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Abstract 

Algabroun, Hatem (2020). On the development of a new digitalised maintenance 
approach for factories of the future, Linnaeus University Dissertations No 
393/2020, ISBN: 978-91-89081-94-9 (print), 978-91-89081-95-6 (pdf). 

Over time, maintenance methods have developed following the dynamic 
manufacturers’ demands. Now, with the coming industrial revolution, new 
maintenance approaches have to be developed to fulfil the new demands of future 
industry, as well as to allow companies to benefit from technological advances. 
Therefore, the research question of this study is: how to develop a maintenance 
approach for factories of the future? To answer this question, this thesis proposes 
tools to identify and prioritise maintenance related problems that impact company’s 
profitability. It explores designing and implementation of a digitalised maintenance 
approach for future factories. Furthermore, it investigates tools and methods to 
collect data efficiently by sensors.  

The results achieved in this thesis are 1) a mathematical representation and 
application of a model that identifies and prioritises causes of deficiencies in 
production processes, 2) a model that identifies and prioritises failures that impact 
the competitive advantages and profitability of companies, 3) characterisation of a 
maintenance approach for future factories, 4) frameworks that could be utilised to 
develop a maintenance approach for future factories, as well as, guidelines that help 
to design this approach, 5) guidelines for the integration of digitalised maintenance 
with the database of other working areas, 6) an algorithm for adaptive sampling for 
sensors, as well as, a proposal for a generic software architecture to facilitate 
designing, modelling and implementation of adaptive sampling algorithms. 

The conclusion of this thesis confirms previous findings that maintenance has an 
impact on companies’ competitive advantages, other working areas and profitability. 
To design and implement a maintenance system, its elements should be extracted 
from the primary objective of maintenance. These elements should be then allocated 
in a suitable architecture and their mechanism should also be defined. Prior to 
implementation and integration, mapping the concept design to production 
problems can be used to examine its performance. An approach to collect data 
efficiently by sensors is to use adaptive sampling. The developed adaptive algorithm 
and the reference software framework for adaptive sampling algorithms could be 
used for this purpose.  

Keywords: failure impact, digitalised maintenance, adaptive sampling 
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Explanation of terms 
 
Condition based maintenance:  Preventive maintenance which include a 
combination of condition monitoring and/or inspection and/or testing, analysis 
and the ensuing maintenance actions. (BS 13306:2010) 
 
Condition monitoring: Activity, performed either manually or automatically, 
intended to measure at predetermined intervals the characteristics and 
parameters of the actual state of an item. (BS 13306:2010) 
 
Cost-effective maintenance: A measure of how much the considered 
maintenance policy is economically beneficial in the long run. A dimensionless 
ratio is used to compare two situations before and after maintenance 
improvement. (Al-Najjar, 1997) 
 
Cyber-physical systems: smart systems that encompass computational 
components (i.e. hardware and software) and physical components seamlessly 
integrated and closely interacting to sense the changing state of the real world. 
(IEC, 2015) 
 
Efficient maintenance: Maintenance efficiency is assessed using the two 
quantities of effectiveness, the proportion of the expected number of failures 
avoided, and accuracy, the proportion of expected number of failures to 
expected number of removals. (Al- Najjar, 1997) 
 
Maintenance: combination of all technical, administrative and managerial 
actions during the life cycle of an item intended to retain it in, or restore it to, a 
state in which it can perform the required function. (BS 13306:2010)  
 
Alternative description is: 
 
A means for monitoring and controlling deviations in a process condition and 
product quality, and for detecting failure causes and potential failures in order 
to interfere when it is possible to arrest or reduce machine deterioration rate 
before the product characteristics are intolerably affected and to perform the 
required actions to restore the considered part of a machine to as good as new. 
All these should be performed at a continuously reducing cost per unit of good 
quality. (Al- Najjar, 2007). 
 
Horizontal integration: refers to the integration of the various IT systems 
used in the different stages of the manufacturing and business planning 
processes that involve an exchange of materials, energy and information both 
within a company (e.g. inbound logistics, production, outbound logistics, 
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marketing) and between several different companies (value networks). The 
goal of this integration is to deliver an end-to-end solution. (Kagermann et al.,  
2013) 
 
Vertical integration: refers to the integration of the various IT systems at the 
different hierarchical levels (e.g. the actuator and sensor, control, production 
management, manufacturing and execution and corporate planning levels) in 
order to deliver an end-to-end solution. (Kagermann et al., 2013) 
 
Software architecture: is concerned with the selection of different abstract 
elements, as well as defining their interactions and rules to achieve a system’s 
goals. (Perry & Wolf, 1992) 
 
Self-adaptive software architecture: is a framework designed to enable a 
software system to adapt autonomously at runtime to deal with uncertainties 
(e.g. variation in resources, errors) (Gil De La Iglesia & Weyns, 2015; 
Kephart & Chess, 2003). 
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Abbreviations  
 
CA : Competitive advantages  
CBM : Condition based maintenance 
CM : Condition monitoring 
CPS : Cyber physical system 
DSRA : Dynamic sampling rate algorithm 
FBM : Failure based maintenance 
FMECA : Failure mode, effect and criticality analysis. 
HT : How’s importance 
IoS : Internet of services 
IoT : Internet of things 
MADM : Multiple attribute decision making   
MAPE-K : Monitor, analyze, plan, execute - Knowledge 
MFD : Maintenance function deployment 
OEE : Overall equipment effectiveness 
OPE : Overall process effectiveness 
PL : Priority list 
PM : Preventive maintenance 
RCM : Reliability centered maintenance 
SAW : Simple additive weighting 
TAC : Time-action-consequence 
TBM : Time between measurements  
TPM : Total productive maintenance 
TQMain : Total quality maintenance 
UPBFR : Unplanned but before failure 
WT : What’s importance 
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1 Introduction   

This chapter aims to; explain the background, discuss and formulate the 
research questions and research purposes. Next, the relevance, delimitations and 
structure of the thesis are presented.  

1.1 Background 
In today’s highly competitive market, industries strive to adopt new 
technologies in order to fulfil customer needs and retain their market share. 
Industry has experienced three revolutions in the past 200 years, driven by 
mechanisation, electrical power, and electronics and information technology 
(Deloitte, 2015; Drath & Horch, 2014; Kagermann et al., 2013). A fourth 
industrial revolution is expected as a result of three recent technological 
advancements: Cyber Physical Systems (CPS), the Internet of Things (IoT) and 
the Internet of Services (IoS). As a consequence, several industrial initiatives 
that exploit these technologies have arisen, for example, ‘Industrial 4.0’ in 
Germany (Kagermann et al., 2013; Thoben et al., 2017), ‘Smart Manufacturing’ 
in the US (Mittal et al., 2019), ‘manufacturing innovation 3.0’ in Korea (Kang 
et al., 2016), the ‘Made in China 2025 Plan’ in China (S. Park, 2016), 
‘Connected Industries’ in Japan (METI, 2018), and ‘Smart Industry’ in Sweden 
(Ministry of Enterprise and Innovation, 2016). 

 
The future industry is motivated by technological advancements as well as 

by the market needs of customised mass production, increased efficiency, and 
shorter time to market (Helmrich, 2015). In general, this industrial revolution is 
characterised by the vertical integration of systems at different hierarchical 
levels of the value creation chain and the business process as well as by the 
horizontal integration of several value networks within and across the factory 
(S. Park, 2016; Thoben et al., 2017). 

 
This industrial revolution is expected to deliver numerous benefits. For 

example, the technologies of CPS, IoT, IoS and networking allow the 
integration of data/information from different working areas/disciplines (e.g. 
sales, quality, production, production cost and price, risk management, and 
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environment), which facilitates coordination among them and draws synergies. 
In addition, the utilisation of available data by intelligent systems enables the 
efficient use of resources and customisation even in small production quantities, 
while remaining profitable. The accessibility of data from different sources with 
Big Data analytical capabilities is expected to allow factories to predict and 
respond rapidly to changes such as those in production, delivery or due to 
failures, and will mean they are able to compensate for temporary shortages. 
New ways of delivering services will be created, and therefore new business 
models and opportunities will appear (Kagermann et al., 2013; S. Park, 2016).  

 
Several researchers have emphasised that maintenance plays a key role in 

companies’ sustainability (Al-Najjar, 1997; Al-Najjar & Alsyouf, 2004; 
Alsyouf, 2004; Lundgren et al., 2018; Maletic et al., 2014). This is due to 
maintenance role in achieving companies’ competitive advantages and 
profitability. It is unlikely for a machine in poor condition to cost effectively 
produce products with a high overall equipment effectiveness (OEE) (Al-
Najjar, 1997). The failures and the disturbances will cause the stoppage time to 
increase as well as lower the production quality, which eventually leads to an 
increase in production costs and reduced profitability (Maletic et al., 2014).  In 
order to sustain future industries and their expected benefits, maintenance 
should be properly considered. Maintenance is traditionally described as the 
combination of all technical and associated administrative actions intended to 
retain an item in, or restore it to, a state in which it can perform its required 
function (BS 13306:2010). It has also been described as a means for monitoring 
deviations in a process condition and product quality, in order to interfere when 
it is possible to arrest or reduce machine deterioration rate before the product 
characteristics are intolerably affected and to perform the required actions to 
restore the considered part of a machine to as good as new. All these should be 
performed at a continuously reducing cost per unit of good quality (Al-Najjar, 
2007).   

1.2 Research problem and purpose 
Maintenance activities have an influence on a company’s profitability and 

internal effectiveness (Al-Najjar, 2007; Cachada et al., 2018; Sandberg, 2013; 
Waeyenbergh & Pintelon, 2002). This is due to their importance and their 
impact on different working areas such as quality, safety, production costs, 
working environment, and timely delivery. Thus, proper and efficient 
maintenance not only increases profitability but also improves a company’s 
overall performance (Al-Najjar, 2003; Waeyenbergh & Pintelon, 2002). Over 
time, maintenance methods have had to be developed in order to fulfil the new 
manufacturers’ demands. Now, with the coming industrial revolution, new 
maintenance approaches have to be developed to fulfil the new demands of 
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future industry, as well as to allow companies to benefit from technological 
advances, which serve as enablers to solve the problems faced by industry 
(Bokrantz, 2019). Therefore, the main problem addressed in this study is:  

 
How to develop a maintenance approach for factories of the future? 
 
This maintenance approach is referred to in this thesis as digitalised 

maintenance. Digitalised maintenance can be described as the exploitation of 
digital technology in all maintenance activities to enable a more automated, 
digitalised and cognitive maintenance. 

In this study, several technical aspects that characterise the factories of the 
future are considered, such as digitalisation, integration, automation, and 
intelligence. Given that maintenance has a considerable impact on profitability 
(Al-Najjar, 1997; Alsyouf, 2004; Cachada et al., 2018; Lundgren, 2019; 
Sandberg, 2013), therefore, in addition to technical aspects, the economic 
impact is considered in the research. This means that all maintenance work 
should be performed cost-effectively, so it consequently contributes to the 
company’s profitability.  

1.3 Research questions  
As the main purpose of this research is to investigate the above research 
problem, three research questions have been formulated as follows: 
 
RQ1. How can machine failures and the causes of production deficiency 
that impact a company’s competitive advantages and profitability be 
identified and prioritised?  

RQ2. How can digitalised maintenance be designed and implemented? 

RQ3. How can data from sensors be collected efficiently for digitalised 
maintenance? 

The studies presented in papers I and II attempt to answer the first research 
question, which is concerned with detecting and prioritising problems that 
threaten a company’s existence. Answering this question helps to provide an 
understanding of how problems and failures at the shop floor level can impact 
the strategic level of a company, as well as helping the author to understand the 
importance of maintenance, its role in sustaining companies and its 
requirements.  

The first research question is also essential to investigating the second 
research question, which has been primarily investigated by the papers III, IV, 
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V, VI and VII. As the design and implementation of digitalised maintenance 
poses a complex assignment, the second research question deals with an 
approach that helps to facilitate this assignment.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

Figure 1: The relationship between the research questions and the relevant research 
papers, where the dashed lines represent a lesser relationship. 

Paper I 

Paper II 

Paper III 

Paper IV 

Paper V 

Paper VI 

Paper VII 

Paper VIII 

RQ1 

RQ2 

RQ3 



5 
 

The third research question is primarily investigated by paper VIII, which 
addresses one of the key factors that can elevate the performance of digitalised 
maintenance. As the digitalised maintenance considered in this study is data 
driven, i.e. relies on input data, the ability to collect data efficiently can help 
improve the efficiency of the overall system in terms of providing more efficient 
data processing, memory size and energy consumption. Figure 1 illustrates the 
relationships between each research question and the relevant papers.  

1.4 Relevance 
The relevance of this research comes from the important role of maintenance in 
enhancing production performance and companies’ profitability (Al-Najjar, 
2007; Al-Najjar & Alsyouf, 2003; Cachada et al., 2018; Sandberg, 2013; 
Waeyenbergh & Pintelon, 2002). With technological advancements in factories 
over time and the increased complexity of manufacturing machines, 
maintenance methods have had to be developed in order to suit the new 
manufacturers’ demands. Now, with the coming industrial revolution, new 
maintenance paradigms, innovative methods, tools and systems have to be 
developed to fulfil these new demands.  
 

The coming industrial revolution is still under development, as are the 
maintenance technologies needed, see section 2.2. The investigations presented 
in this thesis aim, therefore, to provide knowledge that can be utilised in this 
domain by researchers, practitioners and developers in both academic and 
industrial organisations.  

1.5 Delimitation 
The current research includes an investigation into the development of a general 
approach to digitalised maintenance and not to any specific business domain in 
particular. However, the key focus of this research was limited to the 
mechanical components in rotating machines, such as bearings and shafts, 
which are mostly available in manufacturing machines. 

Since this new industry transformation is still under way and not yet fully 
realised, the current study relies on what has already been achieved in the 
relevant literature, experience and knowledge. Although the study deals with 
maintenance in general, some areas, such as scheduling techniques, 
maintenance optimisation, troubleshooting and repair methods, maintenance 
competence and organisation, are not considered.  
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1.6 Thesis structure 
Chapter 1 introduces the research background followed by Chapter 2, which 
reflects on the methodological choices of the author and his scientific views of 
the study area. In addition, the reliability and validity control of the current 
research is presented in this chapter as well as an overview of the procedures of 
each study.  

Chapter 3 reviews and summarises the relevant literature in order to form 
the basis of this work. 

Chapter 4 then presents an interpretation and analysis of the studies 
conducted and provides an overall discussion of this work. 

In Chapter 5 the results and conclusion of the current thesis are presented 
followed by Chapter 6, which details the research limitations and future work.  
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2 Literature Survey 

This chapter reviews and summarises relevant literature to form the basis of this 
research. 

2.1 Maintenance concept development 
The concept of maintenance has been developed over the last decades due to 
changes in the expectations and needs of industries. Different studies divide 
maintenance concept development into different stages (Al-Najjar, 1997; 
Arunraj & Maiti, 2007; Cooke, 2003; Jamshidi et al., 2014; Lundgren, 2019; 
Macchi et al., 2017; Moubray, 1997; Pintelon & Parodi-herz, 2008; 
Waeyenbergh & Pintelon, 2002). 
 

At first, equipment was simple and not highly mechanised, which made it 
reliable and easy to repair. The downtime was an insignificant issue for 
managers, so equipment was kept running until it broke down. At this stage, 
maintenance was nothing more than a reaction, i.e. replacement after failure 
(Al-Najjar, 1997; Arunraj & Maiti, 2007; Cooke, 2003). This covered the period 
up to World War II (Moubray, 1997). 

 
The second stage of maintenance concept was developed during World War 

II. The demand for different goods combined with a shortage of manpower 
triggered the increase of the mechanisation and complexity of machines. 
Downtime, in this period, was significant due to its increased cost (Al-Najjar, 
1997; Arunraj & Maiti, 2007; Cooke, 2003). A failure prevention concept was 
developed to reduce losses during downtime. The idea was to prevent 
equipment failures, often by servicing at fixed intervals. This concept 
encompassed preventative maintenance (PM) techniques (i.e. policies, 
strategies, methodologies and philosophies/concepts) such as age-based 
maintenance (Al-Najjar, 1997; Arunraj & Maiti, 2007). This helped minimize 
the number of failures. However, it still has some disadvantages, such as the 
unnecessary replacement of parts. 
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During the third stage, the growth of mechanisation and industrial 
complexity continued and new production concepts, such as Just In Time, were 
developed, which increased the importance of maintenance. This led to the new 
concept of detecting potential and hidden failures using real-time data, as in the 
case of condition-based maintenance (Al-Najjar, 1997; Arunraj & Maiti, 2007; 
Cooke, 2003). At this stage, the defective part was replaced once the monitored 
variables exceeded standard values. This method was useful as it reduced 
unnecessary intervals and replacements in PM policies. However, the entire 
effective life of a part/component was still not utilized. Additionally, the 
unplanned but before failure (UPBFR) actions performed to prevent stoppages 
was still unavoidable (Al-Najjar, 1997). This was a major motivation for further 
development of the detection of causes behind failures to have better control of 
the machine and its parts/components. With this concept came the possibility of 
eliminating or reducing deterioration at an early stage. It had two working 
levels: proactive and predictive maintenance. Proactive maintenance is defined 
as those actions that aim to detect and correct the causes of damage such as 
misuse, bad quality lubrication, faulty installations, etc. Predictive maintenance 
is involved in monitoring symptomatic conditions, when the damage has 
already started and cannot be prevented (Al-Najjar, 1997).  

