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Abstract

Offshore wind is expected to become the largest energy source in the Netherlands. However, its eco-
nomic viability has come under increasing pressure. Integrating energy storage with wind generation
offers a potential solution by enhancing system flexibility and enabling additional revenues through
multi-market participation. Hybrid Power Plants (HPPs) combine generation and storage technologies
within a single system. This study investigates how the integration of short- and long-duration energy
storage affects the profitability of wind-based HPPs operating across multiple electricity markets.

Short-duration lithium-ion (Li-ion) battery storage was compared with long-duration Liquid Piston Com-
pressed Air Energy Storage (LPCAES). Lithium-ion batteries were evaluated while explicitly accounting
for degradation, whereas LPCAES represents an emerging near-isothermal CAES technology with im-
proved compression efficiency. Both technologies are evaluated across different energy capacities and
charge/discharge rates within a multi-market framework, including participation in the day-ahead and
automatic Frequency Restoration Reserve (aFRR) markets. Profitability is assessed using operational
revenues and a Net Present Value analysis.

Results show that economic performance strongly depends onmarket conditions, storage sizing, degra-
dation effects, and investment assumptions. Without degradation, Li-ion batteries generally outperform
LPCAES in terms of profit due to higher efficiency and power capability. When degradation is consid-
ered, outcomes become year-dependent: LPCAES can achieve higher profitability under moderate
price conditions and larger storage sizes, whereas Li-ion remains superior in high-price years. Overall,
no single technology is universally optimal; the economically preferred option depends on the specific
market environment and system configuration.
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1
Introduction

This chapter introduces the thesis by outlining its main topic and discussing the fundamental concepts
and existing studies that collectively form the basis for the subsequent chapters.

1.1. Background
Offshore wind is becoming the Netherlands’ largest source of electricity and a cornerstone of the na-
tional energy transition. Installed capacity is projected to reach approximately 40 GW by 2040, supply-
ing around half of total electricity demand. As an intermediate milestone, the Dutch government aims
to realize 21 GW of offshore wind capacity by 2032. However, as of 2025, only 4.7 GW is operational
[1]. At the same time, the business case for offshore wind has weakened in recent years. Between
2020 and 2025, the levelized cost of energy (LCOE) for offshore wind increased by approximately 40%,
driven by higher interest rates, inflation, and rising costs for materials, labor, and installation vessels.
Meanwhile, demand for additional wind capacity has remained limited due to slower (industrial) elec-
trification. This imbalance between supply and demand undermines the offshore wind business case,
making developers more reluctant to invest and threatening the achievement of Dutch climate targets
[2].

Integrating energy storage can strengthen the overall business case for offshore wind by unlocking ad-
ditional revenue streams. In this context, Hybrid Power Plants (HPPs) present a promising approach.
HPPs combine two or more co-located generation and storage technologies. In contrast, Virtual Power
Plants (VPPs) are cloud-based systems that coordinate energy assets spread across different locations
[3]. Specifically, HPPs combine technologies like wind turbines and solar photovoltaics (PV) with en-
ergy storage systems, such as batteries. An energy management system (EMS) determines whether
electricity generated by PV or wind is supplied to the grid or stored in the storage system. It also de-
cides when the storage system should be discharged, with the goal of maximizing the overall revenue
of the HPP [4]. In addition, the EMS can also supply power to other components, such an electrolyzers
for hydrogen production [5].

The flexibility of HPPs to dispatch energy on demand enables them to function similarly to conventional
power plants [6], thereby improving supply–demand matching. Beyond this, in energy systems with
high shares of renewable generation, such as the Netherlands, the variability of weather-dependent
sources poses increasing balancing challenges. HPPs can help maintain grid stability by providing
balancing energy, while also creating additional revenue opportunities through participation in balancing
markets [7]. Furthermore, HPPs benefit from lower project costs by combining technologies to share
permitting and siting processes, power electronics, and plant equipment [8].

1.2. Literature Review
Storage technologies vary significantly in their energy storage duration. Long-duration systems typi-
cally have higher power capacity costs (€/kW) but lower energy capacity costs (€/kWh) [9]. Due to
their large-scale manufacturing capacity, the industry’s extensive experience in production, and rapid
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deployment capabilities, Li-ion batteries are among the leading candidates for short-term stationary
energy storage [10]. Their use in grid applications is expected to grow significantly in the coming years.
This scale-up holds substantial potential for further cost reductions. For instance, the cost of Li-ion
battery packs for electric vehicles fell by 73% between 2010 and 2016, driven by factors such as ex-
panded production capacity, improvements in battery materials, more competitive supply chains, and
enhanced performance characteristics [11].

As outlined in Section 1.1, HPPs integrate generation and storage technologies and enable revenue
stacking across multiple electricity markets. As will be discussed in Section 2.2.2 and [11], Lithium-ion
batteries are particularly suited to certain balancing markets, whereas long-duration storage technolo-
gies such as Pumped Hydro Storage (PHS) and Compressed Air Energy Storage (CAES) are better
aligned with others due to their operational characteristics.

[12] analyzes the optimal day-ahead self-scheduling of a wind power producer integrated with com-
pressed air energy storage (CAES), accounting for uncertainties in wind generation and electricity
prices. The study highlights that insufficient robustness can result in substantial additional costs when
actual conditions deviate from forecasts. An optimal robustness level balances protection costs and
realized benefits. The coordinated operation of wind and CAES outperforms separate operation in
both deterministic and robust cases. Participation in balancing markets, however, is not included in the
analysis.

In [13], a coordinated bidding framework for a hybrid power plant (HPP) integrating wind generation
and compressed air energy storage (CAES) across the day-ahead, intraday, and balancing markets is
presented. The approach is formulated as a risk-aware optimization problem that incorporates Condi-
tional Value-at-Risk (CVaR) to limit financial risk while maximizing expected revenues and addressing
wind power uncertainty. The results show that coordinated operation outperforms separate wind and
CAES participation in terms of higher profits and improved risk management.

In addition, [14] studies the optimal bidding strategy of an HPP combining wind, battery storage, and
CAES in the day-ahead and intraday markets. The model accounts for wind and price uncertainty,
imbalance costs, battery degradation, and risk management using CVaR, and is formulated as a three-
stage stochastic MILP. The coordinated operation of wind, BES, and CAES increases expected profit
more than it improves CVaR. In other words, the strategy mainly improves average earnings but does
not reduce the risk of very unfavorable outcomes to the same extent. The coordinated model provides
the system with greater flexibility in the day-ahead and intraday markets and accepts higher downward
imbalances to increase profit. When operating in a coordinated manner, the battery is used more
intensively (deeper charging and discharging cycles), which increases its degradation cost. However,
participation in balancing reserve markets is not considered.

[15] develops an optimal bidding strategy for a combined wind farm and pumped-hydro storage unit.
The system participates in the day-ahead (DA) market and a physical bilateral contract (PBC), while
accounting for imbalance penalties. A PBC is a direct agreement to deliver a fixed amount of electricity
at a fixed price over a set period. he objective is to minimize imbalance costs, optimally allocate energy
between the DA market and the PBC, and incorporate risk aversion using CVaR. The problem is formu-
lated as a two-stage stochastic MILP model. Results show that coordinating wind with pumped-hydro
storage mitigates wind uncertainty, as hydro generation can offset wind shortfalls or absorb excess
production. High bilateral prices shift energy toward the PBC, reducing exposure to DA price volatility
and stabilizing revenues. Greater risk aversion leads to more conservative DA offers to limit imbal-
ance penalties. Finally, the integrated wind-hydro system achieves a better risk–return trade-off than
standalone wind generation due to its operational flexibility.

Finally, [16] investigates the short-term self-scheduling of a HPP composed of a wind farm and a Li-ion
battery participating in the Spanish DA and balancing markets, explicitly accounting for battery degra-
dation costs. A MILP model is formulated to solve the problem. The results show that incorporating
calendar aging significantly influences the battery’s charging and discharging strategy, leading to lower
State Of Charge levels to reduce degradation costs. When calendar aging is considered, revenues
from both the DA and balancing markets decrease.

Existing literature demonstrates that several studies have examined the profitability of coupling wind
energy with both Li-ion batteries and long-duration energy storage across multiple electricity markets.
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However, a research gap remains, as no study has found that directly compared the profitability of short-
duration Li-ion storage and long-duration storage technologies within the same optimization framework
in a wind-based hybrid power plant (HPP) across multiple markets, while simultaneously accounting
for different sizing configurations and degradation effects.

1.3. Research Questions
The proposed Main Research Question (MRQ) is:

How does the profit of hybrid power plants integrating either short- or long-duration storage
compare across multiple electricity markets, considering storage sizing and degradation?

The accompanying Sub-Questions (SQs) are:

1. How does the integration of short- versus long-duration storage in hybrid power plants influence
profitability across multiple electricity markets?

2. What is the relationship between the sizing of short- and long-duration storage systems and the
profitability of hybrid power plants across multiple electricity markets?

3. How does the degradation characteristics of short- and long-duration storage affect profitability
and the dispatch strategy of hybrid power plants?

1.4. Thesis Outline
This report is structured as follows. Chapter 2 introduces the technical background necessary to under-
stand the study. Chapter 3 describes the applied methodology, while Chapter 4 presents the results.
Chapter 5 discusses the findings, and Chapter 6 concludes the report and provides recommendations
for further research.



2
Technical background

2.1. The Dutch electricity market
The electricity system, illustrated in Figure 2.1, is structured into three interconnected layers that rep-
resent different dimensions of the electricity market: the physical layer, the actors, and the institutional
layer. The coming sections will explain these different layers.

Figure 2.1: Overview of the Dutch electricity market, covering the physical infrastructure, key actors, market structures, and
the flows of information and finances between them.

Adapted from [17].

2.1.1. Physical layer and actors
At the base of Figure 2.1 is the physical layer, which encompasses electricity generation and con-
sumption (load). Maintaining a real-time balance between generation and consumption is essential but

4



2.1. The Dutch electricity market 5

challenging, often leading to system imbalances. Electricity generated flows through the high-voltage
transmission network and is then distributed regionally through lower-voltage grids.

The next level is the actors layer, which comprises key market participants. Electricity suppliers, such
as an HPP, produce electricity and must coordinate with the Transmission System Operator (TSO) to
access the high-voltage grid. TSOs are responsible for planning, maintaining, and expanding the trans-
mission infrastructure. In the Netherlands, this role is fulfilled by TenneT, which also collaborates with
other European TSOs to enable the integration of a single European electricity market and facilitate
cross-border electricity allocation. TSOs also play a crucial role in monitoring and correcting system
imbalances. Balance Responsible Parties (BRPs) are financially accountable for ensuring that gener-
ation and consumption are balanced within each 15-minute Imbalance Settlement Period (ISP). They
submit energy schedules to TenneT, indicating their planned generation and consumption. Finally, Bal-
ancing Service Providers (BSPs) supply balancing energy or capacity in real time to help stabilize the
system [18].

2.1.2. Institutional layer
The institutional layer of Figure 2.1 is divided into two main market categories: the short-term markets,
and the balancing market. These categories will be discussed in the following sections.

Short-term markets
The short-term markets, also known as spot markets, consist of the day-ahead and intraday markets.
These platforms are crucial for managing real-time supply and demand, thereby ensuring system bal-
ance [19]. In the day-ahead market, a blind auction is held once per day, every day of the year. During
this auction, trading occurs for all 24 hours of the following day. Market participants submit their orders
before the order book closes at 12:00 CET. Suppliers offer a specific amount of capacity (in MW) at
a designated price (€/MWh). This offering price typically reflects the marginal cost, the additional ex-
pense of producing one more MWh of electricity. The offers are sorted in merit order, from the lowest to
the highest marginal cost, which forms the supply curve. Meanwhile, consumers submit bids indicating
how much capacity they wish to purchase and the price they are willing to pay. These bids are ranked
from highest to lowest, forming the demand curve. The market clearing price (MCP) is established
at the intersection of supply and demand curve. This price applies uniformly to all accepted bids and
offers for each delivery period [20]. In this competitive market, where both suppliers and consumers
are price-takers and cannot influence the market price, suppliers maximize profit by selling electric-
ity at marginal cost, while buyers maximize their utility by seeking the greatest value for their money.
This results in the most efficient outcome, where low-cost suppliers produce electricity for those who
value it most, thereby maximizing overall social welfare [21], see Figure 2.2. Note that starting in the
fourth quarter of 2025, market clearing will occur every 15 minutes instead of hourly to better reflect
fluctuations in renewable energy production [22].

Figure 2.2: The market clearing process in the day-ahead market maximizes social welfare at the intersection of the supply
and demand curves [23].

RES generally have very low marginal costs because they do not require fuel and have minimal op-
erating expenses. In contrast, fossil fuel-based power plants, face higher marginal costs due to fuel
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requirements. This cost advantage allows renewables to be dispatched earlier in the merit order. As a
result, renewable energy can displace more expensive and more polluting fossil fuel plants, reducing
overall generation costs and emissions [24]. The downside is that lower prices reduce revenues for
all generators, but especially for renewables, since they depress prices most when they produce the
most. This ”cannibalization” effect means that increasing RES capacity lowers market revenues and,
in a free market, reduces the incentive to invest in new RES projects [25].

The intraday market opens at 15:00 CET, three hours after the closure of the day-ahead market. It
is a trading platform where electricity is traded on a pay-as bid basis [26]. The intraday market helps
achieve a more accurate balance between supply and demand. If a power plant unexpectedly ex-
periences outage or wind and solar output exceed forecasts due to favorable weather, suppliers and
consumers can adjust by trading electricity continuously. In other words, in the intraday market par-
ticipants have the opportunity to correct deviations from their day-ahead schedules. A transaction is
executed immediately when a buy order matches a sell order [27]. In 2025, alongside the intraday con-
tinuous market (IDC), a new intraday auction market (IDA) is introduced. This market allows electricity
to be traded using a mechanism similar to the day-ahead market, featuring uniform pricing. Auctions
are held multiple times per day and allow trading in hourly, 30-minute, and 15-minute time intervals.
The new market provides an additional opportunity for market participants to adjust their positions from
the day-ahead schedule and helps to reduce grid imbalance [28].

Balancing market
The balancing market is a mechanism designed to continuously maintain the equilibrium between elec-
tricity supply and demand [29]. The TSOs within Europe’s synchronous frequency area share joint
responsibility for maintaining a stable frequency of 50 Hz. In the Netherlands, TenneT is responsi-
ble for maintaining the power system balance [30]. Any imbalance between electricity generation and
consumption leads to deviations from this frequency. To manage this, every supplier or consumer con-
nected to the grid must be associated with a BRP. Each BRP submits a commercial trade schedule
to TenneT on a daily basis. TenneT verifies that the aggregated schedules of all BRPs balance out,
meaning that total forecasted supply equals total forecasted demand for every ISP of the delivery day.
On the delivery day itself, BRPs are expected to operate in line with their submitted schedules. If an
imbalance arises, TenneT intervenes during the ISP to restore balance. After the delivery day, a finan-
cial settlement starts. Whether a BRP receives a payment from TenneT or is required to pay depends
on the specific imbalance scenario and the corresponding regulation state.

TenneT uses different regulation states to determine imbalance prices:

• Regulation state 0 applies when there is no need for TenneT to activate any upward or downward
reserves. In other words, despite deviations between what BRPs have scheduled and what ac-
tually occurs, the overall system remains balanced. This can happen when opposing deviations
cancel each other out, or during special conditions like a blackout where the normal balancing
mechanism is suspended. In this state, there is no formal balancing price derived from activated
regulation. Instead, the imbalance price for BRPs is based on the mid-price.

• Regulation state +1 is used when there is a net shortage of electricity and TenneT must activate
upward regulation to restore balance. In this case, the imbalance price is based on the upward
regulation price. BRPs that have a shortage, contribute negatively to the system and must pay
the upward price. Meanwhile, BRPs with a surplus help to correct the imbalance and are com-
pensated at that same price.

• The opposite situation is represented by regulation state -1, where there is excess power in the
system, and TenneT must activate downward regulation. Here, the imbalance price is based on
the downward regulation price. Surplus BRPs worsen the imbalance by adding extra electricity to
an already oversupplied system and therefore must pay this price. On the other hand, shortage
BRPs, which withdraw more than scheduled, actually help correct the imbalance and are paid
accordingly.

• In rare and more complex situations, regulation state 2 is used. This state applies when both
upward and downward reserves are activated during the same ISP, or when the relationship
between the regulation price and the mid-price requires special handling. For example, if the
upward price is higher than or equal to themid-price, then the upward price is used for settlements.
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If it is lower, the mid-price is used instead. A similar rule applies to the downward regulation side.
This mechanism ensures that imbalance prices reflect the real-time system conditions fairly, and
prevent BRPs from benefiting from anomalies in price formation [30].

