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Abstract 

The industrial company Scania CV AB is a world leader in the manufacturing of com-
mercial vehicles. They offer a modular systems that include heavy trucks and buses 
that can be configured to a range of different needs. However, this adaptability leads 
to a problem where each order can have a large variance of assemblers that are re-
quired during the manufacturing process. In other words, variant assemblers have a 
workflow that can shift from high workload to low workload and vice versa in a short 
period of time. To solve this problem a prototype will be developed. This prototype 
will be used to check if it’s possible to optimize the work schedule for variant assem-
blers with the help of predictive simulations.  

The result of the study became an implementation in form of a prototype. This pro-
totype is built up in two layers; a data layer and a simulation layer. The data layer 
provides the simulation layer with two different datasets. The first dataset is based 
on historical data and is derived from Scania’s production in Zwolle. The second da-
taset is based on synthetic data which is formed with a high utilization rate in order 
to mimic a better production situation with less product variants to assemble. The 
simulation layer consists of a DES-model that is modelled after a station in the final 
assembly of Zwolle. After a simulation has been executed, this layer generates a sim-
ulation result in form of a graph that presents the utilization rate for a group of var-
iant assemblers. This will happened for each dataset in the data layer, in this case 
two times. The simulation result that got produced shows that it’s possible to create 
a simulation with predictive characteristics. A long term solution for Scania’s prob-
lem statement requires more research within the possibility of combining different 
technologies such as DES with predictive methods such as ML and GAs.  
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Predictive simulation, lean manufacturing, industry 4.0, smart factory 

 

 

 

  



 
 
 
 
 

 

  



 

 

Sammanfattning 

Industriföretaget Scania CV AB är världsledande inom tillverkning av kommersiella 
fordon. De tillhandahåller ett modulärt system som inkluderar tunga lastbilar och 
bussar som kan konfigureras till en rad olika behov. Den här anpassningsförmågan 
leder dock till ett problem där varje order som tillverkas kan ha en stor varians av 
hur många montörer som krävs under produktion. I andra ord så har variantmontö-
rer ett arbetsflöde som kan skifta från hög arbetsbelastning till låg arbetsbelastning 
och vice versa under en kort period. För att lösa dessa typer av problem så ska en 
prototyp med prediktiva egenskaper så som Diskrete Event Simulering (DES). 
Denna prototyp ska undersöka om det är möjlighet att optimera arbetsscheman för 
variantmontörer med hjälpa av prediktiva simuleringar.   

Resultatet av studien blev en implementation i form av en prototyp. Denna prototyp 
är uppbyggd i två lager; ett datalager samt ett simuleringslager. Datalagret tillhan-
dahåller simuleringslagret med två dataset. Det första datasetet är baserad på histo-
risk data och är härledd från Scania’s produktion i Zwolle. Det andra datasetet är 
baserat på syntetisk data som är framtagen med en högre utnyttjandegrad för att 
efterlikna ett bättre produktionssitation med färre produkt varianter att montera. 
Simuleringslagret består av en DES-model som är modulerad efter en station i slut-
montering i Zwolle. Efter att en simulering har exekverats så genererar detta lager 
ett simuleringsresultat i form av en graf som presenterar utnyttjandegraden för en 
grupp med variant montörer. Detta sker för varje dataset i datalagret, i detta fall två 
gånger. Simuleringsresultatet som togs fram visar att det är möjligt att ha skapa si-
muleringar med prediktiva egenskaper. En långsiktig lösning för Scania’s problem-
beskrivningen kräver mer forskning inom möjligheten att kombinera tekniker som 
DES med prediktiva metoder som ML och GAs.    

Nyckelord 
Prediktiv simulering, lean tillverkning, industri 4.0, smarta fabriker 

  



 
 
 
 
 

 

  



 

 

Abbreviations 

IT Information Technology 

PS Production System 

SPS Scania Production System 

IoT Internet of Things 

DES Discrete Event Simulation 

AWS Amazon Cloud Service 

VPC Virtual Private Cloud 

TCP Transmission Control Protocol 

UDP User Datagram Protocol 

SSH Secure Shell 

RDP Remote Desktop Protocol 

DLL Dynamic-Link Library 

ODBC Open Database Connectivity 

API Application Programming Interface 

DSN Data Source Name 
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1 Introduction 

1.1 Problem statement 
 
Scania CV AB is one of the largest manufacturer of commercial vehicles in Sweden. 
They offer a large variety of modular systems which include heavy trucks and buses 
that can be configured to a range of different needs. Within Scania there's the affili-
ated information technology (IT) division. The IT division has main office in Söder-
tälje and works with the system development, IT-maintenance and infrastructure 
of the global business Scania.  
 
