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Abstract 

 

Airline crew scheduling is a complex problem faced by airlines that assigns crew members into 

pairing schedules. The crew pairing problem involves a sequence of flight legs of the same fleet 

which begins and ends at the same crew base location. Also, airline transportation has to deal with 

disruptions and unpredicted situations caused by technical problems or weather conditions that 

affect crew pairing schedules and lead to delays between different resources such as aircraft and 

crews. Moreover, this leads to increased extra expenses. Airlines must have recovery plans in place 

to deal with these unexpected occurrences. However, airline crew scheduling cannot be effective 

without high quality flight pairings. Therefore, this thesis focuses on crew pairing problems that 

affect crew cost by addressing the deterministic crew pairing and the stochastic crew pairing 

problem. We propose novel models and solution methods to solve these problems. 

In this research, we develop an optimisation model based on a set partitioning model with the main 

objective to minimise total flying time of crew pairing schedules in order to maximise reduction 

of crew cost. Moreover, we propose heuristic and metaheuristic methods combined with biased 

randomisation technique to solve the deterministic crew pairing problem. These include Biased 

Randomised Iterated Greedy, Biased Randomised Iterated Greedy with Local Search and Biased 

Randomised Variable Neighbourhood Search. 

Furthermore, we develop a stochastic optimisation model to handle delays and minimise crew 

swap flights and sim-optimisation methods that combine Monte-Carlo Simulation with biased 

randomisation methods to handle the delays, including Sim-Biased Randomised Iterated Greedy, 

Sim-Biased Randomised Iterated Greedy with Local Search, and Sim-Biased Randomised 

Variable Neighbourhood Search.  

To the best of our knowledge, this is the first time that the proposed methods have been used 

to solve the deterministic and stochastic crew scheduling problems. 

Extensive experiments were conducted to evaluate the performance of the proposed solution 

methods using reference problem from the literature and a real-life case study from an 

Airline company in Thailand. Our proposed methods outperformed results in the literature 

and the solution adopted by the Airline Company in Thailand. 
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Definitions 

 

Block time: flight time during a crew on duty  

Connection time or transfer time: a connection time period during duty between 

consecutive flight legs. Connection times are generally between 30 minutes and 3 hours 

Crew base: airport in the network where crew members start and finish their duties  

Deadhead (DH): a crew member travels as a passenger to work or back to base location by 

occupying a passenger seat. Disadvantages of deadheading reduce the seat capacity for 

passenger and the utilisation of crew members 

Duty: period consisting of one or more flight legs which include the briefing time and the 

debriefing time 

Flight (flight leg or leg): period between aircraft take off and aircraft landing 

Total flying time: the total time that crew members spend in a duty period. In this research, 

the total flying time is started when the aircraft depart form crew base and back to crew base 

by not considered with the break time of crew members  

 

 

 

 

 

 

 

 

 

 

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



1 

  

Chapter 1: Introduction 
 

1.1 Background and motivation 

 

For many decades, airlines have faced the difficulty of cost management. Crew cost 

comprises the major component of airline operational costs. In the airline industry, the 

second highest cost after fuel is crew expenses at 15 to 20% of total operational costs 

(Moudani et al., 2001). American Airlines spent about 1.3 billion dollars on crew 

expenses in 1991, while Northwest Airlines spent 1.05 billion dollars in 1989 and United 

Airlines 0.6 billion dollars (Gopalakrishnan & Johnson, 2005). Therefore, optimising 

airline costing is a major challenge for the academic community. Even a small percentage 

reduction of operational costs can bring about substantial cost saving for the airline 

company. The operational research (OR) techniques are normally used to provide 

optimised models and solution methodologies for minimising crew costs. Developments 

of OR optimisation techniques since the 1950s through advances in technology have 

resulted in improvement of methodologies for solving airline crew scheduling problems. 

Methods and solutions have recently been proposed to increase profitability and reduce 

costs of airline companies using heuristics and metaheuristics. These are now widely used 

for solving airline crew scheduling problems (Barnhart et al., 2003).  

In airline industries, it is a very complex duty for planning and scheduling huge number 

of crew members. The planning process of airline crew scheduling problem (ACS) is 

presented in (Figure 1.1). Firstly, the airlines have to construct the schedule and decide 

with the number of flight legs to operate. Secondly, the airlines must decide the type of 

aircraft that proper for each flight legs based on aircraft speed, capacity of aircraft, and 

fuel consumption. Next, the maintenance routing process is considered with each aircraft 

must schedule for routine maintenance checks. After that, the crew scheduling process is 

constructed (Barnhart et al., 2003). 

 

Figure 1.1 Process of airline schedule planning (Barnhart et al., 2003)  

Schedule 
Generation

Fleet 
Assignment

Maintenance 
Routing

Crew 
Scheduling
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The ACS concerns assigning a group of crew members to a set of pairing schedules that 

must satisfy all the rules and safety regulations of the company and the Federal Aviation 

Administration (FAA). Because of the complexity of constraints, this has become one of 

the most difficult problems in the airline industry. The ACS occurs during the airline 

planning process. Crew members are generally composed of a pilot, co-pilot and flight 

attendants (Kasirzadeh et al., 2014). 

The crew pairing problem (CPP) is included in the subproblems of the ACS. It is directly 

involved with the construction of flight sequences, which will be the focus of this thesis. 

Flights must be sequenced under the rules and regulations of the airline company. 

Importantly, pairing must begin from a base location and end at a base location. Cost 

minimisation is the primary objective of the CPP. The pairing problem does not consider 

individual crew members. After solving the pairing problem, high quality airline crew 

pairing schedules (CPS) are very important because these relate directly to airline 

expenses. Therefore, the process of crew pairing is paramount to minimise costs. 

Importantly, the size of the problem (such as large numbers crews) and the complexity of 

constraints results in low quality solutions (Medard & Sawhney, 2007; Zeren & Özkol, 

2016). High quality of CPS is very important because it directly related to crew cost of 

airlines. There are significant relationships between CPS and crew cost of airlines because 

the total flying time of CPS is the main component for calculating crew salary. 

Importantly, the salary of crew is included in crew cost which it be the second biggest 

cost of an airline (Barnhart et al., 2003). Small percentage of crew cost reduction can 

benefit to airlines. Then, these are the main reasons that we have focused on CPP. 

During daily job performance, the airline must deal with disruptions such as terrible 

weather conditions, technical problems of aircraft and airport congestion. These result in 

delays with knock-on effects to later flights. Only 30 minutes of flight delay can affect 

crew scheduling, flight cancellation and customer satisfaction causing loss in revenue. To 

combat this, the airline must provide recovery plans such as swapping crews from delayed 

flights with other crews.  Deterministic optimisation models cannot solve short-range 

stochastic CPP problems and deal with uncertainty in mathematical formulation and 

solution methodology. Therefore, deterministic models cannot handle delays and random 

disruption is considered for solving the stochastic problem. Using stochastic real-world 

problems increases flexibility of providing recovery plans into pairing schedule problem 

solutions (Dück et al., 2012).  
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There are two main recovery planning processes; firstly, providing the recovery plans 

immediately after the disruptions have happened and secondly, providing the recovery 

plans to respond with the prediction that the disruptions are imminent. The operational 

decisions for dealing with disruptions are based on the recovery policies such as legs may 

be delayed, cancellation of legs, crews may be flown as passengers (called deadhead), 

planes may be flown without passenger (called ferried), reserve crews may be called to 

perform duty pairings, swapped or rerouted crew on new reconstructed pairings, swapped 

or rerouted planes and rerouted passengers (Dück, 2010). 

 

1.1.1 Real-life case study of an airline company in Thailand 

 

We have set the main criterions for selecting case study based on: 

• A large commercial airline company that has a base location in Thailand because 

we want to provide a contribution that can be of greater benefit to my country. 

•  Airline company already has a problem regarding cost management which it 

related to the objective of this thesis to minimise total flying time of CPS that 

directly related to crew cost minimisation.  

After reviewing many airlines in Thailand, an airline suitable for all criteria was selected 

as the case study of this thesis. However, for reasons of confidentiality, the name of the 

airline will not be published. The airline operates both domestic routes and international 

routes worldwide. Currently, Suvarnabhumi Airport (BKK) is the main hub of this airline 

in Thailand. The airline operates services to 84 destinations in 37 countries with over 90 

aircraft which transport passengers and cargos. In 2017, the airline announced a net 

operating loss of 381 million baht (Bangkok Post, 2018). Fleet size of the airline company 

consists of 82 aircraft with the average fleet age at 9.8 years. The airline provides full 

services on board and operates its own catering. Recently, the airline received awards of 

World’s Best Economy Class, World’s Best Airline Lounge Spa and Best Economy Class 

Onboard Catering from Skytrax. 

The airline was used for a real-life case study of international airports and commercial 

airports in Thailand. In this thesis, the main airports in Thailand that operate routes such 

as Suvarnabhumi International Airport (BKK) the busiest airport in Thailand (Clark, 

2017), Chiang Mai International Airport (CNX) the main gateway of the northern part of 
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Thailand, Mae Fah Luang-Chiang Rai International Airport (CEI) located in the northern 

part of Thailand called Chiang Rai Province, Hat Yai International Airport (HDY) in 

Songkhla Province, Phuket International Airport (HKT) the second busiest airport in 

Thailand located in Phuket Province, Krabi International Airport (KVB) located on Krabi 

Island, Khon Kaen Airport (KKC) located in Northeastern Thailand, Ubon Ratchathani 

Airport (UBP) in the north east of Thailand and Udon Thani International Airport (UTH) 

in Udon Thani Province as presented in Table 1.1. The Airports of Thailand PCL (AOT) 

is the organisation that operates international airports in Thailand, while smaller airports 

or other commercial airports are managed by the Department of Airports or individual 

airlines. 

 

Table 1.1 The detail of airports of a real-life case study of an airline in Thailand 

Airport Name 
IATA 

Code 
ICAO Code Location/Province 

Suvarnabhumi International Airport  BKK VTBS Samut Prakan 

Chiang Mai International Airport  CNX VTCC Chiang Mai 

Mae Fah Luang International Airport  CEI VTCT Chiang Rai 

Hat Yai International Airport  HDY VTSS Songkhla 

Phuket International Airport  HKT VTSP Phuket 

Krabi International Airport  KVB VTSG Krabi 

Khon Kaen Airport  KKC VTUK Khon Kaen 

Ubon Ratchathani Airport  UBP VTUU Ubon Ratchathani 

Udon Thani International Airport  UTH VTUD Udon Thani 

*IATA code is a three-letter code to identify airport location defined by the International Air Transport 

Association (IATA). ICAO code is a four-letter code as the location indicator defined and published by 

the International Civil Aviation Organisation (ICAO) 
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1.2 Research scope 

 

Many researchers have attempted to solve the ACS using column generation 

methodology and minimisation of crew cost. Here, alternative solution methods are used 

that have not been previously presented to solve airline crew scheduling based on the 

pairing problem. The main objective of this thesis is to reduce airline crew cost by 

minimising total flying time.  To illustrate, crew salaries consist of the main salary (fixed 

cost), total flying time and per diem which is compensation for excess time spent on the 

ground between flights. For CPP, costs are characteristically presented in terms of flying 

time of crew rather than the fixed cost of salary. Therefore, minimisation of total flying 

time of crew pairing schedules will result in reduction of crew costs.  

In this thesis, the problem of crew pairing is the main consideration because crew 

scheduling cannot be effective without high quality flight pairing (Deveci & Demirel, 

2018). Additionally, methodologies are also developed that combine to solve the 

permutation flowshop scheduling problem called Iterated Greedy (IG) heuristic and 

Variable Neighbourhood Search (VNS) algorithms with state-of-the-art techniques of 

Biased Randomisation technique (BR) as Biased Randomised Iterated Greedy (BRIG), 

Biased Randomised Iterated Greedy with Local Search (BRIGLS) technique and Biased 

Randomised Variable Neighbourhood Search (BRVNS).  

To deal with disruption that affects CPS, Sim-heuristic is used to generate expected values 

of uncertain parameters to combine with IG and VNS algorithms that are widely used to 

solve scheduling problems as Sim-Biased Randomised IG (Sim-BRIG), Sim-Biased 

Randomised Iterated Greedy  with Local Search (Sim-BRIGLS) and Sim-Biased 

Randomised Variable Neighbourhood Search (Sim-VNS).  

 

1.3 Aims and objectives 

 

As previously highlighted, high operational costs in the airline industry result from crew 

salaries. The main objective of this thesis is to minimise total flying time of ACS that 

significantly affects airline expenses. Moreover, the primary objectives are to: 
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• Review available literature of current methodologies used for solving CPP. 

Problem descriptions and information about ACS are presented. Moreover, types 

of models and solution methodologies are also included in the literature review.  

• Propose and implement an OR solution of an optimisation model for solving 

deterministic CPP using both heuristic and metaheuristic methodologies. 

• Develop the IG heuristic and combine this with other state-of-the-art techniques 

to solve CPP, such as BR and LS techniques, to improve solution quality and 

reduce computational experimentation time. 

• Develop the VNS algorithm to combine with other BR techniques to solve CPP.  

• Develop a stochastic optimisation model that considers total flying time of CPS 

minimisation. This model provides possible swap flights of crews affected with 

disruptions to minimise swap crews. 

• Propose and implement operational research solution methodologies such as 

heuristic and metaheuristic to integrate with sim-optimisation methods for solving 

stochastic CPP.  

• Develop Monte-Carlo Simulation techniques (MCS) to create a scenario of 

expected delays to CPS.  

• Provide crew scheduling cost analysis of a real-life case study of an airline in 

Thailand. 

 

1.4 Contributions of this thesis 

 

Many researchers applied column generation for solving deterministic and stochastic 

crew pairing problems. To fulfil this gap, heuristic and metaheuristic methods were 

combined for solving determiner and stochastic CPP. Moreover, one of the significant 

gaps that we found was that most researchers only considered objectives of optimisation 

models for minimising crew cost. However, there is a relationship between total flying 

time of CPS and crew cost. This means if total flying time of CPS is decreased, the crew 

cost also decreased because the total flying time of CPS is the main component that 

affected to crew cost. This brings us to the propose optimisation model to close the gaps 

by setting the main objective of optimisation model to minimising total flying time of 

CPS. This research is separated the contributions into technical contributions and 

practical contribution as follows: 
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1.4.1 Technical contributions 

 

The research contributions of this thesis are related to the aims and objectives described 

in the previous section. The technical contributions are presented as follows: 

1.4.1.1 Technical contributions of solution approaches for deterministic airline crew 

scheduling 

• Development of a deterministic optimisation model of the crew pairing problem 

using a set partitioning model for minimising total flying time of CPS by 

adapted from the formulation of (Deveci & Demirel, 2018).   

• Developing solution approaches that not been previously presented in the 

literature concerning deterministic CPP in the literature such as BRIG in chapter 

3, BRIGLS in chapter 4 and BRVNS in chapter 5. These proposed solution 

approaches are implemented with a reference problem in the literature (Agustin et 

al., 2016) and a real-life case study of an airline in Thailand. 

1.4.1.2 Technical contributions of solution approaches for stochastic airline crew 

scheduling 

• Development of a stochastic optimisation model for the CPP from set partitioning 

model by adapted the model based on (Ionescu & Kliewer, 2011) to solve 

stochastic CPP for providing flexibility of the crew swap recovery when CPS is 

disrupted. However, the crew swaps in this thesis need to be minimised in order 

to avoid the additional cost and maintain the stability of CPS.  

• Developing solution approaches that not been previously presented in the 

literature concerning stochastic CPP in the literature by integrated MCS for 

simulating expected flights and predicting delays with other proposed approaches 

such as Sim-BRIG in chapter 6, Sim-BRIGLS in chapter 7 and Sim-BRVNS in 

chapter 8. These proposed solution approaches are implemented with a reference 

problem in the literature (Agustin et al., 2016) and a real-life case study of an 

airline in Thailand. 
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1.4.2 Practical contributions 

These include: 

• The proposed methodologies will improve CPS quality of airline industries by 

generating pairing schedules with lower total flying time, resulting in reduction 

of crew cost within reasonable computation time. 

• The proposed methodologies combined with sim-heuristic methods will benefit 

the airline industry by providing crew swap recovery to mitigate disruptions 

within reasonable computation time to maintain CPS stability and flexibility.  

 

1.5 Thesis organisation  

 

This thesis consists of nine chapters and discusses the issues of ACS by considering the 

CPP. The research presents a background which focuses on a deterministic and stochastic 

of CPP. The literature review provides many approaches for improving and developing 

methodology and algorithm techniques for solving the airline crew scheduling problem. 

Chapters are as follows: 

 

Chapter 1 provides an introduction and contains the research background. Aims and 

objectives of the research are provided to illustrate the main points of this thesis. 

 

Chapter 2 presents a literature review about the problem description of ACS, the 

characteristic of the problem and theories of solution methods. Various methodologies 

are discussed for a clearer understanding of the problem. Moreover, the deterministic and 

stochastic ACS is provided.  

 

Part I: Deterministic airline crew scheduling 

Chapter 3 proposes Biased Randomised Iterated Greedy (BRIG) for solving deterministic 

CPP.  

The effective algorithm of IG heuristic is successfully implemented with a permutation 

flowshop scheduling problem and combined with BR technique to provide a non-uniform 
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priority list to select candidates to solve deterministic CPP. Minimising total flying time 

of the CPS is the main aim of this thesis as total crew flying time is directly related to 

airline expenses. BRIG is described and presented with pseudo-code to illustrate the 

solution process. An optimisation model of deterministic CPP is developed. Moreover, 

the solution approach of combining BR with IG algorithm is explained. A comparison 

between the proposed solution of BRIG, a reference problem in the literature and a real-

life case study of an airline in Thailand are also presented.  

 

Chapter 4 proposes Biased Randomised Iterated Greedy with Local Search (BRIGLS) for 

solving deterministic CPP. 

The effective method of BRIG is developed with neighbourhood LS by focusing on 

deterministic CPP. The LS technique is combined for a better guide searching process 

with high quality of solution in low computational experimentation time. The advantages 

of LS techniques are presented. To clarify the process of implementation, the pseudo-

code of a proposed solution is presented and described. BRIGLS is experimented with a 

reference problem in the literature and a case study of an airline in Thailand. Additionally, 

results of BRIGLS are compared with BRIG from Chapter 3. 

 

Chapter 5 proposes Biased Randomised Variable Neighbourhood Search (BRVNS) to 

solve deterministic CPP. 

The chapter introduces commonly used algorithms for solving the COPS and scheduling 

problems. The VNS algorithm is combined with BR to minimise total flying time of the 

CPS. The BR technique is implemented for generating an initial solution by providing a 

priority list of choosing candidates, while VNS is used to sequence the pairing schedule. 

Pseudo-code of the proposed methodology is presented. Reference problems in the 

literature and a real-life case study of an airline from Thailand are implemented. For 

computational experimentation, a solution of general VNS is proposed to compare the 

performance of BRVNS. Comparative experimentation by BRIG from Chapter 3 and 

BRIGLS from Chapter 4 are also discussed.  
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Part II: Stochastic airline crew scheduling 

Chapter 6 proposes Sim-Biased Randomised Iterated Greedy (Sim-BRIG) for solving 

stochastic CPP. 

The literature of methodologies for dealing with stochastic CPP is presented. Proposed 

IG combined with BR from Chapter 3 is developed to solve the stochastic problem of 

delays that affect crew pairing schedules. MCS is developed to present expected delays 

affecting CPS. A description of the solution approach by Sim-BRIG is illustrated by 

pseudo-code. An optimisation model of stochastic CPP considers minimum total flying 

time and minimum crew swaps under stochastic delays that interrupt crews in performing 

their duties on the next flight. The result is presented for a comparison with next chapter. 

 

Chapter 7 proposes Sim-Biased Randomised Iterated Greedy with Local Search (Sim-

BRIGLS) for solving stochastic CPP. 

The proposed Sim-BRIG from Chapter 6 is developed with a LS technique to solve 

stochastic CPP and increase the quality of solution. Pseudo-code of the proposed solution 

is presented. The MCS method is added to simulate stochastic delays that disrupt crew 

pairing schedules. The main aim of the optimisation model in this chapter is to minimise 

total flying time of pairing schedules and crew swaps from delayed flights. Moreover, 

results from Chapter 6 of Sim-BRIG are compared and analysed with proposed 

methodology form previous chapter to evaluate algorithm performance. 

 

Chapter 8 proposes Sim-Biased Randomised Variable Neighbourhood Search (Sim-

VNS) for solving stochastic CPP. 

The BRVNS algorithm from Chapter 5 is developed by combining with MCS method to 

resolve the stochastic crew pairing schedule. The solution process of Sim-VNS is 

illustrated. A computational experimental is conducted and compared with the solution 

of Chapter 6 (Sim-BRIG) and Chapter 7 (Sim-BRIGLS). Also, comparisons between the 

proposed Sim- general VNS evaluate the performance of the algorithm. 
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Chapter 9 provides conclusions of this research, limitation of this research, and 

recommendations for future study. 

 

1.6 Conclusion 

 

Chapter 1 presents a description of the problem and outlines the structure, aims and 

objectives, thesis gap and contribution. Moreover, a description of all chapters is 

presented. In more detail, the structure of this thesis starts with the introduction, followed 

by a literature review, methodologies for solving deterministic CPP, methodologies to 

solve stochastic CPP and conclusions. In the chapter presenting solution methodologies, 

a reference problem and a real-life case study of an airline company in Thailand are used 

to ensure that the methodologies can operate properly. Moreover, contributions are 

presented. 
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Chapter 2 Literature Review 
 

2.1 Introduction 

 

The CPS is an economically crucial issue for airline companies because crew cost is the 

second largest component of direct operating cost after fuel cost. Compiling the airline 

schedule is a challenging task due to the complexity of rules and regulations to be 

considered.  In recent years, significant growth in demand for air transport has greatly 

increased numbers of aircraft fleets with a subsequent increase in numbers of airline crew 

members (cockpit, cabin crew and ground crew). This has enhanced costs dramatically. 

Hence, OR techniques are important to solve these problems (Deveci & Demirel, 2018).  

This chapter presents an overview of airline crew scheduling by focusing on the crew 

pairing problem. The structure of this chapter is as follows; airline planning stage is 

presented in Section 2.2, ACS in Section 2.3, solution methods for deterministic CPP in 

Section 2.4, solution methods of stochastic CPP in Section 2.5, and Section 2.6 presents 

the chapter conclusion. 

 

2.2 Airline Planning Stage 

 

In the airline business, airline operations are composed of flight scheduling, aircraft 

scheduling, crew scheduling (crew pairing and crew rostering), and so on. Consequently, 

the output from one phase becomes the input of another phase (Bazargan, 2012). In 

additions, airline crew scheduling is one of the most sophisticated problems in the 

planning stage. During airline planning, the ACS process is considering with uncertainty. 

During daily operations, unexpected situations can cause schedule disruption. The 

relevant planning problems can be divided into three groups as shown in Figure 2.1 

(Dück, 2010). 
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Figure 2.1 Airline planning problem (Dück, 2010) 

 

According to Figure 2.1, the strategic planning problem requires general decisions about 

origin-destination connections, size and composition of the airline fleet as well as location 

of the crew and maintenance bases. The tactical planning problem process starts several 

months before the day of operations. Problems are commonly solved in sequence because 

of their size and complexity, starting with schedule design to determine operating flights 

during a certain period. Next, the type of aircraft to be used in each flight is decided based 

on forecasted customer demand. The maintenance routing process ensures that each 

aircraft spends an acceptable time at airports for routine maintenance checks, while crew 

scheduling assigns crew members in operation process (Barnhart et al., 2003).  

The problem that happened on the operational process are normally solved on a daily 

basis. Many unpredictable events affect schedules such as aircraft damage, airport 

congestion and aircraft delays. Therefore, optimisation models for rescheduling are 

important to solve problems in the minimum time on the day of operations. Significantly, 

the objective for long-term planning is not to maximise profit but reduce the impact of 

delays on daily operations and increase flexibility and stability into crew schedules. Many 

cases focus on airline planning problems at the strategic level. Alternatively, the 

scheduling problem is applied in the operational process because of timing factors. 

Moreover, fuel cost and operational cost must be controlled. Hence, airline scheduling 

becomes a sophisticated problem (Anbil et al., 1992). 

 

2.3 Airline Crew Scheduling 

 

ACS can be described as the process of assigning crew members such as cockpit crew 

and cabin crew to scheduled flights to ensure that all flights are covered exactly once. The 

primary constraint is to evaluate airline crew scheduling as daily working times, number 

Strategic 
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Tractical 
Planning
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Process
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of overnight stays, deadheading times and ground time. To produce an effective schedule, 

researchers needed to keep the values of these constraints as low as possible. 

Consequently, optimisation approaches play a significant part in the determination to 

minimise airline cost (Deveci & Demirel, 2018).  

Difficulties in solving problems of ACS can be divided into two subproblems as the CPP 

and the assigning problem or crew rostering problem (CRP). Researchers present the 

main reasons to solve CPP and CRP separately because they are too large for solving 

simultaneously. Thus, these two subproblems are solved separately by considering CPP 

first (Soykan & Erol, 2015).  

There are many reasons to separate CPP and CRP as follows:  

• CPP and CRP are different in terms of objective.  

• Calculating crew rostering before generating crew pairings is difficult.  

• The rules and regulations of crew pairing and crew rostering are different. 

Therefore, CRP cannot assign crew members to scheduled flights unless the 

airline has solved the pairing schedule (Soykan & Erol, 2015). 

 

2.3.1 Pairing 

 

Obviously, the first duty period of each pairing must depart from the base airport and then 

land after the duty period at a base airport. In more detail, pairings are considered with 

many constraints including rest requirements, transfer time restrictions and maximum 

number of duties in a pairing. One complex constraint is called the 8-in-24 rule by the 

FAA. To clarify, this rule allows an extra rest time for crews if crew members perform 

duties at more than 8 hours on board in 24 hours (Barnhart et al., 2003). The structure of 

crew pairing is shown in Figure 2.2.  
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Figure 2.2 Structure of crew pairing (Dück, 2010) 

2.3.2 Crew payment structures  

 

Crucial elements of crew pay structure are not only their salaries (fixed cost) but also time 

that they spend working on board (total flying time) and compensation for excess time 

spent on the ground between flights and during rest periods before the next duty (called 

per diem). Therefore, crew costs in the CPP are typically presented in terms of flying time 

because the total flying time of CPS is the main component of crew cost (Barnhart et al., 

2003).  

 

2.4 Deterministic Crew Pairing Problem 

 

CPP involves sequencing flights that begin and end at the same crew base location. Costs 

minimisation seems to be the core objective of crew pairing, controlled by all legal criteria 

such as crew-duty time, rest periods, connection time between two consecutive flights 

and other restrictions. All flights must be covered to ensure optimal resources utilisation 

(Zeghal & Minoux, 2006). For the optimisation of pairing flight schedules, researchers 

have concentrated not only on minimising operational costs but also focused on 

maximising crew utilisation (Deveci & Demirel, 2018). Importantly, a legal CPS must 

cover the rules and restrictions of the Directorate General of Civil Aviation (SHGM), 

Federal Aviation Administration (FAA) and airline rules. Figure 2.3 shows an example 

of information regarding a pairing flight schedule that consists of four duties per each 

pairing within four consecutive days of planning 41 flights.  

 



 

 

16 

 

 

Figure 2.3 Example of crew pairing schedule (Deveci & Demirel, 2018) 

 

2.4.1 Solution methods for Deterministic CPP 

 

Several techniques can be adopted to solve CPP. This section discusses three main 

methods as exact methods, heuristics and metaheuristics as follows: 

 

2.4.1.1 Exact methods 

 

The exact methods generally used to solve CPP are based on a set partitioning model 

branching algorithm. The lower bounds use Lagrangian relaxation for solving the 

continuous relaxation, while heuristics are used to calculate the upper bounds (Gang et 

al., 2007). 

 

• Branching algorithm 

The main point of using the branching technique is to solve integer programming 

problems. Gopalakrishnan & Johnson (2005) stated that branch-and-price and branch-

and-cut techniques can be successfully implemented with the airline crew scheduling 

problem. To illustrate the difference between these two techniques, branch-and-price is 

one category of column generation, while the performance of branch-and-cut cannot 

discover the solution in a space for finding new column candidates. Moreover, the branch-

and-cut technique is quite similar to the branch-and-bound algorithm. Currently, various 

kinds of branching techniques have been developed in the literature, for example, 

branching on no chimerical fractionalities (Fischetti & Monaci, 2012), backdoor 

branching (Fischetti & Monaci, 2013) and cloud branching (Berthold & Salvagnin, 2013). 
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• Branch-and-cut technique 

Branch-and-cut technique is an exact method which combines a cutting plane 

technique with a branch-and-bound algorithm. This method has been 

successfully implemented for solving LP problems because it can guarantee 

the optimal solution (Gopalakrishnan & Johnson, 2005).  

• Branch-and-price technique 

The concept of branch-and-price technique is similar to branch-and-cut which 

focuses on dynamically generated column (pricing) and row (constraint). 

Moreover, the method of dynamically generated variables can be considered 

by providing cutting plans for the current LP relaxation. Therefore, the LP-

based-branch-and-bound algorithm was called branch-and-price. 

Gopalakrishnan & Johnson (2005) stated that branch-and-price has relevance 

with the branch-and-bound algorithm as it uses column generation to solve LP 

relaxations with an enormous variable. Ryan & Larsen (2011) combined 

branch-and-price with column generation to solve the ACS problem by 

modelling the formulation with a set partitioning model. 

 

• Column generation 

One effective technique for solving the ACS is the column generation method. Column 

generation works successfully, especially in linear programs. To illustrate, this method 

provides effective searching in columns to find many results as a simple algorithm. The 

problem is that most of the variables are not in the set of optimal solutions. Thus, it is 

suitable for considering only one subset of variables when solving the problem. Using the 

reduced cost method selects variables to add to the problem set. Moreover, it can be 

divided into two processes as main problems and sub-problems. In the main problem 

process, pairing cost minimisation uses set partitioning or set covering for the main 

problem, while using the shortest path problem to solve subproblems (Borndörfer et al., 

2005). 

A summary of previous work is as follows:  

Vance et al. (1997) studied a methodology to find near-optimal solutions to ACS. They 

developed an approach for recognising crew scheduling called a dynamic column 
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generation scheme and combined this with a customised branch-and-bound technique to 

support column generation implementation at each node of the search tree.  

Lavoie et al. (1988) formulated a large-scale set covering problem with many columns 

based on generalised linear programming.  

Barnhart et al. (1998) formulated column generation with integer programs to solve a 

huge number of variables. They focused on the pricing of the non-basic variables in the 

set of solutions to generate new columns and used LP relaxation of a branch-and-bound 

tree node.  

Gustafsson (1999) used set covering to model the ACS and solved it with column 

generation using heuristic integer optimisers for the master problem by comparing the 

simplex-based algorithm with the result.  

Du Merle et al. (1999) suggested a stabilised column generation algorithm with linear 

programming for solving large-scale crew pairing problems. Results showed 

improvement of time for large-scale problems.  

Cordeau et al. (2001) recommended column generation with an integer approach of 

Benders decomposition for solving aircraft routing and ACS simultaneously as a master 

problem and subproblem respectively. For calculating the integer solution, branch-and-

bound heuristic is applied.  

Sellmann et al. (2002) improved two different algorithms between the constraint 

programming-based column generation framework and CPP based heuristic tree search 

to solve the crew assignment problem. These two algorithms were combined to help 

eliminate their inherent weakness from constraint programming and operations research.  

Yan & Chang (2002) suggested a model that worked with two scheduling networks for 

minimising costs of cockpit crew and provide suitable cockpit CPP. A set partitioning 

problem was formulated to solve the ACS.  

Freling et al. (2004) proposed dynamic programming for column generation approach to 

help with a decision support system for airline and railway crew planning.  

Makri & Klabjan (2004) stated that it was challenging to solve LP relaxations due to the 

complexity of computational experiment as many variables, complex feasibility rules of 

column generation and nonlinear cost. The experiment was performed with a nonlinear 
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pricing strategy and a column generation method for pruning rules to solve column 

enumeration.  

Sandhu & Klabjan (2007) developed a three-stage model by combining of Lagrangian 

relaxation, column generation and the Benders decomposition approach for generating an 

immediate solution to solve the problem of fleeting, aircraft routing and CPP.  

Gamache et al. (2007) integrated the methodologies of a proposed approach with a 

heuristic sequential scheduling method utilising column generation and branch-and-

bound techniques.  

Medard & Sawhney (2007) studied a two-step method to deal with CPP and rostering 

problems. The steps of model performance started with developing working patterns and 

then assigning these working patterns to a specific crew. They solved the CPP using a set 

covering model and then applied a set partitioning model for the assignment problem.  

E. Coban et al. (2009) applied two more solution approaches using the column generation 

method by focusing on the airline CPP. Adding the constraints of dynamic propagation 

is the core purpose of this research. Constraints of dynamic propagation are added before 

generated columns or after generated columns.  

AhmadBeygi et al. (2009) presented a model with an integer programming approach to 

solve the CPP. The methodology of this research integrated column generation with 

branch-and-bound approach.  

Cankaya et al. (2009) suggested a column generation algorithm to provide dynamically 

generated variables to solve the ACS by formulating a set covering problem to deal with 

the master problem and shortest path to solve the subproblem.  

Papadakos (2009) studied crew scheduling optimisation subproblems, fleet assignment 

and aircraft maintenance routing. The author presented the constituent subproblems to be 

optimised one by one. This process transformed one of the outputs to the next input, called 

the sequential approach. Moreover, Benders decomposition method was combined with 

the accelerated column generation method to improve the result.  

Bayer (2012) improved column generation to provide solution quality and developed 

computation speed to solve the ACS. Flórez et al. (2012) studied mathematical 

programming methods for optimising the airline CPP. This consisted of three steps of 

optimisation models starting with a binary programming model, then implementing a set 
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partitioning problem and formulating a set covering model. To illustrate, the set 

partitioning problem and set covering problem were resolved using the column generation 

method.  

Aydemir-Karadag et al. (2013) presented three different methods to deal with the CPP 

such as randomly generated optimisation algorithm, genetic based algorithm and hybrid 

column generation. Experimentation of this research was tested with two different sets of 

problems.  

Saddoune et al. (2013) studied the ACS with possible repetitions of the same flight 

number formulated on column generation.  

Kasirzadeh et al. (2017) reviewed problem formulations and solution methodologies for 

the ACS. They formulated the problem as a set covering problem and solved it with 

column generation by experimentation with data from a US carrier. 

 

Limitation of exact methods are: 

• To solve the complexity of CPP, exact methods have long been used to generate 

optimal solutions of small sized problems. Therefore, it is not proper to solve large 

size of problem of CPP with a large number of constraints must be considered.  

• Exact method requires large computational time for solving CPP. While, 

heuristics and metaheuristics provide a reasonable computational experimentation 

time to solve problem. 

 

2.4.1.2 Heuristic methods 

 

A heuristic is a method designed to find an approximate solution when classic exact 

methods have failed to find the optimal solution. The crucial benefit of heuristic methods 

is providing a fast computation time of experimentation. Exact methods take longer to 

implement to find the optimal solution than heuristic methods. Moreover, heuristic 

methods can combine with other state-of-the-art techniques to improve solution quality. 

However, heuristics have limitations for solving CPP as they cannot be considered for all 

scheduled flights at once because several iterations have to be repeated before a 

reasonable solution is found.  
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• Iterated Greedy (IG) heuristic 

The crucial benefit of the IG heuristic is a very simple implementation and it often solves 

problems with an outstanding outcome. The main idea of IG is to perform an iterative 

over greedy construction heuristics. The main procedures of solving problems are based 

on a constructive heuristic that consists of a destruction phase and a construction phase. 

IG algorithm starts from some initial solution and then iterates over the partial candidate 

solution. At the destruction phase, some candidates of solution are removed from a 

previously constructed. During the destruction phase, some candidates are selected out of 

the destruction set. The first partial solution to remove some components from a complete 

candidate solution. After that, the data selected out of the destruction is reinserted in the 

construction process. During the construction phase a complete solution is reinserted. The 

acceptance condition chooses that becomes the new incumbent solution. This phase is 

repeated until some criterion is met or a computation time limit is met (Rodriguez et al. , 

2013).  

However, only one research was found using IG heuristic for solving the ACS. 

Novianingsih & Hadianti (2018) proposed a greedy heuristic algorithm to solve airline 

CPP. The main objective of an optimisation model is to maximise the covered flights in 

selected pairings. They proposed methodology to provide randomisation with an iterative 

search based on two main phases. In the first phase, the algorithm generates a feasible 

solution and considers the objective of optimisation by maximising the covered flights in 

selected pairings. In the second phase, the algorithm performs a random iterative search 

and the optimal solution is presented with a fast-computational experimentation time. 