During ISP with Imbalance position BRP Imbalance price Direction of payment

Regulation state 0
BRP shortage Pmid(+) BRP → TSO

Pmid(−) TSO → BRP

BRP surplus Pmid(+) TSO → BRP
Pmid(−) BRP → TSO

Regulation state +1
BRP shortage Pup(+) BRP → TSO

Pup(−) BRP → TSO

BRP surplus Pup(+) TSO → BRP
Pup(−) TSO → BRP

Regulation state -1
BRP shortage Pdown(+) BRP → TSO

Pdown(−) BRP → TSO

BRP surplus Pdown(+) TSO → BRP
Pdown(−) TSO → BRP

Regulation state 2
BRP shortage

Pup ≥ Pmid
Pup(+) BRP → TSO
Pup(−) TSO → BRP

Pup < Pmid
Pmid(+) BRP → TSO
Pmid(−) TSO → BRP

BRP surplus
Pdown ≤ Pmid

Pdown(+) TSO → BRP
Pdown(−) BRP → TSO

Pdown > Pmid
Pmid(+) TSO → BRP
Pmid(−) BRP → TSO

Table 2.1: Imbalance price and direction of payment per ISP, based on the regulation state and the BRPs imbalance position.
The direction of payment depends on whether the TSO pays the BRP or the BRP pays the TSO. This is determined by the

BRPs imbalance position (shortage or surplus) and the sign of the imbalance price, which can be positive (+) or negative (−).
The imbalance prices are defined as follows: (Pup) is the balancing energy price for upward regulation, (Pdown) is the

balancing energy price for downward regulation, and (Pmid) is the mid-price [30].

BSPs supply balancing energy when activated by TenneT through contractual agreements. In addition
to these contracted BSPs, other market participants without contracts may also submit bids to provide
balancing energy. This open participation encourages price competition. The market operates on a
marginal pricing principle. Bids for upward regulation are ordered from lowest to highest on the right-
hand side of the merit order, while bids for downward regulation are ordered from highest to lowest
on the left-hand side. These sorted bids together form the merit orders for upward and downward
regulation, see Figure 2.3. The figure also displays the mid-price, calculated as the average of the
highest activated downward bid and the lowest activated upward bid [30].

Figure 2.3: Merit order for upward and downward regulation. The upward regulation price is determined by the highest
accepted upward bid, while the downward regulation price is set by the lowest accepted downward bid. The mid-price

represents the average of these two regulation prices [30].
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In case of imbalance, TenneT intervenes by regulating the grid either upward or downward. Upward
regulation involves increasing electricity injections into the grid or reducing withdrawals. Conversely,
downward regulation means decreasing injections or increasing withdrawals. These regulatory actions
are categorized into different regulation states. Depending on whether their position of BRPs supports
or hinders the grid balance, BRPs will either receive payment from TenneT or be required to pay an
imbalance fee. This interaction ensures that market participants remain incentivized to balance their
portfolios as accurately as possible, contributing to the overall stability of the electricity system [30].
A BRP may choose not to follow its scheduled plan if it anticipates that the resulting imbalance will
help stabilize the overall electricity system. In this case, the BRP does not provide a formal balancing
product on the market but can still receive the imbalance price from TenneT [26]. This approach is
known as passive balancing.

Ancillary services
Ancillary services are essential for TSOs to ensure a reliable power supply. These services can be
divided into four main categories: frequency control, voltage control, restoration of supply after a black-
out, and operational management. Among these, balancing energy, or frequency control, is the most
prominent. It is procured through the balancing market of Section 2.1.2, where balancing energy and
reserves are traded, while the other services are usually secured through bilateral contracts between
the TSO and generators [31]. There are three different types of frequency control services in the
Netherlands.

Frequency Containment Reserve (FCR)
The Frequency Containment Reserve (FCR), previously known as ”primary reserve,” involves con-
tracted BSPs that automatically respond to changes in the frequency of the grid [26]. FCR capacity is
bid through a daily auction with a 4-hour resolution, where both upward and downward capacity are
offered simultaneously (symmetrical bidding). The minimum bid size is 1 MW, with a bid increment
of 1 MW. The FCR market is procured via a common merit order. TenneT can automatically activate
the offered capacity when needed. Full activation must occur within 30 seconds, with the activation
process starting in less than 2 seconds. For limited energy reservoirs (LERs), such as batteries, the
power must be delivered for at least 15 minutes. For ”unlimited” sources, like gas plants, a longer
delivery duration is required [32]. The average daily FCR capacity contracted in the Netherlands was
55 MW during the period 2019–2023, but it is expected to increase to 120 MW by 2033. According to
Rabobank, despite relatively high prices, the FCR market is small and offers limited earning potential
for flexible power providers [33].

automatic Frequency Restoration Reserve (aFRR)
The automatic Frequency Restoration Reserve (aFRR), formerly known as the ”secondary reserve”, is
procured through the procedure described in Section 2.1.2. In daily 24-hour auctions, BSPs can submit
bids for both upward and downward capacity at a specified price (€/MW). BSPs receive a capacity
payment simply for being available, regardless of whether their reserve is actually activated by TenneT.
This mechanism ensures that TenneT always has sufficient balancing capacity available for automatic
activation. After being awarded a contract, BSPs must submit energy bids (€/MWh) for each 15-minute
interval. Non-contracted BSPs may also submit bids to provide balancing energy [26]. Capacity bids
are asymmetrical. The minimum bid size is 1 MW, with increments of 1 MW. The offered aFRR volume
must have a ramp-up rate of at least 20% per minute, meaning the full capacity must be delivered within
5minutes. The reaction timemust be less than 30 seconds. The delivered powermust cover at least the
ISP, thus 15minutes [34]. Between 2021 and 2024, the average daily aFRR capacity in the Netherlands
was approximately 340 MW for upward regulation and 390 MW for downward regulation. This capacity
is expected to increase significantly in the coming years. According to Rabobank, although contracted
capacity prices are declining, high price volatility presents attractive opportunities for flexible power
suppliers [33].

manual Frequency Restoration Reserve directly activated (mFRRda)
Formerly referred to as the ”tertiary reserve,” the manual Frequency Restoration Reserve directly acti-
vated (mFRRda) is activated manually by TenneT in cases of incidents or sustained power imbalances.
To qualify as an mFRRda provider, a unit must be capable of delivering the contracted power contin-
uously over the full 24-hour contract period [26]. Capacity bids for mFRRda are asymmetrical, with a
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minimum bid size of 1 MW and increments of 1 MW. The maximum activation time is 15 minutes for
upward capacity and 10 minutes for downward capacity. Once activated by TenneT, the contracted
BSP must be able to deliver the full offered capacity continuously for at least one hour [35]. FRR (Fre-
quency Restoration Reserve) auctions are conducted jointly, with both aFRR and mFRRda capacity
bids evaluated in a single process. The awarding algorithm first ensures that the minimum required
volumes of aFRR and total FRR are met, then selects the most cost-effective combination of aFRR and
mFRRda to fulfill these requirements [34]. Note: If aFRR and mFRRda are delivered simultaneously,
they must be provided via physically separate connections. This ensures the independent delivery of
each service and allows TenneT to verify them individually [35]. Between 2021 and 2024, the average
mFRRda capacity in the Netherlands was approximately 920 MW for upward regulation and 880 MW
for downward regulation. This capacity is expected to increase significantly in the coming years. Ac-
cording to Rabobank, the price for upward capacity is relatively high and may remain that way. As a
result, the mFRRda market presents a potentially attractive opportunity for providing upward capacity
[33].

Overview ancillary services
Figure 2.4 shows how the three types of frequency control reserves play distinct roles in maintaining
grid stability. The FCR acts first, providing an automatic response to arrest any immediate frequency
deviation. Following this, the aFRR takes over to correct more significant imbalances and steer the
frequency back to the nominal 50 Hz. For even greater disturbances that exceed the corrective capacity
of FCR and aFRR, the mFRRda is deployed. A comparative overview of these reserves and their
operational features can be found in Table 2.2.

Figure 2.4: Timeline of reserve activation after a frequency deviation in the grid: FCR, aFRR, and mFRRda. [36].

Attribute FCR aFRR mFRRda
Activation type Automatic Automatic Manual
Reaction time <2 s <30 s -
Activation time <30 s <5 min <15 min (up), <10 min (down)
Min. volume 1 MW 1 MW 1 MW
Direction Symmetrical Asymmetrical Asymmetrical
Bid resolution 1 MW 1 MW 1 MW
Duration ≥15 min ≥15 min ≥1 h
Average capacity ∼55 MWa ∼340/390 MWb ∼920/880 MWb

Table 2.2: Overview of Dutch frequency balancing markets [32, 34, 35, 37]. aApproximate average daily contracted capacity in
the Netherlands (2019-2023) [33]. bApproximate average daily contracted upward/downward capacity in the Netherlands

(2021–2024) [33].
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2.2. Storage Technologies for Hybrid Power Plants
2.2.1. Overview of storage technologies
In general, energy storage technologies can be categorized into five groups: electrical (EESS), elec-
trochemical (ECESS), mechanical (MESS), thermal (TESS), and chemical (CESS) energy storage sys-
tems [38]. In this section, the storage technologies suitable for integration into HPPs for this research
are identified.

EESS technologies include capacitors, Supercapacitor Energy Storage (SCES), and Superconducting
Magnetic Energy Storage (SMES). These systems typically have very short discharge durations, from
milliseconds to a few minutes, and are better suited for power quality applications rather than grid-
scale energy management. For instance, capacitors are generally used in small-scale applications
with power ratings ranging from 200 kW to a few megawatts. Supercapacitors and SMES, despite their
high power densities, are unsuitable for participation in energy or balancing markets due to their limited
energy capacity and short-duration discharge [39] Therefore, they are not considered appropriate for
integration into a HPP configuration in this work.

TESS technologies include Sensible Thermal Energy Storage (STES), latent heat using phase-change
materials (PCM), and Thermochemical Storage (TCS). These systems are typically designed for ap-
plications where thermal energy is used directly. Depending on the storage medium and system con-
figuration, discharge durations can range from several hours to days or even longer. Their relatively
slow discharge rates and the need to convert thermal energy to electricity limit their effectiveness for
grid services that require fast response. In addition, round-trip efficiencies for TESS are typically in the
range of 60–70% [39]. Accordingly, they are excluded from using in HPP configurations in this work.

CESS technologies, such as hydrogen, are considered beyond the scope of this research and are
therefore not included in the HPP configurations analyzed in this study. In HPP configurations that
already include electrolyzers, hydrogen is typically either stored for long-term use or sold directly. Its
reconversion to electricity, for example via fuel cells, results in lower overall efficiency and is generally
less attractive compared to electrochemical storage.

For ECESS, viable technologies for usage in HPPs include lead-acid batteries, various lithium-ion (Li-
ion) chemistries, sodium-nickel chloride (NaNiCl), sodium-sulfur (NaS), vanadium redox flow batteries
(VRFB), and zinc-bromide (ZnBr) flow batteries [11].

For MESS, there are Flywheel Energy Storage (FES), Pumped Hydro Storage (PHS) and Compressed
Air Energy Storage (CAES) are the most common [39]. Flywheels, are a natural fit for FCR because of
their high power output, but their high self-discharge (roughly 15% per hour) makes them less suitable
for integration in HPPs and impractical for energy trading on the balancing market [11]. Therefore, only
PHS and CAES are considered realistic options.

Figure 2.5 provides an overview of the storage technologies considered and illustrates their perfor-
mance in terms of power rating and discharge duration.
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Figure 2.5: Overview of energy storage technologies categorized by system power rating and discharge time at rated power.
The figure illustrates different storage types (electrochemical, electrical, mechanical, thermal, and chemical) and their

application ranges. Adapted from [39].

2.2.2. Short- and long-duration storage choice and market participation
Building on the observations from Section 2.2.1, the range of feasible storage technologies is reduced
to electrical energy storage systems (EESS), PHS, and CAES.

As illustrated in Figure 2.5, most EESS technologies, VRFB and ZnBr flow batteries, are characterized
by relatively low power ratings and short discharge durations at rated power. In contrast, flow batteries,
CAES, and PHS provide substantially higher power capacities and longer discharge times, making
them more suitable for applications requiring sustained energy delivery.

As discussed in Section 1.2, Li-ion batteries have become the dominant and industry-standard solution
for grid-connected and HPP systems. Owing to their high round-trip efficiency, technological maturity,
and widespread commercial availability, Li-ion batteries are therefore selected as the short-duration
storage technology in this study, instead of other EESS options.

Section 2.1.2 explains the different balancing markets. For these markets, Frequency Containment Re-
serve (FCR) provision typically requires storage technologies with an energy-to-power (E/P) ratio of ap-
proximately 1–1.5, reflecting short-duration, high-power operation. In contrast, Frequency Restoration
Reserve (FRR) provision demands technologies capable of longer discharge durations, corresponding
to E/P ratios greater than 5 [11].

PHS, CAES, VRFB and ZnBr flow batteries are generally better suited for Frequency Restoration Re-
serve (FRR) markets, as they offer moderate to long discharge durations at comparatively low energy-
specific costs. In contrast, FCR requires very fast response times and high power dynamics. Lithium-
ion batteries are particularly well suited for such applications due to their rapid controllability and high
power capability. PHS may lack fine control and is often restricted to either pumping or generating
mode, limiting flexibility. CAES involves complex energy conversion processes, making it less suitable
for highly dynamic operation in the FCR market. Redox flow batteries exhibit inherent inertia due to
their fluid-based operation and are therefore currently less suited for FCR [11].

In practice, PHS and CAES have decades of operational experience in FRR provision and are well
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established in this role. Battery systems can also participate in FRR, especially within multi-market
strategies. However, standalone operation dedicated exclusively to FRR may be less attractive eco-
nomically because of higher energy-related costs. Although redox flow battery technologies have the
technical potential to provide FRR services, their current cost level remains a limiting factor. Therefore,
they are not selected as the long-duration storage technology in this work [11].

Between the PHS and CAES, CAES is generally more suitable for small to medium-scale HPP configu-
rations, particularly due to its modular deployment potential, and therefore presents a promising option
for multi-hour storage needs. CAES also features low self-discharge and a long operational lifespan
[40]. Owing to these characteristics, CAES is selected in this work as the long-duration storage tech-
nology.

The choice of Li-ion and CAES is supported by [41], which identifies these technologies as the most
suitable offshore storage options based on weighted KPIs across two renewable energy scenarios.
This is particularly relevant given the strong growth potential of the offshore renewable energy sector
[42]. Against this background, Liquid Piston (LP) technology has attracted increasing attention as a
promising solution for advanced CAES systems, offering improved efficiency [43].

2.2.3. Storage terminology
Before discussing the specific technologies of Li-ion storage in Section 2.2.4 and (LP)CAES in Section
2.2.5, general terminology of energy storage technologies are first explained.

Depth of Discharge (DoD) describes the fraction of the nominal energy capacity that has been dis-
charged:

DoD =
Edischarged

Ecap
× 100%. (2.1)

where Edischarged denotes discharged energy, and Ecap the nominal energy capacity.

A DoD of 0% corresponds to a fully charged storage module, whereas 100% DoD represents a fully
discharged storage module. Depth of discharge is directly related to the State of Charge (SoC), defined
as:

SoC = 100%−DoD. (2.2)

In practical operation, storage mediums are rarely fully charged and discharged in each cycle. Instead,
they undergo irregular partial charge and discharge events. To quantify cumulative usage, these partial
cycles are converted into Equivalent Full Cycles (EFC). One EFC corresponds to one complete charge
and discharge cycle at 100% DoD. The total number of equivalent full cycles is calculated as:

EFC =

∑
t Ethroughput,t

Ecap
, (2.3)

whereEthroughput,t denotes the charged or discharged energy during time step t, andEcap is the nominal
capacity. For example, two cycles at 50% DoD and four cycles at 25% DoD correspond to:

2× 0.5 + 4× 0.25 = 2 EFC. (2.4)

The C-rate describes the charging or discharging power relative to the nominal energy capacity:

C-rate =
P(dis)charged

Ecap
, (2.5)

whereP(dis)charged denotes the charging or discharging power andEcap the nominal energy capacity. The
C-rate generally denotes the maximum charging or discharging power relative to the nominal energy
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capacity of the battery system. For example, a C-rate of 0.5 implies that a full charge or discharge would
require 2 hours, whereas a C-rate of 0.25 corresponds to 4 hours. In practice, the storage system may
also operate below its rated C-rate, resulting in proportionally longer charging or discharging times.

