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ABSTRACT

MOVIE SCENES SCHEDULING AND RESCHEDULING WITH TWO
PARALLEL FILM-SHOOTING CREWS

Dedeoglu, Bora
Master of Science, Industrial Engineering
Supervisor: Assoc. Prof. Dr. Sedef Meral
Co-Supervisor: Prof. Dr. Ferda Can Cetinkaya

August 2025, 94 pages

This study addresses the movie scenes scheduling problem (MSSP) and rescheduling
problem for two parallel film units shooting scenes simultaneously at disjoint sets in
different locations. To reflect the dynamics of real-life film productions, the model
incorporates precedence relations to organize the shooting sequence of scenes at each
set and establish connections between them, as well as forced relations for
dependencies that cannot be captured by precedence relations. A cost structure is
implemented in which some actors receive fixed salaries, while others are paid daily
wages. In addition, blocking times indicating actor unavailability periods and time
windows specifying shooting periods of scenes are considered. The objective of
scheduling is to generate schedules with minimum cost. For this purpose, a mixed-

integer linear programming (MILP) model is developed.

To account for all possible disruptions that may occur during film production, the
rescheduling problem is examined as well. A bi-objective MILP model is developed
to minimize both the total absolute deviation of scenes completion times from the

previous schedule and the cost objective, aiming to maintain schedule stability at the



minimum possible cost. The rescheduling problem is solved using lexicographic and

e-constraint approaches to explore the trade-offs between the two objectives.

A total of 42 instances are generated for the scheduling problem. For the
rescheduling problem, 5 instances involving different solution strategies are
analyzed using 85 MILP model runs. All problem instances are solved using the
Gurobi Solver in Python. Optimal solutions are obtained in very short computational

times for both scheduling and rescheduling problems.

Keywords: Movie Scenes Scheduling, Rescheduling, Mixed-Integer Linear

Programming, Dedicated Parallel Machines Scheduling, Bi-objective Optimization
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0z

IKi PARALEL FILM CEKIiM EKIBI ILE FILM SAHNELERININ
CiZELGELENMESI VE YENIDEN CiZELGELENMESI

Dedeoglu, Bora
Yiiksek Lisans, Endiistri Miithendisligi Boliimii
Tez Yoneticisi: Dog. Dr. Sedef Meral
Ortak Tez Yoneticisi: Prof. Dr. Ferda Can Cetinkaya

Agustos 2025, 94 sayfa

Bu calismada, farkli konumlardaki setlerde eszamanli olarak sahne ¢ekimleri yapan
iki paralel film ekibine ait film sahneleri ¢izelgeleme (MSSP) ve yeniden
cizelgeleme problemi ele alinir. Bu ¢alismaya gergek film prodiiksiyonlarinin da
dinamiklerini yansitmak amaciyla, her setteki sahnelerin ¢ekim siralamasin
diizenlemek ve birbirleri arasinda baglanti kurabilmek adina onciilliik iligkileri ve
bunlarla ifade edilemeyenler i¢in ise zorunlu iliskiler ile birlikte; baz1 oyuncularin
sabit, baz1 oyuncularin ise giinliik ticret aldiklar1 bir maliyet yapis1 kullanilir. Aym
zamanda oyuncularin uygun olmadiklar: araliklar: ifade eden engelleme stireleri ve
bazi sahnelerin ¢ekilmesi gereken zaman araliklar1 da g6z Oniinde bulundurulur.
Cizelgeleme probleminde en diisiik maliyetteki ¢izelgelerin olusturulmasi
hedeflenir. Bunun i¢in bir karma tam-sayili dogrusal programlama (MILP) modeli

gelistirilir.

Film ¢ekimlerinde yasanabilecek biitiin aksakliklari da g6z 6niinde bulundurabilmek

icin ¢izelgeleme probleminin yan sira yeniden ¢izelgeleme problemi de ele alinir.

vii



Bu problemde, bir onceki cizelgedeki sahnelerin her birinin tamamlanma
zamanindan sapma miktarinin toplamini smirlamak amaciyla, en diisiik toplam
maliyet Ol¢iitiiniin yan1 sira Onceki ¢izelgeden toplam mutlak sapma olgiitiinii de
minimize eden, ¢izelge istikrarint miimkiin olan en diisiik maliyetle korumay1
amaclayan iki amagl bir MILP modeli gelistirilir. Bu yeniden-¢izelgeleme problemi,
iki Olgiit arasindaki odiinlesmeleri gézlemleyebilmek icin leksikografik ve e-kisit

yontemleri ile ¢oziiliir.

Cizelgeleme problemi i¢in toplam 42 06rnek problem olusturulur. Yeniden-
cizelgeleme problemi i¢in ise toplam 5 6rnek olusturulur; bu 5 6rnek i¢in farklh
¢Oziim yollarmin kullanildig1 toplam 85 MILP modeli ¢alistirilarak analizler yapilir.
Tim oOrnekler Python ortaminda, Gurobi Solver kullanilarak ¢oziliir. Hem
cizelgeleme hem de yeniden-cizelgeleme test problemleri i¢in oldukca kisa ¢éziim

stirelerinde optimal sonuglar elde edilir.

Anahtar Kelimeler: Film Sahneleri Cizelgeleme, Yeniden Cizelgeleme, Karma Tam-
sayili Dogrusal Programlama, Ozellesmis Paralel Makineler Cizelgeleme, ki

Amacli Optimizasyon
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CHAPTER 1

INTRODUCTION

Film production is a costly process involving many different departments working
from start to finish, encompassing numerous complex and interrelated processes.
The most important process is shooting scenes. Since scenes are not shot in the order
they appear in the finished film, careful planning is critical. When scheduling scenes,
many factors must be considered, such as the locations of film sets, the availability
of actors, the specific shooting intervals for scenes, the setups needed on sets, the
actors’ makeup and costumes, any special resources required during shooting, the
permits obtained for the shooting location, and the rental period. For these reasons,
the movie scenes scheduling problem (MSSP) arises with the objective of

minimizing the total cost of film production.

MSSP is based on two similar problem types in the literature. The first is the music
rehearsal scheduling problem, first described by Adelson et al. (1976). This problem
consists of n players and m pieces and requires players to arrive at the rehearsal venue
when the first scheduled music piece begins and leaves when the last piece ends. The
objective is to determine a rehearsal schedule that minimizes the total person-hours
required for all players. The second problem is the talent scheduling problem
described by Cheng et al. (1993). In their problem setting, each actor receives the
same salary, and each scene has the same duration. The waiting time, referred to as
hold days, is a key concept for this problem; the objective is to minimize the total

waiting time of actors.

MSSP, first proposed by Bomsdorf & Derigs (2008), is an advanced variant of the
talent scheduling problem, incorporating a wider array of real-world
characteristics by expanding the constraints and the objective function. There are

several studies that examine the attributes of the problem and develop mathematical



models for MSSP, such as Liu, Y., et al. (2019), Long & Zhao (2020), and Baran
Tekin (2023). Despite the incorporation of certain real-world elements, these studies,
and to the best of our knowledge, none of the other studies investigate film
productions with parallel film shooting crews. The use of numerous parallel film-
shooting crews is quite common today, especially in large-budget productions. This
practice is generally used in situations where filming must take place in many
different locations, in order to complete scene filming without significant delays, to
allow more time to be spent in different locations by filming simultaneously, to
obtain more footage, and to solve logistical problems. The problem is therefore
defined as determining the schedule for two parallel film shooting crews that
simultaneously shoot distinct scenes in several locations with common actors,

aiming to minimize the overall cost.

For the MSSP problem defined by two film shooting crews, a mixed-integer linear
programming (MILP) model incorporating the following real-life features is

developed:

¢ Blocking times, which are periods when actors are unavailable
e Time windows that represent specific shooting intervals for scenes
e Precedence and forced relations, which describe the shooting order between

film sets and the shooting sequence of scenes for each film set

The objective is to produce feasible and cost-effective schedules satisfying all these
constraints. Being able to shoot scenes without any disruptions to the planned
schedules is another issue, which is almost impossible most of the time, because film
production depends on numerous internal and external factors. As a result, film
shooting schedules may become unusable due to many different sources, such as
environmental and external disruptions, actor and crew disruptions, creative team-
driven planning disruptions, technical and operational disruptions, and location-
related and legal disruptions. As a solution, it is necessary to develop a schedule
immediately with the remaining scenes when needed, which is defined as the

rescheduling problem. For the rescheduling problem, the MILP model developed for



the MSSP problem is extended with the addition of new constraints required for
rescheduling. However, rescheduling using only the cost objective can cause
significant changes in the current schedule’s order and completion times of the
scenes that surely results in a stability problem. For this purpose, in addition to the
cost objective of the MILP model, schedule stability is also considered by adding the
objective of minimizing the total absolute deviation of the scenes’ completion times
from the previous schedule. As a result, a bi-objective MILP model is presented for
the rescheduling problem. The lexicographic and e-constraint approaches are
employed as solution approaches to the MILP model for the rescheduling problem,

specifically to analyze the trade-offs between the two objectives.

Separate problem instances are generated for MILP models for both scheduling and
rescheduling, and a computational study is performed using Python via Gurobi
Solver. As a result, optimal schedules are found for all problem instances in very

short computational times.

The structure of the thesis is as follows: Chapter 2 examines relevant studies in the
literature and underlines the main contribution of this study to the literature. Chapter
3 explains the scheduling and rescheduling problems, while explaining several
possible disruptions in film production that may cause rescheduling. Chapter 4
presents the scheduling problem and the MILP model, and its assumptions, while
also explaining the relationship between this problem and the general scheduling
problem. Chapter 5 presents the MILP model and solution approaches for the
rescheduling problem. Chapter 6 describes the computational study conducted for
both scheduling and rescheduling problems, and highlights final remarks. Finally,

Chapter 7 presents the conclusions of the thesis.






CHAPTER 2

LITERATURE REVIEW

MSSP can be investigated in conjunction with two other problems in the literature
that share a similar structure and objective: the music rehearsal scheduling problem
and the talent scheduling problem. The music rehearsal scheduling problem
examines the scheduling problem of orchestras. Although the focused area is
completely different, the structure of the main problem is very similar. On the other
hand, the talent scheduling problem is related to film shooting, but it only focuses on
the actors’ wage as the cost. Therefore, the literature review is organized into three
subtopics: the music rehearsal scheduling problem, the talent scheduling problem,

and lastly, the MSSP.

2.1  Music Rehearsal Scheduling Problem

Every orchestra requires some rehearsals before its live concerts in order to make its
performance nearly perfect. These rehearsals require careful scheduling because they
involve many elements, such as musicians and instruments, and each of these
elements is required to play music pieces. Therefore, the music rehearsal scheduling

problem, also referred to as the music rehearsal problem, is similar to MSSP.

The first music rehearsal scheduling problem is described by Adelson et al. (1976)
as consisting of n players and m pieces. In their model, the players who are involved
in many music pieces must arrive at the rehearsal venue by the first music piece they
are part of, and they leave the venue after the last music piece they are part of is
completed. They solve the problem by using dynamic programming (DP) to
minimize the total hours required for all players. Smith (2003) uses constraint

programming (CP) to solve the music rehearsal scheduling problem with a different



objective from that of Adelson et al. (1976). The objective of this study is to
determine a rehearsal schedule that minimizes the total waiting time. This can be
described as the total duration that players spend at the rehearsal venue without
playing, that is, they are idle and not playing anything. Then Gregory et al. (2004)
implement some planning and model checking techniques to solve the music
rehearsal scheduling problem to reduce computational time and compare their results
with the results of Smith’s (2003) CP. The results of their study demonstrate that
both planning and model checking techniques are effective in solving the rehearsal
scheduling problem, with the planning approach being one of the fastest. However,
the ILOG solver that Smith (2003) uses to solve the CP is, by far, faster than the
planning solution, which is the best solution of Gregory et al. (2004).

Sakulsom & Tharmmaphornphilas (2014) investigate the music rehearsal scheduling
problem with different settings where multiple rehearsal days can be used for music
pieces with a daily limit for rehearsals. The study has two objectives. Their primary
objective is to minimize the total number of show-up days, while their secondary
objective is the same as that of Smith (2003), that is, minimizing the total waiting
time of the players. A two-stage method is developed to determine the schedule of
rehearsals. Based on the concept of cell formation, they use a heuristic method for
the primary objective, and then an integer programming model for the secondary
objective. The results indicate that although the minimum number of show-up days
is achieved, the total waiting time is not necessarily minimized. Instead of using a
two-stage technique, Pakprajum & Jarumaneeroj (2017) develop an integrated MILP
approach to solve the music rehearsal scheduling problem in a single stage. The
model incorporates components of both traditional music practice difficulties and the
capacitated vehicle routing problem. Jarumaneeroj & Sakulsom (2021) investigate
the multiple-day music rehearsal scheduling problem with two different settings:
with and without setup times. In the absence of setup time, the case is the same as
that of Sakulsom & Tharmmaphornphilas (2014). However, the case with the setup
time considers the preparation time between the music pieces. They provide single-

stage mathematical models for the problem encompassing both settings. Since these



problems are NP-hard, they develop an Adaptive Large Neighborhood Search

heuristic for solving the music rehearsal scheduling problem.

A survey is carried out by Hill & Velednitsky (2020) among practitioners who
frequently deal with the music rehearsal scheduling problem. They approach the
music rehearsal scheduling problem as a sequence of integer programming problems.
They use three objectives: maximizing reward, which reflects the desirability of
assigning a scene to a specific timeslot; minimizing the total number of show-up
days; and minimizing the total waiting time of players. They use a three-stage
method for these three objectives, similar to the two-stage method of Sakulsom &

Tharmmaphornphilas (2014).

2.2 Talent Scheduling Problem

Scenes are not shot in the exact order that they appear in the finished film during the
production process. This creates a scheduling problem similar to the music rehearsal
problem. Just like the music rehearsal problem, scheduling is necessary to minimize
actors’ wage costs and efficiently manage the availability of actors. This problem is
known as the talent scheduling problem, which has the objective of minimizing the
wage cost. In the talent scheduling problem, actors and scenes are equivalent to the

players and pieces, respectively, in the music rehearsal scheduling problem.

