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Abstract. In the commercial airline industry, disruptions such as aircraft breakdowns, 

cancelled or delayed flights and airport capacity reductions can have a significant impact 

on the airline's planned operations and expenses. When disruptions occur, airlines must 

create new schedules so as to minimize the recovery cost and revert to the planned 

schedule as quickly as possible. To solve the joint aircraft and passenger recovery 

problem, we present a rolling horizon framework incorporating a column generation 

heuristic and show that the framework performs very well in solving the 2009 ROADEF 

Challenge instances, obtaining 12 of the best known solutions within 10 minutes of 

computing time. We also introduce new very large-scale instances and show that the 

rolling horizon framework is very effective in solving these instances within a reasonable 

computing time. 
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1. Introduction

The commercial airline industry is characterized by increased revenues
and low profit margins. Between 1995 and 2014, system passenger revenues
in the United States have almost doubled, reaching 126 billion dollars in 2014,
while the average annual net income between 2000 and 2014 was −2.47 bil-
lion [1]. To optimize the use of the necessary ressources, operations research
models and techniques have become widely used for schedule planning [6].
However, disruptions such as flight delays, flight cancellations, aircraft break-
downs, crew connection problems and unfavorable weather conditions can
have a significant impact on the airline’s planned operations and expenses.
This is in great part due to the use of hub-and-spoke networks by most
airlines, which causes small disruptions to have major repercussions on the
network. When such disruptions occur, the airlines need to modify their
planned schedule so as to minimize the total cost of recovery and return to
the planned schedule by the end of the recovery period. Moreover, the recov-
ery problem must be solved very quickly, usually within a few minutes, which
increases the difficulty of solving large realistic instances. Because of the size
and complexity of the problems considered, recovery problems are usually
solved in a sequential manner. The first subproblem is the aircraft recovery
problem which aims at creating new aircraft routes by cancelling or delaying
flights, as well as modifying aircraft rotations. The crew recovery problem is
then solved by reassigning crews, using either deadheading or reserve crews.
Finally, the passenger recovery problem is solved by creating new passenger
itineraries.

Teodorovic et al. [34] used a branch-and-bound heuristic to obtain optimal
solutions to the homogenous fleet aircraft recovey problem, but no realistic
instances were solved. The same problem was also solved by Jarrah et al. [18]
and Arguello et al. [5]. The former developped minimum-cost network models
which they solved by shortest path algorithms, while the latter developped a
greedy randomized adaptive search procedure (GRASP) which selects candi-
date solutions and examines neighbouring solutions before proceeding with
a local search phase. Eggenberg et al. [14] used a dynamic programming
algorithm to generate the network model and applied a column generation
heuristic to solve the heterogenous fleet aircraft recovery problem. Cao et
al. [9, 10] modeled the problem as a quadratic programming problem and
applied the approximate linear programming algorithm proposed by Hul-
burt [12], while Rosenberg et al. [29] modeled it as a set packing problem
and reduced the size of the integer program by applying an aircraft selection
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heuristic. Dozic et al. [13] developped a three-phase heuristic, which removes
flight legs on disrupted aircraft rotations, attempts to reinserts them in other
rotations and interchanges parts of rotations between different aircraft. Fi-
nally, Xiuli et al. [36] developped a hybrid heuristic combining a tabu search
heuristic and a GRASP.

Solving the aircraft recovery problem leads to additionnal disruptions in
the crew scheduling and therefore the crew recovery problem is solved next.
Stojković et al. [33] decomposed the problem as a set partitionning master
problem, which they solved using a column generation method and a shortest
path subproblem. Lettowsky et al. [20] modeled the problem as a set cov-
ering problem. The linear programming relaxation of the problem is solved
first, and integer solutions are then found by branch-and-bound. Medard
et al. [23] also modeled the problem as a set covering problem but used a
greedy enumeration with a depth-first tree search approach and a column
generation method. Other methods have been developped to solve the crew
recovery problem; see, e.g., Abedlghany et al. [2], Nissen et al. [25] and Yu
et al. [37].

Once the aircraft and crew recovery problems have been solved, the pas-
senger recovery problem is usually addressed. To solve this problem, Bratu
et al. [8] developped two models to determine the delayed flight legs and
the cancelled flight legs, and applied a procedure to eliminate the dominated
flight arc copies. Zhang et al. [40] developped a non-linear integer program
that allows alternate transportation modes and developped an integrality
constraint relaxation algorithm.

The decomposition of the recovery problem into subproblems can lead to
suboptimal solutions. Therefore, recent research has focussed on integrating
at least two of the three recovery problems. For the joint crew and aircraft
recovery problem, Luo et al. [21] developped two models and used linear
relaxation and a heuristic based on a restricted version of the model. Sto-
jković et al. [33] presented the problem as a linear programming model and
showed that the dual problem is a network flow problem that can be solved
in linear time. Finally, Abdelghany et al. [3] developped a rolling horizon
modeling framework that integrates a simulation model and a mixed integer
programming model. The joint aircraft and passenger recovery problem has
also been addressed. Zergodi et al. [38] developped a model for the aircraft
recovery problem that considers the passenger delay and cancellation costs
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in the objective function and applied an ant colony algorithm, while Jafari
et al. [16, 17] modeled the problem as a mixed integer program using air-
craft rotations and passenger itineraries instead of flight legs. Finally, for the
aircraft, crew and passenger recovery problem, Peterson et al. [28] applied
a Benders decomposition scheme with the flight scheduling problem as the
master problem and the recovery problems as the subproblems.

This paper presents a rolling horizon framework for the joint aircraft and
passenger recovery problem as defined in the context of the 2009 ROADEF
Challenge (Palpant et al. [26]). This problem consists of creating new aircraft
routes and passenger itineraries so as to minimize the total cost and return
to the planned schedule by the end of the recovery period. The different
methodologies developped during the Challenge can be found on the website
http://chalenge.roadef.org/2009. The following four methods produced the
best solution for at least one instance. Bisaillon et al. [7], who ranked first
in the Challenge, developped a large neighbourhood search heuristic that al-
ternates between a construction, a repair and an improvement phase. Mansi
et al. [22] proposed a two-phase algorithm that initially attempts to find a
feasible solution using mixed integer programming and a repair heuristic,
and then used an oscillation strategy alternating between a construction and
a destruction phase. Peekstock et al. [27] developped a simulated anneal-
ing algorithm that handles aircraft, airport and passenger infeasibilities by
introducing a penalty term in the objective function. Finally, Jozefowiez
et al. [19] proposed a three-phase algorithm. The first phase integrates the
schedule disruptions by removing flight legs and cancelling itineraries, while
the second phase attempts to accommodate disrupted itineraries by assigning
them to existing flight legs, and the third phase attempts to add new flight
legs to the aircraft rotations.

After the Challenge, Acuna-Agost [4] developed a post-optimization proce-
dure combined with the algorithm proposed by Jozefowiez et al. [19]. It uses
network pruning algorithms to reduce the number of variables and constraints
in the minimum cost multi-commodity flow model and proves capable of sig-
nificantly improving solutions within a reasonable computing time. Sinclair
et al. [31] proposed a large neighbourhood search heuristic (LNS) based on
the Bisaillon et al. [7] algorithm, which, among other things, destroys and
creates aircraft rotations so as to diversify the search. The proposed heuristic
significantly improves the solution cost for 21 of the 22 ROADEF instances.
Sinclair et al. [32] also developed a post-optimization algorithm which, when
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combined with the LNS heuristic, improves the solution cost for all instances
of the ROADEF Challenge; it solves a mixed integer programming model
and applies a column generation heuristic.

