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The decarbonization of remote energy systems presents both technical and economic challenges, due to their
dependance on fossil fuels and the variability of renewable energy sources. This study introduces a Two-Stage
Stochastic Programming approach to optimize Hybrid Renewable Energy Systems under uncertainty in renew-
able energy production. The methodology is applied to the island of Pantelleria, aiming to minimize Total
Annualized Costs and CO5 emissions using an e-constraint approach. Results show that, within the set of opti-
mized configurations, stricter CO, emissions constraints increase costs, due to the need for oversized components
to ensure supply reliability. Nevertheless, even the zero-emissions scenario offers significant economic benefits
compared to the current diesel-based system. Total Annualized Costs are reduced from 15.5 M€ to 8.10 M€ in the
deterministic case and to 9.37 M€ in the stochastic one. The additional cost in the stochastic configuration is
offset by improved reliability, ensuring demand is met under all scenarios. A sensitivity analysis on electricity
demand reveals the necessity of further larger components, leading to a 27.0 % cost increase in a fully renewable
scenario with stochastic optimization for a 10 % demand increase. These findings highlight the importance of

stochastic optimization in designing cost-effective off-grid renewable energy systems.

1. Introduction

The decarbonization of the energy sector is a fundamental objective
in the ongoing effort against climate change. Consequently, many na-
tions are establishing ambitious targets for cutting Greenhouse Gas
(GHG) emissions. In its recent report [1], the International Energy
Agency (IEA) outlined a pathway to achieving net-zero by 2050,
emphasizing the urgent need for a rapid transition towards renewable
energy, electrification, and energy efficiency. The European Union (EU)
committed to reducing emissions by at least 55 % by 2030, as part of its
“Fit for 55” [2] initiative, with the ultimate goal of achieving full carbon
neutrality by 2050. These targets are driving the energy transition,
particularly in the power generation sector, which accounts for 42 % [3]
of global energy-related carbon dioxide (CO) emissions.

Despite their relatively small contribution to global emissions,
remote communities that lack connection to the electricity grid remain
heavily dependent on fossil fuels, particularly with Diesel Generators
(DG). This reliance results in significant energy costs - up to ten times the
levels observed in the mainland [4] - and raises concerns regarding the
security of energy supply. In fact, fuel prices are highly volatile, and
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transportation costs to remote locations further amply the financial
burden. The growing interest in addressing these challenges is reflected
in European initiatives, such as the European Commission’s “Clean En-
ergy for EU Islands” [5] program.

A significant number of studies have explored solutions to these is-
sues. Among the proposed solutions, the hybridization of the energy
system has shown potential in reducing the cost of energy. Malheiro
et al. [6], for instance, demonstrated that in the absence of a backup DG
system, the required Battery Energy Storage System (BESS) capacity
would be three times larger, significantly increasing the Levelized Cost
of Electricity (LCOE). On the other hand, Cai et al. [7] have shown that
Hybrid Renewable Energy Systems (HRES) are considerably more
cost-effective than a system reliant solely on DGs, as they reduce fuel
consumption. Additionally, incorporating a Hydrogen Storage System
(HSS) has been found to further reduce the LCOE [8]. Gray et al. [9]
highlighted the advantages of HSS over BESS due to its absence of
self-discharge and greater reliability. However, they also noted that the
Power-to-Gas-to-Power (P2G2P) process in a hydrogen storage system
still has a lower efficiency, particularly for short-term storage. Brinkhaus
et al. [10] determined that while hydrogen is a viable option for
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long-term seasonal storage, batteries are more appropriate for
short-term energy supply. Consequently, combining these two storage
technologies enhances system reliability, making them well-suited for
deployment in remote locations. Marocco et al. [11] showed that when
there are no constraints on emissions, the most cost-effective configu-
ration comprises Renewable Energy Sources (RESs), BESS, and DGs.
However, as the reliance on fossil fuels decreases, hydrogen storage
becomes crucial in preventing the oversizing of renewable energy ca-
pacity. Similar findings were reported by Marchenko et al. [12], who
observed a 31.0 % reduction in system costs through the integration of
hydrogen production and storage.

To determine the optimal energy mix, many studies have employed a
Multi-Objective Optimization approach, which enables the simulta-
neous consideration of multiple and conflicting objectives. Common
optimization goals in literature include minimizing system costs, such as
LCOE [13] or annual costs [14], and reducing environmental impact,
typically measured in terms of CO, emissions [15]. Optimization prob-
lems for HRES are generally addressed using meta-heuristic methods
[16], such as Genetic Algorithms [17] and Particle Swarm Optimization
[11], or through mathematical programming approaches, including
Linear Programming (LP) [18] and Mixed Integer Linear Programming
(MILP) [19].

Most previous studies had a deterministic approach to the optimi-
zation problem. Only a few works incorporated the uncertainties asso-
ciated with HRES. However, these uncertainties are an intrinsic feature
of such systems, and a deterministic approach may fail to accurately
characterize the system. Dufo-Lopez et al. [20] for instance, proposed a
stochastic optimization strategy based on the Monte Carlo (MC) method,
which generates a Probability Density Function for the outcomes rather
than a single deterministic value. Their methodology applied two Ge-
netic Algorithms: one for component sizing and another for control
strategy optimization. Moreover, Gong et al. [21] analyzed the flexible
operation of hydropower and hydrogen systems to mitigate the vari-
ability of renewable sources. In their study, they evaluated the presence
of a benefit loss when maintaining operational decisions within the
flexible space during climate emergencies.

A particularly effective approach for addressing uncertainties in
stand-alone energy systems is two-stage stochastic programming. This
type of model introduces two groups of variables. First-stage variables
are predetermined and maintain their value across all scenarios,
regardless of variations in uncertain parameters. Conversely, second-
stage variables are flexible and adjust dynamically in response to the
actual realization of these uncertainties. A change in parameters, such as
electrical load or RES production could make the system unable to
completely fulfill the demand. Stochastic programming must ensure that
the designed system (first-stage variables) is able to meet the demand in
all potential scenarios by varying its operation (second-stage variables).
Two-stage stochastic programming is used in many studies in the energy
sector. Marzi et al. [22], for instance, proposed a two-stage stochastic
approach to understand how the integration of seasonal storage through
power-to-gas could add flexibility and help mitigate the impact of un-
certainties in a multi-energy system. Moreover, Huang et al. [23] built a
two-stage stochastic programming model to minimize the expected costs
of a regional-scale electricity system under demand uncertainty.

In the present study, a two-stage stochastic multi-objective optimi-
zation problem is formulated within an LP framework to determine the
optimal configuration and operation of an HRES. The system consists of
photovoltaic (PV) panels, Wind Turbines (WT), DGs, HSS, and BESS. The
proposed methodology is applied to Pantelleria island, located south-
west of the Sicilian coastline in Italy. Pantelleria participates in both the
“Clean Energy for EU Islands” [5] program and the “Smart Island”
project [24]. The island currently relies principally on DGs, and its
remote location makes grid connection unfeasible. Given the existence
of numerous similar cases in the Mediterranean and remote European
communities, the approach has significant replicability potential.
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1.1. Scope of the present work

While numerous studies have focused on the optimization of hybrid
renewable energy systems, a significant gap remains in their design
under uncertainty. In stand-alone HRES, any variability — such as lower
than predicted renewable generation or higher than expected demand —
can result in an inability to supply the required energy to the end-user.
This issue worsens when constraints are imposed on CO2 emissions,
limiting the utilization of diesel generators as a flexible backup system.
The major limitation in current research lies in the lack of systematic
investigation into how uncertainties affect optimal component sizing
and operational strategies. In these contexts, ignoring uncertainty can
lead to under-dimensioned systems, misestimated costs, and potential
reliability issues. To address these challenges, variability must be
considered during the design process. However, to the best of the au-
thors’ knowledge, no research has systematically analyzed how un-
certainties impact the optimal sizing and operation of off-grid HRES.

