
Is one year enough? The impact of availability of wind
data on optimal wind-to-hydrogen system design

Title Is one year enough? The impact of availability of wind data on
optimal wind-to-hydrogen system design

Author(s) Bopaiah, Arjun;Monaghan, Rory F. D.

Publication Date 2025-06-13

Publisher Elsevier

Repository DOI https://doi.org/10.1016/j.ijhydene.2025.03.416

http://dx.doi.org/https://doi.org/10.1016/j.ijhydene.2025.03.416


Is one year enough? The impact of availability of wind data on optimal 
wind-to-hydrogen system design

Arjun Bopaiah a,b,c,*, Rory F.D. Monaghan a,b,c

a School of Engineering, University of Galway, Galway, Ireland
b Ryan Institute for Marine, Environmental and Energy Research, University of Galway, Galway, Ireland
c MaREI, the SFI Centre for Energy, Climate and Marine Research, Ireland

A R T I C L E  I N F O

Handling Editor: Ibrahim Dincer

Keywords:
Interannual weather variability
Hydrogen system design
Near-optimal solutions
System reliability
System cost variability

A B S T R A C T

Decreasing prices of renewable energy sources (RES), like wind and solar, in recent years have led to numerous 
studies on the optimal design of RES for hydrogen production in an off-grid system. RES are intermittent and vary 
from year to year. Yet, most of the studies still consider only a random single weather year for system design, 
often ignoring the impact of input weather data on system design and its performance. This study evaluates, for a 
gaseous hydrogen system, the impact of input weather data on optimal system design, system reliability and 
system costs. Random single-year, averaged, and multiple years of weather data from 1994 to 2021 are 
considered. Further, multiple years of weather data are considered using a novel method of near-optimal solu
tions and a maximum of near-optimal solutions. The results show that using the maximum of near-optimal so
lutions method improves system reliability by as much as 96 % when used in other weather years. The system 
costs are reduced to 0.1 €/kgH2 in other weather years at the expense of an oversized system design. Meanwhile, 
a wind-to-hydrogen system (WHS) designed using randomly selected single-year weather data results in a 
significantly undersized system with lower reliability (3.5 %) and higher cost variability (up to 4.7 €/kgH2) in 
other weather years. On the other hand, averaging the weather data smoothens the weather fluctuations and 
always results in a WHS design with lower reliability and higher cost variability than a WHS designed using 
multi-year weather data values. The results reveal that the size of input weather dataset significantly impacts the 
system design and its performance. The maximum of near-optimal solutions method proposed in this study 
provided significantly lower computational time with improved system performance (reliability and cost vari
ability) in comparison to solving the WHS using multiple years of weather data outright.

Nomenclature

Acronyms M Mass,kg
agl Above ground level Δp Pressure drop,barg
CAPEX Capital expenditure p Pressure,barg
EMU Energy management unit P Nominal power,MWe

H2 Hydrogen r Discount rate,%
HVAC High voltage alternating current t Time,hour
HVDC High voltage direct current temp Temperature, ◦C
Kg Kilogram T Time,year
Km Kilometer v Wind speed,m/s
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1. Introduction

Current energy systems are heavily dependent on fossil fuels, which 
result in greenhouse gas emissions and global warming. The energy 
transition, which is shifting away from fossil-based towards renewable- 
based energy systems is essential in achieving the EU’s climate 
neutrality target of 2050 [1]. Large-scale deployment of renewables, like 
wind and solar power, is gaining momentum globally and is vital for 
decarbonising the electricity system. However, limited grid expansion 
capacity has led to offshore wind farm developers facing significant 
delays and challenges in integrating their electricity into the electricity 
system. Alternative routes to market like hydrogen production are a 
potential solution with benefits in three ways: (i) storage of variable 
renewable energy, (ii) reducing project delays due to the availability of 
grid connection and (iii) creation of an economic opportunity in the 
hard-to-abate sectors like transport, heat and chemicals where direct 
electrification is challenging. Hard-to-abate sectors in modern econo
mies and societies heavily depend upon a reliable and secure supply of 
energy [2,3]. The fluctuating and intermittent behaviour of renewable 
energy supply means that a completely new approach is required to 
optimally plan, design, and operate a wind-to-hydrogen system far 
different from the existing fossil-based system. Further, the year-to-year 
weather variability (interannual) poses a major risk to the system’s 
reliability when designed based on a single year of weather data. The 
system design and reliability aspects become even more relevant for 
off-grid systems with no backup source. Yet, most of the literature has 
been devoted to determining the design of hydrogen systems based on 
single weather years [4] and the development of novel economic [5] and 
environmental optimisation methods [6]. The impact of long-term 
weather data on hydrogen system design, system reliability, and sys
tem costs has received little attention.

1.1. Single weather year-based system design

A single year of weather data is commonly used to design and 
simulate the operation of power-to-hydrogen system. Gunawan et al. [6] 
optimally designed a wind-PV-battery-electrolyser system to 

decarbonise the city bus network in Ireland. According to the study, the 
optimised system design based on weather data from 2017 can meet the 
fuel demand of the entire network of city buses. Samsatli et al. modelled 
a wind-hydrogen-electricity system for decarbonising the domestic 
transport sector of Great Britain [7]. The complete system optimisation 
model for determining the optimal size, location and technology for 
electricity and hydrogen transport that minimises the total cost of the 
network was based on single year weather data from 2014. A study 
performed by Kikuchi et al. [8] using weather data from 2016 found that 
the optimal design of a battery storage system improved the electrolyser 
capacity factor and reduced the overall production cost for 
solar-to-hydrogen facilities. In another study, Burhan et al. investigated 
the optimal design of a concentrated photovoltaic hydrogen system 
which provided a least cost system and zero power supply failure for 
customers in Singapore [9]. The study highlights the system benefits 
offered by hydrogen, which can be produced, stored, and reused through 
fuel cells to generate electricity during nighttime to meet the demand. 
Zero power supply failure and reduced system cost and energy storage 
size were observed based on a specific weather profile from September 
2014 to June 2015. For a renewable energy-based system design, 
Dominkovic et al. [10] conducted a feasibility study for a 100 % 
renewable, zero-carbon energy system in 2050 for southeast Europe. 
The study found that a wide variety of renewable generation technolo
gies based on 2008 as the base weather year are required for achieving a 
cheap zero-carbon system. From the above studies, it is observed that 
weather years are mostly randomly selected for designing a 
power-to-hydrogen system without any explanation for selecting the 
specific year. Moreover, studies by Gökçek [11,12], Hemmati [13] and 
Gunawan [14] do not even specify the weather years used for con
ducting their analysis. Single-year weather data cannot capture inter
annual weather variability. The design of power-to-hydrogen systems 
based on a single weather year might result in an optimal design for one 
specific weather year while being suboptimal for other weather years, 
resulting in increased costs due to capacity shortages and unserved 
demand.

