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H I G H L I G H T S  

• H2RES model to identify a cost-optimal decarbonisation pathway. 
• Long-term optimisation based on linear programming. 
• Technical and economic feasibility of a 100% renewable Italian energy system. 
• Power-to-X technologies play a pivotal role in balancing intermittent generation. 
• Integration of cost sensitivity analysis into the energy planning process.  
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A B S T R A C T   

The goal of achieving a zero-emission energy system by 2050 requires accurate energy planning to minimise the 
overall cost of the energy transition. Long-term energy models based on cost-optimal solutions are extremely 
dependent on the cost forecasts of different technologies. However, such forecasts are inherently uncertain. The 
aim of the present work is to identify a cost-optimal pathway for the Italian energy system decarbonisation and 
assess how renewable cost scenarios can affect the optimal solution. The analysis has been carried out with the 
H2RES model, a single-objective optimisation algorithm based on Linear Programming. Different cost scenarios 
for photovoltaics, on-shore and off-shore wind power, and lithium-ion batteries are simulated. Results indicate 
that a 100% renewable energy system in Italy is technically feasible. Power-to-X technologies are crucial for 
balancing purposes, enabling a share of non-dispatchable generation higher than 90%. Renewable cost scenarios 
affect the energy mix, however, both on-shore and off-shore wind saturate the maximum capacity potential in 
almost all scenarios. Cost forecasts for lithium-ion batteries have a significant impact on their optimal capacity 
and the role of hydrogen. Indeed, as battery costs rise, fuel cells emerge as the main solution for balancing 
services. This study emphasises the importance of conducting cost sensitivity analyses in long-term energy 
planning. Such analyses can help to determine how changes in cost forecasts may affect the optimal strategies for 
decarbonising national energy systems.   

1. Introduction 

Growing awareness of the risks associated with human-induced 
climate change has prompted several countries to set net-zero emis
sion targets and develop strategies for the complete decarbonisation of 
energy systems [1]. Research on 100% renewable energy systems has 

grown considerably in recent years. Various energy planning tools have 
been developed in order to analyse different aspects of the energy 
transition [2]. Several studies show that it is possible to decarbonise not 
only the electricity sector, but all energy sectors [3]. However, the 
complexity of the energy system presents characteristics and barriers 
that must be taken into account in the planning process. 
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The large-scale integration of renewable energy sources (RES), poses 
challenges in terms of system flexibility [4]. Indeed, a high share of non- 
dispatchable generation requires several energy storage and balancing 
systems [5]. Addressing such an issue only by means of electric batteries 
(EBs) are considered insufficient and expensive [6,7]. 

In the last decade, the need for a holistic approach has emerged in 
literature. For this reason, the concept of Smart Energy Systems has been 
established in the literature in order to transcend singular sector-focused 
strategies and emphasise cross-sector interconnections [8]. Conse
quently, the literature regarding the sector coupling technologies and 
their role in the energy transition has grown significantly in the last 
years [9]. Such systems allow the conversion of electricity into different 
energy carriers in order to exploit the characteristics of diverse sectors 
[10]. For instance, it is widely demonstrated how the integration of heat 
and electricity networks can provide better solutions than electricity 
storage systems on different scales [11]. Furthermore, in recent years 
the role of hydrogen as a key vector for the flexibility of future energy 
systems is emerging [12]. 

In Kachirayil et al. [13], more than 100 studies have been analysed in 
order to identify the main solutions applied to provide flexibility in 
energy system models. As a result, sector coupling systems are the most 
commonly applied solution, playing a more important role than demand 
side management and supply-side flexibility. Moreover, the integration 
of the heating sector is generally considered more than the transport 
sector. 

These sector coupling systems are often identified in the literature as 
“Power-to-X technologies”. The concept of “Power-to-X" has been 
introduced precisely to identify the general conversion of renewable 
electricity into different energy carriers [14]. Power-to-X technologies, 
especially Power-to-Heat (PtH) [15] and Power-to-Gas (PtG) [16] sys
tems, have been explored as a means to efficiently use non- 
electrochemical energy storage technologies. 

Besides, also the integration with the transport sector has been 
analysed for this purpose [17]. Electric vehicles can assume a pivotal 
role in grid balancing by means of both smart charging [18] and bidi
rectional energy flow (vehicle-to-grid systems) [19]. Additionally, this 
electricity-transport integration paradigm extends to the synthesis of 
hydrogen [20]. Thus, hydrogen can be applied in the transport sector in 
a direct manner [21], in co-combustion with compressed natural gas 
[22] and through further synthesis in electro-fuels [23]. 

Future renewable energy systems cannot rely on a single strategy, 
but will need to interconnect numerous Power-to-X systems with 
intermittent renewable generation [24]. 

In order to assess the future role of different technologies and to 
identify the best allocation of different decarbonisation options, 
computational energy models are key tools to support energy planning 
processes [25]. Bottom-up energy models allow to analyse different 
options for the energy system decarbonisation by investigating the role 
of different renewable and Power-to-X technologies [26]. 

The main distinction between energy modelling approaches is be
tween simulation and optimisation [27]. Simulation models involve an 
analytical simulation of alternative strategies and scenarios. In this 
approach, modelling involves running scenarios and comparing the re
sults, leaving the choice of best scenarios to the interpretation of alter
natives and subsequent discussion. 

On the contrary, optimisation models seek optimal solutions through 
mathematical analysis prior to the decision-making process [28]. The 
objective function must be decided beforehand, and the definition of the 
best scenario takes place within the model itself. Different optimisation 
approaches, such as linear programming, mixed integer linear pro
gramming and non-linear programming, can be applied to solve the 
optimisation problem [29]. 

In Lund et al. [30], the authors have compared and discussed the two 
approaches. Accordingly, simulation models aim to compare various 
options and scenarios, allowing for qualitative analysis, while optimi
sation models seek the optimal solution based on quantitative analysis. 

Furthermore, it is important to distinguish between static and long- 
term approaches. 

