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Optimisation in Discrete-Event simulation models
Identifying potential use-cases and impacts of using optimisation in Discrete-event
simulation
Erik Forne Admarker, Herman Västsäter
Department of Industrial and Materials Science
Chalmers University of Technology

Abstract
Discrete-event simulation is a tool used to simulate and analyse complex real-world
systems. As a system gets more complex the number of parameter variations can
increase, making it difficult for the user to accurately predict an optimal solution.
Optimisation methods are mathematical algorithms that are specialised in finding
optimal solutions for a given problem. A combination of discrete-event simulation
and optimisation methods could result in a more efficient problem-solving process
which has the possibility of providing more optimal solutions. This thesis uses a case
study methodology that includes a literature study and a qualitative study to assess
the possibilities of using optimisation tools in a simulation setting in an organisation.
Optimisation tools in discrete-event simulation software exists in several available
software and all of the ones studied in this thesis utilise evolutionary algorithms for
optimisation calculations. This thesis handles the importance of finding the right
use-case for the implementation of simulation optimisation in a project. A decision
tree was created to help users navigate questions one could ask themselves when
deciding whether optimisation is suitable in their projects or not.

Keywords: discrete-event simulation, optimisation, simulation, evolutionary algo-
rithm, simulated annealing, logistic simulation
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1
Introduction

This chapter presents the background to the research topic, in addition to purpose,
research questions, delimitation, background of AFRY and ethical considerations.

1.1 Background
Simulation tools, such as discrete-event simulation (DES), have been used to model,
simulate, and analyse systems since the 1950s [1]. DES provides a representation
of a real-world system, by simulating the dynamics on an event-by-event basis, for
which it generates a performance report [2]. This method of simulation focuses on
analysing the duration that entities spend navigating through a series of specific
events within a system, and is commonly used for logistic modelling and queuing
problems [3]. DES is one of the most powerful tools for designing, planning, and im-
proving material flows [4], and is ranked as one of the best decision support tools [5].

Optimisation models are mathematical representations of decision-making challenges,
offering solutions that aim to identify the most optimal decision based on the defined
objective function and the specific constraints [6]. These models serve as valuable
aids in information systems, assisting decision-makers, and also play a crucial role
as analytical instruments for enhancing the design of information systems [7].

Various complex real-world systems, e.g production systems, can effectively be mod-
elled using discrete-event simulations. Simulation using DES typically involves find-
ing the best configurations and utilisation of resources such as machinery, buffers,
and scheduling [2]. DES models can, to some extent, be used to optimise processes
by experimenting with various parameter inputs. However, as the number of poten-
tial solutions grows, it becomes impractical to test all combinations. In such cases,
optimisation methods can offer a more effective solution. By optimising simulation
models, companies can identify improvements for a factory and supply chain before
committing to an investment.

Discrete-event simulation can be used as a test bed for testing potential solutions for
production systems or logistic systems. The simulation model outputs a simulated
result answering how the simulated scenario would play out [1]. In an optimisation
model, the user specifies all parameters and conditions and returns the most optimal
solution. An example of a possible combination of these two models could let the user
build a DES model and an optimisation model with all parameters and conditions.
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1. Introduction

The optimisation model could output solutions for the simulation model, which runs
until it encounters a decision that can be supported by optimisation, at which point
the simulation model could output all available information which is sent back to
the optimisation model. The optimisation model could take the new information
from the simulation model and creates new solutions for the simulation model and
the process is repeated until the optimal solution is found [8].

1.2 AFRY

AFRY, formerly known as ÅF & Pöyry, is a global company with offices in over 40
countries and over 19,000 employees. The company holds a leading position as a
market leader within the European engineering, advisory services, and design sector.
In 2021, the company’s net sales were approximately 24 billion SEK [9]. The major
divisions of AFRY, which are Energy, Industrial & Digital Solutions, Infrastructure,
Management Consulting, and Process Industries cover a broad range of industries
which makes them a constant presence in engineering projects [9]. AFRY has ex-
pressed interest in investigating potential areas where simulation optimisation is of
use, and potentially develop methods for optimising a simulation model. Due to
time constraints and other commitments, AFRY cannot justify assigning full-time
engineers to such a project. This thesis will be conducted mainly on-site at their
largest office in Gothenburg within the Supply Chain Management department.

1.3 Purpose
The purpose of this thesis is to further explore and investigate the application of a
combination of simulation and optimisation techniques in the context of discrete-
event simulation models for various complex real-world systems. The primary ob-
jective is to identify potential areas where a combination of simulation and opti-
misation can be effectively employed to support strategic business decisions within
production and intralogistic systems. By combining optimisation techniques with
simulation models, the authors aim to provide a step forward in the field of DES.

1.4 Research gaps
While it was found during literature study that there have been implementation of
optimisation in discrete-event simulation, and the subject at hand has been studied,
the authors believe that their is a shortage of decision support tools that assist the
users in the implementation of simulation optimisation. The authors also find a
research gap in seeing where and when it is useful to use simulation optimisation
in industry. The aim is to further bridge this gap and provide insight for industries
that search to venture into simulation optimisation.
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1. Introduction

1.5 Research questions
The following are the stated research questions for this thesis.

• (RQ 1) What optimisation methods are used in DES and what are the potential
impacts of combining them with DES?

• (RQ 2) What are the criteria for a DES case to qualify for optimisation?

1.6 Delimitations
DES is the only simulation method that is considered in this thesis due to the fact
that the simulation team at AFRY Gothenburg primarily works with discrete-event
simulation and that it is widely used across many industries. Restricting the thesis
to only DES is beneficial because of the extensive data library and competence that
AFRY can offer. This thesis will focus on the simulation of manufacturing systems
and intralogistics systems due to it being the main focus of the simulation team at
AFRY Gothenburg.

1.7 Ethical considerations
During all interviews, both internal and external stakeholders, the authors have been
thorough to ask each interviewee if they consent with being recorded for transcribing
purposes. The transcriptions are solely for data analysis and all interviewees are to
remain anonymous throughout the entire thesis. The authors have been careful with
wording and formulating questions in a non-leading way in order to stay unbiased
in the qualitative portion of the thesis. The authors possess prior knowledge in the
subject of discrete-event simulation gained during their studies, this knowledge was
beneficial when understanding certain subjects but that did not affect the results
nor the direction of this thesis.
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2
Theory

This chapter presents information regarding DES and optimisation methods with
relevant literature and theories to establish a foundation and understanding of the
different topics of this thesis. This chapter forms the theoretical basis of this thesis.

2.1 Discrete-event simulation
Discrete-event simulation serves as a valuable tool for modelling various systems,
with a primary focus on queuing systems. In this modelling approach, a system is
depicted as entities progressing from one activity, effectively represented as a time
delay, to another activity, with queues separating these activities. Queues arise when
entities arrive at a pace faster than they can be processed in the subsequent activ-
ity [1]. The concept of DES can be applied to a broad range of systems, whether
involving people, physical items or information, it can be conceptualised as queuing
systems, with entities moving through the system [10]. As a result of this, DES
finds widespread utility across a multitude of organisations and industries [11].

In contexts such as production and supply chain management, discrete-event sim-
ulation plays a crucial role in optimising various aspects. It helps enhance produc-
tion processes, manage inventory effectively, and streamline logistics by simulating
workflows, production lines, and distribution networks [11]. The primary goal is to
identify bottlenecks, enhance resource utilisation, and minimise delays, ultimately
leading to more efficient operations [2].

According to [11], a typical simulation using discrete-event simulation looks as fol-
lows; a simulation clock stores and presents the time spent in simulation, this clock
moves forward in discrete intervals of varying sizes throughout the run. At a discrete
event within the simulation, the clock halts and all the actions within the model is
taken at this specific point in time, when this is done the simulation clock advances
to the next discrete event where the applicable actions are taken. A run of a DES
model can thus be split into two major parts within a loop, "simulate all actions
required at the current simulated time", and "proceed the simulated clock to the
next required action" [11].

The stochastic nature of a DES model is both beneficial and disadvantageous, since
the results of a simulation can vary substantially from one run to the other. This
creates the need to run the simulation numerous times in order to achieve an un-
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2. Theory

derstanding of an accurate result. The variations in results when simulating the
same model can be referred to as stochastic noise. While this uses more time and
computing power it also corresponds to a real-world scenario, where outputs and
efficiencies cannot be guaranteed and always contains some level of uncertainty [12].

It is vital to make the distinction between a continuous system and a system that can
be considered to be discrete. While no real-world system can be accurately labelled
as solely continuous or discrete it is still possible to separate the two systems, this
is due to a majority of systems having tendencies towards one of the two [13]. A
continuous system is a system where the state variable(s) fluctuate continuously
over time, a common example of this is the water head of a lake. During a period
of rain the water level of the lake raises continuously and through evaporation and
outlets the water levels will continuously decrease to the normal level again. See
Figure 2.1a for a visual representation. A discrete system, on the other hand, is a
system where the variable(s) only changes at discrete events in time, which a queuing
system represents. An example of this may be a number of people are waiting in
line to a restaurant. The number of people in lines changes when someone enters
or exits the line whilst the variable remains unchanged during the time in between
[14], see Figure 2.1b for a visual representation. With this distinction made, the
systems studied in this thesis will be discrete systems.

