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Abstract— The latest industrial revolution is manifested by 

smart and networking equipment. Realizing the full value of 
these machineries, and other business assets, has become 
increasingly important. Strategic asset management faces 
managerial, technical as well as methodological challenges, of 
which some could be reduced or overcome by applying 
technological solutions such as Internet of things, cloud 
computing, cyber-physical systems and big data analytics. This 
paper outlines the impact of the emerging technologies in the 
area of strategic management with special emphasis on the 
analytics as service provider for the maintenance functions. 
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I.  INTRODUCTION 
Emerging information technologies have rapidly changed 

the business environment as the borders between the real world 
and the virtual world gradually disappear. This change is 
manifested in the knowledge intensive and service focused 
industry [1] as well as in the smart manufacturing equipped 
with cyber-physical machinery [2]. Industry 4.0 is understood 
as the fourth generation of industrial activity enabled by 
connected entities and systems and that brings new business 
opportunities for instance in form of increased 
individualization and flexibility in manufacturing [3]. This puts 
ever increasing demands on high performance of the 
manufacturing equipment and consequently, managing the 
equipment becomes important.  

Asset management helps an organization in understanding 
the value of its assets and the role of assets in achieving 
organizational objectives [4]. Just as the emerging technologies 
have impacted the businesses on local and global level, the 
technology development also has impact on the area of asset 
management. Indeed, maintenance plays a key role in asset 
management and is also a principal actor within industry 4.0. 

That is why one of the application areas of industry 4.0 is 
maintenance in the form of self-learning and smart system that 
predicts failure, makes diagnosis and triggers maintenance 
actions. These systems have high demands on data access and 
data quality and use multiple data sources to extract relevant 
information [5]. Maintenance 4.0 utilizes the advanced 
technologies for the predictive analytics and provides decisions 
based on feasibility. Maintenance 4.0 is mainly applicable for 
the industry 4.0 with emphasis on the prospects of maintenance 
that involves data collection, analysis, visualization and 

decision making for assets. Maintenance 4.0 also addresses a 
common Achilles heel in asset management: a better assets 
status forecasting, commonly called prognosis. The estimation 
of the remaining useful life establishes the basis for any 
operation or maintenance service in order to check the 
probability of mission accomplishment by the asset [6].   

It is relevant to mention the need of ‘Big data’ approach to 
diverse sources of information and create new services based 
on the ontologies exploited and therefore knowledge discovery 
performed [7]. This adoption of Big data may pave the ground 
for better Operation and Maintenance policies bridging the gap 
between them considering that O&M have been historically 
optimized in independent silos manner.  In this paper the 
applicability of Maintenance 4.0 and the positive effects on 
technology, organization and operations beings will be 
described from a systems perspective. 

The purpose of this paper is to describe the impact of the 
latest industrial revolution within the area of strategic asset 
management. A number of managerial, technical and 
methodological challenges are identified. How these challenges 
could be overcome by the application of Maintenance 4.0 and 
big data analytics is thereafter discussed. Especially the 
potential within advanced maintenance analytics is discussed 
and illustrated. The new technological advancements bring 
opportunities but also new challenges, of which the most 
emergent are highlighted in the end of the paper. 

II. THEORETICAL OVERVIEW 

A. Strategic asset management 
Asset management is according to ISO 55000 defined as 

the coordinated activity of an organization to realize value 
from assets [4]. The term asset refers to tangible as well as 
intangible items that have a value, either real or potential, to the 
organization. Activities are seen in a broad perspective, and can 
be the general approach, the planning as well as the 
implementation of the plans. [8] emphasizes the life cycle and 
sustainability perspectives of asset management, and proposes 
the following definition:  the optimization of the life cycle of an 
asset to meet performance standards in a safe and 
environmentally sound manner through smart Planning, 
Investment Financing, Engineering, Operations, Maintenance, 
Refurbishment and Replacement (Lutchman, 2006, p. 18). [9] 
describe asset management for infrastructure asset management 
as the rational decision-making process intended to satisfy the 
level of service demanded on assets //...// while simultaneously 
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minimizing costs and maximizing effects (Park et al., 2016, p. 
711). [10] propose five key requirements of asset management: 
time, spatial, organizational, measurement and statistical 
generality. Asset management extends over time and across all 
types of assets, and at all levels of the organization. The 
performance measures covers economic, social and technical 
attributes of the assets, and on all performance levels. 

