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Abstract

Renewable energy plays a crucial role in mitigating climate change by significantly reducing carbon

emissions in the energy sector. Over the past decades, many regions have transitioned toward renew-

able energy, increasing the share of renewables in global power generation and driving electrification in

modern energy systems. To understand, analyze, and optimize these evolving energy systems, energy

systems modeling is essential, as it can provide insights and guidelines for policy decisions. However, the

reliability of energy systems modeling is often challenged by the uncertainties, particularly concerning

weather variability, future electricity demand, and extreme weather events. These uncertainties in in-

put data pose significant challenges for energy systems modeling and can greatly impact the robustness

of system designs. Therefore, this dissertation aims to improve the accuracy and reliability of energy

systems modeling by addressing these uncertainties.

One of these uncertainties is the spatial resolution of meteorological input data. This is particularly

critical for wind speed, which is highly sensitive to spatial resolution due to its strong local variability

influenced by topography. Therefore, this dissertation focuses first on improving the spatial resolution

of wind speed data, which is a core input data in energy systems modeling. By applying a machine

learning–based statistical downscaling technique, coarse-resolution reanalysis data are downscaled into

high-resolution, hourly wind speed time series. The improved data increases the accuracy of renewable

energy generation modeling, enables local-scale energy system analysis, improves the assessment of

extreme weather events at regional scales, and builds the foundation for more accurate and detailed

energy system models.

The main climate change induced uncertainty on the demand side is considered next. Electricity de-

mand is highly sensitive to temperature variations and is influenced by socio-economic factors such as

the electrification of demand sectors and energy efficiency improvements in buildings. The evolving pat-

terns of these factors introduce significant uncertainty in accurate demand projections. To better capture

the dynamic nature of electricity demand under different climate scenarios and policy implementations,

this dissertation investigates future demand trends using Temperature Response Functions (TRFs), which

characterize the nonlinear relationship between temperature and electricity demand. Therewith, the role

of the building sector is accounted for through a novel piecewise regression model that considers the

influence of space cooling, passive cooling, electrification, and thermal insulation. This improved ap-

proach enables a more realistic and robust projection of future electricity demand under varying climate

and policy conditions.



The third uncertainty addressed in this dissertation concerns extreme weather events. As the frequency

and intensity of such events increase, it becomes increasingly important to integrate them into energy

systems modeling. By exploring how extreme weather events impact energy system reliability, this dis-

sertation aims to identify the key factors contributing to robust energy system design. To achieve this,

methods for generating synthetic extreme weather years that capture critical extreme weather conditions

are proposed. These synthetic extreme weather years are then used as input data for a sector-coupled

energy system optimization model to investigate their impact on energy systems. This comprehensive

approach significantly improves the current literature. The findings reveal that dispatchable generation

technologies play a crucial role in ensuring system robustness and that short-term extreme events signif-

icantly influence the required dispatchable generation capacities.

The novelty of this dissertation lies in its methodological contributions to addressing these three major

uncertainties in energy systems modeling. For high-resolution wind speed data, this dissertation presents

a novel machine learning–based statistical downscaling approach. In contrast to commonly used meth-

ods such as computationally intensive dynamic downscaling or distribution-based methods, the proposed

method enables efficient, high-resolution wind speed downscaling over large geographical areas while

requiring minimal computational resources. For electricity demand projection, this dissertation expands

the application of TRFs, which are commonly used in the literature but rarely explored at large geo-

graphical scales. More importantly, while most studies assume that TRFs remain static over time, this

work is the first to investigate the dynamic characteristics of TRFs under various socioeconomic factors.

Finally, for robust energy system design, this study focuses on generating a comprehensive volume of

synthetic weather years specifically tailored for extreme residual load events, a topic rarely discussed in

the literature. By examining the close relationship between dispatchable generation, short-term extreme

events, and system robustness, this dissertation provides guidance for energy modelers on selecting or

synthesizing weather years for optimization and simulation models.

Together, these three contributions enhance the reliability of energy systems modeling by reducing un-

certainties in meteorological input data, improving demand projection, and evaluating system robustness

against extreme weather events. This work provides valuable insights into how climate variability and

extreme weather shape future energy systems, offering a foundation for more robust energy planning and

policy development.



Zusammenfassung

Erneuerbare Energien spielen eine wesentliche Rolle bei der Bekämpfung des Klimawandels, da sie das

Potenzial haben, die Kohlendioxid Emissionen im Energiesektor deutlich zu reduzieren. Mit dem stei-

genden Anteil erneuerbarer Energien und der zunehmenden Elektrifizierung werden Energieangebot und

nachfrage jedoch stärker von Wetterbedingungen abhängig. Wetterabhängige erneuerbare Energiequel-

len wie Wind und Solar unterliegen natürlichen Schwankungen, was Unsicherheiten im Energiesystem

mit sich bringt. Gleichzeitig wird auch die Energienachfrage vom Klima beeinflusst, da Temperaturver-

änderungen den Bedarf an Heizung und Kühlung verändern. Da extreme Wetterereignisse infolge des

Klimawandels häufiger werden, ist das Verständnis des Einflusses klimatischer Variabilität auf sowohl

die erneuerbare Stromerzeugung als auch die Stromnachfrage entscheidend für die Analyse von Ener-

giesystemen.

Um diese Einschränkungen zu überwinden und die Lücke zwischen Wetterdaten und Energiesystem-

analyse zu schließen, konzentriert sich diese Dissertation auf zwei wesentliche Eingangsdaten für En-

ergiesystemmodelle: Windgeschwindigkeit und Stromnachfrage, und untersucht deren Einfluss auf die

Systemresilienz. Die Dissertation bringt methodische Beiträge zur Bewältigung großer Unsicherheiten

in der Energiesystemmodellierung. Sie führt einen neuen maschinellen Lernansatz für hochauflösen-

des Windgeschwindigkeits-Downscaling ein und erweitert die Anwendung von TRFs zur Projektion der

Stromnachfrage auf große geografische Skalen. Zudem werden erstmals die dynamischen Eigenschaften

von TRFs unter sozioökonomischen Faktoren untersucht. Schließlich konzentriert sich die Studie auf die

Erstellung synthetischer Wetterjahre für extreme Residual-Last-Ereignisse und bietet Energiemodellie-

rern eine Orientierung zur Auswahl oder Synthese von Wetterjahren für die Optimierung und Simulation

robuster Systeme.

Gemeinsam verbessern diese drei Beiträge die Zuverlässigkeit der Energiesystemmodellierung, indem

sie Unsicherheiten in den Eingangsdaten verringern, die Nachfrageprojektion verbessern und die Robust-

heit des Systems gegenüber extremen Wetterereignissen bewerten. Diese Arbeit bietet wertvolle Einbli-

cke, wie klimatische Variabilität und extreme Wetterereignisse zukünftige Energiesysteme gestalten und

bietet eine Grundlage für eine robustere Energieplanung und -politik.





Preface

This dissertation presents a collection of publications that contribute to addressing three key uncertainties

in energy systems modeling: weather variability, future electricity demand, and extreme weather events.

The publications included are as follows:

• Hu, Wenxuan, Yvonne Scholz, Madhura Yeligeti, Lueder von Bremen, and Ying Deng. "Down-

scaling ERA5 wind speed data: A machine learning approach considering topographic in-

fluences.". Environmental Research Letters (impact factor: 5.8) 18, no. 9 (2023): 094007.

This publication addresses the uncertainty associated with the spatial resolution of wind speed

data. As of June 10, 2025, it has been cited 18 times according to Google Scholar. The publica-

tion is open access, and the corresponding topographic data, preprocessing maps, and downscaled

wind speed time series for the year 2018 are publicly available on Zenodo (DOI: 10.5281/zen-

odo.8100208). The main contributions of each author are detailed below:

• Wenxuan Hu: Collection and preprocessing of reanalysis and station observation data, devel-

opment of the machine learning methodology, results analysis and visualization, and writing

of the original manuscript draft.

• Yvonne Scholz: Supervision, funding acquisition, manuscript review and editing, and active

involvement in methodology development.

• Madhura Yeligeti: Manuscript review and editing, as well as contributions to methodological

discussions and development.

• Lueder von Bremen: Manuscript review and editing, and participation in methodological

discussions.

• Ying Deng: Manuscript review and editing, and involvement in methodological discussions.

• Hu, Wenxuan, Yvonne Scholz, Madhura Yeligeti, Ying Deng, and Patrick Jochem. "Future elec-

tricity demand for Europe: Unraveling the dynamics of the Temperature Response Func-

tion." Applied Energy (impact factor: 11.0), 368 (2024): 123387.

This publication addresses the uncertainty in the dynamic characteristics of electricity demand

under evolving climate conditions and policy intervention scenarios. As of June 10, 2025, it has

been cited 4 times according to Google Scholar. The projected electricity demand time series for



European countries from 2023 to 2100 are available on Zenodo (DOI: 10.5281/zenodo.10678016).

Four supplementary materials are available on the publication page of Applied Energy. The main

contributions of each author are outlined below:

• Wenxuan Hu: Collecting electricity demand, temperature, and policy interventions data, de-

veloping the methodology for projecting future electricity demand, presenting and visualiz-

ing the results, and writing the manuscript.

• Yvonne Scholz: Supervision, funding acquisition, manuscript review and editing, providing

climate scenario data, active participation in methodology development.

• Madhura Yeligeti: Manuscript review and editing, active participation in methodology de-

velopment and discussion.

• Ying Deng: Manuscript review and editing, methodological discussion.

• Patrick Jochem: Manuscript review and editing, methodological discussion.

• Hu, Wenxuan, Yvonne Scholz, Madhura Yeligeti, Eugenio Salvador Arellano Ruiz, and Patrick

Jochem. "Robustness of cost-optimal energy system designs: The role of short-term extreme

weather events and dispatchable generation." 2025. Submitted to Solar Energy (impact factor:

6.6).

This paper addresses the uncertainty of extreme weather events in energy systems modeling. The

paper has been submitted to Solar Energy and is currently under review. The raw data and the

generated synthetic weather years are available on Zenodo (DOI: 10.5281/zenodo.14983895). The

main contributions of each author are as follows:

• Wenxuan Hu: Collecting residual load time series data, developing the methodology for gen-

erating synthetic weather years, implementing the data into an energy system optimization

model, analyzing and presenting the results, and writing the manuscript.

• Yvonne Scholz: Supervision, funding acquisition, manuscript review and editing, providing

renewable generation data, active participation in methodology development.

• Madhura Yeligeti: Manuscript review and editing, active participation in methodology devel-

opment and discussion, supporting application of the Energy System Optimization Model.

• Eugenio Salvador Arellano Ruiz: Manuscript review and editing, supporting application of

the Energy System Optimization Model.

• Patrick Jochem: Manuscript review and editing, active participation in methodology devel-

opment and discussion.

In addition to the three main publications, I have also contributed as a co-author to the following papers

during my PhD:



• Yeligeti, Madhura, Wenxuan Hu, Yvonne Scholz, Ronald Stegen, and Kai von Krbek. "Crop-

land and rooftops: the global undertapped potential for solar photovoltaics." Environmental

Research Letters (impact factor: 5.8). 18, no. 5 (2023): 054027.

This publication estimates the geographic potential of agrivoltaic and rooftop photovoltaic sys-

tems. As of June 10, 2025, it has been cited 16 times according to Google Scholar. My contribu-

tions include calculating and estimating the rooftop photovoltaic potential, actively engaging in the

analysis of agrivoltaic potential, drafting the original rooftop photovoltaic sections, and reviewing

and editing the manuscript.

• Deng Ying, Karl-Kiên Cao, Wenxuan Hu, Ronald Stegen, Kai von Krbek, Rafael Soria, Pedro Rua

Rodriguez Rochedo, and Patrick Jochem. "Harmonized and open energy dataset for modeling

a highly renewable Brazilian power system." Scientific Data (impact factor: 5.8) 10, no. 1

(2023): 103.

This publication provides an open energy dataset for the Brazilian power system. As of June 10,

2025, it has been cited 9 times according to Google Scholar. My contributions include active

engagement in data collecting and preprocessing discussions, manuscript review and editing.

• Deng, Ying, Karl-Kiên Cao, Manuel Wetzel, Wenxuan Hu, and Patrick Jochem. "Carbon-neutral

power system enabled e-kerosene production in Brazil in 2050." Scientific Reports (impact

factor: 3.8) 13, no. 1 (2023): 21348.

This publication provides an open-source energy system model framework to analyze and optimize

the integration of e-kerosene production into Brazil’s energy system. As of June 10, 2025, it has

been cited 7 times according to Google Scholar. My contributions include active engagement in

methodological discussions and development, manuscript review, and editing.

• Arellano Ruiz, Eugenio Salvador, Niklas Wulff, Benjamin Fuchs, and Wenxuan Hu. "autumn:

A Python library for dynamic modelling of captured CO2 cost potential curves." Journal of

Open Source Software 6, no. 64 (2021): 3203.

This publication provides a Python library for modeling CO2 cost potential curves. As of June 10,

2025, it has been cited once according to Google Scholar. My contributions included providing a

test dataset for the Python library, as well as manuscript review and editing.

• Heinrichs, Heidi, Russell McKenna, Jann M. Weinand, Sebastian Kebrich, Juan Camilo Gómez

Trillos, Maxmilian Hoffmann, Tsamara Tsani, Ruihong Chen, Shuying Chen, Wenxuan Hu, Jo-

hannes Schmidt, Carolin Ulbrich, Vladyslav Mikhnych, and Jochen Linßen. "High-resolution

large-scale resource assessments for solar photovoltaics: A review of potential definitions,

methodologies and future research needs." 2025. Submitted in Renewable Energy (impact fac-

tor: 9.0).



This paper provides a systematic literature review on estimating solar photovoltaic potential. My

contributions included conducting and writing the original draft of the literature review focusing

on the geographic potential of rooftop photovoltaics, as well as manuscript review and editing.
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1. Introduction

The transition to renewable energy sources is a key aspect of global efforts to mitigate climate change

and reduce dependency on fossil fuels. Over the past decades, the share of renewable energy in electricity

generation has increased significantly, driven by technological advancements, policy incentives, and the

urgent need to decarbonize the energy sector (Gielen et al., 2019; Thellufsen and Lund, 2016). However,

the increasing integration of intermittent renewable energy (IRE) sources, such as wind and solar energy,

introduces significant challenges to the stability and reliability of energy systems. Unlike conventional

power plants, IRE sources are inherently dependent on weather conditions, leading to fluctuations in

power generation that must be balanced through storage, flexible demand, and dispatchable capacity.

To investigate the impacts of renewable energy variability and the strategies required to ensure system

robustness, Energy System Models (ESMs), especially Energy System Optimization Models (ESOMs)

are widely used to understand, analyze, and optimize modern energy systems.

ESOMs are mathematical models developed to represent the complex interactions between energy de-

mand, energy supply, conversion technologies, transmission networks, and other relevant factors (Brown

et al., 2017; Sinha and Chandel, 2015). Through the application of mathematical algorithms, optimiza-

tion techniques, and simulation methods, ESOMs can capture the factors influencing energy supply and

demand dynamics. These models play an important role for policymakers, energy planners, and stake-

holders, providing a range of insights and analyses of energy systems. A fundamental component of

ESOMs is the input data, which includes meteorological data and energy demand profiles. Accurately

capturing the variability and minimizing the uncertainties of these input data is essential for producing

realistic and robust simulations. Furthermore, understanding the collaborative impact of input data on

energy systems, such as extreme conditions characterized by fluctuations in meteorological data input

and demand, is crucial for addressing the challenges of climate change.

Meteorological data is one of the most essential inputs for ESOMs, as it determines renewable generation

availability, which is especially critical for planning and operation in modern energy systems with high

penetration of renewable energy (Liao et al., 2017; van der Most et al., 2022; Hassan et al., 2021). It

includes wind speed for wind power generation modeling, solar irradiation, such as Global Horizontal

Irradiance (GHI) and Direct Normal Irradiance (DNI) for solar PV modeling, as well as inflow data

for run-of-river and reservoir hydro power modeling. These data are crucial for deriving important

parameters, including installable capacities and generation potentials for ESOMs (Scholz, 2012; Stetter,

2014). The most frequently used meteorological dataset is reanalysis data (Staffell and Pfenninger, 2016;
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Ritter et al., 2015). Reanalysis datasets, such as ERA5, MERRA2, and COSMO REA6, are frequently

used in ESOMs due to their spatial and temporal consistency (Staffell and Pfenninger, 2016; Ritter et al.,

2015; Hersbach et al., 2020). However, the coarse spatial resolution of these datasets limits their ability to

capture small-scale meteorological effects (Jourdier, 2020) and brings significant uncertainties in energy

systems modeling. Over the years, in-depth studies of local effects and the development of local storage

models have drawn more and more attention in the energy systems modeling community, which cannot

be achieved through the use of coarse-resolution reanalysis data. To overcome this limitation, high-

resolution meteorological datasets are required to better capture local effects and improve the accuracy

of renewable energy simulations.

In addition to the meteorological data, electricity demand data is another critical input for ESOMs, par-

ticularly as electrification continues to expand globally. Electricity demand has a significant impact on

climate change, primarily due to the substantial greenhouse gas emissions from electricity generated to

meet the demand (Qin et al., 2020). However, the relationship between electricity demand and climate

change is reciprocal, as shifts in climate also impact the need for heating and cooling. Many countries

have implemented policies to adapt and mitigate this impact. For instance, Europe introduced the Energy

Performance of Buildings Directive (EPBD) in 2002, which was later revised as Directive 2010/31/EU

(Parliament and the Council of the European Union, 2010), aimed at enhancing energy efficiency within

the European Union’s building sector. Such regulations and actions play a critical role in influencing elec-

tricity demand, offering a promising pathway to avoid a vicious cycle and protect the population from

discomforting conditions. Given the increasing challenges posed by climate change, a comprehensive

analysis of how policy interventions shape future electricity demand is necessary. A better understanding

of these interactions can enhance long-term energy system planning, improve electricity system manage-

ment, optimize grid infrastructure, assess the impacts of extreme weather events, and inform the design

of effective climate adaptation strategies.

The influence of weather conditions on energy system resilience is also an area of active research. Cli-

mate variability introduces uncertainties in energy supply and demand, making the design of robust en-

ergy systems increasingly important (Brown et al., 2017). To capture these uncertainties and understand

their impacts on ESOMs, multiple years of meteorological data are often used to represent average sys-

tem performance. However, this approach significantly increases model complexity and computational

demands (Janjai and Deeyai, 2009; Yilmaz et al., 2019; Knight et al., 1991). Although representative

weather years are sometimes used to simplify the process, they may fail to account for extreme weather

conditions that are essential for understanding the resilience of energy systems. As such, representative

weather years must include extreme events to ensure that energy systems can operate reliably under fu-

ture climate scenarios. The development of such synthetic extreme weather years is a key strategy for

integrating extreme weather conditions into energy system planning, ensuring the resilience of infras-

tructure investments and operational strategies under challenging climate conditions.
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To overcome these limitations and bridge the gap between weather data and energy system analysis,

this dissertation focuses on two essential input datasets for ESOMs, wind speed and electricity demand,

and examines the impact of weather conditions on energy system robustness. Figure 1.1 provides an

overview of the three main research directions discussed in this dissertation.

Figure 1.1.: Overview of main input data and the influence of weather on these data in energy systems modeling,
along with the three key research focuses of this dissertation 1.

The dissertation is structured as follows. In Chapter 2, a comprehensive literature review is conducted.

The chapter begins by discussing reanalysis data and various downscaling techniques for meteorological

data, presenting state-of-the-art methods used to improve the spatial resolution of weather data for energy

systems modeling. It then explores electricity demand, including the definition and construction of the

TRF, and examines the key factors that influence its shape, providing a broad overview of electricity

demand modeling approaches in energy system analysis. Furthermore, the chapter introduces state-of-

the-art methods for generating synthetic weather data and investigates extreme weather events, with a

focus on residual load. This offers insight into the current application of synthetic weather years in

1The overview only focuses on weather influences on renewable generation and demand time series. Other weather-related
effects, such as impacts on geothermal power plant efficiency, grid performance, battery storage efficiency, and so on, are not
presented in this overview.
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energy system studies. Finally, this chapter concludes by identifying research gaps and summarizing the

limitations of existing studies, thereby addressing the contribution of this dissertation.

Chapter 3 presents the data and methodology to address the three key uncertainties discussed in this

dissertation. To improve the spatial resolution of reanalysis wind speed data, a statistical downscaling

method is proposed. This approach improves the spatial resolution of wind speed time series data from

approximately 31 km × 31 km to 1 km × 1 km. By incorporating topographic features, the method

provides robust and computationally efficient results with minimal input requirements. Meanwhile, this

chapter investigates the dynamic nature of TRF by identifying and analyzing four key factors influenc-

ing residential electricity demand: thermal insulation, heating electrification, space cooling, and passive

cooling. A piecewise regression model is employed to evaluate their collaborative impact on the future

shape of TRFs, offering a more realistic projection of electricity demand. Finally, this chapter explores

the role of extreme weather events in energy system analysis. Several methods for generating synthetic

extreme weather years are developed to capture critical residual load conditions. These synthetic years

enable the identification of a representative weather year that ensures system robustness across all his-

torical weather conditions.

Chapter 4 presents the results and discussion of the proposed methodology. This chapter begins by pre-

senting and comparing the downscaled wind speed data with both measurement data and other reanalysis

datasets, demonstrating a significant improvement in spatial resolution, particularly in regions with com-

plex terrain. A cross-dataset validation further supports the effectiveness of the proposed downscaling

method. This chapter then presents projections of future TRFs and electricity demand, revealing sub-

stantial changes in electricity demand under different climate and policy intervention scenarios. The

findings present the importance of accounting for uncertainties introduced by assuming static TRFs in

electricity demand modeling. Finally, the influence of various synthetic weather year inputs on energy

systems modeling is examined under two system configuration scenarios. The analysis shows a strong

correlation between system robustness and both dispatchable generation capacity and short-term extreme

residual load events, emphasizing the need to consider these extreme conditions in system design and

planning.

Chapter 5 outlines the limitations of this dissertation, while Chapter 6 concludes with a summary of the

key findings and insights derived from this dissertation. Overall, by addressing these critical uncertain-

ties, this dissertation contributes novel perspectives to the field of energy systems modeling. It introduces

improved methodologies for generating high-resolution renewable energy data, modeling future electric-

ity demand, and designing robust energy systems under extreme weather conditions. The findings of

this dissertation can support policymakers, energy planners, and researchers in optimizing future energy

systems for reliability and sustainability.
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2. Literature Review

2.1. Reanalysis Data and Downscaling Techniques

2.1.1. Reanalysis Dataset

Reanalysis data is one of the most widely used meteorological datasets in energy system models (Staffell

and Pfenninger, 2016; Mathews et al., 2023), particularly for assessing renewable energy resources such

as wind and solar power. Reanalysis data integrates historical weather observations, such as those from

satellite measurements and weather station records, with numerical weather models to produce a con-

tinuous and spatially consistent representation of past atmospheric conditions (Hersbach et al., 2020).

Unlike raw observational data, which may be sparse, inconsistent, or subject to gaps in time due to limi-

tations in measurement coverage or instruments, reanalysis data offers meteorological data in a spatially

and temporally consistent way (Hersbach et al., 2020).

Several global reanalysis datasets are widely used for climate and energy applications. Table 2.1 com-

pares the attributes of the commonly used reanalysis dataset. This table reveals that COSMO-REA2

and COSMO-REA6 offer significantly higher spatial resolutions compared to other reanalysis datasets.

However, these datasets are no longer being updated, and their spatial coverage is restricted to Cen-

tral Europe and Europe. In contrast, up-to-date global reanalysis datasets such as ERA5, MERRA-2, and

NCEP/NCAR provide comprehensive global coverage, but they have relatively coarse spatial resolutions.

Among them, ERA5 offers the highest spatial resolution at approximately 31 km x 31 km. Despite this,

the low spatial resolution of these reanalysis datasets limits their ability to capture small-scale details,

such as local wind patterns. As a result, the spatial resolution of these datasets imposes limitations on

their ability to resolve fine-scale variability, introducing uncertainty into ESMs, especially for local-scale

energy systems (Jourdier, 2020).
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Table 2.1.: Comparison of commonly used reanalysis datasets

Dataset Institution Spatial
Resolution

Temporal
Resolution

Spatial
Coverage

Temporal
Coverage

ERA5 ECMWF1 ∼31 km (0.25°) Hourly Global 1940–present

MERRA-2 NASA2 ∼50 km
(0.5° × 0.625°)

Hourly Global 1980–present

COSMO-REA2 DWD3 ∼2 km (0.018°) Hourly Central
Europe

2007–2019

COSMO-REA6 DWD ∼6 km (0.055°) Hourly Europe 1995–2019

NCEP/NCAR NOAA4 ∼210 km (2.5°) 6-hourly Global 1948–present

To address this uncertainty and improve the spatial resolution of reanalysis data, numerous efforts have

focused on downscaling, the most commonly used technique. Downscaling derives high-resolution cli-

mate and climate change information from global climate models (Pielke Sr and Wilby, 2012), enhancing

the accuracy of renewable energy assessments by providing more detailed meteorological data. It is gen-

erally classified into two main approaches: dynamic downscaling and statistical downscaling.

2.1.2. Dynamic Donwscaling

Dynamic downscaling is a technique used to derive high-resolution climate or weather data from coarser

Global Climate Models (GCMs) or reanalysis datasets. It employs physics-based models, typically Re-

gional Climate Models (RCMs), to simulate the effects of large-scale climate processes at a regional or

local scale (Castro et al., 2005), as illustrated in Figure 2.1. This approach ensures that individual vari-

ables remain physically consistent in both time and space while maintaining internal consistency across

different variables (Giorgi and Gutowski Jr, 2015).

1European Centre for Medium-Range Weather Forecasts (ECMWF)
2National Aeronautics and Space Administration (NASA)
3Deutscher Wetterdienst (DWD), German Weather Service
4National Oceanic and Atmospheric Administration (NOAA)
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Figure 2.1.: Schematic representation of the relationship between Global Climate Models (GCMs) and Regional
Climate Models (RCMs) in dynamic downscaling.

RCMs are high-resolution climate models developed to better capture regional climate dynamics and

local phenomena compared to GCMs. Although RCMs solve the same fundamental physical equations

as GCMs, they operate at a much finer spatial resolution. This allows them to more accurately repre-

sent critical regional features such as topography, mesoscale weather systems, and localized circulation

patterns (Giorgi and Mearns, 1991). The increased resolution makes RCMs particularly effective for

analyzing climate variability and climate change at the regional scale, where GCMs often lack sufficient

granularity. Table 2.2 provides an overview of commonly used RCMs.
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Table 2.2.: Overview of Commonly Used RCMs across studies

RCMs Developer Characteristics

WRF 1 NCAR 2 Widely used for both weather forecasting and
climate modeling worldwide

CanRCM4 CCCma 3 Primiarly used for north America, especially
Canada

ECPC/ECP2 ECPC 4 Primarily used in North America, including
applications in the NARCCAP 5

HadRM3 Hadley Centre Used in the NARCCAP

MM5I Iowa State University Primarily used in North America, including
applications in the NARCCAP

RegCM ICTP 6 Can be applied to any region of the World,
with grid spacing of up to about 3 km

ALADIN International ALADIN Consor-
tium

Widely used in various climate studies across
Europe, Middle East and North Africa

ALARO-0 RMIB 7 and Ghent University Resolution up to 12.5 km to 50 km, based on
the numerical weather prediction model AL-
ADIN

COSMO-CLM Deutscher Wetterdienst (DWD) Mainly used for Europe

REMO-RCM Climate Service Center Ger-
many (GERICS)

Mainly used for Europe

CRCM5 UQAM 8 and ECCC 9 Provide detailed climate projections over
North America

Eta NCEP 10 Widely used over South America

HIRHAM5 Danish Meteorological Institute
(DMI)

Particularly used high-latitude regions such as
Greenland and the Arctic

RCA4 SMHI 11 Mainly used for Europe

1Weather Research and Forecasting Model (WRF)
2National Center for Atmospheric Research (NCAR)
3Canadian Centre for Climate Modelling and Analysis (CCCma)
4Experimental Climate Prediction Center (ECPC)
5North American Regional Climate Change Assessment Program (NARCCAP)
6International Centre for Theoretical Physics (ICTP)
7Royal Meteorological Institute of Belgium (RMIB)
8Université du Québec à Montréal (UQAM)
9Environment and Climate Change Canada (ECCC)

10National Centers for Environmental Prediction (NCEP)
11Swedish Meteorological and Hydrological Institute (SMHI)
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However, RCMs typically require initial and boundary conditions derived from GCMs (Giorgi and Bates,

1989; Dickinson et al., 1989). The most conventional dynamic downscaling method involves directly

using the simulation results obtained from a GCM as the boundary conditions for an RCM, a technique

known as the direct dynamic downscaling method (Giorgi and Bates, 1989; Dickinson et al., 1989).

However, boundary conditions derived from GCMs often contain inherent systematic errors (Hawkins

and Sutton, 2009, 2011). As a result, RCMs running direct dynamic downscaling simulations inherit

these systematic errors (Caldwell et al., 2009; Rojas and Seth, 2003; Wu et al., 2005). Numerous efforts

in dynamic downscaling research have aimed to not only eliminate model biases associated with the

boundary conditions provided by global datasets, but also to offer further insights into the mechanisms

of regional climate response to climate change in specific regions (Adachi and Tomita, 2020). To address

these issues, several methods have been proposed, including Surrogate Climate Change (Schär et al.,

1996), Pseudo Global Warming (Kimura and Kitoh, 2007; Sato et al., 2007), Mean Bias Correction

(Misra and Kanamitsu, 2004; Holland et al., 2010), Mean and Variance Bias Control (Xu and Yang,

2012), Quantile-Quantile Correction (Colette et al., 2012), and Nesting Bias Correction (Rocheta et al.,

2017), among others, to handle dynamic downscaling with modified boundary conditions.

One of the key advantages of dynamic downscaling is that the physical interpretation of the results is

straightforward, as the method is based on fundamental physical principles. These physical principles,

such as the laws of thermodynamics, fluid dynamics, and radiative transfer, form the foundation of the

model’s behavior, making the downscaled results easier to interpret in terms of the underlying climatic

mechanisms (Adachi and Tomita, 2020). However, this process requires solving a vast number of equa-

tions that describe complex physical and chemical interactions, including atmospheric dynamics, cloud

formation, radiation processes, and surface-atmosphere exchanges (Adachi and Tomita, 2020). Due to

the high spatial resolution at which these interactions are simulated, this approach demands significant

computational resources. Additionally, dynamic downscaling relies on high-resolution boundary condi-

tions from GCMs, and the need to effectively adjust and modify these boundary inputs introduces further

complexity to the process.