(a) Example of a continuous system (b) Example of a discrete system

Figure 2.1: Examples of continuous and discrete systems [14]

2.2 Optimisation methods
There are different optimisation methods that use optimisation models in order to
provide a systematic approach to tackling decision problems by representing them
mathematically. They are used across various domains to find the best solution from
a set of given parameters. These models typically involve defining an objective func-
tion to be maximised or minimised, along with constraints that must be satisfied
[7]. Optimisation techniques, such as linear programming, integer programming,
and dynamic programming, are applied to solve these models and identify optimal
decisions. The information provided by optimisation models can inform strategic
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2. Theory

planning, resource allocation, and process improvement efforts within organisation,
making them invaluable tools for decision support and system design [15].

Utilising optimisation is resource demanding, no matter which method is used. Less
complex systems with fewer variables and parameters require less computing power.
As soon as a system becomes more complicated with more parameters and variables,
the complexity increases rapidly along with the difficulty, demand of computing
power, and cost of the optimisation [16]. In cases where real-world systems get sub-
stantially complex, utilising optimisation methods could be too resource demanding
and yield an increase in cost that is not justifiable [16][17].

Optimisation methods can be split into two groups, global optimisation algorithms
(GOA) and local optimisation algorithms (LOA). A system optimised using LOA
tends to converge towards the first optima that is encountered, this could be a
local optima resulting in the algorithm being satisfied with a solution that might
not be the optimal. LOA tends to have difficulties solving discrete optimisation
problems [16]. Discrete optimisation is decision making based on integers or binary
parameters, where there are distinct alternatives. An example of this may be to do a
task, or to not do a task, alternatively to turn right, or not to turn right [18]. While
a system optimised with GOA cannot guarantee that a global optima is found, it
is less inclined to converge towards a local optima. Global optimisation algorithms
are considered to be more powerful than local optimisation algorithms since LOA
experiences issues when solving optimisation problems with integer and/or discrete
variables. Finding a local optima is not necessarily a bad result and is still considered
as optimisation of a system but GOA provides a larger chance of finding a more
optimal result [16].

2.2.1 Stochastic algorithms
Using stochastic algorithms is a common technique to solve global optimisation prob-
lems due to these algorithms being flexible and robust [19]. Stochastic algorithms
cover optimisation methodologies that incorporate the generation and utilisation of
random variables. Within the domain of stochastic problems, these random vari-
ables are integral components of the optimisation problem formulation, manifesting
as either random objective functions or random constraints. Additionally, stochastic
algorithms comprise techniques where random iterates are employed [20].

Evolutionary Algorithms (EA), a type of stochastic algorithm, have a background in
biological evolution based on Charles Darwin’s theory around ’survival of the fittest’
[21]. The shared foundation among evolutionary algorithms lies in the premise that
within a population inhabiting an environment characterised by finite resources,
competition for these resources take place, thereby precipitating the mechanism of
natural selection favouring individuals best adapted for their surroundings, i.e. sur-
vival of the fittest [22].

EA are conceptually rooted in biological evolution, drawing inspiration from mech-
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2. Theory

anisms as reproduction, mutation, recombination, and selection. Initially, a ran-
domised set of candidate solutions, representing elements within the function do-
main, is generated with the objective of maximising a quality function [21]. Subse-
quently, this quality function, typically formulated as an abstract fitness function,
is applied within the problem domain. Through a process similar to natural selec-
tion, superior candidates are identified based on their fitness, utilising recombina-
tion and/or mutation techniques. Recombination, facilitated by binary operators,
involves the fusion of genetic material from two or more selected candidates, or
parents, to produce one or more new candidates, or children. Mutations instead
operates on a single candidate, generating a singular offspring. Following a recombi-
nation or mutation, a new set of candidates is formed, guided by their fitness values.
This iterative procedure persists until a sufficiently optimal candidate is obtained
[19].

An additional popular stochastic algorithm is the simulated annealing algorithm
(SA). SA, similar to the evolutionary algorithm, has its roots in nature and is based
on the theory behind the annealing process of ideal crystals in thermodynamics [23].
The annealing process of metal is a stochastic activity due to the chaotic behaviour
of molecular movements caused by swift or prolonged cooling [24]. The algorithm
achieves this stochasticity through the acceptance of inferior solutions throughout
the process. This acceptance enables the algorithm to break away from a local
optima [25]. SA was the first algorithm method to adopt this type of behaviour of
allowing inferior solutions and paved the road for other similar algorithms such as
tabu search [23].

2.2.2 Deterministic algorithms
Deterministic methods leverage the inherent analytical characteristics of a problem
to iteratively generate a sequence of points, aiming to converge to wards a global
optima. While heuristic methods offer greater flexibility and efficiency compared
to the deterministic approaches, they do not ensure the quality of the solution ob-
tained. Furthermore, as the complexity of the problem increases, the likelihood of
identifying the global solution diminishes. Deterministic techniques such as linear
programming and non-linear programming offer versatile tools for addressing opti-
misation problems, aiding in achieving a global or approximate global optima [26].

Non-Linear programming is considered the "jack of all trades" of optimisation mod-
els [27]. Many problems that arise in the world does not necessarily have linear
solutions, twice as many workers does not always result in twice the efficiency [27].
Non-linear programming requires a lot of computing power and is often very hard to
solve compared to its linear counterpart [28]. Non-linear programming suffers from
the same dilemma brought up with local optimisations methods where, if a solution
is found it could be a local optima or even a stationary point [29]. Most non-linear
programming is based around Newton’s method by approximating the non-linear
problem linearly to get an estimation of an optima. This process is repeated until a
satisfied result is found [28].

8



2. Theory

Linear programming was first brought around in the late 1940s [30] shortly after the
second world war. Along with the fast development of computers since this time
this technique has rapidly evolved. Linear programming offers the capability to state
general objectives and devise a strategic road map for making the optimal decision
when faced with real-world scenarios. It is able to formulate complex problems
into precise mathematical models, use algorithms to solve these models and utilise
computational resources in order to obtain a set goal in the best, or close to best,
possible way [31]. Linear programming is closely related to linear algebra with one
of the main differences being that linear programming primarily uses inequalities
rather than equalities that is often used in linear algebra [32].

Linear programming operates through a systematic mathematical framework de-
signed to optimise a given objective function to a set of linear constraints. The pro-
cess of solving a linear programming problem typically starts with the formulation
of said objective function, which represents the quantity to be optimised [32]. The
constraints are established to reflect the limitations or requirements of the problem
and are expressed in terms of the decision variables, i.e. the variables that represent
its contribution to the objective. Once the objective function and constraints are
defined, the next step involves the utilisation of a optimisation algorithm to identify
the optimal solution to the problem [33]. These algorithms systematically explore
the feasible region defined by the constraints to connect the optimal values of the
decision variables that either maximise or minimise the objective function while sat-
isfying all constraints. Figure 2.2 shows an example of how a feasible region may
look. The coloured area is the region that is defined by the constraints, and the
intersections between lines represent possible solutions to the problem [34].

Figure 2.2: Visualisation of an example of a linear programming problem

Linear programming is useful when working with continuous problems and solutions,
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2. Theory

however, when working with discrete variables one can utilise integer programming
instead. In certain contexts, it is necessary for variables to be discrete or integer
[35]. Such contexts may arise in engineering problems where a design variable is
discrete if its value must be chosen from a finite set of predetermined values, such as
standardised measurements. In some cases, the variables needs to be integers, such
as the amount of bolts needed in an assembly, or capacity in a buffer, these can be
solved with integer programming [36]. Figure 2.3 illustrates an integer programming
problem with the possible solutions marked with green circles. The number of pos-
sible solutions drastically decreases in comparison to a similar linear programming
problem, this does however not mean that integer programming problems are easier
or faster to solve. This is due to the fact that integer programming adds new con-
straints where the result is required to be integer or discrete, leading to the solution
demanding more computing power and time [35][37].

Figure 2.3: Visualisation of an example of an integer programming problem

2.3 Simulation optimisation
Throughout at least the last two decades the combination of simulation and optimi-
sation has been a re-occurring subject during the Winter Simulation Conference[38]
and a numerous of different articles and researchers share their opinions, thoughts
and progress in simulation optimisation. These studies and articles presents a vary-
ing degree of theoretical and practical implementation. Brief summaries of how
some of these implementations were made will be provided in this section.

Simulation optimisation was tested in a real-world scenario and studied the Viennese
subway system. The aim of the study was to optimise the time interval between
trains for the subway network, optimising on the minimising of costs as well as min-
imising the average wait time for each passenger [39]. This study used a discrete-

10



2. Theory

event simulation approach with the use of various evolutionary algorithms, of which
”covariance matrix adaptation evolution strategy Covariance Matrix Adaptation
Evolution Strategy (CMA-ES) performed the best and provided a demonstration of
the practical applicability of evolutionary algorithm approaches [39].

