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Abstract—The transition to fully renewable energy systems
poses unique challenges for non-interconnected islands due to the
intermittency of renewable generation, limited land availability,
and lack of grid interconnections, making long-duration energy
storage essential. This paper presents a multi-objective optimiza-
tion approach to assess the techno-economic and environmental
viability of hydrogen energy storage (HES) in future fully
renewable island power systems. Using Reunion Island as a case
study with three five-year weather periods, results indicate HES
is critical during extended low-solar events, though infrequently
used. The analysis highlights significant impacts of weather-year
selection on optimal HES capacity, underscoring the importance
of accounting for climatic variability in island energy planning.

Index Terms—Hydrogen, Long-duration energy storage, Multi-
objective optimization, Reunion Island, Renewable energy

I. INTRODUCTION

As climate change impacts intensify, the shift to fully
renewable energy systems has become essential. For non-
interconnected islands, however, the intermittency of re-
newables, limited network capacities, and network isolation
threaten demand fulfillment [1]. Energy storage offers a key
solution to these challenges.

Batteries are the most widely used storage technology
in both island [2] and non-island [3] systems, providing
mature, cost-effective short-duration storage from seconds to
several hours [4]. Hydrogen, by contrast, is an emerging
option for long-term storage, capable of spanning days to
seasons with minimal self-discharge [5]. These features make
hydrogen energy storage (HES) especially relevant for non-
interconnected grids, where balancing supply and demand over
longer horizons is crucial [6].

Several studies have compared batteries, hydrogen, and
hybrid configurations in island systems from technical, eco-
nomic, and environmental perspectives [7]–[10]. Their findings
indicate that the optimal role of HES depends largely on the
match between local weather and demand profiles. Moreover,
as noted in [11], evaluating both economic and environmental
costs is necessary to assess HES viability. This highlights the
need for multi-objective optimization to determine whether,
and at what scale, HES is feasible under island conditions.

This paper presents a methodology for assessing the eco-
nomic and environmental performance of HES in future fully
renewable systems, demonstrated through a case study of Re-
union Island. To date, no studies have examined the potential
scale of HES deployment there, despite its target of achieving
full renewable self-sufficiency by 2030 [12]. Section II details
the optimization framework, Section III introduces the case
study, Section IV discusses key findings on HES operation
relative to renewable generation, and Section V summarizes
contributions and future work. This study forms part of the
doctoral thesis in [13].

II. METHODOLOGY

This section presents the methodology used to assess the
technical feasibility and environmental-economic optimality of
hydrogen energy storage (HES) in a fully renewable island
power system. The approach combines a detailed power sys-
tem model with a multi-objective optimization (MOO) frame-
work that jointly minimizes total system costs and lifecycle
greenhouse gas emissions. The following subsections describe
the storage technology modeling, optimization formulation,
objective functions, and constraints in detail, after which a
summary figure of the overall workflow is provided. This work
uses Python for Power System Analysis (PyPSA) to model the
transmission network and storage technologies, with Gurobi as
the optimization solver.

A. Energy Storage Model

This study considers batteries and hydrogen as plausible
energy storage technologies, assumed to be deployable at
any transmission substation. Despite many different available
battery chemistries, this study only considers Lithium-iron-
phosphate due to its suitability for stationary use [14]. These
two storage types were selected for their complementary
characteristics: batteries are a mature technology that offers
high round-trip efficiency and fast response times for short-
term balancing, while above-ground, low-pressure HES pro-
vides a developing solution for long-duration energy storage
with limited geographical limitations. Although other storage



technologies may be applicable, this focused selection captures
the key storage dynamics in high-renewable systems while
keeping the model tractable to demonstrate the methodology’s
functionality.

The operation of a battery within the PyPSA model is
described by (1), (2), and (3) adapted from [15]. In (1), the
power, PB , in (i) or out (o) of the battery is constrained by
the rated power of the battery P̄B . The subscript B denotes
that these values are for a battery, n → {1, ..., N} is used to
represent each substation of the transmission network model,
while the subscript t → {1, ..., T} is used to refer to each hour
of the simulated time horizon.