2.1.3. Statistical Donwscaling

Statistical downscaling derives a statistical or empirical relationship between the variables simulated by

the GCMs or reanalysis data, called predictors, and station-scale hydrologic variables, called predictands

(Bhuvandas et al., 2014). Statistical downscaling includes a variety of methods. Broadly, it can be

categorized into four main approaches in the literature: the Change Factor Method (CFM), Weather

Typing Methods (WTM), Weather Generators, and Regression-Based Methods (Ekström et al., 2015b;

Wilks, 2010; Vrac et al., 2007).
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Change Factors Method

The Change Factor Method (CFM), also known as the Simple Scaling Method, Delta Method, or Pertur-

bation Method, is the simplest statistical downscaling approach. It estimates future or localized climate

conditions by applying change factors, derived from GCMs, to historical observations in the form of

time series or gridded datasets (New et al., 2007). Several techniques exist for deriving these scaling

factors. The most basic approach involves calculating the absolute or relative differences between a

coarse-resolution dataset (e.g., a GCM or reanalysis dataset) and higher-resolution historical observa-

tions. These scaling factors can be applied uniformly across the dataset or refined using distributional

scaling methods, such as Quantile–Quantile Mapping or Quantile-Based Mapping, which adjust the dis-

tribution of values to better match observed variability across quantiles (Vidal and Wade, 2008). CFM

is both computationally efficient and straightforward to implement. However, it often requires careful

consideration of spatial and temporal variability, as well as adjustments to account for complex climatic

and topographic influences. Relying on a single change factor may be insufficient to accurately represent

these variations, particularly in highly variable regions (Wilks, 2010).

Weather Typing Method

The Weather Typing Method (WTM), also known as the Weather Classification Method, categorizes

atmospheric conditions into distinct weather types and establishes statistical relationships between large-

scale atmospheric variables and local-scale meteorological parameters. WTM is based on the assumption

that similar large-scale weather patterns lead to comparable local-scale effects. The process typically in-

volves three steps: first, large-scale atmospheric circulation patterns are classified into different weather

types using variables such as geopotential height and sea-level pressure. Next, statistical relationships

are established between these weather types and local meteorological conditions (e.g., wind speed at a

specific location). Finally, these relationships are applied to estimate local-scale conditions by associ-

ating projected large-scale circulation patterns with their corresponding weather types (Bermúdez et al.,

2020).

Several methods exist for classifying weather types. One of the most well-known methods is the Lamb

Weather Type (LWT) classification for the British Isles (Lamb, 1950), a manual selection method that

categorizes atmospheric circulation into predefined types. In addition to manual classification, modern

techniques such as hierarchical descending clustering (Zorita et al., 1995; Schnur and Lettenmaier, 1998),

K-means clustering (Zhao et al., 2024b,a; Zhong et al., 2025), Self-Organizing Maps (SOMs) (Diday and

Vrac, 2005; Huang and Chang, 2021; Wang and Sun, 2022), and Hidden Markov Models (HMMs) (Vrac

et al., 2007; Jiang et al., 2023) are widely used for automated weather classification. One of the key

advantages of WTM is its ability to capture the physical consistency between large-scale atmospheric

circulation and local-scale meteorological conditions. However, accurately classifying weather types

and establishing their statistical relationships requires careful selection of classification techniques and
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predictor variables (Van Uytven et al., 2020). Misclassification or oversimplification of atmospheric

patterns can lead to errors in the downscaled results.

Weather Generators

Weather generators are parametric stochastic models that explicitly incorporate randomness to simulate

synthetic weather time series. These models are designed to replicate the statistical properties of histor-

ical weather observations (Wilks and Wilby, 1999). The selection of an appropriate weather generator

depends on the target variable and the intended application. For instance, Markov Chain-based models

are commonly used for simulating precipitation occurrence (Chen et al., 2012, 2014; Kemsley et al.,

2024), while probability distribution models (e.g., Gamma, Weibull) are frequently applied to simulate

wind speed (Wais, 2017) and temperature variability (Chen et al., 2012, 2014). The statistical parameters

of the selected model are derived from historical data, ensuring that the generated synthetic series main-

tain key statistical characteristics, including mean, variance, persistence, and seasonal patterns. These

estimated parameters are then used to generate synthetic weather sequences for the specified location or

time period.

Weather generators offer the advantage of producing high-resolution synthetic weather time series that

retain the statistical properties of observed data. This capability makes them valuable tools for extending

short observational records, filling in missing data, and generating localized weather sequences from

large-scale datasets. Additionally, the stochastic nature of weather generators enables the creation of

multiple realizations of potential weather scenarios, which is particularly useful for assessing uncertainty

in local-scale conditions (Jones et al., 2010; Semenov, 2008; Wilks, 2002). However, it is important

to note that while these models preserve statistical characteristics, they do not simulate the physical

processes of the atmosphere. Consequently, the generated time series remains synthetic and may deviate

significantly from actual weather patterns (Wilks, 2010).

Regression-Based Methods

Regression-Based Methods rely on statistical relationships between large-scale predictors and local-scale

predictands. By analyzing historical observations, regression models learn these relationships and apply

them to downscale coarse-resolution datasets, enabling more detailed site-specific climate assessments

and improving the spatial resolution of meteorological data (Wilks, 2010). Various Machine Learning

(ML) techniques have been widely employed to establish these empirical relationships. These methods

include Multiple Linear Regression (MLR) (Schoof and Pryor, 2001), Support Vector Machines (SVM)

(Chen et al., 2010; Pour et al., 2018; Sulaiman et al., 2022), Random Forests (Davy et al., 2010; Legasa

et al., 2022; Tang et al., 2021), Artificial Neural Networks (ANN) (Laddimath and Patil, 2019; Hos-

seini Baghanam et al., 2022, 2024), and Deep Learning models (Dujardin and Lehning, 2022; Höhlein

et al., 2020; Yang et al., 2022). These data-driven techniques enhance the accuracy and flexibility of
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regression-based downscaling by capturing complex, nonlinear relationships between large-scale and

local-scale variables.

One key advantage of regression-based methods, particularly for wind speed downscaling, is their flex-

ibility in incorporating terrain-related variables as additional predictors. Unlike methods such as WTM

or Weather Generators, which may oversimplify or fail to account for local terrain impacts, regression

models can be tailored to reflect the influence of terrain on wind dynamics more accurately. This adapt-

ability leads to a more precise representation of local wind conditions, ensuring that terrain effects are

appropriately captured.

For example, Curry et al. (2012) investigated the statistical correlations between climate forecast vari-

ables and reanalysis data to derive monthly Weibull distribution parameters. These Weibull distributions

are often used to describe wind speed data and can offer a simplified but effective approach to understand-

ing wind patterns on a regional scale. Similarly, Kirchmeier et al. (2014) and Gonzalez-Aparicio et al.

(2017) used a vector generalized linear model to predict a daily-varying probability density function of

local wind speeds conditioned on large-scale daily wind speed predictors. Other significant contributions

in this area include works by Davy et al. (2010), Oh et al. (2022), and Alizadeh et al. (2019). By focusing

on downscaling probability distribution parameters of wind speed using regression-based methods, these

studies are valuable in quantifying local wind speed ranges and estimating energy output, but they are

limited in generating high-resolution time series data, which are essential for accurate energy systems

modeling and optimization. In energy systems modeling, continuous, temporally resolved data are often

required, and such time series cannot be derived solely from probability distribution functions.

Meanwhile, several studies have aimed to use regression-based methods to generate high-resolution time

series data, rather than focusing on probability distribution parameters. For instance, Monahan (2012)

used multiple linear regression to downscale monthly wind speed time series at buoy locations. Jung

et al. (2022) employed a least squares boosting approach to downscale the monthly extreme wind speed

values for North America and Europe. Winstral et al. (2017) developed an optimization scheme for

downscaling wind speed time series in Switzerland, incorporating local terrain structure. These studies,

along with others such as Tang and Bassill (2018), Goubanova et al. (2011), and van der Kamp et al.

(2012), explicitly focus on generating high spatial resolution time series data, rather than just probability

distribution parameters. However, many of these approaches have been limited to site-specific correc-

tions or aimed at generating daily or monthly wind speed time series, which restricts their spatial and

temporal applicability when used in energy system models.

To summarize, Figure 2.2 provides an overview of the various dynamic and statistical downscaling meth-

ods introduced in this dissertation.
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Figure 2.2.: Overview of the various dynamic and statistical downscaling methods.
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2.1.4. Wind Atlas Platforms

In recent years, the emergence of wind atlas platforms has significantly enhanced the acquisition of

high spatial resolution wind speed data. Alongside various national and regional wind atlases in Europe

(Badger et al., 2019), two prominent and widely recognized atlases, namely Global Wind Atlas (Techni-

cal University of Denmark , 2023) and the New European Wind Atlas (Dörenkämper et al., 2020), have

gained recognition for their ability to provide high spatial resolution and open-access estimations of wind

characteristics at specific locations.

These wind atlases are based on numerical mesoscale model simulations, a method commonly referred

to as the numerical wind atlas approach. This two-step process involves both mesoscale and microscale

modeling, as shown in Figure 2.3, which requires considerable computational power at each stage. Both

the Global Wind Atlas and the New European Wind Atlas employ this approach. For instance, the latest

version of the Global Wind Atlas uses the ERA5 reanalysis dataset as input. The first step involves apply-

ing the WRF model to capture additional flow phenomena, typically at the kilometer to tens-of-kilometer

scale, that are not included in the reanalysis data. The second step involves microscale downscaling using

the Wind Atlas Analysis and Application Program (WAsP) model, which focuses on local topographic

effects to further refine wind resource estimations at higher spatial resolutions (Davis et al., 2023).

Figure 2.3.: Schematic of the workflow used in the Numerical Wind Atlas Method.

However, it is worth noting that while these wind atlases offer high-resolution maps of the wind climate,

such as long-term averaged wind speed and variability, they do not provide wind speed time series data
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as shown in Figure 2.4. To address this limitation, researchers have explored the use of wind atlases

to bias-adjust reanalysis data. One common approach involves scaling the reanalysis time series data to

align with the long-term averaged wind speed provided by the wind atlas (Murcia et al., 2022; Gruber and

Schmidt, 2019; Gruber et al., 2019). However, this method has a notable drawback: the resulting time

series tends to be excessively smooth when compared to point measurements. As a consequence, it fails

to accurately capture the significant fluctuations in wind speed commonly observed in measurements.

Figure 2.4.: Interface of the Global Wind Atlas platform, which provides only long-term average wind speeds
rather than time series data.

2.2. Electricity Demand and Temperature Response Function (TRF)

Accurate electricity demand modeling is crucial in energy system analysis, as it enables reliable capacity

planning, grid stability assessments, and the integration of renewable energy sources by assessing de-

mand patterns under various scenarios. Overall, electricity demand can be influenced by various factors.

These factors can be broadly categorized into climatic, socio-economic, and calendrical variables.

- Climatic variables: climatic variables have been found to impact electricity demand through their

effects on heating and cooling needs. These include variables such as temperature (Hor et al.,

2005), sunshine duration (Hor et al., 2005; Fan et al., 2019), humidity (Apadula et al., 2012),

precipitation (Hou et al., 2021), and wind speed (Apadula et al., 2012).

- Socio-economic factors: socio-economic factors are known to affect electricity demand by influ-

encing consumption patterns. These factors include Gross Domestic Product (GDP) (Fotis et al.,

2017; Szustak et al., 2022), population (Hirsh and Koomey, 2015; Günay, 2016), personal in-

come (Jamil and Ahmad, 2011), electricity prices (Dai and Zhao, 2020), tourism (Toktarova et al.,

2019), electrification on heating (Connolly, 2017), space cooling (International Energy Agency,

2018; UNEP DTU Partnership, 2021), electric vehicles (Jochem et al., 2021; Crozier et al., 2020;
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Brouwer et al., 2013), the increasing demand for green hydrogen production (Zainal et al., 2024;

Bouckaert et al., 2021) and so on.

- Calendrical data: calendrical data can also influence electricity demand patterns. These in-

clude variables such as weekdays (Palacios-Garcia et al., 2018; Mattsson et al., 2021), weekends

(Palacios-Garcia et al., 2018; Mattsson et al., 2021), and holidays (Trull et al., 2021)

However, the interactions between demand and these various interrelated factors are complex and am-

biguous (Hekkenberg et al., 2009a), making it challenging to investigate their impacts in a comprehensive

way. As a result, researchers often focus their studies on specific factors or a limited number of factors

to gain a more general understanding of their effects on electricity demand.

2.2.1. Temperature Response Function (TRF)

Among the various factors, temperature is one of the most important factors (Apadula et al., 2012; Yildiz

et al., 2017; Henley and Peirson, 1997; Li and Sailor, 1995). To assess the impact of temperature on

electricity demand, a commonly used method is the employment of Temperature Response Functions

(TRFs). TRFs, also known as Temperature Dependence Patterns (TDPs), characterize the nonlinear

relationship between temperature and electricity demand. TRFs are often portrayed in three forms across

various studies. As illustrated in Figure 2.5, these curves commonly appear in a V-shaped (Sailor and

Muñoz, 1997; Amato et al., 2005), or a U-shaped (Ruth and Lin, 2006; Hiruta et al., 2022) pattern, or in

a V-shaped pattern with an intermediate comfort zone.

(a) V-shape (b) U-shape (c) V-shape with comfort zone

Figure 2.5.: Typical pattern of Temperature Response Function (TRF).

All these curves exhibit a consistent trend. In a V-shaped curve, high electricity demand for heating

purposes during the cold winter time is shown, followed by a decrease in demand as temperatures rise.

Eventually, at a certain temperature, the demand begins to rise again, due to the increased use of cooling

appliances during the hot summer months. This inflection temperature is commonly referred to as the

Balance Point Temperature (BPT), which is widely used in determining Heating Degree Days (HDD)

and Cooling Degree Days (CDD) (Woods and Fuller, 2014; Krese et al., 2018). In comparison, the
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V-shaped pattern with an intermediate comfort zone represents a temperature range where electricity

demand exhibits no sensitivity to temperature fluctuations.

The use of TRFs stands out in exploring the long-term effects of temperature on electricity demand

(Fazeli et al., 2016; Miller et al., 2008; Auffhammer and Aroonruengsawat, 2011), particularly when

compared to "grey-box" models like Machine Learning and ANN, which are usually inadequate for cap-

turing the underlying correlation between different variables and electricity demand. Moreover, unlike

TRFs, "grey-box" models are largely limited when applied to future scenarios, due to their difficulty

in accurately extrapolating when faced with scenarios that differ significantly from the training data.

This constraint makes them more suitable for short-term demand forecasting (Hou et al., 2021; Günay,

2016; Mukherjee and Nateghi, 2017) rather than exploring the long-term implications of temperature on

demand.

2.2.2. Methods for Generating TRFs

Previous studies have proposed various methods to determine TRFs. Typically, this involves the ap-

plication of non-linear regression analysis. For example, Li et al. (2019) applied a spline function to

represent the daily temperature and electricity consumption TRFs in Shanghai, China. Ihara et al. (2008)

employed multiple regression to analyze the temperature and electric power consumption relationships

in business districts of Tokyo, Japan. Wang and Bielicki (2018) used a segmented regression technique

to determine the hourly temperature and electricity load TRFs for two transmission zones in the United

States. Meanwhile, Moral-Carcedo and Vicéns-Otero (2005) used a logistic smooth transition regression

to determine the daily temperature and electricity demand TRFs for Spain. Wang and Bielicki (2018)

compared the use of multiple linear regression, adaptive linear filter algorithms, and Gaussian mixture

model regression for temperature and hourly electricity consumption TRFs for two specific buildings in

Chicago and Des Moines, United States. Hiruta et al. (2022) employed multivariate adaptive regression

splines to determine the temperature and electricity demand TRFs at different temporal scales for 10 re-

gions in Japan. Other related studies include Hor et al. (2005), Hashimoto et al. (2019), Moral-Carcedo

and Pérez-García (2015), Brown et al. (2016), and Alberini et al. (2019).

These studies, which focused on particular geographical regions, and in some cases, individual buildings,

can provide valuable insights into the correlation between temperature and electricity demand within spe-

cific climate zones. However, such regional foci may limit the generalizability of their findings to broader

regions. This limitation arises due to the potential variation in the temperature-electricity demand rela-

tionship across various climate zones, given the substantial differences in TRFs across different countries

(Bessec and Fouquau, 2008).

Due to the limitations of regional studies, some researchers have conducted more comprehensive inves-

tigations in a broader geospatial extent. For example, Bessec and Fouquau (2008) employed a panel
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threshold regression model to investigate the nonlinear relationship between temperature and electric-

ity demand for 15 European Union member states. By disaggregating southern and northern countries,

they discovered that this nonlinear pattern varies substantially across different countries. This study im-

plies the need for a more expansive investigation to better understand the influence of temperature on

electricity demand. However, it did not develop a sophisticated model for long-term electricity demand

projections. More recent studies, such as Castillo et al. (2022), applied integrated assessment mod-

els incorporating empirical data on typical daily and hourly demand patterns across different sectors to

calculate future demand projections. Although they took different sectors, socio-economic and techno-

logical development into consideration, this study lacks an in-depth analysis of temperature influences.

More importantly, the use of 18 ◦C as the BPT for HDD and CDD calculation for all countries until the

year 2100 is biased due to varying TRFs across different countries (Bessec and Fouquau, 2008), which

can potentially lead to inaccurate estimations (Hiruta et al., 2022).

Given these aspects, it becomes evident that the lack of a comprehensive investigation of TRFs on a

wider geographical scale stands as a notable limitation in current research. Furthermore, a critical draw-

back lies in the underlying assumption that the TRFs are static. Studies employing current temperature

influence models or TRFs to project electricity demand often assume stationary models and fixed TRFs

across different time horizons and climate zones. This oversight disregards substantial disparities be-

tween countries and the impact of evolving policy interventions. The assumption of static TRFs may

increase the risk of inaccurate estimations, posing a considerable challenge for policymakers to adapt

future electricity planning. While studies such as those conducted by Hekkenberg et al. (2009a,b) have

aimed to tackle this static nature, their efforts were restricted to a singular case study. They fell short

of providing a quantitative analysis of how various socio-economic factors influence the TRFs. Conse-

quently, these studies fail to capture the intricate complexities inherent in real-world scenarios.

2.2.3. Key Drivers of TRF in Residential Buildings

To comprehend the dynamics of TRFs, it is essential to examine the various factors shaping their form.

TRFs depict the correlation between temperature and demand, reflecting a direct influence of temperature

on demand levels. It is important to note that while temperature directly influences demand, it does not

change the fundamental shape of the TRFs. Instead, the shape of the TRFs is primarily shaped by socio-

economic variables (Hekkenberg et al., 2009b). However, the specific socio-economic factors shaping

the TRFs and their influences are rarely discussed in existing literature. This section aims to address this

gap by conducting an in-depth investigation into the factors influencing electricity demand in residential

buildings with a focus on heating and cooling. By analyzing these factors, this section aims to enhance

the understanding of the dynamic nature of TRFs and, therefore, construct future demand time series.
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According to the European Commission, buildings within the EU account for 40% of the total energy

consumption, representing the highest share of final energy consumption in the EU (European Commi-

sion, 2018). This indicates the essential role of the building sector in understanding country-specific

electricity demand. In residential buildings, electricity consumption serves multiple purposes, including

the operation of heating and cooling systems, as well as appliances like refrigerators, freezers, lighting,

electric vehicles, and so on (Nishimwe and Reiter, 2021; Economidou et al., 2011; Jochem et al., 2021).

While certain electric devices may exhibit sensitivity to weather conditions (Hart and De Dear, 2004), it

is noteworthy that the most weather-dependent usages are typically associated with heating and cooling

systems.

This section primarily focuses on residential buildings due to the complexity of the non-residential sector,

which constitutes a relatively small percentage of the overall buildings, and its less temperature-sensitive

characteristics. In Europe, residential buildings constitute a significant 75% of the overall building stock,

with the remaining 25% comprising non-residential buildings. Compared to residential buildings, non-

residential buildings are more complex and heterogeneous. This sector’s complexity arises from varia-

tions in usage patterns, their energy consumption levels, and the construction methods employed. The

impact of residential buildings on electricity demand can be observed in the following key aspects.

Space Cooling

Space cooling is the fastest-growing end use of energy in buildings (International Energy Agency, 2018).

In Europe, the adoption of cooling appliances, particularly air conditioning (AC), has steadily increased

in recent years, driven by rising summer temperatures and more frequent heatwaves (Pezzutto et al.,

2016; Füssel et al., 2012). According to the estimation of the International Energy Agency (IEA), the

usage of AC is anticipated to increase in the next three decades, emerging as a key driver of global elec-

tricity demand (International Energy Agency, 2018). This growing dependence on cooling appliances

is expected to significantly increase electricity consumption in buildings, potentially leading to higher

peak loads and increasing the risk of power outages (International Energy Agency, 2018; UNEP DTU

Partnership, 2021; European Environment Agency, 2021). Given this trend, it is crucial to integrate the

rising demand for space cooling into future electricity demand projections.

Passive Cooling

Passive cooling is another important factor influencing cooling demand. The European Environment

Agency (EEA) stresses the significance of passive cooling as a key solution for sustainable cooling

(European Environment Agency, 2022). Passive cooling is a building design approach that works either

by removing heat from the building to a natural heat sink or by preventing heat from entering the living

space from external heat sources to improve indoor thermal comfort with low or no energy consumption

(Song et al., 2021; Samuel et al., 2013). In general, passive cooling can be classified into three categories:
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solar and heat control, heat exchange reduction, and heat removal (Song et al., 2021). An overview of

various passive cooling technologies is provided in the Appendix A.1.

The integration of passive cooling offers multiple benefits, including reducing and shifting peak loads,

stabilizing indoor temperatures, and maintaining thermal comfort, ultimately lowering the overall cool-

ing demand (Song et al., 2021). A practical example is observed in low-cost housing in southern Spain,

where the appropriate use of natural ventilation at night resulted in an average indoor temperature re-

duction of 5°C (Escandón et al., 2019). According to Song et al. (2021), the application of passive

cooling techniques is estimated to reduce energy consumption by a range of 8% to 70%, depending on

the specific technique employed. Therefore, integrating passive cooling measures is essential for future

buildings to mitigate the impact of heatwaves and decrease the potential peak load associated with space

cooling.

Meanwhile, it is also worth mentioning that the impact of passive cooling on heating demand is scarcely

addressed in the existing literature. In a specific case study (Alhuwayil et al., 2023), buildings with

passive solar shading were found to slightly increase heating demand. However, it is important to note

that the passive cooling measure assessed in the study specifically involved an overhang adjustment.

Specifically, the overhang angle can be tailored and optimized to ensure sufficient sunshine during the

winter months. Additionally, passive cooling includes a variety of other measures, such as night ventila-

tion, which, if not activated during winter, does not impact heating demand. Therefore, this dissertation

assumes that, in general, passive cooling measures have no significant impact on heating demand.

Electrification of the Heating Sector

Electrification plays an important role in achieving net-zero goals, offering significant potential for re-

ducing emissions and decarbonizing energy supply chains (International Energy Agency, ndb). Within

the heating sector, electrification can be implemented by, for example, heat pumps (Hedegaard et al.,

2012; Waite and Modi, 2014). Heat pumps driven by low-emission electricity play a central role in

the global shift toward secure and sustainable heating. While heat pumps met around 10% of global

space heating needs in 2021, the rate of installation is rapidly accelerating (International Energy Agency,

2022). In the EU, heat pump sales increased by 33.8% in 2021 over the previous year, making the EU

the fastest-growing market globally for this technology (International Energy Agency, 2022). However,

the rise in the electricity share for heating also implies an increase in electricity demand. It has been

shown that if electric heating is employed to electrify the heat demand in EU28 countries, it would more

than double the annual electricity demand (Connolly, 2017). Although heat pumps can serve cooling

purposes, their use in this context categorizes them as cooling appliances and is already considered in

space cooling.
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Thermal Insulation

The significance of thermal insulation has long been recognized as crucial in shaping the future en-

ergy consumption in buildings and achieving objectives related to greenhouse gas emissions reduction

(European Commision, 2018). Thermal insulation systems and materials are designed to curtail the

transmission of heat flow. By enhancing the insulation properties of building envelopes through the use

of advanced materials, overall energy efficiency and the sustainability of buildings can be significantly

elevated (Asdrubali et al., 2015). To evaluate the thermal insulation performance of building materials,

thermal transmittance, commonly referred to as U-Value, is frequently used (Asdrubali et al., 2015).

The U-value measures the rate at which heat is transferred through a building element, such as walls,

windows, or roofs. A lower U-value indicates better insulation properties, meaning less heat loss occurs

through the material. A consistent reduction in this value over the year has occurred (Lechtenböhmer

and Schüring, 2011), indicating an ongoing improvement in the thermal performance of buildings.

On the European scale, there are regional disparities in the thermal insulation standards of buildings.

Northern and Western European countries, with a longstanding tradition of implementing thermal insu-

lation requirements since the 1970s (Economidou et al., 2011), demonstrate relatively high thermal insu-

lation in their building stock (Economidou et al., 2011; Enerdata, nd). In contrast, in southern countries

such as Spain and Portugal, where winters are milder, the building inventory is dominated by buildings

with little thermal envelope insulation (Economidou et al., 2011; Enerdata, nd). For instance, in Spain,

an estimated 90.4% of existing dwellings lack thermal efficiency due to a lack of thermal envelope re-

quirements or a lightweight building code compared to the Technical Building Code in force (Palma

et al., 2023). However, recent years have witnessed a positive trend in Portugal, with a 50% reduc-

tion in U-values (Economidou et al., 2011), attributed to the implementation of European regulations in

the building sector. Key regulations, such as the Energy Performance of Buildings Directive (EPBD)

(Directive 2018/844/EU) (Parliament and the Council of the European Union, 2010), require Member

States to establish minimum requirements for the energy performance of both newly constructed build-

ings and existing structures undergoing major renovations. Complemented by other regulations like the

Energy Efficiency Directive (EED) (Directive 2018/2002/EU) (Parliament and the Council of the Euro-

pean Union, 2012), these directives explicitly focus on enhancing the thermal insulation of buildings.

According to the IEA, the global average space heating intensity has decreased by 10% over the past

decades, attributed to more widespread and stringent building regulations and higher retrofit rates (Inter-

national Energy Agency, nda). Consequently, future analyses of electricity demand should consider the

impact of the thermal insulation of the buildings

While improving thermal insulation can reduce the electric heating demand, its effect on cooling demand

is intricate. On the one hand, there is a potential for increased cooling demand as improved insulation

may lead to a higher probability of overheating due to the greater retention of heat within the building
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(Jakubcionis and Carlsson, 2017). On the other hand, proper use of ventilation, particularly during

nighttime, could counterbalance the potential negative effects of enhanced insulation (Jakubcionis and

Carlsson, 2017). Furthermore, a relevant case study comparing buildings with insulation to those without

was conducted, revealing that the cooling demands for highly insulated buildings and the base case are

similar (Alhuwayil et al., 2023). Therefore, it can be concluded that thermal insulation is unlikely to

significantly impact cooling demand.

In conclusion, based on the comprehensive literature review conducted in this section, the impact of the

four key residential building drivers on electricity demand can be summarized as follows:

- Space Cooling: Affects only the cooling demand, with no impact on heating demand.

- Passive Cooling: Primarily influences the cooling demand, with a negligible impact on heating

demand.

- Electrification of the heating sector: Affects only the heating demand, without influencing cool-

ing demand.

- Thermal insulation: Primarily influences the heating demand. The impact on cooling demand

is contradictory and lacks sufficient research in the reviewed literature; therefore, it is assumed to

have no influence on cooling demand.

2.3. Synthetic Weather Data Generation and Extreme Weather Events

As stated in the previous chapters, the implementation of ESMs requires weather data as input. For

example, hourly meteorological data on regional granularity, covering at least all four seasons of a year,

is commonly applied. However, each year presents unique conditions. To accurately calculate the long-

term average performance of the system, it is important to have a sufficient dataset covering multiple

years and a suitable method for selecting the relevant patterns. Given the interannual variability and

high granularity of meteorological data, such as wind and solar data, many studies incorporate data from

several years to capture this variability and ensure robust system performance across different conditions.

This approach, however, makes the modeling process cumbersome, time-consuming, and significantly

increases model complexity (Janjai and Deeyai, 2009; Yilmaz et al., 2019; Knight et al., 1991).

As a result, many researchers have started using an average weather year to simplify the representation

of climate conditions. An average weather year is typically constructed by aggregating meteorological

data, such as temperature, precipitation, solar radiation, and others, from multiple years, and calculating

the mean for each corresponding time period (e.g., monthly or daily values). This approach offers a

"typical" representation of weather by smoothing out the extremes and fluctuations that naturally occur

in any given year. However, relying solely on an average weather year can be problematic, as weather
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conditions are inherently variable. By averaging over multiple years, the result may present a "normal"

year that fails to capture the full spectrum of variability that could occur in reality.

To address this issue, a Representative Weather Year (RWY) is often used. An RWY is selected as a single

historical year that most accurately reflects the long-term statistical distribution of weather variables.

While it offers a more realistic representation than an average weather year, a key limitation of the RWY

is its reliance on just one year. Even if this year is the most statistically representative, it may still contain

anomalies or biases that do not fully capture the broader climate conditions. Another drawback of the

RWY is its inability to account for the full range of variability observed across different years. For

example, if a particular year experienced an early winter or an unusually prolonged dry season, the RWY

would incorporate these patterns, even though they may not reflect typical seasonal trends.

To address these limitations, Synthetic Weather Years (SWYs) have become a widely adopted solution.

An SWY is an artificially generated weather dataset designed to capture specific climate characteristics

for a given location and application. SWYs serve a range of purposes, such as enabling the generation of

weather data for regions with limited or no detailed meteorological or energy-related records. They also

enable the simulation of environmentally driven systems in areas where historical data may be lacking.

From an energy systems modeling perspective, using a single SWY can yield results comparable to those

obtained from long-term datasets, while significantly reducing the computational effort needed to assess

long-term system performance (Knight et al., 1991).

Due to their flexibility, synthetic weather years are used not only in energy system analysis but also in

various other fields. In addition to large-scale energy systems modeling, SWYs are applied in building

energy and performance simulations (Chan et al., 2006; Wu et al., 2023), statistical downscaling using

weather generators (Chen et al., 2012, 2014), assessments of building-integrated photovoltaic (PV) sys-

tems (Huang and Ou, 2011), and agricultural studies examining crop yields and related processes (Qian

et al., 2011; Kuchar, 2004; Alodah and Seidou, 2019). The creation of synthetic weather years typi-

cally involves methods for constructing synthetic weather sequences, including both deterministic and

stochastic approaches.

2.3.1. Deterministic Approach

The deterministic approach constructs a synthetic weather sequence by directly selecting or modifying

historical weather data to create a representative dataset. In the context of weather years, one of the

most well-known synthetic weather years produced using this method is the Typical Meteorological

Year (TMY). A TMY is a compilation of weather data that, based on specific criteria, is considered

representative of typical or average conditions (Clarke, 2007). The first attempt to generate a TMY was

carried out by Hall et al. (1978a), resulting in the widely adopted Sandia method, named after Sandia

National Laboratories. This method involves selecting 12 Typical Meteorological Months (TMM) from
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historical data to create a TMY by comparing the long-term cumulative distribution function (CDF)

with the individual months using Finkelstein–Schafer (FS) statistics. The month with the smallest CDF

differences is chosen as the TMM. This process is repeated for all 12 months, after which the typical

months are assembled to form the TMY, as depicted in Figure 2.6.

Figure 2.6.: Flowchart illustrating the process of generating a TMY using the Sandia Method.

The Sandia method evaluates nine weather indices, including dry bulb and dew point temperatures, wind

speeds, and solar radiation. By assigning weighting factors to each weather index, the TMY computation

accounts for the monthly mean, median, and persistence of weather patterns, ensuring that the final

dataset accurately represents average climatic conditions. Lund (1991) established three fundamental

requirements for TMYs, which have since become widely accepted in the literature. These criteria

(Lund, 1991; Hall et al., 1978b) are as follows:

- True Frequencies: The mean values of the weather data should closely align with the long-term

averages derived from actual measurements, ensuring that the distributions reflect long-term cli-

mate conditions.
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- True Sequences: The duration and sequence of meteorological episodes should accurately reflect

the prevailing long-term climate. In other words, the temporal order of weather events should

resemble those typically observed over extended periods.