Some researchers used IG heuristics to solve other scheduling problems as follows: 

Pan & Ruiz (2014) proposed a new iterated greedy algorithm to solve permutation 

flowshop scheduling problems that consisted of two phases iteratively. During the 

destruction phase, some jobs were removed. After that, the algorithm was constructed 

using an NEH construction heuristic. The LS technique was combined after the 

construction phase. They stated that the proposed iterated greedy algorithm presented 

high quality results. The greedy algorithm was presented by concentrating on the activity 

selection problem and task scheduling problem. They stated that one beneficial point of 

greedy heuristic provided a locally optimal choice of solutions. Even if the greedy 

algorithm cannot provide an optimal solution, it can provide a locally optimal solution 

with a fast-computational experimentation time  
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Ruiz & Stützle (2007) presented an iterated greedy algorithm for the permutation 

flowshop scheduling problem. The well-known NEH construction heuristic was applied 

to reinsert jobs into the sequence. Previous studies normally used iterated greedy 

algorithm to sequence flowshop scheduling problems.  

A multi-criteria iterated greedy search algorithm was implemented with a permutation 

flowshop problem to minimise makespan. Results of using multi-criteria IG were 

compared with the proposed algorithm and showed that number of jobs removed from 

the current transformation varied from 1 to 𝑛 –  1 and it was very efficient for a large size 

of multi-criteria performance measures (Framinan & Leisten, 2008).  

Ying (2009) studied a simple IG heuristic for makespan minimisation in a multistage 

hybrid flowshop scheduling with multiprocessor tasks. Results showed that the proposed 

IG heuristic was very productive compared to benchmark instances.  

Ying et al. (2009) proposed an IG heuristic to sequence problems of single-machine 

tardiness with sequence dependent setup times. Three benchmark problem sets were 

experimented and compared with other state-of-the-art metaheuristic techniques.  

Ribas et al. (2011) implemented the IG algorithm for solving the blocking flowshop 

scheduling problem to minimise makespan. Importantly, this research improved NEH-

based heuristic and used the initial solution for the iterated greedy algorithm to compare 

results with benchmark problems.  

Integrated Iterated Local Search (IILS) was proposed to minimise total tardiness of 

permutation flowshop scheduling problems. During initial solution, LS was applied to the 

algorithm for an effective search in the search space. The insertion and swapping 

candidate solution structures relied on which integrated neighbourhood structure was 

explored (Chen & Li, 2013). 

An effective iterated greedy algorithm for the mixed no-idle permutation flowshop 

scheduling problem was studied by Pan & Ruiz (2014). The main concept of no-idle 

flowshop is that machines cannot be idle after finishing one job and before starting the 

next one. Thus, the no-idle constraint is added to the algorithm to guarantee this 

constraint. Moreover, local search is applied to accentuate strengthening and exploration 

in the search space of IG.  

Ding et al., (2015) developed a tabu-mechanism to improve iterated greedy algorithm 

(TMIIG) for solving no-wait flowshop scheduling problems. Due to the fact that the 
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construction phase of the original IG algorithm might not provide high quality solutions 

with the local optimal when dealing with the reinsertion of neighbourhood search, tabu-

based reconstruction helped with a powerful neighbourhood search method of insert, 

swap and double-insert moves. The result displayed that TMIIG algorithm provided an 

effective result with makespan minimisation.   

The review of some literature above shows the main benefits of IG algorithm as simple 

to code and parameter free. Moreover, many scheduling problems have used the IG 

heuristic or combined it with other state-of-the-art techniques because it has achieved 

high quality solutions.  

 

• Local search (LS) 

LS is a is an effective heuristic method for dealing with COPs. The main working 

process of LS provides a move with an iterative improvement to a solution using a local 

change. The operator of LS specifies types of move in a search space and also generates 

a neighbourhood of the current solution. The solution of LS can be achieved using a 

single move of neighbourhood. The move of LS selects the candidates for solution from 

the neighbourhood in a search space. After evaluation of neighbourhood, if the 

neighbourhood solution has a better value, then LS will move to another better value 

neighbourhood and update as the next current solution. In more detail, the move of LS 

depends on the strategy or the best value of objective function in each case. LS is ended 

when there is no better neighbourhood solution than the current solution. This means it 

reaches a local optimal (Johnson et al., 1988).  

Some researchers combined LS with other methodologies in the literature as follows: 

Abdel-Basset et al. (2018) developed the Whale Optimisation Algorithm (WOA) with a 

local search technique for dealing with Permutation Flowshop Scheduling Problem 

(PFSP). This methodology solved the problem with a discrete search space; it improved 

the performance of solution by using a swap mutation. A simulated annealing based 

local search was presented for solving course scheduling timetabling with 60 problem 

instances (Song et al., 2018). Recently, Zohali et al. (2019) developed a novel mixed-

integer nonlinear programming (MINLP) model to solve the economic lot-sizing and 

sequencing problem (ELSP). Moreover, they also developed an iterated local search 

algorithm to combine with an approximate function. The proposed methodology of 
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hybrid iterated local search algorithm enhances performance of results and resolves 

differences in the mathematical models. A stochastic local search method (SLS) was 

applied to solve PFSP (Pagnozzi & Stützle, 2019). 

 

• Biased randomisation (BR) 

One of the primary benefits of BR provides a more natural probability as an effective 

method to select the next candidate from a priority list of movements (González-Martín, 

2015). The priority list of being selected depends on the criterion of the procedure. In 

more detail, this means that higher value candidate elements are at the top of the list, 

while lowest value elements are located at the bottom of the list (Figure 2.4).  

 

 

Figure 2.4 Comparison between uniform selection and biased selection (González-Martín, 

2015) 

 

This research focused on using skewed (non-symmetric) theoretical probability 

distributions from Agustin et al. (2016) in the phase of choosing candidates from the 

construction phase of IG heuristic. Review of the literature about biased randomisation 

is as follows: 

Juan et al. (2012) studied BR combined with an Iterated Local Search (ILS) meta-

heuristic for solving the multi-depot COPs. Biased randomisation was applied in 
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different phases of ILS for generating new assignment maps and scheduling solutions. 

Biased randomisation improved the ILS performance.  

Juan et al. (2013) developed multi-start BR of heuristics (MIRHA) with adaptive LS for 

solving COPs by adding a BR behaviour into a non-uniform probability distribution. 

Moreover, they suggested that the concept of applying biased probability distributions 

to randomise classical heuristics was an effective method that can be successfully 

implemented in many cases.  

Juan et al. (2015) developed BR with iterated LS to solve the multi-depot COPs. This 

method applied biased randomisation with geometric probability distribution for 

generating randomness of solution with the iterated local search (ILS) metaheuristic to 

experiment with standard benchmarks. Results confirmed that BR with iterated local 

search provided a productive solution.  

Dominguez et al. (2016) used biased randomisation for solving COPs with a 

heterogeneous fleet. The experimentation implemented a multi-start algorithm based on 

BR. The result from computational experimentation gave an effective solution. 

 

2.4.1.3 Metaheuristic methods 

 

When exact methods are not satisfactory to solve large size problems, many researchers 

integrate exact methods with heuristics or applied metaheuristic approaches. The major 

reason for developing metaheuristic approaches is to improve the effective methodologies 

for solving problems. Metaheuristic approaches are presented as proper for solving 

certain parts of the problem rather than provide a fundamental resolution. Many meta-

heuristics approaches have been implemented with the airline crew scheduling problem 

such as genetic algorithm, tabu search, ant colony and simulated annealing methods. 

These methodologies are very commonly developed to solve large-scale problems. 

 

• Tabu search algorithm 

In 1989, tabu search algorithm was presented for solving optimisation problems by 

Glover (1989) as an iterative search algorithm. The main logic for tabu search algorithm 

is to prohibit the repetition for the next iteration to avoid repeated movements for the last 
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solution from the previous phase. According to the literature, tabu search has not been 

generally used for implementation with ACS. Some researchers favour using this 

algorithm. Caserta (2005) formulated a set covering approach to solve the ACS based on 

tabu search algorithm, using a dynamic primal-dual algorithm to gradually decrease the 

gap of the upper and lower bound. Gamache et al. (2007) developed a new technique 

based on a graph colouring model combined with a tabu search algorithm. They 

experimented with monthly data of ACS in the North American airline industry. Tabu 

search is an efficient heuristic technique that can find high quality solutions in short 

computational experimentation time. 

 

• Ant colony optimisation 

The ant colony algorithm evolved from more complex optimisation problems such as the 

travelling salesman problem (TSP) and quadratic assignment problem. The main concept 

of ant colony framework is developed from the real behaviour of ant colonies. This 

algorithm is formulated to provide a nearly optimal solution for combinational 

optimisation problems (Dorigo et al., 1991).  

In the literature, some studies solved the airline crew scheduling problem by ant colony 

optimisation as follows: Deng & Lin (2011) presented an ant colony optimisation-based 

algorithm and designed a formulation of the ACS as a travelling salesman problem to 

experiment with real case data. Solutions were problematic and typical optimisation 

problems (TSP) were quite successfully solved by ant colony optimisation. Comparing 

between ant colony optimisation and genetic algorithm, results proved that ant colony 

obtained a lower average cost than genetic algorithm. Azadeh et al. (2013) presented the 

combination of three algorithms as particle swarm optimisation (PSO) algorithm, genetic 

algorithm and ant colony optimisation to solve the ACS. Experimentation using this 

method presented that hybrid particle swarm optimisation provided the most effective 

results. 

 

• Simulated annealing 

Simulated annealing is a metaheuristic method based on the probabilistic technique for 

approximating the global optimal of a given function for solving problems with a large 

search space. Many problems can be successfully solved by simulated annealing such as 
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vehicle routing problem, job shop scheduling problem, facility location problems and 

scheduling problems. However, few researchers have studied simulated annealing for 

solving the ACS. Lučic & Teodorovic (1999) presented a two-phase algorithm to deal 

with the ACS. Firstly, they used the pilot-by-pilot heuristic for creating a feasible initial 

solution. Next, they applied the simulated annealing algorithm for solving multi-objective 

optimisation problems generated from the first phase. The main proposals of the models 

were implemented with real and random generated numerical samples. Hadianti et al. 

(2014) studied a simulated annealing method for solving the problem of cockpit crews 

for Garuda, Indonesia. In this research, the crew rostering problem was the main point 

considered.  

 

• Genetic algorithm (GA) 

A GA was first presented in 1975 (Holland, 1975). The procedure of GA is related to the 

adaptive search procedures of natural systems. To illustrate, the logic of GA performs an 

improvement of a candidate population in solutions by repeatedly applying a set of 

genetic operations of crossover and mutation. After that, it creates new individuals to 

replace as a better solution.  

Bahadir Zeren & Özkol (2012) stated that a GA is proper for providing high quality results 

with small sized fleets since the number of flights increases with reduction of quality of 

the solution. Moreover, reducing the deadheading time is one of the difficulties of the 

genetic algorithm. In the literature, many research papers focus on GAs based on meta-

heuristics to cope with the ACS as follows: 

Beasley & Chu (1996) studied a GA-based heuristic with a set covering problem. The 

formulation was formed with a zero-one integer linear programming. Ozdemir & Mohan 

(2001) applied a flight graph based genetic algorithm that represented numerous problem-

specific constraints.  

Kerati et al. (2002) improved a heuristic GA approach to the ACS by using a bi-criterion 

approach. This method used a multi-chromosome model with several cost functions.  

Kornilakis & Stamatopoulos (2002) represented a two-phased technique for solving CPP. 

A depth search algorithm was used to generate pairing, using GA to implement a set 

covering formulation.  
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Chang (2002) developed an ACS model with the flexibility of an irregular operator. A 

genetic algorithm was used to solve the ACS.  

Souai & Teghem (2009) represented the development of three heuristics to deal with the 

rules and restrictions based on a hybrid GA of ACS. The solution is presented with 

reasonable results. 

Zeren & Özkol (2012) created new genetic operators to solve crew pairing problems 

based on GA by considered with multi crew bases of CPP. The computational 

experimentation results presented that their proposed methodology can provide more 

stable results, improve the rate of convergence 

Demirel & Deveci (2017) designed a model of a novel search space, updating a heuristics-

based GA by focusing on medium sized CPP. They experimented with data of 571, 608, 

714, 810, 906 and 1,002 flight legs of monthly problem. Results were presented as 

decreased deadheading and reduction in numbers of overnight stopovers.  

The main advantage of a GA is that it is easy to code and implement with the airline crew 

scheduling problem. It can effectively solve a nonlinear objective function. Moreover, 

implementation with a small size of data set showed effective results using a GA. By 

contrast, the main disadvantage of GA is their poor performance compared to 

mathematically based integer problem techniques. Furthermore, genetic algorithms are 

not ideal for large-scale problems.  

 

• Variable neighbourhood search (VNS) 

VNS is a metaheuristic method for solving COPs. VNS was introduced in 1997 for 

solving complex optimisation problems. The basic concept of the VNS algorithm is to 

provide systematic changes in the neighbourhood structure in the search space. Apart 

from the original VNS algorithm, there are many outstanding developments of VNS such 

as Reduced VNS (RVNS), Basic VNS (BVNS), Variable Neighbourhood Descent (VND) 

and General VNS (GVNS). The procedure of VNS provides a systematic change of 

neighbourhood in a search space. VNS is divided into two main phases. Firstly, descent 

to find a solution with a local optimal and secondly a perturbation phase to escape from 

the corresponding valley. VNS methods are generally used for solving many fields such 

as single machine scheduling (Pacheco et al., 2018), permutation flowshop scheduling 

(Xu et al., 2017).  
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Some researchers proposed VNS for solving the ACS as follows: 

Salehipour et al. (2009) proposed the VND algorithm combined with LS methods for 

solving problems of scheduling aircraft landing. The main objective of the optimisation 

model of this research was to minimise delay of aircraft landing time. For computational 

experimentation, reasonable results were presented by the proposed algorithm.  

Samà et al. (2015) proposed a VNS algorithm combined with a branching technique for 

solving scheduling and routing of aircraft take-off and landing. The main objective of 

their optimisation model was to minimise the workload of air traffic controllers and 

reduce airport congestion by considering intelligent traffic control decisions. Results were 

presented with outstanding outcomes and low computational experimentation time. 

Agustin et al. (2017) used general VNS to solve ACS by considering CPP. The main 

objective of the optimisation model was to minimise the total number of pairings. 

Computational experimentation was conducted with a real-world case study. Results were 

compared and analysed with a multi-start algorithm. Computational experimentation of 

the proposed algorithm presented a lower computation time. 

Advantages of VNS are: 

• One crucial advantage of VNS is to provide a diversification from a shaking 

procedure to improve quality of solution for more intensification. VNS has been 

successfully implemented with a wide range of COPs.  

• Another advantage of VNS is the fast-computational experimentation time. 

 

2.5 Stochastic CPP 

 

Historically, ACS were normally considered deterministic without focusing on the 

disruption. However, these days, airline companies have to deal with disruption caused 

by bad weather conditions, late departure and late arrival of aircraft. Stochastic models 

now offer better solutions to the ACS and provide abilities to deal with the disruptions. 

The main objective of stochastic modelling is to consider the effect of decision-making 

for certain scheduling (Yen & Birge, 2006). 
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Figure 2.5 Causes of delays (Deveci & Demirel, 2018) 

 

Figure 2.5 represents statistics from airline companies in the US concerning the 

percentages of on-time and delay causes. Data from the FAA show that aircraft arriving 

late is the highest cause of delay, while the second highest results from aviation system 

malfunctions. Therefore, making airline crew scheduling more robust is the main purpose 

of many airlines (Muter et al., 2013).  

Many researchers have studied ACS by considering stochastic modelling. Most of them 

focused on daily problem types. The important aim of stochastic modelling is to create 

plans and recovery policies to implement with a random environment (Rosenberger et al., 

2000). Schaefer et al. (2005) studied ACS under uncertainty with the limit of only 

planning and operation under frictional disruptions. This research showed that a 

deterministic model of crew scheduling can be improved under frictional disruption. 

Ionescu & Kliewer (2011) proposed stochastic modelling by concentrating on swap 

opportunities of crews using a scenario-based simulation model that allowed recovery 

actions for a realistic evaluation. This research aimed to increase tolerance of delay and 

provide possibilities for low cost recovery actions. Dück (2010) combined ACS and 

aircraft scheduling with stochastic modelling. This research involved propagated delay of 

crew and aircraft to model non-linear constraints. Mou (2013) studied the CPP in 

stochastic modelling to minimise the cost of crew and satisfaction of passengers.  
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2.5.1 Solution methods for Stochastic CPP 

 

There is no doubt about the effectiveness of OR methods for improving quality of solution 

of CPP. For stochastic real-world problems, disruptions are caused by delays and 

cancellations in the airline industry. Effective recovery plans are crucial methodology to 

handle real-world problems. Therefore, CPS should be flexible to provide a recovery plan 

of crew swaps and also provide the stability of pairing schedule at the same time. 

Effective crew pairing schedules can reduce the waste of money and time. Some studies 

which investigated recovery plans related to this thesis of stochastic CPP are presented as 

follows: 

Burke et al. (2010) studied a multi-objective optimisation model that incorporated 

stability and flexibility into aircraft schedules for retiming flights and rerouting KLM 

Royal Dutch Airlines. Results showed that a multi-objective optimisation model can 

increase schedule flexibility.  

Ageeva & Clarke (2000) studied approaches to incorporate robustness into airline 

scheduling by only considering a single point swap. The main aim was to improve the 

robustness of ACS. A stochastic model of crew pairing problem was formulated by Dück 

(2010) who considered the delay propagation to ACS and aircraft routing. The major aim 

of this paper was to increase flexibility into crew scheduling and aircraft routing. 

 

2.5.1.1 Exact methods 

 

• Branching algorithm 

A few studies proposed exact algorithms for solving the stochastic ACS. Yen & Birge 

(2006) developed a stochastic integer programming model of the airline crew scheduling 

problem with a branching algorithm for finding connections of expensive flights and 

provide alternative solutions.  

 

• Column generation 

The column generation method is the most favoured heuristic for solving stochastic CPP. 

Mercier et al. (2005) developed a model that included robustness. The method of Benders 
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decomposition technique was experimented with the aircraft routing problem as the 

master problem and also compared with the CPP. Moreover, they studied the effect of 

yielding Pareto-optimal cuts on the speed of Benders decomposition technique.  

Nissen & Haase (2006) studied the ACS with disruptions to provide crew rescheduling. 

Examples of disruptions included unexpected aircraft failure, crew sickness, severe 

weather conditions, air traffic control restrictions and other reasons. 

Shebalov & Klabjan (2006) developed a model by combining delayed column generation 

and Lagrangian relaxation to effectively solve large sized integer programs. To illustrate, 

Lagrangian relaxation was applied to deal with restricted master problems and the dual 

restricted master problem of delay column generation, which resembled Lagrangian 

multipliers.  

Ionescu & Kliewer (2011) presented an approach with a runtime saving solution for 

integrating flexibility indicators by applying a constraint extension with a column 

generation.  

Dück et al. (2012) presented methodology to deal with aircraft and crew scheduling as an 

integrated stochastic model. A robust model of aircraft and crew scheduling was proposed 

with heuristics based on column generation. 

 

2.5.1.2 Heuristic methods 

  

• Iterated Greedy (IG) heuristic 

Ishibuchi & Murata (1998) reviewed iterated greedy with a stochastic COPs. The benefit 

of IG is the simplicity of its algorithm and also high-performance of solving problems. 

Integrating IG with other state-of-the-art techniques such as local search can improve 

algorithm efficiency.  

Peixoto (2014) presented an integration of greedy heuristic with the Markov chain Monte 

Carlo (MCMC) method to solve stochastic COPs. Computational experimentation time 

decreased. The heuristic can provide reasonable results that are nearly optimal. 
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• Biased Randomisation 

Cicirello & Smith (2005) studied enhancing stochastic search performance by value-BR 

of heuristics. BR was added into the heuristic framework to improve search in the solution 

neighbourhood. The result of using BR seemed to provide an effective quality of solution. 

 

2.5.1.3 Metaheuristic methods 

 

• VNS 

VNS has never been used for solving stochastic CPP but it has been proposed for solving 

stochastic scheduling problems as follows; 

Solos et al., (2016) developed a stochastic VNS algorithm to solve problems of shift 

scheduling for trucks. The main purpose of this research was to optimise the one-to-one 

assignment between the set of tank truck shifts and the set of available drivers with soft 

and hard constraints. The solution from their proposal provided reasonable computational 

experimentation time. 

VNS was used to solve other stochastic problems such as the COPs such as: 

Biesinger et al. (2015) proposed VNS that aimed to minimise the expected tour length 

through all clusters. VNS was used to create an initial solution using a multi-level 

evaluation scheme to decrease computational experimentation time of the calculation. 

The solution minimised computation time and the proposed algorithm solved large 

instances of the problem.  

Gruler et al. (2018) combined a sim-heuristic method of Monte Carlo Simulation (MCS) 

with a VNS framework to solve COPs with stochastic problem. The main aim was to set 

up an optimal refill policy for each customer period and consider the minimisation of total 

expected cost. The demands were randomly generated by MCS in each period.  

Rahmaniani et al., (2012) proposed a VNS framework to solve COPs under uncertainty 

to minimise the total expected costs of transportation and opening facilities with the 

robustness of constraint. Moreover, the VNS algorithm was combined with simulated 

annealing and tabu search to find the local optimal solution. The result of the proposed 

methodology was compared with CPLEX solver. The solution of their proposed 
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methodology showed that computational experimentation time decreased and quality of 

the solution improved.  

 

2.5.2 Sim-Optimisation Methods 

 

The simulation technique is an effective solution approach used for optimisation with 

COPs by random data and referred to as Sim-Optimisation. The crucial advantage of Sim-

Optimisation has taken a short time to gain popularity. The efficacy of Sim-Optimisation 

is very productive to generate high-quality stochastic solutions. In an airline logistic, Sim-

optimisation is used to generate random values of disruptions to airline transport systems 

and provide recovery plans during the decision-making process (Rosenberger et al., 

2003). Moreover, simulation-based optimisation was used to simulate customer demand 

and a number of complicated factors of generating staff planning of the airline’s cargo 

service call centre (Assavapokee & Mourtada, 2008). 

Hybridisation of simulation techniques combined with heuristics or metaheuristics is 

called sim-heuristics. Performance of this method is based on generating expected values 

of uncertain parameters. The expected values generated are used for providing high-

quality solutions for stochastic COPs. In addition, the sim-heuristic is considered with 

stochastic objective function and constraints by including simulation techniques into the 

metaheuristic based algorithm (Juan et al., 2015).  

Advantages of sim-heuristic as follows: 

• It can provide a simulation of generating probability distribution of the expected 

value that close to reality.  

• It can be combined with the optimisation  

• Providing a risk and reliability analysis that can help the decision-making process 

and can be used for business analysis. 

Some papers studied sim-heuristics in ACS as follows:  

Sim-heuristics have been applied to tackle ACS of Sim Air. The MCS was used to 

simulate crew schedule performance disrupted by delays. The recovery plan only 

considered push-back recovery. This recovery method expanded the delay of the 

departure flight until the crews could perform duties (Rosenberger et al., 2000).  
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Similarly, the sim-heuristic method has been used for solving aircraft scheduling. The 

simulation technique is used in airline operations. The main objective of optimisation 

models is to minimise crew and passenger disruption (Rosenberger et al., 2003).  

Other than using the sim-heuristic to solve CPP, it is also used for solving other problems 

such as the permutation flowshop scheduling problem. MCS is combined to provide 

expected value of makespan and tardiness for solving permutation flow shop scheduling 

problem. The results presented that it was suitable for further analysis on the behaviour 

of scheduling problems under uncertainty (González-Neira & Montoya-Torres, 2019). 

 

2.6 Conclusion 

 

The main aim of this chapter is to review the literature of ACS by focusing on the solution 

methodologies of solving the CPP. The CPP is a subproblem of the airline crew 

scheduling problem that occurs during the planning process. There are many constraints 

to be considered including the base location of crew, minimum transfer time between 

flights and minimum working time per day. Popular optimisation models are based on the 

covering model and the set partitioning model. The main benefit of the set covering model 

takes lower computational experimentation time; while the major advantage of the set 

partitioning model is not considered with deadheading cost and focus on limited part of 

problem. For dealing with real-world problems, OR techniques are crucial for solving 

CPP. There are many methodologies such as exact methods, heuristics, and 

metaheuristics which are well known and successfully used to solve deterministic CPP. 

To deal with real-world problems, stochastic problems are the main issues that concern 

airlines. In addition, the main point of solving stochastic problems is to increase the 

flexibility and maintain the stability of the pairing schedules. Exact methods, heuristic 

and metaheuristic methods can also solve stochastic CPP by integration with sim-

optimisation methods. Simulation techniques are used to simulate the expected values 

into deterministic for transformation into stochastics with effective solution quality. 

Therefore, effective methodologies result in high quality solutions.  
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Chapter 3 Biased Randomised Iterated Greedy for 

Deterministic Airline Crew Scheduling 

 

3.1 Introduction 

 

These days, the ACS is successfully solved by many metaheuristic methods which deliver 

outstanding and effective results. The IG heuristic is one of the effective algorithms 

successfully implemented to solve many COPs based on destruction phase and 

construction phase. Effective results from the IG heuristic for solving flowshop 

scheduling problems by reinserting jobs into the sequence were presented by Ruiz & 

Stützle (2007). Crucial advantages of the IG heuristic are that it is simple to code 

(parameter free), flexible and easy to use for implementation with CPP.  

In this chapter, IG heuristic is combined with BR technique to solve the CPP. The main 

aim for combining IG heuristic and BR technique (called BRIG) is to improve the 

algorithm to become more effective for solving the CPP in terms of quality of solution. 

The BR technique can be used to enhance diversification into the IG heuristic during the 

construction phase based on a skewed probability distribution (non-uniform) to make the 

first entry of the priority list located with the highest value of possible solutions. 

Therefore, it is reasonable to integrate IG heuristic with BR technique. 

The problem description and optimisation model in Section 3.2, Description of solution 

approach of BRIG in Section 3.3, computational experimentation of BRIG in Section 3.4, 

and conclusion in Section 3.5. 

 

3.2 Problem description and optimisation model 

 

This study deals with the problem of ACS by considering the CPP as a subproblem of 

airline crew scheduling that occurs in the planning stage of the airline. In general, the 

flight time of each flight is fixed but crew pairing is not only scheduled for a single flight 

but for all flights operated by airlines. Therefore, effective sequences of CPS can result 

in the reduction of total flying time of crews. Moreover, an effective CPS results in airline 
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cost saving. This is because total flying time is directly connected with crew salary as the 

major citation for calculating crew cost. Minimisation of total crew flying time results in 

reduction of crew expenses which is the second highest airline cost after fuel. Therefore, 

the main objective of the optimisation is to minimise total flying time of the CPS.  

To illustrate more, the CPP is about sequencing all flights of crew members with the main 

objective to minimise total flying time and reduce crew cost which is the second largest 

airline operational cost. The CPS is controlled by certain restrictions as follows:  

• In pairing schedules, a crew must start working from a crew base location and end 

duties at a crew base location.  

• Arrival time of next crew flight must not be earlier than the departure time of the 

current flight.  

• Transfer time between the two flights needs to be considered.  

• The next flight must be on the same day as the current flight or the following day.  

• The maximum duration of trip, a crew cannot work more than eight hours per day 

(this thesis does not consider waiting times between flights).  

• Deadheading flights can happen for transporting crew as passengers in an airplane 

for performing jobs in their next assigned flight. Importantly, deadheading flights 

are taking into account.  

As the main aim of this thesis, the optimisation model is designed with the objective of 

minimising total flying time of the CPS. The optimisation model adapts from the 

formulation of Deveci & Demirel (2018). To model the CPP based on a set partitioning 

formulation, finding minimum total flying time of feasible pairings considered was for 

every flight in the data set included in one pairing schedule. In this thesis, the total flying 

time of CPS is calculated when the crew is departed from crew base location and the 

whole sequences of pairing until arrived to crew base location. Noted that we do not 

consider with the break time of crew when calculating total flying time of CPS.  

In addition, this research does not consider the costs for each pairing and any other cost 

constraints. Reducing crew costs was considered in terms of minimising the total flying 

time of pairing schedules. Therefore, cost reduction in this research comes from reduction 

of total flying time of CPS. To illustrate, the fundamental criterion of calculating crew 
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salary is based on the total flying time. Therefore, if the total flying is decreased, this 

results in a reduction of airline operation costs. 

 

Index Definition 

𝒊 Flight leg index 

𝒋 Flight leg index 

 

All required parameters are presented as follows: 

Parameter Definition 

𝑻𝒋 Flying time of pairing 𝑗 

𝑿𝒋 Binary variable determines whether pairing 𝑗 ∈ 𝑃 is selected 

in the solution or not 

𝒂𝒊𝒋 Binary variable value 1 if flight 𝑖 is covered by pairing 𝑗, and 

0 otherwise 

𝑭 Set of flights that must be covered 

𝑷 Set of all feasible crew pairings of set of flights 

𝑷𝒊𝒐𝒓𝒊𝒈𝒊𝒏𝒂𝒍 Original of pairing 𝑖 

𝑷𝒊𝒅𝒆𝒔𝒕𝒊𝒏𝒂𝒕𝒊𝒐𝒏 Destination of pairing 𝑖 

𝑪𝑩 Crew base location 

𝒓𝒇𝒊 Arrival time of flight 𝑖 

𝒈𝒊𝒋 Transfer time of connection time between flight 𝑖 to flight 𝑗 

𝒅𝒇𝒋 Departure time of flight 𝑖 

𝑻𝑭𝑻𝑷 Total flying time of pairing schedule 

𝑫𝑾𝑻𝒄 Daily working time of crew 

 

Let 𝐹 represent the set of flights to be covered. The set of all feasible crew pairings is 

represented by 𝑃. The binary variable 𝑋𝑗 determines pairing 𝑗 ∈ 𝑃 value 1 if it selected, 

and 0 otherwise. 𝑇𝑗 represents flying time of crew associated with pairing 𝑗. The binary 

𝑎𝑖𝑗 value equals 1 if flight 𝑖 is associated in pairing 𝑗 and 0 otherwise. 
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Min(𝑧) =  ∑ 𝑇𝑗𝑗∈𝑃 𝑋𝑗          (3.1)

  

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ;   

∑ 𝑎𝑖𝑗 × 𝑋𝑗 = 1   ∀𝑖 ∈ 𝐹 𝑗∈𝑃         (3.2)

  

𝑋𝑗 ∈ {0,1}   ∀𝑗 ∈ 𝑃          (3.3)

  

𝑋𝑗 = {
1 𝑖𝑓 𝑝𝑎𝑖𝑟𝑖𝑛𝑔 𝑗 𝑖𝑠 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑;

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,
  

𝑎𝑖𝑗 = {
1 𝑖𝑓 𝑓𝑙𝑖𝑔ℎ𝑡 𝑙𝑒𝑔 𝑖 𝑖𝑠 𝑐𝑜𝑣𝑒𝑟𝑒𝑑 𝑏𝑦 𝑝𝑎𝑖𝑟𝑖𝑛𝑔 𝑗;

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,
  

 

The objective function of minimising total flying time of crew pairing schedule is 

displayed as (3.1), while (3.2) guarantees that all flights (rows) are covered at least once. 

If value (3.3) is equal to 1 that means the pairing is selected. Importantly, many 

constraints need to be focused for the real-life problem related to workload regulations of 

crew and other company rules as follows: Each pairing must begin and finish at the crew 

base location (3.4) and (3.5). Connection flight constraint in (3.6). Total flying time per 

day should be less than minimum daily crew working hours (3.7) as follows: 

 

𝑃𝑖𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 = 𝐶𝐵         (3.4) 

𝑃𝑖𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛 = 𝐶𝐵         (3.5) 

𝑟𝑓𝑖 + 𝑔𝑖𝑗  ≤  𝑑𝑓𝑗     ∀𝑖 ∈ 𝐹, ∀𝑗 ∈ 𝑃, ∀𝑓𝑖, 𝑓𝑗 ∈ 𝐹  (3.6) 

𝑇𝐹𝑇𝑃  ≤  𝐷𝑊𝑇𝑐         (3.7) 
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3.3 BRIG 

 

Solving large sized problems cannot be satisfied by implementation of the exact method 

because it takes a decision-maker a lot of time to solve this kind of problem. Therefore, 

many methodologies based on heuristics and metaheuristics were developed to deal with 

large-scale COPs to support the process for decision-making. In this chapter, the BRIG is 

developed to get rid of the local optimal, increase diversification of the IG heuristic and 

improve the quality of solution. 

In this section, the methodology of BRIG is presented. A description of BR and IG 

heuristic are presented. The pseudo-code of the proposed methodology is also illustrated 

in this chapter.  

The main strong point of randomised heuristics is their ability to handle the difficulty for 

solving COPs. To clarify this, the technique of randomisation improves the searching area 

by choosing the next best option of candidate. Moreover, many researchers applied the 

technique of randomisation into the algorithm with a uniform distribution to establish 

random behaviour for searching candidate. Additionally, non-uniform probability 

distributions called BR can also be applied into the algorithm for developing the 

performance of results.  

The initial solution is achieved by following the column generation framework. Next, to 

improve the result, some flight candidates are randomly removed from the pairing in the 

destruction phase. BR can be combined in the construction phase to enhance performance 

of the algorithm. The alternative of searching candidates in a search space seemed to be 

more effective for finding a feasible solution, while the logic of greedy behaviour was 

destroyed by the uniform randomisation of the list of candidates. Then, the randomisation 

has to be biased for preserving this logic to increase the rate of probabilities to find the 

most promising candidates. The performance of BR followed by greedy constructive 

behaviour provided a certain degree of randomness and preserved the main logic behind 

the heuristic (Grasas et al., 2017).  
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Then, the proposed BRIG was developed to minimise total flying time of crew pairing 

schedules. The pseudo-code of the proposed Biased Randomised IG is presented as 

Algorithm 3.1 as follows. 

 

Algorithm 3.1 Pseudo-code of the Biased Randomised Iterated Greedy Algorithm 

Procedure: BiasedRandomisedIteratedGreedy 

Begin: 

// Create list of possible transfer flights and initial solution // 

transferList ← readData(allFlights) 

initialSolution (𝑝′) ← createInitialSolution(allFrights) 

bestSolution (𝑝𝑏𝑒𝑠𝑡) ← initialSolution (𝑝′) 
// Generating daily pairings // 

for (𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝐿𝑖𝑠𝑡 𝑛𝑜𝑡 𝑒𝑚𝑝𝑡𝑦) do     //Destruction Step 

 dailyPairing ← 𝑝′ 
 dailyPairing ← createDailyPairing (transferList, alpha)  //BR 

 for 𝑝𝑜𝑠𝑖 = 0 𝑡𝑜 𝑑𝑎𝑖𝑙𝑦𝑃𝑎𝑖𝑟𝑖𝑛𝑔. 𝑠𝑖𝑧𝑒() do   //Construction Step 

  newSolution ← combineDailyPairing (dailyPairing) 

  newSolution ← complete (newSolution, allFlights) 

  solutionList ← update(newSolution) 

// Checking constraints // 

  if (𝑐𝑟𝑒𝑤𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑜𝑢𝑟𝑠(𝑛𝑒𝑤𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛) <
𝑐𝑟𝑒𝑤𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑜𝑢𝑟𝑠(𝑏𝑒𝑠𝑡𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛)) 

  then        

   bestSolution (𝑝𝑏𝑒𝑠𝑡)  ← newSolution 

  end if 

 end for 

end for 

end algorithm 
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The procedures of BRIG as follows: 

Step 1: Let the algorithm read the input data of the flight schedule such as the origin of 

flight, destination of flight and flight time. Create the initial solution 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 of 

flight pairings as pseudo-code presented in Algorithm 3.2.  

