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A B S T R A C T

Climate change is expected to worsen the frequency, intensity, and impacts of extreme weather events.
Renewable energy sources (RESs) play a key role in the decarbonization process to decelerate climate change
effects. However, extreme events pose a significant threat to renewable energy infrastructure. Accordingly,
understanding the impacts of extremes on RESs becomes crucial to ensure the reliability of power grids. In this
context, this research presents a novel probabilistic risk assessment framework to evaluate the degradation of
wind turbine transformers (WTTs) and photovoltaic (PV) panels in the face of extreme weather conditions. The
framework uses a Gaussian copula to model the joint probability of extreme events, effectively incorporating
multivariate phenomena. Case studies involving WTTs and PV panels operated in different wind and solar
power plants, illustrate the effectiveness of the proposed methodology, demonstrating its ability to capture the
combined influence of different meteorological variables on degradation rates. These results underscore the
potential of this framework to assess weather-related risks in renewable energy systems, thereby enhancing
their resilience and reliability.
1. Introduction

Climate change presents a significant threat to the health of the
planet and the reliability of renewable energy systems. In recent
decades, scientific evidence has clearly demonstrated an alarming trend
of rising global temperatures, changing weather patterns, and escalat-
ing extreme weather events [1,2]. The increase of extreme events, such
as storms, pose a significant threat to the reliability of renewable energy
systems, increasing the vulnerability of power components to extreme
conditions. The increasing frequency and intensity of extreme weather
events, such as hurricanes, floods, and wildfires [3], can cause severe
damage to power and energy infrastructure and renewable energy
technology in particular, including wind turbines, solar panels, and hy-
droelectric power plants [4]. These disruptions can significantly impact
energy production, causing blackouts and hindering the transition to a
sustainable energy future [5].

∗ Corresponding author at: University of the Basque Country (UPV/EHU), Faculty of Informatics, Department of Computer Science & Artificial Intelligence,
Manuel de Lardizabal P., 1, Donostia - San Sebastián, 20018, Spain.

E-mail addresses: nsanchez@mondragon.edu (N.N. Sánchez-Pozo), joxe.aizpurua@ehu.eus (J.I. Aizpurua).

Energy meteorology is the field of study focused on the analysis
of the influence of the weather and climate on energy systems. It
is an important field for understanding and mitigating the impacts
of extreme weather events on energy infrastructure and ensuring the
reliable and efficient delivery of energy [6,7].

Extreme event modeling encompasses a wide range of statistical
and mathematical techniques used to analyze and predict the oc-
currence and severity of rare, high-impact events. These techniques,
ranging from traditional statistical methods to advanced machine learn-
ing (ML) algorithms, are essential to understand the risks associated
with extreme events and inform timely decision-making strategies.

In the context of wind energy systems, Tedesco et al. develop an
innovative approach to model weak-wind events using copulas [8].
This approach has significant implications for the design and opera-
tion of wind energy systems (WES) and provides a valuable tool for
analyzing the behavior of wind patterns under varying atmospheric
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Nomenclature

Abbreviations

CM Copper Mountain
CDF Cumulative Distribution Function
CNN Convolutional Neural Networks
DL Deep learning
EVT Extreme Value Theory
FM failure mode
GMMs Gaussian Mixture Models
HST Hottest-Spot Temperature
ML Machine Learning
MLE Maximum Likelihood Estimation
MS Mount Signal
n-sMC non-sequential Monte Carlo
PV PhotoVoltaic
RUL Remaining Useful Life
RESs Renewable Energy Sources
s-MC sequential Monte Carlo
TOT Top Oil Temperature
WES Wind Energy Systems
WTT Wind Turbine Transformers
Nomenclature

𝛽0 Frequency factor
𝛽1 Activation energy
𝛽2 Effect of cyclic temperature
𝛽3 UV radiation effect
𝛽4 RH effect
 Consequence
𝛩−1 Inverse CDF of a standard normal distribution
𝛩𝐴 Ambient temperature [◦C]
𝛩𝑅 CDF of a multivariate Gaussian distribution
𝐶𝐺 𝑎𝑢𝑠𝑠
𝑅 (𝑢) Multivariate Gaussian copula

𝐷 Difference operation
𝐹𝐴𝑃 𝑉 PV aging factor [year−1]
𝐺 𝑃 𝑂 𝐴 Solar irradiance in the plane of the PV array

[W∕m2]
𝑘 Boltzmann constant
𝑂 Undesired event
𝑃 𝑟(𝑂) Probability of occurrence
𝑅 Covariance matrix
𝑅𝐻𝑑 𝑎𝑖𝑙 𝑦 Humidity [%]
𝑈 𝑉𝑑 𝑎𝑖𝑙 𝑦 Daily average irradiation [W∕m2]
𝑊𝑠 Wind speed [m/s]
𝛥𝜃𝐻 (𝑡) HST rise, over top-oil temperature at instant 𝑡

[◦C]
𝛥𝛩𝑑 𝑎𝑖𝑙 𝑦 Daily average temperature [K]
𝛥𝜃𝐻 ,𝑅(𝑡) HST rise at rated load, at instant 𝑡 [◦C]
𝜏𝑇 𝑂 oil time constant [mins.]
𝜏𝑊 winding time constant [mins.]
𝜃𝐻 (𝑡) Hottest spot temperature at instant 𝑡 [◦C]
𝜃𝐴(𝑡) Ambient temperature at instant 𝑡 [◦C]
𝛩𝑚𝑎𝑥 Maximum temperature [K]

conditions [8]. Similarly, Bloomfield et al. developed a flood severity
index, which provides a comprehensive measure of flood risk [9]. This
ndex can be used to inform flood preparation and mitigation strategies.
2 
𝛩𝑚𝑜𝑑 Operating temperature of the PV module
𝜃𝑇 𝑂(𝑡) Top-oil temperature at instant 𝑡 [◦C]
𝑖(𝑡) Load at instant 𝑡 [A]
𝑖𝑟(𝑡) Rated load at instant 𝑡 [A]
𝑘11, 𝑘21, 𝑘22 thermal constants [-]
K(t) Normalized load at 𝑡 [p.u.]
R Ratio of load losses to no load losses [W]
V(t) Insulation aging rate at 𝑡 [hours]
x oil exponent constant [-]
y winding exponent constant [-]

The use of risk matrix methods has been also explored for solar PV,
ydropower, biomass, and biogas to assess the vulnerability of these

renewable energy sources (RESs) to extreme weather events [10].
Furthermore, in ocean engineering applications, the use of envi-

onmental contours offers a valuable tool for designing structures like
ffshore platforms and ships [11]. Environmental contours map the
robability of joint occurrence of critical environmental variables, such
s wave height and wind speed, allowing engineers to identify the most
ikely extreme conditions that a structure might encounter, ensuring its
afe and robust design [12].

Deep learning (DL) is a branch of ML which has emerged as a
powerful tool with immense potential to revolutionize energy mete-
orology. Notable advances in this area include probabilistic forecasts
of extreme heat waves using convolutional neural networks (CNNs).
CNNs have demonstrated the potential to improve the accuracy and
reliability of weather forecasts [13]. This can lead to more informed
decisions regarding energy production and grid management during
extreme heat events. DL has been also applied to develop a risk index
for the design of offshore energy infrastructure and it has shown to
be a valuable approach for assessing the impact of metocean vari-
ables [14]. In the offshore arena, Vanem evaluated the impact of
xtreme events using extreme value theory (EVT) [15] and serial

correlation dependencies [16].
The evaluation of the impact of extreme events on energy systems

s a challenging task due to the complex nature of future weather
conditions. A stochastic robust optimization method has been intro-
duced to address this issue, taking into account low impact variations
and high impact extreme events [17]. A study highlighted in [18] has
identified a decline in wind turbine performance with age, leading to
reduced efficiency and increased maintenance costs over time. Other
researchers, as reported in [19], have explored the effective use of
vine copulas in modeling the spatio-temporal dependence of load and
wind power. Furthermore, [20] has developed a novel model to predict
wind power and anticipate potential grid failures during meteorological
disasters.

In the area of wind power uncertainty, [21] proposes an innovative
approach based on k-means clustering and Gaussian Mixture Models
GMMs) for operational risk assessment. Furthermore, a recent study

presented in [22] introduces a non-sequential Monte Carlo (n-sMC)
ethod to assess the risk of power systems under extreme typhoon

events. In particular, this method is shown to be more efficient than
raditional sequential Monte Carlo (s-MC) methods. In this direction,
tudies of wind speed extremes for wind power plants using EVT have
rovided valuable insights into the distribution of wind speeds at differ-
nt locations [23]. These findings can inform the design and operation

of WES to optimize energy production and minimize damage from
xtreme wind events. Namely, research on the reliability of extreme
ind speeds from EVT has provided valuable insights into the statistical
roperties of extreme wind events [24]. These findings can be used to

improve the accuracy of extreme event forecasts and risk assessments.
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Table 1
Recent works on energy meteorology and risk index.

