts the set of tails that can be
assigned to legs (ie., reduces the size of T). Second,
because of tight crew connections, some flights are forced
to be flown by the same aircraft. These sets of legs are the
“leg sets” defining S.

Appendix B. IrrOptimizer Mathematical
Formulation

We refer to the core of the disruption recovery problem,
which chooses from the set of available subproblem solu-
tions, as the packing problem because of its similarity to a
set-packing problem. For the purpose of introducing the
packing problem, assume that we can enumerate all possi-
ble subsolutions from each subproblem. Let P be the set
of subproblems (each solved with a specific subsolver),
and let S, be the set of all subsolutions of subproblem
p. Furthermore, let C be the set of all leg candidates in
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the recovery plan, and let K be the set of all cabin classes. A
particular subsolution j € S, is characterized by the following:

e ¢,: The cost of implementing subsolution j € S, of sub-
problem p € P

e 1y A binary parameter that takes the value one if can-
didate c € C is selected in subsolution j€ S, of subproblem
p € P, and takes the value zero otherwise

® s,ik: The number of seats in cabin class k € K used by
candidate ¢ € C in subsolution j € S, of subproblem p € P
Decision Variables

e y,;: Binary variable that takes the value one if subsolu-
tion j€ S, of subproblem p € P is selected for the recovery
plan, and takes the value zero otherwise

e z:: Binary variable that takes the value one if candidate
c € Cis selected in the recovery plan, and takes the value zero
otherwise

Formulation
min Yy 0 eyt (B.1)
peP jes,
j€Sy
D ey —2=0 VpeP,ceC, (B.3)
€Sy
Z Z SpickYpj < Ak Ve € C k€K, (B.4)
peP jeS,
€1{0,1 VpeP,jeS,
o € 10,1 PESISy (B.5)
z. €{0,1} Ve e C.

Equation (B.1) minimizes the cost of the selected subso-
lutions. Equation (B.2) ensures that exactly one subsolu-
tion is selected for each subproblem. Equation (B.3)
ensures that a candidate c is selected if and only if all of
the selected subsolutions include such a candidate. Equa-
tion (B.4) ensures that the seat capacity of each candidate
for each cabin class is satisfied. Finally, (B.5) models the
numerical domain of the decision variables.

B.1. Restricted Model

Model (B.1)~(B.5) is not practical given that the sets of subsolu-
tions, S, for all p € P, are exponentially large. Instead, we will
consider a restricted version of the model in which we will
dynamically enlarge S,, generating new subsolutions on de-
mand for each of the subproblems. Generating a subsolution to
include in S, creates a new variable, y,, ;, in the restricted model
(i.e., a column when the packing problem is viewed in its matrix
form). Consider a specific subproblem, p, and let j* ¢ S, be the
index of a new subsolution to be generated. Subsolution ;" is
characterized by parameters, ¢, ¢, and s, which are pro-
duced by the corresponding subsolver.

Naturally, not all subsolutions j* are worth including in S,. To
determine whether a new subsolution should be added to S,
consider the linear relaxation of the restricted model, and let o,,,
Ty, and . be the dual variables associated with constraints
(B.2), (B.3), and (B.4), respectively. With these definitions, we can
compute the reduced cost of a new variable, y,;, as

Typ = Cpyr — Op — Zupj’cnpc - Zspj’Ckyck' (B6)
ceC ceC

If r,y < 0, we add subsolution j* to S,. On the other hand,
if we can prove that there is no subsolution j/ such that
rpy < 0, then we terminate the column generation proce-
dure. To obtain an integer solution to the packing prob-
lem, we solve the restricted packing problem with the
generated columns, but enforce integrality. Optimality of
the integer packing problem is more challenging and
requires using a branch and price approach, which we
have not implemented.

B.2. Subproblems

Each subproblem in the IrrOptimizer generates the bundle
of parameters ¢y, y;c, and s, for a potentially new sub-
solution j’. In the context of column generation, subpro-
blems are modeled as optimization problems where the
objective function is to minimize r,;. To formalize this
idea for a specific subsolver p, let x be a vector of all its
decision variables and X be the set of feasible solutions.
With a slight abuse of notation, let c,(x), upc(x), and s,(x)
be the mappings from the decision variables of the sub-
problem to the bundle of parameters that constitutes a
new subsolution (note the absence of j in the parameters,
because we are not referring to a specific solution j, but
rather, we are generating it by optimizing over x € X).
Last, let r,(x) be the reduced cost of a subsolution as a
function of the decision vector x. With the above defini-
tions, we can define a general subproblem as

min 7,(x) = c,(x) — 0p — Z Upe(X)TTpe — Zspck(x)yck.
ceC ceC (B-7)
st. xekX

For the rotation subsolver, x is a vector that includes
the decision variables associated with the selection of leg
candidates and aircraft on-ground events, whereas X" con-
siders, among others, constraints to ensure turnaround
times between consecutive legs using the same aircraft,
aircraft flow balance across all airports, and that con-
nected legs are flown by the same aircraft. The cost of a
solution to the rotation subsolver, ¢, includes on-ground
event cancellation costs, leg cancellation costs, and depar-
ture arrival option costs. Notice that there are no decision
variables related to seats, and therefore s,4(x) =0 for any
x in this subproblem. Note that u,.(x) is trivially mapped
from the decision variables associated with leg candidates.

