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Resumen

Esta tesis esta contextualizada en la gestión de activos, más concretamente esta enfocada
a contribuir en el desarrollo y avance de la ingeniería de fiabilidad mediante una

propuesta de valor que considera aspectos multi-disciplinares. Las contribuciones de la
investigación en esta tesis tienen como objetivo mejorar la toma de decisión en la gestión
de flotas de activos físicos mediante un enfoque innovador que combine las capacidades
de algoritmos de aprendizaje automático con las ventajas y beneficios de los modelos de
negocio orientados a servicios.
El presente manuscrito está dividido en cinco capítulos que contienen los diferentes

aspectos de la investigación llevada a cabo. En el primer capítulo se recoge una introducción
a la temática y el contexto en el que se desarrolla esta tesis junto con una explicación
de los principales fundamentos de la investigación. Es en este primer capítulo donde
se explora el problema a solucionar y las preguntas de investigación que van a marcar
las lineas de evolución del trabajo de la tesis. Después, el capítulo número 2 recoge
todos los trabajos y conceptos que constituyen las bases de la investigación. Este segundo
capítulo esta dividido por un lado en una revisión de la literatura que recoge trabajos de
autores en las disciplinas de gestión de activos, servitización, gestión del mantenimiento e
ingeniería de fiabilidad. Y por otro lado, el capítulo 2 recoge los conceptos técnicos así
como desarrollos matemáticos y algoritmos que constituyen la base de los desarrollos
propios de la investigación en la tesis. El capitulo 3 presenta la metodología que se ha
seguido y las fases que la componen: exploratoria, fase de desarrollos, verificación y
validación, y resultados. Además en este capítulo se presentan las contribuciones de la
tesis, dos desarrollos que proponen importantes avances en la ingeniería de fiabilidad, y
una propuesta que considera múltiples metodologías, métodos y herramientas para poder
crear valor en diferentes industrias a partir de los dos desarrollos. Este tercer capítulo
también incluye un resumen de las diferentes publicaciones que se consideran dentro de la
investigación de esta tesis. Los resultados derivados de la aplicación de las contribuciones
a diferentes industrias se pueden ver en el cuarto capítulo. Más concretamente se considera
la aplicación de los desarrollos en la industria ferroviaria, en la industria aeroespacial, y
en proyectos de energía eólica. Finalmente el último capítulo recoge las conclusiones de
la tesis que consideran aspectos generales así como aspectos propios de la investigación.
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VIII Resumen

También en este último apartado se consideran las lineas futuras de investigación.
Los avances en ingeniería de fiabilidad que se presentan en esta tesis tienen como

objetivo reducir el nivel de incertidumbre que actualmente involucra la gestión de flotas
de activos. Mediante la propuesta de un innovador modelo de fiabilidad dinámico basado
en redes neuronales artificiales, se consigue modelar el impacto que tiene el contexto de
operación en el comportamiento de los activos. Gracias a la propuesta de este modelo
es posible avanzar hacia la personalización de planes de mantenimiento de acuerdo al
contexto de operación, y por lo tanto hacia escenarios de servicios en los que la oferta de
los OEMs es una combinación del activo y de los servicios conocida como PSS. Además,
para mejorar la gestión de flotas de activos en este paradigma, se propone un enfoque de
clusterización basado en la fiabilidad de los activos. Mediante este enfoque es posible
segmentar la flota en grupos en los que los activos presentan comportamientos de fallo
similares y por lo tanto gestionar las necesidad de mantenimiento de la flota de una forma
estructurada y sistemática. Esta tesis también se caracteriza por proporcionar metodologías
y herramientas que permitan traducir estos desarrollos en valor añadido. La tesis contribuye
con importantes consideraciones con respecto a los datos necesarios, su obtención y el
grado de calidad para poder aplicar los últimos avances en ingeniería de fiabilidad. Además
se proponen importantes avances de cara a la gestión del mantenimiento, entre otros para
poder integrar enfoques basados en fiabilidad con enfoques de mantenimiento basado
en condición y para poder evaluar la rentabilidad de implementar modelos avanzados
de fiabilidad y gestión de mantenimiento. También esta tesis explora la necesidad de
capacitarse tecnológicamente para poder adoptar estos enfoques de una forma rentable
y eficiente, y contribuye con una herramienta que facilita el proceso de la capacitación
tecnológica que tienen que llevar a cabo los OEMs para poder beneficiarse de un modelo
de negocio basado en la servitización del mantenimiento.

La aplicación de los desarrollos mediante casos de estudio en el sector ferroviario, en el
sector aeroespacial, y en el sector eólico, demuestra que mediante las propuestas de esta
tesis se consigue reducir el nivel de incertidumbre que involucra le gestión de flotas de
activos. Los modelos propuestos demuestran que son capaces de identificar el impacto
que tiene las condiciones de operación en la frecuencia de fallo y que posibilitan estimar
la fiabilidad de los mismos en función de cómo estén operando incluso considerando
cambios en el contexto operacional y otros posibles fenómenos. Además el enfoque de
clusterización facilita la gestión de flotas y ha demostrado que integrado con el modelo
de fiabilidad dinámica basado en redes neuronales, es capaz de soportar estrategias de
mantenimiento que conllevan mayores niveles de disponibilidad a menor coste que las
actuales.

La investigación en la tesis tiene importantes implicaciones prácticas para la gestión de
flotas, especialmente en OEMs que se encuentren adoptando modelos de negocio. Los
desarrollos muestran importantes mejoras respecto a tecnologías actuales y los métodos y
herramientas con los que se acompañan permiten a los OEMs poder ofrecer servicios de
mayor valor añadido. Sin embargo, a pesar del potencial que demuestran las propuestas
de valor de esta tesis, es necesario profundizar en la investigación siguiendo las lineas
descritas en la última parte de la tesis mediante futuros trabajos de investigación.



Abstract

This thesis is framed in the context of asset management, more specifically it is focused
on contributing to the development and advance of reliability engineering through

a value proposition that considers multi-disciplinary aspects. The contributions in this
thesis aim to improve decision-making in the fleet asset management through an innova-
tive approach that combines the capabilities of automatic learning algorithms with the
advantages and benefits of service-oriented business models.

The present manuscript is divided into five chapters containing the different aspects of
the research. The first chapter introduces the subject and context in which this thesis is
developed along with an explanation of the main foundations of the research. This first
chapter also explores the problem to be solved and the research questions that will guide
the lines of evolution of the thesis’ work. Then chapter 2 gathers all the related works and
concepts that constitute the basis of the research. The second chapter is divided into a
literature review section that includes works by authors in the disciplines of asset manage-
ment, servitization and PSS, maintenance management, and reliability engineering. On
the other part, chapter 2 includes the theoretical background containing the mathematical
developments and algorithms that constitute the basis of the developments in the thesis.
Chapter 3 presents the methodology that has been followed and the phases that compose
it: exploratory, developmental, verification and validation, and results. Additionally, this
chapter presents the contributions of the thesis, two developments that propose important
advances in reliability engineering, and a proposal that considers multiple methodologies,
methods, and tools to realize value in different industries from the two developments.
This third chapter also includes a summary of the different publications considered within
the scope of this thesis. The results derived from the application of the contributions
to different industries are presented in the fourth chapter. More specifically, the chapter
considers the application of the developments in the railway industry, in the aerospace
industry, and in wind energy projects. Finally, the last chapter contains the conclusions
of the thesis, which consider general aspects as well as research considerations. This last
section also considers future lines of research.
The advances in reliability engineering presented in this thesis aim at reducing the

level of uncertainty currently involved in fleet asset management. By the proposal of an
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innovative dynamic reliability model based on artificial neural networks, it is possible
to model the impact of the operational context on the behaviour of the assets. By the
proposal of this model, it is possible to advance towards the customization of maintenance
plans according to the operational context, and therefore towards service scenarios in
which the offer of the OEMs is a bundle of the asset and the services known as PSS. In
addition, to improve fleet asset management in this paradigm, a clustering approach based
on assets’ reliability is proposed. Through this approach, it is possible to segment the
fleet into groups in which the assets have similar failure behaviour and therefore it allows
managing the maintenance needs of the fleet in a structured and systematic approach.
This thesis also contributes to the body of knowledge with methodologies and tools to
translate these developments into added value. The thesis contributions are important
considerations regarding the necessary information, data gathering and quality level to
apply the latest advances in reliability engineering. Besides, important advances are
proposed for maintenance management, among others to be able to integrate reliability-
based approaches with condition-based maintenance approaches and to be able to evaluate
the feasibility and profitability of implementing advanced reliability and maintenance
management models. This thesis also explores the need for technological capacitation in
order to adopt these approaches in a cost-effective and efficient way, and contributes with
a tool that facilitates the process of technological capacitation that OEMs have to undergo
to benefit from a business model based on maintenance servitization.
The application of the developments through case studies in the railway sector, in the

aerospace sector, and in the wind energy sector, shows that through the proposals of this
thesis it is possible to reduce the level of uncertainty involved in the management of
fleets of assets. The proposed models demonstrate that they are capable of identifying
the impact that operating conditions have on the failure frequency and that they make it
possible to estimate the reliability of the assets based on how they are operating; even
considering changes in the operational context and other possible phenomena. In addition,
the clustering approach facilitates fleet management and has demonstrated that integrated
with the dynamic reliability model based on neural networks, it is capable of supporting
maintenance strategies that lead to higher levels of availability at lower costs than the
current ones.
The research in the thesis has important practical implications for fleet management,

especially in OEMs that are adopting service-oriented business models. The developments
show important improvements with respect to current technologies and the methods and
tools with which they are accompanied allow OEMs to offer services of greater added
value. However, despite the potential shown by the value proposals of this thesis, it is
necessary to deepen the research along the lines described in the last part of the thesis
through future research work.
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1 Introduction and motivation

Anybody who has been seriously engaged in scientific work of
any kind realizes that over the entrance to the gates of the temple
of science are written the words: ’Ye must have faith. It is a
quality which the scientist cannot dispense with.’.

Max Planck, 1947

An asset has been defined as an entity capable of creating and sustaining value while in
use, and which appreciates in value due to a perceived capability of future creation

of value. This entity may be classified as financial assets, such as bonds, stocks, and
similar instruments; or physical assets classified as plant and equipment, buildings and
infrastructure, information technology (IT), and furniture and fittings [1]. Regarding the
definition of an asset, the value profile stands out as a cornerstone, hence, the importance
of the asset management discipline focused on creating and/or sustaining the value of the
assets throughout their life-cycle. The objective of the research presented in this thesis is
to contribute to the management of the second type of assets previously introduced, i.e.
physical asset management henceforth referred to as just asset management.

1.1 Introduction to asset management and maintenance

Asset management is considered to be the meeting point discipline between the technical
and the business performance of assets, it is the discipline that enables an organization to
realize value from its assets while balancing financial, social and environmental costs, risk,
level and quality of service, and performance [2]. The beginning of asset management date
from ancient times, its initial steps can be found in the maintenance of military assets of the
city of Ur (2600 B.C.) [2], and the maintenance of the Roman road networks are an early
example of a well-defined asset management strategy (2nd century B.C.) [3]. Nonetheless,
it has not been formally understood as the complex discipline it is until very recent years;
it was not indeed until the beginning of the 21st century that a formal approach to asset
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2 Chapter 1. Introduction and motivation

management was developed first with the PAS-55 in 2003 [4] and later on in 2014 with
the ISO 55000 series [5].

This growing interest in the asset management discipline has been driven by the need of
many corporations to reduce operating margins and environmental effects. The increasing
competitiveness of the markets has forced the companies to maximize the value of an asset
during the whole life-cycle. Therefore, asset management role has shifted to a position
of prominent importance in the corporations that produce and operate assets, which are
known as Original Equipment Manufacturers (OEMs).
As a matter of fact, the role of asset management is acquiring an even more essential

character with the new shift of paradigm the OEMs are experiencing. The profitability of
the OEMs business models is being increasingly challenged by new producers able to offer
affordable quality at a low-cost labour base, thus they are being forced to avoid competing
in product quality exclusively [6]. In this new context, the emergence of Product-Service
Systems (PSS), a conjoint offer of product and services, has revealed several advantages
from a competitiveness point of view [7]. Offering not only the product, but an integration
of product and services, entails a new scenario [8] where the ownership of the asset and its
use are decoupled and the user of the asset becomes a customer buying the asset availability
or capability [9]. This new paradigm entails that the OEMs are bound to face the technical
challenges associated with the management of the PSS within their operations assuming
the risks and delivering the committed quality of service and performance [10]. As it was
previously stated, the role of asset management is to balance the risks and operation of
the assets with the business performance, thus the vital importance of asset management
discipline for the OEMs in this new paradigm where PSS business model stands as a viable
alternative to maintain competitive advantage [11].

The adoption of service-oriented business models has proven to bring additional value to
the organizations’ stakeholders in the form of recurrent incomes with higher profit margins
than new equipment sale [12], customized and differentiated offers [13] and increased
customer satisfaction and loyalty [14]. Nonetheless, to reap the benefits of these business
models it is necessary to develop expertise in asset management capabilities such as life-
cycle management, maintenance management, risk-based decision-making, and logistics
[11]. Indeed, it is prolific the proposition of PSS consisting of maintenance-related services
for capital assets [15] which are expected to provide better service quality, downtimes
reduction, and better reliability levels among others [16, 17].

Nonetheless, the problem of maintenance management is not new in the literature and it
is now recognized as a complex function that has evolved from the traditional "necessary
evil" perspective to a "cooperative partnership" approach [18]. Maintenance has been
defined by European Standards [19] and researchers [20] as the combination of all technical,
administrative, and managerial actions during the life-cycle of an asset intended to retain it
in, or restore it to, a state in which it can perform its required function, or combination of
functions for an asset, providing a service. The effectiveness of maintenance management
is usually measured by indicators that include reliability, availability, and maintainability
(RAM) aspects [20]. Accordingly, the study and model of the RAM parameters can ease
the decision-making process of maintenance management [20], and there is an important
research trend focused on this issue. Particularly, many of the works within this trend
are dedicated to the challenge of modelling and accurate estimation of reliability [21],
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understood as the capability of an item to perform a required function under specific
conditions during a certain time interval [22]. The scientific discipline providing a formal
approach to the study of the reliability of engineering systems is known as reliability
engineering, and it emphasizes the study of reliability under two important dimensions,
the time and the stress [23].

1.2 Introduction to reliability engineering

Reliability stands as a crucial quality characteristic of components, products, and complex
systems, it is a key aspect to consider for the proper and safe operation of every actual
engineered system [24]. Accordingly, reliability analysis aims at providing modelling
approaches to quantify the probability of failure of a system [21]. Through reliability
analysis and other of the theoretical and practical tools considered in reliability engineering,
the probability and capability of parts, components, products, and systems to perform the
required function for the desired operation time without failure can be specified, designed-
in, predicted, tested and demonstrated [25]. Besides, the results from the studies provide an
important potential for improvement if they are fed to several departments of the companies
such as engineering, manufacturing, quality control, sales, service, etc. [25]

There are several studies in the literature relating the beginnings of reliability engineering
as a scientific discipline and, despite the difficulty to establish a starting time-stamp to a
discipline, they all agree its origin dates from the 1950s [21, 26, 27]. The birth of reliability
engineering can be attributed to the military industry, it was after world war II when the US
Department of Defense initiated a series of studies to research the failure of the vacuum
tubes which during the war required as much as five times more replacements than any
other device or component [28]. Nonetheless, the fact that consolidated the beginning of
reliability engineering is considered to be the foundation in 1952 of the Advisory Group on
Reliability of Electronic Equipment (AGREE) and the discipline was further acknowledged
as such with the publication of the report of AGREE studies in 1957 [27]. Besides, also
the US Navy looked into the reliability of vacuum tubes in collaboration with Aeronautical
Radio Inc., and the first conference on quality control and reliability was held in 1954
evolving into an actual journal on reliability issues [26]. It was also in the 50s decade
(1956) when the Radio Corporation of America, as a major manufacturer of vacuum
tubes, published the TR-1100 report entitled "Reliability Stress Analysis for Electronic
Equipment" that contained models for estimating components’ failure rates [27].

Later on, in the 1960s decade, the discipline of reliability engineering developed along
with two courses. On the one hand, motivated by the increased complexity of engineered
systems at military and space programs like Apollo or Gemini, there was a change in the
focus of interest from component-level towards system-level attributes, directing attention
to indicators such as system reliability, effectiveness, availability, etc. It is in this course
where the Reliability Centred Maintenance (RCM) was proposed for aircraft industry [20].
On the other hand, there was a process of intensive specialisation in three branches that
covered (i) the development of more advanced statistical techniques like Bayesian statistics
or Markov chains, (ii) the physical study and modelling of the causes of the failure, and
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(iii) a third branch devoted to structural reliability of buildings, bridges and constructions
[26].

There are not remarkable events in the evolution of reliability engineering in the 1970s,
it is important the noticeable growth in two aspects of reliability engineering such as safety
attributes motivated by nuclear industry [29] and software reliability due to its increasing
presence in industry [30]. The procedure in MH-217 was adopted as the standard for
reliability estimations in the industry with the publication of version B in 1974 by the
Rome Air Development Center (RADC) [31]. In this decade, several innovative models
were proposed for reliability prediction, but they were all rejected by the community due
to being considered too complex, risky, and unrealistic [27].

Nonetheless, in the 1980s decade, the discipline evolved sectorally and several industries
developed specific reliability-prediction models such as the models for automotive elec-
tronics developed by the Society of Automotive Engineers (SAE), the Bellcore reliability
prediction standard for telecommunication equipment or the models for integrated circuits
(IC) under the program of the US government known as Very High Speed Integrated
Circuit (VHSIC) [27].

From then on, the community of practitioners and academics have witnessed an impor-
tant growth in the number of contributions and applications of reliability engineering [21].
For the last 20-25 years, the growth has been especially prominent in recent years enabled
by the increasing adoption of asset sensorization, data availability, artificial intelligence,
and computational capabilities [32]. This path has led to reliability engineering being
nowadays a multidisciplinary and properly established scientific discipline with the objec-
tive of providing a collection of formal methods to study the uncertain boundaries between
systems operation and failure [21]. For such aim, reliability engineering should seek to
work forward overcoming the challenges related to problems of this scientific discipline:

• Representation and modelling of the system.

• Quantification of the system model.

• Representation, propagation and quantification of the uncertainty in system be-
haviour.

However, independently from the efforts invested in addressing the aforementioned
challenges, uncertainty will always be an inherent factor affecting the behaviour of the
system. Thus, in the understanding of the systems, components, and processes through
collected data, it will always be necessary to characterize and represent the associated
uncertainty and its propagation [21].

1.3 Research fundamentals

As it has been previously presented, the growth of reliability engineering was highly
conditioned to the pressure of upholding the fast-surging technologies in military, maritime,
and aircraft industries [33]. The prompt and increasing interest these industries showed in
reliability engineering nurtured the quick development of techniques and models which
involve assumptions and simplifications regarding the real-life boundary conditions, such as
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independence among components, renewal assumptions and constant working conditions
[34]. These simplifications and assumptions, under which the models where developed,
are the main source of substantial uncertainties that cause the inability of the models to
properly describe the true failure behaviour of the system [35].

1.3.1 Problem statement and limitations

Reliability assessment is addressed by comprehensively analysing the performance of
the assets under the effects of several uncertainties during its life-cycle [36]. These
uncertainties have been traditionally classified into two types [37, 38]:

• Aleatory uncertainty. This type of uncertainty refers to the inherent physical
behaviour of the system and is considered a result of the fundamental randomness
in the natural phenomena of the world.

• Epistemic uncertainty.This type of uncertainty comes from the lack of knowledge
regarding the failure process. It is associated with the degree of completeness and
accuracy in the understanding of failure behaviour.

Generally, the reliability analysis performed is based on data from a fleet of assets. This
technique of combining data from different assets is known as data pooling and it is a valid
alternative in the cases where a large number of identical equipment is utilized (i.e. fleets)
[39]. Nonetheless, the process of combining data is not straight forward and it is necessary
to check that the assets subject to data pooling comply with some conditions [40]:

- Same design.

- Same hardware.

- Same function.

- Same installation, maintenance or operations people, and conditions.

- Same procedures.

- Same system-component interface.

- Same environment.

Nonetheless, addressing reliability analysis ensuring compliance with the previous
conditions stands as a highly unpractical approach and in many cases, the word "same"
is substituted by the word "similar" according to knowledge and judgement of engineers
[40]. Such premises are the source of uncertainties in the reliability models [41] that have
proven to be inaccurate in the characterization of failure mechanisms and frequencies
[34]. Therefore, the maintenance actions and after-sales services based on information
rendered by the reliability assessment result suboptimal when addressing the assets needs
[42]. This reality provides the context to state the problem in whose resolution the actual
thesis intends to contribute.
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Problem Statement
To provide reliability engineering with scientific methods that enable us to address
reliability analysis under a less degree of uncertainty, enhancing asset management
in the after-sales services for a fleet of assets.

In the forthcoming discussion of the thesis, it is proven that the problem has been suc-
cessfully addressed. Nonetheless, the research presented in this thesis has some limitations
that should be acknowledged to gain a proper understanding of its implications and scope:

• The developments in this thesis are mainly conceived from a fleet managers’ per-
spective.

• In the case studies the only type of dependence among the assets is the economical
aspect.

• From the above-mentioned conditions for data pooling, in the case studies, it is
considered that the assets have the same procedure and system-component interface.

• The modelling of the maintenance processes in the case studies involve simplifica-
tions regarding the effect of maintenance actions.

• Financial aspects of asset management and services implementation have been
simplified.

• The implications of supply chain management in asset management are not consid-
ered in detail.

Despite, the limitations necessary to confine the scope of the thesis, rigorous research
was carried in other to step forward in the resolution of the problem.

1.3.2 Literature review briefing

To step forward in the development of the research, it is essential to determine the extent
of the problem in different industries, to explore possible solutions proposed by other
researchers, to assess if the same problem, or a similar one, has been studied in other
areas, identify which are the tools and methods available to address the problem, etc. To
provide answers to all these questions surging in the initial steps of the research process, a
comprehensive literature review is performed.
Through the proposed literature review it is achieved the formation of a solid research

background to ensure the proper direction for the following developments. By the con-
struction of solid research background, it is ensured that the research process is guided
by a clear understanding of the purpose and motivation. The foundations of the research
background will also ensure the right formulation of the research questions that will guide
the research process in the theoretical, technical, and practical aspects.
In the present thesis, the literature review which will be later on presented has been

oriented towards two main objectives. On the one hand, a proper literature review on asset
management is considered, this part is intended to explore the state of the art regarding
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the most recent development and actual situation of asset management, maintenance, and
reliability engineering. Most specifically the literature review will focus on approaches that
consider reliability approaches specifically addressed and developED to solve problems
regarding the maintenance management of a fleet of assets in different industries like
transportation, wind energy, or capital goods.
On the other hand, the second focal point of the literature review is to explore and

comprehend the technical background necessary to support up-coming developments.
This technical background is oriented towards the familiarization with technical concepts,
their implementation, and their applications. Mostly, the concepts reviewed in this literature
review will be guided by the most recent solutions seen in the first focus point previously
introduced. Given the current context and the emergence of digitalization and artificial
intelligence, the technical research background will consist of methods, algorithms, and
tools coming from the machine learning area.
Therefore by the literature review focusing on these two main directions, it is ensured

that the research presented in this thesis is based upon solid knowledge in the state of the
art regarding asset management and upon rigorous technical methods. Despite the fact that
literature review is presented ahead in this manuscript due to its considerable extension,
actually it is the origin of the main motivation guided by the research questions presented
in the following subsection.

1.3.3 Motivation and research questions

This research aims at addressing the uncertainty involved in reliability engineering analysis,
the research specifically intends to contribute to decreasing the degree of epistemic uncer-
tainty. As it was stated before, this kind of uncertainty comes from a lack of knowledge in
the failure mechanisms so it can be addressed and minimized by providing models and
techniques based on a more complex and accurate comprehension of the failures. Accord-
ingly, a better characterization of the failures requires dealing with the simplifications and
assumptions made in previous approaches of fleet management.
It has been discussed in the literature by several authors the problem of ergodicity in

fleet management [43, 44]. A system, to be considered ergodic, has to show the same
process over the time and it has to correspond with the observed results in a controlled
environment in which the same process is running in parallel in several experiments [45],
i.e. in the actual context for instance that the expected mean of time to failure of one
component does not match the observed time in the fleet. As it can be appreciated, hardly
ever it is possible to say that ergodicity is a property in a fleet of assets. Besides the
non-ergodicity problem, the management of fleets has to take into account the dynamic
nature of the operations of the assets. Not only the operational conditions of the assets
vary in time, but the external factors influencing its failures change as well [46].

Therefore, it is the motivation of the research hereby presented to contribute to reliability
engineering by developing models, methods, and tools that enable to reduce the epistemic
uncertainty involved in the actual management of fleets. More specifically, the purpose of
this research is to enable an approach that considers not only the non-ergodic properties of
a fleet of assets in a reliability engineering perspective but the dynamism and variability
in the operational conditions as well.
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Besides, the research has also been motivated by the intention to provide case studies in
different sectors in which mastering reliability engineering, within the asset management
context, is demonstrating to be a competitive advantage. Accordingly, it is also the purpose
of this thesis to exemplify how the developments should be applied for the management of
fleets in different industries and how the advancements in reliability engineering should
be implemented under a service-oriented-business model.
In accordance with the stated problem as well as with the considered limitations, the

motivation underlying the research has led to different research question to which the
research, developments, and proposals of this thesis try to answer:

• Theoretical. How to enhance fleet asset management by reducing the degree of
epistemic uncertainty in reliability engineering?

• Technical. How to approach reliability modelling in fleets to overcome the issues of
dynamism and non-ergodicity?

• Practical. How the developments contribute to different industries especially to
those adopting service-oriented business models?

In the upcoming sections of the present thesis, the results rendered by the research
process and the case studies will provide answers to these research questions. Besides,
several publications in journals and conferences, that will be later on presented, ensure
that the answers are solid enough to be divulged in high standard journals. This research
process has followed a structured and logical approach which is described in the following
subsection.

1.3.4 Research paradigm

Since very ancient times, it has been present in academia the notion that knowledge and
the ways of discovering it are subjective. It is important to understand the ontological
and epistemological assumptions underlying the research, and how these relate to the
methodology and methods leading to the research findings. This understanding will enable
improvements in comprehension of the research, application of the theory, engagement in
academic debates and presentation of forthcoming research [47].

Accordingly, it is necessary to include in this thesis a proper explanation of the paradigm
under which the research was developed. A paradigm consists of four important com-
ponents previously mentioned: ontology, epistemology, methodology, and methods [47].
Ontology is concerned with the study of being, deals with the conception of reality, how
things really are, and work, i.e. what is [48]. Epistemology, relates to the nature and the
forms of knowledge, in other words, it is the exploration of what it means to know and it is
concerned with how knowledge can be created, acquired and communicated [49].

The engagement in any form of research is impossible without committing to ontological
and epistemological positions [47]. This positioning of the research, often done implicitly,
in the present thesis is made within the scientific paradigm. The scientific paradigm was
originated by studying the natural world and the ontological position of the scientific
paradigm is realism [13]. The realism assumes that a discoverable reality exits indepen-
dently of the researcher [50]. The scientific paradigm epistemology is founded upon the
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objectivism assumptions which believe that acquisition of knowledge is not subjective [51].
Therefore the ontology assumptions of this thesis are the ones of realism, and while the
main epistemological assumptions of the thesis are objectivist some assumptions regarding
pragmatism are also considered. The pragmatisms assumptions consider that knowledge is
based on experience [51] and since many of this thesis results are based on gathered data
it is necessary to consider an epistemology combining both objectivism and pragmatism
assumptions.
The ontological and epistemological assumptions are the foundations upon which

every paradigm is based; hence, the epistemological and ontological views reflects on
the methodology and methods of every research. The methodology is the plan of action
and the strategy underlying the choice and use of particular methods, it is concerned with
why, what, from where, when and how data is collected and analysed [48]. The specific
techniques and procedures used to collect and analyse the data correspond to the methods
of a research paradigm, in every paradigm the considered methods are intended to deal
with both qualitative and quantitative data [47].

The methodologies usually considered in the scientific paradigm aim at explaining rela-
tionships and identifying the causes that influence outcomes [52]. The scientific method-
ologies seek to formulate laws to create a solid basis for generalization and prediction
under a deductive approach in which verifiable evidence is sought through experimentation
and observation [47]. Within a research methodology several methods can be proposed,
the methods constitute the tools to achieve the aims of the research and in the scientific
paradigm, they are often related to quantitative data involving descriptive and inferential
statistics [53]. In the next subsection, it is presented a detailed explanation of the research
methodology followed to conduct the research presented in this thesis, it is possible to check
that it fits with the characteristics of research conducted within the scientific paradigm.

1.3.5 Research methodology introduction

The research methodology consists of the strategy followed by the researcher, in this
thesis the course of actions is described by the diagram in Figure 1.1. As can be seen, the
research methodology of this thesis is composed of 4 phases. The first phase consists of
an exploratory part in which the context of the thesis is studied in order to properly define
the problem to address through the research questions based on a comprehensive literature
review and the corresponding research background. The second phase is dedicated to the
development of solutions, for that first, the solutions are developed and in the modelling
approach stand out two key aspects regarding the data considerations and the model to use
and fit. Once the solutions have been developed it is considered the implementation of
several aspects of the solutions. Afterwards, in the third phase, the developments made in
the second phase will be verified and validated through several case studies in different
industries each one of them with their industry-specific constraints. The development of
the solutions, their verification, and their validation through industrial case studies will
provide some results which will be presented and discussed in the fourth and last phase
of the thesis. It is considered a contrast among the results and their discussion with the
exploratory part in order to assess the advancements in resolving the identified problem
and in answering the research questions.
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Figure 1.1 Research methodology overview.

In Figure 1.1 it is possible to see the research methodology which can be classified
according to its characteristics. According to Kumar [54], the type fo research can be
identified according to three main criteria, these criteria and the type of research have been
summarized in Table 1.1. The research presented in this thesis can be classified as applied
research from the application point of view because it is oriented towards enhancing the
practice of fleet asset management through advancements in the discipline of reliability
engineering. Indeed, the applied nature of the research is supported by the fact that the
research has been performed conjointly with a technology research centre whose main
activities are focused on developing and transferring knowledge to the industrial fabric.
Attending to the objectives that this research intends to fulfil, it is possible to state that it
is mainly an exploratory study. The research is intended to explore the management of a
fleet of assets in organizations with service-oriented business models and the purpose of
the developments of the thesis is to refine the methods and procedures that support the
maintenance management of the fleets. Nonetheless, it is also possible to find some hints
of descriptive research to properly understand the problem faced by reliability engineering
in this context. It is in these pieces of descriptive research upon which the exploratory
phase of the research methodology is constructed.
With regards to the enquiry mode, the last perspective in the classification scheme of

Table 1.1, the research presented in this thesis is undoubtedly quantitative. As it will be
seen later on, the reasoning, developments, verification, and validation are all founded
upon quantitative measures and variables that regard to aspects such as failure probability,
life-cycle costs, service level, etc.
Taking a closer look at the reasoning involved in the thesis and according to the clas-

sification proposed by Mahootian et Eastman [55] represented in Figure 1.2, it can be
classified as deductive. The deductive approach seeks to connect theoretical statements to
empirical observations. The approach is classified as deductive because departing from
the theory new algorithms and methods are proposed and later on confirmed through their
application to a case study.
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Table 1.1 Research classification from three perspectives according to Kumar [54].

Application
Pure research It is concerned with testing and developing theories and

hypotheses involving an intellectual challenge for the researcher
but that may not have any practical application at the present time
or in the future. It is also concerned with issues regarding the
research methodology. It usually involves abstract and specialized
concepts.

Applied research Generally aims at finding a solution to a specific issue or problem
faced by organizations or society. The applied research intends to
enhance the understanding and practice of certain phenomenon or
activity.

Objectives
Descriptive
research

The main purpose of a descriptive study is to systematically
describe a situation, problem or phenomenon. The descriptive
research is characterized by the prevalence of describing the issue
over the interest in solving or dealing with it.

Exploratory
research

This kind of studies are undertaken with the purpose of exploring
an area where there is little or inexistent knowledge. Exploratory
research is also conducted in order to develop, refine and/or test
methods and procedures.

Correlational
research

The studies aiming at explaining the relationship, association or
interdependence among two or more aspects of a situation are
know as correlational research.

Explanatory
research

The explanatory studies are performed in order to clarify the
reasons and mechanisms that characterize the relationship among
several aspects of a situation or phenomenon. They seek to
answer to why and how certain relationship is made.

Enquiry mode
Quantitative
research

It is the research originated from a study that follows a structured
approach in order to determine the extent of a problem and
provide a solution. The quantitative studies usually involve the
use of quantifiable variables.

Qualitative
research

Qualitative studies usually respond to unstructured approaches
exploring the nature of certain issue by to qualitative
measurement scales.

1.4 Overview of the research

In this thesis, the objective of the research methodology is to set a course of action to
provide reliability engineering with an approach and a set of methods to perform reliability
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Figure 1.2 Reasoning approaches.

analysis under a lower epistemic uncertainty level. The contributions should be directed
towards enhancing fleet asset management mainly in service-oriented business models. In
this context, it has been stated the necessity for models overcoming the assumptions and
simplifications involved in more traditional approaches. Accordingly, this research intends
to contribute by overcoming the issues of dynamism and non-ergodicity in the fleets of
assets.
On its initial steps and to consider the dynamism of the assets in the fleet, this thesis

will develop models that will allow assessing the impact of the operational conditions on
the reliability of the assets. The research will contribute by providing models, methods,
and tools that allow identifying the operational parameters influencing the failure of the
systems and components. The developments intend to model the reliability as a function
of the operational conditions, they aim to consider the possible interactions among the
different variables of the working context. Besides the thesis intends to address the fact
that the assets change the operational conditions over their life-cycle and in some cases
even over shorter periods of time.

Besides, this thesis explores the reality of fleets consisting of many assets with technical
differences in design, technology, components, or functionality among them. For that aim,
the research intends to contribute to the management of this issue by proving a clustering
approach to provide a partition of the fleet. This clustering of the fleet will enable a
customized asset management strategy adequate to the needs of the different clusters.
Aiming at providing cohesive developments making sense as a whole unit, the clustering
approach of the fleet is integrated with the models considering the effect of operational
context on assets reliability. The research will also be directed towards showing how the
developments should be considered to enhance the O&M practices.
As it has been stated before, all the contributions are considered within a servitization

context. Accordingly, the research presented in this thesis also consists of works aimed
at providing insight on how the developed asset management tools may ease the O&M
and thus, ease the increasing adoption of a servitization business model along with their
expected benefits.
Moreover, the research and the developments presented in this thesis have proven

their quality and validity through publications in high-standards international journals,
dissemination actions in conferences of experts with the corresponding presence in the
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proceedings, and registration of related software. The mentioned outputs of the research
are described in detail ahead, nonetheless hereunder it is presented a brief introduction to
each specific output to provide an overview of the extent of the research:

� Paper I. Assessing the impact of operational context variables on rolling stock relia-
bility. A real case study. This paper presents a methodology to assess the reliability
of different systems and components of real rolling stock projects. The methodology
helps to identify the variables of the operational context which influence the failure
frequency in each system and establishes a set of steps to fit a statistical reliability
model based on operating time and the identified parameters. The real case study
prioritizes the application of the methodology to the multiple systems through a
criticality-based approach. The results of the methodology in the most critical
systems are beneficial for enhancing the customization of maintenance plans in early
life-cycle stages, for improving reliability by addressing the most frequent failures
and for increasing availability and maintainability rates of rolling stock projects.

� Paper II. Dynamic artificial neural network-based reliability considering opera-
tional context of assets. In this paper, it is developed a statistical model based on
Artificial Neural Network aiming at addressing the simplifications and assumptions
of traditional models (e.g. the model applied in Paper I). This paper directly ad-
dresses the dynamism problem in asset management and proposes a novel model
capable of integrating the effect of the operational context, considering as well,
possible interactions among the working parameters or hidden phenomena. The
proposed model is also able to model changes in the operational conditions through
its dynamic capabilities. This work is a step forward in minimizing the uncertainty
involved in reliability models and so it is proven through a case study in which the
performance of the model is compared with traditional approaches under a wide
maintenance management perspective.

� Paper III. Comprehensive clustering approach for managing maintenance in large
fleet of assets. The work presented in the paper is oriented towards addressing
the problem of ergodicity in fleets of assets, which usually integrate assets with
technical differences in design, technology, components, or functionality among
them. Accordingly, the paper proposes a solution that addresses these differences
through a clustering approach based on unsupervised learning algorithms. In the
developments of the paper, it is also considered an integration with the developments
in Papers I and II, therefore the approach considers the problems of dynamism and
ergodicity in fleets of assets. The approach is characterized by intensive use of
data and therefore there is part of it focused on the data considerations before the
modelling core is applied in a case study. Finally, the holistic proposal is closed
with a consideration of a maintenance management module to realize organizational
value from the developments.

� Paper IV. Framework for managing the operations and maintenance of wind farms.
Seeking to further advance in the understanding of the aforementioned issues, this
paper continues the research in a different sector. In this publication, the operation
and maintenance of wind farms are addressed in a holistic approach presenting a
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cross-functional perspective that regards to (i) data and information sources, (ii)
modelling of reliability in wind turbine components, (iii) maintenance management
in wind farms, (iv) life-cycle cost analysis, and (v) PSS business model in the wind
energy sector. The research presented in this paper enables the application in the
wind energy sector of the novelties developed in Papers I, II, and III. Accordingly,
Papers V, VI, and VIII demonstrate that the benefits for the sector delineated in
this first publication are indeed reachable through the proposed advancements in
reliability engineering.

� Paper V. Framework for managing maintenance of wind farms based on a clus-
tering approach and dynamic opportunistic maintenance. This paper explores the
operational expenditure of wind energy projects and aims at enhancing it through
the proposal of a technical framework. The proposed framework integrates into a
single proposal aspects regarding data considerations, a clustering-based reliability
approach and a maintenance management view. It begins by the creation of a single
RAM database merging different sources of data. From the database, the research
proposes to apply the spectral clustering procedure developed in Paper III to, later
on, define the maintenance strategy through a dynamic opportunistic maintenance
policy adopted from recent literature. The paper provides an example of the applica-
tion of the framework and its benefits by a case study based on a simulation-based
optimization of the life-cycle of a wind farm, resulting in several Pareto optimal
trade-offs among lower costs and increased availability.

� Paper VI. On the importance of assessing the operational context impact on main-
tenance management for LCC of wind energy projects. The research published in
this paper is a study of the implementation and performance of the dynamic artificial
neural network-based reliability model developed in Paper II. The integration of
the model in the maintenance strategy for several components of the wind turbines
provide evidence of the prominent role of the operational context in the maintenance
costs of wind energy projects. The research of the paper also aims at demonstrating
the importance of defining the maintenance strategy considering the full life-cycle
of the wind energy projects to reach optimal levels of costs and availability.

� PaperVII. Servitization of maintenance. A roadmap approach in the context of asset
management. This paper explores the more organizational aspect of the research
presented in the thesis. In the paper, several services related to maintenance are
explored and studied, positioning them in a product-use-result perspective. Besides,
most of the recent technologies associated with maintenance are explored and
categorized from an asset-transactional or client-relational perspective. A map links
the maintenance-related technologies to master in order to successfully provide the
different maintenance services., therefore relating the excellence in maintenance
with its servitization. It is proposed to advance in this map by following a roadmap
approach that specifically addresses the operational aspects supporting the services
and technology.

� Paper VIII. Is it too late? In-life change to optimal maintenance strategy based
on advanced reliability models in wind farms. This paper is an extension of the
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research presented in Paper VI that intends to contribute to solving a variation of the
problem. Whereas in Paper VI, the maintenance strategy is optimized for the life-
cycle of the wind energy project based on a dynamic artificial neural network-based
reliability model that considers the operational conditions; in the actual publication,
this optimization is considered but for a wind farm that has been operating under non-
optimal maintenance strategy for some of its first years of the life-cycle. The research
intends to explore the feasibility of the in-life change of maintenance strategy and to
provide an assessment procedure to determine if the investment needed to perform
the change will be profitable in the long term considering both, availability and
costs.

In the upcoming of this thesis, it will be possible to further advance in the introduction
and explanation of the developments and results. Several sections deal with the review of
the related works, the research methodology, and developments, or the results. In the next
section, a more detailed of the thesis is presented.

1.5 Thesis outline

The research comprised in this thesis is presented in a structured approach consisting
of 5 chapters. The first and actual chapter is an introduction to the research. This first
introductory chapter, as it may be seen above, consists of a general introduction to asset
management and maintenance as well as, a broader introduction to reliability engineering
narrowing down the area where this research intends to contribute. The fundamentals
of the research are then presented by stating the problem and the limitations, briefly
introducing the related works that helped to define the motivation and research questions,
and describing the research paradigm and methodology, along with its main characteristics.
This chapter finishes with an overview of the research and the publications.

Chapter 2 consists of the literature review that gathers all the reviewed works during
the research expanding the brief introduction presented in the introductory chapter. The
research background presented in chapter 2 has been structured in two sections, (i) one
of them dedicated to reviewing the works related to the context and problem areas of the
research along with the proposed solutions, and (ii) the other section gathering the technical
aspects regarding the concepts, models, and methods upon which the developments of the
thesis have been built.
Afterwards, chapter 3 is dedicated to the explanation of the methodology followed

during this thesis. In the chapter, it is presented the exploratory phase, the developmental
phase, and the validation and verification phase before introducing the results. Besides
explaining the research methodology, the contributions of the thesis will be presented
explaining the developments and novelties as the resulting output of the research. The
contributions and developments will be linked with the publications through which they
have been disseminated.

Chapter 4 is the compilation of the results derived for the application of the development
and proposals to specific case studies in different industries. The results presented in
this chapter consist of a set of cross-functional outcomes since they involve technical
performances of the developments, operational improvements, monetary implications, and
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organizational findings. Accordingly, the results are discussed and explored to assess their
limitations, impacts, and significance for different industries.
Chapter 5 is the ending part of the thesis, where the conclusions are collected and

explored. They relate to the exploratory part of the thesis assessing the extent to which the
developments and proposals address the initial problem and answer the research questions.
Besides, it is here where the future research lines are regarded to keep researching and
further solving the initial problem as well as other derived issues identified during the
research process.

The manuscript also includes a list of references and a glossary. Finally, the publications
that have made it possible to disseminate the proposals of the research are attached in the
final part of the thesis. A set of papers are attached in their original format corresponding
to the journals’ standards.



2 Research Background

One can state, without exaggeration, that the observation of and
the search for similarities and differences are the basis of all
human knowledge.

Alfred Nobel, 1896

This chapter is mainly focused on two aspects, one subsection dedicated to the literature
review of the most relevant works in the fields related to the research, and another

section dealing with the mathematical principles and algorithms that are related to the
developments. Nonetheless, in the presentation of the first section, there is a subsection
explaining the methodology and procedures employed whilst reviewing the related works.
Besides, at the end of this chapter, a section presents the identified gaps and how these
relate to the research questions.

2.1 Literature review

This section presents the literature review performed for the research in the thesis. The
reviewed works belong to important fields of research and despite the blurry boundaries
that difficult the full separation of the fields, in the present section, they are presented as
four main areas:

• Asset management. This field provides a broad context in which the developments
intend to contribute. It sets the financial and managerial aspects to consider and
therefore the criteria to assess the benefits of the contributions.

• Servitization and Product-Service-Systems. It establishes the foundations of the
new trend that is influencing the asset management discipline seeking to enhance
competitiveness. It provides a new perspective whilst considering the developments,
a perspective that may modify the criteria to assess their benefits.

17
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• Maintenance management. It narrows down the field of application of the de-
velopments. Although the developments also have implications in other fields of
asset management, it is mainly in the pillar of maintenance management where they
intend to contribute.

• Reliability engineering. It constitutes the most technical realm of the literature
review, it deals with the performance of the assets and their failures establishing the
most technical basis of the research.

However, before entering the literature review of these four areas, the methodology
followed to perform the review is presented and explained in the following subsection.

2.1.1 Literature review methodology

The approach adopted in this thesis for the literature review is not a systematic approach but
rather an unsystematic narrative review [56]. This type of literature review is characterized
by reporting the author’s findings in a condensed format that includes the contents of
each article under a summarized perspective. The narrative review consists of a broad
perspective of the topic that gathers many pieces of information together and presents
them in a readable format [56]. Nonetheless, even though the literature review is not a
systematic review, most of the referenced papers have been accessed following a procedure
consisting of the following steps:

1. For each one of the fields dealt-with in the literature review, several keywords were
used to search for relevant papers in Scopus and in Google Scholar. Although each
field has its specific keyword, many are used together in combination for several
subsections due to the blurry boundaries among the fields.

2. Generally the first search would render a considerable amount of entries that were
further filtered using conditional terms to restrict the results. Some of these condi-
tions include combining some of the keywords, discarding outdated references, and
eliminating sources that would not belong to the topic under study.

3. When a more reasonable number of works were obtained (this number has been
considered to be around 120-70 works), the entries were prioritized following two
main criteria, most cited and most recent.

4. From the most cited and most recent publications, the most relevant works for the
scope of the research were selected. This selection was made firstly attending to the
title, then the keywords, and finally the abstract.

5. The resulting number of works would be around 20-30 publications in each topic.
They were fully read and the most interesting and pertinent are the ones cited in the
literature review.

In addition to this procedure, two other mechanisms allowed to further explore related
and relevant works to reference and use as knowledge foundations. The first mechanism
consists of (i) exploring the works cited in the papers selected through the above steps,
and (ii) exploring the works that cited those same papers. And the second mechanism was
exploring papers and works recommended by peers and experts in the topics.
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2.1.2 Asset management

Already in the introductory chapter, Section 1.1 presented asset management as the con-
junction among the technical aspects and the business performance of a physical asset [2].
Asset management provides the grounds to achieve equilibrium among the cost facet, not
only financial but also environmental and social, and the operational facet regarding the
fulfilment of customers’ needs and stakeholders’ interests [57, 58]. The growing interest in
asset management is driven by the will to maximize the value provided by the assets along
their life-cycle [59]. This interest is especially prominent in OEMs, which are experiencing
increasing competitiveness in the business of producing and operating assets [6].
Thus far, much of the available literature agrees that OEMs should focus on certain

asset management pillars if they strive for maximizing assets’ value [60, 61]. One of
these pillars is the life-cycle management perspective aiming at finding the most suitable
trade-off among initial investment and the value-added along with the whole useful life of
the asset [62]. Several authors agree that it is also essential to provide asset management
with a risk-based approach assessing the decisions from multiple perspectives such as
economical, technical, safety, etc [63]. The asset management strategy must be aligned
with the overall organizational goal balancing costs, service-level and risk involved [64].
Especial emphasis has been made in the pillar of leadership thus ensuring the efficiency
and efficacy of the asset management through communication, information management,
and the development of the required capabilities [65]. Finally, the last pillar attracts
considerable attention and proposes value creation by delivering the assets’ functionalities
at the required level of performance bearing in mind not only the interests of the company
but the objectives of the stakeholders [5].

Indeed, regarding the value pillar of asset management, authors such as Tao el at. [66]
and Erguido et al. [11] have argued that to create and deliver the value of the asset in an
efficient manner it is key to assess the four main perspectives of asset management from
the OEMs situation. These four perspectives are depicted in the schema of Figure2.1, the
Figure has been adapted from Tao et al. [66] and Erguido et al. [11] and the represented
views can be described as follows:

- Past view. Past performance and value results. This perspective regards the
historical performance of the asset regarding its operation and the extent to which it
is fulfilling the customer and stakeholders’ interests through measurement of results
[66]. This perspective relates to the Outward View by serving as a benchmark and
compares the products and services currently being offered in the market [11].

- Future view. Future value of product and services. This perspective constitutes
an exercise to set future targets and foresee how to reach them by providing products
and services with higher added value [66]. It is essential to consider both quantifiable
measures (e.g. availability, service level, cots) and non-quantifiable indicators (e.g.
market image, stakeholders’ relationships) whilst finding the proper compromise
among external trends (outward view) and internal investment capabilities (inward
view) [11].

- Inward view. Investment in assets portfolio and lifecycle costs. The needs for
new investments in asset management are considered in this view bearing in mind
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the indicators and information from the past view [11]. It should be noted that the
investments regard to the full life-cycle fo the assets within them are considered new
technologies acquisition and development, managerial investments, technical tools,
maintenance considerations, and supply chain improvements among others [66].

- Outward view. Product and service offering. Analysis of the market to increase
awareness of new trends in the product and service offer and how these meet the
requirements of customers and stakeholders [11]. It is important to also set the focus
in the proper management of the actual offer of own products and services [66].

Figure 2.1 Asset management perspectives for OEMs.

Despite the researchers’ efforts, OEMs have encountered that mastering asset manage-
ment is not a trivial issue and that there are several challenges to overcome in order to
maximize the value of the assets along their life-cycle [11, 67]. Accordingly, it is possible
to find several attempts to standardize asset management, one of the first attempts is the
Publicly Available Specification 55 (PAS-55) [4]. The PAS-55 specification was released
in 2004 by the British Standard Institute (BSI) together with the Institute of Asset Manage-
ment (IAM), and in the latest update, it consists of two parts: the PAS 55-1: Specification
for the optimized management of physical assets and the PAS 55-2: Guidelines for the
application of PAS 55-1. Nonetheless, the most extended standards for asset management
nowadays are the ISO-55000 series, consisting of a set of the following four standards
describing the major dimensions in asset management and asset management systems
[68]:

• ISO 55000 - Asset management. Overview, principles and terminology [5].

• ISO 55001 - Asset management. Management systems - Requirements [69].
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• ISO 55002 - Asset management. Management systems - Guidelines for the applica-
tion of ISO 55001 [70].

• ISO/TS 55010 - Asset management. Guidance on alignment of asset management
finance and accounting [71].

The ISO 55000 series emphasize the value-based decision-making process and es-
tablishes that the role of the assets is to enable organizations to achieve their goals [5].
Therefore, asset management strategy should be aligned with the overall objective by con-
sidering not only the proper operation of the assets but also the financial performance, risk,
service-level, social responsibility, reputation, sustainability, effectiveness, and efficiency
among others [72]. It has been stated in the literature the benefits of adopting an asset
management strategy following the principles of ISO, not only in the assets themselves
but in other aspects such as financial, business processes, customers, etc. [73].

2.1.3 Servitization and Product-Service-Systems

Asset management role in OEMs have traditionally been contingent on the objective of
adding value to the products in terms of quality and cost, thus the investments and research
focused on product’s design and production processes [11]. Nonetheless, this role is
experiencing some transformations due to the irruption in the market of new producers
offering assets with reasonable quality standards at a low-cost labour base [6]. This
increasing number of contenders is forcing the OEMs to avoid competing in quality and
price exclusively but to retain competitiveness by enhancing the value proposition trough
knowledge-intensive products and services [7].

Figure 2.2 Transition towards servitization and PSS business models.

This context has propitiated a remarkable shift in the predominant paradigm evolving
from the traditional productization scenario towards a servitization paradigm [74], see
Figure 2.2. In this transition, the value, formerly residing entirely in the product itself, is
increasingly allocated in the service [75]. Therefore, new business models emerge in this
transition, business models know as Product-Service Systems (PSS) which are selling not
the product nor the service, but the integration of products and services [76, 8]. In these
scenarios, the product and services are a conjoint offer [77, 78], and depending on the
allocation of the offer’s value the business model may be classified as (i) product-oriented,
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(ii) use-oriented, or (iii) result-oriented [75]. In Table 2.1 it can be seen a more detailed
explanation of the characteristics of each business model.

The OEMs’ choice regarding the PSS business models is aligned with the value pillar of
asset management, the chosen business model entails how to deliver value to the customers
and hence how the customers will perceive such value [87]. The selected choice will

Table 2.1 PSS Business models.

Business Model: Product Oriented
Description In this model, the product maintains its position as the

cornerstone in the transaction among the client and the OEM and
the ownership remains in the client. It shares many similarities
with a traditional sale, but the sale of the product includes
services provided by the OEM such as maintenance, consultancy,
warranties, recycling, etc.

