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ABSTRACT

INTRODUCTION  The Dutch electricity grid is becoming increasingly congested as electrification in-
creases and the share of solar and wind energy continues to grow. This congestion is driven by a
mismatch between when electricity is generated and when it is consumed, leading to overloaded
transmission lines and the curtailment of renewable energy. To maintain reliable grid performance
in the future, policymakers and grid operators need insight in what and where to invest in energy
technologies at a regional level. These insights must account for electricity flows in the transmission
network and identify when cost-based trade-offs in the optimal system configuration arise to better
account for investment uncertainties and make robust policies.

TenneT currently uses the detailed PLEXOS and PowerFactory /PSSE models for long-term grid plan-
ning, but their long run-times limit the use for quick insights into the Dutch electricity grid. Fast
analysis is becoming increasingly needed to handle the increasing amount of inquiries from policy
makers from the Dutch state and industries. This thesis investigates whether a simplified model, built
in the open source software PyPSA, can deliver quantitative results to support early-stage planning,
particularly in scenarios involving offshore electricity and its integration with electrolysers, which
are currently in high priority when planning future scenarios.

The research uses optimisation techniques to allocate installed capacities of electricity technologies
and calculate power flows under Netbeheer Nederland’s 2040 Koersvaste Middenweg scenario, and
it is designed in collaboration with TenneT experts to ensure the outputs are relevant and usable.
The research includes: 1) defining key model performance indicators, 2) assessing how to reliably
add offshore wind energy and electrolysers to the model, 3) quantitatively testing the PyPSA model
against the PLEXOS model, and 4) defining which cost-based trade-offs take place in the system con-
figuration. These findings will help to answer the main research question:

How can a PyPSA model of the Dutch transmission grid be designed and validated to support opti-
mal capacity expansion planning for the 2040 Koersvaste Middenweg scenario, including offshore
wind, electrolysers, and cost-driven trade-offs between technologies?

METHOD  For this thesis, a PyYPSA model was developed and tested in an iterative way. Their results
are validated against de results from TenneT’s detailed models, specifically from the Energy System
Planning teams. The PyPSA model is used to optimise and allocate electricity generation capacities
and calculate power flows through the grid. After that, the EMA Workbench was used as a toolbox
to systematically explore uncertainty in investment costs and to analyse when important cost-based
trade-offs in the system configuration appear.

The PyPSA model is developed in three phases. First, the Netherlands is modelled as a single node
to replicate TenneT’s current dispatch single node model, PLEXOS. The results of this phase are
'validated” by comparing the optimised capacities results from PyPSA with those from PLEXOS. Nor-



mally, validation is done by comparing model results with historical data rather than future projec-
tions. However, in this thesis it is referred to as validation because TenneT considers the PLEXOS
model to be a reliable and trusted reference model. Second, the model is expanded to include the
transmission network, so that power flows and grid constraints are included. Load flow results from
this phase are then compared with TenneT’s PowerFactory /PSSE models. In the final phase, offshore
wind farms and electrolysers are added to the model to study their impact on the electricity system
and the grid. Also these model results gets compared to the previous model results.

After validation, all model phases are analysed using the EMA workbench. In this step, uncertainties
in the investment costs of the most important technologies are explored by varying the costs between
—20% and +40%. This makes it possible to identify how sensitive the results are to cost assumptions
and to understand when cost-based trade-offs happen between different technologies.

RESuULTs  Across all modelling phases, one conclusion is very stable: large amounts of solar capac-
ity are cost-effective. Because solar output is variable, the system then needs supporting technologies
to keep supply and demand balanced. In the single-node model, the PyPSA-based results show a
higher deployment of batteries and gas to provide flexibility, while the PLEXOS-based results show
a relatively stronger role for offshore wind. A likely reason for this difference is that cost assumptions
are represented in a more detailed way in PLEXOS. When transmission grid constraints are included,
the model results show a higher cost-optimal use of offshore wind. This is explained by its coastal
location near large industrial demand centres, which reduces long-distance electricity transport and
congestion within the network. This shows an important modelling lesson: including the network
changes investment decisions, not only because of costs, but because location and congestion start to
matter.

The comparison of load flow results indicates that the PyPSA-based results represent the overall flow
patterns reasonably well. It does not match every individual line perfectly, which is expected because
of simplifications like clustered substations and because PyPSA is built for long-term optimisation
rather than operational grid security. Still, about 70-75% of the flow directions match the results of
the TenneT models, and the overload results point to the same corridors that appear in TenneT’s re-
inforcement plans. This increases confidence that the PyPSA model can identify the same patterns as
TenneT’s models.

Adding electrolysers and a hydrogen layer leads to another key insight: higher electricity use does
not automatically mean more generation capacity is built. In the model, electrolysers mainly run
in hours with surplus electricity and low prices, so they increase yearly electricity consumption but
do not increase the system peak hour that drives capacity expansion. Because of this, the total op-
timal installed capacities results stay the same when electrolysers are added. Sensitivity analyses,
especially halving the investment costs of nuclear energy, show that PyPSA-based results responds
to cost changes in a similar way to PLEXOS-based results, confirming that the models behave in the
same way.

Results from the EMA Workbench analysis shows that the future electricity system depends strongly
on uncertain investment costs. Instead of pointing to one single ‘optimal” solution, the results show
that the system can take several typical configurations. A key result is that the system balances costs,
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emissions, and flexibility. Different technologies play different roles in this balance. Gas CCGT helps
keep investment costs and peak electricity prices low and makes the system easier to operate, but
it strongly increases CO, emissions and operating costs. Offshore wind does the opposite: it raises
investment costs but lowers emissions and operating costs. In some cases, it can still lead to higher
peak prices, because expensive OCGT backup plants are needed when wind production is low. Solar
energy combined with batteries provides clean electricity and helps reduce peak prices, but it re-
quires very large installed capacities and depends heavily on affordable storage. Gas OCGT mainly
acts as flexible backup power and often works together with offshore wind, but when it runs during
peak moments it can increase electricity prices. Nuclear power hardly appears in the results and only
becomes relevant when its investment costs are strongly reduced, showing that it is not competitive
under the current assumptions.

An effort was also made to improve the computation time of the PyPSA model, so that it would run
significantly faster than the PLEXOS model. The most detailed version of the PyPSA model, which
includes the transmission network and electrolysers, currently requires about one and a half hours
to simulate a full year with hourly resolution. Previously, this calculation took more than a day. By
applying time-step aggregation methods, the runtime can be shortened even further, in some cases
to around five minutes. This shows that the PyPSA model can be used for fast analysis of the Dutch
transmission grid, especially when a slightly lower temporal resolution is acceptable.

coNcLusioN Important insights of the analysis in this thesis are that PyPSA can be used to sup-
port early-stage planning, particularly in scenarios involving offshore wind energy and electrolysers,
and that even small changes in investment costs can shift the system from one configuration to an-
other. At the same time, the system is still able to meet electricity demand in all cases. This aligns
with recent energy modelling research, especially in the field of structural uncertainty analyses, or
Modelling to Generate Alternatives, that looks beyond a single “‘optimal” solution and instead studies
a range of possible outcomes. These results suggest that the future electricity system is not fragile,
but its structure strongly depends on which technologies become cheaper or more expensive over
time. Different technology combinations can all work, but they lead to different trade-offs in flexi-
bility, emissions or costs. For policymakers, this shows that robust planning, so being prepared for
future changes in investment costs, is more important than focusing on one single ‘optimal” future
pathway. Multiple pathways should be ready to be deployed as time goes.

This thesis contributes to faster analysis of the Dutch electricity grid compared to existing methods.
By testing different model setups, this thesis demonstrates how optimisation runtimes can be re-
duced while maintaining results that are similar to existing models. Finally, the thesis highlights that
optimal solutions are sensitive to cost uncertainty and that there are multiple system configurations
that can fulfil system needs. For policy analysts, it is therefore important to take these cost uncertain-
ties into account and to look for flexible solutions that perform well under different assumptions. A
practical first step would be to model different system configurations under a range of cost assump-
tions, then test these outcomes using structural uncertainty analysis. Based on this, a roadmap can
be developed that does not rely on one single set of assumptions but remains robust under different
conditions.
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1 INTRODUCTION

In recent years, the Dutch electricity grid has come under growing pressure due to the mismatch
between when electricity is generated and when it is consumed (Netherlands Enterprice Agency,
2023). During the day, the increasing supply of solar energy leads to temporary surpluses, while
electricity demand peaks in the evening (Van Someren et al., 2025). This growing imbalance between
supply and demand causes grid congestion, leading to curtailment of excess electricity, and shortages
later in the day (Schermeyer et al., 2017; Van Someren et al., 2025). If unmanaged, these imbalances
could lead to reliability issues such as the 2025 Spain-Portugal blackout (ENTSOE, 2025; Fotis et al.,
2023).

1.1 THE NEED FOR SIMPLIFIED ELECTRICITY GRID MODELLING

To address this, TenneT, the Dutch Transmission System Operator (TSO) and the government are ex-
ploring different solutions, including grid reinforcement, strategic planning for new developments
such as wind parks, demand side response, and industrial expansions (Netherlands Enterprice Agency,
2025). A key challenge in this planning process is identifying where and when congestion will arise,
how severe it will be, and which policies offer the most impact.

Currently, TenneT uses a energy system model called PLEXOS to calculate long-term dispatch, mar-
ket simulations and investment optimisations (Energy Examplar, 2025). The model uses detailed
operational data from all generators, demand centres and cross-border interactions across Europe to
perform an optimisation of the electricity system. At the moment, PLEXOS is applied as a single-
node model, where each country is represented as one aggregated node. However, steps are cur-
rently being taken to regionalise the model, so that internal grid structure and spatial differences
within countries can also be represented in future analyses.

Even though the results are presented at a single-node level, PLEXOS produces highly detailed out-
puts. Because of this level of detail and the size of the model, the computation time is relatively long
(Nweke et al., 2012); internal sources have reported that one run can take up to six days on a fast
computer to run an investment optimisation model. Afterwards, a power flow simulation has to be
done in PowerFactory/PSSE, which increases the waiting time even more (DIgSILENT, 2026). As
questions from policymakers become more frequent and time-sensitive, there is a growing need for a
faster tool that can produce quick, reliable estimates that is within a certain bandwidth of the PLEXOS
and PowerFactory /PSSE results. Such a tool would support early-stage planning by offering timely
insights into future grid bottlenecks, expansion costs, and development options of generation tech-
nologies or batteries.



This thesis responds to that need by developing a simplified Dutch transmission grid model, built
with the open source toolbox PyPSA (Brown et al., 2018). A tool that TenneT, specifically their Energy
Systems Planning - Systems Outlook (EPN-SO) team, has recently begun investing in for internal use.
The aim is to test whether such a model can provide quantitative, policy-relevant results for early-
stage investment planning, particularly in scenarios involving offshore electricity and electrolysers,
since this is high priority knowledge for TenneT in the upcoming years.

1.2 INFORMATION GAP ON OFFSHORE WIND ENERGY AND ELECTROLYSERS

At the moment, the Netherlands has ten active offshore wind parks, which have a cumulative in-
stalled capacity of 4.7 GW (RVO, 2024). Offshore wind energy is expected to grow in the upcoming
years: the next goal is 21 GW in 2031, and 30-40 GW before 2040 (Rijksoverheid, 2025). Even though
the timeline and exact capacity of new installations are still being decided, they will clearly have a
major impact on the electricity system since it will strongly influence how the rest of the electricity
system needs to be designed (Hermans, 2025). A system with a high share of offshore wind requires
enough supporting technologies, such as storage, flexible generation, and hydrogen production to
remain reliable at all times (Durakovic et al., 2023; North Sea Wind Power Hub, 2021). In addition,
electricity must be transported from offshore landing points to areas with high demand without
causing congestion in the grid (Schermeyer et al., 2017). Energy system modelling provides a way to
study these challenges and to explore how different technology choices and locations can support a
reliable and cost-effective electricity system in the future.

In scenarios from Netbeheer Nederland (2025), electrolysers and hydrogen are going to play a signifi-
cant role in the Dutch energy supply in the upcoming years. This is partly due to the European Com-
mission’s REPowerEU initiative that sets out to cover 10% of the EU’s energy needs with hydrogen
(European Commission, 2026). By producing or consuming hydrogen alongside the variable offshore
wind supply, the ups and downs of wind power are expected to be balanced (Martinez-Gordon et al.,
2022). However, it is still unclear how much hydrogen supply will be needed in the future, where
hydrogen production should be located, and how this will affect the electricity grid. These questions
are important for TenneT’s future investment strategy and should therefore be studied in more detail.

1.3 TRADE-OFFS IN ENERGY SYSTEM OPTIMISATIONS

Even though energy system modelling is important for providing quantitative insights for policy-
makers, researchers increasingly agree that purely cost-optimisation models do not fully represent
the real-world energy transition (Neumann & Brown, 2023; Trutnevyte, 2016). These models usually
point to one ‘optimal” solution based on a fixed set of cost assumptions. However in reality many
of these costs, such as future technology prices, are uncertain and can change over time, which can
strongly influence model outcomes (Neumann & Brown, 2021).

Because of these uncertainties, policy analysts should not focus only on the single lowest-cost so-
lution calculated by a model. Instead, they should also look at the alternative solutions when key
assumptions change. Small variations in costs, additions of factors such as societal acceptance, or



changes in other inputs can lead to different system configurations. Understanding the different
types of uncertainty in energy modelling, and how to respond when alternative solutions occur is es-
sential for developing energy policies that remain robust under a range of possible conditions, rather
than relying on one fixed outcome.

1.4 THESIS SCOPE AND OUTLINE

Netbeheer Nederland (2025) created three future scenarios that describe possible developments in
the Dutch energy system towards the year 2040. These scenarios are widely used by Dutch System
Operators, including TenneT. Each scenario reflects different assumptions about factors such as tech-
nological progress, government policy, and the pace of the energy transition. They provide a way to
explore how different futures might affect the design and performance of the power system, and its
data can be found in the Energy Transition Model (ETM) (Energy Transition Model, 2025):

o Koersvaste Middenweg (KM) or Steady Middle Course scenario represents the expected pathway
of the Dutch energy transition based on current trends and existing policy ambitions. A key
feature of this scenario is a strong and rapid electrification of energy use. This means that many
sectors, such as transport, heating, and industry, increasingly switch from fossil fuels to elec-
tricity. To keep the total energy demand balanced, electricity is complemented by other energy
carriers, for example, hydrogen, biogas, or heat networks in areas where full electrification is
not yet practical. In the Koersvaste Middenweg scenario, the total electricity demand in 2040 is
projected to be 373 TWh per year, which is in the middle of all the scenarios.

¢ Eigen Vermogen (EV) or Own Power scenario describes a future in which the Netherlands fo-
cuses strongly on energy independence and self-sufficiency. In this scenario, national policy,
politics, and market developments are all aimed at producing as much energy domestically as
possible, reducing reliance on imports. The country invests heavily in flexibility, large-scale
heat networks, and the use of green hydrogen to balance energy supply and demand across
different sectors. The scenario also assumes a rapid electrification of industry, transport, and
buildings. In the Eigen Vermogen scenario, total electricity demand in 2040 is projected to reach
442 TWh per year, the highest among the three Netbeheer Nederland scenarios.

o Gezamenlijke Balans (GB) or Shared Balance scenario describes a future in which European coop-
eration and coordination are at the heart of the energy transition. In this scenario, the Nether-
lands works closely with neighbouring countries to develop a interconnected energy system.
The shift toward sustainability in different sectors follows a hybrid approach, where both elec-
trification and the use of gases play important roles. The existing gas infrastructure continues
to be used for a mix of energy carriers such as natural gas, green gas, biofuels, and blue hydro-
gen. In this scenario, the total electricity demand in 2040 is projected to be 323 TWh per year,
which is lower than in the other two scenarios.

TenneT recently carried out a study similar to this thesis, in which a capacity expansion optimisation
was performed using the PLEXOS model. This study was conducted together with the external con-
sultancy firm Guidehouse. It was based on the KM scenario, which represents the middle pathway
of the three future scenarios (Guidehouse & TenneT, 2025). For this reason, the KM scenario is also



chosen as the main focus of this thesis. While the Guidehouse report analyses the years 2030, 2035,
and 2040, this thesis only analyses for the year 2040. And instead of looking at incremental steps for
future investment, this thesis focuses on what the system design should look like in 2040 to ensure
cost-effectiveness.

This thesis proposal is structured to provide a logical path toward answering the research questions.
Chapter 2 presents the research formulation, starting with a state-of-the-art literature review, fol-
lowed by the research questions and the relevance of this thesis. Chapter 3 describes the research de-
sign, outlining the methods used to answer each research question, the overall structure of the study,
and the data sources. Chapter 4 introduces the theoretical framework and explains the key concepts,
theories, and definitions that form the basis of this research. Chapter 5 focuses on the conceptualisa-
tion of the model and describes its design and structure. Chapter 6 details the data preparation, and
assumptions used in the modelling process. The results of the analysis are presented in Chapter 7,
followed by Chapter 8, which discusses the findings and outlines the limitations of the study. Finally,
Chapter 9 presents the conclusions. Together, these chapters form the foundation of the thesis and
show how the research is carried out in a structured way.



2 RESEARCH FORMULATION

This chapter provides an overview of existing research and tools related to electricity grid modelling.
The goal is to understand what tools have already been developed, what the considerations are in
electricity grid modelling, and it talks about some European case studies. It then discusses where
current limitations or gaps exist, after which de research questions are formulated. The chapter ends
discussing the relevance of the thesis.

2.1 STATE OF THE ART LITERATURE REVIEW

A literature review will be conducted with the aim to understand the scientific background of electric-
ity grid modelling, the challenges associated with lightweight optimisation energy modelling tools,
the implications of integrating offshore wind energy and electrolysers, uncertainties in energy mod-
elling, and lastly a review about European case studies.

2.1.1  Search strateqy

The search strategy will be designed to align closely with the research problem: the need for sim-
plified, yet reliable, electricity system models for early-stage planning under conditions of rising
electrification and growing system complexity.

Searches will be conducted using academic databases such as Research Gate, Science Direct, Springer-
Link, and Google Scholar. Key search queries will include combinations of the following terms:

“simplified electricity grid model” OR “reduced complexity power system model”.
» “PyPSA applications” OR “open-source power system modelling”.

¢ "offshore wind energy integration modelling" OR "offshore energy hub modelling".
e “electrolyser integration modelling” OR “sector coupling in electricity systems”.

e “electricity grid congestion” AND “Netherlands” OR “Europe”.

e “validation of energy models” OR “model comparison energy planning”.

These terms will be iteratively refined based on the initial results. The queries will be selected to help
understand the practical problem (grid congestion and planning challenges in the Netherlands) into
broader scientific themes: model complexity, quality, speed trade-offs, and integration of emerging
technologies into system models.



Inclusion criteria will consist of:

o Peer-reviewed academic papers and technical reports published from 2015 onward.

¢ Studies modelling national or regional electricity grids, preferably using open-source tools.

o Research that develops, compares, or validates simplified models.

o Studies involving integration of offshore wind energy and/or electrolyser integration.
Exclusion criteria will include:

e Articles focused only on market simulation without network modelling.

o Country-specific case studies lacking methodological depth or generalisability.

e Commercial model documentation that does not explain model logic.

The results of the search will be synthesised thematically to support the development of the concep-
tual framework and sub-questions. This approach will ensure that the review is methods-driven,
academically grounded, and methodologically robust.

2.1.2 Literature synthesis

The literature on electricity system modelling is diverse, and ranges from very detailed optimisation
tools used by system operators to lightweight models designed for flexibility and speed. This review
is organized around four themes: model complexity, offshore wind energy and electrolyser integra-
tion, uncertainties in energy modelling, and existing opens-source energy modelling frameworks,
specifically in European studies.

Model complexity

Energy system optimisation models are essential for understanding energy systems and supporting
policy decisions. In this thesis, the focus will be on electricity and a bit on hydrogen, but other forms
of energy such as heating and gas are out of scope. As electricity systems become more detailed
due to rising flexible demand, electrification and varying renewable resource potential, models often
become more complex (Hoffmann et al., 2021). Characteristics of complex systems are path depen-
dency, links between time steps, non-linear relationships between components, discrete decisions,
and system size (Priesmann et al., 2019). This increase in model complexity can bring both benefits
and challenges (Nolting & Praktiknjo, 2022).

The main benefit of model complexity is that it allows more detail to be included, such as intermit-
tent renewable energy sources, storage technologies, and sector interconnections (Hoffmann et al.,
2021). Greater complexity also enables higher temporal and spatial resolution, meaning that models
can capture variation across shorter time steps and smaller regions (Hoffmann et al., 2021). It is often
assumed that added detail provide more nuanced results that better reflect real system behaviour
(Priesmann et al., 2019).



However, the challenges of model complexity are higher computational costs, longer run-times, and
higher data quality needs (Hoffmann et al., 2021). Complex models are harder to interpret and more
difficult to explain to non-experts. Also, more complex models don’t always give more qualitative
results, especially when input data is uncertain or poor (Nolting & Praktiknjo, 2022). This is a com-
mon issue in long-term scenario analysis, where lots of future uncertain data is needed.

So the appropriate level between model complexity and quality needs to be deliberated. There is an
insightful part of Box (1976) his research paper that underlines this:

Since all models are wrong, the scientist cannot obtain a ‘correct” one by excessive elab-

oration. ... Just as the ability to devise simple but evocative models is the signature of
the great scientist, so overelaboration and overparametrization is often the mark of medi-
ocrity.

To manage the line between complexity and quality, the literature mentions several recommendations
(Priesmann et al., 2019). The first is using the right type of electricity grid modelling. Priesmann et al.
(2019) compared two types of models, one without transmission limits and one with transmission
constraints, and it showed that the second showed more similar results to historical electricity prices
and dispatch schedules. The study recommends that in cases of small increase of computational costs,
especially in large models, to use the more complex model. The second is time-coupling constraints,
for example for dispatched or dynamic storage units. If the number of time steps is large and mul-
tiple time-coupling variables are present, solver time will increase significantly. Thirdly and lastly,
temporal, spatial and technological resolution. Increasing temporal and spatial resolution results in
an exponential growth in solving time and model size, while its impact on accuracy is low. For exam-
ple, using representative days through clustering can better preserve the impact of solar and wind
fluctuations than simply adding more time steps (Hoffmann et al., 2021).

To summarize the complexity dilemma: the more detailed the system, the more complex the model
needs to be. However more complexity also increases uncertainty, reduces transparency, and de-
mands more resources (Nolting & Praktiknjo, 2022). In many cases, a simpler model may be more
useful, especially when data is limited, when decisions need to be made quickly, or when results
must be communicated to non-technical audiences. Most importantly is a close cooperation between
modellers and users to truly unlock the potential of models for its purposes (Siisser et al., 2022).

Integration of offshore wind energy and electrolysers

On an European level, offshore renewable energy sources will increase significantly in the upcoming
years to support the goal of net zero greenhouse gas emissions by 2050 (North Sea Wind Power Hub,
2021). This is reflected in the Dutch government’s ambition to install 30-40 GW of offshore wind ca-
pacity by 2040 (Hermans, 2025). Depending on the capacity factor used, this could roughly match the
Netherlands’ total electricity consumption in 2024, which was 374 PJ (or, 103.611 GWh) (Energie Be-
heer Nederland, 2024). However, the variable nature of wind energy means that production does not
always align with demand. To manage this mismatch, forms of energy storage are essential (North
Sea Wind Power Hub, 2024).



