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Generalised or specialised simulation?
Comparing types of Discrete-event simulation software and possibilities for increas-
ing the value proposition
Martin Eriksson, Alexander Ferning
Department of Industrial and Materials Science
Chalmers University of Technology

Abstract
Discrete-event simulation has emerged as a powerful tool for analysing dynamic sys-
tems. Numerous software companies have developed their own software solutions
with different niches, strengths and weaknesses. Users, however, tend to keep using
the same software, no matter what they will model. This master’s thesis compares
and assesses general and specialised DES software on numerous parameters. An in-
dustrial use case was modelled, supported by interviews and surveys conducted with
participants from academia and industry. An existing model was recreated using
specialised software, based on the provided model specifications. The throughput
observed in both models was similar, with differences attributed to different under-
lying model assumptions. Both software types have their advantages and disadvan-
tages, and it is important for users to be aware of these before selecting which one to
use. Each software was deemed reliable alternatives for usage in a professional set-
ting. Two different model-building approaches were identified between the software
users. A resource-oriented top-down approach was more common in the specialised,
while a load-oriented bottom-up approach was more common in the generalised soft-
ware. Through interviews and a literature review, potential use cases to increase
the value proposition of DES were explored and competencies, challenges, enabling
technologies and architecture were identified. The interviews revealed some profes-
sional scepticism regarding adopting a complete Digital Twin approach, utilizing the
DES model as a simulator within the Digital Twin. A promising alternative, Digital
Shadow, was identified as an attractive alternative. Potential scenarios, and how
they could be implemented were suggested using dynamic production planning.

Keywords: Digital Twin, Discrete-event simulation, Digital Shadow, Comparison
of simulation software, Generalised simulation software, Specialised simulation soft-
ware
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1
Introduction

This chapter presents the background and context of the research topic, which is
focused on the applications of Discrete-event simulation and Digital Twin in an
industrial context. The main objectives, research questions and delimitation of the
project are outlined. The chapter concludes with the delimitation which establishes
the scope and limitations of the project.

1.1 Background
Simulations of production systems have widely gained in popularity since Julian Re-
itman’s somewhat groundbreaking article “Simulation of a manufacturing system”
from 1967 where the author explained how to model a semiconductor system with
computer simulation techniques [1]. Today, the use of Discrete-event simulation
(DES) is regarded as one of the most powerful tools available for decision support,
with benefits in planning, designing and improving material flows [2].

The implication of the rising usage of simulation in production systems has trans-
formed the development process; where ideas and changes in production lines can
be tested before they are implemented. This yields less investment risk and costs
savings [3] for companies successfully implementing simulations that model reality
well enough.

Through DES, manufacturing bottlenecks can be identified using strategies such
as the utilization detection method and average waiting time detection method [4]
which can increase the production system’s throughput. In an ever-increasing com-
petitive industrial market, DES has due to its benefits taken place as one of the
most popular modelling techniques [5].

This increase in usage has naturally led to competitors within the software indus-
try providing their software, with individual features and interfaces, to satisfy the
customer’s needs in creating DES models. Today there are several DES software
available on the market; both general-purpose DES software (software that is used
in a wide-spread of industries) and specialised DES simulation software (software
more directly targeted toward one industry).

1



1. Introduction

Software tends to be sticky [6]; meaning that once a user (or company) has learned
one software they tend to keep using it. The customer retention rate is therefore
high and users might be hesitant to change DES software even though better options
for a specific use case might exist. As Abraham Maslow said [7]

"If the only tool you have is a hammer, everything looks like a nail"

The selection of software for a production system is influenced by several factors
such as the availability of object-oriented resources, statistical characteristics, auto-
matic data collection and visual features [8]. The selected software might affect the
simulation model’s accuracy, utility and building time [9]. Selecting a less appropri-
ate software might therefore increase costs which in turn lowers the profit margin or
in the worst cases, even might produce deceptive results. Being able to tackle sim-
ulation problems with knowledge of multiple software might therefore be beneficial.

With the increasing demand for simulation software, research has been conducted
to create frameworks for choosing the right software for different use cases [10], [8],
[11], [12]. These frameworks have in some cases been implemented to evaluate dif-
ferent simulation software against each other [13], [14]; resulting in a better choice of
simulation software for the user’s particular needs. However, there seems to exist a
gap in the literature regarding the comparison between general-purpose simulation
software and specialised simulation software.

While software selection is an important consideration, it is also important for com-
panies to be aware of emerging technologies that can transform simulation capabil-
ities. Digital Twins (DT) are described as the next wave in simulation [15]. DTs
bridge the gap between real systems data and the DES model; bringing the model
from "offline" (based on historical data) to "online" (based on real-time data). Using-
real time data can provide more accurate simulations and models that better reflect
the current state of the system, leading to improved planning and decision-making.

Research has to some extent explored the integration of DES-models in DTs [16].
The continuous stream of real-time data increases the value proposition of using
DES models since it becomes possible to simulate more phases of the system. But,
it is still not clear how well DES models perform as a simulator in a DT. It is
also to some extent uncertain what competencies and technologies are needed for
successfully implementing DTs.

1.2 Purpose
The purpose of this research is twofold. Firstly, it addresses the existing gap in the
literature by conducting a comparative analysis between general-purpose simulation
software and specialised simulation software. By evaluating both software types
through a real-world industrial use case, this study seeks to get insights into the
advantages and limitations of each. This analysis will assist users and companies in
making informed choices when selecting simulation software.

2



1. Introduction

Secondly, this research explores the potential of using DES models within DTs and
the integration of real-time data. Additionally, it aims to identify the competencies
and technologies required for successfully implementing DTs. By addressing these
aspects, this research aims to contribute to the knowledge of simulation software
selection and shed light on the possibilities and limitations of utilizing DES in the
context of DTs.

1.3 Project aim
The thesis aims to compare and evaluate specialised and generalised DES software
through a real-world use case from the food industry. A factory model will be recre-
ated and programmed in the specialised DES software, while we will leverage our
previous experience with the general software. The two models will be compared
and rated based on a set of criteria that covers different simulation features. The
assessment will enable us to identify the strengths and weaknesses of each software
type. Our findings will be supported by interviews and surveys made with profes-
sionals from both academia as well as from industry.

Also, this research will investigate the potential of DES as a simulator in DT. To do
so, we will examine the necessary competencies, enabling technologies and assess the
challenges that may arise through a literature study. Furthermore, the possibility
of the software establishing a connection to gather production data and what value
this could bring will also be explored.

1.4 Research questions
The research questions (RQ) have served as the project’s guiding framework. Each
research question has been further refined into detailed sub-questions (SQ) to pro-
vide a more comprehensive understanding of the research problem.

RQ 1: How does the model construction and simulation process differ between gen-
eral and specialised Discrete-event simulation software?

SQ 1.1: How do the user interface and tools in generalised and specialised DES
software support the model construction and simulation process?

SQ 1.2: How does the model complexity affect the model construction and simula-
tion process in a generalised and specialised DES software?

SQ 1.3: How does the level of detail in output generated by generalised DES soft-
ware compare to that of specialised DES software in an industrial use case?

3



1. Introduction

RQ 2: What are the key competencies and technologies for using Discrete-event
simulation in the context of Digital Twin technology?

SQ 2.1: How can these be applied to the use case to increase the value proposition
of DES?

SQ 2.2: What are the main challenges when implementing Digital Twin technology?

1.5 AFRY
AFRY has a global presence with offices in over 40 counties. The company is one
of the market leaders in engineering, design and advisory services in Europe [17].
AFRY is a merger between the former companies ÅF and Pöyry and employs over
19000 employees globally with net sales of about SEK 20,000 Million [18].

Within the Supply Chain Management department at the Gothenburg office, there
is an experienced simulation team that to a large extent, although not exclusively, is
working with the DES software AutoMod. They help their local and international
customers with DES cases within a wide range of industries but especially thrive in
simulations of production, warehouse and logistics (internal and external). Customer
cases include both greenfield- as well as brownfield projects.

1.6 Delimitation
To investigate the differences between general-purpose and specialised DES soft-
ware, AutoMod will be used as a representative of general-purpose software [19] [20]
and Plant Simulation as a representative of specialised software.

AutoMod was chosen for this study due to its widespread use across a diverse range
of industries and sectors, including but not limited to healthcare, logistics, ticket
offices and production [21]. Further, it essentially provides the users with a blank
slate, allowing for a great deal of flexibility and adaptability to different sectors and
use cases. Plant Simulation was selected since it is designed specifically for mod-
elling and simulating production and logistics [22]. Moreover, there exists a library of
resources and objects that are to a great extent used in production and logistics [23].

4
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Additionally, the thesis is subject to the following limitations:

• Studies on the physically existing use case will not take place.
• Assumptions will be made if available data is insufficient.
• Sensitive corporate data will not be disclosed.
• The AutoMod model was deemed to be an accurate representation of reality,

and therefore, the model in Plant Simulation will be compared to the AutoMod
model rather than the actual system.

• The research will not include any optimization or improvement analysis of the
use case.

• Version 22.01 of Plant Simulation and Version 12.6 of AutoMod will be used.
• No Digital Twin will be developed for the use case.
• The information presented in the thesis may sometimes be based on subjective

observations and analysis of the researchers, and should not be accepted as a
universal truth.

1.7 Report outline
The first chapter serves as an introduction to the thesis. This contains background
to the topic, why it is of interest, and the goal of the thesis. The research questions
together with the sub-questions are outlined. Further, a brief introduction to the
company at which the master’s thesis is carried out is given. The chapter concludes
with delimitation. The second chapter contains the theory of the master’s thesis.
The literature study and the supporting theoretical background for the thesis work
are presented.

The third chapter explains the methods used in the thesis and is divided into six
parts. The first part describes how the literature study is done and is used to support
the theoretical background. The second part describes how the qualitative study
was carried out through interviews. The third part contains the quantitative study
and explains the simulation experiments that were carried out in both software for
the use case. The fourth part described how Bank’s methodology was applied to
the use case. The fifth part gives a brief introduction to the use case. The last part
provides information regarding how the evaluation of the DES software was carried
out through the use of surveys.

The fourth chapter presents the results. The findings from the qualitative, quanti-
tative, and comparative studies are presented. Further, the results from the survey
are presented. The fifth chapter consists of a discussion of the results, together with
an analysis of the project and used methods. Uncertainties and doubts about the
outcomes and methods used are addressed. The sixth chapter concludes the thesis
and recommendations for future work are presented.
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2
Theory

In this chapter, relevant theories, literature and concepts will be reviewed to establish
a foundation for the study. This will include theories, models and existing literature
relevant to the research questions. The chapter’s goal is to help the reader grasp the
theoretical basics and connect the thesis to the wider context of the field.

2.1 Discrete-event simulation
Discrete-event simulation (DES) is a powerful technique used to model and analyze
complex systems that evolve over time due to specific events [9]. This technique
represents a system as a series of discrete transactions or loads which competes for
limited resources such as machinery while moving between different locations. In a
DES model, events are scheduled to occur at specific time points and represent the
progress of transactions within the system [24]. These events can include the arrival
of a new load, the completion of a task or the release of a resource.

In contrast to time-continuous simulation models where time flows continuously[25],
DES models represent time as a sequence of discrete steps. Each event that occurs
and changes the system state is represented as a discrete step, and the system’s
behaviour changes over time in response to these events. This results in step func-
tions that represent the dynamic nature of the system being modelled. Figure 2.1
illustrates the difference between a time-continuous simulation model and a DES
model.

