
International Journal of Hydrogen Energy 158 (2025) 150309 

A
0
(

 

Contents lists available at ScienceDirect

International Journal of Hydrogen Energy

journal homepage: www.elsevier.com/locate/he  

Accounting for meteorological and load data uncertainty in the optimal 
design of off-grid hybrid renewable energy systems
Florent Struyven a , Mathieu Sellier b , Myeongsub Kim c , Rosalinda Inguanta d ,
Farkad A. Lattieff e , Philippe Mandin a ,∗

a Institut de Recherche Dupuy de Lôme, UMR CNRS 6027, Lorient, France
b Department of Mechanical Engineering, University of Canterbury, Christchurch 8140, New Zealand
c Department of Ocean and Mechanical Engineering, Department of Biomedical Engineering, Florida Atlantic University, Boca Raton, USA
d Department of Engineering, University of Palermo, Palermo, Italy
e College of Engineering, University of Baghdad, Baghdad, Iraq

A R T I C L E  I N F O

Keywords:
Microgrids
HRES
Hydrogen
MOEA

 A B S T R A C T

This study presents a methodological contribution to the optimal design of an off-grid hybrid renewable 
energy systems (HRES) producing both electricity and drinking water. Beyond simulating the operation 
of a system combining solar photovoltaic and wind generation with battery and hydrogen storage , the 
work focuses on a critical yet often overlooked issue: the uncertainty associated with meteorological and 
consumption input data. A multi-objective optimization model, implemented in Julia, is used to determine 
system configurations that minimize the cost of energy and water while maximizing the share of renewable 
energy. The analysis demonstrates that the selection of input data has a significant influence on system design 
results. A methodology is proposed to identify the most favorable and most unfavorable input datasets. A 
novel shortage indicator is introduced to quantify energy deficits during periods when renewable production 
is insufficient to meet demand. This indicator enables interpretation of the underlying causes of cost and 
sizing variations, by linking them to storage requirements. The methodology is applied to the island of Molène 
(France) using meteorological and consumption data from 2018 to 2023. The results highlight the strong 
sensitivity of system design to input variability, and provide a framework for robust analysis and planning 
under uncertainty.
1. Introduction

Today, diesel generation remains the most popular solution for 
producing electricity and, indirectly, drinking water in areas with little 
or no connection to the grid. Over 10,000 islands worldwide, home to 
around 750 million people, still depend on diesel generators to supply 
electricity and drinking water via water purification systems. Those 
with populations of between 1,000 and 100,000 devote a significant 
proportion of their gross domestic product to fuel imports [1].

However, the use of diesel generators in remote locations has en-
vironmental drawbacks, and operating costs can be high due to fuel 
transport and logistical problems [1–3]. The cost of energy produced by 
diesel generators depends essentially on the cost of fuel, which can vary 
significantly depending on international geopolitical context. These 
fluctuations can lead to high energy costs and pose supply risks [4–6]. 
In the past, predictions concerning the evolution of these costs have 
mostly turned out to be wrong, but the trend suggests a likely increase 
in fuel prices [7,8].

∗ Correspondence to: Centre de Recherche C. HUYGENS, Rue de Saint-Maudé – BP 92116, F-56321 Lorient Cedex, France.
E-mail address: philippe.mandin@univ-ubs.fr (P. Mandin).

Network connections, when possible, require the establishment of 
costly and invasive infrastructure, and the areas concerned may suffer 
from network stability problems due to their remoteness [9]. Since the 
legally binding global climate change treaty signed in Paris during the 
international climate summit (COP21) on 12 December 2015, the world 
has been striving to limit its greenhouse gas emissions, although some 
countries have withdrawn from these agreements [10–12]. The use of 
diesel generators and excessive expenditure to connect sites to networks 
whose energy is mainly produced by fossil fuels can only drive the 
world further away from respecting these agreements.

Renewable energy sources such as wind and solar power are widely 
recognized as essential to tackling these challenges [13]. They also 
offer the most appropriate and cost-effective solution for populations 
in developing regions [1].

The cost of renewable energy technologies, such as photovoltaic 
solar power, is already competitive or even lower than—that of fossil
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Nomenclature

Abbreviations

AT Annual Throughput
BESS Battery Energy Storage System
BT1 Battery bank 1
BT2 Battery bank 2
C3POe Plug & Play Water-Electricity Sustainable 

Coupling System for Islands and Isolated 
Coastal Sites

CONV,X Electrical converter assigned to the subsys-
tem ‘‘X’’

CTF Cycle To Failure
CURT Curtailment
DOD Depth Of Discharge
EL Electrolyzer
EWMS Energy & Water Management System
EXT External sources of energy
FC Fuel Cell
H2 Dihydrogen
HRES Hybrid Renewable Energy System
IO On–Offs
LB Lower Boundary
LOH Level Of Hydrogen
LOW1 Level Of drinkable Water
LOW2 Level Of pure Water
PR Project
pv Photovoltaïc
RES Renewable Energy Sources
RO1 Reverse Osmosys System producing drink-

able water
RO2 Reverse Osmosys System producing pure 

water
SOC State Of Charge
UB Upper Boundary
wt Windturbine

Objective
𝐸𝐸𝑋𝑇
𝐸𝐿𝑜𝑎𝑑

Ratio between energy from a source exter-
nal to the system and energy consumed by 
system users

COEW Cost Of Energy& Water [e ⋅kWh−1]

Parameters

𝜂𝑋 Efficiency of subsystem ‘‘X’’ [0 − 1]
𝐶𝑝𝑋 Capacity of the subsystem ‘‘X’’
𝑘𝑚𝑖𝑥,𝑝𝑣 Ratio between the energy produced by pho-

tovoltaic panels and the energy produced 
by all RES during one year [0 − 1]

𝑘𝑝𝑜𝑤𝑒𝑟 Ratio of energy produced by RES to energy 
consumed during one year 1,… , 3.5

𝑃𝑋,𝑟𝑎𝑡𝑒𝑑 Rated power of the subsystem ‘‘X’’ [W]
𝐿𝑇 Lifetime throughput [kWh]

Variables

𝑚̇𝐻2(𝑡) Average quantity of dihydrogen produced 
or consumed by subsystem ‘‘X’’ for one 
hour at time 𝑡 [kg h−1]
2 
𝐼𝑂𝑋 (𝑡) Operating status of subsystem ‘‘X’’ at 
time t 𝑂𝑁− > 0 𝑜𝑟 𝑂𝐹𝐹− > 1

𝐿𝑋 Lifetime of subsystem ‘‘X’’ [years]
𝑃𝑋 (𝑡) Average power delivered or consumed 

by subsystem ‘‘X’’ for one hour at time 
𝑡 [W]

𝑄𝑋 (𝑡) Average water flow delivered or con-
sumed by subsystem ‘‘X’’ for one hour 
at time 𝑡 [m3 h−1]

𝑡 Simulation time [h]

fuels. Between 2010 and 2019, the costs of solar panels, onshore wind 
turbines, and offshore wind turbines decreased by 82%, 40%, and 
29%, respectively, with further reductions anticipated in the coming 
years [13]. In this context, renewable energy-based systems for supply-
ing electricity and water to off-grid or remote locations are becoming 
increasingly relevant. However, the intermittency of renewable en-
ergy generation remains a major barrier to its large-scale deployment 
and must be addressed through effective energy storage solutions and 
robust energy management strategies.

To ensure a stable electricity supply for off-grid systems and con-
tinuously meet demand, storage systems must be capable of buffering 
renewable energy fluctuations—storing excess energy when generation 
exceeds demand and supplying energy when production falls short [14,
15]. Each storage technology has specific limitations, and its applicabil-
ity largely depends on the temporal scale of the fluctuations. Solutions 
designed to handle rapid variations over milliseconds differ signifi-
cantly from those required for managing seasonal storage needs. When 
renewable sources represent more than 80% of the energy mix, long-
duration energy storage becomes critical for minimizing the overall 
system cost [16].

The cost of renewable energy technologies, such as photovoltaic 
solar power, is now competitive with — or even lower than — that 
of fossil fuels. From 2010 to 2019, the costs of solar panels, onshore 
wind turbines, and offshore wind turbines declined by 82%, 40%, and 
29%, respectively, and are expected to continue decreasing [13]. In this 
context, renewable-based systems for supplying electricity and water 
to off-grid or remote areas are becoming increasingly attractive. Nev-
ertheless, the intermittency of renewable energy production remains a 
major barrier to large-scale deployment and must be mitigated through 
efficient energy storage and advanced energy management strategies.

To maintain a stable power supply in off-grid systems and meet 
continuous demand, storage technologies must buffer fluctuations in 
renewable generation—by storing surplus energy when production ex-
ceeds demand and discharging it when production is insufficient [14,
15]. Each storage option has inherent limitations, and its suitability de-
pends primarily on the time scale of variability. Technologies designed 
to address rapid, sub-second fluctuations differ significantly from those 
intended for seasonal storage. When renewable sources account for 
over 80% of the energy mix, long-duration storage becomes essential 
to minimizing overall system costs [16].

Batteries are ideal for small-scale, short-term energy storage due 
to their enhanced performance and decreasing costs, making lithium-
ion and lead–acid batteries the preferred choice for integrating local 
renewable energy sources into national grids. However, for longer-
term storage applications, such as achieving energy self-sufficiency 
for isolated sites disconnected from the grid, batteries become cost-
prohibitive, and hybrid solutions incorporating other storage technolo-
gies are more practical and economical [9]. Power-to-gas technolo-
gies, and power-to-hydrogen in particular, offer several advantages 
including high energy density, grid stabilization services, negligible 
self-discharge losses, flexibility in relation to site topography, and 
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environmental benefits through reduced local pollutants and CO2 emis-
sions. These technologies are positioned to play a key role in long-term, 
large-scale energy storage, particularly given the growing adoption of 
renewable energy sources [17]. Hydrogen production through water 
electrolysis represents a promising long-term storage solution for iso-
lated microgrids since it can prevent battery oversizing [4]. One of 
the main barriers to electrolysis-based hydrogen adoption is its cost 
compared to alternatives based on fossil feedstocks.

Global hydrogen demand is estimated at 80 million tonnes per year 
and is predominantly met by hydrogen produced from fossil fuels using 
methods such as steam methane reforming [18]. However, a favor-
able regulatory environment, increased investment in the hydrogen 
sector, and the resulting research projects should enable the electrolysis 
process to improve its performance over the next few years [19,20].

Hybrid renewable energy systems (HRES), i.e., the combination of 
hydrogen and batteries for energy storage, have been extensively stud-
ied in the literature, demonstrating significant potential for delivering 
reliable and sustainable power supplies to customers [21]. Storage 
systems need to be sized to meet instantaneous power requirements. 
One of the major disadvantages of batteries is that their power output 
is coupled to their storage capacity, which generally leads to single-
battery systems being oversized to address periods of energy shortage 
throughout the year. Frequent operational changes in fuel cells and 
electrolyzers must be minimized to avoid performance degradation 
and extend their lifespan. Batteries can absorb short-term variations, 
thereby reducing the variability of renewable energy production. To 
protect batteries and avoid shortening their lifespan, it is essential to 
avoid overcharging and overdischarging, which can be mitigated by 
using complementary storage technologies such as hydrogen [22].

The study presented in this article is part of the C3POe (Plug & Play 
Water-Electricity Sustainable Coupling for Islands and Isolated Coastal 
Sites). The objective of the C3POe project is to design a system capable 
of meeting the water and electricity needs of isolated populations in a 
sustainable and holistic manner, using renewable resources to minimize 
the system’s environmental impact. The system must be modular to 
adapt to changing needs, and easy to transport and maintain.

The system will be installed primarily on Brittany islands not 
connected to the French national grid: Ouessant, Sein, Molène, and 
Chausey. The French Energy Regulatory Commission, the independent 
authority responsible for guaranteeing the smooth operation of French 
energy markets for the benefit of consumers, has reported an electricity 
production cost of 0.455 e kWh−1 for these islands (which is approx-
imately double the average price per kWh paid in mainland France), 
and an electricity production mix based predominantly on fossil fuels, 
with 94.7% fossil fuels and 5.3% photovoltaic energy.

The risk of drinking water shortages on these islands is also a 
critical factor to consider. These islands have been and continue to be 
exposed to water shortages due to a combination of drought, physical 
limitations, and anthropogenic pressure on water resources. Seawater 
desalination technologies represent the most competitive solution, com-
pared to transporting water by boat or connecting to the mainland 
network [23].

A diagram of the C3POe system is shown in Fig.  1. The system 
consists of electrical, water, and hydrogen networks and is powered 
by a mix of energy from wind turbines and photovoltaic solar panels. 
The subsystems are connected to an alternating current (AC) bus via 
electrical converters. When the system is unable to supply the energy 
required by users, it can utilize a non-renewable energy source external 
to the system. The energy produced by the system is used to meet users’ 
electricity and water requirements. In the event of overproduction 
from renewable energy sources, some of this energy is curtailed. The 
system can store the energy generated by renewable sources in a 
battery energy storage system (BESS) or in a Power to Power (P2P) 
chain that transforms electricity into hydrogen. The hydrogen chain 
comprises an electrolyzer, a hydrogen tank, and a fuel cell. Water is 
produced by two reverse osmosis systems. The first, RO1, produces 
3 
drinking water from seawater, while the second, RO2, produces pure 
water from drinking water for the electrolyzer. All these subsystems are 
controlled by an energy and water management system (EWMS), which 
determines whether they are switched on or off, and their operating 
modes.

Grid-isolated microgrid systems like the C3POe system face the 
challenge of reconciling conflicting objectives:

• ensuring high power and water reliability;
• minimizing energy and water costs;
• reducing carbon emissions.

To find cost-effective solutions capable of continuously adjusting their 
operation to the fluctuating output of renewable sources, it is often 
necessary to combine several power generators and storage systems, 
which increases the complexity of their design and sizing [24,25].