Two main storage options are discussed: batteries and hydrogen storage (Feijoo et al., 2022). While
small-scale battery storage is already common, large-scale battery deployment faces several chal-
lenges (Van Someren et al., 2025). These include high costs, the use of scarce raw materials, and the
need for grid connections, which are difficult given the current congestion issues on the Dutch elec-
tricity grid (Ronde, 2025; Vandebron, 2023). As a result, hydrogen is seen as a promising alternative.
It can function both as an energy source and an energy carrier, which can be used as a long-term
storage medium, offering flexibility and transportability (Xing et al., 2018).

Hydrogen is especially interesting when it is combined with offshore wind energy (North Sea Wind
Power Hub, 2024). Offshore wind farms often produce large amounts of electricity, sometimes more
than what is needed on land at that moment. When this happens, the extra electricity cannot always
be transported or used and is therefore curtailed. By using this surplus offshore wind electricity to
produce hydrogen, curtailment can be reduced and the energy can be stored in another form, which
can be used in other sectors, such as industry or transport. Many studies agree that producing hydro-
gen from offshore wind can lower curtailment and reduce total system costs (Durakovic et al., 2023;
Gea-Bermudez et al., 2023; Liith et al., 2023; Martinez-Gordén et al., 2022). In theory, this makes the
electricity system more efficient and better suited for a high share of renewable energy.

However, recent developments show that hydrogen ambitions have slowed down (Hermans, 2025).
Expected cost reductions have not been realised as anticipated, and hydrogen demand hasn’t grown
as fast as planned (Hermans, 2025). As a result, several hydrogen projects have been delayed or re-
considered, which raises questions about the short- and medium-term role of hydrogen in the energy
system.

Most existing research focuses on offshore wind and hydrogen integration at the level of the North
Sea region or multiple countries combined (Durakovic et al., 2023; Glaum et al., 2024; Martinez-
Gordon et al., 2022). Much less attention has been given to the specific effects of connecting offshore
wind farms and electrolysers to only the Dutch electricity grid. This local perspective is important, be-
cause grid congestion, industrial demand locations, and infrastructure constraints strongly influence
how these technologies perform in practice. More research is therefore needed to better represent
offshore wind and electrolysers in Dutch electricity system models and to understand their role in
supporting the energy transition.

Modelling practices in European case studies

PLEXOS is a tool that is used by TenneT, and a few other European TSO’s for energy system modelling
(Spasi¢, 2023). It simulates electricity dispatch in great detail, but usually represents an entire coun-
try as a single node. In recent years, there has been a shift to modelling energy systems from a GIS
perspective that are open-source and also includes geographical dimensions (Valdes et al., 2020). The
most used model is PyPSA, which is developed at TU Berlin (Brown et al., 2018; Henke et al., 2022;
Limpens et al., 2024; Valdes et al., 2020). Another noteworthy open-source energy system model is
Calliope, which is developed at TU Delft (Pfenninger & Pickering, 2018). While the two models are
very similar, there are some properties that differentiate the two.



According to Pfenninger and Pickering (2018), Calliope is a framework to build energy system mod-
els, designed to analyse systems with arbitrarily high spatial and temporal resolution. Its formulation
of energy system components was influenced by the power nodes modelling framework by Heussen
et al. (2010) and cleanly separates the general framework (code) from the problem-specific model
(data) (Pfenninger & Pickering, 2018). One of the biggest advantages of Calliope is its intuitive in-
terface which makes it easy for non-programmers to use the model. However, Calliope does not
account for in-depth power flow simulations (Valdes et al., 2020).

PyPSA is an open-source tool for simulating and optimising modern power systems across multi-
ple time periods (Brown et al., 2018). It bridges the gap between traditional power system analysis
software and broader energy system modelling tools. PyPSA supports operational and investment
optimisation, full and linearised load flow calculations, and is designed to handle variable renew-
ables, storage, sector coupling, large networks, and long time series efficiently (Brown et al., 2018).

Both Calliope and PyPSA have been used in research to support the planning of energy grids. Valdes
et al. (2020) have used both to make a framework for regional smart energy planning for the optimal
location and sizing of small hybrid systems. Henke et al. (2022) compared the two, but eventually
built their analysis of dynamic power sector expansion in OSeMOSYS. Limpens et al. (2024) also com-
pared the two, after which they made their own model, EnergyScope Pathway, to better capture time
resolution. While many more research has been done with these models, these were most interesting
ones because they contained comparisons between them.

In this thesis, PyPSA is selected over other open-source tools like Calliope because PyPSA is as of time
of writing the thesis the most widely used open-source energy modelling tool, and because of path
dependency of internal TenneT processes. This is because it offers a good balance between model
transparency, computational efficiency and in-depth power-flow calculations. It is well-documented,
actively maintained, and widely used and validated in European contexts, which makes it a trusted
choice for system-level analysis (Unnewehr et al., 2022). PyPSA has also already been used to re-
search the integration of offshore wind energy and to what extend hydrogen should play a role
(Glaum et al., 2024). However, not much is known about energy system modelling with PyPSA for
TSO’s.

Parametric and structural uncertainty of energy modelling

A recent study by Bock and Pfenninger-Lee (2025) discusses that there are different views within the
modelling community on truth, objectivity and that the way that results are presented are influenced
by explanatory power. Seeing models as tentative emphasizes flexibility and supports informed
decision-making, while treating them as objective truths may restrict perceived options and transfer
decision-making power to the model. To address these tensions, the authors call for diverse mod-
elling teams and greater discussion of epistemic beliefs. For this thesis, it is important to remember
that optimisation models often generate one ‘optimal’ outcome even though there are many near-
optimal outcomes, therefore it should not be discussed as the absolute truth.

In recent years, there is the growing consensus that cost-optimisation energy models on their own
are not sufficient for energy policy analysis, because they do not fully reflect how the real world
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works (Trutnevyte, 2016). These models usually identify one ‘optimal” solution based on a fixed set
of assumptions. However, focusing on a single optimal outcome can be short-sighted, especially in a
complex system like the energy transition, where many different actors are involved, interests often
conflict, and future developments are highly uncertain (Lombardi et al., 2025; Yue et al., 2018).

Researchers distinguish between two main types of uncertainty in energy system models: parametric
and structural uncertainty (DeCarolis et al., 2017). Parametric uncertainty refers to uncertainty in the
input values of the model, such as future technology costs or fuel prices (Trutnevyte, 2016). Structural
uncertainty refers to uncertainty in how the model itself represents the energy system, including the
mathematical relationships that describe how the system develops and operates (Neumann & Brown,
2021). In recent years, there’s a growth of studies on structural uncertainty, such as by a technique
called Modelling to Generate Alternatives (Lombardi et al., 2025; Neumann & Brown, 2021). These
models are well suited to explore system designs that prefer other factors beyond costs, such as so-
cial acceptance, asset values or compromises between stakeholders (Lombardi et al., 2020; Lombardi
et al., 2025; Neumann & Brown, 2023).

Parametric uncertainty focuses on the fact that many input values used in models are not known with
certainty, such as investment costs, fuel prices, or technology performance (DeCarolis et al., 2017). In-
stead of treating these numbers as fixed, parametric uncertainty analysis explores how changes in
these values affect the outcomes of a model. Traditionally, this kind of analysis has been done by
varying one or a few parameters at a time to see how sensitive the results are to each assumption. In
recent years, there has been increasing interest in approaches that look more broadly at this kind of
uncertainty, known as decision making under deep uncertainty (Kwakkel, 2017). Deep uncertainty
refers to situations where experts and decision-makers do not fully agree on the system itself, the
most important outcomes to consider, or even the probability distributions of uncertain inputs, mak-
ing it difficult to agree on future conditions (Haasnoot et al., 2013; Walker et al., 2013).

The EMA Workbench, developed by researchers at TU Delft, is a toolbox designed to support this
type of exploration by allowing many uncertain input parameters to be varied systematically and
repeatedly across a wide range of values (Kwakkel, 2017). Instead of manually testing a few combi-
nations, the toolbox runs many model experiments automatically and helps analyse how outcomes
change across all of them. The emphasis is not on predicting one future, but on exploring many plau-
sible combinations of assumptions and identifying patterns, vulnerabilities, and trade-offs in the
results. This approach fits well with the PyPSA model in this thesis, because the goal is exploratory
rather than predictive. To keep the analysis manageable within the time frame of the thesis, only
investment costs of technologies will be tested, as these are expected to have the most impact. Apply-
ing parametric uncertainty analysis with the EMA Workbench to a PyPSA model has not been done
before, which makes this thesis academically relevant.

2.1.3 Articulation of knowledge gaps or novelty

The literature shows a knowledge gap in model complexity when building electricity models. Greater
complexity enables higher temporal and spatial resolution, however it also results in higher compu-
tational costs, longer run-times and higher data needs. They are also harder to interpret and explain
to non-experts. Faster, simplified models are needed, but these need to be of enough detail for poli-
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cymakers. A middle ground needs to be found for good tooling.

Another gap is about the integration of offshore wind energy and electrolysers in simplified models.
Hydrogen is expected to play a role in balancing supply and demand in future energy systems. Most
studies look at the inclusion of offshore wind energy and electrolyser on a North Sea scale, while
there’s little research on the Netherlands on its own, and the effects on its transmission network.

A third gap in the literature is the limited use of simplified, open-source energy system models by
TSO’s, especially models based on PyPSA. However, there is still limited research on how well these
simplified models perform in practice. In particular, it is not always clear whether they produce
results that are broadly consistent with more detailed and resource-intensive tools such as PLEXOS.
This raises an important question about the reliability and usefulness of simplified open-source mod-
els for real-world capacity expansion planning.

Finally, there has been little to no research that combines deep uncertainty analysis with a PyPSA
model using the EMA Workbench. In most parametric uncertainty studies, only a few input values
are changed one at a time. While this can show sensitivity to individual assumptions, it does not
explore the full range of ways a system might behave when many uncertain factors vary together.
A more systematic and exploratory approach makes it possible to see how combinations of uncer-
tain investment assumptions affect model outcomes and to identify cost-based trade-offs between
different technologies. It also helps show which system configurations remain relatively stable when
investment assumptions change. These kinds of insights are important for designing energy policies
that are strong and useful across a wide range of plausible conditions, rather than relying on a single
set of assumptions.

This thesis addresses these gaps by testing whether offshore wind energy and electrolysers can be
added to a simplified PyPSA-based model, if this can give the same optimisation outputs as more
complex models, and to test what trade-offs occur between technologies. The goal of this thesis is
to make a model for TenneT that can make quick data-backed optimisations without needing large,
time-consuming models. By focusing on a practical use case with real data and stakeholder input,
the research helps bridge the gap between academic modelling and energy planning.

2.2 RESEARCH OBJECTIVE

This section presents the main research question and sub-questions that guide this thesis. The aim of
the research is to add offshore wind energy and electrolysers to a simplified electricity grid model us-
ing PyPSA, to support early-stage investment planning in the context of the Dutch energy transition,
to validate the results with data from TenneT experts, and to find cost-based trade-offs in the system
configuration. The research takes an optimisation based approach and explores whether a simplified
model can deliver results that are of sufficient quality to inform policy decisions while remaining
computationally efficient. To address this, the following research questions are formulated:
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Main question:

How can a PyPSA model of the Dutch transmission grid be designed and validated to support opti-
mal capacity expansion planning for the 2040 Koersvaste Middenweg scenario, including offshore
wind, electrolysers, and cost-based trade-offs between technologies?

To answer the main research question, four sub-questions are formulated to ensure a systematic anal-
ysis and to address all relevant aspects of the problem.

Sub-questions:

1. What are key indicators to assess the results of electricity capacity expansion planning?
2. How can offshore wind energy and electrolysers be reliably added to the PyPSA model?
3. How can the quality of a simplified PyPSA model be tested against a PLEXOS model?

4. Which trade-offs emerge in the electricity mix under different cost assumptions in the 2040 Ko-
ersvaste Middenweg scenario?

The sub-questions break the main research question into four parts, each addressing a key element
needed to evaluate the usefulness of a PyPSA model for TenneT. The first identifies which perfor-
mance indicators are most relevant for addressing electricity grid expansion and investments, pro-
viding a clear target for what the model should optimise. The second assesses how offshore wind
energy and electrolysers can be added to the PyPSA model while giving reliable results. The third
explores if the PyPSA model can be meaningfully compared against the PLEXOS model. For this
comparison to be valid, PyPSA should not only produce results that are similar to those of PLEXOS,
but it should also respond in a similar way when input parameters are changed. The fourth discusses
the policy implications and cost-based trade-offs around system configuration results.

2.3 RELEVANCE

This research can be valuable for different types of organisations if carried out successfully. It ad-
dresses a complex societal challenge, applies open-source energy modelling methods in a practical
context, and is designed for practical use by a TSO. This section outlines its relevance for these organ-
isations.

2.3.1  MSc Engineering and Policy Analysis relevance

The congestion of the electricity grid is a highly urgent, costly, and complex challenge, a key element
of the Engineering and Policy Analysis (EPA) programme. If not addressed properly, it may lead to
blackouts, as the grid struggles to function when it’s lines are overloaded (Netherlands Enterprice
Agency, 2023). Expanding the grid seems like an obvious solution, however it is capital-intensive and
time-consuming, making it essential for policymakers to carefully prioritise where reinforcements are
most needed and what the trade-offs are in each location. The addition of two new components, off-
shore electricity and electrolyser integration, make this case extra complex.
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An additional source of complexity is the interconnected nature of the electricity grid across Euro-
pean countries. For example, in Spring of 2025, the power systems of Spain and Portugal experienced
a black out that also affected parts of France (ENTSOE, 2025). Today, the situation is made more com-
plex by the growing share of intermittent solar and wind energy, rising electrification from electric
vehicles and heat pumps, and uncertainty about how the energy system will evolve in the coming
decades (Netherlands Enterprice Agency, 2023). Small changes in demand or generation can have
large effects on grid stability, which often fluctuates on short timescales. This makes it essential to
analyse the system as a whole, considering how different factors influence each other over time.

This thesis is relevant to the EPA programme because it connects a pressing societal challenge, elec-
tricity system congestion, to the tools and methods of EPA. By developing a simplified optimisation
model of the Dutch electricity grid, the thesis aims to support policy decision making using the sys-
temic and analytic ways of thinking that is taught at the EPA programme. The research applies mod-
elling and stakeholder analysis which are central to the EPA curriculum, to support credible, relevant,
and useful policy advice.

2.3.2 Scientific relevance

The main scientific contribution of this thesis is the development and extensive validation of a open-
source optimisation model of the Dutch electricity grid using PyPSA. Existing models primarily fix-
ate on 1) the whole European continent and 2) one optimisation, while this thesis focuses on 1) the
Netherlands and 2) a range of uncertainties and possible outcomes. The focus on the Netherlands
is because of the importance of regionalised data and speed of the model, to support Dutch energy
policy decision-making.

In doing so, this thesis supports the broader scientific understanding of how to balance complex-
ity and quality in electricity grid modelling. It aims not only to produce a fast and usable tool for
grid and investment planning but also to inform future research on the design of energy models for
decision-making under uncertainty and computational feasibility.

2.3.3 TenneT relevance

For TenneT and the government to take effective action against grid congestion, it is important to
simulate possible future scenarios in a data-driven way. There is a clear need for fast optimisation
models that can evaluate investments in electricity generation technologies and takes into account
the power flows of the grid. The PyPSA model developed in this thesis meets this need as it has been
carefully built, tested, and validated against existing TenneT models. This, together with the EMA
Workbench analysis, allows TenneT to better understand how different technology choices affect
system configurations and congestion. As a result, this thesis is not only academically relevant, but
also directly useful for real-world planning and decision-making for policymakers.

2.3.4 Societal relevance

This research helps policymakers and others interested in the energy transition better understand
what is needed to build a robust future energy system. A key goal of this work is to make com-
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plex model results easier to understand. Clear and intuitive figures are used to translate technical
modelling outcomes into plain language that can also be understood by people without a technical

background. By explaining the results in an accessible way, this research increases trust in the model
outcomes and the conclusions drawn from them.
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E; RESEARCH DESIGN

This chapter outlines how the research will be conducted. It explains the the methods used to answer
each sub-question, the overall design of the study and lastly the sources of data.

3.1 METHODS

Several methods will be used to answer the research questions. These include literature review, ex-
pert interviews, and modelling. This section will provide more explanation on the methods for data
analysis, data interpretation and data validation of the sub-questions.

» [SQ1] What are key indicators to assess the results of electricity capacity expansion planning?

— A combination of literature review, theoretical frameworks and semi-structured interviews
with TenneT experts will be used to identify and assess relevant indicators (Amos et al.,
2021). The interviews are especially important because these will tell if the metrics are
operationally meaningful and used in TenneT’s current models.

— The indicators from the literature and experts will be thematically categorised based on
their purpose (e.g. reliability, capacity, price). Differences between literature-based indica-
tors and TenneT preferences will be explicitly noted.

- These differences will serve as a cross-validation step. If they show, further interviews
will give rationale and prioritisation. The selected indicators will be reviewed with the
modelling experts to ensure practical relevance.

¢ [SQ2] How can offshore wind energy and electrolysers be reliably added to the PyPSA model?

— The offshore wind parks and their corresponding lines will be added to the PyPSA model.
Then, electrolysers and hydrogen pipelines will be added to the model. The key perfor-
mance indicator results that were defined in the previous sub-question will be checked
with data from TenneT and Netbeheer Nederland.

- Results from PLEXOS/Guidehouse and PyPSA will be compared, and if they show both
similar outcomes and behaviour, it can be concluded that the models show similar results.
Since both the PyPSA and PLEXOS model will then contain offshore wind and electroly-
sers, a fair comparison can be made.

- Behaviour from the PyPSA model will be discussed with TenneT experts to see if they
match expert judgement.
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¢ [SQ3] How can the quality of a simplified PyPSA model be tested against a PLEXOS model?

— The key indicators from the previous sub-question from the PyPSA model will be com-
pared to the ones from the PLEXOS model from the Guidehouse and TenneT (2025) re-
port. The goal is for the indicators to stay in 10% difference from each other. Furthermore,
the Guidehouse and TenneT (2025) does a sensitivity analysis. To test if the PyPSA and
PLEXOS models behave the same way, the same sensitivity analysis will be performed to
test if the behaviour is the same.

— Results from PLEXOS/Guidehouse en PyPSA will be compared, and if they show both
similar outcomes and behaviour, it can be concluded that the models show similar results.
However, the PLEXOS model is built as a single node model, while the later discussed
phase 2 and 3 models are on a transmission level. So there is a difference in granularity of
the data, which have to be taken into account when comparing the PLEXOS and PyPSA
model.

- Behaviour from the PyPSA model will be discussed with TenneT experts to see if they
match expert judgement.

* [SQ4] Which trade-offs emerge in the electricity mix under different cost assumptions in the
2040 Koersvaste Middenweg scenario?

- To test which energy policies cause trade-offs in the optimisation, a tool is needed that can
systematically sample different input variables with each other. EMA workbench is a tool
developed by Kwakkel (2025) to test decision-making under deep uncertainty. This tool
is fitting because it can mix a range of variables and their uncertainty bands for a large
number of times and has an explorative nature (Kwakkel, 2025).

— The EMA workbench shows a range of possible outcomes under uncertainty of input vari-
ables. These outcomes can clearly show when cost-based trade-offs in energy technologies
take place. These trade-offs can be used to conclude which energy policies are robust.

- Results from the EMA model will be discussed with TenneT experts to see if they match
expert judgement.

An overview of how these research questions are linked together can be found in Figure 3.1.
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Figure 3.1: Flow diagram of research questions

3.2 OVERALL DESIGN OF PHASES

Before starting with the modelling component of the research, short, informal interviews will be
taken with TenneT experts to find out what is important when modelling parts of the Dutch elec-
tricity grid, and how their current modelling tool, PLEXOS, is used. In parallel, a theoretical back-
ground review will analyse other modelling approaches and see which performance indicators are
commonly used in research. This ensures the model is both practically relevant and scientifically
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grounded. Then the modelling part will begin, which will be conducted in three phases.

The first modelling phase involves improving and validating the single node PyPSA model which
TenneT has already built. A conceptualisation of this phase can be seen in Figure 3.2a. The results
from this model are compared with a recent study by Guidehouse and TenneT (2025), which also
used PLEXOS as a single-node model and applied almost the same input data to optimise installed
capacities for different generation technologies in the Netherlands under the 2040 KM scenario. The
goal is to assess whether similar capacity outcomes can be obtained.

The second modelling phase follows a similar approach as the first phase, improving and validating,
but applied to a transmission model of the Netherlands (380 and 220 kV), illustrated in Figure 3.2b.
In this phase, offshore wind will be correctly placed on the map as well. Installed capacity results
will be compared with the results from the PLEXOS model, and power flows will be compared to
the PowerFactory /PSSE models. Initially, the transmission lines will be modelled with unlimited
capacity, effectively functioning as a single node. If this reproduces the results of the first phase, the
line capacities will then be adjusted to realistic values. The objective is for the PyPSA model to give
installed capacities and load flows consistent with TenneT’s results.

In the third modelling phase, electrolysers will be added to the transmission network. These elec-
trolysers will be connected to each other in a simple circle topology to create a simplified hydrogen
network. A conceptual model of this can be seen in Figure 3.2c. The PyPSA outcomes will again be
validated against internal data from TenneT’s teams, focusing on both installed capacities and load
flows. A sensitivity analysis will be conducted to assess if the PyPSA model has the same behaviour
as the PLEXOS/PowerFactory /PSSE models. Together, the three phases aim to deliver a model of
the Dutch transmission grid plus electrolysers that can timely help in energy policy decision-making
processes.

nnnnnnnnnn

(a) Map of the Netherlands with sin- (b) Map of the Netherlands with (c) Map of the Netherlands with
gle node transmission lines transmission lines and a simpli-
fied hydrogen network

Figure 3.2: Grid models: (a) single node, (b) transmission network and (c) transmission + hydrogen network.

A visualisation of the phases can be seen in Figure 3.3. By involving TenneT in the design process,
testing the model across a range of uncertainties, and refining it based on performance, the research



aims to develop a tool that produces reliable results, reflects real planning needs, and can be used
in practice. This approach supports key research quality standards: validity (the model measures
what it intends to), trustworthiness (results are consistent and transparent), and CRELE (credibility,

relevance, and legitimacy in the eyes of users and stakeholders).
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Figure 3.3: Flow diagram of methods

3.3 DATA SOURCES
The main sources of data and knowledge for this thesis will come from TenneT, different groups of

people with relevant experience and academic literature.

First, the Energy System Planning teams at TenneT, will play an important role. These teams includes
people with different backgrounds. Some focus more on the policy and planning side of electricity
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systems, while others work more on the technical modelling side. The Market Analysis team works
with PLEXOS, while the Grid Planning team works with PowerFactory/PSSE. By interviewing and
working with both types of experts, the thesis will gain insights into what the model should be able
to do, how it should connect to real-world decisions, and how accurate and useful it needs to be in
practice. This will especially be useful for sub-questions one and three.

