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Abstract: The coupling of offshore wind energy with hydrogen production involves com-
plex energy flow dynamics and management challenges. This study explores the production
of hydrogen through a PEM electrolyzer powered by offshore wind farms and Lithium-ion
batteries. A digital twin is developed in Python with the aim of supporting the sizing
and carrying out a techno-economic analysis. A controller is designed to manage energy
flows on an hourly basis. Three scenarios are analyzed by fixing the electrolyzer capacity to
meet a steel plant’s hydrogen demand while exploring different wind farm configurations
where the electrolyzer capacity represents 40%, 60%, and 80% of the wind farm. The layout
is optimized to account for the turbine wake. Results reveal that when the electrolyzer
capacity is 80% of the wind farm, a better energy balance is achieved, with 87.5% of the
wind production consumed by the electrolyzer. In all scenarios, the energy stored is less
than 5%, highlighting its limitation as a storage solution in this application. LCOE and
LCOH differ minimally between scenarios. Saved emissions from wind power reach
268 ktonCO2/year while those from hydrogen production amount to 520 ktonCO2/year,
underlying the importance of hydrogen in hard-to-abate sectors.

Keywords: wind farm; hydrogen; battery

1. Introduction
The European goal of achieving carbon neutrality requires various renewable energies

to be involved. Among them, hydrogen stands out as a promising solution due to its
versatility across multiple applications. While different technologies are available for its
production, electrolysis is one of the key methods for generating green hydrogen. How-
ever, for electrolysis to be truly green, the electricity used in the process must come from
renewable energy sources. In 2023, global hydrogen production reached approximately
97 Mt, but less than 1% of the emissions were low, with around 1.4 GW produced through
electrolysis, and only about 8% of the total production took place in Europe [1]. European
targets by 2030 are, therefore, very ambitious, demanding the production of 10 Mt/year
of green hydrogen. In Italy, the updated National Plan for Energy and Climate (PNIEC),
renewed in 2024, plans around 0.25 Mt/year of hydrogen demand by 2030, 70% of which is
to be produced in-house, which means a capacity of around 3 GW of electrolyzers. That hy-
drogen is mostly destined for transport and industry, in contrast with the current situation,
where 95% is used in refineries and petrochemical industries and the last part for ammonia
production. Another interesting application is steelmaking, where hydrogen can replace
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coal as a reducing agent in integrated steel plants or as a replacement for natural gas in
electric arc furnaces [2]. This makes hydrogen especially relevant for hard-to-abate sectors.
Moreover, coupling renewable energy generation with hydrogen production emerges as
a possible strategy for energy storage. Hydrogen acts both as an energy carrier and a
storage system, complementing other storage technologies. This approach can be valuable
in managing curtailment, which occurs when electricity generation overcomes the grid’s
capacity, resulting in energy waste as a measure to prevent congestion. In this context,
green hydrogen production could mitigate the impact of renewable sources on the grid and
reduce waste [3].

From this perspective, this work aims to develop a digital twin for the analysis
and design of a coupled system that integrates offshore wind as a renewable source, a
proton exchange membrane (PEM) electrolyzer to produce hydrogen, and a battery energy
storage system (BESS). The system enables the integration of two energy vectors, electricity
and hydrogen, through a controller developed in Python (V. 3.10) that manages energy
flows among components and prioritizes hydrogen production. The digital twin is used
to support the sizing of system components, ensuring optimal integration. The chosen
configuration is a centralized onshore wind-to-hydrogen system, selected among the
three models available in literature [4]: centralized onshore and offshore electrolysis and
decentralized offshore electrolysis, depending on the location of the electrolysis system. In
the first two configurations, the whole system is allocated on the shore and on an offshore
platform, respectively. In contrast, in the decentralized configuration, a unique electrolyzer
module is located on each turbine. The advantage of onshore configuration is that it
allows the offshore wind farm to remain untouched, making it possible to design wind-to-
hydrogen systems based on already planned or existing wind farms. Nevertheless, placing
the electrolyzer offshore helps avoid some relevant costs associated with the wind farm’s
electric infrastructure and, consequently, reduces the cost of electricity, lowering the lcoh [5].
Currently, not many of these systems are operational, but the situation is growing and
evolving towards offshore configurations. An example is the Sealhyfe project [6], which
consists of a 1 MW PEM offshore electrolyzer powered by a 2 MW wind turbine. The
project moved to the next phase, known as “HOPE” (Hydrogen Offshore Production for
Europe), consisting of a 10 MW electrolyzer located offshore, close to the port of Ostend in
Belgium [7]. Another project, “PosHydon”, features a 1.25 MW PEM offshore electrolyzer
to integrate three offshore technologies: hydrogen, wind, and gas [8].

Offshore wind farm projects planned in the Mediterranean Sea are progressively
transitioning to floating foundation technologies due to the considerable depth of the
seabed. Among the various floating platforms, the semi-submersible design has emerged
as the most favored option, and it is commonly paired with wind turbines of the maximum
size (15 MW) to optimize performance in these challenging conditions [9].