One area which Scania has been working on to stay competitive on the global mar-
ket is to improve the elimination of waste resources found in different production 
processes. One such process is how variance work is carried out at Scania’s final as-
sembly production line located in Zwolle, Netherlands. In a conversation with a 
project engineer (oral communication, 19th September), it was explained that in 
Zwolle’s current factory settings there’re around 25 to 30 variant positions per shift 
that the factory assemblers need to fill. He continued to explain how they arise be-
cause of Scania’s modular truck system. For example, an ordinary truck has two ax-
les. But with Scania’s modular system, they can range from two, three and even 
four axles. Therefore, the variance work occurs when products with extra parts 
needs to be assembled. But when this extra work is not present, the assemblers at 
the variance positions has nothing to assemble.  
 
In other words, the workload of a variant assembler can differ from day to day ac-
tivities. These types of irregularities in the workload does not follow the goal of 70% 
productivity which is the Scania standard. Therefore, this has led to the need of a 
system which can digitally simulate how the workload of the variance positions 
should be balanced out. This is would be done to stay predictive instead of reactive 
and therefore optimize the total amount of variance positions required at the final 
assembly of Scania trucks in Zwolle.  
 

1.2 Aim 

1.2.1 Aim of the pre-study phase 
 

1. Realization of a general-purpose literature study in the areas of lean manu-
facturing, industry 4.0 and predictive simulation with the purpose to add 
knowledge and better understanding of the different fields.  

2. Perform a qualitative literature study to identify possible solution methods 
that can be used to validate if predictive simulations works as a concept. 

1.2.2 Aim of the investigation phase 
 

1. Conduct interviews with senior staff at Scania to gain a better understanding 
on the process to be simulated and in addition what can be done using the 
data and tools provided by Scania’s IT-infrastructure. 
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1.2.3 Aim of the implementation phase 
 

1. Create a prototype using chosen solution method.  
2. Using the prototype, create a theoretical basis for which value predictive 

simulation can give. 
3. Recommendation of action to Scania.  
4. Recommendation for future work in the field containing problems with simi-

lar characteristics. 
 

1.3 Limitations 
 
The thesis is limited by the data available in Scania’s IT systems. The thesis is also 
limited by a chosen manufacturing line in collaboration with Scania IT. The work 
comprises of 10 weeks of full-time studies for one student.
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2 Theory and background 

2.1 Lean manufacturing 
 

As written by Howell [1] lean manufacturing started with Engineer Ohno who 
worked at Toyota. Ohno lead the shift that started to focus attention to mass produc-
tion instead of having assembler’s productivity being spent on narrow craft produc-
tion and use the machines for all the monotonous work. This shift was visualized via 
a new production system (PS) with a new set of objectives. Ohno’s goal with this new 
PS was that a car should be produced based on the requirements of a customer, it 
should be delivered instantly and there should be no car inventories nor intermedi-
ate stores. The single most idea that drove this new PS was the reduction of waste, 
or in Japanese “Muda”. In Ohno’s thoughts, failing to meet the goals of the PS was a 
waste of resources. This being an important factor for every industrial manufac-
turer.   
 
Howell [1] continues to explain that moving into today's society lean manufacturing 
continues to evolve. But it still follows a basic set of generally outlined ideas. Howell 
draws up these points as: 

 “Identify and deliver value to the customer value: eliminate anything that 
does not add value.” 

 “Organize production as continuous flow.” 
 “Pursue perfection: Deliver on order a product meeting customer require-

ment with nothing in inventory.” 
 
Scania is a true believer of lean manufacturing. They’ve had a close collaboration 
with Toyota in the development of their own Scania Production system (SPS). The 
SPS, which follows Ohno’s philosophy has had a positive effect on Scania as an or-
ganization and has led to increased efficiency and productivity. The SPS describes 
Scania’s values, principles and priorities as seen in figure 1 below. Together it has 
driven every decision making and improvement to reduce waste in all areas of the 
organization. This also include the IT division and all the new IT development taking 
place. In other words, it doesn’t only apply at production but also at the digitally 
world of Scania IT. 

