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Abstract

In this paper, we propose some new measures of wind power variability based on reliability indexes. The measures are
computed for continuous-time Markov models of wind power generation and for different wind parks. This allows us to
compare the differences in the measurement of the variability of wind power due to the different geographical positions
of the wind plants. The results have direct practical relevance and utility in the real-world wind energy sector, as they
contribute to a more in-depth understanding of the variability risk of wind power generation plants.
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1 Introduction

Wind power is characterized by significant variability due to changing wind conditions, which can lead to both underpro-
duction and overproduction of energy. This variability complicates the integration of wind power into energy systems and
highlights the need for robust analytical frameworks to evaluate system performance under uncertain conditions. Thus, the
variability of wind power generation is a key issue in the context of energy production, necessitating an ad hoc exploration
of stochastic processes to effectively model and understand this challenge. The starting point involves identifying a suitable
stochastic model to capture the inherent fluctuations in wind energy output. The randomness in wind power production
is due to a plethora of phenomena that can have a physical nature, such as wind speed, air density, and temperature, or a
technical nature, such as wake interactions and tower shadows, just to name a few of them. In this study, we focus on the
role played by the wind speed process as the main determinant of the wind power. The literature is wide and ranges from
continuous-time wind speed and power models based on stochastic differential equations (see, e.g., [1, 2]) to econometric
ones (see, e.g., [3, 4]) and also considers multi-state models with a probabilistic structure dictated by Markov chain models
(see, e.g., [5, 6]), semi-Markov chains (see, e.g., [7, 8]) and their generalizations based on indexed mechanisms (see, e.g., [9,
10]). The selection of the stochastic model of wind speed or wind power is only the first problem to be addressed. Another
fundamental aspect is the identification of suitable variability measures to be evaluated. These two aspects are interrelated,
as some indicators can be effectively computed for some classes of models and more difficult to calculate with others. Fre-
quent measures of wind variability include the standard deviation, the coefficient of variation, the interquartile range, and
percentile-based measures (see, e.g., [11]). More general and robust indicators were proposed in [12] with special attention
to advancing the use of the robust coefficient of variation.
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Another stream of literature considers the loss of load hours (LoLH) as an efficiency metric of wind production. The LoLH
compares the wind production with the power demand and computes the expected number of hours, within a fixed time
interval, in which the power production is lower than the demand; see, e.g., [13, 14]. A detailed treatment of wind speed and
power variability is given in [15] where the authors investigate 27 combinations and variations of existing methods describ-
ing the spread of wind data.

Recent studies advance wind power metrics in the frequency domain. They use the power spectral density of the wind
power distribution (see, e.g., [16]). These measures do not provide information about wind power fluctuations in an interval
of time and about their duration. An attempt to consider these additional features was provided by [17], where the authors
proposed a conditional range metric, which is a type of wind power interval estimation over a specified time interval.

Motivated by the research of suitable variability indexes of wind power, we propose in this paper to apply some of the
measures suggested in the recent paper by [18] for the reliability assessment of a multi-state system. Those measures are
based on the rates of occurrence of specific events that are represented by the crossing of some thresholds by the wind
power process. One of these metrics, known as the rate of occurrence of failures (ROCOF), is widely recognized. It has been
extensively studied in relation to Markov processes (see [19]), semi-Markov ones (see [20]), and generalized, including dif-
ferent features in [21, 22]. A recent review on the ROCOF, including a description of the possible application to wind power
generation, is given in [23]. Therefore, the choice of the Markov chain model is motivated by two essential reasons: the exist-
ence of a suitable model of wind speed for which it is possible to compute reliability metrics.

However, the ROCOF is not able to provide a complete description of the wind power fluctuation because it only considers
the chance to move from working states to failure states at specific times. For this reason, we make use of additional measures
such as the rate of occurrence of repair (ROCOR) and the ratio rate (RR). The ROCOR takes into account a system’s ability to
repair itself after suffering a failure; hence, it considers the chance to move from failure states to working states at specific
times. The RR is the ratio of the ROCOF over the ROCOR and provides a balance between the two measures. In our framework,
working states represent different levels of wind power production, while non-working (or failure) states are those in which
the wind power is absent, mainly due to a too weak wind, which does not allow the turbine to produce energy, or due to a
too strong wind, which imposes the shutdown of the blade to prevent structural damages.

