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1. Introduction

1.1. Motivation

The transition to a climate-neutral energy system fundamentally alters the eco-
nomic environment of energy supply. In Europe, this shift is characterized by the
rapid expansion of weather-dependent renewable generation and the anticipated
scale-up of hydrogen as a complementary energy carrier (IEA, 2025). Together,
these developments increase the exposure of the energy system to uncertainty
and risk. In the Knightian sense, uncertainty refers to developments for which
reliable probability distributions are unavailable, such as potential hydrogen im-
port disruptions, while risk describes uncertain but probabilistically quantifiable
outcomes, such as weather-driven renewable generation (Knight, 1921).

A central implication is that uncertainty and risk become first-order deter-
minants of economic outcomes, so that efficient outcomes depend not only on
expected conditions but on how this exposure is internalized in decision-making.
Internalizing it is inherently costly and redistributes costs across actors and time
horizons. Instruments such as long-term contracts, hedging strategies, or risk-
adjusted bidding behavior do not eliminate uncertainty and risk but transform
them into additional system investments, contractual rigidities, or price premia.
As a result, an inefficient handling of uncertainty and risk leads to a misallocation
of resources.

These challenges manifest differently across time horizons. In the long run,
uncertainty complicates the coordination of investments in an increasingly in-
tegrated energy system. Investment decisions must be taken before key uncer-
tainties are resolved and require trading off cost efficiency against robustness to
adverse states of the world. Accounting for these sources of uncertainty can sub-
stantially alter optimal system design and has important implications for policy,
as regulatory frameworks shape the trade-off between system costs and security
of supply.

In the short run, uncertainty shapes market outcomes in sequential electricity
markets, where trading takes place both before and after the realization of un-
certain renewable supply. This structure exposes market participants to risk, as
positions are taken under incomplete information and adjusted as uncertainty
resolves. While sequential trading allows agents to update decisions over time,
it also creates scope for strategic behavior in the presence of uncertainty. In this
context, risk preferences, market structure, and system flexibility jointly deter-
mine how uncertainty is translated into prices and dispatch decisions. These

1



1. Introduction

mechanisms have important implications for efficiency and welfare and provide a
basis for assessing potential inefficiencies in market design and regulatory frame-
works.

This dissertation studies how uncertainty and risk affect economic outcomes
along these two dimensions. The first part analyzes long-term system design in
integrated electricity and hydrogen systems. The second part examines short-
term market behavior in sequential electricity markets, focusing on how risk and
uncertainty shape bidding and price formation. The dissertation focuses on the
European energy system and German power markets. The research develops
and applies numerical optimization methods and analytical approaches. Each
chapter is based on a standalone research paper to which all authors contributed
equally:

• Chapter 2: Assessing the Impact of Take-or-Pay Rates in Long-Term Con-
tracts for Hydrogen Imports on a Decarbonized European Energy System.
Joint work with Jan Kopp, EWI Working Paper 24/07 and published in
Applied Energy (Keutz and Kopp, 2025a).

• Chapter 3: The Cost of Security: Analyzing Strategies to Hedge Hydrogen
Import Disruption under Stochastic Representation of Weather. Joint work
with Jan Kopp, EWI Working Paper 25/12 (Keutz and Kopp, 2025b).

• Chapter 4: Optimal Bidding of Uncertain Renewable Electricity in Sequen-
tial Markets – Implications of Risk Aversion and Imperfect Competition.
Joint work with Amir Ashour Novirdoust and Pia Hoffmann-Willers, EWI
Working Paper 25/10 (Ashour Novirdoust et al., 2025).

• Chapter 5: Bidding Wind and Solar: A Theory of Price Premia in Sequen-
tial Electricity Markets. EWI Working Paper 26/02 (Keutz, 2026).

The following section provides an outline of the individual chapters and dis-
cusses the methodological approaches, limitations, and opportunities for future
research.

2



1.2. Outline

1.2. Outline

Assessing the Impact of Take-or-Pay Rates in Long-Term
Contracts for Hydrogen Imports on a Decarbonized European
Energy System

Climate-neutral hydrogen is expected to play a central role in decarbonizing
Europe by 2050. However, existing studies often assume fully flexible hydrogen
imports and neglect contractual constraints such as Take-or-Pay (TOP) clauses
in long-term contracts, which limit import flexibility. Chapter 2 develops a
numerical optimization model of a coupled European power and hydrogen system
in 2050, explicitly incorporating TOP constraints in hydrogen imports. The
model co-optimizes investment and dispatch decisions under different levels of
import rigidity.

The results reveal that higher TOP rates significantly alter cost-optimal sys-
tem configurations: reduced import flexibility is mainly balanced by increased
hydrogen storage, while import capacity declines. Moreover, systems planned
under high TOP rates exhibit lower reliability when evaluated across multiple
weather years. Overall, the findings highlight the importance of accounting for
contractual constraints in hydrogen import assumptions, as they affect infras-
tructure needs and system robustness.

The Cost of Security: Analyzing Strategies to Hedge Hydrogen
Import Disruption under Stochastic Representation of Weather

The European Union’s pursuit of climate neutrality is likely to increase reliance
on imported green hydrogen, introducing risks from weather-driven production
variability and potential import disruptions. Existing studies often overlook
these uncertainties or treat them deterministically. Chapter 3 develops a stochas-
tic optimization framework of the European power and hydrogen system, captur-
ing weather variability across domestic and exporting regions. Hydrogen imports
are modeled via long-term contracts, with prices and supply profiles derived from
a stochastic levelized cost approach. The model further evaluates mitigation
strategies such as supplier diversification and reduced import dependency.

The results show that accounting for stochastic weather conditions reduces sys-
tem costs significantly compared to deterministic planning. At the same time,
substantially higher hydrogen storage capacities are required to manage supply
variability. Cost-minimal import strategies lead to strong supplier concentration,
increasing vulnerability to disruptions. Evaluating risk mitigation strategies re-
veals that diversification and reduced imports increase upfront system costs but
can be economically justified under higher disruption risk. Together, the find-
ings highlight the importance of explicitly incorporating uncertainty and security
considerations in planning hydrogen-based energy systems.

3



1. Introduction

Optimal Bidding of Uncertain Renewable Electricity in
Sequential Markets – Implications of Risk Aversion and
Imperfect Competition

Sequential electricity markets allow producers to adjust positions over time but
also create strategic incentives under uncertainty. While forward premia are
often attributed to market power, the role of risk aversion among renewable en-
ergy producers remains less understood. Chapter 4 develops a stylized two-stage
model of competition between renewable and conventional producers, incorpo-
rating uncertainty in renewable generation, risk-averse behavior, and limited
flexibility of conventional supply. The model distinguishes between competitive
and oligopolistic renewable market structures.

The findings reveal that risk aversion increases strategic withholding by oligopolis-
tic renewable producers, raising forward premia, especially when conventional
supply is inflexible. While no welfare effects arise under perfect competition
or full flexibility, the interaction of risk aversion, market power, and inflexi-
bility leads to welfare losses. In market structures including both oligopolistic
and fringe producers, fringe producers benefit from higher prices induced by
oligopolistic withholding. In summary, the work shows that forward premia
can be driven by the interaction of risk preferences, market power, and system
flexibility, with implications for market design and welfare.

Bidding Wind and Solar: A Theory of Price Premia in
Sequential Electricity Markets

Price premia between day-ahead and intraday electricity markets are well docu-
mented but not fully explained, particularly regarding their systematic diurnal
patterns observed in markets such as Germany. Existing explanations based on
forecast errors or market frictions provide limited insight into these temporal
structures. Chapter 5 develops a stylized two-stage model in which renewable
producers choose day-ahead bids under different rationales, including expected-
production, risk-neutral, and risk-averse strategies that account for tail risk.
The model derives closed-form solutions for bidding behavior and resulting price
premia and is calibrated to the German electricity market.

The analysis points out how price premia emerge from the interaction of bid-
ding behavior, forecast uncertainty, and supply curve convexity. In particular,
heterogeneous strategies across technologies replicate observed diurnal patterns:
negative premia around midday and positive premia during morning and evening
hours arise when PV producers bid expected production while wind producers
behave risk-averse. Overall, the findings suggest that systematic price premia
reflect both risk preferences and institutional features of renewable energy mar-
keting.
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1.3. Methodological approaches

The four papers can be grouped into two methodological clusters that reflect
the dual research agenda of this dissertation. Chapters 2 and 3 employ large-
scale partial equilibrium models of the European power and hydrogen sectors.
Chapters 4 and 5 develop analytical models of sequential electricity markets and
derive closed-form solutions. Together, the chapters span a broad methodolog-
ical spectrum to investigate the role of uncertainty and risk within the energy
transition.

Chapter 2 introduces the partial equilibrium model HYEBRID. The model
jointly optimizes investment decisions in power generation, electrolysis, hydro-
gen storage, and import infrastructure, together with hourly dispatch decisions
for the European electricity and hydrogen sectors in the target year 2050. The
model explicitly formulates take-or-pay constraints within long-term hydrogen
import contracts, which impose a minimum offtake obligation on the importing
country and thereby restrict import flexibility. The two-stage design, with in-
vestment decisions in the first stage and high-resolution dispatch decisions in the
second stage, enables the quantification of reliability shortfalls that arise when in-
frastructure is dimensioned under representative rather than worst-case weather
conditions. A key limitation of the analysis is the assumption of a fixed hydro-
gen import price irrespective of the underlying take-or-pay rate, an abstraction
that warrants further research. Furthermore, the representative weather year
approach in the investment stage may systematically underestimate peak infras-
tructure needs, a shortcoming that is addressed in Chapter 3.

Chapter 3 extends the HYEBRID model framework in two key directions.
First, the deterministic treatment of weather is replaced with a two-stage stochas-
tic optimization approach. Rather than relying on a single representative weather
year, the model considers five clustered weather years, each assigned a proba-
bility weight, which allows investment decisions to reflect the full distribution
of weather outcomes rather than a point estimate. While computational con-
straints limit the number of scenarios, this still represents a substantially richer
representation of weather uncertainty than is common in the literature. Sec-
ond, import prices are no longer uniform but are derived from distinct exporting
regions via a stochastic calculation of the levelized cost of hydrogen supply, ex-
tending the approach of Moritz et al. (2023). Together, these extensions allow the
model to endogenously account for supply-side uncertainty across both domes-
tic generation and exporting regions when making investment decisions. Beyond
weather variability, the chapter assesses dedicated strategies to hedge against im-
port disruption risk, including geographic diversification of import sources and a
reduction of the overall import volume through increased domestic production.
Both strategies are implemented via additional constraints and the diversification
strategy requires a reformulation of the investment problem as a mixed-integer
linear program.
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A key limitation is that hydrogen demand is modeled as price-inelastic and
exogenous, which abstracts from demand-side responses to supply disruptions.
Further hedging strategies, such as electrification, are not considered and remain
an avenue for future research.

Chapter 4 develops a stylized analytical model of competition between re-
newable energy producers and conventional producers in sequential electricity
markets. The market is structured as a two-stage game: in the first stage, pro-
ducers submit bids to the day-ahead market before actual renewable generation
is realized; in the second stage, positions are adjusted in the intraday market
as uncertainty resolves. This game-theoretic framework is used to derive opti-
mal bidding strategies and the resulting forward premia between market stages.
The central analytical contribution is the joint treatment of risk aversion among
renewable producers and market power through the simultaneous consideration
of competitive and oligopolistic market structures on the renewable side. Con-
ventional producers enter the second stage with limited operational flexibility,
introducing supply-side constraints that introduce welfare effects of strategic
withholding. Closed-form solutions for equilibrium day-ahead bids and the re-
sulting price premia are derived as functions of risk aversion parameters, the
degree of oligopolistic concentration, and the flexibility of conventional supply.

The model is stylized and abstracts from multi-period dynamics and short-
term storage technologies. Moreover, the analysis assumes normally distributed
uncertainty and inelastic demand. The marginal cost curve is simplified to a
linear form to derive closed-form expressions for risk-averse bidding. Heuristic
expressions under a convex marginal cost curve are derived in Chapter 5.

Chapter 5 develops a complementary analytical framework to the previous
chapter, using a convex marginal cost function that introduces an asymmet-
ric price response to deviations in marketed quantities between the day-ahead
and intraday market. Competitive renewable producers choose their day-ahead
bids according to distinct bidding rationales: expected-production bidding, risk-
neutral bidding, and risk-averse bidding that accounts for tail risk. Closed-form
solutions for day-ahead bids and the resulting price premia are derived for each
bidding rationale. In the second step, the theoretical model is calibrated to Ger-
man electricity market data. The calibration allows the model to structurally
replicate the observed diurnal premium pattern and to attribute the pattern to
the interaction between technology-specific production profiles, forecast uncer-
tainty, and supply curve convexity.

A limitation of the analysis arises from the heuristically derived risk-averse
bid. As a closed-form expression is not solvable in this analytical framework,
the heuristic utilizes a comparison to the risk-neutral optimal bid, to derive the
characteristic of a risk-averse bid. Future research could improve this heuristic.
Moreover, the model is a stylized representation of reality, assuming inelastic
demand and only two trading stages, whereas reality features multiple stages
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such as intraday auctions and continuous trading. However, this stylized nature
enables clear identification of structural drivers.

In addition to this methodological outline, each of the following four chapters
provides a comprehensive description of the methodology, underlying assump-
tions, limitations, and avenues for further research.
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2. Assessing the Impact of Take-or-Pay

Rates in Long-Term Contracts for

Hydrogen Imports on a Decarbonized

European Energy System

2.1. Introduction

The goal to achieve climate neutrality in the EU and other European countries
by 2050 calls for fundamental changes to the energy system infrastructure across
the continent. Clean hydrogen is set to become one of the key pillars of a de-
carbonized energy system, which is underlined by major energy system studies
pointing out the future role of hydrogen (IEA, 2023, IRENA, 2023, Tarvydas,
2022). Besides using hydrogen and its derivatives in selected end-use applica-
tions or as a feedstock in industrial processes, its physical properties favor using
it as a storage medium, balancing intermittent renewable energy sources (RES)
over days, weeks, or months. To become an essential part of the future Euro-
pean energy system, infrastructure facilities such as storage and transmission
grids will be required. In light of the ambitions to phase out the use of fossil
gas (European Commission, 2021b), a promising and cost-saving approach is
the partial reconversion of existing infrastructure. Studies have already started
investigating the emergence of a European hydrogen grid from existing, recon-
verted natural gas pipelines (Frischmuth et al., 2022, Schlund, 2023, van Rossum
et al., 2022) and exploring the technical potential of storage facilities (Caglayan
et al., 2020). However, the research on cost-efficient sizing, especially for storage
and potential import terminals, remains limited. Their size is of central relevance
not only in terms of energy balance but also in terms of short-term power balance
to guarantee security of supply in both the electricity and hydrogen sectors.

The production of hydrogen can be based on numerous primary energy carri-
ers, but the most promising method in a decarbonized European energy system
is clean electricity powering electrolyzers to split water into oxygen and hydrogen
(European Commission, 2023). In light of the limited techno-economic potential
of alternative emission-free generation technologies, wind and solar PV are set to
be the primary electricity generation technologies. However, cost-efficient renew-
able energy potentials in the EU are limited. In other world regions, full-load
hours for wind and solar PV, as well as land availability, can be significantly
higher than in Europe. Thus, hydrogen production from renewable electric-
ity in other world regions and subsequent transport to Europe could pose an
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economically favorable case (Moritz et al., 2023). With the publication of the
REPowerEU plan, the EU is aiming for global trade in derivatives of renewable
hydrogen, whereby half of the hydrogen consumed in the EU should originate
from imports by 2030 (European Commission, 2022). Until now, an international
market and a trade framework have not emerged. Current research suggests that
hydrogen is likely to be traded via long-term contracts (LTCs) (Antweiler and
Schlund, 2023, IEA, 2022) to ensure the refinancing of investments for both
exporter and importer. This is especially true for the initial market ramp-up,
given high upfront investment costs linked to long amortization periods of the
infrastructure required.

In the context of LTCs, offtake agreements serve as an instrument of risk
sharing between buyer and seller and provide security for financial contracts.
They can reduce the variability of cash flow and thus reduce the upfront risk
of the investment associated with an LTC (Bento, 2008, Creti and Villeneuve,
2004). The minimum offtake of the contracted volume, which can be processed
with physical delivery or financial compensation, is called the Take-or-Pay rate
(TOP rate). Today, TOP rates find application in LTCs for trading natural
gas via pipeline or liquefied natural gas (LNG). Besides these minimum offtake
quantities, LTCs contain agreements on the destination of gas deliveries. In the
past, LTCs were tied to specific destinations or terminals, a practice deemed
by the European Commission to violate European competition law (Ason, 2022,
Creti and Villeneuve, 2004). However, LTCs are now increasingly characterized
by greater destination flexibility, enabling LNG cargoes to be diversified and
redirected within Europe (Talus, 2023). The fact that natural gas and hydrogen
transport infrastructure have similar characteristics suggests that TOP rates will
remain pertinent in future hydrogen LTCs. At the same time, most studies ex-
amining hydrogen infrastructure overlook the restrictions associated with TOP
rates, instead rather assuming either fully flexible or fixed hydrogen imports. For
example, while ENTSO-E and ENTSOG (2022) presume inflexible imports at
predefined volumes, EWI (2021) assumes complete import flexibility, and other
studies, such as van Rossum et al. (2022), lack transparency in their method-
ological assumptions. Our study aims to shed light on the bias resulting from
simplifying assumptions on hydrogen import flexibility.

Implementing TOP rates in LTCs may pose challenges to the importer. A high
TOP rate imposes inflexibility on the demand side, as importers are obliged to
physically import hydrogen or pay financial compensation, even when imports
are not required due to abundant domestic supply. The availability of domestic
hydrogen supply and its trade-off with imports are significantly linked to the
availability of RES and, in turn, to weather variability. Moreover, the demand
side for both hydrogen and electricity in a decarbonized European energy system
will be affected by weather characteristics, underscoring the need to investigate
the interplay of weather variability and flexibility of hydrogen imports.

To the best of our knowledge, no research analyzes the impact of TOP rates in
hydrogen LTCs on a decarbonized European energy system. Against this back-
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ground, this paper aims to answer the following research questions: i) How do
TOP rates in hydrogen LTCs affect the system costs of a decarbonized European
energy system? ii) How do TOP rates affect the optimal configuration of the
European energy system infrastructure? iii) How reliable are energy systems
planned with representative weather and different TOP rates regarding weather
variability?

To answer these questions, we develop the partial equilibrium model HYE-
BRID, which optimizes investment and dispatch decisions for the European
power and hydrogen sectors for the climate-neutral target year 2050. We fol-
low a two-step approach. First, we determine investment decisions based on a
representative weather year for six equidistant TOP rates. Subsequently, we cal-
culate the dispatch decisions for each of these six energy systems given a set of
35 weather years in a high temporal resolution. The model comprises a holistic
representation of an integrated hydrogen sector by accounting for endogenous
investment in electrolysis, storage, and import facilities while considering ex-
ogenous cross-border hydrogen transport capacity from converted natural gas
pipelines. In contrast to most existing models, we explicitly model capacity re-
quirements of daily storage injection and withdrawal as well as hydrogen import
terminal capacity requirements. Moreover, we account for the technical potential
of reconverted natural gas storage and the theoretical potential of newly con-
structed hydrogen storage by salt caverns. We apply the concept of TOP rates
to potential hydrogen LTCs, including destination flexibility within Europe, and
analyze their effect on the configuration of the European energy system. Further,
we run a stress test on the infrastructure planned under representative weather
conditions by computing dispatch decisions for a set of 35 weather years. Doing
so, we seek to analyze the operational inflexibility imposed by TOP rates in the
context of weather variability. This research framework can as well be inter-
preted as analyzing the impact of unexpected short-term conditions deviating
from the planning stage.

This work contributes to the existing research by firstly incorporating TOP
obligations in hydrogen imports in a newly developed investment and dispatch
model for power and hydrogen. We show that higher TOP rates only marginally
increase total system costs but induce significant shifts in cost-minimal infras-
tructure requirements. This underscores the importance of taking TOP rates into
consideration in today’s research and planning assessments of stakeholders and
institutions responsible for energy infrastructure. We find that rising inflexibility
with high TOP rates leads to an increase in hydrogen storage and withdrawal
capacity, while the capacity of hydrogen terminals decreases, reducing surplus
imports. We extend the scarce research on European hydrogen storage require-
ments by calculating a range between 63 TWh and 81 TWh and discuss key
determinants for the sizing of storage. Lastly, the stress tests on the energy sys-
tems planned with representative weather point out that energy systems facing
a higher TOP rate generally show a lower reliability.
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The remainder of this paper is organized as follows. Section 2.2 reviews the
recent literature along two coherent literature streams. Section 2.3 introduces
the model framework and defines the underlying assumptions and data. Section
2.4 summarizes the results on system costs, the energy system infrastructure, and
the effect of weather variability. We critically discuss the key findings concerning
central assumptions and limitations of the model framework in Section 2.5 and
give an outlook for future research. Lastly, Section 2.6 concludes this work.

2.2. Literature

Our research ties into existing work in European energy system optimization with
a representation of the hydrogen sector. We categorize existing publications into
two streams of literature. The first consists of energy system modeling, inves-
tigating the development of hydrogen infrastructure and the impact of weather
variability on energy systems. The second deals with the effects of TOP rates
and LTCs in natural gas and hydrogen markets.

While many modeling approaches have researched the emergence of hydrogen
infrastructure on a national level (e.g., Germany (Peterssen et al., 2022, Schmitz
et al., 2024, Schöb et al., 2023), France (Tlili et al., 2019), or Great Britain
(Samsatli et al., 2016)), a representation on a European scale remains limited.
Neumann et al. (2023) investigate the benefits of building a hydrogen network
and expanding electricity transmission capacity in Europe with a linear opti-
mization model. Their model considers a high spatial resolution with a total
of 181 regions, improving the granularity of infrastructure development within
countries but lacking a representation of hydrogen imports from outside Europe.
Related research is done by Schlund (2023), who conducts a scenario-based ap-
proach analyzing critical dependencies between system elements for a ramp-up of
hydrogen infrastructure with an integrated representation of the natural gas sec-
tor. Depending on the scenario, annual hydrogen import volumes range between
58 TWh and 561 TWh. However, the approach does not consider electricity
markets.

The Ten-Year Network Development Plan (TYNDP) is a non-academic joint
report by the ENTSO-E and ENTSOG and conducts detailed bottom-up mod-
eling of the EU’s energy system up to 2050. They endogenously model invest-
ment1 and dispatch decisions for an integrated electricity and hydrogen sector
and aim to find cost-efficient infrastructure requirements for three scenario set-
tings. The analysis accounts for hydrogen imports from non-EU countries only
via retrofitted gas pipelines, i.e., excluding the possibility for imports via ship,
and finds viable hydrogen imports between 358 TWh and 901 TWh to EU27 in
2050 (ENTSO-E and ENTSOG, 2022). These relatively high import volumes are
caused mainly by their explicit assumption to set the import price marginally

1Their approach does not consider the endogenous investment of hydrogen storage capacity.
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lower than the price of domestically generated hydrogen. Further research has
been done by Sasanpour et al. (2021), who test the effect of policy targets and
constraints on system costs and infrastructure requirements in a climate-neutral
European energy system with the linear optimization model REMix. Among
others, they find that doubling the price for hydrogen imports compared to a
reference case of 120 EUR/MWh increases system costs by 2% without specifying
the quantity of imports.

The long-term scenarios 3 (Sensfuß et al., 2024), commissioned by the Federal
Ministry for Economic Affairs and Climate Protection in Germany, investigate
pathways to achieve climate neutrality by 2045 by identifying robust develop-
ments from various scenarios through computational modeling. The study allows
for hydrogen imports from non-EU countries, underground hydrogen storage in
salt caverns, and intra-European hydrogen transport in repurposed and newly
built pipelines. They find viable hydrogen imports to Europe between 60 TWh
and 79 TWh, while domestic hydrogen production ranges between 994 TWh and
1193 TWh.

Beyond imports, research regarding the role of hydrogen storage in a future
energy system remains limited. For the case of Germany, Lux et al. (2022) de-
termine a requirement for hydrogen storage between 42 TWh and 102 TWh,
while Robinius et al. (2020) find a requirement of up to 69 TWh given an in-
tegrated modeling approach, and Kondziella et al. (2023) find a capacity be-
tween 14 TWh and 67 TWh to be optimal. Moreover, the latter analysis finds
a seasonal characteristic of storage cycles. Schlund (2023) observes a similar
characteristic, identifying a total capacity between 87 TWh and 197 TWh for
Europe. Moser et al. (2020) find the lowest value for hydrogen storage capacity
in Europe, showing a requirement of 45 TWh, albeit focusing on the effect of
grid extension. However, the underlying assumptions, e.g., temporal resolution,
weather characteristics, cost levels, and the research frameworks, broadly differ
across the literature reviewed. With an exogenous assumption on the conversion
rate for current salt cavern storage, ENTSO-E and ENTSOG (2022) defines an
underground storage capacity of about 102 TWh. Sensfuß et al. (2024) suggest
European hydrogen storage requirements between 223 TWh and 240 TWh for
2045.

In the context of energy system modeling, existing research points out the
importance of accounting for weather variability driving backup capacity and
storage requirements. By processing a cost optimization model for Germany
given 35 years of weather data with hourly resolution, Ruhnau and Qvist (2022)
find that relying on single weather years or short-duration weather events can
lead to an underestimation of storage requirements and costs. Similar findings
with a regional scope of single countries result from Zeyringer et al. (2018) and
Abdin et al. (2018). Caglayan et al. (2021) incorporate the effect of weather
variability on a European level by deriving a robust design of a climate-neutral
energy system considering the hydrogen sector. Their iterative approach of sin-
gle linear model runs ensures a robust solution to 38 weather years. Nonetheless,
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this approach does not guarantee optimality and relies on a low temporal res-
olution while neglecting the option for hydrogen imports. They conclude that
considering multiple weather years instead of single ones can lead to an increase
in system costs of up to 25%.

This work contributes to the existing literature body with an explicit repre-
sentation of endogenous hydrogen terminal capacity for imports and hydrogen
storage injection and withdrawal capacity. We acknowledge existing research
pointing out a potential underestimation of capacity requirements when relying
on single weather years for investment decision-making. However, the aim of our
approach is not to derive highly robust systems regarding weather variability but
to investigate the operational reliability of a system planned with weather that
might deviate from future weather.

The second stream of literature regards the role of TOP rates as a contrac-
tual part of LTCs, which are prevalent in global energy markets, particularly
natural gas markets. Historically, for natural gas delivered via pipelines, typical
TOP rates range between 70% and 90% (IEA, 2020), while LTCs for LNG may
reach TOP rates of nearly 100%, depending on the region (Ason, 2022). Creti
and Villeneuve (2004) point out that TOP clauses are intended to introduce risk
sharing between producers and buyers. Such agreements bind both parties under
predefined conditions, e.g., for natural gas pipeline contracts with a term of 20
to 30 years. By committing to buy on a long-term basis, the buyer accepts a
part of the risk, which arises from long lead times in investment planning and
high capital intensity. Ruester (2015) analyzes 26 liquefied natural gas (LNG)
projects to investigate the determinants of debt ratios in project finance. The au-
thor shows that long-term offtake agreements such as TOP clauses secure project
financing and reduce cash flow variability over LNG contract periods of 15 to 25
years. Thus, the debt ratios and financial power of those projects increase. Con-
versely, LTCs can also present drawbacks, potentially creating lock-in effects for
the contracting parties, depending on the specific terms of the agreement (Talus,
2023). Antweiler and Schlund (2023) summarize the necessary conditions for the
emergence of LTCs and find that most are fulfilled for international hydrogen
trade. By investigating the history of natural gas markets using an analytical
framework, Dejonghe et al. (2023) suggest that the development of hydrogen
trade routes may differ from natural gas. Their analysis indicates that seaborne
(derivatives) shipments could take precedence over pipeline deliveries due to less
concentrated global hydrogen production than today’s existing natural gas re-
serves. The existing research shows initial investigations on potential forms of an
emerging hydrogen trade, potentially via LTCs and ship-based transportation.
The articles discuss similarities to existing natural gas trading via LTCs, includ-
ing take-or-pay agreements, and their benefits to developing a well-functioning
and reliable European market. However, no studies have numerically investi-
gated the effects of LTCs or TOP rates on a decarbonized European energy
system. This work contributes to the existing literature by explicitly incorporat-
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ing six equidistant TOP rates between 0% and 100% for the maritime import of
hydrogen to Europe.

2.3. Methodology

This chapter describes the model and provides a general intuition for the eco-
nomic rationale of hydrogen imports with TOP rates within the model frame-
work. Additionally, this chapter presents central assumptions and input data.

2.3.1. Model framework

To answer the research questions, we develop a new linear optimization model
named HYEBRID (Hydrogen and Electricity market model with broad representation
of weather variability and Import Decisions). The partial equilibrium model op-
timizes European electricity and hydrogen investment and dispatch decisions. It
minimizes the net present value of energy system costs, comprising fixed capacity-
based and variable generation costs. The model assumes complete markets and
no transaction costs. Therefore, the competition of profit-maximizing symmetric
firms is the dual formulation of a central planner’s cost minimization. Contrast-
ing with many existing modeling approaches, HYEBRID accounts for all key
entities in a possible future hydrogen sector and its interrelations with the power
sector. This includes domestic (European) generation by electrolysis, storage in
underground salt caverns, non-European imports using ammonia import termi-
nals, intra-European transmission by converted natural gas pipelines, and hydro-
gen consumption in the power sector and end-use sectors. Figure 2.1 presents
the technologies used in the model framework and the interrelations between the
power and hydrogen sectors.
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Figure 2.1.: Schematic representation of the model HYEBRID.

Another key feature of the model is the representation of weather variabil-
ity. We choose a two-stage modeling approach, as illustrated in Figure 2.2. In
the first step, cost-minimal investment decisions are determined based on a rep-
resentative weather year. This approach mimics investors who assume average
weather conditions in their decision-making. In the second step, we compute dis-
patch decisions for 35 weather years to capture the volatile nature of renewable
availability and temperature-dependent demand influencing both the power and
hydrogen sectors. Considering a set of weather years enables a stress test of sys-
tems planned without inter-annual weather variability. Regarding our research
question, we can analyze the role of flexibility in hydrogen imports to balance
weather vagaries during operation.

Step I: Investment decisions Step II: Dispatch decisions
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weather year 

1989 for 
investment
decisions

TOP 0%

TOP 20%

TOP 40%
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1 investment 
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Figure 2.2.: Fundamental two-stage modeling approach.
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Selection of the representative weather year
Investments in infrastructure require extensive development and construction
periods and must be planned for the long term due to the associated lifespan
and high capital intensity. From the central planner’s perspective, this requires
making decisions today about the energy system of the future. Therefore, as-
sumptions have to be made about future events, such as weather conditions. Ide-
ally, energy system modeling would account for a large set of potential weather
phenomena with high spatio-temporal resolution and even account for changing
weather patterns owing to climate change. To keep the computational com-
plexity within limits, this modeling approach considers a representative weather
year to determine investments in the European energy system. Since no accurate
definition of representative weather exists, we select what we refer to as the rep-
resentative weather year, the year that exhibits the median total system costs.
With a low temporal resolution, we run investment decisions for each of the 35
historic weather years considered and for a TOP rate of 0% and 100%, capturing
the extremes in hydrogen import flexibility. The results on system costs show
1989 to be the median weather year for both TOP rates. Therefore, subsequent
investment decisions with higher temporal resolutions are made based on the
weather year 1989. Against this background, the presented approach does not
aim to derive an energy system that is robust to a large set of weather phenom-
ena. Instead, we seek to investigate how different degrees of hydrogen import
flexibility (TOP rates) alter the dispatch decisions of energy systems planned
with representative weather. This can be interpreted as a stress test regarding
weather variability.

The model formulation poses challenges to computational complexity. There-
fore, the model exhibits several limitations: the model is computed only for the
climate-neutral target year 2050. Therefore, we do not account for dynamic
investment decisions but consider annualized investments. Further, the model
abstracts from uncertainty and assumes perfect foresight, i.e., parameters such
as the availability of RES and the level of demand are known ex ante. The
demand for electricity and hydrogen from end-use sectors is assumed to be in-
elastic, i.e., not price-responsive. On the supply side, we abstract from ramping
and minimum load constraints of combined heat and power units to avoid a
mixed-integer optimization. Additionally, we analyze six equidistant TOP rates
(0%, 20%, 40%, 60%, 80%, 100%) to capture the key trade-offs between hy-
drogen import flexibility and system cost impact. While real-world TOP rates
may take on intermediate values, prior test calculations with finer granularity
showed no fundamentally different system behavior, making additional resolu-
tion computationally costly without adding new insights. Therefore, we focus
on a broad range from full flexibility (0%) to complete inflexibility (100%) to
highlight system interactions.

