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Abstract

We study the flight dispatcher scheduling problem with the objective of balancing work-
load. Flight dispatchers are responsible for flight planning and monitoring, and their duties
are characterized by multi-tasking and uncertainty. We propose novel models, solution
methods and a detailed analysis.

In Chapter 2, we introduce and analyze the flight dispatcher workload balancing prob-
lem. We model dispatcher workload under two objectives: minimizing peak workload and
minimizing absolute workload deviation. To manage large problem sizes, we decompose
the problem using Lagrangian relaxation into tractable subproblems and derive a closed-
form expression for the Lagrangian lower bound of the peak workload objective. We then
propose a focus-search-improve genetic algorithm, which integrates genetic search with re-
finement heuristics. Numerical tests on real-world flight data show that the heuristic finds
optimal or near-optimal solutions and outperforms commercial solvers. It is found that
minimizing peak workload reduces workload spikes while minimizing absolute deviation
distributes workload uniformly.

In Chapter 3, we incorporate practical and operational constraints such as route-based
flight grouping and assignment restrictions based on flight characteristics. We provide a
multi-objective model and propose three solution approaches, the weighted-sum method,
the -constraint method, and the non-dominated sorting genetic algorithm II, to capture the
trade-off between workload balance and operational efficiency. Computational experiments
show that non-dominated sorting genetic algorithm II generates clear Pareto fronts and
provides solutions that are comparable to those found by exact methods.

In Chapter 4, we focus on the absolute deviation workload balancing problem which
achieves balanced schedules but is computationally challenging. We propose a neural
network-assisted column generation algorithm that predicts negative reduced cost solu-
tions of the Lagrangian subproblems. Preliminary results demonstrate the viability of the
approach in speeding up the column generation algorithm.
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Chapter 1

Introduction

Air transportation remains a critical component of the global economy, in uencing inter-
national trade, tourism, and employment signi cantly. In a typical year, the commer-
cial aviation sector transports billions of passengers and vast quantities of cargo, directly
contributing substantial portions of global GDP and supporting tens of millions of jobs
(ICAO, 2020; ABBB, 2020; ATAG, 2020). The scale of these global operations is immense,
as industry reports indicate approximately 130,000 ights occur daily (IATA Economics,
2022), and within the U.S., the Federal Aviation Administration estimates over 45,000 daily
ights (FAA, 2023). This vast system, however, faces persistent challenges including evolv-
ing weather patterns, unplanned technical issues, complex regulatory changes, and labor
constraints that can further complicate operations (IATA, 2024). Despite this economic
importance, the airline industry remains vulnerable to external shocks. For instance, the
COVID-19 pandemic resulted in substantial disruptions due to lockdowns, travel restric-
tions, and stringent health measures, causing severe nancial impacts on passenger carriers
while temporarily bene ting cargo airlines due to increased freight demand (IATA, 2021;
Bouwer, Krishnan, and Saxon, 2020; Bouwer, Krishnan, Saxon, and Tu t, 2022). By 2023,
commercial aviation largely recovered to pre-pandemic operational levels. However, endur-
ing challenges persist, including elevated debt levels, workforce management issues, and
evolving regulatory environments driven by safety, health, and environmental considera-
tions (Harper, 2023).

The management of airline operations requires the coordination of numerous complex
processes. Airlines must design schedules accounting for aircraft availability, crew assign-
ments, passenger demand uctuations, regulatory compliance, and varied operational con-
ditions. Day-to-day operations include aircraft maintenance inspections, continuous moni-
toring of weather and air tra ¢ conditions, crew dispatching, and rapid responses to disrup-
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tions such as technical failures or severe weather events (Trapote-Barreira, Deutschmann,
and Robusté, 2016). Each operational decision directly in uences overall safety, reliability,
and e ciency.

Flight dispatchers play a central role within this operational ecosystem, acting as a
critical link between airline management, ight crews, and air tra ¢ control. Operating
from Integrated Operations Centers (IOCs), dispatchers are pivotal in managing daily ight
operations. Their role involves close collaboration not only with pilots for ight planning
and ongoing monitoring but also with other operational teams. During disruptions, such as
those caused by severe weather, airspace restrictions, or aircraft substitutions, dispatchers
are central to various time-sensitive decisions. Positioned within these I0Cs, they must
facilitate this critical inter-team coordination, often under pressure, which can lead to
signi cant spikes in their workload. Prior to departure, dispatchers create detailed ight
plans that account for routes, altitudes, fuel requirements, and contingency airports. They
analyze real-time meteorological conditions, airspace restrictions, and airport availability
to ensure each ight plan meets safety and cost-e ciency standards (Munro and Mogford,
2018). Throughout ights, dispatchers track aircraft progress, advise ight crews on route
adjustments to avoid adverse conditions, and coordinate necessary responses to operational
contingencies. They hold legal authority in many jurisdictions to delay or cancel ights
when safety concerns arise, emphasizing the signi cant responsibility inherent in their role
(Gov. of Canada, 2025; Souza, 2024).

Given their extensive responsibilities, dispatchers undergo rigorous training and certi -
cation. In jurisdictions such as the United States, dispatch certi cation involves intensive
specialized training covering aviation regulations, aircraft systems, navigation, commu-
nication protocols, meteorology, and human performance considerations (U.S. Code of
Federal Regulations Title 14, 2022a; IFOD, 2025). Dispatch centers themselves employ
advanced infrastructure, including redundant communication and power systems, ensuring
operational continuity and situational awareness under all conditions (Sloan, 2013; Level-1,
2022).

A signi cant challenge for dispatchers involves workload management. Unlike pilots or
air tra c controllers who typically manage ights or sectors sequentially, dispatchers often
simultaneously oversee multiple ights. Dispatcher workload includes ight planning, real-
time monitoring, coordination with ight crews, and responses to operational disruptions.
Workload intensity uctuates signi cantly, often intensifying during peak operational peri-
ods or weather-related disturbances and decreasing during calmer intervals. For instance,
adverse weather conditions require dispatchers to continuously monitor evolving meteo-
rological systems, anticipate the potential impacts on numerous ights, and implement
adjustments to ight plans (She eld Sch. of Aeronautics, 2016). Beyond weather, dis-
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patcher workload is also a ected by other factors such as maintenance alerts and crew
scheduling issues, requiring time-critical decisions that must balance safety, operational
performance, and personnel well-being. Excessive dispatcher workload can lead to task sat-
uration, potentially compromising operational safety and reliability. Conversely, balanced
workloads enhance situational awareness and operational performance. Consequently, ef-
fective workload management for dispatchers is crucial. Excessive stress resulting from high
workload can adversely a ect their cognitive performance and decision-making capabili-
ties, impacting overall airline safety and e ciency. In such an interconnected operational
system, overlooking dispatcher workload can lead to compromised safety and reduced air-
line reliability, particularly when disruptions escalate. Historically, airlines have managed
dispatcher workload using informal strategies and managerial judgment. However, increas-
ing network complexity and rising operational demands necessitate more systematic and
analytical decision-support tools for dispatcher workload allocation.

Before formally de ning the ight dispatcher workload balancing problem, let us estab-
lish the research hypotheses that guide the conceptualization and quanti cation of workload
within this study. The central premise is that for modeling and optimization purposes, dis-
patcher workload can be represented by the demands stemming from their tasks in ight
operations and their characteristics.

This research is guided by several key hypotheses for dispatcher workload. The primary
drivers of workload are considered to be the essential tasks of pre-departure ight planning
and en-route ight monitoring, with intensity varying by ight phase and characteristics
such as ight distance. Furthermore, subjective factors like individual dispatcher experi-
ence, while in uential in practice, are excluded to maintain a focus on the base problem.
While unforeseen operational events, including adverse weather conditions or unexpected
ight delays, introduce considerable uncertainty, their direct, dynamic impact is acknowl-
edged but not explicitly modeled as discrete new workloads. Instead, the general e ect of
such stochastic events is considered implicitly within the baseline load de ned for en-route
ight monitoring tasks.

Consequently, for the purposes of this thesis, ight dispatcher workload is de ned as a
guanti able, unitless, and time-varying measure of the cumulative demands associated with
the pre-departure ight planning and en-route monitoring tasks for a given set of ights
assigned to a workstation, derived from ight characteristics and operational phases. This
de nition forms the basis for the mathematical models and solution methodologies devel-
oped. Conceptually, the task load associated with managing a ight in this study encom-
passes the overall demands it places on a dispatcher, which stem from both cognitive and
physical e ort. While a precise, direct measurement of such e ort is complex, this load is
primarily approximated using observable ight characteristics, with ight distance serving
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as a key proxy due to its correlation with factors in uencing these demands. The detailed
rationale for utilizing distance and other contributing factors such as ight path, specic
timing, aircraft type, and airport characteristics is further elaborated in Section 2.5.1.

It is important to distinguish this operational de nition of workload, focused on quan-
ti able task demands suitable for optimization modeling, from the broader conceptual-
izations typically found in human factors research. The human factors perspective, as
explored in established literature (Hart and Staveland, 1988; Wickens et al., 2021), often
treats workload as a multifaceted construct. This view encompasses detailed aspects of
cognitive load, including elements like attention, memory, and decision-making demands,
alongside perceived mental e ort, stress, situational awareness, and other psychological
and physiological states critical to performance in complex systems (Parasuraman and
Rizzo, 2006; Young and Stanton, 2002). While these human factors elements are vital for
a comprehensive understanding of a dispatcher's overall experience and performance ca-
pacity, this thesis adopts a more abstracted, task-based representation of workload. This
approach is a necessary simpli cation to provide a tractable and quanti able basis for
developing and applying the optimization models aimed at balancing the distribution of
assigned ight-related tasks, rather than attempting to capture the full spectrum of human
workload perception.

The urgency for developing such improved tools is underscored by recent industry trends
and events. For instance, a 2024 recommendation from the National Transportation Safety
Board advocated for expanding the requirement for certi ed dispatchers to smaller air
carriers, citing anticipated safety bene ts and improved ight monitoring (Lynch, 2024).
Such a policy, if broadly adopted, would likely increase the overall demand for dispatchers
and further underscore the critical importance of e ective workload distribution strate-
gies. Moreover, real-world events, such as the early 2024 strike authorization vote by Air
Transat ight dispatchers related to concerns over working conditions and compensation
(Dove, 2024), illustrate the signi cant operational and personnel challenges linked to dis-
patcher workload. These situations can lead to system-wide operational bottlenecks and
highlight the pressing necessity for approaches that better balance demanding operational
requirements with dispatcher well-being.

Despite their essential role, optimal assignment of ights to dispatchers for workload
balancing remains underexplored in academic literature. Previous research predominantly
addresses crew scheduling, aircraft maintenance routing, and air tra ¢ ow management,
with limited focus on dispatcher workload distribution. When addressed, existing dis-
patcher scheduling models often rely on oversimpli cations, such as assessing workloads
only at discrete intervals or neglecting ight-speci c variability beyond scheduled times
(Rayner, 2021). These simpli cations fail to represent the continuous, multitasking nature
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of dispatcher responsibilities, leading to impractical or ine cient assignments in practice.
Addressing this gap motivates the current research.

