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1. Energy-climate nexus

In recent years, increasing interest has been devoted to studying the relationship between energy
production and demand and weather conditions. This is because, in electric power systems (EPS)
there is a growing presence of plants whose production is directly linked to weather conditions, such
as non-dispatchable renewable energy plants. Furthermore, over the past decades the effects of
climate change on EPSs have already begun to be observed, which has attracted the attention of the
scientific community to studies on the impact of climate on electricity production and demand. The
following paragraphs introduce in detail this increasingly crucial topic in power systems, namely the

energy—climate nexus.

1.1 The relationship between climate change and the ongoing

energy transition in Europe

The World Meteorological Organization (WMO) defines climate as the average state of weather.
More precisely, climate is the condition of the climate system described through relevant
meteorological variables over a given reference period, which the WMO sets at 30 years [1]. The
climate system is an interactive framework made up of five components: the atmosphere,
hydrosphere, cryosphere, biosphere, and land surface, all of which are influenced by external forcings
such as solar radiation and human activities [2]. On this basis, climate change is defined as a
statistically significant shift in the mean state of the climate or in its variability. The most recent
Intergovernmental Panel on Climate Change (IPCC) Sixth Assessment Report (AR6, August 2021)
from Working Group I identified human influence on climate change as “unequivocal” [3] and

introduced five new illustrative emissions scenarios compared with ARS.

Among human activities, power generation is one of the most critical drivers of climate change.
In 2024, global energy-related CO, emissions reached 37.8 Gt [4]. At the same time, electricity
demand continues to rise worldwide. However, according to the "Evolving Transaction" scenario,
1.e., a scenario in which government policies, technology, and societal preferences continue to evolve
in a manner and at a rate that has been observed in the recent past [5]. From the "Evolving

Transaction" scenario point of view, the following remarks are of greatest relevance:

e Around three-quarters of total primary energy growth will be used for electricity

generation, with the power sector absorbing about half of total primary energy by 2040;
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e Nearly all future growth in electricity demand will come from developing economies, led
by China and India, while Organization for Economic Co-operation and Development
(OECD) countries will see slower growth due to more mature markets;

e The global electricity mix is shifting toward renewable energy sources (RES), which are
gaining share at the expense of coal, nuclear, and hydropower. Natural gas is expected to
remain roughly constant at about 20%. By 2040, two-thirds of the increase in electricity
generation will come from RES, raising their share of the power sector to about 30%, while

coal will decline and be overtaken by renewables.

Over the past two decades, global electricity generation from RES has been dominated by
hydropower (4321 GWh in 2019), followed by wind (1412 GWh) and photovoltaics, PV, (693 GWh)
[6]. This reflects the high capacity factors of hydropower plants (about 3653 h/y), compared with
wind (2199 h/y) and PV (1241 h/y in 2019). While hydropower still leads, wind and PV are rapidly

increasing their role.

In terms of installed capacity in 2024, global hydropower reaches 1425 GW, wind power 1132
GW and solar power 1865 GW; focusing on Europe, these capacity values amount to 225 GW, 269
GW (of which 36 GW offshore), and 338 GW, for hydropower, wind, and solar power, respectively
[7]. It is noteworthy that in Europe the combined wind and solar capacity is three times that of
hydropower. Moreover, considering the period from 2015 to 2024, the installed hydropower capacity
in Europe experienced a growth trend of only 5%, while wind and PV capacity increased by 88% and
224%, respectively. This is because the available basins in Europe have already been largely

exploited, and European energy transition policies have proven to be effective.

The downside of such a strong installation of new wind and PV capacity is that these technologies
are non-dispatchable and are intermittent, meaning their output cannot be easily adjusted to follow
demand and is subject to short-term variability. At the same time, climate change is a major driver of
transformation in power systems. It affects both electricity demand and generation, conventional and
renewable, by altering environmental conditions. For example, studies show that a +2 °C temperature
increase would affect Europe’s electricity system more strongly than a +1.5 °C rise [8]. Climate
models can help estimate future production and efficiency of power plants, but their projections carry
significant uncertainty, which in turn influences assessments of reserve margins needed to ensure

system adequacy.

Climate change would also be uneven across regions. The higher-latitude areas of the Northern

Hemisphere are expected to experience larger climate variations, while Mediterranean regions are
11



projected to warm about 20% more than the global average and suffer major reductions in
precipitation. Regarding Italy, central and southern regions are likely to face more frequent summer
droughts, whereas northern regions may see more intense winter rainfall without a corresponding
increase in total precipitation. Overall, climate change is expected to increase the frequency, severity,
and persistence of extreme weather events, already affecting the resilience and reliability of power
systems [9]. Projections of temperature and precipitation depend strongly on the emissions scenario
considered, with Shared Socioeconomic Pathways (SSPs) being among the most widely used

frameworks for climate impact analysis [10].

Climate model projections can serve as inputs for power generation and electricity demand models,
allowing the estimation of future generation profiles for different technologies and the corresponding
demand patterns. These projections reveal that the impact of climate change on power generation
varies geographically and depends on the type of generation technology. For instance, global warming
is expected to increase the frequency and intensity of heat waves and droughts, which would affect
thermoelectric generation more in southern Europe than in northern regions such as Scandinavia.
Specifically for Italy, projections indicate a likely reduction in annual PV and wind energy generation,
accompanied by a derating of thermoelectric plant efficiency. Such findings suggest that European
Union (EU) energy policy should account for these regional disparities, promoting additional RES

capacity where climate impacts are most severe, particularly in southern Europe.

Against this backdrop, power systems must adapt while considering cost reduction, energy
security, reliability, resilience, and both local and global environmental objectives, particularly the
reduction of greenhouse gas emissions. Modern power systems are inherently evolving, capable of
integrating incremental changes in demand, technology, and consumer behavior [11]. The gradual
replacement of conventional programmable generation, primarily thermoelectric plants, with non-
programmable renewable sources such as wind and PV introduces new challenges for system
adequacy and security. A power system is deemed adequate only if it can reliably supply electricity
to meet demand in each hour across all market zones. In this context, the uncertainty associated with

RES generation presents a significant challenge.

Climate change is expected to increase average temperatures worldwide, which can impact power
system operations since several components are sensitive to ambient conditions. The effect varies by
technology: transformers have maximum operating temperatures, and global warming could
compromise their nominal operation. Higher temperatures also reduce the efficiency and output of

thermoelectric plants, especially those using run-of-river cooling systems. Extended heat waves and
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droughts affect water availability, limiting hydropower and thermoelectric generation. Elevated

temperatures can also decrease PV module efficiency.

Climate change will additionally alter electricity demand patterns. Air temperature is the most
influential factor affecting demand, as it drives heating and cooling requirements in buildings,
modifying both the magnitude and timing of electricity consumption. To quantify these impacts,
researchers have applied both top-down approaches, which regress historical load against temperature
or degree-days to estimate economy-wide demand, and bottom-up approaches, which use building
energy models to estimate demand for specific sectors or building types. Combining these methods
provides a more comprehensive assessment by capturing both macroeconomic and detailed
thermodynamic effects [12]. Electricity demand varies seasonally, and the increasing use of electric
heating and cooling amplifies this effect. Inter-annual variations in temperature further influence
yearly demand profiles. The projected impact of climate change on electricity demand differs across
countries, depending on macroeconomic factors and national developments in technology and energy
efficiency. Overall, rising temperatures are likely to reduce seasonal electricity demand in autumn,

winter, and spring, with this effect being more pronounced in northern than in southern Europe.

In 2019, the EU introduced the European Green Deal [13], an agreement among the 27 member
states to achieve ambitious sustainable development goals. These include reducing greenhouse gas
(GHG) emissions by 55% relative to 1990 levels by 2030 and reaching net-zero emissions by 2050,
thereby achieving climate neutrality. The Green Deal policies are justified by the fact that in the EU,

the energy supply and transport sectors are the largest contributors to CO, emissions [14].

If CO, emission intensity is defined as the ratio of CO, emissions from electricity generation to
gross electricity generation [15], this intensity has declined significantly since 1990. By 2020, the
CO, emitted per kilowatt-hour generated was roughly half of the 1990 level, largely due to extensive
investments in and deployment of renewable energy sources. Between 2009 and 2019, the growth of
renewables in the EU was mainly driven by PV, wind power, and solid biofuels [16]. Although
hydropower capacity experienced only a slight increase during this period [17], in 2019 wind and
hydropower together accounted for two-thirds of the total electricity generated from RESs [16]. The
remaining third was produced by solar PV (13%), solid biofuels (8%), and other RES (9%). Notably,
PV generation grew from 1% (7.4 TWh) in 2008 to 13% (125.7 TWh) in 2019, making solar PV the
fastest-growing renewable technology in the EU-27.

Looking forward, the share of RES in electricity generation is expected to increase further to meet

the EU’s climate targets of net-zero GHG emissions by 2050. This growing penetration of renewable
13



sources, while environmentally necessary, poses challenges for the safe and adequate operation of
EPSs. To ensure a reliable, resilient, and economically sustainable electricity supply, it is essential to
evaluate the interactions and impacts of climate change on power generation and demand and

integrate them into planning and operational strategies.

Such assessments must account for significant uncertainties. Weather variables are inherently
random, future climate conditions and projections are uncertain, and the phase-out of coal-fired plants
alongside the growth of other generation technologies will affect GHG emissions (beyond CO,) in
ways that are not yet fully understood. Evaluating climate change impacts on future EPSs therefore
requires considering the combined uncertainties of climate models, emission pathways, and intrinsic
climate dynamics. Moreover, as seen above, the spatial variability of climate change impacts is
significant: because climate change affects regions unevenly, analyses of EPS operation and planning

must be performed on a country-by-country basis.

1.2 Influence of weather conditions on power systems

The energy production from RESs is strongly influenced by climate and weather variability, with
both the magnitude and direction of these effects depending heavily on seasonal atmospheric
conditions. Consequently, the impact of climate and weather on the adequacy of EPSs varies
significantly across different seasons. The following provides a review of the relevant literature on

this aspect of power systems.

In [18], the effects of inter-annual climate variability on the British EPS are analyzed. The study
examines the sensitivity of electricity supply and demand in Great Britain using the installed wind
power capacity as of 2016, omitting PV for simplicity. The response of the power system to climate
variability is also evaluated under scenarios with higher wind power penetration. The results indicate
that in a scenario with no wind power, inter-annual climate variability primarily affects peaking plants
rather than baseload plants. In a scenario with 15 GW of wind capacity (in 2016), inter-annual climate
variability begins to reduce mean baseload energy supply while increasing energy from peaking
plants. This effect intensifies in scenarios with further wind capacity expansion. These findings
suggest that increasing wind power supports decarbonization by reducing reliance on baseload plants
such as coal but simultaneously increases the system’s sensitivity to inter-annual climate variability,
as the variability of baseload plant output grows. Including PV production could further refine these

conclusions.
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In [19], the daily variability of total power output from onshore wind and solar PV is studied with
a focus on climatological factors rather than detailed EPS modeling. The correlated variability of
solar irradiance and wind speed across different regions of Britain is examined. Using the Pearson
correlation coefficient, the study finds that irradiance and wind speed are generally anticorrelated,
with the magnitude of anticorrelation varying by region and season. By analyzing the joint
distribution of irradiance and wind speed, the study highlights how PV and wind outputs can balance
each other. Specifically, the results suggest that a solar PV-to-wind ratio of 70:30 reduces overall
variability for all months. Exceeding this ratio could decrease variability in winter but increase it
during summer. These studies underscore the importance of examining the impact of climate and
weather on electricity generation at a seasonal scale, as the interactions between different RES

technologies and atmospheric conditions can significantly influence system adequacy and reliability.

In [20], the authors evaluated the average effects of large-scale weather regimes on PV and wind
energy production and electricity demand across Europe. Weather regimes, patterns of atmospheric
circulation, affect surface weather conditions and thus influence both renewable energy output and
electricity demand. Four regimes are considered: North Atlantic Oscillation positive (NAO+), NAO
negative (NAO-), Scandinavian Blocking (SB), and Atlantic Ridge (AR). Focusing on inter-daily
variability during winter, the study found that wind and PV production generally benefit from NAO+
and AR regimes, while NAO- and SB regimes have a negative impact on wind and PV production.
Electricity demand tends to be higher during SB, NAO-, and AR regimes. Consequently, the residual
load, that is the difference between demand and RES generation, is elevated during SB and NAO-
events. These results reflect average effects, which smooth over high meteorological variability and
energy production fluctuations within each regime. Extreme residual load events, however, are driven
by rare circulation patterns and smaller-scale synoptic phenomena. Therefore, while large-scale
weather regimes are useful for seasonal forecasting and EPS planning, higher-resolution
meteorological analyses are necessary to capture extreme events and refine power system

assessments.

In [21], the authors investigate episodes of extremely low renewable energy generation and
extremely high residual load in European power systems, also considering their duration over 1, 7,
and 14 days. Their results show that one-day events of very low renewable production mainly occur
in autumn and winter (October to February), when persistent high-pressure systems dominate central
Europe and 10 m wind speeds are lower than usual, reducing wind power output. Longer events
lasting 7 or 14 consecutive days are associated with large-scale atmospheric blocking and tend to
peak in late summer. As for extreme high residual load events, one-day episodes mainly take place
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from November to March, again under high-pressure conditions with weak winds, but combined with
colder-than-average temperatures that increase electricity demand for heating. The combination of
low renewable generation and high demand leads to very high residual loads. Similar to low-
production events, high residual load events lasting 7 or 14 days are linked to blocking regimes. The
authors also note that about one fifth of the selected events were characterized by both low renewable

production and high residual load.

In [22], Marinelli et al. assess hourly wind and PV production forecasting at regional scale. Using
two large-scale European models and mesoscale meteorological inputs, they estimate renewable
generation while accounting for plant technology and spatial distribution. The simulated results are
consistent with historical trends, although the authors highlight that the limited public availability of
historical wind and PV generation data restricts more detailed validation. Overall, the literature shows
that the growing share of RES in generation mixes makes it essential to quantify how weather and
climate change affect the safety and adequacy of electric power systems. These impacts depend on
plant location, seasonal conditions, and the proportion of non-dispatchable generation. From large-
scale circulation patterns down to local phenomena such as breezes, electricity generation and
demand are increasingly uncertain, requiring more stochastic approaches for future EPS planning. At
the same time, planning must respect zero-emission targets, implying the replacement of
thermoelectric plants with RES. This transition increases operational complexity and uncertainty in

medium- to long-term planning.

As highlighted by the studies reviewed above, the growing share of RESs in generation mixes
worldwide makes it essential to quantify how climate variability and climate change affect the safety
and adequacy of EPSs. These impacts depend on several factors: the geographic location of RES
plants (and thus the correlations among local weather variables), the season of the year, and the
proportion of non-programmable generation in the mix. From large-scale circulation patterns down
to local phenomena such as breezes, electricity generation and demand are increasingly difficult to

predict, making stochastic approaches indispensable for future EPS planning.

At the same time, planning cannot ignore zero-CO, emission targets, which require the progressive
decommissioning of thermoelectric plants and their replacement with RES. A higher penetration of
RES increases the complexity of power system management, further exacerbated by the large
uncertainties that characterize medium- and long-term planning and climate projections. One

effective way to address operational issues such as system adequacy is to use stochastic analyses
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based on probabilistic models, for example, Monte Carlo simulations (MCS) with distributions such

as normal or Weibull ones, which yield statistically robust results.

In this context, statistics becomes a key tool for managing the uncertainties inherent in future
climate and energy scenarios. Reliable assessments of future power systems therefore cannot be
separated from probabilistic methods. Finally, several of the cited studies show that sufficient storage
capacity and reserve margins can mitigate, and in some cases eliminate, many of the critical issues in
highly renewable systems. Once again, statistical analyses are essential to determine the amount of

storage needed to ensure the adequacy, resilience, and safety of the power system.

1.3 How is climate change impacting and how will it impact power

systems?

Recently, an increasing number of studies have addressed the impact of climate change on the
planning and operation of power systems [12] [23], on the resilience of power systems [9] [24], on
the electricity markets [25], and on the adequacy of a power system [26]. By evaluating the adequacy
indices, the authors in [26] find that, due to rising temperatures, winter demand would decrease, and
this should reduce the hours in which demand is not met. Looking instead at the effects of climate
change on hydrological conditions, these are expected to increase the hours in which the system fails

to meet demand.

In [27], the authors examined the impact of climate change on both the present-day (2021) and
future Italian electric power systems, including electricity supply and demand. Drawing on a literature
review, they assessed the adequacy of the Italian EPS using climate projections for Italy from
previous studies, alongside future energy scenarios developed by Terna and Snam, the Italian
transmission system operators (TSO) for electricity and gas. The study highlighted several key points:
the magnitude and direction of climate-energy impacts vary depending on the generation technology
considered (e.g., wind, PV, hydro, or thermoelectric); increasing the share of RES in the generation
mix, coupled with adequate storage, could enhance system resilience to the effects of global warming;
and the replacement of thermoelectric power plants, most sensitive to rising average temperatures
[28], with RES would improve overall system performance. The study also emphasized that climate
change impacts differ between Northern and Southern Europe, suggesting that EU energy policy
should account for these regional disparities. Finally, the effects on future energy scenarios depend

strongly on the SSPs used to force climate models.
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To the author’s knowledge, little has been written on the impacts of climate change on the
adequacy of a power system. Moreover, the few articles that address the topic are limited to extracting
generation plant unavailability profiles using Monte Carlo methods, without any probabilistic
modeling of atmospheric variables and their impact on energy production and demand. The studies
presented in this thesis therefore aim to fill this gap in the literature. The following sections explain
what the adequacy of a power system is, which indices are used to calculate it, and the state of the art
of adequacy analyses, before presenting specific studies in which statistical methods have been used
to model the impact of climate change on energy production and demand. The final chapter then

presents an algorithm for the stochastic generation of correlated time series of atmospheric variables.
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2. Adequacy analysis in power systems

In this phase of the energy transition of European power systems, the issue of adequacy is taking
on increasing importance. This is because, as seen in the previous chapter, on the one hand there is a
strong penetration of non-dispatchable renewable energy sources (ND-RES) in European energy
mixes, and on the other hand polluting but still dispatchable thermoelectric plants are being
decommissioned. The various adequacy analyses of European TSOs increasingly show that in the
coming years (2026-2035) there may be adequacy problems in different European market zones,

where demand is not met due to a shortage of available capacity to cover load requirements.

This section explains what the adequacy of a power system is, which indices are used to quantify
the level of adequacy of such a system, and which methodologies are used to evaluate these indices.
It then investigates in the scientific and technical literature which aspects are modeled as impacting

the adequacy of a power system.

2.1 The adequacy of a power system and the indices for

quantifying it
The operation of an EPS goes beyond simply supplying electricity to users; it relies on a set of
parameters and operating standards aimed at ensuring a safe, resilient, and reliable system. This thesis

focuses on the adequacy of a power system and on the stochastic models used to assess this aspect of

the EPSs.

Adequacy is defined as the ability of an EPS to meet electricity demand in each hour and in each
market zone of a country using the available generation capacity [29]. To quantify the adequacy level
of'a given EPS, two main indices are commonly adopted: the Expected Energy Not Supplied (EENS),
expressed in MWh, and the Loss of Load Expectation (LOLE) expressed in hours. These indices are
evaluated annually in adequacy studies. The EENS is given by the following expression:

n_ENS
EENS = "‘17" @

Where k are the hours over which the EENS is calculated and ENS stands for Energy Not Supplied
(MWh). In other words, equation (2.1) says that the EENS is the expected value of the ENS, which
represents the portion of demand that is not met. If ENS is calculated for N different years, EENS is
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obtained as the average of those values [29]. The system is considered inadequate whenever ENS in
the k-th hour is greater than zero, since ENS > 0 indicates that the load is not fully served in that hour.
Once ENS is computed for every hour of a year, the total number of annual hours in which the system
is inadequate is known. Taking the average of these hours over the years considered yields the LOLE.
In fact, LOLE is calculated as the average number of hours in which ENS is greater than zero [29],
as clarified by the following expression:

Z?:lhENS,k
LOLE = T (2.2)

Where hgys y represents the k-th hour in which ENS > 0 occurred, and n is the number of hours

in which the demand is not satisfied.

Equations (2.1) and (2.2) are those through which the Italian TSO Terna, the various national TSOs
of the EU, together with the European Network of Transmission System Operators for Electricity
(ENTSO-E), assess adequacy. At the European level, LOLE can also be evaluated using an alternative
expression based on economic parameters, namely the Cost of New Entry (CONE, in €/ MW), which
represents the cost of additional generation capacity required to ensure adequacy, and the Value of
Lost Load (VOLL, in € MWh), which reflects the economic value of unserved energy [30], according

to the following expression:

CONE

LOLE = VOLL

2.3)

Italy, like many others EU-27 countries, sets a target level of adequacy considered acceptable for
proper EPS operation. This target level was set by ministerial decree at LOLE = 3 h. This threshold
is intended to represent the fact that, for a market zone in Italy, or the Italian power system as a whole,
to be considered adequate, the expected number of hours in which demand is not satisfied must not
exceed three. Therefore, the Italian TSO, Terna, in its adequacy studies seeks to understand whether
simulations for the coming years provide expected values of hours of unmet demand that are lower
or higher than three. If the simulations show LOLE values above the ministerial threshold, an
adequacy problem is identified and actions to address this issue are suggested and subsequently

implemented.
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2.2 State of the art of adequacy assessments in Italy and Europe

In the literature, several studies help clarify how adequacy analysis is evolving and what results
have been achieved so far. In [31], the authors assess adequacy in power systems with high wind
power penetration. They present and apply wind speed data models and wind energy conversion
system models to evaluate the adequacy of wind-integrated power systems in two case studies, again
using Monte Carlo techniques. The role of energy storage as a mitigation measure for the variability

of wind generation is also analyzed.

In [32], a Monte Carlo approach is used to estimate system adequacy under different levels of RES
penetration (from 0% to 100%) and for various mixes of wind and PV installed capacity. The authors
find that, as conventional generation is decommissioned, increasing RES shares can compromise
system adequacy. They therefore examine the contribution of storage technologies, in particular
pumped-hydro storage, under different combinations of conventional and RES capacities. Their
results show that storage can restore or at least improve adequacy even in scenarios with strong
reductions in conventional generation. Several case studies are carried out on a simplified model of
the eastern Australian interconnected power system, and the methodology includes the use of

availability curves for conventional generating units.

In [33], the authors examine generator failures in the context of resource adequacy. Starting from
hourly time series of full availability histories for generating units, they investigate whether failures
across different units are correlated and whether outages exhibit seasonal patterns. Their results show
that, in most regions, outages of different units are indeed correlated, while no clear seasonal structure
is detected (although the authors do not rule out that such a pattern could exist). They also characterize
the statistical distributions of unscheduled unavailable capacity, modeled with Weibull and lognormal
laws, and of unscheduled derating magnitudes, and they estimate key reliability metrics such as the
mean time between failures (MTBF) and the mean time to repair (MTTR). In terms of MTBF,
significant differences are found between small and large units across three generation technologies.
The authors therefore conclude that correlated outages should be explicitly considered to ensure

realistic adequacy and reliability reserve assessments.

The studies reviewed above follow the probabilistic approaches adopted by national TSOs,
reinforcing the importance of statistical tools in adequacy analysis. They also show that adequacy is
largely driven by the level of reserve margin: the higher the reserve margin in an EPS, the greater the
likelihood of maintaining adequacy. At the same time, several works emphasize the role of storage in

achieving acceptable standards of adequacy. While increasing RES capacity is essential to reduce
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CO, emissions, a power system with high RES penetration cannot be reliably operated without a

sufficient amount of storage capacity to balance variability and uncertainty.

European TSOs carry out their adequacy analyses by referring the results to the respective
adequacy standards set by each country. The methodologies implemented for calculating EENS and
LOLE tend to align with those applied at the European level by ENTSO-E. Specifically, the adequacy
study conducted by ENTSO-E follows the guidelines of the European Union Agency for the
Cooperation of Energy Regulators. Each year, ENTSO-E is tasked with carrying out its adequacy
analyses of the interconnected European power system, providing EENS and LOLE index results for
each market zone of the interconnected EU-27 electricity system. This adequacy study is called the
European Resource Adequacy Assessment (ERAA), and the most recent one just completed is ERAA
25.

In ERAA 25, adequacy indices are evaluated using a Monte Carlo algorithm. Through probabilistic
methods, plant availability profiles are derived, thus modeling unplanned outages using probability
curves. To account for the influence of climate on adequacy, no probabilistic processing is performed;
instead, data from climate projections of three climate models are directly considered, under a given
emissions scenario forcing. A basket of several years of climate projections is therefore created. In
implementing the Monte Carlo method, Monte Carlo samples are generated. These samples represent
a simulation of the state of adequacy of the European system over one year. Each sample is obtained
by stochastically generating an annual availability profile of the generation plants and randomly
drawing one of the years of climate projection data. This yields a Monte Carlo sample year, for which
ENS and the number of hours with ENS > 0 are evaluated. This procedure is repeated for several
dozen Monte Carlo simulations, and at the end the ENS and the number of hours with ENS > 0 are
averaged, yielding the EENS and LOLE values for each explicitly modeled market zone of the EU-
27 European power system. This Monte Carlo methodology is the same as the one used by Terna, the

Italian TSO, in its national adequacy report.

2.3 The stochastic simulation of climate change impacts on the

adequacy of an EPS

As observed in the previous paragraphs, adequacy analyses consist of stochastic simulations of
energy generation and demand scenarios for the purpose of evaluating adequacy indices. Specifically,

as reported in 2.2, it is noted that there is no methodology for the stochastic simulation of climate
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change impacts on adequacy. In other words, in the scenarios of adequacy analyses, climatic
conditions that may occur according to a probability-based logic are not simulated stochastically.
Instead, historical data or climate projections for certain years are directly considered to simulate the
climate in the coming years for the evaluation of adequacy indices for those years. To the author’s
knowledge, no one in the scientific literature, nor in the technical methodologies of TSOs, has
considered simulating climate scenarios using statistical methods, thereby evaluating the impact of

multiple stochastic climate scenarios on the values of adequacy indices obtained from the analyses.

