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ABSTRACT 
 
Background 
In industrial design, additive manufacturing technology is one of the key technologies that have 
changed the way of producing metal component parts on short demand. Because of competitiveness 
among industries and the requirement to keep up with the growth of the smart factory technology, the 
industries are pushed to step up and take further steps towards industry 4.0. Today the AM technology 
is used at prototype scale, but previous literature says that for the technology to reach the full capacity, 
it needs to be scaled up.  
 
Previous literature shows that improvements in the supply chain are necessary in order to scale up the 
industrial production and achieve high-scale adoption of the technology. As there are few sources in 
the literature about AM scalability or finding critical improvements in terms of lead times, costs and 
material consumptions, this study will fill that gap. 
 
Objectives 
The main objective of this research is to study small-scale 3D printing in the AM industries with two 
main industrial objectives in mind: 1 – Understanding the problem of optimization of a small-scale 3D 
printing operation in the industry and 2 – projecting a scenario regarding the scaling up of such 
facilities to reach full industrial production capacity. 
 
Methods 
The method used for finding improvements in the additive manufacturing supply chain was 
optimization. I have developed the Overall Material Flow Effectiveness model (OMFE), which is an 
optimization model that takes into consideration the relevant parameters of the AM material flow 
regarding lead times, costs and material consumption. A literature review was conducted to determine 
the research design and what has and not been investigated. 
 
Results 
A sensitivity analysis was performed, which provided information about issues of scale, size and 
significance of optimizing a prototyping model, and also about analyzing the optimization model 
development in terms of evaluating the prototyping, making it better and scaling up to high-level 
production. 
 
Conclusions 
The optimal material flow of the AM industry is a scaled-up production with implemented 
improvements regarding transport and cost. By comparing it with the current prototype production, it 
is possible to identify that all of the OMFE related factors have higher percentages.  
 
The top losses within the current AM industry are related to non-human processes. The most 
significant optimization loss is the loss of transport, where the time from supplier to goods reception 
have a significant influence. The second largest loss is cost, generated by labour management.   
 
Keywords: Additive Manufacturing, Optimization, Overall Equipment Effectiveness (OEE)  
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SAMMANFATTNING 
 
Bakgrund. 
Inom industriell design är additiv tillverkningsteknik en av de viktigaste tekniker som förändrat sättet 
att producera metallkomponenter med kort efterfrågan. På grund av konkurrensen mellan 
tillverkningsföretag och kravet att hänga med i digitaliseringsresan mot att bli smarta fabriker, så är 
företag tvungna att utvecklas mot Industri 4.0. Idag används den additiva tillverkningstekniken endast 
i prototypskala där tidigare studier visar att för tekniken ska kunna nå sin fulla kapacitet, krävs det att 
den är skalas upp. 
 
Tidigare studier visar att det krävs förbättringar i tillverkningskedjan för att kunna skala upp 
produktionen och uppnå högkvalitativ adoption av tekniken. Eftersom det finns få studier gjorda om 
skalbarhet av additiv tillverkningsteknik eller om hur man hittar kritiska förbättringar inom ledtid, 
kostnad och materialförbrukning inom AM, så kommer den här studien att fylla det forskningsgapet. 
 
Syfte.  
Syften med studien är att studera en småskalig 3D-produktion inom additiv tillverkning och som 
består av två huvudsakliga mål: 1- förstå problemet kring att optimera ett småskaligt 3D-printjobb och 
2– visualisera scenarion med avseende att skala upp additiva tillverkningsproduktioner för att kunna 
uppnå full produktionskapacitet.  
 
Metod. 
Metoden som användes för att hitta förbättringar i tillverkningskedjan inom additiv tillverkning var 
optimering. Jag har utveckling en optimeringsmodell som jag döpt till Overall Material Flow 
Effectiveness och den tar hänsyn till relevanta parametrar inom materialflödet som ledtider, 
materialförbrukning och kostnader. En litteraturstudie genomfördes för att fördjupa sig inom ämnet 
och ta reda på vad som har undersökts och inte. 
 
Resultat.  
Genom att utföra en känslighetsanalys var det möjligt att få information om skalan, storleken och 
betydelsen av att optimera en prototypmodell. Känslighetsanalysen gjorde det även möjligt att 
undersöka optimeringsmodellens utvecklingsarbete när det gäller att utvärdera prototyptillverkning, 
förbättra den och skala upp tillverkningen till serieproduktion. 
 
Slutsatser.  
Det optimala materialflödet inom additiv tillverkning är när produktionen har skalats upp med 
genomförda förbättringar relaterade till transport och kostnad. Vid jämförelse med den nuvarande 
prototyptillverkningen så är det möjligt att identifiera att alla OMFE relaterade faktorerna har högre 
procentandelar.  
 
De största förlusterna inom den nuvarande AM-industrin beror på icke-mänskliga processer. Den 
största optimeringsförlusten är förlusten kopplad till transport, där tiden från leverantör till 
godsmottagning har en betydelsefull påverkan. Den näststörsta förlusten är kostnad, som genereras på 
grund av hur man arbetar med tekniken.  
 
Nyckelord: Additiv tillverkning, Optimering, Overall Equipment Effectiveness (OEE) 
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NOMENCLATURE 
 
Acronyms 
 
AM  Additive manufacturing 
HX  Hastelloy X 
IBUMA  Intelligent Burner Manufacturing 
MRP  Material Resource Planning 
OEE  Overall Equipment Effectiveness 
OMFE  Overall Material Flow Effectiveness 
SAP  Systems Applications products 
SIT AB  Siemens Industrial Turbomachinery AB 
3D  Three-dimensional 
 
Explanations 
 
SWERIM  Metal research institute engaged in industrial research and 

development of metals 
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1 INTRODUCTION 
 
 
 
 
This chapter presents the introduction of the thesis. What the topic is, why it is essential today, and 
how I will treat it in this thesis. The objective, research questions and delimitations of the study will be 
explained as well.  
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Introduction 
 
In industrial design, additive manufacturing technology is one of the key technologies that have 
changed the way of producing metal component parts on short demand. Because of competitiveness 
among industries and the requirement to keep up with the smart factory technology, the industries are 
pushed to step up and take further steps towards industry 4.0. Today the AM technology is used at 
prototype scale, but previous literature says that for the technology to reach the full capacity, it needs 
to be high-scaled adopted. 
 
Previous literature shows that improvements in the supply chain are necessary in order to scale up the 
production and achieve high-scale adoption of the technology. As there are few kinds of literature 
about AM scalability or finding critical improvements in terms of lead times, costs and material 
consumptions, this study will fill that gap. 
 
The method used for finding improvements in the additive manufacturing supply chain was 
optimization. I have developed the Overall Material Flow Effectiveness model (OMFE), which is an 
optimization model that takes into consideration the relevant parameters of the AM material flow 
regarding lead times, costs and material consumption.  
 
I have derived the model from the well-known Overall Equipment Effectiveness (OEE) model which 
is widely used in industrial optimization issues and was developed with the four factors of transport, 
material capacity, material delivery time and cost. 
 
The outcome of the OMFE model research is to enhance existing literature of new inputs that can help 
other AM industries to find the improvements needed to overcome in order to scale up the production.   
The OMFE model informs AM industries how to develop their material flow in order to increase 
quantity with a larger scale with an optimized process for lower cost of mass production. 
 
The main objective of this research is to study small-scale 3D printing in the AM industries with two 
main industrial objectives in mind: 1 – Understanding the problem of optimization of a small-scale 3D 
printing operation in the industry and 2 – projecting a scenario regarding the scaling up of such 
facilities to reach full industrial production capacity. For that matter, it is essential to know how to 
improve efficiency in the material flow. By creating an optimization model, I identify what 
components of the problem can be the object of improvements. I also set up the condition to 
understand how one can create a large-scale production condition for the AM technology. 
 
For that matter, I identify the series of the issue below; the thesis will tackle: 
 

• Identify the type of optimization problem 
• List the most significant losses of the material flow 
• Formulate the optimization model 
• Demonstrate the optimal material flow on a small scale and experimental condition and a 

larger scale for industrialization 
 
The research question formulated to fill the research gap is: 
 

• How can one measure the profitability of scaling up the industrial AM production in a certain 
industry? 
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This work will be limited to researching the material flow of metal powder from purchase to the 
production phase at the department of additive manufacturing at Siemens Industrial Turbomachinery 
AB in Finspång. The study is further delimited to data collected about one specific printed component 
named Ibuma gas burner made in HX-powder material. The theoretical framework focusses on 
optimization, overall equipment effectiveness (OEE) and additive manufacturing. The time of the 
research is limited to 20 weeks.  
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2 LITERATURE REVIEW 
 
 
 
 
This chapter presents the previous literature of the area of research, what has and not been 
investigated, the research direction and the findings relevant to this work. 
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Literature review 
 
The fourth industrial revolution, Industry 4.0, is the change towards the integration of advanced 
information technologies and intelligent production systems that aims to build smart factories by 
redefining the role of humans, where additive manufacturing is said to play an important role. The 
concepts of Industry 4.0 include the internet of things, big data, and cloud computing, which together 
will help to ensure the movement towards smart manufacturing of the future. The smart factories are 
today limited by the existing manufacturing systems which make AM technology one of the key 
technologies of industry 4.0 that may replace the conventional manufacturing techniques in the near 
future (Dilberoglu et al., 2017). 
 
In the study of Khajai et al., (2018), the purpose is to evaluate the impacts of AM improvements on the 
spare-parts supply chain within the aeronautics industry. The case study was conducted by scenario 
modelling on the real-life spare parts supply chain where total operating costs and downtime cost was 
used to compare the four scenarios. The study was made to guide how AM should develop the 
deployment in spare parts supply chains and improve efficiency and increased customer value.  
 
Khajavi et al., (2018) conclude that the main cost drivers are raw material costs, labour costs of pre- 
and post-production activities. They summarize the following advantages of utilizing AM technology 
for spare part production as lower operation costs, lower downtime, higher robustness to supply chain 
disruptions and reduced need for storage management and logistics information systems. The field of 
interest was to examine the AM technology in its current state and how the future development will 
affect spare parts supply chain. Previous literature and studies have been made to investigate the 
application of AM to produce functional parts focusing on the production cost of different methods 
(Hopkinson & Dicknes, 2003 and Ruffo et al., 2006). 
 
As a further step have Holmström et al., (2010), Peres & Noyes, (2006) and Chawla et al., (2012) 
investigated additive manufacturing in supply chains. The studies, however, do not review which 
critical improvements that are needed to be done in order to manage AM production in specific supply 
chains.   
 
