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 ABSTRACT 
 
Today, companies are facing increasing global competition. Market borders are deleted, and the 

demand and supply of products are greater than ever. Being an actor on the global market brings 

new opportunities, but it also triggers manufacturing companies to change, to stay competitive 

and meet rapidly increasing requirements. Industry 4.0 aims to solve these issues with the concept 

of a Smart Factory. Information is the heart of a Smart Factory, and it has the potential to improve 

people’s ability to make higher quality operational decisions to increase production efficiency. 

Making operational decisions on inadequate or inaccurate information leads to increased 

operational costs, problems in production scheduling and inefficient production system 

development. To turn traditional factories into smart factories, information requirements for 

operational decisions in a Smart Factory needs to be characterised and concretised. 

 

Purpose: The purpose of this thesis is to analyse information requirements for operational 

decisions in smart factories. To be able to fulfil the purpose of the study, four research questions 

have been stated:  

 

RQ 1: What characterises information for operational decisions in a Smart Factory? 

 

RQ 2: Why are information requirements for operational 

decisions in a Smart Factory necessary? 

 

RQ 3: What information contributes to operational decisions in a Smart Factory? 

 

RQ 4: How can information requirements support operational decisions in a Smart 

Factory? 

 

Methodology: To fulfil the purpose, a case study was performed at the case company in 

collaboration with Research Institutes of Sweden (RISE). The case study consisted of 

observations, interviews, and other types of data collection. A literature review was based on a 

study of information in smart factories, with the focus on facilitating operational decisions. The 

empirical findings and the literature review were analysed to highlight similarities and 

differences to answer the research questions.  

 

Findings: The literature review together with the case study, contributed to a list of information 

requirements for operational decisions in a Smart Factory. The main contribution was presented 

in a graph, showing how the case company compares to the information requirements of a Smart 

Factory. The graph will point companies in a direction towards the requirements of a Smart 

Factory. 

 

Recommendations: Future research regarding weighing of information requirements is 

required.  

 

Keywords: Information Requirements, Industry 4.0, Operational Decisions, Production System 

Development, Smart Factory 
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1. INTRODUCTION 

This chapter presents the background to the thesis research area, the problem formulation, the 

research aim among with research questions, and the scope of the thesis.  

1.1 Background  

Today, companies are facing increasing global competition. Market borders are deleted, and the 

demand and supply of products are greater than ever (Hozdić, 2015). Being an actor on the global 

market brings new opportunities, but it also triggers manufacturing companies to change to stay 

competitive and meet rapidly increasing requirements (Emmanouilidis, et al., 2012; Hozdić, 

2015). Customers do not only want a product at the right price, but they also want a high-quality, 

customised product, delivered on time. This results in increased product diversity and increased 

product complexity (Lucke, et al., 2008; Riedel, et al., 2013). Consequently, manufacturing 

companies now must manage low inventories, fluctuating demand, and increased standardization 

of manufacturing processes (Kern, et al., 2012; Mejjaouli & Babiceanu, 2014). These conditions 

are challenging for traditional manufacturing companies. In combination with the development 

of modern technologies, a new era of production is on the rise – one that is built on information, 

communication, and digitalisation (Hozdić, 2015). This new era has received increased attention, 

not only from manufacturing companies, but also from governments, who have realised the 

importance of this matter to maintain manufacturing competitiveness. For example “Europe 

2020,” (Commission, 2016) “Production 2030,” (Produktion2030, 2018) and “Made-in-China 

2025” (Chinadaily, 2015). In the year 2011, German government presented a concept called 

“Industry 4.0,” also known as the fourth industrial revolution. Industry 4.0 is a new flexible 

interpretation of manufacturing, where the physical and virtual world coexist to support people 

and machines to perform their tasks in an optimal way (Anderl, 2015). Industry 4.0 aims to solve 

the issues mentioned above with the concept of a Smart Factory (Hozdić, 2015). The Smart 

Factory is a leap forward from traditional automation, to a connected and flexible system – one 

that can utilise a constant stream of data and information from production systems. Smart 

factories can with the help of algorithms process the data stream, share information, and learn 

and adapt to changing demands (Hozdić, 2015; Lee, 2015). Information is the heart of a Smart 

Factory, and both humans and machines will require information from the production system to 

make operational decisions (Anderl, 2015; Radziwon, et al., 2014). Smart factories require 

accurate and up to date information to function (Lee, 2015; Radziwon, et al., 2014; Yoon, et al., 

2012). Several studies highlight the importance of information for production systems (Bruch, 

2012; Frishammar, 2005) and the benefits of viewing information as a strategic resource 

(Frishammar & Ylinenpää, 2007; Zahay, et al., 2004). To run smart factories, manufacturers need 

to collect an increased amount of information, which, in turn, will require new approaches (Yin, 

et al., 2017). 

 

A report from Teknisk Framsyn (2003) predicted that information and knowledge will be a 

crucial factor in future production systems. Information helps manufacturers to base operational 

decisions on something other than gut feelings or guesses, which makes information a highly 

valuable resource (Brynjolfsson, et al., 2011; Davenport, 2010). For example, the ability for a 

cross-functional team to identify and solve a problem links to manufacturing company’s ability 

to share information (Frishammar & Hörte, 2005; Turkulainen, 2008). Wilks (2001) argues that 

information has the potential to improve people’s ability to make higher quality decisions. 

Despite this, manufacturing companies struggle to manage the information they possess, to turn 

information into knowledge and knowledge into action (Salles, 2007). Instead of collecting 

various data and then attempt to find a use for it, Wang et al. (2015) propose first to consider 
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what information that is required to improve efficiency in the production. It is crucial that the 

collected information is valid and reliable to ensure that right operational decisions are made. 

Making operational decisions based on inadequate and/or outdated information leads to less 

efficient decision-making processes, inefficient production system development, and problems 

in planning and production (Lucke, et al., 2008; Zhang, et al., 2014). Besides, Zhang et al.  (2014) 

states that accurate, and up-to-date information is the key to eliminating bottlenecks in 

production. Industry 4.0 aims to convert traditional manufacturing facilities into smart factories; 

however, it is a vision of the future. The road towards smart factories is expected to be both 

evolutionary and challenging (Lee, 2015). 

1.2 Problem formulation  

Today, manufacturing companies are facing challenges to manage information in production 

systems. Problems arise when operational decisions must be made, which leaves manufacturers 

struggling to determine what information to use, how to collect it, how to use it and when to use 

it (Salles, 2007). Furthermore, Bruch & Bellgran (2013) argues that there is a lack of studies 

focusing on information management when developing production systems. Besides, the 

information obtained from production shop floor is often lagging, incomplete and does not 

provide accurate or up to date information to allow successful operational decisions (Leng, et al., 

2015). Making operational decisions on inadequate or inaccurate information leads to increased 

operational costs, problems in production scheduling (Leng, et al., 2015) and inefficient 

production system development (Lucke, et al., 2008). Manufacturing companies have made 

progress over the years, e.g., by integrating Enterprise Resource Planning (ERP) and 

Manufacturing Execution System (MES) to increase the information flow. However, these 

business systems are no longer adequate, and the systems seldom contain all the information 

necessary to support operational decisions (Skoogh, et al., 2012). More importantly, the lack of 

information for operational decisions limits manufacturing companies from achieving the 

concept of a Smart Factory, which relies on information to function (Radziwon, et al., 2014). 

Therefore, additional research regarding information requirements for operational decisions is 

needed for smart factories to go from concept to reality. To turn traditional factories into smart 

factories, information requirements for operational decisions in a Smart Factory needs to be 

characterised and concretised. This would enable smart factories to function as intended, become 

truly smart, and make operational decisions without human interaction. The following section 

presents the research questions, which aims to investigate this issue.  

1.3 Aim and research questions 

The purpose of this thesis is to analyse information requirements for operational decisions in 

smart factories. 

Following research questions were used to fulfil the purpose: 

 

RQ 1: What characterises information for operational decisions in a Smart Factory? 

 

RQ 2: Why are information requirements for operational 

decisions in a Smart Factory necessary? 

 

RQ 3: What information contributes to operational decisions in a Smart Factory? 

 

RQ 4: How can information requirements support operational decisions in a Smart 

Factory? 
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1.4 Scope and limitations 

The core of this thesis is information requirements that facilitate operational decisions in smart 

factories. This thesis will present a case study together with a literature review. The case study 

will complement the literature review by identifying similarities and differences between the 

case company and the literature reviewed. The literature review will focus on information in 

production systems, information in smart factories, and information for operational decisions.  

 

With “information,” this thesis focusses on metrics like; cycle time (CT), disturbances, assembly 

station information, takt time, and other information used to reduce lead times or increase 

throughput in discrete manufacturing. With operational decisions, the thesis specifically studies 

decisions that relate to the daily operations in production. The Smart Factory concept is limited 

to how information is used for operational decisions, and therefore exclusively focus on decisions 

ultimately leading to increased throughput or reduced CTs in production. In this thesis, the term 

“operational information,” is used to signify the information required to carry out operational 

decisions. In this thesis, uncertainty is the lack of information for an operational decision.  

 

This thesis is based on a study at a manufacturing company in Sweden at a low volume high mix 

(LVHM) assembly line of customer ordered industry products. This thesis is a part of the research 

project “Process Automation for Discrete Manufacturing Excellence,” (PADME) which includes 

Toyota, Scania, Westermo, Level 21, SICS, MDH, and ABB Corporate Research as partners. 

Although, the PADME-project is active from May 2017 – May 2019, this thesis is conducted in 

20 weeks. During this period, this thesis is limited to identify and collect information that could 

be used to reduce CTs or increase production throughput. A simulation expert from “Research 

Institutes of Sweden,” (RISE) provided the list of information and data to be collected on the 

shop-floor. Tables presented in the thesis has been edited due to sensitive information. Figure 1 

shows the area to be studied, i.e., the scope of the thesis.  

 

 

 
Figure 1 - Thesis Scope 
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2 RESEARCH METHOD 

This section begins by presentation the research process and how the thesis was carried out, 

followed by data collection and analysis. The chapter ends by discussing the quality of the 

research. 

2.1 Research Process 

The thesis was initiated with reading the PADME-project outline document. The document 

contained information regarding the project idea, aim and potential, background and state of the 

art, impact, implementation, project participants, roles and management and budget. The 

PADME-project was structured in work package areas, and the thesis researchers were included 

in work package 2, which contained several deliverables. When the work package had been 

studied, a meeting was planned between the thesis researchers’ along with a simulation expert 

from RISE, also working in work package two. With information from the PADME-project, 

different keywords were extracted to form the foundation of the thesis content. These terms were 

studied, altered, combined, replaced, back and forward until three keywords remained. These 

keywords were; “Smart Factory,” “Information,” and “Operational decisions” (See Figure 2). 

 

 
Figure 2 - Research process 

 

The three keywords were chosen with consideration to the; PADME-project outline, PADME-

project work package objective, Production2030 program, and with regards to previous research 

studies. To ensure novelty, scientific knowledge was provided through a literature review, and 

to ensure that the thesis was of relevance, the thesis was put into industrial context with the case 

company. When novelty and relevance were assured, the problem was formulated based on the 

three terms mentioned above. The research purpose and research questions were then formed out 

of the problem formulation. The research questions were designed to fulfil the research aim. To 

answer the research questions, hence the aim of the thesis, data collection was a necessity. The 

data collection consisted of case study and a literature review, containing both qualitative and 

quantitative data which was subsequently analysed to answer the research questions. A 

combination of the literature review and the case study provided different information parameters 

for a Smart Factory to function as intended and support operational decisions. That material was 

used to create a list of information requirements, along with a graph, created with the purpose to 
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guide the case company and other companies towards becoming a Smart Factory. Finally, the 

presented conclusions contributed with new industrial knowledge to the case company and with 

new scientific knowledge. 

2.1.1 Case study 

A case study method was chosen as research method since the research questions were “what?,” 

“why?,” and “how?”- questions (Yin, 2009). The thesis researchers wanted to study the 

relationship between information and operational decisions within the case company, which 

required close connection to the analysis object so that the thesis researchers could study the 

events as they occurred (Ejvegård, 2003). Saunders et al. (2012) and Patel & Davidson (2011) 

also presents case studies as an appropriate method when examining a smaller population and 

when the study regards changes or process. This thesis is based on a single case study, which 

opens an opportunity for in-depth observation (Voss, et al., 2002). However, the detailed scope 

could affect the ability to generalise. More case studies of similar nature pointing in the same 

direction could open the possibility for generalisations (Ejvegård, 2003).  

 

The case company was chosen as a case company since they are the coordinators of the PADME-

project, hence, have invested in becoming a Smart Factory. The case company also has a 

pronounced interest in information leading to right operational decisions resulting in increased 

throughput. The case company deals with information in the production but wants to improve 

this area. The case company manufactures industry products, which is closely related to 

automation and future production, and that was another reason for choosing the company. The 

thesis researchers studied how the case company are working with operational decisions leading 

to increased throughput, and how, and what information that goes into that process.  

2.2 Data collection 

Data collection was required for three primary purposes: to answer the thesis research questions, 

to gather inputs needed for a simulation model, and to provide insight to the thesis researchers 

regarding the case company. The data collection added strength to the findings as the various 

components of data are interlaced to support a greater understanding of the case (Baxter & Jack, 

2008). 

 

Data can be of primary or secondary nature and be collected with different techniques. The 

techniques should be chosen to fulfil the research aim best, hence answer the research questions 

(Patel & Davidson, 2011). Primary data characterises as new, original, first ever collected data 

(Kothari, 2004; Saunders et al., 2012). The same authors states that secondary data, is data that 

has previously been collected and processed by someone else. Secondary data needs to be used 

with caution and be critically reviewed and analysed with questions like when, and with what 

purpose the text was published (Kothari, 2004; Patel & Davidson, 2011). Depending on whether 

the data is of primary or secondary nature, the data collection methods are different (Kothari, 

2004). Primary data could be collected through observations, interviews, schemes, and 

questionnaires. Secondary data could be collected through publications, journals, books, reports, 

doctoral dissertations, and statistical documents (Kothari, 2004). Both primary and secondary 

data has been collected in the thesis. Data from interviews, conversations, e-mails, and 

observations were primary data since it was new data with originality. Secondary data was 

collected in the form of excel sheets, videos, disturbance data history from the case company, 

and through a literature review. When secondary data was collected, the origin of the data was 

critically reviewed and compared with other sources.  
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Patel and Davidson (2011) propose two types of methods for research studies, qualitative and 

quantitative. Quantitative research results concerning numbers, amounts, and occasions and is 

preferably used when making sense of numerical data. Qualitative research, on the other hand, 

is trying to describe how, what, and why things occur, based on context. This method is 

appropriate when the research is about interpreting and understanding behaviours that are 

expressed in words. In the thesis, a combination of both methods was used, however with the 

focus on qualitative research. Most data collected were qualitative such as interviews, videos, 

observations, and some data were quantitative data such as excel-sheets containing material 

information, sequence order, station numbers, etc. However, some data sources provided both 

quantitative and qualitative data. The disturbance data included both quantitative information 

such as stop time and staff hours and qualitative information, such as text describing the 

disturbance issue. The final analysis is therefore based on a combination of both methods. Table 

1 summarises the data collection in the thesis, followed by a description of each method. 