Whereas rolling horizon schemes have been applied to several fields of op-
erations management (see Chand et al. [11] for an extensive review), their
application to the passenger transportation literature is limited. Rolling hori-
zon planning considers only a portion of the complete planning horizon at
each step. After solving the problem for a given portion, only part of the
decisions are fixed, while the others are optimized at the next step. This
method is higly appropriate when the available information is limited, as in
passenger rail transportation, where the origin-destination pairs of the pas-
sengers are unknown. Nielsen et al. [24] addressed a disruption management
problem in the railway rolling stock problem and solved a mutli-commodity
flow problem using a rolling horizon framework which reduces the computa-
tion time to a few seconds, even for large instances. Tornquist [35] applied a
similar approach to the railway traffic disturbance problem.

When solving the airline recovery problem, all the necessary information
is available at the beginning of the planning horizon. However, the use of
a rolling horizon framework can still be appropriate in this context because
of the complexity and the size of realistic instances, along with the limited
computing time available. Zhang et al. [39] modeled the aircraft, crew and
passenger recovery problem as a set partionning problem and solved it by
means of a rolling horizon based algorithm, but the size of the instances
considered was limited. As mentionned previously, Abdelghany et al. [3]
developped a rolling horizon framework to solve the joint aircraft and crew
recovery problem. For the joint aircraft and passenger recovery problem,
Jafari et al. [16] presented an assignment model that considers flight delays,
aircraft swapping, ferrying, the use of reserve aircraft and passenger cancel-
lation or reassignment. The model was embedded within a rolling horizon
framework but the size of the instances considered was limited. Saddoune
et al. [30] developped a rolling horizon approach based on column genera-
tion to solve the crew pairing problem. They showed that the rolling horizon
framework outperforms the three-phase approach traditionally applied in the
industry. Furini et al. [15] proposed a rolling horizon approach that integrates
a tabu search heuristic for the aircraft sequencing problem. Two mixed inte-
ger models were presented and rules for partitionning the aircraft sequence
were proposed.
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The first contribution of this article is to develop a rolling horizon scheme
that allows the solution of large instances within a reasonable computing
time. There exists a rich literature on airline recovery problems, but most
research has focused on either small instances with realistic disruptions, or
on large instances with very few disruptions. The second contribution is the
creation of new very large realistic instances that take into consideration ma-
jor disruptions on airport arrival and departure capacity.

The aircraft and passenger recovery problem is described in Section 2, fol-
lowed by the solution methodology in Section 3. Section 4 presents the
computational results, followed by conclusions and paths for future research
in Section 5.

2. Problem description

The aircraft and passenger recovery problem aims at creating alternative
aircraft routes and passenger itineraries when the airline schedules become
infeasible due to disruptions. Airlines must construct these new aircraft
routes and passenger itineraries in a timely manner so as to return to the
original schedule by the end of the recovery period, while satisfying numerous
constraints. The problem parameters are now described.

2.1. Airports

The airports are represented by the set of nodes N = {1, ..., n}, where
each node corresponds to an airport at a given time. For each 60-minute
time period begining at hour p, each airport i has given arrival and departure
capacities defined as aip and bip, respectively.

2.2. Aircraft

Each aircraft f is characterized by an identification number, a family,
a model and a cabin configuration. The fleet of aircraft operated by the
airline is denoted by F . Aircraft belonging to the same family, for example
AirbusSmall or BoeingSmall, have interchangeable crews. For each aircraft
family there is a number of different models, for example models B747 and
B777 belong to the BoeingBig family, and all aircraft of the same model have
the same turn-round time, transit time and range. The cabin configuration
is considered fixed and defines the capacity, denoted as capmf , of each cabin
category m (economy, business and first) of aircraft f , with M being the
set of all cabin classes. All aircraft of the same family, model and cabin
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configuration belong to the same group and let β(f) be the index of the
group to which aircraft f belongs. The aircraft can also have a planned
maintenace, where they will become unavailable for a predetermined period
of time. In such a case, the aircraft group β(f) contains only one aircraft
and is also characterized by the maintenance airport, the maintenance period
and the number of flight hours before the maintenance, denoted by tf . The
demand for aircraft group β(f) at node i is denoted by diβ(f).

2.3. Flight legs

Each aircraft f is assigned a rotation consisting of a sequence of flight legs
that must satisfy the rotation continuity constraints and the turn-round time
constraints. Flight legs are represented by the set of arcs A = {(i, j); i, j ∈
N, i 6= j}, where each arc (i, j) is a flight leg between nodes i and j or a
connection arc between two nodes at the same airport. Arc (i, j) can also
represent a ground transportation arc between two different airports within
the same urban region. The set Aβ(f) = {(i, j); i, j ∈ N, i 6= j}, is the set of
arcs (i, j) associated with aircraft group β(f). Flight legs are characterized
by a travel time tij from i to j, and by the type of flight (domestic, continental
or intercontinental). The set of arcs (i, j) arriving at node j during period
p is defined as Oj(p) while the set of arcs (i, j) departing from node i during
period p is defined as Ii(p). The set of aircraft F is partitioned into families,
models and configurations. We define Bl as the set of all aircraft of family
l in the set L of aircraft families, Tg as the set of all aircraft model g in the
set G of aircraft models and Vh as the set of all aircraft configuration h in
the set H of aircraft configurations.

2.4. Passenger reservations

The set of passenger reservations is denoted by S = {1, ..., s}, where each
passenger reservation is characterized by the reservation number, the type of
itinerary (inbound or outbound), the average price, the number of passen-
gers and the itinerary, which consists of the sequence of flight legs that must
satisfy the continuity constraints, the minimum connection time constraints
and the cabin class constraint for each flight leg. The passenger demand for
itinerary k is defined as dk. For each itinerary k, we denote by Dk the set
of all arcs (i, j) where i is the departure node of itinerary k, by Uk the set
of all arcs (i, j) where i is the arrival node of itinerary k and by Wk the
set of all dummy arcs (i, j), which represent the cancellation arcs between
the departure and the arrival nodes for itinerary k. Passenger itineraries
must also satisfy additionnal functionnal constraints. The first are the de-
lay constraints, which ensure that the maximum delay does not exceed 18
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hours for domestic and continental itineraries and 36 hours for international
itineraries. These constraints do not apply to return itineraries. The second
are the origin-destination constraints which ensure that passengers on a re-
constructed itinerary depart from the original departure airport and arrive
at the original destination airport. Finally, passengers on a reconstructed
itinerary cannot depart before the original departure time.

2.5. Disruptions

Four types of disruptions are considered: flight delays, flight cancellations,
airport disruptions and aircraft disruptions. Airport disruptions limit the
number of departures and arrivals at a given airport for a given time period,
whereas aircraft disruptions lead to the unavailability of an aircraft for a
period of time. In the latter case, no flight legs can be assigned to the
aircraft during the disruption period.

2.6. Problem formulation

The problem can be represented on a time-space network G = (N,A),
where N is the set of nodes and A is the set of arcs previously defined. The
objective is to minimize the total recovery cost, which consists of delay costs,
cancellation costs, downgrading costs, flight operating costs and costs for
non-compliant location of aircraft. There are two types of delay costs, direct
costs and passenger disutility costs. The former consist of the disbursements
the airline incurs in case of delays (lodging, drinks and meal expenses) and
vary depending on the extent of the delay and the initial planned duration.
The passenger disutility costs measure the passenger’s perceived disturbance.
It depends on the extent of the delay, the reservation type and the itinerary’s
reference cabin class. The delay costs are denoted by cdelijmk. The cancellation
cost ccank of itinerary k is the reimbursement of the ticket price as well as a fi-
nancial compensation that varies depending on the initially planned duration
of the itinerary. Downgrading costs cdownkm are also a measure of the disutility
of passengers and are incurred when the cabin class of one or more flight
legs of the new itinerary is lower than the itinerary’s reference cabin class.
These costs depend on the type of flight leg and on the level of downgrading.
The operating costs copijf depend on the travel time tij from node i to node j.
They are considered to be independent of the number of passengers and of
the possible delays. Finally, costs for non-compliant location of aircraft are
incurred when the required number of aircraft is not available at the specified
airports by the end of the recovery period.

