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ABSTRACT
Solar PV and wind turbines are the two most
economically  competitive  renewable  technologies.

However, their intermittency and seasonality call for the
need of short-term and long-term energy storages. The
objective of this work is the assess the economic advantage
of using green hydrogen as a long-term (seasonal) energy
storage compared to batteries. As basis of design, we
consider Sicily with its PV and wind production profiles as
well as its electricity demand. Three Aggregated Energy
Systems are considered: (i) PV + wind + lithium-ion battery,
(ii) PV + wind + Power-to-Power system (with electrolyser,
H, storage unit and one or more gas turbines) and (iii)
hybrid PV + wind + battery + power-to-power. The optimal
design is determined with the optimization code developed
by Politecnico di Milano, based on an accurate Mixed
Integer Linear Programming formulation for the design and
operational problem of Aggregated Energy Systems
(microgrids, virtual power plants, energy districts, district
heating networks, etc). Results show that the configuration
with the hybrid storage solution achieves the lowest cost of
electricity but the economic advantage compared to the
benchmark battery storage depends mainly on the H>
storage cost. If H, is stored in pressurized pipes, the
economic gain compared to batteries is limited (215 €/MWh
vs. 213 €/MWHh in the current scenario, 123 €/MWh vs. 128
E/MWh with 2050 projections). The advantage becomes
considerable if a more economic geological H; storage
system is available: 192 €/MWh vs. 213 €/MWh in the
current scenario, 97 €/MWh vs. 128 €/MWh for the 2050
scenario. In the optimized management strategy, batteries
are exploited for short-term (daily and weekly) cycles, while
H>-based storage is used for long-term seasonal cycles.

Keywords: Power-to-Power, Aggregated Energy System,
Seasonal storage, Optimization, Green-hydrogen.

NOMENCLATURE
AEL  Alkaline Electrolysers
AES  Aggregated Energy System

BESS Battery Energy Storage System
CAPEX Capital Expenditures

CRF  Capital Recovery Factor

EOH  Equivalent Operating Hour

KPI Key Performance Indicator
LCOE Levelized Cost of Electricity
MILP Mixed-Integer Linear Programming
O&M  Operation and Maintenance
OCGT Open Cycle Gas Turbine

OEM  Original Equipment Manufacturer
OPEX Operation Expenditures

P2p Power-to-Power

PEM  Proton Exchange Membrane

PV Photovoltaics

RES  Renewable Energy Sources

TAC  Total Annual Cost

TSO  Transmission System Operator

INTRODUCTION

In the last decade, many governments are pushing
towards a strong reduction of greenhouse gas emissions,
favouring a higher usage of Renewable Energy Sources
(RES), especially solar and wind energy, representing two
of the most promising renewable technologies in the energy
sector (IRENA, 2021). However, solar and wind energies as
stand-alone systems are not only intermittent and
fluctuating but also non-programmable resources,
characterized by periodical changes in their production
curve, with both short (day/night, cloudy/sunny) and long
(seasonal) variations. For this reason, finding a technically
feasible and economically affordable way to store the excess
energy, is fundamental to mitigate the impacts of non-
predictable generation on the power grids.

In this framework, the H, molecule can be efficiently
exploited as energy carrier and H» generation, when coupled
with renewables, can limit the impacts of their intermittent
nature and smooth their production. Because of its physical
properties, hydrogen is one of the few energy carriers
suitable for long storage duration (i.e., seasonal storage
solutions) (IEA, 2019). Seasonal storages can compensate
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the fluctuations caused by renewables, increasing grid
stability and reliability, saving, in the meanwhile, a
significant amount of the power produced that, due to the
mismatch between generation and consumption curves,
otherwise would be curtailed and lost.

Already several studies have been published on
seasonal storage systems, investigating the different
available alternatives for large-scale (GWh) solutions.
Matos et al. (2019) reviewed a number of underground
energy storage solutions for RES integration. Following a
similar methodology, Zareipour et al. (2010) analysed the
state of technology, installations, and challenges of different
storage systems, underlining advantages and drawbacks
behind each alternative. Recently, the interest in large-scale
H»-based storage systems is growing: the HyUnder project
(Landinger, 2013) was the first European-wide assessment
of the potential for H» storage underground. Currently, there
are a number of ambitious ongoing projects involving
hydrogen production and storage such as the Hyflexpower
and the NorthH, projects.