Another example of where optimisation was implemented in a simulation was when
simulating a real-world scenario in the aerospace industry. In this case, the main
objective was to ramp-up profiles of the assembly lines in order to secure on-time
deliveries, balance requirements of the workforce, and to minimise buffer times [40].
To address the challenge at hand, the authors of the paper developed an approach of
the hybrid variant, that integrated DES in FACTS Analyzer with mixed-integer lin-
ear programming and multi-objective optimisation. In this case, a Non-Dominated
Sorting Genetic Algorithm (NSGA-II) algorithm was used in the optimisation pro-
cess [40]. The simulation model created included parameters such as buffer usage,
lead times, production rates, and workforce requirements that were used to gen-
erate reports that would support the decision-making process at later stages [40].
The model that was created in this project succeeded to minimise the time that the
assemblies waited in buffers, which led to well-managed assembly lines and timely
deliveries.

The combination of simulation and optimisation was also tried in a case of an auto-
motive manufacturing workshop. In this instance, the main focus of the project was
to optimise the production logistics using the DES software FlexSim with an unspec-
ified optimisation algorithm. This study used Petri net modelling [41] to analyse the
discrete-event system created in FlexSim. The authors in this study describe how
they aimed to set a rational tact time for which the production line should operate,
where the goals included minimising idle times, avoiding bottlenecks, and balancing
workloads across work stations [42]. According to the authors, the impact of using
optimisation in this project was significant, as the tact time was able to be reduced
from three and a half minutes to one minute and forty-five seconds. The authors
also stated that the workload of each station became more balanced, leading to a
more efficient production flow [42].

There has also been applications of simulation optimisation in iron production,
where a company needs to maintain a large amount of inventory of conveyors in
the case of needing to make prompt replacements. Maintaining this large stock of
conveyors can be costly and thus the implementation of simulation optimisation was
tested in order to minimise the required inventory [43]. With the help of historical
data a simulation model was created to replicate the failures over a long period of
time, Mixed Integer Programming (MIP) was then formulated and developed to op-
timise the minimisation of downtime [43]. By leveraging the verified historical data,
simulation modelling and optimisation algorithms this implementation of simulation
optimisation managed to optimise inventory profile and decrease of cost, find a risk-
reward balance and provide a decision support tool for the future of the company
[43].
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In an article by Henderson and Jing from 2015 [44], a case is discussed regarding
optimising a bike-sharing system in New York City with the help of simulation op-
timisation. The primary goal was to determine how to position bikes across the
various stations in preparations for the increased demand during mornings, in order
to minimise any customer inconvenience. The authors describe how the arrival and
departure of bikes were modelled using Poisson processes [45]. In this case, the
optimisation algorithms of choice was Sample-Average Approximation and Random
Search, where Sample-Average Approximation use a set sample size to estimate the
objective function for the given problem and applies an unspecified deterministic
optimisation algorithm to minimise the sample-average function [44][46]. The Ran-
dom Search methods iteratively evaluate any potential solutions and select the best
performing ones. The authors claim that the impact of applying these optimisation
methods is of importance and that in this case, starting with intuitive solutions such
as half-filling stations and refining those solutions using optimisation tools led to the
optimal allocation of resources [44].

Discrete-event simulation is often used in the healthcare industry and there have
been implementations made of simulation optimisation as well. One article from the
Winter Simulation Conference in 2015 written by Tarun Mohan Lal, et al [47]. dis-
cusses how simulation optimisation can address complex decision-making problems
in the field of healthcare. The rising costs and need for efficiency in the healthcare
industry has created a high demand for new decision-support tools, in this article
MIP is implemented into a DES model developed based on real hospital data in
order to optimise personnel schedules and managed to minimise the previous errors
between patient load and scheduled personnel [47]. This study managed to success-
fully integrate simulation optimisation into the healthcare industry based on verified
data, paving the way for similar project to take place.

Looking past discrete-event simulation, there has been practical implementations of
simulation optimisation through the use of EPANET hydraulic simulation toolkit
targeting pump operations within the distribution network of water [48]. This study
implemented a multi-threaded simulation optimisation platform created using C++
that employed three different types of optimisation algorithms, Particle Swarm Op-
timisation (PSO), Hookes-Jeeves Pattern Search (HJ), and Genetic Algorithm (GA)
[48]. This platform was tested in a real-world scenario in a portable water distribu-
tion system in southern California, where the optimisation methods were compared
in efficiency of reducing water pump energy usage [48]. In this scenario, with the
EPANET hydraulic simulation toolkit, PSO was found to be the most appropriate
and effective optimisation approach [48].

In a more theoretical setting, the combination of DES and optimisation has been
tested on randomly generated instances of the Server Allocation Problem [49]. In
this article, the problem is in regards to determining the optimal number of par-
allel servers to allocate at every stage of a system in order to make sure that the
average time customers spend in the system is below a set target threshold, while
still managing to minimise the overall server cost [49]. The authors describe how
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the selected optimisation algorithm was a simulation-based Benders Decomposition
method, which is an adaptation of the traditional Benders Decomposition approach
[50]. In the method used, instead of solving mathematical programming problems to
generate cuts like in the traditional method, the cuts are derived using information
gotten directly from the sample path of the simulation. The results presented in the
article demonstrated that the effectiveness of the approach used reduced computa-
tional requirements and improved the solution quality [49].

Despite what was found through the Winter Simulation Conference database, the
authors believe that there are still things missing. The two major research gaps,
presented in Section 1.4, remain to be studied in this thesis.
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3
Methods

The methodology used in this thesis was a case study [51]. The case study includes
a triangulation of methods such as a literature study, and a qualitative study. The
qualitative study included interviews with internal, as well as external stakeholders.
Secondary data was also collected as part of the qualitative study. This was done to
gather information from various sources and for the ability to verify and complement
data from literature with data from the qualitative study and vice versa. More
specific information about each of these is found in their respective sections below.

3.1 Literature study
The literature study in this thesis aims to examine the current state of knowledge
regarding DES models, optimisation techniques, and whether the combination of
the two is feasible in order to potentially find solutions to queries that a simula-
tion engineer might not have detected. The objective of the study is to provide a
comprehensive review of the available literature on the feasibility, performance, and
impact on efficiency on discrete-event simulation. In order to find the best suited
literature for this project, a combination of relatively new and old literature will be
used. The older literature is relevant since the concept of discrete-event simulation
has largely remained the same since the 1990s with recent changes mainly revolving
around visual improvements and calculation speeds [1][52]. These forms of changes
do not impact the foundation of how DES functions and thus does not affect this
thesis. The scientific databases used for gathering literature are listed below.

• Scopus
• Web of Science
• Google Scholar
• ScienceDirect

To find the most relevant publications for this thesis, the following keywords were
used across all databases listed above: discrete-event simulation, DES, simulation,
optimisation, simulation optimisation, simulation methods, optimisation methods,
production systems, logistic systems, logistic modelling, simulation techniques, op-
timisation techniques, DES optimisation. To determine whether the articles were
relevant to this thesis, the authors read the abstract, introduction, and conclusion
of the information source.
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To get further understanding in when optimisation and simulation has been used
in combination and conjunction, a complementary literature study was conducted
that focused on the article database from the winter simulation conference. Similar
keywords were used from the previous literature study and the same strategy for
finding relevant articles was used. This literature study only considered articles
dated from 2004 and onwards.

3.2 Qualitative study
A qualitative study will be conducted in order to gather useful data from both inter-
nal and external stakeholders within the studied field. Internal stakeholders refers
to people working at AFRY Gothenburg and external stakeholders refers to experts
in the DES field or academics studying the subject. The aim of this study is to
ask questions to people working or researching in this field to learn more about the
many techniques, methods, and opportunities that are available in order to obtain
a comprehensive understanding of the subject at hand as well as help answer the
research questions stated in Section 1.5. The main focus of the qualitative study
is to act as a complement to the literature study, but can also be used to provide
information that cannot be found in the literature study.

The interviews with the internal stakeholders will be separate from the interviews
with the external stakeholders. The internal stakeholders are directly impacted of
the results of this thesis. These interviews are held in order to get a broader pic-
ture of the current situation at AFRY regarding optimisation using DES and their
current processes, methods, and tools. The external stakeholders involve people
working for developers of DES softwares, academics within the field of DES and op-
timisation, and other people with experience and knowledge within simulation. For
the interviews with the internal stakeholders, the questions were designed to get a
deeper understanding of the current level of knowledge within DES and optimisation
at AFRY. These questions can be seen in Appendix A. Interviews with the external
stakeholders can provide information about, but not limited to, available optimisa-
tion tools within DES softwares, current research and state of the art of optimisation
tools and other companies’ knowledge in this field. These external stakeholders have
experience in, and frequently use Plant Simulation, AutoMod, and Facts Analyzer
as their DES software of choice and all have extensive knowledge within optimisation
in DES. The questions for the interviews with external stakeholders can be seen in
Appendix B.