Ref. Extremes Methods Renewables Aging

[9] Wind Copulas Yes No
[16] Wind, Wave EVT Yes No
[20] Wind SVM Yes No
[17] PV SRO Yes No
[19] Wind Copulas Yes No
[25] Wind Copulas Yes No
[26] Wind, PV Copulas Yes No
[21] Wind, PV GMMs Yes Yes
[27] Wind GMMs Yes No
[22] Wind, n-sMC Yes Yes
Ours Wind, PV Copulas Yes Yes

Table 1 displays the synthesis of related work organized according
to types of extreme events, evaluation methods, evaluation of the
impact on renewable energy and evaluation of the impact on aging.

It can be seen from Table 1 that there is no approach that simul-
taneously considers the quantification of the occurrence of extreme
events and their impact on the aging of the components of renewable
energy [21,22]. As for specific extreme event modeling methodologies,
he literature focuses on either the quantification of extreme events or
he impact on aging, but not both simultaneously. For example, some
pproaches use extreme value theory (EVT) to estimate the probability

of extreme events, while others use reliability theory to model the
degradation of components with age. However, there is a need for a

ore holistic approach that integrates both types of modeling to fully
understand and predict the impact of extreme events on renewable
nergy systems.

Climate change is reshaping weather patterns on a global scale,
sparking apprehensions regarding the heightened occurrence and sever-
ty of extreme weather phenomena. Nonetheless, this study opts to
mploy models predicated on the assumption of climatic stationarity

throughout the historical data period.
Consequently, the main contribution of this research is the devel-

opment of a novel risk index approach to assess the impact of extreme
events on the degradation of components of renewable energy.

The approach has been tested on wind energy and solar photovoltaic
PV) energy applications operated in different locations, focused on key
omponents such as wind turbine transformers (WTTs) and PV solar

panels.
Key meteorological variables, which are essential for the model-

ing of WTTs and PV solar panels, are also directly influenced by
climate change, such as temperature, radiation, wind speed, and rel-
ative humidity. Rising temperatures reduce the efficiency of PV panels,
changing radiation levels affect solar energy harvesting, and changing
wind patterns affect wind turbine power generation and WTT aging.

The proposed approach enables the quantification of the risk level
associated with the potential impact of extreme events on the power
system and its constituent components. The extreme aging risk infor-
mation inferred from the framework is very valuable, and it can be
used by the power plant operators to take preventive decisions related
to operation and maintenance (O&M) actions of the analyzed power
components in the presence of extreme events.

The impact of the proposed approach may vary depending on the
egion because large-scale weather patterns differ significantly across
he globe. The approach has been evaluated in different wind and solar
arm locations in Vietnam, United States, and Greece. The proposed
isk index approach can be applied to any location, but it requires the
daptation and calibration of models for specific regions with unique
eather conditions.

The remainder of this paper is organized as follows. Section 2
describes the proposed methodology. The case studies and obtained
results are discussed in detail in Sections 3 and 4, respectively. Finally,
ection 5 discusses the obtained results and the proposed approach, and
ection 6 concludes.
3 
2. Proposed risk assessment approach

The risk index of any system is defined as the combination of the
robability of occurrence of an event combined with the consequence,
efined as follows [28]:

𝑅𝑖𝑠𝑘 = 𝑃 𝑟(𝑂) ×  (1)

where 𝑃 𝑟(𝑂) denotes the probability of occurrence of the undesired
vent, 𝑂, and  denotes, the consequence.

In the context of energy meteorology, the adaptation of Eq. (1)
into the specific weather-dependent energy system is needed. Conse-
quently, Fig. 1 shows the proposed risk assessment framework focused
on components operated in renewable energy power plants.

Fig. 1. Risk assessment framework for RES operated assets.
From Fig. 1 it can be observed that the occurrence probability of

extreme events and aging of power components are connected through
the meteorological phenomena, which causes a risk index variation.
The effect of meteorological events on power components is a multi-
factorial phenomenon, and therefore, the joint occurrence of extreme
events should be captured. Accordingly, this research work captures the
occurrence probability of extreme events through copulas.

The consequence of the impact of extreme meteorological events
is modeled through the aging model of the component under study,
which is the direct result of the meteorological dependencies of the
omponent. The aging models are implemented as cumulative aging
rocesses. Each aging cycle has its own strength and, in the case of
xtreme events, they may have a considerable impact on asset lifetime.
herefore, the outcome of the proposed approach is the combination
f extreme event occurrence probability with aging levels, i.e. extreme
ging risks.

Fig. 2 shows the implementation of the proposed risk assessment
approach. The process starts from the key component selection which
s prone to suffer from meteorological extreme events. This selec-
ion is followed by the failure mode (FM) assessment, which is a

representation of the main aging mechanism of the selected component.
After the selection process, there are two main stages: (i) extreme

occurrence modeling based on the environmental factors that influence
the aging of the component under study and (ii) extreme event risk
modeling based on the aging model, which are described in the fol-
lowing sections. Both stages are combined into an extreme risk aging
model, which can infer the probability of being an extreme event, given
the testing data 𝑝(𝑒𝑥𝑡𝑟𝑒𝑚𝑒|𝑑 𝑎𝑡𝑎).

2.1. Occurrence probability & copulas

Extreme events are generally caused by a set of complex interde-
pendent phenomena, such as wind, pressure and temperature [17,29].
In this context, moving beyond the evaluation of the extreme value
f individual variables as in classical EVT [16], copula-based methods

have been shown to adequately articulate and model the structure of
nterdependencies between random variables [25].

Classical sample-based correlation methods, e.g. Pearson or Spear-
man’s rank correlation, do not integrate trends and dependencies.
These methods assume that the relationship between the variables is
stationary and independent of time or order.
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Fig. 2. Extreme event modeling approach for components operated in RES power plants.
Alternatively, copulas can capture complex modeling phenomena
through multivariate distributions and dependencies between distribu-
tions [30]. Copula-based methods support the construction of detailed
multivariate distributions and enhance the ability to capture and man-
age the complexity associated with extreme events by defining the
marginal distributions and the copula independently.

Assuming that the vector of random variables 𝑋 = {𝑋1,… , 𝑋𝑑},
which after the integral transform are converted into a probability
vector 𝑢 = {𝑢1,… , 𝑢𝑑} over [0, 1]𝑑 , with each 𝑢𝑖 ∈ [0, 1], with the
cumulative distribution function (CDF), 𝐹 , defined as 𝐹 (𝒖) = 𝑃 𝑟(𝑼 ≤
𝒖), a copula, 𝐶, is defined as the joint CDF with uniform marginals.
Formally, it is defined as [30]:

𝐶(𝑢1,… , 𝑢𝑑 ) = 𝑃 𝑟(𝑈1 ≤ 𝑢1,… , 𝑈𝑑 ≤ 𝑢𝑑 ) (2)

According to Sklar’s theorem, any multivariate joint distribution of
these random variables can be expressed as a function of their individ-
ual marginal distributions, 𝐹 and the copula 𝐶 [31]. This relationship
allows us to model the marginal behavior and dependence structure
separately, potentially simplifying the modeling process for complex
multivariate distributions.

Assuming two random variables, 𝑋 and 𝑌 , with their CDFs 𝑢 =
𝐹𝑋 (𝑥) and 𝑣 = 𝐹𝑌 (𝑦), through the Sklar’s theorem the copula density
function, 𝑐(𝑢, 𝑣), is estimated from the derivative of 𝐶 with respect to
each of its arguments:

𝑐(𝑢, 𝑣) = 𝑓𝑋 𝑌 (𝑥, 𝑦)
𝑓𝑋 (𝑥)𝑓𝑌 (𝑦)

(3)

where 𝑓𝑋 (𝑥) and 𝑓𝑌 (𝑦) are the marginal PDFs of 𝑋 and 𝑌 , respectively.
Importantly, copulas are able to grasp linear and nonlinear de-

pendencies. To this end, they use rank correlations. Rank correlations
require monotonic functions and evaluate how well the relationship be-
tween two variables can be described using a monotonic function. Since
copulas are described with distribution functions, the monotonicity
requirement is satisfied.