Fully-renewable Power-to-Power (P2P) system based
on H, has been extensively studied also in the literature:
Crespi et al. (2021) propose a mathematical model to
optimize a P2P plant in order to identify the optimal
capacity of the system components to supply a constant
electric load. Gabrielli et al. (2018) developed a novel
Mixed-Integer Linear Programming (MILP) methodology
capable of designing and operating an Aggregated Energy
System (AES) to supply the power and heat demand to a
Swiss neighbourhood, featuring H»-based seasonal storage.
Similarly, Castelli et al. (2022) investigated the optimal
design and operation of a fully renewable AES including a
seasonal hydrogen storage system with a hydrogen-fired
combined cycle, PV panels, and batteries for short-term
storage, through a MILP optimization problem.

Starting from the already developed concept presented
in Gabrielli et al. (2018) and in Castelli et. al (2022), the
objective of this work is the assess the economic advantage
of using green hydrogen as a long-term (seasonal) energy
storage compared to batteries. As case study, we consider
Sicily with its PV and wind production profiles as well as
its electricity demand. Three AESs are considered: (i) PV +
wind + lithium-ion Battery Energy Storage System (BESS),
(i1) PV + wind + P2P system (with electrolyser, H, storage
unit and one or more gas turbines) and (iii) hybrid PV +
wind + BESS + P2P. The optimal design is determined with
the optimization code developed by Politecnico di Milano.
It is based on an accurate Mixed Integer Linear
Programming formulation including the design and
operational problem of AESs (microgrids, virtual power
plants, energy districts, district heating networks, etc).

METHODOLOGY

Fully-renewable AESs description
The general layout of the AESs under study is
schematized in Figure 1. The range of technologies

considered in the superstructure includes (i) PV fields, (ii)
wind farms, (iii) BESS and (iv) hydrogen-based P2P system
(electrolyser, compressor, pressurized hydrogen storage and
gas turbines). In order to store the excess of renewable
energy from one period of the year to another, two options
of seasonal storage are considered: 1) electrochemical
storage via the BESS and 2) a P2P storage exploiting H, as
energy vector.
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Figure 1. Generic representation of the AES under study.

Lithium-ion batteries have been selected as the
reference technology for the BESS, as they are the most
common electrochemical storage solution employed for
stationary applications because of their fast dynamic
response, high power density, long service life and low self-
discharge rate (Kebede et al., 2021).

Regarding the P2P system, different technologies must
be selected. The electrolyser is based on a Proton Exchange
Membrane (PEM) technology. With respect to Alkaline
Electrolysers (AEL), PEM electrolyser operates at a higher
pressure (30+90 bar) and temperature (up to 100 °C)
(Buttler and Spliethoff, 2018), leading to better conversion
efficiencies and lower power required to compress the H,
produced up to the storage pressure. Moreover, PEM
electrolyser are known to be very flexible in terms of both
load variation and dynamic response (very low minimum
load and few seconds required from minimum to full load)
and they can easily match sudden variations of the
renewable generation (IEA, 2019). Two separate options are
instead considered for the H, storage: hydrogen can be
stored at high pressure (500 bar) in steel pipes or,
alternatively, in underground storage such as rock caverns
at a lower pressure (between 20 and 200 bar) (Landinger,
2013). Lined rock caverns are rock caverns lined with a thin
impermeable liner and surrounded by rock mass carrying
the load of the compressed gas stored. Their main
advantages are flexibility and a limited dependency on the
host rock. Steel pipes are metallic vessels typically used for
stocking compressed fluids. Such type of storage is most
expensive than underground systems (approximately 10
times more) but today it is one of the few hydrogen storage
solutions which is not site-dependent. As gas-to-power
technology, Open Cycle Gas Turbine (OCGT) has been
adopted since most of Original Equipment Manufacturers



(OEMs) already committed to developing H-ready gas
turbines by 2030 (ETN, 2020) and compared to other
potential H» conversion technologies such as internal
combustion engines and fuel cells, they present several
advantages when used for peaking applications with few
operating hours in a year. This is the case for seasonal
storage systems, characterized by a limited number of
charge/discharge cycles in a year. Indeed, OCGTs are not
only very flexible and fast machines, designed for frequent
turn-ons and turn-offs and short operations, but they achieve
good conversion efficiencies (37+40%) at a relatively low
investment cost (1000300 €/kW) (Farmer, 2021). Such
characteristics, make this technology particularly suitable
for P2P applications.