The principle of a hybrid system is to combine the advantages of 
different storage technologies in an attempt to:

• achieve the best efficiency;
• obtain a sufficiently large storage capacity to cover periods of 
energy production shortages throughout the year;

• minimize maintenance and component replacement over the life-
time of the project.

Efficiency is crucial in energy storage, as lower efficiency means 
that either additional generation capacity will be required to meet 
demand, or extra storage capacity will be needed to ensure system 
requirements are met. The efficiency of an isolated microgrid system 
depends on the efficiency of each of its subsystems, but primarily on the 
proportion of energy from renewable sources that can be redistributed 
to consumers. Energy from renewable sources can either be distributed 
directly to consumers, stored by the system for later redistribution, or 
lost when the system’s capacity to store surplus energy is exceeded. 
Despite this, the system may find itself unable to meet consumer needs, 
in which case a source external to the system must be used. The main 
challenge in sizing a microgrid system based on renewable energy is 
to minimize the proportion of energy from an external source used 
to meet consumer needs, while simultaneously minimizing the system 
cost. To increase the system’s capacity to absorb and return energy 
from renewables, its cost must be increased. Conversely, decreasing 
this capacity means increasing the proportion of energy from external 
sources that must be used to meet consumer demand. A sizing study 
must assess the extent to which these two objectives conflict, in order 
to provide project investors with a decision-making criterion.

Another critical objective is to reduce greenhouse gas emissions, 
which are directly linked to the share of fossil fuels in the energy 
mix. In the case of islands and isolated sites where existing electricity 
production is predominantly fossil-based, reducing the share of energy 
coming from outside the HRES system helps to reduce greenhouse 
gas emissions. Apart from the proportion of external energy used, the 
emissions generated by the HRES system are essentially due to the 
emissions produced during the construction of its various components.

The use of commercial software provides the computational frame-
work needed to simulate the operation of off-grid systems. However, 
this approach can constrain system modeling and limit understanding 
of the methods employed. A specific energy distribution strategy is 
employed, which may not be appropriate for the system under study. 
From a general perspective, the sizing methodology and objectives 
may differ from what is desired by users. This is why there are many 
publications developing their own methodologies [3,5,6,21,26–30].

The first step in the sizing and optimization process of off-grid 
HRESs is to provide an accurate model capable of estimating the cost 
of producing water and electricity over the lifetime of the project. This 
results in a large number of decision variables when analyzing this type 
of complex system.

Several model design choices can affect the final result. The first 
challenge is to obtain a set of input data that reflects the weather and 
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Fig. 1. Schematic diagram of the C3POe system, with connection of the various sub-systems to the water, electricity and hydrogen networks. The subsystems controlled by the 
EWMS supply or draw power 𝑃𝑋 from the AC electric bus. AC BUS: Alternative Current bus, BESS: Battery Energy Storage Systems, EL: Electrolyzer, FC: Fuel Cell, RO1: Reverse 
Osmosys system producing drinking water from seawater, RO2: Reverse Osmosys system producing pure water for electrolysis of drinking water, RO1tank : drinking water tank, 
RO2tank : pure water tank.
consumption conditions at the specific site, on the assumption that this 
set of past data describes future conditions at the site.

A common approach in the literature is to rely on typical single-year 
meteorological and demand data and assume that this data is repeated 
from one year to the next over the life of the project. Mandelli et al. 
tested the effect of load profile uncertainty on the sizing of PV-battery 
systems [31]. They found that testing several load profiles led to a 
more robust system sizing that responded reliably to different input 
data. Javed et al. conducted a study assessing the impact of interannual 
renewable energy production variability on the optimal configuration 
of an off-grid renewable energy system, employing four decades of 
meteorological and load demand data [27]. With their model, they 
found that using a range of data over six years considerably reduced 
uncertainties, and resulted in an operating cost around 35% higher 
than a simulation based on a single year. This is because energy storage 
requirements are more sensitive to the length of the simulation period, 
and often increase with longer periods.

The time step of the input data influences the choices and simplifi-
cations made to model the behavior of the various system components, 
such as the electrolyzer and fuel cell. The influence of the time step 
and the resulting assumptions on HRES sizing is a parameter that has 
received little attention in the literature [32,33]. For a time step greater 
than or equal to an hour, the influence of the start-up and shutdown 
times of electrolyzers and fuel cells can be neglected. As a general rule, 
the performance of the various system components is averaged over the 
duration of the time step.

The sizing and technical and economic study of these systems 
cannot be carried out without incorporating an energy management 
strategy [34]. The energy efficiency of the whole system and the 
total operation time that each technology integrated into the system 
undergoes will depend on the management rules put in place [35–37].

The lifespan of the various subsystems also needs to be taken into 
account, as their performance degrades over the life of the project 
and they need to be replaced, increasing the system cost each time 
4 
they are replaced. Very few studies include component replacement, 
yet the impact of component replacement costs is non-negligible [9]. 
Once the model has been established, the system parameters are sized 
by minimizing one or more objective functions using an optimization 
algorithm. The relationship between the objective function and system 
parameters is often non-linear and complex. The main objectives stud-
ied are power supply reliability, optimized operating costs, reduced 
environmental impact, and demand management, among others. Sa-
haria et al. reviewed the different objective functions and algorithms 
used to dimension HRES, focusing on methodologies based on genetic 
algorithms and particle swarm optimization [38].

Salehi et al. carried out a review of single-objective and multi-
objective optimization methods to size HRES for [39]. The most pop-
ular approaches are based on the analysis of Pareto fronts obtained 
from multi-objective evolutionary algorithms, which give better results 
in terms of computational effort, robustness, faster convergence, and 
ability to handle multiple conflicting objectives.

A simplified diagram of the numerical model created is shown 
in Fig.  2. It is subdivided into a performance model, an ageing and 
degradation model, and an economic model.

The study presented in this article aims to determine the size of the 
main components of this system to best meet the water and electricity 
needs of an island community. The article focuses on the specific study 
of the island of Molène, analyzing the technical solution proposed for 
this site. A techno-economic analysis was carried out after defining a 
sizing methodology and a reference strategy for energy management. 
The assessment is based on data and technical information provided by 
the various project stakeholders.

Unlike many other studies, photovoltaic and wind power systems 
are not sized. The choice of the type and power of renewable energy 
production systems to be installed will depend on topological, environ-
mental, administrative, and political factors, among others, which are 
beyond the scope of this study. As a result, several renewable energy 
production mix scenarios have been studied. The search for an optimal 
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Fig. 2. Simplified diagram of the model used to determine the cost of the energy and water produced. Input data, consisting of user electricity and water consumption and energy 
generated by renewable sources (RES), are determined hour by hour over the course of a year, enabling the performance model to calculate the energy stored, consumed, or 
delivered to the consumer by the various subsystems, as well as their utilization rates. This enables the aging model to calculate variable system operating costs (variable OPEX). 

Based on this information, the economic model calculates the cost of energy and water over the life of the project.

Pareto front is carried out for each of these scenarios. One of the 
distinguishing features of this study is that it presents a set of rules 
for simulating the behavior of a management system that will control 
the electricity, hydrogen, and water networks simultaneously. Indeed, 
the originality of the proposed approach is to produce pure water 
for the electrolysis needs from renewable energy production, so there 
is a strong coupling between the pure water level and the hydrogen 
level. The decision was made to take into account the performance 
degradation and lifetime of the electrolyzer, fuel cells, and batteries, 
as they play a significant role in the total cost of the project, which is 
rarely discussed in this type of publication.

Most HRES design studies rely on techno-economic optimization 
models using a single year of meteorological and load data, typically 
assumed to be representative of long-term conditions. However, this 
assumption overlooks the inherent variability and uncertainty of renew-
able resources and energy demand, particularly in isolated or off-grid 
contexts. Recent works, such as those by Javed et al. and Oyewole et al. 
use multi-annual datasets, demonstrating that inter-annual variability 
can significantly affect design outcomes [27,40]. Despite these efforts, 
few studies have proposed a systematic methodology to quantify this 
uncertainty and to identify its underlying causes.

In the present study, this gap is addressed through the development 
of a methodological framework capable of identifying the most favor-
able and unfavorable input years from a system design perspective, 
based on their influence on key techno-economic indicators such as 
the cost of energy. In addition, a shortage indicator is introduced to 
characterize the periods during which energy production falls short 
of demand, thereby revealing the storage requirements that explain 
variations in system performance and cost. This contribution provides 
a novel basis for evaluating the sensitivity of HRES design to input data 
uncertainty and offers a useful tool for more robust and resilient system 
planning.

The structure of this paper is as follows: in Section 2 the different 
scenarios based on meteorological and consumption data are presented; 
in Section 3 the equations and the energy and water management 
system of the model are explained; in Section 4 the objective functions 
and the optimization algorithm used are specified, and the results are 
shown in Section 5.
5 
2. Scenario inputs

For the purposes of the simulation, several scenarios have been 
created based on consumption and weather data for the years 2018 
to 2023, i.e. six years as recommended by Javed et al. [27]. Another 
reason for choosing 6 years is that consumption data are only available 
for the years 2017 to 2023. Meteorological data were obtained from 
the Photovoltaic Geographical Information System (PVGIS) developed 
by the European Commission’s Joint Research Center. The application 
provides hour-by-hour access over a typical year (2005–2020) for a 
given latitude and longitude, to average temperature, humidity and 
irradiance data, as well as wind speed, wind direction and atmospheric 
pressure, all of which are needed to calculate the power generated by a 
solar photovoltaic panel or a wind turbine. The PVGIS model was used 
to obtain the power generated by crystalline silicon 1 kW-peak solar 
panel 𝑃𝑅𝐸𝑆,𝑝𝑣,1𝑘𝑊 𝑝 as shown in Fig.  3. The default value of 14% for the 
overall losses has been kept. The panels are assumed to be fixed and the 
slope and the azimuth are optimized by PVIGS. The wind power module 
of the National Renewable Energy Laboratory’s PySAM Python library 
was used with data from PVGIS to determine the power produced by 
wind turbines 𝑃𝑅𝐸𝑆,𝑝𝑣,26𝑘𝑊  as shown in Fig.  4 [41]. The characteristics 
of a 26 kW wind turbine were used. The power delivered by the turbine 
as a function of wind speed is shown in Fig.  5. This type of 26 kW 
wind turbine is well suited to the Brittany islands, as it has already 
been installed on other islands in the region (Saint-Nicolas and Penfret 
islands in the Glénan Archipelago).

A profile of hourly electricity consumption on the island of Molène 
has been drawn up from data made available by the public authorities 
for each year of the study interval. Electricity consumption data for 
the island of Molène are not available. However, data from the nearest 
town, Brest, are available on the ODRé website (Open Data Réseaux 
Énergies). Molène has a population of around 200. The consumption 
profile of the city of Brest 𝑃𝐿𝑜𝑎𝑑,𝑒𝑙𝑒𝑐,𝐵𝑟𝑒𝑠𝑡(𝑡) is scaled to correspond to 
an average electricity consumption of 200 inhabitants (2400 kWh per 
inhabitant per year), i.e. 480 MWh per year, as shown in Eq. (1). 

𝑃Load, elec, Molène(𝑡) = 𝑃Load, elec, Brest(𝑡) ×
480 [MWh]

∑8760
𝑡=1 𝑃Load, elec, Brest(𝑡)

(1)

In other words, the electricity consumption profile of Molène
𝑃 (𝑡) is different from one year to the next because it 
Load, elec, Molène
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Fig. 3. Photovoltaic power profile 𝑃𝑅𝐸𝑆,𝑝𝑣,1kW𝑝. Annual energy production in [Wh] of crystalline silicon 1 kWp solar panel located on the island of Molène given hour by hour. For 
this graph, the photovoltaic energy produced each hour of the year has been averaged from the results provided by PVGIS for the years 2018–2023. The default value of 14%, 
recommended by PVGIS developers for the overall losses has been kept. The panels are assumed to be fixed and the slope and the azimuth are optimized by PVGIS.
Fig. 4. Wind turbine power profile 𝑃𝑅𝐸𝑆,𝑝𝑣,26kW. Annual energy production in [Wh] of a 26 kW rated wind turbines located on the island of Molène given hour by hour. The 
power versus wind speed curve used to obtain these results is shown in Fig.  5. For this graph, the energy produced by the wind turbine each hour of the year has been averaged 
from the results provided by PYSAM’s windpower module with weather data extracted from the PVGIS database for the years 2018–2023.
corresponds to the profile of Brest’s inhabitants, but the energy con-
sumed per year remains constant at 480 MWh. Hour-by-hour user water 
consumption data are not available. However, since drinking water 
storage is often available and not very restrictive, it can be assumed 
that variations in water consumption can be cushioned by such storage. 
Accordingly, water consumption was evenly distributed throughout the 
year. A base of 150 liters of water consumed per day per inhabitant 
was taken, which corresponds to the national average. To account 
for the impact of water consumption on electricity consumption, the 
production capacity of the reverse osmosis system in 𝑚3 of water 
6 
produced per kWh consumed was used, which corresponds to an annual 
electricity consumption of 65 MWh.

Combining the electricity consumption of residents with the elec-
trical requirements of the reverse osmosis system to produce drink-
ing water, a global hour-by-hour electricity consumption profile 𝑃𝐿𝑜𝑎𝑑
throughout the year is established for each year. An average profile is 
shown in Fig.  6.

Several renewable energy production scenarios are proposed. To 
facilitate reasoning on the impact of renewable energy production on 
system sizing, the energy produced by a 26 kW wind turbine and a 
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Fig. 5. Power versus wind curve for the 26 kW wind turbine.
Fig. 6. Cumulative profile 𝑃𝐿𝑜𝑎𝑑 (𝑡) (𝑡 ∶ 0 ⟼ 8760) of user electricity consumption and equivalent electricity consumption for typical hourly water production over one year on the 
island of Molène. Annual energy consumption in [Wh] given hour by hour and sum of energy consumed per month in [MWh].
Table 1
Assumptions for annual energy consumption and production on Molène 
Island expressed in MWh as a function of the factor 𝑘𝑝𝑜𝑤𝑒𝑟.