 

Algorithm 3.2 Pseudo-code of generating initial solution 

Procedure: GeneratingInitialSolution 

Begin: 

for each flight 𝐹𝑖 in 𝑓𝑙𝑖𝑔ℎ𝑡𝐿𝑖𝑠𝑡 

 if 𝐹𝑖 is covered by 𝑝𝑎𝑖𝑟𝑠𝐿𝑖𝑠𝑡 do 

  if number of covers in 𝐹𝑖  < 1 do 

   find the 𝑐𝑟𝑒𝑤𝑃𝑎𝑖𝑟𝑖𝑛𝑔𝐿𝑖𝑠𝑡 that includes 𝐹𝑖 

   if 𝑐𝑟𝑒𝑤𝑃𝑎𝑖𝑟𝑖𝑛𝑔𝐿𝑖𝑠𝑡 ≥ 1 do 

    select a random pairing 𝑃 out of 𝑐𝑟𝑒𝑤𝑃𝑎𝑖𝑟𝑖𝑛𝑔𝐿𝑖𝑠𝑡 

    insert 𝑃 to 𝑐𝑟𝑒𝑤𝑃𝑎𝑖𝑟𝑖𝑛𝑔𝑆𝑐ℎ𝑑𝑢𝑙𝑒 

   add 𝑐𝑟𝑒𝑤𝑃𝑎𝑖𝑟𝑖𝑛𝑔𝑆𝑐ℎ𝑑𝑢𝑙𝑒 to 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 

   end if 

  end if  

 end if 

end for 

end procedure  

 

The initial solution is generated based on column generation framework. Each flight leg 

is located in each column. Total flying time of the initial solution is calculated and added 

into bestSolution. During the destruction phase, the transfer time between flight 𝑖 and 

flight 𝑗 is calculated. If the transfer time between flight 𝑖 and flight 𝑗 as 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝑖𝑗 does 

not break any flight constraints and crew constraints, the corresponding transfer flight is 

added to the 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝑙𝑖𝑠𝑡 of possible flight connections. The created list of transfer 

flights is sequenced from the lowest to highest transfer time. After that, the algorithm will 

check for possible flights. 
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Algorithm 3.3 Pseudo-code of Daily Flight Sequences 

Procedure: DailyFlightSequences 

Begin: 

transferList ← randomSelection(transferList, alpha) //biased randomised 

while (𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝐿𝑖𝑠𝑡 𝑛𝑜𝑡 𝑒𝑚𝑝𝑡𝑦) do 

 𝑓𝑖 ← select 𝑓𝑖 of transferList[0] 

 𝑓𝑗 ← select 𝑓𝑗 of transferList[0] 

 𝑃𝑖 ← associatedPairing(dailyPairing, 𝑓𝑖) 

 𝑃𝑗 ← associatedPairing(dailyPairing, 𝑓𝑗) 

 if ((𝑡𝑖𝑚𝑒 𝑓𝑖 + time 𝑓𝑗  < max 𝑑𝑎𝑖𝑙𝑦𝑇𝑖𝑚𝑒) 𝑎𝑛𝑑 (𝑑𝑎𝑦 𝑃𝑖 = 𝑑𝑎𝑦 𝑃𝑗) 𝑎𝑛𝑑 

 (𝑃𝑖  ≠  𝑃𝑗) 𝑎𝑛𝑑 (𝑓𝑖 𝑙𝑎𝑠𝑡 𝑖𝑛 𝑃𝑖) 𝑎𝑛𝑑 (𝑓𝑗  𝑓𝑖𝑟𝑠𝑡 𝑖𝑛 𝑃𝑗))  then 

  dailyPairing ← linkSequences(𝑃𝑖, 𝑃𝑗) 

 end if 

 update (transferList) 

end while 

 

 

Step 2: During this step, daily flight sequences are scheduled following the pseudo-code 

of the IG framework. The pairings are constructed with different flight legs that sorted 

flights from 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝐿𝑖𝑠𝑡. Due to a skewed probability distribution based on parameter 

𝛼, the daily flight pairing sequences are selected as presented in Algorithm 3.3. 

Importantly, 𝛼 defines the probability of first transfer list admittance with the lowest 

connection time chosen from all eligible transfer flights on the list. Following this, many 

constraints need to be considered and focused when flight candidates of transfer list are 

on the same day, while 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝐿𝑖𝑠𝑡 is updated when a transfer flight candidate is 

chosen from the list. This stage of sequence pairing is repeated until the created list has 

no more flight candidates.  
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Algorithm 3.4 Pseudo-code of Merging Daily Flight Sequences to Create the Complete 

Pairing Schedule 

Procedure: MergingDailyFlightSequencesWithOhterPairings 

Begin: 

random dailyPairing 

for 𝑝𝑜𝑠𝑃𝑖 = 0 𝑡𝑜 𝑑𝑎𝑖𝑙𝑦𝑃𝑎𝑖𝑟𝑖𝑛𝑔. 𝑠𝑖𝑧𝑒() do 

 𝑃𝑖 ← dailyPairing[𝑝𝑜𝑠𝑃𝑖] 

 for 𝑝𝑜𝑠𝑃𝑗  = 0 𝑡𝑜 𝑑𝑎𝑖𝑙𝑦𝑃𝑎𝑖𝑟𝑖𝑛𝑔. 𝑠𝑖𝑧𝑒() do 

  𝑃𝑗 ← dailyPairing[𝑝𝑜𝑠𝑖] 

  if ( 𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛 𝑎𝑖𝑟𝑝𝑜𝑟𝑡 𝑃𝑖 = 𝑜𝑟𝑖𝑔𝑖𝑛 𝑎𝑖𝑟𝑝𝑜𝑟𝑡 𝑃𝑗) 𝑎𝑛𝑑  

(𝑙𝑎𝑠𝑡 𝑑𝑎𝑦 𝑃𝑖  + 1 = first day 𝑃𝑗) 𝑎𝑛𝑑 ( 𝑡𝑜𝑡𝑎𝑙 𝑑𝑎𝑦 𝑃𝑖  𝑎𝑛𝑑 𝑃𝑗 < max 𝑝𝑎𝑖𝑟𝑖𝑛𝑔 𝑑𝑎𝑦𝑠) then 

   currentPairing ← combinePairing(𝑃𝑖, 𝑃𝑗) 

   𝑝𝑜𝑠𝑃𝑗  ← 0 

  end if 

 end for 

end for 

 

Step 3: To create the complete CPS, the daily crew pairings are merged in this step 

following Algorithm 3.4 framework. To illustrate, the daily pairings are randomly 

combined on a single crew duty period when feasible due to a uniform distribution. The 

list of possible merged pairing is started with lowest transfer time in the first position of 

the list to the highest transfer time of pairings. 
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Algorithm 3.5 Pseudo-code of Checking Crew Base Constraints 

Procedure: CheckingCrewBaseConstraints 

Begin: 

for (𝑖 = 0 𝑡𝑜 currentPairing.size()) do 

𝑃𝑗  ← createPairing(𝑓𝑖) ← currentPairing[i] 

if (𝑃𝑖 𝑜𝑟𝑖𝑔𝑖𝑛 𝑎𝑖𝑟𝑝𝑜𝑟𝑡 ≠ 𝑐𝑟𝑒𝑤 𝑏𝑎𝑠𝑒) then 

  𝑓𝑖  ← findFlight(𝑃𝑖 origin flight) 

  if (𝑓𝑗  ≠ 𝑁𝑈𝐿𝐿) then 

   𝑃𝑗  ← createPairing(𝑓𝑖) 

   𝑃𝑖  ← combinePairing(𝑃𝑖, 𝑃𝑗) 

  end if 

end if 

if (𝑃𝑖  𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛 𝑎𝑖𝑟𝑝𝑜𝑟𝑡 ≠ 𝑐𝑟𝑒𝑤 𝑏𝑎𝑠𝑒) then 

  𝑓𝑗  ← findFlight(𝑃𝑖 destination flight) 

  if (𝑓𝑗  ≠ 𝑁𝑈𝐿𝐿) then 

   𝑃𝑗  ← createPairing(𝑓𝑗) 

   𝑃𝑖  ← combinePairing(𝑃𝑖, 𝑃𝑗) 

  end if 

end if 

update(currentPairing, 𝑃𝑖) 

newSolution ← complete(newSolution, allFlights) 

solutionList ← updateNewSolution 

if (𝑐𝑟𝑒𝑤𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑜𝑢𝑟𝑠(𝑛𝑒𝑤𝑆𝑜𝑙𝑖𝑡𝑖𝑜𝑛) <
𝑐𝑟𝑒𝑤𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑜𝑢𝑟𝑠(𝑏𝑒𝑠𝑡𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛)) then 

  bestSolution(𝑃𝑏𝑒𝑠𝑡) ← newSolution 

end if 

end for 

 

Step 4: This step, concerns the crew base location constraint as it has to be the first start 

of each pairing and final destination of each pairing as demonstrated in Algorithm 3.5. 

Crew members can travel as passengers on the plane to work or back to base location 

(deadheading flight). Then, the scheduled flights can appear on flight pairing schedules 

more than once. After finished the step, the solution of pairing schedule is included in the 

solution list. Then, this phase is repeated until some criterion is met. We set the criterion 

to be bestSolution of total flying time of pairing schedule; this means that if the new 

solution (total flying time) is better than bestSolution, the bestSolution is updated. 
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3.4 Computational experimentation 

 

This section demonstrates the potential of BRIG algorithm for solving daily and weekly 

problems of CPP. In this thesis, the implementation is conducted with JavaScript on a 

personal computer with Intel Core i5-5200U with 2.7GHz and 4GB RAM. Then, it 

presents the experimentation data set to implement with the BRIG and compare with the 

reference problem from the literature (Agustin et al., 2016) and the real-life case study of 

an airline company in Thailand.  

• Reference problem from literature (Agustin et al., 2016)  

This reference case study used a multi-start metaheuristic based on biased randomisation. 

The main concept of multi-start metaheuristic is based on two phases as generating a 

solution in the first phase and improving quality of the solution in the second phase. The 

data of destination airports are consisted of Madrid-Barajas Airport (MAD) in Spain, 

Barcelona–El Prat Josep Tarradellas Airport (BCN) in Spain, Brussels Airport (BRU) in 

Belgium, Frankfurt am Main Airport (FRA) in Germany, Paris Orly Airport (ORY) in 

France, Gran Canaria Airport (LPA) in Spain, Milan Malpensa Airport (MXP) in Italy, 

Munich Airport (MUC) in Germany, Nice Côte d'Azur Airport (NCE) in France, Palma 

de Mallorca Airport (PMI) in Spain, and Santiago de Compostela Airport (SCQ) in Spain 

The reference problem is considered as a weekly problem. 

▪ Flights consist of 41 flights of a commercial airline 

▪ Minimum transfer time between two flights is 45 minutes 

▪ Maximum daily working time of crew members is 8 hours  

▪ Maximum consecutive working days is 3 

 

• Real-life case study of an airline company in Thailand 

The real-life case study is considered as a daily problem of CPP. However, for reasons 

of confidentiality, the name of the airline will not be presented. There are 9 destination 

airports with the main airport in Thailand such as Suvarnabhumi International Airport 

(BKK) in Samut Prakan Province, Chiang Mai International Airport (CNX) in Chiang 

Mai Province, Mae Fah Luang-Chiang Rai International Airport (CEI) in Chiang Rai 

Province, Hat Yai International Airport (HDY) in Songkhla Province, Phuket 

International Airport (HKT) in Phuket Island, Krabi International Airport (KVB) in 

Krabi island, Khon Kaen Airport (KKC) in Khon Kaen Province, Ubon Ratchathani 
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Airport (UBP) in Ubon Ratchathani Province and Udon Thani International Airport 

(UTH) in Udon Thani Province. These airports are the commercial airports in Thailand 

that busied in traffic and gain lot of profit because it located in the area of famous 

tourist attractions. The hub airport of real-life cast study of an airline in Thailand is 

Suvarnabhumi International Airport (BKK) that located in Samut Prakan Province. 

The details of a real-life case study are shown as follows: 

▪ Flight data of the airline consist of 104 flights, 202 flights and 312 flights 

▪ Minimum transfer time between two flights is 45 minutes 

▪ Maximum daily working time of crew members is 8 hours  

 

For the results analysis, the percentage of improvement gap is presented in order to 

present the efficiency of our proposed methodology of BRIG. The formulation of 

calculating the improvement gap show as follows; 

%𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝑔𝑎𝑝 = (
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑟𝑒𝑠𝑢𝑙𝑡−𝑟𝑒𝑠𝑢𝑙𝑡 𝑜𝑓 𝑜𝑢𝑟 𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑 𝑚𝑒𝑡ℎ𝑜𝑑

𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑟𝑒𝑠𝑢𝑙𝑡
) × 100 (3.8) 

Therefore, if the results of percentage improvement gap are positive, it means the BRIG 

can provide solution better than original results. Otherwise, the negative results mean 

there are no improvements. 

For airline industries, A 1% reduction of total CPS flying time will reduce airline crew 

costs (Kasirzadeh, 2015). The quality of the solution is based on percentage improvement 

gaps as follows: 

• 1 – 10 % = little improvement 

• More than 10% = significant improvement 

 

3.4.1 Reference problem from the literature 

 

Computational experimentation results of our proposed solution of BRIG are presented 

in Table 3.1. In comparison, BRIG reduced the number of pairings more than the 

company solution for one pairing. Moreover, it also reduced total flying time of CPS more 

than the company solution at 2.87%. Similarly, BRIG reduced deadheading flights more 

than the company solution to only one or 50%. Moreover, comparing between BRIG and 

the company solution, the BRIG can reduce the number of pairing more than the company 
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solution at 16.67%. Comparison of total flying times of CPS of BRIG, the company 

solution and Multi-Start metaheuristic were equal at 67 hours 40 minutes; however, 

computational experimentation times were different. Computational experimentation 

time of BRIG was 17.55 seconds and computation time of Multi-Start was 20 seconds. 

This means that computational experimentation time of BRIG was lower.  

  

Table 3.1 Best results of the implementation by BRIG comparing with other methods of 

reference problem 

  

No 

Pairings 

Total Flying 

Time(hr) Deadheading CPU(s) 

% Improvement Gap between  

BRIG with Company Solution 

Company 

Solution 6 69:40:00 2 N/A 

No 

Pairings 

Total 

Flying 

Time Deadheading 

Multi-Start 5 67:40:00 1 20 
16.67% 2.87% 50.00% 

BRIG 5 67:40:00 1 17.55 

A table of CPS solution from the implementation of BRIG regarding total flying time 

minimisation. Number of pairings, date of flights, flight sequences, flying time of each 

pairing (hours) and total flying time of CPS are shown in hours. is presented in 

Appendices as Table 3.4 presents  

 

3.4.2 Real-life case study of an airline company in Thailand 

 

This section considers the case study of an airline from Thailand with three sets of data 

on daily problems. Number of flights per set was 104, 202 and 312 flights. Comparisons 

of solutions between the initial solution that the company currently used and the solution 

by BRIG are presented with number of flights in pairing schedule, total flying time and 

the deadheading flights. The CPU time is shown in seconds.  

Table 3.2 shows the comparison between the company solution of pairing schedule and 

proposed BRIG of case study 104 flights, 202 flights and 312 flights. The percentage gap 

of solution improvement, the total flying time of CPS in hours, number of pairings, 

number of deadheading flights and computational experimentation times of solutions are 

presented in minutes. 
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The comparison between BRIG and company solution of 104 flights in Table 3.2 shows 

that BRIG reduced total flying time of pairing schedules more than the company solution 

at 0.72%. Furthermore, BRIG also reduced the number of deadheading flights more than 

the company solution. BRIG decreased the number of pairings more than the company 

solution from 32 to 30 and improved the company solution by 6.25%.  

For the case study of 202 flights, the comparison of results is presented in Table 3.2. The 

BRIG decreased total flying time of CPS more than the company solution at 0.39%. 

Furthermore, BRIG reduced the number of pairings more than the company solution from 

59 to 58 pairings or 1.69%. The computational time of BRIG is presented at 1.3 minutes. 

For the case study of 312 flights, the comparison between BRIG and company solution is 

illustrated in Table 3.2. The BRIG decreased total flying time of CPS more than the 

company solution at 0.45%. Moreover, BRIG also reduced the number of pairings from 

83 to 82 or 1.20% more than the company solution.  

 

Table 3.2 Best results of the implementation by BRIG comparing with company solution of a 

real-life case study from Thailand 

  Real-life case study of 104 flights 

% Improvement Gap between (a)-(b)  

104 flights 

104 

  

Company 

Solution BRIG No Pairings 

Total Flying 

Time Deadheading 

No Pairings 32 30 

6.25% 0.72% 100.00% 
Total Flying Time(hr) 138:00:00 137:00:00 

Deadheading 3 0 

CPU(m) N/A 1.15 

202 

Real-life case study of 202 flights 

% Improvement Gap between (a)-(b)  

202 flights 

  

Company 

Solution BRIG No Pairings 

Total Flying 

Time Deadheading 

No Pairings 59 58 

1.69% 0.39% 0.00% 
Total Flying Time(hr) 253:55:00 252:55:00 

Deadheading 0 0 

CPU(m) N/A 1.3 

312 

Real-life case study of 312 flights 

% Improvement Gap between (a)-(b)  

312 flights 

  

Company 

Solution BRIG No Pairings 

Total Flying 

Time Deadheading 

No Pairings 83 82 

1.20% 0.45% 0.00% 
Total Flying Time(hr) 449:10:00 447:10:00 

Deadheading 0 0 

CPU(m) N/A 1.23 

*(a) = Company solution and (b) = BRIG 
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According to the percentage of improvement of BRIG in table 3.2, small percentage of 

total flying time of CPS is improved. There is a relationship between total flying time 

and crew cost because the total flying time of CPS is the main component for 

calculating crew cost. Then, the reduction of total flying time of CPS is related to the 

reduction of crew cost for airline industry.  

 

To conclude of an airline company in Thailand, BRIG reduced the total flying time of 

CPS, number of pairings and number of deadheading flights more than the company 

solution. Reductions of total flying time directly affected crew cost which it the second 

largest expense of airlines. This can help the airline save money and provide the effective 

crew pairing schedule. Moreover, some cases presented reduction of deadheading flights 

so the airline had more seat spaces available for passengers and gained more income from 

ticket sales. The cost analysis of airline crew scheduling for an airline company in 

Thailand is presented in Section 3.5.2.1 (crew scheduling cost analysis for real-life case 

study in Thailand). 

Tables 3.5 to Table 3.7 show examples of CPS of our proposed methodology, BRIG to 

illustrate the best solution of each case study. Sequences of flights are presented with each 

flying per each pairing in hours, number of pairings and total flying time of crew pairing 

schedules (hours). However, according to the confidentiality of data, the flight time of 

each flight will not be presented. 

 

3.4.2.1 Crew scheduling cost analysis for real-life case study in Thailand 

 

The airline company in Thailand selected as the case study has a crisis in financial 

management. One of the main points of this section is to illustrate cost reduction for the 

company. Computational experimentation of our proposed solution of BRIG shows 

reduction of total flying time of CPS which conforms with our objective of optimising a 

model to minimise total flying time of CPS. Total flying time of CPS has a significant 

effect on crew salary. For this reason, total flying time of crew pairing schedules is the 

primary consideration to calculate airline crew salaries.  

Noted that all data and formulations of calculating crew cost are based on the airline of 

our case study. Moreover, we assumed number of crew members per pairing as 8 crew 
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members to be minimum number of crew per 1 pairing, while maximum number was 13 

(this data is provided from the real-life data of an airline company in Thailand). Therefore, 

we separated two types for crew cost calculation as minimum cost of crew and maximum 

cost of crew to illustrate the minimum rate and maximum rate of crew cost saving that 

can be achieved from implementing BRIG. Fixed crew salary per month was based at 

12,000 baht. Moreover, the rate of total flying time per hour was based at 300 baht as 

presented in table 3.3.  

 

Table 3.3 The data for crew scheduling cost calculation 

Criterion for calculation Data 

Minimum number of crew per pairing 8 crews 

Maximum number of crew per pairing 13 crews 

Fixed crew salary 12,000 baht 

The payment rate of flying time per hour 300 baht 

 

All required parameters are presented as follows: 

Parameter Definition 

𝑭𝑪𝑺 Fixed crew salary 

𝑻𝑭𝑻𝑷𝒊
 Total flying time of CPS 

𝑻𝒐𝒍𝑷𝒊 Total number of pairings 

𝑴𝒊𝒏𝑪𝒊 Minimum number of crew members 

𝑴𝒂𝒙𝑪𝒊 Maximum number of crew members 

𝑴𝒊𝒏𝑪𝑷𝒊
 Min no crew assigned into pairings schedule 

𝑴𝒂𝒙𝑪𝑷𝒊
 Max no crew assigned into pairings schedule 

 

The formulation for calculation crew scheduling cost is based on the company 

formulation. In this section, we did not consider per diem of crew in crew salary 

calculations because we focused on domestic flights in a daily CPS. The per diem means 

the amount of money that the airline pays for crews per day in order to cover cost of living 

while crew traveling for work. Moreover, the cost is presented in Thai currency as Thai 

baht for crew scheduling cost analysis.  
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The formula for calculating crew cost was as follows: 

𝐹𝐶𝑆 + 𝑇𝐹𝑇𝑃𝑖
          (3.9) 

𝑇𝑜𝑙𝑃𝑖 × 𝑀𝑖𝑛𝐶𝑖         (3.10) 

𝑇𝑜𝑙𝑃𝑖 × 𝑀𝑎𝑥𝐶𝑖         (3.11) 

𝑀𝑖𝑛𝐶𝑃𝑖
× [𝐹𝐶𝑆 + (𝑇𝐹𝑇𝑃𝑖

× 300)]       (3.12) 

𝑀𝑎𝑥𝐶𝑃𝑖
× [𝐹𝐶𝑆 + (𝑇𝐹𝑇𝑃𝑖

× 300)]       (3.13) 

The (3.9) presents formulation of crew salary. The formulation of minimum crew 

assigned into pairings schedules is presented in (3.10). Maximum crew assigned into 

pairing schedules is presented in (3.11). While (3.12) presents minimum crew cost of the 

airline. The formulation of maximum crew cost of airline is presented in (3.13). 

 

Figure 3.1 Minimum and maximum crew cost of 104 flights 

 

 

Figure 3.2 Minimum and maximum crew cost of 202 flights 
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Figure 3.3 Minimum and maximum crew cost of 312 flights 

 

 

The crew scheduling cost analysis of an airline company in Thailand is presented as 

follows: 

Figures 3.1 to 3.3 show comparison of minimum crew cost and maximum crew cost of 

an airline company in Thailand from the case study of 104 flights, 202 flights and 312 

flights. BRIG reduced the minimum crew cost more than the company solution in all 

cases. Minimum crew cost of BRIG reduced by 6.78% for 104 flights. Similarly, BRIG 

reduced the maximum crew cost more than the company solution at 2.03% for 

reductions of total flying time of CPS in 202 flights. Moreover, BRIG reduced the 

maximum crew cost more than the company solution at 1.61% for 312 flights. For 

airline industry, even 1 percentage of crew cost is decreased, it also impacts to the 

airline cost management. 

 

 

For airline industry, the total flying time is directly affected to crew cost. Decreased 

total flying hours leads to saving money. According to the crew cost analysis, the 

proposed BRIG is presented with the slightly reduction of crew cost more than the crew 

cost of airline company. Moreover, reductions of numbers of crew pairings and number 

of deadheading flights are also related to crew cost reduction. Reduction of crew cost is 

directly related to reduction of operational cost, leading to increasing the net profit of 

the airline. Therefore, effective airline CPS are a crucial method for reducing airline 

expenses 
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3.5 Conclusion 

 

This chapter develops IG algorithm combined with BR technique to increase the ability 

of algorithms to perform better solutions in ACS by minimising total flying time of crew 

pairing which is a major criterion directly related to crew cost. BR techniques gave 

positive results in flowshop scheduling to enlarge the quality of heuristics. Moreover, the 

simplicity of IG algorithms results in greater flexibility to implement with CPP and 

combine with state-of-the-art techniques (BR technique). 

For the optimisation model, we developed the optimisation model followed the set 

partition formulation of Deveci & Demirel (2018). The objective of an optimisation 

model is to minimise total flying time of crew pairing schedules related to crew cost.  

The solution methodology of BRIG was performed by following two main phases of IG 

heuristic algorithm (destruction phase and construction phase). During destruction, some 

flights were randomly selected out and reconstructed in the construction phase after 

adding BR technique that provided skew probability distribution based on geometric 

distribution. This brought about candidates of possible flight selection on the first place 

of the list with better opportunities of being included in the solution and all elements were 

potentially acceptable.  

Computational experiment with JavaScript for reference problem from the literature 

(Agustin et al., 2016) used Multi-Start to combine with metaheuristic biased 

randomisation for 41 flights. Also, experimentation with the real-life case study of an 

airline company in Thailand using 104 flights, 202 flights and 312 flights. Solutions in 

all case studies showed improvement, with reduction of total flying time of crew pairing 

schedules. Furthermore, reduction of number of pairings and deadheading flights were 

presented. Moreover, calculation time of the algorithm decreased slightly. Therefore, 

combining the IG heuristic with BR developed the performance of the algorithm as more 

effective for solving CPP and also provided a shorter calculation time with a reasonable 

solution in terms of quality.
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Chapter 4 Biased Randomised Iterated Greedy-Local 

Search for Airline Crew Scheduling 

 

4.1 Introduction 

 

The previous chapter presented BRIG for solving CPP with the consideration of total 

flying time of crew pairing minimisation. BR technique can provide diversification into 

IG algorithm but there is a weak point in terms of search intensification. In this chapter, 

BRIGLS is proposed to improve the searching procedure. 

Significantly, LS has been proved an effective technique to deal with combinatorial 

optimisation problems. LS is performed to move from one solution in the search space to 

another by applying a local change in solution. The working processes of IG stop when 

deemed optimal and all conditions are met. It can be stopped by time bound or stopped 

when the best solution is found. Furthermore, it can combine with many state-of-the-art 

heuristics to solve problems. Many researchers have used LS to improve algorithm 

performance. Arroyo & Armentano (2005) developed a GA with local search to solve 

flowshop scheduling problem. The proposed method helped to preserve dispersion in the 

population. LS has helped to intensify neighbourhood search space and results of 

computational experimentation were reasonable. Lei & Guo (2016) studied hybrid 

flowshop scheduling problems with not-all-machines options via local search with 

controlled deterioration using the method of a novel local search combined with 

controlled deterioration (CDLS). This method provided multiple neighbourhood searches 

during the deterioration step. They stated that this method was simple to implement. A 

multi-objective ILS (MOILS) was proposed to implement with the multi-objective 

permutation flowshop scheduling problem called Pareto-based variable depth search. The 

aim of this research was to minimise the makespan and total weighted tardiness of all 

jobs. The solution gave reasonable results (Xu et al., 2017).  

According to the literature review, the LS technique can obtain promising results in terms 

of accuracy and fast-computational experimentation time to solve problems. To illustrate, 

the procedure of LS is stopped when no better solution is found. This means that some 

neighbourhoods examined resulted in fast-computational experimentation time. To the 
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best of our knowledge, the methodology of BRIGLS had not been proposed for solving 

CPP considered with total flying time minimisation of crew pairing schedules. Therefore, 

LS is suitable for combining with BRIG to enhance algorithm performance. 

This chapter is structured as follows: Section 4.2 presents the proposed approach of 

BRIGLS to solve the airline crew scheduling problem with deterministic demand. 

Computational experiments are shown in Section 4.3 and the conclusion is given in 

Section 4.4. 

 

4.2 BRIGLS  

 

This chapter develops the BRIG algorithm to work more effectively and then combines 

it with neighbourhood LS to improve the algorithm with the move from one 

neighbourhood to a better value of neighbourhood until it reaches optimal solution. BRIG 

and LS are combined during the construction phase of IG by following the neighbourhood 

LS to sequence flights in the pairing schedule.

In this chapter, the neighbourhood LS used for experiment is based on the insertion of 

neighbourhood. LS begins with some feasible solution and iterates to improve the 

solution. Each stage in the process brings about a movement from one solution to another 

with a better result. When there is no better solution to improve, the process is ended.  

• During the destruction phase, the original solution containing a sequence of flights 

is partially destroyed into two sub-sequences of a trial list and the remaining list. 

The trial list contains randomly chosen nodes from the original solution while the 

remaining list contains the remaining nodes kept in their original sequence.   

• The construction phase starts with the sub-sequence in the trial list and performs 

a neighbourhood search insertion. The nodes contained in the trial list are re-

inserted into the original subsequence of nodes contained in the remaining list to 

form a new solution. Another important step in the IG procedure is to decide 

whether the new solution will be accepted or not. This step uses an acceptance 

criterion to decide the solution for the next iteration.   

• BRIGLS generates solutions by sequencing the pairing schedule through the 

destruction and construction phases to solve airline crew scheduling problems and 

improve the final solution with the aim to minimise total flying time of CPS. 



 

 

57 

 

 

An optimisation model formulation that considered minimising total flying time for 

deterministic airline crew pairing schedule is presented in Chapter 3 Section 3.3.  

The procedure of BRIGLS using pseudo-code is explained below: 

 

Algorithm 4.1 Pseudo-code of the Biased Randomised Iterated Greedy-Local Search 

Procedure: BiasedRandomisedIteratedGreedyLocalSearch 

Begin: 

// Create list of possible transfer flights and initial solution // 

transferList ← readData(allFlights) 

initialSolution (𝑝′) ← createInitialSolution(allFrights) 

bestSolution (𝑝𝑏𝑒𝑠𝑡) ← initialSolution (𝑝′) 

// Generating daily pairings // 

for (𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝐿𝑖𝑠𝑡 𝑛𝑜𝑡 𝑒𝑚𝑝𝑡𝑦) do    //Destruction Phase 

 dailyPairing ← 𝑝′ 

 dailyPairing ← createDailyPairing (transferList, alpha)   

//Construction Phase  

 for 𝑝𝑜𝑠𝑖 = 0 𝑡𝑜 𝑑𝑎𝑖𝑙𝑦𝑃𝑎𝑖𝑟𝑖𝑛𝑔. 𝑠𝑖𝑧𝑒() do  //BR 

  newSolution ← combineDailyPairing (dailyPairing)   

newSolution ← complete (newSolution, allFlights) 

newSolution ← localSearch(newSolution) // LS 

  solutionList ← update(newSolution)    

  if (𝑐𝑟𝑒𝑤𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑜𝑢𝑟𝑠(𝑛𝑒𝑤𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛) < 𝑐𝑟𝑒𝑤𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑜𝑢𝑟𝑠(𝑏𝑒𝑠𝑡𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛)) 

  then        

   bestSolution (𝑝𝑏𝑒𝑠𝑡)  ← newSolution 

  end if 

 end for 

end for 

end algorithm 

 

The procedures of BRIGLS as follows: 

Step 1: Create the flight schedules (origins, destinations, dates and flight times). Next, to 

construct an initial solution of CPS, we used the framework of column generation. This 

procedure follows the same step as the initial solution generation procedure as presented 
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in Algorithm 3.2 from Chapter 3 as the initial solution “𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛” of crew pairing 

schedule. After that, the set of “𝑏𝑒𝑠𝑡𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛” is set as the worst solution. The transfer 

time from flight 𝑖 to 𝑗 is calculated. The transfer time between two flights is added into 

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝑙𝑖𝑠𝑡if it does not break the constraints of the company. During the destruction 

phase, each flight in a given solution is considered a candidate for partial destruction. 

Some flights are chosen at random to be destroyed.   

Step 2: Daily flight sequences are generated by following the procedure of IG algorithm 

as presented in Algorithm 3.3 in Chapter 3. Probability distribution was based on 

parameter α of selected flight transfer (the lowest transfer time is located in the first 

priority list of possible candidates) in 𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝑙𝑖𝑠𝑡 during the construction phase. 

Neighbourhood  LS was used to examine flight candidates. LS was terminated when best-

found flight sequences of minimum total flying time were presented, as demonstrated in 

Algorithm 4.2. All flight candidates were not examined for searching the best solution. 

When a new flight sequence was found, the pairing route updated. 

 

Algorithm 4.2 Pseudo-code of the Neighbourhood Local Search 

 
Procedure: NeighbourhoodLocalSearch  

 
𝑃: flight pairing before improvement insertion 

𝑃𝑛: best flight pairing sequences after insertion 

 

Begin: 

 Improve = True 

 while (Improve = True) do 

  Improve = False; 

  for 𝑖 = 1 to 𝑛 do            randomly remove one flight 

from pairing 𝑃 

   𝑃𝑛: best pairing flight sequences by inserting flight in all possible 

position of 𝑃; 

   if 𝐹(𝑃𝑛) < 𝐹(𝑃) then 

   𝑃 =  𝑃𝑛; 

   Improve = True; 

   end If 

  end for 

 end while 

 return 𝑃 

end Procedure 
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Step 3: The daily crew pairings were merged together following the procedure of 

Algorithm 3.4 from Chapter 3 to complete a CPS by considering the time period. 

Importantly, the ending airport of 𝑃𝑗 must be the same as the starting airport of 𝑃𝑗. After 

a new complete sequence of flight pairing is generated, an acceptance criterion is applied. 

This decides whether the new candidate solution is accepted and applied as the best 

solution. In particular, the new solution is accepted if the total flying time is improved or 

remains unchanged. 

 

Algorithm 4.3 Pseudo-code of an acceptance criterion 

Procedure: AcceptanceCriterion 

Begin: 

If newSolution ≤ bestSolution(𝑝𝑏𝑒𝑠𝑡) then 

bestSolution(𝑝𝑏𝑒𝑠𝑡) ← newSolution(𝑝𝑏𝑒𝑠𝑡); 

else if 

end procedure 

 

Step 4: The solution of CPS is contained within the solution list. After that, this phase is 

looped until some criterion (total flying time of CPS) is met. The bestSolution of total 

flying time of CPS is set. The bestSolution is updated with new data when better solutions 

of total flying time of CPS are found (Algorithm 4.3).  

 

4.3 Computational experimentation 

 

The major aim of experimentation is to find the minimum total flying time of CPS. 

BRIGLS was implemented with JavaScript on a personal computer using an Intel Core 

i5-5200U with 2.7GHz and 4GB RAM.  

Next, we analysed the performance of BRIGLS compared with the results from Chapter 

3 of BRIG. The same set of data from Chapter 3 was used consisting of two different CPP 

cases with the weekly problem of reference problem and daily problem of real-life case 

study of an airline company in Thailand. All constraints follow in Section 3.2 (Chapter 

3) 
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4.3.1 Reference problem from the literature 

 

The solution of BRIGLS is presented in Table 4.1., results of BRIGLS compare with the 

company solution, Multi-Start algorithm, BRIG from Chapter 3. The percentage of 

improvement gaps are calculated by follows the formulation (3.8) in Chapter 3. Results 

showed that BRIGLS reduced the number of pairings more than the company solution by 

5 pairings. Moreover, BRIGLS also reduced total flying time more than the company 

solution by 2.87%. Moreover, BRIGLS reduced deadheading flights more than the 

company solution from two to only one.  

Comparing between BRIGLS and Multi-Start algorithm in Table 4.1, results showed the 

same number of 5 crew pairing schedules. Similarly, BRIGLS and Multi-Start algorithm 

presented the same total flying hours of pairing schedules at 67 hours and 40 minutes. 

However, computational experimentation time of BRIGLS was shorter than the Multi-

Start. BRIGLS and BRIG gave a similar number of pairings and similar results of total 

flying time. 

 

Table 4.1 Best results of the implementation by BRIGLS comparing with other methods of 

reference problem 

The table of best result of crew pairing schedule 

  

No 

Pairing 

Total Flying 

Time(hr) Deadhead CPU(s) 

% Improvement Gap between  

BRIGLS with other methods 

Company 

Solution 6 69:40:00 2 N/A 

No 

Pairing 

Total Flying 

Time Deadhead 

Multi-

Start 5 67:40:00 1 20 
16.67% 2.87% 50.00% 

BRIG 5 67:40:00 1 17.55 

BRIGLS 5 67:40:00 1 17:25 

 

Table 4.2 Average results of the implementation of BRIGLS comparing with other methods of 

reference problem 

The table of average result of crew pairing schedule 

% Improvement Gap between  

BRIGLS and BRIG 

  

Ave No 

Pairing 

Ave Total Flying 

Time(hr) 

Ave 

Deadhead 

Ave 

CPU(s) 

No 

Pairing 

Total Flying 

Time Deadhead 

BRIG 5.45 77:18:30 2.5 18:24 
0.92% 6.04% 4.00% 

BRIGLS 5.4 72:38:30 2.4 18:14 
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In this research, the average results are calculated from 100 iterations of the 

experimentation. Table 4.2, the average result of the implementation by BRIGLS is 

compared with BRIG. However, average total flying time was different with BRIGLS 

lower than BRIG by 6.04%, which it be the significant improvement of proposed 

BRIGLS. In more detail, the average result of number of pairings by the implementation 

of BRIGLS was lower than the BRIG at 0.92%. Similarly, the average result of 

deadheading flights by the BRIGLS decreased the average deadheading more than BRIG 

at 4%. BRIGLS decreased an average computation time of experimentation more than 

BRIG.  

Thus, we can conclude that the BRIGLS decreased total flying time and of crew pairing 

schedules more than BRIG. Moreover, Results showed that BRIGLS reduced 

computational experimentation time more than BRIG. Therefore, integration of BRIG 

with LS improved the efficiency of the algorithm with reasonable results and short 

computational experimentation time. 

Table 4.5 (in Appendices) presents a solution of pairing schedules with minimum total 

flying time. Each pairing consisted of consecutive working days with flights sequenced 

on each day. Flying time (hours) of each day is presented in all pairings. Also, total flying 

time of CPS is shown in hours.  

 

4.3.2 Real-life case study of an airline company in Thailand 

 

Table 4.3 shows the results of experimentation using BRIGLS with a real-life case study 

from an airline company in Thailand consisting of 104 flights, 202 flights and 312 flights. 

To analyse results of company solution and BRIGLS of 104 flights, BRIGLS reduced the 

number of pairings of 104 flights more than the company solution by 6.25% from 32 to 

30. Moreover, BRIGLS decreased total flying time of CPS by 2.17%. BRIGLS decreased 

deadheading flights more than the company from three to none. Comparing the number 

of pairings between BRIGLS and BRIG for 104 flights showed an equal number of 

pairings for both solution methodologies, although BRIGLS reduced total flying time of 

CPS by 1.48% compared with BRIG.  

To analyse results of company solution and BRIGLS of 202 flights from Table 4.3, our 

proposed methodology BRIGLS decreased the number of crew pairings from 59 to 58 
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and clearly presented that total flying time of CPS by the implementation of BRIGLS 

provided a better solution with 1 hour of total flying time reduced, an improvement from 

the company solution by 0.39%. In Table 4.3, comparing between BRIGLS and BRIG of 

202 flights, number of pairings and total flying time of CPS were equal for both solution 

approaches. The computation time of experimentation of BRIG was longer. BRIGLS 

computation time was only 1.23 minutes for experimentation and improved 

computational experimentation time by 7.78%.  