The following section presents the key equations of HYEBRID. All sets, pa-
rameters, variables, and indices related to the model are summarized in Table A.1
in the Appendix. The model employs total costs TC as the objective function,
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which is minimized by applying linear optimization. As Equation 2.1 depicts,
total costs TC are a sum over each day d and hour h in the target year, node
n, and technology tech of the variable costs OPEX, fixed operating and mainte-
nance costs FOM, annualized2 capital costs CAPEX, and hydrogen import costs
IC.

min TC =
∑︂

d,h,n,tech

OPEXd,h,n,tech +
∑︂
n,tech

FOMn,tech + CAPEXn,tech +
∑︂
d,n

ICd,n

(2.1)

The equilibrium equation for electricity (Equation 2.2) ensures that in each
hour, electricity supply SELd,h,n,tech from technology tech to node n minus in-
jection to electrical storage SELd,h,tech,n covers the exogenous electricity demand
from end-use sectors dEL,exo, the endogenous electricity demand from hydro-
gen production DEL,H2, and the net trade balance for electricity TRADEBALEL

(Equation 2.3), which depicts the trade flows from other nodes under considera-
tion of transmission losses δEL. Depending on the specification of the model, we
allow for uncovered demand LEL.

∑︂
tech

(SEL
d,h,n,tech−SEL

d,h,tech,n) = dEL,exo
d,h,n +DEL,H2

d,n −TRADEBALEL
d,h,n−LEL

d,h,n∀d, h, n

(2.2)

TRADEBALEL
d,h,n =

∑︂
m

[(1−δEL
m,n)∗TRADEEL

d,h,m,n−TRADEEL
d,h,n,m]∀d, h, n ̸= m

(2.3)

The equilibrium equation for hydrogen (Equation 2.4) is formulated such
that hydrogen supply SH2

d,n,tech by electrolysis or storage withdrawal and non-
European hydrogen imports dedicated for consumption IH2,consumption minus stor-
age injection SH2

d,tech,n cover the hydrogen demand from end-use sectors dH2,exo,
the hydrogen demand for re-conversion into electricity DH2,EL, and the net trade
balance for hydrogen TRADEBALH2, which is formulated just as the net trade
balance for electricity.

∑︂
tech

(SH2
d,n,tech−SH2

d,tech,n)+IH2,consumption
d,n = dH2,exo

d,n +DH2,EL
d,n −TRADEBALH2

d,n∀d, n

(2.4)

2Annuities are computed with a discount rate of 8%.
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Daily hydrogen generation within Europe is limited by electrolysis capacity
CH2,ELY according to Equation 2.5.

SH2
d,n,tech ≤ CH2,ELY

n ∀d, n, tech ∈ TechH2,ELY (2.5)

The energy balance describing the electricity input to electrolysis is formulated
in Equation 2.6.

∑︂
h

DH2,EL
d,h,n ∗ ηH2

tech = SH2
d,n,tech ∀d, n, tech ∈ TechH2,ELY (2.6)

In our model setting, we assume that hydrogen imports can be physically
imported and consumed instantaneously (IH2,consumption) or be stored (IH2,STOR),
or, if the underlying TOP rate forces additional imports, which are not required
physically, financial compensation applies to fulfill the contractual agreement on
the TOP condition (IH2,financial). The aggregate volumes equal the total amount
of non-European hydrogen imports (cf. Equation 2.7).

IH2
d,n = IH2,consumption

d,n + IH2,STOR
d,n + IH2,financial

d,n ∀d, n (2.7)

Hydrogen imports IH2 are represented by seaborne hydrogen derivatives3,
which are landed via import terminals, including reconversion to hydrogen. As
Equation 2.8 reveals, the import quantity of hydrogen each day is limited by the
import capacity CH2,IMP.

IH2
d,n ≤ CH2,IMP

n ∀d, n (2.8)

Storing hydrogen is described in Equation 2.9. The storage volume STH2 of
the time step d+1 must always equal the quantity of the previous time step d
under consideration of injected hydrogen into the storage SH2

t,tech,n, withdrawals
from storage SH2

t,n,tech in accordance with the injection and withdrawal losses
δH2,STOR, and imports fed into the storage IH2,STOR.

STH2
d+1,n = STH2

d,n+δH2,STOR
tech ∗(SH2

d,tech,n−SH2
d,n,tech+IH2,STOR

d,n )∀d, n, tech ∈ TechH2,STOR

(2.9)

In our model setting, we assume all European import terminals to be under
LTCs. Thus, a direct dependency exists between European terminal capacity and
the underlying TOP rate in LTCs. We define the TOP rate top as a share of the
maximum imports possible occurring under full utilization of import terminals,
i.e., CH2,IMP * #d with the latter being the number of days in a year. Therefore,

3This analysis assumes that ammonia serves as an imported hydrogen derivative. Further
explanations can be found in Section 2.3.3.
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the terminal capacity determines the minimal quantity of hydrogen imports,
as described in Equation 2.10. By summation over all nodes, we ensure the
destination clause is formulated regarding Europe, i.e., the TOP rate is valid for
the aggregate of European countries but not for individual countries or terminals.
By this definition, the following rationale applies to hydrogen imports: the higher
the TOP rate, the lower the flexibility for importing hydrogen during the year.
Consequently, at a TOP rate of 100%, a constant import of hydrogen results for
each day of the year.

∑︂
d,n

IH2
d,n ≥

∑︂
n

CH2,IMP
n ∗#d ∗ top (2.10)

We calculate the costs for hydrogen imports IC by multiplying the quantity
of imports IH2 with the assumed price pH2,IMP as formulated in Equation 2.11.

ICd,n = IH2
d,n ∗ pH2,IMP ∀d, n (2.11)

In case the model is not run in full temporal resolution, the variable costs
OPEX, the costs for hydrogen imports IC, and storage injection and withdrawal
quantities are scaled with the weight of representative days. Further equations,
not explicitly mentioned above, include the restriction of hydrogen and electricity
flows between nodes, renewable space restrictions per node, electric capacity
restrictions from electrolysis, and volume restrictions for storage.

2.3.2. The economic rationale for hydrogen imports with
TOP rates

This section explains the intuition behind the model outcomes for varying TOP rates
in hydrogen LTCs and describes the interrelation between import capacity, im-
port quantity, and TOP rate. From the central planner’s perspective, an increase
in the TOP rate can reduce the flexibility of non-European hydrogen imports,
which in turn can change the optimal energy system configuration and the cost-
efficient amount of non-European hydrogen imports and terminal capacities. In
theory, we can differentiate between two states of solutions to the cost optimiza-
tion, depending on the TOP rate. The first case refers to an equilibrium in
which the cost-optimal utilization of European hydrogen import terminals U*

turns out to be equal to or higher than the assumed TOP rate. As a result,
the TOP condition does not pose additional costs for hydrogen imports that
might deviate from the optimum. Thus, a variation of the TOP rate does not
affect the European energy system if the first case holds true. From the model’s
perspective, the restriction imposed by the TOP rate is non-binding. In the sec-
ond case, the cost-minimal utilization rate of European import terminals is lower
than stated by the TOP rate, i.e., the restriction stemming from the TOP rate is
binding and forces aggregate terminals to be utilized at least with the TOP rate.
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Here, the energy system configuration is adjusted to a new cost-minimal equi-
librium fulfilling the constraint. The result deviates from the first case, as the
TOP condition implies a reduced flexibility of non-European hydrogen imports.
In the following, we refer to these cases as benchmark and individual solutions
(cf. Equation 2.12 and Figure 2.3).

U*

{︄
≥ top, benchmark solution

< top, individual solution
(2.12)

In the case of an individual solution, the central planner is confronted with
a trade-off compared to the benchmark solution between i) additional costs im-
posed by additional non-European hydrogen imports or ii) additional costs im-
posed by additional assets within Europe to balance a reduction in non-European
hydrogen imports in terms of both energy and capacity. We point out that this
trade-off is highly complex, as the cost function of the European hydrogen supply
is dependent on all other endogenous energy system variables and thus requires
computational modeling. Moreover, the possibility of storing hydrogen adds
another layer of complexity through intertemporal linkage.

2.3.3. Assumptions and data

The regional scope of the model is the EU27, the United Kingdom, Norway,
and Switzerland, excluding Cyprus, Malta, Bulgaria, and Greece. The tem-
poral scope of the model is the year 2050, which is the climate-neutral target
year aimed at by the EU. Thus, a zero-emission power and hydrogen sector is
a central condition for our model framework. The intra-annual resolution varies
between the power and hydrogen sectors. We compute the power sector hourly,
whereas hydrogen is modeled in a daily resolution to implicitly account for flex-
ibility through the inert pipeline network. For the investment stage, we use 122
representative days, not allowing for lost load, whereas dispatch decisions are
computed with full resolution and the possibility of load shedding. Since the
value of lost load varies across regions and sectors and is subject to uncertainty
(ACER, 2018, 2022), we assume it to be significantly higher than the highest
marginal costs of any technology considered. Consequently, it is treated as the
last resort to satisfy the equilibrium constraint.

The technological scope of the model is summarized in Figure 2.1. Appendix
A.2 summarizes the techno-economic assumptions for the technologies considered
in this analysis. For comparability, all cost-related data are converted to €2019.
All calorific units are based on the lower heating value. For the power sector,
we initialize the model with capacities for the supply, conversion, and storage of
electricity for 2022. These capacities can generally be expanded using the model,
making it a brownfield investment model, although nuclear and hydro capacities
are assumed to maintain current levels.
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Hydrogen can be produced domestically via electrolysis or imported from non-
European countries through ammonia-based transport chains, including ship-
ping, import at European terminals, and reconversion to hydrogen. Assump-
tions regarding import terminal costs and hydrogen import costs are based on
Moritz et al. (2023). We assume a hydrogen import price of 75 EUR/MWh,
corresponding to the average levelized supply costs of the 20 most cost-efficient
export countries in the optimistic scenario of Moritz et al. (2023). In practice,
additional transaction costs and security margins may increase hydrogen im-
port prices beyond pure supply cost levels. Moreover, the potential emergence
of a spot market for hydrogen imports and the subsequent indexation of LTCs
to spot prices remain highly uncertain and are therefore not considered in this
work. In addition, we assume a fixed price for hydrogen imports irrespective of
the underlying TOP rate. In reality, a higher TOP rate could be associated with
lower risk for the exporters’ investment and lead to a lower price for hydrogen
or higher exporter margins. Owing to the substantial uncertainty and the diffi-
culty of quantifying this relationship, we abstract from such effects in the present
analysis and discuss this assumption in Section 2.5.

Storing hydrogen is considered by repurposed or newly built salt caverns, cur-
rently representing the most promising and cost-effective type of long-duration
underground hydrogen storage (Caglayan et al., 2020). In the model, storing
hydrogen in caverns is enabled only in countries4 with existing and operating
caverns for natural gas. Moreover, we differentiate between storage volume, in-
jection capacity, and withdrawal capacity, as the volume-to-capacity ratio in a
climate-neutral energy system may deviate from the current ratios of natural
gas storage. We prescribe the filling level of storage at the end of the year to be
equal to the start of the year. Electricity transmission between countries is repre-
sented by net transfer capacities (NTC), which are assumed to develop according
to the TYNDP 2022 (ENTSO-E and ENTSOG, 2022). Hydrogen transmission
is represented by repurposed natural gas pipelines based on ENTSOG (2023).
We assume a repurpose rate of 50% and a conversion factor of 75% of the initial
natural gas capacity based on Galyas et al. (2023).

The representation of annual electricity demand from end-use sectors is based
on TYNDP’s Global Ambition scenario for 2050 (ENTSO-E and ENTSOG,
2022). To capture the weather-dependent nature of electricity demand for both
inter-annual and intra-annual variations, we use the hourly demand time series
from the European Resource Adequacy Assessment (ERAA) 2022 (ENTSO-E,
2022). These time series capture the weather-dependent nature of electricity
demand for 35 weather years, i.e., 1982 to 2016. We combine both sources by
scaling the ERAA demand time series to match the TYNDP 2050 annual demand
projections for each country. Specifically, the ERAA hourly demand profiles are
multiplied by the corresponding TYNDP total annual demand for 2050 and nor-
malized by the average annual demand across the 35 weather years. Likewise, the

4These countries are FR, DE, DK, NL, PL, PT, and GB, following current data from Gas
Infrastructure Europe (GIE, 2021).
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representation of hydrogen demand follows TYNDP’s Global Ambition scenario
for 2050 (ENTSO-E and ENTSOG, 2022), assuming a flat demand from the
end-use sectors of industry and mobility. The degree to which hydrogen will be
used in heating applications is highly uncertain. We assume that 25% of heating
demand, met by natural gas today, will be met by hydrogen in 2050, introduc-
ing a degree of seasonality in hydrogen demand. To capture the intra-annual
temperature dependence of future hydrogen demand for heating, we compute a
linear regression of daily heating demand with temperature as the independent
variable based on data from Ruhnau and Muessel (2023), which is based on Ruh-
nau et al. (2019). This function is applied to the daily temperature observed in
the weather years 1982 to 2016. The hydrogen required for reconversion to elec-
tricity is determined endogenously. On the supply side, we feed the model with
data on the hourly availability for solar PV, wind onshore, and wind offshore
for all 35 weather years based on ENTSO-E (2022). Run-of-river flows, storage
volumes of pumped-hydro units, and weekly hydro reservoir levels are based on
the ENTSO-E (2022) as well.

2.4. Results

This section presents the effect of TOP rates on the cost-minimal configuration
of the European energy system. First, we show the implications of TOP rates
on system costs, investment decisions, and subsequent dispatch decisions given
a representative weather year. Based on the resulting energy system config-
urations, we then conduct dispatch simulations for a set of 35 weather years,
analyzing how the energy system configurations planned with a representative
weather year and varying TOP rates respond to weather variability.

2.4.1. System costs

In our model setting, the effect of TOP rates on system costs is unidirectional.
From the central planner’s perspective, an increase in TOP rates can reduce
the flexibility of non-European hydrogen imports, leading to an increase in sys-
tem costs. As shown in Equation 2.10, the TOP rate forces European import
terminals to be utilized at least at the level of this TOP rate. Based on Equa-
tion 2.12, we can state that all benchmark solutions exhibit equal system costs.
As soon as the TOP rate forces the utilization of import terminals to exceed
the utilization of the benchmark solutions, the social planner is confronted with
additional costs due to the obligation of the TOP rate. Thus, all individual so-
lutions exhibit higher system costs than the benchmark solutions. The relation
between the benchmark and the individual solution is illustrated in Figure 2.3.
Further, we can state the following: The higher the TOP rate deviates from the
benchmark terminal utilization, the higher the resulting additional system costs.
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Figure 2.3 depicts the relative change in total system costs at a specific TOP rate
compared to a TOP rate of 0%.

The benchmark solution is evident up to a TOP rate of at least 57%. Although
we only conduct a scanning on TOP rates in steps of 20%, we can derive the
precise point of change from the benchmark to individual solutions based on the
average utilization rate of European hydrogen terminals. In this range, up to
57%, no TOP rate leads to an increase in system costs. Beyond this TOP rate,
the results exhibit an increase in system costs, implying that the TOP rate
imposes additional restrictions on the optimization.

The shape of the individual solution curve is convex, implying that marginal
system costs increase with higher TOP rates. The maximum system costs can
be located at a TOP rate of 100%, resulting in a markup of 0.77% compared to
the benchmark results. Despite the relative increase in system costs being small,
the cost increase in absolute terms can be substantial, considering the level of
European energy system costs. Further, changes in system costs not only cause
additional capacity requirements for a single technology but also change the
equilibrium of cost-optimal technology shares along the electricity and hydrogen
systems, which we analyze in the subsequent Section 2.4.2.

Sy
st

em
 c
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ts

Benchmark solutions

TOP rate

Individual solutions

Figure 2.3.: Increase in total system costs with TOP rates for the representative
weather year (left) and schematic illustration of the relationship between
benchmark and individual solutions regarding total system costs (right).

The finding of convex curves for total system costs points to the importance of
negotiating the lowest TOP rate possible in a potential LTC, given a fixed price
for imports. However, real-world import prices may differ for varying TOP rates,
as TOP rates influence the financial reliability of a project. The influence of
TOP rates on LTC prices is very difficult to determine. We approach the topic
by quantifying a theoretical willingness to pay a price premium on hydrogen
imports at lower TOP rates from the central planner’s perspective. Hence, the
theoretical price premium serves as a measure to quantify the value of import
flexibility in the absence of a modeled price-flexibility relationship.
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Figure 2.4.: Maximum price premium for hydrogen imports as a function of TOP rates,
illustrating a theoretical cost trade-off between flexibility and contractual
obligations.

This premium describes the maximum additional costs per MWh of imported
hydrogen that the central planner would agree to ensure a lower TOP rate. We
quantify the maximum price premium by dividing the additional system costs,
an increase from a lower TOP rate to a TOP rate of 100% implies, by the
corresponding quantity of imported hydrogen at lower TOP rates. Therefore,
the price premium shown in Figure 2.4 indicates the maximum willingness to
pay for a shift away from a TOP rate of 100% to a lower TOP rate. To reach
a state of full import flexibility (benchmark solution), the willingness to pay
a price premium amounts to almost 12 EUR/MWh, or 16% of the assumed
hydrogen import price. We point out that assuming a price premium at lower
TOP rates may alter the equilibrium, potentially adjusting capacities to the
increased import price. Therefore, the premium should be interpreted as an
upper bound.

2.4.2. Investment decisions under a representative weather year

To receive a holistic overview of the effect of varying TOP rates on the European
energy system, we consider eight technology categories, which are optimized for
each TOP rate based on the representative weather year 1989. In the follow-
ing, H2 terminal capacity is referred to as the installed capacity of aggregated
European hydrogen import terminals. H2 storage capacity measures aggregate
repurposed and newly built hydrogen storage volumes. H2 storage injection and
withdrawal capacities describe the maximum daily inflows and outflows from
hydrogen storage. Electrolysis capacity measures the installed electric capacity
to produce hydrogen, whereas battery capacity measures the discharge power
from batteries, and H2-to-power capacity summarizes the electric capacity of all
hydrogen-fired power plants. To account for the aggregate capacity of volatile
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renewable energy sources, we define available wind and PV electricity as the an-
nually available electricity from wind and solar PV before curtailment. We show
the results for each technology decision as a relative change to the solution with
a TOP rate of 0% in Figure 2.5.

With TOP rates exceeding 57%, investment decisions, and thus capacities,
start to deviate from the benchmark solution. This deviation can be inter-
preted as adjusting infrastructure investments to the restrictions imposed by the
TOP rate. As all investment decisions are interdependent, all capacities change
simultaneously. However, the magnitude and direction of change differ across
technologies. Further, most technologies exhibit a non-linear relationship to a
change in the TOP rate. Except for battery capacity and H2-to-power capac-
ity, the technologies show a strictly increasing or decreasing slope across the
TOP rates. At a TOP rate of 100%, the highest deviation compared to the
benchmark solution is shown by H2 terminal capacity (- 31%), H2 storage ca-
pacity (+ 28%) and H2 injection capacity (+ 25%). Conversely, the H2-to-power
capacity (+ 1.5%), available wind and PV electricity (- 1.0%), and battery ca-
pacity (+ 0.5%) exhibit the lowest relative changes at 100% TOP rate. Absolute
values of investment decisions are summarized in Appendix A.3.

In a non-benchmark solution, a direct link exists between H2 terminal capac-
ity and imported quantity via the TOP rate, as the TOP rate determines the
utilization of European import terminals. We generally observe a strictly de-
creasing H2 terminal capacity, as the reduction of inflexible imports at higher
TOP rates seems beneficial to the cost optimization. If the terminal capacity
were to stay high at high TOP rates, this could cause excess imports that cannot
be utilized by the European energy system or would pose significant additional
storage requirements. The reduced terminal capacity (-533 GWh/d) is primarily
offset by an increase in H2 storage withdrawal capacity (+485 GWh/d), whose
graph shows the opposite slope of the terminal capacity.

The restricted flexibility of hydrogen imports at higher TOP rates can be par-
tially offset by additional H2 storage volume. In this context, hydrogen storage
can provide flexibility in two ways. First, with continuously high imports or
high quantities of domestic hydrogen production, storage facilities absorb hy-
drogen in periods of excess supply. This enables a temporal shift in structuring
the hydrogen import profile and can reduce the amount of otherwise curtailed
electricity in periods with high RES yields. Second, hydrogen storage supports
the supply side in periods with low RES yields or restricted hydrogen imports
and high demand for hydrogen. As a result, H2 storage capacity increases with
increasing TOP rates.

Despite a decrease in H2 terminal capacity, the imported quantity of hydrogen
increases with higher TOP rates, as the obligation on terminal utilization out-
weighs the decrease in terminal capacity. As a result, there is a lower need for
European hydrogen generation via electrolysis and volatile RES. Consequently,
the electrolysis capacity and available wind and PV electricity slightly decrease
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Figure 2.5.: Relative change in investment decisions as a function of TOP rates.
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with rising TOP rates. Concluding, H2 storage serves as an instrument to inte-
grate more (inflexible) imported hydrogen at higher TOP rates.

To test the robustness of our findings, we computed investment decisions based
on an alternative representative weather year. We find the year 2005 to be rep-
resentative in terms of median residual load, which has been calculated with
current levels of renewable capacity. The results show similar effects for varying
TOP rates compared to the results under the representative weather year 1989.
Whereas terminal capacity decreases for high TOP rates down to -40%, H2 stor-
age capacity grows by almost 60% and withdrawal capacity by 15%. Shifts in
the electricity sector are ambiguous, but the magnitude of shifts is marginal
compared to those in the hydrogen sector.

2.4.3. Regional insights from investment decisions

In addition to the changes in investment decisions on an aggregated European
level, the following analysis reveals insights into regional shifts in investment de-
cisions initiated by varying TOP rates. In this analysis, we compare the relative
shift imposed by a TOP rate of 100% compared to a TOP rate that does not
impose additional restrictions (benchmark solutions). These shifts are shown for
26 European countries in Figure 2.6.

Investment decisions in European countries respond to the restriction of in-
flexible hydrogen imports (TOP 100%) in a way that generally leads to reduced
H2 terminal capacities. The regions may expand storage capacities or rely on
increased hydrogen flows via pipelines from neighboring countries. Therefore,
countries with limited access to the European hydrogen grid respond strongly to
declining import capacities. This is the case for the Iberian Peninsula, located
in Southwestern Europe and consisting of Spain and Portugal. The shift to a
TOP rate of 100% results in a 100% decline in H2 terminal capacity. The region
is only connected to the European hydrogen grid via limited capacity to France.
Consequently, domestic hydrogen production and subsequent storage capacities
significantly increase to serve the largely self-sustaining regional energy system.
Similar patterns can be observed in other poorly connected regions to the Euro-
pean hydrogen grid. Romania uses additional storage capacities to compensate
for inflexible hydrogen imports. In Finland, expanded battery capacity is an in-
strument for balancing short-term fluctuations as the flexibility of H2 terminals
is reduced. Central European countries, without H2 terminal capacity but high
connectivity to the hydrogen grid, expand storage and injection capacities to
absorb inflexible hydrogen imports from neighboring countries. These countries
are mainly the Netherlands, France, and the United Kingdom. Besides, land-
locked countries react to changed investment decisions in neighboring countries.
For example, a more import-oriented investment in Germany at a TOP rate of
100% with increased H2 terminal capacity, higher H2 imports, and less domes-
tic H2 production capacity coincides with decreased hydrogen production in the
Czech Republic and Austria. These countries are well-connected to the German
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Figure 2.6.: Regional shifts in investment decisions from 0% TOP rate to 100%
TOP rate.

hydrogen grid and therefore increase hydrogen imports from Germany. Similar
behavior can be observed between Hungary and its neighbors.

The regional energy system adjustments highlight the importance of closely in-
terconnected European countries and well-functioning European domestic trade.
A broadly developed European hydrogen grid enables the cross-border use of
the significant underground storage potential in Northwestern Europe. Simulta-
neously, landlocked countries without the possibility of importing hydrogen via
ship are not independent of a shift in the TOP rate. These findings highlight
the importance of adopting a system-wide perspective in hydrogen infrastructure
planning, as the value of import infrastructure, transport networks, and storage
capacities strongly depends on their interaction within the broader European
energy system.

2.4.4. Dispatch decisions under representative weather year

This section analyzes the dispatch decisions for the energy systems derived in
Section 2.4.2 under higher temporal resolution, i.e., each day in the case of the
hydrogen sector and each hour in the case of the power sector for the represen-
tative weather year.
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Lost load is the quantity of electricity demand not served due to capacity
constraints. Since the combined investment and dispatch decisions have been
computed with a lower temporal resolution, the lost load in the dispatch simu-
lation with a high temporal resolution indicates the methodological error of the
temporal resolution. Given any TOP rate, the lost load resulting from the dis-
patch decision is smaller than 0.13 TWh across Europe, implying a rather small
methodological error via temporal resolution. However, we find small differences
between the TOP rates: assuming no TOP obligation, we observe a lost load
of 0.10 TWh across Europe, while it increases up to 0.13 TWh due to limited
flexibility in cases of very high TOP rates.

The quantity of imported hydrogen from non-European countries directly re-
sults from terminal capacity and the assumption of the TOP rate in the individ-
ual solutions. In benchmark solutions, the TOP rate is not restrictive, and the
imported quantity always amounts to 346 TWh. Despite a constant decrease
in European H2 terminal capacity for higher TOP rates, the imported quantity
increases. The rationale is that the relative decline in capacity is not as steep
as the underlying increase in the TOP rate. More generally, the optimization
reflects a trade-off between the value of flexibility and energy imports. At a TOP
rate of 100%, imported hydrogen volumes increase by 86 TWh (+ 25%) relative
to the benchmark solutions.

The operation of hydrogen storage sites yields insights into how the limited
flexibility in cases of high TOP rates is balanced. We show above that a de-
crease in the flexibility of hydrogen imports is partially balanced by an increase
in storage capacity. However, the storage cycle, i.e., when to inject or withdraw
hydrogen, is only marginally affected by a variation in the TOP rate. To il-
lustrate an exemplary hydrogen storage cycle, Figure 2.7 depicts the aggregate
daily hydrogen storage level for the representative weather year 1989, consider-
ing a TOP rate of 0% and 100%, respectively, as well as the corresponding daily
demand and supply of hydrogen. Concerning the profile of non-European hydro-
gen imports, the graph with a 100% TOP rate (right) highlights the inflexibility
of the offtake agreement. Conversely, without this obligation (left), imports are
reduced whenever electrolysis via renewables is abundant.

Irrespective of the underlying TOP rate, we can derive a characteristic for
the operation of hydrogen storage in a climate-neutral European energy system.
Unlike today’s natural gas storage, our results do not show a strong seasonality
in the operation of hydrogen storage. Considering an aggregated European H2

storage capacity of 81 TWh in case of a 100% TOP rate, a total of 350 TWh of
hydrogen is injected and withdrawn from storage facilities in Europe during the
year. This corresponds to a number of 4.3 full cycles within the investigated year,
compared to approximately one full cycle, which is typically observed for today’s
natural gas storage facilities. Therefore, our results indicate a more dynamic op-
eration of the storage facilities, covering both seasonal imbalances stemming from
heating and short-duration supply shortages stemming from the availability of
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Figure 2.7.: Aggregated European hydrogen storage levels, demand, and supply profiles
for the representative weather year 1989 and the TOP rates 0% (left) and

100% (right).

RES. This is underlined by high withdrawal ramps, e.g., in November. Here, the
low availability of RES leads to significant hydrogen demand from the power sec-
tor, which is covered primarily by storage withdrawal. To cover this load ramp,
the withdrawal capacity is sized accordingly. In the case of a 100% TOP rate,
up to 10% of the total storage capacity can be withdrawn within one day. In
contrast, the dynamic operation of storage facilities also results from absorbing
hydrogen in periods of excess electricity supply from RES. This can be observed
in February, March, and December when high injection ramps occur. The find-
ings of storage cycles differing from those of natural gas storage cycles could be
relevant for future hydrogen grid and storage operators to consider during asset
configuration.

2.4.5. Dispatch decisions under 35 weather years

This section investigates the robustness of the energy systems planned under a
representative weather year against weather variability. We compute the dis-
patch decisions for each of the energy systems planned with TOP rates between
0% and 100% for a set of 35 weather years and summarize key results in Figure
2.8. Here, each box plot represents the distribution of annual dispatch volumes
across all weather years considered5.

5The box plots include the interquartile range of annual dispatch volumes across all weather
years. The median is marked with a horizontal line, and the average is marked with a cross.
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Figure 2.8.: System response to variability of 35 weather years.

The lost load observed in certain weather years occurs since the energy system
was planned under a representative weather year, which does not incorporate
extreme events such as cold dark lulls. The lost load in benchmark solutions
amounts to 8 TWh on average across the 35 weather years and 50 TWh in
the most critical weather year, 20106. Notably, the reliability of energy systems
decreases with increasing TOP rates, as aggregated lost load rises to a maximum
of 90 TWh (2010) and an average of 14 TWh in the case of a 100% TOP rate.
Despite higher storage capacity, the reduced flexibility of H2 terminal capacity at
high TOP rates prevents an adjustment of the corresponding energy system to
weather variability. High costs associated with lost load cause the system with

6In multiple months, 2010 is characterized by below-average full-load hours for onshore and
offshore wind across many European countries. In January, February, and December 2010,
onshore and offshore wind utilization was up to 40% below the long-term average of all
investigated weather years in Central and Northern European countries. Simultaneously,
PV exhibits an availability below average compared to the long-term average during the
summer months across Europe, exceptionally sharp in May (-27% on a monthly average).
Further, the weather year 2010 shows a four-week cold spell starting at the end of January,
with temperatures dropping ten degrees Celsius below the continent-wide average, increasing
hydrogen demand. Electricity demand from end-use sectors in the weather year 2010 turns
out to be almost 2% higher than the annual average of weather years under investigation.
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the highest TOP rate to also imply the highest total dispatch costs. Together
with the elevated investment costs (cf. Section 2.4.2), this again underlines the
importance of accounting for the degree of flexibility in hydrogen imports.

Considering a TOP rate of 0%, the average H2 import quantity is 376 TWh,
while the spread resulting from all weather years considered amounts to 356 TWh.
For low TOP rates, the inherent flexibility provided by H2 terminals is used to
adjust to weather vagaries. Notably, the results for a TOP rate of 40% already
start to deviate from the benchmark solutions. This implies that an average
utilization of European terminals below the previously determined 57% seems
favorable in some weather years. With TOP rates exceeding 40%, H2 import
quantities significantly narrow up to a TOP rate of 100% without any flexibil-
ity remaining. Here, the imported quantity in every weather year amounts to
432 TWh, implying that mainly European storage facilities are posed to balance
inter-annual weather variability.

As a result, the spreads of annual storage withdrawal volumes are generally
higher for higher TOP rates. While the difference between minimum and maxi-
mum annual storage withdrawal is 123 TWh for a TOP rate of 0%, it grows to
around 172 TWh in the case of a 100% TOP rate. In line with the slightly higher
withdrawal capacity for a TOP rate of 100%, the average annual withdrawal vol-
ume (332 TWh) is slightly higher than in the benchmark solutions (310 TWh).
The spreads of annual injected hydrogen volumes show characteristics similar to
those of storage withdrawal.

Conversely, average annual hydrogen production via electrolysis decreases with
increasing TOP rates, as its underlying capacity has decreased in the investment
stage. Moreover, its utilization shows a higher variance for benchmark solu-
tions than in the case of high TOP rates. Among other reasons, this originates
from altered RES capacities for higher TOP rates, implying lower inter-annual
variability in surplus electricity, which can be utilized by electrolysis.

Lastly, higher TOP rates impact the annual hydrogen quantity provided to
the electricity system. On average, the hydrogen used for H2-to-power increases
slightly between the benchmark solution (117 TWh) and a 100% TOP rate
(130 TWh). Among others, this results from increased hydrogen import vol-
umes at higher TOP rates, also utilized for reconversion in the electricity sys-
tem. Considering minimum and maximum H2-to-power quantities among 35
weather years, the spread increases significantly from 69 TWh at 0% TOP rate
to 130 TWh at 100% TOP rate.