Different technologies for green hydrogen production are available, with alkaline
technology covering around 60% of the global production and PEM electrolyzers account-
ing for 22% [1]. However, the trend in coupling electrolyzers and renewable energy is
shifting toward PEM due to its rapid response to variable power input and short start-up
times. Another advantage is the high operating pressure, which facilitates subsequent
compression. While PEM electrolyzers are more expensive than alkalines, mainly due to
the use of platinum catalysts [10], they are considered the preferred choice for coupling
with renewable energy and achieving high-purity hydrogen [11].

The literature offers a wide range of studies addressing the modeling of wind-to-
hydrogen systems from different perspectives. These include modeling of individual
components and the entire system [12–18], system sizing [19–21], and energy management
strategies [22–24]. Moreover, the modeling of alkaline electrolyzers has been extensively ex-
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plored, with Ulleberg’s semi-empirical model [12] being the most widely used. References
for PEM electrolyzers are less abundant, but information can be found in [13–16]. Integrated
system modeling has also been investigated in various studies. Egeland-Eriksen et al. [17]
simulated a system on Simulink composed of a single 2.3 MW floating wind turbine con-
nected to a PEM electrolyzer, a desalination system, a battery, and the grid, using real data
from the Zefyros wind turbine. In a subsequent study [18], an entire wind park of 1.5 GW
was considered and coupled with a PEM electrolyzer using wind data predicted through
a polynomial regression model from the same real dataset of the Zefyros wind turbine.
In terms of system sizing, Clua et al. [19] provided guidelines for sizing electrolyzers in
grid-assisted wind-to-hydrogen systems operating at rated power. Deng et al. [20] explored
sizing strategies based on hydrogen demand and different selling approaches. Finally,
considering only the technical coupling of an offshore wind farm and an off-grid elec-
trolyzer, Spyroudi et al. [21] recommended an electrolyzer capacity of 80% of the wind farm
capacity. Different management strategies have been proposed to deal with such complex
systems. Tebibel et al. [22] modeled a system composed of wind turbines, battery banks,
water electrolyzers, power converters, and hydrogen tanks, developing a management
strategy tailored to Algeria’s prolonged low wind conditions. They applied this strategy
while conducting multi-objective optimization to avoid the frequent shut-on and shut-off
of the system. Liponi et al. [23] analyzed a system composed of a 1.5 MW turbine, an
alkaline electrolyzer, and a battery in different scenarios, including partial grid support. In
subsequent work [24], the system was scaled to a 39 MW wind farm coupled with multiple
1 MW alkaline electrolyzer modules divided into several groups. The developed strategy
prioritized the electrolyzer, sending excess energy to the grid. The goal was to balance the
operating hours of the groups and minimize transitions between on, off, and standby states.
Additionally, Fei et al. [25] presented a coordinated energy management approach for a
multi-energy ship microgrid, integrating power, hydrogen, and freshwater flows while
considering operational constraints. Although applied to the maritime sector, this study
reinforces the importance of comprehensive multi-energy coordination strategies, which
are also relevant in offshore wind-based hydrogen production systems. Building on the
insights from the literature review, this paper focuses on developing a control logic that ef-
fectively manages energy flows among the system’s components, with particular attention
paid to the role of the battery. Additionally, the study is enriched by the estimation of the
wind farm’s annual energy production (AEP) by optimizing the placement of individual
turbines to maximize energy yield. These elements enable a comprehensive technical and
economic assessment of the system. The analysis is based on hourly wind data extracted
from the ERA5 (V. 5) reanalysis dataset. The control logic operates on an hourly basis,
dynamically allocating the wind farm’s power output between the electrolyzer and the
battery. By applying this methodology to a case study in different scenarios, where the
electrolyzer is sized to meet the hydrogen demand of the steel sector, the optimal sizes of
these elements can be determined. As outputs, the technical, economic, and environmental
performances are evaluated. The results show that sizing the electrolyzer at 80% of the
wind farm capacity achieves the best energy performance. Furthermore, the battery has a
minimal impact on the overall energy balance, making its contribution negligible.

The paper is organized as follows: the Section 1 details the specific models employed
for each component, the control model, and the key performance indicators (KPIs) used
for comparison. The Section 2 presents the case study, describing the three scenarios
considered. Finally, the Section 3 discusses the results, followed by a concluding paragraph
summarizing the main findings.
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2. Materials and Methods
A digital model of the system, including a wind farm, electrolyzer, and batteries, was

developed in Python (V. 3.10) to support the calculation of techno-economic performance.
A scheme of the considered layout is showed in Figure 1. The development of the model is
structured into the following main steps:

• Component modeling;
• Control logic design;
• Reconstruction of energy metabolism and performance calculation.

The wind farm was designed following the methodology described by [26]. A genetic
optimization algorithm was applied to identify a wind farm layout that minimizes costs.
The energy and economic performance were evaluated in three scenarios, each character-
ized by a different ratio between the capacity of the wind farm and that of the electrolyzer,
with the latter kept constant. The objective was to identify the optimal size of the wind
farm, given the fixed capacity of the electrolyzer based on the hydrogen demand. The
simulation covered a period of one year, with an hourly resolution for the calculation of
energy flows. In this initial phase, the focus was on assessing overall energy flows without
accounting for the critical coupling challenges between the wind farm and the electrolyzer.
Additionally, the analysis did not consider the energy consumption of auxiliary compo-
nents like compressors or hydrogen storage flows. This allowed for a simplified evaluation
of the main system dynamics before incorporating additional complexities.

Figure 1. Schematic representation of the system.

