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Abstract: The need for a clean and affordable energy supply is a major challenge of the current
century. The tough shift toward a sustainable energy mix becomes even more problematic when
facing realities that lack infrastructures and financing, such as small islands. Energy modeling and
planning is crucial at this early stage of the ecological transition. For this reason, this article aims
to improve an established long-run energy model framework, known as “OSeMOSYS,” with an
add-on tool able to estimate different types of Levelized Cost Of Electricity (LCOE): a real and
theoretical LCOE of each technology and a real and theoretical system LCOE. This tool fills a gap
in most modeling frameworks characterized by a lack of information when evaluating energy costs
and aims at guiding policymakers to the most appropriate solution. The model is then used to
predict future energy scenarios for the island of San Pietro, in Sardinia, which was chosen as a case
study. Four energy scenarios with a time horizon from 2020 to 2050—the Business-As-Usual (BAU)
scenario, the Current Policy Projection (CPP) scenario, the Sustainable Growth (SG) scenario, and the
Self-Sufficient-Renewable (SSR) scenario—are explored and ranked according to the efforts made in
them to achieve an energy transition. Results demonstrates the validity of the tool, showing that, in
the long run, the average LCOE of the system benefits from the installation of RES plants, passing
from 49.1 €/MWh in 2050 in the BAU scenario to 48.8 €/MWh in the ambitious SG scenario. On the
other hand, achieving carbon neutrality and the island’s energy independence brings the LCOE to
531.5 €/MWh, questioning the convenience of large storage infrastructures in San Pietro and opening
up future work on the exploration of different storage systems.
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1. Introduction

published maps and institutional affil-

Climate change is nowadays considered a serious threat that is already underway.
Despite this growing awareness, efforts to mitigate climate change have fallen short in
recent decades [1]. However, there are clear signs of a reaction. In 2020, while most
economies around the world were suffering from COVID-19 lockdowns, the worldwide
addition of renewable energy power plants such as wind turbines and solar photovoltaics
increased at the fastest rate in two decades, and sales of electric vehicles reached new
records [2]. A new energy economy is growing, pushed forward by policies, technological
innovation, and the increasing urgency to address climate change.
Economic, technological, political, personal, and social barriers are the biggest obstacles to the energy transition toward clean renewable energy sources. These constraints are
often perceived as greater by lower levels of collective decision-makers [3], such as small
islands with fewer economic resources and adequate technical capacity.
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Although islands often lack access to finance and affordable means of production,
they are particularly interested in embracing renewable energy and sustainable local
solutions: firstly, islands are particularly vulnerable to climate change, especially in terms
of the risk of catastrophic climate events; secondly, islands also face the highest energy
costs and resource insecurity and often host important and unique ecosystems that are
threatened by the existing energy infrastructures [4]; finally, islands also provide a valuable
learning experience with minimal financial risk due to the smaller size of the energy
system [5]. A further challenge on remote islands is the limited access to biomass resources
and the absence of rivers and/or watersheds to exploit hydropower. Indeed, very few
cases in literature, for instance, El Hierro Island [6], deal with hydro applications in noninterconnected islands. Therefore, the future energy mix of small islands must rely mainly
on VRESs such as wind, waves, and solar, leading to an urgent need for suitable storage
systems.
1.1. Literature Review
Long-term energy scenarios are among the most effective means of analysis in the context of climate mitigation [7]. Even though the concept of energy planning was introduced
in the 1970s during the oil crisis, the dynamics and complexity of this field of research
have increased, and planning activities and procedures have consequently evolved. [8].
Nowadays, the main tasks of long-term energy modeling are to assess the environmental
consequences of human-related activities and to support decision makers in the the choices
regarding energy policy [9].
Energy systems are studied in two main research areas: process systems engineering
(PSE) and energy economics (EE). Energy system models in PSE typically utilize a small
spatial scale, such as a single plant, and their purpose is to enable optimal choices in decision
making at the design, operation, and control levels. Thus, the technological characteristics
of the system components are modeled endogenously, while the economic, environmental,
or social parameters may be modeled exogenously. Energy economics approaches, on the
other hand, use models with a higher level of aggregation of technologies so that energy
systems can be studied at regional, national, or global scales. EE models are based on
economic theories such as the laws of supply, demand, and market equilibrium. Thus, the
economic characteristics of the system components are modeled endogenously, whereas
technological, environmental, or social parameters may be modeled exogenously [10].
From the description, it is clear that EE models are better suited for large-scale energy
systems, which is why this article focuses on them. Among the several approaches that can
be used for this type of models, the bottom-up approach is the best compromise between a
high level of technological detail and a comprehensive description of the long-run system
evolution. The optimization problem solved by EE models can be summarized as follows:
given a set of end-users and forecasts for their demand over a given time horizon, a set
of primary energy sources, with the corresponding set of conversion and distribution
technologies, determine the optimal energy system configuration that minimizes overall
costs such that energy demand is supplied in each time period [11].
Many optimization techniques are applicable to the bottom-up energy models. The most
common are Linear Programming (LP) and Mixed-Integer Linear programming (MILP),
but Dynamic Programming and Heuristic Techniques are also used [12].
LP or MILP long-term energy modeling frameworks are the most widespread. The
first optimization models developed in the 1970s were EFOM [13] (Energy Flow Optimization Model) and MARKAL [14] (MARket ALlocation). MARKAL is the predecessor
of TIMES [15] (The Integrated MARKAL-EFOM System), which is widely used today.
MESSAGE is also among the first optimization models, and was later enhanced by IIASA
(International Institute for Applied Systems Analysis) to obtain MESSAGE II and MESSAGE III [16]. Finally, OSeMOSYS [17] is an open-source model developed by KTH and
the Optimus Community since 2008; it is structured in blocks, which allows great handling
of the code.