There are three types of non-compliance penalties. A penalty cost cfam is
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incurred whenever a required aircraft cannot be matched with an aircraft of
the same family, whereas a penalty cost cmod is incurred if a required aircraft
cannot be matched with an aircraft of the same model. Finally, a penalty
cost cconf is incurred if a cabin configuration cannot be matched. Parameters
nlj, n

g
j and nhj are the number of aircraft of family l, the number of aircraft

of model g and the number of aircraft of configuration h requested at node
j at the end of the recovery period. Dfam, Dmod and Dconf are duplicates of
the final node at each airport and represent, respectively, the family demand
node, the model demand node and the configuration demand node, and the
sets Rl, Rg and Rh are, respectively, the sets of all arcs between these nodes
and a dummy node.

3. Solution methodology and mathematical model

In order to solve the joint aircraft and passenger recovery problem we
have developped a rolling horizon variant of the column generation post-
optimization heuristic described by Sinclair et al. [32]. Using the column gen-
eration post-optimization heuristic proves time consuming for large instances.
Therefore, we have embedded the column generation heuristic within a rolling
horizon framework, thus reducing the computing time and memory needed.
We will first summarize the column generation heuristic developped by Sin-
clair et al. [32], and then describe the rolling horizon framework.

3.1. Column generation post-optimization heuristic

The column generation post-optimization heuristic is initialized with the
solution obtained by applying the LNS heuristic developped by Sinclair et
al. [31]. This solution is included in the initial restricted master problem of
the column generation heuristic.

3.1.1. Large neighbourhood search heuristic

The LNS heuristic of Sinclair et al. [31] is an improvement to the LNS
heuristic developped by Bisaillon et al. [7] for the ROADEF 2009 Challenge.
The heuristic alternates between three phases: construction, repair and im-
provement.

Construction phase
In the first phase, the heuristic attempts to obtain an initial feasible solution
by delaying or cancelling flights. If a rotation becomes infeasible because
of delays on previous flights in the rotation, the first flight yielding an in-
feasibility is delayed by increments of 60 minutes. If no feasible rotation
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can be found, the flight is declared critical and will be treated in the repair
phase. This phase also considers rotation infeasibility due to a cancelled
flight in the rotation. The heuristic attempts to recreate the cancelled flight.
If this proves impossible, the smallest sequence of flights that forms a loop,
starting with the flight that yields the infeasibility, is removed. If no such
loop exists, the flight yielding the infeasibility and all the subsequent flights
in the rotation are cancelled. Rotation infeasibility due to maintenance is
treated by removing a loop before the maintenance that allows the rotation
to respect the maintenance constraints. Flights that are cancelled because
of airport capacity are rescheduled at a later, less congested period. If this
is not possible, either the smallest loop is removed or all subsequent flights
in the rotation are removed. Finally, when a rotation becomes infeasible due
to aircraft breakdowns, the heuristic tries to recreate all the disrupted flights
by means of a longest path algorithm.

Repair phase
The first step of the repair phase considers the critical flights obtained in
the construction phase because of delays on previous flights, and tries to
delay them to a less congested period. If this proves impossible, either the
smallest loop containing the flight or the sequence starting from this flight
to the end of the rotation is removed. Once aircraft rotation feasibility has
been regained, the heuristic attempts to reinsert flight sequences that have
been previously removed in the rotations of available aircraft. In the last two
steps, the heuristic attempts to reaccommodate passengers whose itineraries
have been cancelled, first by repeatedly solving a shortest path problem, then
by creating new flights by either solving a multi-commodity flow problem or
a shortest path problem.

Improvement phase
First, the improvement phase performs a local search to improve the solution
by delaying some flights so as to accommodate additional passengers. The
passengers are reassigned by repeatedly solving the shortest path problem.
The heuristic then diversifies the search by destroying either part of a ro-
tation or a complete rotation, and by then creating new flights using all of
the available aircraft, again by repeatedly solving a shortest path problem.
The next step attempts to reacommodate passengers at disrupted airports
(airports with reduced arrival and departure capacity). Passengers are as-
signed to an existing flight departing from the disrupted airports and the
heuristic attempts to create new flights from the flight’s arrival airport to
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the passengers’s destination airport. In the opposite way, the heuristic also
tries to accommodate passengers whose final destination is a disrupted air-
port. Because of the maximum delay constraints, it is sometimes impossible
to accommodate passengers with a cancelled itinerary on a certain flight leg.
The heuristic attempts to delay subsequent passengers who have the same
origin-destination pair, thus accommodating additional passengers. Finally,
new flights are created by means of a shortest path algorithm so as to redirect
the aircraft to the required airports at the end of the recovery period.

3.1.2. Column generation heuristic

Sinclair et al. [32] developped the following mixed integer progamming
model for the aircraft and passenger recovery problem (APRP), where xijf
= 1 if and only if arc (i, j) is operated by aircraft f , and yijmk is the number
of passengers from itinerary k assigned to arc (i, j) in class m.

(APRP)

minimize
∑

(i,j)∈A

∑
m∈M

∑
k∈K

cdownkm yijmk (1)

+
∑

(i,j)∈A

∑
m∈M

∑
k∈K

cdelijmkyijmk (2)

+
∑

(i,j)∈Wk

∑
m∈M

∑
k∈K

ccank yijmk (3)

+
∑

(i,j)∈A

∑
f∈F

copijfxijf (4)

+
∑
f∈Bl

∑
(i,j)∈Rl

cfamxijf (5)

+
∑
f∈T g

∑
(i,j)∈Rg

cmodxijf (6)

+
∑
f∈V h

∑
(i,j)∈Rh

cconfxijf (7)

subject to

∑
i∈N,(i,j)∈Aβ(f)

xijf −
∑

i∈N,(j,i)∈Aβ(f)

xjif = 0 β(f) ∈ F, j ∈ N and djβ(f) = 0 (8)
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∑
j∈N,(i,j)∈Aβ(f)

xijf ≤ 1 β(f) ∈ F, i ∈ N and diβ(f) = 1 (9)

∑
i∈N

xijf −
∑
i∈Rl

xjif ≤ nlj f ∈ F, j ∈ N, l ∈ L and j = Dfam (10)

∑
i∈N

xijf −
∑
i∈Rg

xjif ≤ ngj f ∈ F, j ∈ N, g ∈ G and j = Dmod (11)

∑
i∈N

xijf −
∑
i∈Rh

xjif ≤ nhj f ∈ F, j ∈ N, h ∈ H and j = Dconf (12)

∑
(i,j)∈Ij(p)

∑
f∈β(f)

∑
β(f)∈F

xijf ≤ ajp p ∈ P, j ∈ N (13)

∑
(i,j)∈Oi(p)

∑
f∈β(f)

∑
β(f)∈F

xijf ≤ bip p ∈ P, i ∈ N (14)

∑
f∈F

xijf ≤ 1 (i, j) ∈ A (15)

∑
(i,j)/∈DkUk

∑
m∈M

yijmk −
∑

(j,i)/∈DkUk

∑
m∈M

yjimk = 0 k ∈ K, j ∈ N (16)

∑
(i,j)∈Dk

∑
m∈M

yijmk = dk k ∈ K (17)

∑
k∈K

yijmk ≤
∑
f∈F

capmfxijf (i, j) ∈ A, m ∈M (18)

∑
(i,j)∈A

tijxijf ≤ tf f ∈ F (19)
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yijmk ≥ 0 (i, j) ∈ A, m ∈M, k ∈ K (20)

xijf = 0 or 1 (i, j) ∈ A, f ∈ F. (21)

The terms (1)–(3) of the objective function define, respectively, the down-
grading costs, the delay costs and the cancellation costs, while term (4)
defines the aircraft operating costs. The terms (5)–(7) are, respectively, the
non-compliance costs for the incorrect family, model and configuration posi-
tionning. Constraints (8) and (9) ensure that the aircraft flow conservation
constraints are respected, while constraints (10)–(12) are the aircraft flow
conservation constraints for the family, the model and the configuration, re-
spectively. Constraints (13) and (14) enforce the airport capacity limit. Con-
straints (15) are the assignment constraints which ensure that each flight arc
is assigned to at most one aircraft. Constraints (16) and (17) enforce pas-
senger flow conservation. Finally, Constraints (18) ensure that the aircraft
seating capacity limits are respected, and constraints (19) ensure that each
flight does not exceed the maximum flight hours.