2.2.4. Lithium-ion storage
Li-ion batteries offer a specific energy range of 75–250 Wh/kg, specific power of 150–315 W/kg, a
service life of 5–15 years. Their high energy and power density contribute to compact designs, making
them well-suited for fast-response and space-constrained applications [39]. The roundtrip efficiency is
approximately 94% [11].

Despite this high efficiency, battery performance gradually declines over time. This degradation is
commonly quantified by the State of Health (SoH), which reflects the gradual loss of available capacity
as the battery ages. To track this degradation, the SoH is based on underlying aging mechanisms and
degradation models. Repeated charge–discharge cycling accelerates this process through unwanted
side reactions that reduce usable capacity and increase internal resistance [44].

At the core of these degradation processes lies the electrode–electrolyte interface, the region where
lithium ions and electrons participate in charge-transfer reactions during charging and discharging. To
achieve high energy density, the electrodes operate at very high potentials. However, at these extreme
voltages the electrolyte is thermodynamically unstable and would normally continue to decompose.
This instability is resolved through the formation of a protective layer. During the first few cycles, a small
fraction of the electrolyte decomposes and forms a thin film on the negative electrode. This film, known
as the solid electrolyte interphase (SEI), develops directly on the electrode surface and consists of a
mixture of different decomposition products. Once formed, the SEI acts as a passivation layer: it limits
further electrolyte degradation while still allowing lithium ions to pass through to the electrode. In this
way, the SEI stabilizes the electrode-electrolyte interface, making reversible charging and discharging
possible and enabling long-term cycling and extended battery lifetime [45].

Lithium-ion batteries exhibit accelerated degradation at both high and low SoC levels, corresponding
to high and low voltages, due to increased side reactions and structural degradation mechanisms.
Therefore, operation within a restricted SOC is recommended to ensure long service life, [44].

The capital expenditure (CAPEX) of the Li-ion battery system is calculated as

CAPEXLi-ion = (cE + cP · rc) Ecap, (2.6)

where cE = 204.7 e/kWh represents the energy-specific cost component and cP = 322.29 e/kW the
power-specific cost component. The resulting CAPEXLi-ion is expressed in euros (e). rc is the C-
rate and is given in h−1, and Ecap denotes the installed battery energy capacity in kWh. A currency
conversion factor of 0.85 e/$ is applied, in accordance with [46].

2.2.5. Compressed Air Energy storage
Compressed Air Energy Storage (CAES) stores electricity by using electrical power to drive compres-
sors that increase the pressure of ambient air. The compressed air is then stored either in containers
or in underground structures such as salt caverns.

The overall round-trip efficiency and the amount of recoverable energy in CAES systems are largely
governed by the thermodynamic behavior of air during compression and expansion, which has led to
the development of several distinct CAES concepts [43]:

• Diabatic CAES (D-CAES): Electrical energy is used to compress air and store it under pressure.
The heat produced during compression is released to the surroundings and not recovered. Prior
to expansion, the stored air must be reheated, typically by burning a fuel such as natural gas,
in order to avoid excessive cooling during turbine expansion. This configuration represents the
most mature and commercially deployed CAES technology.

• Adiabatic CAES (A-CAES): In this configuration, the thermal energy generated during compres-
sion is captured and stored, for example in a thermal energy storage system, and later reused
to heat the air before expansion. By eliminating the need for external fuel input, adiabatic CAES
can achieve higher overall efficiencies compared to diabatic systems.
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• Isothermal CAES (I-CAES): This emerging approach aims to maintain the air temperature nearly
constant throughout both compression and expansion. By minimizing temperature rises dur-
ing compression and temperature drops during expansion, the need for fuel-based reheating is
avoided. However, achieving near-isothermal behavior with conventional machinery is technically
challenging, as it requires extremely effective heat transfer during both charging and discharging
phases [43].

Against this background, Liquid Piston (LP) technology has gained increasing attention as a promising
solution for advanced CAES systems. Liquid piston compressors compress a fixed gas volume through
the controlled movement of a liquid column, usually water. Compared to conventional solid-piston
compressors, liquid pistons significantly reduce mechanical friction and virtually eliminate gas leakage,
resulting in improved compression efficiency. In addition, liquid piston concepts are particularly well
suited for underwater or subsea CAES applications, where the surrounding water provides a large
thermal reservoir that enhances heat transfer and supports near-isothermal operation [43].

Liquid Piston Compressed Air Energy Storage
Several liquid piston compressed air energy storage (LPCAES) concepts have been reported in the
literature [43]. For offshore applications, certain designs take advantage of the non-linear pressure–
volume relationship of compressed air. When a fixed mass of air experiences relatively small volume
changes, the corresponding pressure and temperature variations remain moderate. As a result, the
system operates with a relatively low compression ratio (CR). Combined with the direct thermal interac-
tion with the surrounding seawater, acting effectively as an infinite heat sink, the heat generated during
compression can be efficiently dissipated. Consequently, the compression and expansion processes
can be approximated as quasi-isothermal [47].

During the charging phase, electrical energy drives a reversible hydraulic machine operating in pumping
mode. Seawater is injected into the system, thereby compressing a pre-charged air volume into a re-
duced space. During discharge, the compressed air expands and forces the pressurized seawater back
through the same hydraulic machine, which then operates in turbine mode to generate electricity. This
operating principle is analogous to conventional pumped hydro storage, but without the geographical
constraints associated with large elevation differences or upper reservoirs. The technology is therefore
also referred to as Hydro-Pneumatic Energy Storage (HPES) [47]. ydro-pneumatic systems are gen-
erally classified as either open or closed gas cycle configurations. In a closed gas cycle. A schematic
representation of a closed gas cycle hydro-pneumatic system is shown in Figure 2.7 [48].
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Figure 2.6: Schematic of a closed gas cycle hydro-pneumatic system. When electricity is supplied, a hydraulic pump
compresses the fixed gas mass in the hydro-pneumatic reservoir. During discharge, the compressed gas expands, driving the

liquid through a hydraulic turbine to generate electricity [48].

For offshore wind applications, a dual-chamber closed gas cycle hydro-pneumatic accumulator pro-
vides large-scale energy storage with an expected service life exceeding 25 years under standard
offshore maintenance. The system comprises a pre-charged hydro-pneumatic liquid piston chamber
connected to an external gas reservoir via a pneumatic line, see Figure 2.7 for a schematic. Here,
pre-charged means that the gas is initially pressurized to a specified design pressure before operation.
The external reservoir increases the total gas volume, thereby reducing pressure fluctuations and low-
ering the effective compression ratio. When fully charged, the remaining gas volume equals that of the
external reservoir, such that the compression ratio is governed by the volume ratio of the two cham-
bers. During operation, the hydro-pneumatic chamber has a variable mass due to changes in water
volume, whereas the external reservoir contains a fixed gas mass. This separation enables flexible
integration: the hydro-pneumatic unit can be installed on the seabed, while the buoyant gas reservoir
can be positioned topside or integrated within a floating structure, interconnected by a pneumatic um-
bilical. The reduced effective pressure ratio limits heat generation during compression and improves
thermodynamic efficiency [48].

At the start of compression, the accumulator contains only gas, occupying a total volume of VA,0 + VB ,
where VA,0 is the volume of the hydro-pneumatic chamber and VB is the volume of the external reservoir,
see Figure 2.7 As liquid is pumped into the lower chamber, the gas is compressed and its volume
decreases until it equals VB . The stored energy corresponds to the work done on the gas during this
volume reduction from VA,0+VB to VB . This work is equal to the area under the pressure-volume curve
and represents the energy storage potential. Consequently, a relatively large amount of energy can be
stored even within a limited operating pressure range [48].
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Figure 2.7: Schematic of a dual-chamber closed gas cycle hydro-pneumatic system (left). On the right, the corresponding
pressure–volume curve is shown, illustrating the energy storage potential obtained by compressing the air from a volume of

VA,0 + VB to VB , thereby increasing the pressure [48].

The estimated capital expenditure (CAPEX) of the LPCAES system is calculated as

CAPEXLPCAES = (cE + cP · rc) Ecap, (2.7)

where cE = 230 e/kWh represents the energy-specific cost component and cP = 2300 e/kW the power-
specific cost component. The resulting CAPEXLPCAES is expressed in euros (e). Trc is the C-rate and
is given in h−1, and Ecap denotes the installed storage capacity in kWh. This CAPEX represents an
indicative estimate, as LPCAES is still at a low technology readiness level (TRL). The assumed cost
level is based on correspondence with an LPCAES technology provider. Publicly available cost data
are limited, since the technology has not yet been deployed at commercial scale [48].

To structure this estimate, the total CAPEX is divided into two main components: the Pressure Con-
tainment System (PCS) and the Energy Conversion Unit (ECU). The PCS stores the pressurized fluids
and therefore scales with the energy capacity (Ecap, kWh). In contrast, the ECU converts electricity to
hydraulic power during charging and back during discharging, and thus scales with the power rating,
which is determined by the C-rate (rc). Consequently, ECU costs primarily depend on the power rat-
ing of the reversible pump–turbine configuration, while PCS costs are driven by the required storage
capacity [48].

This distinction highlights how design choices influence system sizing. The energy capacity can be
increased by enlarging the volume of the external gas reservoir on the seabed, i.e., by scaling the
PCS. In contrast, the power-related characteristics are limited by thermodynamic constraints. Based
on discussions with an LPCAES technology provider, C-rates below 0.25 h−1 (corresponding to dis-
charge durations longer than 4 hours) are considered feasible. At higher C-rates, the process departs
from quasi-isothermal behavior due to insufficient time for heat transfer. Based on discussions with
an LPCAES technology provider, discharge durations of 4 hours or longer are therefore considered a
realistic and technically feasible design range.

The instantaneous turbine power output during expansion is given by:

Pturbine = ∆P Q ηturbine, (2.8)

where ∆P is the pressure difference across the turbine, Q is the volumetric flow rate, and ηturbine is the
turbine efficiency.
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Since the pressure decreases during expansion, the turbine power output also declines if the flow rate is
kept constant; hence, the system does not inherently operate at constant power. However, by adjusting
the flow rate, a constant power output can be maintained. A round-trip efficiency of approximately 70%
[47] is assumed for the LPCAES system.

Operationally, LPCAES behaves similarly to a battery, with negligible switching time between charging
and discharging. However, unlike electrochemical storage, cycling degradation can be neglected. Al-
though cyclic loading may in principle reduce the fatigue life of the PCS, typically a steel pipeline, these
components are designed for several hundred thousand cycles, far exceeding the expected number
of cycles over the operational lifetime. The pump and motor require routine maintenance, including
periodic replacement of consumables such as bearings and lubrication. These interventions do not
reduce the storage capacity and are not cycle-dependent. Therefore, they are not considered a source
of capacity degradation.



3
Methodology

3.1. EMERGE
TNO’s EnergyManagement systEm for Renewable Generation and storagE (EMERGE) [49] is a Python
optimization framework designed to model and simulate the operation of HPPs. The model integrates
renewable energy generation (such as wind and solar PV) with energy storage systems and optimizes
their joint operation across multiple electricity markets.

By using historical meteorological data, EMERGE generates forecasts of renewable generation profiles.
These forecasts are then used in a Mixed-Integer Linear Programming (MILP) optimization to identify
the most profitable operational strategy for the HPP as a whole. Each asset (generation and storage)
is represented by a linearized model, and the optimizer produces time series of optimal setpoints for
every asset at a 15-minute resolution, corresponding to one ISP [50].

The model supports a multi-market revenue stacking strategy by allowing simultaneous participation in
the day-ahead and aFRR markets. This setup enables the evaluation of the economic performance of
HPPs under different storage configurations and market conditions.

Section 3.1 documents the set of equations underlying the EMERGE model, which were developed
before the start of this research [49].

3.1.1. Model structure
Optimization in EMERGE is performed for a 24-hour period, divided into 96 time steps of 15 minutes.
At each time step t ∈ T , the model jointly optimizes wind dispatch, battery operation, and market
participation in the day-ahead and aFRR markets. The objective is to maximize the daily operational
profit of the HPP. Multi-day simulations are performed by solving the optimization problem separately
for each day. There is no direct link between consecutive days, except for the imposed initial and final
State of Charge (SoC) conditions.

3.1.2. Mathematical formulation
The hybrid power plant is modeled in discrete time. Let

T = {1, . . . , N}

denote the set of time steps with duration ∆T .

At each time step, the operator decides how to:

• charge or discharge the battery,
• offer aFRR reserve capacity,
• import from or export power to the grid,
• curtail wind production via a dispatch factor Swind

t .

18
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The objective is to maximize total profit over the optimization horizon.

3.1.3. Decision variables
The decision variables are defined for every t ∈ T :

P in
t Battery charging power [W] (3.1)

P out
t Battery discharging power [W] (3.2)

SoCt State of charge [-] (3.3)

raFRR↑
t Upward aFRR reserve capacity [W] (3.4)

raFRR↓
t Downward aFRR reserve capacity [W] (3.5)

P import
t , P export

t Grid exchange power [W] (3.6)
bt Binary variable preventing simultaneous charge/discharge (3.7)

Swind
t Wind dispatch (curtailment) factor [0, 1] (3.8)

The binary variable bt ensures that the battery cannot charge and discharge at the same time. The
usable wind power after curtailment is denoted Pwind

t .

The decision vector is

x :=
{
P in
t , P out

t , SoCt, r
aFRR↑
t , raFRR↓

t , P import
t , P export

t , bt, S
wind
t

}
t∈T

.

3.1.4. Input parameters
The model uses the following parameters:

Ecap Storage energy capacity [Wh] (3.9)
rc, rd Maximum charging/discharging C-rates [1/h] (3.10)
ηc, ηd Charging/discharging efficiencies [-] (3.11)

SoCmin, SoCmax State of Charge limits [-] (3.12)
SoC init, SoCfinal Initial and final state of charge (3.13)

CMC Marginal degradation cost [€/kWh] (3.14)

Pw,pred
t Forecasted normalized wind profile [0, 1] (3.15)

Pwind,rated Installed wind capacity [W] (3.16)
λDA
t Day-ahead electricity price (3.17)

λaFRR,↑,res
t , λaFRR,↓,res

t aFRR reservation prices (3.18)

λaFRR,↑,act
t , λaFRR,↓,act

t aFRR activation prices (3.19)

β↑
t , β

↓
t Activation ratios (3.20)

raFRR↑,max, raFRR↓,max Maximum reserve capacities [W] (3.21)
M Big-M constant (3.22)

The maximum charging and discharging powers follow from the C-rates:

P in,max = rcEcap,

P out,max = rdEcap.
(3.23)
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3.1.5. Objective function
At each time step, revenue consists of:

• Day-ahead energy sales,
• aFRR capacity payments,
• aFRR activation payments.

Rt = λDA
t P export

t

+ λaFRR,↑,res
t raFRR↑

t + λaFRR,↓,res
t raFRR↓

t

+ λaFRR,↑,act
t β↑

t r
aFRR↑
t + λaFRR,↓,act

t β↓
t r

aFRR↓
t .

(3.24)

Storage marginal cost is proportional to total throughput:

Ct =
(
P in
t + P out

t

)
CMC∆T. (3.25)

The total profit is therefore

max
x

∑
t∈T

(Rt − Ct) (3.26)

3.1.6. Constraints
The constraints ensure physical feasibility and market consistency.

1. Wind power after curtailment
Pwind
t = Swind

t Pw,pred
t Pwind,rated ∀t ∈ T. (3.27)

2. Power limits and mutual exclusivity

0 ≤P in
t ≤ P in,max ∀t ∈ T, (3.28)

0 ≤P out
t ≤ P out,max ∀t ∈ T, (3.29)

P in
t ≤ Mbt ∀t ∈ T, (3.30)

P out
t ≤ M(1− bt) ∀t ∈ T. (3.31)

3. State of Charge dynamics

SOCt = SOCt−1 +
P in
t − P out

t − β↑
t r

aFRR↑
t + β↓

t r
aFRR↓
t

Ecap
∆T ∀t ∈ T. (3.32)

SoCmin ≤ SoCt ≤ SoCmax ∀t ∈ T. (3.33)

SoC0 = SoC init, SoCT ≥ SoCfinal. (3.34)

4. aFRR capacity limits

0 ≤ raFRR↑
t ≤ raFRR↑,max ∀t ∈ T, (3.35)

0 ≤ raFRR↓
t ≤ raFRR↓,max ∀t ∈ T. (3.36)

5. Power feasibility under activation

P out
t − P in

t + raFRR↑
t ≤ P out,maxηd ∀t ∈ T, (3.37)

P in
t − P out

t + raFRR↓
t ≤ P in,maxηc ∀t ∈ T. (3.38)
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6. SoC feasibility under full activation

SoCtEcap − raFRR↑
t ∆T ≥ SoCminEcap ∀t ∈ T, (3.39)

SoCtEcap + raFRR↓
t ∆T ≤ SoCmaxEcap ∀t ∈ T. (3.40)

7. Power balance
Pwind
t + P out

t − P in
t + P import

t = P export
t ∀t ∈ T. (3.41)

8. Variable domains

0 ≤Swind
t ≤ 1 ∀t ∈ T, (3.42)

P import
t , P export

t ≥ 0 ∀t ∈ T, (3.43)
bt ∈ {0, 1} ∀t ∈ T. (3.44)

3.1.7. Mathematical formulation
The final mathematical formulation of the optimization problem is:

Let T = {1, . . . , N} denote the set of time steps.

