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Abstract: A novel framework for resilience modeling of wind turbine parks is proposed in support
of optimization of decisions on asset integrity management. The concept of resilience originating
from natural and social sciences is adapted here to facilitate the joint optimization of decision
alternatives related to design, with decision alternatives addressing organizational performance.
The generic probabilistic systems representation framework by the Joint Committee on Structural
Safety (JCSS) (2008) is utilized to establish a scenario-based modeling of how different types of
disturbances may lead to damages and failures of systems and sub-systems of wind turbine parks,
together with associated direct and indirect consequences. Special emphasis is directed on the
consistent probabilistic representation of the uncertainties and the stochastic and causal dependencies
within the wind turbine park system. The framework facilitates the identification of optimal asset
integrity management decision alternatives that fulfill given requirements to resilience. The potentials
associated with the use of the framework are highlighted by an example considering a wind turbine
park with ten identical wind turbines, with each modelled as a system of mechanical, electrical, and
structural sub-systems. The resilience performance characteristics of the wind turbine park, such as
the expected value of generated service life benefits, the expected value of production down time,
and the probability of resilience failure are modelled and quantified such as to support the ranking of
decision alternatives relating to the design of the wind turbine sub-systems, the level of organizational
preparedness, the percentage of the generated service life benefits to be kept to ensure sufficient
economic capacity to deal with future disturbances, and the stock-keeping of essential spare parts.

Keywords: resilience; decision optimization; reliability; life-cycle performance; wind turbine park

1. Introduction

The success of wind energy as a renewable substitute for traditional fossil-based fuels is key for
reduction of CO2 equivalent emissions and sustainable development in general. Significant advances
in the use of wind energy concepts have been achieved over the several decades in many countries.
The share of wind power for electricity supply in Denmark, for example, has been increasing steadily
since 1980. The share reached 10% in 1999 and by 2008 it increased further to close to 20%. By 2015, the
wind penetration reached an impressive 42% of the total Danish power supply. The pressing need and
also demand for wind energy significantly drives the wind turbine technology, and within the last
few decades the size, capacity, and complexity of individual wind turbines and wind turbine parks
have increased substantially. However, at the same time, the risks associated with the operation of
wind turbine parks have also increased. As outlined in previous work [1,2], the successful operation of
wind turbine parks is challenged by not only variability of available wind but also by frequent changes
in legal requirements and regulatory policies. By 2030 it is estimated [1] that by 2030 the European
wind energy sector will protect up to 6% wind power capacity against market risk through support
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schemes. The other 94% is divided into being partially exposed (67%) and totally exposed (27%) to the
energy market.

Wind turbine parks ultimately serve sustainable societal development. To succeed in this, however,
a number of constraints must be fulfilled. Among these the requirement for efficiency in service life
performance and reliability of electricity production play major roles. The efficiency in service life
performance relates not only to the income generated by the produced electricity but also to the costs
of design, construction, operation, renewals, and decommissioning. Efficiency enhances economic
feasibility and competitiveness to the benefit of the wind energy sector and the owners and operators
of wind turbine parks, but is also essential for the impact of wind energy on sustainable societal
developments. The reliability of electricity production is key for efficiency. Only when the reliability is
well understood and under control is it possible to integrate wind energy into the electricity market
optimally. The buyers of the wind generated electricity must know to which extent electricity is
available in terms of production volume, as well as its temporal variability.

Significant research has been conducted to improve the knowledge on the performances of wind
turbines and on how these may be managed efficiently. Methods of statistics and probability as
a means for consistent representation of available information and as basis for decision analysis,
as outlined in previous work [3], greatly facilitate this. To this end, several databases containing
long-term performance records have been established [4–7]. Such databases are utilized in previous
work [8–11] for failure analysis of wind turbine sub-systems and wind turbines. Further probabilistic
models of wind turbine systems were formulated and applied to analyze the reliability of wind turbine
systems [12–14]. Operational wind profiles were formulated and analyzed probabilistically [15] for
three selected locations in south-east Nigeria, and a thorough review of probabilistic models can be
found in previous work e.g., [16,17], together with propositions for new models. Besides providing the
basis for energy production, the wind is also a major cause of events of deterioration and failures for
wind turbine systems [18]; other hazards, such as earthquakes, ship collisions, ice forces, and scour, are
reported in previous work e.g., [19–22].