The management of assets is documented in a strategic 
asset management plan [4]. This plan specifies how strategic 
objectives of the organization are to be converted into specific 
asset management objectives, i.e. the alignment of the asset 
management strategy with the corporate strategy. Continuingly, 
the plan describes the approach for developing asset 
management plans as well as the way the asset management 
system supports the achievement of set objectives. The asset 
management system and the relationships between key 
elements in the system are shown in Figure 1. The process flow 
is marked with thick arrows and information flows with thin 
arrows, while feedback is marked with dashed arrows.  

 

Fig. 1. The asset management system, modified 
from ISO 55000 

B. Maintenance 4.0 and big data analytics 
The on-going industrial digitalization provides enormous 

capabilities for industry to collect vast amount of data and 
information (i.e. Industrial Big Data), from various processes 
and data sources such as operation, maintenance, and business 
processes. However, having accurate data and information 
available is one the prerequisites in maintenance knowledge 
discovery. Beside the collecting data and information, another 
puzzle is to understand the patterns and relationships of these 
data useful and relevant for maintenance decisions.   

Hence, the purpose of this paper is to propose a concept for 
knowledge discovery in maintenance with focus on industry 
4.0 which could be seen as a smart manufacturing system 
consisting of physical assets such as machines, components 
and humans that are highly connected and integrated [11]. 

Maintenance 4.0 is a subset of the smart manufacturing system 
represented by self-learning and smart machines that predicts 
failure, makes diagnosis and triggers maintenance actions. The 
smart equipment is in form of embedded or cyber-physical 
systems (CPS), i.e. equipment where the physical and software 
components are intertwined. The CPS possesses computing 
resources for efficient data capture, processing and 
communication in order to monitor and control the system [12]. 

The internet has undergone several development phases, 
from connecting different computer devices to connecting 
people. Today the internet could be described as a socio-
technical system; a global and open information network 
consisting of subsystems, such as the social networks referred 
to as Internet of people and Internet of things that connects 
physical items through embedded software and sensors. 
Internet of things (IoT) can be understood as a global structure 
allowing virtual and physical assets to seamlessly be integrated 
into the information network, and to become an active part in 
socio-technical systems such as a company [13, 14]. Cloud 
computing covers all kinds of services offered through the 
internet [15, 16, 17]. Software as a Service (SaaS) refers to 
software available on the internet, either as freeware or for 
purchase. Instead of installing the software locally on a 
physical unit the software is available from any computer unit 
through the web browser. Similarly, Platform as a Service 
(PaaS) and Infrastructure as a Service (IaaS) utilizes the 
possibility to offer computer service through the internet - PaaS 
mainly in form of execution capabilities and IaaS for full 
computing capabilities in a virtual environment for the 
customer.  

[18] propose a virtualization of tangible as well as 
intangible assets into an Asset as a Service (AaaS) model. The 
AaaS supports the gathering, monitoring and analysis of asset 
data by providing a common ontology for asset management. 
Ontologies are a means to handle big and heterogeneous data 
sets. The term big data describes very large data sets that 
cannot be handled, stored or processed using traditional 
database management systems [19]. Big data is characterized 
by 5Vs: volume, velocity, variety, veracity, and value [20, 21, 
22]. The volume is large and constantly growing; especially as 
much of the data streams are in real-time of high velocity. The 
data sources and the data structures are heterogeneous which 
adds to the complexity; the variety of sources and structures 
leads to challenges regarding data quality and veracity. The 
vast data sets are a valuable asset to the organization if it 
possesses effective methods for the management and analysis. 
[23] explain that big data are data sets that can be aggregated 
and analyzed in various ways in order to visualize patterns in 
the data. Big data forces the organization to new ways of 
thinking and doing; it enables predictivity in the analyses by 
simulations, optimizations and statistical analysis [24]. Big data 
analytics utilize visualization for the interpretation of data by 
creating abstract or virtual representations of the information 
[25]. A special form of virtualization is the virtual or 
augmented reality, i.e. representations of the world created by 
mixing physical features with software features. Virtual and 
augmented reality could be used for simulation, training and 
educational purposes [17]. The main characteristics of 
Maintenance 4.0 are summarized in Figure 2. 



