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Part 1

Operational Research in
Production Line Optimization

The field of Operational Research, hereinafter sometimes referred
to as OR, is a scientific discipline that studies decision analysis and
the optimization of complex systems using mathematical and statis-
tical models and algorithms.

Operational research is closely related to automation, in the man-
agement of resources, logistics and as the main focus of this thesis,
in production to improve efficiency and reduce costs.

From its early mathematical foundations in probability theory and
calculus, OR evolved significantly over the centuries, today is in-
volved in many different areas of study such as management, finan-
cial engineering, and artificial intelligence.

OR has become an indispensable tool for solving real-world prob-
lems across various industries and for companies to be competitive
in the Information Age. This thesis explores the historical develop-
ment of OR, its most used techniques and methodologies, focusing
on its application in production line optimization, and presents a
case study on Project RefAlne, a practical implementation of OR
principles in a manufacturing environment.

The first part of the thesis wants to describe the evolution of
OR, from its roots in the 16th century to the boom it had at the
beginning of the Information Age, highlights key milestones such as
the development of linear programming, the simplex method and the
emergence of project management techniques like the Critical Path
Method and Program Evaluation and Review Technique. These are
just a few advancements that have expanded the applications of the
discipline, from military logistics during World War II to modern-
day supply chain optimization.
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The second part of the thesis shifts focus to Project RefAlne, a
case study that demonstrates the practical application of OR in a
manufacturing setting. The project aims to optimize production
scheduling by integrating data from various sources, automating
workflows, and minimizing production costs. By leveraging mathe-
matical programming, the project seeks to address the challenges of
workload balancing, machine utilization, and multi-phase workflows
in a flexible manufacturing system (FMS).

The purpose of this thesis is to bridge the gap between the theoret-
ical concepts of OR and their practical implementation by showing
how OR can be used to improve decision making, increase efficiency
and drive innovation in manufacturing systems. This study wants
not only contribute to the academic understanding of OR, but will
also provide valuable guidance for practitioners seeking to optimize
their operations in an increasingly complex and dynamic industrial
landscape.

1 Introduction and General
Overview

The field of operations research (OR), as it is recognized to-
day, is founded on a rich history of mathematical, scientific, and
management-related advances that have taken place over many cen-
turies. Although its formal establishment as a distinct field can be
traced back to World War II, the underlying intellectual concepts of
OR were developed much earlier, thanks to various contributions in
probability theory, mathematical optimization, and scientific man-
agement.

The initial foundations of OR are in the studies of probability
and statistics that opened the doors to decision making analysis.
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During the 19th century, as the Industrial Revolution brought sig-
nificant changes to manufacturing and commerce, new difficulties in
achieving organizational efficiency appeared. In this period a truly
great need of efficiency first appeared and the scientific manage-
ment principles were laid out. Their aim was first to analyze the
work processes and then to enhance these processes.

A critical point in the field’s development occurred during World
War II, when the British military encountered unprecedented chal-
lenges while coordinating complex operations and allocating limited
resources. The success of early OR teams in military contexts, espe-
cially in the deployment of radar and protection of convoys, demon-
strated the effectiveness of applying scientific methods to address
operational problems. This wartime experience resulted in the swift
growth of the field into civilian uses in the post-war period.

The shift from military to civilian applications was marked by
significant theoretical progress and the creation of new analytical
tools. The appearance of computer technology in the latter portion
of the 20th century brought a revolution in the practical capabilities
of OR, enabling the solution of increasingly complex problems and
expanding the field’s accessibility. Currently, OR is continuously
evolving, incorporating new technological capabilities and respond-
ing to emerging challenges in business, industry, and public services
22].

This section will examine the key developments, innovations, and
individuals that have influenced the evolution of operations research.
It will explore how diverse concepts of mathematics, science, and
management converged to create this problem-solving and decision-
making methodology.
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2 Early Mathematical Founda-

1564

1654

tions (1564-1847)

2.1 Probability Theory and Games of
Chance

Girolamo Cardano is frequently recognized as the first
mathematician to explore gambling and calculate probabil-
ities. Cardano’s method involved determining probabilities
by finding the ratio of successful outcomes to the overall
number of possible outcomes, assuming all outcomes had
the same chance of occurring. This represents a funda-
mental advance in understanding probability and decision-
making under uncertainty, both of which are essential to
OR. Even though Cardano’s book Liber de Ludo Aleae was
not published until 1663, his ideas regarding probability
set the stage for later progress. The formal study of prob-
ability, which grew from the analysis of games of chance,
serves as an essential resource for dealing with uncertainty
in OR. The capacity to measure risk, which originated in
these early studies of games, is crucial for making well-
informed decisions in various OR applications, including
finance, logistics, and risk management [20, 24].

Through their correspondence, Blaise Pascal and Pierre de
Fermat developed a solution for dividing stakes in an unfin-
ished gambling game, a problem now known as the “prob-
lem of points.” Their work was fundamental to the devel-
opment of probability theory and influenced later studies
of risk and uncertainty [20, 24].
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2.2 Mathematical Optimization and Calculus

1665

1713

1715

2.2 Mathematical Optimization and Cal-
culus

Newton created an iterative method for estimating the so-
lution (root) of a general equation, f(z) = 0. This ap-
proach, known as Newton’s method, is essential to both
numerical analysis and optimization and can be modified
to solve nonlinear constrained optimization problems. It
can also be applied to interior-point methods for address-
ing linear programming problems.

Newton defined the condition necessary to find an ex-
tremum (maximum or minimum) of a function, f(z), by
setting its derivative equal to zero. This is a fundamental
idea in optimization theory and is employed in OR to iden-
tify the optimal solution to a problem.

In his work De Methodis Serierum et Fluzionum (com-
pleted in 1671 but published posthumously in 1736), New-
ton explained how to determine the maximum or minimum
of a quantity by examining when its “fluxion” neither in-
creases nor decreases. This idea is critical for optimization
because identifying where a function’s rate of change is
equal to zero helps identify a possible maximum or mini-
mum [20, 24, 40].

2.3 Statistical Developments

Jacob Bernoulli formulated the law of large numbers, which
states that as the number of trials in a random experiment
increases, the average outcome will tend towards its ex-
pected value. This is a key theorem in probability and
statistics [57].

Mathematicians discovered that the expansions of several

9



2.3 Statistical Developments

1733

1736

1788

1795

common transcendental functions were specific instances of
the general series now known as the Taylor series. Brook
Taylor, a follower of Newton, stated the general result in
his Methodus Incrementorum Directa et Inversa. Taylor
series led to the theory of approximation, which makes use
of a polynomial function to approximate a differentiable
function within a defined error range [11, 24].

Abraham de Moivre described the normal distribution as
an approximation to the binomial distribution, which is
crucial to statistical modeling and inference [24].

Leonhard Euler, a Swiss mathematician, famous for es-
tablishing graph theory, described the layout of the seven
bridges of Konigsberg that linked the two banks of the
Pregel River and two of its islands. He answered the ques-
tion: Is it possible to cross each of the seven bridges in a
single continuous walk without crossing any bridge more
than once? The answer was no. Euler demonstrated that
for a graph configuration to have a path with the required
characteristics, each node (land area) must be linked to an
even number of arcs (bridges) [13, 57].

Joseph-Louis de Lagrange, a French mathematician, intro-
duced his method of Lagrange multipliers in his renowned
work Mécanique Analytique. This method determines the
extrema of functions when they are subject to equality con-
straints. Notably, Lagrange’s technique permits finding the
maximum or minimum value of a function while adhering
to certain restrictions on the variables [23].

Both German mathematician Carl Friedrich Gauss and
French mathematician Adrien-Marie Legendre are credited
for independently discovering the method of least squares.
This method provides a way to find the best fit for a set
of data points by minimizing the sum of the squares of the
errors. It is a fundamental method for computing the un-
known parameters in the general regression model, which

10
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Network Theory and Boolean Algebra (Kirchhoff, Boole)

1810

1826

1845

1847

is commonly seen in operations research applications and
statistical analyses [10].

Pierre-Simon Laplace formulated the general central limit
theorem: the sum of a sufficiently large number of inde-
pendent random variables will follow a distribution that
is approximately normal. His work introduced new and
highly advanced analytical techniques to the field of prob-
ability theory [26, 56].

Jean-Baptiste-Joseph Fourier’s work on inequalities in lin-
ear systems had a practical influence as the foundation
for linear programming, a core technique in operations re-
search [22].

2.4 Network Theory and Boolean Alge-
bra (Kirchhoff, Boole)

The German physicist Gustav R. Kirchhoff discovered two
well-known laws describing the flow of electricity through a
network of wires. Kirchhoft’s laws, which are the conserva-
tion of flow at a node and the law of potential, have direct
applications to modern network and graph theory. Kirch-
hoff also demonstrated how to construct a set of n4+m —1
circuits in a connected graph with m nodes and n arcs [44].

The English mathematician and logician George Boole in-
troduced Boolean algebra, a system of symbolic logic that
represents basic operations in binary mathematics and
serves as the foundation of computer science [9].

11
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3 Era of Scientific Management

1881

(1881-1913)

3.1 Time Studies and Scientific Manage-
ment Principles

Frederick W. Taylor, an American engineer and manage-
ment consultant often called "the father of scientific man-
agement”, introduced his important method of time study
in 1881 while working as general foreman at the Midvale
Steel Company. He was interested in finding the answers to
two core questions: “What is the most effective method for
completing a job?” and “What constitutes a fair amount of
work for a day?” Taylor’s practical applications were shown
at the Bethlehem Steel Company (1898), where, through
careful observation and experimentation, he determined
that a steelworker’s shovel should hold exactly 21.5 pounds
to maximize the daily work when shoveling ore. His scien-
tific management principles stressed the structured anal-
ysis and optimization of work processes to maximize pro-
ductivity, and as a consultant, he used these methods in
various industries.

This focus on efficiency and optimization aligns with the
core principles of operations research, which aims to dis-
cover the most effective means of managing complex sys-
tems. Taylor’s method of using scientific techniques to an-
alyze and improve operations are fundamental to several
modern OR methods, especially those focused on process
optimization and efficiency. The importance of using a
systematic approach to analyze and improve operational
processes continues to be a core theme in OR, originating
from these early concepts of scientific management [4, 58].

12
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3.2 Gilbreth’s Motion Studies

1885

1900

1909

3.2 Gilbreth’s Motion Studies

Contemporaneous with Frederick W. Taylor’s time stud-
ies was the development of motion studies by Frank B.
Gilbreth. Their work is often associated, yet there was a
substantial philosophical difference: Taylor was concerned
primarily with reducing process times; Gilbreth sought to
make processes more efficient by reducing the motions in-
volved. He analyzed the labor process in a scientific context
and conducted his first motion study on bricklaying. His
goal was to understand the working habits of industrial
workers to find a way to increase production and eliminate
waste caused by poor misdirected and inefficient motions.
In his study of the motion of bricklaying, Frank Gilbreth re-
duced the motions of a construction worker in laying brick
from 18 to 5, which resulted in an increase in the rate of
bricklaying from 120 to 350 per hour. [4].

3.3 Gantt Charts and Project Scheduling
Methods

Henry L. Gantt, an associate of Frederick Taylor, devised a
method of project planning in which managers could rep-
resent the interconnected steps of a project with a series
of bars on a chart. This tool allowed the user to show the
precedence relationships among the steps, indicate com-
pletion time, and track real performance. This chart today
remains a basic management tool, particularly in the con-
struction sector [27].

Agner Krarup Erlang, a Danish mathematician and statis-
tician, was exposed to the challenges of the telephone sys-
tem. Erlang’s first significant publication on modeling tele-

13
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3.4 Early Inventory Management

1913

phone traffic showed that incoming calls can be described
by the Poisson distribution. In a paper from 1917, he cal-
culated the Erlang loss formulas and set the foundations
for modern queuing theory [22].

3.4 Early Inventory Management

The widely known square-root formula, formula 1, for
the optimal economic order quantity (EOQ), developed by
Ford W. Harris is a cornerstone in inventory management.
It is used to determine the optimal order size that mini-
mizes total inventory cost. In the formula, S represents the
setup cost for placing an order, D is the demand rate for
the product, and h is the holding cost per unit [61].

25D

E pu—
0Q ;

(1)

4 Pre-World War II Develop-

1914

ments (1915-1936)

4.1 Linear Equations and Combat Mod-
eling

Frederick Lanchester, a British engineer, created mathe-
matical models that describe the relative strength of mil-

14
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4.2 Advancement of Statistical Methods

1915

1920

1936

itary forces, models that became fundamental to military
operations research [22].

E. Stiemke, an German mathematician, established the
conditions for the existence of a positive solution to a set of
linear equations, a significant contribution to linear algebra
and its uses [22].

4.2 Advancement of Statistical Methods

Ronald Aylmer Fisher, a British polymath today consid-
ered the father of modern statistics, proposed the max-
imum likelihood method as a general approach to point
estimation, creating a main course of statistical reasoning.
Fisher also introduced the term “likelihood” to distinguish
it from probability [57].

4.3 Initial British Military Applications

The British Air Ministry established the Bawdsey Manor
Research Station to investigate how radar could be utilized
to intercept enemy aircraft. The work performed by a team
of RAF officers and civilian scientists at Biggin Hill airport
is widely viewed as the primary applied research activity
that initiated what would soon be called operational re-
search. The term “operational research” is attributed to
A. P. Rowe, superintendent of Bawdsey Research who, to-
gether with his team, examined the efficiency of the track-
ing techniques and operations rooms originated from the
radar interception experiments at Biggin Hill [35].

15



5 World War II and Military Ap-

1942

plications (1942-1947)

5.1 British Navy

Patrick M. S. Blackett’s memorandum titled Scientists at
the Operational Level influenced the establishment of the
US Navy’s Anti-Submarine Warfare Operations Research
Group (ASWORG). Blackett established an OR group at
the British Admiralty. This group determined that larger
merchant convoys were more effective in reducing losses
due to U-boat attacks [35].

5.2 US Army

The first group of US operations research analysts went
to England to work with the Eighth Bomber Command of
the Army Air Forces. They improved bombing accuracy
by suggesting that the most skilled bombardier be in the
lead plane, that all bombs be released at the same time,
and that the planes fly in a tight precision formation. This
resulted in a substantial increase in the number of bombs
hitting the target [18, 22].

The US Navy’s Antisubmarine Warfare Operations Re-
search Group (ASWORG) examined the threat of German
U-boats in the Atlantic. Bernard O. Koopman’s report
Search and Screening described a probabilistic approach
to the optimal distribution of search efforts [18, 22].

16



5.3 Establishment of Project RAND & Project SCOOP

1945

1947

5.3 Establishment of Project RAND &
Project SCOOP

The US government established Project RAND (Research
and Development) to develop mainly economic analysis and
research for its armed forces in the areas of military strat-
egy, the health industry, aerospace, universities and others.
Today, more than 1,700 researchers are currently involved
in the project for military planning and other government
issues [25].