Energies 2022, 15, 4535

3 of 23

The above-mentioned modeling tools are utilized to explore possible transition paths
for the future of the energy system so that the best decisions can be made today thanks to
long-term foresight. Victor Nadejda et al. [18] investigated technology options to reduce
carbon emissions in the U.S. by 80% from 2005 levels by 2050 with a MARKAL nine-region
model. Similarly, Tsai M. et al. [19] developed a roadmap for a low carbon energy mix in
Taiwan Island by 2050. David McCollum et al. [20] enhanced the Californian TIMES model
to create a technology-rich, integrated energy–engineering–environment–economic systems
model to guide the long-term policy planning process to achieve the deep greenhouse
gas reduction scenario. On a smaller scale, Comodi et al. [21] explored the effects of
local-scale energy policies in a seaside municipality in central Italy with a MARKALTIMES model. Finally, OSeMOSYS has been deployed at various geographical resolutions.
Konstantin Löffler et al. [22] developed a Global Energy System Model (GENeSYS-MOD),
which they applied on a global scale, divided into 10 regions, to analyze decarbonization
scenarios up to 2050. On the other hand, D. Timmons et al. [23] used OSeMOSYS to find
the minimum cost renewable energy mix on the island of Mauritius, while Constantinos
Taliotis et al. [24] utilized OSeMOSYS to assess the impact of electric vehicle deployment on
renewable electricity generation on the island of Cyprus. Moreover, Novo et al. [25] used
OSeMOSYS to explore a decarbonization path of Pantelleria Island by 2050, investigating
different adoption trends of distributed photovoltaic systems and electric vehicles in the
local population.
1.2. Gaps and Contributions
A significant gap in long-term optimization-based energy models is the lack of technoeconomic indicators, such as the Levelized Cost Of Energy (LCOE), among the key output
data. In fact, while there are examples of LCOE evaluation [26] and forecasting [27], they
are not integrated into an energy modeling framework. The advantage of assessing the
LCOE is that it is possible to evaluate the cost of electricity generation by comparing the
costs associated with each technology part of the system, including the impact of storage
on the final energy cost. All the long-term modeling tools discussed so far perform a
techno-economical optimization of the overall system along the whole analyzed period.
Thus, the economic variables available as outputs include the total investment required for
each year, discounted or not depending on the economic model chosen by the user, and
the total cost over the entire time horizon. On the other hand, from a technical point of
view, the model provides the installed capacity for each technology and their activity in
each analyzed time frame. For this reason, the user is ultimately unable to estimate the
cost of electricity generation. In addition, these models do not take into account that the
investment required to develop a new power plant is usually spread over its lifetime.
In this view, the paper discusses the extension of OSeMOSYS with an add-on tool that
can automatically perform an evaluation, starting from the variables of the optimization
results, of the following parameters:
•
•

•
•

the real LCOE for each technology included in the system (LCOEreal ), weighted on
the actual energy the plant produces;
the theoretical LCOE for each technology included in the system (LCOEtheo ), weighted
on the maximum amount of energy the plant can produce, which allows one to
consider plant curtailment in the energy cost assessment;
the real LCOE of the system (SLCOEreal );
the theoretical LCOE of the system (SLCOEtheo ).

This novel feature, which none of the most widely used modeling frameworks has,
is another step toward an omnicomprensive framework for energy planning. The main
objective is to help policymakers in choosing the best measures to achieve the energy
transition. Indeed, knowing the current and future energy costs, including their variations
depending on the policies actuated, is a key aspect in energy planning in line with a green
and affordable future energy mix as set out in the Sustainable Development Goals [28]. The
validity of the tool is tested on the energy system of San Pietro Island, in Sardinia, selected
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as a case study. To facilitate its spreading, the tool’s code has been developed entirely
outside OSeMOSYS, so that users do not need to make any changes to the main code. It is
publicly available on GitHub and allows its application to existing and solved models.
The paper is organized as follows. Section 2 presents the modeling framework, the
innovations implemented in it, and the case study, with a general description of San Pietro
Island, its energy system, and the settings for the future scenarios. In Section 3, the results
obtained for the case study are discussed. Finally, Section 4 consists of an overview of the
results and some suggestions for future research opportunities.
2. Methodology
2.1. Modeling Framework
The OSeMOSYS is an open-source modeling system for long-term integrated assessment and energy planning [29]. The initial working code was developed at KTH Stockholm
and published in a presentation at the International Energy Workshop in Paris at the IEA
in 2008. It was primarily implemented in GNU MathProg [30]. It is currently available
in three languages: GNUMathprog, Python, and GAMS, which can be run for free and
openly. The Python version of OSeMOSYS was chosen in the current paper because of
its ease of modification and the possibilities it offers in terms of data processing and
results representation.
At present, the model consists of seven functional components, the so-called blocks,
which are shown in solid lines in Figure 1. They are compatible and potentially replaceable
with new blocks (with different or improved functions) with careful and consistent set,
variable, and parameter definitions.

Figure 1. Structure of OSeMOSYS’ structural components (modified from [25]).