Efficiency and reliability over the life-cycle of engineered systems, (e.g., wind turbines, wind
turbine park grids, monitoring and control systems, etc.) depend not only on engineered systems
as they are realized, but rather, and maybe even more so, on their governance. Legal requirements,
policies for the regulation of the energy market, codes and standards for the design and operation
of the engineered systems, and not least, the strategic, operational, and tactical management by
the owners or operators are of crucial importance in this context [1,23]. Integrity management of
wind turbine parks is substantially challenged by the fact that such systems, in general, are of high
complexity, comprising a large number of interacting constituents and sub-systems of different types,
distributed over considerable geographical areas with environmental conditions and performances
associated with large uncertainties [24]. To meet this challenge, in the context of integrity management,
it is necessary to establish adequate quantitative representations of their performance characteristics,
enhancing decision support as well as transparent communication of implications of choices among
decision alternatives with stakeholders of both technical and non-technical backgrounds. To facilitate
this, a new paradigm for asset integrity management must be introduced with due consideration of
the interactions and the back-couplings between decisions on governance and management and the
benefits and risks of different metrics associated with their life-cycle performances; concepts of systems
resilience appear adequate to facilitate this.
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Over the last 2–3 decades, research in resilience of systems has attained significant interest across
the natural, social, human, and engineering sciences [25–28]. Despite the inherent differences between
the systems addressed within the different sciences, there appears to be general agreement on the
understanding of the concept of resilience. Various definitions of resilience may be found in the
literature, as introduced in previous work [29], including:

1. Pimm [30]: Resilience is the time it takes until a system that has been subjected to a disturbance
returns to its original mode and level of functionality.

2. Holling [31]: Resilience is the measure of disturbance that can be sustained by a system before it
shifts from one equilibrium to another.

3. Cutter et al. [32]: Resilience is the capacity of a community to recover from disturbances by their
own means.

4. Bruneau et al. [33]: Resilience is a quality inherent in the infrastructure and built environment; by
means of redundancy, robustness, resourcefulness, and rapidity.

5. National Academy of Science (NAS) [34]: Resilience is a system’s ability to plan for, recover from,
and adapt to adverse events over time.

The definitions by Pimm [30] and Holling [31] originate from the research on ecological systems.
In the case of wind turbine parks, the definition of Holling [31] might translate to what is normally
associated with structural or mechanical resistance. The definition by Pimms [30] on the other hand
puts the focus on the time of normal operation that might be lost due to disturbances, and would for
wind turbine parks relate to down time and loss of production. The definition by Cutter et al. [32],
which originates from social sciences, highlights the importance of governance or management
capacity, which for wind turbine parks might be related to the operators capacity for strategy (design
and strategies for assets integrity management), operation (logistics, monitoring and control), and
tactical (preparedness) planning of the owners and operators. Safety culture, foresightedness, and
ability to learn and adapt from experience are of key importance in this context. The definition by
Bruneau et al. [33] underlines the significance of performance characteristics of engineered systems,
which may be achieved or strengthened by typically engineering design decisions (redundancy and
robustness, as well as easy and fast maintenance). Finally, the definition of the National Academy of
Sciences (NAS) [34] synthesizes the foregoing definitions and highlights the importance of a long-term
perspective (service life of the wind turbine parks) and the self-reliance quality also included by
Cutter et al. [32], which emphasizes that the owner or operator should be able to successfully manage
the wind turbine parks over all phases of their service lives without help from the outside. In the
following, the definition of resilience from Faber et al. [29] is adapted: “resilience is an aggregate
characterization of systems encompassing their ability to maintain their main modes and levels of
services, and on their own to develop and mobilize resources to adapt to and sustain disturbances
over time”.

Most research on resilience within the engineering sciences until now has focused on; (i) the
modeling of the ability of engineered systems to sustain a predefined disturbance scenario; (ii) how, to
what extent, and by when the organizations managing them are able to reestablish their functionalities;
and not least (iii) the modelling of the losses associated with disruptions and interventions. Knowledge
in this respect greatly facilitates the understanding of how engineered systems, in their organizational
context, may be designed and managed optimally for given individual events of disturbances, such as
infrastructures or cities subjected to historical earthquakes, floods, and storm events. In a previous
study [29] it was proposed to add “event-oriented” focus to this traditional engineering, a holistic
service life perspective where all possible and unknown disturbances that might occur and affect the
system’s performance characteristics over the life times of the systems are accounted for. This novel
framework facilitates for the modeling of: (i) the generation of the net benefit provided by systems
over time; (ii) the development of the capacities of systems (e.g., in terms of economy, human resources,
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and environmental resources) over time; and (iii) the probabilistic modelling of resilience failure as the
event that one or more of a system’s capacities are exhausted by the losses imposed by disturbances.

In the present contribution, a framework and approach for resilience informed systems asset
integrity management is presented based on previous work [29,35], and the system resilience analysis
framework initially presented in another study [28]. The performance characteristics of wind turbine
parks and the consequences associated with different decision alternatives are represented, modelled,
and assessed probabilistically, so as to facilitate for decision optimization by means of the Bayesian
decision analysis [36].