Additive manufacturing is one of the most noticed methods within the phenomenon Industry 4.0 due 
to its successful technology and potential future market growth (Chen & Cheng Lin, 2017). Since its 
potential to revolutionize the global parts manufacturing and the logistics landscape (Frazier, 2014) 
and the lack of previous studies about optimization, this research is also of great interest because of the 
focus on solving efficiency issues related to the material flow of the additive manufacturing that can 
help companies eliminate wastes to operate more efficient and consistent before scaling up their 
productions in the near future and therefore take a significant further step towards Industry 4.0.  
 
Additive manufacturing, also called 3D printing, is a method of creating three-dimensional parts by 
adding thin layers of metal materials guided by a model. This method makes it possible to produce 
complex metal components in time and cost-efficient manner (Debrov et al., 2018). The use of 
additive manufacturing has created industries new practices, such as creating complex components by 
flash technology, extrusion technologies and lamination and cutting technologies (Gardan, 2016) but 
also within the revolutionary Industry 4.0 where the AM technology approaches an agile product 
development and to work smarter (Schuh et al., 2018). AM is used for production improvement 
(Cooper et al., 2012) and also studied for the manufacturing improvements on the configuration spare 
parts supply chains (Khajavi et al., 2018). Some issues addressed in this paper are slow production rate 
compared with part shipments from a central warehouse. This is a major obstacle for production 
distributions where high investments in AM machines and process labour intensiveness represent the 
other main hurdles towards a distributed production.  
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Another big area I will treat in this work is the difference between workshop additive manufacturing 
and full-scale production with additive manufacturing techniques. Generally, additive manufacturing 
has been about the quality and methods of the materials to create the materials (AlMangour and Yang, 
2016), but there are few studies which are dealing with the scalability of AM. Many have noticed that 
the AM technologies are not capable to function within the current manufacturing process, notably the 
issue of interoperability between existing manufacturing processes and AM based processes (Gardan, 
2016). 
 
In the article of Dilberoglu et al., (2017), the authors highlight that metals are perhaps the most 
common materials in engineering due to its characteristics, which makes metal additive manufacturing 
a key player of the future smart industry. When it comes to conventional industrial factories of mass 
production, predictions and possible disadvantages about AM including cost, manufacturing speed, 
accuracy and repeatability need to be investigated and solved before the technology can reach its full 
capacity. Bromberger et al., (2017) also mention the limitations of AM that needs to be overcome in 
terms of risk are supply chain disruption, lack of structural regulations, high production costs and 
limited production scale. Since the AM technology is focusing on prototype production, it is difficult 
to reach mass production scale. Other authors also mention that the advantage of AM production is the 
low scale volume that allows companies to remain competitive in a niche market of versatile 
production, prototyping and new process and materials (Mellor et al., 2014). Some of their qualitative 
reviews list a normative structural model of implementation factors related to AM technology, supply 
chain, organization, operations and strategy. Some of them are relevant to us, such as lead time, cost, 
and quality.  
 
Mellor et al., (2014), addresses the need for existing and forthcoming AM industries to have an 
implementation framework in order to successfully adopt the AM technology to produce high-value 
products that requires increased collaboration with both suppliers and customers. 
 
Metal additive manufacturing has been transitioning from a rapid prototyping technology to a 
technology through which metal components can be produced for critical applications (King et al., 
2014). Even if the AM technology is somewhat new, much research with different aspects has already 
been done. Previous literature emphasizes on shortening the length of the supply chain, create complex 
articles more rapid compared to conventional methods, design for AM or about the increased 
flexibility (Hartl & Kort, 2017). The research is focusing on the aspects of comparing the technology 
with the conventional methods, but very few studies have been made about optimization of the already 
existing AM technology to operate even better. 
 

Today, the rapidly changing market drives small and medium-sized enterprises (SMEs) to become 
increasingly competitive and to maintain high-quality products with short lead times (Ghafoorpoor 
Yazdi et al., 2018). Additive manufacturing is a way to maintain a competitive edge. For companies, 
many are still in the implementation phase of that new technology (Graichen, 2018). Soon AM is 
going into serial production on an industrial scale (Triadan, 2017). This means that in the near future, 
AM companies are increasing their competitiveness, which implies a need to investigate how to be 
more efficient in the manufacturing process altogether continuously. 
 
Several studies have been made about optimizing material flow within traditional production 
industries but only a few within AM industries (Kaspar et al., 2018). Besides the actual production 
phase, the material flow within both types of production industries is, however quite similar, which 
makes many optimization actions directly transferable to AM. The paper of Krolcyk et al., (2015) 
describes the problems of a company within the automotive industry regarding the material flow and 
finds solutions to its international transportation issues. Because of tougher competition between 
companies, the article by Starbek et al., (2000) investigate how to achieve as steady and even use of 
production resources as possible with minimal material consumption, low flow times and minimal 
production costs. By finding the measures for the improvement, simplification and cost reduction, the 
study focuses on analyzing the material flow. In this thesis, I will, therefore, focus on lead times, 
material consumption and costs of the AM material flow. 
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One current limitation of AM printing is the higher costs of that solution for the larger production 
batch. The main reason, apart from retooling, is the cost of production materials. To achieve broad 
adoption of the AM technology, the evaluation of costs of production, installation, speed and quality 
of the printed articles need to be performed (Berman, 2012).  
 
Today the AM technology is at a developmental stage in the phase between concept and growth where 
many promising breakthrough technologies fail, but there a successful implementation the AM 
technology promises to eliminate wastes in production nearly completely. For the technology to reach 
its full potential, it needs to achieve high-scale adoption (Ghobadian et al., 2018).  
 
Many businesses are still in the implementation phase with the focus on reconstructions, prototyping 
and competence building, which handles any problem when they appear. One neglected area within 
additive manufacturing is the internal material flow. The internal material mainly consists of metal 
powder and is a large part of the costs of a printed article (Graichen, 2018). The material flow defines 
the organized flow of material in the production process presented by a material conveying, storage, 
packaging and weighing, technological manipulations and production process related works (Kodym 
et al., 2019). 
 
The research direction of this study will be industrial design with a focus on the supply chain 
emphasizing on the AM material flow and will fill the literature gap of Holmström et al., (2010) by 
analyzing how the current losses of an AM supply chain impact the material flow. The material flow 
will be investigated with the same approach of Starbek et al., (2000) to find improvements in time, 
material consumption and costs. 
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3 COMPANY DESCRIPTION 
 
 
 
 
This chapter presents the background information of Siemens Industrial Turbomachinery AB and why 
it is an interesting case company. 
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Siemens Industrial Turbomachinery AB – SIT AB 
 
I have been working to gather information on the optimization of the AM process with Siemens 
Industrial Turbomachinery AB, SIT AB. Siemens Industrial Turbomachinery AB (SIT AB) is a global 
company located in Finspång, Östergötland with over 2800 employees and with a 10 billion SEK 
turnover. SIT AB deliver complete power plants and gas turbines with high efficiency and low 
emission levels all over the world (Siemens AB, 2019).  
 
For several hundred years, Finspång has been an industrial centre by being among the world's most 
prominent cannon works which in 1911 abruptly ended. The origin of SIT AB begins with the 
Ljungström brothers who in 1913 took over the manufacturing plants and began to fabricate their own 
counter-rotating radial steam turbine under the name Svenska Turbinfabriksaktiebolaget Ljungström 
(STAL). Over the years, the company changed name several times until they finally in 2004 renamed 
to Siemens Industrial Turbomachinery AB, SIT AB (Siemens AB, 2019). 
 
In the 21st century, SIT offer products and solutions for generating sustainable and resource efficient 
electricity, such as steam turbines gas turbines. In 2016, the company opened the world's first plant for 
industrial production of metal power components by additive manufacturing technology. The process 
has been an essential technology for the production of SIT AB, since using the additive manufacturing 
techniques can speed up the production up to ten times faster and reduce development cycles from 
several years to months or even weeks (Siemens AB, 2019). 
 
For a long time, the AM technology was something only used for prototype production. Today, after 
several digitalization efforts, SIT became first to use the technology for industrial additive 
manufacturing in Sweden where it in the near future hopefully will enable a cost-effective series 
production of complex components (Graichen, 2018). 
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4 METHOD 
 
 
 
 
This chapter explains the methods and models used in the study. The method details the “Optimization 
Process” in explaining how to structure the process from the real problem to receive the result. 
“Overall Equipment Effectiveness” includes relevant information needed to develop the model. The 
sensitivity analysis is explained and the credibility of the study. 
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4.1 Optimization Process 
 
In the previous literature, the literature gap is about how AM technology can find improvements in the 
supply chain by focusing on lead times, material consumption and costs in order to achieve high-scale 
adoption and competitiveness of the AM production. To find improvements in the parameters above 
and to find the best solutions to streamline the material flow, the study will use the process of 
optimization with a focus on the factors of transport which include the lead time, material capacity 
which address material consumption, material delivery time and costs. 
  
Optimization is the term of using mathematical methods and models to get insights into the systems 
and to find the best possible solutions for a decision-making situation. It is quoted as “the science of 
making the best decision or making the best possible solution” (Lundgren et al., 2010).  
 
The primary purpose of using optimization models and following the optimization process is to 
provide support and guidelines for decision making in real problems. By using optimization models, it 
is possible to simulate and test real case scenarios to evaluate cause and effect with changed input data 
(Lundgren et al., 2010). 
 
The theory of optimization mainly emerged from classical mathematical science where theories were 
used as decision support in complex planning. Today, optimization models are used in both short term 
and long-term planning in a significant number of technical and economical application areas. 
Examples from different areas of industrial applications where optimization have been applied are 
production planning, structural design telecommunication, transport and logistics (Lundgren et al., 
2010).  
 
The development of solving optimization models has increased rapidly since the evolution of 
computer science along with the methods and algorithms which has made it possible to solve problems 
and models that earlier were considered impossible in a practical setting.  
 
Several studies have been made about material flow optimization and logistics optimization, which 
embodies how it is possible to apply optimization modelling in logistics. In this thesis, I will fill the 
gap regarding improvements in time, material consumption and costs of the AM supply chain by 
optimizing the material flow with a focus on the parameters of transport, material capacity, material 
delivery time and costs. 
 
In the study of Arayapan et al., (2009) the problem background is based upon the competitiveness and 
the time to market looking for a way to make it shorter and more cost-effective. The goal of the study 
is minimizing total cost by formulating an optimization model which help companies make efficient 
and transparent logistics decisions. The formulated optimization model of the authors is focusing on 
minimizing the logistic costs by minimizing parameters such as transportation costs, inventory costs, 
material costs which, e.g. depends on the variables of the number of containers, container size, 
delivery time, material price.  
 