Not treating atmospheric variables with stochastic methods deprives adequacy analyses of the
ability to simulate the randomness of the impacts that these variables have on electricity generation
and demand, as well as on grid infrastructure (lines and transformers). Moreover, considering either
historical data or only a few climate projections risks, in practice, not simulating weather scenarios
with extreme conditions. For example, as seen in Section 1.3, rising temperature trends imply a higher
probability of heatwave periods, which strongly impact: electricity demand (summer peaks keep
increasing), transformer windings and power lines (stress on insulation integrity), and energy

production (wind droughts or prolonged dry periods).

Considering what has been said above, the importance of simulating the impact that climatic
conditions have on the simulated hourly values of electricity generation and demand becomes clear.
It is also understood that, since climate evolution is intrinsically uncertain and given the inter-seasonal
and inter-annual variability of atmospheric variables, statistical methods must be used to simulate the

impact of climate on the adequacy of an EPS.

The studies presented in this thesis therefore focus on the use of statistical methods for the analysis
and simulation of the impacts of weather and climate change on energy generation and demand, also
considering grid elements such as transformers. In the following section (Chapter 3), the statistical
methods implemented are presented in detail, and the subsequent chapters are each devoted to aspects
concerning energy generation (Chapter 4), grid transformers (Chapter 5), energy demand (Chapter
6), and the simulation of climate scenarios for the purpose of evaluating adequacy indices (Chapter

7). This is followed by a final Conclusions chapter (Chapter 8).
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3. Mathematical tools for data analysis and stochastic

simulations

As reported in the previous chapters, adequacy analyses are conducted using statistical methods.
In this thesis, statistical techniques and stochastic approaches are applied to assess the impacts of
climate on electricity production and demand, and thus on the adequacy of an EPS. For this reason,
this chapter presents the statistical methods on which the analyses and simulations carried out in the
various studies addressed in the thesis are based. Specifically, the following sections first present the
theoretical foundations of correlation analysis and then describe in detail Monte Carlo algorithms for
the stochastic generation of profiles of random variables. In the specific case of the analyses carried
out and reported in this thesis, correlation analysis is performed on atmospheric variables and their
relationship with electricity demand, while Monte Carlo algorithms are implemented for the
simulation of energy yields as well as for the generation of synthetic profiles of atmospheric variables,

both independent and correlated. The following sections describe in detail the methods adopted.

3.1 Correlation analysis

Often in statistical analyses the aim is to understand whether there is some relationship between
two data series. In the medical field as well as in engineering, this involves both a qualitative
observation of the data and subsequent quantitative analyses of the degree of relationship between
the variables considered. The first step of a correlation analysis in fact starts from the visual inspection
of scatter plots, which provide the examiner with an initial idea of whether there is inter-variability

between the variables considered and whether such a relationship is linear or not.

However, limiting the analysis to the observation of scatter plots does not make the correlation
analysis complete and only allows for qualitative inferences. Moreover, sometimes scatter plots do
not show a clear pattern in the relationship between the pairs of variables considered, which can lead
to misleading conclusions. For these reasons, the analysis of scatter plots must be complemented with

indices that can quantitatively describe the degree of relationship between the variables considered.

In the literature, several indices are used to investigate the correlation between variables, but these
are modified versions of the best-known parametric and nonparametric correlation indices, namely
the Pearson, Spearman, and Kendall correlation coefficients. In the studies presented in this thesis,
Kendall’s coefficient is not used, as the analysis is carried out on “pure” continuous data that do not

have ranks to which Kendall’s coefficient can be applied. Regarding the Pearson and Spearman
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coefficients, in previous studies conducted by the author (not reported in this thesis), it was observed
that the evaluation of the degree of correlation between atmospheric variables yielded similar results
when using these two correlation indices [34]. This is noteworthy, as the Pearson coefficient requires
normality of the variables considered and a linear relationship between them, assumptions that are
not required by the Spearman coefficient. In light of this evidence, in most of the studies in this thesis,
the Pearson coefficient is used, and only occasionally the Spearman coefficient. The next section

reports in detail the mathematical formalism on which the correlation analyses are based.

3.1.1 The sample correlation coefficient

Given two random variables X and Y, the degree of linear relationship between them is expressed

through the population correlation coefficient p, given by the following expression [35]:

_ Cov(X,Y) (3.1

Ox Oy

Where Cov(X,Y) is the covariance of X and Y, and gy and oy are the standard deviations (STDs)

of populations X and Y, respectively.
Cov(X,Y) is given by the following expression:
Cov(X,Y) = E[(X — pux)(Y — py)] (3.2)

Where E is the expected value, uy is the average of population X, and uy is the average of

population Y. uy and py are given by the following expressions:
e =EX]1 . py=E[Y] (3.3)
Through (3.3), (3.2) gives the following expression for the covariance:
Cov(X,Y) = E[(X — E[XD(Y — E[YD] =
= E[XY — XE[Y] — YE[X] + E[X]E[Y]] =
= E[XY] - E[X]E[Y] (3.4)
oy and oy are instead given by the following expressions:

ox = VE[(X —ux)?] oy = E[(Y — uy)?] (-5
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The expressions from (3.1) to (3.5) refer to the populations of the random variables X and Y, which
are defined over infinite samples. The values of p, uy, uy and oy, oy are unique but not observable.
For statistical analysis, one therefore extracts samples from the populations of X and Y and evaluates
the sample statistics of interest. Therefore, instead of evaluating p, the sample correlation coefficient
r is evaluated; instead of the population STD, the sample STD s is used; and instead of the population

expected value, the sample mean m is considered.

Let the elements x; and y; of the populations X and Y be considered, and the pairs of points (x;,
Y1) (X2, Y2), -, (Xn, Yn). From these, the sample means m, and m,,, as well as the sample STDs s,

and s,, can be evaluated through the following expressions:

n n
1 1
M = szi My = EZ”’ (3.6)

(3.7)

In the studies conducted in this thesis, time series of climate data and power system operation
(demand profiles) are considered, with a dataset size large enough (N > 30) to regard the sample
statistics values as very close to the population statistics values. One implication of this consideration
is that the impact of Bessel’s correction becomes negligible in the evaluation of the sample standard

deviation. Nonetheless, this correction is still applied as a precaution.

After evaluating the sample means and standard deviations with (3.6) and (3.7), each x; and y; can

be converted into standard units, i.e., the z-scores are computed using the following expressions [36]:

Xi — My yi—my (3.8)
Sy Sy

Mathematically, the correlation coefficient is the arithmetic mean of the products of the z-scores

[36]:

n

- )

=1
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By substituting (3.7) into (3.9), the well-known expression for the Pearson sample correlation

coefficient is finally obtained:

Z?zl(xi - mx)(Yi - my)

VI = S, (i = my)°

r =

(3.10)

The key aspect of expression (3.10) is that the value of r is dimensionless. This allows the results
of the correlation analysis to be compared even when considering pairs of variables that are different
physical quantities. Moreover, (3.10) shows that the linear correlation coefficient is normalized,
specifically taking values within the range [—1, 1], which facilitates the interpretability of the results.
r = 1 indicates a perfect positive linear correlation between the pairs of variables (x;, y;) considered,
meaning that as one variable, e.g. x;, increases, the other variable also increases. Similarly, if x;
decreases, y; also tends to decrease. r = —1 indicates a perfect negative linear correlation
(anticorrelation) between the pairs of variables (x;, y;), meaning that as one variable, for example x;,
increases, y; tends to decrease, and vice versa. r = 0, on the other hand, indicates that there is no
evidence of a linear correlation between the pairs (x;, y;) considered. This latter fact does not imply
that x; and y; are not related at all by some other law; indeed, if the relationship were quadratic, the

coefficient r would not reveal it.

Correlation analysis is, in any case, a statistical test and, as such, is based on hypotheses that are
tested each time a correlation analysis is performed. Specifically, the null hypothesis, Hy, assumed in
this thesis is that there is no correlation between the variables considered, while the alternative
hypothesis, H;, states that there is a correlation between the variables considered. H,, is rejected when
the p-value is below the significance level set here at 0.05. The Student’s t-test is used to test the null
hypothesis. Specifically, the t statistic, which follows a Student’s t distribution with n—2 degrees of

freedom, is evaluated using the following expression [36]:

po TVn—2 (3.11)
=

Where n is the sample size. Knowing the value of ¢, the p-value can then be evaluated, allowing

one to determine whether or not to reject Hy.

It is important to emphasize that correlation does not imply causation [37]. Indeed, while it is true

that two variables intrinsically linked by a cause-effect relationship will exhibit a certain degree of
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statistical correlation, the converse is not always true. In other words, the fact that two variables are
correlated does not necessarily imply that there is a cause-effect relationship between them. In
mathematical terms, statistical correlation is therefore a condition necessary but not sufficient for the

interdependence of two variables.

Finally, there are no universal threshold values that objectively separate “strong” from “weak”
correlations. The interpretation of r must therefore be context-dependent and supported by domain

knowledge and complementary analyses [38].

3.1.2 Applications of correlation analysis in the EPS domain

Understanding the relationships among meteorological variables is important not only from a
scientific perspective but also from a technical one. Knowing how one atmospheric parameter is
statistically linked to another makes it possible to improve models that simulate the effects of climate
on energy production and demand. In addition, analyzing the degree of linear dependence between

variables helps to assess the complementarity of different generation technologies.

For instance, if over a year or during a given season in a specific region air temperature and wind
speed are found to be negatively correlated, this offers system operators useful information on how
wind and photovoltaic generation may complement each other. This, in turn, supports more accurate
evaluations of the reserve capacity required to keep the EPS secure and adequate. When climate
projections are considered, information on correlations further strengthens their interpretation and
statistical relevance. Saying that two variables are positively or negatively correlated means that an
increase in one raises the likelihood that the other will increase or decrease, respectively. Therefore,
if future temperatures are expected to rise, inferences can be drawn about how other correlated
meteorological variables may evolve. Since both electricity demand and generation depend on
multiple atmospheric drivers, understanding the interdependence among atmospheric quantities
allows better insight into the balance between production sources and load, for present and future

EPSs.

In the literature, extensive research has examined the relationships between meteorological
variables and economic, social, and health-related phenomena [39, 40, 41]. By contrast, far fewer
studies have focused on the correlations among meteorological variables themselves [42, 43]. Within

the context of adequacy analyses for EPSs, it has also been shown that explicitly modelling the
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correlation structure of weather variables can significantly influence the results of statistical

simulations [44].

Studying the correlation between atmospheric variables has important implications for the
adequacy analysis of an EPS. In fact, the degree of linear dependence between the variables also
reveals the degree of complementarity among the generation sources that depend on those
atmospheric variables. Within the framework of this thesis, the correlation analysis of atmospheric
variables takes on an additional fundamental role. Indeed, following the correlation analysis, the
related results are used as inputs for the stochastic generation of correlated time series of atmospheric
variables. Overall, within the studies presented in this thesis, correlation analysis has been used to
understand the degree of relationship between electricity demand and air temperature during periods
of extreme heat, as well as the interdependence of offshore wind production at certain case-study
sites, and finally for the stochastic generation of correlated profiles of atmospheric variables, as

mentioned above.

3.2 Monte Carlo methods for the generation of synthetic profiles

of atmospheric variables

As seen in Chapter 2, the Monte Carlo method is used in adequacy analyses to evaluate the EENS
and LOLE indices. However, in the implemented Monte Carlo algorithms, plant availability profiles
are drawn using probability distributions, whereas this probabilistic approach is not applied to the
atmospheric variables of interest. In the studies presented in this thesis, a Monte Carlo methodology
is therefore proposed for the stochastic generation of time series of atmospheric variables. This
stochastic generation is carried out both by considering the atmospheric variables as independent
from each other and by considering the degree of correlation between them. The following paragraphs
detail the Monte Carlo methods used to stochastically simulate the impact of weather and climate

change on the adequacy of a power system.
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3.2.1 Stochastic approach for the generation of independent time series of

atmospheric variables

Stochastic analyses can begin with the statistical characterization of the probability distributions
of the relevant meteorological variables for EPS operation. For adequacy analyses, the variables of
primary interest are global solar radiation, precipitation, air temperature, and wind speed. In power
system studies, an alternative to using historical weather records directly is the synthetic generation
of meteorological time series. This approach is particularly useful for producing statistically
meaningful medium- and long-term scenarios through probabilistic and stochastic models. It is also
advantageous when weather stations provide incomplete or short data records, which is often the case

when long-term analyses are required.

In the literature, several approaches are used for the stochastic generation of synthetic profiles of
atmospheric variables, which vary depending on the specific variable considered. For global solar
radiation (GSR), [45] presents a model for generating daily solar radiation data based on a simple
trigonometric function with a single independent variable: the day of the year. This approach is
particularly suitable for developing regions or for weather stations without access to complex and
costly measurement equipment. After validating the model statistically, the authors show that its
outputs are consistent with both historical observations and values reported in the literature. A
different method for producing synthetic daily solar radiation data relies on artificial neural networks
(ANNSs) [46]. In this case, daily GSR is generated using a model that combines meteorological
reanalysis data with ANN techniques. The network inputs include four reanalysis-based
meteorological variables, together with site latitude and longitude, daily clear-sky global radiation,
and the day of the year. The sole model output is daily global solar radiation. One limitation of this
approach is its sensitivity to spatial distance and cloud cover. An alternative strategy is described in
[47], where two statistical models are proposed to generate hourly global radiation profiles, from
which hourly temperature series are then derived. One method is based on fitting probability
distribution functions to the data, while the other relies on clear-sky solar radiation. These models are

intended for medium- to long-term studies of EPS adequacy and resilience.

Regarding precipitation (Pr), the most common method to generate daily rainfall data is a two-step
model combining a first-order Markov chain with a gamma distribution. The Markov chain typically
uses two states: dry-to-wet day and wet-to-wet day. Transition probabilities are calculated for a wet
day following another wet day and for a wet day following a dry day. The gamma distribution is then

used to simulate rainfall intensity, with two parameters, o and B. Parameter a is dimensionless,
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usually less than one, and represents low rainfall events, while B (mm), greater than one, models
extreme rainfall for the given environment [48]. A limitation of this approach is the need for long-
term daily rainfall records to calibrate the model. To address this, [48] proposed using monthly
summaries instead of daily values to estimate the parameters, justified by empirical relationships
between monthly averages and model parameters. However, another limitation is that the gamma
distribution captures short-term rainfall variability well but underestimates long-term variability and
extreme events, due to its tendency to underestimate the standard deviation of rainfall and the heavy
precipitations [49]. Some studies have attempted to overcome the modeling limitations mentioned
above by increasing the order of the Markov chain. The authors of [50] explored second- and third
order chains but found that higher-order chains increase model complexity without significantly
improving results compared to the first-order chain. This conclusion is supported by [51], who

observed only minor improvements in long-term variability when using a second-order chain.

Focusing on air temperature, in [47], the authors generate hourly temperature profiles using a
physical model, producing simulated temperature data closely matching measured values. An
analysis of persistence shows no direct correlation between consecutive clear or cloudy days, nor
between consecutive days with low or high temperatures, throughout the year. Additionally, a
statistical model for irradiance persistence is used, showing that both methods can simulate extended
sequences of clear days; however, the probability distribution—based approach fails to reproduce long
sequences of cloudy days. The method used to generate hourly temperature profiles also cannot
simulate consecutive days with unusually high or low temperatures. In [52], the authors compare
theoretical models for temperature prediction found in the literature and propose a semi-empirical
model to capture ambient temperature variations, using minimum and maximum daily temperatures

combined with Lagrange interpolation.

Regarding wind speed, in [53] the authors present techniques for generating synthetic wind speed
data. They compare a nonparametric wavelet transformation method with parametric approaches,
including independent random numbers following normal and Weibull distributions, first- and
second-order autoregressive (AR) models, and first-order Markov chains. The normal and Weibull
distributions generate independent and identically distributed (i.i.d.) random numbers, while AR
models produce time series that incorporate the correlation structure. Markov chains generate wind
speed data with a predefined distribution, preserving the autocorrelation of the series. The authors
conclude that the wavelet method is most effective for maintaining the correlation structure of the
time series. An alternative approach is proposed in [54], where the authors develop a method based
on four parameters that control persistence and autocorrelation in the generated time series. These
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parameters are determined by minimizing a multi-objective function using a stochastic optimization
algorithm. The function depends on the number and type of input data, leading the authors to test the
method in three case studies with different input sets. The model’s validity is further tested for two
Italian locations—one onshore and one offshore—by comparing the generated wind speed data to
measured data, considering both statistical characteristics of the time series and the kinetic energy

available to a generic wind turbine.

From this brief literature review, it can be observed that none of the studies used a Monte Carlo
approach based on the inverse method for the generation of synthetic profiles of atmospheric
variables. Moreover, some studies generate daily synthetic series, while others produce hourly
synthetic series. The choice of time resolution for synthetic profiles generally depends on the
resolution of the available historical data; when only daily datasets are available, generating synthetic
hourly profiles can result in coarse approximations. Furthermore, the suitability of a synthetic
generation method often depends on the specific weather variable considered. Some variables, such
as GSR, have a strong deterministic component that cannot be accurately captured by purely statistical
approaches. Overall, methods that combine both physical and statistical elements tend to provide the
most reliable results for modeling synthetic weather time series. Considering all of the above, the
inverse method is here introduced for the first time in the literature (to the author’s knowledge) as a
Monte Carlo method useful for the stochastic generation of synthetic profiles of atmospheric
variables. In this thesis, synthetic hourly time series of GSR, Pr, ambient temperature, and wind speed
are independently generated, on a seasonal basis to simulate the weather and climatic seasonal

variabilities.

To generate synthetic hourly GSR profiles, a combination of inverse and bootstrap methods is
used. Among the weather variables considered in this thesis, solar radiation is the one with the
strongest deterministic component. In fact, the alternation between daylight and nighttime hours,
together with the seasonal cycle, is governed by the Earth’s rotation and revolution. These processes
introduce a deterministic structure into hourly solar radiation profiles that cannot be reproduced by a

purely statistical model and must therefore be included explicitly in the final synthetic series.

For this reason, zero values are removed from the historical GSR time series, since night-time
hours are fixed deterministically and cannot be sampled at random. In addition, to remove the
deterministic annual solar cycle from the historical data, the clearness index from the Liu & Jordan
model [55] is used. Fitting historical irradiance data (with or without zero values) with a theoretical

probability density function (PDF) leads to poor results in terms of goodness of fit (GOF). To
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overcome this issue, the clearness index dataset can be considered and, together with the historical
global irradiance data, the experimental cumulative distribution function (CDF) is derived. Random
values in the interval (0,1) are then extracted and used as inputs for the experimental inverse CDF
(ICDF). Finally, the bootstrap method is then applied to these synthetic time series thus obtained,

yielding synthetic hourly series of global solar radiation. This procedure is repeated for each season.

For the generation of synthetic precipitation profiles, a Monte Carlo method based on random
sampling from a Pearson distribution is adopted. This approach relies on generating values according
to the Pearson distribution, using the mean, standard deviation, skewness, and kurtosis of the
historical rainfall data as inputs. In this way, the Pearson-distributed random numbers are mapped

onto physically meaningful rainfall values.

For the generation of synthetic air temperature and wind speed profiles, suitable theoretical
probability density functions can be fitted to the historical data for both variables; therefore, the
inverse transform method is applied. The first step consists in fitting theoretical PDFs to the available
meteorological dataset. Among all the PDFs, the one that provides the best GOF is selected. From
this winning PDF, the corresponding CDF is easily derived, and consequently the ICDF. Then,
random numbers in the interval (0,1) are generated according to a uniform distribution and used as

inputs to the ICDF. In this way, synthetic time series of air temperature and wind speed are obtained.

The atmospheric variables generated using the stochastic approaches described are, however,
independent of each other. Physical reality, however, shows that atmospheric variables are correlated,
so it would be more realistic to generate mutually correlated atmospheric time series. Moreover, this
modeling refinement can provide more realistic analyses of the climate impacts on the adequacy of
an EPS. The following section outlines the stochastic approach implemented for the correlated

synthetic generation of the atmospheric variables considered so far.

3.2.2 Stochastic approach for the generation of correlated time series of

atmospheric variables

The first step for the synthetic generation of correlated time series of the atmospheric variables
discussed above is the correlation analysis of the historical hourly joint distributions of the weather
variables. This analysis is carried out on a seasonal basis and for each market zone of which an EPS

is composed. Through the correlation analysis, the sign and the degree of linear dependence between
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the pairs of variables considered are thus determined, with the hypotheses and significance level as

defined in Section 3.1.1.

Once the correlation coefficients are determined, synthetic correlated weather time series can be
generated. To this aim, two methods could be applied, as described in [56] and [57]. The approach
adopted in this thesis begins with the independent synthetic generation of two weather variables. The
results of the correlation analysis are then used to construct correlated marginal distributions of
random numbers drawn from a multivariate Gaussian distribution. In this way, the sign and magnitude
of the correlations of these new marginals reproduce those obtained for the original weather variables.
Finally, these correlated random numbers are mapped onto the marginal distributions of the original
variables, yielding synthetic weather series that are correlated with each other. This method is general
and can be applied even when the CDFs and their inverses are experimental rather than theoretical,
providing great flexibility in handling both experimental and analytical distributions. Figure 3.1

shows a flowchart that schematically outlines the steps of the stochastic approach just described.

Fitting Correlation
(GOF tests) analysis (1)
Random [0,1]

(Gaussian copula)

MCS
(Inverse method)

BTS

—

Stochastically
correlated
generated profiles

Figure 3.1. Block diagram of the procedure used to stochastically generate hourly profiles of correlated atmospheric variable pairs.

When the marginal distributions of the weather variables can all be described by theoretical CDFs,
a second method, not adopted here, can be used. In this case, a multivariate normal distribution is first
employed to generate intercorrelated random numbers based on the correlation structure inferred from

the data. The CDF of the multivariate normal is then used directly to produce correlated realizations
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of the original weather variables. This approach requires that the fitting PDFs be theoretical, since
their parameters must be specified explicitly. Compared with the first method, the second does not
require an initial independent generation of weather variables, but it is limited to cases where

theoretical CDFs are available.

To assess the quality of the correlated synthetic series, the centroids (expected values) of the
historical and synthetic joint distributions can be computed and the distances between them are
evaluated. In addition, as further evidence of the validity of the approach used, two regression
analyses are conducted: one for the historic joint distribution and the other for the synthetic joint
distribution, with the aim of evaluating the respective R? coefficients. The purpose of assessing these
coefficients is to understand, from their comparison, how well the implemented algorithm performs.
The closer the R? values are, the more the algorithm has produced synthetic profiles with a degree of
correlation close to that of the physical reality. For these regression analyses, third-degree
polynomials are considered, as they provide a good compromise between a linear polynomial and a
higher-order polynomial, which would be particularly complex. Moreover, evaluating the coefficients
of determination has a further implication in terms of analyzing the interdependence between
variables. Indeed, since R? quantifies how much of the variability of the output variable is explained
by the input variables, R?, together with the Pearson correlation coefficient r, quantifies the degree

of relationship between the atmospheric variables.
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4. Studies on the effects of weather and climate change on

non-dispatchable renewable plants

In European power systems, an energy transition is underway that is based on PV and wind power
plants. Such plants can be defined as non-dispatchable since their output cannot be scheduled in
advance, as it depends on the variability of atmospheric conditions. As mentioned earlier, the climate-
energy nexus is bidirectional. It is therefore interesting to study how weather and climate change
impact and will impact the production from ND-RESs, and how these plants can serve as a solution
for mitigating climate change. The following chapters therefore address both how ND-RES plants
can mitigate the impacts of climate on energy production (Chapter 4.1) and how climate change

would likely affect the production of a specific ND-RES technology (Chapter 4.2).

4.1 Effect of floating photovoltaic modules on evaporation rates

of two water reservoirs

In the context of global warming, which is progressively increasing aridity in several regions of
the world [58], including the Mediterranean basin [59], the assessment of evaporation rates from
natural and artificial reservoirs is becoming increasingly important. Within electric power systems,
water management plays a critical role in energy production, both for plants that directly exploit water
as a primary energy source, such as hydroelectric facilities, and for those that rely on water for cooling
purposes, such as thermoelectric plants [60]. Consequently, studies aimed at reducing water losses
due to evaporation have not only environmental relevance but also significant technical and energy-

related implications.

Among the strategies adopted to mitigate water evaporation from reservoirs, one widely
investigated approach involves partially covering reservoir free surfaces using specific materials and
coverage ratios. In the power generation sector, floating photovoltaic (FPV) systems have emerged
as a promising solution, as they cover reservoir surfaces, reduce water evaporation [61], and at the
same time they produce renewable energy [62]. Moreover, the cooling effect of evaporation on FPV

systems would lead to a 3% to 6% increase in energy yield compared to land-based PV systems [63].

Since its first installation in 2007, FPVs has expanded at an average annual growth rate of 132%
over the past 15 years, reaching a cumulative installed capacity close to 6 GWp by the end of 2022,
with 59 countries having at least one FPV installation [64]. Since 2013 the median capacity of FPV
systems increased from 0.09 MWp to 1.40 MWp in 2022, and the median power density has risen
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from 82 W/m? to 123 W/m? by 2022 [64]. Currently, research on FPV float designs and materials
is ongoing, especially for offshore settings, where high waves, strong winds, and saltwater pose
significant challenges. Offshore floating platforms are still nascent, with numerous stakeholders
developing, testing, and enhancing pilot and small-scale installations. A 2021 NREL survey [65]
found that the CAPEX for 10 MWp and 50 MWp FPV systems is 1.29 and 1.05 USD/Wp, roughly
25% higher than for ground-mounted PV. The increase is mainly due to the cost of floats and
anchoring systems. While FPV benefits from lower installation costs because it requires less heavy
machinery than ground-mounted PV, the expense of floats, ranging from 0.2 to 0.4 USD/Wp for US-
manufactured units, pushes the overall CAPEX upward. Moreover, CAPEX is highly sensitive to
float costs, which depend on factors such as wind and snow loads, as well as panel efficiency [64].
Making a further comparison between FPV and land-based PV (LPV) systems, with a focus on the
Mediterranean climate, the authors in [66] reveal that FPV deployment at a tilt of 10° reduced
evaporation by 83%, and at a tilt angle of 20°, FPVs outperform the power output of an LPV by 9%.