Sensitivity analysis is another typical approach considered in power- 
to-hydrogen studies based on single weather years. In this approach, 

(continued )

LCOH Levelised cost of hydrogen ​ ​
LHV Lower heating value Subscripts
MW Megawatt Comp Compressor
MWh Megawatt hour Elec Electricity
NOpD Near optimal design Eng Engineering
OWF Offshore wind farm H2O Water
OPEX Operational and maintainence expenditure HP Hydrogen production
RES Renewable energy source HS Hydrogen system
WHS Wind to hydrogen system HSS Hydrogen storage sytem
​ ​ HT Hydrogen transportation
Symbols IAC Interarray cable
ρ Density,kg/m3 IC Interconnection
η Efficiency,% Inst Installation
fD Friction factor Max Maximum
uo Gas velocity,m/s OC Other cost
τ Lifetime,year OffCable Offshore cable
π Pi OffSub Offshore substation
∈ Pipe roughness OM Operation and maintenance
Re Reynolds number OnCable Onshore cable
μ Specific energy consumption,kWh/kgH2 OnSub Onshore substation
α Wind power coefficient PD Project development
​ ​ Pipe Hydrogen pipeline
Parameters Ref Reference
C Total cost,€ SC Hydrogen salt cavern
D Diameter,meter SR Electrolyser stack replacement
E Energy,kWh WE Water electrolyser
h Turbine hub height,meter WT&S Wind turbine and substructure
L Length,meter ​ ​
ṁ Mass flow rate,kg/s ​ ​
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input parameters like wind/solar time series, equipment cost, efficiency, 
emission factors and discount rates are varied to evaluate the change in 
systems technical, economic, and environmental performance. Guna
wan et al. [14] analysed the change in carbon abatement cost for trucks 
due to variation in technical, economic and environmental parameters 
for on and off-grid fuel systems. The study found that for off-grid fuel 
system, the variation in wind capacity factor, electrolyser efficiency and 
diesel emissions have a significant impact on the overall system design, 
costs, and lifecycle emissions. Ghussain et al. [15] conducted a sensi
tivity analysis for a renewable energy system with different energy 
storage types for a microgrid in Cyprus. In this study, the optimal system 
configuration was tested with different years of weather data. It was 
found that the variation in weather patterns amongst different weather 
years significantly affects the techno-economic feasibility of renewable 
energy based microgrids. Further, Robertson et al. [16] found that 
natural variability in renewable energy output in different weather years 
increases system costs and emissions due to increased dependence on 
diesel power to manage the supply-demand mismatch. The study high
lights the need to investigate a wide variety of historical and future 
weather years when designing a renewable energy system for remote 
communities. In another study, Toke et al. [17] found that the optimal 
design and profit margin of an onsite renewable-based hydrogen system 
are very sensitive to the renewable production profiles. It is well rec
ognised from the sensitivity analyses of the above studies that, for 
off-grid systems, varying the input weather data has major impacts on 
the cost, reliability, and robustness of the system. Methods to reduce the 
off-grid system design’s sensitivity to changes in input weather data 
have received limited attention. The availability of long-term weather 
data is often considered one of the major reasons to limit the analysis to 
single weather years. Single weather years might considerably undersize 
the system design, as a result, system design based on a single weather 
year might not be optimal for other weather years. It is essential to 
design a system using multiple years of weather data since the system 
might experience a wide variety of weather patterns, such as prolonged 
periods of weather droughts. Thereby, requiring a larger system design 
for off-grid systems in order to prevent blackouts.

1.2. Multiple weather years-based system design

Numerous studies have considered multiple years of weather data for 
the optimal design of future energy system and wind-to-hydrogen sys
tem. A review by Prina et al. [18] highlights the wide range of modelling 
tools used at different space and time resolutions to model the energy 
system at island and national scales. Some of the modelling tools like 
TIMES [19] and OSeMOSYS [20] are based on multi-year time horizons 
and are extensively used for wind-to-hydrogen and energy system ca
pacity planning. However, TIMES and OSeMOSYS models are typically 
focused more towards solving techniques like linear programming and 
mixed integer linear programming while less attention has gone towards 
novel ways to use multi-year weather data. Instead in TIMES and OSe
MOSYS models, multi-year weather data time series are aggregated into 
time slices to reduce the computational burden of simulating the energy 
system model. Novo et al. [21] showed that each year can be divided 
into time slices based on the seasons (e.g. summer, winter), day types (e. 
g. week, weekend) and daily time bracket (e.g. morning, night). The 
optimal choice for the number of time slices to accurately represent each 
year chronologically depends upon the mathematical structure of the 
energy system optimisation model [22]. Increasing the number of time 
slices improves the accuracy of the model but at the expense of increased 
computational time and model complexity. This highlights the signifi
cant trade-off that exists between model accuracy and computational 
time to solve multi-year energy system models. Furthermore, repre
senting each year with time slices restricts the ability to model storage 
behaviour accurately and capture its long-term effects. The impact of 
storage becomes even more pronounced where time series gains more 
importance i.e. in isolated systems (off-grid), which might lead to an 

underestimation of total system cost and installed capacity. Particularly, 
the long-term energy storage benefit offered by hydrogen during pro
longed periods of wind drought is often underestimated.

Another common approach for designing energy and power-to- 
hydrogen systems while considering multiple years of weather data is 
by averaging the weather data over multiple months and years. Heide 
et al. [23,24] considered the monthly average of wind and solar gen
eration over 8-year period (2000–2007) to optimally design a fully 
renewable future European power supply system. Further, Gunawan 
et al. [25] optimally designed a photovoltaic-battery-electrolyser system 
for hydrogen injection in a long-distance transmission line in Libya. The 
study used an average hourly PV generation profile based on 10 years of 
solar data from 2005 to 2015. A study by Marocco et al. [26] investi
gated the role of batteries and hydrogen storage in a 100 % renewable 
energy system. The study considered all the time-related input profiles 
values as the average value of the original time series in their TRAD 
method. Meanwhile, Ganter et al. [27] analysed the cost-optimal plan
ning of near-term infrastructure for low-carbon hydrogen supply chains 
in Europe. The study highlights the importance of spatial resolution on 
the cost of hydrogen, while on a temporal resolution, time-dependent 
wind and solar capacity factors are approximated by their average 
values. Similarly, studies by Poncelet [28], Byers [29] and Ludig [30] 
used averaged hourly wind and solar generation profiles as input pa
rameters for designing future energy systems. By averaging the weather 
data, the weather fluctuations are smoothed out, leading to an under
estimation of weather variability, which has a considerable impact on 
the overall design of the system.

Weibull distribution is another widely used approach in power-to- 
hydrogen studies. Dinh et al. [31] developed a geospatial model to 
assess the economic viability of hydrogen production from offshore 
wind farms in Irish waters. The model estimated annual wind energy 
generation from offshore windfarms using two parameter Weibull 
probability distribution function based on 10 years (2001–2010) of wind 
speed data. The estimated annual wind energy generation is directly 
used alongside electrolyser conversion efficiency to calculate the annual 
hydrogen production capacity of each location and the 
power-to-hydrogen configuration. In another study, Fragiacomo et al. 
[32] considered 3 years of wind speed data to obtain Weibull factors for 
estimating annual wind energy generation for an onshore site in 
southern Italy. The estimated annual wind energy is then uniformly 
distributed across each day to design a hydrogen production facility for 
power-to-gas application. Chrysochoidis-Antsos et al. [33] evaluated an 
on-site wind-powered hydrogen-producing refuelling stations for a case 
study in the Netherlands. The study found that the technical potential of 
hydrogen refuelling stations is directly related to the hydrogen pro
duction capability at the site. Weibull distribution curve based on 5 
years of wind speed data was used to estimate the annual wind energy 
generation and hydrogen production capacity. Similarly, studies by 
Iqbal [34], Ahmad [35] and Idriss [36] designed a power-to-hydrogen 
system based on Weibull distribution of monthly wind speed data. 
Most of the above-mentioned studies on power-to-hydrogen system 
design have utilized Weibull distribution functions at coarse time reso
lutions (monthly or yearly) or down sampled to uniform daily genera
tion, which fails to depict and capture the actual hourly mismatch that 
exists between renewable supply and demand. Therefore, in this paper 
Weibull distribution method is not considered to design a 
wind-to-hydrogen system.