 
Table 1 - Data collection 

Method Data collected Data type Presented in 
Literature review Literature Secondary, 

Qualitative 
Frame of reference 

Interview Answers  Primary, 
Qualitative 

Empirical findings 

Video CTs Primary, 
Qualitative 

Empirical findings 

Excel files Material numbers, 
sequence, operation 
text, process steps 

Secondary, 
Qualitative, 
Quantitative 

Empirical findings 

Disturbance history Disturbance type, 
time, frequency. 

Secondary, 
Qualitative, 
Quantitative 

Empirical findings 

Observations Notes Primary, 
Qualitative 

Empirical findings 

E-mails Notes Primary, 
Qualitative 

Empirical findings 

Conversations Notes Primary, 
Qualitative 

Empirical findings 

 

2.2.1 Literature review 

A literature review was carried out to gain insight into the research area, identify gaps in the 

literature, and to be able to strengthen findings from the empirical study. To identify and 

characterise information requirements for operational decisions in smart factories, a literature 

review was necessary. The method was used to create an understanding of what previous studies 

have found within the research area, and to analyse that information with the empirical findings 

from the case study. Kothari, (2004) states that the purpose of a literature review is to determine 

the connection between the research problem and the body of knowledge in the area. It should 

also broaden the researcher’s knowledge, improve clearness to the research problem, improve 

research methodology and to contextualise the findings. Since Industry 4.0 and smart factories 
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are new and developing concepts, each search was limited to articles published within the last 

ten years and with “full text available.” However, snowballing caused a few references older 

than ten years old. The literature used in the literature review were scientific publications and 

books from different databases and Swedish libraries. Scientific publications were peer-reviewed 

articles found in following databases; Discovery, DiVA, Emerald Insight, IEEE Xplore, Scopus, 

and the academic search engine Google Scholar. Also, several journals were approached directly. 

The journals used were; International Journal of Operations & Production Management, and 

International Journal of Production Research. The keywords used when searching for literature 

was; “Information requirements,” “Information,” “Real-time information,” “Real-time data,” 

“Smart factories,” “Smart factory,” “Operational decisions,” “Production system development,” 

“Industry 4.0,” “Industrie 4.0,” “CT reduction,” and “Bottleneck elimination.” The keywords 

were used in different combinations and phrases, with synonyms, put AND or OR between 

keywords and using parenthesis in the searches.  

2.2.2 Interview 

Interviews were chosen instead of surveys to ensure that a number of answers were collected and 

to allow the interviewers to ask follow-up questions to the interviewees (Clifford, et al., 2016; 

Kitchin, et al., 1999). It was also chosen to allow the interviewees to answer the questions in 

their own words. In a structured interview, several set questions are asked where the interviewers 

make sure that each question is answered. In an open interview, the interviewers seek answers to 

specific question areas (Kylén, 2004). A combination of these two approaches, enabled the 

interviewees the opportunity to speak freely where after the thesis researchers manage the 

conversation, so that right questions were answered correctly (Kylén, 2004). The thesis 

researchers together with the case company PADME representative (hereafter mentioned as case 

company representative) handpicked a total of six interviewees. Personnel was chosen with 

respect to position, knowledge, and experience, to get a broad perspective on the demarcated 

research area. An operator was selected as an interviewee, since the operators make some of the 

operational decisions. A production developer, the assembly line manager and a project leader 

within production development was interviewed due to their knowledge within production and 

production system development. To get a more holistic overview, the global production engineer, 

i.e., the case company representative, and the PADME-project manager (also IT manager of the 

company) was interviewed. The thesis used question areas related to the topic, where each area 

contained a set of questions for the interviewees to answer. The interview areas were; 

introduction, production system development (PSD), information, operational decisions, and 

smart factories. For the full list of interview questions, see Appendix 3. The interview was 

constructed using the funnel approach, shown in Figure 3. The funnel approach is one way to 

conduct interviews and splits up the interview into six stages (Kylén, 2004).  

 

 

 

I. Opening 

II. Free telling 

III. Specification 

IV. Control 

V. Information 

VI. Ending 

 

 
Figure 3 - Interview funnel approach based on Kylén (2004) (edited) 



 

8 

 

 

In the first section called “Opening,” the thesis researchers presented themselves and gave 

information regarding the content of the interview and how it was arranged. The thesis 

researchers asked the interviewee if an audio recording was allowed and started the recording if 

it was possible. The aim of the introduction was also to provide comfort to the interviewee. In 

the next section called “Free telling,” the thesis researchers asked open questions related to the 

topic, which allowed the research object to answering freely. In the third part, called 

“Specification”, more specific questions were asked to the interviewee to get more concrete 

answers from the interviewee. In the next part, “Control,” the thesis researchers wanted to control 

the information provided from the interviewee. The thesis researchers asked for more precise 

answers regarding concrete events from the interviewee. In the section “Information,” the thesis 

researchers made a quick summarise from the interview, but also provide more information 

regarding what the interview answers will do for the thesis. In the final section, “Ending,” the 

thesis researchers thanked the interviewees for their time and asked each person if they liked the 

interview and if future follow-up questions were allowed. The interview consisted of a total of 

20 questions, allocated to the mentioned question areas. Each interview was carried out with both 

thesis researchers and notes were taken during the interviews. Each interview was constructed to 

take about one hour to allow the interviewees to answering the questions thoroughly, and to get 

the chance to highlight other matters that the interviewee find of importance. 

2.2.3 Additional data sources 

Videos with footage of the assembly line was gathered from the case company computer network 

folders and then transferred to the thesis researcher’s computers. The thesis researchers collected 

a total of 28 videos over products being assembled in the final assembly line. The videos were 

captured at the beginning of 2018.  

 

Different excel documents were collected in the thesis project. The first excel file to be collected, 

contained data regarding material numbers, article numbers, and sequences, which was 

quantitative data. The file also included operation text, which described each operation in a text, 

which was qualitative data. The file also presented products together with its process steps, 

including the final assembly line. This information was used to construct the production process 

flowchart, mentioned in section 2.1.2. 

 

The disturbance database was sorted to include disturbances in the assembly area, the year 2017, 

and year 2018. The disturbance data was a mix of quantitative and qualitative data, where 

following data was quantitative; department, station ID, category 1, category 2, date, duration of 

disturbance. Category 1 displayed what type of disturbance that occurred (e.g., waiting on 

material or station) and category 2 presented where the disturbance occurred (e.g., final 

assembly). The qualitative data in the file was a description of each disturbance, given by 

operators, and operator initials. The data from 2018 was chosen to provide as updated disturbance 

data as possible. However, the assembly area implemented takt time in March 2018, which 

affected the types of disturbances recorded in the data. Therefore, disturbance data from the year 

2017 was chosen to provide disturbance data over a whole year. However, the -area in the factory 

was significantly changed during late 2017 into the beginning of 2018. This affected the ability 

to withdraw meaningful information from the disturbance data. A third type of document was 

collected, which was disturbance data after the implementation of takt in the assembly area. This 

excel-document contained both quantitative and qualitative data, like the data from the 

disturbance database. However, one difference was that “category 1,” and “category 2,” was 

replaced with a department or a person responsible for addressing the disturbance. This made the 
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analysis of the data from that file more challenging since the disturbance cause was harder to 

identify. Further analysis of this document is described in section 2.3.  

 

Observations were made in the case company factory in the “-area,” which is the area around, 

and within the final assembly line. However, the primary observation time was spent at the final 

assembly line. Observations were carried out to understand the flow of material, products, and 

information in the factory. Conversations were collected at the case company factory, by dialogs 

with the case company representative, line manager, and other case company staff. E-mails and 

telephone conversations were collected sporadically throughout the whole thesis project. 

2.3 Data analysis 

Analysing data is, according to Eisenhardt, (1989) the heart of theory from case studies. There 

are five techniques for analysis that are described by Yin (2009). These are; finding patterns, 

linking data to propositions, explanation building, time-series analysis, logic models, and cross-

case synthesis. In the literature review, following analysis techniques were used: scientific papers 

were compared, patterns were identified, shared and differing opinions were highlighted (Yin, 

2009). During this process, the thesis research questions were always studied as a parallel 

procedure to remind the thesis researchers only to include literature that was relevant to the thesis. 

The literature review search results were browsed by first reading each the title of each hit. If the 

title of the literature showed relation to the topic of the thesis, the literature was approached, and 

the abstract was read. The used books were selected by browsing the table of contents of each 

book touching the topic and by keywords identify relevant books and chapters. If the abstract 

showed relation to the desired topic, the whole paper was downloaded and saved to the reference 

management software “Mendeley.” In the software, following categories were created: 

Information requirements, Input data, Operational decisions, Production system development, 

and Smart Factory. Scientific papers were sorted into these categories. The papers in each 

category were read, and the relevant information was highlighted. The optimal paper would 

include all keywords; smart factories, operational decisions, and information requirements. 

However, few papers were found that covered all the topics.  

 

The information from the interviews carried out at the case company was first transcribed by 

listening to the recordings. When the transcription was complete for all interviews, relevant 

keywords where highlighted in the text, along with similarities and differences in the different 

answers were stated. The interview answers were used throughout the empirical findings to form 

a picture of how operational decisions and information is currently handled at the case company. 

When the interviews were conducted, they were all analysed and compared to the information 

found in the literature. When all information was collected through interviews, observations, 

videos, disturbance data history, conversations, videos, and factory visits, it was analysed 

together with the information collected from the literature review to highlight differences and 

similarities. 

 

During data collection, several observations in the factory were carried out, and notes were taken 

during these visits. Notes included information regarding the flow of material, information, and 

disturbances. These notes were used to develop an understanding of the case company and how 

they are dealing with operational decisions and information, but also to get insight into the case 

company’s future production. The notes were integrated with the rest of the empirical findings. 

 

In each excel sheet provided by the case company, the thesis researchers highlighted the relevant 

information and data and removed the unnecessary information and data. This allowed the thesis 
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researchers to focus on the necessary information and data. Each excel documents was clarified 

by the case company representative or the case company assembly line manager, to avoid any 

misinterpreting of the files. When studying the disturbance data from the disturbance data 

history, the goal was to categorise the disturbance type and relate that to the frequency and 

duration of the disturbance. This required “clean and structured data,” to be able to connect a 

disturbance type to duration and from there put a cost on the disturbance. Since the -area had 

undergone developments since 2017, the data from 2017 was irrelevant to use since the 

disturbances have changed since then. The stored disturbance data in the disturbance database 

from 2018 was also tricky to use, since the assembly area implemented takt in March 2018, which 

also led to other disturbances. Another source of disturbance data was collected in the form of 

an excel file. The excel file was provided to the thesis researchers from the line manager, which 

contained disturbance from after takt was implemented to the assembly area. The excel file was 

first analysed by viewing the headings of each column and deleting irrelevant content. The 

objective was to categorise the disturbances, which required analysis to find out what type of 

disturbances that was registered. The thesis researchers browsed through the 249-registered 

disturbance and looked for frequently used terms. Afterward, the thesis researchers used the filter 

function in excel, and searched for following terms (originally in Swedish); “Wait”, “Missing,” 

Training,” “Sequence,” “Balance,” “Oil,” “Wrong,” “Leakage,” “Foundry.” From those terms, 

following categories were created; “Misconfigured,” Sequencing / Balancing,” Staff training,” 

“Missing resource,” “Oil,” “Leakage,” and “Other.” 210 of the 249 registered disturbances was 

categorised, with the remainders put in the category “Other.”  

 

In the video data collection, each video represented one product in one assembly station. Four 

products were selected that went through seven assembly stations. The thesis researchers studied 

each footage and estimated CTs for each workstation and product. Some videos contained 

interference, in the form of operators searching for material or tools. Disturbance times were 

removed from the total CT for each product. From the videos, CTs, inter-arrival times, and 

transport times between stations were extracted. The thesis researchers created a separate excel 

document with all the CTs for each workstation and product, together with the inter-arrival times, 

transport times and the total lead time for the assembly line. The excel file along with the 

flowchart was sent to the simulation expert so that the process of creating a simulation model 

could begin. Each video was analysed two times, to ensure that the CTs were correctly calculated. 

2.4 Validity and reliability 

Validity relates to the researcher’s ability to study and measure what is set out to be studied and 

measured. To avoid misunderstandings, and delineate the scope of the work, all keywords 

covered in the thesis has been defined. According to Ejvegård (2003), this is a method that 

facilitates clear measures and methods. The thesis researchers had continuous meetings with a 

simulation expert from RISE regarding discussions about the collected data at the case company 

and its reliability and accuracy. The thesis researchers also had regular meetings with an 

academic supervisor to review the gathered data and to improve research quality. The thesis 

researchers used four tests to strengthen research quality, based on Yin (2009): construct validity, 

internal validity, external validity, and reliability. Due to the nature of the research questions, the 

thesis researchers focused on the first and the third and fourth tests, construct validity, external 

validity, and reliability. The first test, construct validity was carried out during the data collection 

phase and through multiple sources of evidence which ensured data quality. The thesis used 

following sources of evidence: 

 

• Interviews with case company employees from different departments  
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• Numerous factory observations 

• Disturbance data 

• Conversations with case company employees and simulation expert 

 

The second phase, called internal validity, refers to data analysis and highlight patterns between 

multiple sources of the collected data (Mathison, 1998). By comparing interview answers from 

the case company personnel, similarities and differences could be highlighted. Theoretical 

findings were compared to each other to highlight shared or opposing statements and opinions. 

 

The third phase, called external validity, compares the patterns in the empirically collected data 

with related theoretical findings. Flick (2011) states that external validity is achieved when the 

outcome can be generalised so that it can be used by other people or in different situations. This 

was done by comparing all empirical findings to the frame of reference, with the aim of answer 

the research questions. The research questions were generally formulated, and information 

gathered from the literature review applies to a different situation. Therefore, this study does not 

only apply to the case company; it includes an overall study of the project objectives which can 

be used in many different situations.  However, the result is based on one case study, hence does 

not fully meet up to the requirements of generalising the findings (Eisenhardt, 1989).  

 

The fourth test relates to reliability, which is the authenticity and usability of measurement and 

study (Ejvegård, 2003) and is referring to repeating steps in the empirical process and in detail 

document the process to add transparency (Yin, 2009). All steps taken during the project was 

covered and documented in the thesis to add research transparency and create an understanding 

of what and how events were performed. The literature used in the thesis was presented in a 

reference list, and the interview questions were shown in Appendix 3. The simulation expert and 

the thesis researchers had continuous discussions on the data and information used in the thesis. 

The case company representative was consistently updated on the thesis process and its content. 

This thesis was presented to the case company, which allowed for comments and questions.  
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3 FRAME OF REFERENCE 

The outcome of the literature review is presented in this section. The first section introduces the 

importance of information in a Smart Factory. Thereafter, operational decisions and information 

are presented, followed by information used for production system development.  

3.1 The Smart Factory and the importance of information 

Information in a Smart Factory will be collected from the physical and the virtual world. In the 

physical world, information could be positions or conditions of tools or objects such as 

temperature, strain, pressure, and vibration. In the virtual world, information could be drawings, 

simulation models in form of digital twins, or other electronic documents (see Figure 4) (Anderl, 

2015; Lee, et al., 2014; Lucke, et al., 2008).  