- True Correlations The relationships between different meteorological parameters should be pre-

cisely represented, with cross-correlations matching those observed in actual meteorological data.

To enhance the TMY method, several refinements have been introduced over the years, particularly

regarding adjustments to the weighting factors of weather indices to better suit specific applications.

For instance, Huang and Ou (2011) increased the weighting factor for total horizontal solar radiation to

develop a Typical Solar Radiation Year for assessing Building Integrated Photovoltaic (BIPV) systems.

Other studies have applied the Sandia method to different regions and meteorological parameters, such

as Jiang (2010), who generated TMYs for eight cities in China, and Rahman and Dewsbury (2007), who

applied it to Subang, Malaysia. In response to the need for more efficient TMY generation, software

tools have been developed, such as the one created by Petrakis et al. (1996) using Delphi 6.0.

Beyond the Sandia method, alternative approaches have also been explored. For example, Festa and

Ratto (1993) applied more comprehensive statistical indicators to estimate deviations of short-term CDFs

from long-term CDFs, using three standardized magnitudes. Gazela and Mathioulakis (2001) introduced

a system-oriented method, emphasizing the monthly solar gains over multiple years of operation for a

solar hot water system, along with average solar gains. Additionally, Song et al. (2007) proposed a

method that uses normalized monthly mean values, calculated by subtracting the mean and dividing by

the standard deviation, to select the typical month with the least variability over a specified period.

The deterministic approach for generating SWYs is simple to implement and computationally efficient,

as it relies on directly selecting or modifying historical weather data to create a representative SWY.

Meanwhile, it is also reliable, as it uses real historical data, ensuring that the SWYs accurately reflect

actual conditions. Therefore, it is the most widely used method in energy systems modeling.

2.3.2. Stochastic Approach

In addition to deterministic methods, stochastic approaches are also employed for generating synthetic

time series. While deterministic methods offer simplicity and ease of implementation, they often fall

short in capturing the high variability inherent in real-world conditions (Goffart et al., 2017). Stochas-

tic approaches, on the other hand, provide a more flexible framework by incorporating randomness and

probability, allowing for the generation of multiple plausible weather sequences (Rastogi, 2016). Various

stochastic modeling techniques are used to create synthetic weather datasets, which can generally be cat-

egorized into four main categories: Traditional Statistical Methods, Sampling-Based Methods, Machine

Learning Methods, and Probabilistic Methods.
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Traditional Statistical Methods

Traditional statistical methods are among the most commonly used stochastic approaches for generating

synthetic weather sequences. These methods rely on predefined assumptions about the distribution and

temporal structure of the data, with models designed to capture the statistical properties of the time se-

ries. Popular models in this category include Autoregressive (AR) models and Markov Chains. More

advanced techniques, such as Autoregressive Integrated Moving Average (ARIMA) and Vector Autore-

gressive (VAR) models, extend or combine these foundational approaches to improve model accuracy

and flexibility.

For instance, an AR model assumes that the current value of a time series depends linearly on its past val-

ues, plus a random error term (Knight et al., 1991; Amato et al., 1986). Rastogi (2016) used this approach

to generate synthetic time series for variables like dry bulb temperature, global horizontal irradiation, and

relative humidity for building energy simulations. This process involved fitting a Fourier series to the

original data, modeling residuals with an AR model to generate a synthetic time series. Similarly, Farah

et al. (2018) decomposed dry bulb temperature and global horizontal solar radiation into deterministic

and stochastic components using the Fourier transformation. The stochastic components were modeled

with 1-lag and 2-lag AR models. Other noteworthy studies of using AR models include those by Rastogi

and Andersen (2015), Magnano et al. (2008), Ge et al. (2019), and Klöckl and Papaefthymiou (2010).

In comparison, Markov Chains model the probability of transitions between different weather states,

offering an effective way to capture the stochastic components of weather data. For example, Pesch et al.

(2015) applied Markov Chains to model the stochastic components of wind power time series, providing

a more accurate representation of wind variability. Other studies using this method include those by

Nfaoui et al. (2004) and Papaefthymiou and Klockl (2008). Advanced models, such as ARIMA, combine

AR features with differencing and moving averages to address non-stationary time series data and are

widely used in synthetic weather sequence generation (Kennedy and Rogers, 2003; Hill et al., 2011; Ge

et al., 2019). Additionally, Vector Autoregressive (VAR) models (Ekström et al., 2015a; Morales et al.,

2010; Le et al., 2015) and Wavelet Transform Models (Mohammadi et al., 2023; Gao et al., 2021; Lin

et al., 2022) have also been employed for generating synthetic weather sequences.

Sampling-Based Methods

In addition to traditional statistical approaches, sampling-based methods provide robust options for gen-

erating synthetic weather data while maintaining the statistical characteristics of historical datasets. For

example, Grantham et al. (2018) employed nonparametric bootstrapping techniques to generate synthetic

global horizontal irradiation data that accurately reflect the distributions and variability of real-world

weather data. Similarly, Saraiva et al. (2021) combined bootstrapping with ANN and SVM to forecast

daily streamflow in reservoirs. In addition, Monte Carlo methods, which rely on probability distribu-
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tions to randomly generate new time series based on historical trends, are also widely used. A typical

approach combines Monte Carlo with Markov chains. For instance, Al-Duais and Al-Sharpi (2023) used

this combination for both short-term and long-term wind power forecasting. Similarly, Castrogiovanni

et al. (2025) applied this approach to estimate atmospheric input and output fluxes of CO2 from ice core

data. The Iman-Conover method, another sampling-based technique, was employed by Goffart et al.

(2017) to generate synthetic time series for a single season, including variables such as temperature,

humidity, solar irradiation, wind speed, and wind direction.

Machine Learning Methods

Machine Learning method learns the mapping between input and output spaces using training data and

is another widely used stochastic method to generate synthetic weather data. For instance, Crone and

Kourentzes (2010) used ANN to predict time series based on the ESTSP’08 competition dataset. One of

the most widely used neural network models in this regard is Generative Adversarial Networks (GANs),

which are particularly effective in synthetic time series generation due to their ability to capture complex

temporal dependencies and generate highly realistic sequences through adversarial training (Jeon et al.,

2022). Studies such as (Jeon et al., 2022; Li et al., 2022; Gatta et al., 2022) have widely explored

the application of GANs for generating synthetic time series. Additionally, Variational Autoencoders

(VAEs) have also been widely used in various studies (Desai et al., 2021; Li et al., 2023a; Jin et al.,

2022), offering advantages such as structured latent spaces, the ability to model uncertainty, and stable

training processes (Desai et al., 2021).

Probabilistic methods

Probabilistic methods are used in synthetic time series generation because they explicitly account for

uncertainty and probabilistic relationships within the data. One of the most common probabilistic ap-

proaches is Bayesian Networks, which are graphical models that capture the probabilistic dependencies

between variables in a time series. Studies such as those by Van der Heijden et al. (2014), Xiao et al.

(2017), and Nodelman et al. (2012) have employed Bayesian Networks to predict time series across var-

ious applications. Other widely used probabilistic methods include Gaussian Mixture Models (GMM)

(Eirola and Lendasse, 2013; Wu et al., 2021; An et al., 2022) and Gaussian Process Regression (GPR)

(Aigrain and Foreman-Mackey, 2023; Jin and Xu, 2024; Ghasemi et al., 2021).

While stochastic approaches provide a flexible framework by incorporating randomness and probability,

they are primarily applied to short-term synthetic weather data generation, such as forecasting hourly or

daily sequences. This is because these methods often assume stationarity in statistical properties, which

aligns with the relatively stable characteristics observed over short periods. However, when generating

synthetic weather data over longer periods, such as entire years in the application of energy systems

modeling, these methods are not typically designed to adequately capture long-term climatic patterns.
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To summarize, Figure 2.7 provides an overview of various synthetic weather data generation methods

introduced in this chapter.

Figure 2.7.: Overview of the various synthetic weather data generation methods.

2.3.3. Extreme Weather Events

Extreme weather events refer to instances when weather and climate conditions significantly deviate

from their average state, representing low-probability occurrences that are statistically unlikely (Li et al.,

2023b). These events can severely disrupt energy systems, potentially leading to partial or total black-

outs due to disruptions in energy supply (Gonçalves et al., 2024). They have profound effects on critical

infrastructure and are recognized as one of the primary causes of large-scale electrical disturbances glob-

ally (Gonçalves et al., 2024). A range of extreme weather events can impact the energy system. Table 2.3
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provides an overview of the main extreme weather events, their effects on energy systems, and relevant

global case studies.

Table 2.3.: Extreme Weather Events and Their Impacts on Energy Systems

Event Definition Impacts on Energy Systems Examples

Heatwaves Prolonged period

of excessive heat

(Zuo et al., 2015)

Increased cooling demand,

reduced transmission line

capacity, risks to cooling

supplies (e.g., nuclear), damage

to substations (Hawker et al.,

2024; Añel et al., 2017)

2003 European heatwave

(Black et al., 2004), 2006

European heatwave

(Fouillet et al., 2008),

2023 North China

heatwave (Qian et al.,

2024)

Cold Spells

(Cold

Waves)

Extended periods

of extremely low

temperatures

(Rajeevan et al.,

2023)

Increased heating demand and

the freezing of critical

infrastructure (e.g., pipelines)

(Hawker et al., 2024)

2008 Southern China

cold spell (Xie et al.,

2013), 2012 European

cold spell (Planchon

et al., 2015), 2022 Northe

America cold spell (Yao

et al., 2023)

High winds Extremely high

average wind

speeds and gusts

(e.g., hurricanes

and tornadoes)

(Zhong et al.,

2008)

Damage to transmission and

distribution networks, wind

turbine shutdowns, and the

destruction of infrastructure

(Hawker et al., 2024)

2005 Hurricane Katrina

across the Gulf of Mexico

(Reed et al., 2010) 2017

Hurricane Harvey in the

Southern United States

(Frame et al., 2020)

Flooding An overflow of

water onto

normally dry land.

(National Weather

Service, nd)

Flooding of critical

infrastructure (Hawker et al.,

2024)

2021 Western Europe

floods (Tradowsky et al.,

2023), 2024 United Arab

Emirates floods (Hussein

et al., 2025)
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Table 2.3 – continued from previous page

Event Definition Impacts on Energy Systems Examples

Droughts Prolonged dry

period in the

natural climate

cycle (World

Meteorological

Organization, nd).

Reduced hydroelectric

generation and the impact on

thermal power plants that rely

on water supplies for cooling

(Hawker et al., 2024)

2019 and 2020 Brazilian

drought (Marengo et al.,

2021), 2022 European

drought (Bevacqua et al.,

2024)

Wildfires Uncontrolled fire

that burns in the

wildland

vegetation, often in

rural areas

(National

Geographic, nd)

Grid outages caused by

damaged infrastructure (Hawker

et al., 2024) and the impact of

wildfire smoke on solar PV

performance (Gilletly et al.,

2023)

2025 California wildfires

(Seydi, 2025) 2019–2020

australia wildfires (Senf

et al., 2023)

Dunkelflaute

(Energy

Droughts,

Dark

Doldrums)

Prolonged periods

with extremely low

wind and/or solar

availability (Kittel

and Schill, 2024)

Reduced renewable energy

output and increased reliance on

dispatchable backup generation

(Kittel and Schill, 2024; Li

et al., 2021a).

2018 North Sea

Dunkelflaute event (Li

et al., 2021b)

However, it is important to note that investigating all these extreme weather events simultaneously in

energy system models is challenging, as each event affects the system in complex and often overlapping

ways. For example, heatwaves, droughts, and wildfires can occur concurrently or in sequence. There-

fore, this dissertation focuses on residual load, which is typically defined as the total electricity demand

minus the feed-in from IRE (Schill, 2014; Trieb and Thess, 2020; Ruggles and Caldeira, 2022). Unlike

analyzing individual extreme weather events, residual load offers a more systematic way to identify crit-

ical periods without manually defining each event. It captures the effect of all weather-driven variations

in energy demand and renewable supply in a single metric, providing a more integrated and simplified

approach to understanding the system’s response to extreme conditions.
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Synthetic Extreme Weather Years

To address the importance of extreme weather events, it is crucial for ESMs to consider extreme weather

events through the use of SWYs that capture these extreme conditions (i.e., synthetic extreme weather

years), rather than focusing solely on identifying a representative weather year that reflects average con-

ditions. Extensive research has been conducted in this field.

For example, the Design Summer Year (DSY) is defined as a year positioned at the median of the up-

per quartile of historical datasets (Barrett et al., 2002) or as the third hottest summer year (Levermore

and Parkinson, 2006). This method ranks historical years based on the average dry-bulb temperature

during the summer months. A variant of the DSY, the Probabilistic Design Summer Year, selects years

using different metrics instead of average dry-bulb temperature (CIBSE, 2014; Eames, 2016). Another

approach involves adjusting the TMY through polynomial regression to adjust parameters such as dry-

bulb temperature, global horizontal radiation, wet-bulb temperature, and wind speed, thereby generating

a summer reference year (Jentsch et al., 2015; Lau et al., 2017). Other methods include the Extreme

Meteorological Year, which combines months with the highest and lowest hourly average values from

all historical years to form a year with the hottest summer and coldest winter (Ferrari and Lee, 2008;

Crawley et al., 2015). More recent approaches include quantile regression aggregate summer years (Her-

rera et al., 2018), extremely warm and cold years for building hydrothermal simulations (Nik, 2017), and

extremely hot and cold reference years (Pernigotto et al., 2020).

Additionally, some studies focus on selecting representative months or years by characterizing extreme

weather events. For instance, Guo et al. (2019) proposed three different years to characterize heat wave

events, defining heat waves as temperatures exceeding 31.5 °C indoors and 35 °C outdoors. They in-

troduced Typical Hot Years-Intensity, which identifies the year with the highest annual total heat event

intensity based on simulated indoor dry-bulb temperature, emphasizing the intensity of extreme events.

They also defined Typical Hot Years-Nights as the year with the greatest number of hot nights and Typi-

cal Hot Years-Events as the year with the highest combined event intensity and duration, both determined

using simulated indoor dry-bulb temperatures. Similarly, Li et al. (2023b) used thresholds between the

5th to the 95th percentile to consider both the intensity and duration of extreme events, selecting repre-

sentative extreme months based on this ranking.

However, these advanced studies have largely focused on meteorological aspects, particularly tempera-

ture extremes, without addressing the impact of extreme weather on energy systems, where factors such

as residual load play more important roles. Research on residual load provides an estimation of the

dispatchable power capacity required to meet electricity demand, which is particularly important given

the inter-annual variability of solar PV and wind resources in highly renewable energy systems (Ruggles

and Caldeira, 2022). For example, Ohba et al. (2023) explored the correlation between high residual load

events and weather patterns, such as enhanced cold surge-type weather patterns during winter in Japan.



40

Scholz et al. (2023) used rolling averages of residual load anomalies, calculated as residual load minus

its mean, to identify three types of extreme weather events: Dunkelflaute, seasonal electricity shortages,

and long-term electricity shortages. Nitsch et al. (2023) ranked extreme residual load events across his-

torical years by categorizing them into durations of 1 day, 7 days, 14 days, and up to 365 days. Their

analysis identified the winter of 1997 as the extreme period for various durations. Similarly, Höltinger

et al. (2019) investigated positive residual load events in Sweden lasting less than 4 hours, 5–12 hours,

and 13–24 hours, finding that the climatic conditions of 1987, 1996, and 2010 resulted in the highest

number of extreme residual load events among the 29 investigated years. These studies have examined

the characteristics of residual load, such as its frequency, duration, and intensity, establishing the strong

correlation between high residual load events and extreme weather events. However, little effort has been

devoted to generating SWYs specifically designed to capture extreme residual load conditions.

2.4. Summary and Research Gap

Meteorological input data, such as wind speed, are crucial components of ESOMs. Among the available

datasets, ERA5 reanalysis data is widely used due to its global coverage, timely updates, and relatively

high spatial resolution. However, its coarse resolution can introduce substantial uncertainty into energy

systems modeling. To overcome this, downscaling techniques are commonly applied. Compared to dy-

namic downscaling, statistical downscaling offers a more computationally efficient alternative. Within

this category, regression-based methods are particularly well-suited for wind speed downscaling, as they

can account for the influence of local terrain, which is crucial for accurate local-scale wind speed simu-

lations. However, many studies in this direction focus solely on downscaling wind distributions, which is

insufficient for energy systems modeling that typically requires time series data. Other studies that focus

on time series data are often site-specific or limited to coarse temporal resolutions, which restricts their

spatial and temporal capabilities for energy systems modeling.

To address these limitations and reduce the uncertainty in meteorological data for energy systems model-

ing, this dissertation proposes a Machine Learning-based statistical downscaling method. The developed

model enhances the spatial resolution of ERA5 wind speed time series data to approximately 1 km x 1

km by considering the influence of topographic conditions in local wind speed estimates. This approach

offers a robust, computationally efficient solution with simple input requirements, enabling accurate local

wind speed estimation. Researchers only need Digital Elevation Model (DEM) and observation station

data to downscale the ERA5 wind speed data to a high spatial resolution. Furthermore, this dissertation

identifies several key topographic variables and demonstrates their influence on local-scale wind speed.

Finally, the downscaling method is applied to provide publicly available wind speed time series data for

all of Europe at a 1 km x 1 km spatial resolution for the year 2018.
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In addition to meteorological data, electricity demand is another critical component of ESOMs. Among

the many drivers of electricity demand, temperature is one of the most influential. To capture this re-

lationship, the TRF is commonly used. However, the scale and dynamic characteristics of the TRF are

often overlooked in existing studies. Different countries typically exhibit different TRF shapes, and

socio-economic factors also influence these shapes. As a result, projecting electricity demand based

solely on the current TRF shape introduces significant uncertainty in energy systems modeling, as it

neglects the variability in TRF patterns across countries and the evolving influence of socio-economic

factors.

A comprehensive literature review indicates that, while previous studies have explored the impact of

various residential building factors on electricity demand, few have specifically addressed their influence

on TRFs. To date, no research has presented a method to capture the dynamics of TRFs in the context

of future policy changes. To bridge this gap, this dissertation offers a comprehensive analysis of elec-

tricity demand time series across Europe. By employing a piecewise regression model and examining

four key residential building factors, namely space cooling, passive cooling, electrification, and thermal

insulation, the relationship between these factors and TRFs across different countries is explored. By

investigating the dynamic nature of TRFs, this analysis aims to capture shifts in demand patterns under

varying climate scenarios, ultimately providing more realistic projections of future electricity demand.

Lastly, accurately estimating the long-term performance of an energy system poses a significant chal-

lenge due to the complexities of meteorological data input. Inputting multiple weather years into the

model can be cumbersome and time-consuming, while selecting an average or representative year from

historical data can lead to the loss of variability. To address this challenge, SWYs are often used. Com-

pared to the stochastic approach, which is mainly used for short-term weather data generation, the de-

terministic approach is generally employed by energy system modelers to generate years such as the

TMYs. However, the existing literature lacks in-depth studies on generating SWYs that incorporate ex-

treme weather conditions, particularly with respect to residual load. In modern energy systems with high

penetration of IRE sources, neglecting extreme residual load conditions introduces significant uncertainty

in capacity planning, system reliability, storage requirements, and the adequacy of backup generation.

To address this issue, this dissertation proposes several methods for generating synthetic extreme weather

years that capture critical residual load conditions for energy systems. These synthetic years are then used

as inputs for a sector-coupled energy system model to evaluate their impact on system performance. The

ultimate goal is to identify a representative weather year that allows an energy system, designed based

on this year, to accommodate and withstand all investigated historical weather years. By analyzing two

energy system scenarios, exogenous and endogenous renewable capacity expansion, and examining the

key factors that contribute to energy system robustness, this dissertation aims to provide valuable insights

into coping with possible future extreme weather events for energy system modelers.
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3. Data and Methodology

3.1. Statistical Downscaling for High-Resolution Wind Speed Data

3.1.1. Data Description

To develop the Machine Learning Model for the regression-based statistical downscaling method, local-

scale observational data is essential for both the training and validation processes. In addition, large-scale

reanalysis data and topographic metrics are necessary for training the model. This section provides a

comprehensive description of each dataset used in the statistical downscaling method to generate high-

resolution wind speed data.

Local-scale Observation Data

In this dissertation, two observation datasets are used, MeteoSwiss observations for Switzerland and

German Meteorological Service (DWD) observations for Germany. MeteoSwiss observations are used

for training, testing, and cross-dataset validation of the Machine Learning Model, while the DWD obser-

vations representing an independent dataset are exclusively used for cross-dataset validation.

The MeteoSwiss observations are collected from the website of the Federal Office of Meteorology and

Climatology of Switzerland (MeteoSwiss, 2013). This dataset comprises 10-meter hourly wind speed

measurements gathered from weather stations distributed throughout Switzerland. In total, there are

more than 150 measurement stations. However, stations with missing values accounting for over 10% of

the data are excluded. The final dataset contains measurements from 116 weather stations for the years

2017, 2018, and 2019. Of these years, only observations from 2018 are used to develop the Machine

Learning Model, while measurements from 2017 and 2019 are used for cross-dataset validation. The

distribution of the MeteoSwiss weather stations used in this study is presented in Figure 3.1.
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Figure 3.1.: The distribution of 116 MeteoSwiss stations across Switzerland.

The DWD (German Meteorological Service) observations, accessible from the DWD Open Data Server,

also provide 10-meter hourly wind speed observations from over 500 weather stations (DWD Climate

Data Center, 2013). As the focus of this study is on topographic influence, offshore weather stations are

excluded. In addition, stations with missing values exceeding 10% of the data are also excluded. The

final dataset contains measurements from 272 stations in 2018. Figure 3.2. shows the distribution of

these DWD weather stations.

Figure 3.2.: The distribution of 272 DWD stations across Germany.
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Large-scale Reanalysis Data

ERA5 is a widely used reanalysis dataset due to its extensive temporal and spatial coverage (Olauson,

2018; Molina et al., 2021; Jourdier, 2020; Doddy Clarke et al., 2021), as also highlighted in Table 2.1. In

addition, ERA5 provides more than 200 other variables, including topography-related variables, which

have significant impacts on wind speeds. Due to these advantages, ERA5 is chosen as the source dataset

for developing the statistical downscaling model.

ERA5 data is publicly available through the European Centre for Medium-Range Weather Forecasts

(ECMWF). Wind speed and wind direction time series can be derived from the "10-meter U-component

of wind" and "10-meter V-component of wind" available in ERA5. The U-component represents the

zonal wind, with positive values indicating eastward winds and negative values indicating westward

winds, while the V-component represents the meridional wind, with positive values indicating northward

winds and negative values indicating southward winds. Wind speed can be calculated from these two

components, as shown in Figure 3.3 and Equation 3.1.

Figure 3.3.: The U- and V- components of wind speed.

W =
√

u2 + v2 (3.1)

where:
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- W is the wind speed.

- u is the zonal wind component.

- v is the meridional wind component.

In addition to ERA5, COSMO-REA6 (Bollmeyer et al., 2015) is used as a reference dataset for result

comparison. With a higher spatial resolution of approximately 6 km x 6 km, COSMO-REA6 offers

greater detail than ERA5, making it especially useful for cross-dataset validation. COSMO-REA6 is

also publicly accessible via the DWD website, where the 10-meter wind speed data can be directly

downloaded.

As reanalysis data is provided in a gridded format, nearest-neighbor interpolation is applied to obtain the

wind speed time series data for a specific weather location. This method first identifies the closest grid

point based on the latitude and longitude of each weather station, then assigns the time series data from

that grid point to the station. As shown in Figure 3.4, for a given weather station (S), the nearest-neighbor

algorithm calculates the distances from station S to four surrounding grid points (P1 to P4). The grid

point with the shortest distance is selected—in this case, P1. As a result, the wind speed time series for

station S is taken directly from grid point P1.

Figure 3.4.: Using nearest-neighbor interpolation to obtain wind speed time series data for a weather location (S).
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Topographic Metrics

To thoroughly examine the effect of topography on local-scale wind speed, six crucial topographic met-

rics are calculated and analyzed: elevation, slope, aspect, small and large-scale Topographic Position

Index (TPI), and Terrain Diversity Index (TDI). These topographic metrics can all be derived from a

Digital Elevation Model (DEM). DEM is a representation of the Earth’s surface topography in a digital

format, where elevation data is stored as a grid of evenly spaced points. The DEM used in this study is

Global Land One-Kilometer Base Elevation (GLOBE), which has a spatial resolution of 0.0083 degrees

(around 1 km x 1 km) (GLOBE Task Team et al., 1999).

Among these topographic metrics, elevation data can be directly retrieved from DEM as presented in

Figure 3.5.

Figure 3.5.: DEM map in Switzerland that represents the elevation of terrains.

Slope represents the degree of steepness at each cell within a raster surface. Lower slope values indicate

flatter terrain, while higher slope values signify steeper areas, as illustrated in Figure 3.6. It is calculated

by dividing the vertical change in elevation by the horizontal distance (ESRI (Environmental Systems

Research Institute), 2023b), and the slope in degrees can be derived using Equation 3.2. The slope map

for Switzerland is shown in Figure 3.7.
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Figure 3.6.: Slope calculation illustration, showing the relationship between vertical change in elevation (rise) and
horizontal distance (run).

S = tan−1
(

rise
run

)
× 180

π
(3.2)

where:

- S is the slope angle in degrees.

- rise is the vertical change in elevation.

- run =
√

(∆x)2 +(∆y)2 is the horizontal distance over which the elevation change occurs.

- ∆x is the change in the east-west direction; ∆y is the change in the north-south direction.

Figure 3.7.: Slope map in Switzerland that represents the degree of steepness.
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Aspect refers to the orientation of the steepest slope on a terrain surface, indicating the direction the slope

faces. It is measured in degrees clockwise from north, ranging from 0° to 360° (ESRI (Environmental

Systems Research Institute), 2023a). Specifically, 0° (or 360°) corresponds to North, 90° to East, 180°

to South, and 270° to West, as illustrated in Figure 3.8. The aspect calculation is provided in Equation

3.3, and the aspect map for Switzerland is shown in Figure 3.9.

Figure 3.8.: Diagram illustrating the directional orientation of aspect values on a terrain surface.

A = 180+
180
π

tan−1

(
∂ z
∂x
∂ z
∂y

)
(3.3)

where:

- A is the aspect, measured in degrees clockwise from north.

- ∂ z
∂x is the rate of elevation change in the east-west direction.

- ∂ z
∂y is the rate of elevation change in the north-south direction.

- 180
π

converts the angle from radians to degrees.
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Figure 3.9.: Aspect map showing the terrain orientations across Switzerland, with color gradients representing
different directional slopes

Topographic Position Index (TPI), first introduced by Weiss (2001), is a measure used to describe the

relative elevation of a specific location in comparison to its surrounding terrain. It helps identify various

landform features, including ridges, valleys, and flat areas. TPI provides useful information about the

complexities of the terrain and its influence on wind dynamics, making it a useful tool in wind-related

studies (Winstral et al., 2017; Solbakken et al., 2021; Molina et al., 2021). TPI is calculated by sub-

tracting the mean elevation of neighboring points within a defined radius from the elevation of the target

point. Positive TPI values indicate higher elevations relative to the surroundings (e.g., mountain tops and

ridges), negative values indicate lower elevations (e.g., valleys), and values close to zero suggest flat or

gently sloping areas. The formula for calculating TPI is presented in Equation 3.4.

T PI = z0 −
1
n

n

∑
i=1

zi (3.4)

where:

- T PI is the Topographic Position Index.

- z0 is the elevation of the central point.

- zi represents the elevation of surrounding pixels within a specified radius.

- n is the number of neighboring pixels considered.

In this dissertation, two different radii are used for TPI calculation: 5 km and 75 km. This allows

for the capture of both large landscape units and smaller local features. A 5 km radius focuses on

small-scale terrain variations, such as hills, valleys, and ridges, while a 75 km radius captures broader
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landscape features like mountain ranges, large valleys, and plateaus. Relying solely on a small radius

could overemphasize minor variations, whereas using only a large radius might overlook important local

features. By combining both radii, it is possible to better distinguish localized landforms within the

broader terrain context, providing a more comprehensive understanding of the landscape. Figure 3.11

shows the TPI maps for both 5 km and 75 km radii for Switzerland.

(a) TPI calculated with a 75 km radius in Switzerland, representing major landscape
features.

(b) TPI calculated with a 5 km radius in Switzerland, capturing small local features.

Figure 3.10.: TPI maps for Switzerland at two different radii, representing both small-scale and large-scale terrain
features.

In addition to these widely recognized and established topographic metrics, this dissertation introduces

a novel index: Terrain Diversity Index (TDI). This index quantifies the topographic variety of an area



52

by computing the ratio of the range of elevations to the mean elevation, as indicated in Equation 3.5,

thus reflecting the diversity of the terrain. For this study, an 11 km radius window is used for the TDI

calculation. The value of TDI serves as an indicator of the degree of topographic diversity in a given

region. A higher TDI value signifies a greater range of elevations, thereby implying a more intricate to-

pography. Conversely, a lower TDI implies a more uniform landscape. The maps of TDI for Switzerland

are provided in Figure 3.11.

T DI =
zmax − zmin

zmean
(3.5)

where:

- T DI is the Terrain Diversity Index

- zmax is the maximum elevation of an area

- zmin is the minimum elevation of an area

- zmean represents the average elevation of an area

Figure 3.11.: TDI map in Switzerland, illustrating the topographic variety.

3.1.2. Classifying ERA5 Biases Using Topographic Metrics

The proposed statistical downscaling approach involves a regression analysis aimed at establishing the

relationship between ERA5, observed data, and topographic metrics. However, before this process, a

data preprocessing step that classifies the study region into various categories based on the aforemen-

tioned topographic metrics is conducted. This classification step is important as it ensures a thorough

consideration of the terrain impact. Topographic features can significantly influence wind speed, and
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by categorizing the region into distinct topographic groups, the model can capture terrain-specific vari-

ations. This allows the regression analysis to be applied more accurately within homogeneous terrain

types, enhancing model precision and reducing biases that could arise from applying a single regression

process across the whole study area.

When comparing ERA5 with observations, it becomes evident that the biases of ERA5 vary depending

on the site location. More specifically, in mountainous areas or valleys, ERA5 tends to exhibit significant

biases, while in flat regions, the biases are generally small. This observation aligns with the findings of

other studies (Jourdier, 2020; Vanella et al., 2022). To examine the influence of topography on the qual-

ity of ERA5, the method proposed by Winstral et al. (2017) is first applied, in which the TPI was used

to evaluate the performance of COSMO-REA6. Their study revealed that COSMO-REA6 overestimates

wind speeds in areas with low TPI values and underestimates them in areas with high TPI values. How-

ever, the results for ERA5 differ, as it is observed that ERA5 frequently underestimates wind speed, even

in regions with low TPI values. This discrepancy may be attributed to the coarser spatial resolution of

ERA5 compared to COSMO-REA6, as well as the limitations of relying solely on a single topographic

metric such as TPI.