 
In addition to the above, some research has suggested that another 

maintenance concept was developed based on the consideration of failure 
significance, i.e. risk-based maintenance (Arunraj & Maiti, 2007; Jamshidi et 
al., 2014). This concept aimed to reduce the risk associated with unexpected 
failures by planning maintenance based on quantified risk assessment. Parts 
with a higher risk impact after failure were maintained with more frequent 
inspections and maintenance to reduce the total risk.  

 
The ongoing revolution in industrial technology suggests a fourth stage of 

maintenance. Section 2.3 discusses and reviews the trends in this domain. 

2.2 Traditional maintenance techniques 
The recognition of maintenance as an essential part of company competitiveness 
has grown (Bokrantz et al., 2019a; Johansson et al., 2019; Kans et al., 2016; 
Kumar & Galar, 2018; Jay Lee, Bagheri, et al., 2015). Different maintenance 
techniques have been developed to fulfil the demands of industry. This section 
reviews some of the most relevant and widely implemented maintenance 
techniques.  

 
Failure-based maintenance (FBM) is a reactive maintenance strategy based 

on waiting for the breakdown, then fixing it as soon as possible to its former 
capacity (Al-Najjar, 1997; Pintelon & Parodi-herz, 2008). As failure might 
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occur suddenly and inconveniently, e.g. during production time, long stoppages 
are always expected. However, some strategies such as redundant equipment 
and storing significant spare parts can be employed, but in many cases, this can 
be very costly. Nevertheless, FBM is still a valid strategy, especially when no 
other maintenance technique is applicable (Chan & Prakash, 2012; 
Waeyenbergh & Pintelon, 2002). 

 
Preventive maintenance (PM) aims to reduce the probability of failures 

using predetermined maintenance intervals that are decided either by the 
original equipment manufacturer (OEM) or accumulated experience, for 
example at a time interval, T, regardless of the machine condition (Prajapati et 
al., 2012; Waeyenbergh & Pintelon, 2002). T represents calendar time, age or 
real running time, so a component is replaced at whichever comes first, a 
predetermined interval or failure. As PM is based on predetermined intervals, 
there is a risk of over-maintenance, i.e. early and unnecessary maintenance 
actions. 

 
Reliability-centred maintenance (RCM) is an analysis methodology using 

failure modes and effects analysis (FMEA), failure modes, effects and criticality 
analysis (FMECA) and fault tree analysis (FTA). It was originally developed in 
the aircraft industry and has been adapted by other industries (Al-Najjar & 
Ingwald, 2004; Kianfar & Kianfar, 2010; Macchi et al., 2017; Waeyenbergh & 
Pintelon, 2002). RCM bases on partitioning a machine systematically to define 
failures and causes and the most suitable maintenance action enhancing its 
reliability is selected. There is no specific parameter for assessing RCM 
performance and its successful implementation demands failure data, which in 
many cases is not available. RCM mainly focuses on reliability, which 
positively impacts the company’s economy (as it enhances production 
continuity), but financial parameters are not considered, like cost-effectiveness, 
as it is difficult to judge before RCM has been implemented; it can be a very 
expensive experiment (Al-Najjar & Ingwald, 2004; Waeyenbergh & Pintelon, 
2002).  
 

Total quality maintenance (TQMain) is a maintenance philosophy that 
considers all of the essential elements involved in the production process (e.g. 
quality control systems, personal competence, raw material quality, methods, 
operation and environment). It emphasises the integration of a database of 
relevant working areas that need to be maintained. This is to support decisions 
before deviation impacts production performance. TQMain uses the Plan-Do-
Check-Act (PDCA) cycle to continuously improve process elements. But, it 
emphasises the use of condition monitoring (CM) technologies to allow 
maintenance actions to be applied before the failure occurs (Al-Najjar, 1997; 
Chan & Prakash, 2012; D. Sherwin, 2000). Overall process effectiveness (OPE) 
is used as a performance indicator as it considers the whole process, not just the 
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equipment (Al-Najjar & Ingwald, 2004; D. Sherwin, 2000). Another 
performance indicator used in TQMain is cost-effectiveness (Ce).  

 
Total productive maintenance (TPM) is a maintenance philosophy that 

emphasises teamwork and autonomous maintenance by operators (Al-Najjar & 
Ingwald, 2004). It involves all of the employees in an organisation, from the top 
management to the shop floor. Using TPM, the operator fixes simple problems 
and complicated ones are solved by maintenance staff. TPM introduced the 
performance indicator OEE to measure equipment effectiveness. However, 
OEE is only a technical measure and cost and profit are not taken into account 
(Al-Najjar & Ingwald, 2004; D. Sherwin, 2000). TPM provides tools and 
methods to investigate and analyse technical problems, e.g. phenomenon-
mechanism analysis. However, in its original form, CM technologies are not 
considered. The decision of when and what to measure and follow up is left to 
the operator’s experience. Furthermore, TPM does not provide a framework for 
data management and processing from relevant working areas. As such, 
following the technical and economic impact of TPM is challenging (Al-Najjar 
& Ingwald, 2004). 
 

Condition-based maintenance (CBM) advocates the use of CM techniques 
to trigger maintenance actions when relevant parameters exceed a 
predetermined level. The acquired CM data is utilised to act just before a failure 
(Al-Najjar, 1997; Chan & Prakash, 2012). Although CBM was introduced in 
the 1940s (Prajapati et al., 2012; Ruiz-Sarmiento et al., 2020) and several CM 
approaches are now used in industry, including vibration, shock pulses, 
temperature monitoring and acoustic emission (De Azevedo et al., 2016; 
Macchi et al., 2017; Prajapati et al., 2012), generally, CBM application is still 
limited to critical components. This could be because of the complexity of its 
technology and life cycle (El-Thalji & Liyanage, 2012; Guillén et al., 2016).  
 

In general, activities at the shop floor level produce a huge amount of data 
that can be of tremendous value to maintenance (Cachada et al., 2019). 
However, current industrial maintenance practice, typically, does not consider 
many of these data in its processes (Cachada et al., 2018). Also, the recent 
implementation of technology in the manufacturing industry increases the 
complexity of its equipment. As such, the repair of this equipment is expected 
to be complex as well (Bokrantz, 2019; Gopalakrishnan, 2018). For these 
reasons, maintenance has to be developed if it is to meet such challenges (Kans, 
2008).  
The next section reviews research work in the domain of digitalised 
maintenance. 
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2.3 Digitalised maintenance 
With the digitalisation era, a new stage of maintenance evolution is expected 
following the industrial adoption of new digital technology (Bokrantz et al., 
2019b; Cachada et al., 2018; Johansson et al., 2019; Kans et al., 2016; Kumar 
& Galar, 2018; Jay Lee, Bagheri, et al., 2015).This evolution is motivated by 
the need to fulfil the demands of the new industrial revolution as well as 
exploiting new technology (Bokrantz, 2017).  

 
The new industrial revolution can be described as the vertical and horizontal 

integration of a company’s systems where CPS monitors the physical processes, 
processes the data and makes decisions. Data is collected over IoT and services 
are created and offered through IoS (Hermann et al., 2016; Kagermann et al., 
2013; Thoben et al., 2017). This shifts the industry from automated to intelligent 
(Thoben et al., 2017) and allows several advantages, such as significant 
enhancement in production, increased efficiency and more customisation and 
flexibility (Deloitte, 2015; Kagermann et al., 2013). To sustain these 
advantages, innovative maintenance paradigms, techniques, tools and systems 
are necessary.  

 
Following the digital transformation in industry, several maintenance 

terminologies and approaches were put forward (Bokrantz et al., 2019a). For 
example, e-maintenance, which is described as to provide decision support for 
operation and maintenance using advanced information technologies (Guillén 
et al., 2016). Prognostic and health management (PHM) is a group of 
technologies and strategies to promote diagnostic, prognostic and maintenance 
of a product, machine or process (Ayad et al., 2018; Qiao & Weiss, 2016). Based 
on PHM, a tool called Watchdog Agent was developed by the Centre for 
Intelligent Maintenance Systems that provided a toolbox of algorithms for 
predicting machine failures and assessing performance (Djurdjanovica et al., 
2003; Groba et al., 2007; Liu et al., 2005).  

 
As a reaction to Industry 4.0, Maintenance 4.0 is developed (Cachada et al., 

2018), with an emphasis on maintenance aspects involving data collection, 
analysis, decision making and visualisation of assets (Kans et al., 2016). It 
utilises technologies to conduct predictive analytics to provide decisions based 
on feasibility. In Industry 4.0, vertical and horizontal integration allows the 
accessing of data from relevant working areas, which in turn, can provide 
tremendous value to maintenance, providing it is properly exploited (Al-Najjar, 
1996; Jay Lee & Bagheri, 2015). Smart maintenance is defined by Bokrantz et 
al., (2019) as an organisational design that allows managing the maintenance of 
manufacturing plants with pervasive digital technologies. It is characterised by 
data-driven decision-making, human capital resources and internal and external 
integration. 
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The majority of research efforts are concentrated on improving decision 

making in maintenance and technical solutions. Other important aspects receive 
little attention, such as the organisational change needed in digitalised industries 
(Bokrantz, 2019; Gopalakrishnan, 2018). Additionally, establishing a design for 
digitalised maintenance tends to be a complex task and there is a lack of studies 
that develop guidelines facilitating such a process. 

2.4 Adaptive sampling for wireless sensors 
In the era of digitalisation, wireless sensors are receiving greater attention as 
they allow the collection of data from inaccessible locations, as well as avoiding 
expense and unreliability of the wired connection. These advantages are 
attractive for CM applications, as wireless sensors allow to be placed in 
inaccessible locations for wired sensors, such as rotating machines, as well as, 
they allow modifying existing machines without the burden of the disturbance 
of working space by cables net, unreliable electrical connections and the high 
wiring costs (Owen et al., 2009). Limited amounts of energy for wireless 
sensors remains a major challenge facing their development. Energy harvesting 
is one approach to solve this problem, but due to a varying harvested energy 
source with time, season or weather, managing energy wisely is still required 
(Yan et al., 2012; Zhang et al., 2013). 

 
One way to overcome this problem is by implementing adaptive sampling 

(Rault, Bouabdallah and Challal, 2014; Khan et al., 2015). Adaptive sampling 
can be defined as a means to adapt the sampling rate dynamically to the events 
occurring in the signal. This can be a solution as sensing tasks usually involve 
the collection of unneeded data, which eventually comes with increased energy 
consumption, memory size and processing costs (Owen et al., 2009; Rault, 
Bouabdallah and Challal, 2014). Several researchers developed different 
algorithms for adaptive sampling (Alippi & Anastasi, 2010; Lu et al., 2017; Shu 
et al., 2017; Yan et al., 2012). For instance, (Lu et al., 2017) proposed a two-
step process to determine the sampling rate for a rechargeable wireless sensor 
network. This process correlated data from sensors, battery capacity, energy 
consumption and harvested energy. The first step used an energy allocation 
algorithm (EAA) to assign the energy to be consumed by each sensor at each 
interval. This was to avoid running out of energy and to allow the storage of 
more energy in the battery during the recharging phase. In the second step data 
sampling rate allocation algorithm (RAA) was used to determine a suitable 
sampling rate. Real data was used to evaluate the performance of the algorithms. 
Shu et al. (2017) proposed an adaptive sampling algorithm that tested water 
quality. To evaluate the algorithm, two key parameters were used, dissolved 
oxygen (DO) and turbidity. To quantify and assess performance, the normalised 
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mean error was used. Fixed intervals were compared with adaptive sampling 
and the results showed that battery life could be increased by 30.66% within 
three months of monitoring. Alippi and Anastasi (2010) developed an adaptive 
sampling algorithm that estimated the optimal sampling rate online. Fast Fourier 
Transform was used to determine the sampling rate and compare it with the 
maximum frequency. The results showed that the number of samples could be 
reduced by up to 79%, compared with the traditional fixed sampling rate. Yan 
et al. (2012) developed an algorithm to adapt the sampling rate to consider the 
present energy state. The algorithm was tested using a CO2 sensor. The results 
showed that the sampling rate changed based on the energy state. More detailed 
surveys in this domain can be found in Rault et al., (2014) and Khan et al., 
(2015).  

 
However, adaptive sampling algorithms are typically computational-

dependent. Therefore, software architecture is important in facilitating their 
design, development and modelling. Nevertheless, there is a lack of studies 
developing reference software architecture for adaptive sampling.  

2.5 Self-adaptive software architecture 
Software is expected to play a key role in digitalised maintenance, and therefore, 
a proper software perspective should be considered. Self-adaptive software 
architecture appears to be suitable for digitalised maintenance as it allows 
autonomous responses. Self-adaptive software architecture is a framework 
designed to enable a software system to adapt autonomously at runtime to deal 
with uncertainties (e.g. variation in resources, errors) (Gil De La Iglesia & 
Weyns, 2015; Kephart & Chess, 2003). This approach typically consists of first, 
a managed system that is concerned with the working domain and second, a 
system that manages and adapts the managed system using a feedback loop 
(Kramer & Magee, 2007; Oreizy et al., 1998).  
 

Many researchers have proposed frameworks for self-adaptive software 
architectures (Garlan et al., 2004; Kephart & Chess, 2003; Kramer & Magee, 
2007; Oreizy et al., 1998), for instance, IBM’s MAPE-K architecture (monitor-
analyse-plan-execute-knowledge) (Kephart & Chess, 2003), that proposed a 
framework for the self-adaptation mechanism. Kramer and Magee (2007) 
suggested three hierarchical layers of component control, change management 
and goal management, whereas Oreizy et al. (1998) and Garlan et al. (2004) 
proposed frameworks that allowed assessment of the adaptation decision and 
runtime configuration. Generally, these frameworks allow leeway to architect a 
software system. For this reason, using any of these frameworks will allow the 
architect to achieve a similar objective (Weyns et al., 2012). However, 
employing a relevant architecture reduces designing efforts, such as, the effort 
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in creating new architectural elements and sub-elements, allocating them 
properly and defining the mechanisms of their interaction. 
 

Several studies discuss the benefits of this approach (Garlan et al., 2004; Gil 
De La Iglesia & Weyns, 2015; Kramer & Magee, 2007; Oreizy et al., 1998). 
These advantages are summarised in papers IV and VIII as follows: 
 

 It is suitable for adaptive systems that react to changes autonomously 
at runtime. 

 It allows for separation of concerns, i.e. each component is assigned a 
distinctive function. This minimises the components’ interdependency 
and, therefore, simplifies development, repair and modification. 

 It allows the abstract design of a system that covers different domains. 
 It is supported by modelling languages and notations to describe and 

discuss the structure and behaviour of the system during the design and 
at runtime, such as stitch (Cheng & Garlan, 2012) and automata 
(Weyns et al., 2012). 

 It treats a component as a black box, thereby increasing the possibility 
of its reusability (Oreizy et al., 1998). 

 It allows a level of abstraction that shifts the focus of developers from 
code level to the level of system elements and compositions. This 
simplifies system understanding and managing complexity. 

 The abstraction presents a holistic view of the system, exposing its 
system-level properties (Garlan et al., 2004). 

 It is cost-effective as it is built on an external control loop. This loop, 
in principle, can be reused over other similar systems as developing an 
internal control system for each new system would be expensive.  

2.6 Failure impact on profitability and competitive 
advantages  

Profitability is a long-term benefit rather than a short-term impact and it is 
achieved by developing competitive advantages (Kans, 2008). Failure at 
operative levels has an impact on companies’ profitability as well as it is 
competitive advantage. Therefore, it is important to identify and quantify the 
impact of these failures and problems to allow prioritisation and identify 
investment opportunities in maintenance.  

 
Several models have been developed to identify, analyse, prioritise and 

estimate the impact of failures on companies. In general, researchers tend to use 
the categorisation approach to identify and prioritise a particular failure. For 
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example, a model proposed by Mohideen et al. (2011) aimed to reduce 
breakdown costs and recovery time. The model first categorises failures to 
identify main breakdowns and sub-breakdowns using cause-effect analysis. 
Next, the breakdowns are ranked using Pareto analysis. The model was 
implemented in a construction plant system on four types of machines and data 
was recorded for four years. Using this model, significant failures and their 
causes could be identified and a plan was formed accordingly. Another model 
proposed by Al-Najjar and Jacobsson (2013) was MMME (man-machine-
maintenance-economy). This model considered the interactions between four 
elements, man-machine-maintenance-economy, to support cost-effective 
decisions. The MMME model uses a systematic approach to identify and 
prioritise problem areas in the production process. It collects, categorises, 
assesses and quantifies the losses in production time due to breakdowns. This 
model was implemented in a case study where a software program was 
developed and then tested at FIAT, in Italy. The results showed that the 
deviations of different categories over time were captured by comparing 
different periods of time and that led to the possibility of the model being able 
to identify problem areas.  