2.1. Wind Farm Modeling

The wind farm design is based on a single-objective optimization approach, as de-
scribed in a previous study [26]. The selected area for the wind farm is divided into a
Cartesian grid of potential turbine positions, with minimum distance constraints between
rotors. The wind distribution from the Global Wind Atlas (V. 3.0) [27] is modeled using the
shape and scale parameters derived from Weibull distributions, which are used to construct
the frequency of wind speeds and directions. To calculate the AEP and wake losses, the
analytical Gauss–Curl hybrid model implemented in the FLORIS (V. 3.5) library [28] is
utilized. This model is validated in several studies by comparing its results with SCADA
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data [29,30]. A genetic algorithm based on NSGA [31] and implemented in Python (V. 3.10)
using the Pymoo library (V. 0.6.1.3) [32] is employed to optimize the layout with a single
objective: minimizing the levelized cost of energy (LCOE). The evaluation of the CAPital
EXpenditures (CAPEX) and OPerational EXpenditures (OPEX) includes factors such as
seabed depth, distance from the shore, and inter-array cable length.

2.2. Electrolyzer Modeling

The electrolyzer model is based on the technical datasheet of the electrolyzer, taking as
inputs the power supplied by a renewable source Pin, as well as the operating temperature T
and pressure P. It calculates the key performance metrics for a single module, including the
hydrogen production rate Prod, the energy consumption Cons, and the water consumption
rate Conswat. The parameters are the nominal power Pnom, the nominal production rate
Prodnom, the voltage stack Vstack, and the area of the membrane A.

Hydrogen production rate is calculated as follows [24]:

Prod =
Ncells · Icell

2F
· ηf, (1)

where Ncells is the number of cells inside a single stack, Icell is the current of each cell in
A, F is the Faraday constant equal to 96,485 C/mol, and ηF is the Faraday efficiency. The
current of the cell is derived from the input power as follows:

Icell =
Pin

Vstack
. (2)

The number of cells, not always available in the literature, can be found through the
inverse of Equation (1) using the nominal current obtained by the nominal power. Finally,
for PEM electrolyzers, the Faraday efficiency can be found as follows [15]:

ηf = (a1 · p + a2) ·
(

Icell
A

)b
+ c. (3)

This is an empirically derived model where the membrane area is in m2, and the
coefficient values are −0.0034, −0.001711, −1, and 1 for a1, a2, b, and c, respectively.

The electrolyzer consumption, Cons, is dynamically determined during operation by
multiplying the power entering the electrolyzer by the duration of time:

Cons = Pin · timestep. (4)

Finally, the water consumption rate, Conswat, in kg/h is calculated considering that
15 kg of water are required to produce 1 kg of hydrogen [33].

2.3. Battery Modeling

The battery model simulates the behavior of a single module, as outlined in the
technical datasheet, from which parameters such as the battery capacity Cbattery, voltage V,
minimum and maximum currents Imin and Imax, and the number of modules in series and
parallel nseries and nparallel can be found. Meanwhile, the minimum and maximum state of
charge SOCmin and SOCmax are expressed as a fraction of the battery capacity.

The behavior of the model depends on the sign of input power:

• When Pin ≥ 0, the charging mode is activated;
• When Pin < 0, the discharging mode is activated.

First, the input energy is calculated by multiplying the power by the duration of time
that is applied.
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Ein = Pin · timestep. (5)

Secondly, the model applies an energy balance that considers the capacity and the
limits of charge levels to determine the maximum energy that can be stored or withdrawn.

Ecap_max =

Cbattery · (SOCmax − SOCin) if Pin ≥ 0

Cbattery · (SOCin − SOCmin) if Pin < 0
. (6)

The energy E that can be transferred or utilized, considering both the capacity limit
(Ecap_max) and the availability of input energy (Ein), is calculated as follows:

E = min
(
|Ein| − Ecap_max

)
. (7)

In this battery model, it is assumed that charging and discharging operations occur
under the same current limits. A more detailed model could introduce different current
limits for charging and discharging, considering that, in many real systems, the charging
and discharging processes are not symmetrical. An additional control is implemented to
meet the minimum and maximum current limits, considering the voltage applied to the
battery. These parameters define the minimum energy required to activate the battery and
the maximum energy that can be transferred during the timestep.

Emin = V · Imin · timestep, (8)

Emax = V · Imax · timestep. (9)

The energy exchanged with the battery is calculated as follows:

Ebattery =


Emax if E > Emax

E if Emin ≤ E ≤ Emax

0 if E < Emin

. (10)

The exchanged energy is positive during charging, as energy is stored in the system.
Conversely, during discharging, the exchanged energy is negative, as the battery releases
energy to meet external demands.

