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Abstract. The expansion of volatile renewable energy sources leads to increased electricity price volatility and cannibalization 

effects, intensifying the economic pressure on project developers. Decentralized hybrid energy systems for renewable 

hydrogen production offer a solution to exploit these price fluctuations and counteract curtailment during hours of low or 10 

negative electricity prices. However, the design and operation of thosethese systems are inherently coupled and significantly 

influenced by external factors, such as electricity and hydrogen prices that can be achieved over the lifetime. To determine an 

economically optimal design, specifically the power of an electrolyzerselectrolyzer and the capacity of a battery, both site-

specific and plant-specific characteristics must be considered. 

 15 

First, this paper presents a methodology for determining the optimal electrolyzer rated power and lithium-ion buffer battery 

capacity size for a 68 MW wind farm in north-western Germany. The approach extends an existing site-specific design method 

by introducing a battery energy storage system (BESS) and enhancing the electrolyzer model with part-load efficiency and 

operating-mode-dependent degradation. Results indicate that neglecting degradation leads to an underestimation of the 

levelized cost of hydrogen (LCOH) by 1.2 € kg−1, corresponding to 21 %, while neglecting both degradation and part-load 20 

efficiency increases this underestimation to 35 %. Concurrently, the inclusion of the battery energy storage system (BESS) can 

reduce electrolyzer degradation by more than one-thirda fifth and increase the annual operational profit by 57 %, while it leads 

to a marginal the LCOH increase of 1 % due to higher capital expenditures.remains constant. For the design phase, a price-

independent operational strategy aiming to maximizingmaximize renewable hydrogen yield was implemented, representing a 

necessaryconservative operation simplification. 25 

 

ThisIn a second step, this operational assumption within the design phase was validated in a second step throughcompared to 

a mixed-integer linear (MIL) operational optimization. This assessment reveals two key findings: Firstly, the assumption of a 

constant archivableachievable electricity price over the systemssystem’s lifetime leads to a 23 % overestimation of annual 

operational profits when compared to the more realistic electricity sales aton the German day-ahead market in 2024. Secondly, 30 

the operation heuristic of the design method demonstrates high economic competitiveness, deviating by only 4.5 % from the 
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theoretical MIL optimum even under reduced hydrogen pricing.2 %. However, reducing the hydrogen price considerably 

increases this deviation, highlighting the strong price-dependence of the operation strategy and demonstrating that the 

determined operation assumptions within the design method significantly underestimate potential profits under altered price 

conditions. Nevertheless, this performance may be site-specific, as integrated optimization may yield significantly higher 35 

added value in markets characterized by greater price volatility or different meteorological profiles. Beyond these specific 

results, the model showcases the critical importance of integrating high-fidelity physical effects for electrolyzer models, 

alongside the strategic inclusion of battery storage. Furthermore, it demonstrates that a rigorous consideration of the operational 

strategy is necessary for a robust and reliable system assessment to account for volatile external factors. Overall, the proposed 

method provides wind farm developers with a tool to evaluate and optimize site-specific wind-hydrogen-battery systems to 40 

derive well-founded strategic investment decisions. 

1 Introduction 

To achieve the European Union’s climate target of reducing greenhouse gas emissions by 55 % by 2030 (European Parliament 

and Council, 2021), the share of renewable energy in the energy mix is planned to be increased to 42.5 % and the production 

of 10 million tons of green hydrogen is targeted by 2030 (European Commission 2026). However, the rapid expansion of 45 

renewable energies and their volatile electricity generation pose significant challenges for grid and wind farm (WF) operators, 

including curtailment and declining revenues from electricity sales. Besides grid-induced curtailments, cost-induced 

curtailment of WFs during hours of negative electricity prices reduces the utilization of available wind resources. Meanwhile, 

WF operators encounter revenue declines due to price cannibalization and high price volatility (Bechmann and Quick, 2025). 

Concurrently, the marginal cost of wind power production has already attained a relatively low level (Bošnjaković et al., 2022), 50 

with no further drastic cost reductions expected. These effects increase pressure on WF operators, forcing them to consider 

new revenue streams and operation concepts. One way to counter these problems is a hybrid power plants (HPP) consisting 

for example of a WF, a solar photovoltaic (PV) system, a battery energy storage system (BESS), and an electrolyzer to produce 

green hydrogen (Canbulat et al., 2021). The economic viability of such integrated systems is increasingly supported by the 

rapid decline in capital expenditures for key components. In particular, the cost of utility-scale BESS has decreased by over 55 

80 % in the last decade (IRENA, 2024), enabling HPP configurations that were previously economically unfeasible. From an 

economic perspective, HPP can temporarily decouple renewable electricity generation from electricity sales, enabling a more 

efficient utilization of available wind resources, as wind power generation can continue during grid- or price-induced 

curtailment events. Additionally, HPP potentially offer ancillary services like secondary control reserve, voltage control, or 

black start capability (Robinius et al., 2017; van Phan et al., 2024; Cozzolino and Bella, 2024). From a business perspective, 60 

electricity generated during hours with low or negative electricity prices can be stored in BESS, sold later or converted into 

hydrogen. However, the additional flexibility in the operation of the HPP makes the operation and thus its optimal techno-
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economic design complex (Rozzi et al., 2025), as the operation moves beyond a simple wind-to-grid connection to encompass 

multiple, multi-directional power flows between the WF, the grid, the BESS, and the electrolyzer. 

 65 

Various studies investigate the design of different types of HPP. Early assessments, such as by Schnuelle et al. (2020) and 

Fabianek and Madlener (2024), evaluated given system configurations without optimizing the underlying component 

capacities. Other recent optimization approaches lack detail by focusing exclusively on the main components, thereby 

neglecting the significant influence of site-specific conditions or balance-of-plant sub-systems such as hydrogen storage, 

pipelines, and compressors (Grant et al., 2024; Tezer, 2025). These aspects are considered within the design methodology 70 

introduced by Reichartz et al. (2024b), that minimizes the levelized cost of hydrogen (LCOH) for a WF-electrolyzer system. 

Giving the hourly WF power output over one year they optimize the electrolyzer design and the position of all components, 

including the point of water supply and different distribution modes like a hydrogen pipeline or storage combined with trailers. 

However, they used a highly simplified electrolyzer model with constant efficiency and without degradation effects. Yet, the 

operation of an electrolyzer strongly influences its degradation and therefore its efficiency loss (Papakonstantinou et al., 2020; 75 

Zheng et al., 2023; Sayed-Ahmed et al., 2024). Consequently, the proposed methodology underestimates maintenance and 

replacement costs and, therefore, the LCOH. Ibáñez-Rioja et al. (2025) minimize LCOH, model degradation, and component 

replacement for a WF, PV, water electrolyzer, hydrogen storage, and BESS. However, their case relies on assumptions 

regarding the demand side, specifically by assuming constant hydrogen demand and off-grid operation. Additionally, they 

used geological hydrogen storage that is highly location dependent. All the aforementioned studies on HPP design 80 

methodologies minimize LCOH, however, this keeps focus on reducing hydrogen system costs while maximizing the annual 

hydrogen product (AHP), although HPP operators aim to maximize the profit of the overall HPP. Accurately calculating this 

profitability requires an estimation of potential revenues, which in turn necessitates an approximation of the system's operation. 

To model this operation behavior of the systems components within the design stage a predefined operation strategies can be 

utilized, meaning it is initially defined at what time electricity is fed into an electrolyzer, a battery, or if considered the 85 

electricity grid (Hofrichter et al., 2023; Grant et al., 2024; Tezer, 2025). However, fixed operation strategies can lead to a 

suboptimal design compared to the actual system behavior under varying price conditions leading to potential over- or 

underestimated revenues and costs (Kansara and Roldán Serrano, 2024; Zheng et al., 2022). To overcome the issue of a 

predetermined operating strategy, two-stage optimization consisting of an outer design optimization and an inner operation 

optimization loop is utilized (Balderrama et al., 2019; Dolatabadi et al., 2019; Zheng et al., 2022; Shams et al., 2021). These 90 

approaches, however, ignore either part-load efficiency, degradation of the electrolyzer, or site-specific cost conditions. 

Moreover, some do not include a BESS, even though battery integration can enhance the HPP revenue potential and mitigate 

electrolyzer degradation (Peng et al., 2025; Nachit et al., 2026). While existing literature frequently investigates HPP design, 

many studies rely on simplified electrolyzer models or overlook site-specific infrastructure. Furthermore, the prevailing focus 

on LCOH minimization and fixed operating strategies often neglects the potential for profit maximization and the strategic 95 

synergies of battery integration in volatile market conditions. In this study, the observed HPP consists of a WF, a proton 
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exchange membrane (PEM) electrolyzer, and a BESS as main components, as well as additional subcomponents consisting of 

a power cable, power converter, water pipe, water pump, hydrogen pipe, hydrogen compressor, and hydrogen storage. 

 

To To achieve the European Union’s climate target of reducing greenhouse gas emissions by 55 % by 2030 (European 100 

Parliament and Council 2021), the share of renewable energy in the energy mix is planned to be increased to 42.5 % and the 

production of 10 million tons of green hydrogen is targeted by 2030 (European Comission 2026). However, the rapid expansion 

of renewable energies and itsaddress the gaps in the existing literature, the distinct novelty of this work lies in the introduction 

of a comparative, two-step evaluation framework that quantifies the performance gap between heuristic design assumptions 

and optimized system operation. First, we establish a conservative baseline design. Following the approach of Hofrichter et al. 105 

(2023), the rated electrolyzer power and BESS capacity are sized to maximize the annual profit (AP) based on a fixed, rule-

based operation strategy that defines power flows for all design components. Crucially, this initial design phase is coupled 

with a detailed degradation evaluation. In a second step, a mixed-integer linear (MIL) operation optimization is applied to this 

designed system to determine an idealized upper bound for operational revenues. This idealized MIL operation, which includes 

linearized part-load efficiency of the electrolyzer, is then subjected to an identical degradation evaluation, yielding a more 110 

realistic operational annual profit (OAP). 

 

By contrasting these two approaches, we enable a direct comparison between the optimized, price-aware system operation and 

the conservative operation assumed during the initial design phase. Guided by this framework, this study investigates the 

optimized volatile electricity generation pose significant challenges for grid and wind farm (WF) operators, including 115 

curtailment and declining revenues from electricity sales. Besides grid-induced curtailments, cost-induced curtailment of WFs 

during hours of negative electricity prices reduces the utilization of available wind resources. Meanwhile, WF operators 

encounter revenue declines due to prize cannibalization and high price volatility (Bechmann und Quick 2025). Concurrently, 

the marginal cost of wind power production has already attained a relatively low level (Bošnjaković et al. 2022), with no 

further drastic cost reductions expected. These effects increase pressure on WF operators, forcing them to consider new revenue 120 

streams and operation concepts. One way to counter these problems are hybrid renewable energy systems (HRES) consisting 

for example of a WF, a solar photovoltaic (PV) system, a battery energy storage system, and an electrolyzer to produce green 

hydrogen (Canbulat et al. 2021). The economic viability of such integrated systems is increasingly supported by the rapid 

decline in capital expenditures for key components. In particular, the cost of utility-scale battery storages has decreased by 

over 80 % in the last decade (IRENA 2024), enabling HRES configurations that were previously economically unfeasible. 125 

From an economic perspective, HRES can temporarily decouple renewable electricity generation from electricity sales, 

enabling a more efficient utilization of available wind resources, as wind power generation can continue during grid- or price-

induced curtailment events. Additionally, HRES potentially offer ancillary services like secondary control reserve, voltage 

control, or black start capability (Robinius et al. 2017; van Phan et al. 2024; Cozzolino and Bella 2024). From a business 

perspective electricity generated during hours with low or negative electricity prices can be stored in BESS, sold later or 130 
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converted into hydrogen. However, the additional flexibility in the operation of the HRES makes the operation and thus its 

optimal techno-economic design complex (Rozzi et al. 2025), as the operation moves beyond a simple wind-to-grid connection 

to encompass multiple, multi-directional power flows between the WF, the grid, the BESS, and the electrolyzer. 

 

Various studies investigate the design of different types of HRES. Schnuelle et al. (2020), Hofrichter et al. (2023), Fabianek 135 

und Madlener (2024), Grant et al. (2024), and Tezer (2025) eighter evaluated given systems without optimizing the components 

design or they lack on detail by only focusing on the main components of their considered HRES, neglecting the influence of 

site-specific conditions or sub-systems such as hydrogen storage, pipelines, compressor or equipment for the electrolyzer 

power supply. These aspects are considered within the design methodology introduced by Reichartz et al. (2024a), that 

minimizes the levelized cost of hydrogen (LCOH) for a WF-electrolyzer system. Giving the hourly WF power output over one 140 

year they optimize the electrolyzer design and the position of all components including the point of water supply and different 

distribution modes like a hydrogen pipeline or storage combined with trailers. They used a highly simplified electrolyzer model 

with constant efficiency and without degradation effects. However, the operation of an electrolyzer strongly influences its 

degradation and therefore its efficiency loss (Papakonstantinou et al. 2020; Zheng et al. 2023; Sayed-Ahmed et al. 2024). 

Consequently, the proposed methodology underestimates maintenance and replacement costs and, therefore, the LCOH. 145 

Ibáñez-Rioja et al. (2025) minimize LCOH, model degradation, and component replacement for a WF, PV, water electrolyzer, 

hydrogen storage, and BESS. However, their case relies on assumptions regarding the demand side, specifically by assuming 

constant hydrogen demand and off-grid operation. Additionally, they used geological hydrogen storage that is highly location 

dependent. All the mentioned studies on HRES design methodologies minimize LCOH, however, this keeps focus on reducing 

hydrogen system costs while maximizing the annual hydrogen product (AHP), although HRES operators aim to maximize the 150 

profit of the overall HRES. Accurately calculating this profitability requires an estimation of potential revenues, which in turn 

necessitates an approximation of the system's operation. To model this operation behavior of the systems components within 

the design stage a predefined operation strategies can be utilized, meaning it is initially defined at what time electricity is fed 

into an electrolyzer, a battery, or if considered the electricity grid (Hofrichter et al. 2023; Grant et al. 2024; Tezer 2025). 