1.3. Near-optimal solutions-based system design

When designing a renewable energy system, a variety of decisions 
need to be made regarding production, storage, and transmission ca
pacities. Energy system optimisation models are commonly used in en
ergy system planning for making informed decisions about renewable 
energy mixes and technologies. However, their focus on the pursuit of a 
single cost minimisation result limits their ability to address alternative 
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factors such as real-world political feasibility, environmental sustain
ability, and social acceptability. Moreover, focusing on just a single 
system configuration (global optimum) overlooks the range of equally 
feasible diverse system configurations. Consequently, the global opti
mum solution becomes less versatile in other diverse real-world situa
tions. Additionally, global optimal solutions might prevent consensus 
among different stakeholders as it is very difficult to meet multiple 
stakeholder objectives with a single optimisation problem. By employ
ing approaches such as near-optimal solution analysis, energy system 
modelers have the flexibility to choose from a wide range of system 
configurations and make more informed decisions.

Near-optimal solutions are a range of solutions which are close to the 
optimal, meaning the solutions are within a pre-defined threshold from 
the optimal. Near-optimal solutions increases the degree of freedom in 
designing a system and are preferable compared to a single optimal 
solution, which are sometimes difficult to capture due to computational 
restrictions. Trutnevyte [37] found a range of near-optimal solutions for 
UK energy system by varying the electricity generation mix, electricity 
import from interconnectors and pumped hydropower storage. Simi
larly, Neumann [38] and Pederson [39] systematically explored a wide 
range of similarly costly but diverse technology mixes for the European 
power system. These near-optimal solutions helped in identifying the 
multitude of technologically diverse alternatives to keep the system cost 
within a pre-defined range. Nacken [40] and Berntsen [41] introduced 
modelling-to-generate-alternatives methodology to systematically 
explore optimal and near-optimal solutions for German and Swiss en
ergy systems, respectively. The near-optimal solutions were calculated 
based on the Euclidean distance from the optimal solution using the 
distance-to-selected algorithm. Following the above studies on energy 
system design, it is observed that near-optimal solutions are obtained by 
varying the electricity generation mix, storage types, cost and emission 
values. Further, the maximally different near-optimal solution is calcu
lated based on the largest squared Euclidian distance from the 
cost-optimal solution. Most of the studies identify near-optimal solutions 
(generation, storage and transmission capacities) by iterative modifi
cation of the cost-minimizing objective function by multiplying a slack 
value to the previously obtained optimal solution. Existing studies [38,
39,42] map out near-optimal solutions only based on costs, and a 
complete understanding of the reliability and cost variability of the 
near-optimal solution when employed in different weather years has not 
been explicitly investigated. In addition, the concept of near-optimal 
solutions for designing a wind-to-hydrogen system by varying the 
input weather data has not been adequately investigated as suggested in 
this study. In this work, we present a novel approach to optimally design 
a wind-to-hydrogen system by considering multiple years of input 
weather data in order to improve the reliability of the system in the face 
of interannual weather variability. The method builds on recent ad
vancements in modelling techniques like Modelling to Generate Alter
natives [40,43] and Modelling All Alternatives [39] and provides new 
insights into a parallelised approach for working with large wind data
sets for system design.

In our study, the input weather data is varied, which results in a 
range of near-optimal solutions for each weather year. Combining all the 
near-optimal solutions from each weather year (union of results) and 
taking the maximum of all the near-optimal solutions results in a system 
configuration that should satisfy all the weather years under consider
ation. Unlike previous studies [40,41], which use Euclidean distance for 
selecting among near-optimal solutions, the maximum value of all 
near-optimal solutions is used. This is because, to evaluate Euclidean 
distance, the optimal solution needs to be calculated, which requires 
solving the system using multiple years of weather data outright, which 
is the core problem; it is computationally prohibitive. Solving each 
weather year individually, generating near-optimal solutions, and 
combining them to find the system configuration helps in reducing the 
computational time drastically compared to solving the system using 
multiple years of weather data outright. Therefore, a large multiple-year 

optimisation problem can be approximated and solved using smaller 
single-weather-year-based optimisation. Other methods like global 
sensitivity analysis [44], stochastic programming [45], and scenario 
analysis [46] offer lower computation time but are more focused on 
parametric uncertainty, i.e., how variation in costs impacts investment 
choices. The near optimal solution method proposed in this work pro
vides higher degree of freedom and increased dimensional flexibility, i. 
e., choosing from a wide range of capacity choices both in terms of in
vestment and dispatch when designing the final system. Furthermore, 
the proposed method helps address other computational factors 
affecting the model, such as software (license availability and software 
proficiency), and hardware capabilities (computational capacity). As a 
result, this work adds to the existing modelling techniques and com
plements them rather than substituting them.

1.4. Contribution, objectives & outline of the paper

The literature review shows that most of the prior studies on wind-to- 
hydrogen system design are based on single weather years that are 
randomly selected. The reliability of the system design when evaluated 
with other weather years and the system costs due to undersized or 
oversized system design has not been examined. The multiple years of 
weather data are mainly considered in the form of average values or 
aggregations of time slices of each year chronologically to reduce the 
computational burden. The available studies have not evaluated the 
consequence of averaging the weather data on the overall system design 
and the designed systems operational performance when employed with 
original weather dataset. Further, instead of aggregating multiple years 
into time slices, a systematic approach to selecting a representative 
weather year amongst the multiple weather years for system design, as a 
trade-off to solving the wind-to-hydrogen model with multiple years of 
weather data outright has not been thoroughly explored. In addition, 
there is a lack of literature studies that evaluate the potential of using 
near-optimal solutions for wind-to-hydrogen system design. In sum
mary, research gaps exist in the (1) reliability and cost variation of 
system designed based on a randomly selected single weather year, (2) 
impact of averaged weather data on system design and its performance, 
(3) systematic approach to choosing a representative weather year for 
system design and (4) near-optimal solutions for system design. This 
study contributes to the literature by developing a detailed modelling 
method to account for weather variability while designing a wind-to- 
hydrogen system thereby improving the system reliability and mini
mizing cost variation. The objectives of this study are (1) to determine 
the impact of different input weather data methods (single, averaged, 
representative weather year and near-optimal solutions) on wind-to- 
hydrogen system design, (2) to compare the performance (reliability 
and cost variation) of wind-to-hydrogen system design based on 
different input weather data methods against computationally prohibi
tive multiple years based system design, and (3) to evaluate which of the 
input weather data methods presented in this work would provide a 
suitable computational trade-off compared to solving the system using 
multiple years of weather data outright.

The rest of the paper is structured as follows: Section 2 covers the 
detailed methodology used to model the wind-to-hydrogen system while 
accounting for various input weather data. In Section 3, the results of the 
various input weather data methods on the system design and its per
formance are presented and discussed. Finally, in Section 4, conclusions 
are drawn, and future areas of work are discussed.