Second, the developers of PyPSA will also be an important source (Brown et al., 2018). They un-
derstand how the model works on a deep technical level and can give guidance on what is possible
within the tool, what its strengths are, and where its limits lie. Their documentation and direct
communication (if possible) can help clarify how to best set up the model. This will be useful for
sub-questions two and three.

Third, people who have already used PyPSA to optimise national electricity systems, for example, in
Germany or other EU countries, provide useful examples. Their papers, reports, or shared models
can show how PyPSA has been applied in real cases, which design choices were made, and how
accurate or useful their results were. Learning from these projects will help improve the quality and
design of this thesis” model. Also people who have not used PyPSA, but who have made a optimi-
sations in an open-source model of a national energy system will be able to provide valuable input.
This will be useful for all sub-questions.

While broader academic literature on energy system modelling will be reviewed, this thesis priori-
tises sources directly involved in using or developing PyPSA, as they provide more tool-specific
insights.

21



4 THEORETICAL BACKGROUND

This chapter explains the concepts, theories and definitions that are used for the set up of the thesis.
It shows through which lens the models are built. The chapter starts with the identification of the
key performance indicators in the literature. Then the role of hydrogen in the electricity mix. Lastly
the method with which the trade-offs in the energy system are found.

4.1 ELECTRICITY GRID KEY PERFORMANCE INDICATORS

Many studies have examined which Key Performance Indicator (KPI)’s are most important when
analysing and planning electricity grids (Bissell et al., 2014; ENTSOE, 2018; Lehtveer et al., 2021;
Mediterranean Transmission System Operators, 2018). These KPI's are usually used to measure how
well a power system performs in terms of reliability, cost, and efficiency, and they help grid operators
and policymakers make informed decisions.

TenneT, the Dutch transmission system operator, published a study in which they identified grid
availability as their most important performance indicator (TenneT, 2019). Grid availability describes
how often the electricity network is able to operate without failures or outages. A high level of avail-
ability is essential, because it ensures that electricity can be delivered reliably to consumers at all
times.

Other studies focus more strongly on cost-related indicators. For example, SUMICSID and Council
of European Energy Regulators (2024) highlighted the importance of Capital Expenditures (CAPEX)
and Operating Expenditures (OPEX) for different asset types in the electricity grid. These costs are
analysed both in a normalised way, to allow fair comparison between technologies, and at the asset-
specific level, to understand which components contribute most to total system costs.

A broader perspective is provided by Coordinet (2019), who studied relevant KPI’s for TSO’s in Spain,
Sweden, and Greece. Their work identified several indicators as particularly important, including
CAPEX, OPEX, Renewable Energy Sources (RES) integration, reduction of RES curtailment, average cost
per service, transaction volumes, and computational runtime. This shows that both technical perfor-
mance and modelling efficiency are relevant when evaluating grid development options.

In addition, a study by the Mediterranean Transmission System Operators (2018) defined KPI's grouped
into several categories. These include transmission line unavailability duration per year, power qual-
ity indicators, security of supply, transmission asset utilisation, maintenance cost indicators, and
interconnection indicators. Together, these categories provide a structured framework for assessing
how well a transmission system performs from both a technical and economic perspective.



These studies show that there is no single KPI that alone fully describes grid performance. Instead, a
combination of reliability, cost, renewable integration, and operational efficiency indicators is needed
to properly evaluate electricity grid models and support decision-making.

Based on responses from several TSO’s, a set of nine KPI's was identified as being widely used in
electricity grid operation and planning (Mediterranean Transmission System Operators, 2018):

e Frequency Deviation Index, which measures how stable the grid frequency is.

e Transmission Losses, which indicate how much electricity is lost while being transported through
the network.

¢ Energy Not Supplied, which reflects the amount of electricity demand that could not be met.
e Average Interruption Time, which measures how long outages last on average.

¢ Interconnection Availability, which shows how often cross-border connections are available for
power exchange.

e Transmission Line Availability, which indicates how often transmission lines are operational
and able to carry electricity.

¢ Transmission Transformer Availability, which measures how reliably transformers are available
to convert and transport electricity.

o System Average Interruption Frequency Index, which shows how often the average customer
experiences a power interruption, and

o System Average Interruption Duration Index, which measures the average total duration of
power interruptions experienced by customers.

These indicators mainly focus on system reliability and outage behaviour, which are critical in real-
world grid operation. This is similar to a study from ENTSOE (2018), who focused on the costs,
residual impacts and benefits, primarily regarding system adequacy and security. However, within
the context of this thesis, not all of these KPI's are applicable. The PyPSA model optimises the electric-
ity system for cost efficiency, assuming perfect system operation (PyPSA Docs, 2025b). This means
that outages, blackouts, or equipment failures do not occur in the model. If electricity demand can-
not be met, PyPSA will always add generation capacity to avoid shortages. As a result, indicators
related to security of supply, energy not supplied, and transmission interruptions are not meaning-
ful in this modelling framework. To do this, other specific tools are needed, like PowerFactory /PSSE.

Instead, the KPI's that are most relevant for this study are those related to cost and grid availability.
In particular, CAPEX and OPEX are important indicators, as they directly reflect investment and op-
erational decisions. In addition, load flow remains a key indicator, as it shows how effectively the
transmission network can be used without congestion. These KPI's aligh well with the optimisation
goals of PyPSA and the research questions addressed in this thesis.
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4.2 ROLE OF HYDROGEN IN THE ENERGY MIX

Hydrogen has become an increasingly important topic in the energy transition over the past few
years. At one point, it was widely believed that offshore hydrogen production would be necessary
to transport energy from offshore wind farms to shore, due to limited electricity grid capacity (Du-
rakovic et al., 2023; Martinez-Gordoén et al., 2022). Producing hydrogen at sea would then reduce the
need for large offshore electricity cables. However, in recent years this idea has become less domi-
nant, mainly because offshore hydrogen production has not achieved the expected cost reductions,
and because the Dutch hydrogen demand hasn’t made the growth that was expected (Hermans,
2025). Therefore the government’s hydrogen demonstration projects have been put to a halt (Her-
mans, 2025). Despite this, hydrogen remains an important part of the future energy mix (Ministry of
Climate and Green Growth, 2025).

Currently in the Netherlands, around 50 TWh of hydrogen was produced in 2025, mainly using nat-
ural gas through steam methane reforming (Netbeheer Nederland, 2025). This hydrogen is currently
used mostly in fertiliser production and oil refining. Looking ahead to 2040, hydrogen is expected
to play a larger role in additional sectors, including the transport sector, where it may be used as
fuel (Netbeheer Nederland, 2025). At the same time, electricity is increasingly expected to be used to
produce hydrogen through electrolysis, especially in large industrial areas.

According to the scenarios developed by Netbeheer Nederland (2025), the production of green hy-
drogen will change significantly over time. Between 2030 and 2035, green hydrogen is assumed to
be produced only onshore, using electricity generated by offshore wind, onshore wind, and land-
based solar energy. From 2035 onwards, green hydrogen production is expected to gradually move
offshore, connected directly to offshore wind turbines or energy hubs. In the long term, by 2050, all
green hydrogen production is assumed to take place offshore. Since the hydrogen demonstration
projects have been put to a indefinite halt, it is assumed in this thesis that no offshore hydrogen pro-
duction will take place in 2040 (Hermans, 2025). Instead, hydrogen production is assumed to occur
onshore at the landing locations of offshore wind farms. These locations are already well connected
to the electricity grid and are therefore logical places to install electrolysers.

The data used in this thesis, based on the ETM KM scenario for 2040, includes hydrogen demand
for a wide range of applications (Netbeheer Nederland, 2025). Although most hydrogen today is
still produced using fossil fuels, the scenario assumes that all hydrogen demand in 2040 is produced
by renewable energies or natural gas. For simplicity, to only model the electricity and hydrogen
network in this thesis, it is assumed that all hydrogen is produced using electricity. There is no
explicit preference for fossil or renewable energy for hydrogen production.

4.3 TRADE-OFFS IN THE OPTIMISATION

When optimising an energy system, it is unavoidable to make assumptions and simplifications. These
choices are necessary to keep the model solvable, but they also influence the results. The optimisation
outcome itself does not show how sensitive it is to these modelling choices. As a result, even small
changes in assumptions or input values can lead to trade-offs that significantly change the optimal
solution (DeCarolis et al., 2016). To better understand these effects and to support well-informed
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decision-making, several modelling approaches for trade-offs have been developed. Although these
approaches work in different ways, they share the same goal: providing more insight into the range of
possible solutions rather than focusing on a single ‘optimal” outcome. These approaches can broadly
be divided into methods that address structural uncertainty and those that address parametric un-
certainty.

4.3.1  Modelling to Generate Alternatives

One method used to deal with structural uncertainty is Modelling to Generate Alternatives (MGA).
This approach has gained increasing attention in energy system modelling as an extension of tradi-
tional multi-objective optimisation and as a way to bridge the gap between simulation and optimisa-
tion models (Lombardi et al., 2025; Neumann & Brown, 2023). Instead of focusing only on the single
most cost-optimal solution, MGA searches for a set of near-optimal solutions that have almost the
same total cost but differ in structure or technology choices (Neumann & Brown, 2021).

These near-optimal solutions allow researchers and policymakers to explore a wider range of system
designs. Each alternative can be evaluated using different criteria, such as environmental impact,
social acceptance, or system resilience (Prina et al., 2023). Because these solutions are still "close to
cost-optimal’, they remain realistic while leaving room for other important objectives beyond cost
minimisation (Grochowicz et al., 2023). This makes MGA especially useful for identifying solutions
that may be slightly more expensive but offer clear benefits in terms of sustainability or robustness.

4.3.2 EMA Workbench

Another approach focuses on parametric uncertainty, which refers to uncertainty in input values
such as technology costs, demand levels, or fuel prices (Loucks et al., 2005). In recent years, there
has been growing interest in model based decision support under deep uncertainty, where it is not
possible to reliably predict future conditions. The EMA Workbench is designed for this purpose and
uses models in an exploratory rather than predictive way (Kwakkel, 2025).

Exploratory modelling also does not aim to predict a single future, but instead examines how differ-
ent uncertain inputs affect model outcomes (Kwakkel, 2025). The illustration in Figure 4.1 shows the
difference between a traditional deterministic model, and one where uncertainty in the input param-
eters are taken into account (Tennoe et al., 2018). Model A shows that parameters with a fixed input
result in a single output of the model (gray). While model B takes into account the distributions of
the parameters, which results in a range of outcomes (light grey). The EMA workbench follows the
same principle as model B, as it has as output a range of possible values.
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Figure 4.1: Illustration of uncertainties in a deterministic model (Tennge et al., 2018)

The key difference between deep uncertainty modelling and MGA is the focus of the analysis. In
deep uncertainty modelling, the input parameters are systematically varied, while the optimisation
structure remains the same. In contrast, MGA keeps the input parameters fixed and explores mul-
tiple near-optimal solutions within the same parameter setting. Both approaches provide valuable
insights, but they answer different types of questions.

4.3.3 Perspective of TenneT

From the perspective of EPN-SO, it is just as important to understand the results of parametric uncer-
tainty analysis as well as structural uncertainty analysis. As a system operator involved in long-term
policy and infrastructure planning, this team places a strong emphasis on robust solutions that per-
form well under many different future conditions, so both MGA as EMA workbench are valuable tools.
However, because the EMA Workbench supports an exploratory approach that aligns well with the
purpose of the PyPSA model, and due to time constraints, only the EMA Workbench was applied
in this thesis. Future research should also include MGA to capture a wider range of near-optimal
possibilities.
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5 MODEL CONCEPTUALISATION

This chapter describes the design of the model and explains how its components function within the
system. It begins by presenting the key performance indicators, and therefore answering the first
sub-question. Next, it describes the structure of the PyPSA model. Finally, the chapter explains the
structure of the EMA Workbench. In doing this, this chapter provides an overview of the model’s
foundation and technical setup.

5.1 KEY PERFORMANCE INDICATORS

To identify the most relevant factors for optimising an electricity system model, three informal in-
terviews were conducted with modelling experts from TenneT. Each expert represented a different
sub-team within the overarching Energy Systems Planning department, ensuring that perspectives
from across the modelling chain were included. By looking into these KPI’s in this section, the first
subquestion “"What are key indicators for electricity capacity expansion planning?” will be answered.

The first team, Systems Outlook, focuses on translating societal needs into a vision for a future-
proof electricity system. They identify long-term developments and define the processes required
to achieve a robust and resilient grid. The second team, Market Analysis, develops national-scale
energy scenarios for the Netherlands and performs optimised capacity assessments at the system
(single-node) level. The third team, Grid Planning, builds on these scenarios by introducing spa-
tial detail. They determine where new generation capacity and grid reinforcements are needed and
perform corresponding power flow analyses. Across these interviews, the experts consistently high-
lighted the following KPI's as the most important for evaluating model performance:

e Installed capacity per generator type
Reflects the model’s investment decisions in certain technologies. This should be done in a
cost-effective and technically feasible manner.

e Dispatch
Indicates how the installed generation assets are operated over time to meet demand. Dispatch
results reveal whether the model can reproduce realistic system dynamics, such as the utilisa-
tion of base-load and peaking units, curtailment of renewables, and the balancing of variable
generation.

o Electricity price
Serves as an aggregated outcome of the system’s balance between supply, demand, and oper-
ational costs. Price signals are critical for evaluating the economic plausibility of the model

27



results and their alignment with market behaviour. Unrealistic or highly volatile price patterns
may indicate shortcomings in cost assumptions, flexibility modelling, or market representation.

¢ Load flows
Represent the physical movement of electricity across the grid and is essential for assessing
spatial feasibility. Load flows allows analysis of congestion and bottlenecks. This ensures that
the optimised system design is not only cost-optimal but also technically viable from a grid
perspective.

¢ Interconnector capacity
Determines the level of cross-border exchange with neighbouring countries. This is crucial for
capturing the role of imports and exports in balancing supply and demand in the EU picture.
Also has a large influence on the Dutch load flows.

In the previous chapter, the most important KPI’s identified in the literature were discussed. Based
on this review, it was concluded that cost-related and grid-usage indicators are the most relevant for
this thesis. Because of time constraints, the analysis mainly focuses on installed capacities and load
flows. These indicators are consistent with those commonly used in the literature and are therefore
selected as the main KPI’s in this study. They are used to compare, or validate’ the PyPSA-based
results against the results from PLEXOS and PowerFactory /PSSE. Normally, validation is done by
comparing model results with historical data to see how well the model can reproduce past develop-
ments. In this thesis, however, the results are compared with projections from another model rather
than with historical data. It is still referred to as validation because TenneT considers the PLEXOS
and PowerFactory/PSSE models to be reliable and well-established references for long-term system
analysis.

5.2 PYPSA

PyPSA stands for Python for Power System Analysis and is an open-source Python software used
for simulating and optimising power and energy systems. It was developed by a research team
at TU Berlin and is designed to handle large electricity networks and long time series efficiently
(PyPSA Docs, 2025c¢). The objective of PyPSA is to minimise total system costs while complying to
all constraints of the optimisation problem, such as energy balance and dispatch limits (PyPSA Docs,
2025d). As explained earlier in Chapter 1, PyPSA was chosen for this thesis because the model is used
the most in the energy modelling community and because of path dependency: PyPSA is already in
development by TenneT.

5.2.1 Input variables

To ensure meaningful analysis, TenneT interviewees emphasised that high-quality and reliable input
indicators are required. According to them, the most important input variables are:

¢ Annualised capital expenditure
Represents the investment costs for building generation assets, recalculated to include lifetime.
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e Marginal costs
Covers the costs to produce one extra product.

o Electricity demand
Defines the overall system load that must be met. This data needs to be known for every 380
and 220 kV substation.

¢ Current and maximum installed power
The capacity that’s already in the Netherlands, and up until what it can be expanded to.

o Weather data
Determines the availability and variability of renewable generation such as wind and solar.

The sources for these variables will come from the ETM and the regional system operators, which are
both sources that TenneT and Guidehouse also used.

5.2.2 Core design

All functions and components in the PyPSA network are linked to the object: Network. In this thesis,
a network has the following components, see Table 5.1. Each component has a set of attributes which
contain data types, values, and descriptions for each attribute, which can be found in Appendix A.
Since in this thesis, there will be three different modelling phases (single node, transmission and
transmission with electrolysers), there will also be 3 different datasets with each of these components.

Components Description
Bus Node from where components attach
Carrier Energy carriers of buses (AC/DC, hydrogen or heat), or technologies of com-

ponents (wind, gas, electrolyser, heat pump)
Generator (pnaxyu) Power generator for the bus carrier it is attached to

Load (pset) Represents demand at the bus they are attached to

Link Used for controllable directed flows between two or more buses with energy
carriers (HVDC, converters, conversions between carriers)

StorageUnit Enable inter-temporal energy shifting

Line Include distribution and transmission lines, overhead lines and cables

Snapshots Time series

Table 5.1: PyPSA network components (PyPSA Docs, 2025a)

Buses

A bus is the basic building block of the network. It is the point where all other components, such as
generators, loads, and lines, are connected. At each time step, the bus makes sure that the amount
of energy flowing into it is equal to the amount flowing out. A bus can represent an electricity
substation, but it can also be used for other energy carriers, such as hydrogen or heat, or even for non-
energy carriers like CO; or steel (PyPSA Docs, 2025b). In Figure 5.1, a schematic electrical drawing,
it’s represented as the thick, black horizontal line. In this thesis, every bus has a name, nominal
voltage, coordinates and a carrier type.
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Figure 5.1: Schematic drawing of an electric bus

Carrier

A carrier describes the type of energy or technology used in the model. For buses, this can be different
forms of energy such as alternating current (AC), direct current (DC), hydrogen, or heat. In this thesis,
each carrier is defined by its name, colour, and CO, emissions.

Generators

Generator components are connected to a single bus and are used to supply power to the system.
They convert energy from their own carrier, such as wind or gas, into the type of energy used by the
bus, in this case electricity. In this thesis, generators include many parameters, of which the most
important are the generator name, nominal and maximum power, carrier type, annualised capital
costs, and marginal costs.

Loads

Load components are connected to a single bus and represent the demand for the type of energy that
the bus carries. In this thesis, each load is defined by its name and the bus it is connected to for each
time step.

Storage Units

StorageUnit components are connected to a single bus and allow energy to be stored and used at a
later time. This makes it possible to shift energy between different moments in time. This compo-
nent is suitable for technologies such as batteries. In this thesis, the most important attributes of a
StorageUnit include the name, the connected bus, nominal and maximum power, capital costs, and
marginal costs.

Conceptually, the system input and output of PyPSA can be seen in Figure 5.2.
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Figure 5.2: Conceptual model of input and output of PyPSA
Using data files

PyPSA can import and process several different data formats, including Excel, CSV, netCDF, and
HDF5. In this thesis, CSV files are used as input. After the optimisation is completed, PyPSA pro-
duces results, such as statistics on costs, installed capacities, energy supply, curtailment, revenues,
market values, energy balances, electricity prices, and transmission flows. It can also generate de-
tailed plots, including energy balance charts, installed capacity overviews, network maps, system
balances, and power flow visualisations.

5.2.3 Optimisation

PyPSA can optimise the following types of problems (PyPSA Docs, 2025d):

1.

6.

Economic Dispatch market model with unit commitment and storage operation with perfect
foresight or rolling horizon, coupled across different energy carriers (electricity, heat, hydrogen,
etc.) and with conversion between them.

. Linear Optimal Power Flow with network constraints for Kirchhoff’s Voltage Law (KVL) and

Kirchhoff’s Current Law (KCL).

. Security-Constrained Linear Optimal Power Flow for network contingency analysis.

Capacity Expansion Planning with single or multiple investment periods and system-wide con-
straints.

Stochastic Optimisation in form of a two-stage stochastic program with investments as first-
stage decisions and dispatch as recourse decisions across weighted scenarios of uncertain input
parameters.

Modelling-to-Generate-Alternatives for near-optimal space exploration.

In this thesis, only the first two types of analysis are considered, because the goal is to compare
the PyPSA model output to the PLEXOS one in the 2040 KM scenario. Due to time limitations, the
other types of analysis are not included. To do the analysis, costs calculations are made, which are
explained in Appendix A.
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5.3 EMA WORKBENCH

The EMA (Exploratory Modelling and Analysis) Workbench is an open-source toolkit developed by
researchers at TU Delft to support decision-making under deep uncertainty (Kwakkel, 2025). Instead
of trying to predict one specific future, exploratory modelling focuses on understanding how differ-
ent assumptions and decisions lead to different outcomes.

In exploratory modelling, the goal is to see how changes in uncertain inputs or decisions affect the
range of possible results. There are two main ways to explore this relationship. The first approach is
systematic sampling of the uncertainty or decision space, where many different combinations of in-
put values are tested (Kwakkel, 2025). This is also known as open exploration. The second approach
is a directed search, where optimisation methods are used to explore the space in a more targeted
way (Kwakkel, 2025). In this thesis, the first approach will be used for the trade-off analysis because
of its explorative nature. The aim is to test the robustness of the optimisation, not to find answers for
policies.

5.3.1 Framework

The EMA workbench needs various elements to set up, run and analyse the experiments. They will
be discussed below:

e Model
A base model is needed in the workbench to be tested a number amount of times.

e Samplers
Different sampling methods are available to generate combinations of uncertain inputs and
decisions.

¢ Uncertainties
Parameter classes that are used to define uncertain inputs or decision levers in the model.

e Outcomes
Classes that describe which model results are recorded and analysed.

o Evaluators
Tools for running experiments either one after another or in parallel to speed up computation.

Model
EMA can be connected to various simulation modelling environments, for example Vensim, Excel,
Netlogo, Simio, but for this thesis, Python, specifically the PyPSA model is used.

Samplers

By default, the EMA Workbench uses Latin Hypercube Sampling (LHS) to sample both uncertain
parameters and decision levers. In addition to LHS, the workbench also supports other sampling
methods, such as full factorial, partial factorial, and Monte Carlo sampling, as well as several sam-
pling techniques provided through SALib.



LHS is a statistical method designed to select samples in a way that evenly covers the entire range of
possible input values (Altair, 2026). When sampling a model with N uncertain parameters, the range
of each parameter is divided into M equally probable intervals. One sample is then taken from each
interval, ensuring that all parts of the input space are represented. The number of intervals M is the
same for every parameter, which helps create a balanced and well-distributed set of samples. This
can be schematically seen in Figure 5.3.

Figure 5.3: Latin Hypercube Sampling (Altair, 2026)

Because of this structured approach, LHS is often used in Monte Carlo analyses, as it can achieve reli-
able results with far fewer model runs than simple random sampling. The samples are still random,
but in a controlled way that avoids clustering and unnecessary repetition.

In this thesis, LHS is used because it provides a good representation of the uncertainty space without
redundant simulations. Its main advantage is that it reflects the underlying input distributions well
while requiring a relatively small number of model runs compared to basic random sampling.

Uncertainties

To test the parametric uncertainties in the model, uncertainty ranges must be defined for both input
variables and policy levers. This means setting a lower and upper bound for each parameter. This
can be done with real, integer and categorical parameters. The chosen sampling method then ensures
that values within these ranges are selected in a distributed way. Uncertainties can be defined in
different forms, such as fractions of a base value, a set of discrete values, or as a continuous range. In
this thesis, the uncertainties surrounding investment costs of important technologies are tested.

Outcomes
The outcomes are the variables of interest in the analysis, the KPI's. These outcomes can be single
values, such as total system cost, or time series, such as electricity production over time.