Cheng et al. (1993) define the first talent scheduling problem and develop a
combinatorial optimization model for the problem. In their problem setting, each
actor receives the same salary, and each scene has the same duration. They show that
the problem is strongly NP-hard and develop a branch-and-bound algorithm and a
heuristic technique for large examples with at least 15 shooting days, since the
problem cannot be solved by the branch-and-bound algorithm in an acceptable
amount of time. Waiting time, also referred to as hold days, is an important concept
for this problem; they aim to minimize the total waiting time of actors. Furthermore,

a lower bound for the waiting time of actors is incorporated in the branch-and-bound



algorithm. Additionally, they establish the schedule from both ends, which can be
called the double-ended search, starting with the first scene, then the final scene,
followed by the second scene, and so on. Later, Nordstrom & Tiifekei (1994) work
on the talent scheduling problem and present several hybrid genetic algorithms for
it. The objective is the same as that of Cheng et al. (1993), that is, minimizing the
total waiting time of actors. In their hybrid genetic algorithm, they apply the pairwise
interchange heuristic technique. To conclude, they demonstrate that their hybrid
genetic algorithm outperforms Cheng et al. (1993)’s heuristics in terms of both speed
and solution quality. Fink & VoB3 (1999) present some of the applications of modern
heuristic search methods for sequencing problems, including the talent scheduling
problem that Cheng et al. (1993) and Nordstrom & Tiifek¢i (1994) work on. They
implement three different tabu search heuristics and a simulated annealing heuristic
for solving the problem. Similar to Fink & Vo8 (1999), Kochetov (2011) presents a
modified greedy algorithm and iterative local search metaheuristics such as
stochastic tabu search, genetic local search, and hybrid simulated annealing.
Computational studies indicate that local search methods are adequate for finding
the best-known or optimal solutions if the number of scenes and actors is no more

than 100.

In contrast to the first studies on the talent scheduling problem, different scene
durations and salaries for actors are incorporated in the problem setting of some
studies. Garcia de la Banda et al. (2011) propose a best-first call-based DP model for
the talent scheduling problem that takes into consideration varying actor wages and
scene durations. They modify the search and present a preprocessing method to
improve the DP model. Also, they enhance the search process by establishing lower
and upper bounds for dealing with the bounded version of the problem. Furthermore,
Garcia de la Banda et al. (2011) use the double-ended search, like Cheng et al.
(1993), to reduce the search space. The results show that the number of scenes is the
most critical factor in determining the complexity of the problem. The proposed DP
model can solve the talent scheduling problem with more complex settings, which

consist of a larger number of scenes and actors that Cheng et al. (1993)’s solution



method cannot solve. To conclude, the proposed DP model can successfully solve
small to medium-sized instances of the talent scheduling problem. Additionally, the
proposed DP model outperforms Smith (2003)’s CP in terms of computational speed.
Qin et al. (2016) work on the talent scheduling problem that Garcia de la Banda et
al. (2011) describe. First, they formulate the mixed-integer linear programming
model for the problem. Subsequently, they design and implement an enhanced
branch-and-bound algorithm including caching search states to prune the nodes that
cannot have a smaller cost. The branch-and-bound algorithm also has a new lower
bound and two new dominance rules that use partial solutions of a node to check if
it is dominated by another node’s partial solution; if it is dominated, it is eliminated.
The experimental results demonstrate that the proposed enhanced branch-and-bound
algorithm performs better than Garcia de la Banda et al. (2011)’s DP model on the
benchmark instances. Cheng et al. (2017) aim to improve the lower bound and
propose two different methodologies for narrowing the lower bound. In the first
approach, the maximum weighted matching problem is formulated, while in the
second, the maximum weighted 3-grouping problem is solved by extracting
structural information. The results conclude that the new bounds are much stricter

than the original case.

Most of the studies related to the talent scheduling problem mainly focus on the
actors’ wage cost. Wang et al. (2016) consider not only the actors’ wages, but also
the operating costs of the project related to the number of shooting days. The daily
capacity, which is defined as the maximum duration that the crew can shoot scenes
during a day, and the total operating cost, are incorporated. With these additions,
they design a generalized model for the talent scheduling problem. They formulate
a mixed-integer linear programming model. The problem is broken down into two
stages. In the first stage, the next fit and the first fit decreasing algorithms are utilized
for allocating scenes to shooting days, while, in the second stage, DP, iterated local
search, and tabu search algorithms are used to improve the first stage's initial
solutions. Computational experiments demonstrate that the iterated local search and

tabu search algorithms effectively improve solutions. DP is similar, but less effective



than these algorithms. Hoa & Nguyen (2022) also do not just consider the actors’
wage cost but also focus on the location’s rental cost. Therefore, their version of the
talent scheduling problem aims to simultaneously minimize the actors’ wage cost
and the location’s rental cost. They establish the mixed-integer linear programming
model, which allows small instances of the problem to be solved to optimality by
MILP solvers. Additionally, they propose an iterated local search method to handle
the large instances of the problem. The results of the study show that smaller
instances of the MILP model can be solved with CPLEX, and the iterated local
search heuristics can find better quality solutions than CPLEX’s solutions in an

acceptable amount of time.

Ranjbar & Kazemi (2018) propose an integer linear programming model, similar to
the model proposed by Qin et al. (2016), and develop a generalized variable
neighborhood search metaheuristic to solve the talent scheduling problem. Their
proposed metaheuristic algorithm consists of a variable neighborhood descent as a
local search method and a shaking procedure for escaping local optima if it is stuck
in a locally optimal solution. Their computational studies demonstrate that it is
efficient in solving the talent scheduling problem. Liu, K., et al. (2019) present the
CP model for the talent scheduling problem. They also introduce some constraints
to decrease the solution time by reducing the search space. As a solution method for
the CP model, they introduce a parallel search method that uses discrete partial
solutions. The experimental results demonstrate that their parallel search method is

adequate for solving the proposed CP model.

Chen et al. (2020) focus on implementing simulated annealing to solve the talent
scheduling problem. While they focus on the implementation of simulated annealing,
they also address factors to improve the performance of the algorithm. They compare
the proposed simulated annealing algorithm with the branch-and-bound method,
demonstrating that the former is superior in performance and faster. Thonglek et al.
(2024) conduct a study in which they use quantum annealing to solve the talent
scheduling problem. Quantum annealing is a different approach than simulated

annealing because it uses quantum tunneling to escape local optima. They represent
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the problem as a quadratic unconstrained binary optimization problem. Furthermore,
they conduct experiments and compare the results of the proposed method with the
results of DP and different metaheuristic approaches. The experimental results
conclude that the proposed method can find optimal solutions in a shorter time

compared to the other approaches.

2.3 Movie Scenes Scheduling Problem

As discussed in the previous section, the talent scheduling problem is examined by
different researchers for various purposes. Moreover, an extended version of the
talent scheduling problem, called the movie scenes scheduling problem, is studied.
This version considers a broader range of real-life features and situations by

expanding the scope of constraints and the objective function.

Bomsdorf & Derigs (2008) are the first to describe the MSSP. In this study, the
features of the MSSP in real life are described, and a conceptual model of the
problem is constructed. Pre-scheduled activities, precedence relations that represent
whether a specific scene should be shot before some others, time windows that are
the specific periods a scene must be shot within (e.g., night scenes must be shot at
night), and resource-related factors such as availability of resources and working
hours are considered and integrated into the conceptual model as constraints. As a
solution method, the greedy indirect search technique is selected. Lastly, they design
a decision support system named “Schedule This” with the use of the conceptual

model and the presented metaheuristic approach.

Liu, Y., et al. (2019) study the MSSP by taking the scenes’ locations into account.
An integer linear programming model of the problem is formulated, and two
different metaheuristics are designed to solve extensive instances: a particle swarm
optimization-based method and a tabu search-based method. The numerical
experiments demonstrate that both metaheuristics can successfully solve the

scheduling problem, and the tabu search-based method performs better than the
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particle swarm optimization-based method for smaller and moderate-sized instances.
Similarly, Long & Zhao (2020) study the MSSP with different locations for shooting;
in other words, the cost of moving from one scene location to another is considered.
An integer linear programming model for the problem is formulated, and three
metaheuristics are implemented as a solution method: the tabu search-based method,
the particle swarm optimization-based method, and the ant colony optimization
method. The numerical experiments demonstrate that all three metaheuristics are
sufficient for solving the problem, and that the tabu search-based method is the best
in terms of execution time, while the ant colony optimization-based method is the
best in terms of solution quality. Moreover, the solution quality of the tabu search-
based method is better than that of the particle swarm optimization method, and the
execution time of the ant colony optimization-based method is shorter than that of
the particle swarm optimization method. Singh & Pillay (2021) implement the hyper-
heuristic ant colony optimization algorithm for generating constructive heuristics for
the MSSP. The hyper-heuristic algorithm effectively generates new heuristics that
outperform numerous human-designed constructive heuristics in terms of solution

quality.

Baran Tekin (2023) conducts a comprehensive study on the MSSP by including
several realistic extensions. These extensions include precedence relations of scenes,
time windows for scenes, blocking time intervals during which actors are
unavailable, and expenses of resource usage. An MILP model that comprehends the
extensions is formulated. As another solution method, particle swarm optimization
is employed due to its simple structure and reduced parameter requirements
compared to other metaheuristic approaches. Computational experiments
demonstrate that the proposed particle swarm optimization method consistently finds

optimal or near-optimal solutions in most of the test problems.

Although the previous studies reflect many of the several features of film shooting,
several details that need to be taken into consideration during shooting are not yet

considered. We attempt to address those in this study as outlined below.
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All studies on the MSSP assume that only one film crew is responsible for shooting
the entire film. However, many high-budget film productions can only be shot with

more than one film shooting crew at geographically different sites.

Some actors, who can be considered superstars, generally do not agree to receive
time-based salaries; they agree on a fixed fee, which can go up to millions of dollars.

However, all existing studies assume that actors receive time-based wages.

The relationships among scenes due to common setups, make-up requirements, etc.,
are represented in a precedence relationships diagram, which is necessary but not
sufficient to meet the requirements of a director. The precedence relationships
network reflects some rules that must be followed when generating the shooting
schedule, such as scene x cannot be shot unless scene y has been shot. However, this
relationship diagram does not reflect the nature of film shooting, such as scenes with
a common setup that should be shot in succession and directors’ preferences for some

scenes to be shot in succession.

For many reasons, film shooting can be stopped or postponed during the whole
process. Hence, rescheduling is essential due to these risks and disturbances; but, to

the best of our knowledge, there are no studies on rescheduling of film shooting.

To summarize, this study contributes to the literature primarily in the following

ways, due to the gaps mentioned above:

e An MILP model is proposed to solve the MSSP, in which two film units (i.e.,
film shooting crews) shoot different scenes simultaneously at different
locations.

e A cost structure is implemented in which superstars receive a fixed wage,
while other actors receive a time-based (daily) wage. In addition to the actors’
costs, special resource costs such as equipment are accounted for in the total
cost. Furthermore, for each film unit, daily fixed costs such as rental

expenses are incurred from the start of shooting until its completion. Finally,
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relocating from one set to another incurs a cost for each film unit, depending
upon the pair of specific sets between which the relocation occurs.

The application of precedence relations and the features they indicate are
explained in detail. In this study, precedence relations are used to determine
the shooting order among scenes within the same set, as well as the shooting
order among film sets in a film unit. Moreover, some forced relations are
implemented to describe scene-to-scene immediate dependencies that a
precedence relations diagram cannot capture and is not sufficient on its own.
A bi-objective rescheduling model is proposed by modifying the MILP
scheduling model. This modification ensures that the effects of all possible
disruptions to filmi shooting are alleviated at the minimum total cost
possible.

Optimal schedules can be obtained in a very short time with the help of
Gurobi Python API (gurobipy) in solving the MILP model, incorporating all

realistic features in film shooting with two parallel crews.
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CHAPTER 3

PROBLEM DEFINITION

3.1 Scheduling Movie Scenes

In this section of problem definition, we also provide some basic terminology used
in film production. The expression "film production" is mainly used to refer to the
shooting phase of a film. This phase includes all tasks directly associated with scene
shooting, including set preparation, makeup, costumes, lighting, and equipment
management. Unless stated otherwise, the pre-production and post-production

processes are outside the scope of this study.

Film production is a complex process, involving cost tracking, equipment
adjustment, and stage management, and it is treated as a project where hundreds of
people work using several limited, usually conditionally renewable and reusable
resources, from cameras to actors. Each day of shooting incurs additional
incremental costs. Although film scenes can be shot in the order they appear in the
cinema, they are usually shot in a different sequence, which is an important factor
that directly impacts cost. The movie scenes scheduling problem (MSSP) we address
and its optimal solution can lead to significant cost reductions, especially in large

productions.

The term “film unit” describes the “film shooting crew” that consists of a large group
of professionals who are responsible for organizing and executing the film
production behind the scenes, except for actors. On the other hand, the “cast” refers
to the “actors” in the film. As mentioned in the literature review, in all studies on
MSSP, cases where only a single film unit shoots are considered. But nowadays, it
is common for large, high-budget productions to have multiple film units working
simultaneously on different scenes in different territories. For example, one unit

might be in the UK while another is in Germany. One of the main reasons to work
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with multiple film units is that the distance or transportation conditions between
these territories may prevent the main unit from completing the film on time. Also,
moving some equipment from one territory to another can be both costly and time-
consuming. For example, the last James Bond film of Daniel Craig, No Time to Die
(2021), was shot simultaneously by multiple film units in different countries around
the world, such as Norway, Italy, Jamaica, and the UK. By utilizing multiple film
units simultaneously, they were able to capture significantly more footage than
would have been possible by a single film unit. This practice of shooting by multiple
film units was not only in this James Bond film but in the entire James Bond series
in general. The problem is therefore defined as determining the schedule for two
parallel film units, which shoot different scenes simultaneously in different
territories with the cast, in a way that minimizes the total cost. These units are
identified as film unit 1 and film unit 2. Each film unit operates in a distinct territory
consisting of multiple sets at disjoint locations. Each “set” determines the scenes that
the film unit shoots at a certain location. Therefore, there are various sets of scenes
for each film unit at different locations in its territory. This setup of film shooting
involves having two different film units with their own equipment and technical
teams. The only common resource for both film units is the actors. Figure 1
represents the structure of territories and the sets of those territories where film units

work.

® ®
Location of Set 1 Location of Set 4
@
Location of Set 2 .
. Location of Set 5
Location of Set 3
Territory of Film Unit 1 Territory of Film Unit 2

Figure 1 Territories and Sets of Film Units
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Given that each film unit works on distinct sets, they must relocate themselves at the
set’s location where filming takes place. Since it is clear which scenes will be shot
at each set, the scenes assigned to each film unit are known in advance before

filming.

Filming is an ongoing process that involves film units moving from one of their sets
to another. However, moving the film unit to a different set before completing every
scene in the current set is inefficient and impractical during filming, as it harms
continuity and incurs additional set construction costs. Therefore, in our problem
setting, all scenes must be completed in one set before moving on to the next set to
improve efficiency and production quality. Further details regarding this structure
and the relationships among scenes are explained in detail in Section 4.1.4

(Precedence and Forced Relations).