Comparison between BRIGLS with the company solution for 312 flights is presented in 

Table 4.3. Results showed that BRIGLS reduced the number of pairings more than the 

company solution from 83 to 82. Moreover, BRIGLS also decreased total flying time 

more than the company solution at 10.46%, which it resulted in the significant 

improvement of quality of solution. Total flying of BRIGLS decreased from 447 hours 

10 minutes to 402 hours 10 minutes. Table 4.6 compares BRIG with BRIGLS. BRIGLS 

reduced total flying time of CPS more than BRIG at 10.06%.  

 

Table 4.3 Best results of the implementation by BRIGLS comparing with other methods of real-

life case study of an airline company in Thailand 

 Real-life case study of 104 flights % Improvement Gap (a)-(c)  % Improvement Gap(b)-(c) 

104 

  

Company 

Solution BRIG BRIGLS 

No 

Pairing 

Total 

Flying 

Time Deadhead 

No 

Pairing 

Total 

Flying 

Time Deadhead 

No Pairing 32 30 30 

6.25% 2.17% 100.00% 0.00% 1.48% 0.00% 

Total 

Flying 

Time(hr) 138:00:00 137:00:00 135:00:00 

Deadhead 3 0 0 

CPU(m) N/A 1.15 01:00 

202 

Real-life case study of 202 flights % Improvement Gap (a)-(c) % Improvement Gap (b)-(c)  

  

Company 

Solution BRIG BRIGLS 

No 

Pairing 

Total 

Flying 

Time Deadhead 

No 

Pairings 

Total 

Flying 

Time Deadhead 

No Pairing 59 58 58 

1.69% 0.39% 0.00% 0.00% 0.00% 0.00% 

Total 

Flying 

Time(hr) 253:55:00 252:55:00 252:55:00 

Deadhead 0 0 0 

CPU(m) N/A 1.3 01:23 

312 

Real-life case study of 312 flights % Improvement Gap (a)-(c)  % Improvement Gap (b)-(c)  

  

Company 

Solution BRIG BRIGLS 

No 

Pairings 

Total 

Flying 

Time Deadhead 

No 

Pairings 

Total 

Flying 

Time Deadhead 

No Pairing 83 82 82 

1.20% 10.46% 0.00% 0.00% 10.06% 0.00% 

Total 

Flying 

Time(hr) 449:10:00 447:10:00 402:10:00 

Deadhead 0 0 0 

CPU(m) N/A 1.23 01:35 

(a) = Company solution, (b) = BRIG, and (c) = BRIGLS 
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Table 4.4 Average results of the implementation by BRIGLS comparing with other methods of 

real-life case study of an airline company in Thailand 

  The average results of crew pairing schedule 104 flights % Improvement Gap (a)-(b) 104 flights  

104 

  BR-IG BR-IGLS No Pairing Total Flying Time Deadhead 

Ave No Pairing 33.5 32.37 

3.37% 0.91% 7.64% 

Ave Total Flying 

Time(hr) 137:30:00 136:15:00 

Ave Deadhead 1.44 1.33 

Ave CPU(m) 01:11 01:07 

202 

The average results of crew pairing schedule 202 flights % Improvement Gap (a)-(b) 202 flights 

  BR-IG BR-IGLS No Pairing Total Flying Time Deadhead 

Ave No Pairing 59.67 58.89 

1.31% 0.10% 0.00% 

Ave Total Flying 

Time(hr) 253:25:00 253:10:00 

Ave Deadhead 0 0 

Ave CPU(m) 01:32 01:24 

312 

The average results of crew pairing schedule 312 flights % Improvement Gap (a)-(b) 312 flights 

  BR-IG BR-IGLS No Pairings Total Flying Time Deadheading 

Ave No Pairings 83.11 82.88 

0.28% 2.57% 0.00% 

Ave Total Flying 

Time(hr) 448:10:00 436:40:00 

Ave Deadheading 0 0 

Ave CPU(m) 01:49 01:32 

*(a) = BRIG and (b) = BRIGLS

 

Table 4.4 presents the average results of experimentation between BRIGLS and BRIG 

(Chapter 3) of a real-life case study from an airline company in Thailand. The 

improvement gap is shown as percentage.  

Comparing between average results of 104 flights in Table 4.4, BRIGLS with BRIG are 

presented. The BRIGLS reduced the average result of deadheading flights more than 

BRIG at 7.64%. Similarly, BRIGLS decreased average total flying time of CPS more than 

BRIG at 0.91%. This means that computational experimentation of BRIGLS took a 

shorter time. Moreover, the BRIGLS decreased the average number of pairing more than 

BRIG at 3.37%. 

In Table 4.4 presents the average results of a real-life case study of 202 flights. Average 

computational experimentation of BRIGLS for 202 flights was faster than BRIG. 

Moreover, the average total flying time by the implementation of BRIGLS reduced more 

than the BRIG at 0.10%, while the average number of pairings by the implementation of 

BRIGLS decreased more than the BRIG at 1.31%. 

Table 4.4 presents the comparison of average results between BRIGLS and BRIG of 312 

flights of an airline in Thailand. The average result of number of pairing of BRIGLS 

reduced more than BRIG at 0.28%. Also, the average total flying time of CPS of BRIGLS 

reduced more than BRIG at 2.57%.  
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To sum up, experimentation of BRIGLS with the real-life data of an airline company in 

Thailand showed that BRIGLS provided a better result compared to other methodologies 

(BRIG) and the company solution in terms of reducing the total flying time of CPS and 

computation time of experimentation. The LS method combined with BRIG was 

beneficial in solving ACS, especially for reducing computational experimentation time. 

This resulted in lower cost of crew scheduling. 

In Table 4.6 to Table 4.8 (in Appendices), the solutions of crew pairing schedules of a 

real-life case study from Thailand are presented. Note that the details of flight times of 

each flight are not shown due to the confidential data. 

 

4.4.2.1 Crew scheduling cost analysis for a real-life case study in Thailand 

 

This section aims to illustrate the proposed methodology, BRIGLS, in terms of cost 

reduction to benefit airline companies. According to the criterion of calculating crew 

salary, total flying time is the major element of the calculation process and consistent with 

the main aim of minimising the total flying time of CPS. Crew cost is the second largest 

expense of an airline company. Even small savings on crew cost, result in high cost saving 

of airlines. Crew cost was calculated from the formulations (3.9) – (3.13) as presented in 

Chapter 3 (Section 3.4.2.1). The criterion of calculating crew duties based on company 

data which assumed 8-13 crew members according to aircraft type. For calculation, two 

types as minimum and maximum cost of crew were separated to estimate an average cost 

saving. Let 8 crew members be the minimum number of crew per 1 pairing, and the 

maximum number be 13 crew members.  

Figure 4.1 – 4.3 present minimum and maximum cost of crew as airline expenses. A 

company solution is presented. The numbers 104, 202 and 312 represent the flights of the 

case studies from an airline company in Thailand.  
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Figure 4.1 Minimum and maximum crew cost of 104 flights of an airline company in Thailand 

 

 

A comparison between the BRIGLS and the company solution of 104 flights is presented 

in Figure 4.1 and shows that BRIGLS reduced the minimum and maximum crew cost 

more than the company solution at 6.78%. BRIGLS can provide a slight decrease of crew 

cost to airline. Moreover, the BRIGLS also decreased the minimum crew cost more than 

BRIG at 1.13%. Similarly, the BRIGLS also reduced the minimum crew cost more than 

the company solution at 1.13%. Comparing the BRIGLS and the BRIG for 104 flights, 

the BRIGLS reduced the maximum crew cost more than the company solution at 1.13%.  

 

Figure 4.2 Minimum and maximum crew cost of 202 flights of an airline company in Thailand 

 

 

In Figure 4.2, the crew cost of BRIGLS is compared with crew cost from other methods 

of 202 flights. BRIGLS reduced the minimum and maximum crew cost saving more than 

the company solution at 2.03%. However, crew costs of BRIGLS and BRIG were equal. 

Seeing that a small reduction of crew cost is presented in case study of 202 flights. 
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Figure 4.3 Minimum and maximum crew cost of 312 flights of an airline company in Thailand 

 

 

In Figure 4.3, crew cost of BRIGLS is compared with other methodologies for 312 flights. 

BRIGLS decreased the minimum crew cost more than the company solution at 1.61%. 

When comparing BRIGLS and the crew cost of a company, the BRIGLS reduced the 

minimum and maximum crew cost from an airline company by 17.45%, which it be the 

significant reduction of crew cost. This reduction of crew cost can create an impact to the 

airline.  

To conclude, a comparison between BRIGLS, BRIG and the company solution showed 

that BRIGLS reduced the minimum crew cost and maximum crew cost more than BRIG 

and the company solution respectively. Reduction of total flying time of CPS is directly 

related to crew cost reduction. Therefore, combining the LS method with BRIG from 

Chapter 3 enhanced algorithm efficiency. Both computational experimentation time and 

the quality of solutions were improved. 

 

4.4 Conclusion 

 

The major aims in this chapter were to improve the quality of BRIG from the previous 

chapter for solving the weak points in terms of search intensification. The procedure of 

LS as an effective technique to deal with COPs. LS moves from one solution in the search 

space to another by applying local change. The working processes of IG stops when it is 

deemed optimal and all conditions are met. It can be stopped by time bound or when the 

best solution is found. LS can satisfy the aim of improving the search procedure and it is 

reasonable to combine LS techniques with BRIG to tackle the CPP. Minimising total 
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flying time of CPS is the main concentration of this thesis because total crew flying time 

directly affects crew cost which is the second largest airline expense.  

In the procedure of BRIGLS algorithm, some flight candidates are selected randomly out 

of the list in the destruction phase and reconstructed in the construction phase. 

Neighbourhood LS was combined in the construction phase to move from one candidate 

to another in a search space to sequence flights in a pairing schedule. 

To ensure that the BRIGLS worked effectively, the reference problem of Multi-Start 

algorithm was used as a comparison (Agustin et al., 2016). The real-life case study of an 

airline company in Thailand was also used for computational experimentation. Moreover, 

the result of implementation from Chapter 3 of BRIG was also used for analysis.  

Results showed reduction of total flying time of BRIGLS in all cases. Moreover, some 

results of BRIGLS were equal to BRIG but computational experimentation time of 

BRIGLS was faster because the procedure of LS randomly selected some flight 

candidates from the list to reinsert into the pairing schedule. Therefore, not all flight 

candidates were examined which resulted in faster computation time of experimentation. 

Moreover, cost analysis presented that the methodology of BRIGLS can save crew cost 

which is the second highest expense of airlines. 

To sum up, computational experimentation result of BRIGLS algorithm can work very 

well to minimise total flying time of pairing schedules with fast calculation time and 

decreased number of deadheading flights. BRIGLS provided better results of total flying 

time minimisation. Moreover, was more productive for the decision-making process of 

pairing schedules.  
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Chapter 5 Biased Randomised Variable 

Neighbourhood Search for Deterministic Airline 

Crew Scheduling 

 

5.1 Introduction  

 

In Chapter 4, BRIGLS was developed to enhance solution quality by reducing 

computational experimentation time of CPP. LS provided search ability in the search 

space by not examining all candidates which resulted in faster computational 

experimentation time. To enhance diversification of solution approach, another 

metaheuristic method is presented that not only minimises computation time of 

experimentation but also provides effective solution quality and is simple to use. The 

VNS metaheuristic has a basic framework that relies on the change in a system of 

neighbourhood structures in a search space to deal with COPs. The crucial advantage of 

VNS is simplicity for implementation and it is generally implemented with COPs. 

Moreover, VNS was selected because it does not explore the candidate by following a 

trajectory but explores more distant neighbourhoods by jumping to new solutions if an 

improvement is made. This methodology is commonly used for solving the COPs (Wen 

et al., 2009; Xu & Cai, 2018) and scheduling problems (Ranjbar & Kazemi, 2018). In 

addition, VNS is also used for implementation with airline crew scheduling problems 

(Agustin et al., 2017). Therefore, the major aim of this chapter is to develop a simple 

approach of VNS with other state-of-the-art techniques (BR). To fulfil this aim, the BR 

technique is combined with VNS metaheuristic to provide intensification and 

diversification for a better-quality solution. To the best of our knowledge, no researchers 

have used BRVNS in areas of CPP. 

This chapter is structured as follows: the solution approaches of BRVNS in Section 5.2. 

Section 5.3 provides details about the computational experimentation of the use of 

BRVNS with a reference problem from the literature and a real-life case study of an airline 

from Thailand is illustrated. Lastly, a conclusion is displayed in Section 5.4. 
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5.2 BRVNS 

 

According to the main contribution of this chapter, the proposed BRVNS is developed. 

The BR technique is not combined with VNS completely at random in the normal sense 

that all the elements have the same probability of selection. In this case, not all the 

elements have the same probability of being selected due to the non-uniform distribution 

based on a skewed probability. A biased distribution provides a more natural and effective 

method for choosing candidates from the priority list. However, heuristics and 

metaheuristics mostly rely on initial solutions. This is not always true but if the initial 

solution is of high quality, it also results in a better final solution. For this reason, BR is 

applied to generate the initial solution of CPP.  

For the procedure of VNS in this chapter, neighbourhood structures depend on two 

moves. In general, different neighbourhood structures of swap move and insert move are 

used in this chapter to improve the quality of the solutions. To avoid trapping in bad local 

optimal, these two neighbourhood moves are performed randomly. The swap move 

depends on two flights from the same airport. The insert move is based on the flight 

removed from the sequence of pairings and added into other sequences of pairings. 

Consequently, this results in an increased probability of finding much better solutions in 

a search space. For our proposed methodology of BRVNS, the acceptance criterion of 

neighbourhood is defined as based on better solutions of objective function (total flying 

time of crew pairing schedule is minimum) after each swap move or insert move in a 

neighbourhood structure. If a new better solution is found, the pairing flight sequences 

are updated. On the other hand, if the new solution is not improved, the algorithm will try 

another move until all conditions are met. The pseudo-code of the proposed BRVNS is 

displayed in Algorithm 5.1. BRVNS is described as follows: 
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The pseudo-code of Biased Randomised Variable Neighbourhood Search 

Algorithm 5.1 Pseudo-code of Biased Randomised Variable Neighbourhood Search 

Procedure BiasedRandomisedVariableNeighbourhoodSearch 

Begin: 

//Generating an initial solution// 

 Generate an initial solution 𝑆    //Biased Randomisation 

𝑘 ← 1 

 repeat 

  𝑆′ = 𝑆ℎ𝑎𝑘𝑒(𝑠𝑜𝑙, 𝑘)    //Shake 

𝑆′′  ← 𝐿𝑜𝑐𝑎𝑙𝑆𝑒𝑎𝑟𝑐ℎ(𝑠𝑜𝑙′)   //Local Search 

𝑆′′ =  𝑆𝑤𝑎𝑝(𝑆𝑤𝑎𝑝(𝐼𝑛𝑠𝑒𝑟𝑡(𝐼𝑛𝑠𝑒𝑟𝑡(𝑆))))   

  Loop = 0       

  repeat 

   𝐼𝑐𝑜𝑢𝑛𝑡 = 0 

   𝐼𝑚𝑎𝑥𝑀𝑒𝑡ℎ𝑜𝑑 = 2 

   repeat 

    if (𝐼𝑐𝑜𝑢𝑛𝑡 ==0) {𝑆′′ = 𝑆𝑤𝑎𝑝(𝑆′); } 

if (𝐼𝑐𝑜𝑢𝑛𝑡 ==1) {𝑆′′ = 𝐼𝑛𝑠𝑒𝑟𝑡(𝑆′); } 

if 𝑆′′ is better than 𝑆′ 

    else {𝐼𝑐𝑜𝑢𝑛𝑡 + +; } 

   until 𝐼𝑐𝑜𝑢𝑛𝑡 <  𝐼𝑚𝑎𝑥𝑀𝑒𝑡ℎ𝑜𝑑  
   Loop + +; 

  until loop < 𝑁(𝑁 − 1) 

 if 𝑆 ←  𝑆′′ ∶ 𝑘 ← 1 

𝑡 ← 𝐶𝑃𝑈𝑇𝑖𝑚𝑒() 

until 𝑡 > 𝑡𝑚𝑎𝑥 

return 𝑆 

end procedure 

 

The procedures of BRVNS are as follows: 

Step 1: BR is used for sequencing the pairings by a skewed probability distribution 

depending on parameter α (transfer time). The list of possible transfer flights is created 

under parameter α starting with the lowest transfer time of possible transfer flights. Then, 

an initial solution of (𝑆) is generated.  

Step 2: After finishing the procedure of initial generation, a feasible initial solution of 

(𝑆)  from the first step is randomly perturbed to gain a new solution of flight sequences 

(𝑆′). During the shake procedure, the VNS method randomly selects some flight 

candidates in a neighbourhood search space. To illustrate this step, 𝑘 is randomly chosen 

from a group of flights from different pairings. A new pairing is created and merged with 

another possible pairing from the predefined list. Importantly, all constraints, without 

base location constraint, must be checked carefully such as maximum transfer time 

between flights and maximum working hours of crew per day. The loop of sequencing 
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flights is repeated until no more flights are left in the list. The solution set of pairings 

might provide an infeasible solution of CPS because the crew base location constraint is 

not fulfilled. Subsequently, adding the deadheading flights resolves this problem. This 

process is stopped when a feasible solution of pairing schedules is found. 

Step 3: The algorithm uses the LS procedures to enhance the ability of solution (𝑆′′). 

According to Algorithm 5.3, the swap moves and insert moves are used twice respectively 

as 𝑆′′ = 𝑆𝑤𝑎𝑝(𝑆𝑤𝑎𝑝(𝐼𝑛𝑠𝑒𝑟𝑡(𝐼𝑛𝑠𝑒𝑟𝑡(𝑆)))). The two neighbourhood structures are 

included with the VNS algorithm to find the optimal solution of pairing schedules as swap 

moves and insert moves. For swap moves, some flights from one pairing are replaced 

with some flights of different pairings, while some selected flights are removed from one 

pairing and inserted into another pairing in the inserting step. Thus, the insert operation 

and the swap operation are crucial operations to sequence pairing schedules.  

Step 4: After finishing the LS procedure, if the result shows an improved solution of 

𝑆′′ as better than 𝑆′, the initial solution of 𝑆 𝑖s replaced with 𝑆′′.  After that, the value of 

𝑘 is increased by 1. 

Step 5: As long as the stopping condition is not met, the algorithm will repeat the loop 

from the shaking phase.  

 

5.3 Computational experimentation 

 

This section presents an analysis of the proficiency of the proposed methodology of 

BRVNS. The performance of our proposed algorithm is analysed and compared with 

three algorithms from previous chapters as BRIG from Chapter 3, BRIGLS from Chapter 

4 and BRVNS. The result of general VNS is compared with other solution methods to 

compare the efficiency of BRVNS. For BRIG and BRIGLS, the BR technique is 

integrated into the VNS algorithm at the initial solution phase to provide a more natural 

and effective method for choosing candidates from the priority list. During LS phase, 

swap move and insert move are added into the algorithm to enhance the quality of 

solution. The same data set was used from previous chapters for evaluation and 

comparison. The conditions of scheduling sequences of flight pairings follow the detail 

in Section 3.2 in Chapter 3. 
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The experimentation was implemented with JavaScript on a personal computer using 

Intel Core i5-5200U with 2.7GHz and 4GB RAM. Moreover, the improvement gap of 

results was calculated based on the formulation in Section 3.2 (Chapter 3). 

 

5.3.1 Reference problem from the literature 

 

Table 5.1 presents the solution of BRVNS comparing five different solution methods such 

as the company solution, BRIG, Biased Randomised IGLS and the general VNS 

algorithm. Moreover, percentage of improvement gap are shown. The number of pairings, 

total flying time of crew pairing schedules presented in hours, average total flying time 

(hours), number of deadheading flights, computation time of experimentation in seconds 

and average computation time (seconds) are presented.  

According to table 5.1, to compare between BRVNS and the company solution, BRVNS 

reduced total flying time of crew pairing schedules by 3.58% more than the company and 

total flying time was reduced by 40 minutes. BRVNS decreased the number of pairings 

more than the company at 16.7%. Similarly, BRVNS also reduced deadheading flights 

more than the company solution at 50%. 

Analysing the solution of BRVNS and Multi-Start algorithm showed that BRVNS 

reduced total flying time of crew pairing schedules more than Multi-Start at 0.99% as 

presented in Table 5.1. Moreover, BRVNS decreased computational experimentation 

time more than the Multi-Start algorithm at 17.5%. However, number of pairings of 

BRVNS and Multi-Start algorithm were equal at 5 each.  

Table 5.1, Comparing between BRVNS and BRIG showed that BRVNS decreased the 

total flying of crew pairing schedules more than BRIG at 0.99%. In Table 5.1, comparing 

BRVNS with BRIGLS, results of BRVNS reduced average total flying time more than 

BRIGLS at 0.99%. Computational experimentation time of BRVNS was shorter than 

BRIG by 7.91%. Likewise, Table 5.2 presents that results of BRVNS reduced average 

computation time more than BRIGLS at 5.26%. The example of best solution of CPS by 

the proposed BRVNS is presented in table 5.3 in Appendices. 
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Table 5.1 Best results of the implementation by BRVNS comparing with other methods of 

reference problem 

  Company 

Solution 

Multi-

Start 

BRIG BRIGLS VNS BRVNS % Improvement Gap between  

BRVNS with other methods 

(a)-(f) (b)-(f) (c)-(f) (d)-(f) (e)-(f) 

No Pairings 6 5 5 5 5 5 16.70% 0.00% 0.00% 0.00% 0.00% 

TFT (hr) 69:40:00 67:40:00 67:40:00 67:40:00 67:00:00 67:00:00 3.58% 0.99% 0.99% 0.99% 0.00% 

Deadhead 2 1 1 1 1 1 50.00% 0.00% 0.00% 0.00% 0.00% 

CPU(s) N/A 20:00 17:55 17:25 15:00 16:30 N/A 17.50% 7.91% 5.26% -10.00% 

*(a) = company solution, (b) = Multi-Start algorithm, (c) = BRIG, (d) = BRIGLS, (e) = VNS, (f) = 

BRVNS 

 

Table 5.2 Average results of the implementation by BRVNS with other methods of reference 

problem 

The table of average result of crew pairing schedule % Improvement Gap of 

BRVNS with other methods  
BRIG BRIGLS VNS BRVNS (a)-(d) (b)-(d) (c)-(d) 

Ave No Pairings 5.45 5.4 5.2 5.1 6.42% 5.56% 1.92% 

Ave Total Flying Time(hr) 77:18:30 72:38:30 72:33:30 71:22:30 4.54% 0.98% 0.95% 

Ave DH 2.5 2.4 2.35 2.2 5.50% 3.70% 2.88% 

Ave CPU(s) 18:24 18:14 17:39 17:57 2.45% 1.55% -1.70% 

*(a) = BRIG, (b) = BRIGLS, (c) = VNS, and (d) = BRVNS  

 

While, Table 5.2 shows the comparison of average result of BRVNS with other methods 

such as BRIG, BRIGLS, and General VNS. 

Table 5.2, Results of BRVNS decreased average total flying time of CPS 4.54% more 

than BRIG. For airline industry, this means the proposed BRVNS resulted in a slight 

reduction of total flying time. Moreover, average total flying time of CPS of BRVNS 

reduced more than BRIGLS at 0.98%. Comparison of computation time of 

experimentation for BRVNS reduced 5.56% more than BRIGLS. Similarly, average 

computational experimentation time of BRVNS was 1.55% less than BRIGLS as 

presented in Table 5.2. Results of BRVNS decreased average total flying time of CPS 

1.92% more than general VNS. The average computational experimentation time of 

BRVNS was faster than other methods, while the general VNS took a shorter time of 

average computational experimentation than BRVNS. 
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Overall, BRVNS reduced total flying time more than Multi-Start, BRIG and BRIGLS. 

Computational experimentation time of BRVNS was shorter than Multi-Start, BRIG and 

BRIGLS. This means that the VNS algorithm provided systematic changes in the 

neighbourhood structure in the search space with a fast computation time of 

experimentation. Moreover, integrating VNS with BR made the algorithm more effective.  

 

5.3.2 Real-life case study of an airline company in Thailand 

 

Table 5.3 shows results of experimentation with BRVNS with a real-life case study from 

an airline company in Thailand, consisting of 104 flights, 202 flights and 312 flights. The 

rows provide the number of crew pairing schedules, total flying time of pairing schedules 

in hours, average total flying time from the experimentation (hours), number of 

deadheading flights, computational experimentation time in seconds and average total 

flying time from the experimentation in minutes. The columns present the result of 

company solution, result of BRIG from Chapter 3, results of BRIGLS from Chapter 4, 

results of VNS and the percentage of improvement between methodology of BRVNS 

with other proposed solution approaches.  

Comparing BRVNS and the company solution with 104 flights, results show that BRVNS 

decreased total flying time of crew pairing schedules 3.62% more than the company 

solution. Moreover, BRVNS reduced the number of pairings 6.25% more than the 

company. BRVNS reduced total flying time of CPS 2.92% more than BRIG.  BRVNS 

reduced total flying time of CPS 1.48% more than BRIGLS. Total flying time of CPS of 

BRVNS and general VNS was equal at 133 hours. BRVNS decreased computational 

experimentation time 20.00% more than BRIG.  

Comparison between BRVNS and the company solution for the case study of 202 flights 

is shown in Table 5.3. Results indicated that BRVNS decreased the number of pairings 

more than the company from 59 to 58 pairings. Comparing total flying time of CPS, 

BRVNS decreased slightly in total flying time 2.36% more than the company solution. 

However, results of number of pairings of BRVNS, BRIG, BRIGLS and general VNS 

were the same at 58 pairings. BRVNS decreased total flying time of CPS 1.98% more 

than BRIG and BRIGLS. Comparison between BRVNS and BRIG showed that BRVNS 

reduced computational experimentation time 22.22% more than BRIG and 15.66% more 

than BRIGLS, while computation time of general VNS was 16.67% faster than BRVNS.  
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Table 5.3 shows the comparison of BRVNS with other methodologies based on a case 

study of an airline company in Thailand for 312 flights. The greatest improvement of 

solutions is presented in real-life case study of 312 flights by the proposed BRVNS. 

Comparing BRVNS with the company solution, BRIG, Biased Randomised IGLS and 

general VNS showed that BRVNS reduced total flying time of CPS 24.49% more than 

the company, 24.15% more than BRIG and 15.67% more than BRIGLS. This means the 

BRVNS provided greatest reduction for airline. While, computational time of 

experimentation of BRVNS was 7.59% slower than general VNS. Computational 

experimentation time of BRVNS was 21.30% faster than BRIG and 10.53% faster than 

BRIGLS. 
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Table 5.3 Best results of the implementation by BRVNS comparing with other methods of a real-life case study of an airline company in Thailand 

  Real-life case study of 104 flights 

104 

  
Company 

Solution 
BRIG BRIGLS VNS BRVNS 

% Improvement Gap of BR-VNS with other 

methods  

(a)-(e) (b)-(e) (c)-(e) (d)-(e) 

No Pairings 32 30 30 30 30 6.25% 0.00% 0.00% 0.00% 

Total Flying Time(hr) 138:00:00 137:00:00 135:00:00 133:00:00 133:00:00 3.62% 2.92% 1.48% 0.00% 

Deadheading 3 0 0 0 0 100.00% 0.00% 0.00% 0.00% 

CPU(m) N/A 01:15 01:00 00:58 01:00 N/A 20.00% 0.00% -3.33% 

202 

Real-life case study of 202 flights 

  
Company 

Solution 
BRIG BRIGLS VNS BRVNS 

% Improvement Gap of BRVNS with other methods  

(a)-(e) (b)-(e) (c)-(e) (d)-(e) 

No Pairings 59 58 58 58 58 1.69% 0.00% 0.00% 0.00% 

Total Flying Time(hr) 253:55:00 252:55:00 252:55:00 247:55:00 247:55:00 2.36% 1.98% 1.98% 0.00% 

Deadheading 0 0 0 0 0 0.00% 0.00% 0.00% 0.00% 

CPU(m) N/A 01:30 01:23 01:00 01:10 N/A 22.22% 15.66% -16.67% 

312 

Real-life case study of 312 flights 

  
Company 

Solution 
BRIG BRIGLS VNS BRVNS 

% Improvement Gap of BRVNS with other methods  

(a)-(e) (b)-(e) (c)-(e) (d)-(e) 

No Pairings 83 82 82 81 81 2.41% 1.22% 1.22% 0.00% 

Total Flying Time(hr) 449:10:00 447:10:00 402:10:00 339:10:00 339:10:00 24.49% 24.15% 15.67% 0.00% 

Deadheading 0 0 0 0 0 0.00% 0.00% 0.00% 0.00% 

CPU(m) N/A 01:48 01:35 01:19 01:25 N/A 21.30% 10.53% -7.59% 

*(a) = Company Solution, (b) = BRIG, (c) = BRIGLS, (d) = VNS, and (e) = BRVNS 
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Table 5.4 Average results of the implementation by BRVNS comparing with other methods of a 

real-life case study of an airline company in Thailand 

  The average results of crew pairing schedule 104 flights 
% Improvement Gap of BRVNS with 

other methods 

104 

  BRIG BRIGLS VNS BRVNS (a)-(d) (b)-(d) (c)-(d) 

Ave No Pairings 33.5 32.37 31.5 31.3 6.57% 3.31% 0.63% 

Ave Total Flying 

Time(hr) 
137:30:00 136:15:00 135:40:00 134:15:00 2.36% 1.47% 1.04% 

Ave Deadheading 1.44 1.33 1.22 0.33 77.08% 75.19% 72.95% 

Ave CPU(s) 01:11 01:07 01:00 01:03 11.27% 5.97% -5.00% 

202 

The average results of crew pairing schedule 202 flights 
% Improvement Gap of BRVNS with 

other methods 

  BRIG BRIGLS VNS BRVNS (a)-(d) (b)-(d) (c)-(d) 

Ave No Pairings 59.67 58.89 58.66 58.56 1.86% 0.56% 0.17% 

Ave Total Flying 

Time(hr) 
253:25:00 253:10:00 250:10:00 249:30:00 1.55% 1.45% 0.27% 

Ave Deadheading 0 0 0 0 0.00% 0.00% 0.00% 

Ave CPU(s) 01:32 01:24 01:02 01:19 14.13% 5.95% -27.42% 

312 

The average results of crew pairing schedule 312 flights 
% Improvement Gap of BRVNS with 

other methods 

  BRIG BRIGLS VNS BRVNS (a)-(d) (b)-(d) (c)-(d) 

Ave No Pairings 83.11 82.88 82.67 82.56 0.66% 0.39% 0.13% 

Ave Total Flying 

Time(hr) 
448:10:00 436:40:00 393:10:00 370:40:00 17.29% 15.11% 5.72% 

Ave Deadheading 0 0 0 0 0.00% 0.00% 0.00% 

Ave CPU(s) 01:49 01:32 01:22 01:27 20.18% 5.43% -6.10% 

*(a) = BRIG, (b) = BRIGLS, (c) = VNS, and (d) = BRVNS 

 

According to Table 5.4, the comparison of average results of number of pairings, total 

flying time of crew and deadheading between BRVNS with other methodologies such as 

BRIG, BRIGLS and VNS algorithm are presented. Average results of BRVNS are 

compared with other methods. Average number of pairings by the implementation of 

BRVNS was reduced more than BRIG at 6.57%, more than BRIGLS at 3.31% and more 

than general VNS at 0.63%. Similarly, average results of BRVNS also decreased the 

average total flying time more than other methods. Moreover, the BRVNS reduced the 

average deadheading more than other methods. However, the average computation time 

of experimentation by general VNS was faster than BRVNS at 5%, while other methods 

took slower computational experimentation time.  

In Table 5.4, average total flying time of pairing schedules of BRVNS decreased at 1.55% 

more than BRIG, 0.45% more than BRIGLS and 0.27% more than general VNS. 

Similarly, average number of pairings of BRVNS decreased more than other 

methodologies. Also, the average computational time of experimentation of BRVNS was 

faster than BRIG 14.13% and BRIGLS 5.95% but the general VNS took faster 

computational experimentation time than BRVNS at 27.42%. 
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Table 5.4 compares average results between BRVNS with BRIG, BRIGLS, and general 

VNS of 312 flights. Table 5.4 presents the improvement in terms of results by the 

implementation of BRVNS. BRVNS decreased the average number of pairings more than 

other methods. Likewise, BRVNS decreased significantly in the average total flying time 

of CPS more than BRIG at 17.29%, BRIGLS at 15.11% and general VNS at 5.72%. By 

contrast, the BRVNS achieved faster implementation time than BRIG at 20.18% and 

more than BRIGLS at 5.43%. 

Overall, from experimentation with three sets of data as the real-life case study of an 

airline company in Thailand, BRVNS provided a better quality of total flying time of CPS 

compared to the other methodologies. Significantly, the results from BRVNS are 

presented with the huge improvement in quality of solution in case study of 312 flights. 

Computational experimentation time by implementation of BRVNS was quicker than 

computation time of BRIG and BRIGLS, while computation time of experimentation of 

VNS was faster than BRVNS. 

Table 5.6 to Table 5.8 in Appendices present the solution based on BRVNS of crew 

pairing schedules of 104 flights, 202 flights and 312 flights of a real-life case study from 

Thailand. 

 

5.3.2.1 Crew scheduling cost analysis for a real-life case study in Thailand 

 

The major aim of this section is to present advantages of our proposed methodology 

BRVNS in terms of cost reduction for airlines. Crew cost is the second highest cost of 

airlines. Thus, small flying time reductions result in considerable cost saving for airlines.  

Crew cost calculation is based on the formulation presented in section 3.4.2.1 in Chapter 

3. To present minimum and maximum crew cost saving, we assumed 8 crew members to 

be the minimum number of crew per pairing, while maximum number of crew per pairing 

was 13 crew members. In general, between 8 and 13 crew members perform duties on 

each different types of aircraft. 

Figure 5.1 to Figure 5.3 show the minimum and maximum crew cost saving of an airline 

company in Thailand by experimentation of the company solution, BRIG, BRIGLS, 

general VNS and BRVNS.  
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Comparing between BRVNS and other methods for 104 flights in Table 5.1 clearly 

presented that BRVNS decreased maximum airline crew cost 6.78% more than the 

company solution, 1.13% more than BRIG and 1.14% more than BRIGLS. BRVNS 

reduced minimum crew cost 8.86% more than the company solution, 2.26% more than 

BRIG and 1.14% more than BRIGLS. In the same way, BRVNS decreased maximum 

airline crew cost in 104 flights 6.78% more than the company solution, 1.13% more than 

BRIG and 1.14% more than BRIGLS. 

 

Figure 5.1 Minimum and maximum crew cost of 104 flights of an airline company in Thailand 

 

 

Figure 5.2 Minimum and maximum crew cost of 202 flights of an airline company in Thailand 

 

 

Figure 5.2, BRVNS reduced maximum crew cost of 202 flights 2.03% more than the 

company solution and 1.71% more than BRIGLS. Moreover, BRVNS decreased the 

minimum and maximum crew cost 3.70% more than the company solution, 1.71% more 

than BRIG and 1.71% more than BRIGLS. Results showed that BRVNS decreased crew 

cost the most. 
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Figure 5.3 Minimum and maximum crew cost of 312 flights of an airline company in Thailand 

 

 

According to Figure 5.3, when comparing BRVNS with other methods for 312 flights, 

results displayed that BRVNS reduced minimum crew cost 1.61% more than the company 

solution, 9.24% more than BRIG and 15.30% more than BRIGLS. Therefore, BRVNS 

reduced minimum crew cost the most. Moreover, significant crew cost saving is shown 

for 312 flights. BRVNS reduced the maximum crew cost of the airline 24.36% more than 

the company solution, 23.12% more than BRIG and 15.30% more than BRIGLS.  

To sum up, for crew cost analysis, reduction of total flying time of CPS, number of 

pairings and deadheading flights affect crew cost which is the second largest expense of 

airlines. The proposed methodology of BRVNS is resulted in a greatest reduction for an 

airline company as it can be used to reduce the crew cost more than other proposed 

methods from previous chapters. Combination of VNS with BR technique can improve 

the quality of solution. When comparing BRVNS with other methodologies, results 

illustrated that computational experimentation time of BRVNS was shorter than the 

others proposed methodologies. This seems to benefit the airline during the decision-

making process, especially for 312 flights case study. It presented with a large number of 

crew cost reduction. 
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5.4 Conclusion 

 

The main aim of this chapter was to enhance a diversification solution approach using 

another metaheuristic method that not only minimised computation time of 

experimentation but also provided effective quality of solution and was simple to use. 

Therefore, BRVNS was developed to satisfy the aim of this chapter with the major 

contribution of improving computational experimentation time with a better quality 

solution. In more detail, VNS is commonly used for implementation COPs. The 

procedure of neighbourhood search increases the probability of finding much better 

solutions by provided swap moves and insert moves in the solution space. From previous 

chapters, BR combined with IG and IGLS to provide a non-uniform probability 

distribution during the construction phase. To the best of our knowledge, no literature has 

previously addressed BRVNS in areas of the airline scheduling problem. Therefore, it 

was reasonable to integrate the commonly used VNS method with BR techniques to 

enhance solution quality by minimising total flying time of CPS.  