The initial restricted master problem (RMP) includes all aircraft and pas-
senger arcs found in the LNS solution. To solve the problem by column
generation, the linear programming (LP) relaxation of the problem is con-
sidered and the dual variables πik, λk and µijm ≤ 0 are associated with
constraints (16)–(18). At each iteration, a percentage of variables with nega-
tive reduced cost are included in the LP relaxation and this phase is repeated
a predetermined number of iterations. Then the APRP problem is solved.

In order to solve the larger instances, the size of the model is reduced by
considering all passengers with the same origin-destination pair, the same
departure time and the same cabin class as a passenger group. Also, all
aircraft with the same characteristics are aggregated except for aircraft with
planned maintenance. Finally, for some instances, only a subset of itineraries
are considered. Since solving the APRP problem for the large instances is
impractical, Sinclair et al. [32] use the column generation heuristic just de-
scribed to solve the following multi-commodity flow problem for passengers
(MC-APRP), where X∗ = {(i, j, f): (i, j) ∈ A, f ∈ F and xijf = 1} is the
set of the aircraft arcs found in the LNS solution.
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(MC-APRP)

minimize
∑

(i,j)∈A

∑
m∈M

∑
k∈K

cdownkm yijmk (22)

+
∑

(i,j)∈A

∑
m∈M

∑
k∈K

cdelijmkyijmk (23)

+
∑

(i,j)∈Wk

∑
m∈M

∑
k∈K

ccank yijmk (24)

subject to

xijf = 1 (i, j, f) ∈ X∗ (25)

∑
(i,j)/∈DkUk

∑
m∈M

yijmk −
∑

(j,i)/∈DkUk

∑
m∈M

yjimk = 0 k ∈ K, j ∈ N (26)

∑
(i,j)∈Dk

∑
m∈M

yijmk = dk k ∈ K (27)

∑
k∈K

yijmk ≤
∑
f∈F

capfmxijf (i, j) ∈ A, m ∈M (28)

yijmk ≥ 0 (i, j) ∈ A, m ∈M, k ∈ K (29)

xijf = 0 or 1 (i, j) ∈ A, f ∈ F. (30)

The terms (22)–(24) are, respectively the downgrading costs, the delay costs
and the cancellation costs. Constraints (25) are the assignment constraints,
which ensure that all aircraft arcs found in the LNS solution take value 1.
Constraints (26) and (27) are the passenger flow conservation constraints,
and constraints (28) enforce the aircraft seeting capacity limit.
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3.2. Rolling horizon

The column generation heuristic described in the previous section is em-
bedded in a rolling horizon framework depicted in Figure 1. At iteration
t, the recovery period is divided into rolling periods ∆t which are in turn
divided in a fixed and non-fixed part (∆

′
t and ∆

′′
t , respectively). At the

first iteration, all itineraries and all flights departing within the rolling pe-
riod ∆1 are considered. Since many passenger itineraries contain more than
one flight, limiting the flights considered to those departing before the end
of the rolling horizon period would limit the number of possibilities for the
itineraries with departures close to the end of the rolling horizon period.
Therefore, in order to accommodate additionnal passengers, flights depart-
ing within an additionnal time period Θ are also considered.

Figure 1: Rolling horizon framework

The column generation heuristic is applied in each rolling horizon period
and the LP relaxation of the APRP problem is solved for a fixed number
of iterations, denoted by α, before solving the APRP problem at the final
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iteration α+1. At each iteration, a percentage of the variables with negative
reduced costs is included in the LP relaxation. The itineraries obtained in
the column generation heuristic’s solution that begin within the fixed part
of the rolling period ∆

′
t, are fixed. At iteration, t+ 1, all itineraries from the

previous rolling period that remain cancelled are considered in the following
rolling period ∆t+1, which includes the non-fixed part of the previous rolling
period ∆t, and the column generation heuristic is applied again. The rolling
horizon framework ends when the end of the rolling period is equal to or
greater than the end of the recovery period.

4. Computational results

The rolling horizon heuristic was implemented and tested on a computer
with two Intel Westmere EP X5650 six-core processors running at 2.667 GHz
and with 96 GB of memory. Our algorithm was tested on the instances of the
2009 ROADEF Challenge, described in Tables 1–5, as well as on some new,
very large instances derived from the 2009 ROADEF Challenge instances.

4.1. The 2009 ROADEF Challenge Instances

To test our methodology we used the instances provided in the 2009
ROADEF Challenge. Tables 1 and 2 present the disruption characteristics
of the B instances. For these instances, the recovery period is 36 hours. There
are 256 aircraft, 45 airports, 1,423 flights and 11,214 passenger itineraries.

Table 1 Characteristics the B01–B05 instances

B01 B02 B03 B04 B05

Flight disruptions 230 255 229 230 0

Aircraft disruptions 0 0 1 0 0

Airport disruptions 0 0 0 1 34

Table 2 Characteristics the B06–B10 instances

B06 B07 B08 B09 B10

Flight disruptions 230 255 229 230 77

Aircraft disruptions 0 0 1 0 0

Airport disruptions 0 0 0 1 34

Tables 3–5 present the characteristics of the XA, XB and X instances. The
smaller instances, the XA instances, contain 85 aircraft, 35 airports and 608
flights. The XB instances have 256 aircraft, 44 or 45 airports and 1,423
flights, while the larger instances, the X instances, contain 618 aircraft, 168
airports and 2,178 flights.
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Table 3 Characteristics of the XA instances

XA01 XA02 XA03 XA04

Recovery period (h) 14 52 14 52

Itineraries 1,943 3,959 1,872 3,773

Flight disruptions 83 0 83

Aircraft disruptions 3 3 3 3

Airport disruptions 0 407 0 407

Table 4 Characteristics of the XB instances

XB01 XB02 XB03 XB04

Recovery period (h) 36 52 36 52

Itineraries 11,214 11,214 11,565 11,565

Flight disruptions 229 0 228 0

Aircraft disruptions 3 1 4 4

Airport disruptions 0 34 0 34

Table 5 Characteristics of the X instances

X01 X02 X03 X04

Recovery period (h) 78 78 78 78

Itineraries 28,308 28,308 29,151 29,151

Flight disruptions 0 0 0 0

Aircraft disruptions 1 1 1 1

Airport disruptions 1 0 1 0

4.2. Creation of very large instances derived from the 2009 ROADEF Chal-
lenge instances

As can be seen in Tables 1–5, four instances from the Challenge are very
large (i.e. instances X01, X02, X03 and X04), with a recovery period of 78
hours, 618 aircraft, 168 airports, 2,178 flights and a number of passenger
itineraries varying between 28,308 and 29,151. Although the size of these in-
stances is realistic, they contain very few disruptions (no flight disruptions,
one aircraft disruption and either no or one airport disruption). We have
therefore created new instances with numerous disruptions, based on these
large instances. Since instance X02 is identical to X01 and X04 is identical
to X03 except for the disruptions, only instances X01 and X03 were used to
create the new instances.

We reduced the recovery period to 55 hours so as to be able to create flight
disruptions during the first day of the schedule. The disruption scenarios
created are similar to those in the Challenge in terms of flight delays, flight
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cancellations, aircraft disruptions and airport disruptions. We used four sce-
narios of flight disruptions (no disruption, 111 disruptions, 161 disruptions
and 215 disruptions, noted -F, 111F, 161F and 215F respectively), four sce-
narios of airport disruptions (100% airport capacity, 75% airport capacity,
50% airport capacity and 30% airport capacity, noted -P, 75P, 50P and 30P
respectively) and three scenarios of aircraft disruptions (one disruption, two
disruptions and four disruptions, noted 1C, 2C and 4C respectively).