7



2. Theory

(a) Continous-system state variable (b) Discrete-system state variable

Figure 2.1: Visualization of time-continuous models and discrete-event models,
freely redrawn [25].

The use of DES allows for the modelling of dynamic systems over time, making it
possible to evaluate different scenarios and identify potential bottlenecks or areas
for improvement [9]. DES can also be used to estimate the performance of a sys-
tem under various conditions, such as changes in demand or when investing in new
machinery. DES is particularly useful in industries such as production, healthcare,
logistics, defence, the service sector and traffic simulations [9].

One of the main advantages of DES is its ability to mimic the randomness of the
real world, allowing for a more accurate representation of the system being mod-
elled. However, as with real-world systems, there is an inherent uncertainty in the
outcomes of these simulations. This is why DES is often stochastic [26], involving
random processes or events. To account for this uncertainty, it is necessary to run
these simulations multiple times with the probability distributions of the parame-
ters. One run is simply not enough to draw a reliable conclusion.

The simulation is implemented using a time-stepping algorithm, where the simula-
tion advances in small time increments and the system’s state is updated at each
time step based on the events that have occurred [9]. Thus, nothing is assumed to
have happened between these states. In comparison to standard programming, in
DES, the code is not executed in the way it is written, instead, loads can jump and
execute different segments of the code. This is implemented with the help of an
event scheduler which decides which event to execute next and at what time.

8



2. Theory

2.1.1 AutoMod
AutoMod is a DES software developed by Applied Materials, Inc. The program
allows for a wide range of DES applications, from material handling to healthcare
systems. The software has several main capabilities including the ability to reuse
model objects [21], which reduces the time required to build a model.

AutoMod has a modular program structure. The central module is the process mod-
ule, which is then supplemented by additional modules such as AutoStat (a tool for
statistical analysis and optimization), AutoView (a tool for animation), Conveyor
(Material handling technology) and Kinematics. Further, model communication
modules make it possible to connect to third-party software. These capabilities
make AutoMod a valuable tool for simulating and analyzing complex systems [27].

AutoMod can be used to forecast outcomes and run “what-if” scenarios in a sim-
ulation environment. This provides a basis for analyzing and improving potential
system design ideas. Additionally, current systems can be analyzed for continuous
improvements [21]. The AutoMod programming language is based on structured
action statements in the English language. As stated by M.Roher in 1997, the Au-
toMod model logic can be as big or complex as the user want, because AutoMod
models are in no way constrained[28].

2.1.2 Plant Simulation
Plant Simulation is a software tool developed by Siemens Industries that focuses
on production and logistics systems using DES [13]. The software offers integrated
tools for statistical analysis, optimization and interactive animation in both 2D as
well as in 3D.

Plant Simulation has a library of pre-built objects, such as conveyors, assembly
tables and pick and place robots, which easily can be added to models by drag-and-
drop. This reduces the time and effort required to build models [29]. External CAD
files can also be imported and exchanged with the pre-built objects. This allows
the virtual model to closely resemble the physical system, which leads to increased
model interpretability [29].

The programming language used in Plant Simulation is SimTalk 2.0. The software
offers the possibility of programming via methods, with available in-built templates
to simplify complex logic for the user. Furthermore, the software can be connected
with other software through several built-in interfaces [29]. Besides English, Plant
Simulation is also available in Chinese, German, Japanese, Hungarian and Russian.

9



2. Theory

2.1.3 Sustainability
The three categories of sustainability are economic, environmental and social aspects
[30] as shown in Figure 2.2. All three categories are working together towards a
sustainable society and need to be kept in mind by organisations.

Figure 2.2: Categories of sustainability.

DES can be used to improve all of these aspects in companies through optimization.
Companies that implement DES successfully can get higher returns while investing
fewer resources [31]. Dabrowska and Grzybowska showed how simulating the sup-
ply chain could lead to cost and emission exhaust decreases through consolidation
of transportation [32]. Vorst et al. modelled the food supply chain in their use case
and compared costs, emissions and energy consumption through DES [33]. The use
of DES can make it possible for companies to make informed and data-driven deci-
sions regarding sustainability.

Since changes can be tried and tested virtually before implementing them in the
physical world, time and resources can be saved as shown in Figure 2.3. Simulation
can help project teams to identify potential issues earlier in the process, which can
help to avoid costly errors and save time.

(a) Normal project (b) Simulation-focused project

Figure 2.3: The benefits of using simulation tools during the development phase
in a project, freely redrawn [34].
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2.2 Comparison of Discrete-event simulation tools
For evaluating simulation software, Nikoukaran et al. suggested a hierarchical ap-
proach [10]. According to their study, there are seven key groups that companies
need to keep in mind when choosing between different simulation software. These
were the Vendor, Model and Input, Execution, Animation, Testing & Efficiency,
Output and User, as shown in Figure 2.4

Figure 2.4: Hierarchical simulation software evaluation, freely redrawn [10].

There were divisions of subcategories within each category. The authors recom-
mended selecting the subcategories that were of importance to the user and there-
after weighting the categories according to their perceived value. Further, the author
suggested that the hierarchy may provide a better view of software possibilities.

An implementation of the hierarchical model was made by Pezzotta et al. but for
evaluation and assessment of two DES software for service engineering [13]. The
software Arena and Plant Simulation were compared to determine which was more
appropriate for usage in the service setting. The authors discovered that both soft-
ware systems were quite flexible, but that Plant Simulation’s product-orientation
focus, attention to statistics, failure management and set-up times made the model
building a bit more difficult (and not as relevant in the service environment).

Guimaraes et al. also proposed detailing and weighting components that are impor-
tant to the specific company [8]. Their implementations also made use of a hierar-
chical structure for the decision-making process, but they instead made a pairwise
comparison of the software. They ranked the software on a scale from 1-10 and then
took the individual company’s preferences into account for finding suitable software.
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Zhong and Zhao choose a somewhat more direct approach in their thesis “A compar-
ison of simulation tools for supply chain management” [14]. They compared two use
cases in the simulation tools Arena and AnyLogic focusing on simulation results and
building process but with parameters based on earlier written literature. The pro-
posed evaluation parameters were: Capabilities, visualization, simulation efficiency,
result accuracy and debugging.

Another way of evaluating DES software is a framework proposed by Banks. The
evaluation model contains a set of input, processing, output, environment and cost
features[11]. The author proposes to use a scoring model that ranks each param-
eter from zero to ten, then each score is summed up and normalized to 100 which
is the factor weight. The parameters will be ranked once again from zero to one
and then multiplied with the factor weight to get the weighted score. The software
with the highest total weighted score is considered a potential candidate for the user.

Evaluation criteria can also be classified for each simulation software feature. Hlupic
et al. proposed a methodology for selecting simulation software [12]. For each
simulation feature, a set of relevant evaluation criteria is investigated and classi-
fied. The simulation features presented in the paper are general features, visual
aspects, coding, efficiency, modelling assistance, testability, software compatibility,
input/output, experimentation facilities, statistical facilities, user support, financial
and technical features and pedigree. All criteria were not suitable for a quantitative
ranking and thus classifying them was deemed more appropriate. Examples given
in the paper are classifying as possible/ not possible or low/medium/high. The user
has to be mindful that each criterion and classification is subjective and should fit
the specific use case.

2.3 Digital Twin

Digital Twins (DT) is an area of interest that is growing at a rapid pace, both in
the academic environment [35] as well as in the industry [36] [37]. It is considered
a main building block for smart factories and manufacturing in Industry 4.0 [38].
Rosen et al. stated that DT is the next phase in modelling, simulation and optimiza-
tion technology [39]. This finding was strengthened by Tao and Zhang who showed
that the utilization of DT by those in decision-making positions is an unavoidable
trend [40] in the future.

Grieves originally proposed the concept of DT (now known as an early and not
sufficiently precise description) in 2002 [41] during one of his presentations regard-
ing product lifecycle management. It consisted of three components: the physical
product (real space), the virtual product (virtual space) and the connection of data
and information between the spaces, [42], as visualised in Figure 2.5.
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Figure 2.5: Grieves originally proposed Digital Twin, freely redrawn [41].

Singh et al. proposed the following elaborated definition of a Digital Twin:

"A Digital Twin is a dynamic and self-evolving digital/virtual model or simulation
of a real-life subject or object (part, machine, process, human, etc.) representing
the exact state of its physical twin at any given point of time via exchanging the
real-time data as well as keeping the historical data. It is not just the Digital Twin
which mimics the physical twin, but any changes in the Digital Twin are mimicked
by the physical twin too [43]"

A Digital Twin’s operational dynamics are thus predicated on real-time synchro-
nization with its physical counterpart, which is the primary distinction between a
DT and a simulation model. Instead of focusing on what might happen (what-if
scenarios), which is the case for simulation, DT instead focus on what is happening
right now (what-now scenarios). The DT can thus increase the level of confidence
in decision-making compared with simulation models.

2.3.1 Digital Model, Digital Shadows and Digital Twins
Kritzinger et al. exemplified the somewhat insufficient description originally made
by Grieves in 2002. The authors made distinctions between a Digital Model (DM),
Digital Shadow (DS) and Digital Twin (DT). These concepts were oftentimes used
interchangeably, even though, there are differences between them [44]. The authors
clarified the differences between the three concepts to provide a clearer understand-
ing of their unique features and to provide a common ground when discussing the
subject. These concepts have been visualised in Figure 2.6
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Figure 2.6: Data flow in Digital Model, Digital Shadow, Digital Twin freely re-
drawn [44].

According to the authors, a DT is a digital representation of an existing physical
object, where data flows in both ways and is integrated. Therefore, any change in
the physical object would be reflected in the digital object. Similarly, any change
in the digital object would also be reflected in the physical object. This can be
compared to a DS, which has a one-way data flow from the physical object to the
digital object, but not from the digital object to the physical object. Therefore, a
change in the physical object would affect the digital object, but a change in the
digital object would not affect the physical object.

Lastly, the authors described a DM as a digital representation of a physical object
that is either already existing or is planned to exist. However, in contrast to both a
DS and DT, an automated data exchange does not occur at all for a DM. Therefore,
a change in the physical object would not affect the digital object. Similarly, any
change in the digital object would not affect the physical object. This is typically
how DES models are built.

2.3.2 Maturity Levels
Another way to classify differences in Digital Twins and to ensure that the same
type of DT is discussed is by looking at their abilities and functions. Madni et al.
proposed dividing Digital Twins into four different maturity levels [45], dependent
on their abilities and level of depth. This has been summarised in Figure 2.7.

The Pre-Digital Twin is a simulation model and the initial level of the four. It can
be thought of as a virtual prototype. At this level, there is no data exchange be-
tween the physical system and the simulation model. The Pre-Digital Twin supports
decision-making at the early stages.

The required software, connection protocols and hardware are implemented at the
second level. These are necessary for data transmission between the simulation
model and the real system. The simulation model also needs a data link for receiv-
ing and transmitting data. Predictive maintenance is a typical instance where the
DT is of use. The bi-directional interaction makes it possible to improve perfor-
mance during real-time operation.

14



2. Theory

Figure 2.7: Maturity levels of Digital Twins, freely redrawn [45].

In the third level, Adaptive Digital Twin, data is continuously retrieved from the
physical model and transmitted in real-time (and vice versa). At this level, the
Digital Twin also recognizes operator preferences and priorities. Through machine
learning, the Digital Twin adopts its parameters in accordance.