This thesis aims to develop and evaluate optimization models and methodologies that
e ectively balance dispatcher workloads to enhance airline operational safety, e ciency,
and resilience. Speci cally, the objectives are to formulate realistic models that accurately
represent dispatcher workload dynamics, develop both exact and heuristic algorithms capa-
ble of solving large-scale problems e ciently, extend initial formulations to include multiple
operational criteria and constraints, and explore computational techniques, including ma-
chine learning, to address complex problem instances. By achieving these objectives, this
thesis seeks to provide valuable insights and practical decision-support tools for improved
dispatcher workload management.

The remainder of the thesis is organized as follows. Chapter 2 reviews the literature
on workload balancing and airline scheduling with an emphasis on ight dispatchers. It
introduces the Flight Dispatcher Workload Balancing Problem and presents a mathemat-
ical model designed to minimize the maximum workload across workstations during the
day. A Lagrangian relaxation is applied to derive a closed form lower bound, and a cus-
tom genetic algorithm, Focus-Search-Improve, is developed to obtain high quality solutions
through incremental problem complexity and re nement using insights from the relaxation.
A procedure to generate realistic test instances from historical ight data is also described.
Computational results indicate that the heuristic achieves solutions within 3 4% of the
Lagrangian bound and outperforms a state of the art solver, especially on large instances.
This chapter marks the rst comprehensive optimization approach for balancing dispatcher
workload, demonstrating that minimizing workload deviations signi cantly improves fair-
ness compared to simpler assignment methods.

Chapter 3 extends the model by incorporating additional operational considerations
and multiple objectives. A multi objective framework is proposed that integrates work-
load fairness, ight grouping similarity, and assignment constraints. This extended model
acknowledges that dispatcher e ciency improves when ights sharing similar routes or
weather conditions are grouped together, thus reducing redundant monitoring, and when
con icting ights are separated. Three solution methods are examined: a weighted sum ap-
proach, an epsilon constraint approach, and an evolutionary algorithm based on NSGA-II.
The Focus-Search-Improve heuristic is adapted for the rst two methods, while NSGA-II
operates independently. A review of related multi objective optimization literature is pro-
vided, and extensive computational experiments reveal that NSGA-II rapidly generates a
wide Pareto frontier that exposes trade o s between workload balance and ight group-
ing similarity. In contrast, the weighted sum and epsilon constraint methods, particularly
when employing exact solvers, yield fewer e cient solutions and face scalability challenges.
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This chapter contributes a novel multi objective model that integrates dispatcher work-
load with practical operational factors and demonstrates the e ectiveness of metaheuristic
approaches in balancing multiple assignment objectives.

Chapter 4 tackles the computational challenges associated with the workload devia-
tion objective by incorporating machine learning into the solution process. Exact methods
struggle with even moderately sized instances, prompting the reformulation of the La-
grangian relaxation into a prediction task. A neural network is designed and trained to
predict near optimal assignments for the Lagrangian subproblem using data generated via
column generation. Inputs to the neural network include ight schedule details and dual
prices, and its output is a candidate assignment expected to lower the reduced cost. These
predictions serve as e ective starting solutions or warm starts within the column genera-
tion process, thereby accelerating convergence. The chapter describes the neural network
architecture, training procedures on both small and large instances, and the integration
of these predictions into the overall algorithm. While traditional column generation faces
di culties on large scale problems, the machine learning assisted approach improves both
solution times and quality by directing the search toward promising regions. This work
introduces an innovative hybrid method that leverages machine learning to address com-
plex NP hard scheduling problems, with potential applications in other resource allocation
challenges.

Chapter 5 summarizes the key ndings and contributions of this research and outlines
potential avenues for future work. The models and algorithms developed herein advance
the eld of ight dispatcher scheduling. Future research may explore alternative workload
metrics, integrate dispatcher assignment with crew scheduling, incorporate stochastic el-
ements to better address operational disruptions, and further apply machine learning to
enhance optimization processes. These directions aim to develop decision support systems
that improve the safety and e ciency of airline operations.



Chapter 2

Workload Balancing Problem for Flight
Dispatchers

The airline industry is a driving force for global economic growth with around 8.5 billion
passengers in 2023 and a yearly demand growth of 13.8% in March 2024, measured in rev-
enue passenger kilometers (ACI, 2024; IATA, 2024). Despite facing di culties in the past,
such as uctuating fuel prices and economic downturns, the COVID-19 pandemic has been
the most severe challenge it has encountered. In an attempt to recover to pre-pandemic lev-
els, airline companies are exploring a multitude of cost saving options, including optimizing
operational e ciency.

Commercial aviation is a complex business that requires teams of professionals working
around the clock to ensure optimal operations planning and safe and e cient execution.
While passengers interact with front-end sta such as ight attendants and pilots, there are
behind-the-scene roles crucial to ight operations. One such role is that of ight dispatchers
who are responsible for ight planning before departure and ight following when en-
route. They make critical decisions on ight operations and share legal responsibility on
ight operation with pilots. Hence, they require rigorous training and certi cation. To
obtain a ight dispatcher license in the U.S., one must undergo 200 hours of training
and is required to pass a knowledge test in meteorology, navigation, communications, air
tra c control federal aviation regulations, aircraft operations, among others (U.S. Code
of Federal Regulations Title 14, 2022a).

Flight dispatcher tasks may be broadly categorized into two main phases based on
the status of ights: pre-departure planning and en-route following. Before departure,
dispatcher planning tasks include: fuel, passenger, and cargo load for e ciency; ight
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adherence to regulations and standards; and ight path determination and release. In
particular, dispatchers plan ight path directions and restrictions and timing constraints.
They calculate fuel requirements, decide on loading additional payload, check for weather
conditions along the ight path, and determine landing options in case of emergency.
The dispatcher compiles this information, along with other technical details, in a dispatch
release report, which is then sent to air tra c control at least 30 to 60 minutes before ight
departure (U.S. Code of Federal Regulations Title 14, 2022b). En-route responsibilities
during the actual ight include continuous communication with pilots, regular checking for
weather along the ight path, and monitoring any potential events that could jeopardize
safety. In the event of a contingency, such as a medical emergency, the ight crew will turn
to the dispatcher for guidance and decision-making.

Under high workload conditions, dispatchers may not have su cient time to make
detailed analysis and may resort to conservative approaches, which can have nancial
implications for airlines. For instance, when making fuel calculations, dispatchers may tend
to use intentional overestimates and add extra fuel for safety, reducing the fuel e ciency
of the ight. Even though en-route tasks may require less involvement compared to pre-
ight planning, dealing with contingencies such as changing weather adds to the dispatcher
workload and allows for less time for e ciency planning (L. Huang, Nneji, and Cummings,
2019). Flight dispatchers are crucial for managing unexpected delays and preventing them
from propagating into upcoming ights (A. Abdelghany, K. Abdelghany, and Guzhva,
2024).

As noted by Tan et al. (2024b), workload management is crucial in aviation operations,
with direct implications for e ciency, safety, and cost. Investments in advanced simulation-
based training, stress management programs, and decision-support systems for aviation
operations are crucial in improving the dispatcher workload balance and their ability to
keep up with the dynamic environment.

Airline companies have their own ight dispatchers that work out of their operations
center. In a given day, ights are assigned to workstations for planning and monitoring.
Workstations are up to 24 hours long, and are covered by dispatchers who work in shifts,
usually 8 to 12 hours long. In other words, a workstation may be covered by more than one
dispatcher in order to ensure smooth handover between dispatchers as shown in Figure 2.1.
The workstation is operational from 4:00 am to 10:00 pm and has 10 ights assigned, where
a ight is shown by a horizontal line spanning departure to arrival times. The workstation
is covered by two dispatchers with shifts of 8.5 and 10 hours, respectively and a 30-minute
overlap for takeover. Being responsible for planning and monitoring multiple ights si-
multaneously, dispatchers are expected to multi-task, which stresses the role they play in
maintaining operational e ciency and the level of workload they experience. Dispatchers
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Figure 2.1: lllustration of an example workstation schedule with 2 dispatcher shifts.

operate under uctuating levels of workload as ights change phases and unforeseen cir-
cumstances arise. Their workload depends on the set of ights assigned to their workstation
at any given time and can have a signi cant impact on their performance and the cost and
safety of ight operations. This is the motivation for the current work, where we study the
allocation of ights to workstations with the purpose of balancing dynamic workload. This
chapter speci cally addresses the rst primary research objective of this thesis: to develop
and analyze foundational models for planning and balancing ight dispatcher workload.

Airline operations planning like ight scheduling and crew scheduling have substantial
bodies of literature devoted to them and share mixed integer optimization models and path-
based column generation solution frameworks (Barnhart and Cohn, 2004, Yildiz, Gzara,
and Elhedhli, 2017; Zeighami and Soumis, 2019; D. Lu and Gzara, 2015). More compre-
hensive models involving integrated decisions, practical features or uncertainty/robustness
may lead to larger models that are tackled with metaheuristics (see for example Y. Xu,
Wandelt, and Sun (2021) and the review paper Y. Xu (2024)). In contrast, there is scarce
dispatcher related work and the ight assignment problem does not have a path structure
that is amenable to column generation like other airline problems due to the fact that
ights are assigned to and processed at a workstation simultaneously. Another unique
feature is the measure for workload both for individual tasks and for cumulative workload
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assigned to a single dispatcher. There is very little research on dispatcher workload mea-
surement. For the models developed and analyzed in this chapter, we introduce load as a
unit-less quantity that captures the relative task load of ight planning and following as

a function of ight distance. This measure allows the use of an additive function of task
loads to calculate dispatcher workload. While it falls outside the scope of this work, the
authors recognize that quantifying dispatcher workload is a research question by itself and
is crucial to workload balancing. We note that the problem under study may seem to have
similarity with other known problems which we explore in the literature review and show
that the problem is unique and novel.

The primary contributions of the work presented in this chapter include the de nition
of a new class of problems, the solution methodology that can handle real-life problems, a
test set and detailed testing. We de ne the ight dispatcher workload balancing problem
that assigns ights to workstations so that the workload imbalance amongst the worksta-
tions over the operational time is minimized. We examine the problem under two measures
for workload balance: peak workload and absolute deviation from the average workload.
This problem lls a gap in the literature on a critical airline operations planning prob-
lem and establishes a new class of problems on task assignment to multiple agents with
multi-tasking. We provide a mathematical programming formulation and use Lagrangian
relaxation to decompose the problem into easier-to-solve subproblems and provide a lower
bound. We prove that the Lagrangian lower bound has a closed-form expression, removing
the need to iteratively search for it through subgradient and/or column generation type
of methods. To nd feasible solutions and guided by the Lagrangian lower bound, we de-
velop a Focus-Search-and-Improve metaheuristic with a Genetic Algorithm core (FSI-GA)
where restrictions of the full problem are explored and searched by a genetic algorithm,
and solutions are further ne-tuned by an improvement heuristic. We performed extensive
testing on 2019 U.S. historical domestic ight data from the Bureau of Transportation
Statistics (Bureau of Transportation Statistics, 2023b) and analyzed solution quality, com-
putational time, and workload balance metrics. For the peak workload objective, we found
that the commercial solvers fail for problem sizes as small as 750 ights and 15 worksta-
tions. The Lagrangian lower bound is optimal in all instances with proven solution, which
corresponds to 40% of instances, and the (FSI-GA) heuristic is on average 3.1% away from
the Lagrangian bound. The peak workload objective achieves the goal of balancing the
workload at times where peaks occur but does not directly balance the workload during
other times. On the other hand, the absolute deviation objective achieves better workload
balance, but it is more di cult to solve.