Examples This type of business model is present in the healthcare
equipment with the supply and take-back transactions, as well as
in food delivery with waste management

References [79, 15, 80, 81]

Business Model: Use Oriented
Description This business model is characterized by shifting the ownership of

the product from the client to the manufacturer. Therefore, this
shift of ownership implicates more risk and responsibilities for
the manufacturer whilst the customer purchases the use of the
product instead.

Examples A good example of this type of business can be seen in car rental
services. Besides, the common product lease, rent or pooling
approaches in many sectors also belong to this category.

References [79, 82, 83, 84]

Business Model: Result oriented
Description In this business model, the role of the product is relegated to a

background position and the relationship between producer and
customer is build by the purchase of the capability or the
outcome of the product. The ownership of the product remains in
the manufacturer and the customer pays for a result regarding a
prior agreement.

Examples A very well established example of this is the
"Power-by-the-hour" offer of the Rolls-Royce Turbines. In
printing industries, a pay-per-print service is being adopted and
also in clothes washing industries paying per clean clothes is
being offered instead of the washing machine.

References [6, 15, 85, 86]
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directly determine the differentiation and competitiveness results, considering a proper
implementation of the chosen business model throughout certain tactics [88]. These
tactics consist of the five aspects where the manufacturers should orient their decisions
since they will determine how much value is delivered to the customer [89]. The first of
these tactics corresponds to (i) contracts, in order to distribute responsibilities, duties,
rights, and liabilities among the PSS stakeholders emphasizing the legal aspects of the
PSS definition [90, 91]. The aspects relating to (ii) marketing define how to implement
the business model in terms of communication and interactions among customers and
providers of the PSS, and how to apply the insights from the market [92, 93]. The
third tactic regards the (iii) network and how the PSS providers should manage their
relationships with the external stakeholders, making special emphasis on the type of
collaboration and how much information will be shared [94, 95]. The (iv) product and
service design is the fourth tactic, it considers the needs of the customers and how to
translate these needs into requirements of the PSS, considering besides aspects such as
functionality and customization [96, 97]. Lastly, the (v) sustainability tactic ensures that
the implementation of the PSS leads not only to economic benefits but environmental
as well, ensuring efficiency in the operational practices and the resources consumption
[98, 99].
As it has been seen, generally in the PSS scenarios the ownership of the product does

not correspond to its use, and therefore, trough this decoupling, the customers (a more
suitable name for the users of the products) buy the availability or capability of the products
[9]. The benefits of this PSS formula are translated into recurrent incomes which exceed
the profit margins of the traditional sale of new equipment [12], it also allows to higher
customization for the customer and market differentiation from competitors [13], and it
has proven to render higher levels of customer satisfaction and loyalty [100, 14]. However,
despite all the potential benefits that the OEMs may reap by adopting PSS, the ownerless
consumption of the asset by the customer entails higher risk and more responsibilities
for the OEMs [10]. The adoption of PSS opens a new scenario for the manufacturers, a
scenario characterized by the uncertainty caused by having to manage the asset within their
operations, a new scenario for the OEMs which entails cultural, financial, and technical
challenges [101]. The technical challenges and the complexity of the decisions to make
regarding the management of the asset are the reasons behind the barriers that hinder the
adoption of the PSS in industry [11]. If the OEMs strive to reap the proven benefits of PSS
business models, they are bound to overcome the barriers that nowadays are hampering
their proliferation because they do not completely fulfil stakeholders’ interest [11]. In this
context, the discipline of asset management stands in a remarkable position with a set of
capabilities with the potential to maximize the assets’ value, ease the designing the PSS,
and enhance the performance of the offers [11]. In the following bullet points, every one
of the barriers identified in the literature is described, they are related to specific technical
challenges and it is explained how asset management may help to overcome every barrier,
this information is also summarized in Figure 2.3 which has been adapted from Erguido et
al. [11].

• Pricing and contract definition. Generally, a PSS offer involves a long-term hori-
zon and a network formed by interactions among multiple stakeholders, these charac-
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Figure 2.3 Asset management relationship with PSS barriers and technical challenges to
solve.

teristics are the sources of themain difficulties when defining contracts in comparison
with a traditional sale [89]. The contracts and the prices must be consistent with the
expectations and needs of every stakeholder along the span of the offer [102].

Technical challenges: the definition of the life-cycle cost of the PSS is challenging
due to the uncertainty involved in the calculations[102]. Besides, to define the
contract and the price, the OEM should be able to estimate not only the costs but
the service level that will be delivered [102]. However, an accurate estimation will
not be sufficient by itself, the customer has to agree on the price and conditions and
for that, it is necessary to be able to provide a transparent breakdown of the price
and an analysis on how different operational decision may affect the feasibility of
the PSS offer [10, 103].

Asset management role: provides methods and capabilities to find a trade-off among
the initial investment and the value added by the asset in the span of a PSS offer and
in the rest of the life-cycle as well. Besides, it is necessary for a proper definition of
the price and the contract to assess the risk involved by quantifying the risk affecting
the asset behaviour and how these may jeopardize the contracted terms [69]. Usually,
the most relevant aspects of contracts regard to maintenance management and supply
of spare parts[2].

• Definition of risks and responsibilities. In line with the previous barrier, usually,
when delineating a PSS offer, the definition of the risks and responsibilities is a
discussion point among the stakeholders [6]. The role played by each stakeholder is
associated with some responsibilities to account for, and these responsibilities are
also affected by the risk due to the uncertain behaviour of the asset [11].
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Technical challenges: this barrier is usually characterized by the difficulties that
entail the assessment of the impact of operational decisions on the PSS [10], usually
the difficulties come up when characterizing the type of relationship among each
one of the involved stakeholders [104].

Asset management role: in the asset management field the quantification of the
uncertainty is an issue with a considerable amount of research that may ease the
definition of risk and responsibilities [5]. One of the most controversial topics is
defining the relationship and responsibilities among logistic partners, an issue where
asset management provides methods and tools to deal with the procurement aspects
[2].

• Ownerless consumption of the assets. Although their demand is increasing, usu-
ally manufacturers encounter some reluctance in the customers when offering certain
PSS in which the ownership of the asset remains in the manufacturer [89].

Technical challenges: usually the reluctance is caused by the high degree of de-
pendency and trust required from the customer to the manufacturer and associated
conflicts of interest that may arise [11]. If the manufacturers were able to provide a
transparent breakdown of the PSS price and cost, it will ease the transition towards
these PSS [103].

Asset management role: the breakdown of the price and costs is a challenge that
can be solved by the life-cycle management perspective proposed in the research
and guidelines in the asset management discipline, applying tools and developments
focused on providing a forecast of the behaviour of the asset along its life in terms
of cost and service level [11].

• Flexibility and adaptability. The servitization scenario opens a new paradigm
for the manufacturers which are expected to develop PSS offers ad-hoc for the
requirements and needs of every customer [93]. This fact implies that the products
and services must be flexible and adaptable in order to satisfy the expectation of
the stakeholders in every stage of the assets’ life-cycle [105]. Accordingly, this new
situation requires a change in the manufacturers’ operations and processes in order
to adequate [106].

Technical challenges: to build such a flexible portfolio the manufacturers are com-
pelled to pay special attention to the relationship with the stakeholders characterizing
the networks properly [104]. They are also challenged by the need for continuous
alignment among the external requirements and needs with the internal operations
and asset management strategy identifying how every decision affects the assets in
the portfolio [107].

Asset management role: in this context, tools, and frameworks have been proposed
in asset management to ensure the alignment of the actions over the asset with the
organizational goals defined according to the market requisites and the internal
capabilities [64]. Two of the most important pillars of asset management that
allows managing the operations needed to deliver flexible solutions are maintenance
management and logistic administration [2].
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• Fulfilment of stakeholders’ interests. The customers have to perceive that their
requirements and need are properly implemented into the PSS offer and that the asset
complies with the technical characteristics necessary to fulfil the service offered
[107]. This barrier is also present in the PSS acceptance by other stakeholders
involved[105].
Technical challenges: the cause of this barrier is that the manufacturers face the chal-
lenge of correctly characterizing the relationship with all the stakeholders including
an explicit knowledge of their requests and needs [104]. How these expectations
may vary in time should be aligned with proper management of the assets life-cycle
identifying the outcome of the organizational decisions and its impact on the PSS
portfolio [10, 102].
Asset management role: in order to address these challenges the tools to align the
needs of the assets and the actions over them with organizational goals are needed.
Especially relevant are the pillars that directly address the maintenance management
processes under a life-cycle perspective the ensures the fulfilment of the request in
every stage of the asset’s life.

• Complexity of management decisions. In the new scenario proposed by PSS
business models, the complexity of the management decision increases and the
change in the relationships along the network implies that the stakeholders have to
be managed differently [106]. The stakeholders’ interests and expectations in these
new scenarios are different and thus also the decisions to be made [106]. It is also
important to consider that new actors may be part of the networks, partners that
otherwise would not have been part of a traditional asset transaction [81].
Technical challenges: the main challenges underlying this barrier relates to the
correct assessment of how the operational actions of manufacturers impact the PSS
and the operations of other stakeholders [10]. It is necessary to properly characterize
the relationship among each partner and interested party and dedicate special efforts
to make sure their interests are aligned with the PSS offer and the asset management
strategy [104, 107].
Asset management role: asset management proposes a proper maintenance strategy
with solid foundations making the most of state-of-the-art technologies and devel-
opments that aid the decision making process and allow to analyse future scenarios
under a life-cycle perspective [108, 2]. Besides, proper management of the logistics
partners and the involved stakeholders will provide a better understanding of their
needs and the alternatives available to solve them [2].

• Sustainability considerations. Initially sustainability was one of the main reclaims
for the adoption of PSS business models and it was thought to be an inherent feature
of the PSS offers [6]. On the contrary, it has been proven that the adoption of PSS
may lead to undesired results regarding sustainability [89]. Therefore, sustainability
issues of PSS should be addressed explicitly in order to find a balance among
economic and environmental benefits [84].
Technical challenges: the challenges that mainly face the manufacturer in this field
are usually related to a correct definition of specific actions that directly address
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sustainability issues, specific requirements embedded in the PSS offer oriented
towards ensuring that the economic and technical performance of the asset does not
interfere with environmental viability [81].
Asset management role: the actions to ensure the sustainability of the PSS offer
should be addressed especially in the supply chain management and in the main-
tenance strategy. Again it is crucial to consider both aspects with a life-cycle
perspective to avoid undesirable non-sustainable scenarios in the last phases of an
asset life due to very restrictive measures at the beginning of the life [69].

2.1.4 Maintenance management

Previously, it was stated how the adoption of PSS is business models is expected to bring
additional value for both, costumers and manufacturers [13], positioning the PSS as a
competitive advantage [7]. However, their adoption requires overcoming many technical
challenges related to the asset, thus mastering asset management discipline is essential
to guarantee a smooth transition to PSS business models whilst addressing the technical
challenges [10]. Taking a closer look at the PSS proposals in the literature, it is possible
to notice that most of them consist of maintenance-related services [15], and maintenance
management has been considered a fundamental process of asset management indeed [64].
Maintenance management has been defined as the set of activities oriented towards

defining the maintenance objectives, strategies, and responsibilities as well as the actions of
implementing them in the organization by maintenance planning, control, and supervision
[19]. This definition of maintenance is closely related to asset management and so it
has been stated by researchers in the matter [109]. From the definition of maintenance
management, it is noticeable that it can be divided into two parts, the definition of the
strategy, and its implementation; this perspective has been classified as the effectiveness
and efficiency parts of maintenance management [110].

On the one hand, the effectiveness part regards the definition of the maintenance objec-
tives conditioning the success of maintenance activities within an organization, thus this
definition should be derived from the business objectives [110]. According to the defined
maintenance objectives, the plans, actions, schedules, and controls will be determined
among others [110]. The effectiveness part of maintenance management is related to
maintenance indirect costs such as production losses and poor service level [111]. Indeed,
the strategy fo maintenance management ensures that effectiveness is achieved render-
ing acceptable results regarding satisfaction with capacity and condition of the assets,
reduction of costs due to poor service, and minimization of production losses [112].

On the other hand, maintenance management efficiency deals with the implementation
of the strategy, meaning that it is focused on developing the maintenance-related activities
with minimum waste, expense, or unnecessary efforts [110]. The management of this
part of maintenance management compares the service level provided with the number of
resources invested in the activities performed to provide the service, measuring how well
maintenance is performed instead of if the actions are the right ones [110].
Accordingly, the organizational goals will provide the foundations upon which the

objectives of the maintenance management strategy will be defined [113]. The objectives
pursued by maintenance management have been classified into three categories, (i) the
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technical objectives oriented towards reliability, availability, maintainability and safety
(RAMS) measures; (ii) legal objectives to ensure compliance with mandatory regulations;
and (iii) financial objectives regarding the minimum life-cycle cost of the assets whilst
fulfilling the rest of the objectives [110]. The definition of these objectives will be translated
into different maintenance actions oriented to either restore (corrective actions)or retain
(preventive actions) the function of an item, thus different types of maintenance which
classification may be seen in Figure 2.4 as defined by European Standards [19].

Figure 2.4 Maintenance types classification.

Corrective maintenance is the type fo maintenance that is performed once the fault
has been detected and thus it seeks to restore the asset to a state in which it can perform
the function [114]. If corrective maintenance is carried out immediately after the fault
happened, then it is know as immediate corrective maintenance, otherwise it is deferred
corrective maintenance [110]. This type of maintenance presents the drawbacks of severe
safety, environmental, and economic consequences if failure happens. On the contrary,
preventive maintenance is performed at certain intervals before a fault occurs seeking to
reduce the failure probability [114]. If the intervals have been defined according to time
or the number of units of use then it is predetermined preventive maintenance, but if the
maintenance is derived from monitoring the performance and/or operational parameters
then it is condition-based preventive maintenance (the monitoring of the performance and
parameters may be scheduled, on-request or continuous) [110]. Predetermined preventive
maintenance is easier to plan and reduce the failure rate, but it may lead to over-maintained
assets; whilst condition-based is more effective on failure prevention but difficult to
plan and apply on a large scale [115]. A special type of maintenance belonging to the
condition-based category is the predictive maintenance where the maintenance activities
are performed according to a forecast of the equipment degradation [110].
The choice of the different types of maintenance and how to implement them will

determine the maintenance policy [114], in the literature it is possible to find many
maintenance models that try to optimize the chosen policy [114]. Seeking to optimize
the maintenance policy the maintenance models consider certain factors such as the type
of policy, the systems configuration, the optimization criteria, or modelling tools among
others which can be seen in Figure 2.5 adapted from [114].

Despite the multiple factors to optimize the maintenance policy, most of the maintenance
models set the spotlight in the definition of the optimal thresholds, understanding these
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Figure 2.5 Factors affecting maintenance policy.

thresholds as the values of monitored decision variables that will trigger the maintenance
actions [60]. Regarding these decision variables, the maintenance policies in the recent
literature consider mainly three types of thresholds, thresholds based on the age of the
system [116], thresholds based on the reliability of the system [117], and thresholds based
on the condition of the component [118]. When an age-based maintenance policy is
selected the system’s maintenance will be determined by its operational time [116]. If the
maintenance policy is based on the reliability of the system, the trigger of maintenance
actions on the system will be the estimated probability of failure [60]. And the condition-
based policies decide whether to perform maintenance or not according to the health state
or the remaining useful life of the system [118].
Additionally, another important aspect that has received considerable attention lately

in the literature for optimization of maintenance policy is the disposition of the systems
which can be categorized into two large groups: single-unit policies and multi-unit policies
(includes series, parallel, k-out-of-n, and redundant configurations) [114]. Generally, the
single-unit policies cover the maintenance aspects that are the basis to develop multi-unit
policies [114]. Nevertheless, the multi-unit policies are more robust when addressing
systems composed of dependent subsystems potentially providing better performance [60].
These dependencies addressed by multi-unit maintenance policies have been classified as
three different types by several authors [11, 119]:

• Structural dependencies: is the name given to systems dependent when performing
a maintenance action because performing any action in one involves performing
maintenance in the others [120].

• Stochastic dependencies: describe the phenomenon when the failure probability
of a system is conditioned by the failure risk of another one [121].
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• Economic dependencies: are defined as the cost savings that may arise from per-
forming maintenance activities in several systems simultaneously instead of sepa-
rately [122].

The study of these dependencies and the research of maintenance policies shows two
main approaches to deal with the aforementioned dependencies, group maintenance and
opportunistic maintenance [123]. Group maintenance policies are based on the idea of
forming groups of systems which will be maintained at the same time, such groups will
be conformed attending to several criteria (e.g. number of failures, age, operating time)
[124, 125]. Opportunistic maintenance, on the other side, is built upon the proposal of
performing maintenance actions on non-failed systems when other systems have failed,
this decision is taken making the most of short-term circumstances [126]. The benefits of
group policies are especially interesting when the costs for disassembly and reassembly
are high, whilst the potential of opportunistic maintenance is larger when it is possible to
make the most of short-term circumstances given by factors external to the system itself
[114].
However, notwithstanding the potential benefits of optimal maintenance policies and

their considerations, the literature shows evidence that the decision of whether to maintain
or not is taken according to the previously discussed thresholds. Therefore it is essential
to ensure the accurate estimation, measurements, and calculation of the variables and
parameters in which are based on the thresholds. The discipline of dealing with this issue
is reliability engineering.

2.1.5 Reliability engineering

As it has been stated, the body of literature agrees that the decision-making process of
asset and maintenance management should be supported by useful information usually
extracted from data [127]. If such data is incomplete, erroneous, or poor, the maintenance
decisions will be based on imprecise information, thus leading to suboptimal and undesired
scenarios [128]. In maintenance management, it is especially relevant the performance of
the asset, in terms of RAMS indicators [64], thus the discipline of reliability engineering
acquires a prominent position in its role exploring the relation among system operation
and failure [21].
According to previously mentioned works, the initial steps of reliability engineering

dates from the earlies 1950s supporting the emergence of the first engineering systems
[21]. In this first stage, reliability engineering showed a fast-growing pace motivated by
the will to uphold advancements in industries such as military, Oil&Gas, maritime, or
aircraft [33]. Nowadays, reliability engineering stands as a wide and complex research
area that has evolved into several branches devoted to the representation and modelling of
the systems, the quantification of the models, and the measurement of the uncertainty and
its propagation [21].

Lately, the widest researched trend in reliability engineering has been the CBM concept
due to the expansion of new technologies acting as facilitators for CBM policies [129]. The
CBM is supported by a reliability approach based on two concepts, (i) the diagnosis of the
fault before failure occurs and (ii) the prognosis of the failure predicting the evolution of
the asset’s behaviour before failing [130, 131]. By now, the CBM application is established
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not only in the research realm [132] but through widely accepted standards [133] as well.
However, the election of the algorithms is a more diverse choice and the OEMs may
choose from statistical approaches, artificial intelligence (AI) algorithms, and model-based
approaches [134]. It has been discussed that there is not a clear separation among statistical,
model-based, and AI approaches [135], but the AI algorithms correspond to machine
learning algorithms such as artificial neural networks (ANN) or clustering approaches
[136, 137].

The benefits of diagnosis and prognosis mainly relate to the precision of the information
they provide [138], being especially useful in critical failure modes following a physical
degradation pattern [139]. It presents a viable alternative as well when there is a lack of
historical failure data [140]. However, the CBM algorithms present some characteristics
that hinder they application when the number of systems increases due to their high
consumption of resources and investment needed [138], the impossibility of planning the
maintenance actions within a reasonable span [138] as well as the difficulties in the stock
management of spare parts [141].
However, another important research trend in reliability engineering is the fitting of

time-to-failure models which despite underperforming against the prognostic methods for
failure detection, their implementation does not require that many resources and allow for
better planning [138]. The reliability modelling through time-to-failure models allows
identifying the failure probability at a certain moment thus providing estimations of the
number of failures for a period of time [142]. The main attractiveness of these models lies
within their simplicity being this the reason why many of the maintenance optimization
studies rely on their output to define the maintenance strategy [40]. The modelling of
reliability models is based on four main functions which are the followings [110]:

• Failure probability density function f (t). Is defined as the probability of failure at
an exact value of variable t.

• Failure probability distribution function F(t). It is the cumulative probability of
failure for all the previous values of t up to a certain value. It is calculated by
integrating the probability density function.

• Reliability function R(t). This function is the inverse function of the failure proba-
bility distribution F(t), thus, representing the cumulative probability of no-failure
for all values previous to t, i.e. probability of surviving until t. This is usually the
most common function.

• Hazard rate h(t). This function, also known as failure rate λ (t), represents the
behaviour of failure in time and may be interpreted as the failure probability in
t +∆t conditioned to a non-faulty state in t.

It is important to remark that once one of the main functions is known, it is possible to
know the others since they are all related because F(t) = 1−R(t), the density function
may be calculated as f (t) = R(t−1)−R(t), and h(t) = f (t)/R(t−1) [110]. Generally, to
define these functions it is possible to follow two approaches, a non-parametric approach
that consists of fitting a curve to existing failure data, or a parametric approach in which
the reliability function is approximated to a specific distribution with its corresponding
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parameters [110]. Some of the most common non-parametric models are the Kaplan-
Meier [143] or the Nelson-Aalen [144], whilst in the parametric approach stand out the
exponential, log-normal, gamma or Weibull distributions. It is the later the most employed
nowadays [110] due to the flexibility of its parameters since by fitting aWeibull distribution
it is also possible to model other distributions like the normal or the exponential [145, 146].
In the literature, the researchers have criticized the use that practitioners make of the

reliability models because they often assume false premises such as independence of
components, identically distributed variables, or constant failure rates among others [147].
Despite the efforts of authors such as Louit et al. [40] to propose practical procedures
to select the most proper time-to-failure models based on real field data, the traditional
reliability models still involve assumptions and simplifications [35]. It has been proven
how these assumptions and simplifications are the sources of epistemic uncertainties
in the reliability models [148]. Due to these uncertainties, the models are unable to
properly characterize the true behaviour of the systems [148], thus leading to suboptimal
maintenance management decisions with negative consequences in the assets and the
deployment of the services [128].

The current asset management conjuncture is characterized by the explosion of Industry
4.0 concept and the increasing the digitalization of the assets [32, 149]. The adoption of
new paradigms and technologies in the OEMs practices, such as the Internet of Things
(IoT), cloud-communication, or artificial intelligence, has served as a catalyst for new
approaches inmaintenancemanagement [150]. This is, in part, due to the important amount
of available data whose gathering has been simplified due to the advancements in ICT
technologies [151]. The proper use and exploitation of the big amount of data require new
reliability modelling techniques opening the possibility to overcome the simplifications and
assumptions of traditional approaches [152]. The information generated in the encounter
of reliability and big-data is much richer than the one available previously, thus it opens
the path to new promising advancements in reliability engineering [153].

2.2 Theoretical background

Considering the presentation of the literature review in the previous section, this section
is intended to present the main theoretical upon which are built the developments and
contributions of the present thesis. As it has been previously stated, this thesis is comprised
of research in the field of reliability engineering, thus this section starts with a review of
the basic concepts of reliability modelling.
Reliability modelling is based on the statistical description of the failure probability,

this probability is usually described as a function of the time an asset has been operating
[110]. Assuming that X is the failure event, it was defined in the previous section f (t)
as the probability of failure at the exact moment of t, this is described by Equation 2.1.
Therefore, the distribution function F(T ) represents the cumulative probability of failure
before T , and considering Equation 2.2 it would be defined by Equation 2.3 and would be
bounded between the values 0 and 1 (see Equation 2.4) [154].

f (X) = p(X = t) (2.1)
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∫
∞

0
= 1 (2.2)

F(T ) = p(T ≤ t) =
∫ T

0
f (t)dt (2.3)

0≥ F(T )≤ 1 (2.4)

Accordingly, the reliability function R(T ) is the inverse function of the cumulative
failure probability, thus representing the survival probability as it can be seen in Equation
2.5. The calculation of this function is described in Equation 2.5, either from F(t) or
integrating the failure density function f (t) [154].

R(T ) = p(T ≥ t) = 1−F(T ) = 1−
∫ T

0
f (t)dt =

∫
∞

T
f (t)dt (2.5)

Finally, the fourth of the main functions when modelling reliability is the hazard function
h(t) also know as failure rate or hazard rate. It has been previously defined as the failure
probability at t +dt conditioned to correct operation until t. The theoretical description of
failure rate may be seen in Equation 2.6 where it is possible to see that it may be calculated
as the quotient between the density function and the reliability at t [154].

h(t) = lim
dt→0

p(t ≤ T < t +dt)
dt.R(t)

=
f (t)
R(t)

(2.6)

The presented descriptions of the four main basic functions of reliability models are
generic, but as it was stated previously, that depending on the approach they can be fitted to
a non-parametric curve or a parametric curve, being the Weibull model the most extended
among the later type [155].

The traditional Weibull model was introduced in the 1960s [156], in the most extended
version it consists of two parameters known as scale (α) and shape (γ) parameters. The scale
parameter is also known as characteristic life because it provides information regarding
the time in which the element will have a probability of approximately 63.2% of failing
[110]. The shape parameter on the other side allows to characterize the form of the failure
probability and provides the model with enough flexibility to model three phenomena:
infant mortality failure rate for γ values lower than 1, wear-out failures for γ values higher
than 1, and random failures for values close to 1. When γ ≈ 1 the random failures are
characterized by a constant failure rate, thus the Weibull model adopts the same expression
as an exponential model [110]. It is important to mention, that when fitting a Weibull or
any other distribution to the data, the goodness of th fit must be tested, that implies that
some test should be performed on the data and the adopted distribution [157]. Some of
the main test that compare the empirical failure distribution with the adopted parametric
distribution are the Kolmogorov-Smirnov test, the Cramer-von Mises, or the Chi square
[157]. Below, it is possible to see a box in which all the Weibull functions are described,
they will serve as a basis for future developments such as the Proportional Hazards Model
which will be review in the following subsection.
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Weibull reliability model

f (t) =
γ

α
.
( t

α

)(γ−1)
.e−(

t
α )

γ

(2.7)

F(t) = 1− e−(
t
α )

γ

(2.8)

R(t) = 1−F(t) = e−(
t
α )

γ

(2.9)

h(t) =
f (t)
R(t)

=
γ

α
.
( t

α

)(γ−1)
(2.10)

2.2.1 Proportional Hazards Model

The Weibull model is an interesting and versatile modelling technique, notwithstanding its
benefits and potential, its use has derived into one of the traditional reliability modelling
techniques which involve certain simplifications and assumptions causing significant un-
certainties [35, 148]. Some of these assumptions and simplifications are the independence
among components, the renewal assumptions, or the constant operational conditions and
eternal factors [40]. When considering these simplifications and assumptions from a fleet
perspective, it is important to consider the problem of dynamism as the cause of epistemic
uncertainties in the model which may be solved by integrating new information [41]. The
dynamism in the operational conditions and external factors of the assets is a key element
to be considered in reliability models if they aim to properly describe the behaviour fo the
asset [158].
In the literature review performed to identify reliability models integrating the effect

that operational conditions may have on asset’s failure, it is inevitable to encounter with
applications of the Proportional Hazards Model (PHM). The PHM is also known as the
Cox model because it was introduced in 1972 by David Roxbee Cox [159] and it was
early proposed for reliability studies by the author himself as well as other researchers
[160, 161].
The Cox model is a multiple regression model which consists of an expression of

the hazard rate h(t) as a function of time and a set of explanatory variables known as
covariates [162]. Its most common expression can be seen in Equation 2.11, where h0(t)
represents a baseline hazard as a function of time. The baseline hazard h0(t) is multiplied
by an exponential part in which the covariates X = (X1,...,Xk) are considered in a linear
combination and multiplied by the parameters β = (β1,...,βk) describing their effect. It is
possible to appreciate in Equation 2.11 that the baseline hazard function ho(t) is the failure
rate when the covariates value is equal to 0, i.e. X = (X1,...,Xk) = 0 ∈ Rk. The baseline
failure rate may follow certain distribution or it can also adopt and unspecified form.

h(t,X) = h0(t)exp

(
k

∑
j=1

β jX j

)
(2.11)
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An important implication of the Cox model is the proportional hazards property, thus
the name of the model. This property allows to define the Hazard Ratio (HR) among
two identical assets operating in different operational context according to Equation 2.12,
where the failure probability of an asset operating in context X = (X1,...,Xk) is compared
with the failure probability of the same asset operating in context X′ = (X ′1,...,X

′
k).

HR =
h(t,X′)
h(t,X)

=
h0(t)exp

(
∑

k
j=1 β jX

′
j

)

h0(t)exp
(

∑
k
j=1 β jX j

) = exp

(
k

∑
j=1

β j(X
′
j−X j)

)
(2.12)

It can be seen in Equation 2.12 that the failure risk of one asset over the other is
independent from the operating time. Therefore, the most common expression of the
hazard rate in the Cox model 2.11 may adopt the form of Equation 2.13 where in the
exponential it is considered the deviations of an operational context i (Xi = (Xi1,...,Xik))
from an average value of the covariates X = (X1,...,Xk), and the baseline hazard is the
hazard when the covariates adopt the values of the average (hX(t)).

h(t,Xi) = hX(t)exp

(
k

∑
j=1

β j
(
Xi j−X j

)
)

(2.13)

One of the main advantages of this model relies on the method to estimate the parameters
in the exponential part, β = (β1,...,βk). The estimation of β is performed independently
from the baseline hazard function according to the concept of partial likelihood introduced
by D.R.Cox [159]. The partial likelihood is defined as the product over every failure time
of the conditional probabilities of failures of the actual failures at time ti (see Equation
2.14). Considering a set of systems failure times T =

(
t(1), ..., ti, ..., tp

)
, the Ri are the

systems at risk at ti (i.e. the systems which have not failed nor been censored) and therefore
the conditional probability may be described by Equation 2.14 and the partial likelihood is
described by Equation 2.15.

Li =
h(ti,Xi)

∑l ε Ri
h(ti,Xl)

=
h0(ti)exp(∑k

j=1 β jXi j)

∑l ε Ri
h0(ti)exp(∑k

j=1 β jXl j)
=

exp(∑k
j=1 β jXi j)

∑l ε Ri
exp(∑k

j=1 β jXl j)
(2.14)

L =
p

∏
i=1

Li (2.15)

As can be seen in Equation 2.14, the baseline hazard dependent on time cancels out,
therefore the estimation of the β is independent of the baseline hazard and it can be
performed by maximizing the partial likelihood value of Equation 2.15.The maximization
of the partial likelihood is traditionally performed through the Newton-Raphson iterative
algorithm.

The possibility of estimating the parameters in the exponential part of the model without
assuming any specific form of the baseline hazard it is an advantage in many cases because
it is possible to avoid the error of assuming certain distribution and that is the reason
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why the Cox model is usually known as a semi-parametric model [163]. Nonetheless, the
baseline failure rate may be specified if there are reasons to assume certain distribution, in
the case of reliability engineering, the Weibull distribution has proven to be suitable in a
wide range of applications [164]. Therefore assuming that the baseline hazard follows a
Weibull distribution the Cox model is known asWeibull PHM and is described by Equation
2.16 where γ is the shape parameter and α is the baseline characteristic life.

h(t,Xi) =
γ

α
.
( t

α

)γ−1
.exp

(
k

∑
j=1

β jXi j

)
(2.16)

As it was previously seen, it is also interesting to obtain the reliability function R(t),
which in this case is not only dependent on time but also on the covariates, thus denoted
by R(t,Xi). Taking as a starting point the failure hazard rate of the Weibull PHM, it is
possible to obtain the reliability function described in Equation 2.19:

R(t,Xi) = exp
(
−
∫

h(t,Xi)dt
)

(2.17)

R(t,Xi) = exp

(
−
∫

γ

α

( t
α

)γ−1
exp(

k

∑
j=1

β jXi j)dt

)
(2.18)

R(t,Xi) = exp

(
−
( t

α

)γ

exp(
k

∑
j=1

β jXi j)

)
(2.19)

The number of works in the literature presenting reliability applications of the PHM is
countless. It is possible to cite the work of Bendell et al. [165] as an early representative
work for exemplifying the proper use of the model by theoretically introducing it and
then through a case study for brake disks. Afterwards, motivated by this example of its
correct application, the proposals of this model were prolific in several industries for
considering the reliability under certain variables of operational context. For instance,
it has been proposed for predicting rolling stock reliability [166, 42], also in the wind-
energy sector it possible to see some applications for modelling the failure rate [167] or
assessing the stress condition [168]. The cutting tool industry has also provided some
interesting applications of the model [169, 170], as well as an application for equipment
in the processing industry [171]. Some other examples include the reliability prediction in
bearings [172], in electronic components [173, 174] or in piping infrastructure [175].

2.2.2 Artificial Neural Networks

Another recurrent approach for integrating operational context information on reliability
studies are the Artificial Neural Network (ANN) models. ANN are biological inspired
methods of computing, they were first introduced in 1943 by McCulloch & Pitts [176] and
they have been the object of considerable attention since the 1990s [177]. The attractiveness
of ANN methods comes from their capabilities for information processing based on non-
linearity, high parallelism, stability against noise, and their possibilities of learning and
generalization [178].
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Figure 2.6 Artificial neuron representation.

There are numerous types of ANN but all of them are constructed around a basic unit
of calculus which is the artificial neuron represented in Figure 2.6 in its most extended
form [179]. As it can be seen, several inputs denoted as X = (X1,...,Xk) are multiplied
by their corresponding weights denoted as W = (W1,...,Wk) then all of them fed into a
summing junction. They are affected by a constant component b or bias and then fed into
an activation function which may establish an activation threshold θ producing an output
y. In ANNs the activation function may adopt many different forms, but the most common
functions employed are the followings:

1. Linear function 2.20. When β = 1 is also called the identity function.

f (x) = βx (2.20)

2. Binary stepo function 2.21 to transform the input into a binary output according to
the threshold value θ .

f (x) =
{

1 ∀x > θ

0 ∀x≤ θ
(2.21)

3. Bipolar step function 2.22 to obtain an output of 0 or 1 according to the threshold
value θ .

f (x) =
{

1 ∀x > θ

−1 ∀x≤ θ
(2.22)

4. Sigmoid function 2.23 to transform the input into a value between 0 and 1.

f (x) =
1

1− exp(−x)
∈ (0,1) (2.23)
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5. Hyperbolic tangent 2.24 producing a value between -1 and 1 from certain input.

f (x) =
exp(x)+ exp(−x)
exp(x)− exp(−x)

∈ (−1,1) (2.24)

While the working principles of a single artificial neuron are rather simple, the ANNs
consist of several of theses single computational units clustered together in a myriad of
ways increasing thus computational capabilities [180]. The clustering of the artificial
neurons to form an ANN usually occurs by creating layers connected one to another [180].
The most common configurations of ANNs consist of one input layer that receives the
external information, this layer is connected to one or more hidden layers connecting the
input layer to the output layer that sends the processed information to the outside world
[180].
The pattern in which the layers and the artificial neurons are connected is known as

network architecture, and according to the architecture, there are many types of artificial
neural networks [181]. The most extended type of ANNs are the feed forward ANNs, a
type of network in which signals are only transmitted in one direction, from the input
to the output and the neurons in the same layer are not connected among each other but
among the neurons in other layers[182] such as the description in Figure 2.7.

Figure 2.7 Feed Forward ANN representation.

The main objective of feed-forward ANN is to map a set of inputs to certain output
using some, a priori unknown, information hidden in data. This process is known as
the "learning" process of the ANN and consists of varying the value of the weights and
bias parameters so the produced output is as close as possible to a desired and known
value [183]. The learning process is usually performed by varying the weights and bias
coefficients following the back-propagation algorithm based on the Gradient Method of
the Steepest Descent, or also known as Gradient Descent [183]. It is accomplished by
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minimizing the Least Mean Square Error function defined by Equation 2.25 where ym
is the targeted output and ŷm the produced output being M the size of the data instances
available for training.

E =
1
2

M

∑(ym− ŷm)
2 (2.25)

Accordingly, to calculate the variations in the weights, Equation 2.26, and the variation
in the biases, Equation 2.27, that will minimize the Least Mean Square Error function, the
gradient formula is employed. To compute the variations for every weight and every bias
it is necessary to solve the partial derivatives. It may seem a very complex process but
the backpropagation algorithm proposes starting it with the derivatives in the output layer,
where the predicted output and the desired out are known, then it becomes a more feasible
problem computationally. By calculating the partial derivative of the weights in the output
layer and then the previous layer and so on until the input layer, the error in the output
propagates backwards (thus the name) until every weight and bias is updated according to
a learning rate η .

∆wi j =−η
∂E

∂wi j
(2.26)

∆bi =−η
∂E
∂bi

(2.27)

The initial values of the weights and the biases are randomly initialized and then proceed
iteratively until a reasonable value of the error function is obtained. The main idea under-
lying the training of the ANN through a backpropagation algorithm is to obtain a network
providing good results predicting the training data but capable of generalizing to other
data. A very common issue known as over-fitting consist of obtaining a network capable
of performing very good with the training data but with low generalization capability, the
difficulty relies on finding a reasonable trade-off suitable for every case.
Despite the wide applicability of the ANN, it is a recurrent approach for integrating

epistemic information regarding the operational context of the assets. They have been
used reliability studies in uncountable works like the research of Al-Garni et al. [184]
comparing their performance against the traditional Weibull estimates or for instance
the work of Xu et al. [185] aiming at forecasting engines’ reliability. Their suitability
for forecasting reliability is also proven in the work of Beg et al. [186] where several
ANN-based methods are compared. They have been proposed to contribute to reliability
estimation for predicting time series in the work of Fink et al. [187]. Besides, their benefits
have been combined with the benefits of statistical models in combined approaches as well
[188, 189, 190, 168].

2.2.3 Kullback-Leibler Divergence

In reliability studies proposing advancements and exploitation of machine learning capa-
bilities, it is possible to appreciate the use of Kullbacl-Leibler Divergence (KLD). The
KLD is also known as relative entropy and it was introduced in 1951 by S. Kullback
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and R. Leibler [191]. It is a measure employed for measuring the information lost when
using a statistical distribution with respect to another one. The definition of KLD is highly
related with the measure of Entropy (HEntropy) which may be defined by Equation 2.28 for
a probability density function of a discrete variable (p(xi)). The KLD has been defined
as the information lost when approximating the probability distribution function p with
another distribution namely q and it is usually represented by Equation 2.29 [191].

HEntropy =−
N

∑
i=1

p(xi).log p(xi) (2.28)

DKL(p ‖ q) =−
N

∑
i=1

p(xi).log
(

p(xi)

q(xi)

)
(2.29)

Considering that Ω is a sample space, F a φ -algebra on Ω, and P the set of probability
measures on the (Ω,F) space. Let two elements of P denoted as µi µ j with their cor-
responding probability density functions fi and f jwith respect x. Then for probability
distributions of the continuous variable x, the KLD may be defined according to Equation
2.30 [192], and its graphical representation may be seen in Figure 2.8 adopted from Lek &
Van De Schoot [193].

Figure 2.8 KLD representation.

It should be noted in both, the theoretical description in Equation 2.30 and in the graph-
ical representation of Figure 2.8, that in general DKL(µi ‖ µ j) 6= DKL(µ j ‖ µi). Therefore
the KLD may be defined as a non-symmetric measure and it should be symmetrized to
calculate distances, the are several proposal such as the one in Equation 2.31 for instance.

DKL(µi ‖ µ j) = DKL( fi ‖ f j) =
∫

Ω

fi. log
fi

fi
dx (2.30)

Dsym
KL (µi ‖ µ j) =

1
2
(
DKL(µ j ‖ µi)+DKL(µi ‖ µ j)

)
(2.31)

The KLD has been proposed for many reliability engineering contributions such as
the work of Cannarile et al. [194] or the work of Texeira et al. [195]. It has also been
proposed to examine the separation among different probability distributions [196] and
considering that the Weibull distribution is widely employed in reliability engineering, it
would be interesting to explore the customization of KLD for two Weibull distributions.
For such purpose see Equation 2.32 where ρ ≈ 0.5772 is the Euler-Mascheroni constant
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and Γ =
∫ +∞

−∞
xz−1e−xdx z≥ 0 is the gamma function.

DKL(µi‖µ j) = log

(
γiα

γ j
j

γ jα
γi
i

)
− (γi− γ j)

(
log(αi)−

ρ

γi

)
+

(
αi

α j

)γ j

Γ

(
γ j

γi
+1

)
−1

(2.32)
For further insights on the development of Equation 2.32, the reader is referred to the

original work of its author Bauckhage [197] where the KLD is customized to study the di-
vergence of two Weibull distributions. The definition of KLD for two Weibull distributions
and the symmetric approach presented in Equation 2.31 will allow the characterization
of the similarities among failure rates of different assets or same assets operating under
different conditions [152].

2.2.4 Spectral clustering

The applications of clustering techniques are countless because the problem of partition
empirical data into groups of "alike behaviour" is a common issue in many scientific
disciplines such as statistics, computer science, biology, or social science [198]. In the body
of literature, it is possible to find multiple clustering techniques and algorithms [199] and
it is also very common to find works that compare the performance of several approaches
for certain applications (see for instance the work of Chicco et al. [200]). Notwithstanding
the potential and advantages of the different techniques, the family of spectral clustering
algorithms has proven to present fundamental advantages when compared with more
traditional clustering techniques [198].

The spectral clustering approach is built starting from a similarity graph as the first step
[201]. A similarity graph consists of the representation of some data points in the form of
a graph G = (V,E), where each vertex vi ∈V represents a data point Xi.The vertices are
connected among each other by an edge ei j ∈ E if the data points present a similarity si j
[202]. From this definition and the concept of a weighted similarity graph, the clustering
approach intends to find a partition that considers in the groups the most similar vertices
while the groups remain as dissimilar as possible, that is to group edges with high weights,
while the connections among different groups present low weights [198]. The definition
and construction of the similarity graph depend on the definition of the similarity function
employed as well as on the type of similarity graph [198]. These choices ultimately
depend on the problem. Nonetheless, it should be ensured that the similarity function truly
describes "similar nodes" and that the graph follows one of the main types form such as
the ε-neighbourhood graph, the k-nearest neighbour graph, or the fully connected graph
[198].
In a weighted graph the edge ei j connecting vi and v j is affected by a weight wi j ≥ 0

describing the similarity among the vertices. The matrix W = (wi j)∀i, j = 1,2,...,n. is
known as weighted adjacency matrix, where wi j = 0 means that vi and v j are not connected.
It is important to notice that G should be undirected requiring that wi j = w ji and hence
being a symmetric matrix. Another important matrix derived from the graph G is the
degree matrix based on the degrees of the vertices, a diagonal matrix in which every
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entrance is the degree of the vertices d1,...,dn defined according to Equation 2.33.

di =
n

∑
j=1

wi j (2.33)

Departing from the weight adjacency matrix, the main characteristic of spectral clus-
tering approaches is the use of Graph Laplacian matrices, they are different variants of
the matrix representation of a graph with important properties studied in spectral graph
theory [203]. Usually, there is no convection on which matrix is called graph Laplacian
matrix but the three most common are the followings [198]:

• The Unnormalized graph Laplacian matrix is denoted by L and is a symmetric
and positive semi-definite matrix where the smallest eigenvalue is 0 with its cor-
responding eigenvector 1. All the eigenvalues are real non-negative values, i.e.
0 = λ1 ≤ λ2 ≤ ...≤ λn, and it is computed as represented in Equation 2.34.

L = D−W (2.34)

• The Normalized symmetric graph Laplacian known as Lsym and described in
Equation 2.35 is a positive semi-definite matrix with 0 = λ1 ≤ λ2 ≤ ...≤ λn non-
negative real eigenvalues. The 0-valued eigenvalue corresponds with a D1/21

eigenvector.
L = D−1/2LD−1/2 = I−D−1/2WD−1/2 (2.35)

• The Normalized Random Walk graph Laplacian is denoted as Lrw and is de-
scribed in Equation 2.36. It is a positive semi-definite matrix with 0 = λ1 ≤ λ2 ≤
... ≤ λn non-negative real eigenvalues and The 0-valued eigenvalue corresponds
with the 1 eigenvector.

L = D−1L = I−D−1W (2.36)

Considering the introduction of the weighted adjacency matrix (W ), the diagonal matrix
(D), and graph Laplacian matrices (L,Lsym,Lrw), the spectral clustering is based on a
main algorithm which may follow several alternatives [198]. In the boxes below, three of
the main spectral clustering algorithms are presented based on the three different graph
Laplacian matrices presented above. Basically, they all work supported by the idea of
changing the representation of the x1,...,xn data points into yi ∈ Rk points to enhance the
cluster properties of the data [198].
As it can be noticed, all the algorithms are very similar in their implementation and

also on the results [198] being the most remarkable difference among them the type of
Laplacian matrix employed. It is also possible to notice that they all suggest the use of
the k-means algorithm to cluster the yi points into k clusters, however, it is also possible
to find in the literature other alternatives proposing, for instance, the use of k-medoids
instead [206, 207].
As was stated at the beginning of the subsection, the applicability of the spectral

clustering approach is very wide, thus it has been proposed in many fields. Regarding its
application to the reliability engineering discipline, it is also possible to identify several
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Unnormalized spectral clustering algorithm [198]
Input: Similarity matrix S ∈ Rnxn, number k of clusters

1. Construct the similarity graph and the corresponding adjancecy matrix
W .

2. Compute unnormalized graph Lapacian matrix L.

3. Compute the first k eigenvectors of L, i.e. u1,...,uk.

4. Create a matrix U ∈ Rnxk where the eigenvectors u1,...,uk are the
columns.

5. Every point yi ∈ Rnxk∀i = 1,...,n is the vector of the correponding i-th
row in U .

6. Use the k-means algorithm to cluster the yi points into C1,...,Ck.

Normalized random walk spectral clustering algorithm [204]
Input: Similarity matrix S ∈ Rnxn, number k of clusters

1. Construct the similarity graph and the corresponding adjancecy matrix
W .

2. Compute normalized random walk graph Lapacian matrix Lrw.

3. Compute the first k eigenvectors of Lrw, i.e. u1,...,uk.

4. Create a matrix U ∈ Rnxk where the eigenvectors u1,...,uk are the
columns.

5. Every point yi ∈ Rnxk∀i = 1,...,n is the vector of the correponding i-th
row in U .

6. Use the k-means algorithm to cluster the yi points into C1,...,Ck.

proposals in the literature. In the work of Langone et al. [208] it is proposed to distinguish
between normal and abnormal operating conditions when the available data is unlabelled.
The proposal of Li et al. [209] is oriented towards feature selection for prognostics and
fault diagnosis. It is interesting to mention the works of Fang & Zio [210] and the work of
Cannarile et al. [194] which apply the spectral clustering for criticality analysis and for
identifying similar reliability behaviours in fleets of assets correspondingly. Besides, it is
possible to see the spectral clustering combined with some other approaches previously
presented as the work of Cheng et al. [211] where it is proposed in combination with
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Normalized spectral clustering algorithm [205]
Input: Similarity matrix S ∈ Rnxn, number k of clusters

1. Construct the similarity graph and the corresponding adjancecy matrix
W .

2. Compute normalized random walk graph Lapacian matrix Lsym.

3. Compute the first k eigenvectors of Lsym, i.e. u1,...,uk.

4. Create a matrix U ∈ Rnxk where the eigenvectors u1,...,uk are the
columns.

5. Normalize the rows of U to norm 1 in order to create matrix T in which
each entry is defined by the following equation:

ti j =
ui j

(∑k u2
ik)

1/2

6. Every point yi ∈ Rnxk∀i = 1,...,n is the vector of the correponding i-th
row in T .

7. Use the k-means algorithm to cluster the yi points into C1,...,Ck.

ANN.

2.3 Identified gaps

As it has been stated in the literature review, asset management plays a key role in many
industries that are experiencing a shift of paradigm towards servitization and the adoption
of PSS business models. One of the main pillars of asset management affected by this
shift of paradigm is maintenance management, and thus the literature is prolific regarding
proposals of PSS based on the servitization of maintenance. However, if the OEMs strive
for reaping the benefits of adopting servitization and selling maintenance as a service they
should ensure the efficacy and efficiency of maintenance activities which are usually based
on indicators regarding age, operating time, health, or similar indicators of the assets state.
In this context, reliability engineering stands as the scientific discipline comprising a set
of formal methods and approaches dealing with the assessment of assets state and RAM
analysis in order to ensure the proper performance of the assets under different operational
contexts.
The literature shows evidence that the most traditional approaches to reliability en-

gineering involve assumptions and simplifications that are the cause of the inability of
the models to properly describe the behaviour of the assets. This uncertainty inherent to
most traditional reliability assessment is due to an inaccurate understanding of the failure
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behaviour, in the context of fleet management is mainly due to the problems of dynamism
and ergodicity. Indeed, it has been stated in the literature the need for methods in reliability
engineering capable of addressing the dynamic nature of the asset operations; they work
under different operational conditions which may change along their life-cycle, so the
operational context should be considered when performing reliability analysis. Besides, it
has been also argued in the context of fleet management that reliability engineering should
address the non-ergodic properties of the fleets by considering that they are formed by
assets with different inherent properties.
In the theoretical background research, it has been seen that the Proportional Hazards

Models is capable of partially addressing the dynamism issue by integrating into a hazard
rate function external covariates that influence the baseline reliability of the assets. By
means of this, it is possible to reduce the epistemic uncertainty, however, the characteristics
of the model present some limitations. The consideration of the dynamism issue is
performed in such a manner that it consists of a linear combination of the operational
context variables, or in the best case a predefined combination. Besides, the model does
not consider any change in the value of the covariates whilst operating thus rendering a
rather static failure rate. Accordingly, it has been seen that the linearity may be addressed
by adopting an ANN-based method capable of modelling unknown interactions or hidden
phenomena. The ANNs have also been proposed to model the failure probability with
changing operational conditions. Nonetheless, there is a lack of approaches addressing
both issues together, the changing operational conditions and the modelling of possible
interactions among operational context variables, under a perspective that avoids the black-
box nature of ANNs and allows at the same time to benefit from the managerial benefits
of applying time-to-failure models. Accordingly, the firs identify gap is the following:

Gap A. Comprehensive reliability modelling considering the problem
of dynamism
It is essential to model the failure behaviour of the assets through an

approach capable of addressing the operational conditions under which
they are operating. If the model aims at comprehensively addressing the
issue, it is necessary to consider three main aspects. In the first place, it
is important to consider operational context variables that affect the asset
operational performance. Besides, it is reasonable to reckon that these
variables may interact in order to influence the failure behaviour which may
also be affected by hidden phenomena unconsidered when the variables are
model independently. Finally, it is essential that the proposed approach is
efficient in the use of resources and it maintains the managerial advantages
of the time-to-failure modelling approach.
This gap is mainly related to the Theoretical and Technical research

questions.

Regarding the non-ergodic properties of the fleets, the theoretical background shows
evidence that it is possible to characterize the differences among failure distributions with
proposals such as the Kullback-Leibler Divergence, thus addressing the main dissimilarities
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of the inherent failure behaviours of the assets. It has been presented spectral clustering as
an approach capable of segmenting the fleet into groups with alike behaviours. Nonetheless,
in reality, the presented approaches do not succeed to deal with non-ergodicity because
they perform their analysis based on data influenced by the dynamic conditions of the
assets previously discussed, thus the second gap identified:

Gap B. Addressing non-ergodicity properties considering dynamism
effects
The failure mechanisms of the assets in the fleet are due to the inher-

ent characteristics of the assets and the operations under which they are
performing. While it is possible to address the multiple inherent character-
istics that it is possible to find in a fleet, it is essential to conjointly address
the dynamism nature of assets’ operations. The modelling of the failure
behaviour of the assets in the fleet should follow an approach capable of
addressing the inherent differences in the behaviours of the fleet and the
operational conditions of the assets altogether.
This gap is mainly related to the Theoretical and Technical research

questions.