A US Air Force research group, based at the Pentagon
and led by Marshall K. Wood and George B. Dantzig,
focused on creating solutions for Air Force requirements
scheduling. This included establishing time-based material
requirements for war plans. It was at Project SCOOP (Sci-
entific Computation of Optimal Programs) that Dantzig
first stated the mathematical form of the general linear
program. Along with Wood, he established the related
mathematical and economic theories of program schedul-
ing. Dantzig also invented the simplex method for solving
such problems here [25].

5.4 Solving LP Problems

George B. Dantzig introduced the simplex method as a
procedure for solving linear programming (LP) problems.
The simplex method solves linear programming problems
through a step-by-step algebraic approach. It progresses
by identifying increasingly better solutions at the corners
of the feasible region. The method starts by finding a ba-
sic feasible solution and adding slack variables to trans-
form inequality constraints into equations. Next, it checks

17
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5.5 The First Definition of OR

if the current solution can be improved. If improvement
is possible, the method identifies which non-basic variable
should enter the solution to maximize improvement and
which existing basic variable should leave. The equations
are then recalculated using Gaussian elimination to reflect
these changes. This cycle is repeated until the optimal so-
lution is reached.

Although being an algebraic process, it can be visual-
ized as geometric movements within the solution space.
The method is computationally efficient and widely imple-
mented in software to handle large-scale problems. While
other approaches, such as interior-point method, have since
emerged, the simplex method remains a cornerstone in LP
problem-solving [15].

5.5 The First Definition of OR

Charles Kittel, an American physicist, defined OR as “a
scientific method of giving executive departments a quanti-
tative basis for decisions.” This definition was later altered
by Charles Goodeve, a Canadian chemist, as: “Operations
research is a scientific method of giving executive depart-
ments a quantitative basis for decisions regarding the op-
erations under their control” [22].

6 Postwar Evolution (1950-1970)

1950

6.1 Early developments of OR

W. Edwards Deming, an American economist, consulted on
sampling techniques in Tokyo and to the Japanese Union
of Scientists and Engineers (JUSE). He was recognized for

18



6.1 Early developments of OR

1951

his contributions to improving manufacturing in the United
States and Japan during World War II; in particular, he
advised Tokyo and the Japan Union of Scientists and Engi-
neers (JUSE) on sampling techniques. Deming’s method of
statistical quality control was widely adopted by Japanese
companies and played an important role in the recovery of
the Japanese economy [22].

The first academic OR journal, the Operational Research
Quarterly, was published in March 1950 by the British OR
Club. The journal name was changed to Journal of the
Operational Research Society in 1978 [22].

John F. Nash extended von Neumann’s minimax theo-
rem to show that every finite, n-person, general sum game
has at least one equilibrium outcome in mixed strategies.
This concept is known as the Nash equilibrium. Nash was

awarded the Nobel Prize in economics in 1994 for this work
[45].

Dynamic programming, developed by Richard Bellman, is
an optimization technique for multi-stage decision prob-
lems based on the principle of optimality [7].

Charles W. Thornwaite was the first to apply OR to agri-
culture. He designed a planting schedule based on a crop’s
climatic calendar to manage the harvesting of peas [59].

Economists and mathematicians used linear programming
and related mathematical and computational methods to
optimize the blending of aviation gasoline. This approach
was successfully implemented at the Gulf Oil Company’s
Philadelphia refinery. These methods are now employed
worldwide in petroleum refineries [12].

19



6.2 Linear Programming and Early Computational Methods

1952

1954

6.2 Linear Programming and Early Com-
putational Methods

The first computer-based simplex algorithm was pro-
grammed for the National Bureau of Standards’ SEAC
digital computer. It was used to solve a US Air Force

programming problem with 48 equations and 71 variables
in 18 hours [22].

Researchers at Project SCOOP and the RAND Corpora-
tion independently explored linear programming problems
in which the objective function coefficients or the right-
hand side values are linear functions of a parameter, devel-

oping basic modifications to the simplex method to solve
them [15].

6.3 Combinatorial Optimization

George B. Dantzig, D. Ray Fulkerson, and Selmer M. John-
son demonstrated the effectiveness of cutting planes by
solving a traveling salesman problem in 49 cities, consist-
ing in finding the shortest route that a traveling salesman
must follow to visit all cities and return to the starting city.
This work established the importance of cutting plans for
integer programs [15].

Selmer M. Johnson, an American mathematician and re-
searcher at the RAND Corporation, developed an algo-
rithm for sequencing n jobs on a two-machine flow-shop to
minimize the maximum flow time, it was called the John-
son’s algorithm [22].

20



6.4 Project Management and Expert Systems

1957

1965

1966

6.4 Project Management and Expert
Systems

OR approaches to the management of complex and dy-
namic projects came into existence. These included the
Program Evaluation and Review Technique (PERT), Crit-
ical Path Method (CPM), and the Metra Potential Method
(MPM), which have been used globally in project manage-
ment, notably in the construction industry [25].

Early specific expert systems made use of stored knowledge
and inference engines to provide advice on difficult prob-
lems. The DENDRAL system evaluated the overall struc-
ture of complex organic molecules based on chemical data
using graph theory algorithms. This project also explored
rule-based programs using if-then rules, which led to the
creation of MYCIN, an expert system that could suggest
the cause of a blood infection and appropriate antibiotics

5].

6.5 Decision Analysis

Initial work in Decision Analysis included a study of how
oil wildcatters made decisions, as well as the formalization
of decision analysis as a research program. The term “deci-
sion analysis” was adopted by Ronald Howard at Stanford
for his research program. Howard’s 1966 article was the
first publication to use the term “decision analysis” and
describe its application. This work was followed by Peter
C. Fishburn’s paper, which presented a detailed discussion
of the development of decision theory along with a list of re-
lated references. Consequently, decision analysis grew from
practical uses, academic course development, and formal
publications [31].
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7 Modern Developments (1971-

1970

1971

1990)

7.1 Multi-Criteria Decision Making

Multi-criteria decision making (MCDM), also known as
multi-criteria decision analysis (MCDA), addresses the
problem of selecting the "best” alternative from a set of
options based on how each alternative performs against a
collection of criteria or goals. This research area has been
a major focus of operations research and has roots in areas
such as utility theory and vector maximization [22].

7.2 Complexity Theory and Approxima-
tion Algorithms

The idea of NP-completeness is a key concept in complex-
ity theory based on work by Stephen A. Cook and Richard
M. Karp. The NP class consists of problems for which a
proposed solution can be quickly verified, even if finding
the solution may be computationally difficult. A problem
is considered NP-complete if it is among the most difficult
problems in NP, which means that if a polynomial-time al-
gorithm were found for any NP-complete problem, it would
imply that every problem in NP could also be solved in
polynomial time. Karp’s 1972 paper showed that a variety
of combinatorial optimization problems are NP-complete,
including the traveling salesman problem, establishing the
great importance of this concept. This work offered a way
to understand why certain problems are so difficult to solve
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1974

1975

and led to a focus on finding approximation algorithms

as opposed to exact solutions for NP-complete problems
(14, 34].

7.3 Queuing and Probabilistic Models

The hypercube queuing model, created by Richard C. Lar-
son, is used to address operational and planning issues re-
lated to police dispatching and emergency response. The
model considers the fact that rapid response of emergency
services, such as police cars and ambulances, depends on
their location and the number deployed. It assists in the
design of patrol areas, the placement of emergency service
facilities, and the evaluation of dispatch policies. Build-
ing on research from the President’s Crime Commission
Science and Technology Task Force (1966-1967), the hy-
percube queuing model was put into use by several police
departments. The model was developed to help address op-
erational and planning issues relating to police dispatching
and emergency response [25].

7.4 Heuristic Algorithms and Cognitive
Biases

Richard M. Karp thought that a probabilistic approach was
the best way to understand why combinatorial heuristic
algorithms worked effectively in practice. The initial result
of this research was Karp’s partitioning algorithm for the
traveling salesman problem in a plane. This work had the
effect of launching probabilistic analysis of algorithms as a
research area. Another success for this approach was the
later work by others on the probabilistic analysis of the
simplex method. Karp received the 1977 Lanchester Prize
for his traveling salesman paper [34].
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1979

Genetic algorithms are heuristic methods that mimic nat-
ural selection, where a random search advances the so-
lutions. John H. Holland first developed these methods
in 1962 while researching the evolution of complex adap-
tive systems. His computational research culminated in his
book Adaptation in Natural and Artificial Systems. The
use of genetic algorithms in combinatorial optimization has
grown since the mid-1980s. To use this method, solutions
are represented as binary strings, analogous to chromo-
somes. A population of solutions then develops through
generations, with each new generation created in three
stages: evaluation of the fitness of each solution, selection
of solutions to create offspring based on their fitness val-
ues, and creation of new solutions through mutation or
crossover. The evolutionary principle of “survival of the
fittest” leads to high-quality solutions for the original op-
timization problem [25, 28].

Daniel Kahneman and Amos Tversky, two pioneering psy-
chologists today well-known for their groundbreaking work
in cognitive biases and decision-making, began exploring
the psychology of human judgment in the early 1970s,
focusing on deviations from rationality and on judgment
heuristics. These heuristics are “rules of thumb” that peo-
ple use to resolve difficult judgment problems when they
lack the cognitive mechanisms to quickly solve the problem
accurately. Prospect theory, a result of their collabora-
tion, explains deviations of decision-makers from standard
normative expected utility theory: it suggests that people
generally do not monitor a prospect’s impact on their final
position or overall wealth, but rather they evaluate results
in terms of gains or losses relative to a point of reference.
People are also very sensitive to how choices are presented
or 'framed’. Prospect theory recognizes the asymmetry
between gains and losses, where the pain of a loss usually
outweighs the pleasure of an equal gain. The Kahneman-
Tversky research on rationality has influenced research in
medicine, law, public policy, international relations, deci-
sion analysis, and economics [33].
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1980

1984

7.5 Optimization and Learning Tech-
niques

Constraint programming, also called constraint logic pro-
gramming, originated in computer science and artificial in-
telligence. It has been shown to be effective for solving opti-
mization problems, specifically those that involve sequenc-
ing and scheduling, and in general for problems with com-
binatorial structure, such as integer programming. Con-
straint programming involves defining the problem within
a programming language and using logic-based methods
to reduce the solution space in the search for an opti-
mal solution. Constraint programming techniques have
been used in conjunction with OR techniques to increase
effectiveness. Constraint programming, in its initial de-
sign, aims to find a feasible solution that satisfies all stated
constraints, such as job release dates and due dates, and
it might not necessarily minimize the objective function.
However, it is possible to include a constraint program-
ming technique within a framework intended to minimize
any due-date-related objective function. Optimization Pro-
gramming Language (OPL) was created to address op-
timization problems through a combination of constraint
programming techniques and mathematical programming
techniques. Constraint programming can be traced back
to constraint satisfaction problems explored in the 1970s

[25].

Neural networks were initially developed as a method to
model the connectivity within the mammalian brain, in
particular the connections between neurons. John J. Hop-
field suggested that a network of nodes with random and
symmetrical connections is similar to a magnetic material
known as spin glass, which can store different patterns of
spins. Hopfield used Donald O. Hebb’s synaptic weight
modification to stabilize the network activity and arrive
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1989

at a stable configuration, resulting in what is known as
the Hopfield network. In operations research, the design
of a neural network algorithm involves choosing a network
architecture and a training or learning process that deter-
mines and updates the weights on the connections between
nodes to train the network to identify good solutions. To
solve optimization problems, the weights are adjusted un-
til a stable state is reached, which corresponds to a local
minimum of the objective function. Hopfield and David
W. Tank created a neural network for the traveling sales-
man problem, with the neurons representing whether a city
should be visited at a specific point in the tour. In schedul-
ing problems, neural networks can be applied to determine
which machine a job should be assigned to upon each new
release, where the network is trained to identify the most
suitable machine. The knowledge of the network is stored
in the weights, and learning algorithms are used to adjust
these weights to achieve appropriate responses. One such
method is the backpropagation learning algorithm [64].

7.6 Supply Chain and Financial Applica-
tions

Supply chain management aims to integrate these compo-
nents to ensure that products are available in the correct
quantities at the right locations. This minimizes system-
wide costs while meeting service-level requirements. Sup-
ply chain management addresses the flow of goods from
suppliers to end-customer locations. This field came into
existence through the integration of logistics, operations,
inventory, and distribution management. A key contribu-
tion was the work done at Hewlett-Packard (HP), in collab-
oration with professor Hau Lee and colleagues at Stanford
University, which was initially focused on inventory reduc-
tion for HP personal computers and printers. Later stages
led to important supply chain strategies such as design for
localization and postponement (delayed product differenti-
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ation) [22].

1990 Operations research has a long history of applying its tech-
niques to financial problems, starting with early work in
portfolio analysis. By 1990, the importance of Operations
Research (OR) in solving complex problems in financial en-
gineering was recognized. OR techniques were increasingly
applied to tasks such as pricing derivatives and developing
trading strategies, primarily utilizing mathematical pro-
gramming methods and Monte Carlo simulations. Other
methods, such as game theory, network analysis, and deci-
sion trees, have also been used in addressing financial issues

[25].

8 Impact and Legacy

8.1 Transition from Military to Civilian Appli-
cations

Operations research has deep historical origins in various scientific
studies, but it became particularly prominent during World War II.
The British and US military experienced critical difficulties in dis-
tributing limited resources among military operations. This situa-
tion led them to gather teams of scientists to use scientific methods
to address strategic and tactical challenges [22].

Following the end of the war, the success of OR in military envi-
ronments led to its adoption in civilian areas. As businesses faced
increasing complexity and specialization during the post-war indus-
trial boom, former military OR consultants identified similar orga-
nizational challenges in civilian contexts. By the early 1950s, OR
had spread to a variety of corporate, industrial, and governmental
organizations [22].
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8.2 Role of Computer Technology

Two key factors accelerated the development of OR during this
time. First, substantial technical progress was made in the field, such
as the development of the simplex method for linear programming by
George Dantzig in 1947. By the late 1950s, many of the core tools of
OR, including dynamic programming, queuing theory, and inventory
theory, were firmly established. Second, the computer revolution
substantially increased the practical application of OR. The creation
of electronic digital computers, and later personal computers with
specialized software, made the complex calculations of OR practical
and available to a much larger group of users [15, 22].

8.3 Broad Application Across Industries

Regarding the nature of Operations Research, it fundamentally
involves studying and coordinating operations within organizations.
Its range of applications is remarkably wide, with uses in sectors
such as manufacturing, transportation, construction, telecommu-
nications, financial planning, healthcare, military operations, and
public services. OR employs a scientific approach, starting with
careful observation and data collection, followed by the construc-
tion of mathematical models that represent the key features of real-
world problems. This systematic and research-driven methodology
explains why OR is also sometimes referred to as management sci-
ence, reflecting its use of scientific principles to address organiza-
tional challenges [22].