In this study, a cost-emissions Pareto front is initially obtained using
a deterministic approach. Subsequently, the two-stage stochastic pro-
gramming framework is applied to evaluate how uncertainty in
renewable energy availability influences system configuration, compo-
nents’ operation, and associated costs. The same analysis is conducted
varying the electricity demand to assess the sensitivity of results.

Specifically, this study aims to:

- Develop a two-stage stochastic programming model to optimize the

sizing and annual operation of an HRES while considering multiple

uncertainty scenarios with the objective of minimizing Total Annu-

alized Costs (TACs) and CO2 emissions.

Analyze the effects of variability in renewable energy generation on

system sizing and operation, particularly in relation to CO2 emission

constraints.

Ensure system reliability by designing a configuration able to meet

the electricity demand under all possible operating conditions.

- Apply the proposed methodology to a real-world case study on
Pantelleria, a remote Mediterranean island whose current electricity
production is based on diesel generators.

The remainder of the paper is organized as follows: Section 2 de-
scribes the modelling approach, optimization framework, and reference
case study. Section 3 discusses the main results. Finally, conclusions are
provided in Section 4.

2. Materials and methods

This study developed an optimization framework to determine the
optimal sizing and operation of an off-grid HRES under uncertainty. The
framework was based on Linear Programming and developed in Python.
Although LP models provide a simplified representation of the system,
they are widely employed in stochastic programming [25] In this
context, computational complexity grows with the number of scenarios
considered, particularly when performing annual simulations at an
hourly resolution, as in the present study. The primary limitations of
using an LP are the inability to capture the nonlinear efficiency char-
acteristics of energy technologies and to include operational constraints
such as minimum load requirements. These limitations are relevant for
hydrogen-based technologies, whose performance is significantly
affected by partial-load operation. However, the drawback is mitigated
by the modular nature of the system, which allows components to
operate near their nominal capacity by dynamically adjusting the
number of active modules. Additionally, another simplification of LP
models compared to MILP is the loss of information regarding
non-simultaneity between charging and discharging processes in storage
systems. This behavior is automatically managed by the optimization
process. Since all components have an efficiency lower than 100 %,
energy losses discourage simultaneous charging and discharging,
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leading the optimizer to separate these operations at each timestep [26].

The optimization process followed a multi-objective approach,
implemented through the e-constraint method [27], which enabled the
simultaneous minimization of Total Annualized Costs and CO2 emis-
sions. To account for uncertainties in RES generation, the study inte-
grated a two-stage stochastic optimization framework. The approach
ensured that the system is sized to reliably meet demand under all sce-
narios, preventing power shortages.

To enhance computational feasibility while preserving the statistical
characteristics of the uncertainties, a K-means clustering technique [28]
was employed for scenario reduction. K-means is capable of efficiently
selecting a representative subset of scenarios that are used to charac-
terize the uncertainty.

2.1. Energy system modelling

The energy system was modeled as an LP problem, formulated over a
one-year time horizon (T) with an hourly resolution. Table 1 presents
the nominal operating conditions of the energy system components,
while the following sub-sections delve into the modeling details of each

Table 1
Technical parameters and operating conditions of HRES components.
Component Parameter Units Value Ref
PV Tilt ° 32 -
Azimuth ° 7 -
Losses % 14 [29]
Specific production, ¢py kWh/kW,,  Time series [29]
Lifetime years Project -
(20)
Wind Turbine height, hyr m 80 -
Reference height, hyer m 10 -
Exponent law coefficient, a [-1 0.17 [30]
Cut-in wind speed, Vi ci m/s 3 [31]
Cut-out wind speed, Vy co m/s 25 [31]
Rated wind speed, vy r m/s 13 [31]
Lifetime years Project -
(20)
BESS Charging efficiency, ngr % 95 [32]
Discharging efficiency, % 95 [32]
"B dis
C-rate, Crate [-1 0.9 [33]
Self-discharge rate, o [-] 5 %,/month [34]
Minimum SOC, SOCpin [-1 0.2 [34]
Maximum SOC, SOCpax [-] 1 -
Lifetime years 15 [35]
PEMEL Operating pressure bar 30 -
Conversion efficiency, &g, kWh/ 50.5 [36]
kg2
Water Consumption, du2o mia0/ 0.015 [37]
kg
Lifetime years 10 [38]
PEMFC Operating pressure bar 1 -
Nominal efficiency, (e kgna/ 0.060 [39]
kWh
Lifetime years 10 [40]
H, Tank Nominal pressure bar 200 -
Lifetime years Project -
(20)
Compressor Input pressure bar 30 -
Output pressure bar 220 -
Specific consumption, eco kWh/ 1.76 [41]
kgn2
Lifetime years Project -
(20)
Diesel Nominal Efficiency, #pg % 37 [39]
Generator CO-, emissions kg/m3 3000 [42]
Lifetime years Project -
(20)
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component.

The proposed HRES configuration is illustrated in Fig. 1, with power
generation from WT, PV panels, and DGs, both a BESS and an HSS for
power balancing, and an electricity demand of the island. Therefore, at
each timestep, the energy balance in Equation (1) must be met.

Ppy (t) + Pwr(t) + Prc(t) + Pprais(t) + Pog(t)
= Ppem(t) 4 Pe(t) + Peo(t) + Per.en(t) + Peurr(t) (€8]

Where Ppy (t), Pwr(t) and Ppg(t) are the power generated respectively by
the PV, the wind turbine, and the DGs, Pgr gis(t) and Pprch(t) are the
discharging and charging power of the battery, Prc(t), Pgr(t) and Pgo(t)
are the fuel cell, the electrolyzer, and the compressor operating power,
Ppem(t) is the electricity demand of the system and Pcyrr(t) is the power
curtailment of RES, all expressed in kW.

2.1.1. Photovoltaic system

The potential energy production of the PV system was obtained at the
chosen location from the Photovoltaic Geographical Information System
(PVGIS) [29] database with an hourly resolution. Solar radiation pre-
dictions were sourced from the PVGIS-SARAH 2 dataset. The PV system
was modeled as a fixed-tilt installation, with the tilt (32°) and azimuth
(7°) angles optimized for the specific location. A 14 % system loss was
applied, as recommended by PVGIS, to account for all the factors that
cause a decrease in power production, such as cables and inverter losses,
dirt accumulation, and long-term module degradation. In this way, a
specific energy production ¢py(t) was obtained for each timestep and
used to calculate the total power output of the system Ppy(t) by multi-
plying it by the nominal power of the plant Ppy,, as expressed in
Equation (2):

Poy(t) =cpy(t)-Pev )

2.1.2. Wind turbine generators

The power output of the WT was determined based on its charac-
teristic power curve, which relates the power generated to the input
wind speed. The power output at the timestep t was calculated as
described in Equation (3) [43]:

07 Vw(t) S Vw‘ci
V3 (t) — V3

w w,ci

Pyrr—s— 3 Vwai < Vu(t) < Wy,
Pyr(t) = Ve~ Vew " ()]

PWTAry Vw.r S vw(t) S Vw.co

0, Vw(t) > Vweo

Where vy ¢i, Vw.co, and vy, are respectively the cut-in, cut-out, and rated
wind speed (in m/s), while Pyt is the nominal power of the turbine, in
kw.