All of the third level’s skills are present at the fourth level, named Intelligent Digital
Twin, but it also contains unsupervised machine learning capabilities for the opera-
tional setting. It may therefore learn to distinguish items and recognize patterns in
its surrounding. At this stage, the DT can examine the real-world counterpart’s per-
formance, maintenance and health data in more detail. It also has a higher degree
of autonomy compared to previous levels.

2.3.3 Architecture and enabling technologies
To connect the DM with the physical world, Internet of Things (IoT) devices are
used in factory settings. This enables sensor updates and the exchange of real-time
data, which enables the simulation of the behaviour of physical systems in a digital
environment [46]. By continuously feeding data into the system, it becomes possible
to predict dynamic changes and adapt the physical system based on the simulation
results. With the increasing availability and affordability of IoT devices, Digital
Twin technology has become more cost-effective to use [45].

The architecture of a Digital Twin consists of several key technologies, which have
been illustrated in Figure 2.8. These technologies enable the key feature of DT to
exchange data and information [47].
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Figure 2.8: Sketch of architecture for enabling technologies, freely redrawn[47].

The DT architecture framework is proposed by Fuller et al. and is divided into the
application domain, middleware domain, networking domain and object domain [48].

The application domain includes model architecture and visualization, software and
APIs, data collection and pre-processing. To ensure accuracy and minimize errors,
the virtual model must accurately mirror the physical features and behaviour of the
physical model [42]. Software and APIs bridge the gap between virtual and physical
models, facilitating data exchange and collection. Real-world data collection often
comes with noise and missing data, making data pre-processing an essential step to
improve data quality, performance and accuracy [49].

The middleware domain is responsible for storage technology and data processing.
Through data modelling, data are stored according to specific criteria and logic,
which facilitates efficient data processing [42]. The DT must handle a large amount
of continuous data, leading to a high demand for computation power and data pro-
cessing. High-performance data processing helps connect diverse data streams with
the DT information model effectively [50]. Data processing methods are used to
extract features from the data, reduce noise and select quality data.
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The networking domain includes communication technology. Communication net-
works enable the establishment of DTs. State synchronization between a DT and
its physical counterpart relies on bi-directional and real-time data communication
[50]. Wireless communication is an effective method of transferring data from IoT
devices to data storage, which is later used in data processing.

The object domain consists of the hardware platform and sensor technology. The
DT infrastructure requires reliable hardware to handle all integrated software and
information flow. To ensure data quality, robust sensors with reliable technology
are needed. If sensors repeatedly provide incorrect data, the DT will repeatedly fail
to represent the physical system accurately.

2.3.4 Key challenges
Implementing a fully working and reliable DT poses several challenges that need to
be addressed. Fuller et al. introduced the main challenges industries face[48].

The first challenge is to establish a reliable IT infrastructure. The simulation model
must have a reliable connection with the physical system through the infrastruc-
ture. The hardware and software requirements must meet the requirements to en-
sure smooth system operations. The 5G network, with its higher data transfer rates,
lower latency and higher reliability than previous generations [51] can be of great
value in the IT infrastructure. However, 5G operates at a higher frequency than
4G, which reduces signal wavelength and limits signal penetration quality [51].

The next challenge is to collect reliable and useful data, as a simulation result is
only as trustworthy as its input data quality[52]. Without trustworthy data, the
DT may fail to represent the real system and meet its intended purpose. Without
proper validation and verification, a DT may behave in unexpected ways, leading
to incorrect decisions and negative impacts on organisational outcomes. Therefore,
a thorough validation and verification process needs to be established. This ensures
that the DT operates as intended and produces reliable data that can be trusted.

In this context, the value of a sensor lies in its proper utilization, as it can become
a mere expense otherwise. Raw data has limited meaning on its own. However,
when processed and transformed into valuable insights, it gains importance. The
true value of data is realized when it is used to achieve the desired outcomes, as
illustrated in Figure 2.9.

Uhlemann et al. highlighted how data acquisition in production systems consumes a
significant amount of time. Automated data collection is made possible by the digi-
tization of the production system. However, even though time and resources would
have been freed, steps towards fully automated data acquisition were not extensive
among small and medium enterprises [54].
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Figure 2.9: Value of Data, freely redrawn [53].

Another challenge with the use of DT technology is regarding security and privacy
issues, as a large amount of sensitive data is continuously streamed and processed.
This data must be protected through the implementation of robust security pro-
tocols and safety barriers to prevent potential leaks or third-party attacks. The
manufacturing sector is facing increased cyber threats due to a lack of investment
in cyber security [55]. This has resulted in cyber threats evolving from targeting
traditional systems such as computers, networks, and smartphones to also targeting
the manufacturing sector [55].

Lastly, DT involves various stakeholders and there are challenges with getting their
views to align with each other [56]. Transparency, traceability and version control
[56] are important to consider when it comes to future-proofing the DT.

2.3.5 Competences
Simulation has developed over the past few decades; from a technology utilized by
computer and numerical experts to a tool used by engineers to answer certain design
and engineering challenges [39]. This transformation is primarily due to advance-
ments in computer hardware and software, which have made simulation technology
more accessible and user-friendly [39].

Similarly, DT technology is undergoing rapid development, and it could as well
eventually become a standard tool used by engineers. But given how quickly DT
technology is developing, there is a need for continuous learning and competency
improvement to fully leverage the use of DT. To properly manage and enhance DT
systems, professionals who work with them must stay current on new advances and
continuously hone their abilities.

Despite the need for automated data transmission, as described in Chapter 2.3,
there still is a need for human expertise that can interpret, handle and maintain the
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DT. The key competence required for this is described by Fantini et al. [57]. The
authors propose five main competencies.

"Detect" highlights the significance of situational awareness and the ability to iden-
tify any problems or anomalies with the operation of the DT. "Determine" refers
to the requirement for analytical abilities and the ability to make informed deci-
sions based on the data generated by the DT. "Develop" refers to task execution and
technical expertise required to implement adjustments and enhancements to the DT.
"Describe" contain competencies for communicating to stakeholders the performance
and insights of the DT.

Competencies that may not directly relate to the technical aspects of maintaining a
DT but nonetheless are crucial for assuring its success are included under "Other".
The requirement for cooperation abilities is one example of this. Building and main-
taining a DT involves many different stakeholders, from engineers to data scientists,
and effective communication among these groups is essential to ensure the success
of the DT.

Kumar and Jagadeeswar, have developed, as they state, lifelong learning materials
to improve competencies in the field of DT technology [56]. Their approach involves
developing three laboratory materials with concepts and knowledge currently used
in the industry, focusing on both technical competencies and cognitive skills. By
continuously improving competencies, professionals can ensure that DT technology
is effectively implemented and maintained [56].

2.4 DES environment in DT
DES models do not follow a uniform time distribution which complicates the frame-
work of real-time simulation in a Digital Twin [58]. State changes that occur with
events are what constitute a discrete model. To achieve real-time monitoring, the
simulation time needs to be synchronized to the real-time.

Obermaier et al. provided an example in flight simulations, where one input in
the simulation responds as it would in the real world [59]. Aligning the simulation
to real-time is done by either slowing down or speeding up the simulation. If the
input versus response is too slow or too fast, the simulation will become unrealistic
[59]. One approach to synchronise the simulation time to the real-time is to apply
precision time protocol (PTA) which can achieve a time accuracy within microsec-
onds [58]. This is especially important when the data is to be transmitted from the
physical system to the virtual system and vice versa.
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Morabito et al. explained how a DES-based approach could be implemented in
DT and verified it through two use cases. A simulator is a prerequisite to building
the DT. The simulator must be able to update itself when and if the real system
changes autonomously [16]. Due to DES models being based on historical data,
they are in their original form not suitable to act as simulators in DT. However, by
using the DES model as a simulator and then connecting the DES with its physical
counterpart, it was possible to use it during the production phase. Thus, by the
implementation of an additional software layer, the DES model could be connected
to the physical shop floor.

An automated trigger mechanism detected irregular behavior on the physical shop
floor. Data preprocessing identified and extracted the actual functioning of the
machinery. Additionally, a simulation was fed and executed through an interface,
eliminating the need for human involvement. The implication was that the DT
could forecast production performance, and act as a constructive decision-support
tool. Further, it could compare scenarios to optimize the configuration of the system.

An article by Sakr et al. suggested an integrated approach and building aspects for
a DT based on a DES model where real-time data was implemented [60]. The au-
thors discussed the drawbacks of the conventional DES model (historical data) and
emphasized the requirement for real-time data utilization for DES models in order
for them to be useful DS. Reconfiguration and state initialization were implemented
through an integration layer that had been built into the system. The DT could
rebuild the DES model and initiate its state to resume its main function. These
features gave the simulation the flexibility and reliability that DT demands.

To create a DT platform of patient paths in a hospital, Karakra et al. proposed
integrating DES with IoT devices [61]. The patients were required to wear RFID
tags. Then with the use of sensors, and set rules for start and end events each time
the tags entered or exited a virtual space, the movement of a patient corresponded to
an activity. The DES model’s input data corresponds to the beginning and ending
events. The status of the DES models could be updated in real-time to be in sync
with the outside environment based on these events connected to each action of the
patient pathways.

Another framework is proposed by Ricondo, et al. [47], where a DM could be trans-
formed into a DS with the use of Industry 4.0 technologies and the use of DES
software. The proposed framework was applied to a railway axles production use
case. The states of machines in the real factory could sequentially be updated in a
simulation environment. Traditionally the factory had built DM iterative and made
analyses based on historical data. The use of a DS improved traceability, current
state gathering and model input data estimation. The author’s conclusion was that
the use of DS improves performance, equipment information and business intelli-
gence capabilities [47].
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Methods

This chapter describes the different methodologies used to collect data in the thesis,
which includes a literature review, qualitative and quantitative studies, and an eval-
uation of DES in an industrial context. Further, a brief introduction to the use case
is given.

3.1 Literature review
Literature from numerous scientific databases was searched using Chalmers discovery
services to ensure high reliability of the sources. The methodology used for the
literature study can be seen in Table 3.1.

Table 3.1: Literature review methodology.

Literature review methodology
Database ScienceDirect, IEEE Xplore, Scopus and Google Scholar
Information source Scientific articles, case studies and books

Search keywords "Discrete event simulation", "DES", "Digital twin",
"Evaluation of software", "Comparison", "State-of-the-art"

Publishing year DES: from 1980, Digital Twin: from 2004, State-of-the-art: from 2018

Screening procedure Determining the content relevance by reading the abstract, introduction & conclusion
of the information source. Then proceed to read the content of specific chapters.

The literature selection process was based on comparing and evaluating existing
simulation software and state-of-the-art implementations of Discrete-event simula-
tion. The process was carried out by:

1. Reviewing the title together with the abstracts.
2. Examine the conclusion and discussion.
3. Analyzing the literature content.

The paper would be accepted if it fits within the research parameters. Otherwise, it
would not be included in the literature review. To ensure that the data obtained was
relevant, the literature selection process focused on acquiring peer-reviewed studies
that had been published as recently as possible, especially regarding state-of-the-art
implementations. However, it was not deemed necessary for general information
regarding DES since it is widespread.
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3.2 Qualitative study: Interviews
The interview was semi-structured. Thus, there is a set of predetermined questions
that will be asked. However, there was room for flexibility regarding topics and
follow-up questions [62]. With semi-structured interviews, the answers to the ques-
tions tend to be more open-ended and there is room for a deeper elaboration on
certain topics that the interviewee find interesting. The questions asked during the
interview are presented in Table 3.2. The interviewees were additionally asked to
complete a survey with more direct and opinion-based questions (see Chapter 3.6).

Table 3.2: Interview question and goals.