Considering inland reservoirs, assuming that only 10% of the reservoir area would be covered by
an FPV system (a conservative estimate of the global FPV potential), and assuming a power density
of 100 W/m? for all FPV configurations, and considering monofacial solar panels, it is possible to
estimate not only the installed capacity and energy produced by the various types of FPV, but also
the amount of water not evaporated due to the presence of FPV on the reservoirs. Given these
assumptions, the estimates are evaluated at a global level, as well as at the country level, and Table

4.1 reports the global results and those for Italy (63rd in the FPV ranking).

Table 4.1 Estimates of installed capacity, generated power, and water-saving potential (AE°) of FPV

Pmax | EFX0 | EFX0 | EFX10 | EFX20 | EFXEW10 | EFXEW20 | EVSATIO | EVSAT20 | EHSAT | E2AT AFY
Region [GWp] | [TWh] | [Twh] | [TWh] | [TWh] [TWh] [TWh] [TWh] [TWh] [TWh] [TWh] | [km3/y]
(%) (%) ([%]) ([%]) ([%]) ([%]) ([%]) (%] ([%]) (%) (%) (%]
World 22206 | 26365 | 30965 | 28381 | 29794 26222 25808 30836 34539 35553 40398 | 215579
24) ao3) | 20 | amy (117) (103) (101) (121) (135) (139) (158) (5.4)
World 5344 8613 8909 8819 8839 10351 11356 | 91417
(Tmin=0°C) | (100) 34) (35) 35) 35) 8550 (34) | 83450 (33) | 9595 (38) @b 19812642) | 43 2.3)
Italy 2120) | 2800.2) | 32001) | 30010) | 31(10) 27 (9.2) 27(9.0) 32(11) 36(12) 37(12) 41(14) (gz;g)

Where FXO is a fixed system with a horizontal orientation (0° tilt), FX10 is a fixed system tilted
at 10° and oriented toward the equator, FX20 indicates a fixed system tilted at 20° and oriented toward
the equator, FXEW10 indicates a fixed 10° tilt with an East—West layout, where half the modules

face east and the other half face west, FXEW20 indicates a fixed 20° tilt with an East—West layout,
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with panels split between east- and west-facing directions, VSAT10 indicates a system with a 10° tilt
using a vertical single-axis (azimuth) tracker that rotates to follow the Sun’s path, VSAT20 indicates
a system with a 20° tilt using a vertical single-axis (azimuth) tracker that rotates to track the Sun’s
movement, HSAT is a system using a horizontal-axis tracker (north—south axis of rotation) that
adjusts the tilt between —60° and 60° while facing east—-west to maximize solar irradiance, and finally
2AT indicates a dual-axis tracking system combining both vertical and horizontal tracking to follow

the Sun in two dimensions.

Table 4.1 shows that, in addition to the strong energy potential of FPV, they also make it possible
to reduce the amount of water evaporation from the reservoirs where they are installed. Several studies
in the literature have attempted to quantify the water savings of reservoirs with FPV installed, stating
that the actual evaporation reduction due to FPV installation will depend on the float types, water
body characteristics, and weather conditions. In [67] it is found that ponds with FPV installed had a
90% reduction in water evaporation compared to ponds without FPV installed. In [68], the authors
instead find that the water reservoir has a 17% reduction in evaporation when it is partially covered
with FPV systems, while the reduction reaches 28% when it is fully covered. Using the Penman—
Monteith model, the authors in [69] studied the amount of water savings achieved for four FPV
configurations across more than 4,000 reservoirs in different climates. It is observed that cold desert
climates with dry winters exhibit the highest water savings. At the same time, it is also observed that
the cooling effect of the reservoir water improves energy production, especially in climates where the
temperature gradient is greater. In [70], the authors consider an arid region of Jordan for which water
and energy consumption data are available, in order to determine which FPV configuration most
reduces water consumption and increases energy yield. Standard floating PV was found to be the
preferable option compared to ground-mounted PV and FPV with tracking, both with and without
active cooling. Considering 20 lakes in the semi-arid regions of Rajasthan, [71] evaluate the effect of
FPV deployment on the energy and water potential of the considered reservoirs for different coverage
percentages. It is observed that lakes with larger surface areas have the greatest energy potential and
water savings. Using the Linacre method, [72] evaluate the evaporation rates of a reservoir in North
Carolina (USA) in the presence of FPV modules, observing that over one year the volume of water
not evaporated amounts to 9 million gallons. In [73], the FAO Penman—Monteith method is used to
evaluate water savings in five dams in the Tehran region. Using the SPEI index, which reveals an
increasing drought trend over the analyzed period, it is observed that in one of these dams water

savings reach up to 16 million cubic meters.
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In some applications, FPV installations are directly integrated with hydroelectric plants, creating
hybrid generation systems. It is estimated that the global potential of coupling FPV systems with
hydropower plants ranges from 4.4 TW (6,270 TWh per year) to 5.7 TW (8,039 TWh per year) for
hydropower-only reservoirs and multipurpose reservoirs, respectively [74]. Considering the largest
128 U.S. hydropower reservoirs, the authors of [75] observed that covering just 1.2% of the reservoir
area with FPV modules would be enough to produce the same amount of electricity as the hydropower
plants themselves. Looking at Europe, the authors in [76], considering 337 hydropower reservoirs,
evaluate the potential electricity output of FPVs. Given an FPV installed capacity equal to that of the
hydropower plants, FPVs can produce up to 40 TWh by covering 2.3% of the total reservoir area,
with a water saving of 557 million m3. The authors in [77] also confirm the beneficial effects in terms
of energy production surplus and water savings from hydro-FPV hybridization. In fact, considering
146 hydropower reservoirs in Africa, the authors observe that with FPV coverage below 1%,
electricity output grows by 58% (with an additional annual production of 46 TWh) and water savings

of 743 million m? per year, increasing annual hydroelectricity generation by 170.64 GWh.

Within the framework presented so far, the present study analyzes evaporation rates and the
associated water savings on reservoirs that, to the authors’ knowledge, have not yet been considered
in the literature. Different reservoir coverage percentages and FPV technologies are considered, using
satellite-based meteorological data as inputs. Two case studies located in southern Italy are
considered: Anapo, in Sicily, and Cesima, on the border between Molise and Campania. These sites
are selected due to their relevance to Enel Green Power (EGP), a subsidiary of Enel S.p.A., which
owns pumped-storage hydroelectric plants at both locations and has a technical and economic interest
in quantifying the potential water savings achievable through partial basin coverage with FPV
systems. To address this objective, daily and hourly evaporation rate are evaluated, together with
cumulative monthly and annual water savings, expressed both in mm and cm3. Coverage scenarios
of 25%, 30%, and 40% of the basin surface are analyzed. The FPV technologies considered differ by
specifically systems developed by Ciel et Terre, NRG, and Ocean Sun [78], [79], [80], and their

relative effectiveness in reducing evaporation is assessed.

4.1.1 Methodology

Evaporation rates are evaluated using a modified formulation of the Penman—Monteith (PM)
model [81]. In particular, the approach presented in [81] computes the saturated vapor pressure and
the slope of the temperature—saturation vapor pressure curve as functions of water temperature,

whereas other PM-based models rely on air temperature instead [82].
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The model implemented in this study uses hourly meteorological inputs consisting of air
temperature at 2 m (T,, °C), relative humidity at 2 m (RH, %), global solar radiation (GSR, Wh/m?),
and wind speed at 10 m (v, m/s). These data are obtained from the publicly available NASA database
[83] and cover the period from December 2021 to November 2022. The dataset has a spatial resolution
of 0.5° x 0.625° (latitude/longitude) and an hourly temporal resolution.

Table 4.1 summarizes the main physical characteristics of the Anapo and Cesima reservoirs,
including the geographic coordinates used to extract the meteorological data and the key basin
parameters required for evaporation assessment, namely surface area, elevation, and average depth.
For both sites, evaporation rates are computed by considering the maximum regulation area as the
reference surface, since using the minimum regulation area leads to negligible differences in the

results.

Table 4.2 Details of the physical characteristics of the two case-study basins

Anapo Cesima
Geographical position(degrees) 37°06' latitude and 15°08’ 41°22' latitude and 14°03’
longitude longitude
Basin area (km2) 0.431 0.312
Basin elevation (m) 643 94.3
Basin depth (m) 25 21.3

The following paragraphs describe the climatological characteristics of the two locations, the FPV

technologies considered, and the equations underlying the implemented model.

4.1.1.1 Comparison of the climatic features of the two sites

Before proceeding with the quantitative evaluation of evaporation rates at the two sites, it is useful
to examine the climate data to identify any significant differences between Anapo and Cesima. Both
locations lie within the Mediterranean climate zone, so major deviations in the trends of key
meteorological variables are not expected. However, this comparison also helps to determine whether
either site is influenced by a microclimate. Table 4.2 presents the monthly averages of hourly air

temperature, wind speed, and relative humidity, along with the monthly average of daily global solar

radiation.
Table 4.3 Comparison of the monthly mean values of the atmospheric variables of interest
Anapo Cesima
Ta V10 RH GSR Ta V10 RH GSR
Month °0) (m/s) (%) (Mj/med) (°C) (m's) (%) (MJ/m?d)
Dec - 21 10.47 4.80 84.55 8.34 8.63 3.43 85.44 5.71
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Jan - 22 8.81 3.87 83.28 6.46 6.96 3.24 80.89 4.64
Feb - 22 10.10 4.22 80.05 13.52 8.63 3.25 80.40 10.71
Mar - 22 10.03 4.23 79.35 13.92 8.34 3.22 72.99 13.91
Apr-22 14.11 4.80 72.78 20.48 12.68 3.42 70.48 19.85
May - 22 20.11 3.20 62.77 24.51 19.56 2.61 63.16 22.89
Jun - 22 27.94 2.71 4451 27.52 26.00 2.53 51.62 26.35
Jul - 22 29.69 2.42 47.09 27.23 27.89 2.57 50.22 27.00
Aug - 22 28.33 2.44 55.83 2243 26.74 217 55.94 21.52
Sep - 22 25.36 3.87 64.58 18.37 21.80 2.93 65.73 15.67
Oct - 22 20.48 2.57 71.71 14.98 18.31 212 71.37 13.67
Nov - 22 15.95 4.23 81.51 9.30 13.20 3.23 82.44 7.00

For a quick visual reference, what is reported in Table 4.2 is shown in Figure 4.1.
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Figure 4.1. Comparison of the monthly hourly values of air temperature (a), wind speed (b), and relative humidity (c), together with
the monthly average daily values of global solar radiation (d), for the two locations considered.

As can be inferred from Figure 4.1, the average irradiance levels are very similar for the two
locations, and the same holds for the average air temperature values. This suggests that no significant
microclimatic effects are present at either site. This conclusion is further supported by the relative

humidity data, which show no practically relevant differences between Anapo and Cesima.
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The only meteorological variable exhibiting more pronounced discrepancies is wind speed. The
Anapo site appears to be windier than Cesima, with differences in wind speed magnitude exceeding
1 m/s during the winter and spring months (from November to April). In contrast, during the summer
months (June, July, and August), these differences tend to diminish. Since wind speed is a key
parameter influencing evaporation rates, the observed differences may explain potential variations in

cumulative evaporation amounts between the two locations.

4.1.1.2 The FPV technology case studies

Among the meteorological variables, solar radiation is the factor with the greatest influence on
evaporation rates. Solar radiation can be decomposed into three components: direct, diffuse, and
reflected. Of these, the direct and diffuse components directly affect evaporation processes. Covering
the free surface of reservoirs with FPV modules alters the amount of solar irradiation reaching the
underlying water surface compared with an uncovered surface. These variations in incident solar

radiation depend strongly on the specific FPV technology adopted.

For this reason, it is useful to provide additional details on the FPV technologies currently available
in the literature and on the market. Considering the state of the art of floating systems as of 2025,

FPV installations can be broadly classified into four categories:

A: floating systems with floats that fully cover the water surface beneath the modules;

B: floating systems with modules anchored to a tubular buoyancy structure;

C: canal-top solar systems;

D: flexible floating systems.

Type A systems are designed so that the water surface beneath the FPV modules is completely
covered. As a result, the direct component of solar radiation reaching the water is largely blocked,
and the diffuse component becomes the dominant contributor to the residual irradiation beneath the

modules.

Type B technology consists of FPV modules supported by buoyant structures that occupy only
part of the water surface, leaving significant portions of the basin uncovered. Unlike type A systems,
both the direct and diffuse components of solar radiation reaching the water are only slightly reduced.
In addition, the suspension of the modules above the water surface provides good natural ventilation,

which enhances module cooling compared to type A configurations.
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In type C systems, the FPV modules are neither floating nor suspended above the water surface.
Instead, they are installed on the ground along the edges of canals or basins. In this case, the amount
of incident solar radiation on the water surface depends on the spacing between module rows and
their tilt angle. Furthermore, the transmitted radiation is influenced by the PV module technology:
for instance, modules with gaps between cells, such as bifacial designs, allow a fraction of the

radiation to pass through to the water surface.

Type D systems are characterized by FPV modules in direct contact with the water surface through
a flexible, lamellar film that allows the structure to adapt to wave motion. This configuration leads to
an even greater reduction in solar irradiation compared to type A systems and significantly limits
evaporation due to reduced vapor mass exchange at the water—air interface. The direct contact
between the modules and the water also promotes module cooling, thereby improving conversion
efficiency. For clarity, schematic representations of the four FPV configurations considered are

shown in Figure 4.2.

|

(a) (b)

(c) (d)
Figure 4.2. Sketches of the four floating system configurations representing the current state of the art (2025). Panels (a), (b), (c),
and (d) correspond to configurations A, B, C, and D described above, respectively.
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The floating surface technologies analyzed in this study belong to categories A, B, and D,
corresponding to [78], [79], and [80], respectively. Figure 4.3 illustrates the geometric and technical

characteristics of the floating system technologies considered.
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Figure 4.3. Geometric and technical characteristics of the three floating system technologies analyzed: (a) Ciel et Terre, (b) NRG,
and (c) Ocean Sun.

Based on the floating system types described above, it is expected that type D would yield the
greatest reduction in evaporative losses, followed by type A, whereas type B would result in the

highest cumulative evaporation.

4.1.1.3 The mass and energy balance equations for open water surfaces

As outlined above, the model applied here to assess changes in daily and hourly evaporation rates
based on varying percentages of covered surface relies on the PM equation for water evaporation.
Key input parameters of this equation, such as net radiation and changes in stored heat, are adjusted
according to the type of floating system, as described in Section 4.1.1.2. The PM equation is the one
on which the Penman—Monteith model is based. This model can be used to evaluate evaporation rates
from an open water surface, as it assumes a saturated surface. It is further assumed that the
evaporation rate depends on the water surface temperature, air temperature, wind speed, and vapor
pressure. In the Penman—Monteith model, when dealing with an open water surface, the heat storage
of the water body must also be included, as variations in the water body’s heat storage affect the water
surface temperature and, consequently, evaporation. Therefore, a contribution due to the change in
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heat storage in the water body is added to the PM model equation. Thus, the following equation is

considered to model the evaporation rates of open water surfaces, E, expressed in mm/days [84]:

£ 1 (A, (Q*—N) + 86400p,C, (e, —ey) /1y 4.1)
2 A, +y

Where A is the latent heat of vaporization (M]/kg); Q* is the net radiation (MJ/m?d); N is the
change in heat storage in the water body (M]/m?d); A,, is slope of the temperature saturation water
vapor curve at water temperature (kPa/°C); p, is density of air (kg/m?3); C, is specific heat of air
(M]/kgK); e, is the vapor pressure (kPa); ey, is saturated vapor pressure at water temperature (kPa);
y is the psychometric constant (kPa/°C); r, is the aerodynamic resistance (s/m).

The numerator of equation (4.1) mathematically represents the two fundamental components of
the evaporation process: energy exchange and mass transfer, each described by one of the terms in
the numerator. When considering equation (4.1) in its entirety, the terms that vary depending on the
type of floating system are A,,,, @, N, and e,,,. All these terms, except Q*, are influenced by the water
temperature, which changes according to the fraction of the surface covered. Q™ represents the net
radiation, calculated as the difference between incoming short-wave solar radiation and outgoing
long-wave radiation. The presence of FPV modules modifies both the short-wave and long-wave
radiation reaching the covered water surface, as discussed in Section 4.1.1.2, and also alters the long-
wave radiation emitted by the covered portion of the basin.

In general, the energy balance at the water surface can be expressed by the following equation
[85]:

R,= H, —H; — H; (4.2)

Where R,, (W/m?) is the broadband net radiation, H,, (W/m?) is the water heat flux, H; (W/m?)
is the sensible heat flux, and H; (W/m?) is the latent heat flux. Specifically, H,, is the energy used
to heat the water, H represents the heat exchange between the atmosphere and the surface, and H;
represents the energy required for evaporation.

Focusing on solar radiation and considering the uncovered surface as the reference case, the
elements of (4.2) relevant for evaporation assessments are the incoming solar radiation, LW,
(M]/m?d), and the outgoing solar radiation, LW; (M]/m?d). The expressions for these two quantities

can be written as follows [84]:
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LW, = (Cf +(1-¢) (1- (0.261exp(~7.77- 10—4Ta2)))) or,
+273.15)*
LW; = 0.970(T,, + 273.15)* (4.4)

Where Cr is the fraction of cloud cover, whose values range from 0 to 1, with 1 corresponding to

100% sky coverage; T, is the water temperature (°C), and o is the Stefan-Boltzmann constant
y £e; lw p

(M]/m?K~*d).

In addition to the long-wave radiation emitted by the basin at the water temperature, there is
another radiative component associated with emission at the wet-bulb temperature. This long-wave

term, denoted as LW,, (M]/m?d), is implemented here using the following expression [84]:
LWy, = (T, + 273.15)* + 40(T, + 273.15)3(T,, — T,) (4.5)

Where T, (°C) is the wet-bulb temperature, and the other symbols have the meanings explained in
the previous equations. Equations (4.2), (4.3), (4.4), and (4.5) are then suitably adapted to reflect the

different types of floating installations.

To obtain hourly evaporation rates (mm/h) from the daily values, the following conversion is

applied:

Ta,j(h) (4.6)
24T,

Ej(h) = Ej-

where Ej is the daily evaporation value (mm/d); T, j(h) represents the hourly air temperature

profile for the j-th day (°C); and T, ; is the daily mean air temperature for the j-th day.

4.1.1.4 The mass and energy balance equations for water surfaces covered by floating

systems

As outlined in Section 4.1.1.3, FPV installations modify both the short-wave and long-wave
radiation reaching the covered part of a reservoir, as well as the long-wave radiation emitted by the
water surface. This section therefore explains how the equations introduced in Section 4.1.1.2 are

adapted in this study for each floating-system technology.
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Type A. For the Ciel et Terre configuration, the direct component of incident short-wave radiation,
SW,, is modeled as the sum of the diffuse radiation and a fraction of the direct component. Both
contributions are then slightly reduced by a multiplicative coefficient that reflects the fact that the raft
structure does not fully cover the water surface beneath the modules. The same coefficient is applied
to the incident long-wave radiation. A different coefficient is instead used in (4.4) to account for the
partial blocking of outgoing long-wave radiation at water temperature by the floating modules; this

coefficient is also applied to the long-wave radiation emitted at the wet-bulb temperature.

Type B. In this configuration, the FPV modules are suspended above the water surface. As a result,
their effect on evaporation is less pronounced than in cases where the modules are in direct contact
with the water. Accordingly, the long-wave radiation incident and emitted components (both at water
and wet-bulb temperatures) are not reduced, and the incident short-wave radiation is only slightly

attenuated compared with the Type A case.

Type D. Here the modules are in direct contact with the water surface. Like Type A, they float on
the basin, but they provide a stronger shielding effect on incoming solar radiation. Therefore, both
the short-wave and long-wave components of the incident radiation are reduced more than in Type
A, using lower multiplicative coefficients. The long-wave radiation emitted at the water and wet-bulb
temperatures is modeled as in Type A. In addition, the Ocean Sun configuration includes an elastic
film between the modules and the water surface, which limits vapor mass exchange. This physical
effect is represented by modifying the mass-transfer term in the Penman—Monteith equation to

account for the reduced evaporation.

4.1.2 Results

This section presents the results for the two locations, first separately and then in comparison.
Along with point and cumulative evaporation trends, monthly and annual cumulative evaporation
values are reported for the three floating-system technologies considered. Results are shown for basin

coverage levels of 25%, 30%, and 40%, which are the percentages of greatest practical interest.

4.1.2.1 Anapo basin case study

To examine how daily evaporation rates vary over the year, the first step is to plot the mm/d values
evaluated with the model outlined in Section 4.1.1. Figure 4.4 shows the daily evaporation trend for
the period from December 2021 to November 2022, both for the uncovered basin and for the case in

which 30% of the surface is covered by each of the three floating-system technologies described
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above. The trends corresponding to other coverage percentages are not shown, since the shape of the

curves does not change with coverage; only their amplitude varies.

Anapo - 0% Cover . g0 - 30% Cover

() ®

Figure 4.4. Daily evaporation curves for the Anapo basin over the study year (December 2021-November 2022) (a), and a zoom on
the summer period (b), for the free surface and for the surface covered by the three floating-system technologies analyzed here, with
30% coverage.

As expected from the geometric and physical characteristics of the floating systems analyzed here,
Figure 4.4 shows that configuration D (Ocean Sun) yields the lowest daily evaporation rates. Among
the three technologies, type B (NRG) produces the highest daily evaporation, while type A (Ciel et

Terre) represents an intermediate case between B and D.

From Figure 4.4(a) it can be seen, on the one hand, that the mm/d trend of evaporated water
increases markedly during the summer months, as intuitively expected. On the other hand, relatively
high daily evaporation values are also observed in November. This may be due to unusually low
precipitation (and thus higher irradiance), higher-than-average air temperatures, or the thermal inertia

of the basin.
For completeness, the cumulative evaporation trends for both the free and covered surface cases
are reported in Figure 4.5.
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Figure 4.5. Cumulative evaporation curves for the Anapo basin, comparing the free water surface with the case of 30% coverage
using the three floating system technologies.
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As expected, the cumulative curves confirm the relative performance of the different floating

system types observed in the daily trends. As noted in Section 4.1.1, evaporation rates were evaluated

for surface coverage levels of 25%, 30%, and 40%. The corresponding results for the three floating

technologies are reported in Tables 4.3, 4.4, and 4.5, where monthly cumulative evaporation is

provided in both millimeters and cubic meters, along with the annual totals.

Table 4.4 Monthly and annual cumulative evaporation values obtained with the Ciel et Terre floating system (type A) for different

surface coverage percentages. The cumulative evaporation for the free-surface case is also included for comparison.

Free 25% coverage 30% coverage 40% coverage
Month
Ecum Ecum Ecum Ecum Ecum Ecum Ecum Ecum
(mm) (m3) (mm) (m3) (mm) (m3) (mm) (m3)
Dec-21 31.47 1.36e+04 28.93 1.25e+04 28.49 1.22e+04 27.63 1.19¢+04
Jan - 22 71.14 3.07e+04 64.07 2.76e+04 62.79 2.72e+04 60.28 2.60e+04
Feb - 22 69.46 2.99¢+04 58.28 2.51e+04 56.14 2.42e+04 52.02 2.24e+04
Mar-22 91.13 3.93e+04 74.98 3.23¢+04 71.88 3.10e+04 65.71 2.83e+04
Apr - 22 95.80 4.13e+04 72.58 3.13¢+04 68.06 2.93e+04 59.09 2.55e+04
May-22 84.77 3.65¢+04 56.32 2.43e+04 50.76 2.19e+04 39.71 1.71e+04
Jun - 22 114.93 4.95e+04 79.76 3.44¢+04 72.95 3.15e+04 5945 2.56e+04
Jul - 22 163.73 7.06e+04 121.88 5.25¢+04 113.80 4.91e+04 97.81 4.22¢+04
Aug-22 198.99 8.58¢+04 156.62 6.75¢+04 148.45 6.40e+04 132.26 5.70e+04
Sep - 22 240.61 1.04¢+05 198.07 8.54¢+04 189.84 8.18¢+04 173.54 7.48e+04
Oct - 22 183.53 7.91e+04 159.18 6.86¢+04 154.48 6.66e+04 145.18 6.26e+04
Nov-22 194.40 8.38e+04 171.12 7.38e+04 166.61 7.18e+04 157.67 6.80e+04
Annual 1539.96 6.641e+05 1241.79 5.35e+05 1184.25 5.106e+05 1070.36 4.61e+05

Table 4.5 Monthly and annual cumulative evaporation values obtained with the NRG floating system (type B) for different surface
coverage percentages. The cumulative evaporation for the free-surface case is also included for comparison.