9 Algorithms and Methods

The discipline of Operations Research has progressed significantly
due to the development and refinement of important methodolo-
gies and algorithms. These advancements have provided OR with
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the essential tools to tackle increasingly intricate problems across
many different applications. The introduction of linear program-
ming and the simplex method, the creation of project management
techniques like CPM and PERT, the framework of queuing theory,
the instruments of decision analysis and stochastic modeling, and the
use of simulation have enabled operations researchers to solve com-
plex problems across various industries and applications. These ad-
vancements continue to progress, making OR an essential discipline
for improving decision-making processes and improving efficiency in
a diverse range of systems and operations [43].

This section explores some of the most important methodologi-
cal and algorithmic breakthroughs that have shaped OR, examining
practical uses, and importance in detail.

9.1 Origins and Formulation

Dantzig, during his time at Project SCOOP, articulated the gener-
alized mathematical representation of linear programs. This formu-
lation enabled the representation of various optimization challenges
in a standardized format. The fundamental concept behind linear
programming involves finding the most favorable outcome (like max-
imizing profit or minimizing costs), given a defined set of limitations
on available resources [15].

9.1.1 Linear Programming

One of the most revolutionary advancements in OR is linear pro-
gramming (LP). This mathematical technique provides a structured
approach for the optimization of a linear objective function, bound
by linear equality and inequality constraints. The importance of lin-
ear programming lies in its ability to model a vast spectrum of real-
world problems, including resource allocation, production schedul-
ing, and logistics for transportation. The formalization of linear pro-
gramming and the development of the simplex method are credited
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to George B. Dantzig, whose work in 1947 with the U.S. Air Force’s
Project SCOOP (Scientific Computation of Optimal Programs) was
fundamental [15].

9.1.2 The Simplex Method

Dantzig also created the simplex method, a core algorithm de-
signed to solve linear programming problems. The simplex method
operates by iteratively progressing from one viable solution to an-
other, enhancing the objective function at each step, until the opti-
mum solution is discovered. This algorithm is remarkably efficient
and capable of handling problems with numerous variables and con-
straints. Dantzig’s work on the simplex algorithm, the transporta-
tion simplex algorithm, and the relationship between linear program-
ming and two-person zero-sum games were formally documented in
Activity Analysis of Production and Allocation in 1951 [15].

9.1.3 Early Applications

One of the initial and most significant applications of linear pro-
gramming was in the optimization of aviation gasoline blending
during the early 1950s. By using linear programming techniques
at the Gulf Oil Company’s Philadelphia Refinery, economists and
mathematicians were able to pinpoint the most cost-effective way to
combine various gasoline components to meet specific performance
criteria. Currently, such methodologies and their extensions are em-
ployed for managing and operating the world’s petroleum refineries

31).

In the 1950s, linear programming was also applied to transporta-
tion problems; it became a tool for optimizing resource allocation
and production planning. Its core strength lies in handling situa-
tions with limited resources in various industries, particularly in de-
termining the most efficient ways to transport products and schedule
production activities [22].

30



ST, Universita
“Sept Ca'Foscari

wmis \enezia

9.2 Project Management Techniques

9.2 Project Management Techniques

The creation of project management techniques has furnished OR
with essential tools for planning, scheduling, and overseeing complex
projects, thus improving efficiency and lowering costs. CPM and
PERT appeared in the late 1950s and early 1960s, they have become
essential in contemporary project management and are used across
numerous industries [22, 43].

These techniques are vital for managing projects that are sub-
stantial in size and complexity, especially those with interconnected
tasks. They have seen widespread adoption in many sectors, such as
construction, aerospace, and manufacturing. These methodologies
have assisted in:

e Enhancing project planning by highlighting critical activities
and potential bottlenecks project managers can allocate re-
sources effectively and optimize schedules.

e Reducing costs by minimizing delays and inefficiencies project
management techniques contribute to the reduction of total
costs.

e Assisting managers in monitoring project progress, identifying
potential issues and implementing corrective measures.

9.2.1 Examples of Project Management Techniques

CPM

CPM is a deterministic project management technique that con-
centrates on identifying the critical path within a project network.
The critical path constitutes the sequence of activities that dictates
the minimum time possible to complete the project. CPM makes
the assumption that the durations of activities are known precisely
and focuses on the trade-offs between time and cost. It provides a
structured method for project scheduling by determining which ac-
tivities have the greatest effect on the overall project timeline and,
therefore, require the most managerial attention [43, 63].
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PERT

Similar to CPM, PERT is also employed for project scheduling;
however, it is mainly utilized for projects in which activity durations
are uncertain. PERT was initially created to plan research and de-
velopment activities, specifically for the Polaris missile project, and
it proved to be highly effective, completing the project two years
ahead of schedule. PERT utilizes three estimates for each activity:
optimistic, most probable, and pessimistic. These estimates are used
to compute expected activity durations and to assess the probability
of accomplishing project milestones [43, 63].

MPM

The Metra Potential Method helps plan and organize projects by
mapping out tasks as a network diagram. By analyzing how different
activities connect and depend on each other, it calculates how long
the entire project will take to complete. The method identifies the
most time-intensive sequence of tasks (the critical path), which de-
termines the minimum duration of the project. This visualization of
task relationships helps project managers understand and optimize
their workflow [43, 63].

These techniques will be further explored and analyzed later in
the thesis.

9.3 Queuing Theory

Queuing theory is a branch of OR that is dedicated to the math-
ematical modeling and examination of waiting lines or queues. It
analyzes the behavior of systems where customers or items arrive
for service, wait in a queue, and then receive service. Queuing the-
ory is essential for optimizing systems that encounter congestion and
waiting times [22].
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The investigation of queues involves modeling the arrival process
(how customers arrive), the service process (how customers receive
service), and the queue discipline (the order in which customers are
served), therefore enhancing the customer service and decreasing
waiting times. These components combine to generate a complicated
interaction that queuing theory seeks to understand and optimize.

Queuing theory has diverse applications across various sectors,
which include:

e telecommunications, analyzing and optimizing network perfor-
mance;

e transportation, managing traffic flow and airport operations;

e manufacturing, optimizing production lines and inventory man-
agement.

Using stochastic processes, queuing theory models the random
nature of arrivals and service times, giving a comprehensive under-
standing of queue dynamics [43].

9.3.1 Pollaczek—Khintchine Formula

A fundamental result within queuing theory, the Pol-
laczek—Khintchine formula provides a means to compute the average
waiting time within a single-server queue with a generalized service
time distribution. The formula 2 is crucial for examining systems in
which service times vary and do not adhere to a simple exponential
pattern.

(AE(S))? + A2Var(S)
oA (1 — \E(S))

Wy = (2)

The Pollaczek-Khintchine formula is a fundamental equation in
queueing theory. It determines how long customers typically wait in
line in a single-server system where arrivals follow a Poisson process
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but service times can follow any distribution (known as an M/G/1
queue). The formula calculates the mean waiting time using three
key factors: how frequently customers arrive (the arrival rate), how
long it typically takes to serve each customer (mean service time),
and how much the service times vary (variance). This equation
is valuable because it can predict waiting times in many practical
situations, regardless of how service times are distributed [22].

9.3.2 Queue Networks

Queueing networks describe systems with multiple connected ser-
vice points, where customers flow between different service stations.
Unlike single-queue systems, customers in these networks may follow
various paths through multiple service facilities and analyzing these
networks helps determine important metrics like total system wait
times and customer counts.

A fundamental principle in studying these networks is the equiva-
lence property, which states that when a queue has Poisson arrivals
and exponential service times, its output also follows a Poisson dis-
tribution [25, 32].

9.4 Decision Analysis

Decision analysis offers a structured methodology for making de-
cisions under uncertain circumstances. It facilitates the assessment
of different decision alternatives and the selection of the best course
of action when information is either incomplete or probabilistic. De-
cision analysis helps decision-makers grasp the potential risks and
benefits that are tied to various options [31].

A noteworthy early application was C. Jack Grayson’s 1962 dis-
sertation on how oil wildcatters made decisions. This research show-
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cased how decision-making processes can be analyzed and formal-
ized. Ronald Howard officially adopted the name ”Decision Analy-
sis” for his research program at Stanford, thereby establishing it as
a distinct discipline [31].

Decision analysis relies on: decision trees, graphical representa-
tions of decisions, chance occurrences, and potential outcomes; prob-
ability distributions, utilized to model the uncertainty in the possible
results of events; and expected value, a weighted average of poten-
tial outcomes, used for the evaluation of various decision alternatives

31).

Decision analysis is applied in various sectors, including strategic
planning, investment decisions, risk management, policy evaluation
and healthcare, to drive treatment decisions and resource allocation

22].

9.5 Stochastic Modeling

Stochastic modeling involves the analysis of systems that include
random or probabilistic components. This approach is critical in
OR for understanding and managing systems with considerable un-
certainty.

Stochastic modeling is used across several different sectors: in fi-
nancial modeling, it helps analyze the unpredictable nature of stock
prices and market risks; for inventory management, it is used to
determine optimal stock levels while accounting for uncertain de-
mand patterns; in risk management, where it helps evaluating and
so reducing potential risks [17].
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9.5.1 Markov Chains

Markov chains are a fundamental stochastic modeling tool, used to
analyze systems that transition between states over a period. These
models assume that the likelihood of moving to a new state relies
solely on the current state and not the prior history of the system,
making them analytically manageable.

Markov chains are employed in many different applications, such
as random walks to model the movement of a random variable, Leon-
tief input-output model analyzing interdependencies within an econ-
omy and occupational mobility studying transitions in occupational
careers [17].

9.5.2 Optimal Stopping

Optimal stopping represents a branch of stochastic modeling that
deals with the challenge of determining when to cease a series of ob-
servations to maximize an objective function. This is applicable in
areas like finance, where deciding when to stop trading (or use an op-
tion) is crucial. Key results in optimal stopping theory are linked to
the theory of martingales. Early research by Arrow, Blackwell, and
Girshick, along with the efforts of Chow and Robbins, contributed
significantly to this field [17].

9.6 Simulation

Simulation is a methodology that involves constructing a model of
a real-world system and subsequently performing experiments with
the model to gain insights. It serves as a valuable instrument for the
analysis of complicated systems that are challenging or impossible
to study using other methods. Simulation starts with establishing
a representation of the system that accurately reflects its behavior
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along with all of its essential aspects; this model can be a comput-
erized simulation that mimics the system being studied. Once the
model is built, experiments are performed to investigate various sce-
narios and evaluate the effects of different policies or parameters.
Simulation makes it possible to repeat experiments within a con-
trolled environment without disrupting the real-world system. The
data generated by the simulation experiments are thoroughly eval-
uated in order to draw relevant conclusions. This evaluation is the
main aspect of simulation, which provides insights and guides im-
provements. Simulation is widely used in manufacturing to examine
the performance of production lines and scheduling; in logistics to
optimize supply chain operations and transportation networks; and
in healthcare to model patient flow, resource allocation, and medical
operations [30].

Simulation offers important advantages in the analysis of com-
plex systems that might be difficult to reproduce using traditional
mathematical approaches. Through simulation, analysts can iden-
tify system bottlenecks, evaluate the impact of various changes and
experiment with different system configurations and policies. Per-
haps most importantly, simulation provides a cost-effective way to
test new strategies before implementing them, helping organizations
avoid expensive mistakes and optimize operations [30].

10 The Systemic Approach

The systemic approach provides a high-level perspective, focusing
on understanding a system in its entirety rather than treating each
specific part individually. This methodology emphasizes the devel-
opment of models that are valuable for making informed decisions.
These models, while not necessarily capturing every minute detail,
strive to be sufficient and realistic representations of the actual sys-
tem being examined.
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A system can be defined as a collection of interacting components
that together form a cohesive whole, bounded by both spatial and
temporal constraints and is influenced by its external environment.
A model, on the other hand, is an abstract depiction of a system
that involves approximations, employing logical or mathematical re-
lationships. Therefore, a model details a system in terms of its ele-
ments (agents and entities) along with the connections between them
and any external forces that may have an impact. Those adopting a
systemic approach operate under the assumption that the objectives
of the agents and the limitations on their behavior are known. Ad-
ditionally, it’s presumed that a method can be devised to encourage
agents to act in a desired way to achieve these objectives and that
the model’s accuracy can be validated by comparing its outputs with
real-world observations [27].

10.1 Model Creation

Operations research can employ a methodical approach to solv-
ing problems, which includes creating and using models to analyze
complex situations. This strategy allows decision-makers to gain
valuable insights, assess potential alternatives, and implement effec-
tive solutions. The modeling process within OR can be divided into
a number of steps, each one crucial in determining the overall success
of a specific study. These steps, while not always strictly sequential

and can involve some iteration, provide a structure for performing
OR studies.

The development of an operations research model usually en-
tails the following phases: Problem Definition, Model Formulation,
Model Solution, Validation and Implementation [27].
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10.2 Problem Definition

The initial step in the OR modeling process involves clearly and
concisely defining the problem at hand. In practical situations, prob-
lems often lack clarity and precision, and this requires the OR team
to conduct a thorough examination of the relevant system.

The OR team needs to acquire a comprehensive understanding of
the system being studied, which includes its various components, the
ways they interact with one another, and the overall environment
in which they function. This may involve collecting data, watching
processes in action, and conducting interviews with various stake-
holders. The system as well as the model are defined, taking into
consideration the goals of the decision-maker, the involved entities,
the decision-making options, the system’s current state, its param-
eters, external influences, and any constraints [27].

Ensuring that the model is clear, that it accurately reflects the
real problem, and that it’s free of logical errors or contradictions, is
of great importance.

e The identification of objectives is a key aspect that involves
clearly articulating what the organization is trying to accom-
plish. These objectives could involve profit maximization, cost
reduction, waste minimization, productivity increase, efficiency
improvement, or meeting customer demand. These goals need to
be Specific, Measurable, Achievable, Relevant, and Time-bound,
with a single acronym: SMART.

e The determination of constraints, in other words the identifi-
cation of limitations and restrictions that affect the decision-
making process, is crucial to the problem definition. These
might be resource restrictions, such as limitations of labor, ma-
terials, equipment, or budget, as well as capacity restrictions,
regulatory rules, or physical limitations. Understanding these
constraints is essential for creating a practical model.

e Identification of interrelationships is also a crucial step that in-
volves considering how the system in question relates to other
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areas of the organization. It’s vital to be aware of how choices
in one area can impact others. Gathering relevant data is also
part of the problem definition phase, and it involves identifying
the information needed to build and solve the model.

e Upon understanding the entities involved, the relevant data
must be gathered or synthesized. This data can come from
many sources, and its collection and management can be ex-
pensive, requiring processes such as data ingestion, data fusion,
data cleaning, data augmentation, and data validation. This
data may have inconsistencies, errors, or missing information;
therefore, a data exploration and cleaning phase is usually rec-
ommended. Collecting and reporting unnecessary data can lead
to wasted resources, such as time and money, and might nega-
tively impact the validity of the model’s results.

Data collection and model building can often happen iteratively
and in parallel, meaning that one could start by creating an initial
model with limited or synthetic data, and then collecting real-world
data to refine it; or perhaps while changing and improving the model
simulating different possible scenarios, adjustments on the model or
the data may be required, creating an ongoing cycle of feedback
where each influences the other.