−P̄B,n,t ≤ PB,i/o,n,t ≤ P̄B,n,t (1)

Additionally, the energy stored in each battery in the network
at any moment in time, EB,n,t, is limited to be between 15%
of the rated capacity and the rated capacity, ĒB,n as shown
in (2).

0.15 · ĒB,n ≤ EB,n,t ≤ ĒB,n (2)

Finally, between each time step, the evolution of the state
of charge of each battery is described by (3). Furthermore,
ηauto represents the auto-discharge of the battery, and ηB,i

is the battery’s charge efficiency. It should be noted that the
discharge efficiency of the battery is considered in the model’s
energy balance shown in (11).

EB,n,t = ηauto·EB,n,t−1+PB,i,n,t·ηB,i·∆t−PB,o,n,t·∆t (3)

HES uses an electrolyzer to convert excess power to hydrogen,
stored at 30 bars in above-ground tanks. Alternative storage
methods are not considered due to site-specific requirements,
energy penalties, and limited commercial deployment [16].
Finally, a fuel cell is used to convert hydrogen back to elec-
trical power. Fuel cells are chosen over internal combustion
engines (ICEs) due to higher efficiency, lower maintenance,
and reduced emissions [17].

The operation of the HES is dictated by a modified, mass-
based versions of (3), (2), and (1), presented in equation
(4), (5), (6), respectively. In these equations, the HES tank
operation is managed in terms of mass, m and the rated storage
mass, m̄, in kilograms, and the mass flow rate, ṁ, and the rated
mass flow rate, ¯̇m, in kilograms per hour. Additionally, there
is negligible auto-discharge [18], and the charge efficiency is
assumed to be 100% with conversion efficiencies from the
fuel cells and electrolyzers accounted for in equations (11)
and (12).

mH2,n,t = mH2,n,t−1 + ṁH2,i,n,t ·∆t− ṁH2,o,n,t ·∆t (4)

0 ≤ mH2,n,t ≤ m̄H2,n (5)

− ¯̇mH2,n,t ≤ ṁH2,i/o,n,t ≤ ¯̇mH2,n,t (6)

Finally, an additional constraint of cyclical operation over the
time horizon, T is implemented with a tolerance of 10% to
ensure the storage system returns to approximately the same
starting state at the time horizon’s end to allow for operational
continuity beyond the modeled time horizon. This is described

by (7) where t0 is the initial hour of the time horizon T and
tf is the final hour.

mH2,n,t0 · (1−10%) ≤ mH2,n,tf ≤ mH2,n,t0 · (1+10%) (7)

B. Optimization Model

A significant consideration with regard to modeling long-
duration energy storage is the length of the time horizon that
is modeled and optimized. While single-year models account
for seasonal variations, they miss inter-annual variations in
weather and demand patterns where long-duration storage
such as hydrogen could provide value [19]–[21]. However, the
choice regarding how many years to model ultimately depends
on data availability and computational tractability.

Within the model, each substation can install a hydrogen
and a battery energy storage system. As such, the optimization
variables of this model are as follows:

• Fuel cell power ratings and hourly power dispatch in MW
• Electrolyzer power ratings and hourly power dispatch in

MW
• Each H2 gas storage tank’s capacity and hourly state of

charge in MWh
• The hourly in- and outlet flow rates of each H2 gas

storage tank in kg H2

• Battery capacity and hourly state of charge at each
substation in MWh

• The hourly in- and outlet power of each battery in MW
• The hourly electricity mix in MWh
• The power network’s line capacities in MVA

The objective function for the minimization of the investment
and operating costs is that presented in (8) which was adapted
from [15] and where Cs represents the investment costs of
component type s and Os represents the operating costs.