 

Simulation models will assume an increasing role in a Smart Factory for operational decisions 

regarding ramp up phases and production statuses (Weyer, et al., 2016). A Smart Factory will 

allow real-time optimisation, real-time monitoring, real-time key production performance 

analysis (KPPA), and real-time information-driven production scheduling (RIDPS). Real-time 

monitoring enables traceability and visibility in production and plays a critical role in shop-floor 

performance improvements. Real-time KPPA uses preventive information to identify 

disturbances and provide managers with real-time production status, to enable optimal 

operational decisions to eliminate disturbances. RIDPS aims to enable real-time production 

scheduling by creating the production schedule as a continuous process as the production runs 

(Zhang & Tao, 2017). To capture and manage that information, a Smart Factory integrates 

Internet of Things (IoT) into manufacturing systems (MS). IoT in MS (IoT-MS) further uses 

radio frequency identification (RFID), different sensors (e.g., temperature and force- sensors), 

digital callipers, and integrates these technologies into the MS (Zhang & Tao, 2017).  

 

Different parameters will be used to enable real-time optimisation and monitoring in the 

production, such as environmental (e.g., humidity, pressure, temperature, etc.), movement (e.g., 

velocity, acceleration, and shock), and real-time information regarding the status of the 

production. These three parameters will provide managers and supervisors with information 

which will set the foundation for right operational decisions (Chien, et al., 2017; Gonçalves, et 

al., 2014; Lucke, et al., 2008). Real-time information is: information flowing in real-time, 

deriving from integrated processes in the production (Hozdić, 2015). A closely related term is 

“real-time data,” which Shariatzadeh et al., (2016) refers to as data read directly from a sensor. 

It is important to use real-time information as it is presented, for instance, as a new temperature 

comes, the old temperature is no longer valid.  

Physical world 
information

• Position of tools or 
objects

• Condition of tools 
and objects

Virtual world 
information

• Simulation models

• Electornic 
documents

• Drawings

Figure 4 - Physical and virtual information 



 

13 

 

Staff should be notified when parameter shows critical values (Shariatzadeh, et al., 2016). The 

same author presents a list of events that should trigger such alarms (see Table 2). 

 
Table 2 - Alarm triggers 

 

Alarm triggers 
Task overdue 

Pending tasks for a long time 

Task/process out of budget 

Supplier out (cannot deliver anymore) 

New high priority message 

Alerts from smart sensors 

High temperature 

High disturbance 

Transportation time too long 

Location incorrect 

Transport stopped for 48 h 
 

Real-time information is required to increase the production efficiency.  However, in traditional 

production shop floors, information collected is often manually collected, lagging, and 

inaccurate. This leads to difficulties identifying abnormal events in production in a timely matter. 

When the abnormal event has occurred, its effects have already spread through the production 

system, causing disturbances (Zhang & Tao, 2017). In smart factories, machines can with the 

help of information, make their own decisions without human interaction; however, more 

complicated decisions will require human interaction (Wang, et al., 2015). Machines will be able 

to make more codifiable, and tedious tasks while humans deal with more superior functions, for 

instance, when dealing with empathy (Dory & Waldbuesser, 2015). Davenport & Kirby (2015) 

highlights the importance of convincing managers to recognise machines as partners when 

solving problems.   

 

With digital systems and decision support systems, meaningful information will be presented 

visually on dashboards to help managers to make operational decisions (Chien, et al., 2017; 

Shamsuzzoha, et al., 2017). Operational decisions could be used for quality control of products, 

production scheduling and equipment service in a Smart Factory (Chen, et al., 2017). All 

information including staff information, operational information, instruction information will be 

presented visually and digitally in a Smart Factory (Yingfeng & Pingyu, 2008). A Smart Factory 

will submit information with accurate operation time in the production by calculating the 

difference between start and finish time of each operation. That information will significantly 

influence the delivery time of products (Zhong, et al., 2012). Furthermore, every item in the 

Smart Factory will have a number and a planned production time linked to the object itself. In 

the production process, information regarding each item’s current process number and position 

will be displayed, and quality-related data will be collected from machines. The real-time data 

of operators, material, trolley, item WIP will also be available in a Smart Factory (Kuhlang, et 

al., 2011). The quality of workpieces and machines will be presented to management, by utilising 

digital callipers (Khoo, 2010; Zhang & Tao, 2017; Zhang, et al., 2010). For minor components, 

information about its consumption will be presented. This information is crucial for refilling of 

material, to reduce the risk of material shortage. Operators can record additional data, such as 



 

14 

 

machine breakdowns  (Zhong, et al., 2012). In assembly lines, material from sub-assemblies will 

be registered to find out missing or misassembled sub-parts. Automated guided vehicles can also 

communicate with machines (Wang, et al., 2017). The Processing time of each operation and CT 

of each machine is necessary to improve efficiency. This helps with bottleneck identification and 

unbalancing issues of processes. Furthermore, real-time data collection from shop-floors will 

result in information facilitating the elimination of bottlenecks in production (Wang, et al., 2015; 

Zhang & Tao, 2017).   

 

In smart factories, real-time information will be processed, shared, and exchanged throughout 

the production system. Multiple sensors with different formats will be used to capture this 

information. This information will then require further processing to transform the information 

in a standardised scheme to make it available to the whole Smart Factory (Anaya, et al., 2010). 

However, the first step in sensor implementation is setting information requirements of the 

manufacturing system. Then sensor types should be selected according to the information 

requirements (Zhang & Tao, 2017). The same authors present five different categories of 

information that managers are interested in, in a Smart Factory (see Figure 5). Information related 

to machine, environment, worker, object, and quality.  

 

 

Another area that the Smart Factory will affect is maintenance. Maintenance in a Smart Factory 

will be “active maintenance,” and be based on big data to provide necessary proactive 

maintenance service. Big data refers to large amounts of data that companies collect and store. 

The data could be regarding its operations, customers, sales, etc. (Wang, et al., 2017). The 

benefits of active maintenance are following; reduced machine downtime, optimised resource 

utilization, increased production throughput, and reduced maintenance costs (Chen, et al., 2017). 

Wan et al. (2017) implemented active preventive maintenance using big data. The 

implementation consisted of; collecting the right data through wi-fi, analyse that data offline to 

increase analysis speed, and display analysis results on a screen for the manager in charge. For 

active preventive maintenance, all required data needs to be collected. This data includes alarms, 

device logs, and device statuses.  

 

A Smart Factory should also be able to connect to the company’s customers. Information about 

capacity, planning data and production costs should be shared between partners (Dory & 

Waldbuesser, 2015). Information from different business and information systems needs to be 

merged for a Smart Factory to function (Li, 2016).  

Worker

Location

Finish task

Efficiency

Scrap ratio

Attendence 
rate

Machine

Dynamical 
load

Vibration

Broken event

Efficiency

Environment

Air Quality

Electricity

Humidity

Temperature

Object

Inventory

WIP

Location

Bottleneck

Quality

Roughness

Lenght

Angle

Accuracy

Figure 5 - Smart Factory information categories (Zhang & Tao, 2017) 
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Several case studies have been carried out in attempt to create smart factories. Visualising and 

tracking real-time WIP throughout production plants have shown significant impact on daily 

operations, production planning, inventory levels and operators. The real-time WIP 

information includes; visibility, traceability, material delivery, consumption, resource statuses, 

machine utilisation, WIP inventory level (buffers), all within the production site. Information 

for critical components was operator ID, and machine ID recorded together with a start and 

finish time stamp. An operator will be detected by the RFID reader installed at each workstation 

in the Smart Factory (Yingfeng & Pingyu, 2008). Operators will be able to record defects and 

machine breakdowns. All this information was possible to collect with RFID-technology 

(Zhong, et al., 2012).  

 

In a study made by Chien et al. (2017), the thesis researchers implemented a daily planning and 

scheduling system, as a stepping stone towards becoming a Smart Factory. This system included; 

a daily release plan (daily input), WIP status in each machine in the production, and data from 

MES. The data from MES included following information; takt time for each product, transport 

times, and the manufacturing process of each product. This information was updated daily. Some 

of this information was graphically presented to help managers to understand situations quickly, 

and managers were able to make operational decisions with the help of the system.  

 

Gröger et al. (2016) presents a study with a focus on digital dashboards, containing information 

about the products being produced, process steps a worker needs to execute, and an overview of 

the whole production process with all its steps, showing current disturbances. Furthermore, work 

instructions were shown text, pictures, and videos to enable a fast introduction to new staff. The 

staff would also add their suggestions for improvements in this category, with memos, photos, 

audio recordings or videos.  

3.2 Information and Operational Decisions  

Information is a fundamental part that underlies the foundation of operational decisions 

(Frishammar, 2003). Therefore, it is of interest to study what type of information that can 

facilitate operational decision making. To understand what kind of information that is required 

to carry out an operational decision, each term needs to be clarified.  

 

There is a substantial difference between information and data, yet the terms are mistakenly used 

interchangeably. Galliers (1987) defined information as following:  

 

“Collection of data, which, when presented in a particular manner and at an appropriate time, 

improves the knowledge of the person receiving it in such a way that he/she is better able to 

undertake a particular activity or make a particular decision” (Galliers, 1987, p. 4) 

 

Davenport & Prusak (1998, p. 3) gives another definition of information:  

 

“Information is meant to change the way the receiver perceives something, to have an impact on 

his/ her judgement and behaviour and it is an improvised form of data with relevance and 

purpose”  

 

Kent (1978) and Schenck & Wilson (1994) uses a similar interpretation of the term but also add 

that information is knowledge of ideas, facts and/ or processes. Nielsen (2003) however, means 

that knowledge is something broader, more profound, and richer than information. 
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Data, on the other hand, is defined as signs or symbols that, based on the rules of interpretation, 

can represent information (Kjellberg, 1982; Schenck & Wilson, 1994) They also agree on that 

the data itself has little or no meaning.  

 

This thesis will use Galliers (1987) definition of information since it relates to the information 

that the thesis researchers are studying. Galliers (1987) states “in a particular manner”, “at an 

appropriate time,” and that it improves the decision-makers ability to decide. These statements 

are related to the way a Smart Factory aims to present information.  

 

It is important to mention the quality of information. Too much information could result in an 

inefficient receiver since the receiver first must distinguish which information is relevant and not 

(Butcher, 1998). It is also crucial that the sender and the user use the same interpretation of 

information, to avoid misunderstandings (Kent, 1978; Schenck & Wilson, 1994). Figure 6 

presents how the above terms all are connected to each other (Nielsen, 2003).  

 

 

 

Information plays a critical role when making decisions since its ability to influence the decision 

maker and, in turn, also affect personnel, structure, and processes in an organisation (Ross, 1996; 

Frishammar, 2003; Mätäsniemi, 2008). Operational decisions are short-term decisions with a 

focus on daily activities. In production, these types of decisions are usually carried out to improve 

the products flow through the production (Ganeshan & Harrison, 2002). It is important to clarify 

that not making decision, is a decision itself (Mätäsniemi, 2008).  Mätäsniemi, (2008) presents 

eight steps that represent operational activities in Figure 7. 

 

 
 

 

Figure 7 - Operational activities steps 

 

Be aware of 
the need for 

taking an 
action

Understand 
the present 

state of 
operations

Be conscious 
of potential 

actions

Understand 
the extent of 
each action

Be able to 
evaluate 

consequences 
with respect 

to operational 
objectives and 

constraints

Be able to 
choose the 
best action 

based on the 
knowledges 

above

Implement 
the action

Manage the 
implementatio
n and detect 
future needs 
for actions

Figure 6 - Decision pyramid (Nielsen, 2003) 
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Wilks (2001) presents a decision-making process in six phases (see Figure 8). The first phase is 

when the need for a decision is recognised. In this phase, right information is crucial, since the 

decision maker otherwise might miss the problem or solve the wrong problem. The second phase 

is when the objective is identified and defined. Search for reasonable alternatives is the third 

phase, it implies the importance of generating several options to increase the chance of making 

the right decision. Information plays a vital role in this phase since it supports the generation of 

relevant alternatives.  

Figure 8 - Six phases of decision making (Wilks, 2001) 

 

Too much information could have a negative impact on the search for reasonable results since it 

confuses the decision-maker, leading to non-optimal alternatives. When the alternatives have 

been presented, it must be evaluated. If data appears as irrelevant, there is an imminent risk that 

it will be overlooked. When each alternative has been evaluated, the best alternative must be 

selected. All information presented has an impact on the final selection, it is therefore critical 

that the information provided, live up to the attributes of meaningful information, that is, 

accurate, verified, complete, up-to-date, and relevant to avoid making wrong decisions. Further, 

when the selected alternative is to be implemented, data must be shared with appropriate people. 

A decision will have little or no value if the people involved are unable to fulfil the improvement. 

By considering the above attributes and the six phases presented above, improvements in quality 

information and decision-making (Wilks, 2001). 

 

Sometimes decision making is rational; this means that the decision maker can rank each decision 

from best to the worst alternative. However, in most cases, human decision making has shown 

to be the opposite, especially when the alternatives involve multiple objectives or if there is any 

uncertainty linked with the alternative (Mätäsniemi, 2008).  

 

Duncan (1972), Kaye (1995) and Frishammar, (2003) defined the purpose of information as a 

tool used to remove or reduce uncertainty. Frishammar, (2003) claims that uncertainty could be 

defined as the difference between processed information and required information:  

 

(I) 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 = 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 − 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑 

 

Information required relates to the necessary information to make a successful decision and 

information processed is the used information when a decision is made (Frishammar, 2003). 

Equivocality is a term that is often mentioned together with uncertainty, which refers to the 

allowance of several different meanings of a word or a phrase. Increased project complexity 

typically brings increased uncertainty and equivocality. Companies need to refine their 

development processes to enhance integration and knowledge sharing (Koufteros, et al., 2005).  

 

To be able to understand what information that facilitates decision making it is of importance to 

look at operational decision triggers. One trigger mentioned by Mätäsniemi (2008) is new 

available information. New available information should always be taken into consideration 

when making decisions since it might reduce the uncertainty of a prediction. Mätäsniemi (2008) 

presents two main categories of triggers, internal and external events. Each category further 

contains foreseeable and unforeseeable events (see Figure 9). Production scheduling planned 

availability of raw materials and changes in utility are examples of foreseeable events. 

Recognition of the need 
for a decision 

Identification of 
objectives

Search for 
reasonable 
alternatives

Evaluation of 
alternatives 

Selection of the 
best alternative

Implementation
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Operational decisions regarding such events should be decided in advance so that proper 

arrangements can be made before the event occurs. These decisions are relatively easy to cope 

with since the trigger already has been identified. Events such as changes in customer deliveries 

or unforeseen changes in utility cost are more challenging to deal with. These events are 

examples of the unforeseeable external events. Foreseeable internal events are events such as 

maintenance and changed batch sizes. Since they are internal, they often arise when other 

operational decisions are made. Unforeseeable internal events are on the other hand events such 

as equipment failure or defect issues. These events are difficult to predict in advance and often 

results in prohibitive costs. In these situations, it is more important to find a way to get a warning 

in advance than it is to detect the event when it happens. The lack of connectivity on shop floors 

results in delayed or unavailable information, which enhances the difficulty of decision making. 