The state of charge is updated according to the following:

SOC =
Cbattery · SOCin ± Ebattery

Cbattery
. (11)

In charging mode, if the input energy exceeds the battery’s charging capacity (Ebattery),
the additional energy cannot be stored and is identified as surplus:

Esurplus =

Ein − Ebattery if Pin ≥ 0

0 if Pin < 0
. (12)

Conversely, in discharging mode, if the requested energy exceeds the energy the
battery can supply, the difference is identified as a deficit:

Edeficit =

0 if Pin > 0

|Ein| − Ebattery if Pin < 0
. (13)

Finally, the model calculates the power output:
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Pbattery =
Ebattery

timestep
, (14)

Psurplus =
Esurplus

timestep
, (15)

Pdeficit =
Edeficit

timestep
. (16)

The same model can be extended to handle multiple identical modules. Assuming
nseries is the number of modules connected in series and nparallel is the number of modules
connected in parallel, the total capacity of the battery, the maximum and minimum current,
and the voltage are calculated as follows:

CTOT
battery = Cbattery · nseries · nparallel

ITOT
max = Imax · nparallel

ITOT
min = Imin · nparallel

VTOT = V · nseries

. (17)

2.4. Controller

A controller was designed in Python (V. 3.10) to manage the operation of wind turbines
integrated with electrolyzers and a battery energy storage system. The controller is based
on the following inputs and parameters:

• Inputs:

– Power generated by the wind turbines (PWT).
– Initial state of charge in the battery (SOCin).

• Parameters:

– Maximum battery charge level (SOCmax).
– Minimum power required to activate the electrolyzer (Pmin).

Here, Pmin is defined as a percentage of the nominal power Pnom. The controller first
checks if the power generated by the wind turbines meets the electrolyzer’s minimum
activation power. Based on this check, the system operates under two main scenarios:
surplus or deficit.

Surplus

A surplus occurs when the wind power is greater than the minimum power required to
activate the electrolyzer. In this case, the controller proceeds with the following operations:

a. Activation: The electrolyzer is turned on and is managed to adjust its power con-
sumption to match the available wind power. Its operating range can vary from a
minimum threshold up to its nominal capacity.

b. Surplus calculation: Surplus is evaluated as the difference between wind power and
the electrolyzer’s consumption.

c. Surplus management:

• If the surplus is greater than zero, the controller checks the battery’s state
of charge.

• If the battery is fully charged, the surplus is sent to the electrical grid.
• Otherwise, the surplus is used to charge the battery.

d. Post-charge check: After charging the battery, the controller checks again if there is still
a surplus.

• If the surplus persists, it is sent to the grid.
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• Otherwise, balance is achieved with no exchanges with the grid.

Deficit

A deficit occurs when the wind power is insufficient to meet the minimum power
required to activate the electrolyzer. In this case, the system adopts the following strategies:

a. Power integration using the battery:

• The controller checks the battery’s state of charge.
• If the battery is not empty, the controller assesses whether combining wind power

with battery power can ensure at least the electrolyzer’s minimum operation.
• If this condition is met, the battery supplies the necessary power. Otherwise,

the electrolyzer remains off.

b. Battery charging:

• If there is not enough power to activate the electrolyzer, the system attempts to
use wind power to charge the battery.

• If the battery is already full, the wind power is sent to the electrical grid.
• Otherwise, after charging the battery, the system checks if there is any remaining

power. If so, the energy is sent to the grid.

When multiple electrolyzers and batteries are present, the controller must adapt its
logic to handle the increased complexity. In this case, the controller requires the number
of electrolyzers connected in series and parallel as input. The power available from the
wind turbines is first allocated to the electrolyzers operating in parallel. Within a parallel
group, the total power is divided equally. Once the power requirements of the first series
are met, the controller evaluates if there is enough surplus to activate the second series. In
the case of positive a response, the second series of electrolyzers is activated. The controller
prioritizes electrolyzers already in operation, ensuring they remain active before adding
new ones.

2.5. Key Performance Indicators

The main key performance indicators (KPIs) used to compare the scenarios are outlined
below. They allow for a comprehensive evaluation of both the technical and economic
performance of the system.

• Capacity factor (CF): The wind farm CF is defined in Equation (18) as the ratio between
the actual energy produced by the wind farm during the year and the nominal energy
that could be produced. It is a measure of the efficiency of a wind farm in converting
its theoretical maximum energy generation into actual output over a year.

CF =
AEP

NT · PT · T
, (18)

where AEP is the annual energy production of the wind farm, NT is the number of
wind turbines, PT is the nominal power of a single turbine, and T is the total number
of hours in a year which equals 8760.

• Utilization rate (UR): The utilization rate of the electrolyzer is defined in Equation (19)
as the ratio between actual and theoretical hydrogen production over a year. It
represents how efficiently the electrolyzers are used compared to their theoretical
maximum capacity, similar to the capacity factor (CF) but applied to electrolyzers.

UR =
∑T

t=1 ∑NEL
j=1 Prodj,t

NEL · Prodnom · T
, (19)
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where Prodj,t is the hydrogen production of the j-th electrolyzer at timestep t. The
actual production is calculated by summing over the entire period T and across all NEL

electrolyzers. The theoretical production is calculated as the product of the nominal
production capacity Prodnom of a single electrolyzer, the number of electrolyzers NEL,
and the total number of hours in a year T.

• Surplus% is calculated in Equation (20) as the ratio between the surplus energy from
the wind farm over a year and the annual energy production (AEP).

Surplus% =

T∫
0

Psurplus dt

AEP
· 100. (20)

• Cons% is calculated in Equation (21) as the ratio between the total energy consumption
of all electrolyzers over a year and the annual energy production (AEP).

Cons% =
∑T

t=1 ∑NEL
j=1 Consj,t

AEP
· 100, (21)

where Consj,t is the energy consumption of the j-th electrolyzer at timestep t. The total
energy consumed by all electrolyzers is calculated as the sum over the entire period T
and across all NEL electrolyzers.