 
As profitability is achieved by developing competitive advantages (Kans, 

2008), an approach used by Al Najjar (2011) was to assess the impact of failures 
on competitive advantages and convert them into understandable units, i.e. 
money. This facilitates decisions on maintenance investments. In this study (Al-
Najjar, 2011), a model named, maintenance function deployment (MFD) was 
developed to pinpoint, analyse and prioritise the causes behind the losses in the 
working areas of production process. MFD breaks down these losses 
systematically using a backwards method to approach the root causes, which 
are usually found at the operative level of different disciplines in a production 
process. MFD also provides business-based production analysis that is 
performed by quantifying the losses (in production time and economy) 
according to the competitive advantages of companies. The model was tested 
using typical data and the results showed that it could be used to identify, 
analyse and quantify losses.  

 
Another relevant area is quantifying the economic impact of maintenance. 

Lundgren, et al., (2018) performed a literature survey to highlight models that 
quantify the impact of maintenance from an economical perspective. This study 
categorised maintenance models into six categories: economic value, 
categorisation of maintenance losses, cost and cost-effectiveness associated 
with maintenance activities, overall management, function-oriented planning 
and maintenance and simulation. In general, these models attempted to justify 
maintenance investment beforehand. However, the implementation of 
maintenance models is, in general, still lacking in industry (Bokrantz, 2017; 
Lundgren et al., 2018).  
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It might be difficult to accurately assess and calculate the impact of failures 

on a company as the impact can be distributed over different areas, e.g. 
reputation and environment. Furthermore, the impact might overlap with 
impacts of problems from other working areas (e.g. logistics and spare parts 
delivery to repair a machine), which makes it difficult to anticipate. These could 
be of the main reasons for the limited use of these models. Theoretically, 
however, future industry can be promising in this area. For instance, through 
IoT and IoS, relevant data from different actions can be gathered (Cachada et 
al., 2019) and through proper and sophisticated algorithms, more accurate 
estimations can be expected. 
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3 Methodology 

This chapter discusses the scientific view of the research and its validity and 
reliability. It will further discuss the procedures of each study. 

3.1 The scientific view and methodological choice 
of the research 

This thesis is composed of eight papers, which answer three research questions. 
Table 1 displays the scientific design of the papers, arranged according to the 
logical argument of the thesis. 

 
According to Arbnor and Bjerke (1997), three methodological approaches 

can be used to acquire knowledge, namely the actors approach, analytical 
approach and system approach.  

 
The actors approach holds that reality is subjective, socially constructed and 

not independent of individual beings. The analytical approach perceives the 
whole to be the sum of its parts. Unlike the actors approach, the analytical 
approach considers reality to be objective. The system approach regards reality 
as objective; it also holds that the whole is not equal to the sum of its parts 
because as they interact with one another and the environment they gain new 
characteristics. I, the author of this thesis, view maintenance as the subsystem 
of a system (i.e. a company). Maintenance influences and is influenced by other 
subsystems of the company, such as production, human resources and logistics. 
It cannot be separated from its environment due to mutual effects and shared 
resources. Therefore, the dominant methodological approach used in the papers 
is the system approach. 

 
The research design is the plan of how to link the research question to the 

conclusion. The type of research question determines the nature of the research 
and its methodological approach. Generally, research asking and answering a 
‘what’, ‘where’ or ‘who’ question is likely to be a new study aiming for 
exploration and understanding (i.e. an exploratory study). In contrast, research 
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asking and answering a ‘how’ or ‘why’ question is more likely to be a study 
seeking an explanation (i.e. an explanatory study), see (Yin, 2009). Based on 
the research question and the researcher’s view, several research methods, such 
as case studies, surveys or experiments, can be used.  

 
In this thesis, the first and second studies investigated the applicability of 

theoretical frameworks in a real context to explain a phenomenon. They also 
aimed to advance the author’s knowledge of the field in actual practice. Hence, 
these studies were both exploratory and explanatory. They mainly used the case 
study method and primary data.  

 
Table 1 Scientific view of the studies 
   

Paper 
No. 

Methodological 
approach 

Research 
design 

Method Data 
collection 
source 

I System approach Exploratory/
explanatory 

Case 
study/artefact 
building 

Interviews, 
observations, 
documents 
and related 
literature 

II System approach Exploratory/
explanatory 

Case 
study/artefact 
building 

Interviews, 
observations, 
documents 
and related 
literature 

III System approach Exploratory/
explanatory 

Artefact 
building 

Related 
literature 

IV System approach Explanatory Artefact 
building 

Related 
literature 

V System approach Explanatory Artefact 
building 

Related 
literature 

VI System approach Exploratory/
explanatory 

Artefact 
building 

Related 
literature 

VII System approach Exploratory Case study/ 
artefact 
building 

Observations, 
documents 
and related 
literature 

VIII System approach Explanatory Artefact 
building 

Related 
literature 

 
 
The third study was both exploratory and explanatory, and it was part of the 

artefact building for the fourth, fifth and sixth studies (i.e. investigating the 
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requirements of a new maintenance technique for the digitalised industry). The 
fourth and fifth studies were part of the artefact building. These studies were 
explanatory and drew on previously acquired knowledge to design a 
maintenance framework. The sixth study was also exploratory, as it attempted 
to map the concept of digitalised maintenance against a set of maintenance 
problems. The seventh study attempted to explain an approach to integrating the 
elements of digitalised maintenance, and, as such, it consisted of artefact 
building using an explanatory design. The research designs in the eighth paper 
were explanatory and aimed to build an artefact to solve the efficiency problem 
in wireless sensors in the digitalised industry.   

 
Data were gleaned from interviews, technical documents and the academic 

literature. The collected data comprised both primary and secondary data. For 
each study, a literature review was conducted to determine the extent to which 
the problem identified had been treated before. All eight studies had a similar 
procedure. The literature review consisted of four main stages. First, based on 
each study’s topic, keywords relevant to the study were identified. These 
keywords were used in different combinations and thesauruses. The search was 
Boolean based and conducted using the OneSearch engine, which is linked to 
different databases, such as IEEE, Springer Link, Emerald and ScienceDirect. 
The inclusion criteria were as follows: available as a full text, written in English, 
peer reviewed, and published in academic journals or as conference materials 
or book chapters. Next, duplications and unrelated materials (e.g. public health 
or social comparisons) were removed. The final selection was based on 
examining the abstracts and conclusions of the identified articles and their 
relationship to the subjects of the studies in question. 

3.2 Validity and reliability 
Research should be designed and conducted in a way that answers the research 
questions. Generally, the most common ways to judge the quality of research 
are validity and reliability (Rastegari, 2015). Validity describes what variable is 
measured and if it is appropriate to the research question. Reliability describes 
how the measurements are performed and the precision of the analysis. 
According to Yin (2009), the criteria to evaluate the quality of research include 
the construct validity, internal validity, external validity and reliability. 

Construct validity is concerned with the level of conformity between the 
theoretical approach of the study and the observed results. Internal validity 
describes the extent to which the research results match the reality. External 
validity determines the extent to which the findings of a study can be 
generalised. Reliability describes the repeatability of the research findings (Yin, 
2009).  
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Several studies have suggested techniques to meet these criteria (Rowley, 
2000; Yin, 2009). Thus, to improve the quality of research the studies in this 
thesis included multiple data sources and triangulation, analysing the findings 
to ensure a logical connection with the existing theory, the participation of 
several people with different background in the studies and clearly describing 
the steps of the studies’ methodologies.  

3.3 Procedures of the studies 
Paper I investigated the applicability of the maintenance function deployment 
(MFD) model using real industrial data. In this study, a mathematical 
representation of the MFD model was developed. Then the model was 
empirically tested in a case company to investigate its applicability.  

The case company was Auto CNC-Bearbetning i Emmaboda AB, which was 
selected based on being:  

1) an industrial company that produces countable items; and  
2) able to provide the required data.   

 
The selected company is located in the southern part of Sweden and 

specialises in producing small mechanical parts of water pumps and other 
industrial products. It has about 25 production stations. For convenience, one 
production station and one product, a sleeve (a component for water pumps), 
were selected. To enhance the company’s engagement in the study, the product 
was selected based on the criteria of being relatively expensive and produced in 
rather large quantities, which makes it important for the company.  

To limit the scope and for data availability reasons, only the working areas 
of maintenance, operation and quality were considered. To enhance the 
reliability and validity of the study, the data were collected from several 
different sources, and then compared. Data were collected through semi-
structured interviews, documentary analysis, on-site visits and observations, 
and discussions with company personnel. The collected data and conclusions 
presented in paper II were also used to compare and strengthen the validity and 
reliability of this study. 

 
Paper II developed a model for assessing the impact of failure on a 

company’s competitive advantages (CAs) and on its profitability. The model 
then was implemented on the same case used in paper I. The procedures of this 
study were as follows. First, the study reviewed the related literature, identified 
the gaps and developed the model. Then, real data were collected from the same 
company, production station and product as in paper I and applied in the model. 
To strengthen the validity and reliability, the data were collected from several 
sources as in paper I. These data were analysed and then compared with the 
output of MFD in paper. Finally, conclusions were drawn.   
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The objective in paper III was to identify the tasks and develop the features 

of a suitable maintenance technique for Industry 4.0. Paper III investigated the 
suitability of some of the popular maintenance techniques for the demands of 
Industry 4.0. The study procedures were as follows. First, it analysed, discussed 
and classified the most popular maintenance techniques (strategies, policies, 
philosophies and methodologies). Then, the study reviewed the literature related 
to Industry 4.0 and developed the tasks required to be carried out by 
maintenance. Next, these tasks were analysed to extract the information 
required for the development of the necessary features of maintenance. Finally, 
we examined and compared the suitability of some of the used maintenance 
techniques for the demands of Industry 4.0. This examination was achieved 
using multiple attribute decision making (MADM) combined with simple 
additive weight (SAW). The maintenance techniques were considered as 
alternatives, and the introduced features were considered as examination 
criteria. The performance of each alternative against each criterion was assessed 
using linguistic values. The assessment of the values was performed using the 
existing literature and expert experience. As this might involve some level of 
subjectivity, to strengthen the findings of the study, sensitivity analysis was 
conducted by discussing possible dramatic variations in the assessed values.  

 
Paper IV aimed to design a framework for digitalised maintenance using 

self-adaptive software architecture. To achieve this, we first analysed the tasks 
identified in paper III and expected to be performed by Maintenance 4.0 to 
identify the necessary sub-elements of the architecture. Next, we incorporated 
these sub-elements into a framework of self-adaptive software architecture. 
Then, we designed and coordinated the mechanisms among the elements and 
sub-elements of the software. In the end, the framework was tested in an 
operational scenario to verify the concept. 

 
The objective in paper V was to develop a model that enables systems to 

have self-maintenance. The procedures were as follows. We first reviewed the 
related literature, identified the gaps and then developed the model. Next, to test 
the model, we programmed the model using LabView and then simulated a 
typical scenario. In the end, the results were analysed, and conclusions were 
drawn. 

 
In paper VI, we extracted software elements from the primary objectives of 

maintenance using software analysis tools. We then mapped them onto a set of 
maintenance problems. Next, we identified the challenges involved in 
developing digitalised maintenance. To achieve this, we first reviewed the 
maintenance problems. Then, using software analysis tools, we extracted the 
software elements and sub-elements, beginning with the primary objectives of 
maintenance. Next, we mapped the digitalised maintenance onto the 
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maintenance problems. Finally, we presented our discussions on the challenges 
and examples of initiatives in this domain to strengthen the credibility in 
realising such a concept. 

 
Paper VII proposed a framework to facilitate the integration of digitalised 

maintenance with the database of relevant working areas. To develop the 
framework, the study first reviewed the relevant literature and then identified 
the relevant working areas to be considered for integration. In addition, the 
barriers and facilitators for integration were identified. The subsequently 
developed framework was based on including the identified facilitators and 
excluding the barriers. The framework was then tested using the real case of 
integrating MainSave module (i.e. part of the digitalised maintenance known as 
predictive cognitive maintenance [PreCoM]) alongside the database of relevant 
working areas in three case companies. 

 
Paper VIII aimed to develop an algorithm and reference software 

architecture for adaptive sampling algorithms. The study first reviewed the 
relevant literature and highlighted the problems. Then, the study developed a 
reference software architecture for adaptive sampling algorithms, as well as, an 
adaptive sampling algorithm. The algorithm was then implemented in the 
proposed reference architecture and tested using two distinct data sets.  
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4 On the development of digitalised 
maintenance  

This chapter aims to amalgamate the eight papers studied in this thesis in order 
to provide a body of knowledge that can help inform the design and 
implementation of digitalised maintenance. At the same time, this chapter also 
aims to answer the proposed research questions (see Figure 2), which are:  
 
 
  

 
 

Figure 2: Relationship between the relevant research papers, contributions, research 
stage, research questions and the contributed body of knowledge  
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RQ1. How can machine failures and the causes of production deficiency that 
impact a company’s competitive advantages and profitability be identified and 
prioritised? 
RQ2. How can digitalised maintenance be designed and implemented? 
RQ3. How can data from sensors be collected efficiently for digitalised 
maintenance? 
 

This chapter will be divided into four key sections that deal with important 
aspects of developing a digitalised maintenance system. The first section will 
introduce tools that aim to identify and prioritise problems encountered by 
companies (paper I and II), so that these problems can be considered in the 
design of a digitalised maintenance system (as will be discussed in the following 
section). The second section will propose a framework that aims to help guide 
the design and development of a digitalised maintenance system (papers I, II, 
III, IV, V, and VI). The third section will address the implementation of 
digitalised maintenance (papers VII), followed by the final section, which will 
introduce an approach that aims to efficiently collect data through the use of 
sensors, which can then be used to monitor a machine’s condition (paper VIII).  

 
The next section will discuss the impact and importance of maintenance as 

well as presenting and discussing the two models of Maintenance Function 
Deployment (MFD) and Competitive Advantages Failure (CA-Failures) that 
can be used to identify problems and failures that impact the company the most.  

4.1 Impact of maintenance and its importance 
Several researchers have shown that various industries are not using their 
equipment to its full capacity (Ahlmann, 2002; Almström & Kinnander, 2007; 
Ljungberg, 1998; Ylipää et al., 2017). For example, Ylipää et al., (2017) 
performed a study on Swedish manufacturing companies over the period of 
2006 to 2012 and found OEE was about 51.5%. Almström and Kinnander 
(2007) also conducted a study on 11 Swedish companies and their results 
showed the average OEE value to be approximately 66%. These results show 
that it may be possible to improve the production capacity if, among other 
factors, a proper maintenance process is implemented to prevent disturbances 
instead of purchasing a new machine (Alsyouf, 2001), which may be an 
expensive solution in many cases. Therefore, employing a proper maintenance 
supports sustainable development. 

 
It is unusual for a degraded machine or one in poor condition to produce high-

quality products at low prices with a high OEE (Al-Najjar, 1997). This is 
because failures and other disturbances increase the stoppage time as well as 
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lower the production quality, which as a result leads to an increase in production 
costs and reduced profitability (Maletic et al., 2014). As shown in paper I and 
II, problems encountered at the operational level usually have several different 
consequences for a company’s competitive advantages/strategic goals. For 
example, a failure in a production machine could have different impacts on a 
company’s competitive advantages, such as reduced product quality, higher 
production costs and production delay. This will inevitably have negative 
impacts on a company’s profitability (see Figure 3); therefore, in order to 
enhance a company’s profitability a proper maintenance process needs to be 
implemented.  

 

Figure 3: Impact of shop floor failures on a company’s advantages and profitability 

 
The internal effectiveness of a company is also influenced by its 

maintenance level due to the impact on other working areas, such as production, 
quality, the working environment, the amount of work in progress and tied-up 
capital (Al-Najjar, 2007). Accordingly, a proper and efficient maintenance 
process can increase the profitability as well as the overall performance of a 
company (Waeyenbergh & Pintelon, 2002). 

To gain a better understanding and to highlight the importance of 
maintenance activities, paper I and II investigate methods that systematically 
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identify the problems and failures occurring at the operative level and their 
impact on the overall company goals at the strategic level.  

The study in paper I develops a mathematical representation of the MFD 
model and applies it to a case study. The MFD model aims to help in analysing, 
identifying and prioritising problematic working areas in production using an 
economic parameter as an indicator (summarised in the next section). Paper II 
presents a model called CA-Failures that aims to analyse, identify and prioritise 
failures according to their significance and impact on the company’s 
competitive advantages in order to plan and conduct cost-effective maintenance 
(summarised in section 4.1.2).  

4.1.1 Identifying and prioritising causes of production 
deficiency 

In paper I, a mathematical formula was developed for the MFD model (Al-
Najjar, 2011). This MFD model consists of matrixes of specific objectives, i.e. 
the ‘Whats’ (W), and attributes, i.e. the ‘Hows’ (H) in order to maintain the 
‘Whats’. The MFD matrixes then break down the economic losses in a 
backwards phase direction in order to reach the root causes of the losses. 

 
In the MFD matrixes (see Table 2) the value Vmn describes the share value 

of Hn (n = 1,2,3 .. j) in causing the loses of Wm (m = 1,2,3 .. i).  
Next, a summation of Vmn values is performed for each of the W and H to 

obtain a collective value for both, the Hows’ importance (HTn) and the Whats’ 
importance (WTm) (see equations (1) and (2)). 