In the process of reviewing the state-of-the-art advancements in reliability engineering
and how the innovative approaches in data science are irrupting in this field, it is noticeable
the considerable potential of the solutions and advancements being proposed. Nevertheless,
in many of the proposed solutions, the level of development only reaches the theoretical
realm, and the applicability in industrial cases is left to the users’ interpretation. Accord-
ingly, the key role of reliability engineering in the improvement of maintenance within
asset management is blurred. Accordingly, it is presented the following gap identified in
this work:

GapC. Provide the technological advancements in reliability engineer-
ing with methods to translate them into organizational value

It is essential to provide the advancements in reliability engineering with
a method to translate them into organizational value. For that, it is neces-
sary to present their contributions and enhancements in the maintenance
management activities quantifying the potential improvements not only in
costs but other organizational aspects as well. Besides it is important to
consider the actual paradigm in which the asset management discipline
is set, thus presenting the advancements under a holistic perspective that
comprehends the asset management implications of the reliability engineer-
ing advancements under a PSS business model. It is important to present
alongside the developments, a study on how they will enhance the service
offerings of the OEMs and the attractiveness for the customers.
This gap is mainly related to the Practical research question.
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Accordingly, the research presented in this thesis seeks to provide developments and
insights regarding these identified literature gaps. Aiming at properly defining the direction
towards the developments should be oriented three research questions had been presented
derived from the literature gaps. The questions presented in the first chapter of the thesis
are directed towards the theoretical, technical, and practical perspectives of the research.
In the following chapter, the research methodology followed is presented, as well as the
contributions of the work and how the contributions have been validated.





3 Research methodology and
contribution

Anyone who acquires more than the usual amount of knowledge
concerning a subject is bound to leave it as his contribution to
the knowledge of the world.

Liberty Hyde Bailey, 1954

In this chapter of the thesis, the full research methodology is presented alongside the
developments. This chapter is a cornerstone in the present manuscript because it serves

as a link among the developments and the previously explained introduction and literature
review. This chapter presents the main contributions of the thesis and explains the role
these contributions play addressing the literature gaps identified and thus answering the
research questions. Besides, this is all set in the framework proposed by the research
methodology presented in the following section.

3.1 Research methodology

Retracing back to Chapter 1, it is possible to see an introduction to the researchmethodology.
In subsection 1.3.5 it is possible to see an initial description of the research four phases
alongside Figure 1.1 depicting a schematic view of the research methodology. Although,
this initial presentation of the research methodology served the purpose of providing an
overview, now in this section the research methodology is fully presented in its expanded
version as it can be seen in Figure 3.1.

In the introduction to the research methodology of Chapter 1, the interest was set on
presenting the overall characteristics of the thesis, the research presented in the thesis
was classified as applied research from the application perspective, from the objectives
perspective it was described as mainly exploratory with some pieces of descriptive research,
and it was classified as quantitative research from the enquiry mode. Besides, the reasoning

49
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Figure 3.1 Research methodology.
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type characterizing the research in the thesis was classified as deductive. On the contrary,
in the present section, the focus is set on the explanation of the four different phases of
the research methodology that provide a more detailed view of the developments and
their purpose while supporting the overall classification of Chapter 1. Accordingly, in the
following subsections each of the four phases of the research methodology are introduced
and presented supporting the view provided by Figure 3.1.

3.1.1 Exploratory phase

The exploratory phase of the research methodology is the first part of this thesis, therefore
it has been presented already during Chapters 1 and 2. As depicted in Figure 3.1, the begin-
ning of the exploratory phase is oriented towards characterizing the broad context in which
this thesis is set. It explores the context of asset management and the shift of paradigm
towards servitization currently happening, a view of how maintenance management stands
in a prominent position to smooth the shift of paradigm and holds the potential to become
a great source of quantifiable and non-quantifiable benefits for OEMs. Nonetheless, to
reap these benefits reliability engineering plays a key role in addressing the boundaries
between proper operation and failure of asset, thus this discipline is considered in the
contextualization as well.
In the study of the asset management field, its pillar of maintenance management, and

the discipline of reliability engineering, it was possible to notice that the management of
assets fleets was an issue attracting considerable interest not only from researchers but
from practitioners as well. Accordingly, the problem to address with the research presented
in this thesis is the need of reliability engineering for scientific methods when addressing
fleet asset management. Especially, it is important to remark that these methods should
involve a lower uncertainty degree than the traditional propositions and should enable
to create additional organizational value in the actual service-oriented scenarios. The
definition of this problem in the exploratory phase has been presented already in Chapter
1 and the limitations that will define the research addressing the problem are also stated.

Aiming at exploring the problem defined the research background was presented in
Chapter 2, the chapter was introduced with a presentation of the methodology followed
to review the literature published in the fields in which the thesis intends to contribute.
The research background was presented following two main directions, on the one hand, a
literature review of the most relevant works in the fields related to the thesis, and on the
other hand, a theoretical background dedicated to reviewing the technical concepts and
algorithms proposed in the previous fields.

The construction of the research background led to the identification of three main gaps
in the literature that would hinder the full exploitation of all the benefits promised by the
adoption of PSS business models by OEMs. Among the three identified gaps, two of
them relate to advancements in reliability engineering in order to address dynamism and
non-ergodicity, while the remaining gap considers the realization of value from technical
advancements in reliability engineering.
Finally, the last part of this exploratory phase consists of a set of research questions

formulated to establish a course of action for developing the research intended to fill
the gaps and to step forward in the resolution of the problem. The research questions
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are oriented towards three main aspects, theoretical, technical, and practical and they
relate to the identified gaps. The theoretical research question orients the developments
towards reducing the degree of epistemic uncertainty involved in reliability engineering
methods for fleet management. The technical question sets the spotlight in the two main
issues causing the uncertainty, the dynamism in assets operation, and the non-ergodicity
properties in fleets of assets. Finally, the third research question sets the spotlight in the
need to propose alongside the developments the corresponding methods to translate the
technological advancements into organizational value in order to enhance their applicability
and adoption in industrial environments.

3.1.2 Developmental phase

The second phase is the developmental phase, in this phase, the technical developments of
the solutions are presented and linked to the related published papers. The main aspects to
consider in the presentation of a solution are the modelling approach, mainly emphasizing
the considerations regarding the data and the techniques involved in the fitting of the
models. For the implementation of the solutions four main aspects are considered as
can be seen in the overview of Figure 3.1, (i) the data processing aspects regarding what
kind of databases are employed in the implementation, (ii) the language employed for
the modelling of the solution, (iii) how was applied the model, and (iv) the main aspects
considered in the development of the solution for the construction of the case study. As
can be seen in the research methodology, the present thesis contributes to the proposal of
two novel solutions.
The first solution of the developments, which is further explained ahead, consists of

a dynamic reliability model based on ANN working from a database containing TBFs
data and their associated operational parameters, it is fit through a genetic algorithm to
maximize the partial likelihood value. Afterwards, the solution is implemented with
aircraft engines’ failures of the C-MAPSS dataset, and with wind turbines TBFs for which
is necessary to merge different databases from CMMS and SCADA records. The reliability
is modelled in the R programming language and it is applied in R and in AnlyLogic®

simulation software. The case studies for testing the model are based on the concepts of
confusion maintenance matrix, assessing several scenarios with different maintenance
cost ratios, and a life-cycle simulation of a wind farm with an opportunistic maintenance
policy.

The second solution explained below as well, proposes a reliability clustering approach
for assets in a fleet working from the TBFs of those assets. The model is fit through a
similarity-based approach and unsupervised learning algorithms. The implementation
of the solution is made through the processing of the failures of the assets in the fleet
and their characteristics. The modelling is performed in R programming language, and
the application is also in R and AnlyLogic® software. Besides, in the application is also
employed the software Gephi® for network analysis and visualization. The construction of
the case studies is based on clustering fleets of assets for the rolling stock and wind energy
sector also simulating the life-cycle under an opportunistic maintenance policy.
As shown in Figure 3.1, both solution developments are linked to specific published

papers in which the developments have specific implications. While it is possible to
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appreciate that some papers are exclusively linked to a single solution development, some
other papers are connected to both developments mainly because they are works with a
transversal nature involving ideas from both developments. In order to further present
the relation among the papers and both solution developments, Table 3.1 consider an
explanation of each relationship.

Table 3.1 Relationships among papers and developments .
Paper I Related development: Dynamic ANN-based reliability
This paper proposes a methodology to assess the reliability of different rolling stock systems
according to operational context parameters. It presents an application of the Cox model
which is the basis for the development of the Dynamic ANN-based reliability model since
they have a similar structure and both employ the concept of the partial likelihood for the
fitting.
Paper II Related development: Dynamic ANN-based reliability
In this paper, the Dynamic ANN-based model is first proposed. It consists of the
introduction to the model and the main concepts supporting its development. It provides a
case study exemplifying the application of the model with aircraft’s’ engine failures and
provides a validation employing a confusion maintenance matrix and a cost assessment in
different maintenance cost ratio scenarios.
Paper III Related development: Reliability clustering approach
The work described in the paper is oriented towards the problem of ergodicity in fleets and
considers a clustering approach based on the reliability similarities among the assets in the
fleet. The paper proposes a comprehensive approach with a case study in a rolling stock fleet
of assets for which the clustering is applied to the HVAC system to ease the maintenance
management processes and decision making.
Paper IV Related development: DynamicANN-based reliability&Reliability

clustering approach
This paper presents a framework addressing maintenance management in a new sector which
is the wind energy industry. The paper is a proposal addressing the operations and
maintenance of a wind farm. The proposal does not contain the application of the dynamic
ANN-based reliability nor the reliability clustering approach, however, it considers aspects
such as sources of data in the wind energy sector, maintenance management, or
implementation of a PSS business model that will allow in the following papers to
implement the application of both solution developments.
Paper V Related development: Reliability clustering approach
Accordingly, in this paper, the reliability clustering approach is presented in a wind farm
application. The work in the paper consists of a framework integrating the approach of Paper
IV with the clustering perspective. The integration and its testing via a case study in which
the life-cycle of a wind farm is simulated and it provides evidence of the potential
improvements in terms of reduced cost and increased availability.
Paper VI Related development: Dynamic ANN-based reliability
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Table 3.1 ...continuation .
This paper is an integration of the research of Paper II and Paper IV, the Dynamic
ANN-based model is integrated within the maintenance strategy of a wind farm. In the case
study the reliability model is applied to several failure modes of the wind turbines and their
performance is simulated for the life-cycle of the wind project. The integration of the model
within the maintenance management of wind farms sets the spot-light in the importance of
addressing the operational conditions to lower the costs and increase the availability during
the life-cycle fo the wind farm.
Paper VII Related development: DynamicANN-based reliability&Reliability

clustering approach
This paper sets the spot-light into more organizational aspects of maintenance management
and their implementation. However, the main idea defended in the paper is the need for
technological capacitation to reap the benefits of the servitization business model. In the
technological capacitation of the paper, several technologies and advancements supporting
maintenance management are considered. The solution developments are considered within
the maintenance technologies acting as enablers of the shift towards the servitization of
maintenance.
Paper VIII Related development: DynamicANN-based reliability&Reliability

clustering approach
In this paper the idea of switching to an optimal maintenance strategy is explored, it consists
of a case study in which a wind-farm has been operating under a non-optimal maintenance
strategy for several years then it is changed to a maintenance strategy based on the Dynamic
ANN-based reliability models for the components of the wind turbine. Although the
Dynamic ANN-based reliability is employed in the paper, the target of the paper is to present
an approach to assess the feasibility of the in-life change to a different maintenance strategy,
accordingly that is the reason why this paper is also considered to be related with the second
solution development.

3.1.3 Verification and validation

The developmental phase implies that the research should consider as well a verification
and validation of the developments, this has been considered in the third phase of the
research. The verification and validation process ensures that the developed models are
correct. First, by verifying the development it is ensured that the computerized model
and its implementation are correct [212], and through validation, it is guaranteed that
the model possesses a satisfactory level of accuracy considering the intended application
[213].
To ensure the correct implementation and accuracy of the developments in this thesis,

the verification and validation paradigm of Sargent [214] has been adopted to describe
the relationship among the process of modelling with the processes of verification and
validation. The graphical representation may be seen in the verification and validation part
of the research methodology Figure 3.1. As shown, the paradigm is based upon three main
concepts, the problem entity referring to the system to be modelled, the conceptual model
which represents the system in a mathematical, logical or verbal way, and the computerized
model as the implementation of the system and its conceptual model into a computer.
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Accordingly, in the present research work, the problem entity corresponds to the several
problems in asset management and reliability engineering to be addressed. These problems
will be translated into mathematical formulation thus creating the conceptual model that
will be implemented in R programming language and Anylogic® simulation software to
create the computerized model. The creation of the conceptual model is achieve through it-
erative analysis and modelling techniques, then through programming and implementation
from the conceptual version the computerized model is created and it must be consistent
with the experimentation results from the problem entity and vice versa [212]. As shown
in Figure 3.1, these processes are all supported by the data validity, i.e. if the data quality
is not adequate the result of the processes will not be accurate.

Therefore having defined the problem entity, the conceptual model, and the computerized
model, they must be verified and validated. For such aim, the validation and verification
phase proposes three main aspects to consider that will ensure the validity of the devel-
opments. In the first place, the computerized model verification will be oriented towards
ensuring that the implementation of the conceptual model in a computer language is right
and the computerized model truly represents the conceptual idea. Then validation will
consist of two directions, a conceptual validation of the model with the problem entity
to ensure that the theories and assumptions of the conceptual model are correct, and a
second operational validation ensuring that the computerized model provides outputs with
enough accuracy for the representation of the problem entity.
The verification and validation processes may be performed by means of several tech-

niques, in the research presented in this thesis several of them have been employed. In the
presentation of the contributions ahead, it will be explained what type of verification and
validation procedures have been implemented for each. Nonetheless, a summary of the
main techniques applied in the thesis may be seen in Table 3.2.

3.1.4 Results and discussion

The fourth and last phase of the research methodology consists of the results obtained
with the application of the developments and their discussion. In the research presented
in this thesis, the results are linked to the application of the developments to several case
studies. The case studies that have served as test vehicles to explore the benefits of the
developments are case studies belonging to several industrial sectors.Furthermore, all the
case studies are framed and contextualized according to certain industrial considerations
currently attracting practitioners and researchers’ attention.

The first case study may be seen in Papers I and III, it is a study for the railway industry
in which the reliability of rolling stock is characterized. More precisely, in the HVAC
system of several rail projects, the reliability is addressed according to the different opera-
tional conditions under which this system is working. Departing from maintenance work
orders of the CMMS, the TBFs are calculated and then associated with the operational
conditions under which they happened. The reliability analysis considering the operational
context is performed under a customized methodology based on the criticality of the
components. Then it is expanded in order to cluster a full fleet of assets where it is possible
to address dynamism and non-ergodicity simultaneously. The results of the case studies
show evidence of the benefits providing the characterization of the reliability according
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Table 3.2 Verification and validation techniques.

Comparison to
other models

Compare the results of the models with the outputs rendered
by other models which have been validated.

Degenerate tests Analyse the impact that changes in the inputs may have on the
outputs and their expected value.

Sensitivity analysis This technique is similar to degenerate test, however, it is
based on the idea that changes in the input and the internal
parameters of the model will lead to changes in both, the
behaviour of the model and thus its outputs.

Event validity Corroborating that the events happening in the system are
indeed happening in the model as well.

Extreme conditions
test

This type of tests ensures that the model and the outputs
respond to extreme combinations of inputs and internal
parameters, usually the expected results in extreme conditions
are easily foreseen.

Internal validity Through multiple executions of the model, the stochastic
nature of the developments is tested to reach a stable model
with low variability.

Traces By setting traces in the models, it is possible to monitor that
the behaviours of the models are following the structured and
logical order in which they were conceived.

to operational conditions in terms of customized maintenance strategies and improved
availability and cost. Besides, the clustering of the fleet allows structuring the maintenance
management problem into an approach where maintenance is addressed cluster-wise since
the assets belonging to the same cluster have alike failure behaviours and the dynamism is
considered.

Another case study presented in Paper II is built from failure data of aircraft engines, the
database also contains operational parameter information. The data is split into two parts,
one employed for modelling the dynamic ANN-based reliability, and the other part for
verification and validation of the models with a novel concept of a maintenance confusion
matrix. The results in the case study are related to the modelling of reliability. In the case
study, it is possible to notice that the suitability of reliability models is highly conditioned
to the reliability-based preventive maintenance strategy. It is also shown that the results
should be assessed in two aspects, the preventive maintenance costs, and the corrective
maintenance costs. The consideration of both costs and different alternatives allows for
the representation of the results as several potential savings scenarios.
The wind energy sector has provided a good case study for the application of the

developments. Indeed, papers IV, V, VI and VIII are contextualized in the wind energy
sector. The reliability engineering developments have been applied to certain components
of wind turbines and through their applications, the results show evidence that it is possible
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to obtain a reduction in the Operational Expenditure (OPEX) of wind farms. Both, the
Dynamic ANN-based reliability and the reliability clustering approach have the potential
to reduce the life-cycle cost of wind turbines. Thus, they have proved effective to increase
service level in wind farms by avoiding unnecessary loss of power generation. Besides, the
case study in the wind energy sector also provides evidence that changing the maintenance
strategy during the life of a wind farm may render benefits in both aspects, cost reduction
and service level improvement.
Additionally to the case studies, the research in this thesis has also some important

results due to the industrial considerations involved in the developments. As can be seen in
Figure 3.1, the considerations mainly relate to three ideas, (i) the adoption of PSS business
models in the industry, (ii) the servitization of maintenance, and (iii) the integration of the
developments in the Industry 4.0 concept. The application of the developments is oriented
towards a perspective in which they act as enablers of a service-based offer thus advancing
towards the adoption of PSS business models. As many of the services in these types of
offerings refer to maintenance, it has been explored the technological capacity development
in order to offer the services in a profitable and attractive manner. And it is also considered
how the developments would fit into the actual Industry 4.0 context characterized by data
availability, systems integration, and multiple simultaneous maintenance policies.
It is important to notice that, as shown in Figure 3.1, the research methodology is

not a linear process ending in the results and the discussion, but a feedback loop is
considered from this phase towards the initial exploratory phase. This feedback loop
represents the final part of the research where the results obtained are contrasted with the
initial considerations regarding the defined problems, the literature gaps, and the research
questions. Nonetheless, before entering this final part the contributions derived from the
developments are presented in the following section.

3.2 Contributions

The development of solutions in this thesis may be summarized into three main contribu-
tions to the body of literature, these contributions consist of a dynamic reliability model
based on ANN, an approach for clustering a fleet of assets according to their reliability, and
the proposal of methods to translate the previous contributions into organizational value.
These contributions are compelled to be aligned with the previously identified literature
gaps and should follow the main directions indicated by the research questions. Accord-
ingly, these relationships are represented in Figure 3.2 where it is possible to appreciate
the specific contributions providing answers to the research questions and how these are
related to the identified literature gaps.
As shown in Figure 3.2, on the one hand, the A and B literature gaps relate to the

Theoretical and Technical research questions, if the epistemic uncertainty degree was to
be reduced in fleet management, the reliability modelling should integrate information
regarding the dynamism in operational conditions of the assets and should also consider
the non-ergodic properties of the assets in the fleet. To such aim two main contributions
are proposed by the research presented in this thesis, they are related to the development
of a novel reliability model and the proposal of an innovative approach to cluster a fleet
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Figure 3.2 Literature gaps, research questions and contributions.

of assets according to their reliability. On the other hand, literature gap C relates to the
practical research question, and the contribution proposed is oriented towards realising
value from the previous developments, thus research gap C and practical research question
have a transversal relationship with the other gaps and research questions.

3.2.1 Dynamic ANN-based reliability

The first contribution of this thesis is a novel reliability model. As has been stated before,
traditional reliability models involve simplifications and assumptions which are the source
of epistemic uncertainty conditioning the accuracy of these models when representing
failure probability. Therefore, if reliability models aim at accurately estimating the failure
probability, they are compelled to integrate the effect of epistemic uncertainties such as
the influence of the operational conditions of the assets. Accordingly, it is the goal of
the present reliability model to address the dynamism issue by integrating the effect of
operational conditions in failure probability.

The Dynamic ANN-based reliability model intends to contribute by addressing literature
gaps A and B and providing answers to the theoretical and technical research questions
because it directly deals with the issue of dynamism in the operational conditions of the
assets in a fleet. The value proposal of this model is based on a combination of traditional
reliability models, with ANN approaches and the Cox PHM. This innovative combination
is expected to provide better reliability estimates because it directly considers three main
simplifications that other models have not dealt with altogether:

A. Considering operational conditions. The dynamic ANN-based model performs
the reliability estimates, not only based on a single driver, but also on the values of
multiple variables that characterize the operational conditions of the asset. Moreover,
the ANNmethods in which the model is based allow integrating the effect of multiple
working conditions variables.
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B. Considering changes in operational conditions. The dynamic capabilities of the
model directly addresses the changes in the operational conditions. Besides, an
important property of the model is that the dynamic behaviour is designed in such a
way that allows defining changes in the working conditions of different lengths in
time. This is an important implication because it means that the reliability estimate
may be calculated differently if the change is a peak that only lasts a few days, or if
the changes consist of a trend for over some months or year. This characteristic is
extremely useful in environments with highly variable working conditions.

C. Considering interactions and hidden phenomena. This is one of the advantages
that brings in the integration of an ANN architecture in the model. The nonlinearity
nature of the ANN method entail possibilities to model interactions and possible
hidden failure phenomena a priori unknown.

It has been stated before that the Dynamic ANN-based reliability model, is based on
traditional models, on the Cox PHM, and on models using ANN. In Figure 3.3 it is possible
to appreciate the incremental innovations the Dynamic ANN-based model brings in with
respect to these models.
As explained before, the Cox PHM model was a valid alternative to reduce epistemic

uncertainty by integrating covariates with information of the operational context. How-
ever, the characteristics of the model do not provide dynamic capabilities and the linear
combination of the variables does not allow to capture events and interaction that may be
influencing the failure event. In such a context, the literature on ANN provides evidence
proving that they allow modelling the interactions and hidden phenomena. Nonetheless, it
was necessary to address the dynamism issue and consider it conjointly with the possible
interactions. As shown in Figure 3.3, in this thesis a Dynamic version of the PHM is
proposed and then is further developed to consider both problems in a single approach,
thus reaching the proposal of the Dynamic ANN-based reliability model.

Figure 3.3 Dynamic ANN-based reliability model research process.

The dynamic ANN-based model is based on the Weibull PHM which may be described
by the recalled Equation 3.1 presented below where the deviations from average values
of the covariates are considered. It is important to consider that in order to obtain the
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reliability function R(t,Xi) it is necessary to performed the calculations described in
Equations 3.2 and 3.3.

h(t,Xi) =
γ

α
.
( t

α

)γ−1
.exp

(
k

∑
j=1

β jXi j

)
(3.1)

R(t,Xi) = exp
(
−
∫

h(t,Xi)dt
)

(3.2)

R(t,Xi) = exp

(
−
∫

γ

α

( t
α

)γ−1
exp(

k

∑
j=1

β (Xi j−X j))dt

)
(3.3)

In the most common expression of the PHM of Equation 3.3, neither the covariates
depend on time nor the scale and shape parameters. Therefore computing the integral will
render the PHM expression of the reliability function described in Equation 3.4.

R(t,Xi) = exp

(
−
( t

α

)γ

exp(
k

∑
j=1

β (Xi j−X j))+C

)
(3.4)

Special attention should be pay to theC term of Equation 3.4. This term is the integration
constant and when an asset operates in a context A, i.e. XA = (XA1,...,XAk) it can be noticed
that by solving the equation R(t = 0 ,X = XA) = 1 (probability of not failing is 100% at
operation time t = 0 )the value of the integration constant is C = 0 for any value of the
parameters or the covariates. If the asset’s operating context does not change
Lets consider the case in which an asset has been operating during a certain time

in context A characterized by XA = (XA1,...,XAk) and in time t1 the operational context
changes to a context Bwith operational parameters XB = (XB1,...,XBk). Then the reliability
in this new context will be described by Equation 3.5.

R(t,XB) = exp

(
−
( t

α

)γ

exp(
k

∑
j=1

β (XB j−X j))+CB

)
(3.5)

However, in this scenario, the value of CB cannot be calculated following the previous
reasoning. Instead, the equation to solve in order calculate the value of CB is Equation 3.6
or Equation 3.7 described below:

R(t1 ,XA) = R(t1 ,XB) (3.6)

exp

(
−
( t1

α

)γ

exp(
k

∑
j=1

β (XA j−X j))

)
= exp

(
−
( t1

α

)γ

exp(
k

∑
j=1

β (XB j−X j))+CB

)

(3.7)
The same reasoning process should be followed to calculate asset’s reliability if it would

change in t = t2 ∀ t2 ≥ t1 to a new operational context C. Generalizing this reasoning
process leads to the definition of the general Dynamic PHM reliability in Equation 3.8
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and the general value of the integration constant C in Equation 3.9 where the subindex i
represents the different operational contexts being i = 0 the first one.

R(t,Xi) = exp

(
−
( t

α

)γ

exp(
k

∑
j=1

β (Xi j−X j))+C i

)
(3.8)

C i =





0 ∀i = 0

( ti
α

)γ
(

exp(∑k
j=1 β (Xi j−X j))− exp(∑k

j=1 β (X(i−1) j−X j))
)
+C i−1 ∀i 6= 0

(3.9)

The parameter Ci stores all the information regarding the operational context changes
into a single value. It acts as an indicator of the state of the asset in terms of reliability
ensuring the continuity of the function and thus, linking the different curves defined in
each operational context. Taking a closer look at the definition of the integration constant,
it is possible to differentiate three main components in its definition:

•
( ti

α

)γ . The changes in the operational context do not affect the asset in the same
way during the whole span of its operating time. The impact of the changes will
depend on the time at which they happen and also on the characteristic of the
asset. This term integrates the aforementioned details; the time at which the change
happens is explicitly represented (ti) and asset’s characteristics are included in the
characterization of the reliability curve, by the shape (β ) and scale (α) parameters.

•
(

exp(∑k
j=1 β (Xi j−X j))− exp(∑k

j=1 β (X(i−1) j−X j))
)
. This term integrates into

the C constant information regarding how different is the new operational context
from the previous, the bigger the differences the more influence will have the constant
on the new reliability curve which the system will follow.

• C i−1. The system state will also depend on previous changes it had gone through
and therefore, it is this term the one that integrates it by gathering the information
of the constant from the previous operational context change.

This will define the novel Dynamic PHM reliability depicted in Figure 3.3, a model with
an important advantage, as the operational context changes are not specified but defined
according to time intervals, the model allows for dynamic calculation fo the reliability.
Besides, in this dynamic calculation, the time intervals do not need to be of equal length,
therefore providing the model with higher flexibility.

Nonetheless, the pre-defined combination of the operational context variables (linear in
its most simple form) limits the ability of the model to integrate information regarding
possible interactions among the covariates or hidden phenomena that may affect the failure
probability. It is in this aspect where the ANN-architecture provides its value.
The proposed model is based on Feed-Forward neural networks where the input is the

covariates vector X = (X1,...,Xk) and there is only one output node, as represented in
Figure 3.4. The inputs and the output are connected through hidden layers with different
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nodes number. Every connection between nodes is associated with a weight parameter, all
of them represented by the vector W where each position is described by whyz, being h
the origin layer (starting in 0 for the input layer and ending in H for the output layer), y
represent the node in the origin layer and z the destination node in the next layer. Every
node in the hidden layers is also associated with a bias term all of them represented by
vector B where each position is described by bhz being h the hidden layer and z the node
in the corresponding hidden layer.

Figure 3.4 ANN graphical representation.

The equations describing the computations and behaviours in the ANN are described
in Table 3.3 where they have been organized according to the different layers and the
calculations in each one of them. The term θhz refers to the output of the neuron z of the
hidden layer h, the result of applying to received input an activation function g(x) in each
neuron.
Considering the application of the equations on Table 3.3, it is possible to define

the network as a non-linear complex function depending on the covariates vector X =
(X1,...,Xk), the weights of the connections between the nodes W, and the bias terms B. This
function is denoted by G(X,W,B) and the Neural-Network based reliability model propose
replacing the linear ∑

k
j=1 β jX i j in the Dynamic PHM by the output of the neural network

function denoted by G(X,W,B). This consist of the Dynamic ANN- based reliability
model contribution and it is described by the hazard Equation 3.10 and the reliability
Equations 3.12 and 3.13.

h(t,X) = hX(t)exp
(
G((X− X̄),W,B)

)
(3.10)

R(t,Xi) = exp
(
−
∫

γ

α

( t
α

)γ−1
exp(G((X− X̄),W,B))dt

)
(3.11)
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Table 3.3 Artificial Neural Network equations.

Layer Output of the nodes in the layer Domain
First hidden
Layer (h=1) θ1z = g

(
k

∑
y=1

w0yzXy +b1z

)
∀zε[1,Zh=1]

Next hidden
Layers θhz = g

(
Yh−1

∑
y=1

w(h−1)yzθ(h−1)y +bhz

)
∀hε[2,(H−1)] ∀zε[1,Zh]

Output layer
(h=H) θH1 = g

(
YH−1

∑
y=1

w(H−1)y1θ(H−1)y +bH1

)
-

R(t,Xi) = exp
(
−
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α

)γ

exp(G((Xi− X̄),W,B))+C i

)
(3.12)

C i =
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)γ (exp(G((Xi− X̄),W,B))− exp(G((Xi−1− X̄),W,B))
)
+C i−1 ∀i 6= 0

(3.13)
It is important to consider the method to obtain the parameters of the ANN. In the

proposed model, the traditionally employed backpropagation algorithm as well as other
common techniques are of no use because the ANN cannot be trained due to the lack of
a known output in the probability field. Instead, the concept of maximizing the partial
likelihood is still valid for this new architecture. In this novel model the partial likelihood
function (L) to maximize in order to estimate the neural network parameters (weights and
bias terms) is described by Equation 3.14.

L =
p

∏
i=1

exp(G(Xi,W,B))
∑l ε Ri

exp(G(Xl ,W,B))
(3.14)

The method employed to maximize the partial likelihood in the traditional PHM proposal
is the Newton-Raphson iterative procedure. Nonetheless, depending on the chosen ANN
architecture, this method will entail an extremely high computational cost. Accordingly, a
method based on a genetic algorithm metaheuristic is proposed to search for the weights
(W) and bias (B) values of the ANN that maximize the partial likelihood function.

Verification and validation

The Dynamic ANN-based reliability model is the Conceptual model which has been
converted into the Computerized model by programming it into R software and also into
the Java-based Anylogic® simulation software. As previously stated, this model tries to
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provide a solution to the Problem entity of dynamism, modelling the impact that operational
context may have on failure probability.

To verify that the conceptual model is properly implemented into the computerized model
and to validate both with the problem entity to be represented, several of the techniques
proposed above in Table 3.2 have been employed.

More precisely, the Dynamic ANN-based reliability model has been compared to other
models such as the traditional Weibull or the Weibull PHM. To compare its performance
against other reliability models, a novel concept of a maintenance confusion matrix has
been developed, see Figure 3.5.

Figure 3.5 Confusion matrix concept.

From a test dataset with failing assets and non-failing assets and a given reliability
threshold for performing maintenance actions, the confusion matrix of each model will
consist of four main indicators:

• True positives (TP). This measure represents the failures in the dataset which
would have been avoided due to the preventive action, given certain reliability
thresholds as the criterion to launch preventive maintenance on assets. As the model
estimates different reliability for the assets, the choice of the reliability model directly
conditions assumed failures.

• False positives (FP). Some assetsmay reach the reliability threshold formaintenance
in the values estimated by the different models, yet they are not failure data but
censored data in the test dataset. It means that the preventive maintenance performed
to such assets would have been unnecessary actions.

• False Negatives (FN). In other cases failing assets may not reach the reliability
threshold and yet they are failure data. This measure is intended to represent the
failures assumed by choosing certain maintenance thresholds and will depend on
whether the model estimates reach the threshold before the failure time or not. If they
do not reach the threshold, it means the asset would not have been maintained and
therefore corrective maintenance actions taken would have incurred in corrective
costs.
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• True Negatives (TN). The TN indicator represents all the censored assets which
would not have been maintained because the reliability estimates do not reach certain
maintenance threshold, therefore, not preventive nor corrective maintenance actions
are taken on the assets.

In addition to the comparison through the maintenance confusion matrix, degenerate
test and sensitivity analysis were performed to verify and validate the models. By changing
the operational conditions of the assets it was expected to observe certain changes in the
estimates rendered by the Dynamic ANN-based reliability model. When the conditions
were modified to a more demanding working conditions reliability was expected to fall
faster, and on the contrary, when the context was less demanding the reliability was
expected to decrease at a slower pace. This same reasoning led to extreme conditions
validation technique, in which the reliability estimates where conditioned to an extremely
demanding value of the covariates and null values of the variables as well.

Finally, the model has been verified and validated through multiple executions ensuring
that the variability in the results corresponded only to the stochastic inherent nature of the
model itself. And during the programming, several traces were integrated into the code so
it could be ensured its correct execution.

3.2.2 Reliability clustering approach

The reliability clustering approach presented here is the second contribution of this thesis,
it is thought to enhance the management of fleets by addressing the issues derived from the
non-ergodic nature of fleets of assets. As presented in previous sections, the maintenance
management of fleets is not a trivial issue because the fleets are composed of many types of
assets that do not present the same failure behaviours. Accordingly, this approach intends
to cluster the asset based on the similarities of the failure behaviours considering as well
the influence that operational conditions may have on the failure frequencies.
This contribution is intended to contribute to addressing literature gaps A and B by

answering the Theoretical and Technical research questions. Considering that the first
contribution is oriented towards addressing dynamic conditions of the assets, this approach
intends to expand the previous developments and integrate them into a comprehensive
approach that considers both, dynamism and non-ergodicity. The value proposal of this
contribution is supported by the Dynamic ANN-based reliability developed previously,
then integrated with a similarity assessment through Kullback-Leibler Divergence that
serves as the departing point of a spectral clustering algorithm. The logical process of the
relatability clustering approach can be seen in Figure 3.6, it is shown the integration of
the Dynamic ANN-based model with the Kullback-Leibler Divergence and the spectral
clustering approach.
As shown in Figure 3.6, the Dynamic ANN-based reliability departs from a RAM

database containing the failure data and the operational conditions of the assets. Then,
for every asset, a Dynamic ANN-based reliability model will be clustered. Recalling the
main expression of the hazard function in the Dynamic Ann-based reliability model, see
Equations 3.15, it has been presented how the expression is formed by two main terms: the
baseline hX(t) hazard, and the exponential part considering the impact of the operational
context exp

(
G((X− X̄),W,B)

)
. Considering a common average operating context for all
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Figure 3.6 Reliability Clustering Approach .

the assets in the fleet, i.e. Xn = Xn1,...,Xnk∀n = 1,...,N being N the number of assets in the
fleet, then the baseline hazard of each asset will be expressed under the same operational
conditions. Then the model for each asset will consider in the exponential part the impact
that deviating from the average operating context may have on the failure hazard.

h(t,X) = hX(t)exp
(
G((X− X̄),W,B)

)
(3.15)

By fitting Dynamic ANN-based models for every asset and considering for the fitting
the same of average operating context, it is ensured that the baseline hazard functions of
each one of them are measured under the same circumstances. Therefore the dynamism
issue is regarded in the exponential part and the inherent behaviours of the assets in the
baseline hazard. In this situation, it is possible to address the problem of non-ergodicity
separately from the problem of dynamism because their effects on assets’ failures are also
split into the baseline hazard and the exponential part. Expressing the baseline hazard
as a function following certain distribution will allow measuring similarities among the
inherent reliability of the assets without the bias of the dynamism effect, for such purpose,
as previously seen, the Weibull distribution is adopted and the expression of the hazard
function may be seen in Equation 3.16.

h(t,Xi) =
γ

α
.
( t

α

)γ−1
.exp

(
G((X− X̄),W,B)

)
(3.16)

It was presented previously, that a valid technique to measure similarities among two
distributions is the Kullback-Leibler Divergence. In the present contribution, the Kullback-
Leibler Divergence is applied to measure the similarities among the baseline hazard of
every asset in the fleet, for such purpose it is applied by employing Equation 3.17, where
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ρ ≈ 0.5772 is the Euler-Mascheroni constant and Γ =
∫ +∞

−∞
xz−1e−xdx z≥ 0 is the gamma

function.
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(3.17)
Nonetheless, to create a similarity matrix that will serve as the basis of a clustering

algorithm, it is necessary to obtain a symmetric measure with high value for most sim-
ilar failures distributions and low values for the most dissimilar failure behaviours. An
alternative metric is the definition of the similarities among a pair of assets’ distribution
by the element wi j defined in Equation 3.18. It can be noticed that the Kullback-Leibler
Divergence measure has been substituted by Dsym

KL , this change described in Equation 3.19
is due to the need to convert the non-symmetric nature of the original Kullback-Leibler
into a symmetric and generic measure.

wi j =
1

1+Dsym
KL

(3.18)

Dsym
KL =

1
2
(DKL(µi‖µ j)+DKL(µ j‖µi)) (3.19)

With the similarity measure for every pair of assets, it is possible to construct the
similarity matrix W . From the similarity matrix W of size [N,N] it is possible to construct
the graph G= (V,E)where each of the nodes vi represents the baselineWeibull distribution
of each asset, and each edge ei j is the similarity between two distributions based on the
Kullback-Leibler Divergence. Having defined the G graph, the problem is to find the
partition of the graph such that the weights of the edges are small and large for intercluster
and intracluster connections correspondingly. To such aim, it was presented that the
spectral clustering approach is a solid alternative, therefore it is necessary to compute the
normalized Graph Laplacian Matrix. From W the degree matrix D is calculated, it is a
diagonal matrix whose diagonal entries are defined according to Equation 3.20, and then
the normalized Graph Laplacian matrix is calculated as described in Equation 3.21, where
L = D−W and I is the identity matrix of size [N,N].

di =
N

∑
j=1

wi j, i = 1,...,N (3.20)

Lsym = D−1/2LD−1/2 = I−D−1/2WD−1/2 (3.21)

To extract the information of the graph, the C smallest eigenvalues λ1,...,λC are selected
along with their corresponding eigenvectors ū1,...,ūC, being C the desired number of
clusters. The relevant information is considered by transforming matrix W into a reduced
matrix U of size [N,C]. The columns of U are the C eigenvectors ū1,...,ūC which contain
the information regarding the similarities among the i-th baseline distribution and the
others. It has been proven that it is possible to enhance cluster properties of the data



68 Chapter 3. Research methodology and contribution

by normalizing the rows of the matrix U and forming matrix T , where every element is
computed following Equation 3.22.

tic =
uic(

C
∑

c=1
u2

ic

)0.5 , i = 1,...,N ,c = 1,...,C (3.22)

Once the matrix T is constructed, a clustering algorithm is applied to identify the C
clusters. In the reliability clustering approach proposed in this thesis, the k-medoids
algorithm has been selected. The k-medoids algorithm is initialized by randomly selecting
C medoids and then initialize an iterative process to minimize the cost defined as the
distances of the individuals to the medoid of their cluster. In the iterative process, the
medoid is substituted by a point with lower cost, then the rest of the points are assigned
to the closest point until the cost is minimized according to termination criteria. The
selection of the k-medoids among other alternatives for the clustering algorithm responds
to two main reasons. In the first place, it has proven to perform better for large datasets
and to be more stable against possible outliers [215]. The second reason is the fact that
the selection of a medoid allows characterizing the fleet by one asset in each cluster with a
failure behaviour that may serve as a representative of all the assets belonging to the same
cluster.

Verification and validation

The contribution of the reliability clustering approach is the conceptual model that aims
at modelling the problem entity of addressing the non-ergodic properties of fleets whilst
considering dynamism for maintenance management purposes. The computerized model
has been programmed in R programming language and, although the model is not imple-
mented in Anylogic® simulation software, some developments in the simulation software
were performed to enable the verification and validation of the model, as well as in the
Gephi® software.
For the verification and validation of the reliability clustering approach presented it

was compared in a maintenance strategy with other models. It was tested if certain
maintenance policy would provide better operational results if the reliability would be
addressed following the clustering approach or if it would all follow a generic reliability
distribution that will be assigned to every asset in the fleet according to current practice.

Degenerate tests were used to check if the results were worse when the assets belonging to
certain clusters were changed to another one and thus the reliability clustering configuration
of the fleet would not be optimal. Besides, a sensitivity analysis was performed introducing
some changes in the behaviours of the assets to see whether they would change to a cluster
more similar to the modified behaviour. The event validity techniques have been also
useful corroborating that indeed the clusters with lower relatability were the ones rendering
the highest maintenance costs and the most number of failures.
Similar to the previous contribution, also in the reliability clustering approach the

internal validity was checked to confirm that the variation observed corresponded only
to the stochastic inherent nature of the behaviour of the assets. As well, the simulation
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mechanisms developed contained traces that allowed to confirm the correct execution of
the simulation.

3.2.3 Realizing Organizational value

The third contribution of this thesis, as may be seen in Figure 3.7, it is a transversal
contribution to the two previous developments presented, it is oriented towards realizing
organizational value from the reliability engineering advancements described above. It
has a practical character that enables to provide maintenance management with methods to
translate the technical and theoretical developments into added value in fleet management,
especially in service-oriented business models.

Figure 3.7 Contributions.

Targetting the main issues in the fleet

The first consideration regards to targetting the main issues ensuring that the efforts
are focused on the aspects that most affect the business in terms of cost, service level,
service quality, environmental considerations, etc. Nonetheless, considering the previous
development, in this thesis it is proposed to provided added value by analysing the assets
in the fleet at three main levels to approach maintenance management:

• Cluster-wise analysis. The main idea of clustering the fleet is to provide a partition
based on the reliability of the assets that allows addressing the specific need of the
assets in each cluster under a structured approach. Depending on the characteristics
of the cluster it may be possible to establish a generic maintenance strategy for all
the assets in the cluster. This approach is feasible when the assets in the cluster
present a well-defined failure behaviour with low variability or when they are
operating for the same type of customer characterized by demands with a low level
of customization. On the other hand, for certain clusters, it will be required to
customize the maintenance strategy for the assets inside the cluster because the
operational conditions are demanding and the failure frequencies of these assets may
present a high variability. Some clusters may require a more customizedmaintenance
strategy because the assets are operating for customers that require specific services.

• Assets criticality. In the clusters where a generic maintenance strategy is not feasi-
ble, either because of the assets behaviour or the customers’ requirements, it will
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be necessary to analyse the criticality of each asset for the business objectives. Ac-
cordingly, for assets which low criticality it will be established a basic maintenance
strategy, usually based on a considerable load of corrective maintenance and pre-
ventive actions planned according to the average value of cluster indicators such as
Mean Time To Failure (MTTF), Mean Down Time (MDT) or Mean Time To Repair
(MTTR). However, for assets with medium criticality, the maintenance actions might
be defined according to some basic reliability models such as Exponential or Weibull
distributions. It is also possible to consider as intermediate maintenance plans the
ones based on simple cost models build on information regarding the distribution
of the failures. The cost models would set the optimum preventive maintenance
intervals given several assumptions and simplifications. For critical assets with an
important impact on the business, it is required to adopt advanced maintenance
strategies. For these assets are considered state-of-the-art models that take into
account the operational context enabling a customized maintenance plan which
specifically addresses the needs of each one of them. The maintenance strategy of
these assets should exploit the benefits of machine learning techniques, dynamic
approaches, and considerations within a life-cycle perspective.

• Failure modes criticality. For those assets requiring a complex maintenance strat-
egy, it is important to categorise the different failure modes within the asset (under-
standing the failure modes as the failure event terminating one of more functions
[216]). The failure modes with higher criticality should be addressed with CBM
and predictive algorithms capable of avoiding failures. This analysis should also
contain important considerations regarding three aspects: (i) the indenture level and
the maintenance policy for each failure mode should be aligned, (ii) some failure
modes may be critical due to environmental or safety considerations, and (iii) the
criticality of certain failure modes may vary according to the operational context of
the asset.

Data considerations

Besides, since the nature of the proposal hereby presented establish that the decision-
making processes is a data-driven approach, it is essential to consider the nature of the
data needed to implement such reliability engineering advancements. Therefore, this
thesis presents this third contribution which aims at providing value also with the data
considerations proposed. Information is an essential pillar in every decision-making
process, and it is highly conditioned by the characteristics of the data it comes from. The
utility of the information will be determined by the quantity and quality of the available data,
in the reliability engineering, this is an important issue because the data has been usually
recorded for maintenance management purposes rather than reliability. The content of the
data may be misleading if the proper scrutiny and cleaning are not applied. Accordingly,
in the present thesis it is considered the structure of a failure database so the information
allow overcoming the issues of dynamism and non-ergodicity. To build a proper RAM
database containing all the needed information it is necessary to consider several sources:

- For a proper RAM analysis the maintenance data is essential, this data is usually
contained in Computerized Maintenance Management Systems (CMMS) and it
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mainly consists of data regarding failure behaviours and maintenance works. It is
essential to identify in the CMMS data the indenture level at which the maintenance
tasks are performed and the systems or components replaced, as well as the costs of
the maintenance actions in terms of downtime and resources employed.

- In a RAM analysis it is also important the information contained in the state data,
usually measures and alarms provided by SCADA systems and condition monitoring
technology. The information contained in this data should match with the mainte-
nance data, however, in practice it is not as straight forward and it is necessary to
identify the patterns in the alarms that match with the maintenance date to perform
a proper RAM analysis.

- It is also essential that every TBF recorded in the database can be traced back to the
asset in which it occurred and that the technical characteristics of the assets are
associated with the data entries. The technical features needed for a RAM analysis
usually involve manufacturer’s data on equipment attributes and design characteris-
tics, this data will provide important information for data pooling techniques and
for characterizing the inherent design reliability. As it has been previously stated,
the indenture level at which the maintenance operations are performed should be
consistent with the characterization of the different systems and components thus
enabling the link between the failure recorded and the technical features of the
assets.

- Finally, the RAM database should contain operational context information to later
address the problem of dynamism. Data regarding the operational of the asset and
its environment will allow fully characterizing the circumstances under which a
failure happened. The information contained in this data regards the influence that
operational parameters may have on asset behaviour, thus enabling the modelling of
more advanced reliability models and better-customized maintenance strategies.

Providing that every source of data is available and the data in it fulfil certain quality
standards, it is possible to create a single source of information containing the failure
information. This single failure Database (DB) consists of the TBF data from the different
failure modes of the assets in the fleet, each one of them associated not only with its
corresponding equipment and technical features but with the operational context variables
values as well.

The RAM database is the departure point for any reliability study aiming at improving
the maintenance management processes of an organization. The review of the literature
provides evidence that the advancements in reliability allow adopting an optimal mainte-
nance strategy that satisfies the organization objectives. It has been observed that most of
the approaches to optimize maintenance consider the full life-cycle of the assets in the fleet
and assume that the data necessary has been gathered and stored. However, reality shows
evidence that this is not always the situation and that many assets have been operating under
a non-optimal maintenance strategy for several years by now. Besides, some times data is
not properly collected and/or stored thus hindering the adoption of advanced reliability
models and maintenance strategies.
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Feasibility of In-life adoption of advanced reliability models

The present thesis also intends to contribute to addressing this issue by providing a method
that allows assesing the feasibility of investing the necessary resources to improve reliability
engineering capabilities and hence, maintenance management processes for assets that have
been operating during a considerable part of their life-cycle. This contribution is oriented
towards providing value to the organization when evaluating the benefits of adopting the
proposed reliability engineering and integrating them into the maintenance plans through
considering an in-life change of maintenance strategy. For such aim, the proposal in this
thesis is based on the comparison of three main simulation-based scenarios. The first
scenario, Full-life non-optimal maintenance, consists of projecting the remaining years
of the assets’ life-cycle modelling the maintenance strategy that has been followed up to
the actual moment, in this scenario no optimization is involved and the main indicators
for cost and availability of the assets are monitored. The second scenario considers the
In-life change to optimal maintenance, in it, the reliability of the assets is considered
through advanced models such as the ones presented in the previous contributions, and
the maintenance strategy is optimized for the remaining years of the life-cycle. The
optimization proposed is a multi-objective optimization that allows to conjointly optimize
two dependent objectives such as cost and availability rendering a Pareto front in which a
trade-off among both objectives may be chosen. Accordingly, the third scenario consists
of Full-life optimal maintenance in which the maintenance strategy is optimized for the
life-cycle of the assets, thus representing the ideal situation again as a Pareto containing
the optimal trade-off among cost and availability.
Considering the three scenarios some important aspects related to investing should be

considered. In the first place, the life-cycle of the assets may comprise a considerable
span, thus the time value of money should be calculated when considering cost minimiza-
tion as one of the objectives for optimizing maintenance policies. Besides, the choice of
simulation models as the technical answer to address the problem is due to the ability of
simulation models to represent the stochastic nature of the processes involved in main-
tenance management. Therefore, it should be noted that uncertainty is a key element to
consider when investing, thus it is proposed an uncertainty analysis for each of the previous
scenarios to provide the decision-maker with a risk perspective. This risk perspective
consists of describing the three scenarios in three cases: best, expected, and worst case.

Integral maintenance policy

Additionally, the present thesis intends to contribute to the realization of the reliability
advancements value by considering the conjoint consideration of the proposed models
with other literature approaches. Traditionally, only reliability models have been employed
to support the decision-making process of maintenance management, but nowadays the
concept of Industry 4.0 envisions a full predictive scenario with massive adoption of CBM
models. Nonetheless, the reality shows evidence that different types of maintenance must
coexist in a balanced distribution matching the organizational strategic objectives. The
idea of different maintenance policies coexisting in a combined approach is also stated
in the European standards [19], however, the research trends corresponding to CBM and
reliability models have evolved separately.
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It is one of the motivations of this contribution to set a step forward in the direction
of combining both maintenance policies in a novel approach in the context of Industry
4.0. The present contribution intends to present an integral maintenance policy combining
the benefits of the most advanced reliability models and CBM algorithms. To support the
cutting-edge algorithms employed by CBM models and advanced reliability estimates, it
is crucial to have access to real-time data that truly represents the process and conditions
in which the assets are operating. In this thesis, it has been proposed an integration of
the maintenance policies in a manufacturing environment, thus the contribution is the
Cyber-Physical System (CPS) proposal of Figure 3.8 that relies on the ICT infrastructure
and is integrated with the Manufacturing Execution System (MES).

Figure 3.8 CPS proposal for integral maintenance policy.

CPS constitutes a key element in the adoption of Industry 4.0 concept. On the one
hand, the physical space is the description of the physical system to study based on prior
knowledge of it. Generally, the description of the process highly relies on knowledge
from the experts [140] that can be extracted by following a Process Hazards Analysis
(PHA). Through PHA it possible to identify the most critical scenarios of the asset and
identify the healthy, abnormal, and faulty states of the asset along with their consequences
[217]. In this context and aiming at achieving optimal levels of reliability, maintainability,
and availability, the FMECA tool stands as a practical tool [64] and hence, it has been
employed in the later on presented case study to identify the most critical failure modes
of the system under study. Considering the data-driven nature of the proposed approach,
it is important to consider (i) the key parameters that can be measured in the system to
obtain information regarding the failure and the states of the system, and (ii) the historical
data available since the election of the mathematical tools to address each failure mode
will be highly conditioned by this data. Besides, according to whether the data is real-time
measured from sensors or historical, it will serve to real-time calculations or to train and
construct the mathematical models correspondingly.
On the other hand, the cyberspace regards to the deployment of the different mainte-

nance policies for the identified failure modes and the consideration of all of them within
a comprehensive logic embedded in the MES. As it has been already stated, different
maintenance policies should coexist within a system to address the different critical sce-
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narios and failure mechanisms. The deployment of different maintenance policies is based
on a data-driven approach complementing the experts’ knowledge in the understanding
and management of failure mechanisms of the system under study. Nonetheless, it is
crucial to select the most appropriate policy for the different failure modes and, according
to published researches, several aspects should be taken into account when making the
choice:

A. Criticality and consequences of failure. The criticality of the failure modes has
been defined as the combination of occurrence and severity [108]. So a failure mode
can be critical due to a high occurrence, to very adverse consequences, or both at
the same time. If the severity of certain failure modes is high the CBM policy will
ensure better effectiveness when detecting it before happening. On the contrary, if
the criticality is due to a high occurrence reliability-based methods will provide a
better valuer for money ratio.