Previous research within the optimization of AM is directly referred to as the topology optimization of 
the manufacturing process, which has been extensively studied in the past. On the one hand, the 
topology optimization is the optimization of material layout and focuses on the mechanics of the 
materials (Liu et al., 2018), which does not apply to the specific topic of this thesis. Research within 
the optimization of conventional manufacturing methods, On the other hand, has been widely explored 
with the focus on material flow in different industries to achieve higher profit by reducing lead times 
and production costs (Kodym et al., 2019). Since the lack of research of these theories applied in AM, 
it is interesting to apply optimization models and methods on the material flow onto this research.  
 
 



 

14 
 

This study has similar problem background as the study of Arayapan et al., (2009) with similar 
parameters and variables but focusing more on the internal material flow to become more time 
efficient and cost effective than the whole logistics field. In the study of Kodym et al., (2019) the aim 
is to optimize the material flow by examining and mapping operations such as material transport, 
storage, packaging which results in an optimal number of operators and an ideal run rate of the flow. 
Optimization model formulated to minimize total travelling time can be linked to the transportation 
time of this study, where Andersson & Wandfelt (2013) partly focuses on the distances and locations.  
 
The optimization process approach includes several phases. The first step is to identify the 
optimization problem of the given issue that later needs to be formulated and described 
mathematically as an optimization model. The model then needs an appropriate solution algorithm to 
solve the problem to evaluate the results and the model. A schematic overview of the optimization 
process is given below (Lundgren et al., 2010). 

 
Figure 4.1 View of the Optimization Process 

. 

4.1.1 Real problem 
The real problem of this study, is to understand the issue of optimization of a small-scale 3D printing 
operation in the AM industry and the effects of scaling up the AM facility in order to achieve full 
industrial production capacity 
 

4.1.2 Simplified Problem 
The simplified problem requires to start to identify all relevant components of the AM material flow. I 
will formulate an optimization model made of relevant decision variables, objective function and 
constraints. In order to create such a model, it is essential to break down the problem into factors that 
are quantifiable and leave out some factors that are not quantifiable. To identify if the problem area 
has relevant aspects and if they are quantifiable, an identification of the current state and a view of the 
issues of today need to be performed.  
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Figure 4.2 Material Flow 

 
Ordering powder 
Ordering powder is the first step in the AM material flow. The tactical purchaser order powder when 
they see there is a need in the enterprise software SAP. 
 
Transport from supplier to goods reception 
The supplier usually has the material in stock, but if not, they need to make new material. The material 
is transported from supplier to the goods reception of SIT AB. 
 
Unloading from truck 
When the material arrives at the goods reception, they have a particular time constraint to perform 
three tasks. The first task is to unload the material from truck transport.  
  
Verification of powder material 
When the material has been unloaded, they need to control and confirm they have received the right 
amount of material, that the certificates are correct, and material is appropriately labelled.  
 
Registration in SAP 
When the verification is done, the material needs to be registered in SAP. 
 
Transport from goods reception to K-workshop 
When the goods reception is finished with their work, the material is transported to the K-workshop 
for storage. 
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Storage in K-workshop 
The powder is stored in pots of 10 kg volumes in the K-workshop until it is needed.  
 
Transport from K-workshop to Nicolin-workshop 
When there is a need to print a new article, the powder is collected from the K-work shop by truck 
drivers and is transported to the Nicolin-workshop, which is the manufacturing location of the 3D-
printers and the related production processes. 
 
Powder sample made by operators 
When the powder is delivered to the Nicolin-workshop, it arrives at the dockside of the building. The 
operators move the material inside the workshop to take samples of the powder. Samples are taken to 
make sure the material is qualified. 
 
Documentation of powder sample sent to the lab  
In parallel to the sampling, the operators document information that needs to be sent together with the 
sample. When powder sample with its belonging documents is accomplished, it is sent to the lab on 
the site of SIT. 
 
The lab sends powder sample to SWERIM 
The lab sends the powder sample to an external research institute in Stockholm to analyze the sample. 
When the analysis is finished, the results are sent back to SIT, which they can find out if the material 
keeps high quality and is ready to print. It only requires one sample from the same powder batch. 
 
Powder pots are poured into steel pots  
The 10 kg pots of powder are poured into steel pots. The function of the steel pots is to work agile 
with both the strainer and vacuumed. 
 
Filter the powder 
The powder is filtered through a strainer. The process includes putting powder from one steel pot 
through the strainer, which then goes into an empty steel pot. The procedure is then repeated until all 
powder is filtered. 
 
The powder is poured from steel pot into a dispenser 
In order to start the printing process, the powder needs to be put in the dispenser sitting on top of the 
machines. The operators pour the powder from the steel pot into the dispenser. 
 
The dispenser with powder is weighted 
The machines need to have the correct amount of powder to let the printing process work smoothly. 
Therefore, the dispenser is being weighted to identify any powder differences. 
 
Print the article 
When the 3D printer is started, it runs continuously until the product is finished. Any stops in the 
printing phase are not material related.  
 
Weight the remaining powder and print job 
When the printing process is finished, the print job is taken out of the machine and the remaining 
powder, i.e. processed powder, is vacuumed up, weighted and put back into the pots. The print job is 
weighted as well to identify how much powder that has been consumed, that is the amount of scrap 
and how much of it they can reuse.  
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Material Flow Loss Category Events 
    
General problems Different name for the same article 

Unclear responsibility areas 
Too many people involved 
Unclear stock movements in SAP 

    
Ordering powder Cannot use MRP Tool in SAP 

Ordered powder needs to be from the same batch from a 
supplier 

    
Transport from supplier to goods reception Ordered powder needs to be from the same batch from a 

supplier 
    
Unloading from truck The material is available for K-workshop in 89% of the cases 

because of NRCs Control total weight of powder 
Registration in SAP 
    
Transport from goods reception to K-workshop   
    
Storage in K-workshop Batch size is 10 kg - complicated to store 

Leftover powder in batches are not stored at a specific place 
    
Transport from K-workshop to Nicolin-workshop Unclear stock movements - difficult to track material 
    
Powder test made by operators Powder tests are made because of unqualified supplier 

Print jobs are sometimes started without the results is finished 
    
Documentation about the powder sample sent to LAB Delays if info is missing 
    
LAB sends powder sample to SWERIM The process is not always followed 

Unclear areas of responsibilities 
    
Powder batches are poured into a steel pot Too few steel pots 

Cannot mix powder from different batches 
    
Filter the powder Time delays depend on virgin or processed powder 

Time delays depend on how long the processed powder has 
been untouched 

    
The powder is poured from steel pot into the dispenser Spillover needs to be vacuumed up 
    
The dispenser with powder is weighted Risk of spilling powder 

 
Table 4.1 Big Losses 
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General problems 
There are several general problems throughout the entire material flow that effects all of the four 
factors. The first problem is that there are several different names for the same article, which create 
confusion and increase the risks for delays as well as higher costs. For example, the supplier has an 
article number of the HX-powder which is changed to SAP article number at SIT, but the label on 
powder batches still have the number of the supplier. Another problem is the unclear areas of 
responsibility, which confuse the employees and increase misunderstandings. A responsibility related 
problem is that too many people are involved in the same job or problem, which is not time efficient 
and could result in disagreements and delays. Another critical issue that affects the entire material flow 
is the unclear stock movements in SAP. At any time, when the material is moved, it needs to be 
registered in SAP to keep track of the material and to identify how much there is left to minimize 
inventory discrepancy, but today it is not done correctly. 
 
Ordering powder 
When ordering other material than powder, the responsible purchaser receives a need in SAP by the 
transaction MRP when the material level falls below a particular total volume or weight. In this case, 
the MRP transaction is not adapted to powder. Both virgin and processed powder are stored in small 
pots, and since it is not possible to mix or store different powder batches together, the MRP 
transaction does not sense how much powder that is left in which batch. This means a manual request 
needs to be made every time to order the powder. 
 
Transport from supplier to goods reception 
The issue with metal powder material is that it needs to come from the same batch or smelt. Most 
often the supplier has the metal powder material in stock, but if SIT, for example, wants 4 ton of HX-
powder and the supplier only have 3 ton of HX-powder from one batch and 1 ton of HX-powder from 
another batch, they still need to make 4 ton of new HX-powder. Which results in longer lead time. 
 
Unloading from the truck – Control total weight of powder – Registration in SAP 
The goods reception is performed well and manage to deliver the material on time in 89% of the cases. 
The reason why the percentage is not higher is that the goods reception needs to write an NCR if any 
material misses certificates, not correctly marked or the wrong quantity. In these cases, the work can 
be delayed up to days/weeks/months until employees from the tactical purchasing department take 
actions. 
 
Transport from goods reception to K-workshop 
No losses have been identified. 
 
Storage in K-workshop 
When the powder is stored in the K-workshop, it is stored in pots of 10kg volumes, which makes it 
complicated to store. Another storage related problem that occurs for processed powder is that SIT 
store pots at different locations. Some are stored in the K-workshop but some in the Nicolin-workshop 
or the machine cells. 
 
Transport from K-workshop to Nicolin-workshop 
The main issue with the transport from K-workshop to Nicolin-workshop is the forgotten stock 
movements in SAP, which confuse people to understand how much powder it is left or where the 
powder is stored. The operators also need to contact truck drivers themselves and to depend on the 
time of the day; the lead time can vary up to 12 times more than the standard lead time. The powder 
needs to be collected at a particular area in the K-workshop, and if the material is not placed right, the 
operators need to go from Nicolin-workshop to K-workshop to place them correctly before they can 
contact the truck drivers. 
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Powder sample made by operators 
Because of an unqualified supplier, the powder sample is made by the operators in the Nicolin-
workshop instead at the supplier. That means SIT loses both time and costs for performing it 
themselves. The problem is that print jobs are started before the results are received. Another problem 
is the high risk of spilling powder, which being spilt needs to be vacuumed up and since the high 
density of the powder, which looks like a small spill of powder can be quite a large amount.   
 
Documentation of powder tests sent to the lab 
Missing information delay the time, which results in higher costs. 
 
The lab sends powder sample to SWERIM 
The cost of sending powder sample for quality check depends on how many samples that SIT send. A 
full chemical analysis of one sample can be up to 4 times as expensive than the second sample because 
SWERIM equipment has already been prepared and calibrated.   
  