However, information and information collection are under transformation and has grown 

exponentially during the last decades. Nowadays, it is not only of interest to collect information, 

but companies are also interested in how to collect and measure processes and products 

(Mätäsniemi, 2008).  

 

When influencing decision-makers with information, it is of importance to consider the attributes 

that give the data in the information its meaning, since organisations only are capable of handling 

fractions of the information presented. The information provided to decision-makers are then 

filtered throughout the decision process by using several methods. In this process there is a 

chance that relevant information will be overlooked, resulting in decision-makers basing their 

decisions on inaccurate information or solving the wrong problem (Wilks, 2001; Sawyerr, et al.  

2000). Long (1989) and Wilks (2001) describes meaningful data as; accurate, verifiable, 

complete, and relevant. Wilks (2001) also stresses the substantial difference between collecting 

data and providing meaningful information since its often overlooked in companies, resulting in 

less efficient decisions and improvements. This is strengthened by Sawyerr et al. (2000) who 

found a positive relationship between relevant information, accessibility, and frequency of usage. 

Therefore, it is of importance to consider both the decision process and the characteristics that 

turn data into meaningful information.   

 

Factories experience changes, for example from a machine breakdown or an order fluctuation in 

the market. These deviations are hard to consider, which results in incorrect decisions being made 

(Westkämper, et al., 2005). However, it is getting more common that companies use 

probabilistic information to get a sense of when these events might occur. An issue with this is 

to decide whether that information is strong enough to trigger a decision or if additional 

information is needed. Often it is less costly to take actions in vain than not acting and let the 

event occur. Therefore, decisions about counteractions should be made with rather uncertain 

information (Mätäsniemi, 2008).  

 

Figure 9 - Decision triggers 

Decision 
triggers

Internal events

Foreseeable Unforeseeable

External events

Foreseeable Unforeseeable



 

19 

 

Currently, most operational decisions in manufacturing companies are based on the experience 

of managers. Current production systems are facing issues in knowing how to analyse and 

contextualise the collected data to help decision-makers make better decisions  (Lee, et al., 2013). 

The problem lies not in collecting the data itself, but in the data analysis and without the analysis, 

the data cannot provide meaningful information, which provides a scientific basis for decision-

making (Chen, et al., 2017). 

3.3 Information for production system development 

Information should be viewed as a strategic resource when developing production systems 

(Bellgran & Säfsten, 2009). According to Kehoe et al. (1992), information is the most important 

asset a manufacturing company can have. Viewing information as a resource can increase the 

understanding of information in the PSD-process (Frishammar, 2005; Mata et al., 1995; Zahay 

et al., 2004). One of the most critical challenges manufacturing companies experience is the 

ability to introduce new products, manufacture them, and deliver them on time. This challenge 

relates to identifying required information and data for optimal operational effectiveness, and 

calculate correct time estimates for production of products (Jung, et al., 2017).  

 

Today, companies use ERP and MES, which enables control of processes both inside and outside 

factories. However, these systems are no longer enough to handle the complex manufacturing 

sequences that are necessary to meet today’s market (Zhong, et al., 2012; Lucke, et al., 2008). 

Even with substantial investments in business systems, like ERP, the shop-floor production 

process handling in ERP is insufficient (Leng, et al., 2015). The information in ERP and MES 

are often lagging and incomplete, which directly result in problems within planning and 

production. This also leads to decision-makers making decisions based on something other than 

information (Kielstra, 2007). Information is necessary to ensure a constant resource load to the 

production. This information typically comes from ERP, MES, and other subsystems, where 

MES usually plans and controls the manufacturing level, and ERP controls the synchronisation 

of planning entities. A malfunction in any of these systems may trigger a difference between the 

real and the digital saved data, which leads to planning difficulties and a non-optimal production 

workload (Zhong, et al., 2012; Lucke, et al., 2008). Some machines can record process 

information as well, which is referred to as isolated information. However, this information is 

seldom used by anyone (Wang, et al., 2015). ERP needs real-time and accurate shop-floor 

information and data to generate right operational decisions (Jung, et al., 2017). 

 

When it comes to operational decisions leading to increased throughput or decreased CTs in 

production, bottleneck elimination is one commonly used approach. A bottleneck in a production 

system is the process with the longest average active processing time. It is the process which 

interrupts other processes and dictates the overall system throughput (Roser, et al., 2001). In a 

case study, the aim was to apply bottleneck analysis together with discrete event simulation. The 

simulation model used following inputs:  

 

• Disturbance data, such as mean time to failure (MTTF), and mean downtime (MDT) 

• CTs for each workstation 

 

The simulation model used in the study provided fast identification of primary bottleneck with 

reasonable accuracy (Faget, et al., 2006). 
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Nagi et al. (2017) concludes in their study that using a combination of lean-tools, and simulation 

software modelling, resulted in increased throughput in a multiproduct assembly line. Line 

balancing and WIP-control are standard methods used when improving assembly line flow 

(Womack, 2006; Rother & Shook, 1999). To optimise any process output, information regarding 

process inputs is required. In an assembly line, this information includes CT of each product for 

each station. To maximise the chances of a successful throughput-increase in the assembly line, 

high volume products should be focused. Each product CT mean value and the standard deviation 

was calculated at each assembly station (see Figure 10) (Nagi, et al., 2017). The case study used 

a simulation software model to mimic the assembly line of the factory, and in the analysis phase, 

the model showed the bottleneck assembly station. By moving work elements from the 

bottleneck station to other stations, the CT of the bottleneck station could be reduced. The time 

for the work elements gave an estimation of the amount of CT saving the bottleneck station 

would receive. The study resulted in a product throughput increase which allowed the company 

to meet new demand. 

 

A similar study was performed by Ingemansson et al. (2005), with the aim to reduce bottlenecks 

in a manufacturing system by automated data collection and simulation. Input data is one of the 

most critical parts of a simulation project (Skoogh & Johansson, 2008) and the input data needs 

to be complete and accurate (Skoogh, et al., 2012). In the study, following figures were used; 

takt time, CTs, and overall equipment effectiveness (OEE). OEE is a single performance 

measurement that integrates several metrics. The availability of a work unit (Availability), the 

effectiveness of the work unit (Performance) and the completeness of the produced goods 

(Quality), are included (Hwang, et al., 2017; Ingemansson, et al., 2005; Bamber, et al., 2003). 

The same authors defines mentioned metrics as following: 

 

𝑇𝑎𝑘𝑡 𝑡𝑖𝑚𝑒 =  
𝑅𝑒𝑔𝑢𝑙𝑎𝑟 𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 ℎ𝑜𝑢𝑟𝑠

𝑆𝑎𝑙𝑒𝑎𝑏𝑙𝑒 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠
 

 

𝑂𝐸𝐸 (%) =  𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 × 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 × 𝑄𝑢𝑎𝑙𝑖𝑡𝑦 

 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (%) =  
𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒 − 𝑈𝑛𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒

𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒
 

 

𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 (%) =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑖𝑡𝑒𝑚𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑙𝑎𝑛𝑛𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑖𝑡𝑒𝑚𝑠
 

 

𝑄𝑢𝑎𝑙𝑖𝑡𝑦 (%) =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑖𝑡𝑒𝑚𝑠 − 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑒𝑓𝑒𝑐𝑡 𝑖𝑡𝑒𝑚𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑖𝑡𝑒𝑚𝑠
 

 

Figure 10 - Data and information used to identify 

bottleneck (Nagi, et al., 2017) 

Data used

•Current takt time

•Future takt time

•Product ID

•Work station

•CTs for each 
product in each 
work station

Information used

•Bottleneck station

•Workstation 
elements for each 
product
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In this study, CT was defined as the time required to execute needed operations for processes at 

each machine or station. The case study team installed an automatic data collection system into 

the production system. Each machine logged; downtime (DT), time between downtime (TBDT), 

and the reason for the DT, if that information was possible to extract from the machine 

(Ingemansson, et al., 2005). Furthermore, Hwang et al. (2017) presented an OEE calculation 

based on data from IoT-MS, using similar OEE calculation as shown. This resulted in a more 

accurate index, compared to traditional OEE calculations, and the IoT-MS-based OEE 

calculation represents real-time performance in the production. Using IoT devices to measure 

performance is beneficial since it can define the relationship between a planned schedule, and 

the actual production performance. Applying IoT in the production would allow the calculation 

of every “actual time,” for example, “Actual Busy Time,” “Actual Downtime,” “Actual 

Processing Time,” “Actual Delay Time,” Actual Production Time,” and Actual Setup Time.” 

This would make OEE calculations faster and more accurate. In the same study, information 

regarding “Planned Runtime per Item,” “Actual Material Produced,” and “Actual Material 

Consumed,” was also used as input. The ERP system contained a; bill of material (BOM), 

production plan, and order information. The BOM included a list of the products, subassemblies, 

and material quantity required to produce the final products. Order information presented a 

quantity of final product and production start time. The MES was used to calculate required 

material based on the BOM and order quantity and generate a production plan based on the time 

required to produce each product. The MES also contained the performance measurements’ in 

the production and the total number of produced products. All this information facilitated the 

real-time OEE calculation, and the results were validated by a simulation model, representing 

the factory (Hwang et al., 2017). 
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4 EMPIRICAL FINDINGS 

The empirical findings are presented in this section. First, an introduction to the case company 

and the PADME-project is given. Furthermore, a description of how the case company works 

with information in production system development and with operational decisions are 

presented. The chapter ends with a section regarding what the future of the case company and 

the company’s vision of building a Smart Factory. 

4.1 Case company and case study description 

The case company assembles customer ordered industrial products of different sizes and variants. 

The case company are participating in a project called PADME, together with other organisations 

such as ABB Corporate Research, Malardalen University, RISE SICS Västerås, ABB Control 

Technologies, Level21, Scania, Sandvik SMT, Westermo and Toyota Material Handling. The 

PADME-project will take place between May 15th, 2017 – May 5th, 2019, while this thesis 

extends for 20 weeks. The project is a part of a Swedish program called “Produktion2030,” which 

is an initiative to strengthen Swedish manufacturing companies. The main objectives with the 

PADME-project are; decrease CTs by 20-30%, optimise work in process (resolve bottlenecks) 

and increased throughput within discrete manufacturing companies. The project defines CT as 

“the time it takes the material to go through the whole manufacturing, or assembly, process.” 

WIP is defined as “everything that is not a finished product or raw material.” Throughput is the 

average production, or output rate of the facility.  

4.1.1 PADME-project problem formulation:  

The objective of this thesis is to support a work package for the implementation of a 

Collaborative Process Automation System in the PADME-project. The work package outcomes 

are described in Figure 11. 

 

 

Figure 11 - Optimisation model work package 

  

Production system flowchart

• Understand the flow of operations, inputs, and 
outputs of each workstation

• Study processing times, their variability, 
workstation utilization, and identify bottleneck 
CTs

How is the information collected?

• Automatically

• Manually

• Non-existant
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Flexibility and performance in a production system are affected negatively by late, 

contradictable, and/or inadequate information, and by operators or machines that are not using 

available information. In discrete manufacturing, problem-solving is usually made reactively and 

based on already occurred events, i.e., based on corrective information. On the other hand, the 

process industry has for a long time used digital systems, like CPAS to control and motorise the 

production processes. CPAS enables proactive actions before a production stop occurs and 

allows decisions to be based on preventive information. The overall objective of the PADME-

project is to investigate how CPAS could be integrated into discrete manufacturing to improve 

safety, quality, lead time and cost/productivity. This could, in turn, result in an increased 

competitive advantage. CPAS will work as a stepping stone towards the case company journey 

of becoming a Smart Factory (see Figure 12). 

 

 
Figure 12 - PADME-project visualising CPAS as a stepping stone towards a Smart Factory 

4.2 Information for production system development 

By interviewing personnel at the case company, the thesis researchers came to understand that 

most of the production system development work was done locally at the case company plants. 

This means that no global production system development (PSD) approach was used. The case 

company have always had a strong product-oriented mindset, focusing on optimising the 

products itself while working with well-defined and structured ways within product 

development. This has resulted in a product that is highly competitive on the market. 

Nevertheless, the case company are not working with PSD to the same degree as they are working 

with product development. For instance, information regarding the products is more detailed than 

production related information. Besides, the company find it is easier to integrate information 

related to the products, than the production procedure. There is no structured way of working 

with PSD. Production, in general, has historically been viewed as something that had to be done 

to be able to produce the products. In the past, the case company produced rather low volumes, 

and it is not until recently, that the company has started to produce higher volumes of products 

due to higher customer demand quantities. The increased demand puts high pressure on the 

production, which is something relatively new for the case company. Interviewees consider PSD 

to be the company’s Achilles heel. According to the interviewees, the company has rarely or 

never performed extensive PSD that was not triggered by the introduction of a new product. 

Smaller improvements of the production are often discussed between groups of operators and are 

thereafter implemented without further investigation. Despite the lack of a structured way of 

working with PSD, most of the interviewees realised the shortcomings of the problem and that 

the company needs to improve this area if they want to remain production in Sweden.  
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When interviewing personnel regarding information and its role within the company, some of 

the interviewees states that information is vital for the whole company to function. A system or 

network shutdown will immediately have a negative impact on the company, resulting in 

problems with carrying out duties. Internal and external logistics, to activities on the shop floor 

and invoicing, are only a few examples of activities that will be affected if information systems 

shut down. Other interviewees state the importance of information when identifying bottlenecks 

and creating simulation models. By using information as input to simulation models, 

consequences of decisions could be thoroughly investigated. the case company has had 

simulation projects with mixed results, and the interviewees state that a simulation model can be 

a reliable tool for PSD, but it is fragile since it relies on correct input data. It was also said that 

information on an operational level is essential so that operators receive instructions on what to 

do. The majority of the interviewees agreed upon that collection, storage and analysing of 

information must become better.  

 

The thesis researchers first experiences of information collection at the case company were when 

conducting a flowchart. The thesis researchers created a flowchart of activities carried out at the 

assembly area. This was done to get an overview of all processes. The simulation expert and the 

case company representative decided to choose a high-volume product called “product A.” The 

inputs to the flowchart came from a mapping/routing excel document, provided by the case 

company representative. The file contained data and information regarding routings in the 

production. An example from the excel document is shown in Table 3. 

 
Table 3 - Mapping/routing excel document 

 

This table has been edited due to sensitive information. “Operation Text” described the process 

step with text. However, many process steps were incorrect or non-valid and called (EJÅ). 

Number 30, 40, 60, 70, 80, 90, 91, and 95 represents station 1,2,3,4,5,6,7,8 in the assembly line. 

Station 8 is a control station and is not viewed as an integrated station in the assembly line.  

 

The operation text in the excel file gave insufficient information regarding the process steps. 

Therefore, the line manager explained the content of the routings file. Together with observations 

on the assembly line, the flowchart could be created. The next step was to set inputs and outputs 

for the final assembly in the flowchart. A list of information requirements was provided to the 

thesis researchers from the simulation expert (see Table 4). 