Interview questions Goal

Can you explain your typical model-building
approach and what are the key steps for a
successful simulation model?

Find what capabilities is key for building
a simulation model and identify how the
model builder experience might differ in
approach and how this might affect outcome.

How do you structure the programming
in the simulation software?

Find out similarities, differences, level
of ease and structure in Plant Simulation
and AutoMod. Ex orderlists, variables, resources.

What kind of analysis or decisions
support would you have wanted from a
Digital Twin that you feel are lacking in DES?

Find out what benefits a higher
level of simulation model can bring.

How do you make sure that the model
behaves as intended?

Identify methods the person uses for
controlling logic and model behavior.
Ex studying graphics, following loads and
using the debugger

The goal of the qualitative study is to complement the literature study with human
experience and explore perspectives that might be lost in a scientific paper. Inter-
viewing industry experts can lead to perspectives that complement what researchers
publish. The following interviewees, presented in Table 3.3, are partaking in the in-
terviews and have experience from either an academic or industry perspective.

Table 3.3: Interviewees description.

Role Software Experience
Simulation Specialist AutoMod, Visual Components, Plant Simulation 1-3 years
Simulation Specialist AutoMod, Visual Components, Plant Simulation, Extend sim, Simul8 3-5 years
Simulation Specialist Arena, Plant Simulation, AutoMod <1 year
Simulation Specialist Plant Simulation, AutoMod 5-7 years

PhD Student Plant Simulation 1-3 years
Key Partner Manager Quest, Plant Simulation, FACTS Analyzer, AutoMod >7 years

PhD Student Plant Simulation, Facts Analyzer, Visual Components 1-3 years
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Qualitative data collected from interviews can tend to be highly subjective to the
person interviewed and thus the quality of the data needs to be investigated. This
will be done by using normative, descriptive and prescriptive criteria [63]. These
criteria can be outlined as follows:

1. Normative criteria: Researcher strives for minimal bias in data collection,
unbiased generalisations and neutrality in interpretation. This is ensured by
being logically and rationally consistent in decisions.

2. Descriptive criteria: Researcher describes the context of the study and explains
the reasoning and thought process.

3. Prescriptive criteria: The study is performed in a structured and careful way
which is a scientific approach to decision-making.

To extract valuable information from the interviews, coding principles will be ap-
plied. This is used to structure and categorize the answers. Coding principles are
used to group and make sense of free text answers[64]. Coding the qualitative data
will allow for a (more) objective way of analysing the data since the interviewer
follow a set of rules in ways of grouping the answers.

The coding principle used will be deductive coding which is where you apply pre-
determined code to the qualitative data[64]. The code is constructed such that
answers are grouped from themes that are of interest. This approach can save a lot
of time but may be prone to bias since the interviewer is looking for answers that fit
the predetermined areas of interest rather than exploring the data. The interviewer
must therefore be mindful of considering all aspects and not only the ones that fit
the area of interest.

3.3 Quantitative study
The study aims to compare the accuracy and performance of two DES models: one
built using Plant Simulation and the other previously built by a working professional
using AutoMod. The AutoMod model has previously been accepted by a company
as a close representation of their actual production. Therefore, the AutoMod model
will serve as a benchmark against which the accuracy of the Plant Simulation model
will be measured. This comparison will help to identify the extent to which the
Plant Simulation model can reproduce the results of the AutoMod model, and the
factors that may contribute to any differences observed.

An identical production plan for a full week’s production will be run in both Plant
Simulation and AutoMod. The production plan contains 27 different orders that
are to be produced at 9 active packing lines. The production plan contains, besides
what type of order is to be produced at which packing line, also additional informa-
tion. This can, for example, be the weight of one bag type for that order, how many
bags fit in a box, box type, possibilities to support orders with their production and
what type of cleaning & maintenance is carried out after the order has finished on
the production line.
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The production plan is designed to reflect real-world production scenarios and will
involve running the simulation model with identical inputs, such as machine config-
urations, breakdowns and inventory levels. Through the experiment manager, five
observations using different random number streams will be used to measure the cu-
mulative throughput of produced boxes each day with and without failure rates in
both models. This will provide the average value of the selected parameter sample.
Some of the parameters investigated in the quantitative study will act as additional
support in the evaluation process.

In addition, we will compare the execution times of the two software programs. Both
models will be simulated without animations at maximum speed for the entire 7-day
production plan, and the time taken to complete the simulation will be measured.
It should be noted that minor variations in execution time between the models
are expected and may be attributable to differences in code structure. Noticeable
differences in execution time may indicate that one software takes a longer time to
run a simulation compared to the other.

3.4 Simulation study
Banks et al. proposed a set of guidelines for constructing a simulation study [9],
which are summarised in Figure 3.1. These steps provided a foundation for the
development of the model, although only the first seven steps, marked in the figure,
were carried out in this project.

Every simulation study should begin with a problem statement that is well-defined
and understood by all of the participants. The problem formulation was the same
as Research Question 1: How does model construction and simulation process differ
from general simulation software compared to specialised simulation software?

The next step is to set objectives and overall project plan. The objectives indicate
the questions that the simulation should address. For the case, the objects were the
same as the sub-questions related to Research Question 1. The scenario that was
assessed to be followed was a production plan provided by the company for one week.

The model conceptualization comes next. This lays the groundwork for conversa-
tions and demonstrates the logical connections between model items. The model
conceptualization for the simulation can be seen in Chapter 3.5.

The next step is data collection. In a manufacturing environment, common input
data are cycle times, resource availability, Mean-time-to-fail (MTTF), Mean-time-
to-repair (MTTR) and scrap rates. All necessary data in the project were provided
by the company through a model specification.
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Figure 3.1: Banks proposed main steps for building a simulation model, freely
redrawn [9].

After the data has been collected, the real-world system has to be translated into
a computer-recognizable format (Model translation). This step includes choosing
suitable software and coding the simulation model. This took the majority of the
time in this project and ensured that we could answer the set problem statement
together with the objectives.

Verified? Is used to ensure that each element in the model behaves properly. The
verification techniques used in this project were cross-checking the code, studying
the model animation, utilizing the debugger and allowing others to look at the code.

Validated? Is a comparison and quality check performed to ensure that the model
(including its data) corresponds to the real world to an acceptable level. Validation
took place through a walk-through and discussion of the model and results with the
simulation specialist that built the previous model in AutoMod.
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3.5 Introduction to use case
The thesis use case is an industrial customer case within the food industry. The
use case has previously been simulated by AFRY in the software AutoMod. An
overview of this model can be seen in Figure 3.2. Worth noting is that some areas
of the factory that were deemed irrelevant (activities to the left of the packing lines)
will not be included in the Plant Simulation model and the corresponding analysis.

Figure 3.2: AutoMod reference model (previously built).

A conceptual model was created to visualize the material flow and logical relations
between model entities based on the existing simulation model and the provided
model specification. This has been visualised in Figure 3.3.

Figure 3.3: Conceptual model of factory and material flow.
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The system illustrated in Figure 3.3 can be viewed as a black box, where the in-
put and output of the model are simplified as the flow of products. Each activity
consists of several sub-activities to be performed. The area within the packing lines
in Figure 3.3 is of special interest. Figure 3.4 shows the activities in the packing lines.

Figure 3.4: Activities in packing lines.

3.6 Evaluation of DES software
The literature review conducted in Chapter 2.2 revealed several evaluation criteria
that are commonly used to assess simulation software. The following criteria have
been selected to highlight potential differences between general and specialised sim-
ulation software.

• Model building
• Visualisation
• Accuracy
• In-built objects and pre-existing code templates
• Tutorials, documentation and model examples
• Coding and syntax
• Possibilities to integrate the model with external software
• Time and ease to learn
• Debugger

To determine the relative importance and ratings of these criteria, a complimentary
survey to the interview was conducted. This survey was conducted with the same
industry experts and researchers that participated in the interviews (which were
described in Chapter 3.2).

The anonymous survey consisted of a set of questions asking the respondent to select
what parameters that would be of special importance to look at when choosing a
new simulation software. Further, they were asked to answer what parameters the
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software they are currently using is exceeding; and asked to rate each criterion on a
scale of 1 to 5, where 1 represented "poor" and 5 represented "very good".

Based on the survey results, a weighting scheme for the evaluation criteria was devel-
oped using Analytical Hierarchal Process(AHP) [65], which is a common approach
for decision-making. The multi-factor decisions making process is facilitated by
weighting each factor and rating them to gain a collective evaluation of the different
parameters. The weights represent the relative importance ratings provided by the
survey respondents. A higher weight equals a larger impact on the evaluation, and
therefore of more importance. The weights are then used to calculate an overall
weighted total score for each simulation software, based on its performance across
the different evaluation criteria.

The aim is to provide a comprehensive and objective evaluation of simulation tools,
taking into account the perspectives and priorities of different user groups.
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Results

This chapter presents the findings from the qualitative and quantitative studies, as
well as the comparison and evaluation of the software. This includes a discussion
of the main themes and patterns identified through the model-building process as
well as any significant differences or similarities observed. The chapter continues
by presenting the results of the software evaluation.

4.1 Qualitative study
The results from the qualitative study have been summarised in Figure 4.1

Figure 4.1: Summary of Qualitative study.

Based on the findings from the interview it was observed that there seemed to be
a difference in the model-building approach for the two software. AutoMod users
tended to use a bottom-up approach, breaking the model down into subsystems and
programming, designing and testing each subsystem before integrating them into
the overall system to form the model. "I break it down into subsystems".
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"I usually like to take a subsystem and complete it, such as an automated guided ve-
hicle (AGV) system and then build it separately. Then, you can build the machine,
conveyors or other systems. Smaller modules to build a larger one".

This could be compared to Plant Simulation users who described that they usually
started with modelling the whole layout including material flow, and after that
started programming logic at the different resources when it was needed.
"I just make sure that the production line and flow work as expected and then I will
start to build some logic".

Further, what stood out from the interview was that AutoMod users tended to be
more load oriented "Loads determine everything".
They brought up that loads were seen as carriers of information. Multiple intervie-
wees mentioned that they could design processes where a load only spins and only
deals with information. "I always assume that the function is to send loads and that
they are the carriers of information".

All interview objects, no matter if they were from academia or industry, shared sim-
ilarities when it came to ensuring that the model logic behaved as expected. The
main tools used were the debugger, the printer function and visually making sure
the loads moved as expected. One of the interview objects also described rubber-
duck debugging and forcing the model into different states to be able to make sure
to find potential errors.

During the interviews conducted with professionals working with simulation, a no-
ticeable pattern emerged where the majority expressed scepticism regarding the use
of DES in DT. "It would be very case specific, I think. In many cases, there may
not be much interest". The main concerns seemed to centre around the need for a
compelling customer case that justifies the extra costs of implementing DT technol-
ogy. "It may not be cost-effective"."I am not sure this step from the DES model to
the Digital Twin is useful".

Furthermore, interviewees expressed doubts about the feasibility of obtaining real-
time data, as data collection is already a time-consuming process "Customers always
say they have the data, but when you ask for it, it usually takes time for them and
is the wrong data". Further, production systems were described as generally not
well-connected. "It places demands on production systems, which are generally not
well-connected. So that aspect is partially problematic."

One interviewee expressed that they lack the necessary competence to give a proper
answer " Can I pass on that question? I’m a little too unfamiliar with a Digital Twin
to answer that".

30



4. Results

One professional suggested that a middle ground could be achieved by importing
current data from the factory after a major breakdown then running the simulation
model, optimizing it, and obtaining actionable results. Potential use cases for Dig-
ital Twin technology in production operations and planning were identified by the
researchers.