Fig. 2. Maintenance 4.0 

C. Information management within asset management 
Data produced in asset management can be described in 

terms of the 5Vs described by [21] and [22]. Data from sensors 
like accelerometers or acoustic sensors can be acquired with 
velocity of tens of thousands of samples per second per each 
measuring point. Having hundreds or thousands of those 
points, big volume of data is being produced. Some 
maintenance related data are structured while some are not, 
such as free text comments for performed maintenance actions 
or failure reports. Moreover, data from different systems are in 
different formats. This is the source of variety of data in asset 
management. Those data has potential value when properly 
employed in asset management, but in order to achieve this, 
there is need to asses and man-age the veracity of the data, i.e. 
the data uncertainty. Finally, understanding the value of data, 
i.e. how data can enable efficiency and effectiveness in 
maintenance management, for instance for improved decision 
making, and to choose the most cost-effective means to process 
the data is important. 

Data mining in big asset data can discover knowledge in 
terms of new patterns and relations not visible at a glance. The 
big data approach enables incorporation of contextual 
information in Maintenance Decision Support Systems (DSS) 
[26]. One example of useful knowledge that could be 
discovered is root causes of failure. This can provide an input 
for design improvement, as well as for more accurate 
maintenance planning. 

To support an effective maintenance decision making 
process needs a trusted DSS based on knowledge discovery. 
The process of knowledge discovery will essentially consists 
of; data acquisition: to obtain relevant data and manage its 
content; data transition: to communicate the collected data; 
data fusion: to compile data and information from different 
sources; data mining: to analyze data to extract information and 
knowledge; and information extraction and visualization: to 
support maintenance decision; as shown in Figure 3.  

The integration of data, recorded from a multiple-sensor 
system, together with information from other sources to 
achieve inferences is known as data fusion [27]. Data fusion is 
a prerequisite when handling data from heterogeneous sources 

or from multiple sensors. Knowledge discovery when applied 
for maintenance decision support uses eMaintenance concept 
for integrating the data mining and knowledge discovery. To 
get the right decision for the context sensing is a must. 
However, development of eMaintenance for industrial 
application faces a number of challenges which can be 
categorised into: 1) Organisational; 2) Architectural; 3) Infra-
structural; 4) content and contextual and 5) integration [28].  

Maintenance 4.0 utilizes the advanced technologies for the 
predictive analytics and provides decisions based on feasibility. 
Maintenance 4.0 is mainly applicable for the industry 4.0 with 
emphasis on the prospects of maintenance that involves data 
collection, analysis, visualization and decision making for 
assets. 

 
Fig. 3. A generic maintenance information  process 

III. CHALLENGES WITHIN STRATEGIC ASSET MANAGEMENT 
In this section main challenges within strategic asset 

management, extracted from current research in asset 
management and related areas, are presented. Managerial 
challenges cover questions related to the management of assets 
- how to obtain business value, the nature and purpose of the 
organization, and the needs and expectations of the 
organization and its stakeholders. Technical challenges are 
related to the physical assets as well as the information 
systems. Finally, the methodological challenges refer to the 
data processing and analysis methods required for reaching 
optimal decision making within asset management. The 
challenges are all aligned with the asset management system as 
described in Figure 3. 