 

  (1) 

HTn =   (2) 

Table 2: MFD matrix 

 Hows (H), i.e. how to 
achieve the objectives  

 Importance 
of Whats  
(WTm %) 

Priority 
list (PL) 

 H1 … Hn … Hj 

 
Whats (W), 

 
i.e. what are 

the 
objectives to 
be achieved 

W1 

. 

V11 

. 
V1n 

. 
… V1j 

. 
  

Wm 

. 

Vm1 
. 

Vm n 
. 

… Vmj 
. 

  

Wi Vi1 Vin … Vi j   

Importance 
of Hows 
(HTn %) 
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A priority list (PL) can then be drawn by ranking each of the WT as follows, 

P1st ≥ P2nd ≥ P3rd ≥ … Pi. 
 
P1st is the most important What (the highest WT) and Pi is the least important 

(the lowest WT). For more details on the MFD steps see paper I. 
 

The MFD model in paper I was then tested using real data and the major 
results of the MFD empirical study can be summarised as follows. 

 
 The study showed how the MFD model can be applied and its possible 

benefits. The MFD model aims to support the user to analyse, 
quantify, pinpoint, and prioritise the economic losses and their causes 
in a company’s production line.  

 The study showed how different activities affect each other as well as 
the company’s overall profitability. 

 The results showed the importance of maintenance to a company’s 
profitability, where the main objective of maintenance is to reduce 
failures occurring and their impact. They also indicate the importance 
of planning and considering the integration of maintenance with the 
rest of a company’s activities, which was identified by using the MFD 
model as well as by analysing the operation process. 

 In general, the results of this study showed agreement with the Pareto 
80/20 principal in which the greatest shared loss is largely generated 
by a few causes (one or a maximum of two Hows), while the rest of 
the losses are distributed among the rest of the Hows. Therefore, 
prioritising failures with higher impacts is required to enhance the 
efficiency of maintenance processes, as discussed in paper I and II.  

 
Overall, the MFD model aims to help understand the impact of problems at 

the operational level on other working areas. The study in paper I concluded 
that better maintenance functions can help maximise the productivity and 
enhance the product quality of a company (for more details see paper I). The 
following section will present the CA-Failures model, which aims to identify 
and prioritise failures that impact a company most significantly and to provide 
a means of making economically justifiable decisions. 

 

4.1.2 Identifying and prioritising failures with respect to the 
impact on companies’ competitive advantages and 
profitability  

In factories, the recorded data of breakdowns is very useful as it allows 
companies to learn from the past and anticipate the future. Furthermore, if these 
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records are utilised properly they can help to improve the production process. 
There are plenty of methods and management systems in place to classify 
failures and losses into predetermined categories (Ahamed Mohideen et al., 
2011; Al-Najjar, 2011; Al-Najjar & Jacobsson, 2013; Villacourt & Drive, 
1992). The classification of breakdown records could then help maintenance 
practitioners to analyse and prioritise a particular category of breakdown that 
occurs the most, and consequently allow for better control (Villacourt & Govil, 
1993).  

The different categorisations used include the impact of the failure on 
production cost, product quality, safety of operation, or reasons for corrective 
action (Villacourt & Govil, 1993). However, these classifications do not 
determine the impact of these failures on the competitive advantages of a 
company. Accordingly, paper II established a model titled CA -Failures, which 
aims to determine the impact of failures on a company’s competitive 
advantages.  

The competitive advantages that are considered can be summarised as 
follows (Al-Najjar, 2007): 

 high product quality  
 on-time delivery 
 competitive price 
 low violation of environment 
 maintaining good asset condition, i.e. asset value. 

  
To determine the impact of each failure on a company’s business, it is 

essential to analyse these failures with respect to the losses to the competitive 
advantages of the company. Subsequently, the prioritisation of failures can be 
carried out through adding up the impacts of each failure on a company’s 
competitive advantages and then applying the Pareto diagram.  

A Pareto diagram is a statistical chart that facilitates the prioritisation of 
factors that impact a particular effect according to their significance. This is 
conducted by showing the frequency of occurrence and the accumulative 
percentage. In this study, it is used to identify and prioritise the significant 
minority from the insignificant majority of the failures.  

Suggestions as to the most profitable maintenance actions for the priority 
failures can then be deduced through comparing the economic losses of these 
failures with their maintenance expenses. By applying this it can then be 
possible to conduct cost-effective maintenance through prioritising the most 
profitable actions.  

 
The steps in the CA-Failures model are illustrated in Figure 4 and can be 

summarised as follows. 
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1. To collect data, that is, the existing categories and database of failures 
for a company in order to assess the impact of failures on each 
competitive advantage. For example, the impact of a machine failure 
on the product quality could be high (due to less accuracy in technical 
specification), on the delivery time (due to less production, high 
number of rejected items and reproduction), on the competitive price 
(due to the increased production cost), on the machine’s condition (due 
to deterioration and lowered machine value), and could negatively 
impact the environment (due to oil leakage or higher air pollution).  

2. To estimate the economic loss due to each failure per each competitive 
advantage. For example, a failure in the cutting tools could cause 30% 
of the losses due to bad quality, 15% due to delivery delay, 5% due to 
lower profit margin, 1% due to worse machine condition and ~ 0% for 
the environmental regulation adaptation. It is possible to then add up 
the impact of each failure category.  

3. To prioritise the failures based on their significance. This can be done 
through adding up the impacts of each failure on a company’s 
competitive advantages and applying the Pareto diagram or other tools, 
e.g. FMECA. 

4. To calculate the required maintenance investments to prevent the 
reoccurrence of failures. 

5. To suggest the most profitable maintenance actions through comparing 
the economic losses with the maintenance expenses.  

 
Overall, this model facilitates the most cost-effective maintenance through 

prioritising the most profitable maintenance action (for more details regarding 
the model see paper II). 

 
The key results that can be concluded from the empirical study in paper II 

can be summarised as follows.  
 The model aims to support the decision-maker to customise a 

maintenance plan that suits their company’s particular situation. This 
is conducted by structurally analysing the company’s failure database 
to identify and prioritise the failures that affect the company’s 
competitive advantages the most.  

 
 The results showed that most of the losses were caused by stoppages 

and disturbances. These losses accounted for approximately 71.3 % of 
the total losses. Failures caused by gears, raw material quality and 
bearings caused roughly 27%, 26% and 25% of the total losses, 
respectively (the loss in currency was not available during the study).  
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 As in paper II, the results showed agreement with the Pareto 80/20 
principal in which the majority of the losses are attributable to just a 
few causes, while the rest of the losses are distributed among the rest 
of the causes. Therefore, identifying the causes of the highest losses 
and prioritising them is important in allocating resources effectively 
and achieving maintenance efficiency.  

 
In summary, the CA-Failures model aims to help personnel to understand 

the mechanisms behind failures impacting on the competitive advantages of a 
company and to prioritise those failures with the highest impact on the 
company’s competitive advantages. In addition, this model aims to allow for 
the establishment of a cost-effective maintenance plan to address the priority 
failures. In general, it may seem difficult to apply this model if the company’s 
database contains a large number of failures. In this case, representative samples 
of failures could be collected in order to simplify the process and obtain results 
that can be generalised for the company under examination. 
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Figure 4: Model (CA-Failures) operative flows 

Using the models proposed in papers I and II, the accurate assessment of the 
economic impact of failures on companies may be difficult as there is often a 
lack of accessibility to relevant data. However, future industries are 
characterised by data accessibility and the integration of different systems; 
therefore, there will be mass amounts of data available for these industries (Jay 
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Lee, Ardakani, et al., 2015). Furthermore, if the required data is properly 
defined, by using suitable algorithms, more accurate results can be obtained.  

 
The MFD and CA-Failures models discussed in paper I and II can be applied 

to companies regardless of the maintenance techniques being used, as long as 
the relevant data is available. In general, relevant data availability is a very 
important factor in a company’s proper maintenance. An effective maintenance 
process should include all of the essential elements of production since failures 
may occur due to causes arising from different working areas (e.g. raw 
materials, quality data, natural deterioration in production, misuse and the 
environment). Therefore, the author of this thesis views maintenance as 
represented by TQMain; TQMain aims to maintain the quality of all the 
elements (working areas) that constitute the production process (not just the 
machines) cost effectively (Al-Najjar, 2007; D. J. Sherwin & Al-Najjar, 1999).  

 
The next section will briefly describe the importance of relevant data to 

effective maintenance and then classify some of the current popular 
maintenance techniques. Section 4.2 will then propose a framework for 
designing digitalised maintenance.  

 

4.1.3 Maintenance techniques classifications  
For future industries, mass data will be able to be generated from different 
production elements of a business network. This could be of tremendous value 
to the field of maintenance if the relevant data is utilised properly (Jay Lee, 
Ardakani, et al., 2015; Ruiz-Sarmiento et al., 2020; Wabner, 2018). This is 
owing to the fact that the performance of a machine and its condition are 
influenced by different working areas and different elements involved in the 
production process, as explained in the previous section. For this reason, there 
are two critical factors in the implementation of digitalised maintenance: data 
coverage and data utilisation. As the relevant information is gathered and its 
proper utilisation increases, the capability of a particular technique also 
increases. As a result, this argument motivated paper III to classify maintenance 
techniques based on their data coverage and data utilisation as follows: 

 
Class I maintenance techniques that are able to utilise relevant, real-time 

data from different relevant working areas, e.g. financial, quality, operational. 
An example of a Class I maintenance technique is TQMain, and an example of 
the implementation of such a maintenance technique is the PreCoM project (see 
paper VI and VII).  

 
Class II maintenance techniques only utilise technical data and information 

related to production machines. Generally speaking, these techniques do not 
include the economic impact of maintenance. Moreover, the collected data for 
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these maintenance techniques are technical; as such, outcomes that are not 
technical related cannot be produced. Examples of the maintenance techniques 
that belong under this category are TPM, RCM, CBM and PM.  

 
Class III maintenance techniques typically do not use any data. An example 

of this class of maintenance techniques is FBM, i.e. no action taken prior to a 
breakdown.  

 

4.2 A guideline for designing digitalised 
maintenance  

As has been emphasised by many researchers, maintenance plays an important 
role in enhancing the production performance of a company (Al-Najjar, 2007; 
Al-Najjar & Alsyouf, 2003; Waeyenbergh & Pintelon, 2002). In that case, 
following the trend in digitalisation in factories, new maintenance concepts that 
consider digitalisation have started to appear. These concepts have been 
developed to facilitate dealing with the increased complexity in manufacturing 
machines and the production processes, as well as to allow companies to benefit 
from technological advances, which serve as enablers to solve the problems 
faced by industry (Bokrantz, 2019).  

However, as digitalised industry is characterised by complexity, as such 
developing an approach to its maintenance poses a challenge. Based on the 
findings from papers IV, V, and VI, the author of this thesis has proposed 
guidelines to facilitate the design of digitalised maintenance. The proposed 
guidelines start by determining the primary objective of maintenance, which is 
then analysed to extract the required elements to achieve the objective. Then, 
these elements are allocated into a suitable architecture, and their interaction 
mechanism is identified. This design concept is then mapped against problems 
that inhibit achieving the objective. If the outcomes of the mapping are not 
satisfying then amendments should be implemented.The proposed guidelines 
are described below in more details as follows (see Figure 5): 

 
1. Determine the objectives:  

Prior to designing any engineering system, it is essential to first define its 
objectives. For example, in paper VI the general objectives of maintenance were 
to elevate the availability of production machines and promote their good health 
in a cost-effective way (Al-Najjar, 1997; Sandberg, 2013; Takata et al., 2004). 
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2. Identify the required elements and sub-elements: 

From the determined objectives, a set of elements (such as diagnosis and 
maintenance planning) to achieve the objectives can be extracted. It is important 
to take great care in this phase as the inappropriate selection of elements may 
lead to undesired effects, such as extra costs or choosing elements that barely 
meet the demands (Mahmood & Lai, 2006). Analysis tools, such as stepwise 
refinement, can be used in this phase to systematically analyse and come up 
with the required elements.  
 

 

Figure 5: Guidelines to designing digitalised maintenance 
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In paper VI, the analysis tools of stepwise refinement associated with 
MAPE-K architecture were applied. These software tools were employed given 
that the problem domain is related to digitalisation (where software is expected 
to play an essential role); thus, these tools appeared to be suitable as they allow 
having a software engineering perspective (see paper VI for more details about 
the analysis tools applied). In this paper, five general tasks were first extracted 
from the primary objectives of digitalised maintenance: to collect data, to 
analyse and convert the data into actionable information, to determine a plan of 
action based on the information, to then execute the plan and to communicate 
with the user (i.e. through a user interface). See also, paper III, IV, VI for more 
information about maintenance tasks.  

A more detailed analysis can then be conducted to extract more concrete, less 
abstract and more doable elements that are required to perform those tasks. In 
papers IV, VI those tasks were able to be identified and analysed, and the 
resulting elements were as follows (Figure 6 illustrates this process).  

- Data collection: Collecting relevant data, such as operational data and CM 
of machines, and pre-process the collected data, such as by using filtration, 
averaging and aggregating.  

- Data update: Updating the data repository with the collected information. 

- Abnormality detection: Identifying abnormalities in the condition of the 
machines and production process using relevant current and past data, e.g. 
CM, process data, peer machine data, performance indicators. 

- Diagnosis: Identifying the causes behind the identified abnormalities using 
information from the abnormality detector and other relevant data, e.g. 
performance history and peer machine data. 

- Prediction: Defining abnormality development in time and the 
deterioration behaviour over time. The required information is collected 
from the diagnosis as well as from relevant current and past data regarding 
the machine condition, e.g. peer machine data, CM and performance history. 

- Severity assessment: Assessing the impact of an abnormality on the 
managed system and company goals. Inputs come from the diagnosis, the 
predictor and prognosis elements and other information to assess the impact, 
e.g. cost. 

- Generation of possible scenarios: In principal, in order to be able to select 
the most cost-effective/convenient plan (i.e. one whose consequences are 
aligned the most with the strategic goals), it is essential to know all the 
alternative plans and their consequences. This element generates all the 
alternatives and their potential consequences. The inputs are relevant data 



36 
 

from the data repository, e.g. economic data, availability of spare parts and 
production schedule.  

- Plan selection: Ranking and then selecting the best plan whose 
consequences are best aligned with the company’s strategic goals. This is 
carried out by utilising data regarding the consequences of each plan (as 
described above) and the goals set by the end user. 

 

 

Figure 6: Stepwise refinement used in paper VI 
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- Plan construction: Constructing detailed instructions and adaptation steps 
that need to be performed.  

- Execution assistance: In assisting with conducting maintenance, several 
tools can be utilised, such as augmented reality (AR), presenting relevant 
documents, etc. 

- Information visualisation: Presenting the relevant information (such as 
diagnoses, predictions, maintenance work progress, completed tasks, 
maintenance recommendation, etc.) to the end users and other 
systems/working areas. 

- User input update: If the end user inserts new strategic goals into the 
system, this element imposes them properly in order to avoid errors and 
conflict. 

 
3. Determine a suitable system architecture:  

It is expected that disparate and heterogeneous technologies including software 
and hardware will be required (e.g. sensors, actuators, networks, processors, 
middleware, databases, algorithms and applications), which therefore need to 
be taken into account in the system design. The architectural approach appears 
to be suitable for this task as it provides the right level of abstraction and 
generality to facilitate the design, understanding and modelling of such systems 
(Weyns & Iftikhar, 2016). Several researchers have discussed the advantages of 
the architectural approach (Garlan et al., 2004; Gil De La Iglesia & Weyns, 
2015; Kramer & Magee, 2007; Oreizy et al., 1998), these advantages being 
outlined in section 2.5.  
 

Two different architectures were used in paper IV and paper V. The example 
of a system architecture found in paper IV developed a digitalised maintenance 
framework based on, 1) previous findings in paper III, 2) experience in 
maintenance and software architecture and 3) the concepts found in the relevant 
literature (Garlan et al., 2004; Guillén et al., 2016; Karray et al., 2011; Kephart 
& Chess, 2003; Kramer & Magee, 2007; Oreizy et al., 1998; Weyns & Iftikhar, 
2016).  

 
In paper IV, a proposed framework was developed using the IBM’s self-

adaptive based architecture MAPE-K (Kephart & Chess, 2003). This 
framework was proposed for systems that adapt themselves during runtime to 
deal with uncertainties (e.g. failures) that are difficult to anticipate before 
deployment.  
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Moreover, this approach consists of a managed and a managing system. The 
managing system contains a feedback loop that is concerned with the adaptation 
of the managed system state, while the managed system is concerned with the 
working domain (Gil De La Iglesia & Weyns, 2015; Iftikhar & Weyns, 2014). 
In paper IV, a mediator layer is also added to enable several machines to be 
connected (i.e. managed systems) and mapped to the managing system. This is 
done to enhance the usability and scalability of the system. Figure 7 details the 
architectural layers described. 
 

 
 

 

 

 

 

 

 

 

Figure 7: Architectural layers 

 
The proposed framework in Figure 7 is realised in the three architectural 

layers proposed by Kramer and Magee (2007), see also (Weyns & Iftikhar, 
2016). These layers are classified as ‘change management’, ‘goal manager’ and 
‘managed system’. The change management layer is concerned with controlling 
the managed system using the MAPE-K loop according to the strategic goals 
provided by the goal manager layer.  