Wind speed data were retrieved from PVGIS, which provides values
at a reference height (h,¢¢) of 10 m. Therefore, they were corrected to the
turbine height (hywr) using the power law reported in Equation (4):

Voo (t) = Vser(£)- (’;—WD @

Where v, ,r is the wind speed measured at the reference height (in m/s),
and « is the exponent of the power law, which depends on the surface
topology. For this study, a value of 0.17 was selected for a, based on the
mean wind speed at the turbine and reference height reported by the
Italian Wind Atlas [30].

2.1.3. Battery energy storage system

Energy storage systems play a critical role in isolated grids, ensuring
the coupling of renewable energy generation with electricity demand. In
this study, both a battery energy storage system and a hydrogen-based
storage system were analyzed. The BESS selected for this study
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Fig. 1. HRES configuration.

employed a lithium-ion technology. Lithium-ion batteries offer higher
efficiency, longer lifespan, and improved energy density compared to
the lead-acid alternative [44]. The State of Charge (SOC), which rep-
resents the ratio of the stored energy to the nominal capacity, was
updated dynamically at each timestep following Equation (5):

Pyren(t)-At-fgren — Prais(t)-At

()]
Capgr CaprrNgr gis

SOC(t+1) =S0C(1)-(1—0) +

Where 7gr ., and ngp g are respectively the BESS charging and dis-
charging efficiencies, o is the hourly self-discharge rate, and Capgr is the
nominal battery capacity (in kWh). To ensure operational safety and
prevent deep discharge, the SOC was bounded between a minimum and
maximum threshold, as reported in Equation (6). While SOCy,.x was set
to 1, a SOCpyn threshold of 0.2 was imposed for safety reasons [34]:

SOCpin < SOC(t) < SOCa (6)

Additionally, the SOC at the start and end of the simulation must be
consistent to maintain the system energy balance, as reported in Equa-
tion (7):

Py e (tend) - At-Ngp oy _ Pyrais (tend)-At

SOC(tstart) =SOC(tenq) - (1 —0) +
(tar) (tena) - ) Cappr CaprrNgr ais

(7)

The charge or discharge of the battery at each timestep were
managed through Equations (8) and (9):

0 < Pgra(t) < Crate-Capgr / At ®)
0 < Pgrais(t) < Crate-Capyr / At ©)

A Crate of 0.9 was imposed, meaning that the battery can be charged or
discharged up to 90 % of its nominal capacity per hour [33].

2.1.4. Hydrogen-based energy storage system

For hydrogen storage, this study considered Proton-Exchange
Membrane (PEM) technology for both the electrolyzer (PEMEL) and
fuel cell (PEMFC). PEM technology is well-suited for intermittent
renewable energy sources due to its fast response time and operational
flexibility [45]. The electrolyzer operated at a pressure of 30 bar, with a
nominal efficiency of 66.0 %, corresponding to a conversion factor gy, of
50.5 kWh/kgys [36]. The fuel cell functioned at ambient pressure,
achieving a nominal efficiency of 50.0 % [39], equivalent to a conver-
sion factor (¢ of 0.060 kgy2/kWh.

Since renewable energy availability and electricity demand

fluctuate, the operating power of the electrolyzer and fuel cell varies
dynamically. The LP model did not enforce a minimum power
constraint. However, a report by Tractebel and Hinicio [41] indicated
that PEM electrolyzers and fuel cells can operate across their entire
power range, from zero to their nominal capacity. Despite this, oper-
ating at very low partial loads should be discouraged as it accelerates the
chemical degradation of the PEM membrane [46].

The Level of Hydrogen (LOH) of the Hy Tank, defined as the ratio of
the stored hydrogen to the Hy tank capacity, was dynamically updated at
each time step. Coherently with BESS, the LOH constraint must also be
met between the first and the last timestep, as shown in Equations (10)
and (11):

My2 EL (t) At _ My Fc (t) ‘At
SizeHT SiZeHT

LOH(t+1)=LOH(t) + (10)

My g1 (tend) - At B Myg pc (tend)- At

LOH(t, =LOH(t,
( smn) O ( end) + SiZeHT SizeHT

an

Where myy g, and myypc are respectively the mass flow of hydrogen
produced by the electrolyzer and consumed by the fuel cell at timestep t
(in kg/h), and Sizeyr is the hydrogen tank capacity (in kg). The mass
flows were linked to the electrolyzer and fuel cell power via Equations
(12) and (13):

Mgz b1 (t) = Pru(t) /€m 12)

My pe (t) = Prc(t)-Cre 13)

The input power of electrolyzer and fuel cell was limited by Equa-
tions (14) and (15):

0 <Py (t) < Pgrr 14

0 < Pgc(t) < Pre,e (15)

At any timestep, LOH was constrained between 0 (LOHp,) and 1
(LOH,,4) as reported in Equation (16):

LOHyi, < LOH(t) < LOHpay (16)

The water consumption (in m3/h) for the operation of the PEMEL
was computed by multiplying the hydrogen consumption for a water
consumption factor Sy, equal to 0.015 m%zo/kgHz [371, as reported in
Equation (17):

Qu20.51(t) = Muz g1 (t) 0120 a7)

The hydrogen was stored in a Type 1 seamless steel tank at 200 bar.
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Pressure losses due to valves, tubing, and permeation are negligible in
these types of tanks [33]. A centrifugal compression system was
employed to increase the hydrogen pressure from the PEMEL outlet
pressure of 30 bar to the storage pressure. The power consumption of the
process was estimated using an adiabatic compression model with an
overall efficiency of 50 %, which included both electrical power con-
version and auxiliary systems. Further details are in the final report by
Tractebel Engie and Hinicio [41]. The outlet pressure of the compressor
was 10 % higher [47] than the storage pressure to prevent backflow. The
power required by the compressor was calculated as in Equation (18),
with the power limited by the nominal power of the compressor as re-
ported in Equation (19):

Peo(t) =muzpL(t)-€co 18)

0 <Pco(t) < Pcor 19)

The specific energy consumption &co for compressing hydrogen was
therefore found to be approximately 1.76 kWh/kgys.

2.1.5. Diesel generators

The diesel generators were assumed to operate with load modula-
tion, allowing them to adjust their output to meet the electrical demand
dynamically. The power generated by the DGs is bounded between 0 and
its nominal power, as in Equation (20):

0 <Ppg(t) < Ppg,r (20)

The DGs fuel consumption Qpg(t) (in m®/h) was estimated consid-
ering its nominal efficiency g, set to 37 % [39], and the diesel heating
value LHV jiese1, €qual to 10069 kWh/m?, as reported in Equation (21).

QDG(t) :PDG(t) / (LHVdiesel ° ”DG) (21)

2.2. Economic parameters and TAC estimation

The techno-economic data and assumptions used in this study are

Table 2
Economic parameters.
Component Cinv Cosm Replacement Ref
()

PV 1060 2 % Cinvpv - [51,
€/kwW 521

Wind 1200 3% Cinywina  — [53]
€/kw

BESS 450 2.5 % 50 % Cinv Ess [35,
€/kWh Cinv BESS

54]

PEMEL 1196 5% 50 % Ciny PEMEL [55]
€/kW Cinv PEMEL

PEMFC 1300 5% 20 % Ciny pEMFC [39]
€/kW Cinv PEMFC

H, Tank 230 €/kg 2 % Cipv ur - [56]

Compressor 4577 4 % Cinv.co - [57]1
€/kW

Diesel Generator 343 €/kW 2.5 % Cinvpg - [39]

Energy costs Symbol Value Ref

Diesel specific cost SCdiesel 1800 €/m® [58]

Water specific cost SCH20 4 €/m° [59]

Financial Symbol Value Ref

parameters
Nominal discount dr 7 % [49]
rate

Inflation rate ir 2.23% [50]

Engineering cost Ceng 15 % Ciny -

Installation cost Cinst 15 % Ciny -

Personnel cost Cpers 200 k€ -

Project lifetime ny, 20 years -
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summarized in Table 2. To ensure the highest level of accuracy, the most
up-to-date economic data have been sourced from reliable and author-
itative sources, including the International Energy Agency, National
Renewable Energy Laboratory (NREL), and Danish Energy Agency
(DEA), as well as relevant literature sources.