A. Managerial challenges 
[29] identify several challenges within offshore asset 

management spanning from human resource related issues to 
knowledge management and economic challenges in addition 
to the context specific issues that lies within offshore industry. 
A main operational challenge is the focus on CAPEX (capital 
expenditures) in the procurement, often leading to higher 
OPEX (operational expenditures) and thus higher lifecycle 
costs. The provision of skilled personnel is another challenge. 
There exists a need for continuous training and personnel 
development as well as effective management of knowledge. 
The main conclusion was that these challenges interact in the 
socio-technological environment, and that the challenges thus 
should be addressed in in a holistic way rather than finding 
solutions for each challenge. Possessing relevant knowledge 
not only about the equipment, but also regarding information 
technology (IT), is important for successful application of IT-
support. [30] for instance found that benefits of IT investments 
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in asset management correlates with the organizational level of 
knowledge; the higher the level of knowledge the higher the 
benefits. [31] also points out the IT maturity level as a 
challenge. [32] highlight the challenges that stems from 
conflicting interests in the organization and propose a 
holistic asset management framework connecting decision 
making and control on all managerial levels through the use of 
performance measures. Conflicting objectives is approached by 
[33] as well. The authors suggest a multi criteria decision 
making framework for finding an optimum trade-off for 
reaching sustainable asset management. A holistic lifecycle 
approach for offshore wind turbine management is also 
suggested by [34]. The authors point out that the operations 
and maintenance aspects must be considered in the design 
and that several key stakeholders are missing the design 
process. This impacts the cost-effectiveness of the 
maintenance. 

B. Technological challenges 
The technology heterogeneity of the physical asset 

management systems is a huge challenge. There are problems 
in integrating the various information systems islands for 
supporting the whole lifecycle management as well as handling 
the diversity of physical assets, such as in the application area 
of urban flood control [15], highway asset management [35]  or 
electric power grids [36]. This induces mistakes and leads to 
inefficient asset management, and the sharing of assets 
becomes difficult resulting in increased utility rate [15]. [35] 
developed an ontology based solution that interconnects 
heterogeneous life cycle data to support decision making. The 
technology heterogeneity also leads to data security and data 
integrity issues [16]. [23] studied configuration management 
in large projects and found several challenges related to asset 
management. One is the long lifecycles of systems, which adds 
on to the data integrity problems; asset information is stored in 
heterogeneous IT systems, using different types of media and 
structures. There are also problems with handling different 
versions of equipment, and to fit in new or configured 
equipment into the existing systems. The lack of real-time 
data is a great challenge in many industries, for instance in 
logistics services, where tracing and tracking of the physical 
assets is important for effective planning [13]. Challenges in 
data management for offshore wind turbine management cover 
both data retrieval and data analysis, and the availability of 
real-time data [34]. The lack of efficient IT support affects 
the planning and optimization of maintenance.  

C. Methodological challenges 
The efficient asset management requires a life cycle and 

systems perspective on assets [4], which should be reflected in 
the methods used for data retrieval and analysis. It is well 
known that the adoption of condition-based maintenance and 
prognostic methods is a challenge for the industry. [37] found 
that especially the selection of parameters and analysis 
methods are not well motivated. This leads to long and costly 
implementation processes as the companies use a trial and error 
approach. In addition, the quality level of the analyses is not 
sufficient to improve the maintenance decisions. Thus, the 
technical features of the predictive systems are not well aligned 
with maintenance business impact. 

IV. IMPACT OF MAINTENANCE 4.0 AND BIG DATA 
ANALYTICS WITHIN STRATEGIC ASSET MANAGEMENT 

A. Managerial impact 
The CAPEX-focused procurement strategy often applied 

for both simpler and more complex assets might result in 
ineffective investment decisions as the main part of the asset 
total costs is derived from the operational phase [38]. Big data 
creates new opportunities to combine different types of data 
and analyses asset performance and conditions both on 
aggregate and individual level [19]. This leads to better 
understanding of the asset operational phase and better 
documentation of the individual asset behavior, which is an 
important input for creating more accurate LCC models [38]. 
Moreover, operations and maintenance aspects must be 
considered in the design phase, which require efficient 
feedback mechanisms from the operational phase to the design 
or redesign phase.  IoT and AaaS systems secure information 
requirements throughout the life cycle and provide feedback 
mechanisms from operation to design/redesign. [35] propose an 
ontology based exchange mechanism for this purpose, which 
eliminates the costly and time consuming paper based 
equivalent while enabling the collaboration between multiple 
partners involved in infrastructure projects. 