The blocks include specifications of the objective function (1), costs (2), storage (3),
capacity adequacy (4), energy balance (5), constraints (6), and emissions (7) [30]. The core
idea is that the system consists of technologies involved in the use and production of
energy carriers. The production of energy carriers must satisfy the intermediate use by
the technologies plus the exogenous demand input by the user. To achieve the objective, a
number of constraints and specific rules must be followed, which are defined in Blocks 3–7.
Each block is described in more detail below.
The model objective function is the minimization of the net present value (NPV) of
an energy system to meet a given demand for energy or energy services. Thus, the model
needs to account for the costs incurred by each technology (t), in each year (y), and in each
modeled region (r). The costs associated with each technology include operating costs,
investment costs, and any penalties for emissions production minus a salvage value. Each
cost is calculated in constant monetary value and then discounted to determine the NPV.
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To model a storage system in OSeMOSYS, a storage (s) is coupled with at least one
technology set. Namely, a storage facility can be charged during the operation of one
or more technologies in a specified mode of operation and discharged in another mode.
Furthermore, more than one technology may be associated with the same storage facility.
The model allows either the charge or discharge of energy during a time slice as long as the
storage levels remain within prescribed minimum and maximum limits. If these storage
limits are not sufficient, the model investigates whether new storage capacity should be
added at a given investment cost per unit of storage capacity [31].
The Capacity Adequacy block calculates the total capacity of each technology for each
year based on the existing capacity from before the modeling period (ResidualCapacity),
AccumulatedNewCapacity during the modeling period, and NewCapacity installed in each
year. It then ensures that this capacity is sufficient to meet the RateOfTotalActivity (i.e., the
activity of a technology t in one mode of operation and in a time slice l, if the latter lasted
the whole year) in each TimeSlice and Year. In conclusion, an equation ensures that there is
sufficient capacity of technologies to meet at least the average annual demand.
The operation of technologies (RateOfActivity, UseByTechnology (i.e., the energy consumption of a technology), ProductionByTechnology (i.e., the energy produced by a technology), and emissions for each mode of operation and technology) is calculated for each
chronologically ordered time slice during the year. It is therefore important to ensure
that production, use, and demand for fuels/energy services are feasible in each time slice
and year.
A summary of the constraints that can be imposed in the base model are presented as
follows [30]:
•
•
•

•

•

•

A maximum or minimum limit on the TotalCapacity (i.e., the total installed capacity) of
a particular technology allowed in a particular year and region.
A maximum or minimum NewCapacityInvestment (i.e., the total investment required for
installing new capacity) limit placed on a particular technology per year and region.
A maximum or minimum annual limit on the AnnualActivity (i.e., the annual production of energy/energy services) of a technology. The TotalAnnualActivity of a
technology for each year is obtained by adding the product of the rate of activity of
each technology with the length of each time slice during a year for each region. Thus,
it is a limit on the annual production of energy commodities.
A maximum or minimum limit on the ModelPeriodActivity of a technology. The model
period activity of each technology is obtained by summing the total annual activity of
each technology for each year and for each region.
A minimum ReserveMargin limit. It verifies that there is enough capacity of a specified
collection of technologies to provide a reserve margin (for a specified set of fuels) to
the system. By flagging the technologies that are allowed to add the reserve margin,
the total capacity in the reserve margin (by year and per region) is determined.
A minimum limit of production from RES. By flagging which technologies are renewable and summing their production, the AnnualRenewableProduction of a particular
fuel (by region) is obtained. Lower limits on this limit may then be imposed.

Finally, a technology that is active in its various modes of operation can have an
impact on the environment. The extent to which pollutants are emitted is determined by
multiplying an EmissionsPerUnitActivityRatio entered by the analyst for each ModeOfOperation of a technology. Thus, the annual emissions of a given technology are determined
by summing the annual emissions for each of its modes of operation. An EmissionsPenalty
can be inserted, and maximum limits on AnnualEmissions and ModelPeriodEmissions can be
selected, for each region of the system.
2.2. The Levelized Cost of Electricity
The goal of this article is to develop an adequate add-on tool for OSeMOSYS to obtain
the annual weighted average of the Levelized Cost Of Electricity (LCOE) of all technologies
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that contribute to the power supply, so that an indication of the overall cost of energy can
be derived. The IEA [32] defines the LCOE of a production technology as follows:
LCOE =

∑nN=0 ( In + O&Mn + Fn + Carbonn + Dn ) · (1 + d)−n
∑nN=1 Qn · (1 + d)−n

(1)

where
-

N is the lifetime of the plant;
In is the annual investment cost;
O&Mn is the annual cost of operation and maintenance;
Fn is the annual cost for fuel;
Carbonn is the carbon cost;
Dn is the cost for decommissioning and waste management;
Qn is the electricity produced annually;
d is the discount rate.

On the other hand, for a storage technology, it is possible to define the Levelized Cost
Of Storage (LCOS) as follows [33]:
LCOS =

∑nN=0 (Ccap + CO&M + Crep + CEL ) · (1 + d)−n
∑nN=1 En · (1 + d)−n

(2)

In this equation,
-

Ccap is the annual capital cost of investment;
CO&M is the annual cost of operation and maintenance;
Crep is the annualized cost for replacement;
CEL is the annualized cost for disposal and recycling;
Ey is the annual electricity discharged.

Furthermore, it is important to distinguish different types of LCOE so that a better
comprehension of the energy system can be obtained. In more detail, it is possible to define
the following:
•
•
•

the real LCOE, the cost of producing electricity from a technology, weighted on its
actual productivity;
the theoretical LCOE, the cost of producing electricity from a technology, weighted on
its maximum theoretical productivity;
the system LCOE, the cost of producing electricity in a system; thus, it is a weighted
average of all of the LCOEs of the single technologies, also including the cost of
storage.