B. Data availability. The reliability-based methods need an important amount of
failure data to build an accurate reliability estimation model. In many cases, it is
very difficult to reach the amount of data needed, either because the occurrence of
the failure is low or because it is very expensive to get the data in a run-to-failure
scenario [140]. In those cases when the availability of failure or unhealthy data is
not guaranteed, CBM policy stands out as a viable alternative.

C. Sensors possibilities. The CBM feeds from sensor data from the system [139] and
in certain failure modes it is very difficult and/or expensive to get this kind of data
due to extreme conditions or the design of the asset [218]. Besides it is also possible
that the environment of the sensor provokes a high probability of the failure of the
sensor itself [218]. Accordingly, the nature of reliability models allows them to
estimate the probability of failure without this kind of data hence making them
suitable for these failure modes.

D. Resources limitations. The deployment of a CBM policy is a resource high-
consuming process due to the technological infrastructure needed and the devel-
opment of specific algorithms for each particular case among others [141]. As a
consequence it is unviable for many companies to adopt a CBM policy for each
one of the failure modes of a certain asset and the reliability-based approach may
instead offer an affordable cost-benefit trade-off [138].

E. Stockmanagement of spare parts. The implementation of either CBMor reliability-
based policies entails an important consideration regarding the management of the
spare parts for the different failure modes [141]. Whilst, the reliability-based ap-
proach allows defining an established stock policy with a well defined-service level,
the CBM policy requires that the spare parts are ordered when needed conditioning
the maintainability of the failure mode to the lead time of the spare parts [141].

F. Nature of the failure behaviour. In many failure modes, the CBM is the most
accurate policy to identify the failure before it happens since the algorithms are
based on data from sensors measuring physical phenomena. This fact is especially
advantageous when the failure mode presents a degradation process reflected on the
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physical measures of the sensors, i.e. mechanical wear, thermal losses, or presence
of certain material particles for instance [139]. However, in some failure modes,
the behaviour is erratic and the occurrence is unpredictable, e.g. the failure of
electronic components [219]. In these last cases, a reliability-based approach will
allow addressing the maintenance of the failure modes under a controlled approach
[219].

D. Planning time. The nature of the reliability approaches is more favourable is those
cases in which strict planning of maintenance activities is needed since the CBM
policy acts as an alarm of the failure and the planning of the maintenance activities is
highly conditioned to the time window provided by the detection of the degradation
and its development until failure [138].

Once the different failure modes have been assigned to one of the maintenance policies,
either CBM or reliability-based, the MES has to integrate a logic that combines both
policies into the same maintenance strategy ensuring that the production objectives are
considered and so the maintenance actions are aligned with the organizational goals, thus
realizing value from the CBM and reliability models.

The connection between the previously explained physical and cyber spaces is achieved
by means of the ICT infrastructure, that enables real-time monitoring and data analytics
of the different processes and events happening in the physical space. The communica-
tions, the data management and the computational capabilities enables and enhances the
functionalities of the cyberspace in terms of (i) the deployment of the CBM and reliabil-
ity policies for each one of the identified failure modes considering several sources of
information as previously seen in the data considerations section above; and in this case
(ii) the deployment of the MES which not only considers the production orders but the
maintenance actions for different failure modes as well.

Servitization of maintenance

As previously presented, the transition towards servitization is the main alternative for
OEMs to translate the value proposal of these contributions into a competitive offer
consisting of a bundle of products and services. Accordingly, the last contribution of
this thesis relates the most common maintenance-related services with the maintenance
technologies to develop if these services were to be implemented in the PSS portfolio of the
OEMs. This relationship is represented through the services and maintenance technologies
map of Figure 3.9.
The map of Figure is divided into two parts, the top part where the different services

to offer in order to reach the servitization of maintenance and the bottom part containing
several maintenance technologies that play a key role in maintenance management excel-
lence. The PSS offerings regarded in the top part of the map mapped with the maintenance
technologies in the bottom part. By increasingly adopting the services moving right and
upwards in the PSS offerings it is possible to reach the full servitization of maintenance,
while in the bottom part the same scaling up movements lead to reaching excellence
in maintenance management through adopting and mastering the specific maintenance
technologies. Accordingly, if whilst the OEMs scale-up in the services offer part, they
increasingly adopt the maintenance technologies, not only do they reap the benefits of
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Table 3.4 List of PSS offerings (Adapted from Gaiardelli et al. 2014 [15]).

Ref PSS Offering Ref PSS Offering Ref PSS Offering

1 Home Delivery 13 Off-site repairs 25 New products-oriented

training

2 Installation, start-up &

commissioning

14 Extended warranty 26 Product-oriented consultancy

3 Standard spare parts delivery 15 Preventive maintenance 27 Process oriented consultancy

4 Ad-hoc spare parts delivery 16 Full maintenance 28 New products consultancy

5 Cleaning 17 Predictive maintenance 29 Leasing

6 Updates 18 Overhaul 30 Short term renting

7 Upgrading 19 Documentation 31 Long term renting

8 Refurbishment 20 Hotline for product support 32 Sharing

9 Recycling and take back 21 Hotline for process support 33 Pooling

10 Financial Services 22 Hotline for new products 34 Pay per use

11 Inspection and diagnosis 23 Product-oriented training 35 Outsourcing

12 On-site repairs 24 Process-oriented training 36 Functional-based

pay-per-result

a more attractive offer, but they increase the margins of the offer as well by achieving
excellence in maintenance.

On the one hand, taking a closer look at the top part of the map, the PSS offerings have
been represented as blue circles codified by a reference number which may be looked up
in the corresponding entry of Table 3.4. The PSS offerings have been adapted from the
research conducted by Gaiardelli et al. [15] and it may be noticed that, in the y-axis, the
PSS offerings are classified according to the dimensions defined by Tukker [75] previously
introduced and described. As it may be seen, the product oriented PSS offerings usually
involve lower complexity, while it increases as the PSS offerings adopt a more use oriented
or product oriented nature.

On the other hand, the bottom part regards maintenance technologies. In this context, the
term technology is conceived as the meaning in Schenkl et a. [231] where it is defined as
"the knowledge for solving technical problems". The maintenance technologies considered
in the map are arranged according to whether they enable the transaction of the asset,
or they tend to promote a relationship with the customer. This transactional-relational
perspective of the maintenance technologies has been previously proposed by researchers
such as Rabetino et al. [232]. Each maintenance technology is briefly described in Table
3.5 from a service-related perspective according to the scope of this contribution, besides
each description is presented with a key reference in the technology providing further
information.

The literature shows that there is an increasing number of capital assets OEMs willing
to undergo the servitization process seeking recurrent income through servitizied main-
tenance. Therefore the maintenance technologies and services map here presented has
the potential of easing their transition, by guiding the technological capacitation needed
to deploy the service in a profitable manner. Nevertheless, the implementation of the
services and the adoption of maintenance technologies for the servitization and excellence
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Table 3.5 Maintenance technologies.

Fault Tree Analysis [220]
It is a deductive and structured methodology to determine the potential causes of an
undesired event by decomposing it into minor events combined by logical operators.
Criticality Analysis [108]
Process with a systematic basis for deciding what assets and failure modes should have
priority within a maintenance management program aligning it with the business goals.
Failure Mode, Effects and Criticality Analysis (FMECA) [221]
Tool for identifying all the failure modes of an asset. Also the effects of that failure in terms
of human safety, environmental consequences and business impact.
Root Cause Analysis (RCA) [222]
Systematic process to breakdown the failure into its causes identifying the principal one in
order to prevent it from happening.
Inspections & Remote Maintenance Support [223]
Set of technologies that enable to provide remote support in maintenance tasks. It
comprehends work instructions, information, description of procedures, etc. It may be aided
by Virtual Reality or Augmented Reality.
Reliability Centred Maintenance (RCM) [224]
Methodology to identify the main maintenance needs in order to preserve system
functionality and ensure its reliability.
Diagnosis Technologies [225]
Set of technologies used for mapping the symptoms of failure with the equipment problems
in order to identify the cause. The state of the art technologies consider system’s health and
operational environment.
Predictive analysis [226]
Technology focused on predicting the failure event in the equipment by continuously
monitoring it in order to dispatch the maintenance activities just before the event.
Prognostics and Heath Management Technologies [227]
Technologies oriented to assess the health state of the assets and to determine the adequate
maintenance actions to minimize de degradation (diagnostics are a part of these
technologies).
Digital Twin for Maintenance [228]
Virtual Representation of the physical asset to simulate its performance and state. It is
focused on representing the health state and the effect of maintenance actions.
Basic Reliability, Availability & Maintainability (RAM) [229]
Technology oriented to describe the failure occurrence and estimate its impact on the
availability of the asset. It is oriented to estimate the life-cycle costs and therefore it implies
business considerations.
Asset-customized RAM [230]
Technologies with the same purpose of basic RAM modelling but taking into account the
operational environment of the asset so the analysis and life-cycle cost can be customized.
Dynamic and asset-customized RAM [34]
Customized RAM analysis which not only consider operational environment but changing
working condition as well, and their impact on life-cycle costs.
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Figure 3.9 Maintenance services and technologies map.

of maintenance is not a trivial task. It is necessary to follow a systematic approach to
consider the implementation of the targeted service and the adoption of the technology
needed to deliver the service in an efficient and sustainable manner. Accordingly, this
contribution also consists of a roadmap proposition as a tool to ensure that the services
and the associated technologies are properly considered within the operational perspective,
thus ensuring that the implementation is cost-effective.

The proposed roadmap is a variant of the generalized technological roadmap (TRM).
The generalized TRM consists of three layers: an upper layer with the business or markets
goals as the purposes of the items in the layers below, the know-why; a middle layer with
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Figure 3.10 TRM proposal for adopting maintenance services and technologies.

the services (associated to the product which is the asset) to deliver in order to fulfil
the purposes in the upper layer, this layer is considered the know-what; the final and
lowest layer with the technology, skills or competencies needed to deliver the items in the
middle layer, they are considered the know-how. In the proposed variant of the TRM, the
operational aspects are integrated by means of an extra layer supporting the lower and
middle layers of the TRM as shown in Figure 3.10. The operations layer supporting the
services and technology layer consider two types of characteristics of the product-centric
servitizied operations [233]:

• Structural characteristics of operations. Include the specific technologies needed
in the operations, it is necessary to consider if they are the same for delivering
the services than for delivering the assets. The contemplated aspects regard to
capacity and facilities needs in case the demand is changing when the services are
deployed. Also the positioning in the supply chain in terms of vertical integration
and partnerships. Finally, it is also considered here that the planning and control
should set the focus on fulfilling the objectives defined by the service contract.

• Infrastructural characteristics of operations. It is considered the capacitation of
human resources in terms of high product knowledge and relationship development.
The quality assurance is controlled according to customer satisfaction assessment
and the performance and availability of the product. The portfolio of PSS offers
needs to be defined and the launch of new offers should be co-created with the
customer and build quality relationships.

Besides, in the representation of the TRM proposal of Figure 3.10 it is possible to
appreciate that the layers are in a time-oriented distribution. Thus, this disposition requires
that the development of technologies and services are prioritized in time and developed in
a coordinated form whilst performing the necessary changes in the operational aspects to-
wards achieving the servitization and excellence of maintenance deployed under servitized
operations.
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3.3 Overview of the contributions

In the previous sections the different contributions have been presented, more precisely,
three contributions. These contributions consist of two main developments that consist
of a novel reliability mode based on ANN with dynamic capabilities and a reliability
clustering approach. Besides the third contribution is a comprehensive ensemble of small
contributions oriented towards realizing organizational value for OEM adopting the two
previous developments.
The Dynamic ANN-based model is conceived departing from the PHM, however, it

integrates an innovative consideration that allows dynamically considering the changes
in the operational conditions. Additionally, the inclusion of the ANN architecture allows
identifying possible hidden iterations among operational variables and possible hidden
phenomena that may be triggering failures.
The Reliability clustering approach sets the point of interest in the fact that a fleet

is composed of many assets that usually present dissimilar behaviours. This approach
makes use of the definition of hazard function in the previous development to characterize
similarities among the inherent behaviours of the assets in the fleet. Once, the dynamism
effect is considered then the similarity of the assets assessed without any type of bias,
it is possible to cluster them into groups with similar behaviours. This proposal allows
segmenting the problem of maintenance management of fleets in order to address it cluster-
wise therefore, easing the task and facilitating the adoption of more customized strategies
that specifically tackle the needs of the assets in the fleet.
Finally the third contribution has a more cross-functional character that is oriented

towards realizing organizational value from the previous developments. It consists of a
series of considerations that will allow addressing the challenges faced by OEMs and set
into a valuable perspective the previous developments. Firstly, it proposes a criticality
perspective to address the fleet cluster wise, then the most critical assets in every cluster
and finally the components within the asset with the highest impact in costs and with the
highest failure frequencies. It is also considered the data necessary and how to employ
several sources of information to gain a more complete knowledge of the failure patterns.
The data will enable the use of more advanced reliability models such as the dynamic
ANN-based model, even for projects that have been operating for several years. In fact,
in this contribution, it is also considered an approach to assess if the adoption of these
models is feasible. And if the models were to be adopted, they will be integrated with other
maintenance policies such as CBM algorithms. Accordingly, to aid in the integration of
the maintenance policies, a CPS vision is proposed for the integral maintenance strategy,
this vision also consider the criteria to select which policy for every failure mode. Finally,
it is considered the servitization process of the OEMs, and they are provided with a
map that guides them in the capacities to acquire in maintenance management to adopt
certain maintenance-related services, besides it is complemented with a TRM template that
considers how the operations should be modified to provide the services in a cost-effective
perspective.
These contributions are all the output of a research process that has been published in

the articles that are presented with this thesis and summarized below before presenting the
results.
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3.3.1 Summary of the appended papers

Paper I

Title. Assessing the impact of operational context variables on rolling stock reliability. A
real case study.
Source and year. Proceedings of the 28th European Safety and Reliability Conference -
ESREL (2018)
Key words. Operational context, reliability, proportional hazards model, rolling stock,
maintenance management
Abstract. The OEMs nowadays face the need of establishing an optimized maintenance
plan from the design stage of the assets. Up to date, the production-centred business
model has limited their after-sales maintenance strategy, and accordingly their knowledge
about the assets operational behaviour. Furthermore, the added difficulty of the assets
operating in different contexts (increasing the variability of their behavioural patterns)
contributes to the misalignment of the maintenance plan with the assets’ actual needs.
Therefore the purpose of this paper is to propose a methodology based on the proportional
hazards model for assessing the behaviour of the assets and the influence of the different
operational context variables in their reliability. This methodology aims to provide support
information to better customization of the maintenance plans in the offer stage. Likewise,
the proposed methodology has been verified and validated through a real case study with
data provided by a leading company in the railway sector.
Related contributions. Dynamic ANN-based reliability
Results summary. It was possible to model the failure rate of several components of the
HVAC system of a railways fleet through the Proportional Hazards Model. Therefore,
the models integrated information regarding the operational context, more specifically,
the models contained information regarding the temperature fluctuations and the relative
humidity. The models were fitted with data from different locations around the world
thus it was possible to appreciate how the failure rate was different in cities with different
atmospheric conditions. The characterization of the reliability according to the operational
conditions will allow customizing the maintenance plans and the life-cycle, and it will
also ease the maintenance management in fleets of assets.

Paper II

Title. Dynamic artificial neural network-based reliability considering operational context
of assets.
Source and year. Reliability Engineering and System Safety (2019)
Key words. Dynamic reliability, Proportional hazards model, Artificial neural networks,
Operational context, Maintenance management, Epistemic uncertainty
Abstract. Assets reliability is a key issue to consider in the maintenance management policy
and given its importance several estimation methods and models have been proposed within
the reliability engineering discipline. However, these models involve certain assumptions
which are the source of different uncertainties inherent to the estimations. An important
source of uncertainty is the operational context in which the assets operate and how it
affects the different failures. Therefore, this paper contributes to the reduction of the
uncertainty coming from the operational context with the proposal of a novel method and
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its validation through a case study. The proposed model specifically addresses changes
in the operational context by implementing dynamic capabilities in a new conception of
the Proportional Hazards Model. It also allows to model interactions among working
environment variables as well as hidden phenomena thanks to the integration within the
model of Artificial Neural Network methods.
Related contributions. Dynamic ANN-based reliability
Results summary. A novel model is proposed and tested against previous approaches. It is
proven that the proposed model outperforms more traditional models by rendering more
accurate reliability estimates because it dynamically considered the operational context
of the assets by means of ANN methods. The validation of the model is made through
a maintenance confusion matrix with a test dataset. Besides, as the reliability model is
intended for maintenance management purposes, it is tested in several scenarios in which
the cost ratio among corrective and preventive a is different and the strategy of preventive
maintenance is set at different thresholds. In these scenarios, the proposed model provides
lower costs the higher is the corrective cost with respect to the preventive cost.

Paper III

Title. Comprehensive clustering approach for managing maintenance in large fleet of
assets
Source and year. Proceedings of the 29th European Safety and Reliability Conference -
ESREL (2019)
Key words. Maintenance, Fleet of assets, Reliability, Clustering, Operational context,
Proportional hazards
Abstract. The maintenance management of large fleets of assets which include several
technical solutions operating in different operational contexts has been a recurrent research
topic in the literature. Current approaches to establishing fleet maintenance plans are
primarily criticality-based, considering failures consequences and assets reliability; the
reliability model is often supported by the idea of pooling data from similar pieces of
equipment. Despite the capability to reduce the population offered by data-pooling, its
criteria may still lead to a quite large number of segments. Therefore, it results in an equally
large amount of maintenance plans along with their inherent operational and administrative
difficulties. It is the purpose of the paper to introduce a novel and comprehensive approach;
it integrates statistical methods and clustering algorithms to render a fleet segmentation
which allows better customization of maintenance plans involving fewer efforts. The
approach is summarized in a decision chart that collects the logic behind the use of every
algorithm, tool, and technique.
Related contributions. Reliability clustering approach, Realizing organizational value
Results summary. The research in this paper provides evidence that it is possible to
characterize the reliability of a fleet bymeans of the proposed reliability clustering approach.
In the results of the paper, it is possible to appreciate that the proposed solution has the
potential to identify clusters with alike failure behaviours, thus grouping the maintenance
considerations of assets with similar needs. The proposed approach reduces the complexity
of managing maintenance for a fleet of asset and realises the value of the technical proposal
by providing a cluster-wise criticality approach that allows targeting the main issues of the
fleet.
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Paper IV

Title. Framework for managing the operations and maintenance of wind farms
Source and year. IOP-Journal of Physics: Conference Series (2019)
Key words. Maintenance, Life-cycle cost, Availability, RAM Data, Wind farm
Abstract. The operations and maintenance of a wind farm constitute a considerable source
of expenditures therefore a holistic framework is herein presented aiming at optimising their
management. The principles upon which the framework was developed belongs to the asset
management discipline oriented towards the wind energy sector. Besides, it is understood
from a cross-functional perspective which also embraces information management and
business aspects. The framework comprehends different modules conceived with the
following purposes: (i) creation of an integral and comprehensive failure database, (ii)
modelling of the wind turbines’ reliability taking into account their operational context,
and (iii) defining of maintenance strategy within a life-cycle perspective. The practical
aspects of the framework are demonstrated through a case study based on real-field data
from the sector. Furthermore, the present research sets the foundation to consider all the
proposed algorithms, processes, and techniques within a Product-Service System approach,
which entails important benefits for the OEMs and the operators.
Related contributions. Realizing organizational value
Results summary. This paper provides some important findings regarding the data con-
siderations necessary to build a RAM database in the wind energy sector. The paper
provides evidence of the benefits, in terms of cost and availability, of merging different
information form different data sources in order to enhance the operations and maintenance
of wind farms. The paper establishes a process that creates a failure database to study the
relatability of the components in the wind turbines, then define the maintenance strategy
and finally calculate the associated life-cycle costs of a wind farm. This approach allows
identifying the minimum viable offer of the clients and to find a suitable trade-off of cost
and availability. Not only this approach leads to customer satisfaction, but it also allows
considering new investments or new type of service to offer.

Paper V

Title. Framework for Managing Maintenance of Wind Farms Based on a Clustering
Approach and DynamicOpportunistic Maintenance
Source and year. Energies 2019
Key words. Maintenance management, Wind turbines, Clustering, Reliability, Dynamic
opportunistic maintenance, Simulation
Abstract. The growth in the wind energy sector is demanding projects in which the
profitability must be ensured. To such aim, the Levelized Cost of Energy should be
reduced and it can be done by enhancing the operational expenditure through excellence in
the Operations & Maintenance. There is a considerable amount of works in the literature
that deals with several aspects regarding the maintenance of wind farms. Among the
related works, various focus on describing the reliability of wind turbines, and many set
the spotlight in defining the optimal maintenance strategy. It is in this context where the
presented work intends to contribute. In the paper, it is proposed a technical framework
that, considering the data and information requisites, integrates into a novel approach a
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clustering-based reliability model with a dynamic opportunistic maintenance policy. The
technical framework is validated through a case study. Simulation mechanisms allow
implementing a multi-objective optimization for the life-cycle of a wind farm rendering
improvements in terms of OPEX reduction and loss of energy production. The presented
approach is a comprehensive perspective that enables optimal trade-off among competing
objectives in the Operations & Maintenance of wind energy projects.
Related contributions. Reliability clustering approach, Realizing organizational value
Results summary. The research in this paper shows that it is possible to characterize
the reliability of the components in wind turbines by the previously proposed reliability
clustering approach. The proposed approach is valid for eight different failure modes in the
wind turbines and shows better results in terms of cost and availability if the maintenance
strategy of the wind farm is based on this approach. The reliability clustering approach
is an effective method to model different behaviours within the same wind farm and
shows evidence that it is capable of considering variability in behaviours whilst easing the
problem of maintenance management.

Paper VI

Title. On the importance of assessing the operational context impact on maintenance
management for life cycle cost of wind energy projects
Source and year. Renewable Energy (2020)
Key words. Wind energy, Maintenance management, Life-cycle, Artificial neural network,
Operational context
Abstract. The increasing demand for energy from renewable sources is entailing the
development of technologies oriented to increase the profitability of such projects and thus
the attractiveness for potential investors. Wind power constitutes one of the most relevant
renewable energy sources; however, the costs of the wind farms associated with Operations
& Maintenance are prominent along the life-cycle. This paper proposes an approach
intended to reduce these costs and lower the Levelized Cost of Energy. In this context, it is
presented an opportunistic maintenance policy based on more accurate reliability estimates
of the wind turbines components. The reliability of the components is estimated through
a model based on Artificial Neural Networks that dynamically calculates the impact of
operational conditions on the failures of the wind turbines. The approach has been validated
through a case study based on real field data which proposes a multi-objective optimization
of the maintenance strategy for the life-cycle of a wind farm. The obtained results provide
interesting findings from the perspective of wind farms investors, operators, and owners.
Related contributions. Dynamic ANN-based reliability, Realizing organizational value
Results summary. This research provides evidence that the failure modes in the wind
turbines are sensitive to the different operational conditions and it is possible to describe
their reliability by means of the proposed dynamic ANN-based model. The consideration
of the operational conditions of the wind turbines in a dynamic way allows customizing the
maintenance actions to their needs to be more accurate in execution time. This approach
is compared with traditional solutions and it is proven that it outperforms them. Besides
it is also proposed to consider the optimization of the maintenance strategy considering
the whole life-cycle of the projects as opposed to current practices of optimizing the
strategy only considering the first years of operation. It is proven that the full life-cycle
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optimization when the reliability is calculated according to daily operational context is
the most favourable scenario in terms of cost and energy production losses alongside the
life-cycle of the wind farm.

Paper VII

Title. Servitization of maintenance. A roadmap approach in the context of asset manage-
ment.
Source and year. Proceedings of the 26th EurOMA Conference- Operations adding value
to society (2019)
Key words. Servitization, Maintenance technologies, Operations characteristics
Abstract. This paper aims at smoothing the servitization process for capital asset OEMs.
To such purpose, the paper provides a map that links a wide range of services with the
maintenance technologies which capacitate the manufacturers to deliver the service cost-
effectively. The process of shifting towards a business model of servitizied maintenance is
supported by considering the characteristics of operations management to take into account
in this new scenario. The consideration of the operational aspects is proposed using a
Technology Roadmap tool with a new extra layer considering structural and infrastructural
operational characteristics.
Related contributions. Realizing organizational value
Results summary. In this paper, the findings are the results of the literature review work
providing evidence that there is a growing interest in the adoption of PSS business models
by OEMs. However, there is also evidence in the literature that they are facing some
major issues when adopting servitization because of the challenges they face related to
maintenance management. In this context, it is proposed a map to ease their adoption
of maintenance technologies leading to the servitization of maintenance. Besides, a
technological roadmap tool is proposed to not only consider which services to deploy and
to prioritize them in time but to also consider the necessary operational changes needed to
provide the service cost-effectively.

Paper VIII

Title. Is it too late? In-life change to optimal maintenance strategies and advance reliability
models in wind farms
Source and year. Proceedings of the 30th European Safety and Reliability Conference -
ESREL (2020)
Key words. Wind energy, Reliability, Maintenance management, life-cycle, Artificial
Neural Network
Abstract. The increasing interest in renewable energies has nurtured their development
being especially notorious in wind energy. As it is essential to ensure the profitability of
wind energy projects, the Operations & Maintenance activities have gained attention as a
good source to reduce costs and improve wind turbine’s availability. In this context, policies
such as opportunistic maintenance and reliability models based on artificial intelligence
capabilities stand out as powerful tools to improve costs and energy production. In the
literature is possible to find several proposals maintenance and reliability models optimized
under a life-cycle perspective of the wind farms. Nonetheless, a considerable amount of
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wind farms have been operating several years by now under a non-optimal maintenance
strategy and it is difficult to decide whether it would be profitable to invest in a change
of the maintenance management strategy. Therefore, in the present paper, it is proposed
an approach to assess the feasibility of investment to undertake an in-life change of the
maintenance strategy to an optimal one. For such purpose, a case study based on real field
data is presented, consisting of several simulated scenarios for the life-cycle of a WF.
Related contributions. Dynamic ANN-based reliability, Realizing organizational value
Results summary. The research in this paper provides evidence of the feasibility of the
in-life change to an optimal maintenance strategy and to advanced reliability models. It is
stressed the importance of considering the operational conditions and it is proven that the
ideal scenario would be adopting the advanced reliability models and optimal maintenance
strategies from the very beginning of the life-cycle of the project. Besides, it is also proven
that when these approaches are adopted the level of uncertainty involved in the possible
outcome of the strategy is lower in comparison with more traditional approaches.



4 Results and discussion

The improvement of understanding is for two ends: first, our
own increase of knowledge; secondly, to enable us to deliver that
knowledge to others.

John Locke, 1704

In this chapter, the results obtained are presented and discussed. The presentation of
the results has been ordered according to the industry where the developments have

been tested. As it was previously stated, the developments presented in this thesis have
been tested in three main industrial sectors. Therefore, the cases studies that exemplify the
application of the developments correspond to these three industrial sectors. Besides, it
is possible to appreciate that the complexity of the case studies increased as the research
moved forward.
In the first place, the initial studies were set in the railway industry. They consist of

characterizing the reliability of rolling stock by the application of the PHM and identifying
which are the variables of the operational context that most influence failure frequencies.
The findings in these initials steps were an extra motivation to advance in the exploration of
the maintenance management of the fleet, accordingly, the reliability clustering approach
was proposed to enhance the fleet maintenance management for rolling stock.

Afterward, the research turned towards the aviation industry in order to propose a model
capable of overcoming the limitations of the PHM. Accordingly, the Dynamic ANN-based
reliability model was first proposed and tested with aircraft engines failure data. With the
proposal of the novel model and the case study for aircraft engines, it was also proposed
the testing through reliability-based preventive maintenance. The aircraft engines failure
data was also used to compare the accuracy of the estimates of the novel model with other
traditional models. Besides, the preventive and corrective maintenance costs rendered by
the models for the same maintenance strategies were also compared.

The third and last sector considered for the case studies, is the wind energy sector, more
specifically the operations and maintenance of wind farms. The developments are tested
in case studies based on comparison of OPEX estimates for the life-cycle of wind farms,

87
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considerations regarding the service level provided, and the costs associated. It is in this
last sector where the In-life change of maintenance strategy is considered.

4.1 Case study: rolling stock

In the rolling stock case study, the system under analysis was the Heating, Ventilating
and Air Conditioning (HVAC) system. It was possible to analyse this system because of
the failure data from different railway projects around the world provided by a leading
company in the sector. However, the PHM was not applied to whole system as a unit,
but to several of its most critical subsystems. The subsystems studied were selected by
performing an FMECA analysis and three subsystems were the candidates for analysing
the impact that the operational context could have on their failure frequency. The selected
subsystems were the control panel, the control electronics, and the compressing subsystem.
Before starting with the modelling of the failure rate by the PHM, it was necessary

to identify the variables that were going to be selected as representative of the different
operational contexts that corresponded to railway projects in specific cities. The operational

Table 4.1 Covariates studied for the HVAC system.

Variable Selection critera
X1. Number of passengers People is a source of humidity and heat so the company believes

that the annual average of passenger for every project has to be
included since it might affect the reliability.

X2. Refrigerant The kind of refrigerant the HVAC system of every project is
using modify the pressure it works.

X3. Number of stops The bigger the number of stops of every project is the more the
HVAC system is exposed to heat loss or gain and therefore the
more it has to work.

X4. Intensity of Use For every project the contractual available trains working is
different as well as the fleet to provide that availability and
therefore the HVAC system work load differ from every project.

X5. Relative humidity As one of the functions of the HVAC system is to provide
comfortable room humidity levels the outside atmospheric
humidity will condition its work load.

X6. Maximum distance between stops
X7. Minimum distance between stops
X8. Average distance between stops

The distance between stops its equivalent to the time the HVAC
is working and its capability to reach working permanent regime.
To incorporate the deviation of this variable the maximum and
the minimum distances for every project are also taken in to
account.

X9. Maximum temperature
X10. Minimum temperature
X11. Average temperature

As the main function of the HVAC system is to provide
comfortable room temperature the outside temperatures will
condition its work load. To incorporate the deviation of this
variable the maximum and the minimum temperatures is also
taken in to account.



4.1 Case study: rolling stock 89

context of the HVAC system was characterized by eleven specific covariates that will be
integrated into the operational context analysis. By cooperating with the company and
considering their know-how, the eleven covariates were identified as possible risk factors,
some of them are defined by the railway project specifications and other are exogenous
uncertainty variables. Table 4.1 presents every selected variable and the reasons that led
to their inclusion in the study.

In every case, the integration of the same 7 variables was problematic due to collinearity
problems, these variables correspond to X1, X2, X3, X4, X6, X7, and X8. Most of them
are project specifications and therefore the value of one of them directly determines the
value of the others since it corresponds to a certain project. As a result of these variables
demeanour, it is not possible to distinguish in the PHM the individual effects of every
one of them. Due to this problem, it has been only possible to fit into the models the
uncertainty variables corresponding to the relative humidity and the temperature, which
are X5, X9, X10, and X11. Accordingly, the results for every successfully fitted model of
the critical items may be seen below:

• Control panel: in the analysis of this critical subsystem, two covariates are found to
be statistically significant, with a default p-value of 0.01 for the hypothesis contrasts.
These two covariates are the relative humidity and the minimum temperature, X5
and X11, with coefficients β5 =−0.008 and β11 =−0.041. Both coefficients have
negative values meaning that the higher the values of the variables are, the lower the
asset’s failure rate, i.e. for higher relative humidity and higher minimum temperature
the control panel of the HVAC system shows a lower failure frequency. Due to the
resulting values of the coefficients, a unitary increase in the relative humidity (at a
constant minimum temperature) provides a 0.8% lower failure rate; and a unitary
increase in the minimum temperature (at a constant relative humidity) provides a
4.02% lower failure rate.

With a valid PHM model, the fit of the baseline function in the mean values of
the two covariates has been performed. A PHM Weibull Distribution has been
fitted to the non-parametric baseline function; it can be seen in Figure 4.1 with
the 95% confidence intervals for both functions the parametric Weibull and the
non-parametric fitting.

These results have been contrasted with the collaborating company and there is one
major conclusion about the component and its resulting Cox model. It is worth to
highlight how the higher the minimum temperature is, the better the component
performs. After discussing with the HVAC technicians, a likely explanation of
this phenomenon has been found. The technicians point out that there is no forced
ventilation for the electronic components, thus their temperature is not controlled,
and the outside temperature will have more influence on their behaviour. It also has
been long noticed how the failure rate of the control panel increases when there
are important temperature fluctuations within the day. Thus, it is believed that
the modelled positive impact of the minimum temperature increase, reflects the
observed negative impact of temperature fluctuations.
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• Control electronics: this component is a subsystem of the control panel previously
studied, and it is reasonable to think that the resulting Cox model from this critical
component will share some features with the one from the control panel analysis.
As it was thought, they do share properties; the minimum temperature is the only
variable that allows fitting a valid PHM and therefore a single-covariate PHM
is obtained. The coefficient associated with this variable is β11 = −0.045 and it
provides a 4.44% lower failure rate by a unitary increase of the minimum temperature.
The effect of the minimum temperature is defined by a negative coefficient, meaning
that the higher the minimum temperature, the better reliability the asset will have.
The technicians have validated this result through the same reasoning applied to the
control panel.
The fit of its undefined baseline function, in the mean value of the covariate, to a
Weibull distribution can be seen in Figure 4.1. It is important to notice that the effect
of the minimum temperature is almost equal in the control panel and the control
electronics. However, not only is this coefficient similar, but the fits to Weibull
distributions result in very similar shape parameters. It is also important to mention
that the scale parameter of the Control electronics is smaller which is reasonable
since the control panel includes the control electronics whose scale parameter is
over 65% higher. Therefore, the control panel and the control electronics are both
affected by the same risk factor; and their behaviour is also similar because of their
shape parameters. However, the reliability of the control panel is lower because it
depends on the failure rate of control electronics, and other components’ failure
with a serial arrangement as well.

• Compressing subsystem:The number of data available for this subsystem was not
very large. Despite this inconvenience, a proper PHM has been found to describe
the behaviour of the component with enough statistical significance. The influential
variables for this subsystem are the relative humidity and the mean temperature,
with their corresponding coefficients equal to β5 = 0.0547 and β11 = 0.1316. In
this case, both covariates are associated with positive coefficients meaning that the
higher values of the covariates, the higher risk of failure. Being more specific, if the
relative humidity increases one unit (at a constant mean temperature) it provides
a 5.62% increase of the hazard function; and if the unitary increase happens in
the mean temperature (at a constant relative humidity value), the increase in the
hazard function equals 14.07%. Once the PHM has been adjusted and validated,
the hazard function in the mean values of the covariates is fitted as proposed in the
methodology. It can be seen in Figure 4.1 and it is important to notice how the fitted
curve is not as accurate as in the previous subsystems studied because of the data
scarceness. It is remarkable the major effect of the mean temperature, it reveals that
it is an important risk factor to consider when designing the maintenance strategy
of this critical component. The collaborating company validates these results, and
they state that have been dealing with a problem that confirms these results.

Once the reliability of the HVAC system had been characterized according to the
operational context described by the temperatures and the relative humidity, the case study
moved forward to address the variability of failure frequencies in a fleet of assets. To test
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Figure 4.1 Baseline hazard of the PHM for HVAC failure modes.

the suitability of the reliability clustering approach, the case study has been expanded by
simulating the failures of a fleet from the real field data and the previous results of the
Control panel failures. The failures have been simulated as if they corresponded to specific
control panels each one with their inherent reliability and operating under, and therefore
are associated with, multiple conditions of temperature and relative humidity that will
provide the variability in the fleet.

Considering the simulated failure data, it is possible to segment the database attending
the rules proposed by the data pooling techniques for failure data, which are separating the
failure data that corresponds to the same technical solution with its inherent reliability. For
the actual failure database, this data pooling technique leads to a segmentation consisting
of data sets which correspond to 25 different technical solutions. In Figure 4.2, where
the distribution of the TBFs of each of the technical solutions have been represented in a
box-plot, it can be seen the heterogeneity in the TBFs due to both the differences in the
technical solutions and the operational context.

Figure 4.2 TBF distribution for every technical solution in the fleet.

Following the reliability clustering proposal, in order to render a reliability model that
explains the influence of the operational context in the failure times separately from the
inherent reliability of the asset, a proportional hazards model has been fit for each of the
technical solutions. The PHM of each one of them considers the impact of temperature
variations as well as the impact of relative humidity. In order to characterize the inherent
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baseline hazard functions, they have been adjusted to a two-parameter Weibull distribution
and hence characterized by a shape and scale parameter. The reliability function given by
the parameters of the baseline hazard of each technical solution can be seen in Figure 4.3;
since the functions are free of the bias in the failure probability provided by the operational
context variables, it is possible to already appreciate certain similitude among some of the
graphs.

Figure 4.3 Baseline Hazard of every technical solution in the fleet.

Given that the obtained baseline functions contain the information regarding the inherent
reliability of each technical solution it is now possible to cluster them. To such aim, as
stated before, the reliability clustering approach proposes a spectral clustering based on the
Kullback-Leibler Divergence. The Kullback-Leibler Divergence is calculated for each pair
of the technical solutions Weibull baseline hazard, then a similarity matrix is constructed
and afterwards the algebraic transformations described in the description of the approach to
calculate matrix T. From matrix T, the silhouette coefficients for 1 to 10 number of clusters
have been assessed, ranking the solution with 4 clusters as the best with a coefficient of
0.7812, followed by the solution consisting of 3 clusters.

Accordingly, the next step consists of the application of the K-Medoids algorithm to ob-
tain 4 clusters out of the initial 25 technical solutions. The rendered solution is represented
in Figure 4.4. In the representation, it can be seen the undirected graph corresponding to
the inherent reliabilities of each technical solution (nodes) connected by edges expressing
the similarities among them according to the similarity matrix. The weighted edges rank
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from 0 to 1, being 0 the least similar and 1 identical failures distributions correspondingly.
Along with the graph, the common PHM reliability functions for each one of the clusters
is represented. The distributions are characterized by a two-parameter Weibull baseline
distribution and they can be customized to certain operational contexts since the infor-
mation of the impact of temperature and relative humidity on failure is considered in the
exponential part of the Weibull PHM.

Figure 4.4 Reliability clustering of the fleet and baseline hazard of every cluster.

As it is possible to see in the rolling stock case study, the reliability clustering approach is
capable of addressing the heterogeneity in fleets of assets dealing in a structured approach
with the dynamism issues and the non-ergodic properties usually found in fleets. This case
study provides evidence that from failure data and the operational conditions information,
it is possible to address the maintenance management of the fleet cluster-wise with every
cluster defined by a specific reliability function involving less uncertainty.

4.2 Case study: aircraft engines

This case study is intended to provide evidence on the value added by the Dynamic ANN-
based reliability model. To such aim, it has been tested against two traditional models
of wide application. The first compared model is the traditional two-parameter Weibull
distribution, which estimates the reliability of the assets based just on the operating time
and therefore it does not integrate information regarding the operational context. The
other model included in the comparison is the Weibull-PHM, i.e. the one employed in the
previous case study, which integrates information regarding the operational context but
in a linear combination of the variables, thus it does not consider interactions among the
operational context variables nor does it have dynamic capabilities.

The case study is based on a database of aircraft engines failures with their corresponding
operating conditions. More precisely, the database contains the random failures of over
1000 assets with their daily operational context characterized by 17 variables. It also
contains right-censored data of those assets which have not failed and are associated with
certain operational conditions as well. To fit the model and test its performance, the
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Table 4.2 ANN architectures performance.

Number of
hidden layers Architecture

Number of
parameters to
optimize1

Partial Likelihood
Value

H = 1 2 5+2k -1745.482
H = 1 3 7+3k -1743.431
H = 1 4 9+3k -1746.126
H = 2 2 - 1 7+2k -1743.576
H = 2 2 - 2 11+2k -1747.799
H = 2 3 - 1 9+3k -1738.314
H = 2 3 - 2 14+3k -1747.492
H = 2 3 - 3 19+3k -1743.467
H = 2 4 - 1 11+4k -1748.591
H = 2 4 - 2 17+4k -1741.402
H = 2 4 - 3 23+4k -1745.660
H = 2 4 - 4 29+4k -1747.065

1-The number of parameters to optimize depends on k, it refers to the number of input variables.

database has been split into a train data-set and a test data-set: the train data set contains
355 failure events and 40 right-censored data and the test data-set contains 354 failures and
704 censored data. Both fault and censored data have their corresponding daily operating
conditions associated with them. The train data-set is intended for the model fitting, also
for the Weibull and the Weibull-PHM models fitting; and the test data set is used for
comparing the performance of the three models estimating the reliability.
According to the principles of the Dynamic ANN-based model described before, it

is necessary to define the ANN architecture in the exponential part. To this aim several
configurations of hidden layers and nodes have been proposed and optimized for the data-
set; the criteria followed to determine which one to choose has been the maximization
of the value obtained for the partial likelihood. The different architectures have been
optimized through a genetic algorithm, the obtained values for the partial likelihood as
well as the number of parameters to optimize in every option is shown in Table 4.2. It
can be observed that the one with the best result is the 3-1 architecture consisting of two
hidden layers with 3 and 1 hidden nodes correspondingly.
Once the model has been obtained, its validation is performed through comparison

with the traditional Weibull reliability models and the Weibull-PHM to corroborate that
the integration of the operational context information in a non-linear and dynamic way
indeed renders better reliability estimates. To such aim, the three models have estimated
the reliability of the assets in the test-dataset. The Weibull reliability is based on operating
time when the assets failed or were censored, the Weibull-PHM considers linear and static
operational context, and the proposed model considers the operational context with the
optimized ANN in a dynamic manner.
As was previously presented, the proposed model is a step forward in reliability engi-

neering aiming at the improvement of the efficacy and accuracy of maintenance strategy.
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Accordingly, the comparison among the three models is made employing the concept of the
maintenance confusion matrix for several preventive maintenance thresholds. Therefore,
according to the reliability estimated by the models and the maintenance threshold, the
assets in the test data-set may be maintained, effectively in the failure cases or unnecessarily
in the censored cases (non-failure). The results of the estimates of the models accordingly
to the concept of the maintenance confusion matrix are shown in Figure 4.5.

Figure 4.5 Maintenance confusion matrices for the Dynamic ANN-based reliability model.

In Figure 4.5, the three models have estimated the reliability of the assets of the test data-
set and several confusion matrices have been created for different maintenance strategies
that rank from very risky (maintaining the assets at a reliability value of 10%) to very
conservative (maintaining at 90% reliability value). As it is possible to see the proportion
of true positives (TP), false positives (FP), true negatives (TN), and false negatives (FN) is
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very different for each reliability model.
As shown, compared with the traditional Weibull model, the Dynamic ANN-based

model avoids more failures (TP) in every scenario reaching a peak of improvement of
446% when the threshold equals 0.1. However, the proposed model over-maintains more
assets for every threshold with a peak of a 277% higher number of over-maintained assets
with respect to the Weibull model in the 0.1 threshold as well, meaning that reliability
estimations are in general lower for the Dynamic ANN-based model.

Comparing the Dynamic ANN-based reliability with theWeibull-PHM, it is important to
notice that the most significant difference in the TPs is in the 0.1maintenance threshold with
a 65% more of avoided failures for Dynamic ANN-based model. Also in this comparison,
the Dynamic ANN-based reliability over-maintain more assets reaching a 48% higher
number of assets unnecessarily maintained in the 0.1 threshold.

As it is possible to appreciate, the proposed model is more effective for failure avoidance
than most traditional perspectives, however, to a lesser extent, the model also incurs in
undue maintenance. Nonetheless, the impact of both realities usually is not equal, since
the corrective maintenance has worse consequences than the over preventive, i.e. the
corrective cost (CC) is much higher than the preventive cost (PC). Therefore, to further
explore the estimates of the model, cost performance metrics have been adopted. Following
the concept of the maintenance cost matrix, for a given maintenance threshold, the CC is
associated to the FNs, and the PC is associated to the TPs and the FP, being the PC effective
(EPC) in the case of TP and over-maintenance PC (OPC) in the FN case. Accordingly, the
total cost of a certain maintenance strategy defined by a specific threshold can be described
by Equation 4.1.

TotalCost =CC.FN +EPC.T P+OPC.FP (4.1)

It is possible to define the Maintenance Costs Ratio (MCR) as the quotient between
CC and PC, see Equation 4.2. Therefore the Total Cost of the maintenance policy for
the assets in the test data-set can be expressed by Equation 4.3 as well. This formulation
of the Total Cost allows representing in Figure 4.6 three scenarios for different MCR. In
the graphs is represented the cost of the maintenance policy for the models and every
possible maintenance threshold. Besides, along with the costs, the savings derived from
estimating the reliability with the Dynamic ANN-based model instead of the Weibull or
Weibull-PHM models are depicted.

MCR =
CC
PC

=
CC

OPC
=

CC
EPC

(4.2)

TotalCost = (MCR.FN +T P+FP).PC (4.3)

In Figure 4.6 it can be seen that for every threshold in each one of the three MCR
scenarios represented, the model with the best cost-performance is the Dynamic ANN-
based Reliability; this is also observable in the savings graph. The differences between the
models mainly reside in the CC associated with each one of them. The differences yielded
by the models are increasingly prominent as the Maintenance Cost Ratio (MCR) grows,
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i.e. the higher the CC compared to the PC the better performs the proposed model and so
does reflect the savings graphs.

Figure 4.6 Cost scenarios of the Dynamic ANN-based reliability performance.

It is interesting to remark that the more information the models integrate, the better their
performance is. In the Weibull-PHM the operational context information is integrated
in an aggregate way and thus it outperforms the traditional Weibull reliability model. In
the Dynamic ANN-based model the operational context information is integrated daily
considering interactions among the variables as well, and it shows better performance than
the Weibull-PHM. Herein the three models are compared for reliability estimates, they are
of growing complexity but yield better estimations by integrating more information and
hence reducing epistemic uncertainty.

It is important to notice that the evolution of the CC for each one of the models is quite
revealing, their comparison shows further evidence on the performance of the model. On
the one hand, in the Dynamic ANN-based model and in the Weibull-PHM the evolution
shows a nearly constant decrease in every MCR scenario, it suggests that the reliability
estimations are accurate and that the failures responsible for the CC are the ones explicitly
assumed by the chosen maintenance policy, i.e. the selected threshold. On the other hand,
turning to the Weibull model and its CC, the slope intensifies in higher threshold values
indicating that a considerable amount of failures avoided in such scenarios are due to the
highly conservative maintenance strategy, instead of being attributed to the accuracy of
the model.
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4.3 Case study: wind energy

The case study in the wind energy sector is oriented towards exploring the application
of the different developments in an industrial relevant environment such as wind energy
projects. In this sector, it is necessary to match the information in the SCADA system with
the data in the maintenance records ensuring coherence with the definition of the failure
modes and the indenture level in the wind turbines. Matching the alarms with the failures
and the operational context information is essential to apply the proposed developments in
reliability engineering. As it has previously said, the proposed developments addressed
the dynamism in the operational conditions and the non-ergodicity that may be present in
a wind farm. Therefore, in order to prof that the proposed developments are of interest to
the sector, they have been integrated into a maintenance management approach under a
life-cycle perspective.

The objective is to optimise the maintenance strategy when the reliability of the different
components of the wind turbines has been estimated through different models and to study
if the proposed advancements indeed render performance improvements not only in costs
but also on availability. For such purpose, a simulation-based optimization procedure
is adopted to study the benefits of the proposed models. The procedure combines a
simulation model evaluating maintenance decisions for several years of a wind farm, with
a meta-heuristic optimization algorithm to reach the best maintenance decisions. The
maintenance decision usually regards the reliability thresholds, and the optimization is
dedicated to finding the optimal thresholds to optimize both the cost and the availability
of the wind farms during its life-cycle. This multi-objective optimization allows dealing
with conflicting interests regarding maintenance in wind farms, mainly due to the loss of
energy production during the performance of preventive and corrective actions. Thus it
is important to find the most suitable reliability threshold that leads to a trade-off among
the service-level disruption caused by preventive actions and the service level disruptions
caused by failure, since they are directly related.
The results of the multi-objective optimization are usually presented in a Pareto front

graph like the one in Figure 4.7 where the Operational Expenditure (OPEX) is opposed to
the Loss of Power objective. As it is possible to appreciate in Figure 4.7, there are several
non-dominated strategies that render a trade-off solution between cost and availability. If
the client requisites are taken into account the Pareto front separates two main areas in the
graph, the profitable offers, and the non-profitable offers. Besides, the client requisites
will determine which is the Minimum Viable Offer (MVO).

The first objective pursued by the case study was to test the suitability of the reliability
clustering approach in the wind energy sector. For such aim, the application of the approach
is considered in an onshore wind farm consisting of 100 wind turbines whose behaviour
has been simulated for 20 years based on real field data provided an operator of WTs. In
the failure database, it was possible to extract RAM information from eight failure modes
(FMs) that correspond to minor and major failures of four components: the gearbox, the
blades, the yaw system, and the pitch system.

The behaviour of each one of the FMs of the WTs has been characterized by fitting a two-
parameter Weibull distribution. Following the proposed reliability clustering approach,
the differences among the reliabilities of each failure mode in every turbine have been
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Figure 4.7 Definition of Pareto front in a wind farm.

measured by the Kullback-Leibler divergence. After the algebraic transformation, the
k-medoids algorithm has been employed to cluster each failure mode.

In Figure 4.8, as an example, it is represented the undirected graph of the minor gearbox
failure of every WT, in which it can also be seen the reliability functions corresponding
to every cluster. In the depicted example, six clusters can be appreciated and the nodes
in each cluster correspond to the WTs identified by a number. It can be seen that the
edges connecting the nodes have different colour intensity, it corresponds to the weight
that quantifies the similarity among the behaviours of the same failure mode in different
turbines, i.e. the higher the intensity the more alike they are. By this representation, it can
also be seen from a general perspective the similarities among the clusters. The reliability
functions corresponding to each one of the clusters can also be seen in Figure 4.8, and it
can be seen how the closer two clusters are the higher the intensity of the connections of
the nodes from the clusters in the graph.
From Table 4.3, and also it can be seen in the graph of Figure 4.8, it is possible to

conclude that the proposed approach is stable when identifying clusters with a low number
of nodes in it. This is an important implication since it is possible to identify small numbers
of turbines behaving differently and sometimes this may imply an underlying cause that
can be addressed or benchmarked.
Considering that the behaviour of the components of the WT has been characterized

following the reliability clustering approach and that ergodicity in the wind farm is now
addressed, it is possible to compare how the maintenance strategy for the wind farm
renders different outputs when it is supported by the reliability clustering approach than
when it is supported by a generic Weibull distribution common for all the wind turbines.
The employed maintenance strategy is an opportunistic maintenance policy integrated
into a simulation-based optimization. The optimization is multi-objective so the two-fold
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Figure 4.8 Reliability clustering example for Gearbox minor failure mode in a wind farm.

Table 4.3 Reliability clustering results per failure mode.

System Failure Mode Number of Clusters Number of WTs in each cluster
Gearbox Minor 6 23-12-27-8-24-6

Major 3 52-27-21
Blades Minor 4 45-33-18-4

Major 2 39-61
Yaw Minor 4 34-33-17-16

Major 3 30-47-23
Pitch Minor 5 24-27-28-7-14

Major 3 29-20-51

aforementioned problems of reducing maintenance costs and increasing availability are
addressed. The simulation-based optimization provides several non-dominated solutions
that entail a trade-off among costs and production loss. With the solutions rendered by the
optimization, it is possible to construct a Pareto-Front in which the maintenance strategy
can be selected according to the trade-off desired by the customers.