The economic parameter chosen for the optimization was the Total
Annualized Costs, which can be defined as the sum of all capital and
operational expenditures of the energy system, expressed as an equiv-
alent annual cost over its lifetime. It accounts for the initial investment,
periodic component replacements, and recurring operational expenses.
The formula for estimating the Total Annualized Costs (in €) is presented
in Equation (22):

TAC = CAPEX + OPEX (22)

Where CAPEX (in €) represents the Capital Expenditures and OPEX (in €)
represents the Operating Expenditures. CAPEX term is composed of the
investment (Ci,y) and replacement cost of each component, with addi-
tional engineering (Ceng) and installation (cis) costs as a percentage of
the investment, as expressed in Equation (23):

CAPEX = (Cinvi-Ai- (1+Ri-py)) @3

Where R; is the number of replacements during the component lifetime,
p; is the replacement rate , A; is the annuity factor of each component,
and i is the index referred to the i-th component of the system. The
annuity factor is calculated as in Equation (24):

It;
A= dr(1 + l(tir) 24)
1+4+dn™ -1

Where lt; is the lifetime of the component, reported in Table 1, and dr is
the real discount rate, which takes into account the nominal discount
rate (dr') and the inflation rate (ir) through Fisher equation [48], as
displayed in Equation (25). The nominal discount rate was set at 7 %
[49], while the inflation rate was based on the last 30-years average in
the Euro Area, set to 2.23 % [50].

1+dr
= -1 2
1t (25)
The term OPEX is instead calculated as in Equation (26):
T
OPEX = ZCO&M,i + Z (SCHZO - Qu20,51(t) - At + SCaiesel - Qpa (t) - Af)
i t=1
+ Cpers
(26)

Where Cogwmi is the operation and maintenance cost of the i-th compo-
nent, expressed as a percentage of its capital cost, the cost of water for
the PEMEL and of diesel for the DG calculated are calculated by multi-
plying the specific cost of demineralized water (scy20) and of diesel
(SCdieser) (in €/m>) respectively for the water consumption (Qpu2o r.) and
diesel consumption (Qpg), and Cpers represents the personnel cost which
was assumed equivalent to 200 k€/year for a 24 h supervision of the
system (three operators with 8 h shifts).

2.3. Sizing approach

2.3.1. Multi-objective optimization

The sizing and operation of the system were formulated by solving an
LP problem. The model simultaneously determined the optimal system
sizing and the hourly dispatch strategy, ensuring that electricity demand
is met throughout the year.

It incorporated:
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- Hourly time series data for electricity demand and meteorological
conditions.

Technical and economic parameters of each system component.
Uncertainty modeling, considering multiple scenarios of renewable
generation and sensitivity analysis to electricity demand.

The decision variables included:

Component sizes, which were optimized within predefined bounds.
Operational variables, such as the input/output power of the elec-
trolyzer and fuel cell, the charging/discharging of the battery, and
the power produced by the diesel generator for each timestep, and
state variables, as the energy stored in the hydrogen tank and in the
battery, and the curtailed renewable energy at each timestep.

The objective was to design the system to minimize the TACs and the
CO5 emissions. The multi-objective optimization was performed using
the e-constraint method [27]. The e-constraint method is a technique
that transforms a multi-objective problem into a series of
single-objective ones by optimizing one objective while treating the
other as a constraint. This method allows the exploration of the trade-off
between the two objectives and the construction of the Pareto front. In
this study, optimization minimizes TACs while CO, emissions are
imposed as an upper-limit constraint. In particular, a single-objective
optimization was initially conducted without imposing any constraint
on the emissions, whereas the objective function was to minimize TACs
while ensuring that all technical and energy balance constraints were
satisfied. The CO, emissions corresponding to the cost-optimal config-
uration were then calculated as in Equation (27):

ten
Mco, = Zt:‘lm Qo (t)-At-emco, pg @7

Where emco, pg (in kg/mB) is the CO5 emissions coefficient for diesel
fuel, equal to 3000 kg/m3 [42].

To construct the Pareto front, the range between maximum emis-
sions (Mco, max) and minimum emissions (mco, min) Was divided into
several discrete steps. The minimum emissions were set to zero to
represent a fully renewable energy system. A series of single-objective
optimizations were then performed, each minimizing TACs while sub-
ject to a progressively stricter CO2 emission constraint (mCOZ,target); as
reported in Equation (28):

mCOZ S mC02 Jtarget (28)

Each single optimization problem can therefore be summarized by
Equation (29), where TACs are minimized and emissions explicitly
appear as an inequality constraint, consistent with the e-constraint
approach.

min TAC
s.t. Equalityconstraints (1)—(3

(3),(5),(7),(10)—(13),(17),(18),(21)
Inequality constraints  (6),(

)
8),(9),(14)-(16),(19),(20),(28)
(29

2.3.2. Two-stage stochastic optimization

When considering an off-grid HRES, parameters such as energy
produced by RES or end-user demand have a certain degree of uncer-
tainty. In this study, a two-stage stochastic programming was employed
to evaluate the impact of RES production uncertainty on component
sizing. In stochastic programming, optimization problems that involve
uncertainty are modeled by generating a finite number of scenarios,
which correspond to a probability of occurrence. In two-stage stochastic
programming, decision variables are divided into two groups:

- First-stage variables: represent the component sizes, which must
remain identical across all scenarios to ensure a single system design.
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Table 3
Energy system variables.
Component First-stage Symbol  Second-stage Symbol
Variables Variables
PV Nominal PV Ppy, PV power Ppy(t,s)
power production
WT Nominal WT Pyt WT power Pyr(t,s)
power production
BESS Nominal BESS Capgr BESS charge power Pyren(t,s)
capacity BESS discharge Py is(t,s)
power
BESS state of charge ~ SOC(t,s)
H, Tank Nominal H, Tank Sizeyr H, Tank level of LOH(t,s)
capacity hydrogen
PEMEL Nominal PEMEL Pgr. PEMEL power Pri(t,s)
power consumption
PEMEL hydrogen mu2 gL (L, S)
production
PEMEL water Q2o (t,
consumption s)
PEMFC Nominal PEMFC Prc, PEMFC power Prc(t,s)
power production
PEMFC hydrogen My2 pc(t,S)
consumption
Compressor Nominal Pco Compressor power Pco(t,s)
Compressor power consumption
DG Nominal DG Ppgr DG power Ppg(t,s)
power production
DG diesel Qog(t.s)
consumption
Demand - - Electricity demand Ppem(t,s)
Curtailment - - Power curtailment Pcurr(t,s)

- Second-stage variables: include operational decisions, which are
adjusted dynamically in response to each scenario’s variability and
are therefore dependent on the timestep and the scenario.

All the variables regarding the energy system are reported in Table 3.