However, this can lead to a suboptimal design compared to the actual system behavior under varying price conditions leading 155 

to potential over- or underestimated revenues and costs (Kansara und Roldán Serrano 2024; Zheng et al. 2022). To overcome 

the issue of a determined operating strategy, two-stage optimization consisting of an outer design optimization and an inner 

operation optimization loop are utilized (Balderrama et al. 2019; Dolatabadi et al. 2019; Zheng et al. 2022; Shams et al. 2021). 

These approaches, however, ignore either part-load efficiency, degradation of the electrolyzer, or site-specific cost conditions. 

Moreover, some do not include a BESS, even though battery integration can enhance the HRES revenue potential and mitigate 160 

electrolyzer degradation (Peng et al. 2025; Nachit et al. 2026). 
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While existing literature frequently investigates HRES design, many studies rely on simplified electrolyzer models or overlook 

site-specific infrastructure. Furthermore, the prevailing focus on LCOH minimization and fixed operating strategies often 

neglects the potential for profit maximization and the strategic synergies of battery integration in volatile market conditions. 165 

In this study, the observed HRES consists of a WF, a proton exchange membrane (PEM) electrolyzer, and a BESS as main 

components, as well as additional subcomponents consisting of a power cable, power converter, water pipe, water pump, 

hydrogen pipe, hydrogen compressor, and hydrogen storage. We assume an existing WF and first optimize the design of the 

electrolyzers rated power and the BESS capacity to achieve the maximum annual profit (AP). Since all components will be 

placed close to an already existing WF we will further call the considered HRES a hybrid wind farm (HWF). Following the 170 

approach of Hofrichter et al. (2023), the design phase to optimize the rated electrolyzer power and BESS capacity employs an 

operation strategy that defines power flows for all design components. This methodology entails assumptions regarding system 

operation that are evaluated by a subsequent mixed-integer linear (MIL) operation optimization for the optimized HWF design. 

This is done over a historical year by maximizing the operational annual profit (OAP) focussing explicitly on the operational 

revenues and costs. The MIL operation optimization includes a time constant and linearized part-load efficiency of the 175 

electrolyzer. This is a simplification that will be validated by a subsequent evaluation of the electrolyzer degradation and the 

linearized part-load efficiency to determine the more realistic OAP. Thus, this work provides guidance for decision makers in 

identifying an optimal HWF design and an optimized operation with electrolyzer degradation effects by answering the 

following research questions: 

- For a given WF, what is the optimum PEM electrolyzer rated power and BESS capacity for maximuma given WF to 180 

maximize the annual profit taking site-specific costs, electrolyzer part-load efficiency, and degradation into account, 

while assuming a fixedunder a fixed heuristic operating strategy for the hybrid wind farm design components? 

- How does. Furthermore, we evaluate how the integration of a BESS alongside dynamic operational constraints and 

the consideration of electrolyzer degradation and part-load efficiency influenceeffects influences the LCOH of the HRES?. 

And finally, the study quantifies the exact 185 

To what extent can ato which the MIL operation optimization and athe subsequent degradation evaluation can increase the 

operational annual profitOAP compared to the initial heuristic design method?phase. 

-  

To answer these questions, in Sect. 2 the methodology for the design optimization, the MIL operation optimization and the 

degradation evaluation with all underlying assumptions is described. Section 3 introduces a case study ofto which the 190 

methodology is applied and results are presented. In Sect. 4, results and limitations of the presented methodology are discussed 

and further research needs are indicated. 
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2 Methodology 

The following section describes the fundamentals for understanding the extended design optimization (Sect. 2.2), that is based 

on the method of Reichartz et al. (2024b)(2024a).. The design method is extended by a more detailed electrolyzer model as 195 

described in Sect. 1.1 and the objective to maximize the AP instead of minimizing LCOH. A subsequent MIL operation 

optimization to evaluate the operation strategy assumed in the design optimization is described in Sect. 2.3. Figure 1 presents 

the overall methodology with all respective optimization and evaluation steps, inputs, parameters, optimization variables, and 

outputs. 
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Figure 1: Schematic overview of the proposed design methodology (superscript index D) and the subsequent MIL operation 

optimization (superscript index O). 

Bevor starting the design optimization input parameters need to be defined. The method described by Roscher (2020) is used 205 

to calculate the necessary WF input parameter vector 𝑾𝑭⃑⃑⃑⃑⃑⃑  ⃑. Based on an existing WF with a given nominal capacity 𝑃WF, a site, 

weather data from the New European Wind Atlas (2026), the expected LCOE and a hourly  time series of the WF power output 

𝑃WF(𝑡) for a chosen weather year is calculated. The electrolyzer input parameter vector 𝑬𝑳⃑⃑⃑⃑  ⃑ depends on the electrolyzer 

technology and consists of an initially set electrolyzer rated power 𝑃El and BESS capacity 𝑊BESS. It also contains the power 

ratio at which we assume the electrolyzer to operate in rated power mode 𝑃El,rated
min  𝑃El

−1 , the rated power 𝑃Stack  and the 210 

minimum part load 𝑃Stack
min  of a single electrolyzer stack. Electrolyzer cell related parameters are the maximum current density 

𝑖cell
max, the maximum cell voltage 𝑈cell

max, the cell area 𝐴cell, the operating temperature 𝑇cell, the operating pressure 𝑝𝐻2
 and 𝑝𝑂2

, 

the transfer coefficients 𝛼𝐻2
 and 𝛼𝑂2

 and the exchange current densities 𝑖𝐻2
 and 𝑖𝑂2

 at cathode and anode. Finally, the 

electrolyzer input parameter vector contains the efficiency of the auxiliary electrolyzer components 𝜂Aux, and the degradation 

rates 𝑑𝑒𝑔𝑅El,𝑚 of each considered operation mode 𝑚 which are defined in Sect. Before starting the design optimization input 215 

parameters need to be defined. The method described by Roscher (2020) is used to calculate the necessary WF input parameter 

vector 𝑾𝑭⃑⃑⃑⃑⃑⃑  ⃑. Based on an existing WF with a given nominal capacity 𝑃WF, a site, weather data from the New European Wind 



 

10 

 

Atlas (2026), the expected LCOE and a hourly  time series of the WF power output 𝑃WF(𝑡) for a chosen weather year is 

calculated. The electrolyzer input parameter vector 𝑬𝑳⃑⃑⃑⃑  ⃑ depends on the electrolyzer technology and defines the permissible 

ranges for the electrolyzer rated power 𝑃El
D  and BESS capacity 𝑊BESS

D  within the components size is allowed to vary. It also 220 

contains the power ratio at which we assume the electrolyzer to operate in rated power mode 𝑃El,rated
min  𝑃El

−1, the rated power 

𝑃Stack and the minimum part load 𝑃Stack
min  of a single electrolyzer stack. Electrolyzer cell related parameters are the maximum 

current density 𝑖cell
max, the maximum cell voltage 𝑈cell

max, the cell area 𝐴cell, the operating temperature 𝑇cell, the operating pressure 

𝑝𝐻2
 and 𝑝𝑂2

, the transfer coefficients 𝛼𝐻2
 and 𝛼𝑂2

 and the exchange current densities 𝑖𝐻2
 and 𝑖𝑂2

 at cathode and anode. Finally, 

the electrolyzer input parameter vector contains the efficiency of the auxiliary electrolyzer components 𝜂Aux , and the 225 

degradation rates 𝑑𝑒𝑔𝑅El,𝑚 of each considered operation mode 𝑚 which are defined in Sect. 2.2.2. Further input vector for the 

BESS 𝑩𝑬𝑺𝑺⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑ consist of the roundtrip efficiency 𝜂BESS, the 𝐶𝑅𝑎𝑡𝑒 as ratio between power and capacity, and the lifetime 𝑛𝐵𝐸𝑆𝑆. 

To take site specific conditions into account geodata is provided as vector 𝑮𝑬𝑶⃑⃑⃑⃑ ⃑⃑ ⃑⃑  ⃑. The shapefile 𝑠ℎ𝐸𝑙  determining the available 

area on which the electrolyzer can be placed, poccPOCC the point of common coupling, 𝑝H2O the point of water access, 𝑝POD 

the point of hydrogen demand. Besides these inputs, market data for the design optimization is given with the 𝑴𝑨𝑹𝑲𝑬𝑻⃑⃑⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑𝐃 230 

vector, assuming a constant hydrogen price 𝑝H2
 and a reference value 𝑅𝑉(RV) describing the average expected electricity 

price achieved over the lifetime of the WF. For example in Germany the RV given by the Renewable Energy Sources Act (§ 

85a EEG 2023 2026)(Federal Office of Justice, 2026) serves as good approximation. Market data for the operation optimization 

𝑴𝑨𝑹𝑲𝑬𝑻⃑⃑⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑𝐎 consist of an annual timeseries in hourly resolution of past day-ahead market prices instead of the RV. Finally, the 

observation period ObservPeriod as part of  𝑶𝑷⃑⃑⃑⃑⃑⃑  is used to calculate the mean AHP.  235 

 

The separation of the design phase and the MIL operation optimization serves to ensure a conservative long-term design and 

computational stability. Sizing a system for a 25-year lifetime faces profound uncertainties regarding spot market prices and 

wind profiles. Therefore, the design phase utilizes the year 2024, which represents, according to anemos (2024), an average 

wind and electricity yield year over the past 20 years and a constant reference value as electricity price. Relying on a predefined 240 

rule-based operation strategy during the design phase provides a conservative estimation of the system's operational revenues. 

Embedding a fully functional MILP model within every single iteration of the outer global search loop would increase the 

computational effort (Eltamaly and Almutairi, 2025) and introduce severe risks regarding numerical stability. If the inner 

solver experiences convergence issues in specific regions of the design space, the resulting numerical noise in the objective 

function would potentially disrupt the convergence behaviour of the outer optimization algorithm. Thus, the subsequent MIL 245 

operation optimization is applied exclusively to the finalized design to establish an idealized upper bound for revenues under 

actual volatile market conditions, allowing for a comparison against the conservative design assumptions. 
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Within the design optimization method, the design parameters 𝑃El  and 𝑊BESS are iteratively adjusted by the Nelder-Mead 

algorithm thatDifferential Evolution (DE) algorithm (Storn and Price, 1997), which is further described in Sect. 2.2.1 (Lagarias 250 

et al. 1998). 2.2.Within a single iteration, the operation of the electrolyzer and BESS is defined using a determined operation 

strategy as described in Sect. 2.2.1. Subsequently, the degradation of the electrolyzer is evaluated based on the previously 

determined operation according to the method detailed in Sect. 2.2.2.. This evaluation framework recalculates the actual 

degradation-affected efficiency for each time step and structurally corrects the initial operational results to account for real-

world performance losses. Based on the information regarding the degradation state of the electrolyzer stacks, the timing for 255 

stack replacement is decided as outlined in Sect. 2.2.3. Before the termination criterion for the Nelder–MeadDE optimization 

is verified, the electrolyzer efficiency is calculated for each time step as specified in Sect. 2.2.5. This calculation incorporates 

the cell voltage discussed in Sect. 2.1.1 and accounts for the actual degradation occurring as explained in Sect. 1.1.1. This 

process yields the AHP, the objective function value and the operational power data per time step for the electrolyzer 𝑃EL(𝑡) 

and for charging and discharging the battery. Additional results are the operation-dependent part of the annual profit (OAP), 260 

that consists of revenues from electricity and hydrogen sales, variable water procurement costs, and electrolyzer degradation 

costs. Finally, the LCOH and the optimal values of the design variables 𝑃EL and 𝑊BESS are given as output. These optimized 

design variables serve as input for the operational optimization method described in Sect. 2.3, where the OAP𝑂𝐴𝑃O  is 

maximized through MIL optimization. Since thisTo maintain mathematical linearity and ensure solver stability, this operation 

optimization step assumes a linearized part-load efficiency as calculated in Sect. 2.3.1 and neglects the impact of degradation 265 

on the electrolyzers efficiency even though the tracks the electrolyzer degradation is calculated during the optimization as 

detailed in Sect. 2.3.2, a further  even though the impact of degradation evaluation is performed. This is followed by the 

determination of on the actual electrolyzer efficiency per time step and the resulting hydrogen production. Finally, the objective 

function value, the operational performance parameters, and the actual OAP after theis neglected. To address this limitation 

and guarantee a fair comparison with the design method, the optimized dispatch profile is subsequently subjected to the 270 

identical post-optimization degradation evaluation are reported.described above. This post-optimization step applies the 

degradation-dependent efficiency corrections to the optimized power flows, thereby penalizing the idealized hydrogen gains 

to report the true, realistic 𝐴𝐻𝑃E and 𝑂𝐴𝑃E.  

2.1 Electrolyzer model 

This work focuses on PEM technology for electrolyzers, as it offers a wider part-load range and rapid system response times 275 

compared to alternative methods. These characteristics make PEM technology superior for coupling with fluctuating renewable 

energy sources compared to other technologies such as alkaline electrolysis or solid oxide electrolysis (Bockelmann et al. 

2024), which is why they are widely used in the literature for HRES. In the following sections the basics for calculating the 

polarization curve, degradation, and part-load efficiency of an electrolysis cell are presented. 