The computation of these indicators based on a continuous-time Markov chain model of wind power is presented accord-
ing to the theory developed in [18]. Next, we move on to a practical application, which concerns the production of wind
energy resulting from eight locations for which we used the time series of wind speed. For some ranges of wind speed val-
ues (too low or too high), wind turbines do not produce energy, and therefore they experience a failure. We will then show
the usefulness of jointly considering the indicators introduced to represent the dynamics of the system (i.e., production or
not production of electricity), and we discuss the incremental information brought by the new indicators as compared to
traditional ones.

The following sections are structured as follows: Section 2 describes the main reliability problem inherent in Markov
processes and introduces the indicator functions and their evaluation formulas. In Section 3, we describe the dataset used
for the real application, and we present the results concerning the ROCOF and ROCOR measures. Section 4 concludes with
general comments.

2 Markov model and reliability indexes

We present the salient features of Markov processes in relation to the computation of reliability indicators. For more details,
it is suggested to consult [24-26] and [27].

Given a continuous-time Markov process {X(t), t € R, } with a finite state space £ = {1, 2, ..., s}, we can describe the
probabilistic evolution of a system with a set of transition probability functions given Vi, j € E by

P;(t) 1= PLX(t) = jIX(0) = i]. (M

These functions represent the conditional probability of visiting state j at time t under the hypothesis that the system
1ifi=j
0ifi#j
Henceforth, transition functions are assumed to have the property

starts from state j at time zero. Clearly, we have that P;;(0) = {

PIX(t +h) = jIX(h) = i] = PIX(t) = jIX(0) = i] = P,;(t), Yh > 0,
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this is the case satisfied by time-homogeneous Markov chains.
To fully determine the dynamics of the process, we introduce the probabilities

a :=P[X©0)=i], i €E, Zaj =1.
jeE

The vector @ = (a;;i € E) is the vector of initial or starting probabilities. Moreover, we specify a set of transition rates

Q = (g;); jee With the conditions g;; > 0, Vi # jand g;; = — 3., q;;- We can interpret the elements of Qas:
P 1—-P;®
qi; = lim ’Jr L #F ) g =lim .

t—0 t

The matrix Q of transition rates is usually called the generator matrix of the continuous-time Markov chain.

Exploiting the properties of the generator matrix and using the Chapman-Kolmogorov equation, it is possible to
prove that the matrix of transition probability functions P(t) = (P;;(1)) satisfies the following systems of differential
equations (forward and backward Kolmogorov equations),

P(t)=P(t)*Q and P(t) =Q xP(t).

whose unique solution can be identified as follows,
_ Q. _ Q't
P(t) = e'Q := I;)_k! )

having used the initial condition P(0) = I
As a consequence:

P(0) = (e’Q)M.

We deduce straightforwardly the unconditional probability that the process lies in any state j at time t:

py(t) 1= PIX(t) =j1= ) ayP;(0).
ieE
To evaluate the system performance, we exploit the transition probabilities. As a starting point, we divide the set E into
two subsets: W and F. The former collects all working states in which the system is considered operational and work-
ing at different levels of performance; the latter collects all failure states in which the system is not working at different
impedance conditions. We further assume that the sets W and F are nonempty and disjoint and their union gives E. We
can, without loss of generality, assume:

W={1,2...m},and F={m+1,m+2,...,s}.

Next, we introduce the availability and reliability functions as performability measures (see [28] for details).
We start from the block representation of the generator matrix and the initial probability vector:

— QWW QWF —
Q= <QFW QFF) a=lay, a]

Note that the block Q,,, contains the transition rates between couples of working states; other blocks have similar mean-
ing, so the submatrix Q; contains the transition rates between the working states and the failure ones. Next 1, is the
s-dimensional column vector whose m first elements are equal to one and the remaining s — m are zero.

Now according to [28], the availability function, which gives the probability of finding the system working at time
t,is:

At) :=PIX(t) € W] =a = (e"?) 1, . )

This function quantifies the chance of finding the system working at a specific time t independently of the level of
performance.
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The reliability function, which gives the probability of finding the system working at any time u between zero and t, is:
R(t) :=P[X(u) e W, Vs €[0,t]] = a, * (etQWW) * 1 me (3)

This function quantifies the probability of finding the system working over the generic time interval (0, t].

The availability and reliability functions are both useful indicators that have found different extensions in the recent
literature; see, e.g., [29] and the references therein. Many other reliability metrics could be evaluated in principle, such
as the Mean Time to Failure (MTTF), which is defined as the average time a system or component operates before failure.
Here, we depart from this direction and provide calculations for instantaneous measures, providing a description of the
system behavior per unit time.