The results also reveal insights into how flexibility is provided throughout
the year for the energy system under varying TOP rates. We illustrate this
in Figure 2.9 by showing sorted utilization curves of H2 terminal capacity for
selected TOP rates. With increasing TOP rates, the installed terminal capacity
is fully utilized more frequently compared to the utilization of the benchmark
solutions. Consequently, a TOP rate of 100%, characterized by a constant, non-
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Figure 2.9.: Sorted H2 terminal utilization for selected TOP rates on average (blue)
and for all underlying weather years (grey).

flexible import of hydrogen, results in fully utilized import capacities throughout
the year under all weather years.

Conversely, the highest flexibility can be exploited at low TOP rates, i.e.,
in the range of the cost-optimal benchmark solutions. Here, the operation of
H2 terminals adjusts to weather variability, resulting in significant inter-annual
deviations in utilization and thus, import quantities. Despite this flexibility in-
hibiting a higher system value, it may pose challenges to the economic operation
of H2 terminals since asset owners typically strive for non-volatile cash flows.

According to our results above, the reduced flexibility of hydrogen imports
imposed by higher TOP rates is mainly compensated by adjusted capacity levels
of the investment decisions (cf. Section 2.4.2). Additionally, decreasing flexibil-
ity from hydrogen imports is partially substituted with increasing utilization of
the European hydrogen grid, represented in this study through repurposed gas
interconnector capacities (cf. Section 2.3). The average hydrogen grid utiliza-
tion for the benchmark solutions is 45%. With decreasing flexibility from H2

terminal capacity, intra-European hydrogen transport via pipelines increases, on
average, by 2.5% at a TOP rate of 100%. Although this is not a particularly
large increase on average, grid utilization deviates by up to +15% or -14% at
a TOP rate of 100%, depending on the weather year. Despite the exogenous
representation of transmission capacity in our model, the flexibility of hydrogen
imports has an impact on the utilization of the European hydrogen grid. There-
fore, further research with endogenous determination of transmission capacities
may be required for the economic planning of a future European hydrogen grid.

2.5. Discussion

The following section summarizes and discusses the key findings of this work.
Further, we reflect upon central limitations of the modeling and suggest oppor-
tunities for future research.
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2.5.1. Key findings and implications

We investigate the effect of TOP rates as part of hydrogen LTCs on the design
of a future decarbonized European energy system. The analysis is conducted
with the integrated hydrogen and electricity market model HYEBRID. Using a
representative weather year for investment decisions, we employ six equidistant
TOP rates between 0% and 100% to analyze the impact of hydrogen import
flexibility on the European asset configuration. Subsequently, we conduct a
’stress test’, simulating dispatch decisions for 35 weather years for each of the six
energy systems. This enables investigating the operational aspects of TOP rates
under weather variability. To our knowledge, this is the first publication with an
explicit representation of TOP rates in hydrogen LTCs.

Our results show that changing the underlying TOP rate significantly im-
pacts the optimal configuration of the European energy system. With higher
TOP rates, total system costs increase, as high TOP rates impose inflexibility
on the import of hydrogen. This is balanced by an alternative configuration
of other technologies, primarily hydrogen storage. We observe a convex system
cost curve to an increase in TOP rates, indicating the importance of avoiding
very high TOP rates for importers given a fixed import price for hydrogen. At
a TOP rate of 100%, system costs increase by 0.77%, representing a substan-
tial absolute contribution to system costs. TOP rates up to 57% do not impose
restrictions, and therefore no additional system costs occur.

By calculating a theoretical maximum willingness to pay a price premium
for hydrogen import flexibility, we provide an indication for the system value
of the flexibility implied by lower TOP rates. We find a price premium of
12 EUR/MWh for LTCs without a minimum offtake obligation to be indifferent
from LTCs without a price premium and total inflexibility in imports. Based
on our analysis, future research could improve calculating the value of hydrogen
import flexibility, which could provide guidance to European stakeholders when
negotiating LTCs with exporters.

A further important finding is that varying TOP rates induce significant shifts
in cost-minimal infrastructure requirements of the energy system. A notable ex-
ample is more hydrogen storage and withdrawal capacity and less terminal capac-
ity at high TOP rates. These changes highlight the critical need to address the
flexibility of hydrogen imports when planning the future energy system. More-
over, this finding suggests existing publications could be biased by neglecting
this issue.

This work also contributes to the existing body of literature by calculating
European hydrogen storage requirements under consideration of imports. Our
results exhibit a hydrogen storage capacity between 63 TWh and 81 TWh de-
pending on the TOP rate. Comparing our results to the literature, which exhibits
a range of required hydrogen storage capacity between 45 TWh and 240 TWh,
our results can be assigned to the lower range of this spectrum, although some
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publications showing high storage capacities do not allow for hydrogen imports.
Unlike other publications, we model hydrogen storage injection and withdrawal
capacity independent of storage volume, showing that their capacity require-
ments are linked to the hydrogen demand from the power sector and supply
from domestic hydrogen production. This representation enables a cost-efficient
trade-off between hydrogen supply from storage, import, and electrolysis. An-
other key distinction from existing studies is the assumed costs of storage. While
Sensfuß et al. (2024) adopt a value of 550 EUR/MWh for newly built storage,
this work assumes 1454 EUR/MWh. Lastly, the underlying weather character-
istics play a central role in the investment decision. Our analysis is based on a
representative weather year, whereas Sensfuß et al. (2024) assume the weather
year of 2010, which we characterize as an extreme year with a cold dark lull in
the dispatch analysis. Moreover, we calculate hydrogen import volumes between
203 TWh and 559 TWh, which can be assigned to the middle range of existing
research.

Irrespective of the underlying TOP rates, our findings reveal that the opera-
tional characteristics of future hydrogen storage may differ from today’s natural
gas storage. Instead of a definite seasonal profile, hydrogen storage is also used
for short- to midterm balancing with multiple full cycles a year, particularly
to bridge hydrogen demand peaks from the power sector and to absorb excess
hydrogen from domestic production in periods of excess electricity supply from
renewables. The characteristic of high withdrawal and injection ramps, which we
observe for all 35 weather years, can yield valuable insights into the requirements
of future hydrogen storage operations. This finding differs from existing publica-
tions such as Kondziella et al. (2023), Schlund (2023) and Sensfuß et al. (2024),
which use a different model framework and mostly find a seasonal profile for hy-
drogen storage use. In contrast to our approach, Kondziella et al. (2023) assume
exogenous RES, implicitly imposing a seasonality in electricity generation, and
Schlund (2023) lacks a representation of an integrated hydrogen and electricity
market. Sensfuß et al. (2024) only find non-seasonal storage requirements dur-
ing earlier stages of the hydrogen market ramp-up, while seasonal profiles result
under increased storage costs as the energy system approaches climate neutral-
ity. The most similar to our finding is Junge et al. (2022), who find a partially
non-seasonal operation of hydrogen storage.

The response of the six energy systems planned under a representative weather
year to weather variability exhibits significant inter-annual spreads. As extreme
events are not considered in the planning stage, the results reveal significant
quantities of lost load in the electricity sector. We observe a rise in the maximum
lost load from about 50 TWh in the case of low TOP rates up to 90 TWh if a
TOP rate of 100% applies. Although our approach does not consider weather
variability in the planning stage, our analysis highlights that reserve requirements
are generally higher when flexibility from hydrogen imports is absent and future
weather differs from the planning stage.
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A regional analysis reveals insights into adjustments at a national level. Coun-
tries with limited access to the European hydrogen grid show a rather self-
sustaining regional system at high TOP rates, while well-connected countries
gain benefits from the cross-border use of infrastructure such as neighboring
storage facilities. In addition, landlocked countries react indirectly to varying
TOP rates by adapting their energy systems to the shifts in neighboring coun-
tries. The findings point to the relevance of establishing a European hydrogen
grid, similar to suggestions by Schlund (2023), to facilitate intra-European hy-
drogen trade, utilize regional infrastructure potential across borders, and thus
increase security of supply and limit additional costs for infrastructure invest-
ments.

2.5.2. Limitations and future research

This work should be interpreted in light of important assumptions and limita-
tions of the model framework. General assumptions include perfect foresight,
complete markets, and inelastic demand of end-use sectors. The future degree
of price responsiveness for both electricity and hydrogen demand could affect
the degree to which flexibility must be provided on the supply side to ensure a
reliable energy system.

Another important assumption is the cost level for infrastructure investment
and the price level for hydrogen imports. Due to the model formulation, cost
assumptions are not linked to the capacities resulting from the model, i.e., there
is no representation for effects such as technological learning like in Seck et al.
(2022). A change in the cost assumption could alter the configuration of the
energy system. As a test, we increased the price of hydrogen imports, resulting
in lower import quantities. Nevertheless, the overall effect of varying flexibility
of hydrogen imports via TOP rates does not change fundamentally.

The fixed price assumption for hydrogen imports, irrespective of the underlying
TOP rate, as stated in Section 2.3, may not hold in reality due to the lower risk for
the exporter’s investment at higher TOP rates. The degree to which the import
price might change for different TOP rates is subject to the risk perception of
the exporter and is difficult to quantify. Indeed, a TOP rate-dependent import
price would alter the system cost curve, making it a relevant topic for future
research. With the analysis on the maximum willingness to pay for import
flexibility, we take a first step in this direction. However, the qualitative findings
of this study remain unchanged: higher TOP rates still reduce flexibility, leading
to lower system reliability, increased reliance on storage, and an effect on overall
system costs. Apart from this, we do not account for a potentially emerging
spot market for seaborne hydrogen. Further, distinguishing exporting regions
and considering fluctuations in hydrogen supply due to weather variability in
the exporting regions leaves room for further research, which is addressed in
Chapter 3.
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In addition, our approach does not consider technologies such as thermal power
plants with carbon capture and storage (CCS) or direct air capture (DAC).
The political ambiguity surrounding CCS and the underlying cost assumptions
for DAC induce uncertainty. However, a representation of these could alter
the demand for hydrogen and renewable generation capacity, but the effect of
TOP rates on the energy system is not set to change fundamentally. In addition,
we abstract from non-European imports via pipeline and focus on seaborne im-
ports instead. Despite cost levels largely differing between hydrogen terminals
and pipelines, the concept of TOP rates is transferable to pipelines. Again, the
overall effect of import flexibility would not change.

Lastly, an important limitation is the representation of weather and weather
variability. We exclusively consider historical weather patterns. However, fu-
ture weather can differ from historical characteristics due to climate change and
impact infrastructure requirements (Peter, 2019). The approach in this work
assumes a single weather year in the investment stage without allowing for lost
load. Subsequently, we analyze the implications of weather variability in the dis-
patch stage, allowing for electric lost load. A more adequate planning approach
should account for weather variability already in the investment stage, which
results in more robust energy system configurations. Despite this limitation, the
two-step approach highlights the following: if the assumption on future weather
is not precise, i.e., real weather differs from assumed weather, the energy system
with a higher TOP rate turns out to be less reliable. Nonetheless, future re-
search could investigate the effect of TOP rates using advanced methods such as
multi-year models (cf. Ruhnau and Qvist (2022)), stochastic models, or heuristic
methods similar to Grochowicz et al. (2023). Researchers could also investigate
the implications of risk-averse investment decisions, since our results indicate a
link between the quantity of lost load and the underlying TOP rate.

2.6. Conclusion

Hydrogen is set to become a central commodity in a future decarbonized Euro-
pean energy system. Yet, a European hydrogen market, fed by domestic pro-
duction and non-European imports, is still in its very early stages. To accelerate
the market ramp-up, a cost-efficient implementation of hydrogen infrastructure
is required, which is closely linked to the development of the power sector. More-
over, research on seaborne hydrogen impacting the European energy system is
minimal, and the effect of minimum offtake agreements in LTCs on the design
and operation of such infrastructure requirements still needs to be investigated.

Thus, this work seeks to shed light on the implications of TOP rates in hy-
drogen import LTCs on the European energy system. To answer the research
questions, we develop the new integrated electricity and hydrogen market model
HYEBRID. The partial equilibrium model optimizes European electricity and
hydrogen investment and dispatch decisions while accounting for hydrogen im-
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ports, domestic production, underground storage, and pipeline transport. We
compute the model for six equidistant TOP rates and optimize the investment
decisions of the European energy system based on a representative weather year.
To analyze the system responses to weather variability, we simulate cost-minimal
dispatch decisions for a set of 35 weather years.

The results reveal that high TOP rates significantly impact the energy system
configuration and increase total system costs. To avoid excess imports and coun-
teract a lack of flexibility, hydrogen import terminal capacity at 100% TOP rate
is 31% lower compared to a case without TOP obligation, while hydrogen storage
capacity is 28% higher, respectively. In this context, hydrogen storage provides
flexibility by absorbing hydrogen in periods of surplus hydrogen stemming from
inflexible imports and supplying hydrogen in periods of low RES production or
insufficient hydrogen imports. Despite a decrease in terminal capacity, more
hydrogen imports and less domestic production follow from the increased uti-
lization of terminals with higher TOP rates. The energy system configuration,
planned under representative weather, exhibits significant variations in dispatch
quantities when being exposed to the characteristics of 35 weather years. While
a system with no or low TOP rate can mostly adjust to weather variability, the
reliability of the energy system decreases with higher TOP rates, resulting in
higher dispatch costs7.

Apart from the numerical results, our analysis provides multiple real-world
implications to stakeholders. The convex system cost curve underlines the im-
portance of flexibility in hydrogen imports and advises importers to pay attention
to the TOP rate in negotiations with exporters. Although we do not differentiate
import prices for varying TOP rates, we indicate the willingness to pay a pre-
mium for flexibility, which may guide stakeholders in negotiations. Nonetheless,
if future seaborne suppliers insist on high TOP rates, we show that the diver-
sity in the European technology landscape, especially hydrogen storage facilities,
can offset inflexibility of imports to some degree. Given the technological shifts
induced by varying TOP rates, our findings highlight the importance of account-
ing for the degree of import flexibility in energy system studies and suggest that
most existing publications may be biased by neglecting this. Lastly, in light
of the revived discussions in some European countries about capacity markets
and resource adequacy in general, our findings on the altered system reliability
depending on the TOP rate are something to consider when designing future
mechanisms fostering security of supply.

The presented modeling approach is the first to explicitly represent TOP obli-
gations in hydrogen imports. However, limitations such as the deterministic na-
ture of weather variability, a fixed price for hydrogen imports at all TOP rates,
exogenous hydrogen transmission capacity, or inflexible demand leave room for
further research.

7The exact dispatch costs strongly depend on the underlying assumption for the value of lost
load and are not explicitly evaluated.

39





3. The Cost of Security: Analyzing

Strategies to Hedge Hydrogen Import

Disruption under Stochastic

Representation of Weather

3.1. Introduction

The European Union’s pursuit of climate neutrality necessitates a fundamen-
tal shift in energy sourcing and an expanded role for green energy within its
system (European Commission, 2022). This transition increasingly involves the
import of diverse renewable energy carriers, with ongoing discussions addressing
the optimal mix and scale of such imports (Neumann et al., 2025). Within this
evolving energy landscape, imported green hydrogen is positioned as a pivotal
component of Europe’s decarbonization strategy, aiming for climate neutrality
by 2050. Ambitious targets include 10 million tons of renewable (green) hydrogen
imports by 2030, as outlined in the REPowerEU Plan (European Commission,
2022). Nevertheless, reliance on imported energy commodities inherently in-
troduces risks related to import disruptions and price volatility, as history has
repeatedly demonstrated. The gas crisis of 2022 serves as an urgent reminder
of the profound economic and social repercussions of overreliance on a limited
number of external suppliers (Emiliozzi et al., 2023).

The development of a nascent international hydrogen market may lead to a
concentration of supply similar to early natural gas markets (Dejonghe et al.,
2023). Future supply chains could be shaped by long-term contracts (Antweiler
and Schlund, 2023), infrastructure development (Kountouris et al., 2024, Schlund,
2023), and geopolitics (Van de Graaf et al., 2020), all of which are subject to
considerable uncertainties. Amid growing geopolitical risks, there are calls for
a more independent European energy policy (Herranz-Surralles, 2024), advocat-
ing for enhanced domestic production capabilities (EU Parliament & Council,
2024) and a higher degree of self-sufficiency (Jerzyniak, 2024). However, secu-
rity concerns and risk exposure within emerging hydrogen markets, particularly
concerning potential disruptions and market concentration, remain largely un-
derinvestigated.

Although a future international green hydrogen market could offer a pivotal
pathway for Europe’s decarbonization, its fundamental reliance on water elec-
trolysis powered by renewable energy sources inherently links global production
facilities to weather variability. The Levelized Cost of Hydrogen (LCOH) is a
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common metric for estimating the supply costs of green hydrogen and its deriva-
tives from diverse regions worldwide, as derived, for example, by Moritz et al.
(2023). These studies often identify cost advantages for importing hydrogen
to Europe. Nevertheless, the calculations are typically based on single weather
years, which can lead to inaccurate revenue and cost projections for exporting
facilities. Furthermore, weather variability emerges as a crucial factor for the
design and operation of domestic hydrogen production via electrolysis. Despite
its importance, current European long-term infrastructure planning, as detailed
in the TYNDP reports by ENTSO-E and ENTSOG (2022, 2025), often relies on
single weather years. Moreover, deterministic approaches with limited consider-
ation of weather variability are commonly employed to assess future European
hydrogen infrastructure needs (Frischmuth et al., 2024, Neumann et al., 2023).
A profound understanding of weather variability is vital, as investment decisions
for a future climate-neutral energy system involve long planning horizons, and
such considerations become increasingly relevant amid discussions on enhancing
the resilience of European energy systems. While stochastic optimization ap-
proaches have been applied within the electricity sector to manage uncertainties
(Fürsch et al., 2013, Möbius et al., 2023, Scott et al., 2021), their application to
the hydrogen sector remains notably limited. This highlights a critical gap in
comprehensive, uncertainty-aware modeling frameworks for an integrated Euro-
pean electricity and hydrogen system that explicitly addresses the multifaceted
impact of weather variability.

Against this background, this work addresses the following research questions:
(i) How does the stochastic representation of weather variability impact LCOH
estimations? (ii) What is the cost advantage of a stochastic optimization of Eu-
ropean electricity and hydrogen infrastructure over a deterministic optimization,
and what are the implications for infrastructure investments? (iii) What are the
additional costs of hedging against the risk of a potential disruption in hydrogen
imports?

To answer these research questions, we extend the work of Moritz et al. (2023)
with a stochastic calculation of LCOH and compare the results with determin-
istically determined LCOH. The LCOH then inform the coupled electricity and
hydrogen market model HYEBRID, first introduced in Keutz and Kopp (2025a).
We extend the HYEBRID model with a stochastic representation of weather and
demonstrate its benefit over a deterministic representation of weather using the
Value of Stochastic Solution (VSS). This analysis is followed by an evaluation of
the resulting energy system configuration and hydrogen import structure. Given
the potential for high market concentration in hydrogen imports, we assess miti-
gation strategies to hedge the risk of a disruption in imports: diversification, re-
duction of imports, and a combined strategy. Finally, the cost of security through
mitigation strategies is contextualized by translating the cost premium of full au-
tarky into a perceived disruption probability of exporters, providing a benchmark
for policymakers.
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By providing a robust, uncertainty-aware modeling framework, this paper of-
fers significant methodological contributions to the energy economics literature
along with crucial insights for industry stakeholders, policymakers, and Euro-
pean regulatory authorities. First, it enhances understanding of how weather-
dependent hydrogen production in exporting regions and European weather vari-
ability could influence long-term contract pricing. Second, it demonstrates how
a stochastic treatment of weather uncertainty enables robust investment for the
European electricity and hydrogen sectors. We find significant infrastructure
shifts, such as increased hydrogen storage capacity, to manage both domestic
and export-side weather variability. Third, it quantifies the cost of security for
proactive mitigation strategies, introducing an economic benchmark that relates
the cost of mitigation to the level of perceived exporter disruption risk required
to justify it. Finally, our findings guide policymakers and industry stakeholders
in designing robust hydrogen import strategies, informing both infrastructure
investment and future contractual frameworks.

The remainder of this paper is structured as follows. Section 3.2 reviews
the relevant literature. Section 3.3 details the LCOH calculation and the ex-
tended HYEBRID model, outlining the stochastic methodology for incorporat-
ing weather variability and assessing disruption risks, alongside key assumptions.
Section 3.4 presents the findings, beginning with LTC prices and the quantifi-
cation of the VSS, followed by an analysis of mitigation strategies to hedge the
risk of import disruption. Section 3.5 offers a thorough discussion of our find-
ings, reflecting on assumptions and limitations. Finally, Section 3.6 concludes
the paper.

3.2. Literature

This work addresses two key streams of literature. The first stream focuses on
the optimization of electricity and hydrogen sectors, including critical modeling
inputs such as hydrogen import prices. The second stream investigates import
risks and resilience in emerging hydrogen markets. This area encompasses his-
torical analyses of energy import disruptions, particularly within the natural gas
market.

Several studies investigate the combined optimization of European electricity
and hydrogen infrastructure, though each study emphasizes different aspects.
High spatial resolution is a key aspect of the work by Neumann et al. (2023),
which uses a linear optimization model that spatially resolves European coun-
tries into 181 regions to improve the visibility of within-country infrastructure
investments. Further studies focus on the intertwined development of hydro-
gen networks and electricity transmission expansion across Europe (Frischmuth
et al., 2024, Neumann et al., 2025). Neumann et al. (2025) specifically analyze
varying import scenarios by coupling global and European energy system models,
underscoring the potential for system cost reductions through coordinated im-
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port strategies. Keutz and Kopp (2025a) investigate the impact of Take-or-Pay
(TOP) obligations on infrastructure investment and system dispatch under dif-
ferent weather conditions, revealing the sensitivity of cost-optimal infrastructure
and reliability to TOP rates. Frischmuth et al. (2024) quantify hydrogen infras-
tructure development using pan-European energy system (SCOPE SD) and gas
market (IMAGINE) models, highlighting the influence of storage costs and mar-
ket uptake on storage demands and the necessity for substantial infrastructure
expansion beyond repurposed methane pipelines. Complementing these model-
based analyses, Schlund (2023) adopts a scenario-based approach to examine
the interdependencies of energy system elements for hydrogen integration into
existing gas infrastructure. Long-term infrastructure projections, such as the
TYNDPs 2022 and 2024 (ENTSO-E and ENTSOG, 2022, 2025) or the Long-
term Scenarios 3 (Sensfuß et al., 2024), also model energy system investment
and dispatch to project cost-efficient infrastructure needs and viable hydrogen
import volumes. However, a common limitation in these analyses is the frequent
use of deterministic optimization.

Stochastic approaches have been applied to electricity system modeling to ad-
dress uncertainties. For example, Möbius et al. (2023) analyze the impact of risk
aversion on investment strategies using a stochastic transmission and generation
expansion model. Scott et al. (2021) examine the effects of different uncertainty
sources on generation expansion planning while Fürsch et al. (2013) use a lin-
ear multi-stage stochastic investment and dispatch model to analyze the effects
of uncertain renewable energy deployment. Riepin et al. (2021) quantify the
value of encoding the uncertainty of input parameters, finding that the expected
costs of ignoring uncertainty can constitute up to 20% of cumulative costs from
investments in power generation capacity.

The application of stochastic approaches to the hydrogen sector remains lim-
ited, often focusing on national or regional levels and specific supply chains.
Examples include Almansoori and Shah (2012), who model a stochastic hydrogen
supply chain network for Great Britain under demand uncertainty; Türkali Özbek
and Güler (2025), who develop a multi-objective stochastic model for hydrogen
supply chain planning in Turkey; Kim et al. (2008), who design hydrogen supply
chains under uncertain demand in Korea; and Ochoa Bique et al. (2021), who
employ a scenario tree for a multi-stage stochastic programming model to address
hydrogen demand uncertainty in Germany. In light of the limited application to
the European scale, this paper expands the capabilities of the HYEBRID model
by integrating a stochastic approach into a European electricity and hydrogen
investment and dispatch model.

The second stream of literature investigates prices, risks, and resilience as-
pects surrounding hydrogen imports. LCOH often serve as a reference point for
future hydrogen prices. A significant body of literature defines and calculates
LCOH for various hydrogen supply chains, with recent studies expanding on
global potentials and cost drivers. For instance, Moritz et al. (2023) conduct
a techno-economic analysis to estimate global production and supply costs for
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green hydrogen and various hydrogen-based energy commodities in 113 coun-
tries, building upon the work of Brändle et al. (2021). Further comprehensive
analyses, such as the Fraunhofer IEE PtX-Atlas (Pfennig et al., 2021) and the
work of Franzmann et al. (2023), also present global LCOH estimations. They
provide detailed cost-potential curves, often considering the full process chain
of hydrogen exports. Radner et al. (2024) analyze off-grid hydrogen production
and supply costs to Europe, incorporating country-specific investment risks and
transport. Additionally, studies by Mendler et al. (2024) and Kigle et al. (2024)
explore methodologies to optimize capacity ratios and analyze the impact of
country-specific investment risks on LCOH. However, LCOH calculations usu-
ally rely on a single or limited selection of historical weather years, overlooking
the significant impact of inter-annual weather variability on the operational per-
formance and cost-effectiveness of hydrogen production. This can lead to biased
LCOH.

Lessons from natural gas market disruptions offer valuable insights into poten-
tial geopolitical risks for future hydrogen markets. The European energy crisis
of 2022, triggered by Russia’s weaponization of natural gas supplies, serves as
a relevant example. The curtailment led to unprecedented price surges across
European markets, necessitated a significant reduction in gas consumption, and
fundamentally reshaped global LNG trade as Europe sought alternative supplies
(Emiliozzi et al., 2023). In response, the EU swiftly transformed its energy policy;
for instance, the REPowerEU plan focused on diversifying gas supplies away from
Russia and accelerating the transition to renewables (Calanter and Zisu, 2022,
Lambert et al., 2022). Research has also investigated operational aspects, with
studies on diversification strategies to foster resilience (Hauser, 2021) and anal-
yses of collaborative versus selfish behavior during energy scarcity (Mannhardt
et al., 2023). These works identify adaptation strategies, including diversifying
imports, shifting to non-gas generation, and reducing demand.

The insights from the 2022 gas crisis regarding supply security, price volatil-
ity, and the imperative of diversification and collaborative action offer valuable
lessons for the nascent international hydrogen market. However, research tar-
geting risks related to international hydrogen trade remains notably limited.

Existing studies on hydrogen trade risks identify factors such as high invest-
ment costs for production and delivery technology, insufficient electrolyzer ca-
pacity, and policy or regulatory challenges in Europe (Azadnia et al., 2023).
Notably, some analyses of supplier failure primarily concern material suppliers
rather than geopolitical risks affecting hydrogen imports. Dejonghe et al. (2023)
examine whether future hydrogen imports enhance EU energy security or perpet-
uate vulnerabilities, drawing lessons from historical natural gas trade in North-
west Europe. They suggest that policy-driven market development could lead to
a less concentrated market, potentially reducing supply disruption risks. Target-
ing policymakers, Ansari and Pepe (2023) identify criteria to select trade part-
ners and craft trade frameworks. Moreover, strategies, such as Germany’s 2024
hydrogen import strategy (BMWK, 2024), emphasize resilient imports through
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diversification, broad export origins, and parallel import infrastructure. Fur-
thermore, Nuñez-Jimenez and De Blasio (2022) analyze three strategic scenarios
for the European Union’s renewable hydrogen market (hydrogen independence,
regional imports, and long-distance imports), finding that long-distance imports
can offer supply diversification and enhance security without substantially in-
creasing costs.

3.3. Methodology

This section outlines the methodological framework. We describe the stochastic
extension made to the HYEBRID model, including the disaggregation of hydro-
gen exporters. Furthermore, we describe the stochastic approach to determine
hydrogen import prices based on LCOH and the selection of weather years. Fi-
nally, we present the scenarios employed to investigate strategic approaches to
hydrogen import contracting, followed by a summary of the key assumptions and
data sources that parameterize the model.

The methodological framework consists of a two-step approach, as visualized
in Figure 3.1. This approach is designed to represent weather variability through
stochastic optimization in both exporting countries (step I) and European coun-
tries (step II). In step I, we stochastically calculate the LCOH for multiple ex-
porters, optimizing their production assets under inter-annual weather variability
to determine robust LTC prices (cf. Section 3.3.2). These fixed LTC prices are
then used as inputs for the HYEBRID model in step II. Here, we conduct a
stochastic optimization of the European electricity and hydrogen system to de-
termine the cost-optimal system design and operation under various strategies
that mitigate the effect of import disruptions (detailed in Sections 3.3.1 and
3.3.5).
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Figure 3.1.: Overview of the two-step stochastic modeling approach.
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3.3.1. Stochastic model of the European electricity and
hydrogen system

The methodological framework is based on the coupled electricity and hydrogen
market model HYEBRID, first introduced in Keutz and Kopp (2025a). We
extend the model in two ways. First, we disaggregate hydrogen exports to Europe
from a single virtual exporter into multiple exporters, each characterized by
individual cost structures and quantities. Second, we introduce inter-annual
weather variability directly into the investment stage of the model through a
stochastic approach. Figure 3.2 illustrates the overall model structure, including
the upstream determination of LTC prices (detailed in Section 3.3.2) and the
subsequent optimization of the European energy system that incorporates these
prices.
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Figure 3.2.: Schematic model overview: stochastic determination of LTC prices and the
European energy system.

Existing research has shown that relying on single weather years in modeling
investment decisions can result in lower reliability of the energy system (Keutz
and Kopp, 2025a, Ruhnau and Qvist, 2022). To overcome this, we incorporate
multiple weather years with a stochastic approach, capturing the inherent un-
certainty induced by weather variability. The approach used in this work is a
linear two-stage stochastic program, similar to Möbius et al. (2023) and based
on the general formulation as described in Birge and Louveaux (2011). The
rationale behind this formulation is that first-stage (investment) decisions must
be made before the uncertainty in risk-related parameters is resolved. The first-
stage problem minimizes investment costs and the expected costs of the second
stage. In our case, the second-stage uncertainty stems from the impact of weather
on both supply and demand. This uncertainty is represented through a set of
discrete weather scenarios, each associated with a specific probability. In the
second stage, the uncertainty is considered resolved, and the optimal dispatch of
assets is determined for each scenario, ensuring feasibility across all realizations
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of weather. Both first- and second-stage decisions are solved jointly within a
single optimization framework. It is important to note that the model repre-
sents a long-run equilibrium, in which the probability-weighted weather scenar-
ios are assumed to accurately reflect the long-term variability of actual weather
conditions. Consequently, the stochastic programming approach captures the
expected distribution of outcomes across multiple representative years, rather
than simulating real-time uncertainty. In this sense, the formulation resembles
a probability-weighted multi-year linear program.

This section presents key changes to the deterministic model formulation of
HYEBRID, first outlined in Keutz and Kopp (2025a). The total cost function
(Equation 3.1) minimizes fixed costs for operation and maintenance FOM and
annualized fixed costs AFC for all technologies tech at each node n. These costs
can be associated with the first-stage problem. The second-stage costs com-
prise variable costs OPEX and costs for hydrogen imports from non-European
countries IC, which are calculated for each scenario s. The model framework
assumes risk neutrality, and therefore, we minimize the expected total costs.
The expected value of second-stage costs per scenario is calculated by multiply-
ing these costs by the probability of each scenario ps. The sum of all scenario
probabilities is one.

min TC =
∑︂
n,tech

(FOMn,tech +AFCn,tech)+∑︂
d,h,n,tech,s

OPEXd,h,n,tech,s · ps +
∑︂
d,n,s

ICH2
d,n,s · ps

(3.1)

All equations that include second-stage variables are formulated for every sce-
nario individually. Equation 3.2 exemplifies the adjustment with the equilibrium
constraint of electricity. SEL

d,h,n,tech,s is the electricity supplied by a technology

tech to a node n at day d and hour h in the scenario s, dEL,exo is the exogenous
electricity demand, DEL,H2 is the endogenous electricity demand by electrolysis,
TRADEBALEL is the electricity trade balance, and LEL represents uncovered
electricity demand.