 

12 

 

2.3.0 Cell voltage 280 

The load-dependent efficiency of a PEM electrolysis cell 𝜂cell is calculated using the polarization curve as a function of the 

cell voltage 𝑈cell. The polarization curve characterizes the electrochemical behavior of an electrolyzer cell and represents the 

relationship between the current density 𝑖cell and the cell voltage 𝑈cell (Buttler and Spliethoff 2018, 2440-54). 𝑖cell refers to 

the current relative to the cell surface area 𝐴cell. This paper uses an empirical model of an electrical equivalent circuit by Han 

et al. (2015) and Abdin et al. (2015), where 𝑈cell equals the sum of the Nernst voltage 𝑈Nernst, also called open circuit voltage, 285 

and the activation overpotential 𝑈act, the ohmic loss overpotential 𝑈ohm, and the diffusion overpotential 𝑈diff, as seen in Eq. 

(1): 

𝑈cell = 𝑈Nernst + 𝑈act + 𝑈ohm + 𝑈diff.         (1) 

The cell voltage under ideal conditions to operate the electrolysis is called the Nernst voltage. It is the theoretical minimum 

voltage for PEM electrolysis cells when other overpotentials are neglected and can be calculated using equation (2)-(4) (Han 290 

et al. 2015): 

𝑈Nernst = 𝑈rev +
𝑅·𝑇cell

𝑧·𝐹
· ln ( 

𝑎𝐻2·√𝑎𝑂2

𝑎𝐻20
),         (2) 

𝑈𝑟𝑒𝑣 = 1.229 − 0.9 · 10−3(𝑇𝑐𝑒𝑙𝑙 − 298 𝐾),         (3) 

𝑎𝐻2
=

𝑝H2

𝑝0
 , 𝑎𝑂2

=
𝑝O2

𝑝0
 , 𝑎H2O = 1,          (4) 

2.1 where 𝑈rev is the reversible voltage under standard pressure conditions, 𝑅 the gas constant, 𝑇cell the electrolyzer 295 

operating temperature, 𝑧 the number of electron moles participating at the electrolysis reaction, 𝐹 the Faraday 

constant, 𝑎H2
 the ideal gas activity of hydrogen depending on the partial pressure 𝑝H2

 and the standard 

atmosphere pressure 𝑝0, 𝑎O2
 the ideal gas activity of oxygen depending on the partial pressure 𝑝O2

, and 𝑎H2O the 

activity of liquid water. The activation overvoltage 𝑈act derived from the Butler-Volmer equation (Carmo et al. 

2013)Electrolyzer model 300 

This work focuses on PEM technology for electrolyzers, as it offers a wider part-load range and rapid system response times 

compared to alternative methods. These characteristics make PEM technology superior for coupling with fluctuating renewable 

energy sources compared to other technologies such as alkaline electrolysis or solid oxide electrolysis (Bockelmann et al., 

2024), which is why they are widely used in the literature for HPP. In the following sections the basics for calculating the 

polarization curve, degradation, and part-load efficiency of an electrolysis cell are presented. 305 

2.1.1 Cell voltage 

The load-dependent efficiency of a PEM electrolysis cell 𝜂cell is calculated using the polarization curve as a function of the 

cell voltage 𝑈cell. The polarization curve characterizes the electrochemical behavior of an electrolyzer cell and represents the 

relationship between the current density 𝑖cell and the cell voltage 𝑈cell (Buttler and Spliethoff 2018, 2440-54). 𝑖cell refers to 

the current relative to the cell surface area 𝐴cell. This paper uses an empirical model of an electrical equivalent circuit by Han 310 
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et al. (2015) and Abdin et al. (2015), where 𝑈cell equals the sum of the Nernst voltage 𝑈Nernst, also called open circuit voltage, 

and the activation overpotential 𝑈act, the ohmic loss overpotential 𝑈ohm, and the diffusion overpotential 𝑈diff, as seen in Eq. 

(1): 

𝑈cell = 𝑈Nernst + 𝑈act + 𝑈ohm + 𝑈diff.         (1) 

The cell voltage under ideal conditions to operate the electrolysis is called the Nernst voltage. It is the theoretical minimum 315 

voltage for PEM electrolysis cells when other overpotentials are neglected and can be calculated using equation (2)-(4) (Han 

et al., 2015): 

𝑈Nernst = 𝑈rev +
𝑅·𝑇cell

𝑧·𝐹
· ln ( 

𝑎𝐻2·√𝑎𝑂2

𝑎𝐻20
),         (2) 

𝑈𝑟𝑒𝑣 = 1.229 − 0.9 · 10−3(𝑇𝑐𝑒𝑙𝑙 − 298 𝐾),         (3) 

𝑎𝐻2
=

𝑝H2

𝑝0
 , 𝑎𝑂2

=
𝑝O2

𝑝0
 , 𝑎H2O = 1,          (4) 320 

where 𝑈rev is the reversible voltage under standard pressure conditions, 𝑅 the gas constant, 𝑇cell the electrolyzer operating 

temperature, 𝑧 the number of electron moles participating at the electrolysis reaction, 𝐹 the Faraday constant, 𝑎H2
 the ideal gas 

activity of hydrogen depending on the partial pressure 𝑝H2
 and the standard atmosphere pressure 𝑝0, 𝑎O2

 the ideal gas activity 

of oxygen depending on the partial pressure 𝑝O2
, and 𝑎H2O the activity of liquid water. The activation overvoltage 𝑈act derived 

from the Butler-Volmer equation (Carmo et al., 2013), must be applied to overcome the activation energy for the 325 

electrochemical reactions at the electrodes. Following Eq. (5) 𝑈act is the sum of the cathode overpotential 𝑈act,cat and the 

anode overpotential 𝑈act,an: 

𝑈act = 𝑈act,cat + 𝑈act,an,           (5) 

with 

𝑈act,cat =
𝑅·𝑇cell

𝛼cat·𝐹
sinh−1 (

𝑖cell

2·𝑖𝑜,cat
),          (6) 330 

𝑈act,an =
𝑅·𝑇cell

𝛼𝑎𝑛·𝐹
sinh−1 (

𝑖cell

2·𝑖𝑜,an
),           (7) 

where 𝛼cat and 𝛼an are the charge transfer coefficients and 𝑖o,cat and 𝑖o,an are the exchange current densities of the cathode 

respective the anode. 𝑈ohm defines the ohmic overpotential caused by the electrolysis cell resistances. According to Ohm's 

law, it is calculated as the product of the electrical cell resistance 𝑅cell and 𝑖cell. The cell resistance consists mainly of the 

resistance of the cell membrane (Abdin et al. 2015)The cell resistance consists mainly of the resistance of the cell membrane 335 

(Abdin et al., 2015), wherefore the resistance of the electrodes and bipolar plates are neglected. In this work, 𝑈ohm  is 

consequently represented as a function of 𝑖cell, the membrane thickness 𝛿m, and the membrane conductivity 𝜎m, as seen in eq. 

(8). 

𝑈ohm = 𝑅cell · 𝐴cell · 𝑖cell =
𝛿m

𝜎m
· 𝑖cell,         (8) 

where 𝜎𝑚 is a function of the membrane humidification degree 𝜆 and 𝑇cell , following Eq. (9): 340 
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with 𝜎m = (0.005139 · 𝜆 − 0.00326) · 𝑒
1268·(

1

303
 −

1

𝑇cell
)
 .       (9) 

Finally, 𝑈diff describes the diffusion overpotential caused by mass transport in the electrolyzer. Studies show that 𝑈diff is much 

lower than 𝑈ohm and 𝑈act (Hernández-Gómez et al. 2020). For this reason, we follow other studies and assume 𝑈diff to be zero 

(Görgün 2006; Shiva Kumar und Himabindu 2019; García-Valverde et al. 2012)Studies show that 𝑈diff is much lower than 

𝑈ohm and 𝑈act (Hernández-Gómez et al., 2020). For this reason, we follow other studies and assume 𝑈diff to be zero (Görgün, 345 

2006; Shiva Kumar and Himabindu, 2019; García-Valverde et al., 2012). 

2.9.1 Degradation 

Degradation can be understood as an additional voltage that must be overcome to enable electrolysis, adding an additional 

coefficient to Eq. (1). Factors influencing degradation include membrane and catalyst properties (Tomić et al. 2023; Buttler 

und Spliethoff 2018), the operating temperature (Frensch et al. 2019), and the input power of the electrolyzer over time 𝑃El(𝑡). 350 

A comprehensive review on the influence and modelling approaches of degradation in PEM electrolyzer is provided by 

Makhsoos et al. (2025). Due to the high complexity of the different degradation mechanisms, we assume a fixed set of technical 

properties for the membrane, catalyst, temperature and pressure, while our focus in this work is the relationship between 

electrolyzer input power and its degradation. This aspect is of particular interest, as the electrolyzer is only powered by a WF, 

without any connection to the electricity grid. Tully et al. (2023) and so Lu et al. (2023) defining degradation rates for constant 355 

operation, fluctuating operation, and start-stop cycles of a PEM electrolyzer. Since the degradation rates from Tully et al. 

(2023) are experimentally validated, we assume those. We define a constant electrolyzer operation when the load difference 

for one hour of operation is lower than 3 % of the electrolyzers rated power 𝑃El. If the load difference exceeds the limit the 

electrolyzer is assumed to operate fluctuating. 

2.9.3 Efficiency 360 

2.1.2 Degradation 

Degradation can be understood as an additional voltage that must be overcome to enable electrolysis, adding an additional 

coefficient to Eq. (1). Factors influencing degradation include membrane and catalyst properties (Tomić et al., 2023; Buttler 

and Spliethoff, 2018), the operating temperature (Frensch et al., 2019), and the input power of the electrolyzer over time 𝑃El(𝑡). 

A comprehensive review on the influence and modeling approaches of degradation in PEM electrolyzer is provided by 365 

Makhsoos et al. (2025). Due to the high complexity of the different degradation mechanisms, we assume a fixed set of technical 

properties for the membrane, catalyst, temperature and pressure, while our focus in this work is the relationship between 

electrolyzer input power and its degradation. This aspect is of particular interest, as the electrolyzer is only powered by a WF, 

without any connection to the electricity grid. Tully et al. (2023) and so Lu et al. (2023) defining degradation rates for constant 

operation, fluctuating operation, and start-stop cycles of a PEM electrolyzer. Since the degradation rates from Tully et al. 370 

(2023) are experimentally validated, we assume these. We define a constant electrolyzer operation when the load difference 
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for one hour of operation is lower than 3 % of the electrolyzers rated power 𝑃El. If the load difference exceeds the limit the 

electrolyzer is assumed to operate fluctuating. 

2.1.3 Efficiency 

The efficiency of anthe electrolysis cell 𝜂cell is describedmodeled by multiplyingconsidering the voltage efficiency 𝜂𝑉 and the 375 

Faraday efficiency. First, the Faraday efficiency 𝜂𝐹 by the ratio of the produced hydrogen to the input power following Eq. 

(10). 

𝜂cell = 𝜂𝑉 · 𝜂𝐹 =
Δ𝐻H2·𝑛̇H2

𝑈cell·𝑖cell·𝐴cell
,          (10) 

where Δ𝐻H2
 is the lower heating value and 𝑛̇H2

 the real mass flow of hydrogen. 𝜂𝑉 is defined as the ratio between the thermally 

neutral potential 𝑈th and 𝑈cell, given in Eq. (11) (Hernández-Gómez et al. 2020). 380 

𝜂𝑉 =
𝑈th

𝑈cell
            (11) 

𝜂𝐹 reflects losses due to gas diffusion and is correlated to 𝑛̇H2
and the defined as the ratio between the real hydrogen flow 𝑛̇H2

 

and the ideal masshydrogen flow of hydrogen 𝑛̇H2,ideal, following Eq. (120): 

𝜂𝐹 =
𝑛̇H2

𝑛̇H2,ideal
,            (12.

            (10) 385 

With the ideal hydrogen flow determined by Faraday’s law based on the cell current density 𝑖cell, the active cell area 𝐴cell, 

the Faraday constant 𝐹, and the number of electrons transerred per hydrogen molecule formed 𝑧, calculated according to Eq. 

(11) (Yodwong et al., 2020): 

𝑛̇H2,ideal =
𝑖cell·𝐴cell

𝑧·𝐹
.           (11) 

Second, the voltage efficiency 𝜂𝑉 describes the ratio between the thermoneutral potential 𝑈th and the actual cell voltage 𝑈cell 390 

(Hernández-Gómez et al., 2020): 

𝜂𝑉 =
𝑈th

𝑈cell
            (12) 

The product of both efficiencies yields the cell efficiency 𝜂cell, which relates the energy content of the produced hydrogen, 

based on the lower heating value Δ𝐻H2
 to the electrical input power, following Eq. (13): 

𝜂cell = 𝜂𝑉 · 𝜂𝐹 =with the ideal mass flow calculated by Eq. (13) (Yodwong et al. 2020): 395 

𝑛̇H2
=

𝑖cell·𝐴cell

𝑧·𝐹
· 𝜂𝐹. 

Δ𝐻H2· 𝑛̇H2

𝑈cell · 𝑖cell · 𝐴cell
.         

 (13) 

Equation (14) shows the overall efficiency of an electrolyzer 𝜂El with multiple cells and stacks and can be calculated by 

𝜂cell and an additional efficiency for auxiliary structures 𝜂Aux such as water and heat management systems (Cheng et al. 

2025; Lu et al. 2023; Tofighi-Milani et al. 2025): 400 
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𝜂El = 𝜂cell · 𝜂Aux =
Δ𝐻H2·𝜂𝐹

𝑈cell·𝑧·𝐹
· 𝜂Aux,Finally, equation (14) shows the overall efficiency of an electrolyzer 𝜂𝐸𝑙  with multiple 

cells and stacks and can be calculated by 𝜂cell and an additional efficiency for auxiliary structures 𝜂Aux such as water and 

heat management systems (Cheng et al., 2025; Lu et al., 2023; Tofighi-Milani et al., 2025): 

𝜂El = 𝜂cell · 𝜂Aux =
Δ𝐻H2·𝜂𝐹

𝑈cell·𝑧·𝐹
· 𝜂Aux,          (14) 

where 𝜂cell is substituted to a combination of Eq. (10) and (13). 405 

2.10 Design optimization 

Within the design optimization the optimal rated power of the electrolyzer and the battery capacity are determined to maximize 

the overall profit over a defined observation period. This problem is formulated as a nonlinear optimization problem (NLP) 

with two continuous and non-negative decision variables, 𝑃El
D  and 𝑊BESS

D . It is solved using the Nelder–Mead algorithm, a 

derivative-free method commonly applied to NLPs (Scholz 2018).  The primary objective of design optimization is to 410 

maximize the 𝐴𝑃 of the HWF. The objective function is given in Eq. (15): 

max(AP) = max((AEP − ECHS) · (RV − LCOE) + AHP · (𝑝hy − LCOH)),     (15) 

where 𝜂cell is substituted to a combination of Eq. (10) and (13). 