A properly defined problem statement is the base for the over-
all success of an OR study. It offers the essential direction for
all subsequent steps. Consider, for example, the problem of im-
proving the efficiency of a production line. The problem definition
phase would encompass identifying key performance indicators, bot-
tlenecks, available resources, and any particular requirements of the
products being produced.

10.3 Model Formulation

Once the problem has been clearly defined, the next step is to de-
velop a mathematical model that represents the core of the problem.
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This model acts as a simplified version of the actual system, captur-
ing the significant connections between variables and parameters.

The formulation of the model entails the following critical aspects.

e The selection of decision variables involves identifying which are
the variables that can be modified and adjusted to achieve the
objective; the model will determine the final value of these vari-
ables. For example in a production line, if the objective is to
reduce the waste of resources, the decision variables could be the
quantities of different products to produce, or the distribution
of resources among the various stages of production.

e The definition of the objective function involves formulating a
mathematical expression that describes what needs to be opti-
mized, either minimized or maximized; this function should be
written in terms of the decision variables. For example, in a
production line the objective may be to minimize the total op-
erating time of the machines or the processing of a job to be
finished as early as possible.

e The formulation of constraints involves expressing the limita-
tions and restrictions found during the problem definition phase
as mathematical equations or inequalities; these constraints will
limit the possible values of the decision variables, ensuring that
the solutions found are feasible. For example, in a production
line constraints may be related to the availability of raw mate-
rials, machine capacity and the number of available workers.

e The model type selection involves choosing the appropriate
model type based on the nature of the problem, such as linear
programming, integer programming, network models, dynamic
programming, or simulation. The chosen model will depend on
the complexity of the relationships between the variables, and
the nature of the objectives and constraints. In the context of
production line optimization, this might involve linear program-
ming for resource allocation, integer programming for discrete
decisions like machine setups, or simulation models for analyzing
random variations in the system.
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A well-formulated model should be clear, comprehensive, and easy
to work with. It needs to accurately capture the essential aspects
of the problem and make it possible to conduct an analysis using
available mathematical tools. Mathematical models provide advan-
tages over verbal descriptions by being more concise and easier to
understand, making it easier to identify cause-effect relationships,
and considering all interrelationships at the same time [18, 27].

10.4 Model Solution

Once the mathematical model has been developed, the next step
involves creating a procedure to derive solutions from the model.
This involves multiple phases:

e The selection of solution technique involves choosing a suit-
able method for solving the model. For instance, the simplex
method is used for solving linear programming problems, while
branch-and-bound techniques are suitable for integer program-
ming problems. For some more complicated problems, heuristic
and meta-heuristic approaches might be more appropriate, es-
pecially when finding a global optimum is computationally in-
feasible.

e The model might be solved by using specialized software that
provides the required algorithmic tools.The computer-based pro-
cedure development involves implementing the chosen solution
technique using software. This could mean developing custom
applications or using commercially available software to solve
the specific problem.

e The finding of optimal or near-optimal solutions involves using
the software to find a solution that maximizes or minimizes the
objective function, all while respecting all the constraints.

The solution process needs to be both efficient and effective, pro-
viding valuable information about the problem, as well as useful
answers to the decision maker.
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10.5 Implementation and Validation

Once the model has been solved and a solution has been obtained,
the last steps consist of validating the model and implementing the
solution. This includes:

e Model testing, to verify the model and to refine it as needed.
Validation involves confirming if the model accurately represents
the real-world system, as well as whether the solution is prac-
tical. Model testing includes examining the logic of the model,
as well as its mathematical, predictive, and operational validity.
Sensitivity analysis plays a key role in evaluating the operational
validity of a model, and is used to check how the optimal solution
changes when some parameters change.

e Model refinement, based on the validation results, involves re-
fining the model to increase its accuracy. This could involve
revising the model’s assumptions, changing the objective func-
tion or constraints, or adding other variables.

e The preparation for ongoing application involves developing pro-
cedures to use the model as a decision-making tool on a contin-
uous basis. The model should be easy to access and use by
managers and other stakeholders.

e Model implementation involves putting the model into use as
prescribed by management and to monitor its performance. The
implementation phase is where the actual benefits of the study
come into practice. The OR team should be involved in this
phase to make sure that the model is correctly applied and that
any flaws in the solution are corrected, and its results are trans-
lated into practical procedures. Implementation also involves
making sure that all personnel have been trained and that the
new system is properly managed and maintained. Model im-
plementation should be seen as the beginning of continuous im-
provement, as the system and its environment may change.

In summary, the process of model creation in operations research
is a systematic approach that includes problem definition, math-
ematical model formulation, development of a solution procedure,
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and the validation and implementation of the solution. This struc-
tured approach ensures that the models developed are not only ro-
bust and reliable, but that they are also directly aligned with the
organization’s specific objectives and needs [18, 27].

10.6 Computational Complexity

Computational complexity is crucial in operations research,
specifically in areas such as production line optimization where NP-
hard problems are common. By understanding the difference be-
tween P and NP problems, and recognizing NP-hard problems, one
can choose the correct tools and techniques to find effective solutions.
Having awareness of computational complexity provides the user the
most basic tool to choose whether using approximation algorithms,
or heuristics and metaheuristics.

Computational complexity is a field that measures the computa-
tional resources, like time and memory, required to solve a problem
using a computer algorithm. It’s a way to categorize problems based
on their difficulty, and so it is helpful when choosing the appropri-
ate solution method and the applicable techniques. This section
provides an overview of computational complexity [21, 60].

10.6.1 P vs. NP

A common aspect of categorizing problems according to compu-
tational complexity involves making a distinction between P (poly-
nomial time) and NP (nondeterministic polynomial time) problems.

P problems are those that a computer algorithm can address
within polynomial time. Polynomial time means that the time re-
quired to solve the problem grows polynomially with the size of the
input. Because these problems can be solved efficiently even with
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large inputs, they are regarded as "easy” or solvable. Examples of
P problems include sorting lists of numbers and determining the
shortest path in a graph.

NP problems are those where a solution can be verified in polyno-
mial time, but finding a solution may not be possible within poly-
nomial time. If you're given a possible solution to an NP problem,
it can be quickly verified for correctness, but the actual process of
finding the solution might take an exponentially increasing amount
of time as the input size grows. Many real-world optimization prob-
lems fall into this category.

The P versus NP question: A core question in computer science is
whether P is equal to NP. It is currently not known whether all NP
problems can be solved in polynomial time, or if P=NP. Although
a solution to this question would have significant implications for
computer science, it’s not a major concern for operations research
practitioners, because NP-complete problems are considered unsolv-
able by current computing technology.

10.6.2 NP-Hard Problems

Within the NP class, there is the category of NP-hard problems,
which are at least as challenging as the hardest problems within NP.
If an NP-hard problem could be solved in polynomial time, then
all problems within NP could also be solved in polynomial time,
meaning that P would be equal to NP [60].

A problem is considered NP-complete if it is both in NP and NP-
hard. These are the most difficult problems within NP. Many of
the optimization problems that are often encountered in OR, in-
cluding those related to production line optimization, are in the
NP-complete or NP-hard categories [60].
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The implications for OR are that if a problem is classified as
NP-hard, it is unlikely that an algorithm exists that can find an
optimal solution for all cases in a polynomial amount of time; if so,
alternative approaches like approximation algorithms and heuristics
are needed.

Some examples of NP-hard problems related to production line
optimization are:

e Job shop scheduling, which involves determining the best se-
quence of operations for jobs on multiple machines to minimize
makespan or other performance criteria, and which is NP-hard.

e Project scheduling with resource constraints, which in-
volves scheduling project activities while considering limited re-
sources in order to minimize project duration, is also an NP-hard
problem.

e Integer programming, which involves finding the best solu-
tion to a mathematical program where some or all variables must
be integers, is also NP-hard.

e Knapsack problem, which consists of maximizing the total
value of items that can be carried in a backpack (with fixed ca-
pacity). Despite it is classified as NP-hard, efficient solutions
can be found using techniques such as greedy approximation al-
gorithms that offer practical approximations in polynomial time.

Recognizing that a problem is NP-hard helps avoid unnecessary
attempts to find perfect solutions, and is a motivation to use alter-
native approaches. An exact algorithm should be used to solve the
model when the problem is simple, stable, and an optimal solution
is required with enough resources, because the exact algorithm enu-
merates all possible solutions. A heuristic algorithm is appropriate
for complex and NP-hard problems, where the data is uncertain,
or when speed is critical, because it either constructs a solution, or
it enumerates a very small set of alternative solutions. Heuristics
are also useful when exact methods are computationally impracti-
cal, and they provide reasonable solutions when an optimal solution
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is not necessary, or too costly to find. Hybrid methods, that com-
bine exact and heuristic methods, are commonly used for practical
problem solving [21, 60].

10.6.3 Approximation Algorithms

Because finding an optimal solution for NP-hard problems is com-
putationally challenging, approximation algorithms try to find near-
optimal solutions in a reasonable time. They are frequently used
in OR to handle complicated optimization problems where finding
the exact optimal solution is either impossible, or not worth the
computational effort [38].

Approximation algorithms typically offer performance guarantees,
specifying how close the approximate solution is to the optimal so-
lution. For example, an algorithm might ensure that it will find a
solution that is within 10% of the optimal value [38].

There are various approaches for designing approximation al-
gorithms, such as greedy algorithms, which make locally optimal
choices at each step; randomized algorithms, which use random de-
cisions, and linear programming relaxations, which solve a simplified
version of the problem [18].

10.6.4 Heuristics and Metaheuristics

Heuristics are problem-solving techniques that use rules or experi-
ence to find practical solutions, but without guaranteeing optimality.
Metaheuristics are a class of higher-level heuristics that direct the
search for suitable solutions [27].
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Heuristic techniques are typically problem-specific and can be very
effective for particular applications, such as production line opti-
mization. Examples include dispatching rules, such as the shortest
processing time rule, and other rules for sequencing and scheduling
27].

Metaheuristic techniques systematically explore the solution space
to find better solutions, they are more general and less specific than
heuristics [27].

Common metaheuristics used in OR include:

e Simulated annealing, which is inspired by the annealing process
in metallurgy, explores the solution space by accepting worse
solutions with decreasing probability, thereby avoiding local op-
tima.

e Tabu search, a local search algorithm, prevents cycling by main-
taining a list of recently visited solutions.

e Genetic algorithms, which are inspired by natural selection,
maintain a population of solutions, and improve them through
selection, crossover, and mutation.

e Ant colony optimization, which is inspired by the foraging be-
havior of ants, builds solutions iteratively, with each iteration
adding an element to the solution probabilistically.

Advantages of heuristics and metaheuristics are that they can
find reasonably good solutions for NP-hard problems in practical
amounts of time. They are often easier to implement than approxi-
mation algorithms, but they don’t have the same performance guar-
antees [27].
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11.1 Introduction to Production Planning

A crucial element of operations management is production plan-
ning, which involves allocating resources across a span of time to
accomplish a set of tasks. This chapter will present the basic con-
cepts of production planning, contrasting deterministic and stochas-
tic models and outlining common objectives for planning. The goal
of this chapter is to establish a basis for later discussions on partic-
ular planning models and algorithms in the following sections [27].

Based on the kind of data used, production planning models are
generally divided into two categories: deterministic and stochastic.
The selection between a deterministic and a stochastic model is de-
pendent on the specific traits of the production environment and the
degree of detail necessary. In practical terms, a combination of both
types of models may be implemented to handle different aspects of
production planning [18].

11.1.1 Deterministic Models

Deterministic models operate under the assumption that all pa-
rameters, such as processing durations, release dates, and due dates,
are known with certainty. This indicates that there is no variation,
and the data are regarded as fixed and predictable.

Deterministic models are commonly used when the number of jobs
is finite and there are one or more objectives to minimize. Examples
of deterministic scheduling problems include scheduling jobs on a
single machine, across parallel machines, within job shops and in
open shops.
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Makespan, the total time to complete all jobs, is a frequent ob-
jective in many deterministic scheduling challenges. Manufacturing
environments often utilize deterministic scheduling models [8, 16].

11.1.2 Stochastic Models

In stochastic models, one or more parameters are considered as
random variables with a known probability distribution. This in-
troduces both uncertainty and variability within the model. Ran-
dom job processing times and machine breakdowns are examples of
stochastic parameters.

Stochastic models aim to create schedules that perform well on
average or are resilient to variability. Many real-world situations
where uncertainty is unavoidable find relevance in stochastic mod-
els. Examples of stochastic scheduling problems include parallel
machine, flow shop, job shop, and open shop models that involve
random processing durations [16].

11.1.3 Planning Objectives

Planning objectives provide standards for evaluating the perfor-
mance of a schedule. These objectives define what constitutes a
good schedule, based on the priorities of the business. Common
objectives in planning include:

e Makespan represents the total time required to complete all jobs
within a given schedule and is a fundamental metric in both pro-
duction and project scheduling. Minimizing makespan is often a
key objective, as it directly correlates to maximizing productiv-
ity and resource utilization. This concept is applied in various
environments, including single-machine, parallel machine, and
job shop scheduling systems. In project scheduling, minimizing
makespan similarly focuses on completing all tasks as efficiently
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as possible, ensuring swift project completion and enhanced op-
erational performance.

Tardiness measure the time by which a job is completed past its
designated due date. Weights representing a different level of
importance can be assigned to jobs in order to prioritize some
over others. Total tardiness represents the cumulative delay
across all jobs, and a common scheduling objective is to minimize
both the total tardiness and the number of jobs completed past
their due date.

Earliness measures how early a job is completed before its
due date and is often minimized to reduce inventory costs or
meet just-in-time delivery requirements. In scheduling problems
where both earliness and tardiness are considered, the objective
functions are classified as non-regular, and are written as a bal-
ance of the two.

Flow Time (or Completion Time) is the duration of time that a
job spends in the system from start to finish. A primary goal is
often to minimize the total completion times across all jobs.

Throughput measures the rate at which a facility produces out-
put. Maximizing throughput involves strategies such as ensur-
ing bottlenecks remain active and reducing sequence-dependent
setup times.

Other examples of objectives can include minimizing setup times,
inventory costs, or resource utilization expenses.
The selection of planning objectives depends on the context and
precise goals of the production setting. In real-world scenarios, a
combination of several objectives, sometimes with conflicting prior-
ities, is often involved [50, 51].

11.

2 Single-Machine Scheduling

This part explores the specifics of single-machine scheduling, a
basic area within production planning that deals with sequencing
jobs on a singular resource. We will look into fundamental scheduling
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rules, examine the intricacies of earliness and tardiness, and evaluate
the influence of sequence-dependent setup durations [36].