 𝑘𝑝𝑜𝑤𝑒𝑟
∑8760

𝑡=1 𝑃𝑅𝐸𝑆 (𝑡) [MWh]
∑8760

𝑡=1 𝑃𝐿𝑜𝑎𝑑 (𝑡) [MWh] 
 1 545

480 + 65 = 545

 
 1.5 817,5  
 2 1090  
 2.5 1362,5  
 3 1635  
 3.5 1907,5  
7 
1 kWp solar panel are scaled so that the sum of annual renewable 
energy production corresponds to the sum of electricity consumption 
𝑃𝐿𝑜𝑎𝑑 multiplied by a factor 𝑘𝑝𝑜𝑤𝑒𝑟. A second parameter 𝑘𝑚𝑖𝑥,𝑝𝑣 with 
values between 0 and 1 giving the share of energy produced by solar 
photovoltaic panels in the mix is introduced.

The sum of the energy produced by photovoltaic panels 𝑃𝑅𝐸𝑆,𝑝𝑣 and 
wind turbines 𝑃𝑅𝐸𝑆,𝑤𝑡 for each scenario satisfies with the following 
equations: 
8760
∑

𝑃𝑅𝐸𝑆,𝑝𝑣(𝑡) = 𝑘𝑚𝑖𝑥,𝑝𝑣𝑘𝑝𝑜𝑤𝑒𝑟

8760
∑

𝑃𝐿𝑜𝑎𝑑 (𝑡) = 𝑛𝑝𝑣
8760
∑

𝑃𝑅𝐸𝑆,𝑝𝑣,1𝑘𝑊 𝑝(𝑡) (2)

𝑡=1 𝑡=1 𝑡=1
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Fig. 7. Diagram of a simplified distribution of the energy produced by renewable 
sources 𝐸𝑅𝐸𝑆 (𝑡) and the distribution of the energy consumed by users 𝐸𝐿𝑜𝑎𝑑 (𝑡). Despite 
the existence of buffer storage to compensate for the intermittency of 𝐸𝑅𝐸𝑆 (𝑡), part 
of the energy is lost, and in order to meet the needs of consumers at all times, it is 
sometimes necessary to call on an energy source external to the system 𝐸𝐸𝑋𝑇 (𝑡).

8760
∑

𝑡=1
𝑃𝑅𝐸𝑆,𝑤𝑡(𝑡) = (1.0 − 𝑘𝑚𝑖𝑥,𝑝𝑣)𝑘𝑝𝑜𝑤𝑒𝑟

8760
∑

𝑡=1
𝑃𝐿𝑜𝑎𝑑 (𝑡) = 𝑛𝑤𝑡

8760
∑

𝑡=1
𝑃𝑅𝐸𝑆,𝑝𝑣,26𝑘𝑊 (𝑡)

(3)

8760
∑

𝑡=1
𝑃𝑅𝐸𝑆 (𝑡) = 𝑘𝑝𝑜𝑤𝑒𝑟

8760
∑

𝑡=1
𝑃𝐿𝑜𝑎𝑑 (𝑡) = 𝑘𝑝𝑜𝑤𝑒𝑟 × 545[MWh] (4)

where 𝑃𝑅𝐸𝑆 is the cumulative power generated by 𝑛𝑏𝑤𝑡 26 kW wind 
turbines and 𝑛𝑏𝑝𝑣 kWp solar photovoltaic panels. The Table  1 shows 
annual energy consumption and production as a function of parameter 
𝑘𝑝𝑜𝑤𝑒𝑟. This scaling is made possible because, firstly, the PVGIS model 
is linear, i.e., the energy supplied by the solar panel is proportional to 
the installed power, and secondly, it is assumed that the wind turbines 
installed do not interfere with each other. In reality, the wind turbines 
in a wind farm disturb each other according to wind direction and the 
position of each within the wind farm, as simulated in PySAM’s wind 
turbine module. However, for the sake of simplicity, the wind turbine 
module has been used with the input parameter of a wind farm with a 
single wind turbine.

The scaling of energy production data for renewables is a key aspect 
of this study. In fact, each year of the project’s lifespan, once installed, 
renewables will produce a different amount of energy depending on 
weather conditions. In the same way, user consumption will differ from 
year to year. As a result, the cost of the energy produced by the system 
will depend on the evolution of weather conditions and the needs of 
system users over the life of the project. To account for this variability 
in energy prices, the combination of the worst and best consumption 
and weather conditions has been selected for each scenario, based on 
past data from the years 2018 to 2023. To calculate the cost of energy, 
the model reuses the same input data for each year of the project’s 
lifetime. This approach produces a likely range of low and high energy 
costs, depending on the scenario studied.

A shortage indicator has been defined to assess the suitability of 
each year’s data set for each scenario. This indicator is based on a 
simplified energy management system. It can be interpreted as a means 
of assessing the mismatch between renewable energy production and 
consumption. As shown in Fig.  7, renewable energy production 𝐸𝑅𝐸𝑆 (𝑡)
is intermittent, so some of it can be distributed directly to the user, 
stored inside a storage system, or lost. As users’ energy consumption 
𝐸𝐿𝑜𝑎𝑑 (𝑡) is difficult to predict, in order to meet their needs on a 
permanent basis, the energy has to be provided either directly from the 
RES, or from the storage system, or from an external source 𝐸𝐸𝑋𝑇 (𝑡). 
Assuming that the storage system is perfect (i.e., operating without 
losses, but also being able to store and redistribute an unlimited amount 
8 
of energy), the shortage indicator can be used to determine how much 
energy needs to be stored in order to be able to continuously meet 
users’ energy requirements for one year without recourse to an external 
source.

At each time step, when (𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

< 0, renewable energy 
sources meet all consumer needs and the surplus is stored. When 
(

𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

> 0, the renewable energy sources only meet 
part of the consumers’ needs and the difference is taken from stor-
age. The system begins to be in shortage when 𝑃𝐿𝑜𝑎𝑑

(

𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒
)

>
𝑃𝑅𝐸𝑆

(

𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒
)

. The system exits the shortage when ∑𝑡𝑒𝑞𝑢𝑖𝑙𝑖𝑏𝑟𝑖𝑢𝑚
𝑡=𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒

(

𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

𝛥𝑡 ≥ 0. Between the time 𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒 when the 
shortage begins and the time 𝑡𝑒𝑞𝑢𝑖𝑙𝑖𝑏𝑟𝑖𝑢𝑚 when the system returns to 
equilibrium, the maximum energy deficit reached makes it possible 
to determine the amount of energy to be stored 𝐸𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒 before the 
shortage to be able to meet users’ needs during this period. 

𝐸𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒 =𝑀𝑎𝑥𝑖𝑚𝑢𝑚

[

(

𝑃𝐿𝑜𝑎𝑑 (𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒) − 𝑃𝑅𝐸𝑆 (𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒)
)

𝛥𝑡

,… ,
𝑡𝑖
∑

𝑡=𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒

(

𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

𝛥𝑡

,… ,
𝑡𝑒𝑞𝑢𝑖𝑙𝑖𝑏𝑟𝑖𝑢𝑚
∑

𝑡=𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒

(

𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

𝛥𝑡 ≥ 0
⎤

⎥

⎥

⎦

(5)

During the year under study, there may be several shortage periods. 
The shortage with the greatest amount of energy to store is selected. It 
is also possible that the system is always in deficit. In this case, the 
calculation of the amount of energy to be stored is stopped at the end 
of the year. The result provided by this pre-sizing assumes that the 
storage is perfect, i.e., that there are no losses due to the efficiency of 
the subsystems. This result is more of an indicator to characterize the 
chosen set of data than a sizing tool. To obtain a more realistic estimate 
of the amount of energy to be stored, the sign of 𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡) for 
each sum needs to be checked. The function 𝑓𝑡𝑜 𝑜𝑟 𝑓𝑟𝑜𝑚 𝑠𝑡𝑜𝑐𝑘 is used to 
take into account losses due to efficiency:
𝑓𝑡𝑜 𝑜𝑟 𝑓𝑟𝑜𝑚 𝑠𝑡𝑜𝑐𝑘 ∶

(

𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

⟼ (6)
𝑖𝑓

(

𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

< 0 ∶

𝐸𝑠𝑡𝑜𝑐𝑘𝑎𝑔𝑒(𝑡) =
(

𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

× 𝜂𝑡𝑜 𝑠𝑡𝑜𝑐𝑘

𝑒𝑙𝑠𝑒 ∶

𝐸𝑠𝑡𝑜𝑐𝑘𝑎𝑔𝑒(𝑡) =
(

𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

∕𝜂𝑓𝑟𝑜𝑚 𝑠𝑡𝑜𝑐𝑘

where 𝜂𝑡𝑜 𝑠𝑡𝑜𝑐𝑘 is the efficiency of the subsystems that transform energy 
into its storable form, and 𝜂𝑓𝑟𝑜𝑚 𝑠𝑡𝑜𝑐𝑘 is the efficiency of the subsystems 
that transform energy from its storable form into a form that can be 
used by consumers.

The following equation modifies the previous shortage indicator to 
take into account the efficiency of the storage chain: 

𝐸𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒,𝜂 =𝑀𝑎𝑥𝑖𝑚𝑢𝑚

[

𝑓𝑡𝑜 𝑜𝑟 𝑓𝑟𝑜𝑚 𝑠𝑡𝑜𝑐𝑘
(

𝑃𝐿𝑜𝑎𝑑 (𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒)

−𝑃𝑅𝐸𝑆 (𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒)
)

𝛥𝑡

,… ,
𝑡𝑖
∑

𝑡=𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒

𝑓𝑡𝑜 𝑜𝑟 𝑓𝑟𝑜𝑚 𝑠𝑡𝑜𝑐𝑘
(

𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

𝛥𝑡

,… ,
𝑡𝑒𝑞𝑢𝑖𝑙𝑖𝑏𝑟𝑖𝑢𝑚
∑

𝑡=𝑡𝑠𝑡𝑎𝑟𝑡 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒

𝑓𝑡𝑜 𝑜𝑟 𝑓𝑟𝑜𝑚 𝑠𝑡𝑜𝑐𝑘
(

𝑃𝐿𝑜𝑎𝑑 (𝑡) − 𝑃𝑅𝐸𝑆 (𝑡)
)

𝛥𝑡 ≥ 0
⎤

⎥

⎥

⎦

(7)

Assuming that during the shortage the H2 chain is the only source of 
storage, and assuming that energy management is perfect, i.e., it does 
not cause any losses or wastage of energy, an initial estimate of the 
quantity of hydrogen to be stored can be obtained by using hydrogen’s 
lower heating value.
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Table 2
Shortage indicator value in MWh for the worst (W) and best (B) combination of energy consumption and production data (year of load data/ 
year of weather data) as a function of 𝑘𝑝𝑜𝑤𝑒𝑟 and 𝑘𝑚𝑖𝑥,𝑝𝑣.
 𝑘𝑝𝑜𝑤𝑒𝑟 𝑘𝑚𝑖𝑥,𝑝𝑣
 0% 20% 40%

 W B W B W B  
 1 556 485 469 411 512 474
 2020/2018 2022/2020 2020/2018 2020/2020 2022/2023 2020/2020
 1,5 216 144 116 51 126 56
 2019/2018 2022/2021 2020/2018 2020/2020 2020/2018 2020/2020
 2 42 19 41 9 49 8
 2020/2018 2022/2019 2020/2018 2022/2020 2022/2022 2019/2020
 2,5 34 11 33 6 36 5
 2020/2018 2022/2019 2022/2018 2023/2019 2020/2018 2019/2020
 3 31 9 28 5 30 4
 2020/2018 2021/2019 2020/2018 2020/2020 2020/2018 2019/2020
 3,5 29 8 26 5 26 4
 2020/2018 2021/2019 2020/2018 2023/2019 2020/2018 2019/2020

 𝑘𝑝𝑜𝑤𝑒𝑟 𝑘𝑚𝑖𝑥,𝑝𝑣
 60% 80% 100%

 W B W B W B

 1 671 641 880 852 1099 1072
 2022/2023 2020/2021 2022/2023 2020/2021 2022/2023 2020/2021
 1,5 198 158 457 430 777 754
 2022/2023 2020/2020 2022/2023 2020/2021 2022/2023 2023/2022
 2 77 30 191 134 474 453
 2022/2023 2020/2020 2022/2023 2023/2018 2022/2023 2023/2022
 2,5 47 6 124 68 323 259
 2022/2022 2023/2020 2022/2023 2020/2020 2022/2023 2020/2021
 3 35 5 69 28 286 218
 2022/2018 2023/2020 2022/2022 2023/2020 2022/2023 2019/2018
 3,5 29 4 46 8 251 180
 2022/2018 2019/2020 2022/2022 2023/2020 2022/2023 2019/2018
The shortage indicator enables the system to be pre-sized, giving an 
idea of the quantity of energy to be stored. Although it requires a more 
complex simulation to be realistic, this quantity of energy to be stored 
is an indicator of the size of the system to be installed, and therefore 
its cost. As this sizing approach is simplified, the calculation results are 
only sensitive to energy production data from renewable sources and 
consumption data. This is a way of distinguishing between the years in 
which the combination of energy consumption and production condi-
tions is favorable, and those in which this combination is unfavorable, 
thus influencing the overall cost of energy.

Having chosen to scale energy production and consumption data 
to the equivalent of the average water and electricity consumption 
of 200 inhabitants per year, as prescribed by Eq.  (4), the difference 
in results between a favorable and unfavorable combination of input 
data depends only on the hour-by-hour variability of production and 
consumption. All the shortage values for the different scenarios are 
shown in Table  2. These different scenarios will serve as input data 
for the numerical model, the details of which are developed in the 
following section.