We created 48 instances from instance X01 and 48 instances from instance
X03 using all combinations of the disruption scenarios described above. All
instances can be found at http://chairelogistique.hec.ca/data/airline/ and
are identified as follows: X0175P2C111F is the instance X01 with the follow-
ing disruption combination: 75% airport capacity, two aircraft disruptions
and 111 flight disruptions. A description of all instances is presented in
Appendix 1.

4.3. Parameter setting

To calibrate the different parameters we used a total of 24 instances: the
12 instances derived from the X01 instance with 30% airport arrival and de-
parture capacity, refered to as the X0130P instances, and the 12 instances
derived from the X03 instance with 75% airport arrival and departure capac-
ity, referred to as the X0375P instances.

4.3.1 Number of iterations and percentage of variables with negative reduced
cost
For the parameter setting, the number of iterations performed within the
column generation heuristic and the percentage of variables included in the
LP relaxation are considered simultaneously. The number of iterations con-
sidered varies between three and six, and the percentage of variables varies
between 40% and 100%. Table 6 presents the average improvement with
respect to the best solution as well as the average computing time for all
possible combinations of these parameters for the X0130P instances and the
X0375P instances. The solutions obtained with 4 iterations and 100% of the
variables with negative reduced cost included in the LP relaxation offer a
good compromise between solution quality and computing time.
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Table 6 Average solution improvement and computing times

3 iterations 4 iterations 5 iterations 6 iterations

% improvement time % improvement time % improvement time % improvement time

40% 16.84% 1965.63 16,72% 2135.50 4.251% 2298.71 2.06% 2481.58

60% 9.09% 1913.24 2.37% 2195.42 1.04% 2380.92 0.83% 2547.25

80% 6.94% 2028.79 1.31% 2262.67 0.54% 2436.50 0.623% 2598.04

100% 3.194% 2090.00 0.86% 2299.75 0.50% 2481.33 0.594% 2654.04

4.3.2 The fixed rolling horizon period
The rolling horizon period ∆ defines the period for which passenger itineraries
are considered in the column generation heuristic at each iteration. All
itineraries departing before the end of the rolling horizon period are con-
sidered, but only part of the solution’s itineraries are fixed. The rolling
horizon period can therefore be considered as a fixed part, ∆

′
, and a non-

fixed part, ∆
′′
. The average solution gap and the average computing time

for the different percentages of the rolling horizon that are fixed are reported
in Figures 2 and 3, respectively. The number of iterations within the column
generation heuristic was set to four and the percentage of variables with neg-
ative reduced cost included in the LP relaxation was set at 100%. The best
average computing time and the best average gap with respect to the best
solution was obtained when parameter ∆

′
was set to 80% of ∆.

Figure 2: Improvement with respect to best solution value for parameter ∆
′
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Figure 3: Computing time in seconds for parameter ∆
′

4.3.3 The additional time period for flights Θ
The additionnal time period considered for the flights is defined as Θ. Figure
4 presents the average gap with respect to the best solution when the value
of Θ varies between 0 and 1200 minutes, while Figure 5 presents the average
computing time for the same values of Θ. The number of iterations within
the column generation heuristic was set to four, the percentage of variables
with negative reduced costs included in the LP relaxation was set to 100%
and ∆

′
was set at 80% of ∆. As can be seen in Figure 4, solutions improve

when we increase Θ from 0 minutes to 500 minutes. Then, solution quality
slowly deteriorates. Figure 5 shows that the computing time decreases when
Θ is increased. The value of Θ was therefore set to 500 minutes.

Figure 4: Improvement with respect to best solution value for parameter Θ
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Figure 5: Computing time in seconds for parameter Θ

4.3.4 Length of the rolling horizon
The length of the rolling horizon period ∆ has an impact on solution qual-
ity as well as on computing time. Tables 7–9 present the average gap with
respect to the LNS solution value obtained after 10 minutes of computing
time and 40 minutes of computing time for the X0130P instances and the
X0375P instances as well as the average computing time for rolling horizon
lengths varying between 900 and 1,500 minutes. Again, the number of itera-
tions within the column generation heuristic was set to four, the percentage
of variables with negative reduced costs included in the LP relaxation was
set to 100% and ∆

′
was set at 80% of ∆. Finally, the additional time period

for flights Θ was set to 500 minutes. The best solution values are obtained
with a rolling horizon period of 1,200 minutes.

Table 7 Average solution improvement wrt LNS 10 minutes and LNS 40 minutes

900 minutes

% improvement % improvement Seconds

wrt LNS 40 min wrt LNS 40 min

X0125P 9.72% -2.04% 2378.00

X0375P 9.49% 2.43% 2013.92
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Table 8 Average solution improvement wrt LNS 10 minutes and LNS 40 minutes
1,200 minutes

% improvement % improvement Seconds

wrt LNS 40 min wrt LNS 40 min

X0125P 13.66% 2.43% 2508.75

X0375P 15.66% 9.94% 2271.58

Table 9 Average solution improvement wrt LNS 10 minutes and LNS 40 minutes

1,500 minutes

% improvement % improvement Seconds

wrt LNS 40 min wrt LNS 40 min

X0125P 11.51% -0.01% 2637.33

X0375P 14.98% 9.59% 2393.25

4.4. Results

4.4.1 New instances
Since the rolling horizon heuristic is a post-optimization heuristic, we have
run the LNS heuristic for 10 minutes before executing the rolling horizon
heuristic. In order to compare the quality of the solutions obtained with the
rolling horizon heuristic for the 98 new instances, we ran the LNS heuristic for
the average computing time of the rolling horizon heuristic, which includes
the 10 minutes for the LNS heuristic. To this end, we have separated the in-
stances into eight groups: the X01 instances with 100% airport capacity, the
X01 instances with 75% airport capacity, the X01 instances with 50% airport
capacity and the X01 instances with 30% airport capacity, the X03 instances
with 100% airport capacity, the X03 instances with 75% airport capacity,
the X03 instances with 50% airport capacity and the X03 instances with
30% airport capacity (denoted by X01-P, X0175P, X0150P, X0130P, X03-P,
X0375P, X0350P and X0330P respectively). The rolling horizon length ∆
was set to 1200 minutes, ∆

′
was set to 80% of ∆, Θ was set to 500 minutes,

the number of iterations within the column generation heuristic was set to
four and 100% of the variables with negative reduced costs were included in
the LP relaxation.

For each group, we ran the LNS heuristic for the average computing time of
the rolling horizon heuristic for that group. Table 8 presents the average gap
with respect to the solution values obtained by means of the LNS heuristic
when ran for 10 minutes and when ran for the average computing time of
the rolling horizon heuristic for the respective group. The solution costs for
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all instances are reported in Appendix 2. As can be seen from Table 8, when
there are no airport disruptions, as for the X01-P instances and the X03-P
instances, the LNS heuristic performs well, outperforming the rolling hori-
zon heuristic for the X01-P instances. However, the rolling horizon heuristic
performs very well for all instances with airport capacity disruptions.

Table 10 Average solution improvement wrt LNS 10 minutes and LNS average time

Average time % improvement % improvement

seconds wrt LNS 10 min wrt LNS average time

X01-P 1913 1.21% -0.49%

X0130P 2508 13.66% 1.57%

X0150P 2453 13.64% 9.77%

X0175P 2038 8.00% 4.10%

X03-P 1950 1.49% 0.63%

X0330P 3049 7.21% 4.63%

X0350P 2739 13.05% 5.94%

X0375P 2271 15.66% 18.02%

4.4.2 The 2009 ROADEF Challenge instances
Additionnal parameter setting tests were performed for the rolling horizon
length parameter for the 2009 ROADEF Challenge instances. Tables 11 and
12 present the solution values and computing time for the rolling horizon
heuristic, as well as solution values when running the LNS heuristic for 10
minutes, and the gap with respect to the LNS solution value.