Static energy models are used to analyse the configuration of an 
energy system in a specific year [31]. Such systems are suitable for both 
optimising and simulating energy system configurations. The simulation 
then takes place on the target year by analysing the behaviour of the 
energy system. For example, the EnergyPLAN software [32] falls into 
this category. Indeed, it simulates the energy system in hourly steps over 
an entire year [33]. 

Long-term models, on the other hand, take into account the evolu
tion of the energy system up to the target year, considering the time 
when the different technologies are installed and analysing how this 
affects the allocation of the different installable technologies [34]. 

Two approaches for long-term optimisation can be applied: myopic 
optimisation or perfect foresight. In the first approach, the model makes 
decisions by not knowing in advance the information about the future. 
In this way the optimization problem is divided into several steps where 
the output of one is the input of the other. This approach realistically 
describes the decision-making process, but does not identify the optimal 
scenario throughout the period, as it does not analyse in advance the 
possible evolution of technology costs. 

In perfect forecasting models, future information on costs and de
mand developments is known in advance. In this way, the model faces a 
single optimisation problem considering the whole system and its evo
lution over time and optimising all the simulation steps together. 

Several energy long-term energy modelling tools have been devel
oped and applied to the national energy system planning. In Feijoo et al. 
[35], such tools have been reviewed highlighting different characteris
tics and modelling approaches. Few of these models provide both a 
methodological approach based on system optimisation and hourly 
resolution for simulation. For instance, PLEXOS [36] focuses on unit 
commitment and capacity planning, OSeMOSYS [37,38] on open-source 
modelling for minimum energy system cost, and GenX on power system 
optimisation to minimise costs and meet constraints [39]. Other models 
such as LUT Energy System Transition [40] consider long-term capacity 
optimisation with hourly energy dispatch. Moreover, PyPSA (PyPSA- 
Eur-Sec-30) [41] allows to optimise the operation and investments of an 
energy system, taking in consideration cross-border trade of electricity 
and cross-sector integration. 

However, as pointed out by Feijoo et al. [35], there is a gap in 
existing energy modelling tools. Indeed, there is no open-source opti
misation model for assessing entire energy systems with both hourly 
resolution and long-term, multi-year investment operational planning 
for capacities, including Power-to-X technologies and other sectors like 
industry and transport. 

H2RES model stands as a tool to bridge that gap. Such model is a 
single-objective optimisation algorithm based on Linear Programming. 
H2RES allows to plan an energy system over short-to-long horizons, 
optimising capacity additions for technologies, including variable RES 
and Power-to-X technologies, with hourly scale resolutions for energy 
dispatch. 

In the present work, such model has been applied to the Italian en
ergy system for the first time. Some works in the recent years have 
addressed the issue of national energy planning in Italy. 

In the study conducted by Bellocchi et al. [42], the role of electric 
vehicles in the energy transition toward low-carbon systems has been 
analysed by using the EnergyPLAN software. Furthermore, the same 
model has been applied to explore the impact of electrifying transport 
and residential heating in Italy, assessing their contributions to improve 
energy system flexibility [43]. Prina et al. [34] have coupled Ener
gyPLAN with a multi-objective evolutionary algorithm in order to 
develop a long-term optimisation model and apply it to the Italian en
ergy system. In Gaeta et al. [44], roadmaps toward net zero emissions in 
Italy have been developed by means of TIMES model and represents one 
of the few studies in the literature analysing the decarbonisation of the 
Italian energy system. Nevertheless, such model optimises the system 
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without considering hourly variations and the RES availability. The 
authors proposed integration with a stochastic medium-term simulator, 
however this solution does not solve the optimisation of the different 
sectors and does not identify the optimal capacity of Power-to-X 
technologies. 

Some of the authors of the present work have proposed a method for 
improving the Italian energy strategy in order to achieve the target of at 
least 55% greenhouse gases GHG (greenhouse gases) emission re
ductions by 2030 [45], by applying the EnergyPLAN software. 

While some works have analysed specific sectors within the Italian 
context, there is a lack of national energy planning studies in Italy. Some 
studies have investigated the Italian context to identify decarbonisation 
pathways, but mainly through static simulation energy models or long- 
term energy models with computational or system limitations. 

This work applies for the first time H2RES software to elaborate an 
optimal decarbonisation pathway for the Italian energy system. To the 
best of the authors’ knowledge, there are no works investigating the 
Italian energy system decarbonisation by means of a model that con
siders hourly resolution in a long-term energy planning optimisation 
setting, integrating all energy sectors and several Power-to-X technolo
gies. Moreover, this tool has been applied for a country extremely reliant 
on the solar resource and with limited wind power potential, both in 
terms of full load hours and installable capacity. 

The aim of the present work is to identify cost-optimal pathways for 
the Italian energy system decarbonisation, by modelling a long-term 
energy transition to achieve zero emission by 2050. 

In long-term energy planning, the optimal configuration for each 
step is dependent on the previous one. Hence, variations in renewable 
and Power-to-X technology costs change the optimal configurations 
during the simulation period. A potential limitation of these models is 
therefore the goodness of cost forecasts. Thus, it is necessary to extend 
the analysis to different cost scenarios in order to identify how the 
optimisation results are dependent on the input data. 

The present paper aims to discuss such issue by investigating how 
different renewable cost scenarios can affect the optimal solution in 
long-term energy modelling tools. 

This is one of the main novelties of this article. Indeed, most opti
misation studies do not analyse the variation of outputs as cost inputs 
vary. Thus, there is often a lack of information on how changes in the 
cost of a single key technology, like wind or solar, affect the overall 
capacity of the other technologies included in a complex system such as 
the national energy system. To the best of the authors’ knowledge, there 
are no studies that analyse the reciprocal interaction of technology al
locations due to cost scenarios and the effects on the system using a long- 
term optimisation tool based on a perfect foresight approach. 