Actors can appear in the scenes of either one film unit or both film units. In either
case, they can work with at most one film unit at a time. For the actors, the situation
of moving between locations is similar. Since film units are often located in
territories far from each other, traveling between the sets of two film units is
exhausting and negatively affects actors' performances. Therefore, it is unrealistic
for actors to move between film units multiple times. Thus, in our problem setting,
an actor completes all of his or her scenes in the initial film unit with which he or

she begins working, and then moves on to work with the other film unit.

In the literature, actors’ wages are generally taken as daily (or any other time period)
or time-based in the total cost functions. This is because if daily wages are used, one
can directly aim to minimize the cost through minimizing the number of days of
shooting. However, this is not realistic for real-life film productions. Especially in
large productions, some of the main characters, in other words, superstars like Brad
Pitt and Leonardo DiCaprio, usually agree to a fixed fee that does not depend on the
number of days of shooting, unlike daily wages, unless there are additional special
clauses in the contract. Therefore, a different wage structure is to be employed to

account for this. Some of the actors are compensated with daily wages, while some

17



of the big actors (superstars) are paid fixed wages worth millions of dollars. In
addition to the actors’ costs, the total cost accounts for special resource costs, such
as cameras, equipment, and costumes. Depending on the specific sets involved in
the relocation, the transportation cost of moving from one set to another for each film
unit is incorporated. Lastly, for each film unit, a daily fixed cost (e.g., set rentals) is

incurred.

The following timing-related features are also taken into consideration: "blocking
times" which represent actors' unavailability periods, and "time windows" for the
scenes that must be shot at specific time intervals. Additionally, precedence

relationships among scenes impose limitations on scheduling.

In this filming environment, as described above, the problem then is to schedule the

scenes making up a film so as to minimize the total cost in film production.

3.1.1 MSSP in Scheduling Theory

The MSSP with two parallel film units addressed in this study belongs to the class
of dedicated parallel machine scheduling problems involving precedence relations
and shared resources. In this analogy, the film units correspond to the dedicated
parallel machines, the scenes correspond to the jobs, and the actors correspond to the
shared resources or workers. Although there are studies related to the dedicated
parallel machines, such as Agnetis et al. (2012) and Gafarov et al. (2013), to the best
of our knowledge, no current research in the scheduling literature simultaneously
covers dedicated parallel machines, precedence constraints, and shared resources in

a scheduling environment.

3.2 Rescheduling Movie Scenes

Generating an optimal schedule that minimizes the total cost is not the only

scheduling-related problem in film production. Another issue is to be able to
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complete the film shooting while trying to adhere to the optimal schedule despite
several types of possible disruptions. However, achieving this is almost impossible
due to the numerous possible disruptions caused by various elements. All possible
disruptions are explained with real-life examples (Filmustage, 2024) in Section 3.2.1

below.

3.2.1 Possible Disruptions in Film Production

Possible disruption types can be divided into the following five groups:

e Environmental and External Disruptions

e Actors and Crew Disruptions

e Creative Team-Driven Planning Disruptions
e Technical and Operational Disruptions

e Location-Related and Legal Disruptions
Environmental and External Disruptions

This type of disruption can be classified into three subtypes based on their underlying

causes:

e Weather-Related Disruptions
e Natural and Manmade Disasters, and Pandemics

e Political and Social Events

Weather-related disruptions are one of the most common issues encountered in film
production, particularly when filming outdoors. These disruptions may be caused not
only by rain or snow. If a scene requires multiple days of shooting, it can be difficult
to capture the same lighting, depending on the weather conditions each day. This can

negatively affect the continuity of a scene.

Apocalypse Now (1979) i1s one of the famous films that had bad luck with the
weather; typhoons damaged the sets in the Philippines, causing serious delays in

shooting.
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Natural and manmade disasters, such as earthquakes and fires, respectively, may
cause permanent damage in the locations where the film’s scenes take place. It may
harm not just equipment but also humans. It can lead to a complete change of plans,

such as set location changes and scenario revisions.

Pandemics are one of the recent events that have taken a negative place in the
memory of the film industry due to the COVID-19 pandemic. Most productions were
delayed for months, and some of them were even cancelled. Moreover, the pandemic
not only caused delays but also introduced new restrictions that dramatically

increased costs.

Political and social events, such as protests, strikes, wars, or large-scale public
events, may disrupt film productions at any time. Such events can lead to set location

changes, complete shutdown, actor changes, or cancellation of the project.

The 2023 Writers Guild of America Strike is one of the recent instances that
postponed most of the film projects due to the absence of scripts and active

screenwriters.
Actors and Crew Disruptions

This type of disruption can be classified into two subtypes according to its

fundamental causes:

e Unavailability of Actors

e Unavailability of Crew Members

Unavailability of actors may occur if actors become unavailable due to injury,
family-related issues, personal issues, or any type of event that can affect their
availability. In Star Wars: The Force Awakens (2015), Harrison Ford unluckily

broke his leg during shooting, and this caused a break in production.

Unavailability of crew members, like that of actors, some of the key crew members
may become unavailable due to similar reasons. The effect of the unavailability

depends on how important the crew member’s role is.
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Creative Team-Driven Planning Disruptions

Planning disruptions due to the decisions of the creative team can be classified into

three subtypes based on their underlying causes:

e Director-Initiated Changes
e Producer-Driven Modifications

e Script Revisions

Director-initiated changes are among the most influential elements of a film
production. The director’s decisions can directly affect the current schedule. The
director can change the shooting sequences, the shooting periods of scenes, the roles
of the actors, the set locations, and so on. To summarize, a director can change every
single detail related to a film. For example, a director might realize that a scene is

critical for the storytelling and decide to shoot it earlier than the scheduled plan.

Producer-driven modifications can also significantly affect the entire structure of a
film, since producers are among the most significant stakeholders in a film
production. As a result, their thoughts and decisions can be as impactful as the
director’s. Sometimes, producers’ interventions can lead to a complete change of the

script or a complete shutdown of shooting.

In Sam Raimi’s Spider-Man 3 (2007), the producers wanted to add the character
“Venom” because of marketing reasons. The director was completely against it, as
Raimi thought Venom was not compatible with the story of the film, and his
character was too dark for the film. But the producers insisted, and the character was

added to the film.

Script revisions are a fundamental part of film production, as nearly every
component of the process can affect the script. Sometimes, script revisions may be
caused by director-initiated changes or producer-driven modifications. Also, other
types of disruptions can trigger a script revision as well. However, sometimes there
can be script revisions if a better alternative for a scene is found by the writers, even

when the shooting is going well. Conversely, if something feels off in the story, it
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may cause a whole change in the script. The script is the heart of a film; hence, it can
continually be modified by creative teams with a constant desire to achieve a better

version of the film.
Technical and Operational Disruptions

There are four primary types of technical and operational disruptions, classified

based on their underlying causes:

e Equipment Failure or Accidents
e Make-up and Costume Delays
e Extended Setup Durations

e Underestimated Scene Durations

Equipment failure or accidents may have a highly unfavorable impact on film
production, not just in terms of delays but also on the motivation of all people

working on the sets.

Jaws (1975) had a dreadful experience in shooting due to equipment failure. The
mechanical shark used in the film had multiple mechanical failures that led to severe

delays. Figure 2 shows the mechanical shark used in the film.

Figure 2 The Mechanical Shark from Jaws (The Daily Jaws, 2022)
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Make-up and costume delays can take several hours for each actor in some films,
since the preparations of these processes take a long time, as many materials have to
be prepared and many people have to work at the same time. Therefore, any mistake
in these preparation processes can lead these processes to start from scratch, thus

delaying the shooting of that day.

Extended setup durations may occur because each scene can require specific
technical equipment, unique lighting, and different camera angles. In addition,
preparations may need to be made in the place where the shooting takes place. For
these reasons, the setup for each scene may take too long to complete. The
complexity of setups may also cause the completion time to take longer than

expected.

Underestimated scene durations are a common occurrence in film production; a
scene may require more or less time than the estimated duration, though it is often
more probable that it will take longer. This situation can be directly affected by the

director’s perfectionism and the actors’ talent.
Location-Related and Legal Disruptions

Location-related and legal disruptions can be considered together. Films can be
shot in multiple countries, and each country requires different legal procedures and
permits. The level of legal strictness is different for each country, and sometimes

unexpected legal difficulties may arise.

Christopher Nolan’s The Dark Knight Rises (2012) faced an unforeseen permit issue
in India for the site of the pit scene. This problem led to significant delays in shooting

and completely disrupted the schedule.

As can be seen, all these possible disruptions can unexpectedly lead to a complete
breakdown of the current schedule. This is why the rescheduling problem is
investigated in this study. However, suppose the rescheduling is performed only to
minimize the total cost. In that case, this can lead to a drastic change of the schedule

for the remaining scenes, which may cause the actors and crew’s plans to change
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dramatically, creating a stability problem. To address this stability problem, another
objective function is used in addition to the cost objective: minimizing the total
absolute deviation in scenes’ completion times from the previous schedule. In this
objective, the sum of absolute deviations in completion times of the scenes included
in both the previous and the current schedule is considered. Each scene may be
rescheduled to finish earlier or later than its previous scheduled completion time.
Thus, the absolute deviation is implemented. The need for rescheduling may arise
multiple times during filming, so a comparison is made with the most recent previous
schedule. Consequently, the rescheduling problem is represented by a bi-objective

optimization model, including both cost and stability criteria.
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CHAPTER 4

SOLUTION APPROACH FOR THE SCHEDULING PROBLEM

In this chapter, we develop an MILP model for the movie scenes scheduling problem
as defined in Chapter 3. First, we discuss the assumptions underlying the model, and
then present the mathematical formulation along with explanations of its constraints

and objective function.

4.1 Mixed-Integer Linear Programming Model

An MILP model is implemented due to the nature of the MSSP, including almost all
of its realistic aspects, such as precedence relations as well as some forced relations
among scenes, time windows for scenes, blocking times for actors, two parallel film
units at geographically dispersed territories so as to minimize the sum of all cost

elements involved in film shooting.

4.1.1 Scheduling Environment and Assumptions

We first define the environment of the MSSP addressed as follows:

e There are two active film units that can operate simultaneously.

e Each film unit operates in a distinct territory consisting of multiple sets at
distinct locations in the territory.

e Each film unit is responsible for shooting a disjoint group of scenes.

e Each film unit has its own crew and resources.

e At most one scene can be shot at a time by a film unit.

e Each actor can work with at most one film unit at a time.

e Each actor can start working with at most one film unit.
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Some actors receive fixed salaries, while others receive daily wages.

All actors playing in a scene must be present and working with that film unit
to schedule that scene at that time.

Scenes with time windows must be shot within that period.

Each scene can be scheduled only after all of its predecessor scenes are
scheduled.

Scenes involving an actor with a blocking time cannot be scheduled during
that blocking time.

Transportation cost is incurred for a film unit in moving from one of its sets

to another, and this cost depends on the sequence of sets visited by the crew.

Assumptions underlying the MILP model developed are as follows:

The duration of a scene is assumed to follow a Beta distribution; however,
the scene durations are treated as deterministic using the mean value of the
Beta distribution assumed. The duration of a scene also includes any internal
setup time required to start the scene.

Each actor must shoot all the scenes with the first film unit they start to work
with before working with the other film unit. This means that an actor does
not travel between the two film units multiple times.

Actors with daily wages are paid from the beginning of the first scheduled
scene they are in until the end of the last scene they are a part of.

An actor can have only one blocking time during the whole shooting horizon.
If an actor with daily wages has a blocking time and some scenes involving
the actor are scheduled before and some after the blocking time, then the
actor is not paid during his/her blocking time.

Resources are paid for the period between the beginning of the first scene
and the end of their last scene they are used. Each resource has a daily cost.
A fixed cost, like a rental for the sets, is incurred for each day during film

shooting.
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4.1.2

Notation

Indices

i,j Indices of scenes

a Index of actors

u Index of film units

T Index of resources

Sets

AA  Setofall actors

UA  Set of actors with unavailability periods (blocking time)

BA  Set of actors that work with both film units (set of common actors)

FA  Set of actors that receive a fixed wage

TA  Set of actors that receive a daily time-based wage

TUA Set of actors that receive a daily time-based wage and are unavailable for a
specific period

st Set of scenes for film unit u € {1, 2}

. Setof scenes and dummy scene F* that represents the first time film unit u €
{1, 2} starts shooting
. Set of scenes and dummy scene E* that represents the ending of shooting for

film unitu € {1, 2}

Spugu Set of scenes and dummy scenes (F* and E*) for film unit u € {1, 2}

SAy  Set of scenes involving actor a € AA for film unit u € {1, 2}
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SUY Set of scenes involving actor a € UA, who is unavailable for a specific

period, for film unit u € {1, 2}
R*  Set of resources used by film unit u € {1, 2}
SR,  Set of scenes where resource r € R* is used, u € {1, 2}
PS Set of scenes that have predecessor scenes
PS;  Set of predecessor scenes of scene j € PS
TS Set of scenes with time windows for shooting
Parameters
W,  Daily wage of actor a € TA
FW, Fixed wage of actor a € FA, given before shooting
DRC, Daily cost of resource r
FC" Daily fixed cost of film unit u € {1, 2}
STU, Starting time of the unavailability period of actor a € UA
FU, Finishing time of the unavailability period of actor a € UA
ET;  Earliest start time for the shooting time of scene i € T'S
LT;  Latest finish time for the shooting time of scene i € TS

TCj; Cost of moving from the set of scene i € S“ to the set of scene j € S“ for

film unitu € {1, 2}
D; Duration (number of days) required to shoot scene i
PL;, 1 ifactor a plays in scene i, 0 otherwise

M Sufficiently large positive number, where its value is taken as three times the

total duration of the film unit with the highest total duration time
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Decision Variables

XU

Stai
eary,
lat,

lat}

ere,
lre,

un;,

unp,

end

1 if scene j € Spugu is the next scene to be shot immediately after scene i €

Spugu, 0 otherwise

Completion time of scene i € Spupu

Starting time of scene i € SA}; involving actor a € AA, u € {1,2}
Earliest starting time of a scene involving actor a € TA

Latest completion time of a scene involving actor a € TA

Latest completion time of a scene involving actor a € BA with film unit u €

{1,2}
Earliest starting time of a scene where resource r € (R* U R?) is used
Latest completion time of a scene where resource r € (R U R?) is used