• Stored% is calculated in Equation (22) as the ratio between the energy stored in the
battery over a year and the annual energy production (AEP).

Stored% =

T∫
0

P+
battery dt

AEP
· 100, (22)

where P+
battery is the positive component of the power flowing into the battery, repre-

senting the energy being stored at each timestep.
• Levelized cost of energy (LCOE): The LCOE is defined as the ratio between the total

costs and the annual energy production of the wind farm. It is a measure of the cost of
the power plant during its lifetime.

LCOE =
CAPEXWF + ∑LT

y=1
OPEXWF,y

(1+r)y

∑LT
y=1

AEPy
(1+r)y

, (23)

where LT is the plant lifetime, CAPEXWF and OPEXWF are the capex and opex of the
wind farm, and r is the discount rate.

• The levelized cost of hydrogen LCOH [10] represents the cost for the entire system,
including the electricity cost per kg of hydrogen produced.

LCOH =
CAPEXEl + ∑LT

y=1
OPEXEl+LCOE·Ein

(1+r)y

∑LT
y=1

Prody
(1+r)y

, (24)

where CAPEXEl and OPEXEl are the costs of the electrolyzer, the latter also includes
the cost of electrolyzer replacement and the cost for freshwater purchase.

• Net present value (NPV):

NPV =
LT

∑
y=1

OPEXy + Revenuesy

(1+i)y − CAPEX. (25)

Here,
CAPEX = CAPEXWT + CAPEXEl + CAPEXBESS, (26)
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where CAPEXBESS is the CAPEX of battery storage, and Revenues is the total income
derived from surplus electricity sold to the grid and hydrogen sold to the steel plant.

• Payback period (PBP):

PBP =
CAPEX

NPV
. (27)

• Saved emissions from wind energy production (α):

α = c1 · MWhel, (28)

where MWhel represents the total production of electricity by wind turbines. c1

is the CO2 emissions associated with producing 1 MWh of electricity from the na-
tional grid, considering the current technological mix which, for Italy, is equal to
0.40 tonCO2eq/MWh [34].

• Saved emissions from hydrogen production (β):

β = c2 · fH2−Steel ·
T

∑
t=1

NEL

∑
j=1

Prodj,t, (29)

where c2 is the CO2 emissions associated with producing one ton of steel from tradi-
tional processes equal to 2 tonsCO2/tonSteel

[35], and fH2−Steel is the conversion factor
representing the amount of steel (in tons) produced per kg of hydrogen consumed,
equal to 1/60 tonSteel/kgH2 [36]. The total hydrogen production is calculated by
summing over the entire period T and across all NEL electrolyzers.

3. Case Study
The outlined methodology is used in a virtual case study featuring an offshore wind

farm situated in Sicily, in the Mediterranean Sea, 30 km off the coast of Marsala. The wind
farm covers an area of 9 × 10 km and is characterized by a mean wind speed at hub height
of 7.02 m/s and a mean water depth of 340 m. The wind increase and bathymetry data
for layout optimization are downloaded from the Global Wind Atlas (V. 3.0) [27], while
hourly wind data are sourced from the Copernicus ERA5 Dataset (V. 5) [37]. The ambient
turbulence intensity is assumed based on the FINO1 experiment [38]. Given the mean wind
speed of the location, the selected turbine is the IEA 15 MW [39], whose parameters are
indicated in Table 1.

Table 1. Component characteristics.

Component Parameter Value

WIND TURBINE Rated power (MW) 15
Cut-in wind speed (m/s) 3
Cut-off wind speed (m/s) 15
Rated wind speed (m/s) 10

BESS—single module Capacity (kWh) 344
Voltage range (V) 1075.2–1363.2
Rated voltage (V) 1228.8

SOCmin 0.2
SOCmax 1
Imin (A) 126
Imax (A) 156
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Table 1. Cont.

Component Parameter Value

PEM Rated power (MW) 2.5
Nominal production rate (kg/h) 44.22

Delivery pressure (barg) 30
Operative temperature (◦C) 80

Stack voltage (kV) 30
Membrane area (cm2) 100

The chosen battery is a lithium iron phosphate battery, typically used for industrial
applications, because of its thermal stability, high energy density, and long life cycle. The
values of the main parameters are listed in Table 1.

The electrolysis system is situated onshore and consists of multiple 2.5 MW mod-
ules [40], with the parameters listed in Table 1. The expected lifetime of the plant (LT) is
20 years [41].

Starting from steel demand, assumed for a typical steel plant as 500,000 tons/year
with a conversion rate of 60 kg of hydrogen per ton of steel [36], the consequent hydrogen
demand of 30,000 tons/year is obtained. With the nominal production rate and power
of the single module already defined and an assumed utilization factor of around 63%,
the required electrolysis capacity is approximately 160 MW, corresponding to 64 modules
distributed equally in series and parallel configurations. Fixing this capacity, three cases
are built to determine the best capacity ratio between the hydrogen plant and the wind
farm, varying the latter. In particular, the electrolyzer’s capacity is set as 40%, 60%, and
80% of that of the wind farm. The goal is to ensure the electrolyzer operates continuously,
requiring a larger wind farm to mitigate fluctuations in wind power. These values represent
a balanced distribution across the range and are chosen to explore different trade-offs: the
first scenario prioritizes hydrogen production, the last one minimizes surplus energy, and
the intermediate case balances both aspects. The BESS capacity is assumed to be 40% of
that of the wind farm. The resulting components’ number of turbines and BESS modules
required are summarized in Table 2.