This chapter is organized as follows: In Section 2.1, the relevant literature on ight
dispatching and workload balancing is reviewed. In Section 2.2, the problem setting and
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mathematical models for two objectives are introduced. In Section 2.3, a Lagrangian relax-
ation is proposed and optimal Lagrange bound is derived for the peak workload objective.
In Section 2.4, a genetic algorithm-based search heuristic is proposed. In Section 2.5, prob-
lem instances are constructed based on real world data, and numerical results are analyzed.
Finally, in Section 2.6, conclusions and future research directions are provided.

2.1 Literature Review

Despite the rich literature on airline operations planning, we only found three studies
that focus on ight dispatcher scheduling and assignment. This does not speak to the
importance of the problem, but rather raises a question to whether the problem is entirely
new or is part of a bigger problem class. We conducted the literature review with this
in mind. We rst focus on the three studies mentioned earlier, then we look at problem
classes that have some similarity with dispatcher operations, and nally we review the
literature on workload balancing measures. In our review, we found that ight dispatcher
scheduling presents a new problem and its uniqueness stems from the multi-tasking and
dynamic nature of the workload. This review will therefore examine existing approaches
to identify gaps that this thesis aims to address.

The assignment of ight tasks to dispatchers is studied in Agnetis and Smriglio (2000),
where each ight has only one task associated to it and a dispatcher is assigned one task
at a time. Each task requires a known amount of time to process and a due date. Under
these assumptions, the problem resembles a parallel machine scheduling problem with due
dates where the goal is to nd a feasible assignment. The paper further assumes that
some ights are already assigned to dispatchers, which corresponds to unavailable machine
times in the machine scheduling context, and that the task processing times take a given
set of choices. The authors use a constraint satisfaction approach and explore solution
properties as a function of processing times. C. Santos et al. (2011) study the assignment
of ights to workstations under several goals and requirements. They attempt to capture
the load requirement of a ight by dividing the workday into hourly intervals and de ning
the task requirement per hour as the time that needs to be allocated to the ight during
that hour, e.g., a ight from 13:30 to 14:15 may have a 10-minute task in hour 13, and a
5-minute task in hour 14. The authors make an additional simplifying assumption that a
ight may be assigned to di erent desks during di erent hours. The goals to be optimized
include balancing workload which is measured as the hourly processing time assigned to
a dispatcher, minimizing dispatcher over-utilization (i.e., being assigned more than 60
minutes of processing time), and minimizing the assignment of same ight tasks to di erent
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workstations. Rayner (2021) considers a similar problem to the one studied in this thesis
but focuses on the objective of minimizing the sum of peak workloads over all workstations.
A Lagrangian relaxation and column generation were devised for the problem, along with
construction and improvement heuristics. The construction heuristic assigns ights, one
by one, to workstations with minimum workload at departure times. The improvement
heuristic swaps ight assignments between workstations. Numerical testing is carried for
ights of a European Airline and American Airlines, containing 50-434 ights and for 15,
20, and 25 ights per workstation.

These three studies provide valuable insights into dispatcher scheduling within the
airline industry but fall short of modelling the realistic problem. Agnetis and Smriglio
(2000) assume that a dispatcher deals with only one ight at a time, which is not true in
practice. A dispatcher usually manages multiple ights, some in planning and others en-
route, at any given time. Ignoring the multi-tasking feature of a dispatcher's work leads to
inaccurate assessment of their load. Furthermore, Agnetis and Smriglio (2000) do not take
workload minimization into account as they aim to nd a feasible solution. C. Santos et al.
(2011) models dispatcher workload but resort to representing the task load requirement as
time per hour, which fails to account for due dates and consequently, does not represent
an accurate model. For example, a 10-minute task and two 5-minute tasks represent an
equivalent workload, but if both 5-minute tasks must be nished earlier than the 10-minute
task, say at the 7th and 10th minutes of the hour, not only they would represent a higher
workload for their duration but also the dispatcher may not have enough time to nish
them by the set deadline. Moreover, they split ight tasks between workstations, leading
to ights being assigned to multiple dispatchers, which is not the case in practice.

Rayner (2021) focuses on workload balancing but considers the workload only at ight
departure times. Moreover, minimizing the sum of peak workloads of workstations might
not necessarily achieve a balance, as assigning all ights to the same workstation would
also minimize this objective. Alongside ight dispatchers, air tra c control specialists
(ATC) provide ground support for the ights. Since both ATC and ight dispatchers plan
commercial air tra c for di erent ights, they share similar workload challenges related
to multi-tasking and unforeseen changes.

ATC are government employees responsible for ensuring safety and order in air tra c.
They manage ight operations at the airport and ensure that ight paths are followed and
that there is su cient separation. If necessary, they can make changes to the aircraft speed
and altitude to manage the tra c (Ibafiez-Gijén et al., 2023). A study on the air trac
controllers' mental load by Alharasees and Kale (2024) nds that the communication and
workload are the most crucial factors a ecting the operator's e ciency. The study relates
the operator workload to four characteristics: human behavior, skills, tacit knowledge, and
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practice. There is a vast literature on ATC operations, studies include rostering (Pavlovi¢,
Jovanovi¢, and Stanojevi¢, 2023), capacity planning (Starita et al., 2020), modeling and
predicting the workload (Ibafiez-Gijon et al., 2023; Alharasees and Kale, 2024), and tra c
scheduling (Ikli et al., 2021; Mannino, Nakkerud, and Sartor, 2021). The nature of the
work makes the critical questions for dispatchers and ATCs inherently distinct. While
workload balance is a common goal, the mechanisms to achieve it are dierent. ATC
workload is determined by the preset airspace sector and consequently the ights that use
it. On the other hand, the workload of the ight dispatcher may be managed by optimizing
the assignment of ights to workstations.

Unlike the ight dispatcher workload, the ATC workload is impacted by the airport and
airspace they manage, which are not done for specic ights as in ight dispatchers, but
are assigned ahead of time based on airspace.There is no literature, however, that tackles
dynamic and time-varying load optimization based on airspace assigned, that would apply
to ight dispatchers.

Dispatcher scheduling may resemble known problems already studied in the literature
that consider workload balance such as parallel machine scheduling (Schwerdfeger and
Walter, 2018). Parallel machine scheduling aims to assign jobs with known processing
times to parallel machines. The load, as measured by the processing times, does not vary
over time and the completion time is the objective often minimized (Ying, Pourhejazy, and
X.-Y. Huang, 2024).

Another closely related problem setting is that of service personnel scheduling where
multiple tasks are simultaneously handled by single personnel within a work shift. Nurses
and doctors, for example, may encounter a similar workload structure as ight dispatchers
(Legrain, Bouarab, and Lahrichi, 2015; Schoenfelder et al., 2020). Nurses are responsible
for providing care to patients and monitoring their status, they have specialized training
that designates the unit they can work in. Considering that they monitor multiple pa-
tients simultaneously, face unpredictable spikes in workload as emergencies arise, and are
assigned to speci c wards, their workload resembles that of ight dispatchers. The liter-
ature, however, does not model the dynamic nature of the workload over time. Instead,
the cumulative workload is used. Patient-to-nurse ratio is a measure used for modeling
the nurse workload, and schedules need to have this ratio to be as close as possible to a
target value, which may be set by the government or hospital depending on the location.
Anh (2022), for example, study the fair allocation of service tasks to healthcare workers
by constraining the disparity in cumulative time it takes workers to nish their assigned
tasks. The workload measure is reduced to the cumulative duration of all assigned tasks
and does not explicitly model complexity nor load variations over time. Nurse scheduling
may have additional complexities, for example, the study by Schoenfelder et al. (2020)
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addresses the scheduling problem while also considering patient transfers between units.
Other studies that considered static workload include Maenhout and Vanhoucke (2010),
and Burke, J. Li, and Qu (2010).

These static models consider balancing the total amount of work assigned to nurses, as
opposed to modeling a time-dependent workload and balancing it over time, which is the
case in ight dispatchers. Moreover, nurse scheduling consists of various restrictions and
features, such as patient transfers, unit and specialty restrictions, and assignment quotas,
whereas the assignments of ight dispatchers do not have such constraints. As a result,
these methods are unsuitable in the context of ight dispatchers.

The workload balancing problem of nurses and personnel scheduling is di erent than
that of ight dispatchers in terms of how the workload is de ned. The workload in the
former is one dimensional and represents the total load over time, which aims to balance
the cumulative load as opposed to over time. Flight dispatchers encounter varying levels
of workload over time. As ights depart and land, they require di erent tasks and loads
from the dispatcher based on their status.

To measure workload balance, the literature has suggested multiple metrics depending
on the problem studied. The work of Stecke (1983) on exible manufacturing systems
forms the groundwork of workload balancing measures. They focus on balancing various
aspects of the manufacturing process, such as the processing times of machines, the number
of machines used to process each part, and tool magazine utilization rates. To measure
the workload balance, they utilize functions such as (i) maximum workload, (ii) maximum
pairwise di erence in workload, and (iii) sum of squared pairwise di erences in workload.
They formulate these problems as mixed integer programming problems and linearize the
measure (iii) using cross-product terms. Kumar and Shanker (2001) provide a detailed
comparison of the e ectiveness of di erent workload balancing objectives. Their results
indicate that maximizing machine utilization balances the workload and makes most objec-
tives ine ective. They also nd that minimizing the maximum workload and the pairwise
di erence are the least and most e ective measures for balancing workload, respectively.

However, it should be noted that these results are for the exible manufacturing systems
where the characteristics of a job are di erent from those of a ight in ight dispatcher
scheduling. The di erence is in the availability of jobs. In exible manufacturing systems,

a job may be processed at any time once the prerequisite processes are completed, which
are also determined by the schedule. In ight dispatching, a ight has speci c intervals

of time during which the dispatcher must complete the related tasks. Vanheusden et al.
(2022) address the workload balancing problem in warehouse order-picking operations and
extend such metrics to multiple sets as: the sum of the peak workload in each zone, the
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sum of variance in the workload of each zone over time, the sum of absolute deviations
from the median workload in each zone over time, and the lexicographic peak workload in
zones.

It is important to note that the workload balancing problem considered in this thesis
di ers fundamentally from classical scheduling problems. In traditional nurse schedul-
ing, for instance, the objective is to balance the cumulative workload over an entire shift
while accommodating constraints such as patient transfers, unit and specialty restrictions,
and assignment quotas. In contrast, our problem addresses the dynamic nature of ight
dispatcher operations where workload varies continuously over time. Moreover, although
Rayner (2021) also studies workload balancing, their formulation considers workload only
at ight departure times. In their objective function, assigning all ights to a single work-
station would minimize the sum of peak workloads, a solution that is clearly not useful.
By continuously monitoring workload throughout the operational period, our model avoids
such trivial minimization and more realistically captures the complex, time-dependent na-
ture of dispatcher workload.

