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ABSTRACT

OPERATIONAL AIRCRAFT MAINTENANCE ROUTING
PROBLEM WITH REMAINING TIME CONSIDERATION

Aircraft maintenance routing problem is one of the most studied problems in
airline industry. However, most of these studies focus on finding a unique rotation that
will be repeated by each aircraft in the fleet with a certain lag. In practice, using a single
rotation for the entire fleet may not be applicable due to the stochastic environment and
operational considerations in the airline industry. In this study, our aim is to develop
a fast responsive methodology which provides maintenance feasible routes for each
aircraft in the fleet for the planning horizon with the objective of maximizing utilization
of the total remaining flying time of fleet. For this purpose, we formulate an integer
linear programming (ILP) model by modifying the connection network representation.
ILP model can be considered as an operational aircraft maintenance routing model
since it provides routes for each aircraft with respect to initial states. The proposed
model is solved using B&B under different priority settings for variables to branch
on. A simulated annealing based heuristic method (compressed annealing) is utilized
for the same problem and results are compared with those of B&B. Additionally, a
rolling horizon based routing methodology is introduced and maintenance capacity
constraints are discussed. Finally, compressed annealing method with maintenance
capacity consideration is tested on the operational routing problem of a domestic airline

company.



OZET

KALAN SURE DEGERLENDIRMELI OPERASYONEL
UCAK BAKIM ROTALAMA PROBLEMI

Ugak bakim rotalama problemi hava yolu endiistrisinde siklikla ¢aligilmig prob-
lemlerden biridir. Bu alandaki bir¢ok caligmada odak noktasi filodaki biittin ugaklarin
belli zaman farklari ile senkronize bir sekilde tekrar edebilecegi tek bir rotasyon bul-
maktir. Pratik olarak bakildiginda, tek bir rotasyonu biitiin filodaki ucaklara tekrar-
latmak hava yolu endiistrisindeki rasgelelik ve operasyonel kisitlar diigtiniildiigiinde
pek de miimkiin olmayabilir. Bu caligmada amacimiz, filodaki biitiin ugaklara bakim
agisindan olurlu rotalar saglayabilecek, filonun kalan toplam ucgug stiresinin verim-
ini en biuyikleyecek ve karsilagilabilecek degigikliklere hizli yanit veren bir ¢oziim
yontemi geligtirmektir. Bu amacla, ilgili yazinda yer alan ugus baglant1 ag1 gosterimini
degistirerek olugturulan bir ag iizerinde tamsayili dogrusal programlama modeli (TDP)
geligtirilmistir.  Gelistirilen TDP modeli, ucaklara basglangi¢c durumlarina gore ro-
talar atamasi sebebiyle, operasyonel ucak bakim rotalama problemidir. Model dal-
lanma sirasinda farklh karar degiskenlerine oncelik veren farkli dal-sinir yontemleri ile
¢oziilmiigtiir. Bunun yani sira, benzetimli tavlama tabanli sezgisel bir method olan
basingli tavlama yontemi de ayni problemin ¢oziimii i¢in kullanilmig ve basingli tavlama
yonteminin sonuglar1 dal-sinir yontemininkilerle karsilagtirilmigtir. Bunlara ek olarak,
donen planlama ufku tabanlhi bir ¢oziim yontemi olugturulmus ve bakim kapasitesi
kisitlar: tartigilmigtir. Son olarak, hava alan1 bakim kapasitelerini hesaba katan basingh

tavlama teknigi, yerel bir hava yolu girketinin rotalama problemi tizerinde denenmistir.
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1. INTRODUCTION

Operations research methods are widely used for different planning and schedul-
ing problems in airline industry. These problems can be divided into four major
classes: Flight scheduling problem, fleet assignment problem, aircraft maintenance
routing problem and crew scheduling problem (Liang and Chaovalitwongse , 2009). In
general terms, flight scheduling problem deals with scheduling of flights so that market
demand is met. Fleet assignment problem tries to sort out the assignments of fleets
to predetermined flights with the aim of maximizing the total profit. Crew scheduling
problem, on the other hand, tries to handle the assignments of crew to each aircraft
and aircraft maintenance routing problem (AMRP) deals with arranging routes for
aircrafts so that the maintenance regulation constraints are not violated. Although all
of these problems are widely studied for the last few decades, the challenge remains

fresh due to high complexity of airline networks and increasing size of industry.

In addition to these four major problems, airline companies must also deal with
tail assignment problem as the last stage of planning and scheduling operations. In
simple terms, tail assignment is the operational decision of assigning aircrafts (with
certain tail numbers) to already scheduled routes to perform the corresponding flights
(Gronkvist , 2005). The nature of tail assignment problem is different from those that
are discussed above because at tail assignment stage, all the operational restrictions
must be considered and satisfied. It is not realistic to assume AMRP and tail assign-
ment problem as two separate stages of airline scheduling since the routes must be

determined by considering the current states of the aircrafts.

Particularly, in AMRP, the aim is to find a maintenance feasible rotation. Each
aircraft needs to undergo certain type of maintenance after operating for certain hours
or flying for certain consecutive days without maintenance. There are various types
of maintenance checks and the variation stems from location, duration and frequency

requirements of different checks (Clarke et al. , 1997). For example, A-check must be



repeated very frequently (every 65 hours of flying or every week) and it involves visual
inspection of major systems for a few hours. On the other hand, D-Check must be
repeated for every four or five years and it can be only completed at specialized hangars
in about one month (Sriram and Haghani , 2003). It must be noted that AMRP deals
with short-term or mid-term checks with shorter maintenance intervals. The reason
behind this rationale is that less frequent checks generally last longer and they directly
affect fleet capacity; hence, such maintenance checks must be considered while solving
the fleet assignment problem. Therefore, it can be claimed that AMRP cannot be
considered as pure-tactical or pure-operational problem because it is strongly related

to both fleet assignment and tail assignment problems.

The problems in airline planning and scheduling have been studied very im-
mensely for the last few decades. Particularly, there are many studies which deal with
AMRP focusing on either operational (short-term planning) or tactical (long-term and
aggregate planning) level. Most of the early studies focus on tactical level, ignoring
some of the operational level constraints. Unlike such studies, our aim is to develop a
fast and responsive methodology to deal with dynamic and operational changes in air-
line environment, namely to solve the operational aircraft maintenance routing problem
(OAMRP) with the objective of maximizing the utilization of remaining times of the
aircrafts. Remaining time of an aircraft is the difference between legal flying hour limit,
which is the amount of time allowed between consecutive maintenance operations, and
the accumulated flight duration from the last maintenance operation. A solution to
OAMRP is the assignment of maintenance feasible routes to each aircraft in the fleet
where the assigned routes cover all flights in the corresponding flight schedule. In
a maintenance feasible route, there cannot be a maintenance-free segment of flights
whose accumulated duration is larger than the remaining time of the corresponding
aircraft. There are some recent studies which are related with OAMRP; however, this
study differs from the existing ones in terms of the proposed integer linear programming

(ILP) formulation and solution methodology.



The paper is organized as follows: In Chapter 2, we present a literature review
about AMRP in general. In Chapter 3, the OAMRP model is described and a new ILP
formulation is proposed. In Chapter 4, details on variable prioritization in branch-and-
bound (B&B) are given and the heuristic method (compressed annealing) is presented.
Chapter 5 covers the numerical experiments and comparisons of proposed methods. In
Chapter 6, a rolling horizon based routing methodology is introduced and maintenance
capacity related modifications are discussed. In Chapter 7, concluding remarks are

provided.



2. LITERATURE REVIEW

There is a rich literature on airline planning and scheduling problems. In this
chapter, we briefly describe and discuss some of the major studies in AMRP; however,
one can refer to the surveys of Etschmaier and Mathaisel (1985); Gopalakrishnan and
Johnson (2005); Sherali et al. (2006) for flight scheduling, fleet assignment and crew

scheduling problems, respectively.

Similar to the other planning and scheduling problems in airline industry, there
is a vast literature on AMRP. It must be noted that these studies differ with respect to
their approaches to AMRP: Operational level or tactical level. In aircraft maintenance
routing (AMR) studies, where tactical approach is used, the aim is to find a unique
route which can be repeated by the aircrafts in the fleet. In such studies, initial condi-
tions of aircrafts and dynamic changes (cancellations or delays) in flight environment
are ignored. On operational level side, every restriction must be taken into consid-
eration because the solutions of operational level problems determine the plans to be
followed in real life. Additionally, many studies have been focusing on integrated mod-
els in which at least two of the four major problems of airline scheduling are considered
simultaneously. The classification of aircraft maintenance related studies can be seen

in Table 2.1.

There are two widely used network representations for airline network modeling:
Time-space network and connection network (Liang and Chaovalitwongse , 2009). In
time-space network, basically, nodes represent arrival or departure event of aircrafts on
a timeline and there are three different types of arcs which represent flights, overnights
and ground. In connection network, on the other hand, a simpler representation is
used where flight arcs are transformed into flight nodes. The arcs in the connection
network represent the possible connections (and replenishments) between flight nodes.
Examples of time-space network and connection network for the same set of flight legs

can be seen in figures 2.1 and 2.2 respectively.



Table 2.1. Classification of Aircraft Maintenance Related Studies Based on Their

Approaches.
Aircraft Routing Focused Integrated
Tactical Approach Operational Approach

Kabbani & Patty (1992) Argiiello & Bard (1997)  Barnhart et al. (1998)

Clarke et al. (1997) Gopalan & Talluri (1998) Sosnowska & Rolim (2001)
Gopalan and Talluri (1998) Sriram & Haghani (2003) Cordeau et al. (2001)
Talluri (1998) Afsar et al. (2006, 2009) Klabjan et al. (2002)

Mak & Boland (2000) Sarac et al. (2006) Cohn & Barnhart (2003)
Liang et al. (2011) Orhan et al. (2011) Mercier et al. (2005)

Mercier & Soumis (2007)
Haouari et al. (2009)
Weide et al. (2010)

Daskin and Panayotopoulos (1989) present an ILP formulation to assign aircrafts
to routes in a hub-and-spoke network with the objective of maximizing profits. They
propose a Lagrangean relaxation procedure with a repair heuristic to solve the problem.
Desaulniers et al. (1997) ignore maintenance constraints and formulate two models

for integrated fleet assignment and routing problem.

Feo and Bard (1989) present a model that aims to both locate maintenance
stations and develop flight schedules which better meet the cyclical demand for main-
tenance with a minimum cost. They formulate the problem as a min-cost, multi-
commodity flow network with integrality constraints and propose a two-phase heuristic
solution procedure. Their study is not related with maintenance routing problem di-
rectly; however, they try to create conditions which can yield better routes for cyclical

maintenance demand.
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Figure 2.1. An Example of Time-space Network.
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Figure 2.2. An Example of Connection Network.