Table 2. Key variables for each scenario.

Key Variable Scenario A Scenario B Scenario C

Electrolyzer capacity (MW) 160 160 160
Number of PEM modules 64 64 64
Wind farm capacity (MW) 208 278 416

Number of turbines 14 19 28
BESS capacity (MWh) 83 111 166

Number of BESS modules 242 323 484

Regarding the economic performance of the system, in order to compute the KPI
defined in the methodology section, the CAPEX and OPEX of all components are calculated.
For the OWF, the economic model illustrated in [26] is employed. This model includes
all cost components specific to the wind farm, such as wind turbines, platforms, mooring,
electrical infrastructure, and installation, as well as development and consent costs, which
encompass project expenses, environmental surveys, and seabed and climate analyses.
Meanwhile, for the BESS and PEM components, the values in Table 3 are used. For the
computation of the NPV and PBP, the pun is assumed to be EUR 130/MWh, and the
hydrogen price is EUR 4.50/kg of hydrogen sold. The incentives for wind electricity sold
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to the grid are EUR 185/MWh, as defined in the FER II decree [42], while incentives for
hydrogen production are assumed to be EUR 4/kg. The discount rate is 5%.

Table 3. Economic parameters.

Parameter Value Reference

CAPEXWF - [26]
OPEXWF - [26]

CAPEXBESS EUR 522.27/kWh [43]
OPEXBESS EUR 9.51/kW/year + 2.91

cEUR/kWh/year
[43]

CAPEXEl EUR 723/kW [4,33,44]
OPEXEl EUR 18.49/kW/year [10,33,44]

PEM replacement cost 12% CAPEXEl [33]
Year of replacement 11 [10]

Freshwater cost EUR 2/m3 [45]
Plant lifetime 20 years [41]

4. Results
4.1. Technical Results

Optimized layouts

The optimized layouts obtained through the layout optimization framework in the
three scenarios are illustrated in Figure 2, where the x and y axes are reported as the x and
y coordinates of the turbines.

(a) (b) (c)

Figure 2. Wind farm optimized layout in the three scenarios: scenario A (a), scenario B (b), and
scenario C (c).

They are characterized by the capacity factor and AEP values listed in Tables 4 and 5.
AEP increases when the wind farm size is increased, but not linearly. This happens because
increasing the turbine number does not imply a proportional increase in energy production
due to the different distribution of turbines and, therefore, a different wake interaction
among them. The capacity factor slightly decreases, indicating that in the third scenario,
the resource is less exploited than in the first two.

Electricity

The annual energy production of the offshore wind farm in the three scenarios is
illustrated in Figure 3, along with the main components of energy distribution. These
components include (i) the energy used for hydrogen production via the electrolyzer,
(ii) the energy stored in the battery, and (iii) the surplus fed to the grid. While wind AEP
doubles from Scenario A to Scenario C, the electrolyzer’s energy consumption increases by
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27%, highlighting that simply increasing the size of the wind farm does not correspond
to a proportional increase in hydrogen production, as the electrolyzer’s capacity acts as a
limiting factor. The amount of energy stored in the battery system is always below 5% of
AEP in all scenarios, indicating that the battery plays a minor role in energy balancing. The
main difference across scenarios lies in the amount of surplus, which increases six times
in Scenario C compared to Scenario A, rising from 100 GWh to 671 GWh. The surplus is
an indicator of the balance between the power system and the electrical grid. In a context
where the electrolyzer size is fixed by hydrogen demand, a suitable sizing criterion for the
wind farm could be to find a balance between PEM consumption and electricity surplus.
Based on this criterion, Scenario A proves to be the most energy-efficient choice, ensuring
the highest utilization of the wind energy since only 12.5% is injected into the grid.

Figure 3. Energy balance in the three scenarios over one year.

Since Scenario A stands out as the most efficient from an energetic perspective, an
overview of the system’s yearly performance is offered in Figure 4. The monthly wind
production fluctuates throughout the year, with the highest production (above 80 MWh)
observed in March, November, and December. The majority of energy is consumed (blue
bars), while surplus (orange) and stored energy (green) remain relatively small across all
months. More than 80% of wind production is consumed by the electrolyzer, while the
surplus energy is fed into the grid, and even when analyzing monthly flows, the battery
plays a negligible role.

Figure 4. Monthly energy balance of Scenario A over one year.
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To explore the system dynamics in greater detail, Figure 5 presents the hourly power
profiles of Scenario A for one representative week per season. During winter and autumn,
wind production frequently reaches peak values. Consequently, the electrolyzer (PEM
consumption) operates close to its nominal capacity. Surplus is used to charge the battery,
contributing to the power supply for less than 2 h when activated. During spring, the
behavior is similar, with the difference that wind production exhibits greater fluctuations.
The electrolyzer operates at a varying power, deviating from its nominal capacity at certain
times. With a storage capacity of 83 MWh, the battery can sustain the 160 MW electrolyzer
for only a few hours when fully charged, making it ineffective as a long-term buffering
solution. During summer, wind production is lower than in other seasons, and the battery
is never activated due to the lack of surplus. This indicates that the battery’s role is highly
dependent on excess wind generation. In periods of low production, it remains inactive,
further emphasizing its limited contribution to overall system balancing. This behavior is a
direct result of the control logic, which prioritizes the electrolyzer at all times. Although
alternative control strategies could be explored, such as prioritizing battery charging during
specific hours of the day, this approach results in energy losses and is not feasible unless
the battery size is increased to sustain the electrolyzer for a longer duration.