2.2 Design optimization 

Within the design optimization the optimal rated power of the electrolyzer and the battery capacity are determined to maximize 415 

the overall profit over a defined observation period. This problem is formulated as a nonlinear optimization problem (NLP) 

with two continuous and non-negative decision variables, 𝑃El
D  and 𝑊BESS

D . It is solved using the DE algorithm. Due to its 

stochastic search strategy, this population-based approach enables a robust exploration of the complex design space while 

mitigating dependency on the initial starting point. Consequently, the best identified solution within the predefined termination 

criteria is reported as the optimal configuration. The search space for both the electrolyzer rated power and the BESS capacity 420 

is constrained between 0  and 30 % of the wind farm rated power based on the boundary insights from Chatzistlyianos et al. 

(2025) and Reichartz et al. (2024b). A random solver strategy was selected to maintain population diversity, utilizing a 

population factor of 15 and a crossover probability of recombination of 0.7 to balance vector mutation and target retention. To 

bypass local sub-optima and prevent population stagnation, dynamic scaling via dithering was applied with a mutation 

parameter of (0.5, 1). Computational execution was parallelized across all available CPU cores with the parameter workers set 425 

to minus one, which requires a synchronous population update scheme. Lastly, the optimization run was bounded by a 

maximum of 100 generations and a relative convergence tolerance of 0.001 to limit the computational overhead of the 

underlying hourly time-series optimization, while a fixed random seed of 1 ensures full numerical reproducibility of the 

optimization trajectories. The primary objective of design optimization is to maximize the 𝐴𝑃 of the HPP. The objective 

function is given in Eq. (15): 430 

max(AP) = max((AEP − ECHS) · (RV − LCOE) + AHP · (𝑝hy − LCOH)),     (15) 
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where AEP denotes the annual energy production of the WF and ECHS the total energy consumption of the hydrogen system 

(Reichartz et al. 2024a)(Reichartz et al., 2024b).. The LCOE represents the average cost per unit of electricity generated by the 

WF over its lifetime, accounting for capital, operation, and maintenance costs. AHP is the annual hydrogen product that is 

delivered to the point of hydrogen demand and 𝑝hy the assumed hydrogen price. Lastly, the LCOH are calculated according to 435 

Eq. (16): 

LCOH =
∑ (CAPEX𝑦=0,𝑐𝑐 +AF𝑐·OPEX𝑐+∑

CAPEXreinvest,𝑐,𝑦
(1+𝑖)𝑦

−
CAPEXrest,𝑐

(1+𝑖)𝑛
𝑛
𝑦=1 )

∑
𝑀𝑡,H2
(1+𝑖)𝑦

𝑛
𝑦=1

,      (16) 

with the present value annuity factor 𝐴𝐹𝑐 following Eq. (17): 

AF𝑐 =
(1+𝑖)𝑛𝑐−1

(1+𝑖)𝑛𝑐·𝑖
.            (17) 

The numerator of Eq. (16) represents the TOTEX of the hydrogen system and the denominator the discounted cumulative 440 

hydrogen production over the observation period 𝑛, where 𝑀t,H2
 denotes the hydrogen mass produced in year 𝑡. The parameter 

𝑛𝑐 specifies the lifetime of component 𝑐, and 𝑖 the applied discount rate. The index 𝑐 refers to the individual components of 

the hydrogen system consisting of the electrolyzer, battery, power cable, power converter, water and hydrogen pipeline, 

utilized water amount, and the hydrogen compressor and storage. Except for the battery these costs are calculated by the 

method of Reichartz et al. (2024b)(2024a).. CAPEX𝑦=0,𝑐  denotes the initial investment costs, while OPEX𝑐  represents the 445 

annual operation and maintenance costs, which are annualized using AF𝑐. Reinvestment costs occurring in year 𝑦 are given 

by CAPEXreinvest,𝑐,𝑦 and are discounted. The remaining value at the end of 𝑛 is accounted by the residual cost term CAPEXrest,𝑐. 

2.10.12.2.1 Fixed operation strategy for electrolyzer and BESS 

The operation of an electrolyzer and a BESS within a HWF influences the electrolyzers degradation and thus the amount of 

hydrogen produced. To overcome the complex HFW operation within the design method we define an operating strategy for 450 

the electrolyzer and BESS so that as much green hydrogen as possible gets produced. For the electrolyzer that means the 

strategy prioritizes supplying as much power as possible from the WF to the electrolyzer. This approach ensures a higher 

capacity factor of the electrolyzer increases hydrogen production and, at constant TOTEX, therefore reduces the LCOH.  

According to Equation (15), this would in turn lead to increased profit. Even though it is a strong simplification, is has been 

found to be a useful approach by (Reichartz et al. 2024b). However, when modelling the electrolyzer load-dependent efficiency 455 

and degradation, this conclusion is no longer straightforward, as the TOTEX are not constant and hydrogen production is not 

strictly proportional to the input power. Nevertheless, this strategy is employed to obtain a reasonably solution. The battery is 

operated in a way that minimizes the number of shut-downs of the electrolyzer, thereby avoiding the high degradation 

associated with frequent start-stop cycles (Sect. 2.1.2). The power flows in timestep t corresponding to the assumed operating 

strategy are shown in Figure 2 and described in the following section. 460 
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The operation of an electrolyzer and a BESS within a HPP influences the electrolyzers degradation and thus the amount of 

hydrogen produced. To overcome the complex HPP operation within the design method we define an operating strategy for 

the electrolyzer and BESS so that as much green hydrogen as possible gets produced. For the electrolyzer that means the 

strategy prioritizes supplying as much power as possible from the WF to the electrolyzer. This approach ensures a higher 465 

capacity factor of the electrolyzer increases hydrogen production and, at constant TOTEX, therefore reduces the LCOH.  

According to Equation (15), this would in turn lead to increased profit. Even though it is a strong simplification, is has been 

found to be a useful approach by Reichartz et al. (2024a). However, when modeling the electrolyzer’s load-dependent 

efficiency and degradation, this conclusion is no longer straightforward, as TOTEX are not constant and hydrogen production 

is not strictly proportional to the input power. Nevertheless, this strategy is employed to obtain a reasonable solution. The 470 

battery is operated in a way that minimizes the number of shut-downs of the electrolyzer, thereby avoiding the high degradation 

associated with frequent start-stop cycles (Sect. 1.1.1). 

 

The power flows in timestep t corresponding to the assumed operating strategy are shown in Figure 2 and described in the 

following section. 475 
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Figure 2: Overview of power Power flows of HPP components for timestep in the assumeddetermined operation strategy. for a 

timestep depending on the relative WF power output (top row) and the BESS state of charge (left column). 

The distribution of the WF power among the BESS, the electrolyzer, and the electricity grid, as defined in the assumed 

operating strategy, depends on both the WF power available at timestep t (top row, Figure 2) and the battery’s state of charge 480 

at that timestep t (left column, Figure 2). If the available WF power exceeds the nominal power of the electrolyzer 

(𝑃WF(𝑡)/𝑃El > 1), the electrolyzer operates at rated power. Any surplus power is used to charge the BESS. If the BESS is 

already fully charged, the excess power is fed into the grid. If the WF power is below the nominal electrolyzer power but above 

the minimum operating threshold (𝑃El
min), the entire wind farm power is supplied to the electrolyzer. In the final case, the wind 

power is insufficient to meet the minimum part-load requirement of the electrolyzer. If the battery has sufficient state of charge 485 

to compensate for the deficit relative to the electrolyzers minimum load (𝑊BESS(𝑡) ≥ 𝑃El
min − 𝑃WF(𝑡)), it is discharged 

accordingly, thereby preventing a shutdown of the electrolyzer. If that is not the case, the electrolyzer must be shut down. The 

remaining wind power is then used to charge the battery. 

2.10.22.2.2 Electrolyzer degradation evaluation 

In the literature, degradation studies primarily investigate constant and fluctuating electrolyzer input power as well as start–490 

stop operation (Sect. 1.1.1). Some studies distinguish between steady-state operation at full load, part load and off state. Based 

on this, the following operating states are defined within our model: 

1. Steady-state operation at rated power (rated) 

2. Steady-state operation at part-load (partl) 

3. Steady-state operation at off-state (off) 495 
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4. Fluctuating operation (fluct) 

5. Start-stop operation (stop) 

Since no universal definitions of these operating states exist, a formal definition of a steady-state operation was introduced in 

Sect. 1.1.1. Figure 3 shows a flowchart of the degradation evaluation process. For the evaluation of degradation up to timestep 

t, binary decision variables 𝑏𝑚(𝑡) are introduced for each defined operating mode 𝑚 ∈ {rated, partl, off, fluct, stop}. These 500 

variables are multiplied by the corresponding degradation rates 𝑑𝑒𝑔𝑅El,𝑚 to calculate the cumulative degradation 𝐷𝑒𝑔El(𝑡) 

until t. The degradation associated with a start-stop cycle is added at the time of shutdown. 

 

Figure 3: Flowchart to evaluate the operation dependent degradation of an electrolyzer. 

Giving the electrolyzers input power 𝑃El(𝑡) for each time step, the degradation evaluation loop starts with t equals zero and 505 

iteratively increases until t equals T. First, an auxiliary variable 𝑏on(𝑡) is introduced to indicate whether the electrolyzer is 

operating at time t (𝑏on(𝑡) = 1) or not (𝑏on(𝑡) = 0). Subsequently, it is checked whether the electrolyzer has been switched 

off at time t, which corresponds to a transition from the on-state at the previous time step t-1 (𝑏on(𝑡 − 1) = 1) to the off-state 
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in t (𝑏on(𝑡) = 0). Next, based on the previously defined definition for steady-state operation, it is decided whether the 

electrolyzer is operating in steady state or fluctuating mode. If the input power is classified as steady, the absolute value of the 510 

input power is used to distinguish between constant off-state (𝑏off(𝑡) = 1, 𝑖𝑓  𝑃El(𝑡) = 0), constant full-load operation 

(𝑏rated(𝑡) = 1, 𝑖𝑓  𝑃El(𝑡) > 𝑃El,rated
min ) and constant part-load operation ((𝑏partl(𝑡) = 1, otherwise). The operating modes fluct, 

off, rated, and partl are mutually exclusive. Accordingly, if one binary variable equals one at t, all others are equal to zero at 

that time. Using this method, the operation-dependent degradation over the entire year can be determined by multiplying the 

binary variables for each operating mode and timestep with the corresponding degradation rates. 515 

2.10.32.2.3 Electrolyzer stack exchange 

The degradation of the electrolyzer stacks might result in a need for replacement over their lifetime. Within the model, a stack 

replacement resets the degradation state to zero, incurring replacement costs. Other modeling approaches commonly assumed 

a fixed stack lifetime (Lim et al. 2021) or a replacement criterion based on a predefined efficiency loss of approximately 10 % 

(Grant et al. 2024; Ibáñez-Rioja et al. 2025). In this study, an alternative and more physically grounded approach is adopted. 520 

According to Buttler und Spliethoff (2018) the maximum cell voltage of PEM electrolyzers ranges between 1.65 and 2.5 V at 

a nominal current density of 2 A cm⁻². On this basis, a stack is required to be replaced before the maximum cell voltage of 

𝑈𝑐𝑒𝑙𝑙
𝑚𝑎𝑥 = 2.5 V is exceeded because of degradation-induced overvoltage. Other modeling approaches commonly assumed a 

fixed stack lifetime (Lim et al., 2021) or a replacement criterion based on a predefined efficiency loss of approximately 10 % 

(Grant et al., 2024; Ibáñez-Rioja et al., 2025). In this study, an alternative and more physically grounded approach is adopted. 525 

According to Buttler and Spliethoff (2018) the cell voltage of PEM electrolyzers ranges between 1.65 V and 2.5 V at a nominal 

current density of 2 A cm⁻², which directly maps to lower heating value efficiencies between 76 % and 50 %, respectively. In 

this study, the initial cell voltage at the beginning of life (BOL) is calculated via the polarization curve model (Sect. 2.1.1) as 

𝑈𝑐𝑒𝑙𝑙
BOL = 1.93 V, corresponding to 𝜂cell

BOL = 0.64. Due to degradation-induced overvoltages, the required cell voltage to maintain 

nominal current increases over time. The stack replacement threshold is set to a maximum limit of 2.5 V, representing an end-530 

of-life criterion where cell efficiency drops to the literature-reported minimum of 50 %.Stack replacement is restricted at the 

end of a year and all stacks within the electrolyzer are operated in the same way. During the optimization of 𝑃El and 𝑊BESS, 

the latest technically permissible replacement time is selected. The time of a stack replacement decision 𝑋𝑠,𝑦 is formulated as 

a binary decision variable and a constraint is imposed to ensure that the maximum allowable cell voltage is not exceeded. The 

binary decision variable 𝑋𝑠,𝑦 is therefore defined for each stack s and indicates whether the stack is replaced at the end of year 535 

y or not, following Eq. (18):   