Following the probabilistic systems modelling framework proposed by the Joint Committee on
Structural Safety (JCSS) [37], Section 2 presents the general approach for the representation of the
life-cycle performances of wind turbine parks. A key feature in the proposed system representation is
to draw attention to and facilitate for the identification of scenarios and decisions affecting service-life
performances. These relate to operational wind profiles, natural hazards, operational loads, and
management decisions on design, operation, and maintenance. Two levels of dependencies within wind
turbine park systems are accounted for in the proposed system representation, namely dependencies at
the sub-system level (mechanical, electrical, and structural) and at the individual wind turbine level. In
Section 3, an analytical framework is proposed for the probabilistic modeling and analysis of resilience
of general infrastructure systems. This framework is introduced to facilitate for the joint consideration
of service life benefits, risks, and resilience characteristics of systems evolving over time, including
governance, regulatory, social, infrastructure, environmental, and geo-hazard sub-systems. Based on
the proposed resilience modelling framework, the service-life performances of wind turbine parks
may be assessed and the acceptable region of decision alternatives with respect to design, strategies for
inspection and maintenance planning, repairs, and renewals satisfying given resilience requirements
may be identified, thus facilitating optimal service-life oriented asset integrity management. In
Section 4, Value of Information (VoI) analysis from Bayesian decision analysis is introduced as a
means for consistent quantification of the benefit associated with structural health monitoring. Finally,
in Section 5, an illustration of the application of the presented framework is provided through an
example considering resilience informed decision optimization of asset integrity management for a
wind turbine park. A probabilistic system representation is formulated accounting for design decision
alternatives, uncertainties associated with disturbance characteristics, the operational wind profile,
failure occurrences, consequences of failure, and recovery preparedness. Each individual wind turbine
in the considered wind turbine park is modelled as a system of systems. Monitoring of system
characteristics during operation as an instrument for resilience and risk management is introduced
and VoI analysis is utilized to assess the feasibility of monitoring strategies. Based on the example
results, a discussion of potentials and needs for further research and development is provided and
suggestions for the application of the framework are highlighted.

2. System Representation of Wind Turbine Parks

The general probabilistic systems modeling framework presented by JCSS [37] is utilized as
the basis for the probabilistic representation of wind turbine parks. The framework represents the
probabilistic characteristics of systems based on scenarios of events starting with exposure events, over
damages and failures to system constituents and associated direct consequences, and ending in indirect
consequences. Direct consequences are generally related to losses directly caused by damages and
failure states of the constituents of the system. Indirect consequences relate to the effects of propagation
of failure events, as well as losses of functionality and service provision.

In the modeling of consequences, both generation of benefits and losses are explicitly accounted
for. The considered benefits are assumed to be directly associated with the total amount of electrical
power generated by the wind turbine park. The losses are associated in principle with any damage
or failure event of the system, including the cost associated with repairing or replacing the damaged
sub-systems or components, as well as associated losses of electrical power generation.
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Failure Mode and Effect Analysis (FEMA) or Failure Tree Analysis (FTA) might adequately be
applied in support of identification of potentially relevant damage and failure states (scenarios) of
the systems and sub-systems of individual wind turbines (see previous work [12,13] for reference).
Generally, the relevant scenarios may be represented probabilistically through logical systems comprised
by unions and intersections of individual failure mode events represented by limit state equations [38].
Further, when considering wind turbine parks as systems comprised by interconnected individual
wind turbines, two levels of dependencies must be taken into account, namely, dependencies between
individual wind turbines (wind turbine level), and dependencies between the different sub-systems
(mechanical, electrical, and structural) comprising individual wind turbines (sub-system level). Wind
turbines located in the same wind turbine park are generally subject to similar operational wind
profiles and hazard events, e.g., for offshore wind turbine parks, similar operationally related wear
and degradation, and similar intensities of extreme wind events. Moreover, wind turbines owned
or operated by the same organization and operated within the same wind turbine park are subject
to the same management strategies with respect to design, monitoring, control, maintenance, and
renewals. At the sub-system level, mechanical, structural, and electrical sub-systems jointly provide
the functionality. Damage or failure of one or more of the sub-systems may cause failure of the other
sub-systems in a cascading manner. The suggested representation of wind turbine parks as systems of
sub-systems, considering the two levels of dependencies described in the foregoing, is illustrated in
Figure 1.
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Figure 1. System representation of wind turbine parks considering dependencies between individual
wind turbines and dependencies between sub-systems within individual wind turbines (adapted from
previous work [35]).