In Section 2, material and methods applied in the present work have 
been described. In detail, the H2RES software has been introduced, data 
regarding the Italian energy system model have been outlined, cost 
scenarios have been presented and the main technical and economic 
assumptions have been described. In Section 3, the outcomes of the work 
have been presented and discussed. Finally, in Section 4, the main 
findings have been summarised. 

2. Material and methods 

The aim of this paper is to identify a cost-optimal path for the 
decarbonisation of the Italian energy system and to assess how renew
able cost forecasts may influence the optimal solution. 

In long-term energy planning, the optimal configuration for each 
step depends on the previous one. Therefore, different cost scenarios of 
renewable technologies change the optimal configurations during the 
simulation period. The analysis has been conducted with the H2RES 
model, a single-objective optimisation algorithm based on linear pro
gramming. Starting with 2020 as the reference year, the model identifies 
with a foresight approach the optimal energy mix with a 5-year step 
from 2025 to the horizon year of 2050. Each year is simulated with 

hourly resolution. 
In order to analyse how the cost forecasts of the main technologies 

affect this analysis, different capital expenditure (CAPEX) scenarios 
have been developed for photovoltaics (PV), wind power and lithium- 
ion batteries. 

In detail, an optimistic and a pessimistic CAPEX scenario for each of 
these technologies has been considered on the basis of major interna
tional reports. 

As an initial analysis, a reference scenario considering the average 
values of cost forecasts has been simulated. Afterwards, further eight 
cost scenarios, combining the different CAPEX scenarios, have been 
simulated and analysed. 

In Fig. 1, the methodology workflow has been depicted. 

2.1. H2RES software 

In the present work, H2RES software has been applied to model the 
energy transition of the Italian energy system. H2RES is a long-term 
linear optimisation-based model that integrates sector coupling solu
tions with a high temporal resolution (on an hourly basis), and tech
nological resolution. The model systematically considers interactions 
among power, heat, industry, and transport sectors, aiming to optimise 
capacity investments for each zone, output of generators and storage, 
storage levels while adhering to predefined Critical Excess of Energy 
Production (CEEP) thresholds. 

The general structure of the model, highlighting the main energy 
sectors, the most significant technologies that can be used and the links 
between them, has been illustrated in Fig. 2. 

The model considers a variety of technologies, from conventional 
power generators to renewable energy sources like solar, both on-shore 
and off-shore wind, and hydro-river. It allows users to define hourly 
profiles, capital costs, and capacity levels. 

The model addresses the heating sector by considering both cen
tralised (i.e. district heating) and decentralised production, and 
including various options for heat generation, such as conventional 
boilers or Heat Pumps (HPs). In so doing, the model allows for the 
modelling of different technologies within the same category. It allows 
for the analysis of Power-to-X technologies with varying technical 
characteristics, capacity potentials, and cost structures. 

This versatility extends to the hydrogen (H2) demand, where H2RES 
incorporates hourly profiles distributed across sectors like transport, 
building, industry, and others. It optimises the size of electrolyser and H2 
storage to meet demand levels, offering optimal generation and storage 
levels at hourly resolutions. This functionality is extended to the fuel-cell 
(FC) technologies, with the model allowing for the optimisation of 
dispatch and sizes for different electrolysers and FCs with distinct 
technical and cost characteristics. 

The H2RES model involves three distinct types of decision variables. 
Firstly, there are yearly investment capacities allocated to each tech
nology for each year. The model assumes that the additional installed 
capacity resulting from these investments is immediately available at 
the beginning of each year. Secondly, variables representing the output 
of generators and storage are optimized for each hour of each simulated 
year, specifically for technologies with an installed capacity greater than 
zero. Lastly, there is a set of variables corresponding to storage levels 
(hydro, heat, H2), modelled at an hourly resolution for each technology 
and each year in the planning horizon. 

The main objective of the H2RES model is to minimise yearly oper
ation and capacity costs across all years in the planning horizon. Given 
that the model allows for long-term planning, it considers the net present 
value of future operation and capacity costs. The general mathematical 
representation of the model’s objective is expressed in Eq. 1. This 
equation includes various terms, such as dispatching costs, annualized 
capital costs, costs associated with ramping up or down operations, costs 
of importing electricity, and costs per unit of carbon dioxide (CO2) 
emissions. The goal is to identify the optimal combination of these 
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variables that results in the lowest overall cost throughout the planning 
horizon. 
∑

y

∑

p

∑

t
df y

[
vCt,p,yDt,p,y +Ct,yKtInvt,y +Rt,p,yRampt,p,y

+Ip,yImpp,y +CO2PriceyCO2Levelst,p,y
] (1) 

Within Eq. 1, the first term encompasses the dispatched energy Dt,p,y 

associated with each technology t, during hour p, in year y. The variable 
cost (Ct,p,y) is a function determined by the interplay of fuel costs and 
non-fuel costs, as outlined in Eq. 2. This structural approach enables the 
modelling of cost structures for various types of technologies. In other 
words, it allows for the differentiation and representation of costs 
associated with different technology types, taking into account both 
fuel-related and non-fuel-related expenses. 

vCt,p,y =

[
FuelCostt,p,y

eff t,p,y
+NonFuelCostt,p,y

]

(2) 

The second term within the objective function pertains to the 
annualized capital cost (Kt) of technology t that is multiplied to the 
invested capacity (Invt,y) of each technology t in each year y and the 
capital cost (Ct,y) of each given technology, which may fluctuate in 
various modelled years to simulate changes in technology costs, such as 
those following a learning curve that reduces capital costs over time. 

This aspect is a user-defined input. 
The third and fourth terms of the objective function correspond to 

the costs associated with ramping up or down operations and importing 
electricity, respectively. Hence, they both encompass the cost of ramp
ing up/down and import per unit of power/energy and the amount of 
power/energy that is involved in such process in each hour (p) of each 
year (y) (the ramping up and down cost is also defined for each 

Fig. 1. Graphical methodology.  