 

  

Mtrl Calls Last Call SEQ OP Align Branch Return 
Control  
Key Operation Text WC 

X 9.999 2017-09-12 0 29 2 X (EJÅ)  
X 9.999 2017-09-12 0 30 2 X (EjÅ) Loopen.  (OP1)  
X 9.999 2017-09-12 0 40 2 X (EjÅ)   Loopen. (OP2)  
X 9.999 2017-09-12 0 50 2 X (EjÅ)   Loopen. (OP3)  
X 9.999 2017-09-12 0 60 2 X (EjÅ)   Loopen. (OP4)  
X 9.999 2017-09-12 0 70 2 X (EjÅ)   Loopen. (OP5) 
X 9.999 2017-09-12 0 80 2 X Oil Filling  
X 9.999 2017-09-12 0 90 2 X Slutmontage Stn 6:   
X 9.999 2017-09-12 0 91 2 X Slutmontage Stn 7:   
X 9.999 2017-09-12 0 95 2 X Avsyning ES prov   
X 9.999 2017-09-12 0 100 2 X Skicka till / (info)  
X 9.999 2017-09-12 0 110 2 X System test   
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Table 4 - Information requirements from RISE 

 

Information Required Collected  

Inter-arrival time Non-existent 

Batch size  Manually  

Processing sequence  Manually 

Number of workstations  Manually 

CT per workstation 
 

Non-existent  

Revenue and cost of a 
finished product 

Classified  

Queuing rules at workstation 
1 

Manually 

Late delivery rules Manually 

WIP 
 

Manually 

Backlog cost Classified 

Final assembly line lead time Non-existent 

Total lead time Manually 

 

The purpose of the list of information requirements was to collect data and information to be able 

to create a simulation model, i.e., a digital twin of the assembly area, starting with the final 

assembly line. The list of information requirements was shown to the case company 

representative to determine if and how that information was available. The information that was 

available was: batch size, processing sequence, number of workstations and queuing rules. The 

rest of the information requirements were categorised as non-existent. Each available 

information source where further categorised as classified, manually, or automatically collected. 

Automatically collected information was in this thesis referred to as information collected 

automatically without human involvement. Manually collected where all information that was 

collected and processed by humans. Some information was available but classified, which 

resulted in that the information could not be used.  
  

To collect non-existent information, a discussion regarding collection approach was conducted. 

To get reliable statistical data, several sessions were planned to gather processing times for each 

assembly workstation for the product. Due to union regulations, using stopwatches were not an 

option since it would interfere with the workers and make them feel uncomfortable. The thesis 

researchers asked if there was any other way of collecting the CT, without using stopwatches. 

Currently, in the case company’s ERP system (SAP), they collect each “finish-time” for each 

operation. However, the “start time” for each operation is not collected. If the start time was 

collected, the CTs for each assembly station could be collected as well. The case company 

investigated to include this feature in SAP, which had this feature available. However, including 

this feature would result in “non-calculated costs” for the production, which was something that 

the case company did not want. After discussing the matter with the case company representative 
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together with the simulation expert, it was decided to use pre-recorded video material from the 

assembly line, to estimate each product CT in each workstation. Doing this would affect the 

validity of the simulation model that RISE was to construct, and it would no longer represent 

reality. For the model to represent reality, it would require more data points than provided from 

the videos. Nevertheless, the case company agreed to this consequence. It was decided to watch 

videos of four high volume products. These four products were chosen since they were more 

frequently assembled and thus had the most significant impact on the line. They were also 

selected to facilitate the observation work. The videos contained footage of one operator working 

on one product in one workstation at one occasion. the case company uses these video files to 

analyse operator’s movements, and to create work instructions, identify value-added time, none 

value-added time, and CTs. This information is also used when sequencing lines. These videos 

are usually used in an analysis software called AVIX, which analysis the videos. However, the 

final assembly line had received updates, and no analysis of videos representing the new line had 

been made. Therefore, a rough analysis was made on the 28 existing videos by the thesis 

researchers. Operators work instructions had been provided to facilitate the data collection from 

the videos. Every product has its assembly work instruction, where each product has one paper 

booklet for each workstation. A total of seven paper booklets were collected, each booklet was 

around six pages long. The booklets consisted of text and pictures to instruct the assembly 

workers. Experienced assembly workers do not use these booklets often, only when they forgot 

a work instruction. Viewing the videos and comparing the content with the work instruction 

booklets was challenging. Following each step in the process was laborious. This was carried out 

to be able to estimate interarrival times and CTs on each workstation. For the full list of each 

product CT, see Appendix 4. The footage of product D contained many disturbances, hence is 

marked as red to use the numbers with caution.  

 

Interviews with personnel strengthened that AVIX-videos was the primary source of information 

working with production development. Further, when AVIX-videos have been analysed, work 

instructions are developed from the videos, and also presented to the operators. By comparing 

the videos with the activities that operators perform, standards can be developed. One way of 

ensuring that the work instructions from the videos are correct is by letting operators use the 

instructions to detect any glaring mistakes. Sometimes, it is the operator who does not follow the 

instructions and sometimes there is a mistake in the AVIX-videos. Generally, there is no clear 

way of ensuring whether the information available is valid or not. From the interviews, it was 

said that too high or too low material consumption could be an indication that something is 

wrong. Also, the information extracted from AVIX are not trusted by everyone, some of the 

interviewees stated that the videos should be updated more often and that many of the existing 

videos were outdated. Standardised work in the assembly line was not fully implemented at the 

case company, although it was under reformation. By observing the assembly line, WIP could 

be determined to eight products. The WIP in the assembly line was generally known; however, 

the information was not stored. From the interviews, it was clear that a lot of information 

circulating on the shop floor was information shared by communicating via steer meetings and 

during the day. As a complement to the collected CTs, the thesis researchers collected 

disturbance data history. The disturbance data history was gathered from the disturbance 

database from the case company intranet. The goal of collecting disturbance data was to 

categorise the disturbances and use that information as input to the simulation model. The aim 

of using disturbances as input to the simulation model was to identify common disturbances and 

eliminate those disturbances to increase throughput in the production. The case company uses a 

disturbance database, which is the primary method for disturbance data collection used in the 

factory. Table 5 shows an example from the disturbance data gathered by the thesis researchers.  
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Table 5 - Disturbance data from disturbance database 
Department Station Category 1 Category 2 Description Date Work-

hours 
Name Reg.by Name_Path 

Assembly 
area 

Final 
assembly 

Refilling Jute / 
Processing 

(shelf) Wait 
on extension 
to from train 

2017-07-
13 

00:00:00 

4,00 DL LJ 
JE 

46 697 | Refilling 
|Jute 
/Processing 

Assembly 
area 

Final 
assembly 

Repair Miss 
assembly / 
Own fault 

2 pieces 
missing on 
gear 

2017-02-
09 

02:43:45 

0,50 JE,JP 20 736 |Repair| 
Misassembly 
/ Own fault 

Assembly 
area 

Final 
assembly 

Material 
missing in 
house 

Jute / 
Processing 

- is on 
arlanda 

2017-06-
21 

00:00:00 

0,00 mj 48 545 |Material 
missing in 
house|Jute / 
Processing 

Assembly 
area 

Final 
assembly 

Material 
missing in 
house 

Cabling blocked in 
SAP  

2017-01-
30 

00:00:00 

8,33 FH 20 735 |Material 
missing in 
house|Cabilin
g 

Assembly 
area 

Final 
assembly 

Other Other 3 incomplete 
reports of 
material! 

2017-03-
30 

00:00:00 

0,67 MH 48 230 |Other|Other 

Assembly 
area 

Final 
assembly 

Repair Supplier fault  grinding of 
the 
warehouse 

2017-01-
31 

00:00:00 

6,00 JL,CE,
TG,HS
,RF,SJ 

48 229 |Repair/ 
Supplier fault 

Assembly 
area 

Final 
assembly 

Other Other Second shift 
forgot to 
reload the 
batteries (the 
forklift died 
and got 
stuck) 

2017-01-
16 

07:30:41 

1,00 sk,jr 20 736 |Other|Other 

 

The data was divided into following categories; department, station, category 1, category 2, a 

description of the disturbance, date, work-hours, name of operators, reg.by, and name path. As 

mentioned above, the final assembly line had been updated. This, in turn, limited the 

meaningfulness of the disturbance data history, since the latest disturbances were collected 

before the development. The line manager provided another disturbance document, which had 

been filled in separately since the implementation of takt took place. That document was 

structured in another way. Instead of categorising each disturbance after type of disturbance, each 

disturbance was described in the free text. Then each disturbance was assigned to a person who 

was set out to investigate or solve the issue (see Table 6). 
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Table 6 - Disturbance from excel document (unsorted) 

Disturbance Stop time Station Operator Responsible 
for fix 

Planned 
fix 

Done Comments 

Wrong note 1 2 NL Line       

pressure tests 1 
and 2 to be 
made in station 
3? 

4 2 NS Caren 2018-04-
06 

2018-
04-19 

Emil investigates 
balancing No is to 
be done in station 
2. 

Inspection SAP 
mess 

3 8 JR Development   X   

Digger Foundry 8 1 NL Caren 2018-05-
25 

  Emil investigates 
balancing  

No reported  7 4 NR Line   X   

FP and pressure 
test made on 
station 8 

7 8 JÅ Line   X   

Do both station 
6 and 7  

6 6 AG Line   X   

 

The document was complicated for a third person to interpret; however, the thesis researchers 

analysed the material and tried to find similarities, and then created new categories based on the 

free text displayed in the first column in the table. The new categories were; 

sequencing/balancing, misconfigurations, staff training, oil, missing resource and other (see 

Table 7).  

 
Table 7 - Categorised disturbance data from excel 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Disturbance type 1 Stop time Station Operator Responsible for 
fix 

Sequencing / Balancing 1 2 LB NS Carina 

Sequencing / Balancing 1 2 NL Line 

Missing resource 1 8   Line 

Staff training 1 8   Not used operator 

Staff training 1   MA/CL Training 

Missing resource 1 1 MA Wait 1/2 

Missing resource 1 4 NR Wait 3/4 

Sequencing / Balancing 2 5   Caren 



 

29 

 

With the new categories as inputs, a Pareto chart was made (see Figure 13). The Pareto chart 

showed that “Missing resource” contributed to the most percent of disturbance time. 

 

 
 

 

However, there was not any reliable statistical connection between type and disturbance duration, 

which was showed in the analysis of variance in Figure 14. When discussing the disturbance 

database with case company employees, they claim that it is tedious to input information and 

data to this database. Sometimes, smaller disturbances are not even registered due to the time it 

takes to register a disturbance. 

 

 
 

Figure 13 - Pareto chart over categorised disturbance data from excel 

Figure 14 - Analysis of variance over categorised disturbance 

data from excel 
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During the interviews, not only the importance of information was expressed. When talking 

about information, the interviewees got the opportunity to clarify what they thought characterise 

“good information”. The terms that were used to describe this matter was; visual, concise, 

relevant, concrete, accurate, structured, repeatable, understandable, and more available. The 

importance of giving and receiving information was also stated to be significant. In that aspect, 

it was noted that it was equally essential to provide clear information as it was important to be 

open to receiving information.  

 

When asking if there was any information that the personnel did not have or felt like they were 

missing, their answers varied. Some interviewees stated that they wanted information to be more 

available. Perhaps by minimising the steps to get the information and preferably without using 

any computer at all. By using a new system support, operators, for instance, could get information 

easier without having to analyse AVIX videos. Some interviewees addressed the desire for more 

automated information. Quality parameters such as dust, temperature, heat development, etc., are 

other types of information that is mentioned during the interview. Knowing the temperature of 

materials could be handy when the material has experienced high-temperature changes, for 

example from cold weather or a warm washing process. The production process cannot start until 

materials temperature has recovered.  

4.3 Information and Operational Decisions  

The case company work with operational decisions daily. Every time before a shift begins, which 

is two times per day, operators and production managers have steering meetings. On these 

meetings, the line manager goes through the work for the day, and problems that have occurred 

are brought up. Operational decisions could be based on information from a system or database 

regarding orders, disturbances, CTs or where a product approximately is located. The case 

company tries to solve problems “where they belong.” If an operator has a problem with 

performing a particular activity, the operator should look at first-hand try to solve the problem. 

However, if the issue cannot get resolved, it must be moved up in the hierarchy, starting with the 

line manager. Further, the line manager has contact with other departments such as technicians, 

quality, logistics, etc. Depending on the problem it is also assigned to the responsible department. 

When the interviewees were asked what type of information they usually base their decisions on, 

knowledge, experience and gut feelings were common answered terms. Furthermore, decisions 

are based on information available there and then. It was also expressed that acute problems leads 

to stress which results in poorly made operational decisions. Operational decision-making is 

something that the personnel addresses an issue. According to the interviewees, they lack a clear 

structure for how to manage these sorts of actions. Most of the decisions that they make daily are 

therefore based on guesses and gut feelings. 

 

While visiting the factory, the assembly area implemented a takt time system, where a clock 

counted down the remaining time left before the assembly stations should progress. However, 

the takt time was set to a higher value than the actual takt time required. This was due to lack of 

information regarding processing times for each product and to allow operators to familiarise 

themselves with the takt system. Shortly, an Andon system will be implemented to the assembly 

area. With the new system, an operator can push a button when a problem occurs. Then there 

will be an Andon specialist who will try to solve the problem immediately. The Andon person 

will have specialised skills and knowledge about the line and will make many important 

decisions, hopefully, better ones.  
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4.4 The Smart Factory and the future of the case company 

Most of the interviewees were familiar with the terms “Industry 4.0,” and “Smart Factory.” When 

asking about real-time information, some interviewees refers to a WIP-board that updates WIP 

in the production. However, other say that the WIP board is not real-time and that there is no 

real-time information flowing in the factory. Some would even say that most of their work 

generally is not automated. Information that they do collect automatically is, for instance, a 

pressure curve from a test. The pressure curve decides whether the product passes or fail the test. 

When making these tests, it would be of interest to see what causes a product to fail or pass and 

preferably be able to detect problems early in the process. Some information regarding the 

product is stored for later, if a customer, for instance, has a complain, the case company can then 

go back to the saved information or data. These demands are not seen as optimistically; one has 

already begun to see more significant interest in production-related questions during the past 

twenty years. As soon as a standardised work is implemented, and products are made for an 

automatic production, there will be a lot of opportunities.   

 

Some of the employees already expect that the production will be more digitalised and automated 

in five years. There is an ongoing future project where the goal is to replace all existing products 

within five years. The new products will approximately be 90% automatically produced, which 

means that the production is facing a momentous change. Some interviewees, however, believe 

that the production will look the same within five years, the only difference is that it will function 

more efficiently with fewer disturbances and more standardised work. Within five years 

information is expected to be more accessible than it is today. Today, the case company has 

several business systems containing different types of information. The case company wishes 

that there will be a new system comprising all product and all production related information 

such as times, process steps, production data, information to operators, etc. Today operators 

spend a considerable amount of time on finding information on computers. The vision of the case 

company is that in five years the administrative workload will be less on operators than it is 

today. These things could be solved by working more with PSD-projects. In five years, there are 

optimistic expectations that the case company will become more connected with IoT, making the 

factory more intelligent. RFID is another technology that is expected to be further evaluated by 

the company. In 20 years, the hopes of being a Smart Factory are great. At this time, personnel 

expect that the production will contain an extensive amount of IoT and that information will be 

accurate and more visual. By then, there should only be products developed for a fully automated 

production; operators will not operate on the product, only start the production cells. Simulation 

models will create digital twins, and be a direct replicate of the production which, in turn, would 

put high pressure on systems to capture a significant amount of data.  