3. Numerical model

The scenarios presented in the previous section enable a balance 
to be drawn between the energy produced by renewable sources and 
the energy consumed over a one-year period. The main objective of 
the numerical model is to calculate the cost of the energy produced 
by the system for the benefit of users, as shown in the diagram of 
Fig.  2. Consequently, the system’s performance has been assessed, 
i.e., the proportion of energy that can be redistributed to consumers as 
a function of the energy produced by renewables. Assuming that system 
performance is not too sensitive to degradation, it can be assumed 
that the system will perform the same from one year to the next. This 
simplification makes it possible to evaluate the total energy distributed 
to users over the life of the project on the basis of one-year calculations, 
9 
Table 3
Main technical and economic parameters and assumptions for renewable 
energy sources.
 RES parameters
 Photovoltaic solar panel cost 500 e m−2  
 Photovoltaic solar panel area per kWp installed 4.70 m2 kWp−1 
 Cost of a wind turbine 85000 e  

i.e., by multiplying the results obtained over one year by the number 
of years in the life of the project.

The other step in obtaining the energy cost is to account for all 
costs incurred during the life of the project. This includes investment 
costs for each of the subsystems, maintenance costs, but also the cost of 
replacing components that have a limited lifespan. These include bat-
teries, fuel cells and electrolyzers (see Tables  3–6). These replacements 
are due to their utilization rate, in other words, the amount of energy 
charged and discharged from these systems. These steps in the energy 
cost calculation justify the decomposition of the numerical model into 
several sub-models:

• a performance model to calculate the energy redistributed to users 
and the component utilization rate;

• an ageing model to estimate the number of component replace-
ments over the life of the project;

• an economic model that accounts for all fixed and variable costs 
(see Tables  3–6).

3.1. Performance model

To account for the evolution of the system, the model needs to track 
four quantities, each of which corresponds to a storage level:

• electricity, SOC (state of charge);
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Table 4
Main technical and economic parameters and assumptions for batteries.
 BT  
 Battery bank 1 discharging efficiency 𝜂𝐵𝑇 1,− 0.95  
 Battery bank 1 converter efficiency 𝜂𝐶𝑂𝑁𝑉 ,𝐵𝑇 1 0.95  
 Battery bank 1 C-Rate 𝐶𝑟𝐵𝑇 ,1 2.00  
 Battery bank 1 investment cost 𝐶𝑖𝑛𝑣, 𝐵𝑇 1, e∕ kWh 550 e kWh−1 
 Battery bank 1 replacement cost 550 e kWh−1 
 Lifetime battery bank 1 𝐿𝐵𝑇 1 10 years  
 Maximum state of charge of battery bank 2 𝑆𝑂𝐶𝑚𝑎𝑥 1.00  
 Minimum state of charge of battery bank 2 𝑆𝑂𝐶𝑚𝑖𝑛 0.50  
 Initial state of charge of battery bank 2 𝑆𝑂𝐶𝑖𝑛𝑖 0.50  
 Battery bank 2 charging efficiency 𝜂𝐵𝑇 2,+ 0.85  
 Battery bank 2 discharging efficiency 𝜂𝐵𝑇 2,− 0.85  
 Battery bank 2 converter efficiency 𝜂𝐶𝑂𝑁𝑉 ,𝐵𝑇 2 0.95  
 Battery bank 2 investment cost 𝐶𝑖𝑛𝑣, 𝐵𝑇 2, e∕ kWh 250 e kWh−1 
 Battery bank 2 replacement cost 250 e kWh−1 

• hydrogen, LOH (level of hydrogen);
• drinkable water, LOW1 (level of drinkable water);
• pure water, LOW2 (level of pure water).

One of the objectives of the performance model is to take stock of these 
quantities at each time step and to report on their evolution. The model 
seeks to describe the relationships between these different quantities. At 
each time step, the simulated EWMS performs an energy balance. The 
diagram of Fig.  1 describes C3POe system, using the average power 𝑃𝑋
consumed or produced by each subsystem X seen by the EWMS at AC 
bus level and implied in the model equations. These average powers 
are converted into energy by multiplying by the simulation time step: 

𝐸𝑋
[Wh]

= 𝑃𝑋
[W]

× 𝛥𝑡
[h]

(8)

Based on the same principle, the flows 𝑄𝑋 in the water circuit 
consumed or produced by the reverse osmosis systems or the elec-
trolyzer are calculated at each time step to determine the evolution 
of water levels. The quantities of energy or water exchanged between 
the various subsystems will depend on the efficiency of each and the 
transformations carried out. Converters are used to adapt the electrical 
current to the AC bus. To account for these conversions, their efficiency 
is included in power calculations, and denoted by 𝜂𝐶𝑂𝑁𝑉 ,𝑋 , where X is 
the abbreviation for the subsystem for which the current converter is 
used.

3.2. Subsystems performance

The power range of the electrolyzer is defined between a high 
𝑃𝐸𝐿,𝑈𝐵 and a low power 𝑃𝐸𝐿,𝐿𝐵 : 
𝑃𝐸𝐿,𝐿𝐵

𝜂𝐸𝐿,𝑎𝑐∕𝑑𝑐
< 𝑃𝐸𝐿(𝑡) <

𝑃𝐸𝐿,𝑈𝐵

𝜂𝐸𝐿,𝑎𝑐∕𝑑𝑐
(9)

where 𝑃𝐸𝐿,𝐿𝐵 is the electrolyzer’s lower operating limit and 𝑃𝐸𝐿,𝑈𝐵
its upper limit. It is assumed that the electrolyzer’s production and 
consumption of pure water are proportional to the power consumed. 
The efficiency of the electrolyzer 𝜂𝐸𝐿 is therefore assumed to be con-
stant. The electrolyzer’s lower operating limit 𝑃𝐸𝐿,𝐿𝐵 is set at 30% 
of its rated power, which corresponds to an operating regime where 
its efficiency is close to its optimum [9]. The upper limit 𝑃𝐸𝐿,𝑈𝐵 is 
set at the electrolyzer’s rated power. The choice of these parameters 
makes it possible to limit errors due to the approximation of a constant 
efficiency, as the real efficiency of most electrolyzers varies little in 
this power range. It is assumed that the use of batteries coupled with 
appropriate energy management rules will enable the electrolyzer to 
operate in this range of use, where its efficiency is at its best.

The number of kg of hydrogen produced 𝑘𝐸𝐿,𝑃−>𝐻2[𝑘𝑔 𝑊 ℎ−1] and 
the quantity of pure water consumed 𝑘𝐸𝐿,𝑃−>𝑄[m3 Wh] per Wh con-
sumed are used to calculate the mass of hydrogen 𝑚̇ [kg h−1] and the 
𝐻2

10 
quantity of water 𝑄𝐸𝐿(𝑡)[m3 h−1] produced per unit of time. 

𝑚̇𝐻2,+(𝑡) = 𝑘𝐸𝐿,𝑃−>𝐻2𝑃𝐸𝐿(𝑡)𝜂𝐶𝑂𝑁𝑉 ,𝐸𝐿 (10)

𝑄𝐸𝐿(𝑡) = 𝑘𝐸𝐿,𝑃−>𝑄𝑃𝐸𝐿(𝑡)𝜂𝐶𝑂𝑁𝑉 ,𝐸𝐿 (11)

The power range of the fuel cell is defined between a high 𝑃𝐹𝐶,𝑈𝐵
and a low power 𝑃𝐹𝐶,𝐿𝐵 : 

𝑃𝐹𝐶,𝐿𝐵 ∗ 𝜂𝐹𝐶,𝑑𝑐∕𝑎𝑐 < 𝑃𝐹𝐶 (𝑡) < 𝑃𝐹𝐶,𝑈𝐵 ∗ 𝜂𝐶𝑂𝑁𝑉 ,𝐹𝐶 (12)

The amount of energy produced as a function of the number of kg of 
hydrogen consumed is calculated from the assumed constant average 
efficiency 𝜂𝐹𝐶 and the lower heating value of hydrogen 𝐿𝐻𝑉𝐻2 =
33330 [Wh kg−1]: 

𝑃𝐹𝐶 (𝑡) = 𝑚̇𝐻2,−(𝑡)𝐿𝐻𝑉𝐻2 𝜂𝐹𝐶 𝜂𝐶𝑂𝑁𝑉 ,𝐹𝐶 (13)

To ensure that the assumption of constant efficiency remains valid, 
the upper limit of the fuel cell’s working power is set at 80% of its 
rated power, and its minimum working power is set at 10%. In this 
operating range, efficiency is better, varying by around 7 or 8% [9]. 
This can be explained by the fact that as the electrical power output 
decreases, so does the efficiency of the fuel cell, but at low powers the 
consumption of auxiliaries reduces the overall efficiency of the system. 
This assumption, chosen to limit model errors, may have an influence 
on the overall cost of the system. Operating the fuel cell at a power 
level 20% lower than its rated power means that the fuel cell has to be 
oversized. As the cost of the fuel cell is a function of its rated power, 
the overall cost of the system is increased.

At each time step, the quantity of hydrogen in the tank changes 
according to the quantity produced by the electrolyzer and consumed 
by the fuel cell is calculated from hydrogen tank capacity 𝐶𝐻2[kg]: 

𝐿𝑂𝐻(𝑡+1) = 𝐿𝑂𝐻(𝑡)+
𝑘𝐸𝐿,𝑃−>𝐻2𝑃𝐸𝐿(𝑡)𝜂𝐸𝐿,𝑎𝑐∕𝑑𝑐𝛥𝑡

𝐶𝐻2
−

𝑃𝐹𝐶 (𝑡)𝛥𝑡
𝐶𝐻2 𝑃𝐶𝐼𝐻2 𝜂𝐹𝐶 𝜂𝐹𝐶,𝑑𝑐∕𝑎𝑐

(14)

𝐿𝑂𝐻(𝑡 + 1) − 𝐿𝑂𝐻(𝑡) =
𝑚̇𝐻2,+(𝑡) − 𝑚̇𝐻2,−(𝑡)

𝐶𝐻2
(15)

The two reverse osmosis units operate at their rated power and 
have been sized to meet the annual water needs of the population of 
the island of Molène. The pure water reverse osmosis unit (RO2) can 
only operate when the drinking water reverse osmosis unit (RO1) is 
in operation. They can be switched on or off and deliver a constant 
flow rate. The flow rate 𝑄𝑅𝑂1(𝑡) gives the production of drinking water 
intended for consumption. The flow rate 𝑄𝑅𝑂2(𝑡) gives the production 
of pure water. The drinking water produced by RO1 is distributed 
between the drinking water reservoir intended for consumption and 
the drinking water intended for the production of pure water. The RO2 
system produces pure water but rejects drinking water. The drinking 
water flow rate can therefore take two values: 𝑄𝑅𝑂1,𝑅𝑂2−𝑂𝑁  when RO2 
is running and 𝑄𝑅𝑂1,𝑅𝑂2−𝑂𝐹𝐹  when RO2 is switched off. Assuming 
constant speed operation simplifies the rules of priority for water and 
energy management.

The cost of storing drinking water is not included in the overall 
cost, as the installations are assumed to already exist. However the 
drinking water storage capacity 𝐶𝑊 1 is used to determine when to 
switch RO1 on or off, and must therefore be taken into account in the 
model. The capacity of the pure water tank 𝐶𝑊 2 has also been fixed, the 
size of the tank has a negligible influence on the result of the economic 
calculations; however, it must be taken into account in the model as the 
level of the pure water tank determines whether the electrolyzer can be 
switched on or off. The drinking water level 𝐿𝑂𝑊 1 (see Eq. (16)) and 
the pure water level 𝐿𝑂𝑊 2 (see Eq. (17)) are calculated at each time 
step. 

𝐿𝑂𝑊 1(𝑡 + 1) = 𝐿𝑂𝑊 1(𝑡) +
𝑄𝑅𝑂1(𝑡)𝛥𝑡 −

𝑄𝐿𝑜𝑎𝑑 (𝑡)𝛥𝑡 (16)