Fig. 2. Graphical representation of the H2RES model [35].  
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technology while import is not). It is important to note that the present 
iteration of H2RES permits the consideration of electricity imports 
exclusively, with the import price being a user-specified input expressed 
at an hourly granularity for each year in the model. Additionally, the 
model takes into account the cost per unit of CO2 emissions for each of 
the technologies, typically measured in euros per metric ton of CO2 
emissions (EUR/tCO2). 

H2RES places several constraints on technology sizes and dispatch 
levels to ensure the minimisation of costs as defined by the objective 
function. The main constraints encompass disaggregating demand levels 
across various sectors, setting upper bounds on technology output based 
on installed capacity, considering technical constraints, and managing 
storage state-of-charge. 

Furthermore, H2RES accounts for three policy dimensions: 
maximum CEEP levels, renewable energy penetration targets, and 
yearly limits on CO2 emissions levels, allowing for comprehensive 
analysis of low-carbon economy transitions. 

The model has been implemented in order to consider the constraint 
on overall biomass consumption. Indeed, biomass is largely used in 
hard-to-abate sectors and the potential for electricity generation should 
be implemented considering the actual biomass availability in the 
system. 

H2RES is open-source [46], fostering accessibility, and further de
tails about its functionality are available in the provided references, 
allowing researchers and practitioners to explore and contribute to the 
model’s development [35,47,48]. 

2.2. Case study - Italian energy system 

As a case study, the decarbonisation of the Italian energy system has 
been analysed. 

The inputs for the H2RES model have been considered by converting 
the EnergyPLAN model developed in Ref. [49] and also applied in 
Ref. [50]. 

Such model has been built on the basis of the Eurostat data and those 

provided in national documentation [51–54]. 
The simulation period starts in 2020, however 2019 has been 

considered as the reference year, since 2020 is characterised by the first 
COVID lockdown and the data are not representative of the country’s 
real energy consumption. 

Tables 1–7 summarise data used for modelling the Italian Energy 
System. 

Some assumptions regarding decarbonisation scenarios have been 
made, as the model optimises the mix of renewable generation, heating 
systems and Power-to-X technologies, however, the demand for energy 
carriers related to other energy sectors is considered as an input. 

In detail, assumptions regarding transport and industry influence the 
overall electricity and hydrogen demand of the energy system and thus 
the ability of the system to provide flexibility and balance variable RES 
generation. 

For the transport sector, the first solution concerns the conversion of 
90% of light duty vehicles to electric vehicles. The deployment of 
electric vehicles has been considered linear until 2050. A decarbon
isation scenario based on Synthetic Liquid Fuels (SLFs) has been 
developed for fuel demand in the remaining part of light duty vehicles 

Table 1 
Electricity demand by sector.  

Sector Electricity consumption (TWh) 

Households and Services 154.8 
Industry 119.5 
Transport 11.5 
Consumption of the energy branch 19.8 
Distribution and transmission losses 17.8 
Import 43.9 
Export 5.8  

Table 2 
Heating demand by technology.  

Technology Fuel consumption 
(TWh) 

Natural Gas boilers 247.5 
Oil boilers 29.03 
Biomass boilers 73.3 
Heat pump 29.0 (Ambient heat) 
Thermal solar 2.5  

Table 3 
District Heating demand.  

DH Heat demand 
(TWh) 

Households and Services supplied by boilers 4.0 
Households and Services supplied by CHPs 10.1 
Industry supplied by CHP 50.1  

Table 4 
Transport demand.  

Fuel Annual consumption 
(TWh) 

Diesel 224.0 
Petrol 115.1 
LPG 27.3 
NG 13.3 
Jet Fuel 10.5 
Biofuels 14.8 
Electricity 11.5  

Table 5 
Industry fuels demand.  

Industry Annual consumption 
(TWh) 

Coal 6.9 
Oil 115.1 
Natural Gas 99.3 
Biomass 4.9  

Table 6 
Renewable electricity capacity and annual generation.  

Technology Capacity 
(GW) 

Electricity generation 
(TWh) 

Hydroelectric 22.8 46.3 
PV 20.1 23.7 
Wind 10.9 20.2 
Bioenergy 4.2 19.5 
Geothermal 0.8 6.0  

Table 7 
Central power plants capacity and national average efficiencies.  

Technology Capacity 
(GW) 

Electrical 
efficiency (− ) 

Thermal 
efficiency (− ) 

NG - Electricity only 24.1 0.532 – 
Oil - Electricity only 0.5 0.401 – 
Coal - Electricity only 8.3 0.376 – 
Biomass - Electricity only 1.9 0.413 – 
NG - Combined Heat and 

Power 
17.1 0.436 0.238 

Oil - Combined Heat and 
Power 

2.5 0.325 0.219 

Biomass - Combined Heat 
and Power 

2.2 0.287 0.316  
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and for all heavy duty vehicles. 
Hydrogen can be combined with biomass-derived syngas to produce 

SLFs [55]. In detail, the power-to-liquid option involves the production 
of Dimethyl Ether (DME) replacing diesel consumption. 

The SLF production based on the biomass hydrogenation has been 
considered. Indeed, as demonstrated by Korberg et al. [56], this solution 
allows the biomass supply chain to be better managed and the hydrogen 
supply chain to be optimized. The deployment of SLFs in the transport 
sector was assumed to be linear from 2035 onwards, leading to the 
complete replacement of fossil fuels by 2050. 

Industry represents a hard-to-abate sector as a large part of the 
thermal demand is at high temperatures. A portion of the low- 
temperature industrial demand can be electrified. This demand has a 
maximum potential of 13 TWh/yr and a linear trend for its electrifica
tion has been considered. 