The literature review revealed that current work on ight assignment and dispatcher
scheduling makes limiting assumptions on load measures, on ight-to-dispatcher assign-
ment, and on workload balancing. In this work, we model a more realistic setting that
accounts for multi-tasking and introduces a load de nition that is not time-based. This
turns out to be, to the best of our knowledge, a new problem that has not been studied in
literature. The identi ed limitations in current approaches and the unique characteristics
of the dispatcher problem motivate the work presented in this chapter. In the following
section, we formally de ne the problem under study, we detail the load de nition that we
adopt, and we present a nonlinear mathematical model along with a linearization.

2.2 The Dispatcher Workload Balancing Problem

The ight dispatcher workload balancing problems attempts to nd an assignment of ights

to workstations such that the workload is balanced among workstations. Each ight is
assigned to exactly one workstation, and it is managed by the dispatcher working at the
workstation at the time. Flights have scheduled departure and arrival times that dictate the
time-varying load required by the assigned dispatcher. The load represents the cognitive
and physical load that a ight requires from the dispatcher, which may depend on the
ight path, its time, aircraft characteristics, and airports. The load varies over time as
the ight changes status, and as a result, the workload of a dispatcher changes as the
load requirements of their assigned ights changes. It should be noted that the terms
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Figure 2.2: Variation of required load for three ights, departing at 6:08 am, 6:52 am,
10:08 am, respectively.

dispatcher and workstation are used interchangeably in this context, as a workstation has
one dispatcher always working at it.

To illustrate these aspects on an example, let us consider 3 ights and 2 workstations.
The ights depart at 6:08 am, 6:52 am, and 10:08 am, and land at 4:58 pm, 5:02 pm,
and 8:03 pm, respectively. Planning for a ight starts 150 minutes before departure and
lasts until 30 minutes before departure. Following the planning tasks, there is no task or
load required from the dispatcher until the ight departs, after which the en-route tasks
begin and last until the ight arrives at the destination airport. Figure 2.2 illustrates the
distribution of load requirements of the three ights over time. Let us consider two possible
ight-workstation assignments where ights are assigned to workstations (1, 1, 2) and (1,
2, 2), respectively. Under a workload model where workload of a workstation at any given
time is equal to the total load requirement of its assigned ights at the given time, the
workload distribution of the two solutions would vary over time as depicted in Figure 2.3.
Although the question of whether solution 1 or 2 has a better-balanced workload depends
on the balance measure, solution 2 is more likely to be preferred by most measures because
of its smaller di erence in workstation workloads over time.

In order to calculate workstation workload, a set of time-points is required. While
de ning this set in equal time intervals such as minutes or seconds may be accurate to
capture workload variation over time, it is neither necessary nor e cient. It is not necessary
since the variation in load over time is due to ights changing status, so it is su cient to only
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Figure 2.3: Comparison of workload in two di erent assignments where workstation as-
signments of ights are (1, 1, 2) and (1, 2, 2), respectively.

consider the set of time-points where at least one ight has a change in load requirement.
Similarly, it is not e cient because if two time-points are identical in terms of ight load
requirements, they will also have an identical workload, and the number of time-points
can be reduced. Let us denote by the set of time-points at which there is a change in

the load requirement of any ight. For the example instance provided in Figure 2.2T is
{3:38, 4:22, 5:38, 6:08, 6:22, 6:52, 7:38, 9:38, 10:08 am; 4:58, 5:02, 8:03 pm}, i.e., whenever
planning or en-route tasks of a ight start or end. Note that the cardinality of T is not
necessarily a multiple of the number of ights since some time-points may be common to
multiple ights and the elements of T are all distinct.

The distribution of ight load and workstation workload gets more complex as the
number of ights increases. Figure 2.4 illustrates an example instance that consists of 50
ights and 2 workstations. Ideally, the load would be distributed equally among work-
stations resulting in equal workload for all. This is unlikely to happen in practice given
the discrete and the time-varying nature of load and the fact that a ight load cannot
be split between workstations. Hence, we aim to balance workload under two measures:
minimizing the peak workload and minimizing total absolute deviation from the average
workload over time. Formally, given a set of ightsl, workstationsK , discrete time-points
T, and ight load requirement h;; of ight i 2 1 attime t 2 T, the Flight Dispatcher Peak
Workload Balancing Problem (PWP) aims to nd an assignment of ights to workstations
that minimizes the maximum workload observed ovet 2 T and k 2 K. On the other
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(a) Flight load requirements over time

(b) Distribution of workload among workstations over time in a solution

Figure 2.4: Flight load requirements and distribution of workload in a solution for an
instance with 50 ights and 2 workstations.
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hand, the Flight Dispatcher Absolute Workload Deviation Balancing Problem (ADP) aims
to nd an assignment that minimizes the total absolute deviation of workstation workloads
from the average workload observed oveér2 T.

The load of ight i 2 1 attime t 2 T, hy, is unitless and re ects the relative load level
among ights and tasks, e.g., if the planning task requires twice as much as the en-route
task, the load associated with planning and en-route must re ect that same ratio. It is
ight dependent as load may vary between ights, e.g., regional, international, as well as
during di erent phases of the ight, such as planning and en-route. It is commonly said
that a dispatcher has about 5 ights en-route for every ight they are planning at a given
time (Collier and Bartels, 2021). The load may also depend on the dispatcher given their
experience, which we do not consider in this research as we focus on the assignment of
ights to workstations and not on dispatcher scheduling. The latter is in and of itself
an important research question that needs to consider personnel scheduling aspects like
seniority, preference, and availability. In calculating workstation workload using as the
sum of assigned ight loads, we assume that ights do not share common characteristics
that might a ect their combined workload, which might not be the case in the real world.
For example, when planning for two ights that have the same origin airport or that
y similar routes, the dispatcher may face a reduced load due to the similarity between
the tasks. Incorporating workload functions that account for learning e ects, dispatcher
experience, and other dependencies requires rigorous research that is lacking in the current
literature.

We denote the assignment of ighti to workstation k by a binary decision variablex;,
which takes value 1 if the ight is assigned to the workstation and O otherwise. We use
f (x; h) to represent a general function that measures the workload imbalance in a given
assignmentx based on the ight load requirementsh. The workload imbalance measuré
produces a scalar value, which is minimized by the assignment with optimal workload bal-
ance. Given this notation, general mathematical model for the Flight Dispatcher Workload
Balancing Problem is:

min f)éx;h) (2.1)
S.t. Xik =1 8i 21 (22)
k2K
Xk 210;1g 8i21;k 2 K: (2.3)

The objective function (2.1) minimizes the workload balance measure functidn con-
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straints (2.2) assign each ight to exactly one workstation, and constraints (2.3) set the
domains of assignment variables to binary. The measure functidnis the key factor af-
fecting the di culty of the problem, as it may comprise nonlinear terms.

When minimizing the peak workload,

X
f(x;h) = nax i hit Xi (2.4)
which is a nonlinear function and may be linearized by introducing decision variabke™®

to represent the maximum workload observed across all workstations and over all time-
points. The Flight Dispatcher Peak Workload Balancing Problem (PWP) is:

(PWP): min l;(max (2.5)
s.t. Xi =1 8i 2| (2.6)
(2K
hiXi FM 8t2T:k2 K (2.7)
i21
Xik 2f0;1g;F™ 0 8i 21k 2K: (2.8)

The objective function (2.5) minimizes the peak workloadr ™®*, and constraints (2.7) set

the peak workloadF ™® as the maximum overt 2 T andk 2 K.
P

For the absolute deviation workload, let ; = ZT'Jh” denote the average workload per
workstation at time t 2 T. The balance measure IJunction takes the form:
X X X
f(x;h) = hieXik ¢ s (2.9)
k2K t2T i2l

which minimizes the total absolute deviation of workstation workloads from the average
workload ; overt 2 T. The measure is nonlinear due to the absolute value function, which
may be linearized introducing a decision variabley that represents the absolute di erence
between the workload of workstationk 2 K and the average workload ; at time point
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t 2 T. The Flight Dispatcher Absolute Workload Deviation Balancing Problem (ADP) is:

X X
(ADP): min Vik (2.10)
SEK 12T
S.t. Xik =1 8i 21 (2.11)
k2K
hitXik t Vik 8k 2 Kit2T (212)
i2IX
hit Xik + ¢ Vik 8k2K;t2T (213)
i2l
Xk 2T0;1g;vek O 8i21hk2K:t2T: (2.14)

The objective function (2.10) minimizes the total workload deviations over workstations
and time-points. Constraints (2.12) and (2.13) sety as absolute value of the di erence
between workstationk 2 K workload at timet 2 T and the average workload at time
t 2 T. Constraints (2.14) set the domains of the variables.

Even though we can linearize the nonlinear objectives for both (PWP) and (ADP),
the resulting mixed integer programming problems are challenging to solve. As reported
in Section 2.5.2, existing solvers fail to solve real world size instances within hours of
computational time. The main challenges are the inherent nonlinear objectives and large
scale. For example, there may be thousands of ights in each day, which could amount
to hundreds of thousands of decision variables. We thus focus on developing solution
methods that can solve real world instances quickly. In the following section, we propose
a Lagrangian relaxation of (PWP) and derive closed form expressions of the Lagrangian
bound.

2.3 Lagrangian Relaxation and Lower Bounding

In this section, we explore a Lagrangian relaxation (Geo rion, 1974) on the Flight Dis-
patcher Peak Workload Balancing Problem, examine characteristics of the resulting sub-
problem and prove that the Lagrangian bound has a closed-form expression.

In an e ort to solve the Flight Dispatcher Peak Workload Balancing Problem (PWP)
e ciently, we propose to relax assignment constraints (2.6) with unrestricted Lagrangian
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multiplier ;, 1 2 |. The resulting Lagrangian subproblem is:

X X
(SP) . Zsp = min F™® i Xik (215)
X i21 k2K
S.t. hitXik f max 8t2T:k2K (216)
i21
Fm&  0;xyx 2f0;1g 8i2l;k2K: (2.17)

The Lagrangian lower bound.R v is the solution of the following Lagrangian dual prob-
lem:

X
(DP)maxzsp + i (2.18)
i21

which may be reformulated as a linear program, leading to the Lagrangian master problem:

X
(MP) IZvp = max + i (219)
st + xho o Fpe 8h2H (2.20)
i21;k 2K
i 2R 8i 2 I: (2.22)

whereh 2 H represents the indices of solutions!, and F"® feasible toSP, and is the
auxiliary variable for linearizing the master problem objective, representing the subproblem
objective zsp. The dual of (MP) is the Dantzig-Wolfe master problem:

X
(DW): min nF e (2.22)
SZH
s.t. h=1 (dual variables: ) (2.23)
S&H
nxh =1 8i21;k 2K  (dual variables: ;) (2.24)
h2H
n 0 8h 2 H: (2.25)

Di erent approaches exist to solve the Lagrangian dual problem. Two of the most
common algorithms are subgradient optimization and cutting plane/column generation
methods. However, in this particular case, the Lagrangian dual proble@P may be
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solved explicitly. In the remainder of this section, we explore the mathematical properties
of the subproblemSP and the Lagrangian dual problemDP and provide a closed-form
expression of its optimal solution.