Tables 3.1 and 3.2 presents brief profiles of the interviewees including their role
and their experience with DES. Table 3.1 presents the profiles for the five internal
interviewees and Table 3.2 presents the profiles of the three external interviewees.
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Role Experience within DES
Simulation specialist < 1 year
Simulation specialist 5.5 years
Consultant in simulation and production development 1 year
Simulation specialist 2 years
Team leader & simulation specialist 5 years

Table 3.1: Internal interview profiles

Role Experience within DES
Implementation consultant 5 years
Research and development engineer 7 years
Senior process engineer > 30 years

Table 3.2: External interview profiles

3.2.1 Data collection
This section describes some of the data collection during the qualitative study, which
includes the structured interviews form the internal stakeholder interviews and ex-
ternal stakeholder interviews as well as the unstructured interviews in forms of
discussions and conversations with employees of AFRY Gothenburg regarding prior
projects.

3.2.1.1 Structured interviews

To get an understanding why some of the questions was asked, the following section
aims to provide further explanation to some of the questions’ importance. This does
not include all the questions and is merely an extract from the full list of questions
found in Appendix A and B.

The question ”What proportion of your projects are improvement/optimisation projects,
e.g. improving the output of a factory?” was asked during the internal interviews
to achieve an understanding of the extent of projects that optimisation tools may
be suitable for. It is the authors’ understanding that utilising optimisation tools
may be more suitable on certain types of projects compared to others, e.g. increas-
ing the throughput in a factory compared to validating a production layout proposal.

”How do you arrive at potential solutions/improvements in your work?” was asked
to the internal stakeholders to get an idea of the workflow that the interviewee nor-
mally follows in their work process. This may help give an understanding to whether
the utilisation of optimisation tools would be a significant change in their workflow.

”What would it take for you/your team to start using optimisation in conjunction
with your simulation models?” was asked to the internal stakeholders to gain insight
of what is expected from the stakeholder regarding the use of optimisation tools in
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their work process.

The external stakeholders was asked, amongst other things, ”In what cases do you
consider it appropriate to use optimisation tools?” to identify the type(s) of projects
and/or queries where they believe it to be beneficial to utilise optimisation tools.
The answers to this question might strengthen the responses to the related ques-
tion, ”What proportion of your projects are improvement/optimisation projects, e.g.
improving the output of a factory?”, that will be asked to the internal stakeholders.

”Does the simulation engineer need to provide anything additional when building the
model to use the optimisation tool? Do you need to consider optimisation when
building the simulation model?” was asked to the external stakeholders in order to
comprehend whether the current workflow and processes of the simulation engineer
is subject to change when implementing the use of optimisation tools.

In order to gather a broad range of perspectives and insights relevant to the re-
search questions stated in Section 1.5, interviews were held with individuals with
expertise and experience relevant to the study. The interviewees selected represent
a range of backgrounds, including people from the industry, academics and technol-
ogy providers of DES software. The diverse perspective and experience can provide
insights that will strengthen the understanding of the subject.

3.2.1.2 Unstructured interviews

Throughout the entirety of the project the authors collected data in the form of un-
structured interviews with employees in the simulation team at AFRY Gothenburg
and access to data from prior simulation projects. The constant conversations and
data flow allowed the authors to get a deeper understanding in the field of DES
and optimisation, constant coaching and help from experts in these fields, as well as
insight into how project queries are commonly formulated.

The majority of the data collected from the this was aimed to become a foundation
for the decision tree that was later created. The data was collected through con-
versations with project leads for the respective project, the project leads presented
questions they asked themselves prior to starting said project, challenges with the
project and their own thoughts regarding whether or not they believe that optimi-
sation tools could have benefited them. The data collected was gathered in a larger
document containing several different projects, ranging in size and goal. The docu-
ment was then summarised and the questions the simulation engineer ask themselves
prior to starting a simulation project along with the challenges and outcomes of the
project then formed a basis of questions for the majority of the nodes on the decision
tree.
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3.2.2 Data analysis
Each interview was recorded with the permission of the interviewee in order to ease
the transcription process. After each interview the transcription process was started
immediately when the memory of the conversations was still fresh, AI transcription
tools were also used in order to speed up the process of transcribing [53][54], this was
however done under close supervision by the authors to ensure that no information
was lost or incorrect.

Oce all of the internal stakeholder interviews and transcription were completed, all
of the transcribed data from each interview was collected and placed in a large
combined document. Each question was listed and the answers from all of the in-
terviewees were sorted under the corresponding question. The different interview
answers were colour-coded in order to make sure they would not be mixed up.

Once this document was completed the data analysis process could begin, the au-
thors scanned through each question and searched for the identification of similarities
or differences in the answers between the different interviews and this was then sum-
marised at the end of each question. It was important to ensure that no information
was lost from the interviews and that each answer and viewpoint was taken into
account, in cases where the answers were divergent, there would instead be multiple
sets of summaries reflecting the different perspectives. This was then repeated for
all of the questions for the internal stakeholder interviews. This process was then
replicated for all of the external stakeholder interviews.

The summaries were then reviewed further and colour-coded once again for the dif-
ferent perspectives and point of views, this made it easier to look back to when
comparing the data from the internal stakeholder interviews with data from the
external stakeholder interviews, but it also facilitated the process of comparing and
complementing the literature study with the qualitative study.
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4
Results

The following chapter presents the results from the literature study and qualitative
study in sections of optimisation tools in DES software, the choice of optimisation
algorithm and finding the right use-case.

4.1 Optimisation tools in DES software
Results from the literature study showed that optimisation tools already exist in
multiple DES software including but not limited to, Plant Simulation, AutoMod
and FlexSim [55][56][57]. All of the mentioned software is currently in use by the
simulation team at AFRY Gothenburg. Beyond the built-in optimisation tools the
literature study also proved that it is possible to create customised optimisation
tools in external programs and bridge it to a DES model. This provides the user
much larger degrees of freedom in the sense of altering the algorithms in comparison
to the built-in tools offered in DES software. Although the user gains customisabil-
ity and more control over the algorithm and its functions, it is shown to be a much
more time consuming task compared to using the tools offered by the DES software
developers, along with a heightened required level of knowledge.

Literature pointed towards the use of several different algorithm methods in im-
plemented optimisation tools in DES software, such as random search, simulated
annealing, tabu search, and evolutionary algorithms. The articles found in the lit-
erature study comparing these algorithms all showed that evolutionary algorithms
and simulated annealing are the most suitable optimisation method for the DES
software studied further [58]. This was further strengthened by statements from the
external interviews conducted in the qualitative study.

Results from the qualitative study showed that the external stakeholders utilise the
built-in optimisation tools in their respective software with varying degree of regu-
larity. This shows that use-cases for optimisation can be found. External interviews
also showed that even though the use-cases for optimisation do exist, the majority of
projects are verification or validation projects where the client wishes to ensure that
their planned production functions as intended. This was in the internal interviews,
confirmed that a large portion of their projects were also verification or validation
of planned production systems.

During the interviews with the internal stakeholders, it was found that none of them
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have used or tried optimisation tools in conjunction with DES, whether those were
built-in tools or external, customised tools. Prior to this thesis, a majority of the
internal stakeholders were not aware that optimisation tools exist within the DES
software that they use. One interviewee had tried it during their studies, but would
not consider themselves to have any significant knowledge in the area.

According to the interviews with the external stakeholders, the difficulty of imple-
menting optimisation tools in a model depends on the DES software that is to be
used. From the interviews it is evident that AutoMod demands the user to keep
the optimisation in mind from the start when building the simulation model. In-
stead, Plant Simulation is more plug and play where the user does not have to keep
optimisation in mind when building the model. According to the interview with
the corresponding external stakeholder, this also results in the user being able to
use the built-in optimisation tools on older models with little or no modifications
needed when using Plant Simulation. The qualitative study also showed that the
same is true about Facts Analyzer, according to an interviewee with expertise in
this software, it is not necessary to keep optimisation in mind when the simula-
tion engineer first builds the DES model. No further information was found about
FlexSim regarding ease of use and potential preparations needed in order to utilise
optimisation tools.

One of the external stakeholders mentioned during their interview that Siemens has
a web-design software called Mendix, which allows the user to design the experi-
ments in the design tool and then run the trials server-side. Since the experimental
runs would not happen client-side, this software could greatly reduce the required
computing power, which can otherwise be a limiting factor in scenarios such as
these. The interviewee also stated opportunities of using artificial intelligence in
the software. Mendix is a low-code platform, meaning it required little to no cod-
ing knowledge which would lower the requirements on the user. Implementation
of this could allow purchasers of simulation models to run experiments and make
modifications to their system based on results from the platform.

4.2 The choice of optimisation algorithm
One of the main reasons as to why optimisation using EA scored so high in these
studies is due to its ability to escape local optima where other methods tend to get
stuck. Simulated annealing is another algorithm that is able to break loose from
local optima solutions and scores high in studies. The benefit of being able to es-
cape local optima is important in optimisation tools for DES, since the algorithm
can otherwise linger at solutions which the algorithm believes is the global optima.
Although evolutionary algorithms and simulated annealing specialises on not get-
ting stuck on local optima, they do not necessarily ensure that it reaches the global
optima either. They are however more likely approach the global optima in a more
efficient way than the other tested algorithms and methods in articles and cases
found in the literature study. They are both able to do this efficiently and with
relatively low computing power compared to other tested algorithms. In a majority
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of the cases, discovered in the literature study, the fact that these optimisation algo-
rithms does not guarantee a global optima localisation it can still provide a solution
that is considered to optimise the tested DES models.