min
∑
n

[CFC(P̄FC,n) + Cely(P̄ely,n)

+ CH2(ĒH2,n) + CB(ĒB,n)]

+
∑
n,t

[Oely(Eely,n,t, Cely) +OH2(CH2,n)]

+
∑
n,t

[OB(EB,n,t, ĒB,n)] +
∑
l

Cl

(8)

Here, Cl represents the investment cost associated with an
increase in the capacity in each transmission line l and is
described by (9) from [22], where pnewc is the price of the
conductor per kilometer at the new line capacity, pf is the
fixed cost associated with the replacement of the conductor,
Ll is the line length and 1.2 is a factor to account for extra
costs due to the island context.

Cl = 1.2 · (pnewc + pf ) · Ll (9)

The environmental objective function, shown in (10), mini-
mizes the total Global Warming Potential (GWP) of the stor-
age solutions, where Envs represents the total GWP of each
component type. GWP is a single metric that accounts for the
warming impact of a technology’s greenhouse gas emissions
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throughout its entire lifecycle, including raw material extrac-
tion, production, transportation, usage, recycling, and end-of-
life. It is expressed in kilograms of CO2 equivalent emissions.
Grid operation is assumed to contribute minimal lifecycle
GWP emissions because the system is fully renewable and
relies on locally sourced biomass.

min
∑
n

[EnvB · ĒB,n + EnvH2
· ĒH2,n

+ EnvFC · P̄FC,n + Envely · P̄ely,n]

(10)

To implement the multi-objective optimization, the ϵ-constraint
method was implemented, allowing one objective to be opti-
mized while treating other as a constraint.

The optimization is also technically constrained. Firstly, at
every time step, the electrical power must be balanced within
the system, as described by (11) modified from [15]. In this
equation, G refers to the power generated by technology s at
timestep t and substation n. PFC,n,t is the power produced
by the fuel cell and ηFC is the efficiency of conversion
between hydrogen to electricity of the fuel cell. ηo is the
discharge efficiency of the battery. Also, fl,t represents the
power flowing through line l where l → {1, ..., L} is used to
represent each line of the transmission network model, and
Knl is the incidence matrix of the transmission network. Dn,t

is the hourly power demand at each substation,n.∑
s

Gn,s,t +
∑
n

PFC,n,t · ηFC −
∑
n

PB,i,n,t

+
∑
n

PB,o,n,t · ηB,o −
∑
l

Knl · fl,t =
∑
n

Dn,t

+
∑
n

Pely,n,t

(11)

Similarly, the hydrogen balance, as described by (12), must be
respected at each time-step, where ηely is the energy consump-
tion of the electrolyzer per kilogram of hydrogen. Additionally,
mFC,n,t represents the mass quantity of hydrogen consumed
by the fuel cell at substation n of the network at time step t.∑

n

Pely,n,t

ηely
= ṁH2,i,n,t − ṁH2,o,n,t + ṁFC,n,t (12)

Additionally, the power produced by the different renewable
energy sources is constrained by a maximum and minimum
p.u. restriction, Gn,s,t

∨
and Ĝn,s,t as shown in (13) sourced

from [15], where Ḡn,s is the nominal power of generator type
s.

Gn,s,t
∨

· Ḡn,s ≤ Gn,s,t ≤ Ĝn,s,t · Ḡn,s (13)

Finally, the power traveling over each line in the transmission
network is limited by the capacity of the line, Fl, which is in
turn constrained in the optimization by the maximum possible
line capacity, F̂l as described in (14) from [15].

|fl,t| ≤ Fl ≤ F̂l (14)

To summarize the modeling and optimization process, figure
1 visually outlines the methodology presented in this section.

It consolidates the model inputs which include the island net-
work, generation and storage data, objectives, and constraints,
and shows the resulting outputs, including the Pareto front
of optimal storage configurations and the charge–discharge
profiles.