The service life benefits for the wind turbine park system b may be expressed as:

b = b(X(t), a) (1)

where X is a vector of causally related and stochastically dependent random variables affecting the
performances of wind turbine parks, as shown in Figure 1, generally depending on time t, and a is
a vector containing all relevant decision alternatives that may be applied to manage the resilience
performances of the system; as discussed in previous work [39], not all of the variables included in X(t)
are necessarily random. The appropriate formulation of b(X(t), a) depends strongly on the particular
decision context and its probabilistic analysis, as required in order to support the ranking decision
alternatives for asset integrity management problems, is in general not trivial by means of highly
efficient probabilistic analysis tools. However, the application of Monte Carlo simulation, though not
necessarily very fast, provides for both robust and precise analyses.
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3. Resilience Modeling for Infrastructure Systems

As the basis for the modeling of resilience of wind turbine parks, the probabilistic resilience model
proposed in previous work [29] is utilized, as seen in Figure 2. The wind turbine park, as a system
comprising individual wind turbines, produces electricity, which in turn is exchanged for money. The
income provides for the generation of economic capacity of the system (broken lines in Figure 2) by
accumulating a fixed percentage χ% of the income (full lines in Figure 2). It is assumed that the system
from its beginning at t = 0 is allocated a startup capacity. In the following, the start-up capacity is
modelled as χ% of the expected value of the service life benefit generated by the system, accounting for
the effects of all disturbance events that may cause damage to the system and correspondingly implies
costs of interventions and reductions in the generated benefits. In Figure 2, two different realizations of
service life benefit generations are illustrated. The green line corresponds to a realization resulting in a
resilience failure, i.e., where a disturbance event results in damages that are so severe that the required
investments to re-establish the functionality of the system exhausts the accumulated economic capacity.
The realization shown with a blue line illustrates a history of benefit generation, where disturbances
occur but do not result in resilience failure. For illustration purposes, in Figure 2 it has been assumed
that the generation of benefit is constant over time under normal operations. For wind turbine parks,
for which the benefit generation depends directly on the strongly time varying availability of wind,
this is, however, generally not the case, as will be addressed in more detail in the example shown in
Section 5.
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of benefits and corresponding accumulated economic capacities (adapted from previous work [29]).

The event of resilience failure at time t may be defined in accordance with previous work [29] by
the following limit state function:

gRF(X(t), a) = rr(X(t), a) − sr(X(t), a) (2)

where rr and sr are functions representing the capacity and the demand of the system at time t,
respectively. The demand represents the effect on the system of any disturbance events that have the
potential to reduce the capacity of the system. It should be noted that contrary to the focus of most
research on systems resilience, not only are sudden and large consequence events are of relevance,
but also effects of steady and low consequence events, such as degradation and lack of efficiency in
integrity management, may be critically important.

The probability of occurrence of an event of resilience failure within the time interval ∆ti = ti − ti−1

(i.e., one year between year i−1 and year i) PRF(∆ti) may be written as:

PRF(∆ti) =

ti∫
ti−1

f 1(τ)dτ (3)
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where the first passage density f 1(τ) is determined from:

f 1(τ) = lim
∆τ→0

Pr({gRF(X(τ+∆τ),a)≤0}∩{gRF(X(τ),a)>0})
∆τ ∀τ ⊆ [ti−1, ti[ (4)

Generally, the solution to Equation (4) is not readily available, however, as indicated in the foregoing,
the Monte Carlo simulation may be adequately applied.

4. Resilience Informed Decision Making Framework

Resilience modeling, as highlighted in Section 3, facilitates service-life based systems integrity
management by informing decision making with respect to three different aspects, namely: (1)
identification of acceptable decisions (domains in the space of decision alternatives for which the
considered system fulfill potentially given requirements to resilience performances); (2) identification
of decision alternatives associated with a positive net benefit or even maximizing service-life benefit;
and (3) Value of Information (VoI) analyses, identifying the feasibility and optimality of different
strategies for collection of information and establishing new knowledge.

Acceptable decision alternatives may be identified by assessing the probability of resilience failure
PRF for all possible decision alternatives contained in the vector a, and comparing with the maximum
acceptable annual probability of resilience failure PA

RF:

Identify a
subject to PRF ≤ PA

RF
(5)

Figure 3 illustrates the principle for the identification of acceptable decisions
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Service life benefits are of central interest in the context of resilience management of infrastructure
systems. In this context, however, it is important to note that there is a tradeoff between the expected
value of a service life benefit and the probability of resilience failure. This tradeoff can be addressed
in the context of ranking of decision alternatives in two principally different ways, namely: (1) by
maximization of service life benefits under the constraint of a maximum acceptable annual probability
of resilience failure; or (2) by maximization of service life benefits, including the risk of (expected value
of consequences associated with) resilience failure. In the following, (1) is followed and it is assumed
that a criteria is formulated which prescribes a maximum acceptable annual probability of resilience
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failure PA
RF. The optimization of service life benefits B∗0 may be then be written as (corresponding to a

Bayesian prior decision analysis [36]):