There exist various copula functions, and their applicability depends
on the underlying data structure. Multivariate Gaussian copulas have
demonstrated utility in capturing specific types of extreme events,
and if the underlying dataset demonstrates the Gaussian dependence
structure, e.g. through goodness-of-fit tests, they may be used due to
their convenient underlying structure [25], which have the form:

𝐂Gauss
𝐑 (𝐮) = 𝛷𝐑(𝛷−1(𝑢1),… , 𝛷−1(𝑢𝑑 )) (4)

where 𝑹 ∈ [−1, 1] is the correlation matrix of the random variables and
𝛷−1 is the inverse CDF of a standard normal distribution and 𝛷𝑹 is the
CDF of a multivariate Gaussian distribution with mean vector zero and
covariance matrix 𝑅. Therefore, the copula density function is:

𝐶Gauss
𝐑 (𝐮) = 1

√

|𝐑|
exp

⎛

⎜

⎜

⎜

⎝

−1
2

⎛

⎜

⎜

⎝

𝛷−1(𝑢1)
⋮

𝛷−1(𝑢𝑑 )

⎞

⎟

⎟

⎠

−𝑇

(𝑅−1 − 𝐼)
⎛

⎜

⎜

⎝

𝛷−1(𝑢1)
⋮

𝛷−1(𝑢𝑑 )

⎞

⎟

⎟

⎠

⎞

⎟

⎟

⎟

⎠

(5)

It can be observed that a Gaussian copula is a multivariate Gaussian
distribution with correlation matrix 𝐑 and each margin 𝑈𝑖 has the
integral probability transform 𝛷−1(𝑢 ) applied.
𝑖

4 
To model a multivariate Gaussian copula, it is necessary to trans-
form the random variables to have uniform marginal distributions
within the interval [0, 1] [32]. This transformation can be done using
parametric and nonparametric methods. In this study, nonparametric
estimation was used, specifically using quantile-based normalization to
convert the data into a standard normal distribution. The goodness of
fit for the marginal distributions was assessed using the Kolmogorov–
Smirnov test, with parameters estimated through maximum likelihood
estimation (MLE). Subsequently, MLE was also utilized to estimate the
copula parameters. Finally, the copula model was selected based on the
Akaike Information Criterion

Fig. 3 shows the occurrence model. The process starts by splitting
the training and testing datasets for model design and validation,
respectively.

Fig. 3. Occurrence model design and testing approach.
Using the training set to model and learn the occurrence probability

of extreme events, hourly sampled time-series are downsampled to
daily maximum and minimum values of the analyzed meteorological
phenomena. Accordingly, the environmental variables signal is
obtained across a time period of interest.

Subsequently, to capture the dependencies of meteorological ex-
treme events, first the input data are adjusted to have uniform marginal
distributions (adjusted variables), and then the joint occurrence
probability structure of meteorological variables is learned through
copulas (extreme conditions occurrence model).

Consequently, when observing new events, the likelihood of be-
ing an extreme event can be quantified, according to the learned
probabilistic model.

In this case, the tails of the distribution of meteorological phenom-
ena are analyzed, establishing a threshold based on standard deviations.
An event is considered extreme if its value falls within ±2 standard
deviations from the mean. The Cumulative Distribution Function (CDF)
is calculated to quantify the cumulative occurrence probability of an
extreme event, which provides the probability that a random variable
takes on a value less than or equal to a specific threshold. Fig. 9
illustrates extreme events marked in red over a 10-year period. These
events correspond to observed data points, which result in cumulative
occurrence probability values above 0.8.

The built model is tested with the test set, which includes unseen
meteorological data for testing and validation purposes.

The sensitivity of the considered (i) timescale, e.g., daily, weekly,
or monthly data, and (ii) extreme value condition, e.g., maximum
value, 95th percentile and 75th percentile, may affect the learned
occurrence probability model. The selection of different percentiles
aims to encompass a range of severity levels. Reference is made to
Section 5 for an extended discussion on the area.
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2.2. Consequence & degradation

The consequence of an extreme event is specific to the component
under study. This research focuses on WTTs and PV panels. In order
to evaluate the impact of the extreme events, analytic lifetime models
for transformers and PV panels are used, which directly depend on the
analyzed meteorological phenomena.

There are different failure modes that can cause the degradation
of WTTs and PV panels and the effect of different failure modes on
he degradation of components is different. Some failure modes do not

result in immediate losses in efficiency. Instead, they lead to a gradual
ecline in module performance. A critical latent failure mode of WTTs
s partial discharge (PD), which progressively degrades the insulation

system. While PD may not immediately impair transformer perfor-
mance, its cumulative effect can result in insulation breakdown and
eventual system failure if unaddressed [33]. As for PV panels, micro-
racking or delamination can lead to lifetime and reliability reduction

without an impact on electrical performance [34,35]. Accordingly, the
main failure modes analyzed in this study for WTT and PV panels
ave been focused on thermal degradation events and their impact
n lifetime reduction, without direct consideration of their effect on

electrical performance.

Wind Turbine Transformers (WTT)
The health of WTT is defined in agreement with Eq. (16) and the

main stress factor is the hottest-spot temperature (HST). In turn, the
HST is estimated from indirect variables [cf. Eq. (7)]. Accordingly,
the main meteorological events that affect the health of WTTs are a
ivariate problem. The hourly ambient 2-meter temperature is directly
btained from the ERA5 reanalysis data set [36].

Extreme meteorological events that affect the health of WTTs are
ambient temperature and wind speed. Ambient temperature directly
impacts aging [cf. Eq. (16)] and wind speed affects aging through wind-
o-power conversion of the wind turbine and associated load flowing
hrough the transformer.

The power generated by the wind turbine will flow through the
transformer, and depending on the generated load, the HST of the
transformer insulation will increase. Therefore, the wind speed plays
an important role in power generation and transformer aging. Accord-
ingly, using the ERA5 reanalysis dataset, the hourly wind speed, 𝑤𝑠, is
calculated from the component vector winds, 𝑢 and 𝑣, at 100 m wind
speeds as follows [36]:

𝑤𝑠 =
√

𝑢2 + 𝑣2 (6)

where 𝑢 is the eastward component of the wind and 𝑣 is the northward
omponent of the wind, both in m/s.

The wind farms analyzed use different types of wind turbines.
Namely, the US wind farm uses Mitsubishi MWT-1000-61 turbines
1 MW, rotor diameter 61.4 m), Vietnam’s wind farm uses Siemens-

Gamesa SG 3.4-132 turbines (3.4 MW, rotor diameter 132 meters),
and finally Greece uses Nordex N100/3300 (3.3 MW, diameter 100 m)

ind turbines. If a direct mapping of the turbine was not available in
he windpowerlib library, without loss of generality, an equivalent
urbine was used (MWT-1000, SG 3.4) [37].

2.2.1. Transformer degradation modeling
Transformers are critical elements in power and energy systems in

eneral and in RESs in particular [38]. Focusing on WES, they convert
the variable voltage produced by the generator to a stable voltage for
transmission to the grid [39].

The performance and lifetime of transformers are affected by sev-
ral factors, including operational stress, environmental conditions,
nd maintenance practices. Among these factors, meteorological vari-
bles play a key role in transformer degradation. Namely, ambient
emperature and wind speed can significantly affect the thermal and
echanical properties of transformer materials, resulting in accelerated

degradation [39].
5 
Thermal modeling
The HST is the temperature that most affects aging. However, HST

measurements are challenging and expensive, and, generally, they are
estimated from indirect measurements:

𝛩𝐇(𝑡) = 𝛩𝐓𝐎(𝑡) + 𝛥𝛩𝐇(𝑡) (7)

where 𝛥𝛩𝐇(𝑡) is the HST rise over top-oil temperature (TOT) and 𝛩𝐓𝐎(𝑡)
is the TOT defined as follows:

𝛥𝛩𝐓𝐎,𝐑

(

1 +𝐾(𝑡)2𝑅
1 + 𝑅

)𝑥

= 𝑘11𝜏𝐓𝐎
𝑑 𝛩𝐓𝐎(𝑡)

𝑑 𝑡 + 𝛩𝐓𝐎(𝑡) − 𝛩𝐀(𝑡) (8)

where 𝐾(𝑡) = 𝐼(𝑡)
𝐼𝑟

, 𝐼(𝑡) is the load at instant 𝑡 and 𝐼𝑟 the rated load, 𝑅 is
he ratio of load losses to non-load losses, 𝑥 is the oil exponent constant,
hich models the exponential power of total losses with respect to TOT
eating, 𝜏𝑇 𝑂 is the oil time constant, 𝛥𝛩𝑇 𝑂 ,𝑅 is the TOT rise at rated
oad, 𝑘11 is a thermal constant determined through experimentation and
𝐴(𝑡) is the ambient temperature.

The HST rise, 𝛥𝛩𝐻 (𝑡), is calculated as:

𝛥𝛩𝐻 (𝑡) = 𝛥𝛩𝐻1
(𝑡) − 𝛥𝛩𝐻2

(𝑡) (9)

where 𝛥𝛩𝐻1
(𝑡) models the oil heating without HST variations:

𝑘21𝛥𝛩𝐻 ,𝑅𝐾(𝑡)𝑦 = 𝑘22𝜏𝑤
𝑑 𝛩𝐻1

(𝑡)
𝑑 𝑡 + 𝛥𝛩𝐻1

(𝑡) (10)

𝛥𝛩𝐻2
(𝑡) models the HST variations:

(𝑘21 − 1)𝛥𝛩𝐻 ,𝑅𝐾(𝑡)𝑦 = (𝜏𝑇 𝑂∕𝑘22)
𝑑 𝛩𝐻2

(𝑡)
𝑑 𝑡 + 𝛥𝛩𝐻2

(𝑡) (11)

where 𝜏𝑤 is the winding time constant, 𝛥𝛩𝐻 ,𝑅 is the HST rise at rated
oad, 𝑦 is the winding exponent constant, which models the loading

exponential power with the heating of the windings, 𝑘21 and 𝑘22 are the
ransformer thermal constants. The following design parameters have
een used [40]: 𝜏𝑇 𝑂 = 180 [min]; 𝜏𝑤 = 4 [min], ; 𝑘11 = 0.75; 𝑘21 =
.32; 𝑘22 = 2.05; 𝛥𝛩𝑇 𝑂 ,𝑅 = 54.26 ◦C; 𝛥𝛩𝐻 ,𝑅 = 15.1 ◦C.