Let us now introduce some important indicators to establish the temporal performance of a system in a more detailed
way. We introduce N(t) the process that gives the number of failures up to the time t of the system. Observe that a failure
consists of a transition from the set W to the set F. Hence, the ROCOF at time t is defined as

of(t) 1= A“m [E[Nf(t‘i'At)_Nf(t)].

im AL (4)

The ROCOF is then the time derivative of the expected number of failures up to time t. The first appearance of this concept
can be found in [30] and [19]. From an operational point of view, the calculation can be performed using the following
formula established in [30].

The ROCOF function of a Markov process with generator matrix Q and vector of initial probabilities a is given by

rof(t) = > Dl (), - us- (5)

i€k weW feF

This indicator has a simple interpretation: if its value increases, it clearly means that the system is evolving into a state of
worsening. Nonetheless, it considers only changes of states from the subset W to the subset F, as this type of transition
increases the counting process N¢(-) in the time interval (t, t + At).

Using the same logic, we can look at repair events instead of failure events. We must therefore define the counting
process N,(t), representing the number of repairs by time t. According to [18], we can now define the rate of occurrence
of repairs (ROCOR) at time t as:

ror(t) := lim EIN(t + AD — N'(t)].

At—0 At (6)

The calculation rules are similar to the case of ROCOF that we can find in [30] and [19]. In fact, it is enough to exchange the
role of the set of working states with that of the failure states. A simple calculation rule is given by the following equation:

rort)= D) Y a;- (€),; - dp- 7)

i€k feF weW

In this case, we may also provide a straightforward operational explanation for this index. For example, if the indicator
rises, the system is more likely to show repairs and then exhibits a propensity to fix itself.
Finally, a third indicator was proposed in [18]. It represents an interesting mix of the first two, as it balances the ten-
dency of the system to degrade (measured by the ROCOF) with the opposite tendency to repair (measured by the ROCOR).
Itis called the ratio rate (RR) at time t and is defined by

r(t) 1= rof(t)

" ror(t) (8)

The RR indicator therefore allows us to weigh the number of failures in relation to the number of repairs in time. For
example, if rr(t) > 1, it means that the system has a higher number of failures than repairs. Similar interpretation in the
other cases.

Concerning the behavior of these indicators over timet — oo, we can take advantage of the known asymptotic behav-
ior of Markov processes (see [31]). For example, if the Markov process is irreducible with ergodic states, it has a limiting
(or steady-state) probability vectorL = (L;, ..., L) such thatVj=1,...,s
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e et (”i/ Zh;éi qi,h)
where & = (n, ..., @) is the limiting probability vector of the embedded Markov chain in the Markov process. As a
consequence
rof(co) := lim rof(t) = Z Z Z oLy, Gyfs
oo ieE weW feF
ror(co) := lim ror(t) = Z 2 2 oLs - Qs
tmeo icE feF wew ©)

Yice 2rer Zwew Yle - Grw
ZieE ZweW ZfeF al,, - G f

rr(co) 1= JLm rr(t) =

3 Areal data application to wind power generation
3.1 Data description

Time series of wind speeds, on an hourly basis, are from NASA’s MERRA-2 project (https://gmao.gsfc.nasa.gov/reanalysis/
MERRA-2). The geographical coordinates represent wind farms actually present in the area (see Fig. 1), whose coordinates
are shown in Table 1.

Wind speed components are included in the MERRA-2 data set with codes U50M (“50 m east wind”) and V50M (“50 m
north wind"). The data range from 01/01/2005 to 31/12/2022 (157,776 records); some descriptive statistics are given in
Table 2. The descriptive statistics indicate a certain variability across locations, even if all locations maintain relatively
similar wind speed profiles. The mean wind speeds range from 5.39 m/s to 6.64 m/s, while the standard deviation values
show significant spread, suggesting varying wind stability. Higher kurtosis values indicate more pronounced extreme
wind speed events in some locations. These variations can directly impact turbine performance and reliability.

3.2 Wind speed analysis

The experimental density distribution of wind speed is shown in Fig. 2, and it has been fitted with a Weibull distribution:

f(v;A, k) = %(% )k_1e_(§)k,

where k is the shape parameter, and A is the scale parameter. The parameters obtained through a maximum likelihood
estimation procedure are presented in Table 3. The Weibull distribution is suitable for wind speed analysis as it can accu-
rately capture the variability observed in wind data and is widely used in wind energy studies [32].