𝐶𝑊 1 𝐶𝑊 1
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Table 5
Main technical and economic parameters and assumptions for the hydrogen chain.
 H2  
 Maximum hydrogen tank level 𝐿𝑂𝐻𝑚𝑎𝑥 1.00  
 Minimum hydrogen tank level 𝐿𝑂𝐻𝑚𝑖𝑛 0.01  
 Lower heating value hydrogen 𝐿𝐻𝑉𝐻2 33330 Wh kg−1 
 Hydrogen tank investment cost per kg stored 𝐶𝑖𝑛𝑣, 𝐻2, e∕ 𝑘𝑔 470 e kg−1  
 Cost of annual hydrogen tank maintenance as a percentage of investment cost 2 e kg−1  
 EL  
 Upper boundary of electrolyzer power consumption as a percentage of rated power 𝑃𝐸𝐿,𝑈𝐵 100%  
 Lower boundary of electrolyzer power consumption as a percentage of rated power 𝑃𝐸𝐿,𝐿𝐵 30%  
 Efficiency of the electrolyzer and its auxiliaries 𝜂𝐸𝐿 0.5  
 Quantity of hydrogen produced per Wh consumed 𝑘𝐸𝐿,𝑃−>𝐻2 0.0166 kg kWh−1  
 Electrolyzer converter efficiency 𝜂𝐶𝑂𝑁𝑉 ,𝐸𝐿 0.95  
 Quantity of pure water consumed per kWh consumed 𝑘𝐸𝐿,𝑃−>𝑄 0.00016 m3 kWh−1 
 Number of times electrolyzer switched on and off before failure 𝑛𝑏𝑠𝑡,𝑡𝑜𝑡,𝐸𝐿 7500  
 Number of hours of electrolyzer operation before failure 𝑛𝑏ℎ,𝑡𝑜𝑡,𝐸𝐿 80000  
 Investment cost of electrolyzer as a function of installed power rating 𝐶𝑖𝑛𝑣, 𝐸𝐿, e∕ 𝑊 4.60 e W−1  
 Cost of annual electrolyzer maintenance as a percentage of investment cost 4%  
 Replacement cost of electrolyzer stacks as a percentage of investment cost 26.7%  
 FC  
 Upper boundary of fuel cell power consumption as a percentage of rated power 𝑃𝐹𝐶,𝑈𝐵 80%  
 Lower boundary of fuel cell power consumption as a percentage of rated power 𝑃𝐹𝐶,𝐿𝐵 10%  
 Efficiency of the fuel cell and its auxiliaries 𝜂𝐸𝐿 0.50  
 Fuel cell converter efficiency 𝜂𝐶𝑂𝑁𝑉 ,𝐸𝐿 0.95  
 Number of times fuel cell switched on and off before failure 𝑛𝑏𝑠𝑡,𝑡𝑜𝑡,𝐹𝐶 10000  
 Number of hours of fuel cell operation before failure 𝑛𝑏ℎ,𝑡𝑜𝑡,𝐸𝐿 30000  
 Investment cost of fuel cell as a function of installed rated power 𝐶𝑖𝑛𝑣, 𝐹𝐶, e∕ 𝑊 3.9 e W−1 
 Cost of annual electrolyzer maintenance as a percentage of investment cost 4%  
 Replacement cost of fuel cell stacks as a percentage of investment cost 27%  
Table 6
Main technical and economic parameters and assumptions for the reverse osmosis systems.
 RO1  
 Rated power of reverse osmosis system 1 𝑃𝑅𝑂1,𝑟𝑎𝑡𝑒𝑑 11.4 kW  
 Drinking water flow rate, reverse osmosis system 2 is off 𝑄𝑅𝑂1,𝑅𝑂2−𝑂𝐹𝐹 1.90 m3 h−1 
 Drinking water flow rate, reverse osmosis system 2 is on 𝑄𝑅𝑂1,𝑅𝑂2−𝑂𝑁 1.25 m3 h−1 
 Drinking water tank capacity 𝐶𝑊 1 300 m3  
 End-of-priority drinking water tank level 𝐿𝑂𝑊 1𝑒𝑛𝑑 𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 0.80  
 Start-of-priority drinking water tank level 𝐿𝑂𝑊 1𝑠𝑡𝑎𝑟𝑡 𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 0.10  
 Reverse osmosis 1 system investment cost 𝐶𝑖𝑛𝑣,𝑅𝑂1 202 ke  
 Cost of replacing a reverse osmosis system membrane 𝐶𝑟𝑒𝑝,𝑅𝑂1,𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒 12 ke  
 Reverse osmosis 1 system operating time before membrane replacement 𝑡𝑟𝑒𝑝,𝑅𝑂1,𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒 15000 h  
 Cost of replacing consumables 𝐶𝑟𝑒𝑝,𝑅𝑂1,𝑐𝑜𝑛𝑠𝑢𝑚𝑎𝑏𝑙𝑒𝑠 1.2 ke  
 Reverse osmosis 1 system operating time before membrane replacement 𝑡𝑟𝑒𝑝,𝑅𝑂,𝑐𝑜𝑛𝑠𝑢𝑚𝑎𝑏𝑙𝑒𝑠 1000 h  
 Reverse osmosis 1 system fixed replacement costs 𝐶𝑟𝑒𝑝,𝑅𝑂1,𝑓 𝑖𝑥𝑒𝑑 3.5 ke  
 RO2  
 Rated power of reverse osmosis system 2 𝑃𝑅𝑂2,𝑟𝑎𝑡𝑒𝑑 1.3 kW  
 Drinking water flow rate 𝑄𝑅𝑂2 0.65 m3 h−1 
 Pure water tank capacity 𝐶𝑊 2 1 m3  
 Maximum level of pure water tank 𝐿𝑂𝑊 2𝑚𝑎𝑥 0.90  
 Minimum level of pure water tank 𝐿𝑂𝑊 2𝑚𝑖𝑛 0.20  
 Investment cost of reverse osmosis system 2 𝐶𝑖𝑛𝑣,𝑅𝑂2 298 ke  
𝐿𝑂𝑊 2(𝑡 + 1) = 𝐿𝑂𝑊 2(𝑡) +
𝑄𝑅𝑂2(𝑡)𝛥𝑡

𝐶𝑊 2
−

𝑄𝐸𝐿(𝑡)𝛥𝑡
𝐶𝑊 2

(17)

The BESS is divided into two benches. The first bench is responsible 
for balancing the grid, and is not considered as a storage source or a 
determining producer of the system. The state of charge (SOC) of this 
first bench is not calculated by the model itself. In order to dimension 
the capacity of the bench, it is necessary to be able to determine the 
minimum and maximum state of charge during its service life. The 
state-of-charge of this first bench cannot be calculated by the model, 
as to evaluate SOC variations a time step of the order of a second or 
millisecond should be adopted.

As a result, it is not possible to size the capacity of this battery 
bench using the optimization algorithm. However, it is possible to 
approximate it by estimating the maximum power 𝑃𝑚𝑎𝑥,𝑔𝑟𝑖𝑑 consumed 
on the grid:
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𝐶𝐵𝑇 ,1 =
𝑃𝑚𝑎𝑥,𝑔𝑟𝑖𝑑

𝐶𝑟𝐵𝑇 1 ∗ 𝜂𝐶𝑂𝑁𝑉 ,𝐵𝑇 1,−
(18)

where 𝐶𝐵𝑇 ,1 is the capacity of this first battery bench and 𝐶𝑟𝐵𝑇 ,1 is its 
C-rating. The second battery bench has the function of absorbing energy 
variations beyond one hour. The model calculates the average quantity 
charged or discharged from the battery between two time steps and 
ensures that the average state of charge remains between a minimum 
𝑆𝑂𝐶𝑚𝑖𝑛 and maximum value 𝑆𝑂𝐶𝑚𝑎𝑥. The average state of charge over 
the time step varies according to the following equation :

𝑆𝑂𝐶(𝑡 + 1) = 𝑆𝑂𝐶(𝑡) +
𝑃𝐵𝑇 2,+(𝑡) ⋅ 𝛥𝑡 ⋅ 𝜂𝐵𝑇 2,+ ⋅ 𝜂𝐶𝑂𝑁𝑉 ,𝐵𝑇 2

𝐶𝐵𝑇 2

−
𝑃𝐵𝑇 2,−(𝑡) ⋅ 𝛥𝑡

𝜂𝐵𝑇 2,− ⋅ 𝜂𝐶𝑂𝑁𝑉 ,𝐵𝑇 2 ⋅ 𝐶𝐵𝑇 2
(19)

where 𝐶𝐵𝑇 ,2 is the capacity of this battery bench, 𝑃𝐵𝑇 ,𝑑 is the average 
power of the battery in a discharge phase, and 𝑃𝐵𝑇 ,𝑐 is the average 
power of the battery in a charging phase.



F. Struyven et al. International Journal of Hydrogen Energy 158 (2025) 150309 
Fig. 8. Logic block diagram for switching the reverse osmosis (RO1) system producing 
drinking water on and off.

3.3. Energy and water management system

The aim of the simulation is not to create a functional EWMS, but to 
integrate and simulate its behavior over the simulation time step, which 
is typically one hour (depending on the input data). As the simulation 
time step is one hour, the simulation cannot account for variations in 
power or flow rates over shorter time steps. So the simulated EWMS 
can only account for the major trends that will modify the state of the 
system. At each time step, the EWMS determines the electrical power 
consumed or produced on the AC bus by the various subsystems, based 
on the data provided by the scenarios, i.e., 𝑃𝑅𝐸𝑆 , 𝑃𝐿𝑜𝑎𝑑 , and 𝑄𝐿𝑜𝑎𝑑 , 
as well as the value of the various levels, i.e., 𝑆𝑂𝐶, 𝐿𝑂𝐻 , 𝐿𝑂𝑊 1, 
and 𝐿𝑂𝑊 2. In order to absorb grid fluctuations, priority is generally 
given to battery storage, followed by hydrogen storage. The battery 
state-of-charge and the level of the hydrogen tank are generally the 
key variables used to regulate the system.

The operating rules described above for each subsystem are taken 
into account in the operation of the simulated EWMS: On/off operations 
of the reverse osmosis systems, and control of the electrolyzer and 
fuel cell between high and low operating power. The EWMS operating 
rules are shown in the diagrams in Figs.  8 to 12. Energy management 
rules presented in Figs.  11 and 12 have been established from the ones 
described by Marocco et al. [4]. As shown in Fig.  8, the variation in the 
drinking water level is simulated at each time step by Eq. (16). Drinking 
water production becomes a priority when: 

𝐿𝑂𝑊 1(𝑡) < 𝐿𝑂𝑊 1𝑠𝑡𝑎𝑟𝑡 𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 ⟼ 𝐼𝑂𝑅𝑂1(𝑡) = 1 (20)

The priority stops when: 

𝐿𝑂𝑊 1(𝑡) > 𝐿𝑂𝑊 1𝑒𝑛𝑑 𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 ⟼ 𝐼𝑂𝑅𝑂1(𝑡) = 0 (21)

where 𝐼𝑂𝑅𝑂1 is a variable indicating whether RO1 is running or 
stopped, 𝐿𝑂𝑊 1𝑠𝑡𝑎𝑟𝑡 𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 and 𝐿𝑂𝑊 1𝑒𝑛𝑑 𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 are two drinking water 
level values for which drinking water production becomes a priority or 
not. When 𝐼𝑂𝑅𝑂1(𝑡) = 1, water requirements take priority, the reverse 
osmosis system will operate regardless of the state of the system (energy 
surplus or deficit). This configuration of the system makes it possible to 
respond to a water shortage. When 𝐼𝑂𝑅𝑂1(𝑡) = 0, the reverse osmosis 
system unit operates only when there is an energy surplus and within 
the limits of the authorized drinking water level. The system must be 
capable of meeting the electrical needs of 𝑃𝐿𝑜𝑎𝑑 consumers at all times, 
i.e., the consumption of the electrical network cannot be controlled and 
cannot be shed. As shown in Fig.  9, after defining the water priority 
the simulated EWMS performs an initial energy balance by determining 
whether there is an energy surplus or deficit in relation to the electricity 
and water requirements: 

𝑃𝑅𝐸𝑆 (𝑡) ≥
[

𝑃𝐿𝑜𝑎𝑑 (𝑡) + 𝑃𝑅𝑂1,𝑟𝑎𝑡𝑒𝑑 × 𝐼𝑂𝑅𝑂1(𝑡)
]

(22)

As shown in Fig.  10 in the event of a surplus, energy is first stored 
in the battery bank. To ensure that the battery’s SOC does not exceed 
12 
Fig. 9. Logical block diagram to define whether the system is in surplus or deficit.

its maximum limit 𝑆𝑂𝐶𝑚𝑎𝑥, the variable 𝑃𝐵𝑇 ,𝑆𝑂𝐶,+ is calculated at each 
time step: 

𝑃𝐵𝑇 ,𝑆𝑂𝐶,+(𝑡) =
𝐶𝐵𝑇

[

𝑆𝑂𝐶𝑚𝑎𝑥 − 𝑆𝑂𝐶(𝑡)
]

𝛥𝑡𝜂𝐵𝑇 ,+
(23)

The pure water level is then checked to see if there is enough to 
produce hydrogen. To ensure that the level of the pure water tank 
𝐿𝑂𝑊 2 does not exceed its minimum 𝐿𝑂𝑊 2𝑚𝑖𝑛 or maximum limit 
𝐿𝑂𝑊 2𝑚𝑎𝑥, variables 𝑄𝐿𝑂𝑊 2,𝑚𝑖𝑛 and 𝑄𝐿𝑂𝑊 2,𝑚𝑎𝑥 are calculated at each 
time step, as shown respectively in Eq. (24) and (25). The RO2 system 
is switched on or off depending on the pure water level. 

𝑄𝐿𝑂𝑊 2,𝑚𝑖𝑛(𝑡) =
𝐶𝐿𝑂𝑊 2

[

𝐿𝑂𝑊 2(𝑡) − 𝐿𝑂𝑊 2𝑚𝑖𝑛
]

𝛥𝑡
(24)

𝑄𝐿𝑂𝑊 2,𝑚𝑎𝑥(𝑡) =
𝐶𝐿𝑂𝑊 2

[

𝐿𝑂𝑊 2𝑚𝑎𝑥 − 𝐿𝑂𝑊 2(𝑡)
]

𝛥𝑡
(25)

The remaining energy is used to determine the operating power 
of the electrolyzer, As shown in Fig.  11. To ensure that the level of 
hydrogen does not exceed its maximum limit 𝐿𝑂𝐻𝑚𝑎𝑥, the variable 
𝑃𝐸𝐿,𝐿𝑂𝐻  is calculated at each time step: 

𝑃𝐸𝐿,𝐿𝑂𝐻 (𝑡) =
𝐶𝐻2(𝐿𝑂𝐻𝑚𝑎𝑥 − 𝐿𝑂𝐻(𝑡))
𝑘𝐸𝐿,𝑃−>𝐻2𝜂𝐸𝐿,𝑎𝑐∕𝑑𝑐𝛥𝑡

(26)

The variable 𝑃𝐶𝑈𝑅𝑇  can be understood as the amount of energy not 
consumed by the system and users, or as the energy lost due to 
the curtailment of renewable energy production. In order of priority, 
energy from renewable sources is consumed by:

• water and electricity needs (𝑃𝐿𝑜𝑎𝑑 + 𝐼𝑂𝑅𝑂1 × 𝑃𝑅𝑂1,𝑟𝑎𝑡𝑒𝑑
)

;
• the recharging of the batteries 𝑃𝐵𝑇 ,+, as long as the SOC remains 
between its upper and lower limits;

• the production of pure water 𝑃𝑅𝑂2;
• the production of hydrogen 𝑃𝐸𝐿;
• the loss of surplus energy 𝑃𝐶𝑈𝑅𝑇 .

If the inequality Eq. (22) is not satisfied, the system is in energy 
deficit. As shown in Fig.  12 in the event of a deficit, energy is first 
taken from the BESS. To ensure that the battery’s SOC does not fall 
below its minimum limit 𝑆𝑂𝐶𝑚𝑖𝑛, the variable 𝑃𝐵𝑇 ,𝑆𝑂𝐶,− is calculated 
at each time step. 