The vector of decision variables is defined as

x :=
{
P in
t , P out

t , SoCt, r
aFRR↑
t , raFRR↓

t , P import
t , P export

t , bt, S
wind
t

}
t∈T

. (3.45)

The profit maximization problem is formulated as

max
x

∑
t∈T

Πt(x)

s.t. Pwind
t = Swind

t Pw,pred
t Pwind,rated ∀t ∈ T

0 ≤ P in
t ≤ rcEcap ∀t ∈ T

0 ≤ P out
t ≤ rdEcap ∀t ∈ T

P in
t ≤ Mbt ∀t ∈ T

P out
t ≤ M(1− bt) ∀t ∈ T

SoCt = SoCt−1 +
P in
t − P out

t − β↑
t r

aFRR↑
t + β↓

t r
aFRR↓
t

Ecap
∆T ∀t ∈ T

SoCmin ≤ SoCt ≤ SoCmax ∀t ∈ T

SoC0 = SoC init

SoCT ≥ SoCfinal

0 ≤ raFRR↑
t ≤ raFRR↑,max ∀t ∈ T

0 ≤ raFRR↓
t ≤ raFRR↓,max ∀t ∈ T

P out
t − P in

t + raFRR↑
t ≤ rdEcapηd ∀t ∈ T

P in
t − P out

t + raFRR↓
t ≤ rcEcapηc ∀t ∈ T

SoCtEcap − raFRR↑
t ∆T ≥ SoCminEcap ∀t ∈ T

SoCtEcap + raFRR↓
t ∆T ≤ SoCmaxEcap ∀t ∈ T

Pwind
t + P out

t − P in
t + P import

t = P export
t ∀t ∈ T

0 ≤ Swind
t ≤ 1, P import

t ≥ 0, P export
t ≥ 0 ∀t ∈ T

bt ∈ {0, 1} ∀t ∈ T.

(3.46)
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3.2. Simulation framework
3.2.1. EMERGE model overview
This study employs the EMERGE simulation framework to analyze the profit-maximizing operation of
wind-based HPPs equipped with either Li-ion battery storage or LPCAES. Within EMERGE, Li-ion bat-
tery storage was already implemented. Its operation is represented using the generic storage model
formulation in EMERGE, which is described in Section 3.1.7. This model captures the temporal evo-
lution of the state of charge (SoC) as well as charging and discharging processes through a set of
technology-agnostic equations.

In contrast, the LPCAES concept introduced in Section 2.2.5 was not previously available in EMERGE
and was implemented as part of this work. Since LPCAES can be described using the same generic
storage formulation, its integration does not require changes to the underlying model structure. Instead,
the technology is characterized by a distinct set of parameters, including energy capacity, charging
and discharging efficiencies, maximum charging and discharging rates, marginal operating costs, and
minimum and maximum SoC limits. By defining these technology-specific inputs, LPCAES is added
as an additional storage option within the EMERGE framework.

3.2.2. Input data
Wind data
Wind power profiles are sourced from Renewables.ninja [51] and are based on the data from [52]. The
data rely on the MERRA-2 (global) dataset, assuming a hub height of 135 m and the GE Haliade-X
12-220 turbine model. The original data have an hourly time step. These values are rescaled to a
15-minute resolution to meet the requirements of EMERGE. A correction factor of 0.88 is applied to
represent losses due to cabling and wind farm wake effects.

Market data
The market data used was obtained from the ENTSO-E Transparency Platform [53]. An overview of
the market data inputs and associated time resolutions used in the simulations is provided in Table 3.1.

Table 3.1: Overview of market data inputs in EMERGE from [53].

Market Variable Unit Time Resolution

aFRR

Activation price (up & down) €/MWh 15 min (ISP)
Activated energy (up & down) MWh 15 min (ISP)
Offered capacity (up & down) MW 15 min (ISP)
Capacity price (up & down) €/MW Daily

Day-ahead Day-ahead electricity price €/kWh Hourly

Market and wind data for the years 2022, 2023, and 2024 were sourced and can be provided as inputs
to EMERGE. For each simulation run, a single year is selected, and EMERGE is executed using the
corresponding market price data and wind generation profiles for that year.

3.2.3. Simulation setup and execution
The simulation is configured following a structured sequence:

1. Year selection
First, the simulation year is selected to ensure that the appropriate market data and wind gener-
ation profiles are used as inputs.

2. aFRR participation
Next, it is specified whether the system participates in the aFRR market. This choice affects both
the operational strategy and the resulting profits.

3. Storage configuration
The inclusion of an energy storage system is then determined. If storage is selected, either a Li-ion
battery or an LPCAES system can be chosen. Each technology is characterized by technology-
specific parameters, including minimum and maximum SoC limits and charging and discharging
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efficiencies. For each storage system, the energy capacity, maximum charging and discharging
rate, and marginal operating costs (€/kWh) can be defined.

For each simulation run, EMERGE provides outputs at the imbalance settlement period (ISP) level,
including wind farm power output, electricity imports from and exports to the grid, storage charging and
discharging power, the storage system SoC, total profit, and revenues generated from participation in
the aFRR market. Since EMERGE optimizes for profit maximization, the input data are provided on a
daily basis, and the model is executed sequentially for each day. The daily results are subsequently
aggregated over the selected simulation period. However, continuity of the storage system’s SoC is
enforced, whereby the final SoC of each day is carried over as the initial SoC of the subsequent day.

3.3. Battery degradation
3.3.1. Degradation model implementation
Lithium-ion batteries experience capacity loss over their lifetime. To incorporate this effect into EMERGE,
the methodology and code provided by [4] were used.

This framework builds upon the empirically validated degradation model introduced by [54]. The model
applies a rainflow cycle-counting algorithm to a State of Charge time series, decomposing it into individ-
ual charge–discharge cycles that are then used to estimate degradation [55]. The algorithm produces
the following outputs for each identified load cycle: (i) the cycle amplitude, (ii) the cycle mean value,
(iii) the cycle count, equal to 0.5 for a half cycle and 1 for a full cycle, (iv) the start time of the cycle, and
(v) the end time of the cycle.

These outputs are subsequently used to derive degradation-relevant stress metrics. For each load
cycle j, the cycle amplitude is interpreted as the depth of discharge (RDoD,j), the cycle mean value
represents the average state of charge (RSoC,j), and the rainflow cycle count is used as the cycle
weighting factor (Rcount,j). This is done for all identified cycles j = 1, . . . , nR. The battery age at the
j-th load cycle is represented by tc,j [4, 54].

The linear degradation rate fd in Eq. (3.47) depends on stress models associated with the depth of
discharge (SDoD), the battery age (Stc ), the state of charge (SSoC), and the cell temperature in kelvin
(STc ). The degradation rate is given by

fd =

nR∑
j=1

((SDoD,j + Stc,j)SSoC,jSTc,j)Rcount,j , (3.47)

where the individual stress factors are defined as

SDoD,j =
(
kδ1R

kδ2

DoD,j + kδ3

)−1

, (3.48)

Stc,j = kt tc,j , (3.49)

SSoC,j = e(kσ(RSoC,j−σref )), (3.50)

STc,j =

e

kT

(Tc,j − Tref)Tref

Tref


if Tc,j > Tref

1 if Tc,j ≤ Tref ,

(3.51)

with model parameters: kδ1 = 1.4 × 105, kδ2 = −5.01 × 10−1, kδ3 = −1.23 × 105, σref = 0.5, kT =
6.93× 10−2, Tref = 293.15 K, and kt = 4.14× 10−10, which are empirically derived [4].

In EMERGE, the effect of temperature is ignored, so Tc = Tref = 293.15 K,
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Battery capacity loss however does not evolve linearly with accumulated stress. Therefore, the linear
degradation measure fd is mapped to the loss of capacity L using nonlinear expressions that represent
two distinct aging regimes. The first regime corresponds to the early-life new-battery phase dominated
by solid-electrolyte interphase (SEI) formation, while the second regime represents the used-battery
phase. The formation mechanism of the SEI is described in Section 2.2.4.

For the new-battery regime, the loss of capacity is calculated for each cycle according to

L = 1− αe−βfd

− (1− α)e−fd

, (3.52)

and this expression is evaluated cumulatively as fd evolves over the SoC sequence.

Once the loss of capacity reaches the transition threshold L1 = 0.92, corresponding to a state of health
(SoH) of 92%, the model switches to the used-battery regime. The value of the linear degradation rate
at this switching point is denoted fd′ , and the corresponding loss of capacity is denoted L′. For all
subsequent cycles, L is updated using a second nonlinear expression that ensures continuity at the
transition point.

The complete loss-of-capacity model can therefore be written as

L =

1− αe−βfd − (1− α)e−fd

, if L ≤ L1,

1− (1− L′) e
−
(
fd−fd′

)
, if L > L1.

(3.53)

where α = 0.0575, β = 121, and L1 = 0.92.

The loss of capacity L is thus time-dependent through its dependence on fd(t). The degraded battery
energy capacity is given by

Ecap(t) = Ecap,new [1− L(t)] . (3.54)

After processing the full SoC time series, the final value L(tfinal) represents the total accumulated
capacity loss of the battery [4].

The code used for battery degradation in EMERGE is based on the implementation provided in this sec-
tion, developed by [4], with two slight adjustments. First, the SoC time series produced by EMERGE
has a temporal resolution of 15 minutes, whereas the standard rainflow counting algorithm assumes
hourly data; therefore, an appropriate time-scale conversion is applied. In addition, the GitLab imple-
mentation of Eq. (3.47) applies an extra factor of 0.7, thereby reducing the calculated cycle-induced
degradation. However, this factor is not consistent with [54], and its justification is unclear. Therefore,
to ensure consistency with [54], the factor is omitted in EMERGE.

3.3.2. Degradation model usage
After running a full-year simulation in EMERGE using the selected input data, a yearly SoC time series
is obtained. This SoC time series is used as input to the battery degradation model to estimate the
resulting loss in usable capacity. To represent consecutive years of operation, the same yearly SoC
profile is then repeated, and the degradation model is applied again after each repetition, thereby
accumulating degradation over time. This iterative process continues until the battery state of health
(SoH) falls below a predefined threshold, at which point the battery is considered to have reached its
end of life (EOL), following the same approach as adopted in [4]. Continued operation beyond this point
may lead to increased safety risks and potential accident scenarios.

In general, battery EOL is assumed to occur when the maximum available capacity decreases to 80of
the nominal capacity [56], although alternative thresholds such as 70% are also commonly used in the
literature [4]. To nevertheless obtain a more precise estimate of the battery lifetime, the final year in
which the SoH crosses the EOL threshold is approximated using an average daily degradation rate,
allowing interpolation to a more accurate lifetime value.

Figure 3.1 illustrates the degradation trajectory of a representative battery configuration. The SoH
gradually decreases over time due to capacity fade. For this specific configuration, assuming an EOL
threshold of 70%minimumSoH, the calculated lifetime is 6.1 years. The transition at 92%SoH, marking
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the change from the new-battery phase to the used-battery phase as defined in Equation 3.53, is also
indicated.

Figure 3.1: State of Health (SoH) of a battery configuration as a function of capacity degradation. The battery is assumed to
reach End-of-Life (EOL) when the minimum SoH declines to 70%. At 92% SoH, the battery transitions from the new-battery

phase to the used-battery phase, resulting in a change in the capacity degradation behavior.

The number of cycles experienced by the battery over a year is determined using a rainflow cycle-
counting algorithm. From this analysis, the Equivalent Full Cycles (EFC) are computed by combining
the cycle count and depth of discharge for all identified load cycles. The total number of EFC over the
battery lifetime is given by

EFC = tlife

nR∑
j=1

Rcount,jRDoD,j , (3.55)

where Rcount,j denotes the cycle count (equal to 0.5 for a half cycle and 1 for a full cycle), RDoD,j is the
depth of discharge associated with load cycle j, and tlife is the battery lifetime in years.

Given the total number of EFC until EOL, marginal degradation costs can be estimated by distributing
the battery replacement costs over the total energy throughput during the battery lifetime. Since one
EFC consists of one full discharge and one full charge, it accounts for two energy throughputs. The
replacement cost of battery cells is assumed to be 210 $/kWh [46], which corresponds to 178.50 €/kWh
assuming an exchange rate of 0.85 €/$. The marginal degradation cost is then calculated as

MCdeg = CMC =
crepl

2EFC
(3.56)

where MCdeg is expressed in €/kWh, crepl denotes the battery replacement cost of 178.50 €/kWh, and
EFC is the total number of equivalent full cycles over the battery lifetime.

Finally, the degradation model is directly integrated into EMERGE, allowing the battery energy capacity
Ecap to be updated during the simulation. EMERGE is operated on a daily optimization horizon over a
full year, with profit maximization performed for each day. At the end of every day, the SoC trajectory is
recorded, the corresponding capacity loss is calculated, and the available energy capacity is updated
accordingly. This updated capacity is then used as an input for the optimization of the next day.

The SoC is treated as a continuous state variable, such that the final energy content of the battery at
the end of one day becomes the initial energy content for the next day. However, since SoC is defined
as the ratio of stored energy to the current usable capacity, the numerical SoC value cannot be carried
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over directly when the capacity changes due to degradation. Instead, continuity is enforced in terms of
the absolute stored energy in the battery. Accordingly, the state of charge at the beginning of day d+1
is computed as

SoCinit
d+1 =

SoCfinal
d Ecap,d

Ecap,d+1
, (3.57)

which ensures that the energy content at the end of day d is preserved when transitioning to day d+1,
despite changes in the usable battery capacity due to degradation.

In Eq. (3.57), SoCinit
d+1 denotes the SoC at the beginning of day d+ 1, and SoCfinal

d denotes the SoC at
the end of day d. The variable Ecap,d represents the available battery energy capacity at the end of
day d, while Ecap,d+1 denotes the updated energy capacity at the start of day d+1 after accounting for
degradation.

3.3.3. Net Present Value
When evaluating an investment, cash flows usually occur at different moments in time. Here, a cash
flow is defined as the net amount of money entering or leaving a project in a given period, denoted
as Rt for time period t. Because money has a time value, amounts can only be compared when they
are expressed at the same point in time. A euro received today is generally worth more than a euro
received in the future, as it can be invested to earn a return over time [57], although this relationship
depends on assumptions such as positive discount rates and stable economic conditions.

If the interest rate is r, a cash flow can be moved forward in time by multiplying it by (1 + r). This is
called compounding. To move a future cash flow back to today, it must be divided by (1 + r). This is
called discounting.

In investment analysis, all future cash flows are converted to their present value. The Net Present
Value (NPV) is defined as the sum of all discounted net cash flows over the project lifetime:

NPV =

T∑
t=1

Rt

(1 + r)t
− CAPEX, (3.58)

where Rt denotes the net cash flow in period t, T is the project lifetime, and r is the discount rate. It is
assumed that the capital expenditure (CAPEX) occurs at t = 0 (year 0) and is therefore not subject to
discounting.

If the NPV is positive, the project generates more value than the required return and can be considered
financially attractive [57].

In this work, a project lifetime of 25 years is assumed. Since EMERGE is simulated for a single year,
the resulting annual cash flow is assumed to repeat over the project lifetime and is therefore accounted
for once per year in the NPV calculation.

To isolate the economic value of storage, the wind-only configuration is used as a baseline. This
ensures that only the additional revenues attributable to the storage system are assessed.

The NPV of the wind-plus-storage configuration is defined as:

NPVwind+storage =

T∑
t=1

Rw+s,t

(1 + r)t
− CAPEXwind − CAPEXstorage, (3.59)

where Rw+s,t denotes the annual cash flow of the hybrid power plant with wind and storage in year t, r
is the discount rate, and T is the project lifetime (25 years).