1 if scene i € SUY involving actor a € UA is shot before the unavailability

period of actor a, 0 otherwise, u € {1, 2}

1 if actor a € TUA is unavailable for a specific period and not paid in that

period, 0 otherwise

1 if actor a € BA works with film unit u first, 0 otherwise, u € {1, 2}
Starting time of shooting for film unit u € {1, 2}

Completion time of shooting for film unit u € {1, 2}

Completion time of shooting for both film units
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4.1.3 Mathematical Formulation

The following MILP model is formulated using the indices, sets, parameters, and

decision variables already described:

Minimize Z (lat, — eary) W, + z FW, — Z unp, (FU, (1)

a€TA a€FA a€ETUA

2
—STU,) W, + Z(end” —ear™) FC*
u=1

+ Z (lre, — ere,) DRC, + i Z Z (TCjj xij)

r€(RTUR?2) u=1iesu j_eSf*
i#j
2
+ 107 (z z lat¥) + 107 end
u=1a€BA

Subject to

Scene Sequencing Constraints

Z fpuy = 1 vu € {1,2} (2)
J'Eng‘u
Z g = 1 vu € {1,2} 3)
JESE
xy < 1 vu € {1,2}, 4)

Vj € Spugul # j

z xij =1 vu € {1,2}, (5)
JESgu VieSti#]
2 x; =1 vu € {1, 2}, (6)
JESpu VieSti#]j
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c

Time Window Constraints

Ci _Di > ETl

Ci < LTl

Precedence Relations Constraints

(C]—D])—CLZO

Blocking Time Constraints

STU, —¢; = —M (1 —uny,)

Ci — Di - FUa =>-M (U.Tll'a)

unp, <
ie(SULusu?)

unp, <
ie(sutusu?)

un;,
ie(sutusu?)

vu € {1,2},Vi € Spu,

VjiESpui#j

VieTs

VieTs

Vj € PS,Vi € PS;

Vu € {1,2},Va € UA,
Vi e SU}
Vu € {1,2},Va € UA,
Vi e SUY¥

Va e TUA

Va e TUA

Actors’ Availability Constraints for Film Units

lat} = ¢;

(c; —Dy) —latg = —M (1 - y,)

(c; = D) —latz = —M (1 - y7)

Ya+ya =1

31

Vu € {1,2},Va € BA,
Vi € SAY

Va € BA,Vi € SA?
Va € BA,Vi € SAL

Va € BA

(7

®)

©)

(10)

(11)

(12)

(13)

(14)

(15)

(16)
(17)
(18)



Timing Constraints

Stg; = ¢; — D;

eary, < stg;

lat, = ¢;

ere, < ¢; — D;

lre, = c;

ear* < c¢; — D;
end“ > ¢;

end = end“

Nonnegativity and Binary Constraints

xij S {0,1}

un;, € {0,1}

unp, € {0,1}

ye € {0,1}

Ci>0
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Vu € {1,2},Va € AA,
Vi € SAY

Vu € {1,2},Va € TA,
Vi € SAY

Vu € {1,2},Va € TA,
Vi € SAY

vu € {1, 2},Vr € RY,
Vi € SR,

Vu € {1,2},Vr € R%,
Vi € SR,

Vu € {1,2},Vvi € %
vu € {1,2},Vi € Spu

Yu € {1, 2}

Vu € {1, 2}, Vi,
JEShpui ]

Vu € {1,2},Va € UA,
Vi € SUY

Va € TUA

Vu € {1,2},Va € BA

Yu € {1, 2},Vl € S};-LuEu

(19)

(20)

€2y

(22)

(23)

24)

(25)

(26)

27)

(28)

(29)

(30)

€2y



Stg; =0 Vu € {1,2},Va € AA, (32)

Vi € SAY
ear, =0 VYa €TA (33)
lat, > 0 Va € TA (34)
lat} =0 Vu € {1,2},Va € BA (35)
ere, >0 Vu € {1,2},Vr € R% (36)
lre, >0 vu € {1,2},vr € R* (37)
ear* >0 vu € {1, 2} (38)
end“ >0 vu € {1, 2} (39)
end > 0 (40)

The objective function (1) mainly aims to minimize the total cost. Furthermore, some
decision variables, which are in some of the constraints but not in the objective as
cost components, are added into the objective with a small coefficient to prevent

those decision variables from taking a high number due to the BigM correction:

2 (41)
BigM correction = 107 (Z z lat¥) +107° end
u=1a€eBA
Therefore, the objective function can be written like this:
— (42)
Zeost = (laty, — eary) W, + FW, — unp, (FU,
a€TA aFA a€TUA
- STU,) W,
2
+ Z(end“ —ear*) FC* + Z (lre, — ere,) DRC,
u=1 re(R1UR?)
2
u=1{€SY jeSu
Minimize Z.,;; + BigM correction (43)
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The objective function (1) and constraints (2-40) of the MILP model are explained

below:

e Objective function (1) minimizes the sum of some cost components involved
in film shooting. These components include the daily time-based wages of
actors (from the beginning of the first scheduled scene they are in until the
end of the last scene they are a part of except for blocking times), the fixed
wages of superstars, the daily fixed cost of each film unit, the daily time-
based resource costs (from their first to last use), and the transportation cost
for a film unit in moving from one of its sets to another. In addition, the Bigh
correction function (41) is incorporated with a small coefficient to prevent
certain decision variables, present in constraints but not directly as cost
components, from taking excessively large values due to the BighM
correction.

e Constraint set (2) is used to ensure that scheduling for each film unit starts
with the dummy first scene F*, while constraint set (3) is used to ensure that
scheduling for each film unit ends with the dummy last scene E*.

e Constraint set (4) forces that if scene j is scheduled immediately after scene
i, scene I cannot be scheduled immediately after scene j. The reverse case is
also true.

e Constraint set (5) ensures that there is only one scene scheduled after a scene,
while constraint set (6) ensures that there is only one scene scheduled just
before a scene.

e Constraint set (7) ensures that if a scene j is scheduled immediately after
scene [, the starting time of scene j must be later than the completion time of
scene I.

e (Constraint sets (8) and (9) ensure that if a scene has a time window, it should
be shot within that period.

e Constraint set (10) prevents a scene from being scheduled before its

predecessor.
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Constraint set (11) guarantees that if scene i involving actor a is scheduled
before the unavailability period of actor a, the completion time of scene i
must be earlier than the starting time of the unavailability period.

Constraint set (12) guarantees that if scene i involving actor a is scheduled
after the unavailability period of actor a, the starting time of scene i must be
later than the ending time of the unavailability period.

Constraint sets (13) and (14) ensure that if all scenes of an actor are scheduled
either entirely before or after his or her unavailability period, no payments
are made for that period and no adjustments to payments is necessary.
Additionally, if at least one scene involving actor a is scheduled before his
or her unavailability period and at least one other scene is scheduled after his
or her unavailability period, actor a is considered to have started working
before the unavailability period and continues working after it. In this case,
there will also be no payments to actor a for the unavailability period.
Constraint set (15) ensures that the latest completion time among the scenes
involving actor a with film unit u is captured.

Constraint sets (16) and (17) guarantee that all the scenes involving actor a
in a certain film unit should be shot before s/he starts working with the other
film unit.

Constraint set (18) ensures that actor a can start working with only one film
unit initially.

Constraint set (19) ensures that the starting time of scene i involving actor a
is captured.

Constraint set (20) ensures that the earliest starting time among the scenes
involving actor a is captured.

Constraint set (21) ensures that the latest completion time among the scenes
involving actor a is captured.

Constraint set (22) ensures that the earliest starting time among the scenes

involving resource 7 is captured.
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4.14

Constraint set (23) ensures that the latest completion time among scenes
involving resource 7 is captured.

Constraint set (24) ensures that the starting time of shooting for film unit u
is captured.

Constraint set (25) ensures that the completion time of shooting for film unit
u is captured.

Constraint set (26) ensures that the completion times of shooting for both
film units are captured.

Constraint sets between (27) and (30) define the binary decision variables.

Constraint sets between (31) and (40) define the nonnegativity restrictions.

Precedence and Forced Relations

Precedence relations allow us to express the nature of films and film-making as a

graph. The shooting order of scenes is not arbitrary; a film unit cannot shoot one

scene and then choose among all alternative scenes not yet shot as the next scene,

since it is simply contrary to the structure of films. Therefore, precedence relations

show which scenes must be shot before or after a given scene. The representation of

precedence relations among scenes is in the form of a Directed Acyclic Graph

(DAGQG). Figure 3 is an example of a DAG that represents the precedence relations of

a film that has 10 scenes. In this example, the immediate precedence relations of

scenes are described as follows:

s2, s4, and s5 must be scheduled after s1.

s3 must be scheduled after s2.

s6 must be scheduled after s3, s4, and s5 have all been scheduled.
s7 must be scheduled after s6.

s8 and s9 must be scheduled after s7.

s10 must be scheduled after s8 and s9 have all been scheduled.

36



Figure 3 Example of a Precedence Relations Network for a Film with 10 Scenes

Determining the related precedence relations for scenes is another critical subject.

The establishment of these relations can depend on several factors that can be

summarized as follows:

The director’s preference is the most important factor. For instance, some
directors prefer to shoot the more dramatic and emotional scenes first and the
more casual scenes last. Another example is that some directors prefer to
shoot the final scene of the film first. These preferences usually shape the
precedence relations considerably.

Scenes with the same setup (e.g., lighting and room) should be filmed back-
to-back, without any other scenes in between.

Actor make-up processes take hours to complete. Thus, scenes with the actors
in the same make-up should be shot consecutively.

Unless there is an exceptional circumstance, all scenes in one set must be
completely shot before moving the film unit to another set. Establishing such
a relation between sets also makes the transportation cost in the objective
function a constant (if the cost of moving from any one set to another is

fixed).

To conclude, establishing precedence relations is heavily dependent upon the

preferences of the stakeholders of a film unit. The factors described above must be

taken into consideration for establishing the related relations to improve efficiency

and production quality.
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However, the precedence relations network by itself is not enough to represent all
the relationships among scenes. In Figure 3, there are three edges after scene sl.
Suppose scene s2 is scheduled immediately after scene s1. If scenes s2 and s3 share
a common setup, those scenes should be shot consecutively without any other scenes
scheduled in between. Therefore, scene s3 should be scheduled immediately after
scene s2. However, the precedence relations network represents that one of the
scenes s3, s4, and s5 can be scheduled after scene s2. Therefore, some additional
constraints are necessary to incorporate these relations between two scenes into the
mathematical model; these constraints are named as forced relations. For this
example, the following constraint is added to the model to guarantee that scenes s2

and s3 should be shot sequentially:

Xs2,53 = 1 (44)
Precedence and forced relations are used to express preferences regarding the order
in which scenes are shot. Forced relations support precedence relations by providing

additional requirements that precedence relations cannot capture on their own.
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CHAPTER 5

SOLUTION APPROACH FOR THE RESCHEDULING PROBLEM

The rescheduling problem is modelled using the same MILP modelling approach as
in scheduling. However, as discussed in the problem definition chapter, focusing
solely on the total cost in rescheduling can lead to significant changes in the shooting
sequence and scheduling times, creating stability issues. Therefore, it is essential to

include an objective that addresses schedule stability.

In the literature, several minimization type objective functions have been proposed
for the rescheduling problems in general, including maximum lateness, deviation
cost from the baseline schedule, total completion time deviation from the baseline
schedule, weighted completion time deviation, total tardiness, and mean tardiness
(Jimenez et al., 2024). Specifically, since the MSSP involves precedence relations,
objectives based on the shooting sequence of scenes are inadequate for addressing
stability issues. Instead, an objective that focuses on the scheduled times of scenes

must be utilized.

For the rescheduling problem, the completion times of scenes are the crucial
components in the objective function related to schedule stability. Since scenes can
be scheduled earlier or later than their original scheduled time, the objective is to
minimize the total absolute deviation of scenes' completion times from the previous
schedule, thereby minimizing absolute lateness. In this objective, the total absolute
deviation from the completion time is aggregated for each scene that is carried over
from the previous schedule to the new one, treating the completion time for each
scene in the former schedule as its due date in rescheduling. Several modifications
and additions to the scheduling model are needed to implement this objective and
develop the MILP model for rescheduling. Since rescheduling can occur multiple

times for a film, each subsequent rescheduling is planned based on the most recent

39



previous schedule. Section 5.1 outlines these modifications and enhancements to the

model.

5.1 Modifications on the Scheduling Model

The rescheduling problem introduces modifications to the scheduling model that can
be discussed in terms of sets, parameters, and variables. Next, the objectives and new

constraints are described.

5.1.1 Notation

Additional Sets
The subsequent sets are defined with rescheduling:

PRS  Set of all scenes that were in the previous schedule and still remain in the

current schedule

FS"  Set of all scenes that are either completed, or already started for shooting in

the previous schedule for film unit u € {1, 2}

PSAY Set of all scenes that actor a € AA was scheduled to perform for film unit

u € {1, 2} in the previous schedule

PSR, Set of all scenes for which resource r € R* was planned to be used in the

previous schedule for film unit u € {1, 2}
Updates in the Sets
The following sets need to be updated for rescheduling:

e Scenes that have already been shot must be removed from the relevant sets.
e Actors who have completed shooting in their scenes must be removed from
the relevant sets.

e Actors with blocking times should be updated (UA).
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e Sets that have specific time windows should be updated (TS).

e Precedence relations must be updated.

e Scene-related sets must be updated if certain scenes are either removed or
some are newly added.

e Resources that are no longer needed must be removed from the relevant sets.

In summary, all sets that are affected by the changes must be updated, as they

represent the input for the model.
Additional Parameters

There is one new parameter:

pre

Ci

Completion time of scene i € PRS from the previous schedule
Updates in the Parameters

The following parameters need to be updated for the rescheduling model:

e Blocking time parameters (STU, and FU,) should be updated if necessary.

e Time window parameters (ET; and LT;) should be updated if necessary.

e The durations of the scenes that have already started shooting but not yet
finished should be updated in D;.

e D;’s should be updated if the duration estimations change.
Additional Decision Variables
A new decision variable has been added to the model:

Z; Absolute deviation in the completion time for scene i € PRS
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5.1.2 Additional Objective Function

The objective function (1) is still part of the rescheduling model. Additionally, the
following objective, which minimizes the total absolute deviation of completion

times from the previous schedule, is utilized:

Minimize Z;.piqtion = z lc; — Clprel = z Zj (43)
iEPRS iEPRS
5.1.3 Additional Constraints

To use the absolute deviation objective in the MILP model, the decision variable z;
is incorporated into the objective function (45). The following three constraints are
employed to ensure that the integer decision variable z; accurately reflects the correct
value depending on whether the difference between scene i's completion times is

negative or positive:

7> ¢— " Vi € PRS (46)
2= —(c;— %) Vi € PRS (47)
Z; € Tsg Vi € PRS (48)

Letting t represent the time of rescheduling, additional constraints for the model are

as follows:
ear, =t Va € TA: (PSALUPSA2)N (FSTUFS?) =@  (49)
ear* =t vu e {1,2}: FS“# 0 (50)
ere, =t vu € {1,2},Vr e R¥*: PSR, NFS* # @ (51)
Cpu =t vu € {1, 2} (52)
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Constraints between (49) and (52) are explained as follows:

o Constraint set (49) ensures that actors who receive a daily wage and have
already begun shooting will receive uninterrupted payments starting from
time t.

e Constraint set (50) identifies the film units that have already started working,
ensuring that their daily fixed costs are continuously accounted for from time
t onward.

e Constraint set (51) identifies the resources that have already started to be
utilized, ensuring that their daily costs are recorded from time t onward.

e Constraint set (52) guarantees that the new starting time for scheduling is

adjusted to time t.