Problem statement

The approach used for the design of the AES consists
of two main steps: (i) first select the representative or typical
periods (i.e. design days) that well characterize the most
typical operating conditions under which the plant is
expected to be operated and (ii) find the optimal design and
the seasonal management of the entire system from a
techno-economic standpoint, minimizing the total annual
costs. This methodology is applied for a grid-connected,
large scale and fully-renewable AES, capable of entirely
satisfying a given fraction of the regional demand of the
considered location. The problem has been formulated as a
MILP optimization problem by means of the Python-based
open-source optimization modelling language Pyomo and
solved by the commercial MIP solver Gurobi (Gurobi,
2022). Formulating this kind of problem as a MILP
optimization problem means ensuring the global optimality
of the solution, namely a high-quality solution, relying on a
rigorous method capable of managing problems with a high
number of variables and constraints, and exploiting efficient
and off-the-shelf commercial algorithms (i.e., Gurobi® and
CPLEX). In order to preserve the computational tractability
of the optimization problem, it is common practice to reduce
the temporal scale of the MILP by accurately selecting few
design days to represent the entire year (Hoffmann et al.,
2020). Among the available techniques in literature, the k-
MILP clustering algorithm (Zatti et al., 2019) has been used
for the extraction of the most representative design days
because, other than the typical days, it allows the selection
extreme days (i.e. those characterized by a minimum of
renewable production or a maximum of electricity demand)
which represent critical conditions and are fundamental for
a reliable plant design.

The AES, whichever layout is selected by the
optimization model, has to fully meet the regional electricity
demand over the whole year, shifting the excess of the
renewable production from the summer to the winter
through the installation of one or more seasonal storage
technology. The overall problem can be formulated as
follows. Given:

e Regional hourly PV and wind generation,
electricity load in each of the design days
considered

e The catalogue of recent (2021) OCGTs available
on the market ranging from 30 to 314 MW of
power output, with related performance maps at
part-load, investment, and operating costs

e  Technical performances and economic
characterization of all plant components
(electrolyser, PV, wind, storage technologies)

The target of the optimization algorithm is to define the
optimal AES design and its operation over a typical year
minimizing the Total Annual Cost (TAC) function,
expressed as the sum of annualized capital (CAPEX) and
operating (OPEX) costs. At the same time, the following
constraints must be satisfied:

—  Fully cover a given fraction of the electric regional

demand

—  Units and storage operational constraints (ramping
rates, start-up/shut-down trajectories, minimum
up/down times, part-load efficiency maps, storage
levels management via charge/discharge, etc.)

—  Hourly electricity and hydrogen balances

- Maximum capacity available of storages

- Cyclic management of the seasonal storage system
(i.e. same storage level at the beginning and at the
end of the year)

Optimization model

The optimization problem of AES design can be
mathematically formulated as a two-stage stochastic MILP
consisting of two optimization problems for each stage,
mutually dependent:

— Design problem: units selection and sizing,
including the choice of the energy vector (i.e.,
electricity and hydrogen) for the seasonal energy
storage.

— Operation problem: selection of the best AES
dispatch strategy, including hourly exchange of
electricity between the system and electric grid,
commitment status and production levels of each
unit, storage management strategy and energy
exchanges between all system components.

A detailed description of the general mathematical
formulation of a two-stage stochastic MILP problem and the
associated solution methods can be found in Birge and
Louveaux (2011).

The simultaneous design and operational problem can
be stated as follows. Given a set of dispatchable (OCGT,
electrolyzer) and non-dispatchable generators (PV, Wind)
and energy storages (BESS, H, storage) with their
respective size ranges (i.e. minimum/maximum installable
power or capacity), performance characterization and
production curves, the optimization problem must decide
which units install and select the associated sizes, also
considering, at the same time, the optimal management



strategy of the system with the objective of minimizing the
Total Annual Cost (TAC).

For this category of problems, involving design

decisions, the TAC represents a good choice for the
objective function, since it is an economic indicator
including both capital (CAPEX) and operational (OPEX)
expenditures. In the TAC expression, capital expenditures
are annualized via the Capital Recovery Factor (CRF)
(Short et al, 1995), assumed to be equal to 10% for this
study. The investment costs are computed as the sum of the
installation cost of each unit (i.e. green-field AES design).
The operating costs are constituted by the Operation and
Maintenance (O&M) costs which include (i) fixed costs
depending only on machines and storage installed capacity,
(ii) variable costs and (iii) start-up costs, based on the
number of start-ups over the year.
The variable O&M term of the BESS includes the cost
associated with battery cell degradation with use, expressed
as a throughput cost (Sauer and Wenzl, 2008) (Wang et al.,
2014). This O&M cost can be estimated as the replacement
cost of the BESS allocated to the total expected energy
discharged through its entire lifetime.