Conflicting interests in the organization is not only 
affecting the operational efficiency, but could have impact on 
the strategic level in form of organizational cost 
ineffectiveness, or on the societal level inducing safety and 
environmental hazards, see for instance [32] and [39]. [39] 
propose applying an ecosystem for the Swedish railway 
industry in order to understand organizational and inter-
organizational issues. According to [40], a business ecosystem 
could be seen as an economic community, consisting of 
interacting organizations and individuals that create value for 
the customers. The effectiveness is thus not defined at the 
organizational level, but at the ecosystem level, which also is 
reflected in the business objectives. [14] connects IoT with the 
business ecosystem concept, and view IoT as a means to 
organize the ecosystem. IoT could thus provide an ecosystem 
perspective where goals are connected to the value creation 
rather than to individual departments or individual partners.  

Provision of skilled personnel is a huge challenge, 
especially in remote or harsh production environments. Smart 
equipment require less personnel for the operation and 
maintenance, as regular monitoring and control activities are 
made completely automatic, but also parts of the preventive 
maintenance actions such as lubrication. While the production 
will require less operators and technicians, the smart 
production will depend on workers with specialized 
competences such as analytical skills and management 
competences, and that interacts virtually with the physical 
assets. CPS and virtualization techniques are for instance 
combined in [12] for allowing the user to view and access 
maintenance data remotely through the internet and interact 
with the machine. Making the correct decision in the right time 
will increasingly become a key competence, not only on 
strategic level, but also on the operational. Consequently, the 
real-time and advanced analytics tools and visualization of big 
data will become increasingly important. 



The level of information technology competence is directly 
correlated with the level of benefit an organization can reach 
with IT. Traditional IT strategies rely on in-house competence 
of the IT organization, often in form of centralized IT 
governance. [41] found the decentralized governance strategy 
more common in the area of maintenance management. A 
decentralized strategy increases the chances that the IT support 
is aligned with the objectives of the organization, but require IT 
competence within the maintenance organization, which often 
is lacking. Cloud computing and software as a service in 
general, and the concept of assets as a service in particular, 
reduces the need for an internal IT organization and specialized 
IT knowledge within the maintenance organization. Using third 
party agreements and cloud services could potentially lead to 
reduction of overall IT costs and better adaptation of IT 
solutions to the needs of the maintenance organization [31]. A 
prerequisite is that suitable SaaS solutions are available on the 
market. 

B. Impact on technology 
Cloud computing is seen as a solution to the information 

technology heterogeneity by several authors [15, 18, 35]. 
Cloud computing require less integration efforts between 
separate systems while enabling current systems to be 
connected. The variety of cloud services, from SaaS to IaaS, 
give opportunities to find the solution that best supports the 
strategic asset management objectives as well as the current 
technology configuration. [25] suggest a visualization approach 
for overcoming problems with heterogeneous and large amount 
of data. By visualizing how building assets degrade over time 
just-in-time maintenance scheduling can be achieved.  

A major challenge is the lack of real-time data. Smart cloud 
based technologies in form of Radio-frequency identification 
(RFID) and Wireless Sensor Networks (WSN) is a way to 
overcome problems with real-time data collection of 
heterogeneous data [15]. [15] propose a cloud based platform 
for asset management, consisting of four layers. Smart assets, 
i.e. assets that communicate through IoT, are connected 
through a gateway layer while an agent wraps and represents 
the smart assets into a unified asset model.  

Big data and cloud computing will not solve the security 
and integrity problems which stems from the use of network 
technologies, but maintenance 4.0 will at least force the 
stakeholders to pay attention to the issues and work towards a 
common solution. Applying a common ontology can assist in 
the integration and definition of relevant data sets from 
heterogeneous data sources [35]. Using a skilled third party as 
information provider can decrease security issues [42]. The 
information provider is expert in the information technology 
area and has appropriate resources for the secure and efficient 
management of information.  