Hydrogen consumption in industry already exists in Italy, which is 
supplied by natural gas by the Steam Methane Reforming (SMR) process. 
This demand amounts to 0.5 MtH2/yr and can instead be supplied by 
green hydrogen produced by water electrolysis [57]. Finally, bio- 
electrofuels are introduced to replace the industrial demand provided 
by fossil fuels. Also in this sector, the hydrogenation chain is chosen to 
minimise the biomass consumption. Thus, hydrogen is combined with 
biogas to produce SNG or is used for the hydrogenation of syngas to 
produce SNG or SLF [58]. The substitution of grey hydrogen from SMR 
with green hydrogen is considered as a linear process from 2030 on
wards. While the deployment of SNGs and SLFs in the industrial sector is 
assumed to be linear from 2035 onwards to full replacement of fossil 
fuels in 2050. Finally, according to the above-mentioned assumptions, 
the evolution of both electricity and hydrogen demand has been 
computed and depicted in Fig. 3. 

2.3. Renewable technology cost scenarios 

Different cost scenarios have been developed in order to investigate 
the effect of technology cost forecasts on the optimal generation mix. For 
renewable technologies, scenarios have been developed on the basis of 
Ref. [59, 60]. Accordingly, renewable generation costs will sharply 
decrease in the medium and long term. 

In Fig. 4, CAPEX range forecasts for photovoltaics, onshore and 
offshore wind are shown. 

Based on these forecasts, a cost path of renewable technologies has 
been assumed for the next 30 years. A high-cost and low-cost scenario 
has been developed for each technology. The CAPEX scenarios for PV 
and Wind are shown in Fig. 5. 

Furthermore, CAPEX scenarios for EBs have been considered in 
accordance with Ref. [61] and depicted in Fig. 6. 

Therefore, by combining those technology CAPEX scenarios, a 

reference scenario plus further eight cost scenarios have been simulated 
and analysed. In the reference scenario, the average values for each 
technology have been taken into account for the simulation, while the 
combination of low-cost and high-cost scenarios leads to 8 different cost 
scenarios. 

2.4. Technical and economic assumptions 

Techno-economic inputs for H2RES model assumed in the present 
work have been summarised in Table 8. The fuel prices (coal, gas, oil, 
biomass) have been assumed to increase by an average of 1% per year 
compared to the historical levels of 2020. For hydro units, inflows, and 
the availability factors of wind and solar, it is anticipated that they will 
remain consistent with the levels observed in 2020 throughout subse
quent years. The biomass potential has been considered equal to 108 
TWh/yr, in accordance with Ref. [62]. Furthermore, the RES capacity 
installation potential in Italy has been assumed according to Ref. [63] 
and summarised in Table 9. Hourly RES profile has been considered in 
accordance with the model developed in Ref. [49]. 

3. Results and discussion 

The target of achieving complete decarbonization of the energy 
system by 2050 has been established for the simulation. Furthermore, a 
CEEP limit has been imposed, capped at 10%. However, this threshold is 
not reached in the reference scenario. 

Fig. 7 illustrates the electricity generation mix and the percentage of 
renewable electricity in the reference decarbonisation scenario from 
2020 to 2050. Furthermore, the cumulated RES capacity installation and 
the cumulated capacity installation of both lithium-ion batteries and 
electrolysers have been represented in Figs. 8 and 9, respectively. 

Nowadays, the Italian generation mix is extremely natural gas-based. 
The share of renewables in electricity production experiences a rapid 
increase during the initial stages of the simulation. In 2020, the share is 
slightly below 40%, however, already by 2035, it surpasses 70%. By 
2040, the share reaches values above 90%. At this step, gas-fired elec
tricity generation mainly serves as a balancing component in the power 
system, alongside biomass. In 2045, electricity generation is nearly 
entirely renewable; however, to attain full decarbonization of the na
tional energy system, demand for hydrogen and electricity continues to 
rise in hard-to-abate sectors. Consequently, a total renewable capacity 
exceeding 100 GW, primarily PV, is installed in the final phase. 

During the initial stages, onshore wind capacity experiences a more Fig. 3. Evolution of electricity and hydrogen demand from 2020 until 2050.  

Fig. 4. CAPEX range forecasts for photovoltaics, onshore and offshore wind 
(the yellow indicator shows the current average costs for Italy). (For interpre
tation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.) 
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substantial increase than PV systems. However, starting from 2040, PV 
installation surpasses that of onshore wind. Furthermore, offshore wind 
begins to be installed by 2030. By 2050 the total installable wind 

potential is saturated, so the optimal mix is affected by this limit. 
The optimal energy system configuration by 2050 envisages an 

overall share of electricity generation from PV systems approximately 

Fig. 5. RES CAPEX scenarios.  

Fig. 6. CAPEX scenarios of lithium-ion batteries [61].  

Table 8 
Input data for H2RES model.  

Technology Units INV 2020 (M€/unit) INV 2030 
(M€/unit) 

INV 2040 
(M€/unit) 

INV 2050 
(M€/unit) 

Efficiency Source 

PEMFC CHP MW 1.3 1.1 0.9 0.8 50% [64] 
SOFC CHP MW 3.3 2 1.3 0.8 60% [64] 
Alkaline Electrolyser MW 0.65 0.45 0.3 0.25 66.5–78 [64] 
SOEC Electrolyser MW 4.5 1.9 1.3 0.78 77–83.5% [64] 
PEM Electrolyser MW 0.92 0.65 0.45 0.4 58–70.5% [64] 
H2 storage (tanks) MWh 0.057 0.045 0.027 0.021 – [64] 
biomass boiler MWth 0.47 0.447 0.425 0.404 79–85% [64] 
gas boiler MWth 0.278 0.265 0.252 0.24 90% [64] 
air-to-water HPs MWth 1.2 1.076 1.016 0.956 3.282 (SCOP evaluated) [64] 
geothermal HP MWth 1.932 1.836 1.74 1.566 4.621 (SCOP evaluated) [64] 
Electric boilers MWth 0.89 0.85 0.81 0.77 100% [64]  
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equal to that from wind power. In 2050, electricity generation is almost 
twice as high as the total electricity demand. The integrable electricity 
excess is converted into hydrogen and used in hard-to-abate sectors and 
to balance electricity system through the hydrogen conversion into 
electricity by means of fuel cells. 