Multi-Objective 
Optimization 

(PyPSA + Gurobi) 
+ ε-constraint

Island Data

Transmission network data
Historical weather profiles
Hourly load profile
Installed generation 
capacity 

Storage Technology & 
Line Capacity Expansion 

Data

Economic Data

Environmental Data

Technical Data

Inputs

Objectives

Constraints

Minimize the total system’s 
energy storage cost

Minimize the total system’s 
GWP emissions

Load must be supplied 
each hour

Maximum generator 
production of rated power

Maximum storage capacity 
at each substation 

Maximum line capacity

SOC limits of storage

Outputs
Pareto front of 
optimal storage 
configurations

Profiles of charge 
and discharge of 
storages  

Fig. 1. Methodology of the multi-objective optimization of energy storage
for a fully renewable island power system

III. REUNION ISLAND

Reunion Island, a French department in the south Indian
Ocean with over 880,000 people [23] with about 43% pro-
tected land [24]. In 2023, 56.6% of the island’s electricity
was produced by renewable sources, mainly from different
forms of biomass and hydroelectric production, but 88.6%
of the island’s energy was imported [25]. The island targets
complete renewable self-sufficiency by 2030 [12], with studies
identifying energy storage as essential to make this happen
[13], [26], [27].

To apply the methodology defined in section II, information
regarding Reunion Island’s grid, electricity supply and de-
mand, and techno-economic and environmental data regarding
the storage technologies is needed and summarized in the
following subsections.

A. Grid Network Model

In terms of the power system on Reunion Island, [27]
already developed a transmission network model in PyPSA,
which includes the 520 km of 63kV transmission lines along
with 26 transmission substations using open source data from
[28]. Line capacities were assumed to be 44.7 MVA and 26.2
MVA for parallel lines, with maximum extendable capacity of
88 MVA [22] and associated upgrade costs presented in Table
I.

B. Electricity Generation

The installed capacities of the power generation tech-
nologies considered in this work are presented in Table II.

TABLE I
LINE CAPACITY UPGRADE COSTS

Cost Parameter Value Unit
p39 MVA
c 4.9 kC/km

p50 MVA
c 7.4 kC/km

p67 MVA
c 10.4 kC/km

p88 MVA
c 14.9 kC/km

pf 25 C/km
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These capacities originate from a scenario referred to as
2050 combined from a previous work of [27], where a fully
renewable energy target was set for 2050 and Ocean Thermal
Energy Conversion (OTEC) and geothermal sources were
considered for base power generation, while local Photovoltaic
(PV), hydropower, and biomass resources are exploited to
their maximum potential. In the developed PyPSA model,
power production and consumption are assessed on an hourly
resolution for the assessed time horizon, T . Historical hourly
weather data (2000–2015) from 15 Météo France stations
were used to assess the power generation from the installed
capacities. To balance computational tractability and capture
inter-annual variability, the 15 years were divided into three
five-year periods.

TABLE II
INSTALLED GENERATION CAPACITY IN 2050
Technology Installed Capacity (MW)
Onshore Wind 146.05
Offshore Wind 40.00
Geothermal 15.00
PV 1222.69
Hydropower 238.17
OTEC 31.00
Biomass 320.30

C. Electricity Demand

With regard to power systems modeling, besides generation,
consumption data is a key input parameter in order to ensure
demand is met at all times and thus the system is reliable.
For Reunion Island, no hourly consumption data is publicly
available at a substation resolution. So, EDF Opendata [28] for
2019 hourly production was used to create synthetic demand
profiles for each substation via a probabilistic bottom-up mod-
eling method presented in [13]. Due to the high uncertainty of
future electricity demand, the energy efficiency scenario from
a French Agency for Ecological Transition (ADEME) report
was adopted, which projects a medium-term slowdown and
complete vehicle electrification with an 80% controllable fleet
by 2050 [29], [30].