Powder batches are poured into a steel pot 
The main issue with pouring powder from pots into steel pots is the number of available steel pots. 
The reason is that after the printing is done, remaining powder is poured back into the steel pots for 
storage. New steel pots are expensive, so other solutions should be considered. Another problem is the 
high risk of spilling powder. 
 
Filter the powder 
There is only one strainer to filter the powder, which means it is not possible to filter more than one 
powder batch at a time. The main reason for happened lead time delays depends of the quality of the 
powder. If the powder is virgin or processed and how long the processed powder has been untouched. 
Virgin powder is filtered faster than processed because it lumps together after time. Another more 
common issue is the high risk of spilling powder.  
 
The powder is poured from steel pot into the dispenser 
High risk of spilling powder. 
 
The dispenser with powder is weighted. 
Medium risk of spilling powder 
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4.1.3 Optimization model development 
 

As a result, the optimization model is the mathematical formulation of this simplified version of the 
problem, which includes formulated decision variables, objective function and constraints. 
 
Overall equipment effectiveness (OEE) is a measure of total equipment performance based on 
availability, performance, and quality rate for measuring the performance effectiveness of equipment, 
machines or entire processes (Muchiri & Pintelon, 2008). Ghafoorpoor Yazdi et al., (2018) highlights 
that firm effectiveness plays a significant role in achieving higher productivity and where OEE is one 
of the main components of increasing performance and profitability. Although the availability, 
performance and quality metrics are essential, other performance factors may also have an impact on 
the process performance (Garza-Reyes, 2015). 
 
The Overall Equipment Effectiveness evaluation method can be applied as both a benchmark and a 
baseline. The OEE score is comparable in performance of a particular production asset in 
manufacturing industry where an OEE score of 100% is perfect production, 85% is considered world 
class, 60% is a typical score but with opportunity for improvements and 40% is more common for 
manufacturing companies that are beginners in performance improvement (OEE, 2018). As a baseline, 
it can be useful for tracking processes over time to find and eliminate wastes (OEE, 2018). 
 
There is a lack of previous research of applying OEE in additive manufacturing, but there are several 
studies made in investigating and improving OEE of traditional manufacturing productions. For 
example, Dal et al., (2000) used the OEE within a manufacturing environment to find not only 
improvements but also new levels of performance measurement. Zuashkiani et al., (2011) applied 
OEE to improve asset management practices. Tsarouhas, (2019) explores the improvement potentials 
within the croissant production line using OEE assessment, where the methodology is applicable for 
other manufacturing. Gupta et al., (2016) investigate how the improvement of OEE of machines, plant 
productivity and production cost within the automobile industry can result in increased sales volume. 
The study demonstrates how OEE tool can be applicated in the industry and how the effects influence 
the manufacturing industry positively. The usage of OEE has increased further to various industries 
such as food (Tsarouhas, 2019), steel (Anvari et al., 2010), oilfields (Mansour et al., 2013) as well as 
within high volume processes where efficiency is essential (Garza-Reyes et al., 2010). 
 
Since the lack of previous studies made for AM industries, for this research, it is not very interesting to 
benchmark the OEE score against other companies as very few have been carried through. It is more 
useful to use the OEE as a baseline to track and eliminate wastes in AM companies own processes. 
There are also cases where the OEE evaluation model has been applied in other systems than 
traditional manufacturing productions, such as transportation systems, where the OEE concepts have 
been modified to suit the methodology of that specific case (Munoz-Villamizar, 2018). In this thesis, it 
is therefore interesting to use the OEE evaluation model for a different system as well, i.e. the process 
from purchasing of material to the pre-production phase within AM. Since the actual production phase 
mainly consists of the prototype production process, it is interesting to track the powder quantity 
events that relate even when the print job is finished. 
 
Further research has been performed to broaden the OEE theory from equipment to entire processes. 
For example, Sherwin (2000) introduced the overall process effectiveness to measure the entire 
process instead of just types of equipment. Oechsner et al., (2002) developed the overall fab 
effectiveness (OFE) to measure the performance of an entire factory. Other approaches of OEE that 
has been developed include: overall asset effectiveness (OAE) (Muchiri and Pintelon, 2008), 
production equipment effectiveness (PEE) (Raouf, 1994), overall throughput effectiveness (OTE) 
(Muthiah & Huang, 2007) and total equipment effectiveness performance (TEEP) (Ivancic, 1998). 
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The reason why OEE measurement has been a popular approach is the possibility to integrate several 
factors of performance within only one single measure. Since we already know it offers other factors 
contribute to process performance as well, for example, materials, labor and methods (Suzuki, 1999) 
and environment, material flow, logistics and production system (Oechsner et al., 2002), the OEE 
model is suitable for modification. One can develop an alternative approach to measure performance 
efficiency (Garza-Reyes, 2015).  
 
The reason to develop an alternative approach of OEE lies in the limitations of the model. For 
example, Garza-Reyes (2015) mention material losses as a limitation of the quality factor. He also 
mentions labour management, raw material quality and cost as restrictions that OEE does not consider. 
To overcome the OEE limitations, a new alteration of the model should be proposed. I will, therefore, 
develop my own model inspired from OEE which focus on the parameters of transport, material 
capacity, material delivery time and cost. The new parameters require to investigate the lead times, 
material consumption and costs of the AM material flow.  
 

4.1.3.1 OMFE model development 
The optimization model is inspired by the mathematical model of OEE, which includes quantifiable 
variables in the form of time, weight and cost. The new model will be named Overall Material Flow 
Effectiveness (OMFE), and in this study, four primary factors of the model are identified, which 
characterizes the problem. The stages or phases of the material flow is divided into transport, material 
capacity, the material delivered in time and cost. 
 
 

Area Variable Description Measurement 

Transport 
TSG Transport from supplier to goods reception time (h) 
TGK Transport from goods reception to K-workshop time (h) 
TKN Transport from K-workshop to Nicolin-workshop time (h) 

        

Material 
Capacity 

PBSP Powder batches are poured into a steel pot weight (kg) 
FP Filter the powder weight (kg) 
PSPD The powder is poured from steel pot into a dispenser weight (kg) 
DPW The dispenser with powder is weighted weight (kg) 
RPW The remaining powder after the print is weighted  weight (kg) 
PJW The print job is weighted weight (kg) 

        
Material 
Delivery 
Time 

UT Unloading from truck time (h) 
CTW Control total weight of powder time (h) 
REG Registration in SAP time (h) 

       

Cost 

OP Ordering powder cost (£) 
SK Storage in K-workshop cost (£) 
PT Powder testing made by operators cost (£) 
DPT Documentation about the powder test sent to LAB cost (£) 
SPT LAB sends powder test to SWERIM cost (£) 

        
Table 4.2 OMFE Development Variables 
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Factor 1 – Transport 
The factor of transport refers to the lead time of each physical movement of powder, which in this case 
is between the supplier and the several workshops on site. Here it is interesting to understand and 
identify the standard lead time and how much downtime there is. 
 
Factor 2 – Material Capacity 
The factor of the material capacity is associated with the activities directly related to the powder 
handling and is measured in the weight of the powder. It is interesting to understand and identify how 
much of the material that is used and how much powder is converted to scrap along with the material 
flow. 
 
Factor 3 – Material Delivery Time 
The factor of material delivered in time is referred to units of powder delivered in time from when the 
material arrives at the goods reception until they can make it available to put in the storage on site.  
 
Factor 4 – Cost 
The factor of cost is related to the activities of storage, purchases from supplier, labour cost related to 
powder sample and material related costs. It is therefore interesting to identify overall cost of powder 
and the costs of material waste. 
 
 
OMFE Values 
The data are inserted into the calculations to obtain the values needed for the OMFE calculations.  
 
 
OMFE Factor Calculations Values   
Transport Standard lead time:  hours 

Downtime:  hours 
Material 
Capacity 

Total material weight:  kg 
Material scrap weight:  kg 
Other powder loss weight:  kg 

MDT Standard time:  hours 
Downtime:  hours 

Cost Cost of material:  £ 
Cost of material wasted:  £ 

Table 4.3 OMFE Development Calculations 
 
 
OMFE 
The OMFE considers all four OMFE factors which all consists of the ratio of how effective each 
measurement is managed. The OMFE will therefore present a percentage of how high the overall 
material flow effectiveness of the company is. 
 
OMFE = Transport × Material Capacity × Material Delivery Time × Cost 
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Transport 
The transport factor considers standard lead time and downtime. The standard lead time equals all 
standard data added together, while the downtime equals all actual data minus the standard data. If the 
actual data were less than the standard data, the downtime would be negative and therefore, mean that 
the company save time. The transport factor is calculated as: 
 
 
 
 

• Standard Lead Time = TSG + TGK + TKN 
• Downtime = TSGA + TGKA + TKNA - TSG - TGK – TKN 

 
 
Material Capacity 
The material capacity factor considers total material weight, material scrap weigh and other powder 
loss weigh. The total material weight is the weight when weighing the dispenser. The material scrap is 
the waste left after printing. The weight of other powder losses is the weight of spilt powder. The 
production process factor is calculated as: 
 
 
 
 
 

• Total material weight = DPW 
• Material scrap weight = (DPW – RPW – PJW) 
• Other powder loss weight = DPW - DPWA 

 
 
Material delivery time 
The MDT factor considers standard lead time and downtime. The standard lead time equals all 
standard data added together, while the downtime equals all actual data minus the standard data. If the 
actual data were less than the standard data, the downtime would be negative and therefore, mean that 
the company save time. The MDT factor is calculated as: 
 
 
 
 

• Standard Lead Time = UTA + CTWA + REGA 
• Downtime = UTA + CTWA + REGA - UT - CTW – REG 

 
 
Cost 
The cost factor considers the cost of material and cost of material wasted. The cost of material equals 
the costs related to printing one specific job in a specific powder. The cost of material wasted is the 
price multiplied by the scrap material. The cost factor is calculated as: 
 
 
 
 

• Cost of material = OP + SK + PT + DPT + SPT  
• Cost of material wasted = Price × Material scrap weight   

Transport = 	 #$%&'%('	)*%'	+,-*	./01&$,-*
#$%&'%('	)*%'	+,-*

 

Material Capacity = 	 +0$%2	3%$*(,%2	4*,56$.3%$*(,%2	#7(%8	4*,56$.9$6*(	801'*(	20::	1*,5$6
+0$%2	3%$*(,%2	4*,56$

 

MDT = 	 #$%&'%('	)*%'	+,-*	./01&$,-*
#$%&'%('	)*%'	+,-*

 

Cost = 	 ;0:$	0<	3%$*(,%2	.	;0:$	0<	3%$*(,%2	4%:$*'
;0:$	0<	3%$*(,%2
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OMFE calculations 
 
The OMFE measure and provide a baseline of how efficiently a material flow within AM utilizes the 
transportation, material capacity, the material on time rate and cost inputs. 
 