Stack replacement is restricted at the end of a year and all stacks within the electrolyzer are operated in the same way. During 

the optimization of 𝑃El  and 𝑊BESS , the latest technically permissible replacement time is selected. The time of a stack 

replacement decision 𝑋𝑠,𝑦 is formulated as a binary decision variable and a constraint is imposed to ensure that the maximum 
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allowable cell voltage is not exceeded. The binary decision variable 𝑋𝑠,𝑦 is therefore defined for each stack s and indicates 540 

whether the stack is replaced at the end of year y or not, following Eq. (18):   

Xs,y = { 
1
0
   
replacement of stack s in 𝑦
otherwise                               

     ∀ 𝑠 ∈ 𝑆𝑡𝑎𝑐𝑘𝑠 , 𝑦 ∈ 𝑂𝑏𝑠𝑒𝑟𝑣𝑃𝑒𝑟𝑖𝑜𝑑.     (18) 

The costs for stack replacements 𝐶𝐴𝑃𝐸𝑋𝑆𝐸,𝑦 in year y are modelledmodeled according to Eq. (19): 

𝐶𝐴𝑃𝐸𝑋𝑆𝐸,𝑦 = ∑
𝑧𝑆𝑡𝑎𝑐𝑘𝑠·𝐶𝐴𝑃𝐸𝑋𝐸𝑙

𝑆
· 𝑋𝑠,𝑦

𝑆
𝑠=1          (19) 

The parameter 𝑧𝑆𝑡𝑎𝑐𝑘𝑠 denotes the share of stack costs relative to the total electrolyzer investment costs 𝐶𝐴𝑃𝐸𝑋𝐸𝑙 . According 545 

to the International Renewable Energy Agency (IRENA), approximately 45 % of the total system costs are attributed to the 

stacks, while 55 % relate to balance-of-plant components (IRENA 2020)(IRENA, 2020).. In general, significant future cost 

reductions are expected for PEM electrolyzer stacks due to their high cost-reduction potential (Smolinka et al. 2018)(Smolinka 

et al., 2018). For this reason, a reduced cost share of 𝑧𝑆𝑡𝑎𝑐𝑘𝑠 = 40 % is assumed. 𝐶𝐴𝑃𝐸𝑋𝐸𝑙  describes the specific investment 

costs of PEM electrolyzers, which are assumed to be 1000 € kW-1. Dividing this value by the number of stacks S that constitute 550 

the electrolyzer allows the investment cost of a single stack to be determined. Both the costs of all stack replacements and the 

resulting reduction in cumulative degradation are accounted for the computation of the AP. 

2.10.42.2.4 Electrolyzer efficiency and annual hydrogen production 

All calculations and formulations required to determine efficiency and degradation have been presented in the previous 

sections. These elements are consolidated in the following in order to compute the AP. The efficiency of the electrolyzer is 555 

calculated based on Equation (14) in Sect. 2.1.3 . In addition to physical constants, the efficiency depends on the cell voltage 

𝑈𝑐𝑒𝑙𝑙(𝑡) and the Faraday efficiency 𝜂𝐹(𝑡). The cell voltage is linked to the current density 𝑖𝑐𝑒𝑙𝑙 , and thus to the electrolyzer 

input power, through the polarization curve. Furthermore, 𝑈𝑐𝑒𝑙𝑙(𝑡) increases over time due to degradation. The cumulative 

degradation up to timestep t was described in Sect. 2.2.2. Consequently, the cell voltage is expressed as 

𝑈𝑐𝑒𝑙𝑙(𝑡) = 𝑓𝑝𝑜𝑙𝑎𝑟𝑖𝑠𝑎𝑡𝑖𝑜𝑛_𝑐𝑢𝑟𝑣𝑒(𝑖𝑐𝑒𝑙𝑙(𝑡)) + 𝐷𝑒𝑔𝐸𝑙(𝑡).        (20) 560 

In the case of a stack replacement, the cumulative degradation is reset to zero; otherwise, it increases continuously over the 

operating period. In addition to the cell voltage, the Faraday efficiency must be determined to calculate the overall efficiency. 

It is computed according to the model proposed by Yodwong et al.Yodwong et al. (2020) (2020): 

𝜂𝐹 = (−0.0034 · 𝑝
𝐻2

− 0.001711) ·
𝐴𝑐𝑒𝑙𝑙

𝑖𝑐𝑒𝑙𝑙
+ 1        (21) 

where 𝑝𝐻2
 represents the operating pressure at the cathode of the PEM electrolyzer. This allows the electrolyzer efficiency to 565 

be fully determined for each timestep. With this the AHP is obtained by multiplying the electrolyzer input power at each t by 

the corresponding efficiency and summing over the entire year: 

𝐴𝐻𝑃 = ∑ 𝑃𝐸𝑙(𝑡) ·8760
𝑡=0 𝜂𝐸𝑙(𝑡)          (22) 

With the AHP, finally, all parameters and variables of Eq. (15) are determined. In the following section a method is presented 

to verify the assumed operation strategy for the electrolyzer and BESS within the design optimization. This is done by a 570 
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supplementary MIL operation optimization model using the previous optimized design variables 𝑃𝐸𝑙
𝐷  and 𝑊𝐵𝐸𝑆𝑆

𝐷  as fixed input 

parameters. 

2.112.3 Operation optimization 

This subsection introduces the mixed-integer linear (MIL) operation optimization of the HWF system over one year with 

hourly resolution, implemented in the Open Energy Modelling Framework (oemof) (Hilpert et al. 2018; Krien et al. 2020), 575 

which we further expanded. As shown in This subsection introduces the MIL operation optimization of the HPP system over 

one year with hourly resolution, implemented in the Open Energy Modelling Framework (oemof) (Hilpert et al., 2018; Krien 

et al., 2020), which we further expanded. As shown in Figure 1 the aim is to maximize the OAP of the previous designed 𝑃El 

and 𝑊BESS through optimizing the operation of the electrolyzer and BESS under time-varying electricity prices and WF power 

generation. Within the operation optimization the electrolyzer part-load efficiency curve calculated based on Sect. 2.2.4 gets 580 

linearized according to Sect. 2.3.1. The operation-dependent degradation of the electrolyzer is calculated within the operation 

optimization following Sect. 2.3.2, but its influence on the efficiency cannot be incorporated since it would introduce non-

linearities. Therefore, the actual efficiency losses associated with degradation are neglected during the MIL operation 

optimization. After the optimization, however, an evaluation following the procedure described in Sect. 2.2.2 is conducted to 

determine the real degradation, with which the actual electrolyzer efficiency 𝜂𝐸𝑙
𝑂 (𝑡) at each timestep and the annual hydrogen 585 

production 𝐴𝐻𝑃𝑂can be calculated. TheAdditionally, for the BESS, linear cycle-based degradation costs are added to the 

objective function within the MIL optimizationthat is defined as 

max (OAP) = max(∑ (𝑆𝐸(𝑡) · 𝑝elec(𝑡) + 𝑆𝐻(𝑡) · 𝑝hy(𝑡) − 𝑊𝑆𝐶(𝑡))𝑇
𝑡=0 − 𝐷𝑒𝑔𝐶El),    (23) 

max(OAP) = max(∑ (𝑆𝐸(𝑡) · 𝑝elec(𝑡) + 𝑆𝐻(𝑡) · 𝑝hy(𝑡) − 𝑊𝑆𝐶(𝑡))𝑇
𝑡=0 − 𝐷𝑒𝑔𝐶El − 𝐷𝑒𝑔𝐶BESS),   (23) 

where 𝑆𝐸(𝑡) denotes the electricity sold to the day-ahead market at each timestep 𝑡, remunerated at the corresponding market 590 

price 𝑝elec(𝑡). 𝑆𝐻(𝑡) represents the amount of hydrogen sold, valued at the assumed hydrogen price 𝑝H2
. 𝑊𝑆𝐶(𝑡) accounts 

for the time-dependent water supply costs associated with hydrogen production and the term DegCEl represents the electrolyzer 

degradation costs and is calculated as 

DegCEl =
𝑇𝐴𝐷

𝑈𝑐𝑒𝑙𝑙
𝑚𝑎𝑥−𝑈𝑐𝑒𝑙𝑙

𝑡0 (i𝑐𝑒𝑙𝑙
𝑚𝑎𝑥)

· 𝐶𝐴𝑃𝐸𝑋𝑆𝐸,         (24) 

where 𝑇𝐴𝐷  denotes the total annual degradation of the electrolyzer. 𝑈cell
max  is the maximum allowable cell voltage, while 595 

𝑈cell
𝑡0 (icell

max)  denotes the cell voltage at nominal current icell
max  at the beginning of operation 𝑡0 . The parameter 𝐶𝐴𝑃𝐸𝑋𝑆𝐸 

represents the stack exchange costs according to Eq. (19). DegCBESS denotes the degradation costs of the BESS, defined as 

DegCBESS = DegCBESS,specific ·  Δ𝑡 · ∑ (𝑃BESS,c(𝑡) +  𝑃BESS,d(𝑡)),
𝑇
𝑡=0        (25) 

where DegCBESS,specific  represents the specific BESS degradation costs. These costs are calculated as a function of the 

maximum number of cycles until the end of life ncycles , the depth of discharge DoD, and the roundtrip efficiency 𝜂BESS, 600 

according to Eq. (26): 
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DegCBESS,specific =
𝐶𝐴𝑃𝐸𝑋BESS,specific

𝑛cycles · 2 ·𝐷𝑜𝐷 · 𝜂BESS

.         (26) 

The OAP  monetizes electricity and hydrogen revenues while internalizing water supply and degradation costs of the 

electrolyzer degradation costsand BESS, thereby incentivizing profit-maximizing operation that accounts for both immediate 

market returns and long-term capital preservation. 605 

2.11.12.3.1 Linearization of electrolyzer part load efficiency 

The part-load efficiency of the electrolyzer can be calculated according to Sect. 2.2.4 and is linearized within the operation 

optimization. An example of a non-linear and a linearized electrolyzer part-load efficiency and power output over the power 

input is shown in Figure 4. 

 610 

Figure 4: Exemplary illustration of the non-linear and piecewise linearized part-load electrolyzer power output (right axis) and the 

non-linear part-load efficiency and the efficiency of the linearized output power of an electrolyzer (left axis) in relation to the 

electrolyzer input power. 

Figure 4 illustrates the linearization of the electrolyzer model used in the optimization framework. The primary y-axis (right) 

depicts the output power as a function of the electrolyzer input power. To accurately represent operational constraints, the 615 

model accounts for a minimum load threshold 𝑃El
min. Below this point, the system remains in standby mode with zero output, 

followed by a vertical discontinuity at to reach the physical operating curve. The green segments represent the piecewise 

linearization, showing a high degree of fit with the non-linear physical reference (dashed green). The secondary y-axis (left) 

shows the corresponding electrolyzer efficiency. A key feature of this visualization is the actual piecewise efficiency (solid 

purple line). Unlike a direct linearization of efficiency, this curve is derived from the linearized power segments (dashed green). 620 

This results in a hyperbolic efficiency progression within each linear segment, highlighting the model's ability to capture the 

characteristic part-load efficiency increase while maintaining the linearity required for ML programming. The discrepancy 

between the solid and dashed purple lines quantifies the approximation error introduced by the choice of breakpoints. The 
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piecewise linearized part-load input-output relation of the electrolyzer power was implemented in oemof according to Gurobi 

Optimization (2026)The piecewise linearized part-load input-output relation of the electrolyzer power was implemented in 625 

oemof according to Gurobi Optimization (2026). 

2.11.22.3.2 MIL electrolyzer degradation model 

In order to take the operation-dependent degradation of the electrolyzer within the operation optimization into account, the 

following constraints are integrated into oemof. The TAD is equal to the sum of the annual degradation 𝐴𝐷𝑚 of the degradation 

mode 𝑚, as seen in Eq. (25). 630 

𝑇𝐴𝐷 = ∑ 𝐴𝐷𝑚
𝑀
𝑚             (25) 

The same five degradation modes as shown in Sect. 2.2.2 are considered. Following Eq. (26) 𝐴𝐷𝑚 is calculated as the sum 

over all timesteps 𝑡 until 𝑇 of the binary variable 𝑏𝑚(𝑡) indicating if 𝑚 is active at 𝑡 or inactive, multiplied with its degradation 

rate 𝑑𝑒𝑔𝑅𝐸𝑙,𝑚. 