For the solution procedure of BRVNS, the neighbourhood structures of VNS depended 

on two moves (swap move and insert move) to avoid trapping in bad local optimal. The 

neighbourhood structures moved randomly, resulting in increased probability of finding 

much better solutions in a search space. The acceptance criterion depended on better 

solutions of total flying time of CPS after each move in a search space. The pairing flight 

sequences were updated if the solution was improved. Alternatively, if the new solution 

was not improved, the algorithm attempted another move until all conditions were met. 

BR combined to generate the initial solution because high quality initial solutions can 

bring about better final results.  

Data for experimentation used the reference problem of Agustin et al. (2016) that 

proposed Multi-Start algorithm to solve ACS by concentrating on the CPP. Moreover, the 

real-life case study of 104, 202 and 312 flights of an airline company in Thailand was 

also used. To ensure that BRVNS worked effectively, computational experimentation of 

BRVNS was compared and analysed with BRIG, BRIGLS and also the general VNS to 

make the quality of solution more outstanding.  

Results of BRVNS in all cases showed minimum reduction of total flying time by 

comparing with other proposed methodologies and the company solution. Computation 

time of BRVNS was faster than BRIG and BRIGLS, while general VSN was faster to 
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implement than BRVNS. This was because the procedure of BRVNS is more complex in 

terms of generating initial solutions with BR technique and the procedure of 

neighbourhood search of shaking with swap and insert moves was used twice 

respectively, while VNS used only swap and insert moves to solve the solution. In terms 

of crew cost reduction, BRVNS reduced the total flying time of CPS from the company 

solution in all cases. Moreover, BRVNS also reduced minimum rate and maximum rate 

of crew cost compared with the other methodologies. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

83 

 

Chapter 6 Sim-Biased Randomised Iterated Greedy 

for Stochastic Airline Crew Scheduling 

 

6.1 Introduction 

 

Chapter 5 proposed methodology to solve CPP based on a deterministic CPP. This chapter 

considers random delays into deterministic CPS. Due to real-world problems, unexpected 

situations can cause unexpected delays and directly disrupt crew members to perform 

their duties. The delay is directly impacted to the airline operations. It not only affects the 

crews and aircraft but it also affects a reduction in the demand of passengers. The delays 

increase the cost of crew (operating cost) and decrease the utilisation of aircraft 

(Burghouwt et al., 2016). It is the main responsibility of an airline to provide recovery 

plans for these kinds of problems. Therefore, here, we propose a stochastic optimisation 

model of the CPP and integrate a solution methodology for dealing with the disruptions 

to provide a crew swap recovery solution for the airline to withstand the disruptions. The 

crew swap procedure repositions crew to possible swap flight between pairings to 

maintain feasibility of CPS. 

Moreover, developing the BRIG with simulation techniques to provide simulated real-

world problems of expected flight delays and expected time of delay. BRIG from 

experimentation is presented and can provide high quality solutions better than the 

company results. The IG algorithm is simple with flexibility for implementation, while 

BR enhances diversification of probabilistic distribution to improve solution quality. To 

illustrate expected delay scenarios and predicted flight delays, the stochastic values are 

modelled with Sim-heuristic (MCS). This simulates an expected value of expected flights, 

predicted delays into a deterministic schedule and transforms them into a stochastic 

schedule. One of the main aims of using MCS is because is it can provide simulation of 

expected value that can combine with optimisation (Juan et al., 2014). To the best of our 

knowledge, Sim-BRIG has not been addressed before to handle stochastic crew pairing 

problems. 

In more detail, the disruptions that we considered in this research are based the delays 

that disrupted crew members to perform duties on next flights of their CPS. This resulted 
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in not enough transfer time to move crew member to their next flights. Therefore, the 

crew swap recovery is provided to handle with this problem by swap crew from delay 

flight to possible swap candidate. This crew swap recovery is generally used for dealing 

with the disruption for airline industries and many researches from the literature is used 

it (Dück, 2010; Dück et al., 2012; Ionescu & Kliewer, 2011). 

The structure of this chapter consists of the problem description and optimisation model 

illustrated in Section 6.2, the solution approach of Sim-BRIG in Section 6.3, 

computational experimentation in Section 6.4, and the conclusion in Section 6.5. 

 

6.2 Problem description and optimisation model 

 

This study deals with stochastic airline crew scheduling problems by considering random 

delays to crew pairing problem to minimise total flying time of crew pairing schedules 

and provide a recovery plan called crew swap. The total flying time of crew is directly 

connected with crew salary which is the major citation for calculating crew cost. 

Minimisation of total flying time of crew pairing schedules results in crew cost saving by 

airlines which is the second largest cost factor after fuel as discussed in Chapter 3.  

In this chapter, we consider disruptions that cause delays for crews performing duties on 

their next flight. A responsible airline must provide recovery plans. Crew swap recovery 

or crew repositioning is one option to deal with unexpected delays. Airlines prefer not to 

reposition crew because of the complexity of rules and regulations; moreover, large 

numbers of crew swaps result in additional cost.  

An example of crew swap recovery is presented as Figure 6.1. To generate reasonable 

plans for crew recovery, several constraints must be considered as follows: 

• If the delay is less than 15 minutes, crew swap recovery is not conducted based 

on Shebalov & Klabjan (2006), Dück (2010), and Ionescu & Kliewer (2011). 

• Crew swap recovery must be initiated when the delay is more than the maximum 

threshold (15 minutes).  

• The delay time is added into the CPS to calculate total flying time, resulting in 

increased crew cost. 
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• Transfer time between crew from the disrupted flight and possible crew swap 

flight in different pairings should be more than or equal to the minimum 

requirement. 

• Possible swap candidates must depart from the airport where the disrupted flight 

arrived. 

• Total flying time per day of disrupted crew and possible swap candidates should 

be less than or equal to the maximum allowed total flying time per day.  

 

 

Figure 6. 1 Example of crew swap (Ionescu & Kliewer, 2011) 

 

In this research, indicators of CPS stability and feasibility were as follows: 

• Stability means that the CPS still remains or is slightly modified.  

• Feasibility means that the CPS can provide swap crew recovery when delays 

occur.  

To maintain CPS stability and flexibility under uncertainty, the main objective of this 

chapter is to minimise total flying time of crew pairing schedules, while also considering 

minimising crew swap flights to deal with uncertain disruptions (delays). The CPS should 

be slightly modified with the threshold set at 15 minutes (Dück, 2010; Ionescu & Kliewer, 

2011; Shebalov & Klabjan, 2006). 

Moreover, the delays that we considered in this thesis are separated into minor delays 

from 0 < T ≤ 30 minutes and major delays from 0 < T ≤ 60 minutes for the computational 

experimentation. These two types of delays are based on the data from a real-life case 

study of an airline company in Thailand.  
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6.2.1 Stochastic crew scheduling  

 

For decades, the operational research community has dedicated great effort into 

developing solution methods to address these stochastic CPP. Traditional deterministic 

CPP has usually modelled the long-term planning problem. From the review of literature 

of stochastic ACS, stochastic optimisation models are created to increase robustness into 

crew scheduling and provide various solutions for the decision-making process.  

CPS can be easily disrupted due to the strictness of working time regulations of crew 

members. This disruption is difficult to recover due to the complexity of problems. 

Therefore, it is a challenging task for airlines to select recovery plans as crew scheduling 

is an ongoing operation with numerous resources (crew members). These days, the 

process of recovery of airlines is generally conducted manually on each flight rather than 

developing one combined plan for all disrupted flights. Many conditions need to be 

respected such as rules and regulations, crew requirements, staff levels and so on. In 

addition, recovery plans must be generated in a short period of time with limited 

resources. For crews assigned duty on disrupted flights, their next flight duty will be 

affected. One effective recovery plan to deal with disruption is swapping crew to another 

flight (crew swap). Then, crew can swap between the delayed flight and another swap 

candidate resolve the problem. For solving this problem, robustness must be considered. 

Therefore, the low number of crew swap flights on the day of operations represents 

effective crew scheduling recovery. Moreover, the crew pairing swap increases flexibility 

into the schedule.  

 

6.2.2 Stochastic optimisation model of CPP 

 

An effective airline CPS is the main responsibility of airlines because poor pairing 

schedules lead to increased costs and affect customer satisfaction. Disruption on the day 

of operation results in increasing inefficiencies in the crew schedule. To avoid disruption 

expenses, crew schedules must be responsive to potential changes. Traditional 

deterministic CPP has modelled long-term planning problems. In general, airlines 

consider the optimisation of crew schedules during the planning stage, while crew 

schedules are changed or modified to deal with disruptions in the operational phase. 
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Disruptions cause delays, and affect to crew preforming duties. Therefore, optimisation 

of the CPP is modelled as a stochastic and integrated with solution methodology for 

dealing with disruptions. The major purpose of modelling this stochastic CPP is to 

provide a stable and flexible solution for airlines that can withstand disruptions. 

An optimisation model was formulated as a set partitioning model of stochastic airline 

crew pairing schedules by adapted from Ionescu & Kliewer (2011). The main objective 

to minimise the total flying time of crew pairing schedule and also minimise crew swap. 

Let 𝐹 be the set of flights that must be covered. The set of all feasible crew pairings for 

the set of flights is represented by 𝑃. The binary variable 𝑥𝑗 determines pairing 𝑗 ∈ 𝑃 

value 1 if selected, and 0 otherwise. 𝑇𝑗 represents flying time associated with pairing 𝑗. 

The binary 𝑎𝑖𝑗 is value 1 if flight 𝑖 is covered by pairing 𝑗, and 0 otherwise. Moreover, 𝑄 

represents the swap opportunities of crew to swap flights. 𝑋 ⊆ 𝑃 represents the set of 

selected pairings for possible swap flights. 𝑄(𝑋) is presented as the resource model of 

crew to swap and expressed by (6.4) to (6.15). The minimum transfer time between 2 

flights from 𝑓′ to flight 𝑓 is presented as 𝑔𝑓′𝑓. The delay disrupting crew perform duty 

between flight 𝑓′ and flight 𝑓 is presented as 𝛿𝑓′𝑓. Moreover, (6.13) presents that 

propagated delays must always be non-negative. Then, 𝜌𝑓′𝑓 is presented as the binary 

variable to determine if the connection flights 𝑓′ and flight 𝑓 present an expansion of 

delay. Furthermore, 𝑠𝑝𝑓𝑗𝑘
 is represented as the binary variable to determine if the pairing 

𝑘 provides a recovery action of swap for flight 𝑓 of pairing 𝑗 in the schedule or otherwise. 

In this case, focus is on the delays when crews are assigned to switch planes for their next 

scheduled flight. All required notations are defined as follows: 

 

Indices Definition 

𝒊, 𝒋 The flight leg index 

𝒌 The swap opportunity flight index 

Parameters Definition 

𝑻𝒋 The flying time of pairing 𝑗 

𝒙𝒋 The binary variable determines whether pairing 𝑗 ∈ 𝑃 is 

selected in the solution or not 

𝑭 The set of flight that must be covered 
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Parameters Definition 

𝑷 The set of all feasible crew pairings of set of flight 

𝑸(𝑿) The resource model 

𝒑𝒇 The set of propagated delay from historical data 

𝒔𝒑𝒇𝒋𝒌
 The binary variable for a swap opportunity of flight 𝑓 of 

pairing 𝑗 to pairing 𝑘 or not 

𝒄𝒋(𝒇) The predecessor duty of flight 𝑓 in pairing 𝑗 

𝒄𝒋(𝒇)𝒌 A swap opportunity with pairing 𝑘 if  

𝑐𝑗(𝑓) can be connected to flight delay of 𝑓𝑘  

𝑴𝒔𝒑 The big-M of swap pairing 

𝒄𝒌(𝒇)
 The new predecessor duty or swap candidate of flight 𝑓 in 

pairing 𝑘 

𝑷𝒄𝒌(𝒇)𝒇 The binary variable value 1 if  

𝑐𝑘(𝑓) a swap candidate arrives at the same airport where 

flight 𝑓 departs 

𝒓𝒄𝒌(𝒇) The arrival time of crew in pairing 𝑘 

𝒓𝒄𝒋(𝒇) The arrival time of crew in pairing 𝑗 

𝒈𝒄𝒋(𝒇)𝒇𝒌
 The connection time from flight 𝑓 in pairing 𝑗 to flight 𝑓 in 

pairing 𝑘 

𝒈𝒄𝒌(𝒇)𝒇𝒋
 The connection time from flight 𝑓 in pairing 𝑘 to flight 𝑓 in 

pairing 𝑗  

𝒅𝒇𝒋 The departure time of flight 𝑓 in pairing 𝑗 

𝒅𝒇𝒌 The departure time of flight 𝑓 in pairing 𝑘 

𝒕𝜹 The delay time 

𝜹𝒄𝒋(𝒇)𝒇 The delay of on-time performance of the predecessor duty of 

flight 𝑓 in pairing 𝑗 

𝑨𝑵 and 𝑩𝑵 The new pairing of 𝐴 and the new pairing of 𝐵 

𝑨𝑷𝒄𝒌(𝒇)𝒇 The binary value 1 if 𝑐𝑘(𝑓) arrives at the same airport where 

𝑓 depart 

𝒙𝒌 The binary variable of pairing 𝑘 

𝝆𝒄𝒋(𝒇)𝒇 The binary variable determines if the connection flights is 

delayed or otherwise 
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The stochastic crew pairing model as follows; 

Min(𝑧) =  ∑ 𝑇𝑗𝑗∈𝑃 𝑥𝑗 + 𝑄(𝑋)        (6.1) 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ;  

∑ 𝑎𝑖𝑗 × 𝑥𝑗 = 1   ∀𝑖 ∈ 𝐹 𝑗∈𝑃         (6.2) 

𝑥𝑗 ∈ {0,1}   ∀𝑗 ∈ 𝑃          (6.3) 

𝑥𝑗 = {
1 𝑖𝑓 𝑝𝑎𝑖𝑟𝑖𝑛𝑔 𝑗 𝑖𝑠 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑;

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,
  

𝑎𝑖𝑗 = {
1 𝑖𝑓 𝑓𝑙𝑖𝑔ℎ𝑡 𝑙𝑒𝑔 𝑖 𝑖𝑠 𝑐𝑜𝑣𝑒𝑟𝑒𝑑 𝑏𝑦 𝑝𝑎𝑖𝑟𝑖𝑛𝑔 𝑗;

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,
  

 

The resource model of minimising crew swap flight; 

𝑄(𝑋) = Min ∑ 𝑝𝑓 × 𝑠𝑝𝑓𝑗𝑘𝑓∈𝐹         (6.4) 

𝑟𝑐𝑘(𝑓) + 𝑔𝑐𝑘(𝑓)𝑓𝑗
− (1 − 𝑠𝑝𝑓𝑗𝑘

)𝑀𝑠𝑝 ≤ 𝑑𝑓𝑗
 ∀𝑓𝑗 ∈ 𝑗, 𝑓𝑘 ∈ 𝑘, ∀𝑗, 𝑘 ∈ 𝑃, 𝑗 ≠ 𝑘 (6.5) 

𝑟𝑐𝑗(𝑓) + 𝑔𝑐𝑗(𝑓)𝑓𝑘
− (1 − 𝑠𝑝𝑓𝑗𝑘

)𝑀𝑠𝑝 ≤ 𝑑𝑓𝑘
 ∀𝑓𝑗 ∈ 𝑗, 𝑓𝑘 ∈ 𝑘, ∀𝑗, 𝑘 ∈ 𝑃, 𝑗 ≠ 𝑘 (6.6) 

𝐴𝑃𝑐𝑘(𝑓)𝑓 ≥ 𝑠𝑝𝑓𝑗𝑘
    ∀𝑓 ∈ 𝐹, ∀𝑗, 𝑘 ∈ 𝑃, 𝑗 ≠ 𝑘  (6.7) 

𝑡𝛿 − (1 − 𝜌𝑐𝑗(𝑓)𝑓)𝑀𝛿 ≤ 𝛿𝑐𝑗(𝑓)𝑓  ∀𝑗 ∈ 𝐹, ∀𝑗 ∈ 𝑃   (6.8) 

𝜌𝑐𝑗(𝑓)𝑓 ≥ 𝑠𝑝𝑓𝑗𝑘
    ∀𝑓 ∈ 𝐹, ∀𝑗, 𝑘 ∈ 𝑃, 𝑗 ≠ 𝑘  (6.9) 

𝑓(𝐴𝑁) ≤ 𝐴𝑁 ∈ 𝑃𝑁    ∀𝑗, 𝑘 ∈ 𝑃, 𝑗 ≠ 𝑘   (6.10) 

𝑥𝑗 ≥ 𝑠𝑝𝑓𝑗𝑘
     ∀𝑓 ∈ 𝐹, ∀𝑗, 𝑘 ∈ 𝑃, 𝑗 ≠ 𝑘  (6.11) 

𝑥𝑘 ≥ 𝑠𝑝𝑓𝑗𝑘
     ∀𝑓 ∈ 𝐹, ∀𝑗, 𝑘 ∈ 𝑃, 𝑗 ≠ 𝑘  (6.12) 

𝛿𝑓 ≥ 0      ∀𝑓 ∈ F     (6.13) 

𝑠𝑝𝑓𝑗𝑘
∈ {0,1},     ∀𝑓 ∈ 𝐹, ∀𝑗, 𝑘 ∈ 𝑃, 𝑗 ≠ 𝑘  (6.14) 

𝜌𝑐𝑗(𝑓)𝑓 ∈ {0,1},    ∀𝑓 ∈ 𝐹, ∀𝑗 ∈ 𝑃   (6.15) 
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The constraint of a swap opportunity is displayed as follows:  

Let 𝑐𝑗(𝑓) be the predecessor duty of crew from flight 𝑓 in pairing 𝑗. Then 𝑐𝑗(𝑓)𝑓𝑘 shows 

the existing swap opportunity with pairing 𝑘, if 𝑐𝑗(𝑓) can be transfered to 𝑓𝑘. The transfer 

times for the crews to the new connection flights must be concerned to be legal as 

constraints (6.5) and (6.6). The big-M formulation (𝑀𝑠𝑝) is forced binary variable 𝑠𝑝𝑓𝑗𝑘
 

to be equal to 0, if the minimum transfer time of crew to swap cannot be held. Notably, 

deadheading is not considered during this scheduling phase. Constraint (6.7) guarantees 

that flight 𝑐𝑘(𝑓) in pairing 𝑘 must arrive at the same airport where the new predecessor 

duty of 𝑓 departs.  𝜌𝑐𝑘(𝑓)𝑓 is presented as the binary variable value 1 if 𝑐𝑘(𝑓) arrives at 

the same airport where 𝑓 of possible swap departs, 0 is otherwise. Swap opportunities are 

involved only for some specific connections that are likely to be disrupted by the delay 

as shown in constraints (6.8) and (6.9). 𝛿𝑐𝑗(𝑓)𝑓 stands for the delay time of the delayed 

flight. If 𝛿𝑐𝑗(𝑓)𝑓 is more than threshold 𝑡𝛿, the connection is claimed risky in the schedule. 

The threshold 𝑡𝛿 is equal to 15 minutes (Dück, 2010; Ionescu & Kliewer, 2011; Shebalov 

& Klabjan, 2006). To make sure that the new pairings 𝐴𝑁 and 𝐵𝑁 meet all crew legality 

rules and restrictions after swaps is represented by constraint (6.10). Constraints (6.11) 

and (6.12) ensure that pairing 𝑗 and pairing 𝑘 are part of the current solution. 

 

6.3 Sim-BRIG 

 

This section discusses how to transform deterministic BRIG into a more efficient method 

for solving stochastic ACS. The reason for using Sim-BRIG is due to the simplicity and 

flexibility of the IG algorithm (parameter free). The BR technique is combined with IG 

heuristic to improve the ability of using skewed probability in the construction phase of 

IG heuristic and provide a more natural probability of being selected from the priority list 

of movements.  

In general, a stochastic problem is simply a generalisation of the deterministic case with 

random information. The deterministic CPP is transformed to stochastic CPP by first 

generating a CPS using column generation and then determining the flight legs expecting 

flight delay in the pairing schedule. The procedure of determining the expected flight is 

randomly selected based on uniform distribution. After generating the expected flight, we 
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randomised the predicted delay and inserted it into the schedule. These random variates 

were used to calculate the stochastic total flying time of the crew. Moreover, they also 

affect delays from the rest of the system and computational efficiency. 

 

6.3.1 Monte-Carlo Simulation for computing expected values (expected flights 

and predicted delay time) 

 

To solve stochastic COPs is a challenging task. Therefore, it is vital to decide on the best 

techniques of simulation to generate scenarios that very close to reality. In this research, 

the MCS technique is used for generating the expected delays in CPS and some random 

flight delays. The MCS procedure is presented as the following data. Firstly, the number 

of scenarios is mocked. In more detail, the scenarios are mocked by one value per random 

variable. This step is followed by the corresponding probability distribution. 

Subsequently, the scenario is evaluated on some random flights to insert delays and 

random predicted delays into flights of pairing schedules. Importantly, the delay, in this 

case, represents the impacts on the interruption of the working activity of crew. We 

separated the delays (𝑡) into two types as minor delays 0 <  𝑡 ≤  30 minutes and major 

delays 0 <  𝑡 ≤  60 minutes. 

 

Algorithm 6.1 Pseudo-code of Monte-Carlo Simulation 

Procedure: MSC (𝑝𝑏𝑒𝑠𝑡, sim) 

Begin: 

 𝑠𝑜𝑙𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐹𝑙𝑖𝑔ℎ𝑡𝐷𝑒𝑙𝑎𝑦 ← 0 

 𝑠𝑜𝑙𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐷𝑒𝑙𝑎𝑦 ← 0 

 for 𝑖𝑡𝑒𝑟 < 𝑠𝑖𝑚 do 

  𝐹𝑙𝑖𝑔ℎ𝑡𝐷𝑒𝑙𝑎𝑦 ← generate 𝑅𝑎𝑛𝑑𝑜𝑚𝐹𝑙𝑖𝑔ℎ𝑡𝐷𝑒𝑙𝑎𝑦()/(sim) 

  𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐷𝑒𝑙𝑎𝑦 ← generate 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐷𝑒𝑙𝑎𝑦()/(sim) 

  for 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒𝑆𝑤𝑎𝑝 ← 0 do  

newSolution ← completeSwap (newSolution, alpha, Pairing) 

   solutionList ← update (newSolution) 

bestSolution (𝑝𝑏𝑒𝑠𝑡)  ← newSolution 

end for 

end for 

return bestSolution (𝑝𝑏𝑒𝑠𝑡) 

end procedure 
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The MCS randomly selects some flights to insert the predicted delays and random 

expected flights to interrupt the schedule after the algorithm finishes generating the 

deterministic CPS. After that, the algorithm is checked for possible flight swaps in 

different pairings. The BR technique improved the alternative of searching candidates in 

a search space and seemed to be more effective for finding the feasible solution, while 

the logic of greedy behaviour was destroyed by uniform randomisation to the list of 

candidates. The randomisation has to be biased for preserving this logic to increase a 

higher rate of probabilities for the most promising candidate solution. During this step, 

related constraints must be considered such as the transfer time between expected flights 

and the transfer time of possible swap flights. If the flight candidate does not break the 

related constraints, it can swap crews between flight delays and possible flight swap 

candidates. Then, the algorithm consists of the solution list of pairings schedules. If the 

new solution of stochastic CPS is better than the best solution, the best solution is updated 

with the new solution. This step is repeated until the stopping condition is met. 

 

6.3.2 Sim-BRIG  

 

This section shows the detail of Sim-BRIG for minimising total flying time of CPS by 

considering minimum crew swap flights. To transform deterministic instance into 

stochastic, MCS are used to model the probability of different outcomes in a process that 

cannot easily be predicted due to the intervention of random variables. In this chapter, 

MCS is used for simulating expected values of expected flight delays and expected delay 

time. The MCS procedure is applied for reasons which include assessing promising 

solutions (generate expected values) during the main loop of the metaheuristic and 

assessing the top best solution after the loop to get accurate measures in terms of the 

expected delay and solution reliability.  
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Pseudo-code of Sim-IGBR is presented to illustrate the algorithm in Algorithm 6.2. as 

follows: 

Algorithm 6.2 Pseudo-code of Sim-Biased Randomised Iterated Greedy Algorithm 

Procedure: SimBiasedRandomisedIteratedGreedy 

Begin: 

// Create list of possible transfer flights and initial solution // 

transferList ← readData(allFlights) 

initialSolution (𝑝′) ← createInitialSolution(allFrights) 

bestSolution (𝑝𝑏𝑒𝑠𝑡) ← initialSolution (𝑝′) 
// Generating daily pairings // 

for (𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝐿𝑖𝑠𝑡 𝑛𝑜𝑡 𝑒𝑚𝑝𝑡𝑦) do     //Destruction Step 

 dailyPairing ← 𝑝′ 
 dailyPairing ← createDailyPairing (transferList, alpha)  //BR 

 for 𝑝𝑜𝑠𝑖 = 0 𝑡𝑜 𝑑𝑎𝑖𝑙𝑦𝑃𝑎𝑖𝑟𝑖𝑛𝑔. 𝑠𝑖𝑧𝑒() do   //Construction Step 

  newSolution ← combineDailyPairing (dailyPairing) 

  newSolution ← complete (newSolution, allFlights) 

  solutionList ← update(newSolution) 

// Checking constraints // 

  if (𝑐𝑟𝑒𝑤𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑜𝑢𝑟𝑠(𝑛𝑒𝑤𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛) < 𝑐𝑟𝑒𝑤𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑜𝑢𝑟𝑠(𝑏𝑒𝑠𝑡𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛)) then 

  bestSolution (𝑝𝑏𝑒𝑠𝑡)  ← newSolution 

  end if 

 end for 

end for 

//Monte-Carlo Simulation// 

𝐹𝑙𝑖𝑔ℎ𝑡𝐷𝑒𝑙𝑎𝑦 ←  𝑅𝑎𝑛𝑑𝑜𝑚𝐹𝑙𝑖𝑔ℎ𝑡𝐷𝑒𝑙𝑎𝑦()    //MCS 

𝑠𝑜𝑙𝑃𝑎𝑟𝑖𝑟𝑖𝑛𝑔𝑆𝑐ℎ𝑒𝑑𝑢𝑙𝑒 () ← 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐷𝑒𝑙𝑎𝑦()     

    

bestSolution (𝑝𝑏𝑒𝑠𝑡)  ← newSolution 

return bestSolution (𝑝𝑏𝑒𝑠𝑡)   

end algorithm 

 

The procedures of Sim-BRIG as follows: 

Step 1: Generating the initial solution by following column generation.  

Step 2: After that, the MCS determines the flight legs to be flight delays in the initial 

solution. During the procedure of determining the expected flight, the predicted delay is 

based on two types of delays. The predicted delay time is based on the parameter between 

0 <  𝑇 ≤  30 minutes and 0 <  𝑇 ≤  60  minutes. After generating the expected flight, 

we calculated the predicted delay and inserted it into the schedule. 

Step 3: Using BRIG improves quality of stochastic solution and reconstructs flights 

(swap) by considering flight delay using BR technique involved with the parameter α of 
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a skewed probability distribution. In this research, the transfer time in the first entry list 

starts with the lowest transfer time to be chosen.  

Step 4: During the construction phase of IG heuristic, the algorithm is searched for all 

possible swap candidates in a search space of solution and checked for best swap 

candidate. 

Step 5: All constraints of regulations must be checked. This step is looped until a better 

solution is not found. The stochastic solution is saved. After that, the algorithm repeats 

the process with new expected values (expected flights and predicted delay). As long as 

the new solution is better than the best solution, then the best solution is updated with the 

value of the new solution. 

 

6.4 Computational experimentation 

 

This section describes computational experimentation of Sim-BRIG. The main purpose 

of these experimentations is to show that stochastic information is very important for 

airlines when making decisions about recovery plans. Moreover, two types of delays are 

considered as (1) minor delays from 0 <  𝑇 ≤  30   minutes and (2) major delays from 

0 <  𝑇 ≤  60 minutes. These two kinds of delays affect crew duties on the next flight of 

their crew pairing schedule. This brings about lack of crew per jobs. One effective 

recovery plan for dealing with disruption is swapping crew. Because of the complexity 

of crew rules and regulations, the airline prefers crew members to stay on board rather 

than swap positions. Thus, not only minimum total flying time of CPS was considered 

but also recovery plans of crew repositioning with minimum crew swap opportunities. 

Data used for experimentation were the same set of deterministic crew pairings. 

Moreover, the constraint of stochastic CPP also follows Section 6.2.2. There are two sets 

of data as reference problem from the literature (Agustin et al., 2016) and real-life case 

study of an airline company in Thailand. 

The experimentation was implemented with JavaScript on a personal computer using 

Intel Core i5-5200U with 2.7GHz and 4GB RAM. The MCS was applied for insertion of 

the expected flights and predicted delays into pairing schedules by focusing on the delays 

when crews are assigned to switch planes for their next scheduled flight.  

 



 

 

95 

 

6.4.1 Reference problem from the literature 

 

In this section, the results of computational experimentation with Sim-BRIG are 

illustrated based on minor delays and major delays in order to be the reference results for 

a comparison with other proposed approaches. 

Note that the average result is used for comparison and analysis is from the 

implementation of 100 iterations. 

 

Table 6.1 Average result of the implementation by Sim-BRIG based on minor delays of 

reference problem  

  
Sim-BRIG 

 

Ave Total Flying Time (hr) 75:46:00 

Ave No Pairings  5.57 

Ave Crew Swap  4.01 

Ave CPU (s) 18:55 

 

Table 6.1 presents results of the proposed methodology Sim-BRIG by concentrating on 

average total flying time of reference problem. Results are presented as average because 

the algorithm of Sim-BRIG is randomly inserted different delays into CPS. For the 

average results of crew swap based on stochastic minor delays of Sim-BRIG was 4.01 per 

day. Average total flying time of Sim-BRIG is shown at 75 hours and 46 minutes. 

 

Table 6.2 Average result of the implementation by Sim-BRIG based on major delays of 

reference problem 

  

Sim-BRIG 

Ave Total Flying Time (hr) 76:25:00 

Ave No Pairings  6.43 

Ave Crew Swap  4.23 

Ave CPU (s) 18:55 
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Table 6.2, The predicted delay time randomly inserted into the CPS gave an expansion 

of total flying time of crew pairing schedules. The average total flying time of CPS 

based on minor delays is presented at 76 hours and 25 minutes. Average crew swap 

based on major delays was 4.23 per day. 

Form the computational results of reference problem, the results of CPS by the 

implementation of Sim-BRIG were able to provide a recovery plan of crew swap when 

the delays occurred.  

 

6.4.2 Real-life case study of an airline company in Thailand 

 

Table 6.3 presents an average result of the implementation of proposed Sim-BRIG based 

on minor delays. For 104 flights, Sim-BRIG showed that expansion of average total flying 

time of minor delays by 137:38:30 hours. The average crew swap by the Sim-BRIGLS is 

presented at 6.06. In 202 flights, Sim-BRIG showed an average total flying time of CPS 

at 260 hours and 52 minutes. The average crew swap by the Sim-BRIGLS is shown at 

6.22. Regarding the case study of 312 flights based on stochastic minor delays, Sim-BRIG 

showed a 451:51:30 hours of average total flying time of CPS. While, the average crew 

swap by the Sim-BRIGLS is shown at 6.31. 

Table 6.3 Average result of the implementation by Sim-BRIG based on minor delays of a real-

life case study from Thailand 

  

Sim-BRIG 

104 

Total Flying Time (hr) 137:38:30 

No Pairing 33.59 

Crew Swap 6.06 

CPU Time (m) 01:11 

202 

Total Flying Time (hr) 260:52:00 

No Pairing 59.67 

Crew Swap 6.22 

CPU Time (m) 01:35 

312 

Total Flying Time (hr) 451:51:30 

No Pairing 83.46 

Crew Swap 6.31 

CPU Time (m) 01:51 
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Table 6.4 Average results of the implementation by Sim-BRIG based on major delays of a real-

life case study from Thailand 

  

Sim-BRIG 

104 

Total Flying Time (hr) 138:45:00 

No Pairing 33.76 

Crew Swap 6.38 

CPU Time (m) 01:14 

202 

Total Flying Time (hr) 262:35:00 

No Pairing 59.72 

Crew Swap 6.25 

CPU Time (m) 01:37 

312 

Total Flying Time (hr) 455:47:00 

No Pairing 83.62 

Crew Swap 6.54 

CPU Time (m) 01:49 

 

Table 6.4 presents the computational experimentation results of proposed Sim-BRIG 

based on major delays of real-life case study of an airline company in Thailand.   

According to the case study of 104 flights, the average total flying time of CPS based on 

major delay from the implementation of Sim-BRIG was 138 hours and 45 minutes. While, 

the average crew swap was 6.38. In 202 flights, the average total flying time of CPS based 

on major delay from the implementation of Sim-BRIG is illustrated at 262 hours and 35 

minutes. Moreover, the average crew swap of 202 flights was 6.25. For case study of 312 

flights, the average total flying time of CPS based on major delay of Sim-BRIG was 455 

hours and 47 minutes. The average crew swap is presented at 6.54. 

To conclude the results of a case study of an airline company in Thailand with stochastic 

CPP, minor delays and major delays inserted into deterministic crew pairing schedules 

affected the expansion of total flying time. However, the pairing schedule had ability for 

providing recovery plans of swap crews.  
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6.4.2.1 Crew scheduling cost analysis for real-life case study in Thailand 

 

The major aim of this section is to present crew cost analysis based on our proposed 

methodology Sim-BRIG to illustrate a crew cost reduction for the airline. Crew cost is 

the second largest cost of an airline. Thus, small amounts of money saving on crew 

salaries result in reduced airline expenses. To clarify, one of the main criteria for 

calculating crew salary is based on the total flying time. The formulation of calculating 

crew cost is based on Section 3.4.2.1 in Chapter 3. Crew scheduling cost analysis is 

presented as follows: 

 

Figure 6.2 to Figure 6.4 compare minimum crew cost and maximum crew cost from the 

implementation of Sim-BRIG.  

 

Figure 6.2 Minimum and maximum crew cost of 104 flights of an airline company in Thailand 

 

 

 

 

 

 

 



 

 

99 

 

Figure 6.3 Minimum and maximum crew cost of 202 flights of an airline company in Thailand 

 

 

Figure 6.4 Minimum and maximum crew cost of 312 flights of an airline company in Thailand 

 

 

In this section, the crew cost analysis is presented with the results from the proposed Sim-

BRIG in order to compare with other methodologies in next chapter. The stochastic delays 

that were randomly inserted into crew pairing schedules resulted in expansion of crew 

cost. Nevertheless, the Sim-BRIG proved that it can increase flexibility into CPS by 

providing recovery plans by swap crews. 
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6.5 Conclusion 

 

This chapter dealt with a real-world problem of unexpected situations such as weather 

conditions and technical breakdowns which cause the delays of CPS. Therefore, the 

stochastic optimisation model of CPP was developed and integrated with a solution 

methodology for dealing with the delays as crew swap to increase solution flexibility for 

airlines and maintain the stability of CPS. The optimisation model in this chapter is 

developed to minimise total flying time of CPS under uncertainty by considering recovery 

plans for minimising crew swap. Furthermore, the proposed BRIG was developed with 

simulation techniques to provide simulated expected flight delay and predicted delays 

which turned the solution approach into stochastic (Sim-BRIG). Reasons for using Sim-

BRIG were as follows: (1) the IG algorithm is simple, parameter free and flexible for 

implementation with stochastic CPP, (2) BR was combined for improving quality of 

solution with diversification of probabilistic distribution (non-uniform) and (3) MCS is 

more effective for simulating expected values.  

For Sim-BRIG procedures, MCS was added into CPS after generating initial solutions by 

BRIG. MCS was used to simulate an expected value (expected flight and predicted delay 

time). After generating the expected value into CPS, the Sim-BRIG provided a recovery 

plan of crew swap based on minimum total flying time of CPS. The BR technique was 

added in the construction of IG algorithm to provide skewed probability of random 

possible swap candidates. The procedure was repeated with the new expected value until 

the lowest total flying time of CPS was found. 

For computational experimentation, two types of delay were used as minor delays 0 <

 𝑇 ≤  30  minutes and major delays 0 <  𝑇 ≤  60 minutes. The data for experimentation 

came from a reference problem from the literature that consisted of 41 flight legs (Agustin 

et al., 2016) and a real-life case study from an airline company in Thailand with 3 sets of 

data as 104 flights, 202 flights and 312 flights. Moreover, JavaScript was used for 

experimentation with this problem.  

The Sim-BRIG can provide a recovery plan of crew swap with a reasonable 

computational experimentation time. This means Sim-BRIG can increase flexibility into 

CPS for dealing with the disruption on the day of operation.  
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Chapter 7 Sim-Biased Randomised Iterated Greedy 

Local Search for Solving Airline Crew Scheduling 

 

7.1 Introduction 

 

The Sim-BRIG was developed in Chapter 6 to consider stochastic delay times. The 

deterministic CPP was transformed to a stochastic solution approach. According to the 

complexity of stochastic COPs, OR societies developed simulation methodology as MCS 

technique to handle this problem. Here, BRIG is combined with MCS to solve CPP. MCS 

is applied to simulate the expected values of expected flights and predicted delay times. 