OMFE Factor OMFE % 
Transport:  
Material Capacity  
MDT:  
Cost:  
OMFE:  

 
Table 4.4 OMFE Development Result 
 
 
4.1.4 Solution 
 
The later phase is to find a solution by applying the optimization model to data regarding transport, 
material capacity, material delivery time and cost to solve the problem. This phase also includes 
verification and validation in order to find out if the model is described correctly and if the solution is 
correct or not. 
 

4.1.5 Results 
 
When this has been performed, the result of the optimization process should be obtained (Lundgren et 
al. 2010).  
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4.2 Sensitivity analysis 
 
A sensitivity analysis is an important method used to analyze the optimal solution to a linear 
programming problem to decide how sensitive the solution is for changes in input data and other 
assumptions. Since the input data is not entirely settled, it is of great interest to analyze the effect of 
various problem changes. In this case, it is difficult to estimate and choose the correct values for 
specific parameters. The uncertainty can concern costs, prices, time, capacities, resource consumption, 
demand etc. Perhaps a small change in the input data will result in a significant change in the solution, 
while other input data changes may lead to no changes at all. Lundgren et al. (2010) say that in many 
cases, the sensitivity analysis is more important than the optimal solution itself to gain knowledge of 
the problem characteristics. 
 
When applying the analysis in practice, it is interesting to investigate how the changes of input data 
will have an impact on the output, which requires changes in either the objective function coefficient, 
right-hand-side coefficient, constraint coefficient or adds/remove a constraint or variable (Lundgren et 
al., 2010)  
 
The questions that need to be analyzed are: 
 

• Is the solution still optimal after changing the input data? 
• Are the solutions feasible? 
• How will the objective function change after modifying the input data? 
• When will another basic solution be optimal? 

 
Several optimization studies have performed sensitivity analyses to investigate the problem's 
behaviour when the input data changes. Brute force approach of sensitivity analysis is a method of 
solving small models quickly by changing initial data, again and again, to see how the output is 
affected (Chinneck, 2006). 
 
The data collected from the case company could always be better relative to some sources of error. I 
attempted to fix those sources of errors by relying on a referent manager in the company in order to 
run this study. Of course, there are no fixed processes and guidelines on how to manage on-demand 
production within AM. Therefore, choices have been made to collect primary data as well as 
determine if the data are correct. Most of the primary data is collected from only one source of 
information at the case company. This source of information is my referent manager. It is essential to 
understand I assume the limit of validation in this work – since the model I have built Is based on an 
existing industrial in Siemens Industrial Turbomachinery AB, where real values cannot be used 
directly. To respect the issue of secrecy, I have in agreement with referent manager took values which 
are not strictly reflecting the reality but give a picture which proportion are exact. Triangulation was 
used to validate the global proportion between primary data. Of course, in terms of real value, 
processes, systems and way of working, there is a marginal error assumed in the model. I did not 
employ all the information own by the people in the firm. The overall choice of variables and the 
formulation of the optimization model is made with the information made officially available and my 
observations of the overall process in the firm.  
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4.3 Credibility 
Validity, reliability and objectivity are three measures of the credibility of a study where the study 
should be attempted to attain as high values as possible (Björklund et al., 2014).  
 

4.3.1 Validity 
High validity indicates the ability of a measuring instrument to measure what you want to measure. 
The validity can be increased by using triangulation, that includes other types than just the method-
triangulation, such as data-triangulation, theoretical triangulation and evaluator-triangulation 
(Björklund et al., 2014).  
 
Data-triangulation means using different sources of data, and in this study, the primary data have been 
collected from different sources at SIT to get an alternative overview of the information. The 
secondary data have been collected from different databases and different types of literature, such as 
books, articles and websites. Evaluator-triangulation means that different people evaluate the material. 
In this research, both primary and secondary data during the case study have been checked and 
verified together with managers at SIT and supervisor at BTH to confirm the validity as well as 
examined by the opponents. 
 

4.3.2 Reliability 
Reliability is about the accuracy of the measurement where high reliability means that no matter how 
many measurements performed or who is performing it, the result should be the same (Nilsson, 2017). 
To increase reliability, triangulation has been used to the greatest extent. 
 

4.3.3 Objectivity 
Objectivity indicates the extent to which values affect the study. To attain high objectivity, it is 
essential to clarify and motivate the choice of data, methods and literature in the study to show that the 
study is not biased by not taking into account missing variables of the problem. High objectivity of the 
research is necessary to let the reader the possibility to create his/her opinions of the results (Björklund 
et al., 2014). 
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5 SENSITIVITY ANALYSIS AND INTERPRETATION 
 
 
 
 
In the following chapter, a sensitivity analysis will examine and analyze how different input data affect 
the overall material flow effectiveness. An analysis of the data from the current situation is performed 
to understand what area there is potential for improvement development and to identify which 
variables that are most sensitive to changes. The analysis will also consider the optimal data used in 
the optimal production to compare with the current production and to see how the OMFE factors 
vary. The last part of the analysis includes to assess the effects of scaling up the production with 
implemented improvements. 
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5.1 Optimizing a prototyping model of 3D printing for 
manufacturing  

 
The issues of scale, size and significance of optimizing the material flow and finding a relevant model 
that could be applicable in optimizing the material flow of 3D printing industry are finding patterns 
and connections of the real problem to select variables according to their behaviour and interest. I took 
the elements of the OEE model development to identify the six big losses. The big losses of the OEE 
model include variables measured in time, quantity, speed and quality. Those are appropriate to the 
user in this case.  
 
The material flow losses are identified and explained in table 4.1 big losses. This table provided useful 
information about the current issues of the prototype additive manufacturing of today. 
 
From all the big losses presented in table 4.1 big losses, few of them impact the prototype material 
flow. The reason is that the prototype material flow is a scaled-down process with little losses. By 
distinguishing which big losses genuinely affect the Overall Material Flow Effectiveness and the AM 
prototype production, it is possible to understand the size and significance of the sensitivity of the 
values of chosen variables.   
 

5.1.1 OMFE affecting big losses 
 
In this section, I have listed the most significant losses affecting the variables in each factor. By 
indicating why the losses arise, it is possible to monitor the variation of the percentage in each of the 
four OMFE factors and therefore optimizing the material flow.  
 

5.1.1.1 Transport 
The big losses within the AM material flow relative to the transport factor and more particularly 
affecting the lead times are listed below: 
 

• Ordered powder needs to be from the same batch from a supplier 
 

Ordered powder needs to be from the same batch from a supplier 
By examining all of the losses related to the four different factors, the requirement that the ordered 
powder needs to be from the same batch from a supplier is currently considered having the most 
significant impact on why the difference between the current and ideal OMFE percentage is that high.   
 
The standard data of the transportation from supplier to goods reception is set to 160 hours, which is 
the time the material needs to be delivered to SIT. The idea with the lead time is that the supplier 
should be able to create the powder and then transport it to SIT. The ideal data is set to 40 hours when 
the supplier has the powder in stock. I assume that when the powder is in stock, the ideal delivery is 
set at 40. 
 
Since the AM industry is recent and therefore focuses on prototype manufacturing, I am dealing with a 
quasi-experimental “on-demand” situation. It means that SIT does not order powder continuously as in 
a continuous large-scale production process but buy, instead, sporadically when they have jobs to 
print. 
 
I will investigate the optimization of time loss related to production size by implementing a different 
solution. For example, prototype production versus mass production with continuous purchases of 
material, providing better forecasts to the supplier. 
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5.1.1.2 Cost 
The big losses within the AM material flow that are related to the cost factor and more particularly 
affecting the costs are listed below: 
 

• Cannot use MRP tool in SAP 
• Ordered powder needs to be from the same batch from a supplier 
• Batch size is 10 kg – complicated to store 
• Leftover powder in batches are not stored at a specific place 
• Powder samples are made because of unqualified supplier 
• Print jobs are sometimes started without the results is finished 
• Delays if info is missing 
• Unclear areas of responsibilities  
• The processes are not always followed 

 

Powder samples are made because of unqualified supplier 
Today, SIT does not have a qualified powder supplier, which means the supplier does not take any 
samples to check if the material matches the requirements of the material specifications. 
 
The cost losses related to this issue could as a suggestion be solved by changing to another qualified 
powder supplier where they are responsible for the powder sample and analyses instead. By doing this, 
the cost of ordering powder would probably increase, but on the other hand, SIT would entirely skip 
the costs of PT, DPT and SPT. 

Print jobs are sometimes started without the results is finished 
At times, the print jobs are started before the results of the powder sample analyses have been 
completed. In the worst-case scenario, if the analyses would show negative results that would lead to 
not wanting to print. But in this case, when the component is already printed, that would result in 
scraping the whole component. This means the powder has been used unnecessarily and therefore has 
increased the cost of material wasted. 
 
The cost losses related to this issue could as a suggestion be solved by either change supplier as 
mentioned before or by finding out why the processes are not followed and require stricter processes. 

Delays if info is missing 
Before the operators in the Nicolin-workshop can send the powder sample to the lab, they need to fill in 
documents about the material characteristics. If any information were missing, it would result in delays 
and longer lead times that later would lead to increased cost. 

Unclear areas of responsibilities  
By having unclear areas of responsibilities, the employees within the AM industry cannot efficiently 
manage their work which leads to longer lead times and indirectly higher costs. 

The processes are not always followed 
I have observed that this problem affects all four factors within the material flow but is not quantified 
in my model. It is therefore difficult to find any quantitative data or make any qualified assumptions. I 
will therefore not report their effect in the model buy I mention that processes that are not followed 
generate delays. 
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5.1.1.3 Material Capacity 
The big losses within the AM material flow that are related to the material capacity factor and more 
particularly affecting the powder weight is listed below:  
 

• Too few steel pots 
• Cannot mix powder from different batches 
• Powder spillover needs to be vacuumed up 

 

Too few steel pots 
The problem with too few steel pots arises because they are mainly used for storing processed powder, 
which leads the operators to pour powder back and forth into different batches. This method increases 
the risk of spilling powder, which leads to powder losses but also takes an unnecessarily long time. 
 