Clarke et al. (1996) try to generalize the fleet assignment model of Hane et
al. (1995) by considering maintenance and crew restrictions. They state that a basic
fleet assignment without such considerations may lead to excessive costs at operational
level. From maintenance perspective, they are trying to eliminate the shortcomings
of the original fleet assignment model by enforcing sufficient number of maintenance

opportunities during fleet assignment phase. In their study, the flight network is a



domestic, hub-and-spoke network and it is assumed that each flight is repeated every
day. It must be noted that their solutions do not guarantee feasible intervals for
maintenance operations of individual aircrafts at operational level. Such a guarantee

can only be given if the corresponding routing problem is solved.

On tactical side of AMR studies, Kabbani and Patty (1992) propose a set par-
titioning model to solve maintenance routing problem where each aircraft needs to be
checked every three days. In their set partitioning model, columns represent possi-
ble weekly routings and rows represent flights. The formulation becomes very large to
solve for their case; therefore, they divide the problem into two subproblems. Assuming
that maintenances are performed overnight, they first generate over-the-day routings
(also known as lines of flight). Over-the-day routings are fixed daily route segments
with a certain starting station in the morning and with a certain ending station in the
evening. After fixing over-the-day routings, they try to connect those routings to solve

their original problem.

Gopalan and Talluri (1998) use lines of flight (LOF) logic similar to over-the-day
routings of Kabbani and Patty (1992), assuming that maintenance checks can only
be done as overnight operations. They focus on k-day maintenance routing problem
and develop a polynomial time algorithm for £ = 3. In k-day maintenance routing
problem, each aircraft has to visit a maintenance station after at most k days of flying
without maintenance; in other words, an aircraft cannot select LOFs that end in a
non-maintenance station for k consecutive days. In order to find 3-day maintenance
routing, they first fix LOFs and construct a graph G(V, E') where the set of vertices,
V', represents overnight stations and the set of edges, F, represents LOFs. Then,
on a transformed graph of G, G’, they search for an Euler tour which satisfies 3-
day maintenance requirement. In this study, 3-day maintenance routing problem is
solved for both infinite-horizon and finite-horizon. The infinite-horizon version of the
problem can be classified as a tactical one, on the other hand, the finite-horizon version
is more operational. Additionally, they prove that without fixing LOFs, even 2-day

maintenance routing problem becomes NP-Complete and Talluri (1998) shows that



even with fixed LOFs beforehand, 4-day maintenance routing problem is NP-Hard.

Clarke et al. (1997) state that fixing daily routes beforehand reduces the options
to form rotations in hub-and-spoke networks. In their study, the aim is to find a unique,
maintenance feasible rotation which yields the largest total through value where through
value can be described as the total benefit obtained by connecting certain flights. In
brief, they aim to find the Euler tour that satisfies maintenance constraints of different
type and maximizes the total through value. For this purpose, they first simplify their
flight network by using node and arc aggregation during preprocessing and formulate
an integer programming model. As a solution procedure, a Lagrangean relaxation
technique is used where subset elimination and service violation (maintenance related)

constraints are relaxed.

Mak and Boland (2000) formulate AMRP as an asymmetric traveling salesman
problem with replenishment arcs (RATSP) where a replenishment arc denotes a con-
nection during which a maintenance operation can take place. In their study, they
construct a connection network-like graph G(V, A), where the set of vertices, V', rep-
resents flights with corresponding weights and the set of arcs, A, represents possible
flight connections (either replenishment or ordinary) with corresponding costs. Each
aircraft has a positive legal flying hour limit and a routing is feasible if it does not
consist of a segment which violates that limit. Similar to Clarke et al. (1997), they
use Lagrangean relaxation by relaxing subset elimination and maintenance violation
constraints to obtain lower bounds and simulated annealing (SA) method to obtain
upper bounds. Their SA method allows infeasible flight connections in solutions, but

penalizes them with a large penalty cost.

Liang et al. (2011) consider daily check (k-day maintenance routing problem)
assuming that maintenances are overnight operations and flight schedule is repeated
every day. They construct a compact representation of time-space network, Rotation
Tour Network (RTN) and propose a new integer programming formulation based on

their new representation.



On operational side, Argiiello and Bard (1997) propose a greedy randomized
adaptive search procedure (GRASP) to reconstruct aircraft routings in response to
dynamic changes in airline environment with the objective of minimizing costs incurred
by flight cancellations and delays. To remain feasible, they do not change the routes
of aircrafts with scheduled maintenance; however, try to change other routes (even by
cancelling some flights) with minimum cost. It must be noted that the focus of the

paper is not directly on maintenance.

Sriram and Haghani (2003) uses Origin Destination (OD) pairs similar to LOFs.
Assuming that OD pairs are already given and maintenances are overnight operations,
their aim is to determine individual aircraft assignments to the routes that yield the
minimum total cost. In their study, they deal with two different types of maintenance
checks and consider airport maintenance capacities. They propose two models: The
first one assumes that a check must be done once within corresponding period (type
A check must be done once within 4 days) and the second one tries to keep track of
the remaining time before the next maintenance (type A check must be done after
65 hours of flying). They solve the first model by using a search technique which
consists of depth-first and random search. They claim that the second model becomes
too large to solve and they do not attempt to solve it. Notice that daily routes in
this study are predetermined as OD pairs and such an approach results in sub-optimal
solutions. They also conclude that considering flight legs rather than predetermined
OD pairs yields an improvement in solution quality at a cost of increasing the problem

size significantly.

Afsar et al. (2006) try to determine routes for aircrafts to satisfy the already
scheduled long-term maintenance checks over an acyclic horizon. Their objective is a
composite one: Maximization of critical aircraft utilization and utilization balancing.
Critical aircrafts are those that have to undergo maintenance soon. Due to stochastic-
ity, they do not fix routes several weeks ago; instead they prepare the plan based on a
rolling horizon of one week. They propose a two-step heuristic approach by dividing

the problem into two sub-problems where first sub-problem deals with critical aircrafts
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and second deals with non-critical ones. In Afsar et al. (2009) different heuristic meth-
ods, including SA, and priority rules for non-critical aircraft selection are applied to
the same problem. We must note that the maintenance operations of critical aircrafts
are assumed to be already scheduled in these studies and with such an assumption the

problem becomes easier.

Sarac et al. (2006) propose a set partitioning based formulation to minimize
total daily maintenance costs without violating the flying hour limit of each aircraft.
Their model considers maintenance resource availability (in terms of man-hour and
airport slot) and legal remaining times of aircrafts. Additionally, it can handle differ-
ent types of maintenance requirements. Since the set partitioning based formulation
contains exponentially many variables each of which represents a feasible route, column
generation technique is used in solution procedure. The time horizon of the model is
one day and as stated in the study, longer time horizon can better utilize remaining

times of aircrafts.

Orhan et al. (2011) propose an integer programming model for daily concurrent
aircraft routing and maintenance scheduling. In their model, critical aircrafts that need
maintenance at the end of the day are already determined by a decision maker. Their
objective is maximizing the utilization of remaining time while providing daily routes
ending at maintenance stations for critical aircrafts. Similar to studies of Afsar et al.
(2006, 2009), their model does not schedule maintenance operations; it just maximizes

the utilization of remaining times with respect to given maintenance information.

Gabteni and Gronkvist (2008) solve the tail assignment problem by using a
combined technique which consists of column generation and constraint programming.
Since tail assignment problem deals with assigning aircrafts to flights at operational
level, maintenance requirements and crew considerations cannot be ignored. They
start with a simple path (route) based formulation, similar to that of Sarac et al.
(2006), and they enforce maintenance feasibility while solving the pricing problem in

their column generation iterations. They try to eliminate the disadvantage of slow
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convergence in column generation approach by using quick feasible solution generation

ability of constraint programming.

There are also some studies which focus on solving different phases of airline
scheduling simultaneously. Barnhart et al. (1998) construct a string-based model
to solve fleet assignment and aircraft routing problem simultaneously. In their model,
they consider operational constraints such as maintenance and equal aircraft utilization
and propose a B&B solution approach involving column and cut generation. Sosnowska
and Rolim (2001) assume that maintenances are fixed beforehand and use SA method
to solve integrated fleet assignment and aircraft routing problem. Their SA move
is a limited swap operation which only allows swapping segments that do not include
scheduled maintenances. In a similar study, Haouari et al. (2009) model the integrated
problem as a multi-commodity network flow problem where the planned time-window
for maintenance of each aircraft is known beforehand as in Sosnowska and Rolim (2001)
and they propose a two-phase network flow based heuristic to solve it. In some studies,
crew scheduling and aircraft maintenance routing problems are solved simultaneously
to increase cost benefits (Cohn and Barnhart , 2003; Cordeau et al. , 2001; Klabjan et
al. , 2002; Mercier et al. , 2005; Mercier and Soumis , 2007; Weide et al. , 2010).

In this study, our focus will be on OAMRP. By using a modified connection
network, we propose a new ILP formulation similar to multi-commodity network flow
models; however, the proposed model differs from existing ones in the sense that it
utilizes arc duplications in order to keep track of remaining time for each aircraft.
In other words, our modified connection network contains two types of ordinary arcs
and arc type indicates whether an ordinary arc is used before or after maintenance.
Many heuristic methods, including SA, are applied to similar problems in literature;
however, our SA based method (compressed annealing) has some structural differences
when compared to traditional ones. Additionally, most of the studies focus on either
short-term (daily) route assignment or long-term (weekly or longer) route assignment;
however, short-term route assignments may reduce the opportunities for better utiliza-

tion of remaining time and long-term ones are not very realistic due to dynamic airline
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environment. In order to eliminate the disadvantages of both approaches, we propose

a solution methodology based on rolling horizon.
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3. OAMRP FORMULATION

In our OAMRP formulation, the aim is to find maintenance feasible routes for
each aircraft in the fleet with the objective of maximizing the utilization of remaining
times to decrease costs incurred by maintenance operations. Right after undergoing
a maintenance operation, the remaining time of corresponding aircraft is set to legal
flying hour limit imposed by the maintenance regulations and as it covers the flights
on its route, the remaining time decreases by the durations of covered flights. In other
words, the remaining time at the beginning of a planning horizon is the difference
between legal flying hour limit and accumulated flight durations after the previous
maintenance. Notice that, if an aircraft with a positive remaining time undergoes a
maintenance operation, then the remaining time of that aircraft is not fully utilized.
We call the amount of unused remaining time just before the maintenance as unused
legal flying time of corresponding aircraft. Therefore, maximizing the utilization of

remaining times becomes equivalent to minimization of unused legal flying times.