                                        
          Figure 1 - The Scania Production System-house (Scania Office) 
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2.2 Industry 4.0 
 

Industry 4.0 is the new paradigm shift revolving industrial manufacturing world-
wide. First coined in Germany as “Industrie 4.0”, the German editorial BMBF [2] 
explains how it came about from a high-tech strategy project made by the German 
government to promote the computerization and digitalization of manufacturing. As 
seen in figure 2 below this new trend can be interpreted as the next industrial revo-
lution. The basic idea is that with the help of different high-tech utilities it will add 
enormous benefits to the industrial process which can be compared to the invention 
of steam power. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                      Figure 2 - Industrial revolutions and future view (Christoph Roser, AllAboutLean.com) 
 
The areas that are the driving force behind industry 4.0 are improved automation 
and data usage. As described by H. Lasi et al [3] these technologies will enable the 
communication and cooperation via large Internet of Things (IoT) networks which 
will span through the whole chain of production. This will also allow for real-time 
data analysis from the improved machines to be processed from whichever service 
may need it. Thus, creating the foundation for data to be refined and its value 
brought out in whatever way the organization seems fit. Another factor adding to this 
is cloud data storage. If data can be easily communicated within an organization, it 
can also be made so that the data is highly available through cloud services. There-
fore, closing the circle in which data can be brought directly from the floor of a pro-
duction line and consumed by various applications and systems further down the 
value chain.  
 
All the different technologies contributing to Industry 4.0 will also allow for the cre-
ation of so called “Smart factories”. Gilchrist [4] continues to explain how the rise of 
the different technologies in industry 4.0 will allow for smart manufacturing process. 
These process is seen as smart because they allow for the delivery of products far 
away from our previous expectations. All the improved technology will give rise to 
an increased productivity and reduced waste. These being important strategic goals 
for any industrial manufacturer, including Scania as seen in chapter 2.1. 
 
Gilchrist [5] continues to expand on the subject of “Smart Factories”. He explains 
how not everyone will be winners with this new transformation towards “Smart fac-
tories”. Developed countries in the US and EU will benefit the most. Since their 
whole supply chain will get localized reducing transport and shipping costs. This is 
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since it has been quite popular to outsource parts of production to undeveloped 
countries. This is due to the cheap labor present in these countries. However, with 
the rise of “Smart Factories” hands on labor will not be as important. Therefore, 
economies with its backbone built around industry 3.0 practices must rethink their 
approach for the future. Scania however has keep main parts of production in Swe-
den to ensure quality and keep some important manufacturing processes away from 
competitor’s hands. Thus, “Smart Factories” has the possibility to benefit Scania im-
mensely since only the assembly of final parts can be found in the areas outside of 
Europe.   
 

2.3 Predictive simulations 
 
To understand what “predictively” is one must first understand what predictive an-
alytics are. As written by A. Bari et al [6] predictive analytics combines the data of an 
organization and its business knowledge to uncover hidden value. Depending on the 
data available, the value uncovered can range from a wide of different characteristics. 
For example, it can foresee the likelihood of future events based on current or his-
torical data. However, to gain this insight of future events and processes, the math-
ematical representations of the them must first be created. A. Bari et al continues, 
they explain how these mathematical models is the collection of different input data 
and contains an individual scoring of their impact. Depending on the input data, this 
scoring can then result in a probability of what is to come. With the help of these 
models, an organization can then use this type of analysis as a basis for future out-
comes giving it the “predictive” elements as hinted in the name. 

The term simulation is defined as an attempt to imitate a process or a system. As 
written by Averill M. Law et al [7], the attempt to simulate needs to take into account 
the different characteristics of the actor such as physical properties, behavior and 
functions. With this said, it’s possible to combine the concepts of predictively and 
simulation to form this concept of “predictive simulations”. This forms simulations 
which has the possibilities to predict changes to a process before it taking place. This 
feature would bring lots of benefits from a lean perspective.   
 

2.4 Solution methods 
 
In this chapter different solution methods will be presented based on a qualitative 
literature study. This literature study will be used as a basis to decided which solu-
tion methods fulfils the aim of the thesis. The structure of this chapter will be first a 
background of the method following a case study looking into the characteristics of 
each solution method using reviewed work. Characteristics of the solution methods 
that will be looked for is area 0f usage, method of implementation and the result of 
the method. The characteristics of these solution methods will then be compared to 
conclude which method will be used going forward in chapter 3. 
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2.4.1 Discrete event simulation 
 
As written by M. Allen et al [7] discrete event simulation (DES) is the process of stim-
ulating behavior and performance of a system over time. For example, DES can be 
applied to model a production line in manufacturing. In such a model no change is 
assumed to have occur in between every event, allowing it to move from one process 
to the next. Thus, enabling it to follow through the whole flow of a production line. 
With this type of simulation which DES enables one can have a single set of input 
data to run through the whole system simulation. Therefore, every single event oc-
curring in the chain will amount to the result. Simply put, with a selection of input 
data you will get an output data still coherent after being processed by different 
events in the simulation. 
 