Even though EA and SA, two global optimisation algorithms, perform well in this
article [59], the literature study found that, for no specific reason, it is more common
to use EA over SA when it comes to optimisation within DES [59]. SA, in several
studies [12][58], proved to be very efficient in the few cases where it was applied into
DES. One article in particular showed critique towards the fact that a majority of
studies showed favouritism towards EA over the similarly performing SA method
[59].

Interestingly, Plant Simulation, AutoMod, and FlexSim all use evolutionary algo-
rithms in their built-in optimisation tools which reinforces the applicability of us-
ing these types of optimisation methods within DES. Further, when exploring cus-
tomised optimisation tools it was found that EA was an equally popular method
in these scenarios [60]. As stated above, the customised optimisation tools provide
the user with a larger degree of freedom and can also help innovate and discover
new ways of improving optimisation within DES. Hybridisation of EA and SA is
discussed briefly in the same article [59] that criticised the lack of usage of SA in
integrated optimisation tools within DES. The article explains that a hybrid version
of EA and SA utilise evolutionary algorithms to generate preliminary process plans
and simulated annealing is then used to find alternative optimal or near optimal
process plans. This type of hybridisation was proven to be both more robust and
result in better optimisation results compared to using the two algorithms separately
[59].

According to all of the external stakeholders, the built-in optimisation tools are
rather generic and tends to be adequate in most cases that would benefit from op-
timisation. When the simulation engineer instead decides on bridging a customised
optimisation algorithm with a DES software for more specific types of problems
their shared opinion was that it will almost always outperform the built-in tools,
but it requires a great amount of extra time spent on both optimising as well as
preparatory work on creating the optimisation tool. This was further strengthened
by an article from the literature study that compared efficiency and result of built-in
tools with customised optimisation algorithms [60].

When asked what the reasoning may be behind all of the above mentioned DES
software using evolutionary algorithms, the external stakeholders responded simi-
larly. One of the interviewees stated that ”Evolutionary algorithms are rather easy
solutions in order to simulate several experiments, it works extra well when optimis-
ing something that has a large number of different parameters”.

”Evolutionary and genetic algorithms functions really well in the type of problems
that was faced during my research, these algorithms were the best performing when
solving these types of problems” was answered by another interviewee when asked
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the same question. The interviewee with the most experience in the area did not
necessarily know the reasoning behind the choice of using evolutionary algorithms in
lieu of other alternatives. One external stakeholder mentioned during their interview
that they have not, neither in their academic work nor professional career, compared
or investigated the differences and/or similarities between evolutionary algorithms
and other optimisation algorithms.

4.3 Finding the right use-case
The external stakeholders described during their interviews that one of the most
important steps in the optimisation process is to find the right use-case. Not all
problem types that tends to be solved with DES is necessarily something that can
benefit from the use of optimisation tools. Regarding the use of optimisation sys-
tems, an external stakeholder stated that ”Using optimisation tools is appropriate
when one aims to make improvements in their system, such as increase their pro-
duction, reach KPIs, reduce set-up times, or decrease lead-times”. Similar thoughts
were expressed during the interviews with the internal stakeholders, where the inter-
viewees speculated that utilising optimisation tools may be suitable for these kinds
of projects.

Through the qualitative study an external stakeholder stated that the most common
request from their customers is validation- and verification-type projects, where the
client has a prototype or an already planned system. The task for the simulation
engineer is to build a DES model to test and verify the concept from the customer.
In these cases there are usually not a lot of possibilities and time available to opti-
mise and change the systems foundations, nor is this the purpose of such projects.

Comparing this to the results from the internal stakeholder interviews it can be
seen that this is also the case for a large portion of projects at AFRY. ”There are
a lot of concept evaluation projects, where the customers wish to test and validate
their current system” and ”Normally the case is that the client is looking to verify
certain scenarios, i.e if the planned capacity is achievable with given parameters”.
As mentioned previously, these kinds of projects are not suitable nor would they
benefit from the implementation of optimisation tools, whether they are part of the
DES software or external, customised algorithms. In the experience of the internal
stakeholders, the client is oftentimes aware of their bottlenecks and their locations
and because of this they are more interested in finding answers to capacity ques-
tions. In the projects where the internal stakeholders do consider it appropriate to
use optimisation tools they are often constrained by time and have other priorities.

The proportion of projects where optimisation tools may be feasible differs among
the internal stakeholders. According to all but one of the internal stakeholders, a
very small portion of projects have queries and enough time that would allow them
to utilise optimisation tools to its full extent. However, one of the internal intervie-
wees stated that a large portion of their projects include room for the engineer to
give their input on improvement possibilities, these projects could possibly benefit

24



4. Results

from the implementation of optimisation.

During the interviews with the internal stakeholders, several interviewees mentioned
greenfield and brownfield projects. A greenfield project is when a new system is
being built and a brownfield project is a project on land that is already in use,
where there might be an existing system that is being modified. The interviewees
stated that during a greenfield project the client oftentimes have a plan for what
should be done and the layout and wish to verify that it will work as intended. In
greenfield projects the data is often limited and based on estimations which could
hinder the usage of optimisations due to the uncertainty of the results from the
data that is provided. This leads to greenfield projects often being classified as
verification- and validation projects. In a brownfield project, the client, and in turn
the simulation engineer, typically have access to a larger amount and more accurate
data. This allows for more precise models and predictions which is beneficial when
using optimisation tools. According to the internal interviews, greenfield projects
are currently more frequent than brownfield projects which might be a contributing
factor in these stakeholders not having tried the available optimisation tools.

4.4 Creation of decision tree
This section aims to explain how the results from mainly the qualitative study and
the secondary data collected helped formulate the components that make up the
decision tree. Each of the following subsections explain the origin of each corre-
sponding node in the decision tree.

4.4.1 ”Is the project aim to solely validate and/or verify a
system?”

This node was created from mainly interviews with internal and external stakehold-
ers. The external stakeholders explained that in cases where they have considered
using optimisation, this question is commonly raised as a proposed system, i.e where
the aim is to validate and/or verify, tend to not be well suited for optimisation. The
internal stakeholders stated that a project with an aim such as this seems to provide
the engineer with limited freedom, as many parameters may not be changed. These
points led to ”Is the project aim to solely validate and/or verify a system” being the
first question of the decision tree.

4.4.2 ”System design and input variables cannot be changed”
This node is not a question that the user should ask themselves, but rather a state-
ment and a reminder to the user that in the majority of cases where this node is
reached, the design of the system and the input variables cannot be changed. This
statement is not always true, but in a vast majority of cases, which is why it is
stated in decisive terms, to act as a strong reminder to the user. This statement
was formulated with information gathered from the interviews with both internal
and external stakeholders. Many of the interviewees stated that in cases like these,
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the engineer is quite limited in freedom as to what parameters may be changed. It
was also stated by stakeholders that in cases like these, optimisation can lose some
of its potential effectiveness.

4.4.3 ”Are there decisions in the system that can be sup-
ported by optimisation?”

This node was mainly formulated through conversations with employees of AFRY
Gothenburg. It was established that in some cases where the project aim is to
validate and/or verify a system, the engineer may change certain variables, which
leads to optimisation perhaps being more beneficial. In cases where this is not
possible, there may still be decisions that can be supported by optimisation which
can be found with some creativity from the engineer.

4.4.4 ”Is it reasonable to believe that the real-life system
will have optimisation?”

This question was formulated from external interviews. During interviews with the
stakeholders possessing experience and knowledge in optimisation, it was stated
by several of them how important it is to not design an optimised system that is
smarter than its real-world counterpart. The question ”Is it reasonable to believe that
the real-life system will have optimisation”, or slight variations of it, was raised by
stakeholders as an important question to ask in situations like these, as an optimised
system with a real-life counterpart without optimisation will have very different
outcomes and not function as intended.

4.4.5 ”Is it viable that optimisation can be implemented in
decision-making?”

This question was formulated by talking to internal stakeholders. A previous project
was brought up during a conversation about prior projects, with a rail with two
mounted machines which allowed them to move sideways on the rail. The project
aim was to verify whether the rail and the machines were sufficient for the ex-
pected workload. The manual problem solving process during this project led to
the optimal solution being that the machines had to switch places with each other,
which was impossible seeing as they were mounted on the same rail. This was then
formulated as the question ”Is it viable that optimisation can be implemented in
decision-making?”.

4.4.6 ”System design and input variables can be changed”
This node was created from both interviews and conversations with employees of
AFRY Gothenburg, and much like the first node on the left side, acts as a state-
ment and a reminder for the user. During both interviews and when studying past
projects, it was established that when the project aim is not solely to validate and/or
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verify a proposed system, the engineer can experience more freedom in regards to
changes that can be made to the system.

4.4.7 ”Is there a foundation of known data, such as run-
times or number of machines?”

This question was formulated from both external stakeholder interviews and con-
versing with employees of AFRY Gothenburg. The external stakeholders, who all
have experience with optimisation, stated that in cases when the user has a sig-
nificant amount of accurate and verifiable data, the optimisation has potential for
more accurate results. This was mirrored in the secondary data, where several prior
projects that provided access to large amounts of historical data had showed the
internal stakeholders potential for optimisation.