The optimal solution of the optimization problem is
subject to several constraints that must be satisfied. Design
constraints ensure that the size of dispatchable machines
selected is within the specified range defined by the
minimum and maximum power while the installable
capacity of non-dispatchable and storage units is limited
only by an upper bound as these technologies are modelled
as modular components. Moreover, additional constraints
are necessary to guarantee that the operation of the system
is accurately described. Those include constraints defining
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the input-output constitutive relationships, minimum load
capability, start-up trajectories, ramp rates of conversion
units, storage level evolution, minimum and maximum
charge and discharge rates of energy storages and system
energy balances. The detailed mathematical description of
the same methodology applied to a similar optimization
problem can be found in the work of Castelli et al. (2022).

CASE STUDY

The previously presented methodology is applied to
determine the optimal configuration and seasonal storage
management of an AES designed to supply 10% of the
electricity demand of the Sicily region (Italy) for a current
and a future scenario (2050), considering three different
seasonal storage options (BESS, P2P and both).

Regarding the electrolyser, it is assumed to be operated
always at nominal conditions (i.e. at design temperature and
pressure) with constant efficiency. The power consumptions
of the H, compressor are lumped with the auxiliaries of the
electrolyser, therefore the net efficiency of the electrolyser
already accounts for power spent for the H, compression up
to the storage pressure. The former value is dependent on
the H, delivery pressure, assumed constant and imposed by
the H; storage type (equal to 500 bar for steel pipes and 200
bar for line rock cavern), so two different values are used
for this parameter according to the storage solution adopted.
Variations in the H, storage pressure due to charge and
discharge operations are not considered to preserve the
linearity of the problem. Negligible self-discharge losses
have been assumed for the H storage.
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Figure 2. Electrical power (a) and efficiency (b) approximation: MILP maps vs real data.



Table 1. Coefficients for the part-load performance curve linearization with the mean and the maximum linearization error

for each OCGT power range.

Cgtfg(:’:y P"Wl\‘;r“r,z“ge Ky IMWa/MWra] | Kz; [MWa/MWra] | Ks; [MWe] AZ:::?" Max error
OCGTI 30-80 0.529 20.105 3.010 3.0% 6.2%
OCGT2 80-116 0.495 20.081 -10.890 0.8% 4.1%
OCGT3 | 116-314 0.497 20.091 220.055 1.8% 4.9%

The data used to model the OCGTs were taken from a
recent catalogue of machines reported in the Gas Turbine
World Handbook (Farmer, 2021). For each unit in the
catalogue, the part-load performance curves were derived
starting from the known nominal conditions, following the
methodology proposed by Giilen (2019). Then, OCGT
models were aggregated according to their power rating in
several categories for each power range (30-80 MW, 80-116
MW, 116-314 MW).

As electrochemical storage options, three categories of
lithium-ion batteries (BESS1, BESS2 and BESS3) were
considered, characterized by different discharge durations:
4 h, 12 h and 20 h, respectively. Each BESS can be charged
and discharged completely, exploiting all the available
capacity, and constant charging and discharging efficiencies
have been assumed. BESS2 and BESS3 costs were
computed starting from cost data available for BESS1
(Kebede et al. 2021)(Cole et al. 2021) by weighting the cost
of each unit (battery, inverter and balance of system)

Vi according to discharge duration. A self-discharge loss equal
' 0CGT1, 3% of the storage level per month has been considered
pel — k. ..om 1k, . .orom L k.. €1 1 to 3% o g p
e o 0CGT2, o for each BESS model.
0CGT3)

Each OCGT category is represented in the MILP model
by a corresponding equivalent machine (OCGT1, OCGT?2,
OCGT3) with the variable size in the power range
predefined. Then, the best-fit coefficients associated with
each OCGT category i (K;;, K3;, K3;) that linearize the
input-output relationship have been estimated (reported in
Table 1). Eq. (1) expresses the constitutive equation linking
the electrical power output (Pf,f) with the fuel thermal input
(Q!%) and the nominal fuel input (Q]*°™), associated with the
OCGT size. Figure 2 shows the real performance curves of
existing gas turbine models versus their linear
approximation in the MILP model. The maximum error
committed on the estimate of OCGT output power by the
linear approximation is below 6%.