Due to crucial real-world problems, increasing stability and flexibility of CPS is one of 

the main concepts to reduce the effects of disruptions. Moreover, effective CPS reduce 

operation costs.  

The main aim of this chapter is to improve quality of solution of our proposed 

methodology of Sim-BRIG from the previous chapter by enhancing the searching abilities 

of the IG algorithm by integration with LS methods (called Sim-BRIGLS). The procedure 

of LS provides local change of moves and stops when the best solution is found. This 

leads to the reduction of computational experimentation time by not examining all 

candidate solutions. To the best of our knowledge, the proposed Sim-BRIGLS has not 

been previously presented in the literature to solve CPS under uncertainty. This chapter 

considers the major objective of an optimisation model for minimising total flying time 

of CPS and concentrates on the recovery plan under stochastic delay by minimising crew 

sway. The crew swap procedure is an effective recovery plan that airlines generally use.  

The proposed methodology of Sim-BRIGLS is implemented with the reference problem 

from the literature (Agustin et al., 2016) and a real-life case study of an airline company 

from Thailand. Moreover, the results from Chapter 6 are used for comparison.  

The structure of this chapter is as follows: the procedure of Sim-BRIGLS and pseudo-

code of the algorithm are illustrated in Section 7.2, while Section 7.3 shows 

computational experimentation and a summary of crew cost analysis, Lastly, the chapter 

conclusion is displayed in Section 7.4. 
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7.2 Sim-BRIGLS 

 

Problems of uncertainty cannot be solved for exact values. The optimisation modelling 

of stochastic airline crew scheduling follows Section 6.2 from Chapter 6. The procedure 

of transforming the deterministic BRIGLS to stochastic by Sim-heuristic or MCS is 

presented in Section 6.3.1 from Chapter 6. In this chapter, Sim-BRIGLS is developed to 

enhance solution quality to deal with stochastic real-world problems. Consequently, the 

MCS is applied to generate a scenario is one of the most essential components to define 

the solution quality of stochastic scheduling. For the delay scenario generation in this 

chapter, the delays are based on minor delays between 0 <  𝑡 ≤  30 minutes and major 

delays between 0 <  𝑡 ≤  60  minutes. Also, MCS selected the expected flights delayed 

in the schedule that affected crews performing tasks of next flights. The procedure of 

Sim-BRIGLS as presented in Algorithm 7.1. 

 

Algorithm 7.1 Pseudo-code of the Biased Randomised Iterated Greedy with Local Search 

Procedure: BiasedRandomisedIteratedGreedyLocalSearch 

Begin: 

// Create list of possible transfer flights and initial solution // 

transferList ← readData(allFlights) 

initialSolution (𝑝′) ← createInitialSolution(allFrights) 

bestSolution (𝑝𝑏𝑒𝑠𝑡) ← initialSolution (𝑝′) 
// Generating daily pairings // 

for (𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟𝐿𝑖𝑠𝑡 𝑛𝑜𝑡 𝑒𝑚𝑝𝑡𝑦) do     //Destruction Phase 

 dailyPairing ← 𝑝′ 
 dailyPairing ← createDailyPairing (transferList, alpha)   

//Construction Phase  

 for 𝑝𝑜𝑠𝑖 = 0 𝑡𝑜 𝑑𝑎𝑖𝑙𝑦𝑃𝑎𝑖𝑟𝑖𝑛𝑔. 𝑠𝑖𝑧𝑒() do   //BR 

  newSolution ← combineDailyPairing (dailyPairing)   

newSolution ← complete (newSolution, allFlights) 

newSolution ← localSearch(newSolution)  // LS 

  solutionList ← update(newSolution)    

  if (𝑐𝑟𝑒𝑤𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑜𝑢𝑟𝑠(𝑛𝑒𝑤𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛) < 𝑐𝑟𝑒𝑤𝐹𝑙𝑖𝑔ℎ𝑡𝐻𝑜𝑢𝑟𝑠(𝑏𝑒𝑠𝑡𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛)) 

  then        

   bestSolution (𝑝𝑏𝑒𝑠𝑡)  ← newSolution 

  end if 

 end for 

end for 

𝐹𝑙𝑖𝑔ℎ𝑡𝐷𝑒𝑙𝑎𝑦 ←  𝑅𝑎𝑛𝑑𝑜𝑚𝐹𝑙𝑖𝑔ℎ𝑡𝐷𝑒𝑙𝑎𝑦()    //MCS 

𝑠𝑜𝑙𝑃𝑎𝑟𝑖𝑟𝑖𝑛𝑔𝑆𝑐ℎ𝑒𝑑𝑢𝑙𝑒 () ← 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐷𝑒𝑙𝑎𝑦()      

   

bestSolution (𝑝𝑏𝑒𝑠𝑡)  ← newSolution 

return bestSolution (𝑝𝑏𝑒𝑠𝑡)   

end algorithm 
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The procedures of Sim-BRIGLS as follows: 

Step 1: Generate the initial solution by following column generation.  

Step 2: After the initial solution is generated, MCS provides a determination of the flight 

legs as expected flights and predicted delays for inserting in the initial solution. The 

procedure of determining the expected flight considers two types of delays as predicted 

delay times based on parameters between 0 <  𝑡 ≤  30 minutes and 0 <  𝑡 ≤  60  

minutes. The expected flights and predicted delay times are uniformly selected. After 

generating expected flights, they are inserted into the pairing schedules.  

Step 3: During BRIGLS step, BR technique is integrated with IG to reconstruct pairing 

schedules by swap crews from delayed flights. Possible swap crews are based on the 

parameter of a skewed probability distribution. Then, the possible swap candidate list is 

started with the lowest transfer time chosen. 

Step 4: The LS is searched for a possible swap candidate in a search space of solution 

during the construction phase. The reposition of crew procedure is sequenced via 

parameter of a skewed probability distribution (BR). Then, the first entry of possible flight 

to sequence is listed from the lowest transfer time. 

Step 5: All constraints related to crew swap must be checked carefully. It the swap 

candidate satisfies all constraints, then conduct the swap. Repeat the process with a new 

value of 𝑡. As long as the new solution is better than the best solution, then the best 

solution is updated with the value of the new solution. 

 

7.3 Computational experimentation 

 

Results of computational experimentation of Sim-BRIGLS are illustrated in this section. 

Moreover, stochastic information is crucial for the decision-making process, especially 

for airlines to provide recovery plans when disruptions occur. MCS is applied for 

insertion of expected flights and predicted delays into pairing schedules by focusing on 

the delays when crews are assigned to switch planes for their next scheduled flight. In 

this chapter, two types of delays are considered as (1) minor delays from 0 <  𝑡 ≤  30  

minutes and (2) major delays from 0 <  𝑡 ≤  60   minutes. These kinds of delays directly 

affect lack of crew on the next flight. A recovery plan of swap crews is presented. 
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Swapping crew members brings about difficulties from complex constraints in each 

individual crew and also increases the crew cost of airlines. Thus, minimum total flying 

time of CPS and minimum crew swap flights are the major objectives of optimisation 

model to be considered. Data for the experiments as two sets of data from the previous 

chapter were used as reference problem from the literature and real-life case study of an 

airline company in Thailand. 

In this chapter, we compared the average solutions of Sim-BRIGLS with Sim-BRIG from 

Chapter 6. Moreover, the percentages of improvement gap of solutions of our proposed 

Sim-BRIGLS are shown based on the formulation of (3.8) in Section 3.4 of Chapter 3.  

 

7.3.1 Reference problem from the literature 

 

Table 7.1 shows the comparison of average total flying time of pairing schedules that 

disrupter with minor delays between Sim-BRIG and Sim-BRIGLS. The stochastic delay 

is added into pairing schedules and brings about different delay times in the simulation. 

Then, the results are presented as average total flying time. By comparison, the Sim-

BRIGLS reduced average total flying time of CPS disrupted by minor delays by 3.54% 

more than Sim-BRIG. The comparison of average number of pairing between Sim-BRIG 

and Sim-BRIGLS, the Sim-BRIGLS reduced average number of pairings disrupted by 

minor delays by 1.44% more than Sim-BRIG. Moreover, results showed that Sim-

BRIGLS reduced average crew swap disrupted by stochastic minor delays 12.72% more 

than Sim-BRIG. The average computational experimentation time of Sim-BRIGLS that 

disrupted with minor delays was 2.56% shorter than Sim-BRIG.  

 

Table 7.1 Average results of the implementation of Sim-BRIGLS comparing with other 

methods based on minor delays 

  
Sim-

BRIG 

Sim-

BRIGLS 

% Improvement Gap  

No of Pairings 

(a)-(b) 

Total Flying Time 

(a)-(b) 

Crew Swap  

(a)-(b) 

CPU Time  

(a)-(b) 

Ave Total Flying 

Time (hr) 
75:46:00 73:05:00 

3.54% 1.44% 12.72% 2.56% Ave No Pairing 5.57 5.49 

Ave Crew Swap 4.01 3.5 

Ave CPU (s) 18:55 18:26 

*(a) = Sim-BRIG, and (b) = Sim-BRIGLS 
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Table 7.2 Average results of the implementation of Sim-BRIGLS comparing with other 

methods based on major delays 

  

Sim-

BRIG 

Sim-

BRIGLS 

% Improvement Gap  

No of 

Pairings  

(a)-(b) 

Total Flying 

Time  

(a)-(b) 

Crew Swap 

(a)-(b) 

CPU 

Time  

(a)-(b) 

Ave Total Flying Time (hr) 76:25:00 73:31:00 

3.79% 14.46% 15.84% 2.38% 
Ave No Pairing 6.43 5.5 

Ave Crew Swap 4.23 3.56 

Ave CPU  18:55 18:28 

*(a) = Sim-BRIG, and (b) = Sim-BRIGLS 

 

Table 7.2 shows the comparison of average total flying time of pairing schedules that 

disrupter with minor delays between Sim-BRIG and Sim-BRIGLS. Moreover, Sim-BR 

IGLS also decreased average total flying time of crew schedules disrupted by major 

delays 14.46% more than Sim-BRIG. Moreover, Sim-BRIGLS decreased average 

number of pairing disrupted by major delays 3.79% more than Sim-BRIG. The more 

delay inserted into CPS; the more total flying time of CPS was presented. Therefore, 

average solutions of Sim-BRIGLS reduced average total flying time of CPS disrupted by 

stochastic delays more than Sim-BRIG. Table 7.2 shows the comparison of average 

number of crew swap that disrupted by major delays, Sim-BRIGLS decreased average 

crew swap with major delays 15.84% more than Sim-BRIG. Results showed that Sim-

BRIGLS took 2.38% shorter time of experimentation. Then, it can conclude that the Sim-

BRIG tool shorter time of computational experimentation than Sim-BRIG.  

To conclude results of reference problem from the literature, combining LS technique 

with Sim-BRIG can improve quality of solution in term of the reduction of average total 

flying time of CPS, the reduction of crew swap, and the reduction of number of pairing. 

Moreover, it also reduced the computational experimentation time of experimentation.  

 

7.3.2 Real-life case study of an airline company in Thailand 

 

The stochastic delay is inserted into CPS causes in the different delay times in the 

simulation. Therefore, average results of the implementation are presented for analysing 

results of real-life case study of an airline in Thailand. 
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Table 7.3 presents a comparison of average results of CPS under uncertainty between 

Sim-BRIGLS and Sim-BRIG (from previous chapter) of real-life case study of an airline 

in Thailand. When comparing the average total flying time of stochastic minor delays in 

202 flights, Sim-BRIGLS reduced the average total flying time of pairing schedules 

2.68% more than Sim-BRIGLS. For a case study of 312 flights, Sim-BRIGLS reduced 

average total flying time of pairing schedules 5.63% more than Sim-BRIG. For airline 

industry, 5.63% is a significant reduction of average total flying time of CPS. 

Comparison of number of pairings between Sim-BRIGLS and Sim-BRIG for 104 flights 

as presented in Table 7.3. It showed that Sim-BRIGLS decreased average number of 

pairing disrupted by minor delays 3.33% more than Sim-BRIG. Comparing the average 

number of pairing of stochastic minor delays in 202 flights, Sim-BRIGLS reduced the 

average number of pairing 1.17% more than Sim-BRIG. Comparing average result of 

number of pairings of 312 flights, Sim-BRIGLS reduced number of pairing schedules 

more than Sim-BRIG at 0.56% of minor delays. 

Comparison of average results of crew swap between Sim-BRIGLS and Sim-BRIG based 

on minor delays as presented in Table 7.3. When comparing stochastic minor delays, Sim-

BRIGLS reduced average crew swap 24.59% more than Sim-BRIG in 104 flights. This 

resulted in a greatest reduction of average crew swap. When comparing average crew 

swap of 202 flights, Sim-BRIGLS reduced average crew swap per day disrupted by minor 

delays 18.17% more than Sim-BRIG. In comparison, Sim-BRIGLS decreased average 

crew swap of stochastic minor delays 13.63% more than Sim-BRIG in 312 flights. In 

more detail, the Sim-BRIGLS can provide a huge reduction of average crew cost of CPS. 

In Table 7.3, when comparing stochastic minor delays, Sim-BRIGLS reduced average 

computational of experimentation time 1.41% more than Sim-BRIG in 104 flights. 

Moreover, it presents that Sim-BRIGLS took shorter computation time of 

experimentation than Sim-BRIG in all data set of real-life case study of an airline in 

Thailand by reduced the computational experimentation time at 9.47% in 202 flights, and 

at 13.89% faster than Sim-BRIG. 
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Table 7.3 Average results of the implementation by the Sim-BRIGLS comparing with other 

methods based on minor delays of a real-life case study from Thailand 

  

Sim-BRIG Sim-BRIGLS 
% Improvement Gap  

(a)-(b) 

104 

Total Flying Time (hr) 137:38:30 137:38:30 0.00% 

No Pairings 33.59 32.47 3.33% 

Crew Swap 6.06 4.57 24.59% 

CPU Time 01:11 01:10 1.41% 

202 

Total Flying Time (hr) 260:52:00 253:52:00 2.68% 

No Pairings 59.67 58.97 1.17% 

Crew Swap 6.22 5.09 18.17% 

CPU Time 01:35 01:26 9.47% 

312 

Total Flying Time (hr) 451:51:30 450:51:00 5.63% 

No Pairings 83.46 82.99 0.56% 

Crew Swap 6.31 5.45 13.63% 

CPU Time 01:48 01:33 13.89% 

*(a) = Sim-BRIG and (b) = Sim-BRIGLS 

 

Table 7.4 Average results of the implementation by the Sim-BRIGLS comparing with other 

methods based on major delays of a real-life case study from Thailand 

  
Sim-BRIG Sim-BRIGLS 

% Improvement Gap  

(a)-(b) 

104 

Total Flying Time (hr) 138:45:00 138:20:00 0.30% 

No Pairings 33.76 32.93 2.46% 

Crew Swap 6.38 4.9 23.20% 

CPU Time 01:14 01:11 4.05% 

202 

Total Flying Time (hr) 262:35:00 254:35:00 3.05% 

No Pairings 59.72 59.28 0.74% 

Crew Swap 6.25 5.11 18.24% 

CPU Time 01:37 01:27 10.31% 

312 

Total Flying Time (hr) 455:47:00 451:47:00 0.88% 

No Pairings 83.62 82.99 0.75% 

Crew Swap 6.54 5.6 14.37% 

CPU Time 01:49 01:35 12.84% 

*(a) = Sim-BRIG and (b) = Sim-BRIGLS 
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Table 7.4, Comparison between Sim-BRIGLS and Sim-BRIG for 104 flights showed that 

Sim-BRIGLS decreased average total flying time of CPS disrupted by major delays 

0.30% more than Sim-BRIG. Similarly, Sim-BRIGLS reduced average total flying time 

of pairing schedules of 202 flights based on major delays 3.05% more than Sim-BRIGLS. 

Moreover, Sim-BRIGLS also reduced average total flying time disrupted by major delays 

0.88% more than Sim-BRIG.  

When comparing the average number of pairings, Table 7.4 presents that Sim-BRIGLS 

decreased average number of pairings disrupted by major delays 2.46% more than Sim-

BRIG in 104 flights. Also, Sim-BRIGLS reduced average number of pairings 0.74% more 

than Sim-BRIG for 202 flights. Moreover, Sim-BRIGLS reduced number of pairing 

schedules more than Sim-BRIG at 0.75% for major disruption of 312 flights. 

Table 7.4, Sim-BRIGLS reduced average crew swap disrupted by major delays in 104 

flights at 23.20% more than Sim-BRIG. Similarly, Sim-BRIGLS also reduced average 

crew swap of major delays in 202 flights 18.24% more than Sim-BRIG. Moreover, 

comparison of stochastic major delays of 312 flights presented a deduction of average 

crew swap of Sim-BRIGLS 14.37% more than Sim-BRIG. 

The computational experimentation time of Sim-BRIGLS is compared with Sim-BRIG 

with case studies of 104, 202 and 312 flights. In comparison, Sim-BRIGLS took shorter 

computation time of experimentation than Sim-BRIG. This was because the LS technique 

developed algorithms for improving the searching procedure by reducing time to explore 

all possible solutions. Thus, this resulted in a faster implementation time than Sim-BRIG.  

Overall, results of Sim-BRIGLS in a case study of an airline company in Thailand from 

implementation of Sim-BRIGLS presented lower total flying time of crew pairings, lower 

number of pairings, lower numbers of crew swap per day and shorter computational 

experimentation time. Integrating LS with Sim-BRIG seemed to improve the quality of 

solutions and present the reduction of computational experimentation time. 

 

7.3.2.1 Crew scheduling cost analysis for a real-life case study in Thailand 

 

The major aim of this section is to present ACS cost analysis based on our proposed 

stochastic methodologies of Sim-BRIGLS to illustrate cost saving for the airline. 

Minimising crew cost is crucial because this is the second highest expense of an airline. 
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Consequently, small amounts of money saving resulted in deduction of airline operating 

cost. The crew cost consists of crew salary and other costs related to crew performing 

duties. If crew cost is reduced, this also reduces operating cost and increases rate of net 

profit. Minimum and maximum crew cost were calculated based on the formulation in 

Section 3.4.2.1 from Chapter 3. 

Figure 7.1 to Figure 7.3 compare minimum and maximum crew cost of an airline 

company in Thailand between proposed methodologies of Sim-BRIGLS and Sim-BRIG. 

The solution of Sim-BRIGLS resulted in reduction of maximum crew cost in all cases in 

both stochastic minor and major delays. To illustrate this, an example of the improvement 

of Sim-BRIGLS is presented as follows: 

 

Figure 7.1 Comparing the minimum and maximum crew cost of 104 flights of an airline 

company in Thailand between Sim-BRIGLS and other methods 

 

 

Figure 7.2 Comparing the minimum and maximum crew cost of 202 flights of an airline 

company in Thailand between Sim-BRIGLS and other methods 
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When comparing between Sim-BRIGLS and Sim-Based Randomised IG in Figure 7.1, 

Sim-BRIGLS reduced maximum crew cost based on minor delays of 140 flights by 1.46% 

more than Sim-BRIG. Similarly, Sim-BRIGLS also reduced maximum crew cost based 

on major delays of 104 flights 0.18% more than Sim-BRIG. 

Figure 7.2, comparison of average crew cost of 202 flights between Sim-BRIGLS and 

Sim-BRIG displayed that Sim-BRIGLS decreased minimum crew cost based on minor 

delays 2.76% more than Sim-BRIG. In the same way, Sim-BRIGLS decreased minimum 

crew costs of 202 flights based on major delays 3.15% more than Sim-BRIG.  

 

Figure 7.3 Comparing the minimum and maximum crew cost of 312 flights of an airline 

company in Thailand between Sim-BRIGLS and other methods 

 

 

Figure 7.3, in comparison, Sim-BRIGLS reduced maximum crew cost of 312 flights 

disrupted by minor delays 3.46% more than Sim-BRIG. Likewise, Sim-BRIGLS reduced 

maximum crew cost disrupted by major delays 0.89% more than Sim-BRIG. 

To conclude about crew cost analysis, comparison between Sim-BRIGLS and Sim-BRIG 

from the previous chapter showed that Sim-BRIGLS reduced average total flying time, 

average crew swap and computational experimentation time more than Sim-BRIG. This 

means that Sim-BRIGLS improved the quality of solution and increased stability and 

flexibility into CPS by reducing crew cost which it the second largest expense of airline 

operation cost. The proposed Sim-BRIGLS not only saved airline operating cost (crew 

cost) but also decreased computation time of experimentation more than Sim-BRIG from 

the previous chapter. LS was proved as more beneficial for searching the solution in a 

search space. Considering the stochastic delay Sim-BRIGLS is flexible for handling delay 

disruption to provide swap crew recovery and able to increase the stability into CPS as it 
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can reduce the crew swap more than Sim-BRIG. This seems to have more benefits for 

airlines in terms of decision-making during daily operations.  

 

7.4 Conclusion 

 

In this chapter, the proposed method of Sim-BRIGLS was developed to solve stochastic 

real-world problems. The crucial aim of combining Sim-BRIG from the previous chapter 

with a LS technique was to improve effectiveness of the algorithm during the construction 

phase, increase the ability to search for solution candidates and reduce computational 

experimentation time. To the best of our knowledge, this use of Sim-BRIGLS has never 

been addressed in the literature before. The IG heuristic is very simple and flexible to 

implement because it is parameter free. The BR technique was combined to provide more 

natural conditions and increase diversification of solution candidates into the entry list, 

with skewed probabilistic distribution based on non-uniform framework. LS provided 

moving procedures in the search space by not exploring all solution candidates. Some 

candidate solutions were ignored which led to reduction of computation time of 

experimentation. MCS simulated the expected values of expected flights and predicted 

delays to initial CPS.  

Stochastic optimisation was based on the set partitioning formulation from Chapter 6 with 

the main objective of minimising total flying time of CPS and the minimisation of crew 

swap. The swap crew is an effective recovery plan. Crew members interrupted from 

delays cannot perform duties on their next flights; they have to swap their position with 

other crew members from possible swap pairings. By contrast, the airline needs to avoid 

crew swaps during daily operations because of the difficulties of crew constraints and 

safety regulations and many crew swaps resulted in the higher rate of airline expenses.  

The procedures of Sim-BRIGLS start after the initial solution is generated. MCS provides 

a simulation of expected flights and predicted delays to generate crew pairing schedules. 

Sim-BRIGLS provided a recovery crew swaps. BR is combined in the construction phase 

to provide the list of possible swap candidates based on skewed probability distribution. 

This leads to entry of candidate swap solutions starting with the lowest transfer time of 

swap candidate. LS is also integrated to explore solution methods by not concentrating 
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on all candidates. Related constraints cannot be broken. The algorithm is looped until no 

better solution is found. After that, the process is repeated with new expected values.  

Sim-BRIGLS was used for experimentation with a reference problem from the literature 

to solve CPP by Multi-Start algorithm and the real-life case study of an airline company 

in Thailand that consisted of 102 flight legs, 202 flights legs and 312 flights legs. The 

experiment used JavaScript on a personal computer with Intel Core i5-5200U, 2.7GHz 

and 4GB RAM. Two types of delays were considered as (1) minor delays and (2) major 

delays. 

Average results of Sim-BRIGLS were compared with Sim-BRIG from the previous 

chapter. Results of Sim-BRIGLS presented the reduction of average total flying time of 

crew pairing schedules, average number of pairing and average crew swaps per day in all 

cases. Reduction of average total flying time of crew pairing schedules was related with 

crew cost reduction of the airline. In addition, reduction of crew cost directly affects 

airline operation costs. Moreover, computational experimentation time of Sim-BRIGLS 

was faster than Sim-BRIG. Sim-BRIGLS seemed to enhance stability and flexibility into 

CPS.  



 

 

 

 

 

 

 

 

 



 

 

113 

 

Chapter 8 Sim-Biased Randomised Variable 

Neighbourhood Search for Airline Crew Scheduling 

 

8.1 Introduction 

 

In Chapter 7, Sim-BRIG was combined with LS technique for developing searching 

procedures and reducing computation time of experimentation of CPP disrupted with 

stochastic delay. Resolution was improved in terms of increasing the stability of crew 

pairing schedules with less modification and flexibility of providing recovery plan of 

crew swap under disruption. For enhancing diversification as a solution approach, the 

crucial aim of this chapter is to develop a method that can minimise computation time of 

experimentation, provide effective quality of solution and is also simple to use for solving 

COPs. BRVNS was used in Chapter 5 to solve deterministic CPP and presented a 

reasonable result with fast computation time.  

In real-world problems, disruptions cause loss of money and disrupted to CPS. For this 

reason, MCS is combined with BRVNS to satisfy the aim of this chapter. MCS is 

integrated with deterministic BRVNS (called Sim-BRVNS) to simulate expected flights 

which are delayed and predict the delay to deterministic CPS to transform into stochastic 

CPS. MCS has been successfully combined with VNS to solve the COPs for randomly 

generated demands to minimise total expected costs with reasonable results (Gruler et al., 

2018). VNS is generally used for implementation with scheduling as the searching ability 

provides a systematic change to find better solutions. The skewed probability distribution 

of BR techniques also improves searching procedures with natural moves for choosing 

candidates from priority lists.  

For solving stochastic CPP, recovery plans are a crucial responsibility for airlines to make 

decisions to solve problems. The crew swap is a well-known recovery plan for dealing 

with delays. Thus, the objective of the optimisation model in this chapter is to minimise 

total flying time of CPS which it the second largest expenses of airlines and consider 

minimising crew swap. The airlines want to avoid swap crews because of the complexities 

of crew constraints, safety regulations, and avoid additional cost to assign crew members 
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to modify CPS. To the best of our knowledge, the solution methodologies of Sim-Biased 

Randomised VNS have not been presented in the literature to solve ACS.  

The structure of this chapter contains the solution approach of Sim-BRVNS in Section 

8.2. Computational experimentation is presented in 8.3. Moreover, solutions of Sim-

BRVNS are compared with solution approaches from Sim-BRIG from Chapter 6 and 

Sim-BRIGLS from Chapter 7. Conclusions are provided in Section 8.4. 

 

8.2 Sim-BRVNS 

 

In this section, the proposed Sim-BRVNS is provided with a description of the algorithm. 

VNS is a well-known methodology for solving COPs that has fast-computational time of 

experimentation. Moreover, one of the significant advantages of VNS is that it helps to 

avoid trapping in bad local optimal by providing moves randomly based on two 

neighbourhoods as swap moves and insert moves. To illustrate, the swap move is 

performed when two flights are from the same airport. The insert move is based on flights 

removed from sequences of pairings and added into other sequences of pairings. The 

deterministic of CPP is basically generalised from the stochastic CPP randomly.  

The Sim heuristic (MCS) is used to provide expected flights to transform deterministic 

CPS to stochastic following the procedure in Chapter 6 (Section 6.3.1). Delays inserted 

in this chapter are due to late aircraft landing and disruption to crews performing duties 

on their next flight in the pairing schedule. There are two types of delays as (1) stochastic 

minor delays between 0 <  𝑡 ≤  30 minutes and (2) stochastic major delays between 

0 <  𝑡 ≤  60  minutes. Therefore, the airline requires the plan to respond to both these 

problems. In this section, a recovery plan of swap crew with possible swap candidates of 

another pairing to deal with the disruption is presented. The procedure of Sim-BRVNS is 

presented as Algorithm 8.1. 
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Pseudo-code of Sim-Biased Randomised Variable Neighbourhood Search 

Algorithm 8.1 Pseudo-code of Sim-Biased Randomised Variable Neighbourhood 

Search 
Procedure BiasedRandomisedVariableNeighbourhoodSearch 

Begin: 

//Generating an initial solution// 

 Generate an initial solution 𝑆     //Biased 

Randomisation 

𝑘 ← 1 

 repeat 

  𝑆′ = 𝑆ℎ𝑎𝑘𝑒(𝑠𝑜𝑙, 𝑘)     //Shake   

𝑆′′  ← 𝐿𝑜𝑐𝑎𝑙𝑆𝑒𝑎𝑟𝑐ℎ(𝑠𝑜𝑙′)    //Local Search 

𝑆′′ =  𝑆𝑤𝑎𝑝(𝑆𝑤𝑎𝑝(𝐼𝑛𝑠𝑒𝑟𝑡(𝐼𝑛𝑠𝑒𝑟𝑡(𝑆)))) 

  Loop = 0       

  repeat 

   𝐼𝑐𝑜𝑢𝑛𝑡 = 0 

   𝐼𝑚𝑎𝑥𝑀𝑒𝑡ℎ𝑜𝑑 = 2 

   repeat 

    if (𝐼𝑐𝑜𝑢𝑛𝑡 ==0) {𝑆′′ = 𝑆𝑤𝑎𝑝(𝑆′); } 

if (𝐼𝑐𝑜𝑢𝑛𝑡 ==1) {𝑆′′ = 𝐼𝑛𝑠𝑒𝑟𝑡(𝑆′); } 

if 𝑆′′ is better than 𝑆′ 

    else {𝐼𝑐𝑜𝑢𝑛𝑡 + +; } 

   until 𝐼𝑐𝑜𝑢𝑛𝑡 <  𝐼𝑚𝑎𝑥𝑀𝑒𝑡ℎ𝑜𝑑  
   Loop + +; 

  until loop < 𝑁(𝑁 − 1) 

 if 𝑆 ←  𝑆′′ ∶ 𝑘 ← 1 

𝑡 ← 𝐶𝑃𝑈𝑇𝑖𝑚𝑒() 

until 𝑡 > 𝑡𝑚𝑎𝑥  

//MCS procedure// 

𝑠𝑜𝑙𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐹𝑙𝑖𝑔ℎ𝑡𝐷𝑒𝑙𝑎𝑦 ← 0           //MCS Step 1 

𝑠𝑜𝑙𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐷𝑒𝑙𝑎𝑦 ← 0 

 for 𝑖𝑡𝑒𝑟 < 𝑠𝑖𝑚 do 

  𝐹𝑙𝑖𝑔ℎ𝑡𝐷𝑒𝑙𝑎𝑦 ← generate 𝑅𝑎𝑛𝑑𝑜𝑚𝐹𝑙𝑖𝑔ℎ𝑡𝐷𝑒𝑙𝑎𝑦()/(sim) 

  𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐷𝑒𝑙𝑎𝑦 ← generate 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝐷𝑒𝑙𝑎𝑦()/(sim) 

  for 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒𝑆𝑤𝑎𝑝 ← 0 do      //MCS Step 2 

newSolution ← completeSwap (newSolution, alpha, Pairing) 

   𝑆  ← newSolution     //MCS Step 3 

end for 

end for     

return 𝑆 

end procedure 

 

The procedures of Sim-BRVNS are as follows: 

Step 1: Generate the initial solution (𝑆) following column generation using biased 

randomisation techniques as a skewed probability distribution (parameter α) for 

sequencing flights. Possible flight candidates of the next sequence are added into the list 

by the first entry of the list and located with the lowest transfer time to the highest transfer 

time. 

Step 2: After achieving the initial solution (𝑆), the MCS determines which flight legs are 

expected flights and predicted delays. Then, the expected values are inserted into the 
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initial solution. During the procedure of determining, the predicted delays rely on 

parameters between 0 <  𝑡 ≤  30 minutes as minor delays and 0 < 𝑡 ≤  60  minutes as 

major delays. The expected flights and predicted delay times are chosen randomly based 

on uniform distribution. After generating expected values, reinsert the data into the 

pairing schedule.  

Step 3: An initial solution (𝑆) consists of expected values of expected flights and 

predicted delays as randomly perturbed by the procedure of VNS (shake procedure) to 

obtain a new solution of CPS (𝑆′). In addition, 𝑘 randomly chooses some swap candidate 

from the group of flights included with different pairings. A new pairing is established 

and combined with another possible pairing from the predefined list. Notably, all 

constraints must be checked for maximum transfer time between flights, maximum 

working hours of crew per day and so on. The shake procedure is finished when a feasible 

solution of pairing schedule is found. 

Step 4: During the LS procedure of VNS, the algorithm randomly selects some possible 

candidates in a neighbourhood search space, based on the moves swap, swap, insert and 

insert as follows 𝑆′ = 𝑆𝑤𝑎𝑝(𝑆𝑤𝑎𝑝(𝐼𝑛𝑠𝑒𝑟𝑡(𝐼𝑛𝑠𝑒𝑟𝑡(𝑆)))). These moves are followed by 

swap moves twice and insert moves twice respectively. In the swap move, the algorithm 

exchanges some flights of the current pairing with some selected flights in another 

pairing. Some flights are eliminated from the current pairing and reinserted into another 

selected pairing, called insert move. 

Step 5: Once the local search procedure is finished, the algorithm checks the result. If the 

new solution 𝑆′′ is better than 𝑆′ solution, the initial solution of 𝑆 𝑖s replaced with 𝑆′′ and 

the value of 𝑘 is increased by 1. 

Step 6: The procedure is repeated with a new value of 𝑡. The algorithm is stopped when 

the stopping condition is met. If the solution does not meet the stopping condition, the 

algorithm will repeat the shaking procedure. 
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8.3 Computational experimentation 

 

In this section, the results of computational experimentation of Sim-BRVNS are 

displayed. The deterministic CPS is transformed to stochastic CPS by MCS to simulate 

expected values as expected flights and predicted delays into the deterministic CPS. Two 

types of delay are considered that disrupt crews that cannot perform their jobs for their 

next flights as (1) minor delays and (2) major delays. Optimisation modelling of 

stochastic ACS that considers crew swap is presented in Section 6.2.2 of Chapter 6. Data 

for the experimentations are the same data set from the previous chapter as reference 

problem from the literature (Agustin et al., 2016) and real-life case study of an airline in 

Thailand 

The experimentation used JavaScript with an Intel Core i5-5200U computer using 

2.7GHz and 4GB RAM. Average solutions of Sim-BRVNS from these two kinds of 

stochastic delays are shown and analysed with average solutions of Sim-BRIG from 

Chapter 6 and Sim-BRIGLS from Chapter 7.  

 

8.3.1 Reference problems from the literature 

 

Table 8.1 shows a comparison of average results of crew pairing schedules using Sim-

BRVNS with other methodologies from previous chapters as Sim-BRIG from Chapter 6, 

Sim-BRIGLS from Chapter 7 and Sim-VNS. Comparing of stochastic minor delays 

between Sim-Biased Randomised VNS with Sim-Biased Randomised IG. Results present 

that Sim-Biased Randomised-VNS reduced average total flying time of pairing schedules 

3.54% more than Sim-BRIG. Similarly, for crew pairing schedules disrupted with minor 

delays, Sim-BRVNS decreased average total flying time 1.60% more than Sim-BRIGLS. 

Moreover, Sim-BRVNS reduced average total flying time disrupted by minor delays 

0.99% more than Sim-VNS.  

A comparison of average number of pairing between Sim-BRVNS and other 

methodologies from previous chapters is shown in Table 8.1. Comparing stochastic minor 

delays between Sim-BRVNS with Sim-BRIG, results present that Sim-BRVNS reduced 

average number of pairing 7.00% more than Sim-BRIG. Also, Sim-BRVNS decreased 

average number of pairings that were disrupted by minor delays 5.65% more than Sim-
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BRIGLS. Furthermore, Sim-BRVNS reduced average number of pairings that were 

disrupted by minor delays 1.71% more than Sim-VNS.  

Table 8.1 shows a comparison of average crew swap of Sim-BRVNS with other 

methodologies such as Sim-Biased Randomised IG, Sim-BRIGLS and Sim-VNS. 

Comparison between Sim-BRVNS and Sim-BRIG for stochastic minor delays clearly 

shows that results of average crew swap of Sim-BRVNS decreased average crew swap 

disrupted with minor delays 46.38% more than Sim-BRIG. Furthermore, when 

comparing Sim-BRVNS with Sim-BRIGLS disrupted with minor delays, the result 

presents that Sim-BRVNS reduced average crew swap 38.57% more than Sim-BRIGLS. 