Combining the techniques of predictive analytics (explained in chapter 2.3) and DES 
one can start to create so called predictive simulations. A predictive simulation in 
this case would run the simulation of a system and the result could be used to foresee 
different scenarios. For example, it could be used to foresee the workload of factory 
using order data on what is to be assembled. Using that information, a factory’s 
workload could then later be optimized to reduced so called variance work position 
and therefore reduce the waste found with the different variance positions.    
 
As written by Fred Pretorious [DES 2], DES has been successfully been used in a 
manufacturing plant for liquid products. In the paper it is described how DES has 
been used as a simulation tool for production scheduling. The result was a simulation 
that was used to predict if the production capacity is capable to meet the future pro-
duction demand. In the paper Fred P. described how the simulation gave good result 
but was relaying on a production scheduling management system to give the most 
benefit to the organization.  
 
Kádár et al [DES 1] writes how they conducted a case study using DES in a plant 
having both matching, welding and assembly. In this case study the result was a mul-
tilayer simulation approach which gave the possibility to manage the dynamic envi-
ronment. The main benefit with this approach is the usage of combining capacity 
planning, short term scheduling as well as simulation quasi-emulation.  
 

2.4.2 Machine learning 
 

An alternative method to implement predictive simulations could be with the help of 
machine learning. As written by Stuart Russel and Peter Norvig [8], machine learn-
ing (ML) is the practice of using algorithms that can learn from data and make pre-
dictions on it. Within ML there is different types of implementations such as super-
vised learning and reinforcement learning. The following two paragraphs will ex-
plain how each of these two ML methods works and how they can be applied to create 
predictive simulations. 

Supervised learning works in the way that it tries to learn and map an input to an 
output, given “training” examples that has correct input-output pairs. This machine 
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learning approach also needs an algorithm that can generalize to cope with unfore-
seen situations. For this thesis, the training examples could consist of scenarios at 
the shop floor that Scania believes are correctly execute. These scenarios would then 
build up a supervised learning model that can be used and tested for live production. 
The favored outcome of using such a model would be that it could plan a schedule 
for variant assemblers that does not include any conflicts where a variant assemblers 
needs to be at two places at the same time (see chapter 2.4 for further explanation of 
the concept “conflicts”). 

Reinforcement learning functions in the way that it tries to figure out how to take 
actions in an environment so that these actions are maximize for the best possible 
reward. This is the “reinforcement” part where the creator states what actions gives 
the best possible result. This feedback will amount to the reinforcement learning 
model taking the best action. If this was to be applied to this thesis, then the utiliza-
tion of a variant worker could be a factor to base the reinforcement on. For example, 
if a variant assembler has two work tasks that are physically demanding back-to-
back, then this would be given a low reward. Using this example together with all the 
different factors present at the shop floor could then be used to make the most opti-
mized schedule for a variant assembler from Scania perspective. This “Scania per-
spective” would for example use and follow the SPS-house as seen in figure 1. For 
example the priority list could be directly adopted and used upon where 
Safety/Health/Environment has a higher priority over  Quality e.g. 

Looking into a real-world case, ML was used to improve the sequence rules for pro-
duction scheduling of semiconductors. Jens Heger et al [ML1] writes how a simula-
tion was used to pre-train the sequence functions. These functions was then applied 
to a real test case with focus on dynamical scenarios. The result presented described 
that machine learning was a working approach but as the dynamics (and complexity) 
of the job scenario increased, the cost of running simulations also increase. Due to 
this, the study highlighted the importance of making good data selection.  

As written by Bernd W. et al [ML2], reinforcement learning was used to produce self-
learning systems which could optimize production schedules on run-time. This the-
oretical approach combines simulations of a semiconductor manufacturing process 
to train the models in “offline mode” but then to apply them to the real production 
environment. It used Googles DeepMind DQN framework to decentralize the agent 
algorithms. The writers described the results as a success as the model reached hu-
man expert knowledge benchmarks within 2 days of training.  

2.4.3 Genetic algorithm 
 
Genetic algorithms (GAs) is a heuristic method inspired by Darwin’s theory of natu-
ral evolution. As written by Melanie Mitchell [GAs4], GAs are used to solve optimi-
zation and search problems by using biological inspired functions such as mutation, 
crossover and selection. The process of GAs works very similar to natural selection. 
It first starts with the selection of the fittest out of a population. The ones selected 
will generate offspring which will inherit characteristics of their parents. If the par-
ents have better fitness, or in other words are better at competing than others, their 
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offspring will be better than other older generations and have a better chance at sur-
vival. This is the basic flow of GAs. 