5.2 Mathematical Formulation

After modifying the scheduling model due to the rescheduling issue, the following
MILP model is formulated using the defined indices, sets, parameters, and decision

variables.
Objective Functions and Constraints

The objective functions (1) and (45), representing cost and deviation respectively,

are utilized as the two objective functions in the rescheduling MILP model.

Constraints (2) to (40) from the original scheduling MILP model form the basis of
this model, while Constraints (46) to (52) are added to reflect the necessary

modifications required for rescheduling.
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5.3 Solution Approaches

In the context of the rescheduling problem, two different solution approaches are

utilized for the bi-objective problem:

e Lexicographic Approach

e ¢-Constraint (Epsilon-Constraint) Approach

These approaches are selected among the existing multi-objective optimization
techniques because they are compatible with the MILP model. They effectively
manage one objective while explicitly optimizing the other, providing a thorough

analysis of the trade-offs between the two.

In each solution approach, the BigM correction (41) must be applied for whichever

method is used as the single objective function.

5.3.1 Lexicographic Approach

The lexicographic approach focuses on two main objectives in a specific order. First,
it seeks the optimal solution for the primary objective. Once this optimal value is
determined, a constraint is placed to limit the primary objective to this optimal value.
Afterward, the approach finds the optimal solution for the secondary objective within
that feasible region defined by the primary constraint. There are two variants of the

lexicographic approach in our case of the rescheduling problem:

e Lexicographic Approach — primary cost, secondary deviation

e Lexicographic Approach — primary deviation, secondary cost
Lexicographic Approach — primary cost, secondary deviation

Suppose that the primary objective is the cost, and the optimal value of that objective
is equal to cost™. The secondary objective, which is the deviation, is solved under
the constraint that the cost cannot exceed cost*. The MILP model structure remains

the same as in the rescheduling model, but the following modifications are applied:
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Minimize Z;.piqtion (53)
Subject to
Zcost < cost” (54)

Lexicographic Approach — primary deviation, secondary cost

Suppose the primary objective is to minimize the deviation, with the optimal solution
for that objective being deviation®. The secondary objective, which involves costs,
is addressed under the constraint that the deviation cannot exceed deviation®. The
structure of the MILP model aligns with that of the rescheduling model, but with the

following modifications:

Minimize Z_,;; + BigM Correction (55)
Subject to
Z geviation < deviation” (56)

5.3.2 &-Constraint Approach

The e-constraint approach shares a logic similar to the lexicographic approach.
However, instead of using the optimal value of the primary objective as a constraint,

it establishes a predetermined value of ¢ to serve as an upper limit for this objective.

We use constraints with the help of a slack variable, sl. The value of this slack

variable is multiplied by a minimal value and added to the objective function.

The e-constraint approach can be categorized into two approaches based on the

objective used:

e ¢-Constraint Approach 1 — cost objective

e ¢-Constraint Approach 2 — deviation objective
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&-Constraint Approach 1 — cost objective

Similar to the “Lexicographic Approach — primary deviation, secondary cost”, the
objective function focuses on minimizing costs, while the deviation objective is
included as a constraint to set an upper limit. The MILP rescheduling model is

modified to include the following objective function and constraints:

Minimize Z_,, + BigM correction — 1072 sl (57)
Subject to

Zgeviation T+ SL = € (58)
sL>0 (59)

&-Constraint Approach 2 — deviation objective

In conjunction with the “Lexicographic Approach — primary cost, secondary
deviation”, the objective function focuses on minimizing costs, while the cost
objective is included as a constraint to set an upper limit. The MILP rescheduling

model is revised to reflect the following objective function and constraints:

Minimize Z;.,iqtion + BigM correction — 1076 sl (60)
Subject to

Zeost +Sl=¢ (61)
sl=0 (62)

5.4  Frequency of Rescheduling

The frequency of rescheduling is as crucial as the solution approaches used for the
rescheduling problem. Rescheduling too often can lead to stability issues that may
negatively impact each member of a film production. The following approach is to

be implemented regarding the frequency of rescheduling:
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If a disruption is so severe that it is not possible to continue with the current
schedule, a new schedule is generated immediately upon this disruption using
the rescheduling model, along with the necessary adjustments.

If the disruption is not critical and does not currently affect the schedule, the
necessary changes are noted, but no immediate action is taken. Once the
disruption begins to impact the current schedule, a new schedule is developed
using the rescheduling model. During this time, any minor disruptions are
also noted. Once the earliest recorded disruption begins to affect the current
schedule, all accumulated changes so far are implemented and a new
schedule is generated.

The rescheduling model can also serve as a decision support system for the
creative team. For instance, the director can propose changes, such as updates
to precedence relations and check how these changes would impact the
schedule. After evaluating the proposed changes, a decision can be made

regarding their feasibility.
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CHAPTER 6

COMPUTATIONAL STUDY

In this chapter, the MILP models developed for scheduling and rescheduling movie
scenes using two parallel film units are tested. We assess their effectiveness in
producing optimal schedules based on the selected objectives across various problem
instances, as well as their computational time performance. All computational
experiments discussed in this chapter are conducted using the Python
implementation of the Gurobi Solver on a personal computer with the following
specifications: an Intel Core 17-11800H CPU operating at 2.30 GHz with 16 logical
processors, equipped with 16 GB of RAM, and running the Windows 11 Home
Single Language (64-bit) operating system.

Section 6.1 describes the computational study related to the scheduling problem,

while Section 6.1.10 describes the study related to the rescheduling problem.

6.1 Computational Study for the Scheduling Problem

This section analyzes the MILP model’s ability to solve the scheduling problem and
generate cost-optimal schedules. For this purpose, distinct groups of problem

instances are generated, with each instance adhering to a specified structure:

“Number of Scenes-Number of Actors-Number of Common Actors-Problem

Instance’s Number”.

This structure can be summarized as follows: for example, we generate a group of
problem instances consisting of 10 scenes, 10 actors, and 3 common actors between
the two film units. The abbreviation “S” represents scenes, “A” represents actors,
and “CA” stands for common actors. The instance number is appended at the end.

Therefore, this group is denoted as “10S-10A-CA3”. For each configuration of
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problem instance group, three individual instances are generated. Consequently, the
three instances of the “10S-10A-CA3” configuration are labeled respectively as 10S-
10A-CA3-1, 10S-10A-CA3-2, and 10S-10A-CA3-3.

6.1.1 Generation of Problem Instances

A total of 14 groups of problem instances have been generated, as shown in Table 1.
The number of CAs is considered when generating these instances. For groups with
an identical number of scenes, two groups are established, including 30% or 60% of

total number of actors, such as 10S-10A-CA3 and 10S-10A-CA6.

Table 1 The Generated Problem Instances for Scheduling

Groups of Problem Instances | Number of Instances
10S-10A-CA3 3
10S-10A-CA6
20S-10A-CA3
20S-10A-CA6
30S-15A-CAS
30S-15A-CA9
30S-20A-CA6
30S-20A-CA12
40S-20A-CA6
40S-20A-CA12
40S-30A-CA9
40S-30A-CA18
100S-75A-CA23
100S-75A-CA45

W W] W] W] W Wl Wl W| W| W Wl Wl W

For each group of problem instances, three different instances are generated. In these

instances, the following elements are kept the same: actors, precedence relations
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networks (represented by Directed Acyclic Graphs-DAGs), sets of scenes, resources,
actors with blocking times, scenes with time windows, daily fixed costs of film units,
daily costs of resources, and transportation costs between sets. Other factors, such as
scenes that require resources, wages of actors, and scene durations, are also kept the
same but are generated using random functions in Python. The generation of each

element is described below:

e Precedence relations are formed by constructing distinct DAGs for each set.
Additionally, the sequence of shooting among sets is determined for each
film unit. The number of forced relations used is limited to a maximum of
10% of the number of scenes in the problem instance.

e The number of actors with blocking times is limited to 20% of the total
number of actors.

e The number of scenes with time windows is limited to 10% of the total
number of scenes.

e The number of resources used is 20% of the total number of scenes.

e The number of prominent actors who receive a fixed wage is limited to 20%
of the total number of actors. The fixed fees for these actors are randomly
generated between 500,000 and 3,000,000.

e FEach actor’s daily wage is randomly generated within the range of 1,000 to
4,000.

e The duration of scenes is randomly generated as an integer between 1 day

and 15 days.

The only parameter that varies among the three instances is the scenes in which the
actors participate, referred to as the “play matrix”. The play matrix is structured as a
matrix with actors represented in rows and scenes in columns. In this matrix, each
row corresponds to PL;, where a € AA. For each instance, the play matrix is

randomly generated in Python according to the specific rules in Table 2.

When generating the play matrix, actors can participate in a minimum of 10% and a

maximum of 40% of the total number of scenes. Additionally, each scene must
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include at least 20% and no more than 50% of the total number of actors. Finally,
the average number of actors in scenes, defined as “scene actor density”, should be

at least 30% of the total number of actors.

Table 2 Generation Rules for the Play Matrix

Parameter Generation Rule

Minimum: 10% of the number of scenes

Scenes per Actor
Maximum: 40% of the number of scenes

Minimum: 20% of the number of actors

Actors per Scene
Maximum: 50% of the number of actors

Scene Actor Density (Average) | At least 30% of the number of actors per scene

6.1.2 Analysis of the Instance Groups 10S-10A-CA3 and 10S-10A-CA6

In these configurations, each film unit is assigned to work on only one set. Film unit
1 and film unit 2 are responsible for five scenes within that set. Two resources, two
actors with blocking times, and one scene with a specific time window are included.

The precedence relations utilized are illustrated in Figure 4.

Computational results for the 10S-10A-CA3 and 10S-10A-CA6 instance groups are
presented in Table 3. The table shows that the average cost objective value for the
10S-10A-CA3 instances is 13,050,918, with an average computational time of 0.08
seconds. In contrast, the 10S-10A-CA6 instances have an average cost objective
value of 13,055,480 and an average computational time of 0.073 seconds. The

maximum computational time recorded is only 0.11 seconds.

Since these instances represent the smallest problem size in the computational study,
the MILP model can generate optimal schedules regarding the cost objective within

quite short computational times.
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Set 1 Set 2
Film Unit 1 Film Unit 2

Figure 4 Precedence Relations Networks for 10S-10A-CA3 and 10S-10A-CA6

Instance Groups

Table 3 Computational Results of 10S-10A-CA3 and 10S-10A-CA®6 Instances

Problem Instance 7* Computational Time (s)
10S-10A-CA3-1 12,881,580 0.09
10S-10A-CA3-2 13,005,824 0.07
10S-10A-CA3-3 13,265,350 0.08

Average 13,050,918 0.08
10S-10A-CA6-1 13,043,337 0.06
10S-10A-CA6-2 13,118,100 0.05
10S-10A-CA6-3 13,005,003 0.11

Average 13,055,480 0.073

6.1.3 Analysis of the Instance Groups 20S-10A-CA3 and 20S-10A-CA6

For the 20S-10A-CA3 and 20S-10A-CAG6 configurations, each film unit shoots 10
scenes, divided into two distinct sets. Four resources, two actors with defined
blocking times, two scenes with specified time windows, and two forced relations

between scenes are considered. Figure 5 illustrates the precedence relations used for

53



each film unit in these configurations. According to these precedence relations, film
unit 1 completes the scenes in set 2 before moving on to set 1, while film unit 2
shoots all the scenes in set 3 before transitioning to set 4. To account for the forced
relations between specific scenes, constraints (63) and (64) are incorporated into the

MILP model:
Xs2,54 = 1 (63)

Xs17519 = 1 (64)

Film Unit1 Film Unit 2

Figure 5 Precedence Relations Networks for 20S-10A-CA3 and 20S-10A-CA6

Instance Groups

Table 4 presents the computational results for the 20S-10A-CA3 and 20S-10A-CA6
instance groups. The average cost objective value for the 20S-10A-CA3 instances is
25,937,201, with an average computational time of 0.043 seconds. On the other hand,
the 20S-10A-CA®6 instances have an average cost objective value of 25,535,017 and
an average computational time of 0.027 seconds. The maximum computational time

across all instances is observed as 0.05 seconds.

Similar to the 10S-10A-CA3 and 10S-10A-CA6 configurations, the problem
instances of the 20S-10A instance groups are solved in very short computational

times.
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Table 4 Computational Results of 20S-10A-CA3 and 20S-10A-CA6 Instances

Problem Instance 7* Computational Time (s)
20S-10A-CA3-1 24,658,223 0.05
20S-10A-CA3-2 25,489,114 0.04
20S-10A-CA3-3 27,664,265 0.04

Average 25,937,201 0.043
20S-10A-CA6-1 25,122,134 0.02
20S-10A-CA6-2 26,348,820 0.03
20S-10A-CA6-3 25,134,096 0.03

Average 25,535,017 0.027

6.1.4 Analysis of the Instance Groups 30S-15A-CAS and 30S-15A-CA9

For 30S-15A-CAS5 and 30S-15A-CA9 configurations, both film units work on two

disjoint sets independently. Film unit 1 is responsible for shooting 18 scenes, while

film unit 2 shoots 12 scenes. Six resources, three actors with defined blocking times,

three scenes with designated time windows, and three forced relations between

scenes are considered. Figure 6 illustrates the precedence relations employed for

each film unit within these configurations. Based on these precedence relations, film

unit 1 completes the scenes in set 1 before progressing to set 2, whereas film unit 2

begins with the scenes in set 4 and subsequently moves to set 3. To represent the

forced relations between specific scenes, constraints (65) to (67) are incorporated

into the MILP model.
Xs2,54 = 1
Xsa,s6 = 1
Xs3,55 = 1
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Film Unit 1

|
|
|
|
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|
|

Figure 6 Precedence Relations Networks for 30S-15A-CAS and 30S-15A-CA9

Instances

Table 5 presents the computational results for the 30S-15A-CAS and 30S-15A-CA9
instance groups. The average cost objective value for the 30S-15A-CAS instances is
38,896,594, with an average computational time of 0.060 seconds. For the 30S-15A-
CA9 instances, the average objective cost value 1s 38,901,555, and the average
computational time is 0.043 seconds. The maximum computational time is observed

as 0.07 seconds.