2.3. The LCOE Calculation Tool
In a certain year y, the real LCOE (LCOEreal ) of a production technology t can be
evaluated by means of OSeMOSYS parameters and variables. It does not consider the
decommissioning cost that may be included into the CapitalCost and does not consider
the carbon cost since it could be implemented through the EmissionPenalty. The obtained
formula is
real
LCOEt,y
=

-

-

ANt,y + OPCt,y + ACFf ,y · UBTAt, f ,y
APEt,y

(3)

DiscountedOperatingCostn is the annual cost for operation and maintenance of a
specific technology. It already takes into account variable and fixed operating costs,
excluding cost for fuel supply.
AnnualProductionElectricityn is the annual electricity produced by a technology.
UseByTechnologyAnnualt, f ,n is the annual fuel demand of a technology.
AvgCostFuel f ,n is the average specific cost of the fuel, weighted on the production of
the supply technologies.
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-

Annuityn is the annuity of the investment. It is defined as
Annuityy =

-

CCt,y · TCAt,y · (1 + DR)OLt
(1 + DR)OLt − 1

(4)

CapitalCostt,y is the capital cost of a technology in a certain year.
TotalCapacityAnnualt,y is the total installed capacity of a technology in a certain year.
DR is the discount rate.
OperationalLi f et is the operational life of a technology.

Since the installation cost of storage does not depend on the energy delivered or stored,
only the annuity of the investment is considered in this model:
AnnuityStorages,y =
-

CCSs,y · TSCAs,y · (1 + DR)OLSs
(1 + DR)OLSs − 1

(5)

CapitalCostStoraget,y is the capital cost of a storage technology in a certain year.
TotalStorageCapacityAnnualt,y is the total installed capacity of a technology in a certain year.
OperationalLi f eStoraget is the operational life of a storage technology.

It is then possible to calculate the average real LCOE for all production technologies,
which include the storage cost as well. It is known as the system LCOE and indicated as
SLCOEreal :
SLCOEyreal

=

real · APE ) + COS
(∑tT=1 LCOEt,y
t,y
y

∑tT=1 APEt,y

(6)

where AnnualProductionElectricity is the annual amount of electricity produced by a
technology, and CostOfStorage is the sum of the annuities of all the storage technologies S:
S

CostO f Storagey =

∑ ANSs,y

(7)

s =1

Another interesting energy indicator is the theoretical LCOE (LCOEtheo ). Unlike the
LCOEreal in the denominator, the LCOEtheo indicates the maximum amount of energy a
technology can produce operating at its maximum capacity. Thus, the LCOEreal and the
LCOEtheo match if there are no curtailments or partializations of plants. The LCOEtheo is
defined as follows:
theo
LCOEt,y
=

ANt,y + OPCt,y + ACFf ,y · UBTTt, f ,y
PRTt,y

(8)

where
-

ProductionTheoretical is the maximum amount of energy that a technology can produce. It is the product of TotalCapacityAnnual, CapacityFactorAvg (a yearly average
capacity factor), and CapacityToActivityUnit:
ProductionTheoreticalt,y = TCAt,y · CFAt,y · CTAUy

-

(9)

UseByTechnologyTheoretical proprtional to the ProductionTheoretical:
UseByTechnologyTheoreticalt, f ,y =

PRTt,y
· UBTAt, f ,y
APEt,y

(10)

As for the LCOEreal , it is possible to evaluate an average LCOEtheo for all of the
production technologies, which includes the storage cost. It is known as the theoretical
system LCOE (SLCOEtheo ):
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SLCOEytheo

=

theo · PRT ) + COS
(∑tT=1 LCOEt,y
t,y
y

∑tT=1 PRTt,y

(11)

Table 1 reports a summary of the shorthand name of the OSeMOSYS variables included
in the equations of this section.
Table 1. Summary of the OSeMOSYS’ variables used in the model.
Variable

Short Name

Annuity
OperatingCost
AvgCostFuel
UseByTechnologyAnnual
AnnualProductionElectricity
CapitalCost
TotalCpacityAnnual
DiscountRate
OperationalLife
CapitalCostStorage
TotalStorageCapacityAnnual
OperationalLifeStorage
CostOfStorage
AnnuityStorage
ProductionTheoretical
CapacityFactorAvg
CapacityToActivityUnit
UseByTechnologyTheoretical

AN
OPC
ACF
UBTA
APE
CC
TCA
DR
OL
CCS
TSCA
OLS
COS
ANS
PRT
CFA
CTAU
UBTT

The LCOE tool is available in a GitHub repository [34]. IBM ILOG® CPLEX® Optimization Studio software [35] was used as a solver of the MILP model.
The methodology described is based on data assumptions about costs, the lifetime
of the power plants, and capacity factors that strongly influence the results. Therefore,
a careful selection of data must be made before running the tool. In addition, the future
scenarios are based on cost projections, which obviously suffer from a certain degree of
uncertainty. Another limitation is the application of the methodology only to the power
sector, which could instead be extended to other sectors such as the heat one.
2.4. Case Study: San Pietro Island
The island of San Pietro (LAT 39°080 2600 N, LONG 8°160 0100 E), shown in Figure 2, is
the sixth largest island in Italy with an area of 51.10 km2 . It is one of the two main islands of
the Sulcis archipelago and lies 10 km off the southwest coast of Sardinia. Administratively,
the entire island of San Pietro, including the islands of Ratti and Piana, belongs to the
municipality of Carloforte, which is part of the province of Sud Sardegna (SU). The current
population is about 6000, but residents increase dramatically in the summer months because
of seaside tourism.
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Figure 2. San Pietro Island location in the Sardinian Sea. Map obtained by means of the software
QGIS.