Figure 4.9 Performance of reliability clustering approach in a wind farm.
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In Figure 4.9, a comparison the two Pareto optimal is presented. One is obtained
by addressing the failures through the reliability clustering approach and then defining
maintenance strategy through dynamic opportunistic policy; the other one is obtained
through a static opportunistic policy with a generic reliability Weibull model for each
failure mode of the turbines. In Figure 4.9a, it can be seen that the proposed reliability
clustering approach provides solutions that are unreachable in cost or availability for the
traditional method. Furthermore, all the solutions provided by the reliability clustering
approach with the dynamic opportunistic maintenance strategy are better in terms of
costs and production loss. As an example to provide further insights, arbitrary customer
requisites have been defined, they correspond to 122,000,000€ as a maximum OPEX and
120,000 MW/h lost for the 20 years of the life-cycle of the WF. In Figure 4.9b can be seen
that these requisites defined a feasible area of options and their intersection sets where is
the MVO.

Furthermore, the case study was intended to explore the usefulness and benefits of
the Dynamic ANN-based reliability model. Since the scope of this thesis includes the
demonstration of the added value of a reliability modelling integrating the operational
context effect thus addressing the dynamism issue, the model has been compared with a
traditional Weibull model. Besides it is also intended to provide evidence on the benefits
of the servitization, accordingly, this case study is also intended to provide evidence
that a service offer of full life operation and optimization renders better results than the
actual plans sold by OEMs that only consist of the first 5-10 years of the life-cycle. As
explained before, the case study is built through a simulation-based optimization procedure,
however, before embedding in each component and each WT of the wind farm a Dynamic
ANN-based reliability model, it is necessary to select the optimal ANN architectures.

To this aim, several architectures have been proposed and optimized, up to twelve
different models have been fitted for every one of the FMs, each one of the models
consisting of two hidden layers from 1 up to 4 neurons in each layer. The maximization
of the value obtained for the partial likelihood has been the criterion adopted as a basis
to choose the most appropriate configuration of hidden layers and nodes. In Figure 4.10,
it can be seen for every FM the obtained values of the partial likelihood in every model
with a specific ANN architecture. As it can be seen in Figure 4.10, in most of the cases,
even the simpler models of ANN are able to consider the impact the operational context
considering that in most of the failure modes every configuration reaches similar values of
the partial likelihood value and being that the reason for not increasing the complexity of
the neural networks. Nonetheless, from these values, the optimal dynamic ANN-based
models are selected to be embedded in every WT of the simulation.

Once the best architectures of the ANNs in the models have been selected for every FM,
with their corresponding parameters optimized, the following step is to fit the baseline
parameters. Therefore for every FM, there is one dynamic ANN-based reliability model
with a specific ANN architecture and specific shape parameters, this information is detailed
in Table 4.4. These will be the models that are embedded in the simulation, for every agent
corresponding to a WT eight ANNs are calculating the daily impact of operational context
on each FM’s probability of failure.
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Figure 4.10 Partial likelihood values for the ANN models of the WTs components.

Table 4.4 Optimal Dynamic ANN-based models details for every FM.

Failure Mode ANN
Architecture

ANN
Number of
parameters

Partial
Likelihood

Shape
parameter

Scale
Parameter

Blades Major 2-3 21 -4476.486 6.27 3259.3
Blades Minor 3-4 30 -4414.759 3.28 3410.4
Gearbox Major 2-2 15 -4477.709 7.53 3122.8
Gearbox Minor 3-3 28 -4434.685 5.42 1148.4
Pitch Major 3-4 33 -4201.663 8.41 604.4
Pitch Minor 4-4 37 -4294.931 4.99 408.9
Yaw Major 4-4 41 -4313.041 8.11 1707.6
Yaw Minor 4-4 37 -4250.076 5.30 1750.8

With the dynamic ANN-based reliability models adjusted, it is possible to optimize the
opportunistic maintenance strategies according to the two previously defined objectives,
minimization of costs, and lost energy production. The optimization of the maintenance
strategy has been considered in four different scenarios. Initially, the scenarios (scenarios
A and C) for 7 years have been optimized and represented in Figure 4.11, in that period
the traditional Weibull reliability and the dynamic ANN-based reliability provide sets of 4
and 6 optimal solutions respectively as it can be seen in Figure 4.11. As it was expected,
in a 7 years projection of the optimal strategies using both reliability models, the dynamic
ANN-based model provides better results (see Figure 4.11). Besides, not only the results
are better, but the model integrating the operational context allows to offer levels in terms
of costs and lost energy levels otherwise unreachable for traditional reliability models (see
strategies C2 and C4 in Figure 4.11).
However, to explore how the strategies optimized for 7 years performing in a life-

cycle scenario, they have been projected to 20 years (see the right part of Figure 4.11).
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The obtained results for the 20 years projections have been surprising, yet they provide
enlightening findings. As it can be observed in Figure 4.11, the strategies following a
Weibull model still provide worse results in general than the ones of the dynamic ANN-
based reliability, but for certain strategies, the results are quite similar (see strategies A4
and C2 in the right part of Figure 4.11). The remarkable fact underlying this finding is that
an optimal strategy for a different span misbehaves in a different time scenario in spite of
relying on better the reliability estimates. This is an initial finding that supports the idea
of shifting towards offering 20 years of service instead of only the first 7 years optimized.

Figure 4.11 Pareto fronts for 7 years of a wind farm.

Turning now to the 20 years scenarios (scenarios B and D) represented in Figure 4.12,
where the optimization of the maintenance strategy for 20 years is considered with both
reliability models, Weibull model and dynamic ANN-based model respectively. It can
be seen how the optimization for the Weibull model provides a set of 7 solutions whilst
the optimization for the dynamic ANN-based model provides a set of 3 solutions. It is
important to observe the results in Figure 4.12, as it happened in the 7 years scenarios,
the solutions of the dynamic ANN-based model reach levels of costs and lost energy
production which are unreachable for the Weibull model. In Figure 4.12 it can be seen
that the optimization for 20 years performs considerably better.

Figure 4.12 Pareto fronts for 20 years of a wind farm.
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Besides, a remarkable finding is how the optimal strategies for dynamic ANN-model
yield substantially better results in a 20 years scenario in comparison with the Pareto
front in the 7 years (see Figure 4.11). The reason leading to these differences to be more
significant in a 20 years scenario is the fact that inaccurate estimates accumulate undue
costs for a longer span. The conjoint application of opportunistic maintenance and the
dynamic ANN-based model ensures that the maintenance actions are performed in the most
suitable moment. Besides, Figure 4.12 shows evidence of the importance of optimizing
the maintenance strategy for the life-cycle since the 20-years optimized strategy and based
on a Weibull model outperforms the 7-years optimal strategies based on the dynamic
ANN-based model.

To further explore the possibilities of offering the maintenance service in an optimized
strategy for the life-cycle of the wind farm, it is explored the feasibility of an in-life change
of maintenance strategy when the wind farm has been operating under a non-optimal
maintenance strategy. Accordingly, the strategy D2 in Figure 4.12 has been simulated
for 20 years and the daily cost and lost energy production recorded daily. This strategy
has been compared with a full non-optimal strategy under which the wind farm has been
operating for 20 years, and also with an intermediate alternative consisting of the In-life
change of maintenance strategy and start operating under an optimal policy for the last 13
years of the life-cycle. The performance of each scenario may be seen in Figure 4.13 for
the cost-performance indicators and in Figure 4.14 for the availability indicator measured
by the lost energy production.

Figure 4.13 Cost comparison for the In-life change of maintenance strategy.

Taking a closer look at the end of the life-cycle of the three scenarios (right graphs in
Figures 4.13 and 4.14) enables a better appreciation of the scenarios. It is possible to
see how the In-life change of maintenance strategy to an optimal based on an advanced
reliability model provides better results in terms of costs and loss of energy production.
Indeed, the costs improve a 2.65% on average which represents over 3.2 million euros for
the case study presented. That would represent on average the break-even quantity that the
WF operator could invest in a program to upgrade the maintenance strategy to the optimal
one. Besides taking a look at the energy production loss, it is possible that the maintenance
optimization is very effective here and that the non-optimal scenario involves quite more
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Figure 4.14 Availability comparison for the In-life change of maintenance strategy.

variability than the other two. Besides, it is possible to see that the In-life change provides
similar losses to the most optimal scenario and it renders a 10% improvement on average
with respect to the non-optimal scenario.

As it has been seen the best alternative for the wind energy sector is to sell as a service the
maintenance in a life-cycle perspective and employ advance reliability models to support
the maintenance policy. The use of approaches that can address the non-ergodicity in the
wind farm, such as the proposed reliability clustering approach, and the use of reliability
models capable of addressing the dynamism of the wind turbines, such as the Dynamic
ANN-based reliability model proposed, have proved effective to reduce the life-cycle costs
and to increase the availability of the WTs. Besides, it is possible to observe that the
estimations usually involve a lower degree of uncertainty rendering graphs with lower
dispersion in the cost and loss of power estimates.





5 Concluding remarks

It is paradoxical, yet true, to say, that the more we know, the more
ignorant we become in the absolute sense, for it is only through
enlightenment that we become conscious of our limitations. Pre-
cisely one of the most gratifying results of intellectual evolution
is the continuous opening up of new and greater prospects.

Nikola Tesla, 1943

In this chapter, the final thoughts of the thesis are presented along with the lines of work
worth of future research. The concluding thoughts of the thesis are divided into three

subsections that focused on general aspects, research conclusions, and industrial remarks.
Additionally, at the end of the section future works are discussed in several areas that have
been identified as potential sources of value, and thus are considered to be worth of interest
and further research.

5.1 General conclusions

The present thesis is a step forward in the reliability engineering discipline, it proposes
reliability enhancements that have proven valuable in fleet asset management. More pre-
cisely, the reliability engineering advancements consist of the Dynamic ANN-based novel
reliability model and the reliability clustering approach that allows segmenting the fleet
according to assets’ reliability. Both contributions have the provided evidence of being
valuable in their single application, nonetheless their integration into a comprehensive
approach has proven effective when addressing the main issues in fleet asset management.
Furthermore, the research hereby presented also contributes to methods to realize organi-
zation value from the reliability engineering developments, especially in organizations
adopting service-oriented business models. The proposed methods allow aligning the
asset management strategy with a business model based on maintenance-related services
offerings which have proven to render important benefits for organizations.

107
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The research presented above is focused on addressing the main challenges faced by asset
management when transitioning to PSS business models, especially in the organizations
in which the offer is mainly composed of maintenance services. The research considers
the actual Industry 4.0 paradigm proposing a data-driven decision-making process that
takes advantage of the benefits of machine learning algorithms. The application of the
algorithms intends to reduce the uncertainty involved in the maintenance strategy decisions
improving the after-sales services in the fleet of assets. For such purpose, in Chapter 2, a
comprehensive literature review was presented in the four main areas of relevance for the
scope of the thesis: asset management, servitization and PSS, maintenance management,
and reliability engineering. Besides, in Chapter 2 as well, this literature review was
complemented with the study of a theoretical background consisting of the main algorithms,
tools, and approaches in the literature needed to provide a solution for the problem.

The performed literature review as well as the reviewed theoretical background showed
evidence of three important gaps that needed to be addressed within the scope of this thesis.
In the first place, a gap in the literature was identified for reliability modelling considering
the dynamism of the assets in the fleet due to their multiple and changing operational
conditions. It was also identified, in addition to the uncertainty caused by the operational
conditions, that an important source of uncertainty in fleet asset management was the fact
of not addressing the non-ergodic reality of the fleets composed of several assets with their
corresponding inherent reliability. Finally, it was also identified the existence of a gap in
the literature for works and research that would provide the new technical developments in
reliability engineering with methods and approaches to realize organizational value from
them.

Aiming at researching for, and developing, innovative and efficient solutions that would
contribute to filling in the identified literature gaps, three research questions were for-
mulated to establish the direction towards the research should be oriented. The research
questions would define the direction in three main aspects: theoretical, technical, and
practical.

The theoretical research question was intended to understand how to reduce the degree
of uncertainty involved in reliability engineering to enhance fleet asset management. As
discussed above, the main source of reducible uncertainty is the epistemic uncertainty
coming from incomplete knowledge or understanding of the problem. In the case of fleet
management, it was argued that two of the main sources of epistemic uncertainty were the
dynamism issues and the non-ergodic properties of the fleets. In other words, reliability
approaches in fleets of assets, involved uncertainty because they would consider that in the
fleet there are assets and components with different inherent reliability (non-ergodicity)
and that those assets are operating in multiple operational conditions which may change
along the life-cycle (dynamism).
Accordingly, the technical research question was intended to set the course of the

research in a direction that would lead to methods, tools, and algorithms for addressing the
two aforementioned problems. The technical part of the research has been oriented towards
providing a comprehensive approach capable of addressing the issues of dynamism and
non-ergodicity, both conjointly so uncertainty may be reduced by identifying the inherent
reliability of the assets in the fleet and also bymodelling the effect the operational conditions
may have on failures.
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Finally, the last research question was related to the final literature gap previously iden-
tified and intends to provide the research with a managerial dimension to explore the
integration of the developments in different industries. The integration of the reliability
engineering advancements will considerably depend on the value they will bring to practi-
tioners. Accordingly, the research has also explored methods and approaches to realize
value from the previous technological advancements.

5.2 Research conclusions

Following the previous overall conclusions of the thesis, in this subsection, the specific
conclusion withdrawn from the research are presented. They are described according to
the three research questions guiding the developments, the concluding remarks for each
research question will consist of the key findings, the main challenges faced, and the extent
to which the question was answered by the research and the developments.

Theoretical research question.

How to enhance fleet asset management by reducing the degree of epistemic uncer-
tainty in reliability engineering?
Fleet asset management is usually influenced by the behaviour of assets composing

the fleet, as the assets are not identical, nor they operate under the same conditions, their
operation is characterized by a high degree of heterogeneity in the failure behavioural
patterns. Since this variability in the failure behaviours of the assets in the fleet has not
been characterized, the management of the fleet is affected by a high degree of uncertainty.
The study of the uncertainty classifies it into two types, the aleatory and the epistemic
uncertainty, being the latter of interest for the thesis since it may be reduced by a more
complete knowledge of the failure behaviour of the assets.
The epistemic uncertainty in the fleet asset management is hindering the adoption of

service-oriented business models, because the offering of a maintenance related PSS
entails a more customized maintenance strategy that directly addresses the specifics needs
of each asset. Accordingly, from the theoretical perspective of the research, there were
two main challenges. First, it was necessary to research methods, tools, and algorithms to
reduce the epistemic uncertainty involved in fleet asset management. And second, it was
interesting to study how the reduction of the uncertainty degree would help to enhance the
management of fleets of assets.

The research process has evidenced that the epistemic uncertainty in fleet asset manage-
ment is highly derived from two main issues, the dynamism in the operational conditions
of the assets, and the non-ergodic properties of the assets entailing multiple inherent
reliabilities for each one. The research of the thesis included a review of works and studies
on how these issues were faced by researchers and it was found a gap of methods and algo-
rithms dealing with both simultaneously. It was also found that the existing methods and
algorithms dealing with the issue of dynamism did not address important considerations
derived from the operational conditions under which the assets are working. Finally, it was
noticed that the development of models, tools, and algorithms was not directly linked with
their application and their use for exploiting organizational value, therefore the present



110 Chapter 5. Concluding remarks

thesis was also expected to provide the developments with methods and procedures that
would enable to enhance fleet asset management.

In retrospect, the research presented in this thesis proposes two main developments
consisting of a Dynamic ANN-based reliability model and a reliability clustering approach,
besides it contributes with several methods and tools that allow realizing organization value
from the developments. The application of the developments in the case studies shows
evidence that indeed they involve a lower degree of epistemic uncertainty in comparison
with actual models. Besides, they have been presented with contributions that provide
a perspective on how to implement them to exploit their value. As shown in the case
studies, the added value of the development has been measured mainly in terms of cost
and availability.

Technical research question.

How to approach reliability modelling in fleets to overcome the issues of dynamism
and non-ergodicity?

As previously discussed, two of the main sources of uncertainty are the no-consideration
of the non-ergodic properties of the fleet and the lack of reliability models taking into
account the dynamism in the operational conditions of the assets. Accordingly, this research
question entailed two main challenges, on the one hand, it was challenging to develop a
model that could overcome in a comprehensive way the issue of dynamism, and on the
other hand, addressing the issue of non-ergodicity was a challenge as well. Nonetheless, the
major challenge ahead in the research was the development of a comprehensive approach
that would address conjointly the issues of dynamism and non-ergodicity whilst considering
the information of each issue separately for a better-customized maintenance strategy.
As previously presented, the first issue to be researched was dynamism. During the

literature review, the PHMwas identified as the main hazard model integrating the effect of
operational covariates and therefore it may be considered as the initial step of the research
of this thesis. However, and in spite of its proven usefulness, the Cox model has some
major limitations which should be addressed since the present thesis aimed for advancing
in the state-of-the-art solutions. As previously discussed, the main limitations of the
PHM are two, (i) the model only provides a static hazard function that does not consider
changes in the value of the covariates, and (ii) the covariates are considered in a linear
form that does not integrate the effects of any possible interaction among them. Aiming at
addressing these issues, the Dynamic ANN-based model was developed which directly
tackles both issues in the same modelling approach. The Dynamic ANN-based reliability
model is designed in such manner that the dynamic capabilities allow considering the
changes in the working conditions, besides it is possible to consider different durations for
the changes and to model the different effect of the working parameters depending on the
specific moment of the life-cycle in which the changes happen. What’s more the ANN
architecture combines the operational context covariates in a non-linear form capable of
modelling interactions among them and possible hidden phenomena. As shown above,
the proposed model is capable of overcoming the limitation of previous approaches and
renders better performance when identifying failures as it was proven by the information
shown in the maintenance confusion matrices. Accordingly, the model proofed to involve
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a lower degree of epistemic uncertainty since the maintenance strategies supported by this
reliability model render lower costs and increased availability in a fleet life-cycle scenario.
Afterwards, the research in this thesis dealt with the issue of non-ergodicity in fleets

of asset developing and proposing a novel reliability clustering approach based on the
similarities of the failure behaviours of the assets in the fleet. The research was integrated
with the previous development and it proposes assessing the similarities among the baseline
hazard functions to create an undirected similarity graph from which it will be possible
to cluster the baseline hazard in the most alike groups. The fact that the baseline hazard
function is employed, entails that the dynamism effect is regarded in the exponential part
of the model thus avoiding that the cluster classification of the failure behaviours could be
biased by the effects of the operational conditions of the assets. The proposed developments
consider under the same comprehensive approach both the issues of dynamism and non-
ergodicity, what’s more, they are addressed separately so the maintenance strategy may
be designed according to two criteria: the inherent reliability of the asset defined by the
cluster it belongs to, and the impact of the operational conditions determined by the ANN
embedded in the exponential part of the model.
The technical research question was intended to guide the developments towards a

reliability modelling solution that could address both dynamism and non-ergodic properties
of fleets of assets. As previously described, this objective involved the challenges of
addressing each issue, however, addressing both issues conjointly whilst maintaining the
information of each one separately was the biggest complexity to overcome in order to
provide a full answer to the question. The technical nature of the question makes it possible
to be answered by means of other algorithms and tools yet to be proposed, but the proposed
reliability modelling approach has proven to fully answer the question and to overcome
the main challenge. The results confirm that the reliability clustering approach and the
Dynamic ANN-based reliability model are stable identifying the effect of the operational
context and segmenting the fleet into clusters with alike failure behaviours. The application
of the proposed developments in several case studies provides evidence that this reliability
modelling approach has the potential of bringing in benefits to several industries, especially
in terms of more customized maintenance-related services that will render lower cost,
higher recurrent incomes, and more attractive availability levels.

Practical research question.

How the developments contribute to different industries especially to those adopting
a service-oriented business model?
The practical research question was intended to provide the research with an applied

perspective that would complement the technical developments. The question aimed at
orienting some efforts towards providing the developments with some further insights
on their application to specific case studies. Besides, the research question set special
emphasis on the actual paradigm in the asset management discipline, requiring that the
application of the developments is specifically thought for industries adopting service-
oriented business models.
Aiming providing a solid answer the present thesis has contributed with methods and

procedures that would enable OEMs to realize organization value from the previously
presented developments. Therefore, the thesis presents the theoretical developments under
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a holistic perspective that comprehends the asset management implications of the reliability
engineering advancements under a PSS business model.

In this context, several contributions were presented to providemaintenancemanagement
with methods to translate the technical and theoretical developments into added value in
fleet management. The main challenge underlying this research question was the implicit
need for transversal and cross-functional methods, and procedures that would enable the
application of the development in several industries. It was proposed to approach fleet
management by identifying the main issues to address at three main levels cluster analysis,
asset criticality within each cluster, and failure modes criticality within the assets. This first
procedure will prioritize the issues in the fleet allowing to target those failure modes, assets,
and clusters with a higher impact in the business. Since the proposed developments and
decision making processes have an important data-driven nature, it was essential to include
some data considerations. The data considerations deal with quantity and quality issues,
merging different databases, and translating data recorded without reliability purposes into
useful information for reliability analysis in fleet management. These considerations will
enable a database to support reliability analysis addressing the issues of dynamism and
non-ergodicity, instead of providing misleading information regarding failure behaviours
in the fleet. The thesis also covered the implementation of the developments in an integral
maintenance strategy which would also consist of CBM policies for certain failure modes.
In such a manner, the reliability-based proposal could be integrated with CBM policies to
reap the benefits of both approaches under the same comprehensive maintenance strategy.
Intending to ease the deployment and design of an integral maintenance policy, the research
in the thesis contributes with a series of holistic criteria to consider when choosing either a
CBM policy or a reliability-based approach. Moreover, considering the struggles of OEMs
adopting a PSS based portfolio, the research also focused on developing a maintenance
and services map that would guide the mastering of several maintenance technologies
according to the different maintenance-related services that the OEMs are willing to
offer. In this scenario, the map for the servitization of maintenance acts as a guideline
for technological capacitation, and it is complemented with a novel roadmap proposal
that would ease the adoption of the technologies whilst also considering the necessary
changes in the operations. And finally, since the research question aimed for a wide
applicability of the developments, it was explored how the developments could enhance
maintenance management for those assets that have been operating several years under
non-optimal scenarios thus performing an in-life change towards advanced reliability
models and optimal maintenance strategies.
The application of the proposed contributions was thought for different industrial sec-

tors, the pragmatic nature of this last part of the thesis’ research hinders an exhaustive
analysis of its implementation in the industry considering the scope of the thesis. Neverthe-
less, extensive experimentation on simulation-based case studies has provided interesting
insights regarding the potential of the contributions to add value in many industrial envi-
ronments. The contributions have proven effective when realizing value from the previous
development, more specifically their potential has been explored in three main industrial
applications:

• Railway industry - Rolling stock. In the railway industry, the developments were
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implemented for the HVAC system and it was possible to analyse the operational
context impact and the different inherent reliabilities that may be present in a fleet.
The case study in the railway industry was characterized by a more theoretical and
technical approach, therefore it is mainly oriented to provide answers to the two
previous research questions. Nonetheless, it also involves some remarkable prac-
tical considerations belonging to this research question. This case study provided
important insights regarding the data and the kind of information this should contain
to address the dynamism issue, it was possible to appreciate the importance of
data considerations because some of the operational context variables could not
be integrated into the study since they had not been gathered for reliability analy-
sis purposes. The case study also evidenced the importance of identifying those
operational context parameters that most condition failure frequencies so the offer
of the maintenance plan can be customized to the operational context in which the
asset is going to operate. This fact also as some important design implications
because the design may be upgraded to make the failure more robust against spe-
cific operational conditions. Besides, in the case study, it was possible to observe
that the clusterization of the fleet renders clusters that could be addressed with a
cluster-wise comprehensive solution targetting the issues in the fleet at three levels
as previously stated before. It is therefore possible to conclude that the applications
of the developments on the railway sector provide additional value to rail solution
OEMs. Indeed, in this specific sector the projects are subject to high competitive
tenders and a customized maintenance strategy according to the operational context
of the asset has the potential of becoming a key favourable point for the election
of the project without involving managerial burdens for the OEMs since it will be
considered in the fleet asset management strategy.

• Aerospace industry - Aircraft engines. The application of the Dynamic ANN-
based reliability in the aerospace industry was a step forward confirming the impor-
tance of the data considerations, it was shown how the data availability and quality
enable the use of advanced reliability models and thus more effective maintenance
strategies. In the aircraft engines case study it was presented the innovative concept
os maintenance confusion matrices to establish the accuracy of the model (and
compare it against other reliability models) for several maintenance strategies. The
application of this new reliability model testing technique provides the OEMs with
more information when offering several alternatives to the customers. This perspec-
tive entails additional added value for the Dynamic ANN-based because it is possible
to foresee the accuracy of the model for certain maintenance strategy. Besides the
maintenance confusion matrix is presented alongside a cost comparison scenario
depending on the cost structure, so the OEMs can assess if the savings provided by
advanced reliability models surpass the resources investment needed to capture and
monitor the data of the operational context. Focusing on the maintenance confusion
matrix and the savings dependant on cost structure facilitates a more stable financial
transition towards PSS business models such as the Rolls-Royce Power By the Hour
business model. Furthermore, turning to fully servitizied scenarios, i.e. the Rolls-
Royce case, the Dynamic ANN-based model not only enables a more customized
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maintenance strategy according to how the engines are operating, but also allows a
dynamic and more competitive pricing strategy in which the customer is charged
according to the power delivered under specific operational conditions. This type of
offer has also an important implication that directly addresses the efficient operation
of the assets, thus promoting sustainability.

• Wind energy industry - Wind turbines. Considering the current political, social,
and environmental concerns, the increasing interest in the renewable energies sector
provided a very interesting scenario to study the applicability of the proposed de-
velopments. The wind energy sector is one of the most developed in Europe and
the efficient operation of wind farms is a very actual topic since the operational
costs are prominent. Accordingly, the proposed developments were applied to wind
turbines, and afterwards an extensive study was carried on how to realize value for
this sector. One of the key aspects to consider for value realization in this sector
is the data treatment, the wind turbines are assets with a considerable amount of
sensors constantly capturing data and alarms to monitor the state of the components
and systems. The SCADA is an IT system handling this information, however,
it is not gathered nor stored with reliability purposes, so the data considerations
proposed in this thesis allowed to merge this data with the maintenance records
and the atmospheric conditions in a single comprehensive database for reliability
purposes. In this scenario, the case study provided evidence that the reliability
clustering approach does allow targeting those wind turbines and components that
are more critical in the fleet prioritizing firstly cluster-wise and then by asset and
components criticality. This fact, in conjunction with the Dynamic ANN-based
model, showed benefits when it was implemented to support customized mainte-
nance strategies according to the working conditions in which the wind turbines are
operating. Furthermore, the wind energy case study served to further explore the
benefits of the maintenance servitization, indeed, all the results were optimized and
presented in a Pareto front. The Pareto front is the representation of a multi-objective
optimization in which not only costs are considered but also other business aspects,
i.e. availability in this specific case study. The consideration of more than one
objective allows selling offers according to the minimum viable offer characterized
by the clients’ requisite of trade-off among availability and costs. The OEMs will
provide a service of maintenance in which the customers’ requisites will be both
ensured, with the presented approach the OEMs are capable of knowing which are
the strategies that lead to fulfilling both and the risk assumed by each strategy either
in terms of costs or in terms of availability. To further provide evidence on the
added value of the servitization of maintenance, the most extended business model
that includes maintenance for the first years of operation was compared with a new
scenario in which maintenance was designed to be provided for the full life-cycle
of the wind turbines. This comparison rendered important savings and availability
gains for the full life-cycle maintenance service supported by the advanced reliability
modelling approaches presented in the thesis. What’s more, the emphasis on the
practical perspective derived from this research question and the current reality that
many wind farms have been operating several years under non-optimal maintenance
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strategy led to explore the feasibility of the in-life adoption of the proposed devel-
opments. Accordingly, under a simulation-based approach, the potential benefits
were studied and it was proven that it is beneficial in terms of improved availability
and considerable savings the in-life adoption of optimal maintenance strategies
supported by advanced reliability models.

As discussed, the proposed developments are interesting contributions with practical
implications for the OEMs, especially those interested in adopting PSS business models.
The advanced reliability techniques hereby proposed, play a key role when transitioning
towards the promising servitization scenario. Besides, the nature of the developments
entails wide applicability through many industries in which a proper asset management
strategy is a cornerstone for maintaining competitiveness. Nonetheless, although the
theoretical and technical aspects of the proposals are completely corroborated, the practical
implications of the thesis reach a much wider scope thus entailing future research lines
worthy of further investigation which will be discussed in the following subsection.

5.3 Future research lines

The present thesis is a comprehensive work that despite contributing mainly to reliability
engineering several disciplines and industries are involved, accordingly, from a future
research perspective the cross-disciplinary aspects are the ones worthier of investing
more effort. From the technical perspective, the present algorithms are based on machine
learning techniques, these modelling techniques are known to have the drawback of being
"black-box" models, especially the neural networks in the Dynamic ANN-based reliability
model. Further research is worth for techniques to extract the information captured in
the algorithm regarding how each of the variables of the operational context and their
interactions directly affect assets’ reliability. This is a key technical aspect because it
will have important considerations when in the technical design of the asset incrementing
robustness against the most influential conditions, establishing more redundancies for
components that are going to operate in certain conditions, or defining more efficient
operational guidelines for the asset.

On the cross-disciplinary aspects aforementioned, the present thesis and the case studies
have not considered in detail the resource sizing problem to carry out the optimized main-
tenance strategies, therefore it is encouraged to follow this research line to comprehend to
which the resource sizing and the infrastructure condition the feasibility of the maintenance
strategy. It would be interesting to explore how to adapt the customized strategies to the
OEMs’ capabilities to provide the services for the assets in the fleet. Aligned with this
issue is the adaptation that the operations in the company should undergo to efficiently and
effectively adopt the servitization business model. Although it is considered in the roadmap
proposal, the operational change needed to adopt the PSS business model, especially for
maintenance-related services, should be further research ensuring the profitability of the
new scenario so the OEMs can fully reap the multiple benefits.
Furthermore, for better adoption and application of these developments, it would be

necessary to understand the role of every stakeholder involved in the fleet asset manage-
ment. There some important concerns that should be addressed and researched to have a
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comprehensive perspective of all the implications in fleet asset management. Especially
relevant aspects regard the data propriety, the storage and usage of data regarding the
operation of the assets in the fleet, limitations, and boundaries considering to which extent
data is being sold as a service, and related issues that may jeopardize the attractiveness of
PSS offers. Another important aspect worth of research is the fact that new stakeholders
may appear and may have interests in the data, the algorithms, the deployment of the
service, or the definition of the maintenance strategy; some of these new stakeholders may
be investment institutions financing the asset for the client for instance.

From the stakeholders’ perspective, it should be also be researched the implications that
the implementation of these reliability advancements may have on the supply chain. It
should be considered the use of the data and the reliability estimates for the providers of
components and systems to evolve towards more integrated and automated supply policies,
new demand forecasting methods, and the potential of spare parts service as a maintenance
related service in the portfolio of the OEMs.

Finally, and considering the cross-sectorial applicability of the developments presented
in this thesis, it is proposed to further research how these innovations and proposals adapt
to existing policies, norms, and standards in each one of the sectors that they could be
applied to. These considerations may vary also according to the geographical location
of the assets in the fleet, therefore further research is encouraged to ease the application
of the developments in a fleet where the assets are worldwide located and the OEMs
are compelled to comply with the legislation and norms in different ways, thus further
customizing the maintenance strategy.
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A B S T R A C T

Assets reliability is a key issue to consider in the maintenance management policy and given its importance
several estimation methods and models have been proposed within the reliability engineering discipline.
However, these models involve certain assumptions which are the source of different uncertainties inherent to
the estimations. An important source of uncertainty is the operational context in which the assets operate and
how it affects the different failures. Therefore, this paper contributes to the reduction of the uncertainty coming
from the operational context with the proposal of a novel method and its validation through a case study. The
proposed model specifically addresses changes in the operational context by implementing dynamic capabilities
in a new conception of the Proportional Hazards Model. It also allows to model interactions among working
environment variables as well as hidden phenomena thanks to the integration within the model of artificial
neural network methods.

1. Introduction

With the emerging of engineered systems in the 19th century so did
arise the need for a scientific discipline dealing with their reliability,
this discipline began to be known as reliability engineering in the 1950s
[1]. The assumptions under which traditional techniques of reliability
were developed, simplify many of the real-life boundary conditions; the
motivation lying behind these simplifications, was the pressure of up-
holding the rigid and fast technological advances in the industries
which initially showed more interest in reliability engineering (mar-
itime, military, aircraft and Oil & Gas industries) [2].

As the independent scientific discipline that reliability engineering
has become, it measures the reliability by quantitative metrics and
controls throughout the product lifecycle [3]. According to Zio [1], the
purpose of reliability engineering is to provide a collection of formal
methods aiming at exploring the relation among system operation and
failure, and it is in this discipline where this paper intends to contribute
with the novel model later on proposed.

1.1. Motivation and research

Reliability is a key issue to address by comprehensively analyzing
the asset performance under the effects of different uncertainties during
its life cycle [4]. The uncertainties affecting the asset performance have

generally been classified into two types (see [3–7]):

• Aleatory uncertainty. Considered to be the result of a fundamental
randomness in the natural phenomena of the world, it results in
uncertainty referring to the inherent physical behavior of the
system.

• Epistemic uncertainty. Associated with the lack of knowledge, it
refers to the uncertainty related to the completeness and accuracy in
the understanding of the failure process.

As stated before, traditional reliability models involve assumptions
and simplifications[8]; these are the sources of significant uncertainties
causing the inability of the reliability models to properly describe the
true behavior of the system [5].

Some important assumptions that introduce epistemic uncertainty
in the models are the independence among components, the renewal
assumption o the constant operational condition and external factors
[9]. Such premises and suppositions are the cause of epistemic un-
certainty, reducible by integrating new information on the contrary of
aleatory uncertainty, which comes from the stochastic character of the
problem [10]. Therefore, if the models-based methods aim at accurately
quantify the reliability, it is a requisite for them to integrate the effect of
epistemic uncertainties [3]. It is within this motivation where the scope
of the paper lies; more precisely, the authors have developed a novel
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model for reliability estimation that reduces epistemic uncertainty re-
ferring to operational conditions of the assets.

A more realistic estimation of reliability, through a model in-
tegrating operating environment information, will enable more effec-
tive and better-customized maintenance policies [11]. The benefits of
such models gain special interest in the early stages of the asset life-
cycle, where it is relevant to reflect the context into which they will
perform [12]. This aspect is a key pillar to take into account when
designing the maintenance strategy, and it has been addressed
throughout the later on reviewed literature (see Section 1.2).

It is this main pillar which gives birth to the research process con-
ducted in this paper and summarized in Fig. 1. The conducted research,
aiming at integrating the operational context effect on reliability as-
sessment, have followed two courses; in the last phase, they converge
into a comprehensive model that gathers the benefits from the re-
searches regarding both lines. These research lines face two problems
derived from the main motivation. The research represented in the
bottom line aims at modeling the effects of changing operational en-
vironment, it deals with the reality of the same asset performing in very
different environments and stress levels during its life-cycle. However,
the research course represented by the top line of the process deals with
the problem of modeling unknown interactions among the different

parameters of the operational environment of the asset. Finally, the
convergence of both lines, hence the merge of two innovative models,
leads to the proposal of a novel model which not only integrates the
dynamism of operating environments but the possible unknown inter-
actions among its variables as well.

1.2. Related works.

The study of the affection that the operational environment has on
asset management and reliability engineering aspects has received
considerable attention lately. More specifically, interesting contribu-
tions regarding assets reliability can be found, for example in Okaro and
Tao [13] the reliability of a subsea compression system is analyzed
under operational covariate stresses, in Peng et al. [14] an approach
taking into account dynamic conditions is proposed, for cable failure
the operational context is explicitly modeled in Tang et al. [15] and also
for traction transformers in Lin et al. [16]. However, reliability as-
sessment is not the only aspect of asset management addressed in the
literature with the affection of operational context to failures as a
common underlying cause. For instance, spare parts estimation de-
pending on the operational environment is studied in [17–19], avail-
ability assessment considering different weather conditions in [20] and

Nomenclature definition

Nomenclature

X Vector of covariates of the operational context
Xi Vector of covariates of the ith operational context
Xij jth variable of the ith operational context
β Vector of parameters of Cox model
βj jth parameter associated to jth covariate
k number of covariates, i.e. variables of the operational

context
X Vector of mean values of the covariates
h(t, X) Hazard function depending on time and context variables
h0(t) Baseline hazard function for the null covariates vector
h t( )X Baseline hazard function for the mean values covariates

vector
h(t, Xi) hazard function for the ith operational context depending

on time
HR Hazard ratio between two identical systems operating in

different contexts
T Vector of failure times
t(i) ith failure time sorted in increasing order
p number of failure times
Ri set of systems at risk at the ith failure time

Li Conditional probability of ith time
L Partial likelihood
γ Shape parameter of a Weibull distribution
α Scale parameter of a Weibull distribution
W Weights vector for the ANN
whyz Weight of the connection between node y in hidden layer h

with node z in the next hidden layer
B Biases vector of the ANN
bhz Bias of the node z in the hidden layer h
g(x) Hyperbolic tangent function
θhz Output of the node z in the hidden layer h
H Number of hidden layer, included the output layer
Zh Number of nodes in hidden layer h
Yh Number of nodes in hidden layer h
G X W B( , , ) Output of the ANN depending on the covariates, the

weights and the biases of the network
R(t, Xi) Reliability function in the ith operational context de-

pending on time
Integration constant that enable the dynamic capabilities
of the model

ti Time of the ith change of operational context
i Integration constant with the information of the ith

change of operational context

Fig. 1. Research process.
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maintainability analysis with context variables in [21,22].
In the related literature the authors have gone through, the

Proportional Hazards Model (PHM) is a recurrent model utilized for
analyzing the effects of different variables of the operational context,
therefore this model plays a key role as a starting point in the research.
It was first introduced by Cox in 1972 [23] (it is also known as Cox
model) and it was proposed for reliability studies by the author himself
and by other researchers [24,25]. An early literature review of the first
attempts of using the model, along with a case study exemplifying its
proper use, can be seen in [26]; through the paper, the work of Bendell
facilitated the posterior applications of the model in reliability en-
gineering. Afterward, several applications of the model can be found in
many different industries and systems. The model have been proposed
for the rail industry to predict rolling stock reliability, for instance in
the door system [27] or the Heating Ventilating and Air Conditioning
(HVAC) system [11]. It is also proposed for the wind energy sector, to
model failure rate in wind turbines [28] and to assess the turbines stress
condition [29]. The research in the cutting tool industry also provides
interesting applications of the model [30,31]. And among others, the
model have also been proposed for bearings reliability prediction [32],
for the machinery in the processing industry [33], for electronic com-
ponents [34,35] and for piping infrastructure [36].

Another recurrent approach found in the literature for integrating
epistemic information regarding the operational context of the assets is
the application of Artificial Neural Networks (ANN). As stated by Xu
[37], the attractiveness of neural networks is mainly due to the fact that
no ’a priori’ assumption regarding the models is needed, and they have
the advantage of representing complex nonlinear relationships as
Marugán et al. [38] write. To date, several studies have begun to in-
vestigate the application of ANN for reliability problems, e.g.: in Al-
Garni et al. [39] they are compared with the Weibull regression model,
in Fink et al. [40] they are proposed to approach reliability prediction
problems as time series, Beg et al. [41] present a comparison of several
ANN-based models at estimating the probability of failure and Santosh
et al. [42] propose an interesting approach for time to failure estimation
combining Weibull regression models with ANNs.

In particular, the mentioned work of Santosh et al. [42] is a de-
monstration of the benefits of combining statistical models and ANN
methods. Consistent with this approach it is important to emphasize the
work of Faraggi and Simon [43] whose proposed model combines both
of the previous approaches, ANNs architecture and the PHM. This ANN
extension of the Cox model was conceived for studying right-censored
survival data [43] in the field of statistical medicine where most of its
applications reside (see for instance [44,45]).

However this is not the only model in the literature that brings to-
gether both techniques; the work of Biganzoli et al. [46] focus on partial
logistic models with ANN and feed forward ANN for modeling the ha-
zard function, in Ripley et al. [47] seven survival models based on
neural networks (both continuous and discrete time models) are de-
scribed and Mazini et al. [48] proposes the use of neural networks to
create a health condition model for wind turbines. As previously stated,
the applications of these models remain almost exclusively in the dis-
cipline of medical statistics; nonetheless, there are already in the lit-
erature some attempts to extrapolate them to reliability engineering
[49,50].

When reliability engineering is considered within the organizations,
it is related with maintenance management and therefore, with main-
tenance activities [51]. According to Crespo [52], the maintenance
activities can either be classified as corrective maintenance, performed
after the failure has happened; or preventive maintenance, dispatched
at predefined intervals or according to certain criteria previously es-
tablished. Each type of actions have an associated cost, corrective cost
(CC) and preventive cost (PC), being on a general basis the CC greater
[53]. Generally both types of costs include direct costs associated to
manpower, replacement parts and materials, however the corrective
costs not only is unplanned but also include indirect costs associated to

penalization in terms of operation losses, impact on quality, environ-
ment or security among others [52]. In order to optimize the costs as-
sociated to maintenance activities, reliability modeling has been pro-
posed as a useful tool [54]. In the literature can be found recent works
that propose launching preventive maintenance activities according to
a defined reliability threshold [55–57] being this the scenario intended
for the later proposed model.

1.3. Scientific contribution

Based on the motivation stated in Section 1.1 and the related works
presented in Section 1.2, the research conducted by the authors has led
to the development of a novel model for reliability estimation. As it is
represented in Fig. 1, the main contribution of this paper is the proposal
of a Dynamic Artificial Neural Network-based Reliability model which
is a result of combining the concepts proposed for the ANN-based
models and the Dynamic PHM, being the later a novel proposal in this
paper as well.

The value proposition of the model is the improvement of reliability
estimations, these better estimations rendered by the proposed model
are mainly due to directly addressing three simplifications that other
models have not dealt with altogether:

A. The Dynamic ANN-based model not only takes into account the
reliability driver but the operational context information as well. By
integrating this information the model is built-up upon more com-
plete knowledge of failure mechanisms, therefore, the epistemic
uncertainty associated with the model is reduced.

B. The dynamic capabilities of the model directly address the reality of
assets performing in changing operating contexts. The novel model
here proposed has the capability of taking into account changes in
the operational context and the length in the time of those changes,
thus the model enhances reliability estimations in production peaks,
seasonality, and other similar working environments with high
variability in its operational conditions.

C. The proposed model brings in the advantages of integrating ANN.
The ANN methods allow modeling unknown interactions between
the different variables of the operational environment, without
having to previously define them, as well as hidden phenomena
which may be triggering or influencing the failure modes.

One important contribution of the research process is the proposal
of the Dynamic PHM, which deals with items A and B. However, the
apex of the scientific contribution of the research here presented is in
the Dynamic ANN-based reliability model, which has the potential of
addressing the three aforementioned key points into a single model.

1.4. Overview

The remainder of the paper consists of three sections, the following
section presents the development of the Dynamic ANN-based model,
then the model is tested on a case study in Section 3 and finally the
results and conclusions are discussed in the last section.

The development of the model in Section 2 has followed the same
research process previously presented in Fig. 1, and therefore the sec-
tion is structured in a similar way. First, in order to set the foundations,
the main introduction to PHM is presented, then in the following
Sections 2.2 and 2.3 individual solutions for the top line and the bottom
line of the applied research progress in Fig. 1 are respectively devel-
oped. Special emphasis is made on Section 2.3 due to the novelty of the
proposal stated in the previous Section 1.3. And finally Section 2.4
presents the main contribution of the paper, the Dynamic Artificail
Neural Network-based reliability model which is conceived, and thus
presented, as a combination of the previous models.

After laying down the theoretical dimensions of the model, the main
topic covered in Section 3 is the performance of the model in a case
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study as an illustrative example of its use and potential. The section
consist of four subsections: in the first one the database and the case
study are presented, then the optimization of the proposed model for
the case study is explained, then the performance of the model is tested
in terms of reliability estimations in the third and lastly cost-perfor-
mance metrics are analyzed in the fourth subsection.

Finally, Section 4, ties together up the various conclusions with-
drawn during the research process, the model development and its
application to the case study. Also some research lines worth of further
investigation are presented here.

2. Proposed model

As previously stated, the proposed model takes as starting point the
PHM and the concept of partial likelihood that Cox proposed along with
it [23]. It is the concept of partial likelihood the one that will enable to
integrate ANN methods with the PHM and therefore the section de-
velopment follows this logic; starting by introducing the PHM with the
partial likelihood, continuing with the ANN-based PHM, then the Dy-
namic extension of the Weibull PHM and finally the Dynamic ANN-
based reliability model.

2.1. Weibull proportional hazards model

The most common description of the PHM is the definition of the
hazard rate provided by Eq. (1). In Eq. (1), the failure rate of a system is
expressed as the product of a baseline hazard rate h0(t), as a function of
the operating time of the asset t; and a term incorporating the opera-
tional context variables in an exponential form in which each one of the
covariates = …X XX ( , , )k1 is multiplied by a parameter = …( , , )k1
describing its effect.

=
=

h t h t exp XX( , ) ( )
j

k

j j0
1 (1)

The baseline hazard function, h0(t), represents the hazard of a
system operating in a context described by the null vectors of variables,

=X 0 ,k and it can be parametric following certain distribution or
of an unspecified form; and the operational context variables can be
either a naturally variable or an indicator variable.

Given two identical systems operating in two different operational
contexts, that would be = …X XX ( , , )k1 and = …X XX ( , , ),k1 being X′ the
one with a higher risk; it is defined the Hazard Ratio (HR) between the
two of them as:

= = =
=

=
=

HR h t
h t

h t exp X

h t exp X
exp X XX

X
( , )
( , )

( )

( )
( )

j
k

j j

j
k

j j
j

k

j j j

0 1

0 1
1

(2)

It can be observed from Eq. (2) that HR is independent of the system
operating time. Thus, considering a special case of the HR in which the
comparison is between a system operating in an environment where the
covariates vector take mean values = …X XX ( , , )k1 and the same system
operating in a context = …X XX ( , , ),i iki 1 the hazard function of the
system operating in Xi would be expressed by Eq. (3), where the hazard
function is decomposed into a baseline hazard function in the mean
values of the covariates (h t( )X ), and into the exponential part where the
deviations from the mean value of each covariate are taken into ac-
count, instead of the covariates values themselves.

=
=

h t h t exp X XX( , ) ( ) ( )
j

k

j ij ji X
1 (3)

One of the main advantages of the Cox model is that the estimation
of the parameters in the exponential part, = …( , , ),k1 is performed
independently from the baseline hazard function. This is possible
thanks to the concept of partial likelihood, it is defined as the product
over every failure time of the conditional probability of failure of the
system which actually failed at t(i). That is for a set of increasing ordered
failure times = … …t t tT ( , , , , ),i p(1) ( ) ( ) let Ri be the set of systems at risk
at the time t(i), i.e. subjects which have not failed nor been censored
before t(i), then the conditional probability is described by Eq. (4) and
therefore the partial likelihood by Eq. (5).

= =
=

=

L h t
h t

exp X X

exp X X

X
X
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( , )
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i
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R l
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i (4)

=
=

L L
i

p

i
1 (5)

The estimation of the parameters is performed by maximizing the
partial likelihood in Eq. (5), traditionally by Newton–Raphson itera-
tions; as it can be observed the effects of the variables of the operational
context are estimated without making any assumptions regarding the
baseline hazard function. However, it is interesting for the scope of the
paper to introduce the full parametric version of the model in which the
baseline hazard function in the mean values of the covariates is fitted to
follow a two-parameter Weibull distribution. This alternative of the Cox

Fig. 2. ANN Representation.
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model is represented in Eq. (6), where γ is the shape parameter and α is
the scale parameter, and it is known as Weibull PHM.

=
=

h t t exp X XX( , ) · · ( )
j

k

j ij ji
1

1 (6)

2.2. Neural-Network based reliability model

In the previous section, it can be seen that the combination of the
operational context variables is linear in the most simple form of the
Weibull PHM, or “a priori” defined in other variations. Thus, this fea-
ture limits the suitability of the model for modeling unknown interac-
tions or hidden phenomena and it is in this issue where the architecture
of the ANNs provides value.

The proposed model is based on feed-forward neural networks with
only one output node, and the operational context variables,

= …X XX ( , , ),k1 will form the input nodes, a graphical representation
can be seen in Fig. 2. The inputs and the output are connected through
hidden layers with different nodes number. Every connection between
nodes is associated with a weight parameter, all of them represented by
the vector W where each position is described by whyz, being h the
origin layer (starting in 0 for the input layer and ending in H for the
output layer), y represent the node in the origin layer and z the desti-
nation node in the next layer. Every node in the hidden layers is also
associated with a bias term all of them represented by vector B where
each position is described by bhz being h the hidden layer and z the node
in the corresponding hidden layer. In every neuron, also known as
computational unit, an activation function is applied to the input re-
ceived, in the proposed model the activation function g(x) is the hy-
perbolic tangent, which is described in Eq. (7) and have proofed to train
faster than the sigmoid activation [44].

=
+

g x exp x exp x
exp x exp x

( ) ( ) ( )
( ) ( ) (7)

The equations that govern the ANN described in the paragraph
above and represented in Fig. 2 can be seen in Table 1, the equations
have been organized according to the different layers and the calcula-
tions that involve every one of them. The term θhz refers to the output of
the neuron z of the hidden layer h.

Considering the application of the equations on Table 1, it is pos-
sible to define the network as a non-linear complex function depending
on the covariates vector = …X XX ( , , )k1 , the weights of the connections
between the nodes W, and the bias terms B. This function is denoted by
G X W B( , , ) and the Neural-Network based reliability model propose
replacing the linear = Xj

k
j ij1 in the Cox model by the output of the

neural network function denoted by G X W B( , , ). This proposal is de-
scribed by Eq. (8), and with this model the partial likelihood function
(L) to maximize in order to estimate the neural network parameters
(weights and bias terms) would be Eq. (9).

=h t h t exp GX X W B( , ) ( ) ( ( , , ))0 (8)

=
=

L exp G
exp G

X W B
X W B

( ( , , ))
( ( , , ))i

p

l l

i

R1 i (9)

It is important to notice that in this model the parameters of the
neural network are not obtained by training it but by maximizing the
partial likelihood function, expressed in Eq. (9). Nonetheless, de-
pending on the chosen architecture of the ANN the maximization of
Eq. (9) may result in a very complex and computationally intensive
problem; thus a genetic algorithm is proposed for maximizing the
partial likelihood.

2.3. Dynamic Weibull-Proportional Hazards Model

Taking as a starting point the hazard rate described by the Weibull
PHM in Eq. (6), the reliability derived from that particular expression of
the failure rate of a system can be calculated as follows:

=R t X exp h t X dt( , ) ( , )i i
(10)

=
=

R t X exp t exp X X dt( , ) ( )i
j

k

ij j
1

1 (11)

C= +
=

R t X exp t exp X X( , ) ( )i
j

k

ij j
1 (12)

In the general reliability function of Eq. (12) the variables of the
operational context do not depend on time, the shape and scale para-
meters are considered to be constants inherent to the technical char-
acteristics of the system and the parameter C is the integration con-
stant.

When the asset starts to operate in a context A, i.e.
= …X XX ( , , ),A AkA 1 the reliability of the asset is 100% and therefore
= = =R t X X( 0 , ) 1,A by solving the equation for the integration con-

stant CA it can be seen that its value equals 0 for any value of
= …X XX ( , , )A AkA 1 . However after operating in context A during certain

time =t t1 the operational context changes to B which is described by
= …X XX ( , , ),B BkB 1 and the system reliability is going to be described

now by Eq. (13).

C= +
=

R t X exp t exp X X( , ) ( )B
j

k

Bj j B
1 (13)

To obtain the unknown value of CB it is necessary to solve the
equation =R t X R t X( , ) ( , ),A B1 1 and the same reasoning will be fol-
lowed to calculate system reliability if the asset changes in =t t2 from
operational context B to operational context C. Generalizing this logical
process leads to the Eqs. (14) and (15).

Table 1
ANN equations.