4.4.8 ”Are variables dependant on each other?”
The question in this node was formulated from internal and external stakeholder
interviews. During internal and external stakeholder interviews, it was stated that
in projects where variables were dependant on each other, testing potential solutions
can take a lot of time. In large systems, testing potential solutions can take an
unreasonable amount of time, at which point the external stakeholders pointed out
the usefulness of optimisation tools in such situations. Optimisation tools could
streamline the testing process which could save time and money.

4.4.9 ”Is the amount of necessary experiments too large to
perform manually?”

This question was formulated mainly from external stakeholder interviews. These
stakeholders stated that systems with independent variables are generally less com-
plex compared to that of a system with variables dependent on each other, and that
the number of experiments increase if variables are dependent on each other. They
stated that in cases with a large amount of necessary trials and complex systems can
benefit from using optimisation, which could also lessen the workload of the user.

4.4.10 ”Is the effort of implementing optimisation of input
variables larger than the return?”

This question was formulated from internal and external stakeholder interviews.
Some of the external stakeholders raised the point that in some cases, it is possible
to implement optimisation but it may not be worth it. The time spent implementing
optimisation could be smaller than the expected return, in such cases it would likely
not be worth it to implement optimisation. During internal discussions, i.e secondary
data, the question was formulated to its current form, after contemplating what
effort is necessary for the implementation in comparison to expected outcomes.
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5
Discussion

The following chapter presents and discusses the methods used, the findings for the
research questions, future work, limitations, and quality of research of this thesis.

5.1 Literature study
As mentioned in Section 3.1, the literature study included both recent and old arti-
cles. This is due to the fact that the foundation of DES has seen very few and minor
fundamental changes since its inception in the middle of the 20th century, meaning
the less recent articles explaining concepts around DES are still very much relevant
to this day. One interesting aspect of using older articles as well as recent literature
is to see how the understanding of DES has changed over time, as well as how the
use of the technology has varied throughout the decades. We found that in earlier
literature, the concept of DES was described in a simpler way, where as in the more
recent articles there is a large focus on widening the scope of DES, which makes it
more complex in comparison.

When an interesting article was found during the literature study, we found it useful
to note the listed keywords used in that specific article, which could then be used
to find similar papers or broaden the search of the literature study. References from
particularly interesting papers were also studied, which provided the opportunity to
delve deeper into any significant topics. A limitation of a literature study is that
the keywords used might not be optimal. This risk is mitigated by investigating the
references and keywords in relevant papers. This is a technique that was practised
during this thesis, this provided us with a large set of data from the literature study
that helped in answering the research questions.

5.2 Qualitative study
The qualitative study consisted of interviews with various stakeholders. The study
was divided into internal stakeholder interviews and external stakeholder interviews
where the goal and questions of the two differed. The main goal of the internal stake-
holder interviews was to get an understanding of the current situation in AFRY
Gothenburg’s simulation team and provide insight in the interests of using opti-
misation with DES. On the other hand, the external stakeholder interviews was
conducted to get insight of how DES and optimisation is used by distributors of
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software, academia, and other companies. An important distinction between inter-
nal and external stakeholders was that all of the external stakeholders have prior
experience with optimisation while the internal stakeholders does not.

The external stakeholders were found from recommendations from our supervisor at
AFRY as well as our supervisor at our university. We also contacted stakeholders
that we made connections with through a prior course in DES at Chalmers Uni-
versity of Technology. The external stakeholders had varying degrees of experience
and with their diverse backgrounds, we believe that they complement each others
knowledge well. The internal stakeholders also have a varying degree of experience
with working in DES, although the background of the internal interviewees are not
as diverse in comparison with the external stakeholders.

When formulating the questionnaires for both the internal and external stakeholder
interviews, we reviewed what was needed in order to accurately answer the stated
research questions and what information we deemed necessary for a satisfactory
completion of this thesis. It was important to us that the questions asked during
the interviews were unbiased and that the queries were asked in a way that left room
for interpretation by the interviewees while it still provided us with the data needed.
While leaving room for too much interpretation might lead to the interviewees to
answer entirely different questions, we aimed to enhance the fact that they came
from different backgrounds with varied competences, which we believe was achieved
by letting the interviewees relate the questions to their own background. All of the
interviews were recorded in order to help in the transcription and analysis part of the
qualitative study. It was therefore important to make sure that consent was given
by the interviewee for a recording to be saved of the interview. These recordings and
transcriptions are not included in this thesis for the sake of keeping the interviewees
anonymous.

5.3 Answering the research questions
The following two subsections discusses how the two research questions of this thesis
were addressed.

5.3.1 What optimisation methods are used in DES and what
are the potential impacts of combining them with DES?

As of today, several DES software are capable of utilising optimisation methods. As
previously mentioned, the three software investigated in this thesis; Plant Simula-
tion, AutoMod, and FlexSim all contain built-in optimisation resources [55][56][57].
All of the mentioned software apply evolutionary algorithms in their optimisation
calculations. Literature showed that EA is by far the most favoured algorithm for
optimisation within DES [59]. The mentioned software also allows the user to bridge
external, customisable, optimisation frameworks. Studies show that evolutionary al-
gorithms are the norm in these types of scenarios as well. Evolutionary algorithms,

30



5. Discussion

as explained earlier in this thesis, does not ensure a global optimal solution to a
stated problem but it is specialised in steering away from any local optima that
other algorithms may tend to converge at [16]. This means that evolutionary al-
gorithms converge toward the global optima which oftentimes is sufficient in DES.
Simulated annealing is often mentioned in the same studies that score evolutionary
algorithms as the leading algorithm in DES, and tends to be seen as a worthy con-
testant to EA, but it is very seldom implemented outside of research and academia.
There does not seem to be any clear reasoning behind this, as the literature is con-
sistent in showing that SA should, in theory, yield results that are near identical
with those of EA. We think that this is a case of EA being tried and tested, and
therefore there are no, or little, incentive to make alterations.

One of the more pressing questions regarding this matter is whether optimising
a DES model actually yields a better result compared to manually improving the
model. While it is difficult to quantify potential improvements leaning one way or
the other, there are both advantages and disadvantages with optimisation in DES.
One major benefit of using optimisation in DES is that it could ease the workload
on the simulation engineer in cases where a large amount of experiments needs to
be performed. In these cases, the user inputs the data and parameters that is to
be varied which allows the algorithm to calculate without further supervision of the
engineer. The engineer can therefore tend to other value-adding tasks while the
algorithm performs the calculations, after which the engineer evaluates the results
generated by the algorithm. Another benefit of using built-in optimisation tools in
DES software is that it can lower the threshold for a user to make meaningful alter-
ations which have an impact on the systems results. The qualitative study showed
that the engineers heavily rely on experience when finding areas of improvement in
their DES modelling. A less experienced user could utilise built-in optimisation tools
to mitigate the advantage a more experienced user would have. It is important to
keep in mind that although these tools may lower the threshold of improving a DES
model, implementing them in a model has a varying level of difficulty depending on
the DES software used. While the optimisation process could produce results that
are superior to the ones produced by an engineer, this is not necessarily always the
case.

It is possible that the engineer may figure out close to optimal solution without
the need of optimisation methods and in these cases the time and money spent on
optimisation calculations are not as justifiable. This relates to the fact that, as
previously stated, optimising a DES model is always more expensive than not using
optimisation [16][17]. The usage of optimisation tools requires extra work to be
done, more in some software than others and most when building a customisable
optimisation algorithm, only considering the extra time spent integrating optimisa-
tion in the DES model adds cost. The calculation resources required also result in
increased cost that needs to be considered. However, the increased expenses can be
justified. For example, if an existing real-world system is to be altered, simulating
and optimising can identify solutions to problems that may otherwise have been over-
looked. The optimisation algorithm could potentially increase the systems overall
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efficiency further, which although this comes at an increased cost, it is highly likely
to be less expensive compared to altering the system and later realising that further
changes are needed, prompting a second rebuilding phase. One should consider the
risk of building an optimised model that outperforms, and is more intelligent than
its corresponding real-world counterpart. If this is the case, the real-world system
would not accurately represent the actions, choices, and results generated by the
optimised model. The model could be rendered useless and resources spent on cre-
ating it would be in vain. This, of course, is also a risk to consider when one does
not use optimisation methods in DES. A simulation model, whether optimisation is
used or not, should never be smarter than its real-world counterpart.

5.3.2 What are the criteria for a DES case to qualify for
optimisation?

As has previously been mentioned, a large portion of the simulation projects un-
dertaken at AFRY Gothenburg are validation- and/or verification projects. Due to
the nature of these projects, they are not always suitable for optimisation. This is
because there, a client aims to validate or verify whether their planned design or
alterations of a system will work as intended. In these kinds of projects, there is
often no room for optimisation in conjunction with DES models, due to the system
design and input variables oftentimes not being modifiable.