𝐴𝐷𝑚 = 𝑑𝑒𝑔𝑅𝐸𝑙,𝑚 · ∑ 𝑏𝑚(𝑡)𝑇
𝑡=0           (26) 635 

With Eq. (27) it is ensured that exactly one of each constant modes is active at t: 

𝑏𝑜𝑓𝑓(𝑡) +  𝑏𝑝𝑎𝑟𝑡𝑙(𝑡) + 𝑏𝑟𝑎𝑡𝑒𝑑(𝑡) = 1         (27) 

Further Eqs. (28) – (32) are needed to determine whether the electrolyzer operates in constant partial load state or at rated 

power. Therefore, the auxiliary power variables for constant partial load 𝐼𝑝𝑎𝑟𝑡𝑙(𝑡) and for constant rated power 𝐼𝑟𝑎𝑡𝑒𝑑(𝑡) are 

introduced. As shown in Eq. (28) the sum of these auxiliary power variables is equal to the electrolyzer input power 𝑃𝐸𝑙(𝑡): 640 

𝑃𝐸𝑙(𝑡) = 𝐼𝑝𝑎𝑟𝑡𝑙(𝑡) + 𝐼𝑟𝑎𝑡𝑒𝑑(𝑡).          (28) 

Equation (29) to (32) identifying at which electrolyzer input power range the constant part-load or the constant rated power 

mode is active: 

𝐼𝑝𝑎𝑟𝑡𝑙(𝑡) ≥  𝑏𝑝𝑎𝑟𝑡𝑙(𝑡) ·  𝑃𝐸𝑙
𝑚𝑖𝑛 ,          (29) 

𝐼𝑝𝑎𝑟𝑡𝑙(𝑡) ≤  𝑏𝑝𝑎𝑟𝑡𝑙(𝑡) · 0.95 ∗ 𝑃𝐸𝑙 ,          (30) 645 

𝐼𝑟𝑎𝑡𝑒𝑑(𝑡) ≥  𝑏𝑟𝑎𝑡𝑒𝑑(𝑡) · (0.95 ∗  𝑃𝐸𝑙 +  𝜀),         (31) 

𝐼𝑟𝑎𝑡𝑒𝑑(𝑡) ≤  𝑏𝑟𝑎𝑡𝑒𝑑(𝑡) · 𝑃𝐸𝑙 .          (32) 

To prevent equation (30) and (31) both being satisfied at 95 % 𝑃𝐸𝑙 , an 𝜀 is introduced that clearly separates the two modes 

from each other. Besides the constant operation modes, the electrolyzer can be in fluctuation mode if active. To describe this 

mode the auxiliary variable 𝐴𝐿𝐷(𝑡) is needed as the absolute value of the electrolyzer input power difference between two 650 
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consecutive timestep. As expressed in Eq. (33) 𝐴𝐿𝐷(𝑡) is the sum of the positive load difference 𝑃𝐿𝐷(𝑡) and the negative load 

difference 𝑁𝐿𝐷(𝑡): 

𝐴𝐿𝐷(𝑡) =  𝑃𝐿𝐷(𝑡) + 𝑁𝐿𝐷(𝑡),          (33) 

whereas 𝑃𝐿𝐷(𝑡) and 𝑁𝐿𝐷(𝑡) denote the positive and negative components of the load difference. Their definition depends on 

the rated electrolyzer power 𝑃𝐸𝑙  and the binary variable 𝑝𝑜𝑠, as expressed in Eq. (34) and (35):  655 

𝑃𝐿𝐷(𝑡) ≤ 𝑃𝐸𝑙 · 𝑝𝑜𝑠,           (34) 

𝑁𝐿𝐷(𝑡) ≤ 𝑃𝐸𝑙 · (1 − 𝑝𝑜𝑠).          (35) 

𝑝𝑜𝑠 indicates the sign of the load difference 𝐿𝐷(𝑡) and results from subtracting the electrolyzer input power at the previous 

timestep t-1 from that at timestep 𝑡 according to Eq. (36), allowing further decomposition into its positive 𝐿𝐷(𝑡) and negative 

parts 𝑁𝐿𝐷(𝑡) following Eq. (37): 660 

𝐿𝐷(𝑡) =  𝑃𝐸𝑙(𝑡) −  𝑃𝐸𝑙(𝑡 − 1),          (36) 

𝐿𝐷(𝑡) =  𝑃𝐿𝐷(𝑡) − 𝑁𝐿𝐷(𝑡).          (37) 

To determine when the fluctuating mode and therefore the binary variable 𝑏𝑓𝑙𝑢𝑐𝑡(𝑡) is active, 𝐴𝐿𝐷(𝑡) is linked to a minimum 

power threshold Δ𝑃𝐸𝑙
𝑚𝑖𝑛 , as seen in Eqs. (38) and (39). This ensures that only sufficiently large changes in input power are 

classified as fluctuations. 665 

𝐴𝐿𝐷(𝑡) ≥  𝑏𝑓𝑙𝑢𝑐𝑡(𝑡) · ∆𝑃𝐸𝑙
𝑚𝑖𝑛            (38) 

𝐴𝐿𝐷(𝑡) ≤  𝑏𝑓𝑙𝑢𝑐𝑡(𝑡) · 𝑃𝐸𝑙 + ∆𝑃𝐸𝑙
𝑚𝑖𝑛          (39) 

The stop mode is governed by constraints expressed in Eqs. (40) – (41), which ensure that transitions to the turned-off state 

are correctly detected and represented within the model: 

𝑏𝑠𝑡𝑜𝑝(𝑡) ≥  𝑏𝑜𝑓𝑓(𝑡) − 𝑏𝑜𝑓𝑓(𝑡 − 1) ,         (40) 670 

𝑏𝑠𝑡𝑜𝑝(𝑡) ≤  𝑏𝑜𝑓𝑓(𝑡 − 1),           (41) 

𝑏𝑠𝑡𝑜𝑝(𝑡) ≤ 1 − 𝑏𝑜𝑓𝑓(𝑡),           (42) 

where the binary variable 𝑏𝑠𝑡𝑜𝑝(𝑡) can be described by equations that only depend on the constant off binary variable at 

different timesteps. At each timestep, it must be guaranteed that the electrolyzer operates either in a constant or a fluctuating 

mode; this coupling of corresponding binary variables is established using Eqs. (43) and (44). 675 

𝑏𝑓𝑙𝑢𝑐𝑡(𝑡) + 𝑏𝑐𝑜𝑛𝑠𝑡.(𝑡) = 1           (43) 

𝑏𝑜𝑓𝑓,𝑐(𝑡) + 𝑏𝑝𝑎𝑟𝑡𝑙,𝑐(𝑡) + 𝑏𝑟𝑎𝑡𝑒𝑑,𝑐(𝑡) = 𝑏𝑐𝑜𝑛𝑠𝑡(𝑡)        (44) 
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Distinguishing among constant operating modes requires additional auxiliary variables, introduced as shown in Eqs. (45) - 

(47), to ensure an unambiguous assignment to each respective state. 

𝑏𝑝𝑎𝑟𝑡𝑙,𝑐(𝑡) ≤  𝑏𝑝𝑎𝑟𝑡𝑙(𝑡)           (45) 680 

𝑏𝑝𝑎𝑟𝑡𝑙,𝑐(𝑡) ≤  𝑏𝑐𝑜𝑛𝑠𝑡(𝑡)           (46) 

𝑏𝑝𝑎𝑟𝑡𝑙,𝑐(𝑡) ≥  𝑏𝑝𝑎𝑟𝑡𝑙(𝑡) + 𝑏𝑐𝑜𝑛𝑠𝑡(𝑡) − 1         (47) 

Finally, further constraints given in Eqs. (48) - (50) ensure correct identification of operation at rated power within the set of 

constant modes. 

𝑏𝑟𝑎𝑡𝑒𝑑,𝑐(𝑡) ≤  𝑏𝑟𝑎𝑡𝑒𝑑(𝑡)           (48) 685 

𝑏𝑟𝑎𝑡𝑒𝑑,𝑐(𝑡) ≤  𝑏𝑐𝑜𝑛𝑠𝑡(𝑡)           (49) 

𝑏𝑟𝑎𝑡𝑒𝑑,𝑐(𝑡) ≥  𝑏𝑟𝑎𝑡𝑒𝑑(𝑡) + 𝑏𝑐𝑜𝑛𝑠𝑡(𝑡) − 1         (50) 

3 Model application and results 

In this section the methodology outlined in Sect. 2 is applied to a case study of an existing WF in Germany. The use case and 

the assumed input parameters are defined in Sect. 3.1. Section 3.2 presents the results of the design optimization for maximizing 690 

the AP of the HWFHPP and the influence of the added electrolyzer model and a BESS. Finally, Sect. 3.3 provides a 

comparative analysis between the operating strategy of the design optimization and the results of the operation optimization 

described in Sect. 2.3 and the subsequent degradation evaluation of Sect. 2.2.2. 

3.1 Use case 

The existing WF “Rhede (Ems)” with 21 turbines and a rated power of 67.55 MW (windpark-rhede 2025), located in North-695 

West of Germany is considered. The WF area, the distance to the point of common coupling, the water supply point, the 

location of the electrolyzer, a part of the planed German hydrogen grid (Bundesnetzagentur - Hydrogen core network 2026), 

and the assumed wind rose taken from the New European Wind Atlas (2026) at the center of the wind farm site at 100 m height 

above the ground level are shown in The existing WF “Rhede (Ems)” with 21 turbines and a rated power of 67.55 MW 

(Windpark Rhede GmbH & Co. KG, 2025), located in North-West of Germany is considered. The WF area, the distance to 700 

the point of common coupling, the water supply point, the location of the electrolyzer, a part of the planed German hydrogen 

grid (Federal Network Agency, 2026), and the assumed wind rose taken from the New European Wind Atlas (2026) at the 

center of the wind farm site at 100 m height above the ground level are shown in Figure 5. 
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 705 

Figure 5: Schematic illustration of the wind farm site and its distance to the POCC, the water supply and the location of the 

electrolyzer. Also shown is a part of the planned German hydrogen grid and the wind rose at the center of the wind farm site at 100 

m height above ground level. 

The closest distance between the assumed hydrogen grid and the location of the electrolyzer is 0.61 km. Additionally a factor 

to transfer the direct distance to a more realistic distance of 1.4 is assumed (Reuß 2019)(Reuß, 2019).. Since focus of this work 710 

are the systems components and their model and operation we do not consider multiple distribution modes. Consequently, we 

assume that produced hydrogen will be compressed and delivered to the hydrogen grid via pipeline., where the hydrogen grid 

is modeled as an infinite sink. For a more detailed understanding of the distribution options, the subcomponents available in 

the model, and the cost functions assumed in this work, please refer to Reichartz et al. (2024b)(2024a). For the BESS we 

assume a lifetime of 30 years (Ibáñez-Rioja et al. 2025), CAPEX of 612 $ kWh−1 according to Cole et al. (2025). For the 715 

BESS we assume a lifetime of 10 years (Lynus, 2026), CAPEX of 612 $ 𝐤𝐖𝐡−𝟏 according to Cole et al. (2025) with an 

exchange rate for 2024 of 0.92 € $−1  (OECD Economic Surveys: European Union and Euro Area 2025 2025)(OECD 

Economic Surveys: European Union and Euro Area 2025, 2025) to 560 € kWh−1, and OPEX of 1 to 560 € kWh−1, and OPEX 

of 1 % CAPEX per year. Assumed technical design optimization parameters for the input vectors of Figure 1 are listed in Table 

1 with their corresponding values and sources. 720 
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Table 1: Input vectors with assumed parameters for the design optimization. 

Vector Parameter Value Unit  Source 

𝑾𝑭⃑⃑⃑⃑⃑⃑  ⃑ 

Levelized Cost Of Electricity: LCOE 55.2 € MWh−1  Own calculations based on 

Roscher (2020)Own 

calculations based on Roscher 

(2020) 

Wind farm power output: 𝑃WF(𝑡) Time series MW 

 

𝑬𝑳⃑⃑⃑⃑  ⃑ 

Minimum rated power: 𝑃El,rated
min  0.95 𝑃El -  - 

Rated stack power: 𝑃Stack 1.25 MW  NelNel (2025), Bosch (2025) 

(2025), Bosch (2025) Minimum relative partial load: 𝑃Stack
min  0.10 𝑃Stack - 

Maximum current density: 𝑖cell
max 2 A cm−2  

Buttler und SpliethoffButtler 

and Spliethoff (2018) (2018) 
Maximum cell voltage: 𝑈cell

max 2.5 V 

Cell area: 𝐴cell 0.095 m² 

Operating temperature: 𝑡El 80 ℃  

Han et al.Han et al. (2015) 

(2015) 

Operating pressure cathode: 𝑝𝐻2
 13.78 bar 

Operating pressure anode: 𝑝𝑂2
 1.013 bar 

Transfer coefficient cathode: 𝛼𝐻2
 0.5 -  

Transfer coefficient anode: 𝛼𝑂2
 2.0 -  

Exchange current density cathod: 𝑖𝐻2
 0.1 A cm−2  Abdin et al.Abdin et al. (2015) 

(2015) Exchange current density anode: 𝑖𝑂2
                   10−7 A cm−2  

Efficiency of subcomponents: 𝜂Aux 0.90 - 
 Cheng et al.Cheng et al. (2025) 

(2025) 

Degradation rates for each operation 

mode: 𝑑𝑒𝑔𝑅El,𝑚 

rated: 3 

partl: 3 

off: 3 

fluct: 23.9 

stop: 237 

µV h−1 

 

Tully et al.Tully et al. (2023) 

(2023) 

𝑩𝑬𝑺𝑺⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑ 

Roundtrip efficiency: 𝜂BESS 0.9590 - 

 Kurzweil und 

DietlmeierKurzweil and 

Dietlmeier (2018) 

Lifetime 𝑇BESS 10 years  - 

Specific CAPEX 𝐶𝐴𝑃𝐸𝑋BESS,specific 560 € kWh−1  Cole et al. (2025) 

C-rate: CRate 1 h−1  - 

𝑮𝑬𝑶⃑⃑⃑⃑ ⃑⃑ ⃑⃑  ⃑ 
Shapefiles and points determining  

𝑠ℎEl, poccPOCC, 𝑝H2O,𝑝POD    
- - 

 
- 

Hydrogen price: 𝑝hy 7.8 € kg−1  Based on mean price of 
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𝑴𝑨𝑹𝑲𝑬𝑻⃑⃑⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑫 

(EEX 2026)(EEX, 2026) 

Electricity reference value: RV 73.5 € MWh−1 

 (EEG2023Bundesamt für 

Justiz; § 85a EEG 2023 2026; 

Bockelmann et al. 

2024)Federal Office of 

Justice (2026) 

𝑶𝑷⃑⃑⃑⃑⃑⃑  ObservPeriod 25 years  - 

 730 

The energy system for the operation optimization modelledmodeled in oemof, is schematically shown in Figure 6Figure 6. 
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Figure 6: Schematic overview of the modelledmodeled energy system for the operation optimization in oemof.  

The power generated by the WF at a timestep 𝑃WF(𝑡) is fed into an electricity bus. At the electricity bus the sum of all in- and 

outgoing flows must be zero for all t. The electricity bus is connected to a battery with a fixed capacity 𝐶BESS, a C-rate CRate, 735 

and an overall storage efficiency 𝜂BESS. Electricity can be sold at the electricity market or fed into the electrolyzer with a fixed 

rated power 𝑃El. The time varying electricity price 𝑝elec(𝑡) consist of hourly day-ahead market data from Germany in 2024 

(Energy-Charts 2026). The produced hydrogen can be sold to the hydrogen market for a fixed hydrogen price 𝑝hy  of  

7.8 € kg−1 equals , which was the average price for hydrogen in 2024 of the HYDRIX (eex 2024). 