In particular, it is essential to ensure that the constraints related to
energy balances of the system, technical parameters of the components,
and CO; emissions are satisfied not only for each timestep, but also for
each scenario. In this context, the objective function became the sum of
the Total Annualized Costs across all scenarios weighted on the proba-
bility of the corresponding scenario. Given the uniformity of the
component sizes and, consequently, of the components’ O&Ms, (first-
stage variables), the objective function’s variability across scenarios was
determined directly by the parameters of water consumption in the
electrolyzer and diesel consumption in the diesel generator, as reported
in Equations (30) and (31):

TAC = CAPEX + OPEX (30)

S
OPEX = "Cosmi+ Cpers + 3
i s=1

(€29)
T
(Z (SP.Hzo “Qu20L(S, ) - At + SPdgiesel - Qo (S, t) - At)) -p(s)

t=1

Where S is the number of scenarios and p(s) is the probability of each
scenario s. The probability of each scenario was calculated as the outer
product of the probability of PV scenarios and wind scenarios, as shown
in Equation (32):

P(s) =pev(spv) @ Pwr(swr) (32)

This formulation ensures that the system is sized considering all
analyzed scenarios. The logical diagram in Fig. 2 elucidates the details of
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Fig. 2. Logical block of the Two-Stage Stochastic Optimization.

the two-stage stochastic multi-objective optimization process.
2.4. Pantelleria case study

The island of Pantelleria was selected as a case study for this analysis
due to its geographical isolation and renewable energy potential. Given
its considerable distance from the mainland, connecting the island to the
national electricity grid would be economically unfeasible. Further-
more, Pantelleria currently relies predominantly on diesel generators for
electricity ~generation, which is incompatible with global

decarbonization goals. However, the island possesses a high potential
for RES, which could facilitate the transition.

A comprehensive analysis of historical RES productivity data from
2005 to 2023 was conducted, covering both photovoltaic and wind
energy. The analysis indicated that the mean annual energy yield from
PV amounted to 1619 kWh/kW), corresponding to a capacity factor of
18.5 %, while the mean annual energy yield from wind energy was 3495
kWh/kW), corresponding to a capacity factor of 39.9 %. Both energy
sources are characterized by not negligible variability.

To characterize uncertainty, the full dataset of historical
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producibility was analyzed as explained in Section 2.5. For the deter-
ministic analysis, it was reasonable to hypothesize that the utilization of
the hourly average of historical data would be the optimal approach.
While this methodology may be considered valid for solar energy, which
follows a well-defined daily pattern, it is less suitable for wind energy.
Unlike solar radiation, wind productivity exhibits irregular hourly pat-
terns. This issue is illustrated in Fig. 3, which presents the violin plot of
historical wind and solar energy production data for the months of
January and July, highlighting the mean values with dark points. Two
main considerations can be derived:

- Solar energy is higher in summer, while wind energy has higher
productivity in winter.

- Solar energy has a clear daily profile, while wind power output is
highly concentrated at extreme values, meaning that the mean value
does not accurately represent the true distribution of wind energy
availability. If an average profile were used for wind, it would result
in an artificially smooth curve, leading to unrealistic predictions and
misinterpretation of the system performance.

Following the last consideration, a single year was utilized for the
deterministic analysis to capture the real variability. In particular, the
year 2005 was chosen as reference, as its annual PV and wind energy
production are the closest to the long-term mean values, being equal
respectively to 1633.7 kWh/kW,, and 3534.7 kWh/kW,,. Consequently,
this year is the most representative to compare with the stochastic
results.

On the other hand, electricity consumption data were reconstructed
using monthly real data from the “Clean Energy for EU Islands” report
[58]. The hourly demand profile was derived using the Italian agency for
energy system research (RSE) tool TOTEM [60] (Territory Overview
Tool for Energy Modelling) for the Province of Trapani. The demand
profile exhibits a seasonal trend, with higher electricity consumption in
summer, driven by tourism-related activities. The total annual elec-
tricity demand was estimated at 31.1 GWh. Fig. 4 summarizes the hourly
and monthly energy potential and load profiles over a year.

PV January
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2.5. Uncertainty characterization

Accurately characterizing uncertainties is crucial for two-stage sto-
chastic optimization. RES exhibit strong temporal autocorrelation,
making the creation of representative long-term scenarios particularly
challenging. It is essential to ensure that the generated scenarios capture
seasonal variability while maintaining realistic hourly trends in pro-
ductivity. To address these challenges, this study employed a Monte
Carlo-based scenario generation method. Monte Carlo is an effective
algorithm for uncertainty modeling that has been extensively applied to
generate scenarios of renewable energy power output [61]. The accu-
racy of this method depends on the large scale of sampled scenarios. To
enhance data recombination and improve statistical representativeness,
Bootstrap resampling was incorporated, following a methodology
similar to that used by Tapetado and Usaola [62].

In the first stage of the scenario generation process, historical hourly
data for photovoltaic and wind energy production over multiple years
were organized and grouped by month. Within each month, daily pro-
files (24-h segments) were extracted to preserve the pattern of RES
production. Each scenario was created by randomly selecting a set of
daily profiles for each month from the historical data set. By preserving
the structure of entire daily profiles, this approach ensures that the
temporal correlation between consecutive hours within a day is main-
tained. The full-year scenario was constructed by concatenating the
sampled daily profile across all months, as reported in Equation (33):

X = U U Xm.d* (33)

Where X° is the annual array of synthetic energy output (PV or wind
power) in scenario s and x,,, 4 is a randomly selected daily profile, where
d’ is randomly selected from historical data and ng, is the number of
days in each month.

Unlike methods that rely on hourly-level sampling, which fail to
consider the intrinsic temporal correlation, this approach ensures that
variability in renewable energy generation is preserved. While more

PV July
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Fig. 3. Violin plot of historical data for PV and wind energy producibility in the months of January and July.
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Fig. 4. Input renewable energy potential for reference year and load data profile: electrical load, PV energy productivity and wind energy productivity with hourly

(top) and monthly (bottom) resolution.

advanced techniques (e.g., autoregressive models or copulas) could be
employed, the Monte Carlo-Bootstrap approach offers a computationally
efficient alternative that fully exploits the availability of historical data.

To ensure computational feasibility, the initially generated 10000
scenarios were reduced to a manageable number (10) using K-means
clustering. This technique identifies k centroids that minimize intra-
cluster variance, ensuring that each centroid represents the behavior
of its cluster, as shown in Equation (34):

2

argmind 3| 3 xo) -

i=1 s€S;||x, +€Xx(t)EX, 4

m,

(34)

Where Sy is the number of generated scenarios (10000), Sc. is the
number of clusters (10), and y' is the centroid of cluster i.
The centroids were therefore selected as the reduced set of
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representative scenarios. To preserve the statistical properties of the
original dataset, the probability of each reduced scenario was deter-
mined based on the proportion of original scenarios assigned to its
corresponding cluster. Fig. 5 presents the histogram of generated sce-
narios for PV and wind energy, divided by cluster with the scenario
reduction technique. The red circles indicate the representative cluster
centroids and their associated probabilities. As 10 scenarios were
selected for both photovoltaic and wind energy, a total of 100 scenarios
were utilized for stochastic optimization. Table 4 summarizes the values
of the representative scenarios, along with their deviation from the
weighted mean. A higher variability was detected in annual wind energy
production, consistent with historical data and previous findings in the
literature [63].
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Fig. 5. Histogram of PV and wind scenario generation, clustering and reduction.
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Table 4
Specific Production, probability and distance from weighted mean of selected
scenarios for PV and wind.

RES Scenario  Specific Probability Weighted Distance
Production [%] Mean from
[kWh/kW,] [kWh/kW,]  Weighted
Mean [%]

PV 1 1562.0 1.88 1618.7 —3.50
2 1580.1 5.74 —2.38
3 1592.2 9.43 —1.64
4 1602.3 13.02 —-1.01
5 1611.8 15.28 —0.43
6 1621.4 17.42 0.17
7 1631.0 15.39 0.76
8 1641.4 11.74 1.40
9 1653.4 7.41 2.14
10 1670.2 2.64 3.18
Wind 1 3169.0 2.94 3494.2 -9.31
2 3279.8 8.33 —6.14
3 3359.9 13.02 —3.84
4 3428.7 16.61 -1.87
5 3491.3 16.75 —0.08
6 3549.5 14.78 1.58
7 3609.5 12.58 3.30
8 3675.7 8.90 5.19
9 3755.6 4.70 7.48
10 3867.2 1.39 10.67

3. Results and discussion
3.1. Deterministic optimization results

The electricity demand of the island of Pantelleria is currently sup-
plied by 22 MW of DGs, complemented with a 1 MW PV system [58]. In
this configuration, PV covers only 5.2 % of the electricity demand, while
the remaining 94.8 % is met by DGs. The quantity of diesel required
amounts to 7900 m>. Diesel purchase represents the primary cost
component, leading to Total Annualized Costs of approximately 15.5
ME€, with associated COy emissions of 23.7 kt/y. This quantity of CO2
corresponds to an emission factor of 762 gco2/kWh, which is more than
3 times higher than the Italian electricity grid value of 2024 (274
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gcoz/kWh [64]).