B∗0 = max
a

(E′X[b(X(t), a)])

subject to PRF ≤ PA
RF

(6)

where E′X[b(X(t), a)] represents the expected value of b(X(t), a) and the hyphen ‘ indicates that the
probabilistic representation of X(t) is based solely on prior knowledge. The identification of B∗0 is
illustrated in principal terms in Figure 4.Energies 2019, 12, x FOR PEER REVIEW 8 of 19 
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The concept of Value of Information (VoI) from the pre-posterior decision analysis has recently
found extensive application in civil engineering applications [40–44]. Applied in the context of integrity
management of infrastructures, VoI analyses commonly aim to identify potential savings in service
life costs, or increases in service life benefits, related to different strategies for improving knowledge
by means of collecting new information—through inspections, structural health monitoring, or by
conducting laboratory experiments. Note that new information might not always have a positive
impact on the service life benefits, if the system identification does not account appropriately for its
source (see previous work [3] for further discussion). Extending on the decision optimization given in
Equation (5), considering additional decision alternatives for collection of new information through an
experiment e as a means of improving knowledge prior to choosing among the decision alternatives a
(pre-posterior decision analysis). Then, the optimization problem may be stated as a normal form of
pre-posterior decision analysis:

B∗1 = max
e

(E′Z
[
max

a
(E′X[b(X(t), a, d(Z))])

]
)

subject to PRF ≤ PA
RF

(7)

where Z is a vector of random variables describing the uncertain realization of the new information
and d(Z) is a decision rule linking the new information to an explicit decision. The VoI associated with
e may accordingly be determined as:

VoI = B∗1 − B∗0 (8)

The VoI analysis is illustrated in principal terms in Figure 5.
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5. Example

5.1. Introduction and System Definition

In the following, the resilience of an example wind turbine park is modelled and investigated as
the basis for supporting decisions on service life asset integrity management. The decision alternatives
considered include three different aspects of the management, namely: (1) the preparedness levels
of the operator organization, reflecting the rapidity in dealing with the damages caused by possible
disturbance events; (2) the target levels of design reliability for different sub-systems of wind turbines
with respect to disturbances originating from extreme wind and normal operational load conditions;
and (3) the percentage χ% of benefits that is kept to build up economic capacity to deal with immediate
losses (direct consequences) of disturbance events.

The example wind turbine park comprises 10 identical wind turbines of the type GE1.5 SLE,
which all are assumed to be installed at the same time. The configuration and operational data
for the considered type of wind turbines (GE1.5 SLE) may be found in previous work [45]. The
service-life T of the wind turbine park is set to 30 years. For illustrational purpose, each wind turbine
is composed of three different sub-systems, namely an electrical sub-system (such as generator and
electrical control), a mechanical sub-system (such as mechanical brake and gearbox), and a structural
sub-system (such as main shaft and rotor blade). The structural sub-systems are assumed to be exposed
only to hazards originating from extreme wind events and the hazards to which the electrical and
mechanical sub-systems are exposed are assumed to originate from conditions related to wear and other
technical failures under normal operation. Concerning the failure rates of the mechanical and electrical
sub-systems, it is assumed that these correspond to the constant values of typical representative
bath-tub curves and may be defined in terms of the reciprocal of the mean time between failure (MTBF).
Furthermore, the performance of each sub-system is described by Homogeneous Poisson Process
(HPP) models [12,13]. That is, the long-term effect of the sub-systems’ capacities, e.g., due to fatigue, is
not considered here. Moreover, it is assumed that all wind turbines are subject, in principle, to the
same demands and disturbances and are managed by the same owner or operator in accordance with
the same management strategy.
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The structural sub-systems across the wind turbine park are assumed to be exposed to natural
hazards (extreme wind) with intensities LH. The corresponding capacities of the structural sub-systems,
rH, are modelled by Log-normal distributed random variables, all with expected values and coefficients
of variation equal to 1 and 0.3, respectively. The limit state functions representing the failure events of
individual structural sub-systems with respect to natural hazards given in the form:

gH = z1rH − LH (9)

where z1 is a parameter calibrated to comply with the target level of design reliability.
The occurrences of natural hazards events are assumed to follow a Poisson process with an annual

rate λH = 3. The intensities of these events acting on each wind turbine within the park are modelled
by a random vector of intensities IH, which are assumed to be Gumbel distributed. The intensities
IH acting on different wind turbines at a given time are assumed to be correlated with correlation
coefficient ρIH . The expected values and the coefficients of variation of the components of IH, i.e., E[IH]

and COV[IH], are set as equal to 1 and 0.4, respectively; and the correlation coefficient ρIH is assumed
as equal to 0.8.

To represent the random daily wind direction and the daily maximal wind for normal operation
the wind scenario presented in a previous study [46] is utilized, as summarized in Table 1. The daily
maximum wind speed v (at a given location, height, and direction) for all wind turbines across the
wind turbine park is assumed to follow the same Weibull distribution. The wind direction is assumed
not to influence the power generation but only the values of the parameters of Weibull distribution of
wind speed, see Table 1.

Table 1. Operational wind scenario considered in the investigation (also see [46]).