 

Speaking about the future of the case company, the interviewees sees excellent potential towards 

becoming a Smart Factory. Also, there is a lot of automation competent workers within the case 

company group. Although, some states that the production should be more automated than it is 

currently. It will require a significant investment in infrastructure and managers that are willing 

to invest in the factory and take the risks that come with it. It will also demand management that 

is willing to invest in production development and overall make sure to develop each company 

individually and get everybody to cooperate. Personnel wishes that information becomes more 

available and extensive in the future and hopefully stored at one place. In the future personnel 

also hope that there will be more information available such as a product’s exact location leading 

to more accurate operational decisions, and that information given from systems such as AVIX 

videos will be more updated. By having more available information, operators and production 
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managers could make more accurate decisions operational. An interviewee also expresses the 

hope of having operational decisions being made on a more continuous basis.  

 

Through informal conversations, the case company would want more information regarding its 

suppliers. The company wants to be able to follow their orders more precisely, from when the 

order has left the supplier factory. Although, cost related information is considered as sensitive 

information to share with suppliers and customers. That would require close partnership between 

companies. It was also mentioned that a lab would be needed, where all new technologies could 

be tested before being implemented and that a change like this will require a younger staff that 

has been raised with technology. A wish among the personnel is to invest a lot in production at 

the case company in Sweden and become great at producing industry products. When that is 

developed, the production can be cloned to the other sites instead of letting every site develop 

their one production.  

 

Finally, a list of information requirements supporting operational decisions in a Smart Factory 

was presented to the case company representative. The thesis researchers sat down together with 

the case company representative and studied each information requirement. The thesis 

researchers claimed that the information required was processed if the information was easy to 

access for the personnel. Although, this list did not consider that the information was flowing in 

real-time since no case company information is flowing in real-time. Green, yellow, and red 

markers were made or each information requirement. A green mark means that the case company 

can access this information quickly, without making any calculations. This information could be 

available in SAP, or quick observations on the shop floor. A yellow mark means that the case 

company does not see this information requirement applying to their production, hence no use 

for it. Since the case company only has assembly in their production process, some information 

requirements were crossed out. A red mark is an information requirement that the case company 

do not have access to or requires further calculation or analysis to access. A total of 19 out of 53 

was checked with “YES,” (see Figure 15 for example from the list). See Appendix 1 for the full 

list of requirements.  

 

 
Figure 15 - List of operational information requirements in a Smart Factory (Case company) 

 

  

Category Information RequirementProcessed Definition
Environment Temperature NO Air temperature in the production 

Humidiy NOT RELEVANT Air humidity in the production

Electricity NO Electricity consumption in the production

Air Quality NOT RELEVANT Air Quality in the production

Pressure NOT RELEVANT Air Pressure in the production

Quality Roughness NOT RELEVANT Surface Roughness

Length NOT RELEVANT Lenght of products

Angle NOT RELEVANT Product Angles

Accuracy YES Product accuracy

Defects YES Number of defects in production

Worker Finish Task YES Signals when a task is finished

ID Number YES ID-number for all workers

Location NO Location / Position of workers

Efficiency NO How efficient a worker are

Scrap Ratio NO How much scrap the worker contributes with

Attendance Rate YES How much the worker attends work

Machine, Assembly stations & RobotsStrain NO

Vibration NOT RELEVANT Vibration in machine
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5 ANALYSIS 

In the analysis, the empirical findings are analysed and compared to the frame of reference. The 

answers to the four questions aims to analyse information requirements supporting operational 

decisions in a Smart Factory. Figure 16 shows the scope of the research questions. 

 

 
Figure 16 - Scope of the research questions 

5.1 Characteristics of operational information in a Smart Factory 

Physical and virtual world information characterises the foundation of operational decisions in a 

Smart Factory (Anderl, 2015; Lee, et al., 2014; Lucke, et al., 2008). In the physical world, 

information from minor and major components will be collected and stored in the Smart Factory. 

In the virtual world information from simulation models and other electronic documents will be 

collected and stored in the Smart Factory (Zhang & Tao, 2017; Wang, et al., 2017; Zhong, et al., 

2012). Today, the case company mainly collect operational information from observations on 

the shop floor. CT’s are collected by analysing video recordings from the shop floor, and 

disturbance data is manually collected as they occur. The information extracted from the virtual 

world is limited. Projects within simulation have been carried out; however, it is not a continuous 

process. The simulation projects that have been carried out at the case company have shown 

mixed results, due to the inconsistency of the input information. This affects the trustworthiness 

of simulations at the case company. However, simulation models will play a significant role in 

smart factories (Weyer, et al., 2016), and for that reason, the case company must identify 

information requirements and collect that information so that simulation models could be fed 

with right input information. To become a Smart Factory, the case company also would need to 

increase the collection of both physical and virtual world information. 

 

Mätäsniemi (2008) stated that operational information and collection of information is something 

that has grown exponentially during the last decades. The case company deals with a limited 

amount of operational information, and according to personnel, it is considered as a weak spot, 

which was also confirmed by the thesis researchers during data collection. However, the case 

company sees potential in improving their operational information and collection of information. 

Given that information is the heart of a smart factory (Anderl, 2015; Radziwon, et al., 2014), in 

combination with the amplified interest in smart factories hence information, there are reasons 

to believe that operational information and collection will continue to grow. 
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In a Smart Factory, machines will replace numerous human operational decisions however; more 

complex decisions will require human interaction (Wang, et al., 2015). Machines will make more 

codifiable and tedious tasks while humans make more superior tasks including, for instance, 

empathy (Dory & Waldbuesser, 2015). Today, operational decisions are carried out by humans 

at the case company. The case company has expressed a desire to increase the level of automation 

in the factory. However, Davenport & Kirby (2015) also emphasises the importance of 

convincing managers to see machines as partners when solving problems. To become a Smart 

Factory, not only is the level of automation important but recognising the benefits of using 

machines as decision-makers.  

 

This new way of making operational decisions will also require an increased amount of real-time 

information (Yin, et al., 2017; Zhang & Tao, 2017). Real-time information is built on real-time 

data, which is data read directly from a sensor (Shariatzadeh, et al., 2016). This is something that 

the case company lacks today, operational information is manually collected, lagging and 

inaccurate, which Zhang & Tao (2017) confirms to be the case at traditional manufacturing 

companies. Zhang & Tao, (2017) also states that real-time information is critical to increase 

production efficiency. Therefore, real-time information will be a necessity to become a Smart 

Factory, but it will also facilitate operational decisions and increasing production efficiency.   

 

Zhang & Tao (2017) expresses that companies have challenges identifying abnormal events in 

production in a timely matter and that most actions to abnormal events are reactive. These events 

also result in prohibitive costs (Mätäsniemi, 2008). To deal with this matter, a Smart Factory 

uses preventive information to identify and manage foreseeable events (Zhang & Tao, 2017). 

Related to this, there has also been an increased use of probabilistic information at companies 

(Mätäsniemi, 2008). The case company does not use any probabilistic information to facilitate 

operational decisions today, most operational information is manually collected and 

preconditioned in SAP. However, they have shown an interest in bringing preventive information 

to discrete manufacturing due to their participation in the PADME-project and implementation 

of CPAS. This means that the importance of preventive information is not only shown in the 

literature, companies are now realising the importance and wants to investigate how to 

implement it.  

 

In a Smart Factory, meaningful information is presented visually and digitally to support 

operational decisions (Yingfeng & Pingyu, 2008). Meaningful information is characterised as 

accurate, verified, complete, up-to-date, and relevant (Wilks, 2001). When asking the 

interviewees what they characterised as good information, they mentioned; visual, concise, 

relevant, concrete, accurate, structured, repeatable, understandable, and available. Comparing 

the attributes, there are similarities with the description of meaningful information that Wilks 

(2001) presents. This shows that the case company has an agreed understanding of how they 

want information to be presented. Visual information is something that the case company highly 

values and wants more of in the future. Today, the company has work instructions presented in 

text and pictures in a booklet. It is also shown in the disturbance data that “staff training” stands 

for approximately 11 % of the total disturbance time (see Figure 13). This is an area where digital 

and visual information could be beneficial and bring more understanding to the operators, hence 

increase production throughput. There is a case study made by Gröger et al. (2016) who support 

this matter. In that case study, work instructions were shown in text, pictures, and videos to 

enable fast introduction to new employees. The workers were also able to record suggestions of 

improvements with memos, photos, audio and video recordings successfully. By digitally 

visualising work instructions, the disturbance duration might decrease, although it would require 

further analysis to determine.  
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Sawyerr et al. (2000) stresses the difference between collecting data and providing meaningful 

information since it is often overlooked at companies. This was also confirmed by the thesis 

researchers at the case company, where the information collected did not live up to either Wilks 

(2001) nor the interviewees view of meaningful information. The thesis researchers found that 

the information collected was difficult to access, interpret, and sort, hence, does not live up to 

the criteria of meaningful information. The disturbance database and the routings file had low 

equivocality, which according to Koufteros et al. (2005) increases the chances of 

misinterpretations. Furthermore, Butcher, (1998) and Wilks (2001) states that too much 

operational information could result in inefficient decision making since the receiver first must 

distinguish which information that is relevant and not. Frishammar (2003) also claims that the 

purpose of information is to reduce uncertainty and that the “information required” should be 

equal the “information processed,” to reduce uncertainty in operational decisions. Operational 

decisions, at the case company, are usually based on information that is available there and then. 

This means that operational decisions sometimes are based on lacking information, but also 

excessive information. This requires the decision maker to filter the information, which increases 

the chance that relevant information will be overlooked (Wilks, 2001; Sawyerr, et al.  2000). 

 

In smart factories, real-time information is shared throughout the production system and between 

partners (Dory & Waldbuesser, 2015; Wang, et al., 2017). At the case company operational 

information is mainly shared via steering meeting before every shift begins. However, the 

personnel desire a more continuous sharing approach regarding operational information. One 

way to handle this issue is by implementing alarms sent to managers and operators (Shariatzadeh, 

et al., 2016). Getting information from suppliers such as real-time tracking information is another 

parameter that the personnel desires. Dory & Waldbuesser (2015) advocates that information 

about capacity, planning data and production costs should be shared between partners. However, 

this is something that the case company considered as sensitive information. Knowing how much 

information to share with partners is, therefore, a question that is of relevance to further 

investigate. To be able to share real-time information throughout the production and between 

partners in a Smart Factory, operational information from different information systems needs to 

be merged (Li, 2016). Current, the case company uses several information systems containing 

several types of operational information. However, the personnel have expressed the need for 

one single system for all product and production related information. This will require that the 

information is presented in a standardised scheme so that the whole factory including their 

partners can make use if it (Anaya, et al., 2010). A parallel can be made with Kent (1978) and 

Schenck & Wilson (1994) statement that misunderstandings largely can be avoided if users use 

the same interpretation of the information. Furthermore, Koufteros et al. (2005) state that 

companies need to increase integration and knowledge sharing within the company, which, in 

turn, will be facilitated by standardised operational information.  

 

Lastly, Bellgran & Säfsten (2009) means that information should be viewed as a strategic 

resource when developing production systems, since it can increase the understanding of 

information in the PSD process (Frishammar, 2005; Mata et al., 1995; Zahay et al., 2004).  Due 

to the nature of a Smart Factory, and the importance of information, it is most likely that smart 

factories will view information as a strategic resource. Just as a production will not produce 

without raw materials, operational decisions will not be made without information.  
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5.2 Why information requirements supporting operational decisions are necessary for a 

Smart Factory  

The case company are aware of the importance of information, but the company still struggles 

to manage information for operational decisions. The importance of information is not something 

new. In 1992, Kehoe et al. (1992) wrote that information was the most important resource a 

company could have. In 2003, Teknisk Framsyn (2003) predicted that information and 

knowledge would be a critical factor in future production systems. The same year, Frishammar 

(2003) concluded that information was a fundamental part that underlined the foundation of 

operational decisions and that further studies of what type of information that could facilitate 

operational decisions were required. Skoogh et al. (2012) claimed that ERP and MES seldom 

contained all necessary information to support operational decision making. However, simply 

knowing that information is important is not enough, which has been verified in the case study. 

Salles (2007) claims that manufacturing companies still struggle to manage the information that 

they possess and how to turn that information into knowledge and action. Chen et al. (2017) 

stated that the problem does not lie in collecting the data itself, although this was an issue at the 

case company. Most of the information requirements for the simulation model was not existent, 

and some were not available to collect due to union regulations. Information requirements 

supporting operational decisions in a Smart Factory will be the next step after realising that 

information is important for a Smart Factory. It will be the natural way of starting the information 

and data collection process towards becoming a Smart Factory.  

  

According to Lucke et al. (2008), Zhang et al. (2014), Brynjolfsson et al. (2011), and Davenport 

(2010), information is strongly related to the outcome of operational decisions. Currently, the 

case company make most operational decisions based on experience, guts feelings, and on 

information that is available there and then. Salles (2007) states that operational information 

requirements provide insight to the decision-maker so that decision-makers do not need to rely 

on gut feelings, guesses, or experiences. During the case study, takt time was implemented to the 

assembly area. The takt time was set above the actual takt required to meet demand, hence higher 

than the CT for each assembly station. To be able to calculate mean CT’s and the standard 

deviation for all products going through the assembly line, more samples of CT’s were required. 

With those measurements, a more accurate takt time could be set, hence, increase the throughput 

in the assembly line. With more data samples regarding CT’s, it would provide statistical insight 

to know where in the assembly line CT’s and takt time differentiate the most. This could be 

valuable information for supervisors or managers when making operational decisions. 

 

According to Salles, (2007), the problem arises when operational decisions must be made, which 

leaves manufacturers struggling to determine what information to use. Wilks (2001) stresses the 

substantial difference between collecting data and providing meaningful information since it is 

often overlooked at companies, resulting in less efficient decisions and improvements. Most of 

the interviewees agreed upon that collection, storage and analysis of information must be 

improved to achieve better operational decisions, hence increase production throughput. By 

studying the case company, the thesis researchers shared this apprehension. All three areas; 

collection, storage, and analysis of information have been covered in the case study, and all areas 

are lacking clarity, structure, validity, and reliability. To deal with this issue, Wang et al. (2015) 

propose that manufacturing companies should start to consider what information that is required 

to improve efficiency in the production, instead of collecting various data and then attempt to 

find a use for it. Collecting the disturbance data at the case company was simple, due to the 

disturbance database and the disturbance excel file. However, analysing the disturbance data was 

the hard part, which according to Chen et al. (2017) usually is the case. The meaningful data was 



 

37 

 

hard to analyse, while the easy to analyse data did not provide meaningful information. Chen et 

al. (2017) also states that without data analysis, meaningful information cannot be provided, 

which is fundamental for decision-making. The mapping/routing excel document contained a lot 

of unnecessary information, with lacking descriptions (see Table 3). The disturbance database at 

the case company included a category called “other,” which resulted in a lot of disturbances put 

into that category, making the data clean up and the analysis difficult to execute. The latest data 

disturbance document did not include any categories at all, making the analysis even more 

difficult to execute. A future disturbance database should only include disturbance categories, no 

free text alternative and no “other” category. This would facilitate the disturbance registering, 

collection, storage, and analysis process. The analysis that was made on the cleaned disturbance 

data document did not show any relation between the disturbance type and the disturbance 

duration; hence more accurate categorisations of the disturbances was required. Information 

requirements provide insight into what information to collect and store. Knowing what 

information that is required for operational decisions increases the chances of collecting 

meaningful data that provide meaningful information. This information would also be useful 

when introducing Andon-systems into the factory. The Andon specialist should quickly receive 

meaningful information to make operational decisions. Mätäsniemi (2008) also remarks that 

companies are not aware of whether the information used is strong enough to trigger an 

operational decision, or if additional information is necessary. When asking the interviewees 

regarding missing or lacking information for operational decisions, the answers were relatively 

thin compared to other answers from the interview. This indicates that the case company 

themselves have limited knowledge of what information is missing and what that information 

might be. From the interviews, it was also clear that the case company did not have a structured 

way of performing operational decisions. Using the information requirements as input, smart 

factories will provide meaningful information to the decision maker so that the decision maker 

will know what decision to make and when.  