2.3.1 Properties of the Lagrangian Subproblem

To study the properties of the subproblem for its e ective solution, we rst investigate
the relationship betweenSP and its linear relaxation, which we callLSP. In particular,
we show thatSP does not have the integrality property, and the maximum workload is
not necessarily the same in the optimal solutions afSP and SP. Second, we prove an
important property of the subproblem that greatly helps with its solution.

For the integrality property, let us consider an example with 4 ightsl = f1;2;3;4g,
2 workstations K = f1;2g, three-time-points T = [1;2; 3], Lagrangian multipliers ; =
[12 9;12 9], and load matrix:

2 3
0 0 16

ho-60 24 242
""416 0 O
24 24 0

(2.26)

The optimal solution of SP is xx = 1 for all i 2 I;k 2 K with objective 36 and
Fmax = 48, whereasLSP has solution

2
1 1

0:67 Q67
Xig =§ L1 é (2.27)
0:67 Q67

with objective 40 and F™® = 32; di erent from that of SP. Therefore, the SP does
not have the integrality property. Next, we show that the Lagrangian bound has a closed-
form solution by rst showing that the subproblem SP has an equivalent reduced problem
in Proposition 1, we then use this result to derive the closed-form Lagrangian bound in
Proposition 2.

Proposition 1 The Lagrangian subproblensP :

1. has an optimal solutionx in which all workstations are assigned the same set of
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2. reduces to an identical subproblem of this form:

X
(RSP): min F™ j Kj i Xi (2.28)
X i21
s.t, hexi ™ 8t2T (2.29)
i21
FM>  0;x; 2f0;1g 8 2 I; (2.30)

wherex;, i 2 |, is a binary decision variable that takes value of 1 if ight is assigned
and zero otherwise.

Proof: Let us write SP in the following equivalent form whereF"® is the peak workload
of workstation k:

X
min F™ i Xik (231)
X i21;k 2K
s.t, hixy — Fm 8t2 T:k2 K (2.32)
i21
Frax  pmex k2K (2.33)
FMC R 0; x 2F0;1g 8i2I;k 2K: (2.34)

The proof seeks to nd a lower bound and an upper bound, corresponding to a feasible
solution, that coincide. For the lower bound, let us resort to the following Lagrangian
relaxation where the second set of constraints are relaxed with Lagrange multipliers
0; k 2 K, leading to

|

X ' X X
Zsp( ) =min 1 K FM 4+ kF|:naX i Xik (2.35)
X k2K k2K i21;k 2K
S.t. hitxik Flz’nax 8t2T;k2 K
i21
(2.36)
FMC R 0 x 210;1g 8 21,k 2K;
(2.37)

where is the vector with items ; k2 K. Forany ¢ 0, avalid lower bound iszsp( ).
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We are particularly interested in |, = JKLJ and its corresponding subproblem:

X 1 X
Zsp( ) =min .K—.kaax i Xik (2.38)
SgK J J i21;k 2K
s.t. hixic  F 8t2 T:k2K (2.39)
i21
Fo? 0, xi 2f0;1g 8 2 Ik 2 K: (2.40)

The latter is decomposable intgK j identical subproblems:

. 1 X
(RSP): zrsp =min _K—_Fma" i X (2.41)
JX J i2l
s.t. hitXi F max 8t2T (242)
i2l
Fm& 0, x; 2f0;1g 8 2 I: (2.43)

Let us denote the optimal solution of(RSP) asF™ and x;; i 2 |: The lower bound is
then
!
1 max x max ; x
_K—_F iX; =F ] Kj iX: (2.44)
18] i21 i21

K]

Now let us build a feasible solution toSP, which we recall as:

X X
min F™ i Xik (245)
X i2l k2K
sit. hexia  F ™ 8t2 T:k2 K (2.46)
i21
Fm&  0;xy 2f0;1g 8i 2k 2K: (2.47)

Based onx; ; let Xix = x, k2 K and F" = F™* which is obviously feasible toSP. Its
corresponding objective gives the following an upper bound:

— X X X
Fmax iYik - Fmax J KJ iX'

, (2.48)
i2l k2K i21

As the lower bound 2.44 is the same as the upper bound 2.48;k;fmax) is optimal to
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SP.

In fact, for any optimal solution of subproblemSP, every pair of workstationsigl; ko 2 K

has identical ight assignments with rgspect to maximum Workloadnax{pT i>1 Nit Xik

and tot@ Lagrangian mgtiplier Weightp > iXik. In other words, maxir i, hit Xk, =

maXgot i21 hitxik2 and io1 iXiky = io1  iXikz for kl;kz 2 K.

To show this, letx = fxji 2 f0;1g8 2 I;k 2 Kg denote an optimal soIL,gion to the
subproblem. The total penalty for workstationk, denoted by , is given by ., X

Furthermore, we de ne ™ as the maximum penalty across all workstations: ™ =

maxgxk k. Consider two subsets of workstations:A and B such that A; B K. We
de ne A as the set of workstations for whichF"® is maximized. Similarly, B consists of
workstations where  is maximized. Hence,

Fmax = FM. g8k 2 Aand ™ = ; 8k 2 B: (2.49)

Let us establish thatx is optimal if and only if setsA and B coincide. First, suppose
A* B, meaningAnB 6 ?. For a workstation | in A but not in B, we have:

Flmax - Fmax; | < max: (250)
For any workstation 1%in B,
1< 0 BT RS (2.51)

Considering a modi ed solution where workstatior follows the assignments of workstation
1%in x (with all other assignments remaining unchanged), the objective becomes:

!
X

max kaax k |+ oo (252)
k2K nflg K2K

This is strictly lower than the objective value ofx , indicating that workstation | does not
appear inx . This leads us to concludéA B for optimality. Second, for the reverse
scenario, assum& * A orB nA 6 ?. A workstation | 2 B nA satis es:

Flmax < F max; | — max: (253)
If all workstations follow the assignments of, the objective becomes:

Fme ) Kj (2.54)
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which is strictly lower than x . Thus, for optimality, B A. Therefore, setsA and B are
identical in an optimal solution.

Next, we show thatA and B collectively include all workstationsK in optimal solutions.
Supposé® belongs to bothA and B. For a workstation | not in A or B, we have:

Flmax < F max; | < max: (255)
A solution wherel adopts the assignments o yields a reduced objective value:
X X
F max Kk > F max ( K |+ |O): (256)
k2K k2K

Therefore, all workstations must be in bothA and B for optimality, implying that all
workstations have equal peak workloads and incur identical penalties in optimal solutions.
Proposition 1 implies that instead of solvingSP which involvesjK jj1 j binary variables, we
could just solveRSP with just jlIj binary variables. In that case, the Lagrangian master
problem MP is reduced to:

X
(MP)ZMP = maxX + i (257)
i21 X
st +jKj  xM ;o R 8h2 H (2.58)
i2l
2R; 2R 8i 2 I (2.59)

In the following section, we provide a closed form expression for the optimal Lagrangian
bound.

2.3.2 The Optimal Lagrangian Bound

The reduced subproblenRSP provides the basis for deriving a closed form expression of
the optimal Lagrangian lower bound. Proposition 2 shows that the master probleid P
has a known optimal solution.

Proposition 2 The optimal objective value of the Lagrangian master probldvhP is given
by:

X hy
max iKj (2.60)

i21

27



P
Proof: First, we show that maxt 5, J% is a lower bound forMP . Consider the dual

solution given by ( =0; ; = n<—1 8i 2 I). Here, s corresponds to a time-point that
maximizes the total load requirement of ights. Explicitly, s is:
X
s2 argmax  hg: (2.61)
2T .
i21
This solution ( =0; ; = hr 8i 2 1) satis es constraints (2.58) since the left-hand side

becomes equivalent to the workload at times, which is always less than or equal to the
peak workloadF"&:
. . X h|s X X
( =0+ jKj x" ;=2 = x"hy F™ =max hyx" (2.62)
, K] _ t2T
i21 i21 i21
: L P . :
Therefore, its objective,max2t i, 5 » is @ lower bound. Next, we show that this value
is also an upper bound foMP . Let us consider a relaxation oMP obtained by keeping
constraints (2.58) for two feasible solutions dRSP. That is, we remove all constraints that
correspond to feasible solutions other than these two. The rst solution does not select
any ights, x; =0; 1 2 |, whereas the second solution selects all ightx; =1;i2 1. The

corresponding relaxed master problem is:

X
max + i (2.63)
i21
s.t. 0 (2.64)
X X
+ jKj | i rtnze%x. hit (2.65)
i21 i21
2R; i2R 8i21l: (2.66)
Let us assumethat its solution is, i 2 I: Being a relaxation ofMP , the corresponding

objective + ., ; is an upper bound ofMP . Multiplying the constraint (2.64) by
(JKj 1) and adding the resulting inequality to the constraint (2.65) leads to the following
condition on the objective function:
X X X X hy
JKj + K] i max hg) o+ i max

2T _ 27 jKj’
i21 i21 i2l i21

(2.67)
o P he o : :
which implies that max.,t L js an upper bound. Therefore, as this value is also

i21 K]
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previously shown to be ajower bound, the Lagrangian dual probleMP has an optimal
objective value ofmax.r 5, JT<—‘J For the problem instances wherd;; is integer valued
and x;. are binary, the opt['gnal solgfion is integer valued, and the Lagrangian bound can
be rounded up to maxar |, R<—tj .

As a result, the optimal Lagrangian lower bound is calculated directly without the need to
solve the Lagrangian dual iteratively. In the following section, we devise a heuristic that

exploits the Lagrangian bound.

2.4 A Lagrangian Guided
Focus-Search-Improve Heuristic

In practice, ight dispatcher operations often involve managing over thousands of ights
per day. This leads to large-scale instances of the load balancing problem that need to be
solved repeatedly and in short computational times. As a result, we develop a multi-layered
genetic algorithm, which we refer as Focus-Search-Improve Genetic Algorithm (FSI-GA),
that produces high quality solutions in very short times as shown in the numerical testing.
The heuristic searches for solutions in three main phases: focus, search, and improve,
which form a hierarchy in terms of how they a ect the search for feasible solutions and
the frequency in which they are applied. First, FSI-GA focuses the search by restricting
the search space by considering only a subset of time-poift§ 2 T, thus reducing the
computational cost of building and evaluating solutions. Second, a genetic algorithm rst
generates local solutions on the restricted space, then updates the pool of overall solutions
by evaluating the workload balance over all time-pointsl'. Third, solutions are further
improved using a two-swap improvement heuristic. All three search phases are applied
repeatedly by selectively augmentingr® and consequently expanding the search space.
Genetic algorithm was chosen as the core solution exploration method mainly because
almost all of its procedures can be parallelized to take advantage of multi-threading, which
allows utilizing more of the available computational resources. Figure 2.5 gives an overview
of the algorithm, and the three phases are explained next.