As with the previous problem instance groups, optimal schedules are obtained for
these configurations in very short computational times, despite the higher number of

scenes and actors involved.
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Table 5 Computational Results of 30S-15A-CAS and 30S-15A-CA9 Instances

Problem Instance 7* Computational Time (s)
30S-15A-CAS5-1 39,790,072 0.06
30S-15A-CAS5-2 38,468,601 0.05
30S-15A-CAS-3 38,431,109 0.07

Average 38,896,594 0.060
30S-15A-CA9-1 38,608,012 0.07
30S-15A-CA9-2 39,542,326 0.03
30S-15A-CA9-3 38,554,327 0.03

Average 38,901,555 0.043

6.1.5 Analysis of the Instance Groups 30S-20A-CA6 and 30S-20A-CA12

The film units in configurations 30S-20A-CA6 and 30S-20A-CA12, along with the
scenes they shoot, are identical to those in configurations 30S-15A-CAS5 and 30S-
15A-CA9. Additionally, the precedence relations shown in Figure 6 and the forced
relations defined by constraints (65), (66), and (67) are maintained. Three scenes
with the same time windows and six resources are utilized. Furthermore, an
additional actor with blocking time is included, resulting in a total of four actors with

blocking times instead of three.

Table 6 displays the computational results for the 30S-20A-CA6 and 30S-20A-CA12
instance groups. The average cost objective value for the 30S-20A-CAG6 instances is
41,861,196, with an average computational time of 0.050 seconds. On the other hand,
the average cost objective for the 30S-20A-CA12 instances is 42,843,276, with an
average computational time of 0.040 seconds. The maximum computational time

recorded is 0.06 seconds.

As with previous problem instances, there is a consistent pattern of obtaining optimal

schedules in very short computational times for these configurations.
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Table 6 Computational Results of 30S-20A-CA6 and 30S-20A-CA12 Instances

Problem Instance 7* Computational Time (s)
30S-20A-CA6-1 42,306,137 0.06
30S-20A-CA6-2 41,412,505 0.05
30S-20A-CA6-3 41,864,946 0.04

Average 41,861,196 0.050
30S-20A-CA12-1 42,843,099 0.03
30S-20A-CA12-2 43,314,114 0.06
30S-20A-CA12-3 42,372,614 0.03

Average 42,843,276 0.040

6.1.6 Analysis of the Instance Groups 40S-20A-CA6 and 40S-20A-CA12

The configurations 40S-20A-CA6 and 40S-20A-CA12 are as follows: Film unit 1

shoots 25 scenes across 3 disjoint sets, while film unit 2 shoots 15 scenes across 2

disjoint sets. Eight resources, four actors with defined blocking times, four scenes

with designated time windows, and four forced relations between scenes are

considered. Figure 7 illustrates the precedence relations for each film unit in these

configurations. According to these relations, film unit 1 first completes the scenes in

set 1 first, then advances to set 3, and after completing its work there, proceeds to set

2. In contrast, film unit 2 begins to shoot scenes in set 5 before moving on to set 4.

To account for the forced relations among specific scenes, constraints (68) to (71)

are incorporated into the MILP model.
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Xs2,55 = 1 (68)

Xsa,s6 = 1 (69)
Xsgs10 = 1 (70)
Xs32,534 = 1 (71)

Table 7 presents the computational results for the 40S-20A-CA6 and 40S-20A-CA12
instance groups. The average cost objective value for the 40S-20A-CAG6 instances is
56,202,279, with an average computational time of 0.207 seconds. On the other
hand, the average cost objective for the 40S-20A-CA12 instances is 57,861,777, with
an average computational time of 0.090 seconds. The maximum computational time

recorded 1s 0.32 seconds.

While there is a slight increase in computational time compared to previous

configurations, it remains below 0.4 seconds across all instances.

Table 7 Computational Results of 40S-20A-CA6 and 40S-20A-CA12 Instances

Problem Instance 7* Computational Time (s)
40S-20A-CA6-1 57,022,249 0.08
40S-20A-CA6-2 55,966,655 0.22
40S-20A-CA6-3 55,617,934 0.32

Average 56,202,279 0.207
40S-20A-CA12-1 58,222,226 0.05
40S-20A-CA12-2 57,212,994 0.15
40S-20A-CA12-3 58,150,111 0.07

Average 57,861,777 0.090

6.1.7 Analysis of the Instance Groups 40S-30A-CA9 and 40S-30A-CA18

The film units and scenes in configurations 40S-30A-CA9 and 40S-30A-CA18 are
identical to those in configurations 40S-20A-CA6 and 40S-20A-CA12. Similarly,
the precedence relations illustrated in Figure 7 and the forced relations between
constraints (68) and (71) are utilized. Moreover, four scenes featuring the same time

windows and a set of eight resources are integrated. Additionally, two extra actors
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with blocking times are introduced, increasing the total number of actors with

blocking times to six.

Table 8 illustrates the computational results for the 40S-30A-CA9 and 40S-30A-
CA18 instance groups. The average cost objective value for the 40S-30A-CA9
instances is 63,618,833, with an average computational time of 0.093
seconds. Instead, the average cost objective value for the 40S-30A-CA18 instances
15 65,557,748, also accompanied by an average computational time of 0.093 seconds.

The maximum computational time recorded is 0.19 seconds.

As observed in previous configurations, optimal schedules for these instances are

achieved in a remarkably short computational time.

Table 8 Computational Results of 40S-30A-CA9 and 40S-30A-CA18 Instances

Problem Instance 7* Computational Time (s)
40S-30A-CA9-1 63,036,447 0.04
40S-30A-CA9-2 64,598,674 0.05
40S-30A-CA9-3 63,221,378 0.19

Average 63,618,833 0.093
40S-30A-CA18-1 65,008,557 0.07
40S-30A-CA18-2 65,472,851 0.13
40S-30A-CA18-3 66,191,836 0.08

Average 65,557,748 0.093

6.1.8 Analysis of the Instance Groups 100S-75A-CA23 and 100S-75A-
CA45

The configurations 100S-75A-CA23 and 100S-75A-CA45 represent the largest
problem instances analyzed. Film unit 1 shoots a total of 60 scenes, organized into
three disjoint sets, while film unit 2 shoots 40 scenes across two disjoint sets. Due to
the challenges in constructing the play matrix, the scene actor density has been
adjusted to 20, instead of the initially intended value of 22.5. The analysis includes

a total of 20 resources, 15 actors with specified blocking times, 10 scenes with
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designated time windows, and 10 forced relations among scenes. The precedence

relations utilized in these configurations are also illustrated in Figure 8.

Film Unit 1

Figure 8 Precedence Relations Networks for 100S-75A-CA23 and 100S-75A-
CAA4S5 Instance Groups
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In accordance with the precedence relations, film unit 1 begins by shooting the
scenes on set 1, followed by scenes on set 2, and finally the scenes on set 3.
Meanwhile, film unit 2 starts with the scenes in set 5 before moving on to set 4. In
addition to these precedence relations, the MILP model also incorporates 10 forced

relations between constraints (72) and (81).

Xsz2,s6 = 1 (72)
Xopss = 1 (73)
Xs3,56 = 1 (74)
Xs6,s7 = 1 (75)
Xs25,526 = 1 (76)
Xs35,538 = 1 (77)
Xs49,551 = 1 (78)
Xss0,s52 = 1 (79)
Xs65,567 = 1 (80)
Xs92,593 = 1 (81)

Table 9 displays the computational results for the 100S-75A-CA23 and 100S-75A-
CAA45 instance groups. The average cost objective value for the 100S-75A-CA23
instances is 256,886,525, with an average computational time of 1.913 seconds. On
the other hand, the average cost objective value for the 100S-75A-CA45 instances is
276,747,419, with an average computational time of 1.583 seconds. The maximum

computational time recorded is 4.35 seconds.

This group of instances is significantly larger than the previous ones, resulting in an
expanded search space for the generated schedules. Nonetheless, the model
efficiently limits itself to a maximum computational time of 4.35 seconds. This is
largely because, in real-life film production, relationships are represented by both

precedence and forced relations, which narrows the search space effectively.
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Table 9 Computational Results of 100S-75A-CA23 and 100S-75A-CA45 Instances

Problem Instance 7* Computational Time (s)
100S-75A-CA23-1 255,123,070 4.35
100S-75A-CA23-2 257,112,783 0.31
100S-75A-CA23-3 258,423,721 1.08
Average 256,886,525 1.913
100S-75A-CA45-1 280,740,411 0.86
100S-75A-CA45-2 276,890,837 1.27
100S-75A-CA45-3 272,611,010 2.62
Average 276,747,419 1.583
6.1.9 Sensitivity Analysis on the Number of Common Actors

An additional analysis is conducted on the 100S-75A-CA23-1 problem instance to
examine how the number of common actors (CA) between film units affects
computational time. This instance consists of 23 actors who are working with both
film units. The study reduces the number of common actors by selecting an actor and
removing all his or her roles from one of the film units. The analysis specifically
investigates how this reduction in common actors impacts the computational time
for the MILP solver when generating optimal schedules, with a focus on the

complexity introduced by these common actors.

Table 10 shows the computational results for various cases, where the number of
common actors is 23, 22, 21, 20, 19, 15, 10, 3, and 1. As expected, the objective
function value shows a non-increasing pattern as the number of common actors
decreases. However, a similar trend cannot be observed in the computational time;
it varies without a consistent correlation to the number of common actors. Therefore,
there is no clear or direct relationship between the computational time and the

number of common actors.
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Table 10 Computational Time for Varying Numbers of CA

CA 7* Computational Time (s)
23 255,123,070 4.35
22 255,123,070 1.27
21 253,866,001 4.17
20 253,866,001 3.03
19 253,866,001 451
15 248,981,607 7.22
10 243,766,732 2.32
3 239,333,673 3.39
1 236,661,282 0.81

In a similar analysis, we examine a case where a single actor participates in two film
units, and there is no common actor between two units. The MILP model is used to
explore how optimal schedules can be generated. To effectively assess the impact of
the number of common actors on the scheduling process, we eliminate all time
windows except those that ensure film unit 1 begins shooting first in the modified
instance labeled 100S-75A-CA23-1, which includes only one common actor, as

shown in Table 10.

Additionally, we investigate a case where there are no common actors in two film
units. In this case, the schedules for each film unit are generated using two separate
runs of the MILP model. The results of this analysis are presented in Table 11. The
findings indicate that the presence of a common actor increases complexity of the
model, resulting in a computational time of 181.16 seconds. In contrast, when there
are no common actors, the scheduling complexity is significantly reduced, leading

to a computational time of just 92.79 seconds.

When there are no common actors, the optimal schedule for film unit 1 is achieved
in 3.77 seconds, while the optimal schedule for film unit 2 is generated in 1.89
seconds, totaling 5.66 seconds. As expected, the complexity of generating a schedule

that accommodates both film units simultaneously affects the computational time. In
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comparison, generating separate schedules for each film unit results in a much lower

computational time than when the units are scheduled together.

The optimal schedules generated for the instances displayed in Table 11 are
illustrated in Figures 9, 10, 11, and 12, respectively. By comparing the schedules in
Figures 9 and 10, we can clearly see the effect of having a common actor on the
scheduling process. Actors must complete all their scenes in the first film unit they
work with before moving on to the next one. In Figure 9, film unit 2 cannot begin

shooting until film unit 1 has completed all scenes involving the common actor.

Table 11 Computational Results of the Instances with One or Zero CA

Film Units | CA g Computational Time (s)
Both Units 1 234,593,131 181.16

Both Units 0 233,789,541 92.79

Film Unit 1 0 147,399,770 3.77

Film Unit 2 0 86,389,771 1.89

Movie Shooting Schedule Gantt Chart (CA=1)
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Figure 9 Shooting Schedule for the Modified 100S-75A-CA23-1 Instance (CA=1)
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Movie Shooting Schedule Gantt Chart (CA=0)
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Figure 10 Shooting Schedule for the Modified 100S-75A-CA23-1 Instance (CA=0)
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Figure 11 Shooting Schedule of Film Unit 1 for the Modified 100S-75A-CA23-1
Instance (CA=0)

Movie Shooting Schedule Gantt Chart (CA=0) - Film Unit 2

Unit 2 A

Film Units
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Time (Days)

Figure 12 Shooting Schedule of Film Unit 2 for the Modified 100S-75A-CA23-1
Instance (CA=0)

6.1.10 Final Remarks on the Scheduling Problem

This section presents the conclusions and observations derived from the
computational study conducted in Section 6.1. A total of 14 groups of problem

instances related to the scheduling problem are generated, with 3 instances for each
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group, resulting in 42 problem instances overall. The MILP model is solved for each

one.

All generated problem instances are solved to optimality, yielding schedules with
minimum cost values. Notably, all small and medium-sized problem instances,
including the 40S-30A group, are solved in a maximum computational time of 0.32
seconds, with most instances taking less than 0.1 seconds. The largest problem
instance group, 100S-75A, required longer computational time compared to the
small and medium-sized instances; however, these instances are still solved

efficiently, taking up to 4.35 seconds.

The proposed MILP model achieves remarkably short computational times. This
efficiency is largely due to the implementation of precedence and forced
relationships, which are specifically designed to reflect the characteristics of actual
film shooting production processes, including time windows and blocking times. The
goal is to incorporate the nature of film shooting, preferences of directors, and
specific approaches -such as the requirement to complete filming all scenes on one
set before moving to another- into the MILP model. This approach effectively
reduces the search space by narrowing the feasible region to more realistic schedules.

As a result, the MILP model can be solved very quickly.