If you were to look more closely on what characteristics makes GAs strong candidates 
at solving optimization problems it’s two major components; fitness and mutations. 
Fitness incorporates a “best” scenario which could be illustrated as the result of the 
model. Mutation incorporates the random factor were any new characteristics can 
evolve to become the fittest. In a scenario such as predicative simulation then GAs 
can be used to find the best scenario depending on which process is being modelled. 
In addition, fitness could be modelled after the SPS-house illustrated as figure 1 
found in chapter 2.1. Here the characteristics of the SPS-house can be used to set the 
fitness function and thus enable the evolution drive of GAs towards the SPS values 
once quantified.  

As written by Cirovic I. et al [GAs2], genetic algorithms are good at solving NP-hard 
problems which is the case of production planning. They continue to describe that 
GAs is a good match to optimize the planning but more research into the subject are 
needed. This is specially through when scaling the concept, but also how to design 
selection mechanics and genetic crossover operators.  

Another case where GAs has been used is explained by Dahal K. et al [GAs3]. They 
write how resource allocation, scheduling and equipment utilization, all part of the 
process industries, can be optimized using GAs. They continue to describe how they 
combine to simulations of the process to better evolve the algorithm. A concluding 
case study showed in both economical and operational benefits. However, by the cost 
of combining multiple technologies such as both GAS and DES. 

2.5 Workload and conflicts 
 
As mentioned in the problem statement (chapter 1.1), Scania has a workgroup of var-
iant assemblers which doesn’t fulfil the goal of an even 70% workload. In a conver-
sation with a project engineer (oral communication, 19th September) it was explained 
how variant assemblers have a schedule which is based around a cycle time, or also 
known as “tact”. The cycle time is used at the assemble line to keep check on when 
an order is moving down the assembly line. It’s also used by the assemblers to keep 
track on how much time they have left on their work before the order has to move 
on. The cycle time is the backbone of the timings of a factory and is used to schedule 
the work of all assemblers. As seen in figure 3 on next page, the variant assemblers 
have an uneven productivity during the day which arise due to an uneven workload. 
This can be seen in figure 3 since there’re cycle times which there is a lot to do (high 
staples) and there are other cycles where there little to almost no work to do (low 
staples).  
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In addition to the uneven productivity a variant assembler can face, there is also a 
situation where a variant assembler has work scheduled that extend over one cycle 
time of an order. These situations create two different types of conflicts. The first 
conflict involves the physical limitations of the tools that the assembler is using and 
the fact that they’re bound to a station. In other words, the assembler can’t continue 
to work on the order as it progresses down the assembly line since the tool can’t move 
any further. The second conflict arise when the assembler can’t finish the work 
within a cycle time and there’re work scheduled to start on the following cycle time 
at another position. In this case the assembler is scheduled to do work at two places 
at the same time and this is not possible to do.   

 

Figure 3 – A day’s workload of the variant assembler MZABA_V2. The x-axis represents one working day 

with all its static cycle times. The y-axis represents cycle time where each staple is one cycle. (IVP, Scania) 
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3 Method and tools 

As written by M. Berndtsson et al [10] most thesis projects in computer science 
consist of developing new solutions with the help of an implementation. Since this 
thesis consist of investigating a digital solution it will also follow this implementa-
tion method. This implementation will take shape as a prototype which will be used 
to validate if the concept of predictive simulations in a manufacturing scenario.  
 

3.1 Solution methods 
 
The qualitative literature study found in chapter 2.4 gave a good insight into what it 
takes to meet the aim described in chapter 1.2. The literature study shows that 
there are many ways to create predictive simulations. Machine learning as well as 
genetic algorithms showed to be good candidates, where discrete event simulations 
was the chosen scientific method. The major reason was because ML and GAs felt 
excessive towards the of goal of validation predictive simulations as a concept, 
mainly due to its usage of complex mathematics to create models. Another reasons 
for why DES was chosen was because this method is widely used for modeling man-
ufacturing process, fitting good towards the aim of the thesis. Since DES is also 
used by Scania, the experience can be used to understand how to implement a 
model that is closer to the actually production process. 
 

3.2 Development of prototype 
 

In conversation with lead solution architecture (oral communication, 10th October), 
was also discussed that the data needed for this prototype would have to be manually 
collected from a production database called “MONA”. It must be manually collected 
because the prototype is not allowed to affect production at Scania in anyway. At 
Scania they’re internally promoting the usage of cloud-based tools and open source, 
thus this approach will also be followed in this thesis. 