As previously described, the multi-objective optimization was per-
formed using the e-constraint method, where the minimization of TACs
is the objective function and CO; emissions are progressively reduced.
The analysis identified the lowest cost-scenario — with TACs of 6.38 M€ -
at an emission level of 3.2 kt/y (103 gco2/kWh). This outcome already
highlights the potential for significant emission reductions while
considerably improving economic performance. Following the identifi-
cation of this cost-optimal configuration, the optimization was extended
by progressively imposing stricter CO5 emissions constraints, with in-
cremental steps of 0.4 kt/y. Additionally, two emission values of 0.1 and
0.25 kt/y were introduced to better characterize the transition toward a
zero-emission system. The resulting Pareto front, illustrated in Fig. 6,
compares the optimized configurations with the current energy mix,
with pie charts representing electric load coverage in three key cases:

- Current scenario
- Minimum-cost scenario
- Zero-emissions scenario (100 % RES-based system).

A detailed analysis of the Pareto Front reveals that all optimized
scenarios yield substantial reductions in both TACs (—47.7 % to —58.8
%) and emissions (—100 % to —86.5 %). The lowest-cost configuration
achieves TACs of 6.38 M€, with a load coverage distribution of 12.5 %
from DGs, 66.2 % directly from RES, 15.1 % from battery, and 6.2 %
from the hydrogen system. In the zero-emissions scenario, costs increase
by 27.0 % (8.10 M€) compared to the most cost-efficient case. Here,
65.8 % of the electricity demand is directly met by RES, 24.9 % from
BESS, and 9.3 % from HSS. The predominance of demand coverage by
the battery over the fuel cell can be observed in both cases. This pre-
dominance is attributed to the fact that batteries primarily handle short-
term energy balancing, while the hydrogen system is utilized for
medium-to-long term storage. Additionally, a sharp cost increase is
observed in the final CO, emissions reduction steps, emphasizing the
complexity and challenges associated with transitioning to a fully
renewable energy system, where the flexibility provided by diesel gen-
erators is lost.

The minimum TACs configuration is achieved with the following
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Fig. 6. Cost-emission Pareto Front for deterministic scenario compared with reference case with pie charts of electricity demand coverage.
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component sizes: approximately 9.7 MW of PV, 8.8 MW of WT, 3.3 MW
of DG, 11.2 MWh of BESS, 1.6 MW of PEMEL, 1.0 MW of PEMFC, and
4.2 t (139 MWh) of Hj tank. Fig. 7 illustrates how optimal component
sizes evolve as CO2 emissions constraint becomes more stringent. In
general, a stricter emission constraint leads to an increase in PV and WT
capacities, a reduction in DG size, and an expansion of storage systems.
In particular, in the zero-emissions scenario, PV and WT power rise to
15.8 MW (462.9 %) and 10.8 MW (422.7 %), respectively, while diesel
generators are not employed. Consequently, the fully renewable system
necessitates a substantial increase in storage capacity, as DGs can no
longer compensate for the intermittency of renewable energy sources.
The BESS capacity grows to 24.6 MWh (+119.6 %), while the hydrogen
system shows the most significant size expansion, with the PEMEL
reaching 3.4 MW (+116.6 %), the PEMFC increasing to 3.5 MW
(+253.5 %) and the H, tank capacity growing to 28.1 t (936 MWh)
(+564.3 %). Notably, the fuel cell and hydrogen tank sizes experience a
steep increase in scenarios with very stringent CO; emissions
constraints.

From an economic point of view, the increase in renewable genera-
tion and storage capacities — driven by stricter CO, emissions constraints
—leads to higher system costs, as evidenced by the Pareto front in Fig. 6.
Fig. 8 provides a detailed breakdown of components contribution to
TACs. As diesel consumption decreases, the cost contribution of DGs is
concurrently reduced, while the contribution of other components is
increased. In particular, DG-related costs decrease from 2.00 M€ in the
minimum TACs scenario to zero where no emissions are allowed. On the
other hand, PV and WT costs range from 1.00 M€ to 1.64 M€ and from
1.14 ME€ to 1.39 ME, respectively. Similarly, the contributions of battery
and hydrogen storage systems rise from 0.60 M€ to 1.32 M€ and from
0.69 ME to 2.23 M€. Additionally, as system size grows, the costs asso-
ciated with engineering and installation also increase (while personnel
costs are constant), ranging from 0.93 M€ to 1.52 M€.

Table 5 presents a comprehensive overview of these costs in the two
extreme configurations (minimum TACs and zero-emissions), along with
the percentage impact on total costs of each component. The table also
provides a detailed breakdown of the costs of individual components of
HSS.

3.2. Stochastic optimization results

The stochastic approach significantly impacts the Pareto front, as
illustrated in Fig. 9. In the deterministic case, each optimization run
corresponds to a single set of input parameters, while the stochastic
Pareto front is obtained by solving multiple scenarios simultaneously.
This approach, driven by the uncertainty in renewable energy genera-
tion, ensures that system sizing satisfies all the constraints, including the
one about CO, emissions, across all scenarios. As a result, the stochastic
Pareto front is fan-shaped, and the mean stochastic curve for a given
e-constraint exhibits lower average emissions compared to the
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Table 5

Contribution on TACs of components for zero emissions and minimum TACs

scenarios.

Scenario Zero-Emissions Minimum TACs
Component  Cost Impact on TACs Cost Impact on TACs
[ME€] [%] [M€] [%]
PV 1.64 20.24 1.00 15.67
WT 1.39 17.16 1.14 17.87
BESS 1.32 16.30 0.60 9.40
FC 0.80 9.88 0.23 3.61
Elec 0.73 9.01 0.34 5.33
Tank 0.70 8.64 0.13 2.04
DG - - 2.01 31.50
Others 1.52 18.77 0.93 14.58
Total 8.10 100 6.38 100

deterministic counterpart. For scenarios with high allowable emissions,
diesel generators act as a buffer, maintaining average costs comparable
to the deterministic case. However, this comes at the expense of
increased uncertainty due to the variability in diesel consumption (and
with lower economic impact on water consumption). Conversely, at low
emissions levels, the flexibility provided by DGs is lost, necessitating
larger system components to ensure demand coverage in all the sce-
narios, ultimately leading to higher costs. In particular, in the zero-
emissions scenario, system costs increase by 15.7 %, rising from 8.10

0.0 04 0.8 1.2 1.6 2.0 2.4 2.8 3.2

15 | oo o PV 3 - ®- BESS 3.5 1
— 0 o WT %
2 ° -
S 121 o 0—0— DG = 221 = 3.0 1
= @®oo-—o > o E Q = =)
N o-o0 @ [3)
n 91 O—0—@| = 19 (6! 8254 8
o & ‘ @ [
() wn 1 o
e » 16 L L 2.0 <
[ \ ] ©
2 I e s a
- m O
Z 31 13 + e Y- 1.5 A

%o
0 - 10 1.0 Ol 3

0.0 0.4 0.8 1.2 1.6 2.0 2.4 2.8 3.2
CO; Emissions [kt]

0.0 0.4 0.8 1.2 1.6 2.0 2.4 2.8 3.2

Fig. 7. Component sizes variation with CO, emissions constraint.
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ME€ to 9.37 ME. Table 6 provides an overview of the impact of RES
generation uncertainty on TACs.