For the pax subsolver, x is a vector that includes the
decision variables associated with the selection of leg can-
didates, how the reservations are routed over the selected
candidates, and whether a reservation has been canceled.
The set X' considers, among others, constraints for mini-
mum connection times for itineraries with multiple legs
and pax flow balance (i.e., they should depart from and
arrive at the airports specified in the reservation). The map-
ping spi(x) can be computed from the decision variables
associated with routing pax. As above, u,(x) is trivially
mapped from the decision variables associated with the leg
candidate selection. The cost of a solution to the pax sub-
solver, ¢,(x), includes reservation cancellation costs, reser-
vation delay costs, and seat (re)assignment costs.

For the crew subsolver, x is a vector that includes the
decision variables associated with the selection of leg
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candidates, how the crews are routed over the selected
candidates and in which roles (e.g., as flight attendant or
cabin manager, for work or deadhead), and whether a
trip has been canceled. The set X’ considers, among others,
constraints ensuring that enough crew members in each
role are assigned to operate the aircraft on each candidate,
that they have the qualifications to operate it, and that
crews depart from and arrive at their home base. It also
considers several legal and business rules about maximum
work periods, minimum rest time, maximum delays, and
training requirements. The mapping s,i(x) can be com-
puted from the decision variables associated with routing
crews. As above, u,(x), is also trivially mapped from the
decision variables associated with leg candidates. The cost
of a solution to the crew subsolver, ¢,(x), includes trip
change costs, trip cancellation costs, aircraft change costs
along a trip, and duty period usage costs.

Upon solving Equation (B.7) and obtaining a solution,
X, the new subsolution, j’, is constructed as c, = c,(¥),
Upjre = Upe(X), and syjx = spk(X), and appended to the pack-
ing problem if r,; =r,(x) < 0.

B.3. Dual Stabilization

The sequence of dual variable values can have large fluctua-
tions, especially on early iteration of the column generation
procedure. This is a well known behavior, and different tech-
niques are available to circumvent this issue. In particular, we
focus on the stabilization of dual variable values associated
with Constraints (B.3). Let 7, be the dual variables associated
with this constraint. We use a proximal term in the objective
function of the dual problem penalized by a scalar, p, and
centered on 77, that is chosen from previous iterations. This
center is updated whenever there is sufficient improvement
in an iteration of the column generation procedure. In prac-
tice, we map back the proximal term in the dual problem
back to the primal problem and solve the following mathe-
matical program instead:

1
min chr’fypf7ZZ(ﬁpc¢pc+El¢pclq)

peP jes, peP ceC
s.t. Zy,,]» —x,=0 VpeP,

JESp
Zupjcypj —Zc= (;bpc Vp €Pce C’
JE€Sp
(B.8)
Ezsf’ff"yl’f —dr=0 VeeCkeKk,
peP jes,

xp, €{0,1} VpeP,
vy €{0,1} VpeP,jeSs,,
z.€40,1} Vce(,
dy €10,...,a4} YceC,keK.
Equation (B.8) extends the formulation presented in

(B.1) with variables ¢ ., which represent the dual proxi-
mal term in the primal problem.

B.4. Passenger Subsolver: Reroute Passengers Formulation
This section presents a formulation for rerouting passengers.
The set of leg candidates over which to reroute passengers
is fixed and used as input to this model. Candidate selection

for the pax subsolver is a network flow where the leg candi-
dates are nodes and arcs exist for leg connections that are
valid. Exactly one candidate is selected for each leg, and
thus, the following model indexes on legs instead of candi-
dates. Formally, the formulation is defined by:
Sets and Constants

o 1 € R: Set of passenger reservations

o ] € L: Set of flight legs (candidates)

e L, C L: Set of legs that can be used by reservation r

e L2 C L,: Set of legs that can be chosen to be the first leg in
an itinerary for reservation r

o L% CL,: Set of legs that can be chosen to be the last leg in
an itinerary for reservation r

o [l CL,: Set of legs that can be immediately after leg [ in
an itinerary for reservation r

o ke K: Set of cabin classes (e.g., business or economy)

e P’ >1: Number of passengers in reservation r

e M, >1: Maximum number of legs on an itinerary for a
reservation r

e SF > 0: Seating capacity of class k on leg |

e (" >0: Cancellation cost of reservation r

e C""Vk > 0: Seat assignment cost; cost of assigning reserva-
tion 7 to cabin class konlegl € L,
Variables

e z, €{0,1}: Binary variable that takes a value of one if res-
ervation r is canceled

® ., €1{0,1}: Binary variable that takes a value of one if
cabin class k is used for reservation r on leg ! € L,

Objective
min » C'z+» > > C'y, (B.9)
reR reR leL keK
st. Y Py < S, (B.10)
reR
Z+ Y Y yrk=1, (B.11)
leL? keK
Z+Y Y yrk=1, (B.12)
leL{ keK
Yrik < DD e VIELkeK, (B13)
rell keK
SN ek =M, VieLkeK. (B.14)

leL keK

Equation (B.9) minimizes the sum of the cost of canceling
reservations and the seat assignment cost for a reservation.
Moving some passengers to new legs may require upgrades
or downgrades to their cabin class. These changes incur a
cost. Equation (B.10) ensures that the passengers assigned to
a leg do not exceed the leg’s seating capacity for a given
cabin class. Equations (B.11), (B.12), and (B.13) model network
flow. They ensure that a leg is assigned to the start, end, and
all intermediary stops of a reservation, if it has not been can-
celed. Equation (B.14) ensures that the maximum number of
allowed legs for a reservation is not exceeded.
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