Assuming 𝑑∕𝑑 𝑡 is a small-time difference, differential equations are
turned into difference equations and the TOT in Eq. (8) is calculated as
follows [40]:
𝛩𝑇 𝑂(𝑡) = 𝐷 𝛩𝑇 𝑂(𝑡) + 𝛩𝑇 𝑂(𝑡 − 1)

 𝛩𝑇 𝑂(𝑡) = 𝛥𝑡
𝑘11𝜏𝑇 𝑂

[

𝛥𝛩𝑇 𝑂 ,𝑅
(

1 +𝐾(𝑡)2𝑅
1 + 𝑅

)𝑥

+𝛩𝐴(𝑡) −𝛩𝑇 𝑂(𝑡)
] (12)

where 𝐷 denotes a difference operation of the associated variable
within the period 𝛥𝑡. Similarly, Eqs. (10) and (11) can be rewritten as
follows:

𝛥𝛩𝐻𝑖
(𝑡) = 𝐷 𝛥𝛩𝐻𝑖

(𝑡) + 𝛥𝛩𝐻𝑖
(𝑡 − 1) (13)

for i={1,2}, where

𝐷 𝛥𝛩𝐻1
(𝑡) = 𝛥𝑡

𝑘22𝜏𝑤

[

𝑘21𝛥𝛩𝐻 ,𝑅𝐾(𝑡)𝑦 − 𝛥𝛩𝐻1
(𝑡)
]

 𝛥𝛩𝐻2
(𝑡) = 𝑘22𝛥𝑡

𝜏𝑇 𝑂
[

(𝑘21 − 1)𝛥𝛩𝐻 ,𝑅𝐾(𝑡)𝑦−𝛥𝛩𝐻2
(𝑡)
]

(14)

Finally, assuming steady-state initial conditions, the initial condi-
tions are defined as follows:
𝛩𝐻 (0) = 𝛩𝑇 𝑂(0) +𝑘21𝛥𝛩𝐻 ,𝑅𝐾(0)𝑦− (𝑘21− 1)𝛥𝛩𝐻 ,𝑅𝐾(0)𝑦

𝑇 𝑂(0) = 𝛩𝐴(0) + 𝛥𝛩𝑇 𝑂 ,𝑅
(

1 +𝐾(0)2𝑅
1 + 𝑅

)𝑥 (15)

To guarantee numerical stability, 𝛥𝑡 should be as small as possible,
and never greater than half of the smaller time constant.

Lifetime model
The IEC 60076-7 standard defines insulation paper aging accelera-

ion factor at time 𝑡, 𝑣(𝑡), as [40]:

𝑣(𝑡) = 2(98−𝛩𝐻 (𝑡))∕6 (16)
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The aging acceleration factor, 𝑣(𝑡), models the instantaneous loss-of-
life of the insulation of the transformer. The insulation loss of life over
a period, 𝑇 , i.e., 𝐿𝑂 𝐿𝑇 𝑟(𝑇 ), with a timestep, 𝛥𝑡, can be calculated from
the cumulative sum of the aging acceleration factor [40]:

𝐿𝑜𝐿𝑇 𝑟(𝑇 ) =
𝑇
∑

𝑖=1
𝑣(𝑡𝑖)𝛥𝑡 (17)

Note that the loss-of-life is sequentially calculated to estimate the
latest aging state. Note that the IEC assumes an expected life of
30 years, with a reference HST of 98 ◦C for non-thermally upgraded
insulation paper [40]. HST temperature values above this threshold
value cause severe damage to the transformer insulation [39].

PV panels
The aging factor of PV panels is defined by Eq. (19). It can be

observed that the main aging factor is the thermal stress. In turn,
the aging factor is directly dependent on different meteorological phe-
nomena including ambient temperature, solar irradiation, and relative
humidity, i.e. it is a 3-dimensional problem. Note that wind speed
has been considered for degradation calculations, but it has not been
included in the copula models in order to focus in the main influencing
factors. Hourly sampled variables are obtained from the National Solar
Radiation Data Base (NSRDB) [41].

2.2.2. PV panel degradation modeling
The PV panel is a semiconductor device that converts sunlight

into electricity through the PV effect. PV panels are critical elements
for PV power generation. In this context, the thermal aging influence
on PV lifetime is mainly determined by the surrounding operational
conditions.

Thermal modeling
The operating temperature of the PV module can be estimated from

the SANDIA temperature model [42]:

𝛩𝑚𝑜𝑑 = 𝛩𝐴 + 𝐺 𝑃 𝑂 𝐴𝑒𝑎+𝑏𝑊𝑠 (18)

where 𝑎 and 𝑏 are empirical coefficients (in this work, 𝑎 = −3.47 and
𝑏 = −0.0594, according to [42]), 𝑊𝑠 is the wind speed [m/s], and 𝛩𝐴
is the ambient temperature [◦C], 𝐺 𝑃 𝑂 𝐴 is the solar irradiance in the
plane of the PV array [W∕m2].

Lifetime model
Kaaya et al., compared different methods for predicting degrada-

tion [43], including the Kaaya [44] model and the Sumbramaniyan
model [45], both of which were calibrate using data collected from
three different sites. However, the two methods produced conflicting
results and in certain instances presented inconsistent severity levels for
degradation scores. Despite these inconsistencies, both are presented
in the IEA report [46] as methods for predicting module degradation
based on site-specific environmental variables.

Accordingly, the effect of cyclic temperature on solder bond degra-
dation can be modeled through the PV aging factor, 𝐹𝐴𝑃 𝑉 [year−1],
which is defined as follows [47]:

𝐹𝐴𝑃 𝑉 (𝑇 , 𝛥𝑇 , 𝑈 𝑉 , 𝑅𝐻) = 𝛽0𝑒
−𝛽1

𝑘𝐵𝛩𝑚𝑎𝑥 𝛥𝛩𝛽2
𝑑 𝑎𝑖𝑙 𝑦𝑈 𝑉 𝛽3

𝑑 𝑎𝑖𝑙 𝑦𝑅𝐻
𝛽4
𝑑 𝑎𝑖𝑙 𝑦 (19)

where 𝛩𝑚𝑎𝑥 is the daily maximum temperature of the PV module [K],
𝛥𝛩𝑑 𝑎𝑖𝑙 𝑦 is the daily average temperature of the module [K], 𝑈 𝑉𝑑 𝑎𝑖𝑙 𝑦
is the daily average irradiation [W∕m2], 𝑅𝐻𝑑 𝑎𝑖𝑙 𝑦 is the daily average
relative humidity [%] and 𝑘 is the Boltzmann constant. The rest of
coefficients, are defined as follows [47]: 𝛽0, frequency factor (0.28), 𝛽1,
activation energy, (0.72), 𝛽2, effect of cyclic temperature, (2.63), 𝛽3, UV
radiation effect (0.95), and, 𝛽4, RH effect (1.60). Refer to Appendix A
for a detailed analysis of different factors on PV aging.

The aging acceleration factor, 𝐹𝐴𝑃 𝑉 , models the instantaneous loss
of life of the PV panel. The panel loss of life over a period, 𝑇 , i.e.,
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𝐿𝑂 𝐿𝑃 𝑉 (𝑇 ), with a timestep, 𝛥𝑡, can be calculated from the cumulative
sum of the aging acceleration factor:

𝐿𝑜𝐿𝑃 𝑉 (𝑇 ) =
𝑇
∑

𝑖=1
𝐹𝐴𝑃 𝑉 (𝑇𝑖, 𝛥𝑇 , 𝑈 𝑉 , 𝑅𝐻)𝛥𝑡 (20)

Software and tools

The proposed risk assessment framework was developed using
Python 3.11, with the aid of a range of specialized libraries to facilitate
data manipulation, statistical modeling, and visualization. A principal
instrument utilized in the analytical process was Windpowerlib, a
library specifically designed for modeling wind energy systems [37].
To capture the interdependencies between meteorological variables,
the Copulas library was employed [48]. In particular, the Gaussian
multivariate copula model was utilized to capture the relationships
between critical environmental factors, including temperature, wind
speed, and radiation. For statistical analysis, SciPy and scikit-
learn were utilized to fit distributions to the data and perform kernel
density estimation, respectively [49,50]. Finally, Matplotlib was
employed for the visualization of the results [51].