∑︂
tech

(SEL
d,h,n,tech,s − SEL

d,h,tech,n,s) = dEL,exo
d,h,n,s +DEL,H2

d,n,s −

TRADEBALEL
d,h,n,s − LEL

d,h,n,s ∀ d, h, n, s

(3.2)

Second-stage variables are generally constrained by first-stage variables, which
creates a link between the two stages. This applies to all capacity variables, e.g.,
renewable capacity, storage volume, or transmission capacity. We exemplify this

48



3.3. Methodology

relationship with the domestic generation of hydrogen, which is constrained by
electrolysis capacity in Equation 3.3.

SH2
d,n,tech,s ≤ CH2,ELY

n ∀d, n, s, tech ∈ TechH2,ELY (3.3)

Unlike the initial formulation of HYEBRID, this work does not account for ex-
plicit investments in hydrogen terminal capacity. Instead, import infrastructure
costs are included in the LCOH and differentiated between imports via ship and
pipeline (cf. Section 3.3.2). Moreover, we assume a take-or-pay rate of 100%;
that is, the total annual volume of the contracted LTC has to be imported or
financially compensated. Non-European hydrogen export options are indexed
by e. For notational brevity, e subsumes the exporting country, the renewable
energy technology and resource class used for hydrogen production, and the
transport option (ship or pipeline), so that each e is associated with a specific
LCOH, export potential, and delivery profile. The import costs IC at node n
are calculated as the sum over all export options of the LCOH of export option
e delivered to node n, lcohn,e, which include the cost of the respective transport
option, multiplied by the corresponding imported quantity IH2

d,n,s,e (Equation 3.4).

ICH2
d,n,s =

∑︂
e

lcohn,e · IH2
d,n,s,e ∀d, n, s (3.4)

Although the import quantity is a second-stage variable, its volume is deter-
mined by a first-stage variable. In the first stage, importers decide on an LTC
with a predefined profile for hydrogen deliveries. The decision variable LTCSn,e

determines the share of the total export potential expote of export option e con-
tracted by node n, and thus, the quantity and temporal structure of imports
from each export option, IH2

d,n,s,e (Equation 3.5).

IH2
d,n,s,e = LTCSn,e · profileH2

d,s,e · expote ∀d, n, s, e (3.5)

In summary, the model formulation simulates the optimal allocation of re-
sources, encompassing long-term investment decisions and the contracting of
hydrogen imports, co-optimized under uncertain weather conditions.

3.3.2. Stochastic model of hydrogen import prices

To optimize the European energy system configuration, we rely on assumptions
for the prices of hydrogen LTCs, using the LCOH as a reference. A compre-
hensive approach to calculate the LCOH of various potential exporters world-
wide was first developed by Brändle et al. (2021), which has since been used
as a benchmark for import costs in numerous other publications, including the
TYNDP 2024 (ENTSO-E and ENTSOG, 2025). Our assumptions for the cal-
culation of LCOH are specifically based on Moritz et al. (2023) who extend the
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methodology initially presented in Brändle et al. (2021). Their approach opti-
mizes asset combinations (e.g., PV and electrolysis) and divides the assets’ total
costs by the anticipated hydrogen output over technical lifetimes, yielding the
levelized cost of hydrogen generation. This generation cost is then combined
with the levelized cost of various transport methods (pipeline, ship) and routes
from each exporter to each potential importer, determined based on distances.
Together, these components result in the LCOH for each combination of ex-
porter, importer, renewable energy class and resource, and transport method.
Note that, in contrast to Section 3.3.1, n here denotes the production site in the
exporting country, and the notation follows Moritz et al. (2023).

Moritz et al. (2023) calculate expected output based on a single weather year.
This approach is insufficient for our analysis, as the contracting of LTCs within
HYEBRID is determined under significant weather uncertainty. Weather charac-
teristics not only influence demand and supply within Europe but also crucially
impact the availability and output of non-European hydrogen supply, directly
affecting the LCOH. Against this background, we adjust the deterministic linear
optimization used in Moritz et al. (2023) by implementing a stochastic linear
optimization of assets that incorporates multiple weather years.

Similar to the approach detailed in Section 3.3.1, the formulation of all second-
stage (dispatch) variables in the calculation of LCOH is extended to account for
distinct scenarios. Again, these scenarios contain information on the realization
of individual weather years. The total cost functions, as originally defined in
Moritz et al. (2023) (Equations A.3 and A.4 therein) remain unchanged, as only
the capacity-related first-stage variables are included in the objective function.
The first-stage capacity decision restricts the second-stage variables. Specifi-
cally, Equation 3.6 ensures that hydrogen production in every weather year s,
hour h, resource class r, and at node n for the combination of res technology
and electrolysis res,el is constrained by the renewable technology capacity C,
the time-dependent capacity factor cf, and the electrolysis efficiency ηel. The
methodology for calculating these capacity factors is described in Appendix B.1.
Correspondingly, Equation 3.7 restricts the hourly hydrogen output by the elec-
trolysis capacity. Lastly, Equation 3.8 ensures that the hydrogen demand d is
met. We parameterize the demand such that a mean output of one kilogram
of hydrogen per hour must be produced across all weather years weighted with
probability ps.

Qres,el
n,r,h,s ≤ Cres

n,r · cf res
n,r,h,s · ηel ∀n, r, h, s (3.6)

Qres,el
n,r,h,s ≤ Cel

n,r · ηel ∀n, r, h, s (3.7)

∑︂
s

∑︂
h

Qres,el
n,r,h,s · ps = dres,eln,r ∀n, r (3.8)
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This model framework enables the identification of the optimal asset compo-
sition res,el at node n. The LCOH are derived by multiplying the annualized
total cost of the optimized asset composition by the lower heating value lhv
(33.33 kWh/kg) and dividing by the expected annual hydrogen output of the
assets, i.e., the probability-weighted output across all weather years (Equation
3.9).

lcohres,eln,r = lhv · TCres,el
n,r∑︁

h

∑︁
sQ

res,el
n,r,h,s · ps

(3.9)

In this way, the LCOH describe the expected costs of hydrogen supply, specif-
ically considering the inter-annual weather variability over the lifetime of the
assets. Adding the levelized transport costs from the exporting country to the
respective European node, as in Moritz et al. (2023), yields the LCOH lcohn,e
for each export option e used in Equation 3.4, where n again denotes the Eu-
ropean import node. These LCOH are used to parameterize LTC prices in the
subsequent optimization of the European energy system. As a result, the LTC
price is fixed and independent of the weather realization. Despite an intermittent
quantity, hydrogen exporters face no risk of failing to recover their investment
if actual weather conditions are correctly reflected in the stochastic optimiza-
tion. We assume that long-run weather conditions are represented within the
stochastic investment decision, which guarantees refinancing. This constitutes
an approximation, since the variability within the clustered set of representative
weather years is lower than the actual variability observed across a broader his-
torical range. In addition, future weather patterns will be affected by climate
change, which is not well captured by past data.

We note that the LTC price could alternatively be formulated to depend on
scenario s and adjust to inter-annual output variability to guarantee a constant
revenue stream for the exporter in every weather year. However, this formula-
tion would be equivalent to assuming a constant LTC price when optimizing the
import decision in the HYEBRID model, since under risk-neutral cost optimiza-
tion the expected total import cost of an LTC remains unchanged compared to
a fixed LTC price.

Figure 3.3 compares the LCOH resulting from multiple single-year optimiza-
tions with the LCOH from a single stochastic optimization that incorporates
all of those weather years. The variability in the LCOH for single weather
years reflects the inter-annual output variability. The mean LCOH of the single
optimizations is a hypothetical case and should not be used for subsequent cal-
culations, as each single-year optimization inherently yields a distinct, specific
asset structure optimized only for that particular year’s weather. In contrast,
the stochastic optimization method generates a single, robust asset structure
designed to perform well across all considered weather years.

51



The Cost of Security

0

20

40

60

80

100

120

140

160

Wind onshore Wind offshore PV

EU
R
/M

W
h

WY1 WY2 WY3 WY4 WY5 Prob.-weighted mean (WY1-WY5) Stochastic (WY1-WY5)

Figure 3.3.: Exemplified LCOH of Morocco (MA) for single years and stochastic
optimization in the target year 2050.

To further illustrate the impact of this methodological choice, Figure 3.4 com-
pares the stochastically calculated LCOH with the probability-weighted mean
of LCOH values from single-year optimizations. The analysis is shown for 15
potential exporting countries, using exclusively onshore wind potentials for hy-
drogen production. The stochastic LCOH can be either higher or lower than the
probability-weighted mean, depending on the region’s specific weather patterns.
This demonstrates that a simple deterministic average can be misleading, and
the stochastic approach provides a more realistic and reliable cost basis for long-
term contracts. For a comprehensive comparison, the results for offshore wind
and PV are provided in Figures B.1 and B.2 in Appendix B.2.
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3.3.3. Determination of representative weather years

The computational complexity inherent in the stochastic optimization of the
European energy system limits the number of scenarios that can be included.
To address this, we reduce a total set of 27 available weather years to a more
manageable set of five years using a clustering approach.

Numerous publications apply or develop a clustering of large time-series data
to make computation of energy system models feasible. For example, Pfenninger
(2017) and Kotzur et al. (2018) show the need to capture extreme events within
the clustering process. However, as Hilbers et al. (2019) point out, it is difficult
to define before a model run which periods can be considered extreme (a circular
situation). Against this background, we cluster our initial set of 27 weather years
based on the system costs they imply. Our objective is to select a reduced set of
weather years that effectively captures the overall distribution of system costs,
including those years that lead to extreme costs.

We run the HYEBRID model for each of these single weather years. This
yields a distribution of total system costs, which varies depending on the specific
weather characteristics of each year. Figure 3.5 illustrates the relative deviation
of these system costs for each weather year compared to the mean system cost
across all 27 years. This analysis demonstrates the sensitivity of the energy
system’s performance to the unique weather characteristics of each year.
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Figure 3.5.: Relative deviation in total system costs of single weather years from the
average of 27 weather years computed with the model HYEBRID.

To select the five representative weather years, we employ a hybrid approach
combining interval partitioning and representative selection from the distribu-
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tion of total system costs. The grouping methodology establishes five distinct
groups based on cost deviations. The most critical weather year (2010) results
in a deviation from the mean system cost of 8%, while the least critical weather
year (1995) results in a deviation of -6.4%. These two extreme weather years are
highlighted in orange in Figure 3.5. The remaining 25 weather years exhibit sys-
tem cost deviations within this range, which illustrates the spectrum of weather
impact on system costs.

The years with the absolute minimum (1995) and maximum (2010) system cost
deviations each form a singleton group. The boundaries of the three remaining
groups are determined by dividing the range of relative system cost deviation
between the second-least critical weather year (1998, -6.3%) and the second-most
critical weather year (1996, 7.7%) into three equidistant intervals (approximately
4.7% each). This ensures a relatively even distribution of weather years across
the intermediate groups.

The resulting classification of weather years into groups is visually represented
by the different colored groups in Figure 3.5, with the horizontal dashed lines
indicating the equidistant limits between each group. From each of these five
groups, the representative weather year is selected as the year with the system
cost deviation closest to the mean deviation of all weather years within that
specific group. This process yields the following representative weather years:
Cluster 1: 1995, Cluster 2: 1992, Cluster 3: 2012, Cluster 4: 1997, and Cluster
5: 2010. The representative years, along with their associated probabilities ( 1

27
for 1995 and 2010, 7

27 for 1992, 14
27 for 2012, and 4

27 for 1997), form the basis of
the scenario set used in the model and in the calculation of LCOH.

The clustering methodology does not account for whether the correlation of
renewable energy source (RES) yields between the EU and exporting regions is
adequately represented in the clustered weather years. Addressing this aspect
would require multi-criteria clustering approaches capable of capturing both the
variability in RES yields and an accurate representation of their interregional
correlation. Nevertheless, Appendix B.3 presents an ex-post assessment of the
correlations and illustrates how effectively the clustering reproduces the relation-
ships observed in the full dataset.

3.3.4. Assumptions and data

The regional scope of the model encompasses the EU27, the United Kingdom,
Norway, and Switzerland, excluding Cyprus, Malta, Bulgaria, and Greece. The
temporal scope is the year 2050, aligned with the EU’s climate-neutrality target.
This necessitates a zero-emission power and hydrogen sector within the model
framework. The model considers 32 representative days with hourly resolution
for each representative weather year. The representative days are identified using
k-medoids clustering based on today’s residual load (cf. Kotzur et al. (2018)).
We allow for electric lost load in the model. The Value of Lost Load (VOLL)
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varies by region and sector and is highly uncertain (ACER, 2022). Therefore, we
set the VOLL to the maximum clearing price of the single day-ahead coupling
(ACER, 2023).

The model’s technological scope is summarized in Figure 3.2. A detailed
overview of the techno-economic assumptions for the technologies considered in
this analysis is provided in Appendix B.4. All cost data are converted to e 2019,
and calorific units are based on the lower heating value. For the power sector,
the model initializes with 2022 capacities for electricity supply, conversion, and
storage, allowing for expansion except for nuclear and hydro capacities, which
are held constant. Hydrogen can be produced domestically by electrolysis or
imported from non-European countries. Assumptions for the costs and tempo-
ral structure of hydrogen imports are based on Section 3.3.2. Hydrogen storage
is modeled using repurposed or newly built salt caverns, currently representing
the most promising and cost-effective type of long-duration underground hydro-
gen storage (Caglayan et al., 2020). Moreover, the model differentiates between
storage volume, injection capacity, and withdrawal capacity, as the volume-to-
capacity ratio in a climate-neutral energy system may deviate from the current
ratios for natural gas storage. To ensure consistency over the modeling period,
we prescribe the filling level of hydrogen storage at the end of the year to be
equal to that at the start of the year. Hydrogen transmission is modeled using
hydrogen interconnectors created by repurposed natural gas pipelines, based on
ENTSOG (2023). A repurposing rate of 50% and a conversion factor of 75% of
the initial natural gas capacity, derived from Galyas et al. (2023), is assumed.

Annual electricity demand is based on TYNDP’s Global Ambition scenario
for 2050 (ENTSO-E and ENTSOG, 2025). To capture the weather-dependent
nature of electricity demand, we use the hourly demand time series from the
European Resource Adequacy Assessment (ERAA) 2023 (ENTSO-E, 2023) and
combine the two sources following the approach presented in Keutz and Kopp
(2025a). Similarly, hydrogen demand follows TYNDP’s Global Ambition sce-
nario for 2050, assuming a flat demand from the end-use sectors of industry
and mobility and a temperature-dependent demand from the residential sector
(cf. Keutz and Kopp (2025a)). Hydrogen demand for electricity reconversion
is determined endogenously. The hourly availability of solar PV, onshore wind,
and offshore wind is derived from ENTSO-E (2023). Run-of-river flows, storage
volumes of pumped-hydro units, and weekly hydro reservoir levels are based on
ENTSO-E (2023) as well.

3.3.5. Scenario framework

Intuitively, a cost optimization favors selecting the most affordable LTCs for hy-
drogen imports and leverages the potential of the least expensive options until
equilibrium with domestic generation is achieved. However, the lessons learned
from the gas crisis in 2022 underscore the significant risks of overreliance on a
limited number of exporters, including high prices and broader economic reper-
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cussions, such as inflation resulting from a sudden import disruption. The follow-
ing scenario framework is therefore designed to investigate proactive measures
to address disruption risks.

The scenario naive planning serves as our baseline, where the optimal import
structure is determined solely by cost minimization, excluding any risk mitigation
strategies. While such an optimization may lead to highly concentrated import
markets, it provides an essential benchmark against which the other mitigation
strategies are evaluated.

The scenario diversification investigates trade decisions and their impact on
the European energy system under enforced diversification of hydrogen imports.
The Herfindahl-Hirschman Index (HHI) is a widely used metric to measure mar-
ket concentration and competition. As an example, De Rosa et al. (2022) use
the HHI to quantify the historical diversification of energy supply in the Eu-
ropean Union, whereas Kim et al. (2025) use an adjusted HHI to analyze the
energy security of coal, oil, and natural gas, decomposing risk related to market
concentration and geopolitics. We integrate the HHI as a constraint, thereby
enforcing a minimum degree of diversification, represented by an HHI threshold.
We test four specifications of this HHI threshold (HHI ≤ 4,000, 3,000, 2,000,
and 1,000), enabling us to quantify the additional costs associated with varying
degrees of diversification. Mathematically, the HHI is defined as the sum of the
squared market shares s of each exporter i (cf. Equation 3.10). For instance,
a monopolistic market would have an HHI of 10,000, while a market with five
exporters, each holding an equal share, would result in an HHI of 2,000, with s
expressed in percentage terms.

HHI =
∑︂
i

s2i (3.10)

While the HHI is a standard measure of market concentration, we employ it
as a proxy to manage the criticality of an exporter disruption. As our modeling
framework is based on LTCs, neglecting a hypothetical emergence of a spot
market, a sudden supply disruption cannot be replaced. Therefore, each exporter
is pivotal. Consequently, the HHI in our framework measures the concentration
of a non-replaceable disruption risk. For this reason, we apply the HHI to the
import market only, i.e., the part of the hydrogen supply subject to exogenous
risk. Enforcing a low HHI threshold is thus a mechanism to reduce the potential
magnitude of damage from any single disruption.

The quadratic nature of the HHI term necessitates reformulating the HYE-
BRID model as a quadratically constrained problem, as the market share s is a
variable in our model. To maintain computational feasibility, we linearize this
constraint, transforming the model into a mixed-integer linear program. How-
ever, even with linearization, s would remain non-linear, as both exports from
a single exporter and total exports are variables. Therefore, we fix the total
quantity of all exports to the quantity determined in the scenario naive planning
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when implementing this constraint and explore the implications of lower total
exports in the combined strategies scenario.

In the scenario reduction , we optimize trade decisions and the European en-
ergy system configuration, assuming a lower total quantity of imports compared
to the scenario naive planning. This scenario includes four specifications, with
total import volumes set to 75%, 50%, 25%, and 0% of the level determined
in the naive planning scenario. The rationale behind this scenario is to reduce
Europe’s exposure to unexpected shortfalls in imports, consequently fostering a
more independent European hydrogen supply.

Finally, the scenario combined strategies evaluates the simultaneous imple-
mentation of both import diversification and reduction measures. This com-
prehensive scenario framework allows us to systematically assess the effects of
each mitigation strategy, individually and in combination, on total system costs,
exporter selection, and import structures.

3.4. Results

This section presents the results of the analysis, organized as follows. First,
we present the LTC prices derived from the stochastic LCOH calculation for
exporting countries. This is followed by a discussion of the value of the stochastic
solution for the European energy system. We then detail the results of the
scenario naive planning, which does not apply a strategy to hedge against the
risk of import disruption. Subsequently, we explore the results of the mitigation
strategies: diversification, reduction, and combined strategies.

3.4.1. Hydrogen import prices

This section presents the LTC prices derived from the stochastic optimization
of LCOH. These LTC prices are key input data for the cost optimization within
the HYEBRID model. Figure 3.6 illustrates LTC prices from various exporting
regions to Germany, considering different RES technologies (wind onshore, wind
offshore, and solar PV). A comprehensive overview detailing LTC prices for a
wider range of importing countries is provided in Appendix B.5.

The results show significant differences in LTC prices across RES technologies
and exporting countries. LTCs based on onshore wind (81.3–205.8 EUR/MWh)
and PV (88.9–141.8 EUR/MWh) generally exhibit lower prices, while offshore
wind (119.2–395.4 EUR/MWh) tends to be more expensive due to higher specific
investment costs. Lower LTC prices are typically observed for regions with higher
full-load hours (FLH) and RES yields, as well as shorter transport distances to
Europe (e.g., Morocco or Eurasia).
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Figure 3.6.: LTC prices including transport to Germany from various exporters.

3.4.2. Value of the stochastic solution (VSS)

To ensure a reliable and cost-efficient energy system, it is crucial to account
for uncertainty in the investment planning stage. A deterministic approach, re-
lying on a single weather year for investment decisions, can lead to a system
design that is not robust enough to handle a wide spectrum of weather condi-
tions. This results in lower system reliability when weather characteristics during
operation differ from those assumed in the planning stage, potentially causing
supply shortfalls (Keutz and Kopp, 2025a). A stochastic modeling approach,
in contrast, optimizes investments across a range of possible weather scenarios,
leading to a more resilient system configuration.

The benefit of this approach is quantified by the VSS. This metric measures
the cost difference between a stochastic model and a deterministic model that
uses the expected values of the uncertain parameters (Conejo et al., 2010). For
a cost minimization problem, it can be calculated as

V SS = TSCDet − TSCStoch. (3.11)

TSCStoch represents the total system costs from the stochastic model. TSCDet

represents the total system costs obtained after first solving a deterministic prob-
lem, using an average weather year to identify investment decisions, and then
evaluating the system’s performance across all five weather scenarios. For this
comparison, all relative costs are expressed as a percentage of the total deter-
ministic system costs TSCDet, which serve as the baseline.

As shown in Figure 3.7, the deterministic approach leads to an underinvest-
ment in assets. This results in lower investment and dispatch costs (61.2%) than
in the stochastic solution. However, the system designed with the deterministic
approach is unable to cope with varying weather conditions, resulting in signif-
icant costs for uncovered demand (38.8%) for a VOLL of 5,000 EUR/MWh. In
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contrast, the stochastic model leads to higher upfront investment and dispatch
costs (64.6%) to build a resilient system that almost entirely avoids reliability
penalties, incurring only 0.1% in costs for uncovered demand. The total economic
benefit of adopting the robust stochastic approach is 35.3% of the deterministic
system costs. While the investment and dispatch costs would adjust slightly to
a different VOLL, the costs for uncovered demand would change proportionally,
significantly altering the total costs of the deterministic approach.
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Figure 3.7.: Comparison of total system costs from the stochastic and deterministic
modeling approaches, assuming a VOLL of 5,000 EUR/MWh.

The primary implication of the stochastic approach is a strategic shift to-
wards greater investment in system flexibility, particularly a substantial increase
in hydrogen storage capacity (349 TWh vs. 215 TWh) and hydrogen import
quantity (916 TWh vs. 685 TWh) to manage weather-induced variability from
both domestic production and imports.

3.4.3. Naive planning

This section presents the results of the scenario naive planning, establishing a
reference point against which to evaluate the impact of import risk mitigation
strategies. The optimization of import decisions in HYEBRID is based on the
LTC prices shown in Section 3.4.1 as well as the weather-dependent delivery
profile for each LTC. In addition to import decisions, the model simultaneously
optimizes investment and dispatch decisions in Europe for the target year 2050.
As outlined in Section 3.3.3, the model incorporates five weather years (1992,
1995, 1997, 2010, and 2012), consistent with those used in the calculation of
LTC prices.
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Figure 3.8 illustrates the resulting investment and dispatch8 decisions for the
European electricity and hydrogen sector. The results exhibit a significant de-
ployment of RES, with available wind and PV electricity reaching 6,254 TWh.
RES are complemented by battery and H2-to-power capacity, guaranteeing a
secure operation of the power system. More than two-thirds of the European
hydrogen demand is served by domestic production (1,971 TWh), provided by
a total of 665 GW of electrolysis capacity in Europe. To balance intermittent
hydrogen production, imports, and demand, 349 TWh of hydrogen storage ca-
pacity is employed. The corresponding injection capacity for hydrogen storage
is 4,607 GWh/d, while the withdrawal capacity is 9,141 GWh/d, reflecting the
need for rapid withdrawal to meet demand spikes from the electricity sector.

The total hydrogen import quantity amounts to 916 TWh, covering roughly
one-third of the European hydrogen demand in 2050. These imports are sourced
from three major exporters—Morocco, Eurasia, and Algeria—all supplying hy-
drogen exclusively via pipeline. This import structure yields a Herfindahl-
Hirschman Index (HHI) of 4,800, indicating a concentrated market. This HHI
indicates a significant security risk, as the system is exposed to a disruption of
pivotal exporters.

The optimization in HYEBRID considers both the price and temporal struc-
ture of deliveries associated with an LTC. Our results indicate that exporters are
selected based on the lowest prices; therefore, variations in the delivery profile
between exporters do not significantly influence import decisions in the scenario
naive planning. This contrasts with the subsequent scenarios, where weather
variability becomes a more decisive factor for import decisions.

8All dispatch results shown are weighted averages from five weather years, with each year’s
probability of occurrence accounted for, as detailed in Section 3.3.
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Figure 3.8.: Overview of investment (blue) and dispatch (yellow) results for the
scenario naive planning.
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Figure 3.9.: Average annual hydrogen trade flows in the scenario naive planning.

3.4.4. Diversification of hydrogen imports

In the scenario diversification, the model is forced to select a broader range of
import sources by considering increasingly strict HHI targets. To isolate the
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effect of diversification through HHI targets, the total import quantity is kept
constant at 916 TWh, matching the level from the scenario naive planning.

Figure 3.10 illustrates the effects of stricter HHI targets on total system costs
and import structures. The number of exporters increases from three in the
scenario naive planning to fourteen in the HHI 1,000 specification. As a result,
the import share of individual exporters decreases significantly: Morocco, the
largest exporter in the scenario naive planning, drops from 20% to 6% market
share. However, diversification comes at a cost. The stricter the HHI target,
the higher the total system costs. In the scenario naive planning, exporters with
high full-load hours (FLH), large RES potentials, and proximity to Europe are
preferred. As the HHI target tightens, exporters with lower FLH and RES poten-
tials and often greater distances to Europe are contracted as suppliers, requiring
more expensive transport options, such as seaborne imports. Consequently, av-
erage LTC prices increase, resulting in additional system costs. The shape of the
system cost curve is convex as a function of the HHI, indicating that marginal
system costs increase as diversification is strengthened. The maximum system
costs are found in the specification HHI 1,000, with a cost mark-up of 5.7%
compared to the scenario naive planning. Despite these higher costs, the overall
asset configuration of electricity and hydrogen infrastructure is only marginally
affected. The cost increase is primarily driven by more expensive hydrogen im-
port procurement.
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Figure 3.10.: Impact of diversification of hydrogen imports by HHI targets on total
system costs and number of exporters.

To understand the dynamics of increased procurement costs, Figure 3.11 illus-
trates a detailed overview of the LTC prices and corresponding export volumes
for each exporter, presented in ascending order of price. The LTC prices shown
represent a European-wide volume-weighted average import price for hydrogen,
reflecting individual deliveries and transport expenses to various European coun-
tries. The basis for these weighted import prices is detailed in Section 3.4.1 (cf.
Figure 3.6 and Table B.2 in the Appendix). The figure highlights the relationship
between import prices and export volumes at different stages of diversification.
As the HHI target becomes stricter, more exporters are selected by the model,
leading to greater diversification of the import structures. In the HHI 2,000
and HHI 1,000 specifications, several exporters with relatively high prices are
selected with similar export volumes, resulting in similar individual contribu-
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tions to the overall HHI. Simultaneously, individual export volumes decrease as
import volumes are distributed more evenly across a larger number of exporters.

Figure 3.11.: Volume-weighted European hydrogen import prices by exporter and HHI
target (left axis), and average export volumes (right axis).

Notably, the results reveal that LCOH is not the sole decisive factor for import
decisions; rather, the system-friendliness of a delivery profile plays a crucial role.
For example, in the scenario HHI 4,000, imports are sourced from Morocco (MA),
Eurasia (EA), and Algeria (DZ), similar to the scenario naive planning. Due to
the HHI target, additional exporters must be included. From a price perspective,
the next most cost-efficient exporter would be Saudi Arabia (SA), followed by
Turkey (TR), and Iran (IR) (cf. Figure 3.11). Yet, instead of prioritizing these
low-cost exporters, imports from Iceland (IS) are contracted at a higher cost. The
rationale for this decision appears to be the weather-dependent delivery profile
of Iceland, which presumably better aligns with the required import profile.
Similar import decisions and observations can be found in the HHI 3,000 case.
This demonstrates that non-cost factors, such as weather variability and the
resulting import profile, play a role in the import decision. However, providing
conclusive evidence for the model’s exact reasoning is challenging due to its
inherent complexity.

3.4.5. Reduction of hydrogen imports

The scenario reduction explores the effects of reducing hydrogen imports through
import share targets. These targets are implemented as exogenous caps on total
European hydrogen imports, based on the import quantity of the scenario naive
planning. This approach forces the optimization to reduce hydrogen imports
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from 916 TWh to zero in four equidistant steps, resulting in fixed hydrogen
import volumes of 687 TWh, 458 TWh, 229 TWh, and 0 TWh, respectively.

Figure 3.12 depicts the effects of reduced hydrogen imports on total system
costs and import structures. The results indicate that reduced hydrogen im-
ports are substituted by increased domestic hydrogen production within Europe.
Consequently, electrolysis production increases proportionally to the reduction
in imports. However, this increase is slightly less than the corresponding reduc-
tion in imports, as the hydrogen demand from hydrogen-fired power plants is
also reduced due to the concurrent build-up of domestic RES capacities. In the
extreme case of no imports (scenario Import 0%), a self-sufficient electricity and
hydrogen system within Europe is established. Here, domestic hydrogen pro-
duction amounts to 2,847 TWh, a 44% increase compared to the scenario naive
planning.

The model consistently selects the same three exporters as in the scenario naive
planning : Morocco, Eurasia, and Algeria. Morocco’s import share increases
substantially from 32% in the scenario naive planning to nearly 90% in the
scenario Import 50%. This leads to an HHI of 7,900, significantly higher than in
the scenario naive planning, indicating a very high concentration of the import
market.

This shift towards higher levels of self-sufficiency, culminating in a solely
self-sufficient European energy system, results in additional system costs. The
stricter the import share targets become, the more the total system costs in-
crease (cf. Figure 3.12), resulting in a convex system cost curve. The maximum
increase in total system costs is observed in the specification Import 0%, with a
cost markup of 2.9% compared to the scenario naive planning.
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Figure 3.12.: Impact of reduction of hydrogen imports by import share targets on total
system costs and number of exporters.

It is important to note that this 2.9% cost markup represents a conserva-
tive estimate, as it is highly dependent on the assumed weighted average cost
of capital (WACC) for domestic versus non-European production. The WACC
spread assumed in these results is 6% (WACCnon−EU - WACCEU ), reflect-
ing higher perceived investment risks for non-European projects. This spread
increases the price of imports relative to domestic production and narrows the
cost gap compared to full autarky. Figure 3.13 illustrates this sensitivity. As
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the WACC spread decreases, imports become comparatively cheaper, and the
additional system costs for full self-sufficiency rise significantly. For instance,
assuming equal WACC (0% WACC spread) results in an increase of the cost
premium for the scenario Import 00 of 13.6%.
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Figure 3.13.: Sensitivity of additional system costs for autarky as a function of the
WACC spread between exporters and Europe.

In contrast to the scenario diversification using HHI targets, where higher
system costs are driven by more expensive hydrogen imports, the cost increases
in the scenario reduction arise from substantial investments in domestic hydro-
gen production. In the case of full autarky, the capacity increase compared to
the scenario naive planning amounts to 39% for electrolysis capacity, 22% for
available wind and PV electricity, and 6% for hydrogen storage capacity.

3.4.6. Combined strategies

This section investigates the combined effects of diversifying and reducing hy-
drogen imports to provide a more comprehensive assessment of import risk mit-
igation. While the preceding sections analyze each strategy in isolation, their
simultaneous implementation reveals interdependent effects on the optimal im-
port strategy and energy system configuration. To manage the analytical com-
plexity of the twelve possible combinations (four HHI targets and three import
share targets), we present a focused analysis highlighting key trends and the
most salient findings.

• HHI 4,000 75%: This specification combines a moderate diversification
target (HHI 4,000) with a relatively high import share (75%). It represents
a scenario where policymakers prioritize low-cost imports while gradually
introducing diversification to mitigate disruption risks.
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• HHI 1,000 75%: This specification examines the effect of stringent di-
versification (HHI 1,000) while maintaining a high import share (75%). It
highlights the impact of strong diversification when import reduction is
less pronounced.

• HHI 4,000 25%: This specification explores the impact of a significant
reduction of imports compared to the scenario naive planning (25% import
share) while allowing for moderate diversification (HHI 4,000). It shows
the system’s response when reliance on imports is reduced, but some di-
versification is still pursued.

• HHI 1,000 25%: This specification represents the most restrictive case,
combining stringent diversification (HHI 1,000) with a substantial reduc-
tion of imports (25% import share). It illustrates the potential system-wide
costs of pursuing ambitious energy security goals.

Figure 3.14 presents the impact of the combined strategies on total system
costs and the number of exporters.
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Figure 3.14.: Impact of combined diversification and reduction of hydrogen imports on
total system costs and number of exporters.