For the purpose of this study, we assume that wind speed can be effectively represented by a continuous-time Markov
process. To achieve this, we discretized the wind speed values into 11 equally spaced states in the range of [0 : 22] m/s,
with each state representing a 2 m/s interval, similar to the bin size used for the histogram in Fig. 2.

Using this discretized time series of wind speed, we estimate the transition matrix of the embedded Markov chain
(Fig. 3), which shows the transition probabilities between the defined wind speed states. The transition probability matrix
P = (pj)ijee depicted in Fig. 4, provides a detailed representation of how the system evolves over time, capturing the
probability of transitioning from one state of wind speed to another. The diagonally dominant structure suggests strong
persistence in wind speed states, while the off-diagonal elements highlight probabilities of transitions to adjacent states.
This reflects the natural variability of wind conditions and underscores the importance of location-specific modeling to
accurately predict energy production and system reliability.

Wind turbines operate effectively only within certain wind speed ranges, which depend on their specific construc-
tion properties. For this analysis, we consider a wind turbine with a cut-in wind speed of 4 m/s, a rated wind speed of
13 m/s, and a cut-out wind speed of 20 m/s (this example is based on Nordex N117/2400, which is designed for low-wind
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Fig. 1 Wind farms locations

Table 1 Wind farms

. Location Coordinates (lat., long.)
coordinates

1. Medio campidano 39.5928,8.67139
2. Budduso 40.6743,9.26233
3. Ulassai 39.7003,9.51879
4. Macchiareddu 39.2030, 8.97755
5. Fiume Santo 40.8397,8.2924

6. Campeda 40.3993, 8.79787
7. Portoscuso 39.1978, 8.43278
8. Grighine 39.9161, 8.84056
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Tabl.eg Wind speed (",‘/5) Location Mean St. dev Skewness Kurtosis Min Max
statistics for each location
1 5.75 3.0955 0.7800 3.6356 0.01 23.38
2 555 3.3603 0.9838 3.9221 0.02 24.13
3 5.64 3.1829 0.8436 3.7077 0.02 24.13
4 6.25 3.3188 0.6806 3.4162 0.02 23.48
5 5.99 3.6915 0.9490 3.7051 0.01 24.60
6 5.40 29914 0.8532 3.6970 0.03 20.65
7 6.64 3.6796 0.7247 3.3787 0.01 24.94
8 539 2.9355 0.8735 3.8428 0.01 22.11
Table 3 Parameters of the :
Weibull distribution for wind Param./series T 2 > 4 > 6 ’ 8
speed series A 6.49 6.25 6.35 7.05 6.74 6.09 7.49 6.09
k 1.94 1.73 1.85 1.97 1.70 1.89 1.88 1.93
Fig.2 Wind speed distribu- P ' ' > ' '
tion fitted with a Weibull ® 0.1} r=649 4 G 0.1 A=625
distribution $ 0.05. k=194 | 005 K =173
© 0 © 0
0 10 20 0 10 20
wind speed (m/s) wind speed (m/s)
= ‘ ' = ' '
s 01t I r=635 { 5 0.1} A=7.05
GC) 0.05 7[ k =185 | GC) 0.051L k =1.97
© 0 © 0
0 10 20 0 10 20
wind speed (m/s) wind speed (m/s)
= ' ' = ' '
» 0.1 r=674 { ‘5 0.1t A =6.09
GC.) 0.05: k=17 | CIC.) 0.05 k =1.89
© 0 © 0
0 10 20 0 10 20
wind speed (m/s) wind speed (m/s)
2 ‘ ' = ' '
‘» 0.1 A=749 { ‘5 0.1t A =6.09
2 .05 MK =188 | £0.05 k =193
© 0 © 0
0 10 20 0 10 20
wind speed (m/s) wind speed (m/s)

regions and has a rated power of 2.4 MW). This means that the turbine will only produce energy whenever the wind
speeds fall within this range. Based on these operational limits, we divide the 11 wind speed states into two subsets: one
W = {3, ..., 9}, which represents the working states, and two F = {1, 2,10, 11}, which represents the failure states where
no energy is produced either due to insufficient or excessive wind speed. This classification is chosen to reflect a typical
commercial wind turbine that is expected to produce energy most of the time under a given wind speed distribution.
It should be noted that the relationship between wind speed and wind power is not straightforward due to turbine
nonlinearities, wake interactions, tower shadows, and other physical variables that affect the final power. However, in
our approach, we are simply concerned with defining the thresholds that identify functioning and failure conditions;
hence, we do not require an exact quantification of the power process.