Evaluators
Different types of evaluators can be used to run the EMA workbench model. The sequential evaluator
runs the EMA workbench in sequence, while the multiprocessing one can work in parallel.
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5.3.2 Open exploration

As discussed before, two types of analysis can be done in EMA workbench: open exploration and di-
rected search. For this thesis, open exploration was used because of its explorative nature and ability
to test the robustness of the model.

In open exploration, a scenario represents a specific combination of uncertain input values, while a
policy represents a specific set of decisions (Kwakkel, 2025). Together, a scenario and a policy form
an experiment. LHS is used to generate experiments by sampling across all uncertain variables and
decision levers. After the experiments are completed, different analyses can be performed on the
results.

Pair plot

A pair plot is a useful tool for visualising relationships between many variables at the same time
(Ahluwalia, 2024). It consists of a grid of scatter plots, where each plot shows how two variables
relate to each other. In the context of this thesis, the pair plot helps to quickly identify patterns,
trends, and trade-offs between technologies and system indicators such as emissions, costs, energy
share, and installed capacity. It also makes it easier to spot clusters, correlations, and extreme values.
This overview is especially useful when analysing results from many model runs, because it allows
complex relationships to be understood at a glance rather than by looking at individual runs one by
one.

Feature scoring and Theil-Sen analysis

The EMA Workbench includes a built-in method called feature scoring analysis. This method iden-
tifies which model inputs are most important for explaining changes in the results (Kwakkel, 2025).
Feature scoring is useful because it shows which technologies or assumptions have the strongest in-
fluence on system outcomes. However, for this thesis, knowing only how important a variable is
is not enough. It is also important to understand the direction of the effect, whether a change in a
variable makes an indicator increase or decrease.

To capture this, the Theil-Sen analysis is used. It is a type of linear regression that estimates trends
in the data, but is less sensitive to extreme values than normal linear regression analysis (Satpati &
Siddarth, 2023). It does this by looking at the median of many possible slopes instead of fitting one
line through all data points. As a result, it not only shows whether a variable has a strong influence,
but also whether that influence is positive or negative.

Archetype plot

Looking at all the EMA Workbench results, specifically the total installed capacities, one by one
would be confusing and hard to interpret. To make the results easier to understand, the many sys-
tem configurations need to be grouped into a smaller number of representative cases. This is why
clustering with K-means is used. It is an unsupervised machine learning method that divides a
dataset into a chosen number of groups, called clusters, or in this thesis, archetypes (Abhay, 2025).
The idea is to group together system configurations that look alike, while keeping different types of
systems in separate clusters. In this way, the main patterns in the results become visible.
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The algorithm works by assigning each data point to the cluster with the nearest centre, called the
centroid. It then repeatedly adjusts these centroids so that the total distance between data points and
their assigned centroid is as small as possible. As a result, data points within the same cluster are
very similar, while data points in different clusters are clearly different. These archetypes capture
the main ways in which the electricity system can be configured under uncertainty, making the EMA
results much clearer and easier to interpret.
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65 MODEL FORMALISATION

This chapter explains how the PyPSA and EMA Workbench models are set up. It describes the steps
taken to prepare the data, build the models, and define the main assumptions. The goal is to show
how both models are designed and what choices were made to make them work. Lastly, it discusses
the data assumptions that needed to be made in order to make the models.

6.1 PYPSA SET-UP

The PyPSA model is analysed in three phases. Although each phase uses different datasets for el-
ements such as buses, loads, and lines, several inputs and assumptions remain the same across all
phases. These common aspects are discussed below.

Annualised costs

The PyPSA model uses annualised costs of generators as input for its generators. These values were
not directly available in the Guidehouse and TenneT (2025) report, so they were calculated manually.
Although newer versions of PyPSA now include a function for this, at the time of coding, the calcula-
tions had to be done beforehand using the information provided in the report, such as capital costs,
lifetime, discount rate, and OPEX.

Normally, building an energy asset such as a generator, line, or storage unit involves a large one-time
investment at an operational lifetime of many years. If this full investment were added to a single
model year, that year would appear unrealistically expensive. To avoid this, PyPSA annualises the
capital cost by spreading the total investment evenly across its lifetime and adjusting it for the dis-
count rate, which represents the value of money over time. This process is done using the annuity
factor, which converts the total capital cost into an equivalent yearly cost. The result is then added to
the annual OPEX costs, giving the total annual cost of owning and operating the asset.

By converting all investment and operational costs into the same per year unit (euros per year),
PyPSA can fairly compare technologies and optimise between them within its objective function.
This ensures that investment decisions in the model reflect both the upfront costs and the long-term
financial implications of each asset, see Equation 6.1.

discount rate
1 — (1 + discount rate) ~lifetime

Annualised costs = capital costs x < > + OPEX nnualised (6.1)
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Marginal costs

The Guidehouse and TenneT (2025) report did also not directly provide marginal costs, but it did
include all the information needed to calculate them. Marginal costs describe the extra costs of pro-
ducing one more unit of electricity, one extra MWh.

In the PyPSA model, marginal costs represent the operational costs that depend on how much a
generator is used. These include several elements:

o Fuel costs, which apply to generators such as gas, coal, or biomass plants. These costs depend
on the fuel price and the efficiency of the generator.

e CO; emission costs, which reflect the price for emitting CO,.

e Variable operation and maintenance (O&M) costs, which account for wear and tear that increase
with the amount of energy produced.

This means that every time a generator produces electricity, it adds to the total cost through these
components. In contrast, capital costs are paid only once when the asset is built and are then spread
out over its lifetime through annualisation.

By including marginal costs, PyPSA can use this to decide which generators to use and when. Gen-
erators with low marginal costs, such as wind and solar, are used first because they are cheaper to
operate, while plants with high marginal costs, like gas or coal, are only used when necessary to meet
demand. This makes marginal costs an important factor in how PyPSA models the energy system
and determines the most cost-efficient way to supply electricity. The formula for marginal costs can
be seen in Equation 6.2.

fuel price = CO; intensity

Marginal costs = x CO, price (6.2)

efficiency efficiency

Maximum per-unit availability

Renewable energy sources such as wind and solar depend directly on weather conditions. Unlike
gas or coal plants, which can produce electricity whenever needed, wind turbines and solar panels
can only generate power when the wind blows or the sun shines. This means their electricity output
is very dependent on the weather. To capture this behaviour in PyPSA, the model needs information
about how much energy these technologies can produce over time. This is where maximum per-unit
availability data comes in.

The maximum per-unit availability shows the share of the installed capacity that is technically avail-
able at a given time. For example, if a wind turbine has an installed capacity of 10 MW and the
maximum per-unit availability in a certain hour is 0.5, then at most 5 MW can be produced in that
hour. These hourly availability values are based on weather data and reflect how wind speeds and
solar radiation change throughout the year. By using these time series, PyPSA determines the maxi-
mum possible output of each renewable generator in every hour of the model.

In this thesis for solar energy, maximum per-unit availability data from the regional system operators
are used. This data is the only not publicly available data of this thesis, because this data is more
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detailed than the ETM data that was used for the rest of the model. For wind energy, the ETM data is
used. For simplicity, the same standardised maximum per-unit availability data profiles are applied
to all wind and solar parks in the model. This means that every park experiences the same hourly
pattern of generation, regardless of its location. In reality, conditions vary between regions. Wind
speeds near the sea are generally higher and more consistent than inland, and solar radiation can
differ between the north and south. Ideally, separate profiles would be used for each region to capture
these differences and make the model more accurate. However, due to time limitations, this was not
implemented in this thesis. Future work could include region specific maximum per-unit availability
data to better reflect local weather conditions and their effect on renewable generation, as well as
wake effects for wind farms.

Maximum capacity for technologies

In the ETM, maximum limits, or caps, are set for several technologies based on practical and policy
assumptions. For example, it is assumed that onshore wind capacity will not expand further than
11 GW. Solar capacity is limited to 131 GW, mainly because of the estimated amount of available
rooftop space. Nuclear energy is capped at 3.3 GW, which corresponds to the construction of two
new nuclear power plants (Antea Group, 2025). The same caps were also applied in this thesis to
ensure consistency with the ETM and Guidehouse and TenneT (2025) assumptions.

6.1.1  Phase 1: Single node

In the first phase, the model optimises the installed electricity generation capacities for the Nether-
lands represented as one single node, meaning that no regional differences are considered, see Fig-
ure 6.1. This setup follows the same approach used by Guidehouse and TenneT (2025) in their optimi-
sation study in PLEXOS. To ensure a fair comparison, almost all the input data is the same. The ETM
KM scenario from Netbeheer Nederland (2025) was used. This includes both energy supply and en-
ergy demand data. One difference is the data for solar energy, as previously explained in Section 6.1.
However, an important note is that the PLEXOS model from the Guidehouse and TenneT (2025) re-
search does include electrolysers, while the PyPSA single node model does not, as this will only be
added in the third phase. This is discussed further in the discussions chapter.
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Map of the Netherlands with EEZ zones

Maritime EEZ boundary
Single node

Figure 6.1: Map of the Netherlands as a single node

6.1.2 Phase 2: Transmission network

In phase 2, the Netherlands is represented in the model with its transmission network. This includes
all network expansions that are considered almost ready (status G2) as of January 2026 (TenneT,
2026b). By modelling the transmission grid in this way, the model can show how electricity flows be-
tween different regions in the country and how the grid balances electricity generation and demand
across locations.

The data for the substations, their connections, and their geographical coordinates comes from re-
searchers from TU Delft, Zomerdijk et al. (2022), who created a detailed model of the Dutch transmis-
sion grid. Their work includes the full grid, covering voltage levels of 110 kV, 150 kV, 220 kV, and
380 kV. However, for this thesis only the 220 kV and 380 kV networks are included. Lower voltage
levels were left out to reduce computing time and keep the model manageable. This TU Delft dataset
was used because TenneT does not currently have this type of grid data readily available in a format
that can be directly used in PyPSA. Using this existing research made it possible to build a realistic
transmission model within the time limits. A few additions have been made manually to reflect the
current status of the grid. These are substations Veenoord Boerdijk (VOB), Musselkanaal (MSK), Hal-
steren (HST), Tilburg (TLB) and Boxmeer (BMR).

To make the optimisation process manageable and reduce computing time, several assumptions and
simplifications have to be applied to the network model. These include clustering the substations,
finding coordinates for offshore wind parks, aggregating time series and using an academic solver,
Gurobi.
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Clustering substations

To simplify the model and reduce computing time, some 380 and 220 kV substations have been
clustered together. This means combining several nearby substations into a single representative
node in the model. The substations that were clustered are those located close to each other, such as
the four substations in the Eemshaven industrial area that are clustered to one (Eemshaven (EEM)),
see Figure 6.2.
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Figure 6.2: 380 and 220 kV substations in Eemshaven

The three substations that were removed are Gemini Onshore (WGO), Eemshaven Filter (ECF) and
Doekegat (DKG). Because these substations are part of the same industrial zone and serve similar
functions, merging them into one node does not significantly affect the overall electricity flows in the
Netherlands. There are other industrial area’s where substations have been clustered. These can be
found in Table 6.1. The first column describes the area, the second column describes the substation
that the removed substations (third column) are clustered to.

Industrial area Main substation Removed substations

Eemshaven Eemshaven (EEM) Gemini Onshore (WGO)
Eenshaven Filter (ECF)
Doekegat (DKG)
Rotterdam Maasvlakte (MVL) Hollandse Kust Zuid Landstation (HZL)
Shell Holland Hydrogen 1 (SHH¥)
Amsterdam Beverwijk (BVW)  Wijk aan Zee (WAZ)
Borssele Borssele (BSL) Borssele Ofsshore (BSL*)

Table 6.1: Overview of clustered substations in PyPSA model

This clustering approach is preferred over typical techniques like k-means, because it is based on load
flow relevance and network redundancy rather than purely geographic distance. The simplifications
were made with an understanding of how the grid functions electrically, ensuring that the key load
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flows and potential bottlenecks in the transmission system are accurately represented in the model.
A map of the clustered substations and the transmission network can be found in Figure 6.3.

Map of the Netherlands with EEZ zones + 380 kV lines

—— 380 kV overhead
--- 380 kV undergjround
380 kv station
Maritime EEZ B()ﬂmdary

Figure 6.3: Map of the Netherlands with transmission network

Coordinates for offshore wind parks

In the second phase of the model, and to partly answer the second research question: "How can off-
shore wind energy and electrolysers be reliably added to the PyPSA model?’, it was important to correctly
assign the landing locations for all offshore wind parks. These landing points determine where the
power from the sea enters the onshore transmission network. Assigning them correctly is important
because it directly affects how electricity flows through the grid and where bottlenecks or congestion
might occur.

In May 2025, the Dutch government published a report defining the official landing locations for all
new offshore wind parks (Ministry of Economic Affairs and Climate, 2025). In some cases, such as
for the upcoming Hollandse Kust West, the new transmission connections go to another substation
instead of Hollandse Kust. However, in order to reduce computational time, these substations were
clustered, like explained in the previous paragraph. In this case, the substations for Hollandse Kust
Noord and West were merged with the Beverwijk cluster, since they are located in the same area and
this substitution does not significantly affect the accuracy of the load flow results.

Next, each offshore wind park had to be placed in the correct geographical location within the model.
This means that the wind parks were assigned to its actual position on the map. While many wind
park areas are publicly available, their exact x- and y-coordinates are not directly accessible online.
Therefore, several sources were combined to estimate their positions as accurately as possible. The
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process began by consulting the Open Infrastructure Map, which shows existing and planned energy
infrastructure. When offshore wind parks or substations were visible there, their coordinates were
noted down directly. The distance between each offshore wind park and its corresponding onshore
substation (landing point) was then measured using the measure tool in TenneT’s GeoWeb platform.
To maintain a margin of error, estimates have been rounded up to the nearest multiple of one hun-
dred. These distances were entered into the model’s lines or links data files to correctly represent
cable lengths.

If newer offshore wind parks or substations were not yet shown on the Open Infrastructure Map, ad-
ditional sources were used, such as Rijkswaterstaat (2025) and Ministry of Infrastructure and Water
Management (2025). The maps from these reports were overlayerd with Google Maps, and a loca-
tion point was manually selected to estimate the coordinates. The distance between these estimated
offshore points and their landing locations was again measured in GeoWeb and added to the lines or
links file.

A complete overview of the offshore wind park’s coordinates, landing location, and cable distance is
presented in Appendix A. Wind parks marked with an asterisk (*) are those for which coordinates
were estimated using Google Maps rather than the Open Infrastructure Map. These coordinates are
therefore less precise, but still close enough to give a realistic representation of their location and
distance to shore.

Optimisation solver Gurobi

The PyPSA model was initially set up to perform its optimisation using the HiGHS solver, an open-
source optimisation tool. However, after several test runs, it became clear that Gurobi could complete
the same optimisation tasks much faster and more efficiently. Research by Parzen et al. (2022) com-
pared HiGHS to other solvers and found that while HIGHS performs well on small or medium-sized
problems and is even competitive with Gurobi in those cases, its performance drops significantly for
larger, real-world optimisation problems, see Figure 6.4. According to their study, HIGHS can be 60
to 100 times slower than Gurobi when solving large-scale models. Since the PyPSA model used in
this thesis is of bigger size and complexity, HIGHS was found to be too slow for efficient use. There-
fore the choice was made to use Gurobi. Tests have been done to compare HiGHS and Gurobi results,
these can be found in Appendix B.
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Open solvers compared to Gurobi
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Figure 6.4: Comparison of optimisation solvers

Gurobi Optimizer is a commercial software tool that specialises in solving mathematical optimisa-
tion problems such as linear programming (LP), mixed-integer programming (MIP), and quadratic
programming (QP) (Gurobi, 2025). With its developed Python interface, Gurobi integrates well with
modelling frameworks like PyPSA. The solver is known for its speed, scalability, and robustness,
which makes it a common choice in both academic and industrial energy system modelling.

Several studies have demonstrated Gurobi’s effectiveness in energy system modelling. For exam-
ple, Kwon and Hofmann (2023) applied Gurobi to solve a mixed-integer linear programming (MILP)
model for optimising a district heating network. The solver successfully handled a complex system
with multiple technologies, including combined heat and power plants, heat storage, and diverse
operational constraints. Similarly, Parzen (2021) highlighted Gurobi’s ability to process large-scale
optimisation scenarios efficiently. They showed that combining Gurobi with time series aggregation
techniques can significantly reduce computation time while maintaining model accuracy which is a
key advantage for large energy system models like PyPSA.

To ensure consistency, the solver settings used for Gurobi were matched to those previously applied
with HiGHS. The primal feasibility tolerance was set to 1 x 10%, and the dual feasibility tolerance
was set to 1 x 10°. The solver was configured to use seven threads. These parameters provided a
balance between solution accuracy and computational efficiency, allowing the PyPSA optimisation
to run effectively with Gurobi.

Aggregating time steps

Because the optimisation model requires a large number of hourly input values, running full-year
simulations can take a very long time. This makes it difficult to test different scenarios or perform
multiple runs. To reduce the run time while still keeping the results realistic, it was necessary to use
time series aggregation. Time aggregation reduces the number of hours the model has to process by
selecting or combining representative time periods.
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At first, the time aggregation method developed by TenneT was used. Their approach selects only a
few representative periods from each year. The initial version of the model used one full week per
month, resulting in 12 representative weeks. Later, this was changed to two days per month, which
further reduced the number of snapshots. Both methods significantly speed up the optimisation, be-
cause the solver only has to work with a small subset of the original 8760 hours.

As work on this thesis progressed, PyPSA released three new official methods for time series aggre-
gation:

e Sampling: selecting snapshots based on a fixed frequency (e.g. every 10th hour).
e Averaging: combining snapshots by averaging the values within a given time interval.

e Segmentation: clustering snapshots into groups of similar conditions and selecting a represen-
tative snapshot for each group.

PyPSA evaluated all three techniques and found that, although they all reduce run time by a similar
amount, they differ in accuracy, see Figure 6.5 (PyPSA Docs, 2025b). Their tests showed that Segmen-
tation consistently produced the lowest modelling error, meaning it best preserves the original time
patterns of demand and renewable generation. Because of this, Segmentation is chosen as the time
aggregation method in this thesis.
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Figure 6.5: Differences in time series aggregation techniques (PyPSA Docs, 2025b)

6.1.3 Phase 3: Transmission network + electrolysers

This part discusses the final part of the second research question: "How can offshore wind energy and elec-
trolysers be reliably added to the PyPSA model?’. Discussions with experts at TenneT made it clear that
the most likely locations for future electrolysers are the landing points of offshore wind parks. These
sites already have strong grid connections and large amounts of incoming renewable electricity. In
the Netherlands, the landing locations are Eemshaven, Geertruidenberg, Maasvlakte, Borssele, and
Beverwijk. In this thesis, these five locations are therefore modelled as the sites where electrolysers
can potentially be built, see Figure 6.6.
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Map of the Netherlands with EEZ zones + 380 kV network + hydrogen network
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Figure 6.6: Map of the Netherlands for transmission network + electrolysers

Since the focus of this thesis is on where electrolyser capacity should be placed to reduce electricity
congestion and not on modelling the full hydrogen system, the electrolysers are connected to each
other using a simple circle topology. This allows hydrogen to move freely between the electrolyser
locations without modelling a detailed hydrogen pipeline network. With this setup, PyPSA calcu-
lates which locations for electrolysers are most cost-effective, based on the availability of electricity
at each site.

The hydrogen demand of the electrolysers is placed on the same node where each electrolyser is
located. A fully realistic hydrogen network with separate producers, consumers, and regional hydro-
gen flows is not created, because building such a network would require much more time and is not
the main focus of the thesis.

The time-series data for electrolyser loads comes from the ETM (Energy Transition Model, 2025). This
dataset provides hourly supply and demand profiles for the 2040 KM scenario. These profiles are
used as the expected hydrogen demand for the electrolysers in the model. For simplicity, the total
hydrogen load profile will be divided into five, and evenly distributed over all possible electrolyser
nodes. Just like for electricity, there’s also hydrogen storage built into the model, so that supply and
demand do not have to take place at exactly the same time.

6.2 EMA WORKBENCH SET-UP

When building the EMA Workbench model, several assumptions had to be made to keep the analysis
focused and manageable.
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6.2.1  Uncertainty assumptions

One important decision was to not include electricity demand (loads) as an uncertainty. If demand
were varied, the effects of changing technology investment prices would become harder to see. For
this thesis, the main interest is to understand how investment cost changes lead to trade-offs in the
energy system, because these costs are something the government can directly influence through
subsidies, taxes, or policy choices. In a more holistic or long-term study, it would be useful to also
include load uncertainty, but for this work it would distract from the core objective.

In the EMA Workbench setup, the uncertainties applied are CAPEX variations. CAPEX is expected to
have a large influence on system decisions and trade-offs, especially when combining technologies.
Guidehouse and TenneT (2025) has researched the uncertainty ranges for the CAPEX for non-mature
technologies, see Table 6.2. However, for a few technologies these are non-existent even though their
costs are still very variable. With these input numbers, the model cannot show changes in system
behaviour, making it difficult to identify trade-offs between technologies. In order to see more dis-
tinct results, the choice has been made to do for every extendable technology +40% and -20%/ on
the CAPEX. That is for solar, offshore wind, gas CCGT and OCGT, batteries and nuclear energy. The
lower bound of —20% is based on the lower bound estimates reported by Guidehouse and TenneT
(2025). The higher bound of +40% is chosen to reflect the expectation that future costs are more likely
to increase than decrease, for example due to delays in large-scale R&D or deployment. By setting the
upper bound twice as large as the lower bound, the analysis allows for more visible shifts in system
configurations and trade-offs.

Carrier Used CAPEX by Guidehouse (€/kW) Upper bound Lower bound
Solar 275 590 (+114.5%) 200 (-27.3%)
Wind offshore 2900 2900 (0%) 2200 (-24.1%)
Battery (4h) 70 160 (+128.6%) 70 (0%)
Nuclear 12000 12000 (0%) 12000 (0%)

Table 6.2: Uncertainty ranges for non-mature energy technologies Guidehouse and TenneT (2025).

Using these uncertainty ranges allows the EMA Workbench to explore how different cost develop-
ments affect the optimal design of the energy system and to identify the conditions under which
certain technologies become more or less attractive.

6.2.2 DelftBlue

Running the EMA Workbench model with the PyPSA model can take a very long time. Depending
on the model setup, a run can take several weeks. Because of these long runtimes, the TU Delft su-
percomputer DelftBlue was used to carry out the EMA simulations (DelftBlue, 2026). As a student,
access to DelftBlue came with certain limits. Each job could run for a maximum of 24 consecutive
hours, use up to 32 CPU cores, and was allowed 3900 MB of memory per CPU. These limits influ-
enced how the simulations were set up and how many runs could be performed at the same time. The
single node model could be ran for 1000 times, and the transmission models could be ran for 25 times.
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To speed up the modelling process, an attempt was made to use the parallel evaluator instead of the
sequential evaluator, as discussed in Section 5.3. The idea was that multiple model runs could be ex-
ecuted at the same time, instead of one after another, which would significantly reduce computation
time. However, this approach did not work as expected. Further research and debugging are needed
to make the parallel evaluator function properly and to benefit from faster computation. For now,
the use of DelftBlue and the sequential evaluator provided a solution to speed up the simulations. It
reduced the total runtime and made the large number of model runs manageable.