"It provides different types of decision support, perhaps more focused on production
operations. You have the ability to get decision support in real-time, perhaps during
a shift change or planning, and to act on unforeseen events. You can use a tool
to plan the nearest period, not 3-6 months in advance when you introduce a new
product. This doesn’t mean it’s more important than other things, which may be
more profitable, but there are other possibilities there.

4.2 Plant Simulation model
The use case (briefly introduced in Chapter 3.5) was built by modelling several sub-
systems in different frames and then merging these together into the overall model.
The use case (modelled in Plant Simulation) can be seen in Figure 4.2.

Figure 4.2: Plant Simulation model of the factory.

The model consists of three subsystems and each of these subsystems fulfils an im-
portant role in order to produce the finished products. Each system, its functionality
and modelling assumptions are explained in the following sub-chapters.

4.2.1 Material supply
The first step in the model is the creation and supply of manufacturing units (MUs).
The model simplifies the entire process, resulting in a continuous outflow of products
with time gaps between the creation of these MUs. If the packing lines are not able
to keep up with production lines MUs are stored in the buffers. As the number
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of loads stored in the buffers reaches a predefined threshold, the time gap between
load creation increases, leading to a reduction in material supply capacity. When
the buffers are completely filled, the creation of MUs is paused until the buffer level
decreases to a specified level, at which point the creation process resumes. Worth
noting is that the change in load creation time has a delay and is not executed
immediately. There are two separate production lines that supply the packing lines,
as seen in Figure 4.3.

Figure 4.3: Plant Simulation model of the material supply.

The flow of material is modelled as a push flow, where the highest priority of dis-
tribution is downstream. Each MU is evaluating statements at each packing line to
determine if an order is currently active on that packing line, if products are needed
on that line and if there is a packing line downstream with higher prioritization that
requires products. The MU then either moves into the packing line or continues
to move down along the production line to the next packing line, where the same
control is performed again. This decision-making process allows for the dynamic al-
location of MUs based on the current operational demands and available resources.

The packing lines, described in Chapter 4.2.3, can be supported by both production
lines. The model strives in keeping as equal distribution as possible between the
production lines. Controls are performed every 5 minutes to calculate the demanded
number of loads on the packing lines and compare it to the status in the buffers. If
the demand on one of the production lines is higher and the buffer level is higher
in either of the buffers, one packing machine will change the preferred supplied
production line. The model changes the packing machine which results in the least
possible difference in the demanded amount of products.

4.2.2 Box supply
Boxes are produced by 6 machines modelled as sources, as seen in Figure 4.4. The
type of order currently processed on each packaging line determines what box type
that needs to be produced. The boxes circulate on two conveyor systems until there
is space available for the boxes on the packing lines. The model strives to keep a set
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number of boxes at the packing lines at all times to support continuous production.
Since there are more packing lines than box-producing machines the machines have
the capability to switch the type of box that is produced to match the requirements.
These changes come with a corresponding set-up time.

Figure 4.4: Plant Simulation model of the box supply.

The model also accounts for a maximum limit of allowed boxes on the conveyor
system to prevent it from becoming full. The machines are also modelled with
individual failure rates and processing time. Once a box type is not required by any
of the packing lines, it is deleted to leave space for new box types. A complete box
of bags is the final shipped product.

4.2.3 Packaging
The product (MUs) from the material supply, described in Chapter 4.2.1, has a
weight of 500g and travels on the packing lines conveyors to a scale. The scale mea-
sures the weight needed to produce one bag of this order type and drops it into the
next machine. This machine closes provided bags with the product inside. Since the
product from the material supply has a higher weight than for all types of different
bags, multiple bags can be created from one product. The bag weight determines
the processing time for the machine.

The weight of the bags does not always work out correctly with the weight of the
loads for all order types. Thus, the model also keeps track of how much weight is left
over from the supplied product till the next product enters the scale. A 2 % scrap
rate has also been modelled in the Packing lines. This means that each packing line
needs to produce more bags for every order than what was originally planned, in
order to complete an order.
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The process for the whole Packing line has been visualised in Figure 4.5. Once the
bag is sealed, it is transported on conveyors and packed into a box from the box
supply (as described in Chapter 4.2.2). When the box has been filled with the cor-
rect amount of bags it passes through the remaining machines, enters an elevator
and is transported to the palletizing where the model ends. Each machine has its
individual failure rate and process time.

Figure 4.5: Plant Simulation model of the packaging line.

Once the correct number of boxes has been sent to the palletizing the model makes
a control. It checks the production plan to see if any orders of the same type
are currently active on any other packing line. If this is the case, and that order
can be supported, this packing line supports the other packing line with its order.
If not, cleaning and maintenance take place, according to the specified time in the
production plan. The model then continues to produce the next order on the packing
line until all planned orders are complete.

4.3 Quantitative study
As stated in Chapter 3.3 an identical weekly production plan with 27 different orders
on 9 active packing lines was simulated in both AutoMod and Plant Simulation. The
randomness of stochastic modelling makes comparison on a day-to-day basis for a
single run (one random number variant) a bit misleading since the result is not con-
stant between different runs, but rather there exists a range of values that is possible.

Therefore, the models were run with 5 different random number variants, also known
as 5 observations, for the full week’s production. In the first experiment, both mod-
els were run without any failure rates.
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The results showed that the Plant Simulation model could reproduce the results of
the AutoMod model with high precision. The difference between the average accu-
mulated throughput of boxes varies between 0.46% and 0.2% on each day during the
production week between the two models. The difference between the two models’
average accumulated produced boxes each day is shown in Figure 4.6.

Figure 4.6: Comparison of the two models’ accumulated average difference in
output for each day, without failure profiles active (5 observations).

The reason for the difference could be related to the way the two models handle
supporting other lines. If packing lines produced the same order type, and one of
the lines was done with its order, it was for some of the orders to assist the other
line. In Plant Simulation, a threshold of at least 100 boxes left to produce on order
was set as a requirement to be able to be assisted with an active order. This was
done to prevent the order from being split indefinitely between two production lines.
A different solution could have been implemented by the AutoMod modeller.

Further, the modelling of the distribution of material flow and events is coded ac-
cording to the logic of the provided model specification was interpreted. The Au-
toMod modeller may have used a different approach, other rules, or thresholds to
distribute the material to the packing lines, which could have led to differences in
the simulation results.

The second experiment included running the model with the failure rates active
which increased the difference between the two models. The difference between the
average accumulated throughput of boxes is now between 3.24% and 5.61% each
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day. The difference between the two model’s average accumulated produced boxes,
with failure rates active, are shown in Figure 4.7

Figure 4.7: Comparison of the two models’ accumulated average difference in
output for each day, with failure profiles active (5 observations).

The main reason for this difference is how the two models model machine failures.
Both modelled machine breakdowns were based on simulation time and the same
failure data. The failure data for all machines were exponential distributions of
Mean Time Between Failures (MTBF) and Mean Time to Repair (MTTR) metrics,
as this was the data provided in the model specification. However, in the AutoMod
model, if the machine was idle (empty), the breakdown did not occur. This can be
compared to the Plant Simulation model which assumed that the breakdown could
occur at any time, regardless of whether the machine was processing products or not.

While this difference leads to a higher failure rate in the Plant Simulation model, as
breakdowns can occur during cleaning time and when all orders have already been
processed, this approach also captures breakdowns that potentially could occur in
the small gaps between MUs entering machines. For one random number variant,
this seemed especially unfavourable which led to lower average throughput and in-
creased the possible range of values.

In Table 4.1 the difference in the machine breakdown portion is illustrated, where
the difference in downtime of the AutoMod model compared to the Plant Simulation
can be noticed during a simulation period of four days for one machine type.
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As can be seen, Plant Simulation has consistently higher failure rates. Worth noting,
however, is that it is "artificially" high for Machine 1 since the packing line already
finished all of its orders on day 4 (for all observations), but the machine can still
continue to break down (in the Plant Simulation model).

Table 4.1: Comparison of average model failure rates of one machine type after a
simulation of 4 days (5 observations).

Failure
rates AutoMod STD Plant

Simulation STD

Machine 1 4,25% 0,77% 8,27% 1,25%
Machine 2 5,45% 0,70% 7,08% 0,99%
Machine 3 7,68% 1,12% 8,24% 1,37%
Machine 4 - -
Machine 5 6,51% 0,85% 7,62% 0,41%
Machine 6 7,62% 0,88% 8,14% 0,98%
Machine 7 7,48% 1,71% 9,38% 1,16%

Machine 10 4,69% 1,43% 7,33% 1,01%
Machine 11 5,59% 0,53% 6,89% 1,28%
Machine 12 - - - -

Both failure modelling approaches have their drawbacks and benefits. Basing the
machine breakdown on production cycles instead of simulation time would have been
a closer representation of reality for both models. A further discussion on the topic
can be found in Chapter 5.2.

An additional study aimed to compare the timing of events between the two models.
To achieve this, the time at which each order was finished on each packing line were
saved and plotted against each other. It should be stressed that these results are
only valid for one run (random number variant). The plot, as can be seen in Figure
4.8 shows that the models display an alternating but somewhat following pattern
in the completion times. As time progresses, the failure rates have a larger impact,
whereas the Plant Simulation model completes orders slower than in AutoMod.

Figure 4.8: Comparison of when orders are completed, where M stands for machine
and O for order.
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To compare the execution time of the two simulation models, each software runs a
simulation of seven days at maximum speed, while keeping the animations off. The
experiment is performed under the same circumstances. Thus the same hardware
and settings are used. The results have been summarised in Table 4.2.

Table 4.2: The execution times for both software during a simulation duration of
seven days for 3 runs.

Run1 Run2 Run3 Average
Plant

Simulation 8m, 38s 8m, 12s 8m, 6s 8m, 19s

AutoMod 5m, 8s 5m, 4s 4 m, 58s 5m, 3s

The factors that affect the execution time of a model are for example the amount of
code, objects and events. Naturally, a larger model with more code to run takes a
long time to execute. Further, code structure has an effect on execution time. There
is a risk that code was written in a less efficient way in the Plant Simulation model.
A further discussion on the results can be found in Chapter 5.2.

4.4 Comparative study

Based on the knowledge gained from building the use case, in combination with
information extracted from the interviews, a comparison between Plant Simulation
and AutoMod is carried out for different simulation features.

4.4.1 Model building

During the interviews, two different model-building approaches were identified for
the software types. In Plant Simulation, a top-down approach was commonly used,
where users first designed the system layout, including resources, components, and
material flow, and then added control logic to replicate real-world behaviour. In
contrast, AutoMod tended to use a bottom-up approach, where users modelled a
single resource or sub-system, then gradually built up the model to the final layout.

This corresponds with our observations from the use case. We believe this difference
is due to the simplicity of using pre-built objects which can be easily dragged and
dropped from the extensive library of objects in Plant Simulation. Additionally,
in Plant Simulation, material flow can be modelled by connecting the objects with
connectors, and basic process logic/control is already built into standard resources,
as shown in Figure 4.9.
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Figure 4.9: Categories of settings for a station in Plant Simulation.

This can be compared to AutoMod where for example creating a conveyor involves
three components: sections, transfer and stations. This process includes multiple
subfunctions to specify the conveyor’s details.

However, we argue that even though users may tend to favour one approach over
the other, the opposite approach is still possible in both software. For example, if
the simulation model is not that complex, a top-down approach would be suitable
in AutoMod as well, where resources can be placed and simple coding using move
statements can be used to create material flow. Similarly, in Plant Simulation, a
bottom-up approach, such as combining multiple frames for different subsystems,
does make sense for complex models.