 
Typically, the adaptation process follows the MAPE-K structure (Kephart & 

Chess, 2003); this represents ‘monitor’, ‘analyse’, ‘plan’ and ‘execute’, which 
are all connected to the ‘knowledge’ repository. The knowledge repository 
stores the gained data and information, such as the goals and models of the 
managed system (Gil De La Iglesia & Weyns, 2015; Weyns & Iftikhar, 2016). 

 
In the MAPE-K loop, ‘monitor’ involves monitoring the managed system 

and other relevant information (e.g. the environment and operational 
parameters), and updates the ‘knowledge’ repository accordingly and triggers 
the ‘analyser’. The analyser then analyses the collected data and determines 
whether an adaptation process is required. If so, the ‘plan’ is then triggered to 
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compose a plan with actions that return the managed system to its predefined 
state. These actions are then performed by the ‘execute’ element (Iftikhar & 
Weyns, 2014; Weyns et al., 2012).  

 
Another example of a system architecture for a maintenance process can be 

found in paper V. An architecture was developed that contains three units: the 
data-gathering unit (the measurement system), a centralised processing unit (the 
brain unit), and an output unit (the actuator and control) (see Figure 8). This 
maintenance system is applied to a machine to provide automation and control 
for maintenance tasks (see paper V for more information). 

 

 

Figure 8: Cyber physical system 

 
4. Allocate the refined elements in the architecture:  

In this phase, each of the identified sub-elements (from step 2) are allocated in 
the generic framework (selected in step 3) based on their suitability, see  
Figure 9 (for more details see Paper IV) and Figure 10 (for more details see 
Paper V). 
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Figure 9: Generic architecture for digitalised maintenance 
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Figure 10: Intelligent CPS-Maint; data flow, diagnoses, prediction, assessments and self-
healing actions (see Paper V) 

 

5. Zoom-in and define the interaction mechanism:  

In this stage, each element is allocated in the architecture and its functionality 
is defined. In order to allow for collaboration among the elements of the 
architecture, the mechanism of their interaction must first be determined. 
Different tools can be used to model this interaction, e.g. unified modelling 
language (UML) and automata, or by using software tools such as LabView. In 
paper IV, a UML (activity diagram) was used to define and model the 
interaction (see Figure 11) along with an operational scenario.  
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Figure 11: Activity diagram of the proposed framework 

 
An operational scenario is illustrated below in Figure 12, and the results of 

the framework’s performance in the scenario can be summarised as follows. 
 

 The framework showed a flow that accords the required information 
to the users and performs the required tasks. No conflict or illogical 
behaviour among the elements and sub-elements was identified. 

 The performance, generally, showed a high interdependency, i.e. the 
majority of the elements/sub-elements trigger the next one. This could 
negatively influence the redundancy of the elements/sub-elements and 
therefore needs to be considered during the design stage. 

 The elements and sub-elements in general have a great dependency on 
‘knowledge’ to perform their tasks. This emphasises the importance 
of common database and data accessibility, as promoted by the 
maintenance concept of TQMain Al Najjar (1996). These results 
support the findings in paper III, which highlight the importance of 
data accessibility.  
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Figure 12: The scenario implementing the activity diagram 

In future industries (e.g. Industry 4.0 and connected industry), machines will 
be interconnected; therefore, peer comparison of machines will be able to be 
used to forecast and enhance the prediction of a machine’s behaviour and 
damage development. A machine learning approach, e.g. clustering technique 
(Bagheri et al., 2015), may also be used to cluster together machines with 
similar technical parameters in the ‘knowledge’ element proposed in paper IV. 
As a result, by selecting the closest cluster (in terms of technical parameters) to 
a machine under investigation, it can be possible to expect similar patterns of 
behaviour.  

 
Another example of how the interaction mechanism can be developed and 

simulated is in paper V. The interaction was modelled and simulated using 
graphics-based software, i.e. LabView (see Figure 13). 
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The simulated scenario shows that the assigned tasks were performed and 
the aims achieved. In addition, the simulation did not present any illogical 
process nor a process conflict. 

 
 

 

Figure 13: Interaction simulation using LabView 

 
6. Map the design concept against the problems:  

For example, if this system were to be applied to a particular factory, these 
problems could be projected and identified using historical records, personal 
experience and analysis tools, such as the models proposed in paper I and paper 
II. These models can then be used to detect, identify and prioritise problems. 
However, it is unlikely for a maintenance system to solve all the problems 
related to maintenance, as some require intervention from another working area. 
For example, the lack of competence or sufficient recruitment among 
maintenance personnel could require the intervention of another working area 
such as human resources. Therefore, this kind of logical mapping can help 
identify problems to be treated by the maintenance system and likely determine 
whether further modification is required for some problems that are domain-
specific. An example of this mapping is provided in paper VI. 
 

7. Is the design acceptable?:  

Based on the mapping in the previous step, if the mapping is not satisfactory 
then an adjustment of one of the previous steps could be necessary to enhance 
the system.  
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The next section will introduce features that could enhance the performance 
of digitalised maintenance as well as the changes that may arise during its 
development. Section 4.3 will then present a framework developed in paper VII 
to integrate the modules and elements of digitalised maintenance.  

4.2.1 Features of digitalised maintenance 
 
There are several features that can enhance the performance of digitalised 
maintenance, and different studies have attempted to highlight these features in 
order to be taken into account during both the design and the development 
process (Labib, 2006; J. Lee et al., 2011; Zuccolotto et al., 2015). In paper III 
and paper VI, these features are summarised as follows. 
 
 Modularity: A modular design facilitates the addition, replacement or 

removal of other modules using the plug-and-play principal (Hermann et 
al., 2016). This eases the modifications that are needed to follow the 
dynamic requirements and demands of factories. 

 Scalability: This feature allows for the addition of new machines into a 
system to meet growing business needs. 

 Decentralisation: New industrial concepts tend to be decentralised 
(Hermann et al., 2016); as such, it is important for a digitalised maintenance 
system to be compatible with a decentralised production process.  

 Interoperability: This allows for communication among the elements within 
the maintenance system, as well as with other systems in the company. 

 Digitalisation: Digitalisation facilitates integration and automation, as well 
as data collection, utilisation and storage. 

 A consideration of technical-based and economic key performance 
indicators (KPIs): The main objectives of maintenance is to elevate 
production performance in a cost-effective manner. In that case, both 
production and economic KPIs should be considered in the digitalised 
maintenance recommendations in order to assess and improve maintenance 
impacts. 

 Automation: This feature promotes automated production processes and 
allows for gaining quicker responses to events (e.g. faults).  

 Real-time ability: This is to allow for rapid responses to variations and 
disturbances that occur in production; therefore, a digitalised maintenance 
system should possess the ability to collect and analyse data in real time. 

 Learning capabilities: Possessing this feature allows maintenance to be 
improved continuously to enhance the decisions’ accuracy. 
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4.2.2 Challenges for developing digitalised maintenance 
There are several factors that support developing digitalised maintenance 

systems, such as the development of new technology with continuous price 
reduction as well as the rise of new concepts such as IoT, IoS, and CPS. Despite 
this, there are still a number of overlapping challenges in different domains. In 
paper VI these challenges have been discussed. These challenges are as follows 
(see paper VI for more details): 

 
1. Technological advancements 

The challenges related to technological advancements will vary according to 
different factors, such as the type of industry, the environment and the size of 
the factory. For example, in the case where remote data measurements are 
applied, factors such as harsh environments or the existence of large-body 
obstacles can cause problems in implementing a reliable data acquisition system 
(A. Khan et al., 2018; Ma et al., 2016; J. Zhu et al., 2017). In addition, the 
limited battery life of the wireless sensors also poses a challenge when used in 
some applications, particularly in inaccessible areas (as discussed in paper 
VIII). Furthermore, another example of a technological challenge is the 
maintenance of AR tools. In this case, the development of industry-applicable 
AR tools that support hands-free repair work can pose a problem (Wabner, 
2018). 

 
The varying size of different enterprises will also pose different challenges. 

For example, the utilisation of information and communication technologies 
(ICT) could be complicated for small and medium enterprises, restricting their 
adoption (Wabner, 2018).  

 
Safety and security issues can also present additional challenges. The 

technology must expose neither the people involved nor the environment to 
harm. The data and information must also be protected against abuse and/or 
unauthorised use, which will require the development of security reference 
architectures and unique identifiers (Deloitte, 2015; Kagermann et al., 2013).  

 
2. Data management and utilisation  

Data generated by maintenance and other relevant working areas could provide 
a great value to maintenance and production activities, providing that they are 
properly exploited (P. Zhu et al., 2020). The continuous expansion of data 
presents major challenges, however, including how to manage large quantities 
of data as well as how to develop more accurate prognostic algorithms that 
incorporate deterministic approaches. In addition, methods that utilise the data 
to accurately estimate the economic impact of maintenance are not yet fully 
developed (Wabner, 2018).  
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3. Human resources 
There will be challenges for employees in adapting to the new technology, and 
there will be a greater need for more sophisticated digital competence. 
Consequently, organisations will have to pay greater attention to appropriate 
recruitment and education (Bokrantz, 2017; Kagermann et al., 2013).  

 
4. Regulation and standards 

Standards that organise and regulate the interaction of maintenance with other 
working areas will also be required. Several attempts at developing such 
standards are currently still in progress (Simon et al., 2018). The delay in 
forming these standards and their integration and communication among the 
working areas will be an additional challenge (Deloitte, 2015; Halenár et al., 
2016). Legal issues will also have to be taken into consideration regarding 
liability issues, data ownership, intellectual property and safety and security, for 
example (Bokrantz, 2017; Deloitte, 2015). 

 
5. Capital investment  

In many cases, purchasing new technology or modifying existing systems will 
be necessary and will probably result in considerable costs (Wabner, 2018). 
Maintenance has often been regarded by top management as a cost centre rather 
than as a profitable opportunity (Al-Najjar, 2007; Alsyouf, 2004; Levrat et al., 
2008; Pintelon & Parodi-herz, 2008; Salonen & Deleryd, 2011; Takata et al., 
2004). However, over the last decade, maintenance has begun to be recognised 
as a profit generator and as an essential element to achieving a company’s 
objectives (Alsyouf, 2004; Pintelon & Parodi-herz, 2008). Nevertheless, the 
cost factor is still a key determinant when making a decision regarding 
maintenance investment (El-Thalji & Liyanage, 2012; Wabner, 2018). In that 
case, financial justification still has to be demonstrated (Bokrantz et al., 2019b), 
and, due to the complex interaction among working areas (including 
maintenance) in factories, the impact of maintenance cannot easily or accurately 
be estimated (Al-Najjar, 2007; Alsyouf, 2004); thus, this cost justification also 
poses a challenge. 
 

4.3 The implementation of digitalised maintenance  
The importance of integrating maintenance into other  relevant working areas 
has been stressed by several researchers (Cassady & Kutanoglu, 2005; 
Nourelfath et al., 2010). Accordingly, the following section will identify the 
working areas relevant to maintenance, promote their integration with 
maintenance and propose a framework that guides this integration process. 
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4.3.1 Working areas relevant to maintenance and the 
motivation behind their integration  

The area of maintenance, production and quality are strongly related to each 
other due to the use of common resources as well as their mutual influences on 
each other (Fakher et al., 2018). As a result, the integration of these areas has 
been shown by many researchers to be economically beneficial (Cassady & 
Kutanoglu, 2005; Nourelfath et al., 2010, 2016). The philosophy of TPM 
embodies this strong relationship between quality, production and maintenance. 
To enhance the OEE, TPM considers enhancing three variables that eventually 
determine it: availability, performance efficiency and quality rate (Ben-Daya & 
Duffuaa, 1995). The availability can be controlled by reducing downtime, the 
performance efficiency can be controlled by reducing the cycle time and the 
quality rate can be managed by controlling the state in which the machine 
produces a high-quality product (Ben-Daya & Duffuaa, 1995).  

Given the economic importance of integrating production, maintenance and 
quality (Al-Najjar, 1996; Cassady & Kutanoglu, 2005; Fakher et al., 2018; 
Nourelfath et al., 2010, 2016), paper VII was compelled to consider quality and 
production, as well as economy, as the working areas relevant to maintenance. 
 

According to Ben-Daya and Duffuaa (1995), the relation of maintenance to 
production has been modelled from a maintenance perspective as a parallel 
activity that forms a closed loop with production (see Figure 14). In this 
relational model, the primary output of production is the demanded products, 
while the secondary output is the demanded maintenance. The feedback is in 
turn an input for production in the form of increments in production quantity 
and quality.  
 

 

Figure 14: Model of the relationship between maintenance and production, based on  
(Ben-Daya & Duffuaa, 1995)  
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The author of this thesis believes that, from a maintenance perspective, 
integrating maintenance with the databases of the relevant working areas can 
provide a more global closed loop (see Figure 15). This loop could then help 
maintenance to attribute a particular event in a working area, e.g. quality or 
operations, to some particular abnormality, e.g. damages or failures, which 
allows for the more accurate detection, diagnosis and prediction of problems 
(Al-Najjar, 1996; Angelopoulos et al., 2020; Ruiz-Sarmiento et al., 2020; P. Zhu 
et al., 2020). In addition, this loop could endow maintenance with the possibility 
to detect deviations in working areas before they influence the machine and 
production, as emphasised by the philosophy of TQMain (Al-Najjar, 1996; D. 
Sherwin, 2000).  

Moreover, this closed loop may help not only in sustaining productivity, but 
also in elevating it by planning and synchronising maintenance tasks to suit the 
specific context of a company, for example, by fulfilling a particular delivery to 
avoid a particular penalty. In that case, the integration of digitalised 
maintenance with the databases of a company’s activities is expected to allow 
for a greater contextual awareness, which eventually allows maintenance to play 
an important role in a company’s sustainability.  

 

 
Figure 15: A global loop of maintenance integration across other working areas 
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4.3.2 Framework for digitally integrating maintenance with 
other relevant working areas 

Recently, there have been moves towards digitalisation in factories exploiting 
the technological trends of IoT, CPS and IoS. This shift will facilitate the 
sharing and utilisation of digital information, which, if exploited properly, will 
help maintenance to achieve more accurate detection of problems, root-causes, 
diagnoses, prediction of damage development, assessment of effects, and 
planning of maintenance activities (Jay Lee, Ardakani, et al., 2015). Digital 
integration is defined in the current thesis as the digital data that belong to a 
working area within a company can be shared, processed and utilised by other 
working areas to achieve a company’s goal. 

However, the process of digitally integrating maintenance with relevant 
working areas can be complex; therefore, a framework that helps guide the 
integration process could help ease such a complex assignment.  

Several researchers have already introduced several proposals that provide 
a means of digitally integrating maintenance with different working areas 
(Huang et al., 2005; Morariu and Borangiu, 2012; Lee et al., 2015; Park et al., 
2015; including paper IV also). These solutions do not, however, provide 
guidance on how to perform the integration in a stepwise process; instead, they 
tend to come from a system architecture perspective. Therefore, paper VII 
aimed to propose a framework that eases the digital integration of maintenance 
with other relevant working areas. 
 

4.3.3 Integration success factors and problems 
Integration is a process that aims to ‘tie together’ several elements/modules to 
work as a single entity. A module can then be defined as an independent, 
established and standardised unit that can be part of a particular system 
(Brereton & Budgen, 2000).  

In general, integration is considered to be a critical stage in the development 
of a system (Ilyas & Khan, 2017a, 2012; Jain & Chandrasekaran, Anithashree 
Erol, 2011); therefore, in order to develop a framework that supports the 
successful implementation of digital integration, facilitators should be identified 
and considered. Ilyas and Khan (2017a, 2017b) performed a systematic 
literature review in which several facilitators were identified and then validated 
through an industrial survey. In paper VII these facilitators were considered in 
the framework development and can be summarised as follows (for more 
detailed description, see paper VII): 

1. Early integration planning and proper management 
2. Careful selection and assessment of the modules 
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3. Proper documentation of elements 
4. Identification of the specifications for interface compatibility  
5. Continuous integration 
6. Using compatible tools 
7. Elements/modules testing before the integration process 
8. Intra- and inter-team communication and coordination 
9. Consistency in requirements and architectural design 

Additional factors that also need to be considered when developing a 
framework for integrating maintenance with relevant working areas in a 
company are outlined as follows (see paper VII for more details): 

 detailed descriptions of the issues under discussion/investigation and 
the development of a list of terminology with definitions 

 the identification and documentation of the integration process 
alongside the expected errors 

 the development of equivalent data in cases where the necessary data 
is lacking to test and validate elements or a process, for example, by 
involving personnel from the relevant working area in a company to 
provide an approximation of the missing data  

 initiation of the integration process as early as possible and 
consideration of a beta version to be used for elements under 
development, the beta version having the same format, number of 
arguments and types 

 assigning the responsibility and operability of elements/modules to the 
relevant partner/s  

 in the case of conflict among the outputs of elements, an approach to 
solve this problem is by the development of an element that 
coordinates the interactions. 