𝑃𝐵𝑇 ,𝑆𝑂𝐶,−(𝑡) =
𝐶𝐵𝑇

[

𝑆𝑂𝐶(𝑡) − 𝑆𝑂𝐶𝑚𝑖𝑛
]

𝛥𝑡𝜂𝐵𝑇 ,−
(27)

The fuel cell produces energy only when 𝐿𝑂𝐻(𝑡) > 𝐿𝑂𝐻𝑚𝑖𝑛 and 
only in the permitted power range. As calculated in Eq. (28), the 
variable 𝑃𝐹𝐶,𝐿𝑂𝐻 (𝑡) is used to determine the electrical power seen at 
the AC bus level produced by the fuel cell if it were to consume the 
quantity of H2 expressed in kg allowing the H2 tank to be emptied 
of its lower limit (𝐿𝑂𝐻𝑚𝑖𝑛), i.e., 𝑃𝐹𝐶 (𝑡) must not exceed this power in 
order not to empty the 𝐻2  tank: 

𝑃 (𝑡) =
𝐶𝐻2(𝐿𝑂𝐻(𝑡) − 𝐿𝑂𝐻𝑚𝑖𝑛) 𝑃𝐶𝐼𝐻2 𝜂𝐹𝐶 𝜂𝐹𝐶,𝑑𝑐∕𝑎𝑐 (28)
𝐹𝐶,𝐿𝑂𝐻 𝛥𝑡
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Fig. 10. Logic block diagram for switching the reverse osmosis (RO2) system producing pure water on and off.
Fig. 11. Logic block diagram to define the electrolyzer’s operating power.
Strictly speaking, the genset is not modeled, but a power 𝑃𝐸𝑋𝑇  corre-
sponding to an output of the model is calculated. This output variable 
is used to calculate the proportion of electricity consumed that comes 
from renewables. With the exception of the reverse osmosis unit 1, the 
other energy-consuming subsystems are shut down when the system 
has an energy deficit. In order of priority, the production of electricity 
to meet water and electricity requirements comes:

• from the renewable energy sources;
• from the battery bank, 𝑃𝐵𝑇 ,− as long as the SOC remains between 
its upper and lower limits;
13 
• of the fuel cell, 𝑃𝐹𝐶 ;
• from a source external to the system 𝑃𝐸𝑋𝑇 .

3.4. Ageing model

To define the overall performance of a system over a lifetime of 
several years, the first parameter often cited is system efficiency. How-
ever, the degradation quantifying the way in which the efficiency of 
subsystems degrades over time is often not yet fully taken into account 
in studies. Degradation is important because it makes it possible to 
assess how often the subsystems in use need to be replaced, generating 
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Fig. 12. Logic block diagram to define the Fuel Cell’s operating power.
new investment costs and increasing the overall price of the system. In 
order to take into account the costs of maintaining and replacing the 
various components of the system over the life of the project (𝐿𝑃𝑅), it is 
necessary to use a set of models to estimate their aging and determine 
when they have to be replaced.

Both the fuel cell and the electrolyzer will run for many hours, and 
over time their performance will decline. As the fuel cell and elec-
trolyzer operate within a long-term storage chain, both systems may 
experience cyclic load changes, start–stop succession, idling or high-
power operation, which can accelerate their degradation. However, 
at the design stage, the future operating states of these systems are 
unknown, which means that the factors accelerating their degradation 
are unknown. In other words, future operating performances can only 
be estimated.

Li et al. have taken into account the performance degradation of 
an electrolyzer and a fuel cell within a microgrid using a model based 
on cell voltage [42]. The degradation of the electrolyzer will cause the 
cell voltage to increase and the degradation of the fuel cell will cause 
the cell voltage to decrease. In fact, this degradation model is based on 
the time they are in use. Le et al. estimate the hourly voltage degra-
dation of cells in an electrolyzer and a PEM fuel cell at +10𝜇𝑉 ∕ℎ and 
−5𝜇𝑉 ∕ℎ respectively [43]. Based on a series of CFD simulations of a 
system based on photovoltaic solar panels and hydrogen storage, Ozden 
et al. estimate a two-year degradation in PEM fuel cell performance of 
17% [22,44].

Pei et al. studied fuel cell performance degradation under different 
operating conditions in vehicle applications [45]. In on-board appli-
cations, the main feature is that fuel cells always operate at varying 
load conditions. The authors attribute over 50% of the performance 
degradations to these load changes, while frequent switching on and 
off accounts for around a third of the causes of degradation. El-kharouf 
et al. reviewed the main degradation mechanisms of PEM fuel cells 
to understand both the changes in membrane performance with time 
in various applications and the main phenomena causing degrada-
tion [46]. Yu et al. specifically studied the degradation of PEMFCs 
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during shutdown and start-up processes [47]. Hua et al. carried out a 
review of PEMFC degradation mechanisms and, above all, of the models 
used to predict degradation [48]. However, the models studied, based 
on short and medium term performance trends, do not enable users 
to plan long-term maintenance operations. Jupiter 1000 is a Power-
to-Gas industrial demonstrator in which an alkaline electrolyzer and 
PEM are tested. After 5 years of operation, the efficiency and causes of 
degradation of the electrolyzers have been reported [49].

PEM electrolyzers degrade more rapidly than alkaline electrolyzers. 
They can present an efficiency loss of 2.5% per year and have an esti-
mated lifespans 2 to 5 times shorter than alkaline electrolyzers. Alkaline 
electrolyzers have a service life of around 90000 h and can show an 
efficiency loss of almost 1% per year [50,51]. Performance degradation 
is used to determine when the electrolysis stack or fuel cell should be 
replaced, usually when the energy efficiency drops to 90% of its initial 
nominal value [9]. Some models estimate replacement based on service 
life and operating time in hours [30,52]. But counting degradations 
in terms of hours presupposes that degradations are linear, which is 
debatable. Studying a system producing hydrogen from wind energy 
and a PEM electrolyzer, Santos et al. estimated efficiency degradation 
at 2% of rated power for 8,000 h of operation [53]. The authors report 
5000 on/off switching cycles and an overall service life of 40000 h. 
Brauns and Turek, in their review of alkaline electrolyzers powered by 
renewable energies, report that these can tolerate between 5,000 and 
10,000 on–off cycles [54].

Torreglessa et al. have developed an EMS for a HRES that takes 
the minimizing of the operating cost into account when deciding when 
to operate system components [55]. The authors report that one start 
of PEM FC from 0 to the rated power represents 3 working hours 
in continuous operation. They conclude performance degradation of 
the subsystems plays a key role in their analysis, but the results are 
subjected to the accuracy of the lifetime degradation models. The 
performance degradation of fuel cells and electrolyzers is widely stud-
ied in the literature, but the models accounting for their degradation 
remain uncertain. However, performance degradation and the cost of 
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Table 7
Values DOD-CTF BT2.
 DOD % CTF  
 10 5700 
 25 2100 
 35 1470 
 50 1000 
 60 830  
 70 700  
 80 600  
 90 450  

replacement cannot be neglected. A calculation based on operating time 
and number of on–off cycles has already been used, and seems a good 
alternative in view of the modeling uncertainties involved [9]. We use 
here the same methodology used by Marocco et al. to determine the 
ageing and replacement of the fuel cell, electrolyzer and battery pack 
2, and does not take into account the performance degradation of each 
of these subsystems. One of the practical reasons for this choice is 
that, in order to take into account annual performance degradations, 
the system’s performance needs to be calculated over its total lifetime, 
which can potentially multiply the calculation time by 𝐿𝑃𝑅.

The lifetime of the electrolyzer 𝐿𝐸𝐿 and fuel cell 𝐿𝐹𝐶 are calculated 
from their annual operating hours 𝑛𝑏ℎ,𝑋𝑋 and the number of times they 
are switched on and off 𝑛𝑏𝑠𝑡,𝑋𝑋 in the course of a year. 

𝐿𝐸𝐿 = 𝑚𝑖𝑛

(

( 𝑛𝑏ℎ, 𝐸𝐿

𝑛𝑏ℎ, 𝑡𝑜𝑡, 𝐸𝐿
+

𝑛𝑏𝑠𝑡, 𝐸𝐿

𝑛𝑏𝑠𝑡, 𝑡𝑜𝑡, 𝐸𝐿

)−1
, 𝐿𝑃𝑅

)

(29)

𝐿𝐹𝐶 = 𝑚𝑖𝑛

(

( 𝑛𝑏ℎ, 𝐹𝐶

𝑛𝑏ℎ, 𝑡𝑜𝑡, 𝐹𝐶
+

𝑛𝑏𝑠𝑡, 𝐹𝐶

𝑛𝑏𝑠𝑡, 𝑡𝑜𝑡, 𝐹𝐶

)−1
, 𝐿𝑃𝑅

)

(30)

where 𝑛𝑏𝑠𝑡, 𝑡𝑜𝑡, 𝑋𝑋 and 𝑛𝑏ℎ, 𝑡𝑜𝑡, 𝐹𝐶 represent respectively the number of 
total cycles and the number of operating hours that the subsystems can 
perform before being replaced.

The life of the hydrogen tank is assumed to be equal to the life of 
the project. Generally, once the number of complete filling cycles of the 
tank has been reached, a check is carried out and if the check does not 
reveal any malfunction, the same number of complete filling cycles are 
repeated.

Battery life can be estimated on the basis of the life curve provided 
by the manufacturer, which illustrates different values of depth of 
discharge (DOD) and the corresponding number of cycles to failure 
(CTF). The DOD is the maximum fraction or percentage of a battery’s 
capacity (expressed in Ah) that is regularly removed from the charged 
battery. For each depth of discharge, an amount of energy that can flow 
through the battery can be calculated. Assuming that the battery will 
experience the different depths of discharge in equal proportion over 
its lifetime, it is possible to calculate an average amount of energy that 
can be charged and discharged from the battery lifetime throughput 
(LT), the calculation of which is detailed in Eq. (31). The Table  7 gives 
DOD and CTF values for battery bank 1 [56]. 

𝐿𝑇 =
𝑛
∑

𝑖=1

2𝐶𝐵𝑇 2𝐷𝑂𝐷𝑖 𝐶𝑇𝐹𝑖
𝑛

(31)

The amount of energy charged and discharged from the battery over 
one year, i.e. annual throughput (AT), is calculated by the model using 
the following equation: 

𝐴𝑇 =
8760
∑

𝑡=1

(

𝑃𝐵𝑇 2,+(𝑡)𝜂𝐵𝑇 2,+𝜂𝐶𝑂𝑁𝑉 ,𝐵𝑇 2 +
𝑃𝐵𝑇 ,−(𝑡)

𝜂𝐵𝑇 ,−𝜂𝐶𝑂𝑁𝑉 ,𝐵𝑇 2

)

(32)

Battery life can be deduced from this : 

𝐿𝐵𝑇 2 = 𝑚𝑖𝑛
(𝐿𝑇
𝐴𝑇

,𝐿𝑃𝑅

)

(33)

In practice, the one-hour modeling time step makes it impossible to 
assess the amount of energy charged or discharged from the first battery 
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bank so its lifetime has been fixed to 𝐿𝐵𝑇 1. The membrane in the 
reverse osmosis system is one of the main components to be replaced. 
Its replacement will depend on the length of use. To this must be 
added a set of consumables that also depend on operating time. The 
replacement of these components are included in the economic model.

3.5. Economic model

The costs included in the simulation depend on the installed power 
rating of the components and the amount of energy generated, or on 
their utilization rate. This leads us to distinguish between investment 
costs, fixed maintenance costs and replacement costs. In this study, the 
logistical costs of transporting or installing the system in the area of 
use are not taken into account, as they are too difficult to determine at 
this stage of the project. The cost of drinking water storage is not taken 
into account, as it is assumed to already exist. As shown in Fig.  1, all 
costs relating to the subsystems included in the C3POe system are taken 
into account. The costs of renewable energy sources are calculated for 
each scenario according to the kWp of photovoltaic solar panels and 
the number of 20 kW wind turbines installed.

Most of the investment costs are assumed to be proportional to 
installed capacity or rated power. This simplifies the sizing problem by 
making the economic calculations continuous. The investment cost of 
the converters 𝐶𝑖𝑛𝑣,𝐶𝑂𝑁𝑉  will depend on the installed power or capacity 
of the subsystem being served. As reverse osmosis systems are already 
dimensioned, their costs are given in absolute values. 
𝐶𝑖𝑛𝑣 = 𝐶𝑖𝑛𝑣, 𝐸𝐿, e∕ 𝑊 𝑃𝐸𝐿, 𝑟𝑎𝑡𝑒𝑑 + 𝐶𝑖𝑛𝑣, 𝐹𝐶, e∕ 𝑊 𝑃𝐹𝐶, 𝑟𝑎𝑡𝑒𝑑 + 𝐶𝑖𝑛𝑣, 𝐻2, e∕ 𝑘𝑔𝐶𝐻2

+ 𝐶𝐵𝑇 1𝐶𝑖𝑛𝑣, 𝐵𝑇 1, e∕ 𝑘𝑊 ℎ + 𝐶𝐵𝑇 2𝐶𝑖𝑛𝑣, 𝐵𝑇 2, e∕ 𝑘𝑊 ℎ

+ 𝐶𝑖𝑛𝑣,𝐶𝑂𝑁𝑉

+ 𝐶𝑖𝑛𝑣,𝑅𝑂1 + 𝐶𝑖𝑛𝑣,𝑅𝑂2

(34)

The maintenance cost of the electrolyzer and fuel cell are calculated 
on the basis of the assumptions made by [4]. It is assumed to represent 
4 % of the initial investment cost per year, and is broken down into a 
fixed cost per year for 23 , and a variable cost depending on the duration 
of use for 13 : 

𝐶𝑜𝑚,𝐸𝐿∕𝐹𝐶 = 4
100

(

2
3
𝐶𝑖𝑛𝑣,𝐸𝐿∕𝐹𝐶

𝑛𝑏ℎ, 𝐸𝐿∕𝐹𝐶

8760
+ 1

3
𝐶𝑖𝑛𝑣,𝐸𝐿∕𝐹𝐶

)

𝐿𝑃𝑅 (35)

Maintenance costs for the hydrogen tank are estimated at 2% of the 
investment cost per year. Battery maintenance costs are neglected.