D. Technical, Economic and Environmental Data for Storage
Technologies

The key economic and environmental parameters of the two
storage technologies considered are summarized in Table III,
where CAPEX is the capital expenditure and O&M is the
operating and maintenance. The environmental impact of the
storage technologies considered in this study is presented in
terms of their GWP in tables IV and V. Table V presents
an estimation of the GWP resulting from the transportation
of the components to Reunion Island, calculated using the
methodology developed in [31]. It is assumed that all originate
from mainland France.

IV. RESULTS

The state of charge evolution of the sum of the hydrogen and
battery storage systems for the optimization periods of 2000
through 2004, 2005 through 2009, and 2010 through 2014 is

TABLE III
TECHNICAL AND ECONOMIC PARAMETERS OF STORAGE TECHNOLOGIES

FOR 2050

Technology Parameter Value Unit Source

Battery

CAPEX 270 kC/MWh [32]
O&M variable 1.7 C/MWh [32]

O&M fixed 570 C/MWh/year [32]
Lifetime 30 years [32]

Self-discharge 0.1 %/year [32]
Charge efficiency 0.985 - [32]

Discharge efficiency 0.975 - [32]

Fuel Cell
CAPEX 40 kC/MW [33]

Efficiency 0.65 - [33]
Lifetime 10 years [34]

Electrolyzer

CAPEX 410 kC/MW [33]
O&M variable 184 C/MWh [35]

O&M fixed 2 % CAPEX [33]
Consumption 50 kWh/kgH2 [35]

Lifetime 15 years [35]

H2 Tank
CAPEX 22 kC/MWh [32]

O&M fixed 3 % CAPEX [36]
Lifetime 30 years [32]

TABLE IV
GWP OF STORAGE TECHNOLOGIES WITHOUT TRANSPORT FOR 2050

Technology GWP Unit Source
Battery 127.45 kgCO2eq/kWh [37]
Fuel cell 29.47 kgCO2eq/kW [38]
Electrolyzer 244.58 kgCO2eq/kW [39]
H2 Tank 8.49 kgCO2eq/kWh [38]

TABLE V
GWP TRANSPORT PHASE DATA FOR THE TECHNOLOGIES CONSIDERED

FOR 2050

Technology GWP transport phase
Battery 0.988 kgCO2 eq/kWh
Fuel Cell 0.269 kgCO2 eq/kW
Electrolyzer 0.537 kgCO2 eq/kW
H2 Tank 0.107 kgCO2 eq/kWh

shown in figure 2 (a)-(c). In general, the figures show a highly
intermittent use of the stored energy in the form of hydrogen,
reserved for use only a few times over the five-year periods.
For each time horizon, the initial state of charge of the HES is
approximately that of the final state of charge, aligning with
the constraint imposed by (7). However, it can be seen that
there is a great difference in the starting states of the HES
between the periods. Fig. 2 (a) requires 0.19 GWh of initial
HES charge while Fig. 2 (c) requires significantly more initial
charge of about 2.14 GWh. The presented results correspond
to solutions located on the Pareto fronts, which balances
economic cost and environmental impact. Along these fronts,
the economically optimal solution relies heavily on battery
storage and implements very limited hydrogen storage capacity
for all of the three horizons. As the solutions shift toward
the environmentally optimal region of the Pareto fronts, the
amount of energy stored in hydrogen gradually increases and
eventually exceeds that stored in batteries.