2.4.1 The Search Phase

The search phase consists of a Genetic Algorithm, which uses conventional settings and
employs crossover-mutation and elitism in generating new solutions and terminates when
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Figure 2.5: Overview of FSI-GA.

the incumbent equals the Lagrangian lower bound, or by time limit. Solutions are repre-

assignments of ights, e.g., if index takes valuek, ight i is assigned to workstatiork in
the generated solution. Example representations can be seen in Figures 2.6 and 2.7.

To initialize the genetic algorithm, a population of solutions is initialized randomly by
generating vectors of sizd j with each element taking a random value fronfil; 2;:::;jKjg,
i.e., each solution is a random permutation of1;2;:::;jKjg.

To generate a new population, the€®™ solutions with best objective values are selected
as elites and are added to the new population without modi cation. In addition, a select
set of parent pairs are recombined and mutated. Selection is based on an exponential rank
selector that assigns a selection weight, = -2 to a solution with rank r, where the best
solution has rankr = 1, cis the rate parameter, andP is the population size. Each pair
of solutions undergoes crossover and mutation operations to generate two new solutions
that are added to the population. The crossover operator uses a uniform crossover where
each bit of an o spring is treated separately and chosen from either parent. Each of the
two o spring has a designated parent from which they are more likely to inherit genes,
this is controlled by the crossover probabilityp. where the o spring inherits the gene from
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Figure 2.6: An example of uniform crossover operation on two solutions for 5 ights and 3
workstations.

their designated parent with probability 1  p. or from the other parent with probability

p.. An example crossover operation is illustrated in Figure 2.6. The mutation operator
changes the bit to a di erent and randomly chosen value, which corresponds to changing
the workstation assignment of a ight in the solution, Figure 2.7 illustrates an example
mutation.

2.4.2 The Improvement Phase

The Two-Swap Improvement Heuristic modi es a given solution by considering swapping
workstation assignments of two ights. The rst ight is selected so that, if assigned to a
di erent workstation, the balance objective may improve. For ADP, this could be any ight,
whereas for PWP, it corresponds to ights that are assigned to workstations with highest
peak workload and active at a time-point where the workstation workload |§ at the peak,
i.e., fromsetlt=fi; 2 1j9t 2 T;k 2 K : Xj,x = 1;hi;¢ > 0,k 2 argmax,x i21 DX 9.
The second ight is selected such that, when swapped with the rst ight, there is an
improvement in the balance objective for their workstations over the times where either
ight is active. For ADP, it means a decrease in the objective function value, while for
PWP it means that the peak workload of the related workstations at times where either
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Figure 2.7: An example mutation operation on a solution for 5 ights and 3 workstations.

P

ight is active is less than the previous overall peak workload. Leffy = maxor 5, hicXik
denote the peak workload of workstatiork 2 K, the set of such ights for a given ight
i1 2 11 can be expressed for PWP and ADP as:

8 9
Xiik, =15 Xik, =15
X
hit Xji, + Niye < Fyy;
21 6i =
(PWP)I12(i)= _ip21 x : (2.68)
hit Xjk, + Nije < F,;
j21:j 8is
' 8t2 T :hj+ hi,;>0; 9k;;k, 2 K’
8 9
Xitky =15 Xipk, =15
X X X
hit Xjk, + iyt t < Vit
2T j21;) 6i 2T =
(ADP)1%(i)= _i,2 | ' : (2.69)
X X X
hjt Xjk, + iyt t < Vit s
2T j21:j 6is 2T
: 9k, ks 2 K '

The improvement heuristic searches the sdt’(i;) for i, 2 1%, and a swap is performed
when an eligible ight i, 2 12(i4) is found fori, 2 11, The operation is applied recursively
until no eligible swap can be found. For PWP, it should be noted that a swap does not
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necessarily decrease the global peak workload, but it does guarantee a decrease in peak
workload of the assigned workstations of ights; and i, at times where either ight is
active.

2.4.3 The Focus Phase

The focus procedure initialises the subset® by ranlﬁ{,pg time-points in non-increasing
order of total ight load requirements, calculated as ,,, hy for t 2 T, and selecting
the rst time-points. This may not yield entirely accurate solutions since the objective
does not account for the workload balance outsid&€® To address this, the algorithm
regularly evaluates the solution objectives for two di erent time sets within its solution
pool, incrementally expandingT °with the time-points that have the largest impact on the
objective. Meaning that the added time-point is the one that has the largest peak workload
exceeding that ofT°for PWP, or the one that has the largest total absolute deviation from
the average workload for ADP.

The incremental extension ofT ® serves two purposes: it re nes the solution accuracy
as the algorithm progresses and avoids sets of time-points that have similar workloads.
Workload similarity in this context refers to time-points in proximity (e.g., 15:01 and
15:02) where ights are at similar operational phases, requiring similar levels of dispatcher
workload. Including time-points with similar workloads in T® may result in redundant
computations.

An error metric, denoted asE(T9), is introduced to update the setT?

X
E(TY: = fror to(X ;h)  fro(X ;h) 8t2T;T° T: (2.70)

X 2XT0

In the metric, X ;, denotes the set of solutions o ®, and f 1 (x; h) is the balance objective
value for solutionx and ight loads h calculated over sefl. For a given time-pointt that
is not present in T% metric calculates the error in usingT® as an approximation of the
workload balance compared to using°[f tg.

In particular, for a given set of best solutions in the populatiofX , and the best objective
value in the population z , procedure selects one of the time-point that maximizes the

33



expressions (2.71) and (2.72) for PWP and ADP, respectively:

X X
argmax maxfOmax hgXix 2z g (2.71)
t2TnT% yox k2K )

X X X
argmax hit Xik t (2.72)
2TT% yox k2K 2l

A detailed procedure to update this subset of time-points is presented in Algorithm
A.2.

2.5 Numerical Testing

In this section, we report on extensive numerical testing performed on (PWP) and (ADP)
to assess the quality of the Lagrangian lower bound calculated using the closed form ex-
pression, and the performance of the FSI-GA heuristic relative to the Lagrangian bound
and to the commercial solver Cplex. We also analyze the e ectiveness of the minimum
peak workload objective function in achieving the main goal of balancing workload among
workstations and over time. All testing is performed on real data instances that we describe
in Section 2.5.1.

All computations are made on a computer that has an Intel i7-4790 processor with a
speed of 3.6 GHz and 8 GB of RAM. Mathematical formulations are solved using Cplex
20.1 implemented in Java 18.0.1. Node les, produced when solving the mixed integer
program as the branch-and-bound tree is explored, are stored in the memory with a 3 GB
limit. Additional les that exceed the limit are stored on a hard-disk drive. The heuristic
methodology is implemented in the same Java version utilizes a multi-threading structure
limited to 8 threads, same as the Cplex solver.

2.5.1 Flight Data and Workload Determination

We generate test instances from U.S. historical domestic ight data of the Bureau of Trans-
portation Statistics (Bureau of Transportation Statistics, 2023b) for the year 2019. Since
the workload balancing problem is a daily problem and is airline speci ¢, we form instances
by considering ights departing on the same day and operated by the same carrier on a
single day, excluding cancelled ights. A ight is de ned by the departing and arrival air-
ports and times. As ights may span multiple time zones, we standardize local ight times
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Figure 2.8: Distribution of the number of ights in test instances.

to Central Standard Time (CST, UTC -6). This ensures consistency when accounting for
workload as a dispatcher center may oversee ights from several time zones. For example,
a ight departing from Atlanta at 10am and another departing from Denver at 8am, in
local times, would need their planning tasks done in parallel. We generate 231 instances
that span multiple airlines and varying sizes in terms of number of ights. Table 2.1 and
Figure 2.8 provides summary statistics of the instances.

Table 2.1: Flight summary statistics of the test instances, categorized by carriers.

Instance Flights per instance time-points per instance
Carrier count Min.  Avg. Max. Min. Avg. Max.
Alaska Airlines 24 527 611 640 325 355 390
American Airlines 24 1,889 2,101 2,208 1,331 1,389 1,448
Delta Air Lines 83 1,706 2,276 2,627 1,151 1,262 1,330
Endeavor Air 24 313 378 431 591 651 731
SkyWest Airlines 22 1,415 1,774 2,363 1,091 1,166 1,249
Southwest Airlines 35 2,656 2,965 3,968 278 299 335
United Air Lines 19 1,161 1,416 1,870 1,107 1,176 1,334
Overall 231 313 1,873 3,968 278 955 1,448

There are relatively more instances from Delta Air Lines and Southwest Airlines as they
are both among the top three carriers in the U.S. domestic passenger market in terms of
market share (T4, 2022; Bureau of Transportation Statistics, 2023a), and have the largest
problem instances, with the largest instance having 3,968 ights. The time-points refer to
the set T de ned in Section 2.2. The number of time-points per instance is on average
about half the number of ights, which implies that usually multiple ights have a load
change at some time-point. Both the number of ights and number of time-points, along
with the number of workstations, determine the size of the optimization models solved in
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terms of the number of decision variables and constraints. For an instance witlj = 1826
ights, jTj = 943 time-points, and jKj = 100 workstations, problem (PWP) has 182,600
binary variables, and 96,126 constraints.

Determining ight load requirements is critical to the load balancing problem. As
discussed earlier, it is commonly agreed that the load of a ight has two phases: planning
and en-route. The planning phase includes tasks to get the ight plans ready, such as fuel
planning and preparing the dispatch release. It starts 150 minutes before departure and
lasts 120 minutes. There is no load in the 30-minute interval before departure as the ight
prepares for takeo . The en-route phase starts at takeo and ends at landing and includes
monitoring the ight and the weather and dealing with any alerts. To put numbers to the
load associated with the tasks in each phase, we base the load on ight distance. The idea
is that longer ights require more preparation before takeo and has larger meteorological
regions to check while in the air, which serves as an indication of the load required from
the dispatcher. Moreover, weather information at the arrival airport is not as reliable on
longer ights due to the larger time span, which presents a higher risk of contingencies that
may require revising the ight plan. In rare case that may entail diversion to an alternate
airport which would cause substantial workload on the dispatcher (Bartels, 2019; Collier
and Bartels, 2021; Collier and Bartels, 2023). We acknowledge that an accurate numerical
representation requires data from actual ight dispatcher operations. However, no such
study has been done in the literature, and the subjective de nition of what constitutes
workload presents another research problem by itself.

We note that unforeseen events such as abrupt changes in weather conditions are not
captured explicitly in the workload. This is due to to the di culty in determining the
timing of such random events as we account for workload at time-points when workload
changes. It is implicitly aggregated in the workload corresponding to en-route ight mon-
itoring. |

m
The planning load and the en-route load, respectively, are assigne8=2 (™. gng
m

Distance (M units of load per minute, adding one planning and en-route load level for

every 250 and 1250 miles own. The reasoning for using these intervals is related to the
average distance covered by ight between weather forecast updates, which roughly equates
to 1250 miles considering landing and take-o . Figure 2.9 presents the distribution of load
requirements over the 24-hour operational cycle. Figure 2.10 illustrates the distribution of
ight planning and en-route loads per carrier over all testing instances.