 

4.3.4 Framework development 
 

The framework developed in paper VII has the following systematic steps: start-
up and identification, architecture and customisation, plan, integration and test, 
real-case application, and exit-correct. These steps can be summarised (see  
paper VII for more details) as follows (see  Figure ):  

 
Start-up and identification: Understanding the overall mission through 

identifying the working areas, the elements/modules to be integrated and the 
requirements 

Architecture and customisation: Determining the proper architecture to be 
employed and designing the mechanism of interaction/operation  
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Plan: Determining the integration approach and test cases and their expected 

results, as well as establishing an integration plan with the deadlines for the 
integration of each element/module 

 

 Figure 16: The proposed framework for integration  

 
Integration and test: Testing the elements before their full integration by 

testing their connectivity using dummy data and scenarios  



53 
 

 
Real-case application: Exposing errors during the interaction between the 

elements/modules being integrated by using real data from use cases 
 
Correct: In cases where objectives are not achieved, correction of causes 

must be conducted. 
 
Exit: To exit from this framework there is a need to determine whether the 

criteria have been achieved. Examples of these criteria are:  
 all the expected results have been achieved 
 all the test cases have been documented. 

 
The proposed framework was then applied to a real case. This was EU 

project H2020-FoF09 (2017–2020), named predictive cognitive maintenance 
decision support system (PreCoM), which was used with three use case 
companies. The integration concerned MainSave, a PreCoM module, and the 
the working areas of maintenance, production, quality and economy. The 
integration of maintenance with these activities was to facilitate the conducting 
of assessments of machine condition, to optimise production and maintenance 
scheduling, as well as to follow up the technical and economic impacts of 
maintenance. MainSave, is the module to provide an analysis of the technical 
and economic impacts of maintenance on a company’s business.  

 
The major results of the empirical study found that this framework allowed 

the integration of a digitalised maintenance system with the relevant working 
areas in three use cases.  

 
As discussed in section 4.2.2 (paper VII), power consumption for wireless 

sensors remains a challenge in their development. The next section (based on 
paper VIII) presents a reference software architecture that can be used for 
adaptive sampling, as well as, an algorithm to reduce power consumption 
through adaptive sampling. 
 

4.4 Collecting data efficiently using sensors 
through adaptive sampling 

Digitalised maintenance is essentially a data-driven system; it therefore relies 
heavily on data input where sensors play a considerable role. Wireless sensors 
are attracting growing interest as they allow for data to be collected from 
locations inaccessible to wired sensors, such as rotating machines and 
embedded systems, as well as being able to avoid the burden of unreliable 
electrical connections and wiring expenses (Owen et al., 2009). 
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With the current increased interest surrounding the IoT and cyber–physical 
technologies, new hard and software continue to evolve with increasing price 
reductions. As a result, these sensors are becoming more affordable, which can 
help facilitate gathering enormous amounts of data. However, the adoption of 
wireless sensors will come with an added cost in terms of both energy and 
memory, especially if the data is not gathered or managed wisely.  

Energy limitations, in particular, remain one of the key problems for wireless 
sensors, hampering their advancement; an issue that has been highlighted by 
researchers (Alippi & Anastasi, 2010; Zhang et al., 2013) and discussed in paper 
VI and VIII. 

One means of overcoming this issue is by implementing adaptive sampling 
techniques (Rault et al., 2014). Several researchers developed different 
algorithms for adaptive sampling (Alippi & Anastasi, 2010; Shu et al., 2017; 
Yan et al., 2012). As software and computations are an important part of 
adaptive sampling (J. A. Khan et al., 2015), reference software architecture 
should be considered to reduce efforts in designing, modelling and 
implementing this technique. Despite its importance, however, there is a lack of 
studies regarding the development of a reference architecture for adaptive 
sampling algorithms (as highlighted in literature survey chapter section 2.5). 
Accordingly, the author of this thesis, in paper VIII, aimed to fill this gap by 
proposing a software architecture called Rainbow (Garlan et al., 2004) and 
developing an adaptive sampling algorithm that was implemented in the 
Rainbow software architecture. The next section will describe the proposed 
software architecture (as discussed in paper VIII). Section 4.4.2 will then 
present the adaptive sampling algorithm that was developed, and in section 4.4.3 
the algorithm will be implemented in the proposed software architecture 
(developed in paper VIII). 
 

4.4.1 Software architecture reference framework for adaptive 
sampling 

 
The Rainbow framework (Garlan et al., 2004) is a software architecture for 
systems that are self-adaptive during runtime. It contains three architectural 
layers (see Figure 16), first, the managed system ‘system layer’, second, the 
managing system ‘architectural layer’ in which they both interact through the 
‘translation infrastructure’. The adaptation process of the Rainbow framework 
is described in paper VIII as follows: data is collected by ‘probes’ in the 
managed system (in the system layer), which is then aggregated by the ‘gauges’ 
element and sent to update the model of the managed system maintained by the 
‘model manager’ element. This is carried out through ‘translation 
infrastructure’, which maps the managed system in the system layer to the 
managing system in the architecture layer. An evaluation is then conducted by 



55 
 

the ‘constraints evaluator’ to assess whether a predetermined constraint has 
been violated; if so, the ‘adaptation engine’ element is triggered. The adaptation 
engine then selects an adaptation regime, which is then executed by the 
‘adaptation executor’ through ‘effectors’ during runtime. 
 

 
Figure 16: The Rainbow framework (Garlan et al., 2004) 

In order to propose an adaptive sampling software architecture to serve as a 
reference framework, the following key tasks should be fulfilled within the 
reference framework: first, to detect changes in the signal; second, to determine 
whether it is a considerable change; and, third, if so, to select the relevant 
adaptive regime.  

 
The Rainbow software architecture appears to already have the means to 

complete the above tasks within its structure. To explain, after collecting the 
data, the model manager detects the change in the signal, the constraint 
evaluator then determines the relevance of the change, and the adaptation engine 
then selects the suitable adaptation regime that is then executed by the 
adaptation executor (see Figure 16).  

 
Rainbow framework considers implementing reusability in order to save 

time and effort. In detail, it does this by providing customisable points, noted 
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by the architectural style, to distinguish system-specific knowledge from 
commonalities between systems (for a further example see (A.-C. Huang et al., 
2004). The customisable points are as follows (Cámara et al., 2016): 

 the model of the managed system in the system layer, which is handled 
by the ‘model manager’ 

 the constraints, which are handled by the ‘constraint evaluator’ 
 the adaptation regime, which is handled by the ‘adaptation engine’ 
 the configuration of the effector, which is handled by the ‘adaptation 

executor’. 

To test this framework for adaptive sampling, an algorithm for adaptive 
sampling was developed in paper VIII and implemented in this architecture. The 
following section will provide a description of this algorithm. 

 

4.4.2 Dynamic sampling rate algorithm  
 
In paper VIII, a realistic assumption was used to develop the dynamic sampling 
rate algorithm (DSRA): that more samples are needed when there is a variation 
in the signal in order to capture these changes and less samples when there is no 
variation to avoid redundancy. Consequently, the slope between two 
consecutive samples can be employed as an indicator of a change in the signal. 
The more slope there is, the more change has occurred, and the more sampling 
should be conducted; the lesser the slope, the less change has occurred, and 
therefore less sampling is required. Overall, employing this principal helps to 
avoid redundancy in the collected data. 

 
Furthermore, an exploratory parameter, E, is employed as a means to explore 

the signal and detect changes. Another parameter, S, is employed to tune the 
sensitivity of the change, which is done by multiplying S with the slope. 

The product of the multiplication is then subtracted from E to obtain the time 
between measurements (TBM). TBM can then be mathematically defined as 
follows: 
 

(i  1, 2, 3,…n)  (1) 

 
 and  denote the current and previous sensor values, respectively, and 

 and  denote the current and previous time of measurements, 
respectively. 

 
The next measurement ( ) can then be defined as follows: 
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, (i  1, 2, 3,… n)  (2) 
 

It is important to assign proper values for the tuning parameters (i.e. E and 
S), and it is also advisable to utilise knowledge/expertise and/or historical data 
for those parameters. 

4.4.3 DSRA implementation in the Rainbow framework 
 
The adaptation mechanism of the Rainbow framework described in section 
4.4.1 (paper VIII) can be used to implement the DSRA, i.e. each particular 
architectural element of the Rainbow framework can be assigned with a 
relevant function as follows: 

 the gauges gather, pre-process and update the data 
 the model manager hosts and runs the model 
 the constraints evaluator checks whether the changes are considerable 

(i.e. by using a constraint) 
 the adaptation engine determines a suitable sampling regime 
 the adaptation executor triggers the probes to collect samples based on 

the determined sampling regime. 
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Figure 17 below represents the activity diagram of the DSRA being 
implemented in the Rainbow architecture. 

 Figure 17: Activity diagram of the DSRA being implemented in the Rainbow architecture 

A pseudo-code for implementing the developed algorithm in the Rainbow 
framework is represented below in Algorithm 1. 
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Algorithm 1. DSRA 

 
 1: 
 2: 
 3: 
 4: 
 5: 
 6: 
 7: 
 8: 
 9: 
10: 
11: 
12: 
13: 
14: 
15: 
16: 
17: 
18: 
19: 
20: 
21: 
22: 
23: 
24: 
25: 
26: 
27: 
28: 
29: 

 
Initialisation  
the sampling rate at the normal case E;  
   set the tuning factor ; 
   set C (Constraint);   
   set time; 
   Flag = False 
end initialization; 
while (True) do:   
    Gauges 
        get data from Probes;  
        pre-process the collected data;  
        update repository; 
    Model Manager 

        find Change Significance (i.e. CS =  *   ); 

    Constraints Evaluator  
        if (CS ≥ C); 
            Flag = True 
        else; 
            TBM = E 
                  
     Adaptation Engine: 
         if (Flag = True);          
           find TBM (i.e. TBM = E – CS); 
           decide (i.e.      ); 
           Flag = False 
    Adaptation Executor 
        while (time < )  
             wait; 
        end while;   
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As a proof of concept, the DSRA-based Rainbow architecture was 
implemented using two datasets (see Figure 18 and Figure 19), and the results 
showed the following: 

 The two examples in paper VIII demonstrated the applicability of the 
Rainbow software architecture.  

 

 

Figure 18: DSRA sampling rate over different slopes 

 

 

 Figure 19: Applying DSRA to a dataset 

 
 The Rainbow reference architecture was shown to provide a generic 

architecture that can guide the implementation of adaptive sampling.  



61 
 

 This architecture follows systematic steps to perform adaptive 
sampling: data collection, detection of a change in the signal being 
monitored, evaluation of the change significance, selection of the 
adaptation strategy, and eventually, the execution of the selected 
strategy.  

 The DSRA algorithm exhibited a dynamic change in the sample rate, 
increasing when the slope increased. For example, in Figure 18, when 
the slope value equals 0, the total number of samples is ~7, when the 
slope value is 1, the total number of samples is 9, and when the slope 
is 2, the total number of samples is 28. Another example can be seen in 
Figure 19, when the signal was static, fewer samples were collected, 
and, when there were variations in the test signal, higher sampling was 
shown. 

 The DSRA appeared to show a close approximation to the original 
signal. This can be exhibited in a small mean absolute percentage error 
(MAPE ~ 0.326% for 300 points) (see Figure 19 in paper VIII).  

 
Despite these promising results, research is still required to examine the 

performance of the DSRA for higher fluctuating signals.  
 
The proper setting of the tuning parameters of E and S is essential for the 

effective performance of the DSRA; accordingly, the knowledge of experts 
and/or historical records should be used to tune these parameters. In addition, 
an optimisation technique could be utilised to tune these parameters. A 
theoretical framework for the optimisation of the DSRA could include the 
following.  
 

1. Plot the relationship between E, S and the number of measurements. A 
similarity metric, e.g. a correlation coefficient, should also be 
implemented to mask values that are < a specific threshold. 

2. Select an optimisation algorithm range for the E and S values based on 
the plot of the relationship (i.e. the cost function). 

3. Implement the selected optimisation algorithm to find E and S values 
and use the optimised values for a new dataset and compare with the 
training set.  
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5 Research results, contribution and 
conclusion  

In this chapter, the research results, contribution and conclusion will be 
presented. 

5.1 Results and contribution 
 

The results from the studies conducted can be summarised as follows. 
 

 A mathematical representation of the MFD model was developed with 
the aim of structurally analysing the working areas related to 
production in order to identify and assess economic losses and 
prioritise the required actions (published in paper I). 
 

 A model (CA-Failures) was developed to systematically analyse failure 
database to identify and prioritise the failures that most affect a 
company’s competitive advantages and profitability. This model aims 
to support the decision-maker to customise a maintenance plan that is 
cost effective and suits the company’s context (published in paper II). 
 

 Tasks required to be performed by digitalised maintenance, and the 
relevant software modules to fulfil the demands of future industries 
were identified. In addition, the features essential to this maintenance 
approach were developed (paper III and paper VI) as well as a 
methodology to compare maintenance approaches or technical abilities 
to fulfil the demands of future industries, as introduced and discussed 
in paper III. 
 

 A reference architecture for maintenance systems that facilitates self-
maintenance was developed (published in paper V); a reference 
software architecture using a self-adaptive software architectural 
approach, was also introduced (paper IV). In addition, guidelines were 
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developed to help design digitalised maintenance (in paper III- paper 
VII).  
 

 The challenges that could arise when developing digitalised 
maintenance were reviewed in order to help developers to plan 
strategies to avoid problems in the later stages (published in paper VI). 

 
 A framework for integrating digitalised maintenance with the databases 

from relevant working areas was developed (published in paper VII). 
 

 A proposal for a reference software architecture called Rainbow was 
put forward to be used for adaptive sampling algorithms. This 
architectural reference was suggested to reduce efforts in the 
development, modelling and modification of adaptive sampling 
algorithms (published in paper VIII). 
 

 An adaptive sampling algorithm, DSRA, was developed, which was 
designed to allow wireless sensors to dynamically adapt their sampling 
rate, based on the change in signal, so as to reduce the energy 
consumption of wireless sensors (published in paper VIII). 
 

These results were the product of an attempt to introduce new knowledge to 
the domain of maintenance engineering (see Figure 2). Furthermore, this 
research aimed to provide managerial tools for identifying and prioritising 
problems in order to improve a company’s competitive advantages and 
profitability. In addition, this research discussed the approach to develop 
digitalised maintenance in terms of the tasks, features, architecture, software 
elements and possible challenges involved, as well as establishing guidelines to 
design and integrate digitalised maintenance. Moreover, it provided tools to 
improve the efficiency of digitalised maintenance.  

This thesis also supported existing evidence that maintenance plays an 
important role in improving a company’s competitive advantages and 
profitability. The tools, methods and techniques developed in this research are 
to be used by practitioners, developers and academics in the domain of 
industrial maintenance.  

5.2 Conclusion  
The aim of this research was to investigate how to develop a maintenance 
approach for factories of the future. Three research questions were formulated 
and eight studies were performed in order to achieve this goal (discussed in 
Chapter 1). The following are the research questions proposed alongside a 
description of how each question was addressed in the research thesis. 
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RQ1. How can machine failures and the causes of production process 
deficiency that impact a company’s competitive advantages and 
profitability be identified and prioritised? 

In the current research, two models were investigated and applied to 
two case studies in papers I and II in order to investigate this question. A 
mathematical representation of the MFD model was developed and 
applied to a case study to investigate how to identify and prioritise 
problematic working areas in the production process. The CA-Failures 
model was developed and then applied to a case study to investigate how 
failures at the shop-floor level can impact competitive advantages and 
profitability at the strategic level. The MFD model aims to identify and 
prioritise the problematic working areas in the production process that 
impact the competitive advantages and profitability, while the CA-
Failures aims to identify failures that most impact competitive advantage 
and profitability. In addition, the CA-Failures model also considers the 
construction of a cost-effective plan in its application. Overall, the results 
from the case studies show that applying these models can help in 
identifying and prioritizing failures and causes of production process 
deficiency that impact a company’s competitive advantages and 
profitability. This can help companies to spend their resources wisely 
which contributes to economical sustainability. 

 
RQ2. How can digitalised maintenance be designed and 
implemented? 

This research question was formulated to investigate the development 
of guidelines that can be used to establish an approach to implementing 
digitalised maintenance, which is necessary for facilitating and 
supporting accurate and cost-effective maintenance actions. In paper IV 
a framework was developed based on self-adaptive software architecture, 
and in paper V a software architecture was developed that enables 
automatic maintenance actions. Paper VI mapped the software elements 
to address maintenance problems, while paper VII developed guidelines 
to integrate digitalised maintenance with the databases of relevant 
working areas. Together, the results of these papers were amalgamated 
in Chapter 4 to form a set of guidelines and systematic steps that can be 
used to design and implement digitalised maintenance. 
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RQ3. How can data from sensors be collected efficiently for 
digitalised maintenance? 

This research question was formulated to investigate tools and 
techniques that can be used to efficiently collect the data needed for 
maintenance actions. In paper VIII, a reference software architecture and 
an algorithm (DSRA) were developed for this purpose. The reference 
architecture can be used to facilitate the design, modelling and 
implementation of adaptive algorithms, while the algorithm, DSRA, can 
be used to dynamically adapt the sampling rate to record changes in the 
signal. Then, as a proof of concept, these two tools were implemented in 
two datasets. Together, these developments can result in more efficient 
sampling by sensors which can contribute to environmental, as well as, 
economical sustainability.   