To address this issue, further investigation into the influence of various topographic metrics on the accu-

racy of ERA5 is necessary. Therefore, a preprocessing step is proposed that evaluates the impact of these

topographic factors, enabling more accurate predictions of ERA5’s quality for any given region based

on its specific terrain conditions. This step involves integrating multiple topographic metrics, as outlined

in Section 3.1.1, into a Random Forest Classification Model implemented using the scikit-learn Python

package (Pedregosa et al., 2011). Random Forest is an ensemble learning method that builds multiple

decision trees during training and combines their outputs to improve predictive performance and reduce

overfitting. Each tree is trained on a random subset of the data, and the final prediction is made through

majority voting for classification or averaging for regression. This approach enhances robustness by min-

imizing the influence of individual noisy or biased trees, making it well-suited to capture the underlying

relationships (Breiman, 2001).

To conduct the Random Forest Classification, the training data, including ERA5 quality and topographic

metrics for all available weather stations, is needed. However, due to the limited sample size of Me-

teoSwiss stations, the classification process is performed for both MeteoSwiss and DWD weather sta-

tions. This measurement ensures that the classification is more representative and generalizable, improv-

ing the robustness and accuracy of the classification model. The preprocessing step starts by classifying

weather stations into three classes based on the root mean square error (RMSE) between observations

and ERA5, as detailed in Table 3.1. Class 1 represents stations with good ERA5 quality, characterized

by an RMSE of less than 1.5 m/s. Class 2 indicates moderate ERA5 quality, with an RMSE between
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1.5 m/s and 3 m/s, while Class 3 corresponds to poor ERA5 quality, with an RMSE greater than 3 m/s.

The distribution of stations across these classes is shown in Figure 3.12.

Table 3.1.: The classification scheme employed in the preprocessing step.

Class Number of stations RMSE range

Class 1 276 RMSE ≤ 1.5 m/s

Class 2 88 1.5 m/s < RMSE ≤ 3 m/s

Class 3 24 RMSE > 3 m/s

Figure 3.12.: Distribution of measurement stations classified into three classes based on ERA5 quality. Class 1
(276 stations) represents stations with good ERA5 quality, Class 2 (88 stations) indicates moderate ERA5 quality,
and Class 3 (24 stations) corresponds to stations with poor ERA5 quality.

In addition, topographic metrics, including elevation, slope, aspect, TPI (with 5 km and 75 km radii),

and TDI, are calculated for each station and serve as input features for the classification model. The flow

chart of the whole preprocessing step is presented in Figure 3.13. To assess the model performance, a

data split of 80% training data (310 stations) and 20% testing data (78 stations) is applied.
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Figure 3.13.: Flow Chart illustrating the preprocessing steps.

3.1.3. Regression Analysis of ERA5 and Topographic Influences

After the preprocessing step, a regression analysis is conducted for each class to examine the correlations

between input features and the target variable. In this case, the input features consist of both large-scale

ERA5 data and local-scale topographic metrics. The large-scale ERA5 data are time-dependent and pro-

vided as time series, including ERA5 wind speed, ERA5 wind direction, and Gravity Wave Dissipation

(GWD). On the other hand, the local-scale topographic metrics in this study are time-independent and

provided as constants, including TPI values with 5 km and 75 km radii. The target variable, observed

wind speed, is time-dependent and is also provided as a time series.

Including GWD as an input feature in the analysis serves a specific purpose. GWD represents the cu-

mulative conversion of kinetic energy into thermal energy in the mean flow over the entire atmospheric

column per unit area, resulting from stress effects associated with low-level orographic blocking and oro-

graphic gravity waves (Hersbach et al., 2020). The incorporation of GWD enables the model to account

for the impact of gravity waves, which are generated by topographic features such as unresolved valleys,

hills, and mountains at scales between 5 km and the ERA5 grid (Hersbach et al., 2020). By including

GWD, the model gains additional insights from the gravity waves, providing a better understanding of

the topographical influences on local-scale wind speed.

Before being introduced to the Machine Learning Model, all predictors are normalized to set the features

on a common scale. The regression process is then implemented using the eXtreme Gradient Boosting
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(XGBoost) algorithm, a scalable and optimized tree-boosting framework (Chen and Guestrin, 2016).

XGBoost is a powerful Machine Learning algorithm widely used for supervised learning tasks. It is an

enhanced version of the gradient boosting framework, which builds strong predictive models by combin-

ing multiple weaker models, typically decision trees, in a sequential manner. The objective function of

XGBoost is displayed in Equation 3.6. The key advantage of XGBoost lies in its combination of high

performance and flexibility. It extends traditional gradient boosting by incorporating regularization tech-

niques, specifically L1 and L2, which help mitigate overfitting and enhance the model’s generalization

capabilities (Chen and Guestrin, 2016). Figure 3.14 presents the flow chart of the regression process.

fob j =
n

∑
i=1

ℓ(yi, ŷi)+
K

∑
k=1

Ω( fk) (3.6)

Where:

- fob j is the objective function.

- ℓ(yi, ŷi) represents the loss function, such as the squared error for regression, where yi is the true

label and ŷi is the predicted value for the i-th sample.

- fk represents the k-th tree in the ensemble.

- Ω( fk) is the regularization term,

Figure 3.14.: Flow Chart illustrating the regression process. This process is conducted separately for each Class
identified in the preprocessing step.
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Data for both input features and target variables are collected for all MeteoSwiss stations in 2018. Sim-

ilar to the preprocessing step, all time series data are split into 70% for training and 30% for testing. To

estimate the performance of the regression model, four statistical metrics are used in this dissertation:

RMSE, Pearson Correlation Coefficient (PCC), coefficient of determination (R2 score), and Kolmogorov-

Smirnov D statistic (KSD). These metrics provide a comprehensive evaluation of the model’s perfor-

mance by assessing prediction accuracy, correlation, and distribution matching.

- Root Mean Square Error (RMSE) measures the average magnitude of the prediction errors as

shown in Equation 3.7. A lower RMSE indicates better model accuracy, representing the typical

deviation between predicted and actual values.

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (3.7)

Where:

• yi is the observed value.

• ŷi is the predicted value.

• n is the number of observations.

- Pearson Correlation Coefficient (PCC) quantifies the linear relationship between observed and

predicted values as indicated in Equation 3.8. A value close to 1 means a strong positive correla-

tion, indicating the model captures the trends of the data well.

PCC =
∑

n
i=1(xi − x̄(yi − ȳ√

∑
n
i=1(xi − x̄2 ∑

n
i=1(yi − ȳ2

(3.8)

Where:

• xi and yi are the individual data points of variables X and Y , respectively.

• x̄ is the mean of variable X .

• ȳ is the mean of variable Y .

• n is the number of data points.

- Coefficient of Determination (R2 Score) assesses the proportion of the variance in the target

variable that is explained by the model as displayed in Equation 3.9. A higher R2 indicates better

explanatory power of the model.

R2 = 1− ∑
n
i=1(yi − ŷi)

2

∑
n
i=1(yi − ȳ2 (3.9)

Where:
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• yi is the observed value.

• ŷi is the predicted value.

• ȳ is the mean of the observed values.

- Kolmogorov-Smirnov D Statistic (KSD) evaluates the similarity between the distributions of the

observed and predicted data as displayed in Equation 3.10. A KSD of 0 indicates a perfect match

between the two distributions.

KSD = sup
x
|Fn(x)−F(x)| (3.10)

Where:

• Fn(x) is the empirical cumulative distribution function (ECDF) of the sample.

• F(x) is the cumulative distribution function (CDF) of the reference distribution.

• supx denotes the supremum (maximum) over all values of x.

3.2. Modeling Electricity Demand Under Future Climate and Policy Scenarios

3.2.1. Data Description

To investigate TRFs and project electricity demand under various scenarios, electricity demand and tem-

perature data are essential. This section provides a detailed overview of the historical electricity demand

time series data and country-specific temperature profiles. Additionally, it introduces the space cooling

generation rate data and climate scenarios data used to project future electricity demand.

Electricity Demand Time Series

The electricity demand data used in this section is derived from the "Actual Total Load" data collected

by the European Network of Transmission System Operators for Electricity (ENTSO-E) transparency

platform. The dataset comprises time series for 38 European countries, with data availability ranging

from 2015 to the present day. However, it is worth noting that the available years and temporal resolution

of the time series may vary across different countries.

To better investigate the correlation between temperature and electricity demand, the time series is ag-

gregated into daily units by summing the load values for each day. This measurement is taken to mitigate

the impact of factors such as sunshine duration and working hours, which strongly influence hourly elec-

tricity demand. The daily electricity demand time series for every country in each calendar year are

regarded as individual datasets for examination and analysis. However, if an individual dataset exhibits

missing values exceeding 5% of its entirety, it is excluded from the total dataset. The final dataset con-

tains 36 countries including Austria, Bosnia and Herzegovina, Belgium, Bulgaria, Switzerland, Cyprus,

Czechia, Germany, Denmark, Estonia, Spain, Finland, France, Georgia, Croatia, Hungary, Ireland, Italy,
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Lithuania, Luxembourg, Latvia, Moldova, Montenegro, North Macedonia, Netherlands, Norway, Poland,

Portugal, Romania, Serbia, Sweden, Slovenia, Slovakia, Ukraine, the United Kingdom, and Kosovo. Af-

ter a thorough screening, the final dataset comprises 254 individual datasets. In Figure 3.15, a graphical

representation is provided to illustrate the distribution of countries included in the dataset, along with

the associated temporal coverage of data availability. This figure shows that the majority of study coun-

tries have data available for eight years. However, a lack of data is observed in the Balkan countries,

particularly in Albania, where no data is available.

Figure 3.15.: Availability of electricity demand data (in years) for each study country.

Country-specific Temperature Profiles

The temperature data used in this section are also collected from the European Centre for Medium-

Range Weather Forecasts (ECMWF) ERA5 dataset (Hersbach et al., 2020), as introduced in Section

2.1.1. However, for this section, the "2m temperature" variable is derived and used.

To obtain country-specific temperature profiles, in contrast to many studies that rely on a general inter-

polation of temperature data across the country’s grid cells, a more rigorous approach that accounts for

the influence of population on electricity demand is adopted. Specifically, the 10 most populated cities

in each country is first identified and the temperature data is interpolated to the latitude and longitude of

the corresponding city to obtain a time series. A population-weighted mean of the temperature is then
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calculated to generate a country-specific temperature profile. The population data for each city is derived

from GeoNames, a publicly available geographical database maintained by the Open Geospatial Consor-

tium (Geonames, 2023). The latitudinal and longitudinal information for each city is obtained through

the Bing Maps REST Services Application Programming Interface (API). Finally, similar to the electric-

ity demand data, the hourly temperature time series is resampled into a daily averaged temperature time

series by taking the mean value for each day.

Space Cooling Penetration Rate

To determine the space cooling penetration rate, the Integrated Database of the European Energy System

from the Joint Research Centre (JRC) Data Catalogue (Mantzos et al., 2018) is used. This database com-

prehensively records the installation of AC systems in households across 28 European Union countries

from 2000 to 2015.

The AC penetration rate is used as a proxy for the space cooling penetration rate, given that AC systems

account for approximately 99% of the European market for space cooling technologies (Brown and Do-

manski, 2014). Data from the most recent available year 2015 is designated as the present space cooling

penetration rate, representing the percentage of households equipped with cooling appliances. For the

future space cooling penetration rate, the study by Jakubcionis and Carlsson (2017) is referenced. Their

research estimates the potential for space cooling in the EU residential sector, establishing a correla-

tion between cooling demand and the number of CDD in the United States. The estimation is based on

the assumption that, over the long term, the space cooling demand potential, characterized by specific

cooling demand and space cooling penetration, would be comparable in both American and European

dwellings under similar climatic conditions. The current and projected space cooling penetration rates

are illustrated in Figure 3.16a and Figure 3.16b, respectively.
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(a) Current space cooling penetration rate

(b) Space cooling penetration rate potential

Figure 3.16.: Current and future space cooling penetration rate
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Climate Scenarios

To project electricity demand, climate scenario data is essential. In this dissertation, the climate sce-

nario data is obtained from the Coordinated Downscaling Experiment of the European Domain (EURO-

CORDEX), the European branch of the international CORDEX initiative. This initiative aims to establish

a globally coordinated framework for producing improved regional climate change projections (EURO-

CORDEX, 2023). The specific data used in this section is derived from the datasets of the fifth phase

of the Coupled Model Intercomparison Project (CMIP5) (Taylor et al., 2012). The RCM employed is

the REMO-RCM, developed by the Climate Service Center Germany (GERICS), and downscaled from

the Max Planck Institute Earth System Model at base resolution (MPI-ESM-LR) (Giorgetta et al., 2012)

as also introduced in Section 2.1.2. Specifically, realizations r1 and r2 are used as ensemble members.

These realizations represent different simulations within the same climate model, initialized with slightly

varying initial conditions to account for internal climate variability. By incorporating multiple realiza-

tions, the analysis can better capture uncertainties in future climate projections and improve the reliability

of projected electricity demand time series.

The analysis incorporates different Representative Concentration Pathways (RCPs), which are a set of

greenhouse gas concentration trajectories used to model future climate change (Moss et al., 2010). Dif-

ferent RCP scenarios assume different levels of greenhouse gas emissions over the next century and

result in distinct trajectories of radiative forcing and global warming (Moss et al., 2010). Three RCPs

are used in this dissertation:

- RCP2.6: assumes that global greenhouse gas emissions peak around 2020 and then decline rapidly.

This scenario represents a future with very stringent climate policies aimed at limiting global

warming to below 2 ◦C by 2100.

- RCP4.5: assumes that greenhouse gas emissions will continue to increase until 2040 and then

begin to decline. It is an intermediate scenario that represents a future with moderate climate

policies aimed at limiting global warming to 2 ◦C to 3 ◦C by 2100.

- RCP8.5: assumes that greenhouse gas emissions will continue to increase throughout the 21st

century. It is the highest baseline emissions scenario and is sometimes referred to as the worst-

case scenario.

Similar to the procedure of obtaining temperature information from ERA5, the country-specific temper-

ature profiles for these three scenarios are derived till the year 2100.
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3.2.2. TRF Construction Methods

Decomposition of Electricity Demand Time Series

When examining the correlation between temperature and electricity demand through the scatter plot,

two distinct clusters of data points often emerge. For example, Figure 3.17 presents the scatter plot

depicting this correlation for the year 2022 in Germany, where these two clusters are clearly observable.

This occurrence is primarily attributed to the influence of the day of the week and holidays, both of which

can significantly impact electricity demand. To mitigate these influences, a time series decomposition

technique is applied to decompose the time series into trend, seasonal, and residual components. The

time series decomposition is conducted via the statsmodel Python package. Specifically, an additive

model is applied, as indicated in Equation 3.11.

Figure 3.17.: Scatter plots of daily mean temperature and overall electricity demand.

Yt = Tt +St +Rt (3.11)

Where:

- Yt is the observed value at time t.

- Tt is the trend component, representing the long-term movement or direction in the data.

- St is the seasonal component, which captures the recurring seasonal patterns in the data. In this

analysis, it is set to 7 to capture the weekly pattern.

- Rt is the residual component, reflecting random noise or irregular fluctuations in the data.

The trend component represents the long-term direction or movement in the data. For example, if elec-

tricity demand is generally increasing over time due to social economic parameters, the trend component
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captures this gradual change. By isolating the trend, broader patterns without the interference of short-

term fluctuations can be analyzed. The trend component is usually calculated by applying a smoothing

filter, such as a moving average, to the time series. A moving average helps to smooth out short-term

fluctuations and capture longer-term trends. In this analysis, a window size of 7 is used, specifying a

7-day period to smooth the time series and capture weekly recurring patterns. Equation 3.12 illustrates

the calculation of the trend component from the time series data.

Tt =
1
n

t+k

∑
i=t−k

Yt (3.12)

Where:

- Tt is the trend component.

- n is the window size, in this case, n = 7 for weekly smooth.

- t − k and t + k indicates the window around time t. In this case k = 3.

- Yt is the original time series value at time t.

The seasonal component reflects regular, periodic fluctuations or cycles that happen at fixed intervals,

such as weekly patterns. These fluctuations can capture the fluctuations in the electricity usage, for

example, with higher demand on weekdays and lower demand on weekends. To calculate the seasonal

component for a weekly pattern, the average deviation from the trend for each of the 7 days across the

entire time series is calculated, as shown in Equation 3.13.

St =
1
n

t+k

∑
i=t−k

(Yt −Tt) (3.13)

Where:

- St is the seasonal component.

- n is the window size, in this case n = 7 for weekly smooth.

- t − k and t + k indicates the window around time t. In this case k = 3.

- Yt is the original time series value at time t.

- Tt is the trend component value at time t.

The residual component, also referred to as the "error" or "irregular" component, captures the random and

unpredictable variations in the time series that cannot be explained by the trend or seasonal components.

This can include factors such as holidays, extreme weather events, or sudden economic changes. By
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excluding the residuals, unusual events or irregularities in the data can be identified. It is calculated

as the difference between the original time series, the trend, and the seasonal components, as shown in

Equation 3.14.

Rt = Yt −Tt −St (3.14)

Where:

- Rt is the residual component.

- Yt is the original time series value at time t.

- Tt is the trend component value at time t.

- St is the seasonal component value at time t.

Therefore, by excluding seasonal and residual components from the time series, the trend component,

which represents the overall direction of the time series, can offer a more generalized depiction of the cor-

relation between temperature and electricity demand. An example of the scatter plot between daily mean

temperature and the trend component for the year 2022 in Germany is shown in Figure 3.18. Compared

to Figure 3.17, this plot clearly demonstrates a stronger correlation, which makes it easier to identify

and distinguish temperature influences, resulting in a more reliable and accurate TRF. Statistically, the

coefficient of variation (CV) is reduced from 14.73% to 9.26%, and the absolute value of the PCC is

increased from 0.39 to 0.67, indicating the effectiveness of the decomposition analysis in improving the

accuracy and reliability of derived TRFs.

Figure 3.18.: Scatter plots of daily mean temperature and the trend component of electricity demand.

However, in time series analysis, significant outliers can distort decomposition results. These outliers can

skew the trend component calculation, lead to incorrect identification of seasonal patterns, and therefore
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influence the residual component, which should ideally represent random noise. To mitigate the impact

of rare or anomalous data points on the analysis, the Z-score technique is applied to remove significant

outliers from the dataset. The Z-score is a statistical measure that quantifies how far a data point deviates

from the mean, expressed in terms of standard deviations (Abdi, 2007). This method effectively identifies

unusually high or low values within the context of the overall distribution. Data points with a Z-score far

from 0 may indicate extreme observations. The Z-score is calculated for each data point in the time series,

as shown in Equation 3.15. Outliers are identified as data points with an absolute Z-score exceeding a

threshold, which is set to 3 in this analysis, corresponding to 99.7% of data within 3 standard deviations

for a normal distribution.

Z =
x−µ

σ
(3.15)

where:

- Z is the Z-score for a data point, indicating how many standard deviations the data point is from

the mean.

- x is the data point whose Z-score is being calculated.

- µ is the mean of the dataset, representing the average value of all data points.

- σ is the standard deviation of the dataset, a measure of the spread or variability of the data.

To better demonstrate the different components of electricity demand, Figure 3.19a presents the various

components for Germany in the year 2022. The trend component, shown in Figure 3.19b, captures the

long-term behavior of electricity demand, reflecting the overall direction and growth patterns, with elec-

tricity demand peaking during the winter, indicating a clear need for heating. The seasonal component,

depicted in Figure 3.19c, identifies the repeating patterns associated with weekdays. A closer analysis

of a single calendar week reveals a clear fluctuation in the seasonal component, which follows a typical

weekday pattern: demand increases at the beginning of the week, peaking on Wednesday, and then de-

clines after Friday, reaching its minimum on the weekend. This decrease is likely attributed to reduced

business operations and commuting activities during the weekend. Holidays are well captured in the

residual component, as shown in Figure 3.19d, where peak residuals align with major holiday seasons.

Notably, all significant holiday periods in Germany, except for Labor Day 1, exhibit a strong overlapping

with the peak residuals observed.

1The reason that Labor Day is not identified as a peak is that Labor Day in the year 2022 happens to be a Sunday, which is
already reflected in the seasonal components.
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(a) Daily electricity demand (b) Trend component

(c) Seasonal component (d) Residual component

Figure 3.19.: Decomposition analysis for the daily electricity demand of Germany.

Construction of TRFs Using Piecewise Regression

To formulate TRFs, the "minimize" function from the Python package SciPy is used. This optimization

tool is designed to find the minimum of a scalar function. To perform a piecewise regression, an objective

function is defined to calculate the Sum of Squared Errors (SEE) between the historical and predicted

demand as indicated in Equation 3.16. In this context, the minimize function in SciPy iteratively adjusts

the parameters of the piecewise function, such as slopes and intercepts, to minimize the SEE, thereby

finding the best-fitting values for the piecewise regression.

min
n

∑
i=1

(
Di − D̂i

)2 (3.16)

Where:

- Di is the observed historical electricity demand for the i-th data point.
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- D̂i is the predicted demand for the i-th data point.

- n is the total number of data points.

However, it is important to note that the TRFs exhibit different shapes across different regions. In gen-

eral, it can be categorized into three distinct forms as depicted in Figure 3.20: a linear decreasing curve,

a linear decreasing curve followed by a horizontal segment, and two discernible linear components sep-

arated by a horizontal line. To model these diverse TRF shapes, different function forms tailored to

each case are employed. The linear decreasing curve, as represented in Figure 3.20a and Equation 3.17,

is frequently observed in Northern European countries, reflecting the TRF’s response to cold weather

primarily associated with heating demand. The linear curve with a horizontal segment, as indicated in

Figure 3.20b and Equation 3.18, is prevalent in countries with cold and intermediate climates. In these

regions, the TRF captures the heating demand and the comfort zone following the heating BPT. Lastly,

the V-shaped curve with a "comfort zone" in between, illustrated in Figure 3.20c and Equation 3.19, is

prevalent in intermediate or warm countries, where the TRF reflects both heating and cooling demands.

(a) Continuous linear decreasing curve,
normally observed in cold climates
regions.

(b) Linear decreasing curve with a
horizontal segment, normally observed
in cold and intermediate regions.

(c) Linear decreasing curve with a
comfort zone, normally observed in
intermediate and warm regions.

Figure 3.20.: Different shapes of TRFs across Europe.

D = mle f t ×T +b0 (3.17)

D =

mle f t ×T +b1, if T ≤ BPTH

D0, if T > BPTH

(3.18)

D =


mle f t ×T +b2, if T ≤ BPTH

D0, if BPTH < T ≤ BPTC

mright ×T +b3, if T > BPTC

(3.19)

Where:
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- D is the electricity demand.

- T is the temperature.

- mle f t and mright represent the left and right slope, indicating heating and cooling demand, respec-

tively.

- BPTH and BPTC are the Heating and Cooling Balance Point Temperatures.

- b0,b1,b2,b3 are intercepts.

- D0 is the Comfort zone demand (non-weather sensitive demand)

Prior to the model fitting, the trend components are first normalized from 0 to 1 to set the trend compo-

nents of different countries on a common scale. During the model fitting process, Huber loss is applied

to identify outliers and assign less weight to them, thereby mitigating their impact on the analysis. Huber

loss is a robust loss function that combines the benefits of both Mean Squared Error (MSE) and Mean

Absolute Error (MAE), as shown in Equation 3.20. For small residuals, when the prediction error is

small, Huber loss behaves like MSE, penalizing errors quadratically to encourage the model to be accu-

rate. For large residuals, when the prediction error is large, Huber loss behaves like MAE, penalizing

errors linearly, which reduces the impact of large outliers (Huber, 1992). This combination allows the

model to balance sensitivity to small errors while maintaining robustness to large outliers, making the

model fitting process more robust to noisy or outliers (Huber, 1992; Meyer, 2021).

Lδ (y, ŷ) =


1
2(y− ŷ)2, if |y− ŷ| ≤ δ

δ |y− ŷ|− 1
2 δ 2, if |y− ŷ|> δ

(3.20)

Where:

- Lδ (y, ŷ is the Huber loss function.

- y is the true value (target value).

- ŷ is the predicted value (model output).

- δ is a threshold that controls when the loss transitions from quadratic to linear.

In the regression process for Equation 3.19, it is important to assign appropriate boundary conditions for

the two BPTs to ensure the reliability of the model results. Boundary conditions are important in this

case because they ensure that the function behaves correctly at the points where the segments meet and

thereby avoid unrealistic or inconsistent transitions between different segments.
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The most widely adopted BPT value in literature is 18.3 ◦C or 18 ◦C, retrieved from the American Society

of Heating, Refrigerating, and Air-Conditioning Engineers (ASHRAE) Handbooks (American Society of

Heating et al., 2013). However, BPT values can vary by region (Bessec and Fouquau, 2008; Hiruta et al.,

2022). To ascertain proper boundary conditions for BPT values, a literature review is conducted, as

summarized in Table 3.2. From this table, it is evident that the range of heating BPT typically falls

between 12 ◦C and 18 ◦C. Although studies on Switzerland and Germany (Christenson et al., 2006;

Olonscheck et al., 2011) suggest heating BPT values as low as 8 ◦C or 10 ◦C, these values are not based

on direct measurements but are instead applied within specific scenarios in these studies. As a result,

they may not accurately reflect real-world conditions. To ensure a more conservative estimate, a lower

bound of 12 ◦C is adopted for this analysis.

In comparison, the cooling BPT typically ranges between 18 ◦C and 25 ◦C. Similar to the heating BPT,

while one study conducted by Alhuwayil et al. (2023) reports a maximum value of 27 ◦C of the cooling

BPT. This study is based on data from Saudi Arabia, where extreme summer temperatures are common.

Since this dissertation focuses on Europe, a more suitable upper bound of 25 ◦C is chosen. These selected

lower bound and upper bound values for BPT are used as boundary conditions in the regression process

in addition to the objective function. This method is implemented independently for each study region

and year to derive the TRFs for the normalized trend components.

Table 3.2.: Overview of BPT (◦C) across literatures

Literatures Region BPT 2 Heating BPT Cooling BPT

American Society of Heating

et al. (2013)

US 18.3 - -

Eurostat (2020) Europe - 15 24

Carbon Trust (2012) UK and Germany -

15.08 (UK),

15.58 (Ger-

many)

-

Swiss Society of Engineers and

Architects (SIA) (2016)

Switzerland - 12 -

Jakubcionis and Carlsson (2017) Europe 18 - -

Hao et al. (2022) China - 7.08 - 12.71 -

Cömert and Yildiz (2019) Turkey 15.42 - -

Continued on next page



71

Table 3.2 – continued from previous page

Literatures Region BPT Heating BPT Cooling BPT

Ruth and Lin (2006) Maryland, US - 15.56 15.56

Dubin (2008) US
11.11 -

13.89
- -

Verbai et al. (2014) Hungary - 12 -

Huang and Gurney (2016) US 11 - 21 - -

Sailor and Muñoz (1997) US 14 - 21 - -

Lindelöf (2017) Switzerland 17.4±1.9 - -

Christenson et al. (2006) Switzerland - 8, 10, 12 18.3, 20, 22

Giannakopoulos and Psiloglou

(2006)

Athens, Greece 22 - -

Olonscheck et al. (2011) Germany - 10, 12 22

Andrade et al. (2021) Portugal - 18 25

Psiloglou et al. (2009) Greece and UK

16

(Athens),

20 (Lon-

don)

- -

Papakostas et al. (2010) Greece - 15 24

Tsikaloudaki et al. (2011) South Europe - - 23

Alhuwayil et al. (2023) Saudi Arabia - 19 27

3.2.3. Scenario Assumptions

To thoroughly grasp the dynamics of TRFs and integrate the development of residential buildings into the

analysis, this study examines the impact of varying levels of space cooling penetration, passive cooling,

electrification, and thermal insulation within the scenario assumptions. In total, five scenarios are defined,

representing distinct levels of policy intervention and residential building development until the year
2For literature that does not specify heating or cooling BPT. If the type of BPTs is specified, this column will be empty.
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2100. The influences of the scenario settings on the BPTs, left and right slopes of the TRFs are quantified

in Section 3.2.4.

- Scenario 0 (S0), Static TRFs: This scenario serves as a baseline scenario, employing historical av-

eraged TRFs to calculate future demand. The TRFs remain static over time, assuming no changes

in space cooling penetration rate, passive cooling, electrification, or thermal insulation.

- Scenario 1 (S1), Moderate Policy: In this scenario, the space cooling penetration rate remains

constant, with renovations of existing buildings focusing primarily on limited thermal insulation

improvements. Newly constructed buildings exhibit bigger improvements in thermal insulation.

Electrification is introduced in the heating sector of these new buildings, accompanied by a set of

limited passive cooling measurements. Both the renovation rate and new build rate are kept low,

set at 1% 3 and 0.5% 4 respectively.

- Scenario 2 (S2), Strict Policy: In this scenario, a stringent policy and regulatory framework aimed

at enhancing building energy performance is enforced. Building renovation leads to improved

thermal insulation, consideration of electrification in the heating sector, and the incorporation of

limited passive cooling measures. Newly constructed buildings have significant enhancements in

thermal insulation, along with the consideration of electrification in the heating sector and effective

passive cooling measures. The renovation and new build rates are set optimistically at 3% 5 and

1% 6, respectively. The second stage of renovation begins once all existing building blocks have

undergone renovation. This second phase aims to elevate the energy performance of renovated

buildings to the same level as newly constructed ones.

- Scenario 3 (S3), Moderate Policy with boosted space cooling penetration: In this scenario, the

Moderate policy is maintained, but boosted space cooling demand is considered in the future. The

level of thermal insulation, passive cooling, electrification rate, renovation rate, and new build rate

for renovated and newly built buildings remain consistent with S1.

- Scenario 4 (S4), Strict Policy with boosted space cooling penetration: This scenario assumes a

combination of strict policy and boosted space cooling penetration in the future.

3This percentage is derived from the report by Buildings Performance Institute Europe (BIEP) (Economidou et al., 2011),
which indicates that the current average renovation rate in Europe stands at approximately 1%.

4Regarding the new build rate, the BIEP report (Economidou et al., 2011) also indicates an annual growth rate of approxi-
mately 1% in the residential sector. However, it is noteworthy that the same report highlights a recent decrease in the new build
rate across many countries. Consequently, for this scenario, a more conservative value of 0.5% is adopted.

5This value is retrieved from the Energy Efficiency plan by the European Commission (European Commision, 2011), where
the renovation rate of at least 3% is recommended

6This value is obtained from the BIEP report (Economidou et al., 2011), where an observed new build rate of 1% is
documented. It is assumed that the new build rate will persist at the current level, under the assumption that effective policy
incentives will drive the construction of new buildings with a focus on energy savings.
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For a better illustration, Figure 3.21 provides a visual representation of the defined scenarios, focusing

on their differences in policy intervention levels and space cooling penetration rate.

Figure 3.21.: Illustration of five scenarios defined in this section.

3.2.4. Projecting TRFs for Different Scenarios

TRFs consist of four crucial components: two-knot points that represent the heating and cooling BPTs,

and two linear components that capture the incremental impact on demand due to additional exposure to

heat or cold. Therefore, understanding the changes of these crucial components is necessary for project-

ing future TRFs. Among these components, the y coordinate of knot points represents the non-weather

sensitive energy demand and is not influenced by temperature (Fazeli et al., 2016). Consequently, it is

treated as a constant in this analysis. The detailed methodologies for projecting other TRF components

are introduced in the subsequent sections.