3.1. Modified Connection Network Structure

In order to minimize total unused legal flying time, we need to formulate a model
which can keep track of the accumulated flight durations of aircrafts. Additionally,
the model must be able to distinguish whether a flight is covered before a mainte-
nance operation or after it because if a flight is covered after a certain maintenance
operation, then it does not have any effect on the remaining time calculations prior to
that maintenance. For these purposes, connection network representation is slightly
modified by using ordinary arc duplication. The modified network still includes sets
of ordinary arcs, O, and replenishment arcs, R, representing possible connections and
replenishments between flight leg nodes; however, ordinary arcs of original network are
duplicated so that each connection in the modified network is represented with a pair
of ordinary arcs with different labels: before maintenance and after maintenance. In

other words, O is duplicated, resulting in two ordinary arc sets both of which represent
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exactly the same connections; however, elements in one set, Op,,, mean that corre-
sponding flight connection is done before maintenance whereas those in the other set,

Oam, mean that the connection is done after maintenance.

Other than ordinary arc duplication, the construction of modified network rep-
resentation is the same as that of connection network representation. There is an
ordinary arc, ord(i, j), between flight leg i and flight leg j if arrival airport of flight leg
¢ and departure airport of flight leg j are the same and there is a sufficient amount of
time to prepare aircraft for the next flight between the arrival time of flight leg ¢ and
departure time of flight leg 5. If the corresponding airport is a maintenance airport and
the amount of time between flight legs 7 and j is sufficient for a maintenance operation,

then there is also a replenishment arc, rep(i, j), between flight legs i and j.
3.2. ILP Model Formulation
In this section, we propose a multi-commodity network flow based ILP formula-

tion for OAMRP with remaining time consideration. The summary for definitions of

sets, parameters and decision variables used in the formulation is as follows:

Sets:
1 set of flight legs
K set of aircrafts
C set of critical aircrafts
C’ set of non-critical aircrafts

B(k) set of initial flight legs that aircraft k£ can fly

S(i)  set of flight legs that immediately succeed flight leg i

S’(i)  set of flight legs that immediately succeed flight leg i and that allow main-
tenance in between

P(i)  set of flight legs that immediately precede flight leg i

P'(i) set of flight legs that immediately precede flight leg i and that allow main-
tenance in between

{o,t} artificial source and sink nodes of flight network



15

Parameters:
d;  duration of flight leg ¢
Dy remaining time of aircraft k&

L length of the longest route in terms of the accumulated flight duration

Decision variables:

T, binary variable which takes value of 1 if aircraft £ flies flight legs ¢ and j
consecutively before replenishment and 0 otherwise

Yi;k  binary variable which takes value of 1 if aircraft £ flies flight legs ¢ and j
consecutively and undergoes maintenance in between and 0 otherwise

Zijr,  binary variable which takes value of 1 if aircraft £ flies flight legs ¢ and j
consecutively either after replenishment or in a route with no replenishment
and 0 otherwise

rry  binary variable which takes value of 1 if aircraft k£ undergoes a maintenance

operation within its route 0 otherwise

Sets S(i), S'(7), P(i) and P’(i) are defined as immediate successor and predecessor
flight legs sets of a flight leg ¢ by using the connections in the connection network.
For instance, if ord(i,j) € O then j € S(i) and if rep(i,j) € R then j € 5'(i).
Decision variables @k, yijr and z;; are simply the arcs of the modified connection
network for each aircraft. Namely, x;;x, 2;jx and y,;; variables represent arcs in sets
Ovm, Oum and R for each aircraft respectively. In order to decrease the number of
variables in the formulation, aircrafts in the fleet are divided as critical (C') and non-
critical (C") aircrafts. An aircraft k is considered to be critical if its initial remaining
time, Dy, is less than the length of longest route on connection network in terms
of the accumulated flight duration, L, and non-critical otherwise. In other words, a
critical aircraft is an aircraft that may undergo a maintenance operation within the
current planning horizon. It is obvious that a non-critical aircraft does not need a
maintenance within the current planning horizon even if it is assigned to the longest
route in terms of accumulated duration; therefore, it is not necessary to define z;;; and
Yi;, variables for such an aircraft. The mathematical model of OAMRP with remaining

time consideration (OAMRP-ILP) is as follows:
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OAMRP-ILP:

minz riDy _Zdi Z Tijk + Z Yijk (3.1)

keC el j€S (@) jes’(i
s.t.
D (@ojie + Yosk + 2058) = 1 keC  (32)
JjE€B(k)
Z Rojk = 1 ke C/ (33)
jeB(k)
d zm=1 ke K (34)
iel
Z Ljik = szwr Zymk iel,keC
jeP(i)u{o} Jes(@) JeS' (@)
(3.5)
Z Yjik + Z Zjik = Z Zijk 1el,keC
JEP'(1)U{o} jepP(i)u{o} Jes(u{t}
(3.6)
Z Zjik = Z Zijk iEI,kEO/
jeP(i)u{o} Jjes(u{t}
(3.7)
Z Z (sz‘k: + ij’k) + Yjik =1 =i (38)
keK \jeP(i)u{o} jeP!(i)u{o}
Zdz Z Tijk + Z Yijk < Dk keC (39)
iel JES(i) JES'(4)
Z d, Z Zz’jk S Dk Z Zoik + L (1 — Z Zm'k) k < C (310)
iel jesS(@)u{t} iel icl
1€IU{o} jeS(7)
Tijk, Yijk, Zije € 10,1} i,jel,ke K
(3.12)

re € {0,1} ke K (3.13)
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The objective function (3.1) is the minimization of total unused legal flying time
of critical aircrafts. It must be noted that noncritical aircrafts and critical aircrafts
that do not undergo maintenance within current planning horizon do not contribute
to objective function because unused legal flying time can only occur when aircrafts
undergo a maintenance operation. Constraints (3.2) and (3.3) ensure that each aircraft
in the fleet starts its route by flying one of the possible initial flight legs. Similar to

(3.2) and (3.3), constraints (3.4) ensure the completion of routes.

Before discussing balance constraints (3.5), (3.6) and (3.7), it must be noted that
a feasible route in this network can be constructed in two different ways. Firstly, if
a critical aircraft has a maintenance on its route, it must use ordinary arcs in Oy,
to connect the flight legs until the maintenance, then a replenishment arc in R and
then ordinary arcs in O,,, to connect the remaining flight legs after maintenance (note
that a critical aircraft can choose to start directly with a replenishment arc; in this
case none of the ordinary arcs in Oy, is used). Secondly, if an aircraft does not
have a maintenance within current planning horizon (not necessarily a non-critical
aircraft), then the entire route can be constructed by using ordinary arcs in O,. The
reason why the ordinary arcs in O,,, are used becomes apparent when our remaining
time calculation in the objective function is examined. The ordinary arcs in O, are
represented by z;;;, variables in the model and these variables have no effect in remaining
time calculations. This property serves to our aim perfectly because aircrafts with no
maintenance operations within current planning horizon have no effect on remaining

time calculations.

Constraints (3.5) and (3.6) are the balance constraints for critical aircrafts. Con-
straints (3.5) indicate that if an aircraft covers flight leg i before maintenance, then
the next flight leg covered by that aircraft must be either before maintenance again or
right after maintenance. In other words, knowing that flight leg 7 is connected to its
predecessor flight leg with some ord(j,i) € Oy, it must be connected to its successor
flight leg with either some ord(i, ;') € Opy or with some rep(i,j') € R. Similar to

(3.5), constraints (3.6) indicate that if an aircraft covers flight leg i after maintenance,
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then the next flight covered by that aircraft must be after maintenance again. It must
be noted that these balance constraints do not enforce a critical aircraft to undergo a
maintenance operation, it can still choose not to undergo maintenance by setting z;;y
and y;;, variables to 0. Constraints (3.7) are the balance constraints for non-critical
aircrafts. Since non-critical aircrafts do not undergo maintenance within the planning
horizon, x;;, and y;;; variables are not defined for them and balance constraints (3.5)

and (3.6) reduce to constraints (3.7).

Constraints (3.8) are flight coverage constraints, indicating that each flight must
be covered by an aircraft. Constraints (3.9) and (3.10) are legal flying hour limit con-
straints for critical aircrafts. Constraints (3.9) are for critical aircrafts that undergo
maintenance, indicating that the accumulated flight durations until maintenance can-
not be larger than the remaining time of the aircraft, D,. For critical aircrafts that
have no maintenance operations on their route, these constraints are redundant ones.
Constraints (3.10) are for critical aircrafts that do not undergo maintenance. For such
an aircraft, the accumulated flight duration for the entire route should be less than Dy,.
This constraint becomes redundant for aircrafts with a maintenance operation on their
routes because in this case, the right hand side of the constraint becomes L, which is
the length of longest route in terms of accumulated duration for given network. There
is no need to define such constraints for non-critical aircrafts because by definition their
remaining times cannot be violated within the current planning horizon. Constraints
(3.11) are coupling constraints between variables rj, and y;;;; namely if an aircraft uses
a replenishment arc within its route then this means that it undergoes maintenance.
Note that r, variable can be removed from the model by replacing the r; term in the
objective with the right hand side of (3.11); however, 7 has a physical meaning in vari-
able prioritization for B&B; therefore, we decide to keep it in the model. Constraints

(3.12) and (3.13) are integrality constraints on variables.

In our formulation, a critical aircraft can undergo a maintenance operation at
most once within the planning horizon. Therefore, legal flying hour limit, which is im-

posed by maintenance regulation, can be considered as an upper bound on L because it
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is not possible to guarantee the existence of a feasible solution with single maintenance

for each aircraft in networks where L is larger than legal flying hour limit.
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4. SOLUTION METHODS

Before introducing the solution methods, we must comment on the hardness of
OAMRP. Basically, OAMRP includes the partition problem, where |I| many flight legs
are covered by |K| many routes exactly once, with some additional constraints. The
partition problem is known to be NP-Complete; hence, OAMRP is NP-Hard (Sarac et
al. , 2006).

4.1. Exact Method: B&B with Variable Prioritization

Although OAMRP is NP-Hard and exact methods are not likely to find effective
solutions for large scaled instances, it is important to solve moderate instances to
optimality in order to have a base for evaluation of heuristic method performance. In
this study, the optimal solution to OAMRP is obtained by B&B using a general-purpose
integer programming solver like IBM ILOG CPLEX . During branching, CPLEX uses
a combination of predefined rules in an automated manner to decide on the variable
to branch. However, giving higher branching priorities to the variables in certain sets

may reduce the solution times of some ILP problems significantly.

Assigning higher priority order to some set of variables means that the variables
in that set must be decided before the other variables of the problem. In other words,
variables in sets with higher priority order are branched on (i.e. fixed) at higher levels
of B&B tree. Therefore, assigning higher priority orders to the set of variables which
activate the other sets of variables is a reasonable decision (User’s Manual for CPLEX

, 2009).