The power generated by the WF at a timestep 𝑃WF(𝑡) is fed into an electricity bus. At the electricity bus the sum of all in- and 740 

outgoing flows must be zero for all t. The electricity bus is connected to a battery with a fixed capacity 𝐶BESS, a C-rate CRate, 

and an overall storage efficiency 𝜂BESS. Electricity can be sold at the electricity market or fed into the electrolyzer with a fixed 

rated power 𝑃El. The time varying electricity price 𝑝elec(𝑡) consist of hourly day-ahead market data from Germany in 2024 

(Energy-Charts, 2026). The produced hydrogen can be sold to the hydrogen market for a fixed hydrogen price 𝑝hy  of  

7.8 € kg−1 equals , which was the average price for hydrogen in 2024 of the HYDRIX (EEX, 2026). 745 
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3.2 Design optimization  

This section presents the results of the design optimization method introduced in Sect. 2.2, applied to the case study described 

in the previous Sect. 3.1, noting that the operational optimization of Sect. 2.3 has not been performed at this stage. Due to the 

described model of the electrolyzer efficiency, degradation, stack replacement, and degradation evaluation, the design 

optimization problem is nonlinear. In the context of nonlinear and non-convex optimization, it is generally only possible to 750 

identify local optima. Demonstrating that the global optimum has been found is considerably more challenging (Kallrath 

2013)(Kallrath, 2013).. However, to identify the region where the global optimum likely resides,a near-optimal solution the 

design space is explored by varying the design variables 𝑃El  and 𝑊BESS . Therefore, the ratio within the DE optimization 

algorithm. The panels of the electrolyzerFigure 7 depict the variable space, ranging from 0 to 30 % of the WF's rated power to 

the WF rated power is varied from 0.015 to 1.0 and the BESS capacity from 0.0 to 1.0 in 0.015 increments. Thus, an increment 755 

corresponds to a deviation of 1 MW respectively 1 MWh.on each axis. The central panel of Fig. 7 shows the AP for the 

parameter space with the hydrogen price assumed in the use case described in Sect. 3.1. The left and right heat maps of Fig. 7 

are also showing the AP for deviating hydrogen prices. 
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Figure 7: AnnualDesign space exploration of annual profit as function of electrolyzer rated power and rated BESS capacity over 760 
wind farm rated powervia differential evolution for three different hydrogen prices. 

Figure 7Figure 7 illustrates the strong dependence of the optimal HWFHPP design on the assumed hydrogen price. The results 

indicate that the global optimum found shifts toward larger electrolyzer and BESS capacities as the hydrogen price increases. 

With a constant hydrogen price of 5.0 € kg−1, the maximum AP occurs forat neglectable electrolyzer and BESS sizes, because 

the stand-alone WF remains the more profitable option. This AP without electrolyzer and BESS is calculated as the product of 765 

AEP and the difference between the RV and the LCOE amounting to 3.21 M€ a−1. A threshold price of 7.0 € kg−1 is required 

for a configuration with 1 MW and 0 MWh to achieve a higher AP than the stand-alone WF. Below this hydrogen price level, 

the implementation of a HWF does not yield economic benefits under the given assumptions. As seen in the middle and right 

panels of Figure 7Figure 7 the hydrogen price of 7.8 € kg−1, results in an optimal configuration shift to 6.55 MW and 20.75 

MWh, while at 10 € kg−1 it further increases to 21 MW and 8 MWh. The results indicate that variations in the electrolyzer 770 

rated power have more significant impact on the AP than variations in the BESS capacity.16.58 MW and 4.38 MWh. The 

optimum identified in the central panel of Fig. 7 Figure 7 with 𝑝hy equals 7.8  € kg−1 serves as the initial configuration for the 

design optimization method, which employs the Nelder-Mead algorithm described in Sect. 2.2 for the given use case of Sect. 

3.1. The optimized design variables, as wellconfiguration for the following observations. Additional results as the mean AP, 

mean annual revenues, mean AHP, and TOTEX determined over the observation period, are detailed in Table 2. 775 

Table 2: Design optimization results of the described use case over the entire observation period. 

Output Value Unit 

Optimized electrolyzer rated power 6.435 MW 

Optimized BESS capacity 2.034 MWh 

Mean AP 3.5753 M€ a−1 

Mean annual hydrogen profit 1.1209 M€ a−1 
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Mean annual electricity profit 2.4544 M€ a−1 

Mean AHP 626642 t a−1 

Mean annual hydrogen revenue 4.885.01 M€ a−1 

Mean annual electricity revenue 9.8481 M€ a−1 

LCOH 6.0111 € kgH2

−1
 

TOTEX without WF 44.2045.84 M€ 

TOTEX electrolyzer 40.0042.10 M€ 

TOTEX pipeline system incl. water supply 1.5659 M€ 

TOTEX electricity supply 1.3739 M€ 

TOTEX BESS 1.270.76 M€ 

 

The optimized design variables obtained are an electrolyzer rated power of 6.435 MW and a BESS capacity of 2.034 MWh. 

The AP of 3.5753 M€ a−1 of the HWFHPP is composed of the annual electricity profit by a share of approximately two-third 

and the annual hydrogen profit by one-third. For the given hydrogen price, the AP of the HWFHPP is about 1110 % above the 780 

AP of the stand-alone WF, demonstrating that the HWFHPP can have a significant impact on the economics of the system 

installed at the given WF site. The annual electricity revenue accounts for 9.8481 M€ a−1, representing approximately two 

thirds of the total revenues, while hydrogen sales contribute the remaining one third with 4.885.01 M€ a−1, which is consistent 

with the relative contributions to the AP. The TOTEX without the existing WF respectively of the added hydrogen system 

amount to 44.2045.84 M€ over the entire observation period. The largest share of TOTEX is associated with the electrolyzer, 785 

driven primarily by variable electrolyzer OPEX in the form of electricity procurement costs, which account for about 6469 % 

of the electrolyzer TOTEX. The remaining costs are significantly lower. This cost distribution emphasizes that the profit 

optimization of the HWFHPP depends primarily on the electricity procurement and secondary on the electrolyzer investment 

and replacement costs, rather than on the cost reduction of peripheral components. 

 790 

To assess the impact of the modified electrolyzer modellingmodeling and the inclusion of a BESS by avoiding the strong price 

sensitivity the LCOH of the method of Reichartz et al. (2024a) (2024b) is compared with the LCOH obtained in this study, 

accounting for the part-load efficiency and degradation of the electrolyzer and different BESS sizes. Figure 8 presents the 

calculated minimum LCOH plotted against the ratio of 𝑃El to 𝑃WF. 
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Figure 8: LCOH over the ratio of electrolyzer rated power to wind farm rated power for four different modellingmodeling 

approaches and two different BESS sizes. 

A comparison of the minimum LCOH values of the model variants without BESS shows that neglecting electrolyzer 800 

degradation leads to an underestimation of the LCOH by approximately 21 %, while neglecting both degradation and partial-

load efficiency results in an underestimation of about 35 %. These results highlight the critical importance of accurately 

representing both degradation effects and part-load efficiency in electrolyzer modelling. Addingmodeling. By adding a BESS 

capacity of 2.033 0.75 MWh, that was previously identified as optimum for the AP maximization for the given use case, 

actually leads to an increase inthe LCOH by less than one percentremain at a constant level while increasing the AP increases 805 

by 57 % in this scenario. While the incremental hydrogen yield is insufficientsufficient to offset the additional BESS-related 

TOTEX, resulting in a marginalconstant LCOH increase, the system benefits from enhanced operational flexibility. 

Consequently, the BESS effectively increases the AP by capturing higher market revenues that outweigh the rise in levelized 

production costs.. An increased BESS capacity shifts the LCOH minimum to higher electrolyzer capacities while further 

increasing LCOH. Ultimately, these findings underscore that the choice of the objective function is pivotal for the optimal 810 

sizing of both the electrolyzer and the BESS, as it fundamentally dictates whether the integration of a BESS is perceived as a 

profit benefit or a cost driver. 

 

A technical driver behind this economic trade-off is the BESS ability to mitigate electrolyzer degradation. Specifically, the 

operation strategy assumed in Sect. 2.2.1 results in an annual electrolyzer degradation, calculated according to Sect. 2.2.2, for 815 

the in Sect. 3.1 presented HWFHPP system of 0.11381294 V a−1 . This TAD corresponds to degradation costs of 

0.586590 M€ a−1 , when converted according to Eq. (24). If the BESS is removed, the TAD increases to 0.1577 V a−1 , 

increasing the degradation cost by 0.226129 M€ a−1. The electrolyzer degradation with and without BESS divides into the 

different operation modes according to Table 3. 



 

38 

 

  820 



 

39 

 

Table 3: Share of the total annual electrolyzer degradation depending on the electrolyzer operation modes with and without BESS. 

Operation 

mode 

With BESS: (0.75 MWh): TAD =

0.11381294 V a−1 

Without BESS: TAD = 0.1577 V a−1 

AD in V a−1 AD share of TAD in % AD in V a−1 AD share of TAD in % 

rated 0.0145 12.7411.18 0.0145 9.2017 

partl 0.00190012 1.660.96 0.00080009 0.5456 

off 0.00150021 1.3561 0.00250026 1.6163 

fluct 0.06650675 58.4352.19 0.06680666 42.3821 

stop 0.02940441 25.8234.06 0.07300732 46.2843 

 

The fluctuating operation mode is the dominant driver of electrolyzer degradation in the system with BESS. However, 

removing the BESS leads to a significant increase in the TAD by more than a thirdfifth. This is primarily driven by the 

degradation from start-stop cycles, which more than doubles from 0.0294 V a−1 to 0.0730 V a−1.increases by about 60 %. 825 

Furthermore, the AP of the System without BESS decreases to 3.4 M€, representing a 43.7 % reduction compared to the 

configuration featuring a 2.0340.75 MWh BESS. These findings underline the effectiveness of the BESS within the 

implemented operation strategy by buffering volatile WF power. The battery prevents frequent shutdowns and ensures a more 

continuous hydrogen production, thereby substantially mitigating cycle-induced degradation of the electrolyzer. While the 

BESS integration entails additional CAPEX, these costs are offset over the system’s operational period by reduced electrolyzer 830 

degradation costs and increased hydrogen revenues, even when limited to a buffering operation strategy. 

3.3 MIL operation optimization 

As described in Section 1, the design and operation of electrolyzers are inherently interdependent. In the design optimization 

method presented in this study, an operational strategy for the electrolyzer and the BESS is assumed following Section 2.2.2. 

This assumption is evaluated in this Section by comparing the electrolyzer and BESS operation obtained from the design 835 

optimization with the results of the MIL operation optimization introduced in Sect. 2.3 and a subsequent degradation evaluation 

of Sect. 2.2.2. Figure 9 presents the OAP and its decomposition into annual electricity and hydrogen revenues as well as water 

supply and degradation costs for both optimization approaches of the first year for operation under constant and variable 

electricity prices. 



 

40 

 

 840 

 

Figure 9: Comparison of the annual operational profit and its shares of the design optimization, the MIL operation optimization, 

and its degradation evaluation for constant and variable electricity prices. 

Figure 9 showshows that the assumed constant electricity price in the design optimization leads to a systematic overestimation 

of electricity revenues and, consequently, of the OAP by 23 % when compared to variable electricity price conditions of 2024. 845 

This highlights the limitations of design-stage economic assumptions when applied to real-world market environments with 

pronounced price volatility. In addition, the electrolyzer degradation costs associated with the operating strategy assumed 

during the design optimization amount to 0.59 M€ a−1and can be reduced by about 4438 % through the proposed operational 

optimisationoptimization under variable price conditions. This reduction underlines the strong influence of operational control 

on component ageing and long-term economic performance. In contrast, the BESS undergoes approximately one cycle per day 850 

under the variable price operation optimization. Given a nominal cycle life of 8,000 cycles, this operational frequency 

corresponds to an expected service life of around 22 years. Consequently, the resulting BESS degradation costs are minor 

compared to both the OAP and the electrolyzer degradation costs, as seen in Fig. 9. Furthermore, this evaluation indicates that 

the baseline assumption of a 10-year lifetime utilized during the design optimization is highly conservative. 

 855 

Neglecting degradation-induced efficiency losses and using a piecewise linearized efficiency of the electrolyzer within the 

operation optimization leads to an overestimation of hydrogen revenues by 157 % under variable electricity price conditions, 
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relative to the revenues obtained from the subsequent degradation evaluation. Initially, the MIL operation optimization 

suggests a significant economic potential, with a projected OAP approximately 105 % higher than that of the design heuristic. 

Despite the subsequent revenue correction due to degradation effects and efficiency linearization, the evaluated OAP remains 860 

above the value calculated in the design phase, reaching 104102 % under variable electricity prices and 101 % under constant 

electricity prices. This demonstrates that MIL operational optimization, even when neglecting degradation-related efficiency 

losses, can slightly enhance economic performance relative to the simplified operation assumptions in the design optimization. 

However, the gap between the initial 105 % projection and the evaluated 1 % to 42 % gain highlights the clear potential for 

further improvements through a more comprehensive representation of degradation effects within the economically optimum 865 

operation of the HWFHPP. 

 

To analyse the impact of the assumed hydrogen price on the optimal HWFHPP operation and to evaluate the discrepancies 

between the system components operation of the design optimization and the MIL operation optimization,  

Figure 10 presents different annual load duration curves. The figure illustrates the electrolyzer power input for varying 870 

hydrogen price scenarios alongside the WF power output. Additionally, the day-ahead electricity market price of 2024 is 

included and plotted in descending order. 
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Figure 10: Sorted load duration curves of the WF power output, the electrolyzer power input of the design optimization, and for the 875 
MIL operation optimization for two different hydrogen price scenarios, and the sorted electricity price over one year. 