The hourly PV and wind generation and electric load
profiles of the year 2018 were taken from the Italian
Transmission System Operator (TSO) website (Download
center, Terna). The hourly electricity load profile has the
same shape as the regional one but it has been rescaled by a
factor of 0.1: the profile of electricity demand obtained in
this way is characterized by a peak of 297 MW and an
annual electricity generation of 1756.8 GWh/year and
corresponds to the 10% of the overall electricity demand of
Sicily. Starting from this yearly data, 18 design days (12
typical + 6 extremes) were selected via the k-MILP
clustering algorithm. The 6 extreme days are chosen as
follows: three feature the maximum peak conditions (i.e.,
peak of electricity demand, solar and wind generation), two
feature the lowest of solar and wind generation and the last
one is freely chosen by the clustering algorithm itself to
capture any possible “unusual” trend not seized by these
criteria.

Table 2. Main technical and economic parameters for each technology considered in the optimization model.

Dispatchable conversion technologies
OCGT category OCGT1 (Farmer, 2021) OCGT?2 (Farmer, 2021) OCGTS3 (Farmer, 2021)
Power range [MW.l] 30.8-57.0 80-116.5 144.1 - 314.0
Efficiency range [%] 37.2 -40.1 36.4-383 34.8-38.6
Inv. Cost [€/kWe] 376.5 -261.0 276.3 -202.9 227.7-1543
PEM Electrolyzer (IRENA, 2019¢)
Power range [MWe| 0-1500
Current value Future value (2050)
Efficiency (EE-to-LHYV) 60% 75%
Inv. Cost [€/kWe] 800 400
PV OM fix [€/kW-year] 32 16
Non-dispatchable technologies (IRENA, 2019a) (IRENA, 2019b)




PV power range [MW] 0-1300
Wind power range [MWe| 0-740
Current value Future value (2050)
PV Inv. Cost [€/kWa] 800 282
Wind Inv. Cost [€/kWe] 1500 721
PV OM fix [€/kW-year] 16 6
Wind OM fix [€/kW-year] 45 22
Storage technologies
Current value Future value (2050)
BESS S glfebede ot BESS1 BESS2 BESS3 BESS1 BESS2 | BESS3
Discharge time [h] 4 12 20 4 12 20
Round-trip efficiency [%] 88.4 90.3 94.1 88.4 90.3 94.1
Self-dliﬁ/lolzfg; :lflt]iclency 3 3 3 3 3 3
Inv. Cost [€/kWhe] 463 368 349 350 278 264
OM fix [€/kWh-year] 10.8 52 3.8 8.2 39 2.9
H:i?g?g; ((Ii ﬁiﬁéﬁ%ﬁliz; t Pipes storage Line rock cavern Pipes storage Line rock cavern
Inv. Cost [€/kWhnz, Luv] 13.5 1.20 13.5 1.20

Other than the time-varying series, the optimizer required as
input the techno-economic characterization of all the units
constituting the AES. Table 2 reports the main parameters
of the model for each unit, with their power ranges,
efficiencies and investment costs considered. The upper
bounds on the maximum PV and Wind capacity that could
be installed and aggregated with the AES have been selected
considering the value provided by TERNA in their
projections on the renewable installations in Sicily for the
year 2050, according to the Distributed Energy scenario
(Terna and Snam, 2022) and multiplying these numbers by
the corresponding percentage of the regional load that
should be covered by the AES (i.e. 10%)

AES configurations

The optimal design and operation of the AES are
analysed for three configurations differing in the seasonal
storage solution adopted:

1) BESS-only available, referred to as “pure BESS”
case.
2) P2P-only available:
a. H» stored in steel pipes storage vessels
(high-cost solution), referred to as “P2P —
pipes” configuration

b. Ho: stored in a line rock cavern (low-cost
solution), referred to as “P2P — cavern”
configuration

3) P2P and BESS both available:

a. Hy stored in steel pipes storage vessels
(high-cost solution), referred to as
“hybrid — pipes” configuration

b. H; stored in a line rock cavern (low-cost
solution), referred to as “hybrid — cavern”
configuration

The techno-economic feasibility of  the
abovementioned configurations has been assessed in two
different scenarios: the current (i.e. reference) scenario,
assuming the current costs and performances of the
technologies, and the future (i.e. 2050) scenario,
representative of a situation where the AES is built in the
future. In the latter scenario, cost reductions for batteries,
electrolyzer technology and renewables have been taken
into account according to the projections available in the
literature  (IRENA, 2019¢)(IRENA, 2019a)(IRENA,
2019b)(Kebede et al., 2021). The goal is to critically analyse
the differences among the optimal AES final design and
management under these changing conditions and to
understand strengths and weaknesses of the seasonal storage
solutions adopted.