Direction
Probability

(Wind in this
Direction)

Weibull Distribution
Parameters Direction

Probability
(Wind in this

Direction)

Weibull Distribution
Parameters

k c k c

0◦~15◦ 0.0002 2 7 180◦~195◦ 0.1839 2 10
15◦~30◦ 0.008 2 5 195◦~210◦ 0.1115 2 8.5
30◦~45◦ 0.0227 2 5 210◦~225◦ 0.0765 2 8.5
45◦~60◦ 0.0242 2 5 225◦~240◦ 0.008 2 6.5
60◦~75◦ 0.0225 2 5 240◦~255◦ 0.0051 2 4.6
75◦~90◦ 0.0339 2 4 255◦~270◦ 0.0019 2 2.6
90◦~105◦ 0.0423 2 5 270◦~285◦ 0.0012 2 8

105◦~120◦ 0.029 2 6 285◦~300◦ 0.001 2 5
120◦~135◦ 0.0617 2 7 300◦~315◦ 0.0017 2 6.4
135◦~150◦ 0.0813 2 7 315◦~330◦ 0.0031 2 5.2
150◦~165◦ 0.0994 2 8 330◦~345◦ 0.0097 2 4.5
165◦~180◦ 0.1394 2 9.5 345◦~360◦ 0.0317 2 3.9

k and c are the shape parameter and the scale parameter respectively.

The benefits gained from the individual wind turbines are realized through their power production.
All of the wind turbines are of the same model and they have the same power generation function,
which describes the relation between the power production and wind speed. Following the discussion
in previous work [47–49], the power production P from each individual wind turbine, accounting for
uncertainties, is modelled as:

P =


0 v ≤ vin
1
2ρπR2Cpv3 + ε vin < v ≤ vrated

Prated vrated < v ≤ vout

0 v > vout

(10)
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where v is the wind speed, while vin, vout, and vrated represent the cut-in speed, cut-out speed, and
rated speed, respectively. Prated is also referred to as the rated power, which is a characteristic for a
given wind turbine model. ρ is the air density, R is the radius of the rotor, and Cp is referred to as the
power performance coefficient, which varies with wind speed v. Finally, the variable ε represents a
model uncertainty. The values of the radius of the rotor, the cut-in speed, the cut-out speed, the rated
speed, and the rated power of the GE 1.5 SLE wind turbine are modelled as deterministic variables
and taken from a previous report [45]. The air density ρ for the whole wind turbine park is set as
equal to 1.00 kg/m3, while the power performance coefficient Cp, which depends on the wind speed,
is modelled in accordance with the onsite test presented in a previous report [45]. It is assumed that
the model uncertainty ε follows a Normal distribution with expected value and standard deviation
equal to 0 KW and 2 KW, respectively, as suggested in previous work [47]. For simplicity, it is further
assumed that any two turbines in the park are separated sufficiently far from each other so that any
interactions under operation are negligible.

5.2. Modeling of Failures, Event Scenarios and Consequences

Each sub-system is considered to have two potential condition states, namely, “survival” and
“failure”. Failure of any sub-system of one wind turbine is assumed to result in total loss of service
from that turbine. The performances of the wind turbines may, thus, adequately be modelled through
a series system, as illustrated in Figure 6, where also the demands and disturbances acting on the
sub-systems are indicated. If one wind turbine performs well (no failure of any sub-system), it provides
for its anticipated service, and generates electricity in accordance with design specifications. The
benefit per unit time (year) provided by any individual wind turbine is assumed to be equal to the ratio
of the average power generation by the maximal daily wind speed during the year to its rated power,
i.e., 1500 KW for the model GE 1.5 SLE. It is assumed that failed sub-systems are replaced immediately
after failures with replacement costs, as specified in Table 2.
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Table 2. Replacement cost for different types of sub-systems.

Type of Sub-Systems Replacement Cost

Electrical sub-system 0.3
Mechanical sub-system 0.2
Structural sub-system 1

The time history of the benefit generated from one wind turbine for a particular realization of
a disturbance event is illustrated in Figure 7. At the time of the disturbance, the benefit generation
is reduced to zero. Here, ∆T1 represents the time interval from the time of the realization of the
disturbance until the time at which the service of the wind turbine has been re-established. The time
evolution of the benefit from the entire park is established as the simple sum of the benefits generated
from the individual wind turbines. The period ∆T1 describing the period of principal service loss and
recovery curve is modelled by a Log-normal distributed random variable. The expected value E[·] and



Energies 2019, 12, 2729 12 of 19

the coefficient of variation COV[·] for ∆T1 are assumed to depend on the chosen preparedness levels
and the cause of the failure of the wind turbine. Two decision alternatives for the preparedness level,
i.e., low and high, are considered. A high preparedness level implies a relatively small expected value
of the recovery period and also a low coefficient of variation, while a choice of a low preparedness
level is associated with the opposite effect. Replacement activities for the structural sub-systems are
generally rather involved and time consuming in comparison to other sub-systems. Simultaneous
failures of more than one sub-system are accounted for and the corresponding recovery periods
are assumed equal to the recovery period of the sub-system with the longest recovery period. The
probabilistic model for the recovery period ∆T1 is defined in Table 3.
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Table 3. Definition of the probabilistic model of the recovery period ∆T1 with respect to the type of
sub-systems failure, as well as the preparedness level.