System costs: Stricter HHI targets and lower import shares generally lead to
increased system costs. This trend is reflected in the specifications of the scenario
combined strategies, with HHI 1,000 25% exhibiting the highest cost increase and
HHI 4,000 75% the lowest. However, the cost increase is not simply additive.
For instance, combining a 25% import share with HHI 4,000 results in a smaller
cost increase than the sum of the individual cost increases for the HHI 4,000
and Import 25% specifications (cf. Figures 3.10 and 3.12). This suggests a
partially mitigating effect, where reduced import volumes lessen the cost burden
of diversification. Conversely, combining stringent diversification (HHI 1,000)
with a high import share (75%) results in a near-additive cost increase, indicating
that the cost of strong diversification is more pronounced when import volumes
remain high.

Number of exporters: The number of exporters is primarily driven by the
HHI target. Specifications with HHI 1,000 consistently show a larger number of
exporters compared to HHI 4,000, regardless of the import share target. The
import share target influences the absolute import volumes from these exporters.
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With a 25% import share, the overall import volume is lower, leading to smaller
individual export volumes.

These findings highlight the complex interplay between diversification and re-
duction. While both strategies individually increase system costs, their combined
effect exhibits non-linear interactions. Reducing import volumes can partially
offset the cost of diversification, but stringent diversification remains costly, es-
pecially when import volumes are high.

3.4.7. Relating the cost of autarky to a perceived import
disruption risk

Autarky results in a cost mark-up of 2.9% compared to the scenario naive plan-
ning. This premium of 2.9% is equivalent to approximately 12 billion EUR
annually. This section contextualizes this cost of security by determining the
perceived disruption probability for a single exporter at which the additional
costs for autarky become indifferent to the naive planning.

We translate the 12 billion EUR additional system costs into a disruption
probability for each of the three main exporters identified in the scenario naive
planning : Morocco, Eurasia, and Algeria. This probability is calculated as the
indifference point where the expected annual cost of a potential disruption from
a single exporter (probability, disruption volume, and VOLL) equals the cost
markup of autarky of the scenario specification Import 00. Figure 3.15 presents
the results.
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Figure 3.15.: Disruption probability by exporter required to justify the cost of full
autarky as a function of the Value of Lost Load.

The analysis reveals two key insights. First, the calculated disruption probabil-
ity has an inverse relationship with the VOLL; the higher the assumed economic
damage of a disruption, the lower the disruption probability needs to be to justify
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the cost of autarky. Second, the perceived disruption probability differs signif-
icantly based on the import volume of the specific exporter, meaning the costs
of autarky can be justified under different risk perceptions. For example, the
autarky cost can be reasonable given a low perceived annual disruption proba-
bility for the largest supplier, Morocco (1.1% at a VOLL of 2,000 EUR/MWh),
whereas it requires a significantly higher perceived probability for the smallest
supplier, Algeria (10.8% at a VOLL of 2,000 EUR/MWh).

This analysis provides a benchmark for decision-making. By comparing spe-
cific geopolitical risk assessments for each hydrogen exporter against the calcu-
lated disruption probabilities, an economically informed decision can be made
on whether the cost premium for full self-sufficiency is a justifiable investment.
However, the analysis assumes that disrupted import volumes cannot be compen-
sated through alternative suppliers or demand-side flexibility over the course of
a year and considers only isolated disruptions of single exporters. Despite these
simplifying assumptions, the results provide a useful indication of the economic
trade-off between supply security and system costs.

3.5. Discussion

This section summarizes the key findings of the analysis and highlights real-world
policy implications. In addition, it reflects on the methodology, assumptions, and
limitations of this work.

3.5.1. Stochastic calculation of LCOH

This work is the first to stochastically derive LCOH for a set of potential ex-
porting countries worldwide, building upon the methodological framework intro-
duced in Moritz et al. (2023). The stochastic formulation enables the explicit
consideration of inter-annual weather variability and, thus, incorporates hydro-
gen production variability into the decision rationale of exporters. As a result,
the asset configuration and LCOH derived are valid over a range of weather years
rather than a single deterministic realization. A key insight from our analysis is
that accounting for a sufficiently large set of weather data affects the efficiency
of the asset configuration in exporting countries and the basis for determining
the offtake price for potential LTCs.

3.5.2. Stochastic optimization of European hydrogen import
decisions

We optimize European import decisions using LTCs with the stochastically de-
termined LCOH as a reference point for LTC prices. A key contribution is
that the model HYEBRID, which optimizes European investment decisions, is
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stochastically expanded to represent the same uncertainty-aware framework as
the determination of LCOH.

We quantify the value of the stochastic extension via the VSS. The VSS reflects
a reduction in system costs of 35%, and represents the avoided costs of supply
shortfalls that arise if planning were based on a deterministic, average-weather-
year approach. This finding highlights the critical need for long-term planning
frameworks to account for weather variability already in the investment stage.
This need is often overlooked in current planning, such as the TYNDP reports
(ENTSO-E and ENTSOG, 2022, 2025) or the Long-term Scenarios (Sensfuß
et al., 2024), which rely on a deterministic optimization. However, it should be
noted that the precise magnitude of the VSS is highly sensitive to the assumed
VOLL, which scales the penalty for supply shortfalls, and to the underlying
weather year of the deterministic solution.

The stochastic representation of weather in the optimization of European as-
sets points to higher infrastructure requirements. Specifically, the analysis re-
veals significant balancing challenges that necessitate a substantial expansion
of hydrogen storage capacity within Europe. In the scenario naive planning,
we find that 349 TWh of storage is cost-efficient, substantially higher than in
most other studies (Neumann et al. (2023): max. 43 TWh, Moser et al. (2020):
45 TWh, Keutz and Kopp (2025a): max. 81 TWh, Frischmuth et al. (2024):
max. 221 TWh, Sensfuß et al. (2024): max. 240 TWh, and Schnaars et al.
(2024): max. 275 TWh).

The scenario naive planning further reveals a mean annual import quantity
of 916 TWh, a figure that is sensitive to the underlying cost assumptions from
Moritz et al. (2023). This translates to approximately one-third of the total
European hydrogen demand. The imports are sourced from the three exporters
with the lowest LTC prices: Morocco, Eurasia, and Algeria. An ex-post analysis
of the import structure yields an HHI of 4,800, indicating a high level of market
concentration. Such a concentrated market could pose a severe risk to Europe’s
security of supply and affordability in the event of sudden exporter disruptions.

3.5.3. Mitigation strategies

To address the vulnerability to an exporter disruption, we investigate two exem-
plary strategies that mitigate the impact of a sudden disruption: diversification
and reduction of imports. Diversification, enforced by imposing a maximum HHI
in the optimization, leads to a more diverse exporter portfolio. For an HHI of
1,000, the number of exporters increases to 14, resulting in an annual system cost
increase of 5.7% compared to the scenario naive planning. This cost increase is
primarily attributed to the need to contract more expensive LTCs. The second
mitigation strategy, reduction of imports, restricts the total amount of imports,
thereby decreasing Europe’s dependence on external supply. In the extreme case
of European autarky (no imports), the additional annual system costs amount to
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2.9%. Substituting imports with domestic production necessitates significantly
more renewable capacity and electrolysis. The additional system costs of full
independence in hydrogen supply are in line with the results of Kountouris et al.
(2024), who find additional system costs of 3% with a similar but deterministic
approach. We note that this quantification is conservative given that we assume
significantly higher WACC in exporting countries than in Europe, as pointed out
in Section 3.4.5.

Finally, combining the diversification and reduction strategies provides a more
granular understanding of mitigation options. Our analysis suggests that main-
taining the baseline import level (one-third of European demand) while diver-
sifying is generally more costly than reducing overall imports. The finding is
highly dependent on the relationship between LTC prices of different exporters;
if the supply curve of exporters were steeper, this relationship would become even
more pronounced. Therefore, for Europe to manage disruption risk effectively
and at moderate additional costs, a precise assessment of these cost relationships
is crucial.

Collectively, our findings offer strategic insights for European energy security
policy and long-term infrastructure planning. As analyzed in Section 3.4.7, relat-
ing the cost of autarky to perceived import disruption risk provides a benchmark
for policymakers: the additional costs of autarky can be justified even with a
low perceived disruption probability for the largest exporter (e.g., 1.1% for Mo-
rocco at 2,000 EUR/MWh VOLL), but require a significantly higher perceived
disruption risk for smaller exporters to be beneficial (e.g., 10.8% for Algeria).
Current cross-national long-term infrastructure planning, such as the TYNDP
(ENTSO-E and ENTSOG, 2025), often treats imports from non-European coun-
tries as exogenously given, with variations across scenarios that exhibit several
shortcomings. Specifically, these approaches fail to account for the temporal
variability of imports, which must be managed within Europe. Additionally,
they overlook the potential consequences of import disruptions and do not con-
sider the co-optimization of European infrastructure assets alongside decisions
on import quantities. As a result, current methodologies are likely to fall short
in terms of both security and cost-efficiency. This work therefore advocates for a
comprehensive assessment of hydrogen import costs and potentials that explicitly
considers inter- and intra-annual production variability, disruption risks, and the
interaction between import strategies and European energy infrastructure plan-
ning. Integrating these dimensions into long-term optimization frameworks can
improve both the robustness and cost-effectiveness of future energy systems.

3.5.4. Limitations

The results of this work should be interpreted in light of several limitations and
underlying assumptions. At a general level, it must be noted that we employ a
linear stochastic optimization model that minimizes total system costs, which, by
virtue of the duality theorem, is equivalent to the risk-neutral profit maximiza-
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tion of investors. This equivalence requires the existence of complete markets,
a condition that may not hold in practice. Moreover, quantitative results, such
as the magnitude of hydrogen imports or the required storage capacity, depend
on the scenario framework adopted, especially the demand level. Therefore, the
results should be interpreted as scenario-consistent rather than absolute projec-
tions.

In addition, simplifications are made regarding the temporal and weather rep-
resentation in the HYEBRID model. We cluster a set of 27 historical weather
years into five representative years, which approximate but do not fully capture
the true inter-annual variability or the temporal correlations between European
and exporting regions (cf. Appendix B.3). Furthermore, we assume that the
weather conditions represented in the investment decision correspond to those in
the long-run equilibrium, which is an abstraction, as actual weather patterns are
subject to climate change and long-term shifts. Nevertheless, even under these
simplifying assumptions, the model highlights significant effects of inter-annual
weather variability, for example, regarding the LCOH and the VSS. The frame-
work also reveals structural relationships, such as the fact that some costly LTCs
are preferred due to more favorable weather profiles.

Further assumptions relate to market and system boundaries. Our approach
determines LTC prices solely based on stochastic LCOH, whereas in the real
world, prices may include security premia and be influenced by asset cost uncer-
tainties and other factors. We also acknowledge that not accounting for hetero-
geneity of renewable yields within individual European countries could lead to
an underestimation of additional system costs through autarky, given the lim-
ited land available for renewable energies in Europe. Furthermore, our analysis
assumes no risk of severe disruption originating within Europe.

3.6. Conclusion

This paper presents a comprehensive stochastic modeling approach to analyze the
cost-optimal design and operation of a decarbonized European energy system,
with a particular focus on the integration of hydrogen imports. By extending
the HYEBRID model to incorporate inter-annual weather variability and various
import risk mitigation strategies, this research provides crucial insights into the
complexities of achieving energy security in a climate-neutral future.

Methodologically, this work introduces a stochastic framework for determin-
ing the LCOH for non-European exporters, ensuring robust asset configurations
and LTC pricing across diverse weather patterns. The LCOH estimates then in-
form the stochastic HYEBRID model, which simulates the European hydrogen
and electricity system’s investment and dispatch decisions under weather uncer-
tainty. The stochastic representation of weather yields a significant advantage,
quantified by a 35% reduction in total system costs compared to deterministic
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planning using an average weather year. A pivotal finding from this modeling is
the imperative for a substantial increase in European hydrogen storage capacity,
considerably exceeding previous estimates.

Addressing a critical research gap, this study explicitly quantifies the economic
implications of hydrogen exporter disruptions and various mitigation strategies
that reduce the impact of disruptions. The analysis suggests that the cost-
optimal scenario naive planning, with its highly concentrated import market
(HHI 4,800), poses significant supply risks. Diversification via stricter HHI tar-
gets reduces concentration but incurs higher LTC procurement costs. Conversely,
reducing import volumes by increasing domestic production also raises system
costs, shifting the burden to domestic infrastructure. The non-linear interplay
between mitigation strategies suggests a balanced approach that can partially
offset diversification costs.

This study yields key policy implications for Europe’s energy security. Long-
term planning should robustly analyze hydrogen import costs and potentials
and incorporate production variability. Policymakers should integrate supply
disruption risks into exporter selection and the development strategies to en-
hance security and cost-effectiveness. The relationship between the additional
costs of autarky and the perceived disruption probabilities of exporters provides
a first quantitative benchmark for this trade-off, demonstrating that the cost
premium for full autarky can be justified. These insights are vital for informing
infrastructure investment and shaping future contractual frameworks to promote
long-term supply security.

Despite its significant contributions, this research should be interpreted in light
of several limitations. Key modeling assumptions include the existence of com-
plete markets for the stochastic optimization, a simplified weather representation
using clustering, and the determination of LTC prices based solely on stochastic
LCOH, omitting real-world factors like security premia. The limitations point to
valuable directions for future research. Future work could enhance the robustness
of our analysis by integrating disruption risk directly into the investment stage of
the stochastic optimization and by conducting broader sensitivity analyses on the
LCOH calculations. Additionally, investigating alternative LTC designs and the
impact of dispatch-stage weather variability that deviates from investment-stage
assumptions would provide further valuable insights.
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4. Optimal Bidding of Uncertain Renewable

Electricity in Sequential Markets –

Implications of Risk Aversion and

Imperfect Competition

4.1. Introduction

Electricity markets balance supply and demand through sequential markets.
These involve a day-ahead market for forward scheduling, followed by intraday
and balancing markets. Positions taken in the day-ahead market can be adjusted
in the intraday market, which allows continuous trading close to delivery (EPEX
SPOT SE, 2025a). The intraday market plays an increasingly important role in
absorbing fluctuations of variable renewable energy sources (RES), as the share
of RES increases. In principle, sequential trading allows market participants to
incorporate updated information over time, improving efficiency under uncer-
tainty (Ito and Reguant, 2016). However, it also creates strategic opportunities.
For example, a renewable energy (RE) producer expecting a certain output may
bid conservatively in the day-ahead market, then increase quantities in the in-
traday market if forecasts improve to abate high balancing costs. Economic
theory predicts that, in frictionless settings, prices across stages should converge
in expectation. Yet, empirical studies show systematic price differences between
the day-ahead and intraday market, so-called forward premia, which can emerge
from the use of market power (Borenstein et al., 2008, Ito and Reguant, 2016,
Saravia, 2003). Besides market power, another explanation for the emergence of
forward premia could be the risk perception of RE producers influencing bidding
behavior on the day-ahead market (Botterud et al., 2010).

While existing research has studied forward premia and strategic bidding,
these analyses often rely on simplified assumptions about risk preferences and
market structure (Allaz, 1992, Ito and Reguant, 2016). We address this gap by
analyzing how risk aversion, the degree of flexibility among conventional pro-
ducers, and heterogeneity among RE producers jointly influence the bidding be-
havior of RE producers in sequential electricity markets. We develop a stylized
analytical model of competition between RE and conventional producers in two
sequential stages. The first stage represents the day-ahead market, where pro-
ducers submit bids before actual renewable output is known. The second stage
corresponds to the intraday market, where uncertainty is resolved and producers
can adjust their positions based on realized generation.
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The findings reveal that risk-averse RE producers in an oligopolistic setting
withhold more than risk-neutral producers in the first stage, which increases
forward premia. The premium rises with the degree of risk aversion, especially
when demand is sufficiently high relative to expected RE production and when
conventional supply is inflexible. Limited flexibility among conventional produc-
ers amplifies the welfare losses associated with risk-averse behavior. Finally, we
demonstrate that fringe producers can benefit from the market power exerted
by risk-averse oligopolists, reshaping the distribution of rents.

This work contributes to the literature on strategic bidding in sequential elec-
tricity markets by focusing on the interaction between risk aversion, uncertainty
in RE generation, and market power. A first line of research studies forward con-
tracting and strategic behavior in sequential markets. The foundational work by
Allaz and Vila (1993) shows that firms can use forward contracts to commit
output strategically, thereby mitigating market power and promoting more com-
petitive outcomes in subsequent spot markets. Building on this, Ito and Reguant
(2016) develop a two-stage model showing that market power and limited arbi-
trage can jointly generate systematic forward premia. Using microdata from the
Iberian market, they find that dominant firms withhold in the day-ahead mar-
ket, while fringe producers exploit price differences. They show that enabling full
arbitrage reduces consumer prices but may not improve welfare if market power
persists in the intraday market. A similar contribution by Knaut and Obermüller
(2016) shows that withholding by RE producers declines with increasing compe-
tition and disappears under perfect competition. The model further illustrates
that the steepness of the intraday supply curve reduces withholding, and that
welfare losses arise primarily when the steepness is high relative to the steep-
ness in the day-ahead market, and when the renewable sector is concentrated.
Obermüller (2017) shows that weather-related uncertainty drives withholding,
and thus, forward premia in the German market. However, the aforementioned
studies do not consider risk aversion. Crampes and Renault (2021) address this
by showing that risk aversion and supply inflexibility jointly shape forward pre-
mia, with forward contracting and operational flexibility acting as substitutes
in managing demand risk. Limited flexibility, in turn, constrains efficient risk
sharing and amplifies welfare losses.

Beyond theoretical models, some empirical studies confirm that forward pre-
mia in electricity markets are often driven by strategic behavior and market
power. Borenstein et al. (2008) show that observed premia in California cannot
be fully attributed to estimation errors or transaction costs. Instead, their find-
ings point to market power as a likely explanation. Similar results have been
reported for other electricity markets: Longstaff and Wang (2004) find persis-
tent forward premia in the Pennsylvania-New Jersey-Maryland (PJM) market,
Hadsell (2008) documents systematic price differentials between day-ahead and
real-time prices in New England, and Bowden et al. (2009) report similar pat-
terns for the Midwestern United States wholesale electricity market.

74



4.2. Analytical model

While the above literature focuses on strategic interactions in sequential mar-
kets and the role of market power, a complementary strand emphasizes risk-
related explanations for forward premia in electricity markets. Bessembinder
and Lemmon (2002) develop a general equilibrium model showing that forward
premia in electricity markets emerge from the net hedging pressure of risk-averse
market participants under demand uncertainty. Retailers, seeking to insure
against high spot prices, tend to take long forward positions, whereas producers,
aiming to protect against low spot prices, take short positions. The resulting net
hedging pressure determines both the sign and magnitude of the premium, with
its absolute value increasing in demand volatility and the convexity of produc-
tion costs. Under perfect competition or risk neutrality, the premium vanishes.
Schwenen and Neuhoff (2024) find that stronger negative covariance between
renewable output and spot prices reduces hedging needs of conventional gener-
ators and increases forward premia. Bunn and Chen (2013) investigate drivers
of forward premia in the British market and show that they are driven more
by behavioral factors such as reaction to past premia rather than fundamental
factors.

Our analysis is based on the research approach and the findings of Ito and
Reguant (2016) and Knaut and Obermüller (2016). We contribute to the litera-
ture in three key ways. First, we extend the theoretical model by explicitly in-
corporating risk aversion into the bidding rationale of RE producers. Second, we
analyze how risk-averse RE producers adjust their bids in response to differences
in the flexibility of conventional producers. Third, we introduce heterogeneity
among RE producers, allowing for both fringe and risk-averse oligopolistic RE
producers. In particular, we quantify impacts on bids, price premia, rent distri-
butions, and overall welfare.

4.2. Analytical model

This section introduces the stylized two-stage model of sequential electricity mar-
kets in which RE producers with uncertain output and conventional producers
trade electricity. The first stage is associated with trading in the day-ahead
market, while the second stage corresponds to the intraday market. The frame-
work builds directly on the approach of Ito and Reguant (2016) and Knaut and
Obermüller (2016), extending it by incorporating risk-averse bidding behavior
and altering the composition of RE producers.

4.2.1. Model setup

We consider a market in which N RE producers submit bids in the first stage
and adjust their positions in a subsequent second stage where the uncertainty
is resolved. The demand side is modeled as deterministic and perfectly inelastic
with total demand d. Conventional producers act as perfectly competitive and
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have positive marginal costs. We abstract from purely financial market partic-
ipants: no arbitrageurs trade between the two stages. Consequently, expected
price differences across stages are not eliminated by arbitrage and may arise en-
dogenously. Together, the conventional producers form a linear marginal cost
curve:

MC(q) = a · q + b (4.1)

where a represents the slope of the cost curve and b represents the intercept.
Depending on the case, we differentiate between the slope of the first stage a1
and the second stage a2. We assume that RE producers have zero marginal costs.

Each RE producer i allocates its production between the two stages. In the
first stage, RE producers face production uncertainty, modeled as a normally
distributed random variable:

Qi ∼ N (µQi , σ
2
Qi
), (4.2)

where Qi is the output of the RE producer i, with an expected value µQi and
standard deviation σQi . We abstract from withholding in the second market
stage; that is, the total production must be sold after the second stage. The bid
of an RE producer i in the first stage is given by qi1 and the aggregate bid of all
symmetric RE producers by q1 =

∑︁
i qi1.

The market-clearing prices of both stages are derived from the intersection
of the respective marginal cost curves and residual demand. In the first stage,
conventional producers plan to produce d − q1, and in the second stage, they
adjust to meet the residual demand d − Q. We assume that the second-stage
cost curve pivots around the clearing point of the first stage with slope a2. The
term (a1 − a2) · (d− qi1 − (N − 1) · qj1) in Equation 4.3b shifts the second-stage
cost curve to the clearing point of the first stage.

The total profit of an RE producer i consists of revenues earned in the first
and second stage. These are defined as follows:

πi1 =(a1 · (d− qi1 − (N − 1) · qj1) + b) · qi1, (4.3a)

πi2 =(a2 · (d−N ·Qi) + b+ (a1 − a2) · (d− qi1 − (N − 1) · qj1)) · (Qi − qi1),
(4.3b)

πi =πi1 + πi2 (4.3c)

with prices:

p1(q1) =a1 · (d− q1) + b (4.4a)

p2(q1) =a2 · (d−Q) + b+ (a1 − a2) · (d− q1) (4.4b)

RE producers bid a quantity in the first stage, which maximizes their utility
Ui. In a risk-neutral setting, the utility equals the total expected profits. Our
central contribution is to extend this established framework by analyzing how
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risk-averse preferences affect bidding strategies. Risk-averse preferences of RE
producers are modeled using a mean-variance utility function (cf. Markowitz
(1991)). In this setting, profit variance enters negatively in the utility function
and is weighted with the degree of risk aversion λ.

Ui = E[πi]−
λ

2
·Var(πi). (4.5)

This approach is commonly used when assuming symmetric profit distribu-
tions. However, as qi1 enters quadratically into π1 and π2, the expected profit
distribution is not necessarily symmetric. In classical portfolio theory, a stan-
dard metric for risk aversion with asymmetric profit distribution is the condi-
tional value at risk (CVaR), which takes tail risk into account (Rockafellar et al.,
2000). However, we cannot solve the CVaR approach analytically, as the inverse
cumulative density function of the profit is required. An approximation with the
profit’s skewness and kurtosis is also difficult to solve analytically, as terms above
the fifth degree would result. Our numerical results indicate that the CVaR cor-
relates strongly with variance. Therefore, we argue that using variance as a risk
metric is a valid approximation to the CVaR approach (cf. Appendix C.1).

4.2.2. Model specification

Our approach aims to investigate optimal bidding strategies of RE producers un-
der risk aversion and imperfect competition. To extract the effects, we compare
the results to optimal bids under risk neutrality and vary the degree of compe-
tition between RE producers. In addition, we consider the effect of two other
market conditions. One is the degree of flexibility of conventional producers to
adjust their schedules on short notice. The other is the degree of homogene-
ity across RE producers. The two market conditions are specified below, and
Table 4.1 summarizes which assumptions are made in each case under investiga-
tion. A combination of the two market specifications is omitted due to limited
additional effects (cf. Section 4.4).

Table 4.1.: Overview of modeled cases.

Assumption Case 1 (4.3.1) Case 2 (4.3.2) Case 3 (4.3.3)

Conventional producer flexibility Flexible (a1 = a2) Inflexible (a2 > a1) Flexible (a1 = a2)
Composition of RE producers Homogeneous Homogeneous Heterogeneous

Conventional producer flexibility

In real-world electricity markets, the number of conventional power plants usually
decreases as trading approaches delivery. Technical constraints on certain types
of power plants prevent them from adjusting their production schedule on short
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notice. Another contributing factor is transaction costs. To account for the
varying degree of participation in stage two, we define case 2 in which the slope
of the second-stage cost curve exceeds the slope of the first-stage cost curve,
i.e., a2 > a1. This setup enables us to investigate how the lack of flexibility in
the second stage impacts the bidding behavior of RE producers under both risk
neutrality and risk aversion.

Composition of RE producers

In the basic model setup, we assume equally large RE producers (case 1 and
case 2). We relax this simplification by splitting the total amount of renewable
electricity Q into two ownership categories (case 3). We interpret one part of
Q as being owned by oligopolistic RE producers, who can exert market power.
The number of oligopolistic RE producers is M . The quantity of renewable elec-
tricity from all oligopolistic producers is QM , and the quantity of an individual
oligopolistic producer is Qk. The remainder of renewable electricity is assumed
to be owned by RE producers of atomistic size and thus represents a competi-
tive fringe, unable to exert market power. We define this quantity as QF . The
parameter s defines the share that splits Q into a quantity under oligopolistic
and fringe producers:

QM = s ·Q (4.6a)

QF = (1− s) ·Q (4.6b)

By assuming that a share of total renewable electricity bids the expected
production µQ, we mimic a real-world setting in the German spot market. In
the German market, a significant share of renewable electricity is marketed by
transmission system operators (TSOs). The renewable energy regulation (§2
EEV) requires TSOs to offer the expected forecasted renewable electricity in
the day-ahead market, so that deviations in quantities from the intraday market
are minimized (BMJV, 2025). In our stylized analytical model, this bidding
behavior corresponds to risk-neutral bidding of a competitive fringe. Against
this background, Equation (4.7) defines the profit function of an oligopolistic
RE producer k.

πk = [a1 · (d− qk1 − (M−1) · ql1 − (1− s) · µQ) + b] · qk1
+ [a2 · (d−Q) + b

+ (a1 − a2) · (d− qk1 − (M−1) · ql1 − (1− s) · µQ)] · (Qk − qk1)

(4.7)

An analysis of the market concentration for the direct marketing of solar PV and
wind capacities in Germany indicates the potential to exert market power. The
top three wind marketers held 26% of the total installed wind capacity in 2024,
while the top ten wind marketers held 63%. The market concentration for solar
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PV is significantly lower, with 15% marketed by the top three, and 25% marketed
by the top ten solar PV marketers, respectively (Energie & Management, 2025).

4.2.3. Numerical assumptions

To visualize subsequent results, we feed the analytical model with numerical
assumptions on each parameter. We choose a set of assumptions that reflects a
common condition in many markets with moderate expected renewable output
relative to demand.

Table 4.2.: Numerical assumptions of parameters.

Parameter a1 b µQ σQ d

Value 0.4 20 40 6 100

Beyond techno-economic parameters, we assume a degree of risk aversion
among RE producers, which we derive using the certainty-equivalent method.
This method defines a guaranteed profit πgi, an RE producer i would be indif-
ferent between accepting or rejecting it compared to an uncertain profit πi (cf.
Equation 4.8).

πgi = E[πi]−
1

2
· λ · σ2

πi
(4.8)

The calculation of the degree of risk aversion is described in Appendix C.2.

4.3. Results

This section presents the model results of the three cases defined in subsec-
tion 4.2.2. Crucially, for all cases, we establish the risk-neutral solutions (λ = 0)
by replicating the established literature as a baseline and compare these to our
main results under risk aversion (λ > 0). We begin with the first case and an-
alyze homogeneous risk-averse RE producers facing equal supply cost curves in
the two market stages. We then introduce different slopes of the supply cost
curves in the first and second stages to study the effects of inflexible conven-
tional production as delivery approaches. In a third case, we add RE producer
heterogeneity by distinguishing between oligopolistic and fringe RE producers.
For all three model setups, we calculate the optimal bidding strategy for RE
producers and resulting market prices. Finally, we evaluate the implications of
bidding strategies in terms of consumer and producer surplus as well as welfare.
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4.3.1. Case 1: Risk-averse renewable oligopoly: flexible
conventional production and homogeneous composition of
RE producers

In the first model specification, we assume identical cost functions of conven-
tional producers in the two market stages (a1 = a2 = a) and a homogeneous
composition of RE producers. Proposition 1 shows the optimal bidding strategy
for an RE producer in the first stage.

Proposition 1. Under the above assumptions, the profit-maximizing quantity
for a risk-averse renewable oligopolist in the first stage is q∗i1.

q∗i1 =
µQN + λ[σ2

Q(2µQa− ad− b)]

N
(︂
N + λσ2

Qa+ 1
)︂ (4.9)

Proof. The profit function of the RE producer i is described in Eq. (4.3). Given
a1 = a2, we can simplify the profit function for the RE producer i to:

πi = [a · (d− qi1 − (N − 1) · qj1) + b] · qi1 + [a · (d−N ·Qi) + b] · (Qi − qi1)
(4.10)

The profit-maximizing quantity results from the derivative of the utility func-
tion (Eq. (4.5)) with respect to qi1:

dUi

dqi1
=

dE(πi)
dqi1

− λ

2

dVar(πi)

dqi1
(4.11)

with
dE(πi)
dqi1

= a · (NµQi − 2qi1 − (N − 1)qj1) (4.12)

and

dVar(πi)

dqi1
= 2Nσ2

Qi
a (−2µQiNa+Naqi1 + ad+ b) (4.13)

Setting the derivative of Ui to zero and solving for q∗i1results in the profit-
maximizing first-stage bid of the RE producer i:

q∗i1 =
2µQiN

2σ2
Qi
aλ+ µQiN −Nσ2

Qi
adλ−Nσ2

Qi
bλ− (N − 1)qj1

N2σ2
Qi
aλ+ 2

. (4.14)
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Applying the symmetry assumption (qi1 = qj1, µQ = µQi ∗ N , and σQ =
σQi ∗N), we obtain Eq. (4.9):

q∗i1 =
µQN + λ[σ2

Q(2µQa− ad− b)]

N
(︂
N + λσ2

Qa+ 1
)︂

Since λ > 0 and a > 0, the second derivative of Ui is negative (Eq. (4.15)).

d2Ui

dq2i1
= −2a− λ

2
2N2a2σ2

Qi
(4.15)

Therefore, q∗i is the profit-maximizing quantity.

For the aggregated first-stage bid of all RE producers q∗1, the term N in the
denominator of Eq. (4.9) cancels out. In the case of perfect competition (N →
∞), it can be shown that N ·q∗i1 converges to the expected value µQ (Eq. (4.16)).
This implies that risk aversion has no effect on bidding behavior under perfect
competition if the supply curve is linear and risk aversion is modeled using a
mean-variance utility function.

lim
N→∞

N · q∗i1 = lim
N→∞

µQN
2

N2
= µQ (4.16)

Corollary 1. Under risk aversion and flexible conventional production (a1 =
a2 = a), the first-stage equilibrium price is

p∗1 = a (d− q∗1) + b, where q∗1 =
µQN + λσ2

Q(2aµQ − ad− b)

N + λσ2
Qa+ 1

. (4.17)

The expected forward premium, defined as FP := E[p∗1 − p2(Q)], is positive and
strictly increasing in the risk aversion parameter λ whenever

d > µQ
N + 2

N + 1
− b

a
. (4.18)

Since p∗1 is linearly related to q∗1 and the second-stage price does not depend on
q∗1, condition (4.18) also implies that q∗1 is strictly decreasing in λ.