Because of the short distance from the shore (10 km), the electricity network of the
island of San Pietro is connected to the rest of Sardinia. However, this fact has led to a lack
of investment in power plants, and the municipality is characterized by an extremely low
degree of energy self-sufficiency.
In Figure 3, the reference energy system of San Pietro is shown. Boxes with solid lines
represent technologies currently active on the island, while the dashed blocks represent
technologies included in the scenarios and planned to be installed in the future. The island
system is divided into two regions (Carloforte and Nasca), highlighted by the blue lines,
which exchange energy with each other.
According to the GSE (Gestore dei Servizi Energetici) [36], the total electricity generation capacity of the island of San Pietro consists of 1512 kWp of photovoltaic systems. In
detail, there is a large PV plant in the locality of Nasca (999 kWp) and 77 private power
plants with an overall capacity of 513 kWp.
The total electricity demand is 16.4 GWh per year, distributed monthly as shown in
Figure 4. It follows that, according to the local DSO, local electricity generation is able to
cover only 15.6% of the demand. Demand is characterized by a peak in the summer months,
especially in August, due to the strong tourist flows on the island. Another interesting
aspect is the high degree of electrification of the domestic heating sector, which is reflected
in a rather high domestic demand in winter.
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Figure 3. Representation of the Reference Energy System of San Pietro.

Figure 4. Monthly electricity demand per sector in San Pietro. Data provided by the local DSO.

As regards the other energy commodities, they are entirely imported to the island as
end products and used in transportation and households. The following is a summary of
the energy demands for the imported fuels, obtained through a self elaboration of the data
from the island’s energy plan developed in 2011 [37]:
•
•
•

Diesel: 6.1 GWh
Gasoline: 7.6 GWh
LPG: 2.8 GWh
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2.5. Scenario Settings
Thanks to an RES potential assessment, it was possible to limit the maximum installable capacity for each technology. In addition, some scenarios take into account the
penetration of electric vehicles, whose impact on electricity demand is noticeable. Hereafter, each technology included in the system in terms of cost, activity, and constraints is
described. Future costs are deduced through a linear interpolation of the current costs with
the cost projection in 2050, and they are reported in Tables 2 and 3.
Table 2. Capital and fixed O&M costs of technologies included in the system in 2020, 2035, and 2050.
Technology
PV_D
PV_P
WT
WEC
BATTERIES

Capital
Cost

2020

2035

2050

Fixed
O&M Cost

2020

2035

2050

k€/MW
k€/MW
k€/MW
k€/MW
k€/MW
k€/GWh

1285
1003
1584
4070
234
252,000

824
643
1155
2888
173
123,750

364
283
726
1500
162
90,000

k€/MW/y
k€/MW/y
k€/MW/y
k€/MW/y
k€/MW/y
-

19
16
28
86
31
-

19
16
28
67
17
-

19
16
28
47
14
-

Table 3. Variable costs of import technologies included in the system. They are assumed to be
constant in the whole time horizon.
Technology