It is clear that actors who frequently collaborate with both film units have a
significant impact on the scheduling of the film units. The sequence in which actors
complete the scenes in one film unit before transitioning to another unit is crucial in
determining the earliest possible start time for shooting in the subsequent unit. For
example, if an actor begins shooting with film unit 1 and is involved in one of the
last scenes for that unit while also being in the first scene of film unit 2, then film
unit 2 can start shooting close to the conclusion of film unit 1. This, in turn, affects
the time interval during which both units can work in simultaneously. If the last
scheduled scene of film unit 1 includes the actor, then film unit 2 must wait until film
unit 1 has completed its shooting before it can begin. As a result, two units are unable

to work in parallel.
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6.2  Computational Study for the Rescheduling Problem

To study the rescheduling problem of film production, it is essential to start with a
previously generated schedule. Therefore, the optimal schedules obtained by solving
the scheduling MILP model for the problem instances presented in Section 6.1 are
used. In this section, we apply the possible disruptions in film production, as detailed
in Section 3.2.1, to some of these problem instances. A similar structure to the
problem instances generated for scheduling is used for rescheduling instances as

follows:

“Number of Scenes-Number of Actors-Number of Common Actors-Problem

Instance’s Number-Rescheduling Instance’s Number”

In contrast to scheduling instances, rescheduling instances are identified by adding
the prefix “RS” followed by the number of the rescheduling problem instance. For
example, if we have a scheduling problem instance code like “30S-15A-CA5-2”,
then the first rescheduling instance created from it is coded as “30S-15A-CAS5-2-
RS1.”

It is important to note that even if only one scenario is applied in rescheduling, the
designation RS1 is included in the instance code to maintain consistency. Problem

instances for rescheduling are presented in Table 12.

Table 12 Problem Instances for Rescheduling

Problem Instances for Based on the Scheduling
Rescheduling Problem Instance

30S-15A-CA5-2-RS1 30S-15A-CAS-2
30S-15A-CAS5-2-RS2 30S-15A-CAS-2
30S-15A-CA5-2-RS3 30S-15A-CAS-2
20S-10A-CA6-1-RS1 20S-10A-CA6-1
100S-75A-CA23-1-RS1 | 100S-75A-CA23-1

For the rescheduling problem in these instances, shooting has already started, and
one or more disruption-induced scenarios that negatively affect the current schedule

are generated. Rescheduling is then applied to these instances as needed. For the
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remaining scenes (not yet shot) in each instance, the problem is initially solved using
a single cost objective, like the original scheduling problem, and both Z.,,; and
Z geviation Objective values are found. Subsequently, the same problem is formulated
using the MILP model as a bi-objective problem through the lexicographic and e-
constraint approaches, and schedules with their respective objective values are
obtained. Finally, a Pareto optimal trade-off curve is constructed from the solutions
obtained through the bi-objective approach. Additionally, to demonstrate the effect
of rescheduling on the makespan (completion time of all scenes) of the optimal
schedules for each problem instance, the ACnax, Which represents the change in

makespan from the original schedule, is reported.

6.2.1 Analysis on 30S-15A-CAS-2-RS1 Instance

In the 30S-15A-CAS5-2-RS1 problem instance, film unit 1 has started shooting and
after shooting scenes s1, s2, and s4, before starting scene s6, shooting is stopped due
to changes initiated by the director. Consequently, rescheduling is needed for time

t=28. The following adjustments are to be made as required:

e A new blocking time is added for actor al0, and the blocking times for other
actors are also updated.

e Time windows are revised.

e Scene s3 is removed from the script and replaced with scenes s31 and s32.

e The duration of scene s6 is changed from 5 to 4.

e All sets and parameters for the remaining scenes are updated.

e As illustrated in Figure 13, the precedence relations for set 1 are updated,

while the other sets remain unchanged.
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Figure 13 Updated Precedence Relations Networks for Set 1 of 30S-15A-CAS-2-
RS1 Instance

Table 13 represents the computational results for the 30S-15A-CA5-2-RS1 instance.
A total of 29 model runs are conducted, including the single-objective model. The
single cost objective MILP generates a schedule with Z.,,; = 35,763,597 and
Zgeviation = 225. On the other hand, the lexicographic approach, which prioritizes
cost, yields a schedule with the same Z,,,, value but reduces the Z;.piqtion t0 186
days. Moreover, the lexicographic approach, using the Z;.piqtion @S the primary
objective, produces a schedule with Z.piqtion = 154 days and Z.,5 = 36,517,017.
The e-constraint approach is also used to generate nondominated schedules with
intermediate objective values. The ACnax value is consistently recorded as either 9
or 8 days across all solution approaches. In the single cost objective, lexicographic
(prioritizing cost, followed by deviation), and e-constraint (cost + s/ = 35,800,000)
approaches, the makespanis increased by 9 days. Conversely, in all other
approaches, the increase in makespan is noted as 8 days. The computational time

ranges from 0.04 to 0.11 seconds, with an average time of 0.061 seconds.
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Table 13 Computational Results of the 30S-15A-CAS5-2-RS1 Instance

Solution Approach Zcost | ZLdeviation Corfll‘]i);llia;;mal
Single Cost Objective 35,763,597 225 0.07
Lexicographic — Primary Cost, Secondary Deviation 35,763,597 186 0.06
Lexicographic — Primary Deviation, Secondary Cost 36,517,017 154 0.06
&-Constraint (cost + sl = 35,800,000) 35,763,597 186 0.07
&-Constraint (cost + sl = 35,820,000) 35,804,987 174 0.09
&-Constraint (cost + sl = 35,850,000) 35,804,987 174 0.05
g-Constraint (cost + sl = 35,900,000) 35,804,987 174 0.06
&-Constraint (cost + sl = 36,000,000) 35,947,393 170 0.04
e-Constraint (cost + sl = 36,100,000) 36,089,799 166 0.11
&-Constraint (cost + sl = 36,200,000) 36,089,799 166 0.07
e-Constraint (cost + sl = 36,300,000) 36,232,205 162 0.05
&-Constraint (cost + sl = 36,400,000) 36,374,611 158 0.05
&-Constraint (cost + sl = 36,500,000) 36,374,611 158 0.06
&-Constraint (deviation + sl =183) 35,804,987 174 0.05
e-Constraint (deviation + sl =173) 35,936,530 173 0.08
&-Constraint (deviation + sl =172) 35,940,393 172 0.05
&-Constraint (deviation + sl =171) 35,947,393 170 0.06
&-Constraint (deviation + sl =169) 36,078,936 169 0.07
e-Constraint (deviation + sl =168) 36,082,799 168 0.07
e-Constraint (deviation + sl =167) 36,089,799 166 0.06
e-Constraint (deviation + sl =165) 36,221,342 165 0.06
e-Constraint (deviation + sl =164) 36,225,205 164 0.05
e-Constraint (deviation + sl =163) 36,232,205 162 0.06
&-Constraint (deviation + sl =161) 36,363,748 161 0.07
&-Constraint (deviation + sl =160) 36,367,611 160 0.05
e-Constraint (deviation + sl =159) 36,374,611 158 0.08
e-Constraint (deviation + sl =157) 36,506,154 157 0.05
e-Constraint (deviation + sl =156) 36,510,017 156 0.04
e-Constraint (deviation + sl =155) 36,517,017 154 0.04
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Table 14 and Figure 14 represent the Pareto optimal solutions for the 30S-15A-CAS-
2-RS1 instance. These optimal solutions illustrate the trade-off between Z.,s; and
Z geviation @S shown in Figure 14. This trade-off facilitates decision-making based on
which objective is crucial for the current circumstances. There are two distinct
patterns of increase along the trade-off curve; in some cases, the rise in cost is
minimal, while in others, it is considerably more significant. The significant
increases are primarily due to attempts at reducing the absolute total deviation, which
can lead to a schedule where a film unit operates for a greater number of days.
Conversely, the occurrences of minimal increases typically involve scheduling

actors, resources, or both to commence work earlier.

Table 14 Pareto Optimal Solutions for the 30S-15A-CAS5-2-RS1 Instance

Zcost Zdeviation Label
35,763,597 186 A
35,804,987 174
35,936,530 173 C
35,940,393 172 D
35,947,393 170 E
36,078,936 169 F
36,082,799 168 G
36,089,799 166 H
36,221,342 165 I
36,225,205 164 J
36,232,205 162 K
36,363,748 161 L
36,367,611 160 M
36,374,611 158 N
36,506,154 157 o
36,510,017 156 P
36,517,017 154 R
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Figure 14 Pareto Optimal Trade-off Curve for the 30S-15A-CAS5-2-RS1 Instance

6.2.2 Analysis on 30S-15A-CAS-2-RS2 Instance

In the case of the 30S-15A-CAS5-2-RS2 problem instance, rescheduling occurs
differently than in the 30S-15A-CA5-2-RS1 scenario. Instead of taking place at the
beginning of shooting when one film unit begins work, it happens more toward the
middle of shooting schedule when two film units are operating in parallel. In this
problem instance, film unit 1 has only scenes s16, s17, and s18 left to be shot, with
shooting for scene s16 already underway. Meanwhile, film unit 2 has completed
shooting scenes s26 and s27. Rescheduling is triggered at time t=135 due to a new

time window related to the end of the lease. The subsequent modifications include:

¢ During the ongoing shooting, a previously noted blocking time for actor a7
is added, which does not pose an issue at that moment. Also, other blocking

times of actors are updated.

¢ A new time window is introduced for scene s17, along with updates to the

time windows of other scenes.

e Resource r3 is deemed unnecessary as its scenes have been completed.
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e All sets and parameters related to the remaining scenes are updated.

e The precedence relations are also adjusted, as illustrated in Figure 15.

Film Unit 1

Figure 15 Updated Precedence Relations Networks for 30S-15A-CA5-2-RS2

Instance

Table 15 summarizes the computational results for the 30S-15A-CAS5-2-RS2
instance. A total of eight model runs are conducted, including the single-objective
model. The single cost objective MILP yields a schedule with Z_,5; = 20,055,013
and Zgepiation = 126 days. On the other hand, the lexicographic approach, which
prioritizes cost, generates a schedule with the same Z_,¢; but reduces the Zj.piqtion
to 118 days. When the lexicographic approach considers the Z j.piqtion s the primary
objective, it results a schedule with Zj.pi4ti0n = 112 days and Z.,5 = 20,069,013.
Additionally, the e-constraint approach is utilized to generate nondominated

schedules with intermediate objective values. The ACnax value is 13 days across all
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solution approaches. The computational time ranges from 0.01 to 0.04 seconds, with

an average of 0.025 seconds.

Table 15 Computational Results of the 30S-15A-CAS5-2-RS2 Instance

Solution Approach Zicost | Zdeviation Computag;)nal Time
Single Cost Objective 20,055,013 126 0.04
Lexicographic — Primary Cost, Secondary Deviation | 20,055,013 118 0.02
Lexicographic — Primary Deviation, Secondary Cost | 20,069,013 112 0.01
&-Constraint (cost + sl = 20,060,000) 20,055,013 118 0.03
&-Constraint (cost + sl = 20,065,000) 20,062,013 115 0.03
e-Constraint (cost + sl =20,067,500) 20,062,013 115 0.03
e-Constraint (deviation + sl =117) 20,062,013 115 0.03
&-Constraint (deviation + sl =114) 20,069,013 112 0.01

Table 16 and Figure 16 present the Pareto optimal solutions, illustrating the trade-
off between the defined objectives for the 30S-15A-CA5-2-RS2 instance. This trade-
off between Z_,5; and Z jepiqtion 18 represented in Figure 16 in a way that allows for
decision-making based on which objective is deemed more critical for the current
situation. In comparison to the 30S-15A-CA5-2-RS1 instance, this case features a
smaller number of scenes, leading to reduced variation in the start and end times of
scenes involving actors, resources, or film units. Consequently, fewer Pareto optimal

schedules are generated.

Table 16 Pareto Optimal Solutions for the 30S-15A-CA5-2-RS2 Instance

Z.cost Z.deviation | Label

20,055,013 118 A
20,062,013 115 B
20,069,013 112 C
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Figure 16 Pareto Optimal Trade-off Curve for the 30S-15A-CAS5-2-RS2 Instance

6.2.3

Analysis on 30S-15A-CAS-2-RS3 Instance

In this scenario, film unit 1 has completed its filming, while film unit 2 has completed

its scenes on set 4 and is currently shooting scene s19 when an accident interrupts

shooting for 20 days. Consequently, rescheduling commences with the reshoot of

s19 at t=180. The following adjustments are made:

Actors a4, a5, a9, all, al3, and al5 have completed their respective scenes
and are no longer required.

The resources for film unit 1 are no longer needed.

A new blocking time is assigned for actor a2, and the blocking times for the
other actors are updated.

A new time window is established for scene s24 with corresponding updates
to the time windows of other scenes.

All sets and parameters for the remaining scenes are revised.

As shown in Figure 17, the precedence relations are updated.
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Film Unit 2

Figure 17 Updated Precedence Relations Network for 30S-15A-CAS5-2-RS3

Instance

The computational outcomes for the 30S-15A-CAS5-2-RS3 instance are summarized

in Table 17. Three model runs have been conducted, including the single-objective

model. The MILP with a singular cost objective results in a schedule with Z_,s; =

12,612,101 and Z4epiqtion = 174 days. On the other hand, both the lexicographic

approach focused on cost and the lexicographic approach focused on deviation yield

schedules with the same Z_,4; but a reduced Z opiation = 154 days. The ACax value

remains consistently at 25 days across all solution approaches, and the average

computational time recorded is 0.013 seconds.

Table 17 Computational Results of the 30S-15A-CA5-2-RS3 Instance

Computational Time

Solution Approach Zcost | Zdeviation (s)
Single Cost Objective 12,612,101 174 0.01
Lexicographic — Primary Cost, Secondary Deviation | 12,612,101 154 0.02
Lexicographic — Primary Deviation, Secondary Cost | 12,612,101 154 0.01

In this instance, the generation of a single schedule precludes the creation of a Pareto

optimal trade-off curve.
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6.2.4 Analysis on 20S-10A-CA6-1-RS1 Instance

In the 20S-10A-CA6-1-RS1 problem instance, film unit 2 has already shot scenes
sl1, s14, and s13. However, during shooting of scene s12, filming is temporarily
halted for 4 days due to adverse weather conditions. Rescheduling is implemented

to reshoot scene s12 at time t=38. The following adjustments are made:

e A new blocking time is added for actor a5, alongside updates to the blocking
times of other actors.

e Time windows of scenes are updated.

e All sets and parameters are revised for the remaining scenes.

e Asshown in Figure 18, the precedence relations for set 3 are updated, while

the other sets remained unchanged.

Figure 18 Updated Precedence Relations Network for Set 3 of 20S-10A-CA6-1-
RS1 Instance

Table 18 illustrates the computational outcomes for the 20S-10A-CA6-1-RS1
instance. A total of nineteen model runs are conducted, including the single-
objective model. The single cost objective MILP generates a schedule with Z_,; =
20,684,838 and Z4.piqtion = 114 days. In contrast, the lexicographic approach, which
prioritizes cost, provides a schedule with the same Z_,g; but a smaller Z;.piqtion Of

108 days. When the lexicographic approach uses Z;zpiqtion @s the primary objective,
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it yields a schedule with Z;epigtion = 98 days and Z., = 21,209,596. The e-
constraint approach is employed to develop nondominated schedules with
intermediate objective values. Across all solution approaches, the ACnax value is
consistently reported as 6 days, while computational times range from 0.01 to 0.03

seconds, averaging 0.02 seconds.