In the scope of OAMRP, r; and y,;; variables can be considered as activating
variables. As discussed in Section 3.2, decision variable r, indicates whether aircraft
k undergoes maintenance during the planning horizon. Notice that if we branch on 7}

variables at the higher levels of B&B tree, we gain important information regarding
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xi;, and y;;, variables. For instance, at child nodes above which ry, variable is set to 0,
values of z;j, and vy, variables directly become 0 due to constraints (3.5) and (3.11);
in addition, constraints (3.9) become redundant. Similar to rj variables, vy, variables
can also be branched on at higher levels of B & B tree because by doing so, we can
gain information about when the maintenance operation of aircraft k is going to occur.
For instance, when y;/ ;4 is set to 1 at some branch, we know that aircraft £’ is going
to undergo maintenance between flight legs i’ and j’. With this information, we know
that we will be connecting flight legs by using x;;» variables until flight leg ¢ and z;;
variables after flight leg j' due to constraints (3.5) and (3.6). Hence, at child nodes
which emanate from such a branch, values of ;s variables connecting flight legs that
are after flight leg j" and z;; variables connecting flight legs that are before flight leg

7' become 0 for aircraft k'.

For these purposes, three prioritization schemes are defined and tested under
different instances. In our first prioritization scheme, we assign high priority to all ry
variables and call this scheme as r — prio. In the second one, we assign high priority
to all 7, variables and y;j variables where i, € I and k' being the index of most
critical aircraft. By most critical, we simply mean that the aircraft with the least
remaining time. The second scheme is called as r — y..; — prio. Finally, we assign
high priority to all 74, and all y;;;, variables; and we call this scheme as r — y,; — prio.

These prioritization schemes are also compared with the default branching scheme of

CPLEX.

4.2. Heuristic Method: Compressed Annealing

Frequently occurring stochastic events in airline industry may affect the states
of the aircrafts in the fleet and such events generally increase operational costs or
even create infeasibilities in the existing route assignments. We may need to solve
OAMRP very frequently in order to respond to such changes; therefore, developing a
fast and responsive solution methodology becomes an essential task. For this purpose,

we propose a heuristic solution procedure based on compressed annealing for OAMRP.
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Introduced by Kirkpatrick et al. (1983) and Cerny (1985), simulated annealing
(SA) is a probabilistic metaheuristic analogous to annealing in metallurgy. In simple
terms, SA is a probabilistic local search method that allows accepting worse neighboring
solutions with a certain probability. The probability of accepting worse solutions is
directly proportional to temperature of annealing. At high temperatures SA behaves
as random search; however, as iterations go on, the temperature decreases and SA
converges to local search. One can refer to Dowsland (1993) for further reading on

simulated annealing.

During SA iterations for a minimization problem, infeasible solutions can be pe-
nalized to have significantly large objective values compared to feasible ones. The
amount of penalty is generally determined by multiplying a constant penalty multi-
plier, v, and the amount of infeasibility. However, determining the value of v is not an
easy task. Setting v to very large values is a meaningful option to avoid infeasibilities;
but such a decision makes it more difficult for SA algorithm to explore solution space.
Setting v to smaller values, on the other hand, can remedy the exploration problem:;
however, in this case, SA algorithm may end up with an infeasible solution. Therefore,
in the scope of OAMRP; rather than using SA with a constant penalty multiplier, we
can focus on an extension of it: Compressed Annealing (CA). CA is a metaheuristic
based on SA where infeasibilities are penalized with a variable penalty multiplier which
is called as pressure (Morse , 1997; Theodoracatos and Grimsley , 1995). Both temper-
ature (1) and pressure (\) are adjusted simultaneously during the iterations of CA. At
the beginning, the algorithm starts with a high temperature and a low pressure setting
in order to move freely within the solution space. As the iterations go on, with decreas-
ing temperature and increasing pressure values, CA starts to reject infeasible solutions
and converges to local search. In a recent study, Ohlmann and Thomas (2007) use
CA for TSP with time windows and show that CA generally performs better than SA
with static penalty multiplier for their problem. Additionally, a detailed discussion on
convergence in probability of CA can be found in the study of Ohlmann et al. (2004).
During the construction of our CA procedure, we benefit from the results of these

studies.
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The details regarding the application of CA to OAMRP are as follows:

Solution Structure: The solution structure used in CA iterations consists of | K| many
flight strings, denoting the routes of aircrafts. Namely, k" flight string is the route
which is assigned to aircraft k. In our solution structure, the routes are always connec-
tion feasible. In other words, all the flights in the flight strings are connected to their

immediate successors with arcs of any type.

Neighboring Solution Generation: For the generation of neighboring solutions, we uti-
lize the swap move which basically swaps the tails of given routes without violating
the connection feasibility of the routes. During the swap move, we first select two
flight strings, route 1 and route 2, from the current solution randomly. Then, from
route 1, we again randomly select successive flight legs ¢ and j. After that, we try to
find successive flight legs i’ and j’ of route 2 which satisfy the following conditions:
j' € S()UsS'(i) and j € S(i') U S'(#'). If we can find such successive flights, we swap
the tails of route 1 and 2, else we repeat this procedure until we find a neighboring
solution. Notice that this swap operation always creates connection feasible routes.

An example of swap move can be seen in Figure 4.1.

Route1 eee | [ [ | [ilj| [ [ [ [ eee

Route2 eeo [ [ | [ [ [F]J[ [ [ ] oo

Route 1 oee [ | | |

Route 2 eee [ | | |

Route1" ®ee | | [ [ [Jilj[ [ | | e

Route2' eee | | | | | [i[jf [ [ [ [ eoe

Figure 4.1. An Example of Swap Move.
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Initial Solution: We can obtain a connection feasible initial solution by solving a sim-
plified version of ILP model. For the simplified version, we ignore the objective, remove
constraints (3.2), (3.5), (3.6), (3.9), (3.10), (3.11) and write constraints (3.3) and (3.7)
for all aircrafts rather than non-critical ones. As a result of the simplified model, we
obtain |K| many connection feasible routes (not necessarily maintenance feasible) and

use them as flight strings of the initial solution.

Determination of 7o and A\peq: Determination of meaningful initial temperature (7p)
and maximum pressure (\,.;) values is an essential issue in CA because these values
directly affect the way how the heuristic behaves while exploring the solution space.
Since the initial conditions of aircrafts formalize the structure of the solution space
in OAMRP, it is a wise decision to determine 75 and \,,., values with respect to
them, rather than assigning constant values to these parameters for all cases. For this
purpose, at the beginning of the algorithm, we generate n many solution pairs, .%, and
calculate the absolute differences, |Af],, between the objective values of solutions in

each pair. Then we calculate initial temperature as follows (Dowsland , 1993):

(4.1)

In equation 4.1, |Af]| is the average of individual absolute differences and X is

the acceptance ratio at 7.

Before discussing the determination of \,,.., we must introduce the objective
function structure of a solution s. The objective function, fs(\), is a composite ob-
jective function with two components, where the first component, g5, represents the
amount of unused legal flying time and the second one, hg, represents the number of

maintenance infeasible aircrafts:
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fs(A) = gs + Ahy (4.2)

In their study, Ohlmann et al. (2004) discuss the existence of a pressure cap,
A*. Basically, \* is the minimum amount of pressure which is sufficient to represent
solution topography’s features. However, it is not easy to find a tight upper bound for

A*; hence, the approximation proposed by Ohlmann and Thomas (2007) can be used:

_ gs K

In equation 4.3, k denotes the ratio of penalty term to objective function value
when pressure is A,,q.. It must be noted that this approximation does not guarantee

that A4, is an upper bound on \*.

Cooling and Compression: The performance of CA heuristic is strongly dependent to
temperature and pressure updating schedules, also known as cooling and compression.
Ohlmann et al. (2004) state that the convergence to the set of global minima can be
ensured by cooling and compression schedules that have decreasing derivatives. For
this purpose, we utilize the geometric cooling and limited exponential compression
schedule (Ohlmann and Thomas , 2007) with parameters 0 < 5 < 1,7 >0, A\g > 0

and \,,qz > 0:

Teq1 = BTe (4.4)
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)\mam - /\ _
Aet1 = Amas <1 — ge W) (4.5)

Cycle Length: Cycle length, which is the number of iterations per CA cycle, is another
important determinant regarding the performance of CA. In our CA runs, we start
iterations with a predetermined initial cycle length and at the end of each cycle, i.e.
at each temperature and pressure update, we increase it by a certain percentage which

we call as cycle length increment.

Calculation of a Solution’s Objective Value: The way we should calculate the objective
value of a solution strongly depends on the assumption about the airport maintenance
capacities. The airport maintenance capacity is a restriction on the maximum number
of aircrafts that can undergo maintenance simultaneously for a certain airport. Assum-
ing that the airport maintenance capacities are ignored, individual unused legal flying
times and infeasibilities of aircrafts can be computed independently to calculate gs and
hs components of objective function. Under such an assumption, every aircraft can
independently select the best maintenance option among all other options within its
route without creating any infeasibilities regarding the airport maintenance capacities

(note that the capacitated case will be discussed in Section 6.1).

The calculation of unused legal flying time for an aircraft is trivial. First of all,
we know that there is a maintenance opportunity between successive flight legs ¢ and
j if set R contains the replenishment arc rep(i, j) and by checking all successive flight
legs within the route of corresponding critical aircraft, we determine all possible main-
tenance opportunities. Additionally, if the initial airport of the considered aircraft is a
maintenance airport, then there is a maintenance opportunity at the beginning of the
route (these kind of opportunities correspond to y,;, variables in the ILP formulation).
At this stage, two different cases can be observed: Either the maintenance opportunity

which yields the least unused legal flying time is assigned to the corresponding aircraft
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or no such opportunity can be found and the aircraft becomes maintenance infeasible.
One must note that, even an aircraft with positive number of maintenance opportu-
nities can become maintenance infeasible when the accumulated flight duration until
the first opportunity is greater than the initial remaining time. Finally, the sum of
maintenance feasible aircrafts’ unused legal flying time constitutes g, component, the
number of maintenance infeasible aircrafts constitutes h, component and composite

objective function is calculated by using the current pressure value .

Termination Criterion: The CA algorithm stops when there is no improvement in
the best feasible solution for a certain number of cycles and the cycle count exceeds
a predetermined limit for minimum number of cycles to execute. The algorithm also
stops if the objective value of a feasible solution turns out to be 0 because 0 is a lower

bound for OAMRP and a feasible solution with this value is surely optimal.
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5. NUMERICAL RESULTS AND PERFORMANCE OF
SOLUTION METHODS

5.1. Experimental Setting

We perform computational experiments on a domestic flight network of a com-
mercial airline company. The flight network consists of 354 flights per week and an
8-aircraft fleet is assigned to cover these flights. Technically, the flight network includes
354 nodes, 2852 ordinary arcs and 1900 replenishment arcs. Our aim is to determine
weekly routes for the aircrafts in the fleet with minimum unused flying time. In terms
of accumulated flight duration, the longest route of flight network lasts 4885 minutes;

i.e. L = 4885 mins.