11.2.1 Basic Scheduling Rules (SPT, WSPT)

Single-machine scheduling problems focus on determining the op-
timal sequence for processing a series of jobs on a single machine.
The primary goal is usually to minimize a specific objective func-
tion, such as the makespan (total time to complete all jobs), total
tardiness (sum of late completion times), or total flow time (sum of
completion times for all jobs). Basic scheduling rules, also known
as dispatching rules, provide simple heuristics for ordering jobs and
are frequently used as a starting point or for comparison with more
complex methods. Two essential rules in single-machine schedul-
ing are the Shortest Processing Time (SPT) rule and the Weighted
Shortest Processing Time (WSPT) rule [50, 51].

The Shortest Processing Time (SPT) rule sequences jobs by or-
dering them in ascending order of their processing durations. This
rule is known to minimize the total completion time, also referred to
as total flow time, when all jobs are available at time zero. Addition-
ally, the SPT rule minimizes the average flow time and the average
number of jobs within the system. In single-machine environments,
the SPT rule is optimal for minimizing the total completion time and
is also optimal for minimizing the makespan. Therefore, the SPT
rule offers an efficient and straightforward method for optimizing
several performance measures in single-machine scheduling [50, 51].

The Weighted Shortest Processing Time (WSPT) rule sequences
jobs by ascending order of the ratio of their processing duration to
their weight (%) This rule extends the SPT rule by incorporating

J

a weight for each job, reflecting its relative significance or cost. The
WSPT rule is particularly effective when some jobs are more crucial
than others, and the objective is to minimize the weighted total
completion time, where the completion time of each job is multiplied
by its associated weight. The WSPT rule is also known as the cu
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rule or Aw rule in some contexts, emphasizing the role of considering
a job’s weight in its prioritization [50, 51].

These basic rules, while simple, form the basis for more advanced
techniques. The SPT rule is particularly valuable when all jobs hold
equal importance, whereas the WSPT rule allows for prioritization
based on job weights.

11.2.2 Earliness and Tardiness

In numerous real-world scheduling problems, jobs have due dates,
and deviations from these due dates may result in expenses. Earli-
ness assesses how much a job is finished prior to its due date, while
tardiness measures how much a job is completed after its due date.
Scheduling problems that factor in both earliness and tardiness are
said to have non-regular objective functions [50, 51].

Completing jobs before their due dates, earliness, can lead to un-
desirable costs or penalties. In just-in-time systems, where inventory
is minimized, storing completed jobs too early can increase holding
costs. Therefore, earliness is often penalized as it represents a devi-
ation from the desired delivery schedule. This highlights the impor-
tance of precisely timed operations, making completing jobs early as
problematic as completing them late.

On the other hand, tardiness refers to the delay that arises for
completing a work after its due date, can result in significant penal-
ties: a loss of reputation with customers, potential breaches of con-
tract, or other financial repercussions. Minimizing tardiness is there-
fore critical to meeting deadlines, meeting customer requirements,
and maintaining a company’s reputation. In many scheduling con-
texts, job delays can be weighted according to their importance,
reflecting the different consequences of delaying customer orders.
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Simultaneously minimizing both earliness and tardiness adds a
layer of complexity to scheduling problems: these situations are
common in environments where both earliness and tardiness are
considered undesirable; addressing this combined objective usually
involves minimizing a weighted sum of earliness and tardiness penal-
ties, where different weights can be applied to each factor according
to the production needs [50, 51].

Another common scheduling objective is to minimize the total
number of jobs that are completed past their due dates, in other
words to reduce the overall count of tardy jobs. This approach
can be useful when a company aims to fulfill the majority of its
commitments on time, rather than focusing only on reducing the
total accumulated delay. This focus on the number of tardy jobs
helps to maintain a better percentage of on-time deliveries, ensuring
an overall greater customer satisfaction [50, 51].

11.2.3 Sequence-Dependent Setup Times

In numerous single-machine environments, the time required to
set up the machine for a job is contingent upon the job that was pro-
cessed immediately before it. These setup times are called sequence-
dependent setup times. The presence of such setup times greatly
complicates the scheduling procedure.

Sequence-dependent setup times significantly complicate schedul-
ing problems. The order in which jobs are processed has a significant
impact on both the makespan and the total completion time. Ignor-
ing these setup times, which are delays incurred when preparing a
machine or resource for a task, can lead to highly inefficient sched-
ules that waste valuable time and resources. This complexity arises
because the time needed for each setup is not constant, but varies
with previous and subsequent jobs [37].
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Examples of sequence-dependent setup times are common: in
manufacturing, these setup times can be associated with activities
like changing tools on a machine, cleaning a machine between the
procession of different products or adjusting processes for a different
material or color. The duration of these setups is not fixed, but it
depends on the specific combination of sequenced jobs. For example,
changing from a dark paint color to a light paint color may require
a more extensive cleaning process than changing between similar
colors.

Minimizing the makespan with tasks that have a sequence-
dependent setup is a NP-hard problem. It’s possible to solve these
problems using approximation methods like simulated annealing,
tabu search, genetic algorithms and ant colony optimization. These
techniques don’t guarantee finding the best schedule, but instead
producing good-quality solutions and most importantly within a rea-
sonable time [37].

A specific instance of sequence-dependent setup times occurs when
jobs are categorized into different families. Within a family, jobs can
be processed with minimal setup, but switching between families
requires a significant setup duration. This scenario often leads to
batch processing strategies, where jobs within the same family are
processed consecutively to minimize the number of costly family
transitions. These strategies group similar jobs together to reduce
the overall time and resources spent on setups and maximize overall
efficiency [37].

The addition of sequence-dependent setup times makes single-
machine scheduling more difficult, necessitating specialized algo-
rithms to find good solutions.
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11.3 Parallel Machine Scheduling

This section explores the complexities of parallel machine schedul-
ing, a frequent scenario in production settings where numerous ma-
chines can process jobs at the same time. We will examine different
kinds of parallel machine environments, specifically identical ma-
chines, uniform machines, and discuss online scheduling [62].

11.3.1 Identical Machines

Parallel machine scheduling involves an environment with multi-
ple machines that have the same processing speed, where any job
can be processed on any machine. The core challenge in this setting
is to assign jobs to specific machines and then sequence those jobs on
their assigned machines to optimize a defined objective. Common
objectives are the following.

The problem of minimizing makespan on identical parallel ma-
chines is NP-hard when all jobs are available at the start. A com-
monly employed heuristic for this purpose is the longest processing
time (LPT) rule, which sequences jobs in descending order of their
processing durations; instead when jobs arrive over time and com-
plete information about all jobs is not known in advance, online
scheduling techniques become necessary.

Another common objective is minimizing the total completion
time, often referred to as total flow time, which is the sum of the
completion times of all jobs. The shortest processing time (SPT)
rule is optimal for minimizing total completion time if all jobs are
of the same weight. When dealing with stochastic scheduling prob-
lems, involving exponential processing durations, the shortest ex-
pected processing time (SEPT) rule has been shown to be optimal
for minimizing the total completion time. Sometimes, the total com-
pletion time and makespan are minimized simultaneously, presenting
an additional scheduling challenge.
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Finally, some parallel machine scheduling problems allow for pre-
emptions, where the processing of a job on a machine can be in-
terrupted and then resumed later, either on the same machine or a
different one. These preemptions can sometimes lead to improved so-
lutions and can be used to minimize makespan, for instance, through
employing a longest remaining processing time rule [38, 39].

11.3.2 Uniform Machines

In a uniform parallel machine environment, each machine oper-
ates at its own unique processing speed, meaning the time it takes to
process a job varies depending on the specific machine it is assigned
to. Essentially, while all machines can process the same set of jobs,
they do so at varying speeds. This setup represents a generaliza-
tion of the simpler identical parallel machine environment, where all
machines operate at the same speed.

Scheduling problems on uniform parallel machines are more dif-
ficult than those on identical machines. When scheduling on uni-
form parallel machines, the decision of which job to assign to which
machine must consider the machine’s individual processing speed.
To solve these problems many methods have been studied: in-
teger programming, which attempts to find the optimal solution
through mathematical formulation; dispatching rules, which use sim-
ple heuristics to assign jobs; and local search algorithms, which iter-
atively improve solutions by exploring the neighborhood of existing
solutions.

When the goal is make-span minimization, aiming to complete all
jobs in the shortest possible time, the problem on uniform paral-
lel machines is also NP-hard. Due to this computational difficulty,
heuristics, often generalizations of the longest processing time (LPT)
rule, are frequently employed to find near-optimal solutions. Fur-
thermore, for minimizing makespan, online scheduling algorithms
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can be used when jobs arrive over time and full information is not
known at the start, adapting to the changing environment dynami-
cally.

Similar to the identical machine setting, minimizing total com-
pletion time remains a crucial objective when scheduling jobs on
uniform parallel machines, particularly in scenarios where the jobs
vary in importance. This objective aims to reduce the sum of the
completion times of all jobs, giving greater weight to those com-
pleted earlier, and often requires different optimization strategies
compared to makespan minimization [41, 42].

11.3.3 Online Scheduling

In online scheduling, jobs appear over a period of time, and the
scheduler lacks comprehensive knowledge about all jobs in advance.
This differs from offline scheduling, where all jobs are known in ad-
vance. Online scheduling is relevant in dynamic production environ-
ments that involve new jobs constantly appearing.

Online scheduling environments are characterized by the need to
make decisions on the spot as new jobs arrive and their arrivals are
not known in advance. This means that scheduling decisions must
be made without complete knowledge of the entire workload, requir-
ing solution algorithms that can adapt to the dynamically changing
conditions. A competitive analysis evaluate the performance of the
online algorithm comparing it to an optimal offline schedule which
assumes full knowledge.

Online scheduling techniques are frequently applied to minimize the
makespan on both identical and uniform parallel machine environ-
ments.

Various approaches are utilized to tackle the challenges of on-
line scheduling. Dispatching rules, which apply simple heuristics to
assign jobs to machines as they become available, are a common
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method for addressing the immediate decision-making required in
online scenarios. List scheduling algorithms, which prioritize jobs
according to a specific rule, are also widely used. These algorithms
generate a list of jobs, and then assign them to available machines
based on this prioritized list. A fundamental focus of online al-
gorithms is achieving the best possible performance with the least
amount of information about the future, requiring techniques that
are robust, adaptable, and efficient under uncertainty [19, 52].

11.4 Job Shop Scheduling

This section delves into the complexities of job shop scheduling,
a challenging area within production line optimization. Job shops
are distinguished by flexible job routing, where each job could have
its own unique series of operations that need to be performed on
various machines. This great flexibility results in complex scheduling
problems.

11.4.1 Disjunctive Programming

Disjunctive programming is a technique designed for modeling and
solving job shop scheduling problems. This method is effective in
managing the ”either-or” constraints that arise when multiple jobs
can be performed by the same machine. In the context of job shop
scheduling, the order in which jobs are processed on each machine
is not predetermined; therefore, the specific operations associated
with the jobs must be sequenced for every machine, adding a layer
of complexity. This requirement gives rise to disjunctive constraints
enforcing that only one operation can be processed on a given ma-
chine at any particular time.

In disjunctive programming, binary variables are used to model
the sequencing of operations: a variable is assigned a value of 1 if
one task precedes another on the same machine and 0 otherwise,
effectively encoding the precedence relationships between the two
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phases. The primary objective in job shop scheduling is typically to
minimize the makespan, the total duration required to finish all jobs,
and this involves determining the optimal order of operations while
following both the disjunctive constraints, which dictate sequenc-
ing on shared resources, and the predefined precedence constraints
between tasks.

Disjunctive programming formulates job shop problems as mixed-
integer programs with disjunctive constraints. These formulations,
while highly effective in representing the problem, often become com-
plex, making it difficult to find optimal solutions for large problem
instances. The disjunctive constraints impose a computational com-
plexity making the problem NP-hard [54].

11.4.2 Shifting Bottleneck Heuristic

The shifting bottleneck heuristic is a decomposition technique
specifically designed to tackle complex job shop scheduling prob-
lems. This heuristic operates by focusing on identifying and resolv-
ing bottlenecks within the system. A bottleneck machine is defined
as a machine that restricts the overall productivity of the entire job
shop, essentially limiting the rate at which jobs can be completed.
The heuristic iteratively identifies the bottleneck machine by exam-
ining the workloads of all machines. In each iteration, the machine
with the heaviest load, meaning the one that is the most utilized, is
determined to be the current bottleneck.

Once a bottleneck machine is identified, the jobs that have oper-
ations on that specific machine are prioritized and sequenced first.
Often, a single-machine scheduling algorithm, designed for the sim-
plified problem of scheduling jobs on a single resource, is applied
to determine the order of these operations. After the jobs on the
bottleneck machine have been sequenced, the schedule for the other
machines is then generated, taking into account the already estab-
lished schedule for the bottleneck.
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The shifting bottleneck heuristic follows an iterative refinement
process, where bottlenecks are identified and sequenced one after
another. Each time a machine is sequenced, the impact of this de-
cision on the schedules of all other machines is considered, leading
to a progressive improvement of the overall schedule. This iterative
procedure is repeated until all machines in the job shop have been
scheduled, resulting in a complete schedule that addresses the most
constrained resources in the system first [2, 48].

11.4.3 Constraint Programming

Constraint programming (CP) is a declarative programming
paradigm that is widely used to solve complex combinatorial prob-
lems, including job shop scheduling. Unlike procedural program-
ming, which focuses on specifying the exact steps of a solution,
constraint programming defines the relationships between variables
through constraints. This approach provides a flexible and intuitive
way to represent the diverse constraints present within a job shop
environment.

In constraint programming, a job shop scheduling problem is mod-
eled by defining variables, constraints and an objective function. The
variables can represent quantities such as tasks start time and tasks
end time, while constraints express the requirements of the problem.
These constraints include the processing of each job, the capacity of
each machine, and the precedence constraints between the different
operations within each job.

A key characteristic of constraint programming is constraint prop-
agation, a process which utilizes the defined constraints to reduce the
domain of possible values for the variables. Constraint propagation
involves maintaining a list of possible values for each variable and it-
eratively removing values that violate the constraints imposed. This
process reduces the search space and speeds up the search for a fea-
sible solution. Once constraint propagation has been completed, a
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search algorithm is utilized to further explore the remaining solution
space and identify an optimal solution. Various search strategies,
such as depth-first search and local search methods, may be used
depending on the complexity of the problem. CP demonstrates no-
table advantages, including the ability to handle complex constraints
and high flexibility in problem modeling, making it a powerful ap-
proach for modeling and solving job shop scheduling problems [53].

11.4.4 Local Search Methods

Local search methods are iterative improvement techniques that
from an initial solution, repeatedly attempt to improve it by making
small and incremental changes. In the context of job shop schedul-
ing, local search is frequently used to discover effective schedules by
exploring the neighborhood of the current solution, moving step by
step toward better options.

The first step in implementing a local search algorithm is defining
the neighborhood: the set of possible solutions adjacent to the cur-
rent solution. In job shop scheduling, the neighborhood is typically
defined by swapping the order of two operations on the same machine
or by moving an operation from a point in time to another. The
iterative improvement process involves evaluating solutions within
the neighborhood and, when found, replacing the past best solution
with the superior one. This process is repeated until the local op-
timum is reached, meaning no better solutions can be found in the
neighborhood, or the current solution is satisfactory enough.