3. Case studies

The probabilistic occurrence models are based on historical data to
adjust parameters (cf. Fig. 3). Accordingly, a strategic split of training–
testing data was done to adjust parameters (training), and test models
on unseen data (testing). Available datasets cover the 1979–2020 pe-
riod for wind turbine transformers and 1999–2020 for solar panels.
In this respect, copula training was performed with data covering
the period 1979–2010 and 1999–2010 for wind and solar energy,
respectively. After fitting the copulas with daily maximum values of
correlated meteorological values, the performance of the copulas was
validated using data from the 2011–2020 period, ensuring that the
models were tested on an independent dataset to assess their predictive
capability under out-of-sample conditions.

As for the assessed renewable energy power plants, geographically
dispersed wind and solar power plants were considered as shown in
Fig. 4.

Fig. 4. Location of the considered wind and solar farms.

3.1. Wind energy

Three different geographical locations for wind energy projects were
evaluated, including (i) Brazos wind farm in the USA, consisting of 160
wind turbines, 1 MW each; (ii) Phuong Mai in Vietnam, with 6 wind
turbines, 20790 W, and finally (iii) Spelia in Greece, 30 MW. Fig. 4
shows the geographic location of the analyzed wind farms.

The areas under study have witnessed various extreme events
throughout history. The climate conditions significantly vary in each
region, making them susceptible to distinct challenges. These events
are anticipated to become more frequent and intense due to climate
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change, exacerbating the vulnerability of these areas to climate-related
incidents.

Fig. 5 shows the values of wind speed and ambient temperature for
summer (June, July, August) and winter months (December, January,
February). It can be observed that extreme weather temperature values
increase during the summer periods in the locations considered. As
for specific locations, it can be observed that during summer extreme
events are in the USA characterized by exceptionally high temperatures
with an average of 34 ◦C. In addition, it has the highest average wind
speed during the summer, averaging 8.80 m/s. On the contrary, in
winter, extreme wind speed events are located in Greece. Note that
temperatures are also high in Greece and, at the same time, the as-
sociated wind speed. On the contrary, Vietnam experiences the highest
average ambient temperature during winter, with an average of 25 ◦C,
surpassing the average of the United States of 15 ◦C.

Fig. 5. Climatic conditions for the analyzed wind energy plants during winter and
summer seasons (1979–2020).

3.2. Solar energy

Different geographical locations for solar energy projects were eval-
uated, including the Copper Mountain solar farm, 250 MW, located in
Nevada (USA) and Mount Signal Solar II, 154 MW, located in Calexico,
California (USA). In this case, geographically close plants were selected
to examine similarity in the risk index. Fig. 4 shows their specific
location.

Fig. 6 shows the climatic conditions of the considered locations for
winter and summer months. Although located in neighboring states,
California’s Mount Signal (MS) and Nevada’s Copper Mountain (CM)
exhibit distinct climatic variations. MS experiencing warmer and drier
summers and CM experiencing colder and wetter winters. MS expe-
riences the highest average ambient temperature during the summer,
with an average of 33 ◦C. MS receives the highest average solar radi-
ation during the summer, with an average of 567 W∕m2. On the other
hand, CM experiences the highest average relative humidity during
winter, with an average of 84%, compared to the average of MS of 48%.
Additionally, CM has a lower average temperature of −8 ◦C compared
to the average of MS of 14 ◦C.

4. Numerical results

4.1. Wind Turbine Transformers

Occurrence probability
Accordingly, using the training dataset, firstly their daily maximum

values are extracted. Subsequently, after data preprocessing and adjust-
ment, the Gaussian copula is fitted, which will model the occurrence
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Fig. 6. Climatic conditions for the analyzed solar energy plants during winter and
summer seasons (1999–2020).

probability of extreme values which directly impact the WTT aging (cf.
Section 2.1). Fig. 7 shows the empirical distributions for USA, Greece
and Vietnam using the training set.

The fitted copulas for each location show a high density in specific
regions of the temperature-wind speed space. For USA, the highest
density is found around 35 ◦C and 8 m/s. Greece exhibits two regions of
high density: 28 ◦C and 8 m/s, and 15 ◦C and 8 m/s. Vietnam’s copula
has its highest density located at 32.5 ◦C and 7.5 m/s.

The high density regions indicate the most likely joint occurrence
of extreme values of ambient temperature and wind speed, in the
respective datasets. In this case, daily maximum values have been used
to capture extremes (see Section 5 for an extended discussion).

After fitting the copula models, they can be used with unseen test
data to evaluate the likelihood of observed hourly samples. Namely, a
high probability value would indicate a likely extreme event observed
in the training set and vice versa. Consequently, this likelihood can
be used to inform the risk index about the probability of the occur-
rence of extreme meteorological phenomena related to the aging of
transformers.

One way to validate the estimated occurrence of an extreme event
is to quantify the associated transformer degradation and compare the
trends with the maximum and minimum values. That is, extreme events
should have the greatest impact on aging and should have associated a
high probability of occurrence (cf. Fig. 10).

The K-Sample Anderson–Darling (AD) test was performed to assess
the goodness-of-fit of the Gaussian copula model. This test determines
if multiple samples come from the same population without assuming
a specific distribution. It compares the empirical and theoretical cu-
mulative distribution functions (CDFs), or equivalently, the empirical
and estimated copulas. Its critical values are the threshold value cor-
responding to a chosen significance level (𝑝-value) and the statistical
value, which depend on the sample size and the distribution being
tested. If the 𝑝-value is lower than the critical value (0.05), it indicates
a stronger rejection of the null hypothesis that the two copulas are
identical. The statistical value measures the discrepancy between the
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Fig. 7. Empirical distribution for USA, Greece and Vietnam.
empirical and theoretical copulas, with lower values indicating a better
fit [52]. The results of the AD tests for the USA, Vietnam, and Greece
show consistently high p-values, indicating no significant differences
between the observed and fitted distributions. The resulting statistics
are as follows. For USA: statistic = −0.1254 and 𝑝-value = 0.3250, for
Vietnam: statistic = −0.8738, 𝑝-value = 0.3250; and for Greece: statistic
= 0.1032, 𝑝-value = 0.3250. The high p-values > 0.05 indicating no
significant difference between the observed and fitted distributions.
These results suggest that the model fits the data accurately in each
case.

Consequence
The aging of wind turbine transformers is calculated using aging

equations that do not have a direct probabilistic interpretation. The
aging models determine the impact of observed extreme events on com-
ponent degradation. However, the relationship between aging events
and extreme events comes from the Gaussian copula, which captures
the dependency between key meteorological variables during extreme
events.

Using the transformer analytic aging model (cf. Section 2.2.1), it is
possible to define the instantaneous loss of life of the transformer and
its cumulative loss of life (cf. Fig. 8).

To this end, it is necessary to convert the wind speed into a load that
flows through the transformer. Accordingly, using the available wind
speed data and assuming a specific type of wind turbine, it is possible
to estimate the power generated by each turbine. To this end, the
windpowerlib library has been used, which includes an extensive
library of wind turbines [37]. Finally, assuming that the wind turbine
transformer has been designed with a ratio of 1:1, the normalized
output power can be directly estimated.

Subsequently, using wind speed and ambient temperature time-
series corresponding to the test period, the instantaneous transformer
aging is calculated using Eq. (16) for different locations. Fig. 8 top
shows the hourly aging of the transformer for the wind farms analyzed
in different locations, i.e. hourly loss of design life of the transformer
[cf. Eq. (16)]. The data indicates that transformer aging is a widespread
problem, with significant peaks observed in the study locations. It can
be seen that the USA suffers the most severe aging conditions, followed
by Greece and Vietnam.

Fig. 8-top highlights peak values for each wind farm. Namely, (A)
Greece experienced its highest transformer aging peak on August 21,
2010 [53], with a degradation value of 2.88 h of useful life per hour;
(B) USA had its peak transformer aging on June 20, 2011 [54], with a
degradation value of 8.28 h of useful life per hour; and (C) Vietnam’s
transformer aging peak occurred on June 12, 2018 [55], with a degra-
dation value of 2.07 h of useful life per hour. The highest peak in Greece
suggests that transformers in this region are susceptible to degradation.
The peak degradation value in the USA is more than double that of
Greece, indicating a more severe aging problem. In contrast, Vietnam’s
peak degradation value is lower than that of both Greece and the
USA, indicating a better overall transformer aging performance in this
location.
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The integration of instantaneous aging in Fig. 8 over the analyzed
operation period, allows the estimation of the cumulative loss of life
of the transformer [cf. Eq. (17)]. The USA suffers the most severe
transformer aging, amounting to 8219 h of life loss, followed by Greece
and Vietnam respectively with 7565 and 3539 h of life loss. When these
values are compared to the design life of 180,000 h for WTT [39],
the United States exhibits the most severe aging, with a loss of life
exceeding 5% of its intended lifespan. Greece’s aging pattern is similar,
with a loss-of-life of approximately 4.2%. Vietnam, on the other hand,
experiences the least aging, with a loss-of-life of approximately 1.97%.
These results indicate that considering the insulation aging process,
there is room to extend the lifetime of transformers panels.