2. Method and data

2.1. System description & scenario

In this study, an offshore wind farm (OWF) is used to generate 
hydrogen. The OWF is located in the north channel of the Irish sea, off 
the northeast coast of the island of Ireland, near the town of Larne, 

A. Bopaiah and R.F.D. Monaghan                                                                                                                                                                                                          International Journal of Hydrogen Energy 142 (2025) 739–751 

742 



Northern Ireland [47]. The OWF project is currently under the planning 
and scoping stage of development, which gives the project the oppor
tunity to finalise the project design for selling electricity to the grid or 
finding an alternative route to market to sell their electricity due to lack 
of grid connections like in the form of hydrogen. The OWF location 
benefits from enormous untapped wind potential alongside electricity 
and gas interconnector with Great Britain and nearby salt caverns for 
hydrogen storage. The city of Belfast is located nearby which represents 
a large potential demand centre for hydrogen from different end use 
applications like heavy-duty road transport and hydrogen blending in 
natural gas network. The hydrogen is assumed to be produced and 
stored onshore and transported to a network of hydrogen refuelling 
stations located within a 20-km radius. The hydrogen system configu
ration considered in this study is shown in Fig. 1. The impact of input 
weather data is evaluated for the system configuration. In the configu
ration, electricity generated by the OWF is supplied to the electrolyser 
through the energy management unit. Hydrogen produced by the elec
trolyser is compressed, stored in the nearby underground salt cavern, 
and delivered to a network of hydrogen refuelling stations through a 
dedicated hydrogen pipeline. The OWF provides electricity required for 
hydrogen compression, and no grid electricity is used hydrogen pro
duction and compression. The use of grid electricity for the production 
of renewable liquid and gaseous transport fuels of non-biological origin, 
which includes hydrogen, and its derivatives must adhere to strict 
spatial, temporal, and greenhouse gas emission reduction threshold 
compared to fossil fuels [48]. From 2030 onwards, hydrogen produced 
using grid electricity will be required to follow renewable energy output 
on an hour-by-hour basis, which will have an impact on the overall 
design and cost of hydrogen systems. The focus of this work is primarily 
on an off-grid hydrogen production system and the impact of grid 
electricity and grid electricity rules on the system design and the lev
elised cost of hydrogen is considered as a future opportunity. In this 
study, we assume that 25,000 tonnes of hydrogen must be delivered 
annually. The hourly demand is calculated by dividing the annual 
hydrogen demand by the total number of hours in a year. For this study, 
the hourly hydrogen demand profile is fixed and constant across all 
weather years. This is done to offer a fair comparison of results for the 
different input weather data methods considered in this study. As the 
main focus of this work is on the importance of multiple years of input 
weather data for hydrogen system design. Considering a varied 
hydrogen demand profile would alter the mismatch between hourly 
supply and demand, and would change the storage requirements, but it 
would not fundamentally alter the study’s findings.

2.2. Input weather data and offshore windfarm electricity generation

In this study, 28 years (1994–2021) of hourly wind speed (100 m 
above ground level (a.g.l)), temperature (2 m a.g.l) and pressure (2 m a. 
g.l) data were obtained from Copernicus ERA5 reanalysis dataset, 
available at https://cds.climate.copernicus.eu [49]. The wind speed 
data was converted from 100 m (href ) to 150 m (hi) hub height based on 
power law with exponent coefficient (α) of 1/7 as shown in Equation (1)
[50]. Temperature, pressure and gas constant of air (287 J/kg.K) were 
used to calculate the density of air at 2 m a.g.l (ρref ). Further, density of 
air at 150 m hub height was estimated using Equation (2) [51]. Finally, 
using the wind speed and density data at hub height, representative 
hourly wind power for each year was generated, considering 15 MW 
turbine specifications from the International Energy Agency [52]. The 
electricity generated by OWF is transferred through the components: 
inter-array cables, high voltage alternating current (HVAC) offshore 
substation, HVAC offshore & onshore cables, onshore substation, and 
energy management unit (EMU) to onshore electrolyser as shown in 
Fig. 2. The total electrical energy losses due to these components is 
assumed to be 6.35 % of the electricity transmitted [53–55]. The impact 
of wind wake is included in the total electrical energy loss from the wind 
farm. Other issues like the wind turbine downtime due to technical 
problems, planned/unplanned maintenance and its overall impact on 
the hydrogen system design is considered an area of potential future 
work. High voltage direct current (HVDC) cables are used onshore from 
EMU to electrolyser. The electricity generated by OWF is dedicated to 
hydrogen production and no surplus electricity is sold to the grid. This is 
done in order to avoid profit maximisation from selling surplus elec
tricity to the electricity market, which is not the objective of this study. 

vi = vref *
(

hi

href

)α

(1) 

ρi = ρref – 1.194 * 10− 4* hi (2) 

2.3. Hydrogen production

Hydrogen production (MH2,t) depends upon the hourly electricity 
supply from the OWF to the water electrolyser (POWF,WE,t) and the spe
cific energy consumption of the water electrolyser (μWE,t) as expressed in 
Equation (3). The specific energy consumption of the water electrolyser 
is further a function of the (1) electrolyser load (POWF,WE,t/PWE) that 
fluctuates based on the hourly electricity input to the water electrolyser 
and the (2) efficiency of the water electrolyser (ηWE,t) at the given 
electrolyser load as shown in Equation (4). The electrolyser load vs 

Fig. 1. The components for the wind-to-hydrogen system with underground salt cavern.

Fig. 2. Schematic representation of offshore windfarm with onshore electrolyser.

A. Bopaiah and R.F.D. Monaghan                                                                                                                                                                                                          International Journal of Hydrogen Energy 142 (2025) 739–751 

743 

https://cds.climate.copernicus.eu


efficiency curve was considered to represent the dynamic behaviour of 
the water electrolyser [56]. LHVH2 represents the lower heating value of 
hydrogen. 

MH2,t =
POWF,WE,t*Δt

μWE,t
(3) 

μWE,t = LHVH2*
(

ηWE,t

(
POWF,WE,t

PWE

))− 1

(4) 

The energy flow to the electrolyser and compressor depends upon the 
energy supply from OWF (EOWF,t, result of POWF,t multiplied by time step 
Δt). When EOWF,t is greater than the maximum energy input to the 
electrolyser (EWE,t) and compressor (EComp,t). Then, the OWF electricity 
supply to the electrolyser (EOWF,WE,t, result of POWF,WE,t multiplied by time 
step Δt) is equal to the maximum electricity input capacity of the elec
trolyser as expressed in Equation (5). The OWF energy supply to the 
compressor (EOWF,Comp,t) can be calculated using Equation (6). The energy 
demand for compressing hydrogen (EComp,t) can be calculated using 
Equation (7). EComp,t depends upon the hydrogen mass flow from the 
electrolyser (MH2,WE,t) at time t and the specific energy consumption of 
the compressor (μComp,t). The surplus electricity generated by OWF 
(ESurplus,OWF,t) can be calculated using Equation (8). ESurplus,OWF,t is gener
ated when the electricity supply from OWF is larger than the maximum 
electricity demand from the electrolyser and compressor. However, 
during times when the electricity supply from OWF is lower than the 
maximum capacity of the electrolyser and compressor. EOWF,t is itera
tively distributed between the electrolyser and compressor such that the 
energy balance between electricity supply from OWF and the energy 
consumed by the electrolyser and compressor is equal to zero, as shown 
in Equation (9). There is no surplus electricity generated during times 
when the electricity supply from OWF is lower than the maximum ca
pacity of the electrolyser and compressor. 

EOWF,WE,t =min
(
EWE,t ,EOWF,t

)
(5) 

EOWF,Comp,t =min
( (

EOWF,t − EOWF,WE,t
)
,EComp,t

)
(6) 

EComp,t =MH2,WE,t * μComp,t (7) 

ESurplus,OWF,t =EOWF,t − EOWF,WE,t − EComp,t (8) 

EOWF,t =EWE,t + EComp,t (9) 

In terms of sizing, the optimal size of OWF and electrolyser is calculated 
iteratively such that all the hourly demands are met for the minimum 
levelised cost of hydrogen. The levelised cost of hydrogen subsection 2.6
provides further details on cost calculations. Equipment sizing intervals 
of 1 MWe are considered for both OWF and electrolyser. Compressor 
sizing depends upon the optimal electrolyser size.