Several specific local search methods are often used:

e simulated annealing utilizes a probability function to accept less
optimal solutions, particularly during the early stages of the
search, to increase the chance of escaping local optima and find-
ing better overall solutions;

e tabu search tracks the moves that have been made recently, pro-
hibiting their repetition, which helps the algorithm to explore
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different areas of the solution space and avoid getting trapped
in cyclical patterns;

e genetic algorithms apply concepts from evolutionary biology,
creating a pool of candidate solutions and improving the pool
over time using techniques such as mutation and crossover;

e ant colony optimization employs the analogy of ants searching
for food, allowing the algorithm to explore the solution space
based on the artificial pheromone trails, representing the fitness
of paths in the search space.

Local search methods are excellent at discovering good solutions
relatively quickly, even for very large problems, and can be adapted
to a wide range of optimization problems [1, 29, 47].

11.5 Project Scheduling

This section focuses on project scheduling, a crucial element of
production line optimization, particularly when handling complex
projects with many interdependent tasks. In contrast to job shop
scheduling, project scheduling often assumes an unlimited quantity
of machines but focuses on precedence constraints between activi-
ties. The primary objective is to minimize project completion time
(makespan) while adhering to these constraints [3].

11.5.1 Critical Path Method (CPM)

The Critical Path Method (CPM) is a deterministic approach to
project scheduling that provides a structured framework for man-
aging project timelines. CPM’s aim is to identify the critical path,
which is the sequence of activities that determines the overall du-
ration of the project. A network diagram is used to represent vi-
sually the project activities and their dependencies: activities are
shown as either nodes or arcs, with arrows indicating the sequence
in which they must be completed, providing a clear visualization of
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the project structure and helping identifying potential bottlenecks
and critical areas.

The fundamental assumption of CPM is that activity durations
are known with certainty. To each activity is assigned the specific
time that it requires for completion, forming a deterministic struc-
ture. CPM uses a forward pass to calculate the earliest start time
(EST) and earliest finish time (EFT) for every activity. An activ-
ity’s EST is determined by the latest EFT of its predecessors, while
the EFT is calculated by adding its duration to its EST. When the
forward pass is completed for all activities from start to end of the
workflow, a backward pass is performed to calculate the latest start
time (LST) and latest finish time (LFT) for each activity. The LET
of an activity is determined by the earliest LST of its successors,
while its LST is calculated by subtracting its duration from its LFT.

The critical path is defined as the sequence of activities that have
zero slack, meaning their EST equals their LST and their EFT equals
their LF'T. The slack represents the amount of time an activity can
be delayed without impacting the project’s overall completion time,
so activities that are not on the critical path have positive slack, in-
dicating there is some flexibility in their scheduling, while activities
on the critical path cannot be delayed without causing a delay to
the entire project.

CPM is widely used to manage project scheduling effectively in con-
struction, engineering, and other sectors that involve projects with
well-defined structures and predictable activity durations [43, 63].

11.5.2 Program Evaluation and Review Technique
(PERT)

The Program Evaluation and Review Technique (PERT) is a
probabilistic approach to project scheduling, sharing similarities
with the Critical Path Method (CPM) but differing significantly in
the way it handles activity durations. Unlike CPM, which assumes
deterministic activity durations, PERT accounts for the inherent un-
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certainty in these durations by using three time estimates for each
activity: optimistic time (O), most likely time (M), and pessimistic
time (P); these three estimates are then used to calculate an ex-
pected activity duration, formula 3, giving greater weight to the
most likely time. In addition to expected duration, PERT also cal-
culates the variance of activity duration, providing a measure of the
uncertainty associated with each activity.

_ O+4M+P
B 6

TE (3)

The expected project duration, under PERT, is calculated by
summing the expected durations of the activities on the critical path.
It’s important to note that the critical path in PERT is identified
based on these expected activity durations rather than actual du-
rations which are unknown at the planning phase. This means the
critical path may be different from the one observed in reality, par-
ticularly where activity times differ from their expectations.

A distinctive feature of PERT is its ability to estimate the prob-
ability of completing the project by a specific date. PERT uses the
standard deviation of activity durations to offer a statistical esti-
mate of the likelihood of finishing the project within the desired
timeframe. This probability analysis offers insights into the risk and
uncertainty associated with the project schedule, allowing managers
to assess and plan for potential delays. That’s the reason why PERT
is particularly beneficial in projects with high levels of uncertainty,
such as research and development, new product launches, and other
projects where activity times are not accurately known, providing
a more realistic solution that explicitly considers the variability in
activity durations [43, 63].

11.5.3 Project Scheduling with Resource Constraints

Project scheduling with resource constraints addresses the com-
plexities that arise when projects must be managed within the lim-
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itations of available resources. These resource constraints, such as
manpower, equipment, and budget, add another layer of difficulty
to traditional project scheduling, which primarily focuses on prece-
dence relationships between activities. In many real-world projects,
resources are not unlimited, and this limitation requires project ac-
tivities to be scheduled in a way that ensures resource usage does
not exceed defined limits. This introduces the necessity to consider
not just the order in which tasks must be completed but also the
availability of resources at any given time.

Project scheduling problems with resource constraints are NP-

hard, so finding an optimal schedule can be computationally chal-
lenging, especially for large-scale projects. In this case, heuristic
algorithms are often employed to find good, although not necessar-
ily optimal, solutions. These heuristics prioritize activities based on
factors such as the critical path, the amount of resources required
and the earliest start times.
To reduce the risk of bottlenecks and shortages, firms try to minimize
peaks and values in resource utilization, smoothing out efficiency and
reducing risk. This is the case in manufacturing companies, where
there are limits on the quantity of available workers, machines, re-
sources, and it is necessary to plan an efficient schedule with time
and resource allocation [3].

11.5.4 Time/Cost Trade-offs

Time/cost trade-offs are an important consideration in project
management, acknowledging the relationship between the duration
of a job and its costs. It is often the case that reducing the dura-
tion of a job, also said crashing an activity, is a common technique
in project management that can lead to an increase in costs, and
this relationship needs to be carefully analyzed. This is typically
achieved by allocating more resources to an activity or modifying
the way in which it is executed, for example by adding more work-
ers or using faster equipment.
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In some scenarios, the cost of crashing an activity is assumed to be
linear, meaning that the cost increases at a constant rate for each
unit of time that the activity duration is reduced. It’s relatively
easy to calculate and apply linear time/cost trade-offs, however, in
many situations, the relationship between time and cost is nonlin-
ear. Nonlinear costs more accurately capture the reality that the
cost of crashing activities may not be constant and can become ex-
ponentially higher as the duration of activities are reduced further.
Nonlinear time/cost trade-offs often lead to the need for nonlinear
optimization models, which are more computationally challenging.

Trade-offs are evaluated to determine the best balance between
a project’s timeline and its total expenses. This analysis is critical
when the rewards for accelerating the schedule is greater than the
increased costs that arise by doing so, for example scenarios where
there are financial penalties for delays or an early completion offers
rewards, where it become important to avoid fines and it’s possible
to generate extra revenue [27].

11.6 Flexible Manufacturing Systems

This section explores Flexible Manufacturing Systems (FMS) that
represents an important step towards automation and adaptability
in manufacturing. In contrast to traditional production lines, FMS
can handle a variety of products and production volumes.

The modeling and optimization of FMS are complex due to the
inherent flexibility and multiple constraints that need to be consid-
ered. Real-world applications of FMS are in use in the automotive,
aerospace, and electronics industries [6, 46, 49, 55].
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11.6.1 System Characteristics

A Flexible Manufacturing System (FMS) is characterized by its
inherent capacity to process a variety of different product types and
dynamically adapt to shifts in demands. This level of adaptabil-
ity is achieved through a sophisticated combination of several key
components:

e partially manned or automated machines, which perform the
actual manufacturing processes. These machines are of multiple
types and therefore capable of performing different operations,
allowing the FMS to handle a broad range of manufacturing
tasks;

e material handling systems, such as automated guided vehicles
(AGVs) or conveyors, are responsible to optimize the flow of
material in the system and to guarantee an efficient movement
of parts between machines;

e computerized control system, which manages all aspects of the
system’s operations: monitors production processes, adjusts op-
erations in real-time and optimizes performances. This comput-
erized control is the head of the FMS and enables it to quickly
respond to any change in the production needs. [6, 55]

11.6.2 FMS Modeling

Modeling a Flexible Manufacturing System (FMS) requires careful
consideration of the complex interactions between its various com-
ponents, including the machines, material handling systems, and
the overall workflow. Capturing these intricate relationships is crit-
ical for accurately predicting system behavior and optimizing its
performance. To achieve this, various modeling techniques are em-
ployed. Mathematical programming models, such as mixed-integer
linear programming (MILP), may be applied to formulate FMS prob-
lems and find optimal solutions by mathematically representing con-
straints and objectives.
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Simulation models are used to analyze the behavior of the FMS
under different scenarios. By replicating the different systems, simu-
lation models allow researchers and engineers to test configurations,
control strategies and production schedules. Queueing theory can be
used to change the workflow of the system, analyzing waiting times
at different machines and identifying potential bottlenecks. This
analysis helps in understanding and optimizing the flow of parts
within the FMS, ensuring a smoother and more efficient production.

The FMS’s vital components, including machine capacities (which
represent the limits on machine throughput), material handling
constraints (which reflect restrictions on how materials can travel
throughout the system), and process routes (which specify the pre-
cise order of operations needed to produce each product), are all
taken into account by these various modeling methodologies. Mod-
els may offer a detailed description of the FMS by incorporating
these elements, which promotes improved planning and management
6, 55].

11.6.3 Optimization Objectives

The objectives of Flexible Manufacturing System (FMS) opti-
mization can vary significantly, depending on the specific goals and
priorities of the production facility. These objectives often represent
a trade-off between different aspects of system performance, requir-
ing careful consideration and balancing.

One common objective is makespan minimization, which focuses
on reducing the total time needed to complete all jobs. This aim is
geared towards achieving the shortest possible production cycle.
Another key objective is throughput maximization, which seeks to
increase the rate at which products are manufactured. This is often
directly linked to identifying and addressing bottleneck machines,
which limit the overall production output.
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Another important objective in FMS optimization is minimizing
work-in-progress (WIP) inventory: that is the amount of partially
finished products within the system, reducing WIP can lower hold-
ing costs and improve overall efficiency.

Tardiness minimization is a critical objective, particularly in envi-
ronments where meeting deadlines is essential, so it focuses on re-
ducing the number of jobs completed after their due date, improving
on-time delivery performance.

Finally, when there are sequence-dependent setup times within
the FMS, setup time minimization becomes a relevant goal. These
are setup times that change based on the sequence in which jobs
are processed. Optimizing the order of jobs to minimize these setup
durations can boost overall system productivity and decrease idle
time. FMS optimization aims to improve the performance, efficiency,
and flexibility of the manufacturing system by concentrating on these
different goals [6, 55].

11.6.4 FMS Scheduling

Scheduling within a Flexible Manufacturing System (FMS) is con-
siderably more complex than scheduling in traditional production
lines. This increased complexity arises from the inherent flexibility
of FMS and the numerous constraints that must be taken into ac-
count. The dynamic nature of FMS, with its multiple machines, di-
verse product types, and flexible material handling systems, creates
a challenging scheduling environment. Therefore, effective schedul-
ing strategies are crucial for realizing the full potential of an FMS.

Dispatching rules can be used to make decisions about which job
should be processed next, these rules offer simple but effective ways
to prioritize jobs based on specific criteria. For example the shortest
processing time (SPT) rule prioritizes jobs with the shortest pro-
cessing times, while the first-in-first-out (FIFO) rule processes jobs
in the order they arrive.
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Given the complex nature of the FMS environment, heuristic algo-
rithms are frequently applied to find good solutions in a reasonable
amount of time. Local search methods, such as simulated anneal-
ing or tabu search, are frequently employed to iteratively improve
solutions by exploring the solution space. Constraint programming
represents another approach that can be used to handle the intri-
cate scheduling constraints present in an FMS. Additionally, shifting
bottleneck heuristics, which focus on optimizing the performance of
the most constrained resources, are used to discover good solutions
in job shop environments, such as FMS with diverse routing needs
6, 46].

11.6.5 FMS Challenges

Several factors contribute to the complexity of scheduling within
a Flexible Manufacturing System (FMS). Machine eligibility is one
such constraint, where jobs may only be processed on a specific
subset of the available machines, limiting the flexibility of job as-
signment. Material handling limitations also play a significant role,
as the limited capacity and travel times of material handling sys-
tems can lead to bottlenecks and delays in the production process.
Further complicating matters are sequence-dependent setup times,
where the time required to set up a machine for a new job can vary
based on the sequence of jobs processed, adding a layer of complexity
to the scheduling decisions.

Routing flexibility, while offering benefits by allowing jobs to
have alternative routes through the system, also introduces further
scheduling challenges. The multiple possible paths a job might take
increases the number of scheduling options and the complexity of
finding the optimal routes and sequences. Limited buffer capaci-
ties between machines can also lead to blocking, when a machine is
ready to process a job, but the next machine is not available and
starvation, when a machine is ready but no jobs are available to be
processed. These buffer constraints impact the overall flow of jobs

within the FMS.
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Finally, dynamic events, such as machine breakdowns or unex-
pected changes in demand, can occur frequently in an FMS and
often require real-time rescheduling to mitigate their impact. These
unexpected disruptions force the system to adapt and re-optimize
schedules quickly, adding to the already complex nature of FMS
scheduling [6].

11.6.6 Cyclic Scheduling

In specific Flexible Manufacturing System (FMS) environments, a
cyclic scheduling approach may be adopted to manage production.
Cyeclic schedules are characterized by their repetition of a defined
production pattern, with a fixed sequence of operations. This means
that the system produces the same sequence of products in a recur-

ring cycle, simplifying scheduling decisions once the cycle has been
defined.

A key element in developing a cyclic schedule is the Minimum
Part Set (MPS), which helps to determine the production ratios for
different products within the cycle. The MPS specifies the number
of each type of part that needs to be produced within each cycle,
ensuring that production meets the required ratios. The cycle time
represents the duration required to complete a single cycle of produc-
tion. This is the time it takes to produce one complete set of parts
defined by the MPS, which, once established, becomes the recurring
unit of production [49].
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Part 11
A Study on Project RefAlne

This part delves into the methodology of constructing models for
Project RefAlne, employing various techniques from the field of Op-
erations Research (OR).

The second part of the thesis presents a description of the project
itself, the formulation of the model and its solution.

The objective is to analyze the project using the principles of pro-
duction scheduling and optimization that were discussed in earlier
chapters.

12 Problem Description

As the name suggests, Project RefAlne provides an artificial intel-
ligence integration that refines the production line of a major Italian
multinational company, making the current management system of
the workshops evolve in a more intelligent way, through a transi-
tion process towards a digital management system of the factory.
More simply put, artificial intelligence will intervene directly on the
production lines.