3.2.1 Amazon Web Service 
 

Amazon Web service (AWS) is a cloud service offered by Amazon. The services range 
from a wide of different areas, all from computing tools, databases and artificial in-
telligence. AWS is the preferred cloud service used within Scania and they utilize it 
via virtual private clouds (VPC). The VPC allows Scania to use the cloud architecture 
but keep sensitive data and information out of unauthorized hands. In other words, 
VPC functions in a layer below AWS and is a private cloud. 

One of the tools found in the AWS that will be utilized in this thesis is a database 
storage. Since there will be a need to store data there will be a need for a database. 
The database will run on a MySQL 5.6 engine which is an open-source relational 
database system. It can be connected to using an endpoint string which is a domain 
name paired with a port number. An example string would look like this: 
“simdb.cr3e0okhp66b.eu-west-1.rds.amazonaws.com:3306“. The first line before the 
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dot in the string is the database name. The second line is a unique identifier. The 
third line is the location, in this case eu-west-1 which is found in Ireland. The fourth 
line is the type of database, in this case Relational Database Services. The fifth notes 
that it’s an amazon AWS service. The port number is the transport control protocol 
(TCP)/ user datagram protocol (UDP) port and is the type of protocol this service 
uses to exchange information.  

As mentioned at the start of this chapter, Scania utilized VPCs to host their cloud 
services. However, these VPCs are connected to the internet and outside of Scania’s 
own firewall. It’s written on Scania’s own internal wiki page [11] that protocols such 
as secure shell (SSH) and remote desktop protocol (RDP) are prohibited to access 
the internet. But since there is a need to connect to the VPC which is outside of the 
firewall, they have implemented the usage of a so called “Bastion Host”. The Bastion 
Host runs on a Linux server and allows users to create a SSH tunnel to it and it will 
tunnel the information forward to the appropriate VPC. This is seen in figure 4 be-
low. The Bastion Host also utilizes different environment types depending on the 
type of data utilized. This thesis will focus on the “sandbox” environment as it will be 
separated from the rest of Scania’s IT production systems.   

 

 

 

 

 

 

 

                                       Figure 4 - Bastion Host Architecture  
                                  (Scania wiki, https://wikiinline.scania.com/wiki/Cloud/AWS/Bastion) 
 

3.2.2 ExtendSim 
 

ExtendSim is a simulation program for modelling discreet event processes (DES). It 
has been widely adopted at Scania and has shown real simulation potential. During 
a demonstration with a project engineer (oral communication, 2nd October) it was 
shown how the engineer had built the flow of one of Scania’s many assembly line and 
it could simulate the whole production flow. In this case, the simulation had been 
used to measure the time of inbound logistics and if it the factory would have down-
times with the new logistics situation. They concluded that there would be no down-
times because of the new logistics timings. This example shows the potential of Ex-
tendSim and this thesis will build upon these experiences to build models fitting the 
problem presented in the problem statement.  
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Some features included in ExtendSim is the possibility to import and export data 
from and to an external database. This allows ExtendSim to gather data from other 
sources then the host machine. One technique used to do so is called open database 
connectivity (ODBC). Another feature found in the program is that it can load differ-
ent dynamic-link libraries (DLLs) to show custom and interactive windows. It’s also 
possible with ExtendSim to have it work as a “Black box”. A block box essentially gets 
input data, does operations on the input data and return an output data. This is il-
lustrated in figure 5. In the case of ExtendSim, it would get some input data, run it 
through a DES model and then present an output. This output could for example be 
a schedule where variants assemblers are better utilized.  

Figure 5 – Illustration of the concept Black box 

3.2.3 MySQL ODBC Connector 
 

MySQL ODBC Connector is a database driver for Windows, Mac, Linux and Unix 
platforms. It enables independent third-party applications to communicate to a 
MySQL database via its standardized application program interface (API). This is 
done via creating a data source name (DSN) on the host computer with the ODBC 
connector drive and the target database connection string (endpoint string). 

3.2.4 Configuration of simulator 
 
The DES simulator in the solution will be built using ExtendSim. The main compo-
nents that will be used is the sort, process and que modules. The sort module is used 
to sort each data point into the correct process module. The process module will be 
used to mimic the time taken to assemble different variant trucks. The que module 
will be used to funnel all process into the assemblers working at the targeted produc-
tion line. The configuration that is aimed for is to first have a sort module, then a 
process module, then a que module and then following a process module again. The 
idea of these modules is to have a generic simulator that can calculate utility of the 
process not depending on change of the simulator, but only change of the data. The 
idea of this is to have one simulator but multiple data sources. This will be further 
explained in chapter 3.4.    