2.4. Underground hydrogen storage

Most of the studies have focused on gaseous hydrogen storage, 
especially compressed tank storage [6,11,26]. Compressed tanks have 
high specific capital costs. Storing large quantities of hydrogen in 
compressed tanks results in significantly more expensive hydrogen fuel 
costs. Thereby making hydrogen fuel cell trucks uneconomical for 
replacing diesel trucks [14]. Large-scale underground storage of 
hydrogen, where available, would be the most cost-effective form of 
hydrogen storage [57]. As described in section 2.1, the onshore elec
trolyser considered in this study is located near a salt cavern that can 
store hydrogen, making it an ideal storage option. Hydrogen is stored at 
120 barg in underground salt caverns.

Hydrogen is stored in underground salt caverns (MH2,SC,t) when 
hydrogen production (MH2,WE,t) is greater than the hourly hydrogen 
demand (MDemand,t), as expressed in Equation (10). During times when 

hourly hydrogen production is lower than the demand, the hydrogen 
stored in the salt cavern is released to meet the demand as shown in 
Equation (11). The maximum amount of hydrogen stored among all the 
hours (time t) of the year determines the optimal storage size. 

MH2,SC,t =MH2,SC,t− 1 +
(

MH2,WE,t - MDemand,t
)

(10) 

MH2,SC,t =MH2,SC,t− 1 -
(

MDemand,t-MH2,WE,t
)

(11) 

2.5. Hydrogen transportation

Once produced, hydrogen is transported to a network of hydrogen 
refuelling stations located near the port of Larne within a 20-km radius. 
In gaseous form, hydrogen is transported through a dedicated hydrogen 
pipeline. Austenitic stainless steel pipes are assumed in this study due to 
their higher resistance to hydrogen embrittlement [58]. The required 
inner diameter (D) of the pipeline can be calculated based on mass flow 
rate ( ˙mH2,t), gas velocity (uo), and the density of hydrogen (ρH2(temp,p)), 
as shown in Equation (12). The maximum hourly hydrogen demand at 
the network of hydrogen refuelling stations determines the ˙mH2,t of 
hydrogen through the pipe. Gas velocity is assumed to be 15 m/s [59], 
while the density of hydrogen at 25 ◦C and 120 barg is 9.09 kg/m3 [60]. 
The pressure drop (Δp) in the pipeline was calculated using the 
Darcy-Weisbach equation as mentioned in Equation (13) [61]. The 
Colebrook-White model was used for estimating the friction factor (fD), 
as expressed in Equation (14) [61]. The friction factor depends upon the 
pipe roughness (∈) and the Reynolds number of the gas flow (Re). 

˙mH2,t = uo * ρH2(temp, p) * π D2

4
(12) 

Δp
L

= fD *
ρH2(temp, p)

2
*

uo
2

D
(13) 

1̅
̅̅̅
fD

√ = − 2 log

(
2.51

Re
̅̅̅̅
fD

√ +
ϵ

3.7D

)

(14) 

2.6. Levelised cost of hydrogen

The levelised cost of hydrogen (LCOH) represents the total dis
counted capital, operation, and maintenance cost of a hydrogen system 
per discounted total mass of hydrogen produced, stored, and transported 
over a year (T). LCOH is calculated as the sum of the levelised costs of 
production (LCOHP), storage (LCOHS) and transportation (LCOHT) as 
shown in Equation (15). The hydrogen system is assumed to operate 
(τHS) for 20 years with a discount rate (r) of 6 % [62]. 

LCOH = LCOHP + LCOHS + LCOHT (15) 

The LCOHP is calculated using Equation (16). CCapex,HP represents the 
capital costs of hydrogen production (HP) equipment such as water 
electrolyser (CWE), compressor (CComp), energy management unit (CEMU), 
onshore substation (COnSub), engineering (CEng), interconnections (CIC) 
and other costs (COC) as expressed in Equation (17). COpex,HP represents 
the operational and maintenance (COM) cost of water electrolyser 
(COM,WE), stack replacement (COM,SR), compressor (COM,Comp), EMU 
(COM,EMU), onshore substation (COM,OnSub), water costs (CH2O), energy 
penalty cost (CEnergy penalty) and electricity cost (CElec) as expressed in 
Equation (18). CEnergy penalty also known as the cost of gas supply disrup
tion, refers to the economic damage caused by gas demand not being 
met [63]. CEnergy penalty has a wide range of values varying from 100 to 
1100 €/MWh based on the affected consumer [63]. For this study, 
CEnergy penalty is assumed to be 300 €/MWh (10 €/kgH2). 
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LCOHP =

∑T=τHS

T=0

CCapex,HP

(1+r)T +
∑T=τHS

T=0

COpex,HP

(1+r)T

∑T=τHS

T=0

MH2,HP

(1+r)T

(16) 

CCapex,HP =CWE + CComp + CEMU + COnSub + CEng + CIC + COC (17) 

COpex,HP =COM,WE + COM,SR + COM,Comp + COM,EMU + COM,OnSub + CH20

+ CEnergy penalty + CElec (18) 

The electricity cost (CElec) is calculated using Equation (19), which is 
the sum of the capital costs (CCapex,OWF) and operation and maintenance 
costs (COpex,OWF) of offshore wind farm components. The component costs 
included are the wind turbine & substructure (CWT&S, COM,WT&S), inter- 
array cable (CIAC, COM,IAC), offshore cable (COffCable, COM,OffCable), offshore 
substation (COffSub,COM,OffSub), onshore cable (COnCable,COM,OnCable), project 
development (CPD), and installation costs of inter-array cable (CIAC,Inst) 
and offshore (COffCable,Inst) as shown in Equation (20) and Equation (21). 
The length of the offshore and onshore cables is assumed to be 20 km 
and 2 km, respectively. The length of the inter-array cable is modelled 
using the method explained in Ref. [64]. 

CElec = CCapex,OWF + COpex,OWF (19) 

CCapex,OWF =CWT&S + CIAC + COffCable + COffSub + COnCable + CPD + CIAC,Inst

+ COffCable,Inst

(20) 

COpex,OWF =COM,WT&S + COM,IAC + COM,OffCable + COM,OffSub + COM,OnCable (21) 

The LCOHS is calculated using Equation (22) where CCapex,HSS,SC and 
COpex,HSS,SC represents the capital, operational and maintenance costs of 
an underground salt cavern (SC) hydrogen storage system (HSS). 

LCOHS =

∑T=τHS

T=0

CCapex,HSS,SC

(1+r)T
+
∑T=τHS

T=0

COpex,HSS,SC

(1+r)T

∑T=τHS

T=0

MH2,HP

(1+r)T

(22) 

The annual hydrogen production (MH2,HP) used in LCOHP and LCOHS 

is calculated based on the total amount of hourly hydrogen produced as 
explained in the hydrogen production subsection 2.3.

The LCOHT is calculated using Equation (23) where CCapex,HT,Pipe and 

COpex,HT,Pipe represents the capital, operational and maintenance costs of 
hydrogen transportation (HT) by a dedicated hydrogen pipeline (Pipe). 
The annual hydrogen transported (MH2,HT) represents the total annual 
hydrogen demand from a network of hydrogen refuelling stations. 

LCOHT =

∑T=τHS

T=0

CCapex,HT,Pipe

(1+r)T
+
∑T=τHS

T=0

COpex,HT,Pipe

(1+r)T

∑T=τHS

T=0

MH2,HT

(1+r)T

(23) 

All the techno-economic component costs considered in this study 
are listed in Tables S3–S8 in the supplementary, assumed for the year 
2030.