Distribution Preparedness
Level

Expected Value (Unit: month)

COVStructural
Sub-System

Electrical
Sub-System

Mechanical
Sub-System

Log-normal Low 1 1/3 1/3 0.2
High 1/3 1/9 1/9 0.1

5.3. Resilience Modeling and Resilience Failure Analysis

The resilience performances of the wind turbine park are now analyzed to assess how these may
be managed optimally. The target design annual reliability for the sub-systems with respect to failures
caused by disturbance events are calibrated through the values of z1 and the MTBFs, respectively.
Decision alternatives include wind turbines of two different levels of target design annual reliability.
The corresponding values of the parameters relevant to the reliability of structural sub-systems and
the reliability of the other two types of sub-systems are provided in Tables 4 and 5, respectively. It is
assumed that failure of the electrical as well as the mechanical sub-systems of one wind turbine may
induce additional loads of the structural sub-system of the same wind turbine, and thereby develop
into cascading failure scenarios. The two groups of values of MTBF’s defined in Table 5 are taken from
previous work [12], in accordance with the results of statistical analysis of 10 years of operational data
from wind turbines in Denmark and Germany, respectively. As outlined in the foregoing, it is assumed
that the economic capacity of the wind turbine park is accumulated over the service life to facilitate for
financing of required replacements of sub-systems upon disturbances. The start value of the economic
capacity in the beginning of the service life is assumed as equal to a percentage χ% of the expected
value of the accumulated service life benefits.
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Table 4. Parameters relevant to the design reliability of structural sub-systems with different target levels.

Target
Level

Reliability Calibration Conditional Failure Probability of the Structural
Sub-System Given the Failure of the Electrical or the
Mechanical Sub-System of the Same Wind Turbine

Probability of Failure
Pr(gH<0) z1

Low 1.2× 10−2 2.5 0.3
High 1.1× 10−3 3.5 0.1

Table 5. Values of MTBF of electrical and mechanical sub-systems with different target levels of design
reliability (unit is hours).

Target Level Electrical Sub-System Mechanical Sub-System

Low 25,708 90,472
High 450,643 1,236,712

Monte Carlo simulations are applied to assess the annual probability of resilience failure PRF for
different percentages χ% and for four different scenarios, i.e., the combination of two different target
levels of design reliability with two different levels of preparedness. The expected value of the total
service life benefits of the wind turbine park is illustrated in Figure 8. It is seen that the expected value
of service life benefits increases with the level of the chosen target design annual reliability and with
the preparedness level. For the case of a high target level of design annual reliability, the expected
value of total service life benefits is high, and correspondingly the influence of preparedness level is
insignificant, due to the low occurrence probability of recovery activities. Furthermore, the annual
probability of resilience failure for the case where a low target level of design annual reliability is
selected is calculated for different values of χ%.; the results are illustrated in Figure 9, with each based
on 1× 104 Monte Carlo simulations. It is seen that the logarithm of the probability of resilience failure
decreases for increasing values of the percentage χ%. As the percentage χ% increases, the difference
between the annual probabilities of resilience failure are more pronounced. For the case of a high value
of the design target annual reliability, the annual probability of resilience failure is only notable when
χ% is 5% (in which case the annual probability of resilience failure is between 1× 10−3 and 1× 10−2).
This case is not shown in Figure 9.
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5.4. Value of Information Analysis

To assess the potential benefit of using monitoring as a means for resilience informed integrity
management, it is assumed that it is possible to collect new and perfect information relating to the
performance of the individual sub-systems of the wind turbines through monitoring. Based on the
monitoring results, it is further assumed that future failure events may be detected before they take
place and that corrective actions may be implemented. As a result of early detection it is assumed
that events of cascading failure can be avoided with certainty and that the replacement period can be
substantially shortened, i.e., faster recovery and less interruption of production. In the context of VoI
analysis, this case is often referred to as the case of “value of perfect information”. For the purpose of
illustration, the expected value of the recovery period given in Table 3 is assumed to be reduced by a
factor of two as a result of early detection.

In Figure 10, the expected values of benefit generated by the wind turbine park with and without
health monitoring are shown. For the case where a low target design level of the annual reliability of
the wind turbine sub-systems is chosen, health monitoring increases the expected value of total benefit
significantly. However, the difference is insignificant in the case where a high target level of design
annual reliability is chosen, implying that for this case the benefit of health monitoring is insignificant.
Further, for the cases of monitoring and no monitoring, given a choice of a low target level of design
annual reliability, the annual probabilities of resilience failures are shown in Figure 11. It is noted that
the annual probability of resilience failure in this case tends to decrease with increasing χ%. Moreover,
it appears that monitoring reduces the annual probability of resilience failure significantly, both for
the cases with high and low preparedness levels. Given that monitoring is implemented, it is also
observed that the difference between the cases with high and low preparedness levels is negligible. For
the cases with a high target level of annual reliability, the results are not shown in Figure 11. In these
cases, resilience failures are only detected during the Monte Carlo simulations for very low values of
χ% (5%), for which the annual probabilities are in the order of 1× 10−3.