Variable Cost

Entire Time Horizon

IMP_GSL
IMP_DSL
IMP_LPG
IMP_ELC

k€/GWh
k€/GWh
k€/GWh
k€/GWh

157.73
118.01
76.82
52.35

PV_P represents the centralized large-scale PV power plants. The current capacity
is 999 kWp, but it is assumed that the capacity could be doubled by 2050. The capacity
factor is 16.7%, and it was calculated through the actual data from the existing power plant.
The capital cost, according to IRENA [38], is equal to 1285 k€/MW in 2020 but decreases
following the trend described in the report. Fixed costs amounts to 16 k€/MW [32].
PV_D represents the decentralized PV power plants, mostly installed on the roofs
of buildings. The current capacity, as mentioned, is 513 kWp, but it is feasible to reach
a maximum capacity of 8 MW on the entire island. The capacity factor is assumed to be
the same as PV_P. The capital cost is assumed to be 1285 k€/ MW in 2020 according to
IRENA [38] but decreases according to the trend described in the same report. Fixed costs
are 19 k€/ MW [32]. The power constraint is obtained by means of the software QGIS,
starting from a DSM (Digital Surface Model) with a granularity of 1 x 1 m and running
a simulation with the plugin "SEBE" [39]. This tool generates a raster file containing the
global annual irradiation on the island. It should be pointed out that a DSM takes into
account the shading effects caused by obstacles on the ground (building and vegetation).
The software QGIS then allows one to cut the raster file using the building shapes, available
on the website of Sardegna Geoportale [40], as a mask. Thus, it is easy to obtain the average
irradiation on the roof of each building of the island. From this data, the PV rooftop
potential was obtained.
WT represents the onshore wind turbines with a rated power of 850 kWp. It is expected
that up to 5 turbines will be installed in a site where a dismissed wind farm already exists.
The average capacity factor was estimated to be 23% using WAsP [41] software. Capital
costs are estimated at 1584 k€/MW in 2020 according to IRENA [42], but are decreasing
according to the trend described in the report. Fixed costs amount to 28 k€/MW [32]. The
wind data necessary to obtain the generation profile are obtained from [43].
WEC represents the Wave Energy Converters, modeled with reference to the Pendulum
Wave Energy Converter (PeWEC) device [44], using potential flow theory [45] and energy
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maximization control strategies [46]. The rated power of each device is 115 kWp, and its
productivity was estimated from its power matrix and hourly sea state values off the coast
of San Pietro, whose parameters were taken from the ERA5 database. The obtained capacity
factor is 15.5%. The capital cost was estimated at 4070 EUR/kW [47] in 2020 but decreases
to 1500 EUR/kW in 2050, while the fixed cost is 86 EUR/kW in 2020 and decreases to
50 EUR/kW in 2050. Cost projections are taken from [48].
ELC_GRID represents the island’s power grid. Since no specific data was available,
its efficiency is considered to be 90%, a medium value between the Sardinian grid efficiency [49] and the efficiency of Pantelleria’s electricity network [25]. To ensure sufficient
stability, VRES penetration must not exceed 80% of the total production. The costs associated with electricity distribution are considered to be zero.
BATTERIES represents the electrochemical storage systems of the Li-ion typology. A
round-trip efficiency of 90% was chosen, and to better model the storage system, the power
and energy components were decoupled. Capital costs are assumed to be 234 k€/MW and
252,000 k€/GWh in 2020. Fixed costs are 31 k€/ MW. They are expected to decrease to
162 k€/MW, 90,000 k€/GWh, and 14 k€/MW [50], respectively.
IMP_GSL, IMP_DSL, IMP_LPG, and IMP_ELC represent the import of the various
energy commodities consumed within the system. The fossil fuels are characterized by variable costs, evaluated as the average Italian price excluding VAT in 2019: 118.01 k€/GWh for
diesel, 157.73 k€/GWh for gasoline, and 76.92 k€/GWh for LPG [51]. The price of imported
electricity is the average PUN (National Unified Price) in 2019 [52]: 52.35 k€/GWh.
In order to achieve a satisfying time resolution of the model [11] without incurring
too much computational effort, the time representation is structured as follows. Six Seasons
were chosen, each 2 months long, as shown in Table 4. Two DayTypes are then considered:
Working Days (5 days per week) and Weekends (2 days per week). Subdividing further,
each day is split into eight DailyTimeBrackets, each 3 hours long, as represented in Table 5.
Thus, 96 time slices are finally obtained.
Table 4. Season considered in the OSeMOSYS model.
Season

Start Day

End Day

Months Included

1
2
3
4
5
6

1
60
121
182
244
305

59
120
181
243
304
365

January, February
March, April
May, June
July, August
September, October
November, December

Table 5. DailyTimeBrackets considered in the OSeMOSYS model.
DailyTimeBracket

Start Hour

End Hour

1
2
3
4
5
6
7
8

00:00
03:00
06:00
09:00
12:00
15:00
18:00
21:00

02:59
05:59
08:59
11:59
14:59
17:59
20:59
23:59

A graphical representation of the average capacity factor, for each technology, is
represented in Figure 5, for every season considered. Data are obtained as described in
Section 2.5.
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Figure 5. Average capacity factor per season for the three RESs included in the system.

Four different scenarios for the evolution of San Pietro’s energy system over the
2020–2050 time horizon were examined. Specifically, these are as follows:
1.
2.
3.
4.

the Business-As-Usual (BAU) scenario;
the Current-Policy-Projection (CPP) scenario;
the Sustainable-Growth (SG) scenario;
the Self-Sufficient-Renewable (SSR) scenario.

The BAU scenario is a projection of the current situation to 2050 if no energy policies
were adopted and there was no interest in environmental issues. It is often used in energy
modeling as a reference scenario to compare results.
The CPP scenario is a projection of energy policy actions taken in recent years. Some
steps are being taken toward transition, but the measures are far from sufficient to achieve
carbon neutrality.
The SG scenario is the result of consistent energy transition policies that would bring
the island close to carbon neutrality. However, because this scenario does not include
storage systems, VRES penetration is not able to overcome 72% of the generation mix. Grid
interconnection to the mainland remains essential.
Finally, the SSR scenario aims to achieve carbon neutrality by 2050. It assumes a
fully renewable generation mix combined with a storage system (Li-ion batteries) that can
maximize consumption and ensure grid stability.
Table 6 shows which technologies are included in each scenario within the whole
time horizon, with the maximum allowable installed capacity, obtained through an RES
potential analysis of the island.
Table 6. Summary of the technologies included in the system for all of the scenarios explored,
reporting the maximum allowable installed capacity.
Technology