Free 25% coverage 30% coverage 40% coverage
Month Ecum Ecum Ecum Ecum Ecum Ecum Ecum Ecum
(mm) (m3) (mm) (m3) (mm) (m3) (mm) (m3)

Dec - 21 3147 1.36e+04 29.94 1.29¢+04 29.71 1.28e+04 29.25 1.26e+04
Jan - 22 71.14 3.07e+04 67.52 2.91e+04 66.94 2.89e+04 65.82 2.84e+04
Feb - 22 69.46 2.99e+04 63.10 2.72e+04 61.92 2.67e+04 59.58 2.57e+04
Mar - 22 91.13 3.93e+04 81.25 3.50e+04 79.38 3.42e+04 75.66 3.26e+04
Apr-22 95.80 4.13e+04 81.07 3.50e+04 78.21 3.37e+04 72.51 3.13e+04
May-22 84.77 3.65e+04 66.17 2.85e+04 62.52 2.70e+04 55.24 2.38e+04
Jun - 22 114.93 4.95¢+04 91.39 3.94e+04 86.85 3.74e+04 77.81 3.35e+04
Jul - 22 163.73 7.06e+04 135.37 5.84e+04 129.93 5.60e+04 119.14 5.14e+04
Aug - 22 198.99 8.58e+04 169.86 7.32e+04 164.28 7.08e+04 153.23 6.61e+04
Sep - 22 240.61 1.04e+05 210.61 9.08e+04 204.85 8.83et04 193.43 8.34e+04
Oct - 22 183.53 7.91e+04 165.55 7.14e+04 162.10 6.99¢+04 155.27 6.69e+04
Nov - 22 194.40 8.38e+04 176.76 7.62e+04 173.35 7.47e+04 166.60 7.18e+04
Annual 1539.96 6.641e+05 1338.59 5.77e+05 1300 5.60e+05 1223.54 5.28e+05
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Table 4.6 Monthly and annual cumulative evaporation values obtained with the Ocean Sun floating system (type D) for different
surface coverage percentages. The cumulative evaporation for the free-surface case is also included for comparison.

Free 25% coverage 30% coverage 40% coverage
Month Ecum Ecum Ecum Ecum Ecum Ecum Ecum Ecum
(mm) (m3) (mm) (m3) (mm) (m3) (mm) (m3)

Dec - 21 31.47 1.36e+04 22.40 9.65¢+03 22.00 9.48¢+03 21.23 9.15e+03
Jan - 22 71.14 3.07e+04 51.70 2.23e+04 50.46 2.18e+04 48.03 2.07e+04
Feb - 22 69.46 2.99e+04 46.69 2.01e+04 4485 1.93e+04 41.24 1.78e+04
Mar - 22 91.13 3.93e+04 61.93 2.67e+04 59.33 2.56e+04 54.16 2.34e+04
Apr-22 95.80 4.13e+04 59.61 2.57e+04 55.95 2.41e+04 48.68 2.10e+04
May-22 84.77 3.65e+04 46.41 2.00e+04 42.02 1.81e+04 33.29 1.44e+04
Jun - 22 114.93 4.95¢+04 66.42 2.86e+04 61.06 2.63e+04 50.44 2.18e+04
Jul-22 163.73 7.06e+04 107.59 4.64¢+04 101.26 4.37e+04 88.73 3.83e+04
Aug - 22 198.99 8.58e+04 141.29 6.09e+04 134.87 5.81e+04 122.17 5.27e+04
Sep - 22 240.61 1.04e+05 178.22 7.68e+04 171.74 7.40e+04 158.92 6.85e+04
Oct - 22 183.53 7.91e+04 141.20 6.09e+04 137.51 5.93e+04 130.20 5.61e+04
Nov - 22 194.40 8.38e+04 150.24 6.48e+04 146.64 6.32e+04 139.50 6.01e+04
Annual 1539.96 6.641e+05 1073.69 4.63¢+05 1027.69 4.43e+05 936.58 4.04¢+05

In addition to the values presented in the previous tables, for clarity and completeness it is useful

to report the amount of water saved, both in millimeters and cubic meters, due to the presence of the

floating systems. The water savings are therefore provided in detail on a monthly and annual basis in

Tables 4.6, 4.7, and 4.8, for each of the three floating system technologies.

Table 4.7 Water savings achieved by covering the basin’s free surface with Ciel et Terre (type A) floating systems, shown for the
three coverage percentages.

25% coverage 30% coverage 40% coverage

Month Ecum Ecum Ecum Ecum Ecum Ecum
(mm) (m3) (mm) (m3) (mm) (m3)

Dec - 21 2.54 1.10e+03 2.98 1.40e+03 3.84 1.70e+03
Jan - 22 7.07 3.10e+03 8.35 3.50e+03 10.86 4.70e+03
Feb - 22 11.18 4.80e+03 13.32 5.70e+03 17.44 7.50e+03
Mar - 22 16.15 7.00e+03 19.25 8.30e+03 2542 1.10e+04
Apr-22 23.22 1.00e+04 27.74 1.20e+04 36.71 1.58e+04
May-22 28.45 1.22e+04 34.01 1.46e+04 45.06 1.94e+04
Jun - 22 35.17 1.51e+04 41.98 1.80e+04 55.48 2.39e+04
Jul - 22 41.85 1.81e+04 49.93 2.15e+04 65.92 2.84e+04
Aug - 22 42.37 1.83¢+04 50.54 2.18e+04 66.73 2.88e+04
Sep - 22 42.54 1.86e+04 50.77 2.22e+04 67.07 2.92e+04
Oct - 22 24.35 1.05e+04 29.05 1.25e+04 38.35 1.65e+04
Nov - 22 23.28 1.00e+04 27.79 1.20e+04 36.73 1.58e+04
Annual 298.17 1.29¢+05 355.71 1.535e+05 469.60 2.03e+05

Table 4.8 Water savings obtained by covering the basin’s free surface with NRG (type B) floating systems, for the three coverage
percentages.
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25% coverage 30% coverage 40% coverage

Month Ecum Ecum Ecum Ecum Ecum Ecum
(mm) (m3) (mm) (m3) (mm) (m3)

Dec - 21 1.53 7.00e+02 1.76 8.00e+02 222 1.00e+03
Jan - 22 3.62 1.60e+03 42 1.80e+03 5.32 2.30e+03
Feb - 22 6.36 2.70e+03 7.54 3.20e+03 9.88 4.20e+03
Mar - 22 9.88 4.30e+03 11.75 5.10e+03 15.47 6.70e+03
Apr-22 14.73 6.30e+03 17.59 7.60e+03 23.29 1.00e+04
May-22 18.60 8.00e+03 22.25 9.50e+03 29.53 1.27e+04
Jun - 22 23.54 1.01e+04 28.08 1.21e+04 37.12 1.60e+04
Jul - 22 28.36 1.22e+04 33.8 1.46e+04 44.59 1.92e+04
Aug - 22 29.13 1.26e+04 34.71 1.50e+04 45.76 1.97e+04
Sep - 22 30.00 1.32e+04 35.76 1.57e+04 47.18 2.06e+04
Oct - 22 17.98 7.70e+03 21.43 9.20e+03 28.26 1.22e+04
Nov - 22 17.64 7.60e+03 21.05 9.10e+03 27.80 1.20e+04
Annual 201.37 8.70e+04 240 1.04e+05 316.42 1.37e+05

Table 4.9 Water savings obtained by covering the basin’s free surface with Ocean Sun (type D) floating systems, for the three

coverage percentages.
25% coverage 30% coverage 40% coverage
Month Ecum Ecum Ecum Ecum Ecum Ecum
(mm) (m?) (mm) (m?) (mm) (m?)

Dec - 21 9.07 3.95e+03 9.47 4.12e+03 10.24 | 4.45e+03
Jan - 22 19.44 8.40e+03 20.68 8.90e+03 23.11 | 1.00e+04
Feb-22 | 2277 9.80e+03 24.61 1.06e+04 28.22 | 1.21e+04
Mar-22 | 29.20 1.26e+04 31.8 1.37e+04 36.97 | 1.59e+04
Apr-22 | 36.19 1.56e+04 39.85 1.72e+04 47.12 | 2.03e+04
May-22 38.36 1.65e+04 42.75 1.84e+04 51.48 |2.21et04
Jun - 22 48.51 2.09e+04 53.87 2.32e+04 64.49 | 2.77e+04
Jul - 22 56.14 2.42e+04 62.47 2.69¢+04 75.00 | 3.23e+04
Aug-22 | 57.70 2.49e+04 64.12 2.77e+04 76.82 | 3.31et04
Sep-22 | 62.39 2.72e+04 68.87 3.00e+04 81.69 | 3.55e+04
Oct-22 | 4233 1.82e+04 46.02 1.98e+04 53.33 [ 2.30e+04
Nov-22 | 44.16 1.90e+04 47.76 2.06e+04 54.90 | 2.37e+04
Annual | 466.27 2.01e+05 512.27 2.21e+05 603.38 | 2.60e+05

4.1.2.2 Cesima basin case study

As in the Anapo case study, Figure 4.6 illustrates the trends in daily evaporation rates estimated

by the model for the Cesima site.
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Figure 4.6. Daily evaporation curves for the Cesima basin over the study year (December 2021—November 2022) (a), and the
corresponding summer zoom (b), for the free surface and for the surface covered by the three floating system types analyzed here,
with 30% coverage.

Unlike the Anapo basin, the model for the Cesima basin does not show higher evaporation rates
in November than in the summer months. This confirms that the November peaks observed at Anapo
are not due to a modeling artifact, but rather to the specific weather conditions that occurred in
November 2022, as already hypothesized in Section 4.1.2.1. For completeness, the cumulative daily

evaporation trends for Cesima are reported in Figure 4.7.
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Figure 4.7. Accumulated evaporation curves for both the free water surface and the covered surface (30% coverage) using the three
floating system technologies considered, for the Cesima basin.

As for the Anapo basin, the cumulative monthly and annual evaporation values, as well as the
monthly and annual water savings for the three floating system technologies considered, are reported

below for the three coverage percentages analyzed for the Cesima basin.

Table 4.10. Monthly and annual cumulative evaporation values obtained with the Ciel et Terre floating system (type A) for different
coverage percentages, with the free-surface case included for comparison.

Free 25% coverage 30% coverage 40% coverage
Month
Ecum Ecum Ecum Ecum Ecum Ecum Ecum Ecum
(mm) (m?) (mm) (m?3) (mm) (m?) (mm) (m?)
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Dec - 21 27.72 8.65¢+03 25.86 8.07e+03 25.52 7.96e+03 24.87 7.76e+03
Jan - 22 65.27 2.04e+04 60.40 1.89¢+04 59.49 1.86e+04 57.71 1.80e+04
Feb - 22 57.19 1.79e+04 48.09 1.50e+04 46.32 1.45e+04 43.05 1.34e+04
Mar - 22 86.83 2.71e+04 73.00 2.28e+04 70.28 2.19e+04 65.10 2.03e+04
Apr-22 83.97 2.62e+04 63.57 1.98e+04 59.56 1.86e+04 51.61 1.61e+04
May - 22 73.17 2.28e+04 45.00 1.40e+04 3945 1.23e+04 28.92 9.02e+03
Jun - 22 113.12 3.53e+04 77.21 2.41e+04 70.16 2.19e+04 56.20 1.75e+04
Jul - 22 176.86 5.52e+04 134.32 4.19¢+04 125.97 3.93e+04 109.44 3.42e+04
Aug - 22 196.50 6.13e+04 159.01 4.96e+04 151.65 4.73e+04 137.08 4.28e+04
Sep - 22 218.09 6.81e+04 185.79 5.80e+04 179.45 5.60e+04 166.92 5.21et+04
Oct - 22 148.46 4.63e+04 127.84 3.99¢+04 123.78 3.86e+04 115.72 3.61let+04
Nov - 22 146.83 4.58e+04 129.25 4.03e+04 125.79 3.93e+04 118.93 3.71e+04
Annual 1394.01 4.35e+05 1129.34 3.52e+05 1077.42 3.36e+05 975.51 3.04e+05

Table 4.11. Monthly and annual cumulative evaporation values obtained with the NRG floating system (type B) for different
coverage percentages, with the free-surface case included for comparison.

Free 25% coverage 30% coverage 40% coverage
Month Ecum Ecum Ecum Ecum Ecum Ecum Ecum Ecum
(mm) (m3) (mm) (m3) (mm) (m3) (mm) (m3)
Dec - 21 27.72 8.65e+03 26.89 8.39e+03 26.75 8.35e+03 26.49 8.27e+03
Jan - 22 65.27 2.04e+04 63.68 1.99e+04 63.40 1.98e+04 62.90 1.96e+04
Feb - 22 57.19 1.79e+04 52.79 1.65e+04 51.93 1.62e+04 50.22 1.57e+04
Mar - 22 86.83 2.71e+04 79.00 2.47e+04 77.46 2.42e+04 74.42 2.32e+04
Apr-22 83.97 2.62¢+04 71.58 2.23e+04 69.12 2.16e+04 64.24 2.01e+04
May-22 73.17 2.28e+04 55.18 1.72e+04 51.61 1.61e+04 4448 1.39e+04
Jun - 22 113.12 3.53e+04 89.35 2.79e+04 84.65 2.64e+04 75.33 2.35e+04
Jul - 22 176.86 5.52e+04 147.85 4.61e+04 142.14 4.44e+04 130.82 4.08¢+04
Aug - 22 196.50 6.13e+04 170.40 5.32e+04 165.27 5.16e+04 155.11 4.84¢+04
Sep - 22 218.09 6.81et04 194.84 6.08e+04 190.28 5.94e+04 181.25 5.66e+04
Oct - 22 148.46 4.63e+04 132.94 4.15e+04 129.87 4.05¢+04 123.78 3.86e+04
Nov - 22 146.83 4.58e+04 133.19 4.16e+04 130.51 4.07¢+04 125.17 3.91e+04
Annual 1394.01 4.35e+05 1217.69 3.80e+05 1183 3.69¢+05 1114.20 3.48e+05

Table 4.12 Monthly and annual cumulative evaporation values obtained with the Ocean Sun floating system (type D) for varying
coverage percentages, including the free-surface case for comparison.

Free 25% coverage 30% coverage 40% coverage
Month Ecum Ecum Ecum Ecum Ecum Ecum Ecum Ecum
(mm) (m?) (mm) (m?) (mm) (m?) (mm) (m?)
Dec - 21 27.72 8.65¢+03 20.46 6.38¢+03 20.11 6.28¢+03 19.48 6.08e+03
Jan - 22 65.27 2.04e+04 48.49 1.51et04 47.50 1.48¢+04 45.56 1.42e+04
Feb - 22 57.19 1.79e+04 38.24 1.19¢+04 36.68 1.15e+04 33.68 1.05e+04
Mar - 22 86.83 2.71e+04 59.17 1.85e¢+04 56.81 1.77e+04 52.31 1.63e+04
Apr-22 83.97 2.62e+04 51.86 1.62e+04 48.55 1.52e+04 42.01 1.31e+04
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May - 22 73.17 2.28e+04 36.89 1.15e+04 32.61 1.02e+04 2424 7.56e+03
Jun - 22 113.12 3.53e+04 66.22 2.07e+04 60.67 1.89e+04 49.67 1.55e+04
Jul - 22 176.86 5.52e+04 119.28 3.72e+04 112.76 3.52e+04 99.86 3.12e+04
Aug - 22 196.50 6.13e+04 142.93 4.46e+04 137.19 4.28e+04 125.84 3.93e+04
Sep - 22 218.09 6.81e+04 166.17 5.19¢+04 161.21 5.03e+04 151.41 4.72e+04
Oct - 22 148.46 4.63e+04 112.61 3.51e+04 109.42 3.41e+04 103.10 3.22e+04
Nov - 22 146.83 4.58e+04 112.90 3.52e+04 110.12 3.44e+04 104.60 3.26e+04
Annual 1394.01 4.35e+05 975.22 3.04e+05 934 2.91e+05 851.76 2.66e+05

Table 4.13 Water savings achievable by covering the basin’s free surface with Ciel et Terre technology (type A) at the three different

coverage percentages.
25% coverage 30% coverage 40% coverage
Month Ecum Ecum Ecum Ecum Ecum Ecum
(mm) (m3) (mm) (m3) (mm) (m3)

Dec - 21 1.86 5.80e+02 2.2 6.90e+02 2.85 8.90e+02
Jan - 22 4.87 1.50e+03 5.78 1.80e+03 7.56 2.40e+03
Feb - 22 9.10 2.90e+03 10.87 3.40e+03 14.14 4.50e+03
Mar - 22 13.83 4.30e+03 16.55 5.20e+03 21.73 6.80e+03
Apr-22 20.40 6.40e+03 2441 7.60e+03 32.36 1.01e+04
May-22 28.17 8.80e+03 33.72 1.05e+04 4425 1.38e+04
Jun - 22 3591 1.12e+04 42.96 1.34e+04 56.92 1.78e+04
Jul - 22 42.54 1.33e+04 50.89 1.59e+04 67.42 2.10e+04
Aug - 22 37.49 1.17e+04 4485 1.40e+04 59.42 1.85e+04
Sep - 22 32.30 1.01e+04 38.64 1.21e+04 51.17 1.60e+04
Oct - 22 20.62 6.40e+03 24.68 7.70e+03 32.74 1.02e+04
Nov - 22 17.58 5.50e+03 21.04 6.50e+03 27.90 8.70e+03
Annual 264.67 8.26e+04 316.59 9.88e+04 418.50 1.31e+05

Table 4.14 Water savings achievable by covering the basin’s free surface with NRG technology (type B) at the three different

coverage percentages.
25% coverage 30% coverage 40% coverage

Month Ecum Ecum Ecum Ecum Ecum Ecum

(mm) (m*) (mm) (m*) (mm) (m?)
Dec - 21 0.83 2.60e+02 0.97 3.00e+02 1.23 3.80e+02
Jan - 22 1.59 5.00e+02 1.87 6.00e+02 237 8.00e+02
Feb - 22 4.40 1.40e+03 5.26 1.70e+03 6.97 2.20e+03
Mar - 22 7.83 2.40e+03 9.37 2.90e+03 12.41 3.90e+03
Apr - 22 12.39 3.90e+03 14.85 4.60e+03 19.73 6.10e+03
May-22 17.99 5.60e+03 21.56 6.70e+03 28.69 8.90e+03
Jun - 22 23.77 7.40e+03 28.47 8.90e+03 37.79 1.18e+04
Jul - 22 29.01 9.10e+03 34.72 1.08e+04 46.04 1.44e+04
Aug - 22 26.10 8.10e+03 31.23 9.70e+03 41.39 1.29e+04
Sep - 22 23.25 7.30e+03 27.81 8.70e+03 36.84 1.15¢+04
Oct - 22 15.52 4.80e+03 18.59 5.80e+03 24.68 7.70e+03
Nov - 22 13.64 4.20e+03 16.32 5.10e+03 21.66 6.70e+03
Annual 176.32 5.49¢+04 211.02 6.58¢e+04 279.81 8.72e+04

three different coverage percentages.
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Table 4.15 Water savings that would be achieved by covering the free area of the basin with Ocean Sun technology (type D), for the




25% coverage 30% coverage 40% coverage
Month Ecym (mm) Ecum (m®) Ecym (mm) Ecum (m?) Ecum Ecum (m®)
(mm)

Dec - 21 7.26 2.27e+03 7.61 2.37e+03 8.24 2.57e+03
Jan - 22 16.78 5.30e+03 17.77 5.60e+03 19.71 6.20e+03
Feb - 22 18.95 6.00e+03 20.51 6.40e+03 23.51 7.40e+03
Mar - 22 27.66 8.60e+03 30.02 9.40e+03 34.52 1.08e+04
Apr - 22 32.11 1.00e+04 3542 1.10e+04 41.96 1.31e+04
May-22 36.28 1.13e+04 40.56 1.26e+04 48.93 1.52e+04
Jun - 22 46.90 1.46e+04 52.45 1.64e+04 63.45 1.98e+04
Jul - 22 57.58 1.80e+04 64.1 2.00e+04 77.00 2.40e+04
Aug - 22 53.57 1.67e+04 59.31 1.85e+04 70.66 2.20e+04
Sep - 22 51.92 1.62¢+04 56.88 1.78e+04 66.68 2.09e+04
Oct - 22 35.85 1.12¢+04 39.04 1.22e+04 45.36 1.41e+04
Nov - 22 33.93 1.06e+04 36.71 1.14e+04 42.23 1.32e+04
Annual 418.79 1.31e+05 460.38 1.44e+05 542.25 1.69e+05

4.1.2.3 Comparisons between the two case studies

For the sake of summary and easier comparison, it is helpful to present tables that contrast the two
study sites in terms of annual cumulative evaporation and annual water savings. Tables 4.15, 4.16,
and 4.17 provide these values for the three floating system technologies and coverage percentages
analyzed. Additionally, the coverage efficiencies of each floating system, corresponding to their
specific coverage percentages, are also included. Efficiency (%) is calculated using the following
formula:

_ Efree cum EFPV cum

n = (4.7)

100

Efree cum

Where Efce cym represents the annual evaporation (in mm or m®) from the uncovered basin

surface, and Eppy om represents the annual evaporation (in mm or m?) from the basin area covered

with FPV modules.

Table 4.16 Comparison, for the two study locations of the cumulative annual amount of water evaporated and saved, and the
coverage efficiencies of the three different technologies of floating systems for a coverage percentage of 25%.

Anapo Cesima
Free surface Ciel et terre NRG Ocean Sun Free Ciel et NRG Ocean
surface terre Sun
A“““al(:;‘)’ora“o“ 1539.96 1241.79 1338.59 1073.69 1394.01 | 112934 | 1217.69 | 975.22
Annual (‘I’g‘;‘g’orat‘(’“ 6.641e+05 5.35¢+05 5.77e+05 4.63¢+05 | 4.35e+05 | 3.52e+05 | 3.80e+05 | 3.04e+05
Annual water - 298.17 201.37 466.27 - 264.67 176.32 418.79
savings (mm)
Annual water - 1.29¢+05 8.70e+04 2.01e+05 - 8.26e+04 | 5.49¢+04 | 1.31e+05
savings (m°)
Annual coverage
) - 19.1 12.8 30.0 - 19.0 12.7 30.1
efficiency, 1] (%)
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Table 4.17 Comparison, for the two study locations of the cumulative annual amount of water evaporated and saved, and the
coverage efficiencies of the three different technologies of floating systems for a coverage percentage of 30%.

Anapo Cesima
Free surface Ciel et NRG Ocean Sun Free Ciel et NRG Ocean Sun
terre surface terre
An““al(grfgora“o“ 1539.96 1184.25 1300 1027.69 1394.01 1077.42 1183 934
Annual (envl';‘l)’ora“o“ 6.641e+05 | 5.106e+05 | 5.60e+05 | 4.43¢+05 | 4.35¢+05 | 3.36e+05 | 3.69¢+05 | 2.91e+05
Annual water savings . 355.71 240 512.27 - 316.59 211.02 460.38
(mm)
Annual V(V;tf)r Savings - 1.535¢+05 | 1.04e+05 | 2.21e+05 - 0.88¢+04 | 6.58¢+04 | 1.44et05
Annual coverage
- 22.8 15.3 33.0 - 227 15.2 33.0

efficiency, 1] (%)

Table 4.18 Comparison, for the two study locations of the cumulative annual amount of water evaporated and saved, and the
coverage efficiencies of the three different technologies of floating systems for a coverage percentage of 40%.

Anapo Cesima
Free Ciel et NRG Ocean Free Ciel et NRG Ocean
surface terre Sun surface terre Sun
A“““al(frfr?ll;ora“o“ 1539.96 107036 | 1223.54 936.58 1394.01 975.51 1114.20 851.76
Annual (erziﬁ’ora“"“ 6.641e+05 | 4.61e+05 | 5.28¢+05 | 4.04e+05 | 4.35¢+05 | 3.04e+05 | 3.48¢+05 | 2.66e+05
Annual Zﬁg Savings . 469.60 316.42 603.38 - 418.50 279.81 542.25
Annual ‘Evr‘;‘ltf)r savings - 2.03¢+05 | 1.37e+05 | 2.60e+05 - 1.31e+05 | 8.72e+04 | 1.69¢+05
Annual coverage
. - 30.3 20.3 39.0 - 30.0 20.1 38.9
efficiency, 1 (%)

Examining the tables above, it is evident that the Anapo site experiences higher annual evaporation
from the free water surface compared to Cesima. This can be explained by the generally higher solar

radiation, air temperatures, and wind speeds recorded at Anapo (see Figure 4.1).

Considering the efficiency values, it is clear that each type of floating system shows similar
efficiency percentages at both sites. This indicates that the performance of the floating systems
analyzed is largely consistent across the two locations, likely due to their shared Mediterranean
climate. Finally, in both locations, the Ocean Sun technology delivers the greatest reduction in
evaporation and thus the highest water savings, followed by the Ciel et Terre system. The NRG
technology results in the largest annual water loss. The ranking of the systems’ efficiency values

mirrors this pattern.
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4.1.3 Conclusions

The Penman-Monteith model was used to estimate daily and hourly evaporation rates from water
surfaces. The model was adapted to account for the influence of different floating system technologies
on the evaporation of basin surfaces. Two case studies, the Anapo and Cesima basins, are considered
and three commercially available floating system technologies were analyzed: Ciel et Terre, NRG,
and Ocean Sun. Evaporation rates were evaluated for basin coverage percentages of 25%, 30%, and

40%.

Monthly average trends of key meteorological variables, including solar radiation, air temperature,
relative humidity, and wind speed, were examined. The Anapo site exhibited higher average values
for these variables compared to Cesima, which is reflected in the results: cumulative annual

evaporation (and the corresponding water savings) was greater at Anapo than at Cesima.

Among the three floating system technologies, Ocean Sun demonstrated the highest effectiveness
in reducing evaporation and maximizing water savings. Coverage efficiencies were found to be very
similar between the two locations for each type of technology, indicating consistent performance

across both sites.

4.1.4 Hybridization of offshore solar and wind systems

As the world advances toward decarbonization and long-term carbon neutrality, coastal areas are
intensifying efforts to exploit renewable energy from the marine environment. Offshore wind power
has expanded rapidly and, in many regions, has already reached cost competitiveness with
conventional generation. At the same time, early-stage offshore FPV projects are beginning to appear.
Developing marine resources in an integrated manner and using ocean space more efficiently for
energy production are becoming central to the creation of multifunctional offshore energy systems,

which are essential for achieving high-quality, large-scale carbon neutrality [86].