Under these conditions, we applied equations (5) and (7) to estimate the Rate of Occurrence of Failures (ROCOF) and
the Rate of Occurrence of Repairs (ROR) for the wind speed process. ROCOF and ROR are crucial metrics for evaluating
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Fig. 3 Transition matrix of the
embedded Markov chain
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the reliability of wind power systems, allowing us to understand the dynamics of failure and recovery and providing
valuable insights for optimizing the operational performance of wind turbines.

rof ror
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Fig.5 ROCOF, ROR, RR, reliability, and availability for the wind speed process with initial state 1
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Fig.6 ROCOF, ROR, RR, reliability, and availability for the wind speed process with initial state 5

4 Results

The results of our analysis are presented in Fig. 5, Fig. 6 and Fig. 7. Each of these figures shows the Rate of Occurrence of
Failures (ROCOF), Rate of Occurrence of Repairs (ROR), and the Ratio Rate (RR) for different initial probability vectors a.
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Fig. 7 ROCOF, ROR, RR, reliability, and availability for the wind speed process with initial state 9

4.1 Fig. 5: Initial wind speed state 1

Figure 5 illustrates the behavior of ROCOF, ROR, availability, and reliability for the wind speed process when the ini-
tial state is set to 1, representing a very low wind speed condition. In this scenario, we observe a divergence in the
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behavior of ROCOF and ROR. Specifically, ROR starts at a relatively high value and decreases over time, while ROCOF
starts at a lower value and gradually increases. This suggests that initially the system is more capable of transition-
ing to a working state (high ROR), but as time progresses, the repair rate decreases while the failure rate (ROCOF)
increases.

The initial high value of ROR reflects the system’s strong recovery capability at very low wind speeds. However, as
time passes, the repair rate decreases, and failures become more prominent, as indicated by the increasing ROCOF.
This dynamic leads to a convergence between ROR and ROCOF after approximately 15 h, indicating a balance between
failure and repair rates.

Availability starts at zero in this case because the system is initially in a non-working state. Over time, availability
increases as the system transitions to working states due to the high initial repair rate. However, as ROCOF increases
and ROR decreases, availability reaches a plateau, reflecting a balance between the likelihood of transitioning into
and out of the working states. Reliability, which measures the probability of staying in a working state, remains zero
throughout because the system begins in a failure state and cannot achieve continuous operation from this starting
condition.

Differences among sites:

e Sites 7 and 4 exhibit the highest failure rate (ROCOF) initially, resulting in slower increases in availability compared
to other sites. These sites are more vulnerable to low wind conditions.

e Sites 6 and 8 show higher initial ROR values, enabling a faster recovery into working states and leading to higher
availability in the early hours.

e The convergence between ROCOF and ROR happens faster for Sites 1, 3, and 5, resulting in quicker operational
stability and moderate long-term availability.

This analysis highlights the transient dynamics of repair and failure rates for very low initial wind speeds. While all
sites eventually reach a balance between ROCOF and ROR, the time required to achieve this and the resulting avail-
ability levels vary significantly. Sites with higher initial repair rates (e.g., 6 and 8) recover more quickly, while sites like
7 and 4 remain more vulnerable, reflecting operational challenges under low wind conditions.

4.2 Fig. 6: Initial wind speed state 5

Figure 6 presents the results obtained when the initial state of the wind speed is set to 5, which represents moderate
wind speed conditions. In this scenario, the system starts at an intermediate level, which affects the transient behavior
of both ROCOF and ROR. We observe that the RR ratio reaches values above 4 during the initial hours, suggesting a
period where the repair rate significantly exceeds the failure rate. This indicates that, at moderate initial wind speeds,
the system has a higher recovery capacity, reflected in the rapid increase in ROR compared to ROCOF.

As time progresses, the repair rate stabilizes while the failure rate gradually increases, leading to a decline in both
availability and reliability. Availability begins at a relatively high value, reflecting the system’s operational state at
moderate wind speeds, but it decreases over time as failures accumulate and the balance between repair and failure
rates shifts unfavorably. Reliability, which measures the probability of remaining continuously in a working state, also
declines steadily, highlighting the inability of the system to maintain uninterrupted operation as failures become
more frequent.