BAU

CPP

SG

SSR

PV_C
PV_D
WT
WEC

0.999 MW
0.513 MW
none
none

0.999 MW
1 MW
2.55 MW
none

0.999 MW
8 MW
4.25 MW
no constraints

2 MW
8 MW
4.25 MW
no constraints

Regarding electric mobility, no targets are set in the BAU scenario or the CPP scenario.
In the SG scenario, electric vehicle penetration is projected to reach 50% by 2050, while in
the SSR scenario, electric mobility is assumed to reach 100% by 2050. Consequently, the
demand for electricity will increase, as estimated by Bellocchi et al. [53].
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Storage, as mentioned, is only considered in the SSG scenario, and its size is selected
by the optimization model to achieve energy self-sufficiency by 2050.
3. Results and Discussion
3.1. Energy System Configuration
The post-processing function produces graphs of the electric generation mix of the
energy system, to facilitate the comprehension. The results are reported in Figure 6.
As expected, nothing changes in terms of generation in the Business-As-Usual scenario,
which is presented in the top-left chart of Figure 6. It is used as a reference for CO2 emissions
and TotalDiscountedCost, to compare different scenarios. The centralized PV power plant
guarantees a total energy output of 1.46 GWh/y, while the distributed PV plants provide
only 0.75 GWh/y. This means that almost 16 GWh continues to be imported from Sardinia.
The main novelty in the CPP scenario (top-right chart of Figure 6) is the development
of a three-turbine wind farm in 2026 that is able to reduce the island’s import dependence
thanks to a yearly electricity production of 5.14 GWh/y. Distributed PV slightly increases its
capacity (up to 1 MW), but still plays a marginal role in 2050, with 1.46 GWh/y generated.
In the SG scenario, shown in the bottom-left chart of Figure 6, the demand for electricity
increases steadily until 2050 due to the spread of electric mobility. The five-turbine wind
farm is able to further reduce the imports (thanks to an annual production of 8.56 GWh/y),
but a major role is played by distributed PV that reaches 5.6 MW in 2050, and thus an
energy output of 8.19 GWh/y. Moreover, from 2045, the installation of a WEC system
becomes economically competitive, and 1.5 MW are installed by 2050. It is able to generate
up to 2.00 GWh/y.
The main difference between the SG and SSR scenarios (bottom-right chart of Figure 6)
is the introduction of a storage system, which is essential to achieve self-sufficiency. The
size of Li-ion batteries to fulfil this goal is 4.65 MW in terms of power and 1.94 GWh in
terms of energy capacity. Furthermore, the demand for electricity is increasing at a faster
rate due to the more ambitious electrification target in the transportation sector and the
losses in the charging/discharging process. Distributed PV (8 MW installed in 2050) reaches
a production of 11.70 GWh/y and the capacity of centralized PV doubles (2 MW in 2050),
leading to 2.92 GWh/y generated.
In terms of environmental benefits, the BAU scenario is characterized by a constant
RES penetration of 12.2%. This means that CO2 emissions, reported in Figure 7, remain
at a high level throughout the time horizon, with a value of 10.0 kton/year. The CPP
scenario performs better, with an RES penetration of 43.8% and CO2 emissions decreasing
to 8.2 kton/y in 2050. Ambitious are the achievements of the SG scenario: 71.9% of RES
penetration and 2.5 kton/y of CO2 emissions by 2050. Finally, the SSR scenario aims to
achieve a full mix of renewables (100% RES penetration), with carbon neutrality achieved
on the island.
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Figure 6. Energy sources for electricity generation in four representative years 2020, 2030, 2040, and 2050 in the scenarios explored: BAU (top-left), CPP (top-right),
SG (bottom-left), and SSR (bottom-right).

Energies 2022, 15, 4535

16 of 23

Figure 7. CO2 emission emitted per year in all scenarios examined.

3.2. LCOE
As described in Section 2.2, the post-processing function calculates the LCOE for each
technology and for the system. Therefore, two different diagrams were generated on these
aspects. Figure 8 shows the LCOEreal and LCOEtheo for all technologies included in the
generation mix, in some reference years.
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Figure 8. LCOEreal and LCOEtheo for all technologies included in power generation in the same representative years and scenarios explored: BAU (top-left), CPP
(top-right), SG (bottom-left), and SSR (bottom-right).
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Of course, since a techno-economic optimization is performed, a difference between
LCOEreal and LCOEtheo is observed only in a few cases, since the model tends to exploit all
technologies at their maximum activity. However, when the number of time slices is increased, larger differences are observed. In fact, in the time slices where the demand is lower
than the potential productivity and where there are no storage options, the curtailment of
the plants occurs.
Looking at LCOEreal , it is noticeable that LCOEreal and LCOEtheo of the imported
electricity correspond to its cost, already expressed in €/MWh and assumed to be constant
until 2050. The LCOEreal of the rooftop and large-scale PV systems are € 78 €/MWh and
55 €/MWh, respectively, in 2020. The former is lower than the average Italian LCOEreal for
the residential PV of 108 €/MWh [54], while the latter is slightly below the average Italian
LCOEreal for utility-scale PV systems of 43 €/MWh [54]. Studies on the techno-economic
evaluation of PV systems in similar climatic areas confirm these results [55]. The LCOEreal
decreases to 32 €/MWh for rooftop systems and 23 €/MWh for large-scale PV systems
by 2050. The LCOEreal for WT is 58 €/MWh in 2030 and decreases to 39 €/MWh in 2050.
This is perfectly in line with the average Italian LCOEreal of 65 €/MWh [54] in 2020 for a
WT of similar size. The small difference between these values is related to the capital cost
decrement between today and 2030. Regarding the WECs, they become competitive in the
very last few years of the model period, with a LCOEtheo of 110 €/MWh in 2050.
Based on the LCOEreal and LCOEtheo of each technology, the post-processing function
evaluates the average LCOEreal and LCOEtheo of the system in each reference year, as
demonstrated in Section 2.2. This is an extremely useful parameter for understanding how
the cost of generating electricity changes with respect to the current cost of energy, due to
•
•
•
•

the reduction in capital cost of RES plants,
the penetration of new technologies into the energy mix,
the implementation of certain energy policies, and
the installation of energy storage systems.