The comparative analysis of the sorted load duration curves, as illustrated in  

Figure 10, reveals that the operational characteristics of the design heuristic and the operational optimization differ only 

marginally at a hydrogen price of 7.8 € kg−1. Specifically, the design heuristic (darksolid blue line) accounts for 6,418375 full 

load hours (FLH) per year, while the operational optimization (dashed teal solid line) reaches 6,2135,892 FLH. This high 880 

degree of similarity is primarily attributed to the fact that the assumed hydrogen price is significantly higher than the average 

electricity day-ahead market price of 79.6 € MWh−1. Under these conditions, the marginal revenue from hydrogen production 

mostly exceeds the opportunity costs of direct electricity sales, incentivizing the system to maximize hydrogen output 

regardless of the specific operation approach. EvenHowever, when reducing the hydrogen price to 5.0 € kg−1 (dashed light 

green dashed line), which triggers a shift in the optimized electrolyzer operation shifts to 2,8583,157 FLH, the economic 885 

performance of . Despite the design heuristic remains competitive. Despite itsoperation strategy’s price-independent nature 

and the resulting inability to account for fluctuating market signals, the annual operational profitevaluated OAP achieved 

through MIL optimization exceeds that of the static design optimization operation under variable price conditions by only 4.5 

%.more than 9 % at the lower hydrogen price scenario. This suggests that while the heuristic remains active during periods 

where market electricity prices exceed the marginal revenue of hydrogen production, theresulting in associated economic 890 

losses are largely mitigated by the overall system design. Although thecompared to the price-dependent MIL operation 

optimization selectively decreases the input power of the electrolyzer during high-price electricity periods, the marginal profit 

gain remains limited.. It must be noted, however, that the high accuracyresults of the operation heuristic withincompared to 

the design optimization observed here isare specific to the investigated use case. 

 895 
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4 Discussion and future work 

4.1 Design optimization methodology advancements 

This study extends the optimization framework for co-located wind-hydrogen systems developed by Reichartz et al. (2024a). 

A significant advancement is the integration of an empirical electrolyzer model from Han et al. (2015) and Abdin et al. (2015) 

that calculates electrolyzer efficiency as a function of cell voltage and Faraday efficiency. Degradation of the electrolyzer 900 

depending on five different operating modes was added as by increasing the electrolyzer cell voltage and therefore decreasing 

efficiency. To reduce these electrolyzer degradation a BESS operating as an electricity buffer is added into the HWF. The 

objective function was shifted from LCOH to AP allowing a more comprehensive economic assessment. By integrating 

revenue structures for both hydrogen and electricity sales, it was demonstrated that approximately two-thirds of the total AP 

is generated through electricity revenues, while one-third stems from hydrogen sales. Electricity procurement costs were 905 

identified as the primary driver of the hydrogen system's TOTEX, aligning with results reported by Nachit et al. (2026). Despite 

these operational costs, the HWF configuration demonstrates clear economic advantages under the assumed energy prices. 

Specifically, the AP of a stand-alone WF is approximately 10 % lower than that of the optimal HWF investigated in this use 

case. This margin underscores the potential of hybridization to enhance the economic efficiency of a given WF site. 

Consequently, these findings are of particular relevance for WF operators and project planners aiming to evaluate the viability 910 

of extending existing or planned WFs with decentralized PEM electrolysis and BESS. By providing a methodology that 

balances capital investment against operational flexibility and component degradation, the method enables a risk-adjusted 

assessment of integrated energy systems by keeping site specific costs into account. In this context, the design optimization 

identified a global optimum for the electrolyzer rated power and BESS capacity of the investigated use case. This optimum 

electrolyzer rated power was found to be close to 10 % power relative to the installed WF power, that is also within the 915 

optimum range of electrolyzer power found by Chatzistlyianos et al. (2025). 

 

To evaluate the operation and the resulting revenues within the design methodology, a fixed operation strategy for the 

electrolyzer and the BESS was developed. This strategy prioritizes maximizing the AHP to effectively reduce the LCOH using 

WF power exclusively, while minimizing degradation intense start-stop cycles by the BESS. By mapping electrolyzer 920 

degradation across five distinct operational modes, this study introduces a method to evaluate cumulative annual degradation. 

The results underscore that degradation leads to a 21 % underestimation of the LCOH, which increases to 35 % when part-

load efficiency is also ignored. For project planners, these findings are crucial to avoid overly optimistic economic forecasts. 

Furthermore, the results show that while a BESS can reduce the annual degradation by more than a third it leads to an increase 

in LCOH, highlighting that the choice of the objective function exerts a profound influence on the optimal HWF design and 925 

underscores the necessity of precise BESS dimensioning. While the BESS effectively protects the electrolyzer stack from 

premature aging, the BESS itself is subject to wear-and-tear through cycling (Xu et al. 2018). BESS degradation, however, 

was neglected in this study, likely leading to an underestimation of the LCOH. This may obscure a trend observed by 
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Chatzistlyianos et al. (2025), where BESS integration consistently increases the LCOH. Furthermore, this study assumes a 

pure buffering strategy for the BESS. In reality, multi-market BESS can generate significant additional value through revenue 930 

stacking, such as participating in frequency regulation or energy arbitrage (Mohamed et al. 2023). While such strategies could 

enhance the overall economic performance of the HWF, they would also increase battery cycling and further complicate the 

operational dispatch. Including these multi-market opportunities alongside BESS degradation costs would likely shift the 

optimum economical BESS capacity and require further operation strategies to balance the trade-off between electrolyzer 

protection and battery health. 935 

4.2 Operation strategy comparison 

To demonstrate the profit potential of the assumed operation strategy in the design optimization method, a MIL operation 

optimization was performed for the designed system. This comparative approach is particularly valuable for system analysts 

and project developers, as it quantifies the performance gap between simplified heuristic dispatch and mathematically optimal 

operation. By maximizing the operation-dependent profit under variable market prices conditions over one year, a profit 940 

increase to 110 % was identified. However, the MIL operation optimization uses a piecewise linearization of the part-load 

efficiency and neglects the direct impact of degradation on the electrolyzers efficiency during the decision-making process. A 

subsequent evaluation of the operation optimization results, which factored these effects back in, showed that the actual profit 

gain was reduced to 104 % relative to the design optimization OAP. This profit discrepancy highlights that idealized 

optimization results must be critically verified against physical degradation models to establish realistic business cases and 945 

avoid overestimating long-term revenues. To refine these results, a MIL rolling-horizon optimization approach like the one 

from Chen et al. (2024) could present a viable solution to incorporate these degradation-related efficiency losses in shorter 

intervals. This would allow the operational strategy to adapt to the aging of the electrolyzer stacks more realistic. Alternatively, 

nonlinear optimization could directly integrate degradation effects into the decision-making process, although this significantly 

increases computational effort and may hinder the identification of a global optimum. Implementing more sophisticated 950 

allocation approaches, such as rotating or daisy-chain stack usage, could further mitigate degradation and enhance revenues 

(Zhou et al. 2025; Cheng et al. 2025). However, such refinements would simultaneously increase the model complexity and 

the associated computational burden. Additionally, this work did not explore variations in electricity price profiles or wind 

generation time series, both of which can exert a substantial influence on optimal operating behaviour. In markets with high 

price volatility or different meteorological characteristics, the divergence between static rules and adaptive optimization might 955 

increase significantly, potentially limiting the transferability of these findings. To derive reliable investment decisions, a hybrid 

wind farm design must demonstrate robustness against external factors. Therefore, the integrate of adaptive operational 

optimization directly into the sizing process can ensure that the system responds to market volatility or volatile wind power 

generation, providing a robust basis for identifying the optimal HWF design even under uncertain external conditions. 

 960 
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4 Discussion and future work 

4.1 Design optimization methodology advancements 

This study extends the optimization framework for co-located wind-hydrogen systems developed by Reichartz et al. (2024b). 

A significant advancement is the integration of an empirical electrolyzer model from Han et al. (2015) and Abdin et al. (2015) 

that calculates electrolyzer efficiency as a function of cell voltage and Faraday efficiency. Degradation of the electrolyzer 965 

depending on five different operating modes was added as by increasing the electrolyzer cell voltage and therefore decreasing 

efficiency. To reduce the electrolyzer degradation a BESS operating as an electricity buffer is added into the HPP. The 

objective function was shifted from LCOH to AP allowing a more comprehensive economic assessment. By integrating 

revenue structures for both hydrogen and electricity sales, it was demonstrated that approximately two-thirds of the total AP 

is generated through electricity revenues, while one-third stems from hydrogen sales. Electricity procurement costs were 970 

identified as the primary driver of the hydrogen system's TOTEX, aligning with results reported by Nachit et al. (2026). Despite 

these operational costs, the HPP configuration demonstrates economic advantages under the assumed energy price scenario. 

Specifically, the AP of a stand-alone WF is approximately 9 % lower than that of the optimal HPP investigated in this use 

case. This margin underscores the potential of hybridization to enhance the economic efficiency of a given WF site. 

Consequently, these findings are of particular relevance for WF operators and project planners aiming to evaluate the viability 975 

of extending existing or planned WFs with decentralized PEM electrolysis and BESS. By providing a methodology that 

balances capital investment against operational flexibility and component degradation, the method enables a risk-adjusted 

assessment of integrated energy systems by keeping site specific costs into account. In this context, the design optimization 

identified a near-optimal solution for the electrolyzer rated power and BESS capacity of the investigated use case. This 

optimum electrolyzer rated power was found to be close to 10 % power relative to the installed WF power, that is also within 980 

the optimum range of electrolyzer power found by Chatzistlyianos et al. (2025). 

 

To evaluate the operation and the resulting revenues within the design methodology, a fixed operation strategy for the 

electrolyzer and the BESS was developed. This strategy prioritizes maximizing the AHP to effectively reduce the LCOH using 

WF power exclusively, while minimizing degradation intense start-stop cycles by the BESS. By mapping electrolyzer 985 

degradation across five distinct operational modes, this study introduces a method to evaluate cumulative annual degradation. 

The results underscore that degradation leads to a 21 % underestimation of the LCOH, which increases to 35 % when part-

load efficiency is also ignored. For project planners, these findings are crucial to avoid overly optimistic economic forecasts. 

Furthermore, the results show that while a BESS can reduce the annual degradation by a fifth the LCOH remain constant, 

highlighting that the choice of the objective function exerts a profound influence on the optimal HPP design and underscores 990 

the necessity of precise BESS dimensioning. While the BESS effectively protects the electrolyzer stack from premature aging, 

the BESS itself is subject to wear-and-tear through cycling (Xu et al., 2018). BESS degradation, however, was only implicitly 

accounted for in the design method through a conservative assumption of a calendar life of 10 years. Cycle-induced BESS 
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degradation was not explicitly modelled but could lead to an increase in LCOH. This may obscure a trend observed by 

Chatzistlyianos et al. (2025), where BESS integration consistently increases the LCOH. Furthermore, this study assumes a 995 

pure buffering strategy for the BESS. In reality, multi-market BESS can generate significant additional value through revenue 

stacking, such as participating in frequency regulation or energy arbitrage (Mohamed et al., 2023). While such strategies could 

enhance the overall economic performance of the HPP, they would also increase battery cycling and further complicate the 

operational dispatch. Including these multi-market opportunities alongside BESS degradation costs would likely shift the 

optimum economical BESS capacity and require further operation strategies to balance the trade-off between electrolyzer 1000 

protection and battery health. 

4.2 Operation strategy comparison 

To demonstrate the profit potential of the assumed operation strategy in the design optimization method, a MIL operation 

optimization was performed for the designed system. This comparative approach is particularly valuable for system analysts 

and project developers, as it quantifies the performance gap between simplified heuristic dispatch and mathematically optimal 1005 

operation. By maximizing the operation-dependent profit under variable market prices conditions over one year, a profit 

increase to 107 % was identified. However, the MIL operation optimization uses a piecewise linearization of the part-load 

efficiency and neglects the direct impact of degradation on the electrolyzers efficiency during the decision-making process. A 

subsequent evaluation of the operation optimization results, which factored these effects back in, showed that the actual profit 

gain was reduced to 102 % relative to the design optimization OAP. This profit discrepancy highlights that idealized 1010 

optimization results must be critically verified against physical degradation models to establish realistic business cases and 

avoid overestimating long-term revenues. To refine these results, a MIL rolling-horizon optimization approach like the one 

from Chen et al. (2024) could present a viable solution to incorporate these degradation-related efficiency losses in shorter 

intervals. This would allow the operational strategy to adapt to the aging of the electrolyzer stacks more realistic. Alternatively, 

nonlinear optimization could directly integrate degradation effects into the decision-making process, although this significantly 1015 

increases computational effort. Implementing more sophisticated allocation approaches, such as rotating or daisy-chain stack 

usage, could further mitigate degradation and enhance revenues (Zhou et al., 2025; Cheng et al., 2025). However, such 

refinements would simultaneously increase the model complexity and the associated computational burden. Additionally, this 

work did not explore variations in electricity price profiles or wind generation time series. These external drivers can exert a 

substantial influence not only on the optimal operating behaviour, but also on the resulting component sizing configurations 1020 

and the performance gap between the rule-based heuristic and the MILP dispatch optimization. In markets with high price 

volatility or different meteorological characteristics, the divergence between static rules and adaptive optimization might 

increase significantly, potentially limiting the transferability of these findings. To derive reliable investment decisions, a hybrid 

wind farm design must demonstrate robustness against external factors. Therefore, the integration of adaptive operational 

optimization directly into the sizing process can ensure that the system responds to market volatility or volatile wind power 1025 

generation, providing a basis for identifying the optimal HPP design even under uncertain external conditions. 
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