C. Methodological impact 
Several authors propose IoT and big data solutions for 

ensuring life cycle approaches and systems perspectives on 
assets; se for instance [13, 15, 35]. The new technologies 
provide opportunities to create integrated and seamless data 
flows between physical assets as well as different stakeholders. 
The use of ontologies [35] and standards [16] secure a common 

understanding and interpretation of relevant data, making the 
selection of parameters easier. Moreover, the merging of asset 
data with other corporate data sets is supported with network 
architectures such as CPS and IoT [23]. Big data analytics 
somewhat changes the way decision making is made: instead 
of selecting appropriate methods for the analysis of data, BD 
analytics swifts through the available data and finds new 
patterns and correlations. This enables the decision making 
based not only on common understanding of the assets, but 
also on yet unrevealed correlations between different 
parameters. [37] found the selection of parameters as well as 
analysis methods for prognostics maintenance being poorly 
motivated, which in turn could affect the quality of the 
analyses. [43] propose an integrated approach that combines 
model driven and data driven diagnostics and prognostics 
techniques for complex CPS. CPS that automatically monitors 
and predicts their degradation, such as in [44], reduces the need 
for selecting parameters and analysis methods, as the 
equipment already has prognostic capabilities embedded into 
the physical entity. 

V. MAINTENANCE ANALYTICS 
The concept for Maintenance Analytics (MA) focuses in the 

new knowledge discovery in maintenance. MA addresses the 
process of discovery, understanding, and communication of 
maintenance data from four time-related perspectives. These 
time related perspective match with the determination of the 
past, present and future state of an asset summarised by [45] in 
four questions, as it can be seen in Figure 4 below. What 
happened, why it happened, what will happen and how can we 
make it happen are the issues involving the determination of 
the state of an asset.  
 

A. From descriptive to prescriptive analytics 
 

The questions are ordered by the value of the information 
given by each of them, in such a way that the former has the 
less value and the latter the higher value. Nevertheless, 
obtaining this valuable information requires more and more 
resources as the difficulty to achieve the goals proposed by the 
questions is higher. The last question will be in the spotlight in 
the coming future in order to decide how to take advantage of 
a future opportunity or mitigate a future risk, getting 
information about the implications of each decision option. 
The selection of the best option, based on some given 
parameters, will provide a meaningful tool for improving 
maintenance planning and production scheduling. 



 
Fig. 4. The way to prescriptive analysis [45] 

• Maintenance Descriptive Analytics (monitoring) 
focuses to discover and describe what happened in 
the past; and why something happened; in this phase 
access to data related to system operation, system 
condition, and expected condition is highly 
important. Another important aspect in order to 
understand the relationship of events and states 
during the descriptive analytics is time and time 
frame associated with each specific log.  

• Maintenance Diagnostic Analytics:  It explains the 
possible reasons for faults or failures, i.e. why and 
where questions, since diagnosis is defined by 
EN13306 as the fault detection, identification and 
localization. 

• Maintenance Predictive Analytics focuses to estimate 
what will happen in the future; The Maintenance 
Predictive Analytics phase of MA aims to answer 
“What will happen in the future?” but also why will it 
happen?  In this phase the outcome from 
‘Maintenance Descriptive Analytics’ is used. 
Additionally, in this phase, availability of reliability 
data and maintainability data is necessary beside the 
data used in descriptive phase. In addition, in order to 
predict upcoming failure and fault there is a need to 
provide business data such as planned operation and 
planned maintenance to this phase.  

• Maintenance Prescriptive analytics which addresses 
what need to be done next. The Maintenance 
Prescriptive Analytics phase of MA aims to answer 
“What needs to be done?”.  When dealing with 
Maintenance Analytics (MA) provision of 
appropriate information logistics is essential. The 
main aim of information logistics is to provide just-
in-time information to targeted users and 
optimization of the information supply process, i.e. 
making the right information available at the right 
time and at the right point of location [46, 47]. 
Solutions for in-formation logistics need to deal with: 

I) time management, which addresses ‘when to 
deliver’; II) content management, which refers to 
‘what to deliver’; III) communication management, 
which refers to ‘how to deliver’; IV) con-text 
management, which addresses ‘where and why to 
deliver’[46, 47]. 