Nevertheless, the large-scale roll-out of offshore energy systems faces notable constraints,
particularly in marine areas characterized by moderate wind resources, where stand-alone floating
wind farms often struggle to achieve financial viability. In semi-enclosed basins such as the
Mediterranean Sea, however, high solar availability combined with relatively calm wave conditions
opens up new opportunities for offshore FPV. Yet, the joint operation of multiple generation

technologies and their interaction with the power grid require detailed technical and economic
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evaluation. In [87], the authors focus on a hybrid offshore energy hub located off the Sicilian coast
in southern Italy, designed around a maximum transmission capacity of 1 GW. The system is
optimized by testing different combinations of floating wind and solar generation with the objective
of increasing net present value, lowering the levelized cost of energy, and improving the load factor
of the export cable. Two development pathways are explored. The first considers a fully hybrid plant
with a total installed capacity of 1 GW, where the relative shares of wind and solar are progressively
adjusted. The second pathway starts from a baseline 1 GW floating wind farm and adds FPV capacity

while constraining the export limit to 1 GW, with excess production curtailed.

Because wind power is inherently variable, pairing offshore wind with other renewable sources
offers an effective way to stabilize electricity generation. The authors in [88] examine the feasibility
of integrating offshore wind and solar energy through a case study in Asturias (Spain), a region where
floating technologies are essential for marine renewables due to the absence of shallow waters, which
makes fixed-bottom turbines impractical. Using high-resolution resource data and the technical
characteristics of commercial wind turbines and FPV modules, the wind and solar potential and
expected production are evaluated. Compared with a conventional offshore wind farm, a hybrid
wind—solar installation increases installed capacity and annual energy output per unit of occupied sea
surface by approximately one order of magnitude and sevenfold, respectively, significantly
improving the efficiency of marine space use. In addition, the combined system delivers a much more

stable power profile.

Given the growing importance of hybridizing FPV with offshore wind plants, it is interesting to
carry out a study that also involves wind technology. The next section deals with a study on the

impacts of climate change on offshore wind production.

4.2 Assessment of the impact of climate change on the

performance of an offshore wind turbine

The interplay between climate and energy systems is attracting growing attention in both policy
development and scientific research [89]. In power systems, electricity generation influences the
atmosphere—and consequently future climate—through greenhouse gas (GHG) emissions, while
climatic conditions, in turn, affect electricity supply and demand [90]. In response to the emissions
associated with power generation, the European Union has introduced several energy transition

strategies, including the Green Deal, which promotes substantial deployment of ND-RESs, such as
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solar photovoltaics (PV) and wind energy [91]. Wind energy infrastructure includes both onshore and
offshore installations, each with distinct advantages and limitations. Offshore wind farms, in
particular, help overcome land availability constraints, which has driven the expansion of these
installations. Global offshore wind capacity is expected to rise sharply, reaching approximately ten
times the 2018 level by 2030 and fifty times by 2050 [92]. In light of this expansion, the present study

focuses on evaluating the wind energy potential at selected sites in the southern Mediterranean.

Traditional assessments of wind farm performance generally rely on historical wind data, often
neglecting projected trends over future decades. For instance, [93] and [94] examine the
Mediterranean region but consider only past wind records, while [95] conducts a local-scale analysis
without including future wind projections. Ignoring the evolution of the wind resource is problematic,
given that wind turbines typically operate for at least twenty years. To address this, the current study
examines wind speed trends both historically and for a short-to-medium-term future horizon using
climate projections from the Coupled Model Intercomparison Project Phase 6 (CMIP6) [96]. CMIP6
represents the latest phase of the CMIP initiative, consolidating global climate models from research
centers worldwide, and was used in the IPCC’s Sixth Assessment Report (AR6) [97]. This study
specifically leverages CMIP6 models providing hourly outputs, the finest temporal resolution
currently available (2025), which is a novel feature compared to most previous studies that rely on

three-hour or coarser data [98], [99], [100].

The study evaluates the expected energy output of a reference offshore wind turbine (OWT), using
the relative power curve alongside both historical and projected wind speeds. The analysis is
performed through both deterministic and stochastic approaches, with the latter based on Monte Carlo
(MC) simulations. A stochastic approach is chosen to account for the intrinsic uncertainty in OWT
energy production, which prior research has shown to be a dominant factor in technical and economic
assessments of wind farms [101] and [102]. Furthermore, climate model projections carry their own
uncertainties [103], which are particularly relevant for evaluating turbine fatigue and operational
lifetime [104]. Monte Carlo simulations enable the generation of multiple possible energy production
outcomes, rather than a single deterministic estimate, which also allows the stochastic results to be

benchmarked against deterministic calculations.

To the author’s knowledge, no previous study has applied Monte Carlo simulations to generate
OWT energy production profiles from synthetically created hourly wind speed datasets. In the
literature, MC approaches have primarily been used to sample Weibull distribution parameters [105],

simulate random system states [106], evaluate life-cycle uncertainties [107], assess economic
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performance [108], or model turbine failure probabilities [109]. Moreover, few studies combine
historical data and climate projections to stochastically simulate hourly offshore wind power
production [110] [111]. This study addresses that gap by implementing a Monte Carlo framework
that generates multiple energy scenarios for the reference OWT based on probability distributions

derived from both historical observations and climate model outputs.

The methods and the corresponding results of the studies conducted are detailed below.

4.2.1 Methods for studying the complementarity of wind power production

and the impact of climate change on it at offshore sites

The aim is to study the energy yield of three offshore sites along the southern coast of Sicily.
Considering a reference OWT, the profiles of power extractable from the wind and the energy yield
of the OWT are evaluated for the three locations considered. For these assessments, both historical
wind speed data and climate projections of wind speed are considered. The historical data are taken
from the New European Wind Atlas (NEWA) [112], while the climate projections are taken from the
Pan-European Climate Database (PECD), version 4.1 [113]. NEWA is a database designed for
conducting wind potential studies for locations across the European continent. This database is among
those with the highest spatial and temporal resolution publicly available (to the knowledge of the
authors). The PECD 4.1, on the other hand, is a database resulting from the collaboration between the
Copernicus Climate Change Service (C3S) and the ENTSO-E. The PECD 4.1 is well-suited as an
optimal database for studying the impacts of climate change on power systems, and it consists of
three CMs: CMCC-CM2-SRS (hereafter, CMCC), EC-Earth3 (hereafter, ECEC), and MPI-ESM1-2-
HR (hereafter, MPI). The only available emission scenario is SSP2-4.5 (where SSP stands for Shared
Socioeconomic Pathways), which is representative of intermediate GHG emissions. For the analysis

that follow, all three available climate models are considered, with SSP2-4.5 as the forcing scenario.

The analyses described below are conducted on both an annual and a seasonal basis, considering
winter and summer as the seasons, since these are the most critical for wind power production and
for the adequacy of a power system. The months December—January—February (DJF) are considered
as winter, while the months June—July—August (JJA) are considered as summer. To account for the
spatial variability of the wind resource, three case study locations are considered. Two of these
locations are close to each other in order to test the spatial sensitivity of the analyses conducted. This
local-scale approach is novel, as previous studies either focused on the southwestern Mediterranean

[114], excluded southern Sicily [115], [116], or did not analyze climate change impacts on offshore
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wind production in the region [117]. Finally, the selected Sicilian sites are either hosting offshore

wind farms or planned for development in the near future.

4.2.1.1 Power extractable from the wind and correlation analysis

For power system adequacy purposes, it is important to understand whether there is
complementarity among the generation sources connected to the grid of a given system. Therefore,
the profiles of power extractable from the kinetic energy of the wind are evaluated at each of the
considered case study locations, and the correlation among these profiles is assessed. This correlation
is spatiotemporal, since for each location the semi-hourly time series of wind producibility profiles
are evaluated, and the degree of interdependence of these profiles among the three locations is

assessed.
The power extractable from the wind can be evaluated using the following formula [118]:

4.8

Pw =5 Prub - Ay - Viub (49
Where ppy, (kg/m?3) is the air density at hub height, A, (m?) is the swept area of the rotor, and vj,
(m/s) is the wind speed at hub height. A, is known from the nameplate parameters of the considered
OWT, while p,,;, and vy,,;, must be evaluated using extrapolation laws for atmospheric variables at
the hub height. The air density at hub height can be assessed using the following formula (ideal gas

law):

 Dhup ' M- 1072 4.9)
phub - R . Thub

Where pp,p (Pa) is the air pressure at hub height, M (g/mol) is the molar mass of air, and T},
(K) is the temperature at hub height, and R (J/(mol - K)) is the universal gas constant. Therefore, to
extrapolate the air density at hub height, it is necessary to extrapolate the air pressure and temperature

to hub height.
The air temperature is extrapolated to hub height using the following [119]:
Thub = TZm - 00065 ' AHT (410)

Where T,,, (K) is the temperature data at 2 m, and AH; (m) is the height difference between the
hub height and the measurement height of the temperature data. The use of (4.3) allows accounting

for the effect of temperature on the power extractable from the wind.
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The air density can then be extrapolated using the following [119]:

0.0065 - AHP>5'225 (4.11)

Phub = Pa (1 Ty,

Where p,, is the surface atmospheric pressure (Pa) and AHp (m) is the difference in meters between
the turbine hub height and the surface pressure data. Equation (4.2) allows for an accurate evaluation
of air density, which is crucial in a marine environment, where conditions differ from those onshore

to which standard air density values usually refer [120].
To extrapolate the wind speed to hub height, the following can be used [121]:

Ryup )“ (4.12)

Vhub = Yhygea <—hdam

Where vy, . (m/s) is the wind speed at the data height ( hgqs, in meters), hpyy (M) is the hub
height, and «a is the power law exponent (dimensionless). The value of « is here evaluated using wind
speed climate data (NEWA database) at two different heights (200 m and 100 m), so that the only

unknown in equation (4.5) is the power law exponent.

Once the wind producibility profiles for each location have been evaluated using the previous
equations, the correlation among these profiles is then assessed using the sample Pearson correlation

coefficient, r, expressed by the following equation [122], [123]:

. Yici(xi =) i —¥) (4.13)
VIO — 02 X (v — §)?

Where n is the data size, x; and y; are the wind speed data at location x and y, with means x and
y, respectively. A value of r = 1 indicates a perfect positive linear correlation between the variables
x and y, while the value of r = —1 indicates a perfect negative linear correlation (anticorrelation)
between the variables x and y. The null hypothesis underlying the correlation analysis conducted here
is that there is no correlation between the pairs of producibility profiles considered. The significance
level is set to 0.05. Considering a linear correlation index is justified by the fact that wind power
production profiles follow a power curve that, for most wind speed values, exhibits an almost linear
trend. Moreover, the analysis is specifically aimed at assessing the degree of linear correlation

between the hourly wind production profiles of the sites considered.
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4.2.1.2 Deterministic and stochastic approaches for evaluating the production of a single OWT
After evaluating the power extractable from the wind, the hourly production of a single offshore
turbine is then assessed. To do this, both deterministic and stochastic methods are used. The
deterministic approach is based on interpolating wind speed data onto the power curve of the single
OWT. Since the power curve provides instantaneous values of power produced by the single OWT,
this interpolation yields time series of power production whose resolution depends on the wind speed
data used. In this study, hourly wind speed data and hourly wind speed projections are used, thus
obtaining hourly profiles of power produced by the OWT. Once these profiles are obtained, the energy

produced by the OWT can be easily evaluated on both a seasonal and an annual basis.

However, the drawback of using a deterministic approach is that it does not account for the
uncertainties involved in wind power production by a turbine. In fact, the power curve is an average
curve, representative of the turbine’s production profile, but it is not the one that the turbine will
actually follow over its lifetime. Moreover, when considering climate wind speed projections, the
intrinsic uncertainty of climate model outputs must also be considered. It would therefore be desirable
to adopt a stochastic approach that allows the simulation of multiple scenarios in order to account for
the many uncertainties associated with the production of an OWT. In this work, a Monte Carlo
algorithm is therefore implemented to simulate various wind power production scenarios. Indeed,
one of the benefits of employing Monte Carlo simulations is that each run generates an hourly energy

production profile for a specific OWT, effectively capturing a range of potential output scenarios.

The Monte Carlo algorithm implemented is based on the inverse method [124], [125]. Specifically,
both historical wind speed data and wind speed projections are fitted with Weibull distributions [126],
[127], as its application represents the state of the art in modeling wind speed distributions [128],
[129], [130], [131]. The Weibull distributions that best fit the wind speed time series are identified
using the Maximum Likelihood Estimation (MLE) method [132]. Once the best fitting Weibull
distributions are identified, the corresponding cumulative distribution functions (CDFs) are
evaluated, and their inverses (ICDFs) are then calculated. By then drawing values between 0 and 1
according to a uniform distribution, these are input into the ICDFs, thus obtaining synthetic wind
speed profiles. These synthetic profiles are then interpolated onto the OWT power curve, thus
obtaining stochastic wind power production profiles. The implemented MC methodology uses a dual

convergence criterion, considering both a maximum number of iterations and a predefined tolerance.
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4.2.2 The impacts of climate change on offshore wind power production off

the coast of Sicily

All the methods described in the previous subsection are applied to three locations offshore the
southern coast of Sicily, as shown in Figure 4.8. All simulations are conducted on MATLAB

(R2019a) [133], and the corresponding results are presented in the following.

Latitude

50 kr.n .RG .PP
36°N - 50 mi ‘ | [ |

12ZE 13°E 14°E 15°E 16°E
Longitude

Figure 4.8. Location of the three case-study sites. MS is the site offshore the coast of Marsala, RG offshore the coast of Ragusa, and
PP offshore the coast of Porto Palo.

As can be observed from Figure 4.8, the three sites marked in red are located at almost the same
distance from the coast (=60 km), so that all three experience the same coastal proximity effect on
wind conditions. The sites have the following geographical coordinates: 36.14229° latitude and
15.38965° longitude for PP, 36.18732° latitude and 14.43054° longitude for RG, and 37.60892°
latitude and 11.80261° longitude for MS. These same coordinates are selected for the historical data
of wind speed at 100 m, air temperature at 2 m, and surface atmospheric pressure. Moreover, these
coordinates also correspond to one of the four vertices of the grid cells selected for the CM outputs.
Specifically, the projection cells have the following coordinates: North: 36.142325°, West: 15.39°,
South: 35.8°, East: 15.64° for PP; North: 36.4264°, West: 14.4281°, South: 36.1764°, East: 14.6781°
for RG; North: 37.6°, West: 11.75°, South: 37.35°, East: 12° for MS. Regarding the CMs, for the

analyses, wind speed climate projections at 100 m are considered.

Once the locations for studying the wind potential are identified, the turbine on which to perform

the energy yield evaluations is chosen. For this purpose, a 15 MW reference offshore turbine from
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the National Renewable Energy Laboratory (NREL) is selected [134]. Using the formulas presented
in Section 4.2.1, the semi-hourly profiles of power extractable from the wind are evaluated. The 15
MW OWT has the following characteristics: a 170 m hub height and a rotor diameter of 240 m [134].
To determine the power extractable from the wind, historical data of wind speed at 100 m, air
temperature at 2 m, and surface air pressure are used. These data are provided as inputs to the
equations shown in Section 4.2.1. The semi-hourly profiles of power extractable from the wind are

evaluated for the three locations considered, and the correlations among these profiles are assessed.
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Figure 4.9. Scatter plots of the hourly values of the producible power from the 15 reference OWTS, on an annual basis, for each pair
of locations considered.

From Figure 4.9, it can be observed that there is a particularly strong linear relationship between
the production profiles of PP and RG. This relationship weakens for locations that are farther apart.
Therefore, the greater the distance between locations, the weaker the linear relationship between the

wind production profiles of the turbines.

The correlation analysis is conducted on both an annual and a seasonal basis. It is observed that
the correlation results do not exhibit marked temporal variability, since moving from an annual to a
seasonal basis the Pearson coefficient r values differ only slightly. Figure 4.10 shows the trends of

the r coefficient values evaluated on an annual basis.
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Figure 4.10. Degree of correlation between the wind-extractable power profiles of the pairs of case-study locations, on an annual
basis.

For all pairs of wind power extractable profiles, a strong positive correlation is observed (p <0.05).
This implies that there is no complementarity in the wind power production of the three locations.
That is, if one site is affected by wind drought, the others are very likely to be affected as well, which

poses a problem for the adequacy of the power system to which the plants are connected.

Once the correlations among the wind power extractable profiles have been evaluated, the hourly
profiles of power produced by the 15 MW OWT are then assessed. To do this, it is necessary to know
the turbine power curve, which is taken from the SAM software [135]. Specifically, the synthetic
historical and projected wind speed profiles, obtained as described in Section 4.2.1, are therefore
interpolated onto the power curve of the 15 MW OWT, thus yielding synthetic hourly profiles of
power produced by the single turbine. This is done in each MC simulation. The Monte Carlo
algorithm stops when the error between successive iterations falls below the tolerance threshold (=
10*) and when the number of iterations exceeds N = 1000. The hourly production profile of the single
turbine is also evaluated deterministically by interpolating both the historical data and the wind speed
projections onto the power curve of the 15 MW OWT. Once the hourly power output is known, the
energy produced on an annual and seasonal basis can be evaluated, and the results for the

deterministic case, using historical data as input, are shown in Figure 4.11.
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Figure 4.11. Trends of the energy yield of the reference 15 MW offshore wind turbine (NREL) evaluated from the historical data
1989-2022, both on an annual and seasonal basis.

From Figure 4.11, it is interesting to note that the annual trend results from the compensation
between the winter and summer trends. It can also be observed that, on a summer basis, the MS trend
shows a gap compared to the others, whereas on a winter basis, no such gap is present. This

demonstrates how the spatial variability of the results changes depending on the season considered.

Figure 4.11 provides qualitative results, and it would therefore be useful to evaluate descriptive
statistics of the observed trends. The means, medians, P95, and the STD of the obtained energy values

are thus assessed, and the results are reported in Table 4.1.
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Table 4 19. Mean, median, 95th percentile (P95), and standard deviation (STD) of the trends in the energy produced by the 15 MW

OWT, evaluated deterministically using historical wind speed data, for all three case study locations.

Location Statistics (GWh) Annual Winter Summer
Mean 45.15 15.44 5.99
pp Median 44.69 15.56 6.00
P95 51.59 19.72 7.84
STD 3.50 2.89 1.05
Mean 46.72 15.32 6.58
Median 45.93 15.45 6.67
RG
P95 53.41 19.95 8.92
STD 3.66 2.88 1.31
Mean 53.09 16.01 8.80
Median 53.16 16.40 8.76
MS
P95 61.33 20.56 10.81
STD 3.88 3.06 1.24

From Table 4.1 and Figure 4.11, it can be observed that the MS location has the highest statistical
values. From Table 4.1, it can also be noted that in winter the statistics of the three locations do not

differ markedly from one another.

Once the deterministic evaluations of the energy produced by the single OWT have been carried
out, the Monte Carlo algorithm is then applied. One thousand simulations are performed, thus
obtaining one thousand hourly power profiles and, consequently, one thousand energy production
values on both an annual and a seasonal basis. The averages of these energy values are computed,
yielding results close to those obtained using the deterministic method. This validates the
implemented Monte Carlo algorithm. Moreover, to verify the convergence of the MC method, the
cumulative means of the energy produced in each MCS are evaluated, and Figure 4.12 shows the

results on both an annual and a seasonal basis.
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Figure 4.12. Convergence of the implemented Monte Carlo method for the stochastic simulation of the energy produced by the 15
MW OWT, on both an annual and a seasonal basis.

The results presented so far are obtained using historical data. The same deterministic and
stochastic evaluations are therefore repeated using wind speed projections. Figure 4.13 shows the

trends of the output energy evaluated on an annual basis for the three case study locations, using wind

speed projections at 100 m.
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Figure 4.13. Trends of the projected energy output from a 15 MW OWT in the three case study locations, on an annual basis.

From Figure 4.13, it can be observed that the three climate models agree in projecting decreasing
trends in the energy produced by the 15 MW OWT. Moreover, a strong interannual variability in the
projections can be observed. This variability is due to the variability in the wind speed projections.

Figure 4.14 shows the projections of the energy supplied by the 15 MW OWT on a seasonal basis.
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Figure 4.14. Trends of the projected energy output from a single 15 MW OWT in the three case study locations, on a winter and
summer basis.

From Figure 4.14, it can be observed that on a summer basis decreasing trends in the energy
produced are found for all three climate models, as also observed on an annual basis. On a winter
basis, however, it cannot be inferred whether there will be a reduction or an increase in the energy
produced in winter in the coming decades, since there is no consistency among the climate models.
As done for the energy production evaluated using historical wind speed data, descriptive statistics
are also computed for the results shown in Figure 4.13 and Figure 4.14 for each location and each

climate model. Tables 4.2, 4.3, and 4.4 report the statistical results for the PP, RG, and MS locations,

respectively.

Table 4 4.20. Mean, median, 95th percentile (P95), and standard deviation (STD) of the trends in the energy produced by the 15 MW

OWT, evaluated deterministically using wind speed projections, for the PP location.

Climate model Statistics(GWh) Annual Winter Summer
Mean 45.38 14.73 5.78
Median 45.74 15.11 5.48
CMCC
P95 51.13 18.08 7.56
STD 3.18 2.55 1.23
Mean 45.43 15.30 6.05
Median 44.87 15.74 6.19
ECEC
P95 51.94 19.51 8.07
STD 3.04 2.44 1.34
Mean 43.18 1391 5.34
Median 43.70 14.09 5.35
MPI
P95 48.78 18.25 7.36
STD 3.55 2.35 1.16

Table 4 4.21. Mean, median, 95th percentile (P95), and standard deviation (STD) of the trends in the energy produced by the 15 MW

OWT, evaluated deterministically using wind speed projections, for the RG location.

Climate model Statistics (GWh) Annual Winter Summer
Mean 44.32 13.63 6.35
CMCC
Median 44.48 14.02 6.47
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P95 50.12 16.97 8.69

STD 3.39 2.67 1.42

Mean 44.52 14.28 6.67

Median 4421 14.67 6.78

ECEC

P95 50.92 18.80 9.22

STD 3.02 2.48 1.51

Mean 42.25 12.88 6.01

Median 42.62 12.63 6.07

MPI

P95 47.89 16.82 7.84

STD 3.69 2.43 1.34

Table 4 4.22. Mean, median, 95th percentile (P95), and standard deviation (STD) of the trends in the energy produced by the 15 MW

OWT, evaluated deterministically using wind speed projections, for the MS location.

Climate model Statistics (GWh) Annual Winter Summer

Mean 48.77 14.79 6.86
Median 49.22 15.44 6.86

CMCC
P95 55.41 17.89 9.02
STD 3.92 2.75 1.26
Mean 49.89 15.77 7.29
Median 49.60 15.66 6.90

ECEC
P95 56.61 20.12 9.61
STD 3.47 2.43 1.32
Mean 48.64 14.19 7.33
Median 49.22 13.85 7.66

MPI

P95 54.36 18.25 9.48
STD 3.80 2.47 1.46

It is important to compare the results obtained through wind speed projections (Tables 4.2—4.4)
with those obtained using historical wind speed data (Table 4.1). For the PP location, on annual and
winter basis, the CMCC and ECEC models provide statistics close to those obtained with historical
data, while the MPI model projects energy values lower than the historical statistics. On a summer
basis, the statistics of the projected energy production are close to the historical ones. For the RG and
the MS locations, both on an annual and seasonal basis, the statistics of the projected energy
production are lower than the historical ones. Finally, it is observed that the MS location is the one

for which the climate models project the greatest reductions in production.

The Monte Carlo simulations are run and the cumulative means of the energy values obtained at
each iteration is computed. The energy production values to which the Monte Carlo algorithm

converges are close to the means of the energy production projections evaluated deterministically,
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both on an annual and a seasonal basis. As an example, the convergence trends of the Monte Carlo

method on a winter basis are shown in Figure 4.15.
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Figure 4.15. Convergence of the Monte Carlo algorithm for the cumulative means of the simulations of energy produced by the 15
MW OWT obtained using wind speed projections for the three case study locations.

From Figure 4.15, it can be observed that the Monte Carlo algorithm converges to the means

evaluated in Tables 4.2, 4.3, and 4.4.
74



In conclusion, it would be interesting to understand what ‘error’ would have been made if historical
wind speed data had been used instead of wind speed projections to evaluate the energy yield of an
OWT in the coming decades. To do this, the trends of historical wind speed data are considered and
extended to the 2030-2060 period, and the energy produced is evaluated on both an annual and a
seasonal basis for each year. These resulting energy values, referred to as historical energy trends,
are then compared with the energies previously evaluated using climate wind speed projections
(projection energy trends). The difference between the historical energy trends and the projection

energy trends is thus evaluated, both on an annual and a seasonal basis. Figure 4.16 shows the results

on an annual basis.
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Figure 4.16. Deviations between the historical energy trends and the projection energy trends for the three case study locations for
the 15 MW OWT on an annual basis.

Figure 4.16 reveals that for the RG and MS locations, the use of historical data would have led to
an overestimation of energy production, whereas for the PP location the use of historical energy trends
would have overestimated the production forecast, while for the CMCC and ECEC models the

projection is overestimated from 2041 onward.

4.2.3 Discussion and conclusions

Energy yield analyses were conducted for a reference single OWT. Using historical wind speed
data, the hourly profiles of power extractable from the wind were evaluated for the three locations
considered. The correlation between these wind energy potential profiles of the three locations was
then assessed, showing that these profiles are positively correlated. This aspect compromises the
adequacy of the power system in Sicily, since if a plant at location A is not producing energy due to
wind drought, it is very likely that the other sites would experience a similar wind drought, and thus

do not compensate for the lack of production at location A.