Such an increase in PV and wind generation includes a growth in 
energy storage systems. Lithium-ion batteries and fuel cell provide dis
patchable generation, avoiding large use of biomass in the power sector. 

Nevertheless, non-dispatchable generation will account for 92% of total 
electricity generation by 2050. 

Lithium-ion batteries have significant capacities as of 2035. In the 
same step, a small capacity of electrolysers is considered in the optimal 
configuration. The installed capacity of electrolysers increases sub
stantially in 2040, when the RES penetration surpasses 90% and high 
shares of non-dispatchable renewables are integrated in the system. 

EBs have a faster deployment, however, the installed capacity in the 
100% renewable energy system is lower than the electrolyser one. 

3.1. Renewable technology cost scenarios 

In this section, the issue about how variations in cost forecasts can 
affect optimisation study for long-term energy planning has been 
addressed and discussed. 

To this end, the optimal decarbonisation path of the Italian energy 
system has been simulated across the eight different cost scenarios for 

Table 9 
VRES capacity installation potential in Italy [63,65,66].  

RES Capacity potential (GW) Full load hours 
(h/yr) 

PV 357.4 1517 
Wind onshore 115.4 2418 
Wind offshore 55.7 2759  

Fig. 7. Electricity generation by fuel and RES share for the reference decarbonisation scenario.  

Fig. 8. Cumulated RES capacity installation for the reference decarbonisation scenario.  
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renewable technologies. In Fig. 10, the optimal configurations of RES 
capacity and lithium-ion battery capacity by 2050 in the different cost 
scenarios have been depicted. 

A minimum of 260 GW of PV consistently required across all cost 
scenarios. However, Low PV - High EB cost scenarios necessitate around 
350 GW of PV in the optimal configuration. In detail, the Low PV – High 
Wind cost scenarios are the only ones where the installed capacity of PV 
reaches its maximum potential. 

The maximum potential of both onshore and offshore wind capacity 
is almost always saturated except in the scenario where PV installs the 
maximum available capacity. This shows that in general wind genera
tion is cheaper and easier to integrate into the system than photovol
taics. Furthermore, in High PV cost, the change in the cost of wind 
turbines does not substantially affect installed capacities. This is due to 

the fact that even as the cost of wind power increases, this technology 
remains a priority and installation is only limited by the depletion of 
potential capacity. 

Forecasts of lithium-ion battery costs exert a substantial influence on 
the optimal electric battery capacity. For the same renewables cost 
scenarios, the battery capacity in Low EB cost is up to three times the 
installed capacity in the High EB cost scenario. Furthermore, in High EB 
cost, the increase in RES capacity installation leads to increased sta
tionary storage capacity. Indeed, in those scenarios, the overall increase 
in renewable generation requires more storage capacity to handle the 
increased renewable capacity and integrate the critical excess. 

EB cost scenarios barely change the optimal electricity generation 
mix. The VRES capacity remains essentially the same by changing EB 
costs. In contrast, by changing the VRES costs, the overall EB capacity 

Fig. 9. Cumulated capacity installation of lithium-ion batteries and electrolysers for the reference decarbonisation scenario.  

Fig. 10. Optimal configuration of RES capacity and lithium-ion battery capacity by 2050 in the different cost scenarios.  
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varies. This is because as the costs of renewables vary, their installed 
capacity varies and the generation mix affects the use of energy storage 
systems. 

These capacity allocations also correlate with the role of dis
patchable generation in the energy system. 

In Fig. 11, the electricity mix generation and CEEP by 2050 in the 
different cost scenarios have been depicted. 

Biomass plays a marginal role in renewable generation and is only 
used to provide dispatchable generation. Especially in Low EB cost 
scenarios, generation from biomass is very low, as fuel cells and lithium- 
ion batteries, along with hydroelectric power, provide sufficient dis
patchable generation. The constraint on biomass availability affects the 
results in some scenarios. Indeed, without such constraint, biomass 
consumption would be higher. Higher biomass consumption is consid
ered where stationary storage systems and fuel cells are less installed 
and used. Indeed, as VRES generation increases, it is preferable to pro
vide dispatchable generation by means of electrochemical storage sys
tems or hydrogen instead of using biomass. 

Hydroelectric power generation is approximately constant across all 
scenarios and is not affected by cost variations in the considered tech
nologies. All the scenarios exhibit very high shares of non-dispatchable 
generation, ranging between 90% and 93%. 

CEEP values vary between 8.4% and 9.6%. As the cost of electric 
batteries decreases, the capacity increases and this is reflected in a 
reduction of CEEP. The increase in electrical generation causes an in
crease in the excess in absolute terms. However, the increase in CEEP is 
less proportional to the increase in generation, reducing the percentage 
values. 

The overall annual electricity demand of the energy system is about 
500 TWh. In some scenarios, electricity generation nearly doubles the 
demand, leading to the conversion of excess electricity into hydrogen. 
The latter serves various purposes, including further synthesis into 
alternative fuels, utilisation in hard-to-abate sectors, and balancing 
through conversion into electricity by means of fuel cells. The role of 
hydrogen is tied to the considered cost scenario. 

In Fig. 12, the electrolyser and hydrogen storage capacity by 2050 in 
the different cost scenarios have been depicted. In Fig. 13, the break
down of hydrogen production by consumption item by 2050 in the 
different cost scenarios. Furthermore, in Fig. 14, the fuel cell capacity 
and electricity fuel cell generation by 2050 in the different cost scenarios 
have been represented. 

High electric battery costs result in a slight increase in electrolyser 
capacity in all the scenarios, reaching up to around 70 GW. EB cost 
scenarios have a greater impact on overall hydrogen production, which 
varies between 240 TWh/yr and 370 TWh/yr. Moreover, the total fuel 
cell capacity increases significantly, almost doubling, in High EB cost 
scenarios. 