Table 13 presents the best known solution values for the 2009 ROADEF
Challenge instances obtained within 10 minutes of computing time as well
as the rolling horizon heuristic solution value including the LNS heuristic
obtained within 10 minutes of computing time (total time of 10 minutes for
the LNS heuristic and rolling horizon heuristic). The rolling horizon length
used is 1800 minutes. The heuristic was able to find solutions within 10
minutes for 14 of the 22 instances and obtained 12 best solution values. It is
important to note that the speed of the computer used is faster than the one
used during the 2009 ROADEF Challenge. Reducing the computing time
to take into consideration the speed of the computer would not yield good
feasible solutions.

Table 14 presents the solution values obtained with the column generation
heuristic of Sinclair et al. [32] as well as the computing time and the improve-
ment with respect to the solution values obtained when running the LNS for
10 minutes. It is important to note that the LNS heuristic was run for 10
minutes before the column generation heuristic was applied. Table 14 also
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presents the solution values obtained with the rolling horizon heuristic and
the computing time. The improvements with respect to the LNS solution
values and the improvements with respect to the column generation heuris-
tic are also reported in Table 14. Solutions found with the column generation
outperform the rolling horizon heuristic, which was expected since the col-
umn generation heuristic is identical to the rolling horizon heuristic with
a horizon length equal to the total recovery time. However the computing
time necessary to obtain good solutions is much faster for the rolling horizon
heuristic, except for instances X01–X04, which require a longer computing
time but yield better solution costs.

5. Conclusions and future research

We have developed a rolling horizon framework for the post-optimization
column generation heuristic to solve the joint aircraft and passenger recovery
problem. The rolling horizon framework has proven very effective on the in-
stances of the 2009 ROADEF Challenge with 10 minutes of computing time,
yielding 12 out of 22 best solutions. We have also presented new, very large
instances with many disruptions and showed that the rolling horizon frame-
work performs very well on the instances with important airport disruptions,
and outperforms the LSN heuristic of Sinclair et al. [31].

Future research should focus on developping useful tools for the airline in-
dustry that incorporate the rolling horizon framework by allowing an initial
solution to be applied to the aircraft rotations and to the passenger itineraries
with the earliest departure times, while solving the passenger recovery prob-
lem for the remainder of the passenger itineraries. It should eventually inte-
grate the crew recovery problem to yield large realistic recovery problems.
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ral Sciences and Engineering Research Council under grants 2014-04959 and
2015-06189. This support is gratefully acknowledged.

24

A Rolling Horizon Heuristic for Aircraft and Passenger

CIRRELT-2016-05



T
ab

le
11

R
ol

li
n

g
h

or
iz

on
h

eu
ri

st
ic

so
lu

ti
on

co
st

s

9
0
0

m
in

1
,2
0
0

m
in

1
,5
0
0

m
in

L
N
S

1
0

m
in

C
o
st

S
e
c
o
n
d
s

Im
p
ro

v
e
m
e
n
t

C
o
st

S
e
c
o
n
d
s

Im
p
ro

v
e
m
e
n
t

C
o
st

S
e
c
o
n
d
s

Im
p
ro

v
e
m

e
n
t

w
rt

L
N
S

w
rt

L
N
S

w
rt

L
N
S

B
0
1

8
7
0
8
1
2

6
9
9
1
7
2

3
0
5

1
9
.7
1
%

7
3
2
7
9
2

2
9
4

1
5
.8
5
%

7
1
2
5
6
1

3
0
9

1
8
.1
7
%

B
0
2

1
0
5
6
2
8
0

9
2
1
7
0
9

2
7
4

1
2
.7
4
%

8
8
0
8
9
1

2
9
4

1
6
.6
0
%

9
2
9
9
7
4

2
9
9

1
1
.9
6
%

B
0
3

9
3
1
2
8
9

8
4
6
0
9
5

2
8
6

9
.1
5
%

7
3
8
9
7
8

3
1
4

2
0
.6
5
%

7
7
6
5
2
3

3
6
2

1
6
.6
2
%

B
0
4

9
6
2
4
5
1

8
9
3
8
1
4

2
8
7

7
.1
3
%

7
6
8
8
1
2

2
8
2

2
0
.1
2
%

8
1
7
4
0
9

3
1
0

1
5
.0
7
%

B
0
5

8
3
7
7
6
1
6

5
2
8
8
1
2
2

6
1
7

3
6
.8
8
%

5
4
0
2
4
0
6

7
0
2

3
5
.5
1
%

4
6
7
5
4
3
9

7
4
7

4
4
. 1
9
%

B
0
6

2
8
2
9
5
8
9

2
4
0
2
1
6
6

3
0
9

2
6
.1
1
%

2
1
7
9
0
3
4

3
1
3

2
2
.9
9
%

2
1
4
1
2
4
4

3
4
0

2
4
.3
3
%

B
0
7

3
1
5
7
5
4
1

2
6
0
3
3
7
9

3
1
7

1
7
.5
5
%

2
4
4
9
5
6
1

3
1
2

2
2
.4
2
%

2
4
9
5
9
7
1

3
6
7

2
0
. 9
5
%

B
0
8

3
1
3
4
4
5
4

2
6
0
1
4
9
8

3
0
0

1
7
.0
0
%

2
3
9
4
6
9
3

3
2
1

2
3
.6
0
%

2
3
7
8
2
3
6

3
6
5

2
4
.1
3
%

B
0
9

2
6
7
6
7
3
3

2
4
6
4
9
4
9

3
1
8

7
.9
1
%

2
0
4
8
0
4
3

3
5
4

2
3
.4
9
%

2
0
1
2
7
5
4

3
7
6

2
4
. 8
1
%

B
1
0

3
2
9
8
4
6
3
7

2
9
8
6
1
7
1
5

8
3
1

9
.4
7
%

2
6
7
9
5
8
0
0

9
1
4

1
8
.7
6
%

2
2
7
0
7
1
4
3

9
3
8

3
1
.1
6
%

X
0
1

1
4
2
4
4
3

7
9
7
5
3

2
8
8
3

4
4
.0
1
%

IN
F
.

IN
F
.

X
0
2

-2
0
9
6
4

-4
5
8
6
7

2
8
3
4

1
1
8
.7
9
%

IN
F
.

IN
F
.

X
0
3

1
3
5
3
3
1
5

1
0
3
2
6
9
8

3
0
4
1

2
3
.6
9
%

IN
F
.

IN
F
.

X
0
4

1
4
5
5
3
4

8
2
8
5
3

2
9
4
9

4
3
.0
7
%

IN
F
.

IN
F
.