By comparison, for average crew swap of minor delays, Sim-BRVNS decreased average 

crew swap 36.95% more than Sim-VNS. 
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Table 8.1 Average results of the implementation by Sim-BRVNS comparing with other methods of reference problem based on minor delays 

  

Sim-

BRIG 

Sim-

BRIGLS 

Sim-

VNS 

Sim-

BRVNS 

% Improvement 

Gap of No of 

Pairings 

% Improvement 

Gap of Total Flying 

Time 

% Improvement Gap of 

Crew Swap 

% Improvement Gap 

of No of CPU(s) 

(a)-(d) (b)-(d) (c)-(d) (a)-(d) (b)-(d) (c)-(d) (a)-(d) (b)-(d) (c)-(d) (a)-(d) (b)-(d) (c)-(d) 

Ave TFT  75:46:00 73:05:00 72:38:00 71:55:00 

7.00% 5.65% 1.71% 3.54% 1.60% 0.99% 46.38% 38.57% 36.95% 4.49% 1.99% -1.12% 

Ave No 

Pairings  5.57 5.49 5.27 5.18 

Ave Crew 

Swap  4.01 3.5 3.41 2.15 

Ave CPU  18:55 18:26 17:52 18:04 

*TFT = Total flying time, (a) = Sim-BRIG, (b) = Sim-BRIGLS, (c) = Sim-VNS, (d) = Sim-BRVNS 

 

 

 

 

 

 



 

 

120 

 

Table 8.2 Average results of the implementation by Sim-BRVNS comparing with other methods of reference problem based on major delays 

  

Sim-

BRIG 

Sim-

BRIGLS 

Sim-

VNS 

Sim-

BRVNS 

% Improvement Gap 

of No of Pairings 

% Improvement Gap 

of Total Flying Time 

% Improvement Gap of 

Crew Swap 

% Improvement Gap 

of No of CPU(s) 

(a)-(d) (b)-(d) (c)-(d) (a)-(d) (b)-(d) (c)-(d) (a)-(d) (b)-(d) (c)-(d) (a)-(d) (b)-(d) (c)-(d) 

Ave TFT  76:25:00 73:31:00 72:44:00 72:06:00 

19.13% 5.45% 2.99% 3.79% 1.93% 0.87% 30.97% 17.98% 16.57% 3.44% 1.08% -1.76% 

Ave No 

Pairings 6.43 5.5 5.36 5.2 

Ave Crew 

Swap  4.23 3.56 3.5 2.92 

Ave CPU  18:55 18:28 17:57 18:16 

*TFT = Total flying time, (a) = Sim-BRIG, (b) = Sim-BRIGLS, (c) = Sim-VNS, (d) = Sim-BRVNS 
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According to Table 8.2, comparison of average stochastic major delays between Sim-

BRVNS with other methods showed that Sim-BRVNS decreased average total flying 

time of crew pairing schedules 3.79% more than Sim-BRIG, 1.93% more than Sim-

BRIGLS, and more than 0.87% for Sim-VNS. This means the methodology of Sim-

BRVNS decreased average total flying time the most.  

A comparison of average stochastic major delays between Sim-BRVNS with other 

methods showed is presented in Table 8.2. Comparing of average stochastic major delays 

between Sim-BRVNS with other methods presented that Sim-BRVNS decreased average 

number of pairing schedules 19.13% more than Sim-BRIG, 5.45% more than Sim-

BRIGLS, and more than 2.99% for Sim-VNS.  

Comparing stochastic major delays between Sim-BRVNS and Sim-BRIG, Sim-BRIGLS 

and Sim-VNS in Table 8.2, results displayed that Sim-BRVNS reduced average crew 

swap of major delays 30.97% more than Sim-BRIG, 17.89% more than BRIGLS and 

16.57% more than Sim-VNS. Therefore, this means that results of Sim-BRVNS presented 

better solutions than other methodologies in terms of lower numbers of crew swaps. 

The comparison of average computational experimentation time of Sim-BRVNS with 

other methodologies. It is clearly seen that computational experimentation time of Sim-

BRVNS was shorter than Sim-BRIG and Sim-BRIGLS from previous chapters. However, 

computation time of experimentation of Sim-VNS was faster than Sim-BRVNS because 

the procedure of Sim-BRVNS is more complex during LS procedure by using swap 

moves twice and insert moves twice respectively, leading to longer experimentation time. 

Overall, results of Sim-BRVNS presented the improvement of quality of solution by 

increasing the stability and flexibility of crew pairing schedules that were disrupted with 

delays. The deduction of total flying time, number of pairings and number of crew swaps 

showed an effective procedure of algorithm to handle stochastic real-world problems.  

 

8.3.2 Real-life case study of an airline company in Thailand 

 

Table 8.3 displays a comparison of average results of crew pairing between Sim-BRVNS 

with other proposed methods. The percentages of improvement gap between Sim-

BRVNS with other methods are provided based on the formulation (3.8) in Section 3.4 

of Chapter 3. Analysis results of minor delays of average total flying time of stochastic 
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solutions of Sim-BRVNS with other methods of 104 flights displayed that Sim-BRVNS 

reduced average total flying time of CPS 1.46% more than Sim-BRIG, 1.46% more than 

Sim-BRIGLS and 0.99% more than Sim-VNS. Similarly, Sim-BRVNS also decreased 

average total flying time of pairing schedules of 202 flights 3.06% more than Sim-BRIG, 

0.39% more than Sim-BRIGLS and 0.05% more than Sim-VNS. Moreover, when 

comparing Sim-BRVNS with other methodologies of 312 flights, results presented that 

Sim-BRVNS reduced average total flying time 17.71% more than Sim-BRIG, 17.52% 

more than Sim-BRIGLS and 5.63% more than Sim-VNS. 

In Table 8.3, the proposed methodology of Sim-BRVNS performed a reasonable solution 

by providing better results of lowest numbers of pairings compared to other 

methodologies. To compare stochastic minor delays of average numbers of pairings of 

104 flights, results of Sim-BRVNS were lower than other methods as 6.10% more than 

Sim-BRIG, 2.86% more than Sim-BRIGLS and 1.22% more than Sim-VNS. Similarly, 

Sim-BRVNS also reduced average numbers of pairing of 202 flights 1.78% more than 

Sim-BRIG, 0.61% more than Sim-BRIGLS and 0.29% more than Sim-VNS. Moreover, 

when comparing Sim-BRVNS with other methods of 312 flights, results presented that 

Sim-BRVNS reduced average numbers of pairings 1.04% more than Sim-BRIG, 0.48% 

more than Sim-BRIGLS and 0.22% more than Sim-VNS. 

To compare of stochastic minor delays of average crew swap are shown in Table 8.3. 

Comparing Sim-BRVNS with other methodologies, results illustrated that Sim-BRVNS 

decreased average crew swap of 104 flights 44.88% more than Sim-BRIG, 26.91% more 

than Sim-BRIGLS and 24.09% more than Sim-VNS. Likewise, Sim-BRVNS also 

reduced average crew swap of 202 flights 32.15% more than Biased Randomised IG, 

17.09% more than Sim-BRIGLS and 7.66% more than Sim-VNS. Furthermore, results 

showed that Sim-BRVNS decreased average crew swap in a case study of 312 flights 

38.99% more than Sim-BRIG, 29.36%, more than Sim-BRIGLS and 20.62% more than 

Sim-VNS.  

In Table 8.3, a comparison of computational experimentation time of Sim-BRVNS with 

other methodologies is displayed. Average computation time of experimentation of 

stochastic CPP of Sim-BRVNS was shorter than Sim-BRIG and Sim-BRIGLS. However, 

the Sim-BRVNS was slower than Sim-VNS. Although Sim-BRVNS took longer time 

than Sim-VNS, the average results of total flying time of pairing schedules and average 

crew swap per day of Sim-BRVNS were better. 
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Table 8.3 Average results of the implementation by Sim-BRVNS comparing with other methods 

based on minor delays of a real-life case study from Thailand 

  

Sim-

BRIG 

Sim-

BRIGLS 
Sim-VNS 

Sim-

BRVNS 

% Improvement Gap  

(a)-(d) (b)-(d) (c)-(d) 

104 

TFT 137:38:30 137:38:30 136:52:00 135:38:00 1.46% 1.46% 0.90% 

No Pairings 33.59 32.47 31.93 31.54 6.10% 2.86% 1.22% 

Crew Swap 6.06 4.57 4.4 3.34 44.88% 26.91% 24.09% 

CPU Time 01:11 01:10 01:00 01:03 11.27% 10.00% -5.00% 

202 

TFT 260:52:00 253:52:00 252:59:30 252:52:30 3.06% 0.39% 0.05% 

No Pairings 59.67 58.97 58.78 58.61 1.78% 0.61% 0.29% 

Crew Swap 6.22 5.09 4.57 4.22 32.15% 17.09% 7.66% 

CPU Time 01:35 01:26 01:17 01:21 14.74% 5.81% -5.19% 

312 

TFT 451:51:30 450:51:00 394:02:30 371:51:00 17.71% 17.52% 5.63% 

No Pairings 83.46 82.99 82.77 82.59 1.04% 0.48% 0.22% 

Crew Swap 6.31 5.45 4.85 3.85 38.99% 29.36% 20.62% 

CPU Time 01:48 01:33 01:24 01:28 18.25% 5.38% -4.76% 

*TFT = Total flying time, (a) = Sim-BRIG, (b) = Sim-BRIGLS, (c) = Sim-VNS, and (d) = Sim-BRVNS 
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Table 8.4 Average results of the implementation by Sim-BRVNS comparing with other methods 

based on minor delays of a real-life case study from Thailand 

  

Sim-

BRIG 

Sim-

BRIGLS 
Sim-VNS 

Sim-

BRVNS 

% Improvement Gap  

(a)-(d) (b)-(d) (c)-(d) 

104 

TFT 138:45:00 138:20:00 138:02:30 137:45:00 0.72% 0.42% 0.21% 

No Pairings 33.76 32.93 32.37 31.6 6.40% 4.04% 2.38% 

Crew Swap 6.38 4.9 4.85 3.8 40.44% 22.45% 21.65% 

CPU Time 01:14 01:11 01:03 01:05 12.16% 8.45% -3.17% 

202 

TFT 262:35:00 254:35:00 253:55:30 253:35:00 3.43% 0.39% 0.13% 

No Pairings 59.72 59.28 58.88 58.7 1.71% 0.98% 0.31% 

Crew Swap 6.25 5.11 4.6 4.4 29.60% 13.89% 4.35% 

CPU Time 01:37 01:27 01:20 01:23 14.43% 4.60% -3.75% 

312 

TFT 455:47:00 451:47:00 395:10:30 372:47:00 18.21% 17.49% 5.67% 

No Pairings 83.62 82.99 82.81 82.62 1.20% 0.45% 0.23% 

Crew Swap 6.54 5.6 5.09 4.22 35.47% 24.64% 17.09% 

CPU Time 01:49 01:35 01:25 01:28 19.27% 7.37% -3.53% 

*TFT = Total flying time, (a) = Sim-BRIG, (b) = Sim-BRIGLS, (c) = Sim-VNS, and (d) = Sim-BRVNS 

 

To consider stochastic major delays of average total flying time of CPS in Table 8.4, 

comparison between Sim-BRVNS with Sim-BRIG, Sim-BRIGLS and Sim-VNS of 104 

flights is illustrated. Results of Sim-BRVNS decreased average total flying time 0.72% 

more than Sim-BRIG, 0.42%, more than Sim-BRIGLS and 0.21% more than Sim-VNS. 

In the same way, Sim-BRVNS also decreased average total flying time of CPS of 202 

flights 3.06% more than Sim-BRIG, 0.39% more than Sim-BRIGLS and 0.05% more 

than Sim-VNS. Furthermore, Sim-BRVNS reduced average total flying time 18.21% 

more than Sim-BRIG, 17.49% more than Sim-BRIGLS and 5.67% more than Sim-VNS. 

Table 8.4 presents average results of numbers of pairings that were disrupted with major 

delays in a real-life case study of an airline in Thailand. Sim-BRVNS reduced the average 

numbers of crew swaps more than other methods in 104 flights at 6.40% more than Sim-

BRIG, 4.04% more than Sim-BRIGLS and 2.38% more than Sim-VNS. Similarly, Sim-

BRVNS decreased the average numbers of pairings of 202 flights more than Sim-BRIG, 

Sim-BRIGLS and Sim-VNS. For 312 flights, Sim-BRVNS reduced the average numbers 

of crew swaps more than other methods with reduction of average crew swap in 312 

flights at 1.20% more than Sim-BRIG, 0.45% more than Sim-BRIGLS and 0.23% more 

than Sim-VNS. 
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Stochastic major delays of average crew swap in Table 8.4 for Sim-BRVNS compared 

with other methodologies, results demonstrated that Sim-BRVNS decreased average crew 

swap of 104 flights 40.44% more than Sim-BRIG, 22.45%, more than Sim-BRIGLS and 

21.65% more than Sim-VNS. In the same way, Sim-BRVNS also reduced average crew 

swap of 202 flights 29.60% more than Sim-BRIG, 13.89% more than Sim-BRIGLS and 

4.35% more than Sim-VNS. Furthermore, results showed that Sim-BRVNS decreased 

average crew swap in the case study of 312 flights 35.47% more than Sim-BRIG, 24.64% 

more than Sim-BRIGLS and 17.09% more than Sim-VNS.  

The computational experimentation time of Sim-BRVNS based on major delays is 

presented in Table 8.4. Sim-BRVNS took a faster computational experimentation time 

than Sim-BRIG, and Sim-BRIGLS in all cases. 

Overall, the average results of Sim-BRVNS present better results than other methods in 

terms of reduction of total flying time, reduction of number of pairings, reduction of crew 

swaps and reduction of computational experimentation time. This can conclude that the 

Sim-BRVNS improved stability and flexibility into CPS that were disrupted by the 

delays.  

 

8.3.2.1 Crew scheduling cost analysis for a real-life case study in Thailand 

 

One of the crucial aims of this section is to present crew cost analysis based on our 

proposed stochastic methodologies of Sim-BRVNS to illustrate cost saving for the airline. 

Hence, minimising total flying time of CPS is crucial to reduce crew cost because total 

flying time of CPS is related to the main component of crew salary calculation. Therefore, 

even a small amount of money saving causes a crucial deduction of airline operating cost. 

If the airline operating cost is reduced, this brings about an increase in net profit. The 

crew cost calculation is followed the formulation from Section 3.4.2.1 in Chapter 3. 

Figure 8.1 to Figure 8.3 present a comparison of minimum and maximum crew cost based 

on minor delays of an airline company in Thailand for 104, 202 and 312 flights between 

Sim-BRVNS and other proposed methodologies. 

 

 



 

 

126 

 

Figure 8.1 Comparing the minimum and maximum crew cost of 104 flights of an airline 

company in Thailand between Sim-BRVNS with other methods  

 

 

Figure 8.1 as results of minimum and maximum crew cost of 104 flights showed that 

Sim-BRVNS reduced maximum crew cost based on stochastic minor delays 1.54% more 

than Sim-BRIG, 1.46% for Sim-BRIGLS and 0.84% for Sim-VNS. The comparison of 

104 flights based on major delays that disrupted crew pairing schedules of Sim-BRVNS 

with and Sim-BRIGLS Sim-VNS showed that Sim-BRVNS decreased maximum crew 

cost based on stochastic major delays 0.72% more than Sim-BRIG, 0.54% for Sim-

BRIGLS and 0.41% for Sim-VNS. 

 

Figure 8.2 Comparing the minimum and maximum crew cost of 202 flights of an airline 

company in Thailand between Sim-BRVNS with other methods 

 

 

According to Figure 8.2, comparing minimum and maximum crew cost based on minor 

disruptions of 202 flights between Sim-BRVNS with other methods, results showed that Sim-

BRVNS decreased maximum crew cost disrupted by minor delays 3.07% more than Sim-

BRIG, 0.39% for Sim-BRIGLS and 0.03% for Sim-VNS. By comparison, Sim-BRVNS 
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reduced minimum crew cost of 202 flights disrupted with major delays 3.43% more than Sim-

BRIG, 0.39% for Sim-BRIGLS and 0.08% for Sim-VNS. 

 

Figure 8.3 Comparing the minimum and maximum crew cost of 312 flights of an airline 

company in Thailand between Sim-BRVNS with other methods 

 

 

Figure 8.3, comparison of 312 flights of Sim-BRVNS with other methodologies 

illustrated that Sim-BRVNS reduced maximum crew cost based on stochastic minor 

delays more than 18.51% for Sim-BRIG, 15.69% for Sim-BRIGLS and 5.73% for Sim-

VNS. Moreover, comparison of Sim-BRVNS with other methodologies for 312 flights 

disrupted with major delays is presented in Figure 8.4. Results showed that Sim-BRVNS 

reduced maximum crew cost based on stochastic major delays 17.44% more than Sim-

BRIG, 16.71% more than Sim-BRIGLS and 3.38% more than Sim-VNS.  

To conclude about crew cost analysis, expansion of total flying time of CPS from 

randomisation of predicted delays resulted in increasing crew cost. Using our proposed 

methodology of Sim-BRVNS to experiment with an airline company in Thailand showed an 

outstanding result of crew cost saving. The result presented the greatest reduction of crew 

cost, larger than Sim-BRVNS and Sim-BRIGLS from previous chapters in all cases. Thus, 

the proposed Sim-BRVNS seems to enhance flexibility into CPS to handle the delays.  
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8.4 Conclusion 

 

To solve real-world problems, the airline industry has to deal with disruptions that result 

in delays and cancellations. Therefore, methodology that can handle this uncertainty is a 

significant method for airlines to respond to ACS. The main contribution of this chapter 

aims to improve quality of solution and enhance stability and flexibility of CPS under 

uncertainty. Therefore, to satisfy the main contribution of this chapter, the MCS was 

integrated with BRVNS to transform the deterministic CPP into stochastic CPP by 

providing expected delays into expected flights and predicted delays. Minimising total 

flying time of CPS by considering minimum crews swap is the crucial objective of the 

optimisation model. One advantage of MCS is the stability of simulating the expected 

values that combine with optimisation, while VNS is very simple to use and biased 

randomisation increases variation into algorithms based on non-uniform probability. It 

was sensible to integrate Sim-BRVNS to solve stochastic real-world problems. To the 

best of our knowledge, the methodologies of Sim-BRVNS have not been stated in the 

literature for solving ACS.  

The procedure of our proposed methodology of Sim-BRVNS started after the initial 

solution was generated based on BR technique of skewed probabilistic distribution 

(transfer time). Next, MCS simulated the expected values of expected flights and 

predicted delays into CPS. In more detail, the predicted delays in this chapter depended 

on parameters between 0 <  𝑡 ≤  30 minutes as minor delays and 0 < 𝑡 ≤  60  minutes 

as major delays. After that, VNS randomly perturbed during the shake procedure. The 

algorithm randomly chose some swap candidates from the group of flights included with 

different pairings. Then, a new pairing was combined with another possible pairing from 

the predefined list. After finishing the shake procedure, the algorithm moved to the local 

search procedure of VNS based on the moves of swap and insert, followed by swap moves 

twice and insert moves twice respectively. Once the LS procedure was finished, the 

algorithm checked the result. The procedure was repeated with new values of 𝑡 and 

stopped when the stopping condition was met. If the solution did not meet the stopping 

condition, the algorithm repeated to the shaking procedure. 

The experimentation involved a reference problem from the literature (Agustin et al., 

2016) and a real-life case study of an airline company in Thailand that consisted of 104 

flights, 202 flights and 302 flights. The experimentation used JavaScript with a computer 
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of Intel Core i5-5200U using 2.7GHz and 4GB RAM. The solution of Sim-BRIG from 

Chapter 6 and solution of Sim-BRIGLS from Chapter 7 were used to analyse the solution 

of Sim-VNS and Sim-BRVNS.  

For results discussion Sim-BRVNS presented an outstanding result by reducing average 

total flying time of CPS and reducing average crew swap. To compare Sim-BRVNS with 

other methodologies, Sim-BRVNS gave minimum average total flying time of CPS and 

minimum average crew swap in all cases. Moreover, computational experimentation time 

of Sim-BRVNS was faster than Sim-BRIG and Sim-BRIGLS from previous chapters. 

Thus, Sim-BRVNS improved quality of solution of CPS with stability and flexibility.  
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Chapter 9 Conclusions 
 

This thesis considered ACS by concentrating on the area of CPP. The optimisation model 

followed (1) deterministic crew pairing with the main objective of minimising total flying 

time of crew pairing schedules and (2) a recourse model for stochastic crew pairing by 

considering minimising crew swap. Solution methodologies of solving the CPP 

successfully used methods of heuristic, metaheuristic and sim optimisation developed 

with other state-of-the-art techniques to implement deterministic and stochastic problems. 

This chapter underlines the main findings and specific contributions in the logistics field, 

limitations of the implemented methodologies and suggests future research avenues. 

A general overview of this thesis is given in Section 9.1 with details of the main 

contributions reviewed in Section 9.2. Section 9.3 illustrates some recommendations. 

Section 9.4 presents limitations of research and Section 9.5 highlights future research 

areas. 

 

9.1 Overview 

 

Airlines are a high investment industry. Fuel cost is highest for airlines with crew cost the 

second highest expenditure. Crew cost presents as a crucial part of operational cost. Thus, 

airlines must manage operating costs to increase profits. OR methodologies such as 

heuristics, metaheuristics and sim-optimisation methods were used to solve this problem. 

Many researchers addressed crew cost minimisation. During the planning stage of an 

airline, effective CPS is important to reduce crew cost which is directly related to total 

flying time of CPS. If crew total flying time is decreased, airline expenses also reduce. 

Crew salary is based on fixed cost and total flying hours. Therefore, reduction of total 

flying time results in lower expenses of airlines.  

Other than considering deterministic CPP, the stochastic real-world problem is a crucial 

issue that OR societies consider. Unexpected situations cause delays and cancellations in 

the airline industry. Thus, the flexibility and stability of CPS are one of the crucial 

solutions for dealing with this disruption. Moreover, providing recovery plans is the main 

responsibility of airlines because proper recovery plans save a lot of money. Crew swap 
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is one of the well-known recovery plans to avoid disruptions. According to the difficulty 

of crew constraints and the increasing of additional cost, airlines prefer to avoid swap 

crew as much as possible.  

Thus, this thesis is separated into two major parts as a deterministic CPP and stochastic 

CPP. Moreover, the main contribution of this thesis is to develop a solution approach 

using heuristic, metaheuristic and sim-optimisation methods for solving ACS by 

considering the CPP. For the deterministic part, an optimisation model of deterministic 

set partitioning CPP is developed with the main objective of minimising total flying time 

of CPS, while an optimisation model of stochastic CPP is developed based on a resource 

model with the main objective of minimising crew swap.  

Data for computational experimentation used a reference from the literature as 41 flights 

(Agustin et al., 2016) and a real-life case study of an airline company in Thailand that 

consisted of 104 flight legs, 202 flight legs and 312 flight legs. Implementation of all case 

studies was conducted using JavaScript on a personal computer, Intel Core i5-5200U with 

2.7GHz and 4GB RAM. 

 

9.2 Research findings and contributions 

 

This section summarises the main findings and contributions as follows: 

The main findings of deterministic CPP as follows: 

The optimisation model of solving deterministic CPP is developed by follow (Deveci & 

Demirel, 2018). Considering with total flying time minimisation of CPS. According to 

the relationship between total flying time and crew cost, lower total crew flying time of 

CPS results in lower crew cost for airlines as the second largest expense. 

For solution approach, BRIG was developed to solve deterministic CPP. The BR 

technique is combined with IG heuristic during the construction phase for increasing the 

consideration of solution in a search space based on a skewed probability distribution. 

The first position of the list must be the lowest transfer time of possible selected 

candidates. To the best of our knowledge, the BRIG algorithm has not been proposed to 

solve deterministic ACS in the literature. The result of BRIG presented an improvement 

of solution in the reduction of total flying time of CPS in a real-life case study of an airline 
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company in Thailand by 0.72% in 102 flights, 0.39% in 202 flights and 0.45% in 312 

flights. It also decreased the number of total pairing. Moreover, computational 

experimentation time of BRIG was faster than the reference problem in the literature that 

used Multi-Start algorithm at 10.42%. 

The BRIG was developed to improve the quality of solution for reducing total flying time 

of CPS and reduced computational experimentation time. LS helped to increase the 

effectiveness of search procedure of the algorithm for choosing neighbourhoods by 

iterative improvement as seen in the literature (Arnold & Sörensen, 2018). LS was added 

during the construction phase of IG procedure. The procedure of LS stopped when the 

stopping condition was met. LS does not examine all possible solutions and this resulted 

in lower computation time of experimentation. According to the literature, our proposed 

methodology of BRIGLS to solve the deterministic ACS by considering CPP has not been 

previously addressed. From a computational experimentation, results of BRIGLS showed 

a reduction of total flying time of CPS. Comparing with BRIG from Chapter 3, BRIGLS 

presented a reduction of total flying time at 1.48% of 104 flights and 10.06% of 312 

flights. For computation time of experimentation, BRIGLS was faster than Multi-Start 

algorithm at 12.92%. Moreover, computation time of BRIGLS reduced computation time 

of BRIG by 25% in 104 flights, 7.78% in 202 flights and 12.04% in 312 flights. 

The BRVNS was developed to provide effective quality of solution. BR was applied to 

generate an initial solution of CPS before sequencing by VNS. To the best of our 

knowledge, BRVNS has not been conducted to solve airline crew scheduling in areas of 

CPP. Computational experimentation of our proposed BRVNS presented outstanding 

results with a reduction of total flying time of CPS and number of pairings. To compare 

BRVNS with other proposed methodologies, the BRVNS showed the lowest result at 

3.58% of total flying time of CPS of the reference problem. For the case study of an 

airline company in Thailand based on 312 flight legs, result of BRVNS presented a 

reduction of total flying time 24.49% lower than the company solution, 24.15% lower 

than BRIG and 15.67% lower than BRIGLS. In addition, BRVNS provided faster 

computational experimentation time for the reference problem with 17.5% reduction of 

the computation time of Multi-Start, 7.91% faster than BRIG and 5.26% faster than 

BRIGLS. Similarly, BRVNS reduced computation time of 312 flights faster than the 

BRIG at 20.18%, and faster than BRIGLS at 5.43%.   
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The main findings of stochastic CPP as follows: 

The model a stochastic optimisation of the CPP and integrate a solution methodology for 

dealing with disruptions to provide stability and flexibility of solution for airlines. The 

optimisation model is followed the formulation of Ionescu & Kliewer (2011). The 

objective of the optimisation model was not only to minimise total flying time of CPS, 

which is a major citation for calculation of crew cost but also to minimise crew swap 

recovery.  

For the solution approach, proposed Sim-BRIG was developed with Sim-heuristic (MCS) 

to provide simulated expected flights and predicted delays (Juan et al., 2014). MCS 

transformed deterministic CPP into stochastic CPP by simulating expected values of 

expected flights and predicted delays into deterministic pairing schedules. Two types of 

predicted delay times were based on parameters of minor delays and major delays. Sim-

BRIG reconstructed flight sequences disrupted by delays. The BR technique was 

combined in the construction phase of IG heuristic to increase the probability of searching 

procedure based on non-uniform distribution. For computational experimentation, Sim-

BRIG can provide a recovery plan when disruption occurred.  

Sim-BRIGLS was developed to improve the quality of solution and reduce computation 

time of experimentation methodology. To the best of our knowledge, Sim-Biased 

Randomised IGLS has not been reported in the literature. According to computational 

experimentation, the results of Sim-BRIGLS improved quality of solution better than 

Sim-BRIG. In more detail, average total flying time of crew pairing schedules from the 

Sim-BRIGLS improved the result of Sim-BRIG by 3.54% for minor delays and 3.79% 

for major delays of the reference problem from the literature. Average total flying time 

of an airline company in Thailand in all cases were decreased as 26.68% for minor delays 

and 3.05% for major delays of 202 flights. Additionally, for the reference problem, 

average crew swap of Sim-BRIGLS decreased the results of Sim-BRIG by 12.72% for 

minor delays and 15.84% for major delays. Similarly, reduction of average crew swap by 

the Sim-BRIGLS was also displayed with a significant reduction in case studies of an 

airline company in Thailand with 24.59% in minor delays and 23.20% in major delays. 

Computational experimentation time of Sim-BRIGLS was faster than Sim-BRIG. Sim-

BRIGLS provided flexibility into CPS with a reasonable solution and reduced total flying 

time and number of crew swaps.  
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Sim-BRVNS was developed in order to develop the quality of solution. To the best of our 

knowledge, Sim-BRVNS has not been presented in the literature to solve ACS. According 

to the results from the implementation, Sim-BRVNS decreased average total flying of 

crews in all cases of minor delays and major delays. For example, in the case study of a 

reference problem, Sim-BRVNS reduced average total flying time 3.79% lower than Sim-

BRIG and 1.93% lower than Sim-BRIGLS. Comparing with other methodologies, Sim-

BRVNS reduced average crew swap in all cases. In the case study of 104 flights from an 

airline company in Thailand, the result of Sim-BRVNS was 44.88% better than Sim-

BRIGLS for average crew swap and 26.91% better than Sim-BRIG. Moreover, the 

average computational experimentation time of Sim-BRVNS was faster than other 

methodologies. Then, it can conclude that Sim-BRVNS provided a reasonable result and 

increased stability and flexibility into CPS to deal with delay disruptions. 

 

9.3 Research recommendations for an airline in Thailand 

 

For airline companies, cost reduction is crucial for reducing operating costs and 

increasing net profit. Crew cost is 44% of operating cost which is the second largest cost 

of airlines after fuel. It is very difficult for the airline to save fuel because it is a variable 

cost. Therefore, minimising crew cost is easier and can save money. OR techniques are 

significant methods for cost control. In this thesis, proposed methodologies based on 

operational research techniques such as BRIG, BRIGLS and BRVNS, Sim-BRIG, Sim-

BRIGLS and Sim-BRVNS are presented with reasonable results and fast computation 

time of experimentation for solving deterministic CPP. Crew scheduling cost analysis is 

presented to illustrate the percentage of minimum and maximum crew cost and from the 

proposed methodologies.  

Effective CPS lead to cost saving for airlines. Therefore, the proposed methodology of 

BRVNS is better for airline cost saving because it shows the greatest reduction of total 

flying time which results in greatest crew cost reduction at 9.65% for 104 flights, 4.02% 

for 202 flight and 26.31% for 312 flights from the company solution. Moreover, 

computation experimentation time of BRVNS takes the shortest time and can reduce 

scheduling time for the airline planning process. Therefore, BRVNS is suitable for 

airlines during the planning of CPS.  
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Disruptions can happen anytime; they cause loss of revenue and lead to low customer 

satisfaction. The airline faces many disruptions that cause delays. These delays are 

directly impacted to airline operations (crews and aircraft). To deal with the delays that 

impact on CPS, the airline should provide operational decisions based on stability and 

flexibility of recovery plans. Hence, effective recovery plans are crucial for airlines to 

handle disruptions. According to the data of an airline company in Thailand, the recovery 

plan of crew swap is normally used but they want to avoid this due to the increasing in 

additional cost and the complexity of crew constraints. Sim-BRIG, Sim-BRIGLS, and 

Sim-BRVNS were developed to increase stability and flexibility into CPS based on the 

recovery plan of crew swap. Our proposed methodology of Sim-BRVNS is suitable for 

this airline company in Thailand. A solution of Sim-BRVNS is presented with the lowest 

total flying time and lowest crew swap in all cases of minor delays and major delays. 

Computational experimentation of Sim-BRVNS took a shorter time than other 

methodologies. According to crew scheduling cost analysis, the lowest rate of maximum 

crew cost is presented by implementation of Sim-BRVNS. For example, Sim-BRVNS 

presents the greatest reduction of maximum crew cost more than Sim-BRIG at 17.44% 

and more than Sim-Biased Randomised IGLS at 16.71%. These was a significant 

percentage of crew cost reduction. 

In general, an airline company has the contract software for crew management. However, 

after presenting the results of these methodologies to the airline company in Thailand, the 

company paid attention to the results of these proposed methodologies of BRVNS and 

Sim-BRVNS. They also gave positive feedback that these methodologies could be 

effective options of their CPS in terms of operational costs reduction. Moreover, the fast-

computational experimentation time of algorithms can benefit an airline by responding to 

disruptions. 

 

9.4 Limitations 

 

Limitations existed on the data used for experimentation due to confidential issues of an 

airline company and the airline provided only some sets of domestic flights. Moreover, 

the airline does not collect historical data concerning flight delays. Therefore, two types 

of delay as minor delay (less than 30 minutes) and major delay (less than 1 hour) were 

assumed based on the suggestion of the airline. In reality, delays of more than 1 hour can 
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occur during daily operations. To deal with this problem, the proposed methodologies 

provide a recovery action to swap crew for delays of more than 1 hour. According to the 

procedure of proposed methodologies, when delays break the constraint of transfer time, 

the proposed algorithms will provide a simultaneous recovery action of crew swap. 

 

9.5 Future work 

 

To apply this thesis in future work, the BR technique has proven to be effective for 

combining heuristic and metaheuristic methodologies. Therefore, it can combine BR 

technique with other heuristics or metaheuristics to solve ACS. Moreover, combining BR 

technique with other heuristics and metaheuristics can be applied to other COPs. In 

addition, VNS combined with BR technique proved able to produce outstanding results. 

VNS can integrate with other state-of-the-art techniques to improve the quality of 

solutions. 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

137 

 

References 

 

Ageeva, Y., & Clarke, J. P. (2000). Approaches to incorporatinf robustness into airline 

scheduling. Technology. 

Agustin, A., Gruler, A., De Armas, J., & Juan, A. (2016). Optimizing Airline Crew 

Scheduling Using Biased Randomization: A Case Study, 331–340. 

https://doi.org/10.1007/978-3-319-44636-3_31 

Agustin, A., Juan, A., & Pardo, E. G. (2017). A variable neighborhood search approach 

for the crew pairing problem. Electronic Notes in Discrete Mathematics. 

https://doi.org/10.1016/j.endm.2017.03.012 

AhmadBeygi, S., Cohn, A., & Weir, M. (2009). An integer programming approach to 

generating airline crew pairings. Computers and Operations Research. 

https://doi.org/10.1016/j.cor.2008.02.001 

Anbil, R., Tanga, R., & Johnson, E. L. (1992). A global approach to crew-pairing 

optimization. IBM Systems Journal. https://doi.org/10.1147/sj.311.0071 

Arnold, F., & Sörensen, K. (2018). Knowledge-guided local search for the Vehicle 

Routing Problem. Computers and Operations Research, 105, 32–46. 

https://doi.org/10.1016/j.cor.2019.01.002 

Arroyo, J. E. C., & Armentano, V. A. (2005). Genetic local search for multi-objective 

flowshop scheduling problems. European Journal of Operational Research, 

167(3), 717–738. https://doi.org/10.1016/j.ejor.2004.07.017 

Assavapokee, T., & Mourtada, I. (2008). Simulation-based optimization: A case study 

for airline’s cargo service call center. In Collaborative Engineering: Theory and 

Practice. https://doi.org/10.1007/978-0-387-47321-5_8 

Aydemir-Karadag, A., Dengiz, B., & Bolat, A. (2013). Crew pairing optimization based 

on hybrid approaches. Computers and Industrial Engineering, 65(1), 87–96. 

https://doi.org/10.1016/j.cie.2011.12.005 

Azadeh, A., Farahani, M. H., Eivazy, H., Nazari-Shirkouhi, S., & Asadipour, G. (2013). 

A hybrid meta-heuristic algorithm for optimization of crew scheduling. Applied 

Soft Computing. https://doi.org/10.1016/j.asoc.2012.08.012 



 

 

138 

 

Barnhart, C., Cohn, A. M., Johnson, E. L., Klabjan, D., Nemhauser, G. L., & Vance, P. 

H. (2003). 14 Airline Crew Scheduling. Handbook of Transportation Science, 

517–560. 

Barnhart, C., Johnson, E. L., Nemhauser, G. L., Savelsbergh, M. W. P., & Vance, P. H. 

(1998). Branch-and-price: Column generation for solving huge integer programs. 

Operations Research, 46(3), 316–329. https://doi.org/10.1287/opre.46.3.316 

Bayer, D. A. (2012). Pairing Generation for Airline Crew Scheduling. 

Bazargan, M. (2012). Airline Operations and Scheduling. Saudi Med J. 

https://doi.org/10.1073/pnas.0703993104 

Beasley, J. E., & Chu, P. C. (1996). A genetic algorithm for the set covering problem. 

European Journal of Operational Research, 94(2), 392–404. 

https://doi.org/10.1016/0377-2217(95)00159-X 

Berthold, T., & Salvagnin, D. (2013). Cloud branching. In Lecture Notes in Computer 

Science (including subseries Lecture Notes in Artificial Intelligence and Lecture 

Notes in Bioinformatics). https://doi.org/10.1007/978-3-642-38171-3_3 

Biesinger, B., Hu, B., & Raidl, G. R. (2015). A variable Neighborhood search for the 

generalized vehicle routing problem with stochastic demands. Lecture Notes in 

Computer Science (Including Subseries Lecture Notes in Artificial Intelligence and 

Lecture Notes in Bioinformatics), 9026, 48–60. https://doi.org/10.1007/978-3-319-

16468-7_5 

Borndörfer, R., Schelten, U., Schlechte, T., & Weider, S. (2005). A Column Generation 

Approach to Airline Crew Scheduling, 37(05–37). 

Burghouwt, G., Lieshout, R., & Boonekamp, T. (2016). The impact of dehubbing on 

connectivity and consumer welfare. 20th ATRS World Conference Proceedings, 

Rhodos, Greece, (January), 1–21. Retrieved from 

http://cepr.org/active/publications/discussion_papers/dp.php?dpno=11148 

Burke, E. K., De Causmaecker, P., De Maere, G., Mulder, J., Paelinck, M., & Vanden 

Berghe, G. (2010). A multi-objective approach for robust airline scheduling. 

Computers and Operations Research. https://doi.org/10.1016/j.cor.2009.03.026 

Cankaya, G., Arikan, M. (2009). An application of airline crew scheduling by using a 



 

 

139 

 

column generation approach, 24(1)(March 2009), 43–50. 