 

Skoogh et al. (2012) stated that ERPs seldom contains all necessary information required for 

operational decisions; however, the case company heavily rely on this information when making 

operational decisions. The information in ERP is also lagging and incomplete, which can lead to 

operational decisions being based on something other than information (Kielstra, 2007). 

Furthermore, Zhong et al. (2012) and Lucke et al. (2008) means that these business systems 

cannot handle complex manufacturing sequences that companies experience today. If the case 

company were to become a Smart Factory, IoT-MS could provide real-time information to these 

systems by integrating different sensors. However, the first step in sensor implementation is 

setting information requirements for increased production efficiency (Zhang & Tao, 2017). The 

case company wants one system to manage all product- and production related information. 

Information requirements that would support operational decisions would be useful to make this 

system possible, but also to provide the results that increase production throughput. When the 

case company says “all” product- and production related information, there is a need to clarify 

what “all” means. This is another area where the information requirements supporting 

operational decisions in a Smart Factory becomes necessary.  

 

Operational decisions made on inadequate or inaccurate information leads to increased 

operational costs, inefficient decision-making, less efficient PSD, and problems in scheduling 

(Leng, et al., 2015; Lucke, et al., 2008; Zhang, et al., 2014). The case company argues that PSD 

and operational decisions are the companies weak spot, which data collection, observations, and 

conversations in this case study also implies. To turn the case company factory into a Smart 

Factory, additional, accurate, and up-to-date operational information is required (Radziwon, et 

al., 2014; Lee, 2015; Yoon, et al., 2012). The case company has an ongoing project where the 
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goal is to replace all existing industry products within five years. To produce these products the 

production should be approximately 90% automated. Jung et al. (2017) states that manufacturing 

companies especially struggles when introducing new products, since problem arises during 

manufacturing and delivering on time. The same author means that this challenge is related to 

identifying required information for optimal operational effectiveness and calculate correct time 

estimates for production of products. The case company have expressed that an increased 

customer demand has put high pressure on the production, which is something relatively new for 

the company. To cope with the increased demand, together with a new range of products with an 

90% automated production, will be tough to execute within five years. However, setting 

information requirements for operational decisions will be crucial to increase the chances of a 

successful introduction of the new products.  

 

Manufacturing companies will always face the challenges of introducing new products, which is 

why this question is as relevant for a Smart Factory as it is in today’s factories. A simulation 

model could provide valuable information and insight into how this introduction might play out. 

It would also be important to see what information requirements for operational decisions that 

enable 90% automated production. Simulation models will assume an increasing role in a Smart 

Factory for operational decisions regarding ramp-up phases and production status (Weyer, et al., 

2016). It is therefore vital that information used as input in simulation models is complete and 

accurate (Skoogh et al., 2012). Nagi et al. (2017) used information requirements as input to a 

simulation model, which resulted in an increased throughput.  

 

When influencing decision-makers with information, it is of importance to consider the attributes 

that give the data in the information its meaning, since organisations only are capable of handling 

fractions of the information given (Wilks, 2001; Sawyerr, et al.  2000). Currently, the case 

company operators spend much time on finding information on computers. Having information 

requirements for operational decisions would decrease the time spent on finding operational 

information necessary for the decision.  

 

A Smart Factory brings reconfigurability to the production system (Hozdić, 2015), assists people 

and machines (Lucke, et al., 2008), and produces customised products at the cost of mass 

production (Wang, et al., 2017). This is done by utilising real-time information to allow KPPA 

and RIDPS, bringing preventive information to managers or supervisors to enable operational 

decisions (Zhang & Tao, 2017). Usually, it is more economical to take actions in vain than not 

acting and let disturbances occur (Mätäsniemi, 2008). This is one of the primary objectives of 

the PADME project, integrating more preventive information to discrete manufacturing. This 

would allow decision-makers to have more available information when making operational 

decisions, something that the case company stresses as an issue today. It is important to examine 

precisely what preventive information that is required to enable KPPA and RIDPS in a Smart 

Factory. 

 

Mätäsniemi, (2008) presented eight steps that trigger operational decisions (see Figure 7). To 

collect right information, it is essential to know what activities that trigger a decision. By having 

information requirements, all necessary information that a Smart Factory will need for 

operational decisions will be clearly presented, hence will facilitate those activities and phases.   
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5.3 Information contributing to operational decisions in a Smart Factory 

As mentioned, a Smart Factory collects operational information from the physical and the virtual 

world. From the physical world, Chien et al. (2017) presents three parameters that will facilitate 

operational decision making; environment, movement, and production status. During winter 

months, the case company experience difficulties deciding when to bring in products for thawing. 

By collecting temperature on products and the temperature outside, the decision maker would 

get an indication on when to bring in the products. To do this process even more precise, it might 

be of interest to calculate the time it takes for each product to thaw. Shariatzadeh et al. (2016) 

presented a list of events that should trigger an alarm and further a decision in a Smart Factory. 

The author suggests that an alarm must go off when the temperature is too high. To be able to 

set that type of alarm it might be of interest to also collect an upper and a lower temperature limit. 

Such information would be valuable to the case company. Information about air quality, pressure 

and humidity were explicitly not of interest today due to the current appearance of the plant; 

however, it might change in the future. Information describing movement will be collected in a 

Smart Factory. Shariatzadeh et al. (2016) proposes that an alarm should go off when transport 

times are too long, or when a transport has stopped for 48 hours. This is also strengthed by Chien 

et al. (2017) who states the importance of collecting transport times. However, the same author 

also adds that information regarding velocity, acceleration, and shock are needed. None of this 

information is collected at the case company, yet there is an interest to further investigating these 

parameters.   

 

Lucke et al. (2008) also presents pressure and temperature as valuable information, however in 

the context of conditions of tools. Other valuable information used to determine conditions of 

tools are strain and vibrations (Lucke, et al. 2008). These information requirements are not used 

in the case company production today. However, product temperature might be of interest to 

ensure that assembly parts have been cooled after washing. Dory & Waldbuesser (2015) and 

Wang et al. (2017) states that information about capacity, planning data and production costs 

should be shared between partners. Shariatzadeh et al. (2016) propose that an alarm should go 

off when if a supplier cannot deliver. Therefore, the thesis researchers suggest that information 

regarding supplier’s delivery should be collected.  

 

Information regarding production status is crucial for a Smart Factory (Chien et al., 2017; Zhang 

& Tao, 2017). Production status information include; process steps a worker needs to execute, 

ongoing disturbances, CT’s for each product in each process (Zhong, et al., 2012), and work 

instructions (Gröger, et al. 2016). Each product CT’s, mean-CT’s and the standard deviation 

should be available for every assembly station (Nagi, et al., 2017). The case company has no 

real-time information flowing in the factory; hence, they cannot see real-time production status 

CT’s for each product in each process. However, this information is something that the case 

company has acquired from videos from the assembly line, which is further analysed and fed 

into the ERP-system. This means that the CT’s in the system is based on one video session, hence 

from one sample. Therefore, it would not be possible to calculate the standard deviation for each 

product CT’s in each assembly station. Besides, using one sample for determining CT’s would 

not allow for simulation model creation, which was proven in the case study. Information 

requirements from the simulation expert were following; inter-arrival time, batch size, processing 

sequence, number of workstations, etc., (see Table 4 for full list). These requirements were 

necessary to collect to create a basic digital twin over the final assembly line. Most of these 

information requirements were manually collected, and some were non-existent and not available 

to collect. Other operational information argued to be vital is WIP-related information, such as; 

material consumption, inventory- and buffer levels (Chien, et al., 2017), and takt time for each 
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product (Chien, et al., 2017; Hwang, et al., 2017). Currently, the case company uses precalculated 

material consumptions in their ERP system and have experienced a difference between the 

precalculated material consumption and the real material consumption. This could trigger 

material shortage which leads to planning difficulties and a non-optimal production workload 

(Zhong, et al., 2012; Lucke, et al., 2008).  

 

Integration of IoT in the production will provide information regarding “actual setup time” and 

real-time OEE. Real-time OEE will be based on availability, performance, and quality 

calculations (Ingemansson, et al., 2005; Bamber, et al., 2003). Additionally, “planned runtime 

per item,” total number of produced products, and time required to produce each product will be 

provided (Hwang, et al., 2017). Information regarding; future takt time, product ID, workstation 

ID, and workstation elements will facilitate operational decisions in a Smart Factory (Nagi, et 

al., 2017). The case company are not using any OEE calculations in their factory; however, a 

quality index is collected. Planned run time is collected and stored in their ERP system, hence 

based on pre-calculations such as videos from AVIX. AVIX is the case company’s primary 

source of PSD-related information. A total number of produced products and time required for 

each product are also stored in ERP, hence pre-calculated. ERP needs real-time and accurate 

shop-floor information and data to generate right operational decisions (Jung, et al., 2017). 

Real-time monitoring will enable traceability and visibility in the production and will play a 

crucial role in shop floor performances in a Smart Factory (Zhang & Tao, 2017). This is 

something that the case company needs to integrate to become a Smart Factory. Some of the 

information requirements may seem excessive. However, it is important to remember that a 

Smart Factory will function and make many operational decisions without human interaction. 

Therefore, information regarding, batch sizes or number of workstations cannot only be shared 

between operators, it must be available in systems.  

 

Zhang & Tao (2017) agrees that real-time production status is essential, however, the authors 

adds that information regarding machines, workers, objects, and quality also is crucial for a Smart 

Factory. Chien et al. (2017) presents humidity, pressure, and temperature as examples of relevant 

environmental information. Zhang & Tao (2017) agrees regarding temperature and humidity, 

however, adds electricity, and air quality. The case company have some information regarding 

machines, workers, objects, and quality, but not in real-time. 

 

Looking closer at information requirements for machines, factories experience changes from 

machine breakdowns. These deviations are hard to consider, which results in incorrect decisions 

being made (Westkämper, et al., 2005). Information used to prevent these events are; mean 

time to failure (MTTF), mean downtime (MDT) (Lucke, et al. 2008; Faget, et al., 2006; Kuhlang, 

et al., 2011), downtime (DT), time between downtime (TBDT), and reasons for the DT (if that 

is possible to extract from machine (Ingemansson, et al., 2005). Since this case study was carried 

out on an assembly line, there are not any machines and hence no need for preventive information 

for machines. However, preventive information will be used in active maintenance on tools, and 

robots as well, which will enable less downtime, reduced maintenance costs and increased 

throughput (Chen, et al., 2017). This approach will require big data in the form of alarms, device 

logs, and device statuses (Wan, et al., 2017). Precisely what information active maintenance will 

require is not specified which calls for further investigation. Looking at the disturbance data (see 

Table 7), there is a category called “missing resource” That disturbance could be due to 

breakdowns from previous processes. Therefore, this type of information might benefit processes 

elsewhere in the factory. As mentioned, disturbance data is collected at the case company; 

however, it is not extracted by machines. By collecting this information manually, there is always 

a risk that the disturbance is miscategorised, and that the time consumption differs from reality. 
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To minimise these types of deviations, it would be beneficial to extract this information from 

machines. Information such as utilisation, WIP status, and machine ID should also be collected 

according to Zhong et al. (2012), together with dynamical load, vibration, and broken events 

(Zhang & Tao 2017). Out of this information, the case company collects machine ID. Quality 

information is another area mentioned by Zhang & Tao (2017), the authors then mention the 

importance of collecting information regarding roughness, length, angle, and accuracy. At the 

case company, the quality in the assembly of industrial products is currently not measured 

through Zhang & Tao (2017) parameters. This means that there is either a discrepancy in the 

literature or that other parameters are of higher importance when measuring the quality of product 

assembly. In smart factories, operators will be able to record defects (Kuhlang, et al., 2011). This 

might be helpful to get to the root cause of the disturbance types “misconfigured,” and “leakage” 

(see Figure 13). 

 

Information regarding workers could be; ID number, location, efficiency, scrap ratio and 

attendance rate (Zhong, et al., 2012). In a Smart Factory, information will also show if an 

operator has finished a task or not (Zhang & Tao 2017). At the case company, every worker has 

an ID number in the form of an employment number. Every day a shift begins or end, the case 

company’s workers sign in and out with tags, which store attendance rate. Location, efficiency, 

and scrap ratio are not collected. Due to union regulations, the thesis researchers were not 

allowed to collect CT’s with stopwatches, since it might make operators uncomfortable. If the 

case company want to meet information requirements, hence collect location, efficiency, and 

scrap ratio from workers they will have to investigate how that would affect union regulations.  

 

Lastly, several authors have proposed different areas of information that will be useful in a Smart 

Factory. Wang et al. (2017) proposes that process requirements will provide information to help, 

organise and configure machine production routes. The same author states that information 

regarding operation and sales will be necessary. Additionally, information regarding material 

from sub-assemblies will be required to find out missing or misassembled sub-parts (Zhong, et 

al., 2012). To be able to determine what information these areas comprises, further research must 

be done. At the case company, problems that cannot be solved, are given to different people until 

it gets solved. Therefore, it would be of interest to investigate how information could be 

efficiently presented so that the right person will be able to get the information needed to make 

an operational decision right away. Figure 17 summarises all identified operational information 

requirements for a Smart Factory. 

 

During the case study, the case company had processed 19 out of 63 information requirements, 

meaning that 19 information requirements were easy to access, without further analysis or 

calculations. However, the case company mentioned that ten out of the 63 information 

requirements were non-relevant for the company, which provided 19 out of 53 information 

requirements. The list of information requirements should not be viewed as a complete list; 

instead, it should be used as a first step to see what information that is required for operational 

decisions in a Smart Factory. The list could also be shared among the company’s different 

production sites, to facilitate operational decisions globally, and support a global PSD-process, 

which is something that the company are lacking today. The list could be applied to other 

industries as well, not just assembly manufacturers, however, the list should be adjusted 

accordingly.  
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Figure 17 - Operational information requirements for a Smart Factory 
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5.4 How information requirements support operational decisions in a Smart Factory 

Frishammar (2003) presented a statement where uncertainty for operational decision is defined 

as the difference between information required and information processed. In a Smart Factory, 

required information should equal processed information, so that decisions are not based on too 

much nor too little information, to reduce uncertainty. This leads to the main finding of the thesis. 