Future BPT

It is important to note that the x-coordinates of the knot points correspond to BPTs, presumed to be pre-

dominantly influenced by the thermal performance of the buildings. However, the relationship between

BPTs and the thermal performance of the buildings is complicated and rarely discussed in the literature,

posing a significant challenge in establishing a statistical relationship between BPTs and other variables

associated with residential buildings. To address this complexity, a comprehensive literature review is

conducted to identify suitable BPT values for both new and renovated buildings, these values are then

integrated into the defined scenarios.

The findings from the literature review are already presented in Table 3.2, which has been used to es-

tablish the boundary conditions for the piecewise regression discussed in Section 3.2.2. In general, a
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lower heating BPT indicates a better-insulated building, while a higher cooling BPT indicates a building

with better ventilation. For each defined scenario, distinct values are assigned to renovated and newly

constructed houses. The minimum heating BPT value extracted from literature is 7 ◦C. Consequently,

this value is assigned to newly constructed houses in S2 and S4. For cooling BPTs, a maximum value of

27 ◦C is assigned to the newly constructed houses in S2 and S4. A summary of the BPT values used in

different scenarios is presented in Table 3.3.

Table 3.3.: Future BPT (◦C) value for renovated and new built buildings for different Scenarios

Building categories S0 S1 S2 S3 S4

Heating BPT (◦C)
Renovated buildings - 11 8 11 8

New built buildings - 10 7 10 7

Cooling BPT (◦C)
Renovated buildings - 24 26 24 26

New built buildings - 25 27 25 27

To obtain future BPT values, Equation 3.21 is applied. This equation incorporates the renovation and

new build rates to calculate the percentage of current, renovated, and newly constructed buildings. The

current BPT value is computed as the average BPT value 7 across the years. However, it is worth noting

that the current cooling BPT values in Sweden, Norway, Ireland, and the Czech Republic are unavailable

since the TRFs in these regions do not show cooling demand, as illustrated in Figure 3.20b and Equation

3.18. As a result, a cooling BPT value of 25 ◦C is assigned to these countries, representing the upper

bound within the boundary conditions for cooling BPT.

BPTf = αc ·BPTc +αr ·BPTr +αn ·BPTn (3.21)

Where:

- αc, αr, and αn are the percentages of current, renovated, and new buildings, respectively.

- BPTf , BPTc, BPTr, and BPTn are the BPT values for future, current, renovated, and new buildings,

respectively.

Future Left Slope

In the overall energy demand for buildings, the left slope corresponds to the heat loss coefficient of the

building, commonly denoted as the K value, as indicated in studies by Lindelöf (2017) and Lindelöf et al.

(2018). The K value, often referred to as the heat loss coefficient, represents the rate at which a building

loses heat due to factors such as its insulation, windows, and building materials. However, when it comes

7The average value is used instead of the value in 2022 to provide a more representative estimate.
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to electricity demand, the situation is more complex due to the additional influence of the electrification

rate. To simplify this process, Sweden is used as a benchmark due to its high share of electricity use

(Mantzos et al., 2018) and generally good thermal insulation in residential buildings (Economidou et al.,

2011). This assumption extends to other factors, including the coefficient of performance (COP) value

of heat pumps and the distribution between air and ground-source heat pumps, which are assumed to

align with conditions in Sweden. Comprehensive analyses of heat pump use in Sweden can be found in

existing studies, such as Johansson (2021), Sandvall and Karlsson (2023), and Ministry of Infrastructure

(Sweden) (2021).

Currently, the electrification rate in Sweden is 44%, ranking among one of the highest electrification rates

in European countries. Meanwhile, this percentage also corresponds with future electrification rate pro-

jections from a study by the European Commission, which assumes the residential sector electricity share

in heating will grow to between 22% and 44% by 2050 (European Commision, 2018). Additionally, the

thermal insulation of Swedish residential buildings ranks among one of the best in Europe (Economidou

et al., 2011; Odyssee Energy, 2021). Therefore, the left slope value of Sweden (-0.49) is chosen as a

benchmark for scenarios that involve both increased electrification rates and improved thermal insula-

tion. The left slope is determined in Equation 3.22. Specifically, for renovated buildings in Scenarios S2

and S4, and new buildings in S1 and S3, the left slope value of -0.49 is assigned. For newly constructed

houses in S2 and S4, where a more significant thermal insulation improvement is assumed, a slope value

of -0.30 is assumed.

mle f t, f = αc ·mle f t,c +αr ·mle f t,r +αn ·mle f t,n (3.22)

Where:

- αc, αr, and αn are the percentages of current, renovated, and new buildings, respectively.

- mle f t, f , mle f t,c, mle f t,r, and mle f t,n represent the left slope values for future, current, renovated, and

new buildings, respectively.

For the renovated buildings in Scenarios S1 and S3, where no changes in the electrification rate are

assumed, the focus is solely on improving thermal insulation. Consequently, the absolute value of the

slope is likely to decrease due to improved thermal insulation. However, this reduction is expected to

vary across countries based on their respective policies. Countries with more stringent regulations on

residential buildings are anticipated to experience a more significant decrease in the absolute value of the

left slope.

According to a study by Lindelöf (2017), where a case study in Switzerland was conducted, it was

observed that the K value of post-retrofit buildings decreased by 30% compared to pre-retrofit buildings,

indicating a 30% reduction in the slope value. To extrapolate this reduction value for other countries,
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30% reduction in Switzerland is used as a benchmark. This value is then scaled proportionally according

to the ODYSSEE Overall Energy Efficiency Score (Odyssee Energy, 2021). This score documents the

policy intervention level for various European countries, considering factors like energy efficiency level,

progress, and policies, as depicted in Figure 3.22. Additionally, Table 3.4 summarizes the left slope

reduction in renovated and newly constructed buildings for different scenarios.

Figure 3.22.: ODYSSEE Energy Efficiency Score.

Table 3.4.: Future Left Slope value for renovated and new built buildings for different Scenarios

Building categories S0 S1 and S3 S2 and S4

Renovated buildings - Reduction scaled according
to ODYSSEE score

-0.049

New built buildings - -0.049 -0.030

Meanwhile, an alternative method, which considers the electrification rate and U value, is presented

in the Appendix A.2. This method establishes a linear relationship between the electrification rate, U

value, and the left slope, enabling the extrapolation of future left slope values. However, due to the data

availability and the complexity of finding a representative U value for all building inventories in each

study country, this method is not discussed in this section.
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Future Right Slope

Concerning the right slope, the objective is to establish a statistical relationship between the right slope

value and the space cooling penetration rate. This is achieved through a linear regression analysis, as

illustrated in Figure 3.23, which presents a scatter plot and the results of the linear regression between

the space cooling penetration rate and the right slope 8. The results yield a p-value of 0.000002, and

an R2 score of 0.645, indicating a satisfactory fit given the limited sample size. The linear function is

represented by Equation 3.23. This function is then used to obtain future right slope values once the

future space cooling penetration rate is determined. In the defined scenarios with boosted space cooling

usage, a linear increase in the space cooling penetration rate is assumed, reaching its full potential as

defined in Section 3.2.1 and illustrated in Figure 3.16b until the year 2050. Subsequently, the rate remains

constant.

Figure 3.23.: Linear regression between space cooling penetration rate and right slope

mright = 0.149 ·β +0.016 (3.23)

Where:

- mright is the right slope value.

- β is the space cooling penetration rate.

8The correlation is showcased for countries within the available dataset due to data availability in space cooling penetration
rates.
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Meanwhile, it is also important to account for the impact of passive cooling. However, capturing its

influence can be intricate. On one hand, research, such as that conducted by Alhuwayil et al. (2023),

concludes that passive cooling is significantly more effective in warmer regions. On the other hand, while

numerous studies focus on energy saving through passive cooling, there is a research gap in investigating

how passive cooling influences the slope value in TRFs. To address these complexities, Italy is used

as a benchmark due to its distinction of having the highest average summertime temperature across the

years and regions across studied regions. This information is derived from temperature reanalysis data

obtained from ERA5, as introduced in Section 2.2 and illustrated in Figure 3.24.

Figure 3.24.: Summertime temperature map.

In strict policy scenarios, it is assumed that passive cooling in new and renovated buildings in Italy can

reduce the right slope value by 30% and 15%, respectively. The assumption of a 30% reduction in

the right slope value is based on a review study by Song et al. (2021). Their comprehensive literature

review assessed the energy-saving potential of various passive cooling measures. According to their

findings, the reduction in energy consumption varies depending on the specific passive cooling method

employed. For instance, energy consumption decreased by 8% to 70% with the use of external shading,

by 37% with cool-colored paint roofs, by 25% with the creation of green spaces, by 7.88% with the

construction of prismatic buildings, by 32% to 100% with vegetation-based walls, by 50% with Phase

change material (PCM) based walls, by 33% with insulation incorporation into walls, by 10% to 20%
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with buildings equipped with solar chimneys, and by 25% with radiative cooling systems. Given the

significant variations among different passive cooling strategies, an average value of approximately 30%

is used in this study for new buildings.

However, it is important to note that a 30% reduction in energy consumption does not equate to a 30%

reduction in slope. Due to the lack of research on how passive cooling impacts slope values, this 30%

reduction is assumed for this analysis. As for the renovated buildings, the assumption is that the level of

energy savings achieved through passive cooling is lower compared to new buildings. Therefore, a 15%

reduction of the right slope value for renovated buildings is assumed.

For moderate policy scenarios, a 15% reduction is assumed for new buildings, as it is posited that the

effectiveness of passive cooling measures in these scenarios is lower than in strict policy scenarios. To

account for regional variation in the effectiveness of passive cooling, the values assumed for Italy are

scaled for other countries based on historically averaged summertime temperatures, as shown in Figure

3.24, which illustrates the average summertime temperatures across the research countries. In summary,

the calculation of the right slope is presented in Table 3.5, using Italy as an example.

Table 3.5.: Future Right Slope reduction due to passive cooling for different Scenarios for Italy. Reductions for
other countries are scaled based on the comparison of average summertime temperatures between these countries
and Italy.

Building categories S0 S1 and S3 S2 and S4

Renovated buildings - - reduction of 15%

New built buildings - reduction of 15% reduction of 30%

To summarize, Figure 3.25 depicts the approaches and input dataset employed in this section, aiming at

constructing future TRFs and electricity demand time series.
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Figure 3.25.: Flow Chart illustrating the sequential steps for constructing future electricity demand time series
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3.3. Generation of Synthetic Weather Years and Evaluation of System Robustness

3.3.1. Data and Model Description

To generate synthetic weather years and assess their impact on energy systems, this section outlines the

time series data required for residual load calculation, including electricity demand and renewable energy

generation time series. Additionally, it provides a description of the ESOM used in this dissertation.

Electricity Demand Time Series

To generate electricity demand time series data, the bottom-up approach described in the work by Sled-

nev (2024) is employed. To ensure the demand time series reflects weather dependency, this method

employs national energy balances derived from the "Distributed Energy" scenario from the Ten-Year

Network Development Plan (TYNDP) 2022 (ENTSO-E, 2022), and focuses on fixed demands for elec-

trical appliances, mobility services, and industrial processes. By using standard load profiles and time

series data, this method can estimate electricity demand across various sectors while accounting for re-

gional variations. The method has been calibrated with regional data and validated on an hourly basis

against historical consumption patterns. The demand time series data are generated for a 30-year histor-

ical period spanning from 1991 to 2020.

Renewable Energy Generation Time Series

The renewable energy potential time series is generated using the global Energy Data Analysis Tool

(EnDAT) (Scholz, 2012; Stetter, 2014). The time series also covers 30 historical years from 1991 to

2020. The process begins with an area analysis in EnDAT, where exclusion zones and area competition

criteria are applied. Geographic constraints such as land cover, distance from settlements, elevation,

protected areas, and others are considered alongside area suitability factors to assess the area potential

for renewable energy generation. Wind speeds, solar irradiance, and temperatures are extracted for the

identified areas from meteorological datasets. In the case of this dissertation, the database used is also the

global ERA5 reanalysis data. Finally, power plant models of wind and PV plants are applied to calculate

the capacities that can potentially be installed and the corresponding power generation time series. The

data are initially calculated for each grid cell and then spatially aggregated to obtain renewable energy

potentials at the national level.

To align the renewable generation and electricity demand time series with the system configuration used

in this dissertation, both datasets are scaled based on renewable capacity values and demand levels de-

rived from the FlexMex dataset. FlexMex is a model experiment dataset (Gils et al., 2022; Gardian

et al., 2022). This publicly available dataset contains harmonized exogenous parameters, such as plant

capacities, techno-economic factors, and heat demand, across 16 distinct test scenarios. These scenarios
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differ in terms of renewable energy capacity, the inclusion of endogenous capacity expansion options for

flexibility, and the scope of technological components considered in the system (Gils et al., 2022).

Specifically, this study uses FlexMex scenario 4D, which incorporates endogenous flexibility capacities

and assumes an IRE penetration level of 160% relative to annual electricity demand (Gils et al., 2022).

The 160% IRE penetration is selected to account for losses and curtailment associated with renewable

generation. This scaling approach produces hourly solar PV, onshore wind, offshore wind, and electricity

demand profiles, as well as daily run-of-river generation data.

Residual Load Time Series

Residual load, defined as the difference between electricity demand and non-dispatchable power genera-

tion 9, is a key metric in this dissertation. Residual load can be calculated using the generated electricity

demand time series and the renewable energy generation time series introduced in this section. A posi-

tive residual load indicates that demand exceeds power generation by non-dispatchable units, suggesting

a potential electricity shortfall, while a negative residual load indicates surplus generation. Figure 3.26

presents the input demand, solar PV, onshore wind, offshore wind generation, and residual load time se-

ries for all study countries aggregated in the year 2020. To ensure consistency and comparability across

all years, all time series in this section are standardized to 8760 hours per year, with February 29th

removed from leap years in the analysis.

Figure 3.26.: The residual load, electricity demand, solar PV, wind onshore and offshore generation time series in
the year 2020 for all study countries aggregated. For better visualization, only the first 500 hours are displayed.

9Run-of-river generation is excluded from the residual load calculation due to an assumed constant time series across all
weather years and its relatively small contribution compared to other renewable technologies.
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Energy System Optimization Model (ESOM)

To investigate the impact of different weather years on the energy system, the ESOM with the frame-

work of REMix (Wetzel et al., 2024) is used. REMix is an open-source modeling framework designed

to identify cost-optimal energy system configurations under a wide range of constraints. It supports the

analysis of energy systems across nearly any temporal, spatial, and technological scale with a high level

of detail. REMix can represent and connect a wide variety of processes, including extraction, storage,

conversion, transmission, and demand, for multiple commodities, typically energy carriers such as elec-

tricity, gases, or heat. Each process within the model can be characterized by indicators such as cost,

emissions, or efficiency. The mathematical core supports both integer and continuous decision variables,

and the objective function can incorporate one or multiple performance indicators (Wetzel et al., 2024).

In this dissertation, the model is configured to optimize system capacities and operations over a one-year

period with hourly resolution, with the objective of minimizing overall system costs.

Besides the time series input data, other technological data used in this section are also derived from the

FlexMex model experiment dataset. The time horizon of the model is set to 2050, and it considers 11

countries in Central Europe, corresponding to 11 model regions: Austria, Belgium, Denmark, Czech Re-

public, France, Germany, Italy, Luxembourg, the Netherlands, Poland, and Switzerland. The scope of the

study includes a variety of technologies across different categories. For energy generation, the model in-

cludes PV, Onshore and Offshore Wind Turbines, Hydropower with Reservoir Storage and Run-of-River

Hydropower. Gas-driven thermal power plants are split into two technology groups: Combined Heat

and Power - Backpressure Combined Cycle Gas Turbines with Heat Extraction (CHP-ExCCGT) and

Methane Gas Turbines (CH4-GT) for power production alone. Energy storage technologies considered

in the model include Lithium-Ion Batteries, Hydrogen (H2) Caverns, Hydrogen Tanks, Thermal Storage,

along with Pumped Hydro storage. Heating technologies, such as District Heating with CHP-ExCCGT,

Heat Pumps, Gas Boilers, and Electric Boilers are also included. Additionally, the model also accounts

for Electric Vehicles (EVs) with uncontrolled charging and decentralized Hydrogen Electrolysis with

flexible hydrogen production. Power transmission is modeled with an aggregated representation of the

high-voltage electricity transmission network within the model scope. The model optimizes transmis-

sion capacities and power flows based on cost estimates from the Ten-Year Network Development Plan

(TYNDP) (ENTSO-E, 2016).

3.3.2. Generation of Extreme Weather Years

This section describes the methodology applied to generate different synthetic extreme weather years

and the model scopes for two different system setting scenarios and for evaluating the system robustness.
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Intensity and duration score

The first method applied in the dissertation is identifying the most extreme weather years from the his-

torical data. This process starts with establishing a ranking system to assess the extremity of each year,

similar to the study conducted by Li et al. (2023b). The residual load time series are first aggregated

across all 11 study countries before the analysis, enabling the examination of extreme conditions on a

large scale. An extreme condition is defined as a residual load exceeding the 95th percentile of all hourly

historical residual loads, which corresponds to approximately 153 GW. The "extreme periods" are any

intervals where this threshold is exceeded. To quantify the extremity of each year, both the intensity

and the duration of these extreme periods are assessed. While the duration is defined as the number of

consecutive hours in which the residual load exceeds the 95th percentile threshold, the calculation of the

intensity of extreme periods is described in Equation 3.24.

Int =
Dur

∑
i
(Ri −T) (3.24)

where,

- Int is the intensity of an extreme weather event

- Dur is the duration of an extreme event

- Ri is the residual load at the hour i

- T is the threshold for the extreme period, in this study, T is set to the 95th percentile of all historical

residual load

Once the intensity and duration of extreme periods are calculated, each candidate year is ranked accord-

ing to these two dimensions. To select the most extreme year, equal weight is assigned to both duration

and intensity, similar to the study conducted by Li et al. (2023b), and these are combined to calculate a

final score for each year. The year with the highest final score is chosen as the representative extreme

historical year. Before calculating the final score, the duration and intensity values are normalized to a

scale of 0 to 1 to ensure uniformity across all metrics.

Table 3.6 presents the intensity, duration, and final scores for each historical year. From this table, it is

apparent that 1997 appears to be the most extreme year, both in terms of the intensity and duration of the

events. Besides 1997, other relatively extreme historical years include 1991, 2006, 2002, and 2004.
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Table 3.6.: Overview of the duration, intensity, and final scores for each historical year

Year
Duration

Score

Intensity

Score

Final

Score
Year

Duration

Score

Intensity

Score

Final

Score

1991 0.784 0.642 0.713 2006 0.728 0.686 0.707

1992 0.507 0.469 0.488 2007 0.440 0.308 0.374

1993 0.456 0.590 0.523 2008 0.000 0.000 0.000

1994 0.416 0.344 0.380 2009 0.355 0.341 0.348

1995 0.472 0.235 0.354 2010 0.533 0.335 0.434

1996 0.592 0.459 0.525 2011 0.499 0.381 0.440

1997 1.000 1.000 1.000 2012 0.480 0.502 0.491

1998 0.104 0.199 0.152 2013 0.435 0.378 0.406

1999 0.131 0.044 0.088 2014 0.523 0.427 0.475

2000 0.373 0.437 0.405 2015 0.184 0.388 0.286

2001 0.392 0.457 0.424 2016 0.573 0.447 0.510

2002 0.680 0.695 0.687 2017 0.336 0.560 0.448

2003 0.549 0.532 0.541 2018 0.312 0.183 0.247

2004 0.672 0.637 0.655 2019 0.035 0.008 0.021

2005 0.131 0.075 0.103 2020 0.269 0.214 0.242

Finkelstein-Schafer statistics method

The Finkelstein-Schafer (FS) statistic is a widely used method for measuring the distance between two

cumulative distribution functions (CDFs) and is frequently used in the Sandia method (Hall et al., 1978a).

The Sandia method evaluates nine critical climatic indices, including daily maximum, minimum, and

mean dry bulb and dew point temperatures, daily maximum and mean wind speeds, and daily total

horizontal solar radiation. This dissertation, however, focuses exclusively on the residual load time

series.

The core concept of the developed method involves selecting 12 representative months, which are then

aggregated to construct a representative year as illustrated in Figure 2.6. The selection of each represen-

tative month is based on the calculated distance between the CDF of that month in each historical year,

referred to as the short-term CDF, and the CDF of all 30 historical years, referred to as the long-term

CDF. This distance is measured using the FS statistic, as defined in Equation 3.25.
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FS(y,m) =
1
N

N

∑
i=1

|CDFm(xi)−CDFy,m(xi)| (3.25)

where,

- FS represents Finkelstein-Schafer (FS) statistics

- xi is an ordered sample value in a set of n observations sorted in ascending order

- y is the calendar year (for years 1991 to 2020 in this study)

- m is the calendar month

- N is the resampling rate of the CDF (in this analysis, it is set to 1000 per month).

- CDFm(xi) is the long-term CDF for the month m

- CDFy,m(xi) is the short-term (for the year y) CDF of the daily variable x for the month m

In the Sandia method, which aims at generating the TMY, the month with the smallest absolute FS value,

indicating the closest match between the short-term and long-term CDFs, is selected as the representative

month. However, this dissertation, which aims to identify a representative extreme year that captures the

critical conditions for the energy system, adopts a different approach. In addition to selecting months

with the smallest absolute FS values, months with the highest positive and negative FS values are also

identified. These correspond to months with extremely high and low overall residual loads, respectively,

as illustrated in Figure 3.27, which presents examples of both long-term and short-term CDFs for January.
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Figure 3.27.: Long-term and short-term CDFs for January. January 2004 is identified as the Typical Meteorological
Month (TMM) due to its smallest absolute FS statistic. In comparison, January 1997 and 1995 represent an
extreme high and low residual load month, respectively.

This approach enables the generation of three synthetic weather years:

- TMY: Typical Meteorological Year, representing historical average residual load conditions.

- ELY: Extreme Low Residual Load Year, representing overall low residual load.

- EHY: Extreme High Residual Load Year, representing overall high residual load.

After applying this procedure for each month, Table 3.7 presents the selected typical and extreme repre-

sentative months for synthetic weather years TMY, ELY, and EHY. Once the representative months are

identified, they are aggregated to construct the corresponding representative weather years. The gener-

ated TMY, ELY, and EHY are presented in Figure 3.28.
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Table 3.7.: Selected typical and extreme representative months for synthetic weather years TMY, ELY, and EHY

TMY ELY EHY

January 2004 1995 1997

February 2008 2002 1993

March 2002 1995 1996

April 2019 2003 1996

May 2014 2006 2008

June 2015 1991 2016

July 2005 2007 1994

August 2020 2008 1997

September 1999 2004 2014

October 1992 1998 2007

November 2001 2009 1993

December 1998 1993 1995

Figure 3.28.: TMY, ELY, EHY determined by the FS statistic method. For better visualization, only the first 500
hours are presented.

Extreme weather events method

In Section 3.3.2, the representative historical extreme weather year is identified based on the intensity

and duration of extreme periods during which the residual load exceeds the 95th percentile. However,

to better understand and assess extreme weather events and their impacts on energy systems, it is cru-

cial to identify specific extreme weather events instead of simplifying them as periods exceeding the

95th percentile. The definition of such events, however, varies significantly across studies (Kittel and

Schill, 2024) and often focuses on meteorological events like heatwaves or windstorms. For example,
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from an intensity perspective, Li et al. (2023b) defined extreme events as those surpassing the 95th per-

centile, while from a duration perspective, Mockert et al. (2023) characterized extreme events as lasting

a minimum of two consecutive weeks.

This dissertation analyzes extreme weather events from the perspective of residual load, focusing on

three duration phases: one day, one week, and two weeks. The aim is to identify the most extreme one-

day, one-week, and two-week events across all historical years. To accomplish this, the most extreme

events of each duration are first identified for every individual historical year, referred to as yearly ex-

treme events. These events are defined as the periods within a year during which the maximum sum of

consecutive residual load values occurs within a specified time window. For example, to determine the

most extreme one-week event in 1997, a rolling window of one week (168 hours) is applied to calculate

the consecutive residual load sums throughout the year. Figure 3.29 presents the resulting values for

1997 using this method. The maximum residual load sum for the one-week window is found to occur

between hours 97 and 264, identifying this period as the most extreme one-week event for that year.

Figure 3.29.: Consecutive residual load sums for 1997, calculated using a one-week rolling window. The most
extreme event begins at hour 97, marking the period with the highest cumulative residual load within this week.

After determining the yearly extreme events, a comparative analysis is conducted across all 30 historical

years to determine the most extreme event overall, defined as the period with the highest residual load

sum. Table 3.8 summarizes the most extreme one-day, one-week, and two-week events across all his-

torical years. These identified extreme events are then used to replace the corresponding periods in the

TMY and EHY years generated using the FS statistic method. This approach enables the generation of

the following SWYs 10:

- TMY_1D: TMY with the extreme one-day event

10No extreme one-week event is replaced in EHY because the most extreme one-week event occurs in January 1997, which
is already represented in January of EHY.
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- TMY_1W: TMY with the extreme one-week event

- TMY_2W: TMY with the extreme two-week event

- EHY_1D: EHY with the extreme one-day event

- EHY_2W: EHY with the extreme two-week event

Table 3.8.: The identified most extreme weather events among all historical years

Events type Occured year Starting hour Ending hour

One-day Event 2017 8463 8486

One-week Event 1997 97 264

Two-week Event 2002 87 422

Meanwhile, Figure 3.30 showcases the differences by comparing TMY with TMY_1D, TMY_1W, and

TMY_2W, as well as EHY with EHY_1D and EHY_2W.
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(a) Comparison between TMY and TMY_1D (b) Comparison between TMY and TMY_1W

(c) Comparison between TMY and TMY_2W (d) Comparison between EHY and EHY_1D

(e) Comparison between EHY and EHY_2W

Figure 3.30.: Comparison between the synthetic weather years generated from FS statistic method (TMY and
EHY) and the synthetic weather years generated from extreme weather events method

3.3.3. System configuration scenarios

In this section, detailed overviews of the model scopes for two renewable capacity expansion scenarios

are presented. Additionally, this section describes the methodology used to evaluate system robustness.

The main difference between these two system configuration scenarios lies in whether the renewable

technologies, namely solar PV, onshore wind, and offshore wind, are allowed to expand freely within the

model. This distinction is important not only because it affects the cost-optimal system configuration,

but also because it determines the residual load. In the scenario with flexible capacity expansion for

renewables, the residual load can only be calculated after the optimization process is completed.

System Configuration Scenarios

In the Exogenous-RE scenario, the energy system model is analyzed by fixing the capacities for solar PV,

onshore wind, and offshore wind according to the values specified in FlexMex Scenario 4D. By applying
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fixed renewable capacities, this scenario reflects predefined political objectives, such as National Devel-

opment Plans. Table 3.9 presents the derived capacity values for solar PV, onshore wind, and offshore

wind across the countries included in the dissertation. The model scope for the Exogenous-RE scenario

is illustrated in Figure 3.31a.

Table 3.9.: The capacity values (GW) for renewable energy in the Exogenous-RE scenario, derived from the
FlexMex Scenario 4D.

Country Solar PV Wind Onshore Wind Offshore

Austria 48.8 43.6 0

Belgium 184.1 12.7 11.2

Switzerland 86.2 28.3 0

Czech Republic 38.3 54.0 0

Germany 419.8 233.8 143.9

Denmark 17.7 26.1 1.2

France 279.8 439.9 0

Italy 247.4 247.2 0

Luxembourg 12.4 1.4 0

Netherlands 98.2 21.3 51.2

Poland 77.2 107.0 0

In contrast, the Endogenous-RE scenario allows for the endogenous determination of solar PV, onshore

wind, and offshore wind capacities. In this scenario, the system optimizes the capacities of renewable

energy sources, storage, and flexibility options to minimize overall system costs. This scenario enables

the model to explore the most cost-effective combination of renewable and conventional generation,

storage, and flexibility solutions to meet system needs, as shown in Figure 3.31b. Meanwhile, the lower

bound values are also assigned to renewable capacities derived from the International Renewable Energy

Agency (IRENA) Renewable Capacity Statistics 2023 (IRENA, 2023) to ensure a minimum level of

renewable energy generation is maintained.

A key challenge in the Endogenous-RE scenario, in contrast to the Exogenous-RE scenario, is that re-

newable capacities are not predetermined. Since renewable generation is dependent on the installed

capacity, the renewable generation time series cannot be determined until the optimization process of the

energy system model is finished. Consequently, the residual load can only be calculated after the opti-

mization process is completed. However, it is important to note that the generation of synthetic weather

years is still based on residual load values derived from exogenous capacity factors in the Exogenous-
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RE scenario. As a result, the same synthetic weather years are used for both the Endogenous-RE and

Exogenous-RE scenarios.

(a) Exogenous-RE scenarios

(b) Endogenous-RE scenarios

Figure 3.31.: The model scope of Exogenous-RE and Endogenous-RE expansion scenarios.
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System Robustness Evaluation Framework

This section describes the process for assessing whether a system configuration can accommodate the

conditions of a specific historical year. The process is carried out in two steps using the ESOM REMix.

For instance, to evaluate whether the system configuration of year A can accommodate the weather

conditions of year B, the weather year-dependent time series of year A, including demand, solar PV,

and wind onshore and offshore profiles, are first input into either the Exogenous-RE or Endogenous-RE

scenario, as outlined in Section 3.3.3. This process allows for the determination of the required capacities

for various energy generation, storage, and transmission technologies for year A.

In the second step, the capacities of all technologies, including generation, storage, and transmission

lines, are fixed based on the values derived from year A. The weather year-dependent time series of

year B are then input to assess whether the system can accommodate the energy demand under the

conditions of year B. To avoid infeasibilities, slack variables are introduced into the model. The slack

costs for commodities such as electricity, heat, and hydrogen are set considerably high, ensuring that the

optimizer only uses slack when there is no other way to supply demand. If slack appears in the resulting

optimal system operation, it indicates that the system configuration optimized for year A is insufficient

for year B, and vice versa. This is also reflected in a significant increase in system costs due to high slack

costs. The model scope for this framework is illustrated in Figure 3.32.

Figure 3.32.: The model scope for the framework to evaluate the system robustness. This framework is used to
determine whether the system configuration of year A can accommodate the weather conditions of year B.



4. Results and Discussion

This chapter presents the results and discussion related to the three key uncertainties addressed in this

dissertation: the spatial resolution of wind data, the dynamics of electricity demand under various climate

and policy intervention scenarios, and the robustness of energy system designs under extreme weather

conditions. The findings are based on the author’s published and submitted papers.

4.1. Comparison and Validation of Downscaled Wind Speed Data

This chapter focuses on the results of the statistical downscaling of ERA5 wind speed data, as detailed in

the author’s publication ’Downscaling ERA5 wind speed data: A machine learning approach considering

topographic influences’ published in Environmental Research Letters.

4.1.1. Topographic Classification Results

In the preprocessing classification phase of the regression-based statistical downscaling approach, a Ran-

dom Forest Classification process is first conducted to classify the terrain types based on the quality of

ERA5 data. The results indicate that the Random Forest Classification Model yields a model accuracy of

0.76 for the entire testing data set, meaning that 76% of the samples are correctly classified by the model.

However, when specifically considering Class 3 stations, the model accuracy increased to 0.90. Figure

4.1 compares the relative significance of each input feature. This plot showcases the relative impor-

tance of different features in predicting the station classes. The analysis reveals that 75 km Radius TPI

has the most pronounced impact on the local-scale wind speed, with Elevation, 5 km Radius TPI, TDI,

Slope, and Aspect following in that order. This suggests that among the various topographic metrics,

75 km Radius TPI has the strongest correlation with the predicted station classes, and therefore, plays

the most significant role in determining the ERA5 quality. This also explains why TPI is widely used in

wind-related studies (Weiss, 2001; Winstral et al., 2017; Solbakken et al., 2021; Molina et al., 2021).
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Figure 4.1.: Feature importance plot for the Random Forest Classification trained on all the available observation
stations.