6.2.3 EMA Workbench code

The EMA workbench code can be found on Github: https://github.com/TLisaaa/EMA-TenneT.

63 DATA ASSUMPTIONS

Several data assumptions were made in this thesis, which influence the results and should therefore
be discussed.

First, different data sources were used for maximum solar output in the PyPSA and PLEXOS mod-
els. The PyPSA model uses maximum solar output data from regional system operators, while the
Guidehouse study relies on data from the ETM (Energy Transition Model, 2025; Guidehouse & Ten-
neT, 2025). The reason for using regional operator data in PyPSA is that this research focuses on
regional grid planning, while the ETM only provides data for the Netherlands as a whole and does
not include regional detail. However, using different data sources makes it more difficult to directly
compare the PyPSA and PLEXOS results. Ideally, both models should have used the same input data,
but in that case, the ETM data would have needed to be regionalised before being used in PyPSA. Part
of the difference in (solar) capacity outcomes may be caused by the input data itself, rather than by
differences in how the models optimise the system.

Second, the exact locations of offshore wind farms were not always known. For some wind farms,
their location could be identified clearly, but for others this required assumptions and estimations.
The exact length and therefore costs of the offshore wind cables have an uncertainty bandwidth, and
are likely more expensive than assumed for this thesis.

Third, there is limited publicly available data on the geographical distribution of hydrogen demand
in the Netherlands. Because of this, hydrogen loads were assumed to be evenly distributed across
the landing points of offshore wind farms, also the points where hydrogen production is. The total
hydrogen demand is taken from the ETM, but the spatial distribution is simplified. In addition, the
model allows unlimited hydrogen transport between electrolysers, which does not reflect real-world
constraints in hydrogen infrastructure.

Fourth, the same weather data is used for the entire Netherlands. In reality, wind speeds and solar
irradiation differ by location. Also, only one weather year is used in the model. Weather conditions
can vary significantly from year to year, so using a single year does not capture long-term variability.
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Fifth, all hydrogen production in the model is assumed to be fully electrified. Hydrogen is there-
fore produced only through electrolysis and not through natural gas-based processes such as steam
methane reforming. This assumption leads to higher electricity demand than is currently realistic,
especially in the short and medium term.

Sixth, the model uses the current electricity grid layout. Planned and ongoing grid expansions are
not included. As a result, the model likely overestimates grid congestion and line overloads in 2040,
because in reality the grid will be reinforced before then.

Seventh, phases 1 and 2 of the PyPSA model do not include electrolysers, as these are only added in
phase 3. However, later in the research it became clear that the single-node PLEXOS model already
includes electrolysers. For a fair comparison between the two models, electrolysers should therefore
also be included in phase 1 of the PyPSA model. Because they are currently not included in the
earlier phases, part of the electricity demand may be missing in phase 1 of the PyPSA model. This
could affect the calculated capacity mix and system costs, since electrolysers are expected to increase
electricity demand and influence how generation and flexibility technologies are deployed.

Eighth, in the PyPSA model the interconnector capacity and the installed capacities of neighbouring
countries are treated as fixed input values. This means they are predefined and do not change during
the optimisation. In contrast, the PLEXOS model optimises these capacities at the same time as the
Dutch generation mix, allowing them to influence each other. This approach is more realistic, because
cross-border capacity and neighbouring systems can affect national investment decisions. However,
optimising everything simultaneously also increases the size and complexity of the model, which
leads to much longer computation times. Since one of the goals of this thesis is to reduce runtime
and create a faster exploratory tool, these elements were simplified in the PyPSA setup.

Ninth, the PyPSA model optimises the system only for the target year 2040. In contrast, the PLEXOS
model performs the optimisation for multiple years, 2030, 2035, and 2040, and does this in an incre-
mental way. This means that investments can be added step by step over time, which reflects how
infrastructure is typically developed in reality. By spreading investments across several years, costs
are distributed over a longer period. This can influence which technologies are cost-effective at each
stage. Since the PyPSA model focuses only on 2040 and does not represent this gradual build-up, the
calculated investment mix may differ from the PLEXOS results, where earlier investment decisions
affect later outcomes.

Finally, the model does not include CO; constraints such as emission caps or the Emissions Trading
System (ETS). This means that emissions are only influenced indirectly through technology costs, and
not through explicit climate policy instruments. Furthermore, in the PyPSA model, the curtailment
of solar and wind energy are free. While in the PLEXOS model, complex calculations are used to
determine its curtailment price.

Together, these assumptions simplify the modelling process and make the analysis feasible, but they
also limit how closely the results reflect real-world conditions. They should therefore be taken into
account when interpreting the outcomes of this study. An overview of the most important differences
between the model input in PyPSA and PLEXOS can be found in Table 6.3.
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Subject PyPSA PLEXOS
Solar data Data from regional system op- Data from ETM.
erators.
Electrolysers Phase 1 & 2: no electrolysers. Single node: includes electroly-

Interconnector Capacity

Installed capacities neighbour-
ing countries

Calculated years

Weather year

Curtailment of RES

Phase 3: does include electrol-
ysers.

The capacity is taken out of
PLEXOS and used as input.
Does not increase or decrease.
The capacity is taken out of
PLEXOS and used as input.
Does not increase or decrease.
Only 2040. Investments are
made once.

One weather year.

Is free.

sers.

The capacity is the output. Ca-
pacities from all countries get
optimised at the same time.
The capacity is the output. Ca-
pacities from all countries get
optimised at the same time.
Calculated for 2030, 2035 and
2040. Investments are made in-
crementally.

Multiple and expected weather
years.

Costs money.

Table 6.3: Differences input data in PyPSA and PLEXOS
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7 RESULTS

This chapter presents and discusses the results from the PyPSA and EMA workbench models. The
tirst part focuses on the results from the PyPSA model and discusses them step by step for each
modelling phase. The focus will be on the most complete phase, phase 3. After this, the sensitivity
analysis of the PyPSA model is discussed. This analysis tests whether PyPSA responds to changes in
input assumptions in the same way as the PLEXOS model, by applying the same tests to both models.
The last part of the chapter presents the results from the EMA workbench, again per phase. Together,
these results provide the basis for the discussion and conclusions presented in the following chapters.

7-1 PYPSA RESULTS

In this section, the results from all phases of the PyPSA model are discussed and compared with
data from TenneT. In the first phase, the model output in terms of optimised installed capacities is
compared with the results from the Guidehouse and TenneT (2025) report, that was made with the
Market Analysis team and the PLEXOS model. In the second phase, the optimised capacities are
again compared with the Guidehouse and TenneT (2025) results, while the load flows are compared
with data from TenneT’s Grid Planning team and the PowerFactory/PSSE model. The same type of
comparison is also made for the third and final phase. This last phase is discussed in more detail in
this section, because it represents the most complete version of the model.

7.1.1  Improvement runtime PyPSA

An effort was made to reduce the runtime of the PyPSA model, as computation time increased with
each modelling phase. Phase 3, which includes the transmission network and electrolysers and is the
most detailed setup, initially needed several days to complete a single run with an hourly resolution.
The exact runtime was not determined, but it went over seven days, after which the run was stopped
because it was considered too long.

Introducing the Gurobi solver significantly reduced the computation time. With Gurobi, a full year
simulation at hourly resolution in phase 3 takes about one and a half hours. Using time aggregation
through segmentation, where four hours are clustered together, the runtime can be reduced further
to around five minutes. However, additional validation is needed to assess whether this aggregated
approach still provides results of sufficient quality for TenneT’s purposes. In this thesis, all reported
results are based on the full hourly resolution runs.
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7.1.2 Phase 1: Single node

When comparing the PyPSA single-node results with the PLEXOS single-node results from Guide-
house and TenneT (2025), both models identify solar energy as the most cost-effective technology in
the 2040 KM electricity system. However, beyond this shared result, the ranking of technologies by
installed capacity between the two models is slightly different, see Table 7.1. The asterisk (*) means
that the technology is capped and cannot increase in capacity.

PLEXOS ranking PLEXOS capacity (GW) PyPSA ranking PyPSA capacity (GW)

Solar 131 Solar 111
Offshore wind 37 Gas 28
Battery 24 Battery 27
Gas 13 Offshore wind 21
Onshore wind* 11 Onshore wind* 11
Nuclear 0.4 Nuclear 0.4

Table 7.1: Ranking of PLEXOS and PyPSA model from largest to smallest installed capacity for single node

This difference shows that the two models treat system flexibility and controllable power in differ-
ent ways. PyPSA places more value on gas and batteries to provide flexibility and reliability, while
the PLEXOS model favours offshore wind more strongly. This difference may be caused by hidden
CO; related penalties or constraints in the PLEXOS model, or by an implicit preference for renewable
technologies in its optimisation setup.

Another explanation for the differences between the PyPSA and PLEXOS results relates to how bat-
teries are represented and used in the two models. In the PyPSA-based results, the installed battery
capacity is larger than in the PLEXOS results, even though the PLEXOS setup shows a higher total
amount of renewable generation capacity, see Figure 7.1. At first glance this might seem surprising,
because people often assume that more renewables automatically means more battery storage.

However, batteries do not produce electricity. They store and release energy when needed. In the
PyPSA setup, batteries are calculated to be cost-effective for covering peak demand and balancing
short-term fluctuations as part of the optimisation across the whole network. In contrast, PLEXOS
uses detailed dispatch and additional market logic that takes into account operational constraints
and market conditions in greater depth, which can result in different patterns of battery use. These
differences come from how each modelling tool represents system operation and optimisation prior-
ities. In the PyPSA results, this leads to a cost-effective configuration where solar energy provides
bulk electricity production, batteries provide peak and short-term flexibility, and gas CCGT provides
reliable backup power.
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Installed capacity deviation between PyPSA and PLEXOS single node
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Figure 7.1: Deviation in installed capacities for single node model

Another noticeable difference in the PyPSA and PLEXOS results, shown in Figure 7.1, is the amount
of optimised offshore wind capacity. The PyPSA-based results show about 16 GW less offshore
wind capacity than the PLEXOS results. Both models optimise generation capacity while taking
into account dispatch over time, but PLEXOS includes additional operational details such as ramp-
ing limits, minimum load constraints, and reserve requirements in greater depth. Because of this,
the PLEXOS formulation can place a higher relative value on steady and predictable generation like
offshore wind, while the PyPSA setup may find that combinations such as solar plus batteries ap-
pear more cost-effective under the given assumptions. To understand whether these differences are
caused by specific modelling assumptions, further analysis of the operational constraints and de-
tailed cost interactions in both models would be needed to see if changes in those assumptions affect
the calculated offshore wind capacity in the PyPSA results.

7.1.3 Phase 2: Transmission network

For the transmission network, two types of indicators are analysed, the optimal installed capacities
and the load flows.

Optimal installed capacities
When analysing the PyPSA transmission model, the results look very similar to those of the single-
node PyPSA model, see Figure 7.2.
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Figure 7.2: Deviation in installed capacities for transmission model
However, one important difference is that the installed capacities for offshore wind are higher, and

therefore more similar to the PLEXOS results. The ranking of the technologies can be seen in Table 7.2.
Effectively, since the previous phase, batteries and offshore wind have swapped places.

PLEXOS ranking PLEXOS capacity (GW) PyPSA ranking PyPSA capacity (GW)

Solar 131 Solar 111
Offshore wind 37 Gas 28
Battery 24 Offshore wind 25
Gas 13 Battery 22
Onshore wind* 11 Onshore wind* 11
Nuclear 04 Nuclear 04

Table 7.2: Ranking of PLEXOS and PyPSA model from largest to smallest installed capacity for transmission
network

The inclusion of grid constraints and congestion in the transmission-level PyPSA results increases
the relative value of offshore wind compared to the single-node case because locational effects start
to matter. In the transmission representation, offshore wind is connected at coastal landing points
that are closer to large industrial demand centres such as Maasvlakte, Eemshaven, Geertruidenberg,
Beverwijk, and Borssele. Even though offshore wind has high investment costs, it also has low oper-
ating costs, relatively high capacity factors, and a generation profile that is more evenly distributed
over time than solar. With the network included, electricity produced close to demand can reduce
the need to send large amounts of power from inland areas, which helps to avoid congestion and
lower overall system costs. Because congestion and transport limits are considered at the transmis-
sion level, placing more offshore wind capacity near high demand areas can be cost-effective in the
calculated outcomes. This is in line with recent research that came to the same conclusions (Frysz-
tacki et al., 2021).

This network effect also helps explain why the transmission results show a larger deployment of
gas OCGT and less gas CCGT compared to a single-node configuration. Gas OCGT plants typically
have lower upfront costs than CCGT plants and provide short-term flexibility, which can support the
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system during hours when offshore wind production is limited. Because OCGT operates mainly in
limited time periods, its higher fuel costs are less influential on total system cost in the optimisation.
Maps in Appendix C confirm that in the transmission model, gas OCGT capacity is mainly associ-
ated with buses near high industrial demand, highlighting how network constraints and locational
demand patterns influence the deployment patterns in the calculated results.

These results show that moving from a single-node model to a transmission network model has a
clear impact on the optimal capacity mix. Once spatial detail and grid constraints are included, the
model shifts towards technologies that better fit the geographical structure of the electricity system,
leading to different and more realistic investment decisions.

Load flows

The direction of power flows and the deviations in minimum and maximum line loadings are com-
pared between the PyPSA results and the results from Grid Planning. The direction of the power
flow matches for 75% of the lines, which are 31 transmission lines. It does not match for 10 lines,
which are defined in Appendix C. These mismatches can partly be explained by the simplifications
made in the PyPSA model, such as merging buses. By combining nearby substations into one node,
the network structure is slightly altered, which can change how electricity chooses its path through
the grid and cause the flow direction on individual lines to reverse. Another important reason is
that PyPSA and Grid Planning have different starting points for installed capacities, as discussed in
the previous section. For example, Grid Planning works with more offshore wind capacity and less
gas capacity than PyPSA. Even small differences in where power is generated or consumed can shift
local power balances and change the direction of flow on a line. Almost all mismatches take place
where substations are clustered because of industrial areas: in Amsterdam (4) and Eemshaven (3).
The before mentioned theories could apply to these areas.

In addition, Grid Planning’s models already include electrolysers, while in this phase of the PyPSA
model they are not yet included. Electrolysers have a high electricity demand and can significantly
influence local power flows. The absence of electrolysers in PyPSA could therefore contribute to dif-
ferences in both flow direction and loading levels.

Overall, these results indicate that the PyPSA results provide a reasonable approximation of power
flow patterns, but that differences at the individual line level are expected due to modelling choices,
simplifications, and differences in purpose between the two models. More research is needed to test
the assumptions PyPSA makes regarding the power flows of lines.

7.1.4 Phase 3: Transmission network + electrolysers

In this phase, the analysis is again divided into two parts: the optimal installed capacities and the load
flows. It should be noted again that the PyPSA results, which include the transmission network and
electrolysers, are compared with the PLEXOS results, which are at a single node level. However, the
PLEXOS results also include electrolysers, even though they are represented without spatial detail.

Optimal installed capacities
The transmission network with electrolysers results in exactly the same optimised installed capacities
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as the transmission network without electrolysers, both per technology and in total, see Figure 7.3
and Figure 7.4. At first, this is surprising, because adding one electrolyser per landing location in-
creases electricity demand and one would expect that more generation capacity is needed. However,
this result can be explained by looking at what actually drives capacity expansion in the PyPSA
model.

Installed capacity deviation between PyPSA and PLEXOS transmission + electrolysers model
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Figure 7.3: Deviation in installed capacities for transmission model + electrolysers
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Figure 7.4: Optimal installed capacities by PyPSA and Guidehouse for transmission + electrolysers and single
node

In the PyPSA-based results, most new generation capacity is associated with covering the highest
electricity demand hour of the year, also known as the system peak. Although electrolysers add ad-
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ditional electricity demand, this extra demand generally remains below the existing peak level that
the model’s capacity is already sized for. The system already includes a substantial amount of solar
energy, offshore wind, and some gas and battery capacity, which means there are many hours when
electricity supply exceeds demand and marginal prices are low. Under these conditions, hydrogen
production is more cost-effective during hours with surplus electricity rather than during the high-
est demand hours. As a result, total electricity consumption increases over the year, but the highest
hourly demand does not rise enough to trigger additional generation capacity in the calculated out-
comes.

Hydrogen storage also reduces pressure on the electricity system. When hydrogen production is
high during periods with excess electricity, the surplus can be stored and used later during times
with lower electricity supply. This separation of hydrogen demand from immediate electricity gen-
eration means that hydrogen production does not force the system to increase generation during
already constrained hours. The calculated capacities for hydrogen production at the landing sites are
provided in Table 7.3.

Substation Installed electrolyser capacities (GW)
Eemshaven 8.3

Geertruidenberg 6.4

Beverwijk 10.8

Maasvlakte 6.6

Borssele 44

Table 7.3: Installed electrolyser capacities for hydrogen output in PyPSA per substation

Overall, this shows that under the current model assumptions, electrolysers increase electricity use
but do not increase capacity needs. As long as hydrogen demand does not raise the system peak
or introduce new grid constraints, the optimal installed capacities in the electricity system remain
unchanged.

Load flows

The load flow results in the transmission network with electrolysers largely follow the same main
routes as in the model without electrolysers, but there are two less matches in direction with Grid
Planning their model results. The flow results match in 70% of the lines, which are 29 lines. These
can also be found in Appendix C. One possible reason for this difference is the way electrolysers
were modelled. In this thesis, specific assumptions were made about their locations, as well as their
supply and demand profiles, as explained in Subsection 6.1.3. These assumptions add an extra layer
of complexity to the model. Since this could not be fully verified against the PLEXOS model, because
PLEXOS only exists as a single node model, this could partly explain the mismatch between the mod-
els.

However, when looking at the deviations in minimum and maximum line loadings, the results im-
prove compared to the transmission phase model, see Appendix C. As shown in Figure 7.5, the
deviation results are generally smaller than in the model without electrolysers. Although there is
still a clear concentration of deviations in the 40-50% and 70-80% ranges, more lines now fall below
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20%, and there are even eight cases with deviations under 5%. At the same time, the number of lines
with deviations between and above 70-80% is noticeably lower. This suggests that the inclusion of
electrolysers leads to power flows that better resemble the magnitudes seen in the Grid Planning
model results.

Deviation in min. and max. between PyPSA and Grid Planning load flows
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Figure 7.5: Differences in load flows PyPSA and Grid Planning models for transmission + electrolysers model

In the PyPSA-based results, electricity flows are analysed along with how often and by how much
transmission lines exceed a safe operating level. A transmission line is flagged as overloaded when,
in certain hours, the amount of electricity flowing through it is higher than what is considered accept-
able for normal operation. In practice, TenneT applies a thermal rating of 70%, meaning that under
normal conditions only up to 70% of a line’s physical capacity is used. This limit is set to prevent
overheating, which can damage the conductor or create safety issues. The thermal rating depends
on factors such as the conductor material and the surrounding temperature. When calculated power
flows exceed this threshold in the model, the line is counted as overloaded.

About half of all transmission lines experience at least one overload during the year in the phase 3
results, but many of these occur for only a few hours. For example, the Tilburg-—Rilland line is iden-
tified as overloaded for just one hour in the whole year, which is unlikely to be a big issue for system
operation. In other cases, lines experience much more congestion. The Dodewaard—Doetinchem
line, for instance, is calculated to be overloaded for 5623 hours over the year, with flows higher than
the thermal limit by up to 1.6 GW. This pattern suggests a structural bottleneck in the transmission
network rather than a short or incidental constraint. An overview of the ten most frequently over-
loaded lines in the phase 3 PyPSA results is shown in Table 7.4, showing where the system is under
the most pressure in the future configuration results.
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Name Amount of over- Hoursof overload Nominal voltage
load (GW) (h) (kV)
Dodewaard — Doetinchem 1.6 5623 380
Diemen — Lelystad 2.0 4007 380
Boxmeer — Dodewaard 0.7 3911 380
Maasbracht — Boxmeer 1.2 2824 380
Musselkanaal — Meeden 1.7 2780 380
Doetinchem — Hengelo 2.1 2657 380
Krimpen aan de IJssel - Diemen 1.0 2507 380
Lelystad — Ens 12 2504 380
Vierverlaten — Zeyerveen 0.4 1652 220
Musselkanaal — Veenoord Boerdijk 1.2 1598 380

Table 7.4: Top 10 most overloaded lines in the Netherlands in PyPSA

Importantly, these results align well with TenneT’s grid expansion plans, shown in Figure 7.6. For
example, the Dodewaard-Doetinchem corridor is already scheduled for a major upgrade. TenneT
plans to reinforce 42 km of transmission line in this area, including the replacement or reinforcement
of 104 masts (TenneT, 2026a). This upgrade aims to increase the transport capacity of the transmission
grid and directly addresses the congestion identified by the PyPSA model. This agreement between
the model results and actual grid planning increases confidence in the model’s ability to identify

realistic bottlenecks.
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Figure 7.6: Planned TenneT projects for line upgrading (TenneT, 2026a)
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Some of the overloaded lines identified by PyPSA, such as Musselkanaal-Meeden, Musselkanaal-
Veenoord Boerdijk, Vierverlaten—Zeyerveen, and Doetinchem-Hengelo, do not appear on the current
TenneT upgrade map. This can be explained in several ways. Musselkanaal and Veenoord Boerdijk
are relatively new substations and may not yet be included in the published planning overview. The
Doetinchem-Hengelo line is located close to the Dodewaard-Doetinchem corridor, which is already
planned for reinforcement, and may therefore benefit indirectly from nearby upgrades.

7.1.5 Sensitivity analysis: halved CAPEX for nuclear

To further check whether the PyPSA model behaves in a similar way to the PLEXOS model, and to
answer the third research question: "How can the quality of a simplified PyPSA model be tested against
a PLEXOS model?’, a sensitivity analysis is performed using the phase 1 single-node version of the
PyPSA model, since PLEXOS is also built as a single node model. In this analysis, parameters are
changed in exactly the same way as in the PLEXOS study. This makes it possible to directly compare
how both models respond to the same changes. In this case, the CAPEX for building new nuclear
capacity is reduced by half, from 12.000 EUR/kW to 6.000 EUR/kW.
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Figure 7.7: Deviation in installed capacities for PyPSA and PLEXOS when CAPEX of nuclear is halved

The results of this change are shown in Figure 7.7. Change for nuclear is barely visible, but it is there:
in all previous analyses, nuclear capacity was not expanded and remained at 0.4 GW. After halving
the CAPEX, both PLEXOS-based and PyPSA-based results now expand nuclear capacity to 3.3 GW,
which is the maximum capacity. This shows that nuclear power becomes economically attractive
when its investment costs are highly reduced. More importantly, it shows that PyPSA responds to
this cost change in the same way as PLEXOS.

When comparing the other technologies, similar patterns appear in both results. In both the PyPSA-
based and PLEXOS-based outcomes, the installed capacities of solar, offshore wind, and batteries
decrease when nuclear investment costs are less cost-effective. This happens because larger amounts
of nuclear capacity provide low-carbon electricity, which reduces the need for variable renewable
generation and storage. At the same time, gas capacity appears more cost-effective in both sets of
results. However, the order of this increase differs significantly between the two models: in the
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PyPSA-based results, gas capacity increases by about 0.9 GW, while in the PLEXOS-based results it
increases by around 9 GW. In the PyPSA-based results, a substantial amount of gas capacity, partic-
ularly CCGT, was already present before the change in nuclear costs, as discussed in the previous
section. As a result, less additional gas capacity is observed after the cost change. This explains why
the gas capacity increase appears much larger in the PLEXOS results than in the PyPSA results, even
though both sets of outcomes move in the same general direction under the new assumptions.