The weight losses related to this issue could as a suggestion be solved by in the short term buy more 
steel pots which are expensive or in the long term find a new method of reusing and storing the 
processed powder in a more efficient way. By implementing these ideas, it is possible to reduce the 
weight losses and therefore increase the production process percentage. 

Cannot mix powder from different batches 
Today it is not possible to 3D print components with powder from different batches because if the 
component failed to function due to quality deterioration, it would not be possible to trace which of the 
powders that are the failing powder. Since it not possible to mix powder batches, it also results in 
having several stored pots of a small amount of powder in each but not enough to print off. These 
remaining powders are currently not used and could, therefore, be seen as material scrap. 

Powder spillover needs to be vacuumed up 
This is a chronic problem most often depending on the human factor. Every time the powder is moved 
or poured back and forth into different pots, the risk of spilling powder is rising. If the powder is spilt, 
it is equal to waste which needs to be vacuumed up. This kind of loss is affecting all variables of the 
production process factor. By minimizing the powder spillovers, it will affect both the production 
process factor and cost factor. 
 

5.1.1.4 Material Delivery Time 
The big losses within the AM material flow that are related to the MDT factor and more particularly 
affecting the lead times are listed below: 
 

• NCRs (Non-conformance report) are made because of missing certificates from the supplier, 
not correctly labelled or wrong powder quantity. 
 

 
NCRs (Non-conformance report) 
Non-conformance reports are made when the powder related work is incorrectly done. In this case, 
When the material delivery at the goods reception misses any certificates, wrong quantity or is 
incorrectly labelled, it can result in significant losses in time, which affects the MDT percentage. 
When NCRs are written, they are sent to the tactical purchasers to rectify them but can take several 
days and up to months before being fixed and could be prepared for sending to K-workshop. 
 
This is an external supplier related problem and happens because of the human factor. It is challenging 
to solve this kind of loss or issue, but what SIT can do to minimize the time delays, is to implement a 
more efficient method of handling the NCRs. 
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5.2 Optimization of model development  
 

5.2.1 The optimal solution of the prototype production 
 
The ideal scenario describes the optimal OMFE results SIT can obtain today, which means when the 
additive manufacturing production is fully productive with no or minimal transport, material capacity, 
MDT or cost losses. To calculate the best possible OMFE results SIT can obtain, the ideal data have 
been set equal to the standard data, which means that the production is working at their full capacity. 
As the data related to the four factors are private, both standard and actual data that have been 
discussed with operators, managers and employees at SIT, have been modified and are too large extent 
estimated. However, the relation between the data provides adequate insights into how one of the 
leading AM industries are managed and is, therefore, an excellent case to study in order to understand 
how to develop a usable and transferable optimization model. 

Factor Variable Description Measurement 
Standard 

value 
Ideal 
value 

Transport 

TSG Transport from supplier to goods reception time (h) 160 160 

TGK Transport from goods reception to K-workshop time (h) 10 10 

TKN Transport from K-workshop to Nicolin-workshop time (h) 5 5 

Material 
Capacity 

PBSP Powder batches are poured into a steel pot weight (kg) 100 100 

FP Filter the powder weight (kg) 100 100 

PSPD The powder is poured from steel pot into the dispenser weight (kg) 100 100 

DPW The dispenser with powder is weighted weight (kg) 100 100 

RPW The remaining powder after a print is weighted weight (kg) 85 85 
PJW The print job is weighted weight (kg) 10 10 

MDT 

UT Unloading from truck time (h) 20 20 

CTW Control total weight of powder time (h) 10 10 

REG Registration in SAP time (h) 
 

2 2 

Cost 

OP Ordering powder cost (£) 10000 10000 

SK Storage in K-workshop cost (£) 5000 5000 

PT Powder sample made by operators cost (£) 130 130 

DPT Documentation about the powder sample sent to LAB cost (£) 130 130 
SPT LAB sends powder sample to SWERIM cost (£) 14000 14000 

Table 5.1 OMFE Optimal Prototype Data 
 
 
The table OMFE Optimal Prototype Data presents the modified data for carrying through one Ibuma 
gas burner print in HX-powder. One print requires 100 kg powder material which is from the rest of 
the data in the table is developed from. 
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OMFE 
Factor Calculations Result    OMFE Factor 

OMFE 
% 

Transport Standard lead time: 175 hours  Transport: 100,00% 
Downtime: 0 hours  Production Process: 95,00% 

Material 
Capacity 

Total material weight: 100 kg  MDT: 100,00% 
Material scrap weight: 5 kg  Cost: 84,14% 
Other powder loss weight: 0 kg  OMFE: 79,93% 

MDT 
Standard time: 32 hours  

Table 5.3 Optimal 
OMFE Result  

Downtime: 0 hours    
Cost Cost of material: 24260 £    

Cost of material wasted: 3848,4 £    
Table 5.2 Optimal OMFE Calculations 
 
 
The OMFE calculations show that in the production process factor, the material scrap weight is 
calculated to 5 kg. This weight is something SIT cannot avoid since the advanced technology of the 
3D printer requires some material losses. The material scrap weight can, however, vary between a few 
percentages depending on how the powder is stowed in the dispenser. The ideal cost factor can never 
avoid the cost of material wasted because of the previously explained reason about the losses occurred 
in the machines.  
 
The optimal OMFE is presented in the Optimal OMFE table. The factor of the production process is 
calculated to 95 %, which is a percentage that could never really get any higher due to restrictions in 
the technology and performance of the 3D printer. This means that in an optimal scenario, the 
company cannot make any further improvements to reduce the number of material waste in 3D 
printing machines. 
 
The MDT reach 100 %, which means the goods reception execute their work in time. The percentage 
of the cost factor is related to material management in the production process, which is the ideal 
scenario is 84,14 %. If the material scrap weight and other powder losses weight were zero, it would 
result in a percentage of 100%. As mention previously, material scrap weight is difficult to avoid due 
to machine-related losses. 
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5.2.2 The current solution of the prototype production 
 

The current scenario describes how the company is working today, how efficient the variables are 
being performed and where in the material flow the company has the most substantial losses.   
 

Factor Variable Description Measurement 
Standard 

data 
Actual 

data 

Transport 

TSG Transport from supplier to goods reception time (h) 160 40 
TGK Transport from goods reception to K-workshop time (h) 10 10 
TKN Transport from K-workshop to Nicolin-workshop time (h) 5 65 

Material 
Capacity 

PBSP Powder batches are poured into a steel pot weight (kg) 100 98 
FP Filter the powder weight (kg) 100 97 
PSPD The powder is poured from steel pot into the dispenser weight (kg) 100 97 
DPW The dispenser with powder is weighted weight (kg) 100 91 
RPW The remaining powder after a print is weighted weight (kg) 85 76 
PJW The print job is weighted weight (kg) 10 10 

MDT 

UT Unloading from truck time (h) 20 20 
CTW Control total weight of powder time (h) 10 12,5 
REG Registration in SAP time (h) 2 2,5 

Cost 

OP Ordering powder cost (£) 10000 10000 
SK Storage in K-workshop cost (£) 5000 5000 
PT Powder sample made by operators cost (£) 130 130 
DPT Documentation about the powder sample sent to LAB cost (£) 130 260 
SPT LAB sends powder sample to SWERIM cost (£) 14000 14000 

Table 5.4 Current OMFE Data 
 
In the current data table, the transport from supplier to goods reception is distinguished from the rest 
of the variables. The standard value is 160 h, which means the supplier needs to deliver the material 
within four working weeks. Since HX-powder is a regularly used powder, the supplier usually has the 
powder batches in store. This means the supplier can deliver the material within one week instead. It is 
important to point out that the actual data of PBSP, FP, PSPD are assumptions as they today are not 
measured. However, it has been confirmed that spillovers of powder occur in these variables. 
The cost of storage in the K-workshop is a yearly cost, which depends on the total stock value. It is 
therefore difficult to link that cost to the cost factor since it is not possible to track the time of a 
specific powder batch stored in the K-workshop. The decision has, therefore, been made to exclude the 
storage cost from the Cost factor calculation. 
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Table 5.5 Current OMFE Calculations 
 
The current OMFE is presented in the table current OMFE and shows a percentage of 58,42 %. The 
factor with the worst percentage that affects the OMFE the most is the cost factor. The low percentage 
depends on the cost of material wasted, which indirectly is affected by the material capacity factor. 
Since some of the cost variables are variable costs, it is possible to change the labour time to achieve 
higher cost efficiency. Even though the material capacity factor percentage is quite high, the material 
scrap and other powder loss weight affect the cost factor, so by finding improvements in production 
process factor, it will automatically affect the cost factor positively. The losses related to the material 
capacity factor are spillovers when filtering powder and pouring the powder into different batches, and 
since the high density of the powder, even small and several spillovers can result in huge weight and 
therefore impact the OMFE percentage. Unclear stock movements make it challenging to identify 
inventory discrepancy of the powder, which also results in weight losses along the production process.    
 
 

5.2.3 Comparison between Current and Optimal production 
 

 

 
Figure 5.1 Comparison Between Current and Optimal OMFE 

 
By comparing the optimal production with the current production, it is possible to get a clear overview 
of which factors and variables that are most sensitive to changes in lead time, weight and costs. It is 
also an approach towards finding which of the losses that primary needs to be fixed in order to design 
the material flow for the optimal solution. The optimal solution for designing the material flow. 
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Current OMFE % Optimal OMFE %

OMFE 
Factor Calculations Result    OMFE Factor 

OMFE 
% 

Transport Standard lead time: 175 hours  Transport: 134,29% 
Downtime: -60 hours  Material Capacity 86,00% 

Material 
Capacity 

Total material weight: 100 kg  MDT: 90,63% 
Material scrap weight: 5 kg  Cost: 55,82% 
Other powder loss weight: 9 kg  OMFE: 58,42% 

 MDT Standard time: 32 hours 
Downtime: 3 hours 

Cost Cost of material: 24390 £ 
Cost of material wasted: 10775,52 £ 
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By looking at the first OMFE stacked bar, it is possible to identify that the Optimal OMFE percentage 
is 21,5 percentage points higher than the current OMFE. If we look over the other factors to identify 
which of them that has a significant impact on the total OMFE percentage, the transport factor 
distinctly stands out. This is a factor that needs to be further investigated to find which losses that need 
to be solved and find other ideas to smooth out the differences between the ideal and current situation. 
The optimal transport factor is, however, already at 100 %, which indicates that the problem is 
probably the set standard time at the company that is incorrectly set and needs to be further 
investigated. 
 