Furthermore, the Random Forest Classification Model can be applied to predict the ERA5 quality for

regions where no observational data is available. Using topographic metrics derived from the DEM, a

comprehensive map of ERA5 quality predictions for Europe can be generated. This process involves first

extracting key topographic features, including elevation, slope, aspect, 75 km and 5 km radius TPI, and

TDI, from the DEM for each grid cell. These topographic metrics serve as input features to the trained

Random Forest Model, which classifies regions into three ERA5 quality classes (Class 1, Class 2, and

Class 3) based on predicted biases. The model can then be applied to the entire region, generating a

gridded map where each pixel is classified according to the predicted ERA5 quality.

The resulting map, presented in Figure 4.2, visually represents the distribution of ERA5 accuracy across

Europe, with each pixel categorized by the level of bias predicted. Regions are classified into three cate-

gories: Class 1 (small biases in ERA5), Class 2 (moderate biases), and Class 3 (significant biases). Since

the map is generated using the DEM, its spatial resolution corresponds to that of the DEM, approximately

1 km by 1 km. From this map, it is evident that much of Europe falls into the Class 1 category, indicating

relatively flat and homogeneous terrain. However, areas such as the Alps, the Pyrenees, the Scandinavian

Mountains in western Norway, and the Balkans are classified as Class 2 or Class 3. This classification

is consistent with the diverse and mountainous topography of these regions, where more complex terrain

results in greater biases in ERA5 data.
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Figure 4.2.: Map displaying the prediction of region classes after implementing the Random Forest Classification
method across Europe.

4.1.2. Model Generalization and Regression Performance

To assess whether a Machine Learning Model is prone to overfitting, it is important to compare its

performance on both training and testing datasets. When the error rates for both datasets are similar,

it indicates that the model has successfully generalized to unseen data, rather than overfitting to the

training data. Therefore, in this dissertation, the statistical metrics for both training and testing datasets

of the Machine Learning Model are compared, as summarized in Table 4.1. The results reveal that all

four statistical metrics (RMSE, PCC, R2, KSD) for the training and testing datasets are similar, which

suggests that the model has generalized effectively and is not overfitting.

Table 4.1.: Comparison of statistical metrics (RMSE, PCC, R2, KSD) for training and testing data for different
classes in the Machine Learning Model.

Class
RMSE (m/s) PCC R2 KSD

training testing training testing training testing training testing

Class 1 0.85 0.85 0.76 0.76 0.58 0.58 0.23 0.23

Class 2 1.33 1.35 0.72 0.72 0.52 0.52 0.30 0.30

Class 3 2.08 2.12 0.82 0.81 0.67 0.66 0.19 0.19
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Meanwhile, Table 4.2 presents the improvements achieved through the regression process. The table

compares the statistical indicators between the observed wind speed, ERA5, COSMO-REA6, and the

corrected wind speed time series obtained from the Machine Learning Model. The statistical metrics are

averaged across all stations in each class. From this table, it is evident that for both Class 1 and Class 2

stations, the corrected wind speed time series show improvements over both ERA5 and COSMO-REA6,

with better performance in terms of RMSE, PCC, and R2. However, it is observed that the KSD worsens

slightly. This is likely due to the fact that for Class 1 and Class 2 stations, the ERA5 data is already

relatively accurate, meaning the introduction of the Machine Learning Model does not lead to substantial

improvements in distribution alignment. As a result, the model’s adjustments might inadvertently cause

a shift in the predicted distribution, making it slightly diverge from the already good ERA5 data, which

increases the KSD.

The most significant improvements are seen in Class 3 stations, where the model exhibits a substan-

tial reduction in RMSE, from 4.22 m/s for ERA5 and 4.03 m/s for COSMO-REA6 to 2.05 m/s. PCC

increases from 0.47 (ERA5) and 0.51 (COSMO-REA6) to 0.73, R2 rises from 0.22 (ERA5) and 0.26

(COSMO-REA6) to 0.53, and KSD decreases from 0.59 (ERA5) and 0.40 (COSMO-REA6) to 0.24.

These results clearly indicate a great improvement in the regression model’s ability to correct for the

biases of ERA5 in Class 3 regions.

Table 4.2.: Comparison of statistical metrics (RMSE, PCC, R2, KSD) across the stations for each class between
observations and three datasets: the original ERA5, COSMO-REA6, and the corrected wind speed time series
obtained from the Machine Learning Model.

Class Statistic metrics ERA5 COSMO-REA6 Corrected

Class 1

RMSE (m/s) 1.03 1.39 0.84

PCC 0.54 0.59 0.67

R2 0.29 0.35 0.49

KSD 0.20 0.18 0.35

Class 2

RMSE (m/s) 1.70 1.58 1.32

PCC 0.52 0.62 0.65

R2 0.27 0.38 0.42

KSD 0.25 0.09 0.36

Class 3

RMSE (m/s) 4.22 4.03 2.05

PCC 0.47 0.51 0.73

R2 0.22 0.26 0.53

KSD 0.59 0.40 0.24
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To visually demonstrate these improvements, Figure 4.3 presents scatter plots and histograms for a ran-

domly selected station in each class. For Class 1 and Class 2 stations, such as REH and HAI, the

correction leads to only minor improvements in wind speed accuracy. In contrast, for Class 3 station

DOL, the scatter plot of the corrected wind speed aligns much closer with the diagonal line, and the

histogram distribution more closely resembles the observations compared to ERA5 and COSMO-REA6

data. Meanwhile, the scatter plots and histograms of the original ERA5 and COSMO-REA6 indicate

an underestimation of the wind speed. These comparisons suggest a significant reduction in biases and

a better agreement with the observations for the corrected wind speed, particularly for Class 3 station

DOL.

(a) Station REH in Zürich Affoltern (Class 1) (b) Station HAI in Salen-Reutenen (Class 2)

(c) Station DOL at the mountain peak La Dôle (Class 3)

Figure 4.3.: Scatter plots and histograms comparing observations with three datasets (original ERA5, COSMO-
REA6, and corrected wind speed) are shown for three MeteoSwiss stations
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Meanwhile, the extent to which various input features impact the target variables is demonstrated in

Figure 4.4. The plot showcases the relative importance of different features in predicting the wind speed

time series at the local scale. The result indicates that ERA5 wind speed is the most dominant feature

among all classes, and its importance significantly surpasses all other features in Class 1 and Class 2

regions. However, this is not observed in Class 3 regions, where the influences of all features are more

evenly distributed. For Class 3 regions, GWD is the second most crucial predictor, following ERA5 wind

speed, and is followed by 75 km Radius TPI, 5 km Radius TPI, and wind direction.

(a) Class 1 (b) Class 2

(c) Class 3

Figure 4.4.: Feature importance plot for the XGBoost regression process for each class.

4.1.3. Cross-dataset Validation

To assess the robustness of the regression model, a comprehensive cross-dataset validation is conducted

using two distinct approaches. Cross-dataset validation is important because it helps assess the model’s

ability to perform well across different datasets, ensuring that the model is not overfitting to a specific

dataset or time period. First, the model is applied to all MeteoSwiss weather stations, using data from

different years to evaluate its generalizability over time. This approach examines if the downscaling

approach can maintain its performance when applied to data from different time periods, accounting for
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potential temporal variations. Secondly, the approach is tested using data from the DWD observations to

evaluate the model’s ability to generalize across different geographic locations.

Cross-dataset Validation Across Different Years

The first cross-dataset validation validates the model across different years, testing its robustness and

ability to generalize to unseen historical data.

To acquire the downscaled wind speed time series for MeteoSwiss observation stations across multiple

years, the following procedure is implemented. First, the ERA5 wind speed time series for the test year

is obtained, serving as the time-dependent input feature. In addition to this time-dependent feature, time-

independent features, including topographic metrics that were already collected and calculated during

the model training phase, are input together into the previously trained regression model. The model

then generates the corrected wind speed for the given year. It is important to note that this process does

not involve training the model on new data. Rather, it uses the existing model to make new predictions

based on the updated input features.

The results of the cross-validation are summarized in Table 4.3, which presents the downscaling approach

applied to the years 2017 and 2019. From the table, it is clear that the downscaling method improves the

RMSE, PCC, and R2 for Class 1 and Class 2 stations, though KSD does not show similar improvement.

This is similar to the results observed when training the model with 2018 data. However, Class 3 stations

show significant improvements in both 2017 and 2019. Specifically, in 2017, RMSE decreases from

5.03 m/s for ERA5 and 4.56 m/s for COSMO-REA6 to 2.48 m/s, PCC increases from 0.54 (ERA5) and

0.51 (COSMO-REA6) to 0.77, R2 rises from 0.28 (ERA5) and 0.26 (COSMO-REA6) to 0.59, and KSD

decreases from 0.62 (ERA5) and 0.48 (COSMO-REA6) to 0.18. Similar improvements are observed

in 2019, where RMSE decreases from 5.18 m/s (ERA5) and 4.64 m/s (COSMO-REA6) to 2.45 m/s,

PCC increases from 0.55 (ERA5) and 0.54 (COSMO-REA6) to 0.78, R2 increases from 0.30 (ERA5)

and 0.29 (COSMO-REA6) to 0.61, and KSD decreases from 0.62 (ERA5) and 0.48 (COSMO-REA6) to

0.15. These results demonstrate the model’s robustness when applied to independent datasets.
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Table 4.3.: Comparison of statistical metrics (RMSE, PCC, R2, KSD) across the stations for each class in 2017 and
2019 between observations and three datasets: the original ERA5, COSMO-REA6, and the corrected wind speed
time series.

Class Statistic metrics
ERA5 COSMO-REA6 Corrected

2017 2019 2017 2019 2017 2019

Class 1

RMSE (m/s) 1.03 1.10 1.41 1.45 0.92 0.95

PCC 0.51 0.61 0.57 0.57 0.61 0.72

R2 0.26 0.37 0.32 0.32 0.37 0.52

KSD 0.21 0.11 0.22 0.18 0.37 0.23

Class 2

RMSE (m/s) 1.64 1.77 1.52 1.63 1.41 1.40

PCC 0.50 0.57 0.61 0.60 0.60 0.70

R2 0.25 0.32 0.37 0.36 0.36 0.49

KSD 0.24 0.20 0.07 0.08 0.41 0.29

Class 3

RMSE (m/s) 5.03 5.18 4.56 4.64 2.48 2.45

PCC 0.53 0.55 0.51 0.54 0.77 0.78

R2 0.28 0.30 0.26 0.29 0.59 0.61

KSD 0.62 0.62 0.48 0.48 0.18 0.15

A visual representation of these results is provided in Figure 4.5, which includes scatter plots and his-

tograms for three representative stations, and Figure 4.6, which displays time series plots. Due to limited

data availability in COSMO-REA6 after August 2019, the comparison for the year 2019 is focused on

the first 8 months. Figure 4.5 illustrates that the Class 1 station REH exhibits the smallest improvement,

while the Class 2 station HAI shows a moderate improvement. In comparison, the Class 3 station DOL

demonstrates a substantial improvement in both 2017 and 2019, as the scatter plots of the corrected wind

speed more closely align with the diagonal line, and the histogram distributions more accurately reflect

the observed values compared to ERA5 and COSMO-REA6 data. This suggests a significant reduction

in biases and a better agreement with the observations. Similarly, Figure 4.6 reveals a stronger overlap

between the corrected wind speed and observational data for Station DOL in both years, further revealing

the significant reduction in biases.
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(a) Station REH (Class 1) in 2017 (b) Station REH (Class 1) in 2019

(c) Station HAI (Class 2) in 2017 (d) Station HAI (Class 2) in 2019

(e) Station DOL (Class 3) in 2017 (f) Station DOL (Class 3) in 2019

Figure 4.5.: The scatter plots and histograms compare observations with three datasets (original ERA5, COSMO-
REA6, and corrected wind speed) in 2017 and 2019.



104

(a) Station REH (Class 1) in 2017 (b) Station REH (Class 1) in 2019

(c) Station HAI (Class 2) in 2017 (d) Station HAI (Class 2) in 2019

(e) Station DOL (Class 3) in 2017 (f) Station DOL (Class 3) in 2019

Figure 4.6.: Time series plots in 2017 and 2019 for the observations, original ERA5, COSMO-REA6, and the
corrected wind speed. For clarity, only the first 1000 hours are displayed.

Cross-dataset Validation Across Different Locations

The second cross-dataset validation is conducted across different locations. For this, cross-validation

with DWD observation stations is performed by first calculating the input features at the locations of

the DWD stations. These features include the large-scale ERA5 time series and the corresponding to-
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pographic metrics of the DWD stations. The computed features are then fed into the previously trained

regression model to generate the corrected wind speed time series for DWD stations. Similar to Sec-

tion 4.1.3, this procedure does not involve retraining the model but rather applying it to new data for

validation.

The results are presented in Table 4.4. This table shows significant improvement in Class 3 stations, with

RMSE reducing from 5.07 m/s of ERA5 and 4.84 m/s of COSMO-REA6 to 2.77 m/s, PCC increas-

ing from 0.69 (ERA5) and 0.71 (COSMO-REA6) to 0.76, R2 increasing from 0.48 (ERA5) and 0.50

(COSMO-REA6) to 0.58, and KSD decreasing from 0.62 (ERA5) and 0.47 (COSMO-REA6) to 0.21.

However, this improvement is not reflected in Class 2 and Class 1 stations, where a slight increase in

RMSE and KSD and a corresponding decrease in PCC and R2 have been observed. In summary, while

the regression model significantly enhances accuracy for Class 3 stations across Germany, it fails to yield

similar improvements for Class 1 and Class 2 stations.

Table 4.4.: Comparison of statistical metrics (RMSE, PCC, R2, KSD) across the stations for each class between
DWD observations and three datasets: the original ERA5, COSMO-REA6, and the corrected wind speed time
series.

Class Statistic metrics ERA5 COSMO-REA6 Corrected

Class 1

RMSE (m/s) 1.40 1.24 1.90

PCC 0.79 0.80 0.78

R2 0.62 0.64 0.61

KSD 0.14 0.05 0.34

Class 2

RMSE (m/s) 1.96 1.71 2.08

PCC 0.73 0.79 0.74

R2 0.53 0.62 0.55

KSD 0.10 0.06 0.19

Class 3

RMSE (m/s) 5.07 4.84 2.77

PCC 0.69 0.71 0.76

R2 0.48 0.50 0.58

KSD 0.62 0.47 0.21

To further investigate the improvements observed in Class 3 stations, Table 4.5 provides a detailed com-

parison of statistical metrics across all 10 Class 3 DWD stations. The results indicate consistent im-

provement, with some stations experiencing particularly significant improvements. For instance, the

weather station Brocken exhibits significantly improved statistical indicators: RMSE decreases from

8.23 m/s (ERA5) and 7.94 m/s (COSMO-REA6) to 2.96 m/s, PCC increases from 0.79 (ERA5) and
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0.84 (COSMO-REA6) to 0.88, R2 increases from 0.62 (ERA5) and 0.71 (COSMO-REA6) to 0.77, and

KSD decreases from 0.70 (ERA5) and 0.68 (COSMO-REA6) to 0.17. Comparable improvements are

also observed in stations such as Feldberg, Großer, and Weinbiet weather stations.

Table 4.5.: Comparison of statistical metrics (RMSE, PCC, R2, KSD) for all Class 3 DWD stations between
observations and three datasets: the original ERA5, COSMO-REA6, and the corrected wind speed time series.

Station Statistic metrics ERA5 COSMO-REA6 Corrected

Brocken RMSE (m/s) 8.23 7.94 2.96

PCC 0.79 0.84 0.88

R2 0.62 0.71 0.77

KSD 0.70 0.68 0.17

Kahler RMSE (m/s) 3.03 2.83 2.11

PCC 0.86 0.84 0.86

R2 0.73 0.71 0.73

KSD 0.49 0.46 0.32

Feldberg RMSE (m/s) 6.72 6.14 3.49

PCC 0.71 0.80 0.78

R2 0.50 0.64 0.61

KSD 0.69 0.60 0.17

Fichtelberg RMSE (m/s) 6.08 5.12 4.80

PCC 0.77 0.81 0.84

R2 0.59 0.66 0.71

KSD 0.64 0.49 0.51

Großer RMSE (m/s) 4.89 4.06 2.29

PCC 0.67 0.75 0.78

R2 0.45 0.56 0.61

Continued on next page
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Table 4.5 – Continued from previous page

Station Statistic metrics ERA5 COSMO-REA6 Corrected

KSD 0.63 0.45 0.11

Hornisgrinde RMSE (m/s) 4.89 4.40 2.34

PCC 0.76 0.76 0.81

R2 0.58 0.58 0.66

KSD 0.59 0.49 0.10

Wasserkuppe RMSE (m/s) 3.96 3.03 2.00

PCC 0.71 0.80 0.77

R2 0.50 0.64 0.59

KSD 0.53 0.34 0.08

Weinbiet RMSE (m/s) 3.64 3.94 1.69

PCC 0.81 0.73 0.86

R2 0.66 0.53 0.74

KSD 0.49 0.52 0.11

Zugspitze RMSE (m/s) 6.22 5.68 3.57

PCC 0.35 0.51 0.61

R2 0.12 0.26 0.37

KSD 0.82 0.72 0.31

Mittenwald RMSE (m/s) 3.03 2.57 2.40

PCC 0.48 0.58 0.36

R2 0.23 0.34 0.13

KSD 0.60 0.41 0.26
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Meanwhile, Figure 4.7 displays scatter plots and histograms plots for six selected Class 3 stations, all

located in mountainous regions: Brocken, Hornisgrinde, Wasserkuppe, Weinbiet, Kahler, and Zugspitze
1. This figure reveals that, for all stations, the scatter plots of the corrected wind speed align more

closely with the diagonal line, indicating a stronger correlation with observed values. Additionally,

the histograms show that the corrected wind speed distribution more closely resembles the observed

distribution compared to ERA5 and COSMO-REA6, suggesting reduced biases and improved agreement

with observations. While stations such as Weinbiet and Kahler still exhibit slight underestimation in

the corrected wind speed, the downscaling process still outperforms ERA5 and COSMO-REA6. In

comparison, other stations demonstrate significant improvements. These findings further confirm the

robustness of the regression model when applied to independent datasets and different locations.

Additionally, the time series plots in Figure 4.7 provide a further comparison of the corrected wind speed

time series and the reanalysis data ERA5 and COSMO-REA6. This figure reveals a stronger overlap

between the corrected wind speed and observed data across all stations, also indicating a reduction in

biases and improved alignment with observations. However, a consistent underestimation of extreme

high wind speeds above 20 m/s is observed across all stations. This suggests that while the regression

model effectively enhances overall accuracy, it remains limited in predicting extreme wind speed.

1Zugspitze is the highest mountain in Germany with the elevation around 2962 meters above sea level (Sigmund et al.,
2019).
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(a) Station Brocken (b) Station Hornisgrinde

(c) Station Wasserkuppe (d) Station Weinbiet

(e) Station Kahler (f) Station Zugspitze

Figure 4.7.: Scatter plots and histogram comparisons for 6 representative DWD stations between observations and
three datasets: the original ERA5, COSMO-REA6, and the corrected wind speed time series.



110

(a) Station Brocken (b) Station Hornisgrinde

(c) Station Wasserkuppe (d) Station Weinbiet

(e) Station Kahler (f) Station Zugspitze

Figure 4.8.: Time series plots for 6 representative DWD stations between observations and three datasets: original
ERA5, COSMO-REA6, and the corrected wind speed. For clarity, only the first 1000 hours are displayed.

4.1.4. Summary and Discussion

In the preprocessing step, the impact of various topographic metrics, including elevation, slope, aspect,

75 km and 5 km radius TPI, and TDI, on the accuracy of ERA5 wind speed estimates is investigated.
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This preprocessing step uses a Random Forest classification model to categorize the region into three

classes based on these metrics:

- Class 1: High ERA5 quality region

- Class 2: Moderate ERA5 quality region

- Class 3: Poor ERA5 quality region

The results indicate that all considered topographic metrics play a crucial role in determining the per-

formance of ERA5, indicating their strong influence on wind dynamics. The model accuracy of the

Random Forest Classification indicates a strong performance overall, especially in Class 3 region, where

topographic influences are most pronounced. Additionally, the region classification map of Europe re-

veals that most areas fall under Class 1 regions with relatively high-quality ERA5 data, while Class 3

regions are primarily located in mountainous areas. This finding suggests that downscaling techniques

are unnecessary in regions where ERA5 already provides high-quality data. Instead, focusing on im-

proving ERA5 accuracy in complex terrain areas can significantly reduce computational effort while

enhancing overall model efficiency. This conclusion also indicates the importance of the preprocessing

step before implementing downscaling techniques.

In the regression step, the results confirm that the model is well-fitted and does not have overfitting issue,

as evidenced by the small differences in statistic metrics between training and testing datasets. The

regression significantly improves ERA5 data quality, particularly in Class 3 regions. Furthermore, the

improvement in KSD suggests that this downscaling process not only decreases statistical error but also

maintains a high degree of wind speed variability. Feature importance analysis reveals distinct influences

across different regions. In Class 1 and Class 2 regions, large-scale ERA5 data remains the dominant

predictor. In comparison, in Class 3 regions, TPI and GWD play an equally significant role in estimating

local wind speed, indicating the strong impact of topographic conditions. This also suggests that wind

speeds in Class 3 regions are heavily influenced by local terrain, whereas Class 1 and Class 2 regions,

which are predominantly composed of flat terrain, are less affected by topographic conditions.

The cross-dataset validation using MeteoSwiss observations across different years further demonstrates

a significant improvement in wind speed estimates, particularly in Class 3 stations. This demonstration

of generalizability suggests that the model can effectively apply to unseen datasets and is applicable

across different years. However, when extending the model to Germany, the results reveal a marked

improvement only for Class 3 stations. The corrected wind speeds in Class 1 and Class 2 stations show

a larger bias compared to ERA5 and COSMO-REA6.

In summary, this section describes the important role of topographic conditions in determining the spa-

tially disparate quality of ERA5 wind speed data. By establishing relationships between large-scale
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reanalysis dataset ERA5, topographic metrics, and local-scale wind speed observations using Machine

Learning, the proposed regression-based statistical downscaling method can significantly improve the

quality of ERA5 data, especially in Class 3 regions, characterized by complex terrain.

4.2. Projection of Future TRFs and Electricity Demand

This chapter presents the results of the projection of TRFs and electricity demand, based on the au-

thor’s publication ’Future electricity demand for Europe: Unraveling the dynamics of the Temperature

Response Function’ published in Applied Energy.

4.2.1. Simulating TRFs Using Piecewise Regression

As introduced in Chapter 3.2.2, to establish a statistical representation of TRFs, a piecewise regression

model is employed. The performance of this model is assessed using two statistical indicators: RMSE

and R2. Detailed RMSE and R2 values for each region and year are provided in Appendix A.3.1. Data

with R2 values smaller than 0.4, as indicated in Appendix A.3.2, are excluded from the analysis. This ex-

clusion is performed because, in such cases, the correlation between temperature and electricity demand

is not predominant, and excluding these data can enhance the accuracy of the analysis. The aggregated

results for these evaluation indicators are presented in this section. Table 4.6 lists the mean RMSE and

R2 scores across multiple years for each country. Similarly, Table 4.7 presents the mean RMSE and R2

scores across all countries for each year.
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Table 4.6.: Summary of the average RMSE and R2 for each country

Region RMSE R2 Region RMSE R2 Region RMSE R2

AT 0.143 0.690 FR 0.977 0.868 MK 0.113 0.824

BA 0.145 0.634 GB 0.147 0.728 NL 0.183 0.531

BE 0.138 0.652 GR 0.117 0.757 NO 0.087 0.918

BG 0.105 0.848 HR 0.139 0.672 PL 0.121 0.559

CH 0.120 0.775 HU 0.131 0.556 PT 0.157 0.487

CY 0.141 0.693 IE 0.153 0.613 RO 0.127 0.697

CZ 0.119 0.700 IT 0.113 0.462 RS 0.104 0.874

DE 0.141 0.545 LT 0.139 0.680 SE 0.094 0.885

DK 0.139 0.681 LU 0.130 0.496 SI 0.129 0.544

EE 0.100 0.849 LV 0.121 0.758 SK 0.133 0.631

ES 0.126 0.551 MD 0.146 0.577 UA 0.110 0.858

FI 0.092 0.868 ME 0.145 0.711 XK 0.102 0.883

Table 4.7.: Summary of the average RMSE and R2 for each year

Year RMSE R2

2015 0.133 0.700

2016 0.123 0.697

2017 0.120 0.714

2018 0.111 0.751

2019 0.123 0.704

2020 0.160 0.637

2021 0.122 0.722

2022 0.119 0.716

Meanwhile, Figure 4.9 displays the piecewise regression results for selected countries in the year 2022.

These selected regions are distributed across various geographical locations in Europe. It is apparent that

their TRFs exhibit different shapes. For example, in countries with cold or intermediate winters, such

as Norway and Germany, heating is dominant. The electricity cooling, however, is not obvious in the
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plot. In countries with warmer summers, such as Bulgaria and Serbia, although the cooling demand is

obvious, the heating effect is still more pronounced. In comparison, in countries with hot summers, such

as Greece, the cooling effect is as dominant as heating, and in Italy, the cooling is even more dominant.

(a) Norway (b) Germany

(c) Bulgaria (d) Serbia

(e) Greece (f) Italy

Figure 4.9.: Piecewise regression results for selected countries.
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4.2.2. Projecting Components of TRFs

This section presents a visualization of the dynamics of various TRF components over time. In this

context, results for four representative countries are showcased: Finland (FI), Germany (DE), Bulgaria

(BG), and Spain (ES). The following figures illustrate the evolving patterns and variations of heating

BPTs, cooling BPTs, left slopes, and right slopes over time.

Heating BPT

The change of heating BPT over time is presented in Figure 4.10. From this figure, a consistent decline

of heating BPT is observed for all scenarios compared to the baseline scenario (S0). The strict policy

scenarios (S2 and S4) exhibit a notably greater decrease than the moderate policy scenarios (S1 and S3).

Taking Germany as an example, the moderate policy scenario decreases the heating BPT from the current

approximately 15 ◦C to around 12 ◦C by 2100. In contrast, the strict policy scenario demonstrates a more

pronounced decrease, reaching around 8 ◦C before 2055 in the initial renovation stage. The reduction

then stabilizes in the second renovation stage, reaching around 7 ◦C, resulting in substantial electricity

savings.

(a) Finland (b) Germany

(c) Bulgaria (d) Spain

Figure 4.10.: Change of heating BPT over time for representative countries.
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Cooling BPT

For the cooling BPT, the opposite trend is observed, as indicated in Figure 4.11. For example, in Ger-

many, the cooling BPT increases from 20 ◦C to around 23 ◦C in the moderate policy scenario and experi-

ences a significant rise under the strict policy scenario. In the first renovation stage, it elevates to around

26 ◦C and can further reach 27 ◦C by 2100.

(a) Finland (b) Germany

(c) Bulgaria (d) Spain

Figure 4.11.: Change of cooling BPT over time for representative countries.

Left Slope

Figure 4.12 demonstrates the changes of the left slope. From this figure, it is evident that the moderate

policy scenario reveals a general decrease in the absolute value of slopes across all countries. This sug-

gests that electricity demand becomes less sensitive to cold temperatures, primarily due to improvements

in the thermal insulation of buildings.

However, a distinct trend can be observed in the strict policy scenario. In Finland and Germany, the slope

initially decreases until 2055, followed by an upward trajectory. In Bulgaria and Spain, on the other hand,

the slope experiences a slight increase until 2055, followed by a more pronounced rise until 2100. This

pattern indicates the impact of electrification on different countries. In Germany and Finland, where the

current absolute slope value is modest due to efficient thermal building performance, the implementation

of strict policies, despite the improvement in thermal insulation, can result in higher winter electricity
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demand due to an increased electrification rate. Conversely, in countries like Spain and Bulgaria, where

thermal insulation is less effective, the impact of thermal improvement on the left slope value is more

pronounced. In the long run, the collective enhancement of thermal insulation results in a substantial

increase in the absolute value of the left slope for all countries.

(a) Finland (b) Germany

(c) Bulgaria (d) Spain

Figure 4.12.: Change of left slope over time for representative countries.

Right Slope

Figure 4.13 illustrates the changes of the right slope. Regarding the right slope, in scenarios where the

space cooling penetration rate remains at the current level (S1 and S2), passive cooling demonstrates

its ability to decrease the right slope value. This effect is particularly pronounced in the strict policy

scenario (S2), where passive cooling is applied to both renovated and new buildings. This reduction is

more pronounced in warmer countries like Bulgaria and Spain. This suggests that, in the long run, the

right slope will exhibit less sensitivity to temperature, potentially reducing electricity demand during the

summer.

However, when considering scenarios with boosted space cooling penetration rates (S3 and S4), there is

a notable increase in the right slope value, especially in warmer countries. For Bulgaria and Spain, the

increase is significant in both scenarios. Notably, in Scenario S4, where passive cooling is implemented

alongside boosted space cooling, the right slope value begins to decrease after 2050. This is attributed
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to the space cooling penetration rate reaching its full potential in 2050, and the subsequent impact of

passive cooling measures.

(a) Finland (b) Germany

(c) Bulgaria (d) Spain

Figure 4.13.: Change of right slope over time for representative countries.

4.2.3. Projecting TRFs

With these essential components of the TRF established, the TRFs until the year 2100 can be constructed

using these elements. For a better visualization, Figure 4.14 presents the future TRFs for these countries

in the years 2025, 2050, and 2100.

By comparing current and future TRFs across various climate scenarios, substantial changes in the TRF

shapes become apparent. The future TRFs and time series for all countries are provided in Supplementary

Material 3 of Hu et al. (2024). The most pronounced changes are observed in Bulgaria and Spain,

attributed to a substantial increase in space cooling usage. Meanwhile, the enhancement of building

thermal insulation, addressed by both moderate and strict policies, leads to considerably larger comfort

zones compared to the present TRF. This indicates the effectiveness of policy interventions, particularly

building code regulations, in reducing the overall electricity demand.
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(a) FI in 2025 (b) FI in 2050 (c) FI in 2100

(d) DE in 2025 (e) DE in 2050 (f) DE in 2100

(g) BG in 2025 (h) BG in 2050 (i) BG in 2100

(j) ES in 2025 (k) ES in 2050 (l) ES in 2100

Figure 4.14.: TRFs in years 2025, 2050, and 2100 for representative countries.

4.2.4. Projecting Demand Time Series

After constructing the future TRFs, the relationship between temperature and electricity demand can

be determined. TRFs can be used to derive time series of electricity demand for future years using

the climate scenario data introduced in Section 3.2.1. However, to accurately reconstruct the electricity

demand time series, two additional steps are necessary. Firstly, the normalized trend components need
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to be denormalized by rescaling the data back to the minimum and maximum values of the historically

averaged trend components. Subsequently, the historical averaged seasonal components are added to

these denormalized trend components. The residual component is not included in this analysis as it serves

as an anomaly indicator and can include noise or irregularities that are not necessarily representative of

the underlying structure.