Another finding during the interviews was that Plant Simulation users tend to be
more resource-oriented and AutoMod users tend to be more load-oriented. This is
likely because, in Plant Simulation, load-trigger events can be placed as a method
of an exit or entry strategy in the resource settings. This means that a method is
called every time a MU exits or enters that specific object. Further, as shown in
Figure 4.9 object settings can be manually set directly in the resource by the users.
This can be compared to AutoMod, where users tend to be more load-oriented, a
load typically contains all the information, and discrete events are based on how the
load triggers the events.

But, we want to stress that orientation towards load or resource may depend on
various factors. For example, the background of the user, the type of simulation
being performed, and the specific requirements and objectives of the simulation can
influence the orientation toward load or resource.
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4.4.2 Coding
When using Plant Simulation, the user writes code in files called "Methods". These
methods can be triggered by an object, sensor or another method, and the code is
executed when triggered by an event such as a load entering or exiting a conveyor,
as shown in Figure 4.10a. The methods also contain pre-built templates of codes for
different categories. These templates can be used to insert general code snippets,
reducing the time and effort to create logic.

(a) Exit strategy for conveyor, us-
ing a method.

(b) The method for controlling the action when a
load exit the conveyor.

Figure 4.10: Exit control using a method in Plant Simulation.

The most common control structures are provided as templates. Although Plant
Simulation offers the possibility to avoid coding when creating simple models it is
likely that coding will be necessary when the model complexity increases.

On the other hand, in AutoMod, the simulation model is executed by running dif-
ferent source files in a defined order. This allows the model to specify what events
should be simulated and when loads and resources are generated. Loads are then
sent to processes that trigger the code containing commands for the load, making
it easy to control the flow of commands in the code by sending loads to different
processes. Processes are triggered by loads and perform actions stated within the
process. These processes control the behaviour of a model. The user, therefore, has
to code no matter the complexity of the model. See Figure 4.11 for an example of
controlling loads on the conveyor.

(a) Conveyor system in AutoMod. (b) Coding for controlling flow of load on
conveyor.

Figure 4.11: Conveyor system in AutoMod.
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Another identified difference is how the software continuously checks for statements.
In AutoMod, it is common to have while loops running to observe statements trig-
gered by discrete events, A dummy load can be used for this purpose, allowing the
loop to keep checking for the condition during the simulation. Instead in Plant Sim-
ulation observers can be used and trigger methods when the observed variable or cell
changes or reaches a certain value (although while-loops are possible to implement
through dummy MUs triggering methods).

The Data Table in Plant Simulation is a valuable tool that allows users to store
large amounts of data generated during a simulation run. Further, the user is able
to format and index columns and rows. This can be used to reference cells with
strings instead of numbers. This makes the code easily understandable for others.
An example of this can be seen in Figure 4.12.

(a) DataTable in Plant Simulation (b) Method for referencing cell 1,1

Figure 4.12: Data Table and reference in Plant Simulation.

Regarding coding, the two software are rather similar but there are differences in
syntax and code structure. If you are used to one software, it’s important to be
aware of features that may not exist in the other program. This can help make your
coding more efficient and you can avoid brute forcing your way to a solution.

4.4.3 Collaboration
In AutoMod, code files are stored locally in a folder that can be executed by the
software, and these files can be shared easily with other users via a sharing plat-
form. Additionally, the layout, resources, and objects in AutoMod can be translated
into coordinates and shared, facilitating collaboration among users. Load-oriented
programming improves collaboration possibilities, as long as all participants follow
the same coding principles.

Similarly, in Plant Simulation the methods used to build a model can be exported
and shared as text files with other users. However, working on the same model si-
multaneously is challenging, as it requires a significant amount of manual work and
coordination among participants to ensure that changes are properly integrated.
This approach carries the risk of conflicting ways of structuring the model building
and naming of variables. Since methods in Plant Simulation are often triggered by
entry and exit methods, it is important for participants to understand when and
where methods should be executed.
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There are a few ways around this, with different drawbacks and limitations. One
way around this problem is to keep a master model where any changes or bug fixes
are implemented directly when done. This worked relatively well in this project.
However, if the number of participants in the model increases this solution quite
fast becomes problematic. Another approach is version control, however, the draw-
backs are if changes are carried out simultaneously. Both of these solutions place
demands on communication among the collaborators. Another possible solution is
that Plant Simulation provides the option to work in different frames or subsystems
that can be connected to a main frame, allowing for different coding and model-
building principles to be applied by users. Thus, it should be possible to work with
different processes and then later merge these. However, communication among the
participants is still needed to avoid conflicts.

Another approach is to use Teamcenter, which is a product life-cycle management
platform that can be used to facilitate collaboration and file sharing in the context
of product or production data. Teamcenter can lock a file when a user is working
on it, and therefore the need for communication or risk of conflicting changes to the
same file is reduced. Other users can still access the file, but they cannot make any
changes to it until the original users allow it.

4.4.4 Execution time & visualisation
Despite Plant Simulation’s superior visual aesthetics, the appearance of the simula-
tion is often of secondary importance. During the simulation execution, the user’s
attention is focused on monitoring the simulation output, rather than the visual
representation of the model. Both software provides the option to run simulations
without graphical objects, which can be particularly useful for simulations with
many graphics and movable objects to save computational resources and time. Ad-
ditionally, both software provides the ability to execute simulations in either two or
three dimensions, with the latter requiring more rendering time.

However, having a visually pleasing simulation can have its benefits in terms of
sales. A simulation that is aesthetically appealing might make the model more eas-
ily understood and accepted by those who do not have that much experience in
simulation. Nevertheless, the primary focus of a simulation is to generate accurate
results and output.

With a potential increased usage of the DES model as a simulator in a Digital
Twin, we expect that execution time will increase in importance moving forward.
For the software to accurately represent the system or process being modelled, the
software must be able to execute the model quickly enough to keep up with the rate
of change in the real system, as presented in Chapter 2.4. Implementing supervised
and unsupervised machine learning algorithms, as shown in Figure 2.7, will require
substantial data preparation, feature selection and model training. This will lead to
an increased number of lines of code that must be executed.
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The study, as shown in Chapter 4.3, indicated that Plant Simulation had a higher
execution time when compared with AutoMod for the two models.

4.4.5 Integration with other software
Plant Simulation provides several inter-process communication interfaces to access
and exchange data with other applications and servers. The wide range of built-in
interfaces can be embedded with the software and allows for flexible integration with
other software, which is useful for specific purposes. Further, if your manufacturing
execution system (MES) can support Excel, it is possible to import them as Data
Tables into Plant Simulation. This approach would instead be carried out through
reading and importing data as text files in AutoMod based on our findings.

This feature lays the groundwork for a Digital Shadow, where data can be imported
to the model whenever a critical event occurs in the factory and needs to be simu-
lated. Potential scenarios and how they could be implemented have been explored in
Chapter 4.6. The use of simulation runs with an updated model can give additional
decision support to flexible production planning.

Plant Simulation has the ability to import STEP files. This means that users are not
limited to specific CAD software when they want to modify the appearance of loads
or resources. By supporting STEP files, Plant Simulation offers users the freedom
to experiment with different design options and explore various configurations to
increase interpretability. In AutoMod the user can either use ACE, which is a basic
graphic editor to create cell file graphics (.cel files) to represent entities in a model,
or AutoMod Graphic Viewer, which allows the user to display, create and edit more
detailed graphics for use in a simulation.

Open platform communications (OPC) is available in both Plant Simulation and
AutoMod. This protocol allows the user to communicate with an OPC server dur-
ing a simulation run. This functionality is often used to replace hardware with a
simulation model in order to test PLC code[66]. This is an important step in em-
ulation and virtual commissioning. To create custom interfaces, windows Activex
control can be integrated with AutoMod and Plant Simulation in order to allow
applications that support this technology to execute code through the external ap-
plication. For example, starting or stopping the simulation, call functions and to
set variables.

Both software provides adequate built-in interfaces that allow for third-party com-
munication to facilitate data sharing and simulation control. However, Plant Simu-
lation has a wider range of built-in interfaces that allows the user greater flexibility
in designing a custom interface tailored to the specific application. This advantage
is due in part to the fact that Plant Simulation is created by Siemens, which offers a
broad range of digital tools. The integration of these tools enables communication
between different Siemens products, potentially simplifying the work with multiple
applications.
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It is important to consider the possibility of becoming locked into either supplier’s
products. If the user chooses the software for one aspect of operations, it may
limit the user’s ability to integrate other tools from different vendors. In Table 4.3
Interprocess communications and interfaces in Plant Simulation and AutoMod have
been summarised.

Table 4.3: Interprocess communication and interfaces in Plant Simulation and
AutoMod.

Interface Plant Simulation AutoMod
ActiveX X X

OPC& OPC UA X X
XML X

SQLite X
ODBC X X
COM X
DDE X

HTML X X
SIMIT X

C X
PLCSIM X

Socket X X
Teamcenter X

CAD X X

4.4.6 Learning Curve
Measuring the time and ease of learning a new simulation software can be difficult,
as it can vary depending on the user’s prior experience. However, based on our ex-
perience, we have noticed some differences between AutoMod and Plant Simulation.
Getting started with Plant Simulation and building a simple model is relatively
straightforward due to the availability of pre-built templates for code and setting
for objects. Additionally, the presence of helpful guides and an active support fo-
rum provides assistance when needed. However, as the model complexity and size
increase, the user still has to learn the syntax and in-built functions, which can
lengthen the learning curve.

In contrast, we noticed that learning to build a simple model and program basic ac-
tions in AutoMod can be initially challenging, as it requires learning the syntax and
programming concepts. However, once the user becomes familiar with the methods
used to control the logic, it can become easier to provide solutions to more complex
problems. As a result, we believe that the learning curve for AutoMod may be
steeper at the beginning, but it can become less challenging with experience. As the
model complexity increases, the prior knowledge of the syntax and programming
concepts learned earlier can be an advantage.
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The tutorials and documentation for both AutoMod and Plant Simulation provide
good aid in learning the basic knowledge of working in the software. Both software
has built-in help documentation which works in similar ways. Plant Simulation has
a tool called "help on word", where the user can highlight a command to get infor-
mation about syntax and attributes regarding the specific command or object. In
AutoMod, the user has to search the documentation for commands and informa-
tion. If using the documentation does not solve the experienced problem, there is a
community forum for Plant Simulation, where users can ask questions and receive
support from other users.

4.5 Evaluation of DES software
A set of evaluation criteria, see Chapter 3.6, is used to compare the two software
for the specific use case. The higher frequency of answers, the more important pa-
rameter. These answers act as support when weighing the parameters according to
importance when selecting DES software.

The frequency of answers to the most important simulation parameters (that were
selected by the seven interviewees) when selecting a new DES software has been
summarized in Table 4.4.

Table 4.4: Survey ranking of what parameters are considered most important.

Parameter Frequency
Model building 5

Visulisation 1
Accuracy 6

In-built objects
& functions 2

Tutorials, Examples
& Documentation 3

Syntax/Coding 4
Integration with
other software 4

Time and
ease to learn 3

Debugger 4

To analyse how each parameter is weighted against each other, the AHP method,
described in Chapter 3.6 is used. Each parameter is pairwise compared and scored
from 1-6, where the relative score is based on the frequency of answers (Table 4.4).
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Each row is then summed up as a weight in percentage, as shown in Table 4.5.