RESULTS

The design and operational optimization problem was
solved with Gurobi® 9.5 (Gurobi, 2022). A maximum time
limit of 1 hour is set for each optimization run. Table 3

reports the optimal AES design and the economic Key
Performance Indicators (KPIs) found by the optimizer for
all the configurations.

Table 3. AES design and economic KPlIs for each of the considered configurations and scenarios.

Configuration BESS only P2P - pipes P2P - cavern Hybrid - pipes Hybrid - cavern
Scenario current | future | current | future | current | future | current | future | current | future
PV [MW] 1265.6 | 1257.6 | 1300.0 | 1300.0 | 1300.0 | 1300.0 | 1207.7 | 1300.0 | 969.9 1300.0
Wind [MW] 332.1 344.5 740.0 740.0 7233 601.4 365.6 521.0 379.7 459.1
Electrolyzer [MW] - - 978.2 978.2 804.3 684.5 68.2 329.1 196.2 594.6
OCGT1 [MW] -5l - - 53.5 32.0 54.5 54.4 33.6 57.2 57.2 57.2
OCGT1 [MW] —s2 - - 57.1 54.9 56.2 57.2 0.0 0.0 0.0 57.2
OCGT1 [MW] —-s3 - - 57.2 56.5 57.2 57.2 0.0 0.0 0.0 57.2
OCGT2 [MW] - - 953 112.8 88.4 89.4 0.0 0.0 0.0 0.0
OCGT3 [MW] - - 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
BESS1 [MWh] 1364.4 | 1368.1 - - - - 1379.6 | 685.9 620.6 301.4
BESS2 [MWh] 1980.6 | 1960.0 - - - - 1489.1 | 14959 | 17145 | 2333
BESS3 [MWh] 0.0 0.0 - - - - 0.0 0.0 0.0 0.0
H> pipes [GWh] - - 182.7 101.9 - - 5.8 6.9 - -
H> cavern [GWh] - - - - 205.1 184.6 - - 106.4 120.4
CAPEX [ME€] 2871 1627 5486 2749 3097 1379 2850 1642 2567 1307
OPEX [M€/y] 89.9 62.4 85.7 38.6 84.6 36.0 89.5 51.2 80.7 40.2
TAC [M€/y] 377.0 | 225.1 634.3 313.6 3943 173.9 374.5 2154 337.4 170.9
LCOE [€/MWHh] 214.6 | 128.1 361.0 178.5 | 2244 99.0 213.2 122.6 192.0 97.3

BESS-only configuration

Where BESS is the only available storage solution, the
optimal design choice, in both the scenarios (current and
2050) is to couple the renewable generation with two very
large BESS (thousands of MWh) characterized by different
storage durations: a 4-hour and a 10-hour BESS. In this way,
the BESS featuring the largest storage duration and capacity
(BESS2) can be exploited with a lower frequency, for inter-
day operations while the BESS with the higher c-rate
(BESS1) is used, because of its fast dynamic, for shorter and
more frequent intra-day cycles, mainly to accommodate
periodic variations in the renewable generation. The LCOE
achieved by such configuration in the reference cost
scenario is 214.6 €/ MWh. This number decreases to 128.1
€/MWh for the 2050 scenario.

P2P-only configurations

In P2P-based configurations, the optimal AES design is
dependent on the type of H, storage technology adopted: if
the H, is stored in the more expensive steel pipes, the
storage optimal volume is contained as much as possible by
(1) increasing the renewable generation capacity and (ii) the
electrolyzer size. Since the renewable-generated electricity

is cheaper than the one generated with H>-based GTs, in
order to contain the LCOE of the system, all the renewable
capacity available is exploited and the P2P system is used
as long-term storage to shift the production in hours where
renewable generation is low or absent, to provide the back-
up power.