Hydrogen plays a crucial role in power grid balancing and providing 
a significant portion of dispatchable electricity in all configurations. 
Moreover, this hydrogen application is also significant compared to 
other direct and indirect usages in the hard-to-abate sectors. 

Specifically, in High EB cost, hydrogen generation through fuel cells 
is the preferred method for storage and balancing, resulting in a decrease 
in EB capacity and utilisation. In contrast, in low-cost scenarios for 
lithium-ion batteries, a significant increase in EB capacity emerges as the 
primary method for enhancing storage services. 

The overall electrolyser capacity is slightly linked to the amount of 
VRES generation and is mainly provided by alkaline electrolysers. The 
FC capacity varies little as the cost scenario of renewables changes, 
while their utilisation varies greatly. Indeed, FC generation of electricity 
increases as renewable generation increases, thus creating a substantial 
share of dispatchable energy in the system. This causes a slight reduction 
in CEEP in such scenarios. Furthermore, it can be seen that the installed 
capacities of EB and FC do not vary, but the choice of storage system 
utilisation mainly changes according to the need for short-term or long- 
term storage. 

Although hydrogen production rises as renewable generation in
creases, there is a slight reduction in overall hydrogen storage capacity. 
This is because frequent FC use can discharge the storage, reducing the 
residence time of hydrogen in the storage system and thus its size. 

In Fig. 15, the share of H2 in final energy consumption versus the 
share of VRES in primary energy supply has been depicted. 

Depending on the cost scenario, the hydrogen penetration in energy 
end-uses changes. Such issue can be partially correlated with the VRES 
penetration. In High EB cost, the increase of VRES share in primary 
energy supply significantly increases the hydrogen penetration in en
ergy end-uses. Conversely, the increase in the hydrogen share, as the 
VRES share increases, is much reduced in Low EB cost scenarios, since 
lithium-ion batteries provide the necessary dispatchable generation. 

A decrease in PV costs has a greater impact on the VRES penetration 
than a decrease in wind costs. Additionally, when PV costs are high, 
changes in wind costs do not affect the VRES share due to the saturation 

Fig. 11. Electricity production and CEEP by 2050 in the different cost scenarios.  
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of wind installation potential. The reduction in the EB costs reduces the 
penetration of hydrogen in final energy consumption by increasing the 
share of VRES. 

In Fig. 16, the annual costs of the energy systems by 2050 in the 
different cost scenarios have been depicted. 

The annual costs associated with the configurations of the Italian 
energy system in different scenarios have been compared. Annual costs 
are defined as the sum of annualized capital expenditure and operating 
expenditure for the operation and maintenance of various plants and the 
fuel purchase. 

The considered cost scenarios result in a variation of annual system 
costs ranging from +10% to − 14% compared to the reference scenario. 
A significant portion of the annual costs are attributed to renewable 

energy sources and are therefore subject to the variations defined in the 
considered scenarios. Hydrogen and synthetic fuel value-chain, as well 
as heating equipment and infrastructure, are also major cost items, each 
accounting for approximately 20–25% of the total. These cost distribu
tions in 100% renewable energy systems are, with due differences, 
consistent with existing literature [55,67]. 

With all other scenarios being equal, a decrease in PV costs has a 
greater impact on the total annual cost reduction than a decrease in wind 
costs. This depends on both the installed capacity of the optimal mix and 
how it is affected by the saturation of the installable wind potential. 

The outcomes of the work show that a 100% renewable Italian en
ergy system is technically and economically feasible. Power-to-X tech
nologies are essential for balancing intermittent generation. Such 

Fig. 12. Electrolyser capacity and hydrogen storage by 2050 in the different cost scenarios.  

Fig. 13. Breakdown of hydrogen production by consumption item by 2050 in the different cost scenarios.  
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systems allow to design an electricity generation with a VRES share of 
93%. 

Synergies between sectors allow for the integration of renewable 
generation and energy system decarbonisation, both by the electrifica
tion of energy end-uses and hydrogen deployment. 

The optimal configuration by 2050 and the decarbonisation pathway 
are highly dependent on the renewable cost scenarios. Indeed, the 
H2RES model optimises the different steps by identifying the least-cost 
solution. In so doing, the capacity of the different technologies 
changes considerably depending on the cost scenario. 

In the case of renewables, cost variation has an impact on the optimal 
mix, although this effect is severely limited by the maximum capacity 
potential. As a result, the renewable mix influences the use of storage 
systems, as is known from several other works in the literature [68]. The 
effect is not reciprocal; indeed, the variation in EB costs has negligible 
effect on the VRES mix, but slightly affects the role of biomass in 

dispatchable generation. 
Indeed, the capacity and operation of technologies whose costs were 

not subject to sensitivity analysis are also strongly influenced by the 
costs of renewables and EBs. 

This is particularly the case for hydrogen technologies, which, like 
any storage system, are strongly influenced by the wind-solar mix in the 
system, but also by the costs of the other main storage options, such as 
batteries. The results show how not only the installed capacity varies, 
but also the energy flows and the priorities for using one technology over 
the others. 

Finally, these optimisation studies are highly conditioned by the 
goodness of the technologies’ cost forecasts. Especially for long-term 
energy planning studies, it is crucial to integrate cost sensitivity ana
lyses to identify how variations in cost forecasts may affect the best 
strategies for decarbonising energy systems. 

Fig. 14. Fuel cell capacity and electricity fuel cell generation by 2050 in the different cost scenarios.  

Fig. 15. Share of H2 in final energy consumption versus share of VRES in primary energy supply.  
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3.2. Limitations of the work and further developments 

This paper analyses a techno-economic optimisation of Italy’s 
decarbonisation pathway to 2050. However, as also demonstrated in 
this paper, such optimisation process is highly dependent on the tech
nology cost forecasts. In the present work, cost analysis of photovoltaic, 
wind and lithium-ion batteries has been performed. However, this 
analysis can be extended to different technologies. In detail, some 
technologies related to the hydrogen value chain are currently in pre- 
commercial stage and their future price is difficult to estimate. A 
future development of this work can be the analysis of different tech
nology cost forecasts beyond those taken into consideration. 