 
 
In conclusion, the models, CA-Failures and MFD, can help to detect and 

prioritise failures and production deficiencies that impact a company the most. 
These failures and deficiencies can then be considered in the guidelines for the 
development of the digitalised maintenance. The design and implementation of 
such a system can be a complex assignment. The guidelines presented in this 
study can be used to help in such a task. As the digitalised maintenance 
discussed in this thesis is a data driven system, therefore, collecting the input 
data efficiently will enhance the system efficiency in data processing, utilisation 
of memory and energy consumption. DSRA and the proposed software 
architecture can be used to achieve a more efficient data collection, and 
eventually, improve the overall performance of the digitalised maintenance. 
 



67 
 

6 Thesis critique and future research 
directions 

This chapter presents a critique of the current thesis followed by suggestions for 
future research directions. 

6.1 Thesis critique 
The below points address some aspects of the current thesis that could be 
improved. 

 
 In addressing the first research question, the results obtained from 

paper I and II regarding the losses incurred through some failures and 
problems were not available in the company’s database and were 
instead estimated based on the company’s personal experience and 
anecdotal evidence. These results could therefore contain some level 
of subjectivity; however, the observations made at the site, the 
analysis of the operation process and the established theories in the 
relevant literature did not produce any disagreement.  
 

 The opinion of end users should also be considered in the 
development of digitalised maintenance tasks and software elements 
in order to validate or improve them. Therefore, a survey of end users’ 
opinions and expectations could form part of future research work. 
 

 In paper III, the values attributed to the maintenance techniques 
against the features could also have some level of subjectivity as they 
were based on human assessments, albeit from expert personnel. 
However, attempts were made to reduce this subjectivity by providing 
a discussion section to reveal the motivations behind the decisions 
made, as well as supporting the findings made, by drawing on 
references and scenarios. Furthermore, the results were subjected to a 
sensitivity analysis to strengthen the findings. 
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 The testing and validation of the ideas and methodologies related to 
digitalised maintenance in paper IV, V and VI should have been 
performed using more relevant case studies. However, this would 
have required the further development of digitalised maintenance, 
which was not the case during the period of this study; therefore, 
computer simulations, typical scenarios and logical mapping were 
used (papers IV, V and VI). Nevertheless, the researcher is currently 
involved in a project (i.e. PreCoM) developing such a system that is 
planned to be realised at the end of the year 2020, which will allow 
for further testing to be carried out in a relevant environment similar 
to the case where the integration framework was tested (see paper 
VII). 

 

6.2 Future research directions 
Several areas for potential further research have been identified for this thesis; 
these areas were not investigated due to the limited time frame. Some of these 
areas are as follows. 

 
 The CA-Failures and MFD models in papers I and II could be 

computerised and applied to more case studies. 
 

 A tool, method and/or interview structure for data collection could 
be developed for use in the CA-Failures or MFD model (developed 
in papers I and II). 

 
 A survey study that involves different companies, industries and 

cultures could be performed to identify how industry realises the 
tasks, features and software elements of digitalised maintenance. 
This would help to distinguish whether there are additional features 
or tasks to what have been introduced in paper III, IV and VI. 

 
 Further research could be conducted into the proposed elements and 

sub-elements of the digitalised framework to be used in a real 
system. 

 
 An evaluation based on real applications of the digitalised 

maintenance approach could be carried out. The author of this study 
is involved in a project, predictive cognitive maintenance decision 
support system, H2020-FoF09. 2017-2020 (PreCoM), developing 
digitalised maintenance, and there is a plan to publish serial papers 
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that provide a performance evaluation from both a technical and 
economic perspective. 
 

 The DSRA could be further developed to optimise its parameters 
based on machine learning instead of experience. In addition, 
further implementation of the Rainbow architecture using other 
adaptive algorithms could be carried out in order to test its 
generalisability. 

 

 

 

 

 

 

 
  



70 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



71 

 
 
 
References 
 

Ahamed Mohideen, P. B., Ramachandran, M., & Narasimmalu, R. R. (2011). 
Construction plant breakdown criticality analysis – part 1:UAE perspective. 
Benechmarking: An International Journal, 18(4), 472–289. 
https://doi.org/10.1108/09574090910954864 

Ahlmann, H. (2002). From traditional practice to the new understanding: the 
significance of the Life Cycle Profit concept in the management of industrial 
enterprises. Maintenance Management & Modelling Conference. . 

Al-Najjar, B. (1996). Total quality maintenance: An approach for continuous 
reduction in costs of quality products. Journal of Quality in Maintenance 
Engineering, 2(3), 4–20. https://doi.org/10.1108/13552519610130413 

Al-Najjar, B. (1997). Condition Based Maintenance: Selection and Improvement 
of a Cost effective Vibration Based Policy For Rolling Element Bearing. 
(Doctoral Thesis) Lund University, Sweden. 

Al-Najjar, B. (2007). The lack of maintenance and not maintenance which costs: 
A model to describe and quantify the impact of vibration-based maintenance 
on company’s business. International Journal of Production Economics, 
107(1), 260–273. https://doi.org/10.1016/j.ijpe.2006.09.005 

Al-Najjar, B. (2011). Maintenance Impact on Company Competitiveness & profit. 
In Asset Management: The State of the Art in Europe from a Life Cycle 
Perspective (pp. 115–141). Dordrecht Heidelberg London New York, 
Springer Science Business Media B.V. 

Al-Najjar, B. (2003). Modelling the Design of the Integration of Quality, 
Maintenance and Production. Proceeding of the 16th International Congress 
COMADEM 2003, 23–31. 

Al-Najjar, B., & Alsyouf, I. (2003). Selecting the most efficient maintenance 
approach using fuzzy multiple criteria decision making. Int. J. Production 
Economics, 84, 85–100. https://doi.org/10.1016/S0925-5273(02)00380-8 



72 

Al-Najjar, B., & Alsyouf, I. (2004). Enhancing a company’s profitability and 
competitiveness using integrated vibration-based maintenance: A case study. 
European Journal of Operational Research, 157(3), 643–657. 
https://doi.org/10.1016/S0377-2217(03)00258-3 

Al-Najjar, B., & Ingwald, A. (2004). Identification, analysis, elimination and 
prevention of recurrence of problems: methods and concepts. 5th IMA 
International Conference on Modelling in Industrial Maintenance and 
Reliability: Impact on Practice, 13–20. 

Al-Najjar, B., & Jacobsson, M. (2013). A computerised model to enhance the 
cost-effectiveness of production and maintenance dynamic decisions. 
Journal of Quality in Maintenance Engineering, 19(2), 114–127. 
https://doi.org/10.1108/13552511311315931 

Alippi, C., & Anastasi, G. (2010). An adaptive sampling algorithm for effective 
energy management in wireless sensor networks with energy-hungry 
sensors. IEEE Transactions On, 59(2), 335–344. 
https://doi.org/10.1109/TIM.2009.2023818 

Almström, P., & Kinnander, A. (2007). Productivity potential assessment of the 
swedish manufacturing. 1st Swedish Production Symposium, January 2007. 

Alsyouf, I. (2001). The role of maintenance in company’s competitiveness and 
profitability improvements. Växjö University. 

Alsyouf, I. (2004). Cost Effective Maintenance for Competitive Advantages 
[Vaxjo University, Sweden]. http://www.diva-
portal.org/smash/get/diva2:206693/FULLTEXT01.pdf 

Angelopoulos, A., Michailidis, E. T., Nomikos, N., Trakadas, P., Hatziefremidis, 
A., Voliotis, S., & Zahariadis, T. (2020). Tackling faults in the industry 4.0 
era—a survey of machine-learning solutions and key aspects. In Sensors 
(Switzerland) (Vol. 20, Issue 1). MDPI AG. 
https://doi.org/10.3390/s20010109 

Arbnor, I., & Bjerke, B. (1997). Methodology for creating businesss knowledge. 
Sage Publications. 

Arunraj, N. S., & Maiti, J. (2007). Risk-based maintenance-Techniques and 
applications. Journal of Hazardous Materials, 142(3), 653–661. 
https://doi.org/10.1016/j.jhazmat.2006.06.069 

Ayad, S., Terrissa, L. S., & Zerhouni, N. (2018). An IoT approach for a smart 



73 

maintenance. 2018 International Conference on Advanced Systems and 
Electric Technologies, IC_ASET 2018, 210–214. 
https://doi.org/10.1109/ASET.2018.8379861 

Bagheri, B., Yang, S., Kao, H. A., & Lee, J. (2015). Cyber-physical systems 
architecture for self-aware machines in industry 4.0 environment. IFAC 
Proceedings Volumes (IFAC-PapersOnline), 48(3), 1622–1627. 
https://doi.org/10.1016/j.ifacol.2015.06.318 

Ben-Daya, M., & Duffuaa, S. O. (1995). Maintenance and quality: The missing 
link. Journal of Quality in Maintenance Engineering, 1(1), 20–26. 
https://doi.org/10.1108/13552519510083110 

Bokrantz, J. (2017). On the Transformation of Maintenance Organisations in 
Digitalised Manufacturing [Chalmers University of Technology]. 
https://research.chalmers.se/publication/248792 

Bokrantz, J. (2019). Smart Maintenance-maintenance in digitalised 
manufacturing. Chalmers University of Technology. 

Bokrantz, J., Skoogh, A., Berlin, C., Wuest, T., & Stahre, J. (2019a). Smart 
Maintenance: an empirically grounded conceptualization. International 
Journal of Production Economics. 
https://doi.org/10.1016/j.ijpe.2019.107534 

Bokrantz, J., Skoogh, A., Berlin, C., Wuest, T., & Stahre, J. (2019b). Smart 
Maintenance: a research agenda for industrial maintenance management. 
International Journal of Production Economics, 107547. 
https://doi.org/10.1016/j.ijpe.2019.107547 

Brereton, P., & Budgen, D. (2000). Component Based Systems : A Classification 
of Issues. Computer 33.11 (2000): 54-62., 33(11), 54–62. 

Cachada, A., Barbosa, J., Leitao, P., Alves, A., Alves, L., Teixeira, J., & Teixeira, 
C. (2019). Using internet of things technologies for an efficient data 
collection in maintenance 4.0. Proceedings - 2019 IEEE International 
Conference on Industrial Cyber Physical Systems, ICPS 2019, 113–118. 
https://doi.org/10.1109/ICPHYS.2019.8780217 

Cachada, A., Barbosa, J., Leitão, P., Geraldes, C. A. S., Deusdado, L., Costa, J., 
Teixeira, C., Teixeira, J., Moreira, A. H. J., Moreira, P. M., & Romero, L. 
(2018). Maintenance 4.0: Intelligent and Predictive Maintenance System 
Architecture. IEEE International Conference on Emerging Technologies 
and Factory Automation, ETFA, 2018-September, 139–146. 



74 

https://doi.org/10.1109/ETFA.2018.8502489 

Cámara, J., Correia, P., de Lemos, R., Garlan, D., Gomes, P., Schmerl, B., & 
Ventura, R. (2016). Incorporating architecture-based self-adaptation into an 
adaptive industrial software system. Journal of Systems and Software, 122, 
507–523. https://doi.org/10.1016/j.jss.2015.09.021 

Cassady, R., & Kutanoglu, E. (2005). Integrating preventive maintenance 
planning and production scheduling for manufacturing systems. IEEE 
Transactions on Reliability, 54(2), 116. 
http://proquest.umi.com/pqdweb?did=765401391&Fmt=7&clientId=28929
&RQT=309&VName=PQD 

Chan, F. T. S., & Prakash, A. (2012). Maintenance policy selection in 
manufacturing firms using the fuzzy MCDM approach. International 
Journal of Production Research, 50(23), 7044–7056. 

Cheng, S. W., & Garlan, D. (2012). Stitch: A language for architecture-based self-
adaptation. Journal of Systems and Software, 85(12), 2860–2875. 
https://doi.org/10.1016/j.jss.2012.02.060 

Cooke, F. L. (2003). Plant maintenance strategy: evidence from four British 
manufacturing firms. Journal of Quality in Maintenance Engineering, 9(3), 
239–249. https://doi.org/10.1108/13552510310493693 

De Azevedo, H. D. M., Araújo, A. M., & Bouchonneau, N. (2016). A review of 
wind turbine bearing condition monitoring: State of the art and challenges. 
Renewable and Sustainable Energy Reviews, 56, 368–379. 
https://doi.org/10.1016/j.rser.2015.11.032 

Deloitte. (2015). Industry 4.0. Challenges and solutions for the digital 
transformation and use of exponential technologies. In Deloitte. 

Djurdjanovica, D., Lee, J., & Ni, J. (2003). Watchdog Agent—an infotronics-
based prognostics approach for product performance degradation assessment 
and prediction. Advanced Engineering Informatics, 17(3), 109–125. 

Drath, R., & Horch, A. (2014). Industrie 4.0: Hit or hype? [Industry Forum]. IEEE 
Industrial Electronics Magazine, 8(2), 56–58. 
https://doi.org/10.1109/MIE.2014.2312079 

El-Thalji, I., & Liyanage, J. P. (2012). On the operation and maintenance practices 
of wind power asset: A status review and observations. In Journal of Quality 
in Maintenance Engineering (Vol. 18, Issue 3, pp. 232–266). Emerald 



75 

Group Publishing Limited. https://doi.org/10.1108/13552511211265785 

Fakher, H. B., Nourelfath, M., & Gendreau, M. (2018). Integrating production, 
maintenance and quality: A multi-period multi-product profit-maximization 
model. Reliability Engineering and System Safety, 170(October 2017), 191–
201. https://doi.org/10.1016/j.ress.2017.10.024 

Garlan, D., Cheng, S.-W., Huang, A.-C., Schmerl, B., & Steenkiste, P. (2004). 
Rainbow: Architecture- Based Self-Adaptation with Reusable Infrastructure. 
Computer, 46–54. 

Gil De La Iglesia, D., & Weyns, D. (2015). MAPE-K formal templates to 
rigorously design behaviors for self-adaptive systems. ACM Transactions on 
Autonomous and Adaptive Systems, 10(3), 1–31. 
https://doi.org/10.1145/2724719 

Gopalakrishnan, M. (2018). Data-Driven Decision Support for Maintenance 
Prioritisation Connecting Maintenance to Productivity. Chalmers. 

Groba, C., Cech, S., Rosenthal, F., & Gössling, A. (2007). Architecture of a 
predictive maintenance framework. Proceedings - 6th International 
Conference on Computer Information Systems and Industrial Management 
Applications, CISIM 2007, 59–64. https://doi.org/10.1109/CISIM.2007.14 

Guillén, A. J., Crespo, A., Gómez, J. F., & Sanz, M. D. (2016). A framework for 
effective management of condition based maintenance programs in the 
context of industrial development of E-Maintenance strategies. Computers 
in Industry, 82, 170–185. https://doi.org/10.1016/j.compind.2016.07.003 

Halenár, I., Juhásová, B., & Juhás, M. (2016). Design of a communication scheme 
in a modern factory in accordance with the standard of industry 4.0. 
Research Papers, Faculty of Materials Science and Technology Slovak 
University of Technology, 24(39), 101–109. 

Helmrich, K. (2015). On the Way to Industrie 4.0 – The Digital Enterprise 
[PowerPoint slides]. Retrieved from 
http://www.siemens.com/press/pool/de/events/2015/digitalfactory/2015-04 
hannovermesse/presentation-e.pdf. Industry4.0. 

Hermann, M., Pentek, T., & Otto, B. (2016). Design Principles for Industrie 4.0 
Scenarios: A Literature Review. 3928–3937. 
https://doi.org/10.1109/HICSS.2016.488 

Huang, A.-C., Schmerl, B., Steenkiste, P., Garlan, D., & Cheng, S.-W. (2004). 



76 

Rainbow: architecture-based self-adaptation with reusable infrastructure. 
Computer, 37(10), 46–54. https://doi.org/10.1109/mc.2004.175 

Huang, R., Xi, L., Lee, J., & Liu, C. R. (2005). The framework, impact and 
commercial prospects of a new predictive maintenance system: intelligent 
maintenance system. Production Planning & Control, 16(7), 652–664. 
https://doi.org/10.1080/09537280500205837 

IEC. (2015). Factory of the future. 

Iftikhar, M. U., & Weyns, D. (2014). ActivFORMS: Active Formal Models for 
Self-adaptation. Proceedings of the 9th International Symposium on 
Software Engineering for Adaptive and Self-Managing Systems, 125–134. 
https://doi.org/10.1145/2593929.2593944 

Ilyas, M., & Khan, S. U. (2017a). Software integration in global software 
development: Challenges for GSD vendors. Journal of Software: Evolution 
and Process, 29(8), 1–17. https://doi.org/10.1002/smr.1875 

Ilyas, M., & Khan, S. U. (2017b). An empirical investigation of the software 
integration success factors in GSD environment. Proceedings - 2017 15th 
IEEE/ACIS International Conference on Software Engineering Research, 
Management and Applications, SERA 2017, 255–262. 
https://doi.org/10.1109/SERA.2017.7965735 

Ilyas, M., & Khan, S. U. (2012). Software integration model for global software 
development. 2012 15th International Multitopic Conference, INMIC 2012, 
452–457. https://doi.org/10.1109/INMIC.2012.6511461 

Jain, R., & Chandrasekaran, Anithashree Erol, O. (2011). A Systems Integration 
Framework for Process Analysis and Improvement. Systems Engineering, 
14 No 2(1), 141–153. https://doi.org/10.1002/sys.20148 

Jamshidi, A., Rahimi, S. A., Ait-Kadi, D., & Bartolome, A. R. (2014). Medical 
devices inspection and maintenance; a literature review. IIE Annual 
Conference and Expo 2014, 3895–3904. 