To help engineers answer the question of when optimisation is suitable to use, we
created a decision tree that can be seen in Figure 5.1. The decision tree was mainly
based on results from the qualitative study, but strengthened by literature and
secondary data. Projects may look similar on the surface, but oftentimes there
are differentiating factors that make them unique. It is therefore important for
the user to relate and criticise each step of the decision tree to their own project
query, boundary conditions, and preliminary study. A vital note to make is that
this decision tree is to be used as a helping tool and should not be considered to be
applicable in all scenarios, this is a consideration that we leave to the potential user.
We encourage users to personalise the decision tree to fit their intents and purposes
and as for academia to further develop and improve it.
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Figure 5.1: Decision tree to better understand when optimisation may be appro-
priate in discrete-event simulations

The following paragraphs explain each node and decision further in detail.

Is the project aim to solely validate and/or verify a system? - As an opening ques-
tion, the user needs to look into the query and goal of the project and determine
whether the aim is to validate and/or verify a system or not. As previously men-
tioned, a project where the aim is to validate and/or verify a system is often, accord-
ing to us, not suited for optimisation unless certain criteria are fulfilled. In these
projects it is not generally in the clients interests to further develop the real-life
system in terms of layout, parameters and input variables. The user answers this
question and follows the corresponding path, the upcoming four paragraphs explain
the left side of the decision tree while the remaining five paragraphs describe the
right side of the tree.

System design and input variables cannot be changed - This node is a statement that
lets the user know that the conditions of system design and input variables moving
forward. Since, in this case, the aim of the project is to validate and/or verify a sys-
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tem, there is often already an existing proposal that is to be evaluated. Therefore,
changing the design and/or input variables could drastically alter the foundation of
the simulated system, making the model redundant. As this node is a statement
and not a question, there is only one possible outcome when leaving this node.

Are there decisions in the system that can be supported by optimisation? - In a sce-
nario where the user is able to change the system design and input variables, those,
among with many other parameters, could be optimised. As those are unable to be
changed in this scenario, the user needs to consider if there are other parameters
that could be optimised within the system, such as number of operators or sizes
of buffers. If the user finds that there are parameters that can be changed, the
path leads to further nodes to determine whether optimisation is still viable or not.
However, if there are no parameters that can be changed, we do not recommend ap-
plying optimisation tools in this case, since it is likely to yield no meaningful results.

Is it reasonable to believe that the real-life system will have optimisation? - It is
important for the user to consider if the real-life system will be capable of mak-
ing the same decisions as the simulated optimisation model. There is a risk that
a simulated system is smarter than its corresponding real-life system, and if this is
true, optimisation is not recommended. This happens when the simulated system
is capable of making decisions based on data that the real-life system is not able
of doing. An example of this is operators, in a simulated system the operator has
access to all variables, such as queues and buffer sizes, and takes decisions based on
this. In the real-life system it is unreasonable to expect the operator to have access
to all available information and make the same decisions as the simulated operator.
If it is still reasonable to believe that the real-life system will be able to make the
same decisions as the simulated system, proceed to the last question of this branch.

Is it viable that optimisation can be implemented in decision-making? - For optimisa-
tion to be of use, it is important that the user considers whether or not optimisation
algorithm(s) can be implemented in the decision-making in conjunction with the
simulation model. It is important to note whether or not there are decisions that a
simulated system can make, that are not possible in real life. If there are decisions
that are made in the real-life system that can be supported by optimisation, we
recommend proceeding with optimisation.

System design and input variables can be changed - This node is a statement that
lets the user know that the conditions of system design and input variables can
be changed moving forward. Since parameters in the project can be changed, the
possibilities of adapting optimisation tools are potentially increased. As this node
is a statement and not a question, there is only one possible outcome when leaving
this node.

Is there a foundation of known data, such as run-times or number of machines? -
Having a foundation of data is vital when it comes to optimisation, as more accu-
rate and extensive data can lead to a better result. Greenfield projects typically lack
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much of the valuable data that is important for optimisation. Brownfield projects,
however, can often generate the necessary data based on experience from that site.
If there is no available data, optimisation is not recommended. If there is scarce
data, optimisation is still viable, but the results are at risk of being inaccurate and
it is therefore suggested to proceed with caution. If there is extensive data available,
there are good chances for the optimisation to be successful.

Are variables dependent on each other? - A system with the same amount of indepen-
dent variables is generally less complex and thus the number of required experiments
tends to be lower, compared to that of a system with those variables dependant of
each other. In the latter case, the number of experiments that need to be evaluated
drastically increase, since a change in one variable has implications on all, or some,
variables. In the instance of dependant variables, we recommend that optimisation
is implemented. If the variables are independent of each other, manual experiments
might still be viable.

Is the amount of necessary experiments too large to perform manually? - When vari-
ables are independent of each other the number of experiments, and the experiments
themselves, are generally less complex to evaluate in the DES software using trial
and error, therefore excluding optimisation. However, if the amount of necessary
experiment is too high, optimisation could be a viable tool. This, as previously men-
tioned, allows the user to spend their time on other value-adding activities instead
of manually performing a large number of experiments.

Is the effort of implementing optimisation of input variables larger than the return?
- As stated earlier, implementation of optimisation in DES is always more expen-
sive and time consuming than not doing it, it is therefore important for the user to
contemplate whether or not the effort of implementation would be larger than the
potential return. If the effort is larger than the expected return, we do not recom-
mend optimisation. Otherwise, we would recommend implementing optimisation.

5.4 Relation to previous work
As covered in the theory, simulation optimisation has been a recurring subject at
the Winter Simulation Conference for more than two decades. Several articles and
research papers has been published during these conferences for both the theoretical
aspects of simulation optimisation and the practical implementation in a real-world
scenarios. Some examples of this being the use of simulation optimisation in manu-
facturing[40][42][43], healthcare industry[47], logistical systems[39][44], and a more
theoretical focused setting[49].

We do, however, believe that there is still a considerable gap between the proof of
concepts shown during the Winter Simulation Conferences and the implementation
in full scale industrial settings, specifically within the three software researched fur-
ther in detail in this thesis. While it has been proven to work, and provided industry
with successful examples and solutions of where and when it is applicable to imple-
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ment optimisation in discrete-event simulation, we found through the qualitative
study and the first literature study that it is yet to be fully applied and standard-
ised in the work processes for simulation engineers. We believe that one reason for
this could be the lack of a decision support tool to use during the implementation
of optimisation in simulation, which we have created in order to start bridging the
current research gaps introduced in Section 1.4

We did also find other interesting articles of relevance in previous work. One ex-
ample of this, which is further covered in Section 5.5, is the hybridisation of two
or more optimisation algorithms that has been mentioned previously[59]. There
are many articles [16][18][22] showing high performance using various optimisation
methods, mainly EA, despite this it appears that utilising optimisation is not as
prevalent in industrial use as we had expected. Literature also showed that there
does not seem to be any clear reason as to why evolutionary algorithms are more
prevalent than others, such as simulated annealing algorithms [59]. This statement
was supported by interviews with external stakeholders during this thesis, where the
general consensus was that EA is ”tried and tested” and there is no clear reason to
change.

5.5 Future work
An interesting aspect to study further in future work is the opportunity of using
artificial intelligence (AI) to improve optimisation processes within DES. AI models
could be employed to develop existing optimisation models that continuously learn
from both historical data and real-time feedback from applied systems. These mod-
els could potentially dynamically adjust their strategies based on changes in the
systems, leading to more adaptive and robust optimisation solutions. A traditional
optimisation algorithm relies heavily on historical data and static datasets, whereas
an AI-driven optimisation tool could have the possibility to learn continuously from
one or several systems and evolve over time. In a case of having a manufacturing sys-
tem with constantly fluctuating demand and/or constraints, a continuously learning
AI model could optimise production schedules in real-time to minimise costs and
maximise efficiency.

Future studies within the choice of optimisation algorithm should be conducted as
it is clear that there is a tendency to favourise the usage of evolutionary algorithms
while studies show that other optimisation algorithms such as simulated annealing
perform equally or even better than EA in certain cases. As we have previously
mentioned, a hybridisation of optimisation methods may be a favourable path to
consider when investigating types of optimisation. Oftentimes, no single optimi-
sation algorithm is superior over all others. A combination, or hybridisation, of
two or more algorithms may allow researchers and simulation engineers to develop
algorithms that utilise the strengths from each of the stand-alone algorithms and
mitigate their potential weaknesses. A hybridisation of optimisation algorithms,
much like the previously mentioned customisable algorithms, require the simulation
engineer to integrate multiple algorithms and components into a cohesive framework
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that works for the intended purpose. A task like this can take a long time to develop,
debug, and fine-tune their code, whereas the built-in optimisation tools available in
several DES software would require significantly less time spent on implementation
and integration. This would be a question of priority which answer varies depending
on the project; ”Do we want the optimal result needing more resources or a satis-
factory result with less effort?”.

We believe that if an organisation aims to fully utilise hybrid systems together with
DES models, an optimal solution would be to do it in a custom environment. As
mentioned, the implementation and integration of hybrid optimisation algorithms
with DES models adds complexity to a project. Simulation engineers have to estab-
lish strong and consistent communication between the optimisation algorithm and
the simulation environment, which might be problematic due to simulation software
limitations, where the user may not be allowed to extract and input all necessary
parameters.