Figures 3 (a) and (b) zoom into two periods during these
simulated time horizons where large discharges of the HES
occurred in the models. It can be seen that hydrogen is used
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Fig. 2. Optimized storage operation from 2000 through 2004 (a), 2005
through 2009 (b), and 2010 through 2014 (c)

especially when there is a sharp drop in PV production for two
or more consecutive days. For example, for the time period
shown in Fig. 3 (a), the island went through a period of heavy
rainfall that reduced PV production for two days by 38% as
compared to the five-year daily median and mean. This led to
a discharge of the HES of about 0.6 GWh.
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Fig. 3. Electricity generation, consumption, and storage state of charge for
the 14th through the 22nd of February, 2006 (a) and the 27th of January
through the 3rd of February, 2011 (b)

The largest discharge of hydrogen of all the five-year
periods, 2.6 GWh, is shown in detail in Fig. 3 (b). Although
the daily reduction in PV production was less than that shown
in Fig. 3 (a) (approximately 75% of the daily five-year median
and mean), the period lasted for three consecutive days rather
than two and ultimately led to the need for a total combined
HES size of 78.1 tonnes (2.6 GWh). Comparing the Fig. 2
sub-figures shows that the choice of the five-year weather
time horizon has a significant impact on the optimal HES
capacity. The time horizon of 2010 through 2014 implemented
about a 340% more total HES capacity as compared to that
implemented for 2000 through 2004. This is especially key
given future climate uncertainty, especially since the cyclone
frequency and intensity are expected to increase on the island
due to climate change [40]. It is worth noting that across
all three weather periods, the optimization did not select any
transmission line capacity expansions. This holds despite the
fact that several lines, were utilized up to their maximum
capacity during some time periods, indicating congestion in
the optimized network. These results suggest that, under the
line expansion cost parameters, reinforcing the transmission
network was more expensive than deploying storage solutions.

For stakeholders on Reunion island, these results suggest
that while HES is infrequently used, it serves a critical role
during multi-day PV shortfalls, preventing prolonged outages
on the island. Considering the wide variation in optimal
HES capacity between weather periods, capacity investment
decisions must balance the risk of low PV production peri-
ods with increasing climate uncertainty and the inclusion of
resilience margins with overall economic costs and apparent
overcapacity. To compensate for the low annual utilization rate,
it may be required to explicitly value the avoided curtailment,
reliability benefits, and reduced dependence on imported fuels
economically.

V. CONCLUSION

This work presented a methodology for optimizing long-
duration HES implementation and dispatch on fully renew-
able islands, applied to Reunion Island over three five-year
weather periods. Results showed that HES, unlike batteries,
was used intermittently, reserved for poor PV production
periods lasting two or more days. The differing HES capacities
across the three periods underscore the influence of weather-
period selection, highlighting the need to account for future
weather uncertainty to ensure adequate HES implementation
and dispatch. Furthermore, all three time horizon results show
limited use of the HES, which may not be favorable from
a technical perspective, as long periods of inactivity for fuel
cells can lead to degradation of fuel cell components, affecting
performance and durability [41]. This aspect was not modeled
and warrants further investigation and comparison to other
forms of long-duration energy storage technologies or demand
management strategies.

Finally, since the capacity expansion and dispatch opti-
mization model took all five years of the time horizon into
consideration, also known as a full-foresight model, multi-year
charging behavior can be seen, given that the model knows
a significant poor weather event is going to happen in the
future. For example, 2 (a) shows the HES being charged for
over three years before a discharge in 2003. In reality, however,
such long-duration weather forecasting is highly uncertain and
practically infeasible beyond a few days to two weeks [42]. As
a result, this type of foresight-driven behavior may not reflect
realistic operational planning and underestimate long-duration
energy storage needs. Future work will focus on implementing
a more realistic approach to capture the inherent uncertainty
of future weather and system conditions and realistic forecast
prediction timescales via the rolling-horizon framework or
stochastic methods.
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accessed via OER website; Accessed: 2025-07-23. [Online]. Available:
https://oer.energies-reunion.com/sites/observatoire-energie-reunion/files
/202409/PLAQUETTE\%20CHIFFRES\%20CLES\ 2024\ FR\ W
EB\ 0.pdf

[26] F. Babonneau, S. Biscaglia, D. Chotard, A. Haurie, N. Mairet, and
T. Lefillatre, “Assessing a transition to 100% renewable power genera-
tion in a non-interconnected area: a case study for la réunion island,”
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