7.1.6  Sensitivity analysis: uncapped solar expansion

In this analysis, the limit on how much solar capacity can be installed is removed. This leads to very
different outcomes in the PLEXOS and PyPSA models. In the PLEXOS results, large amounts of solar
capacity (256 GW) are cost-effective, which is 125 GW more than in the base case. At the same time,
gas capacity increases slightly by 2 GW, offshore wind capacity decreases by 14 GW, and battery ca-
pacity increases strongly by 81 GW. This shows that once the solar cap is removed, larger amounts of
solar capacity are calculated to be cost-effective, and more battery storage is needed to support the
additional variable energy generation.

In the PyPSA-based results, the capacity levels after removing the solar cap are the same as in the
normal single-node analysis. This suggests that, under the given assumptions, large amounts of solar
capacity are already calculated to be cost-effective in the base case, and there is no calculated benefit
to increasing it further in the single-node setup. One possible reason for the difference with the
PLEXOS results is that the PyPSA single-node setup does not include electrolysers, while the PLEXOS
single-node setup does. If electrolysers were included in PyPSA, higher levels of solar capacity could
be associated with lower combined system costs, because relatively low-cost solar electricity could
be used for hydrogen production. In that scenario, larger solar capacity and lower hydrogen storage
might be compatible with cost-effective configurations. However, this explanation cannot be verified
with the current model setup, and additional analysis would be needed to fully understand why the
PyPSA-based results do not show an increase in solar capacity. The difference between the PyPSA
and PLEXOS sensitivity outcomes is shown in Figure 7.8.
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Figure 7.8: Deviation in installed capacities for PyPSA and PLEXOS when solar is uncapped
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7.1.7 Synthesis of PyPSA results

Across all phases of the analysis, the PyPSA results are similar to that of PLEXOS and PowerFacto-
ry /PSSE, under the 2040 KM scenario. In every phase, large amounts of solar energy are cost-effective,
and is so across different spatial levels and sensitivity tests.

In the single-node phase, the PyPSA results focuses strongly on flexibility. Besides solar, the model
calculates for relatively large amounts of batteries and gas capacity to be cost-effective. Batteries are
mainly used to handle peak demand and short-term fluctuations, while gas provides reliable backup
power for moments when renewable generation is low. Offshore wind plays a smaller role in this
phase, mainly because of less detailed data assumptions than PLEXOS.

When moving to the transmission network phase, the results become more spatially realistic. Once
grid constraints and congestion are included, offshore wind becomes more cost-effective in PyPSA.
Offshore wind farms connect close to large industrial demand centres, which reduces the need to
transport electricity over long distances and lowers congestion in the grid. As a result, more offshore
wind capacity is cost-effective than in the single-node case. At the same time, the model shifts from
gas CCGT towards gas OCGT. OCGT plants are cheaper to build and are well suited to cover short
periods of low wind generation near demand centres. This shows that including the electricity net-
work has a clear impact on which technologies are preferred and where they are built as opposed to
a single node network.

The load flow comparison with PowerFactory/PSSE results shows that the PyPSA results capture
the main flow patterns reasonably well, but not the exact loading of individual lines. In about 70-75%
of the lines, the direction of flow matches. Differences can largely be explained by model simplifica-
tions, such as merged buses, different assumptions on installed capacities, and the fact that PyPSA
is designed for long-term system optimisation rather than detailed operational planning. Most de-
viations in minimum and maximum line loadings remain below 100%. Overall, this suggests that
PyPSA provides a useful approximation of grid behaviour at system level, but is not meant to re-
place detailed grid planning models.

In the transmission model with electrolysers, the optimal installed capacity results remain exactly the
same as in the model without electrolysers. Although this may seem surprising, it can be explained
by the fact that electrolysers mainly operate during hours with surplus electricity. They increase total
electricity consumption, but they do not increase the system peak, which is what drives capacity ex-
pansion in PyPSA. Simplified hydrogen storage further smooths demand by allowing production to
be shifted over time. While installed capacity results remain unchanged, the inclusion of electrolysers
slightly decreases the match between PyPSA and Grid Planning load flow results, but improves the
deviation in minimum and maximum load, suggesting a more realistic representation of electricity
use in the network. An analysis of the overloaded lines show that the lines that PyPSA highlights as
overloaded are the same ones that TenneT is currently or planning to upgrade. This shows that the
model is fit to pinpoint congestion in the grid.

Finally, the first sensitivity analysis confirms that the PyPSA results responds to changes in input
assumptions in a similar way to PLEXOS results. When nuclear investment costs are halved, nuclear
and gas capacity become more cost-effective. This shows that PyPSA correctly captures cost-driven
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trade-offs between technologies. Differences remain in how much gas capacity is added, but these
can be explained by differences in the starting system configuration. The second sensitivity analysis,
uncapping the solar expansion delivers counter-intuitive results and should be studied further.

Overall, the PyPSA results show that the model is well suited to explore long-term capacity expan-
sion in the Dutch electricity system. The results are consistent, explainable, and broadly in line with
Market Analysis and Grid Planning data.

7.2 EMA WORKBENCH RESULTS

After the final phase of the PyPSA model was validated, all three model phases were used as input
for the EMA workbench. The goal of this part of the analysis was to test whether changes in CAPEX
influence which technologies are chosen in the optimal system configuration, and when and why
cost-based trade-offs between technologies happen. Built-in analysis tools in the EMA workbench
were applied to identify patterns, sensitivities, and trade-offs in the results.

7.2.1  Improvement runtime EMA workbench

Several attempts were made to run the EMA Workbench without using the TU Delft supercomputer.
However, running the phase 3 model four times required more than four hours, which shows how
computationally demanding this is. One trial was carried out to run the model 100 times, but it took
more than two weeks before the run was stopped because it was taking too long to complete.

When using DelftBlue, a maximum of 25 runs for phase 3 was feasible within the allowed time for the
supercomputer. For the single-node model, which is much simpler, up to 1000 runs could be done
within the same time. The EMA Workbench can be made faster by parallelising the model runs so that
multiple runs are done at the same time instead of one after another. However, implementing this
did not fit within the time frame of this thesis. Further research should explore parallelisation and
other performance improvements to make EMA workbench analysis with many runs more practical.

7.2.2 Phase 1: Single node

The pair plot for the single-node model shows almost the same patterns as for the other phases.
Because the results are so similar, it is only discussed for the single-node case to avoid repetition.

Puair plot

In this pair plot, see Figure 7.9, each model run contributes multiple dots: one dot for each energy
carrier. It shows how each technology contributes to system outcomes such as emissions, energy
share, installed capacity, CAPEX, and OPEX across all scenarios. In the plot, not the individual dots are
important, but the trends that it shows.
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Figure 7.9: Pair plot for single node model

Looking first at emissions share on the x-axis and energy share on the y-axis, gas clearly stands out.
The dots move to the far upper right of the emissions axis, showing that when gas supplies an in-
creasing amount of energy, the total emissions in the system also increase. On a smaller level, this
also happens for coal and biomass. Renewables like solar and wind technologies are clustered at zero
emissions, since they do now emit emissions.

The relationship between energy share (x-axis) and capacity share (y-axis) highlights technical differ-
ences between technologies. Solar energy shows relatively high capacity shares for moderate energy
shares. This happens because it strongly depends on weather and does not produce electricity all the
time, so more installed capacity is needed to deliver the same amount of energy as other technologies.
Offshore wind energy and gas show a similar opposite pattern: it needs less capacity share to achieve
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the same amount of energy.

When looking at the energy share (x-axis) and OPEX share (y-axis) plot, it can be seen that gas dom-
inates the high OPEX region, which is because of the fuel and CO, costs. In the beginning, as gas
use increases, operational costs rise by a lot. However, after 20% this reaches a plateau. Renewable
technologies cluster near zero OPEX share, because once they are built, their operating costs are very
low. This makes clear that gas mainly affects how expensive the system is to run, while renewables
mainly affect how expensive it is to build.

There is also a clear pattern visible for gas in the graph that compares CAPEX share (on the y-axis)
with energy share (on the x-axis). Gas lies between solar and offshore wind. This means that gas
requires more investment than solar, but less than offshore wind. The graph also shows that gas can
reach very high energy shares in some system configurations. In a few cases, gas provides more than
50% of total electricity production. Solar, on the other hand, has a lower energy share, but the values
are more spread out across different model runs. This suggests that uncertainty in solar investment
costs has a strong influence on the total investment costs of the system.

Overall, this pair plot shows how different technologies shape system outcomes in different ways.
Gas mainly drives emissions and operational costs, while solar dominates installed capacity and low
costs. The plot shows why uncertainty in technology costs leads to different system designs, even
when total system performance remains similar.

Archetypes of the system

Five archetypes for the single node analysis have been identified and are briefly discussed in this
section and in Appendix C. One of the most clear results is that solar energy is the cost-effective
technology in all archetypes. This is the case even though solar is more expensive than in the base
run in every archetype. It shows that solar is a very robust technology for expanding the electricity
system.

Another clear pattern is that offshore wind and gas OCGT often grow together. These two technolo-
gies are only built in larger amounts when both are relatively cheap in an archetype. Offshore wind
provides large amounts of fairly stable electricity, while gas OCGT is well suited to cover short pe-
riods of high demand or low wind production. In archetypes with a lot of offshore wind and gas
OCGT, there is usually much less solar energy and battery capacity. This suggests that offshore wind
and solar partly act as substitutes: when one becomes more attractive, the other is built less.

Nuclear energy is almost never expanded in the archetypes. This suggests that nuclear is too expen-
sive under the assumptions used in this analysis. Even when the costs of other technologies change,
nuclear does not become an attractive option for the system. In the few cases where nuclear is built,
the amounts are very small, which confirms that it does not play an important role in the optimal
system configurations.

This pattern is also visible in the violin plot of installed capacities across all scenarios, see Appendix C.
Solar energy shows a very wide spread in installed capacity, with a clear concentration around 110
GW. This means that in many scenarios, solar capacity ends up close to this value, but it can vary
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strongly depending on cost assumptions. In contrast, the variation in gas, offshore wind, and battery
capacities is much smaller. For offshore wind, many runs cluster around 20 GW, which is noticeably
lower than earlier government ambitions of 50 GW by 2040, although these targets have recently
been scaled down. Nuclear capacity shows very little variation and is only expanded slightly, by less
than 4 GW, in a small number of runs. Because this happens so rarely, nuclear does not appear as a
dominant technology in the archetype analysis.

7.2.3 Phase 2: Transmission network

The results from the EMA analysis in phase 2 do not provide any new insights compared to the single-
node analysis or the more detailed phase 3 analysis that includes electrolysers. The same patterns,
trade-offs, and system behaviours appear in this phase, without adding extra understanding of how
the system responds to uncertainty. To avoid unnecessary repetition, the EMA results for phase 2 are
therefore not discussed. However, for transparency, the archetypes and its cost factors can be found
in Appendix C.

7.2.4 Phase 3: Transmission + electrolysers

In the EMA model that includes both the transmission network and electrolysers, several analyses
were carried out to better understand when and why cost-based trade-offs occur between different
energy technologies. First, the main system archetypes are discussed. These archetypes show how
the electricity system can take different forms depending on the cost assumptions that are made.
After this, the influence of individual technologies on key system outcomes are discussed. In this
section, the fourth and last research question is answered: "Which trade-offs emerge in the electricity mix
under different cost assumptions in the 2040 Koersvaste Middenweg scenario?’.

Archetypes of the system

The archetype plot shows five representative model runs, as shown in Figure 7.10 and Table 7.5. By
comparing each archetype to the base run, it becomes clear how the electricity system changes when
cost assumptions change, and which technologies become more or less important as a result.
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Figure 7.10: Clustered plot for transmission network + electrolyser model

Archetype Battery Gas CCGT Gas OCGT Nuclear Solar Offshore wind

Co 1.01 0.89 0.89 1.25 1.02 097
C1 1.08 1.36 1.13 1.36 1.36 0.84
C2 1.30 1.23 1.01 1.24 1.24  0.95
C3 1.14 1.35 1.25 1.05 1.05  0.97
C4 0.96 0.94 0.93 1.01 1.01  1.19

Table 7.5: Capital cost factors for transmission + electrolysers cluster plot

C0: Closest to base run

The main difference in this case is that both types of gas technologies become cheaper, by about 10%
compared to the base run. Even with this cost reduction, the optimal system does not change very
much. Gas CCGT capacity increases by just over 1 GW, while solar capacity decreases slightly, by
around 3 GW. These are relatively small changes compared to the total installed capacities in the
system. This shows that the optimal configuration is quite stable: moderate reductions in gas costs
are not enough to strongly shift the balance between technologies. In other words, the system is fairly
robust to small changes in gas CAPEX prices, and the overall mix of technologies remains mainly the
same.

C1: High-cost system

In this archetype, almost all technologies become much more expensive, except for offshore wind.

Because offshore wind is the only option that remains relatively affordable, the model relies on it
much more than in the other cases. As a result, this archetype shows the highest amount of offshore
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wind capacity of all the runs. It mainly replaces technologies that become too expensive, especially
solar energy and batteries. Solar capacity is reduced by more than half compared to the base run.

In addition, nuclear capacity increases, even though nuclear power is also more expensive in this
archetype. This indicates that the model has fewer affordable options left and is therefore forced
to use technologies that are normally less attractive. While the model still finds the cost-optimal
solution given these assumptions, the overall system in this archetype is likely very expensive. This
case clearly shows how strongly the optimal system can change when many technologies become
costly at the same time.

C2: Gas OCGT and offshore wind dominated

In this archetype, the direction of the costs follow the same direction as in the previous archetype,
however the order of magnitudes are slightly different. In this case, the investment costs for batter-
ies, gas CCGT, nuclear power, and solar energy are all high. Because these technologies become less
attractive, the model looks for cheaper alternatives to still meet electricity demand in a reliable way.
As a result, the system shifts toward building more gas OCGT and offshore wind capacity.

Gas OCGT is relatively cheap to build and is well suited for covering short periods of high demand,
even though it is expensive to operate. Offshore wind, on the other hand, can deliver large amounts
of electricity at low operating costs once it is built. Together, these two technologies compensate for
the reduced solar capacity and help the system stay balanced. This archetype shows how the model
adapts when many commonly used technologies become expensive, by relying more on flexibility
from gas OCGT and steady energy production from offshore wind.

C3: Balanced system

In this run, gas technologies and batteries become more expensive, while the costs of the other tech-
nologies stay roughly the same. Because batteries are now more costly, it is less attractive to install
large amounts of solar energy. Solar power is variable and often needs batteries to store excess elec-
tricity and supply power during peak hours. When batteries are expensive, this support becomes
less affordable.

As a result, the model reduces solar capacity and shifts toward offshore wind and gas OCGT instead.
Again, offshore wind provides a more stable and evenly spread electricity supply over time. Gas
OCGT is added because it can quickly respond to changes in demand and act as flexible backup
power. Together, these changes allow the system to remain reliable, even though key technologies
like gas and batteries have become more expensive.

C4: Solar dominated

In this run, almost all technologies become cheaper or stay about the same in cost, except for offshore
wind, which becomes more expensive. Because offshore wind is less attractive under these assump-
tions, the model installs much less of it. To make up for this loss in energy production, the system
adds more solar capacity and more batteries.
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At the same time, the model builds more gas CCGT and less gas OCGT. Gas CCGT plants are better
suited to provide steady, long-term electricity generation, while OCGT plants are mainly used for
short peak moments. By shifting toward more CCGT, the system becomes more stable and less
dependent on flexible but expensive peak generation. This run shows how the model adjusts the
balance between technologies when offshore wind becomes relatively expensive.

Influences of technologies on system totals

Another analysis carried out in the EMA workbench is the feature scoring analysis and the Theil-Sen
analysis, see Figure 7.11. The Theil-Sen method is a robust way to estimate simple linear relation-
ships. In this case, the analysis is performed for energy output. This means that the results describe
what happens in the system when the annual electricity production of a technology increases. Each
row in the plot represents a technology, measured by its energy share (how much electricity it pro-
duces in a year). Each column represents an important system outcome, such as costs, emissions, or
prices.

The values in the plot show both the direction and the strength of the relationship. A positive value
means the outcome increases when the technology produces more energy, while a negative value
means it decreases. To avoid misleading results, self-correlation is removed. For example, more gas
production does not automatically lead to higher gas OPEX in the plot. Instead, the focus is on how
changes in one technology affect the rest of the system. In the following sections, the effects of each
technology are discussed in more detail.

Theil-Sen carrier influence on system totals — energy [totals minus self where applicable]
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Figure 7.11: Theil-Sen energy plot for clustered plot with electrolysers
Batteries

This whole row shows values close to zero. This means that batteries do not add new electricity to
the system, but only store electricity that has already been produced by other technologies. Because
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of this, and because of the minus self principle, increasing battery energy output does not directly
change the total amount of energy produced, system costs, or emissions in this plot.

Gas CCGT

This technology has a very strong impact on the overall system. Most importantly, it leads to much
higher CO; emissions and OPEX. This is because an increase in CCGT capacity is linked to higher bat-
tery capacity in the system. Batteries have noticeable OPEX costs and are used frequently to balance
supply and demand. As a result, when both CCGT and batteries increase, total OPEX costs rise.

At the same time, gas CCGT reduces total CAPEX. Because it can deliver large amounts of reliable
electricity, the system does not need to build as many other expensive technologies with high up-
front costs, such as offshore wind or large battery systems. This lowers overall investment needs.
Although gas CCGT often set electricity prices during peak hours, increasing this capacity appears
to have a negative effect on peak prices. This is because this dispatchable capacity lowers scarcity,
and high price events become less extreme.

In short, gas CCGT makes the system cheaper to build and more stable to run, with lower peak
prices and lower CAPEX. However, this comes at a clear downside: it is expensive to operate and
leads to high CO, emissions. This highlights an important trade-off between cost, reliability, and
sustainability in the energy system.

Gas OCGT

Gas OCGT shows a different pattern compared to gas CCGT. First of all, the values in the Theil-Sen
plot are much closer to zero. This indicates that gas OCGT does not play a very large role in most of
the EMA model runs as a dominant technology. It is mainly used as a supporting or peak technology
rather than as a main source of electricity.

The total OPEX decreases slightly then gas OCGT produces more energy, even though gas OCGT has
a high OPEX. However, more gas OCGT means less gas CCGT, which also has a substantial OPEX.
And because of the minus self principle, the total OPEX appears to decrease.

Total CO, emissions also decrease slightly. This is because archetypes with more gas OCGT, as shown
in Figure 7.10, also tend to include more offshore wind energy. Offshore wind provides a stable and
emission-free electricity supply, which reduces the need for fossil generation overall. However, peak
electricity prices increase slightly in these cases. This is likely because gas OCGT is very expensive
to operate, so when it is needed during peak demand hours, it pushes prices up.

Nuclear

Just like gas OCGT, the values for nuclear energy are much smaller than those for gas CCGT, solar,
and offshore wind. This shows that nuclear is not a major driver in the system across the EMA runs.
Even when nuclear capacity increases, it does not strongly shape the overall system outcomes. At
tirst glance, the increase in total CO, emissions is surprising, because nuclear power is defined as
emission-free. However, this result can be explained by looking at the full system configuration. In
the archetypes where nuclear capacity increases, there is also a clear increase in gas CCGT capacity.
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Since gas CCGT has high emissions and runs for many hours, this leads to higher total emissions
overall. The same reasoning explains the increase in total OPEX.

One might also expect total CAPEX to increase when more nuclear capacity is built, since nuclear
plants are very expensive to construct. However, this effect is likely offset by a strong reduction in
solar capacity, which decreases by more than half in these archetypes, and by the minus self principle.
As a result, the increase in nuclear CAPEX is partly compensated by lower investments in solar.

Solar

The indicators for solar energy are relatively strong compared to the other technologies. The most
noticeable result is the strong positive effect on total installed capacity. It appears that when large ca-
pacities of solar are installed, other technologies also have to increase in capacities. This is primarily
the case for batteries.

Solar energy also helps reduce peak electricity prices. This is likely because solar, especially when
combined with batteries, reduces the mismatch between electricity supply and demand during peak
hours. Solar power is usually available during daytime demand peaks and is used before more ex-
pensive technologies, such as gas plants, are turned on. This lowers scarcity and prevents extreme
price spikes.

At first, it may seem counter-intuitive that total CO, emissions and total OPEX increase when solar
energy production rises. However, this can be explained by looking at the full system setup. In
many archetypes, higher solar capacity is paired with more gas CCGT. Because gas CCGT has high
emissions and operating costs, this combination leads to higher overall emissions and OPEX, even
though solar itself is clean and cheap to operate.

Offshore wind
Offshore wind is also a strong driver of the system and, in many ways, has the opposite effect of solar
energy. One surprising result is that offshore wind is linked to higher peak electricity prices. This can
be explained by looking at the full system configuration. In scenarios with more offshore wind, there
is often more gas OCGT, which is very expensive to operate, leading to higher price spikes during
those moments.

Total CAPEX increase with more offshore wind, probably because this comes with the increase of gas
OCGT, which has substantial investment costs. On the other hand, total CO, emissions and OPEX
decrease. Offshore wind does not produce CO, and has very low operating costs once it is built.
Because gas OCGT is primarily used for backup, these plants only run for a limited number of hours.
As aresult, their contribution to emissions and OPEX remains small, keeping both indicators relatively
low.

7.2.5 Synthesis of EMA workbench results

Across all EMA phases, one result is consistent: solar remains the most cost-effective technology in
installed capacity. Even when solar is more expensive than in the base case, the model still builds a
lot of it. At the same time, solar shows a wide spread in CAPEX share across runs, which suggests that
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uncertainty in solar investment costs can strongly influence total system investments and can help
trigger trade-offs with other technologies.

A second clear finding is that gas and renewables play very different roles. Gas, especially CCGT, is
the main driver of emissions and OPEX. In the pair plot, gas quickly moves to high OPEX and high
emission outcomes as its energy share increases. The Theil-Sen analysis confirms this: when gas
CCGT supplies more energy, total emissions and OPEX rise strongly. However, gas CCGT also has a
system benefit: it can reduce total CAPEX and reduce peak prices, because dispatchable power lowers
scarcity. This creates a clear trade-off: gas makes the system easier and sometimes cheaper to build,
but it becomes dirtier and more expensive to operate.

The archetypes show that the model mainly switches between a few typical system designs depend-
ing on which technologies become relatively cheaper. One important pattern is that offshore wind
and gas OCGT often increase together. This happens because they complement each other: offshore
wind supplies a stable, low-emission energy flow over the year, while gas OCGT provides fast backup
during peak moments or low-wind periods. In these offshore-wind heavy archetypes, there is usu-
ally less solar and less battery capacity. This suggests that, in the model, offshore wind and solar act
partly as substitutes, especially when storage becomes more expensive or when the system prefers a
more stable generation profile. Offshore wind also shows a strong trade-off profile in the Theil-Sen
plot: it raises CAPEX (because it and gas OCGT is expensive to build), but it lowers emissions and
OPEX (because gas OCGT does not run often). It can increase peak prices in some runs, this is be-
cause those runs are covered by the expensive OCGT peak units.