The maximum achievable benefit from monitoring (since perfect information is assumed) may
be assessed through the difference between the expected values of benefits taken at the χ% values,
which exactly correspond to a given target annual probability of resilience failure, given monitoring
and no monitoring, respectively. Thus, following the scheme introduced in Section 4, if the target
annual probability of resilience failure is selected as 1× 10−3, the VoI, under the assumption of perfect
information, which may be achieved from monitoring and given a low target level of design annual
reliability, is found to reach around 30% of the total service life benefit.
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5.5. Down-Time Analysis and Spare Parts Stock Assessments

Based on the proposed resilience modeling framework, the reliability of the production down-time
may readily be assessed. In order to illustrate this, the expected value of down time during the service
life and the probability distribution of the number of simultaneous failures of the different types of
sub-systems are investigated for each of the considered four scenarios. The results in terms of the
expected value of power production down time (using 1× 104 Monte Carlo simulations) are illustrated
in Figure 12. It is seen that both the increase of target level of design reliability and the increase of
preparedness level lead to reductions of production losses (in terms of expected value of down time).
It is also seen that the effect on improved production from increased target levels of design reliability is
rater dominant compared with the case of increased preparedness level.

As a result from the resilience modeling framework, optimal stock keeping of essential spare parts
(sub-systems) may be assessed through the complimentary cumulative distribution of the number of
simultaneous failures of different types of sub-systems (see Figure 13). Only up to 10 simultaneous
failures of sub-systems are considered, since the probabilities of more simultaneous failures are
diminishing. This observation is, however, specific for the present example, and the number of relevant
simultaneous failures must be assessed from case to case.
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6. Discussion

Resilience of systems as a concept originates from the natural sciences as a means for understanding
and representing performance characteristics of ecological and socio-ecological systems under stresses
from external disturbances. In engineering, the concept of resilience has gained significant interest in
recent decades but has so far predominantly been applied in the context of supporting decision making
at the societal community level, on how best to prepare for and react to natural hazard events, such as
earthquakes and floods. The major benefit associated with the concept of resilience as compared to
traditional probabilistic reliability and risk modeling of systems is that resilience modeling accounts
for the interrelations between the performances of the natural systems and the social systems and their
internal organization. Considering socio-ecological-technical systems, such as industrial production
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systems, very little research, development, and application on resilience modeling is reported in the
literature at the present stage.

In the present paper, a general framework for resilience modeling of systems developed previously
by the authors is adapted to form a novel framework for resilience informed optimal decision making
for integrity management of wind turbine parks. The framework facilitates a joint optimization
of decisions on the design, operation, monitoring, and management of wind turbine parks from a
service life perspective. The formulations proposed in the present contribution are directed toward the
application for wind turbine parks but may easily be adapted to other types of industrial systems.

The general idea of the application of the framework is illustrated through an example considering
a wind turbine park comprising ten wind turbines. The effects of uncertainties associated with the
performances of the individual wind turbines and their sub-systems, the different levels of dependencies
between the wind turbine park systems and sub-systems, as well as the failures or damages of different
types of sub-systems are represented in the modeling and assessments through their effect on the time
evolution of the benefits generated by the power production.

From the example, it is demonstrated that decisions on the target level of design annual reliability
of individual wind turbines, the percentage of generated benefits that should be kept to ensure sufficient
economic capacity to deal with future disturbances, and the organizational preparedness level may be
optimized with given requirements to maximum annual probabilities of resilience failure. Moreover, it
is illustrated how the concept of Value of Information analysis (VoI) facilitates the quantification of
potential benefits of monitoring as a means to increase service life benefits from power production.
Based on the proposed resilience modeling framework, the relevant performance indicators of the wind
turbine park, such as the expected value of down time and the adequate stock keeping of essential
spare parts, are readily quantified within the framework.

The resilience modelling presented in the present contribution is general, however, for illustrational
purposes, the system representation of wind turbine parks is still rather simplistic. Future research on
resilience management of wind turbine parks should extend and refine the modeling of deterioration
(e.g., fatigue and corrosion) and strategies for inspections and maintenance. Further research could
also provide new insights on the interrelations between choices among different operations and
maintenance regimes and expected production performances. Finally, it should be noted that the
developed framework also facilitates for gaining knowledge on the dependencies and trade-offs
between requirements to resilience and risk financing, and thereby might inform decision making on
the developments of the free market of renewable energies.
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