The resulting daily electricity demand time series under various scenarios for the years 2050 and 2100

are illustrated in Figure 4.15 and Figure 4.16. For clarity, only the results from ensemble realization r1

of the climate scenario data are showcased. The electricity demand time series for ensemble realization

r2 is available in Supplementary Material 4 of Hu et al. (2024).
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(a) FI RCP2.6 (b) FI RCP4.5 (c) FI RCP8.5

(d) DE RCP2.6 (e) DE RCP4.5 (f) DE RCP8.5

(g) BG RCP2.6 (h) BG RCP4.5 (i) BG RCP8.5

(j) ES RCP2.6 (k) ES RCP4.5 (l) ES RCP8.5

Figure 4.15.: Daily time series plot under different climate scenarios in the year 2050 for representative countries.
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(a) FI RCP2.6 (b) FI RCP4.5 (c) FI RCP8.5

(d) DE RCP2.6 (e) DE RCP4.5 (f) DE RCP8.5

(g) BG RCP2.6 (h) BG RCP4.5 (i) BG RCP8.5

(j) ES RCP2.6 (k) ES RCP4.5 (l) ES RCP8.5

Figure 4.16.: Daily time series plot under different climate scenarios in the year 2100 for representative countries.

After constructing the time series, the impact of dynamic TRFs becomes evident, illustrating significant

differences in the electricity demand patterns. In the case of Finland, the most significant variance

appears in the winter months (January, February, and December). In 2050, the differences between
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scenarios are insignificant for both summer and winter months; however, by 2100, under RCP 8.5, a

substantial 13.7% reduction is observed in the strict policy scenarios (S2 and S4). This phenomenon

is attributed to the combined effects of electrification rates and improved thermal insulation. While the

thermal insulation effects are in place in 2050, the impact on electricity demand reduction in scenarios S2

and S4 is less pronounced due to increased electrification rates. A similar trend in the winter months is

also observed in Germany. However, in the summer months (June, July, and August), Germany exhibits

a significant increase of the peak demand in 2050 under RCP 4.5 for S3, yet this significant increase is

balanced in S4, where passive cooling is implemented.

In comparison to Finland and Germany, warmer countries experience more substantial changes in both

the summer and winter months. For example, in winter, under RCP 2.6 in 2050, moderate and strict pol-

icy scenarios can reduce electricity demand in Bulgaria by 4.1% and 12.8%, respectively. However, for

the summer months, a significant increase in total electricity demand and peak demand can be observed.

Under RCP 4.5 in 2050, compared to S0, S3 and S4 increase total summer demand in Bulgaria by 24.8%

and 2.2%. Specifically, in Bulgaria, under the RCP 8.5 scenario, when compared to S3, the projections

indicate that the implementation of effective passive cooling measurements in S4 is expected to reduce

the electricity demand during the summer months of 2100 by around 1.1 TWh. In Spain, this reduction

is notably higher at 3.7 TWh. This implies the long-term effectiveness of passive cooling, particularly in

warmer regions.

4.2.5. Summary and Discussion

In the piecewise regression analysis, variations in the shape of the TRFs are observed across different

regions. From the mean RMSE and R2 score across different regions, on average, the RMSE is 0.114

and the R2 score is 0.671, suggesting that the piecewise model performs well in accurately estimating

the TRFs. However, it is noteworthy that certain regions, such as Italy, Luxembourg, and Portugal, have

lower R2 scores, indicating that the temperature’s influence on demand may not be strong in these areas.

Meanwhile, from the mean R2 score across different years, it is also observed that the R2 score is around

0.7, except for the year 2020, which has a lower R2 score of 0.637. This suggests that the temperature’s

influence on electricity demand in 2020 was weaker compared to other years and may have been obscured

by other influential factors. Notably, the COVID-19 pandemic occurred in 2020, and previous studies,

such as (Covid, 19; Krarti and Aldubyan, 2021; Santiago et al., 2021), have documented significant

changes in people’s behavior and demand patterns during the pandemic. These changes likely contributed

to the reduced influence of temperature on electricity demand observed in 2020.

When projecting future electricity demand, five scenarios are designed that not only take into account

the enforcement of moderate and strict building regulations but also factor in the escalating use of space

cooling. The results indicate the profound impacts of these variables on the shape of TRFs, and con-
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sequently on the time series. This finding demonstrates a significant difference in policy development

across various countries.

In colder countries where heating predominates, stringent policies are likely to lead to increased electric-

ity demand until around 2050, driven by the increase in the electrification rate. Nevertheless, this increase

is expected to be offset by a subsequent reduction in electricity demand, attributable to enhanced thermal

insulation in buildings and an optimistic renovation and new built rate. Meanwhile, in regions where

cooling demand is pronounced, the effect of moderate policy is limited. Under the moderate policy

framework, a substantial increase in electricity demand and peak loads during summer can still be ob-

served due to the significant increase in space cooling use. Under a strict policy framework, however, the

electricity demand is projected to witness a considerable reduction, potentially even returning to current

levels despite a significant increase in space cooling penetration, thanks to the implementation of passive

cooling measures. In summary, these results indicate the critical role of interventions, such as enhanced

thermal insulation and the adoption of effective passive cooling methods, in reducing future residential

electricity demand.

4.3. Influence of Dispatchable Generation and Extreme Weather Events on Energy

System Design

This chapter reveals the factors influencing the robustness of cost-optimal energy system designs, as

discussed in the manuscript ’Robustness of cost-optimal energy system designs: The role of short-term

extreme weather events and dispatchable generation’ submitted to Solar Energy. After constructing the

various SWYs as introduced in Chapter 3.3.2, these weather years are then used in the ESOM REMix

model to evaluate their influence on the energy system. The comparison is based on several key indi-

cators, including system costs, annual capacity values, electricity generation, and capacity factors (CF)

across different technologies.

4.3.1. Exogenous-RE Expansion Scenario

In the initial run of the Exogenous-RE scenario, the renewable energy generation and demand time series

from both historical and synthetic weather years are input into the ESOM REMix model. Figure 4.17

illustrates the system costs across various weather years. From the figure, it is evident that 1997 exhibits

the highest system costs among the 30 historical years. In terms of SWYs, EHY, EHY_1D, and EHY_2W

result in even higher system costs than 1997, with EHY_1D having the highest system costs. This finding

aligns with the earlier residual load analysis presented in Section 3.3.2, which identified 1997 as the most

extreme year. The higher system costs observed for EHY, EHY_1D, and EHY_2W further confirm that

the extreme high SWYs, generated using the FS statistic method and the extreme weather events method,

also present significant challenges for the energy system.
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Figure 4.17.: System costs for various weather years in the Exogenous-RE scenario for Europe.

The capacity values for various power generation technologies are presented in Figure 4.18. From this

figure, it can be observed that the capacities for both PV and wind onshore are the largest among all

technologies. In this scenario, since the renewable capacities are fixed, only the gas turbine GH4-GT

and CHP-ExCCGT capacities vary across the weather years. Among all historical and synthetic weather

years, the highest CH4-GT capacity occurs in 2015, at 273.12 GW, which is nearly 60 GW higher than the

second-highest capacity in 2011 (214.80 GW). The lowest CH4-GT capacity is observed in EHY_2W,

with only 0.71 GW. However, EHY_2W has the highest CHP-ExCCGT capacity, at 196.82 GW. While

other significantly high CHP-ExCCGT years occur in EHY_1D (189.76 GW) and EHY (184.19 GW),

years such as ELY and 1999 are among the lowest for CHP-ExCCGT capacity, with values below 1 GW.

Figure 4.18.: Hypothetical capacity values for various technologies across different weather years in the
Exogenous-RE scenario for Europe. For clarity, the capacities of reservoir hydropower and run-of-river hy-
dropower are combined into a single hydropower capacity, as they are relatively low compared to other tech-
nologies.

The variation in CH4-GT and CHP-ExCCGT capacities suggests that, although both are dispatchable

generation technologies, some years rely more heavily on one technology. To provide a clearer under-
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standing of the overall dispatchable generation capacities and improve visualization, the CH4-GT and

CHP-ExCCGT capacity values are aggregated, as shown in Figure 4.19. From this figure, it is evident

that the highest aggregated gas turbine capacity occurs in 2015, at 280.37 GW, which is about 40 GW

higher than the second-highest capacity in TMY_1W (240.44 GW) and the third-highest in 1992 (239.91

GW).

Figure 4.19.: Aggregated capacities of gas turbines CH4-GT and CHP-ExCCGT across different weather years in
the Exogenous-RE scenario for Europe.

Meanwhile, Figure 4.20 illustrates the electricity generation for each weather year. The figure shows

that the majority of electricity generation across all weather years comes from PV and onshore wind,

with PV generation remaining relatively consistent throughout the years. In addition to these sources,

offshore wind and hydropower also contribute a significant share. In contrast, gas turbines CH4-GT and

CHP-ExCCGT play a relatively smaller role in the overall electricity generation.

Figure 4.20.: Electricity generated for various technologies across different weather years in the Exogenous-RE
scenario for Europe. For better visualization, the electricity generation of reservoir hydro and run-of-river hydro
are combined into a single hydropower generation.
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In addition, Figure 4.21 presents they corresponding Capacity Factor (CF) for different technologies. CF

represents the actual energy output of an electricity-generating device divided by the energy output that

would be produced if it operated at its rated power output for the entire year (Muratori et al., 2017).

Among all technologies, CH4-GT exhibits a relatively low CF, particularly when compared to offshore

wind and reservoir hydropower. The highest CF for CH4-GT occurs in the year EHY_2W at 0.078,

which corresponds to approximately 483.7 GWh of electricity generation. A similar trend is observed

for CHP-ExCCGT, where EHY_2W has the second-highest CF (0.222), slightly lower than the year

EHY (0.222), generating approximately 382.3 TWh of electricity. However, in the year EHY_2W, both

onshore and offshore wind exhibit some of the lowest CF values, with 0.170 for onshore wind and 0.309

for offshore wind, generating approximately 1812.1 TWh and 561.5 TWh of electricity, respectively. A

similar pattern, with relatively high CF for gas turbines and lower CF for wind, is also observed in the

years EHY and EHY_1D. This suggests that, under the weather conditions represented by these years,

the system relies more heavily on gas turbines to meet demand due to the lower availability of wind

energy.

In contrast, for ELY, the CF of gas turbine is the lowest among all years, with 0.044 for CH4-GT and

0.120 for CHP-ExCCGT, generating approximately 66.3 TWh and only 0.6 GWh of electricity, respec-

tively. Meanwhile, the CF for onshore wind (0.292) and offshore wind (0.493) are the highest, gener-

ating approximately 3112.3 TWh and 895.1 TWh of electricity, respectively. This indicates that during

the weather conditions represented by ELY, the system benefits from high wind generation, reducing

the need for gas turbines, implying that ELY represents a year of favorable weather conditions for re-

newable generation. Meanwhile, it is worth noting that although the capacities of CH4-GT and overall

gas turbines are observed to be the highest in 2015, the CF for CH4-GT in 2015 (0.045) is the second

lowest among all years, only slightly higher than the lowest CF observed in ELY (0.044), generating

approximately 108 TWh of electricity.
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Figure 4.21.: Hypothetical capacity factors for various technologies across different weather years in the
Exogenous-RE scenario for Europe. The capacity factor for Run-of-river hydro is constant at 1 across all weather
years and is therefore not displayed in the figure.

To evaluate system robustness, the second model run is conducted as described in Section 3.3.3. The

robustness of each weather year is presented in the heatmap in Figure 4.22. This figure reveals that 2015

is the most robust weather year, as its system configuration can accommodate not only all historical years

but also all synthetic weather years. However, none of the other historical or synthetic weather years can

accommodate 2015. 1997 ranks as the second most robust year, capable of accommodating 35 out of
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38 years, including 27 historical years and all synthetic weather years. Following closely are TMY_1W,

2011, and EHY, accommodating 34, 34, and 33 years, respectively.

This outcome is somewhat unexpected, as the extreme years identified and synthesized in Section 3.3.2

(1997, ELY, EHY_1D, and EHY_2W) fail to accommodate certain historical years. For example, al-

though EHY_2W exhibits the second-highest system costs and the highest CF for gas turbines, it can

only accommodate 12 other years. A detailed discussion of this discrepancy is provided in Section 4.3.3.

Additionally, ELY fails to accommodate any other year, while 2005 and 2008 can only accommodate

ELY, making them the least robust years. This observation is consistent with the findings in the previous

section.

Figure 4.22.: Heatmap showing the ability of energy system configurations based on different base years in the
Exogenous-RE scenario to accommodate various test years. The x-axis at the bottom quantifies the total number
of test years satisfied by each base year configuration.
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4.3.2. Endogenous-RE Expansion Scenario

In the Endogenous-RE scenario, the system costs for various weather years are presented in Figure

4.23. Compared to the Exogenous-RE scenario, the system costs of all weather years are lower in the

Endogenous-RE scenario due to the ability to fully optimize the renewable energy capacities and, there-

fore, adapt to demand in a more cost-efficient way. However, the same conclusion can be drawn, as the

figure reveals that 1997 continues to have the highest system costs among the 30 historical years. Simi-

larly, synthetic weather years EHY, EHY_1D, and EHY_2W also have higher system costs compared to

1997, with EHY_1D being the year with the highest system costs.

Figure 4.23.: System costs for various weather years in the Endogenous-RE scenario for Europe.

The capacity values for various technologies are presented in Figure 4.24. Similar to the Exogenous-RE

scenario, in the Endogenous-RE scenario, PV and onshore wind continue to have the largest capacities

compared to other technologies. However, it is worth noting that offshore wind capacity for all weather

years is just 16.43 GW, which is the lower bound set for this scenario. This limited expansion is mainly

due to the high costs of offshore wind turbines compared to other renewable energy technologies.

Meanwhile, onshore wind capacities remain relatively consistent across the weather years, in contrast

to the more variable PV capacities. Compared to other years, PV capacities are significantly higher in

the years EHY_2W (2122.5 GW), EHY_1D (2101.3 GW), and EHY (2085.2 GW). This is likely due to

the limited wind availability in these years, and the system compensates for these extreme conditions by

expanding PV as a cost-effective solution to mitigate the impact of persistent high residual load periods.

Regarding gas turbines, the largest CH4-GT capacity is observed in 2000, with approximately 202.9 GW,

followed by 2015 at 189.8 GW, and TMY_1W with 142.4 GW. For CHP-ExCCGT, the largest capacity

is found in EHY_2W (157.7 GW), followed by EHY_1D (148.0 GW) and EHY (142.5 GW).
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Figure 4.24.: Hypothetical capacity values for various technologies across different weather years in the
Endogenous-RE scenario for Europe. For clarity, the capacities of reservoir hydro and run-of-river hydro are
combined into a single hydropower capacity.

Similar to the Exogenous-RE scenario, the aggregated gas turbine capacities are shown in Figure 4.25.

The lowest gas turbine capacity is observed in ELY, with only 113.79 GW, while the highest capacity

occurs in 2004, at 263.6 GW, followed by 2015 (249.7 GW) and 1992 (229.6 GW). These values are

lower than those in the Exogenous-RE scenario, where 2015 exhibits the highest gas turbine capacity at

280.37 GW.

Figure 4.25.: Aggregated capacities of gas turbines CH4-GT and CHP-ExCCGT across different weather years in
the Endogenous-RE scenario for Europe.

Meanwhile, Figure 4.26 illustrates the electricity generation across different weather years. From this

figure, it is clear that the majority of electricity generation comes from PV and onshore wind. The

increased electricity generation from PV in the years EHY, EHY_1D, and EHY_2W further indicates the

system’s reliance on PV expansion to compensate for high residual load conditions.
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Figure 4.26.: Electricity generated for various technologies across different weather years in the Exogenous-RE
scenario for Europe. For better visualization, the electricity generation of reservoir hydro and run-of-river hydro
are combined into a single hydropower generation.

Figure 4.27 presents the CF for various technologies across different weather years. In this scenario,

TMY_2W exhibits the highest CF for CH4-GT at 0.075, generating around 49.5 TWh of electricity.

Other years with high CH4-GT CF include 2006 (0.074), 1995 (0.073), and 1996 (0.073), while the low-

est CF is observed in 2004 at 0.043, generating 53.6 TWh of electricity. For CHP-ExCCGT, similar to

the Exogenous-RE scenario, the significantly high CF is observed in the years EHY (0.218), EHY_1D

(0.217), and EHY_2W (0.215), generating 272.5 TWh, 281.7 TWh, and 296.6 TWh of electricity, re-

spectively. The lowest CF is observed in ELY (0.134), generating only 1.4 GWh of electricity.

As with the Exogenous-RE scenario, the CF for PV remains relatively consistent across all weather years.

In contrast, onshore and offshore wind show low CF in the years EHY (0.191 and 0.315 for onshore and

offshore wind, respectively), EHY_1D (0.191 and 0.315), and EHY_2W (0.191 and 0.317), generating

1887.7 TWh, 1857.1 TWh, and 1818.4 TWh from onshore wind, and 45.4 TWh, 45.3 TWh, and 45.6

TWh from offshore wind, respectively. In contrast, ELY exhibits the highest CF for wind energy, with

0.418 for onshore wind and 0.539 for offshore wind, generating 3745.0 TWh and 77.5 TWh of electricity,

respectively, further indicating that ELY represents a year with favorable weather conditions for wind

generation. Furthermore, similar to the case of 2015 in the Exogenous-RE scenario, while 2004 has

the highest overall gas turbine capacity, its CH4-GT CF (0.043) is the lowest among all years, and the

CHP-ExCCGT CF (0.183) ranks in the middle, generating 250.4 TWh of electricity in total.
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Figure 4.27.: Hypothetical capacity factors for various technologies across different weather years in the
Endogenous-RE scenario for Europe. The capacity factor for Run-of-river hydro is constant at 1 across all weather
years and is therefore not displayed in the figure.

For the second model run, the results are presented in the heatmap in Figure 4.28. This figure reveals

that 2004 is the most robust year, capable of accommodating all historical and synthetic weather years.

1992 and 2015 emerge as the second most robust years, each accommodating 34 weather years. Close

behind are 1997, 2001, and TMY_1W, each capable of accommodating 32 years. Additionally, similar

to the Exogenous-RE scenario, ELY is the least robust year, as it fails to accommodate any other years.
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Figure 4.28.: Heatmap showing the ability of energy system configurations based on different base years in the
Endogenous-RE scenario to accommodate various test years. The x-axis at the bottom quantifies the total number
of test years satisfied by each base year configuration.

4.3.3. Summary and Discussion

Impact of Gas Turbine Usage on System Costs

Based on the previous analysis, years such as 1997, EHY, EHY_1D, and EHY_2W exhibit higher system

costs compared to other years in both scenarios. This can be attributed to a strong correlation between

system costs and the usage of gas turbines. As the usage of gas turbines increases, reflected by higher

gas turbine CF, the system relies more on gas turbine operation, leading to higher fuel consumption

and carbon costs. In contrast, years with low usage of gas turbines, characterized by lower gas turbine

CF, such as ELY in both scenarios, tend to have greater contributions from abundant renewable energy
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generation, thus having the lowest system costs. The scatter plots in Figure 4.29 confirm this relationship,

showing a high positive correlation between the overall gas turbine CF of both CH4-GT and CHP-

ExCCGT and system costs, with Correlation Coefficients (CC) of 0.89 in the Exogenous-RE scenario

and 0.83 in the Endogenous-RE scenario.

(a) Exogenous-RE scenario (CC = 0.89) (b) Endogenous-RE scenario (CC = 0.83)

Figure 4.29.: Scatter plots showing the relationship between aggregated gas turbine CF and system costs. Years
with low gas turbine CF, such as ELY, have low system costs, while years with high gas turbine CF, such as EHY,
EHY_1D, and EHY_2W, have high system costs.

Impact of Gas Turbine Capacities on System Robustness

However, higher system costs do not necessarily indicate a more robust system. As shown in the previous

sections, 2015 in the Exogenous-RE scenario and 2004 in the Endogenous-RE scenario are the most

robust weather years. A common factor between these years is that their aggregated gas turbine capacities

are the highest among all historical years. This relationship is further illustrated in the scatter plot in

Figure 4.30, which depicts the correlation between the aggregated gas turbine capacity and the number

of years satisfied. In the Exogenous-RE scenario, the CC is 0.83, while in the Endogenous-RE scenario, it

is 0.82. These high correlation coefficients also indicate a strong positive correlation between gas turbine

capacity and a year’s ability to accommodate other years, suggesting that higher gas turbine capacities

increase the likelihood of accommodating other years.
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(a) Exogenous-RE scenario (CC = 0.83) (b) Endogenous-RE scenario (CC = 0.82)

Figure 4.30.: Scatter plots showing the relationship between aggregated gas turbine capacities and the number of
years satisfied. Years with low gas turbine capacity, such as ELY, fail to accommodate any other years, while
years with high gas turbine capacity, such as 2015 in the Exogenous-RE scenario and 2004 in the Endogenous-RE
scenario, can accommodate all other weather years.

In addition to having the highest gas turbine capacities, 2015 and 2004 share another characteristic: the

CF for gas turbines, especially the CH4-GT is relatively low compared to other years. This indicates that,

despite their substantial gas turbine capacities, these turbines are less frequently used throughout the year.

However, this indicates that there may be severe extreme periods within the year that require such a high

gas turbine capacity to satisfy the demand. In other words, their operation is likely required for specific

short-term periods of high demand or low renewable generation, rather than sustained, prolonged usage.

Meanwhile, it is evident that more robust years such as 2015 and 2004 in their respective scenarios, tend

to rely more on CH4-GT, whereas years with high system costs and prolonged periods of high residual

load, such as EHY, EHY_1D, and EHY_2W, predominantly use CHP-ExCCGT. This is likely due to the

characteristics of these gas turbines. In the model configuration of this dissertation, CHP-ExCCGT has

higher investment costs compared to CH4-GT. For years with short-term periods of high residual load,

CH4-GT is the more favorable option due to its lower costs. However, when a year experiences prolonged

periods of high residual load, the system favors CHP-ExCCGT, as it can provide both electricity and heat,

making it a more cost-effective choice in the long run.

Impact of Short-term Events on Gas Turbine Capacities

To investigate whether 2015 and 2004 exhibit short-term extreme events that are the most severe among

historical years, an analysis is conducted on the periods during which the energy system configuration,
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optimized for years such as 1997, fails to accommodate 2015 and 2004 in their respective scenarios.

Specifically, periods with high slack values in the optimization results are examined.

The results reveal that, in the Exogenous-RE scenario, the system configuration of 1997 is unable to

accommodate 2015 during a critical 16-hour period (i.e., hours 1002 to 1017). To assess the extremity

of this period, a 16-hour window is rolled across the residual load time series in 2015, identifying that

the most extreme 16-hour period indeed occurs between hours 1002 and 1017, as shown in Figure 4.31a.

This period not only represents the most critical window in 2015 but also the most extreme across all

historical years, as illustrated in Figure 4.32a, which compares the cumulative residual load for the 16-

hour window across all years. Similarly, in the Endogenous-RE scenario, the system configuration of

1997 fails to accommodate 2004 due to a 17-hour critical period (i.e., hours 8321 to 8337). This has been

identified as the most extreme 17-hour event in 2004 and across all historical years, as shown in Figures

4.31b and 4.32b.

(a) Cumulative residual load in 2015 for a 16-hour window
in the Exogenous-RE scenario. The most extreme 16-hour
event occurs between hours 1002 and 1017.

(b) Cumulative residual load in 2004 for a 17-hour window
in the Endogenous-RE scenario. The most extreme 17-hour
event occurs between hours 8321 and 8337.

Figure 4.31.: Cumulative residual load in 2015 for the Exogenous-RE scenario and 2004 for the Endogenous-RE
scenario.

(a) Exogenous-RE scenario (b) Endogenous-RE scenario

Figure 4.32.: The starting hour and cumulative residual load of the most extreme 16-hour and 17-hour events for
each weather year in Exogenous-RE and Endogenous-RE scenarios, respectively. The intensity of these events,
as indicated by the cumulative residual load, shows that the most severe 16-hour event across all historical years
in the Exogenous-RE scenario occurs in 2015, starting at hour 1002, while the most severe 17-hour event in the
Endogenous scenario occurs in 2004, starting at hour 8321



138

These findings indicate the importance of short-term extreme events. In fact, the intensity of these events

is closely correlated with gas turbine capacities, as indicated in Figure 4.33. In the Exogenous-RE sce-

nario, the CC is 0.82, and in the Endogenous-RE scenario, it is 0.90. These correlations suggest that the

intensity of these short-term extreme events necessitates high gas turbine capacity, thereby contributing

to the system’s robustness in accommodating a broader range of years.

(a) Exogenous-RE scenario (CC=0.82) (b) Endogenous-RE scenario (CC=0.90)

Figure 4.33.: Scatter plots showing the relationship between the severity of extreme weather events and gas turbine
capacity, with a fixed window size. Years with low gas turbine capacity, such as ELY, exhibit low cumulative
residual load, while years with high gas turbine capacity, such as 2015 and 2004 in their respective scenarios,
show high cumulative residual load.

Window Size Selection for Short-term Events

In the previous analysis, 16-hour and 17-hour windows are identified as critical for the Exogenous-

RE and Endogenous-RE scenarios, respectively. The intensity of extreme events within these windows

strongly correlates with gas turbine capacity and, consequently, influences system robustness. However,

to determine whether these are the only influential window sizes or if other durations better represent the

extremity of extreme events, further analysis is conducted.

The analysis begins by examining the correlation between extreme event intensity and gas turbine ca-

pacity as a function of window size, as indicated in Figure 4.34. The results reveal that the window sizes

yielding the highest correlation coefficients are 17 hours in the Exogenous-RE scenario and 18 hours

in the Endogenous-RE scenario. This suggests that while the initially identified windows are close to

optimal, slightly longer windows may better capture the impact of extreme events on system robustness
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(a) Exogenous-RE scenario (b) Endogenous-RE scenario

Figure 4.34.: CC between extreme event intensity and gas turbine capacity as a function of window size. The
x-axis represents the window size, while the y-axis shows the CC. The highest CC is observed for a window size
of 17 hours and 18 hours in Exogenous-RE and Endogenous-RE scenarios, respectively.

Additionally, Figure 4.35 ranks the weather years based on the severity of the extreme events across

different window sizes. In the Exogenous-RE scenario, 2015 is the most extreme year in terms of short-

term extreme events for window sizes between 14 and 18 hours, while 1997 stands out for its long-term

extreme events, particularly for window sizes between 100 to 200 hours and 600 to 1000 hours. In the

Endogenous-RE scenario, 2004 is the most extreme year for short-term events within the 16 to 20-hour

window size.

(a) Window size until 1000 for the years 1997, 2011, and
2015 in the Exogenous-RE scenario

(b) Zoom in view until window size to 30 in the
Exogenous-RE scenario

(c) Window size until 1000 for the years 1997, 2004, and
2015 in the Endogenous-RE scenario

(d) Zoom in view until window size to 30 in the
Endogenous-RE scenario

Figure 4.35.: Ranking of the selected weather years based on the intensity of extreme events across various window
sizes for Exogenous-RE and Endogenous-RE scenarios.
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5. Limitations and Outlooks

This dissertation investigates two key uncertainties in the weather-dependent input data for ESMs: wind

speed and electricity demand. By analyzing the residual load derived from these inputs, it further ex-

amines the impact of extreme weather conditions on energy systems. However, it is important to note

that ESMs depend on a wide range of weather-driven inputs, many of which are not addressed in this

work. In the context of renewable energy generation, this study focuses exclusively on wind speed data.

Other important meteorological inputs, such as solar irradiation, including GHI and DNI, which influ-

ence solar PV potential, and hydrological data that determine hydro power inflows, are not addressed

here. Moreover, weather data influences more than just renewable energy generation. As outlined in

Section 2.3.3 and Table 2.3, extreme weather events can affect various components of the energy system,

including transmission and distribution networks, grid performance, and battery storage efficiency, and

so on. These broader impacts, however, fall outside the scope of this dissertation.

5.1. Regression-Based Statistical Downscaling Method

The proposed Machine Learning based statistical downscaling method demonstrates significant improve-

ments in ERA5 data, primarily in Class 3 regions, characterized by complex terrain. However, no sig-

nificant improvements are observed in Class 1 and Class 2 regions. One possible explanation is that the

topographic influences in these regions are so minimal that considering topographic-related features in

a machine-learning regression model would result in inaccurate predictions. However, to better correct

wind speeds in Class 1 and Class 2 regions, one possible approach is to increase the amount of training

data for the regression model. Given that the current regression model is solely trained for MeteoSwiss

data, incorporating more observations from Class 1 and Class 2 stations in diverse regions could lead

to improved outcomes. Another possibility is to incorporate topography-independent features into the

model, such as weather regimes and air pressure. These features, as previously noted in studies such as

(Brayshaw et al., 2011; Garrido-Perez et al., 2020), play a more significant role in affecting the quality

of reanalysis data in Class 1 and Class 2 regions, and should be considered accordingly.

Another limitation of the proposed statistical downscaling approach is its focus on downscaling wind

speeds at 10 meters height. In wind energy modeling, however, wind speeds at higher altitudes, typically

corresponding to wind turbine hub heights (e.g., 80 to 150 meters), are more relevant. This limitation

arises due to the limited availability of wind speed observations at these higher altitudes, as most weather

stations only record wind speeds at 10 meters. Nevertheless, the same model can be applied to downscale
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wind speeds at higher altitudes once a sufficient amount of observational data becomes available. In the

meantime, to estimate wind speeds at turbine-relevant heights, the logarithmic wind profile, or other

vertical extrapolation methods such as the power law, can be used to interpolate from the downscaled

10-meter wind speeds, as demonstrated in various studies (Tennekes, 1973; Jung and Schindler, 2021;

Xu et al., 2018; Lopez-Villalobos et al., 2022).

Additionally, the proposed statistical downscaling method shares several common limitations with other

statistical downscaling approaches. It relies heavily on high-quality, long-term observational datasets;

in this dissertation, for instance, the accuracy of the model depends significantly on the quality of Me-

teoSwiss and DWD data used for training. Furthermore, statistical downscaling methods offer limited

physical representation. Unlike dynamical models, they do not explicitly simulate atmospheric processes,

which may result in the omission of various interactions within the climate system. Lastly, one of the

most fundamental limitations is the assumption that the statistical relationships developed under current

climate conditions will remain valid in the future (Van Uytven et al., 2020; Ekström et al., 2015b). Given

the ongoing changes in local climate patterns driven by climate change, such relationships may no longer

hold, posing challenges for future applications.

It is also worth noting that the spatial resolution of the final wind speed predictions is determined by the

topographic data used. Since the topographic metrics in this dissertation are derived from a DEM with

approximately 1 km × 1 km resolution, the resulting local wind speed estimates have the same resolution.

However, in practical applications, this method can be adapted to different resolutions depending on the

DEM used.

Meanwhile, it is also worth mentioning that this dissertation focuses exclusively on the spatial downscal-

ing of wind speed. In comparison, temporal resolution is also particularly important, especially for solar

irradiation, as it affects solar PV modeling and thus influences grid stability and storage requirements.

Various temporal downscaling techniques have been widely studied in this direction (Buster et al., 2021;

Bailey et al., 2024; Castillejo-Cuberos et al., 2024; Zhang et al., 2018). For wind energy, capturing short-

term variability is also essential for accurately modeling wind power fluctuations. However, temporal

downscaling of wind speed is more challenging than solar irradiation due to the higher spatiotemporal

complexity and variability of wind patterns (Omoyele et al., 2024). Methods such as dynamic downscal-

ing, which considers sub-diurnal meteorological effects (Horvath et al., 2011), or statistical downscaling

of wind speed distributions (Shin et al., 2018; Carapellucci and Giordano, 2013; Olauson et al., 2017),

have been addressed in existing literature.