2.7. Overall model

This study evaluates the impact of different input weather data 
methods (single, averaged, representative weather year and near- 
optimal solutions) on the optimal design of the wind-to-hydrogen sys
tem as shown in Fig. 3. First, a single weather year (I) is randomly 
selected from 28 years (1994–2021) of weather data. The optimal design 
of the wind-to-hydrogen system is iteratively calculated by varying 
different equipment combinations such that all hourly hydrogen de
mands are met for the minimum levelised cost of hydrogen (LCOH). 
Then, the obtained optimal wind-to-hydrogen system design is fixed and 
tested in terms of reliability and cost variation, using the other 27 
weather years individually. The term “reliability” here refers to the 
ability of the system design to meet all the hourly hydrogen demands 
when employed with other weather years, as shown in Table S2. The 
term “cost variation” here refers to the change in system cost (LCOH) 
that an optimal system design based on one weather year would face 
while operating in other weather years due to capacity shortages and 
unmet demand. An energy penalty cost is assumed for unmet demand as 
mentioned in levelised cost of hydrogen subsection 2.6.

In the averaged weather year method (II), the original 28 years 
(1994–2021) of weather data is averaged over multiple years at an 
hourly resolution. For instance, 2 years of averaged weather data means 
averaging hourly weather data from 1994 to 1995, 5 years of averaged 
weather data means averaging hourly weather data from 1994 to 1998, 
going up to averaging 28 years of hourly weather data. The averaged 
hourly weather data is used to determine the optimal design of the wind- 
to-hydrogen system by varying different equipment combinations such 
that all the hourly demands are met for the minimum LCOH. Further, the 

Fig. 3. Overall model to compare the impact of (I) single, (II) averaged, (III) Maximum near optimal and (IV) All near optimal solutions method on optimal system 
design, system reliability and cost variation compared to (V) ideal system design method (Full 28 years of weather data solved outright).
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obtained optimal design of the wind-to-hydrogen system from averaged 
weather data is fixed and tested against original 28 years of weather data 
individually, in terms of reliability and cost variation as highlighted 
above.

In the near-optimal solutions method, each weather year is solved 
individually to obtain a wind-to-hydrogen system design that meets all 
the hourly demands for the minimum LCOH. All the near-optimal so
lutions (system designs) from each weather year are combined, i.e., the 
union of results and the maximum of all near-optimal designs (max 
NOpD) is considered as the optimal solution (III). This max NOpD 
configuration is tested against 28 years of weather data individually, in 
terms of reliability and cost variation.

Based on the near-optimal solutions method, 28 different optimal 
wind-to-hydrogen system designs are obtained for each weather year 
(IV). Each optimal system design is evaluated with the other 27 weather 
years in terms of reliability and cost variability. The system design with 
the highest reliability and lowest cost variability in other weather years 
is considered the final optimal system design. The corresponding year is 
the representative single weather year suitable for designing a wind-to- 
hydrogen system among the other 27 weather years. Representative 
here refers to a weather year that results in a system design that closely 
matches the system design and performance of an ideal system (28 years 
of weather data solved outright). This representable weather year could 
be a high renewable generation year (strong weather year), low 
renewable generation year (poor/extreme weather year) or some other 
peculiar characteristic weather year.

Finally, each of the four methods (I-IV) mentioned above is 
compared with designing a wind-to-hydrogen system by solving all the 
28 years of weather data outright (“ideal system”) (V). The comparison 
is based on optimal system design, system reliability and cost variation 
in operating the system.

The electricity generated from an offshore wind farm was calculated 
using MATLAB 2023b [65], using the input weather data from the 
Copernicus ERA5 reanalysis dataset [49] and a 15-MW turbine model 

from the International Energy Agency [52]. Electricity generated from 
offshore wind farms and other input parameters defining the hydrogen 
supply chain are defined in Excel. The optimal size of the components in 
the hydrogen supply chain are calculated iteratively through the use of 
Excel data tables such that all the hourly hydrogen demand are met at all 
times for each of the weather years at minimum LCOH. Finally, the 
reliability and cost variations of the system design are post-processed in 
MATLAB and visualized in Excel. Further details explaining the sizing of 
the hydrogen supply chain can be found in the previous work [66]. All 
simulations were performed on an 11th Gen Intel(R) Core(™) i7-1165G7 
machine with 32 GB RAM.

3. Results and discussion

The results are discussed in four parts. In the first part, the impact of 
four input weather data methods on hydrogen system design is 
compared with solving 28 years of weather data outright (“ideal sys
tem”). The comparison is to observe how far the system design results 
from each input weather data method are from the ideal system design. 
The second and third parts explore the reliability and cost variation of 
system designs from each input weather data method when employed 
with other weather years. Lastly, the impact of wind dataset size on the 
hydrogen system design is discussed, along with the limitations of this 
study.

3.1. Impact of different weather data methods on optimal wind-to- 
hydrogen system design

The results (see Table S1) from the ideal system design (28 years 
solved outright) show that an increase in weather data leads to an in
crease in the system design. The importance of large-scale energy stor
age becomes apparent during long periods of wind drought, with 
hydrogen storage meeting 33.9 % of total hydrogen demand. The use of 
large-scale storage increases the flexibility of the system design since it 

Fig. 4. Optimal wind farm, electrolyser (both in A) and storage (B) sizes for each weather year (1994–2021) for gaseous hydrogen system with underground salt 
cavern storage. Results can be interpreted for single weather year design, maximum near-optimal design (Max NOpD) and all near-optimal designs. The dashed line 
represents the ideal system design (Full 28 years of weather data solved outright).
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reduces the need to oversize the wind farm and electrolyser during pe
riods of low wind generation. The optimal size of large-scale storage can 
only be captured by solving with multiple years of weather data 
outright. Fig. 4 shows the optimal system design of wind farm, elec
trolyser, and storage for each weather year from 1994 to 2021 for a 
gaseous hydrogen system with underground salt cavern storage. The 
dashed line represents the ideal system design of each system compo
nent highlighted with different colour patterns. In the gaseous hydrogen 
system design (Fig. 4a), the optimal wind farm and electrolyser size for 
each weather year is close to the ideal system design. The variation in 
wind farm and electrolyser size is observed for weather years with strong 
wind generation like 1994 and 1998. Strong weather years generate 
wind consistently, resulting in smaller wind farm and electrolyser sizes 
that meet the demand. On the other hand, weather years with poor wind 
generation, like 2010 and 2021, result in significantly bigger wind farm 
and electrolyser sizes that meet the demand. It is evident from Fig. 4a 

that randomly selected weather years return a single optimal solution 
(undersized/oversized) for the wind farm and electrolyser system. On 
the contrary, individually analysing each weather year yields a range of 
near-optimal wind farm and electrolyser sizes, which could be chosen 
based on reliability and cost variation as discussed in sections 3.2 and 
3.3. The maximum of near-optimal designs (Max NOpD) results in an 
oversized wind farm and electrolyser system. Hydrogen storage (Fig. 4b) 
is always undersized for any randomly selected weather year and all 
near-optimal storage designs for each weather year, compared to the 
ideal storage design (9880 tonnes). This is because the ideal storage size 
is iteratively calculated on an hourly resolution over 28 years, whereas, 
for a single weather year and all near-optimal designs, only individual 
weather years are solved on an hourly resolution over one-year periods. 
The results show that the optimal storage size based on a single weather 
year is underestimated and that the size would not be adequate to cover 
the hydrogen production-demand mismatch that occurs during 

Fig. 5. Optimal wind farm, electrolyser (both in A) and storage (B) sizes for gaseous hydrogen system with underground salt cavern storage for different lengths of 
averaged weather data. The dashed line represents the ideal system design (Full 28 years of weather data solved outright).