Table 4.5: Analytical hierarchal process for weighting the simulation parameters.

Criteria Model
building Visulisation Accuracy

In-built
objects

&functions

Tutorials
Documentation

& examples
Syntax

&Coding
Integration
with other
software

Time and
ease to
learn

Debugger Weight

Model
building 1,00 5,00 0,50 4,00 3,00 2,00 2,00 3,00 2,00 18,01%

Visulisation 0,20 1,00 0,17 0,50 0,33 0,25 0,25 0,33 0,25 2,63%
Accuracy 2,00 6,00 1,00 5,00 4,00 3,00 3,00 4,00 3,00 24,82%
In-built
objects

&functions
0,25 2,00 0,20 1,00 0,50 0,33 0,33 0,50 0,33 4,36%

Tutorials,
Documentation
and examples

0,33 3,00 0,25 2,00 1,00 0,50 0,50 1,00 0,50 7,27%

Syntax
& Coding 0,50 4,00 0,33 3,00 2,00 1,00 1,00 2,00 1,00 11,88%

Integration
with other
software

0,50 4,00 0,33 3,00 2,00 1,00 1,00 2,00 1,00 11,88%

Time and
ease to learn 0,33 3,00 0,25 2,00 1,00 0,50 0,50 1,00 0,50 7,27%

Debugger 0,50 4,00 0,33 3,00 2,00 1,00 1,00 2,00 1,00 11,88%

In the survey, the participants were asked to rate the simulation parameters in either
AutoMod or Plant Simulation from 1-5. 5 corresponded to the best possible rating,
while 1 was the worst possible rating. The average score for each parameter is
presented in Table 4.6.

Table 4.6: Average rating from survey study.

Parameters Avarage score
Plant Simulation

Avarage score
AutoMod

Model building 4,40 4,00
Visulisation 4,20 2,00

Accuracy 4,20 5,00
In-built objects

& functions 4,40 3,33

Tutorials, Examples
& Documentation 4,20 3,83

Syntax/Coding 3,00 4,00
Integration with
other software 2,80 2,00

Time and
ease to learn 3,80 3,67

Debugger 3,20 4,17
Total Score: 34,20 32,00

The goal function y is the total score for the software evaluation. A higher score
yields a better rating, where variable W is the weight factor and variable P is the
parameter score, as shown in Equation 4.1.

y =
n∑

i=1
(wi) ∗ (Pi) (4.1)

The average score from the survey (Table 4.6) is multiplied by the weight from the
AHP matrix (Table 4.5). In total, AutoMod scored 3.912 and Plant Simulation
3.788. The results have been summarised in Table 4.7.
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Table 4.7: Weighted ranking of the average parameter rating score, where the total
score is the goal function y.

Parameters Weight Weighted Ranking
Plant Simulation

Weighted Ranking
AutoMod

Model building 18,01% 0,793 0,721
Visulisation 2,63% 0,110 0,053

Accuracy 24,82% 1,042 1,241
In-built objects

& functions 4,36% 0,192 0,145

Tutorials, examples
& Documentation 7,27% 0,305 0,279

Syntax/Coding 11,88% 0,356 0,475
Integration with
other software 11,88% 0,333 0,238

Time and ease to learn 7,27% 0,276 0,267
Debugger 11,88% 0,380 0,495

Total Score: 3,788 3,912

For this specific weighting of parameters, accuracy and model building had high
relevance. Worth noting is that the participants from academia rated Plant Simula-
tion and the participants from industry rated AutoMod, which could give a skewed
result toward one or the other. For a different case it might be different parameters
that have higher weight and the outcome of the evaluation will be different.

By weighting the parameters according to the academic opinions solely, a different
outcome of the evaluation can be achieved, see Table 4.8. In this case, documentation
and tutorials were most important, and Plant Simulation scored slightly higher than
AutoMod. This variation resulted in a higher total score for Plant Simulation.

Table 4.8: Ranking based solely on academia weighting.

Parameters Weight Weighted Ranking
Plant simulation

Weighted Ranking
AutoMod

Model building 8,83% 0,37 0,33
Visulisation 8,83% 0,35 0,17

Accuracy 14,69% 0,62 0,73
In-built objects

& functions 4,38% 0,19 0,15

Tutorials, Examples
& Documentation 22,26% 0,93 0,85

Syntax/Coding 14,69% 0,44 0,59
Integration with
other software 14,69% 0,41 0,29

Time and
ease to learn 8,31% 0,32 0,30

Debugger 4,38% 0,14 0,18
Total: 3,77 3,60
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This can be compared with Table 4.9 where parameters were ranked according to
the opinions of working professionals. Model building and accuracy were weighted
highest once again. This resulted in a higher total score for AutoMod.

Table 4.9: Ranking based solely on working professionals weighting.

Parameters Weight Weighted Ranking
Plant Simulation

Weighted Ranking
AutoMod

Model building 22,41% 0,99 0,90
Visulisation 4,41% 0,19 0,09

Accuracy 22,41% 0,94 1,12
In-built objects

& functions 7,30% 0,32 0,24

Tutorials, examples
& Documentation 7,30% 0,31 0,28

Syntax/Coding 7,30% 0,22 0,29
Integration with
other software 7,30% 0,20 0,15

Time and
ease to learn 7,30% 0,28 0,27

Debugger 14,26% 0,46 0,59
Total score: 3,90 3,93

4.6 Dynamic production schedule
To investigate the opportunity to implement a Digital Shadow (DS) in Plant Sim-
ulation in the use case, a proposed framework for the implementation has been
visualised and can be seen in Figure 4.13.

Figure 4.13: Proposed architecture for a DS in DES software.
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A scenario where this could be implemented is presented. Firstly, the production
schedule is manually set by the production planner. The throughput of the produc-
tion schedule is then validated by running the simulation model. However, a critical
event, outside of what was included in the simulation model occurs. This could for
example be a major breakdown where spare parts that should have been available,
in fact, were not available. Production data could then be extracted through a data
storage system or the company’s MES and necessary parameters would be inserted
into an Excel file.

This data would is then imported into the DES model into a data table and run with
the new updated specific scenario that needs to be tested. Based on the output of
the new simulation run, an action can be made to reschedule orders. While the data
exchange is not automated and requires human assistance to import/export into
the model, the process is facilitated by the framework and can save model-building
time. This allows for a quicker analysis of unexpected problems and the result can
act as important decision support on what the best course of action is to take.

Using Excel and data tables is only possible if the Plant Simulation model is adapted
to setting parameters by reading the data from a data table. A method to import
data from Excel into a Data Table in Plant Simulation can be seen in Figure 4.14.
The production facility is required to have the enabling Industry 4.0 technology to
collect, transmit and process the required data to the personal computer, as de-
scribed in Chapter 2.3.3.

Figure 4.14: Code to import data from Excel into data tables in Plant Simulation.

To simulate a scenario where the conditions change with time, the simulation could
be run on the default settings until the time of the critical event is detected. The
settings can then be updated by altering the parameters using the Excel sheets and
continuing to run the simulation. This allows us to study the effect of the event
with respect to what has already been produced. This alternation can be effective
addition in decision support in whether or not to change the production plan.

Two imagined scenarios were implemented in the Plant Simulation model, as de-
scribed in Chapter 4.2, to illustrate the potential of the Digital Shadow.

Case 1: A machine is finished before the scheduled time
If a machine due to dynamic events is in a state of "Unplanned" (thus done with all
its orders) and other machines are behind schedule, a signal on the shop floor can
send the data to the simulation model to run scenarios to optimize the production
based on the new situation.

For the originally set production schedule, the last order would be finished after 7
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days, 9 hours, 59 minutes and 12 seconds in machine two. After extracting the data
from the production facility, a simulation run can be performed to analyse the effect
of moving the last order on machine two to another machine that is currently in
a state of Unplanned. The result would be that the last order is finished after 7
days, 1 hour, 17 minutes and 27 seconds, in machine two. This is a reduction in the
production time of more than 8 hours.

Case 2: A machine breakdown is taking longer than expected
If a machine is not able to be fixed due to unforeseen reasons, all the scheduled
orders will be delayed on that machine. To test how this affects the production
system, the data can once again be exported into an Excel document and imported
into the simulation model to be analyzed.

On day three of production, machine 5 is down and there are no spare parts or
maintenance workers available. The impact is that it takes a whole day to repair
the machine. The simulation is then run to the point of failure and then the parame-
ters are updated so that the failure rate is correlating to the time in the real machine.

The final order finishing time is then shifted to 7 days 8 hours, 46 minutes and 17
seconds, with a total downtime of 27,67 hours in machine 5. Since machine seven
is done with all its orders first, we investigate the opportunity to assist with the
final order on machine 5. The same scenario is run with the new production plan
to analyze the difference. With the changed production planning, machine five is
finished after 7 days, 22 minutes and 12 seconds, while machine seven (and thus all
orders) is finished after 7 days, 49 minutes and 31 seconds.
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Discussion

The chapter discusses the project content and the results from the different studies.
The discussion also addresses any doubts about the methodology used to come up
with the results.

5.1 Qualitative study
The qualitative study conducted in this thesis included interviews with both aca-
demic and industry experts to gather insight on topics related to DES, data quality,
and Digital Twins. A noticeable difference in the model construction was identified
between the users of general and specialised DES software users, indicating that
there are differences in model construction and simulation processes between gen-
eral and specialised DES software (RQ1). The interviewees using specialised DES
software described a resource-oriented top-down approach while the general-purpose
DES software users described a load-oriented bottom-up approach. The reasons for
this difference could be related to how the software types are structured with user
interface, objects and tools. Another explanation for this difference could be related
to model complexity, where a bottom-up approach could be more common in more
complex models.

The interviews also revealed professionals hesitations about using DES in Digital
Twin, with concerns focusing on the cost- benefits of the implementation and the
current state of data collection in production systems. While the concerns related
to data collection align with previous research made by Uhlemann et al. [54], the
doubts raised about the cost-effectiveness of real-time data integration with simu-
lation models was somewhat unexpected. The progress of IOT devices, which has
made it more cost-effective to implement and support Digital Twins as described
by Madni et al. [45] and that Digital Twins are viewed as an avoidable trend as
described by Tao and Zhang [40], may indicate a potential gap between academia
and industry. These are challenges that need to be addressed before fully imple-
menting a Digital Twin (SQ 2.2). However, potentially cost-effective solutions were
identified during the interviews as dynamic production planning (SQ 2.1) through
implementing a Digital Shadow.
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The study’s sample size was small, which has its advantages and disadvantages. On
one hand, a small sample size allows for greater depth and detail in the analysis,
as each response can be thoroughly examined. On the other hand, a larger sample
size would have provided a more diverse perspective from multiple industries and
companies. Further, it is worth noting that the majority of the interviewees from
the industry had similar experiences. This could have influenced the outcome and
introduced bias to the study. To mitigate this risk, a larger or more diverse sample
size would have been ideal.

Another limitation of the qualitative study is the risk of bias in data collection.
The outcome of the study will depend on the actors performing the study, and
this can introduce a subjective interpretation of the data. Additionally, the quality
of questions and how they were formulated can significantly impact the quality
of answers. The study used open-ended questions, which allowed interviewees to
interpret the questions according to their own experiences. However, this approach
may also lead to different interpretations of the same questions, making it more
challenging to compare responses across different interviewees. There is also a risk
of leading the interviewee to a certain answer when clarifying any question.