Similarly, the NPV of the wind-only configuration is given by:

NPVwind-only =

T∑
t=1

Rw,t

(1 + r)t
− CAPEXwind, (3.60)
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where Rw,t denotes the annual cash flow of the hybrid power plant with only wind in year t.

The NPV of the storage system is then defined as:

NPVstorage = NPVwind+storage − NPVwind-only. (3.61)

By subtracting the wind-only case, all wind-related capital expenditures cancel out. The resulting ex-
pression therefore represents the net economic contribution of storage:

NPVstorage =

T∑
t=1

Rw+s,t −Rw,t

(1 + r)t
− CAPEXstorage. (3.62)

This formulation ensures that the comparison between lithium-ion batteries and LPCAES reflects only
their incremental value addition to the wind asset. Wind CAPEX is excluded from the comparison, as
it is identical across storage configurations.

3.4. Case study
3.4.1. Introduction
Within this framework, the Nederwiek area covers approximately 600 km2 and has a planned total
capacity of 6 GW. It borders the United Kingdom’s section of the North Sea and comprises three zones:
Nederwiek I, II, and III, each with a capacity of 2 GW. Nederwiek I includes two sites, I–A and I–B,
each planned for 1 GW [58], and will be connected to the mainland through an underground high-
voltage cable system with a total transmission capacity of 2 GW [59]. In Appendix A, the location of the
Nederwiek area is shown.

The site Nederwiek (Zuid) kavel I–B is located approximately 95 km offshore [60]. Its position within the
overall roadmap is shown in Figure A.1 in Appendix A. This study focuses on site I–B only, for which
one of the two 1 GW high-voltage connections is assumed to be available.

Input parameters
This Nederwiek (Zuid) kavel I–B site serves as an example for analyzing the integration of offshore
wind with energy storage in HPP configuration. The modeled HPP consists of a 1 GW offshore wind
farm coupled with an energy storage system connected to the Dutch electricity grid. The system is
constrained by the maximum import and export capacities, while also being capable of participating in
the aFRR market. The corresponding input parameters are summarized in Table 3.2.

Table 3.2: System input parameters for the case study.

Parameter Symbol Value
Maximum export power to the grid P export,max 1 GW
Maximum import power from the grid P import,max 1 GW
Rated wind power Pwind,rated 1 GW
Initial State of Charge SoC init 50 [%]
Required upward capacity raFRR↑,req 0 MW
Required downward capacity raFRR↓,req 0 MW
Maximum upward capacity raFRR↑,max [33] 35 MW
Maximum downward capacity raFRR↓,max [33] 40 MW

The maximum upward (raFRR↑,max) and downward (raFRR↓,max) capacities listed in Table 3.2 are set
to approximately 10% of the average daily aFRR capacity in the Dutch electricity market [33]; see
Section 2.1.2 for further details.

The storage-specific parameters for the Li-ion battery and LPCAES systems are given in Tables 3.3
and 3.4, respectively.
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Table 3.3: Input parameters for Li-ion battery storage.

Parameter Symbol Value
Charging efficiency ηc [11] 94 [%]
Discharging efficiency ηd [11] 94 [%]
Minimum state of charge SoCmin 10 [%]
Maximum state of charge SoCmax 90 [%]

Table 3.4: Input parameters for LPCAES storage.

Parameter Symbol Value
Charging efficiency ηc [47] 70 [%]
Discharging efficiency ηd [47] 70 [%]
Minimum state of charge SOCmin 0 [%]
Maximum state of charge SOCmax 100 [%]

Profitability of short- and long-duration storage
In Section 4.1, a wind farm with a rated power of 1 GW is considered. Simulations are performed using
the input data listed in Tables 3.3, 3.4, and 3.5. At this stage, the remaining free design variables are
the storage energy capacity (Ecap) and the maximum charge and discharge rates (rc and rd). A storage
power capacity equal to 20% of the wind farm’s rated power is selected, corresponding to 200 MW. For
the Li-ion system, a maximum (dis)charging rate of rc = rd = 0.5 is assumed, resulting in an energy
capacity (Ecap) of 400 MWh. For the LPCAES system, the same power capacity of 200 MW is used;
however, a lower maximum (dis)charging rate of rc = rd = 0.125 is assumed, and the corresponding
energy capacity (Ecap) amounts to 1600 MWh.

To allow for a fair comparison of different power-to-energy ratios, two additional cases are simulated:
a 1600 MWh Li-ion system and a 400 MWh LPCAES system. At this stage, the marginal costs of the
storage technologies are set to 0.00 €/kWh.

In total, the EMERGE model is run for four storage configurations: two Li-ion battery cases and two
LPCAES cases, each evaluated at energy capacities of 400 MWh and 1600 MWh. Simulations are
conducted for the years 2022, 2023, and 2024, resulting in 12 storage cases (3 years × 4 configurations),
plus an additional three simulations without storage. The objective of this section is to obtain an initial
estimate of the profitability of short- versus long-duration storage across multiple electricity markets.
Here, the operational profits are compared, referring to the profit generated by the HPP through market
participation. This is defined, per time step, as the net cash flow obtained from total revenues minus
marginal operating costs. In this analysis, the marginal operating costs are assumed to be zero.

Sizing of short- and long-duration storage
In Section 4.2, the influence of storage size and C-rate on profitability is analyzed. By selecting a
simulation year, enabling or disabling aFRR participation, choosing a storage technology, and defining a
grid of storage capacities and maximum (dis)charge rates, heat maps are generated to illustrate output
parameters (e.g., operational profit) for each configuration over the selected year. The (dis)charge rates
are expressed in terms of the C-rate and are assumed to be symmetric for charging and discharging.

For lithium-ion batteries, the considered energy capacities correspond to 10–50% of the installed wind
capacity of 1 GW, resulting in a power range of 100–500 MW. The assumed C-rates span from 0.1 to
0.5 h−1, corresponding to storage durations between 10 h and 2 h. The C-rate is discretized into 17
steps of 0.025, which includes representative durations such as 2 h (0.5), 4 h (0.25), 5 h (0.2), ∼ 6 h
(0.175), 8 h (0.125), and 10 h (0.1). Combining the selected C-rates and capacities results in storage
sizes ranging from 200 MWh (100 MW at 0.5 h−1) to 5000 MWh (500 MW at 0.1 h−1). The energy
capacity is discretized into 13 steps of 400 MWh, yielding a grid of 13× 17 = 221 Li-ion configurations.

For LPCAES, only C-rates less than or equal to 0.25 h−1 are considered, as the technology requires
a minimum storage duration of approximately 4 h to ensure quasi-isothermal operation (see Sec-
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tion 2.2.5). Consequently, the C-rate range is limited to 0.1–0.25 h−1, corresponding to storage dura-
tions between 10 h and 4 h. Using the same energy capacity range of 200–5000 MWh, this translates
to power capacities of 50–500 MW, or 5–50% of the wind capacity. The C-rate range is discretized into
7 steps of 0.025, and together with the 13 energy capacity steps, this results in a total of 13 × 7 = 91
LPCAES configurations.

The missing LPCAES configurations within the grid range of 0.25–0.5 and storage capacities of 200–
500 MWh are nevertheless included in the heat maps and indicated by a hatched pattern, allowing
the overall figure layout and comparison across both storage technologies to be preserved. To obtain
smoother visualizations, the data were upsampled using linear interpolation, increasing the grid resolu-
tion by a factor of four. In addition, contour lines were overlaid to improve readability and to emphasize
key trends in the results.

Using all the different options described in the previous sections, the following simulations will be run:

Year Sim. Storage technology Daily degr. Marginal degradation costs aFRR

2024

1 No storage N/A N/A N/A
2 Lithium-ion No No No
3 Lithium-ion No No Yes
4 LPCAES N/A N/A No
5 LPCAES N/A N/A Yes
6 Lithium-ion No Yes (EoL 70%, MCdeg via Sim. 2) No
7 Lithium-ion No Yes (EoL 70%, MCdeg via Sim. 3) Yes
8 Lithium-ion Yes Yes (EoL 70%, MCdeg via Sim. 2) No
9 Lithium-ion Yes Yes (EoL 80%, MCdeg via Sim. 3) Yes
10 Lithium-ion Yes Yes (EoL 70%, MCdeg via Sim. 3) Yes
11 Lithium-ion Yes Yes (EoL 60%, MCdeg via Sim. 3) Yes

2023

12 No storage N/A N/A N/A
13 Lithium-ion No No Yes
14 Lithium-ion Yes Yes (EoL 70%, MCdeg via Sim. 13) Yes
15 LPCAES N/A N/A Yes

2022

16 No storage N/A N/A N/A
17 Lithium-ion No No Yes
18 Lithium-ion Yes Yes (EoL 70%, MCdeg via Sim. 17) Yes
19 LPCAES N/A N/A Yes

Table 3.5: Overview of simulation cases. N/A denotes not applicable. “Daily degr.” indicates whether daily battery capacity
updates due to degradation are implemented. “MCdeg via Sim. k” indicates that the marginal degradation cost is calculated
using Eq. 3.56, based on the degradation results obtained from simulation k. Different End-of-Life State of Health thresholds
are considered in the marginal cost calculation, affecting both the marginal degradation costs and the resulting battery lifetime.

“aFRR” indicates whether the storage technology participates in the aFRR market; if not, it operates exclusively in the
day-ahead market.

In this section, simulation cases 1, 2, 3, 4, 5, 12, 13, 15, 16, 17, and 19 from Table 3.5 are compared.

Degradation effects on short- and long-duration storage
In Section 4.3, the remaining simulation cases listed in Table 3.5, which explicitly account for storage
degradation, are analyzed to assess the impact of degradation on profitability.

Also, Net Present Values (NPV) analyses will be performed. Battery degradation costs are included
directly in the annual cash flows and are therefore implicitly accounted for in the NPV calculation. A
discount rate of r = 7% is adopted, consistent with common practice in energy techno-economic anal-
yses [61]. Additionally, values of 5% and 9% are evaluated to examine the sensitivity of the results to
the discount rate.



4
Results

4.1. Profitability of short- and long-duration storage
4.1.1. Operational profits of different storage configurations
Figure 4.1 presents the operational profits for all simulated configurations over the years 2022–2024, as
described in Section 3.4.1, including a reference case without storage. For each storage technology,
two energy capacities (400 MWh and 1600 MWh) are evaluated. For both capacities, participation
is analyzed under two market strategies: participation in the day-ahead market only and combined
participation in the day-ahead and aFRR markets.

Figure 4.1: Operational profits (in million €) for HPP configurations comprising wind-only operation, Li-ion storage (400 MWh
and 1600 MWh), and LPCAES (400 MWh and 1600 MWh), under two market strategies, namely day-ahead only and combined

participation in the day-ahead and aFRR markets, over the years 2022, 2023, and 2024.

Across all years, the no-storage configuration results in the lowest operational profit, whereas all wind-
plus-storage configurations achieve higher operational profits. Absolute profits are highest in 2022,

30
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followed by 2023 and 2024, a pattern that is consistent across storage technologies, capacities, and
market participation options, as shown in Figure 4.1. The observed trend is driven by differences in
day-ahead electricity prices.

The average day-ahead price was 0.0773 €/kWh in 2024, 0.0958 €/kWh in 2023, and 0.2412 €/kWh in
2022. Operational profits in the no-storage case in 2023 exceed those of 2024 by roughly 25%, closely
mirroring the 24% higher average day-ahead price in 2023. In 2022, operational profits are approxi-
mately 197% higher than in 2024, which aligns with the substantially elevated price levels observed in
that year. The high electricity prices observed in 2022 can largely be explained by the sharp increase in
natural gas prices. After the COVID-19 pandemic, energy demand recovered rapidly as economic ac-
tivity resumed. However, gas markets remained tight, with relatively low storage levels and significantly
reduced deliveries from Russia, particularly following the outbreak of the war in Ukraine [62].

Because natural gas-fired power plants frequently act as the marginal producers in the European elec-
tricity market, as described in Section 2.1.2, gas prices often influence the wholesale electricity price.
As a result, the increase in gas prices translated directly into higher electricity prices across the market
[62].

Figure 4.2 highlights the impact of storage integration, using the wind-only case as the baseline. The
figure shows the absolute increase in operational profit achieved by the storage technologies compared
to the wind-only reference case for each year.

Figure 4.2: Increase in operational profit (in million €) relative to the wind-only reference case (blue bar) shown in Figure 4.1,
for the years 2022, 2023, and 2024, for Li-ion (400 MWh and 1600 MWh) and LPCAES (400 MWh and 1600 MWh) HPP

configurations participating in the day-ahead and aFRR markets.

As shown in Figure 4.2, the following trends can be identified when the wind-only case is used as the
baseline.

Day-ahead market performance
For identical storage capacities, Li-ion storage achieves a larger increase in operational profit than
LPCAES in the day-ahead market in all analyzed years. For the 400 MWh configuration, the profit
increase of Li-ion exceeds that of LPCAES by 109% in 2022, 81% in 2023, and 85% in 2024. For the
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1600 MWh configuration, the relative difference is even more pronounced, amounting to 205% in 2022,
111% in 2023, and 87% in 2024. Hence, Li-ion consistently delivers substantially higher day-ahead
profit increases, with the largest relative gaps observed in 2022 and for the 1600 MWh system.

These differences are primarily driven by the technical characteristics of the storage technologies. Li-
ion exhibits charging and discharging rates of rc = rd = 0.5 h−1, whereas LPCAES is limited to rc =
rd = 0.125 h−1. Since maximum charging and discharging powers scale proportionally with these rates
(see Equation 3.23), Li-ion can provide substantially higher power relative to its energy capacity. A
higher C-rate enables faster responses to short-term price signals: the system can discharge larger
volumes during price peaks and charge more during low or negative price periods. This flexibility allows
Li-ion to capture short-lived price spreadsmore effectively, which is particularly valuable in volatile years
such as 2022.

LPCAES also has lower charging and discharging efficiencies (ηc and ηd) than Li-ion (0.70 compared to
0.94). This means that a larger share of the input electricity is lost during charging and discharging. As
a result, part of the electricity that is stored is lost and cannot be sold later. This means that the system
earns less money from buying electricity at low prices and selling it at high prices, which reduces the
profits from day-ahead trading.

Increasing the storage capacity from 400 MWh to 1600 MWh enhances day-ahead profits for both
technologies. For Li-ion, this expansion leads to relative profit increases of 135% in 2022, 149% in
2023, and 181% in 2024. For LPCAES, the corresponding increases amount to 61% in 2022, 114% in
2023, and 179% in 2024. Larger energy capacity allows more energy to be shifted across time, thereby
increasing arbitrage potential. However, the benefit of capacity expansion is amplified when combined
with a high C-rate, which explains the particularly strong scaling observed for Li-ion systems.

Impact of aFRR participation
Participation in the aFRR market further increases operational profit for all configurations. The incre-
mental aFRR profit, defined as the difference between the day-ahead-only case and the combined
day-ahead plus aFRR case, is very similar across technologies and storage sizes. For the 400 MWh
configuration, the additional aFRR profit amounts to 62 M€ in 2022, 24 M€ in 2023, and 16 M€ in
2024 for both technologies. For the 1600 MWh configuration, the corresponding values are likewise
about 62 M€ in 2022, around 24 M€ in 2023 (23.8 M€ for Li-ion and 24.7 M€ for LPCAES), and roughly
15–17 M€ in 2024 (16.5 M€ for Li-ion and 14.9 M€ for LPCAES).

The limited variation in incremental aFRR profit between storage sizes is explained by the technical
caps imposed on reserve provision. The maximum upward and downward aFRR capacities are re-
stricted to:

raFRR↑,max = 35 MW and raFRR↓,max = 40 MW

as specified in Table 3.2. These limits apply equally to all configurations and cap the reservable power
independently of installed energy capacity. Once a system can reliably provide 35–40 MW while re-
specting SoC constraints, increasing the energy capacity from 400 MWh to 1600 MWh does not in-
crease the amount of reserve that can be offered. As a result, capacity-related profits do not scale with
storage size.

aFRR remuneration consists of capacity payments (€/MW) and activation energy payments (€/MWh)
(see Section 2.1.2). In the present results, total aFRR profit is dominated by the capacity component.
Since the maximum reserve power is the same for all configurations and all systems are able to provide
this amount, the total aFRR revenues end up at nearly the same level for both technologies and storage
sizes. For the 400 MWh LPCAES configuration in 2023 and 2024, the incremental aFRR profit even
exceeds the additional profit from day-ahead trading alone. This does not imply that aFRR is inherently
more profitable than arbitrage. LPCAES has a low C-rate and lower efficiency, which limits how much
it can earn in the day-ahead market. It cannot charge and discharge as quickly as Li-ion, and part
of the stored energy is lost. This reduces its arbitrage profits. In the aFRR market, revenues mainly
depend on how much reserve power (MW) can be offered. As long as the system can provide the
required reserve and keep its SoC within the allowed range, efficiency plays a smaller role. Therefore,
aFRR revenues make up a larger share of the total profit for LPCAES, particularly at smaller energy
capacities.
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The remaining small differences between technologies and storage sizes (within approximately ±1 M€)
arise from activation-induced energy exchanges, efficiency losses, and the State of Charge manage-
ment required to guarantee continuous reserve availability. These interactions slightly affect the coor-
dination between day-ahead dispatch and balancing provision, but their quantitative impact remains
limited because overall aFRR revenues are largely determined by the capped capacity remuneration.