B. The need for prescriptive analytics in maintenance: a case 
study 
There are four stages of analytics that vary depending on 

difficulty, value and trends of technology. The descriptive 
analytics (hindsight) provides what has happened based on 
measuring asset that was reflected after failure. Diagnostic 
analytics can provide the reason behind the root cause of 
failure. Predictive analytics (insight) in the present provides 
can predict the future behavior by analyzing remaining useful 
life. The prescriptive analytics (foresight) can assess the 
recommendations provided by the predictive analytics and 
recommend measures for corrective or preventive 
maintenance actions. This has the capability to design the 
operation and maintenance according to our requirements that 
adapts continually without excessive user intervention thus 
acts as a backend for industry 4.0 systems. Next figures show 
the natural deterioration and restoring process of an asset with 
the corresponding thresholds. Looking upon all mentioned 
before, the figure 5 summarizes the three potential scenarios: 

 

 
Fig. 5.   Maintenance scenarios 

On the one hand there is the health of the component, 
which will be represented by a traffic light. Each of these 
states is related to a different scenario in terms of 
maintenance. It must be remarked that the diagnosis phase i.e. 
the answer to “what is happening” may be able to distinguish 
between three different states of health, limited by two 
thresholds: maintenance threshold and service threshold 
(depicted in figure 5). The first in understood as a warning 
limit when maintenance personnel must start considering to 
deploy a maintenance action. The last is formally equivalent to 



RUL, when the component and consequently the machine get 
a failure and the service is interrupted. 

In the first scenario, when neither the maintenance 
threshold nor the service threshold has been crossed, two 
figures may be relevant for operators and maintainers (see 
figure 6): 

• Remaining time to get the maintenance threshold. 

• Remaining time to get the service threshold.  

In this first phase of the life span, the system does not 
suggest to perform any maintenance action, since the 
component is considered in an early safety stage and the RUL 
estimation dictates that the risk of failure is still far. 

 

 
Fig. 6.  Good Health Scenario   

Once the maintenance threshold has been crossed, the 
component gets into a risky stage where a maintenance action 
should be performed in a near future, in order to avoid a 
failure. In this case, the RUL estimation to get the service 
threshold should be presented to the end user as a result; it 
means that this would be the time to failure if the maintenance 
personnel do not perform any maintenance action (“do 
nothing” option) but the end user may also be interested in the 
consequences of taking one or another maintenance action 
(preventive or corrective). It is in this point where the RUL 
restoration parameter must be considered to decide which 
health state would have the component after a maintenance 
action. 

The challenge is to know the real condition of the asset, 
i.e. the RUL consumed in each threshold and therefore to 
know if the RUL restoration of each maintenance action is a 
fact and the maintenance threshold has been crossed back 
restoring the asset to the healthy condition. If so, the 
component will get a good health condition; if not, it may 
remain in the risky situation. This mentioned situation may 
happen when performing a preventive maintenance action; 
while applying corrective maintenance in such situation it is 
considered that a recovery up to the good health condition is 
feasible. The reason is that after a corrective maintenance 

action the improvement is high enough to cross back the 
maintenance threshold but no the PM action. This is illustrated 
in figure 7. 

 
Fig. 7. Risky Health Scenario 

Finally, the last scenario to be covered is the one where the 
component reaches the service threshold. After this point, the 
only solution to recover the component´s health is to perform 
a corrective action (many times reactive). As it happened in 
the previous scenario, the recovery situation would get the 
good or risky condition depending on the threshold values (see 
figure 8). 