Fig. 8-bottom shows the cumulative probability distribution (CDF)
of the test data (observations). The CDF of the copula represents the cu-
mulative likelihood of the fitted copula values. In this case, copulas are
fitted with joint maximum daily values, and therefore, the copula CDF
highlights potential extreme events. Namely, Fig. 9 depicts the joint
CDF of observed meteorological variables (test data), where extreme
values (shown in red) are overlaid based on the established threshold.
These values are equivalent to a CDF > 0.8, in Fig. 8-bottom.

Risk
The WTT risk index captures the combined effect of extreme weather

event probabilities and WTT aging, assessed using the fitted model and
test data. Fig. 10 shows: (1) the maximum cumulative probability of
extreme events per year, across all wind farms, and (2) the resulting
risk index, indicating the probabilistic risk of extreme weather-induced
aging i.e. likelihood of accelerated aging due to extreme events.

To analyze the peaks of extreme aging risk, instead of analyzing
the resulting risk values in an hourly time-basis, a resampling of the
weekly maximum risk values was performed. This process allowed us
to identify the maximum weekly aging rate. Accordingly, an analysis
of extreme aging risk values and weather variables is presented below.
This analysis reveals a clear association between these values and the
occurrence probability of extreme weather events.

In particular, the USA wind farm has higher transformer aging risk
values than the other wind farms, the extreme risk values peaked at
8.28 h of accelerated aging within a single hour on June 20. This
suggests an exceptionally high rate of aging.

At the same time, the ambient temperature rose to 41 ◦C, accom-
panied by a brisk wind speed of 14.75 m/s. June 2011 proved to be a
month of extreme events, marked by a relentless heat wave and severe
drought. The state of Texas experienced temperatures that reached a
43.9 ◦C [54].

In 2010 and 2012, Greece experienced several extreme weather
events, which is typical of the country due to its Mediterranean cli-
mate [56]. In 2012, there was an increase in extreme weather events
across Greece, according to data from various meteorological stations.
Fig. 10 shows that the highest risk of transformer aging in Greece
occurred on 21 August 2010, with a value of 2.88 h. On that day, the
ambient temperature reached 28 [◦C] and the wind speed was 9.82
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Fig. 8. Instantaneous hourly transformer aging (top). Daily cumulative probability for WTTs in (a) Greece, (b) USA, and (C) Vietnam (bottom).
Fig. 9. Joint cumulative probability distribution hourly for WTTs in (a) Greece, (b) USA, and (C) Vietnam.
[m/s]. The second risk peak was observed in 2012, with a value of
2.4 h.

On the other hand, Fig. 10 shows that Vietnam faced the highest risk
of transformer aging in both 2016 and 2018. In 2016, the maximum
risk was recorded on August 17, reaching a value of 1.76 h. Another
significant peak was observed in June 2018. In both years, Vietnam
experienced a series of extreme weather events [57]. The combination
of high temperatures and dry conditions is believed to have affected
WTT, increasing the risk of degradation.

Classification and analysis
Risk was categorized based on the 25th, 75th, and 90th percentiles.

Risk event values below the 25th percentile were classified as low risk
events, between the 25th and 75th percentiles as moderate risk events,
between the 75th and 90th percentiles as high-risk events, and finally,
above the 90th percentile as critical risk events. Taking the daily risk
values shown in Fig. 10, Table 2 shows the risk levels, along with
the corresponding minimum and maximum values for each level, for
Vietnam, USA, and Greece. The risk levels are computed from hourly
risk values for each day through the testing period.

It can be observed that the distribution of days across the various
risk levels is consistent across all three regions, with moderate risk
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Table 2
Risk level classification for wind farms [days].

Farm Risk level Min Max Count

Vietnam

Low 3.40 × 10−9 0.000030 914
Moderate 3.01 × 10−5 0.002977 1826
High 2.98 × 10−3 0.023846 547
Critical 2.38 × 10−2 1.764301 366

USA

Low 6.21 × 10−13 0.000098 914
Moderate 9.93 × 10−5 0.096065 1826
High 9.62 × 10−2 0.597308 547
Critical 6.00 × 10−1 7.898083 366

Greece

Low 2.30 × 10−10 0.000015 914
Moderate 1.50 × 10−5 0.029891 1826
High 3.01 × 10−2 0.307067 547
Critical 3.08 × 10−1 2.476717 366

being the most prevalent category. In Vietnam, the highest values for
each risk level are relatively low, with the maximum for critical risk
reaching 1.76, which is lower than the critical risk values observed
in both the USA and Greece. The United States exhibits markedly
elevated maximum risk values, particularly within the critical risk
category, where the maximum reaches 7.89, exceeding both Vietnam’s
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Fig. 10. Extreme event cumulative probability and WTT risk index for different
locations.

and Greece’s highest values by a considerable margin. The distribution
in Greece is somewhat similar to that observed in Vietnam, with crit-
ical risk values reaching a maximum of 2.47. While Vietnam exhibits
greater uniformity in its risk levels, the USA shows greater variability,
indicating a wider range of risk intensities across its period of observa-
tion. This comparison suggests that, while all three regions experience
comparable distributions of risk across the levels, the USA is exposed
to more extreme risk conditions, particularly in the critical risk range.
10 
4.2. Solar energy: PV panels

Occurrence probability
Extreme meteorological events that affect the health of PV panels

are solar irradiation, ambient temperature, relative humidity and wind
speed [cf. Eq. (19)]. Without loss of generality and in order to focus
on the main influencing factors, wind speed has not been considered in
the copula models.

Subsequently, the Gaussian copula is fitted to capture the cumula-
tive probability of extreme values, which directly impact the aging of
the PV panel. Fig. 11 shows that the Gaussian copula gives results close
to the simulated data from the covariance matrix of test data for the
PV panels, although there are fewer extreme performances than in the
simulated data, and some of the more extreme results have been missed,
as observed in the copula for the relative humidity variable.

The goodness-of-fit of the Gaussian copula model was also evaluated
using the AD test. For Copper Mountain, the Anderson–Darling test
returned a statistic of 6.7879 with a 𝑝-value of 0.3250, indicating
that we cannot reject the null hypothesis that there is no significant
difference between the observed data and the expected distribution. For
Mount Signal, the Anderson–Darling test yielded a statistic of 2.7389
with a 𝑝-value of 0.3250, similar to Copper Mountain, obtained results
indicate no significant difference between the observed and expected
distributions.

Consequence
Using the analytic aging model of PV panels (cf. Section 2.2.2), it

is possible to define the instantaneous loss-of-life of the PV panels in
different locations, as shown in Fig. 12-top.

Fig. 12-top highlights the peak aging values for each location.
Namely, (A) Copper Mountain Solar Farm experienced an instantaneous
aging peak of 4.15 h on July 23, 2013; and (B) Mount Signal Solar II
exhibited a peak instantaneous aging value of 7.52 h on July 31, 2010.
The Mount Signal Solar Farm’s aging peak is nearly double that of the
Copper Mountain Solar Farm, suggesting a more severe aging at this
site.

Instantaneous aging was integrated over the testing set of 10 years
to estimate the total life loss over the period of operation [cf. Eq. (20)].
The results indicate that aging is more severe at Mount Signal (6628 h),
followed by Cooper Mountain (2339 h). The effective lifetime loss
relative to the lifetime of the photovoltaic panel (180,000 h) is 3.95%
at Mount Signal and 1.4% at Cooper Mountain. These results indicate
that there is room to extend the lifetime of PV panels.

Fig. 12-bottom shows the combined cumulative occurrence proba-
bility for the observed meteorological variables in the test data. This
CDF is conditioned on the copulas shown in Fig. 11, which are fitted
from daily maximum values of ambient temperature, relative humidity,
and irradiation over the training data.

Fig. 13 shows the joint cumulative probability distribution functions
plotted in bivariate plots. This visualization highlights the extreme val-
ues (A and B) identified by the CDF thresholds, which are highlighted
in red based on a predefined criterion defined in Section 2.1.

Risk
The PV panel risk index combines meteorological extreme event

cumulative probabilities and PV panel aging, evaluated for the testing
data set period (empirical). In agreement with WTT risk assessment
(cf. Fig. 10), a resampling of the weekly maximum risk values was
performed to study extreme aging risk peaks.

Accordingly, Fig. 14 shows the cumulative probability of extreme
events for each solar farm. Additionally, it presents the obtained risk
index, which serves as an indicator of the probabilistic risk of acceler-
ated aging caused by meteorological events. Specifically, this reflects
the likelihood of extreme events triggering immediate and significant
degradation in the solar farm’s components.
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Fig. 11. Simulated cumulative distribution with normalized variables for Copper Mountain and Mount Signal.
Fig. 12. Instantaneous hourly PV aging (top). Daily cumulative probability for PVs in (a) Copper Mountain and (b) Mount Signal (bottom).
The high degradation values observed in the PV modules of the Cop-
per Mountain and Mount Signal II solar farms indicate the occurrence
of significant degradation events at these facilities as shown in Fig. 12.
These events can be caused by a variety of factors, such as extreme
environmental conditions.