The remaining small differences between technologies and storage sizes (within about ±1 M€) result
from the interaction between day-ahead trading and aFRR provision. When aFRR is activated, the
SoC changes, which can slightly alter the optimal day-ahead dispatch compared to the day-ahead-only
case. In addition, efficiency losses during activation differ between technologies.

4.1.2. Storage dispatch in EMERGE
This section examines the operational behavior of EMERGE. Using 9 March 2024 as an illustrative
example, the 1600 MWh storage configurations operating exclusively in the day-ahead market (see
Section 4.1.1) are analyzed. The day-ahead prices, grid import and export power, wind park generation,
as well as the charging, discharging, and SoC of the storage systems are presented in Figure 4.3.

As shown in Figure 4.3, both storage configurations follow the same overall price-driven operating strat-
egy. During the morning, until approximately 11:00h, day-ahead prices are positive and the electricity
generated by the wind farm is directly exported to the grid. When prices turn negative around midday,
electricity is imported instead of exported, as buying power at negative prices generates revenue. At
the same time, wind generation is curtailed, since exporting electricity under negative prices would
incur costs. Both Li-ion and LPCAES therefore charge during these hours.

Around 14:00h, the storage systems reach their upper SoC limits. From that point onward, no further
charging occurs, and the systems remain at the maximum SoC until prices increase sufficiently to make
discharging economically attractive. During the high-price hours in the late afternoon and evening, both
technologies discharge and export electricity to the grid.

Although the general strategy is similar, important differences arise from the technical characteristics of
the two storage technologies. Around 12:00–13:00h, the Li-ion system already switches from charging
to exporting, while LPCAES continues charging for a longer period. This is primarily due to the higher
C-rate of Li-ion (0.5 h−1), compared to LPCAES (0.125 h−1). The higher C-rate allows Li-ion to charge
and discharge at higher power, enabling it to reach its upper SoC limit faster and to react more quickly
to short-term price changes. Under the assumption of perfect price foresight in the model, this power
flexibility becomes particularly valuable. Since price developments are known in advance, the systems
optimize their schedules accordingly. The Li-ion system can briefly export electricity at slightly negative
prices around 12:00–13:00h to create additional storage headroom. This allows it to import larger
volumes later when prices become even more negative. Due to its lower C-rate, LPCAES cannot
adjust its charging strategy as quickly and is therefore less able to exploit short-term price fluctuation.

Another structural difference concerns the usable SoC range. Li-ion operates between 10–90% SoC,
whereas LPCAES can use the full 0–100% range. This restriction reduces the usable energy capacity
of Li-ion. However, Li-ion has a significantly higher round-trip efficiency (94%) than LPCAES (70%). As
a result, a larger share of imported electricity can be converted into exported electricity, which improves
its arbitrage performance despite the narrower SoC window.

During the evening peak-price period, both systems discharge from full capacity down to their minimum
SoC in order to maximize revenues for that day. Electricity export is capped at 1000 MW, and both
technologies operate at their maximum discharge power during the highest price hours. It can be
observed that LPCAES discharges at a higher power than Li-ion. This is a direct consequence of its
lower efficiency: to deliver the same net export of 1000 MW to the grid, LPCAES must generate a
higher gross output. Consequently, it depletes its stored energy more quickly and reaches its minimum
SoC earlier than Li-ion.

Small charging and discharging actions before 11:00h and between 14:00 and 17:00h are related to the
model implementation in EMERGE. The grid export is constrained to be constant on an hourly basis,
whereas wind generation data are provided in 15-minute intervals. The storage system compensates
for short-term fluctuations in wind generation to maintain a constant hourly export level.
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When the storage systems also participate in the aFRR market, part of the power and energy capacity
must be reserved. This reduces the capacity available for day-ahead arbitrage and constrains the SoC
trajectory, since sufficient room must be maintained during the contracted availability periods (see Sec-
tion 2.1.2). If activated, the reserved capacity leads to additional energy exchanges, further affecting
the SoC evolution.

Finally, degradation reduces the available storage capacity over time, limiting the amount of energy
that can be charged and discharged. In addition, marginal degradation costs decrease the net profit in
each timestep, as using the storage system is no longer cost-free.

Figure 4.3: Overview of the HPP operation on 9 March 2024 in the day-ahead market. The left column presents the wind farm
combined with Li-ion storage, while the right column shows the wind farm combined with LPCAES. For both configurations, an
energy capacity of 1600 MWh is assumed. The maximum C-rate is set to 0.5 for Li-ion and 0.125 for LPCAES. The first row
depicts the day-ahead electricity price in €/kWh throughout the day. The second row shows the power flows in MW, including

grid import and export and the maximum export power, as well as the wind farm output, which is identical for both
configurations. The third row illustrates the storage operation, presenting the charging and discharging power in MW together

with the state of charge (SoC) of the respective storage technology.
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4.2. Sizing of short- and long-duration storage
In Figure 4.4, the operational profits of four different storage configurations in 2024 are shown. For all
configurations no marginal degradation costs are assumed.

(a) Operational profits of a wind park combined with Li-ion battery
storage, excluding marginal degradation costs and operating

exclusively in the day-ahead market.

(b) Operational profits of Li-ion battery storage, excluding marginal
degradation costs, with participation in both the day-ahead and the

aFRR markets.

(c) Operational profits of a wind park combined with LPCAES,
excluding marginal degradation costs and operating exclusively in the

day-ahead market.

(d) Operational profits of LPCAES, excluding marginal degradation
costs, with participation in both the day-ahead and the aFRR markets.

Figure 4.4: Operational profits (million €) of a 1 GW wind farm combined with different storage technologies, storage
capacities, and C-rates in 2024.

Figure 4.4a presents the Li-ion battery configurations operating exclusively in the day-ahead market.
When participation in the aFRR market is enabled (Figure 4.4b), operational profits increase for all
storage capacities and C-rates. Accordingly, participation in the aFRR market leads to consistently
higher operational revenues than operation in the day-aheadmarket alone. The same trend is observed
for the LPCAES configurations. Comparing Figures 4.4c (without aFRR) and 4.4d (with aFRR) shows
that participation in the aFRR market also increases operational profits for LPCAES. However, profit
levels remain lower than for Li-ion across most configurations.

This effect is clearly illustrated in Figure 4.5, which shows the relative change in operational profits (in
%) of the different configurations compared to the Li-ion day-ahead reference case (Figure 4.4a).

For Li-ion (Figure 4.5b), participation in the aFRR market increases operational profit for all configura-
tions. Beyond roughly 600 MWh, the relative increase stabilizes at around 4%. This occurs because
the technical limits for aFRR provision are reached: the maximum upward and downward reserve ca-
pacities are capped, as described in Section 4.1.1. For smaller storage capacities and lower C-rates,
these caps cannot yet be fully utilized, resulting in a smaller profit increase. As shown in Figure 4.4, the
maximum additional profit obtainable from aFRR provision is approximately 20 M€. Once the reserve
capacity limit is reached, further increases in energy capacity do not increase aFRR revenues. The
same mechanism applies to LPCAES (Figures 4.4c and 4.4c). The maximum additional profit from
aFRR participation is similar, as reserve remuneration primarily depends on the contracted MW and
the same capacity caps apply, independent of storage technology.
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Without aFRR participation (Figure 4.5c), LPCAES generates lower operational profits than Li-ion for
all configurations. This difference is mainly driven by the lower round-trip efficiency of LPCAES, which
reduces arbitrage revenues in the day-ahead market. The effect becomes more pronounced at larger
storage capacities because a bigger system can (dis)chargemore energy to profit from price differences.
Since LPCAES has a lower efficiency, it loses more energy in each cycle. With larger energy volumes,
these losses increase, which reduces arbitrage revenues compared to Li-ion.

When LPCAES participates in the aFRR market (Figure 4.5d), its operational profits exceed those of
the Li-ion day-ahead reference case for smaller storage capacities (up to approximately 1000 MWh).
At small capacities, the arbitrage potential in the day-ahead market is limited for both technologies.
By additionally providing aFRR capacity, LPCAES generates extra revenue from reserve reservation,
which is sufficient to surpass the profits of Li-ion operating only in the day-ahead market, despite Li-
ion’s higher efficiency. For larger capacities, however, Li-ion benefits more strongly from its higher
efficiency in day-ahead arbitrage. The higher arbitrage revenues achieved by Li-ion therefore dominate
the comparable aFRR income, resulting in higher overall profits than LPCAES as the energy capacity
increases.

(a) Operational profits of a wind park combined with Li-ion battery
storage, excluding marginal degradation costs and operating

exclusively in the day-ahead market.

(b) Relative change in operational profits of Li-ion battery storage,
excluding marginal degradation costs, with participation in both the

day-ahead and the aFRR markets.

(c) Relative change in operational profits of a wind park combined
with LPCAES and operating exclusively in the day-ahead market.

(d) Relative change in operational profits of LPCAES, with
participation in both the day-ahead and the aFRR markets.

Figure 4.5: Relative change in operational profits (%) of a 1 GW wind farm in 2024 combined with different storage
technologies, storage capacities, and C-rates, compared to the reference case shown in Figure 4.5a.

Figures 4.4 and 4.5 are based on wind generation and price data for 2024. Figure 4.6 presents the
operational profits of the wind farm using input data for 2022 and 2023 and compares these results
with those for 2024.
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(a) Operational profits of Li-ion battery storage, excluding marginal
degradation costs, with participation in both the day-ahead and the

aFRR markets in 2022.

(b) Operational profits of Li-ion battery storage, excluding marginal
degradation costs, with participation in both the day-ahead and the

aFRR markets in 2023.

(c) Operational profits of Li-ion battery storage, excluding marginal
degradation costs, with participation in both the day-ahead and the

aFRR markets in 2024.

Figure 4.6: Operational profits (million €) of a 1 GW wind farm combined with Li-ion battery storage for different storage
capacities and C-rates in 2022, 2023, and 2024.

Figure 4.6 shows that, in all three years, the operational profits of the Li-ion battery increase with higher
storage capacities and higher C-rates. A larger energy capacity allows the system to store more elec-
tricity during low-price periods and discharge more during high-price periods. This increases the total
energy volume that can be shifted over time, directly raising arbitrage revenues. The C-rate deter-
mines the maximum charging and discharging power. A higher C-rate allows the storage technology
to respond more quickly and trade larger power volumes over short high- or low-price periods. The
contour lines indicate that, at lower C-rates, a larger energy capacity is required to achieve the same
operational profit. In other words, limited power capability must be compensated by increased storage
size to reach comparable profit levels.

Although this general trend is consistent across all years, the absolute profit levels differ substantially.
As shown in Figure 4.6a, operational profits in 2022 are significantly higher than in the following years.
Profits in 2023 (Figure 4.6b) remain above those in 2024 (Figure 4.6c), while 2024 exhibits the lowest
operational profits. The differences in price levels across the years are explained in Section 4.1.1.

Figures 4.4 and 4.5 present the results for 2024, comparing Li-ion in day-ahead-only operation with Li-
ion and LPCAES configurations that additionally participate in the aFRRmarket. The same comparison
is carried out for 2022 and 2023. Although absolute profit levels vary due to different price conditions,
the qualitative patterns remain unchanged: when no marginal degradation costs are considered, Li-ion
achieves higher operational profits than LPCAES across all configurations. The corresponding results
are shown in Figure B.1 for 2022 and in Figure B.2 for 2023 in Appendix B.
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4.3. Degradation effects on short- and long-duration storage
In this section, degradation effects are incorporated into the analysis. Section 4.3.1 presents the bat-
tery lifetimes for different configurations and End-of-Life (EoL) State of Health (SoH) thresholds, and
examines the impact of marginal degradation costs and daily capacity degradation on the operational
profits of the battery configurations in EMERGE. Section 4.3.2 provides a Net Present Value (NPV)
analysis comparing wind coupled with Li-ion storage under degradation to LPCAES.

4.3.1. Degradation of hybrid power plant configuration with Li-ion storage
Lifetimes and Equivalent Full Cycles
Figure 4.7 illustrates how different End-of-Life (EoL) criteria, defined at varying State of Health (SoH)
thresholds within the implemented degradation model, affect the resulting battery lifetime and the total
number of Equivalent Full Cycles (EFC). The analysis is based on battery configurations simulated
using weather and market data from 2024.

Figure 4.7 shows that lowering the EoL threshold from 80% to 60% (SoH) increases the estimated
lifetime of the battery configurations. The lifetime rises from approximately 4–6 years at 80% SoH to
about 6–10 years at 60% SoH. A similar trend is observed in the total number of EFC, which increases
on average from roughly 2000 cycles at 80% SoH to around 2500 cycles at 70% and about 3000 cycles
at 60%. This increase follows directly from the definition of the EoL criterion: a lower SoH threshold
permits a larger amount of cumulative degradation before the battery is considered to have reached
EoL.

As can be seen in Figure 4.7a, 4.7c and 4.7e, the shortest lifetimes occur for configurations with a small
storage capacity and a high C-rate. In this case, the battery can charge and discharge at high power
relative to its energy capacity, resulting in many (partial) cycles within a short period. Consequently,
the accumulated EFC increase rapidly, and the EoL threshold is reached relatively early.

As storage capacity increases and/or the C-rate decreases, the cycling intensity is reduced. A larger
energy capacity means that the same energy throughput corresponds to fewer equivalent full cycles,
while a lower C-rate limits the maximum charge and discharge power. Both effects slow down the
annual accumulation of EFC and therefore extend the operational lifetime.

If the storage capacity remains small but the C-rate increases, the battery is able to respond more
aggressively to price signals, which increases cycling frequency and accelerates degradation. Con-
versely, increasing the storage capacity at a constant C-rate generally reduces the number of EFC per
year, as the same dispatched energy represents a smaller fraction of the total capacity. This reduces
relative cycling intensity and increases lifetime.

Despite these differences in annual cycling intensity, the total number of EFC reached at EoL is rel-
atively similar across most configurations (Figures 4.7b, 4.7d, and 4.7f). This follows directly from
Equation 3.55, where the lifetime EFC is defined by the product of the operational lifetime tlife and cu-
mulative normalized energy throughput, expressed as

∑nR

j=1 Rcount,jRDoD,j . For a fixed SoH threshold,
end-of-life is reached once the total accumulated degradation equals the allowable capacity loss. In
configurations where cycling degradation is the dominant aging mechanism, a higher annual cycling
intensity increases the yearly degradation rate and therefore reduces tlife. Conversely, a lower annual
cycling intensity decreases the degradation rate and extends tlife. Because lifetime is inversely related
to the annual cycling-induced degradation, the product of annual EFC (the total lifetime EFC at EoL)
remains approximately constant across these configurations.

The main exception is the combination of low storage capacity and low C-rate. In this case, limited
power capability constrains market participation and reduces cycling activity, leading to a lower annual
normalized energy throughput

∑nR

j=1 Rcount,jRDoD,j . As a result, cycling degradation contributes less
to total capacity fade, and calendar aging (the time-dependent degradation term in Equation 3.49)
becomes relatively more significant. Since calendar degradation accumulates with time rather than
throughput, the battery can reach the SoH threshold after a certain period even with comparatively few
accumulated EFC. This explains why the total EFC at EoL is lower for this specific configuration. A
detailed breakdown of the degradation components is provided in Section 3.3.
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(a) Battery lifetimes with End-of-Life defined at 80% State of Health. (b) Equivalent Full Cycles with End-of-Life defined at 80% State of
Health.

(c) Battery lifetimes with End-of-Life defined at 70% State of Health. (d) Equivalent Full Cycles with End-of-Life defined at 70% State of
Health.