The second most influential factor is the cost factor. It differs 28,3 percentage points between the 
optimal and current solution, which is a further reason why of the current OMFE is low. As previously 
mentioned, the cost difference depends on the cost of material wasted. The difference in MDT 
percentage is 10,4 percentage points, which means SIT is working relatively close to their optimal 
capacity. We already know that the MTD is measured in time where the standard data are lower 
numbers compared to the lead times within the transport factor. This means that the MDT variable is 
much more sensitive for changes, for example, regarding time delays. For instance, one-hour delay of 
a variable in the MTD factor affects the MDT percentage more than a one-hour delay of a variable in 
Transport factor.  
 
The difference in material capacity factor is nine percentage points, which means of all the OMFE 
factors, the current material capacity factor is the one closest to the ideal scenario. This means that this 
is not one of the most important factors to investigate to find improvements for the current situation. 
However, ideas and suggestions on how to develop this part of the material flow are interesting to 
explore. 
 

 
Figure 5.2 Cost Comparison Between Current and optimal OMFE 

 
The figure of the cost factor is based on the actual data in the cost factor and show how the ideal and 
current costs are allocated. The most substantial cost is SPT, Lab sends powder test to SWERIM and 
is a fixed cost when having the amount of powder to print one IBUMA job because it only requires 
one powder sample. If there for some reason had been a more massive amount of powder coming from 
different batches, it would require taking more powder sample and by sending the samples together it 
could reduce the costs than sending them separately at different times since the second sample analysis 
is cheaper to perform as the machines used for analysis have already been calibrated. 
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The second largest cost is the cost of ordering powder, OP. If looking from another point of view, by 
minimizing a scrap of powder material, there is a possibility to reuse it and therefore reduce the costs. 
 
The cost of storage in the K-workshop, SK, is a variable cost and is considered to be approximately 
20% of the total stock value per year. Since the cost is difficult to break down and to fit into this case, 
it is decided to neglect this kind of cost. In the ideal scenario, the aim would be to have a minimalistic 
cost of storage. 
 
Both costs of taking powder samples and document the powder samples are affected by the time it 
takes for the operators to perform their work. So, these kinds of costs are sensitive to working time. 
When comparing the costs of DPT and PT to OP, they could be negligible since it does not affect the 
total transport factor percentage with any more significant impact. 
 
 

 
Figure 5.3 MDT Comparison Between Current and optimal OMFE 

 
The figure of the MDT factor is based on the actual data in the MDT factor and show how the optimal 
and current lead times are allocated. The lead times of the MDT variables are shorter than the lead 
times of transport factor, which means that it does not need any significant delays in order to bring 
down both MDT factor percentage and OMFE percentage. Therefore, this factor is sensitive to time. In 
discussion with the goods reception, they mention that they succeed to perform the MDT variables in 
time in 89% of the cases. The rest of 11% occur because of wrong quantity, missing certificates or 
wrongly marked labours, which in the worst case can be delayed up to days/weeks/months until 
employees from the tactical purchasing department take actions.  
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Figure 5.4 Material Capacity Comparison Between Current and Optimal OMFE 

 
The figure of the material capacity factor shows how the optimal and current powder weights are 
allocated. The difference in DPW - the dispenser with powder is weighted, depends on that in the 
current situation, powder has been lost along with the material flow due to spillovers. The difference 
in RPW, remaining powder is weighted, is more challenging to identify a significant cause because it 
depends on how the 3D printer is running. As mentioned before, the material scrap weight is difficult 
to avoid because of the structure and set-up of the machine. The PJW, print job is weighted, I always 
assume the weight is the same weight. In some cases, due to machine failures, the Ibuma gas burner 
could weight more than settled weight. Other powder capacity variables are presented in this figure are 
assumed data because of the lack of measurement of their respective material scrap weight. In reality, 
those material scraps exist and impact the actual data of DPW by creating powder losses.   
 

 
Figure 5.5 Transport Comparison Between Current and optimal OMFE 

 
The figure of the transport factor is based on the current and optimal ideal data in the transport factor 
and show how the ideal and current lead times are allocated. It is possible to distinguish the various 
variables of transport, where the variable “transport from supplier to goods reception (TSG)” is seen as 
a significant part of the total lead time. The odd thing in this diagram is that the current actual data is 
lower than the optimal ideal data and not equal to the standard data. Therefore, the OMFE model 
results in a transport percentage of 134,3 % instead of 100%. Here, SIT should have better 
communication with their supplier to understand if it is possible to set new processes, change the 
standard data and therefore, make the OMFE model more accurate. 
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5.2.4 Scaling up the current solution 
 
If SIT would scale up their production and mass produce 100 Ibuma gas burners, the data would likely 
change, which makes it interesting to analyze how the time, weight and costs would behave. The table 
of mass production data is addressing how the variables change or not change of producing 100 Ibuma 
gas burners. 

Factor Variable Description Measurement 
Standard 

data 
Actual 

data 

Transport 

TSG Transport from supplier to goods reception time (h) 160 40 
TGK Transport from goods reception to K-workshop time (h) 10 10 
TKN Transport from K-workshop to Nicolin-workshop time (h) 5 65 

Material 
Capacity 

PBSP Powder batches are poured into a steel pot weight (kg) 10000 9800 
FP Filter the powder weight (kg) 10000 9700 

PSPD 
The powder is poured from steel pot into the 
dispenser weight (kg) 10000 9700 

DPW The dispenser with powder is weighted weight (kg) 10000 9100 
RPW The remaining powder after a print is weighted weight (kg) 8500 7600 
PJW The print job is weighted weight (kg) 1000 1000 

MDT 

UT Unloading from truck time (h) 20 20 
CTW Control total weight of powder time (h) 10 12,5 
REG Registration in SAP time (h) 2 2,5 

Cost 

OP Ordering powder cost (£) 820000 820000 
SK Storage in K-workshop cost (£) 410000 410000 
PT Powder sample made by operators cost (£) 13000 13000 

DPT 
Documentation about the powder sample sent to 
LAB cost (£) 13000 26000 

SPT LAB sends powder sample to SWERIM cost (£) 360500 360500 
Table 5.6 Mass Production Data 
 
If the production will scale up to produce 100 Ibuma gas burners, it means that it is required to order 
10 ton of powder. If we assume that the cost per kg of powder reduces by 20 % if ordering more than 
1 ton, that means the mean cost will reduce. By buying 10-ton powder, the storage cost will need to be 
regarded. I also assume that the ordered powder come from different powder batches, which means 
powder samples will need to be done on each of the hundred powder batches. The transportation from 
supplier to goods reception, goods reception to K-workshop and K-workshop to Nicolin-workshop is 
assumed to be the same since the transportation are capable to carry heavy weight. 
 
In the factor of material capacity, the current prototype data have been multiplied with 100 since the 
variables are managing 100 times larger quantity of powder. The material delivery time, MDT, the 
lead time is considered the same as in the current prototype scenario. 
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OMFE 
Factor Calculations 

Mean 
Result    OMFE Factor 

OMFE 
% 

Transport Standard lead time: 175 hours  Transport: 134,29% 
Downtime: -60 hours  Powder Capacity: 86,00% 

Powder 
Capacity 

Total material weight: 100 kg  MDT: 90,63% 
Material scrap weight: 5 kg  Cost: 83,72% 
Other powder loss weight: 9 kg  OMFE: 89,11% 

MDT 
Standard time: 32 hours  

Table 5.8 Mass 
Production OMFE  

Downtime: 3 hours    
Cost Cost of material: 8601 £    

Cost of material wasted: 1400 £    
Table 5.7 Mass Production Results 
 
The mean results show calculated as previously but as the mean value of hundred Ibuma gas burners. 
Why the mass production results are calculated as the mean results is to make it easier to compare with 
the current prototype results.  
 

5.2.5 Scaling up the current solution with improvements 
 
The proposed improvements are suggested and assumed by me, which means  
By changing supplier, it is possible to eliminate the costs of PT, DPT and SPT. The possible 
disadvantage I assume that the cost of ordering powder will increase since the new supplier will 
perform the powder sample related activities instead. By providing detailed right-on-time forecasts, it 
is possible to scale up the production and mass produce 3D printing components and to avoid 
increased storage costs. This requires improved communication with the supplier and customer. By 
implementing clearer stock movements, it is easier to track the powder and increase the management 
of the powder. 

Variable Description Measurement 
Standard 

data 
Actual 

data 
TSG Transport from supplier to goods reception time (h) 40 40 
TGK Transport from goods reception to K-workshop time (h) 10 10 
TKN Transport from K-workshop to Nicolin-workshop time (h) 5 5 
PBSP Powder batches are poured into a steel pot weight (kg) 10000 10000 
FP Filter the powder weight (kg) 10000 10000 
PSPD The powder is poured from steel pot into the dispenser weight (kg) 10000 10000 
DPW The dispenser with powder is weighted weight (kg) 10000 10000 
RPW The remaining powder after a print is weighted weight (kg) 8500 8500 
PJW The print job is weighted weight (kg) 1000 1000 
UT Unloading from truck time (h) 20 20 
CTW Control total weight of powder time (h) 10 10 
REG Registration in SAP time (h) 2 2 
OP Ordering powder cost (£) 820000 820000 
SK Storage in K-workshop cost (£) 410000 410000 
PT Powder sample made by operators cost (£) 0 0 
DPT Documentation about the powder sample sent to LAB cost (£) 0 0 
SPT LAB sends powder sample to SWERIM cost (£) 0 0 

Table 5.9 Mass Production With Improvements Data 
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OMFE 
Factor Calculations Result    OMFE Factor 

OMFE 
% 

Transport Standard lead time: 55 hours  Transport: 100,00% 
Downtime: 0 hours  Material Capacity 95,00% 

Material 
Capacity 

Total material weight: 100 kg  MDT: 100,00% 
Material scrap weight: 5 kg  Cost: 93,90% 
Other powder loss weight: 0 kg  OMFE: 89,21% 

MDT 

Standard time: 32 hours  

Table 5.9 Mass 
Production With 

Improvements OMFE   
Downtime: 0 hours    

Cost Cost of material: 8200 £    
Cost of material wasted: 500 £    

Table 5.10 Mass Production With Improvements Results 
 
 

5.2.6 Comparison between current prototype production and scaled up 
production with improvements  
 

OMFE 
 

 

 
Figure 5.6 OMFE Comparison Between Current and Scaled-up OMFE 

 
In figure 5.6 it is possible to see that the up-scaled OMFE is superior. The most distinguishing feature 
of the figure is transport, as mentioned earlier depended because of the small batch order that the 
supplier already had in stock. The main casual factor affecting the prototype OMFE percentage is the 
cost. It is therefore interesting to investigate why this ratio differ that much. 
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Cost 

 
 

Figure 5.7 Cost Comparison Between Current and Scaled-up OMFE 

 
Here it is possible to distinguish the differences in costs of material and material waste the current 
prototype production and the scaled-up production of the current data with implemented 
improvements. It is easy to see that the costs are marginally higher to manufacturing prototype 
production compared to mass production. By changing the supplier, it is possible at scaled-up 
production reduce costs related to powder sample in total of 14390 £ per printed Ibuma gas burner. 
Further, by ordering one large batch of powder which discounts the total cost of powder, it is possible 
to reduce costs by 1800 £ per Ibuma gas burner compared to current protype production. 
 