In the specific case of the Mount Signal II solar farm, the most signif-
icant PV instantaneous aging peak (7.52 h) occurred on July 23, 2013.
At that time, the solar farm was exposed to extreme environmental
conditions, with an irradiance of 972 W∕m2, a temperature of 41 ◦C,
and a relative humidity of 69%. These conditions, reflected in the high
degradation values recorded, may have contributed to the degradation
of the PV modules.
11 
It is important to note that this degradation event occurred in
the context of the Aspen Fire, which began on 22 July 2013 and
spread throughout southern California. The fire, which was caused by
lightning, burned nearly 7300 acres and caused hazardous air qual-
ity in Mammoth Lakes and northern Inyo County [58]. The extreme
weather conditions associated with the fire, such as high temperatures,
low humidity, and intense solar radiation, likely contributed to the
degradation of the PV modules.

Pollution from forest fires presents a considerable risk to pho-
tovoltaic (PV) systems in a number of ways. In particular, PM2.5
particles have the capacity to penetrate deeply into solar cells, thereby
causing damage to the semiconductor materials therein. Furthermore,
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Fig. 13. Joint cumulative probability distribution hourly for PVs in (a) Copper Mountain and (b) Mount Signal.
Fig. 14. Cumulative probability and PV panel risk index across the considered
locations.
12 
these particles diminish cell efficiency by scattering sunlight [59].
Contamination from forest fires represents a significant risk for PV
systems, particularly in regions with elevated pollution levels or arid
climates. In these environments, particulate matter can reduce solar
power generation by over 50% if a suitable cleaning process is not
employed, with the accumulation of dirt being the primary cause of
this considerable decline in efficiency [60].

Furthermore, a significant risk of extreme aging peak occurred on
20 July 2015, as shown in Fig. 14. The corresponding extreme aging
and degradation risk values were 3.02 and 6.83 h, respectively, accom-
panied by irradiance of 1001 W∕m2, ambient temperature of 39 ◦C, and
relative humidity of 80%. This high risk of extreme aging also coincided
with a period of intense wildfire activity in the western United States.
In July, several large wildfires ravaged the region, including the Rocky
Fire in Lake Country, California, and the Douglas Country Complex Fire
in Washington [61]. It is likely that these wildfires, fueled by extreme
weather conditions, caused this peak in risk.

Fig. 14 shows that the highest values of risk (2.56) and degradation
(4.15 h) for Copper Mountain occurred on 2010-07-31. The irradiance
was 991 W∕m2, the temperature was 29 ◦C, and the relative humidity
was 100%. This may be likely caused by the wildfires in southern
California at the time [62].

In this case, the maximum values of instantaneous aging in Fig. 12
are in agreement with the PV risk index in Fig. 14 (highlighted in red),
which confirms a strong relationship between instantaneous aging,
the risk index, and the extreme event phenomena developed in the
temporal space analyzed.

Classification and analysis
Risk was also categorized based on the 25th, 75th, and 90th per-

centiles. Table 3 shows the risk levels for Copper Mountain and Mount
Signal, based on their daily risk values.

The data indicate that both farms exhibit an identical distribution
of days across all risk levels. However, Mount Signal consistently
exhibits higher maximum risk values in each category, particularly in
the critical risk level, where the risk reaches 3.03 compared to Copper
Mountain’s 2.56. This suggests that, although the temporal distribution
of risk is comparable, Mount Signal is subjected to more extreme
circumstances.



N.N. Sánchez-Pozo et al.

p
t
s
v
d

t

l
l

d
d

e
d
w
c

t
n
c

n

f
w
A
e
e
a
v
a

c
i
T
c

c
c
o
d

t
t

Renewable Energy 240 (2025) 122168 
Table 3
Risk level classification for solar farms [days].

Farm Risk level Min Max Count

Copper Mountain

Low 9.30 × 10−9 0.002370 1004
Moderate 0.002370 0.158129 2007
High 0.158383 0.563579 602
Critical 0.566067 2.556143 402

Mount Signal

Low 2.11 × 10−10 0.010263 1004
Moderate 0.010277 0.349372 2007
High 0.349436 0.720669 602
Critical 0.723610 3.028415 402

5. Discussion

This research presents a risk assessment framework for power com-
onents operated in renewable energy power plants. The results show
hat the proposed approach captures extreme events and their con-
equences. However, before drawing definitive conclusions about the
alidity of the work, further work is necessary to test the approach for
ifferent extreme value considerations and timescales.

Risk sensitivity: extreme value & timescale

To test the sensitivity of the model with respect to the (i) timescale
and (ii) extreme value, two different sensitivity assessments have been
performed. On the one hand, a comprehensive multiscale temporal
sampling strategy has been applied for wind energy (wind speed,
temperature) and solar farm variables (solar irradiance, temperature,
relative humidity) focused on daily, weekly, and monthly time inter-
vals.

On the other hand, three specific percentiles have been used as
extreme values including, the 75th, 95th and 100th (maximum) per-
centiles of the environmental variables at each timescale. The per-
centiles were calculated separately for each environmental variable.
Evaluating the model’s response to extreme events defined by each per-
centile allows for an assessment of its adaptability to varying degrees
of extremity.

The results of this evaluation are presented in Tables 4 and 5, where
he mean and maximum values of the hourly degradation risk index

values under extreme conditions, i.e., hours of loss-of-life in one hour
are presented according to the different time scales and percentiles.
Table 4
Summary of WTT risk index (worst case highlighted).

Farm Scale
Extreme Value

Mean Maximum
100th 95th 75th 100th 95th 75th

Greece day 0.041 0.042 0.048 2.49 2.52 2.67
Greece week 0.023 0.027 0.049 1.98 2.17 2.76
Greece month 0.013 0.018 0.052 1.65 2.12 2.81

USA day 0.039 0.042 0.054 7.89 8.01 8.22
USA week 0.013 0.028 0.055 6.29 7.95 8.28
USA month 0.003 0.024 0.056 3.62 8.15 8.29

Vietnam day 0.004 0.005 0.006 1.77 1.80 1.93
Vietnam week 0.002 0.003 0.007 1.45 1.65 1.94
Vietnam month 0.001 0.002 0.006 1.11 1.55 1.98

Table 5
Summary of solar panel risk index (worst case highlighted).

Farm Scale
Extreme Value

Mean Maximum
100th 95th 75th 100th 95th 75th

Copper day 0.168 0.215 0.345 2.556 3.045 3.859
Copper week 0.076 0.158 0.359 1.570 2.723 3.982
Copper month 0.111 0.137 0.365 2.573 2.671 4.064

Mount day 0.248 0.295 0.635 3.028 3.350 5.348
Mount week 0.024 0.100 0.652 1.047 2.385 5.785
Mount month 0.001 0.055 0.626 0.312 1.986 6.017
13 
The results show a significant increase in risk index at the 75th
percentile compared to the 100th and 95th percentiles. That is, the
ower the quantile value, the higher the occurrence likelihood, but the
ower the magnitude of the considered extreme value. This indicates

an increased vulnerability with the highest probability of occurrence.
Regarding the timescale, the results obtained show that the risk of
extreme degradation significantly increases when evaluated on a daily
timescale, compared to the risk estimated on the monthly and weekly
scales.

At the 100th percentile, the highest mean value is observed on the
aily scale and the maximum value of the series is recorded in the
aily analysis. This pattern is repeated at the 95th percentile, except

for the values related to the USA, where the maximum of the series
corresponds to the monthly sample. On the other hand, at the 75th
percentile, the highest risk index occurs in the monthly sample.

Weather conditions can exhibit much greater variability on a daily
timescale than on a monthly or weekly timescale. This is due to the
fluctuating nature of the daily weather conditions.

In the context of the 100th percentile, which represents the most
xtreme weather conditions, a significant increase in the risk index is
etected on a daily scale. This is explained by the fact that extreme
eather conditions, such as high winds or extreme temperatures, can

ause significant damage to transformers and PV panels.
For the 95th percentile, which reflects adverse weather conditions,

he risk index is also higher on a daily scale. However, the difference is
ot as pronounced as at the 100th percentile. This is because adverse
onditions such as moderate winds, high temperatures, and high solar

irradiation can cause damage to panels and transformers, although not
ecessarily to a significant extent.

The increasing frequency and intensity of extreme events, exacer-
bated by climate change, pose a significant threat to the energy in-
rastructure. Energy meteorologists make use of risk assessment frame-
orks to quantify the occurrence of extreme events and their impact.
ccordingly, risk assessment methods generate valuable information to
nable proactive measures to mitigate the impact of extreme weather
vents on energy systems. These frameworks consider factors such
s the likelihood of extreme events, their potential severity, and the
ulnerability of energy infrastructure to mitigate potential disruptions
nd ensure the reliable delivery of energy [3,63].