(e) Battery lifetimes with End-of-Life defined at 60% State of Health. (f) Equivalent Full Cycles with End-of-Life defined at 60% State of
Health.

Figure 4.7: Estimated battery lifetimes for different End-of-Life (EoL) State of Health (SoH) thresholds (80%, 70%, and 60%),
shown as a function of storage capacity and C-rate. The corresponding total number of Equivalent Full Cycles (EFC) for each
SoH threshold is also presented as a function of storage capacity and C-rate. The simulations are performed for a 1 GW wind
farm combined with Li-ion battery storage, including marginal degradation costs, daily degradation, and with participation in

both the day-ahead and aFRR markets in 2024.
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Marginal degradation costs and daily capacity degradation
For the following simulations as the reference case, EoL is defined at a SoH threshold of 70%. Fig-
ure 4.8 subsequently illustrates the impact of including marginal degradation costs on operational prof-
its.

(a) Operational profits of Li-ion battery storage without marginal
degradation costs, without daily capacity degradation, and operating

exclusively in the day-ahead market.

(b) Relative change in operational profits of a wind park combined
with Li-ion battery storage with marginal degradation costs, without

daily capacity degradation, and operating exclusively in the
day-ahead market.

(c) Relative change in operational profits of a wind park combined
with Li-ion battery storage with marginal degradation costs, with daily
capacity degradation, and operating exclusively in the day-ahead

market.

(d) Relative change in operational profits of a wind park combined
with Li-ion battery storage with marginal degradation costs, without

daily capacity degradation, and with participation in both the
day-ahead and the aFRR markets.

Figure 4.8: Relative change in operational profits (%) of a 1 GW wind farm in 2024 combined with Li-ion battery storage in
2024 for different configurations with and without aFRR participation, marginal degradation costs (with End-of-Life defined at

70% State of Health), and daily capacity degradation, compared to the reference case shown in Figure 4.8a.

Figure 4.8a is the same configuration as in Figure 4.4a. When marginal degradation costs in are
included (Figure 4.8b), operational profits decrease. According to Equation 3.56, the marginal degra-
dation cost (€/kWh) is defined as a constant divided by the number of EFC. As shown in Figure 4.7d,
the total number of EFC is approximately constant across most configurations, except for the combi-
nation of low C-rate and low energy capacity. Consequently, the marginal degradation cost per unit of
throughput is nearly identical for the majority of configurations. From Equation 3.25, the degradation
cost incurred in each timestep depends on the battery power flow. For a fixed C-rate, a larger energy
capacity results in a higher power rating. As a result, the absolute power flows increase with storage
size, which also leads to higher degradation costs. However, Figure 4.8b shows that along a contour
line corresponding to a fixed reduction in operational profit, a lower C-rate requires a larger energy ca-
pacity to reach the same profit decrease. This is because a lower C-rate limits the maximum charging
and discharging power. As a result, the power flow through the battery is lower, leading to less energy
throughput and therefore lower degradation costs compared to a higher C-rate.

A comparison between Figures 4.8b and 4.8c indicates that including daily capacity degradation has
only a limited effect on operational profits in this analysis. This is because EMERGE is simulated
for a single year, while the available capacity is reduced gradually on a daily basis, as described in
Section 3.3.2. Since the capacity loss accumulates slowly over time, its impact on profits remains
relatively small within the one-year simulation horizon. A multi-year simulation would be required to
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fully capture the long-term economic effects of capacity fade.

Furthermore, comparing Figures 4.8c and 4.8d shows that enabling participation in the aFRR market
increases operational profits, even when marginal degradation costs are included. Although aFRR rev-
enues are capped, as discussed in Sections 4.1.1 and 4.2, they provide an additional revenue stream
on top of day-ahead arbitrage. For storage capacities up to approximately 600 MWh, the additional
profit from aFRR participation is sufficient to offset the marginal degradation costs, resulting in higher
total profits than in the case without marginal degradation costs and with participation in the day-ahead
market only (Figure 4.8a).

Different End-of-Life thresholds and input years
As stated, an SoH threshold of 70% is selected as the reference case, in line with common practice
in the literature [4], see Section 3.3.2. Continued operation beyond this point may lead to increased
safety risks and potential accident scenarios [56]. To illustrate the impact of alternative EoL thresholds,
Figure C.1 in Appendix C presents the operational profits for different SoH limits. Figures C.1b and C.1c
show that lowering the SoH threshold from 80% to 60% increases operational profits. As shown in
Figure 4.7, a lower EoL threshold results in a higher number of achievable EFC in the lifetime, which
directly affects Equation 3.56 by reducing the marginal degradation cost and thereby increasing profits.

As described in Section 4.3.1, for a fixed C-rate, increasing the energy capacity raises the power rating
and thus the absolute power flows, leading to higher degradation costs. Conversely, a lower C-rate
limits power throughput and thus associated degradation costs. Therefore, to reach the same profit
reduction, configurations with a lower C-rate require a larger energy capacity, as can be seen in Figure
C.1.

In Appendix C, Figure C.2 shows the corresponding battery lifetimes and lifetime EFC values for the
input years 2022, 2023, and 2024 at the same 70% SoH threshold. Figures C.2e and C.2f are identical
to Figures 4.7c and 4.7d, respectively, as they are generated from the same underlying simulation
results. Minor visual differences between these contour plots arise from the plotting function’s automatic
selection of colour scales and contour levels. These graphical settings affect how the data surface is
displayed, which can lead to small shifts in contour lines or label placements, even though the numerical
results are identical.

Figure C.2 further shows that, across all considered years, the distribution of battery lifetimes at a fixed
EoL threshold of 70% SoH remains consistent. The lifetime EFC pattern is likewise similar, with most
configurations reaching approximately 2400 equivalent full cycles. This indicates that degradation is
primarily driven by cumulative cycling rather than by the specific yearly input data.

Comparison of Li-ion, including degradation, and LPCAES
The operational profit of a wind farm combined with Li-ion battery storage, including marginal degra-
dation costs, daily degradation, with participation in both the day-ahead and the aFRR markets, is
compared against LPCAES with aFRR participation for the years 2022 - 2024 in Figure 4.9.

The patterns in Figures 4.9d and 4.9f are highly comparable, whereas Figure 4.9b shows a different
distribution. A comparison of Figures 4.9b and 4.9f shows that for small storage configurations (below
approximately 600 MWh), LPCAES is less profitable than Li-ion.

As discussed in Section 4.3.1, degradation costs in each timestep depend on the instantaneous battery
power flow (Equation 3.25). For a fixed C-rate, a larger energy capacity implies a higher power rating,
resulting in greater absolute power flows and therefore higher degradation costs per timestep. As the
energy capacity increases, these rising degradation costs gradually offset the efficiency advantage of
Li-ion (94%) compared to LPCAES (70%). Consequently, the relative advantage of LPCAES, which
does not incur marginal degradation costs, becomes more pronounced for larger storage sizes.

Along a contour of equal profit difference, a lower C-rate requires a larger energy capacity to reach
the same relative profit increase of LPCAES over Li-ion. The reason is that a lower C-rate limits the
maximum charging and discharging power, thereby reducing energy throughput and the associated
degradation costs. To achieve a comparable absolute level of degradation cost (and thus a similar
relative profit advantage for LPCAES), the system must compensate by increasing the energy capacity.
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For very low C-rates, the total lifetime EFC is generally lower due to the limited power capability, which
restricts cycling intensity (see Figure 4.7). As a result, marginal degradation costs are slightly lower
for these configurations, meaning that degradation has a smaller impact on operational profits. Conse-
quently, a smaller LPCAES capacity is required to obtain the same relative profit increase.

An important exception is the combination of low C-rate and low energy capacity. As shown in Fig-
ure 4.7d, these configurations results in a lower lifetime EFC. Because both power capability and
cycling activity are limited, the battery accumulates fewer equivalent full cycles before reaching the
SoH threshold. According to Equation 3.56, a lower lifetime EFC leads to lower marginal degradation
costs per unit of throughput. In this case, the efficiency advantage of Li-ion dominates, allowing it to
outperform LPCAES despite the inclusion of degradation costs.

Figure 4.9b shows a different pattern than the other years. In 2022, day-ahead prices are high enough
that the round-trip efficiency advantage of Li-ion outweighs the effect of marginal degradation costs. As
a result, degradation plays a smaller role in relative profitability. As storage capacity increases, more
energy can be shifted between periods of low and high prices, which increases arbitrage revenues.
Because larger price differences increase the value of efficiency, Li-ion outperforms LPCAES more
clearly at higher energy capacities. Although degradation costs rise with higher throughput, they remain
small compared to the high arbitrage revenues in 2022. The contour lines show that at lower C-rates,
a larger energy capacity is needed to achieve the same profit increase. Since lower C-rates limit
charging and discharging power, this must be compensated by higher storage capacity to reach similar
profit levels.
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(a) Operational profits of the 1 GW wind park combined with Li-ion
battery storage, including marginal degradation cost, with daily

degradation, and with participation in both the day-ahead and the
aFRR markets in 2022.

(b) Relative change in operational profit (%) of the 1 GW wind park
with LPCAES compared to the reference case in Figure 4.9a, with
participation in both the day-ahead and the aFRR markets in 2022.

(c) Operational profits of the 1 GW wind park combined with Li-ion
battery storage, including marginal degradation cost, with daily

degradation, and with participation in both the day-ahead and the
aFRR markets in 2023.

(d) Relative change in operational profit (%) of the 1 GW wind park
with LPCAES compared to the reference case in Figure 4.9c, with
participation in both the day-ahead and the aFRR markets in 2023.

(e) Operational profits of the 1 GW wind park combined with Li-ion
battery storage, including marginal degradation cost, with daily

degradation, and with participation in both the day-ahead and the
aFRR markets in 2024.

(f) Relative change in operational profit (%) of the 1 GW wind park
with LPCAES compared to the reference case in Figure 4.9e, with
participation in both the day-ahead and the aFRR markets in 2024.

Figure 4.9: Operational profit (million €) and relative profit difference (%) of a 1 GW wind farm combined with Li-ion battery
storage and LPCAES for different storage capacities and C-rates in 2022, 2023 and 2024, relative to their Li-ion reference

cases.
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4.3.2. Net Present Value analysis
Figures 4.10 and 4.11 present the Net Present Value (NPV) analysis of the wind farm combined with Li-
ion storage and LPCAES for 2024. For both technologies, the NPV decreases with increasing discount
rate (r) and increasing energy capacity. A positive NPV is only obtained for relatively small storage
sizes.

According to Equations 2.6 and 2.7, the total CAPEX is determined by the energy capacity Ecap and
the C-rate rc. The energy capacity scales with both the energy-specific cost component (cE) and the
power-specific cost component (cP), whereas the C-rate only scales the power-related cost. As a result,
increasing energy capacity has a stronger impact on total CAPEX than increasing the C-rate. Since
both cE and cP are higher for LPCAES than for Li-ion, LPCAES exhibits higher overall investment costs.

For both technologies, the combination of large energy capacity and high C-rate leads to the most
negative NPV due to high upfront investment. Conversely, very small systems with low C-rates have
low CAPEX but generate insufficient operational revenues to offset the investment. The highest NPV
values are therefore achieved for small energy capacities combined with relatively high C-rates, as this
configuration allows the system to capture short-term price variations while keeping total investment
moderate.

Operationally, Figure 4.9f shows that for identical C-rates and capacities, LPCAES can achieve higher
operating profits than Li-ion when marginal degradation costs are included. However, due to its higher
CAPEX, fewer LPCAES configurations result in a positive NPV.

When assessed purely on NPV, smaller energy capacities are preferred, and higher C-rates are advan-
tageous for small systems. These conclusions, however, depend on the assumed market conditions.
Under different price dynamics or wind patterns, larger capacities and higher C-rates may provide ad-
ditional flexibility and improve long-term profitability.

Appendix D presents the NPV results for 2022 and 2023. The general trends remain the same, but
in 2023 more configurations achieve a positive NPV due to higher day-ahead prices. In 2022, excep-
tionally high prices result in positive NPVs for nearly all Li-ion configurations, except at a discount rate
of r = 9% combined with large energy capacity and high C-rate. For LPCAES in 2022, substantially
fewer configurations are profitable. As shown earlier in Figure 4.9b, LPCAES already achieves lower
operational profits than Li-ion in that year. When this is combined with its higher CAPEX, it results in
fewer positive-NPV configurations relative to Li-ion.
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(a) NPV for wind with Li-ion storage, with r = 5% (b) NPV for wind with Li-ion storage, with r = 7%

(c) NPV for wind with Li-ion storage, with r = 9%

Figure 4.10: Net Present Value (NPV) analysis of a 1 GW wind farm with Li-ion storage across different energy capacities and
C-rates, including marginal degradation costs and daily degradation, participation in day-ahead and aFRR markets, based on

2024 data and evaluated at various discount rates.

(a) NPV for wind with LPCAES, with r = 5% (b) NPV for wind with LPCAES, with r = 7%

(c) NPV for wind with LPCAES, with r = 9%

Figure 4.11: Net Present Value (NPV) analysis of a 1 GW wind farm with LPCAES storage across different energy capacities
and C-rates, with participation in day-ahead and aFRR markets, based on 2024 data and evaluated at various discount rates.



5
Discussion

The results indicate that the relative performance of Li-ion and LPCAES depends strongly on the as-
sumed C-rate, degradation, and the selected market year. Section 5.1 discusses these findings.

5.1. Discussion
5.1.1. Operational profits while neglecting degradation
In the specific scenario where a maximum (dis)charge rate of rc = rd = 0.5 h−1 is assumed for Li-ion
and rc = rd = 0.125 h−1 for LPCAES, Li-ion achieves higher operational profits when degradation is not
considered. This result is driven by the combination of a higher C-rate and a higher round-trip efficiency
for Li-ion under these particular parameter settings. A higher C-rate increases the power capability,
allowing more energy to be dispatched during periods with favorable market prices. Likewise, larger
storage capacities enable higher energy volumes to be shifted over time. Under zero marginal costs
and while neglecting capital investments, both higher C-rates and larger energy capacities therefore
increase the revenue potential for both technologies.

Although participation in the aFRR market increases total operational profits compared to day-ahead-
only operation, its relative impact on the comparison between technologies is limited. The maximum
reserve capacity is identical for all configurations, and both technologies can provide this capacity,
noting that ramping requirements for aFRR are not implemented in EMERGE. Consequently, total
aFRR revenues are nearly equal across technologies and storage sizes.

Across all market years, Li-ion remains more profitable than LPCAES when degradation is neglected,
and this advantage increases with storage capacity due to the higher efficiency.

5.1.2. Impact of degradation
Whenmarginal degradation costs and daily capacity degradation are included for Li-ion, the comparison
changes.

The degradation model is cycle-dependent, and for sufficiently large systems (around 600 MWh), the
lifetime Equivalent Full Cycles (EFC) are comparable across most configurations. However, the total
degradation cost per time step scales with absolute energy throughput. For a fixed C-rate, larger energy
capacities higher power dispatch and therefore higher absolute degradation costs

When degradation is included and both technologies are evaluated at identical C-rates and energy
capacities, the relative performance becomes dependent on the selected market year. Under the 2023
and 2024 market conditions, LPCAES becomes more profitable as energy capacity increases, whereas
in 2022 Li-ion remains the more profitable option at higher capacities. This difference is driven by the
higher average day-ahead price level in 2022, which increases the relative value of round-trip efficiency
compared to marginal degradation costs. This demonstrates that the relative performance of both
technologies is highly sensitive to market price levels.
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5.1.3. Net Present Value considerations
When evaluated using NPV, smaller system configurations tend to appear more economically attractive,
primarily due to their lower upfront capital expenditure (CAPEX), assuming the investment occurs in
year 0 and future cash flows are discounted. However, this outcome depends strongly on: the assumed
discount rate, the selected market year and the technology-specific CAPEX assumptions.

The preferred system size depends on market conditions. Higher price volatility increases the value
of flexibility, potentially favoring larger storage capacities and higher C-rates. In contrast, under more
stable price conditions, smaller configurations may be economically optimal due to lower investment
costs.

It is important to emphasize that LPCAES is an emerging technology with a lower Technology Readi-
ness Level (TRL). CAPEX and efficiency assumptions are therefore uncertain. In contrast, Li-ion
CAPEX is based on established systems. Moreover, the Li-ion system is assumed to be onshore,
whereas LPCAES is modeled as an offshore technology. If Li-ion were deployed offshore, its CAPEX
could increase significantly, potentially altering the comparison. Since EMERGE is simulated for only
a single year, the resulting annual cash flow is assumed to repeat over the entire project lifetime. How-
ever, if EMERGE were simulated over a longer time horizon, ongoing daily capacity degradation for
Li-ion would accumulate and likely lead to greater profit reductions over time.