The transient dynamics suggest that, despite an initial advantage of high recovery rates, moderate wind speeds still
present challenges in sustaining long-term operational stability. The decline in both availability and reliability underscores
the need to address the effects of cumulative failures through proactive maintenance strategies.

Differences among sites:

e Sites 7 and 4 exhibit the steepest declines in availability and reliability, reflecting their lower recovery capacity and
higher failure rates under moderate wind conditions.

e Sites 2 and 6 display more gradual declines, maintaining better overall performance due to their higher initial recovery
capacity and more stable operational conditions.

e Site 5 shows variability in both availability and reliability during the transient phase, mirroring the pronounced fluc-
tuations in its repair rate (ROR).
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This analysis highlights that while moderate wind speeds initially offer favorable conditions for balancing repair and
failure rates, the system’s performance deteriorates over time as failures accumulate. Site-specific differences further
emphasize the importance of tailored operational strategies to mitigate the impact of declining availability and reliability.

4.3 Fig. 7: Initial wind speed state 9

Figure 7 shows the results when the initial state is set to 9, which corresponds to a high wind speed condition. In this
case, the RR ratio remains close to 1 after the initial hours, indicating a balanced relationship between failures and repairs
from the beginning. The initial spike in the ROR, followed by stabilization, demonstrates that the system is initially more
reactive to failures but gradually reaches a state in which both failures and repairs occur at similar rates.

Starting from a high-wind-speed state means that the wind turbines are initially in a more vulnerable condition, with
a higher likelihood of experiencing failures due to high wind speeds that can push the system beyond its rated capacity.
Despite this vulnerability, the system shows an ability to stabilize and achieves a balanced RR ratio over time. This indi-
cates that turbines, even under challenging high wind conditions, manage to maintain a consistent balance between
failures and repairs in the long run.

Availability initially increases as the system transitions to working states, benefiting from the initial high repair rate
(ROR). However, as failures accumulate over time and the repair rate stabilizes, availability begins to decline, reflecting
the system’s struggle to sustain a consistent working state under high wind conditions. Reliability, which measures the
probability of remaining continuously in a working state, steadily decreases throughout the period, underscoring the
system’s vulnerability to frequent transitions between working and failure states.

Differences among sites:

e Sites 7 and 5 exhibit higher failure rates (ROCOF) under high wind speed conditions, leading to steeper declines in
availability and reliability. These sites are more susceptible to failures caused by excessive wind speeds.

e Sites 1 and 3 achieve an early balance between ROCOF and ROR, with RR values close to 1 from the beginning. This
contributes to their higher availability during the initial phase and slower reliability declines, indicating greater struc-
tural resilience.

e Sites 6 and 8 show slower responses in reaching stabilization, with delayed declines in availability. However, their
reliability decreases steadily, reflecting a gradual accumulation of failures over time.

This analysis highlights that high wind speeds pose significant challenges in maintaining long-term operational stabil-
ity. While some sites (e.g., 1 and 3) manage to balance failures and repairs effectively, others (e.g., 7 and 5) struggle with
higher failure rates, resulting in faster declines in both availability and reliability. These findings emphasize the importance
of adapting maintenance and operational strategies to mitigate the impact of extreme wind conditions.

4.4 Comparison of the three scenarios

The differences observed in Figs. 5, 6, and 7 highlight the impact of varying initial wind speed conditions on the tran-
sient dynamics of wind power generation reliability. In all three cases, we see that ROCOF and ROR tend to converge
over time, suggesting that, regardless of initial conditions, the system eventually reaches a state of stability. However,
the rate at which this stability is achieved and the balance between failures and repairs during the transient phase can
vary significantly depending on the initial wind speed state. Similarly, trends in availability and reliability add important
information on how the system performs in both short-term and long-term operational contexts.

Low Initial Wind Speed (Figure 5)

At very low wind speeds, the system starts in a failure state, as indicated by zero availability and reliability. The ROR is
initially high, reflecting the system’s strong capacity to transition from failure to working states early on. However, as time
progresses, the ROR decreases while the ROCOF increases, leading to their eventual convergence after approximately
15 h. This convergence reflects a balance between repair and failure rates, stabilizing the system.