  

The list of operational information requirements presented in Appendix 1 were used as a 

foundation to create the diagram below (see Figure 18). The X-axis represents the number of 

information requirements for operational decisions in a Smart Factory, and the Y-axis represents 

the number of processed information requirements. In this graph, a line with a slope of 1 

represents where the number of information requirements equals the number of processed 

information requirements. This line is called “Smart Factory,” since operational decisions are 

made with low or no uncertainty. The area below the Smart Factory line symbols operational 

decisions based on lacking information. That means that decisions are based on gut feelings, 

guesses and experience, leading to less efficient results (Mätäsniemi, 2008; Brynjolfsson, et al., 

2011; Davenport & Prusak, 1998). This is something that both the case company and the thesis 

researchers have expressed as a current issue. The area above the line symbols an excessive 

amount of information, being located here means that a company has too much information for 

operational decisions in a Smart Factory. Butcher (1998), Wilks (2001), and the case company 

has a shared view that too much information will have a negative impact on operational decisions 

since the receiver first must distinguish what information that is relevant and not. A coordinate 

in the graph represents the number of processed information requirements (Y) and the number 

of information requirements (X). The case company had processed 19 out of 53 information 

requirements, hence providing a coordinate of (53, 19) in the graph. This shows that the case 

company are located in the area below the Smart Factory line which means that operational 

decisions are based on lacking information. For the case company to make operational decisions 

in a Smart Factory, a Y-value close to 53 is required. The dotted line in the graph shows the 

direction and distance the case company should work towards to make operational decisions in 

a Smart Factory. The distance represents the absolute value of uncertainty and does not consider 

if lacking information leads to more uncertainty than having excessive information. The distance 

between the case company and the Smart Factory line represents the number of information 

requirements that need to be collected to make operational decisions in a Smart Factory. This 

finding helps companies, that are looking into becoming a Smart Factory, to better understand 

the operational information requirements of a Smart Factory. The graph shows how the 

company’s current information for operational decisions relates to the requirements of a Smart 

Factory. It will work as a guide and point companies in the right direction towards the 

requirements of a Smart Factory. The content of the graph shows what information that needs to 

be collected for operational decisions, but also what information the company already has 

processed. It is important to remark that the case company processed information requirements 

are not in real-time, hence does not live up to the standards of a Smart Factory (Jung, et al., 2017; 

Zhang & Tao, 2017). If real-time were considered, the case company would have a score of zero 

in the number of processed information requirements. Pointing out what information the case 

company has, without considering real-time information, could help the case company to adjust 

those requirements to real-time. More importantly, the company can see what information they 

need to start to collect, which should be based on the characteristics presented in section 5.1. 
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Figure 18 - Operational information requirements in a Smart Factory graph (Case company) 

 

This finding could be applied on other case company sites, other companies, or industries. 

Companies that seeks to explore the possibilities and challenges of becoming a Smart Factory 

can use the generic list of operational information requirements, presented in Appendix 2, 

together with the generic graph, presented in Appendix 5. Although, adjustments according to 

company’s interest and industry type should be made. This analysis does not attempt to weigh 

any information requirements, but instead, count each information requirement and present the 

number of information requirements that are processed. Some of the information requirements 

will have a more significant impact on operational decisions than other. Therefore, it would be 

of interest to weight the information requirements for operational decisions, which would require 

further research. In the case company’s future production system, personnel expect there to be a 

significant transformation within five to twenty years. The aim of the case study was partially to 

facilitate operational decisions by creating a list of information requirements, hence, increase 

production throughput. In the case study, the purpose of the list of requirements was to collect 

data and information to be able to create a digital twin of the assembly area and to further be able 

to increase throughput and reduce CT’s with 30%. In this case, many of the information 

requirements were not collected. Therefore, other sources of information were investigating. This 

resulted in a less efficient project hence it is important to understand that information 

requirements are only useful if the required information is collected and used. Considering the 

case company’s current state and their future expectations of becoming a Smart Factory, it is 

time to start collecting meaningful information to go from concept to reality.  
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6 CONCLUSIONS AND RECOMMENDATIONS 

This section presents the conclusions where findings and analysis are summarised. Further, 

recommendations are proposed and suggestions for further research.  

 

The purpose of this thesis was to analyse information requirements for operational decisions in 

smart factories. Problems arise when operational decisions must be made, which leaves 

manufacturers struggling to determine what information to use. This leads to operational 

decisions based on lacking information which limits manufacturing companies from achieving 

the concept of a Smart Factory. Following research questions were used to fulfil the purpose: 

 

RQ 1: What characterises information for operational 

decisions in a Smart Factory? 

 

RQ 2: Why are information requirements for operational 

decisions in a Smart Factory necessary? 

 

RQ 3: What information contributes to operational decisions 

in a Smart Factory? 

 

RQ 4: How can information requirements support operational 

decisions in a Smart Factory? 

 

To answer the research questions, one single case study was performed at a manufacturing 

company, who have expressed their interest in this matter with their participation in the PADME-

project.  

 

The first research question aimed to answer what information that characterises operational 

decisions in a Smart Factory. The analysis showed that there were several characteristics, one 

characteristic is that information will be collected both from the physical and the virtual world, 

which will result in a greater amount of information in circulation. Many operational decisions 

will be based on preventive information, to prevent production disturbances. Operational 

decisions will be made by both humans and machines, which will require different types of 

information. Machines will use information to make numerous operational decisions, however 

more complex decisions will require human interaction. For machines and humans to make 

operational decisions, right amount of meaningful real-time information is needed. The real-time 

information will be built on real-time data, which is data directly read from a sensor. For humans, 

this information will be visually and digitally presented to facilitate operational decisions. This 

will require business systems to merge data and information by using standardised data and 

information schemes. Lastly, operational information will be shared throughout the production 

system and among partners and will be viewed as a strategic resource. 

 

The second research question aimed to investigate why information requirements for operational 

decisions are necessary for a Smart Factory. Information requirements will work as a foundation 

for operational decisions in a Smart Factory, to ensure that right decisions are made. Literature 

and the case company agrees upon that information is vital for operational decisions, however, 

companies still struggle to manage that information, which has been verified in the case study. 

Companies collection, storage, and analysis of operational information needs to improve if smart 

factories are to become a reality. Setting information requirements that supports operational 
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decisions in a Smart Factory is therefore argued to be the next step after realising that information 

is important for a Smart Factory. It would be the natural way of starting the information and data 

collection process towards becoming a Smart Factory. Information requirements also provide 

decision-makers with insight and show what information that is required for operational 

decisions. It also helps the decision maker to see what information that is currently missing, 

hence what information that needs to be collected. By having operational information 

requirements, less time is spent on finding information, and decision triggers could be more 

accessible to identify. When having information requirements established, the technology needed 

to capture the information can be set accordingly. For KPPA and RIDPS to function as intended, 

information requirements need to be set. Information requirements have also been proven useful 

when constructing simulation model, which will play an increasing role in smart factories. 

Finally, information requirements for operational decisions are necessary since it profoundly 

determines the success of the production of a new product.  

 

The third research question is related to the information that contributes to operational decisions 

in a Smart Factory. Eight information parameters were identified; environment, movement, 

production status, worker, tool, quality, shared information, and machine. In the thesis, a total of 

63 information requirements were identified. The case company had processed 19 of the 

information requirements and stated 10 out of 63 as not relevant. However, the information that 

was processed was not in real-time, which is a characteristic of information in a Smart Factory.  

 

The last research question aimed to investigate how information requirements can support 

operational decisions in a Smart Factory. The graph presented in Figure 18 visually presents how 

information requirements can support operational decisions in a Smart Factory. This finding 

helps companies, that are looking into becoming a Smart Factory, to better understand the 

operational information requirement. The graph shows how the case company’s current 

information for operational decisions relates to the requirements of a Smart Factory. It works as 

a guide and point companies in the right direction towards the requirements of a Smart Factory. 

The content of the graph shows what information that needs to be collected, but also what 

information the company already has processed. The graph can be applied at case company’s 

sister companies as well as other manufacturing companies. However, it is crucial to remember 

that information requirements only are useful if the information is collected, analysed, and used 

for operational decisions.  

 

Some of the information requirements will have a more significant impact on operational 

decisions in smart factories than others. Therefore, it would be of interest to weight the 

information requirements so that manufacturers can prioritise what information that is more 

crucial. This would require further research.  

 

The list of information requirements should also be developed. The categories; process 

requirements, operation and sales, and information regarding material from sub-assemblies are 

briefly introduced in literature. To be able to set information requirements regarding these areas, 

further research will be necessary. Lastly, a question that companies must overhaul is how union 

regulations will affect the information requirements.  

 

The case company are recommended to start collecting information requirements, regarding 

characteristics of a Smart Factory, presented in the thesis. The case company is recommended to 

further investigate how information could be efficiently presented to the right person. The case 

company is also recommended to start developing a standardised method for PSD- and 

operational decision.   
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8 APPENDICES 

Appendix 1 - List of operational information requirements (Case company)  

 

 

Category Information RequirementProcessed Definition
Environment Temperature NO Air temperature in the production 

Humidiy NOT RELEVANT Air humidity in the production

Electricity NO Electricity consumption in the production

Air Quality NOT RELEVANT Air Quality in the production

Pressure NOT RELEVANT Air Pressure in the production

Quality Roughness NOT RELEVANT Surface Roughness

Length NOT RELEVANT Lenght of products

Angle NOT RELEVANT Product Angles

Accuracy YES Product accuracy

Defects YES Number of defects in production

Worker Finish Task YES Signals when a task is finished

ID Number YES ID-number for all workers

Location NO Location / Position of workers

Efficiency NO How efficient a worker are

Scrap Ratio NO How much scrap the worker contributes with

Attendance Rate YES How much the worker attends work

Machine, Assembly stations & RobotsStrain NO

Vibration NOT RELEVANT Vibration in machine

MTTF NO Mean time to failure

MDT NO Mean downtime 

DT NO Downtime for machine

TBDT NO Time between downtime

Reason for DT NO Reason for Downtime

Utilization NO Machine & Robot utilization

Number of WIP NO How many WIP the machine, Assembly station & Robots currently has

Machine ID YES

Dynamical Load NO Dynamical load in the machine

Broken Event NO Signals when a machine, assembly station or robot is broken

Production Status Product ID YES

Process Steps YES All process steps for each product

Disturbances YES Disturbances in the production

CT NO Cycle times for each product in each process & workstation

Work Instructions YES

Material Consumption NO Consumption of major and minor components in the factory

Inventory & Buffer Levels NO Amount of WIP in inventory and buffers

Takt Time YES Takt time

Mean CT NO Mean cycle time for each product in each process and station

Standard Deviation CT NO Cycle time standard deviation for each product in each process and station

Setup Time NOT RELEVANT Setup time for each machine and workstation

Planned Runtime YES The planned Runtime for the production for each product

Products Produced YES Number of products produced

Future Takt Time YES Future takt time to meet future demand

Workstation ID YES Workstation ID for all workstations

OEE NO Defined differently at different companies, see chapter 3.3 for more information

Inter-arrial time NO Inter-arrival time in the production

Order information YES Quantity, Product ID, etc. 

Bottleneck NO Current bottleneck process

Batch size YES Batch sizes for all products

Queuing rules YES Queuing rules for multiproduct assembly line

Late delivery rules YES Late delivery rules for mutliproduct assembly line

Position of Objects NO Position of WIP and products

Tools Pressure NO Pressure level in tools

Temperature NO Temperature of tools

Strain NO Stain of tools

Vibration NO Vibration in tools

Location NO Location / Position of tools

Movement Transport Times NO Transport times for all transports in the factory

Velocity NO Transport velocity

Acceleration NOT RELEVANT Transport acceleration

Shock NO Shocks in  transport

Shared Information Capacity NO Suppliers capacity in the production

Planning data NO Suppliers planning data

Production cost NOT RELEVANT Suppliers cost in the production
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Appendix 2 - List of operational information requirements (generic) 

 
 

 

Category Information RequirementProcessed Definition
Environment Temperature Air temperature in the production 

Humidiy Air humidity in the production

Electricity Electricity consumption in the production

Air Quality Air Quality in the production

Pressure Air Pressure in the production

Quality Roughness Surface Roughness

Length Lenght of products

Angle Product Angles

Accuracy Product accuracy

Defects Number of defects in production

Worker Finish Task Signals when a task is finished

ID Number ID-number for all workers

Location Location / Position of workers

Efficiency How efficient a worker are

Scrap Ratio How much scrap the worker contributes with

Attendance Rate How much the worker attends work

Machine, Assembly stations & RobotsStrain

Vibration Vibration in machine

MTTF Mean time to failure

MDT Mean downtime 

DT Downtime for machine

TBDT Time between downtime

Reason for DT Reason for Downtime

Utilization Machine & Robot utilization

Number of WIP How many WIP the machine, Assembly station & Robots currently has

Machine ID

Dynamical Load Dynamical load in the machine

Broken Event Signals when a machine, assembly station or robot is broken

Production Status Product ID

Process Steps All process steps for each product

Disturbances Disturbances in the production

CT Cycle times for each product in each process & workstation

Work Instructions

Material Consumption Consumption of major and minor components in the factory

Inventory & Buffer Levels Amount of WIP in inventory and buffers

Takt Time Takt time

Mean CT Mean cycle time for each product in each process and station

Standard Deviation CT Cycle time standard deviation for each product in each process and station

Setup Time Setup time for each machine and workstation

Planned Runtime The planned Runtime for the production for each product

Products Produced Number of products produced

Future Takt Time Future takt time to meet future demand

Workstation ID Workstation ID for all workstations

OEE Defined differently at different companies, see chapter 3.3 for more information

Inter-arrial time Inter-arrival time in the production

Order information Quantity, Product ID, etc. 

Bottleneck Current bottleneck process

Batch size Batch sizes for all products

Queuing rules Queuing rules for multiproduct assembly line

Late delivery rules Late delivery rules for mutliproduct assembly line

Position of Objects Position of WIP and products

Tools Pressure Pressure level in tools

Temperature Temperature of tools

Strain Stain of tools

Vibration Vibration in tools

Location Location / Position of tools

Movement Transport Times Transport times for all transports in the factory

Velocity Transport velocity

Acceleration Transport acceleration

Shock Shocks in  transport

Shared Information Capacity Suppliers capacity in the production

Planning data Suppliers planning data

Production cost Suppliers cost in the production
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Appendix 3 - Interview questions used at the case company 
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Appendix 4 - Cycle times collected from AVIX videos, four products 

Product Work station Cycle time from videos (min) Transport time to station (min) LT (min) 
A 1 10 0,5 

2 13,13 0,25 
3 11,75 0,25 
4 11,75 0,25 
5 13,55 0,25 
6 6,62 0,25 
7 8,92 0,25 

93 
B 1 10,5 0,5 

2 15,06 0,25 
3 17,08 0,25 
4 19,05 0,25 
5 19 0,25 
6 19,42 0,25 
7 10,92 0,25 

113 
C 1 15,13 0,5 

2 19,83 0,25 
3 20,42 0,25 
4 18 0,25 
5 16,28 0,25 
6 14,7 0,25 
7 19,6 0,25 

126 
D 1 27,88 0,5 

2 29,47 0,25 
3 19,26 0,25 
4 15 0,25 
5 16,57 0,25 
6 8,47 0,25 
7 9,25 0,25 

126 
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Appendix 5 - Operational information requirements in a Smart Factory graph (generic) 

 