This section provides a description of the manufacturing environ-

ment in which Project RefAlne is being applied and the specific
challenges that it addresses.
It is essential to have a clear understanding of the context to de-
velop effective models, as emphasized in the systemic approach to
operations research, so the production system, with its various com-
ponents and constraints, is described to provide a solid foundation
for the subsequent model formulation and implementation phases.
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The project is still in its early stages, but already includes many of
the elements analyzed in the thesis.

12.1 Glossary of Terms

The following terms are defined within the context of Project
RefAlne:

Scheduling

A structured timetable that organizes activities in a specific time-
frame and machine. It includes details such as start and end times,
deadlines and sequences of operations, to ensure efficiency, coordi-
nation and most of all to meet objectives within the set constraints.

Work cell

A work cell is defined as a group of multiple machines, typically
three or more, that are managed by a single operator. The grouping
of multiple machines into work cells affects how workload is dis-
tributed and how operators manage their tasks.

Line

The plant utilizes five main assembly lines. These lines operate
with a takt time, which is different from the cycle time used in work
cells, and involve a larger number of operators. The lines are pri-
marily focused on the assembly process, and their demand drives
the production in the work cells. Understanding the relationship
between lines and work cells is crucial for coordinating overall pro-
duction and ensuring that assembly needs are met. As noted in the
introduction to production planning, understanding the production
rate and required throughput is fundamental for developing appro-
priate production schedules.
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Order

Every order needs to be satisfied in the produced schedule. An
order contains details such as the requested part number that needs
to be produced and in which quantity it needs to be produced. Every
order has a due date, the order needs to be successfully completed
before that date.

Part number

Product that needs to be produced. Some products can be pro-
duced in multiple ways, with different costs associated and using dif-
ferent machines. More than 400 different part numbers are present.

Machine

A machine, or workstation, is an individual machine within the
production system; each machine is associated with an OEE.

OEE

The Overall Equipment Effectiveness (OEE) is a metric that for
month evaluates efficiency with respect to time for each workstation.
During the planning phase the average of the last three months is
considered.

Cycle

To produce a specific part number one or multiple cycles are avail-
able. Secondary cycles are alternative processes (to primary) for
working on raw or semi-finished products, the main differences be-
tween them are in terms of processing time, output quantity and
machine used. These provide flexibility in production planning, al-
lowing for alternate routes if machines or other resources are not
available, and this aligns with the principles of Flexible Manufac-
turing Systems.
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Phase

Every cycle is composed of phases. These phases need to be ex-
ecuted in the given order to successfully produce a part number,
either on the same machine or across different machines. The need
for multiple phases impacts the scheduling of the parts, requiring
that all the phases are completed in sequence, as discussed in the
section on job shop scheduling. The number of phases for a given
cycle can vary from one to five, every phase has a defined machine
and processing time.

Tool

Tools are used to remove material from products. The availability
and management of tools are crucial for ensuring continuous produc-
tion. Tools are a critical resource that needs to be considered when
planning the operations, as was noted in the discussion of production
constraints.

Equipment

Equipment refers to the elements that hold products in the ma-
chine. Some equipment includes quick-release attachments. This
information is not recorded in a centralized system, but the pres-
ence of quick-release attachments reduces setup time. Setup times,
as discussed in previous chapters, play an important role in produc-
tion scheduling.

12.2 General Context

This subsection provides further context to the operations of
Project RefAlne.

12.2.1 Workload Balancing
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Workstations must have a balanced workload among machines, so
that no machine is overloaded or underutilized. This is important for
optimizing the use of resources, and aligns with objectives discussed
in the introduction to production planning and is often considered
in parallel machine scheduling.

Operators need specific skills and qualifications to work in the sta-
tions, meaning that labor must be considered as a limited resource,
impacting the scheduling of different jobs.

12.2.2 Types of Machines

Mono-pallet

A mono-pallet machine operates on one part number at a time.
This limitation affects the planning of the operations, since it reduces
flexibility.

Bi-pallet

A bi-pallet machine can accommodate two tools to work on multi-
ple part numbers. However, it can only process one part number at
a time. The advantage lies in the ability to set up the next part or
use different tools. Workload between the two part numbers must be
balanced. This type of machine introduces a scheduling challenge,
and the workload between the different part numbers must be con-
sidered, similar to the challenges discussed in the section on parallel
machine scheduling.

Multi-pallet /FMS

Multi-pallet machines, similar to bi-pallet machines but with mul-
tiple pallets (usually up to three), are used to balance workload and
optimize space. This type of machine has elements similar to flexible
manufacturing systems (FMS).

7



ST, Universita
“Sept Ca'Foscari

wmis \enezia

12.3 Current Software Tools

12.2.3 Multi-phase Workflows

The presence of multi-phase workflows highlights the need to con-
sider sequence-dependent setup times and the requirement to follow
the order of phases in the sequence for a product to be successfully
processed, from raw material to final product.

12.2.4 Code and Tool Management

Multiple pieces of the same code can be processed on a machine,
but different codes cannot share the same tool (with some excep-
tions). This limitation is similar to the challenge of having sequence-
dependent setup times, as discussed in single-machine scheduling.

Multi-pallet management is currently handled only during the
scheduling phase. This places an additional burden on the schedul-
ing process, since it must explicitly consider multi-pallet manage-
ment.

12.3 Current Software Tools

Cyberplan

Cyberplan is used for assembly line planning. It manages primary
cycles but excludes alternative cycles. Cyberplan also assumes in-
finite workshop capacity. The program is slow and has issues with
updates. The assumption of infinite workshop capacity can lead to
unrealistic production plans.
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SAP
SAP is used to register part numbers and production cycles. It
handles set-up and machine time management and automates raw

material requests.

SAD
SAD provides real-time monitoring of machine status and man-

ages scheduling loading.

Excel
Excel is used for manual planning and simulation. It is also used
for information collection on machine load, OEE, and part numbers.

Excel uses pivot tables for sequence and quantity management.

Current Workflow
The current workflow involves manual data integration between

these systems.

12.4 Analysis of the Current System

Disjointed Systems

The current approach uses multiple software tools: Cyberplan,
SAP, SAD and Excel. These tools do not communicate between
each other so a manual data integration is required. This is time-

consuming, error-prone and inefficient.

Limited Planning Capabilities
Cyberplan’s limitations, such as assuming infinite workshop ca-

pacity and excluding alternative cycles, can lead to inaccurate pro-
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duction plans. This makes it difficult to optimize the production
process and adapt to changing conditions.

Manual Processes

The use of Excel, for simulation and to adjust the final schedule,
indicates a lack of automation. These manual processes are slow
and not scalable, and so they limit the ability to quickly adjust the
scheduling in case of disruptions or required changes.

OEE Tracking

The Overall Equipment Effectiveness (OEE) is calculated for each
workstation monthly, and the average of the past three months is
used in planning. OEE is a key consideration in planning.

Limited Visibility

The system does not show the exact number of pallets that are ac-
tively working, which limits fine-grained optimization. Single phases
are also sometimes excluded from planning, which can limit the level
of detail available.

12.5 Required Objectives

The primary objective of Project RefAlne is to develop a program
that can integrate the company’s data and the user inputs to gen-
erate an effective and efficient production plans and schedules. By
automating the planning and scheduling process, the company aims
to reduce manual work, improve the accuracy of the plans and im-
prove the overall efficiency of production, thus increasing throughput
and reducing costs.

This project is a great example of an operation research applica-
tion that aims at enhancing organizational decision-making and effi-
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ciency addressing complex scheduling challenges in flexible manufac-
turing systems (FMS), job shop scheduling and project scheduling,
by providing a strategic planning tool with the goals of makespan
minimization and throughput maximization.

The main objective set by the company follows a client-first per-
spective, that aims at satisfying the client needs in the first place,
even if an outsourcing of production is required in order to meet the
due date of the order.

This section has provided a detailed description of the production
environment and the objectives of project RefAlne. The next sec-
tion will discuss the specific model formulation used to address the
challenges identified in this section.

13 Data Collection and Analysis

This section outlines the data collection process and analysis. The
quality and relevance of the data are crucial for the accuracy and
reliability of the models, that must be grounded in real-world obser-
vations and accurately represent the production system. This is the
second phase of the systematic approach, which emphasizes the im-
portance of gathering and analyzing data before building the model,
as detailed in earlier sections of this study.

13.1 Data Sources

The primary data source for Project RefAlne is an Excel file con-
taining multiple sheets with information such as production cycles,
machine characteristics, orders, and the factory calendar. This file
serves as the central repository of information for the model devel-
opment and implementation.
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13.2 Data Preprocessing

Before using the data for model implementation, several prepro-
cessing steps were taken to ensure its quality and suitability.

Data Selection

Data was selected from the Excel file based on the required
columns and relevant sheets. This involved filtering out unnecessary
information and focusing on the most relevant fields. The selection
process is also necessary to make sure that the data is consistent
and that the data types are correct.

Data Cleaning

Missing values are removed, ensuring that the models operate
with complete and reliable information. A selected interval of time
is considered in the production, for instance all orders in the month
of October were selected.

Data Transformation

The raw data is transformed into structured formats, such as
Python dictionaries, for an easier retrieval and manipulation. For
instance, the cycles data is organized into a dictionary and, given
a specific part number, all the possible cycles that can be used to
produce it are returned.

Data Filtering

In the model implementation, orders are filtered to include only
those due in October 2024, and only those with a due date later
than the 10th of the month, ensuring that all selected orders fall
within the specified timeframe. This is done to focus the analysis
on a specific planning horizon.
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13.3 Integration with Data

Data Aggregation

The daily machine availability is calculated based on the factory
calendar and the daily working hours for each machine. Therefore
weekends are automatically removed from the work days of each
machine in October, and this information is stored in a dictionary.
This step is important to model the available capacity of the ma-
chines realistically, since machine availability depends on the factory
calendar.

The data analysis phase provides the basis for the model formu-
lation and implementation, ensuring that the models are built with
a comprehensive understanding of the system. The data is selected,
cleaned and transformed before being fitted to the mathematical
model.

The data collection and analysis phase is a critical step in the
development of the production planning models. It ensures that the
models are based on reliable data, and that the models accurately
represent the production environment. The model implementation
already automates all these steps so that a model can be imple-
mented and optimized. The data analysis is essential for the suc-
cessful application of the operations research principles.

13.3 Integration with Data

All company data, including numbers and names, has been
anonymized to ensure confidentiality and no identifiable informa-
tion is included in the data presented. This process guarantees the
privacy and protects sensitive business information of the company.

The preprocessed data are ingested in the model, by loading the
data from the dictionaries defined in the data processing phase, and
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13.3 Integration with Data

using this data as input to the optimization model. This integration
ensures that the model is dynamic and can be easily updated with
the most recent production data. The model is designed to be able
to automatically load data from the excel file, and to transform
the data into the format that the model requires. This also means
that the model is able to easily process new orders, or new machine
information. This integration is a key aspect of the implementation
phase, as it ensures that the model is not static and can adapt to
the changes of a production environment.

13.3.1 Processed Data

At the current state, the model takes data from four different
dictionaries:

e cycle_dict is used to access all cycles information, the main
keys are the different part numbers, each of them leads to all
the possible cycles to process it, furthermore each of these cy-
cles may be diveded in multiple phases (that have already been
ordered following their processing order requirements), finally
three values are associated to each phase, namely the number of
operation, the machine that is required and the execution time,
that doesn’t account for the machine OEE.

e oee_dict is used to pair each machine (keys) to its current OEE
(values).

e orders_dict contains all the orders that the factory has to pro-
cess, associated to three values: the part number requested, the
quantity to produce and the due date of the order.

e hours_dict matches a new dictionary for each machine, for this
example the former contains the list of all days in the chosen
time window and the amount of hours that the parent machine
is free. The time window and the granularity (days, weeks) of
the schedule may change.

From the Excel it was possible to extract a total of 156 different
part numbers and 336 different cycles, table 1 is an example of the
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formatted data of part number 169, derived using cycle_dict.

Cycle Phase Machine Time

1 19 15.01
1 2 22 12.00
3 5 3.75
1 27 8.22
2 2 49 14.53
3 5 3.75
1 19 15.01
3 2 49 12.50
3 5  3.75
1 19 15.01
4 2 36 12.76
3 5 3.75
1 27 8.22
o 2 36 12.76
3 5 3.75

Table 1: Cycles for PN 169. The time to execute an operation is provided in minutes and it
already accounts for the OEE of the machine.

14 Model Formulation

This section details the formulation of the model for Project Re-
fAlne, incorporating principles of production scheduling and opti-
mization discussed in the preceding chapters of this study. The
model aims to integrate data and user inputs to generate efficient
production plans and schedules, optimizing workflow and automat-
ing processes, as per the company’s objectives.
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14.1 Mathematical Programming Model

In the following phase, the mathematical model is formulated
upon the problem definition and data analysis steps, as highlighted
in the systemic approach to operations research. This implementa-
tion focuses on the practical application of the previously developed
theoretical model to ensure that it can be used to generate feasible
and optimal production schedules.

14.1 Mathematical Programming Model

A mathematical programming model is developed to solve the
scheduling problem. This model employs decision variables, an ob-
jective function and constraints to formulate the problem as a math-
ematical optimization. The model is based on the principles of linear
programming, a technique that has been at the basis of OR since its
discovery. The use of linear programming is motivated by its capac-
ity to model a wide array of real-world scenarios, including resource
allocation and production scheduling, in a very short time.

14.1.1 Decision Variables

The primary decision variables in the model represent a way to
map every possible decision in the system, these variables determine
the production schedule. Taking as time window the entire month of
February, weekends excluded, this mapping creates a total of 27566
variables to store all possible choices.

Decision variable V depends on each possible Order_id,
Part_number_id, Cycle_id, Phase_id, and Day_id.

To save on memory only the possible days are considered, meaning
that for each order only the days until the due date of the order are
taken into account.
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14.1 Mathematical Programming Model

The variables are indexed to reflect the various components of the
production process, such as the specific order, part number, cycle,
phase and day.

14.1.2 Objective Function

The model seeks to minimize the weighted sum of production
costs. These weights can reflect different priorities like the cost of
holding inventory, production delays or setup operations; in this
case the model implementation uses a cost vector ¢ that is multi-
plied by the decision variables and it is biased using an exponential
smoothing function. The objective function is designed to ensure
that the production plan not only meets demand but does so in a
cost-effective way: prioritizing jobs that are closer to their due dates
and total quantity. This objective function usually tries to balance
multiple factors to achieve an optimal outcome, so this function will
surely be modified in the future.

min E Top.ed * Copd * Lop (4)

07p7cid

The objective is to minimize the sum for each order o, the quantity
of product p, produced on day d, using cycle ¢, multiplied by coef-
ficient C' that implements exponential smoothing and by coefficient
I.

Coefficient I is used to normalize orders: it depends on the quan-
tity of product p for the order o and it’s the inverse of the sum of
part numbers required by the order.

For every order o the quantity of product p produced on day d
is biased using a coefficient calculated as an exponential smoothing
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with a=0.6. The first days values will be near zero and they will
exponentially increase the closer is the order deadline, an example
is provided by table 2.