Caserta, M. (2005). Tabu Search-Based Algorithm for Large Scale Crew Scheduling 

Problems 1, 49–70. 

Chang, S. C. (2002). A new aircrew-scheduling model for short-haul routes. Journal of 

Air Transport Management. https://doi.org/10.1016/S0969-6997(02)00006-6 

Chen, T., & Li, X. (2013). Integrated iterated local search for the permutation flowshop 

problem with tardiness minimization. In Proceedings - 2013 IEEE International 

Conference on Systems, Man, and Cybernetics, SMC 2013. 

https://doi.org/10.1109/SMC.2013.478 

Coban, E., Muter, I., Tas, D., Birbil, S. I., Bülbül, K., Sahin, G., … Yenigün, H. (2009). 

Column generation approaches to a robust airline crew pairing model for managing 

extra flights. Canadian Journal of Chemistry-Revue Canadienne De Chimie. 

Cordeau, J.-F., Stojković, G., Soumis, F., & Desrosiers, J. (2001). Benders 

Decomposition for Simultaneous Aircraft Routing and Crew Scheduling. 

Transportation Science. https://doi.org/10.1287/trsc.35.4.375.10432 

Demirel, N. Ç., & Deveci, M. (2017). Novel search space updating heuristics-based 

genetic algorithm for optimizing medium-scale airline crew pairing problems. 

International Journal of Computational Intelligence Systems, 10(1), 1082. 

https://doi.org/10.2991/ijcis.2017.10.1.72 

Deng, G.-F., & Lin, W.-T. (2011). Ant colony optimization-based algorithm for airline 

crew scheduling problem. Expert Systems with Applications, 38(5), 5787–5793. 

https://doi.org/10.1016/j.eswa.2010.10.053 

Deveci, M., & Demirel, N. Ç. (2018). A survey of the literature on airline crew 

scheduling. Engineering Applications of Artificial Intelligence, 74(May), 54–69. 

https://doi.org/10.1016/j.engappai.2018.05.008 

Ding, J. Y., Song, S., Gupta, J. N. D., Zhang, R., Chiong, R., & Wu, C. (2015). An 

improved iterated greedy algorithm with a Tabu-based reconstruction strategy for 

the no-wait flowshop scheduling problem. Applied Soft Computing Journal. 

https://doi.org/10.1016/j.asoc.2015.02.006 

Dorigo, M., Maniezzo, V., & Colorni,  a. (1991). The ant system: An autocatalytic 



 

 

140 

 

optimizing process. TR91-016, Politecnico Di Milano. 

Du Merle, O., Villeneuve, D., Desrosiers, J., & Hansen, P. (1999). Stabilized column 

generation. Discrete Mathematics. https://doi.org/10.1016/S0012-365X(98)00213-

1 

Dück, V. (2010). Increasing Stability of Aircraft and Crew Schedules. Framework, 

(July), 1–157. 

Dück, V., Ionescu, L., Kliewer, N., & Suhl, L. (2012). Increasing stability of crew and 

aircraft schedules. Transportation Research Part C: Emerging Technologies. 

https://doi.org/10.1016/j.trc.2011.02.009 

El Moudani, W., Alberto Nunes Cosenza, C., Coligny, M., & Mora-Camino, F. (2001). 

A bi-criterion approach for the airlines crew rostering problem. First International 

Conference on Evolutionary Multi-Criterion Optimization, 486‐500. 

Fischetti, M., & Monaci, M. (2012). Branching on nonchimerical fractionalities. 

Operations Research Letters. https://doi.org/10.1016/j.orl.2012.01.008 

Fischetti, M., & Monaci, M. (2013). Backdoor branching. INFORMS Journal on 

Computing. https://doi.org/10.1287/ijoc.1120.0531 

Flórez, D. C., Walteros, J. L., Vargas, M. a, Medaglia, A. L., & Velasco, N. (2012). A 

Mathematical Programming Approach to Airline Crew Pairing Optimization, 

(January), 1–18. 

Framinan, J. M., & Leisten, R. (2008). A multi-objective iterated greedy search for 

flowshop scheduling with makespan and flowtime criteria. OR Spectrum. 

https://doi.org/10.1007/s00291-007-0098-z 

Freling, R., Lentink, R. M., & Wagelmans, A. P. M. (2004). A decision support system 

for crew planning in passenger transportation using a flexible branch-and-price 

algorithm. Annals of Operations Research. 

https://doi.org/10.1023/B:ANOR.0000019090.39650.32 

Gamache, M., Hertz, A., & Ouellet, J. O. (2007). A graph coloring model for a 

feasibility problem in monthly crew scheduling with preferential bidding. 

Computers and Operations Research. https://doi.org/10.1016/j.cor.2005.09.010 

Gang, E. B., Yu, G., Andersson, E., Housos, E., Kohl, N., & Wedelin, D. (2007). Or In 



 

 

141 

 

Airline Industry. Retrieved from http://en.scientificcommons.org/42858689 

Glover, F. (1989). Tabu Search - Part I. ORSA Journal on Computing. 

https://doi.org/10.1287/ijoc.2.1.4 

González-Neira, E. M., & Montoya-Torres, J. R. (2019). A simheuristic for bi-objective 

stochastic permutation flow shop scheduling problem. Journal of Project 

Management. https://doi.org/10.5267/j.jpm.2019.1.003 

Gopalakrishnan, B., & Johnson, E. L. (2005). Airline crew scheduling: State-of-the-art. 

Annals of Operations Research, 140(1), 305–337. https://doi.org/10.1007/s10479-

005-3975-3 

Grasas, A., Juan, A. A., Faulin, J., de Armas, J., & Ramalhinho, H. (2017). Biased 

randomization of heuristics using skewed probability distributions: A survey and 

some applications. Computers and Industrial Engineering. 

https://doi.org/10.1016/j.cie.2017.06.019 

Gruler, A., Panadero, J., de Armas, J., Pérez, J. A. M., & Juan, A. A. (2018). A variable 

neighborhood search simheuristic for the multiperiod inventory routing problem 

with stochastic demands. International Transactions in Operational Research, 00, 

1–22. https://doi.org/10.1111/itor.12540 

Gustafsson, T. (1999). A heuristic approach to column generation for airline crew 

scheduling. 

Hadianti, R., Novianingsih, K., Uttunggadewa, S., Sidarto, K. A., Sumarti, N., & 

Soewono, E. (2014). Optimization model for an airline crew rostering problem: 

Case of garuda Indonesia. Journal of Mathematical and Fundamental Sciences. 

https://doi.org/10.5614/j.math.fund.sci.2013.45.3.2 

Holland, J. H. (1975). Adaptation in Natural and Artificial Systems. Ann Arbor MI 

University of Michigan Press. https://doi.org/10.1137/1018105 

Ionescu, L., & Kliewer, N. (2011). Increasing flexibility of airline crew schedules. 

Procedia - Social and Behavioral Sciences, 20, 1019–1028. 

https://doi.org/10.1016/j.sbspro.2011.08.111 

Ishibuchi, H., & Murata, T. (1998). A Multi-Objective Genetic Local Search Algorithm 

and Its Application to Flowshop Scheduling, 28(3), 392–403. 



 

 

142 

 

Juan, A. A., Barrios, B. B., Vallada, E., Riera, D., & Jorba, J. (2014). A simheuristic 

algorithm for solving the permutation flow shop problem with stochastic 

processing times. Simulation Modelling Practice and Theory. 

https://doi.org/10.1016/j.simpat.2014.02.005 

Juan, A. A., Faulin, J., Grasman, S. E., Rabe, M., & Figueira, G. (2015). A review of 

simheuristics: Extending metaheuristics to deal with stochastic combinatorial 

optimization problems. Operations Research Perspectives, 2, 62–72. 

https://doi.org/10.1016/j.orp.2015.03.001 

Kasirzadeh, A. (2015). Airline crew scheduling : models , algorithms , and data sets, 

(March 2018). https://doi.org/10.1007/s13676-015-0080-x 

Kasirzadeh, A., Saddoune, M., & Soumis, F. (2014). Airline crew scheduling: models, 

algorithms, and data sets. EURO Journal on Transportation and Logistics, 1–27. 

https://doi.org/10.1007/s13676-015-0080-x 

Kasirzadeh, A., Saddoune, M., & Soumis, F. (2017). Airline crew scheduling: models, 

algorithms, and data sets. EURO Journal on Transportation and Logistics. 

https://doi.org/10.1007/s13676-015-0080-x 

Kerati, S., Coligny, M. De, & Mora-camino, F. (2002). A Heuristic Genetic Algorithm 

Approach for the Airline Crew Scheduling Problem, 1–5. 

Kornilakis, H., & Stamatopoulos, P. (2002). Crew pairing optimization with genetic 

algorithms. Methods and Applications of Artificial …, 109–120. Retrieved from 

http://link.springer.com/chapter/10.1007/3-540-46014-4_11 

Lavoie, S., Minoux, M., & Odier, E. (1988). A new approach for crew pairing problems 

by column generation with an application to air transportation. European Journal 

of Operational Research, 35(1), 45–58. https://doi.org/10.1016/0377-

2217(88)90377-3 

Lei, D., & Guo, X. (2016). Hybrid flow shop scheduling with not-all-machines options 

via local search with controlled deterioration. Computers and Operations 

Research, 65, 76–82. https://doi.org/10.1016/j.cor.2015.05.010 

Lučic, P., & Teodorovic, D. (1999). Simulated annealing for the multi-objective aircrew 

rostering problem. Transportation Research Part A: Policy and Practice. 

https://doi.org/10.1016/S0965-8564(98)00021-4 



 

 

143 

 

Makri, A., & Klabjan, D. (2004). A New Pricing Scheme for Airline Crew Scheduling. 

INFORMS Journal on Computing. https://doi.org/10.1287/ijoc.1020.0026 

Medard, C. P., & Sawhney, N. (2007). Airline crew scheduling from planning to 

operations. European Journal of Operational Research, 183(3), 1013–1027. 

https://doi.org/10.1016/j.ejor.2005.12.046 

Mercier, A., Cordeau, J. F., & Soumis, F. (2005). A computational study of Benders 

decomposition for the integrated aircraft routing and crew scheduling problem. 

Computers and Operations Research. https://doi.org/10.1016/j.cor.2003.11.013 

Mou, D. (2013). Multi-objective Integer Programming Model and Algorithm of the 

Crew Pairing Problem in a Stochastic Environment Chance-Constrained, 12(8), 

809–818. 

Muter, I., Ilker Birbil, Ş., Bülbül, K., Şahin, G., Yenigün, H., Taş, D., & Tüzün, D. 

(2013). Solving a robust airline crew pairing problem with column generation. 

Computers and Operations Research. https://doi.org/10.1016/j.cor.2010.11.005 

Nissen, R., & Haase, K. (2006). Duty-period-based network model for crew 

rescheduling in European airlines. Journal of Scheduling. 

https://doi.org/10.1007/s10951-006-6780-1 

Novianingsih, K., & Hadianti, R. (2018). A heuristic method for solving airline crew 

pairing problems. MATEC Web of Conferences, 204, 02006. 

https://doi.org/10.1051/matecconf/201820402006 

Ozdemir, H. T., & Mohan, C. K. (2001). Flight graph based genetic algorithm for crew 

scheduling in airlines. Information Sciences, 133(3–4), 165–173. 

https://doi.org/10.1016/S0020-0255(01)00083-4 

Pacheco, J., Porras, S., Casado, S., & Baruque, B. (2018). Variable neighborhood search 

with memory for a single-machine scheduling problem with periodic maintenance 

and sequence-dependent set-up times. Knowledge-Based Systems, 145, 1–14. 

https://doi.org/10.1016/j.knosys.2018.01.018 

Pan, Q. K., & Ruiz, R. (2014). An effective iterated greedy algorithm for the mixed no-

idle permutation flowshop scheduling problem. Omega (United Kingdom). 

https://doi.org/10.1016/j.omega.2013.10.002 



 

 

144 

 

Papadakos, N. (2009). Integrated airline scheduling. Studies in Computational 

Intelligence, 36(1), 176–195. https://doi.org/10.1007/978-3-540-89887-0_4 

Patty Clark. (2017). Airport Traffic Report. 

Peixoto, T. P. (2014). Efficient Monte Carlo and greedy heuristic for the inference of 

stochastic block models. Physical Review E - Statistical, Nonlinear, and Soft 

Matter Physics. https://doi.org/10.1103/PhysRevE.89.012804 

Rahmaniani, R., Ghaderi, A., & Saidi-mehrabad, M. (2012). A Simulated Annealing 

Algorithm within the Variable Neighbourhood Search Framework to Solve the 

Capacitated Facility Location-Allocation problem. Journal of Optimization in 

Industrial Engineering, 10, 45–54. 

Ranjbar, M., & Kazemi, A. (2018). A generalized variable neighborhood search 

algorithm for the talent scheduling problem. Computers and Industrial 

Engineering, 126(September), 673–680. https://doi.org/10.1016/j.cie.2018.10.028 

Ribas, I., Companys, R., & Tort-Martorell, X. (2011). An iterated greedy algorithm for 

the flowshop scheduling problem with blocking. Omega. 

https://doi.org/10.1016/j.omega.2010.07.007 

Rodriguez, F. J., Lozano, M., Blum, C., & García-Martínez, C. (2013). An iterated 

greedy algorithm for the large-scale unrelated parallel machines scheduling 

problem. Computers and Operations Research. 

https://doi.org/10.1016/j.cor.2013.01.018 

Rosenberger, J. M., Johnson, E. L., & Nemhauser, G. L. (2003). Rerouting Aircraft for 

Airline Recovery. Transportation Science. 

https://doi.org/10.1287/trsc.37.4.408.23271 

Rosenberger, J. M., Schaefer, A. J., Goldsman, D., Johnson, E. L., Kleywegt, A. J., & 

Nemhauser, G. L. (2000). SimAir: A stochastic model of airline operations. Winter 

Simulation Conference Proceedings. https://doi.org/10.1109/WSC.2000.899074 

Ruiz, R., & Stützle, T. (2007). A simple and effective iterated greedy algorithm for the 

permutation flowshop scheduling problem. European Journal of Operational 

Research, 177(3), 2033–2049. https://doi.org/10.1016/j.ejor.2005.12.009 

Saddoune, M., Desaulniers, G., & Soumis, F. (2013). Aircrew pairings with possible 



 

 

145 

 

repetitions of the same flight number. Computers and Operations Research. 

https://doi.org/10.1016/j.cor.2010.11.003 

Salehipour, A., Naeni, L. M., & Kazemipoor, H. (2009). Scheduling aircraft landings by 

applying a variable neighborhood descent algorithm : Runway-dependent landing 

time case, 1, 39–49. 

Samà, M., D’Ariano, A., Toli, A., Pacciarelli, D., & Corman, F. (2015). A variable 

neighborhood search for optimal scheduling and routing of take-off and landing 

aircraft. 2015 International Conference on Models and Technologies for Intelligent 

Transportation Systems, MT-ITS 2015, (July), 491–498. 

https://doi.org/10.1109/MTITS.2015.7223299 

Sandhu, R., & Klabjan, D. (2007). Integrated Airline Fleeting and Crew-Pairing 

Decisions. Operations Research. https://doi.org/10.1287/opre.1070.0395 

Schaefer, A. J., Johnson, E. L., Kleywegt, A. J., & Nemhauser, G. L. (2005). Airline 

Crew Scheduling Under Uncertainty. Transportation Science, 39(3), 340–348. 

https://doi.org/10.1287/trsc.1040.0091 

Sellmann, M., Zervoudakis, K., Stamatopoulos, P., & Fahle, T. (2002). Crew 

assignment via constraint programming: Integrating column generation and 

heuristic tree search. In Annals of Operations Research (Vol. 115, pp. 207–225). 

https://doi.org/10.1023/A:1021105422248 

Shebalov, S., & Klabjan, D. (2006). Robust Airline Crew Pairing: Move-up Crews. 

Transportation Science. https://doi.org/10.1287/trsc.1050.0131 

Solos, L. P., Tassopoulos, L. X., & Beligiannis, G. N. (2016). Optimizing shift 

scheduling for tank trucks using an effective stochastic variable neighbourhood 

approach. International Journal of Artificial Intelligence, 14(1), 1–26. 

Souai, N., & Teghem, J. (2009). Genetic algorithm based approach for the integrated 

airline crew-pairing and rostering problem. European Journal of Operational 

Research. https://doi.org/10.1016/j.ejor.2007.10.065 

Soykan, B., & Erol, S. (2015). An optimization-based decision support framework for 

robust airline crew pairing process. Using Decision Support Systems for 

Transportation Planning Efficiency. https://doi.org/10.4018/978-1-4666-8648-

9.ch001 



 

 

146 

 

Vance, P. H., Atamturk, A., Barnhart, C., Gelman, E., Johnson, E. L., Krishna, A., & 

Rebello, R. (1997). A heuristic branch-and-price approach for the airline crew 

pairing problem. Preprint, 1–29. Retrieved from 

http://www.dim.uchile.cl/~tcapelle/TESIS/papersGeneracionColumnas/lec9706.pdf 

Wen, M., Stidsen, T. K., Krapper, E., & Larsen, J. (2009). A multi-level variable 

neighborhood search heuristic for a practical vehicle routing and driver scheduling 

problem vehicle routing and driver scheduling problem. Management, (June). 

Xu, J., Wu, C. C., Yin, Y., & Lin, W. C. (2017). An iterated local search for the multi-

objective permutation flowshop scheduling problem with sequence-dependent 

setup times. Applied Soft Computing Journal, 52, 39–47. 

https://doi.org/10.1016/j.asoc.2016.11.031 

Xu, Z., & Cai, Y. (2018). Variable neighborhood search for consistent vehicle routing 

problem. Expert Systems with Applications, 113, 66–76. 

https://doi.org/10.1016/j.eswa.2018.07.007 

Yan, S., & Chang, J. C. (2002). Airline cockpit crew scheduling. European Journal of 

Operational Research, 136(3), 501–511. https://doi.org/10.1016/S0377-

2217(01)00060-1 

Yen, J. W., & Birge, J. R. (2006). A Stochastic Programming Approach to the Airline 

Crew Scheduling Problem. Transportation Science, 40(1), 3–14. 

https://doi.org/10.1287/trsc.1050.0138 

Ying, K. C. (2009). An iterated greedy heuristic for multistage hybrid flowshop 

scheduling problems with multiprocessor tasks. Journal of the Operational 

Research Society. https://doi.org/10.1057/palgrave.jors.2602625 

Ying, Kuo Ching, Lin, S. W., & Huang, C. Y. (2009). Sequencing single-machine 

tardiness problems with sequence dependent setup times using an iterated greedy 

heuristic. Expert Systems with Applications, 36(3 PART 2), 7087–7092. 

https://doi.org/10.1016/j.eswa.2008.08.033 

Zeghal, F. M., & Minoux, M. (2006). Modeling and solving a Crew Assignment 

Problem in air transportation. European Journal of Operational Research. 

https://doi.org/10.1016/j.ejor.2004.11.028 

Zeren, BahadIr, & Özkol, I. (2016). A novel column generation strategy for large scale 



 

 

147 

 

airline crew pairing problems. Expert Systems with Applications, 55, 133–144. 

https://doi.org/10.1016/j.eswa.2016.01.045 

Zeren, Bahadır, & Özkol, İ. (2012). An Improved Genetic Algorithm for Crew Pairing 

Optimization. Journal of Intelligent Learning Systems and Applications, 04(01), 

70–80. https://doi.org/10.4236/jilsa.2012.41007 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



148 

 

Appendices 
 

Table 3.4 Solution of CPS by BRIG of reference problem 

No of 

pairing Day Flight sequence 

Flying 

time (hr) 

1 

1 MAD-BCN BCN-FCO FCO-BCN     04:20 

2 BCN-ORY ORY-BCN       03:15 

3 BCN-PMI PMI-BCN BCN-MAD MAD-NCE NCE-MAD 05:50 

2 

2 MAD-SCQ         01:10 

3 SCQ-MAD MAD-BCN       02:05 

4 BCN-ORY ORY-BCN BCN-MAD     04:15 

3 

3 MAD-BCN* BCN-FCO FCO-BCN     04:20 

4 BCN-MAD MAD-NCE NCE-MAD MAD-LPA   07:15 

5 LPA-MAD MAD-FRA FRA-MAD     07:30 

4 

3 MAD-BCN BCN-BRU       03:05 

4 BRU-MAD MAD-SCQ SCQ-MAD MAD-AMS   06:55 

5 AMS-MAD         02:25 

5 

3 MAD-BCN BCN-SCQ SCQ-BCN     04:05 

4 BCN-FCO FCO-BCN BCN-MXP MXP-BCN   06:35 

5 BCN-MUC MUC-MAD       04:35 

Total flying time of crew pairing schedule (hours) 67:40:00 

The flight with an asterisk (*) represents a deadheading flight. 
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Table 3.5 Solution of CPS of 104 flights using BRIG of case study of an airline in Thailand 

 

 

 

 

 

 

 

 

 

No of pairing Flying time (hrs)

1 BKK-CEI CEI-BKK BKK-HDY HDY-BKK 05:20

2 BKK-CEI CEI-BKK BKK-KKC KKC-BKK 04:40

3 BKK-HDY HDY-BKK BKK-CEI CEI-BKK 05:20

4 BKK-HDY HDY-BKK BKK-CEI CEI-BKK 05:20

5 BKK-CEI CEI-BKK BKK-HDY HDY-BKK 05:20

6 BKK-HDY HDY-BKK BKK-CEI CEI-BKK 05:20

7 BKK-HKT HKT-BKK 02:30

8 BKK-HKT HKT-BKK 02:30

9 BKK-HDY HDY-BKK 03:40

10 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

11 BKK-HDY HDY-BKK BKK-CEI CEI-BKK 05:20

12 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

13 BKK-KKC KKC-BKK BKK-HDY HDY-BKK 05:40

14 BKK-KKC KKC-BKK BKK-HDY HDY-BKK 05:40

15 BKK-HKT HKT-BKK BKK-HDY HDY-BKK 05:10

16 BKK-HKT HKT-BKK BKK-KKC KKC-BKK 04:30

17 BKK-KKC KKC-BKK BKK-CEI CEI-BKK 04:40

18 BKK-KKC KKC-BKK BKK-CEI CEI-BKK 04:40

19 BKK-HDY HDY-BKK 02:40

20 BKK-HKT HKT-BKK BKK-HKT HKT-BKK 05:00

21 BKK-HDY HDY-BKK BKK-HKT HKT-BKK 05:10

22 BKK-HDY HDY-BKK 02:40

23 BKK-HKT HKT-BKK BKK-HDY HDY-BKK 05:10

24 BKK-HDY HDY-BKK 02:40

25 BKK-CEI CEI-BKK BKK-HDY HDY-BKK 05:20

26 BKK-HDY HDY-BKK BKK-CEI CEI-BKK 05:20

27 BKK-CEI CEI-BKK BKK-HDY HDY-BKK 05:20

28 BKK-HDY HDY-BKK BKK-CEI CEI-BKK 05:20

29 BKK-HDY HDY-BKK 03:40

30 BKK-CEI CEI-BKK 02:40

137:00:00Total flying time of crew pairing schedule (hrs)

Flight sequence



 

 

149 

 

 



 

 

150 

 

Table 3.6 Solution of CPS of 202 flights using BRIG of case study of an airline in Thailand 

 

No of pairing Flying time (hrs)

1 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

2 BKK-CEI CEI-BKK BKK-HDY HDY-BKK 05:20

3 BKK-UBP UBP-BKK BKK-HKT HKT-BKK 04:40

4 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

5 BKK-UBP UBP-BKK BKK-UBP UBP-BKK 05:20

6 BKK-UBP UBP-BKK BKK-UBP UBP-BKK 04:20

7 BKK-UBP UBP-BKK BKK-CEI CEI-BKK 04:50

8 BKK-UBP UBP-BKK 02:10

9 BKK-UBP UBP-BKK 02:10

10 BKK-UBP UBP-BKK BKK-HKT HKT-BKK 04:40

11 BKK-UBP UBP-BKK 02:10

12 BKK-KKC KKC-BKK BKK-KVB KVB-BKK 05:30

13 BKK-KVB KVB-BKK BKK-CEI CEI-BKK 05:10

14 BKK-KVB KVB-BKK BKK-CEI CEI-BKK 05:10

15 BKK-KKC KKC-BKK BKK-KVB KVB-BKK 04:30

16 BKK-CEI CEI-BKK BKK-KVB KVB-BKK 05:10

17 BKK-KVB KVB-BKK BKK-CEI CEI-BKK 05:10

18 BKK-KKC KKC-BKK BKK-KVB KVB-BKK 04:30

19 BKK-CNX CNX-BKK 02:30

20 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

21 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

22 BKK-UBP UBP-BKK 02:10

23 BKK-KKC KKC-BKK BKK-KVB KVB-BKK 04:30

24 BKK-CEI CEI-BKK BKK-KVB KVB-BKK 05:10

25 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

26 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

27 BKK-HKT HKT-BKK BKK-HKT HKT-BKK 05:00

28 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

29 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

30 BKK-UBP UBP-BKK 03:10

31 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

32 BKK-UBP UBP-BKK 02:10

33 BKK-UBP UBP-BKK 02:10

34 BKK-UBP UBP-BKK 02:10

35 BKK-UBP UBP-BKK BKK-UBP UBP-BKK 05:20

36 BKK-UBP UBP-BKK 02:10

37 BKK-HKT HKT-BKK BKK-HKT HKT-BKK 05:00

38 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

39 BKK-HKT HKT-BKK BKK-HKT HKT-BKK 05:00

40 BKK-CEI CEI-BKK BKK-KVB KVB-BKK 05:10

41 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

42 BKK-CEI CEI-BKK BKK-CEI CEI-BKK 05:20

43 BKK-KKC KKC-BKK BKK-CEI CEI-BKK 04:40

44 BKK-CEI CEI-BKK 02:40

45 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

46 BKK-CEI CEI-BKK BKK-KVB KVB-BKK 05:10

47 BKK-UBP UBP-BKK 02:10

48 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

49 BKK-CNX CNX-BKK BKK-KVB KVB-BKK 05:00

50 BKK-UBP UBP-BKK 02:10

51 BKK-HKT HKT-BKK BKK-HKT HKT-BKK 05:00

52 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

53 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

54 BKK-KVB KVB-BKK BKK-HDY HDY-BKK 05:15

55 BKK-CEI CEI-BKK 03:40

56 BKK-UBP UBP-BKK 01:30

57 BKK-CEI CEI-BKK BKK-KVB KVB-BKK 05:10

58 BKK-KKC KKC-BKK BKK-CEI CEI-BKK 04:40

252:55:00

Flight sequence

Total flying time of crew pairing schedule (hrs)
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Table 3.7 Solution of CPS of 312 flights using BRIG of case study of an airline in Thailand 
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Table 4.5 Solution of CPS by BRIGLS of reference problem 

No of 

pairing Day Flight sequence 

Flying 

time (hr) 

1 

1 MAD-BCN BCN-FCO FCO-BCN     04:20 

2 BCN-ORY ORY-BCN       03:15 

3 BCN-PMI PMI-BCN BCN-MAD MAD-NCE NCE-MAD 07:15 

2 

2 MAD-SCQ         01:10 

3 SCQ-MAD MAD-BCN       02:05 

4 BCN-ORY ORY-BCN BCN-MAD     04:15 

3 

3 MAD-BCN BCN-FCO FCO-BCN     04:20 

4 BCN-MAD MAD-NCE NCE-MAD MAD-LPA   05:05 

5 LPA-MAD MAD-FRA FRA-MAD     07:30 

4 

3 MAD-BCN BCN-BRU       03:05 

4 BRU-MAD MAD-SCQ SCQ-MAD MAD-AMS   06:55 

5 AMS-MAD         02:25 

5 

3 MAD-BCN* BCN-SCQ SCQ-BCN     04:05 

4 BCN-FCO FCO-BCN BCN-MXP MXP-BCN   06:35 

5 BCN-MUC MUC-MAD       04:35 

Total flying time of crew pairing schedule (hours) 67:40:00 

The flight with an asterisk (*) represents a deadheading flight. 
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Table 4.6 Solution of CPS of 104 flights using BRIGLS of case study of an airline in Thailand 

 

 

 

 

 

 

 

 

 

No of pairing Flying time (hrs)

1 BKK-KKC KKC-BKK BKK-CEI CEI-BKK 04:40

2 BKK-KKC KKC-BKK BKK-CEI CEI-BKK 04:40

3 BKK-KKC KKC-BKK BKK-CEI CEI-BKK 04:40

4 BKK-KKC KKC-BKK BKK-KKC KKC-BKK 04:00

5 BKK-CEI CEI-BKK BKK-KKC KKC-BKK 04:40

6 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

7 BKK-CEI CEI-BKK BKK-HKT HKT-BKK 05:10

8 BKK-HKT HKT-BKK BKK-HKT HKT-BKK 05:00

9 BKK-HKT HKT-BKK BKK-HKT HKT-BKK 05:00

10 BKK-HKT HKT-BKK BKK-HKT HKT-BKK 05:00

11 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

12 BKK-HDY HDY-BKK BKK-HKT HKT-BKK 05:10

13 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

14 BKK-HKT HKT-BKK BKK-HDY HDY-BKK 05:10

15 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

16 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

17 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

18 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

19 BKK-HDY HDY-BKK 02:40

20 BKK-HDY HDY-BKK 02:40

21 BKK-CEI CEI-BKK 02:40

22 BKK-CEI CEI-BKK 02:40

23 BKK-CEI CEI-BKK 02:40

24 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

25 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

26 BKK-CEI CEI-BKK 03:40

27 BKK-CEI CEI-BKK 03:40

28 BKK-CEI CEI-BKK 02:40

29 BKK-CEI CEI-BKK BKK-CEI CEI-BKK 05:20

30 BKK-CEI CEI-BKK BKK-CEI CEI-BKK 05:20

135:00:00

Flight sequence

Total flying time of crew pairing schedule (hrs)
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Table 4.7 Solution of CPS of 202 flights using BRIGLS of case study of an airline in Thailand 

 

 

No of pairing Flying time (hrs)

1 BKK-CEI CEI-BKK BKK-UBP UBP-BKK 04:50

2 BKK-UBP UBP-BKK BKK-CEI CEI-BKK 04:50

3 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

4 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

5 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

6 BKK-UBP UBP-BKK 02:10

7 BKK-CEI CEI-BKK 02:40

8 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

9 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

10 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

11 BKK-CEI CEI-BKK BKK-HKT HKT-BKK 05:10

12 BKK-CEI CEI-BKK 02:40

13 BKK-UBP UBP-BKK 02:10

14 BKK-CEI CEI-BKK BKK-HKT HKT-BKK 05:10

15 BKK-CEI CEI-BKK 02:40

16 BKK-UBP UBP-BKK 03:10

17 BKK-UBP UBP-BKK BKK-CEI CEI-BKK 04:50

18 BKK-KKC KKC-BKK BKK-KKC KKC-BKK 04:00

19 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:05

20 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

21 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

22 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

23 BKK-KKC KKC-BKK BKK-UBP UBP-BKK 04:10

24 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

25 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

26 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

27 BKK-HKT HKT-BKK BKK-HKT HKT-BKK 05:00

28 BKK-KVB KVB-BKK 02:30

29 BKK-KVB KVB-BKK 02:30

30 BKK-KVB KVB-BKK 02:30

31 BKK-UBP UBP-BKK 03:30

32 BKK-UBP UBP-BKK 03:10

33 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

34 BKK-KKC KKC-BKK BKK-UBP UBP-BKK 04:10

35 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

36 BKK-KKC KKC-BKK BKK-CEI CEI-BKK 04:40

37 BKK-UBP UBP-BKK 02:10

38 BKK-UBP UBP-BKK 02:10

39 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

40 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

41 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

42 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

43 BKK-UBP UBP-BKK 02:10

44 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

45 BKK-UBP UBP-BKK 02:10

46 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

47 BKK-CEI CEI-BKK BKK-UBP UBP-BKK 04:50

48 BKK-UBP UBP-BKK BKK-UBP UBP-BKK 04:20

49 BKK-KKC KKC-BKK BKK-UBP UBP-BKK 04:10

50 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

51 BKK-UBP UBP-BKK BKK-HKT HKT-BKK 04:40

52 BKK-KVB KVB-BKK BKK-CNX CNX-BKK 05:00

53 BKK-CEI CEI-BKK BKK-CNX CNX-BKK 05:10

54 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

55 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

56 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

57 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

58 BKK-UBP UBP-BKK BKK-UBP UBP-BKK 05:20

252:55:00

Flight sequence

Total flying time of crew pairing schedule (hrs)
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Table 4.8 Solution of CPS of 312 flights using BRIGLS of case study of an airline in Thailand 
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Table 5.5 Solution of CPS by BRVNS of reference problem 

No of 

pairing Day Flight sequence 

Flying time 

(hr) 

1 

1 MAD-BCN BCN-FCO FCO-BCN     04:20 

2 BCN-ORY ORY-BCN       03:15 

3 BCN-PMI PMI-BCN BCN-MAD MAD-NCE NCE-MAD 05:50 

2 

2 MAD-SCQ         01:10 

3 SCQ-MAD MAD-BCN       02:05 

4 BCN-ORY ORY-BCN BCN-MAD     04:15 

3 

3 MAD-BCN BCN-SCQ SCQ-BCN     04:05 

4 BCN-MAD MAD-NCE NCE-MAD MAD-LPA   07:15 

5 LPA-MAD MAD-FRA FRA-MAD     07:30 

4 

3 MAD-BCN* BCN-BRU       03:05 

4 BRU-MAD MAD-SCQ SCQ-MAD MAD-AMS   06:55 

5 AMS-MAD         02:25 

5 

3 MAD-BCN BCN-FCO FCO-BCN     04:20 

4 BCN-FCO FCO-BCN BCN-MXP MXP-BCN   05:55 

5 BCN-MUC MUC-MAD       04:35 

Total flying time of crew pairing schedule (hrs) 67:00:00 

The flight with an asterisk (*) represents a deadheading flight. 
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Table 5.6 Solution of CPS of 104 flights using BRVNS of case study of an airline in Thailand 
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Table 5.7 Solution of CPS of 202 flights using BRVNS of case study of an airline in Thailand 

 

 

 

No of pairing Flying time (hrs)

1 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

2 BKK-CEI CEI-BKK BKK-HKT HKT-BKK 05:10

3 BKK-CEI CEI-BKK BKK-HKT HKT-BKK 05:10

4 BKK-HKT HKT-BKK BKK-HKT HKT-BKK 05:00

5 BKK-KVB KVB-BKK 02:30

6 BKK-KVB KVB-BKK 02:30

7 BKK-KVB KVB-BKK 02:30

8 BKK-CEI CEI-BKK BKK-UBP UBP-BKK 04:50

9 BKK-UBP UBP-BKK BKK-CEI CEI-BKK 04:50

10 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

11 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

12 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

13 BKK-HKT HKT-BKK BKK-CEI CEI-BKK 05:10

14 BKK-UBP UBP-BKK 02:10

15 BKK-UBP UBP-BKK 02:10

16 BKK-CEI CEI-BKK BKK-UBP UBP-BKK 04:50

17 BKK-UBP UBP-BKK BKK-UBP UBP-BKK 04:20

18 BKK-CEI CEI-BKK 02:40

19 BKK-UBP UBP-BKK BKK-HKT HKT-BKK 04:40

20 BKK-UBP UBP-BKK BKK-CEI CEI-BKK 04:50

21 BKK-KKC KKC-BKK BKK-KKC KKC-BKK 04:00

22 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

23 BKK-UBP UBP-BKK BKK-UBP UBP-BKK 04:20

24 BKK-CEI CEI-BKK 02:40

25 BKK-CEI CEI-BKK 02:40

26 BKK-UBP UBP-BKK 02:10

27 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

28 BKK-KKC KKC-BKK BKK-UBP UBP-BKK 04:10

29 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

30 BKK-KKC KKC-BKK BKK-CEI CEI-BKK 04:40

31 BKK-UBP UBP-BKK 02:10

32 BKK-UBP UBP-BKK 02:10

33 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

34 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

35 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

36 BKK-KKC KKC-BKK BKK-UBP UBP-BKK 04:10

37 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

38 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

39 BKK-KVB KVB-BKK BKK-CNX CNX-BKK 05:00

40 BKK-CEI CEI-BKK BKK-CNX CNX-BKK 05:10

41 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:05

42 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

43 BKK-KKC KKC-BKK BKK-UBP UBP-BKK 04:10

44 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

45 BKK-UBP UBP-BKK 01:30

46 BKK-UBP UBP-BKK 02:10

47 BKK-UBP UBP-BKK 02:10

48 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

49 BKK-UBP UBP-BKK 02:10

50 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

51 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

52 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

53 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

54 BKK-HDY HDY-BKK BKK-HDY HDY-BKK 05:20

55 BKK-CNX CNX-BKK BKK-CNX CNX-BKK 05:00

56 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

57 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

58 BKK-KVB KVB-BKK BKK-KVB KVB-BKK 05:00

247:55:00

Flight sequence

Total flying time of crew pairing schedule (hrs)
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Table 5.8 Solution of CPS of 312 flights using BRVNS of case study of an airline in Thailand 

 

 

 