Compared to the current scenario, in 2050 the AES
shows a similar design, except for the size of the H, storage
which is reduced from 182.7 to 101.9 GWh. To better
understand the storage behavior, the number of equivalent
full-cycles (i.e. 100% charge/discharge) have been
computed and reported in the Appendix (Table 5): in 2050
scenario, the H, storage performs almost the double
equivalent cycles, going from 3.4 to 6.5, meaning that such
system does not work as “pure” seasonal storage but is
charged and discharged with weekly and monthly
frequency. Instead, when a low-cost solution is available for
the H, storage, such as the rock cavern, a relatively larger
storage volume can be exploited and the seasonal behavior
is more evident. Thanks to the large storage capacity, the
installed power of the electrolyzer and of the most
expensive renewable technology (i.e. wind) can be both
reduced. This is especially true for the 2050 scenario, where




the wind installed capacity is reduced to 601 MW and the
electrolyzer rated power to 684 MW.

In terms of OCGT installation, the optimal choice for
the conversion of the green H; into electricity is to install a
large OCGT2 supported by three smaller OCGT! with a
nominal output power ranging between 32 and 57 MW,
working as backups. OCGT3 is never installed because it is
not economically convenient to operate such a large GTs for
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few hours a year, despite the higher efficiency. From the
number of Equivalent Operating Hours (EOH) of the
installed OGCT (see in the Appendix), it can be noted that
all of them are operated in a peaking regime (i.e. less than
3000 EOH a year) in each configuration, with the largest
OCGT (i.e. OCGT2) not even achieving 1000 EOH in the
current scenario. The utilization rate of OCGT?2 increases in
the 2050 scenario in terms of EOH.
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Figure 3. Example of the AES optimal operation strategy in all the design days considered (hybrid cavern configuration,
2050 scenario). Dark vertical lines are used to separate different design days.

The P2P configuration based on pipes storage achieves
a LCOE of 361 €/ MWh and this number is expected to be
halved in future scenario (178.5 €/ MWh), mainly due to the
cost reduction of the electrolyzer and the renewable
installations. For the cavern storage, the LCOE is equal to
224.4 and 99 €/ MWh, respectively for reference and 2050
scenario. The cost reduction in this case is even more
pronounced and the LCOE referred to 2050 scenario is more
than halved thanks to technologies cost reduction and
performance improvements.

Hybrid configurations

In the hybrid configurations, both storage options are
present in the optimal design. In the pipes storage
configuration, the solution is similar to the BESS-only case
in terms of AES design, given the small size of the P2P
system (small electrolyzer, OCGT and H, storage). A
slightly lower LCOE can be achieved (213.2 €/ MWh for
current and 122.6 €MWh for future scenario). In this
configuration, the H, storage can be exploited for infra-
seasonal and monthly periods with medium-long storage

durations (see Figure 5a showing the yearly trend of pipes
storage level) for which the use of a BESS is avoided
because of self-discharge. However, the high cost of pipes
discourages the installation of a large H,-storage system
with a full seasonal capability.

Conversely, when geological storage is considered,
such as the rock cavern case, the entire P2P seasonal
potential is unlocked. From the number of equivalent full
cycles of the two storage systems in Table 5 (Appendix), it
is evident how the two BESS are cycled relatively
frequently (> 100 cycles a year, meaning an average value
of three full cycles every three days) while the H, cavern
has the typical number of cycles of a seasonal storage (1.4
for current, 4.7 for future scenario). The seasonal behavior
is confirmed by looking at the trend of the yearly storage
level, visible in Figure 5b. As both storage options are
presented, the optimal operational strategy consists in
exploiting the BESS for daily and intra-daily cycles while
longer storage durations will be more efficiently handled by
the larger H; storage. In 2050 scenario, the contribution of
the P2P system becomes more prominent while the size of
the two BESS is significantly reduced.
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Figure 4. Storage level of the seasonal H, storage for the
hybrid-pipes (a) and hybrid-cavern (b) configurations,
respectively, in the reference scenario.

o

Figure 3 shows the AES operation behavior in all 18
design days selected for the hybrid cavern configuration in
the future scenario. During the central hours of the day, the
excess electricity from renewable generation is supplied to
the electrolyzer to produce green H» and store it in the rock
cavern. A minor fraction is used also to charge the two
BESS. Later, the H; is discharged from the cavern to power
the OCGTs, which together with BESS1 and BESS2,
provide the required electricity to meet the load in the hours
of the day where the renewable production is low or
completely absent (e.g. at nighttime).