5.2. Modeling Future Electricity Demand Under Evolving TRF Conditions

The second source of uncertainty in the input data for ESMs addressed in this dissertation is electricity

demand. By examining the dynamic characteristics of the TRFs, this dissertation enables the projection
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of electricity demand under various scenario assumptions. However, electricity demand is only one

aspect of the overall energy demand modeled in ESMs. Heating and cooling demands are also crucial

components, as they represent a significant share of total energy demand and are also highly sensitive to

temperature variations. Although this dissertation does not directly model heating and cooling demands,

the derived BPTs can be used to calculate HDD and CDD, which in turn can be used to estimate heating

and cooling demand, as demonstrated in previous studies (Gils, 2015; Harvey, 2020).

When using the piecewise regression approach to construct TRFs across different countries, the model

explained in Section 3.2.2 shows good overall performance. The mean RMSE and R2 scores across

these regions are 0.114 and 0.671, respectively, as shown in Table 4.6, suggesting that the piecewise

model captures the TRFs of electricity demand reasonably well. However, certain regions, such as Italy,

Luxembourg, and Portugal, show lower R2 scores, indicating a weaker correlation between temperature

and electricity demand. These findings indicate the need for more detailed, region-specific analyses to

better understand the diverse drivers of electricity demand patterns in these regions.

Another significant limitation of the proposed method is the assumption of a constant y-value at the

knot point, which introduces uncertainties into the analysis. Given the evolving economy and population

dynamics, the y-value is unlikely to remain constant in the future. Since the y-value is influenced by

various socio-economic factors and is rarely addressed in existing literature, future research could explore

which socio-economic variables influence the y-value and how these factors impact its behavior. These

investigations can better capture the dynamic characteristics of TRFs and enable more accurate and

realistic electricity demand projections.

In addition, another notable limitation arises from the simplifications made in the scenario design, which

considers only four residential building-related variables. In reality, electricity demand is shaped by a

complex set of interrelated factors. Other socio-economic variables such as consumer behavior, evolving

thermal comfort expectations, electricity prices, and national development trajectories also play a role in

determining the form of TRFs. Additionally, technological, infrastructural, and policy-related elements,

such as the implementation of Demand Side Management (DSM) strategies for both heating (e.g., heat

pumps) and non-heating loads (e.g., electric vehicles), improvements in energy storage technologies,

enhanced grid flexibility, and cross-border electricity exchange, can also significantly affect future resi-

dential electricity demand. Expanding scenario frameworks to include these variables would contribute

to a more comprehensive understanding of potential TRF developments.

In the meantime, a substantial research gap remains in understanding how thermal insulation measures,

the adoption of heat pumps, and the application of passive cooling techniques affect the slope of TRFs.

Due to the limited availability of empirical studies, particularly on passive cooling, the assumptions made

in this dissertation rely on estimated changes to slope values. As further research becomes available,
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more evidence-based assumptions can be incorporated to reduce uncertainty and improve the robustness

of scenario outcomes.

Furthermore, the proposed method solely focuses on aggregated electricity demand, yet examining de-

mand disaggregated by sector might yield further insights, as the influence of climate is different for

different sectors (Zamanipour et al., 2023; MacMackin et al., 2019; Chang et al., 2016). Currently,

comprehensive sector-specific electricity demand data for the study regions is unavailable. Once such

data becomes accessible, sectoral disaggregation may enhance both the accuracy of piecewise linear re-

gression models and the reliability of future electricity demand projections. Moreover, the analysis is

limited to daily electricity demand. To achieve higher temporal resolution, incorporating intra-day vari-

ation based on typical demand patterns, as demonstrated in (Castillo et al., 2022), offers a promising

approach.

5.3. Incorporating Synthetic Extreme Weather Years into the ESOM

This dissertation further investigates the influence of extreme weather events by proposing several meth-

ods for identifying and generating SWYs that capture extreme weather conditions across all historical

years. The results demonstrate that traditional methods, such as TMY and other SWYs focusing on

long-term extreme weather events (e.g., 1997 and EHY), fail to deliver energy system configurations

that accommodate all historical weather years. This indicates the need for more representative weather

years that can better capture the extreme conditions relevant to energy systems modeling. However, it is

important to note that while years with long-term extreme events, such as 1997 and EHY, may not ac-

commodate every historical year, they still successfully cover the majority of them. This is particularly

important in Endogenous-RE scenarios, where residual load calculations prior to optimization are not

possible.

One key limitation of the proposed SWYs generation method is the lack of spatial resolution in the

analysis. Extreme events identified in the overall residual load do not necessarily reflect similar patterns

across each country within the model. Different countries may experience varying weather conditions,

which could affect residual load differently. Future work should incorporate spatial variation to provide a

more detailed understanding of how extreme events affect different regions and improve the applicability

of the findings.

Another limitation concerns the definition of extreme events, which varies widely across studies. In this

dissertation, two types of extreme events are identified to generate synthetic weather years. The first,

introduced in Section 3.3.2, defines extreme conditions as periods where residual load exceeds the 95th

percentile of all historical residual loads. The second, described in Section 3.3.2, identifies one-day,

one-week, and two-week extreme events based on the periods with the maximum consecutive residual

load across all years. However, there is no widely recognized framework for defining and quantifying
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weather conditions in the context of energy systems (Kittel and Schill, 2024). Once such a standardized

approach is developed, future research could align the criteria used in this study with widely accepted

definitions, making the generated synthetic weather years more reliable and consistent with established

standards.

Furthermore, while SWYs proposed in this dissertation are designed to represent extreme conditions,

they may not fully capture the variability of extreme events in reality. These SWYs may be overly gener-

alized or fail to capture other critical short-term extreme events not included in the analysis. Additionally,

the deterministic approach used in this dissertation may not reflect long-term variability in climate pat-

terns, potentially leading to less accurate representations of extreme conditions. Future research could

explore stochastic methods to provide a more comprehensive investigation of synthetic weather years,

better accounting for the uncertainty and variability in climate data.

The proposed approach also reveals that extreme weather events, particularly short-term events, are key

factors in determining system robustness. However, it is important to note that demand-side management

techniques, such as demand shedding and shifting, as well as the use of hydrogen in gas turbines, are not

considered within the scope of the model. While short-term extreme weather events play a critical role in

system robustness, demand-side management could mitigate the impacts of these extreme periods. Once

short-term events are addressed using such techniques, long-term extreme weather events may become

more critical for system robustness, as they may require sustained capacity adjustments over extended

periods.

Meanwhile, sector-coupled ESOMs are highly sensitive to inputs and the model scope. The complex

interactions between system components can either mitigate or amplify the impact of extreme weather

events. For example, while 17-hour and 18-hour extreme events are critical in the findings, other factors,

such as various storage technologies, might play an important role in mitigating the short-term extreme

events. However, storage capacities do not significantly affect the handling of short-term extreme events,

as shown in Figure A.7 and Figure A.8 in the Appendix A.4. This suggests that, within such short time

frames and with events encompassing a wide geographical scope, gas turbines are more competitive than

storage technologies. Future studies could explore scenarios where storage technologies become more

competitive and investigate their role in enhancing the system’s robustness. Similarly, incorporating a

wider range of dispatchable generation technologies, including geothermal energy, biomass energy, and

nuclear power, as applicable, in the assessment can enhance the understanding of system operation and

improve flexibility during periods of low wind and solar resource availability.

Besides the storage technologies, renewable energy performance or broader geospatial scope, may also

significantly influence the system’s robustness. These additional factors could lead to different results

and conclusions. Future research may also aim to identify a minimum viable model scope that can
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effectively capture the influence of extreme weather events. This would isolate the impact of short-

term extreme events by eliminating the influence of other factors, providing a clearer understanding

of their role in system robustness. As model complexity increases, more comprehensive analyses are

needed to investigate the interaction between extreme weather events and system components. This

simplified model could serve as a foundational tool for identifying critical weather patterns and their

impacts without the complexity of full-scale sector coupling. Building on the findings of this study,

future research can refine methodologies for designing robust energy systems that are resilient to a wide

range of extreme weather conditions.



6. Conclusions

This dissertation addresses three critical sources of uncertainty in long-term energy systems modeling:

the limitations of coarse spatial resolution in weather input data, the challenges in projecting electricity

demand under varying climate and policy scenarios, and the influence of extreme weather events on

system robustness. To mitigate these uncertainties, distinct methodologies are developed and applied to

each source of uncertainty.

To improve the spatial resolution of input weather data, this dissertation focuses on wind speed and

indicates the crucial role played by topographic conditions in determining the spatially disparate quality

of ERA5 wind speed data. Complex terrain regions, as characterized as Class 3 regions through the

preprocessing step, show the highest degree of inaccuracies in the ERA5 wind speed data. To address

this, a Machine Learning based statistical downscaling approach is developed to downscale ERA5 data

using local observations and topographic features. The robustness of the regression model is evaluated by

comparing its output against measurement and other reanalysis data across different years and locations.

The method proves effective in improving data quality, particularly in complex terrain regions, enabling

downscaling from a 31 km × 31 km resolution to resolutions as fine as 1 km × 1 km, depending on

the resolution of the DEM used. Unlike existing studies that focus solely on wind speed distribution

downscaling, site-specific downscaling, or computationally intensive dynamic downscaling methods,

this approach offers a scalable and computationally efficient solution for large-scale ERA5 wind speed

downscaling. It emphasizes the critical role of topography in local wind speed estimation and requires

only simple inputs, enabling accurate, high-resolution local wind resource assessment.

To project future electricity demand, a comprehensive method that incorporates dynamic changes in

Temperature Response Functions (TRFs) is proposed. The results indicate that compared to using sta-

tionary TRFs, incorporating dynamic changes can lead to significant differences in future electricity

demand patterns. The results reveal that the impact of policy intervention on electricity demand differs

across regions. In northern and intermediate European countries, an increase in winter demand until

around 2050 is anticipated due to the increase in electrification rates. However, improving the thermal

insulation for buildings could potentially lead to decreased winter demand in the long run. Conversely, in

Southern European countries, increased space cooling usage is projected to significantly increase sum-

mertime electricity demand. Addressing this increase may require investments in more flexible energy

systems to manage peak demands. One proposed solution is the implementation of effective passive

cooling measures in residential buildings, which could significantly reduce electricity demand during the
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summer months. Overall, this dissertation presents the first known study to model the dynamics of TRFs

in the context of future policy and climate change. By capturing the dynamic nature of TRFs, shifts in

demand patterns under varying climate and policy interventions can be identified, ultimately providing

more realistic projections of future electricity demand.

To address the uncertainty posed by extreme weather events, this dissertation explores the critical role

of short-term extreme weather events in influencing the capacities of dispatchable generation technolo-

gies, such as gas turbines, and therefore determining the robustness of energy system designs to different

weather conditions. By generating and applying historical and Synthetic Weather Years (SWYs) in

two energy system configuration scenarios, Exogenous-RE and Endogenous-RE scenarios, this disserta-

tion demonstrates that traditional approaches like Typical Meteorological Year, as well as contemporary

methods for creating SWYs, fail to fully capture the extreme conditions required for designing weather-

robust systems. The results show that robust energy systems exhibit the highest gas turbine capacities

and are designed using years with the most extreme short-term events among all historical years. Com-

pared to existing literature, which primarily focuses on the generation of representative weather years,

this dissertation not only integrates extreme weather events into the generation of SWYs but also focuses

on residual load, which is rarely addressed in current studies. By analyzing two energy system scenarios,

this dissertation reveals a strong correlation between the capacity of dispatchable generation, short-term

extreme events, and overall system robustness.

In summary, this dissertation contributes to a deeper understanding of how to enhance the accuracy,

adaptability, and robustness of energy system models. The proposed statistical downscaling method

enables energy modelers to generate high-resolution wind speed data. The dynamic demand modeling

framework provides a valuable foundation for demand projection by capturing the evolving relationships

between temperature, residential buildings, and electricity demand. The analysis of extreme weather

events offers practical guidance for selecting or SWYs for energy system optimization or simulations,

especially when designing systems that are robust to extreme weather conditions. By addressing these

key uncertainties, this dissertation offers a comprehensive framework to support more informed and

robust energy planning for policymakers, stakeholders, and energy system modelers.





A. Appendix

A.1. Overview of Passive Cooling Technologies

Figure A.1.: Overview of various passive cooling technologies, sourced from the study by Song et al. (Song et al.,
2021).



A.2. Alternative method to project left slope

Section 3.2.4 describes a method for projecting the left slope, using Sweden’s left slope value as a

benchmark. This choice is based on Sweden’s high electrification rate and effective thermal insulation

in residential buildings. In this section, an alternative approach is presented that incorporates both the

electrification rate and U-value for a more comprehensive analysis.

A.2.1. Electrification Rate

In Europe, the electrification rate differs by country. The residential heating electrification rate used in

this section is extracted from the JRC database (European Commission, 2015). Figure A.2 presents the

electrification rate for different countries across Europe.

Figure A.2.: Electrification rate in European countries.

To depict the relationship between the electrification rate and the left slope value. Figure A.3a presents a

linear correlation between these two variables. The linear regression model only yielded an R2 score of

0.073, indicating a poor fit. However, the plot also reveals the presence of influential outliers, particularly

observed in the data from Portugal and Cyprus. After excluding these outliers, the R2 score experiences

a substantial increase, reaching 0.166 as indicated in Figure A.3b. From this plot, a discernible trend



can be observed: as the electrification rate increases, the left slope value decreases. This suggests a high

sensitivity of electricity demand to temperature fluctuations, potentially leading to an increased demand.

(a) All study countries (b) After excluding Portugal and Cyprus

Figure A.3.: Scatter plots for electrification rate and left slope value

A.2.2. U-value

Another critical factor influencing electricity demand is the thermal insulation of buildings. Assess-

ing the thermal insulation performance of building materials often involves using thermal transmittance,

commonly known as the U-Value. The U-value represents the rate at which heat is transferred through

a material or building element (such as walls, windows, roofs, or floors) due to a temperature difference

between the inside and outside environments. The lower the U-value, the better the material is at insulat-

ing and retaining heat, which contributes to improved energy efficiency and reduced heating and cooling

demands in buildings.

The U-value is calculated as the inverse of the total thermal resistance, Rtotal, of the material or building

element, which accounts for all layers, including insulation, air gaps, and other structural components.

The formula to calculate the U-value is illustrated in Equation A.1.

U =
1

Rtotal
(A.1)

Where:

- Rtotal is the total thermal resistance of the material, and R for a single material layer is calculated

by R = d/k.

- d is the thickness of the material (in meters).

- k is the thermal conductivity of the material (in watts per meter Kelvin, W/m·K).

- For multi-layer structures, the total thermal resistance is the sum of the individual resistances of

each layer Rtotal = Rlayer 1 +Rlayer 2 + · · ·+Rlayer n.



However, determining a country-wise U-Value for all buildings is challenging. This difficulty arises

because the U-Value, measuring the insulation performance of materials, varies across different compo-

nents of buildings, such as floors, walls, ceilings, and windows, each typically constructed with different

materials and consequently possessing distinct U-Values. Furthermore, even if representative U-Values

for different building components are known in each country, the challenge persists due to variations in

building topology among different countries. The distribution of different building components varies,

making it exceptionally challenging to derive a country-wise U-Value that accurately represents the di-

verse range of buildings.

To address this challenge, the U-values for floors, walls, ceilings, and windows are first extracted from

Entranze (Entranze, 2008), a database documenting such values for 29 European countries. Given the

diverse building topologies observed in both single and multi-family houses, the number of these houses

per country is also extracted from the same data source. To delineate the specific topology for these two

housing types, the TABULA WebTool (TABULA, 2015) database is used, which catalogues "average

buildings" for single and multi-family houses across 16 European countries. These "average buildings"

represent theoretical structures with geometrical and thermo-physical characteristics mirroring the av-

erage within each building stock subset (TABULA, nd). While acknowledging variations in topology

within countries, for the sake of simplicity and to address missing data for some European countries, the

averaged proportions of floors, walls, ceilings, and windows for both single and multi-family houses are

calculated. These averaged values serve as representative indicators for all European countries. The per-

centage distribution of areas for each building component is summarized in Table A.1. Hence, applying

this proportion data, the country-specific U-values can be calculated for building stocks, as illustrated in

Figure A.4.

Table A.1.: Proportions for Floor, Wall, Windows, and Ceilings in Residential Buildings.

Building type Floor Wall Window Ceiling

Single-family house 26.9% 40.1% 7.9% 25.1%

Multi-family house 19.5% 48.9% 13.0% 18.5%



Figure A.4.: Representative U-values for the building stock.

Additionally, a linear regression between the U-value and the left slope value is conducted, as represented

in Figure A.5. The R2 score for the linear regression is 0.090. However, similar to the electrification rate

analysis, the presence of two notable outliers, namely Portugal and Cyprus, is evident, as showcased in

Figure A.5b. By excluding these outliers, the R2 score improves to 0.176. Notably, the plot reveals a

trend: with an increase in the U-value, the slope value decreases. This suggests that in poorly insulated

houses, electricity demand is more sensitive to temperature fluctuations, consequently leading to an

increase in electricity demand.

(a) All study countries (b) After excluding Portugal and Cyprus

Figure A.5.: Scatter plots for U-value and left slope value



A.2.3. Multiple Linear Regression

Based on the analysis from the preceding section, linear correlations between the electrification rate,

U-value, and left slope value can be observed. However, the R2 scores for these individual linear corre-

lations are suboptimal. To address this, a multiple linear regression technique is applied to establish a

more robust statistical relationship involving the electrification rate, U-value, and left slope value. Mul-

tiple linear regression is a statistical method used to model the relationship between a dependent variable

and multiple independent variables. Unlike simple linear regression, which considers only one predictor,

multiple linear regression allows for a more comprehensive analysis by incorporating multiple factors.

The multiple linear regression is realized using Scipy python package. The result is presented in the

Equation A.2. Meanwhile, the scatter plot between the left slope value and the prediction is presented in

Figure A.6.

mle f t =−0.0527 · γ −0.0092 ·U −0.0186 (A.2)

Where:

- mle f t is the left slope value.

- γ is the Electrification Rate.

- U is the Country-specific representative U-value for all residential buildings.

Figure A.6.: Scatter plots for left slope value and the predictions.

The results reveal a substantial increase in the R2 score to 0.389, indicating the effectiveness of the

multiple linear regression model. However, it is important to acknowledge the limitations imposed by

the current sample size, inevitably introducing variability that may impact the reliability of the R2 score

as a statistical indicator for the regression results. However, once more comprehensive information, such



as U-values and building topology data for additional countries and years are available, more robust and

reliable regression results can potentially be achieved. Despite these limitations, the established equation

remains valuable for left slope projections when applied to future scenarios that involve electrification

rates and U-values.

A.3. Statistical Indicators

A.3.1. Statistical Indicators for All Countries and Years

The corresponding RMSE and R2 scores for all studied countries and years (2015–2022) using piecewise

regression are summarized in Table A.3.

Table A.3.: Summary of the statistic indicators for all studied countries and years

Region Year R2 RMSE Region Year R2 RMSE

AT 2015 0.474 0.175 IT 2016 0.057 0.171

AT 2016 0.709 0.14 IT 2017 0.175 0.143

AT 2017 0.767 0.126 IT 2018 0.167 0.135

AT 2018 0.828 0.104 IT 2019 0.296 0.135

AT 2019 0.698 0.144 IT 2020 0.126 0.217

AT 2020 0.581 0.173 IT 2021 0.295 0.147

AT 2021 0.72 0.141 IT 2022 0.462 0.113

AT 2022 0.740 0.143 LT 2015 0.639 0.146

BA 2018 0.622 0.154 LT 2016 0.783 0.102

BA 2019 0.659 0.112 LT 2017 0.636 0.127

BA 2020 0.622 0.170 LT 2018 0.778 0.121

BA 2021 0.313 0.168 LT 2019 0.703 0.127

BE 2015 0.693 0.132 LT 2020 0.442 0.198

BE 2016 0.649 0.143 LT 2021 0.718 0.140

Continued on next page



Table A.3 – continued from previous page

Region Year R2 RMSE Region Year R2 RMSE

BE 2017 0.725 0.122 LT 2022 0.740 0.151

BE 2018 0.725 0.134 LU 2015 0.192 0.131

BE 2019 0.685 0.132 LU 2016 0.186 0.137

BE 2020 0.438 0.180 LU 2017 0.347 0.119

BE 2021 0.663 0.132 LU 2018 -0.015 0.214

BE 2022 0.640 0.127 LU 2019 0.420 0.148

BG 2015 0.849 0.113 LU 2020 0.270 0.225

BG 2016 0.848 0.098 LU 2021 0.539 0.130

BG 2017 0.828 0.115 LU 2022 0.530 0.112

BG 2018 0.893 0.094 LV 2015 0.733 0.118

BG 2019 0.829 0.103 LV 2016 0.882 0.081

BG 2020 0.827 0.121 LV 2017 0.747 0.121

BG 2021 0.847 0.092 LV 2018 0.845 0.109

BG 2022 0.865 0.101 LV 2019 0.769 0.126

CH 2015 0.807 0.117 LV 2020 0.596 0.163

CH 2016 0.719 0.126 LV 2021 0.779 0.107

CH 2017 0.815 0.113 LV 2022 0.710 0.144

CH 2018 0.832 0.101 MD 2020 0.511 0.147

CH 2019 0.750 0.116 MD 2021 0.638 0.143

CH 2020 0.729 0.137 MD 2022 0.582 0.147

CH 2021 0.753 0.124 ME 2015 0.777 0.143

CH 2022 0.792 0.122 ME 2016 0.747 0.135

Continued on next page



Table A.3 – continued from previous page

Region Year R2 RMSE Region Year R2 RMSE

CY 2017 0.684 0.153 ME 2017 0.718 0.143

CY 2018 0.740 0.133 ME 2018 0.642 0.154

CY 2021 0.656 0.137 ME 2019 0.722 0.143

CZ 2015 0.656 0.125 ME 2020 0.746 0.149

CZ 2016 0.690 0.117 ME 2021 0.666 0.146

CZ 2017 0.744 0.101 ME 2022 0.671 0.146

CZ 2018 0.756 0.093 MK 2018 0.851 0.100

CZ 2019 0.614 0.125 MK 2020 0.769 0.152

CZ 2020 0.596 0.181 MK 2021 0.842 0.103

CZ 2021 0.788 0.107 MK 2022 0.834 0.099

CZ 2022 0.759 0.104 NL 2015 0.495 0.172

DE 2015 0.398 0.133 NL 2016 0.485 0.192

DE 2016 0.489 0.128 NL 2017 0.578 0.170

DE 2017 0.576 0.120 NL 2018 0.628 0.160

DE 2018 0.563 0.107 NL 2019 0.633 0.164

DE 2019 0.399 0.136 NL 2020 0.405 0.228

DE 2020 0.415 0.218 NL 2021 0.471 0.204

DE 2021 0.609 0.145 NL 2022 0.637 0.173

DE 2022 0.619 0.128 NO 2015 0.889 0.100

DK 2015 0.659 0.148 NO 2016 0.933 0.071

DK 2016 0.749 0.115 NO 2017 0.918 0.09

DK 2017 0.630 0.148 NO 2018 0.934 0.081

Continued on next page



Table A.3 – continued from previous page

Region Year R2 RMSE Region Year R2 RMSE

DK 2018 0.800 0.118 NO 2019 0.922 0.083

DK 2019 0.615 0.160 NO 2020 0.882 0.114

DK 2020 0.498 0.176 NO 2021 0.948 0.067

DK 2021 0.797 0.101 NO 2022 0.917 0.089

DK 2022 0.698 0.141 PL 2015 0.364 0.143

EE 2015 0.789 0.118 PL 2016 0.509 0.137

EE 2016 0.882 0.082 PL 2017 0.519 0.122

EE 2017 0.821 0.112 PL 2018 0.612 0.107

EE 2018 0.911 0.087 PL 2019 0.424 0.125

EE 2019 0.846 0.096 PL 2020 0.296 0.200

EE 2020 0.778 0.122 PL 2021 0.593 0.146

EE 2021 0.886 0.088 PL 2022 0.696 0.089

EE 2022 0.880 0.092 PT 2015 0.618 0.135

ES 2015 0.607 0.135 PT 2016 0.438 0.197

ES 2016 0.421 0.155 PT 2017 0.489 0.152

ES 2017 0.595 0.131 PT 2018 0.459 0.159

ES 2018 0.515 0.131 PT 2019 0.377 0.161

ES 2019 0.447 0.132 PT 2020 0.245 0.218

ES 2020 0.372 0.178 PT 2021 0.475 0.139

ES 2021 0.638 0.091 PT 2022 0.439 0.157

ES 2022 0.631 0.110 RO 2015 0.657 0.149

FI 2015 0.819 0.103 RO 2016 0.757 0.122

Continued on next page



Table A.3 – continued from previous page

Region Year R2 RMSE Region Year R2 RMSE

FI 2016 0.895 0.071 RO 2017 0.775 0.110

FI 2017 0.851 0.094 RO 2018 0.790 0.109

FI 2018 0.912 0.080 RO 2019 0.662 0.123

FI 2019 0.862 0.089 RO 2020 0.612 0.153

FI 2020 0.818 0.115 RO 2021 0.670 0.130

FI 2021 0.909 0.088 RO 2022 0.651 0.116

FI 2022 0.881 0.097 RS 2016 0.886 0.101

FR 2015 0.890 0.086 RS 2017 0.898 0.088

FR 2016 0.876 0.096 RS 2018 0.886 0.102

FR 2017 0.893 0.083 RS 2019 0.876 0.102

FR 2018 0.883 0.092 RS 2020 0.834 0.125

FR 2019 0.865 0.098 RS 2021 0.839 0.119

FR 2020 0.789 0.134 RS 2022 0.897 0.093

FR 2021 0.877 0.095 SE 2015 0.843 0.109

FR 2022 0.875 0.097 SE 2016 0.918 0.072

GR 2015 0.749 0.123 SE 2017 0.882 0.096

GR 2016 0.797 0.112 SE 2018 0.922 0.080

GR 2017 0.771 0.110 SE 2019 0.884 0.093

GR 2018 0.752 0.113 SE 2020 0.834 0.120

GR 2019 0.773 0.111 SE 2021 0.917 0.080

GR 2020 0.703 0.134 SE 2022 0.878 0.106

GR 2021 0.747 0.112 SI 2015 0.388 0.161

Continued on next page



Table A.3 – continued from previous page

Region Year R2 RMSE Region Year R2 RMSE

GR 2022 0.763 0.124 SI 2016 0.411 0.148

HR 2015 0.660 0.129 SI 2017 0.493 0.120

HR 2016 0.622 0.139 SI 2018 0.512 0.117

HR 2017 0.713 0.134 SI 2019 0.273 0.152

HR 2018 0.761 0.111 SI 2020 0.535 0.157

HR 2019 0.651 0.163 SI 2021 0.674 0.118

HR 2020 0.596 0.170 SI 2022 0.640 0.114

HR 2021 0.642 0.160 SK 2015 0.513 0.156

HR 2022 0.733 0.110 SK 2016 0.636 0.120

HU 2015 0.311 0.155 SK 2017 0.722 0.105

HU 2016 0.458 0.127 SK 2018 0.728 0.096

HU 2017 0.539 0.109 SK 2019 0.655 0.125

HU 2018 0.608 0.106 SK 2020 0.612 0.173

HU 2019 0.434 0.134 SK 2021 0.675 0.149

HU 2020 0.540 0.182 SK 2022 0.505 0.137

HU 2021 0.674 0.142 UA 2018 0.898 0.106

HU 2022 0.634 0.115 UA 2019 0.853 0.111

IE 2015 0.615 0.161 UA 2021 0.823 0.113

IE 2016 0.627 0.161 UK 2015 0.670 0.155

IE 2017 0.610 0.152 UK 2016 0.707 0.156

IE 2018 0.679 0.140 UK 2017 0.759 0.130

IE 2019 0.681 0.132 UK 2018 0.780 0.129

Continued on next page



Table A.3 – continued from previous page

Region Year R2 RMSE Region Year R2 RMSE

IE 2020 0.464 0.203 UK 2019 0.791 0.125

IE 2021 0.617 0.119 UK 2020 0.660 0.187

IT 2015 0.356 0.125 XK 2022 0.883 0.102

A.3.2. Statistical Indicators for Excluded Dataset

After conducting piecewise regression to simulate the TRFs, data with R2 values below 0.4 are excluded

to improve the accuracy of the subsequent analysis. The excluded data and corresponding statistical

indicators are provided in Table A.4.

Table A.4.: Overview of the excluded dataset and corresponding RMSE and R2

Region Year R2 RMSE Region year R2 RMSE

BA 2021 0.313 0.168 SI 2015 0.388 0.161

HU 2015 0.311 0.155 SI 2019 0.273 0.152

LU 2015 0.192 0.131 ES 2020 0.372 0.178

LU 2016 0.186 0.137 IT 2016 0.057 0.171

LU 2017 0.347 0.119 IT 2017 0.175 0.143

LU 2018 0.148 0.214 IT 2018 0.167 0.135

LU 2020 0.27 0.225 IT 2019 0.296 0.135

PL 2015 0.364 0.143 IT 2020 0.126 0.217

PL 2020 0.296 0.2 IT 2021 0.295 0.147

PT 2019 0.377 0.161 DE 2015 0.398 0.133

PT 2020 0.245 0.218 DE 2019 0.399 0.136



A.4. Storage Capacities in Exogenous-RE and Endogenous-RE Scenarios

The following figures, Figure A.7 and Figure A.8, illustrate the capacities of various storage technologies,

including H2 Cavern, H2 Tank, Heat Storage, and Lithium-Ion Batteries, in both the Exogenous-RE and

Endogenous-RE scenarios. It is interesting to see that years such as 1997 and 2011, which exhibit long-

duration periods of extremely high residual load, lead to considerably higher capacities of H2 cavern

storage. This indicates that when renewable shortfalls persist over extended periods, the model favors

long-duration storage technologies capable of shifting energy over the long term. In contrast, years

like 2015 and 2004 are characterized by short-term but high residual load spikes, which the system

predominantly addresses through significantly higher gas turbine capacities. These technologies provide

cost-effective, fast-ramping flexibility that is better suited for managing short-term extreme events.

However, it is worth mentioning that this duration-driven sensitivity is observed only for H2 caverns. For

other storage technologies, such as H2 tanks, lithium-ion batteries, and heat storage, the model does not

reveal a clear or consistent variation in installed capacity across years. This suggests that, compared to

long-term storage solutions such as H2 caverns, these short-term storage technologies are deployed more

uniformly, likely reflecting their role in smoothing daily or intra-day fluctuations rather than reacting to

long-term stress events.

(a) H2 cavern capacities (b) H2 tank capacities

(c) Heat storage capacities (d) Lithium-Ion battery capacities

Figure A.7.: Storage capacities of various technologies in the Exogenous-RE scenario. Pumped hydro and reservoir
hydro are not presented here as their capacities remain constant across all weather years.



(a) H2 cavern capacities (b) H2 tank capacities

(c) Heat storage capacities (d) Lithium-Ion battery capacities

Figure A.8.: Storage capacities of various technologies in the Endogenous-RE scenario. Pumped hydro and reser-
voir hydro are not presented here as their capacities remain fixed across all weather years.
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