Figure 5. Seasonal power profiles in Scenario A over four representative weeks.

The state of charge (SoC) of the battery throughout the week for each season is
illustrated in Figure 6. In Winter, Spring, and Autumn, the SOC fluctuates between full
charge (SOC = 1.0) and minimum charge (SOC = 0.4), but the charging/discharging periods
are brief and inconsistent. The battery is only used sporadically for balancing short-term
energy fluctuations rather than sustained storage. Furthermore, the battery reaches full
charge but is quickly discharged, reinforcing its limited capacity and role. In Summer, SOC
remains constant at the minimum level (around 0.4), indicating that the battery is not used.
The battery never drops below a SOC of 0.4 because, at this level, the remaining energy is
insufficient to power all eight electrolyzer modules in parallel simultaneously.

Hydrogen Production

As shown in Table 4, annual hydrogen production increases from Scenario A to C,
rising from 12 to 16 kton, despite having the same installed electrolyzer capacity. This
is due to the greater availability of wind energy. Consequently, the utilization rate also
increases slightly, from 49.68% to 62.85%.
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Figure 6. Seasonal SOC trend in Scenario A over four representative weeks.

Figure 7 illustrates the monthly hydrogen production throughout the year for the three
scenarios, along with the coverage. The coverage is defined as the ratio between the average
monthly production across the three scenarios and the average demand, representing the
system’s ability to meet the hydrogen demand.

Figure 7. Monthly hydrogen production in the three scenarios and coverage percentage (red line)
over one year.

From this perspective, the electrolyzer meets, on average, between 30% and 70% of
the annual hydrogen demand, showing a considerable variation. Meanwhile, the monthly
hydrogen production trend aligns with the overall annual trend.

Further details of annual energy flows and KPIs are provided in Tables 4 and 5.

Table 4. Technical results of the three scenarios for each vector

Vector Parameter Scenario A Scenario B Scenario C

ELECTRICITY Wind AEP (GWh) 776 1046 1522
Stored energy (GWh) 7 11 17

PEM consumption (GWh) 696 784 881
Surplus (GWh) 100 288 671

HYDROGEN H2 production (kton) 12 14 16
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Table 5. Comparison of the technical KPI in the three scenarios

Parameter Scenario A Scenario B Scenario C

CF% 43.27 42.92 42.17
Stored% 0.9 1.0 1.1
Cons% 87.5 73.1 56.8

Surplus% 12.5 26.9 43.2
UR% 49.68 55.90 62.85

4.2. Economic Results

Table 6 lists the CAPEX and OPEX of the entire system, including the relative share of
each component, expressed as a percentage of the total, along with the remaining economic
KPIs described in the relative section.

Table 6. Economic results in the three scenarios.

Parameter Share Scenario A Scenario B Scenario C

CAPEX (MEUR) 783 957 1394
Wind farm% 80 82 85

BESS% 6 6 6
PEM% 15 12 8

OPEX (MEUR/year) 1.6 2.1 2.9
Wind farm% 88 90 92

BESS% 3 3 3
PEM% 9 5 5

LCOE (EUR/MWh) 98.24 94.93 97.19
LCOH (EUR/kg) 6.69 6.57 6.46

NPV (MEUR) 490 1017 1908
PBP (years) 8 6 5

Increasing the size of the wind farm, which always represents the primary cost com-
ponent of the system, leads to higher costs in terms of both CAPEX and OPEX. The BESS
storage remains the least expensive component, with its costs remaining constant across all
scenarios. On the other hand, since the electrolyzer size is unchanged across the scenarios,
its share of both CAPEX and OPEX decreases as the wind farm size increases.

Regarding KPIs, the LCOE does not increase linearly from Scenario A to Scenario C
due to the non-linear increase in costs. That, combined with the trend of AEP, results in
a decrease in LCOE for Scenario B, followed by an increase in Scenario C. Consequently,
from an economic perspective, the wind farm in Scenario B is the most advantageous due
to its lower LCOE. A similar trend is observed for the LCOH, which remains relatively
stable but still positions Scenario B as the most favorable.

However, when evaluating economic feasibility in terms of NPV and PBP, Scenario
C emerges as the optimal choice, offering a higher NPV and a lower PBP. This is because
the revenues from hydrogen sales, despite the modest increase in hydrogen production
in Scenario C, do not rise significantly, increasing from 1042 MEUR in Scenario A to 1318
MEUR in Scenario C. Instead, the greater surplus energy in Scenario C allows for more
electricity to be sold to the grid, generating additional revenues despite the higher initial
investment. In fact, revenues from surplus energy sold to the grid increase from 195 MEUR
in Scenario A to 1310 MEUR in Scenario C.