5.2 Quantitative study
Multiple simulation runs of the full production schedule were carried out under equal
conditions to gain statistical confidence in the cumulative throughput of boxes on
each day for both models. The difference between the two models, without the fail-
ure rate included, varied between 0.46% and 0.2%, indicating that the level of detail
in output generated by the specialised DES software compared to the generalised
DES software for the industrial use case is at a sufficient level (SQ 1.3). Further, the
execution time for both models was measured, where the specialised DES software
had a 64,8% increase in execution time for the use case (SQ 1.2).

The different methods of modelling machine breakdown were noticed to have an im-
pact on the results. The model in the general DES software made use of an approach
where breakdowns only could occur while the machine was active, i.e. processing
products. If the machine did not register as processing at the time of breakdown, the
machine would not go down, and a new MTBF counter would begin, disregarding
the previous demand. However, it was still based on the simulation time. While
in the specialised software, breakdowns were similarly modelled to occur based on
simulation time, but it was regardless of whether the machine was active or idle. As
a result, a machine could go down even if it was not processing any loads.

This difference in the modelling approach resulted in a higher failure rate for the
model in the specialised DES software since breakdowns could occur during clean-
ing and order changes. But it would also catch breakdowns that would occur in the
small gaps between MU:s entering resources. Nonetheless, it is worth noting that
both approaches have their drawbacks, and a more accurate representation of the
real factory setting could have been achieved with breakdown data based on the
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number of cycles, i.e. data regarding how many products can be processed before a
breakdown occurs.

It is also important to consider what type of breakdown when deciding on the ap-
propriate data to use. For example, breakdowns of tools do not happen when the
machine is not processing any products. Therefore, for these types of breakdowns,
basing the breakdown on simulation time does not make sense. Instead, basing the
breakdown on processing time would have been more appropriate. Worth noting,
however, is that the machine still corrodes, even if it is not working, and this type
of wear and tear should also be considered in the modelling approach. Therefore a
deeper breakdown of data would have been beneficial in the use case to be able to
model reality better.

A fairer comparison could have been made for the execution time where the two
software executes the exact same code. The two simulation models were built by
different people with different levels of expertise and experience. This naturally leads
to differences in the way the models are optimized and implemented. However, a
64.8% higher average execution time for the specialised software could indicate that
the generalised software has a faster execution time.

5.3 Comparative Study
The comparative study showed that there are both similarities and differences be-
tween the two software types in model building, coding, collaboration, execution
time & visualisation, integration with other software and learning curve (SQ 1.1).
If you are used to one of the software, it is important to be aware of features that
may not exist in the other type of software.

The choice of using AutoMod to represent the generalised DES software and Plant
Simulation as the specialised DES software could have potentially influenced the
outcomes of the study. For example, if a different software program had been used
to represent the generalised software, it might have affected the ease of representing
complex systems or integrating various industry-specific processes into the simula-
tion. Similarly, if another DES software had been selected to represent the spe-
cialised software, the findings, such as the top-down approach, might have been
different. Naturally, including more DES programs would have been beneficial to
strengthen the findings regarding different software types. However, due to the lim-
ited time frame of a master’s thesis, it is challenging to fully explore and learn all
the details of multiple DES software options, let alone include more than two DES
software in the analysis.

Furthermore, since only one use case was investigated, a limited number of processes
were modelled and examined. Modelling different systems and processes for a dif-
ferent use case could have potentially resulted in slight variations in the findings.
For instance, if use cases within the processing industry were modelled, different
findings might have emerged, even when using the same software.
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Therefore, one might argue that an extended time frame would have been needed
to master both software with their unique features and capabilities to be able to
compare both software fairly in depth. Even though you might have worked with
a particular software for many years, there may still be details or features that you
are not aware of. This research might therefore be viewed as only an introduction to
differences that exist between the software types, and what implications they might
have when choosing software.

5.4 Evaluation of DES software
The interviewees from both academia and the industry answered an anonymous
survey, where they answered what simulation parameters they considered the most
important (multi-choice) when choosing new software. They also rated the software
they had the most experience with on a set of simulation features (SQ 1.2) from 1
to 5. AutoMod had a weighted total score of 3.912, which can be compared to Plant
Simulation which had a weighted total score of 3.789.

If the weighting were solely based on the weighting of participants from academia
Plant Simulation had a total score of 3.77 and AutoMod had a weighted total score
of 3.6. If the weighting were solely based on working professionals AutoMod had a
weighted total score of 3.93 and Plant Simulation of 3.90. These results verify ear-
lier research by Guimares et al. [8] by indicating that different users have different
preferences when it comes to DES software, and that the detailing and weighting
components should be made according to the user or specific companies preferences.
The result of the evaluation can give an indication of what software is suitable for
the user and act as an additional decision support when selecting DES software.
The choice of evaluation parameters and the number of criteria used to compare
the two software, as well as the number of participants in the survey and interview,
impacts the study’s outcome. With other participants, the results could have a wide
range of outcomes.

However, this study is not intended to serve as a guide for selecting a particular
software or to suggest that one is superior to the other. Instead, the goal is to evalu-
ate simulation parameters and apply a methodology to determine which simulation
capabilities are important for the organization and the specific use case. From the
results, it is clear that both general and specialised DES software are viable alterna-
tives when building simulation models, and the choice may ultimately come down
to individual and organizational factors which were not included in the evaluation.

5.5 RQ1
Research Question 1 was mainly answered by experience gained from building the
use case in the specialised DES software while leveraging our previous experience
with generalised DES software. The findings were supported by the available doc-
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umentation in the two software. The quantitative and qualitative studies, as well
as the survey, acted as support and provided external insights from working profes-
sionals in the industry and academia.

The interfaces and tools that exist to support the user, differ from each software.
The specialised DES software is more up to date in terms of a user-friendly interface
and design, while the generalised DES software has an older user interface and is
mostly text based. Both software types have their strengths and weaknesses when
it comes to the certain simulation features investigated in the thesis. However, the
level of detail in terms of output, and thus, accuracy, for the specialised Discrete-
event simulation software is comparable to the generalised software for the specific
use case.

Additionally, the effect of model complexity has been touched upon, where the
specialised software might be the preferred option if the user does not have a lot
of experience in simulation or coding and would want to build a simple model.
However, as the model complexity increases there are benefits and drawbacks of both
software, making the choice less distinct and more related to personal preference.
One might favor the generalised DES software due to the increased control of flow
and another might favor the specialised DES software due to the ease of modelling.

5.6 RQ2
Research Question 2 was mainly answered through the literature study. This liter-
ature review aimed to identify key competencies and enabling technologies for DES
in DT applications and challenges that exists in moving towards a fully functioning
DT. Within the described key technologies, the need for competent people to de-
velop and maintain is needed to support the DT.

The findings from the literature study, inputs from the interview and the experience
from our model building made us identify an interesting area of implementation for
the use case. This would be to move from a Digital Model to a more accurate and
dynamic Digital Shadow. This could be implemented in the use case by utilizing dy-
namic production planning. The idea behind this approach is that before the start
of the week, the orders the company is to produce the following week are simulated
to obtain the most optimal production schedule.

In reality, the production process is prone to uncertainties such as prolonged ma-
chine breakdowns due to missing spare parts or sudden changes in demand, which
can affect the production schedule. Meaning that what was optimal at the begin-
ning of the week, might no longer be the most optimal going forward. Therefore, by
setting a predefined rule, such as after a major breakdown, the production data is
imported into the simulation, and the simulation is run once again to optimize the
production schedule based on the latest information.
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This approach helps to ensure that the simulation remains accurate and up-to-date,
allowing for more cost-effective decision-making and increasing the value proposition
of a DES. Two situations where this approach could be useful were when a major
breakdown occurs in the factory and when a machine is not being utilised.

5.7 General discussion
Understanding the differences between generalised and specialised simulation soft-
ware can increase the understanding of specific requirements and functionalities nec-
essary for using Discrete-event simulation within the Digital Twin framework. By
looking at the model construction and simulation process in both types of software
(RQ 1), insights can be gained regarding flexibility and industry-specific features.
This knowledge is then linked to RQ 2, which gave insights into skills and knowledge
areas that are needed to effectively utilise the simulation capabilities. Integrating
these research questions allows for an exploration of the interaction between simula-
tion software types and the competencies required for successful application within
the Digital Twin, contributing to a deeper understanding of simulation technologies
and their potential in real-world applications.

Sakr et al. [60], Morabito et al. [16] and Karakra et al. [61] show use cases where
there have been successful implementations of DES in DT environments using real-
time data. However, real-time synchronization and having a reliable IT infrastruc-
ture remain a challenge, and therefore, it is essential to identify an application where
the benefits outweigh the extra investment and maintenance cost of a Digital Twin.
Transitioning to a Digital Shadow may be a possible alternative that does not rely
on the real-time bi-directional continuous flow of data. One could argue that the
specialised DES software might be more future-proof for this shift since the software
has more capabilities regarding the connection of the model with external applica-
tions. On the other hand, the faster execution time could be an argument in favor
of the generalised DES software, making the choice not clear-cut.
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By building the model in the specialised software, performing experiments and com-
paring the results to an existing model in the generalised software, we could conclude
that DES software is at its core the same, no matter if it’s specialised or general. The
differences in results can be explained by the underlying methods and assumptions
made. Systems and processes that are possible to model in a general Discrete-event
simulation software are also possible to model in a specialised software, and vice
versa. The difference lies in the methodology to reach the goal. Both types of soft-
ware have their advantages and disadvantages and are both viable options to use in
a professional setting.

While our study revealed differences between the types of software in model building,
it is important to note that the choice of software ultimately depends on the user’s
specific requirements and objectives. Factors such as the user’s experience, prefer-
ences, and interpretations can significantly affect the outcome of the model-building
process and results. To strengthen these findings, more software for generalised and
specialised could be looked into.

Selecting the most effective simulation tool for a production process depends on the
specific requirements and constraints of the project. Understanding the differences
between the two types of software can help researchers and users select the appro-
priate software and develop effective and efficient models that achieve the desired
results.

Throughout this study, an interesting gap between academia and industry was iden-
tified. Although a connected Digital Twin can enhance decision-making capabilities,
a relevant question is whether the additional investment and maintenance costs jus-
tify its implementation for companies. In some instances, using DES might be
sufficient to attain the desired outcome. Before companies decide to invest in a DT,
numerous factors and challenges must be evaluated, and the technology may not be
appropriate for all scenarios. It is essential to analyze the capabilities and expected
outcome of the DT before committing to the investment, much like selecting the
right software. Therefore, exploring cost-effective steps to implement DT should be
a priority for future research.
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There exist different definitions of a DT, both in terms of to what extent the data
flow, but also in terms of abilities and depths, complicating the matter. Reaching
a common ground in both academia as well as industry regarding what a Digital
Twin is, and what it should be able to do, would be beneficial.

While a fully implemented DT seems to be facing some resistance from the indus-
try at the moment due to described challenges and cost versus benefits doubts, our
results show indications that moving from a DM to a DS could be an attractive alter-
native for increasing the value proposition of DES. Future work within the subject
could investigate the possibility to implement the proposed framework and apply it
to a use case. Another possibility for future work is to find other applications than
production planning where a DS can increase the value proposition of DES.

Another recommendation for future work is to utilize DES as a platform for training
various machine learning algorithms. Reinforcement learning (RL) algorithms use
agents to explore the environment to find optimal paths and configurations. The
use of DES as an environment in RL could be a powerful tool for the agent to
optimize the simulation model towards a goal function. An example is to optimize
AGV systems where many carriers are in motion simultaneously and each has a
target destination with multiple paths. The goal function could then be to reach
the destination in the shortest time or path.
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