Configuration comparison

Comparing the AES design obtained in the different
configurations, it can be demonstrated how a hybrid storage
system (BESS + P2P) offers several advantages over their
respective separated solutions: the combination of both
BESS and hydrogen storage has led to the best design
configuration, able to achieve (in both the scenarios), the
minimum TAC and the lowest LCOE. If a low-cost option
is available to store the H,, the LCOE reduction of the
hybrid case with respect to the BESS-only configuration is

even more pronounced: in the current scenario, the hybrid
cavern is able to achieve a LCOE below 200 €/ MWh (192
€/MWh) and potentially, in the future, the LCOE could drop
below 100 €/MWh (97 €/ MWh), a remarkable achievement
for a fully-renewable and fully-dispatchable system. This
result could be made possible by devising an optimal AES
management that exploits the good properties of the H»
molecule as a long-term storage energy vector and, at the
same time, relies on the fast dynamics characterizing the
battery storage to match rapid variations in the renewable
generation occurring on an hourly and daily basis, for which
the use of a P2P storage system would not be cost-effective.
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Figure 5. LCOE of different AES configurations for the
current and future scenario.
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CONCLUSIONS

This work investigated several design configurations
for a fully-renewable and fully-dispatchable AES able to
cover 10% of the electricity demand of the Sicily region, in
Italy. Different long-term storage options have been
explored and compared to each other to accommodate daily
and seasonal variations in renewable productions.

Batteries turned out to be a promising storage solution
for durations limited to daily and intra-daily horizons. For
longer durations, factors such as the self-discharge rate and
the high cost will not make the BESS solution economically
convenient. In particular, AES configurations based on a
BESS seasonal storage system resulted in very large battery
sizes, difficult to implement in practice. Several aspects not
discussed in this study would discourage the use of
electrochemical batteries as seasonal storage such as aging
and degradation, limited lifetime (H, storage has a 4 or 5
times longer lifetime), availability of rare minerals and
critical materials for their manufacturing and environmental
impact (e.g. land use and disposal).

Conversely, P2P storage has been proven to be more
effective for long-term shifts of renewable production
because, despite the low round-trip efficiency, the lower
storage cost favors higher system capacities, especially in
the presence of a geological storage system. Similarly,



results show that the configuration with the hybrid storage
solution achieves the lowest LCOE but the economic
advantage compared to the benchmark BESS-only system
depends mainly on the H, storage cost: if H» is stored in
pressurized pipes, the economic gain is marginal (215
€/MWh vs. 213 €/ MWh in the current scenario, 123 € MWh
vs. 128 €/ MWh with 2050 projections). The cost reduction
is more significant if a low-cost H, storage (e.g., a cavern)
is available: under this configuration, LCOE in the order of
192 €/ MWh for the current scenario and 97 €/ MWh for the
2050 scenario can be achieved.
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APPENDIX

Table 4 shows the number of Equivalent Operating
Hours (EOH) of the electrolyzer and OCGT for each AES

configuration considered.

Table 5 reports the number of equivalent full (i.e. 100%
depth-of-discharge) charge-discharge cycles of the storage

technologies.

Table 4. Number of Equivalent Operating Hours (EOH) for the electrolyzer and OCGTS.

Configuration P2P - pipes P2P - cavern Hybrid - pipes Hybrid - cavern

Scenario current future current future current | future | current future
Electrolyzer 2217 1908 2656 2754 1924 1765 2575 2635

OCGT1 -5l 2729 1615 2732 2587 884 2954 2069 2989

OCGT1 —s2 2566 2661 2567 2876 0 0 0 2460

OCGT1 —-s3 1501 1524 1843 1786 0 0 0 2515

OCGT2 973 1824 863 1231 0 0 0 0

Table 5. Number of equivalent full charge-discharge cycles for the storage technologies.

Configuration BESS only P2P - pipes P2P - cavern Hybrid - pipes Hybrid - cavern
Scenario current | future | current | future | current future current | future | current | future
BESS1 81.5 76.0 - - - - 99.1 69.3 142.4 123.9
BESS2 113.5 116.1 - - - - 119.5 96.3 115.6 121.2
H; pipes - - 34 6.5 - - 6.6 30.5 - -
H> cavern - - - - 3.0 3.7 - - 1.4 4.7
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