Fig. 10 shows the required increase in component sizes in the sto-
chastic zero-emissions scenario compared to the deterministic one. The
photovoltaic system size increases from 15.8 MW to 18.6 MW, while the
wind turbine power exhibits a modest decrease from 10.8 MW to 10.3
MW. However, the most significant changes occur in storage systems:
the battery storage capacity expands from 24.6 MWh to 38.8 MWh
(+59.0 %), and the hydrogen storage tank increases from 28.1 t to 34.6 t
(+23.1 %). Thus, while stochastic optimization ensures a more resilient
system design, it also results in a more expensive configuration as the
components are conservatively sized considering all possible scenarios.

The absence of diesel generators in the zero-emissions configuration
has the further consequence of higher variability in the utilization of
storage systems across different scenarios. This variability is necessary
to compensate for the differences in RES generation scenarios. This
necessity is particularly evident in hydrogen storage, as highlighted in
Fig. 11, which illustrates the evolution of the LOH over the year. The
stochastic results exhibit significant variability, with the Interquartile
Range (IQR) and minimum-maximum bounds demonstrating the wide
range of possible hydrogen levels depending on the scenario. In sce-
narios with high renewable generation, exemplified by the dashed green
line, the system experiences a smaller delta between the minimum and
maximum hydrogen levels, indicating that a smaller storage capacity
would have been sufficient. On the other hand, scenarios with lower RES
production, represented by the dashed red line, require higher fuel cell
utilization and, consequently, higher hydrogen storage size. Appendix A

Table 6
Stochastic optimization impact on system TACs at different CO, emissions levels.
Scenario Deterministic Stochastic
CO, TAC [ME€] Mean Min Max Mean TAC
Emissions TAC TAC TAC increase [%]
[kt] [ME€] [ME€] [ME€]
3.2 6.38 6.40 5.38 6.89 0.3
2.8 6.39 6.45 5.93 6.92 0.9
2.4 6.41 6.54 6.09 6.97 2.0
2.0 6.47 6.67 6.30 7.07 3.1
1.6 6.55 6.86 6.57 7.23 4.7
1.2 6.68 7.12 6.90 7.43 6.6
0.8 6.88 7.47 7.31 7.72 8.6
0.4 7.25 8.06 8.00 8.21 11.2
0.0 8.10 9.37 9.37 9.37 15.7
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provides a detailed view of energy balances in stochastic optimization,
further highlighting the variability of the results.

3.3. Sensitivity to electricity demand

In addition to RES production, another major source of uncertainty
in a HRES system is electricity demand. While an in-depth uncertainty
characterization was not performed for this parameter, a sensitivity
analysis was conducted considering initially two opposite scenarios:

1. A 10 % decrease in demand applied to all the hours of the year.
2. A 10 % increase in demand applied to all the hours of the year.

For each of these two additional scenarios, the same multi-objective
optimization analysis described in Sections 3.1 and 3.2 was performed.
Results are displayed in Fig. 12 and Table 7.

As illustrated in Fig. 9, the stochastic Pareto front exhibits a fan
shape, reflecting the impact of uncertainty on both costs and emissions,
due to the variable use of DGs. The same shape is found varying the
electricity demand. However, in Fig. 12 the focus is placed on costs
uncertainty, and consequently, data are positioned at the constraint
level of CO; emissions. The key conclusions from the previous section
remain valid even when the electricity demand varies. The stochastic
analysis yields higher costs on average compared to the deterministic
one. This discrepancy becomes more pronounced at lower emissions
levels, since the system can not rely on DGs as flexible buffers. For the
same reason, the variability in TACs across stochastic scenarios also
diminishes as the constraint becomes stricter, as it is mainly driven by
different levels of diesel purchase.

Although the trend remains the same, the impact of demand varia-
tion is significant. A decrease in demand shifts both deterministic and
stochastic Pareto fronts toward lower costs, while an increase in demand
shifts both fronts toward higher costs. Table 7 quantifies these varia-
tions, focusing on minimum TACs and zero-emissions scenarios. For
stochastic optimization, average values are reported.

Interestingly, the percentage variation in TACs closely aligns with
the +£10 % change in demand, for both deterministic and stochastic
cases. The variation in system costs is, in fact, directly linked to the need
for larger or smaller components to match changes in electricity de-
mand. In particular, under the zero-emissions scenario, there is a
monotonic increase in the size of all components as electricity demand
increases. This trend is observed in both the deterministic and stochastic
optimizations, as illustrated in Fig. 13. As the underlying optimization
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problem is linear, the system responds proportionally to a uniform and
monotonic variation in electricity demand. Specifically, all the compo-
nents scale by approximately the same percentage as demand increases.
Since both CAPEX and OPEX - expressed as a percentage of CAPEX — are
modeled as linear functions of capacity, the TACs also increase nearly
linearly. A slight deviation from perfect proportionality occurs due to
the minimum SOC constraint imposed on the battery, which leads to
threshold effects by limiting the available energy. In general, more
significant nonlinear behaviors could arise from nonlinear efficiency
curves, or cost curves for some components, none of which can be pre-
sent in an LP formulation. This linear trend persists even for larger
variations in demand (e.g., +30 % and +50 %), as detailed in Appendix
B.

Comparing the reference deterministic scenario to the most precau-
tionary one — where demand increases by 10 % and stochastic optimi-
zation is applied - the effect of uncertainty integration becomes clear.
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The PV capacity increases from 15.8 MW to 20.5 MW (+29.7 %), while
the wind turbine power sees a more moderate rise from 10.8 MW to 11.3
MW (+4.6 %). For storage systems, BESS capacity expands from 24.6
MWh to 42.7 MWh (+73.6 %), while hydrogen tank size grows from
28.1 t to 38.0 t (+-35.2 %). These size variations result in a TACs increase
of 27.0 %, from 8.10 M€ to 10.29 ME€.

In case studies like the one presented in this paper, electricity de-
mand is particularly prone to seasonal fluctuations, especially during the
summer months when tourism activity peaks. To investigate this effect
more accurately, an additional scenario was analyzed in which the 10 %
demand increase was applied only from June to September. This
adjustment results in an average annual demand increase of approxi-
mately 4.18 %. In the minimum TACs scenario, this seasonal demand
increase led to a slight reduction in total annualized costs compared to
the scenario where the demand increase was distributed across the
entire year. For the deterministic case, TACs dropped from 7.00 M€ to
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Table 7
TACs sensitivity to electricity demand in minimum TACs and zero-emissions
configurations.

Scenario Zero-Emissions Minimum TACs
TACs [M€] Variation [%] TACs [M€] Variation [%]

Det —10 % 7.31 -9.8 5.76 -9.7

Det Ref 8.10 - 6.38 -

Det +10 % 8.89 +9.8 7.00 +9.7

Stoc —10 % 8.46 -9.7 5.76 —-10.0

Stoc Ref 9.37 - 6.40 -

Stoc +10 % 10.29 +9.8 7.06 +10.3

6.77 ME, while in the stochastic case, they decreased from a mean of
7.06 M€ to 6.87 ME. This cost reduction can be attributed to the flexi-
bility provided by the diesel generators, which, acting as dispatchable
sources, allowed for a marginal downsizing of other system components,
as the total demand to be covered is lower. However, when emissions

constraints are imposed and diesel usage is eliminated, the difference in
system costs between the summer-only and full-year demand increase
scenarios becomes negligible. This outcome is explained by the align-
ment between peak demand and summer months: in the absence of
dispatchable fossil-fuel sources, the system must be sized to meet peak
load conditions using renewable and storage technologies alone. As a
result, even a summer-only increase in demand leads to the same in-
crease in the size of the components. Consequently, higher renewable
energy curtailment is obtained during the rest of the year, particularly in
the winter months. As shown in Fig. 14, curtailment in the deterministic
case rises from 27.5 GWh (39.2 % of production) to 29.9 GWh (42.6 %)
when demand is increased only during summer. Similar trends were
observed in the stochastic optimization results.