X
A
0
1

7
9
7
1
1

7
2
2
8
0

5
1

9
.3
2
%

7
2
2
8
0

5
1

9
.3
2
%

7
2
2
8
0

5
1

9
.3
2
%

X
A
0
2

1
6
6
4
9
7
1

1
4
8
3
5
2
5

1
0
6

1
0
.9
0
%

1
4
8
8
5
9
6

1
1
1

1
0
.5
9
%

1
1
4
1
3
2
5

1
1
8

3
1
. 4
5
%

X
A
0
3

2
6
2
9
4
5

2
3
1
7
5
5

7
2

1
1
.8
6
%

2
3
1
7
5
5

7
3

1
1
.8
6
%

2
3
1
7
5
5

7
3

1
1
.8
6
%

X
A
0
4

4
4
4
0
4
5
1

4
2
9
9
7
8
4

1
2
4

3
.1
7
%

4
1
9
0
4
7
4

1
2
9

5
.6
3
%

3
3
4
9
6
2
0

1
3
8

2
4
. 5
7
%

X
B
0
1

1
2
2
0
7
8
1

1
0
8
6
0
9
3

2
8
1

1
1
.0
3
%

1
0
6
0
3
9
4

2
8
9

1
3
.1
4
%

1
1
1
1
9
8
5

3
1
9

8
.9
1
%

X
B
0
2

8
3
1
9
7
6
1

5
2
0
3
9
7
0

6
1
8

3
7
.4
5
%

5
1
4
4
2
7
6

7
0
2

3
8
.1
7
%

4
5
3
1
9
7
9

7
2
9

4
5
.5
3
%

X
B
0
3

4
6
5
9
2
2
8

3
9
5
7
0
8
3

3
1
9

1
5
.0
7
%

3
4
9
0
8
9
9

3
4
8

2
5
.0
8
%

3
5
8
5
6
1
6

3
7
9

2
3
. 0
4
%

X
B
0
4

3
3
7
5
9
6
8
7

3
1
1
3
6
3
3
0

8
4
5

7
.7
7
%

2
8
7
1
4
7
4
2

8
7
2

1
4
.9
4
%

2
4
1
0
6
5
2
6

9
4
4

2
8
.5
9
%

25

A Rolling Horizon Heuristic for Aircraft and Passenger

CIRRELT-2016-05



Table 12 Rolling horizon heuristic solution costs

1,800 min 2,100 min

LNS 10 min Cost Seconds Improvement Cost Seconds Improvement

wrt LNS wrt LNS

B01 870812 705949 338 18.93% 652546 333 25.06%

B02 1056280 849771 330 19.55% 849715 351 19.56%

B03 931289 714124 390 23.32% 714150 397 23.32%

B04 962451 734609 322 23.67% 734514 330 23.68%

B05 8377616 4490626 750 46.40% 4588308 792 45.23%

B06 2829589 1909322 388 32.52% 1909677 384 32.51%

B07 3157541 2164230 428 31.46% 2168023 432 31.34%

B08 3134454 2085396 382 33.47% 2085346 407 33.47%

B09 2676733 1827216 427 31.74% 1830889 437 31.60%

B10 32984637 23243194 1019 29.53% 25619963 919 22.33%

X01 142443 INF. INF.

X02 -20964 INF. INF.

X03 1353315 INF. INF.

X04 145534 INF. INF.

XA01 79711 72280 51 9.32% 72280 51 9.32%

XA02 1664971 1229003 123 26.18% 1123739 132 32.51%

XA03 262945 231755 73 11.86% 231755 73 11.86%

XA04 4440451 3292092 146 25.86% 3351022 146 24.53%

XB01 1220781 981685 340 19.95% 981685 635 19.59%

XB02 8319761 4466412 753 46.32% 4489754 784 46.04%

XB03 4659228 2977349 387 36.10% 2977566 433 36.09%

XB04 33759687 24793086 1052 26.56% 27245307 913 19.30%
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Table 13 Improvement wrt the best known solution
Best know solution Cost % improvement

value wrt Best

B01 843983 710673 15.80%

B02 1220708 904519 25.90%

B03 859809 753967 12.31%

B04 968796 793647 18.08%

B05 8717434 INF.

B06 2733781 1998689 26.89%

B07 4588857 2371871 48.31%

B08 3067543 2084658 32.04%

B09 2678741 1894053 29.29%

B10 32171455 INF.

X01 222040 INF.

X02 -18917 INF.

X03 1316835 INF.

X04 240656 INF.

XA01 64799 72280 -11.54%

XA02 1462311 1148697 21.45%

XA03 186279 231755 -24.41%%

XA04 3972419 3560533 10.37%

XB01 1028223 981449 4.55%

XB02 9986653 INF.

XB03 4204317 3276451 22.07%

XB04 33326556 INF.

Table 14 Rolling horizon heuristic, column generation heuristic and LNS heuristic solution costs

Column generation Rolling horizon

LNS 10 min Cost Seconds Improvement Cost Seconds Improvement Computing time

wrt LNS wrt LNS improvement wrt CG

B01 870812 505382 788 41.96% 652546 333 25.06% 57.74%

B02 1056280 679362 782 35.68% 849715 351 19.56% 55.12%

B03 931289 549928 824 40.95% 714124 390 23.32% 52.66%

B04 962451 604307 790 37.20% 734514 330 23.68% 58.23

B05 8377616 4357412 1351 47.99% 4490626 750 46.40% 44.49%

B06 2829589 1608877 1168 43.14% 1909322 388 32.52% 66.78%

B07 3157541 2848062 1417 9.80% 2164230 428 31.46% 69.90%

B08 3134454 1668229 1260 46.78% 2085396 382 33.47% 69.98%

B09 2676733 1512454 1202 43.50% 1827216 427 31.74% 64.48%

B10 32984637 22304388 2062 32.37% 22707143 938 31.16% 54.51%

X01 142443 125019 1456 12.23% 79753 2883 44.01% -98.01%

X02 -20964 -36857 1179 75.81% -45867 2834 118.79% -140.04%

X03 1353315 1217999 1299 10.00% 1032698 3041 23.69% -134.10%

X04 145534 140356 1288 3.56% 82853 2949 43.07% -128.96%

XA01 79711 64799 108 18.71% 72280 51 9.32% 52.78%

XA02 1664971 951385 209 42.86% 1123739 132 32.51% 36.84%

XA03 262945 186279 91 29.16% 231755 73 11.86% 19.78%

XA04 4440451 2697195 302 39.26% 3292092 146 25.86% 51.66%

XB01 1220781 647134 855 46.99% 981685 340 19.95% 60.23%

XB02 8319761 4641007 1317 44.22% 4466412 753 46.32% 42.82%

XB03 4659228 2469046 1346 47.01% 2977349 387 36.10% 71.25%

XB04 33759687 22973144 1892 31.96% 24106526 944 28.95% 50.11%
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Appendix 2

Table 17 Rolling horizon heuristic solution costs for X01-P instances

Cost LNS Cost LNS Cost Seconds % improvement % improvement

10 min. Average time RH wrt LNS 10 min. wrt LNS average time

X01-P1C-F 29202 29202 28877 1911 1,11% 1,13%

X01-P1C111F 563630 563630 563305 1899 0,06% 0,06%

X01-P1C161F 835229 835229 834904 1913 0.04% 0.04%

X01-P1C215F 933434 933434 933109 1913 0.03% 0.03%

X01-P2C-F 165120 165120 162645 1905 1.50% 1.50%

X01-P2C111F 699548 699548 697073 1904 0.35% 0.35%

X01-P2C161F 971147 971147 968672 1907 0.25% 0.25%

X01-P2C215F 1069353 1069353 1066878 1895 0.23% 0.23%

X01-P4C-F 912728 841019 812728 1919 10.96% 3.48%

X01-P4C111F 1449564 1378187 1449564 1923 0.00% -4.92%

X01-P4C161F 1721160 1649784 1721160 1946 0.00% -4.15%

X01-P4C215F 1819369 1747992 1819369 1923 0.00% -3.92%

1913 1.21% -0.49%

Table 18 Rolling horizon heuristic solution costs for X0175P instances

Cost LNS Cost LNS Cost Seconds % improvement % improvement

10 min. Average time RH wrt LNS 10 min. wrt LNS average time

X0175P1C-F 3153374 3004508 2757677 2043 12.55% 8.95%

X0175P1C111F 3572524 3371889 3197068 2034 10.51% 5.47%

X0175P1C161F 3844123 3643488 3468915 2052 9.76% 5.03%

X0175P1C215F 3946908 3745664 3568266 2074 9.59% 4.97%

X0175P2C-F 3272176 3134469 2895885 2007 11.50% 8.24%

X0175P2C111F 3739109 3529792 3362360 2048 10.08% 4.98%

X0175P2C161F 4010708 3801250 3636468 2046 9.33% 4.53%

X0175P2C215F 4109453 3900437 3734436 2031 9.13% 4.45%

X0175P4C-F 4279559 4105679 4054053 2052 5.27% 1.27%

X0175P4C111F 4718534 5497474 4576832 1996 3.00% 0.45%

X0175P4C161F 5214131 5104734 5074184 2026 2.68% 0.60%

X0175P4C215F 5321330 5199999 5184522 2050 2.57% 0.30%

2038 8.00% 4.10%
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Table 19 Rolling horizon heuristic solution costs for X0150P instances