Layer Output of the nodes in the layer Domain

First hidden Layer (h=1)
= +

=
g w X bz

y

k

yz y z1
1

0 1
=z Z[1, ]h 1

Next hidden Layers
= +

=
g w bhz

y

Yh
h yz h y hz

1

1
( 1) ( 1)

h H z Z[2, ( 1)] [1, ]h

Output layer (h=H)
= +

=
g w bH

y

YH
H y H y H1

1

1
( 1) 1 ( 1) 1

-

g(x) is the previously defined hyperbolic tangent function
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C= +
=

R t X exp t exp X X( , ) ( )i
j

k

ij j i
1 (14)

=

=

+

=

=

( )
i

exp X X

exp X X

i

0 0

( )

( )

0
i

t
j
k

ij j

j
k

i j j i

1

1 ( 1) 1

i

(15)

TheCi parameter is the term in which all the information regarding
the operational context changes is stored, hence its recursiveness to-
wards its value in the previous operational context. It acts as an in-
dicator of the state of the system in terms of reliability, linking the new
reliability curve to be followed with the previous evolution of the asset.
In this parameter the sub-index i is for the operational context changes
starting in the first context with =i 0. Taking a closer look at the dif-
ferent elements of the expression of the C i 0i it is possible to ex-
plain its meaning by dividing it into three terms:

• ( )ti . The changes in the operational context do not affect the asset
in the same way during the whole span of its operating time. The
impact of the changes will depend on the time at which they happen
and also on the characteristic of the asset. This term integrates the
aforementioned details; the time at which the change happens is
explicitly represented (ti) and asset characteristics are included in
the characterization of the reliability curve, by the shape (β) and
scale (α) parameters.

• = =exp X X exp X X( ( )) ( ( ))j
k

ij j j
k

i j j1 1 ( 1) . This term in-

tegrates in the constant information regarding how different is the
new operational context from the previous, the bigger the differ-
ences the more effect will have the constant on the new reliability
curve which the system will follow.

• i 1. The system state will also depend on previous changes it had
gone through and therefore, it is this term the one that integrates it
by gathering the information of the constant from the previous op-
erational context change.

As the changes in the operational context are not specified but de-
fined according to time intervals, the model allows for a dynamic cal-
culation of the reliability. Besides, the length of the time intervals are
not defined, thus, they can be of any length and they do not have to be
of the same duration; the longer the time interval the more aggregated
the information and therefore the less accurate the estimations, but still
better than not considering any change in the operational conditions.

2.4. Dynamic artificial neural network-based reliability model

By now the Neural Network based reliability has been introduced in
Section 2.2 and its main contribution is the possibility of modeling
unknown interactions among the variables and hidden phenomena.
Also the Section 2.3 the Dynamic Weibul PHM that allows calculating
system reliability taking into account changes in the operational con-
text and their time span. Here in this subsection, the combination of
both models is developed in order to achieve a model which compre-
hensively gathers the benefits from both approaches.

Consider the hazard proposed by the Neural Network based relia-
bility model, however, the baseline hazard is going to be adjusted to the
mean values of the operational context, Eq. (16). From there, the cal-
culation of the reliability follows the same logical process as in the
Dynamic Weibull PHM. As it can be observed, the output of the Arti-
ficial Neural Net does not depend on time, thus, for integration pur-
poses it is considered a constant. Then the following equations are

derived through the same calculations as in the Dynamic Weibull Pro-
portional Hazards section, the resulting reliability function is the one
described in Eq. (18) and the value of the Ci term is described in
Eq. (19).

=h t h t exp GX X X W B( , ) ( ) ( (( ¯ ), , ))X (16)

=R t X exp t exp G dtX X W B( , ) ( (( ¯ ), , ))i
1

(17)

C= +R t X exp t exp G X X W B( , ) ( (( ¯ ), , ))i ii (18)

=

=

+

( )
i

exp G

exp G

iX X W B

X X W B

0 0

( ( (( ¯ ), , ))

( (( ¯ ), , )))

0i
t

i

i

i 1 1

i

(19)

With the proposal of this new model, it is possible not only to in-
tegrate operational context variables but to model the interactions
among them that may trigger or condition failures. Besides it is possible
to take into account the operational changes in terms of duration, dif-
ferences in the operational environment and system age at which the
changes happen. In the following section, a case study is developed
exemplifying the application of the model and its benefits.

3. Model performance. case study

A case study approach was adopted to provide evidence on the
value added by the proposed model, to such aim it has been tested
against two models of wide application. The first compared model is the
traditional two-parameter Weibull distribution, which estimates the
reliability of the assets based just on the operating time and therefore it
does not integrate information regarding the operational context. The
other model included in the comparison is the Weibull-PHM, i.e. the
one in Eq. (6), which integrates information regarding the operational
context but in a linear combination of the variables, thus it does not
consider interactions among the operational context variables nor does
it have dynamic capabilities.

3.1. Data base and case study

The case study is based on a database of aircraft engines failures
with their corresponding operating conditions. More precisely, the da-
tabase contains the random failures of over 1000 assets with their daily
operational context characterized by 17 variables. It also contains right-
censored data of those assets which have not failed and are associated
to certain operational conditions as well.

In order to fit the model and test its performance, the data base has
been split into a train data-set and a test data-set. The train data set
contains 355 failure events and 40 right-censored data and the test
data-set contains 354 failures and 704 censored data. Both fault and
censored data have their corresponding daily operating conditions as-
sociated with them. The train data-set is intended for the model fitting,
also for the Weibull and the Weibull-PHM models fitting; and the test
data set is used for comparing the performance of the three models
estimating the reliability.

3.2. Model selection and fitting

Prior to testing and comparing the performance of the models, the
architecture of the ANN in the exponential part of the Dyanmic ANN-
based reliability, Eq. (18), should be selected. To this aim several
configurations of hidden layers and nodes have been proposed and
optimized for the data-set; the criteria followed to determine which one
to choose has been the maximization of the value obtained for the
partial likelihood. The different architectures have been optimized
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through a genetic algorithm, the obtained values for the partial like-
lihood as well as the number of parameters to optimize in every option
is shown in Table 2. It can be observed that the one with the best result
is the 3-1 architecture consisting of two hidden layers with 3 and 1
hidden nodes correspondingly.

Having selected the best architecture of the ANN with its corre-
sponding optimized parameters, the next step is to fit the baseline ha-
zard to follow a two-parameter Weibull distribution. For the selected
architecture of ANN, the shape and scale parameters of the baseline
hazard function have a value of 4.2 and 206.7 correspondingly.

In short, the Dynamic ANN-based reliability model consists of a
baseline hazard function characterized by a shape and scale parameter
and an exponential part with the ANN architecture consisting of two
hidden layers which contain 3 neurons the first and 1 neuron the second
being the hyperbolic tangent the activation function.

3.3. Test and validation of the model

The validation of the proposed Dynamic ANN-based reliability is
performed through its comparison to the widely utilized Weibull and
Weibull-PHM reliability models to see if it provides any improvement in
reliability estimations. To such aim, the three models are tested by
estimating the reliability of the assets in the test data-set. The tradi-
tional Weibull model estimates the reliability of the assets according to
their operation times when they failed or were censored. The Weibull-
PHM performs the estimations according to operational time and the
aggregate value of the operational context variables. The Dynamic
ANN-based reliability model estimates the assets probability of failure
by considering operational time, the daily changes in operational con-
ditions (given its dynamic capability) and the possible interactions
among the variables.

As the proposed reliability model aims at improving the efficacy and
accuracy of maintenance strategies, several maintenance thresholds
have been established representing different scenarios in which the
preventive maintenance actions are triggered when the reliability of the
assets reach the threshold. Therefore, according to the reliability esti-
mated by the models and the maintenance threshold, the assets in the
test data-set may be maintained, effectively in the failure cases or un-
necessarily in the censored cases (non failure). In consonance with this
logic, a new concept of reliability-based confusion matrix has been
defined, its schematic view can be seen in Fig. 3 and it is based in the
following terms:

- True positive (TP).This measure represents the failures which
would have been avoided due to the preventive action, given certain
reliability threshold as criterion to launch preventive maintenance
on assets. As the models estimate a different reliability for the assets,

the choice of the reliability model directly conditions assumed
failures. This measure is associated with the cost of preventive
maintenance, i.e. the cost incurred for every asset maintained before
the failure (PC). As the failure would had occurred if the asset had
not been maintained, this cost is called in the paper Effective
Preventive Cost (EPC).
- False positive (FP).Some assets may reach the reliability
threshold for maintenance in the different estimates of the three
models, yet they are not failure data but censored data in the test
data-set. It means that the preventive maintenance performed to
such assets would have been unnecessary actions and hence un-
necessary PC. Therefore the FPs for every model are associated with
Over-maintenance Preventive Cost (OPC).
- False negative (FN).In other cases failing assets may not reach the
reliability threshold and yet they are failure data. This measure is
intended to represent the failures assumed by choosing certain
maintenance threshold and will depend on whether the models es-
timates reach the threshold before the failure time or not. If they do
not reach the threshold, it means the asset would not have been
maintained and therefore corrective maintenance actions taken
would have incurred in CC.
- True negatives (TN).The TN indicator represents all the censored
assets which would not have been maintained because the reliability
estimates do not reach certain maintenance threshold, therefore, not
preventive nor corrective maintenance actions are taken on the as-
sets. There is no cost associated to the TN since they are not failures
and they are not subject to preventive maintenance actions.

The three models have estimated the reliability of assets in the test
data-set at failure or censoring time. With the estimates, various con-
fusion matrices have been calculated for different reliability thresholds,
which range from a very risky maintenance policy (maintaining assets
at reliability threshold of 10%) to a highly conservative one (main-
taining assets at reliability threshold of 90%) with four intermediate
positions. According to the thresholds and the reliability estimated by
the models, the proportion of TPs, FPs, FNs and TNs is different for each
one of the three models. The results yielded may be observed in the
confusion matrices of Fig. 3.

As shown, with respect to the traditional Weibull model, the
Dynamic ANN-based model avoids more failures (TP) in every scenario
reaching a peak of improvement of 446% when the threshold equals
0.1. However, the proposed model also over-maintains more assets for
every threshold with a peak of a 277% higher number of over-main-
tained assets with respect to the Weibull model in the 0.1 threshold as
well, meaning that reliability estimations are in general lower for the
Dynamic ANN-based model.

Comparing the Dynamic ANN-based reliability with the Weibull-
PHM, it is important to notice that the most significant difference in the
TPs is in the 0.1 maintenance threshold with a 65% more of avoided
failures for Dynamic ANN-based model. Also in this comparison the
Dynamic ANN-based reliabiliy over-maintain more assets reaching a
48% higher number of assets unnecessarily maintained in the 0.1
threshold.

It is significant that in most threshold the proposed model avoids
more failures than assets over-maintains in comparison with the tra-
ditional Weibull reliability and the Weibull-PHM. This result further
validates the advantages of the model, specially considering that the
test data-set have a considerably higher proportion of non-failure data
as described in Section 3.1.

3.4. Cost performance

In the previous subsection it has been proved that the proposed
model improves failure avoidance and to a lesser extent it incurs in
undue maintenance. Nonetheless, the impact of both realities it is
usually not of equal importance, the over preventive maintenance is

Table 2
ANN architectures performance.

Number of
hidden layers

Architecture Number of parameters
to optimize1

Partial Likelihood
Value

H = 1 2 + k5 2 −1745.482
H = 1 3 + k7 3 −1743.431
H = 1 4 + k9 3 −1746.126
H = 2 2 - 1 + k7 2 −1743.576
H = 2 2 - 2 + k11 2 −1747.799
H = 2 3 - 1 + k9 3 −1738.314
H = 2 3 - 2 + k14 3 −1747.492
H = 2 3 - 3 + k19 3 −1743.467
H = 2 4 - 1 + k11 4 −1748.591
H = 2 4 - 2 + k17 4 −1741.402
H = 2 4 - 3 + k23 4 −1745.660
H = 2 4 - 4 + k29 4 −1747.065

1-The number of parameters to optimize depends on k, it refers to the number
of input variables.
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preferable because the PC is usually much lower than CC and it can be
planned as stated previously in Section 1.2. Therefore, to further enrich
the results analysis, cost-performance metrics have been analyzed.
Following the concepts of the confusion matrix, the total cost of a
maintenance policy based on reliability thresholds for the assets in test
data-set can be decomposed as the sum of three different costs asso-
ciated to TP, FP and FN; this total cost is expressed in Eq. (20).

= + +Total cost CC FN EPC TP OPC FP. . . (20)

It is possible to define the Maintenance Costs Ratio (MCR) as the
quotient between CC and PC, see Eq. (21). Therefore the total cost of
the maintenance policy for the assets in the test data-set can be

expressed by Eq. (22) as well. This formulation of the total cost allows
to represent in Fig. 4 three scenarios for different MCR. In the graphs is
represented the cost of the maintenance policy for the models and every
possible maintenance threshold. Besides, along with the costs, the
savings derived from estimating the reliability with the Dynamic ANN-
based model instead of the Weibull or Weibull-PHM models is depicted.

= = =MCR CC
PC

CC
OPC

CC
EPC (21)

= + +Total Cost MCR FN TP FP PC( . ). (22)

In Fig. 4 it can be seen that for every threshold in each one of the

Fig. 3. Confusion matrices for both models and several maintenance thresholds.
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three MCR scenarios represented, the model with the best cost-perfo-
mance is the Dynamic ANN-based Reliability; this is also observable in
the savings graph. The differences between the models mainly resides
in the CC associated to each one of them. The differences yielded by the
models are increasingly prominent as the Maintenance Cost Ratio
(MCR) grows, i.e. the higher the CC with respect to the PC the better
performs the proposed model and so does reflect the savings graphs.

It is interesting to remark that the more information the models
integrate, the better their performance is. In the Weibull-PHM the op-
erational context information is integrated in an aggregate way and
thus it outperforms the traditional Weibull reliability model. In the
Dynamic ANN-based model the operational context information is in-
tegrated daily considering interactions among the variables as well and
it shows better performance than the Weibull-PHM. Herein the three
models are compared for reliability estimates, they are of growing
complexity but yield better estimations by integrating more informa-
tion and hence reducing epistemic uncertainty.

It is important to notice that the evolution of the CC for each one of
the models is quite revealing, their comparison shows further evidence
on the performance of the model. On the one hand, in the Dynamic
ANN-based model and in the Weibull-PHM the evolution shows a nearly
constant decrease in every MCR scenario, it suggests that the reliability
estimations are accurate and that the failures responsible for the CC are
the ones explicitly assumed by the chosen maintenance policy, i.e. the
selected threshold. On the other hand, turning to the Weibull model and
its CC, the slope intensifies in higher threshold values indicating that a
considerable amount of failures avoided in such scenarios are due to the
highly conservative maintenance strategy, instead of being attributed to
the accuracy of the model.

4. Conclusions

The main objective of the research presented in this paper is to
reduce the epistemic uncertainty inherent to current reliability esti-
mations. The dynamic artificial neural network-based model presented
integrates information regarding the operational context of the assets,
hence, reducing to some extent the uncertainty since more information
is translated into knowledge and explicitly considered in the model.
Moreover, it deals with two common assumptions in many traditional
proposals for reliability estimations that are “constant operational
contexts” and “no interaction among operational variables” reducing to
a further extent the uncertainty involved in the model estimations.

The dynamic capability of the model is characterized by the possi-
bility of taking into account the heterogeneity in the span of the op-
erational changes or the intervals in which the information has been
recorded. Thus, it increases the capability of the model to adapt to
different problematic scenarios in real industry practice. This in-
formation regarding operational context changes and its impact on the
asset reliability is all comprehended in a single term, reducing the
storage and computational capacity needed to collect and process that
information by traditional techniques.

In the case study presented in this paper, the results show how the
dynamic possibilities of the model along with the architecture of the
artificial neural networks are able to better estimate assets reliability in
order to enable a more accurate and therefore a better-customized
maintenance policy. The proposed model implies a lower risk level in
the maintenance management and its decision-making process, it is a
step forward in the process of offering assets and its associated services
with less uncertainty.

The research herein presented give rise to interesting questions

Fig. 4. Marginal costs comparison and savings between models Three different scenarios according to the Maintenance Cost Ratio (MCR) are represented. The Cost
and Savings, in the left and right vertical axis correspondingly, are expressed in Monetary Units (MU) per Cost of Preventive maintenance action (PC), it is derived
from the formulation of Eq. (22).
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whose answers remain open for future research lines. The benefits of
considering the operational context is captured in the research, as well
as the importance of dynamic considerations; however, by integrating
the artificial neural network architecture it is more complicated to in-
terpret the separate effect of each one of the context variables being this
issue worth of further research and consideration. This is an important
aspect to take into account if the operational context impact on assets
reliability were to be address on early stages of the life cycle of the
assets.
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The maintenance management of large fleets of assets which include several technical solutions operating in different
operational contexts has been a recurrent research topic in the literature. Current approaches to establishing fleet
maintenance plans are primarily criticality-based, considering failures consequences and assets reliability; the
reliability model is often supported by the idea of pooling data from similar pieces of equipment. In spite of
the capability to reduce the population offered by data-pooling, its criteria may still lead to a quite large number
of segments. Therefore, it results in an equally large amount of maintenance plans along with their inherent
operational and administrative difficulties. It is the purpose of the paper to introduce a novel and comprehensive
approach; it integrates statistical methods and clustering algorithms to render a fleet segmentation which allows
better customization of maintenance plans involving fewer efforts. The approach is summarized in a decision chart
which collects the logic behind the use of every algorithm, tool and technique.

Keywords: Maintenance, Fleet of assets, Reliability, Clustering, Operational context, Proportional hazards

1. Introduction

1.1. Motivation and research
It is broadly accepted in the literature that manag-
ing maintenance in a large fleet of assets is not
a trivial issue, the asset management discipline
provides valuable aid when facing such challenge.
In order to successfully manage the assets’ main-
tenance, it is essential to understand their fail-
ure behaviours and the uncertainties influencing
them. Accordingly, the techniques of reliability
engineering are of use to deal with the difficulties
of managing the maintenance of fleets involving
several technical solutions operating under differ-
ent working conditions. This paper addresses the
maintenance management in such a context.

Nowadays, with the increasing implementation
of Information Technology (IT) solutions along
with the capacities of Big Data algorithms, new
opportunities arise to optimize the maintenance
in large fleets of assets. To this aim, this paper
contributes to the asset management discipline

with a comprehensive approach for optimizing the
maintenance of fleets. The proposed framework
enables customized maintenance plans through a
holistic process. In this process, statistical con-
cepts and a clustering algorithm are proposed in
order to overcome two of the main difficulties in
the maintenance management of fleets:

(i) Assessment of the impact of operational con-
text on failures. The assets in the fleet oper-
ate not only in different geographical locations
but under heterogeneous working conditions
which, besides, might change. Therefore, it
is important to asses the impact of the opera-
tional context variables on the asset’s reliability
so the maintenance plans can be defined and
customized accordingly.

(ii) Assets clustering based on their similarities.
The technical characteristics of the assets also
condition their failure behaviours. In a large
fleet of assets, it is not surprising to find a
considerable amount of different technical so-
lutions. To face this issue, the k-medoids al-
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gorithm is proposed in a Spectral Clustering
approach.

The research in the paper describes the aspects
regarding the information needed to support the
mathematical models. It also lays the foundations
to establish an asset management strategy based
on customized maintenance plans regarding as-
sets’ criticality, operational context and technical
characteristics.

1.2. Related works and limitations
Were the assets of the fleet to have a mainte-
nance plan based on a time-to-failure model, it
is essential to select an adequate model to such
purpose; in Louit et al. (2009) a practical pro-
cedure to be followed when making the choice
of the model is proposed. The modeling of the
reliability of the assets in the fleet involves com-
bining data, in Louit et al. (2009) as well as in
Stamatelatos et al. (2002) several conditions to be
met by the equipment subject to data pooling are
stated. Nonetheless, following these criteria lead
to a number of groups of failure data which still
involve considerable management complexities.

In order to facilitate asset management in the
stated context, similarity-based approaches have
been proposed in the literature Cannarile et al.
(2018); Baraldi et al. (2015); Cannarile et al.
(2015). It is especially interesting for the ap-
proach later presented, the work of Cannarile et al.
(2018) and Cannarile et al. (2015) where a spectral
clustering approach is proposed. Their work is
focused on clustering assets in order to address
maintenance optimization of all the assets belong-
ing to the same cluster. A similar approach can
be found in Jiang et al. (2013) but instead, the k-
medoids clustering algorithm is proposed, which
shows better results for probability distribution
similarities and has proven to perform better on
large data sets according to Velmurugan and San-
thanam (2010).

It is also important to consider that every asset
in the fleet is operating under different operational
conditions which usually change in the life span
of the assets. The assumption of constant external
factors leads to inaccurate estimations of reliabil-
ity, therefore it is necessary to directly address the
influence of a changing working environment on
failure behaviours Peng et al. (2016). This is a
topic which has attracted a considerable amount
of scientific research, e.g. Okaro and Tao (2016);
Lin et al. (2016); Tang et al. (2014). In the related
literature, the Proportional Hazards Model has
been widely utilized for analysing the effects of
the operational context variables Izquierdo et al.
(Izquierdo et al., 2018); Xie et al. (2017); Li et al.
(2015); Zhiguo et al. (2010); Bendell et al. (1986).

All the mentioned works are designed to sup-
port and enhance the maintenance management
of the assets in the fleet because maintenance

decisions entail important organizational consid-
erations. The definition of the maintenance plans
should be conditioned by the chosen asset man-
agement strategy which is directly derived from
the organizational goals Crespo et al. (2009). Crit-
icality analysis ensures that the strategic demands
are met by the maintenance management program
and that the assets are properly prioritized Crespo
et al. (2016), therefore aligning the operation of
the fleet with the and strategic objectives.

1.3. Overview
Given the importance of the reviewed research
in the context of fleet maintenance management,
a process is proposed to comprehensively gather
the contributions of the works in a novel method-
ology. The first stage in the methodology con-
sists of foundations to collect the information
needed as well as its initial treatment in order to
establish the proper Reliability-Maintainability-
Availability (RAM) database. Taking as a ref-
erence the work proposed in Louit et al. (2009);
Stamatelatos et al. (2002) data pooling techniques
are applied in the next stage of the methodology,
then a valid Proportional Hazards Model is fit to
every set of data resulting from combining assets’
failures. Once the operational context information
has been separated from the baseline reliability
of the assets it is possible to cluster them by
the spectral clustering approach. Finally, all the
potential of the analytical work is framed into a
business context, the last stage of the methodology
proposes a procedure to align the maintenance
management of the fleet with the organizational
goals.

The methodology is proposed in section 2
where the whole schema is introduced at first and
then every stage is further explained in their cor-
responding subsections. Then in section 3, the ap-
plication of the analytical part of the methodology
is presented with a case study example. Finally,
section 4 summarizes the benefits provided by the
application of the proposed methodology as well
as those lines of research which are considered
worthy of further investigation.

2. Proposed approach
The cross-functional process is summarized in the
decision chart represented in Figure 1. It has been
divided into three stages according to the main
aspects covered: data processing, mathematical
modelling and maintenance management.

This framework strives to translate the ef-
forts invested in information harvesting, regarding
fleets of assets, into specific maintenance actions.
In order to realize value from the data, several
mathematical algorithms are proposed which are
selected to tackle specific difficulties. In the last
stage, the criticality analysis provides the align-
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Fig. 1. Decision chart of the proposed approach
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ment of the maintenance actions with the busi-
ness objectives and they are considered the needs
regarding infrastructure and resources to support
the defined maintenance plans. It is important
to notice that the authors do not conceive the
approach as a static process, but as a cycle based
on fleet data exploitation. According to this point
of view, in the last stage of the framework, there
is a step proposing to review the IT infrastructure
required to fulfil maintenance management objec-
tives. In the followings subsections, each of the
three stages is thoroughly explained.

2.1. Data processing
This first stage of the approach defines the in-
formation structure of the failure database taking
into account the challenges to overcome when
modelling reliability. The principles stated in
related literature Hameed et al. (2011); Louit et al.
(2009) are integrated into the approach as well as
ideas extrapolated from ISO14424 (2006). The
RAM database is to be built in an organized and
structured way, to such purpose, different types of
information are represented in the Data Processing
stage of Figure 1.

• Maintenance Data. This information, often
found in GMAO systems, is mainly based on
insights regarding failure behaviour, and main-
tenance works. It is essential to identify main-
tenance tasks in equipment and components at
the defined indenture level. Another key aspect
is the cost of the maintenance actions in terms
of downtime and resources employed.

• State Information. It consists of measure-
ments and alarms, generally, coming from
condition monitoring technology or SCADA
alarms. The states shown by these sources
should match the information contained in the
maintenance data, however, the real practice
shows that it is not usually as straight forward.
Therefore it is essential to identify the pat-
terns in the state information which matches the
maintenance data in order to calculate the RAM
indicators.

• Assets technical features. Mainly the design
characteristics but also the manufacturer’s data
and equipment attributes. The different features
of the assets in the fleet may entail different
inherent reliabilities. Thus, this information
will provide its value when applying the data
pooling techniques. The characterization of
the different components in the asset should be
consistent with the indenture level of the main-
tenance data in order to link technical features
to failures modes.

• Operational Context Information. Data of
the variables regarding the operation of the as-
set and its environment. In order to fully char-
acterize the failure events of the assets is essen-
tial to describe their operation with parameters

that may influence failure times. Therefore, this
information will enable more advanced reliabil-
ity models and thus more accurate maintenance
strategies.

Providing that every database is available and
the data in it fulfil certain quality standards, it is
possible to create a single source of information
containing the failure information. This single
Failure Data Base (DB) consists of the TBF data
from the different failure modes of the assets in the
fleet, each one of them associated not only with its
corresponding equipment and technical features,
but with the operational context variables values
as well.

2.2. Modelling
Having the failure data properly organized, the
next course of action in the proposed process is
to divide it into several segments in order of be-
gin addressing the maintenance problem. To do
so, data-pooling propose combining data taking
into account technical features (same design, same
hardware, same function, etc.). Therefore, in
the database the TBF data are grouped according
to the technical characteristics, rendering a seg-
mented failure database according to exclusively
technical solutions.

The data associated with every technical so-
lution is susceptible to being fit into a proper
reliability model, in the presented framework the
proposed one is the Proportional Hazards Model
(PHM) Cox (1972). Its most common expres-
sion is the hazard function in Equation 1,where
h(t,X1, ..., Xk) represents the hazard rate at time
t for an asset with covariates X = (X1, ..., Xk),
ho(t) represents the baseline hazard function and
ω = (ω1, ..., ωk) is the vector of the parameters
of the model which describe the effects of each of
the covariates.

h(t,X1, ..., Xk) = h0(t)exp




k∑

j=1

ωjXj


 (1)

It is proposed the variation of the model known
as Weibull PHM, where the baseline hazard ho(t)
follows a Weibull distribution being α the scale
parameter (characteristic life) and β the shape pa-
rameter. Thus, every segment of the database will
be fit into a proper Weibull PHM. This will pro-
vide for every technical solution in the fleet two
kinds of information: (i) the technical inherent
reliability collected in the shape and scale param-
eters and (ii) the effect of the operational context
on that reliability collected in the coefficients of
the exponential part of the model. Expressing
the failure behaviour of the solutions in such way
allows for decoupling the technical reliability in-
formation and the operational context variations.
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Considering that every technical solution have
a defined Weibull probability distribution it is
possible to address the clustering approach fol-
lowing the work in Cannarile et al. (2018,
2015). It is possible to define the similarity
between two distributions according to Equation
2, where d sym

KL is the Kullback-Leibler Diver-
gence defined by Equations 3 and 4 being γ ≈
0.5772 the Euler-Mascheroni constant and Γ =∫ +∞
−∞ tz−1e−tdt z ≥ 0 the gamma function.

wij =
1

1 + d sym
KL

(2)

d sym
KL =

1

2
(dKL(µi‖µj) + dKL(µj‖µi)) (3)

dKL(µi‖µj) = log

(
βiα

βj

j

βjα
βi
i

)
− (βi − βj)

(
log(αi)−

γ

βi

)

+

(
αi

αj

)βj

Γ

(
βj

βi
+ 1

)
− 1 (4)

It is feasible to define a similarity matrix W in
which each element is wij . This similarity matrix
is the first step in the process of Spectral Cluster-
ing, the process is explained here but the reader is
referred to Cannarile et al. (2018); Baraldi et al.
(2015) for further details.

From the similarity matrix W of size [N,N ]
it is possible to construct the graph G = (V,E)
where each of the nodes vi represents the baseline
Weibull distribution of certain technical solution
in the fleet, and each edge eij is the similarity
between two distributions based on the Kullback-
Leibler Divergence. Having defined such graph,
the problem is to find the partition of the graph
such that the weights of the edges are small and
large for intercluster and intracluster connections
correspondingly. To such aim, the spectral cluster-
ing algorithm is proposed, therefore it is necessary
to compute the normalized Graph Laplacian Ma-
trix. From W the degree matrix D is calculated,
it is a diagonal matrix whose diagonal entries are
defined according to Equation 5, and then the
normalized Graph Laplacian matrix is calculated
as described in Equation 2.2, where L = D −W

and I is the identity matrix of size [N,N ].

di =

N∑

j=1

wij , i = 1, ..., N (5)

Lsym = D
−1/2

LD
−1/2

= I −D
−1/2

W D
−1/2

(6)

In order to extract the information of the graph,
the C smallest eigenvalues λ1, ..., λC are se-
lected along with their corresponding eigenvectors

ū1, ..., ūC , being C the desired number of clus-
ters. The relevant information is considered by
transforming matrix W into a reduced matrix U

of size [N,C]. The columns of U are the C eigen-
vectors ū1, ..., ūC which contain the information
regarding the similarities among the i-th baseline
distribution and the others. It has been proven
that it is possible to enhance cluster properties
of the data by normalizing the rows of matrix U

and forming matrix T Von Luxburg (2007), where
every element is computed following Equation 7.

tic =
uic(

C∑
c=1

u2
ic

)0.5
, i = 1, ..., N , c = 1, ..., C (7)

Once the matrix T is obtained, a k-medoids
algorithm is proposed as an unsupervised cluster-
ing to partition the data set into C clusters which
has proven to perform better for large data sets
Velmurugan and Santhanam (2010).

2.3. Maintenance strategy
The ultimate goal of the previous procedure is
the improvement in maintenance management. To
such aim, the approach proposes certain guide-
lines for defining a maintenance strategy which
enables the exploitation of the value behind the
mathematical modelling. It is mainly based on the
criticality analysis of the assets, their prioritization
ensures alignment between the strategic demands
and the maintenance management programs.

On the one hand, for every cluster identified
in the fleet, it is important to initially assess its
characteristics since it is possible that a general
maintenance strategy for the cluster can address
operational and strategic needs of every asset in
it. However, while this might be true for clus-
ters whose assets have similar business impact
and behaviours, it is important to consider that in
most of the cases heterogeneity in strategic needs
or failure frequencies will be the most common
reality within the clusters of a fleet. To deal with
this issue, the approach considers a customized
maintenance strategy for every asset in the clus-
ter depending on its criticality. Assets with low,
medium and high criticality would have either
a simple, intermediate or advanced maintenance
strategy correspondingly.

The basic maintenance strategies to which the
authors make reference are based on a consid-
erable load of corrective maintenance, periodic
inspections or calendar-based preventive actions.
The maintenance plans derived from these strate-
gies do not take into account the operational con-
text of the assets, they are designed based on
average values of the cluster like the Mean Time
Between Failures (MTBF), Mean Down Time
(MDT) or the Mean Time To Repair (MTTR).
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However, for assets with medium criticality, the
maintenance actions might be defined according
to some basic reliability models such as Expo-
nential or Weibull distribution. It is also possible
to consider as intermediate maintenance plans the
ones based on simple cost models build on infor-
mation regarding the distribution of the failures.
The cost models would set the optimum preven-
tive maintenance intervals given several assump-
tions and simplifications.

For critical assets with important an impact
on the business, it is required to adopt advanced
maintenance strategies. For these assets are con-
sidered state-of-the-art models which take into
account the operational context enabling a cus-
tomized maintenance plan which specifically ad-
dresses the needs of each one of them. Some
examples of these models would be the dynamic
opportunistic maintenance proposed in Erguido
et al. (2017) or the dynamic reliability modelling
based on artificial neural networks in Izquierdo
et al. (Izquierdo et al.).

Having defined the maintenance strategy for
every one of the assets, it is important to consider
the resources and infrastructure needed to support
the maintenance activities derived for the defined
plans. To such aim, the proposed process con-
siders the definition of the operations needs for
every one of the clusters and after that a general
definition of the resources and operations for the
whole fleet. Finally, in order to continuously
improve the management of the fleet and allow for
more advanced maintenance strategies and bet-
ter performance of the mathematical modelling,
it has been considered the definition of the IT
infrastructure to support the data module. By
these means, the whole approach is aligned with a
continuous improvement perspective which con-
siders new investments in IT technologies, pro-
grams for improvement of data quality, alternative
data structures, implementation of new informa-
tion systems, etc. These considerations lead to
the further development of the company within
the asset management discipline and support the
strives for better management of large fleets of
assets.

Fig. 2. TBF distribution for every technical solution

3. Case Study
To test the suitability of the mathematical proce-
dures proposed in the modelling module of the
framework, a case study is presented here. It
consists of a practical exemplification of the appli-
cation of every one of the algorithms considered
in the module. In order to prove the validity of the
proposed approach, a database has been simulated
from real-field data. It consists of multiple failures
of a certain failure mode of Heating Ventilating
and Air Conditioning systems for rail solutions
(HVAC systems). The failures correspond to dif-
ferent technical solutions and have been simulated
under, and therefore are associated to, specific
conditions of temperature and relative humidity.

According to the data pooling techniques pre-
viously introduced, the data failure can be seg-
mented into smaller datasets considering exclu-
sively the technical features of the HVAC system
in which the failure occurred. This data pooling
technique leads to a segmentation consisting of
data sets which correspond to 25 different tech-
nical solutions. In Figure 2, where the distribution
of the TBFs of each of the technical solutions
have been represented in a box-plot, it can be
seen the heterogeneity in the TBFs due to both
the differences in the technical solutions and the
operational context.

Following the steps of the second module of
the framework, in order to render a reliability
model that explains the influence of the opera-
tional context in the failure times, a proportional
hazards model has been fit for each of the tech-
nical solutions. The PHM of each one of them
considers the impact of temperature variations as
well as the impact of relative humidity. In order
to characterize the baseline hazard functions, they
have been adjusted to a two-parameter Weibull
distribution and hence characterized by a shape
and scale parameter. The reliability function given
by the parameters of the baseline hazard of each
technical solution can be seen in Figure 3; since
the functions are free of the bias in the failure
probability provided by the operational context
variables, it is possible to already appreciate cer-
tain similitude among some of the graphs.

Given that the obtained baseline functions con-
tain the information regarding the reliability of
the technical solution it is now possible to cluster
them. To such aim, as stated in the previous
section, a spectral clustering approach is proposed
based on the Kullback-Leibler Divergence. It is
calculated for each pair of technical solutions and
then a similarity matrix is constructed. From that
information, the silhouette coefficients for 1 to 10
number of clusters have been assessed, ranking
the solution with 4 clusters as the best with a
coefficient of 0.7812, followed by the solution
consisting of 3 clusters.

The next step consists of the application of the



Proceedings of the 29th European Safety and Reliability Conference 521

Fig. 3. Baseline reliability of every technical solution

K-Medoids algorithm to obtain 4 clusters out of
the initial 25 technical solutions. The rendered
solution is represented in Figure 4. In the repre-
sentation, it can be seen the graph corresponding
to the different technical solutions (nodes) con-
nected by edges expressing the similarities among
them according to the similarity matrix. The
weighted edges rank from 0 to 1, being 0 the least
similar and 1 identical failures distributions cor-
respondingly. Along with the graph, the common
reliability functions for each one of the clusters
is represented. The distributions are characterized
by a two-parameter Weibull distribution and they
can be customized to certain operational context
since the information of the impact of temperature
and relative humidity on failure is considered in
the exponential part of the Weibull PHM.

It is remarkable, that the proposed approach is
capable of detecting clusters with a very different
number of nodes within them. In the proposed
solution the largest cluster consists of 9 technical
solutions while the smallest consists only of 3. It
suggests that the algorithms provide an approach
valid in fleets in which the different technical
solutions are present in different proportions.

Having the fleet cluster into four groups en-
ables to address the maintenance management in a
structured and organized way. It is possible to de-
termine whether a common maintenance strategy
for the a cluster is possible or otherwise every as-
set needs a maintenance plan customized to its op-
erational context. However, these considerations
belong to the third module of the proposed frame-
work whose application is highly conditioned by
the particularities of each company.

It is important to state that the limitations of the
solution lies within two aspects of the proposal.
Regarding the data there are two main limita-

tions, (i) the proposed solution is limited given
the bast amount of required failure data; and (ii)
it is also limited by the information regarding the
operational context which can be expensive and
difficult to obtain in some cases. Considering that
those limitations could be overcome the validity
of the clustering solution should be subject to the
outcome of statistical methods intended to verify
that the effect of operational context variables is
homogeneous within the clusters.

Fig. 4. Baseline reliability clustering results

4. Concluding Remarks
The presented framework for managing the main-
tenance in a large fleet of assets is a comprehen-
sive proposal. This holistic approach considers
different aspects of the problem in fleets’ main-
tenance management, it deals with information
and database structure, mathematical modelling
of failure behaviours and maintenance strategy
definition. A remarkable contribution is the ex-
plicit treatment of two sources of variability in
assets’ failures, the presence of different technical
solutions for the same failure mode and the het-
erogeneity in the operational contexts.

The Data Processing module establishes a guide
to structure the information coming from several
sources of different nature into a database oriented
to maintenance management. From a generic
point of view, it formalizes the process undergone
by practitioners who want to optimize the mainte-
nance of the fleet through reliability engineering.
The consideration of information sources of dif-
ferent nature in the database not only enables the
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mathematical modelling to optimize maintenance,
but also provides potential to support other data-
driven decision making processes.

The Modelling module has been validated
through a case study based on real-field data, the
different methods and algorithms proposed are
specifically integrated in order to solve specific
issues faced when defining the maintenance strat-
egy. The integration of the Proportional Haz-
ards Model with the spectral clustering approach
has proven to be useful explaining the variability
and grouping the technical solutions in similarity-
based clusters taking into account the impact of
the operational context. The proposed algorithms
have proven their stability against two important
aspects, the variation in the TBF distribution due
to the operational context and the unequal propor-
tion of certain assets in the fleet.

The Maintenance Management module is pre-
sented as the part of the framework intended
to translate into organizational value the previ-
ous modules. Following the proposed process,
the maintenance of the assets is either addressed
cluster-wise or customized to the operational con-
text for those assets with high criticality. The
criticality analysis provides alignment between
the mathematical models describing the reality of
the fleet, and the organizational objectives of the
company realized by the maintenance strategy;
however, it is highly conditioned by the particular-
ities of every organization, so further research, as
well as practical implementation, is encouraged.
Another important, and worth of further research,
aspect of the framework is taking into account
the definition of the resources and infrastructure
needed to support the operations derived from the
maintenance management of the fleet according to
the defined maintenance plans.
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Abstract. The operations and maintenance of a wind farm constitutes a considerable source
of expenditures therefore a holistic framework is herein presented aiming at optimising their
management. The principles upon which the framework was developed belongs to the asset
management discipline oriented towards the wind energy sector. Besides, it is understood
from a cross functional perspective which also embraces information management and business
aspects. The framework comprehends different modules conceived with the following purposes:
(i) creation of an integral and comprehensive failure database, (ii) modelling of the wind turbines’
reliability taking into account their operational context and (iii) defining of maintenance strategy
within a life-cycle perspective. The practical aspects of the framework are demonstrated through
a case study based on real-field data from the sector. Furthermore, the present research sets the
foundation to consider all the proposed algorithms, processes and techniques within a Product-
Service System approach, which entails important benefits for the OEMs an for the operators.

1. Introduction
The increasing importance and development of the energy sector in terms of installed capacity
and technological solutions have arisen new challenges to face, in particular, related to asset’s
reliability and wind farm logistics [1]. In Europe, wind energy is the second largest form of power
generation taking into account onshore and offshore wind farms. Operations and maintenance
costs associated with onshore and offshore wind farms may rise to 32% and 12-30% of the total
life-cycle cost of the wind farm respectively [2, 3]. It is reasonable to strive for reducing the
operations and maintenance costs, but it is important to bear in mind that availability is a
must to ensure the wind farms profitability. In such context, asset management stands as an
advantageous discipline to maximize the profitability of the investment, a proper maintenance
strategy helps to reduce maintenance costs whilst improving availability [4, 5].

Nowadays, the massive amount of data available may be transformed into useful information
which may serve as a solid basis to optimize maintenance strategy. In order to translate
the data into valuable information from the maintenance strategy perspective, reliability
engineering provides useful techniques which allow characterizing the wind farm and wind
turbines behaviours from operational data. Therefore the optimization of the maintenance
strategy for the life-cycle of the wind farm is a heavily based data-driven decision-making
process. This reality positions the Original Equipment Manufactures in a favourable position,
their insights of the asset and its management enable an offer based on knowledge-intensive
products and services which provide an important competitive advantage [6, 7]. This fact has
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given rise to Product-Service-Systems (PSS) where both, product and services, conform a single
offer. PSS business model entails a closer relationship between the OEM and the customer
bringing additional value to both.

In order to support the developments in the sector, the new emerging technologies and the
PSS business models in the asset management field, the authors have conducted the research
summarized in this paper. The main contribution here presented consists of a framework that
comprehensively integrates data-structure and asset management innovations for maintenance
strategy optimization within the scope of PSS business model for the wind energy sector.

1.1. Related works
In the literature, the reliability approach has proven useful when optimizing the definition of
maintenance strategy [8]. In order to carry out a reliability study, the relevant information
needed as an input to the decision should be at hand, in the right format and on time [9].
The creation of a common database for the wind energy industry is not a new problem in the
literature, a description of the objectives of a Reliability-Availability-Maintainability (RAM)
database in the sector can be seen in Hameed et al. [10] and in Zhao [11]. In the previous work,
the challenges for creating such database are addressed by considering information sources such
as operational data, equipment data, failure data, maintenance data and state information [8].
The need to integrate data coming from different sources with operations and maintenance
purposes is also stated in [12], in order to exploit the value contained in that information it
is critical a correct assessment of the failure process and therefore the selection of the proper
time-to-failure model [13].

In the context of this paper, the reliability study of the wind turbines has to be performed
under several conditions regarding data quality and quantity [8]. In order to achieve the required
data standards, it is possible to combine data from similar assets [13, 14]. However, it is
important to consider that some wind turbines may present different failure behaviours and
frequencies caused by the operational conditions [15, 16]. In such context, it is important to
take into account the reliability models which considers the influence of operational environment
as well as dynamic conditions like the ones in [17, 18, 19]. The integration of operational
context information, as well as dynamic considerations, has proven to provide more accurate
reliability estimates and therefore better results of the maintenance strategy [18, 20]. In the
literature, it can also be found research works which provide evidence of the improvements in
the maintenance strategy by the integration of reliability models with clustering algorithms to
deal with heterogeneity in failure behaviours [21, 22].

These reliability models serve as a valuable input in order to customize maintenance plans,
which will be highly conditioned by the chosen maintenance policy [23]. The chosen maintenance
policy has to be aligned with the organizational goals [24] and has to consider the specific aspects
of the assets. One of the most studied maintenance policy in the literature for wind farms is the
opportunistic maintenance [23]. The opportunistic maintenance policy makes the most of short-
term situations to perform preventive maintenance on a system when corrective maintenance is
needed in another one; the decision is grounded on a threshold regarding system’s age, reliability
or health. Besides, opportunistic maintenance is attractive in the context of wind energy sector
because it considers wind turbines having economic, structural and stochastic dependencies
[25, 26]. Some research of special interest can be seen in: the work of Erguido [26], where the
maintenance plans are optimized for Lifecycle Cost (LCC) and availability according to weather
conditions; in [27, 25] a multi-objective optimization is also propose to minimize maintenance
cost and loss of production by grouping the WTs and their maintenance tasks; and the work of
[28]explore the differences among opportunistic maintenance and two alternative maintenance
strategies.

In the previous works, the optimization of the maintenance strategy is sought for the lifecycle
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of the assets. This life-cycle perspective is aligned with seeking recurrent income in the long-
term whilst reducing costs, to this aim, it has attracted some attention the study of the
conjoint offer of product and services known as Product-Service System (PSS) [29]. Moving
towards a PSS business model ensures customer relationship as a competitive strategy [30] while
the asset management discipline guarantees product performance and operational excellence
[31], therefore aligning operational and strategic objectives. This comprehensive view of the
maintenance strategy is supported by asset management discipline, accordingly, its importance
its recognize by The International Standards Organization in [32] as well as by other asset
management frameworks like2 [33, 35, 34].

1.2. Motivation, contribution and overview
It is the scope of this paper to provide a managing framework which helps OEMs and operators
of wind farms dealing with operations and maintenance. The comprehensive approach aims at
contributing with a cross-functional value proposition which starts by defining the data structure
and database needs. Then, it provides guidelines on reliability engineering to describe the
behaviour of the wind farm following a structured procedure and thus, enabling the optimization
of the maintenance plans and a LCC analysis for the defined strategy. Besides, the approach is
considered within the context of PSS scenarios, these scenarios entail services associated with
the wind turbines which may condition the most favourable scenarios not only for the operator
but for the manufacturer as well.

The contribution of the framework lies within the proposal of a management framework
that integrates specific tools, mechanisms and algorithms in order to optimize the maintenance
of a wind farm. Compared to other frameworks in the literature (see for instance [34, 33]), it
provides a more pragmatical point of view facilitating its integration in the industry. Meanwhile,
compared with more technical research regarding algorithms and specific methods, it contributes
with a strategic view that provides the alignment among the mathematical methods and the
organization goals enabling higher profitability.

In the remaining of the paper, the framework is first presented in section 2 and then every
aspect of it is further explained in the corresponding subsections. The development of every
aspect of the framework is set out from a managerial perspective but, in order to favour the
applicability of the research, specific tools, algorithms and techniques are proposed as a guideline
to serve the managerial purposes. As an example of the application of the framework, a case
study is presented in section 3. In section 4, the results of the case study and the benefits derived
from the implementation of the framework in the management of wind farms are discussed, they
are mainly related to revenue, service level and maintenance optimization.

2. Proposed Framework
The presented framework is a holistic proposal whose departure point is the definition of the
structure and information of the database needed for the reliability analysis of the wind turbines.
Providing that the reliability of the wind turbines has been properly calculated and that it
integrates the information regarding the operational environment of the wind turbines, the
next stage consists of the definition of the optimal maintenance strategy. The maintenance
strategy is determined by means of an optimization procedure embedded not only with the
mathematical algorithms but with the logic proposed by dynamic opportunistic maintenance
as well. Finally, the characterization of the wind turbines failure behaviour and the definition
of certain maintenance strategy allow calculating the life-cycle costs (LCC) of the wind farm.
The LCC calculation is performed by means of simulation tools, they have proven useful when
determining the RAM statistics during the life-cycle as well as other important Key Performance
Indicators (KPI) of the business.
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It is important to take into consideration that this cross-functional approach is contemplated
into a business model focused not only on selling products but the services associated with
them as well. Therefore the framework is proposed aiming at enabling the organizational shift
needed to maximize OEMs profitability and customer satisfaction. In Figure 1, a graphical
representation of the framework can be seen and in the following subsections, every stage of the
framework is further explained.

Figure 1. Proposed framework

The framework representation no only includes the process to manage the maintenance and
operations of wind farms, but it also gathers the inputs needed in every stage in terms of
information, tools and techniques.

2.1. Failure database
Information and data quality are two of the essentials aspects to consider in every decision-
making process, in the proposed framework the construction of a failure database is proposed
as the starting stage.

As an initial step, it is important the definition of failure modes and their association with
maintenance actions. The definition must ensure coherence among the maintenance actions
indenture level and the failure modes of the components. Having defined them it is possible to
deal with the historical records in a structured form.

In order to identify the failures modes in the records and information coming from the SCADA
system, it is necessary to match the alarms with wind turbines states and functional failures
whilst bearing in mind aspects concerning data scarcity, data censoring, data pooling and the
effect of repair actions.

As the proposed reliability models integrate information regarding the operational context
it is therefore vital that the failure database also includes the environmental conditions under
which the wind turbines have been operating. Accordingly, in the framework, it is proposed to
link the failures, alarms and states of the wind turbines with their specific operational condition
which may influence the failure behaviour.
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Once the database has been built and the data in it contained is consistent and represent
the true behaviour of the wind farm, it is possible to select and fit a proper reliability model to
exploit and understand the inherent value of the data.

2.2. Reliability of wind turbines
In an initial attempt to model the reliability of the components of the wind turbines, it is possible
to rely on clustering approaches. In the proposed model, the k-medoids clustering algorithm
is proposed as a mean for determining possible groups of turbines with different statistical
behaviours.

One of the key pillars when adjusting the reliability model for each detected segment is
the identification of the reliability driver, the variable that most conditions the component
degradation and failure. It is of vital importance because it will be the variable to control since
it will trigger the maintenance actions. However, failures are not exclusively affected by one
variable; the characteristics of the operational environment in which the wind turbines operate
affects their reliability and therefore their failure frequencies and behaviours.

Reliability models that take into account the operational context such as the Weibull
Proportional Hazards Models are proposed. In advanced reliability models which harvest the
capabilities of machine learning algorithms, it is also possible to consider the changes of the
operational context overcoming the assumption of constant working conditions. These models
enable to customize the maintenance strategy according to the working environment of the
wind turbines establishing a differential competitive advantage, not only in the operations
management but in the offer stage as well.

2.3. Maintenance strategy
In the paper, it is proposed to optimise the maintenance strategies based on previous reliability
analysis since it allows assessing the risk of failure in every component. The identification
of components’ reliability in their specific operational context will enable to further optimise
maintenance strategy.

The approach proposed for the maintenance strategy is dynamic opportunistic maintenance,
it is especially interesting because it allows considering the economic, structural and stochastic
dependencies among the components. In the proposed strategy different maintenance levels
(imperfect/perfect) are defined which have associated certain reliability threshold. The different
maintenance activities are triggered according to the reliability threshold, and the strategy
considers the possibility of grouping several maintenance activities in order to optimize cost
and performance. In order to integrate such considerations, dynamic opportunistic maintenance
takes into account short term information regarding both internal and external factors, providing
therefore, better decisions.

It is critical, given the nature of the dynamic opportunistic maintenance, to use simulation
techniques to evaluate maintenance decisions according to their cost, availability or other key
performance indicators. Consequently, it is necessary to develop simulation-based optimisation
mechanisms, which will enable the combination of the simulation model developed for evaluating
maintenance decisions and advanced meta-heuristic optimisation algorithms, such as particle
swarm or genetic algorithms. Particularly, and considering the several objectives pursued in
the context of maintenance and services, multi-objective optimisation algorithms should be
implemented; they will allow decision-makers finding a trade-off among conflicting objectives
and representing the objectives in their decisions.

Generally, in the case of Wind Farms, the conflicting interests regarding maintenance are due
to the loss of production caused by the performance of maintenance actions, either corrective
or preventive. The service-level disruptions caused by preventive maintenance actions are
directly related to the service-level disruptions caused by the failure of components, i.e. the
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more preventive maintenance actions the fewer failures are likely to occur. Accordingly, the
multi-objective techniques allow for balancing the service-level disruptions, which entail loss
of production, with the life-cycle cost of the Wind Farm. The output of the multi-objective
optimization will allow to select among several non-dominated solutions in which the service
level cannot be improved without increasing the costs, thus a trade-off has to be chosen from
the Pareto optimal solutions (all possible non-dominated solutions).

2.4. LCC Analysis
Regardless of the nature of the objectives that aforementioned maintenance strategies pursue,
the decisions to be made should regard at the whole life cycle of the wind turbines, ranged
between 20 and 30 years-long. In this context, it is critical to derive the simulation models so
that the performance measures are evaluated along the assets’ life cycle. Therefore, aided by
the maintenance strategy derived in subsection 2.2, the simulation model should characterize
the malfunction of the assets in a specific operational context and estimate the implications of
operation and maintenance activities’ planning in the corresponding KPIs.