The test cases mainly differ from each other in terms of the number of critical
aircrafts, |C|. In our test cases, |C| takes on three different values: |C| =1, |C| = 3 and
|C'| = 5. For each |C| value, we create ten different test cases by assigning randomly
determined remaining times to arbitrarily selected |C| many aircrafts in the fleet. The
remaining time, Dy, assigned to a critical aircraft k € C', can take on values between
0 and 3000 minutes as multiples of five. We select such an increment value because
all flight durations are multiples of five minutes. In addition, notice that any Dy value
less than L could be used as remaining time of a critical aircraft; however, we do not

allow Dy, to be larger than 3000 minutes in order to create tighter instances.

To summarize, we have 30 test cases, where test cases 1-10, 11-20 and 21-30 have
one, three and five critical aircrafts respectively. For each test case, critical aircrafts

and their corresponding remaining times are determined randomly.

As discussed in Section 4.1, we employed IBM ILOG CPLEX 11.0 in our exact
method runs and CA algorithm is coded in C# environment of Microsoft Visual Studio

2010. All the experiments are carried out on a PC with a 2.33 GHz CPU running under
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64-bit Windows Vista operating system. Maximum memory usage of CPLEX is limited

to 4.00 GB and a time limit of five hours is alloted for exact method runs.

5.2. Exact Method Results

The summary of exact method results for different prioritization schemes can
be seen in Table 5.1. For each test case, we report total unused legal flying time (in
minutes) as well as the required CPU time (in seconds) under all prioritization schemes.
The table also provides optimal values for all test cases except for cases 22 and 30. For
these two cases, the provided values are the best results obtained at the end of a 1-
week B&B run. Z., values in Best column are the best of the objective values found
among four prioritization schemes. Notice that the exact methods do not necessarily

find optimal solutions due to the time limit of five hours.

The optimality gaps are not reported in Table 5.1 because for most of the cases
lower bound values are stuck at the initial lower bound value of 0. In order to ob-
tain high quality lower bounds, we applied Lagrangean relaxation to OAMRP and
obtained aircraft separable problems by relaxing the constraints (3.8). Unfortunately,
Lagrangean relaxation procedure failed to provide high quality lower bounds at a rea-

sonable amount of time.

Before discussing the individual performances of prioritization schemes, we must
comment on the difficulty of test cases. By looking at required solution times, we can
clearly see that OAMRP becomes harder to solve as the number of critical aircrafts
increases. This is an expected behavior because the number of x;;, and y;;; variables

are directly proportional to the number of critical aircrafts.

On the basis of the results presented in Table 5.1, we can compare the perfor-
mances of prioritization schemes. First of all, when the averages of objective values
are investigated, we can say that the default branching scheme of CPLEX performs

better than all prioritization schemes on the average. However, the differences in av-



Table 5.1. Exact Run Summaries for 8-aircraft Fleet.

30

Case

Case 1
Case 2
Case 8
Case 4
Case 5
Case 6
Case 7
Case 8
Case 9
Case 10

Avg. 1-10

Case 11
Case 12
Case 13
Case 14
Case 15
Case 16
Case 17
Case 18
Case 19
Case 20

Avg. 11-20

Case 21
Case 22
Case 23
Case 24
Case 25
Case 26
Case 27
Case 28
Case 29
Case 30

Avg. 21-30

Grand Avg.
Rev. Awvg.

Optimal® Best default r — prio T — Yerit — PTIO T — Yaii — Prio
zZ* Zpest <4 CPU(s) Z CPU(s) Z CPU(s) Z CPU(s)
0 0 0 1879.38 0 1762.7 0 765.64 0 770.61
0 0 0 130.23 0 127.14 0 128.03 0 127.42
0 0 0 62.83 0 54.23 0 55.2 0 55.34
35 35 35 34.91 35 30.48 35 31.61 35 30.66
0 0 0 114.64 0 96.92 0 96.27 0 96.08
0 0 0  4047.61 0 210.95 0 871.05 0 873.16

105 105 105  31.84 105 29.91 105 29.75 105 29.69
0 0 0 707.06 0 674.31 0 799.88 0 802.66
0 0 0 1382.81 0 1212.13 0  1897.86 0 1900.97
0 0 0 432.44 0 362.52 0 360.5 0 362.8
14 14 14 882.38 14 456.13 14 503.58 14 504.94
0 0 0 1302.13 0 1249.8 0 1019.5 0  3663.88
10 10 10 18000 10 18000 10 3550.58 10 16972.41
0 0 5 18000 15 18000 0 1525598 0 736.81
50 50 50  802.81 50  5091.52 50 5069.69 50 881.2
0 0 15 18000 0 3310.03 0  5621.36 15 18000
95 95 95  3963.91 95 42211 95  420.83 95  8097.67
0 0 0 1293.66 5 18000 0 600.42 0 7799.61
50 50 50  510.72 50 847.09 50  845.03 50  2201.56
0 0 0 15004.03 5 18000 40 18000 5 18000
0 10 15 18000 25 18000 10 18000 10 18000
20.5 21.5 24 9487.73 25.5 10092.06 25.5 6838.34 23.5 9435.31
35 50 65 18000 80 18000 50 18000 90 18000
5P 70 70 18000 75 18000 130 18000 2770 18000
80 80 90 18000 80 1429595 95 18000 135 18000
115 115 135 18000 115  17487.91 115 14881.5 125 18000
0 30 85 18000 65 18000 30 18000 40 18000
0 0 40 18000 90 18000 180 18000 0 17875.58
130 130 135 18000 130  4464.69 140 18000 165 18000
0 50 55 18000 2100 18000 380 18000 50 18000
145 145 145 8679.08 145 7962.47 145 7978.45 145 10534.91
125P 125 130 18000 150 18000 140 18000 125 18000
64 79.5 95 17067.91 303 15221.1 140.5 16686 364.5 17241.05
32.83 38.33 44.33 9146  114.17 8589.76 60  8009.3 134 9060.43
34.82  36.79 43.04 8513.57 44.64 T7917.6 46.07 7295.68 42.86 8421.89

2 The optimal values are obtained by using CPLEX without time limit. In these runs, the best solutions are

provided to CPLEX as initial solutions.

b B&B procedure of CPLEX is terminated due to excessive memory usage after 1 week. Reported results are

the best ones obtained at the end of a 1-week B&B run.
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erages are mainly caused by cases 22 and 28 because all prioritization schemes we
defined perform poorly in one of these two cases. Although this implies that the de-
fault branching scheme of CPLEX is more robust to changes in instances, we discard
cases 22 and 28 and calculate the average of remaining 28 cases, which we call as re-
wised average, for further comparison. The differences between revised averages become
insignificant compared to previous differences; hence, we cannot claim that any priori-
tization scheme is significantly better than the default one. On the other hand, default
branching scheme ends up with Z.s values for 19 of 30 cases whereas this number is
20 for r — prio, 22 for r — y.; — prio and 23 for r — y...+ — prio scheme. In fact, this
supports our robustness claim about default branching scheme of CPLEX: Although it
is the worst scheme in terms of the number of best solutions found, it is the best one

when averages are considered.

In cases 1-10 all prioritization schemes find the optimum solutions; however, de-
fault branching scheme performs worse than the other three in terms of required CPU
time. For the remaining test case sets (11-20 and 21-30), it is not very meaningful
to compare required CPU times of different schemes because the best solution perfor-
mances of different schemes vary for most of the test cases in these sets. On the other
hand, when we calculate the averages of required CPU times of 16 cases for which
the best solution performances of all prioritization schemes are the same, the average
required CPU time for default, r — prio, r — yeris — prio and r — yy — prio schemes

are 2630.15, 2383.39, 1494.99 and 2962.56 seconds respectively.

To summarize, the default branching scheme of CPLEX produces more stable
results and generally requires longer CPU time than other branching schemes. Among
the other schemes, r — y..;; — prio provides the best solutions for many cases in shorter
CPU times; however, its performance is poor on the average due to low quality solutions
in cases with high number of critical aircrafts (cases 21-30). Performances of r — prio
and 7 — y,; — prio are very similar to the default scheme and they are (especially
T —ya — prio) likely to find the best solutions for many cases; however, their robustness

is arguable since they perform dramatically poor on cases 28 and 22 respectively.
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5.3. CA Results

Determination of a good parameter setting is the key factor in the success of all
heuristic methods. For this purpose, we carried out a preliminary analysis in order to
determine the values of parameters for CA runs. The setting presented in Table 5.2

seems to perform well under different instances.

Table 5.2. Parameter Settings for CA.

Parameter Setting
Cooling coeff. (5) 0.90
Compression coeff. () 0.10
Initial acceptance ratio (Xo) 0.99
Pressure cap ratio (k) 0.99
Initial cycle length 60
Cycle length increment 1%
Minimum number of cycles to execute 100

The summary of ten CA replications can be seen in Table 5.3 along with the
optimal values and the results of the best prioritization schemes for the corresponding
cases. In the table, Zj.s; and Z columns represent the best result found during repli-

cations and the average of these replications, respectively. The standard deviation of

replication results are reported in oz column. Additionally, CPU and C'PU columns

show the averages of total solution and first feasible solution times of replications.

Similar to the exact method runs, we observe the increasing trend in CPU and
Wf as the number of critical aircrafts increases. We must also note that o values
increase as the number of critical aircrafts increases. This is not an unexpected behavior
because as the number of critical aircrafts increases, the search space becomes harder
to explore due to higher number of infeasibilities. As a result, high quality solutions

may not be observed as frequently as they are in easier test cases.



Table 5.3. Compressed Annealing Run Summaries for 8-aircraft Fleet.

Case

Case 1
Case 2
Case 3
Case /
Case 5
Case 6
Case 7
Case 8
Case 9
Case 10

Avg. 1-10

Case 11
Case 12
Case 13
Case 14
Case 15
Case 16
Case 17
Case 18
Case 19
Case 20

Avg. 11-20

Case 21
Case 22
Case 23
Case 24
Case 25
Case 26
Case 27
Case 28
Case 29
Case 30

Avg. 21-30

Grand Avg.