Regarding the energy yield assessments of the 15 MW OWT, it was observed that on an annual
and summer basis the climate models were consistent in projecting decreasing production trends,
whereas on a winter basis the lack of agreement among the CMs did not allow conclusions to be
drawn about a reduction or an increase in production in the coming decades. This reveals how
essential it is to consider as many climate models as possible in climate change impact studies, in
order to properly characterize the uncertainty of climate projections. A strong interannual variability
of the energy produced was also observed on both an annual and a seasonal basis, due to the high
variability of the wind speed projections from the climate models. This intrinsic variability of the
projections implies that it is not possible to make robust assessments regarding the variability of wind

power production in the coming decades.

The energy assessments were carried out using a Monte Carlo algorithm to account for both the
uncertainty in the production of an OWT and the intrinsic uncertainty of climate model projections.
The MC algorithm was then validated by comparing the results of the stochastic simulations with
those obtained using the deterministic method. The implemented MC approach therefore allows the
simulation of different energy production scenarios from the 15 MW OWT using both historical data
(NEWA database) and climate projections (PECD 4.1 database). Finally, it was observed that if
historical data had been used to evaluate energy production in the coming decades, the production
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would have been either overestimated or underestimated relative to climate projections, depending
on the temporal interval considered (annual or seasonal), the location, and the climate model

considered.

The study conducted can then be extended to the assessment of the production of a wind farm,
considering the wake effects among OWTs and turbine aging, for economic performance evaluations
and investment decision-making for existing or new wind farms. Moreover, to better characterize the
uncertainty of climate projections, it would be useful to consider additional climate models and to

account for further forcing scenarios in addition to SSP2-4.5 (i.e., SSP1-1.9, SSP5-8.5).
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5. The influence of climate on the transmission grid:

stochastic thermal modeling of transformers

European climate and energy targets set under the Fit-for-55 package require renewable energy
sources (RES) to supply at least 65% of Italy’s final electricity consumption by 2030. According to
Terna’s 2022 Scenarios Description Document, achieving this objective would require the installation
of approximately 70 GW of additional RES capacity, mainly from photovoltaic and wind
technologies [136]. Even more ambitious targets emerge under the REPowerEU plan, which could
raise the required additional renewable capacity to over 80 GW [137]. The projected geographical
distribution of future RES installations aligns with the spatial pattern of grid connection requests
received by Terna, indicating a strong concentration—around 80% —in central and southern Italy

[138].

Alongside this rapid expansion of renewables, the growing frequency and intensity of extreme
weather events, particularly heat waves, is increasingly influencing electricity demand [139]. A clear
example is provided by the extreme temperatures experienced in Italy in late July 2022, which caused
a significant surge in electricity consumption, with demand peaks reaching approximately 55-57 GW

[138].

In response to the energy and climate challenges facing the future Italian power system, the
transition process requires the rapid deployment of targeted interventions aimed at increasing
transmission capacity between market zones, mitigating network congestion, managing acceptable
levels of renewable overgeneration, and enhancing power transfers from southern Italy—where

renewable production is highest—to the northern regions, characterized by greater electricity demand.

To address congestion issues, the Italian transmission system operator has prioritized measures
with relatively low investment costs, such as expanding the application of Dynamic Thermal Rating
(DTR). By installing DTR systems on EHV-HV transmission lines, power flows can be dynamically
adjusted according to real-time environmental conditions, allowing operational limits to exceed
conservative static ratings based on design assumptions. This approach represents a fundamental shift
in asset management, moving from a current-based paradigm to a temperature-driven operational

strategy.

With regard to voltage regulation, transmission systems have increasingly experienced

overvoltage conditions, particularly during periods of low electricity demand. In Italy, the 380 kV
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nodes most frequently affected by overvoltages are located in central and southern regions, such as
Puglia [140]. To address voltage control in the EHV-HV network, Terna has recently introduced the
concept of grid dispatching, which aims to maximize the self-regulation capability of the transmission
system by fully leveraging existing assets and extending their operational use beyond traditional

functions.

A notable example of this approach is the operation of autotransformers (ATRs) in tap staggering
(TS) mode. In 2022, approximately 140 ATRs within the Italian power system were identified as
suitable for this operating strategy [141]. The application rules and field test results of TS mode in
Italy are presented in [142], while similar implementations in the UK are discussed in [143], which
also highlight thermal constraints arising from transformer overloading. Further studies, such as
[144], investigate the limiting factors of transformer overloading and how these constraints can be
exploited to maximize current-carrying capability, whereas [145] analyzes variations in transformer

load capacity as a function of current limits, oil temperature, and ambient conditions.

As expected, transformer loading capability is strongly influenced by ambient temperature, which
is inherently stochastic and can therefore be described using statistical methods. Previous work, such
as [146], has followed this approach by generating synthetic atmospheric profiles to study the
Dynamic Thermal Rating of overhead transmission lines. To the authors’ knowledge, however, a
comparable statistical framework has not yet been applied to the thermal analysis of power

transformers.

In this chapter, hourly synthetic temperature profiles are produced using a Monte Carlo
methodology based on historical hourly temperature data from the past twenty years. These profiles
are generated on a daily basis, from which synthetic mean values and 95th percentiles (P95s) are
derived. The synthetic mean temperatures are representative of typical operating conditions on days
without extreme heat, while the P95 values are used to characterize thermal conditions during extreme

temperature events.

5.1 Statistical methods for the thermal modeling of transformers

This study seeks to introduce statistical approaches into the analysis of transformer DTRs,
considering both normal operating conditions and periods of extreme heat. The proposed
methodology relies on the stochastic generation of synthetic hourly ambient temperature profiles. The
daily synthetic mean of these hourly ambient temperature profiles can be used to model transformer

thermal behavior under normal loading conditions with standard insulation life expectancy, while the
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synthetic extreme values are intended to represent short-duration overload conditions involving a
controlled reduction in transformer lifetime, such as those associated with tap-staggering operation.
The following sections describe the procedure adopted to stochastically generate daily ambient

temperature profiles with hourly resolution.

5.1.1 Statistical Fitting of Probability Distributions to Hourly Ambient

Temperature Data

The stochastic modeling of the hourly ambient temperature ( T, °C) experienced by a transformer
is grounded in considerations drawn from IEEE Std C57.91-2011 [147]. In Chapter 6, the standard
assumes a reference mean ambient temperature of 30°C, averaged over a 24-hour period, for
transformer thermal ratings. To statistically represent such elevated mean temperature conditions, this
study focuses on summer ambient temperature data. Summer is defined here as the months of June,
July, and August, and hourly air temperature records spanning the past twenty years are used as the

input dataset for the MC framework.

A key preliminary step involves fitting continuous probability distribution functions (CPDFs) to
the summer T, data for each of the twenty years considered. Parameter estimation is carried out using
the MLE method [148]. The suitability of each candidate distribution is then assessed through a
combination of goodness-of-fit (GOF) tests and statistical performance indices. Specifically, the chi-
square ( x?) test and the Kolmogorov—Smirnov (KS) test are employed, together with the normalized
root mean square error (NRMSE), the normalized mean absolute error (NMAE), and the coefficient

of determination ( R?).

The chi-square test is a statistical method used to assess how well observed categorical data match
an expected distribution, making it a common choice for goodness-of-fit analyses. Similarly, the
Kolmogorov—Smirnov test is a non-parametric test that evaluates the agreement between a sample
distribution and a reference probability distribution. Both tests provide a way to determine whether
observed data deviate significantly from theoretical expectations, helping to validate assumptions

about the underlying distribution of the data.

For both the y?and KS tests, the null hypothesis assumes that the observed data follow the selected
theoretical CDF, denoted as Fy(x). By setting a significance level 0.05, the null hypothesis is
accepted when the associated p-value satisfies p > 0.05. The y?test is implemented following the

procedure described in [149], while the KS test evaluates the maximum deviation between the
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empirical CDF, F,(x), derived from the data and the theoretical CDF obtained from the fitted

distribution, as expressed by equation (5.1):

max(lFexp(Xt) - Fth(Xt)D (5-1)

1<t<T

where Feyp, (%) and Fyy, (x¢) are evaluated on the hourly data x; T is the cardinality of the set of

input values for the experimental and theoretical CDFs.

The NRMSE is given by the following equation (5.2):

1

T
1
NRMSE = — TtZ(Fexp(xt) — Fen(x)” (5.2)

where Af is the difference between the maximum and minimum of T, values.

The NMAE is expressed by the following equation (5.3):

T
1/(1
WM=EG2me—mm® (5:3)

t=1
where the symbols are defined as in the previous equations.

It was decided to normalize both the RMSE and the MAE using the difference between the
maximum and minimum values, i.e., the range, rather than the mean, since in statistics both the mean
and the range are used to normalize these indices [150]. Therefore, the two normalization approaches

are equivalent.

Finally, the coefficient of determination R?is evaluated using the following equation (5.4):

ST (Fexp(x0) — Fen(x0)’”

2 -1 —
R*=1 >
tT=1(Fexp(Xt) - Fexp(xt))

(5.4)

where Foy, (X¢) is the mean of Feyp, (x¢) values.

81



5.1.2 Monte Carlo algorithm implementation

The probability distribution that best represents the summer ambient temperature T, data is
selected to implement the Monte Carlo algorithm. The adopted approach is based on the inverse
transform method, whereby uniformly distributed random numbers in the interval (0,1) are mapped
through the ICDF of the fitted distribution to generate synthetic daily hourly ambient temperature
profiles. This method requires the existence of a suitable continuous probability distribution; if no
adequate fit is found, alternative stochastic techniques, such as the bootstrap method, must be

employed.

The implemented algorithm consists of multiple independent MCSs, each producing a synthetic
daily hourly T, profile with uncorrelated hourly values, thus constituting a non-sequential MC
approach. The methodology is validated for three Italian locations, and the statistical accuracy of the

generated profiles is assessed using the NRMSE metrics introduced above.

5.1.3 Winding temperature assessment based on stochastic ambient

temperature profiles

This section illustrates how the previously described algorithm is applied to the assessment of
power transformer winding temperatures. The procedures and equations used to estimate transformer
winding temperatures are well established in the literature and are governed by dedicated technical
standards. Among these, IEC 60076-7 is an internationally recognized reference and is adopted in
this study to calculate the winding hot-spot temperature (HST) of a power transformer, using the

formulation provided in [151]:

1+R-K?

X
1+ R ) - ATto,il f1(©) + AThe;  (5.5)

Thst(t) =T, + ATto,i + lATtO,r ) <
+ (H "Gwor* KY — ATht,i) ' f2 (t)

In the formulation, T}, (°C) denotes the winding hot-spot temperature, while T, (°C) represents the
ambient temperature. The terms ATy, ;(K) and AT, ,-(K) correspond to the initial top-oil temperature
rise and the steady-state top-oil temperature rise at rated losses, respectively. The parameter R
(dimensionless) is the ratio between load losses at rated current and no-load losses, and K
(dimensionless) is the transformer load factor. The exponents x and y characterize the thermal
behavior of the oil and windings. The functions f; (t) and f,(t) describe the dynamic evolution of

the top-oil temperature rise and the hot-spot-to-top-oil temperature gradient. The remaining
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parameters include ATj, ;(K), the initial hot-spot-to-top-oil gradient, H (dimensionless), the hot-spot

factor, and g, »-(K), the average-winding-to-average-oil temperature gradient at rated current.

Although Equation (5.5) is well established in the literature, the novelty of this study lies in
incorporating the stochastic nature of ambient temperature into its application. After generating
synthetic temperature profiles, both their mean values and P95 are extracted. The synthetic mean
temperatures, Tyn.mean, ar€ used to model winding hot-spot temperatures under normal thermal
conditions, while the synthetic P95 temperatures, Tgyy.95,, are employed to represent transformer

thermal behavior during extreme heat events. The results of the proposed methodology are presented

in the following section.

5.2 Results

Hourly historical air temperature data are obtained from NASA’s POWER project, which is
derived from the MERRA-2 reanalysis product (spatial resolution of 0.5°%0.625°). The analysis
considers twenty years of summer ambient temperature data, spanning from 2002 to 2021. Using
recent historical data allows the effects of climate change on temperature trends to be implicitly
captured and supports short-term future applicability, while longer-term assessments would require

climate model projections.

The study focuses on three representative Italian locations—Foggia, Parma, and Mendrisio—
selected to reflect distinct climatic regimes: Mediterranean, continental/Mediterranean, and
continental/alpine, respectively. The subsequent sections present the results of the probability
distribution fitting, the associated GOF metrics used to validate the MC algorithm, and the final

application of the stochastic approach to the evaluation of transformer hot-spot temperature profiles.

5.2.1 Fitting campaign

Only continuous probability distributions whose domains are compatible with the observed hourly
temperature data are considered for fitting. After an initial qualitative assessment based on graphical
inspection, the goodness of fit is quantitatively evaluated using the statistical tests and indices

described in Section 5.1.1.

For all three locations, at least one theoretical continuous probability distribution is found to
adequately represent the data, allowing the MC algorithm to be implemented using the inverse

transform method without resorting to alternative techniques such as the bootstrap. Based on the
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combined outcomes of the goodness-of-fit tests and indices, Table 5.1 reports both the best- and

worst-performing distributions, with the normal distribution included as a reference benchmark.

Table 5.1. Best- and worst-fitting probability distributions for hourly summer t, data, with the normal distribution included for
comparison. NRMSE and NMAE values are expressed in percentages

Foggia
Distribution x> KS NRMSE NMAE R?
Burr 1.0472 0.0896 0.12 0.09 0.9879
Gamma 0.5380 0.0770 0.11 0.09 0.9898
Normal 0.9376 0.0947 0.13 0.10 0.9863
Mendrisio
Distribution x> KS NRMSE NMAE R?
Burr 0.0697 0.1298 0.18 0.14 0.9753
Gamma 247813 0.1235 0.18 0.14 0.9749
Normal 0.1527 0.1284 0.18 0.14 0.9743
Parma
Distribution x? KS NRMSE NMAE R?
Burr 1.0454 0.1511 0.21 0.15 0.9633
Gamma 0.5594 0.1435 0.20 0.14 0.9663
Normal 0.8836 0.1536 0.22 0.15 0.9612

The results reported in Table 5.1 show that the probability distribution providing the best or worst
fit to the ambient temperature data depends on the location. Based on the applied goodness-of-fit tests
and statistical indices, the gamma distribution offers the best fit for the Foggia and Parma datasets,
while the Burr distribution performs best for Mendrisio. These findings indicate that the normal
distribution, which is commonly assumed for temperature data, does not provide the most accurate
representation for any of the three locations considered. It is also noted that the gamma distribution
can be successfully applied in this context because the analysis is limited to summer temperatures,

which are strictly positive and therefore compatible with the domain of the gamma distribution.

5.2.2 MC algorithm validation

After fitting the probability distributions, the one providing the best fit is selected to implement
the MC algorithm described in Section 5.1.2. Each MCS generates a synthetic daily hourly profile of
ambient temperature, from which the daily mean and P95 values are extracted. To ensure statistical
reliability, a 95% confidence interval is considered, which requires more than 1052 Monte Carlo
simulations according to [146]. In this study, 1500 simulations are performed for each summer day,
from June 1% to August 31. Consequently, 1500 synthetic daily hourly temperature profiles are

obtained for each summer day.

To evaluate the performance of the MC algorithm, two metrics are computed for each simulation:

the normalized RMSE for the mean (NRMSE,,,.,,) and for the standard deviation (NRMSE4). The
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standard deviation is included to assess how well the MC algorithm reproduces the variability
observed in historical T, profiles. For a given summer day, the means of the synthetic temperature
profiles are calculated, and the deviations between these means and the historical daily mean T,
values over the past twenty years are determined. These differences are then used in the NRMSE,..,
calculation, with an analogous procedure applied for NRMSE 4 using STDs instead of means.

NRMSE,,, .., 1s given by the following equation:

1 1
Ampg |n

n
2
NRMSE pean i = Z(msyn — Mpge) (5.6)
i=1

where k denotes the k-th MCS and i is an index ranging from 1 to 20, as 20 years of historical data
are considered. mgy, represents the mean value computed from the synthetic daily temperature profile,
while my, is the historical daily average temperature for a given summer day in each year of the
dataset. Amy,; denotes the range of historical daily averages for that summer day, calculated as the

difference between the maximum and minimum average values.

For the standard deviation, equation (5.6) is modified as follows:

n
1 1 2
NRMSEStd’k = AST—DhSt HZ(Stdsyn - Sttht,i) (57)
i=

Following the same calculation procedure as applied for the mean.

These new metrics, reported in Equations (5.6) and (5.7), have been introduced to quantify the
deviation between historical means and those of the simulated profiles, and similarly for the standard
deviations. This is done to verify whether the implemented Monte Carlo method is capable of
generating synthetic temperature profiles with mean and variability close to the historical ones.
Indeed, the proposed approach is intended to carry out statistical simulations of different temperature
scenarios, and the goal is to assess whether these reliably capture the mean values and variability of
historical temperature time series. Moreover, this type of analysis is consistent with the simulations
performed in adequacy studies. In such analyses, the Monte Carlo method is used to run hundreds of
MCSs, from which the expected value is then evaluated. Therefore, quantifying how well the
implemented approach reproduces the statistical mean and variability of temperatures makes it

possible to assess whether it can provide reliable operating scenarios for transformers in adequacy
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analyses. For all these reasons, NRMSE,,..., and NRMSE, are introduced because, compared to the
classical NRMSE found in the literature, they are considered more suitable indices for validating the

implemented Monte Carlo method, in light of the objectives of this study.

Figures 5.1-5.3 illustrate the NRMSE trends for both the mean and standard deviation of synthetic
temperature profiles across the three locations, shown for one representative day from the middle of

each summer month.
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Figure 5.1. NRMSE values of: (a) the mean and (b) the STD evaluated for each of the 1500 MCSs, fixing the date as June 15th, for
the location of Mendrisio.
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Figure 5.2. NRMSE values of: (a) the mean and (b) the STD evaluated for each of the 1500 MCSs, fixing the date as July 15th, for
the location of Foggia.
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Figure 5.3. NRMSE values of: (a) the mean and (b) the STD evaluated for each of the 1500 MCSs, fixing the date as July 15th, for
the location of Parma.
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From Figures 5.1 (a), 5.2 (a), and 5.3 (a), it can be seen that the NRMSE,,.,, values are all below
one, with the interceptions of their respective trend lines falling under 0.4 for all three locations. This
indicates that the results are generally acceptable and that the implemented algorithm performs
reliably across different climates. Mendrisio shows particularly good results, as the normal
distribution fitted to this location yielded better GOF outcomes compared to the normal distributions
used for Foggia and Parma (see Table 5.1). Moreover, for Mendrisio, the normal distribution
outperformed the gamma distributions used for Foggia and Parma. Although the Burr distribution

provided the best GOF for Mendrisio, it was not used in the MC algorithm due to convergence issues.

Figures 5.1 (b), 5.2 (b), and 5.3 (b) show that the NRMSE4 values are higher than the NRMSE,,..,
values, both in terms of minimum and maximum values and in the intercept of the trend line.
Additionally, the NRMSE, .., values tend to cluster around a lower bound below which none of the
1,500 simulations fall, a pattern not observed for the NRMSE , values. When comparing the
NRMSE, .., and NRMSE, results, no clear trend is observed across the 1,500 MCSs, further

confirming the stochastic nature of the implemented MC algorithm.

5.2.3 The hot-spot temperature curves

The transformer winding hot-spot temperatures are assessed under steady-state conditions, so
equation (5.5) is simplified to become:
Thst = Tq + ATyor - I +H " Gwor- K (5.8)

where the values assigned to the respective terms are [143]: R = 10.2, ATy, , = 46.7 °C, x = 0.8,
H =13, gyor = 6.9°C, y = 1.3. K varies from 0.1 to 1 with steps of 0.1.

As described in Section 5.1.3, the synthetic mean and P95 values of the simulated hourly
temperature profiles are used for each summer day, with transformer load levels varying from 0.1 to
1. Figures 5.4 and 5.5 show the corresponding HST curves of the transformer windings for a

midsummer day.
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Figure 5.4. HST curves derived from the daily average values of the synthetic ambient temperature profiles.
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Figure 5.5. HST curves derived from the 95th percentile of the daily synthetic ambient temperature profiles.

As expected, using the P95 instead of the mean shifts the HST curves upward. Additionally,
notable differences are observed between the HST curves of the three locations, particularly for

Mendrisio (alpine climate) compared to the others. This demonstrates how the applied methodology

effectively reflects the distinct climatic characteristics of each site.

5.3 Conclusions

In this chapter, a stochastic modeling approach for ambient temperature was developed to
introduce a novel perspective in studying the thermal impacts on transformer windings. Incorporating
statistical methods into the thermal analysis of network components enables the simulation of
multiple parallel scenarios and allows integration of these stochastic-thermal results into broader

statistical analyses of power systems, such as adequacy studies.

The results of the probability distribution fitting reveal both spatial and temporal variability: the
CPDF that best fits the data differs by location, and the suitable CPDF also varies with the time of

year (e.g., winter versus summer).
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The NRMSE values calculated for both the mean and standard deviation are below one, indicating
that the algorithm performs satisfactorily for the study’s purposes. Moreover, no clear trends were
observed in the NRMSE values across the 1500 MCSs, and the slopes of the interpolating lines were
minimal, suggesting that increasing the number of simulations would not significantly improve the

results.

The evaluation of the transformer winding HST curves confirms the practical applicability of the

proposed stochastic approach.

For future work, the same MC methodology could be extended to the thermal analysis of overhead
transmission lines, incorporating additional atmospheric variables that affect the performance and

reliability of high-voltage line insulations.
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6. Study of the relationship between electricity demand

and air temperature during heat waves

International and national energy strategies are driving a growing integration of ND-RESs into
electric power systems (EPSs) worldwide [152]. While this transition contributes to the reduction of
carbon dioxide emissions, it also increases the variability of electricity supply, as ND-RES generation
strongly depends on meteorological conditions [153]. At the same time, electricity demand is
influenced by atmospheric factors such as air temperature and humidity [154]. For effective EPS
planning and operation, it is therefore essential to assess the strength of the relationship between

weather variables and both electricity production and consumption.

With specific regard to electricity demand, numerous studies have investigated the relationship
between atmospheric variables—most notably temperature and humidity—and demand using simple
or multiple linear regression models [154] [155] [156]. However, before applying such statistical
models, it is advisable to first quantify the degree of linear dependence between weather variables
and electricity demand [157]. Despite its relevance, this topic has received limited attention in the
literature, and existing studies typically rely on coarse temporal resolutions, such as monthly [154]
[158] or daily data [159] [160], rather than hourly demand profiles. This study seeks to address this
gap by evaluating the correlation between electricity demand and temperature, as well as both relative

and specific humidity, at daily and hourly time scales.

When examining the relationship between weather conditions and electricity demand, it is also
crucial to account for long-term climatic trends. Average temperatures are rising over time, and
extreme heat events, including heat waves (HWs), are becoming more frequent and intense. As a
result, analyzing how the correlation between atmospheric variables and demand evolves over time
provides valuable insight into the changing nature of this relationship. Moreover, given the increasing
occurrence of heat waves, understanding their specific impact on electricity demand is of particular

importance [161].

Previous studies have investigated the effects of heat waves on electricity consumption [162] [163]
[164], including the modeling of peak demand during extreme heat events [165]. However, a
comprehensive analysis of how the demand—weather relationship differs between heat wave periods
and typical summer conditions is still lacking. In particular, little attention has been paid to evaluating
how correlations between atmospheric variables and demand change during heat waves. This chapter

aims to fill this gap by quantifying the impact of heat waves on electricity demand, focusing on
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demand increases, variations in the slope of linear regression relationships between demand and

atmospheric variables, and changes in correlation strength during extreme heat conditions.

Since there is no universally accepted definition of a heat wave [166], different climatic indices
based on absolute or relative thresholds are commonly employed to identify extreme heat events. In
this work, HWs are detected using a new Warm Spell Duration Index (WSDI), which considers both
daily maximum and minimum temperatures, enabling the identification of extreme heat during both
daytime and nighttime. In addition, given the importance of minimum demand levels in EPS
operation, absolute temperature thresholds are applied to detect extreme nighttime heat events, known
as tropical nights (TRs). The combined use of relative and absolute criteria allows for an assessment
of whether heat waves are associated with tropical nights, and vice versa. Finally, in view of
projections indicating that the Mediterranean region will become a hotspot of global warming [167],

Sicily—one of Italy’s major electricity market zones—is selected as the case study for the analyses.

In the following paragraphs, the study methods and the corresponding results obtained are

described in detail

6.1 Methods

To address the objectives outlined above, analyses are performed on both meteorological variables
and electricity demand at annual and seasonal scales, focusing specifically on spring and summer.
This approach allows for an investigation of how the relationships between atmospheric conditions
and electricity consumption evolve when shifting from annual to seasonal analyses, as well as
between spring and summer periods. The comparison between these two seasons is motivated by their
differing climatic characteristics: during spring, relatively mild weather conditions may reduce the
sensitivity of electricity demand to temperature and humidity, whereas in summer demand is more
likely to be strongly driven by meteorological factors. Summer is defined as the months of June, July,

and August (JJA), while spring includes March, April, and May (MAM).

The selected case study is Sicily, which represents a distinct market zone and a major load center
within the Italian power system. Island-based electric power systems are of particular technical and
scientific interest due to their greater operational and maintenance complexity compared to mainland
systems [168]. The following paragraphs describe in detail the methodological framework adopted in
the study.
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6.1.1 Database used

The meteorological dataset employed in this analysis is derived from the Modern-Era
Retrospective Analysis for Research and Applications, Version 2 (MERRA-2), accessed through the
NASA Langley Research Center (LaRC) POWER Project, supported by the NASA Earth
Science/Applied Science Program [83]. The data are provided on a spatial grid with a resolution of
0.5° x 0.625° in latitude and longitude. Both daily and hourly records of air temperature (°C), relative
humidity (RH, %), and specific humidity (SH, g/kg) are utilized. For temperature, the analysis
includes daily maximum temperature (T, °C), daily minimum temperature (Ty, °C), the diurnal

temperature range (DTR, °C), and hourly air temperature at 2 m above ground level (T,,,, °C).