Day C Value

1 0.006144
0.015360
0.038400
0.096000
0.240000
0.600000

ST s W N

Table 2: Exponential Smoothing If the deadline is the 6th of the month: every day after
the date the coefficient will take the value 0, while for all the previous days, it will take the
corresponding value.

14.1.3 Constraints

The mathematical model includes several constraints that need
to be carefully designed in order to generate feasible production
schedules and respect the requirements of the company:

Order Quantity Constraints

These constraints ensure that the total quantity of each part num-
ber produced meets the required order quantity before the due date.
This constraint is crucial for meeting customer demands and avoid-
ing shortages.

> Xopa = Xopp, Vd €D (5)
07p
where:

o X,pq is the quantity of product p of order o produced on day d.
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e For each order o, day d is a any day before day D, the deadline
of the order; therefore d < D.

Temporal Constraints

The model follows the temporal constraints imposed by the fac-
tory calendar, ensuring, for example, that no production is scheduled
on non-working days or non-working hours. This is achieved by con-
sidering only the factory calendar and the available shifts directly
excluding all other moments. Also, the model checks for previously
assigned working time for each machine in the time window taken
into consideration, in order to directly exclude them for that ma-
chine, so that jobs do not overlap.

For every machine m and for every day d, the following constraint
must hold:

> Xoped - tepm - OEE, < tgm, Ym,Vd (6)
o,p,Cc

where:

o Xoped 1s the quantity of product p of order o on machine ¢ for
day d.

® t.,m represents the processing time per unit of product p on
machine m.

e OFE,, is the Overall Equipment Effectiveness of machine m.

e 14, denotes the available time for machine m on day d.

Precedence Constraints

These constraints guarantee that operations within the same cy-
cle are performed in the correct sequence, making sure that a phase
with x material can start only after x material has been processed by
the previous phase. This is achieved by constraining the value of the
decision variable associated with the current phase to be less than or
equal to the variable associated with the previous phase, thus imple-
menting the precedence constraints of each phase and guaranteeing
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that the correct sequence is always respected.
These constraints are necessary to ensure the multi-phase workflow
of each product and cycle are satisfied.

Topetd 18 the quantity of product p, of order o, produced on day d
using cycle ¢, during phase f.

For every phase f and for every day d, the following must hold
for phase f + 1:

Lopcfd >= Lopcf+1d (7)

Continuing until the last phase and the last day:

Topefd + Topefd+1 >= Topef+1d+l (8)

(9)

ZTopefd T -+ + Topefd+n >= Topef+1ld+n (10)

Topefd T -+ Topefden == Topef+1d+1 + - + Topef+1dtn (11)

This must be applied to every pair of consecutive phases in order
to ensure that all phases of a chosen cycle are executed correctly and
products are processed as required.

Implementing this constraint greatly slows down the time it takes
the model to load, and it also puts a heavy weight on the RAM of
the computer.

Machine Capacity Constraints

These constraints ensure that the total processing time of all jobs
assigned to a machine does not exceed its available capacity on any
given day. The available time is based on the factory calendar and
the Overall Equipment Effectiveness (OEE). The model browse the
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data to determine how many minutes a machine can work on a given
day, and the time each job occupies in a machine. These constraints
also incorporate the average OEE from the past three months, as
discussed in the problem description. The machine capacity con-
straint is a common constraint in production scheduling problems,
ensuring that the available resources are not over utilized, however
in this problem no minimum or maximum limit of resources per ma-
chine were set, other than the available time of each machine for the
given day.

Material Availability

The model assumes raw materials are available at the schedul-
ing stage but may consider material availability during the planning
phase. The implementation assumes unlimited availability of mate-
rials, in real-world situations, this constraint should be implement
for the correct formulation of the problem.

Production Constraints

Specific constraints related to equipment and production, such
as the ability of a machine to process multiple parts on different
pallets, are also included. The model implementation does not ex-
plicitly model this constraint, but it can be modeled using additional
variables for each pallet and their respective constraints. These con-
straints are essential for representing the specific operational rules
of the production environment.

14.2 Software and Tools

The model was implemented using Python, leveraging several li-
braries for data manipulation, mathematical programming and op-
timization. Plots were produced to favor readability of the data
and conduct analysis, some of these plots are presented in the next
section.
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Pandas

This library is used for data preprocessing, data manipulation,
and data analysis, including reading data from Excel files and trans-
forming them into data structures that can be used by the opti-
mization models. Pandas is also used for data cleaning and for
integrating the different data sources. This library is essential for
all data-related operations, from data selection to data aggregation,
as described in the previous section on data collection and analysis.

NumPy

This library is used to handle numerical operations: handling ar-
rays and performing matrix operations.

SciPy

The SciPy library’s linprog function is used to solve the linear
programming problem. This function implements the simplex algo-
rithm and allows for constraints to be defined using matrices and
vectors.

Matplot and Seaborn

These two libraries are used to plot and analyze the data. All plots
are in black and white to favor accessibility. All the data presented
has been anonymized.

15 Model Results

The implemented model is based on a mathematical programming
approach and aims to generate the optimal production scheduling
for the company. The model is structured to consider the specific
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characteristics of the production environment, including the work-
stations, machine types, and multi-phase workflows. The model also
considers the need to optimize a specific objective function: to min-
imize the number of parts produced, weighted by the due date of
the order. This allows the model to prioritize orders that are due
sooner. Taking into account the various constraints, including re-
source constraints, production constraints and temporal constraints
the results are extracted to a data frame, which includes the optimal
values of the decision variables, as well as all other information asso-
ciated with each decision variable (such as the order, part number,
cycle, phase, and day). This data frame is used to show the results
of the model.

In Colab, the generation of the entire model takes 63 seconds
not taking into account the creation of the data ingested, while the
resolution of the model takes about 21.64 seconds.

The output generated from this model provides all the informa-
tion that the company requires for production planning, as described
earlier in this study. In fact, it’s possible to augment the data frame
generated: by matching each pair of cycle and phase with the ma-
chine they require and the time that processing each of these execu-
tion take, then multiplying this operation time by the quantity pro-
duced. The resulting data frame, for each decision variable, would
have access to: the total operating time required to produce a cer-
tain quantity of the given part number, for the given order, using
the given cycle and phase, for the given machine, at the given day.
This is presented in table [3], what follows can be obtained from it.

Production Schedule

The primary output is a detailed production schedule that speci-
fies the number of parts to be produced for each order, part number,
cycle, phase and day. This schedule is derived directly from the val-
ues of the decision variables obtained from the optimization process.
This output can be visualized as a Pandas data frame or exported in
Excel to maintain alignment of the current practices of the company
and not disrupt the workflow.
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Index Order Day Machine PN Cycle Phase Q TpO TOT

0 1 1 1 1 1 1 28 31 868
1 1 1 2 1 1 2 28 0.65 18.2
2 1 1 3 1 2 1 0 28 0
3 1 1 2 1 2 2 0 0.65 0
4 1 1 1 1 1 1 28 31 868
5 1 1 2 1 1 2 28 0.65 18.2
6 1 1 3 1 2 1 0 28 0
27565 229 30 2 156 336 4 0 1.6 0

Table 3: Augmented schedule: Q is the quantity produced by the index decision variable, TpO
is the time required by the operation (it takes into account the machine OEE) that depends on
Cycle and Phase, and it’s multiplied by Q to obtain the total operating time (TOT). The latter
is the actual processing time that the index decision variable scheduled. All time values are in
minutes.

Machines Utilization

The machines utilization can be derived by analyzing the produc-
tion schedule, figures 1 and 2. This will help identify bottlenecks
and imbalances within the production system, figure 3.

Total Time Spent per Machine

DRPOPGADD S ODN QAN V PN DO PD RPN DYDY D0 C D
Machine
Figure 1: The stacked bar chart shows the total operating time per machine during the entire
month, with operational time in black drawn on top of its free time in gray. Machines are sorted
in descending order based on operational time.
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Figure 2: This heatmap shows the operating time per machine every day, with darker shades
indicating higher usage. The X-axis represents days, the Y-axis represents machines and the
color bar indicates time in hours.

Order Completion Times

The model returns to the user all orders’ completion times based

on the produced schedule, useful for assessing tardiness and meeting
deadlines.
Taking order 42 as an example, accessing the orders_dict is possible
to see its specifications: it requires a quantity of 144 of part number
37 by the 29th of the month, so, filtering the table by order 42 and
considering only rows with a quantity produced greater than zero,
it’s possible to access all information about how the order has been
scheduled, such as on which machine it’s going to be processed and
its the completion date.

Shift Plan

The model can provide a shift plan, by analyzing the production
schedule, indicating how many shifts are needed to fulfill the planned
production. This information can be used to ensure the proposed
schedule is feasible with the available shifts.

Let us take machine 25 as an example since from figure 1 it is known
to be the one with the most operating time: it operates for 477 hours
a month, almost 20 days.
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15.1 Model Limitations
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Figure 3: The boxplot shows the distribution of operation times for different machines, with
some machines having significantly higher median times and variability, while others operate
consistently faster or on operations that require less time, with outliers indicating occasional
long operations.

Figure 4 shows the machine, where it is possible to see that the
machine during the month works on eleven different tasks for almost
sixteen hours every day.

15.1 Model Limitations

The main model limitation is due to the fact that at the current
state, assigning tasks at any given day only considering the total
operating time that a machine can process that day, is not enough
to ensure the feasibility of the schedule, in fact that doesn’t account
for the order of the scheduled tasks. Considering the precedent con-
straint ensures that in subsequent days all processes have the re-
quired materials to be executed, but in a single day that constraint
may doesn’t hold, meaning that from the current schedule in the
real-world multiple tasks may result assigned to the same machine
at the same time.

To overcome this issue, a finer, more granular scheduling approach
may be required. For example, conducting the schedule at an hourly

96



e, Universita
‘g7 Ca'Foscari
“owe Venezia

16

Nrarel% 5 d[o] Al — YalXimeYe iy
o KRS B A 2 6
X P ql° L] pgpd|o]pd B
><>< olp o T o{popq(o N
2y b dlo bdpdlo|pg PIE
2o KN o b o i o{holpal<] (4 Da
= >< P qlo (L] el PdPq|O o
2 10 o N o dlo i Yeloxiry 'g
f: r*i Joc oO [ ?C OO%C <0
£ * ot MM o1h0bd %
2 Ao Pdlo ([ bdpdjo 3k 4
o X A * olpo [ o{bapd N
© k% b d|o bdpbdlo o
[ H— —H

s ¢ ><>< t*i :oc °o (T Tl )Oc [)039c <o
A [ olp o 1 (X Xe]oXe N
4 kA b d|o e 90+ bdpbdlo o
% ok o) HEL 14 Yo [sYIS <
P g o . olp dq
X o | —1popd N
2 k% b d . 4l bdlo o
X A o | —polpd N
0 N\A L‘ ;nc ___". .._ —OA'\or —’:}

1 2 3 4 5 6 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

Day

Figure 4: The stacked bar chart shows the amount of working time of machine 25 for every day
of the month, with days on the x-axis and working time in hours on the y-axis. Different orders
are distinguished by hatch patterns.

level instead of a daily one. However, this will significantly increase
the time required to generate and solve the model.

If this is still not sufficient, a more complex model may be neces-
sary, moving beyond linearity and introducing a variable to order all
operations. As explained in the first part of the thesis, various tech-
niques can be implemented to solve the new model. For instance,
a local search algorithm could be used to refine the order of tasks
by starting from the schedule of the presented model and evaluating
neighboring solutions.

16 Conclusion & Future Work

Project RefAlne is still in its early stages, future integrations re-
gard the industrialization of the procedures and a further alignment
of the model with the current technologies of the company. Most
importantly, the limitations discussed in the previous section must
be addressed and new constraints integrated for the model to resem-
ble the real-world scenario. New metrics can be implemented in the
objective function and simulations can be produced to analyze dif-
ferent KPIs such as the idle time of machines, or how long a resource
remains unused in the inventory of the company.
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On this latter point, the greater innovation that Project RefAlne
brings to the company is in fact, not the sole scheduling tool, but
its integration with metrics and KPIs. The model and its produced
schedule serve as a means to simulate and therefore analyze in a
very convenient time and easy way any possible scenario, to provide
quick adjustments in the production workflow reacting to an unseen
event, such as the sudden malfunction of a machine and in that case
re-balance the workload of all the machines, without disrupting the
production. These responsive adjustments are going to enhance the
client-first politic of the company, offering a better and very agile
service to the customer.

The scheduling aspect of the model is going to help automate a

daily process that at the moment takes at least 30 minutes of work to
at least two specialized employees. This time is going to be reduced
to about 6-7 minutes a day. Furthermore, this produced schedule is
rarely optimal, since its computation isn’t optimized and is some-
what done by guesswork lead by experience, rather than through
precise measurements or automation; in fact, it’s also partial, since
it is currently only possible for short terms, while the model is ca-
pable of producing an optimized one over longer time windows and
in a highly responsive manner.
The simulation aspect instead, is going to analyze the factory and,
through what-if scenarios, predict and detect issues and then present
them to the user so that it can act to solve them. Such issues may be
potential bottlenecks that can be resolved by acquiring a new tool,
unlocking the opportunity of putting in parallel multiple machines,
reducing the tardiness of operations. Simulations can be helpful
to test a new configuration of the machines around the factory, to
test the workflow when deciding to prioritize an order over another,
identifying potential raw material shortages, and much more.

Based on the company’s market analysis, no system exists like the
one presented: a system that not only meets all the constraints and
perfectly aligns with their needs and themes but also addresses the
requirements of many other companies in the manufacturing sector.
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Currently, OR is applicable to any administrative process of a
company and, thanks to it, the planning, organization, direction and
control of all its processes and activities are facilitated. Moreover,
over the years its application has been recognized and developed
in different areas of possible use: operations research methods are
now increasingly used in many other fields such as social sciences,
biological sciences, environmental sciences and others as they offer
a series of advantages that improve the operations and success of a
company.

First reviewing the theoretical principles and then with the prac-
tical case study of Project RefAlne, the thesis has demonstrates how
OR is indispensable to solve the challenges that a firm may face, fur-
thermore giving the opportunity of enhancing its decision-making
capabilities, efficiency and adaptability. By developing a mathemat-
ical programming model that integrates the data of the company, the
project automates the creation of the production scheduling while
adhering to the constraints imposed by the company such as machine
capacities, multi-phase workflows and order due dates.

Today more than ever, OR is a tool available to everyone and
is indispensable for organizations that want to solve complex real-
world problems and be competitive in the market.

This thesis reaffirms OR’s enduring relevance in an era of techno-
logical advancement and industrial complexity. By tracing the his-
torical insights with modern computational tools, it offers a blueprint
for leveraging OR to drive innovation, efficiency and resilience in
production systems. Project RefAlne stands as a proof to OR’s po-
tential, encouraging more firms to take a step toward the application
of artificial intelligence and autonomous integration.
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