Proof. By plugging in the optimal first-stage quantity of Eq. (4.9) into Eq.
(4.4a), we obtain the first-stage equilibrium price. The subtraction of the ex-
pected second-stage price from the first-stage equilibrium price results in the
expected forward premium (Eq. (4.19)).
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FP = p∗1 − E[p2]

= a

[︄
d−

µQN + λσ2
Q (2µQa− ad− b)

N + λσ2
Qa+ 1

]︄
+ b− E [a(d−Q) + b]

= a

[︄
µQ −

µQN + λσ2
Q(2µQa− ad− b)

N + λσ2
Qa+ 1

]︄ (4.19)

To model the impact of risk aversion on the forward premium, we take the
derivative of the forward premium FP with respect to λ:

∂FP

∂λ
= −a · d

dλ

(︄
µQN + λσ2

Q(2µQa− ad− b)

N + λσ2
Qa+ 1

)︄

= −a ·
σ2
Q

[︂
(2µQa− ad− b)(N + λσ2

Qa+ 1)− aµQN − aλσ2
Q(2µQa− ad− b)

]︂
(N + λσ2

Qa+ 1)2

= −a ·
σ2
Q [(2µQa− ad− b)N + (2µQa− ad− b)− aµQN ]

(N + λσ2
Qa+ 1)2

(4.20)

As the denominator is positive, the sign of the derivative is determined by the
numerator. The forward premium rises with the degree of risk aversion if:

∂FP

∂λ
> 0 ⇐⇒ −a · σ2

Q [(2µQa− ad− b)(N + 1)− aµQN ] > 0 (4.21)

Together with a > 0 and σ2
Q > 0:

(2µQa− ad− b)(N + 1)− aµQN < 0 (4.22)

Reformulate:

(2µQa− ad− b)(N + 1) < aµQN (4.23a)

2µQa(N + 1)− ad(N + 1)− b(N + 1) < aµQN (4.23b)

−ad(N + 1) < aµQN − 2µQa(N + 1) + b(N + 1)
(4.23c)

d > µQ
N + 2

N + 1
− b

a
(4.23d)
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If the demand d is sufficiently large compared to expected renewable output
µQ, the forward premium rises with the degree of risk aversion. The rationale is
that risk-averse producers withhold even more in the first stage to reduce profit
variance. This leads to an increase in p∗1, while the expected second-stage price
remains independent of the first-stage bid.
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Figure 4.1.: Results under identical supply curve slopes in stage one and two for
risk-averse and risk-neutral producers: bids, prices, and forward premium

Note: N is the number of symmetric RE producers. λ is the coefficient of risk aversion. Results

are based on a numerical example with the following parameter values: a1 = a2 = a = 0.4,

b = 20, d = 100, µQ = 40 and σQ = 6. The blue line represents the risk-neutral case, whereas

the orange line corresponds to risk-averse RE producers.

Figure 4.1 illustrates the effects of risk aversion (λ > 0) in comparison to risk
neutrality (λ = 0) in a setting with N symmetric RE producers and identical cost
curves in both market stages (a1 = a2 = a). Figure 4.1 (a) reveals that risk-averse
producers (orange line) withhold more quantity in the first stage compared to the
risk-neutral case (blue line). This behavior arises because withholding reduces
the variance of profits, which risk-averse producers seek to avoid. As a result,
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the aggregate forward supply decreases. This extends earlier findings from the
literature (Ito and Reguant, 2016, Knaut and Obermüller, 2016). As the number
of RE producers N increases and competition intensifies, the effect diminishes.

Figure 4.1 (b) demonstrates the effect of the bidding behavior on prices: the
reduced first-stage bid leads to higher first-stage market-clearing prices, ceteris
paribus. As risk-averse producers bid lower quantities to limit profit variabil-
ity, aggregate supply decreases, pushing first-stage prices upward. Thus, risk
aversion systematically raises first-stage prices in the presence of market power.

In contrast, Figure 4.1 (c) shows that the expected second-stage price remains
unchanged under risk aversion (the blue and orange lines overlap). This holds
under two conditions: the second-stage cost curve is identical to the first-stage
cost curve, and RE producers must sell their entire generation in the second-stage
market.

Figure 4.1 (d) displays the expected forward premium. The premium increases
with the degree of risk aversion, as strategic withholding in the first stage shifts
first-stage prices upward. In this sense, risk-averse behavior by symmetric RE
producers in an oligopoly induces a higher premium than under risk neutrality.9

However, similar to the case assuming risk-neutral RE producers, the premium
converges to zero under perfect competition.

4.3.2. Case 2: Risk-averse renewable oligopoly: inflexible
conventional production and homogeneous composition of
RE producers

In this case, we introduce a decrease in flexibility of the conventional production
in the second stage. We model this by increasing the slope of the second-stage
cost curve relative to that of the first-stage cost curve (a2 > a1). This reflects
more realistic market conditions, where second-stage participation is often lim-
ited. The following proposition characterizes the optimal first-stage bid under
risk aversion for a single RE producer i:

Proposition 2. The profit-maximizing quantity for a risk-averse RE oligopolist
in the first stage is presented in Eq. (4.24):

q∗i1 =
A+ λB

C + λD
(4.24)

9As already shown, this result holds if the demand is sufficiently large compared to expected
renewable output (cf. Corollary 1).
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where the components are defined as follows:

A = µQN(Na2 + a2 − a1)

B = σ2
Q

(︂
2µQNa22 − 2µQa1a2 + 2µQa

2
2 −Na1da2 −Nba2 + a21d+ a1b− a1da2 − ba2

)︂
C = N(N2a2 +Na2)

D = N
(︂
σ2
Q

(︂
−Na1a2 + 2Na22 + a21 − 3a1a2 + 2a22

)︂)︂
Proof. See Appendix C.3.1.

In the limit of perfect competition (N → ∞), N ·q∗i1 converges to the expected
value µQ, similar to (4.16). Hence, even in the presence of inflexible conven-
tional producers, risk aversion has no effect on bidding behavior under perfect
competition given the assumptions stated in 4.2.

Corollary 2. Under the above assumptions, the optimal first-stage bid of a mo-
nopolist decreases in the degree of risk aversion if µQ < 2a2(a1d+b)

a1(4a2−a1)
. The ex-

pected forward premium increases with the degree of risk aversion, if the condition
holds.10

Proof. From Eq. 4.23, we learn that the condition under which risk aversion
lowers the first-stage bid relaxes with higher N. The same holds for the following
proof. To simplify the calculation, we look at the most conservative condition,
assuming N = 1.

dq∗i1
dλ

=
BC −AD

(2a2 + λD)2
(4.25)

with:

B = σ2
Q

[︁
µQ(4a

2
2 − 2a1a2) + (−2a1da2 − 2ba2 + a21d+ a1b)

]︁
(4.26a)

C = 2a2 (4.26b)

A = µQ(2a2 − a1) (4.26c)

D = σ2
Q(2a2 − a1)

2 (4.26d)

See Appendix C.3.2 for reformulation of
dq∗i1
dλ .

dq∗i1
dλ < 0 if:

µQ <
2a2(a1d+ b)

a1(4a2 − a1)
, (4.27)

The condition in Eq. 4.27 holds under common market conditions. We further
test two edge cases, i) a2 = a1 and ii) a2 >> a1:

For i), the expression becomes the same as in Eq. 4.23:

10It can be shown that this condition becomes weaker for higher N.
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µQ <
2(a1d+ b)

3a1
(4.28)

For ii), the expression becomes:

µQ <
da1 + b

2a1
(4.29)

Given that q1 decreases in λ, prices and the expected forward premium become:

p1(q
∗
1) = a1(d− q∗1) + b (4.30a)

E(p2(q∗1, q2)) = a2(d− µQ) + b+ (d− q∗1)(a1 − a2) (4.30b)

E(FP ) = a2(µQ − q∗1) (4.30c)

Since the expected forward premium is a linear function of q∗1, and a2 > 0,
the expected forward premium increases in the degree of risk aversion, if the
condition in Eq. 4.27 holds.

Similar to subsection 4.3.1, risk aversion reduces the first-stage bid if demand
is sufficiently large compared to expected renewable output.

Corollary 3. Under risk aversion and imperfect competition, the optimal first-
stage bid increases with lower flexibility of conventional production in the second
stage, represented by an increase in a2, if the condition in Equation (4.33) holds.
A higher first-stage bid decreases the first-stage price. However, the second-stage
price decreases more than the first-stage price, since a2 > a1. Thus, we can con-
clude that the expected forward premium increases with reduced flexibility under
the aforementioned condition.

Proof.

q∗i1 =
µQ(2a2 − a1) + λ

[︂
σ2
Q

(︁
4µQa

2
2 − 2µQa1a2 − a1da2 − ba2 + a21d+ a1b

)︁]︂
2a2 + λ

[︂
σ2
Q

(︁
−a1a2 + 2a22 + a21 − 3a1a2 + 2a22

)︁]︂
(4.31)

86



4.3. Results

From the following definitions:

A = µQ(2a2 − a1) + λσ2
Q(4µQa

2
2 − 2µQa1a2 − a1da2 − ba2 + a21d+ a1b)

(4.32a)

B = 2a2 + λσ2
Q(4a

2
2 − 4a1a2 + a21) (4.32b)

A′ = 2µQ + λσ2
Q(8µQa2 − 2µQa1 − a1d− b) (4.32c)

B′ = 2 + λσ2
Q(8a2 − 4a1) (4.32d)

follows:

dq∗i1
da2

> 0 ⇐⇒ A′B −AB′

B2
> 0 ⇐⇒ A′B −AB′ > 0. (4.33)

The condition at which the corollary holds is highly complex. However, we
show numerically that it holds even under extreme parameterization in the degree
of risk aversion and for various levels of expected RE production (cf. Figure 4.2).

Figure 4.2.: Numerical assessment of inequality 4.33.
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(c) Expected second-stage price
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Figure 4.3.: Results under risk aversion and inflexible supply curve: bids, prices, and
forward premium.

Note: N is the number of symmetric RE producers. λ is the coefficient of risk aversion. Results

are based on a numerical example with the following parameter values: a1 = 0.4, a2 = [0.4; 0.6],

b = 20, d = 100, µQ = 40 and σQ = 6.

Figure 4.3 illustrates the effects of risk aversion (λ > 0), where the second-stage
supply curve is steeper than the first-stage supply curve (a2 > a1). This setting
reflects limited flexibility in the second-stage market, i.e., the intraday market.
Figure 4.3 (a) shows that when the second-stage supply is less flexible than in
the first stage, producers anticipate higher repurchase costs and withhold less
in the forward market compared to the case of flexible conventional producers.
Thus the first-stage bids of aggregated RE producers are higher with inflexible
conventional producers (orange line above the blue line).

Figure 4.3 (b) demonstrates that the reduced withholding under asymmetric
slopes dampens first-stage prices compared to the case of flexible conventional
producers. Figure 4.3 (c) highlights the price effect in the second stage. When
supply slopes differ, the first-stage price influences the intercept of the second-
stage supply curve. Withheld quantities are fully sold in the less flexible second
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stage, where they face a steeper slope, resulting in lower second-stage prices.
Under perfect competition (N → ∞), differing slopes have no effect, and prices
converge to the competitive outcome. Figure 4.3 (d) shows that under risk
aversion, a higher (a2/a1) ratio leads to stronger price effects and thus larger
premia (orange line above blue line).11

4.3.3. Case 3: Risk-averse renewable oligopoly: flexible
conventional production and heterogeneous composition
of RE producers

In Cases 1 and 2, all RE producers are treated symmetrically. To approximate
real-world German spot-market practice, where TSOs are required to offer the
expected output of RE in the day-ahead market, we now assume that a certain
share of the total RE generation is marketed based on its expected value. Fringe
producers (or TSOs acting on their behalf) bid their expected generation in the
first stage. The remaining share is supplied by a group of symmetric, oligopolistic
RE producers.

This hybrid setup better reflects actual market conditions, where M denotes
the number of oligopolistic RE producers. The parameter s defines the share
of total RE output subject to strategic behavior. Similar to Case 1, we assume
flexible conventional producers, which implies a1 = a2 = a.

As the fringe bid is fixed to the expected value (1−s) ·µQ, the first-stage price
is determined as:

p1 = a1 · (d− qk1 − (M − 1) · ql1 − (1− s) · µQ) + b (4.34)

which is structurally equivalent to the price under a symmetric oligopoly from
Case 1, after (i) shifting the effective demand intercept by d ↦→ d− (1− s) · µQ

and (ii) replacing the number of strategic firms N with M .

Since the fringe bid only shifts the intercept of residual demand, all first-order
conditions, and thus all comparative-static results on risk aversion, flexibility,
prices, and forward premia, carry over directly from Case 1 under the substi-
tutions d ↦→ d − (1 − s) · µQ and N ↦→ M . Accordingly, in this hybrid setting
with a competitive fringe bidding the expected value (1 − s) · µQ in the first
stage, the profit-maximizing bid of each oligopolistic RE producer is given by
Proposition 1 after the substitutions d ↦→ d − (1 − s) · µQ and N ↦→ M . Thus,
the analytical results from the symmetric case remain applicable, providing a
consistent foundation for interpretation.

As in Case 1, we derive numerical results for this setting. The qualitative pat-
terns remain unchanged: risk-averse RE producers reduce their first-stage bids,
raising first-stage prices and leading to a positive forward premium. This pre-
mium decreases with increasing competition and vanishes in the limit of perfect

11This result holds under Eq. (4.33) (see Corollary 3).
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competition. However, a significant distributional effect arises in this framework
with respect to the rents of RE producers, discussed in detail in subsection 4.3.5.

4.3.4. Rents and welfare implications of Cases 1 and 2

So far, we have examined how risk aversion and market structure shape the bid-
ding behavior of RE producers, market prices in the first and second stage, and
the resulting forward premium. We now turn to the implications of these findings
for welfare outcomes and the distribution of rents among market participants,
specifically conventional producers, RE producers, and consumers.

Figure 4.4 provides a comprehensive overview of the results. It displays pro-
ducer surplus (separately for RE and conventional producers), consumer surplus,
and total welfare across four scenarios: risk neutrality vs. risk aversion, each un-
der flexible and inflexible conventional producers. At this stage, we focus on the
case of symmetric RE producers.

Producer surplus

The total producer surplus consists of the surplus earned by RE producers as
well as conventional producers. RE producers sell part of their uncertain output
Q in the first stage and the remainder in the second stage. They face no marginal
costs and operate under uncertainty. Their expected producer surplus is given
by:

E[ΠR(q1)] = p1q1 + E[p2(Q− q1)] (4.35)

The expected conventional producer surplus is given by:

E[ΠC(q1)] = p1(d− q1)− C1(q1) + E[p2(q1 −Q)]− E[C2(q1)] (4.36)

Eq. (4.36) defines the expected conventional producer surplus, accounting for
both market stages. We obtain the costs in the first stage by integrating over
the marginal cost function:

C1(q1) =
1

2
a1(d− q1)

2 + b(d− q1) (4.37)

The expected cost function for the second stage is:

E[C2(q1)] = E

[︄
1

2
a2
(︁
d2 − 2dµ+ µ2 + σ2 − (d− q1)

2
)︁

+ (a1 − a2)(d− q1)(q1 −Q) + b(q1 −Q)

]︄
(4.38)
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By inserting Eqs. (4.38) and (4.37) in Eq. (4.36) we obtain the conventional
producer surplus. By further plugging in the optimal quantity, we can quantify
the producer surplus of RE and conventional producers.

Figure 4.4 (a) illustrates the effects of risk aversion and flexibility of conven-
tional producers on the surplus of RE producers. For small values of N , risk
aversion leads to lower rents. In our parameterization, the first-stage bid of a
risk-averse monopolist is significantly lower than that of a risk-neutral monop-
olist. This behavior reduces profit variance, but also significantly reduces first-
stage revenues. However, as N increases, first-stage bids of RE producers under
risk aversion also increase, and their surplus increases to the point at which they
cumulatively bid the optimal quantity under a risk-neutral monopoly. From this
point onward, the surplus of risk-averse oligopolists is higher than the surplus of
risk-neutral ones, as the need to reduce profit variance through lower first-stage
bids generates higher overall revenues. Inflexible conventional producers (i.e.,
a2 > a1) consistently reduce RE producer surplus, regardless of the degree of
risk aversion, as the inflexibility increases first-stage bids.

Figure 4.4 (b) shows that the surplus of conventional producers increases under
risk aversion. This is due to higher first-stage prices caused by RE producers’
strategic withholding. As with RE producers, conventional producer surplus
declines when supply curves are steeper in the second stage, reflecting higher
adjustment costs and reduced flexibility. However, as the number of producers
increases, the surplus converges across all cases, indicating that market power
diminishes and price effects become negligible in the limit of perfect competition.

Consumer surplus

Following standard practice in electricity market modeling, we assume that con-
sumer demand is inelastic. This implies that electricity is consumed in full up
to a price threshold defined by the value of lost load (pV OLL), which reflects
the maximum willingness to pay for uninterrupted supply. Under this assump-
tion, consumer surplus in the first stage is given by the product of the difference
between the value of lost load and the market-clearing price, and the total de-
mand level ((pV OLL − p1) · d) (Knaut and Obermüller, 2016). By substituting
the equilibrium first-stage price p1(q

∗
i1) = a1 · (d− q∗1) + b, consumer surplus can

be expressed as:
CS = (pV OLL − a1 · d− b+ a1 · q∗1) · d (4.39)

By further plugging in the optimal quantity q∗1, we can quantify the consumer
surplus. As earlier results have shown, the optimal quantity q∗1, and hence the
resulting consumer surplus, depends on the underlying market configuration,
such as the degree of risk aversion or the slope asymmetry between the two
market stages.

Figure 4.4 (c) illustrates the effects of risk aversion and market structure on
consumer surplus. Risk-averse producers strategically withhold quantities in the
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first stage to hedge against uncertainty. Prices then increase, leading to a de-
cline in consumer surplus compared to the risk-neutral benchmark. However,
consumer surplus increases with a larger number of RE producers, as increased
competition reduces market power and puts downward pressure on first-stage
prices. This relationship is particularly pronounced under inflexible supply con-
ditions, consistent with findings by Knaut and Obermüller (2016), and it remains
robust even when producers are risk-averse. Nevertheless, overall consumer sur-
plus tends to be lower under risk aversion due to reduced first-stage supply and
higher first-stage prices.

Welfare

Combining the effects on producer and consumer surplus allows us to assess the
implications for overall welfare. Changes in total welfare indicate efficiency losses
or gains due to strategic behavior, risk aversion, or market structure. The overall
expected welfare can be defined as:

E[W (q1)] = E[ΠR(q1)] + E[ΠC(q1)] + E[CS(q1)] (4.40)

Corollary 4. When supply slopes are identical (a1 = a2), risk aversion has no
effect on overall welfare compared to the risk-neutral case. A steeper second-
stage supply curve (a2 > a1) reduces welfare relative to the flexible benchmark
due to higher adjustment costs. Under risk aversion, welfare declines further in
oligopolistic settings, as producers withhold more and amplify inefficiencies.
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Figure 4.4.: Results under risk aversion and (in)flexible supply curve: producer
surplus, consumer surplus, and welfare.

Note: N is the number of symmetric RE producers. λ is the coefficient of risk aversion. Results

for an example with a1 = 0.4, a2 = [0.4; 0.6], b = 20, d = 100, µQ = 40, σQ = 6 and

pV OLL = 120.

Figure 4.4 (d) summarizes the effects on total welfare. In line with Knaut and
Obermüller (2016), we find that when the supply slopes in both market stages
are identical (a1 = a2), market power alone does not reduce welfare under risk
neutrality. We extend this result by showing that this welfare invariance also
holds under risk aversion: the blue (risk-neutral) and green (risk-averse) lines
in the figure coincide, indicating that strategic withholding does not influence
welfare as long as the conventional producers are fully flexible.

However, when conventional producers are inflexible (a2 > a1), total welfare
declines. Since RE producers bid more in the first stage, prices decrease, increas-
ing consumer surplus. RE and conventional producers’ surplus decreases by a
larger amount, decreasing overall welfare. Risk-averse behavior reinforces this
effect by inducing greater quantity withholding in the first stage. As the number
of producers decreases, these distortions intensify due to greater market power.
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Thus, our results highlight that the interaction of risk aversion and supply-side
inflexibility leads to welfare losses (red line) beyond those attributable to market
power alone.

4.3.5. Rents and welfare implications of Case 3

This section explores the welfare and rent distribution through a heterogeneous
market structure in the presence of risk aversion (Case 3). In particular, we
analyze how strategic withholding by risk-averse and oligopolistic RE produc-
ers affects their surplus as well as the surplus of competitive fringe producers,
conventional producers, and consumers. Figure 4.5 illustrates the distributional
effects of risk aversion and flexible conventional producers in a setting with both
oligopolistic and competitive RE producers.

The total producer surplus in this setup consists of the surpluses of oligopolistic
RE producers, fringe RE producers, and conventional producers. The surplus of
oligopolistic RE producers is given by the following equation:

E[ΠR,olig(q1)] = p1 ·M · qi1 + E [p2 · (Q−M · qi1)] (4.41)

with:

p1 = a1 · (d− µQ −M · qi1) + b, (4.42a)

p2 = a2 · (d− 2 ·Q) + b (4.42b)

As in Case 1 and Case 2, they face no marginal costs and operate under uncer-
tainty. By plugging in the optimal bid quantity, we can quantify the producer
surplus of oligopolistic RE producers. The expected producer surplus of fringe
RE producers is given by:

E[ΠR,fringe(q1)] = p1 · µQ + E[p2(Q− µQ)] (4.43)

where p1 and p2 are analogous to Eqs. 4.42. Fringe producers behave compet-
itively and bid their expected output µQ in the first stage. Since they cannot
influence the price strategically, their surplus depends entirely on price levels
influenced strategically by the oligopolists. As risk aversion leads to more with-
holding by strategic producers, fringe producers indirectly benefit from the re-
sulting price increase.

The expected conventional producer surplus is given by:

E[ΠC(q1)] = p1 · (d−M ·qi1−µQ)−C1(q1)+E[p2(M ·qi1+µQ−2Q)]−E[C2(q1)]
(4.44)
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The cost function in the first stage and the expected cost function for the sec-
ond stage are analogous to (4.37) and (4.38), respectively, with the substitution
of q1 ↦→ m · q1 − µQ.

In the first stage, conventional producers supply the residual demand not
covered by RE producers. In the second stage, they adjust output in response
to deviations in renewable production.

Corollary 5. Fringe RE producers benefit from the market power exerted by
oligopolistic RE producers, as higher first-stage prices increase their revenues.
This effect is amplified when oligopolistic producers are risk averse.

A smaller number of strategic producers implies greater market power and
more pronounced withholding in the first stage. This results in higher first-stage
prices and larger expected forward premia. Consequently, fringe producers bene-
fit from concentrated market structures: they bid their expected output without
strategically influencing the price, yet receive higher prices due to the actions
of the oligopolists. This relationship is reflected in Figure 4.5 (b), where fewer
oligopolistic producers lead to a higher surplus for fringe suppliers. A similar
pattern emerges for conventional producers in Figure 4.5 (c): lower competi-
tion among renewables leads to a higher first-stage price and a higher surplus.
Thus, both fringe and conventional producers benefit from the exercise of market
power by a few strategic RE producers. Comparing the risk-neutral and risk-
averse cases reveals that the surplus of competitive RE producers is higher when
the oligopolists are risk-averse (the orange line lies above the blue one). Again,
more aggressive withholding of risk-averse RE producers raises first-stage prices
and thereby increases the rents of price-taking producers.

Consumer surplus and total welfare are computed analogously to the previous
cases. Specifically, the structure of the equations remains unchanged; only the
relevant prices and quantities reflecting the heterogeneous market setup need to
be substituted. For consumer surplus, Eq. (4.39) still applies, but the equilib-
rium price p1 must reflect the pricing behavior of oligopolistic RE producers.
Consumer surplus declines significantly with risk aversion, particularly in con-
centrated markets. This is consistent with previous findings and reflects the
pass-through of price increases to consumers.

Likewise, the total welfare expression is the sum of the producer surplus of
all market participants (oligopolistic RE producers, fringe RE producers, and
conventional producers) and consumer surplus. By inserting the corresponding
prices and quantities from this hybrid market structure, we obtain the welfare
implications of strategic behavior under risk aversion in the presence of both
competitive and dominant renewable producers. Figure 4.5 (d) shows that total
welfare remains unchanged. This indicates that risk aversion primarily redis-
tributes rents between producers and consumers, rather than generating alloca-
tive inefficiencies, if conventional producers are flexible.

95



Optimal Bidding of Uncertain Renewable Electricity in Sequential Markets

0 10 20 30 40 50 60

M

880

890

900

910

E
U
R

λ = 0, a1 = 0.4, a2 = 0.4

λ = 0.01, a1 = 0.4, a2 = 0.4

(a) RE producer surplus - oligopoly

0 10 20 30 40 50 60

M

880

900

920

940

960

980

E
U
R

λ = 0, a1 = 0.4, a2 = 0.4

λ = 0.01, a1 = 0.4, a2 = 0.4

(b) RE producer surplus - fringe

0 10 20 30 40 50 60

M

800

900

1000

1100

E
U
R

λ = 0, a1 = 0.4, a2 = 0.4

λ = 0.01, a1 = 0.4, a2 = 0.4
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Figure 4.5.: Results under risk aversion, flexible supply curve, and heterogeneous RE
producers: producer surplus, consumer surplus, and welfare.

Note: M is the number of oligopolistic RE producers. λ is the coefficient of risk aversion.

Results for an example with a1 = a2 = 0.4, b = 20, d = 100, pV OLL = 120, µQ = 40 and

σQ = 6.

4.4. Discussion

This work contributes to the literature on sequential electricity markets by in-
troducing risk-averse behavior into an analytical framework of strategic bidding.
While previous studies, such as Ito and Reguant (2016), emphasize the role of
market power and limited arbitrage in generating forward price premia, they
abstract from producers’ risk preferences. We contribute by explicitly modeling
how risk aversion affects market outcomes under flexible and inflexible supply. In
addition, we extend the framework by distinguishing between oligopolistic and
competitive renewable producers. The findings reveal that risk aversion, par-
ticularly under conditions of limited intraday flexibility, can magnify both price
distortions and welfare losses, offering new insights into the interaction between
market power, flexibility, and risk aversion.
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A central finding is that risk aversion and concentrated markets lead to sub-
stantial welfare losses if intraday markets are inflexible, represented by a steeper
marginal cost curve. An inflexible intraday market mirrors more realistic condi-
tions, where conventional producers often lack the ability to adjust generation on
short notice without incurring significant costs. This provides a further rationale
for policy efforts aimed at improving short-term responsiveness through invest-
ments in storage, demand-side management, and flexible backup generation.

Our results further show that risk-averse producers strategically withhold more
in the day-ahead market, driving up day-ahead prices and forward premia. While
this effect vanishes under perfect competition, it becomes particularly problem-
atic in oligopolistic markets with limited flexibility, amplifying price distortions
and welfare losses. The interaction between risk aversion and market power sug-
gests the need for closer examination of dominant producers’ bidding behavior.

Beyond overall welfare, our results highlight important distributional implica-
tions. Strategic withholding increases producer surplus while reducing consumer
surplus. Fringe renewable producers passively benefit from the market power of
oligopolistic producers, with this effect becoming more pronounced under risk
aversion. In the German regulatory setting, TSOs’ bidding rationale mimics
the behavior of fringe RE producers. If TSOs were to behave oligopolistically,
they could increase the fringe’s surplus, translating into lower subsidy costs,
while consumer surplus would decrease. If conventional production is inflexible
(a2 > a1), overall welfare would decline if TSOs bid strategically, as seen in Case
2. Further research could investigate a welfare-maximizing behavior of TSOs,
which would require an alternative formulation of the utility function.

This analysis omits a potential Case 4, which would combine conventional
producer inflexibility with RE producer heterogeneity. Since the fringe bid the
expected production in the first stage, Case 2 can be adjusted analogously to
the shift in residual demand in Case 3. Thus, the main effects of Cases 2 and 3
are jointly present: (i) a welfare loss due to a2 > a1 and strategic withholding,
and (ii) an increase in rents for the fringe. However, the welfare loss found in
Case 2 would, ceteris paribus, be reduced by the fringe’s bidding behavior, as
they reduce the amount that is strategically withheld in the first stage.

In sum, our findings show that market power, risk aversion, and flexibility
constraints interact. A robust market design should jointly promote competition,
reduce risk, and improve operational flexibility to ensure efficient and equitable
electricity markets in a low-carbon future.

The role of short-term storage, such as batteries, is neglected in our analysis,
as their inclusion would require intertemporal linking across hours, substantially
increasing the complexity of the model. Assessing the impact of batteries on our
results is challenging, since they can arbitrage price differences both within a
market (e.g., the day-ahead price spread from morning peaks to midday troughs)
and across markets (e.g., from the day-ahead price at 7 a.m. to the intraday price
at 7 a.m.). If battery operators anticipate oligopolistic and risk-averse bidding
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behavior of RE producers, they could take physical positions to arbitrage the
positions of these producers, selling in the day-ahead market and repurchasing
quantities in the intraday market. Such operations could mitigate the emergence
of price premia. Moreover, if conventional production is inflexible, the activity
of batteries could result in an overall welfare gain.

Several limitations must be considered when interpreting the results. We
model risk aversion using profit variance, which is a simplification. While CVaR
may better capture tail risks, it is analytically intractable in our setting. How-
ever, numerical results suggest profit variance remains a reasonable proxy for
capturing aversion against uncertainty. Further, the model adopts a simplified
structure to facilitate analytical tractability: it assumes linear costs, normally
distributed uncertainty, and inelastic demand. While real-world cost curves are
typically monotonically increasing and often approximated by convex functions,
the assumption of linearity, following Knaut and Obermüller (2016), simplifies
the analytical model. In principle, our results could be extended to convex cost
functions, though this would significantly increase complexity.

A promising avenue for future research would involve an empirical examination
of the analytical model. However, this is non-trivial, as empirically identifying
risk aversion remains challenging given that it is not directly observable. More-
over, this would require disaggregating the withholding effect by market power
and risk aversion. As capital-intensive, low-operating-cost technologies like re-
newables increasingly replace conventional power plants, understanding price
formation and risk allocation in sequential electricity markets will become more
critical.

4.5. Conclusion

This paper investigates the effects of risk aversion on market outcomes in sequen-
tial electricity markets, particularly focusing on the interaction between market
power, flexibility, market structure, and producers’ risk preferences. Our analyt-
ical framework builds upon Ito and Reguant (2016) and Knaut and Obermüller
(2016), and is extended by incorporating risk-averse bidding behavior. We focus
on strategic bidding of RE producers who face uncertainty about their produc-
tion in the first stage, which must be sold completely in the second stage. We
assume perfect competition among conventional producers that form a linear
marginal cost curve.

We demonstrate that in an oligopolistic setting, risk-averse RE producers tend
to withhold more in the first stage of the market to hedge against profit vari-
ance. This behavior leads to an additional forward premium, which is absent in
perfectly competitive markets, where risk aversion has no effect. Moreover, the
forward premium increases with the degree of risk aversion, particularly when
demand is sufficiently high relative to expected RE generation. The impact of
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risk aversion on the premium is further amplified by the slope of the second-stage
supply curve: higher inflexibility in the second stage results in a larger forward
premium.

When conventional producers have limited flexibility, risk-averse behavior in
oligopolistic markets leads to additional welfare losses. Furthermore, fringe RE
producers benefit from the market power of oligopolistic producers, with this
effect becoming more pronounced when oligopolistic producers are risk-averse.

Beyond aggregate welfare effects, our analysis reveals important distributional
implications. Strategic withholding, amplified by risk aversion, raises the sur-
plus of both oligopolistic and fringe producers while lowering consumer surplus.
These findings underscore the need for careful market design that promotes com-
petition and enhances system flexibility. In a future with increasing renewable
energy penetration, ensuring efficiency in electricity markets will require address-
ing these interactions between market power, risk aversion, and flexibility.
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5. Bidding Wind and Solar: A Theory of

Price Premia in Sequential Electricity

Markets

5.1. Introduction

Electricity is predominantly traded through sequential wholesale markets. This
market design allows market participants to adjust positions over time and
thereby improve allocative efficiency relative to single-stage markets while si-
multaneously facilitating risk management. The sequential structure typically
consists of forward and spot markets. Forward markets serve medium- to long-
term hedging purposes, whereas spot markets determine short-term dispatch and
prices close to delivery. The spot market itself is commonly organized as a day-
ahead market followed by an intraday market, enabling market participants to
incorporate updated information on supply and demand (Stoft, 2002).