Electricity demand data are obtained from the transparency platform of the ENTSO-E [169]. The
dataset consists of hourly power demand values (MW) for the Sicilian market zone and represents
total aggregated demand, including industrial, commercial, and residential consumption. All data

processing and analyses are carried out using the MATLAB software environment [133].

6.1.2 Correlation analysis

To investigate the relationship between atmospheric variables—specifically temperature and
humidity—and electricity demand, a correlation analysis based on the sample Pearson correlation

coefficient r is carried out (evaluated using equation 4.6).

The correlation analysis is performed over multiple temporal scales, including the full annual
dataset as well as the corresponding spring and summer periods. Since electricity demand is available
at an hourly resolution, its relationship with daily meteorological variables is evaluated by computing
daily minimum (Demy), maximum (Demy), and mean demand values (Dem,e,,). For instance,
when considering daily maximum temperature (Tx), correlations are examined for the variable pairs
(Tx, Demy), (Tx, Demy), and (Tx, Demyean)- A similar procedure is applied to assess the strength of
the relationship between electricity demand and other daily atmospheric indicators, including DTR,

Tn, RH, and SH.

In addition, correlations at the hourly scale are investigated by directly relating hourly electricity
demand to hourly atmospheric variables, namely air temperature at 2 m (T, ), relative humidity, and

specific humidity.
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6.1.3 ‘Diurnal’ and ‘nighttime’ heat waves and tropical nights

An additional aspect of interest is the evaluation of the relationship between atmospheric
conditions and electricity demand during heat wave events. Since electricity consumption is
influenced by both temperature and humidity, and heat waves are characterized by persistently
extreme values of these variables, it is important to investigate how such events affect electricity
demand patterns. To examine these effects, heat wave periods must first be identified across different

summers, after which electricity demand behavior during those intervals can be analyzed.

Heat waves are identified in this study using a criterion based on the Warm Spell Duration Index
(WSDI), a climate indicator defined by the Expert Team on Climate Change Detection and Indices
(ETCCDI) [170]. Using daily maximum temperature data from a 30-year reference period (1981-
2010), the 90th percentile of maximum temperature is calculated for each calendar day, employing a
five-day moving window. These percentiles, hereafter referred to as TX90th calendar percentiles,
serve as thresholds against which daily maximum temperatures (Tx) of individual years are compared.
A heat wave is defined as a sequence of at least six consecutive days during which Ty exceeds the
corresponding TX90th calendar percentile. As this definition relies on maximum temperatures, the

resulting events are hereafter referred to as diurnal heat waves.

The ETCCDI indices do not include an equivalent WSDI metric based on minimum temperatures.
However, since minimum temperatures can significantly affect nighttime electricity demand,
particularly minimum load levels, it is useful to identify heat waves occurring during nighttime hours.
To this end, a nocturnal Warm Spell Duration Index (WSDI-n) is introduced. This index is
constructed by comparing daily minimum temperatures of a given year with the 90th calendar
percentiles derived from minimum temperature data over the same 30-year reference period (1981—
2010), again using a five-day centered window. A nighttime heat wave is here identified when daily
minimum temperatures exceed the corresponding percentile threshold for at least six consecutive

days.

Elevated nighttime temperatures may lead to increased electricity demand, as buildings are less
able to release the heat accumulated during daytime hours, thereby intensifying the need for space
cooling. In addition to detecting nighttime heat waves, another ETCCDI index related to minimum
temperatures is considered: the number of tropical nights (TR). This index identifies days on which
the minimum temperature exceeds a predefined absolute threshold. While a threshold of 20 °C is
commonly used, absolute thresholds can be adapted to the climatic characteristics of the region under
study. In this work, a threshold of 25°C is adopted (hereafter referred to as TR25), as summer
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nighttime temperatures in Sicily frequently exceed 20 °C. Consequently, a lower threshold would be

less effective in isolating nights associated with particularly high cooling demand.

6.1.4 The degree of correlation between energy demand and heat waves

After identifying both daytime and nighttime heat waves, the next step is to investigate whether
electricity demand during these events is higher than during comparable periods not affected by heat
waves. To this end, reference periods of equal duration to the corresponding heat wave are selected,
ensuring the same number of weekdays, Saturdays, Sundays, and public holidays (in this way, the
results are not influenced by factors other than environmental ones). During these reference periods,
daily maximum temperatures remain below the TX90th calendar percentile thresholds, and the
selected days are positioned at least two days away from the start or end of any heat wave
simultaneously affecting the analyzed locations. These reference intervals are hereafter referred to as

outside heat wave periods.

Subsequently, the sensitivity of electricity demand to temperature and humidity is examined by
estimating the slope of the linear relationship between demand and each atmospheric variable. This
analysis is carried out using hourly data only, as daily samples would be insufficient in size to ensure
statistically robust results. The regression slopes are computed by normalizing hourly demand values

with respect to the mean hourly demand of the corresponding time frame (annual, spring, or summer).

Finally, the hourly correlation coefficients calculated for annual and seasonal periods are further
analyzed by comparing conditions during heat wave episodes—both diurnal and nocturnal—with

outside heat wave periods.

6.2 Results

For the Sicilian market zone, nine years of electricity demand data (2015-2023) are available from
the ENTSO-E Transparency Platform. Accordingly, an equivalent nine-year period of meteorological
data is used to investigate the relationships between atmospheric variables and electricity demand.
Weather variables are extracted for three of Sicily’s main electricity load centers: Catania (CT), Messina
(ME), and Palermo (PA). The corresponding geographical coordinates of the selected locations are

37.44° N, 15.00° E for Catania; 38.12° N, 15.47° E for Messina; and 38.08° N, 13.35° E for Palermo.

A preliminary examination of the electricity demand time series reveals that, across all nine years,
summer consistently accounts for the largest share of annual electricity consumption. On average,

summer demand represents approximately 30% of the total yearly demand, while spring, autumn, and
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winter contribute about 23%, 24%, and 25%, respectively. These findings support the expectation that,
in Southern European regions, cooling-related electricity consumption plays a more prominent role in
power system operation than heating demand. The following paragraphs present the results obtained by

applying the methodologies described in the Methods section.

6.2.1 The degree of correlation between energy demand and atmospheric

variables

First, daily correlations for the variable pairs described in the Methods section were calculated for all
the case study locations. These correlations were assessed on annual, spring, and summertime scales for
each of the nine years of data. However, not all years produced statistically significant results (p > 0.05).
Figure 6.1 presents boxplots of the correlation coefficients, 7, for the variable pairs that showed statistical
significance in each year, using Messina as an example, as similar patterns were observed for Catania

and Palermo.
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Figure 6.1. Boxplots of daily correlation coefficients r calculated for each year of data at the Messina location: a) annual periods, b)
spring periods, and c) summer periods. Only variable pairs that yielded statistically significant correlation values in each year are
shown (p<0.05).

Figure 6.1 shows that, for a given pair of variables—such as (Tx, Demy)—statistically significant

correlations are observed during spring but not when considering the full annual period, with the absolute
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values of the Pearson correlation coefficient exhibiting opposite signs when moving from spring to
summer. Overall, across all three analyzed locations, both maximum and minimum temperatures display
a positive correlation with electricity demand on annual and summer scales, with stronger relationships

observed during the summer months, whereas a negative correlation emerges during spring.

The relationship between humidity variables (both relative and specific) and electricity demand
appears more nuanced, as both the sign and magnitude of the correlations vary across seasons and when
compared to annual values. In spring, the observed negative correlation between specific humidity and
demand is physically plausible, as higher humidity—often associated with cloudy conditions—can
coincide with milder temperatures, leading to reduced energy consumption. Similar results are observed

for the locations of Catania and Palermo.

While boxplots offer a qualitative view of the spread of the estimated correlation coefficients, they
do not convey quantitative metrics such as the mean values. For this reason, Figure 6.2 presents bar

charts illustrating the mean values of the distributions of the computed r coefficients.
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Figure 6.2. Bar charts showing the mean values of the correlation coefficient r for Catania, Messina, and Palermo, computed on: a)
an annual basis, b) during spring, and c) during summer. Only variable pairs yielding statistically significant results are reported.

The comparison among the different locations, illustrated in Figure 6.2, shows that even when the
same temporal scale is considered (annual, spring, or summer), the atmospheric variable—demand pairs
exhibiting statistically significant correlations vary across locations. For instance, during the summer
period, the correlation between specific humidity and electricity demand is statistically significant in

Catania (p > 0.05) but not in Palermo or Messina.

Following the analysis based on daily data, the next step involves assessing the correlation between
hourly atmospheric variables and electricity demand. This correlation analysis considers the same set
of atmospheric variables described in the Methods section. The results for the Catania location are
presented in Table 6.1, which also reports the Pearson correlation coefficients for years in which the
correlations are not statistically significant. The results for Messina and Palermo are not reported, as

they are close to those for Catania.

Table 6.1 also reports the mean annual and seasonal values of hourly air temperature,
T,m, in order to assess whether higher average temperatures over a given time period are associated

with an increase in the corresponding correlation coefficients.

Table 6.1. Hourly values of the r coefficient for the Catania location

Year Tom To;m-Dem RH-Dem SH-Dem

Yr Spr Sum Yr Spr Sum Yr Spr Sum Yr Spr
2015 17.1 14.4 25.6 0.30 0.18 0.63 -0.33 -0.24 -0.42 0.12 -0.05
2016 17.3 14.9 25.5 0.27 0.14 0.48 -0.27 -0.18 -0.35 0.08 -0.03* 0.04*
2017 16.9 14.9 27.2 0.28 0.13 0.54 -0.30 -0.15 -0.42 0.05 0.01%* -0.06
2018 17.1 15.2 25.1 0.25 0.07 0.47 -0.27 -0.10 -0.35 0.09 -0.02%* 0.02*
2019 17.1 13.6 27.0 0.33 0.08 0.51 -0.33 -0.09 -0.32 0.15 0.00*
2020 17.4 15.1 26.2 0.35 0.05 0.59 -0.31 -0.11 -0.42 0.18 -0.08
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2021 17.6 14.3 28.0 0.45 0.02* 0.64 -0.45 -0.16 -0.50 0.08 -0.18 -0.07
2022 18.0 14.1 28.0 0.42 0.02* 0.50 -0.40 -0.15 -0.36 0.18 -0.15 -0.02*
2023 17.9 14.4 26.9 0.53 0.25 0.74 -0.55 -0.38 -0.65 0.09 -0.17 -0.30

*Values not statistically significant (p > 0.05)

Based on the results reported in Table 6.1, several observations can be made for the (T,,,-Dem)
variable pair. The positive relationship between temperature and electricity demand identified at daily
resolution on annual and summer scales is also confirmed when considering hourly correlations.
Moreover, the strengthening of the temperature—demand relationship when moving from annual to
summer periods, already observed in the daily analysis, becomes substantially more pronounced at
the hourly level. In contrast, correlations during spring are close to zero. Notably, the highest
correlation coefficients—both annually and seasonally—are observed in 2023, even though this year

does not exhibit the highest average annual or summer temperatures.

With respect to relative humidity, hourly correlation coefficients are statistically significant for all
years and across all locations, in contrast to the daily analysis, and consistently indicate a negative
relationship with electricity demand. The correlation between specific humidity and demand exhibits
the same sign as in the daily analysis, although with a lower magnitude. However, the strength of the

(SH, Dem) correlation is markedly higher during summer compared to spring and annual periods.

Overall, across the three analyzed locations, spring emerges as the only season in which
statistically non-significant correlations are observed for certain years. In summary, the results
suggest that during spring, hourly electricity demand is more strongly influenced by air humidity than

by temperature.

6.2.2 Identification of diurnal and nighttime heat waves and tropical nights

For each location, the nine-year time series of daily maximum and minimum temperatures are
compared against the 90th calendar percentile thresholds for each summer within the study period.
This procedure allows the identification, on a year-by-year basis, of the occurrence of diurnal and/or

nighttime heat waves during the summer months.

The analysis shows that all three locations experienced diurnal heat waves during the summers of
2017, 2019 (with a weaker intensity in Messina compared to Catania and Palermo), 2021, 2022, and
2023. Periods characterized by diurnal heat waves are often accompanied by nighttime heat waves as
well, although their durations do not necessarily coincide. Conversely, in certain years—such as 2015

and 2020—nighttime heat waves occurred in the absence of daytime events. Figure 6.3 illustrates the
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trends of daily maximum and minimum temperatures relative to their respective threshold values for

the three Sicilian sites during the summer of 2022.
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Figure 6.3. a), c) and e): Comparison between Ty trends during the summer of 2022 and the corresponding TX90th calendar
percentile thresholds. b), d) and f): Comparison between Ty trends during the summer of 2022 and the corresponding TN90th
calendar percentile thresholds.

Figure 6.3 also highlights sequences of days that were not classified as heat waves because they
consist of only five consecutive days above the threshold; these intervals are marked with magenta
circles. Figure 6.3 further confirms a well-known characteristic of HWs, namely their spatially

extensive nature. Both diurnal and nighttime heat wave events affected all three analyzed locations
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simultaneously. An exception is observed in Palermo, where a nighttime heat wave occurred that was

not detected in the other two locations and was not associated with a corresponding diurnal heat wave.

For completeness, the values of the WSDI and TX90p are computed for all summers during which
HWs were identified. The TX90p index, included among the ETCCDI climate indices, represents the
percentage of days in which daily maximum temperature exceeds the TX90th calendar percentile

threshold. Table 6.2 summarizes the values of these two indices for each of the three locations.

Table 6.2. WSDI and TX90p evaluated for summers with at least one diurnal heat wave in Sicily

Summer Site Diurnal HWs TX90p (%) WSDI
CT 1 21.7 9
2017 ME 1 18.5 8
PA 1 22.8 11
CT 1 19.6 7
2019 ME 0 15.2 0
PA 1 23.9 9
CT 2 304 21
2021 ME 3 315 27
PA 3 33.7 17
CT 2 22.8 19
2022 ME 1 20.7 9
PA 2 45.7 24
CT 1 18.5 13
2023 ME 1 20.7 16
PA 1 21.7 17

Table 6.3 presents the results of the WSDI-n index, introduced in the Methods section, which
quantifies the number of days affected by nighttime heat waves. The table also reports the TN90p
index, another ETCCDI indicator, representing the percentage of days on which the daily minimum

temperature Ty exceeds the TN90th calendar percentile.

Table 6.3. WSDI-n and TN90p evaluated for summers with at least one nighttime heat wave in Sicily

Summer Site Nighttime HWs TN9Op (%) WSDI-n
CT 0 6.5 0
2015 ME 2 27.8 15
PA 1 21.7 9
CT 1 23.9 11
2017 ME 1 185 7
PA 1 30.4 10
CT 1 18.5 6
2019 ME 0 26.1 0
PA 1 33.7 8
CT 1 10.9 7
2020 ME 1 12.0 6
PA 1 16.3 6
CT 3 33.7 27
2021 ME 3 39.1 28
PA 3 38 29
2022 CT 2 29.3 23
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ME 3 435 20
PA 4 64.1 49
CT 1 19.6 16
2023 ME 1 22.8 18
PA 2 25 17

As outlined in the methodology, tropical nights are identified using the TR25 index to assess
whether heat wave events are associated with elevated nighttime temperatures. Table 6.4 summarizes
the number of tropical nights recorded during summers affected by heat waves for all three locations,

while Figure 5 illustrates the specific calendar days on which tropical nights occurred.

Table 6.4. Number of tropical nights recorded for those summers in which there was at least one daytime heat wave

Summer Site TR25
CT 8
2017 ME 17
PA 10
CT 0
2019 ME 23
PA 5
CT 8
2021 ME 33
PA 11
CT 3
2022 ME 36
PA 15
CT 9
2023 ME 24
PA 11

The analysis shows that, although daytime heat waves are often associated with the occurrence of
tropical nights, extended sequences of tropical nights can also arise independently of heat wave
events. For instance, during the summer of 2019 in both Messina and Palermo, multiple consecutive

tropical nights were recorded in periods not characterized by heat waves.

Prior to evaluating the effect of heat waves on electricity demand, linear regressions are performed
on pairs of hourly demand values and the corresponding atmospheric variables—T,,,, RH, and SH.
The slope of each regression line is used to quantify the percentage variation in demand associated
with a unit change in T,,,,, RH, and SH over annual and seasonal time frames. Table 6.5 presents the

resulting slope estimates for the Palermo location.

Table 6.5. Slopes of the linear regression lines for the pairs of temperature-demand, humidity-demand for the Palermo location.

Year Annual Spring Summer

Yo/ %/ Y%/ %/ %/ %/ %/ Yo/ %/

°C %Ry g/kg °C %RrH g/kg °C Yoru g/kg
2015 0.8 -0.4 1.0 0.5 -0.3 -0.9 2.9 -0.4 33
2016 0.7 -0.3 0.8 0.3 -0.2 -0.7 1.9 -0.3 1.3
2017 0.8 -0.3 1.0 0.4 -0.2 -0.7 2.1 -0.4 2.1
2018 0.6 -0.3 0.8 0.1 -0.1 -0.5 2.0 -0.3 0.5
2019 0.9 -0.4 1.3 0.1 -0.1 -1.2 2.1 -0.3 1.9
2020 1.0 -0.4 1.6 0.1 -0.1 -1.5 2.5 -0.4 2.3
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2021 1.3 -0.5 1.7 -0.1 -0.2 -3.1 2.7 -0.5 1.7
2022 1.1 -0.4 1.6 0.1 -0.2 -1.9 2.0 -0.3 0.4
2023 1.5 -0.7 1.8 0.8 -0.4 -2.2 3.5 -0.7 2.4

Table 6.5 corroborates the correlation analysis for the temperature—demand relationship, showing
that the regression slope increases from spring to summer. Unlike the RH—demand relationship, the
SH—demand pair exhibits a consistent slope sign across seasons. Results for Messina and Catania
largely mirror those for Palermo, with the main exception being Catania, where the SH—demand slope

changes sign across years and lacks seasonal consistency.

6.2.3 The impact of heat waves on energy demand

After identifying both diurnal and nighttime heat waves, electricity demand during these events is
analyzed following the methodology described earlier. Only periods in which diurnal and nocturnal
heat waves occur simultaneously and are common to all three locations are considered, since demand
data are available at the regional (Sicily-wide) level. Electricity demand during heat wave periods is
then compared with demand during equivalent periods outside heat waves. Table 6.6 reports the share
of summer electricity demand occurring during heat wave and non—heat wave periods, along with the
corresponding percentage change between the two conditions.

Table 6.6. Share of electricity demand during heat wave periods (Demyy,) and non-heat wave periods (Demyopy,) expressed as a

percentage of total summer demand. The final column reports the percentage increase in energy demand when transitioning from
non—heat wave to heat wave conditions.

Year Period Demyw /nonw/Demyqe (%) Delta (%)
HW 15.5
2017 Outside HW 13.3 16.2
HW 8.6
2019 Outside HW 9.8 -12.5
HW 14.5 12
Outside HW 14.3 ’
HW 12.8
2021 Outside HW 10.5 224
HW 13.7
Outside HW 11.8 16.3
HW 7.9 4.5
2022 Outside HW 7.5 ’
HW 19.0 47
Outside HW 18.2 )
HW 24.5
2023 Outside HW 17.9 36.4

The results indicate that, with the exception of the summer of 2019, all identified heat wave events
are associated with an increase in electricity demand relative to periods not affected by HWs. Notably,
the largest demand increase occurs in the summer of 2023, even though this year does not exhibit the

highest values of WSDI, WSDI-n, TX90p, or TN90p. The negative demand variation observed in
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2019 can be explained by the timing of the heat wave, which took place in early June—a period
typically characterized by lower electricity demand compared to later summer months. Consequently,
heat wave events occurring in early June appear to have a limited impact on overall electricity

demand.

Table 6.7 presents the results for summers in which nighttime heat waves occurred independently
of diurnal heat waves, in all three Sicilian locations.
Table 6.7 Share of electricity demand during nighttime heat wave periods (Dempyy,) and outside these periods (Demy,yw)

expressed as a percentage of total summer demand. The final column shows the percentage change in demand from non—heat wave
periods to nighttime heat wave periods

Year Period Dempw /nonw/Demeor (%) Delta (%)
HW 8.9

2020 Outside HW 7.7 160
HW 19.9

2022 Outside HW 16.4 212

A comparison between Table 6.6 and Table 6.7 shows that nighttime heat waves lead to increases
in electricity demand comparable to those observed during diurnal heat waves or periods when both

diurnal and nighttime heat waves occur.

As in the annual and seasonal analyses described earlier, a simple linear regression is performed
to evaluate the slope of the lines interpolating temperature—-demand and humidity—demand pairs, both
during heat wave periods and in their absence. Hourly electricity demand values are normalized with
respect to the average hourly summer load, while meteorological data are considered separately for
each location. Table 6.8 presents the regression slopes obtained using the meteorological data from
Catania.

Table 6.8 Slopes of the linear regression lines for temperature—demand and humidity—demand pairs during periods encompassing
heat waves common to all three Sicilian locations, based on meteorological data from Catania

Year During HWs Outside HWs
%l %/ %l %l %l %/
°C Yoru g/kg °C Yorn g/kg
2017 1.5 -0.5 0.4 1.2 -0.2 -0.4
2019 0.8 -0.1 1.7 1.2 -0.2 0.9
1 1.7 -0.4 -0.3 1.3 -0.3 -0.8
2021 2 1.4 -0.3 -0.2 1.4 -0.4 2.9
3 1.5 -0.5 -2.8 1.4 -0.3 -1.5
1 1.1 -0.2 0.6 1.7 -0.3 -1.5
2022 2 1.4 -0.3 -0.1 1.1 -0.2 0.5
2023 2.6 -0.8 -4.8 1.7 -0.4 -3,5
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The results in Table 6.8, along with those for Messina and Palermo, indicate that the impact of
heat waves on electricity demand varies: depending on the specific event, the increase in demand
with rising temperature can be greater or smaller than that observed during non—heat wave periods.

Additionally, for all three locations, the regression slopes are largest in the summer of 2023.

The final analysis of this study focuses on assessing the hourly correlation between the
atmospheric variables considered and electricity demand during heat wave periods, as well as outside
of them. A daily correlation analysis is not performed, as the sample sizes would be insufficient to
yield statistically meaningful results. Table 6.9 reports the results obtained with the meteorological data
from Messina.

Table 6.9 Hourly correlation analysis results for the Messina location, comparing heat wave periods (HW) with periods outside heat
waves (outside HW)

Year Period (Tym, Dem) (RH, Dem) (SH, Dem)
HW 0.53 -0.53 -0.42
2017 .
Outside HW 0.48 -0.54 -0.45
HW 0.29 -0.10 0.19
2019 .
Outside HW 0.44 -0.32 -0.03*
HW 0.59 -0.31 0.20
Outside HW 0.49 -0.39 -0.11%*
2021 HW 0.41 -0.29 -0.06*
Outside HW 0.42 -0.46 -0.35
HW 0.47 -0.39 -0.25
Outside HW 0.53 -0.40 -0.08*
HW 0.35 -0.19 0.09*
2022 Outside HW 0.64 -0.66 -0.54
HW 0.50 -0.31 0.02*
Outside HW 0.43 -0.28 0.02*
H . -0.61 -0.2
2003 . W 0.73 0.6 0.26
Outside HW 0.63 -0.64 -0.45

*Correlations not statistically significant (p > «)

As anticipated from the regression slope results, the strength of correlations during heat waves can
be either weaker or stronger compared to periods without heat waves. Similar to the findings from
the annual and seasonal hourly analyses, the relationship between SH and demand exhibits the highest

proportion of statistically non-significant correlations.

6.3 Discussion and conclusions

The daily seasonal correlation analysis highlights two contrasting behaviors in the relationship
between temperature and electricity demand. During spring, a negative correlation is observed,
indicating that, on average, decreases in temperature are associated with increases in demand, and
vice versa. In contrast, summer exhibits a positive correlation, confirming the intuitive expectation
that higher temperatures lead to higher electricity demand. Moreover, the strength of the temperature—

demand correlation increases substantially when moving from spring to summer, reaching values up
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to three times higher, and in some cases nearly an order of magnitude greater, depending on the year

and the location.

On an annual basis, the positive correlation between temperature and demand suggests that the
negative springtime correlation does not fully counterbalance the stronger positive summer
correlation. Consequently, when averaged over the entire year, an increase in temperature is generally

associated with an increase in electricity demand.

Relative humidity is physically and statistically inversely related to temperature: as temperature
rises, relative humidity tends to decrease, resulting in a negative correlation between the two
variables. As a consequence, when temperature and demand are positively correlated over a given
time frame (annual or seasonal), relative humidity and demand are expected to exhibit a negative
statistical correlation. This behavior is largely confirmed by the results of the present analysis. The
only exception is the (RH, Demy) pair for the Catania location, where a positive correlation is
observed. Conversely, the hourly correlation analysis consistently reveals a negative relationship

between RH and electricity demand across all years and locations considered.

The statistically negative correlation observed between RH and electricity demand has important
implications for modeling cooling demand based on RH. Although an increase in relative humidity
hampers the human body’s ability to dissipate heat, thereby increasing perceived temperature and
potentially raising cooling demand, RH and electricity demand are statistically anti-correlated in the
analyzed data. Consequently, a purely statistical approach that attempts to model increased cooling
demand as a function of perceived temperature by directly incorporating RH (for instance through

linear regression) may lead to misleading or incorrect results.