This analysis highlights the added value of considering uncertainty
in the HRES design process, as well as the cost implications of ensuring
system reliability under variable renewable energy production and
electricity demand.
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4. Conclusions

This study presents a two-stage stochastic programming optimiza-
tion framework to evaluate the impact of uncertainty on the sizing and
operation of a Hybrid Renewable Energy System in remote areas. The
methodology was applied to Pantelleria, an Italian island that relies on
diesel generators for electricity production. The multi-objective opti-
mization aimed at minimizing Total Annualized Costs and CO5 emis-
sions was conducted using an e-constraint approach, allowing the
identification of a Pareto front that illustrates the trade-off between cost
and emissions reduction.

The deterministic analysis revealed that the most cost-effective
configuration achieves a 58.8 % reduction in TACs compared to the
current diesel-based scenario, demonstrating the economic viability of
HRES. Additionally, this configuration also achieves an 86.5 % decrease
in emissions, passing from an emission factor of 762 gco2/kWh to 103
gco2/kWh.

As the emissions constraint is tightened, component sizes increase to
compensate for the loss of dispatchable diesel generation. This effect is
particularly evident for storage systems, with BESS capacity increasing
by 2.2 times and hydrogen tank capacity by 6.7 times in the zero-
emissions scenario. The upscaling results in TACs rising from 6.38 M€
to 8.10 M€ (+27.0 %) in a fully renewable configuration. Despite this
cost increase, the zero-emission scenario remains more cost-effective
than the current diesel-based system (47.7 % TACs reduction), rein-
forcing the economic feasibility of a transition to renewables.

In the stochastic optimization, when the use of DGs remains possible,
the component sizes are similar to the deterministic case, and the
average TACs are comparable. However, high variability in TACs is
observed due to the different use of diesel in the various scenarios.
Conversely, when diesel generation is restricted or eliminated by emis-
sions constraints, it is necessary to increase component sizes, particu-
larly for storage systems. In the zero-emissions scenario, BESS capacity
increases by 59.0 %, while hydrogen storage increases by 23.1 %,
leading to a 15.7 % increase in mean TACs compared to the determin-
istic case. This result demonstrates that fully renewable systems must be
sized more conservatively to ensure reliability under uncertain
conditions.

The sensitivity analysis on electricity demand further confirms that
higher energy demand necessitates larger system sizes and higher costs.
The most precautionary scenario - which combines a 10 % increase in

15

electricity demand with stochastic optimization - leads to a 27 % in-
crease in TACs compared to the reference deterministic case in the fully
renewable configuration.

The framework could be further improved by implementing an MILP
approach, which would allow for a more detailed representation of
operational constraints and discrete decision variables. While this
approach would enhance the accuracy of results, it would also introduce
a higher computational cost, in particular in stochastic optimization.
Additionally, future research could explore the integration of thermal
and transport energy sectors, providing a more comprehensive optimi-
zation of multi-energy systems and identifying the investment strategies
required for a fully optimized energy transition.

The findings of this study reinforce the viability of renewable energy
investments, demonstrating that the transition to a hybrid renewable
configuration in isolated systems is economically competitive with the
current diesel-based system. However, the introduction of stochastic
optimization reveals the significant impact of uncertainty on system
sizing and costs, underscoring the necessity of integrating uncertainty
analysis into HRES design.
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Figure A.1 reports the energy balances of the system in deterministic and stochastic optimization by representing the energy produced or consumed

by each component. Data are aggregated on a daily basis for better visualization. The figure shows the high variability of the operation of the system
across the scenarios.
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Fig. A.1. Daily energy production and consumption of different components in deterministic and stochastic analyses.

To complement the sensitivity analysis presented in the main text, a further investigation was carried out to evaluate the impact of different
variations in electricity demand, specifically by +30 % and +50 %. The objective was to assess whether the trend observed for a 10 % variation —
namely, a proportional growth in component sizing and costs — persists. As shown in Figure B.1, both deterministic and stochastic optimizations result
in a monotonic increase in TACs that closely follows the increase in electricity demand. This linear behavior is consistent across all demand levels
analyzed. This trend suggests that the system scales coherently with demand increments.

Figure B.2, which reports the component sizes variation for the zero emissions scenario, further confirms that the capacity of the various tech-
nologies increases approximately in proportion to the demand levels, with no evident signs of nonlinear behavior even at +50 % demand.
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Nomenclature
Acronyms
BESS Battery Energy Storage System MILP Mixed Integer Linear Programming
CAPEX Capital Expenditures NREL National Renewable Energy Laboratory
COy Carbon Dioxide OPEX Operating Expenditures
DEA Danish Energy Agency P2G2P Power to Gas to Power
DG Diesel Generator PEM Proton-Exchange Membrane
EU European Union PEMEL PEM Electrolyzer
GHG Greenhouse Gas PEMFC PEM Fuel Cell
HRES Hybrid Renewable Energy System PV Photovoltaic
HSS Hydrogen Storage System PVGIS Photovoltaic Geographical Information System
IEA International Energy Agency RES Renewable Energy Sources
IQR Interquartile Range RSE Italian agency for energy system research
LCOE Levelized Cost of Electricity SoC State Of Charge
LHV Lower Heating Value TAC Total Annualized Costs
LOH Level Of Hydrogen TOTEM Territory Overview Tool for Energy Modelling
LP Linear Programming WT Wind Turbine
MC Monte Carlo
Symbols Meanings Units
A Annuity Factor -
C Cost €
c Cost Rate -
C— rate Battery C-Rate -
Cap Battery capacity kWh
CAPEX Capital Expenditures €
dr Real Discount Rate -
dr Nominal Discount Rate -
em Emission Factor kg/rn3
h Height m
ir Inflation Rate -
It Lifetime -
m Mass flow rate kg/h
n Number -
OPEX Operating Expenditures €
P Power kw
p Probability -
QQ Volumetric flow rate m®/h
R Number of replacements -
S Scenarios -
sc Specific Cost €/m3
Size Hydrogen tank size kg
TAC Total Annualized Costs €
X Array of hourly energy output -
x Array of daily energy output -
t Timestep h
v Speed m/s
o Wind power law exponent -
8 Water consumption factor m3/kg
u Cluster Centroid kWh
€ Electrolyzer conversion efficiency kWh/kg
4 Fuel Cell conversion efficiency kg/kWh
n Efficiency -
p Replacement Rate -
I Specific energy production kWh/kW,,
[ Battery self-discharge rate -
Subscripts
BT Battery H20 Water
ch Charge HT Hydrogen Tank
ci Cut-in inst Installation
CL Cluster inv Investment
co Cut-out max Maximum
Cco Compressor MC Monte Carlo
CO, Carbon Dioxide min Minimum
CURT Curtailment 0&M Operation and Maintenance
DEM Demand pers Personnel
diesel Diesel PV Photovoltaic
dis Discharge r Rated
DG Diesel Generator ref Reference
EL Electrolyzer start Start
end End target Target
eng Engineering w Wind
FC Fuel Cell WT Wind Turbine
H2 Hydrogen y Years
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