Under frictionless conditions, economic theory states that prices across se-
quential markets should converge in expectation (Weber, 1981). Empirical evi-
dence, however, documents persistent price differences between sequential mar-
kets, commonly referred to as price premia, contradicting this convergence (Bow-
den et al., 2009, Hadsell, 2008, Longstaff and Wang, 2004). The existing liter-
ature proposes several reasons that may explain the emergence of systematic12

price premia between sequential markets. These include strategic behavior in the
presence of market power (Ito and Reguant, 2016), risk aversion (Bessembinder
and Lemmon, 2002), and differences in liquidity (Hagemann and Weber, 2013).

While these explanations focus primarily on market frictions or aggregate risk
preferences, less attention has been paid to the bidding behavior of renewable
producers and their risk preferences as a potential source of such systematic price
premia. A first step in this direction is taken by Obermüller (2017) and Ashour
Novirdoust et al. (2025), who derive optimal day-ahead bids in a competitive and
non-competitive market under risk-neutral and risk-averse preferences, respec-
tively. This perspective is specifically relevant in markets with a high share of
variable renewable generation, with the German market providing a prominent
example. For Germany, Schnaars (2021) and Paschmann (2017) demonstrate a
characteristic diurnal pattern of price premia. While existing explanations tar-

12This work defines systematic price premia as recurring patterns that arise consistently across
trading periods, rather than being driven by episodic shocks such as forecast errors or plant
outages.
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get average price premia between day-ahead and intraday markets, they remain
largely silent on why these premia exhibit a pronounced diurnal structure, as
observed in high-renewable systems such as Germany (cf. Figure 5.1).

Addressing this gap, this paper makes three contributions to the literature
on price formation in sequential electricity markets. First, it provides a micro-
founded analytical link between renewable producers’ bidding behavior under
uncertainty and the emergence of systematic day-ahead–intraday price premia
in a perfectly competitive market setting. Second, it isolates the economic mech-
anism through which supply curve convexity and forecast uncertainty amplify
the effect of risk preferences, thereby determining the magnitude of price pre-
mia across market stages. Third, by parameterizing a theoretical model with
observed market data and differentiating bidding rationales across renewable
technologies, the paper offers a novel structural explanation for the pronounced
diurnal pattern of price premia observed in the German market.

To this end, this work applies a simplified two-stage model in which renewable
producers choose day-ahead positions under three distinct bidding rationales:
bidding expected production, risk-neutral bidding, and risk-averse bidding that
accounts for tail risk. For each rationale, closed-form expressions are derived
for the bids of renewable producers and for the resulting expected price premia
between the two market stages. The analysis is complemented by differentiating
the bidding rationales of PV and wind producers. The analytical framework is
subsequently parameterized using observed market data, incorporating hourly
information on demand, renewable production forecasts and their uncertainty,
and supply curve price sensitivity to represent typical market situations in the
diurnal cycle. This way, the analysis identifies how bidding rationales interact
with time-varying supply curve convexity and forecast uncertainty, translating
heterogeneous risk preferences into systematic price premia.

The remainder of this paper is structured as follows. Section 5.2 discusses
the existing literature linked to this work. Section 5.3 introduces the theoretical
model and analytical description of bidding rationales. Section 5.4 describes the
parameterization of the theoretical model and compares the pattern of simulated
premia to observed premia. Section 5.5 discusses the implications and limitations
of this work, followed by a conclusion of the findings in Section 5.6.
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Figure 5.1.: Hourly price premium (day-ahead – ID3) in Germany for the period
January 2024 to August 2025. Boxes represent the interquartile range
(25th–75th percentile), while whiskers extend to the 10th and 90th

percentiles. The sample is restricted to the 1st–99th percentiles to exclude
extreme outliers.

5.2. Literature

In the following, the present work is positioned into several strands of literature
analyzing price premia in sequential electricity markets.

A first reference is the foundational work by Bessembinder and Lemmon
(2002), which builds on the theory of sequential markets developed by Allaz
and Vila (1993) and analyzes equilibrium pricing and optimal hedging in elec-
tricity forward markets. In their framework, forward price premia depend on the
variance and skewness of expected spot prices, which determine hedging pres-
sure by risk-averse producers and retailers. While this contribution establishes
a fundamental link between uncertainty, risk preferences, and price premia, it
differs from the present analysis in several ways. In particular, uncertainty arises
from stochastic renewable generation rather than demand, market participants
are heterogeneous regarding risk preferences, and risk aversion is modeled using
a Conditional Value-at-Risk criterion, allowing for an explicit treatment of tail
risks.

A second strand of the literature emphasizes strategic behavior and imperfect
competition as drivers of price premia in sequential markets. Ito and Reguant
(2016) develop a two-stage model with limited arbitrage and show that mar-
ket power in the first market stage can generate systematic price premia even
in the absence of risk aversion. Their theoretical predictions are supported by
empirical evidence from the Iberian electricity market. Related analytical work
by Knaut and Obermüller (2016) shows that oligopolistic renewable producers
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may strategically withhold supply in the first market stage, leading to higher
prices. Ashour Novirdoust et al. (2025) extend this framework by introducing
risk-averse renewable producers and show that mean–variance risk aversion am-
plifies withholding incentives and price premia under imperfect competition. In
contrast to this literature, the present paper abstracts from market power and
focuses exclusively on perfectly competitive settings.

Closely related are also Botterud et al. (2010) and Botterud et al. (2012), who
derive day-ahead bidding strategies for wind producers under risk-seeking, risk-
neutral, and risk-averse preferences. Despite relying on simplifying assumptions,
most notably that prices are independent of wind realizations, their numerical
results indicate that risk-averse preferences, modeled via Conditional Value-at-
Risk, lead to lower day-ahead bids. Similar conclusions are reached by Bitar et al.
(2012), who analytically derive optimal forward commitments of wind producers
in a competitive two-settlement market. However, in their framework, imbalance
prices are modeled as exogenous random variables independent of renewable
realizations.

A smaller but closely related strand considers the role of supply curve char-
acteristics and asymmetric price responses. Few studies explicitly analyze how
the shape of the supply curve affects price premia. Kulakov and Ziel (2021)
implicitly address this issue by modeling intraday prices as horizontal shifts of
empirical day-ahead supply curves in response to wind and solar forecast errors.
Because the local steepness of the merit order varies over time, their approach
captures non-linear and asymmetric price responses without imposing a spe-
cific functional form. Hirsch and Ziel (2024) explicitly study how merit-order
steepness affects intraday price volatility and tail behavior, finding that steep
regimes are associated with higher volatility and heavier tails, although they ab-
stract from asymmetries between positive and negative imbalances. Obermüller
(2017) incorporates such asymmetries in a two-stage analytical model with a
convex marginal cost curve and shows that competitive, risk-neutral renewable
producers optimally withhold supply in the day-ahead market under forecast
uncertainty. While empirical results suggest a positive relationship between re-
newable uncertainty and day-ahead–intraday price differences, the analysis does
not address the pronounced diurnal pattern of price premia observed in practice.
Paschmann (2017) offers an alternative explanation, arguing that non-convexities
in subsets of sequential markets may also give rise to price premia.

Finally, a large forecasting-oriented strand of literature studies day-ahead and
intraday price formation using econometric and statistical models (O’Connor
et al., 2025). This strand primarily aims to predict prices or their distributions
based on historical prices, forecast updates, trading volumes, and other market
information (Hirsch and Ziel, 2024, Janke and Steinke, 2019, Narajewski and
Ziel, 2020). Some studies explicitly model day-ahead–intraday price spreads, e.g.,
Maciejowska et al. (2019), but typically do not treat these premia as outcomes of
bidding behavior. In contrast to this literature, the present paper does not aim
to forecast prices but to provide a structural explanation for the emergence of
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systematic price premia based on renewable producers’ bidding decisions under
uncertainty.

5.3. Theory

This chapter examines the emergence of price premia using a simplified two-
stage model. First, the analytical framework is introduced. Then, the bidding
rationales of renewable energy (RE) producers are discussed, followed by an
analysis of how these rationales affect the expected price premia between the
two market stages.

5.3.1. Model

The analytical model distinguishes two market stages, with the first stage rep-
resenting the day-ahead market and the second stage representing the intraday
market. The model captures the trading of RE producers with uncertain output,
conventional producers, and retailers, and is formulated similar to the approach
presented by Obermüller (2017). I assume that conventional producers are com-
petitive and offer their production at marginal costs. Together, they form a
marginal cost curve that is modeled as quadratic, thereby being convex and
strictly monotonic: MC(x) = ax2 + bx + c. The demand d is assumed to be
deterministic and inelastic, with competitive retailers buying in the first stage.
Additionally, RE producers with uncertain total production Q ∼ N (µ, σ2) offer a
quantity q in the first stage. It is assumed that total RE production must be sold
in the second stage, where any deviations from the first-stage bid are balanced.
RE producers are considered competitive, with symmetric production and pro-
duction uncertainty. The model abstracts from pure financial arbitrage13. Prices
in the two stages can be determined as described in Equation 5.1a and 5.1b, and
the expected price premium ∆p is given by Equation 5.1c.

p1(q) =a · (d− q)2 + b · (d− q) + c (5.1a)

p2(Q) =a · (d−Q)2 + b · (d−Q) + c (5.1b)

E(∆p) =a · (q2 − µ2 − σ2) + (2ad+ b) · (µ− q) (5.1c)

13In practice, effective arbitrage between day-ahead and intraday markets can be limited by
entry barriers for purely financial traders, transaction costs, credit limits, and the fact that
physically active market participants primarily hedge their own positions and may lack
complete information about RE producers’ forecasts and risk exposures.
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5.3.2. Bidding rationales

The following section investigates three distinct bidding rationales of RE pro-
ducers in the first market stage, along with the expected price premia associated
with these rationales. Subsequently, the bidding rationales of wind and PV pro-
ducers are separated to examine heterogeneous bidding behavior and its impact
on price premia. The cases under investigation are listed below:

1. Renewable producers bid the expected production.

2. Renewable producers bid risk-neutrally.

3. Renewable producers bid risk-aversely.

4. Separate bidding behavior:

a) PV producers bid expected production, while wind producers bid
risk-neutrally.

b) PV producers bid expected production, while wind producers bid
risk-aversely.

Expected production

An intuitive and simple bidding rationale is bidding the expected production
µ. This rationale aims to minimize deviations in marketed quantities between
the two market stages. Equation 5.2a formulates the bidding rationale, while
Equation 5.2b describes the expected price premium if RE producers bid the
expected production.

qep = µ (5.2a)

E(∆pep) =− aσ2 (5.2b)

This bidding rationale produces a negative price premium in expectation, in-
creasing with supply curve convexity and the level of renewable production un-
certainty. The premium arises from the convexity of the supply curve, which
introduces an asymmetric price reaction to an imbalance in the second market
stage.

Risk neutral

Another potential bidding rationale is the risk-neutral bid. A risk-neutral bid-
der maximizes expected profits. The aforementioned asymmetric price reaction
in the second market stage must be considered in the risk-neutral bid leading to
a withholding effect in the first market stage. The risk-neutral bid of competitive
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RE producers has been derived in Obermüller (2017) and can be described as
stated in Equation 5.3a. If there is no uncertainty (σ = 0), the first-stage bid is
equal to the expected production. However, higher uncertainty reduces the risk-
neutral bid. Intuitively, if RE producers are risk neutral in a competitive market
setting, the expected price premium converges to zero (cf. Equation 5.3b).

qrn =d+
b

2a
−

⌜⃓⃓⎷[︄(︃d+ b

2a
− µ

)︃2

+ σ2

]︄
. (5.3a)

E(∆prn) =0 (5.3b)

Unlike the derivation of qrn in Obermüller (2017), which relies on an equilib-
rium approach for individual market participants, the result can alternatively
be derived using a representative agent approach. This approach aggregates the
behavior of competitive market participants into a single decision-maker and
assumes that market participants act as price takers in the first stage.

Formally, the representative agent’s profit depends on the first- and second-
stage quantity π(q1, Q). Let f(q1, Q) = dπ/dq1 denote the marginal profit with
respect to the first-stage bid. Then the maximum risk-neutral utility is given by
the first-order condition of the utility function Urn, as shown in Equation 5.4.
From the second derivative of the utility function, it follows that qrn = q∗1−, as
shown in the proof of Obermüller (2017).

π(q1, Q) = p1(q1) · q1 + p2(Q) · (Q− q1), (5.4a)

f(q1, Q) :=
dπ(q1, Q)

dq1
= p′1(q1) q1 + p1(q1)− p2(Q)

≈ p1(q1)− p2(Q) (representative agent), (5.4b)

dUrn

dq1
= E[f(q1, Q)] = 0. (5.4c)

Computing the expectation term by term yields

E[f(q1, Q)] =
[︁
a(d− q1)

2 + b(d− q1) + c
]︁

− E
[︁
a(d−Q)2 + b(d−Q) + c

]︁
(5.4d)

= aq21 − (2ad+ b)q1 + 2adµ+ bµ− a(µ2 + σ2) (5.4e)

= a
[︁
q21 −

(︁
2d+ b

a

)︁
q1 + 2dµ+ b

aµ− (µ2 + σ2)
]︁
. (5.4f)
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Solving E[f(q1, Q)] = 0 gives

q∗1± = d+
b

2a
±

√︄(︃
d+

b

2a
− µ

)︃2

+ σ2. (5.4g)

Risk averse

The third bidding rationale under investigation is the risk-averse bid. The
asymmetry in the price response to imbalances in the intraday market introduces
a tail to the profit distribution of RE producers. To visualize the tail risk, a
Monte-Carlo-Simulation is conducted for the risk-neutral bidding rationale with
a numerical example. Figure 5.2a illustrates the marginal cost curve together
with uncertain RE production Q. Figure 5.2b shows the profit distribution of
RE producers. Notably, the profit distribution is left-skewed, i.e., there is a risk
exposure to low profits.

(a) Marginal cost curve and uncertain RE
output

(b) Profit distribution of risk-neutral RE pro-
ducers

Figure 5.2.: Schematic marginal cost curve, RE production, and profit distribution of
RE producers. Assumptions: a=0.01, b=0.01, c=0, d=100.

If RE producers are risk-averse, their bidding strategies account for their aver-
sion to tail risks. A common approach to represent risk aversion is to incorpo-
rate the Conditional Value-at-Risk (CVaR) into the utility function U of market
participants. This utility function jointly maximizes expected profits E[π] and
minimizes exposure to tail risks, as shown in Equation 5.5. The degree of risk
aversion is controlled by the parameter λ ∈ [0, 1]. Typically, risk aversion fo-
cuses on large losses; however, in this case, it targets low profits. Therefore, the
left-sided α-quantile is used, and the CV aR is added to expected profits and
maximized.

Ura(π) = (1− λ) · E[π] + λ · CVaRα(π), (5.5)
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This utility function cannot be solved analytically to derive the risk-averse
bid of RE producers, as the inverse cumulative density function of profits would
be required. Furthermore, an approximation using higher-order moments (e.g.,
skewness or kurtosis) is intractable, as terms above the fifth degree would need
to be solved. Despite the unknown analytical solution for the risk-averse bid,
the qualitative relationship between the risk-averse and risk-neutral optimal bids
can be formally established.

To demonstrate this relation, the representative agent approach is adopted,
such that market participants are modeled as price takers in the first stage. For
the risk-averse representative agent, the utility function additionally accounts
for tail risk via the CVaR. Equation 5.6 states the first-order condition with
respect to the first-stage bid. Evaluating the derivative of the risk-averse utility
at the risk-neutral optimum q1 = qrn shows that the derivative is negative, i.e.,
a marginal increase of q1 reduces the utility of the risk-averse representative
agent. To fulfill the first-order condition for the risk-averse utility function, the
first-stage bid must be decreased relative to the risk-neutral bid. Therefore, the
risk-averse representative agent would choose a lower first-stage bid relative to
the risk-neutral representative agent.

Ura = (1− λ)E[π(q1, Q)] + λCVaRα(π(q1, Q)), (5.6a)

dUra

dq1
= (1− λ)E[f(q1, Q)]

+ λE
[︁
f(q1, Q)

⃓⃓
π(q1, Q) ≤ VaRα(π)

]︁
= 0. (5.6b)

Evaluating the first-order condition at the risk-neutral optimum q1 = qrn:

dUra

dq1

⃓⃓⃓⃓
qrn

= (1− λ) E[f(qrn, Q)]⏞ ⏟⏟ ⏞
=0

+ λ E
[︁
f(qrn, Q)

⃓⃓
π(qrn, Q) ≤ VaRα

]︁⏞ ⏟⏟ ⏞
< 0

< 0 (5.6c)

=⇒ qra < qrn. (5.6d)

The equality E[f(qrn, Q)] = 0 follows directly from the first-order condition of
the risk-neutral representative agent. The inequality E[f(qrn, Q) | π(qrn, Q) ≤
VaRα] < 0 is established in Eq. (5.7).

Define the lower tail of profits:

T :=
{︁
(qrn, Q)

⃓⃓
π(qrn, Q) ≤ VaRα(π)

}︁
. (5.7a)
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For realizations in this tail, low profits are driven by low realized output:

Q ∈ T =⇒ Q < qrn =⇒ p1 − p2(Q) < 0. (5.7b)

Applying the representative-agent approximation:

f(qrn, Q) = p′1 qrn + p1 − p2(Q)

≈ p1 − p2(Q). (5.7c)

Taking the conditional expectation over the tail yields

E
[︁
f(qrn, Q)

⃓⃓
(qrn, Q) ∈ T

]︁
< 0. (5.7d)

Since an analytical representation of the utility-maximizing risk-averse bid
is intractable, I propose an approximation of the risk-averse bid based on the
information derived above. This approximation is based on the risk-factors a
and σ that drive the risk-averse behavior. The approximate risk-averse first-
stage bid is lower than the corresponding risk-neutral bid, with the extent of
this reduction depending on the convexity of the marginal cost curve and the
level of uncertainty in RE output. Equation 5.8a provides the approximate
risk-averse first-stage bid qra, which is derived by adjusting the risk-neutral bid
qrn according to the parameters a and σ, and is scaled by a parameter kλ to
modulate the degree of risk aversion. Equation 5.8b expresses the expected price
premium between the two market stages. Under a risk-averse bidding rationale,
the expected price premium is positive if the supply curve is convex (a > 0) and
renewable production is uncertain (σ > 0).

qra =qrn − kλ · aσ (5.8a)

E(∆pra) =kλa
2σ · (2

⌜⃓⃓⎷[︄(︃d+ b

2a
− µ

)︃2

+ σ2

]︄
+ kλaσ) (5.8b)

Separate bidding rationale

The fourth bidding rationale assumes that wind and PV producers follow sepa-
rate bidding rationales, introducing heterogeneity among RE producers. In the
German market, a large stake of PV production is sold by transmission sys-
tem operators (TSOs), who are legally obliged (§2 EEV) to minimize deviations
between marketed and produced quantities (BMJV, 2025). In contrast, wind
production is largely sold by direct marketers, who might be risk averse. The
following analysis assumes that PV production is marketed in the first stage at
its expected value, while wind production is marketed either risk-neutrally (Case
a) or risk-aversely (Case b).
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The approximated risk-averse bid derived in Section 5.3.2 is based on the
risk-neutral bid with an adjustment to tail risk. To avoid an unintended “cross-
hedging” that arises when risk-neutral wind producers internalize the subopti-
mal PV producer position, I impose an idiosyncratic risk-neutral bidding rule
for wind’s first-stage bid qwind

rn . Here, the PV production is treated as a fixed
parameter equal to its expected production in both market stages (qpv = µpv),
and the wind objective takes expectations only over wind’s own production un-
certainty. Under this formulation, wind optimizes against its own imbalance
exposure, while PV’s commitments are exogenous, preventing wind from implic-
itly hedging PV’s position, which would imply financial arbitrage. The bid is
derived using the approach in Equation 5.4, after adjusting the problem to ac-
count for expected PV production, effectively replacing q1 with q1 − µpv. The
competitive risk-neutral first-stage bid of wind producers is stated in Equation
5.9a. This bid considers the expected production of both wind and PV while
only considering the risk exposure of its own production (σwind). Equation 5.10a
describes the approximated risk-averse first-stage bid of wind producers, which
is based on the risk-neutral bid and adjusted to account for wind’s tail risk via
kλaσwind. Equations 5.9b and 5.10b describe the expected price premium for
Case a and Case b.

qwind
rn = d− µpv +

b

2a
−

√︄(︃
µwind − d+ µpv −

b

2a

)︃2

+ σ2
wind (5.9a)

E(∆pseparate,rn) = −2a · Cov(Qpv, Qwind)− aσ2
pv (5.9b)

qwind
ra = qwind

rn − kλaσwind (5.10a)

E(∆pseparate,ra) = −2a Cov(Qpv, Qwind)− aσ2
pv + a3k2λσ

2
wind

+ 2a2kλ σwind

√︄(︃
µwind − d+ µpv −

b

2a

)︃2

+ σ2
wind

(5.10b)

5.4. Numerical application of the theoretical model

This section applies the theoretical framework to actual market conditions. Mar-
ket conditions vary substantially across hours, reflecting systematic changes in
demand, renewable generation, forecast uncertainty, and supply-side price sensi-
tivity. As a result, identical bidding rationales may lead to different price premia
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depending on the prevailing market environment. To capture this interaction,
the theoretical model is parameterized using observed market data and simulated
for an average diurnal cycle representing typical hourly market conditions. The
objective is not to precisely reproduce realized price premia, but to illustrate how
the interaction between market conditions and bidding behavior can give rise to
diurnal patterns in expected price premia. The resulting simulated patterns are
subsequently compared with observed premia to assess whether the mechanisms
highlighted by the model are consistent with observed regularities, providing an
indication, though not proof, of how such patterns may emerge in practice.

The section proceeds as follows. First, observed price premia are presented.
Then the data used to parameterize the theoretical model are introduced. Next,
the model is simulated for an average daily market profile, and the resulting
price premia for various bidding rationales of RE producers are compared with
observed patterns in the German market.

5.4.1. Observed price premia

The following section introduces observed price premia between the day-ahead
and intraday market in Germany. The price premium is calculated as the dif-
ference between hourly day-ahead prices and the corresponding ID3 prices from
EPEX SPOT SE (2025b). The ID3 index represents the continuous intraday
market and reflects the volume-weighted average price of all 15-minute transac-
tions executed within the three hours prior to delivery. Hence, the index serves
as a suitable proxy for real-time prices.

The analysis draws on recent market data covering the period from January
2024 to August 2025, comprising a total of about 16,500 hourly observations.
Each hour of the diurnal cycle contains around 688 individual data points. The
dataset is subsequently corrected for outliers by retaining observations of price
premia within the 1st to 99th percentile range, thereby excluding extreme events
and data inconsistencies. Figure 5.1 illustrates the distribution of hourly price
premia.

The distribution of price premia reveals a distinct diurnal pattern. During
nighttime and early morning hours, mean price premia hover around zero, with
an interquartile range (25th–75th percentile) of approximately 10 e/MWh. A
pronounced increase in premia is observed during the morning (6–8 a.m.) and
evening (6–9 p.m.) hours, where mean price premia range around +2 e/MWh.
In contrast, during midday hours (10 a.m.–3 p.m.), premia are predominantly
negative, with average values around -2 e/MWh. A one-sample mean compar-
ison test against zero, applied hour-wise after excluding extreme observations,
indicates that price premia are statistically different from zero for all hours ex-
cept 0, 1, 5, 8, 9, 15, 16, 17, 19, 22, and 23.
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5.4.2. Data and parameterization

This section introduces the data used for the parameterization of the theoret-
ical model. The relevant data includes renewable production and its forecast
uncertainty, demand forecast, and the shape of the hourly marginal cost curve,
particularly its convexity.

Renewable production and demand

The parameterization of the theoretical model is based on hourly means of re-
newable production forecast and the demand forecast. As a proxy for the ex-ante
renewable production uncertainty, the standard deviation of the hourly forecast
error is used. As the mean forecast error is close to zero (49 MW), the mean
forecast is an unbiased predictor of mean realized production. The data are ob-
tained from the SMARD electricity market data platform of the Federal Network
Agency (BNetzA, 2025). Figure 5.3 illustrates the resulting mean hourly values.

Figure 5.3.: Hourly means of RE forecast (µRE), RE standard deviation (σRE), wind
forecast (µwind), wind standard deviation (σwind), PV forecast (µPV ), PV
standard deviation (σPV ), and load forecast (d) from January 2024 to

August 2025.

Marginal cost curve

This section derives a numerical measure of the hourly convexity of the marginal
cost curve based on observed day-ahead bid curves. To ensure that the slopes
around the market-clearing point reflect supply-side price sensitivities alone, the
bid curves are first transformed into a representation with perfectly inelastic
demand. The transformed curves are then used to numerically derive hourly
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convexity measures, which serve to parameterize the marginal cost curve in the
theoretical model.

To approximate the convexity of the marginal cost curve, it is essential that
the slope around the day-ahead clearing point reflects supply-side price sensi-
tivities alone. However, slopes computed directly from the raw auction curves
embed demand-side elasticity that is unrelated to producers’ cost structures,
which creates an inconsistency when such slopes are used to parameterize an an-
alytical model with inelastic demand. To obtain a meaningful measure of hourly
convexity, the day-ahead bid curves are therefore transformed into a representa-
tion with perfectly inelastic demand. This transformation was first introduced
in Kulakov and Ziel (2019) and has been applied in Hirsch and Ziel (2024). The
transformation preserves the original market-clearing price but reallocates the
observed demand elasticity to the supply side. This reallocation is economically
justified by the fact that demand-side bids in the day-ahead auction do not solely
reflect short-run price responsiveness of final electricity consumers but rather the
portfolio decisions and arbitrage activities of market participants who are active
across multiple trading venues. In particular, utilities and trading firms can
balance their positions between the day-ahead auction, intraday markets, and
over-the-counter contracts, such that a buy order at a given price in the auction
can equivalently be interpreted as a sell position at a slightly higher price in an
alternative market. As a result, the elasticity observed on the demand side of
the auction can be shifted to the supply side without altering the equilibrium
outcome.

The transformed supply curve provides a representation in which local slopes
around the clearing point can be interpreted as supply-side marginal price re-
sponses. This is consistent with the theoretical framework employed in this pa-
per, where demand is assumed to be deterministic and inelastic, and producers
face a strictly convex marginal cost function. Figure 5.4 visualizes the day-ahead
bid curves for the delivery day November 18th in 2024 at 9 p.m. in their original
and transformed forms. The formal approach to the transformation is described
in Appendix D.1.
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(a) Original curves (b) Transformed curves and slopes

Figure 5.4.: Original and transformed day-ahead bid curves from 11/18/2024 at 9 p.m.
and derived slopes.

The slopes around the clearing point in the transformed day-ahead supply
curve form the basis for the subsequent construction of the hourly convexity
parameter used in the theoretical model. The convexity of the marginal cost
curve is approximated by alinear, which expresses the relationship between the
left- and right-sided slopes, sl and sr (s. Equation 5.11a), originating from the
market clearing point at MC(dinelastic). The left- and right-sided gradients are
computed over an interval defined by the mean hourly standard deviation of
the RE forecast errors σ̄h, as stated in Equation 5.11c and 5.11b. This way, the
convexity is determined on an interval of the supply curve, which is likely relevant
in determining second-stage prices. To obtain a suitable convexity parameter ah
for the theoretical model, the linearly approximated convexity alinear is scaled to
ensure a realistic price level within the stylized marginal cost specification while
preserving the observed hourly variation in convexity. Again, the dataset covers
every hour of a 20-month period, from January 2024 to August 2025, and the
day-ahead bid curves are based on EPEX SPOT SE (2025b).

ad,h
linear =

srd,h

sld,h
(5.11a)

srd,h =
MCd,h(d

inelastic
d,h + σ̄h)−MCd,h(d

inelastic
d,h )

σ̄h
(5.11b)

sld,h =
MCd,h(d

inelastic
d,h )−MCd,h(d

inelastic
d,h − σ̄h)

σ̄h
(5.11c)

Figure 5.5 summarizes all linear approximations alineard,h of the convexity of the
marginal cost curve for the time horizon under investigation.
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Figure 5.5.: Hourly slope ratios alinearh from January 2024 to August 2025 of the
day-ahead auction.

5.4.3. Simulation of price premia

This section analyzes how different first-stage bidding rationales affect the ex-
pected hourly price premium between the two market stages in the diurnal cycle
and compares the pattern of simulated premia to the pattern of observed pre-
mia. The bidding rationales (cf. Section 5.3.2) are applied within the theoretical
model (cf. Section 5.3.1) that is parameterized according to the data in Section
5.4.2.

Although the marginal cost function in the theoretical model is based on ob-
served supply curves, the empirical approximation only recovers the diurnal pat-
tern of convexity rather than its exact magnitude. Therefore, the convexity
parameter derived from the transformed day-ahead supply curves is scaled with
a scalar s = 0.2 to obtain a realistic level of premia within the theoretical model
while preserving the diurnal variation in convexity. As a result, the calibration
affects only the magnitude of simulated price premia but does not impose their
diurnal structure. Similarly, the degree of risk aversion of RE producers cannot
be directly observed and is therefore calibrated with kλ = 0.05. Again, altering
this scalar would generally influence the magnitude but not the overall pattern
in price premia. The remaining linear components of the marginal cost function
are set to constant values (b = 0.1 and c = 0) , as they primarily affect the
overall price level but do not influence the mechanisms determining price premia
within the model.

Figure 5.6 illustrates the simulated hourly price premia for the three cases
with homogeneous bidding rationales among RE producers, expressed relative
to the average simulated day-ahead price. For a risk-neutral first-stage bid, the
expected price premia are consistently zero. Risk-neutral RE producers consider
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both the asymmetric price reaction to RE forecast errors and the uncertainty in
their expected production, resulting in expected prices that converge.

When RE producers bid their expected production, the price premia correlate
negatively with the convexity of the marginal cost curve. This bidding rationale
neglects the asymmetric price reaction in the second stage, causing negative
expected price premia, which are particularly pronounced in hours with higher
production uncertainty (cf. Figure 5.3) and higher convexity (cf. Figure 5.5) .

In contrast, risk-averse RE producers adjust their bids to account for the
asymmetric price response in the second stage while also incorporating expected
tail risk. As this risk increases with the convexity of the marginal cost curve
and the uncertainty in RE production, the expected price premia are higher in
these hours (e.g., hours 7 or 19). Notably, the systematic pattern of price pre-
mia resulting from risk-averse bidding vaguely resembles the observed pattern of
actual price premia observed in market data (cf. Figure 5.1). However, particu-
larly the negative price premia around midday hours cannot be explained with
this homogeneous bidding rationale.

Figure 5.6.: Simulated price premia relative to average day-ahead prices for
homogeneous bidding rationales among RE producers.

Subsequently, the parameterized theoretical model is computed with separate
bidding rationales for wind and PV producers. Two cases are analyzed, as de-
scribed in Section 5.3.2, assuming PV production to be marketed with expected
production and wind production to be marketed risk-neutrally (Case a) and
risk-aversely (Case b), respectively. In both cases, the expected price premium
also depends on the covariance between uncertain wind and PV production (cf.
Equations 5.9b and 5.10b). An analysis of PV and wind forecast errors yields a
covariance close to zero; thus, its impact on expected price premia is negligible.
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The results of the simulated price premia for the two cases are illustrated
in Figure 5.7 together with observed premia. The premia are shown relative to
their underlying mean day-ahead price. If PV production is zero, the risk-neutral
bidding rationale of wind (Case a) results in a convergence of first- and second-
stage prices, consistent with Equation 5.3b. When PV production is positive,
the first-stage bid of PV (qpv = µpv) leads to negative expected price premia, as
derived in Equation 5.2b. This effect intensifies with increasing PV production
and is particularly pronounced around midday.

Under a risk-averse bidding rationale of wind production (Case b), the sign
and magnitude of the expected price premium depend on which RE source dom-
inates. The risk-averse bid of wind tends to induce positive premia, especially
when the convexity of the marginal cost curve (a) is high, whereas the opposite
holds for PV. Consequently, the interaction between the time-varying convex-
ity of the marginal cost curve and the diurnal composition of wind and PV
production determines both the sign and the magnitude of the expected price
premium. Notably, the separate bidding rationale with risk-averse wind pro-
ducers exhibits both a negative trough around midday and two peaks around
morning and evening hours.

Figure 5.7.: Simulated price premia relative to average day-ahead prices for separate
bidding rationales between wind and PV producers, and mean observed

price premia.