Influence of datasets

Moreover, it is important to note that while ERA5 is excellent at
apturing large-scale atmospheric trends, it may underestimate the
ntensity of isolated events such as convection-driven thunderstorms.
his could lead to a slight underestimation of events where high winds
oincide with high temperatures.

Forecasting future risk

Gaussian copulas offer a robust framework for modeling dependen-
cies in renewable energy systems under extreme weather events, as
evidenced by studies analyzing cold and weak-wind events [8]. Their
apacity to capture non-linear dependencies can be coupled with fore-
asting methodologies for a more accurate forecasting, e.g. integration
f long short-term memory networks (LSTM) with copulas to pre-
ict system behaviors under extreme conditions [64], or Transformer

models with copulas for time series forecasting [65]. The integra-
ion of Gaussian copulas with advanced ML techniques can enhance
he accuracy and relevance of risk assessments, thereby facilitating

more informed decision-making regarding the design, operation, and
maintenance of renewable energy infrastructure. Furthermore, the inte-
gration of copula-based multivariate dependency models with machine
learning (ML) and time-series forecasting has been shown to enhance
both predictive accuracy and adaptability. A significant advantage of

Gaussian copulas is their capacity to accommodate new data with ease.
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As additional meteorological data becomes available, the copula model
can be recalibrated to reflect updated dependencies and risk profiles.

his iterative process guarantees that the model remains accurate and
ertinent, which is of paramount importance for forecasting future
isks under varying climate conditions. Techniques such as Bayesian
pdating or ML-based retraining can facilitate the seamless integra-
ion of new data, enabling continuous refinement and ensuring that
ecision-making is based on the most current information [66].

6. Conclusion

This study presents a probabilistic risk assessment framework to
ssess the impact of extreme weather events on wind turbine trans-
ormers (WTT) and photovoltaic (PV) panels. The framework integrates
eteorological variables, aging considerations, and a Gaussian copula

o predict the probability of extreme events. This probability of occur-
ence is used to quantify the risk index, which serves as an indicator of
ccelerated aging caused by extreme weather events.

Through different case studies for WTTs and solar PV panels con-
ducted across diverse geographical locations, the framework demon-
strates its efficacy in evaluating the risk posed by extreme weather
vents on these critical components of renewable energy infrastructure.
he findings underscore the impact of extreme weather events on
omponent aging, particularly during periods characterized by elevated
emperatures for WTTs, and high solar irradiation for PV panels.

However, it is crucial to acknowledge the evolving nature of ex-
treme weather events due to climate change. The return period of
reviously rare events, such as 1-in-10 year heatwaves, is likely to
ecome significantly shorter in the future. By applying this framework

with future climate projections, we can gain valuable insights into
how climate change will influence transformer lifetime and prioritize
infrastructure upgrades or maintenance strategies accordingly.

The integration of the risk index effectively combines the proba-
bility of extreme events with their degradation consequences, offering
a valuable tool for identifying vulnerable components and prioritizing
maintenance interventions. This study not only enhances our under-
standing of the influence of extreme weather events on renewable
energy infrastructure but also provides actionable insights for devel-
oping targeted operation and maintenance strategies to mitigate their
adverse effects.

Wildfire smoke presents unique challenges that may not be fully
captured by existing models. It can penetrate PV cells, causing direct
amage to semiconductor materials, and reduce the efficiency of solar

panels by scattering sunlight. These effects highlight the importance of
onsidering real-world environmental factors, such as wildfire pollu-

tion, in evaluating the resilience of PV systems. Future research may
focus on the development of comprehensive risk assessment frame-
works that integrate additional factors, such as wildfire smoke, dust and
other environmental stressors, to evaluate their impact on renewable
energy infrastructure. This would entail adapting the existing frame-
work to evaluate the impact of extreme weather events, including
wildfires, temperature increases, and particulate matter (e.g., PM10,
PM2.5), on the efficiency and energy generation of photovoltaic sys-
tems or the impact of high wind speeds or gusts on potential damage
or shut-down of wind farms. The development of advanced models
would enable the quantification of the influence of rising temperatures,
wildfire-related factors (including smoke and particulate deposition),
and the urban heat island effect on the performance of these renewable
energy systems. The incorporation of these factors into a broader risk
index would facilitate a more comprehensive evaluation of the long-
term degradation of system components, while also addressing the
simultaneous impacts on power output and electricity demand.

The proposed framework would facilitate the formulation of more
resilient strategies for the assurance of renewable energy infrastructure.
The resultant metrics could then be applied to climate change pro-
jections to understand how the increasing frequency and intensity of
14 
extreme weather events may cause challenges to future energy system
esilience. Such strategies could also encompass predictive modeling to

evaluate potential supply–demand imbalances under disparate extreme
weather scenarios, thereby aiding the optimization of grid management
in the context of both diminished energy production and augmented
consumption during peak demand periods.
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Appendix A. PV panel aging

The derivative of the PV aging factor in Eq. (19) was calculated to
evaluate the effect of environmental factors such as daily maximum
temperature 𝛩𝑚𝑎𝑥 [K], daily average temperature 𝛥𝛩𝑑 𝑎𝑖𝑙 𝑦 [K], daily
average irradiation 𝑈 𝑉𝑑 𝑎𝑖𝑙 𝑦 [W∕m2] and humidity 𝑅𝐻𝑑 𝑎𝑖𝑙 𝑦 [%], on the
aging of photovoltaic panels, as follows:
𝜕 𝐹𝐴𝑃 𝑉
𝜕 𝛩𝑚𝑎𝑥

=
𝛽0𝛽1

𝑘𝐵𝛩2
𝑚𝑎𝑥

𝑒
−𝛽1

𝑘𝐵𝛩𝑚𝑎𝑥 𝛥𝛩𝛽2
𝑑 𝑎𝑖𝑙 𝑦𝑈 𝑉 𝛽3

𝑑 𝑎𝑖𝑙 𝑦𝑅𝐻
𝛽4
𝑑 𝑎𝑖𝑙 𝑦 (21)

𝜕 𝐹𝐴𝑃 𝑉
𝜕 𝛥𝛩𝑑 𝑎𝑖𝑙 𝑦

= 𝛽2𝛽0𝛥𝛩
𝛽2−1
𝑑 𝑎𝑖𝑙 𝑦𝑒

−𝛽1
𝑘𝐵𝛩𝑚𝑎𝑥 𝑈 𝑉 𝛽3

𝑑 𝑎𝑖𝑙 𝑦𝑅𝐻
𝛽4
𝑑 𝑎𝑖𝑙 𝑦 (22)

The results of the analysis showed a direct correlation between the
aximum temperature and the PV aging factor. This means that the
egradation process of PV panels is accelerated at higher temperatures,
s shown in the Fig. 15. This finding is consistent with previous studies
hat have attributed accelerated degradation to increased thermal stress
nd degradation of chemical bonds within the PV cells [67]. The

analysis also considered the effect of temperature difference, defined
as the difference between the maximum temperature and the ambient
emperature. In addition, the results showed a positive correlation
etween the temperature difference and the PV aging factor, suggesting
hat larger temperature fluctuations may accelerate the degradation of
V panels. This could be explained by the expansion and contraction
f PV materials due to temperature changes, resulting in mechanical
tress and potential damage [68].
𝜕 𝐹𝐴𝑃 𝑉
𝜕 𝑈 𝑉𝑑 𝑎𝑖𝑙 𝑦

= 𝛽3𝛽0𝛥𝛩
𝛽2
𝑑 𝑎𝑖𝑙 𝑦𝑒

−𝛽1
𝑘𝐵𝛩𝑚𝑎𝑥 𝑈 𝑉 𝛽3−1

𝑑 𝑎𝑖𝑙 𝑦 𝑅𝐻
𝛽4
𝑑 𝑎𝑖𝑙 𝑦 (23)

𝜕 𝐹𝐴𝑃 𝑉
𝜕 𝑅𝐻𝑑 𝑎𝑖𝑙 𝑦

= 𝛽4𝛽0𝑒
−𝛽1

𝑘𝐵𝛩𝑚𝑎𝑥 𝛥𝛩𝛽2
𝑑 𝑎𝑖𝑙 𝑦𝑈 𝑉 𝛽3

𝑑 𝑎𝑖𝑙 𝑦𝑅𝐻
𝛽4−1
𝑑 𝑎𝑖𝑙 𝑦 (24)

A positive correlation is observed between relative humidity and the
photovoltaic aging factor, high humidity levels can negatively impact
the efficiency and longevity of solar panels by promoting dust accu-
mulation, corrosion, moisture damage, and contributing to potential-
induced degradation, highlighting the importance of considering hu-

69].
midity as a significant factor in the degradation of PV panels [



N.N. Sánchez-Pozo et al. Renewable Energy 240 (2025) 122168 
Fig. 15. PV aging factor rate-of-change with respect to different factors.
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