Consistent with the daily correlation analysis, the magnitude of the temperature—demand
correlation increases markedly when moving from spring to summer periods, reaching values up to
three times higher, and in some cases nearly an order of magnitude greater, depending on the year
and the location. This behavior provides an indication of how much the use of cooling systems, both
in residential and industrial sectors, affects electricity demand as temperatures increase. While in
spring lower temperatures lead to a slight increase in demand, in summer rising temperatures cause a
steeper increase in electricity demand. This shows that, for the case study analyzed, cooling systems
have a greater impact than heating systems. Moreover, while cooling systems are typically electric,
heating systems are not all electric. Therefore, the strong correlation between energy demand and
temperature observed in summer directly reflects the behavior of residential and industrial users as

temperatures rise above comfort levels.
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The strong correlation observed between minimum temperatures and electricity demand highlights
the relevance of nighttime thermal conditions. This behavior is further reinforced by the use of
absolute thresholds, such as TRs, which show that minimum temperatures exceed both relative
thresholds (e.g., TN90p) and absolute thresholds (e.g., TR25) more frequently than maximum
temperatures exceed their corresponding thresholds (e.g., TX90p).

During spring periods, quantifying the relationship between humidity variables (both specific and
relative humidity) and electricity demand proves to be statistically challenging. For all locations, both
daily and hourly correlation analyses yield predominantly non-statistically significant results. This
clearly indicates that demand models based on humidity variables and linear regression techniques

are likely to perform poorly during spring, limiting their applicability in transitional seasons.

A pronounced temporal and spatial variability emerges from the analysis. For a given location and
pair of variables, both the sign and magnitude of the correlation depend strongly on the selected time
frame (annual, spring, or summer). Likewise, for a fixed time frame and variable pair, correlation
strengths differ across locations. These findings indicate that a single linear regression model linking
electricity demand to atmospheric variables cannot be considered universally valid, either across large

geographical areas such as Sicily or across all seasons.

Another key result is that TRs may occur even in the absence of diurnal heat waves. This has
important implications for EPS operation: forecasting reserve requirements based solely on daytime
maximum temperatures would underestimate the risk of unmet demand. Grid operators should

therefore account not only for daytime heat waves but also for nocturnal thermal stress.

The regression slopes describing the percentage change in demand with respect to temperature
also vary from one HW to another, demonstrating that the impact of heat waves on electricity demand
depends on the specific event and on the period of the summer in which it occurs. Among the
characteristics of heat waves, their duration emerges as a critical factor in assessing EPS adequacy.
This is exemplified by the summer of 2023, which exhibits the highest correlations between
temperature and demand and the steepest demand—temperature slopes, despite not being the hottest
summer in terms of standard heat wave indices (WSDI, WSDI-n, TX90p, TN90p). Notably, 2023 is
characterized by the longest-lasting heat wave across all analyzed locations, highlighting the

dominant role of persistence over intensity alone.

It is also interesting to conclude this section with some remarks on the possible evolution of

demand in the coming years. In Italy, an increase in the installation of heat pumps is expected, which
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will lead to a shift in the main adequacy issues of the Italian power system increasingly from summer
to winter. Moreover, peak loads are still expected to occur in summer [171]. Therefore, for future
research, it would be of interest to also focus on winter, as it will be the season that, over the years,

will show electricity demand increasingly influenced by lower temperatures.
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7. Effect of correlated synthetic profiles of atmospheric

variables on adequacy indices

Climate change can be defined as a statistically significant variation in the mean state of the climate
or in its variability, with global warming representing one of its most prominent effects. Carbon
dioxide emissions from human activities are the primary cause of the increase in average global
temperatures observed over recent decades [3]. Within the EU, the energy supply and transport

sectors are responsible for the largest shares of CO: emissions [14].

Despite this, GHG emissions from the energy sector have declined since 1990. By 2020, the
amount of CO: emitted per kilowatt-hour of electricity produced had fallen to approximately half of
its 1990 value. This substantial reduction has been enabled by the growing penetration of RESs in the
EU energy mix [16]. Between 2009 and 2019, Europe experienced significant growth in PV power,

wind power, and solid biofuel installations.

Over the same period, hydropower capacity increased only marginally, whereas PV technology
exhibited the highest growth rate, rising from 1% (7.4 TWh) of installed capacity in 2008 to 13%
(125.7 TWh) in 2019. This rapid expansion is largely attributable to the relative ease of deploying
PV plants within EPSs. The increasing presence of RES in the EU-27 is further supported by
environmental and energy policies, including the European Green Deal [13] and the REPowerEU

Plan [137].

The increased deployment of RESs in generation mixes, together with the phase-out of coal, is
contributing significantly to the achievement of the environmental targets set by the European
Commission. However, renewable plants are inherently non-dispatchable, as their power output
depends on meteorological variables that vary continuously over time. As a result, electricity
generation from RES is more intermittent than that from conventional programmable sources,
potentially undermining the ability to reliably meet electricity demand and posing risks to power
system adequacy. Adequacy is defined as the capability of an EPS to satisfy electricity demand in
every hour and in each market zone of a country [29]. From this perspective, an increasing share of
RES can negatively affect adequacy levels, particularly because renewable generation often provides
limited contributions during the most critical hours for adequacy. Several mitigation strategies have
been proposed to address these challenges, including the deployment of energy storage systems to

increase adequacy reserves [172], the strengthening of capacity market mechanisms [173], and the
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expansion of cross-border transmission lines to enhance mutual support among different market zones

[174].

Regardless of the specific solutions adopted, adequacy analyses for future EPSs must be carried
out on a probabilistic basis, given the stochastic nature of renewable generation driven by weather
variability. The primary objective of adequacy analysis is to quantify both the amount of energy not
supplied to loads over a year and the number of hours per year in which supply shortfalls occur. These

quantities are commonly evaluated using the EENS and the LOLE indices, respectively.

In this chapter, statistical techniques are employed to synthetically generate weather variables,
considering both independent and correlated formulations. A MC approach is adopted as the core
algorithm to simulate weather variables starting from historical data. Among atmospheric variables,
those of greatest interest for power system analyses are global solar radiation (GSR), precipitation
(Pr), ambient air temperature (T.), and wind speed (W). Accordingly, synthetic hourly profiles of
these variables are generated. In the existing literature, several studies address the independent
generation of these variables, whereas only a limited number of works—at least to the author’s
knowledge—focus on their correlated generation. From this perspective, the present study aims to
advance the state of the art in the synthetic correlated generation of atmospheric variables through

statistical methods, with specific application to power system adequacy analyses.

7.1 Stochastic generation of atmospheric variables

The synthetic generation of atmospheric variables represents the first step of the proposed
adequacy analysis. A frequentist statistical framework is adopted to derive synthetic hourly profiles
of the relevant weather variables, using ten years of historical meteorological data obtained from
NASA’s database [83]. The variables considered are global solar radiation (Wh/m?), precipitation
(mm/h), ambient air temperature (°C), and wind speed (m/s).

Several statistical techniques are employed to generate synthetically independent atmospheric
variables, including standard MCSs, Bootstrapped Monte Carlo (BMC), and approaches based on the
Pearson family of distributions. Seasonal effects and the associated annual cycles of the weather
variables are explicitly modeled. The MC approach implemented in this study relies on the inverse
transformation method, which requires the historical data to be fitted by an appropriate theoretical

PDF.

Regarding the correlated generation of weather variables, the first step consists of performing a

correlation analysis on the T,—GSR and T,—Pr pairs. These pairs are selected because of the strong
109



relationship between ambient temperature and global solar radiation, and because temperature and
precipitation significantly affect thermoelectric power production, which represents the largest share

of the Sicilian generation mix.

Among the correlation measures available in the literature, Pearson’s (P) and Spearman’s (S)
correlation coefficients are adopted in this study. The Pearson coefficient is used to quantify the sign
and magnitude of the correlation between T, and GSR, as these variables exhibit a predominantly
linear relationship and P performs best under linear assumptions. Conversely, the Spearman
coefficient is applied to the T,—Pr pair, since their relationship is nonlinear; the S coefficient, being
based on rank and monotonic dependence, is more suitable for capturing such nonlinear correlations.

The expression for the Spearman coefficient is given by the following equation [175]:

6y D?

= 1—m (7.1)

Where N is the total number of samples, and D; is the difference between the i-th pair of ranked

variables. An important advantage of 7; is that it is nonparametric.

The correlation values obtained from this analysis are then used to generate correlated marginal
distributions of random numbers sampled from a multivariate gaussian distribution. These correlated
random variables are subsequently employed to impose the desired correlation structure on the

independently generated weather variables.

Once synthetic hourly profiles of GSR, Pr, T., and W are generated, both independently and with
mutual correlations, the adequacy indices EENS and LOLE are evaluated. This is achieved by
performing fifty sequential MCSs in order to obtain statistically meaningful results. The adequacy
indices are then compared for the cases of correlated and independent weather variable generation.
The Sicilian market zone is adopted as the reference case study, using installed generation capacity

data and historical electricity demand profiles to model a single-bus power system for the simulations.

7.2 Component models of power systems and adequacy assessment

In this section, the power generation and electricity demand models are described; through these

models, hourly generation and demand profiles are obtained.
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7.2.1 Power output models of generation technologies

In PV systems, the generated power is approximately proportionally linear to solar irradiance when
the system operates at its maximum power point (MPP) [176]. However, it should be emphasized
that, in addition to solar radiation, other meteorological variables, such as wind speed and ambient
air temperature, significantly affect PV efficiency and, consequently, power output [177]. In
particular, PV power output depends on the cell temperature T,..; (°C), whose influence is
quantitatively described by the power temperature coefficient apy, a parameter that depends on the
specific PV cell technology. For monocrystalline silicon modules, apy typically ranges between —0.5
and —0.4 %/°C (e.g., apy = —0.5 %/°C is adopted in [28]). In this work, the equations used to model

PV power production are taken from [28].

The power output of a generic wind turbine is modeled using its characteristic power curve to
generate hourly wind power profiles. Wind turbine output depends on wind speed: for wind speeds
below the cut-in speed v, +—in (M/s), power production is zero; when wind speed exceeds the cut-off

speed Veyt—off (M/s), power output is also set to zero in order to protect the turbine from mechanical
damage due to excessive wind. Let v, (m/s) denote the rated wind speed at which the turbine delivers
its nominal power. For wind speeds between v, and vy off, the power output remains equal to the
nominal value, while for wind speeds between v.,;_;, and v, the power output follows a cubic
dependence on wind speed. In this study, the characteristic wind speed values adopted are average
values derived from the datasheets of 2 MW wind turbines [178]. All the considerations discussed

above are formalized in the following equations:
Poye =0 if v <vVeyt-in 0T v > Veut—of f (7.2)

— . \3
v Vcut—in

Pour = POut,n ) ( ) If Veytmin <V < vy (7.3)

r — Vcut—in
Pout = Poutn if v <v< Vcut—of f (7.4)

where Py, (W) is the power output of the wind turbine, and Py, (W) is the nominal power

output of the wind turbine. The value of Py, , adopted for the Sicily market zone is taken from [179].

Hourly power output profiles for thermoelectric plants are estimated using the model equations
and parameters defined in [180]. However, modifications are introduced for the inlet water
temperature and the water availability factor compared to [180]. The inlet water temperature model

is based on a nonlinear regression equation from [181], relating the inlet water temperature (°C) to
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the ambient air temperature T, (°C). For water availability, a nonlinear regression model similar to

that in [181] is applied.

A nonlinear regression model mathematically similar to that of [181] is applied. In this study, an
index & is introduced to quantify the availability of cooling water:
0—¢

= S — 7.5
E e+ 1+ eY(Ta—BE) ( )

Where ¢ is the water availability factor (dimensionless), T, is the ambient air temperature (°C), &

is the initial value of the water availability curve, related to hourly precipitation (dimensionless), B¢

is the air temperature at the inflection point of the model curve (°C), and € is the minimum value of
the water availability factor (dimensionless, estimated), and y (1/°C) is the value of the steepest slope
of the function. To model a linear behavior for most values of ambient temperature, for this study

y = 1is set.

For hydroelectric power, the model used here is based on the installed capacity in the Sicily market
zone, multiplied by the probability distribution of the plant’s producibility index [179]. For a given
time period (e.g., one year), the producibility index of a hydropower plant is defined as the ratio
between the plant’s producibility during that period and its average producibility over the same period
[182]. Historically, the producibility index ranges between 0.7 and 1.4; in this study, values within
this range are randomly generated using a uniform distribution with 0.7 and 1.4 as the lower and

upper bounds.

7.2.2 Electricity demand model

Electricity demand represents the amount of electrical power required by the load at a given hour.
Hourly demand depends on several factors, including the type of day (workday or public holiday),
the season, and ambient air temperature which plays a crucial role in determining power requirements.

In this study, all these influencing factors are explicitly modeled.

An “average seasonal day” is defined by selecting one representative non-holiday day in the
middle of each season (e.g., 15 January for winter). The demand profile of this representative day is
then replicated for all days within the corresponding season, thereby obtaining an average seasonal

demand profile. Weekend demand is modeled by reducing the workday demand profile by 10%.
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The impact of ambient air temperature on electricity demand is then incorporated by modifying
the seasonal average demand profile according to the season, as follows. For winter, if the average
hourly temperature exceeds the historical winter average, a 10% reduction in demand is applied;
conversely, if the temperature is below the historical average, a 10% increase in demand is assumed.
For summer, instead, the opposite behavior is modeled: a 10% increase in demand is applied when
the average hourly temperature exceeds the historical summer average, while a 10% decrease is
assumed when temperatures are below the seasonal average. Finally, for both spring and autumn,
when hourly average temperatures are above their respective seasonal averages, a 5% increase in

demand is simulated; when temperatures are below average, a 3% increase is applied.

The percentage variations adopted in this modeling framework are chosen arbitrarily. This is
justified by the fact that the focus of the paper is not on the absolute values of the adequacy indices,
but rather on their relative variation when atmospheric variables are synthetically generated

independently or with mutual correlations.

7.2.3 Adequacy indices

The operation of an EPS is not limited to supplying electricity to end users; it must also comply
with specific operational parameters and standards to ensure safe, resilient, and adequate system
performance. With reference to adequacy, this concept is defined as the ability of an EPS to meet

electricity demand in every hour and in each market zone of a country [29].

As reported in Chapter 2 to quantify the adequacy level of a given EPS, two widely adopted indices
are used: the EENS, expressed in MWh, and the LOLE, expressed in hours. In this study, both the
number of hours of inadequacy and the corresponding amount of energy not supplied are evaluated
through hourly simulations covering all four seasons of the year, thereby representing a full annual
cycle (8760 hours) and explicitly accounting for seasonal variability. The Time Step Simulation
(TSS) tool available in the PowerWorld Simulator© is used to perform fifty simulations (i.e., fifty
synthetic years), applied to the single-bus test system, considering both independently generated and

correlated weather variables.

7.3 Results

The models described in Sections 7.2.1 and 7.2.2 are implemented with reference to the Sicily
market zone and its power system as of 2020; however, the proposed methodology is general and can

be applied to any market zone of interest. The installed generation capacities in 2020 are as follows:
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5400 MW of thermoelectric generation (with no coal-fired plants), 716 MW of hydropower, 1921
MW of wind power, and 1474 MW of photovoltaic power [179].

Another aspect considered is the import and export capacity limits of the interconnection lines
between the Sicily market zone and the Italian mainland (Calabria market zone). The import capacity
limit—particularly relevant for adequacy assessments—is set to 700 MW from Calabria to Sicily, in
accordance with [183]. Moreover, the interconnection capacity is assumed to remain unchanged until
2025. Consistently, the electricity demand data adopted in this study correspond to the preliminary
projections for the target year 2025 released by ENTSO-E in the ERAA 2022 assessment [184].

Ten years of meteorological data, spanning the period 2007-2016, are considered. Probability
distributions are fitted to these data, and the same data are then used for the correlation analysis. With
regard to the choice of the geographical reference, Catania (CT) is selected as the representative
location for the weather datasets, since a large share of the high-voltage transmission infrastructure
and thermoelectric generation capacity in Sicily is located in its vicinity. The single-bus system

adopted to simulate hourly import and export power flows is illustrated in Figure 7.1.

IMPORT-EXPORT

500 MW

HYDRO

= \. 716 MW

WIND

TG -
@_._ = 1 7?” 1021 Mw
1100 mw \ @), |

ccGr r/':'\\ 4.—‘
3100 MW @) -

TN PV
= \) 1474 MW

Xy

NG -
A L1E. 'rl
R

Figure 7.1. Single-bus grid implemented in the PowerWorld Simulator©. CCGT denotes Combined Cycle Gas Turbine, TG denotes
Turbine Generator, and TRAD denotes Traditional generation.

Specifically, power imports and exports are simulated by modeling a generator as the system slack

bus. Generator outages and transmission line outage rates are not considered in this study.
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7.3.1 Stochastic profiles of atmospheric variables and correlation analysis

The results of the methodologies described in Section 7.1 for the synthetic generation of
independent weather variables relevant to adequacy analyses are presented first. Based on the
characteristics of the data, ambient air temperature and wind speed are modeled using normal and
gamma distributions, respectively. For hourly GSR profiles, no satisfactory fit with a theoretical PDF
is achieved; therefore, an empirical PDF and its corresponding CDF are constructed and used within
the inverse method, with a final application of the BMC technique. Precipitation is synthetically
generated using the Pearson distribution approach, with the mean, standard deviation, skewness, and
kurtosis of the historical data as inputs. All the adopted procedures share a common random sampling

stage, in which random numbers are drawn from a uniform distribution over the interval (0,1).

Figure 7.2 shows the histogram of the synthetically generated GSR, obtained using both the MC
and BMC approaches, highlighting the good agreement between the synthetic distributions and the

historical data.
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Figure 7.2. Comparison between the histograms of historical (cyan) and synthetically generated independent (red) GSR distributions
for the CT location during summer.

Regarding the synthetic correlated generation, the procedure is applied to the pairs of variables

identified in Section 7.1. Table 7.1 reports the correlation coefficients obtained from this analysis.

Table 7.1 Results of the correlation coefficient analysis for the CT case study

Correlation coefficient Ta-GSR Ta-Pr

Winter 0.64 -0.09

Spring 0.68 -0.26

Summer 0.73 -0.04
Autumn 0.61 -0.1
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The results reported in Table 7.1 indicate that the correlation coefficients vary with the season for
both variable pairs. The T,—~GSR pair exhibits a strong positive correlation, which is consistent with
the physical relationship between ambient air temperature and global solar radiation, as temperature
variations are largely driven by changes in irradiance (for example, the day—night cycle). Conversely,
the T,—Pr pair shows a negative correlation (anticorrelation), indicating that days with temperatures

above the seasonal average tend to be associated with lower-than-average precipitation.

For completeness, Figure 7.3 illustrates how closely the synthetically generated T,—GSR joint

distribution matches the corresponding historical joint distribution.
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Figure 7.3. Comparison between the joint distributions of the historical (red stars) and synthetically generated correlated (blue
circles) T—GSR pair for CT during winter.

7.3.2 Evaluation of adequacy indices for independent and correlated
synthetic profiles

Considering the models described in Sections 7.2.1 and 7.2.2, synthetic profiles of energy
production and demand are evaluated. With regard to thermoelectric generation and the modeling of
the inlet water temperature, the regression curve for the Sicily market zone is defined. For this
purpose, the maximum and minimum inlet water temperatures are set to 40°C and 1.5°C, respectively,
while the air temperature at the curve’s inflection point is set to 20°C. With regard to water
availability, considering Equation (7.4), the following parameter values are fixed: § varies linearly
from 2 during intense precipitation (above 3.6 mm/h) to 0.8 when there is no precipitation; Sz is set

to 35°C, and € to 0.2.

Once the production and demand profiles are obtained, Monte Carlo simulations are run to evaluate

the adequacy indices reported in Section 7.2.3. In this study, fifty MCSs are performed, each
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representing a generic year, to obtain statistically significant sets of EENS and LOLE values. To
calculate these indices for each simulated year, the Net Transfer Capacity (NTC) of the
interconnection lines must be considered, as it limits import and export power flows (obtained here
using the TSS tool). By subtracting the actual flows from the NTCs, an annual hourly power deficit
profile (8760 hours, in MW) is generated. Converting this profile to hourly energy (MWh), the system
is considered inadequate in any hour where the energy deficit is greater than zero, with the
corresponding energy not supplied to the loads. Figure 7.4 illustrates the annual hours of inadequacy
for both independently generated and correlated weather variables. The focus on hours of inadequacy
is justified because the ENS trends directly follow those of the inadequacy hours, as they are

intrinsically linked.
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Figure 7.4. Trends in the annual hours of inadequacy across the fifty simulations (each representing a generic year), comparing
independently generated weather variables (solid red line) with correlated weather variables (dashed blue line).

The difference between the two trends in Figure 7.4 highlights the impact of synthetically
generating T,-GSR and T,-Pr as correlated variables on the adequacy analysis of the studied power
system. Simulations using the correlated synthetic profiles of atmospheric variables result in fewer
hours of inadequacy compared to simulations using meteorological variables generated independently
of each other. Specifically, for independently generated variables, the LOLE and EENS values are
554 hours and 636,600 MWh, respectively, whereas for correlated variables, the LOLE is 381 hours,
and the EENS is 433,000 MWh.

7.4 Final considerations

The different statistical methods used to synthetically generate independent weather variables

produced hourly probability profiles that closely approximate the historical data.
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A key novelty of this paper is the incorporation of correlations between weather variables into
adequacy analyses. By applying Pearson’s and Spearman’s coefficients to the T,—GSR and T,—Pr
pairs, the magnitude and direction of the correlations were quantified. Using these results, synthetic
correlated weather variable profiles were generated, producing joint distributions that closely match
historical data. Unlike most previous studies, these correlated weather profiles were used as inputs to

the power generation models.

The generation models considered include both nonprogrammable renewable sources and fossil-
fueled plants, while demand models and line transfer capacity constraints were also incorporated.
Together, these factors provide a more refined adequacy analysis. However, generator and
transmission line outage rates were not included. Future studies could enhance the analysis by

modeling these failure rates probabilistically.

A novel water availability index is introduced in this study, which accounts for hourly precipitation
(following a linear law) and varies with ambient temperature according to a nonlinear regression

model.

Fifty simulations were conducted, each representing a generic year, using both independently and
correlated generated weather variables. When correlated variables were used, significant differences
were observed in LOLE, EENS, and trends in hours of inadequacy compared to the independent case.
This demonstrates that the correlated generation of weather variables can notably influence adequacy
analysis results. Future work could explore whether the impact of correlated weather generation

depends on the specific variable pairs considered.

Overall, the results indicate that adequacy analyses should account for the correlated generation

of weather variables that affect both power generation and electricity demand.
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8. Final remarks

In this thesis, statistical methods were used to study the relationship between electricity demand
and generation with atmospheric variables and to model the impacts of climate change on the
adequacy of a power system. Adequacy is an aspect of power systems that involves not only energy
generation plants, but also energy demand, as well as transmission network elements. The studies
reported in this thesis therefore concerned the impacts of climate change on renewable energy
production, on energy demand, and on network elements such as transformers. The methods used
proved effective in modeling the randomness of the link between atmospheric variables and energy
production and demand and power grid. In addition, a Monte Carlo algorithm was proposed to

generate independent and correlated synthetic time series of atmospheric variables.

Specifically, it was observed that the correlation indices used made it possible to study the link
between energy demand and atmospheric variables even during extreme heat events such as
heatwaves. A Monte Carlo approach was then used to simulate the impacts of climate change on the
production of an offshore turbine at three locations off the coast of Sicily. The generation of synthetic
time series of wind speed made it possible to simulate hourly production profiles of the OWT, and
this can be an integral part of an adequacy analysis for the evaluation of the relevant indices. The
generation of synthetic temperature profiles then made it possible to model stochastic time series of
transformer winding temperatures, proving to be a useful tool for simulating the randomness of
temperature impacts on network components. An algorithm was then proposed for generating
correlated time series of atmospheric variables. This algorithm, based on Monte Carlo methods such
as the inverse transform method and bootstrapping, made it possible to observe how the results of
adequacy indices change depending on whether atmospheric variables are generated stochastically as
independent or correlated. This thesis work therefore shows how Monte Carlo methods can be used
to refine the assessment of climate change impacts on the adequacy levels of a power system,

compared to what is currently proposed in the state of the art of adequacy analyses.

For future research, climate change impact analyses could be conducted on hybrid systems such
as offshore FPV and offshore wind. Concerning the methodology for generating correlated time series
of atmospheric variables, it could be further refined by introducing autocorrelation into the
stochastically simulated time series. The stochastic approach used could later be modified by
considering measures of dependence between variables that are non-parametric and therefore do not
require specific conditions to be optimally applied. Additionally, more climate models and emission

scenarios could be used beyond those already employed in the studies of this thesis.
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List of acronyms and symbols

ATR Autotransformer

BMC Bootstrapped Monte Carlo

CDF Cumulative Distribution Function

CM Climate Model

CPDF Continuous Probability Distribution Functions
DTR Dynamic Thermal Rating

EENS Expected Energy Not Supplied

ENS Energy Not Supplied

ENTSO-E European Network of Transmission System Operators for Electricity
EPS Electric Power System

ETCCDI Expert Team on Climate Change Detection and Indices
EU European Union

FPV Floating Photovoltaic

GHG Greenhouse Gas

GOF Goodness-Of-Fit

HW Heat Wave

ICDF Inverse Cumulative Distribution Function
IPCC Intergovernmental Panel on Climate Change
1.i.d. independent and identically distributed

JJA June, July, and August

x? Chi-Square test

KS Kolmogorov—Smirnov test

LOLE Loss Of Load Expectation

MAM March, April, and May

MC Monte Carlo

MCS Monte Carlo Simulation

MLE Maximum Likelihood Estimation

ND-RES Non-Dispatchable Renewable Energy Source
NMAE Normalized Maximum Absolute Error
NRMSE Normalized Root Mean Square Error

NTC Net Transfer Capacity
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