Optimal Best of Exact Runs Compressed Annealing Replication Summary
z* A CPU (s) Zpest Z oy CPU(s) Wf(s)
0 765.64 0 1.5 3.37 40.7 2.22
127.14 0 0 0 15.06 2.44
54.23 0 0 0 25.4 3.14
35 35 30.48 35 35 0 79.91 2.25
0 0 96.08 0 0 0 20.41 2.1
0 0 210.95 0 0 0 21.86 2.3
105 105 29.69 105 105 0 80.6 2.18
674.31 0 1.5 3.37 29.22 3.03
1212.13 0 5.16 68.92 2.23
360.5 0 5.66 2.29
14 14 356.12 14 14.9 1.19 38.77 2.42
0 0 1019.5 0 2 3.5 84.83 2.28
10 10 3550.58 10 21.25 16.2  122.47 45.39
0 0 736.81 0 3.5 4.12 96.69 3.04
50 50 802.81 50 56.5 747 122.95 2.88
0 0 3310.03 0 8 7.89  106.61 9.11
95 95 420.83 95 99.5 5.5 117.09 2.53
0 0 600.42 0 6.5 5.8 101.94 2.4
50 50 510.72 50 50.71 1.89 107.21 25.66
0 15004.03 13 13.51  108.4 35.16
10 18000 5 25.5  23.15 118 8.78
20.5 21.5 4395.57 21 28.65  8.90  108.62 13.72
35 50 18000 40 55.71  12.05 156.64 36.71
5 70 18000 10 91 67.32 167.56 3.6
80 80 14295.95 95 105 10 118.92 21.92
115 115 14881.5 115 129.29 16.94 161.83 11.03
0 30 18000 20 42,5  24.64 143.77 3.23
0 0 17875.58 0 57 38.96 159.78 3.92
130 130 4464.69 130 135 6.61  154.87 33.82
0 50 18000 0 34.5  28.33 151.01 2.73
145 145 7962.47 145 156 10.84 141.79 42.38
125 125 18000 140  178.75 46.04 144.72 24.26
64 79.5 14948.02 69.5  98.48 26.17 150.09 18.36
32.83 38.33 6566.57 34.83 4734 12.09 99.16 11.5

33
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Before discussing and comparing the performances of the methods further, we
must comment on the total solution time of CA runs. Note that CPU column in Table
5.3 reports the average duration per CA replication. If we are discussing performance
of CA by considering the best results obtained at the end of ten replications, we must
multiply the CPU column by ten in order to obtain the overall time required to find
the best solution. For instance, for the test case 21, the best objective value of 40 is
assumed to be found in 156.64 x 10 = 1566.4 seconds because even if we find 40 at the
end of first replication, we have to wait until the end of tenth replication to claim that

it is our best solution for the test case 21.

When we consider the best results found during replications, CA method finds
optimal solutions for 26 of 30 test cases. Furthermore, it performs slightly worse than

the result of the best prioritization scheme only on the cases 23 and 30. In addition to

these, by looking at average solution quality, C PU and C'PU; times, we can claim that
CA provides the responsiveness we need in the airline environment because it finds high
quality solutions in a very short amount of time compared to exact methods we have
tried. For further discussion, we report average objective values of different methods
in Table 5.4 along with the average optimality gaps and required solution times. Apart
from all cases, we provide the same statistics by excluding cases 22 and 28 since some
branching schemes perform significantly poor in these two cases. Notice that in the
table, CA avg row is the average performance of a compressed annealing replication
whereas C'A best row represents the best performance among ten replications; hence,

overall solution time of CA best is exactly ten times that of CA awvg.

CA performs (especially when CA best is considered) much better than all prior-
itization schemes that are tried in terms of both solution quality and required solution
time. In these 30 test cases, as seen in CA avg row of Table 5.4, an average CA replica-
tion lasts 1.6 minutes and returns a solution which is almost the same as those of exact
runs in terms of solution quality (25-30% optimality gap). We are able to decrease
the optimality gaps to 5-6% in 16 minutes simply by replicating this procedure ten

times. Additionally, CA seems to be robust under all different test cases although one
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Table 5.4. Summarized Performances of the Methods.

A gap (%) CPU(s)

optimal 32.83 - -
default 44.33 25.94 9146
2 T-prio 114.17  71.24 8589.76
S rcritprio 60 4528 8009.3
= r-yall-prio 134 75.5 9060.43
CA avg 47.34 30.65 99.16
CA best 34.83 5.74 991.61
optimal 34.82 - -
% default 43.04 19.1 8513.57
=3 r-prio 44.64 22 7917.6
§ r-crit-prio  46.07 24.42 7295.68
g r-yall-prio  42.86 18.76 8421.89

CA avg 46.23 24.68 94.87
CA best 36.96 5.79 948.66

or two replications out of ten may terminate without finding any solutions in some rare

instances.

We must note that an 8-aircraft fleet is not large scaled enough to discuss the
solution quality and speed of CA; however, with the help of such small or moderate
scaled instances, we are able to compare our heuristic methods with exact methods and
optimal solutions. In most of the large scaled instances, exact methods fail to find even
feasible solutions due to difficulty of the problem and the performance gap between
heuristic and exact methods becomes immeasurable. Therefore, comparing a heuristic
method with an exact one in large scaled instances is not meaningful since it always
favors the heuristic method (especially if the heuristic method is able to find feasible
solutions in a short amount of time). On the other hand, testing the heuristic methods
in large scaled instances is necessary in order to see their applicability in real life. For

this purpose, in Section 6.1, we perform computational experiments on a 20-aircraft
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fleet with additional constraints and comment on the scalability and applicability of

CA.
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6. MODIFICATIONS TO OAMRP

Since we are dealing with operational aircraft maintenance routing problem, op-
erational level constraints related to airport maintenance capacities and satisfaction
of already booked maintenances must be taken into account. Since the proposed ILP
formulation of OAMRP and CA-based solution procedure ignore such restrictions, we

propose some modifications to existing ILP formulation and heuristic solution method.

6.1. Capacity Considerations

The maintenance capacity of an airport is a restriction due to hangar availability
and it limits the number of aircrafts that can undergo maintenance simultaneously at
the corresponding airport. In most of the previous studies, maintenances are assumed
to be overnight operations and with such an assumption maintenance capacity con-
straints can be constructed by limiting the number of replenishment arcs to be used
during nighttime. Although this approach may result in underestimation of real hangar
capacities in our case, we construct the capacity constraints in the same way due to

various advantages it provides.

Since we are not enforcing specific time windows for maintenance operations,
merely limiting the number of intersecting replenishment arcs may lead to underesti-
mation of the real hangar capacities. When the duration of a maintenance operation
is less than 24 hours (eight hours in our case) and these operations do not necessarily
occur during night time, the same hangar can be used by different aircrafts during
the same day. Since the available time window between the flights connected by a
replenishment arc can be larger than the duration required by the maintenance opera-
tion, corresponding maintenances of replenishment arcs with intersecting time windows
can be scheduled without violating the hangar capacities. However, our construction
does not allow usage of intersecting replenishment arcs simultaneously even though a

feasible schedule can exist, resulting in an underestimation of real hangar capacities.
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Although limiting the number of intersecting replenishment arcs may result in
underestimations in terms of hangar capacity, this approach provides various advan-
tages. First of all, such capacity constraints can be added to our ILP formulation
without further complicating the existing structure. Secondly, since these constraints
underestimate the real hangar capacity, it is not likely to observe tight maintenance
schedules in the solution. It is always better to avoid tight maintenance schedules
because they tend to create operational problems in real life. For these reasons, we
divide our planning horizon to daily time windows and allow at most capacity many

replenishment arcs to be active during that day for the corresponding airport.

ILP formulation for capacitated OAMRP (COAMRP-ILP) can be written with
the addition of capacity constraints to OAMRP-ILP:

Z Zyz‘ijCaw ac A, weW (6.1)

i,5: keC
rep(i,j) € Raw

4/ is the set of airports and # is the set of time windows. Set R, is a subset of
R and it contains the replenishment arcs that represent maintenance opportunities in
airport a during time window w. Constraints (6.1) ensure that the number of main-
tenance operations in airport a for time period w is not greater than the maintenance

capacity, Cqw-

CA-based solution procedure for capacitated case differs from that of OAMRP
in terms of objective calculation only. When we ignore the airport maintenance ca-
pacities, each aircraft can select the best maintenance opportunity in its current route
independently and individual unused legal flying times and infeasibilities of aircrafts
can be added to calculate g and h components of the objective function. However,
in capacitated case, such an approach may create infeasibilities because independently

determined maintenances of aircrafts can be capacity infeasible. For this reason, the
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following capacitated maintenance assignment model (CMA) must be solved to deter-

mine the best maintenance assignments for a solution s of CA:

CMA:
| M|
mmz Zmlmkl (62)
keC"” 1
s.t.
| M|
kal =1 kEeC” (63)
l
| M|
Z Z CawklMil < Caw a € ﬂ,w e (64)
keC” 1
my € {0, 1} k e C”,l =1,.., |Mk| (65)

In this formulation, C” is the set of aircrafts that need to undergo maintenance
with respect to the route assignments of solution s. The critical aircrafts are not nec-
essarily a member of set C” because even the critical ones do not undergo maintenance
when the total accumulated flight duration of their routes are less than their remaining
times; hence, C” C C. My, = {mg1, My, ..., Mk, } is the set of feasible maintenance
opportunities for aircraft k where variable my,; represents the [ opportunity. my; is a

binary variable which takes value 1 if aircraft k uses its ("

maintenance opportunity
and 0 otherwise. ry; parameter is the amount of remaining time incurred by aircraft k
when it selects the [ maintenance opportunity in its route. equi is a binary parameter
that takes value 1 if I maintenance opportunity of aircraft k take place in airport a

during time window w and 0 otherwise.

Objective (6.2) is the minimization of total remaining time. Constraints (6.3)
are maintenance satisfaction constraints which assure that every aircraft that needs

maintenance utilizes one of its feasible maintenances opportunities. Constraints (6.4)
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are similar to constraints (6.1). They ensure that the number of maintenance operations

in airport a for time period w is not greater than the maintenance capacity, cq.,.

In our capacitated CA iterations, CMA is not solved for every route assignment
we generate. We first assign the best maintenances to aircrafts independently, calculate
objective components as we do in uncapacitated case and check whether the assign-
ments we find are capacity feasible. CMA is only solved if the maintenance assignments

we find are capacity infeasible.

6.1.1. Experiments for the Capacitated Case

The flight network on which we performed capacitated experiments contains more
flights than the flight network we used in Chapter 5. There are two reasons why we
choose a larger flight network: First of all, it is not very likely to create tight test cases in
terms of capacity when the network and corresponding fleet is small. Secondly, larger
test cases can provide us information regarding the real life applicability CA. The
new flight network, which is another domestic flight network of the same commercial
airline, consists of 667 flights per week and a 20-aircraft fleet is assigned to cover these
flights. Technically, the flight network includes 667 nodes, 11987 ordinary arcs and 6670
replenishment arcs. The longest route in terms of accumulated duration, L, is 5140
minutes. The flights in the flight network visit 36 airports and five of these airports
are maintenance airports. Among these maintenance airports, one has a maintenance
capacity of five whereas the others have maintenance capacities of one. Our aim is,
again, to determine weekly routes for the aircrafts in the fleet with minimum unused

flying time.

The test cases are generated in a similar fashion to those in Section 5.1. The
number of critical aircrafts, |C|, takes on values 8 and 12 and the remaining time of a
critical aircraft k, Dy, is randomly generated between 0 to 2000 minutes as multiplies
of five. Again, for each |C| value, ten different test cases are created by assigning

randomly determined remaining times to arbitrarily selected |C| many aircrafts in the
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fleet. In fact, the number of critical aircrafts are exaggerated and Dj parameters are
limited to maximum of 2000 minutes to have sufficiently tight test cases in terms of
capacity. In summary, we have 20 test cases, where the test cases 1-10 and 11-20 have

8 and 12 critical aircrafts respectively.