Finally, the EMA results suggest that nuclear is not a key option under the cost assumptions used
here. Nuclear hardly expands in most runs and does not appear as a dominant technology in the
archetypes. In the few cases where it does increase, the amounts are small. This indicates that even
large changes in the other technologies do not automatically make nuclear attractive in this mod-
elling setup.

Overall, the EMA analysis shows that the Dutch 2040 KM system is likely to stay solar-heavy, but the
supporting structure around solar can change quickly. The system can shift toward more offshore
wind and gas OCGT in high-cost or low-storage cases, or toward more solar and batteries when
offshore wind becomes expensive. This is the main message of the EMA workbench: the optimal
system is sensitive to CAPEX assumptions, so robust policy should plan for multiple credible system
designs, not just one.
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8 DISCUSSION

This chapter discusses the main findings of this thesis and places them in a broader context. It begins
with a reflection on the overall study, specifically if the research achieved the goal it is built for. Next,
the limitations of the PyPSA and EMA workbench model are discussed. This helps understanding
how reliable the results are and where caution is needed when interpreting them. Then, personal
reflections are discussed to evaluate where the research process could have been improved. The
discussion then considers the implications of the results for policymakers, and explains how the
findings can support decision-making in energy system planning. Finally, the chapter ends with
recommendations for future research. These suggestions highlight how the model and analysis could
be improved.

8.1 REFLECTING ON THIS STUDY

The model developed in this thesis was created in response to TenneT’s need for a tool that can
quickly calculate capacity expansion and load flows for the Dutch electricity system. This is needed
to answer questions from governmental policymakers who need insights into the effects of new poli-
cies or additions of infrastructure. At the moment, answering these questions is usually done with
detailed models that are built and operated by different teams and can take several months. How-
ever, for early-stage policy discussions, their level of precision is not always necessary. At the stage
where the PyPSA model is used for, quick first insights are more important than fully detailed results.

Usefulness of the PyPSA model

The PyPSA model developed in this thesis is intended to fill that gap. It is designed as a faster
and more flexible tool that policymakers within TenneT, especially from EPN-SO, can use to explore
different scenarios and policy options. This thesis has shown that PyPSA has strong potential for
this purpose. The results are close to those from PLEXOS and PowerFactory, and more importantly,
the model shows similar behaviour when key input variables are changed. For example, when the
CAPEX of nuclear power is halved, the system responds in a comparable way. The model also
presents results in a clear and visual manner, which is helpful for policymakers who may not have
a deep technical background. It becomes easier to understand the impact of policy choices, such as
subsidies for nuclear energy on the overall electricity mix.

However, more work and further validation are still needed before the model can be fully used in real-
world decision-making. There are still noticeable differences in installed capacities and load flows
compared to the more detailed models. In addition, some modelling assumptions are simplified.
For example, curtailment of renewable energy is currently assumed to be free in the model, while
in reality it has economic and system consequences. This can influence investment decisions and
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system behaviour. Another important limitation is that interconnector capacity is treated as a fixed
input, while in reality it could also be optimised as part of the expansion planning. These points
would need to be fixed before the model can be used for real-world decision-making.

Past, present and future installed capacities

The model results indicate that the total installed capacity in the 2040 KM scenario can exceed 200 GW,
compared with about 150 GW of installed capacity in 2025 (Netbeheer Nederland, 2025). Table 8.1
shows the installed capacities for 2015, 2025, and 2040, and highlights the large difference between
the current system and the future system under these assumptions. To supply electricity in 2040 in a
cost-effective way, a large amount of additional capacity is calculated to be necessary.

Technology Installed capacities Installed capacities Optimised installed

in 2015 (GW) in 2025 (GW) capacities for 2040
KM (GW)

Solar 1.4 33 110

Offshore wind 3.6 5 24.8

Onshore wind 4 7 11.6

Gas (CCGT and OCGT) 15 17 28.1

Nuclear 0.5 0.5 0.5

Flexible sources / 12 (batteries + inter- 22 (batteries only)

connections)

Table 8.1: Past, current and optimised installed capacities for the Netherlands (Netbeheer Nederland, 2025;
TenneT, 2015)

When looking at how installed capacities developed in the past, from 2015 to 2025, it becomes clear
that, except for solar energy, growth has been limited for most technologies. This makes the large
expansion required between 2025 and 2040 uncertain. An important question arises: is such rapid
growth realistic within the given time frame? Achieving this expansion will require careful planning
and strong policy support. In particular, solar power, offshore wind, and gas-fired generation will
need to grow significantly and in a coordinated way to make the future system feasible.

Improving computational time

An important part of this thesis was improving the computation time of the PyPSA model. The goal
was to make it run faster than before and significantly faster than the PLEXOS model. The most
detailed version of the model, which includes the full transmission network and electrolysers, cur-
rently takes about one and a half hours to simulate one year with hourly resolution. Earlier in the
project, this same calculation required more than a full day, so the runtime has already been reduced
considerably.

The computation time can be reduced even further by applying time-step aggregation methods. By
grouping certain hours together, the number of time steps decreases, which lowers the calculation
time. In some cases, this reduces the runtime to around five minutes. Although this comes at the
cost of slightly lower temporal detail, it still provides useful system insights for EPN-50. This demon-
strates that the PyPSA model is suitable for relatively fast analysis of the Dutch transmission grid,
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especially in situations where quick, order-of-magnitude results are more important than highly de-
tailed hourly precision.

An optimal solution is not a robust one

The use of the EMA Workbench in this thesis also shows its value for policy support. The analy-
sis demonstrates that the electricity system can change quickly when investment costs vary slightly.
Technology choices can shift, and the ranking of cost-optimal options can change. This highlights the
importance of testing parametric uncertainty not only by comparing predefined scenarios, but also
by varying assumptions within those scenarios. The results show that energy policy should focus
on robustness rather than aiming for one single “optimal” solution. This should not only be tested
with parametric uncertainty, but also structural uncertainty, to take into account as much factors that
influence the energy system. This thesis shows that future energy policies should allow for flexibility
and alternative pathways instead of relying on one fixed outcome.

8.2 LIMITATIONS

To build a functional model, this study relies on a set of assumptions, data sources, and theoretical
frameworks. These choices made it possible to develop the model and carry out the analyses pre-
sented in this thesis. However, they also introduce limitations that can influence the results and how
they should be interpreted. In this section, the limitations are discussed in two main categories: the
PyPSA model structure and the use of the EMA Workbench.

8.2.1 PyPSA model structure

Identification of KPIs

The research started by identifying the most important KPI’s for evaluating the PyPSA model. To
do this, both scientific literature and input from TenneT experts were used. The main KPI's selected
were installed capacities of energy technologies and load flows. These indicators focus mainly on
the economic and technical performance of the electricity grid. However, recent studies show that
these traditional KPI's are no longer sufficient to fully analyse electricity systems. Factors beyond
costs, such as public acceptance, political feasibility, and broader techno-economic feasibility, can be
just as important as economic indicators (Lehtveer et al., 2021; Pye et al., 2021). Lehtveer et al. (2021)
also highlights KPI’s such as import and export dependency and sectoral emission reduction rates,
especially in the context of recent geopolitical tensions. This raises the question of whether additional
KPI’s should have been included in this thesis to provide a more complete analysis. Including these
KPI's would move this thesis in the direction of a MGA approach.

Absence of gas and heat network

The current PyPSA model does not include gas or heat networks. In the real energy system, these
networks supply part of the energy demand that would otherwise be met by electricity, for example
because of hybrid boilers. The interaction between electricity, gas, and heat networks plays an impor-
tant role in the energy transition and can significantly influence electricity demand and investment
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decisions. Including these interactions would improve the realism of the model and provide a more
complete picture of the future energy system.

Unfair comparison due to spatial detail

The installed capacity results from the PyPSA transmission network models have been compared to
those from PLEXOS’ single node model. The lack of spatial resolution in the PLEXOS model does
not make it a completely fair comparison. Luckily the TenneT teams and Guidehouse are working
on a new model that does include the transmission network in PLEXOS. In the near future a better
comparison can be made.

PyPSA vs. PyPSA-EUR

It was decided to work on a custom PyPSA model for TenneT instead of using existing PyPSA models,
like PyPSA-EUR. The main reason for this choice is because of the need for speed for the model. A
larger model like PyPSA-EUR, that contains multiple nodes per country in the EU takes a long time to
run, while EPN-SO is primarily interested in fast results which provide a reliable order of magnitude
for only the Netherlands. To do this, modelling the entire European electricity system in detail is not
necessary. A focused model of the Netherlands with simplified cross-border connections is therefore
better suited to answer grid-related questions at the national and regional level. However, because
of this, the interconnector capacity behaviour is not included in the model.

Different sources for transmission network

The transmission network that was used in this thesis comes from researchers from TU Delft (Zomerdijk

et al., 2022). They have plotted all the 2014 380 and 220 kV substations and lines in (x,y) format, in-
formation that TenneT doesn’t readily have available. In the meanwhile, a few substations have
been added (Tilburg, Halsteren, Veenoord Boerdijk and Musselkanaal). These have been added by
hand, and have been added because these substations are included in the Grid Planning load flow
calculations. To better compare these calculations with the PyPSA results, it is key that these lines/-
substations match as much as possible. The substations do match now, but it must be noted that the
substations are from different sources. Also there have been reinforcements made to the grid, but
these are not included.

Clustering of substations

There are a few clusters of 380 and 220 kV stations that have been grouped to reduce computational
time. This has been explained in Subsection 6.1.2. Substations are grouped only when they are in a
near vicinity of each other and when, if they are grouped, they do not influence how the load flows
go. For example, for big industrial clusters like the Eemshaven cluster. This clustering approach was
chosen instead of using a clustering algorithm such as k-means because of how it affects the load
flow results. If an algorithm like k-means were used, the resulting clusters would have a different
spatial layout, which would change how the electricity cables are represented and therefore change
the calculated load flows. Even with the clustering method used here, grouping any substations
already changes the layout and means that the load flows are not exactly the same as they would be
in a fully detailed network.
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Costs for hydrogen network

When modelling the hydrogen network, transport was assumed to be free of costs and unlimited.
This choice was made deliberately, because the focus of this thesis was on identifying where hydro-
gen production would take place in an optimal system without constraints. However, in reality, plans
already exist for a dedicated hydrogen network with specific routes and costs (Gasunie, 2025). For a
more realistic analysis, this planned hydrogen infrastructure and its costs should be included.

Curtailment of renewable energy sources

Lastly, in this model, curtailment of offshore wind energy and solar energy is free. Wind and solar
parks can curtail their energy without any financial implications. In reality, curtailment leads to lost
revenue for producers and network companies. To combat this, they would install less capacity, just
enough, to prevent this. So in this model, more RES is installed than would probably happen in
reality.

8.2.2 EMA workbench structure

To explore uncertainty in the model, several method choices were made that affect the results.

LHS was used to sample uncertainties and policy levers. Ideally, a Monte Carlo approach would have
been preferred, because it samples the uncertainty space better. However, Monte Carlo sampling
requires a very large number of model runs to produce reliable results. Due to limited computational
resources and time constraints, this was not feasible for this study. LHS was therefore chosen as a
compromise, as it provides good coverage of the uncertainty space with far fewer simulations.

While very important for modelling future energy systems, electricity demand (loads) was not in-
cluded as an uncertainty. Including loads as uncertain parameters would have greatly increased the
number of variables in the analysis, making the experiments computationally too heavy. As a result,
demand profiles were kept fixed across all scenarios. This means that the results focus mainly on
uncertainty in technology costs and do not capture uncertainty related to future demand growth or
changes in consumption patterns.

These choices help keep the analysis computationally manageable, but they also limit the scope of
uncertainty that is explored. This should be kept in mind when interpreting the robustness of the
results.

83 PERSONAL REFLECTIONS

In hindsight, the order in which the research was carried out could have been improved. The study
started by validating the single-node PyPSA model, after which the model was expanded to a trans-
mission network, and later offshore wind and electrolysers were added. However, it was discov-
ered late in the research that the PLEXOS single-node model used for comparison already includes
electrolysers. This means that, ideally, electrolysers should also have been included in the PyPSA
single-node model. This modelling choice likely influenced the installed capacities, especially in the
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sensitivity analysis where the solar capacity limit was removed.

While interviews with TenneT staff provided valuable input, the number of people involved and the
time available for interviews is limited. As a result, the findings reflect the views of a few individuals
rather than the full range of experts within the organisation. To mitigate this as much as possible,
interviewees were selected to reflect both policy as technical roles within TenneT.

As this project is a master thesis, there was limited time to fully explore a large range of possible sce-
narios or test all model variations. Some research steps, like market analysis, or broader stakeholder
involvement, were not done due to time limits.

84 RECOMMENDATION FOR POLICY DEVELOPERS

Five key recommendations can be made to policy developers reading this thesis:

One of the strongest and most consistent findings is that solar energy appears to be most cost-effective
in the PyPSA and EMA workbench results in all model phases. From an energy policy perspective,
especially for the government, this suggests that continued large-scale deployment of solar energy is
a low-regret option. Even if future costs turn out higher than expected, solar remains an attractive
backbone technology. However, the results also show that solar mainly dominates in terms of in-
stalled capacity, not necessarily in annual energy production. This means policymakers from TenneT
and the government should not only focus on installed capacity numbers, but also on system inte-
gration: storage, flexibility, and grid infrastructure are essential to make large solar volumes work
reliably.

The EMA workbench results show that depending on cost assumptions, the system shifts between:
solar + batteries, offshore wind + gas OCGT, or combinations of both. This means that flexibility
technologies compete with each other, and investing in all could improve system resilience. This is
especially important for TenneT, because as the operator of the electricity system, they play a key role
in deciding which flexibility technologies are developed and integrated into the grid.

Offshore wind becomes much more attractive once the transmission network is included. The trans-
mission results clearly show that offshore wind helps reduce congestion by supplying electricity
close to large industrial demand centres. At the same time, offshore wind has very high investment
costs and increases total CAPEX. The EMA archetypes show that when offshore wind becomes ex-
pensive, the system quickly shifts back toward solar and batteries. This means offshore wind is not
automatically the best solution in all futures, especially under high cost uncertainty. So, offshore
wind expansion should be closely coordinated with grid planning and industrial demand locations.
It should not only be evaluated on energy output, but also on its impact on congestion. This is impor-
tant for TenneT and the government, because they are responsible for planning how offshore wind is
rolled out and for making sure that this expansion is well aligned with grid development, industrial
demand, and other energy technologies.

The overload analysis shows that several transmission lines experience thousands of hours of con-
gestion, and these results strongly match TenneT’s real-world upgrade plans. This confirms that grid
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expansion is not optional, regardless of which generation mix is chosen. Importantly, congestion ap-
pears even in cost-optimal systems. This means that market-based optimisation alone will not solve
grid bottlenecks. So, system models like PyPSA can be used to identify future congestion early. These
insights can be valuable for TenneT when planning and preparing for future grid conditions.

Lastly, the EMA workbench results show that small changes in CAPEX assumptions can lead to dif-
ferent optimal system designs, even when overall system performance remains similar. This means
that choosing one ‘optimal” pathway is risky. The main lesson is that robust policy is more impor-
tant than optimal policy, which is important for governmental policy makers when developing new
energy policy. So next to scenario analysis, also uncertainty analyses should be performed. In this
thesis, parametric uncertainty was used, but structural uncertainty should also be tested.

85 RECOMMENDATION FOR FUTURE RESEARCH

While this thesis provides useful insights, several areas could be improved in future research.

The load flow results from the PyPSA model could be brought closer in line with the results used by
TenneT’s Grid Planning team. While the current model shows the general patterns of how electricity
flows through the grid, there are still large differences on individual transmission lines compared
with the detailed planning models. Future research could work on improving that alignment by us-
ing more detailed grid data and logic. Improving this alignment would help increase confidence in
the model’s results for analyses that focus on grid behaviour and congestion.

Interactions with neighbouring countries should be modelled in more detail. Cross-border electricity
flows can have a big impact on the Dutch grid, especially in a highly interconnected European power
system. In addition, future studies should better integrate interactions between the electricity system
and other energy networks, such as gas, hydrogen, and heat. Including these sector couplings more
explicitly would give a more complete picture of system behaviour and congestion effects.

Although time aggregation methods were tested during this study, the results from those methods
were not thoroughly validated. Instead, the full hourly resolution results were used throughout the
thesis, because they ran fast enough for the current model setup. However, as the model is developed
further and becomes more detailed, the computation time is likely to increase, which will make time
aggregation more useful or even necessary. For that reason, additional validation of time-aggregated
results is needed in future research to ensure that they still produce results that are meaningful and
reliable.

Finally, this research could be repeated using exact input data from the ETM. Using the same data
source throughout would allow for a more direct comparison with other studies and reduce uncer-
tainties caused by differences in assumptions or data quality. This would help isolate the effects of
modelling choices from those of the input data itself.

Together, these improvements would increase the accuracy and applicability of the model and sup-
port more robust decision-making for future energy system planning.
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9 CONCLUSION

TenneT is in need of a modelling tool that can do quick calculations on capacity planning and power
flows of the Dutch electricity grid. At the moment, answering these questions requires multiple tools
and teams, which makes the process complex and time-consuming. This creates a clear need for a
simple tool such as PyPSA, which first needs to be thoroughly validated before it can be used in
practice. Before answering the main research question, first the sub-questions are answered.

SUB-QUESTION 1.
What are key indicators to assess the results of electricity capacity expansion planning?

The literature review shows that many studies mainly use indicators related to system reliability, out-
ages, and costs. However, in this thesis, indicators related to reliability and outages are not useful,
because the PyPSA model assumes perfect system operation and focuses on minimising costs. This
means that outages and blackouts do not occur in the model. As a result, the most relevant indica-
tors for this study are those related to costs and how available and usable the grid is. Based on this
reasoning, and supported by interviews with experts from TenneT, the selected KPIs are installed
capacity per generator type, dispatch, electricity prices, load flows, and interconnector capacity.

SUB-QUESTION 2.
How can offshore wind energy and electrolysers be reliably added to the PyPSA model?

For the transmission-level PyPSA model to work properly, the locations of offshore wind farms, their
landing points, and the lengths of the sea cables needed to be included. This information was created
by combining and overlaying maps from the Open Infrastructure Map, Rijkswaterstaat, TenneT’s
Geoweb, the Ministry of Infrastructure and Water Management, and Google Maps. While this ap-
proach provides a good estimate of the locations and distances, the exact coordinates could not be
determined. For this, more specific data from TenneT was needed, which was not available at the
time of writing.

Electrolysers were added to the model using data from the Energy Transition Model, with the as-
sumption that they are only built at offshore wind landing locations. Because the installed capacity
results of this regionalised PyPSA model are compared with results from a single-node PLEXOS
model, a fully fair comparison is not yet possible. At this stage, the results of the two models were
compared, but a more fair and comparison will only be possible in the future, once PLEXOS is also
extended to include regionalised network data.
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SUB-QUESTION 3.
How can the quality of a simplified PyPSA model be tested against a PLEXOS model?

The KPIs identified in sub-question 1 were taken from the outputs of the PyPSA and PLEXOS models.
For each modelling phase in PyPSA, these indicators were compared with the results from PLEXOS.
Where differences appear, an effort is made to explain these as clearly as possible, with many of them
being caused by differences in data assumptions between the two models.

To check whether PyPSA and PLEXOS show similar system behaviour, the sensitivity analyses that
were performed in PLEXOS are repeated in the PyPSA model. One of these analyses, in which the
CAPEX of nuclear power is halved, shows that both models respond in the same way. However, this
is not the case for the analysis where solar capacity is uncapped. This difference can be explained
by the fact that electrolysers are not included in the single-node PLEXOS model, which affects how
excess solar energy can be used.

SUB-QUESTION 4.

Which trade-offs emerge in the electricity mix under different cost assumptions in the 2040 Ko-
ersvaste Middenweg scenario?

In almost all archetypes, solar emerges as the most cost-efficient technology. Even when solar be-
comes more expensive, it stays that way. However, changes in solar CAPEX strongly affect total
system investments and can trigger trade-offs with other technologies. For example, when offshore
wind becomes relatively cheaper, the system shifts toward more offshore wind combined with gas
OCGT for backup, while solar and batteries decrease. This shows that solar and offshore wind partly
substitute each other, depending on their relative costs and the need for storage.

Gas creates one of the clearest trade-offs in the system. When gas CCGT produces more electricity,
total emissions and OPEX increase significantly. At the same time, gas CCGT reduces total CAPEX
and can lower peak electricity prices because it provides reliable, dispatchable power during scarcity
hours. Offshore wind shows the opposite pattern: it increases CAPEX due to high investment costs,
but lowers emissions and OPEX because it is clean and cheap to operate. Nuclear does not play a
major role in any of the cost scenarios. Overall, the main trade-offs emerge from changes in the
relative costs of solar, offshore wind, gas, and storage, which cause shifts in the cost-optimal ordering
of technologies and lead to different but internally consistent system designs.

Using the information from the sub-questions, finally, the main research question can be answered:

How can a PyPSA model of the Dutch transmission grid be designed and validated to support opti-
mal capacity expansion planning for the 2040 Koersvaste Middenweg scenario, including offshore
wind, electrolysers, and cost-driven trade-offs between technologies?
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SUPPORTING OPTIMAL CAPACITY EXPANSION PLANNING  The results show that PyPSA is a strong
tool for energy policy decision-making. Across all model phases, PyPSA finds cost-optimal system
designs that show similar results as existing models. One of the most robust findings is that solar
energy is a cost-efficient solution for the Dutch electricity system in 2040, regardless of spatial detail
or uncertainty in costs. Even when solar becomes more expensive, it stays cost-efficient. This shows
that solar is a low-regret technology for future planning. However, the model also makes clear that
solar dominance is mainly in installed capacity, not necessarily in energy production, which high-
lights the importance of flexibility and system integration.

Including the transmission network strongly improves realism. Offshore wind becomes more attrac-
tive once grid constraints are included, because it can deliver electricity near large industrial demand
centres at the coastal landing sites. This reduces the need to transport power from inland and there-
fore lowers congestion on the grid. At the same time, gas technologies shift from CCGT to OCGT,
reflecting the need for less expensive investment costs and flexible peak capacity near demand loca-
tions. This shows that PyPSA does not just optimise technologies in isolation, but also accounts for
where electricity is produced and consumed.

The overload analysis further demonstrates PyPSA’s usefulness for planning. The model identifies
structural bottlenecks that closely match TenneT’s real grid reinforcement plans, which increases
confidence that PyPSA can be used to signal future grid problems early.

INCLUDING OFFSHORE WIND FARMS AND ELECTROLYSERS. This research was designed in multi-
ple phases, starting from a simple single-node model and gradually adding more realism by includ-
ing the transmission network, offshore wind farms, and electrolysers. This step-by-step approach
makes it possible to understand how each modelling choice affects the results and allows for struc-
tured validation.

Validation against both Market Analysis (PLEXOS) and Grid Planning (PowerFactory /PSSE) models
shows that PyPSA produces credible and explainable results. In terms of installed capacities, PyPSA
shows results close to PLEXOS, and also responds to cost changes in the same direction, as shown
clearly in the nuclear CAPEX sensitivity analysis. In terms of load flows, PyPSA captures the main
flow directions and congestion patterns in the Dutch grid, even though exact line loadings differ due
to simplifications and different modelling purposes.