The number of workstations in the operations centers of carriers is typically kept con-
dential and not shared with the public. According to statistics reported by Hope (2017),
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(a) Load requirements

(b) Number of active ights

Figure 2.9: Planning and en-route phases over the operational hours in the problem in-
stance of Delta Air Lines 4 Sep 2019.

Figure 2.10: Distribution of planning and en-route load requirements of ights in the
generated instances, categorized by carrier.
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Air Canada utilizes 22 ight dispatchers working in 8-hour shifts, managing an average
of 750 ights daily. With all workstations operating 24 hours and three dispatcher shifts
distributed throughout the day, each workstation handles an average of 102 ights. For the
sake of simplicity, we round this numiper tg 100 ights per workstation and use it to de-

termine the number of workstations as i'o‘o Additionally, we test a rate of 50 ights per

workstation, and each instance is tested at ratios resulting in two classes of instances, R100
and R50 instances refer to an average of 100 and 50 ights per workstation, respectively.
Note that we do not enforce that 100 (or 50) ights are assigned to each workstation, but
rather we use it to set the number of workstations only.

The method of determining the number of workstationgK | based on a ight-to-
workstation ratio was informed by the Air Canada operational data and led to the R50 and
R100 scenarios detailed previously. This approach was adopted for the research to ensure
a practical and scalable means of de ning this key parameter, allowing for consistent ex-
perimentation with the workload balancing models across diverse datasets and operational
scales. Using a preset ratio is, however, a simpli cation of real-world practices.

2.5.2 Quality of Solutions

In this section, we assess the quality of the solutions generated by FSI-GA relative to the
Lagrangian lower bound and to the performance of the commercial solver Cplex. The
genetic algorithm is applied with a population size of 128, elite CeUNg of kg, mutation rate

of 5, crossover rate of:?, initial time-point set size =20+ max 4 5 and a time

limit of 90 seconds for the full heuristic. Cplex is applied with a time limit of 1 hour clock
time (TiLim=3600).

Tables 2.2 and 2.3 report on the gaps between Cplex and FSI-GA and Lagrangian
bound, the percentage of instances where either method outperforms the other, and on
computational times for R100 and R50 instances. We report the results by averaging
instances with the same number of workstation& . The Cplex MIP Gap is calculated
asC_Gap=100 Cplexincumbent Cplexlower bound. = The gap between Cplex and FSI-GA is

Cplex Incumbent

— FSI-GA solution  Cplex Incumbent H.
calculated asHC _Gap = 100 Cplex moumbent . Similarly, the gap between

FSI-GA and the Lagrangian bound is calculated ablL _Gap = 100 ~ FShGAsoluton_zue
Columns C+ and H+, respectively, contain the proportion of instances Where Cplex in-
cumbent outperforms the FSI-GA solution and vice versa. ColumHL _ Gap contains the
di erence between FSI-GA objective and the Lagrangian bound, relative to the Lagrangian
bound. Finally, column Solved under FSI-GA vs Lag contains the proportion of instances
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where FSI-GA has reached the Lagrangian bound.

The Lagrangian bound is very tight as it is conrmed to be equal to the optimal
objective value in all problem instances with known optimal solutions, which corresponds
to 24.2% and 48.5% of the R50 and R100 instances. In the remaining instances the gaps
are 6.7% and 3.1% for R50 and R100 respectively. It is only able to solve smaller instances
with fewer ights and number of workstations. The average gaps are 44.3% and 5.6%
and the average CPU times are 2,861s and 2,442s for R50 and R100. Extending the time
limit to 3 hours was not su cient for solver to obtain an optimal solution, it failed to
improve the MIP gap for both R50 and R100 in two instances tested. When compared to
the Lagragian gap and Cplex, FSI-GA demonstrates better performance across di erent
settings. It outperforms Cplex in solution quality and nds solutions that are very close
to the Lagrangian bound in less than 100s. It surpasses the Cplex solver in 76.6% of R50
instances and 42.4% of R100 and obtains a better workload balance, outperforming the
solver by an average of 41.9% and 4.1% in R50 and R100 instances, respectively.

For (ADP), the Cplex solver and FSI-GA are applied under the same settings used in
the testing of (PWP). Due to time constraints and consistency of the results, (ADP) is
tested on 10 of the problem instances with fewest ights. In tested instances, the Cplex
solver failed to obtain a solution of comparable quality within the time limit and nished
with a MIP gap of over 90%. On average, the heuristic objective outperforms the Cplex
incumbent by 96% in R100 and 94% in R50.

Figure 2.11 illustrates the relation between the problem size and the algorithm time.
As expected, increasing number of ights make the problem intractable more quickly in
R50 instances than R100. This is evident as the algorithm has more instances terminating
earlier than the set time limit. It is also seen that the heuristic still manages to obtain
optimal solutions for instances with more than 1,000 ights within a short time.

Comparing R100 and R50, it is clear that Cplex performs much worse on R50 instances
and on higher number of workstations and ights, the e ects are not as pronounced on
FSI-GA. time-points T is another factor that may impact the di culty of the instances
that is not covered in Tables 2.2 and 2.3. It should be noted that, in these tables, tii j
column indicates the number of workstations, which is determined by the number of ights
jlj in the problem instance asb‘,%c for R50, andbi'T’chor R100. Therefore, as the number
of ights in each instance di er, so does the number of instances for ea¢k j value. In
order to analyze the e ects of time-points we further plot the gaps relative to the ratio of
number of ights and time-points J“TJ, in Figure 2.12.

There seems to be smaller variability in the heuristic solutions (when compared to the
Lagrangian bound) for higher ight to time-point ratios. A similar trend is apparent for
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Table 2.2: Computational performance of the FSI-GA solution for (PWP) compared to
the Cplex incumbent solution and Lagrangian lower bound for R50 instances.

Instance FSI-GA vs Lag FSI-GA vs Cplex Cplex Time (s)
iKj Count HL_Gap Solved | HC_Gap C+H+ C_Gap Solved| CTime! HTime?
6 6 0.0 100 0.0 , 0.0 100 1.3 0.2
7 13 0.5 84.6 0.5 15.4, 0.0 100 10.8 15.1
8 5 0.0 100 0.0 , 0.0 100 4.0 1.6
10 1 0.0 100 0.0 , 0.0 100 5.0 1.0
11 6 0.0 100 0.0 , 0.0 100 9.0 1.8
12 17 0.0 100 0.0 , 0.0 100 155 2.8
23 1 3.3 -1.6 ,100 4.8 3,601.0 91.0
25 4 21 -2.0 ,100 4.0 3,600.8 91.0
26 1 0.0 100 -1.6 ,100 1.6 3,601.0 67.0
27 2 2.7 -18.1 ,100 20.1 3,601.5 91.0
28 7 3.4 14.3 -26.2 ,100 28.3 3,601.3 88.6
29 3 4.3 -50.9 ,100 52.7 3,602.0 91.3
31 1 7.4 0.0 , 6.9 3,601.0 91.0
33 6 4.2 -15.7 ,83.3 19.2 3,605.2 91.7
34 7 4.6 -35.1 ,100 38.0 3,610.4 91.0
35 8 5.0 12.5 -27.4 ,62.5 30.7 3,608.4 87.1
36 11 4.6 -47.2 ,90.9 49.7 3,607.1 91.1
37 3 4.7 33.3 -34.8 ,100 37.1 3,604.3 86.0
38 2 7.9 -50.6 ,100 53.8 3,606.5 91.0
39 1 2.0 -33.3 ,100 35.7 3,607.0 91.0
40 6 6.5 -50.5 ,100 53.1 3,607.5 91.0
41 9 9.7 -64.0 ,100 66.9 3,609.0 91.0
42 5 10.0 -72.6 ,100 75.2 3,605.8 91.4
43 11 7.0 -75.3 ,100 76.4 3,610.4 91.0
44 10 6.8 -67.1 ,100 69.5 3,610.3 91.0
45 5 8.5 -51.9 ,100 56.1 3,612.4 91.2
47 7 111 -97.6 ,100 97.9 3,619.1 91.0
48 4 8.0 -37.0 ,100 42.4 3,616.8 91.0
49 9 9.7 -59.7 ,100 63.7 3,616.0 91.1
50 13 9.1 -84.5 ,100 85.9 3,617.1 91.0
51 11 9.4 -87.7 ,100 89.0 3,614.8 91.0
52 1 17.9 -97.7 ,100 98.1 3,604.0 92.0
53 1 2.6 -35.5 ,100 37.1 3,602.0 91.0
54 1 2.6 -41.2 ,100 43.2 3,603.0 91.0
55 3 25 333 -34.1 ,100 35.6 3,601.3 87.7
56 5 16 40.0 -40.2 ,100 45.1 3,603.2 82.2
57 3 1.7 333 -44.9 ,100 48.3 3,604.3 79.7
58 2 2.6 -36.7 ,100 40.8 3,603.5 91.0
59 4 4.1 -40.5 ,100 49.1 3,605.0 91.5
60 14 3.7 -44.0 ,100 49.5 3,605.3 91.6
67 1 9.4 -47.0 ,100 52.8 3,602.0 91.0
79 1 13.3 -48.5 ,100 55.6 3,604.0 91.0
Overall 231 5.1 234 -41.9 0.9,76.6| 44.3 20.8 | 2,861.1 72.6

1: Heuristic runtime in seconds
2: Solver runtime in seconds (clock time)
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Table 2.3: Computational performance of the FSI-GA solution for (PWP) compared to
the Cplex incumbent solution and Lagrangian lower bound for R100 instances.