Cost LNS Cost LNS Cost Seconds % improvement % improvement

10 min. Average time RH wrt LNS 10 min. wrt LNS average time

X0150P1C-F 21948616 21363891 19406537 2503 11.58% 10.09%

X0150P1C111F 20671318 20878103 18151722 2546 12.19% 15.02%

X0150P1C161F 20564631 21414615 17513827 2525 14.84% 22.27%

X0150P1C215F 20666937 21519807 17626017 2432 14.71% 22.09%

X0150P2C-F 21992638 17078081 18842310 2391 14.32% -9.36%

X0150P2C111F 20486160 19604211 16889389 2511 17.56% 16.07%

X0150P2C161F 21356782 21292165 18076663 2342 15.36% 17.79%

X0150P2C215F 20431422 21457855 17254349 2388 15.55% 24.36%

X0150P4C-F 21157806 18535435 18528213 2417 12.43% 0.04%

X0150P4C111F 22190477 19932935 18256991 2455 13.22% 3.51%

X0150P4C161F 22718027 20173250 20392381 2455 10.24% -1.07%

X0150P4C215F 23171850 19736721 20459564 2475 11.71% -3.53%

2453 13.64% 9.77%

Table 20 Rolling horizon heuristic solution costs for X0125P instances

Cost LNS Cost LNS Cost Seconds % improvement % improvement

10 min. Average time RH wrt LNS 10 min. wrt LNS average time

X0175P1C-F 34675423 29410233 23230736 2498 15.70% 0.61%

X0175P1C111F 36074841 32182535 31414598 2517 12.92% 2.44%

X0175P1C161F 36513843 32464402 31895637 2508 12.65% 1.78%

X0175P1C215F 36298541 32825097 31719284 2507 12.62% 3.49%

X0175P2C-F 34408636 30235969 29519861 2431 14.21% 2.43%

X0175P2C111F 35976686 31986739 31019605 2591 13.78% 3.12%

X0175P2C161F 35944436 32020919 31260576 2542 13.03% 2.43%

X0175P2C215F 36680910 32435885 32295562 2531 11.96% 0.43%

X0175P4C-F 36507512 31032889 31326811 2491 14.19% -0.94%

X0175P4C111F 36887223 32138180 31195609 2478 15.43% 3.02%

X0175P4C161F 37200872 32345717 31966348 2507 14.07% 1.19%

X0175P4C215F 37815066 32393931 32757815 2504 13.37% -1.11%

2508 13.66% 1.57%
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Table 21 Rolling horizon heuristic solution costs for X03-P instances

Cost LNS Cost LNS Cost Seconds % improvement % improvement

10 min. Average time RH wrt LNS 10 min. wrt LNS average time

X03-P1C-F 135214 130872 135214 1959 0.00% -3.21%

X03-P1C111F 752125 474783 752125 1946 0.00% -0.58%

X03-P1C161F 1073334 1068992 1073334 1941 0.00% -0.40%

X03-P1C215F 1166308 1161966 1166308 1967 0.00% -0.37%

X03-P2C-F 352510 340002 318013 1977 9.79% 6.91%

X03-P2C111F 974273 961909 941039 1971 3.41% 2.22%

X03-P2C161F 1295475 1283015 1261931 1966 2.59% 1.67%

X03-P2C215F 1386865 1374399 1357188 2019 2.14% 1.27%

X03-P4C-F 3516158 3516158 3516158 1937 0.00% 0.00%

X03-P4C111F 4133069 41133069 4133069 1906 0.00% 0.00%

X03-P4C161F 4454272 4454272 4454272 1909 0.00% 0.00%

X03-P4C215F 4547252 4547252 4547252 1909 0.00% 0.00%

1951 1.49% 0.63%

Table 22 Rolling horizon heuristic solution costs for X0375P instances

Cost LNS Cost LNS Cost Seconds % improvement % improvement

10 min. Average time RH wrt LNS 10 min. wrt LNS average time

X0375P1C-F 8545854 9018845 7446975 2119 12.86% 21.11%

X0375P1C111F 9945090 8892441 7687516 2287 20.70% 15.67%

X0375P1C161F 10452293 9265976 8212186 2476 21.43% 12.83%

X0375P1C215F 10556691 9149021 8305761 2441 21.32% 10.15%

X0375P2C-F 8860841 10087113 7519444 2190 15.14% 34.15%

X0375P2C111F 9453074 10626522 7960659 2167 15.79% 33.49%

X0375P2C161F 10700057 9513342 8587105 2298 19.75% 10.79%

X0375P2C215F 10793242 9237398 8680608 2270 19.57% 6.41%

X0375P4C-F 14118152 13749637 12393596 2263 12.22% 10.94%

X0375P4C111F 12996004 14073368 11193765 2298 13.98% 25.74%

X0375P4C161F 12240808 14582552 11133030 2219 9.05% 30.98%

X0375P4C215F 14447469 14390462 13837715 2231 4.22% 3.99%

2271 15.66% 18.02%
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Table 23 Rolling horizon heuristic solution costs for X0350P instances

Cost LNS Cost LNS Cost Seconds % improvement % improvement

10 min. Average time RH wrt LNS 10 min. wrt LNS average time

X0350P1C-F 53059175 47022208 45155550 2709 14.90% 4.13%

X0350P1C111F 51079460 47594942 44666606 2790 12.55% 6.56%

X0350P1C161F 50778584 47584786 44955426 2853 11.47% 5.85%

X0350P1C215F 51650387 46312204 45294260 2828 12.11% 2.02%

X0350P2C-F 51451902 52048527 42151673 2649 18.08% 23.48%

X0350P2C111F 52597896 47124646 45416808 2712 13.65% 3.76%

X0350P2C161F 53489259 47168467 46274118 2722 13.49% 1.93%

X0350P2C215F 53779458 47541232 46359710 2657 13.80% 2.55%

X0350P4C-F 51442930 53119278 45013115 2780 12.50% 18.01%

X0350P4C111F 56579786 51511186 50461435 2719 11.34% 2.69%

X0350P4C161F 57376533 50069568 51606809 2714 10.06% -2.89%

X0350P4C215F 58196178 52495569 50843306 2745 12.63% 3.25%

2740 13.05% 5.94%

Table 24 Rolling horizon heuristic solution costs for X0325P instances

Cost LNS Cost LNS Cost Seconds % improvement % improvement

10 min. Average time RH wrt LNS 10 min. wrt LNS average time

X0325P1C-F 81339237 83705344 76190805 3074 6.33% 9.86%

X0325P1C111F 84435683 81597879 76959762 2969 8.85% 6.03%

X0325P1C161F 85665316 82611641 81329258 2987 5.06% 1.58%

X0325P1C215F 84758414 80621689 78722522 3257 7.12% 2.41%

X0325P2C-F 85079528 83260844 78743529 2965 7.45% 5.74%

X0325P2C111F 82112646 82148598 73756072 3026 10.18% 11.38%

X0325P2C161F 85409599 82935582 78539683 3081 8.04% 5.60%

X0325P2C215F 87438471 81817686 83111907 2959 4.95% -1.56%

X0325P4C-F 89604072 85356624 82970773 3252 7.40% 2.88%

X0325P4C111F 89879808 84263755 84290957 2945 6.22% -0.03%

X0325P4C161F 90616014 88196817 84545997 3014 6.70% 4.32%

X0325P4C215F 88925649 87678986 81632612 3060 8.20% 7.41%

3049 7.21% 4.63%
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