A comparison with observed premia indicates that the characteristic structure
of observed price premia is best explained by Case b. In both graphs, there is a
positive premium around morning and evening hours, with a higher level in the
evening hours in Case b, which can be explained by a higher convexity stemming
from higher residual load together with higher forecast uncertainty relative to
the morning peak. Moreover, Case b resembles the low around midday, when PV
production typically reaches its high and turns out higher than wind production
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(cf. Figure 5.3). Conversely, the negative observed premia around nighttime are
not resembled by Case b but turn out slightly positive instead. By definition of
the model, when PV production is zero, price premia can only turn out positive,
while actual price premia might be driven by factors beyond the scope of the
model.

5.5. Discussion

This paper investigates the emergence of systematic price premia between the
day-ahead and intraday markets as a consequence of the bidding behavior of
renewable energy producers. In particular, the analysis examines how different
bidding rationales translate into diurnal patterns of price premia when market
conditions vary over the course of the day. To address this question, a theoretical
framework is developed in which closed-form expressions for day-ahead bids are
derived under different bidding rationales. The theoretical model is subsequently
parameterized using observed market data from Germany and simulated for an
average diurnal cycle. Comparing the resulting simulated premia with the ob-
served pattern provides an indication of how the mechanisms highlighted by the
model may contribute to the emergence of price premia in actual markets.

The discussion proceeds as follows. First, stylized facts of the German elec-
tricity market are outlined. Second, the model results are interpreted in light
of these stylized facts. Third, the findings are related to the existing literature,
and their economic implications are discussed. Finally, limitations of the analysis
and directions for future research are addressed.

5.5.1. Stylized facts

To structure the discussion, the following stylized facts of the German electricity
market are summarized:

• SF1 - Supply curve convexity: The price response to renewable forecast
errors is asymmetric due to convex marginal costs. This asymmetry tends
to be more pronounced at times of high residual demand, when the supply
curve is steeper.

• SF2 - Renewable generation profiles: PV generation is strongly con-
centrated around midday, whereas wind generation exhibits a less pro-
nounced and more dispersed diurnal pattern.

• SF3 - Forecast uncertainty: Forecast errors for renewable generation
increase in absolute terms with expected output and forecast horizon. As a
result, periods with high renewable generation, particularly around midday
for PV, are associated with larger potential quantity deviations.
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• SF4 - Institutional setting: A substantial share of PV generation un-
der public support schemes is marketed by TSOs that are obligated to
minimize quantity deviations between the day-ahead and intraday market,
whereas wind generation is more frequently exposed to market-based and
potentially risk-sensitive bidding strategies.

5.5.2. Economic interpretation of model results

The theoretical analysis shows that bidding rationales shape expected price pre-
mia between the two market stages. When renewable energy producers bid their
expected production, expected price premia become negative due to the asym-
metric price response to forecast errors in the intraday market (SF1). In this
case, producers neglect that downward revisions of renewable output tend to
have a stronger price impact than upward revisions. Conversely, when produc-
ers follow a risk-neutral bidding rationale, this asymmetry is fully anticipated.
Producers adjust their day-ahead bids accordingly, leading to a convergence of
expected prices between the two market stages.

A novel contribution of this paper is the derivation of a closed-form expression
for a risk-averse bidding strategy. To derive the expression, risk aversion is mod-
eled through a CVaR-based representation of tail risk. In this case, producers
account not only for the asymmetric price response (SF1), but also for expo-
sure to adverse outcomes with particularly low profits. The analysis shows that
risk-averse bidding can give rise to positive expected price premia, as producers
reduce their day-ahead positions to limit exposure to unfavorable outcomes in
the intraday market. Importantly, the magnitude of these premia depends on
the interaction between renewable production uncertainty (SF3) and the con-
vexity of the marginal cost curve (SF1). In addition, the theoretical analysis
derives premia that emerge from technology-specific bidding rationales that only
consider idiosyncratic risk.

The application of the bidding rationales in the parameterized theoretical
model, which represents changing market conditions over the course of a day, re-
veals distinct patterns in price premia that emerge from the interaction between
bidding behavior and market conditions. Most prominently, a configuration in
which PV bids its expected production while wind is marketed risk-aversely in
the day-ahead market produces a pattern with positive premia during morning
and evening hours and negative premia around midday. This pattern closely
resembles the structure observed in market data, indicating that heterogeneity
in bidding rationales across renewable technologies (SF2, SF4) can rationalize
the observed diurnal structure of price premia in the German market.
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5.5.3. Relation to the literature and economic implications

These findings contribute to the literature on price premia in sequential elec-
tricity markets. Previous analyses have identified several mechanisms that may
give rise to price differences across market stages. Some contributions empha-
size the role of market frictions, such as transaction costs, while others highlight
the impact of market power and strategic behavior by dominant market par-
ticipants that leads to persistent price premia (Ashour Novirdoust et al., 2025,
Ito and Reguant, 2016). A further explanation relates premia to hedging pres-
sure among risk-averse market participants, where differences in the willingness
to bear risk between producers and consumers generate equilibrium risk premia
(Bessembinder and Lemmon, 2002). The results of this paper identify a related
mechanism through which systematic price premia can arise. Even in the absence
of market power or market frictions, bidding rationales of renewable producers
facing production uncertainty can generate price premia between market stages.
In this sense, systematic premia do not necessarily indicate market inefficien-
cies but may reflect equilibrium outcomes driven by risk preferences and market
structure.

From an economic perspective, the results raise the question of why such pre-
mia are not fully arbitraged away. One possible explanation is that arbitrage
opportunities involve substantial exposure to price risk, which market partici-
pants may be unwilling to assume. Even if premia are partially arbitraged, risk
considerations may prevent their complete elimination. In this context, the in-
creasing deployment of storage technologies could play an important role in the
future. Batteries can react to forecast errors at very short time horizons and
may therefore act as a physical hedge against balancing risks faced by renewable
producers (Zhao et al., 2023). A portfolio combining renewable generation and
storage could allow market participants to reduce exposure to unfavorable intra-
day price realizations, potentially affecting bidding incentives and the resulting
structure of price premia.

Further, the results have implications for the institutional design of renewable
energy marketing. The analysis shows that an expected-production bidding ra-
tionale, as implied by the institutional setting in SF4, can lead to negative price
premia and avoidable revenue losses. Such outcomes may increase the costs of
renewable support schemes that are ultimately borne by the state. The findings
therefore suggest that current renewable marketing rules may lead to subop-
timal outcomes and could warrant reconsideration, particularly regarding the
flexibility given to TSOs.

The analysis also highlights the importance of forecast accuracy for market
outcomes. In the theoretical model, the magnitude of expected price premia
increases with the variance of renewable production forecasts (SF3) under both
expected-production and risk-averse bidding rationales. Improvements in fore-
cast accuracy therefore reduce production uncertainty and weaken the role of
risk considerations in day-ahead bidding behavior. In the context of the present
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analysis, improved forecasting would dampen the emergence of systematic price
premia that arise from risk-sensitive bidding behavior. This interpretation is
consistent with previous research showing that improvements in forecast quality
are particularly valuable for risk-prone and risk-averse market participants, as
they directly reduce the uncertainty underlying their bidding decisions (Wang
et al., 2022).

Beyond forecast accuracy, the analysis also suggests that the magnitude of
price premia depends on the prevailing market environment through its effect
on the convexity of the supply curve. In particular, the steepness of the supply
curve may change with fuel prices or the availability of flexible generation. For
instance, higher gas prices or tighter capacity margins can increase supply curve
convexity and thereby amplify the price response to renewable forecast errors.
In the framework of this paper, such changes would lead to larger price premia,
whereas additional flexibility, for example from battery storage, could dampen
these effects. As a result, the magnitude of premia may vary with broader market
conditions, which is relevant for understanding how structural changes in power
systems can affect market outcomes.

5.5.4. Limitations and future research

Several limitations of the analysis should be acknowledged. First, the theoreti-
cal framework provides a stylized representation of electricity markets with two
trading stages. In practice, electricity markets feature multiple trading oppor-
tunities. In particular, the risk of imbalance prices is not explicitly represented
in the model. Moreover, the steepness of the marginal cost curve may change
between market stages due to different participation constraints or technological
response times in the intraday market. While market participants may anticipate
such effects when forming expectations, these dynamics are not explicitly mod-
eled in this work. Second, the risk-averse bidding rule derived in the theoretical
model is represented by a closed-form approximation. While this approach allows
for analytical insights and tractable numerical simulations, it necessarily simpli-
fies the underlying optimization problem faced by market participants. Third,
the numerical application of the theoretical model uses average diurnal market
conditions. Extending the analysis to different seasons or market regimes could
provide additional insights into how market conditions affect the emergence of
price premia.

Future research could focus on empirically testing the mechanisms proposed in
this work. While directly identifying risk preferences in bidding behavior may be
challenging, empirical analyses could examine how observable risk factors, such
as supply curve convexity, affect the magnitude of price premia. Extending the
framework to additional electricity markets or incorporating additional trading
stages could further help to assess the generality of the results.
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5.6. Conclusion

The German electricity market exhibits a diurnal pattern in price premia be-
tween the day-ahead and intraday markets. Explaining the emergence of such
temporal patterns remains challenging, as existing explanations for price pre-
mia in sequential electricity markets mainly focus on average premia rather than
their diurnal structure.

This paper proposes a mechanism that links the observed pattern of price
premia to the bidding behavior of renewable energy producers under production
uncertainty. To this end, a stylized two-stage model is developed in which re-
newable producers determine their day-ahead positions under different bidding
rationales. Closed-form expressions for the bids are derived and embedded in the
theoretical model, parameterized with observed market data representing typical
market conditions over the course of a day.

The analysis reveals that different bidding rationales systematically translate
renewable production uncertainty into price premia between the two market
stages in the absence of complete financial arbitrage. When producers bid their
expected production, the asymmetric price response to forecast errors leads to
negative expected premia. Under risk-neutral bidding, producers anticipate this
asymmetry, resulting in a convergence of expected prices across market stages.
By contrast, risk-averse bidding under consideration of tail risk can generate
positive price premia, as producers reduce their day-ahead exposure to limit
unfavorable outcomes in the intraday market.

Differentiating bidding rationales across renewable technologies further shows
that heterogeneous strategies between wind and photovoltaic producers can gen-
erate a pronounced diurnal pattern of price premia. In particular, a configuration
in which PV bids expected production while wind producers behave in a risk-
averse manner produces a pattern that closely resembles the structure observed
in the German market.

The results therefore suggest that systematic price premia in sequential elec-
tricity markets do not necessarily indicate market inefficiencies but may reflect
risk preferences of market participants and institutional incentives of renewable
energy marketing. In the German electricity market, a large share of PV gen-
eration supported under public support schemes is marketed by TSOs who are
obligated to minimize quantity deviations rather than to optimize market rev-
enues. Such a bidding rationale can lead to negative price premia and increase
the costs of renewable support schemes, suggesting that renewable marketing
rules may warrant reconsideration.

At the same time, the explanatory power of this work is subject to limitations.
While the model reproduces the main diurnal structure of observed premia, it
does not account for the slightly negative premia observed during nighttime hours
in the German market. Moreover, the theoretical framework provides a stylized
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representation of electricity markets limited to two trading stages. The results
should therefore be interpreted as illustrating plausible mechanisms rather than
providing direct empirical evidence.
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A.1. Notation

Table A.1.: Model sets, parameters, variables, and indices.

Name Unit Definition

Sets
d ∈ D Representative days
h ∈ H Hours
n,m ∈ N Nodes
tech ∈ Tech Technologies

Parameters
η % Efficiency
δ % Losses
p - Price
timesteps - Number of representative days
top % Minimum annual utilization of aggregate

European hydrogen terminals

Variables
TC tEUR Total system costs
OPEX tEUR Variable cost
FOM tEUR Fixed operating and maintenance cost
CAPEX tEUR Annualized capital cost
IC tEUR Import cost
S GWh Supply
D GWh Demand
TRADEBAL GWh Net trade balance
I GWh Imports
C GW Capacity
ST GWh Storage volume
L GWh Uncovered demand

Indices
IMP Import
STOR Storage
ELY Electrolysis
EL Electricity
H2 Hydrogen

126



A.2. Assumptions

A.2. Assumptions

Table A.2.: Techno-economic assumptions as inputs for the energy system model.

Technology Parameter Unit Value Ref.

H2 storage
capacity

CAPEX - New tEUR/GWh 1,454 27, 35, 48, 89, 141

CAPEX - Retrofit tEUR/GWh 727 27, 35, 42, 48, 89, 141

OPEX tEUR/GWh 6.03 35, 48, 101, 141, 145

FOM % of CAPEX 4 101, 141

Conversion H2/CH4 % 20 26, 103

Round-trip eff. % 90 138

Lifetime a 33 125

H2 storage inj.
& with.
capacity

CAPEX - New tEUR/GWh/d 3,841 141

H2 pipeline
Conversion H2/CH4 % 75 56

Losses % 1

H2 import
terminal

CAPEX - New tEUR/GWh/d 14,447 96

OPEX tEUR/GWh/d incl. in IC 138

FOM % of CAPEX 2.5 138

Lifetime a 33

Electrolysis

CAPEX tEUR/GW 392,243 67

FOM tEUR/GW 10,000 42

Efficiency % 74
Lifetime a 25

Battery

CAPEX tEUR/GW 384,626 67

FOM tEUR/GW 13,100 42

Efficiency % 90
Lifetime a 10

Wind onshore

CAPEX tEUR/GW 1,117,000 42

FOM tEUR/GW 13,140 42

Efficiency % 100
Lifetime a 25

Wind offshore

CAPEX tEUR/GW 2,036,000 42

FOM tEUR/GW 26,280 42

Efficiency % 100
Lifetime a 25

Photovoltaics

CAPEX tEUR/GW 682,000 42

FOM tEUR/GW 9,330 42

Efficiency % 100
Lifetime a 25

H2-to-power
CCGT

CAPEX tEUR/GW 762,000 42

FOM tEUR/GW 26,000 [1]
Efficiency % 60
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Technology Parameter Unit Value Ref.

Lifetime a 30

H2-to-power
OCGT

CAPEX tEUR/GW 412,000 42

FOM tEUR/GW 7,400 42

Efficiency % 40
Lifetime a 30

1 Where multiple sources are referenced, values represent the average across sources.
Blank references indicate own assumptions.

A.3. Results of the investment decisions

Table A.3.: Investment decisions under varying TOP rates for the representative weather
year 1989.

Technology Unit
TOP
0%

TOP
20%

TOP
40%

TOP
60%

TOP
80%

TOP
100%

H2 terminal capacity GWh/d 1716 1716 1716 1659 1310 1183
H2 storage capacity TWh 63.4 63.4 63.4 64.7 72.6 81.2
H2 withdrawal capacity GWh/d 7758 7758 7758 7819 8149 8243
H2 injection capacity GWh/d 4284 4284 4284 4311 4529 5344
Electrolysis capacity GW 617 617 617 617 614 600
Available wind and PV TWh 5577 5577 5577 5570 5551 5521
Battery capacity GW 43.7 43.7 43.7 43.7 43.9 43.9
H2-to-power capacity GW 188 188 188 188 187 190
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B.1. Capacity factors for the calculation of LCOH

The calculation of stochastic LCOH requires hourly capacity factors of renewable
energy classes for each weather year under consideration. The meteorological
data used in Moritz et al. (2023) is based on hourly capacity factors from Pfen-
ninger and Staffell (2016) which are scaled to annual capacity factors stemming
from Pietzcker et al. (2014). The inclusion of Pietzcker et al. (2014) allows us to
disaggregate renewable technologies into resource classes with different qualities
and technical potentials restricting the output of hydrogen production. However,
renewable energy potentials and capacity factors from Pietzcker et al. (2014) do
not exhibit an hourly profile. Therefore, Brändle et al. (2021) conduct an expo-
nential scaling to generate synthetic hourly profiles matching the capacity factors
and potentials outlined in Pietzcker et al. (2014).

To incorporate multiple weather years in our analysis, we adjust the approach
in the following way. First, we calculate the annual capacity factor cfa of indi-
vidual weather years per node n and res tech r based on the time series from
Pfenninger and Staffell (2016).

cfaresn,s =
∑︂
h

cf res
n,h,s/8760 (B.1)

Second, we determine the relative deviation delta of capacity factors per
weather year to the mean annual capacity factor cfma.

deltaresn,s =
cfaresn,s

cfmaresn

(B.2)

Then we define an annual target capacity factor cft for each year as the orig-
inal capacity factor cfo from Pietzcker et al. (2014) multiplied by the relative
deviation of individual years to the mean.

cftresn,r,s = cforesn,r · deltaresn,s (B.3)

Lastly, we define a final capacity factor cff, which reflects the targeted annual
capacity factor while keeping the temporal structure of the initial hourly time
series. This is done by using an exponential scaling factor σ for each combination
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of node, resource class, res class, and scenario s, similar to the approach used in
Brändle et al. (2021).

∑︁8760
h=1 cff

res
n,h,r,s

8760
= cftresn,r,s (B.4)

(cf res
n,r,h)

σres
n,r,s = cff res

n,h,r,s (B.5)

The values for the exponential scaling factor σ are derived using a non-linear
optimization model, minimizing deviations of the scaled original profile to the
targeted capacity factor. The objective function and constraint are described in
Equations B.6 and B.7

min OBJ = slackup + slackdown (B.6)

s.t.

cftresn,r,s =

∑︁8760
h=1 (cf

res
n,r,h)

σres
n,r,s

8760
+ slackup − slackdown (B.7)

This adjusted approach allows us to keep the information on the original intra-
and inter-annual weather variability from Pfenninger and Staffell (2016) as well
as the relation between capacity factors for each resource class from Pietzcker
et al. (2014).

B.2. Comparison of LCOH
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Figure B.1.: Comparison of stochastic LCOH and probability-weighted mean LCOH
for wind offshore across various exporting countries. Percentages indicate

the differences between both methodological approaches.
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Figure B.2.: Comparison of stochastic LCOH and probability-weighted mean LCOH
for PV across various exporting countries. Percentages indicate the

differences between both methodological approaches.

B.3. Wind correlation before and after clustering of
weather years

Figure B.3 shows the correlation of wind onshore14 capacity factors between
Europe (capacity-weighted mean over countries) and each exporter for the full
dataset of 27 weather years (before Clustering) and for the five clustered weather
years (after Clustering). Although the clustering methodology does not explic-
itly include correlation as a criterion, both the magnitude and the direction of
the correlations are largely preserved, indicating that the clustering adequately
retains the interregional dependence structure.

14We abstract from an evaluation of PV capacity factors, as hydrogen exports based on PV
generation play only a subordinate role in our model.
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Figure B.3.: Correlation of wind onshore capacity factors between Europe and
exporters.
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B.4. Assumptions

Table B.1.: Techno-economic assumptions as inputs for the energy system model.

Technology Parameter Unit Value Ref.

H2 storage
capacity

CAPEX - New tEUR/GWh 350 54, 128, 141

CAPEX - Retrofit tEUR/GWh 300
OPEX tEUR/GWh 6.03 35, 48, 101, 141, 145

FOM % of CAPEX 4 101, 141

Conversion H2/CH4 % 20 26, 103

Round-trip eff. % 90 138

Lifetime a 33 125

H2 storage inj.
& with.
capacity

CAPEX - New tEUR/GWh/d 6,126 128, 141

H2 pipeline
Conversion H2/CH4 % 75 56

Losses % 1

Electrolysis

CAPEX tEUR/GW 392,243 67

FOM tEUR/GW 10,000 42

Efficiency % 74
Lifetime a 25

Battery

CAPEX tEUR/GW 384,626 67

FOM tEUR/GW 13,100 42

Efficiency % 90
Lifetime a 10

Wind onshore

CAPEX tEUR/GW 1,117,000 42

FOM tEUR/GW 13,140 42

Efficiency % 100
Lifetime a 25

Wind offshore

CAPEX tEUR/GW 2,036,000 42

FOM tEUR/GW 26,280 42

Efficiency % 100
Lifetime a 25

Photovoltaics

CAPEX tEUR/GW 500,000
FOM tEUR/GW 9,330 42

Efficiency % 100
Lifetime a 25

H2-to-power
CCGT

CAPEX tEUR/GW 762,000 42

FOM tEUR/GW 26,000 [1]
Efficiency % 60
Lifetime a 30

H2-to-power
OCGT

CAPEX tEUR/GW 412,000 42

FOM tEUR/GW 7,400 42

Efficiency % 40
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Technology Parameter Unit Value Ref.

Lifetime a 30

1 Where multiple sources are referenced, values represent the average across sources.
Blank references indicate own assumptions.

B.5. LTC prices

Table B.2 summarizes LTC prices based on LCOH that vary by importing coun-
try due to differences in transport distances and available transport options
(pipeline-based or seaborne).

Table B.2.: LCOH including transport costs (EUR/MWh) to selected European coun-
tries from various exporters.

Exporter Technology DE NL GB IT ES PL

MA
Wind onshore 83.2 76.5 83.2 85.1 60.0 86.1
Wind offshore 161.3 154.0 161.1 163.5 135.9 164.5
PV 88.9 82.1 88.9 90.9 65.6 91.8

EA
Wind onshore 81.3 88.0 107.7 94.8 101.7 79.4
Wind offshore 161.7 169.0 189.5 176.4 183.9 159.6
PV 122.6 129.7 149.8 136.8 144.0 120.6

DZ
Wind onshore 95.8 93.3 97.4 85.5 74.0 101.1
Wind offshore 236.0 233.1 237.5 224.4 211.0 242.5
PV 104.5 102.0 106.1 94.1 82.5 110.0

SA
Wind onshore 144.5 138.8 137.4 127.9 134.3 145.6
Wind offshore 301.6 294.0 292.3 278.0 286.2 303.3
PV 132.9 127.4 126.0 116.9 123.2 134.0

TR
Wind onshore 114.7 125.0 126.9 112.4 128.6 115.6
Wind offshore 266.7 278.8 280.8 263.8 283.2 267.9
PV 103.0 113.2 115.0 100.7 116.7 103.9

IR
Wind onshore 108.1 115.0 127.0 110.7 130.6 114.1
Wind offshore 395.4 404.3 419.1 398.4 424.7 403.2
PV 119.4 126.3 138.4 122.0 142.2 125.5

KZ
Wind onshore 113.1 119.2 121.8 117.7 132.1 108.0
Wind offshore – – – – – –
PV 141.9 148.2 150.8 146.6 161.4 136.6

IL
Wind onshore 178.6 172.4 171.0 160.4 167.2 179.8
Wind offshore 357.7 349.3 347.5 331.1 340.1 359.7
PV 133.7 128.1 126.8 117.6 123.9 134.7

IS
Wind onshore 133.0 130.0 129.2 139.5 140.8 134.1
Wind offshore 128.7 125.7 124.9 135.1 136.3 129.7
PV – – – – – –

AZ
Wind onshore 115.4 122.8 127.7 117.2 134.2 120.9
Wind offshore – – – – – –
PV 119.2 126.7 131.6 121.0 138.1 124.8

TM
Wind onshore 132.5 137.7 147.3 139.8 163.6 128.9
Wind offshore – – – – – –
PV 138.5 143.8 153.5 145.9 169.8 134.9
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Exporter Technology DE NL GB IT ES PL

US
Wind onshore 144.7 140.4 139.0 144.8 146.0 145.7
Wind offshore 202.7 197.9 196.5 202.9 204.0 204.0
PV 136.7 132.5 131.2 136.8 138.1 137.8

KG
Wind onshore 205.8 213.1 217.5 209.8 233.5 198.1
Wind offshore – – – – – –
PV 141.8 148.6 152.8 145.5 167.8 134.5

MX
Wind onshore 161.5 156.8 155.5 160.2 161.4 162.6
Wind offshore 328.4 322.4 320.8 326.8 327.6 330.1
PV 140.8 136.4 135.0 139.5 140.8 141.9
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C.1. Use of variance as a risk metric

In the ex-post evaluation of profit risk, assuming normally distributed realizations of Q,
we find that profit variance decreases under risk aversion (λ > 0), as expected. While
the CVaR is often preferred for capturing tail risks in asymmetric distributions, it is
analytically intractable in our setting. Approximations based on higher moments (e.g.,
skewness or kurtosis) are also impractical, as they would involve solving high-degree
expressions. Despite the asymmetry in profits, we therefore adopt variance as a risk
proxy within the mean-variance utility framework.

This choice is supported by our simulation results, which show a strong inverse cor-
relation between profit variance and CVaR (see Figures C.1 and C.2). Since profits are
strictly positive, a higher CVaR is favored. A maximization of the CVaR corresponds to
a maximization of the lowest profits to an alpha-quantile (α = 0.05). Hence, reducing
variance can be interpreted as a reasonable approximation of maximizing the CVaR.
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Figure C.1.: Variance of RE producer
profits
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Figure C.2.: Conditional Value at Risk of
RE producer profits

C.2. Choice of lambda

To calibrate a reasonable value for the degree of risk aversion λ, we assume that a risk-
averse RE producer is indifferent between a certain profit (πgi) equal to the expected
profit minus one standard deviation of the uncertain profit πi. That is, the certainty
equivalent is given by:

πgi = E[πi]− σπi = E[πi]−
λ

2
·Var(πi) (C.1)
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Solving for λ gives:

λ =
2 · σπi

Var(πi)
(C.2)

Using this method and the numerical assumptions from Table 4.2, we derive the
following estimates:

For a monopolistic setting (N = 1), we obtain E[π] = 1910, Var(π) = 32,658, and
σ(π) = 180.3. This results in λ1 ≈ 0.011.

For a more competitive market (N = 64), we find E[π] = 1760, Var(π) = 48,145, and
σ(π) = 219.4. Accordingly, λ64 ≈ 0.0091.

While the precise value of λ plays a secondary role in our analysis, mainly serving for
the visualization of effects, we choose λ = 0.01 as a consistent and reasonable estimate
across different market settings.

C.3. Proofs

C.3.1. Proof of Proposition 2

The profit function of an RE producer for varying marginal cost functions is described
in Eq. (4.3). The first derivative results in:

dU
dqi1

=
dE(profit)

dqi1
− λ

2

dVar(profit)

dqi1
(C.3)

with
dE(profit)

dqi1
= µQi N a2 − µQi a1 + µQi a2

−N a2 qj1 − 2 a2 qi1 + a2 qj1

(C.4)

and
dVar(profit)

dqi1
= 2σ2

Qi

(︂
−2µQiN

2a22 + 2µQiN a1 a2 − 2µQiN a22

−N2a1 a2 qj1 +N2a22 qi1 +N2a22 qj1

+N a21 qj1 +N a1 a2 d− 2N a1 a2 qi1 −N a1 a2 qj1

+ 2N a22 qi1 +N a2 b− a21 d+ a21 qi1 − a21 qj1

+ a1 a2 d− 2 a1 a2 qi1 + 2 a1 a2 qj1

− a1 b+ a22 qi1 − a22 qj1 + a2 b
)︂

(C.5)

Setting the derivative of the utility function to zero and solving for q∗i1 results in the
profit-maximizing first-stage bid of the RE producer i:
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q∗i1 =

2µQiN
2σ2

Qi
a22λ− 2µQiNσ2

Qi
a1 a2λ

+ 2µQiNσ2
Qi
a22λ+ µQiN a2 − µQia1 + µQia2

+N2σ2
Qi
a1 a2λ qj1 −N2σ2

Qi
a22λ qj1

−Nσ2
Qi
a21λ qj1 −Nσ2

Qi
a1 a2 d λ+Nσ2

Qi
a1 a2λ qj1

−Nσ2
Qi
a2 b λ−N a2 qj1 + σ2

Qi
a21 d λ

N2σ2
Qi
a22λ− 2Nσ2

Qi
a1 a2λ+ 2Nσ2

Qi
a22λ

+ σ2
Qi
a21λ− 2σ2

Qi
a1 a2λ+ σ2

Qi
a22λ+ 2 a2

+

σ2
Qi
a21λ qj1 − σ2

Qi
a1 a2 d λ− 2σ2

Qi
a1 a2λ qj1

+ σ2
Qi
a1 b λ+ σ2

Qi
a22λ qj1 − σ2

Qi
a2 b λ+ a2 qj1

N2σ2
Qi
a22λ− 2Nσ2

Qi
a1 a2λ+ 2Nσ2

Qi
a22λ

+ σ2
Qi
a21λ− 2σ2

Qi
a1 a2λ+ σ2

Qi
a22λ+ 2 a2

(C.6)

Apply the symmetry assumption qi1 = qj1, µQ = µQi ∗ N , and σQ = σQi ∗ N , and
solve for q∗i1:

q∗i1 =
A+ λB

C + λD
(C.7)

where the components are defined as follows:

A = µQN(Na2 + a2 − a1)

B = σ2
Q

(︂
2µQNa22 − 2µQa1a2 + 2µQa

2
2 −Na1da2 −Nba2 + a21d+ a1b− a1da2 − ba2

)︂
C = N(N2a2 +Na2)

D = N
(︂
σ2
Q

(︂
−Na1a2 + 2Na22 + a21 − 3a1a2 + 2a22

)︂)︂

C.3.2. Proof of Corollary 2

In the following, we reformulate
dq∗i1
dλ = BC−AD

(2a2+λD)2 to prove Corollary 2. The numerator

of Eq. (4.25) is:

BC−AD = σ2
Q

[︂
2a2

(︂
µQ(4a

2
2−2a1a2)+(−2a1da2−2ba2+a21d+a1b)

)︂
−µQ(2a2−a1)(2a2−a1)

2
]︂
.

Reformulate to:

BC −AD = σ2
Q · (a1 − 2a2)

(︂
a1(a1 − 4a2)µQ + 2a2(a1d+ b)

)︂
.

Since σ2
Q > 0, BC −AD < 0 is equivalent to:

(a1 − 2a2)
(︂
a1(a1 − 4a2)µQ + 2a2(a1d+ b)

)︂
< 0

Reformulate to:
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a1(a1 − 4a2)µQ > −2a2(a1d+ b),

Solve for µQ:

µQ <
2a2(a1d+ b)

a1(4a2 − a1)
.
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D.1. Transformation of bid curves

This section formally describes the transformation of the day-ahead bid curves. The
approach and the notation follow Kulakov and Ziel (2019).

For a given delivery day d and hour s, the aggregated day-ahead auction results can be
represented by a supply curve and a demand curve. Both curves relate traded volumes
to prices and are defined on a common price domain bounded by the market price limits.

Let the wholesale supply curve be denoted by

SUPWS
d,s : q ↦→ P, (D.1)

and the wholesale demand curve by

DEMWS
d,s : q ↦→ P, (D.2)

where q ∈ (0,∞) denotes the cumulative volume and P ∈ [Pmin, Pmax] the corresponding
bid price.

Due to the strict monotonicity of both curves, their inverse functions exist and are
given by

SUPWS,−1
d,s : P ↦→ q, DEMWS,−1

d,s : P ↦→ q. (D.3)

The inverse curves map prices to cumulative quantities.

In the day-ahead auction, prices are bounded by a minimum admissible price Pmin =
−500 EUR/MWh. The perfectly inelastic demand level for delivery day d and hour s is
defined as the cumulative demand evaluated at the minimum price.

DEM inelastic
d,s = DEMWS,−1

d,s (Pmin). (D.4)

This quantity represents the total volume that is demanded at the lowest admissible
price and serves as the fixed demand level in the transformed representation.

To obtain a representation with perfectly inelastic demand, the elasticity originally
embedded in the demand curve is transferred to the supply side. This is achieved by
combining the inverse wholesale supply curve with a mirrored version of the inverse
wholesale demand curve.

The transformed inverse supply curve is defined as

SUP−1
d,s(P ) = SUPWS,−1

d,s (P ) +
(︂
DEM inelastic

d,s −DEMWS,−1
d,s (P )

)︂
. (D.5)

The first term corresponds to the original inverse wholesale supply curve, while the
second term reflects the demand-side elasticity mirrored around the perfectly inelastic

141



D. Supplementary Material for Chapter 5

demand level. Since both inverse curves are monotonic, the transformed inverse supply
curve is also monotonic.

The original day-ahead market-clearing price PDA
d,s satisfies

PDA
d,s = SUPd,s

(︁
DEM inelastic

d,s

)︁
, (D.6)

such that the transformed representation preserves the original equilibrium price.

Under the transformed representation, demand is perfectly inelastic and fixed at
DEM inelastic

d,s . Any quantity deviation x around this demand level corresponds to an
equal and opposite horizontal shift of the transformed inverse supply curve. As a conse-
quence, price adjustments resulting from quantity deviations can be interpreted exclu-
sively as supply-side responses.
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