Instance FSI-GA vs Lag FSI-GA vs Cplex Cplex Time (s)
iKj Count HL_Gap Solved | HC_Gap C+H+ C_Gap Solved| CTime! HTime?
3 19 0.0 100 0.0 , 0.0 100 0.4 0.0
4 5 0.0 100 0.0 , 0.0 100 1.0 0.0
5 7 0.0 100 0.0 , 0.0 100 1.0 0.6
6 17 0.0 100 0.0 , 0.0 100 1.2 0.9
11 1 0.8 0.8 100, 0.0 100 1,261.0 91.0
12 4 0.6 25.0 0.2 25.0, 0.4 50.0 2,347.0 78.2
13 3 0.0 100 0.0 , 0.0 100 376.0 49.3
14 10 0.4 70.0 -04 ,30.0 0.7 60.0 2,005.4 78.0
15 1 0.0 100 -1.8 ,100 1.8 3,601.0 76.0
16 6 0.9 50.0 0.6 33.3, 0.3 83.3 1,894.7 78.7
17 15 0.6 66.7 -0.9 6.7,20.0 15 60.0 2,112.3 74.5
18 14 0.9 42.9 -1.0 7.1,64.3 1.9 21.4 3,143.4 81.9
19 3 2.1 -0.3 33.3,66.7 24 33.3 2,575.7 91.3
20 15 2.8 20.0 -0.0 33.3,26.7 2.7 20.0 | 3,108.3 87.1
21 16 3.4 6.2 -0.1 25.0,37.5 3.4 12.5 3,272.6 91.2
22 15 1.9 13.3 -3.2 6.7,86.7 5.0 3,608.5 90.5
23 7 4.7 -0.9 ,57.1 5.4 3,604.1 91.4
24 13 3.4 -0.3 15.4,38.5 3.6 7.7 3,386.5 91.1
25 24 4.6 -21.4 16.7,54.2] 24.6 4.2 3,528.0 91.0
26 2 3.9 50.0 -47.9 ,50.0 48.1 50.0 | 2,170.0 68.0
27 4 0.3 75.0 -3.3 ,100 3.6 3,600.8 66.2
28 8 0.2 87.5 -5.0 ,100 5.2 3,602.8 75.4
29 6 0.7 66.7 -3.5 ,100 4.2 3,601.2 77.5
30 14 2.1 -6.7 ,100 8.6 3,601.7 91.3
33 1 6.2 -34.0 ,100 37.9 3,602.0 91.0
39 1 6.7 -36.0 ,100 40.7 3,602.0 92.0
Overall 231 1.8 43.3 -4.1 10.0,42.4 5.6 37.2 2,442.0 67.1

1: Heuristic runtime in seconds
2: Solver runtime in seconds (clock time)
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(a) R50 instances (b) R100 instances

Figure 2.11: Heuristic time and instance size.

the Cplex gap. It is worth noting the jump in the ratio from 3 to 9. It turns out that
SouthWest Airlines instances have a much higher ight to time-point ratio in the range
of 9 to 11. had this ratio ranges between 0.5 to 2.5 for the other carriers in the testing.
This is probably due to the ight schedules operated by Southwest Airlines, where a high
number of ights have the same departure/arrival times. In fact, the ight to time-point
ratio seems to be a characteristic of the carrier, as illustrated in Figure 2.13 which plots
the distribution of ight to time-point ratios for each carrier. Endeavor airlines has lower
ratios implying that few ights share the same time-points.

2.5.3 Quality of the Workload Balance

The quality of workload balance achieved in the solution is in uenced by the workload
balance measure adopted. When minimizing the peak workload in (PWP), the objective
value is set at time-points with high load requirements. This focus may lead to imbalance
at other time-points, the absolute deviation measure in (ADP) addresses this imbalance
as it minimizes the deviation from the average. For instance, Figure 2.14 displays the
distribution of total load requirements in one instance corresponding to Delta Air Lines,
September 7, 2019. Figures 2.15 and 2.16 show, respectively, the distribution of workload
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(a) R50 instances

(b) R100 instances

Figure 2.12: Summary of the FSI-GA performance over varying ight to time-point ratio
i
iTj*

Figure 2.13: Distribution of ight to time-point ratio among instances of each carrier.
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(a) Load requirements

(b) Number of active ights

Figure 2.14: Planning and en-route phases over the operational hours in the problem
instance of Delta Air Lines 7 Sep 2019.

among workstations in a (PWP) and an (ADP) solution with R100. The blue dashed line
shows the Lagrangian lower bound, which is equal to the peak workload in this case. The
red, cyan and green lines show the maximum, minimum and average workloads over all
workstations throughout the day. These do not correspond to any single workstation but
rather show the range over all workstations. The orange lines show individual workstation
workloads. In a balanced workload, it is desirable to have all these lines in proximity.
This observation underscores the limitations of the maximum workload balance measure
and suggests that while it is e ective in balancing workloads at peak times, it may not
provide a uniformly balanced workload throughout the day. The absolute deviation mea-
sure can obtain a more balanced workload distribution, potentially with a higher overall
peak workload. This observation is supported by the results reported in Tables 2.4 and
2.5, which provide the comparative statistics of the peak workload and absolute deviation
solutions over all instances. All the stats are calculated as the ratio of the value for the
(PWP) solution, and that of the (ADP) solution. The (PWP) always results in smaller
peak workload with a ratio of 0.83 on average. This comes at the expense of doubling the
range on average compared to the (ADP) solution. Similarly, the (ADP) solutions lead to
better workload balance range not only in the objective value but also in the maximum,
average, and standard deviation.

Workload balance throughout the day is the key factor in assessing the quality of so-
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Figure 2.15: Distribution of workload in the optimal solution for (PWP) of R100 Delta
Air Lines 7 Sep 2019 instance.

Figure 2.16: Distribution of workload in the heuristic solution for (ADP) of Delta Air Lines
7 Sep 2019 instance.
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Table 2.4: Comparison of (PWP) and (ADP) solutions for R50.

Instance Quality indicator ratio of (PWP) / (ADP)
K Count | Max. range Avg. range St.dev. range Peak workload Abs. workload dev.
6 6 2.47 2.68 2.68 0.93 2.76
7 13 2.43 2.37 2.65 0.92 2.57
8 5 2.26 2.35 2.77 0.90 2.55
10 1 1.72 2.28 2.61 0.81 2.50
11 6 1.87 1.97 2.10 0.86 212
12 17 1.66 1.96 1.98 0.83 2.10
23 1 1.86 1.62 2.02 0.89 191
25 4 1.90 1.66 2.27 0.86 1.97
26 1 1.88 1.74 2.42 0.82 2.04
27 2 191 1.52 2.23 0.85 1.85
28 7 1.69 1.56 2.19 0.88 1.90
29 3 1.68 1.45 211 0.85 1.84
31 1 1.87 1.80 2.34 0.85 2.09
33 6 171 1.76 2.13 0.87 2.13
34 7 1.70 1.73 2.18 0.85 2.09
35 8 1.64 1.70 2.04 0.84 2.04
36 11 1.65 1.60 2.08 0.82 1.92
37 3 214 2.33 2.59 0.81 4.95
38 2 1.64 1.60 2.01 0.80 1.89
39 1 1.72 1.63 2.69 0.81 1.93
40 6 1.45 1.50 1.79 0.84 1.87
41 9 1.47 1.51 1.89 0.84 1.86
42 5 1.52 1.56 2.02 0.86 1.89
43 11 1.55 1.55 1.92 0.83 1.88
44 10 1.53 1.46 1.87 0.83 1.86
45 5 1.35 1.45 1.63 0.83 1.84
47 7 1.37 1.39 1.82 0.82 1.70
48 4 1.32 1.34 1.54 0.81 1.74
49 9 1.45 1.40 1.68 0.83 1.78
50 13 1.23 1.28 1.43 0.82 1.64
51 11 1.36 1.27 1.54 0.81 1.61
52 1 1.50 1.31 1.80 0.92 1.58
53 1 1.54 1.35 1.58 0.82 1.63
54 1 1.39 1.38 1.58 0.83 1.67
55 3 1.39 1.44 1.57 0.77 1.69
56 5 1.43 1.39 1.54 0.80 1.62
57 3 1.34 1.29 1.67 0.63 2.17
58 2 1.52 1.38 1.65 0.82 1.63
59 4 1.44 1.30 1.40 0.77 1.54
60 14 1.34 1.27 1.43 0.77 151
67 1 117 1.16 1.25 0.76 1.47
79 1 117 1.09 1.12 0.77 1.37
Overall 231 1.62 1.60 1.95 0.83 1.97
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Table 2.5: Comparison of (PWP) and (ADP) solutions for R100.

Instance Quiality indicator ratio of (PWP) / (ADP)
K Count | Max. range Avg. range St.dev. range Peak workload Abs. workload dev.
3 19 3.25 3.46 3.56 0.97 3.53
4 5 2.61 3.10 3.39 0.96 3.21
5 7 2.32 2.80 2.73 0.94 2,97
6 17 2.19 2.58 2,57 0.93 2.73
11 1 3.61 2.72 3.90 0.88 2.90
12 4 3.01 2.58 3.47 0.93 2.68
13 3 2.87 2.40 3.38 0.90 2.59
14 10 2.99 241 3.72 1.05 251
15 1 2.65 2.72 3.71 0.90 2.67
16 6 2.82 2.64 3.47 0.91 2.84
17 15 2.92 2.62 3.82 0.97 2.76
18 14 2.55 2,51 3.53 0.90 2.79
19 3 2.38 2.32 3.47 0.92 2.62
20 15 2.46 2.22 3.35 0.90 248
21 16 2.40 224 3.38 0.90 2.50
22 15 2.37 211 3.13 0.90 247
23 7 2.50 2.02 3.57 0.90 2.26
24 13 217 1.96 291 0.90 2.32
25 24 2.22 1.83 2.74 0.91 2.14
26 2 2.08 1.95 2.63 0.91 211
27 4 221 1.90 2.39 0.84 2.09
28 8 2.26 1.89 243 0.86 2.08
29 6 2.18 1.82 2.38 0.85 1.98
30 14 2.06 1.68 2.23 0.85 1.84
33 1 1.73 1.55 2.08 0.82 1.71
39 1 197 1.47 1.98 0.89 1.61
Overall 231 2.49 2.29 3.07 0.91 2.48

lutions. Neither the existing literature nor the o cial guidelines provide established stan-
dards for workload balance among ight dispatchers. However, even if such a standard were
established, it would likely not be strict, as some uctuations in workload are inevitable
due to the dynamic nature of ight operations, with varying departure and arrival times.
As such, these uctuations do not necessarily indicate imbalance unless they are present
for extended periods.

We further analyze the balance in terms of number of ights and workload per work-
station over all instances. Since these two statistics are variable over time, we plot the
minimum, maximum and average distributions for each carrier using box plots in Figures
2.17 and 2.18 for (PWP), and Figures 2.19 and 2.20 for (ADP). Looking at the average
ight box plots (Figures 2.17 and 2.19 in orange), it is noticeable that there is little vari-
ation in the average number of ights among workstations. This is not surprising as the
average is a characteristic of the instance and not the solution. These box plots do tell us,
however, that each airline operates similar daily schedules. The maximum and minimum
statistics are an outcome of the solution and their proximity to the average may indicate

a7



whether the workstations in the same instance have similar number of ights over time.
Except of Endeavor, all other solutions show some variability that we further analyze based
on workload.

Similar to ights, the average workload is independent of the solution, as it is a function
of the total load requirements of the ights and their schedule. On the other hand, high
deviations of the minimum and maximum workloads from the average indicate that some
workstations are being overloaded relative to others. R50 instances show more variability,
which may be explained by the fact that there are about double the number of workstations
compared to R100. The range in workload also depends on the magnitude of load. For
example, on average, Alaska Airlines ights y longer distances compared to others, which
results in its workload values to be higher since the load is based on distance. Hence,
higher workload from one airline to another is not an indicator of workload imbalance. It
does highlight the limitation of how we set the number of workstations based on a preset
ratio. While this may not be realistic for all operations, it does not limit the applicability
of our models and methodology since the number of workstations is an input.

Figure 2.17: Distribution of the number of ights per workstation for di erent carriers in
the FSI-GA solutions for (PWP).

2.6 Conclusions

We addressed a new workload balancing problem for ight dispatchers, aiming to assign
ights to workstations to ensure the workload is evenly distributed among the ight dis-
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