 
Transport 

 
Figure 5.8 Transport Comparison Between Current and Scaled-up OMFE 

In protype production, the lead time of transport from K-workshop to Nicolin-workshop is 13 times 
higher than the mass production., which is the reason mass production has better percentage. 
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Material Capacity 

  
Figure 5.9 Material Capacity Comparison Between Current and Scaled-up OMFE 

In material capacity, one wants to have as high capacity as possible. The difference in material 
capacity is depends on several variables but what they have in common, is that clearer stock 
movements increases the awareness among the employees about where the powder is, how much there 
is left and so on. In this way, it will create a conscientiousness to handle the powder more delicately. 
 
 
Material Delivery Time 
 

  
 

Figure 5.10 MDT Comparison Between Current and Scaled-up OMFE 

 
In MDT, there are no distinct improvements that needs to be done, in order to achieve higher MDT 
percentage and lowder lead time. The mass production in figure 5.10 is calculated by simple following 
the the processes within the standard lead time.  
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6 CONCLUSION 
 
 
 
 
The following chapter presents the conclusion that short and comprehensive will answer the aim of the 
study and its research questions. By using the literature review and the results of the study completed 
at SIT, it is providing knowledge that can apply to similar cases beyond the case company. 
Suggestions and recommendations for future research will be presented, as well. 
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6.1 The conclusion 
 
This study was completed to provide knowledge about how the AM industrial technology can take 
further steps towards Industry 4.0 by reaching its full potential to achieve high-scale adoption and 3D 
mass production. The previous literature justifies the problem definition as a matter of drawbacks in 
terms of supply chain disruption, high costs, long lead times and unfriendly AM environments. 
Therefore, the main objective was set to create an optimization model that could help to find 
improvements in the material flow and consequently propose a solution of how companies can achieve 
the optimal material flow in order to achieve high-scale adoption and begin mass production. It has 
been done by developing an optimization model consisting of the variables transport, material 
capacity, material delivery time and cost, to assess two comparisons of AM material flow, one 
comparison between current and optimal prototype production, and one between current prototype 
production and up-scaled production with implemented improvements. 
 
The optimal material flow of the AM industry 
The results for optimal material flow in current, optimal and scaled-up production show that the 
scaled-up production with implemented improvements in terms of a new supplier, improved forecasts 
and less material waste, give the most striking findings.   
 
By comparing the current prototype production with the possible up-scaled production from a material 
flow perspective, it is possible to see that by scaling up the production, the OMFE percentage rise by 
29,2 percentage points. The main reason is that by scaling up the production, it is possible to get a 
discount on the material cost. It is also possible to reduce the costs related to powder samples because 
of discounts as well. 
 
By comparing further, the difference of OMFE between the scaled-up production and scaled-up 
production with implemented improvements is only 1,6 percentage points. The scaled-up production 
with improvements has more even factor percentages that vary between 89,21% to 100 %, compared 
to no implemented improvements that instead has scattered percentages, vary between 83.72 % to 
134,29 %. 
 
Comparing cost per printed Ibuma gas burner, it is possible by having scaled-up production with 
improvements, decrease the total costs by 16 190£. Comparing transport, it is possible to observe a 
reduction in lead time of 60h. Comparing powder scrap weight in material capacity. The up-scaled 
production reduces the weight by 9 kg. In material delivery time, the time reduces by 3h. By just 
comparing the productions based on OMFE percentage, the up-scaled production with implemented 
improvements in industrial design, is that AM Industries should aim for. 
 
The favour of using OMFE is that it is not an oversimplification of the industrial reality. It explains the 
effectiveness of the material flow of the additive manufacturing industry by providing four indicators 
which separately explains significant variation in the efficiency of the variables of the model. The 
OMFE model show in the summary that transport, material capacity, material delivery time and costs 
are relevant factors in allocating different lead times, material capacities and costs. By optimizing 
OMFE in a small-scale scenario, there is room to reduce costs, increase capacity and shorten lead 
time. It shows that in optimization terms, the small batch production is a viable model of production 
since it treats pertinent variables and measurements that are relevant for real case testing in a practical 
setting. 
 
Top losses within the AM industry 
As Holmström et al., (2010), Peres & Noyes (2006) and Chawla et al., (2012) did not find any critical 
improvements needed to manage AM production during their research. This study continues a part of 
their study by investigating the losses within AM material flow and mention what needs to be done. In 
terms of pure optimization of the material flow, my optimization model shows that top losses affecting 
time, cost and quantity are related to non-human processes and not machine processes.  
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The largest optimization loss of the current prototype production is the loss of transport, and more 
specifically in the variable of TSG -transport from supplier to goods reception. The variable involves a  
The second largest source of OMFE loss is costs because of material scrap weight generated by labour 
management and methods used by the operators. What needs to be done in order to reduce waste 
marginally is first to find a process for clearer stock movements of powder providing wherein the 
material flow most waste is created. Secondly is to find a process of managing the powder in a much 
safer way. 

6.2 Suggestions for future work: 
 
This study identifies and highlights the top losses within the AM material flow that affects the OMFE 
factors, which means that other losses that do not have a clear connection to the OMFE but are very 
important in order to scale up the AM production are neglected. This means that suggestions for 
further research could be to analyze all of the top losses further to find improvements. 
 
The model is basic but has the advantage of formulating the problem in a clear way. It could be further 
developed, addressing some weaknesses that could be further investigated with further data. For 
example, I would have liked to get more information on the lead times, costs and material capacity of 
each of the variables. This model still offers a valid starting point in providing a tool adjusted to the 
optimization of the AM industry. For example, it permits to formulate the issue of quality 
improvement in the AM industry from the point of view of material flow. 
 
The losses that affect the material flow but which were unable to find unquantifiable data could be an 
interesting area for further future studies since their effect was not reported in this study but do 
generate delays within the flow.   
 
Hopefully, the OMFE model of optimized material flow would gain to be developed further for other 
similar AM manufacturing industries to offer points of comparison and refinements. 
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APPENDIX A 

Overall equipment effectiveness (OEE) model 
 

 
OEE =  𝑨𝒗𝒂𝒊𝒍𝒂𝒃𝒊𝒍𝒊𝒕𝒚 × 𝑷𝒆𝒓𝒇𝒐𝒓𝒎𝒂𝒏𝒄𝒆 × 𝑸𝒖𝒂𝒍𝒊𝒕𝒚 
 
Availability considers availability losses which cover all time of when the planned production is 
stopped, including both planned and unplanned stops (OEE, 2018). Loading time means the planned 
time per time period for production operations. Downtime is the total time of unplanned activities such 
as equipment failures, setup and adjustments (Muchiri & Pintelon, 2008). Since the AM method 
differs from traditional manufacturing methods with long printing times for one piece, in our 
approach, the time frame will, therefore, be based on the working cycle of one average gas burner job 
in HX-powder. 
 
Performance considers performance losses, which cover all factors that reduce speed in the 
production, which results in less operating time, including small stops and reduced speed (OEE, 2018). 
Net operating time is cycle time multiplied by the processed amount. Net operating time is also the 
time at standard production rate, which means the operating time minus performance time losses 
(Muchiri & Pintelon, 2008). 
 
The quality considers quality losses which cover manufactured components that do not achieve the 
quality standards, including scrap and rework (OEE, 2018). Total production is the number of items 
produced per time period. Defection amount is the number of quality defected items that are scrap or 
require rework (Muchiri & Pintelon, 2008).  
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The six big losses 
 
The OEE model tool is a measure of effectiveness and is designed to identify losses that reduce 
equipment effectiveness. There are six known large losses: 
 

Downtime losses: 
• Breakdown losses (time and quantity losses) 
• Set-up and adjustment losses 

 
Breakdown losses are time losses and quantity losses caused by failure or breakdown. Set-up and 
adjustment losses occur during testing during production, set-ups between start-ups and adjustment of 
machines (OEE, 2018). Reducing equipment downtime to provide economic efficiency and 
effectiveness for AM production has been investigated in a case study of where the findings were 
positive (Khajavi et al. 2018). 
 

Speed losses: 
• Idling and minor stoppage losses 
• Reduced speed losses 

 
Speed losses are known for being the most difficult losses to inspect and register and have been 
understudied in the performance category throughout the OEE model. The loss occurs in 
manufacturing processes due to for instance rough running, equipment wears or blocked production 
flow, and previous research shows that there is a lack of attention nor understanding among firms 
(Benjamin et al., 2015). Idling and minor stoppage losses are losses that emerge by interruptions in 
production and can cause loss of production capacity because of changed standard production rate. 
Reduced speed losses are the losses occurring of the difference of designed production speed and the 
actual operating (OEE, 2018). 
 

Quality losses: 
• Quality defects and rework 
• Reduced yield during start-up 

 
Quality losses account for components that do not meet the quality standards. Errors in production 
equipment often cause quality defects and rework. Reduced yield occurs from machine startups, for 
example, by inadequate preparations (OEE, 2018). Improving quality is one of the goals of 
manufacturing companies to maximizing productivity (Benjamin et al., 2015) and is of high interest 
for additive manufacturing companies as well.   
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OEE Six Big Loss Category Events 

Availability losses 

Breakdowns 
Unplanned maintenance 
Tooling failures 
Equipment failures 

Setup and Adjustments 
Material shortage 
Major adjustments 
Operator shortages 
Setup/changeover 

Performance losses 

Small stops 
Obstructed product flow 
Component jams 
Misfeeds 
Cleaning/checking 

Reduced speed 

Equipment wear 
Rough running 
Operator inefficiency 
Transportation barriers 
Cleaning/checking 

Quality losses 

Startup rejects 
Scrap 
Rework 
In-progress damage 
In-progress expiration 

Production rejects 
Scrap 
Rework 
In-progress damage 
In-progress expiration 

Table. Six big losses 
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