From an overall perspective, given the minimal differences in LCOH, Scenario C
emerges as the most advantageous option.
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4.3. Environmental Results

The environmental KPIs obtained are summarized in Table 7. These results show that
Scenario C is the most effective, achieving a six-fold increase in emission savings from
energy surplus sales compared to Scenario A. This outcome is expected, as Scenario C
features a larger wind farm with a fixed electrolyzer and more surplus energy available for
grid sales.

The emissions avoided through hydrogen sales also increase in Scenario C, but to a
lesser extent, increasing from 411 ktCO2 /year to 520 ktCO2 /year. This is because the increase
in hydrogen production is relatively modest compared to the rise in surplus energy.

However, when comparing the emissions savings from surplus energy sales and
hydrogen sales, it becomes evident that the emissions avoided through surplus energy
sales are significantly lower than those avoided through hydrogen use. This highlights that
using hydrogen in hard-to-abate sectors could play a crucial role in reducing CO2 emissions.

Table 7. Environmental results in the three scenarios.

Parameter Scenario A Scenario B Scenario C

Saved emissions production from WT
(α) ktCO2/year

40 115 268

Saved emissions production from H2
(β) ktCO2/year

411 462 520

5. Conclusions
In this study, a digital twin was developed in Python (V. 3.10) to analyze the coupling

between offshore wind production, battery storage, and electrolyzers for hydrogen produc-
tion. A control logic was designed to prioritize hydrogen production. The offshore wind
farm was modeled based on a previous study, optimizing the layout while accounting for
wake effects using an NSGA optimization algorithm from the Pymoo library (V. 0.6.1.3).
The electrolyzer and BESS models were developed using technical datasheets. Economic
and environmental performance indicators for the overall system were also evaluated.

Three scenarios were analyzed based on the hydrogen demand of a steel plant re-
quiring 500,000 tons/year of hydrogen. To meet this demand, a 160 MW electrolyzer was
selected. The wind farm capacity was obtained considering the electrolyzer capacity to be
40%, 60%, and 80% of the wind farm size, while the battery capacity was set at 40% of the
wind farm capacity. Key findings from the results include the following:

• The amount of energy stored in the battery system is always below 5% of the AEP in all
scenarios, highlighting its limited role in energy balancing. Despite the battery capacity
of 83 MWh, its contribution appears negligible. This is not due to the control logic,
as even prioritizing the battery for specific hours would not increase its impact. The
battery would discharge within a few hours, adding energy losses without significantly
improving system performance.

• Scenario A exhibits the best energy balance, as sizing the electrolyzer at 80% of the
wind farm capacity minimizes surplus energy and maximizes wind energy utilization
for hydrogen production;

• However, the largest hydrogen production occurs in Scenario C, which benefits from
the greatest available wind energy;
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• All three scenarios present similar values of LCOE and LCOH. However, Scenario C
demonstrates the highest net present value (NPV) and the shortest payback period
(PBP), making it the most attractive investment;

• From an environmental perspective, Scenario C is the most favorable due to its higher
wind energy generation and hydrogen production.

The overall analysis suggests that sizing the electrolyzer at 80% of the wind farm
capacity (Scenario A) achieves the best energy performance, although it results in lower
profitability compared to other scenarios. Nonetheless, this configuration minimizes sur-
plus energy, making it potentially the best choice for offshore electrolyzer placement.

In contrast, Scenario C generates a higher surplus, leading to greater revenues not
only from hydrogen sales but also from electricity sales. This makes Scenario C an optimal
choice, particularly when the electrolyzer is located onshore.
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Nomenclature
Acronyms
AEP Annual Energy Production
BESS Battery Energy Storage System
CAPEX CAPital EXpenditures
CF Capacity Factor
FLORIS FLOw Redirection and Induction in Steady State
KPI Key Performance Indicators
LCOE Levelized Cost of Electricity
LCOH Levelized Cost of Hydrogen
NPV Net Present Value
NSGA Non-Dominated Sorting Genetic Algorithm
OPEX OPerational EXpenditures
PBP Pay Back Period
PEM Proton Exchange Membrane
SCADA Supervisory Control and Data Acquisition
SOC State of Charge
UR Utilization Rate
WT Wind Turbine
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Parameters
α Saved emissions from wind energy production [tonCO2 /year]
β Saved emissions from hydrogen production [tonCO2 /year]
ηf Faraday efficiency
A Membrane area of the electrolyzer [m2]
a1 Coefficient for faraday efficiency computation
a2 Coefficient for faraday efficiency computation
c Coefficient for faraday efficiency computation
c1 Emissions factor for electricity production [tonCO2 /MWh]
c2 Emissions factor for steel production [tonCO2 /tonsteel]
Cons Energy consumed by electrolyzer [kWh]
Cbattery Battery capacity [kWh]
Conswat Water consumed by electrolyzer [kg/h]
E Energy [kWh]
fH2−Steel Conversion factor steel-hydrogen [tonSteel/kgH2

]
F Faraday constant [C/mol]
I Current [A]
LT Lifetime of the plant [years]
Ncells Number of cells inside a stack
NEL Number of electrolyzer modules
NT Number of turbines
P Power [kW]
p Pressure [bar]
Prod Hydrogen production rate [kg/h]
r Discount rate
T Number of hours in one year
timestep Time interval [h]
V Voltage [V]
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