3.3 Focus area 
 

A focus area must be chosen to create an implementation as the one explained at the 
start of this chapter. The problem with variant assemblers is a factor present at the 
assembly plant located in Zwolle. Therefore, this assembly plant will be the focal 
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point of the test area. The main production line located in Zwolle is called “Castor”. 
Castor is built up by a chain of different assembly areas with a total of 45 areas. These 
areas are designated to assemble different parts of a truck and the areas that will be 
modelled in the simulation are called L25, L26 and L27. They were chosen after dis-
cussion with a project engineer (oral communication, 26th October) because these 
areas experience the most irregularities with variance assemblers and therefore give 
a better dataset representing production. 

3.4 Simulation data 

3.4.1 MONA data 
 

As mentioned in chapter 3.1, one dataset used for validating the solution will come 
from a production database at called “MONA Assembly”. The production data is 
saved as historical data and is created 05:00 a clock prior to a production day. It 
originates from a job called “F200” and the data belongs to “MZABB” which is the 
supervisor of a team of five variance assemblers. This data belongs to one day of pro-
duction for the group MZABB. The dataset that will use and mimic actual production 
data consists of 4235 rows and contains the following: 

 PLANNEDSTART: The scheduled start time of an order.  
 POPID: Id of the order. 
 DESCRP: Description of what type of work that the order entails. 
 ACTTIME: How long time in seconds the work of the order will take. 
 AA_OBJ: Which variant assembler the task has been designated to. 

3.4.2 Synthesized data 
 

In order to draw any conclusions on the DES-model built for the simulation there 
needs to be a way to validate it. Together with a project engineer (oral communica-
tion, 10th October), it was decided that a second dataset would be used to give this 
possibility to validate the model. The synthetic dataset would at start be a copy of the 
production dataset but changes was made to it so that the work content has been 
spread with the simple rule that work must occur every third tact. Yet, it’s important 
to highlight that the same number of variant workers and the same amount of total 
work has remained the same in the synthesized dataset as in the production dataset. 
What differs between the two datasets is the sequence of work within the cycle time 
present in one day of production (production date remains the same). This rule is 
used to conceptualize the idea that with a better spread of work there will a better 
utilization rate for the variant assemblers. Alas, giving the possibility to give a scien-
tific based answer to the aim of the thesis. 
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4 Result 

This chapter will be split into two parts. Section 4.1 will present and focus on the 
solution architecture of the prototype and its various components. Section 4.2 it will 
present the following test results used as a mean to validate the implementation of 
the solution. 

 

4.1 Solution architecture 
 

The solution consists of three main components whose function was explained in 
chapter 3.1 and can be seen in figure 6 below. In the solution, the first component is 
a MySQL database which is based in the Amazon cloud service. The MySQL database 
contains a dataset imported from the production database “MONA” with 4235 rows 
of data. The data is transported via the second component which is the MySQL ODBC 
connector. With the ODBC connector a DNS was created which serves as a commu-
nication layer. The third component which is the ExtendSim model is then connected 
to the ODBC connector and imports the data from the MySQL database at the start 
of the simulation. At the end of the simulation a graph is presented which shows the 
result of the simulation in form of the usage of the different variance assemblers dur-
ing each tact. 

                     Figure 6 – Architecture 

4.2 Test result 
 
The result of the tests using the simulation has been split into two parts. The first 
part shows a result using data from production database MONA creating a dataset 
based on one day of production. The second part shows a result using synthesized 
data in a dataset also having the time period of one day of production. More about 
the creation of this data can be found in chapter 3.4.  
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4.2.1 Dataset from MONA 

                                                  Figure 7 – Result using dataset from MONA 

In figure 7 above, the workload of all the variance assemblers can be seen during one 
day of production. In this figure the y-axis represents how many variance assemblers 
that are in use during each tact. The x-axis represents time in seconds. 

4.2.2 Synthesized dataset 

                                                      Figure 8 – Result using a synthesized dataset. 
 
In figure 8 above, the workload of variance assemblers can be seen after changing 
the sequence of how the variance work is scheduled. In this figure the y-axis repre-
sents how many variance assemblers that are in use during each tact. The x-axis 
represents time in seconds. 
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5 Analysis and discussion 

The analysis and discussion will be split into two parts focusing on the solution ar-
chitecture and the test result separately. 

5.1 Solution architecture 
 
In chapter 3.2.2 it was mentioned that an optimal solution would be one that would 
function as an “black box”, generating an optimized workload given a set of input 
parameters. However, since there is a need to use synthesized data to validate the 
solution, it did not seem fit to configure the prototype to function as a “black box”. 
Therefore, at the present state, the prototype needs the input of a user to start a sim-
ulation by choosing either the synthesized dataset or the real production dataset.  