Furthermore, the analysis in this paper has been carried out by 
assuming decarbonisation pathways for transport and industrial sectors. 
However, different strategies can be analysed, which affect the overall 
hydrogen and biomass demand, thus affecting the final energy system 
configuration. A future development of this paper can be the analysis of 
different strategies for the decarbonisation of hard-to-abate sectors. 

Furthermore, the critical excess is high, with potential issues con
cerning network and plants’ management. The analysis performed in 
this work does not integrate the issues due to excess and curtailment 
costs. These costs become an important factor in the identification of 
optimal capacities and the management of energy flows. Despite this, in 
almost all existing literature concerning energy planning, such costs are 
neglected. Therefore, this aspect represents a limitation of this paper, as 
well as a gap in the literature, and may be a future development of this 
paper. 

4. Conclusions 

The aim of the present work is to identify a cost-optimal pathway for 
the Italian energy system decarbonisation and assess how different 
decarbonisation strategies and renewable cost scenarios can affect the 
optimal solution. 

The analysis has been conducted with the H2RES model, a single- 
objective optimisation algorithm based on linear programming. In 
order to analyse how the cost forecasts of the main technologies affect 
this analysis, different CAPEX scenarios have been developed for pho
tovoltaics, wind power and lithium-ion batteries. 

In detail, an optimistic and a pessimistic CAPEX scenario for each of 
these technologies has been considered on the basis of major 

international reports. Therefore, a reference scenario plus further eight 
cost scenarios, combining the different CAPEX scenarios, have been 
simulated and analysed. 

The main findings can be summarised as follows:  

• A 100% renewable Italian energy system can be achieved. Power-to- 
X technologies are essential for balancing intermittent generation. 
Such systems allow to design an electricity generation with a VRES 
share up to 93%. 

• A minimum of 260 GW of PV is always necessary in each cost sce
nario. However, in the scenarios characterised by low PV CAPEX and 
high cost of electric batteries, around 350 GW of PV are required in 
the optimal configuration. The maximum potential capacity of both 
on-shore and off-shore Wind is saturated in almost all scenarios.  

• The cost forecasts of lithium-ion batteries strongly affect their 
optimal capacity. For the same renewables cost scenarios, the battery 
capacity in the low-cost scenario is up to three times the installed 
capacity in the high-cost scenario.  

• Biomass plays a marginal role in renewable generation and is only 
used to provide dispatchable generation. Especially in low EB cost 
scenarios, generation from biomass is very low, as fuel cells and 
lithium-ion batteries, along with hydroelectric power, provide suf
ficient dispatchable generation.  

• The overall annual electricity demand of the energy system is about 
500 TWh. In some scenarios, electricity generation is almost double 
the demand and the electricity excess is mostly converted into 
hydrogen, both for further synthesis into alternative fuels and use in 
hard-to-abate sectors, and for balancing purposes through conver
sion into electricity by fuel cells.  

• Hydrogen plays a crucial role in power grid balancing and providing 
a significant portion of dispatchable electricity in all configurations. 
EB cost scenarios have a greater impact on overall hydrogen pro
duction, which varies between 240 TWh/yr and 370 TWh/yr.  

• In high EB cost scenarios, hydrogen generation through fuel cells is 
the preferred method for storage and balancing, resulting in a 
decrease in EB capacity and utilisation. Conversely, enhancing 
storage services primarily involves a significant increase in EB 
capacity.  

• The H2RES model optimises the different steps by identifying the 
least-cost solution. In so doing, the capacity of the different tech
nologies changes considerably depending on the cost scenario. In 

Fig. 16. Annual costs of energy system by 2050 in the different cost scenarios.  
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addition, the capacity and operation of other systems, like hydrogen 
technologies, whose costs have not been subject to sensitivity anal
ysis, are also highly affected by the costs of renewables and electric 
batteries. 

The findings reveal the technical and economic feasibility of a 100% 
renewable Italian energy system, with Power-to-X technologies playing 
a pivotal role in balancing intermittent generation. The optimal con
figurations, however, are shown to be highly dependent on the cost 
scenarios considered, emphasizing the need for rigorous sensitivity an
alyses in long-term energy planning studies. Therefore, it is crucial to 
integrate cost sensitivity analyses in energy planning studies in order to 
identify how variations in cost forecasts may affect the best strategies for 
decarbonising energy systems. Furthermore, the reliance on technology 
cost forecasts underscores the importance of continuous monitoring and 
updating of such forecasts for accurate long-term planning. 

The final cost of technologies in a country also depended on the 
development of industries in that country and the value chain of the 
technologies. The speed of cost reduction also depended heavily on 
progress on the learning curve. 

The development of strategies through a discussion between energy 
planners and policymakers and defining a clear energy policy can also 
guide the national industrial policy. 

In addition, this kind of study can support the development of energy 
strategies and decarbonisation targets to identify priorities between 
sectors and technologies. 

Therefore, this paper contributes valuable insights to the ongoing 
discourse on sustainable energy transitions, offering a roadmap for 
policymakers, researchers, and stakeholders in Italy and beyond as they 
navigate the complexities of achieving a carbon-neutral energy system. 

Nomenclature 

CAPEX Capital Expenditure 
CEEP Critical Excess of Energy Production 
CHP Combined Heat and Power 
DH District Heating 
DME Dimethyl Ether 
EBs Electric Batteries 
GHG Greenhouse gases 
FC fuel-cell 
H2 Hydrogen 
HPs Heat Pumps 
LP linear program 
NG Natural Gas 
PEMFC Proton Exchange Membrane Fuel Cells 
PtG Power-to-Gas 
PtH Power-to-Heat 
RES Renewable energy sources 
SLFs Synthetic Liquid Fuels 
SMR Steam Methane Reforming 
SOFC Solid Oxide Fuel Cells 
VRES Variable RES 
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