A particularly interesting technique that lays the foundations for calculating such measures
is life cycle costing, which attends both capital expenditures (CAPEX) and operational
expenditures (OPEX). Capital expenditures correspond the ones related to the construction
and installation of wind farms, including the cost of the turbine itself, its transportation,
grid connection, civil work, R&D, etc. On the contrary, operational expenditures regard to
the wind farm operation and maintenance, insurance, taxes, management, administration, etc.
As a consequence, making decisions attending to both expenditure categories will significantly
enhance not only operational decisions, but also strategic decisions, such as maintenance or
investment planning respectively.

It should be noticed that this life-cycle cost analysis is critical to shift to service-oriented
business models, such as wind farms performance-based contracting, where instead of selling
wind turbines it is the energy they provide what is sold. In this context, asset management
strategies enable the conjoint optimisation of LCC and RAM indicators, which is vital to find
an accurate estimation of wind farm cost and service level along its life-cycle. Accordingly,
previously derived dynamic opportunistic maintenance strategies have been complemented
through the integration of the analytical modelling of wind farms CAPEX and OPEX in the
simulation-based optimisation mechanism. As a result, optimal strategies that lead to highly
efficient maintenance policies in terms of achieved energy-based availability and costs have been
found, laying the foundations for defining an attractive service-oriented offer.

The approach, algorithms, techniques and tools proposed in the framework allows considering
multiple PSS scenarios. By introducing changes in the simulation model and/or the cost
structure it is possible to evaluate several offers which may entail different services. The proper
characterisation of the wind turbines behaviour, as well as the definition of the maintenance
strategy, allows to asses every scenario from a transparent and comprehensive perspective.

Nevertheless, the uncertainty sources and the stochastic nature of the algorithms and
processes involved render non-deterministic solutions which may put at risk the profitability
of chosen PSS. To overcome that difficulty, the framework considers uncertainty analysis that
assesses the possible deviations from the different solutions and scenarios. By integrating the
uncertainty analysis a risk-based decision approach is enabled, thus the results in terms of
costs and services are enhanced since the decision making process regarding the operations and
maintenance of wind farms is supported by a more solid knowledge.

3. Case Study
The proposed framework has been validated through a case study in the wind energy sector.
From real field data, the life cycle of a wind farm has been simulated, i.e. 20 years of operation.
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In order to optimize the maintenance strategy to be adopted in the operation of an onshore
WF, a simulation based-optimization with the NSGA-II algorithm has been conducted. The
Pareto optimal of maintenance strategies has been determined, in it four components, with three
different failure modes each, are considered according to their criticality in terms of availability
and costs: the gearbox, the blades, the pitch system and the yaw system. The multi-objective
simulation seeks to minimize the OPEX of the WF whilst minimizing the loss of production for
the life-cycle of the turbines, the Pareto optimal yielded by the optimization of the maintenance
strategy can be seen in Figure 2. The maintenance strategy studied is the dynamic opportunistic
maintenance, it determines whether to perform or not maintenance actions according to dynamic
reliability thresholds that take into account the operational conditions of the WTs. As it can

Figure 2. Pareto Optimal for the dynamic opportunistic maintenance Strategy

be seen in Figure 2, once the client has defined certain service level and certain OPEX they are
willing to assume, it is possible to see the possible maintenance policies fulfilling such criteria.
And it is also possible to determine those maintenance solutions which are unfeasible in terms
of availability and price.

In order to provide deeper insights into the performance of the proposed approach, it is
compared against static opportunistic maintenance and against a corrective strategy. To such
aim one of the policies has been chosen a simulated through the life-cycle of the WF while
comparing it with the other strategies. The results are represented for the objective functions
of the multiobjective optimization, i.e. loss of production and OPEX. The representation of the
results can be seen in Figure 3.

As it can be seen in the graphs, both of the opportunistic maintenance strategies yield better
results in the OPEX objective than the corrective strategy. It is due to a correct assessment of the
WT reliability taking into account the operational context, therefore the preventive maintenance
actions are performed in the proper moment. Besides the dynamic opportunistic maintenance
outperforms the static strategy when minimizing the loss of production because the actions are
performed in those periods of time when it is more favourable for the business.

4. Concluding Remarks
The present paper proposes a comprehensive framework which aims at facilitating the
management of operations and maintenance of wind farms. This holistic proposal covers several
realities of interest regarding operations and maintenance; it deals with data structure and needs,
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Figure 3. Results of the comparison

mathematical modelling of failure behaviours according to operational context, optimization of
maintenance actions within a life-cycle perspective whilst maintaining desirable service levels
and LCC calculation from a risk-based decision approach. Besides, the framework considers
these realities within the context of servitization and therefore it provides a PSS business model
perspective. The implementation of this value proposition in the management of wind farms
will bring several benefits in terms of:

a. Optimised maintenance-Since the failure behaviour of the asset is characterized
according to operational context, the maintenance actions are performed in the most
appropriate time. The dynamic opportunistic maintenance allows grouping several
maintenance actions in order to improve costs and availability. This is all considered not
in the short term but for the whole life cycle of the wind turbines as it can be seen in the
case study.

b. Lower costs-A better assessment of the WTs reliability leads to the optimisation of the
maintenance actions entailing a cost reduction since the cost structure of the activities is
considered and implemented in the simulation models. The improved characterisation of
the failure events reduces also the costs derived from unavailability or security issues.

c. Higher availability-The optimisation is multi-objective, which implies that in spite of the
cost reduction the service level provided by the wind farm will be maintained within the
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desirable levels. Ensuring OEM’s and operator’s satisfaction during the life-cycle of the
project.

d. Increased income-The improvements in availability ensures higher incomes. But the
consideration of the framework within the PSS business model ensures recurrent income
derived from the service offer. The income from the services ensures long term revenue for
the OEM whilst maintaining customer satisfaction.

e. New services offer-By the simulations tools the OEMs can assess the offer of the new
services they are interested in selling. They can provide the information rendered by the
simulation in terms of KPIs to the customers. This information will present the new services
offer in a transparent way such as the Pareto Optimal, which facilitates the sale of the new
services and promotes loyalty and trust relationships.

f. Investment opportunities-The OEMs can use the provided tools in order to assess the
profitability of possible investments from a risk-based decision-making approach. It is
possible to see how investments in improving certain aspects of the wind turbines, e.g.
component reliability or maintainability of failure modes, impact on the cost-performance
metrics of the wind farm for the life-cycle.

The research herein presented is a step forward in the alignment of strategic and operational
management by the proposal of a framework that integrates specific technologies across the
different disciplines involved in the servitization process. The PSS business model considered
in the framework facilitates the decision-making process of the OEMs and it provides multiple
advantages, not only for them but for their clients as well. Highlighting the main advantages,
it is remarkable how the maintenance strategies are aligned for the OEM, the client and the
asset; the deployed technologies ensure that the operations provide the desired service level at
an affordable cost; and the close cooperation between the OEM and the client results in a better
feedback process with effects on product design, know-how, services offer and loyalty.

In fact, the principles in which PSS is based allow to identify and satisfy the clients’
needs in terms of transparency, availability and product knowledge, whilst the innovative asset
management technologies addressed allow the manufacturer to maintain his business profitability
by optimizing costs. However it is important to bear in mind that further efforts are encourage to
provide and develop more technological tools, algorithms and process to support the servitization
process for OEMs, helping to overcome the barriers that hinder the adoption of PSS business
models.
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Abstract: The growth in the wind energy sector is demanding projects in which profitability must
be ensured. To fulfil such aim, the levelized cost of energy should be reduced, and this can be
done by enhancing the Operational Expenditure through excellence in Operations & Maintenance.
There is a considerable amount of work in the literature that deals with several aspects regarding the
maintenance of wind farms. Among the related works, several focus on describing the reliability of
wind turbines and many set the spotlight on defining the optimal maintenance strategy. It is in this
context where the presented work intends to contribute. In the paper a technical framework is proposed
that considers the data and information requisites, integrated in a novel approach a clustering-based
reliability model with a dynamic opportunistic maintenance policy. The technical framework is
validated through a case study in which simulation mechanisms allow the implementation of
a multi-objective optimization of the maintenance strategy for the lifecycle of a wind farm. The proposed
approach is presented under a comprehensive perspective which enables the discovery an optimal
trade-off among competing objectives in the Operations & Maintenance of wind energy projects.

Keywords: maintenance management; wind turbines; clustering; reliability; dynamic opportunistic
maintenance; simulation

1. Background and Introduction

The attention drawn by renewable energy has increased considerably over recent years.
This increasing importance has nurtured an important growth, which is especially prominent in
the wind energy sector [1]. Wind energy is one of the main sources of power generation in Europe with
a vast majority of installed capacity in the form of onshore Wind Farms (WFs) [2]. For the profitability
of wind energy projects to be ensured, it is essential to reduce the levelized cost of energy (LCoE) to its
minimum [2,3]. Aiming at increasing the energy yield of WFs, the LCoE should be reduced, and this
can be done by directly addressing the Capital Expenditure (CAPEX) and the Operational Expenditure
(OPEX) of the projects [2].

The scope of the research here presented abides in OPEX reduction; more specifically, this paper
is intended to reduce the Operations and Maintenance (O&M) costs. How to reduce the O&M costs
has become an ongoing challenge for WFs; the figures associated with these costs are notorious [4,5]
and may rise by up to 32% and 12–30% for offshore and onshore WFs, respectively [6,7]. However,
aiming at lowering the LCoE by reducing O&M costs is a two-fold challenge since it also entails
minimizing the lost energy production [8] for the entire lifecycle, which oscillates around 20 years
perspective [9]. According to the International Renewable Agency, the costs associated with O&M
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account for up to one quarter of the proportion of the LCoE, with 80% of this expenses directly
attributed to maintenance [10–12].

In view of the maintenance role in the LCoE and thus in the profitability of WFs, it is important
to consider models for optimization of O&M plans and decisions [2]. The evolution of maintenance
models and methodologies have kept pace with the constant technological evolution of Wind Turbines
(WTs) [3]. According to [3], the goal of all the approaches and methodologies is determining the most
adequate maintenance plan, the management of the resources, and the aspects related to Reliability,
Availability, and Maintainability (RAM) of the WTs.

Within such context, the WF operators are bound to develop new techniques and decision-support
tools for optimal maintenance strategies, if they strive to maximize the profitability of the investment [8].
Accordingly, maintenance management discipline acquires a highly significant position since it provides
a comprehensive perspective for the management of WTs, allowing for optimal maintenance strategies
which reduce maintenance costs while maximizing availability [3,5].

The decision-making process in the asset management field has been divided into strategic (long-term),
tactic (medium-term), and operational (short-term) to achieve excellence in maintenance [13–15]. It is the
purpose of the research in this paper to address the different aspects of the maintenance decision-making
process. This is done by answering the research question of whether it is possible to achieve maintenance
excellence for the lifecycle of WFs by a maintenance strategy which considers the different behaviors of the
WTs and integrated business-related objectives.

Aiming at providing an answer for the aforementioned research question, a technical framework
for managing maintenance is proposed in the paper. The framework is a comprehensive proposal
that considers different aspects regarding the maintenance of a WF. Within the possibilities offered
by the current trend for big data, certain key aspects to create a failure database are integrated in
the framework, which enables a clustering approach based on the failure behaviors of the different
failure modes of each WT. This approach supports an opportunistic maintenance policy with dynamic
thresholds that regard not only to the reliability of the assets but also business considerations. Besides,
the framework also incorporates the strategic view through a Life-Cycle Cost (LCC) perspective
integrated by means of a multi-objective optimization and supported by simulation techniques that
provide valuable information to find an attractive trade-off between cost and performance.

1.1. Related Works

In the context of maintenance, several studies have proven the utility of reliability approaches to
optimize it [5,16,17]. If seeking to take forward a reliability study, the information needed as an input
to the decision should be at hand, in the right format, and on time [18]. The idea of a common database
in the wind energy sector is not novel. In [19] the objectives of a RAM database can be seen and in [10]
different sources of WT data are analyzed. The challenges faced when building such database with
quality data have been addressed by the integration of data coming from different sources [4,10,19,20].
Nonetheless, to translate the data into information and exploit its inherent value, it is essential a correct
assessment of the failure process and therefore the selection of the proper time-to-failure model, which
will enable optimization of the maintenance plan [21].

The reliability study of a WF and the creation of the failure database involves combining data
from similar assets, in this case WTs. This combination of data is known as data-pooling, and in [21],
as well as in [22], several conditions to be met by the equipment subject to data-pooling are stated.
Nonetheless, this may lead to combining data from assets with unlike behaviors. The heterogeneity in
the failure behavior among WTs may be caused by the presence of different models of WTs, which
entail different technical solutions [23]. Moreover, this multiplicity in the failure frequencies may also
be the result of the different operational conditions of the assets [16,17,24,25].

To deal with the diversity in failure behaviors when managing a considerable number of assets,
similarity-based approaches have been proposed in recent research works [26–28]. The work in [27]
where a spectral clustering approach is proposed to later address the maintenance optimization
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problem to all the assets belonging to the same cluster is especially interesting. Another interesting
work is the research in [29], which provides a very similar approach using a different clustering
algorithm. In the wind energy sector, and with the purpose of enhancing maintenance management,
approaches based on clustering concepts and algorithms can also be found in the recent literature.
A fuzzy clustering approach based on Mahalanobis distance is proposed in [30] for warnings and failure
detection and it is applied to a real WF. Another interesting proposal is the cluster analysis combined
with Frequent Pattern Mining presented in [31] for WT fault detection. In addition, it has also been
proposed along with Artificial Neural Networks in [32] for developing optimal maintenance strategies.

The selected approach highly conditions the adequacy of the maintenance strategy [33]. In the
case of WTs, it is important to select one that takes into account the multi-component nature of the
turbines [34,35]. The WTs are composed of several subsystems with dependencies among them that
can be classified as (i) economic, where the simultaneous performance of maintenance activities
implies different economic consequences that implement them individually [36]; (ii) structural,
where maintenance actions on one system may imply maintenance activities on others [37]; and (iii)
stochastic, where the failure hazard of two different systems are not independent [38]. In this context,
opportunistic maintenance policies are the most suitable, and therefore they have been widely
researched [33].

Opportunistic maintenance policy makes the most of short-term situations to perform the
maintenance of non-failed systems when a failure has already happened in another one, grounding
its decision on a threshold regarding a system’s age, reliability or health condition [5]. Opportunistic
maintenance has proven its utility in the sector through several works in the recent literature [39],
and it has been highly related to multi-criteria approaches [40]. The consideration of opportunistic
maintenance under a multi-criteria perspective allows the handling of some main conflicting objectives
such as maintenance cost, availability, or manager preferences [41]. This advantage is especially
beneficial in the wind energy sector where it is important to bear in mind the maximization of revenue,
power, and reliability, and the minimization of Operations and Maintenance costs [42]. Some of the
latest research in the wind energy sector is in this area. The application of opportunistic maintenance
in [43] takes advantage of low wind-speed periods to perform corrective actions. The research in [44]
provides an opportunistic maintenance policy based on remaining useful life estimation according to
condition-monitoring data. The opportunistic maintenance is also proposed with different types of
maintenance actions, e.g., the works in [34,45–47]. In addition, the authors of [48,49] integrate the
opportunistic maintenance policy with multi-objective optimization.

1.2. Overview

Given the importance of the reviewed works in the literature of the Wind Energy sector, it is the
scope of this paper to provide a managing framework that supports the maintenance management of
WF operators. The proposed framework is a cross-functional value proposition that starts by considering
the requisites of the failure database to later define a maintenance policy. The opportunistic maintenance
policy will be supported by a clustering approach that allows the addressing of different behaviors of the
WTs within the same WF. Besides, the framework is considered under a lifecycle perspective integrated
through simulation techniques and multi-objective optimization algorithms.

The proposed framework is presented in the following Section 2. An initial and brief introduction
is first provided along with a representation according to IDEF0 methodology, then every function is
explained in detail in each corresponding subsection. The principles of the creation of a failure data
base for the study is explained in Section 2.1, the reliability considerations of WTs are presented in
Section 2.2, and finally, the opportunistic maintenance policy is explained in Section 2.3. In Section 3
the case study is presented, Section 3.1 describes the development of the case study and the initial
assumptions and then Section 3.2 consists of the results obtained in the implementation of the
framework. Finally, Section 4 summarizes the main conclusions obtained through the research
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process, its output represented as the framework, and the application to a real case study in the
wind energy sector.

2. Framework and Methods

The proposed technical framework, Figure 1, is a comprehensive integration of different technical
solutions and methods to ease maintenance management. The framework proposes an initial data
treatment, considering different information sources, to create a RAM database that will enable
modeling of the reliability of WTs. To undertake the reliability modeling, a clustering algorithm
is proposed along with the Kullback–Leibler Divergence measure, which approach addresses the
difficulty derived from the heterogeneity in the failure behaviors of the WTs. The reliability models,
which describe the failure behaviors within the WF, as well as data from the RAM database and
information regarding the cost structure, will serve as input for the methods proposed for defining
an optimal maintenance strategy. These methods regard multi-objective optimization algorithms
and simulation software under both a lifecycle perspective and governed by the principles of
opportunistic maintenance.

Figure 1. Technical framework.

The technical framework is represented in Figure 1 following the IDEF0 methodology [50],
it consists of three functions: RAM database creation, Reliability modeling, and Maintenance strategy
definition. The functions are associated with interfaces represented by arrows, which have been
referred to as INCOMs [51]: Inputs (I) of the function box enter from the left, they are transformed into
Outputs (O) leaving the box by means of the Mechanisms (M), which enter though the bottom and
refer to tools, algorithms, or resources that enable the function; and the Controls (C) enter the box from
the top and constrain the function.

In particular, Inputs and Outputs of the herein-depicted framework pertain to data and decisions,
whereas Mechanisms correspond to specific algorithms, models, and means that allow creation of
the RAM database, to model the reliability of WTs and to select the optimal maintenance strategy.
The function application is constrained by the Controls, which in this research represents business
aspects, data requisites, or maintenance process specificities. By defining the INCOMs in such manner,
the technical framework flow can be conceived as a flow in which the output of a function constitutes
the input of another until an optimal maintenance strategy is reached. In the successive subsections,
each one of the functions with their corresponding INCOMs is thoroughly explained, besides Table 1
gathers all the mathematical symbols utilized in the subsections.
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Table 1. Nomenclature.

Reliability Modeling

β
Shape parameter of Weibull
distribution di Diagonal entries of Degree matrix

α
Scale parameter of Weibull
distribution I Identity matrix

γ Euler–Mascheroni constant Lsym Graph Laplacian matrix
Γ Gamma function λ1, ..., λC Graph Laplacian matrix eigenvalues
W Similarity matrix ū1, ..., ūC Graph Laplacian matrix eigenvectors
wij Entries of the similarity matrix U Matrix of eigenvectors

dKL(µi‖µj)
Kullback–Leibler Divergence among
two distributions uic Entries of U matrix

d sym
KL

Symmetric Kullback–Leibler
Divergence T Transformed U matrix

D Degree matrix tic Entries of T matrix

Maintenance Strategy Definition

ka Time value for money constant GPt Generated power in t
qc Restoration factor of CM NT Number of MTs
qpr Restoration factor of PM cdisp Cost of dispatching a team

cc Corrective cost θt
Binary variable for corrective dispatch
of MT

cpr Preventive cost γt
Binary variable for preventive
dispatch of MT

cna Opportunity cost for not-produced
energy cteam Cost of MT

cp Penalty cost DRT Dynamic reliability threshold
zhikt Binary variable for CM SRT Static reliability threshold
yhikjt Binary variable for PM Twt Available working time of MTs
mc Maintainability of corrective actions t Time period (days)
mpr Maintainability of preventive actions

2.1. RAM Database Creation

Information is an essential pillar in every decision-making process and it is highly conditioned
by the characteristics of the data it comes from. In the decision-making process, to select the optimal
maintenance strategy herein presented, the information utility will be highly conditioned by the
quantity and quality of the available data (Constraints C1 and C2). As stated by [21], many data are
recorded for maintenance management purposes rather than reliability; hence, the information content
may be misleading without the proper scrutiny and cleaning. In the proposed technical framework,
building up the RAM database from the data coming from the SCADA (Supervisory Control And
Data Acquisition) and the CMMS (Computerized Maintenance Management Software) systems
is considered.

• SCADA Data (Input I1): this data is intended to provide feedback of a high-level overview of the
performance of the WTs. The data coming from the SCADA system can be categorized into three
types of information recorded in time intervals: operational data, availability data, and alarms
data. The operational data usually pertains to different variables which characterize the operation
of the WTs, e.g., power output, wind speed, temperature of components, or environmental
conditions. Availability is a measure of the total time the WT is operational and ready to produce
power, independently of external factors such as the weather, the grid state, or maintenance
activities. In addition, the data coming from the alarms is sensor information which indicates the
state of the WTs and have an associated severity level and usually are responsible for triggering
corrective maintenance actions.
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• CMMS Data (Input I2): generally the operators of WFs keep track of the maintenance actions
performed in the WTs in a variety of forms. This record of maintenance activities is usually known
as Work Orders or Maintenance Logs. The work orders may be handwritten in predefined forms,
but presently it is more common to find the data as digital work order inputs which have detailed
information regarding the materials and resources consumed.

To construct a proper RAM database from this data, it is essential to invest a considerable
amount of effort in filtering the data, bearing in mind the objective of the data. Therefore, a proper
determination of failure modes underpins the data-quality enhancement (Mechanism M1). As the
data comes from two different sources, it is essential to match the information contained in both.
With that aim, the identification of the patterns that link SCADA information with the maintenance
work orders of the CMMS (Mechanism M2) is proposed. Once the data is properly filtered according to
the failure mode definition and the coherence among the two sources of data is ensure, it is possible to
calculate the Time Between Failures (TBF) for the failure modes of the WTs (Mechanism M3).

2.2. Reliability Modeling

Considering that the database contains the failure information (output from previous functional
box O1) with certain quality (Constraint C3), it is possible to address the modeling of the reliability
following a spectral cluster approach, which is proposed to address the differences in the failure
behaviors of the same failure mode in each WT (Constraints C4 and C5). The methodological process
followed in this functional unit is represented in Figure 2.

Figure 2. Methodological process of the Reliability Modeling functional box.

For every failure mode, the process considers fitting a Weibull distribution to the TBF data for
each WT (Mechanism M4). With the Weibull distributions of each WT and failure mode, it is the
purpose of the algorithms herein presented to cluster them following a similarity-based approach
inspired by the work in [26,27].

It is possible to measure how similar two probability distributions are according to the
Kullback–Leibler Divergence (Mechanism M5), which can be calculated by Equation (1) in the case of two
Weibull distributions being γ ≈ 0.5772 the Euler–Mascheroni constant and Γ =

∫ +∞
−∞ tz−1e−tdt z ≥ 0 the
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gamma function. Nonetheless the Kullback–Leibler Divergence is a non-symmetric measure which can
be converted to symmetric by Equation (2) and therefore the similarity among two Weibull distributions
can be described in a generic and symmetric form by Equation (3). Expressing similarities in such way
allows the definition of a similarity matrix W in which each element is wij.

dKL(µi‖µj) = log

(
βiα

β j
j

β jα
βi
i

)
− (βi − β j)

(
log(αi)−

γ

βi

)
+

(
αi
αj

)β j

Γ

(
β j

βi
+ 1

)
− 1 (1)

d sym
KL =

1
2
(dKL(µi‖µj) + dKL(µj‖µi)) (2)

wij =
1

1 + d sym
KL

(3)

From the similarity matrix W of size [N, N] it is possible to construct the graph G = (V, E) where
each of the nodes vi represents the baseline Weibull distribution of certain failure mode of each turbine,
and each edge eij is the similarity between two distributions based on the Kullback–Leibler Divergence.
Having defined such a graph, the problem is finding the partition of the graph such that the weights
of the edges are small and large for intercluster and intracluster connections, respectively. To fulfil
such an aim, the spectral clustering approach is proposed, therefore it is necessary to compute the
normalized Graph Laplacian matrix. From W the degree matrix D is calculated, which is a diagonal
matrix whose diagonal entries are defined according to Equation (4), and then the normalized Graph
Laplacian matrix is calculated as described in Equation (5), where L = D−W and I is the identity
matrix of size [N, N].

di =
N

∑
j=1

wij, i = 1, ..., N (4)

Lsym = D
−1/2

L D
−1/2

= I − D
−1/2

W D
−1/2

(5)

To extract the information of the graph, the C smallest eigenvalues λ1, ..., λC are selected
along with their corresponding eigenvectors ū1, ..., ūC, with C the desired number of clusters.
The relevant information is considered by transforming matrix W into a reduced matrix U of size
[N, C]. The columns of U are the C eigenvectors ū1, ..., ūC which contain the information regarding the
similarities among the i-th baseline distribution and others. It has been proven that it is possible to
enhance cluster properties of the data by normalizing the rows of the matrix U and forming matrix
T [52], where every element is computed following Equation (6).

tic =
uic(

C
∑

c=1
u2

ic

)0.5 , i = 1, ..., N , c = 1, ..., C (6)

Once the matrix T is obtained, a k-medoids algorithm (Mechanism M6) is proposed as
an unsupervised clustering to partition the dataset into C clusters, which has proven to perform
better for large datasets and to be more stable against possible outliers [53].

By repeating these calculations for every failure mode, it is possible to address the definition of
the maintenance strategy of a WF. The effectiveness of the maintenance strategy is expected to increase
since the WF is now characterized by different clusters (Output O4) of every failure mode, with their
corresponding reliability model (Output O5) which directly tackles the issue of heterogeneity in the
failure frequencies.
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2.3. Maintenance Strategy Definition

The clustering and their corresponding reliability models will support the definition and
optimization of the maintenance strategy. In line with the insights provided in the literature review,
opportunistic maintenance management is especially suitable for the wind energy sector, since it
takes advantage of short-term information and dependencies among the WTs to make optimal
maintenance decisions. Accordingly, the framework proposes to implement a reliability-based dynamic
opportunistic maintenance policy (C8) summarized in Figure 3, which as well as considering the
economic dependencies of WTs, enables taking advantage of more favorable weather conditions
to enhance WF production outcome. To fulfil this aim, based on the concept of dynamic reliability
thresholds—acting as decision variables of the maintenance model—maintenance activities are fostered
at low wind-speed periods, and hindered at high wind-speed periods, thus limiting the production
losses caused by maintenance downtimes.

While the interested reader may address the dynamic opportunistic maintenance policy in [5],
the building blocks of the multi-level maintenance optimization model developed for this research are
summarized as follows (the definition of the intermediate variables of the model is in Table 2):

• Problem definition. The wind farm (WF) to be considered in the case study involves the
maintenance of H wind turbines (WTs) and their systems (i = 1,2,...,N), connected in series. Each of
the systems might fail in k different failure modes (FMs), which are classified according to their
consequences and require different corrective maintenance (CM) activities (k = 1,2,...,K). Likewise,
WF managers may decide to maintain the WTs’ system before failure occurrence, where per-FM
different preventive maintenance (PM) levels can be performed (j = 1,2,...,J). This classification
depends on the restoration factor (q). If the PM activity restores the system to a state in which its
operating and reliability behavior is as good as new, i.e., replacement activities, it is considered to
be perfect maintenance ( j = J). On the contrary, when PM activity partially restores the condition
of the system to an operational condition worse than the new one but better than just before the
performance of maintenance, it is considered to be imperfect maintenance (see [54] for further
information), with j = 1 the most imperfect repair.

• Objective functions. The main objectives pursued by the maintenance strategy are defined.
They should be aligned with the objectives of the business (C9) and should consider the
whole lifecycle of the assets. In the case of WFs, special emphasis is placed on optimizing
the OPEX (considering time value of money by means of ka) and production losses entailed by
the maintenance strategy (See Equations (12) and (13)). The core parts of these indicators are:

– Corrective and preventive cost (I3), subjected to the restoration effect (q) of the maintenance
activity carried out, as in [34,49]. They consider the materials and tools needed to perform
them (cc

ik, cpr
ik ), as well as the opportunity cost that they entail, represented by the amount of

power that could not be produced because of performing such maintenance activities (cna).
Likewise, in the case of CM, failures usually avoid distribution of the committed energy,
entailing a penalty cost (cp).

zhikt·
[
cc

ik · (qc
ik)

2 + mc
ik · GPt · (cna + cp)

]
(7)

yhikjt·
[

cpr
ikj·
(

qpr
ikj

)2
+ mpr

ikj · GPt · cna
]

(8)

– Maintenance resources cost (I3). They consider the number of maintenance teams hired (NT)
and the cost entailed by dispatching them to the WFs

(
cdisp

)
either preventively (γt) or

correctively (θt).
(γt + θt) · cdisp (9)

NT · cteam (10)
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– Production losses. They consider the maintainability (O3) of PM and CM activities (mc
ik, mpr

ik )
as well as the power that would have been generated (GPt).

GPt·
(

mc
ik · zhikt + mpr

ikj · yhikjt

)
(11)

• Maintenance strategy. An imperfect maintenance strategy where decisions are triggered by
dynamic reliability thresholds is defined (see Equation (14)):

1. DRTikt, if the reliability of any of the FMs (O5) is below this threshold, a maintenance team
is compulsorily dispatched to the WFs to perform PM.

2. SRTikjt, once a maintenance team is dispatched to the WF, either preventively or correctively,
and according to the reliability of the specific FM (O5), it determines whether PM level j
should be performed during period t for preventing FM k of system i.

• Capacity constrains (C8). Maintenance teams’ availability and their working time
(
Twt) is defined

(see Equation (15)).
• Maintenance process constraints (C7). Only one maintenance task per WT and time period is

allowed (see Equation (16)).

Once the building block of the model has been defined, the mathematical formulation of the
model is expressed in the following equations regarding the objective functions (OF), the constraints
of the model, and the intermediate binary variables (in Table 2).

OFOpex = min

[
∑

t
(γt + θt) · cdisp + ∑

h
∑

i
∑
k

∑
t

zhikt

[
cc

ik (q
c
ik)

2 + mc
ik · GPt (cna + cp)

]
+

∑
h

∑
i

∑
k

∑
j

∑
t

yhikjt

[
cpr

ikj

(
qpr

ikj

)2
+ mpr

ikj · GPt · cna
]
+ ∑

t
NT · cteam

]
·(1 + ka)

−t

(12)

OFLP = min ∑
t

GPt·
(

∑
h

∑
i

∑
k

mc
ik · zhikt + ∑

h
∑

i
∑
k

∑
j

mpr
ikj · yhikjt

)
(13)

S.T.
0 ≤ DRTikt ≤ SRTik1t ≤ ... ≤ SRTikjt ≤
≤ ... ≤ SRTikJt ≤ 1 iεI, kεK, jεJ; tεT

(14)

∑
i

∑
k

∑
j

mpr
ikj · yikjt + ∑

i
∑
k

mc
ik · zikt ≤ NT · Twt ∀tεT (15)

∑
j

yhikjt + zhikt ≤ 1 hεH, iεI, kεK, tεT (16)

zhikt, yhikjtε {0, 1} hεH, iεI, kεK, tεT, ∀j = 1, 2

Table 2. Intermediate binary variables used in the model.

zhikt =





1 i f CM k is per f ormed in system i
o f WT h in period t

0 otherwise

θt =





1 i f a MT is correctively dispatched to WF
in period t

0 otherwise

yhikjt =





1 i f PM j is per f ormed in FM
k o f system i o f WT h in period t

0 otherwise

γt =





1 i f a MT is preventively dispatched
to WF in period t

0 otherwise
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Due to the numerous stochastic processes that must be considered within maintenance
management models, such as repair processes or climate conditions, it is difficult to solve them
analytically. Therefore, in line with previous research [46,49,55], the analytically derived model
has been implemented in a simulation model (M7) that enables both the maintenance processes
characterization and its optimization. The specific simulation and decision processes, as well as the
restrictions considered, may be addressed by the reader in the flowchart of Figure 3.

As may be noticed, maintenance decisions are triggered according to the dynamic reliability thresholds
(conditioned by weather conditions), which define the maintenance strategy (C6). Whenever a maintenance
activity is performed, their reliability is updated, as are the values of the OF considered (C9). Likewise,
specific maintenance processes (C7) and available resources (C8) are considered to analyze whether
maintenance activities may be triggered. Such decision processes are repeated for each time period,
until the end of the WT lifecycle, where the final OF are achieved.

Since more than one objective is pursued by the modeled maintenance problem, i.e., minimizing
OPEXs and production losses, multi-objective optimization algorithms (M8) must be implemented to
solve them. To this respect, the multi-objective meta-heuristic NSGA II [56] has been implemented,
which offers high-quality non-dominated solutions and diversity on the Pareto Front [57].

Figure 3. Dynamic Opportunistic Maintenance simulation flowchart.

In this context, the optimal maintenance strategies will be found by a joint use of the simulation
model developed and the NSGA II optimization algorithm. While the former allows evaluation of
the outcome of the selected maintenance strategy according to the OF, the latter will guide what
maintenance strategies should be selected following the logic underlying behind the algorithm.
Once the optimization process is finished, the aforementioned Pareto Front will be obtained with
its corresponding Key Performance Indicators (KPI). From the Pareto Front and according to the
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lifecycle KPIs (M9), decision-makers will be able to represent their decision preferences through the
maintenance strategy they choose (O6).

3. Case Study

To test the suitability of the proposed research presented in the paper, a case study based on
real data is presented. The case study is especially focused on the reliability modeling and the
maintenance strategy definition so the readers can see how to apply the proposed algorithms to
manage the maintenance of the fleet. The proposed approach is compared in the case study against
a static opportunistic maintenance policy which is in itself an advanced maintenance policy. By the
application of the clustering approach and the dynamic opportunistic maintenance, it can be seen that
the good results rendered by the static opportunistic maintenance can be further improved.

3.1. Description

The application of the technical framework is considered within a case study of an onshore WF
consisting of 100 WTs (H = 100) whose behavior has been simulated for 20 years based on real field data.
The real data correspond to over 300 WTs of 1.67 megawatt (MW) operating in the north of Spain for
a time span of 12 years. According to the importance of wind speed for the energy-based availability
and the dynamic opportunistic maintenance model, the simulation has been fed with wind data from
the location assumed.

RAM data has been provided by a wind energy OEM and pertains to eight FMs. The FMs
correspond to minor and major failures (K = 2) of four components (N = 4) which are critical from the
maintenance perspective, either in terms of availability or cost: the gearbox, the blades, the yaw system,
and the pitch system. Likewise, for each failure mode, both perfect and imperfect maintenance levels
are considered (J = 2), where perfect maintenance has a restoration factor of qpr

ik2 = 1 and imperfect
maintenance of qpr

ik1 = 0.75, according to the maintenance routine adopted.
In terms of the cost structure required to analyze the maintenance management from a lifecycle

perspective, the main costs considered are as follows. The maintenance team costs, consisting of
2 workers each, are assumed to be 800 e/day, the opportunity cost 105 e/MWh, and the penalization
cost 35 e/MWh. Likewise, the reader may address the specific material costs considered in [58].
Cost of PM is assumed to be lower than CM to avoid obvious results (30 % lower). Finally, an interest
rate of 5% has been determined for the LCC analysis.

3.2. Results

From the simulated database, the behavior of each one of the FMs of every WT has been
characterized by fitting a two-parameter Weibull distribution. Following the proposed methodology,
the differences among each of the WTs for every failure mode have been assessed by means of the
Kullback–Leibler Divergence. This enables the expression of the similarities among the turbines for
each failure mode by the weight matrix, which can be represented as an undirected graph. Then,
for each failure mode graph, the partition that maximizes the similarities among elements in the same
cluster and minimizes the similarities outside the cluster has been found by the k-medoids algorithm.
The partition provides the number of clusters for every failure mode, hence each cluster is formed of
WTs with like behaviors for each failure mode. For every cluster, a joint reliability Weibull model can
be fitted for the failure data that correspond to the WTs in the cluster; the model with which they will
be managed will be developed later.

The partitions of the FMs have also been found by the k-means algorithm to compare the performance
of both clustering algorithms. The results yielded by the k-means algorithm are very similar to the
results yielded by the k-medoids. In fact, 11 out of 31 clusters remain the same. In the differing clusters,
the practical deviations are very slight; the usage of one algorithm over the other entails differences of 0.49%
and 2.77% on average in the obtained scale and shape parameters, respectively. Therefore, the remainder
of the case study, consisting of the simulation-based optimization, has been carried out with the results
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yielded by the k-medoids algorithm, since it is more stable against outliers and performs better for large
datasets according to previously cited literature.

In Figure 4, as an example, the undirected graph of the minor gearbox failure of every WT is
represented. In it can also be seen the reliability functions corresponding to every cluster. In the
depicted example, six clusters can be appreciated and the nodes in each cluster correspond to the
WTs identified by a number. It can be seen that the edges connecting the nodes have different color
intensity, which corresponds to the weight that quantifies the similarity among the behaviors of the
same failure mode in different turbines, i.e., the higher the intensity, the more alike they are. By this
representation, it can also be seen from a general perspective the similarities among the clusters.
The reliability functions corresponding to each one of the clusters can also be seen in Figure 4, and it
can be seen how the closer two are, the higher the intensity of the connections of the nodes from the
clusters in the graph.

Figure 4. Clusterization example. Minor failure mode of the gearbox.

The results obtained for the clusterization of each one of the FMs have been summarized in
Table 3. In the table, the components and the FMs of the number of clusters can be seen, as well as
the number of WTs belonging to every cluster. The definition of minor and major FMs has been made
according to the repairing details:

- Minor repairing. It is provoked by a system failure that implies a maintenance team is dispatched
for repairing. Costs of materials and tools are not very high, as minor components are going to be
repaired. Thus, there is a reparation impact on system lifecycle but it is neither too high in terms
of time, nor too costly. Repair time varies between 4 and 24 h.

- Major repairing. Replacement of important components or complete systems is done. Therefore,
repairs have a great impact on system lifetime, being able to return the system state to
an as-good-as-new state. Costs of materials and tools are high, and repair time is above 24 h.

From Table 3, and also the graph of Figure 4, it is possible to conclude that the proposed approach
is stable when identifying clusters with a low number of nodes in it. This is an important implication,
since it is possible to identify small numbers of turbines behaving differently, and sometimes this may
imply a cause which can be addressed or benchmarked.

Once the behaviors of the FMs in the WF have been assessed, it is possible to define the
maintenance strategy according to the reliability of each one of the clusters of every failure mode. In the
framework, the proposed maintenance strategy is an opportunistic maintenance policy defined by
a simulation-based optimization. The optimization is multi-objective so the two-fold aforementioned
problem of reducing maintenance costs is addressed. The simulation-based optimization provides
several non-dominated solutions, which entails a trade-off among costs and production loss. With the
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solutions rendered by the optimization, it is possible to construct a Pareto Front in which the
maintenance strategy can be selected according to the trade-off desired by the customers.

Table 3. Clusterization results.

Component Failure Mode Number of Clusters Number of WTs in Each Cluster

Gearbox Minor 6 23-12-27-8-24-6
Major 3 52-27-21

Blades Minor 4 45-33-18-4
Major 2 39-61

Yaw Minor 4 34-33-17-16
Major 3 30-47-23

Pitch Minor 5 24-27-28-7-14
Major 3 29-20-51

In Figure 5, a comparison of two Pareto optimals is presented. One is obtained by addressing the
failures through the clusterization and then defining maintenance strategy through dynamic opportunistic
policy; the other one is obtained through a static opportunistic policy with a generic reliability Weibull
model for each failure mode of the turbines. In Figure 5a, it can be seen that the proposed approach
provides solutions which are unreachable for the static opportunistic policy. Furthermore, all the solutions
provided by the clusterization with the dynamic opportunistic maintenance strategy are better in terms of
costs and production loss. As an example to provide further insights, arbitrary customer requisites have
been defined, which correspond to 122,000,000eas a maximum OPEX and 120,000 MW/h lost for the
20 years of the lifecycle of the WF. In Figure 5b it can be seen that these requisites defined a feasible area of
options and their intersection sets where is the Minimum Viable Offer (MVO).

Figure 5. Pareto Front and Pareto Front with customer requisites.

According to the strategies represented in Figure 5, two of them have been selected (one from
each policy) to compare their lifecycle performance. The selected strategies are the ones that fulfil the
production loss requisite at a lower cost, and their performance in terms of OPEX and production loss is
compared in Figure 6. It can be seen that the cost savings among the two strategies are over 3 million e ,
despite not being very significant. These savings come from the opportunity cost of producing energy
at profitable wind-speed periods and from more accurate reliability estimates, which avoid some
corrective actions. This result is reasonable and was expected since the dynamic opportunistic policy
compared with the static does not reduce the amount of maintenance needed, but it performs it in
more suitable moments.
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Figure 6. Performance comparison of costs (a) and production loss (b) of strategies A and B.

Accordingly, the production loss difference is more significant, reaching an improvement of 14.5%
by the end of the lifecycle. This improvement in the production loss is due to the performance of
maintenance activities in the most favorable wind conditions. Besides, the better reliability estimates
enhance the calculation of the failure probability, enabling the avoidance of unexpected CM, which
takes more time to perform. Therefore, it can be seen that the proposed approach improves the
performance of the static opportunistic maintenance with a general reliability model, not only in terms
of cost, but in terms of production loss as well.

4. Concluding Remarks

In the present paper, a technical framework for managing the maintenance of WFs is proposed,
which integrates three modules that depart from data considerations, providing reliability analysis
tools to define the maintenance strategy. The framework considers the creation of a RAM database
to provide a solid basis of information which is transformed into knowledge by reliability modeling.
The second module aims at modeling the reliability of the WF; to do so, a clustering approach
is proposed. By means of the clustering approach, the different behaviors of the WTs, which are
caused by either different technical solutions or different working conditions, are properly addressed.
This accurate description of the WF failures enables the definition of a more effective maintenance
strategy, which is defined by a dynamic opportunistic policy optimization finding a trade-off among
costs and production loss.

The suitability of the comprehensive framework has been validated through a case study based
on real field data. The proposed approach has been tested against a static opportunistic maintenance
which estimates the reliability of the WTs with a generic reliability model. It has been shown that
by answering the research question, the integration of state-of-the-art techniques in the proposed
framework provides a step forward in the achievement of maintenance excellence. The proposed
approach outperforms the alternative in terms of cost and production loss. The improvements are
due to two reasons: (i) the reliability estimates are more accurate because the behavior of the WTs is
better characterized; and (ii) the maintenance activities are performed at the most convenient moments,
fostering the maximization of energy production.

The research here presented is a step forward in the maintenance management of WFs due to its
practical nature. However, to enhance its applicability and implementation in the wind energy industry,
further efforts should focus on the integration of the strategy here presented with condition-based
maintenance. Moreover, it would be interesting to also explore models that directly address the
influence of changing operational conditions on the reliability of WTs. This holistic perspective
entails potential benefits in the field of O&M of WFs, and it is worth researchers’ and industry
practitioners’ attention.
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Abbreviations

The following abbreviations are used in this manuscript:

WF Wind Farm
LCoE Levelized Cost of Energy
CAPEX Capital Expenditure
OPEX Operational Expenditure
O&M Operations & Maintenance
WT Wind Turbine
RAM Reliability, Availability, and Maintainability
LCC Life-cycle Cost
INCOM Inputs, Mechanisms, Controls and Outputs
SCADA Supervisory Control And Data Acquisition
CMMS Computerized Maintenance Management System
TBF Time Between Failures
FM Failure Mode
CM Corrective Maintenance
PM Preventive Maintenance
MT Maintenance Team
NSGA Non-dominated Sorted Genetic Algorithm
KPI Key Performance Indicator
MW Megawatt
MVO Minimum Viable Offer
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a b s t r a c t

The increasing demand for energy from renewable sources is entailing the development of technologies
oriented to increase the profitability of such projects and thus the attractiveness for potential investors.
Wind power constitutes one of the most relevant renewable energy sources; however, the costs of the
wind farms associated with Operations & Maintenance are prominent along the life-cycle. This paper
proposes an approach intended to reduce these costs and lower the Levelized Cost of Energy. In this
context, it is presented an opportunistic maintenance policy based on more accurate reliability estimates
of the wind turbines components. The reliability of the components is estimated through a model based
on Artificial Neural Networks that dynamically calculates the impact of operational conditions on the
failures of the wind turbines. The approach has been validated through a case study based on real field
data which proposes a multi-objective optimization of the maintenance strategy for the life-cycle of a
wind farm. The obtained results provide interesting findings from the perspective of wind farms in-
vestors, operators, and owners.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

The deteriorating environment along with global warming and
the shortage of fossil fuels is a current issue rising pressure levels in
governments around the world (and in the European Union, EU)
[1]. These concerns are propitiating policies like binding targets on
greenhouse emissions and are urging a shift towards renewable
energy sources [2,3]. The attention drawn by renewable energy has
increased over the recent years nurturing an important growth that
has been especially prominent in the wind energy sector [4,5]. For
instance, in the EU, wind power installed more capacity than any
other form of power generation in 2018, rising from 12% in 2017 to
14% of covered energy demand [6]. However, to keep up with the
increasing demand for renewable and affordable energy, the prof-
itability of wind energy projects should be guaranteed by reducing
the Levelized Cost of Energy (LCoE) to its minimum [7]. In the

literature, a considerable amount of works aimed at reducing the
LCoE by addressing the Operations and Maintenance costs (O&M),
see for instance Refs. [8e10] among other works which will be later
on reviewed.

The costs associated with O&M are known to be prominent
[11,12]. They may account for 12e30% of onshore wind farms (WFs)
rising up to 32% in offshore projects [13,14]. These costs are un-
certain and influence the economic feasibility of wind energy
projects; a potential investor will rather allocate resources in a
project not susceptible to risks [15]. In this context, to increase the
cost-effectiveness of WFs it is necessary to reduce the cost derived
from O&M activities [16,17]. Nonetheless, the problem of the pre-
sent objective of reducing the LCoE by cutting the O&M costs is a
two-fold challenge [18]. If maintenance activities are insufficient,
the failure rate will increase lowering system’s reliability. Other-
wise, if maintenance activities are performed too often, the sys-
tem’s maintenance costs increase to undesirable levels [16].
Besides, it is necessary to minimize the lost energy production at
down-times caused by failures or maintenance activities for the
entire life-cycle [19], which oscillates around 20 years [20].
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1.1. Related works

Considering the data provided by the International Renewable
Energy Agency and other works [21e23], maintenance activities
account for a considerable fraction of the LCoE. On these grounds,
the optimization of the O&M strategy acquires an important role
[24]. The evolution of the models and approaches to optimize the
maintenance strategy have evolved along with the steady techno-
logical development of the wind turbines (WTs) [7]. The determi-
nation of WFs operators for maximizing the profitability of the
investment drives the development of new techniques and
decision-support tools for optimal maintenance strategies [18]. The
maintenance management works are mainly focused on two main
objectives, the minimization of the costs whilst maximizing the
availability of the WTs [7,25].

In this context, it is essential to consider and combine physical
and statistical models with technical know-how [26,27]. The WFs
operators are compelled to implant new techniques and decision-
support tools for optimal maintenance strategies if they seek to
maximize the profitability of their investment [18]. However, the
reality nowadays is that the most applied strategies are corrective
maintenance (CM) and time-based minor preventive maintenance
(PM) [28,29]. Additionally, Condition Based Maintenance (CBM) is a
popular method which has proven to be cost-effective [30,31] and
it has been widely researched [32,33]. Notwithstanding the effec-
tiveness of CBM methods, it is crucial to consider in the mainte-
nance strategy that WTs are multi-components systems
constituted by subsystems with dependencies among them con-
ditioning the adequacy of the maintenance strategy [34,35]. These
dependencies have been classified as (i) structural, when to
perform maintenance actions on one system some actions are
required on others [36]; (ii) economic, when performing simulta-
neous activities entails different costs than performing them
separately [37]; and (iii) stochastic, for those systems whose failure
rates are not independent [38].

The most studied maintenance policies dealing with the afore-
mentioned dependencies of the WTs are the opportunistic main-
tenance and group maintenance [34]. In the case of wind energy,
the opportunistic maintenance is especially interesting since it
takes advantage of short-term circumstances performing mainte-
nance actions on non-failed systems when failure happened in
another one [25]. Traditionally, this policy has not been imple-
mented in the wind energy sector [39], however, some recent
works have demonstrated its potential for reaping important
benefits due to economic dependencies among WTs, e.g.
Refs. [40e43].

Among the reviewed publications, the work of Besnard et al.
[40] focuses on reducingmaintenance and opportunity costs jointly
performing corrective and preventive actions at low wind speed
periods. The work of Tian et al. [39] is a step forward in an oppor-
tunistic maintenance policy supported by condition monitoring
indicators, the work proposes a reliability threshold based on sys-
tems’ remaining useful life. Ding and Tian [35] consider perfect and
imperfect maintenance actions in their work, these actions are
triggered by an age indicator based on the Mean Time To Failure of
the WTs systems. Another important contribution of the same
authors is an extension of the previous work [28] where they
consider different age thresholds for systems belonging to failed
and running WTs. It is interesting to consider as well the work of
Atashgar and Abdollahzadeh [44] in which they address the two-
fold challenge previously mentioned of reducing the costs and
maximizing the energy production by implementing a multi-
objective optimization of the opportunistic policy. And the work
of Abdollahzadeh et al. [41] determines the optimal maintenance
activities according to reliability thresholds calculated for each

component. Finally, the work of Zhu et al. [43] is based on the study
of three different maintenance strategies consisting of periodic
routines, reactive maintenance, and opportunistic maintenance.

According to the reviewed works, it is important to notice that
the decision of whether to maintain or to not maintain a system is
taken according to different thresholds regarding the system’s age,
reliability or health condition. It is therefore essential to estimate
those indicators as accurately as possible [19]. In particular, reli-
ability indicators are estimated with traditional models which
involve assumptions and simplifications [45]; these are the reason
underlying the inability of the reliability models to properly
describe the true behaviour of the systems [46]. An important
assumption that induces considerable uncertainty is the consider-
ation that the operational conditions and external factors influ-
encing the assets are constant [47]. It has been already stated in the
literature that more realistic reliability estimates, through a model
integrating operational context information, will enable more
effective and better-customized maintenance strategies [48].

There have been several authors who have studied the affection
that the operational context may have on reliability engineering
and thus on maintenance management. The operational context is
explicitly taken into account in the work of Tang et al. [49] for cable
failures, and so it is in the work of Lin et al. [50] for traction
transformers. More specifically in the wind energy sector, the
operational context effect has been considered to model the failure
rate inWTs components [51]. Besides, the work of Mazidi et al. [52]
explores how different operational parameters affect the stress
condition of the WTs.

Whilst reviewing relevant related works, it is inevitable to
encounter with research making use of the Proportional Hazards
Model to relate the reliability of the components with operational
parameters, e.g. Refs. [53,54]. Another recurrent approach, which
has attracted considerable attention lately (see Ref. [55]), is the
application of Artificial Neural Networks (ANN) due to their capa-
bilities to represent non-linear relationships [56], and also due to
the fact that no “a priori” assumption of the model is required [57].
Several authors present interesting research works in the applica-
tion of ANN to determine components reliability according to
operational context; Al-Garni et al. [58] compare their performance
against traditional Weibull regression model, Fink et al. [59] pro-
vides a time-series perspective to predict reliability through ANN
and in Beg et al. [60] several ANN-based models are compared.
Besides, in the specific context of wind energy the ANN methods
have also proven very useful predicting reliability [33,61]. It is
especially interesting for the scope of the present research thework
of Izquierdo et al. [48] where statistical models are combined with
ANN methods to provide a novel model with dynamic capabilities.