Fig. 6. System design reliability of gaseous hydrogen system with underground salt cavern storage when employed with other input weather years. Optimal system 
design capacities of each year are fixed, and input weather years are varied. System design reliability shows the total number of years out of 28 years where all the 
hourly demands are met. The reliability results can be interpreted for single weather year design, maximum near-optimal design (Max NOpD) and all near- 
optimal designs.
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prolonged periods of wind drought. Storage size based on max NOpD is 
the most conservative approach to estimating storage design, reducing 
the scale of storage size (6596 tonnes) underestimation to 1.5 times 
compared to the ideal storage size.

Fig. 5 shows the optimal system design for a gaseous hydrogen sys
tem with underground salt cavern storage based on averaged weather 
data. The optimal system design of a wind farm, electrolyser and 
hydrogen storage is significantly undersized over averaged weather 
years compared to the ideal system design. This is because averaging the 
weather data (wind power output) smooths the peaks and troughs 
(variability) of the weather data (see Fig. S4). The smoothening of 
weather data dilutes the effect of poor weather years, thereby resulting 
in a consistent hourly time series of wind generation. Consistent hourly 
wind generation results in a smaller system design to meet the demand 
and, hence, an undersized system. Further, as the averaging time hori
zon increases, the size of the weather data over which averaging is 
performed increases, resulting in minimal changes to the system design 
over time. shows that the optimal wind farm and electrolyser size varies 
until 17 years and is constant thereafter. In terms of storage (Fig. 5b), 
similar to wind farm and electrolyser, the storage size is significantly 
undersized compared to the ideal storage design, and it does not vary 
after a certain averaging time horizon. This highlights that averaging the 
weather data always leads to an undersized system design due to the 
underestimation of weather variability and is an inaccurate method of 
designing a system. Considering the inaccuracy and for the sake of 
brevity, the averaging method is not discussed further in this article.

3.2. Impact on system design reliability

Fig. 6 shows the reliability of optimal system designs from each 
weather year when tested against the other 28 years of weather data. 
The results show that optimal system designs based on randomly 
selected single weather years are not suitable for other weather years. In 
the gaseous hydrogen system, the primary reasons for lower reliability 
among weather years are due to the combination of undersized pro
duction (wind farm and electrolyser) and storage. System design based 
on strong weather years results in an undersized wind farm and elec
trolyser that fail to meet all the hourly demand during poor weather 
years, resulting in lower reliability. In fact, system design based on 
strong weather years (1994) results in the lowest reliability (3.5 %) 
among all the analysed weather years. Individually analysing all the 
near-optimal designs from each weather year with the other 28 years of 
weather data shows that system design based on the year (2010) pro
vides higher system reliability (92 %). This is because 2010 was a poor 
weather year with a bigger optimal system design than the ideal system 

design. From all the near-optimal system design reliability, we under
stand that a system designed based on the worst weather year increases 
system reliability at the expense of a bigger system design. Further, the 
maximum of near-optimal designs (Max NOpD) provides the highest 
system reliability (96 %) as a consequence of an oversized system 
design.

3.3. Impact on system costs

Fig. 7 shows the impact on system cost when the optimal system 
design from each weather year is evaluated against the other 28 years of 
weather data. The results illustrate that an optimal system design based 
on a single weather year can result in a wide range of costs when ana
lysed for other weather years. This is due to two main factors: (i) energy 
penalty costs for unmet demand and (ii) wind farm electricity curtail
ment due to filled storage. Undersized system design faces energy pen
alty costs for not meeting the demand in other weather years. 
Particularly, the system design based on the strong weather year (1994) 
suffers from significant energy penalty costs, contributing to the sys
tem’s operating expenses. The system cost can range from 5.6 to 10.3 
€/kgH2 for a system design based on weather data from 1994, as shown 
in Fig. 7. This variation in system cost by 4.7 €/kgH2 clearly highlights 
the sensitivity of weather years to optimal system design and its system 
cost. Cost results from all the near-optimal designs from each weather 
year show that bigger system designs suffer from electricity curtailment 
in strong weather years. For instance, weather data from 2010 resulted 
in a bigger system design than the ideal system. When this system design 
from 2010 is fixed and analysed with weather data from 1994, the 
system produces large quantities of hydrogen, which is more than the 
demand. The storage rapidly fills up and reaches the point where storage 
is nearly full, and the electricity going to the electrolyser needs to be 
curtailed as shown in Fig. S5. While electricity dumping increases the 
system cost, bigger systems are already expensive to operate in any 
weather year. As a result, larger systems have smaller variations in costs 
between different weather years. This shows that poor weather year- 
based system design (e.g., 2010) lowers the cost variation of the sys
tem between different weather years at the expense of selling hydrogen 
at a higher price compared to the ideal system. This is particularly 
evident for poor weather year like 2010 (7.1–7.25 €/kgH2) and max 
NOpD (7.2–7.3 €/kgH2) based system, which are expensive to operate 
compared to ideal system design (6.7 €/kgH2). Poor weather year-based 
system design (2010) suffers from higher electricity curtailment in other 
weather years due to smaller storage size, resulting in slightly higher 
cost variation compared to max NOpD. Max NOpD results in the lowest 
cost variation for gaseous hydrogen systems, while randomly selected 

Fig. 7. System cost variation of gaseous hydrogen system with underground salt cavern storage when employed with other input weather years. Optimal system 
design capacities of each year are fixed, and input weather years are varied. The cost variation shows the range of costs the system must bear in other weather years 
due to either capacity shortage or wind farm electricity curtailment. The cost results can be interpreted for single weather year design, maximum near-optimal design 
(Max NOpD) and all near-optimal designs. The dashed line represents the ideal system cost (Full 28 years of weather data solved outright).
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single weather year designs suffer from significant energy penalty costs 
due to undersized systems. Therefore, it can be observed that for gaseous 
hydrogen systems, the lower the system design reliability, the higher the 
cost variation in operating the system in other weather years.

3.4. Impact of wind dataset size on system design

The large inter-annual weather variability as well as the lack of 
dispatchable generation technologies make it necessary to access a wide 
range of input weather data in order to optimally size the off-grid wind- 
to-hydrogen system. When solving using multi-year weather data 
outright, it was observed that as the size of the input weather dataset 
increased, the optimal design and reliability of the corresponding design 
changed. For instance, a study with 9 years of weather dataset 
(1994–2002) had a different and smaller system design than a study 
with 28 years of weather dataset (1994–2021), as shown in Table S1. 
This is because as the size of the input weather dataset increased, the 
number of rare/extreme weather events both in terms of duration and 
frequency of occurrence substantially affected the system design, 
resulting in the need for a larger system design for improved system 
reliability. Hydrogen energy storage size is highly sensitive to the size of 
the input weather dataset, and a significantly larger storage size is 
required when the input weather dataset size increases. Due to the 
flexibility offered by increased storage size, offshore wind farms and 
electrolysers have smaller variation in size for increased input weather 
dataset. Increased storage capacity prevents overbuilding of offshore 
wind farms and electrolysers while reducing load curtailment substan
tially. This results in a small increase in LCOH with increased input 
weather dataset, as shown in Table S1. Moreover, as size of the input 
weather dataset increases, the dependence on hydrogen storage also 
increases, as a greater amount of hydrogen demand is met by hydrogen 
supplied by storage. Extended period of wind drought, lasting for days or 
weeks, were identified as the primary cause of increased hydrogen 
supply from storage. Hydrogen energy storage at large scale and at low 
costs is crucial for mitigating the impacts of wind droughts and ensuring 
a reliable hydrogen supply.