Johansson, N., Roth, E., & Reim, W. (2019). Smart and sustainable emaintenance: 
Capabilities for digitalization of maintenance. Sustainability (Switzerland), 
11(13). https://doi.org/10.3390/su11133553 

Kagermann, H., Wahlster, W., & Helbig, J. (2013). Recommendations for 
implementing the strategic initiative INDUSTRIE 4.0. In Final report of the 
Industrie 4.0 WG (Issue April). 



77 

Kang, H. S., Lee, J. Y., Choi, S., Kim, H., Park, J. H., Son, J. Y., Kim, B. H., & 
Noh, S. Do. (2016). Smart Manufacturing: Past Research, Present Findings, 
and Future Directions. International Journal of Precision Engineering and 
Manufacturing-Green Technology, 3(1), 111–128. 
https://doi.org/10.1007/s40684-016-0015-5 

Kans, M. (2008). On the utilisation of information technology for the management 
of profitable maintenance [Vaxjo University]. http://www.diva-
portal.org/smash/get/diva2:205901/FULLTEXT01.pdf 

Kans, M., Galar, D., & Thaduri, A. (2016). Maintenance 4.0 in Railway 
Transportation Industry. Proceedings of the 10th World Congress on 
Engineering Asset Management (WCEAM 2015), 317–331. 
https://doi.org/10.1007/978-3-319-27064-7_30 

Karray, M. H., Chebel-Morello, B., Lang, C., & Zerhouni, N. (2011). A 
component based system for s-maintenance. IEEE International Conference 
on Industrial Informatics (INDIN), 519–526. 
https://doi.org/10.1109/INDIN.2011.6034934 

Kephart, J. O., & Chess, D. M. (2003). The vision of autonomic computing. 
Computer, 36(1), 41–50. https://doi.org/10.1109/MC.2003.1160055 

Khan, A., Ali, I., Ghani, A., Khan, N., Alsaqer, M., Rahman, A., & Mahmood, H. 
(2018). Routing Protocols for Underwater Wireless Sensor Networks: 
Taxonomy, Research Challenges, Routing Strategies and Future Directions. 
Sensors, 18(5), 1619. https://doi.org/10.3390/s18051619 

Khan, J. A., Qureshi, H. K., Iqbal, A., & Lacatus, C. (2015). Energy management 
in Wireless Sensor Networks: A survey. Computers and Electrical 
Engineering, 41(C), 159–176. 
https://doi.org/10.1016/j.compeleceng.2014.06.009 

Kianfar, A., & Kianfar, F. (2010). Plant function deployment via RCM and QFD. 
Journal of Quality in Maintenance Engineering, 16(4), 354–366. 
https://doi.org/10.1108/13552511011084517 

Kramer, J., & Magee, J. (2007). Self-Managed Systems : an Architectural 
Challenge Self-Managed Systems : an Architectural Challenge. 
https://doi.org/10.1109/FOSE.2007.19 

Kumar, U., & Galar, D. (2018). Maintenance in the Era of Industry 4.0: Issues 
and Challenges (pp. 231–250). Springer, Singapore. 
https://doi.org/10.1007/978-981-10-5577-5_19 



78 

Labib, A. (2006). Next Generation Maintenance Systems: Towards the Design of 
a Self-maintenance Machine. 2006 IEEE International Conference on 
Industrial Informatics, 213–217. 
https://doi.org/10.1109/INDIN.2006.275762 

Lee, J., Ghaffari, M., & Elmeligy, S. (2011). Self-maintenance and engineering 
immune systems: Towards smarter machines and manufacturing systems. 
Annual Reviews in Control, 35(1), 111–122. 
https://doi.org/10.1016/j.arcontrol.2011.03.007 

Lee, Jay, Ardakani, H. D., Yang, S., & Bagheri, B. (2015). Industrial Big Data 
Analytics and Cyber-physical Systems for Future Maintenance & Service 
Innovation. Procedia CIRP, 38, 3–7. 
https://doi.org/10.1016/j.procir.2015.08.026 

Lee, Jay, & Bagheri, B. (2015). Cyber-Physical Systems in Future Maintenance. 
Lecture Notes in Control and Information Sciences, 20(April), 397–413. 
https://doi.org/10.1007/978-3-319-15536-4 

Lee, Jay, Bagheri, B., & Kao, H. A. (2015). A Cyber-Physical Systems 
architecture for Industry 4.0-based manufacturing systems. Manufacturing 
Letters, 3, 18–23. https://doi.org/10.1016/j.mfglet.2014.12.001 

Levrat, E., Iung, B., & Crespo Marquez, A. (2008). E-maintenance: review and 
conceptual framework. Production Planning & Control, 19(4), 408–429. 
https://doi.org/10.1080/09537280802062571 

Liu, C., Zha, X. F., Miao, Y., & Lee, J. (2005). Internet server controller based 
intelligent maintenance system for information appliance products. 
International Journal of Knowledge-Based and Intelligent Engineering 
Systems, 9, 137–148. 

Ljungberg, Õ. (1998). Measurement of overall equipment effectiveness as a basis 
for TPM activities. International Journal of Operations & Production 
Management, 18(5), 495–507. https://doi.org/10.1108/01443579810206334 

Lu, T., Liu, G., Li, W., Chang, S., & Guo, W. (2017). Distributed sampling rate 
allocation for data quality maximization in rechargeable sensor networks. 
Journal of Network and Computer Applications, 80(61672151), 1–9. 
https://doi.org/10.1016/j.jnca.2016.12.021 

Lundgren, C. (2019). Smart Maintenance Investments - ways to quantify effects 
and factors influencing the investment process. Chalmers University of 
Technology. 



79 

Lundgren, C., Skoogh, A., & Bokrantz, J. (2018). Quantifying the Effects of 
Maintenance - A Literature Review of Maintenance Models. Procedia 
CIRP, 72, 1305–1310. https://doi.org/10.1016/j.procir.2018.03.175 

Ma, J., Wang, H., Yang, D., & Cheng, Y. (2016). Challenges: From Standards to 
Implementation for Industrial Wireless Sensor Networks. International 
Journal of Distributed Sensor Networks, 2016. 
https://doi.org/10.1155/2016/3898535 

Macchi, M., Roda, I., & Fumagalli, L. (2017). On the Advancement of 
Maintenance Management Towards Smart Maintenance in Manufacturing. 
IFIP International Conference on Advances in Production Management 
Systems., 513, 383–390. 

Mahmood, S., & Lai, R. (2006). Analyzing Component Based System 
Specification Return. Proc. of AWRE. 

Maletic, D., Maletic, M., Al-Najjar, B., & Gomišcek, B. (2014). The role of 
maintenance in improving company’s competitiveness and profitability: A 
case study in a textile company. Journal of Manufacturing Technology 
Management, 25(4), 441–456. https://doi.org/10.1108/JMTM-04-2013-0033 

METI. (2018). Connected Industries Achievements, Challenges and Next Steps in 
Japan’s smart Manufacturing. Ministry of Economy, Trade and Industry of 
JAPAN,. 
https://www.miti.gov.my/miti/resources/Industry4Point0/(For_distributing)
METI_Japan_Connected_Indstries.pdf 

Ministry of Enterprise and Innovation. (2016). Smart industry-a strategy for new 
industrialisation for Sweden. 

Mittal, S., Khan, M. A., Romero, D., & Wuest, T. (2019). Smart manufacturing: 
Characteristics, technologies and enabling factors. Proceedings of the 
Institution of Mechanical Engineers, Part B: Journal of Engineering 
Manufacture, 233(5), 1342–1361. 
https://doi.org/10.1177/0954405417736547 

Morariu, C., & Borangiu, T. (2012). Manufacturing integration framework: A 
SOA perspective on manufacturing. In IFAC Proceedings Volumes (IFAC-
PapersOnline) (Vol. 14, Issue PART 1). IFAC. 
https://doi.org/10.3182/20120523-3-RO-2023.00445 

Moubray, J. (1997). Reliability-centred maintenance. In Fuel and Energy 
Abstracts. https://doi.org/10.1109/TR.1987.5222285 



80 

Nourelfath, M., Fitouhi, M. C., & Machani, M. (2010). An integrated model for 
production and preventive maintenance planning in multi-state systems. 
IEEE Transactions on Reliability, 59(3), 496–506. 
https://doi.org/10.1109/TR.2010.2056412 

Nourelfath, M., Nahas, N., & Ben-Daya, M. (2016). Integrated preventive 
maintenance and production decisions for imperfect processes. Reliability 
Engineering and System Safety, 148, 21–31. 
https://doi.org/10.1016/j.ress.2015.11.015 

Oreizy, P., Medvidovic, N., & Taylor, R. N. R. N. (1998). Architecture-based 
Runtime Software Evolution. Proc.\ ICSE, 1998, 177–186. 
https://doi.org/10.1109/ICSE.1998.671114 

Owen, T. H., Kestermann, S., Torah, R., & Beeby, S. P. (2009). Self powered 
wireless sensors for condition monitoring applications. Sensor Review, 
29(1), 38–43. https://doi.org/10.1108/02602280910926742 

Park, J., Lee, S., Yoon, T., & Kim, J. M. (2015). An autonomic control system for 
high-reliable CPS. Cluster Computing, 18(2), 587–598. 
https://doi.org/10.1007/s10586-014-0414-8 

Park, S. (2016). Development of Innovative Strategies for the Korean 
Manufacturing Industry by Use of the Connected Smart Factory (CSF). 
Procedia Computer Science, 91, 744–750. 
https://doi.org/10.1016/j.procs.2016.07.067 

Perry, D. E., & Wolf, A. L. (1992). Foundations for the study of software 
architecture. ACM SIGSOFT Software Engineering Notes, 17(4), 40–52. 
https://doi.org/10.1145/141874.141884 

Pintelon, L., & Parodi-herz, A. (2008). Maintenance : An Evolutionary 
Perspective. In K. A. . Kobbacy & D. N. P. Murthy (Eds.), Complex system 
maintenance handbook. Springer, Berlin. 

Prajapati, A., Bechtel, J., & Ganesan, S. (2012). Condition based maintenance: a 
survey. Journal of Quality in Maintenance Engineering, 18(4), 384–400. 
https://doi.org/10.1108/13552511211281552 

Qiao, G., & Weiss, B. A. (2016). Advancing Measurement Science to Assess 
Monitoring, Diagnostics, and Prognostics for Manufacturing Robotics. Int J 
Progn Health Manag., 7. 

Rastegari, A. (2015). Strategic Maintenance Development Focusing on Use of 



81 

Condition Based Maintenance in Manufacturing Industry (Issue 213). 
(Licentiate thesis )Mälardalen University Press. 

Rault, T., Bouabdallah, A., & Challal, Y. (2014). Energy efficiency in wireless 
sensor networks: A top-down survey. Computer Networks, 67, 104–122. 
https://doi.org/10.1016/j.comnet.2014.03.027 

Rowley, J. (2000). Using Case Studies in Research. 25, 16–27. 

Ruiz-Sarmiento, J. R., Monroy, J., Moreno, F. A., Galindo, C., Bonelo, J. M., & 
Gonzalez-Jimenez, J. (2020). A predictive model for the maintenance of 
industrial machinery in the context of industry 4.0. Engineering 
Applications of Artificial Intelligence, 87, 103289. 
https://doi.org/10.1016/j.engappai.2019.103289 

Salonen, A., & Deleryd, M. (2011). Cost of poor maintenance: A concept for 
maintenance performance improvement. Journal of Quality in Maintenance 
Engineering, 17(1), 63–73. 

Sandberg, U. (2013). How an Enlarged Maintenance Function Affects the 
Performance of Industrial Maintenance and Maintenance Services. 
International Journal of Strategic Engineering Asset Management, 1(3), 
265. 

Sherwin, D. (2000). A review of overall models for maintenance management. 
Journal of Quality in Maintenance Engineering, 6(3), 138–164. 
https://doi.org/10.1108/13552510010341171 

Sherwin, D. J., & Al-Najjar, B. (1999). Practical models for condition monitoring 
inspection intervals David. Journal of Quality in Maintenance Engineering, 
5(3), 203–221. 

Shu, T., Xia, M., Chen, J., & de Silva, C. (2017). An Energy Efficient Adaptive 
Sampling Algorithm in a Sensor Network for Automated Water Quality 
Monitoring. Sensors, 17(11), 2551. https://doi.org/10.3390/s17112551 

Simon, J., Trojanova, M., Zbihlej, J., & Sarosi, J. (2018). Mass customization 
model in food industry using industry 4 . 0 standard with fuzzy-based multi-
criteria decision making methodology. 10(3), 1–10. 

Takata, S., Kimura, F., Houten, F. J. a M. Van, & Westkämper, E. (2004). 
Maintenance: Changing Role in Life Cycle Management. CIRP Annals - 
Manufacturing Technology, 53(2), 643–655. 
https://doi.org/http://dx.doi.org/10.1016/S0007-8506(07)60033-X 



82 

Thoben, K. D., Wiesner, S. A., & Wuest, T. (2017). “Industrie 4.0” and smart 
manufacturing-a review of research issues and application examples. In 
International Journal of Automation Technology (Vol. 11, Issue 1, pp. 4–
16). Fuji Technology Press. https://doi.org/10.20965/ijat.2017.p0004 

Villacourt, M., & Drive, M. (1992). Failure reporting, analysis and corrective 
action system in the us semiconductor manufacturing equipment industry: a 
continuous improvement process. Thirteenth IEEE/CHMT International 
Electronics Manufacturing Technology Symposium, 111–115. 

Villacourt, M., & Govil, P. (1993). Failure reporting, analysis, and corrective 
action system. 

Wabner, M. (2018). MAINTENANCE AND SUPPORT Contributing a strategic 
approach to EU research and innovation policy Roadmap. 
www.focusonfof.eu 

Waeyenbergh, G., & Pintelon, L. (2002). A framework for maintenance concept 
development. International Journal of Production Economics, 77(3), 299–
313. https://doi.org/10.1016/S0925-5273(01)00156-6 

Weyns, D., & Iftikhar, M. U. (2016). Model-Based Simulation at Runtime for 
Self-Adaptive Systems. 2016 IEEE International Conference on Autonomic 
Computing (ICAC), 364–373. https://doi.org/10.1109/ICAC.2016.67 

Weyns, D., Malek, S., & Andersson, J. (2012). FORMS:Unifying Reference 
Model for Formal Specification of Distributed Self-Adaptive Systems. ACM 
Transactions on Autonomous and Adaptive Systems, 7(1), No. 8. 
https://doi.org/10.1145/2168260.2168268 

Yan, J., Pei, L., Chen, Z., & Wang, M. (2012). Local adaptive sampling for 
wireless sensor network powered by energy harvesting. Optik, 123(23), 
2195–2197. https://doi.org/10.1016/j.ijleo.2011.11.011 

Yin, R. K. (2009). CASE STUDY RESEARCH Design and Methods fourth Edition 
(Fourth Edi). Sage Publications. 

Ylipää, T., Skoogh, A., Bokrantz, J., & Gopalakrishnan, M. (2017). Identification 
of maintenance improvement potential using OEE assessment. International 
Journal of Productivity and Performance Management, 66(1), 126–143. 
https://doi.org/10.1108/IJPPM-01-2016-0028 

Zhang, Y., He, S., Chen, J., Sun, Y., & Shen, X. S. (2013). Distributed sampling 
rate control for rechargeable sensor nodes with limited battery capacity. 



83 

IEEE Transactions on Wireless Communications, 12(6), 3096–3106. 
https://doi.org/10.1109/TCOMM.2013.050613.121698 

Zhu, J., Zou, Y., & Zheng, B. (2017). Physical-Layer Security and Reliability 
Challenges for Industrial Wireless Sensor Networks. IEEE Access, 5, 5313–
5320. https://doi.org/10.1109/ACCESS.2017.2691003 

Zhu, P., Liyanage, J. P., Panesar, S. S., & Kumar, R. (2020). Review of workflows 
of emergency shutdown systems in the Norwegian oil and gas industry. 
Safety Science, 121(February 2019), 594–602. 
https://doi.org/10.1016/j.ssci.2019.02.037 

Zuccolotto, M., Pereira, C. E., Fasanotti, L., Cavalieri, S., & Lee, J. (2015). 
Designing an Artificial Immune Systems for Intelligent Maintenance 
Systems. IFAC-PapersOnLine, 48(3), 1451–1456. 
https://doi.org/10.1016/j.ifacol.2015.06.291 

 




	Cropped_ front page_ Algabroun_omslag_utfall
	Cropped_Algabroun_inlaga