5.1.4. Modeling assumptions and limitations
Several simplifying assumptions influence the interpretation of the results. No OPEX values are in-
cluded for either technology, and perfect foresight of market prices is assumed in the optimization.
Furthermore, the analysis is limited to participation in the day-ahead and aFRR markets. These as-
sumptions simplify the modeling framework but may affect the absolute profitability levels and the rela-
tive comparison between technologies under more realistic operating conditions. In practice, dispatch
decisions and profitability are affected by uncertainty in market prices and renewable generation, as
well as forecasting errors. The current analysis assumes perfect foresight, whereas real-world opera-
tion is subject to deviations between expected and realized conditions. Such deviations may lead to
suboptimal dispatch, unnecessary cycling, imbalance penalties, or reduced revenue capture. Incorpo-
rating stochastic input data would therefore allow for a more realistic assessment of cycling behavior
and improve the evaluation of the robustness of the economic comparison between Li-ion and LPCAES
under practical operating conditions.

5.1.5. Dispatch behavior and market participation
The hybrid power plant dispatch is determined through joint optimization of renewable generation and
storage operation. The objective is to maximize operational profit by allocating energy between: direct
market sales, storage charging and discharging, and ancillary service provision.

For Li-ion batteries, marginal degradation costs are included in the optimization and therefore influence
dispatch decisions. Each charging and discharging action contributes to cycle-dependent degradation,
represented as a cost per unit of energy throughput. As a result, the model tends to dispatch the battery
only when expected revenues are sufficiently high to cover both efficiency losses and degradation costs.
This introduces a profitability threshold and likely leads to more selective operation during high-price
periods. In contrast, LPCAES is modeled without cycle-dependent degradation costs. Its dispatch
is therefore mainly driven by market price differences and technical constraints. Due to its longer
discharge duration, it is expected to bemore suited to longer-term energy shifting rather than short, high-
frequency operation. These structural differences are expected to result in different dispatch patterns.
Li-ion is likely to prioritize high-value, short-duration arbitrage. LPCAES, in contrast, may operate more
continuously when sustained price differences support longer discharge periods.

It is important to further assess how participation in additional ancillary service markets influences
degradation and long-term profitability. Providing services such as FCR or mFRRda alongside day-
ahead arbitrage and aFRR can increase the frequency and depth of charging and discharging. While
the marginal degradation cost per cycle is defined by the assumed lifetime EFC, a higher operational
intensity accelerates the accumulation of equivalent full cycles. This may shorten the effective calendar
lifetime of the battery and lead to earlier replacement, thereby affecting overall project economics.
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Furthermore, as outlined in Section 2.2.2, Li-ion is theoretically well suited for participation in the FCR
market, while CAES is more appropriate for the mFRRda market. Whether LPCAES can successfully
participate in these markets remains uncertain. It should also be noted that ramping characteristics for
the aFRR market are not implemented in EMERGE, which limits the assessment of LPCAES participa-
tion under realistic operational constraints.



6
Conclusions and Recommendations

The Main Research Question (MRQ) of this work, as stated in Section 1.3, is:

How does the profit of hybrid power plants integrating either short- or long-duration storage
compare across multiple electricity markets, considering storage sizing and degradation?

Section 6.1 answers the MRQ by addressing the Sub-Questions (SQs). Section 6.2 provides recom-
mendations for future work.

6.1. Conclusions
• SQ1: How does the integration of short- versus long-duration storage in hybrid power
plants influence profitability across multiple electricity markets?

The integration of both short-duration (Li-ion) and long-duration (LPCAES) storage increases
the operational flexibility and revenue potential of hybrid power plants compared to renewable
generation alone. Participation in both the day-ahead and aFRR markets increases total profits
relative to day-ahead-only operation.

When degradation is not considered, Li-ion consistently achieves higher operational profit than
LPCAES in the day-ahead market across all analyzed market years. This is mainly driven by its
higher round-trip efficiency and higher assumed C-rates, which enable more effective exploitation
of hourly price differences.

• SQ2: What is the relationship between the sizing of short- and long-duration storage sys-
tems and the profitability of hybrid power plants across multiple electricity markets?

Storage sizing, expressed through energy capacity and C-rate, strongly affects operational prof-
itability. Higher C-rates increase power capability and allow the system to capture more value
during periods with large price differences. Larger energy capacities enable more energy shifting
over time.

Without considering degradation, operational profits generally increase with both C-rate and en-
ergy capacity, as additional flexibility allows greater participation in price differences across time.
However, the extra benefit of increasing storage size depends on market price levels.

Although participation in the aFRR market increases total profits compared to day-ahead-only
operation, it has little impact on the relative comparison between technologies. Since the max-
imum reserve capacity is identical across configurations and both technologies can provide it,
given that ramping requirements for aFRR are not implemented in EMERGE, aFRR revenues
are nearly identical across storage sizes and technologies.

Across all analyzed market years, Li-ion remains more profitable than LPCAES when degradation
effects are neglected. This profitability gap widens with increasing storage capacity, primarily due
to the higher round-trip efficiency of Li-ion systems.
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• SQ3: How does the degradation characteristics of short- and long-duration storage affect
profitability and the dispatch strategy of hybrid power plants?

Including degradation changes both operational outcomes and long-term economic results. For
Li-ion batteries, the cycle-dependent degradation model introduces a marginal cost per unit of
energy throughput. As a result, the battery is only dispatched when expected revenues exceed
both efficiency losses and degradation costs. This creates a profitability threshold and will lead
to more selective cycling during high-value periods.

Marginal degradation costs increase with absolute power flow. For a fixed C-rate, larger en-
ergy capacities imply higher power ratings and therefore higher throughput, which increases total
degradation costs.

When degradation is considered, the relative performance of Li-ion and LPCAES becomes year-
dependent. Under moderate price conditions (2023 and 2024), LPCAES can become more prof-
itable than Li-ion at larger capacities and the same C-rate when the lower efficiency of LPCAES
is outweighed by the degradation costs of Li-ion. In this case, the additional degradation costs
associated with higher Li-ion throughput reduce its net profit more than the efficiency disadvan-
tage reduces the profit of LPCAES. In contrast, under high-price conditions (2022), the efficiency
advantage of Li-ion outweighs its marginal degradation costs, and Li-ion remains more profitable
at higher capacities.

LPCAES is modeled without cycle-dependent degradation costs and is therefore primarily limited
by its lower round-trip efficiency. Its dispatch is not constrained by marginal cycling costs and is
better suited for longer-duration energy shifting.

From a long-term investment perspective, degradation influences Net Present Value (NPV). Higher
cycling intensity accelerates the accumulation of Equivalent Full Cycles, potentially shortening
the effective lifetime of Li-ion systems and affecting replacement timing and overall project value.
When evaluated using NPV, smaller configurations often appear more attractive due to lower
CAPEX requirements, especially when degradation reduces the incremental benefit of larger sys-
tems.

NPV results are highly sensitive to assumptions regarding discount rate, market conditions, and
the technology-specific CAPEX assumptions. In particular, LPCAES CAPEX and efficiency as-
sumptions remain uncertain due to its lower Technology Readiness Level, whereas Li-ion cost
data are based on more mature technologies. Therefore, degradation modeling and investment
assumptions are decisive in determining which technology is economically preferable.

By answering the sub-questions, the MRQ can be addressed as follows:

The profitability of hybrid power plants integrating short-duration (Li-ion) or long-duration (LPCAES)
storage is highly context-dependent and driven by market conditions, storage sizing (energy capacity
and C-rate), degradation, and investment assumptions.

Without degradation, Li-ion generally performs better due to its higher efficiency and power capability.
When degradation is included, results become year-dependent: LPCAES can outperform Li-ion under
moderate price conditions at larger sizes, while Li-ion remains superior in high-price years.

Therefore, there is no universally superior technology; the economically preferred option depends on
the specific market environment and system configuration. However, further research is required to bet-
ter quantify the impact of uncertain market developments, participation in additional electricity markets,
and long-term investment assumptions on this comparison.

6.2. Recommendations
Based on the results and identified limitations, several directions for future research are recommended:

• Inclusion of stochastic pricemodeling and riskmeasures: The current analysis assumes per-
fect foresight of market prices. Future work should incorporate price uncertainty and forecasting
errors within a stochastic optimization framework, including risk measures such as Conditional
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Value-at-Risk (CVaR), to evaluate the robustness of dispatch strategies and profitability under
realistic operating conditions.

• Participation in additional markets: Extending the analysis to include additional ancillary ser-
vice markets (FCR and mFRRda) would provide deeper insight into the effects of multi-market
participation on cycling intensity, degradation, and overall profitability. In addition, ramping char-
acteristics for the aFRR market and imbalance settlement mechanisms should be incorporated to
ensure a more realistic representation of operational constraints and imbalance-related financial
uncertainty.

• Technology cost development, offshore integration and long-term modeling: Future work
should evaluate potential cost reductions for LPCAES due to technological learning and scaling,
and assess the economic impact of deploying Li-ion systems offshore. Since investment costs
strongly depend on location and maturity level, these factors can significantly affect the compara-
tive results between both technologies. For the NPV calculations, EMERGE could be run over a
longer time horizon than one year to capture the cumulative effect of daily capacity degradation.
This would allow the model to better account for the gradual daily loss in the capacity of Li-ion
batteries and the associated reduction in profits over time.

• Wind farm modeling assumptions and wake effects: The wind generation profiles applied in
this study were based on openly accessible datasets to ensure transparency and reproducibility.
Nevertheless, the simplified representation of the wind farm, without explicitly modeling wake in-
teractions, limits the precision of the results. Applying dedicated wake modeling tools such as
FLORIS or PyWake would allow turbine-turbine interactions and layout-specific losses to be cap-
tured more accurately, thereby improving the precision of calculated energy production, revenues,
and resulting NPV values in business case analyses.

Further research along these lines is necessary to evaluate the long-term economic role of short- and
long-duration storage technologies in hybrid power plants under evolving electricity market conditions.
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A
A.1. The Offshore Wind Energy Roadmap
The Offshore Wind Energy Roadmap details the development and planning of future offshore wind
farms in The Netherlands [1]. The case study discussed in Section 3.4 focuses specifically on the
Nederwiek (zuid) kavel I–B site with 1 GW capacity, see Figure A.1

Figure A.1: The Offshore Wind Energy Roadmap of the Government of the Netherlands [1].
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B
B.1. Additional results of Section 4.2
Figure B.1 compares the operational profits of the wind park combined with Li-ion battery storage and
LPCAES, both participating in the day-ahead and aFRR markets, based on input data for 2022.

(a) Operational profits of a wind park combined with Li-ion battery
storage, excluding marginal degradation, with participation in both the

day-ahead and the aFRR markets.

(b) Operational profits of a wind park combined with LCPAES,
excluding marginal degradation, with participation in both the

day-ahead and the aFRR markets.

(c) Relative change in operational profits of LPCAES, compared to
Figure B.1a, excluding marginal degradation costs, with participation

in both the day-ahead and the aFRR markets.

Figure B.1: Operational profits (million €) and relative profit change (%) of a 1 GW wind farm combined with Li-ion battery
storage and LPCAES for different storage capacities and C-rates in 2022.

Figure B.2 presents the same analysis based on input data for 2023.
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(a) Operational profits of a wind park combined with Li-ion battery
storage, excluding marginal degradation, with participation in both the

day-ahead and the aFRR markets.

(b) Operational profits of a wind park combined with LPCAES,
excluding marginal degradation, with participation in both the

day-ahead and the aFRR markets.

(c) Relative change in operational profits of LPCAES, compared to
Figure B.2a, excluding marginal degradation costs, with participation

in both the day-ahead and the aFRR markets.

Figure B.2: Operational profits (million €) and relative profit differences (%) of a 1 GW wind farm combined with Li-ion battery
storage and LPCAES for different storage capacities and C-rates in 2023.

The qualitative patterns are consistent with those obtained for the input year 2024. An interpretation of
these results is provided in Section 4.2.



C
C.1. Additional results of Section 4.3.1
Figure C.1 illustrates the impact of different End-of-Life (EoL) State of Health (SoH) thresholds on the
operational profits of the 1 GWwind park combined with the same battery configurations, using weather
and market data from 2024.

(a) Operational profits (million €) of a wind park combined with Li-ion
battery storage with marginal degradation costs, with daily capacity
degradation, and with participation in both the day-ahead and the

aFRR markets. The EoL threshold is set at 80% SoH.

(b) Relative change in operational profits (%) for an EoL threshold of
70% SoH, compared to the 80% SoH case in Figure C.1a.

(c) Relative change in operational profits (%) for an EoL threshold of
60% SoH, compared to the 80% SoH case in Figure C.1a.

Figure C.1: Relative change in operational profits (%) in 2024 of a 1 GW wind farm combined with Li-ion battery storage for
different configurations participating in both the day-ahead and aFRR markets, including marginal degradation costs and daily
capacity degradation, evaluated at different End-of-Life (EoL) State of Health (SoH) thresholds, compared to the reference

case shown in Figure C.1a.
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For the different input years, the estimated battery lifetimes and corresponding lifetime EFC values are
presented in Figure C.2.

(a) Battery lifetimes with End-of-Life defined at 70% State of Health in
2022.

(b) Equivalent Full Cycles with End-of-Life defined at 70% State of
Health in 2022.

(c) Battery lifetimes with End-of-Life defined at 70% State of Health in
2023.

(d) Equivalent Full Cycles with End-of-Life defined at 70% State of
Health in 2023.

(e) Battery lifetimes with End-of-Life defined at 70% State of Health in
2024.

(f) Equivalent Full Cycles with End-of-Life defined at 70% State of
Health in 2024.

Figure C.2: Estimated battery lifetimes for different storage capacities and C-rates in 2022, 2023, and 2024, assuming an
End-of-Life (EoL) State of Health (SoH) threshold of 70%. The corresponding total number of Equivalent Full Cycles (EFC) for
each SoH threshold is also presented as a function of storage capacity and C-rate. The simulations are performed for a 1 GW
wind farm combined with Li-ion battery storage, including marginal degradation costs, daily degradation, and with participation

in both the day-ahead and aFRR markets.

An interpretation of the results presented in this Section is provided in Section 4.3.1.



D
D.1. Additional results of Section 4.3.2
Figure D.1 presents the Net Present Value (NPV) analysis of the wind farm combined with Li-ion battery
storage, based on input data from 2022.

(a) NPV for wind with Li-ion storage, with r = 5% (b) NPV for wind with Li-ion storage, with r = 7%

(c) NPV for wind with Li-ion storage, with r = 9%

Figure D.1: Net Present Value (NPV) analysis of a 1 GW wind farm with Li-ion storage across different energy capacities and
C-rates, including marginal degradation costs and daily degradation, participation in day-ahead and aFRR markets, based on

2022 data and evaluated at various discount rates.

Figure D.2 shows the NPV analysis of the wind farm combined with Li-ion battery storage, based on
input data from 2023. Figure D.3 illustrates the NPV analysis of the wind farm combined with LPCAES,
based on input data from 2022. Finally, Figure D.4 presents the NPV analysis of the wind farm combined
with LPCAES, based on input data from 2023.
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(a) NPV for wind with Li-ion storage, with r = 5% (b) NPV for wind with Li-ion storage, with r = 7%

(c) NPV for wind with Li-ion storage, with r = 9%

Figure D.2: Net Present Value (NPV) analysis of a 1 GW wind farm with Li-ion storage across different energy capacities and
C-rates, including marginal degradation costs and daily degradation, participation in day-ahead and aFRR markets, based on

2023 data and evaluated at various discount rates.

(a) NPV for wind with LPCAES, with r = 5% (b) NPV for wind with LPCAES, with r = 7%

(c) NPV for wind with LPCAES, with r = 9%

Figure D.3: Net Present Value (NPV) analysis of a 1 GW wind farm with LPCAES storage across different energy capacities
and C-rates, with participation in day-ahead and aFRR markets, based on 2022 data and evaluated at various discount rates.
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(a) NPV for wind with LPCAES, with r = 5% (b) NPV for wind with LPCAES, with r = 7%

(c) NPV for wind with LPCAES, with r = 9%

Figure D.4: Net Present Value (NPV) analysis of a 1 GW wind farm with LPCAES storage across different energy capacities
and C-rates, with participation in day-ahead and aFRR markets, based on 2023 data and evaluated at various discount rates.

An interpretation of the results presented in this Section is provided in Section 4.3.2.
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