The replacement cost of the FC and EL depends on the lifetime of 
the project and the estimated lifetime of the cell stacks in years. They 
have been calculated on the basis of the assumptions made by [9]. The 
replacement cost expressed as a percentage of the initial investment 
cost is estimated at 26.7% for both systems.

Reverse osmosis system component replacement costs are based 
on the number of hours of operation. 𝑛𝑏ℎ,𝑅𝑂1. This number of hours 
is used to determine the number of membrane replacements and the 
quantity of consumables used. In addition to the cost of replacing 
components, which depends on the number of operating hours, there 
is a fixed replacement cost every two years. The following equation is 
used to determine the cost of all the replacements 𝐶𝑟𝑒𝑝,𝑅𝑂1 of the reverse 
osmosis systems:

𝐶𝑟𝑒𝑝,𝑅𝑂1 = 𝐿𝑃𝑅

[

𝑛𝑏ℎ,𝑅𝑂1

(𝐶𝑟𝑒𝑝,𝑅𝑂1,𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒

𝑡𝑟𝑒𝑝,𝑅𝑂1,𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒
+

𝐶𝑟𝑒𝑝,𝑅𝑂1,𝑐𝑜𝑛𝑠𝑢𝑚𝑎𝑏𝑙𝑒𝑠

𝑡𝑟𝑒𝑝,𝑅𝑂1,𝑐𝑜𝑛𝑠𝑢𝑚𝑎𝑏𝑙𝑒𝑠

)

+
𝐶𝑟𝑒𝑝,𝑅𝑂1,𝑓 𝑖𝑥𝑒𝑑

2

]

(36)

For the Reverse Osmosis 2 system, only the investment cost is taken 
into account, while replacement and maintenance costs are neglected.

The battery replacement cost 𝐶𝑟𝑒𝑝,𝐵𝑇  are calculated from their cal-
culated lifetime and assumed to represent 50% of their investment 
cost. As mentioned above, the aim of the system is to meet 100% of 
consumers’ demand. When the system is unable to provide this, the 
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Fig. 13. Pareto fronts and shortage indicator calculated from multi-year data sets, for 𝑘𝑝𝑜𝑤𝑒𝑟 = 2 and 𝑘𝑚𝑖𝑥,𝑝𝑣 = 0.4. With 𝑦𝐿 the year of consumption data, 𝑦𝑅 the year of 
meteorological data used to calculate energy production from renewables, and S the value of the shortage indicator.
assumption is made that the energy is supplied by a facility external to 
the system. The cost of this energy is based on the cost of producing 
energy on the Breton islands in 2022, i.e., 0.455 e kWh−1: 

𝐶𝐸𝑋𝑇 = 0.455𝐿𝑃𝑅

8760
∑

𝑡=1
𝑃𝐸𝑋𝑇 (𝑡) (37)

For each scenario, the cost of renewable energies 𝐶𝑅𝐸𝑆 is calculated 
and depends on the installed capacity.

4. Sizing methodology

The model described above gives the cost of the system over its 
lifetime and the energy produced or consumed. Four parameters were 
used to size the system: the rated power of the electrolyzer and fuel 
cell, the capacity of battery bank 2 in kWh, and the capacity of the 
hydrogen tank in kg of H2. By varying these parameters, the cost of 
energy is modified. The overall sizing approach consists of varying 
these parameters to minimize the indicators or functions chosen as 
objectives. Colla et al. have reviewed the various indicators used to 
assess the competitiveness of energy projects [57]. The most commonly 
used indicator is the levelized cost of energy (LCOE). However, this 
indicator is criticized by some authors, who propose other indicators 
to replace it [57–61]. These authors argue that the LCOE distorts 
comparisons between different energy projects, and puts projects based 
on renewable resources at a disadvantage compared to those based on 
fossil fuels. It inaccurately disadvantages resource types whose costs 
are concentrated at the beginning of the period, with the distortion 
increasing with discount rates and the length of the analysis period.

From a sizing point of view, this indicator adds another parameter, 
the discount rate, which is estimated and assumed to be known in most 
studies, which can distort the results. For these reasons, the simpler 
indicator of the cost of energy and water has been opted as a first 
objective function. 

𝐶𝑂𝐸𝑊 =
𝐶𝑖𝑛𝑣 + 𝐶𝑜𝑚 + 𝐶𝑟𝑒𝑝 + 𝐶𝐸𝑋𝑇 + 𝐶𝑅𝐸𝑆

𝐿𝑃𝑅
∑8760

𝑡=1 𝑃𝐿𝑜𝑎𝑑 (𝑡)
(38)

This indicator should not be interpreted as the actual cost that the 
consumer will have to pay for electricity and water over the life of the 
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project, but as an optimization objective. First of all, the cost of energy 
and water are correlated. As discussed in this article, the actual cost 
will depend on weather conditions, users’ consumption habits, which 
may change, future inflation and interest rates, among other things. 
Furthermore, this article does not pretend to take into account all the 
sensitive phenomena that can influence energy costs. The model does 
not take into account deterioration in annual performance, among other 
things. Furthermore, as previously discussed, electrolyzer and fuel cell 
efficiency are assumed to be fixed and not dependent on operating 
power. Before providing an estimate on a real cost, a sensitivity study 
has to be carried out on each of the parameters assumed to be known, 
to measure the influence of each of the sub-models used and the 
assumptions taken into account. This will be the subject of a future 
study.

The second objective taken into account is the share of energy from 
outside the system in the total energy consumed by users as shown 
in Fig.  7. Greenhouse gas emissions depend directly on the share of 
fossil fuels in the energy mix, and by minimizing this second objective, 
greenhouse gas emissions are diminished. 
𝐸𝐸𝑋𝑇
𝐸𝐿𝑜𝑎𝑑

=
∑8760

𝑡=1 𝑃𝐸𝑋𝑇 (𝑡)
∑8760

𝑡=1 𝑃𝐿𝑜𝑎𝑑 (𝑡)
(39)

The aim of the C3POe project is to replace fossil fuel-based power 
generation systems. The two main decision-making criteria are the 
energy cost of the new system and the proportion of energy from 
renewable sources.

The Borg multi-objective evolutionary algorithm has been chosen 
for the minimization of the two objective function [62–66]. The Borg 
MOEA is not a single algorithm; instead it represents a class of algo-
rithms whose operators are adaptively selected based on the problem. 
This algorithm was chosen for its flexibility, allowing the model to 
evolve in the future (add sub-models, objective functions, or other 
parameters for sizing). The Borg MOEA algorithm was configured with 
an epsilon value of 𝜖 = 0.001 and a maximum number of 100,000 
iterations. The calculations were carried out on a computing station 
equipped with a 36-core processor. The calculation time to optimize 
the model parameters for a scenario using a single core varies between 
15 and 20 h. By parallelizing the calculations on the 36 cores, the 
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calculation time for the 36 scenarios is thus limited to 20 h, instead 
of one month if the calculations had been carried out on a single core. 
This substantial calculation time justifies the simplifications previously 
carried out on the model, and demonstrates the value of the shortage 
indicator in limiting the number of calculations by selecting the most 
relevant input data to best size a system. The results presented in the 
next section validate the use of the shortage indicator by performing 
optimizations with data sets from different years.

5. Results and discussion

5.1. Pareto front analysis

In the first instance, it is important to understand the limitations 
of the selection of the input dataset based on the shortage indicator. 
The graph in Fig.  13, shows the Pareto fronts and shortage indicator 
calculated from multi-year data sets, for 𝑘𝑝𝑜𝑤𝑒𝑟 = 2 and 𝑘𝑚𝑖𝑥,𝑝𝑣 = 0.4. 
Each Pareto front is calculated from a pair of data sets (𝑦𝐿, 𝑦𝑅), where 
𝑦𝐿 is the year of consumption data, and 𝑦𝑅 is the year of meteorological 
data used to calculate energy production from renewables. It is difficult 
to determine qualitatively which is the best Pareto front when the short-
age indicator values are close, i.e. for pairs (2022,2022), (2022,2018), 
(2020,2018), and for pairs (2023,2020), (2020,2020), (2019,2020). It 
might be advisable to choose data sets for which the shortage indicator 
value is close, to make the results more reliable. However, to limit 
the number of calculations, only those pairs of datasets for which the 
shortage indicator is the best and the worst have been retained. The 
aim is to estimate the margin of error in calculating Pareto fronts when 
pairs of data sets are chosen randomly or chronologically, or when data 
from a single year of production or consumption is used.

The optimization algorithm is used for each of the scenarios pre-
sented in Table  2. As shown in Fig.  14 for each scenario, there is 
a clear difference between the results obtained from a favorable and 
unfavorable data set. This confirms that the shortage indicator is suf-
ficiently sensitive to characterize the input data sets. Each point on 
the Pareto fronts corresponds to a system configuration optimized to 
minimize COEW and 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
. The Pareto fronts shown in Fig.  14 are 

obtained from energy mixes composed of 40% photovoltaics and 60% 
of wind power. This comparison between the different Pareto fronts 
makes it possible to establish the best 𝑘𝑝𝑜𝑤𝑒𝑟 factor for a fixed 𝑘𝑚𝑖𝑥,𝑝𝑣
factor. In Fig.  14, the best Pareto fronts are obtained for 𝑘𝑝𝑜𝑤𝑒𝑟 = 2.0. 
However, increasing the installed renewable power capacity by taking 
𝑘𝑝𝑜𝑤𝑒𝑟 = 2.5 makes it easier to reach the 100% renewable energy target, 
at the expense of a slightly higher energy cost. As shown in Fig.  15, with 
a 100% photovoltaic energy mix, the cost of energy is much higher. 
Also, it is impossible to reach the 100% renewable energy target even 
if the amount of renewable energy injected is drastically increased. 
This result can be explained by comparing the profiles of photovoltaic 
energy production, see Fig.  3 and energy consumption, see Fig.  6. 
Photovoltaic energy production is low in winter but high in summer, 
while energy consumption is high in winter and lower in summer. The 
set of best Pareto fronts obtainable for each value of 𝑘𝑚𝑖𝑥,𝑝𝑣 is shown in 
Fig.  16. It should be noted here that while the shortage indicator can 
be used to distinguish between data with the best and worst conditions, 
it cannot be used to rank the results of different scenarios, i.e. for 
different renewable energy production mixes. If the energy mix remains 
unchanged, the cost of renewable energies varies little between two sets 
of data, but the cost of system components may be optimized, to best 
adapt to the gap between consumption and production of renewable 
energies measured by the shortage indicator. This Pareto front analysis 
is a first step towards finding a suitable system sizing. Energy cost and 
𝐸𝐸𝑋𝑇
𝐸𝐿𝑜𝑎𝑑

 are two decision criteria that will vary according to consumption 
and weather conditions over the life of the project. A study based on 
sets of favorable and unfavorable results provides an estimate of the 
range of variation in energy cost over the life of the system. As already 
mentioned, the choice of a renewable energy mix is a complex one. 
17 
A study of Pareto fronts provides an additional decision criterion for 
establishing the consequences of this choice on the cost of energy and 
the proportion of renewables.

5.2. Study of a specific scenario

For the purposes of this article, and in order to better explain the 
sizing approach presented here, the scenario with 𝑘𝑚𝑖𝑥,𝑝𝑣 = 0.4 and 
𝑘𝑝𝑜𝑤𝑒𝑟 = 2.0 is selected. Optimization was used to determine the model 
parameters minimizing COEW and the 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
 ratio. The input data pair 

selected for these optimizations corresponds to the years (2022/2022) 
for unfavorable conditions and (2019/2020) for favorable conditions. 
As shown in Fig.  13, the Pareto front obtained with the (2020/2018) 
dataset intersects with that obtained with the (2022/2022) dataset. The 
aim of this scenario study is to determine a high and low margin for 
the COEW and the 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
 ratio. Consequently, the Pareto front obtained 

with the data set (2020/2018) is also studied. Using the parameters 
obtained from the optimization of these three Pareto fronts, COEW and 
𝐸𝐸𝑋𝑇
𝐸𝐿𝑜𝑎𝑑

 have been calculated from the 36 combinations of consumption 
and meteorological data sets from 2018 to 2023. The minimum and 
maximum values for COEW and the 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
 ratio are then used, as shown 

in Fig.  17, Fig.  18, and Fig.  19 corresponding respectively to the Pareto 
fronts obtained from the data sets for years (2019/2020), (2022/2022), 
and (2020/2018). By combining the 3 Pareto fronts, a framework for 
the two optimization objectives is obtained.

For the sake of brevity, only those points on the Pareto front for 
which 𝐶𝑂𝐸𝑊 ≈ 0.35e kWh−1 have been selected. Table  8 shows the 
calculation points extracted from the Pareto front obtained from good 
consumption and weather conditions, (2019/2020) dataset. Table  9 
shows the calculation points extracted from the Pareto front obtained 
from bad consumption and weather conditions, i.e. (2022/2022) data-
set. Table  10 shows the calculation points extracted from the Pareto 
front obtained from the (2020/2018) dataset.

This sequence of calculations illustrates that sizing based on fixed 
input conditions does not guarantee an energy cost, but gives an 
approximation of it. This is essential for validating parameters, but 
also for testing system flexibility. In the overall dimensioning approach, 
the minimum and maximum values of COEW and 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
 has to be 

considered to determine the choice of a parameter set.