The solution architecture has an interesting twist to it in the fact that it uses both 
new and current technologies as main components. These components are Ex-
tendSim and the MySQL database found in the Amazon cloud services (AWS). This 
enables integration of current solution tools at Scania with new once, such as cloud-
based tools. Another improvement of the solution would be to host the “localhost 
machine” part as seen in figure 5 in a Windows environment in the AWS.  This enable 
the whole solution to be stored in the cloud and not rely on a physical computer to 
be active. In an improved implementation this would be the way to go as the simula-
tion would be part of a so called “Smart Factory” with many different types of simu-
lations improving existing workflows in a cyber-physical network. 

5.2 Test result  
 
In the first set of results the simulation uses the dataset from MONA Assembly. This 
is shown in figure 7. In the graph we can see that there are parts where there is almost 
no usage of the variance assemblers. At the start of this dataset there is a long time 
where there is almost no variance work to carry out. However later in the dataset the 
spread becomes more even but it’s still nowhere near a 70% activity as it spikes with 
either all variance assemblers in usage or not at all. This graph follows the dataset 
positively since if you were to open the raw data in e.g. Microsoft Excel you can see 
that there is a large section with no work which matches what you see on the left side 
of figure 7. Later in the dataset there is an increase of variance work overall which 
you can see on the right side of figure 7. 

In figure 8, the simulation uses a dataset with synthesized data where the variance 
assemblers are set to work at 100% capacity, hence the “block” like shape of the fig-
ure. However it’s important to highlight that there is a drawback in the program plot-
ting the graph as there should be small gaps in the block occurring every third tact. I 
believe this happens due to the fact that 4235 data rows are compressed into a graph 
that tries to visualize it. Yet, this synthesized data is used to validate the solution as 
it shows the two different scenarios where a poorly optimized working schedule gives 
a bad utility where as a better optimized working schedule gives a better utility of the 
different variance assemblers. 
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This functionality of being able to improve variance assembler’s utility adheres to 
Scania’s production system (SPS) and lean in general as it helps to reduce the waste 
regarding poor utility. In other words, it can be of great value to use simulations such 
as discrete event simulation to improve and optimize different ways of working. It 
can either be used to understand a process better or to spare expenses by reducing 
cost. In this example it can be used for both as it helps to understand that there is 
not always a need for the current amount of variance assemblers. This means that 
that the assemblers can spend their time and focus on doing other important work 
such as equipment and tool maintenance. It will also help with understanding the 
effect different orders has on production. 

From a broader context, the sustainability of Scania’s processes will improve as the 
solution increases the utilization of their resources. This is positive from an eco-
nomic, social and environmental point of view. From an industry 4.0 perspective, 
the power to augment standardized solutions with digital tools in such ways where 
humanitarian forces can be reduced is positive for all. Working with digital solutions 
that improve business process is the next level when working with sustainability  as 
business value and sustainable value goes hand in hand in today’s market. But in 
order to reach this, organizations has to start working more with data as data is the 
key to unlock this hidden knowledge found in business processes. Therefore it’s also 
important that research and acceptance within the areas such as simulations and 
advanced analytics are taken place.  
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6 Conclusion 

The developed prototype has proven that it’s possible to have simulations with pre-
dictive characteristics. Via changing the sequence of the work, the utilization of var-
iance assemblers can be improved. However, it’s not always possible to get a 70% 
productivity due to the nature of the work of a variance assembler but optimizing the 
schedule does help. From a lean perspective, these types of simulations can help in-
creasing productivity and lower waste at a production facility increasing their sus-
tainability. However if this type of solution was to be implemented in production, it 
needs to be paired with an alternative method such as Ml and GAs. Combining those 
methods there is a possibility to remove the need for a dataset with synthesized data 
from this solution. 

6.1 Recommendations and future work 
 

The integration of existing tools such as ExtendSim with new tools such as Amazon 
web services (AWS) is an interesting strategy which could be applied to other areas 
within a complex IT environment such as Scania.  

A way to improve upon the solution is to have an optimization module as a part of 
the solution. This optimization module would then do the work of balancing the 
workload, and in theory this would give a better optimized work schedule for the 
variance assemblers. Creating such a module could be done using advanced analytics 
such as ML and GAs. Googles DeepMind DQN framework could be used as described 
by Bernd W. et al. For example, on could have a RL-agent runt at every single process 
to then collect the overall picture of the process flow and then optimize it from there. 
This describes a “scaled solution” which could be applied globally. Yet, I feel there is 
more research needed for this type of technology to be implemented and trusted by 
the automotive industry.  
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