Moderate Initial Wind Speed (Figure6)

When the system begins at a moderate wind speed, it benefits from favorable conditions for turbine operation. ROR
starts high and significantly exceeds ROCOF, as shown by an RR ratio above 4 during the initial hours. This reflects the
system’s strong recovery capacity and resilience at moderate wind speeds. Over time, the repair rate (ROR) stabilizes,
while the failure rate (ROCOF) gradually increases, leading to a decline in the RR ratio toward 1.
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Availability starts at a relatively high level, indicating a high probability of being in a working state initially. However,
as failures accumulate and the balance between repair and failure rates shifts, availability declines over time. Reliability
exhibits a steady decrease throughout the period, reflecting the cumulative impact of failures and the challenge of main-
taining continuous operation. This scenario demonstrates the system’s ability to recover quickly from failures initially but
also highlights the difficulty in sustaining long-term stability.

High Initial Wind Speed (Figure 7)

In the high wind speed scenario, the system begins in a more vulnerable condition, as turbines are subject to stress
from excessive wind speeds. Initially, ROR, ROCOF, and RR exhibit a declining trend, reflecting a temporary reduction in
both failures and repairs as the system adjusts to high wind stress. Subsequently, all three indicators rise, indicating an
increase in both failure and recovery activity, eventually leading to a rebalancing of repair and failure rates.

Availability initially increases due to the high repair rate at the start, allowing the system to transition into working
states. However, as failures accumulate and repair rates stabilize, availability declines, highlighting the difficulty of main-
taining consistent operation under high wind conditions. Reliability, on the other hand, declines steadily throughout,
reflecting the compounding effect of failures and the system’s inability to sustain uninterrupted operation over time.

Overall Comparison Across Sites and Scenarios:

e Sites 7 and 5 consistently exhibit higher failure rates (ROCOF) across all scenarios, leading to steeper declines in avail-
ability and reliability. These sites demonstrate weaker resilience to varying wind conditions.

e Sites 6 and 8 show strong recovery capabilities (high ROR) but require more time to stabilize, as reflected in their
delayed availability declines and gradual reliability decreases.

e Sites 1,3, and 2 emerge as the most balanced, maintaining moderate RR ratios, slower reliability declines, and higher
availability over time. These sites demonstrate superior structural resilience and operational stability.

This integrated analysis of ROCOF, ROR, RR, availability, and reliability underscores the interplay between transient dynam-
ics and long-term performance. By considering these indicators together, operators can gain a more comprehensive
understanding of site-specific challenges and opportunities, enabling the optimization of maintenance schedules and
operational strategies.

5 Conclusion

In conclusion, this paper has provided an in-depth exploration of various indicators and metrics that are essential for
understanding the reliability and performance of complex systems, particularly through the lens of Markov and semi-
Markov processes.

Our investigation highlighted that while traditional measures, such as availability and reliability functions, offer valu-
able insights into system behavior over extended periods, they often fail to capture the instantaneous dynamics of
system transitions. To address this gap, we introduced the Rate of Occurrence of Repairs (ROCOR) as a complementary
measure to the Rate of Occurrence of Failures (ROCOF), enabling a more comprehensive evaluation of a system’s capacity
to recover from failures. This dual perspective not only allows for the assessment of failure likelihood, but also provides
critical insights into the system’s resilience, which is especially pertinent in high-variability environments like wind power
generation.

The application of these concepts to wind power generation has demonstrated their practical relevance and utility in
real world scenarios. By examining the transient dynamics of wind turbines under different initial wind speed conditions,
we were able to illustrate how ROCOF and ROCOR evolve over time and how the initial states significantly impact system
behavior. These findings are particularly relevant for optimizing maintenance strategies and improving operational reli-
ability in renewable energy systems where variability and unpredictability pose significant challenges.

In general, this study contributes to the ongoing discourse in reliability theory by emphasizing the importance of
considering both cumulative and instantaneous measures in assessing system performance. The combined use of ROCOF
and ROCOR offers a richer understanding of both failure frequency and recovery capacity, ultimately providing a more
balanced and actionable perspective on system reliability.

Future research could build on these findings by exploring additional applications of ROCOR in different domains,
such as other renewable energy sources or industrial systems where the minimization of downtime is crucial. In addition,
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investigating the effectiveness of these metrics under varying environmental and operational conditions could further
enhance our understanding of system resilience and inform better decision making in reliability management. In fact,
by analyzing the trend of the variability indexes, maintenance engineers can predict when it would be preferable to
maintain a wind turbine according to its behavior in terms of expected failures and repairs.
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