1.2. Motivation and scientific contribution

It has been already stated the role that O&M activities have on
the costs associated with a wind energy project and therefore, the
importance of optimizing the maintenance management in such
scenarios. The literature review shows evidence that the opportu-
nistic policy has the potential of minimizing maintenance costs
whilst maximizing energy production. However, this policy should
be supported by estimates which undoubtedly must be accurate in
order to ensure the effectiveness of the maintenance actions.
Nevertheless, the traditional reliability models, which render the
estimates that trigger maintenance actions, involve assumptions
and simplifications which may jeopardize the accuracy of the es-
timates. An important assumption often found in traditional reli-
ability models is the operation under constant working conditions,
but recent works have provided tools, technologies, and methods
capable of overcoming the aforementioned simplification. These
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works show how their proposals render better estimates than
traditional reliability models. However, to the best of authors’
knowledge, the benefits of the proposed models have not been
integrated with the benefits of advancedmaintenance policies such
as opportunistic maintenance. The integration of opportunistic
maintenance with models integrating the effect of working con-
ditions on assets’ reliability is a novel proposition that should be
compared with the same policy supported by traditional reliability
models to see if it provides any improvement. The research herein
presented provides considerable improvements that will set the
foundations to explore the literature gap of combining reliability
models integrating the operational context with advanced main-
tenance policies.

Accordingly, the research herein presented aims at unifying an
operational-context aware reliability model with an opportunistic
maintenance policy. The present work contributes by demon-
strating, through a case study in the wind energy sector, that a
maintenance policy should be supported by accurate reliability
estimates considering operational context; and vice versa, an
advanced reliability model, which takes into account the opera-
tional context, provides an important potential if it is integrated
within an opportunistic maintenance policy. The link-up of an
opportunistic maintenance policy with a reliability model consid-
ering operational context is a novel proposal intended to provide
less uncertainty for potential investors in wind energy projects for
two reasons:

� The opportunistic maintenance policy is optimized according to
a multi-objective logic, i.e. the costs are not optimized regard-
less of other business objectives, organizational goals such as
the maximization of energy production are considered as well.
Such multi-objective logic entails a trade-off among the objec-
tives since they often imply competing scenarios. In such a
context, the multi-objective optimization of the opportunistic
policy provides a wide spectrum of solutions so different trade-
offs may be considered and the one more suitable for the
business goals selected.

� Since the reliability model assesses the WTs failure probability
considering the operational context and the changes happening
in it, the estimates are more accurate and reflect better the real
failure behaviour of the different components which may be
influenced by different parameters. The influence of the oper-
ational context is considered in the estimates that will trigger
the maintenance actions and this fact is remarkable because it
provides a universality character to the maintenance plans
guaranteeing that the output of certain maintenance plans will
not differ for different operational contexts.

The research presented consist of theoretical and practical
foundations which gather and combine state-of-the-art contribu-
tions of the authors to the fields of reliability engineering, asset
management and O&M in the wind energy sector. The scientific
contribution of the work is the novel conjoint consideration of a
recent opportunistic maintenance policy with a recent reliability
model making use of ANN to consider the operational context. This
combination is validated through a case study in which it is
opposed to the traditional approach based on theWeibull reliability
model. In order to provide a solid validation, the case study is based
on real-field data and consists of extensive experimentation.

1.3. Overview

In order to provide a holistic and comprehensive overviewof the
contribution here presented, the classification framework proposed
by Shafiee and Sørensen [3] is utilized. In the framework five

classification criteria are decomposed into several categories,
Table 1 contains the information positioning the research here
presented according to the framework’s classification criteria.

The remaining of the paper consists of several sections that
cover the theoretical aspects, the case study and the conclusions
withdrawn from the obtained results. Section 2 depicts the theo-
retical aspects covering the maintenance strategy and the calcula-
tion of the life-cycle costs. This section explains the opportunistic
logic contemplated under a life-cycle perspective as opposed to
current practices of optimizing the first years of the maintenance of
theWTs. Then section 3 introduces the reliability model which will
support the maintenance strategy, in the section the strengths of
the model are detailed. The case study is described in section 4
which comprehends the description of the data utilized and the
adopted approach along with the obtained results. Finally, section 5
comprises the key conclusions obtained from the study and its
results.

2. Maintenance strategy

Considering the insights provided by the literature review, an
opportunistic maintenance policy is proposed to make optimal
maintenance decisions benefiting from the economic dependencies
among the WTs’ components. This maintenance strategy is inten-
ded to maximize the energy outcome of the WF whilst minimizing
the costs not only for the first operating years but the whole life-
cycle. The maintenance model has been adapted from recent
literature, and while the interested readers are addressed to see the
original model in Ref. [25], the essential aspects and characteristics
of the proposed policy are hereunder presented.

The generic problem to be considered can be defined as a WF
involving the maintenance of the WTs (h ¼ 1;2;…; H) and their
systems (i ¼ 1;2;…;N) arranged in a serial disposition for failing
purposes. Each of the systems may fail in k different failure modes
(FMs) entailing different consequences, and therefore requiring
different CM actions (k ¼ 1;2;…;K). A FM in this study is consid-
ered according to the definition introduced by Rausand and
Høyland [62] and by Crespo [63] inwhich it is themanifestation of a
failure entailing the termination of one or more functions. Besides,
not only the WF managers can decide to preventively maintain the
WTs’ systems before failure occurs, but it is possible to perform PM
at different levels (j ¼ 1;2;…;J) depending on the restoration factor
(q). If the preventive action restores the system to a state as-good-
as-new it is considered as a perfect maintenance; on the contrary, if
the PM action leaves the system in a better state than before but
still worse than new, it is considered to be an imperfect mainte-
nance being j ¼ 1 for the present model the most imperfect
maintenance and j ¼ J the perfect one (see Ref. [64] for further
details).

The opportunistic maintenance is intended to address the pre-
viously described problem and it is optimized according to two
main objectives, these objectives consider business implications
and have a life-cycle perspective. For wind energy projects, it is
essential to optimize the operational costs of the WF whilst also
minimizing the lost energy production due to downtimes in the
WTs. To mathematically describe these objectives it is important to
define corrective and preventive costs, subject to the restoration
effect (q). The corrective cost (CC) and the preventive cost (PC) can
be seen in Equation (1) and Equation (2) respectively, they consider
the materials and tools needed to perform the actions (ccik, c

pr
ik ),

energy-production opportunity cost (cna) and penalty cost (cp) in
case the supplied energy does not meet the committed level. Also,
it is important to consider some binary decision variables associ-
ated to the model in order to understand the model: zhikt de-
termines if CM action k is performed in system i of WT h in period t,
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yhikjt does the same with PM actions but the subindex j determines
the type of preventive action, qt establishes if a maintenance team
is correctively dispatched to the WF in period t and gt determines
identical action but for a preventive dispatch.

CC¼
X
h

X
i

X
k

X
t

zhikt
h
ccik

�
qcik

�2 þmc
ik ,GPtðcnaþ cpÞ

i
(1)
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X
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i

X
k

X
j

X
t
yhikjt

h
cprik

�
qprikj

�2 þmpr
ikj ,GPt , c

na
i

(2)

Another major cost element related to the costs-minimization
objective is derived from the maintenance resources (MC)
required to attend the WF, see Equation (3). They consider the
number of maintenance teams (NT), their fixed costs (cteam), and
the costs associated with their dispatches (cdisp) either preventively
(gt) or correctively (qt).

MC¼NT , cteam þ
X
t
ðgt þ qtÞ,cdisp (3)

According to the second objective of the maintenance strategy
optimization, the lost production (LP) is calculated as described in
Equation (4). To calculate the lost in every period, the maintain-
ability of CM and PM (mc

ik and mpr
ik respectively) are considered

along with the power that would have been generated in that time
(GPt calculated as in Ref. [65]).

LP¼
X
t
GPt

hX
h

X
i

X
k

mc
ik , zhikt þ

X
h

X
i

X
k

X
j

mpr
ikj , yhikjt

i

(4)

Having defined the components of the two objective functions
of the optimization, it is vital to also define the constraints. The
decision of whether preventively maintain or not a non-failed
system is taken according to reliability thresholds: DRTikt is the
threshold that compulsory dispatches a maintenance team to
perform PM and SRTikjt is the threshold to determine certain PM
action (according to j) once there is at least one maintenance team
in the WF. Every SRTj threshold must be higher than the DRT, and
they should be sorted according to their level, being the lowest the
most imperfect action threshold (see constraint in Equation (7)).
Another important constraint is the availability and working time
of the maintenance teams defined as Twt and regarded in Equation
(8). Finally, it is important to consider in the model that only one
maintenance action in the same WT is allowed for a single time
period (see Equation (9)). Therefore, having defined the terms
comprising the objectives functions, as well as the ones in the
constraints, the formulation of the model is expressed by the
following equations, where ka is the rate of the time value for

money:

OFOpex ¼ min
��½MC þ CC þþPC�,�1þ ka

��t
�

(5)

OFLP ¼minðLPÞ (6)

S.T.

0 � DRTikt � SRTik1t � … � SRTikjt � … � SRTikJt

� 1c iεI; kεK; jεJ; tεT (7)

X
i

X
k

X
j

mpr
ikj , yikjt þ

X
i

X
k

mc
ik,zikt � NT,Twt ctεT (8)

X
j

yhikjt þ zhikt � 1 hεH; iεI; kεK; tεT

zhikt ; yhikjtεf0;1g hεH; iεI; kεK; tεT ;cj ¼ 1;2
(9)

3. Reliability model

The ultimate goal of the optimization process is to find the
values of the reliability thresholds (i.e. DRTikt and SRTikjt) that
maximizes the energy production and minimizes the maintenance
costs. As the optimized thresholds will launch maintenance activ-
ities, it is vital to ensure that the estimates of components’ reli-
ability are as accurate as possible. Therefore, as stated by several
authors mentioned in the literature review, it is required to inte-
grate operational context information in the reliability models. To
such aim, a dynamic ANN-based reliability model is adopted from
thework by Izquierdo et al. [48]. The presentmodel is characterized
by a failure rate decomposed in two terms, a baseline hazard
dependent on time and an exponential part in which the opera-
tional context variables are considered as inputs of an ANN. The
mathematical formulation of the hazard function can be seen in
Equation (10); the h0ðtÞ term corresponds to the baseline hazard;
and the neural network is denoted as the function GðX;W;BÞwhere
X is the input covariates vector, W are the weights of the connec-
tions between the nodes and B collects the bias parameters of the
ANN.

hðt;XÞ¼h0ðtÞ,expðGðX;W;BÞÞ (10)

The ANN embedded in the hazard function employs as activa-
tion function the hyperbolic tangent described by Equation (11),
and the input values of the operational context are normalized
through Equation (12). As the ANN is integrated into a statistical

Table 1
Positioning of the research according to criteria in Shafiee and Sørensen [3].

Criteria Description Present research positioning

System
configuration

The type of wind power asset and the level of system
modelling

WT at component level.

Decision-making
attribute

Planning horizon, the decision-maker and the
availability of field data

Finite time horizon considering time as continuous variable.
The decision-maker are considered to be the WF owners and operators.
The data for the case study comes from field failure data.

System failure
modelling

Include the type of damage/failure and the failure
modelling approach

Both, minor and major failures are considered with grey-box models.

Optimization model Optimality criterion and the solution technique
Two optimally criteria are considered, the minimization of cost and the maximization of
power output.
The solution technique is a multi-objective model.

Maintenance
strategy

The maintenance policy and the effectiveness of the
repair actions

The opportunistic maintenance is the chosen policy considering both imperfect and
perfect repair effectiveness.
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model, the traditional training methods are of no use in this case;
however, in order to obtain the optimal weights (W) and bias (B)
values, the concept of maximum partial likelihood (introduced by
Cox [66]) is employed. The optimization consists of finding the
values that maximize the partial likelihood (L) described by Equa-
tion (13) inwhich p are all the historical failure data. As the complex
architecture of ANN involves numerous parameters and thus
considerably complicates the optimization process, a genetic al-
gorithm is employed in order to find the optimal weights (W) and
bias (B).

gðxÞ¼ expðxÞ � expð�xÞ
expðxÞ þ expð�xÞ (11)

xnorm¼ 2ðx� xminÞ
ðxmax � xminÞ

� 1 (12)

L¼
Yp
i¼1

expðGðXi;W;BÞÞP
l ε Ri

expðGðXl;W;BÞÞ (13)

Once the optimal parameters of the ANN have been obtained, if
the baseline hazard rate is considered to follow a Weibull distri-
bution, the reliability may be expressed by Equation (14) inwhich a
is the scale parameter and b is the shape parameter. If the inte-
gration is solved for an asset operating with changes in the oper-
ational parameters, the reliability model is expressed by Equation
(15) in which C i is the integration constant for the different i
operational contexts in which the asset works.

Rðt;XiÞ¼ exp
�
�
ð
b

a

�
t
a

�b�1

expðGðX;W;BÞÞdt
�

(14)

Rðt;XiÞ¼ exp
�
�
�
t
a

�g

expðGðXi;W;BÞÞþC i

�
(15)

Paying special attention at the integration constant C i and
assuming that the reliability is a continuous functionwith a value of
1 at t ¼ 0, i.e. no failure probability before start operating, the value
of the constant can be described by Equation (16). It is important to
notice that the value of the constant C icis0, can be decomposed
into three terms:

�
�
ti
a

�g

. It is reasonable to reckon that the changes in the oper-
ational context do not affect the asset equally along the span of
its operating time. This term explains such logic, the affection
that a change may have on the asset depends on its technical
characteristics, thus the scale (a) and shape (b) parameters, and
on the moment at which the changes happen (ti).

� ðexpðGðXi;W;BÞÞ�expðGðXi�1;W;BÞÞ . The impact that an
operational context change may have on an asset is going to
depend on how different the new conditions are from the pre-
vious, such information is integrated into this term.

� C i�1 . By the recurrence of taking into account its previous
value, the model is integrating information from previous
operational context changes. It means that the system’s current
probability of failure is also affected by the operational changes
suffered in its past operating time.

C i¼

8>>><
>>>:

0 ci¼0

�
ti
a

�g

ðexpðGðXi;W;BÞÞ�expðGðXi�1;W;BÞÞÞþC i�1 cis0

(16)

As can be seen, the model integrates the changes in the opera-
tional context, which are not specified but defined according to
time periods allowing dynamic calculation of reliability in different
time intervals, which don’t have to be of the same length. Besides,
by embedding into a statistical model the architecture of ANN it is
possible to integrate information regarding interactions among
operational context’s variables and some other hidden phenomena
without ‘a priori’ defining them.

4. Wind energy case study

To test if the integration of the operational context-aware reli-
ability model with opportunistic maintenance policy provides a
solid approach to maintenance management, a case study based on
real field data is proposed. However, due to the stochastic processes
entailed by maintenance management, it is difficult to adopt an
analytical resolution method. Therefore a simulation-based is here
presented since it has proven to effectively characterize the main-
tenance processes and its optimization [41,42,67]. The logic un-
derlying the simulation is represented in the flowchart of Fig. 1. It
can be seen how the dynamic ANN-based reliability models
calculate the reliability of the components in every period and then
the values are comparedwith the opportunistic threshold to trigger
maintenance actions if necessary.

Considering that the research pursues more than one objective,
i.e. minimization of costs and lost energy production, a multi-
objective algorithm must be implemented. To this aim, the Non-
Sorted Genetic Algorithm II (NSGA-II) has been implemented as it
has proven to be useful for providing high-quality non-dominated
solutions on the Pareto front [19,25,68]. Accordingly, the optimal
maintenance strategies will be obtained by the joint use of the
simulation and the optimization. On the one hand, The simulation
allows evaluating in every iteration of the NSGA-II algorithm the
results of certain maintenance strategies in terms of cost key per-
formance indicator (KPI) and energy lost KPI. Whilst, on the other
hand, the optimization will guide the maintenance thresholds to-
wards their optimal according to the NSGA-II logic.

Since the scope of this research is to demonstrate the added
value provided by a reliability model with operational context in-
formation integrated into the maintenance policy, this scenario has
been compared with one applying a traditional Weibull reliability
model. Besides, this research is also intended to evidence that the
optimization should be done considering thewhole life-cycle of the
project as opposed to current practices of optimizing the first 5e10
years of the project as a part of the warranty plans. Therefore, ac-
cording to these aims the case study described in Fig. 2 presents the
optimization of 4 scenarios:

Scenario A - Weibull reliability model and 7 years optimiza-
tion. In this scenario, a traditional two-parameter Weibull
model is adjusted for the failure data of every FM of the WTs
studied. Having the parameters of the Weibull models, the
opportunistic policy is optimized for the first years of the WF
operating time. Then it is evaluated how the optimal strategy for
the 7 years behaves in a life-cycle, i.e. 20 years, perspective,
obtaining several cost and energy lost KPIs for the different
strategies which comprehend the Pareto-front.
Scenario B - Weibull reliability model and 20 years optimi-
zation. In this scenario, a Pareto front is obtained from the
optimization of the maintenance strategy for 20 years. The
reliability estimates triggering maintenance actions are calcu-
lated with the adjusted Weibull models for every FM.
Scenario C - Dynamic ANN-based reliability model and 7
years optimization. In this scenario, a dynamic ANN-based
reliability model is adjusted for every FM and then embedded
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in the simulation to optimize the maintenance for 7 years.
Having optimized the reliability thresholds for 7 years, it is
tested the output these thresholds render in a 20 years life
period.
Scenario D - Dynamic ANN-based reliability model and 20
years optimization. In this scenario, the simulation is with the
same models of Scenario C but optimizing the thresholds for 20
years ensuring that the maintenance policy is not optimal for
first years of operating time but for the life-cycle of the project.

The comparison of the four scenarios will be later on presented.
Firstly, the optimizations for the 7 years are compared (scenarios A
and C) to see if in the short term the model integrating the oper-
ational context provides better solutions than the Weibull model.

The strategies provided by these two optimizations then are pro-
jected in the long term to see their performance in spite of not
being optimal. Then, the optimizations for 20 years (scenarios B and
D) are compared among them and with the 20 years projections of
the previous 7-years optimizations.

It is done so it can be seen how a life-cycle perspective provides
better solutions evenwith a traditional reliability model (scenario B
compared with scenario A). Then both are compared with a
maintenance plan optimized for the early years but with a model
integrating operational context information (scenario C compared
with B and A). Finally, scenario D will be compared with the pre-
vious to see how the dynamic ANN-based model in a life-cycle
perspective provides the best results in terms of costs and energy
loss.

Fig. 1. Simulation chart.

Fig. 2. Case study procedure chart.
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4.1. Case description and data considerations

The case study presented in Fig. 2 is based on real field data
provided by a wind energy OEM and comes from over 300 onshore
WTs of 1.67 MW (MW)which are operating in different locations in
the north of Spain, and therefore they are exposed to multiple
operational conditions. The field data comprises a period of over 12
years and includes two databases coming from the historic main-
tenance records and the SCADA information. The SCADA data
contained information regarding the alarms and states of the WTs
along with sensors information, and the maintenance records
contained the carried maintenance activities with the corre-
sponding associated costs. Both databases were combined by
identifying the patterns of the failures in the alarms and states and
linking themwith the corresponding maintenance actions in order
to build a single RAM (Reliability, Availability, and Maintainability)
database containing the different Times Between Failure (TBFs), the
associated costs and the operational conditions. The obtained RAM
database was validated and contrasted with the know-how and
opinion of experts in WTs operators and WTs OEM, and it is
nowadays used to support data-driven decision-making processes.

For the simulation, a WF consisting of 62 WTs is considered.
EveryWT consist of four main components (N ¼ 4) and each one of
the components has minor and major failures (K ¼ 2). The
considered components correspond to four critical systems from
the maintenance perspective: gearbox, blades, yaw, and pitch.
Therefore there are two FMs for every component, and for every of
them it is considered perfect and imperfect maintenance levels
with corresponding restoration factors of qprik2 ¼ 1 and qprik1 ¼ 0:75
respectively.

Regarding the cost structure, the costs considered in the simu-
lation are those regarded as relevant to analyse the maintenance
management from a life-cycle perspective. The cost of a mainte-
nance team consisting of 2 workers is considered to be 800V/day,
105V/MWh as an opportunity cost and 35V/MWh as the penali-
zation cost. Likewise, each component has its corresponding ma-
terial cost for which the interested readers are addressed to
Ref. [69]. The cost of PM is considered to be 30% lower than CM and
a discount rate of 5% is considered for the annualized life-cycle cost
analysis.

4.2. Dynamic ANN-based reliability models fitting

According to the reliability model description in Section 3,
before embedding the models in the simulation it is necessary to
select the optimal ANN architecture for the different FMs. To this
aim, several architectures have been proposed and optimized, up to
twelve different models have been fitted for every one of the FMs,
each one of the models consisting of two hidden layers from 1 up to
4 neurons in each layer. The maximization of the value obtained for
the partial likelihood has been the criterion adopted as a basis to
choose the most appropriate configuration of hidden layers and
nodes. In Fig. 3, it can be seen for every FM the obtained values of
the partial likelihood in every model with a specific ANN archi-
tecture. As it can be seen in Fig. 3, in most of the cases, even the
simpler models of ANN are able to consider the impact the opera-
tional context considering that in most of the failure modes every
configuration reaches similar values of the partial likelihood value
and being that the reason for not increasing the complexity of the
neural networks. Nonetheless, from these values, the optimal dy-
namic ANN-basedmodels are selected to be embedded in everyWT
of the simulation.

Once the best architectures of the ANNs in themodels have been
selected for every FM, with their corresponding parameters opti-
mized, the following step is to fit the baseline parameters.

Therefore for every FM, there is one dynamic ANN-based reliability
model with a specific ANN architecture and specific shape param-
eters, this information is detailed in Table 2. These will be the
models that are embedded in the simulation, for every agent cor-
responding to a WT eight ANNs are calculating the daily impact of
operational context on each FM’s probability of failure.

4.3. Simulation results

With the dynamic ANN-based reliability models adjusted, it is
possible to optimize the opportunistic maintenance strategies ac-
cording to the two previously defined objectives, minimization of
costs and lost energy production. The optimization for each of the
scenarios previously defined will provide a set of solutions con-
sisting of maintenance thresholds which lead to a Pareto front of
the solutions trade-off among the two competing objectives. These
two competing objectives, as it can be seen in Fig. 5 and b, are the
Cost (in V) and the Loss of Power (in Mw/h). The costs considered
are the ones stated before in subsection 4.1 and the Loss of Power
indicator measures the production of energy lost due to downtime
in the WTs caused by failures or maintenance activities. The Loss of
Power is calculated according to the average wind speed in each
period following themethod proposed in Refs. [25,65]. Accordingly,
Fig. 5 and b represent the possible trade-off of these objectives as a
Pareto front of the maintenance strategy optimization for 7 and 20
years correspondingly.

Firstly, the scenarios for 7 years have been optimized and rep-
resented in Fig. 5, in that period the traditional Weibull reliability
and the dynamic ANN-based reliability provide sets of 4 and 6
optimal solutions respectively as it can be seen in Fig. 5. As it was
expected, in a 7 years projection of the optimal strategies using
both reliability models, the dynamic ANN-based model provides
better results (see Fig. 4a). Besides, not only the results are better,
but the model integrating the operational context allows to offer
levels in terms of costs and lost energy levels otherwise unreach-
able for traditional reliability models (see strategies C2 and C4 in
Fig. 4a).

However, to explore how the strategies optimized for 7 years
perform in a life-cycle scenario, they have been projected to 20
years (see Fig. 4b). The obtained results for the 20 years projections
have been surprising, yet they provide enlightening findings. As it
can be observed in Fig. 4b, the strategies following aWeibull model
still provide worse results in general than the ones of the dynamic
ANN-based reliability, but for certain strategies the results are quite
similar (see strategies A4 and C2 in Fig. 4b). The remarkable fact
underlying this finding is that an optimal strategy for a different
span misbehaves in a different time scenario in spite of relying on
better the reliability estimates.

Turning now to scenarios B and D represented in Fig. 5, where
the optimization of the opportunistic maintenance strategy for 20
years is considered with both reliability models, Weibull model and
dynamic ANN-based model respectively. It can be seen how the
optimization for the Weibull model provides a set of 7 solutions
whilst the optimization for the dynamic ANN-based model pro-
vides a set of 3 solutions. It is important to observe the results in
Fig. 5a, as it happened in the 7 years scenarios, the solutions of the
dynamic ANN-based model reach levels of costs and lost energy
production which are unreachable for the Weibull model. In Fig. 5b
it can be seen that the optimization for 20 years performs consid-
erably better.

As it can be seen in both scenarios, 7 years and 20 years, the
model based on ANN renders better reliability estimates resulting
in improved strategies in term of costs and loss of power. By further
exploration of the reliability estimates of both models, the Weibull
model and the dynamic reliability based on ANN, the better results
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of the latter model can be explained by two reasons. In the first
place, as the model based on ANN considers the operational con-
ditions, it takes into account both, low and high-stress periods and
influences the calculation of the reliability accordingly ensuring

that the maintenance actions are actually performed in the optimal
threshold, however, the Weibull model only considers the opera-
tional time rendering less accurate estimates. The second reason
behind the better performance of the ANN model is derived from

Fig. 3. Partial likelihood values for all ANN models.

Table 2
Optimal Dynamic ANN-based models details for every FM.

Failure Mode ANN Architecture ANN Number of parameters Partial Likelihood Shape parameter Scale Parameter

Blades Major 2e3 21 �4476.486 6.27 3259.3
Blades Minor 3e4 30 �4414.759 3.28 3410.4
Gearbox Major 2e2 15 �4477.709 7.53 3122.8
Gearbox Minor 3e3 28 �4434.685 5.42 1148.4
Pitch Major 3e4 33 �4201.663 8.41 604.4
Pitch Minor 4e4 37 �4294.931 4.99 408.9
Yaw Major 4e4 41 �4313.041 8.11 1707.6
Yaw Minor 4e4 37 �4250.076 5.30 1750.8

Fig. 4. Optimal Strategies for 7 years.
* It is important to note that in Fig. 4b the dots are not connected because as the optimal strategies have been projected to a 20 years scenario they are not optimal and thus, they do
not conform a Pareto front.
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the first reason and the effect of imperfect maintenance since the
Weibull model provides inaccurate estimates, the effect of the
imperfect maintenance action cannot be properly addressed (i.e. if
the state before the maintenance is not properly assessed, the state
after will hardly be) and this provokes the error in the estimates to
widen and propagate over time.

Besides, a remarkable finding is how the optimal strategies for
dynamic ANN-model yield substantially better results in a 20 years
scenario in comparison with the Pareto front in the 7 years (see
Fig. 4a). The reason leading to these differences to be more signif-
icant in a 20 years scenario is the fact that inaccurate estimates
accumulate undue costs for a longer span. The conjoint application
of opportunistic maintenance and the dynamic ANN-based model
ensures that the maintenance actions are performed in the most
suitable moment. Besides, Fig. 5b shows evidence of the impor-
tance of optimizing the maintenance strategy for the life-cycle
since the 20-years optimized strategy based on a Weibull model
outperforms the 7-years optimal strategies based on the dynamic
ANN-based model.

5. Concluding remarks

The research presented in the paper was intended to provide an
approach to reduce not only the O&M costs of wind energy projects
but the associated uncertainty as well, in order to increase the
attractiveness of wind energy projects for possible investors. The
approach proposes to optimize the maintenance strategy according
to several objectives bymeans of two state-of-the-art technologies:
i) an opportunistic maintenance policy which allows considering
the economic dependencies of the WTs performing maintenance
actions in the most suitable moments; and ii) more accurate reli-
ability estimates of theWTs’ components through a dynamicmodel
considering operational context through the capabilities of ANN.
Besides, the research also intended to provide a scientific basis to
confirm that maintenance optimizations for the early years of the
WFs are misaligned with the best strategies for the life-cycle.

The proposed approach has been validated with a case study
that is based on real-field data and consists of intensive experi-
mentation. Thought the case-study validation, interesting results
have been presented, these results entail relevant conclusions from
the research and the practical perspectives. It has been seen how

the integration of the opportunistic maintenance with the dynamic
ANN-based model provides the best results in the long term when
the strategy has been optimized for the life-cycle. Not merely does
it provide the best results, but this conjunction of technologies
enables to reach a wider solutions space and therefore offers in
terms of costs and availability otherwise unreachable. Besides, the
importance of optimizing the strategy for a life-cycle span has been
also proven, since 20-years optimized strategy based on traditional
reliability estimates shows better results than the one optimized for
a shorter period but with better estimates. And more importantly,
by considering the operational context in the reliability estimates
the definition of the optimal maintenance strategy is disentangled
of the working environment and therefore acquires a more uni-
versal character whilst maintaining its optimality nature.

Nonetheless, the work and the case study give rise to interesting
questions and thus promising lines to further develop the research.
The current application comprises a WF in which every turbine is
identical to each other; however in practice, this is not always true,
so it would be interesting to explore the problemwhen several WT
models are considered. Moreover, it would be appealing to study
the performance of optimal maintenance strategies for different
sizes of WFs. The future research lines show evidence that there is
still margin to keep increasing profitability not only of wind energy
projects but other energy sources as well if these technologies are
extrapolated.
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The increasing interest in renewable energies has nurtured their development being especially notorious in wind
energy. As it is essential to ensure the profitability of wind energy projects, the Operations & Maintenance activities
have gained attention as a good source to reduce costs and improve wind turbine’s availability. In this context,
policies such as opportunistic maintenance and reliability models based on artificial intelligence capabilities stand
out as powerful tools to improve costs and energy production. In the literature is possible to find several proposals
maintenance and reliability models optimized under a life-cycle perspective of the wind farms (WFs). Nonetheless,
a considerable amount of WFs have been operating several years by now under a non-optimal maintenance strategy
and it is difficult to decide whether it would be profitable to invest in a change of the maintenance management
strategy. Therefore, in the present paper, it is proposed an approach to assess the feasibility of investment to
undertake an in-life change of the maintenance strategy to an optimal one. For such purpose, a case study based on
real field data is presented, consisting of several simulated scenarios for the life-cycle of a WF.

Keywords: Wind energy, Reliability, Maintenance management, life-cycle, Artificial Neural Network

1. Introduction
It has been made clear by academia, practitioners
and governments along the world that there is an
important urge for a shift towards renewable ener-
gies (Shafiee and Sørensen, 2017). This spotlight
in renewable energies has fostered their growth
(Adaramola et al., 2011), specially in the wind
energy sector as the 2018 leader at new installed
capacity in the European Union (WindEurope,
2019). Nonetheless, in order to ensure the prof-
itability of wind energy projects the Levelized
Cost of Energy (LCoE) of such projects should
be reduced to their minimum by minimizing ex-
penses whilst maximizing the energy production
(Izquierdo et al., 2019). Thus, there is an im-
portant number of works aiming at reducing the
LCoE by addressing Operations and Maintenance
(O&M) costs (Byon et al., 2010). It is this the
context in which lies the research here presented,
more specifically it is intended to address the
maintenance strategy to reduce life-cycle costs of
wind farms.

1.1. Related works
The wind farms (WF) operators are determined to
maximize the return on investment of the projects
and this determination is driving the development
of new tools designed to support the decision-
making process of maintenance strategies (Ozturk
et al., 2018). The works regarding maintenance
management of wind farms are mainly oriented
towards two objectives, minimize the cost whilst
maintaining high levels of availability (Erguido
et al., 2017). Seeking to optimize the maintenance
strategy it is essential to rely on physical and sta-
tistical knowledge along with technical know-how
(Sainz et al., 2009). Nonetheless, it is possible
to see nowadays that the most extended practice
is Corrective Maintenance (CM) and some at-
tempts to implement time-based Preventive Main-
tenance (PM) and Conditioned Based Mainte-
nance (CBM) (Ding and Tian, 2012). It is the
latter the widest researched maintenance policy
in the recent years nurtured by the expansion of
facilitators such as artificial intelligence, digital-
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isation and cloud communication (Schmidt and
Wang, 2018), and there are several studies which
have proven CBM to be cost effective (Horenbeek
et al., 2013). Nonetheless, and in spite of the
benefits of CBM policies, it is crucial that the
maintenance strategy takes into account the de-
pendencies among the subsystems of the wind tur-
bines (WT) which can be classified as stochastic,
economic and structural (Ding and Tian, 2011).

This research is mainly addressed to deal with
the economic dependencies while the others are
simplified. One of the most extended poli-
cies in the literature for considering the eco-
nomic dependencies among the subsystems in the
WTs is the opportunistic maintenance (Wang and
Pham, 2006), which, according to recent studies,
stands as an approach capable of achieving impor-
tant benefits (Abdollahzadeh et al., 2016). The
premise in which this policy is based consist of
taking advantage of short-term circumstances to
performed PM on non-failed systems when CM is
needed on others (Erguido et al., 2017). For in-
stance, the work of Besnard et al. (2009) proposes
a reduction in maintenance cots by performing
CM and PM jointly in low wind speed periods.
Several studies considers multiple policies such
the proposal of Zhu et al. (2016) combining CM,
periodic routines, and opportunistic maintenance;
or the work of Tian et al. (2011) developing an
opportunistic maintenance policy based on CBM
indicators. The reviewed works rely on indicators
regarding the failure probability or the state of the
asset to launch the maintenance actions, see for
example the work of Ding and Tian (2011) where
the trigger is based on the mean time to failure
or the work of Abdollahzadeh et al. (2016) using
reliability estimates as indicators. And while most
of the works are focused on reducing maintenance
costs along the life-cycle of the WFs, it is also
possible to find optimizations that considers not
only the reduction of costs but the maximization
of energy production as well for the full life-
cycle like the work of Erguido et al. (2017) or the
research in Atashgar and Abdollahzadeh (2016).

It is noticeable in the above mentioned works,
how the maintenance decision is always based on
thresholds regarding the system’s age, reliability
or health condition. Accordingly, it is key to
feed the decision-making process of the oppor-
tunistic policy with reliable and accurate estimates
(Izquierdo et al., 2019). Nonetheless, it has been
discussed in the literature that traditional relata-
bility estimation models involve assumptions and
simplifications leading to inaccurate estimations,
like the assumption that the asset have the same
function, operate in the environment or have the
same working profile (Weber et al., 2012). There-
fore some recent works have proposed novel reli-
ability models which avoid assumptions and un-
certainty by taking into account the operational
conditions of the WTs, e.g. the work of Wu et al.

(2019) or the research in Mazidi et al. (2017).
An interesting method to integrate the information
regarding the operational context which has at-
tracted considerable amount of attention and have
shown promising results are the artificial neural
networks (ANN), thus, their application can be
seen in works such as the one of Al-Garni and
Ahmad (2010) or the one of Fink et al. (2014).
It is worth considering the application of ANN
in a novel dynamic reliability model in the work
of Izquierdo et al. (2019) where the continuous
changes in the operational context are taken into
account.

1.2. Motivation and contribution
By the now it is already clear the key role that
O&M plays in the profitability of wind energy
projects. Academics and practitioners have agreed
on the need to reduce the cost derived from
the maintenance activities and for such purpose
a proper maintenance management strategy is
needed. In this context, the opportunistic main-
tenance strategy strikes as a useful approach ca-
pable of reaping the desired benefits, not only in
terms of cost reduction but in terms of energy
production maximization as well. Nonetheless,
in order to ensure the effectiveness of the oppor-
tunistic maintenance strategy, it is essential that
the maintenance actions are triggered based on
a reliability model rendering accurate estimates.
The reliability models integrating the information
regarding the operational conditions of the assets
have proven to be able to provide more accurate
estimates, specially when they make use of artifi-
cial intelligence algorithms such as ANN.

The reviewed works provide evidence and
methods for optimizing the life-cycle costs and
energy production of the wind farms based on op-
portunistic maintenance and advanced reliability
models. The life cycle of a WF usually comprises
a time period of around 20 years of operation
and the literature provide methods to optimize
the maintenance from the beginning to the end
of the life. Nonetheless, the reality is that there
is an important number of WFs that have been
operating during several years under a non opti-
mal maintenance strategy by now, and to best of
authors knowledge the literature does not provide
evidence on whether to optimize the maintenance
management of the remaining years nor does it
provide methods or approaches to assess the prof-
itability of the investment required to change to
an optimal maintenance strategy and advanced
reliability models.

It is the motivation of the research herein pre-
sented to set a step forward addressing such issue.
The work in this article contributes by providing
an approach to assess the feasibility of chang-
ing the maintenance strategy of an operating WF
from a non-optimal strategy to an optimal based
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on advanced reliability models. For such aim,
an opportunistic maintenance policy supported
by a dynamic reliability model based on ANN
(both described in Section 2) is optimized through
simulation-based optimization mechanisms in a
WF which has been operating under non-optimal
conditions for an important part of its life-cycle.
This scenario is compared with a full life-cycle
optimal and with a full life-cycle non-optimal
through a case study in Section 3. Therefore,
this comparison provides the data necessary to
assess the feasibility of investing the resources
needed to perform the change in the maintenance
management. And finally section 4 presents the
conclusions obtained from the case study and the
results.

2. In-life change of maintenance strategy
According to the motivation section, the research
in this paper aims at proving an approach to study
the feasibility of changing the maintenance man-
agement strategy in a WF that has been operating
during several years. The proposed approach is
to consider the years in which the WF has been
operating under a non-optimal maintenance plan
and from that time develop a simulation-based
optimization that will optimize the maintenance
strategy for the following years until the end of the
life-cycle. Besides, the optimized maintenance
strategy will be basing the triggering of the actions
in the reliability estimates of an advanced model.
The aforementioned model has been adapted from
recent literature and it estimates reliability with
ANN capabilities according to operating time and
the dynamic consideration of daily operational
context.

It is worth noticing that the novel in-life change
to optimal maintenance strategy proposed in the
present approach differs from traditional opti-
mizations of maintenance plans because it con-
siders that the first years of the life-cycle the WF
has been operating under a non-optimal scenario.
Nonetheless, in order to properly understand the
implications of the research as well as its novelty,
it is presented the proposed approach opposed to
a full-life optimal scenario in which the mainte-
nance is optimal during the entire life cycle and
also opposed to a full-life non-optimal scenario
in which the suboptimal maintenance is simulated
during the life-cycle of the WF.

2.1. Maintenance strategy
Considering the reviewed literature works, the
chosen maintenance strategy to be optimized is an
opportunistic maintenance that will benefit from
the economic dependencies of the WTs. The
model employed in this research has been adopted
from previous work of the authors and whilst the
essential aspects of the model are hereunder pre-

sented, the readers further interested are addressed
to the original work in Erguido et al. (2017).

The definition of the generic problem is the
maintenance of a WF involving several WTs (h =
1, 2, ...,H) and their systems (i = 1, 2, ..., N ) in
serial disposition from a WT functional failure
perspective. Besides, each system may fail in K
failure modes (FMs) associated with specific CM
actions (k = 1, 2, ...,K). And whilst it is possible
to perform PM actions, they may be different
(j = 1, 2..., J) depending on the restoration factor
q; being j = 1 the most imperfect action and the
most perfect maintenance (j = J) the action that
leaves the system in a state as-good-as-new.

The objective of the optimization of the main-
tenance strategy is on the one hand, to minimize
the total costs. Accordingly, Equations 1 and 2
define the calculation of Corrective Costs (CC)
and Preventive Costs (PC) correspondingly where
the costs of materials and tools are considered
(ccik, cprik ), along with the energy production op-
portunity costs (cna) and the penalty when energy
production does not meet committed level (cp).
Besides, in the definition of the costs it is im-
portant to regard some binary decision variables:
zhikt to determine CM action k in the system i of
the h WT at time t, and yhikjt for PM actions but
subindex j refers to the type of preventive action.
Furthermore, the cost minimization objective also
requires to define the costs of the maintenance
resources (MC) needed to operate the WF which
have been defined according to Equation 3 con-
sidering the number of maintenance teams (NT),
their fixed cost (cteam) and the costs of dispatch-
ing them (cdisp) either correctively θt or as a part
of preventive maintenance γt.

CC =
∑

h

∑

i

∑

k

∑

t

zhikt[c
c
ik (q

c
ik)

2 (1)

+mc
ik ·GPt (cna + cp)]

PC =
∑

h

∑

i

∑

k

∑

j

∑

t

yhikjt[c
pr
ik

(
qprikj

)2
(2)

+mpr
ikj ·GPt · cna]

MC = NT · cteam +
∑

t

(γt + θt) · cdisp (3)

On the other hand, the multi-objective opti-
mization also considers the minimization of the
production of energy and for such aim the lost
energy production has been defined according to
Equation 4 considering the maintainability (mc

ik

and mpr
ik ) in CM and PM respectively along with

the power that would have been generated in that
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time (GPt, calculated as proposed in Karki and
Patel (2008)).

LP =
∑

t

GPt

[∑

h

∑

i

∑

k

mc
ik · zhikt + (4)

∑

h

∑

i

∑

k

∑

j

mpr
ikj · yhikjt

]

Having defined the main components of the
maintenance objectives, the multi-objective opti-
mization problem can be described with Equa-
tions 5 and 6 where the time value of money is
integrated by the ka term. Below the constrains
are defined, in Equation 7 the thresholds to dis-
patch maintenance are described, DRTikt is the
threshold to dispatch compulsory PM actions, and
SRTikjt dispatch different PM actions according
to j (from the most imperfect to perfect mainte-
nance) but only if there is a maintenance team
in the WF. Accordingly, the SRTikjt thresholds
should be sorted according to their level being the
lowest the most imperfect, and all of them should
be higher than DRTikt. Equation 8 establishes
that the working time of maintenance teams (Twt)
is not higher than their availability. And finally,
constrain in Equation 9 ensures that only one
action is performed on the same WT in a single
time period.

OFOpex = min(([MC + CC ++PC] (5)

·(1 + ka)
−t)

OFLP = min (LP ) (6)

S.T.

0 ≤ DRTikt ≤ SRTik1t ≤ ... ≤ SRTikjt
≤≤ ... ≤ SRTikJt ≤ 1 iεI, kεK, jεJ ; tεT

(7)

∑

i

∑

k

∑

j

mpr
ikj · yikjt +

∑

i

∑

k

mc
ik · zikt

≤ NT · Twt ∀tεT
(8)

∑

j

yhikjt + zhikt ≤ 1hεH, iεI, kεK, tεT (9)

zhikt, yhikjtε {0, 1}
hεH, iεI, kεK, tεT,∀j = 1, 2

2.2. Reliability model
The multi-objective optimization will try to find
the best values of the reliability thresholds
(DRTikt and SRTikjt) in order to minimize cost
and lost of power. Thus, the calculation of the
thresholds must be accurate and in order to ob-
tain precise estimates it is necessary to integrate
the operational context in which the WTs are
working, as stated by the works reviewed in the
literature. For such reason the dynamic reliability
model based on ANN introduced by Izquierdo
et al. (2019) has been chosen as a suitable option
for the problem ahead. The model proposes a
hazard function defined by a baseline hazard as a
function of the operating time (t) and an exponen-
tial part of the output of an ANN. The formulation
of the hazard function can be seen in Equation 10
where h0(t) is the baseline hazard; and the neural
network is denoted as the function G(X,W,B)
being X is the input covariates vector of the
operational context, W are the weights of the
connections between the nodes and B collects the
bias parameters of the ANN.

h(t,X) = h0(t) · exp (G(X,W,B)) (10)

Regarding the ANN part of the model, it is
necessary to specify, that the input are the values
that different operational context variables take
but being normalized according to Equation 11.
Besides, the hidden nodes in the ANN employ
the hyperbolic tangent function as an activation
function, it is described by Equation 12. It is
important to remark the fact that the ANN is
integrated into a statistical model, therefore, the
traditional methods are useless for obtaining the
optimal values of the weights and bias terms in the
network. Accordingly, the concept of maximizing
the partial likelihood is utilized in this model to
fin the optimal weights and bias, by means of a
genetic algorithm the optimal weights and bias
are obtained for the maximum value of partial
likelihood defined in Equation 13.

xnorm =
2(x− xmin)

(xmax − xmin)
− 1 (11)

g(x) =
exp(x)− exp(−x)
exp(x) + exp(−x) (12)

L =

p∏

i=1

exp(G(Xi,W,B))∑
l εRi

exp(G(Xl,W,B))
(13)

Once the values of the weights and the bias
terms that maximizes the value of the partial like-
lihood, it is possible to fit the baseline hazard
to a Weibull distribution in which α is the scale
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parameter and β is the shape parameter. There-
fore, the reliability of the WTs systems can be
described according to Equation 14 where Ci is
the integration constant that will enable the dy-
namic capabilities of the model and it is defined
by Equation 15.

R(t,Xi) = exp

(
−
(
t

α

)γ
· (14)

·exp(G(Xi,W,B)) + Ci
)

Ci =





0 ∀i = 0

(
ti
α

)γ
(exp(G(Xi,W,B))

−exp(G(Xi−1,W,B))) + Ci−1 ∀i 6= 0

(15)

Looking at the definition of Ci it can be
seen that the reliability of the systems will
no only be influenced by the operational con-
text variables but for their change in terms
of when it happened (in the

(
ti
α

)γ
factor),

the difference of the new conditions with
respect the previous ones (regarded in the
(exp(G(Xi,W,B))− exp(G(Xi−1,W,B))
factor) and other previous changes that may had
happened (as a recursive integration of the con-
stant Ci−1).

3. Case study
In order to provide with an example on how to as-
sess if it is feasible to change to an optimal main-
tenance strategy based on an advanced reliability
model liker the one presented, this case study
based on real field data is presented. However, due
to the stochastic nature of the maintenance man-
agement processes, a simulation-based approach
is adopted. The optimization of the maintenance
management presented in this research consist of
a multi-objective optimization in which the costs
are minimized and the lost of energy production
as well. Accordingly, a multi-objective algorithm
should be employed for such purpose the Non-
Sorted Genetic Algorithm II (NSGA-II) is applied
and will render a set of non-dominated solutions
according to both objectives that will be later on
represented in a Pareto front. The study here pre-
sented compare three different scenarios in order
to provide a method to evaluate the feasibility of
investing in maintenance management improve-
ments during the life of wind energy project, the
scenarios are the followings:

1. Full-life non-optimal maintenance. In this
scenario there is no optimization involved, a
non-optimal strategy is selected and by means
of simulation this strategy is projected through
20 years (approximate lifetime of a WF) whilst

monitoring the costs and the lost energy pro-
duction.

2. In-life change to optimal maintenance. In this
scenario, the behaviour of the WF is simu-
lated under a non-optimal maintenance strat-
egy during 7 years. Then, the maintenance
strategy is optimized being the estimated of
the thresholds calculated by the ANN-based
dynamic reliability considering the daily op-
erational conditions. Then a Pareto front of
non-dominated optimal solutions is rendered
and the one with the lowest cost is compared
with the other scenarios considering 7 years
of suboptimal operation plus 13 years with
optimal operation.

3. Full-life optimal maintenance. This scenario
represents the most optimal case in which the
opportunistic maintenance relying on the dy-
namic ANN-based reliability has been opti-
mized for a 20 years period. Then, the solution
with the lowest costs in the Pareto front it is
simulated for the entire life-cycle of the WF
and compared with the other two scenarios.

The comparison of the case study is presented
in the subsection 3.2, but previously some im-
portant information regarding the case study is
presented.

3.1. Reliability models and maintenance
optimization

The case study is based on real field data provided
by a WTs OEM and comes from over 300 turbines
of 1.67 MW in the north of Spain operating under
different conditions, the data correspond to main-
tenance records and SCADA data from a period
of 12 years. From this data, the maintenance
actions and the SCADA states and alarms have
been mapped and it was possible to identify 4
components (N=4) and two failure modes in each
one of them (K=2) for which a dynamic reliability
model based on ANN could be fitted (see Table 1
for more details of the fitted models).

For the case study, it was simulated a WF con-
sisting of 60 WTs, each one of them with four
components and two failure modes for each one
(the same ones as the reliability models). Each
day of the simulation each one of the WTs will
have 8 ANN-based reliability models calculating
the evolution of the probability of failure for each
one of the failure modes of each component.
Besides two levels of maintenance are consid-
ered, perfect and imperfect maintenance with their
corresponding restoration factors qprik2 = 1 and
qprik1 = 0.75 respectively.

Regarding the costs structure of the simulation
case, the cost of a maintenance team formed by
2 operators is considered to be 800e/day, the op-
portunity cost of not produced energy 105e/MW
and 35e/MW as a penalization cost. The cost of
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Failure Mode* ANN
Architecture

ANN Number
of parameters

Partial
Likelihood

Shape pa-
rameter**

Scale pa-
rameter**

Blades Major 2-3 21 -4476.486 6.27 3259.3
Blades Minor 3-4 30 -4414.759 3.28 3410.4
Gearbox Major 2-2 15 -4477.709 7.53 3122.8
Gearbox Minor 3-3 28 -4434.685 5.42 1148.4
Pitch Major 3-4 33 -4201.663 8.41 604.4
Pitch Minor 4-4 37 -4294.931 4.99 408.9
Yaw Major 4-4 41 -4313.041 8.11 1707.6
Yaw Minor 4-4 37 -4250.076 5.30 1750.8

* Failure Modes consider the lost of the function as a consequence of the failure of a subsystem.
** Units are in days.

the materials has been adopted from literature, see
the work of Martin-Tretton et al. (2012). Besides,
the CM is considered to a 30% lower than the PM
actions. And finally, the discount rate to annualize
the time value of money is 5%.

3.2. Results
Having defined the cost and once the models have
been fitted and embedded into the simulation, it
is possible to optimize both scenarios 2 and 3
then study the solutions rendered. The results
of both optimizations can be seen in Figure 1 as
two Pareto fronts representing the non-dominated
solutions for a full-life operation under an optimal
plan versus the in-life change at the 13th year to
an optimal maintenance strategy.

Fig. 1. Paretos

As it can be seen in Figure 1, the operation
for the entire life under an optimal maintenance
plan provides better results in terms of energy
production loss and also costs, rendering solutions
unreachable for an scenario in which the first 7
years of the life the WF is not operating under

an optimal maintenance strategy. Nonetheless,
in order to compare the three scenarios afore-
mentioned, one of the solutions corresponding to
each strategy has been simulated and the two of
them have been compared with a non-optimal sce-
nario. Besides, as the simulation is representing
an stochastic process that involve non determin-
istic solutions, each scenario has been simulated
several times in order to address the uncertainty
involve by each scenario and accordingly their
average performance is represented in Figure 2
along with the variability observed in the simu-
lations.

Taking a closer look at the end of the life-cycle
of the three scenarios allows to a better appreci-
ation of the scenarios. It is possible to do so in
the graphs depicted in Figure 3, it is possible to
see how the In-life change of maintenance strategy
to an optimal based on an advanced reliability
model provides better results in terms of costs and
loss of energy production. Indeed, the costs im-
prove a 2.65% on average which represents over
3.2 millions of euro for the case study presented.
That would represent on average the break-even
quantity that the WF operator could invest in a
program to upgrade maintenance strategy to the
optimal one. Besides taking a look at the energy
production loss, it is possible that the maintenance
optimization is very effective here and that the
non-optimal scenario involves quite more variabil-
ity than the other two. Besides it is possible to see
that the In-life change provides similar losses to
the most optimal scenario and it renders a 10%
improvement on average with respect the non-
optimal scenario.

4. Concluding remarks
The presented work describes an interesting ap-
proach to assess the feasibility of investing in
changing the maintenance strategy to an optimal
maintenance approach of a WF that has been oper-
ating during several years. The research described
proposes an opportunistic maintenance strategy
optimized through a multi-objective algorithm in
order to consider not only the minimization of
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Fig. 2. Full life-cycle performance of the three scenarios

Fig. 3. Last years performance of the three scenarios

the maintenance costs, but the maximization of
the produced energy as well. Furthermore, it
its proposed that this opportunistic maintenance
strategy is based on reliability estimates calculated
with a dynamic model that takes into account the
daily operational conditions making use of ANNs.
By means of a case study, it possible to see how to
integrate simulation and optimization methods in
order to assess the feasibility of the in-life change
of maintenance strategy to an optimal one. The
case study provides proof that it is attractive to
operating WFs to explore the possibility of invest-
ing in improving the maintenance management in
order to minimize future costs and avoid the an
important loss of energy production. Nonetheless,
the method proposed involves a considerable de-
gree of uncertainty given the stochastic nature of
the simulation processes, it is therefore an essen-
tial requisite to further explore how to manage this
uncertainties as well as uncertainties coming from
the reliability model. It would be interesting to

explore models such as Bayesian Deep Learning
and to further explore how to quantify the risks
involved in the decision of investing in an in-life
change of maintenance strategy.
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