 
Fig. 8.  Faulty Health Scenario 

However prediction of RUL is no longer the information 
requested by the user in a predictive analytics approach since 
this information even valuable may be considered incomplete 
for the decision makers. In the RUL visualization of figure 
below two different aspects of the prognosis techniques are 
shown. Since prognostics deals with predicting the future 
behavior of engineering systems, there are several sources of 
uncertainty which influence such future prediction, and 



therefore, it is rarely feasible to obtain an estimate of the RUL 
with complete precision. 

 
Fig. 9.  Degradation over time 

 
In fact, it is not even meaningful to make such predictions 

without computing the uncertainty associated with RUL. In 
the case of prescriptive analytics the uncertainty can be 
meaningful for the user since one of the uncertainty sources 
comes from the lack of knowledge in the operation of the 
machine. Indeed, the most intuitive way to show a 
component´s degradation is drawing the evolution over time 
of some performance/health index. In the figure 9, the 
threshold that indicates the beginning of the faulty region is 
the blue horizontal line, and this will determine the RUL of 
the component. The evolution of the real data points over time 
is depicted with black stars. It can be observed that red lines as 
uncertainty measures regarding the operation of the machine 
provide different RUL associated with operations hard and 
soft against the medium or normal operation mode considered 
in the RUL estimation. 

This estimation provides to operators and maintainers the 
information to schedule maintenance actions but not only that. 
Since, the different operational profile provide different RUL 
estimates then operators and maintainers have the opportunity 
to decide different operational sequences in order to open up 
maintenance windows whenever convenient for the business. 
These alternatives far away from static RUL predictions are 
the prescriptive analytics requested by O&M departments and 
asset managers in industry 4.0. 

VI. CONCLUSIONS 
This paper has described the impact of Maintenance 4.0 and 

big data analytics in the area of strategic asset management. It 
is evident that the new technologies will have a great positive 
impact for the effective management of assets. The gains are 
seen in all levels, from defining organizational objectives and 
connecting them to asset management objectives, to the 
creation of efficient plans and for performance evaluation and 
improvements. Thus, the whole asset management system 
could be supported by IoT and big data analytics. According to 
[23] big data challenges the existing approaches for asset 
integrity management and forces new ways of thinking.  

The new technology paradigm brings many opportunities 
but also new challenges. One major challenge is providing data 
security and integrity in the connected and collaborating 
networks. Data needs to be secured throughout its life cycle, 
throughout the asset life cycle and throughout the full 
ecosystem. [16] for instance highlight that data encryption 
cannot be smoothly enabled in the cloud for the full exchange 
flow, and [13] discuss the problems related to data integrity in 
IoT in connection with tracking of assets using RFID tags. A 
problem with big data sets is the choice of appropriate analysis 
methods. The knowledge discovery process has to be supported 
by standardized methodologies, an area within big data 
analytics still in need of much research. Another challenge is 
the development of appropriate software for enabling the 
effective utilization of cloud computing and big data, such as 
commercially available AaaS. Finally, a more subtle yet highly 
important challenge is the change of mindset that is required 
with respect to strategic asset management and the new 
technology paradigm; companies and organizations have to 
understand the business impact that lies within Maintenance 
4.0 both with respect to increased internal effectiveness, but 
also in form of new business opportunities. The latter changes 
focus from the traditional business models providing products 
to creating value for the customer in form of Service 
Management 4.0 [3]. 

In this regard, the directions identified along the paper of 
the further research to be performed can be summarized as 
follows: 

• Real time KD algorithms from heterogeneous asset 
data sources that will cope with privacy preserved 
processing, feature and instance selection, 
discretization, data compression, ensemble classifiers 
and regression models, and spatial and temporal 
alignment of data. 

• Scalable data structures based on cross-domain data 
sources acquisition by means of a virtualization layer 
between data acquisition process and data analytics. 
This should also include new solutions that combine 
new databases capabilities to integrate heterogeneous 
data sources on high-performance accessing systems 
based on Clouds. 

• Enabling Big Data Communications by means of 
open interface gateways with monitoring systems 
providing timestamp and position synchronization, 
heterogeneous communication support, including 
mobility and aggregation, and priority protocols for 
real time transmission of information. 
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