5.6 Quality of research
The literature study conducted in this thesis provided a multitude of academic pa-
pers, articles, and journals in the field of DES as well as optimisation. However,
the authors did have difficulties in finding appropriate documentation regarding the
adaption of using the two in combination. When searching for articles with key-
words such as ”simulation optimisation”, ”DES optimisation”, or ”optimisation of
simulation systems”, many results covered the act of optimising the computing ef-
ficiency while running a DES model. While this is a form of optimisation, it is the
incorrect interpretation of the keywords for this use-case. There were articles that
were found using the keywords mentioned above that accorded with the interests
of this study but a majority of these papers are limited to academic research and
theoretical cases while few showed actual implementation in real-world scenarios.

The sample size of the qualitative study was small, in particular the external stake-
holder interviews. We believe that the qualitative study, despite its size, supplied us
with plenty of relevant data in order to aid us in answering the research questions.
There are negative aspects of having a small sample size, in many cases it is diffi-
cult to have interviewees with diverse backgrounds and viewpoints when handling
fewer interviewees. However, there are also positives with smaller sample sizes as it
allows the researchers to analyse the data from each interview further in depth. As
previously mentioned, we do have some prior experience working with DES via our
academic backgrounds. This could potentially cause bias and skew the results of
the qualitative study, this was prevented by ensuring that the questions were asked
in a neutral manner that did not lead the interviewee into answering the questions
in a certain way. It should be noted that the course taken by us during our studies
did not cover the topic of optimisation. The prior knowledge within DES proved to
be helpful in understanding certain concepts during this thesis and paved the way
for further comprehension.
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To ensure a high quality of the research we decided to contact both the internal
and external stakeholders from the qualitative study for feedback and critique on
the thesis. Specifically, we asked whether or not they agreed with the decision tree,
suggestions, and results that was created and received valuable points and consid-
erations which were taken into account before finalising the thesis. To improve the
quality of the work, we would recommend having a larger number of interviewees in
the qualitative study in order to get a wider perspective. To further strengthen the
results of this thesis it would be interesting to test implementations of optimisation
in DES software, this was however not the goal of this thesis from neither the aca-
demic nor corporate stakeholders.

As previously described, all interviews were recorded and transcribed to allow us
to extract the data gathered [53][54]. We did not face any notable issues during
the transcription process, which could otherwise have compromised the quality of
the data collected. We consider the triangulation used throughout this thesis to
have increased its quality, since it allowed us to collect data and information from
many different sources and methods. All information, both from the literature study
and the qualitative study, was organised in documents throughout this thesis. All
findings from the literature study was collected in a document which included, for
each relevant reference, its title, access date, author(s), DOI, and a short description
of its contents. As for the information gathered throughout the qualitative study,
documents including all questions and their corresponding transcribed answers from
all interviewees were used, separated between internal and external stakeholders.
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The objective of this thesis was to identify areas where the combination of optimi-
sation and simulation can be used effectively in order to support business decisions
within production and intralogistic systems. By conducting a case study methodol-
ogy and exploring the possibilities of utilising optimisation algorithms within DES
software it was found that there are several software that provide built-in optimi-
sation tools. This thesis focused on AutoMod, FlexSim and Plant Simulation, of
which all three have built-in optimisation tools. It was also found that there are
external optimisation tools that can be bridged to these software. The literature
study and the qualitative study showed that evolutionary algorithms is the most
common algorithmic method used in DES and it is ranked in the top in a majority
of the studies done in the subject. Evolutionary algorithms is used because of its
efficiency and ability to escape local optima, it does however not guarantee that it
can find the global optima. The results are often satisfactory for the purpose of
DES, but it should be noted that it does not necessarily supply the overall best
solution for the real-world system.

The qualitative study provided the authors with the important insight that it is
crucial to have the correct use-case in order for optimisation and DES to work to-
gether efficiently. A large portion of projects within DES is restricted to validation
and verification of a real world system, where the room for modifications is mi-
nor. Therefore it can be important for the project to allow for changes to layout,
parameters, buffer sizes, operators etc., in the real world system to benefit from
optimisation. Results also show that different DES software have slightly varying
ease of use for the simulation engineer. According to the qualitative study, AutoMod
requires the user to keep optimisation in mind from the very start of the model build-
ing, while Plant Simulation required nothing extra from the engineer and could in
most cases be applied to already existing models with little or no modification at all.

For optimisation to function efficiently it requires a lot of data, and for it to function
accurately the data also needs to be verified and correct. Brownfield projects can
often provide more accurate data that can be collected from the real-world system
while Greenfield projects tend to have estimated data instead due to the real-world
system still being in a planning phase. This could affect the results of the optimisa-
tion in the cases where the calculations are done on incorrect and flawed data, but
can still be used as a guideline for the work ahead.

The authors provided AFRY with a decision tree that could potentially help simula-
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tion engineers to determine and identify whether or not their current project could
benefit from the use of optimisation and DES. The decision tree should be used as
a guideline for the engineer in their decision making process but also leave room for
the engineer to make their own choices based on the recommendations provided by
the decision tree.

A gap was found between research and industry where the studies proved that in
general, optimisation with DES provides a better result but it is still not used to
the extent it could in industry. It is also given that optimisation does come with an
increase of cost and requires extra time for calculations and runs, this time does not
necessarily need supervision by an engineer and thus they could spend time on other
tasks during this. It would be interesting to see how the industry could continue to
implement and utilise optimisation within DES and benefit from it.
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A
Appendix 1

Question Goal
What is your title at AFRY? To get the title of the employee
How long have you been in your current
role, and do you have any previous expe-
rience in DES?

To get an understanding of their profes-
sional experience

What software(s) do you primarily use for
DES?

Find the commonly used DES softwares
at AFRY

What proportion of your projects are im-
provement/optimisation projects, e.g. im-
proving the output of a factory?

Find the proportion of projects that opti-
misation tools may be suitable for

How do you arrive at potential solution-
s/improvements in your work?

To get an understanding of how the em-
ployee currently handles these types of
tasks

How much time do you spend testing so-
lutions/improvements in projects?

To get an understanding of how their time
is spent in such a project

Do you feel a need to be able to use op-
timisation tools in your work? If so, in
what type of projects or queries?

To find whether the employee can see a
use case for optimisation tools

What would it take for you/your team
to start using optimisation in conjunction
with your simulation models?

Find what the employee need to poten-
tially start using optimisation tools

Are you aware of any available optimisa-
tion tools in the software(s) you use regu-
larly?

Find if the employee knows of any optimi-
sation tools

Have you tested any of the optimisa-
tion tools available in PlantSim, FlexSim,
and/or AutoMod etc.?

To identify whether the employee has used
any available tools

Is there anything else you would like to
add to the subject that we have spoken
about?

Asked to give the employee a chance to
bring forth their own opinions

Table A.1: Interview questions and their respective goals for internal stakeholders
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B
Appendix 2

Question Goal
What is your job title? To get the title of the interviewee
How long have you been working with
DES and optimisation tools?

To get an understanding of their profes-
sional experience within the field

What is your preferred DES software? Identify which software the interviewee
primarily works with

Have you used optimisation tools outside
of DES?

Identify areas where the interviewees have
used optimisation in other applications

Do you, or have you personally use(d)
the optimisation tools available in
PlantSim/AutoMod/FlexSim?

To determine the interviewee’s exposure
to the available optimisation tools

In what cases do you consider it appropri-
ate to use optimisation tools?

Identify types of projects and/or queries
where the use of optimisation tools may
be useful

Do you know the extent to which the opti-
misation tools in your preferred DES soft-
ware are used?

Understanding whether the available tools
are being used

PlantSim/AutoMod/FlexSim all have op-
timisation tools and the same method is
employed in all of them, evolutionary al-
gorithms. Why do you think this is?

Understand why major DES softwares use
evolutionary algorithms

If you compare someone with extensive
knowledge in DES with the built-in opti-
misation tools, what differences and simi-
larities can you expect from both results?

Understand the differences and similari-
ties between how a problem is solved by
both a user and the optimisation tools

If a simulation engineer spends 100 hours
on a simulation model and manual im-
provement, approximately how much time
would the optimisation tools need to im-
prove the model in this case?

Identify how much extra time (if any) is
needed to utilise the optimisation tools

Does the simulation engineer need to pro-
vide anything additional when building
the model to use the optimisation tool?
Do you need to consider optimisation
when building the simulation model?

To find if the user would need to change
their modelling and workflow to adapt to
the optimisation tools

III



B. Appendix 2

Table continued from previous page
Question Goal
Is it optimised iteratively, or is it satisfied
with the first result it reaches?

Further understanding of the software in
question

Do you have good control over how the
optimisation tools can change the model?

Further understanding of the software in
question

Have you heard of any other optimisa-
tion methods used in DES? External pro-
grams, bridging to Python etc?

To get a broader understanding of the
tools available on the market

Is there anything else you would like to
add in the subject?

Asked to give the interviewee a chance to
bring forth their own opinions

Table B.1: Interview questions and their respective goals for external stakeholders
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