When electrolysers are included, PyPSA does not artificially inflate generation capacity. It is assumed
this is because hydrogen production mainly takes place during hours with surplus electricity. This
shows that PyPSA can realistically integrate electrolysers in the model. Overall, the model is well
suited to represent offshore wind and electrolysers in a way similar to existing models.

TRADE-OFFS IN THE 2040 KOERSVASTE MIDDENWEG SCENARIO The EMA Workbench analysis
reveals the key trade-offs that emerge in the 2040 KM scenario when technology costs are uncertain.
Rather than one single optimal future, the system moves between a small number of typical system
designs (archetypes). A central trade-off is between cost, emissions, and flexibility:

Gas CCGT lowers investment costs and peak prices and makes the system easier to operate,
but strongly increases CO, emissions and operating costs.
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e Offshore wind increases investment costs but lowers emissions and operating costs, while
sometimes leading to higher peak prices due to reliance on expensive backup during low-wind
periods.

e Solar + batteries reduce peak prices and provide clean energy, but require very large installed
capacities and depend heavily on storage costs.

e Gas OCGT works as flexible backup and complements offshore wind, but increases peak prices
when used.

¢ Nuclear barely appears in the results and only becomes relevant when investment costs are
halved, showing it is not competitive under current assumptions.

A key insight from the EMA results is that small changes in CAPEX assumptions can shift the sys-
tem between different archetypes, even though total system performance (meeting demand reliably)
remains similar. This means the future electricity system is not fragile, but it is path-dependent: dif-
ferent combinations of technologies can work, depending on costs and investments.

The most important takeaway is that there is no single ‘optimal” future system. Instead, the Dutch
electricity system can be built in several robust ways, each with its own strengths and weaknesses.
This means that robust policy, which prepares for multiple credible system designs instead of one
optimal pathway, is more important than aiming for one exact solution. A PyPSA-based model,
combined with uncertainty analysis, provides a strong foundation to support such policy decisions.
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A APPENDIX A: PYPSA INPUT VARIABLES

This appendix describes the data files that are required to run the PyPSA model and explains which
variables are included in each file. It also provides the coordinates of the offshore wind farms used
in the model. Finally, it explains how PyPSA calculates investment and operating costs within the

model.

A.1 DATA FILES

The PyPSA model needs data files for the model to work. These datafiles contain specific attributes
of the components they belong to. For these components and attributes, see Table A.1. How these
components work together, see Chapter 5.

Excel sheet

Input variables

Buses
Carriers
Generators

Generators-p_max_pu
Global_constraints
Lines

Loads
Loads-p_set
Network
Snapshots
Storage_units

Transformers

Name, Nice_ name, Network, V_nom, X_coordinate, Y_coordinate

Name, Color, CO,_emissions

Bus, Control, P_nom (extendable/min/max/min_pu), Q_set, Carrier, Capi-
tal_costs, Marginal_costs, Build_year, Efficiency, Committable, Start_up_cost,
min_up_time, min_down_time, ramp_limit_up, ramp_limit_down
Snapshot, P_max_pu (per wind/solar generator)

Name, Carrier_attribute, Sense, Constant

Name, Bus_0/Bus_1, X, R, B, S_nom(_extendable/_min/_max_pu), I_nom,
V_nom, Build_year, Length, Capital_cost

Name, Bus

Snapshot, Netherlands

Name, PyPSA_version

Snapshot

Name, Bus, Control, P_nom(_extendable/_nom_min/_nom_max/_min_pu),
Q_set, Carrier, Capital_costs, Marginal_costs, Max_hours, State_of_charge,
Cyclic_state, standing_loss, build_year, efficiency_store, efficiency_dispatch
Name, Bus_0/Bus_1, Model, X, R, G, B, S_nom(_extendable), Build_year

Table A.1: Excel sheets and their input variables for the PyPSA model
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A.2 COORDINATES OF OFFSHORE WIND FARMS
Offshore wind parks Coordinates Landing locations Coordinates Distance
(km)
Borssele, kavels I en II 51.7000000, Borssele 51.433252, 59.35
3.0566670 3.728533
Borssele, kavels III, IV en V 51.7262240, Borssele 51.433252, 66.72
2.9655000 3.728533
Hollandse Kust (zuid), kavels I en II 52.3193300, Maasvlakte 51.98369, 4.02685 40.80
4.0430000
Hollandse Kust (zuid), kavels III en IV 52.2576722, Maasvlakte 51.98369, 4.02685 32.40
4.0846915
Hollandse Kust (noord), kavel V 52.6977538, Beverwijk 52.487194, 38.38
4.2936252 4.616822
Hollandse Kust (west), kavel VI 52.6797576, Beverwijk 52.487194, 74.1
3.8046376 4.616822
Hollandse Kust (west), kavel VII 52.6138086, Beverwijk 52.487194, 71.44
3.7373507 4.616822
Ten noorden van de Waddeneilanden, kavel I 5.491714, Eemshaven 53.443919, 100
54.119494* 6.871198
IJmuiden Ver, kavel Alpha 52.8294, 3.4965* Borssele 51.433252, 112
3.728533
IJmuiden Ver, kavel Beta 52.9210, 3.5884* Maasvlakte 51.98369, 4.02685 132
IJmuiden Ver Gamma-A en [jmuiden Ver Gamma-B 53.070054, Maasvlakte 51.98369, 4.02685 176
3.735274*
Nederwiek kavel I-A en I-B 52.943770, Borssele 51.433252, 175
3.306198* 3.728533
Nederwiek, kavel 11 53.204351, Maasvlakte 51.98369, 4.02685 162
3.520736*
Nederwiek, kavel 11T 53.204351, Geertruidenberg  51.700908, 250
3.520736* 4.833338
Hollandse Kust (west), kavel VIII 52.574034, Beverwijk 52.487194, 67
3.711955 4.616822
Doordewind (kavel 1) 54.368772, Eemshaven 53.443919, 150
5.380426* 6.871198
Doordewind (kavel 2) 54.368772, Eemshaven 53.443919, 153
5.380426* 6.871198
Gemini I 54.0368684, Eemshaven 53.443919, 105.7
6.0418551 6.871198
Gemini II 54.0326264, Eemshaven 53.443919, 115.7
5.8883143 6.871198
Windpark Egmond aan Zee 52.60536, 4.41328 Beverwijk 52.487194, 16.3
4.616822
Princes Amalia Windpark 52.5855137, Beverwijk 52.487194, 27.96
4.2353666 4.616822
Gebied 6/7 54.179241, Eemshaven 240-450
3.859489*

Table A.2: Offshore wind parks, their (x,y) coordinates, landing location, and the distance between them (Min-
istry of Economic Affairs and Climate, 2025; Ministry of Infrastructure and Water Management,

2025; Rijkswaterstaat, 2025)

90



A.3 COST CALCULATIONS

Marginal costs
The formula for the marginal costs of dispatch is in Equation A.1.

+ Z ZU? (E On,s,t8ns,t 1 Zon,s,thﬁ,s,t + Eon,s,thn,s,t + Eol,tfl,t> (A1)
t n,s n,s n,s 1

In the formula, g stands for the generators, barh for the storage units, h for the stores, f for the links,
o for the marginal costs, and w for the snapshots.

By running the energy system over all time steps, this formula calculates the total marginal costs.
It adds up the costs of electricity generation, storage charging and discharging, and power flows
through network links, weighted over the full year.

Investment costs
When p, s, or e compontents are extendable, the investment costs of expanding their capacity are
Equation A.2.

ZCH,SGH,S + ch,an,s + ch,sEn,s + ZCZFZ + ZCZPZ (A2)
n,s n,s n,s I I

In the formula, n represents the bus, and s represents the specific generator or storage type connected
to that bus. 1 refers to a branch in the network, such as a transmission line. The symbols G, H, F, and P
represent the nominal power capacities, while E represents the nominal energy capacity of a storage
unit.

To minimise long-term annual system costs (expressed in currency per year), investment costs for
system components should be converted into annualised capital costs (currency per MW per year
or currency per MWh per year). Time-step weightings (hours per year) should be chosen so that it
equals to 8760 hours per year. These cost conversions and weightings are applied at a later stage of
the thesis.

Energy balance The energy balance equations are the most important constraints in the model. They
ensure that, at every bus and for each time step, the total incoming energy is equal to the total outgo-
ing energy. This is similar to Kirchhoff’s current law for electrical circuits. When all system compo-
nents are included, this balance in the following formula is used Equation A.3.

Zgn,s,t + Z (hr;s,t - thr,s,t) + Zhn,s,t + Z Ln,l,tfl,t + ZKn,lPl,t = Zdn,s,t <~ w?/\n,t (A-3)
s s S 1 1 S

In the formula, d represents the electricity demand of load components, g represents the power pro-
duced by generators, h- represents the discharge of storage units, h+ represents the charging of stor-
age units, f represents the power flow through links, and p represents the power flow through trans-
mission lines.
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The incidence matrices K and L describe how electricity flows between buses through lines, trans-
formers, and links, including the direction of flow and any efficiency losses. The dual variable lambda
represents the shadow price of the constraint, the value of electricity at each bus and time step.

Storage For extendable storage units, which is what’s used in this thesis, PyPSA does not fix the
power capacity in advance. Instead, the model optimises the storage size by deciding how much
power capacity should be installed. The charging and discharging at each time step are then limited
by this optimised capacity. This allows PyPSA to choose both when the storage is used and how large
it should be, so that the total system cost is minimised while still meeting demand, see Equation A .4,
Equation A.5, Equation A.6 and Equation A.7.

st >0 (A.4)
hase > hysiHys (A.5)
Iyse = 0 (A.6)
Mor = Py i Hins (A7)

In the formulas, h- represents the discharge of storage units, h+ represents the charging of storage
units, and H is the power capacity that needs to be optimised.

Linear power flow First, the optimisation step is done, afterwards the power flow calculations can be
done. They work independently from each other. In the power flow step, the power imbalances from
during the optimisation are used as input values. For AC networks, the linear power flow model is
based on several simplifying assumptions. Reactive power is assumed to be decoupled from active
power, voltage magnitudes are kept constant, voltage angle differences between connected buses are
small, and line resistances are much smaller than line reactances. Under these assumptions, power
flows depend mainly on the series reactances of the lines.

In this approach, the active power injections are known for all buses except one, called the slack bus.
The voltage angle of the slack bus is fixed at zero and serves as a reference point. The task of the
linear power flow calculation is then to determine the voltage angles at all other buses. These voltage
angles are found by solving the following equation Equation A.8.

P = Z (KBKT);6; ZKlleGShlft (A.8)
j

In the formula, K and B are incidence and diagonal matrixes of the network. The rest of the formula
is for the phase shift of a transformer.
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For DC networks, the linear power flow model also uses simplifying assumptions. It is assumed that
the voltage magnitude differences between connected buses are small. Under this assumption, the
power flow can be calculated using only the series resistances of the lines. The linear power flow
calculation for DC networks is similar to that of AC networks. The main difference is that voltage
angle differences are replaced by voltage magnitude differences, and series reactances are replaced
by series resistances.
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B APPENDIX B: SOLVER OPTIONS

PyPSA normally uses HiGHS as its standard solver, but in practice this solver turned out to be very
slow for the models used in this thesis. For that reason, Gurobi was chosen instead. To check whether
this choice would affect the results, both solvers were tested and their outputs were compared.

Different solvers can produce different results, even when they solve the same optimisation problem.
This is because each solver uses its own mathematical techniques, numerical tolerances, and decision
rules to find the optimal solution. In this thesis, the comparison between HiGHS and Gurobi was
done using the single-node model, because the transmission network was already too large. Run-
ning the transmission network with HiGHS took more than a week and often failed to finish. The
version with electrolysers would have taken even longer, so no solver comparison was done for those
cases.

The runtime differences between the two solvers were very large. In all tested cases, Gurobi was at
least twice as fast as HIGHS. The runtimes for Gurobi are in Table B.1. These solver tests were carried
out using an older time-simplification method rather than the final segmentation method. However,
it is expected that the general conclusions would remain the same.

Phase Optimised timeframe Time (minutes)
Phase 1: Single node Whole year 1
Phase 2: Transmission network 2 days per month per year 1
1 week per month per year 7
Whole year 90
Phase 3: Transmission + electrolyser network Whole year 150

Table B.1: Time to run the model with Gurobi

The results showed that HIGHS and Gurobi do not always produce exactly the same optimal system
configuration. For the single-node model with a full-year simulation, Gurobi builds almost 6 GW
more solar capacity, around 4 GW more offshore wind, and about 1 GW more batteries, while build-
ing roughly 1 GW less gas capacity than HiGHS (Figure B.2). For the single-node model using a ‘one
week per month’ time simplification, the differences are also noticeable: Gurobi builds about 2 GW
less gas, 8 GW less solar, 7 GW more offshore wind, and 1 GW more batteries compared to HiGHS
(Figure B.1).
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Figure B.1: Installed capacities test Highs and Gurobi: 1 week per month
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Figure B.2: Installed capacities test Highs and Gurobi: 1 year

These differences can be explained by how the solvers work internally. Gurobi uses highly optimised,
proprietary algorithms for linear and mixed-integer optimisation, including advanced presolve tech-
niques and heuristics. HIGHS, on the other hand, is open-source and mainly relies on simplex and
interior-point methods, with different numerical settings and tolerances. Because the optimisation
problem often has many solutions that are almost equally optimal, both solvers can choose different
points within this feasible solution space. As a result, small differences in installed capacities can
appear, even though the total system cost and overall system performance remain very similar.

Because of its much shorter runtimes and better ability to handle large and complex models, Gurobi

was chosen as the solver for the main analyses in this thesis.
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APPENDIX C: RESULTS

This appendix contains additional results that could not be discussed in detail in the main chapters
because of their size and level of detail. These results support the findings in the results and discus-
sion chapters, but are not essential for understanding the main conclusions of the thesis. It includes
both PyPSA and EMA Workbench outputs. For PyPSA, this mainly involves extra figures and com-
parisons related to installed capacities, load flows, and congestion patterns. For the EMA Workbench,
it shows additional plots on archetypes and dispatch.

C1 PYPSA RESULTS

c.1.1 Phase 1: Single node

The main text already describes the reason for the difference in installed capacities for the PyPSA and
PLEXOS model, Chapter 7. However for full transparency, the full installed capacity plots from can
be seen for the single node analysis Figure C.1.
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Figure C.1: Optimal installed capacities by PyPSA and Guidehouse for single node
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c.1.2 Phase 2: Transmission network

Optimal installed capacities

When comparing the optimised installed capacities from Guidehouse and TenneT (2025) with the
results from the PyPSA model, both approaches lead to the same overall conclusion, as shown in
Figure C.2. In both models, solar energy clearly forms the largest share of the total installed capacity.
Offshore wind comes second and also plays a major role in supplying electricity. Batteries and gas-
fired power plants are important supporting technologies, mainly used to balance the system and
provide flexibility. Onshore wind and other technologies only make up a relatively small part of the
total installed capacity.

The main text already explains why there are differences between the PyPSA and PLEXOS results.
What Figure C.2 adds is a clearer picture of these differences in absolute terms, rather than relative
changes between technologies. When looking at the total system size, the differences between the
two models are actually quite small. More importantly, the remaining differences are logical and
can be explained by the modelling choices, such as how grid constraints and flexibility options are
treated. This means that both models broadly agree on the overall system design, even if the exact
numbers are not identical.
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Figure C.2: Optimal installed capacities by PyPSA and Guidehouse for transmission network
The plot in Figure C.3 adds more depth by showing where PyPSA places generation capacity and

how electricity is expected to flow through the grid. Each circle represents a substation (or bus) in
the model, and the colours show which technologies are installed at each bus Figure C.1.
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Color Technology
Yellow Solar

TU Delft blue Offshore wind
Light blue Onshore wind
Green Batteries

Dark grey Gas OCGT
Light grey Gas CCGT
Black Coal

Dark blue Nuclear
Purple Biomass

Table C.1: Colors of explore plot

NORTH RHINE-
WESTPHALIA

Brussels

Figure C.3: Explore plot of the transmission network in
PyPSA

From this figure, a clear pattern can be seen. In large industrial clusters, a lot of offshore wind energy
is connected directly to the grid. These areas show relatively little installed solar capacity, but instead
rely more on gas CCGT and gas OCGT plants (and offshore wind). This supports the explanation
given earlier: when transmission constraints are included, it becomes more cost-efficient to use off-
shore wind that is located close to large electricity consumers. Supplying these industrial clusters
with offshore wind reduces the need to transport large amounts of solar electricity from inland areas,
which would otherwise increase congestion on the grid.

In contrast, in non-industrial and inland regions, the combination of solar energy, batteries, and
onshore wind appears sufficient to meet local demand. These areas do not need large amounts of
offshore wind or gas capacity, because demand is lower and can be balanced more easily with local
renewable generation and storage.

Load flows

When comparing the direction of power flows between the PyPSA results and the Grid Planning
results, 31 transmission lines show the same flow direction, while 10 lines show a mismatch. This
means that for most of the grid, PyPSA correctly shows the main direction in which electricity flows
through the network. The mismatches are limited to a relatively small number of lines, which are
summed up below:

¢ Breukelen Kortrijk - Diemen
¢ Beverwijk - Vijthuizen

¢ Eemshaven - Robbenplaat

98



¢ Krimpen aan de Jjssel - Diemen

Maasbracht - Boxmeer

Maasbracht - Eindhoven

Qostzaan - Diemen

Robbenplaat - Weiwerd

Tilburg - Eindhoven

Weiwerd - Meeden

As discussed in the main text, there are clear reasons why these mismatches occur. Most of them
can be explained by simplifications in the PyPSA model, such as the clustering of nearby substations,
which slightly changes the network layout. In addition, differences in assumed installed capacities
can shift local supply—demand balances and therefore reverse flow directions on specific lines.

c.1.3 Phase 3: Transmission network + electrolysers

Optimal installed capacities

As for the previous phase, the main text already explains the reasons for the differences between the
PyPSA and PLEXOS models. Figure C.4 helps to make these differences clearer by showing the total
installed capacities in absolute terms, rather than only relative shares. When looking at the figure
this way, it becomes clear that the differences between the two models are relatively small.
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Figure C.4: Optimal installed capacities by PyPSA and Guidehouse
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Additional insight is provided by the explore plot in Figure C.5, which shows where PyPSA places
electricity generation, electricity transport, and hydrogen infrastructure in the system. Compared to
the explore plot without electrolysers, this figure also includes the hydrogen network, shown by the
purple lines. This makes it possible to see how hydrogen production and transport interact with the
electricity grid.

Osnabriick

Munster

NORTH RHINE-
WESTPHALIA

Bruges Antwerp ‘ Dusseldorf

Cologne

Brussels
Bonn

Figure C.5: Explore plot of the transmission + electrolyser network in PyPSA

One noticeable difference compared to the transmission-only phase in Figure C.3 is that the line be-
tween Rilland and Tilburg becomes slightly overloaded. This is likely caused by the additional elec-
tricity demand and supply introduced by electrolysers at Geertruidenberg. Hydrogen production
increases power flows in certain parts of the grid, which adds extra pressure to some transmission
corridors and can lead to new or stronger congestion.

Load flows

In this phase, several transmission lines show a different flow direction compared to the Grid Plan-
ning results. These lines are:

o Breukelen Kortrijk - Diemen*

e Boxmeer - Dodewaard
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¢ Beverwijk - Vijthuizen*

¢ Crayestein - Krimpen aan den Ijssel

e Hessenweg - Ens

¢ Krimpen aan den Ijssel - Breukelen Kortrijk
e Krimpen aan de Jjssel - Diemen*

* Maasbracht - Boxmeer*

* Maasbracht - Eindhoven*

* Robbenplaat - Weiwerd*

e Tilburg - Eindhoven*

o Weiwerd - Meeden*

The lines marked with an asterisk (*) already showed a mismatch in flow direction in Phase 2, mean-
ing that their behaviour has not changed with the addition of electrolysers. The newly added mis-
matches are mainly located in the Maasvlakte area (two lines) and the Eemshaven area (two lines).
These are exactly the regions where electrolysers and additional electricity demand have been added.
This suggests that adding hydrogen production changes local supply—-demand balances and can alter
the direction of power flows on nearby transmission lines.

Overall, the results indicate that electrolysers have a clear and localised impact on grid behaviour,
while the broader flow patterns in the network remain largely consistent with earlier phases.

C.2 EMA WORKBENCH RESULTS

For the EMA results, the focus is mainly on the archetypes that come out of the analysis. The detailed
relationships between technologies and system indicators have already been explained in the main
text. This section shows mainly the archetypes, as these best summarise the key outcomes of the
EMA analysis and make the results easier to interpret.

c.2.1  Phase 1: Single node

A visual overview of the archetypes discussed in Section 7.2 is shown in Figure C.6. This figure
presents the different representative system configurations that result from the EMA analysis for the
single-node model. The corresponding cost factors that define each archetype are listed in Table C.2.
Together, these figures show how changes in technology costs lead to different typical system designs.
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Figure C.6: Archetypes for single node
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Archetype Battery Gas CCGT Gas OCGT Nuclear Solar Offshore wind
Co 1.11 1.34 1.21 1.38 113 1.06
C1 1.09 1.17 0.98 1.11 127 097
C2 1.29 1.28 1.29 1.01 123 1.36
C3 0.95 0.90 0.82 1.37 1.35 0.84
C4 1.17 0.93 1.29 1.13 1.19 096

Table C.2: Capital cost factors for single node archetype plot

Figure C.7 shows the violin plot that was discussed earlier in the main text. This plot gives additional
insight into how widely the installed capacities of the different technologies vary across all scenarios
in the single-node model. It helps illustrate which technologies show a lot of variation between runs
and which ones remain relatively stable.
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Violin plot for optimized capacity per carrier across EMA scenarios
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Figure C.7: Violin plot for single node

c.2.2 Phase 2: Transmission network

Although Phase 2 was not discussed in the main text, in this part of the appendix its archetypes and
the corresponding cost factors are shown for transparency: Figure C.8 and Table C.3.
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Figure C.8: Archetypes for transmission network
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Archetype Battery Gas CCGT Gas OCGT Nuclear Solar Offshore wind
Co 1.28 0.90 0.96 0.98 083 1.27
C1 1.27 1.23 0.98 1.08 122 0.82
C2 1.00 1.23 0.81 1.09 112 1.04
C3 1.15 0.83 1.38 1.27 1.00 097
C4 0.82 1.08 1.09 1.00 1.39  1.00

Table C.3: Capital cost factors for transmission network archetype plot

c.2.3 Phase 3: Transmission + electrolysers

The dispatch plot that is discussed in the main text is shown in Figure C.9. This figure helps explain
how different technologies are actually used over the year, rather than only how much capacity is
installed. The dispatch plot clearly shows the role of gas CCGT in the system in the first month of the
year. It runs so frequently, that a large amount of gas is burned, which increases both emissions and

fuel costs, just as shown in the Theil-Sen plot.

At the same time, the dispatch plot also helps explain why gas CCGT lowers total CAPEX. Because
CCGT provides large amounts of reliable electricity whenever needed, the system does not have to
invest as much in expensive technologies with higher investment costs, such as offshore wind or

large battery systems. This makes the overall system cheaper to build.
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