6. Study of a specific system configuration

For the sake of brevity, only the parameter set shown in the first 
line of Table  9 have been retained to present the following results in 
the remainder of this article. The graph in Fig.  21 shows, hour by 
hour, the energy delivered to the consumer and its origin. A large 
proportion of this energy 𝑃𝑅𝐸𝑆↦𝐿𝑜𝑎𝑑 comes directly from renewables 
without passing through the C3POe system, as shown in Table  11. 
Although representing only 6.28% of the total, external energy sources 
𝑃𝐸𝑋𝑇  have the highest power demand. This is mainly in winter, when 
the system experiences the greatest energy deficit, as shown in the 
graph in Fig.  20. As the graph in Fig.  23 shows, during this period 
the hydrogen tank is empty. In a real-life situation, this demand for 
power is problematic, and would probably cause a network blackout. 
As part of a system sizing approach, the maximum value of 𝑃𝐸𝑋𝑇  could 
be taken into account as a 3rd optimization objective.

To reduce this demand for power, various energy management 
strategies can be envisaged, while minimizing energy costs. This discus-
sion is beyond the scope of this article, but illustrates the dependence of 
the sizing strategy on energy management. The graph in Fig.  22 shows 
the energy consumed hour by hour by the electrolyzer, the reverse 
osmosis systems, or charged to the battery, as well as the energy from 
renewables lost by the system. The Table  12 gives the distribution 
of energy consumption from renewable sources. Around a third of 
energy from renewables is lost. Strictly speaking, it is not possible to 
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Fig. 14. Pareto front for scenarios with 60% wind renewable energy and 40% photovoltaic renewable energy and different values of 𝑘𝑝𝑜𝑤𝑒𝑟. The red Pareto fronts show the results 
obtained with input data for which the shortage indicator 𝑆 is maximal. Pareto fronts in blue represent results obtained with input data for which the shortage indicator 𝑆 is 
minimal.
Fig. 15. Pareto front for scenarios with 100% photovoltaic renewable energy and different values of 𝑘𝑝𝑜𝑤𝑒𝑟. The red Pareto fronts show the results obtained with input data for 
which the shortage indicator 𝑆 is maximal. Pareto fronts in blue represent results obtained with input data for which the shortage indicator 𝑆 is minimal.
Table 8
Optimized system parameters obtained from the (2019/2020) dataset for a 𝐶𝑂𝐸𝑊 ≈ 0.35 e kWh−1, 𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑 rated power of the electrolyzer in 
[W], 𝑃𝐹𝐶,𝑟𝑎𝑡𝑒𝑑 rated power of the fuel cell in [W], 𝐶𝐵𝑇  capacity of the battery bank 2 in [Wh], and 𝐶𝐻2 the capacity of the hydrogen tank in 
[kg] of H2.
 COEW 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
𝐶𝑂𝐸𝑊𝑚𝑎𝑥 𝐶𝑂𝐸𝑊𝑚𝑖𝑛

(

𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑

)

𝑚𝑎𝑥

(

𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑

)

𝑚𝑖𝑛
𝐶𝐵𝑇  [Wh] 𝐶𝐻2 [kg] 𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑 [W] 𝑃𝐹𝐶,𝑟𝑎𝑡𝑒𝑑 [W] 

 0.350 0.029 0.371 0.350 0.061 0.029 23014 368 46887 54781  
 0.351 0.029 0.372 0.351 0.060 0.029 28073 373 47552 53844  
18 



F. Struyven et al. International Journal of Hydrogen Energy 158 (2025) 150309 
Fig. 16. Pareto front for best selected 𝑘𝑝𝑜𝑤𝑒𝑟 for each 𝑘𝑚𝑖𝑥,𝑝𝑣. The red Pareto fronts show the results obtained with input data for which the shortage indicator 𝑆 is maximal. Pareto 
fronts in blue represent results obtained with input data for which the shortage indicator 𝑆 is minimal.
Fig. 17. Maximum (MAX) and minimum (MIN) value of COEW and 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
 ratio calculated and determined for each point (i.e. optimized system configuration) of the Pareto front 

(2019/2020) based on 36 combinations of consumption and weather data from 2018 to 2023.
Table 9
Optimized system parameters obtained from the (2022/2022) dataset for a 𝐶𝑂𝐸𝑊 ≈ 0.35 e kWh−1, 𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑 rated power of the electrolyzer in 
[W], 𝑃𝐹𝐶,𝑟𝑎𝑡𝑒𝑑 rated power of the fuel cell in [W], 𝐶𝐵𝑇  capacity of the battery bank 2 in [Wh], and 𝐶𝐻2 the capacity of the hydrogen tank in 
[kg] of H2.
 COEW 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
𝐶𝑂𝐸𝑊𝑚𝑎𝑥 𝐶𝑂𝐸𝑊𝑚𝑖𝑛

(

𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑

)

𝑚𝑎𝑥

(

𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑

)

𝑚𝑖𝑛
𝐶𝐵𝑇  [Wh] 𝐶𝐻2 [kg] 𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑 [W] 𝑃𝐹𝐶,𝑟𝑎𝑡𝑒𝑑 [W] 

 0.349 0.063 0.358 0.336 0.072 0.043 6577 208 43466 52003  
 0.351 0.062 0.359 0.337 0.072 0.042 6636 230 43466 52003  
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Fig. 18. Maximum (MAX) and minimum (MIN) value of COEW and 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
 ratio calculated and determined for each point (i.e. optimized system configuration) of the Pareto front 

(2022/2022) based on 36 combinations of consumption and weather data from 2018 to 2023.
Fig. 19. Maximum (MAX) and minimum (MIN) value of COEW and 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
 ratio calculated and determined for each point (i.e. optimized system configuration) of the Pareto front 

(2020/2018) based on 36 combinations of consumption and weather data from 2018 to 2023.
Table 10
Optimized system parameters obtained from the (2020/2018) dataset for a 𝐶𝑂𝐸𝑊 ≈ 0.35 e kWh−1, 𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑 rated power of the electrolyzer in 
[W], 𝑃𝐹𝐶,𝑟𝑎𝑡𝑒𝑑 rated power of the fuel cell in [W], 𝐶𝐵𝑇  capacity of the battery bank 2 in [Wh], and 𝐶𝐻2 the capacity of the hydrogen tank in 
[kg] of H2.
 COEW 𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑
𝐶𝑂𝐸𝑊𝑚𝑎𝑥 𝐶𝑂𝐸𝑊𝑚𝑖𝑛

(

𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑

)

𝑚𝑎𝑥

(

𝐸𝐸𝑋𝑇

𝐸𝐿𝑜𝑎𝑑

)

𝑚𝑖𝑛
𝐶𝐵𝑇  [Wh] 𝐶𝐻2 [kg] 𝑃𝐸𝐿,𝑟𝑎𝑡𝑒𝑑 [W] 𝑃𝐹𝐶,𝑟𝑎𝑡𝑒𝑑 [W] 

 0.350 0.081 0.350 0.329 0.081 0.052 19924 203 40338 38780  
 0.351 0.079 0.351 0.329 0.079 0.051 20567 208 40840 39400  
20 
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Table 11
Origins of sources of energy delivered to consumers (545 MWh)
 RES ↦ Loadelectricity RES ↦ Loadwater EXT FC BT-  
 Production in MWh 391.96 64.31 34.23 53.96 0.77  
 Distribution 71.92% 11.8% 6.28% 9.9% 0.14% 
Table 12
Distribution of energy consumption from renewable sources (1090MWh)
 RES ↦ Loadelectricity RES ↦ Loadwater CURT EL BT+ Pure Water 
 Consumption or loss in MWh 391.96 64.31 414.96 217.34 1.3 0.1  
 Distribution 35.96% 5.90% 38.07% 19.94% 0.12% 0.01%  
Fig. 20. Difference between renewable energy production and energy consumption (water + electricity) established hour by hour over the year of the dataset used 
(yL:2022/yR:2022).
minimize this energy loss without increasing the final cost of energy, 
for example, by increasing the size of the electrolyzer and hydrogen 
storage. It should be noted that without the storage system, the overall 
efficiency of the system would only be 35.96%. These results depend 
on the match between electricity needs that are difficult to predict and 
control and energy production that will depend on uncontrollable and 
hard-to-predict weather conditions.

If weather conditions cannot be controlled, surplus energy can be 
used to meet other needs which are more controllable than electrical 
needs. The original idea behind the C3POe project is to use this surplus 
to produce drinking water. This reduces electrical waste by 5.9%, in the 
studied case. Although water requirements are also difficult to predict 
and control, storing water is much easier than storing electricity. The 
originality of this article lies in its presentation of energy and water 
management system that reconciles the need for water and electricity. 
On the same principle, other controllable systems can be implemented 
as part of the energy management system, to recover surplus energy by 
producing co-products. Although beyond the scope of this article, this 
approach could make it possible to totally eliminate energy wastage, 
which in the case studied amounts to more than a third of the energy 
produced by renewables.

To ensure that EWMS is operating correctly, the levels have to be 
checked. As shown in Fig.  23, water production switches to priority 
when the low level 𝐿𝑂𝑊 1𝑒𝑛𝑑,𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 is reached and stops when the 
𝐿𝑂𝑊 2𝑒𝑛𝑑,𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 level is reached. In the non-priority state, production 
benefits from excess energy to fill the water tank. Other priority rules 
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Table 13
Number of operating hours 𝑛𝑏ℎ, number of on–offs 𝐼∕𝑂, and subsystem 
lifetime.
 𝑛𝑏ℎ 𝐼∕𝑂 𝐿𝑖𝑓𝑒𝑡𝑖𝑚𝑒[year] 
 EL 5047 340 9.22  
 FC 2006 315 10.16  
 RO1 5755 385  
 RO2 72 72  

for water can be defined to limit energy losses during periods of short-
age. In the case studied, in winter (200–300 h), when the hydrogen 
reservoir has reached its minimum limit, the production of drinking 
water is a priority, so the system is obliged to produce energy from an 
external source. A larger quantity of water could have been produced in 
summer when the hydrogen tanks were full, to make up for the shortfall 
in winter. However, this would have required greater water storage 
capacity. By default, the size of the water tank was fixed in the sizing 
process, as it is not the responsibility of the C3POe consortium. Table 
13 shows the elements used to calculate the lifetime of the various 
subsystems. On average, the electrolyzer has a continuous operating 
cycle of around 15 h, and the fuel cell a continuous operating cycle of 
around 6 h. A breakdown of costs is shown in Table  14. The particular 
point to note is that replacements make up 18% of the total cost 
and should not be neglected. The hydrogen chain (FC, ELY, H2 tank) 
accounts for 28% of total costs, and the two battery banks for 5%.
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Fig. 21. Hour by hour energy production delivered to the consumer, 𝑃𝐵𝑇 ,−: energy discharged from the battery, 𝑃𝐹𝐶 : energy supplied by the fuel cell, 𝑃𝑅𝐸𝑆↦𝐿𝑜𝑎𝑑 : energy from 
renewable sources delivered directly to the consumer without passing through the C3POe system, 𝑃𝐸𝑋𝑇 : energy supplied by a source external to the C3POe system.
Fig. 22. Energy consumed hourly by the C3POe system or curtailed, 𝑃𝐶𝑈𝑅𝑇 : curtailed energy, 𝑃𝐵𝑇 ,−: energy charged in the battery, 𝑃𝐸𝐿: energy consumed by the electrolyzer, 
𝑃𝑅𝑂1: energy consumed by reverse osmosis system 1, 𝑃𝑅𝑂2: energy consumed by the reverse osmosis system 2.
Table 14
Cost partition.
 C3POe EXT RES  
 inv om rep  
 31% 8% 18% 5% 38% 

7. Conclusion

In this study, a novel methodology was developed for the optimal 
sizing of hybrid renewable energy systems designed to supply both elec-
tricity and drinking water in off-grid contexts. The approach is based 
22 
on Pareto front analysis and a newly introduced shortage indicator, 
allowing a robust assessment of system configurations under varying 
input conditions. A key innovation was the explicit incorporation of 
input data uncertainty — including meteorological and demand pro-
files — into the system design process. The shortage indicator proved 
effective in distinguishing favorable from unfavorable data conditions 
for a given photovoltaic-wind energy mix, providing a computationally 
efficient and operationally relevant tool.

The results shown in Figs.  14, 15, & 16, reveal a critical method-
ological pitfall that is often overlooked in comparable studies: for each 
scenario, the Pareto fronts significantly differ depending on whether 
favorable (low shortage indicator 𝑆) or unfavorable (high shortage 
indicator 𝑆) input datasets are used. Each front represents optimized 
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Fig. 23. Hour-by-hour changes of the levels of 𝐿𝑂𝐻 :hydrogen, 𝐿𝑂𝑊 1:drinking water and 𝐿𝑂𝑊 2:pure water.
system configurations balancing cost (𝐶𝑂𝐸𝑊 ) and renewable energy 
usage (𝐸𝐸𝑋𝑇 ∕𝐸𝐿𝑜𝑎𝑑). A decision-maker using a single input dataset 
to design the system would only obtain one Pareto front and could 
therefore be misled in selecting an optimal configuration. For instance, 
targeting a fixed energy cost, the system design may vary considerably 
depending on the input data, as evidenced by the differences in battery 
and hydrogen storage capacities in Tables  8 and 9.

This observation justifies the need for both a multi-objective opti-
mization approach — considering cost and renewable share simultan-
eously — and a systematic exploration of the variability in input data 
(meteorological and consumption profiles). The shortage indicator S 
introduced in this work enables the identification of the most and least 
favorable datasets, thus limiting the number of required simulations 
while capturing the full range of system behaviors.

Neglecting either the multi-objective nature of the problem or the 
input variability leads to incomplete or potentially inaccurate system 
designs. This study demonstrates that the renewable share and system 
cost are deeply interdependent: improving one objective inevitably 
comes at the expense of the other. Therefore, decision-making must 
be based on a comprehensive analysis of Pareto fronts obtained under 
various input scenarios.

Looking forward, several avenues for future research are identified. 
More detailed physical models of key subsystems (electrolyzer, fuel cell, 
battery, and RO unit) could be incorporated to better reflect aging ef-
fects and dynamic behavior. In addition, substantial renewable energy 
surpluses were observed, which suggests the potential for integration 
of flexible, on-demand applications such as wastewater treatment, heat 
production, or desalination. A comprehensive sensitivity analysis is 
planned to assess the impact of modeling assumptions and further 
enhance the robustness of the methodology.
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