The parameter settings of capacitated CA runs are the same as those of 8-aircraft
runs except the initial cycle length. Initial cycle length is increased from 60 to 100,
parallel to increase in the number of flights in the flight network. The summary of ten

capacitated CA replications can be seen in Table 6.1.

For the capacitated CA replications, we report the same statistics as in Table
5.3 along with the averages of objective values of first feasible solutions found during
replications, Ef. Additionally, since the exact methods are unable to generate even
feasible solutions in five hours, we do not report any results related to exact runs. In
order to have an opinion about the quality of solutions, we report the underutilization

percentage, U, which denotes the unused portion of total remaining flying time:

U x 100 (6.6)

Bl Zkec Dy

When we consider quality of solutions, we know that Z.. values for cases 1,
3, 4, 6, 7, 12 and 20 are optimal because 0 is a lower bound to OAMRP (i.e. we
cannot have a negative unused flying time in a feasible routing). Since we do not have
any optimal results for the rest of the cases, we can use underutilization percentages
to discuss about the quality of solutions. In cases 1-10, averages of Up.s and U are
0.14% and 0.46% respectively; in cases 11-20, these values increase to 0.79% and 1.34%
leading to a grand average of 0.47% and 0.90%. In the capaciated CA replications, the
underutilization decreases to less than 1% on average whereas first feasible solutions

found fail to utilize more than a quarter of total remaining time. From this perspective,
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Table 6.1. Capacitated Compressed Annealing Runs for 20-aircraft Fleet.

Case Capacitated CA Replication Summary Underutilization Percentage

Zyest 2 oz CPU(s) Zy CPU¢(s) Upest(%) U%) Uyp(%)

Case 1 0 2.5 5.4 98344 2834.5 13.08 0 0.021 23.66
Case 2 5 21.5 13.55 1392.6 2195 83.76 0.061 0.263  26.867
Case 3 0 26 26.23 1331.82 2280.5 33.54 0 0.307 26.94
Case 4 0 18.5 23.34 1348.78 1909.5 163.61 0 0.208  21.443
Case 5 50  88.5 33.67 1302.29 3145 8.21 0.508 0.9 31.978
Case 6 0 26 19.12 1460.53 1826.5 82.14 0 0.381  26.742
Case 7 0 7.5 11.61 1242.65 2737.5 8.3 0 0.08 29.294

Case 8 35 47  14.38 1554.49 2089 37.38 0.494 0.663  29.464
Case 9 20 39  16.63 1240.49 1378.5  204.55 0.274 0.535  18.897
Case 10 ) 74.5 74.22 1267.99 2551.5  31.65 0.085 1.27 43.504

Avg. 1-10 11.5 35.1 23.81 131251 2294.75 66.62 0.142  0.463 27.879

Case 11 90 149  34.86 1540.56 3608 24.11 0.707  1.17 28.342
Case 12 0 18.5 13.75 1498.05 3921.5 14.35 0 0.131 27.842
Case 13 110 132.7 23.86 1590.95 1236.6  328.58 1.129 1.362 12.69
Case 14 30  66.5 43.14 1994.68 4137.5 8.44 0.225 0.5 31.097
Case 15 25 39.5 13.22 1806.26 3161.5 35.24 0.229 0.362  28.991
Case 16 185 293 82.7 1523.97 2760 33.06 1.961 3.1056  29.253
Case 17 165 282 7484 1914.3 21715 123.62 2.124  3.629  27.947
Case 18 35 53.5 17 1589.88 3533 142.94 0.244 0.373  24.629
Case 19 110 223 107.11 1763.42 2364 140.77 1.275 2.584  27.393
Case 20 0 17.5  18.14 1669.64 3602.5 88.58 0 0.134  27.669

Avg. 11-20 75 127.52 42.86 1689.17 3049.61  93.97 0.789 1.335  26.585

Grand Avg 43.25 81.31 33.34 1500.84 2672.18 80.3 0.466 0.899  27.232

we can claim that capacitated CA replications perform well on 20-aircraft fleet runs in
terms of solution quality. In addition to that, among total of 20 x 10 = 200 replications,

only one replication failed to return a feasible solution.

The average solution time per replication is around 25 minutes; therefore, best
solutions are obtained around four hours. Furthermore, we can still find feasible so-
lutions to our problem in less than two minutes. In this sense, we can claim that the

responsiveness of CA is not lost because in case of a sudden state change low quality
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(underutilization around 25%) weekly routes for the entire fleet can be generated in
two minutes and these routes can be improved significantly (underutilization around

1%) within 25 minutes.

6.1.2. Scalability and Applicability of Compressed Annealing

One of the most important factors that affects the total solution time of CA is
the number of flights to be routed, i.e. the length of planning horizon. In the scope of
this study, we aim to find weekly routes for the aircrafts; therefore, the flights in our
flight network are simply the flights of the following seven days. When we switch from
weekly to daily routing, the flight network becomes significantly smaller; therefore, the
solution times decrease significantly. On the other hand, solving this problem in a daily

fashion is a myopic approach and would reduce the quality of solutions.

Fleet size, which is strongly related to number of flights to be covered, is another
important determinant of total solution time. As seen in 8-aircraft fleet and 20-aircraft
fleet runs, increasing fleet size increase total solution time of CA remarkably. It is obvi-
ous that the problem we solve for 20-aircraft fleet is harder due to capacity constraints;
however, the significant increase in total solution time of CA can be observed even in
cases where CMA is not solved very frequently. Similar to total solution time, average
first feasible solution time increases as the fleet size becomes larger; however, we must
note that even for a weekly routing of a 20-aircraft fleet it is on the order of one to two

minutes.

In order to have a better opinion about the scalability and applicability of CA, we
duplicated the flight network of 20-aircraft fleet to obtain a 40-aircraft fleet with 1334
flights to be covered per week. In our experimentations with 40-aircraft fleet, we obtain
promising results about the applicability of CA. In these cases, solution time per CA
replication increases to five to six hours; and first feasible solutions are found within five
minutes. Although the replications last considerably long, the solution quality seems

to be unaffected. In other words, in most of the 40-aircraft cases underutilizations are
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still less than 1%. According to our observations, it might be a good option to limit
total execution time of CA in large scale cases when fast solutions are required because
major improvements in objective function are observed within the first few hours of
the CA replication. In general, first feasible solutions lead to an underutilization of
25-30% whereas this value decreases to 5% within one hour and to 1% within 2-2.5
hours. An example of underutilization change during a CA replication for 40-aircraft

fleet can be seen in Figure 6.1.
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Figure 6.1. Underutilization Change During a CA Replication for 40-aircraft Fleet.

In summary, performance of CA depends on the size of fleet and the length of
planning horizon. The experimental results show that CA yields high quality solu-
tions for OAMRP even for large scaled instances within a reasonable amount of time.
Furthermore, the swap move seems to be very effective in generating feasible solu-
tions because first feasible solution times are around five minutes even for weekly route

assignments of a 40-aircraft fleet.
6.2. Rolling Horizon Approach
Longer planning horizons yield high-quality routes from optimization perspective;

however, such routes are not likely to be followed at operational level. Basically, long-

term routing results in longer flight strings to be followed. Even if these strings are
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feasible with respect to operational constraints, it is not logical to assign them to
aircrafts in advance due to the stochasticity of airline environment. On the other
hand, selecting shorter planning horizons results in routes that are more likely to be
followed; however, it leads to a myopic perspective that may cause low-quality solutions.
Therefore, a rolling horizon approach which combines quality of long-term horizon and

applicability of short-term routing can remedy these problems.

In our rolling horizon approach, we basically optimize for a long planning horizon
and fix a small portion of our solution. For instance, we solve OAMRP for the following
seven days to determine week-long routes for each aircraft and from those routes, the
flights of the following day are set as daily routes to be followed. Then, at the end of
the day, we again solve OAMRP by reconstructing the flight network for the following
seven days and repeat this procedure. Upon doing so, we are able to determine shorter
routes, which are more likely to be followed at operational level, without ignoring the

flights of the following days.

In this approach, we need to deal with the already booked maintenances. Booking
a maintenance operation simply means reserving a maintenance interval at some hangar
of a maintenance airport and we call these bookings as booked maintenance slots. Since
airports must be informed about maintenance operations beforehand, we always have
some booked maintenance slots that we have to consider within our current planning
horizon. In other words, although we have the freedom of fixing the routes of the
next day at the last moment, we are not free to plan for maintenance operations that
late. As a result, we need to plan for our maintenance operations with respect to our

long-term routing results and try to obey them as much as we can at operational level.

In the literature, when a maintenance operation is booked for some aircraft k,
it must undergo that specific maintenance regardless of the situation. In other words,
the aircraft which undergoes maintenance in a certain booked maintenance slot is
determined during planning of maintenance and cannot be changed. For this purpose,

such an aircraft is either forced to follow a fixed route until the booked maintenance
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occurs or restricted to arrive to the airport of the booked maintenance at the planned
time. In this study, different from the literature, we do not fix the specific aircraft which
will use the booked maintenance slot in advance, instead, we only have a restriction
which specifies that each booked maintenance slot must be utilized by an aircraft that
needs to undergo maintenance. For instance, we may plan for a maintenance operation
and book a maintenance slot, p, at a certain airport at a certain time by considering
the long-term routing result of some aircraft k; however, p is not necessarily used by
aircraft k because during our rolling horizon approach, routes of aircrafts keep changing
and p may become more beneficial for another aircraft &’. We make this relaxation
due to the fact that most of the fleets consist of similar types of aircrafts because

maintenance slots can be used by any aircraft in such fleets.

We assume that a maintenance operation can take place within a booked main-
tenance slot p, if the replenishment arc of the corresponding maintenance and p share
a common interval whose length is more than a user-defined specific proportion of the
maintenance duration. Figure 6.2 shows an example where this proportion is set to 3/4
of 8-hour maintenance duration. In the figure, all replenishment arcs except the dotted
ones can take place during p because they have sufficiently (more than six hours) long
common intervals with p. Notice that in the figure, i, 79, 73 and i4 are arriving and j,

J2, j3 and js are departing flight legs for a maintenance aircraft.