Figure 9 exhibits the real and theoretical system LCOE in each reference year. In 2020,
the SLCOEreal and SLCOEtheo are both 54 €/MWh in all scenarios, which is extremely
close to PUN since most of the electricity is imported. The BAU scenario shows a slight
decrease in SLCOEreal as PV capital costs decrease in the future, reaching 49 €/MWh
in 2050. The same trend holds for CPP, but with a more pronounced variation due to
higher RES penetration. Indeed, the SLCOEreal decreases to 45 €/MWh. While, in the
BAU and CPP scenarios, the SLCOEreal and the SLCOEtheo coincide, in the SG scenario,
the SLCOEreal drops to 49 €/MWh in 2050, while the SLCOEtheo decreases to 44 €/MWh.
In the SSR scenario, however, the SLCOEreal increases dramatically to 532 €/MWh due to
expensive Li-ion storage. This is not surprising, since no dispatchable power plants are
projected to be installed and the price of electrochemical storage is currently very high,
even for large-scale applications.
It is worth mentioning that the PUN strongly influences the techno-economic optimization. In the last seven months, the monthly average PUN was over 200 €/MWh [56],
which makes the energy from local RES power plants highly convenient with respect to the
import of electricity from Sardinia. Due to the uncertain economic period, the model was
run with data from 2019, which is considered more reliable for future forecasts. However,
this critical period may turn into an opportunity for green energy investment. Indeed, the
European Commission recently presented the REPowerEU Plan [57], its response to the
disruption of the global energy market caused by international instability. Transforming
Europe’s energy system is urgent on two fronts: ending the EU’s dependence on foreign
fossil fuels and addressing the climate crisis.
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Figure 9. System LCOE and theoretical system LCOE in the same representative years and scenarios explored: BAU (top-left), CPP (top-right), SG (bottom-left),
and SSR (bottom-right).
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The discussion of the results can be summarized in the following few points, which
are helpful for local and regional decision-makers as a guide for the energy transition:
1.

2.

3.

4.

Even taking 2019 prices as a reference, which are lower than the current ones, the
installation of mature RES power plants such as PV and wind turbines helps to reduce
electricity generation costs already in the short term.
Wind energy is crucial for the first phase of the transition. Governments should facilitate the installation of onshore or offshore wind turbines if ambitious decarbonization
targets are pursued.
For grid stability reasons, VRES penetration in the power mix must not exceed 80%.
Investments in grid reinforcement and balancing should be made in any case, also
with a view for further electrification of the transport sector.
Several storage options should be explored, in particular Li-ion batteries, flow batteries, and hydrogen, to find the most suitable solution from a technical and economic
point of view. Thanks to the grid interconnection with the mainland, the presence of a
storage facility fades in the background, at least in the first phase of the transition.

4. Conclusions
Energy modeling is a growing area of research that needs further expansion and
consolidation, as energy planning is increasing its relevance and spreading at different
levels of government. Such energy sector characteristics as the large inertia that hinders
transformations, the volatility of energy commodity prices, the close links with economics
and politics, and the continuous evolution that increases complexity are some of the reasons
that challenge energy modelers.
Thus, the main contribution of this paper is the development of an add-on tool to
the OSeMOSYS framework [17] that allows for an evaluation of the real and theoretical
LCOE of each generation technology as well as the real and theoretical LCOE of the whole
system. The tool was then applied to the energy system of San Pietro Island, located off the
southwest coast of Sardinia, to develop four future energy scenarios.
One interesting result is that the system LCOE declined in the long run even if total investment (TotalDiscountedCost) increases, especially if the average cost of imported
electricity grows. In fact, even if the lowest investment is required by the BAU scenario
(15.8 M€ against 17.5 M€ of the CPP and 19.4 M€ of the SG), the LCOE of the system
is 49.1 €/MWh in 2050; in the other two scenarios, this is decreased by 8.6% and 0.6%,
respectively. Moreover, this leads to an environmental benefit in CO2 emissions of −18%
in the CPP scenario and −75% in the SG scenario. In contrast, in the SSR scenario, the
installation of storage infrastructure capable of supporting a fully renewable mix leads to a
cost raise to 531.5 €/MWh in 2050. Another interesting aspect is that the difference between
system LCOE and theoretical system LCOE becomes significant only at a high level of RES
penetration, as shown at the end of the time horizon in the SG and SSR scenarios.
In conclusion, the SG scenario seems to be the best compromise between environmental
benefits and economic efforts. Achieving self-sufficiency is the most ambitious target, but
a complete VRES mix is extremely challenging for storage sizing, which proves to be
extremely costly. The presence of a dispatchable generator, such as a biomass power plant,
or a partial exploitation of the grid interconnection would definitely benefit the LCOE. Of
course, maintaining the grid interconnection with Sardinia, at least to meet peak demand,
appears to be the smartest solution if financial considerations play a significant role in the
final decision.
From this paper, several directions of study that can further improve optimizationbased long-term energy modeling frameworks have been identified. Firstly, one interesting
aspect that could be included in these frameworks is the clustering of time series to obtain
representative typical periods without averaging starting values, as proposed by Novo
et al. [58], to increase the robustness of the results and improve storage sizing. A final
research area could be the development of a short-term energy model for the electric system.
This might be merged with the system LCOE estimation to better evaluate the costs of
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sustainable scenarios with a high share of VRESs, characterized by grid management costs
that are higher in comparison with traditional energy systems, as theoretically described in
the literature [59,60].
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PSE
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MILP
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PUN
o&M
BAU
CPP
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Levelized Cost Of Electricity
Renewable Energy Sources
Variable Renewable Energy Sources
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Linear Programming
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