More pronounced weather variability was observed for the weather 
dataset from 2000 to 2021 compared to 1994–2000, significantly 
impacting the reliability of the wind-to-hydrogen system. Our study 
highlights that more than 20 years of input weather dataset, starting 
from the weather year 2000 and onwards, is required to improve system 
reliability. Ideally, a wind-to-hydrogen system should always be 
designed based on the maximum number of years of weather data 
available for the site. Planning a wind-to-hydrogen system by compu
tationally solving multiple years of weather datasets outright is ideal. 
However, it is much more computationally expensive. The computa
tional time increases exponentially with the increase in the size of the 
input weather dataset, the number of system operational constraints and 
complex long-term energy planning models. The max NOpD method 
proposed in this study provided significantly lower computational time 
with improved system performance and could be an effective approach 
for designing a wind-to-hydrogen system with multiple years of input 
weather datasets.

Despite the numerous insights gained from our study, there are some 
limitations that could impact the results, which are acknowledged and 
discussed in the following paragraph. Variation in renewable generation 
is highly dependent on location. Future research should investigate how 
renewable sources at different specific geographical locations influence 
the performance of the maximum near-optimal solutions method for 
wind-to-hydrogen system design. These would be particularly relevant 
for islands and off-grid energy communities, which have isolated energy 
systems and lack access to national energy grids. The analysis presented 
in this work showed that the size and cost of hydrogen storage can 
significantly impact the design, reliability and cost of the system. 
Further research is needed to evaluate the performance of the maximum 
near-optimal solution method over single weather years when different 

hydrogen storage systems are considered, such as high pressure tanks, 
liquid hydrogen tanks, liquid organic hydrogen carriers, ammonia, and 
methanol. Another aspect is that the model does not consider using grid 
electricity or energy imports from neighbouring countries. In reality, 
grid electricity and international energy trade could enhance the sys
tem’s reliability and robustness. During times of reduced grid electricity 
prices, electricity may be stored in the form of hydrogen, or hydrogen 
could be imported and stored as a long-term energy reserve in order to 
mitigate the impact of wind droughts. The impact of integrating grid 
electricity and international energy trade on the design and performance 
of the system should be investigated in future work. Throughout the 
study, hydrogen demand is assumed to be constant and perfectly in
elastic. It should be noted that the demand for hydrogen is determined 
by market conditions, policies, and regulations. There is a need for 
further investigation of the impact of grid electricity rules, and demand 
elasticity on wind-to-hydrogen system design.

4. Conclusion

Inter-annual weather variability poses a significant challenge in 
planning a wind-to-hydrogen system (WHS), which is different from the 
existing grey hydrogen system design based on dispatchable generation 
technologies. This paper illustrates how different input weather data 
methods impact the optimal size, cost and reliability of the WHS. The 
WHS is designed for supplying gaseous hydrogen to a network of refu
elling stations. The input weather data methods evaluated are: 
Randomly selected single-year weather data (I), weather data averaged 
over multiple years (II), and multi-year weather data from 1994 to 2021. 
The multi-year weather data is evaluated using the concept of near- 
optimal system design in two ways: maximum of near-optimal designs 
(max NOpD) (III) and all the near-optimal designs (IV) for a WHS located 
on the island of Ireland. The optimal WHS design obtained from the 
input weather data methods (I-IV) is evaluated in terms of (i) variation 
in WHS design, (ii) reliability and levelised cost of hydrogen (LCOH) 
variation when employed with other weather years, and (iii) the 
computation time compared to designing the WHS using multiple years 
of weather dataset outright (ideal system) (V).

The results show that the input weather dataset significantly impacts 
the system configuration, reliability and cost of the WHS. The study 
showed that WHS designed using randomly selected single-year weather 
dataset results in a significantly undersized system design with lower 
reliability (3.5 %) and higher cost variability (up to 4.7 €/kgH2) in other 
weather years. This behaviour is particularly evident when a high 
renewable generation year (strong weather year) is randomly consid
ered for WHS system design, for instance, 1994. On the other hand, 
averaging weather data over multiple years smoothens the weather 
fluctuations, resulting in more consistent hourly wind generation. 
Averaging weather data is a misrepresentation and an inaccurate way of 
using weather dataset to design a WHS. Furthermore, with an increase in 
the averaging time horizon, the scale of undersizing the system in
creases. A WHS designed using strong single-weather year or averaged 
weather data values always has an undersized system design, a lower 
reliability, and a higher cost variability than a WHS designed using 
multi-year weather dataset values.

When multi-year weather dataset is solved outright, the optimal 
WHS design increases as the input weather data size increases. The 
hydrogen energy storage size was more sensitive to the size of the input 
weather dataset and always increased in size as the input weather 
dataset increased. In contrast, the offshore wind farm and electrolyser 
had smaller size variations with increased input weather dataset. In 
designing a WHS, it is essential to incorporate multi-year weather 
dataset in order to accommodate rare/extreme weather events both in 
terms of duration, and frequency of occurrence, which have a consid
erable impact on the system’s reliability and costs. However, using 
multiple decades of weather data outright for WHS design is computa
tionally prohibitive. Compared to solving multiple years of weather data 
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outright, the max NOpD method proposed in this study provided 
significantly lower computation time with improved system perfor
mance (reliability and cost variability). The Max NOpD method has two 
main advantages: (i) parallelizing the solving process for multiple years 
of weather data, thereby reducing computation time, and (ii) improved 
system performance over other methods (I, II, IV). Max NOpD method 
results in the highest reliability (96 %) and lowest cost variability (0.1 
€/kgH2) for gaseous hydrogen systems at the expense of an oversized 
system design. Our results suggest that the reliability of the WHS design 
is directly related to the number of years of input weather data 
considered. A WHS should be designed considering more than 20 years 
of input weather dataset (2000–2021). Ideally, the maximum number of 
years of weather data available for the site. When multi-year weather 
dataset is not available for the site or the weather data cannot be used in 
a specific energy planning model, it would be beneficial to design the 
WHS based on low renewable generation weather years (extreme 
weather years). Analysing weather dataset from 1994 to 2021, 2010 was 
identified as an extremely poor weather year. A WHS design based on 
2010 weather dataset resulted in a high level of reliability (92 %), and 
low-cost variability (0.14 €/kgH2) in other weather years. For sites in 
Ireland, where long-term weather data is not available, planning a WHS 
with gaseous hydrogen storage using the 2010 weather data would 
provide nearly comparable system performance to the ideal system.

Future studies could compare the performance of the near-optimal 
methodology proposed in this work against other input weather data 
methods like a typical meteorological year and multiple weather years 
considered as time slices. A thorough analysis of the effects of varying 
the geographical region, storage type (batteries, hydropower), intro
ducing grid electricity and technology mix (solar energy alongside wind 
energy) can assist in coping with future uncertainties and improving the 
adaptability, flexibility, and generalizability of the proposed maximum 
near-optimal solution method. Further, the impact of trading surplus 
electricity in the electricity market and and its influence on the overall 
wind-to-hydrogen system design needs to be investigated. Liquid 
hydrogen systems are constrained by liquefiers operational flexibility. 
The effect of liquefier constraint on system design and reliability needs 
to be investigated. Also, the impact of relaxing the liquefier system 
constraints on the system design and system reliability could be another 
interesting avenue to investigate.
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