2 hours
—>

Figure 6.2. Maintenance Opportunities Which Can Take Place During p.
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The maintenance slot satisfaction constraints must be added to OAMRP-ILP (or

COAMRP-ILP) in order to generate feasible routes for rolling horizon approach:

Z Zyijk >1 pe S (6.7)

1,7 keC

rep(i,j)ERyp

2 is the set of booked maintenance slots, set R, is a subset of R and it con-
tains replenishment arcs that represent maintenance opportunities which can take place
within the booked maintenance slot p. Therefore, constraints (6.7) ensure that there
is at least one maintenance operation during booked maintenance slot p. We must
note that these constraints do not work correctly when a replenishment arc rep(i, )
belongs to more than one ﬁp sets. For instance, when there are two booked mainte-
nance slots , say p; and po, within the same interval at the same airport (which may
be the case in airports with maintenance capacities larger than one), then a replenish-
ment arc rep(i, j) can be element of both R, and R,,. In such a case, if we decide
to use rep(i, j) for some aircraft k, then we seem to satisfy both constraints by filling
both slots with a single maintenance operation; however, this is not correct. Therefore,
we need to define variables in order to distinguish replenishment arcs that belong to
different Ep sets. yfjk is a binary variable denoting the replenishment arc rep(i,j) of
aircraft k in set R,. Additionally, index set A(i, j) consists of p indices of R, sets that
contain rep(i, j) as an element. In order to correct our formulation, constraints (6.7)

are replaced with the following ones:
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D =1 pE P (6.8)

i.j: _ keC
rep(i,5)€ERp
PEA(3,])
Yo €10,1} i,jel,keCpe A(i,j) (6.10)

Constraints (6.8), (6.9) and (6.10) ensure that there is at least one maintenance

operation during each booked maintenance slot.

CA-based solution procedure for rolling horizon approach differs from that of
OAMRP in terms of objective structure and calculation. In the objective function
we have a new infeasibility component u, where u denotes the number of unsatisfied
booked maintenance slots. We define another pressure parameter for u component,
i, and initialize fi,,q, similar to A, by using u instead of h. Rolling horizon based
capacity maintenance assignment model (RHCMA) can be written with the addition

of following constraints to CMA:

> omb >1 peP? (6.11)
k,l:
kaEMp
> mb = my keC' l=1,..|M| (6.12)
peE(k,l)
mp, € {0,1} keC"l=1,..,|Ml,pe E(k,I) (6.13)

Similar to Ep, Hp is a subset of M} and it contains the maintenance opportunities

which can take place in slot p. Similar to yfjk variables, m}, variables are defined to
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represent the maintenance opportunities in set Mp. mY, is a binary variable that
takes value 1 if [ maintenance opportunity of aircraft k is used during slot p, and 0
otherwise. Similar to A(i, j), E(k, ) is an index set of p indices of M, sets that contain

my; as an element.

Similar to capacitated case, during CA iterations of rolling horizon approach,
RHCMA is not solved for every route assignment we generate. We first assign the best
maintenances to aircrafts independently and calculate objective components as we do
in uncapacitated case and check whether the assignments we find are capacity and slot
feasible. RHCMA is only solved if the maintenance assignments we find are capacity

or slot infeasible.

6.2.1. Maintenance Booking Preservation Example

An example of maintenance booking preservation with different aircrafts is pre-
sented in Figure 6.3, where two different route assignment segments regarding the third
day of a route assignment is shown. The length of intervals between two consecutive
time lines is 15 minutes and notice that night time is squeezed since there are no flights
during that interval (between 22:00-03:00). Gray rectangles represent assigned flights
of corresponding aircrafts. Black and checkered rectangles represent the intervals in
airports a; and ay during which the corresponding aircrafts must undergo maintenance
for eight hours. For instance, in the first route assignment aircraft k; arrives to a; at

18:05 and we know that it must undergo maintenance until its departure at 05:00.

In the example the first route assignment (upper one) is done at the beginning
of the planning horizon and by looking at the results we decide to book two slots for
aircraft k1 and ko in airports a; and as respectively. The first booked slot, pq, is for
aircraft k; in airport a; between 20:00 and 04:00 and the second one, p, is for aircraft
ko in airport as between 21:00 and 05:00. At the end of the first day, due to delays
caused by some stochastic events, the remaining time of k1 turns out to be less than our

expectation, causing its existing route assignment to become infeasible. Therefore, at
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Figure 6.3. Rolling Horizon Example.

the end of the first day, the horizon is shifted one day and new weekly route assignments
(below one) are determined with respect to current states of the aircrafts. As seen in
the second assignment the routes are changed and the maintenance slots p; and ps
are utilized by different aircrafts. At the beginning of the horizon, p; was booked for
aircraft k1 and p, was booked for aircraft ko; however, at the end of the first day, k;
becomes the one which utilizes ps and ks becomes the one which utilizes p; assuming

that no changes occur until maintenance operations.



51

7. CONCLUSION

In the scope of this study, we proposed a new ILP formulation for OAMRP with
time consideration by modifying connection network and described exact and heuristic
methods to solve it. From operational perspective, we took airport capacity restrictions
and already booked maintenance slots into consideration. Our rolling horizon approach
is unique in the sense that it does not enforce fixed routes or dedicate certain arrivals

for preserving already booked maintenance operations.

On exact side of solution methodologies, we used B&B with different prioritization
schemes on variable sets and compared them with the default branching scheme of
CPLEX. Some of the prioritization schemes seem to perform better than the default one
in terms of the number of optimal solution found and the required CPU time; however,
they were not as robust as the default scheme under different test cases. As a heuristic
method, we utilized CA, which is an extension of SA method where infeasibilities are
penalized with a variable penalty multiplier. CA is a relatively new heuristic and never
applied aircraft maintenance routing problems before. In medium scaled cases, CA was
very effective in finding high quality solutions in significantly shorter amount of times
compared to all exact methods tested. Additionally, in large scaled cases where exact
methods fail to find even feasible solutions, CA yields a feasible solution within the
first few minutes and decrease the underutilization of remaining flying time under 1%

at the end of the first two hours.

In addition to solution quality, CA provides the responsiveness required by airline
environment. In case of emergent state changes, CA based solution technique is able to
provide new feasible solutions on the order of minutes. This is an important property

of CA because such emergent state changes are very likely to occur in airline industry.

Contrary to most of the studies which focus OAMRP on daily basis, we try to

solve the problem for one-week planning horizon because planning entire week on a
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daily basis may lead to low quality results due to its myopic perspective. We also
proposed a rolling horizon based method that can be utilized to determine daily routes

by taking longer horizons into account.

From modeling perspective, integrating OAMRP with crew scheduling in an effi-
cient way can be a challenging future research subject. In terms of solution methodol-
ogy, more sophisticated branching schemes may be designed to increase the efficiency
of B&B for large scaled cases. Additionally, finding high quality lower bounds for
OAMRP may improve the performance of exact methods significantly because lower
bounds either improve very slowly or stuck at very poor values during optimization.
On the other hand, more intelligent neighbor generation rules may be looked for to

further improve the solution quality of CA.
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APPENDIX A: BASIC FLIGHT NETWORK ELEMENTS

Flight Element: Flight element keeps track of arrival and departure information
of a flight leg along with lists of ordinary & replenishment arcs that either enter into
or emanate from that flight. We use indez field to label flight legs with distinct integer

numbers. The object diagram of flight element can be seen in Figure A.1.

() IClonesble

¥

" Flight
Class

= Fields

arrival : DateTime

departure : DateTime

destinaticn : Airport

duraticn : double

index : int

predecesscrCrdArcs : List<CrdinangArce
predecesscrRephrcs : List<Replenishmentfrc»
source : Airport

successorCrdArcs ¢ List<CrdinaryArc>

O e e e e e

successorRephrcs @ List<Replenishmentdrc >
* Properties
= Methods

% Clonel) : object

Figure A.1. Class Diagram of Flight Class.

Ordinary Arc Element: Ordinary arc element represents the ordinary connection
(connection without a maintenance operation) between flight legs ¢ and j. INumVar
arrays z and z have lengths of | K| and they represent x;;;, and z;;; variables respectively.
Each ordinary arc keeps the indices (as headIlndex and taillndex) of flight legs that it
connects. In addition, groundtime is the amount of time spent in the airport between
connected flight legs and throughwvalue is the benefit obtained by utilizing the arc. In
the scope of our study, through values of all arcs are assumed to be equal; hence, this

field is never used. The object diagram of ordinary arc element can be seen in Figure
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A2

(P [Cloneable

|

( OrdinaryArc
Class
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= Fields
2* groundTime : double
gﬁ" headlndex : int
L-',\"" taillndex : int
2 throughValue: double
gﬁ" s IMumVar(]
g,\"" z: INumVar(]

Properties

= Methods

W Clonef) : cbject

Figure A.2. Class Diagram of Ordinary Arc Class.

Replenishment Arc Element: The structure of replenishment arc element is the
same as that of ordinary arc. The only difference between them stems from INumVar
arrays. INumVar array y has a length of |C] and it represents y,j, variables. The

object diagram of replenishment arc element can be seen in Figure A.3.

(P [Cloneabkle

¥

' ReplenishmentArc
Class

—,

=l Fields

2* groundTime : double

g.*"" headlndex : int

g,\"" taillndex : int

2 throughValue : double

g.*"" ¥ INurmVar(]
Properties

= Methods

W Clonef) : object

Figure A.3. Class Diagram of Replenishment Arc Class.
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Airport Element: As seen in Figure A.4, airport element consists of two fields
representing its name and maintenance capacity. An airport is a maintenance airport

when replenishmentCapacity field is greater than 0.

CP ICloneable

>

( Airport
Class

=l Fields

o7 name : string

#* replenishmentCapacity : int
* Properties
= Methods

& Clonel) : object

Figure A.4. Class Diagram of Airport Class.

Flight Network Element: Flight Network element is the constructor class of the
flight network. The inputs are the lists of flight elements and airports. In addition,
we provide the minimum required (35 minutes for ordinary arc & 480 minutes for
replenishment arc) and maximum allowed ground time (1435 minutes for ordinary arc
& 1440 minutes for replenishment arc) durations to feasibly connect two flight legs
either with ordinary arcs or with replenishment arcs. The maximum allowed ground

time parameter is used not to generate unnecessarily long arcs in flight network.

At the beginning, individual flight elements have empty arc lists. Within the con-
structor of flight network element, ConstructFeasibleOrdSuccessorsAndPredecessors()
and ConstructFeasible RepSuccessorsAndPredecessors() functions are called in order to
construct the flight network by filling the arc lists of flight elements. ordArcElements
and repArcFElements are the lists which consist of all ordinary and all replenishment arc
elements of flight network respectively. The object diagram of flight network element

can be seen in Figure A.5.
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Figure A.5. Class Diagram of Flight Network Class.
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APPENDIX B: FLIGHT DATA & TEST CASES

The flight data and test cases used for 8-aircraft and 20-aircraft fleet experiments
can be found at http://www.bufaim.boun.edu.tr/OAMRP-Data.zip. The zipped file,
OAMRP-Data.zip, contains two separate folders for 8-aircraft and 20-aircraft fleet ex-
periments. Under each folder, corresponding flight data and airports are provided in
TXT format named as Airports.txt and Flights.txt respectively. Test cases can be found

under the same folders in XLSX format named as Test_Cases.zlsz.