Table 18 Computational Results of the 20S-10A-CA6-1-RS1 Instance

Solution Approach Zcost | Zdeviation Computa::;)nal Time
Single Cost Objective 20,684,838 114 0.03
Lexicographic — Primary Cost, Secondary Deviation | 20,684,838 108 0.01
Lexicographic — Primary Deviation, Secondary Cost | 21,209,596 98 0.01
g-Constraint (cost + sl = 20,700,000) 20,690,240 106 0.01
e-Constraint (cost + sl =20,800,000) 20,690,240 106 0.02
e-Constraint (cost + sl =20,900,000) 20,820,079 104 0.02
g-Constraint (cost + sl = 21,000,000) 20,949,918 102 0.02
&-Constraint (cost + sl = 21,100,000) 21,079,757 100 0.03
g-Constraint (cost + sl = 21,200,000) 21,079,757 100 0.03
e-Constraint (deviation + sl =107) 20,687,539 107 0.03
&-Constraint (deviation + sl =106) 20,690,240 106 0.03
&-Constraint (deviation + sl =105) 20,817,378 105 0.02
e-Constraint (deviation + sl =104) 20,820,079 104 0.02
&-Constraint (deviation + sl =103) 20,947,217 103 0.02
&-Constraint (deviation + sl =102) 20,949,918 102 0.02
&-Constraint (deviation + sl =101) 21,077,056 101 0.01
e-Constraint (deviation + sl =100) 21,079,757 100 0.02
g-Constraint (deviation + sl =99) 21,206,895 99 0.02
e-Constraint (deviation + sl =98) 21,209,596 98 0.01

Table 19 and Figure 19 present the Pareto optimal solutions for the 20S-10A-CA6-
1-RS1 instance. The trade-off between the two objectives Z.,s; and Zgepiation 15
illustrated in Figure 19. Based on this trade-off, decisions can be made based on
which objective holds greater importance in the current situation. In comparison to
the instances generated from the 30S-15A-CAS5-2-RS1 instance, a smaller number
of alternative solutions are identified as the number of stages decreases.

Additionally, the variation in the absolute deviation value is also reduced.
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Table 19 Pareto Optimal Solutions for the 20S-10A-CA6-1-RS1 Instance

Zcost Zdeviation | Label
20,684,838 108 A
20,687,539 107
20,690,240 106 C
20,817,378 105 D
20,820,079 104 E
20,947,217 103 F
20,949,918 102 G
21,077,056 101 H
21,079,757 100 I
21,206,895 99 J
21,209,596 98 K

A (20684838, 108)
108

B (20687539, 107)
C (20690240, 106)
106

D (20817378, 105)

E (20820079, 104)

104 +

F (20947217, 103)

G (20949918, 102)

Deviation (days,
=
2

H (21077056, 101)

1(21079757, 100)
100 4
] (21206895, 99)

K (21209596, 98)
98 1

20.7M 20.8M 20.9M 21.0M 21.1M 21.2M
Cost (in millions)

21.3M

Figure 19 Pareto Optimal Trade-off Curve for the 20S-10A-CA6-1-RS1 Instance

6.2.5 Analysis on 100S-75A-CA23-1-RS1 Instance

In the problem instance 100S-75A-CA23-1-RS1, film unit 1 has completed shooting

scenes sl, s2, s3, s4, s5, s6, and s7. These scenes are originally scheduled for

completion on the 72" day but were completed by the end of the 77" day. To address

the delays, rescheduling is conducted at t=78. The following adjustments are made:
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e The blocking times of scenes are revised.
e Time windows for the scenes are updated.
e All sets and parameters for the remaining scenes are revised.

e The precedence relations for set 3 are updated, as shown in Figure 20. The

other sets remain unchanged.

Figure 20 Updated Precedence Relations Network for Set 1 of 100S-75A-CA23-1-
RS1

As illustrated in Table 20, the computational results for the 100S-75A-CA23-1-RS1
instance are presented. A total of 26 model runs is conducted, including the single-
objective model. The single cost objective MILP generates a schedule with Z.,¢ =
238,056,666 and Zgepiqtion = 466 days. In contrast, the lexicographic approach,
prioritizing cost, yields a schedule with the same Z.,; but a reduced Z;opiation Of
381 days. When the lexicographic approach is applied with Z j.piqtion as the primary
objective, it provides a schedule with Z ;.piation = 89 days and Z ., = 238,114,553.

The e-constraint approach is utilized to generate schedules with intermediate
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objective values that are not dominated by other schedules. The computational time
ranges from 0.46 to 49.32 seconds, with an average of 14.62 seconds. This instance
exhibits a longer computational time compared to other rescheduling problem
instances, attributed to the large number of scenes and the broader time window

intervals.

Notably, for all solution approaches in this example, the ACpax value is zero. This

indicates that, despite rescheduling, the makespan remains the same.

Table 21 and Figure 21 present the Pareto optimal solutions for the 100S-75A-CA23-
1-RS1 instance. Figure 21 illustrates the trade-off between Z.,s; and Zgepiations
allowing for a decision to be made based on the relative importance of each objective
in this specific case. In contrast to the 30S-15A-CAS5-2-RS1 instance, the Z;.piqtion
objective in this instance exhibits a broader range of values, attributed to the
increased number of scenes, which in turn results in a greater diversity of possible
alternative schedules. However, when examining the value ranges for the Z.,
objective, the situation is quite different. Here, the narrower cost range is because
many actors and resources from film unit 1 are already involved in the scenes already
shot, which does not cause significant disruptions, leading to minimal changes in the

subsequent scenes.
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Table 20 Computational Results of the 100S-75A-CA23-1-RS1 Instance

Solution Approach Z.cost 7 deviation Computa::;)nal Time
Single Cost Objective 238,056,666 466 11.82
Lexicographic — Primary Cost, Secondary Deviation | 238,056,666 381 15.97
Lexicographic — Primary Deviation, Secondary Cost | 238,114,553 89 0.46
e-Constraint (cost + sl = 238,060,000) 238,058,845 380 18.29
&-Constraint (cost + sl = 238,070,000) 238,069,916 359 26.16
e-Constraint (cost + sl = 238,080,000) 238,073,406 337 22.1
&-Constraint (cost + sl = 238,090,000) 238,073,406 337 16.81
e-Constraint (cost + sl = 238,100,000) 238,099,681 316 17.35
e-Constraint (cost + sl = 238,105,000) 238,099,681 316 49.32
g-Constraint (cost + sl =238,110,000) 238,108,051 294 17.8
e-Constraint (cost + sl = 238,111,000) 238,108,051 294 18.73
e-Constraint (deviation + sl =380) 238,058,845 380 3.46
e-Constraint (deviation + s1 =379) 238,061,024 379 10.27
e-Constraint (deviation + sl =378) 238,063,725 378 7.38
e-Constraint (deviation + sl =377) 238,064,945 362 3.97
&-Constraint (deviation + sl =361) 238,065,036 361 4.7
e-Constraint (deviation + sl =360) 238,067,215 360 4.81
e-Constraint (deviation + sl =359) 238,069,916 359 4.81
e-Constraint (deviation + sl =358) 238,073,315 340 10.9
&-Constraint (deviation + sl =339) 238,073,406 337 3.19
e-Constraint (deviation + sl =336) 238,096,980 336 11.13
e-Constraint (deviation + sl =335) 238,099,681 316 23.05
e-Constraint (deviation + sl =315) 238,105,350 314 23.85
e-Constraint (deviation + sl =313) 238,108,051 294 21.02
e-Constraint (deviation + sl =293) 238,113,720 292 17.35
e-Constraint (deviation + sl =291) 238,114,553 89 15.48
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Table 21 Computational Results of the 100S-75A-CA23-1-RS1 Instance

Zcost Zdeviation | Label
238,056,666 381 A
238,058,845 380 B
238,061,024 379 C
238,063,725 378 D
238,064,945 362 E
238,065,036 361 F
238,067,215 360 G
238,069,916 359 H
238,073,315 340 I
238,073,406 337 J
238,096,980 336 K
238,099,681 316 L
238,105,350 314 M
238,108,051 294 N
238,113,720 292 )
238,114,553 89 P
o . e
(255036665 381 (238058.045. 3500 _pz35061,024, 379)
00830 Gssaerans g PSP 096580, 3361
asim (238059551, 3160 (238,109.50, 310
0 (236,100,051, 254) (z38,113720, 202
(@38.114.553, 591

238.06M 238.07M 238.08M 238.00M 238.10M 238.11M
Cost (in millians)

238.12M

Figure 21 Pareto Optimal Trade-off Curve for the 100S-75A-CA23-1-RS1 Instance
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6.2.6 Final Remarks on the Rescheduling Problem

This section highlights the results and observations from the computational study
conducted in Section 6.1.10. Five instances of the rescheduling problem are

analyzed using 85 MILP model runs, which involve different solution approaches.

For each problem instance, a schedule that outperforms the solution obtained using
a single cost objective is generated. Additionally, for each problem instance, Pareto
optimal schedules are generated using the lexicographic approach, where either the
Zcost OF the Zjepiation Value is optimal. The e-constraint method allows for the
generation of schedules that, while not optimal in both objectives, are still Pareto
optimal. This facilitates the observation of trade-offs between Z.,q and Zgepigtion-
With the exception of the 100S-75A-CA23-1-RS1 problem instance, all other
problem instances are solved using all solution approaches in less than 0.11 seconds.
This demonstrates the greater computational efficiency of the proposed MILP model
across various solution approaches. For the 100S-75A-CA23-1-RS1 problem
instance, the MILP model is solved in a time span of 0.46 seconds to 49.32 seconds.
The computational time for this instance exceeds that of other rescheduling problem
instances because of a much greater number of scenes and the broader time

window intervals.

As expected, the number of Pareto optimal solutions achievable through the MILP
model is directly influenced by the number of remaining scenes and their precedence
relations following any rescheduling. This results in a substantial number of Pareto
optimal solutions generated through the e-constraint approach, which helps to
construct the Pareto optimal trade-off curve. In contrast, solutions at both extremes,
specifically those with the minimum Z,¢; and Z j.piqtion Values, are produced using

the lexicographic approach.

Given that it is possible to derive numerous Pareto optimal alternative schedules, it
becomes feasible to establish a decision support system that stakeholders, such as

directors and producers, can utilize effectively.
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CHAPTER 7

CONCLUSIONS

This study investigates scheduling and rescheduling problems in film production,
specifically focusing on two parallel film units that shoot scenes from disjoint sets
simultaneously. To reflect real-life filmmaking dynamics, precedence and forced
relationships among the scenes are incorporated. These considerations include
grouping scenes based on the director’s preferences, common setups, and shared
makeup, as well as the requirement that all scenes in a particular set (location) must
be filmed before moving on to another set. Furthermore, a cost structure is
implemented in which some star actors receive a fixed salary and others receive a
time-based daily salary. In film production, recognizing that potential disruptions
can arise from various sources throughout the entire process is also crucial. These
sources include environmental and external factors, disruptions caused by actors and
crew, issues stemming from creative team planning, as well as technical and
operational challenges. Additionally, disruptions related to location or legal matters
can also play a role. This study explains each type of disruption in detail and

considers them in rescheduling the problem.

As for the solution approaches, a MILP model has been developed for the scheduling
problem, which includes precedence and forced relations, blocking times, and time
windows and aims at cost reduction. For the rescheduling problem, a bi-objective
MILP model has been formulated to address potential stability issues that may arise
from using only a cost-based objective. This model incorporates the minimization of
the total absolute deviation in completion times from the previous schedule alongside
the total cost minimization. To solve the rescheduling problem, two approaches are

employed: the lexicographic approach and the e-constraint approach, which are
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particularly useful for examining the trade-offs between the Z.,s; and Zgiepiation

objectives.

The developed MILP model is implemented and solved using the Gurobi Solver in
Python. For the scheduling problem, a total of 42 instances are generated consisting
of 14 different problem-instance groups, with 3 instances in each group. Unlike
previous studies on MSSP, all problem instances are solved to optimality in
remarkably short computational times. This efficiency is found to be primarily due
to the incorporation of precedence and forced relations, which align the model with
the real characteristics of film production. Additionally, the use of time windows and
blocking times further enhances performance by reducing the search space. This
approach effectively narrows the feasible region to schedules that are more suitable
for real-life conditions. Moreover, it is observed in the computational study that
common actors significantly influence the schedules. If an actor appears in the final
scene of the film unit s/he has started with and in the first scene of the other film unit,
this situation affects the time during which both units are working simultaneously
favorably. Therefore, when scheduling, this situation must be considered, and the

scenes involving common actors should be carefully coordinated.

Several modifications are implemented to the rescheduling problem based on the
scheduling problem, and solved using the Gurobi solver. Five instances of the
rescheduling problem are generated, each involving different disruptions, and
analyzed using 85 runs of the MILP model, which employs different solution
approaches. Like the scheduling problem, all instances of the rescheduling problem
are solved to optimality in very short computational times. Furthermore, the number
of Pareto-optimal solutions is affected substantially by the number of remaining
scenes not shot yet, and the precedence relations. The e-constraint approach
generates multiple Pareto optimal solutions that outline the Pareto-optimal trade-off
curve. In contrast, the lexicographic approach yields solutions at both extremes,
specifically focusing on those with the minimum Z.,, value or the minimum

Zdeviation value.
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Future studies could develop an interactive decision support system since the trade-
offs between “cost” and “deviation” objectives could be quickly obtained using the
rescheduling model. This system would allow stakeholders to visually explore Pareto

optimal schedules and make decisions based on their real-time preferences.

The study could be expanded in several directions by relaxing the specific

assumptions used to develop the MILP model:

o When the territories of the two film units are in close proximity, the assumption
that “common actors must finish all their scenes in the first film unit they work
with before working with the other film unit” could be modified. This would allow
us to analyze situations in which actors move back and forth between the two film
units more than once, as is observed in real-life TV series productions.

o Additionally, the assumption that “an actor has only one blocking time during the
shooting process” could be relaxed to examine situations in which the same actor
has multiple blocking times.

o Furthermore, including some rest periods for the crew and actors would align with
labor regulations for actors and prevent fatigue-related performance declines, thus

enhancing the model's realism and applicability.
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